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Abstract 
 

Over the past decades, flood disasters have become increasingly severe with recent occurrences 

across entire Japan, leading to severe fatality and property loss. Furthermore, the frequency of flood 

occurrences is expected to increase due to climate change, which brings challenges to the existing 

flood managements. The need for flood forecasting, therefore, is increasing in order to reduce flood 

damage through immediate non-structural responses under emergency situations of excessive floods. 

Two important criteria for flood forecasting system are accuracy, the details of spatiotemporal flood 

propagation, and efficiency such that sufficient lead time between prediction and actual occurrence of 

flood disaster could be provided. Taking advantage of gradually refined database on topography and 

advancing techniques to provide observations with high quality, the conventional flood analysis 

approach through hydrodynamic (HD) models is able to provide flood simulation results with high 

resolution and accuracy. Yet the high computational cost still significantly restrains the real-time 

applications of HD models over large scales. The gradually developing method of machine leaning 

(ML) models, in comparison, significantly reduces computational cost by formulating nonlinear 

relationships between dataset. However, a large amount of high-quality training data is required for 

the construction of model, and such spatiotemporal flood propagation observations, especially data on 

excessive floods, are significantly scarce. A method that could provide accurate flood predictions with 

efficiency is still in need. Therefore, this research proposed an augmentation method of the HD model 

and ML model, the random forest (RF) model targeting for efficient spatiotemporal flood prediction 

induced by practical rainfall events.  

Targeting for the prediction of detailed spatiotemporal inundation depths at each location, this 

approach attempts to resolve the limitation on data scarcity of high-quality training data by taking 

advantage of highly accurate simulation results of HD model and fulfill the efficiency requirements 

through the usage of efficient ML models with an iterative prediction process. The main procedures 

of the approach are a) data generation through flood analysis using HD model, b) training phase for 

RF model using simulation results as the training data, and c) prediction for untrained rainfall pattens 

through iterative prediction process. 

Numerical experiments were carried out as a validation for the proposed augmentation approach. 

Flood analysis under constant rainfall conditions was performed with of HD models over a simple 

bowl-shaped hypothetical terrain setting. Using simulation results as the training dataset, RF models 

were constructed with different feature selection investigating necessary factors for optimal prediction 

accuracy. Tested against constant rainfall with untrained intensity, the results suggested that prior state 

water depth information of adjacent meshes significantly improved model performance by providing 

more accurate classification on inundation areas and predictions of water depths. Evaluated then over 
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complex terrain settings with various land use conditions, it was concluded that the representation of 

river boundary conditions as inflow and outflow discharge increased model accuracy since the control 

volume within computational domain was better reflected. The features for land use indicator as 

categorical features, on the other hand, do not significantly affect model accuracy. The iterative 

prediction process investigation suggested that this approach was sensitive to initial error and error 

accumulation during long-term predictions. Under the settings of the constant rainfall conditions, an 

iteration interval of 2.0-hr was able to provide high accuracy predictions with overall RMSE within 

0.02 m. 

The downstream of Karube river basin, where severe pluvial flood inundations occurred multiple 

times in history, was selected as the target area to evaluate the applicability of the augmentation 

method over practical terrain conditions. Adopting the optimal hyperparameter settings from 

numerical experiments, the RF models were trained with simulation results from HD models under 

the same constant rainfall conditions. Using 2.0-hr iterative prediction interval, the models resulted in 

a slightly compromised performance in the delineation between land uses. Certain areas of roads and 

residential areas were falsely predicted as inundated. The prediction for water depths also suggested 

error accumulation due to iterations. Accuracy of models decreased significantly around the time when 

overflow occurs for all land uses. Even when provided with accurate prior information, significant 

underestimation by more than 0.2 m was still observed at 8 hr. In comparison, the model constructed 

with an interval of 10-min, with all other parameter and conditions being the same, resulted in 

improved accuracy when predicted non-iteratively, suggesting that shortened interval better reflects 

immediate hydrodynamic changes. On the other hand, a shortened interval required a greater 

robustness of RF model due to increased number of iterations, and the model when tested against 

historical rainfall events of 2021 resulted in a significant degradation in performance. The observations 

highlighted the importance of incorporating more diverse rainfall patterns in the construction of 

training data, and refining feature selections in order to improve model generalization capability for 

practical rainfall conditions. 

The selection of hypothetical design rainfalls was investigated with a simplified temporal 

distribution equation where different shapes, peak arrival time, peak rainfall intensity and calculation 

time were considered. Refinement of features was first carried out by constructing multiple RF models 

with the same 6 patterns of training dataset. The predictive accuracy was significantly improved by 

replacing prior state water depth and elevation of adjacent meshes into prior water level of adjacent 

meshes. Even though the two sets of features represent the same physical property, RF model 

interpreted dynamic features more importantly over static features and resulted in better performance. 

Revising representation of land use from categorical features into dynamic ones as runoff coefficient, 

a state-based variable shifting from unsaturated to saturate value when cumulative rainfall exceeds the 

saturation threshold of each land use, also increased model accuracy. The representation of inflow and 
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outflow conditions at river boundaries was also refined as water levels considering data availability, 

and the model including such features resulted in the highest consistency in comparison to simulation 

results in terms of both identifying inundation area and predicting detailed water depths.  

How the diversity of training data influence predictive performance was then evaluated using the 

above-mentioned features. The prediction for water depths in rivers resulted in a notably high initial 

RMSE regardless of target rainfall pattern compared to other land uses due to small percentage of 

meshes as well as cold start from initial state of normal water level. Overall, the performance of RF 

models was compromised if either the shape or temporal distribution of the target event falls outside 

the patterns in the training data. Including diverse patterns of training data enhanced the generalization 

capability of the model. On the other hand, such large database also led to the potential for conservative 

prediction because of the ensembled nature of RF regression algorithms such that predicted results 

tend to average towards mean values when targeting extreme or rara events. 

Finally, assessments were carried out testing the capability of the RF models, trained with simplified 

hypothetical rainfall patterns, in reproducing spatial and temporal propagation of inundation under 

actual rainfall events. Two rainfall events that led to inundation at the Karube region in recent years, 

an extreme scale rainfall event of 2018 and a medium-scaled 2021 rainfall event, were selected as the 

target event for prediction. For both rainfall events, the model constructed with training data of 5-hr 

calculations resulted in significant accuracy degradation at the time when the cumulative rainfall of 

the target event exceeded the maximum range in the training data. In comparison, the model further 

including training data of extreme scale of 10-hr durations significantly improved the prediction 

performance with a final overall RMSE of 0.15 m and 0.05 m for the two rainfall events respectively. 

Such difference in model performance provided evidence for the limited capability of RF models to 

extrapolation, which highlighted the importance of careful selection of training data in correspondence 

to the target rainfall event. Comparison of contour maps of flood arrival time of the latter model 

suggested an overall high agreement of flood extent prediction for both of the event with slight delay 

observed in certain areas, suggesting the predictions of the current model falls on the danger end and 

might induce risk-underestimation in practical applications. Overall the model resulted in high 

performance where scatter plot of density aligned closely to the perfect prediction line. Due to error 

accumulation over long-term iterations, slight bias was observed for the maximum depth prediction 

where more than half of the meshes were overestimated by 0.10 m to 0.15 m for 2018 rainfall and 

approximately 30% of meshes were underestimated by 0.05 m for 2021 rainfall event. This prediction 

behavior again provided evidence that the inclusion of training data on extreme events improved the 

generalization ability of the model while also introducing the potential for predictions biasing towards 

averaging at shallower depths.  

In terms of computational cost, the HD simulation through GPGPU required 140 min and 114 min 

for the 2018 and 2021 rainfall events respectively. In comparison, the prediction time of RF model 
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using CPU was 8.8 min and 7.3 min, which averages around 1.5 s per iteration. Considering that this 

cost also included the time consumed in data reconstruction between iterations, the RF model was 

significantly efficient compared to HD models, and prediction process was expected to be further 

accelerated if performed on GPU.  

In conclusion, this research proposed an iterative hydrodynamic-simulation-informed RF model 

targeting for efficient spatiotemporal flood predictions under practical rainfall conditions. With 

detailed investigations regarding rainfall patterns in training data, feature selection and 

hyperparameter tuning, this method was able to reproduce step by step spatial flood depth predictions 

highly consistent with simulation results as well as reducing computational cost, enabling for potential 

real-time application under emergency situations.  
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  CHAPTER 1 INTRODUCTION 

1.1 Background 

Over the past decades, flood disasters have become increasingly severe with recent 

occurrences across entire Japan, such as the 2015 Kanto and Tohoku heavy rainfall induced 

flood event, 2018 flood in west Japan, 2019 East Japan Typhoon event, and 2020 flood event 

in Kyushu. These severe disasters not only lead to fatalities, but also significant property loss 

with a maximum economic loss over 2157.4 billion yen in 20191). The growing severity of 

flood risks is closely related to the increasing frequency of precipitation with high intensities 

and intensification of discharge in rivers. Illustrated in Fig. 1-1 is the yearly statistic for the 

number of occurrences of precipitation with intensity of 50 mm/hr and above over 1300 

locations collected by the Automated Meteorological Data Acquisition System (AMeDAS) of 

Japan Meteorological Agency (JMA)2). Based on the statistics, the long-term trend for 10-year 

average has increased from 226 times per year (1976-1985) to 333 times per year (2015-2024). 

These heavy precipitation events further induced the increasing intensification of discharge in 

rivers. Fig. 1-2 shows the number of rivers having water levels exceeding the bank full 

threshold at least once over the years3), where target rivers for the statistics are the rivers with 

flood warning and water level notifications and the number in parenthesis indicates the total 

number of designated rivers. It can be observed that despite the implementation of structural 

countermeasures such as construction of dams, floodplains and river channel excavation, the 

number of rivers at risk of overflowing is gradually increasing for both national and prefecture 

managed rivers. By 2018, approximately 13% of rivers managed by nation and more than 25% 

 
Fig. 1-1 Annual statistics for the number of occurrences of precipitation of 50 mm/hr and above 

per 1300 locations (national AMeDAS). 
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of rivers managed by prefecture experienced at least one high volume discharge. 

Furthermore, this situation is expected to worsen because of global warning. According to 

the sixth assessment report of the Intergovernmental Panel on Climate Change (IPCC), the 

global average temperature will rise by 0.3 ℃ to 4.8 ℃ by the end of 21st century4). Two 

scenarios were carried out by the Ministry of Land, Infrastructure, Transport and Tourism 

(MLIT) to estimate the impact of such globally changing climate on Japan. As summarized in 

Table 1-1, the scenario of 2-degree rise in temperature induces 1.1 times increase in 

precipitation and 1.2 times increase in the scale of corresponding river discharge, and a 

doubled frequency for flood and the 4-degree rise scenario further intensifies flood occurrences 

by 4 times5).  

With such significant changes bringing challenges to the existing flood managements, 

discussions have been carried out regarding revising the management standards of current 

structural countermeasure, together with the active implementation of other non-structural 

flood control measures. For example, the fundamental policy of river management takes into 

account for the impact of climate change, and the determination of corresponding river peak 

 
Fig. 1-2 Annual number of rivers exceeding bank full water level. 
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Table 1-1 Ratios for the intensification of precipitation, river discharge and frequency of flood 

occurrence due to climate change. 

 

Frequency of flood 
occurrence 

River dischargePrecipitation Scenario

2 times1.2 times1.1 times 2-degree rise 

4 times1.4 times1.3 times4-degree rise
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discharge of excessive floods incorporates not only current observed extreme conditions but 

also predictions of future precipitation conditions. The target for management also expands 

from disaster restraining to further including flood control measures to reduce total damage 

assuming the occurrence of excessive floods. One of such actions is the promotion of River 

Basin Disaster Resilience and Sustainability by All, which is an integrated approach consisting 

of both structural measure and non-structural aspects6). Shifting target area to the entire river 

basin where inundations could occur, this comprehensive concept involves all stakeholders 

including not only the government but also residents of the relating watershed. In this case, 

efficient and effective actions could be taken during all stages of a flood event starting from 

early-stage flood prevention to post-disaster stage actions such as damage reduction, early 

recovery and reconstruction. Another non-structural measure is the early preparation of 

information regarding potential disasters, and guidelines of corresponding actions for different 

authorities. For instance, to enhance recognitions of flood damage of the public, the 

configuration and distribution of flood hazard maps that cover the impact of inundation due to 

both pluvial and fluvial floods, high waves and tsunami assuming disasters at different 

excessive scales have been promoted7). Including information of expected inundation area, 

inundation depth, evacuation locations and suggested evacuation routes, hazard maps aim to 

advise residents of potential danger throughout daily life such that immediate actions could be 

taken when disasters occur. On the other hand, these inundation maps provide only static 

information of potential maximum damage, and the actual spatiotemporal propagation of 

floods would be complicated, especially under compound disasters involving landslides and 

earthquakes for example. Information sharing, preparedness and early actions during the 

occurrence of disasters are, therefore, essential for flood damage reduction. 

One example of the dynamic aspect of disaster prevention action carried out in recent years 

by MLIT is the implementation of the timeline plan8). Specifically, this involves anticipating 

potential situations that may arise during a flood event, sharing the understanding among 

relevant disaster management agencies, and examining actions to be taken beforehand. On this 

basis, a timeline is established that clearly delineates the disaster response actions to be 

undertaken by these agencies, including the dissemination of disaster-related information prior 

to an event, the establishment of organizational structures, evacuation guidance, the operation 

or suspension of public transportation services, the securing of emergency evacuation routes, 

and other essential measures. Having strengthened collaboration, relating agencies implement 

disaster prevention actions during early stage of the occurrence of a disaster in an efficient and 

effective manner during actual disaster response based on the pre-established timeline system 

and in accordance with the actual condition and progression of situation. This suggests that 

even assuming the occurrence of disasters, the time of when to implement each 
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countermeasure, from early warning to the action-taking at all levels, is still an event-based 

decision depending on the specific characteristics of each flood event. Therefore, real-time 

information on disaster progression, that is real-time flood prediction, is essential to provide 

timely information not only for authorities who oversee policy-making decisions such as 

releasing flood warnings, but also for residents to take actions such as evacuation to alleviate 

damage. And such information is the key prerequisite to the success of the implementation of 

such countermeasure. 

Two important criteria for flood forecasting system include high resolution of flood 

propagation prediction both spatially and temporally, and sufficient lead time between 

prediction and actual occurrence of a flood disaster, in other words prediction capability9). 

Hydrodynamic (HD) models have been the conventional approach used to characterize the 

dynamics of floods for their ability to produce simulation results with high resolution and high 

accuracy. Depending on the complexity of study area and research needs, flood analysis can 

be performed in 1D, 2D, or a coupling method of 1D and 2D models. 1D models are widely 

used in scenarios involving pipe flow, for example drainage sewers in urban areas, or confined 

river flow conditions at large scales since such models are easily configured and efficient in 

terms of computational cost. In comparison, 2D models are capable of representing detailed 

shape of river and microtopography within inundation areas, thus able to generate better 

simulation results, especially under situations where water level varies over river cross-

sections10),11), or situations where inundation analysis over large areas of river basin is 

necessary. The configuration of such 2D models becomes complicated since representations 

on geometry of rivers and microtopography between different land uses are necessary. The 

choice of unstructured meshes is superior compared to regular grids for the flexibility in the 

representation of geometry of narrow channel and sharp bends. The resolution of unstructured 

meshes is also adjustable and models using such meshes have been found to generate higher 

accuracy and less computational time in complex domains where representation of irregular 

terrain features and microtopography are necessary12). Coupling 1D and 2D models, the flux 

exchange between surface flow and underground drainage systems is also incorporated and 

methods of such have been widely used in urban flood analysis. Moreover, the resolution and 

quality of topographical and observable data necessary for the construction and calibration of 

HD models are also improving with developing technologies. For example, the recent release 

of digital elevation model (DEM) of 1-m resolution from the Geospatial Information Authority 

of Japan allows for finer and detailed representation of local elevation variations13). Advancing 

tools of water level sensors together the facilitation of monitoring cameras and image 

recognition techniques are able to provide real-time conditions on river water levels. 

Investigations for precipitation forecasting also indicated promising results in recent years. 
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With these gradually refining databases, HD models are capable of producing detailed 

simulations in inundation area, water depth and velocity of flux, therefore satisfying the high 

accuracy and resolution criteria for flood disaster prevention.  

On the other hand, the major limiting factor of the application of HD model in real-time 

situations is the high computation cost. Since the computational domain cover large areas of 

floodplain and inundation areas with high-resolution, HD models are still computationally 

expensive when unstructured meshes are implemented14) even as computing techniques such 

as parallel processing are gradually advancing15). Therefore, the application of HD models over 

large scale is still impractical for real-time flood predictions since the substantial computing 

demands far exceed the time available for operational decision-making during severe flood 

events when immediate actions are necessary.  

To overcome the constraints of such computational cost, the use of machine learning models 

in the field of hydraulics has been gaining popularity in recent years for efficiency in 

calculation. Machine learning (ML), as a data-driven approach, belongs to the field of artificial 

intelligence and the fundamental idea behind this technique is that computers analyze and 

identify the patterns between data on their own and make final decisions with as few human 

interventions as possible16). Analyzing purely on the training data, ML models numerically 

formulate the nonlinear relationships between factors without incorporating the underlying 

physical equations, providing low computational cost. On the other hand, this also suggests 

that a large amount of high-quality training data is required for the construction of ML models. 

Regarding the application of ML models on flood predictions over large areas, the data scarcity 

issue becomes even more complicated because unlike predicting discharge or water levels of 

rivers, flood propagation changes both spatially and temporally. Observations of historical 

flood events are limited, and the ones available are mostly qualitative records on the inundation 

area, with some additional information on maximum depth at most. Even with the assistance 

of live cameras and advanced monitoring equipment in recent years, details of large areas 

throughout an entire flood event are still limited. Another limitation of ML models is the 

generalization problem, which is the ability to be applied to targets of untrained 

characteristics17). The accuracy of ML models may be significantly compromised when 

exposed to untrained pattern of flood events, for example those extreme floods induced by 

climate change, if the training data is limited to historical inundation observations due to the 

inherited property of ML models.  

As a result, in response to the increasing frequency of extreme rainfall and flood events, 

there is still an urgent need for the development of an approach for an efficient and accurate 

spatiotemporal flood prediction over large areas to reduce economic losses and casualties 

during emergent situations. To be more specific, the approach should target for real-time flood 
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predictions of inland area by providing timely and accurate details applicable for decision-

making during rapidly developing flood events such as the release of early warning and 

evacuation route determination. 

 

1.2 Literature review 

The use of ML in the discipline of hydrology and hydraulics has been notable in recent 

years, and the state-of-art studies of such application varies from the field of identifying flood-

prone areas and forecasting flood-related factors. For example, the configuration of 

susceptibility maps of an area has been frequently investigated by multiple studies. Different 

from flood hazard maps that are developed with respect to a specific scale of rainfall and/or 

flood and indicate specific severity of flood, susceptibility maps provide information on which 

area is vulnerable to floods. Therefore, the flood conditioning factors in susceptibility maps 

investigated in previous research generally involve the inherited topo-geographical properties 

of the area, such as elevation, slope, aspect, land use, curvature, distance from river, 

topographical wetness index, sediment transportation index, and soil type. In the study carried 

out by Khosravi et al.18), maps of 12 conditional factors over Jiangxi, China was used as the 

features for the construction of two ML models, Naive Bayes tree and Naive Bayers classifier. 

When evaluated against 50 locations, 30% of the available data collected from flood inventory 

maps, both models resulted in high accuracy, and the visualization of flood susceptibility maps 

was provided. A comparison between different ML models, namely artificial neural networks 

(ANN), support vector machine (SVM), random forest (RF), random subspace and dagging, 

using 167 flood points and similar flood influencing factors was performed by Islam et al. in 

Bangladesh, and the accuracy of models varied significantly between models, both spatially 

and quantitatively19). Another research with a relatively large unbiased datasets (4333 

locations) from Berlin, Germany was investigated to generate flood susceptibility maps at 

different resolutions20). Further taking into consideration the impact of roads and stormwater 

drainage systems, this research targeted urban area with dense population, and the flood 

susceptibility map generated from the model with best performance coincided highly with the 

flooded locations collected from inventory maps.  

While understanding the intrinsic flooding potential for each area is important, more 

studies focused on the investigation of dynamic characteristics of event-based floods, in other 

words, the forecasting aspect of hydraulic properties. Such literatures are further divided into 

two types, which are the kind of studies using only dynamic observable datasets and those 

incorporating synthetic data from other sources such as numerical simulation. Since the 
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configuration of ML models requires a large number of training data, the former type of 

research typically focuses at one specific location, and the commonly investigated target of 

prediction is the water level and/or discharge of river. For example, stream flow data of Hunza 

River basin of Pakistan over a 42-year period (1966-2008) was summarized for the 

configuration of multilayer perceptron (MLP), RF and Support Vector Regression (SVR)21). 

Using 80% of the available data as the training data and the rest of the data as validation, all 

three models successfully captured the general shape of how streamflow varies between 

seasons, but the accuracy on the peak flow at each season was slightly compromised in the 

testing phase. Similarly, Nguyen and Huu22) collected continuous daily water level data of the 

Mekong River from 1994 to 2000 as the training data (1071 samples) to configurate different 

ML model, namely LASSO, RF and SVR to predict the time-series water level in the year 

2001 to 2003 (459 samples). The model with the best performance produced mean absolute 

error of less than 0.5 m with a lead time of 5 days, which is considered acceptable for a flood 

predicting model based on the requirement of the Mekong River Commission. Another 

research with more observed data was carried out by Yaseen et al., in which they developed a 

neural network model to predict hourly river flow in Australia, using the hourly dataset over a 

5-year period (52555 observation partitioned 60%, 20% and 20% for training, validation and 

testing respectively), and resulted in models with coefficient of determination over 0.9 on test 

dataset23).  

On the other hand, these studies were carried out under the condition where continuous 

observations over a long time (over years to decades for example) are available. Yet the reality 

is that observations are scarce, especially those related to compound hazards and inundation 

area and/or volume over large areas, which is also the constraining factor for the configuration 

of a real-time spatiotemporal explicit flood prediction model. Such situations become the 

motivation for the investigation of integration of HD models with ML models to compensate 

for data limitation, and the general process consists of the following procedure. HD models 

are first constructed and validated over the study area. Numerical flood analysis is then carried 

out either observed historical rainfall or with hypothetical design rainfalls and the simulation 

results are summarized to be the training data for ML models. Once being trained, ML models 

are used to perform predictions, and comparisons between predicted values and observations 

or simulation results from HD models are carried out for the evaluation of prediction accuracy.  

For example, targeting for the water level prediction induced by compound flood in a data-

scarce delta located in Indonesia, Sampurao et al. first constructed a HD model through SLIM 

2D with unstructured triangular meshes24). Validated against observations for January 2019 

with a high consistency, the HD model was then used for simulations under different 

atmospheric, tidal river forcing and precipitation conditions. The authors further configured 
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RF, MLR and SVM models using simulation results from HD models as the training data and 

evaluated the accuracy of ML models against three actual historical events, where RF model 

was concluded to have the best performance of all. This augmentation approach of HD model 

and ML algorithms is especially necessary for the prediction over large areas since 

observations of such, for example flood inundation over a river basin, generally require large 

amount of event-based data and labor for field measures. Therefore, previous literatures have 

investigated different aspects of this approach with objectives varying from prediction water 

depth at multiple locations to the maximum depth of a river basin. Aiming for the water depth 

prediction of a downtown area in Tianjin, China, Yan et al.25) constructed an urban flood 

simulation model and applied 35 design rainfall scenarios (5 design rainfall patterns and 7 

intensities) for the configuration of neural network model. 7 high-risk locations were selected 

for accuracy evaluation of ML model, with one location having observed data and the rest 

validated against simulation results, and the average relative error when tested against the 

rainfall event in May 2019 was approximately 19%. The authors also compared the 

computational efficiency between HD models and ML models, and for the same calculation 

period performed using the same computer, HD models required 15 minutes while ML only 

took 20 seconds. Targeting detailed flood inundation mapping, Bermudez et al.26) also 

performed predictions on maximum water depth and velocity using a surrogated model of HD 

model with least-squares support vector machines. The method was first validated through 

numerical experiment of idealized topography and then applied to real study area located in 

the northwest of Spain with the use of unstructured triangular meshes. Trained with simulation 

results from HD models, the ML model was able to predict the maximum water depth with 

precisions of approximately 0.9, and 0.7 for velocity prediction when evaluated against the 

four control points. Similarly, Jang et al.27) used simulation results of HD models using 99 

observed rainfall events with 10-minutes interval as the training data. Two RF models using 

different features were constructed and predictions on maximum depth were performed, and 

both models were concluded to have high accuracy of R2 greater than 0.95, and the model 

including statistical characteristics of rainfall resulted in better performance. 

Besides the investigations on maximum depth, the temporal propagation of floods has also 

been studied. One attempt of such was carried out by Burrichter et al.28), who targeted the 

prediction of pluvial floods in urban areas with 2 m high resolution grids. Using a 1D/2D 

coupled HD model, the authors investigated a total of 258 rainfall events, both hypothetical 

and actual, to construct the training data. After data preprocessing simulation results, multiple 

models including artificial neural networks (ANN), temporal graph convolutional network (T-

GCN) and conditional generative adversarial network (cGAN) were configured using different 

combinations of inputs. The accuracy of models was then evaluated with different water depth 
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thresholds and model with highest accuracy, T-GCN, was tested over historical rainfall event, 

where high performance was observed for a lead time of 15 minutes. For predictions with lead 

time of 30 and 60 minutes, the range of errors expanded to a maximum of 25 cm.  

Despite the above-mentioned attempts, the constraints regarding two major factors for early 

warning, high resolution and sufficient lead time between prediction and occurrence of floods, 

have still not been fully resolved. Specifically, the flood predictions carried out by majority of 

studies were grid based. As mentioned in earlier section, the representation of 

microtopography in terms of shape and delineation between land use, even with 2-m 

resolution, is limited and the accuracy of corresponding HD simulation results is constrained. 

Since the accuracy of ML models depends highly on the quality of training data23), the accuracy 

of surrogated models, therefore, could only be as best as HD models regardless of the choice 

of ML algorithms and fine-tuning processes. Such spatial resolution of prediction is not 

sufficient enough to be applied for potentially practical purposes such as decision-making 

regarding evacuations route calculations. Furthermore, the target for prediction focused mostly 

on maximum depth and the recognition of inundation area, and the studies investigating 

temporal aspect of flood propagation evaluated only a few choices of prediction periods within 

1 hr. Such studies fail to reproduce detailed spatiotemporal information of flood propagation 

and only provide limited lead time for emergent responses before the arrival of floods. 

In summary, an integrated method of both spatial and temporal variations of prediction 

accuracy over a large river basin during an entire rainfall/flood event is still necessary, 

especially considering the increasing need for accurate real-time flood forecast techniques as 

a prerequisite for the implementation of future countermeasures to reduce damage under 

emergency situations. 

 

1.3 Objectives  

The objective of this study is to develop an iterative HD-simulation informed ML model for 

efficient spatiotemporal flood prediction induced by practical rainfall events. The proposed 

augmentation approach attempts to resolve the above-mentioned research gaps on data scarcity 

of high-quality training data by taking advantage of highly accurate simulation results of 

conventional HD model and fulfill the lead time requirements through the usage of efficient 

ML models with an iterative prediction process.  

Using high-resolution unstructured triangular meshes, the delineation of land use boundaries 

and representation of microtopography are included in the comprehensive flood analysis 

model. With careful calibrations against historical flood events, this HD model generates 
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highly accurate simulation results, which are further processed and summarized as the training 

data for the configuration of ML model, the Random Forest (RF) model. Incorporating 

different hypothetical design rainfall patterns with various shapes, intensity and peak 

distribution, the data scarcity issue regarding both limited historical flood observations over 

large areas and unprecedented excessive floods is resolved. Furthermore, this research 

attempts to enhance the interpretability of RF model by selecting features that represent 

hydraulic properties in the same way as HD model both spatially and temporally. Specifically, 

the features include both static inherited properties of each mesh such as coordinates and 

elevation, and dynamic properties of input rainfall conditions, land use, prior state information 

of adjacent meshes, and boundary conditions to reflect exchange of flux at computation 

domains. In such way, the configuration of RF model is carried out with simulation results 

from HD model in the training process. In the prediction phase after model construction, this 

research proposes an iterative prediction process to achieve long-term predictions with 

efficiency. A non-inundated condition over inland area (for example a time before precipitation 

occurs) is applied as the initial input for the first prediction of the RF model. The predictions 

at each step are then reconstructed as the prior state input for the next time step and process 

loops throughout the entire rainfall period.  

