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ABSTRACT
Unsupervised anomaly localization aims to identify anomalous regions that deviate from normal sample patterns. Most recent
methods perform feature matching or reconstruction for the target sample with pre-trained deep neural networks. However, they
still struggle to address challenging anomalies because the deep embeddings stored in the memory bank can be less powerful
and informative. Specifically, prior methods often overly rely on the finite resources stored in the memory bank, which leads to
low robustness to unseen targets. In this paper, we propose a novel subspace-guided feature reconstruction framework to pursue
adaptive feature approximation for anomaly localization. It first learns to construct low-dimensional subspaces from the given
nominal samples, and then learns to reconstruct the given deep target embedding by linearly combining the subspace basis vectors
using the self-expressive model. Our core is that, despite the limited resources in the memory bank, the out-of-bank features can
be alternatively “mimicked” to adaptivelymodel the target. Moreover, we propose a samplingmethod that leverages the sparsity of
subspaces and allows the feature reconstruction to depend only on a small resource subset, contributing to less memory overhead.
Extensive experiments on three benchmark datasets demonstrate that our approach generally achieves state-of-the-art anomaly
localization performance.

1 Introduction

Anomaly localization task for visual inspection, which refers to
detecting visual anomalies in images that deviate from normal
sample patterns, plays a key role in many practical applications
such as product quality control [1–3] and video surveillance [4–
6]. In practical scenarios, anomalies are rare in production
lines, rendering the acquisition of a suitable dataset for training
supervised methods impractical. To tackle this problem, recent
approaches have explored one-class classification (OCC) anomaly
localization, leveraging only abundantly available anomaly-free
images (see [7] for a review). Early works based onOCC generally
train autoencoders (AEs) to reconstruct normal images only. For
an arbitrary testing image, the poorly reconstructed regions local-
ize anomalies. As such, the models with higher generalization

capacity would by contrast degrade the performance. This makes
later efforts focus on tuning the generalization strength ofmodels,
such as exploring the bottleneck layer for reconstruction.

Modern OCC anomaly localization methods [8, 9] leverage the
knowledge of pre-trained deep neural networks for ImageNet [10]
classification. In a pioneering study, [11] attempt to extract
features exclusively from normal data (i.e., nominal data) by
utilizing a pre-trained neural network and subsequently keep
these features in a memory bank. Identifying abnormal regions
that deviate from the nominal patterns stored in the memory
bank is facilitated through feature matching techniques. This
concept of using feature matching lays the groundwork for state-
of-the-art methods [12, 13] to achieve strong spatial localization
of anomalies despite the lack of adaptation to specific feature
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distributions. However, as pointed out in [12, 14], feature
matching using deep feature embeddings is a non-adaptive
approach. Non-adaptive approaches have limited confidence in
matching unseen features because they rely heavily on the finite
resources stored in a memory bank. Although this limitation
can be alleviated by preparing a vast number of feature patterns,
as memory bank resources increase, the anomaly localization
process becomes computationally expensive, and latency
increases. One straightforward strategy to address this challenge
is to screen the data before storing them in a memory bank.
Given the constraints imposed by computational and memory
limitations, [11] and [12] employ pre-selections based on kNN [15]
and coreset subsampling [16], respectively. In contrast, [9]
attempts to generate synthetic anomalies in a pre-trained feature
space to improve the discriminative performance for localizing
anomalous features. While these approaches enhance the feature
information extracted from nominal data during inference, they
do not inherently tackle adapting to the feature distribution of
specific data. Thus, approaches that represent specific feature
distributions have shifted to a policy of reconstructing target
features. Although conventional methods [17–19] can represent
a wider range of normal appearances, they suffer from a
shortcut learning problem in which even abnormal regions are
reconstructed accurately due to their high generalization ability.

In this paper, we propose a novel subspace-guided framework to
provide a better solution to anomaly localization. Our method
aims to pursue a more reliable feature approximation for unseen
targets by learning low-dimensional subspaces [20, 21], which
can be easily derived using the nominal sample features in the
memory bank. Specifically, by introducing the approximation
policy of the self-expressivemodel [22], the unseen target features
can be compactly represented by a linear combination of features
from nominal samples lying on one specific underlying subspace.
As such, despite the lack of target information in the memory
bank, the target feature can be readily produced by resorting to
the ideal subspace. Moreover, our framework addresses anomaly
localization by leveraging the insight that as our subspace-guided
approximation strategy only enables reproducing the anomalous-
free features, the anomalous regions would induce a significant
reconstruction error. We thus define the anomaly score as the
difference between the target feature and the reconstructed
feature via our method. Compared to prior approaches using
feature matching, which relies largely on finite resources stored
in a memory bank, our subspace-guided feature reconstruction
yields a richer data coverage and robustness to challenging
anomalies. Ideally, fully utilizing the storage in the memory bank
would lead to a strong target feature approximation capacity.
Nevertheless, it would cause a prohibitively large computational
overhead. To address this, we leverage the sparsity [23] of
subspaces and further propose a samplingmethod that allows the
feature reconstruction to depend only on a small resource subset,
improving computational efficiency. As shown in Figure 1, our
method reconstructs features to mimic a given target sample to
localize anomalies during inference. Extensive experiments on
three public datasets demonstrate that our approach generally
achieves state-of-the-art anomaly localization performance.

