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Automatic Detection of Turning Over in Bed with Protection of Privacy
Using Four Low-resolution Thermal Sensors to Support Nursing Care
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Abstract Turning over in bed, especially turning over at night, is a vital human unconscious behavior. Clin-
ically, this movement disperses pressure between the body and bed, thus preventing bedsores. Several devices,
such as acceleration and pressure sensors, can count turning overs automatically; however, they often require
installation on the patients or in the bed. The simplest and noninvasive method to count turning overs is to re-
cord and count on video images, but this method cannot protect privacy. Images obtained using thermal sensors
have been used to protect privacy; however, there are no reports of counting turning overs automatically using
low-resolution sensors. We developed a novel device equipped with four low-resolution thermal sensors, with
each sensor recording only an 8x8-pixel thermal image. The original data can protect patient privacy because
the resolution is only ~28.8x28.8 cm per body, which is the lowest resolution compared to previous reports
using thermal images. Using four sensors simultaneously enables us to collect sufficient data for automatic
identification. We first used the bilinear interpolation method employed in a previous report to count turning
overs; however, the results were unsatisfactory because turning overs produced extremely subtle changes in the
original data compared with postural changes such as falls. After several attempts, we finally developed a
unique identification program that interleaved all data from four sensors and then identified turning overs using
residual neural network-18. Using the new system, the accuracy, recall, and precision of counting turning overs
in bed improved to approximately 90% with an acceptable computation load in an experiment conducted on
volunteers. This study demonstrated the feasibility of our device to count turning overs in clinical settings by
the new identification program using four 8x8-pixel thermal images per frame, which have sufficiently low
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resolution to protect patient privacy.
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1. Introduction

Several countries are facing the challenges of a super-ag-
ing population. Japan recorded the highest proportion of
older individuals aged over 65 years in 2017, which is
predicted to increase continuously to 38.4% in 2065 [1].
Allocating caregivers at appropriate times and locations
to provide tailored services according to the characteris-
tics of individuals is the most important strategy in actu-
al area-based medicine [2]. Immobility causes bedsores,
and the risk is often unrecognized [3] imposing a signifi-
cant burden not only on the patients but also the entire
healthcare system. The social impact is so severe that the
United States has set reduction in the prevalence of bed-
sores as a component of the Healthy People 2010 initia-
tive [3, 4].

Bedsores often develop because older individuals
are repositioned only a small number of times. A 2-h in-
terval for repositioning, widely known as “Kosiak’s
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rule”, is recommended. However, Kosiak et al. [5, 6]
merely showed that in dogs and other animal models, if
a pressure greater than 200 mmHg is applied continuous-
ly on the same area of the skin, necrosis starts and may
develop into bedsore within 2 hours. In nursing science,
a study demonstrated that skin erythema and ischemic
changes can occur in healthy human adults in less than 2
h on a standard mattress [7]. Another study reported no
difference in the development of new lesions when pa-
tients were repositioned every 2 h versus every 3 h on a
standard mattress, or every 4 h versus 6 h on a viscoelas-
tic foam [8]. Although repositioning is certainly import-
ant to prevent bedsores, there are no detailed studies on
pressure ulcer interventions. The specific groups of indi-
viduals who require caregiver-assisted repositioning and
the minimally required frequency in clinical settings
have not been clearly elucidated [9].

Our study focused on turning over in bed, especially
nocturnal turning over, which is an important human
unconscious behavior. Clinically, turning overs disperse
pressure between the body and bed, thereby preventing
bedsores [6]. Therefore, counting turning overs could be
a quantitative method to evaluate the risk of developing
bedsore, and may also help estimate the appropriate fre-
quency of caregiver-assisted repositioning.

Although devices using acceleration sensors [10]
and pressure sensors have been developed to count turn-
ing overs [11], they generally require installation on the
patient or the bed. Assessing the movements of patients
on video images may be the simplest and most accurate
method for classifying movements without additional
invasive device. However, acquisition of video images
often induces a sense of intrusion and/or discomfort for
individuals, and is still considered undesirable despite
the increasing acceptance of using video images. Never-
theless, video images always pose a risk of compromis-
ing privacy [12] when using the data for analysis, and
they cannot capture the movements at night. To meet
strict hospital confidentiality requirements, low resolu-
tion images should be used. In a study that used a single
8x8 sensor, the requirement was apparently satisfied, but
the method could only distinguish large postural changes
(sitting still, standing still, approaching the sensor, and
moving away from the sensor) [13]. To date, no study
has counted nocturnal turning overs using thermal imag-
es while protecting patient privacy.