First evaluated through numerical experiments, the approach was applied to the Karube river 

basin. With detailed investigations regarding feature selection and the design of hypothetical 

design rainfalls, the potential of this augmentation approach to obtain high-accuracy results is 

evaluated against actual historical rainfall events. In addition to conventional ML evaluation 

metrics, the assessment of the RF model also examined its consistency with HD simulation 

results in providing insights to flood propagation behaviors. Time consumption for calculation 

with HD model and prediction using RF model was also compared to evaluate the efficiency 

aspect required in the early warning system under during urgent situations. 

 

1.4 Structure overview 

The structure of this thesis is organized as follows. 

Chapter 1 states the need for a real-time flood prediction method, summarizes the state-of-

the-art machine learning methodology and surrogated models in flood predictions and stresses 

the objectives of this research.  

Chapter 2 provides a flowchart of the augmentation approach, and details on the 

hydrodynamic model and machine learning algorithm used in this research.  

Chapter 3 summarizes evaluation metrics, both qualitatively on the performance and 
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  quantitatively on the accuracy of prediction and carries out a methodology validation of the 

proposed augmentation approach using numerical experiments under rainfall conditions of 

constant intensity. Investigations on features, hyperparameter tuning and prediction intervals 

are also detailed in this section. The accuracy of predictions is evaluated with different metrics 

to obtain the optimal parameter setting of the model.  

Chapter 4 evaluates the potential of the augmentation approach to be applied to a 

complicated practical terrain settings, the Karube river basin, under constant rainfall 

conditions. With an overview of the study area and detailed settings of both the HD model and 

ML model, the accuracy of the predictions is evaluated and discussions on the limitations 

regarding practical applications under actual rainfall conditions with temporal variations of 

intensities are summarized.  

Chapter 5 carries out investigations regarding further fine-tuning of features in model 

configuration and then evaluates how the selection of hypothetical rainfall patterns in the 

training data influences prediction performance. Targeting for the flood prediction induced by 

practical rainfall events, the simplified hypothetical design rainfalls include considerations on 

the shape of rainfall, peak intensity and peak arrival time. Refinements of features and cross-

validation methods are discussed to validate the interpretation of features selections as well as 

maintaining prediction accuracy. The generalization capabilities of the models constructed 

with different combinations of training data are then examined by testing the models against 

multiple hypothetical rainfall events.  

Chapter 6 assesses the capability of the models, trained with simplified hypothetical rainfall 

patterns, in reproducing the spatial and temporal inundation propagation under practical 

rainfall conditions. Two historical rainfall events that induced floods over the study area are 

selected as the target events and detailed evaluations regarding the overall predictive 

performances and reproducibility of hydraulic behaviors are carried out. 

Chapter 7 summarizes the main findings and future perspectives of this study. 
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  CHAPTER 2 METHOD AND MODELS 

2.1 Overview of iterative hydrodynamic-simulation-informed 
random forest method  

The overall schematic of the augmentation method of the hydrodynamic (HD) model and 

Random Forest (RF) model proposed in this study is depicted in Fig. 2-1. Targeting for the 

prediction of detailed spatiotemporal inundation depths at each location, this approach consists 

of three main procedures: a) data generation through flood analysis using HD model, b) 

training phase for RF model using simulation results as the training data, and c) prediction for 

untrained rainfall pattens through iterative prediction process. Detailed workflow for each 

stage of procedure is illustrated in Fig. 2-2. 

First, flood analysis with HD model is conducted under different rainfall conditions to 

generate results on inundation area and water depth. Rainfall intensities are applied spatially 

evenly over the target area for all purposes of this study. As for temporal variation, 

hypothetically designed rainfalls of both constant rainfall and variations with different shapes, 

distribution and peak intensities are included in HD calculation. The simulation results for 

each mesh over time are summarized to be the training database for RF model. The second 

procedure selects different subsets of the above database for RF model configuration. Feature 

selection and hyperparameter tuning are performed with numerical experiment to validate for 

this augmentation approach as well as optimizing model performance. The third procedure 

then applies the configurated RF model over untrained rainfall events through iterative 

 
 

Fig. 2-1 Overall logistic of augmentation method. 
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prediction process and evaluations of predictive performance are carried out against 

comparisons to simulation results from HD models.  

Investigations are first conducted under constant rainfall conditions with simple synthetic 

terrain conditions for method validation and then performed over practical topographical 

settings. With the final goal being the spatiotemporal explicit flood prediction induced by 

actual rainfall events, evaluations regarding the selection of hypothetical rainfall patterns as 

the training data are also carried out in detail. The evaluation of the RF mode’s predictive 

capability is accessed with both conventional machine learning metrics and comparisons to 

simulation results to verify whether the model preserves the physical consistency and 

spatiotemporal dynamics represented in HD models. 

 

 
 

Fig. 2-2 Detailed workflow for each stage of procedure. 
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  2.2 Model description 

2.2.1 Comprehensive flood analysis model 

 This research adopted the comprehensive flood analysis model previously developed by 

Maeno et al.1) for flood simulation over river basins. With the use of triangular unstructured 

meshes over the entire target area, microtopography of not only river and roads but also 

drainage channels and buildings can be represented in detail without compromising the 

original shape. The resolution for unstructured meshes are also adjustable with flexibility 

compared to structured grids. On the other hand, the complex representation of geometry 

requires more memory to store the connectivity between meshes, which leads to higher 

computational cost. As a result, this flood analysis model takes advantage of general-purpose 

computing on graphics processing units (GPGPU) that allows parallel processing technique to 

increase calculation efficiency2).  

Governed by two-dimensional shallow water equation, this model is capable of handling 

river flow, overflow from embankments, and flood inundation over inland areas at the same 

time. Detailed equations are summarized below. 

t x y

  
    

   b f
U F G

S S Q    (3.1) 

where t   is time, ( , )x y   are coordinates in Cartesian system, U   is conservation vector, 

,F G  are flux vector in the ,x y  direction respectively, bS  is the momentum source term 

due to gradient of bottom surface, fS  is momentum source term due to friction of bottom 

surface and Q  is the source term for rainfall. Source terms are represented by the following 

equations.  

2 2

2 2

, / 2 ,

/ 2

huh hv

hu hu gh huv

hv huv hv gh

    
           
         

U F G         (3.2) 

2 2 2

1/3

2 2 2

1/3

00

,b

b

z gn u u v
gh

x h
z

gn v u vgh
y

h

                                  

b fS S                       (3.3) 



18 
 

 

  0

0

aQ r 
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  

Q                                   (3.4) 

where h  (m) is water depth，( , )u v  (m/s) is the average velocity of water depth in the ( , )x y  

direction respectively, bz   (m) is elevation, g   (m/s2) is gravitational acceleration, n

(s/m¹/³) is Manning’s roughness coefficient, and ar  (mm) is effective rainfall. The effective 

rainfall is calculated through a r Frr     where r  (mm) is observed rainfall and Fr   is 

runoff coefficient. Runoff coefficient, a representation of land use in this calculation, is 

calculated through the following equation. 

(0 )

( )
usa sum sa

sa sa sum

f r R
Fr

f R r

 
  

                        (3.5) 

where sumR  (mm) is the cumulative rainfall at each mesh, saR  (mm) is saturated rainfall, 

usaf  and saf   are the runoff coefficient under unsaturation and saturation respectively. 

Parameters settings with respect to each land use will be detailed in the following chapter. 

Depending on the saturation rainfall threshold and cumulative rainfall of the actual rainfall 

event, the runoff coefficients switch from unsaturation to saturation, thus acting as a simplified 

representation for infiltration of different land uses. The boundary lines between different land 

uses where overflow would occur, for example river levees and ridges of paddies, are defined 

by carefully overlapping the edge of triangular meshes to the delineated shaped polygons of 

each land use. And exchange of flow is calculated through Honma’s overflow equation shown 

below.  

1 1 2 1

2 1 2

0.35 2 / 2 / 3

0.91 2 ( )

h B gh if h h
Q

h B g h h otherwise

  


   (3.6) 

where h1 (m) and h2 (m) refer to the water depths above the crest of the levee and/or ridge of 

the two meshes respectively, and B (m) is the length of the mesh. The numerical analysis 

employs the Godunov-type finite volume method, the conservative numerical scheme for 

solving partial differential equations that are effective in hyperbolic equations, in this case the 

shallow water equation3).  

This comprehensive inundation analysis model has been validated against historical rainfall 

and flood events over multiple areas with various applications. For example, flood analysis 

over Mabi District of Kurashiki city that incorporated detailed embankment breach during the 

2018 rainfall event was performed and validated against observations of flood traces from field 

investigations1). Further investigations with an extended simulation period over the drainage 

period after rainfall ceased were carried out to study the behavior of floating litter and the flood 

analysis coincided with the discharges and water levels of observation stations4). Furthermore, 
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construction of the HD model over the Karube region, the target area of this research, had also 

been performed previously by Akoh et al.5) with evaluations against 2018 rainfall events. With 

refinement on micro-topographical representation of drainage channels, the model was then 

applied to investigate the effect of paddy field dams on flood mitigation6). With the above-

mentioned applications, it is concluded that this comprehensive flood analysis model is 

capable of generating reliable simulation results. 

 

2.2.2 Random forest model 

Random forest (RF) is a supervised learning algorithm for both classification and regression 

with the use of decision trees7). The training datasets are sampled randomly with replacements 

(bootstrap sampling), which are then partitioned binarily in each tree (Fig. 2-3). For regression 

purposes, the predictions from each tree are ensembled to generate the ultimate output8). By 

averaging results from uncorrelated decision trees, RF model is capable of suppressing 

prediction error caused by outliers, thus reducing the risk of overfitting compared to using 

 
Fig. 2-3 Schematic of RF model. 
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single decision trees. On the other hand, the interpretation of each tree becomes challenging, 

and the risk of overfitting cannot be completely eliminated when applied on small numbers of 

training data. The accuracy of RF model is optimized through hyperparameters, the parameters 

that need to be adjusted in the training process of the algorithm. The most important 

hyperparameters in RF model are number of trees in the forest (n_estimator), maximum depth 

of tree (max_depth), and number of features at each split (mtry). Increasing the number of trees 

in the forest typically results in higher performance, but the corresponding computational cost 

would also increase. Similarly, deeper trees can capture more information between data, but 

would also increase the risk for overfitting, the phenomenon where the model captures too 

many characteristics of the training data including noise and outliers such that the model’s 

performance is significantly compromised when predicting on unseen data.  

The construction of RF model is performed with the RandomForestRegressor from the 

machine learning library scikit-learn (ver. 1.3.2) published by Python9). This algorithm was 

selected for its simplicity of use, efficiency of training, and ability to handle large datasets10), 

considering that the training data obtained from HD models consists mesh-based temporal 

inundation information covering large areas of a river basin. On the other hand, this model is 

considered slightly subjective to extrapolations. As a result, how the RF models perform when 

the target event for prediction approaches or exceeds the range covered in the training data 

was also investigated and discussed regarding the importance of careful selections of training 

data in order to increase the generalization capability of the RF model for practical application 

purposes. The default values of the above-mentioned hyperparameters for this version of RF 

model are 100, None, and 1.0 respectively. In order to balance model accuracy and 

computational cost, hyperparameter tuning processes are performed and described in the next 

chapters.  

 

2.3 Model interpretability and feature selection 

The definition of the interpretability of an ML model is the ability to provide the meaning 

or explanations that humans could understand11). Especially for ML models that are intended 

for practical applications related to decision-making, for example as a simplified 

representation of a system, it is commonly suggested that the model should be somehow 

interpretable such that the application of the model is reassuring. The construction of the RF 

model in this research, therefore, attempts to retain the interpretability of the model by 

transferring the logistics of HD model into the features. 

As the objective of this research is an efficient spatiotemporal explicit flood inundation 
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prediction, the target variable is selected to be the inundation depth at each mesh. Features 

used in the construction of RF models, while not directly incorporated as equations, are 

designed to reflect the relationships between and predicting features and the target variable12). 

As a result, it is reasonable to include features representing actual hydrodynamics 

characteristics both spatially and temporally. On the other hand, RF model does not inherently 

account for time series nor spatial dependencies (i.e. assuming independently and identically 

distributed data points in the bootstrap process). As a result, features selection becomes 

important to adapt the RF model for spatiotemporal explicit flood predictions over time. The 

predictive features investigated in this study are divided into static features and dynamic 

features. The static features included x and y coordinates and elevation at each mesh. The 

representation of land use is first carried out using binary indicators (0 and 1) since it is an 

inherited property that does not change over time. Yet this property is incorporated in the HD 

model as runoff coefficient, the value of which differs for unsaturated and saturated conditions 

as described in the previous section. Therefore, the feature representation of land use is further 

refined in the RF model as a dynamic feature.  

Transferring the logistics of HD model in terms of considering spatiotemporal exchange of 

flux between meshes, the dynamic features proposed in this study takes into consideration 

spatial factors as information of adjacent meshes, and temporal factors of prior state (t-1). By 

including the inundation information from past time steps of each target mesh and adjacent 

meshes, the hydraulic information of previous states is represented. As for locations at 

calculation boundaries where connected meshes are partially missing, the information of the 

mesh itself is used. Other properties reflecting the incoming/outcoming volume of water from 

computational domains are selected to be precipitation (current and prior), which is assumed 

to be available from rainfall forecast, and the inflow and outflow boundary conditions from 

rivers. Details of the feature selections and corresponding notations will be introduced in the 

next chapters. 

Feature importance, an evaluation on how each of the features affect the accuracy of model, 

is another essential factor for model interpretation. The built-in attribute (feature_importances) 

from the scikit-learn library of RF model evaluates the Gini importance metric, which is a 

relative measure on how significantly the mean accuracy decreases when each of the feature 

is omitted in model configuration. In other words, feature importance reflects how strong the 

RF model uses each feature to make predictions. This research takes advantage of this metric 

as supporting evidence to verify whether the RF models capture relationships that are 

consistent with the underlying dynamics of HD models. 
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  2.4 Iterative prediction process 

The prediction process of the RF model requires the input of all features used in the training 

process. While rainfall information and river state can be obtained from precipitation forecast 

and water level observatories and real-time measurements from sensors to some extent, the 

prior state of inundation information over large areas is in general not available during an 

actual rainfall event. To compensate for this data scarcity for long-time predictions, this study 

proposed an iterative prediction method. An initial state of no inundation over the region (i.e. 

right before precipitation occurs), that is 0 0tdepth   m for inland inundation area, is assumed 

for all predictions in this research. The initial condition for rivers is assumed to be normal 

water level conditions. Using this prior state and observable features regarding rainfall and 

river state as input, the first prediction could be carried out. The predicted outputs are then 

reconstructed into the input data for the next prediction based on mesh connectivity, and the 

iteration progresses until the end of the rainfall event. The iteration interval for prior state is 

also investigated in the following sessions to balance computational cost and accuracy. 
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  CHAPTER 3 METHOD VALIDATION WITH 

NUMERICAL EXPERIMENTS 

3.1 Overview of numerical experiments and evaluation metrics 

Numerical experiments were performed as method validation to examine the feasibility of 

using the augmentation approach, features and iterated prediction process described in the 

previous chapter in the configuration of RF model under constant rainfall conditions. First, a 

rainfall-only scenario with a bowl-shaped hypothetical terrain setting was constructed for the 

investigation of cases with and without the consideration of adjacent meshes to confirm the 

validity of the proposed feature selection. The portion of data splitting for training and 

validation, together with hyperparameter tuning were also performed aiming to optimize 

model accuracy and feature selection. Once the optimal features and parameter settings were 

determined, discussions on prediction interval using iterated prediction approach were then 

performed to balance model accuracy and computational cost. The parameters for the model 

with highest accuracy were then applied to a more complicated terrain scenario where river 

and inundation areas are included. Features further indicating boundary conditions and land 

uses were evaluated in order for the RF model to be applicable to future practical real-life 

scenarios.  

Evaluation metrics for predictive machine learning (ML) models are typically divided into 

two major categories. Performance metrics for the effectiveness, efficiency and reliability of 

the model, which are mostly standardized evaluations in terms of the model’s ability to classify 

instances, and error metrics for the quantification of discrepancy between predicted and true 

values1). Performance metrics adopted in this study include confusion matrix, accuracy, 

precision, recall, F1-score, and coefficient of determinations (R2), and error metrics for 

regression as root mean squared error (RMSE). The performance of RF model in the 

recognition of inundation areas is first evaluated with confusion matrix (Table 3-1), where 

Table 3-1 Confusion matrix. 

 

Prediction

Not InundatedInundated

False Negative (FN)True Positive (TP)Inundated
Simulation

True Negative (TN)False Positive (FP)Not Inundated
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simulation is the result from HD model (i.e. the true value) and prediction is the output from 

RF model. Meshes with inundation depth above a certain threshold are considered inundated 

and vice versa. Based on the confusion matrix, accuracy, precision, recall and F1-score are 

further calculated with the following equations.  

TP TN
Accuracy

TP TN FP FN




  
   (3.1) 

TP
Precision

TP FP



     (3.2) 
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Recall

TP FN



     (3.3) 

2
1

Precision Recall
F Score

Precision Recall

 
 


   (3.4) 

Here accuracy is the quantification of the proportion that is correctly classified, whether 

positive or negative, out of the total number of predictions. Precision refers to the ratio of 

correctively predicted as positives out of the total number of true positives. Recall, also known 

as true positive rate, is defined to be the proportion of all actual positives that are correctly 

classified as positives. And F1-score is interpreted as the harmonic mean between precision 

and recall. All four metrics range from 0 to 1 with 1 being the optimal value. Accuracy serves 

as a comprehensive evaluation incorporating all outcomes of a confusion matrix, while F1-

score is especially useful when the datasets are imbalanced.  

Furthermore, evaluations of variances using R2 and RMSE in terms of regression using the 

following equations were performed.  
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where iy  (m) and ˆ iy  (m) are the simulated and predicted water depth at each mesh i, y  

(m) is the average simulated water depth, and n is the total number of meshes. The significant 

number for RMSE evaluation in the method evaluation sections is preserved to the scale below 

millimeter aiming to observe subtle differences between evaluated cases. And the practical 

field applications further consider the physical meaning and interpretation of the metrics, thus 

evaluated at centimeter scale. In order to investigate the difference in hydrodynamics 

characteristics of land uses, these metrics are also carried out with respect to each land use.  
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In addition, spatial agreement between prediction and simulation is examined in terms of 

water depth contours and difference maps to capture the ability to reproduce the spatial flood 

propagation process as well as detailed inundation depth at each specific location. Assessments 

regarding inundation area and inundation volume are also performed to evaluate the capability 

of RF model to quantify flood characteristics. 

 

3.2 Rainfall-only scenario with bowl-shaped terrain setting 

A bowl-shaped computational domain was constructed with the dimensions shown in Fig. 

3-1(a) with elevation given by the following equation.   
2 2 5( )( 5.0 10 )z a x y a         (3.7) 

The size of meshes was 50 m, resulting in a total of 916 meshes. Here the land use was assumed 

to be miscellaneous for all meshes and the effective rainfall was carried out using 0.6, 0.9, 55 

mm as the unsaturated runoff coefficient, saturated coefficient, and saturated rainfall threshold, 

respectively. The generation of training data of the augmentation approach was first carried 

out through flood analysis using HD model. Constant rainfall was applied uniformly to the 

computational domain. Five patterns of rainfall intensity were performed for the construction 

of training dataset (10 mm/hr, 15 mm/hr, 20 mm/hr, 30 mm/hr, 50 mm/hr). The calculation 

was carried out over a 20-hour period with an output interval of 10 minutes. Results obtained 

from HD simulations for all meshes at each time step were summarized into the training dataset 

for the RF model and the total number of training dataset was 554,180. The total training 

dataset was divided into subsets for model configuration process, within which feature 

selection and hyperparameter tuning were also performed, and subset for performance 

validation. Confirming the accuracy of prediction, the configurated RF models were further 

 

Fig. 3-1 Schematic of (a) bowl-shaped computational domain and (b) adjacent meshes. 
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tested for untrained rainfall intensities, and accuracy of predicted results were evaluated 

against calculated results from HD models.  

 

3.2.1 Feature selection and hyperparameter tuning 

The inundation depth of all meshes at each time step (ht) were used as the target variable. 

RF models with different features were constructed to investigate the necessity of including 

features that represent hydrodynamic properties in the same logistics as HD model (Table 3-

2). M1 included mostly the static properties of each mesh in terms of mesh number (n), 

coordinates (x, y), elevation (z) and temporal indications as of step number (step), rainfall at 

each step (raint) and cumulative rainfall (raincum). The temporal change of water depth at each 

mesh is determined by the flux exchange between adjacent meshes, that is, the prior state of 

adjacent meshes directly affect the current water depth at each target mesh. Therefore, how to 

represent this spatiotemporal factor as features is essential in the configuration of RF model. 

In this study, the spatial aspect was proposed by the selection of adjacent meshes, which 

include the three meshes directly connected to each target mesh (noted as ni where i = 0, 1, 2) 

and secondarily connected adjacent meshes (noted as nij, where i = 0, 1, 2, and j = 0, 1, 2) as 

shown in Fig. 3-1(b). As for the temporal aspect, the prior state water depth of the total 12 of 

adjacent meshes (ht-1, i, ht-1, ij) were selected as features to be further included in M2. As for the 

meshes located at the boundary with adjacent meshes falling outside of target area, the prior 

state information of the mesh itself was applied as the values for adjacent meshes. The 

assumption for this situation is that the boundary of RF model was carefully aligned with 

locally elevated topography that approximates wall conditions. While this approach introduces 

slight redundancy between local and adjacent features, it compensates for the missing neighbor 

values as well as acting as a boundary flag. On the other hand, the performance of the RF 

model is expected to degrade when applied over river basins under situations where flux 

exchanges occur across boundaries. Details for this phenomenon is discussed in later chapters 

when targeting flood predictions induced by practical rainfall events. The interval for prior 

state of features (i.e. t-1) was first arbitrarily selected to be 10 minutes, which is the same as 

the output interval for HD model.  

Table 3-2 Features for model configuration. 

Hyperparameter tuningFeaturesModels

n_estimator =50, 100, 200
max_depth = 10, 20, 50

mtry = 0.33, 0.5, 1.0, sqrt

n, x, y, z, step, raint, raincumM1

M1 + ht-1, i, ht-1, ijM2
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RF models involve several types of hyperparameters for the determination of the structure 

of each individual tree, the overall structure and size of the forest, and randomness. While 

several previous literatures have investigated the impact of hyperparameter setting on model 

accuracy, clear guidance is still missing and the choice for optimal values are dependent on 

the dataset2). Therefore, hyperparameter tuning was performed to confirm whether the 

arbitrarily selected hyperparameter contributes to optimal accuracy. The hyperparameter 

tuning procedure in this research adopted three most commonly used parameters: the number 

of trees, maximum depth of each tree, and the number of features to be considered to generate 

best split. The number of trees and maximum depth of each tree, denoted by n_estimator and 

max_depth in scikit-learn library (hereafter referred to as sklearn) of python respectively, are 

parameters controlling the size of the forest and higher values are generally preferable to obtain 

better performance2). On other hand, high values of these parameters also induce the risk of 

overfitting and result to large models, which could lead to constraints in memory of hardware 

and efficiency. The number of features at each split, denoted by max_features in sklearn, 

determines the correlation between individual trees. Lower values construct different, less 

correlated trees, thus returning better aggregated results. However, low values may also lead 

to average performance as trees are dependent on the random selection of features. A 

 

Fig. 3-2 Mean test score for hyperparameter tuning of M1. 

 

Fig. 3-3 Mean test score for hyperparameter tuning of M2. 
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commonly recommended value for number of features in regression is sqrt(p), with p being 

the total number of features used in model configuration3), 4), yet higher values are also found 

to contribute to low error in other researches dealing with high dimensional data5). The value 

is essentially dependent on the characteristics of the training data and guidance regarding the 

selection of this parameter is still missing. Therefore, hyperparameter optimization process is 

necessary to obtain RF model with high performance. 

The optimization of hyperparameter in this study was performed with grid search method, 

denoted by the GridSearchCV library in sklearn, which considers an exhaustive evaluation of 

all combinations of hyperparameters given6),7). The range of hyperparameter search is 

summarized in Table 3-2, and performance validation was carried out with 5-fold cross-

validation using R2 as the scoring metric. Depicted in Fig. 3-2 and Fig. 3-3 are the mean test 

score of the cross validated results for M1 and M2 respectively. For both of the models, 

performance increases as the depth of tree grows, with high accuracy R2 of almost 1.0 for depth 

greater than 20. The difference between depth of 20 and 50 is rather negligible, especially for 

M2. An improvement in accuracy is also observed as the number of trees grows from 50 to 

100, yet the difference between 100 and 200 trees, with other parameters being the same, is 

less significant for both M1 and M2. As for the selection of max_features, the general trend 

observed in this study is that among the selections of 0.33, 0.5, and 1.0, higher values result in 

better outcomes. The performance using sqrt(p) concludes to be the model of lowest and 

second lowest accuracy for M1 and M2, respectively. On the other hand, the feature 

importance of M2 for prior depth suggests that using all features at each split may introduce 

bias, even though having the highest accuracy among all parameters (Fig. 3-4). Shown on the 

horizontal axis represents the prior state water depths of directly connected meshes, hi for 

corresponding meshes of ni, and those of secondarily connected meshes, hij for meshes denoted 

as nij in Fig. 3-1(b), where i and j are indices for mesh numbering. Following the local mass 

balance of hydrodynamic model, the water depth for each target mesh is a weighted sum of 

 

Fig. 3-4 Feature importance of prior depth for M2. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

F
ea

tu
re

 I
m

po
rt

an
ce

max_feature = 1.0

max_feature = sqrt

h
0

h
00

h
01

h
02

h
10

h
11

h
12

h
20

h
21

h
22

h
1

h
2



31 
 

 

  
flux contributions from adjacent meshes. Since the geometry of computational domain was 

designed to be roughly symmetric and the area of meshes roughly the same, the contribution 

from each adjacent mesh is expected to be similar. And similar trend should be observed for 

secondary connected meshes. That is, the distribution of feature importance using max_feature 

= sqrt better coincides with the logistics of HD model that prior state of the directly connected 

meshes contributes approximately equally to current water depth, with slightly less 

contribution for further adjacent meshes. The results are also consistent with the findings from 

other studies where higher values are sometimes over-credit features with strong contribution 

while masking fewer influential variables5). The small stochastic differences between adjacent 

meshes are considered to be induced by the process of bootstrapping used in RF models and 

the not perfectly symmetric distributions of meshes, both inducing statistical subtle 

correlations in the actual field. Therefore, taking into consideration the comprehensive 

influence of the hyperparameters, the number of features for model configuration in the 

following investigations was selected to be sqrt(p) such that the model provides relevant 

performance gains of less influential yet important features. In terms of the other two 

hyperparameters, since the difference between depth of 20 and 50, and number of trees of 100 

and 200 was insignificant, values of 20 and 100 were selected in order to reduce the size of 

configurated model.  

Using the optimized hyperparameters, the process of subset splitting into training and 

validation dataset was performed with the built-in library train_test_split of sklearn, with the 

consideration that data division may affect the accuracy of model if the training data consists 

of significantly imbalanced data or the size of dataset is small. Two cases were investigated 

where Case 1 used 80% of the training data randomly selected for model construction and the 

rest 20% of data used for model validation, and Case 2 used 70% for training and 30 % for 

validation. Data shuffling was applied using the same random seed number to maintain 

reproducibility of results for both M1 and M2 and summarized in Table 3-3 is the evaluation 

of performance against validation set. The R2 for both models regardless of partition ratio 

indicates high accuracy, and RMSE for all cases also results in error of less than 0.01 m. 

Therefore, it is concluded that the impact of the ratio in splitting dataset is rather insignificant 

Table 3-3 Evaluation results for validation set. 