In summary, our paper includes the following main contribu-
tions:

FIGURE 1 An example of anomaly localization results from our
method on the MVTec AD benchmark dataset. The red boundary in the
target image indicates anomalous regions. Each feature map is shown
in red color gradients for visualization. Anomaly localization results are
shown by orange for anomaly boundaries and blue-red color gradients for
anomaly intensity.

∙ We propose a novel anomaly localization framework that
incorporates the subspace-guided feature reconstruction
mechanism. It adaptively mimics the out-of-memory bank
features by linearly combining the features in one specific sub-
space derived from the given nominal samples to encourage a
sufficient data coverage.

∙ We introduce a sparsity-inspired sampling technique for
subspace basis vectors to mitigate memory expense in recon-
structing target features.

∙ We perform extensive experiments to demonstrate that our
method yields state-of-the-art anomaly localization accuracy
with only very few nominal data.

2 RelatedWork

Anomaly localization focuses on identifying visually anomalous
regions in an image. This task is more challenging than anomaly
detection [24–26], which distinguishes patterns in data that devi-
ate from expected behavior. In the context of recent unsupervised
anomaly localization methods, one of the key issues is how to
efficiently identify anomalous regions during inference based on
the nominal dataset available beforehand.

Early literature [27, 28] involves reconstructing normal images
from anomalous images using an encoder-decoder network.
The anomaly localization capability of these methods is based
on the assumption that the trained network cannot accurately
reconstruct anomalous regions, and anomalies can be identified
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by comparing the target image with its reconstructed image. In
particular, AE𝑆𝑆𝐼𝑀 [17] introduces a structural similarity metric
into the AE model [29] to capture the structural information of
the image, thus enhancing the anomaly localization ability of the
model. However, these methods tend to accurately reconstruct
anomalous regions due to their high generalization ability, lead-
ing to false negatives in anomaly localization as the complexity
of the problem increases. To address this issue, methods starting
with [25] employ pre-trained networks on extensive external
natural image datasets like ImageNet [10], capable of representing
fine-grained visual features.

Recent methods, which introduce the innovative concept of
utilizing nominal feature representations extracted by these pre-
trainedmodels, have significantly improved anomaly localization
performance compared to earlier approaches. [30] proposed a
teacher-student framework based on knowledge distillation [31].
In this framework, during training, the student learns only from
the knowledge of nominal samples transferred by the teacher.
Following this knowledge distillation framework, STFPM [32]
introduces a feature pyramidmatchingmechanism that alleviates
the incompleteness of transferred knowledge loss by match-
ing corresponding multi-scale features in the student-teacher
network. RD [8] proposes an inverse distillation approach that
extends the teacher-student framework to enhance the diversity
of anomaly representations. Several studies propose training
anomaly localization models in a self-supervised manner by
simulating pseudo-anomalous data [33]. CutPaste [34] generates
synthetic anomalies using a simple technique that involves
cutting patches from an image and placing them at random
locations within the image. DeSTSeg [35] uses two-dimensional
Perlin noise [36, 37] to generate more realistic anomalous images.
Yao et al. [38] proposed an anomaly localization framework
based on edge enhancement and cascade optimization of residual
features to generate augmented images that closely resemble
the distribution of real anomalous images. DiffAD [39] lever-
ages the diffusion model [40] to capture structural changes
in images, achieving strong performance in anomaly localiza-
tion. Similarly, RealNet [41] introduces a strength-controllable
diffusion-based anomaly synthesis strategy to generate realistic
yet diverse anomaly samples that closely align with natural
data distributions.

Reconstruction-based approaches using deep embeddings have
also been proposed recently. Unlike AE𝑆𝑆𝐼𝑀 , DFR [19] employs
the deep features extracted by a pre-trained network as the
reconstruction target. DSR [37] utilizes the latent space of pre-
trained autoencoders to generate synthetic anomalies, enabling
the generation of anomaly regions at the feature level. It is worth
noting that the aforementioned approaches demand a large num-
ber of training data and necessitate periodic retraining whenever
the training dataset is updated. In contrast, anomaly localization
approaches based on thememory bank framework, which are the
most relevant to our proposed method, do not require a training
step. This characteristic is attractive for practical applications in
industrial anomaly localization.