Therefore, the objective of this study was to develop
a device equipped with thermal sensors and a computer
program to detect patients’ nocturnal turning overs while
maintaining privacy. We encountered challenges in bal-
ancing privacy protection with accuracy of image recog-
nition using thermal sensors. We also found that count-
ing turning overs using low-resolution sensors had

difficulties that could not be resolved using previous
methods; such as residual heat on the bed that did not
correspond to the body, only subtle movements detected
during turning over compared with postural changes, and
presence of blankets interfering with temperature change
[14]. In this study, we developed for the first time a de-
vice capable of acquiring four low-resolution thermal
images (8x8 pixels) that distinguished only the head,
torso, and limb movements of a person. We succeeded to
achieve accurate counting of turning overs using a resid-
ual neural network (ResNet) program trained on unique
datasets.

2. Materials and methods

2.1 Study design

The study protocol (UMIN 000040549, R2004-001) was
approved by the Institutional Review Board of Okayama
University (14000045) before study initiation. Only vol-
unteers who were aged > 20 years and could understand
and sign informed consent forms were enrolled. All sub-
jects provided written informed consent.

We enrolled 20 healthy volunteers. Data from 16 of
the 20 volunteers were successfully collected, and data
from the remaining 4 volunteers were not collected be-
cause of device errors (Fig. 1).

2.2 System

The sensor component of the original device consisted of
four low-resolution thermal sensors (Grid-EYE
AMG8833, Panasonic Industry Co., Ltd., Japan). Each
thermal sensor provided a field of view of 60° and had a
resolution of 8x8§ pixels. The four thermal sensors were
positioned side-by-side, with a distance of 10 cm be-
tween two sensors in close proximity. One general video
camera (FIT0701, Zhiwei Robotics Corp., China) was

Assessed for
eligibility(»=20)

Enrollment

n=20

Lost of data n=1
Device failed to boot

Lost of data n=3
Sensor was covered by the
black tape in error

Analyzed n=16

Fig. 1 Diagram of the clinical trial. Data from 16 of 20
volunteers were collected successfully.
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added at the center to collect ground truth data for system
evaluation of this study. Power was supplied by a com-
mercially available USB port (Fig. 2a). The sensors were
connected to an Arduino mini board (Arduino Uno R4
WiFi, Arduino S.R.L., Italy) and a Raspberry Pi 3 (Rasp-
berry Pi 3 Model B+, Raspberry Pi Ltd., UK) to send the
collected data via wireless LAN to a mini-PC (NUC,
Next Unit of Computer) (Fig. 2b). Consequently, four
low-resolution image data and one video image were
obtained simultaneously from the device set on the ceil-
ing (Fig. 3).

The environment of the dark hospital room was sim-
ulated using the same bed, blanket, and pillow. The vol-
unteers were told to turn over in bed anytime they want,
and the device collected the thermal image data of the
bed for 30 min at a height of 200 cm, which was the same
height as the hospital room. Hence, one pixel covered an
area of approximately 28.8 cm x 28.8 cm (Fig. 4).

2.3 Evaluation and identification programs

For evaluation, we set each frame at 0.1 s and defined a
time window of 50 frames, equivalent to 5 s per window.
The true turning over timestamps were manually con-
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Fig.2 Device and configuration. (a) Four thermal sensors
in the corners (sensor A-D) collect data from four
directions. (b) Data are sent via Wi-Fi, stored in a
NUC, and analyzed by a PC.

Sensor A

Sensor B

Sensor C

Sensor D

L

Fig. 3 Examples of collected data. 8x8 thermal sensor data
of 2x2 arrayed sensors and the relevant video image.
Four sensors observed the same object but showed
differences because of their directions.

firmed from the ground truth data collected by the video
camera at the center. If the window included the move-
ment of a turning over and the identification program
classified it as “turned over”, the result of identification
was defined as true positive (Fig. 5).

The performance of the program was evaluated us-
ing the following metrics:

Accuracy is the proportion of correctly classified
cases, both positive and negative, of the total number of

cases. It was calculated using the following equation:
TP+TN

TP+TN+FP+FN

Precision is the proportion of predicted positive cas-
es that are truly positive. It was calculated using the fol-
lowing equation:

P
TP+FP

Recall is the proportion of actual positive cases that

are correctly identified by the model. It was determined

Accuracy=

Precision=

fOriginaE device
ceiling
=60°
200cm
[ =2880m
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Fig.4 Area covered by one sensor. One pixel covers an
area of approximately 28.8 cm %x28.8 cm from a
height of 200 cm.
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Fig. 5 Automatic detection of turning overs. Turning overs
can be automatically detected using the device. Cir-
cle: actual turning over confirmed by the video cam-
era, line: value of ResNet-18, the threshold of 1.0 is
judged to be turning over.
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using the following equation:
7P
TP+FN
where TP = true positives, TN = true negatives, FP =
false positives, and FN = false negatives.