M2M1

Case 2Case 1Case 2Case 1

0.9990.9990.9990.999R2

0.00440.00420.00310.0027RMSE (m)
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when the size of training data is large enough, and the results for the following discussion uses 

model configured with 70% of total training data. 

 

3.2.2 Model performance on test dataset 

M1 and M2, constructed using different features, were then tested against two untrained 

rainfall intensities: 25 mm/hr and 40 mm/hr. Considering the features of prior state used in the 

configuration of M2, assumptions were first made that this information is correctly known for 

the purpose of prediction accuracy investigation in this section. That is, the input for all prior 

state (ht-1, i, ht-1, ij) at each step of prediction used the simulation results from HD models such 

that the error evaluations can be performed for each prediction rather than accumulating 

overtime. Regarding the concerns of data scarcity and computational cost of RF models in 

practical applications, discussions of iterated prediction process and investigations of other 

intervals for prior state and corresponding accuracy evaluation were carried out and 

summarized in the following subsection.  

 

(a) Performance evaluation on rainfall intensity of 25 mm/hr. 

Illustrated in Fig. 3-5 are the prediction evaluation for M1 with respect to time using both 

performance and regression metrics. The accuracy and precision scores are high over the entire 

period. The recall and F1-score, in comparison, varies more significantly between predictions. 

  

Fig. 3-5 Performance metrics and RMSE evaluation for M1 (25 mm/hr). 
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It is also notable that while the R2 for M1 is greater than 0.9 over time, which is also commonly 

considered as high performance, the RMSE gradually increases to a maximum error of 0.2 m. 

To evaluate what contributed to inconsistency between evaluation metrics, a detailed analysis 

was performed taking the results at 7 hr, where the recall, F1-score and R2 values are the 

lowest, as an example. Table 3-4 summarizes the count of meshes in terms of confusion matrix 

with a threshold that meshes with water depth greater than 0.01 m are classified as inundated. 

The intentionally designed computational domain concentrates flow at the center of the area 

such that only approximate 13% of meshes are classified as inundated at this time. Because of 

this heavily imbalanced dataset, the high accuracy and precision score of 0.976 and 1.0 only 

evaluates to have low recall rate and comprehensive F1-scores of less than 0.9. Furthermore, 

based on the proportion of meshes predicted to be false negative, it is indicated that M1 has a 

tendency of underestimation. To understand how this error is distributed between meshes, a 

comparison of water depth (Fig. 3-6) and corresponding error scatterplot (Fig. 3-7) of 

prediction against calculation for the inundated meshes are plotted. It can be observed from 

both figures that M1, while capturing the general trend of water depth, fails to provide 

inundation depth by constantly underestimating depth by approximately 0.27 m. This result 

further confirms that other features as a representation of hydraulic exchange of water are 

necessary for better prediction of water depth.  

Table 3-4 Confusion matrix evaluation for M1 at 7 hr. 

 

Sum
Prediction

Not InundatedInundated

1152293Inundated
Simulation

8018010Not Inundated

91682393Sum

 

Fig. 3-6 Comparison of predicted water depth to calculated water depth. 
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Fig. 3-7 Scatter plot for prediction errors compared to simulation results. 
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Fig. 3-8 Performance metrics and depth-based metrics evaluation for M2 (25 mm/hr). 
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The performance evaluation for M2, configured by further including prior state water depth 

of each target mesh and adjacent meshes, using the same metrics is depicted in Fig. 3-8. The 

average temporal variation of depth obtained from HD simulation (avg_delta_h) is also 

illustrated in the same figure and the two abrupt increases of incremental depth variation 

correspond to the wet/dry transient adjustment phase and the shift from unsaturation condition 

to saturation condition respectively. Despite certain variations between predictions, the 

accuracy and recall for M2 during the entire period are close to the optimal value. Having 

slightly low values in the first few predictions in terms of R2, precision and F1-score, these 

metrics also gradually approach 1.0, which suggests that M2 overall outperforms M1 in 

classifying inundated meshes. As for predictions regarding detailed water depth, the RMSE of 
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M2 is significantly improved to less than 0.01 m, and the issue of increasing trend over time 

in M1 is also resolved. Illustrated in Fig. 3-9 is the distribution of error, defined to be the 

difference between predicted water depth and calculated value, with respect to calculated water 

depth for the entire calculation period. It can be observed that the errors cluster tightly around 

perfect prediction, with some outliers shown as transparent points at shallow water depths. The 

spread of error across different water depths also clusters closely within the range of -0.025 m 

and 0.025 m, suggesting that the prediction overall has low bias. Furthermore, a water depth 

contour comparison was carried out to better visualize the difference between models. 

Illustrated in Fig. 3-10 and Fig. 3-11 are the depth contour for HD models and predictions at 

7 hr and 20 hr, respectively, and a difference contour of predicted values and calculated values 

for M2 is also depicted to observe the minor errors. The results are consistent with the previous 

findings that M1 has a tendency for underestimation. Comparing the results between different 

steps, it is also clear that this bias is more significant in terms of underestimating both 

inundation areas and water depth as flow spreads out over time. In comparison, the 

performance for M2 is significantly improved. Although having a slight overall 

 

Fig. 3-9 Error distribution with respect to depth for M2 over entire period (25 mm/hr). 

 

Fig. 3-10 Contour comparison at 7 hr (25 mm/hr). 
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underestimation at 7 hr, the error is mostly suppressed within 0.01m. And the performance in 

predicting both inundation area and depth is also high for 20 hr with minor errors of 

approximately 0.01m overestimations, which is consistent with the observations in Fig. 3-9 

that M2 slightly biases towards higher prediction when water depth exceeds 3.0 m. Based on 

the performance metrics and regression evaluation results of M1 and M2, together with 

visualizations, it is concluded that including information on past water depths as features 

significantly improves the performance of RF model. The finding is also consistent with the 

same logistics in HD models that current water depth is determined by characteristics of prior 

state in terms of spatiotemporal flux exchange between meshes. 

 

(b) Performance evaluation on rainfall intensity of 40 mm/hr. 

M2 was further tested for untrained rainfall intensity of 40 mm/hr to confirm the 

generalization capability of the model and depicted in Fig. 3-12 are the overall performance 

evaluations using the same metrics, together with the temporal variation of average depth 

simulated by HD model. Compared to the results evaluated against 25 mm/hr of rainfall, the 

overall performance for all classification metrics decreases. While a slightly lower accuracy is 

also observed during the first few steps of 25 mm/hr rainfall, the accuracy degradation in the 

classification of inundated meshes is more obvious for 40 mm/hr case. The reason for this 

trend in both cases is due to the small number of inundated meshes over the early stage of 

simulation such that even one misclassification could lead to large variation in metrics. The 

accuracy for the prediction of detailed water depth also decreases compared to the previous 

test cases. Even though the RMSE values are still below 0.01 m, the error variation with respect 

to each mesh, especially for the inundated meshes, is considered high. As illustrated in Fig. 3-

13 the range of error becomes greater with some dense distributions exceeding absolute value 

of 0.025 m. Similar underestimation at low water depths is observed, but the errors values of 

 

Fig. 3-11 Contour comparison at 20 hr (25 mm/hr). 
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-0.075 m or greater indicate a relative error of more than 15%, which is considered rather 

significant. The higher density as indicated by darker color also suggests that the model 

struggles at predicting lower depths for rainfall of 40 mm/hr.  

Comparing the results over two test rainfall, one reason that may contribute to the overall 

low performance in the prediction of rainfall of 40 mm/hr is considered to be the limited 

number of training data exceeding the target event. In the 5 patterns of rainfall intensities used 

in the configuration of M2, only one pattern exceeded the rainfall intensity of 40 mm/h. Even 

though the target still falls in the range of interpolation, the lack of data on extreme cases with 

higher water depth could lead to bias. Therefore, another model was configured for comparison 

using the same parameter setup for M2, except for extra training data of rainfall intensity of 

45 mm/hr. Fig. 3-14 depicts the error distribution for the model with extra training data and 

 

Fig. 3-12 Performance metrics and RMSE evaluation for M2 (40 mm/hr). 
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Fig. 3-13 Error distribution with respect to depth for M2 over entire period (40 mm/hr). 
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the RMSE for the inundated meshes are extracted for easier comparison of the two models 

(Fig. 3-15). With the inclusion of the extra training data exceeding the intensity of the target 

rainfall event, the range of error further concentrates towards perfect predictions. The number 

of outliers with high errors at lower water depths in the original model decreases, and the 

prediction for meshes with higher water depths greater than 3.0 m is also more accurate as 

shown by the narrower cluster. The model with extra data also outperforms the original by 

further improving RMSE of inundated meshes within 0.01 m for the majority of calculation 

period. When plotting the depth contour and difference of prediction and calculation at 20 h, 

it can be observed that the variation of error is smaller for the one with extra data (Fig. 3-16). 

Although the results still bias slightly towards overestimation, the improved performance over 

the entire calculation period suggests that the range of training data significantly influences 

the accuracy of prediction. Therefore, the selection of training data should be investigated 

carefully taking into consideration in accordance with target event. 

 

3.2.3 Iterated prediction evaluation 

This section further investigates the process of obtaining the prior state information of M2 

and the intervals for predictions aiming for practical applications of the augmentation 

approach. The assumption in the performance evaluation of previous session used the results 

 

Fig. 3-14 Error distribution with respect to depth for M2 with extra training data (40 mm/hr). 

 

Fig. 3-15 RMSE of inundated meshes for M2 using different training data (40 mm/hr). 
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from HD model (i.e. the correct previous information on water depth) as the input for each 

prediction. Yet the temporal variation of water depth of inundation areas over large river basins 

is generally not available in real-life situations. To overcome such data scarcity of previous 

water depth information, an iterative prediction process is proposed in this research. 

Specifically, the prediction stage starts from an initial stage right before precipitation occurs 

when no water depth exists, that is prior state of meshes equal 0 m. The first prediction is made 

by inputting precipitation conditions. From this prediction forward, each predicted output, in 

terms of water depth at each mesh, is reconstructed as prior state information for the input of 

the next prediction based on mesh number and connectively such that the prediction process 

iterates purely with RF models over time without the use of calculation results from HD 

models. Another factor to consider is the interval for prior state of water depth. Shorter 

intervals are desired for previous hydraulic states to be correctly captured. Yet computational 

cost would increase for shorter intervals provided that the total period for prediction is fixed. 

Another concern is the accumulation of error overtime as he iterated prediction process uses 

only predicted results for input without calibrations. Therefore, it is important to determine the 

optimal interval such that prediction accuracy and computational cost could be balanced.  

This study investigated three intervals of prior state: 10-minute, 1.0-hr and 2.0-hr intervals 

and carried out accuracy evaluation comparison with and without iteration processes. For the 

simplicity of method validation, this section investigates only test prediction on rainfall of 25 

mm/hr using the original M2 model, which was constructed with 5 patterns of constant rainfall 

as training data. Summarized in Table 3-5 and Table 3-6 are the R2 and RMSE values for 

  

Fig. 3-16 Contour comparison at 20 hr of M2 using different training data (40 mm/hr). 
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different intervals during the first 8 hr of prediction without iteration. The overall accuracy of 

the three intervals is high with R2 greater than 0.95. As the interval increases, a gradually 

decreasing performance is observed with an average error increased to approximately 0.02 m 

for 2.0-hr interval. This result suggests that prior state with long intervals might be insufficient 

to reflect current status since the temporal change of water depth in this research is dominated 

by the event-based rainfall characteristics, which is different from those applications targeting 

long-term seasonal predictions of water level. Another observation is the slightly high error at 

2 hr for all cases. This error is induced by the setting of the elevation where only a limited 

number of meshes are inundated during early stage of calculation, which is also observed from 

the test evaluations in the previous subsection that the model struggles at predicting shallow 

water depth by biasing towards underestimation, While not having a significant impact 

overtime when evaluated without iteration, this high initial error could lead to compromised 

performance in the iteration prediction process since the input of prior state at each prediction 

is not calibrated. Shown in Fig. 3-17 is the comparison of predicted water depth against 

Table 3-5 R2 summary with different intervals. 

Time (hr)
Interval

8642

1.00000.99990.99990.999510-min

1.00000.99940.99910.99421.0-hr

0.99760.99670.99310.96582.0-hr

Table 3-6 RMSE(m) summary with different intervals.   

Time (hr)
Interval

8642

0.0030.0040.0020.00310-min

0.0070.0070.0070.0101.0-hr

0.0200.0180.0180.0242.0-hr

 

Fig. 3-17 Comparison of iterated prediction for 8 hr with different intervals. 
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calculated values at 8 hr using iterated prediction with intervals of 1.0 hr and 2.0 hr 

respectively, and corresponding error is depicted in Fig. 3-18. The performance of prediction 

at 8 hr for both intervals is rather compromised with an overall underestimation, and longer 

interval for prior states resulted in lower accuracy. In summary, the results suggest that models 

with shorter interval outperforms the ones with long intervals, with or without iteration. The 

iterated prediction process, while solving the lack of prior state information of water depth to 

be used as input for prediction, is vulnerable to initial error. Considering that the prediction 

without iteration resulted in high accuracy and the fact that the elevation setting for this 

scenario is rather simple, the potential of applying this augmentation approach using iterated 

prediction process is further investigated under complex terrain conditions. 

 

3.3 Complex terrain scenario with river and inundation areas 

Aiming for the application of the augmentation approach under practical terrain fields, a 

complex terrain scenario was designed to further investigate features related to representations 

of land use and river boundary conditions, as well as the feasibility of iterated prediction. The 

elevation and land use distribution of the terrain is depicted in Fig. 3-19. The mesh size was 

10 m for the boundary close to the mountain side, and 5 m for the rest of the area, which 

resulted in a total number of 19682 meshes. A 5-meter river run straight with a slope of 1/1250. 

The mountain on the right side started with an elevation of 0.7 m and sloped upward with a 

0.3 % gradient. 5 square paddies with length 100 m lined along the river with bottom elevation 

of 0.7 m. The ridges between paddies and other land uses were represented in 1D with a height 

of 0.3 m, and the slope of the area classified as miscellaneous land use was 0.1%. To take 

account for difference in land use, parameters of Manning’s coefficient, runoff coefficient and 

 

Fig. 3-18 Error scatterplot for iterated prediction at 8 hr with different intervals. 
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saturated rainfall were set up separately with the values in Table 3-7 in the calculation of HD 

model. The initial water depth in paddy was 0.15 m, and saturated condition was assumed as 

the initial state for paddy. River levee was also configured along the edge of triangular meshes 

as 1D representations and the height was 0.3 m higher than the maximum elevation of adjacent 

land uses. The inflow discharge of river was set to be a constant of 1.5 m3/s, and the 

downstream water level was calculated assuming normal flow conditions. Run-up calculation 

was first performed under no rainfall condition using the constant discharge until the 

longitudinal water level in river stables. The calculated water depth and velocity obtained from 

run-up calculation was then used as the initial condition. The rainfall condition used for the 

construction of training data involved the same constant rainfall intensities of 10 mm/hr, 15 

mm/hr, 20 mm/hr, 30 mm/hr, 50 mm/hr and target event for prediction was 25 mm/hr. Fig. 3-

20 illustrates the water depth contour of simulated results over time for the target event. During 

the first few hours, water depth accumulates within paddies and flow gradually spreads over 

inundation areas with shallower depth for mountains due to the difference in runoff properties 

between land uses. Paddies approach full storage capacity around 6 hr and overflow from 

paddies occurs starting 7 hr. The increase of water depth in paddies, therefore, becomes less 

significant afterwards and the volume of overflow starts to contribute to the depth variation of 

river and other land uses. 

 

Fig. 3-19 Elevation and land use of the complex terrain. 

Table 3-7 Parameter setting with respect to land use in HD model.   

Saturated 
rainfall (mm)

Runoff coefficientManning’s 
coefficient SaturatedUnsaturated

1500.90.30.6Mountain

550.90.50.02Paddy

-1.01.00.015River

550.90.60.025Miscellaneous
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  3.3.1 RF model configuration 

As observed from the simulations of HD model, the hydraulic characteristic in this section 

is more complicated compared to the previous terrain setting. Because of the inherited 

difference in saturation thresholds, the accumulation of water due to precipitation differs 

between land uses. With complexity in elevation and flow exchanging at the boundary of 

computational domain, the direction of hydraulic gradient in inundation areas changes 

significantly both spatial and temporally, especially when overflows occur. Therefore, more 

features should be considered in the configuration of RF model to reflect the extra trigging 

factors of the variation in water depth. Table 3-8 displays the features investigated in this 

section. M1 adopted the same selection from the previous investigation and M2 included the 

elevation of adjacent meshes (zi, zij). Since the driver for flux between meshes is essentially 

the difference in hydraulic gradient (i.e. water surface elevation), the additional elevation 

information, together with water depth of adjacent meshes is expected to represent the water 

surface characteristics of neighbors to some extent. With rivers flowing across the 

computational domain, the inflow and outflow discharge is another important factor 

 

Fig. 3-20 Water depth contour under 25 mm/hr rainfall (HD model). 
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dominating the total control volume of water besides precipitation. Therefore, M3 included the 

discharges at river boundaries (Qin, Qout) as features and applied the same values for all meshes, 

with the assumption that the values are observable. As for the consideration of land use, the 

one hot encoding method was used to convert categorical variables into binary format to 

eliminate ordinality8). Since the difference in categorical land use does not have inherent order, 

assigning numerical values may introduce ranking of the features and lead to biased prediction. 

Instead, categorical features of paddy, river and mountain were incorporated in M4, and values 

of 1 were assigned to corresponding meshes where the land use is present, and 0 was assigned 

for the rest of categorical features. In this way, the land use factor was incorporated within the 

regression algorithms while eliminating bias.  

Shown in Fig. 3-21 is the feature importance of the configurated models where footnotes of 

the features denote corresponding index of adjacent meshes. It can be observed that the 

inherited static properties of coordinates and land use in general result in low importance 

values since these properties do not change over time. The elevation of each mesh, together 

Table 3-8 Features investigated in model configuration.   

FeaturesModels

n, x, y, z, step, raint, raincum, ht-1, i, ht-1, ijM1

M1 + zi, zijM2

M2 + Qin, QoutM3

M3 + land use (binary)M4

 

Fig. 3-21 Feature importance of configurated model. 
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with adjacent meshes are considered important to some extent. For M3 and M4 considering 

river boundary conditions, the importance of outflow discharge is slightly higher than inflow. 

The reasoning for this phenomenon is the difference of constant inflow versus changing 

outflow discharge under normal flow condition. Among the three categorical land use features 

for M4, the importance values decrease in the order of channel, paddy and mountain, which is 

consistent with the complexity of hydraulic change that most significant depth variation occurs 

in rivers during the entire period while that for paddy and mountain starts with simple 

accumulation of precipitation and varies significantly only under overflow conditions. Since 

static properties do not differentiate between cases, the contribution of such features in 

impurity reduction of feature importance calculation is rather insignificant, which results in an 

averaged lower value. The temporal varying features of prior state of water depth, in contrast, 

hold high feature importance. Especially observed for M1, the importance of directly 

connected meshes with indices of 1 and 2 overweighs that with index 0, which could be 

contributed from how the meshes are numbered under regular shapes of this specific terrain 

setting. The variations of prior water depth between M2, M3 and M4 are rather insignificant, 

with a total importance value greater 0.9. This results again confirm that prior state information 

of adjacent meshes contributes significantly in the determination of current water depth in RF 

model configuration. 

 

3.3.2 Model performance evaluation 

The model performance evaluation was carried out testing against 25 mm/hr of rainfall using 

2-hr iterated prediction process and summarized in Table 3-9 is the R2 comparison during the 

first 8 hr. All having high R2 values, M3 and M4 slightly outperform the other two models. 

Even though the iteration error accumulates over time, as indicated by the decreasing accuracy 

of all models, the overall performance of the RF models is promising. To further observe how 

the error is distributed, the RMSE with respect to each land use was evaluated and detailed in 

Fig. 3-22. Despite the differences in performance, similar trends are observed for all models. 

First, the RMSE gradually increases up until 6 hr regardless of land use, which is also 

consistent with the results of R2. The reason contributing to this observation is the error 

accumulation of the iteration process since the input for each prediction directly takes the 

previous predicted results without calibration. Further proving this reasoning is the decrease 

of RMSE in paddies at 8 hr while all other land uses having increasing errors. As observed 

from the result of HD mode, the water depth of paddy stables after overflow occurs after 6 hr, 

that is the incremental rise of water depth is shallow. On the other hand, the water depth in 

paddy during earlier steps has been underestimated and the error is increasing by an almost 
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constant rate, which is as shown by the contour maps of iterated prediction on water depth and 

difference to simulated results illustrated in Fig. 3-23 and Fig. 3-24. This difference of water 

level rise characteristic of the simulated and predicted values leads to a smaller RMSE at 8 hr 

when compared relatively. Another common observation for all four models is the extremely 

low RMSE for rivers. Different from other land uses, the flow velocity in river is high and the 

dominating factor of water depth, therefore, is the discharge balance of river boundaries rather 

than direct precipitation. Since the flow rate is constant during the first 6 hr, the water depth 

does not change significantly and resulting accuracy is high, even for M1 and M2 without 

features representing river condition. However, the variation in hydraulic characteristics 

becomes complicated compared to previous steps after overflow from paddies occur. The 

corresponding accuracy decreases as observed by the sudden increase in RMSE and M3 and 

M4 with features taking into account for river discharge resulted in lower RMSE in rivers. 

All having overall RMSE within 0.02 m, the overall performance of all models is considered 

promising and the difference between models is not significant based on this evaluation 

metrics. On the other hand, the contour maps, illustrating the spatial distribution of errors, 

Table 3-9 R2 comparison of iterated prediction with 2-hour interval.    

Time (hr)
Models

8642

0.97070.97850.98460.9942M1

0.97730.97880.98680.9941M2

0.98610.97910.98600.9967M3

0.98290.98010.98930.9971M4

 

Fig. 3-22 RMSE comparison with respect of land use of iterated prediction with 2-hour interval. 
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further conclude the importance of the additional features discussed in the previous section. 

Comparing the predicted water depth contour to simulated results shown in Fig. 3-20, it is 

noted that M1 resulted in high errors in mountain areas. In contrast to other areas with rather 

flat gradient, the steep slope over mountains leads to rapid runoff instead of ponding and 

smooth-spreading waterfront. That is, without information of the elevation of adjacent meshes, 

M1 fails to represent water surface gradient, and the corresponding direction of flow is not 

correctly captured. The prediction of inundation area using the other three models aligns highly 

with the simulated results, with M2 having an overall tendency for underestimation while M3 

and M4 having a mix of overestimation and underestimation at different land uses. It is implied 

that the significant overestimation of M3 over the left side of paddy is due to the failure in 

 

Fig. 3-23 Predicted water depth contour comparison of iterated prediction. 
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representing land use. Although both having the same saturation runoff coefficient, paddy was 

assumed to be saturated at the beginning of calculation while the other land use takes time 

before reaching saturation. Therefore, the rate of rise in water depth shifts after reaching 

saturated rainfall for the other land use while condition for paddy is constantly saturated and 

mountains unsaturated. The significant bias for M4 is resolved by including land use features. 

Yet the overall performance does not improve significantly. 

To quantitatively evaluate the predicted results, the inundation area and inundation volume 

of predicted results compared with simulations are illustrated in Fig. 3-25. As observed in the 

contour maps, M1 gradually overestimates inundation area by 8 hr while M3 and M4 show 

overestimations during the first few hours. M2 resulted in the highest consistency in predicting 

 

Fig. 3-24 Difference contour comparison of iterated prediction. 
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inundation area. On the other hand, the inundation volume for all models gradually biases 

towards underestimation. Especially considering the fact that most models predicted greater 

inundation area, the missing inundation volume is rather significant, and it is important to 

investigate whether this bias is contributed from iteration (i.e. error accumulation over time) 

or the inherited limitation of model configuration. Therefore, predictions without iteration 

were further performed and the inundation area and volume comparison is shown in Fig. 3-

26. It can be observed that the results for inundation area of M2 and M4 are similar to those 

with iteration, while the significant overestimation in M3 has been refined. When predicted 

without iteration, M3 and M4 still results in slight overestimation of area during the first 4 hr 

and the difference between the two models is not negligible. That is, M3 and M4 naturally 

hold the tendency of overestimating inundation area and M3 is rather sensitive to initial error. 

In terms of inundation volume, M2 resulted in almost constant underestimation regardless of 

time even without iteration, which could be inferred as a missing feature in representing other 

boundary conditions that contribute to the control volume of water other than precipitation. 

The accuracy of M3 and M4 shows high degree of similarity, but still both slightly 

underestimating the volume. Based on the contour maps and above evaluation, it can be 

concluded that M4 resulted in better prediction of the differences in the rise of water depth 

characteristics induced by land use with the use of one hot encoding binary representations. 

 

Fig. 3-25 Comparison of calculated and predicted inundation area and inundation volume. 
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Yet the tendency of overall underestimation issue of the configurated models is yet to be 

resolved.  

3.4 Chapter summary 

This chapter carried out numerical experiments to evaluate the feasibility of using the results 

from HD model simulations as training data to construct RF models for water depth prediction. 

With detailed investigations in hyperparameter tuning and feature selections under different 

terrain conditions, the main conclusions are summarized below.  

1. While hyperparameter setting is typically considered as an important factor influencing 

the accuracy of RF models, the influence of different hyperparameter combinations and 

split partitioning in this study was rather negligible since the number of training data, as 

generated from simulation results from HD models, was large enough. 

2. The selection of features significantly dominates the accuracy of prediction when targeting 

untrained test events. Consistent with the physical logistics of HD models, including prior 

state information of adjacent meshes significantly improved model performance in terms 

of both classifying inundation area and predicting detailed water depth. Under complex 

terrain conditions with multiple land use and large variation in gradient between meshes, 

including features of the elevation of neighbor meshes further improved prediction 

accuracy since factors indicating water depth together with elevation represent the actual 

water surface gradient. Features indicating river boundary conditions were also important 

 

Fig. 3-26 Comparison of calculated and predicted inundation area and volume without iteration. 
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in the prediction of water depth in rivers and reflecting the overall control volume within 

computational domain besides input precipitation. The representation of land use with one 

hot encoding method reduced the significant error in prediction water depth at land uses 

where saturation conditions change over time. On the other hand, the overall accuracy 

between models with and without features representing land use was not significant. 

3. The iterated prediction process proposed in this research, where predicted results are 

reconstructed as the input for the next prediction, solved for spatiotemporal data scarcity 

over large inundation areas. While reducing computational cost, the accuracy of the model 

tended to decrease due to the complexity of variations in hydraulic characteristics as the 

iteration interval becomes larger. With a 2.0-hr iteration interval, the configuration RF 

model resulted in high performance with overall RMSE restrained within 0.02 m. Having 

high consistency in predicting water depth in rivers, the accuracy of other land uses varies 

over time and between models, all having a tendency for underestimation in inundation 

volume. Since the iterated prediction process does not involve calibrations between 

iterations, the model was also subjective to error accumulation over time and sensitive to 

initial error. 

 

Based on the overall high predictive performance demonstrated in this section, the 

feasibility of the augmentation approach of HD models and RF models and iterated prediction 

has been confirmed. Therefore, further investigation of the application of the approach under 

practical terrain conditions was carried out in the next chapter to evaluate the performance of 

configurated RF models when interaction and exchange of flow between meshes become more 

complicated. 
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CHAPTER 4 MODEL APPLICATION OVER 

PRACTICAL RIVER BASIN 

4.1 Study area and background 

This chapter investigates the feasibility of applying the proposed augmentation approach for 

spatiotemporal flood prediction over large practical river basins where land use and terrain 

conditions are much complicated. The study area for this research is the Karube river basin of 

Soja City, Okayama Prefecture, and depicted in Fig. 4-1 are the overview of this region and 

elevation contour. With an average gradient of approximately 1/1300, the Karube river 

diverges from the left bank of the Takahashi river, which is a Class A river in Okayama, through 

Tatai weir, branches at Imoji diversion, flows through Soja City between large areas of paddy 

and eventually converges back to the Takahashi river. As shown in Fig. 4-1(b), the elevation 

of downstream areas south of the Kiyone station is low laying with paddies covering about 

11% of the area. Since the area is enclosed by the left embankment of the Takahashi river and 

Karube mountain, pluvial floods have occurred frequently due to difficulties of drainage, 

 

Fig. 4-1 Study area as of (a) overview and (b) elevation contour. 
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especially over the downstream area. Summarized in Table 4-1 are the rainfall magnitudes of 

peak intensity and cumulative rainfall observed at the Soja City observatory that induced 

significant flood damages and three representative precipitation events in recent years1),2),3). 