A representative work of the memory bank-based approach is
SPADE [11], which achieves anomaly localization by storing
nominal features extracted from a pre-trained neural network in
a memory bank and then performing feature matching. While

storing all nominal data in the memory bank can improve
anomaly localization performance, it may not be practical due
to computational constraints. To enhance the computational
efficiency of this feature matching process, SPADE incorporates
pre-selection using kNN [15]. However, maintaining accuracy
while using kNN-based pre-selection remains computationally
demanding, mainly due to the limited number of reductions
permissible within the memory bank. Consequently, subsequent
methods have focused on maximizing the information of nom-
inal features retained in memory banks. PaDiM [42] adopts
a strategy by evaluating the Mahalanobis distance [43] at the
patch level instead of using the time-intensive kNN method.
PatchCore [12] proposes to build a memory bank that considers
the negative effects of biased features of pre-trained networks
on anomaly localization. A crucial limitation of these meth-
ods lies in their reliance on feature matching in the memory
bank for anomaly localization without fundamentally address-
ing the task of adapting to the feature distribution of specific
data.

Following this line of research, our approach introduces the
concept of subspaces [44] into the task of anomaly localization,
thereby affording two advantages: i) an adaptive feature represen-
tation guided by subspace-preserving properties; ii)memory bank
reduction motivated by sparsity. Compared to prior approaches,
our framework is less reliant on features stored in a memory
bank and instead explores faithful approximation of normal
features through subspace structures that compactly compress
patterns of nominal features. This allows themodel to reconstruct
normal features while excluding abnormal regions in unseen
targets and significantly alleviates the issue of shortcut learning,
which is widely confirmed in conventional reconstruction-based
models. Moreover, the memory bank reduction motivated by
sparsity can reduce the reconstruction burden while maintaining
performance by selectively retaining a small part of data that
accurately represents nominal feature patterns.

3 Anomaly Localization via Subspace Learning

In this section, we propose a framework that utilizes a self-
expressive model for subspace learning to arrive at localization
decisions, as illustrated in Figure 2. To this end, we present an
algorithm designed to capture the similarity between a target
feature and an approximated feature by a self-expressive model
(Section 3.1). We then explicate the sampling technique that
employs a subspace structure to decrease the inference time
(Section 3.2), and we finally summarize the comprehensive
algorithm up to the localization of anomalies (Section 3.3).

3.1 Subspace-Guided Feature Reconstruction

We first describe our policy for localizing anomalous regions
by approximating the features using a self-expressive model.
Formally, we define the nominal data containing only normal
images as  = {𝐼1, … , 𝐼𝑛, … , 𝐼𝑁}, and the test image provided
during inference, which can be either normal or abnormal, is
denoted by 𝐽. Each image is characterized by its width 𝑤∗,
height ℎ∗, and number of channels 𝑐∗ (i.e., 𝐼𝑛 ∈ ℝ𝑤∗×ℎ∗×𝑐∗ and 𝐽 ∈
ℝ𝑤∗×ℎ∗×𝑐∗ ). Our approach leverages a powerful feature extractor,
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FIGURE 2 Overview of our approach. Features are extracted from nominal data and a test sample 𝐽 through a pre-trained network 𝜙. To achieve
reduced memory expense and computational complexity, features in hierarchy level 𝑙ref are utilized to estimate the subspace in which the nominal data
lie. Only a limited number of data, sufficient for recovering this subspace, is sampled and stored in the memory bank𝑆 . By exclusively utilizing the
data in 𝑆 , the reconstruction methodology based on the self-expressive model is employed to identify anomalous regions in the test sample. The
proposed method performs pixel-level anomaly localization by scoring at multiple hierarchies to benefit from deeper features.

capable of capturing high-quality deep features from images,
facilitating feature reconstruction at the pixel level. To realize this,
as suggested in [11, 12, 25], we employ pre-trained deep neural
networks on ImageNet [10] as feature extractors. This network
captures meaningful features at different hierarchies, with each
hierarchical feature playing an important role. As such, at the 𝑙-
th hierarchical level of the pre-trained network 𝜙, we denote the
feature map 𝜙𝑙(𝐼𝑛) for image 𝐼𝑛 ∈ , and the feature map 𝜙𝑙(𝐽)

for image 𝐽. The hierarchical level 𝑙 refers to the feature maps
indexed from ResNet-like [45] architectures, where 𝑙 ∈ {1, 2, 3, 4}

denotes the final output of each spatial resolution block (i.e.,
𝜙𝑙(𝐼𝑛) ∈ ℝ𝑤𝑙×ℎ𝑙×𝑐𝑙 and 𝜙𝑙(𝐽) ∈ ℝ𝑤𝑙×ℎ𝑙×𝑐𝑙 ).