For identification programs, the Z-score (as detailed
below) was used as a simple mathematical measure to
identify turning overs. Recurrent neural networks
(RNNs) and ResNet (18 and 50) were adopted as neural
network programs (Table 1). For the machine learning
analysis, we randomly selected 7 of 16 cases as a training
set, 5 as the validation set, and 4 as the testing set.

Recall =

2.3.1 Z-score
The temperature at frame i (T,) of a pixel was assumed to
be linear (T, = T_, +A). We defined (x, y) using the same
method of interleaving explained in section 2.3.3. The
Z-score method first smoothed A using the Kalman filter
[15], then calculated the fittest plane that satisfied (X, v,
A ) at frame i, obtained the angle (0) of inclination of
the plane [16], and finally calculated Z, using the mean,
variance and the angle of every frame.

Z=(6-u)/(o)
where p is the mean, and o is the standard deviation of 0
calculated from all frames.

If Z-score of the maximum angle was > 2.0 in a win-
dow, this window was considered turning over.

2.3.2 RNNs

A total of 200 frames were sequenced, and the sum of the
maximum pixel-wise differences across all frames was
used as input. Data size was (200, 256). For the RNN mod-
el [17], the hidden size was set at 2048, and the number of
layers was four. The model learned and evaluated the re-
sults for every 50 frames. The threshold was set at 1.0.

2.3.3 ResNet

We uniquely sequenced the 200 frames and computed
the maximum difference for every pixel. The processed
data were then organized into two-dimensional (2D) ar-
rays. The total number of pixels was (16, 16), by inter-
leaving the data of each array on sets of four correspond-
ing positions (Fig. 6).

Fori:1~16Forj:1~16(Maxt:x~x+200(Datai,j,t)
_Mint:xNx+200(Datai,j,t))

Table 1 Parameters of the models.

Input Data Data Size  Threshold  Other parameters
Z-score Sum of maximum difference (1,1) 2.0
Sequence the 200 frames and sum of maxi- Hidden size: 2048
RNN ) N ) (200,256) 1.0
mum difference of every pixel layers: 4
Sequence the 200 frames and Maximum
ResNet-18 (16,16) 1.0

difference of every pixel in 50 frames

Sequence the 200 frames and Maximum
ResNet-50 o (16,16) 1.0
difference of every pixel in 50 frames

where (i, j) is the position of the interleaved data, and ¢
represents the number of frames. The window size was
set at 50 frames, and the threshold was 1.0, the same as
that in the RNN model.

The 2D arrays are not real image but contain all col-
lected data without modifications. We adopted Res-
Net-18 and ResNet-50 [18] for comparison.

Initially, we adopted bilinear interpolation to the
original data according to a previous study [13] that used
the same thermal sensor. However, this approach did not
yield satisfactory results. After several attempts, we de-
veloped a program that was able to count turning overs
with sufficient accuracy, by interleaving the data and
then classifying turning overs automatically by ResNet.

3. Results

The healthy volunteers consisted of 5 men and 15 wom-
en. One volunteer was aged in the 40s, 5 were in their
30s, and 14 were aged in their 20s.

The total number of windows (5 s for one window) in
the testing set was 936 for the four testing sets. Move-
ments of turning over were included in 96 windows
(10.26%). Confusion matrices were constructed accord-
ing to the results of the identification programs (Table 2).

The accuracy, precision, and recall for counting
turning overs evaluated using the Z-score method were
0.9049, 0.6000, and 0.2188, respectively, and those eval-
uated using the RNN method were 0.8932, 0.4697, and
0.3299, respectively. These results were suboptimal.
There were more false negatives in these models if the
number of turning over events increased. Conversely, the
accuracy, precision, and recall for the ResNet-18 method
were 0.9808, 0.9239, and 0.8854, respectively; and those
for the ResNet-50 method were 0.9754, 0.9011, and
0.8542, respectively, showing dramatic improvement.

A
LD

sensor A sensor B
tJ
—_—
sensor C sensor D

Four partially overlapped 8x8 16x16 fused data

Thermal data

Fig. 6 Interleaving of data. Data obtained from the four
sensors are placed sequentially based on their relat-
ed positions (in the 16x16 matrix). The gray area
shows the distribution of data from sensor D (8x8).
onfirmed by video camera, line: value by ResNet-
18)
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Table 2 Results of identification of turning overs.