The detailed temporal distribution of the recent rainfall events is illustrated in Fig. 4-23). And 

illustrated in Fig. 4-3 are the inundation records for rainfall events of (a) 1972, 1976 and 19851) 

and (b) 2018 and 2020. From the inundation record maps, it can be observed that even with 

the facility of pumps drainage, this area is still vulnerable to floods.  

To better prepare residents from flood disasters, Soja City has issued hazard maps under 

different rainfall scales in recent years and illustrated in Fig. 4-4(a) is the hazard map under 

the L1 scale, the planned scale5). The L1 scale refers to heavy rainfalls with return period of 

approximately 100 years to 150 years, with a maximum two-day cumulative rainfall of 248 

mm at this region. Under rainfall events of such scales, the entire downstream area is expected 

to experience inundation depth of 2.0 m to 5.0 m. Fig. 4-4(b) is an aerial photograph of the 

area enclosed with the red dashed line on the left during the heavy rainfall event of 2018, which 

was approximately a 150-year event5). It can be confirmed from the photo that a large area was 

flooded, and a majority of paddies were submerged, which is consistent with the hazard map. 

On the other hand, the hazard map fails to provide information on how the flood propagates 

over space and time, and such information is considered important in situations when 

evacuation or flood damage mitigation countermeasures are necessary. Furthermore, since the 

hazard maps are designed to depict the potential damage of one single event, inundation 

information under other rainfall events, even those with small scales, is not provided. For 

example, Fig. 4-5 illustrates a comparison of approximately the same location near the Karube 

Shrine (location shown in Fig. 4-1(b)) under normal condition and inundated condition due to 

the July 2020 rainfall event6). It can be observed overflow from the Karube river occurred and 

the floods propagated through paddies towards the residential area. Although such floods with 

low levels of inundation, which are also referred to as nuisance flooding, do not directly lead 

to significant property loss nor mass casualties, they could disrupt routine activities, interrupt 

Table 4-1 Summaries of rainfall information inducing major floods in the Soja city. 

 

Maximum magnitude observed
Dates

Cumulative rainfall (mm)Peak intensity (mm/hr)

291.525.01972/07/09 – 07/131)

452.023.01976/09/08 – 08/132)

422.520.01985/06/22 – 06/302)

287.027.02018/07/04 – 07/073)

123.015.02020/07/06 – 07/083)

188.016.02021/08/13 – 08/153)
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Fig. 4-2 Intensity and cumulative rainfall information of historical events of (a) 2018, (b) 2020, 

and (c) 20213). 
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Fig. 4-3 Historical inundation records. 
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Fig. 4-4 (a) Hazard map for L1-scale (150-yr return period) and (b) aerial photo of 2018 

inundation (downstream region)5). 

 
Fig. 4-5 Comparison of (a) normal condition and (b) inundation situation under July 2020 rainfall 

at the same location (around Karube Shine)6). 
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transportation and may induce health risks and safety threats7). Furthermore, at this specific 

location where the downstream consists large area of paddies, long-lasting inundation over 

paddies, especially those over 24 hr, could lead to damage on agriculture8). As a result, a fast 

and accurate flood prediction method is still absent for future policy-making applications in 

correspondence to the upcoming frequent floods.  

 

4.2 Simulation conditions and flood analysis 

4.2.1 Construction of HD model and boundary conditions 

In this study, the configuration of HD model covers the area enclosed in the yellow line 

shown in Fig. 4-6(a), where the entire region including inundation area and rivers were divided 

into unstructured triangular meshes. As illustrated in Fig. 4-6(b), the delineation of land use 

was represented by one-dimensional grid lines and other areas such as the Karube river and 

inside of paddies were reflected two-dimensionally such that detailed microtopography and 

the shape of paddy could be incorporated. The size of meshes is 25 m for mountain area, 2.5 

m and 5.0 m for the upstream and downstream of the Karube river, respectively, and 10 m for 

the rest of the region, resulting in a total of 249,266 meshes. The elevation was interpolated 

using the 0.5 m resolution ALB survey data conducted by the Forestry Agency in 2018 for the 

downstream area, and the rest of the area using 5 m DEM data obtained from Geospatial 

Information Authority of Japan9). The riverbed elevation of the downstream Karube river was 

  
Fig. 4-6 Illustration of (a) computational domain for HD model and (b) unstructured triangular 

meshes and the delineation between land uses. 
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Fig. 4-7 (a) Investigation area of the Soja city and (b) longitudinal riverbed elevation. 

interpolated linearly using the longitudinal distance from the cross-section profile information 

provided by the Soja City10). Fig. 4-7 illustrates (a) the area being investigated and managed 

and (b) detailed riverbed elevation. For the upstream area where information of riverbed 

elevation was not available, the topographical gradient of the inundation area was first 



59 
 

 

  

calculated based on the ALB data and DEM data, and the riverbed elevation was obtained with 

the assumption that the longitudinal gradient of the Karube river is approximately the same as 

the topographical gradient. Due to the limitation of DEM data resolution, the elevation within 

each paddy polygon was refined to be the average value to avoid unnecessary disturbance of 

flux (shown in Fig. 4-6(b)). The interpolated elevation contour is illustrated in Fig. 4-8.  

As stated in Chapter 2, the representation of land use in HD models was incorporated as 

effective rainfall, and the parameters adopted in this study are summarized in Table 4-2. 

Detailed model configuration and validation over historical rainfall events were performed by 

previous literature11), and this study adopted the original model with the following changes for 

simplicity. The drainage from paddies to the Karube river was simulated through a simplified 

model without the representation of narrow drainage ditches as shown in Fig. 4-9(a). The 

inflow mesh, which replaced the location of actual weir, was determined to be the centroid of 

each delineated paddy polygon with a paired outflow mesh set in the Karube river channel. 

The water depth of each inflow mesh was then used to calculate drainage discharge, which 

 
Fig. 4-8 Interpolated elevation contour. 

Table 4-2 Parameter setting with respect to land use. 

Saturated 
rainfall (mm)

Runoff coefficientManning’s 
coefficient

Land use
SaturatedUnsaturated

1500.90.30.6Mountain

550.90.50.02Paddy

-1.01.00.015Karube

550.90.60.025Miscellaneous
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was then applied as a source term in the continuity equation for each inflow and outflow mesh. 

The temporal variation of water depth of the inflow and outflow meshes are given below: 

Inflow mesh: 1
n

n n in
in in

in

Q
h h t

S
    


   (4.1) 

Outflow mesh: 1
n

n n out
out out

out

Q
h h t

S
    


   (4.2) 

where hin (m) and hout (m) represent the water depth of the inflow and outflow meshes 

respectively, Qin (m3/s) and Qout (m3/s) are the discharge rate for inflow and outflow meshes, 

t  (s) is the time interval for each step of calculation, and inS  (m2) and inS (m2) represent 

the mesh area for inflow and outflow meshes respectively. The inflow discharge was assumed 

to be normal weir drainage over the entire period, and the corresponding discharge rate was 

calculated based on weir flow equation12). 
3/2

1 ( )n n
in in inQ C B h Hp R         (4.3) 

where B (m) is the width of weir, Hp (m) is the height of weir, C1 (m1/2/s) is the discharge 

coefficient, which is calculated based on the following equation. 

1

0.00295
1.785 0.237

n
in

n
pin

h
C

Hh
           (4.4) 

where Rin is the number of weirs for a unit paddy area. Based on field observations over the 

Karube region, parameters were set to be B = 0.3 (m), Hp = 0.15 (m), Rin = Ain/1250 with Ain 

being the area of each paddy. Since the hydrodynamic calculations are not performed with 

detailed representation of drainage ditches, it is necessary to consider the time difference 

between discharging from inflow meshes and reaching outflow meshes. The simplified 

modeling of discharge rate is represented by the following equations.  

n
n

in
V

Q
T




     (4.5) 

1 ( )n n n n
in outV V Q Q t         (4.6) 

 
Fig. 4-9 Schematic of (a) drainage model from paddy and (b) weir flow condition. 
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L
T

V
       (4.7) 

Here, T (s) is the arrival time draining from each paddy to river channel, nV (m3/s) indicates 

the amount of water discharged from the inflow mesh between time nt t T  (s) and nt t  

(s). The determination of arrival time for each paddy is specified by L (m), the distance 

between the centroid of inflow mesh and outflow mesh, and chV  (m/s), the averaged velocity 

obtained from uniform flow condition in rectangular cross sections by assuming a water depth 

within drainage ditches. 

The input of rainfall was applied without spatial variation unless specified otherwise, and 

intensities were obtained either from hypothetically designed distributions, or from 

observation records at the Soja city. Runup calculation was first performed under constant 

normal discharge and normal flow boundary conditions without rainfall until flow stables. The 

obtained water depth and velocity of river flow was then used as the initial condition, and 

boundary conditions for both the upstream (Tatai Weir) and the downstream sluiceway were 

assumed to be closed throughout the calculation period and were therefore set to be wall 

condition. The initial depth setting for all other land uses was 0.0 m, and paddy was assumed 

to be already in saturation at the beginning of calculation. Pump drainage from the drainage 

station to the Takahashi River was also omitted in the calculation, contributing to a more 

significant pooling condition. Simulation of HD model was performed for 20 hr with 0.1 

second calculation interval per step and output interval of 10 minutes.  

 

4.2.2 Inundation characteristics based on flood analysis 

Due to the differences in the settings of simulation conditions, especially the omission of 

drainage pumps at the downstream, comprehensive flood analysis was first performed over the 

Karube region to capture the overall characteristics of spatiotemporal variation of flood 

propagation. Two actual rainfall events selected here are the 2018 rainfall event, corresponding 

to a 60-hr rainfall from 8:00 of July 5, through 20:00 of July 7, and the 2021 rainfall event, a 

55-hr precipitation from 01:00 of August 13, to 07:00 August 15. The hourly intensity and 

cumulative rainfall records obtained from the Soja observation station are previously 

illustrated in Fig. 4-2. The simulated results of HD model in terms of water depth contour 

maps for both events are illustrated in Fig. 4-10 and Fig. 4-11 respectively, with actual 

timestamps shifted such that the beginning of each rainfall event corresponds to 0 hr, and depth 

shallower than 0.01 m was cutoff for simplicity and clarity of illustration. For both rainfall 

events, precipitation accumulates evenly over paddy areas during the first 10 hr. The water 

level in the Karube river increases significantly due to closed downstream conditions, and 
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overflow from the Karube river is observed starting approximately 15 hr and 22 hr for the two 

rainfall events respectively. Influenced by the overflow, the water depth in paddies located 

along the Karube river also accumulates significantly, and full capacity was gradually reached. 

The paddies located near mountain areas also suffer severe inundation compared to the ones 

located upstream considering the surface flow accumulated from mountains. When the depth 

in paddies exceeds 0.3 m, which is the height of paddy ridges, overflow from paddies also 

occurs and the entire downstream suffers sever inundation. Fig. 4-12(a) and Fig. 4-12(b) 

depict the simulated water depth at the final step of both event focusing specifically at the 

downstream. Due to large magnitude of cumulative rainfall, the entire downstream regardless 

of land use is significantly inundated with depths greater than 1.0 m for 2018 rainfall. In 

comparison, the inundation area for 2021 rainfall is rather constrained by the railway and 

prefecture road because of locally elevated topography, and the resulting water depth is also 

shallower. The aerial photo of the downstream area with historical inundation records is shown 

in Fig. 4-12(c). The simulated flood of 2018 rainfall propagates wider compared to 

observations since the function for pump drainage to the Takahashi river was omitted in 

 
Fig. 4-10 Simulated water depth contour for 2018 rainfall event. 

10 hr 20 hr 30 hr 35 hr 40 hr 

    

45 hr 50 hr 55 hr 60 hr Water depth (m) 

   



63 
 

 

  

 
Fig. 4-11 Simulated water depth contour for 2021 rainfall event. 
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Fig. 4-12 Simulated water depth contour at final step of (a) 2018 rainfall, (b) 2021 rainfall and (c) 

aerial photo of the inundation records and target area for RF model. 
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  simulation. Another record shown here is the rainfall of 2020, which has a magnitude of 

cumulative rainfall of 123 mm, and it can be observed that the inundation area also 

concentrates along the downstream of Karube river.  

 

4.3 Configuration and performance evaluation of RF model 

4.3.1 Details of RF model settings 

While RF models are generally suitable for large dataset, it is rather impossible to 

configurate an RF model to predict individual water depths at each mesh spatially and 

temporarily due to the large number of meshes and long prediction periods. Therefore the 

target area of RF models must be carefully selected to reduce the computational cost while 

taking into account the potential for practical applications. Based on the inundation 

characteristics observed from both flood analysis and historical records, the target area for RF 

configuration focused on focused only on the downstream area as outlined in pink of Fig. 4-

12(c). The outline delineates the railway, prefecture road and mountain such that the most 

frequently inundated areas are covered as the target for prediction. The feasibility of the model 

to be applied under extreme floods such as the one induced by 2018 rainfall where inundation 

areas exceed the outline boundary is also investigated as an objective for this research. The 

corresponding total number of meshes for the target area of RF model was 18,687, with 

approximately 3% meshes being the Karube river, 15% being mountain areas, 32.5 % being 

paddies. The rest of the areas, denoted by miscellaneous land use, include roads and residential 

areas that are most vulnerable to flood disasters. The spatial distribution for the land use 

delineation at the target area is depicted in Fig. 4-13. 

The features and hyperparameter settings for model configuration are summarized in Table 

4-3. The models configured in this section adopted M2, which included the elevation of 

 
Fig. 4-13 Land use delineation of the target area. 
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adjacent meshes, since discussions in the previous chapter proved that including such features 

increased the prediction accuracy especially at locations where terrain gradient varies 

significantly. M3 and M4 were also constructed to further investigate the influence of river 

boundary conditions and factors indicating land use. As for the hyperparameter settings, the 

number of trees was set at 100, maximum depth at 20 and “sqrt” for the maximum features at 

each split for all three models. The training dataset consisted of the same 5 patterns of constant 

rainfall, 10 mm/hr, 15 mm/hr, 20 mm/hr, 30 mm/hr, and 50 mm/hr and constant rainfall with 

25 mm/hr was selected as the target event for prediction. Iterated predictions were carried out 

with 2.0-hr interval, and evaluations were performed against simulation results from HD 

models.  

 

4.3.2 Feature importance comparison of RF models 

A comparison of feature importance for the RF model models is illustrated in Fig. 4-14. 

Similar to the observations from previous chapter, the static inherited properties resulted in a 

lower importance value compared to dynamically varying influence of prior depth. Within 

static properties, the elevation of each mesh results in the highest importance for all three 

models. The feature importance for inflow weights higher than outflow. The selection of target 

area focused on the downstream end of the river basin, and the variation of inflow conditions 

is more complicated as dominated by the inundation condition of upstream paddies, where the 

outflow discharges, in comparison, is dominated mostly by the gradual rise in water level due 

to be closed boundary condition. This complexity of temporal water level variation in river 

also lead to a relatively high importance in channel compared to the other features of land use. 

As the terrain becomes complicated, the bias of feature importance due to the numbering of 

mesh orientation also diminishes with similar importance values among adjacent meshes. On 

the other hand, the importance for the elevation of adjacent meshes is rather negligible. As 

concluded in the previous chapter, features of neighbor elevation contribute significantly to 

the accuracy when predicting areas with high gradients. The gradient of mountains in practical 

terrain settings is much steeper than the settings in the numerical experiment and almost no 

inundation occurred over mountain areas as shown previously by simulated contour maps in 

Table 4-3 Features and hyperparameters for RF models. 

 

HyperparametersFeaturesModels

n_estimator = 100,
max_depth = 20,

max_features = ‘sqrt’

n, x, y, z, step, raint, raincum, ht-1, i, ht-1, ij, zi, zijM2

M2 + Qin, QoutM3

M3 + land use (binary)M4
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Fig. 4-10. Because of the limited mountain meshes classified as mountain, the resulting 

importance of this feature is low. However, including this feature better improves the 

interpretability of the RF model since elevation together with water depth represents the actual 

water surface gradient between meshes, which is consistent with the logistics of HD models. 

Since one of the objectives for this study is to balance the interpretability and prediction 

capability of the RF model, the features representing the elevation of adjacent meshes are 

reserved as an important factor in model configuration. 

 

4.3.3 Simulation results for target rainfall event 

The simulated water depth contour of the entire Karube river basin under 25 mm/hr of 

rainfall is depicted in Fig. 4-15 with a 0.01 m threshold for inundation. During the first 6 hr, 

water depth gradually accumulates within paddies with some ponding area observed where the 

terrain is locally depressed. Since the downstream sluiceway of the Karube river was closed, 

the water level in the river channel increase as precipitation progresses. As the height of paddy 

ridge was set to be 0.3 m, water depth exceeding this threshold would lead to overflow from 

paddy. The storage of certain paddies reaches full capacity at approximately 6.5 hr and 7 hr, 

and overflow from the Karube river also occurred at the downstream regions as shown by the 

enlarged figure in Fig. 4-16 with the area for RF model construction outlined in black. The 

double overflow contributed to the significant spread of flood over roads, with large ponding 

observed at downstream areas. The paddies located close to mountain areas also resulted in 

higher water depths compared to the others located more distantly due to the natural flow 

 
Fig. 4-14 Feature importance of configurated RF models. 
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accumulation from mountains. By the end of 8 hr, the majority of paddy reached full storage 

capacity and overflow from both paddies and the Karube river led to significant flooding with 

depth greater than 0.5 m at 10 hr. Overall, the simulation results are consistent with the 

observed historical records of this region that inundation occurs mostly at the downstream area 

and main reasons contributing to inundation are overflows from paddy and the Karube river. 

 
Fig. 4-15 Temporal variation of simulated water depth contour (25 mm/hr). 
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Fig. 4-16 Detailed water depth contour at the downstream target area (25 mm/hr). 
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4.3.4 Evaluation of prediction performance  

The prediction performance for the RF models was tested against rainfall of 25 mm/hr. 

Evaluations were first conducted without iteration (i.e. using simulated results as the input of 

prior state) to observe the temporal variation of accuracy, and evaluations of R2 and overall 

RMSE averaged for all meshes are depicted in Fig. 4-17. With a 2.0-hr interval for prior state 

of neighbor information, the first prediction using no initial water depth over the river basin 

corresponds a prediction at 2 hr. The general trend of temporal variation of the three models is 

similar with the lowest performance is observed between 7 hr and 10 hr. M3 and M4 slightly 

outperforming M2 during 9 hr to 15 hr and the performance for M3 and M4 is almost consistent 

over the entire period. All having R2 exceeding 0.92 for all predictions, the three models are 

considered to have high performances. Yet the RMSE indicates certain error in making 

predictions of detailed water depths. The results during the first 8 hr for the three models highly 

coincide with each other, and all three models result in a significant increase in overall error 

up to 0.1 m from 7 hr to 8 hr. This observation could be explained by the sudden change in the 

inundation characteristics induced by overflow. The main contributing factor of water depth 

accumulation before 7 hr is mostly rainfall. The characteristics of such depth rise are easy to 

capture and previous state of 2 hr ago is relatively sufficient to reflect the change. Yet as 

overflow occurs, the dominating factor for the rise of water becomes the flux exchange 

between meshes and the incoming inflow from upstream region contributes significantly to 

the control volume of the target area. Under complicated conditions where boundary 

conditions and flux exchange vary significantly by the count of seconds, prior information of 

2.0-hr interval fails to represent the complexity, leading to a sudden increase in RMSE even 

provided that input values of prior information are accurate. This also suggests that considering 

future practical conditions where the temporal change of both rainfall and inundation 

conditions is significant, the iteration period of the proposed iteration prediction approach 

 
Fig. 4-17 Temporal variation of model performance evaluation without iteration. 
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should be shortened to increase model accuracy even though computation cost increases. 

Consistent with the increase in R2, the error of prediction stables and gradually decreases as 

time progresses and the performance for M3 and M4 slightly is better compared to M2. In 

summary, while the overall R2 values are higher than 0.9 for the entire period, the 

corresponding RMSE increases to a maximum exceeding 0.1 m, again suggesting that multiple 

evaluation metrics should be considered to sufficiently determine the performance of model 

prediction. Overall, M3 and M4 outperform M2, yet all models resulted in similar temporal 

trend in error variation. Even provided with accurate information of prior state of neighbor 

meshes, the accuracy of models is significantly compromised around the period when overflow 

occurs. This error is expected to further accumulate in the practical application of iterated 

prediction since the results for each prediction are not calibrated. As a result, the following 

performance evaluation regarding the iterated prediction process only investigated the first few 

iterations and carried out contour comparisons to observe the differences between land use and 

between models.. 

First illustrated in Fig. 4-18 are the temporal variation of the overall performance metrics 

for the iterated predictions using a threshold of 0.01 m. The R2 gradually decreases over time, 

which is expected to be a result of error accumulation due to iteration. Having values greater 

than 0.9, M3 and M4 slightly outperforming M2. On the other hand, all three models resulted 

in the same trend of holding high recall yet low precision and accuracy, which then lead to a 

 
Fig. 4-18 Temporal variation of overall performance metrics of iterated predictions. 
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relatively compromised F1-score, which comprehensively suggests that the models have a 

tendency for false positive. That is, predicting larger areas of inundation than actual situation. 

Fig. 4-19 depicts the predicted water depth contour of the three RF models compared with 

simulation results over time, again shown with the same threshold. Consistent with the low 

precision evaluation, it can be observed that the delineation between land uses is blurred out 

 
Fig. 4-19 Water depth contour comparison over time. 
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for the RF models starting with the first prediction and some areas of roads are falsely predicted 

as inundated. As time progresses, the area of false misclassification gradually expands, and 

large overestimation of inundated areas are observed in mountains starting 6 hr compared to 

simulations. Despite overestimating inundation areas, the overall predictions of water depths 

are shallower than simulation. At 4 hr for example, the predicted water depths range below 0.1 

m over most of paddies while the actual depths exceed 0.11 m. This underestimation is more 

 
Fig. 4-20 Difference contour of prediction and simulated water depth comparison over time. 
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significant around the time when overflow occurs, especially around the paddies located close 

to rivers with underestimations of more than 0.1 m at 8 hr.  

To observe the minor differences between the prediction of three models, the difference 

contour compared to simulation is illustrated in Fig. 4-20 with a range of -0.2 m to 0.2 m. 

During the first two iterations, all three models resulted in similar underestimation in paddies 

and overestimation over certain areas of roads. As errors accumulate over iterations, the 

difference becomes much notable at 6 h that the roads between paddies at the downstream are 

overestimated by approximately 0.10 m to 0.15 m. Comparing M2 with the other models, the 

overall accuracy is slightly lower as indicated by the darker colors in the difference contour 

maps and the difference is especially notable at 10 hr where the water depth in paddies along 

rivers are better predicted by the latter two models. By further including features indicating 

land use, the water depth over mountain areas aligns closer to simulated results for M4, but 

the general trend for falsely overestimating inundation areas is yet not fully resolved. The 

performance of all three RF models is most compromised in the prediction at 8 hr where 

majority of paddies located along rivers resulted in an underestimation by more than 0.2 m.  

The quantitative evaluation in terms of RMSE of overall and with respect to each land use 

is shown in Fig. 4-21. As observed in the contour map, the overall RMSE gradually increases 

with time. The performance difference between models is not significant up until 6 hr with a 

significant rise at 8 hr. Comparing different land uses, it is concluded that this error is mostly 

 
Fig. 4-21 RMSE comparison with respect of land use of iterated prediction. 
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contributed by paddy and Karube river, both of which having a steeper slope. The RMSE 

stables at 10 hr for M3 and M4 with a decrease in paddy while the that for M2 still increases. 

The RMSE for miscellaneous and mountain also approaches 0.18 m and 0.07 m for M2 while 

the other two models suppressed the values to approximately 0.15 m and 0.05 m respectively. 

And both the quantitative evaluations and contour maps suggest that including features on 

river boundary conditions better reflects the control volume of the system, such that the 

predicted water depth aligns better with simulation. Comparing the RMSE of miscellaneous 

and mountain for M3 and M4, it is implied that land use factors slightly improve model 

performance. On the other hand, the RMSE for the Karube river almost resulted in the highest 

value over time for all three models. This observation is mostly due to the imbalanced number 

of meshes for each land use. Since the Karube river only covers approximately 3.2% of meshes 

over the entire study area, a slight difference in the predicted value generates significant error 

when averaged. Another reason is that RF models make independent individual predictions 

without the actual logistics as those inherited in HD model. Shown in Fig. 4-22 is the 

longitudinal water level extracted approximately every 50 m with the distance from 

downstream of the river basin of simulation and predicted results. The water level at 2 hr has 

yet to be stable even for simulation due to the closed downstream boundary, incoming flux 

from upstream residential areas and local drainage from paddies. The simulated water level 

stables starting 4 hr, yet the predicted results for all three models still vary significantly over 

the longitudinal direction without obvious trend. It is inferred that this difference induced by 

the nature of RF models that predictions are independent without investigating the actual 

hydraulic logistics.  

 
Fig. 4-22 Comparison of longitudinal water level in river. 
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The error histograms with respect to land use of the three models are summarized in Fig. 4-

23 with the percentage against the total amount of mesh within computational domain on the 

vertical axis. In general, M3 and M4 outperform M2 as indicated by the larger percentage of 

meshes concentrated within errors of 0.05 m. The range of error gradually increases with 

iteration with around 10% meshes having errors of 0.2 m up until 10 hr, while more meshes 

have higher accuracy in M3 and M4. On the other hand, the prediction of water depth over 

miscellaneous land uses results in a tendency to overestimation, which led to the blurred land 

use delineation in the water depth contour map. Underestimations are especially notable in 

paddy areas, and the errors are spatially distributed differently. Fig. 4-24 depicts a contour map 

of difference for the prediction of M4 at 6 hr with a smaller legend range. It is observed that 

the difference of predicted water depth within each paddy located at the upstream region is 

mostly distributed spatially evenly, with slightly smaller errors in paddies at locations close to 

the Karube river. Yet an inner gradient of error is noted in the three long and narrowly shaped 

paddies along the downstream, which suggests the actual change of water level within these 

paddies is not properly reflected in this RF model. It can be inferred that compared to the 

upstream, the hydraulic characteristics at the downstream are highly affected by other factors 

that the current RF model failed to incorporate, for example, pump drainage and discharge 

from paddies. Similar to the significant longitudinal variance observed in the predicted water 

level in rivers, this error is implied to be induced by the inherited nature of assuming 

independence of data without consideration of physical logistics. The significant increase in 

the range of error between 6 hr and 8 hr, while partially contributed by error accumulation due 

 
Fig. 4-23 Error histogram with respect to land use. 
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to iterations, is mostly induced by the variation in hydraulic characteristics before and after 

overflow. As previously summarized in Fig. 4-17, accuracy decreases significantly from 6 hr 

to 8 hr even provided with accurate prior state information. Shown in Fig. 4-25 and Fig. 4-26 

are the corresponding water depth and difference contour at 6 hr and 8 hr respectively carried 

out without iteration. Eliminating errors induced by iteration, the delineation between land 

uses in the predicted results aligns better with simulations at 6 hr for all three RF models. The 

misclassified inundation areas over mountains are also resolved comparing to the results of 

iteration prediction approach. Yet certain overestimations are still observed at areas located 

along rivers. When it comes to the prediction at 8 hr, accuracy is significantly compromised in 

terms of large areas of paddies being underestimated by more than 0.2 m. Observed from 

simulated results, the characteristic in the rise of water depths varies significantly before and 

after overflow even under constant rainfall since the contributing factor shifts from 

precipitation to the combined effect of flow exchange. Although including features indicating 

river boundary conditions in M3 and M4 slightly improves prediction accuracy, such 

significant underestimation still suggests a compromised model performance. To obtain better 

predictions, the prediction interval should be shortened to 10 min, for example, such that the 

hydraulic characteristics do not change significantly between intervals and prior state 

information could correctly reflect current property. A performance assessment was then 

evaluated by reconstructing the RF model with 10-min interval for prior state using the same 

features of M4 (hereafter denoted by M4_10min). In order to eliminate the error accumulation 

induced by different number of iterations, the result comparison was only carried out without 

long-term iteration (i.e. predicted with the simulated prior state information at each prediction). 