We propose a feature reconstruction mechanism by introducing
a self-expressive model that exhibits enhanced feature repre-
sentation capabilities compared to feature matching techniques
that rely on limited resources of . We extend the previously
introduced notation to formulate a feature reconstruction at the
pixel level. The feature map 𝜙𝑙(𝐼𝑛) is defined as the feature vector
𝒙𝑛,𝑙 ∈ ℝ𝑤𝑙ℎ𝑙𝑐𝑙 obtained by concatenating its dimensions into a
𝑤𝑙ℎ𝑙𝑐𝑙-dimensional representation. Similarly, 𝜙𝑙(𝐽) is defined
as 𝒚𝑙 ∈ ℝ𝑤𝑙ℎ𝑙𝑐𝑙 . Given a data matrix 𝑋𝑙 = [𝒙1,𝑙 , 𝒙2,𝑙 , … , 𝒙𝑁,𝑙] ∈

ℝ𝑤𝑙ℎ𝑙𝑐𝑙×𝑁 comprising column-wise nominal feature vectors 𝒙𝑛,𝑙 ,
the reconstruction of the test feature vector in the self-expressive
model can be described as

𝒚𝑙 = 𝑋𝑙𝒄𝑙 + 𝒆𝑙, (1)

where 𝒄𝑙 ∈ ℝ𝑁 is a coefficient vector and 𝒆𝑙 ∈ ℝ𝑤𝑙ℎ𝑙𝑐𝑙 is an
anomalous term. 𝒆𝑙 refers to an out-of-distribution feature that
exhibits the difference from the distribution of nominal features
in 𝑋𝑙 . In an ideal context, if 𝒚𝑙 follows the distribution of 𝑋𝑙 (i.e.,

when 𝒚𝑙 represents normal data), the anomaly term should be
precisely zero. Conversely, if 𝒚𝑙 deviates from this distribution
(i.e., when 𝒚𝑙 contains anomalous regions), it should be non-
zero. In the optimization of Equation (1), feasible solutions are
generally non-unique because the number of data that lie in a
subspace is typically larger than its dimensionality. Nonetheless,
at least one 𝒄𝑙 exists where 𝑐𝑖,𝑙 is non-zero only if the data 𝒙𝑖,𝑙

and 𝒚𝑙 lie in the same subspace, which is referred to as subspace-
preserving [46, 47]. It is worth mentioning that nominal features
that satisfy the subspace-preserving property can represent only
normal features modeled in the same low-dimensional subspace.
Thus, unseen features would cause large reconstruction errors
to indicate anomalies, which constitutes the core advantage
of introducing low-dimensional subspaces in our framework.
In summary, our method is conceptually different from prior
approaches where the models simply reconstruct a copy of target
features without considering the data structure of the nominal
distribution.

Optimization. The coefficient vector 𝒄𝑙 in Equation (1), which
satisfies the subspace-preserving representations, can be solved
by considering the problem of minimizing the anomalous term
as follows:

min
𝒄𝑙

‖𝒚𝑙 − 𝑋𝑙𝒄𝑙‖22 s.t. ‖𝒄𝑙‖0 ≤ 𝑠, (2)

where | ⋅ |0 represents the 𝓁0 pseudo-norm counting the number
of non-zero entries in the vector, and 𝑠 is a tuning parameter that
controls the sparsity of the solution by selecting up to 𝑠 entries
in the coefficient vector 𝒄𝑙 . We utilize the orthogonal matching
pursuit (OMP) algorithm [48–50] to solve this optimization
problem and recover a subspace-preserving solution.
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ALGORITHM 1 Optimization for Solving Problem (2).

Input:, 𝑋𝑙 , 𝒚𝑙, 𝑠, and 𝜖
1: Initialize 𝑘 = 0, anomalous term 𝒆𝑙 = 𝒚𝑙, and  = ∅;
2: while 𝑘 < 𝑠 and ‖𝒆𝑙‖2 > 𝜖 do
3: Find 𝑗∗ via Equation (3);
4: Update  ←  ∪ {𝑗∗};
5: Estimate 𝒄𝑙 via Equation (4);
6: Update 𝒆𝑙 via Equation (5);
7: 𝑘 = 𝑘 + 1;
8: end while
Output: Coefficient vector 𝒄𝑙 and anomalous term 𝒆𝑙

To efficiently solve the Equation (2), we introduce Algorithm 1
based on the OMP algorithm. Formally, we commence by initial-
izing the support set  and the anomalous term 𝒆𝑙 as  = ∅ and
𝒆𝑙 = 𝒚𝑙 , respectively. Subsequently, at each iteration, we update
the index set  by adding one index 𝑗∗, which is computed as
follows:

𝑗∗ = argmax
𝑗∈⧵

𝒙⊤
𝑗,𝑙
𝒆𝑙, (3)

where thememory bank ∈ {1, … ,𝑁} is the candidate index set
of the nominal features for reconstruction. After updating  with
𝑗∗ (i.e.,  ←  ∪ {𝑗∗}), we solve the following problem:

min
𝒄𝑙

‖𝒚𝑙 − 𝑋𝑙𝒄𝑙‖22 s.t. supp(𝒄𝑙) ⊆  . (4)

where supp(⋅) is the support function that returns the subgroup
of the domain containing elements not mapped to zero. By
utilizing the minimized coefficient vector 𝒄𝑙 in iteration 𝑘, we
can update the anomalous term 𝒆𝑙 through the estimation of the
approximation error between 𝒚𝑙 and the reconstructed feature
𝑋𝑙𝒄𝑙:

𝒆𝑙 ← 𝒚𝑙 − 𝑋𝑙𝒄𝑙. (5)

We repeat the optimization process in Equations (3)–(5) until
either the number of iterations 𝑘 reaches the limit 𝑠 or 𝒆𝑙 is smaller
than the threshold 𝜖.