Model Z-Score RNN ResNet-18 ResNet-50

Judgment TP ‘ FP ‘ FN ‘ TN | TP ‘ FP ‘ FN ‘ TN | TP ‘ FP ‘ FN ‘ TN | TP ‘ FP ‘ FN ‘ TN
G H W A

Case #2 F 154 | 47 |30-35 5 0| 54| 91 14 0| 45| 91| 57 4 2 87| 57 3 2| 88
Case #6 F 164 | 51 |30-35 9 4| 21225 10| 11| 20| 218 | 21 1 9| 228 18 1 12| 228
Case #7 M 174 | 79 | 30-35 7 0 0| 262 7 5 0| 257 7 2 0| 260 7 5 0| 257
Case#10 | F 159 | 59 |30-35 0| 10 0| 248 0| 19 01 239 0 0 0] 258 0 0 0] 258
Total 21| 14| 75| 86| 31| 35| 65| 805| 85 7| 11| 833 | 82 9| 14| 831

TP: true positive, FP: false positive, FN: false negative, TN: true negative, G: gender, H: height (cm), W: weight (kg), A: age group (years)

Table 3 Performance metrics for the prediction models.

Table 4 Summary of previous studies.

Accuracy Precision Recall
Z-score 0.9049 0.6000 0.2188
RNN 0.8932 0.4697 0.3229
ResNet-18 0.9808 0.9239 0.8854
ResNet-50 0.9754 0.9011 0.8542

ResNet-50 required much higher computation load
[329.41 million floating-point operations per second
(FLOPs)] than ResNet-18 (139.66 million FLOPs) [18],
although the evaluation metrics were not apparently im-
proved (Table 3).

In this study, we showed the actual data to all the
volunteers and asked whether they had any privacy con-
cerns, to which all volunteers responded that they had
absolutely no issues.

4. Discussion

We used low-resolution thermal sensors to count turning
overs in bed, including nocturnal turning overs, while
protecting patient privacy. Several studies have detected
postures, movements, and health conditions using ther-
mal sensors with protection of privacy (Table 4).

The systems described in those studies used ex-
tremely low-resolution sensors (e.g., 8x8 [13]) or rela-
tively low-resolution sensors (e.g., 80x60 [19] and
30x32 [20]) to detect major postural changes. In con-
trast, systems with high-resolution sensors (e.g., 640x480
[21, 22], 320x240 [23], and 213x120 [24]) were used to
monitor health conditions or detect precise postural
changes. Higher resolution is generally required to rec-
ognize small changes in thermal sensor data, it may pose
a risk of compromising privacy.

We prioritized protecting the privacy of the original
data, because hospitals require strict confidentiality. We
hypothesized that human movements are detectable if
thermal images approximately 30%30 cm in size could be
collected from major body parts such as the head, torso,
and limbs. Moreover, previous reports provide evidence

Study Device Resolution Objectives

X location and posture futures(laying,
[19] FLIR Lepton 80x60 Thermal Array with
Ultrasonic sensor

80x60 sitting, standing, or none), bedside
falls, bed-entry and exit events
Seck CompactPRO with ReSpeaker Mi-

crophone Array (version 2.0)

320%240  influenza-like illness

[23]

pose recognition (arm forward, arm

[20]  The thermopile infrared sensor (multiple) 30%32

side, arms down, bend and sitting)
respirations
posture (standing, lying, sitting,

[21]  Seek Thermal Compact PRO for iPhone 640x480

[24]  FLIR Lepton v3 sensor 213x120

bending)
falls
postures (sitting still, standing still,

[22] FLIR ONE camera 640480

[13]  AMGB8833 IR array sensor 8x8 coming toward the sensor, going

away from the sensor)

that this size can protect privacy [25]. Therefore, we ad-
opted a thermal sensor of 8x8 pixels, which was the
lowest resolution available when we started this project,
and this sensor was able to detect the temperature for a
pixel size of approximately 28.8x28.8 cm from a height
of 200 cm (Fig. 4).

Based on the above assumption, we developed a
system to detect turning overs accurately. A previous
study [13] also used the same low-resolution sensor
(Grid-EYE AMG8833) to classify postures (sitting still,
standing still, approaching the sensor, and moving away
from the sensor. However, counting turning overs in bed
using low-resolution sensors presents difficulties [14];
such as residual heat on the bed does not correspond to
the body, only subtle movements are detected during
turning over compared with postural changes, and the
presence of blankets interferes with temperature chang-
es. To resolve these difficulties, we used four low-resolu-
tion sensors simultaneously and observed the object
from different directions, increasing the dimensionality
of the data aiming to obtain more accurate data without
compromising privacy.