Illustrates in Fig. 4-27 is the temporal RMSE evaluation against the same 25 mm/hr constant 

 
Fig. 4-24 Detailed difference contour of M4 at 6 hr. 
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Fig. 4-25 Water depth and difference contour comparison for 6 hr without iteration. 

 

Fig. 4-26 Water depth and difference contour comparison for 8 hr without iteration. 
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  rainfall. The prediction results indicated high performance with RMSE less than 0.05 m. A 

slight significant incremental increase is observed around 7 hr, which corresponds to the time 

when overflow from the Karube river occurs. The water depth and difference contour maps 

for the prediction at 6 hr and 8 hr are depicted in Fig. 4-28. Compared with the results predicted 

by models trained with 2-hr interval (Fig. 4-25 and Fig. 4-26), the performance of M4_10min 

is significantly improved to the extent that the majority of error is distributed within -0.05 m 

to 0.05 m. This observation concludes that increasing temporal resolution allows the RF model 

to better capture the short-time dynamics and rapid changes of water depths more accurately.  

 
Fig. 4-27 RMSE evaluation for 25 mm/hr rainfall predicted by M4_10min without iteration. 
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Fig. 4-28 Water depth and difference contour predicted with M4_10min without iteration. 
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The current RF model, constructed with training data under constant rainfall conditions, on 

the other hand, struggles to generalize for the prediction of real rainfall events. Fig. 4-29 shows 

the temporal RMSE for the iterative prediction of 2021 rainfall event using M4_10min. A 

significant linear increase in RMSE is observed with values greater than 0.5 m during the first 

7 hr of rainfall events. Since it is observed from simulation results that the majority of area is 

only inundated by depths less than 0.1 m during this period (previously illustrated in Fig. 4-

11), the significant RMSE values suggest that the current model fails to capture the dynamic 

hydrological behaviors of real rainfall events. With only constant rainfall conditions as the 

training data, the nonlinear response of flood propagation under rainfalls with temporal 

varying intensities is not properly reflected by the current RF model. As a result, evaluations 

regarding the hypothetical rainfall patterns in the training data are required to advance the 

model’s generalization capabilities for practical rainfall patterns. The results also reveal that 

the iterative prediction process is sensitive to initial error. The finer iteration interval, while 

contributing to a higher accuracy in reproducing the hydrodynamic properties, also leads to 

significant error accumulation for long-term predictions. Therefore, further investigations into 

features selection are also essential to enable the current approach for flood predictions of 

long-term real rainfall events. 

 

4.3.5 Computational cost evaluation 

A comparison of computational cost under constant rainfall condition was carried out for 

efficiency evaluation. Summarized in Table 4-4 are the hardware information and 

computational cost for the flood analysis of HD model and predictions for RF model. As stated 

in previous literature, the computational cost of the comprehensive flood analysis HD model 

had been significantly reduced with the assistance of parallel processing technique of GPGPU 

to be dozens of times faster than carried out with CPU alone13). Yet the computational time for 

a 20-hr event using HD model with the computational domain depicted in Fig. 4-6(a) was 48 

min. In contrast, the training phase of RF model targeting the downstream area of interest (Fig. 

 

Fig. 4-29 Temporal variation of RMSE for 2021 rainfall iteratively predicted by M4_10min. 
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4-12(c)) required approximately 73 min with a total of 100 hr of training data and only took 

about 5 s to make one prediction using CPU. While the iteration prediction process requires 

reconstructing predicted outputs into the input for the next prediction between each prediction, 

the RF model still significantly reduces computational cost such that the prediction of a 20-hr 

event could be performed within minutes. Yet based on the discussion in the previous 

subsection, using 2.0-hr interval as the iteration prediction interval is not sufficient enough to 

capture the complicated variation in hydraulic characteristics and the accuracy for models with 

such interval is compromised in comparison to models constructed with 10-min intervals. 

Therefore detailed efficiency evaluation should be further carried out after improving the 

general performance of the RF model when targeting real rainfall events.  

 

4.4 Chapter summary 

This chapter carried out a baseline analysis to investigate the feasibility of applying the 

augmentation approach of HD model and RF model to make flood predictions over a practical 

terrain setting the Karube river basin under constant rainfall conditions. Summarized below 

are the main findings of this section. 

1. The Karube river basin area is prone to flood, especially at paddies located downstream 

and along the Karube river. Under constant rainfall of 25 mm/hr, paddies gradually reach 

full capacity as precipitation and runoff from mountain accumulates. Together with 

overflow from the river, flood propagates with water depths greater than 0.5 m after 10 hr. 

2. The feature importance of the configurated RF models resulted in similar trend as observed 

from the numerical experiments from the previous chapter and is consistent with the 

logistics inherited in HD models. As indications on control volume of the system besides 

precipitation, information of inflow and outflow at river boundaries is considered 

important in the configuration of RF model. The corresponding factor for rivers outweighs 

the other land uses due to the complexity of flux exchange at not only boundaries of 

computational domain but also within adjacent meshes. The prior state of previous water 

depths of adjacent meshes resulted in the highest feature importance, while the importance 

for the elevation of neighboring meshes was rather negligible. 

Table 4-4 Comparison between hardware and computational cost. 

 

Computational timeHardware informationModel

48 minGPU: NVIDIA Geforce RTX3090HD model

Training: 73 min
Prediction: 4.9 s/iteration

CPU: 13th Gen Intel Core i7-13700, RAM 64 GBRF model
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3. Using an iteration prediction interval of 2.0-hr, the accuracy of prediction decreases 

significantly around the time when overflow occurs, even provided with accurate prior 

information. Since the characteristics in water rise changes from accumulation due to 

precipitation to the comprehensive flux exchange between meshes with large volume 

incoming and outcoming from computational boundaries, prior information before 

overflow occurs could not correctly capture the characteristics afterwards.  

4. Including features reflecting inflow and outflow information of rivers and indications of 

land use improves model accuracy using 2.0-hr iteration interval. The RF models resulted 

in a tendency to falsely overestimate areas that are not inundated, and the error of 

overestimation accumulates over iterations. On the other hand, the prediction of water 

depths of paddies are underestimated. The water level in rivers also varied significantly 

longitudinally, which again suggested the inherited nature of RF models in terms of 

making independent predictions based on data-driven statistics instead of the governing 

equations in HD models.  

5. Although the training phase of RF model was slightly time consuming due to large number 

of training data, the actual prediction process significantly reduced the computational cost 

to an average of 5 s per predictions carried out under CPU. The augmentation approach of 

RF model configuration and iteration prediction process indicated the potential for real-

time applications, provided that the iteration interval and features to be further investigated 

to improve prediction performance.  

Based on the observations obtained from this chapter, the following summarizes the 

limitations of the current model and necessary procedures to be carried out in the following 

chapters in order for the augmentation approach and iterated prediction to be applied under 

practical situations where rainfall conditions and flood characteristics are more complicated. 

1. The rainfall intensities used in the flood simulation were too extreme and lacked diversity. 

While peak intensity of 70 mm/hr could be observed under rare situations, an intensity of 

such lasting over hours is rather unrealistic. The current RF model also fails to reproduce 

the results under practical rainfall conditions due to the limited variety of training data and 

further investigation should be carried out to increase the diversity of hypothetical rainfall 

patterns used to construct training data. 

2. While iteration interval of 2.0-hr reduces computational cost, this interval fails to properly 

capture intense changes in hydraulic characteristics, especially before and after overflow 

occurs. Shortened iteration intervals allow for better reflection of immediate dynamic 

changes and increase local performance, while also inducing the potential for error 

accumulation over long-term predictions. Therefore, further discussions regarding features 

selection are also necessary to enable the stability and reliability of the model for practical 
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 applications. Based on the observations from this chapter, the following aspects should be 

investigated specifically. The elevation of adjacent meshes resulted in almost negligible 

feature importance for all the three RF models. Since the idea was to use both the elevation 

and water depth to represent the water surface such that the RF model follows the logistics 

of HD model, investigations should be carried out replacing the features as the water level 

of neighbor meshes. The prediction process of M3 and M4 included the inflow and outflow 

at river boundaries with the assumption that such information is available. However, 

discharges are rather difficult to be observed compared to water levels. Therefore, the 

possibility of replacing discharge to water level information is to be further studied 

considering practical applications of the method. Finally the current approach of binary 

indication of land use resulted in a misclassification of false positive and blurred 

boundaries between different land uses. Since the iterated prediction process is subject to 

error accumulation and sensitive initial error, other methods to represent land use should 

be investigated to improve the performance while maintaining the interpretability of RF 

models.  
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CHAPTER 5 INVESTIGATION ON THE 

EFFECT OF HYPOTHETICAL RAINFALL IN 

TRAINING DATA AND FEATURE 

REFINEMENT  

5.1 Overview 

The previous two chapters investigated the applicability of the augmentation approach of 

HD model and RF model for efficient spatiotemporal flood predictions under constant rainfall 

conditions. Configurated with flood simulation results from HD model as the training data, the 

RF model incorporated features of static properties of river basin and prior state water depth 

of adjacent meshes, as the spatial factor. An iteration prediction method where previous 

predicted outcomes are reconstructed into the input dataset for succeeding predictions was 

proposed aiming for detailed temporal water depths predictions. Further including features 

indicating river boundary conditions and land use, the RF model was able to capture the 

general trend of flood propagation and iteratively predict water depth with relatively high 

performance up until the time when overflow occurs as well as maintaining certain 

interpretability of features. On the other hand, the results also indicated certain limitations 

regarding the reality of hypothetical rainfall condition, iterative prediction interval and feature 

selection in terms of data availability and reducing computational cost.  

This chapter further carried out the following investigations to assess the potential of using 

high-accuracy flood analysis results from HD model under hypothetical design rainfall 

conditions to train RF model such that flood predictions under actual rainfall events could be 

obtained spatially and temporarily. First, the rainfall characteristics of the Karube river basin 

were summarized and hypothetical rainfall patterns in terms of magnitude, intensity and 

distribution of peak were designed accordingly. The hypothetical rainfalls were then applied 

spatially evenly over the Karube river basin and inundation analysis with HD model was 

performed. The simulated results for the area of interest were picked up and summarized as 

individual datasets. Regarding the configuration of RF models, different selections of features 

and cross validation methods were first investigated using one pattern of hypothetical design 

rainfall to optimal prediction performance while maintaining interpretability. The combination 

of features and validation methods that resulted in highest performance was then adopted to 
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further investigate the influence of training data. To be specific, RF models were trained with 

various subsets of simulated database and tested against untrained patterns and intensities of 

design rainfall to investigate the differences in the generalization capability of models. 

 

5.2 Rainfall characteristics of the Karube river basin and design 
of hypothetical rainfall 

Three important factors to characterize rainfall patterns include the magnitude, 

spatiotemporal distribution and peak intensity of rainfall. Located at the downstream of the 

Takahashi river, the designated design rainfall magnitude in terms of river management and 

determination of inundation prone area takes the magnitude of the Takahashi river system, 

which includes the planned rainfall of L1 scale and maximum foreseeable rainfall of L2 scale, 

according to the revised Flood Control Act published in 20151). The cumulative rainfall 

magnitude of L1 with return period of 100 yr and L2 scale, reported by Okayama prefecture 

as of August 30, 2024, is 233 mm and 674 mm over a 48-hour period, respectively. Another 

two-day cumulative rainfall information with return period of approximately 150 yr is 248 mm 

as provided by Soja city2) and it can be noted that the rainfall event in 2018 is an equivalent of 

this scale. The distribution of the rainfall intensity significantly affects when the peak of flood 

occurs within a river basin. The temporal distribution of rainfall in Japan is typically 

characterized into the following categories depending on the relative arrival time of peak 

intensity during a precipitation event: front-loaded, centralized, back-loaded and flat-typed 

patterns. For large river basins, representatives of spatial distribution also include middle-

upstream, middle-stream and downstream patterns regarding the location where precipitation 

concentrates3). The peak intensity for rainfall with different return periods is obtained through 

the intensity-duration-frequency (IDF) equation, also known as the Kimijima equation, as the 

following.  

n

a
r

T b



     (5.1) 

where r (mm/hr) is rainfall intensity, T (hr) is rainfall duration, and a, b, n are the empirical 

coefficients obtained from observatories. Two observatories located close to the Karube river 

basin are the Takahashi and Yakage observatories and summarized in Table 5-1 and Table 5-

2 are the peak rainfall intensities of rainfalls and 5-hr cumulative rainfall with different returen 

periods calculated based on the coefficients listed in the Okayama Prefecture Forest Land 

Development Permit Application Guide (issued April 2023)4), respectively. A centralized 

rainfall hyetograph could then be generated through the conventional method that consists of 
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Table 5-1 Peak intensity (mm/hr) of design rainfall with different return periods. 

Return period (yr)
Observatory

30201052

52.8001849.3019343.3017436.9986327.59943Takahashi

46.352643.2508538.0444532.5372424.23018Yakage

Return period (yr)
Observatory

2001501007050

68.7024566.3041262.9045659.9025157.10222Takahashi

60.2688458.1682755.1647052.5432050.05979Yakage

Table 5-2 5-hr cumulative rainfall (mm) for design rainfall with different return periods. 

Return period (yr)
Observatory

30201052

153.8663144.4805128.2396111.346685.85076Takahashi

140.7175131.9985117.077101.507177.93045Yakage

Return period (yr)
Observatory

2001501007050

196.8968190.3729181.1951173.072165.4946Takahashi

180.3549174.3807165.8888158.4048151.3659Yakage

the following procedures: (a) selection of imperical coefficients for the IDF equation according 

to location and corresponding flood design scale of the river, (b) determination of flood arrival 

time at locations where discharge for flood design scales were calculated based on land use 

conditions, (c) calculation of rainfall magnitude for each rainfall duration taking the flood 

arrival time as the unit time, and (d) generation of hyetograph by assigning large magnitudes 

at the center of rainfall duration and the remaining magnitudes sequentially distributed before 

and after the peak5).  

With details summarized previously in Chapter 4, the Karube river basin suffered a few 

major floods historically. Comparing the designiated peak intensities to the scales of 

observable historical rainfall records at the Soja City, it is concluded that while the peak 

intensities of historical precipitation events only takes the scale of approximately 2-yr return 

period, the long-lasting duration leads to significant cumulative rainfall with scales close to 

150-yr scales. One major advantage of the augmentation approach of HD model and RF model 

is the flexibility in the generation of training data. Instead of depending purely on limited and 

low-quality historical observations, the configuration of RF models in this research used 
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accurate hypothetical flood simulations with high resolution obtained from HD models as the 

training data. Considering the complexity of real rainfall events, the design of hypothetical 

rainfall patterns took into account the magnitudes of design rainfalls as characteristics above 

with simplified temporal distributions using the following equation. 

2( ) exp{ ( ) }peak timeP t R a t b R         (5.1) 

where P(t) (mm/hr) is the rainfall intensity at time t in hr, Rpeak (mm/hr) is peak rainfall 

intensity, Rtime (hr) is total calculation time, and a, b are coefficients determining the shape and 

peak arrival time of rainfall respectively. This study investigated 2 types of shapes, normal 

distribution (hereafter denoted by ND) and narrow normal distribution (hereafter denoted by 

NND), and 3 types of peak time, early, center and late (denoted by E, C, L, respectively), with 

the corresponding coefficients summarized in Table 5-3. The total calculation time was first 

set to be 5 hr and illustrates in Fig. 5-1 is a normalized representation of the hypothetical 

rainfall patterns. The selection for peak intensity referred the magnitudes of design rainfalls 

using the IDF equation with different return periods, which are 20 mm/hr, 30 mm/hr, 40 mm/hr, 

50 mm/hr, 60 mm/hr, 70 mm/hr. With a range of cumulative rainfall from 35.3 mm to 173.7 

mm, the hypothetical rainfall patterns cover approximately the same scale of the design rainfall 

intensities and cumulative rainfalls at the Karube river, as well as the different categories of 

Table 5-3 Notations of hypothetical rainfall and corresponding coefficient settings. 

 

CoefficientsHypothetical 
rainfall b (peak time)a (shape)

0.5

0.5

ND_C

0.4ND_E

0.6ND_L

0.5

1.0

NND_C

0.4NND_E

0.6NND_L

 
Fig. 5-1 Schematic of the temporal distribution of normalized 5-hr hypothetical design rainfalls.  
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peak arrival time and temporal distribution. The influence of spatial distribution of 

precipitation in the case of the Karube river basin was inferred to be rather insignificant 

considering the area of the region. Therefore, rainfall intensities were applied spatially evenly 

over the river basin for all caluclations. With a 30-min shift in peak time, the cumulative 

rainfall regarding rainfall patterns with different peak time is similar to each other. But the 

inundation characteristics observed at the downstream target area, such as when overflow from 

the Karube river occurs and how long inundation lasts, varies significantly due to flux 

interaction at river boundaries. Other calculation conditions of HD models such as boundary 

conditions of rivers, land use parameter setting, and initial water depth follows the same 

situations as described in the previous chapter. Regarding the interval for iterated prediction, 

findings were that shortened intervals are necessary when significant temporal variation in the 

characteristics of water depth are observed. Therefore the interval for prediction was refined 

to be the same interval for the output of HD models, which is 10 min. The data processing for 

results pick up regarding the same area of interest of the RF model from the previous chapter  

and summarization of training data were also carried out with 10-min intervals.  

 

5.3 Refinement of RF model configuration 

5.3.1 Investigation on feature selection 

As discussed in the previous chapter, further investigation was necessary regarding features 

on elevation of adjacent meshes, representation of land use and the availability boundary 

conditions of rivers. Therefore, this section first configurated multiple RF models with 

different features to validate the augmentation approach under temporally varying rainfall 

conditions while optimizing prediction performance. Model configuration and evaluation were 

carried out with the same training data and tested against the same rainfall event to avoid biases 

induced by the difference in dataset. To be specific, the training data consisted of the 6 subsets 

of simulation results using normal-distributed rainfall pattern with centralized peak time 

(hereafter denoted by ND_C) with the above-mentioned intensities. Each of the rainfall 

patterns included 30 steps of simulation results, each containing details of the 18,687 meshes. 

The performance of RF models was tested against rainfall events of the same ND_C pattern 

but with untrained intensities of 45 mm/hr (ND_CR45). 

The common features adopted from previous discussions are coordinates (x, y), elevation 

(z), rainfall at each step (raint). Instead of cumulative rainfall, this section selected the rainfall 

at previous step (raint-1). Indications here are that lagged rainfalls capture immediate influence 

of the input volume, and cumulative rainfall, as a representation of overall state of the system, 
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is already represented by the features indicating prior states of adjacent cells. With the same 

logistics, the same prior state at each mesh (ht-1) was added as a common feature for all model 

configurations. As summarized in Table 5-4, the main discussion on feature refinements 

involves mainly on the selection of how to represent prior state information of adjacent 

meshes, land use and boundary information of rivers, and the selection of adjacent meshes are 

the same as stated in previous chapters. M1 adopted the same representation as discussed in 

the previous chapter where prior state water depth of adjacent meshes (ht-1, adj) and elevations 

(zadj) were separated as different features and indictors for land uses were one hot encoding 

binary features. M2 combines prior water depth and elevation into the water level of adjacent 

meshes (Ht-1, adj). Although the two representations stand for the same hydraulic property in 

physical logistics, differences in accuracy might be induced depending on how static and 

dynamic features are interpreted in RF algorithms. Investigation regarding M3 was carried out 

with the same considerations where representation of land use was revised into runoff 

coefficient. As detailed in Chapter 2, the runoff coefficient in HD model settings is switching 

variable dominated by saturated rainfall of each land use and cumulative rainfall. While the 

coefficient at each mesh shifts only once from unsaturated to saturated value, the time 

exceeding the threshold varies depending on land use and the characteristics of water rise differ 

before and after this shift. An indication of this temporal variation is considered important, and 

M3 incorporated the feature of runoff coefficients of adjacent cells both at previous step (Frt-

1, adj) and current step (Fradj). M4 then further investigated whether including both static and 

dynamic representations of land use result in redundancy or improvement in accuracy. Finally, 

M5 built on the configuration of M3 with additional features on boundary information of 

rivers. The discharge of rivers is difficult to measure compared with water level in practical 

situations. Yet such information is considered an important contributing factor that determines 

the control volume within the system and model accuracy. As a result, M5 investigated the 

feasibility of refining the features of river boundary conditions into the water level at upstream 

and downstream of river (Hin, Hout). Assumptions were made that the temporal varying river 

boundary water levels are observable, and the same boundary water level values were assigned 

to all meshes in the configuration of RF models. Hyperparameter settings were assigned to be 

Table 5-4 Additional features used for model configuration. 

Training dataFeaturesModels

ND_CR20, ND_CR30,
ND_CR40, ND_CR50,
ND_CR60, ND_CR70

ht-1, adj, zadj, land use (binary)M1

Ht-1, adj, land use (binary)M2

Ht-1, adj, Frt-1, adj, FradjM3

Ht-1, adj, land use (binary), Frt-1, adj, FradjM4

Ht-1, adj, Frt-1, adj, Fradj, Hin, HoutM5
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the same values (n_estimator = 100, max_depth = 20, max_features = ‘sqrt’, splitting = 

train_test_split) for all RF models to maintain consistency between models other than features. 

Unless specified otherwise, all predictions were performed using iterated prediction process 

with 10-min interval. 

Table 5-5 lists the details of the configurated RF models in terms of total number of features, 

training time, prediction time of validation set, model size and RMSE evaluated against 

validation set. Even using the same training dataset and hyperparameter, the time consumption 

in training varies from 15 min to approximately 23 min depending on the number of features. 

Table 5-5 Details of configurated RF models. 

 

M5M4M3M2M1

3435322133Number of features

1303105212601381945Training time (s)

2022151412Prediction time (s)

1.481.481.441.511.26Model size (GB)

0.0060.0070.0070.0070.008RMSE (m) of validation set

 

Fig. 5-2 Simulated water depth contour under rainfall ND_CR45. 



90 
 

 

  

But once being trained, the prediction time performed against the same subsets of validation 

dataset is similar for all 5 models. The size of configurated models also varies slightly, and 

fewer features do not necessarily result in small model size: for example M2 results in the 

largest model while having least number of features. Explanations are that although the 

maximum possible depth of trees is defined, decision trees may not reach this threshold. With 

more features to select, each split of trees shows more randomness such that shallow and 

effective trees are constructed. As for the evaluation against validation dataset, all models 

result in higher accuracy with RMSE within 0.01 m. Therefore, the models were further tested 

over rainfall pattern ND_CR45 for the evaluation of prediction capability over untrained 

events. 

First, depicted in Fig. 5-2 are the simulated water depth contour maps of the area of interest. 

The water depth in paddy gradually accumulates and the ones located at the upper right corner 

of computational domain reaching full capacity at 3 hr. Since this area is located at the foot of 

the Karube mountain, additional surface inflow from mountain areas naturally drains into these 

paddies, leading to a higher water depth compared with other areas. Slight overflow from the 

Karube river over roads at the downstream most region is also observed at 3 hr. Because of 

this overflow and decreasing of storage capacity over time, flood gradually propagates from 

river to distant areas and eventually results in pooling condition with a water depth of 

approximately 0.3 m at the downstream. As for areas slightly distant from the Karube region, 

the water depths at the final step in paddies, induced mainly due to direct precipitation, ends 

up to be around 0.15 m and the majority of road areas is not inundated.  

 
Fig. 5-3 Performance comparison of RF models tested against rainfall ND_CR45.  
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The performance metrics of RF models predicted against ND_CR45 rainfall event are 

shown in Fig. 5-3. Similar to observations from previous chapter, the R2 values decrease as 

time progresses and the performance for M1 is rather compromised by the end of calculation 

period while all other models still having values greater than 0.9. Evaluated with a threshold 

of 0.01 m for the classification of inundation areas, all models indicated a slightly low 

performance during the first 1.5 hr. The low precision and recall values suggest that capability 

for identifying inundation or not is slightly compromised during the first few steps by falsely 

alarming non-inundation areas as well as missing inundated areas. Yet from the simulation 

results in Fig. 5-2, it can be observed that even at 2 hr the majority of the area is only inundated 

by a shallow depth of 0.02 m to 0.03 m. That is, the low performance scores and 

misclassification when actual water depth is only under several centimeters are more likely to 

be induced from the arbitrary choice of threshold and numerical errors. Other evidences for 

this inference will be carried out with discussions regarding detailed quantitative evaluation of 

inundation area and volumes and visualization of contour maps. Nevertheless, the precision 

score for M1 after 1.5 hr only reaches 0.6 while that of all other models bounce back to 

approximately 0.9, suggesting that the features of how the prior state information is 

represented introduced a significant difference. The RMSE evaluation, illustrated in Fig. 5-4, 

also indicates a significant linear increase of error in M1 when other models suppressed the 

overall error within 0.1 m at the end of prediction.  

A comparison of predicted results using different prediction approaches was carried out to 

evaluate whether this increase of error is induced by the nature of the model or error 

accumulation over time. Depicted in Fig. 5-5 is the comparison in terms of inundation area 

and inundation volume, where areas having water depths greater than 0.01 m are classified as 

inundated. Here ‘Iterated’ denotes the iterated prediction method proposed in this research, 

and ‘StepPred’ represents the process where correct prior state information, as simulated from 

HD models, is used as the input for each prediction such that error accumulation between steps 

 
Fig. 5-4 RMSE comparison of RF models tested against rainfall ND_CR45.  

0

0.05

0.1

0.15

0.2

0.25

0 1 2 3 4 5

R
M

S
E

 (
m

)

Time (hr)

M1 M2 M3 M4 M5



92 
 

 

  

is eliminated. Consistent with the low precision score, the iterated process tends to falsely 

overestimate inundation areas during the first 1.5 hr. The predicted inundation volume, on the 

other hand, does not diverge significantly compared to simulated results since the inundation 

depths are rather shallow at this period. This again provides evidence that the misclassification 

is inferred to be induced by numerical error and could be considered rather insignificant. The 

error in inundation area and volume using iterated prediction approach becomes notable after 

1.5 hr. As observed from simulated contour maps, the flood propagation, even after overflow 

from the Karube river, concentrates mostly along road areas close to the river which 

corresponds to the gradually flattened increase in simulated inundation area. Yet the inundation 

area using iterated prediction still increases with a relatively steep gradient, as well as the 

inundation volume, and the predicted area and volume is 1.5 and 1.9 times the simulated results 

at the end of 5 hr respectively. In comparison, the results of StepPred coincide highly with 

simulated results over the entire periods. That is, while the accuracy of M1 is high when 

provided with correct input step by step, the iteration process introduces significant error 

accumulation over time in terms of both area and volume.  

Despite error accumulation over time, the main reason leading to the low accuracy of M1 is 

inferred to be the selection of prior state of features. A comparison of water depth contour 

maps at 2 hr and 3 hr of M1 and M2, both using iterated prediction approach, is illustrated in 

Fig. 5-6 to observe the spatial differences. It can be clearly observed that the overestimation 

of inundation area distributes mostly over areas with miscellaneous land uses to the extent that 

the differentiation for paddy boundaries for M1. The inundation depths along rivers are also 

significantly overestimated. The overestimation accumulates over time where 

misclassification in mountain areas is also observed at 3 hr and the error in depth prediction 

 
Fig. 5-5 Comparison of simulated and predicted inundation area and volume using different 

prediction approach of M1. 
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increases as well. In contrast, M2 provides better identification of inundation areas, even 

though the prediction of water depth is slightly off compared to simulated results. In other 

words, although the features of M1 and M2 contain the same physical information, they are 

not interpreted equivalently in RF models. The feature importance of the elevation and prior 

water depth of neighbor meshes is depicted in Fig. 5-7. The importance of elevation is almost 

negligible compared to prior water depth since there is no temporal variation in elevation. As 

RF models select only one feature at each split of trees, the most effective factor in predicting 

current inundation depth is therefore captured through prior depth information in M1. Deep 

and complicated hierarchical splits are required in order for the RF model to correctly capture 

the relationship between the two features, yet the current configuration fails to build such 

correlations. By contrast, the representation in terms of prior water level of M2 directly 

represents the physical property, which allows the RF model to capture the influence of 

features more easily. Because water surface elevation is the physical driver of actual flood 

propagation, M2 results in better prediction results compared to M1. 