3.2 Subspace-Based Sampling Technique for
Memory Bank Reduction

Although our model, as described in Section 3.1, is capable
of predicting anomalous regions at the pixel level, utilizing a
self-expressive model for reconstruction entails notable memory
expense. Moreover, it substantially increases inference time,
particularly when dealing with an extensive volume of high-
dimensional data. We introduce a subspace-based sampling
technique into our model to address this issue, motivated
by [11, 12]. This technique alleviates the reconstruction burden
while maintaining performance by selectively retaining a limited
number of in-sample data within the memory bank , which
effectively approximates the out-of-bank data. Specifically, our

FIGURE 3 Illustrative example of covering out-of-bank data ( ⧵

𝑆) from a few data (𝑆) chosen through subspace-based sampling in a
toy dataset: consider a synthetic dataset created by randomly generating
data points lying on a single subspace of ℝ2 in the ambient space of
ℝ3. The proposed subspace-based sampling strategy selects only very few
basis vectors (green). Through a linear combination of these data points, a
comprehensive approximation (red) is achieved for the out-of-bank data
(blue) that lie in the same underlying subspace (gray plane).

approach aims to identify -subspace 𝑆 (𝑆 ∈ ) com-
posed exclusively of entries that satisfy the subspace-preserving
properties by selecting a few basis vectors from the subspace
in the hierarchy ref = 𝑙ref (𝑙 < 𝑙ref ), which represents high-level
features:

𝒄∗
ref

= argmin
𝒄ref

‖𝒚ref − 𝑋ref 𝒄ref‖22

s.t. ‖𝒄ref‖0 ≤ 𝑠ref ,

(6)

𝑆 = supp(𝒄∗
ref
), (7)

where 𝑠ref is a tuning parameter that controls the sampling rate.
The solution of Equation (6) satisfying the subspace-preserving
property can be solved by Algorithm 1 as in Equation (2).

The proposed sampling technique differs significantly from [11,
12] in that its ability to effectively represent the out-of-bank
features contained within through the reconstruction process.
The indices encompassed within 𝑆 serve as basis vectors that
form a specific subspace. In other words, the out-of-bank features
𝒙𝑗,ref , ∀𝑗 ∈  ⧵𝑆 lying in the subspace derived from 𝑆 can
be expressed as a linear combination of basis vectors that are
in-sample data 𝒙𝑖,ref ∈ 𝑆:

𝒙𝑗,ref =
∑
𝑖∈𝑆

𝛼𝑖𝒙𝑖,ref , (8)

where 𝛼𝑖 represents an arbitrary coefficient. Figure 3 provides a
visual conceptual example that demonstrates a data coverage of
out-of-bank using in-sample data in a toy dataset. This expressive-
ness based on the subspace-preserving property facilitates a richer
data coverage of the memory bank while concurrently mitigating
the computational complexity associated with the reconstruction
process (see experiments done in Section 4.3.1).

3.3 Anomaly Localization via Learning Subspace
Representations

We summarize the whole procedure of the proposed anomaly
localization approach in Algorithm 2. Given a test image 𝐽 and a
nominal dataset  consisting of 𝑁 normal images, our objective
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ALGORITHM 2 Anomaly Localization via Learning Subspace Rep-
resentations

Input: Pre-trained network 𝜙, nominal dataset, test image
𝐽, parameters 𝑙ref , 𝑙, 𝑠ref , 𝑠, 𝜖;
1: Set ∈ {1, … ,𝑁};

∕∗ Subspace-based sampling (Section 3.2) ∗∕

2: Given 𝜙, 𝑙ref ,, and 𝐽, get 𝑋ref and 𝒚ref ;
3: Given, 𝑋ref , 𝒚ref , and 𝑠ref , solve 𝒄∗ref via Algorithm 1;
4: Get𝑆 via Equation (7)