We then attempted to upscale the original data using
methods such as bilinear interpolation as described in a
previous study [13] and super resolution approach. How-
ever, these methods achieved only 30%-70% precision
and recall. Finally, we developed interleaving data,
which differ fundamentally from generating true images
but include all the original data without upscaling, and
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applied ResNet to these unique data (Fig. 3). ResNet is
widely used to learn and classify images, and is charac-
terized by effective training of deeper networks through
residual connections [18]. The window was set at 50
frames, representing 5 s. All data with a maximum differ-
ence of 200 frames were allocated to 2D data of (16, 16)
for ResNet machine learning. Consequently, the device
was able to detect turning over with extremely high ac-
curacy. We believe that two major factors contributed to
the success. First, the Grid-EYE AMG8833 sensors pro-
vide highly accurate temperature readings. Second, we
did not upscale the original data before machine learn-
ing, unlike previous study [13]. The performance of
ResNet-18 and ResNet-50 was comparable. ResNet-50,
which has more parameters than ResNet-18, performs
better in most image classification datasets. However,
the input size of our data is small; hence, a model with
excessive parameters tends to overfit rapidly.

Multiple thermal sources and environmental chang-
es can introduce noise in detection. The sensor requires
data collected over a period of time for calibration and
for distinguishing useful signals from noise. Also, turn-
ing overs in bed are gradual movements lasting a few
seconds. Therefore, detection relies on thermal images
collected over a certain time interval rather than a single
frame. Each frame has a dimension of (8x8)%(2x2), and
each turning over detection uses 200 consecutive frames.
The dimension of a detection can reach 51,200, which is
close to a 224x224 gray-scale image. For performance
evaluation, we compared a neural network with a linear
discriminant method based on z-score. The linear dis-
criminant method failed to detect turning overs in many
cases, whereas the neural network method achieved bet-
ter performance.

As shown in Table 2, false-negative windows were
more frequent in Cases #2 and #6. These cases exhibited
very frequent turning overs (n =59 and 30, respectively).
Cases with fewer turning overs, such as Cases #7 (n =7)
and #10 (n = 0), had less false-negative windows. This
result implies that there may be less false-negative win-
dows in natural turning over frequencies, typically twice
per hour [26].

Although this study was exploratory, gender and
physique appeared to have little influence (Table 3),
probably because our device acquired only thermal im-
ages of the upper body covered by a blanket. We also
reviewed false-positive windows in the original video
images and found that they were caused by small move-
ments of hands and heads. This finding suggests that our
device may detect turning overs more accurately in re-
al-world clinical settings and may eventually be able to
detect and classify small movements by learning from
real patient data in the future.

As shown in Table 3, all models demonstrated high
accuracy, but the Z-score and RNN models showed low
precision, suggesting that the previous models had more
false-positive windows. Our results show that ResNet
models can overcome this limitation.

To date, no study has demonstrated that machine
learning can detect turning overs using data from
low-resolution sensors, such as 8x8 pixels. Our findings
suggest a possibility that the device can generate new
parameters for evaluating patients’ individual and exact
conditions by accurately identifying small movements
other than turning overs, while protecting patient priva-
cy.

There were some limitations in this study. Because
of the COVID-19 pandemic, we recruited a small group
of healthy and young volunteers, who probably per-
formed turning over consciously to some degree, and
apparently had a higher frequency of turning overs (Ta-
ble 2). Therefore, in more natural environments with
patients, the characteristics of the data will be different,
and the prediction performance may change. In the fu-
ture, we plan to evaluate this system by applying it to
study actual turning overs of older individuals in hospital
settings.

5. Conclusion

To our knowledge, this study is the first to automatically
count turning overs in bed using extremely low-resolu-
tion thermal sensor images, which enable us to observe
the patients even at night with protection of privacy. Al-
though the resolution of one image of 8x8 pixels was
sufficiently low for protection of privacy in hospitals, the
resolution was too low to detect small postural changes
such as turning over. By using multiple low-resolution
sensors simultaneously, we were able to count turning
overs. Using the ResNet-18 machine learning program,
the accuracy, recall, and precision of counting turning
overs were approximately 90%, indicating marked im-
provement over other previous methods. Further experi-
ments may elucidate the appropriate frequency of turn-
ing overs needed to prevent bedsores using this system.
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