The representation of land use was then investigated through M2, M3 and M4. Based on the 

 
Fig. 5-6 Comparison of depth contour of M1 using different prediction approach.  

 
Fig. 5-7 Feature importance of prior depth and elevation of adjacent meshes in M1. 
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performance metrics and RMSE evaluations, M3 and M4 resulted in similar predictions, both 

slightly overperforming M2 (Fig. 5-3 and Fig. 5-4). The low performances of precision, recall 

and F1-score for all three models during the first 1.5 hr are, again, inferred to be contributed 

from numerical error and selection of thresholds. In terms of RMSE, the difference between 

models is quite negligible up until 3 hr and the accuracy diverges afterwards. The predicted 

water depth contour maps after 3 hr are depicted in Fig. 5-8, and the difference maps of 

prediction over simulations are illustrated in Fig. 5-9 for easier comparison. The inundation 

area at 3 hr is generally captured correctly by all three models while the depths, especially 

 

Fig. 5-8 Comparison of predicted water depth contour maps. 
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locations at the downstream, are significantly overestimated. This overestimation accumulates 

as time progresses due to iteration induced error accumulation, and differentiation of 

miscellaneous land use at the downstream, having a simulated depth less than 0.3 m, is no 

longer observed in predictions due to this overestimation. From the difference contour maps, 

it can be concluded that M3 and M4 slightly outperform M2 as indicated by the lighter color. 

The feature importance of land use features is summarized in Fig. 5-10 to compare the 

influence of land use indicators. The overall importance value of Fr, both prior and current, 

outweighs the binary indicator of land use. A qualitative evaluation of RMSE in terms of each 

land use is shown in Fig. 5-11. By converting binary indications to temporal varying features, 

 

Fig. 5-9 Comparison of difference contour maps.  
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the RMSE in paddy and miscellaneous decreases especially after 2.5 hr, which is consistent 

with the one-time shifting logistics of how this coefficient is incorporated in HD models. On 

the other hand, the difference between M3 and M4 is rather insignificant both in terms of 

spatial distribution and RMSE. Even though the importance of channel in M4 results in a value 

of 0.07, which could be considered influential, the prediction performance in the Karube river 

is not significantly improved compared to M3. Therefore, including both feature indicators of 

land use is not necessary, and the representation of Fr is adopted for further discussions.  

From the water depth contour and difference maps, it is concluded that the water depth 

predictions are significantly overestimated for M4, and a significant increase in the RMSE of 

paddy is observed at approximately 2.5 hr when overflow from the Karube region occurs. Also 

proved in the investigation from the previous chapter, river boundary conditions are important 

dominating factors for the control volume of the computational domain besides precipitation, 

and including features reflecting such information improves the predictability of RF models. 

Previous discussions incorporated the discharge at upstream/downstream of river, which is 

 
Fig. 5-10 Feature importance of land use features. 
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Fig. 5-11 Temporal variation of RMSE with respect to land use. 
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now refined to be the water level in M5, considering the availability of observable data. The 

predicted contour maps, difference maps and RMSE with respect to land use are depicted in 

Fig. 5-8, Fig. 5-9, and Fig. 5-11, respectively. The predicted inundation area and detailed water 

depth coincides better with simulated results compared to the other models up until 4.5 hr. The 

error in the majority of paddies at the final prediction is retained within 0.05 m, with a few 

paddies along rivers indicating a slightly higher error of 0.1 m. The RMSE over road areas is 

under 0.03 m during the entire prediction period, and the significant increase of error in paddies 

is also resolved, again proving that features reflecting overall control volume is necessary in 

improving prediction accuracy. As for the water depth in rivers, the temporal variation of error 

is rather stable except for a slightly high initial error. The reasons are first due to the small 

percentage of meshes of rivers, approximately 3% out of 18,687 meshes, and also the cold 

start from initial state of normal water level. While the initial state of water level, obtained 

through runup calculations, follows the natural gradient of riverbed and a greater longitudinal 

gradient is observed during the early stage of simulation. As illustrated in Fig. 5-12, the water 

level at the downstream rises first in comparison to the upstream due to the wall condition at 

the downstream sluiceway and propagates backwards. The gradient gradually diminishes over 

time and the longitudinal water level approximately flattens and increases evenly afterwards 

starting 2 hr. Therefore, the prediction during the first hour involves longitudinal gradient 

change and starts from a significant change, both of which leading to a rather notable error 

even with features representing the boundary conditions.  

Finally, a quantitative summarization of inundation area and inundation volume of the 

models was carried out and illustrated in Fig. 5-13. All of the models suggest a trend of 

overestimation, especially during the first 1.5 hr, yet the error is mostly inferred to be induced 

by choice of threshold and numerical error since the predictions of corresponding inundation 

volume are consistent with simulations. Divergence of inundation volume between models is 

 
Fig. 5-12 Temporal variation of simulated longitudinal water level of the Karube river.  
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observed after 2.5 hr. Comparing different indication of land use, the usage of temporal varying 

features slightly improves model accuracy, and the most effective factor is the inclusion of 

water level at river boundaries, which contributes to high coincidence to simulation until 4 hr. 

Although the last hour of prediction of M5 still suggests a trend of overestimation, this level 

of error is deducted to be induced from both the error accumulation through iteration, and a 

limited number of training data. Since RF models configurated in this section only used 6 sets 

of training data, all having the same rainfall distribution, there still exists the possibility of 

overfitting. Therefore further discussions are performed in the next few section investigating 

different combinations of training data.  

Overall, the following observations are concluded from this section in terms of feature 

selection. First, direct representation of prior water level information improves prediction 

accuracy compared to features of elevation and prior depth, even if the physical meaning of 

the two representations is the same. Features with temporal variations better reflect land uses, 

especially by reducing RMSE in paddy and miscellaneous after overflow occurs in comparison 

with models using binary indicators. As an indication for the overall control volume within the 

system, water levels at river boundaries further improve model accuracy. Even involving 

iteration process induced error accumulation, the best model is able to provide higher 

performance predictions with an overall RMSE under 0.05 m. 

 

 
Fig. 5-13 Comparison of simulated and iteratively predicted inundation area and volume. 
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5.3.2 Discussion on cross-validation method  

In the configuration of RF models, how and what portion of the dataset is partitioned into 

training data and validation data could influence the performance of prediction. So far the 

model configuration discussed in this study utilized the common splitting method of 

train_test_split function of the sklearn library, which by default assumes independent and 

identically distributed data. A short investigation was carried out in Chapter 3 regarding the 

ratio of data split and conclusions were drawn that impact is rather insignificant when the size 

of training data is large enough. Discussions on cross validation methods, on the other hand, 

were not performed. Especially considering that rainfall conditions are temporally varying 

variables, the corresponding variation of water depth is expected to inherit correlations with 

respect to time, and the assumption for data independence might be compromised. Therefore, 

investigations were carried out to evaluate how cross validation methods affect model 

performance.  

The basic dataset for model configuration adopted the same amount of data from the 

previous subsection (rainfall pattern of ND_C with 6 peak intensities) and the features for M5, 

 
Fig. 5-14 Schematic of cross validation methods.  
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having the best performance of the investigations in the previous section, were selected. The 

cross-validation methods investigated here include train_test_split, K-fold, ShffleSplit and 

TimeSeriesSplit9), and the number of splits were selected to be 5. Fig. 5-14 illustrates the 

schematic of each cross-validation method. Since the size of training and validation set is 

different for each method, direct evaluation of the prediction performance against the 

validation set may introduce bias. Instead, the evaluation was carried out by testing the models 

over rainfall events of ND_CR45, which was the event used in the previous subsection. All 

other conditions regarding hyperparameter setting and iteration predictions process were set 

to be the exact same condition as the previous subsection. Shown in Fig. 5-15 are the 

performances in R2 and F1-score using different cross-validation methods. It can be observed 

that both metrics for the 4 methods result in high consistency, with slight diverges during the 

 
Fig. 5-15 Performance comparison tested against ND_CR45.  

 
Fig. 5-16 RMSE comparison tested against ND_CR45.  
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last hour of prediction in terms of R2. The temporal variation of RMSE also indicates similar 

coincidence of results and the train_test_split method has slightly better performance than the 

other three methods (Fig. 5-16). The inundation depth contour maps at 5 hr using different 

cross-validation methods is depicted in Fig. 5-17. Despite small variations in a few paddies, 

the prediction of both inundation area and depth also coincides highly with the results of the 

original train_test_split methods (Fig. 5-8), and the performance of TimeSeriesSplit method is 

not significantly improved. Indication for this observation is that the influence of timeseries 

correlation is already reflected through the selection of features. The prior state features, as 

being carefully investigated with both numerical experiments and applications under actual 

terrains, preserves the lagged information necessary to capture the temporal dependence within 

the samples at each time step. That is, the original sequentially dependent datasets are 

approximately transferred to be independent ones with the use of prior information as features. 

The influence of correlation across timeseries becomes less significant, resulting in similar 

result against test events. Therefore, the following discussions still take advantage of the 

assumption of independency in samples and use the original train_test_split method. On the 

other hand, the influence of temporal correlation might become significant when testing over 

rainfall events with significantly different characteristics, different shapes and distribution of 

peak for example. Therefore investigations are necessary to evaluate the feasibility of the 

current configuration against other patterns of rainfall. 
 

 
Fig. 5-17 Comparison of water depth contour at 5 hr using different cross validation method.  
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  5.4 Selection of rainfall patterns in training data  

Similar to other data-driven approaches, the performance of RF models is highly influenced 

by the quality, range and diversity of conditions represented in the training data. This section 

further examined how the selection of training data affects the performance of RF models when 

tested against other rainfall patterns. To be specific, different combinations of rainfall in terms 

of shapes and peak distribution of peak intensity were selected for the configuration of models 

and the predictive performance was tested against multiple hypothetical rainfall events. The 

peak intensity in training data was the same 6 patterns ranging from 20 mm/hr to 70 mm/hr. 

As summarized in Table 5-6, a total of 9 models were configurated to evaluate how the 

inclusion or exclusion of particular rainfall patterns affects the capability to represent diverse 

conditions and predicts under scenarios with similar or different characteristics from the 

training data. Based on the conclusions from previous investigations, features and cross-

validation methods for model configuration adopted the conditions of M5 in section 5.3.1 and 

train_test_split method. In other words, ND1 was the exact same model as M5 and was used 

as a baseline for model evaluation. Since the total time for the calculation of each rainfall 

pattern was 5 hr (a total of 30 time steps), the E and L patterns of peak time, as previously 

defined in Equation 5.1 and Table 5-4, correspond to a peak time at 2 hr and 3 hr respectively. 

  

5.4.1 Impact of peak time of rainfall  

Investigations were first conducted by performing predictions against rainfall events of the 

same shape. Models ND1 through ND4 were tested against rainfall ND_CR45 to evaluate 

whether increasing the number of training data to include rainfalls of different characteristics 

Table 5-6 Combination of different selections of training data for model configuration. 

 

Model size (GB)Total time steps in training data
Rainfall patterns in training dataModel 

name Peak timeShape

1.59180C

ND

ND1

2.31360C + END2

2.19360C + LND3

2.69540C + E + LND4

1.46180C

NND

NND1

2.12360C + ENND2

1.99360C + LNND3

2.47540C + E + LNND4

3.451080C + E + LND + NNDCMB4
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of peak time affects the prediction accuracy compared to the original model.  

Illustrated in Fig. 5-18 are the water depth contour and difference maps at the final step of 

prediction. The corresponding R2 and F1-score for the baseline model ND1 was 0.985 and 

0.971 respectively. Comparing to ND1, the performance metrics were increased for all three 

models, yet the spatial distribution of prediction varies between models. For example, while 

having the lowest overall performance of the three models, ND3 resulted in similar high 

accuracy in predicting the water depth of the paddy at the upper right corner and long narrow 

shaped paddy as ND1. In comparison, ND2 and ND4 indicated underestimations in these 

paddies. On the other hand, significant overestimations were also observed at other locations 

for ND3, suggesting that the models have higher variance in prediction error. When 

quantitively evaluated through RMSE, it can be observed that the accuracy of models was 

highly consistent except for the last hour especially in terms of paddy and the Karube river 

 
Fig. 5-18 Water depth and difference contour maps for ND_CR45 predictions at 5 hr. 

 
Fig. 5-19 Comparison of RMSE of different ND models predicting on ND_CR45. 



104 
 

 

  
(Fig. 5-19). The improvement of prediction accuracy from overall RMSE of 0.04 m to 0.03 m 

in ND4, however, is not significant considering that the number of training data is tripled.  

This finding is further supported by testing the models against rainfall patterns with other 

peak times. For example, the models were further testing against ND_ER45 and ND_LR45, 

with overall RMSE shown in Fig. 5-20. Although it is not reasonable to compare the values 

directly since inundation depths are different depending on rainfall, the general trend of 

temporal variation is observed that the models without training data of similar characteristics 

resulted in compromised accuracy, especially during the first few hours. And the high error is 

mostly induced from the prediction of depth in rivers. Shown in Fig. 5-21 are the RMSE of 

the Karube river for the two rainfall patterns respectively, and the error during the first few 

predictions is extremely significant. The performance of models also varies between rainfall 

patterns and even the best model ND4 resulted in significantly high RMSE greater than 0.15 

m in prediction of water level in rivers for rainfall pattern ND_ER45. As discussed previously, 

the longitudinal water level rises first at the downstream then propagates upstream and the 

time reaching flatten water surface gradient varies between rainfall patterns. For rainfalls with 

the same shape and peak intensity, front-loaded rainfalls lead to a significant temporal variation 

in water level. Fig. 5-22 illustrates the temporal variation of simulated longitudinal water level 

of ND_ER45 and ND_LR45 respectively. Compared with that of ND_CR45 depicted 

previously in Fig. 5-13, the ND_ER45 pattern already reaches leveled water surface 

 
Fig. 5-20 Comparison of overall RMSE of ND models predicting for ND_ER45 and ND_LR45. 

 
Fig. 5-21 Comparison of RMSE over the Karube river predicting for ND_ER45 and ND_LR45. 
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approximately 30 min after rainfall starts while the other two rainfall patterns require 

somewhere between 1 hr and 2 hr before the gradient diminishes. Fig. 5-23, Fig. 5-24 and Fig. 

5-25 are the temporal change of longitudinal water level, illustrating both simulated and 

predicted results, of three rainfall patterns respectively. As shown in the figures, all of the RF 

models tend to predict for sloped water level during early stage of a rainfall event regardless 

of the number of training data. Yet due to the extremely shortened period before leveling, the 

predictions of ND_ER45 are significantly underestimated towards the downstream, especially 

for ND1 and ND3 models that did not incorporate similar front-loaded patterns of training 

data. The predictions then reach flattened longitudinal gradient and the difference between 

prediction and simulation gradually diminishes, leading to the significant RMSE during first 

few steps. In contrast, the variation in the longitudinal water level of ND_CR45 and ND_LR45 

 
Fig. 5-22 Temporal variation of simulated longitudinal water level of ND_ER45 and ND_LR45.  

 
Fig. 5-23 Temporal variation of predicted longitudinal water level for ND_ER45. 
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patterns are rather smoothened over time, and the predictions of RF models coincide better 

with simulations.  

Both having an initial water depth of 0 m and gradually accumulation of inundation depth, 

miscellaneous and paddies resulted in a different trend of temporal error variation. First 

depicted in Fig. 5-26 are the temporal variation of RMSE over miscellaneous for ND_ER45 

and ND_LR45. Together with the results for ND_CR45 summarized in Fig. 5-19, it can be 

concluded that prediction performance between models coincide highly regardless of 

prediction event. The incremental error accumulation over time is also rather constant without 

 
Fig. 5-24 Temporal variation of predicted longitudinal water level for ND_CR45. 

 
Fig. 5-25 Temporal variation of predicted longitudinal water level for ND_LR45. 

 
Fig. 5-26 Comparison of RMSE of miscellaneous for ND_ER45 and ND_LR45 rainfalls. 
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sudden variations, and all models indicate prediction error starting the first prediction. On the 

other hand, the temporal variation of RMSE over paddy, as shown in Fig. 5-27, starts with a 

low value of less than 0.01 m and maintains the high performance for a certain period of time 

until a significant increase in incremental error is observed. The time for the sudden change in 

incremental error varies between target rainfall event. The peak times for front-loaded and 

back-loaded rainfall patterns were shifted 30 min with respect to centered rainfall to be 2 hr 

and 3 hr respectively. As illustrated as the contour maps for simulated water depths of 

ND_ER45 and ND_LR45 in Fig. 5-28, it can be observed the overflow at downstream occurs 

approximately 30 min after the peak time of rainfall, which corresponds to the time when 

significant increase RMSE of paddy starts to be notable. The corresponding water depths at 

the final step also varies significantly depending on peak time as shown in Fig. 5-29 and Fig. 

5-30 respectively. It is observed that the prediction performance decreases as the water depth 

 
Fig. 5-27 Comparison of RMSE over paddy for ND_ER45 and ND_LR45 rainfalls. 

 
Fig. 5-28 Simulated water depth contour under rainfall ND_ER45 and ND_LR45.  
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increases and variance of error between paddies is also more notable for rainfall events with 

greater inundation even using ND4 that had the greatest number of training data covering all 

types of hypothetical rainfall patterns. Indications are that overflow from the Karube region 

 
Fig. 5-29 Water depth and difference contour maps for ND_ER45 predictions at final step. 

 
Fig. 5-30 Water depth and difference contour maps for ND_LR45 predictions at final step. 
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introduces another dominating factor for the rise of water depth other than precipitation for the 

paddies located close to river. Another reason is that RF model performs better regarding 

interpolations, and the performance of models tends to decrease as the target event approaches 

the upper limit of the training range. To compare in detail how the performance differs between 

rainfall patterns and between paddies, three of the paddies (enclosed with dashed black lines 

in Fig. 5-28) were selected with the following consideration: P1 locates distant from the 

Karube river and was not influenced by overflow regardless of rainfall pattern, P2 suffered 

certain overflow during the last few steps, and P3 received most significant effect of overflow 

for all rainfall patterns. Fig. 5-31 plots a comparison of average water depths of each paddy as 

obtained from simulation and prediction using ND4 for different target rainfall events. With 

the height of paddy ridge set to be 0.3 m, water depths greater than this threshold indicate 

overflow from paddy occurs. For all three rainfall patterns, the prediction is highly consistent 

with simulation results when the water depths are shallow when the dominating factor is direct 

rainfall. Divergence of results for P2 and P3 starts to become notable when the water depth 

increases significantly, and it can be observed that the time for this increases corresponds to 

the time when the paddy receives influence from overflow. On the other hand, the performance 

 
Fig. 5-31 Comparison of average simulated and predicted water depth of selected paddies under 

different rainfall conditions. 
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regarding the last hour for ND_CR45 and ND_LR45 are rather high while that for ND_ER45 

is significantly compromised even for P1 that is not affected by overflow. The reason 

contributing to the difference between rainfall patterns is inferred to be the incapability of RF 

model to make extrapolations. As also concluded by previous literatures with applications in 

multiple disciplines, the performance of RF models degrades when making predictions near 

or beyond the range of training data due to its non-parametric ensembled nature10), 11), 12). As a 

result, the long-lasting overflow from the Karube river of ND_ER45 induced larger inundation 

volume compared to other rainfall patterns, and the number of training data exceeding this 

scale is limited, both leading to a degraded performance in the prediction of the last hour.  

Similar trends of performance variance between models and between prediction events are 

observed when using NND1 through NND4 to test rainfalls of NND_CR45, NND_ER45, and 

NND_LR45. Fig. 3-32 through Fig. 3-34 plots the overall and land-use-wise RMSE of the 

 
Fig. 5-32 Comparison of RMSE of different NND models predicting on NND_CR45. 

 
Fig. 5-33 Comparison of RMSE of different NND models predicting on NND_ER45. 
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Fig. 5-34 Comparison of RMSE of different NND models predicting on NND_LR45. 

predictions for the respective rainfall events. When predicting for NND_CR45, the results 

evaluated as RMSE highly coincide with each other. But the prediction over the Karube river 

for rainfalls with shifted peak time showed degraded performance of models configurated 

without similar rainfall patterns in the training data. Compared with the results predicting for 

ND rainfalls, the differences between models are even less notable since the overall inundation 

is shallower due to small amount of accumulative rainfall. Yet both sets of comparisons suggest 

that models ND4 and NND4, configurated with the largest number of training data that covers 

different rainfall patterns of peak time, resulted in the highest performance compared with 

other models, suggesting the necessity of including rainfalls with multiple peak times. 

 

5.4.2 Impact of rainfall shapes and peak intensity 

As stated in the previous section, one common limitation of RF models is the degraded 

generalization capability when predicting for events approaching or exceeding the range of 

training data. Therefore this section carried out further evaluation using the configurated 

models to predict for rainfalls with different shapes, that is using ND models to predict NND-

shaped rainfall and vice versa, and then rainfalls with peak intensities closer to the upper limit 

of the training data, 55 mm/hr and 65 mm/hr specifically. Based on previous performance 

evaluation, this results comparison was conducted using the high performance models ND4 

and NND4 for simplicity.  

The predicted results using ND4 to predict for untrained rainfall shapes NND_CR45 in 

terms of RMSE are illustrated in Fig. 5-35. Compared with the performance evaluations 

predicted with NND4 as depicted in Fig. 5-32, ND4 resulted in significantly high RMSE 



112 
 

 

  
approaching 0.2 m for the Karube river during the first few predictions. The RMSE for paddy 

for final steps using ND4 is slightly higher than that predicted using NND4, yet the overall 

performance is rather similar. Fig. 5-36 shows a comparison of the water depth and difference 

contour maps at the final step, and it can be observed that the spatial distribution of error 

between the two models is also highly consistent. Similar trend is also observed using NND4 

to predict for ND_CR45 that the prediction performance coincides with predictions using 

models trained with the same rainfall shapes. The RMSE comparison of Fig. 5-37 and previous 

results shown in Fig. 5-19 suggests that the differences between model predictions are not 

significant except for the high initial error over the Karube region. The contour maps at the 

 
Fig. 5-35 RMSE of ND4 testing over rainfall NND_CR45. 
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Fig. 5-36 Comparison of water depth and difference contour maps for final step of NND_CR45. 

 
Fig. 5-37 RMSE of NND4 testing over rainfall ND_CR45. 
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final step also provide evidence for this observation (Fig. 5-38), and the NND4 model, trained 

with concentrated rainfall shapes, even resulted in slightly better predictions in certain paddies. 

This observations, while slightly against the common findings of RF models, could be 

explained by the overlapped range of training data and selection of target rainfall event. The 

cumulative rainfall covered in training data for ND4 ranges from 49 mm to 173 mm, and that 

for NND4 ranges from 35 mm to 124 mm. And the cumulative rainfalls for the prediction 

events of ND_CR45 and NND_CR45 are 111 mm and 79 mm, respectively. In other words, 

the cumulative rainfalls of the target events fall within the range of training data of both 

models, which resulted in similar results at the final stage of prediction, while the limited 

capability to be applied for untrained patterns is reflected by the degraded performance of 

rivers during the first few predictions.  

This limitation is more notable as the prediction events approach or exceed the range of 

training data. The ND4 and NND4 models were then tested against rainfall event of ND_CR65. 

With a peak intensity of 65 mm/hr, the cumulative rainfall for the target event reaches 160 mm, 

which is close to the upper range of training data of model ND4 and already exceeds that of 

 
Fig. 5-38 Comparison of water depth and difference contour maps for final step of ND_CR45. 

 
Fig. 5-39 Model performance in terms of RMSE tested over rainfall ND_CR65 predicted with (a) 

model ND4 and (b) model NND4. 
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Fig. 5-40 Temporal variation of water depth and difference contour maps for rainfall pattern of 

ND_CR65 predicted by different models. 

model NND4. The RMSE performance using the two models is illustrated in Fig. 5-39. The 

performance of the two models during the first 3 hr is rather similar to each other, with a 

slightly higher RMSE in the Karube river for NND4. On the other hand, the performance 

significantly diverges afterwards. The temporal error accumulation of ND4 is still gradual 

without any abrupt change while NND4 results in a notably steep gradient in the increase of 

RMSE for all land uses and leads to a final overall RMSE of 0.14 m. The temporal variation 
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  of the simulated and predicted water depth contour and the difference contour maps are 

illustrated in Fig. 5-40. Based on simulation results of HD models, overflow from the Karube 

river occurs at approximately 3 hr and the paddies located along the downstream of river 

reaches full capacity due to this overflow. Due to the large peak intensity, large volume of 

water inflows from river boundaries and flood propagates fast with time such that large areas 

of miscellaneous land use also suffered inundation at 5 hr. The depth contour of ND4 overall 

captures how the flood propagates and error for water depth prediction is mostly suppressed 

within 0.05 m, with slight underestimation over paddies during the last hour. In comparison, 

NND4 indicated a tendency of underestimation for almost all paddy areas and the extent of 

underestimation intensifies as time progresses. Significant compromised predictions over 

miscellaneous land use are also observed, both in terms of classifying inundated areas and 

predicting for water depths. The majority of roads between paddies is misclassified to be 

inundated starting 4 hr, and the corresponding error for the prediction of water depth 

accumulates with maximum absolute difference exceeding 0.2 m for the final prediction. And 

the significant divergence of predicted values to simulation results observed in NND4 is 

induced mostly by the limited capability for extrapolation rather than error accumulation of 

the iterated prediction process. Shown in Fig. 5-41 is the quantitative comparison of simulated 

and predicted inundation area and volume. Notations of ND4_Ite, NND4_Ite and 

NND4_StepPred denote results of iterated prediction using ND4, iterated prediction using 

NND4 and one-step prediction of NND4, that is assuming the correct values of prior state 

information are provided at each step. With slight overestimation in inundation area, ND4 

overall generates highly consistent predictions with simulated results even with the 

 
Fig. 5-41 Comparison of simulated and predicted inundation area and volume with different 

models and prediction approaches.  
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accumulation of error over time. NND4 also resulted in a similar high performance during the 

first 3 hr. Comparing the results with and without iteration, it can also be concluded that the 

overestimation in predicting inundation area is due to error accumulation. Induced mainly 

through direct precipitation, the inundation depth during this period is still shallow and the 

corresponding predicted inundation volume do not diverges significantly compared to 

simulation results. A significant overestimation of more than 150,000 m2 in inundation area is 

observed after 3.5 hr, and this error is not introduced from iteration since NND4_StepPred 

resulted in the same trend of prediction divergence. On the other hand, the predicted inundation 

volume resulted in a trend for underestimation even provided with correct input for prior state 

information, and the underestimation is distributed mostly over paddies as illustrated in the 

previous contour maps. Based on the settings for hypothetically designed rainfall patterns, 3 

hr is approximately the time when the cumulative rainfall for ND_CR65 exceeds the maximum 

range covered in the training dataset for model NND4. In other words, the capability of NND4 

for predicting inundation area and water depth is severely degraded when the conditions of 

target event falls outside the characteristics of training data, further proving the limitations of 

RF models in making extrapolations.  

 

5.4.3 Incorporation of all rainfall patterns  

The previous two subsections investigated the performance of RF models configurated with 

unified shapes of training data. It was observed that the variety and representativeness of 

training data are essential factors determining the model’s reliability due to the compromised 

capabilities for extrapolation. Therefore, it is reasonable to include large and diverse training 

data, for example configurating RF models using all hypothetical rainfall patterns investigated 

so far, to ensure the model’s generalization capability while maintaining robustness. On the 

other hand, the inherent ensembled learning mechanism of RF regression also induces the 

potential to converge toward a mean behavior observed in training data. Since each individual 

decision tree produces a discrete uncorrelated estimate and the final prediction output is the 

arithmetic average across all trees, the averaging mechanism tends to smooth out localized 

extremes. In other words, incorporating all rainfall patterns in the training data is expected to 

improve prediction performance against rainfall events of intermediate scales, yet trade off 

might be introduced when targeting extreme events due to underrepresentation of such patterns 

in the training data. 