∕∗ Subspace-guided feature
reconstruction (Section 3.1) ∗∕

5: Given 𝜙, 𝑙,, and 𝐽, get 𝑋𝑙 and 𝒚𝑙;
6: Given𝑆 , 𝑋𝑙 , 𝒚𝑙, and 𝑠, compute 𝒆𝑙 via Algorithm 1;
7: Get anomaly scores from 𝒆𝑙;
Output: Anomaly score

is to identify anomalous features in 𝐽 that deviate from the feature
patterns observed in . Initially, we employ a network 𝜙 to
extract 𝑋ref and 𝒚ref from  and 𝐽, respectively. We then employ
the sampling technique described in Section 3.2 to reduce the
number of features stored in the memory bank 𝑆 from 𝑁 to
𝑠ref . Subsequently, similarly extracting the 𝑙-th hierarchical level
features, we perform the subspace-guided feature reconstruction
process, as described in Section 3.1, utilizing 𝑆 . To maintain
compatibility with the original input resolution, we resize 𝒆𝑙
to match the size of feature map 𝜙𝑙(𝐽) and employ bi-linear
interpolation for upscaling. Furthermore, we apply a smoothing
operation to the result using a Gaussian kernel with a width
parameter𝜎 = 4. Note that our implementation does not optimize
the specific value of 𝜎. Our algorithm is capable of utilizing
anomaly scores across multiple scales (i.e., 𝑙 ∈ {2, 3, 4}), similar
to [11, 32]. For a comprehensive analysis, we kindly refer you to
Section 4.3, which provides a detailed ablation study.

Complexity Analysis. Algorithm 1 necessitates a certain num-
ber of inner products, which is contingent upon the size of
the memory bank . Specifically, given a memory bank  ∈

{1, … ,𝑁} containing all nominal data, 𝑁 inner products are
required within a single iteration, resulting in the computa-
tional complexity of (𝑤𝑙ℎ𝑙𝑐𝑙𝑁𝑠) for the optimization problem
stated in Equation (2). The sampling technique described in
Section 3.2 effectively reduces the number of indices in the
memory bank from the original 𝑁 to 𝑠ref with the computa-
tional complexity (𝑤ref ℎref 𝑐ref𝑁𝑠ref ). Thus, the computational
complexity of the subspace-guided feature reconstruction with
S obtained by applying the sampling technique is reduced
to (𝑤𝑙ℎ𝑙𝑐𝑙𝑠ref 𝑠). Consequently, the overall computational com-
plexity of our approach is (𝑤ref ℎref 𝑐ref𝑁𝑠ref + 𝑤𝑙ℎ𝑙𝑐𝑙𝑠ref 𝑠). In
the case of WideResnet-50, the feature maps obtained from
consecutive hierarchical levels follow the relationships 𝑤𝑙+1 =
1

2
𝑤𝑙 , ℎ𝑙+1 =

1

2
ℎ𝑙 , 𝑐𝑙+1 = 2𝑐𝑙 . By adhering to the memory bank

reduction technique, we set 𝑙ref = 𝑙 + 1 and 𝑠ref ≃ 𝑠 ≪ 𝑁. Based
on these considerations, the computational complexity of our
algorithm can be estimated as (𝑤ref ℎref 𝑐ref𝑁𝑠ref + 𝑤𝑙ℎ𝑙𝑐𝑙𝑠ref 𝑠) =
(𝑤𝑙ℎ𝑙𝑐𝑙(

1

2
𝑁 + 𝑠)𝑠ref ) < (𝑤𝑙ℎ𝑙𝑐𝑙𝑁𝑠).

FIGURE 4 Curves of inference time with respect to the number of
nominal data 𝑁, w/ (orange) or w/o (blue) our proposed sampling.

Therefore, it is trivial to conclude that our sampling technique
enjoys the advantage of an𝑁-independent reconstruction process
when using multi-scale anomaly scores. To experimentally study
this property, we investigate the change of inference time with
respect to the number of nominal data 𝑁, and plot the curve in
Figure 4 by fixing (𝑤𝑙, ℎ𝑙, 𝑐𝑙, 𝑠ref , 𝑠). It can be confirmed from the
orange curve in Figure 4 that our sampling method contributes
to an 𝑁-independent reconstruction, which generally aligns
with our theoretical analysis. Further discussion regarding other
parameters is presented in Section 4.3.1.

4 Experimental Results and Analysis

In this section, we initially introduce the datasets, provide imple-
mentation details, and specify the evaluation metrics employed
in our experiments. Subsequently, we quantitatively compare our
method against the state-of-the-art models on multiple bench-
mark datasets. Lastly, we carry out ablation studies from various
perspectives to provide a comprehensive analysis of our approach.

4.1 Implementation Details

Following [30], we employ WideResNet50 [55] as the backbone
network, which is a widely adopted configuration for method
comparison on anomaly localization. Input images are resized
to 256 × 256, and no data augmentation is applied. STFPM [32]
uses different networks in the reported paper, and we tried to
reproduce the results on WideResNet50 in order to provide a
fair and consistent comparison. Similarly, we retrain DeSTSeg by
excluding the data augmentation procedure to maintain consis-
tency across our comparisons. All experiments are conducted on
an RTX 4090 GPU.

For quantitative evaluation metrics, we evaluate our algorithm
using the area under the receiver-operator curve (AUROC: %),
the per-region overlap (PRO: %), and the average precision (AP:
%). PRO metric uses up to a false positive rate of 30%, as rec-
ommended by [30]. These metrics compute the average accuracy
of pixel-level localization per category. The PRO score, which

6 of 13 IET Image Processing, 2025
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TABLE 1 Anomaly localization performance on MTD dataset [51]. Comparative results are measured by AUROC and PRO.

Method SPADE [11] STFPM [32] PaDiM [42] PatchCore [12] DSR [37] SimpleNet [9] DeSTSeg [35] Ours

AUROC↑ 72.8 68.5 74.1 84.8 57.7 78.9 74.0 85.7
PRO↑ 69.4 61.4 68.5 72.3 40.8 71.0 72.3 73.1

considers the overlap and recovery of connected anomaly compo-
nents, provides a more comprehensive performance assessment
by accounting for variations in anomaly sizes. The AP score,
computed as the area under the precision-recall curve, is more
appropriate for samples with small anomalies [36].

4.2 Anomaly Localization on Benchmark
Datasets

4.2.1 Magnetic Tile Defect (MTD) [51]

MTD contains 925 defect-free magnetic tile images and 392
anomalous images with varied illumination levels and image
sizes. The test set is provided with ground-truth masks. Follow-
ing [12, 56], we evaluate 20% of the defect-free images for testing,
while the remaining images are used for training. We employ
feature maps obtained from subsequent hierarchy levels 2, 3, 4,
and the last level (where the last level is utilized only for subspace-
based sampling). The parameter values are set as follows: 𝑠ref = 10

and 𝑠 = 7.

In Table 1, we show the results on MTD. The best result in each
row is shown in bold, and the second-best result is underlined.We
can observe that our method outperforms competing approaches
across both evaluation metrics, particularly surpassing prior
memory bank-based methods. Typically, memory bank-based
methods struggle to deal with anomalies in categories with irreg-
ular texture patterns. This well demonstrates the low robustness
in performing featurematching for out-of-memory bank features.
Conversely, our approach is less dependent on the memory bank
due to its ability to adaptively generate feature representations
using subspace-guided feature reconstruction. The visual results
in Figure 5 also show that the proposed method achieves robust
anomaly localization against light source imbalances. However,
the sample with global anomalies, as shown in the bottom result
on MTD, tends to cause False Negative. Importantly, this issue
is not caused by our feature reconstruction approach but rather
by the low sensitivity to the overall shape of the CNN as a
backbone network.

4.2.2 Beantech Anomaly Detection (BTAD) [52]

BTAD contains three categories of industrial products, compris-
ing 2,540 samples. The training set comprises only anomaly-free
samples, while the test set comprises both anomaly-free and
anomalous samples. As with the MTD, the test set is provided
with ground-truthmasks.We employ featuremaps obtained from
subsequent hierarchy levels 2, 3, and 4 (where hierarchical level
4 is utilized only for subspace-based sampling). The parameter
values are set as follows: 𝑠ref = 80 and 𝑠 = 40.

TABLE 2 Anomaly localization performance on BTAD dataset [52].
Comparative results are measured by AUROC / PRO.

Method Case 01 Case 02 Case 03 Avg.

STFPM [32] 96.2 / 71.7 97.0 / 45.1 99.3 / 96.4 97.5 / 71.0
FastFlow [53] 97.1 / 71.7 93.6 / 63.1 98.3 / 79.5 96.3 / 71.4
PatchCore [12] 97.0 / 64.9 95.8 / 47.3 99.2 / 67.7 97.4 / 60.0
DSR [37] 89.1 / 61.5 78.8 / 38.5 94.1 / 84.0 87.3 / 61.3
SimpleNet [9] 96.2 / 69.6 95.0 / 53.3 99.5 / 97.0 96.9 / 73.3
DeSTSeg [35] 96.2 / 83.2 94.8 / 42.8 99.3 / 97.2 96.8 / 74.4
Ours 96.2 / 72.6 94.8 / 54.7 99.3 / 97.0 96.8 / 74.8

In Table 2, we report the results on BTAD. The best result
in each column is shown in bold, and the second-best result
is underlined. The significant difference between AUROC and
PRO scores in this dataset highlights the importance of the
PRO metric, which considers the variation in anomaly size,
for evaluation compared to other datasets. Notably, our method
achieves state-of-the-art anomaly localization in the PRO met-
ric. Despite its easy implementation using memory bank-based
feature reconstruction, our approach outperforms sophisticated
methods such as normalizing flow and knowledge distillation-
based approaches. In the visual results in Figure 5, it can be
observed that our method yields accurate anomaly localization,
even for targetswith irregular textures that do not perfectlymatch
the nominal samples.

4.2.3 MVTec AD [18]

MVTec AD, which is widely recognized as a standard benchmark
for industrial anomaly localization tasks, consists of 15 categories
of industrial products (such as carpet, tile, bottle, etc.), comprising
a total of 5,354 images. Each category is divided into two sets: a
training set that exclusively contains anomaly-free samples and a
test set that includes both anomaly-free and anomalous samples.
The test set contains various defect types associated with specific
products, and corresponding ground-truth masks are provided to
indicate the location of anomalies within the images. We employ
feature maps obtained from subsequent hierarchy levels 2, 3, and
4 (where hierarchical level 4 is utilized only for subspace-based
sampling). The parameter values are set as follows: 𝑠ref = 40, 𝑠 =
17, and 𝜖 = 10−6.