Therefore, this section further configurated an integrated RF model incorporating all 

patterns of hypothetical rainfall patterns and evaluates its performance relative to previous 

models training with single-sourced rainfall patterns. Configuration of the integrated model 



117 
 
 

 
Fig. 5-42 RMSE of CMB4 evaluated against rainfall patterns of (a) ND_CR45, (b) NND_CR45, 

and (c) ND_CR65.  
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Fig. 5-43 Water depth and difference contour maps for final steps predicted with CMB4. 
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  (denoted by CMB4) combined all sets of training data in terms of shape and peak time as 

summarized in Table 5-6, which resulted in 1080 total times steps of training data. The target 

events for predictive performance were the same hypothetical rainfall events of ND_CR45, 

NND_CR45, and ND_CR65 investigated previously and ND4 model was used as the baseline 

models for performance comparison. The first two events were selected to evaluate the 

generalization capability of the integrated model, and the last rainfall event was used to 

examine the potential trade off when the extra training data does not contribute to the extremes 

of target predictions. The RMSE of with respect to each land use is illustrated in Fig. 5-42. 

Comparing with the RMSE evaluations of the baseline model ND4 depicted in Fig. 5-18, Fig. 

5-35 and Fig. 5-39, it can be observed that the performance of the two models is highly 

consistent for the first two target rainfall events. While the initial error over the Karube river 

is not fully resolved, the integrated model CMB4 slightly reduces the RMSE by approximately 

0.01 m for the prediction of ND_CR45 and NND_CR45. The spatial distribution of prediction 

in terms of contour maps at the final step of prediction (Fig. 5-43) also suggests that CMB4 

better coincides with simulation results compared to the results from model ND4 (Fig. 5-18 

and Fig. 5-38), which is consistent with the expectation that increasing diverse training data 

improves the overall generalization capability of model. The evaluation results for the 

prediction against ND_CR65, on the other hand, indicates a slightly degraded performance 

with a greater bias towards underestimation as shown in Fig. 5-44, compared with results of 

the baseline model ND4 (Fig. 5-40). This observation is consistent with expectation that 

averaging mechanism of RF models tends to converge prediction results. Since the target 

ND_CR65 falls on the extreme end of the range in the training data, the extra data of NND 

rainfall patterns with smaller magnitudes in CMB4 leads to an underrepresentation of extreme 

events and the corresponding prediction therefore biases towards underestimation. 

 
Fig. 5-44 Water depth and difference contour maps for final steps of ND_CR65 predicted with 

integrated model CMB4. 
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In summary, incorporating training datasets with diverse characteristics enhances the 

model’s overall performance against a wider range of scenarios in comparison to models 

trained with single-patterned rainfalls. Yet the intrinsic mechanisms also induce the potential 

for conservative estimations over events that fall near the range of training data (e.g. biases 

towards overestimation for rainfalls with shallow depths and underestimation for events with 

large scales).  

 

5.5 Chapter summary  

This chapter further investigated hypothetical rainfall patterns of temporal varying 

intensities and configuration of RF models with different combinations of simulation results 

as training data. The following conclusions are drawn from the evaluations by testing models 

against multiple hypothetical rainfall events. 

1. Based on the characteristics of actual rainfall events at the study area, hypothetical rainfall 

patterns were designed considering magnitude, temporal distribution and peak intensity in 

order to construct the datasets need for the configuration of RF models.  

2. Investigations regarding feature selection further proved that RF models interpret static 

and dynamic properties differently where the importance for properties with dynamic 

values and temporal changes are higher in comparison. Features that directly represent 

physical properties, for example prior state of water level and runoff conditions, improved 

the predictive performance of RF models. Including features reflecting inflow and outflow 

conditions at river boundaries also increased the consistency of RF model both in 

identifying inundation area and predicting for inundation volume. The influence of cross-

validation methods on reflecting the temporal correlation of data in this research was rather 

insignificant since the selection of prior state as features to some extent reflects the 

sequential dependence of data. 

3. The performance of RF models significantly depends on the selection of training data due 

to their limited capability of extrapolation. The performance of RF models was 

compromised if either the shape or temporal distribution of the target event falls outside 

the patterns in the training data. Including diverse patterns of training data enhanced the 

generalization capability of the model. On the other hand, such large database also led to 

the potential for conservative prediction due to the ensembled nature of RF regression 

algorithms such that predicted results tend to average towards mean values when targeting 

extreme or rara events.  
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  CHAPTER 6 PREDICTION FOR FLOODS 

INDUCED BY REAL RAINFALL EVENTS 

USING RF MODELS TRAINED WITH 

HYPOTHETICAL DESIGN RAINFALL 

6.1 Overview 

In chapter 5, the feasibility of iterated prediction targeting hypothetical rainfall events with 

temporal-varying intensities using the augmentation approach was investigated. Configured 

with simulation results from HD models, the RF model with features directly reflecting prior 

state of adjacent meshes and river boundary conditions resulted in high predictive performance 

when the target rainfall event holds similar characteristics, in terms of peak time and rainfall 

shape, as the training dataset. The evaluations against untrained hypothetical rainfall 

conditions provided insights on the importance of integrating diverse training datasets to 

maintain the generalization capability of RF models. On the other hand, the practical 

applicability of the simulation-informed RF model when subjected to observed real rainfall 

events remains unverified. Unlike idealized hypothetical rainfall patterns explored in the 

previous chapter, the temporal variation of real rainfall events is much more complicated, and 

uncertainties could be introduced in the iterative prediction process.  

Therefore, this chapter further assessed the capability of the RF models, trained with 

simplified hypothetical rainfall patterns, in reproducing spatial and temporal propagation of 

inundation under actual rainfall events. Two rainfall events that led to inundation at the Karube 

region in recent years were selected as the target event for prediction and two RF models 

trained with different training data were used for prediction. Model evaluations using both 

performance metrics and quantitative metrics as spatial and temporal assessment of predictive 

accuracy were carried out and comparisons between models and rainfall events were 

performed. Through these analyses, this chapter aims to identify how the inclusion diverse 

training data covering extended periods of rainfall influences the robustness of models. The 

behavior of model performance between rainfall events at different scales intends to provide 

insights for the design of data-driven models using HD simulated datasets under practical 

conditions. 
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  6.2 Details of target rainfall events and RF models  

Two historical rainfall events, 2018 and 2021 rainfall, were selected as the target event for 

evaluation. These two precipitation events induced significant flood damages even with the 

facility of drainage pumps at the downstream and details of rainfall periods were summarized 

previously in Section 4.2.2. A comparison of hourly rainfall intensity and cumulative rainfall 

observed at the Soja City observatory is illustrated in Fig. 6-11), with timestamps shifted at 0 

hr for simplicity. The magnitude of 2021 rainfall event was relatively moderate while that of 

2018 rainfall was considered extreme both in terms of peak intensity and cumulative rainfall. 

Another major difference in the inundation characteristics of the two events, as observed from 

the simulation results using HD model (depicted in Fig. 4-10 and Fig. 4-11 respectively), is 

whether the flood propagates upstream of the prefecture road in the target area for RF model 

only covers the most frequently inundated area, the assumption in the construction of training 

data is that the flow exchange at the outline of target area is negligible except for rivers. 

Previous discussions regarding feature selection suggested that including features that reflect 

river boundary conditions improves better performance and higher consistency of inundation 

volume. As a result, it is expected that the predictive performance would be degraded under 

extreme rainfall events once the areas along computational boundaries are inundated.  

As concluded from previous chapter, incorporating training datasets that cover diverse 

inundation characteristics enhances the model’s overall performance against a wider range of 

scenarios. It can be inferred that the prediction for real-world rainfall events further requires 

the robustness and generalization ability of RF model due to the complexity of temporal 

variation of rainfall events and corresponding spatiotemporal variability in flood propagation 

process. As a result, the RF model used in the investigation of this chapter adopted the CMB4 

model which covered all of the hypothetical rainfall events and resulted in the highest overall 

generalization capability in the discussion of the previous chapter. While incorporated with 

 
Fig. 6-1 Comparison of rainfall intensity and cumulative rainfall information for target events.  
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large variations of rainfall patterns in the training data, the database with 5-hr calculation 

period that only covered a maximum of cumulative rainfall of 173.8 mm. The magnitude of 

actual rainfall events, for example both of the target events, exceeds the range covered in 

training data due to long-lasting duration. Considering the limited capability of RF model to 

extrapolate, it is reasonable to include extra training data that covers larger range of cumulative 

rainfalls. Therefore, another model CMB4_EXT was configured with extra datasets simulated 

with 10-hr duration (Rtime) using hypothetical rainfalls with empirical parameters a = 0.125 and 

b = 0.5 (Equation 5.1; Table 6-1). Both models take advantage of the same features as 

described in Section 5.3.1 that resulted in the highest overall performance: coordinates (x, y), 

elevation (z), rainfall at each step (raint), rainfall at previous step (raint-1), prior water level of 

adjacent meshes (Ht-1, adj), runoff coefficients of adjacent cells both at previous step (Frt-1, adj) 

and current step (Fradj), and river boundary conditions as water level at upstream and 

downstream of river (Hin, Hout). Other hyperparameter settings were also set to be the same as 

n_estimator = 100, max_depth = 20, max_features = ‘sqrt’, splitting = train_test_split to 

maintain model consistency except for training data.  

 

6.3 Results and discussions 

6.3.1 Feature importance 

First illustrated in Fig. 6-2 is the feature importance comparison for the two RF models. The 

most important factors contributing to model accuracy are the prior water depth at each mesh, 

elevation and runoff coefficients for both models. Information of prior water level of adjacent 

meshes is also considered important with values close to 0.1, while that of rainfall resulted in 

the lowest feature importance of all. Both observations are consistent with the logistics of HD 

models. Compared to the effect of direct rainfall, the current water depth is primarily 

influenced by the prior state of the system, such as the preceding water depth and the flux 

exchange with adjacent cells. Boundary conditions of rivers, as of water level at inflow and 

downstream end, also dominate the control volume of water within the computational domain 

compared to direct precipitation, thus leading to the overall low feature importance of rainfall. 

Table 6-1 Training data for model configuration. 

 

Maximum cumulative 
rainfall (mm)

Total time steps in 
training data

Training dataModel name

1731080a = 0.5, 1.0; b = 0.4, 0.5, 0.6 (Rtime = 5 hr)CMB4

3471440
a = 0.5, 1.0; b = 0.4, 0.5, 0.6 (Rtime = 5 hr);

a = 0.125; b = 0.5 (Rtime = 10 hr)
CMB4_EXT
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In comparison, static features of coordinates resulted in low importance values since these 

features only serve as indication for location. Another observation is the slight variation of 

importance values between models due to the difference in training data. Even configured with 

the exact same features, CMB4_EXT indicated higher importance values for features of prior 

depth, prior water level of adjacent meshes and river boundary conditions, all of which 

represent prior state of hydrodynamic conditions and control volume of the system. This 

increase in feature importance arises since the additional training data in CMB4_EXT were 

generated with longer simulation durations where conditions with deeper inundation and flux 

interactions between neighboring meshes are dominates. In other words, extreme conditions 

with boundary-driven flux exchanges contribute a greater portion of the training data of 

CMB4_EXT, which lead to higher importance values.  

 

6.3.2 Model performance against medium-scale rainfall 

The temporal variation of simulated water depth contour under 2021 rainfall of medium 

scale is illustrated in Fig. 6-3. Overflow from the Karube river is observed starting 25 hr. 

Paddies located close to the river gradually reach full capacity of 0.3 m and flood propagates 

overtime with the majority of area inundated by more than 0.5 m at the end of precipitation. 

As depicted in Fig. 6-4, the two models were first evaluated by the temporal variation of 

RMSE with respect to land use to observe in detail the different characteristics in inundation 

and between models. The predictive performance of the two model during the first 25 hr highly 

coincides with each other with overall RMSE suppressed at around 0.03 m. A slight increase 

in RMSE is observed starting 25 hr, approximately the time when overflow from the Karube 

river occurs, for both models and accuracy between models diverges. Both models illustrate 

relatively high accuracy up until 50 hr when a significant almost linear increase in RMSE up 

to 0.15 m is noted for CMB4. In comparison, CMB4_EXT still holds a low overall error of 

 
Fig. 6-2 Feature importance of configurated models. 
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0.05 m at the end of prediction. When looking at the temporal variation with respect to each 

specific land use, the RMSE for river varies relatively significantly over time, especially with 

a slightly large error at the first few steps of prediction. Again, this initial high error is 

contributed from the small percentage of meshes as well as from the cold start from initial state 

of normal water level as specified also in previous sections. In comparison, the RMSE for 

paddy and miscellaneous land use starts with a low value and gradually accumulates overtime 

for both events. Overall, the RMSE comparison suggests that CMB4_EXT outperforms CMB4 

except for a brief interval between 30 hr and 45 hr in which the predictive accuracy of the 

 
Fig. 6-3 Water depth contour from HD simulation (2021 rainfall).  

 
Fig. 6-4 Temporal variation of RMSE with respect to land use (2021 rainfall). 
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former model is marginally compromised. To visualize the correlation of prediction and 

simulation results, a scatter plot with density of individual predictions is depicted in Fig. 6-5. 

The dense point cloud aligned closely to the perfect prediction line suggests overall high 

performance of both models. It is notable that the error diverges more significantly for 

predictions of shallow inundation depth, for example depths below 1.5 m. A trend for 

underestimation is also observed for CMB4 when water depth exceeds 1.5 m, suggesting a 

relatively low performance in comparison to CMB4_EXT.  

To further investigate the detailed spatial and temporal distribution of error, the predicted 

water depth contour of CMB4 and CMB4_EXT and difference contour are depicted from Fig. 

6-6 through Fig. 6-9. From Fig. 6-6 and Fig. 6-7 it can be noted that CMB4 resulted in 

relatively high consistency with simulations during the first 25 hr where errors were 

suppressed within centimeters. As inundation depth increases and overflow occurs, the 

predictions reveal greater divergence spatial over land use of paddies and temporally between 

steps, which is expected from error accumulation over iterations. The most significant error 

for CMB4 is observed between 50 hr and 55 hr. The predicted contour maps suggest similar 

inundation depths while significant increase in water depth over paddy areas is observed from 

simulation, which leads to an underestimation of more than 0.2 m over the majority of areas 

at the final step of prediction. In comparison, the results predicted with CMB4_EXT illustrate 

a high performance during the first 50 hr (Fig. 6-8 and Fig. 6-9). The final prediction at 55 hr, 

although still having a slight tendency towards underestimation, also indicates higher 

coincidence to simulation results compared to CMB4.  

Another metric of critical success index (CSI) was performed evaluating how well the RF 

 
Fig. 6-5 Comparison of simulated water depth and predicted water depth with density. 
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model predicts for flood extent. CSI, also known as threat score, is a categorical agreement 

metric that measures the proportion of correctively predicted positives over the sum of total 

number of prediction and misses. The computation of CSI is performed by the following 

equation. 

TP
CSI

TP FP FN


 
    (6.1) 

where TP, FP and FN represent true positive, false positive and false negative respectively, 

 
Fig. 6-6 Water depth contour predicted with iteration using CMB4 (2021 rainfall). 

 
Fig. 6-7 Difference contour of CMB4 prediction compared to simulation (2021 rainfall). 
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Fig. 6-8 Water depth contour predicted with iteration using CMB4_EXT (2021 rainfall). 

 
Fig. 6-9 Difference contour of CMB4_EXT prediction compared to simulation (2021 rainfall). 

and the values are obtained the same way as confusion matrices described in Chapter 3. With 

values between 0 and 1, a higher CSI suggests better agreement of flood extent. Together with 

a contour map of flood arrival time, the spatial capability of RF model in assessing the 

occurrence of flood risks could be evaluated. Here multiple thresholds were selected for 

investigation: 0.01 m and 0.05 m, commonly used thresholds for the identification of wet and 
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dry processing, and 0.1 m and 0.3 m, where property damage may be induced and evacuation 

efficiency may be influenced. Summarized in Table 6-2 and Table 6-3 are the CSI metrics 

with respect to each land use for the two RF models respectively. Having values greater than 

0.8 for all thresholds being evaluated, both models result in a relatively high overall 

performance and the difference between models is not significant. The evaluation with respect 

to land use, on the other hand, indicates a notable variation regarding different thresholds. For 

example, the CSI for miscellaneous land use does not change significantly with respect to the 

selection of threshold, while a degradation from 0.9 to less than 0.8 is observed for paddy when 

evaluated with a threshold of 0.3 m for both models. In comparison, the CSI for mountain 

starts with a relatively low value and ends with an almost perfect performance for threshold of 

0.3m. This trend difference in land use is contributed from the various hydraulic flood 

characteristics. With the height of paddy ridge set to be 0.3 m, inundation depth of this 

thresholds indicates overflow from paddy occurs. That is, a significant change in the 

characteristics of water depth rise from depth accumulation to flood propagation occur at this 

threshold. In comparison, the flood characteristics of road areas do not inherit such temporal 

variation and the corresponding CSI metrics remain stable with respect to thresholds. The 

drastic change in mountain is induced by the overall shallow inundation, as observed from the 

simulated water depth contour (Fig. 6-3). The majority of mountain area is only shallowly 

inundated even at the end of precipitation and the number of meshes inundated with depths 

greater than 0.3 m is limited, which contributes to the extremely high CSI value. Comparing 

the two models, the general trend can be observed that the CSI scores of CMB4_EXT are 

relatively higher when evaluated with large thresholds regardless of land use. Since the extra 

training data cooperated in CMB4_EXT was simulated under more extreme precipitation 

Table 6-2 CSI metrics for different land use of CMB4 (2021 rainfall). 

0.3 m0.1 m0.05 m0.01 mThreshold

0.8320.9160.9420.870Overall

0.8390.8640.8600.752Miscellaneous

0.9970.4160.5130.576Mountain

0.7800.9320.9830.934Paddy

Table 6-3 CSI metrics for different land use of CMB4_EXT (2021 rainfall). 

0.3 m0.1 m0.05 m0.01 mThreshold

0.8460.9160.9350.859Overall

0.8420.8670.8520.758Miscellaneous

0.9970.8820.7280.733Mountain

0.8040.9290.9760.908Paddy
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conditions, this model performs better for inundation with greater depths while resulting in 

slightly compromised performance when inundation is shallow. This observation is also 

consistent with the previous illustrations of contour maps where CMB4_EXT resulted in 

higher differences between 10 hr and 25 hr (Fig. 6-7 and Fig. 6-9).  

The contour maps for time of inundation with thresholds 0.05 m, 0.1 m and 0.3 m are 

depicted in Fig. 6-10 to evaluate whether the models successfully predict the temporal 

propagation of inundation, the arrival time of flood in other words. For the clarity of 

visualization, the figure only illustrates the results for areas with miscellaneous land use since 

such land use covering roads and residential areas is the most important land use relating to 

non-structural countermeasures under emergency situations such as evacuation route 

calculations. Under medium-scaled precipitation, the majority of road areas suffer inundation 

greater than 0.1 m and both models are able to capture the overall trend of flood propagation. 

Comparing the results of two models, CMB4 tends to miss certain areas of inundation over the 

upstream areas. The flood arrival time predicted by CMB4_EXT better coincides with 

 
Fig. 6-10 Comparison of start time of inundation contours with different thresholds.  
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simulated results. But a slight delay is still observed in certain areas, which suggests the 

predictions falls on the danger end and might induce risk-underestimation in practical 

applications.  

Finally, the performance was evaluated by metrics relating to the hydrologic validity and 

practical applicability of the models. Specifically, the inundation area and inundation volume 

were quantitively assessed, comparison of longitudinal water level of the Karube river at 

different times was carried out and the capability to predict for maximum inundation depth 

was investigated. Depicted in Fig. 6-11 is the predicted inundation area, with 0.05 m threshold, 

and inundation volume using the two RF models compared with simulation results from HD 

model. During the early stage of rainfall events, the differences in predicted inundation area 

and volume between the two models are not significant, both having high alignments with 

simulated values. However, the values for predicted area and volume of CMB4 flatten when 

in reality flood propagates further with greater depth. Such divergence in prediction eventually 

leads to an underestimation in inundation volume by approximately 50,000 m3. CMB4_EXT, 

in contrast, indicated overall high performance in predicting the temporal propagation of 

inundation area and volume, with some local errors for example during 30 hr to 45 hr. 

Indication for the different prediction behaviors is due to the selection of training data. As 

detailed previously in Fig. 6-1, the cumulative rainfall for the 2021 rainfall event 

approximately approaches 180 mm at 50 hr. The maximum cumulative rainfall used in the 

training data for CMB4 and CMB4_EXT is 173 mm and 347 mm respectively. The scale for 

2021 rainfall exceeds the range covered by the training set of CMB4 after 50 hr, and the limited 

ability to extrapolate eventually leads to significantly compromised performance at the end of 

 
Fig. 6-11 Comparison of simulated and predicted inundation area and volume.  
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  event. In contrast, the scale is still within the range of CMB4_EXT and significant incremental 

error variation is not observed.  

The temporal variation of longitudinal water level of the Karube river was evaluated to 

hydraulic consistency of prediction to HD models. The evaluation focused on the early stage 

of precipitation event and the period within which where overflow from the river started to 

occur. Depicted from Fig. 6-12 to Fig. 6-14 are the longitudinal water level obtained from HD 

model simulation, prediction by CMB4 and prediction by CMB4_EXT respectively. Because 

of the closed sluice way condition at the downstream end, a longitudinal gradient is observed 

during the first few hours of precipitation and gradually levels starting approximately 5 hr for 

the 2021 rainfall event. The predicted outputs from both models, while overall capturing the 

temporal change of water level rise over time, resulted in a significant overestimation during 

 
Fig. 6-12 Longitudinal water level of the Kaube river simulated from HD model (2021 rainfall).  

 
Fig. 6-13 Longitudinal water level of the Kaube river predicted by CMB4 (2021 rainfall).  

 
Fig. 6-14 Longitudinal water level of the Kaube river predicted by CMB4_EXT (2021 rainfall).  
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  the first hour. The gradient consistency is also not fully reproduced for both predictions as 

indicated by the significant local variation at 3 hr and the retained gradient at the upstream 

when the simulated water surface flattens. Two reasons considered to contribute to this 

inconsistency are the abrupt incremental change in longitudinal water level and the 

independency in RF prediction. As noted from the simulation results, the water level rises 

significantly from the downstream and propagates backwards during the first few hours and 

the longitudinal gradient vanishes for the majority of the rainfall event. Since the prediction 

interval was 10 min, the prior state alone is not sufficient enough when abrupt variations occur. 

The local inconsistency at each specific time is mainly the result of the inherited nature of RF 

models in terms of making independent predictions based purely on data-driven statistics 

instead of the governing equations in HD models. In comparison, the performance of the two 

models is significantly improved as time progresses when the overall gradient diminishes. For 

example, the predicted longitudinal water level is more consistent compared to simulation 

around the period when overflow occurs as indicated by the figures on the right of Fig. 6-12 

through Fig. 6-14. The overall longitudinal characteristic is captured with high consistency 

from 20 hr to 26 hr for both models, suggesting that the time when overflow occurs at the 

downstream region is predicted with high accuracy. A slight overestimation is observed for the 

water level prediction afterwards, especially within the 2.55 km to 2.95 km region. Since the 

error is mostly restrained within 0.1 m, the performance of both models is considered 

acceptable in reproducing the longitudinal water level characteristics during real rainfall events 

and highlighted the potential feasibility for practical consequence relating applications. 

As for the prediction of the maximum water level (Fig. 6-15), CMB4 resulted in a significant 

underestimation by approximately 0.2 m. In comparison, the prediction by CMB4_EXT 

coincides highly with simulation results with observable variations at some locations. The 

results again confirmed the compromised capability of RF model for extrapolation and the 

importance of considering greater range of training data for model construction. The ability of 

the CMB4_EXT to reproduce peak behavior of the entire river basin is then evaluated by 

 
Fig. 6-15 Comparison of maximum longitudinal water level (2021 rainfall).  
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comparing the maximum depth contour (Fig. 6-16) and error histogram with respect to land 

use with frequency evaluated against the total number of meshes (Fig. 6-17). The majority of 

prediction errors center in the range of -0.075 m to 0.075 m and the frequency significantly 

decreases as the error diverges from 0. On the other hand, a slight bias towards underestimation 

is still observable, especially for miscellaneous land use and paddies. Together with the 

evaluations regarding flood arrival time, it can be concluded that while CMB4_EXT is capable 

of making spatiotemporal water depth predictions with relatively high performance, this model 

may bring risks in practical flood warning systems under medium-scale precipitations such as 

the 2021 event. 

 

6.3.3 Model performance against extreme-scale rainfall  

The models were then tested against 2018 rainfall, which is an extreme event with 

approximate scale of 150 yr2). Fig. 6-18 illustrates the simulation results of this event. 

Precipitation of this extreme scale induces severe inundation over the entire area and 

 
Fig. 6-16 Comparison of maximum depth contour.  

 
Fig. 6-17 Error histogram for maximum depth (CMB4_EXT).  
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inundation depth exceeds 2.2 m under the no-drainage situations.  

First shown in Fig. 6-19 is the temporal variation of RMSE of the two RF models. Similar 

to the results from the previous section, the performance of the two models first aligns closely 

with overall RMSE gradually approaching 0.05 m. A significant increase in RMSE is observed 

for CMB4 at approximately 38 hr while not for CMB4_EXT. Again this time when the 

performance of the two model diverges corresponds to the time when cumulative rainfall 

approaches the range of training data in CMB4, and the transition from interpolation to 

extrapolation induced the significantly degraded prediction accuracy. The RMSE for 

CMB4_EXT, on the other hand, retains an overall value around 0.05 m up until approximately 

47 hr, and a slight increasing trend is observed afterwards with a final RMSE around 0.15 m. 

Since this increase in RMSE is noted for all land uses, it is important to identify whether the 

model induces significant bias and the reasons leading to this observation. Fig. 6-20 illustrates 

the scatter plot for all predictions compared with simulation results of the two models. The 

majority of CMB4 predictions reveals substantial biases towards underestimation. The 

predictions result in a relatively parallel distribution to the perfect prediction reference line 

where predictions remain nearly constant as simulated depth increases, suggesting that CMB4 

fails to respond proportionally to inundation depths. In comparison, the distributions of 

CMB4_EXT predictions clusters more closely relative to the reference line. For predictions 

 
Fig. 6-18 Water depth contour from HD simulation (2018 rainfall).  
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with inundation depths less than 2.5 m, the dense point clouds align symmetrically along the 

reference line. However, bias towards overestimation is observed for the prediction of deeper 

water depths, suggesting an inconsistency in the prediction performance with respect to 

inundation depths. The contributing factor to this observation is likely to be induced by the 

imbalance in training data and detailed investigations are carried out with other evaluation 

metrics and visualization of results.  

Fig. 6-21 through Fig. 6-24 depicts the predicted water depth contour and difference contour 

referring to simulation of the two models respectively. The prediction of CMB4 up until 35 hr 

indicates a relatively high coincidence with simulation results where the errors fall in the range 

of -0.05 m to 0.05 m. However, the water depth contours afterwards suggest limited response 

 
Fig. 6-19 Temporal variation of RMSE with respect to land use (2018 rainfall). 

 
Fig. 6-20 Comparison of simulated and predicted water depth with density (2018 rainfall). 
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Fig. 6-21 Water depth contour predicted with iteration using CMB4 (2018 rainfall). 

 
Fig. 6-22 Difference contour of CMB4 prediction compared to simulation (2018 rainfall) *. 

* figures for 50 hr and after omitted. 
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Fig. 6-23 Water depth contour predicted with iteration using CMB4_EXT (2018 rainfall). 

 
Fig. 6-24 Difference contour of CMB4_EXT prediction compared to simulation (2018 rainfall). 
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  to the succeeding precipitation where flood continues to propagate and inundation depth 

increases. And this lack of temporal variation eventually leads to the gradually diverged 

prediction relative to simulation, which produces the significant increase in RMSE and 

consistently underestimations over the entire area. This results further provide evidence that 

RF models respond poorly to extrapolation and prediction accuracy significantly degrades 

once the target event exceeds the range of training data. Comparing Fig. 6-23 to Fig. 6-18, it 

can be concluded that the predictions of CMB4_EXT overall capture the trend of temporal 

propagation of flood during the entire prediction period. The difference contour suggests high 

performance up until 40 hr with errors within the range of – 0.05 m to 0.05 m. Yet a gradual 

temporal error accumulation towards overestimation is observed over the majority of area after 

40 hr, and this results are consistent with the increasing RMSE as discussed previously. As 

stated in Chapter 4, the boundary for the target area of RF model construction is delineated by 

the elevated topography of railway, prefecture road and mountain areas that cover the most 

frequently inundated areas. However, from the simulation results of the entire Karube river 

basin (Fig. 4-10), it can be observed that flood gradually propagates upstream of prefecture 

road under extreme precipitation conditions starting approximately 40 hr to 45 hr, resulting in 

a broader inundation area outside the target area used for RF model construction (Fig. 4-12). 

In other words, while flux exchange occurs at the boundary of downstream target area during 

the actual hydrodynamic computation, this phenomenon is not reflected by the RF model due 

to the limited area selection and imbalanced training data. Although the maximum cumulative 

rainfall used in the construction of CMB4_EXT was 347 mm, only three of the hypothetical 

rainfall patterns out of the total 42 patterns have cumulative rainfall exceeding 200 mm, which 

is the approximate magnitude at 40 hr for the 2018 rainfall event. With such limited training 

data on extreme conditions, the ensembled nature of the RF model resulted in predictions under 

the same logistics as the predictions for shallower water depth. The omitted outflow across the 

target boundary eventually induced the degradation of performance of CMB4_EXT during the 

later period of prediction.  

The flood extent evaluation in terms of CSI and time of inundation contour was then 

performed investigating the models’ capability to capture spatial and temporal behavior of 

flood. Summarized in Table 6-4 is the CSI metrics for CMB4. The results suggest that the 

performance significantly degrades as the threshold increases for all land uses, and the overall 

evaluation with threshold of 0.3 m indicates that only two thirds of the meshes are correctly 

classified in the validation of flood extent. The evaluations for CMB4_EXT, in comparison, 

show a relatively consistent performance for all land uses, with an average value greater than 

0.9 for all threshold selections (Table 6-5). The contour comparison for the start time of 

inundation, depicted in Fig. 6-25, also indicates that CMB4 fails to identify the temporal flood 
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Table 6-4 CSI metrics for different land use of CMB4 (2018 rainfall). 

 

0.3 m0.1 m0.05 m0.01 mThreshold

0.6730.8220.8540.872Overall

0.5410.6460.6760.733Miscellaneous

0.1340.16002660.363Mountain

0.7380.9600.9860.979Paddy

Table 6-5 CSI metrics for different land use of CMB4_EXT (2018 rainfall). 

0.3 m0.1 m0.05 m0.01 mThreshold

0.9490.9550.9630.930Overall

0.9520.9440.9340.870Miscellaneous

0.8960.7970.7020.548Mountain

0.9390.9600.9830.978Paddy

 
Fig. 6-25 Comparison of start time of inundation contours with different thresholds.  
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propagation by missing large inundation areas over miscellaneous land use. The results for 

CMB4_EXT are more consistent with simulation results, and no significant mismatch of flood 

arrival time is observed for all thresholds, which further confirms the high performance of this 

model under shallow inundation conditions.  

Illustrated in Fig. 6-26 is the quantitative comparison of inundation area, with 0.05 m 

threshold, and predicted inundation volume of the two models compared with simulation 

results. During the early stage of rainfall events, the differences in predicted inundation area 

and volume between the two models are not significant, both having high alignments with 

simulated values. However, the values for predicted area and volume of CMB4 flatten when 

the true flood propagates over larger areas with greater depth, which contributed to the 

consistent underestimations over the entire area. The ability of CMB4_EXT to identify 

inundation area is relatively robust throughout the entire period while the prediction for 

inundation volume slightly diverges with simulation after 45 hr. The results for longitudinal 

water depth prediction also draw similar conclusions. Illustrated from Fig. 6-27 to Fig. 6-29 

are the temporal water level of simulation, prediction from CMB4 and prediction from 

CMB4_EXT, respectively. Both models struggled to provide accurate predictions during the 

first few hours, especially the acuate increase of more than 0.2 m at the downstream from 1 hr 

to 2 hr, when significant longitudinal gradient in water level is present. As the overall gradient 

gradually diminishes, the performance of both models increases with slight overestimation at 

the upstream most end. The consistency of prediction compared to simulation results is further 

increases as the gradient becomes negligible and the time when overflow occurrences starting 

approximately 13 hr at the downstream region are correctly captured by both models. With a 

 
Fig. 6-26 Comparison of simulated and predicted inundation area and volume.  
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Fig. 6-27 Longitudinal water level of the Kaube river simulated from HD model (2018 rainfall).  

 
Fig. 6-28 Longitudinal water level of the Kaube river predicted by CMB4 (2018 rainfall).  

 
Fig. 6-29 Longitudinal water level of the Kaube river predicted by CMB4_EXT (2018 rainfall).  

temporal cease in precipitation, the water level increases again at 25 hr and significant 

overflow from multiple locations are noted longitudinally. The predictions from both models 

resulted in slight overestimation, but the overall water level prediction is considered highly 

consistent with simulation results. The capability in predicting for maximum water level, on 

the other hand, differs significantly for the two models. As also noted from the evaluation 

regarding inundation area and inundation volume, the prediction of CMB4 levels when the 

cumulative rainfall of the 2018 event exceeded the range of training data. The corresponding 

prediction for water level also resulted in significant underestimation as shown in Fig. 6-30. 

In contrast, the prediction of CMB4_EXT is overall highly consistent with simulation with a 

slight trend for overestimation.  

As observed from previous contour maps, flood starts to propagate outside the downstream 
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Fig. 6-31 Comparison of maximum depth contour.  

 
Fig. 6-32 Error histogram for maximum depth prediction (CMB4_EXT).  

 
Fig. 6-30 Comparison of maximum longitudinal water level (2018 rainfall).  
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area at this time and the outflow from boundary reduced the rate at which inundation volume 

increases. On the other hand, CMB4_EXT fails to capture the flux exchange at boundaries due 

to limited training data for extreme events, and the predicted control volume continues to 

increase, resulting in a deviation from true dynamics. The corresponding prediction for the 

maximum depth, as a result, also results in significant overestimation. Shown in Fig. 6-31 and 

Fig. 6-32 are the comparison of predicted and simulated maximum depth, corresponding 
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difference contour and error histogram summarized with respect to land use. The contour 

maps, again, provide evidence that CMB4_EXT successfully identifies inundation extent 

within the target area while overestimating the inundation depth over a large area. It is also 

noted that the larger overestimations distribute closely to the boundaries where flux exchanges 

occur in actual simulation. Certain downstream areas result in underestimations and a slight 

gradient in the predicted water depth within paddies is observed, suggesting a compromised 

robustness under extreme conditions. The histogram also indicates a significant bias towards 

overestimation as much as 0.25 m.  

Although overestimation is more desirable in practical application compared to 

underestimation in terms of hazard warning, it is important to identify whether other factors 

also contribute to the biased trend. For example, previous chapters concluded that the iteration 

process induces error accumulation over time and the prediction performance is subjective to 

initial error. Considering the significant number of iteration under long-lasting practical 

rainfall events, error accumulation is also likely to contribute to the compromised performance 

of the model. Therefore, a prediction process without iteration (i.e. using simulation results as 

the input for each step of prediction) was performed to evaluate incremental error versus error 

accumulation. Fig. 6-33 illustrates the RMSE predicted without iteration using CMB_EXT. 

Despite a high RMSE in the Karube river, the performance of the model predicted with a 

constant 1-step lead time (10 minutes) is promising during the entire prediction period with 

values suppressed below 0.04 m. The scatter plot comparison of prediction to simulation, 

shown in Fig. 6-34, also indicates a more densely concentrated prediction along the perfect 

prediction reference line. The bias towards overestimation under greater inundation depths 

observed in the iterated prediction results is greatly resolved. On the other hand, an increasing 

trend during the later period of prediction is still observed in the temporal variation of RMSE 

even eliminating the influence of error accumulation. Fig. 6-35 and Fig. 6-36 depict the 

comparison of maximum depth and error distribution of the results predicted without iteration 

respectively. The contour maps match more closely to simulation results compared to results 

 
Fig. 6-33 RMSE with respect to land use predicted without iteration using CMB4_EXT. 
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Fig. 6-34 Comparison of simulated water depth and predicted water depth (predicted without 

iteration using CMB4_EXT).  

 
Fig. 6-35 Comparison of maximum depth contour predicted without iteration.  

 
Fig. 6-36 Error histogram for maximum depth predicted without iteration using CMB4_EXT.  
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from iterated prediction process. The error histogram suggests a highly concentrated 

distribution around 0 and the spread of prediction error is reduced from an absolute range of 

0.25 m to less than 0.1 m. However, the trend for overestimation still exists where a majority 

of area is overestimated by 0.05 m to 0.1 m. Since this result represents an incremental error, 

it provided evidence that this bias is induced mostly by the imbalanced training data rather 

than error accumulation due to the iteration process. While the results suggest that further 

investigation regarding the selection of training data is necessary, the overall performance of 

the model is confirmed with acceptable errors. The results also conclude the potential for the 

parallel usage of HD model and augmented RF model in practical applications. Instead of 

iterated predicting for an entire rainfall event, the predictions could be calibrated over time by 

updating the input for prediction with simulation results. In this case, the temporal error 

accumulation of the iteration process resets after a certain period of time, and more accurate 

predictions could be carried out with high efficiency for succeeding periods.  

 

6.3.4 Discussion regarding generalization capability and efficiency 

From the above-mentioned evaluation against two practical rainfall events, it is concluded 

that the model performance is highly dependent on the selection of training data. The accuracy 

of model is significantly compromised if the cumulative rainfall of the target event exceeds 

the range used in the training data as proven by the results of CMB4 under both rainfall 

conditions. The relatively high performance of CMB4_EXT in comparison suggests that 

including extra training data of extreme events improves the overall generalization capability 

of the RF model. On the other hand, it is also notable that this large dataset also introduces the 

potential for conservative prediction under floods with shallow depths. Both the RMSE and 

contour maps prove evidence that CMB4 outperforms CMB4_EXT during a certain period of 

time, for example during 30 hr to 45 hr of 2021 rainfall and during 27 hr and 35 hr of 2018 

rainfall.  

Besides further investigation regarding the selection of training data, another factor that 

affects the generalization capacity is the settings of hyperparameter. In general, a larger value 

for the number of tree configures the model with diverse tree and stronger variance reduction3). 

Models with more trees, in other words, are likely to perform better under rare and extreme 

events while not for moderate patterns. Large trees also result in longer training time and 

increased size of output model, both of which could compromise the efficiency in application. 

To evaluate whether significant difference in performance and efficiency is introduced by the 

settings of number of trees, another RF model was constructed with all conditions the same as 

the original CMB4_EXT model except for increasing number of trees from 100 to 200 
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(CMB4_EXT200). The new model was then evaluated against the same two rainfall events for 

comparison.  

Fig. 6-37 and Fig. 6-38 illustrate the RMSE for the 2021 and 2018 rainfall events predicted 

with CMB4_EXT200 respectively. The overall trend of the temporal variation for each land 

use, for example the high initial error in the Karube river and gradual error accumulation in 

paddy and miscellaneous land use, is similar to the trend observed from the results predicted 

by the original model. The prediction for 2021 rainfall resulted in a similar overall RMSE of 

0.05 m at the end of prediction, while a slightly lower RMSE for 2018 rainfall. The comparison 

of water depth contour and difference maps for the two events, illustrated from Fig. 6-39 to 

Fig. 6-42, also indicates the same conclusions. For example, CMB4_EXT200 results in 

significant error in prediction with local overestimations of approaching 0.2 m at 25 hr of 2021 

rainfall (Fig. 6-40), while the model with 100 trees has significantly better coincides with 

simulation results (Fig. 6-9). The predictions over other time steps also suggest greater 

variance in error. On the other hand, CMB4_EXT200 outperforms the original model when 

evaluated under extreme rainfall of 2018. Although the contour maps still show tendency for 

overestimation at the end of prediction, it is observed from the comparison between Fig. 6-42 

 
Fig. 6-37 Temporal variation of RMSE for 2021 rainfall predicted with CMB4_EXT200.  
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Fig. 6-38 Temporal variation of RMSE for 2018 rainfall predicted with CMB4_EXT200.  
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and Fig. 6-24 that CMB4_EXT200 predicts for water depth with less error for almost all time 

steps being evaluated. The corresponding prediction for maximum depth also suggests that 

large values of trees generate larger variance for medium-scaled precipitations (Fig. 6-43) and 

slightly more consistent results for extreme events (Fig. 6-44) compared to simulation. This 

difference in prediction performance under different rainfall conditions is consistent with how 

 
Fig. 6-39 Water depth contour predicted with iteration using CMB4_EXT200 (2021 rainfall). 

 
Fig. 6-40 Difference contour comparison of CMB4_EXT200 (2021 rainfall). 
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Fig. 6-41 Water depth contour predicted with iteration using CMB4_EXT200 (2018 rainfall). 

 
Fig. 6-42 Difference contour comparison of CMB4_EXT200 (2018 rainfall). 
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  RF models ensembles the diversity of trees. Even trained with the exact same training data, 

more trees in the model result in stronger averaging process. While such models are more 

robust to extreme events, local variances would be significantly generalized. As a result, 

CMB4_EXT200 performs slightly better when evaluated against extreme conditions.  

Furthermore, the temporal variation of water level simulated by HD model at locations 

indicated in both Fig. 6-43 and Fig. 6-44 is summarized as scatterplots. Fig. 6-45 illustrates 

the three locations at the upstream, midstream and downstream of the Karube river of both 

rainfall events with horizontal axis representing time t and vertical axis being time t+1 (10 min 

later). A strong temporal correlation is observed for both events, indicating a smooth evolution 

of water level between consecutive 10-min time steps. Similar evaluation is performed for 

 
Fig. 6-43 Comparison of maximum depth contour (2021 rainfall). 

 
Fig. 6-44 Comparison of maximum depth contour (2018 rainfall). 
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paddies with three specific paddies located gradually distant to the Karube river (Fig. 6-46), 

where strong linear correlation is also observed. A slight abrupt incremental change is noted 

for P1 and P2 for both rainfall and such local changes is indicated to be the time when overflow 

from paddies occur. These results confirm that the short-term water level dynamics are strongly 

dominated by local storage effects rather than abrupt fluctuations, and it is considered that RF 

models captured this statistically strong correlation which contributed to the overall high 

accuracy even with error accumulation over time.  

Regardless of the minor difference in prediction performance, the other more important 

consideration in terms of practical application of the RF model is the computational cost. 

 
Fig. 6-45 Temporal correlation of water level in the Karube river (HD simulation). 
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Fig. 6-46 Temporal correlation of water level of different paddies (HD simulation). 
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Faster predictions are favored since prediction latency, or the sufficient lead time for 

authorities and individuals to prepare for non-structural measures such as evacuation, becomes 

critical in emergency situations. Table 6-6 summarizes the model size, training time and load 

time of the two models. The size of output RF model doubles as the number of trees increases 

from 100 to 200. Training time significantly increases by more than twice. Even after model 

configuration, the computational cost involved in the prediction process of practical 

applications consists of the time to load model, make predictions, output as visualizable 

format, and most importantly, the data processing between iterations. The time required to load 

the pre-trained model approximately doubles as the number of trees double. The computational 

time needed for the actual prediction process also varies slightly even if the model is loaded 

ahead of time. Summarized in Table 6-7 is the computational cost comparison of different 

models. HD model required 140 min and 114 min for the 2018 and 2021 rainfall event 

respectively. In comparison, the predictions performed with RF models reduced the calculation 

time within 10 min for both events. Considering that this calculation time also included the 

time consumed in data reconstruction between iterations, the RF models are significantly 

efficient compared to HD models. Currently the RF models are constructed and predicted using 

CPU, and the prediction time is expected to further shorten with the assistance of GPU in 

practice. As for the difference in computational cost between two RF models, that model with 

a greater number of trees requires more time for prediction. This difference again introduces 

the trade-off between prediction accuracy and computational cost. For the target rainfall events 

investigated in this study, doubling the number of trees only induces a minor difference in 

accuracy while resulting in significant increase in memory requirement and computational 

time in the training phase. And this increase in computational cost is expected to become 

notable for future operational purposes when predictions over larger regions or longer periods 

are necessary.  

Table 6-6 Detailed comparison of CMB4_EXT configured with different number of trees. 

 

Load time (s)Training time (s)Model size (GB)Number of trees

360.59367.73.93100

727.024901.47.86200

Table 6-7 Computational cost comparison. 

 

RF model (CPU)
HD model (GPGPU)Rainfall event

CMB4_EXT200CMB4_EXT

9.1 min8.8 min140 min2018

7.7 min7.3 min114 min2021
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  Overall, the difference in the predictive performance of the two models highlights a balance 

between generalization capability to common patterns and stability under extreme events. 

Together with a variation in the requirements of computational cost, the results emphasize a 

subtle influence of hyperparameters across different rainfall scenarios and the necessity for 

careful tuning in consideration with target rainfall events.  

 

6.4 Chapter summary 

This chapter further investigated the potential of applying RF models, trained with 

simulation results of HD model under hypothetical rainfall pattern, to predict the 

spatiotemporal flood propagation of real rainfall events with efficiency. The main findings of 

this chapter are summarized below.  

1. The most important feature used in model configuration was the prior state of depth and 

the least was rainfall information. The observations were consistent with the logistics of 

HD model that the current water depth is dominated mostly by the prior state of the system 

rather than direct precipitation.  

2. When evaluated against 2018 and 2021 rainfall events, error accumulation over time 

becomes more notable as induced by the increasing number of iterations. The CMB4 

model, trained with simulation results of only 5-hr, resulted in a significant increase in 

RMSE at the time when cumulative rainfall of the target event exceeded the maximum 

range of training data. In comparison, CMB4_EXT significantly improved the prediction 

performance with a final overall RMSE of 0.15 m and 0.05 m for the two rainfall events 

respectively since the training data further included scenarios under extreme events with 

10-hr durations. The difference in model performance provided evidence for the limited 

capability of RF models to extrapolation, which highlighted the importance of careful 

selection of training data in correspondence to the target rainfall event.  

3. The capability of the RF model to spatially predict for the occurrence of flood was 

evaluated through CSI and contour map of flood arrival time. Both of the evaluations 

indicated that CMB4_EXT succeeded in capturing the flood propagation of the two 

rainfall events. The quantitative evaluation of inundation area and inundation volume also 

resulted in high coincidence with simulation results. The evaluation of longitudinal water 

level further suggested that RF models struggled to provide accurate prediction during the 

early stage of rainfall event due to significant temporal longitudinal gradient. The 

performance was relatively high as longitudinal gradient diminishes and the predicted 

results were highly consistent around the time when overflow occurs for both rainfall 
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events. The performance of CMB4_EXT in predicting for maximum water level was also 

high, which highlighted the potential of this method to be applied for future practical 

purposes. 

4. The performance of RF model is significantly sensitive to the selection of training data. 

The inclusion of training data on extreme events overall improved the generalization 

ability of the model since extrapolations were avoided. On the other hand, the ensemble 

algorithm of RF model also introduced potential for predictions biasing towards averaging. 

Doubling the number of trees in the model also resulted in slightly different performance. 

Yet the difference was considered subtle across the different scenarios evaluated in this 

research. 

5. The computational cost during the training phase was highly dependent on the parameter 

settings of the model. Once being trained, the RF models were able to significantly reduced 

the computational cost compared to HD models, even taking consideration of the time 

needed for dataset processing between iterations.  
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CHAPTER 7 CONCLUSIONS AND FUTURE 

PERSPECTIVES 

7.1 Conclusions 

This research proposed an iterative hydrodynamic-simulation-informed random forest (RF) 

model targeting for efficient spatiotemporal flood predictions under practical rainfall 

conditions. Taking advantage of the high-accuracy aspect of conventional hydrodynamic (HD) 

models and efficiency aspect of machine learning (ML) models, this augmentation approach 

aims to solve for data scarcity concerns regarding observable extreme events and provide 

detailed flood prediction results with sufficient lead time for practical applications. With 

Chapter 1 and Chapter 2 introducing the motivations of this study and methodology of the 

augmentation approach respectively, Chapter 3 through Chapter 6 each investigated different 

aspects from method validation to practical applications of this proposed approach. The main 

conclusions for each chapter are as follows.  

Chapter 3 carried out numerical experiments under constant rainfall conditions as a 

validation for the proposed augmentation approach. Performed with a simple bowl-shaped 

hypothetical terrain setting, the first numerical experiment indicated that including prior state 

information of adjacent meshes significantly improved model performance by providing more 

accurate classification on inundation areas and predictions of water depths. The construction 

of RF model targeting more complex terrain settings with different land use conditions further 

required more features such as elevation of neighbor meshes. As another dominant factor for 

control volume within computational domain of prior state, feature indicating river boundary 

conditions was also important in improving model performance. The representation of land 

use with one hot encoding method did not significantly affect model accuracy. The iterative 

prediction process suggested that this approach is sensitive to initial error and error 

accumulation during long-term predictions. Under the settings of the constant rainfall 

conditions over hypothetical terrain settings, an iteration interval of 2.0-hr was able to provide 

high accuracy predictions with overall RMSE within 0.02 m. 

Chapter 4 applied the augmentation approach of HD model and RF model to the Karube 

river basin. Targeted on the downstream area where severe inundation occurred frequently in 

history, the RF model was configured with simulation results of HD models under constant 

rainfall conditions. The feature importance suggested a more significance in features indicating 

inflow and outflow boundary conditions due to the complexity of flux exchange in practical 
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terrains compared to the conditions carried out in the previous chapter. Using an iterative 

prediction interval of 2.0-hr, the accuracy of prediction decreases significantly around the time 

when overflow occurs, even provided with accurate prior information. While reducing 

computational cost, such interval failed to properly capture intense changes in hydraulic 

characteristics, especially before and after overflow occurs. Evaluations performed with a 

shortened iteration interval of 10-min allowed for better reflection of immediate dynamic 

changes and increased local performance. Yet a shortened interval required a greater 

robustness of RF model due to increased number of iterations, and the model when tested 

against real historical rainfall events of 2021 suggested a significant degradation in 

performance. The results of this chapter highlighted the importance of incorporating more 

diverse hypothetical rainfall patterns in the construction of training data, and refining feature 

selections in order to improve model generalization capability for practical rainfall conditions. 

Chapter 5 further investigated hypothetical rainfall patterns of temporal varying intensities 

together with refinements of features in the configuration of RF models. Using the same 

features as the previous chapter, the evaluations carried out under rainfall conditions with 

temporal intensity variations resulted in a compromised performance in the predictions of both 

inundation area and volume, suggesting that the features were not sufficient enough to 

represent complex hydrodynamic properties. Based on the results of feature importance and 

observations from contour maps, investigations were then performed by converting the less 

representative features into prior state of water level of adjacent meshes and land use indicators 

of dynamic features of runoff coefficients. The indication of river boundary conditions was 

also revised into water level at the inflow and outflow mesh considering the fact that water 

levels are more measurable than discharges in practical applications. With such features 

refinements, the performance of the model was significantly improved. Evaluations were then 

carried out investigating how the selection of rainfall patterns in the training data affects the 

generalization capability and overall performance of the RF model. Including diverse patterns 

of training data enhanced the generalization capability of the model. The results suggested that 

the performance of RF models was significantly dependent on the selection of training data 

due to the limited capability of extrapolation. On the other hand, such large database also led 

to the potential for conservative prediction due to the ensembled nature of RF regression 

algorithms such that predicted results tend to average towards mean values when targeting 

extreme or rara events. 

Chapter 6 investigated the potential of applying RF models, trained with simulation results 

of HD model under all hypothetical rainfall patterns, to predict the spatiotemporal flood 

propagation of real rainfall events with efficiency. Evaluated against 2018 and 2021 rainfall 

events, error accumulation over time became more notable as induced by the increasing 
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number of iterations. The CMB4 model, trained with simulation results of only 5-hr, resulted 

in a significant increase in RMSE at the time when cumulative rainfall of the target event 

exceeded the maximum range of training data. CMB4_EXT, the RF model incorporating 

rainfall patterns of extreme conditions, significantly improved prediction performance. This 

latter model also successfully captured the overall flood propagation of the two rainfall events. 

The quantitative evaluation of inundation area and inundation volume also resulted in high 

coincidence with simulation results. While the evaluation of longitudinal water level of the 

Karube river resulted in a slightly compromised performance during early stage of event, the 

high performance around the time when overflow occurs and for the prediction of maximum 

water level during both events suggested that the model holds the potential for future practical 

applications. As for the computational cost aspect, the time required for the training phase was 

highly dependent on the parameter settings of the model. Once being trained, the RF models 

were able to significantly reduced the computational cost compared to HD models, even taking 

consideration of the time needed for dataset processing between iterations. 

 

7.2 Future perspectives 

This research targeted for spatiotemporal flood prediction using RF model trained with 

simulation results from HD models under hypothetical design rainfall events. Tested over the 

Karube river basin and against two historical rainfall events, the augmentation approach was 

proved to reproduce the flood propagation process with high coincidence compared to 

simulation results while significantly reducing computational costs. Limitations also arise 

from this investigation and are summarized as following. 

1. The applicability of the augmentation approach was evaluated against the Karube river 

basin and the results suggested overall high predictive performance. On the other hand, 

this region inherits relatively simple topographical characteristics where inundation 

naturally accumulates over the downstream area. The computational conditions evaluate 

in this research were also simplified where boundary conditions at upstream weir and 

downstream sluiceway were both closed throughout calculation period and no pump 

drainage outside the river basin was considered. Therefore, the generalization capability 

of this augmentation approach over other areas such as urban areas where terrain settings 

and inundation characteristics are more complex are still to be investigated. The feasibility 

of the approach under other rainfall conditions, such as events with complicated spatial 

distributions, rainfalls with multiple severe peaks, and situations where both pluvial and 

fluvial inundations are induced, should also be evaluated in future studies. 
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2. The selection of features was carried out under assumptions that precipitation and river 

boundary conditions are known inputs. Further studies are needed to cooperate with time-

changing aspect of rainfall forecast in real-life applications and the availability of real-

time observations of river conditions. As also concluded in this research, the iterative 

performance was still subjective to long-term error accumulations, where non-iterative 

predictions resulted in relatively higher accuracy. Therefore, the feasibility of calibrating 

RF models from time to time over long-term predictions using parallelly simulated results 

from HD models should be investigated in practical applications. 

3. The ensemble prediction process of RF model induced an overall high generalization 

capability when the training data covers rainfall patterns with greater diversity in terms of 

shape, peak distribution and cumulative rainfall. Yet this property also results in relatively 

less sensitivity for local variations. As a result, the selection of training data should take 

consideration of target rainfall events, for example constructing multiple RF models to 

target for medium scales and extreme events separately, instead of incorporating all scales 

within one single model. Feature selection could also be further refined, especially 

regarding the meshes at the boundary line of target area where information for adjacent 

meshes is absent and regarding situations when the no-flux exchange assumption is no 

longer valid. Since the evaluations suggested that cumulative rainfall an important factor 

dominating the generalization capability of the RF model, direct indicators for such 

information such as time steps and cumulative rainfall could be included in model 

construction. Furthermore, other machine learning models, especially deep learning 

models should be investigated since such models are more suitable for capturing the non-

linear relationships between features and for extrapolations of untrained events.  

4. While the computational cost of constructed RF models was highly reduced compared to 

HD models, greater efficiency is expected by compiling the current process over GPU. 

The data processing procedure between iterations could also be further optimized by 

removing unnecessary information. 

5. Evaluations regarding whether this augmentation approach could provide information 

accurate and efficient enough for decision-making under emergency situations such as 

releasing early flood warning and provide evacuation routes should be carried out with 

more details. While this research provided a short investigation regarding critical success 

index and comparison of flood arrival time contour maps, detailed quantitative analysis is 

still necessary regarding flood damage reduction aspect for future applications. 

 