The results for anomaly localization on MVTec AD are listed
in Table 3 and Table 4. We can confirm that our method is
competitive with state-of-the-art methods regarding two evalua-
tion metrics and particularly outperforms reconstruction-based
methods AE𝑆𝑆𝐼𝑀 [18], DFR [19], and DSR [37]. We assume
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FIGURE 5 Qualitative results of ourmethod on three benchmark datasets. For each category, we show a nominal image (normal), the target image
(abnormal), the target feature map, the reconstructed feature map, the anomaly map, and the anomaly localization result identified by our method. The
boundary in red denotes the ground-truth anomalous regions.

the reason can be attributed to that the proposed feature
reconstruction mechanism is designed to only reconstruct nor-
mal features that are faithful to the nominal features, thereby
reducing false negatives in anomaly localization. Specifically,
compared to conventional reconstruction methods, modeling the
low-dimensional subspace from nominal samples enables more
reliable feature approximation to unseen targets that can be
represented in the same subspace. To qualitatively evaluate the
reconstructed features of ourmethod, the visual results are shown
in Figure 5. Our method is able to perfectly reconstruct normal
patterns even for the subtle appearance features of “Toothbrush”
and assign high anomaly scores to the defective regions.

4.2.4 Overall Anomaly Localization Performance

Table 5 reports the overall anomaly localization performance of
each method in terms of AP. The proposed method achieves

strong anomaly localization performance on the MTD and
BTAD datasets and outperforms PatchCore on the MVTec
AD. Moreover, the proposed method surpasses state-of-the-art
methods regarding the average performance over the three
datasets, including memory bank-based methods (SPADE [11]
and PatchCore [12]) and anomaly simulation-based methods
(DeSTSeg [35] and SimpleNet [9]). Our subspace-guided fea-
ture reconstruction achieves high accuracy in industrial prod-
uct anomaly localization, even without any dataset-specific
training.

4.3 More Evaluations

To emphasize the advantages of our proposed model, we conduct
a comprehensive analysis to evaluate the effects of our model
in the following aspects: (1) Ablation study for the subspace-
based sampling technique, (2) Evaluation of the expressiveness

8 of 13 IET Image Processing, 2025
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FIGURE 6 Comparison of anomaly localization performance of different sampling mechanisms: (a) PRO and (b) inference time per image.

TABLE 5 Mean anomaly localization performance using AP per
dataset collection.

Method MTD [51] BTAD [52]
MVTec
AD [18] Avg.

SPADE [11] 23.5 46.3 52.0 40.6
STFPM [32] 31.0 51.9 49.8 44.2
PatchCore [12] 33.6 50.8 57.1 47.2
DSR [37] 8.9 21.2 71.2 33.8
SimpleNet [9] 33.0 41.9 50.1 41.7
DeSTSeg [35] 31.5 39.1 73.2 47.9
Ours 34.1 53.0 63.1 50.1

of subspace-guided feature reconstruction, (3) Evaluation of the
method generalization across different backbones.

4.3.1 Effectiveness of Subspace-Based Sampling
Technique

To further support the computational complexity analysis in
Section 3.3, we investigate the anomaly localization performance
on MVTec AD by ablating or adopting the proposed sampling
technique. In addition, we compare the case of replacing the
proposed sampling method with simple random sampling. To
confirm the statistical results, we conducted the experiments by
varying the number of data stored in the memory bank (𝑠ref )
from 50 to 10, and the parameter determining the sparsity in the
reconstruction step is fixed at 𝑠 = 𝑠ref ∕2. The reported inference
times encompass the forward pass through the backbone net-
work. As shown in Figure 6a, we can confirm that the PRO score
of the proposed sampling technique consistently stays within
a 0.5% range of that achieved without the sampling technique,
regardless of the value of 𝑠ref . In particular, Figure 6b shows
that when 𝑠ref is less than 20, the PRO score drops significantly
for the random sampling method, while the proposed sampling
methodmaintains the PRO score, and the inference time remains
comparable to that of the random sampling.

4.3.2 Expressiveness of Subspace-Guided Feature
Reconstruction

In approaches based on the memory bank framework, while
storing all nominal data in a memory bank can enhance anomaly
localization performance, the computational complexity poses
a significant impediment, rendering it impractical. Thus, the
performance of such an approach depends on the ability to
alternatively mimic out-of-bank features with limited in-sample
features, even to encourage a sufficient data coverage. To verify
the data coverage for out-of-bank data, we conduct a comparative
analysis of the representation error ‖𝒆‖2 of out-of-bank features
with the proposed reconstruction methodology and the feature
matching employed by SPADE [11] and PatchCore [12] as follows:

‖𝒆‖2 = 1

𝑁

∑
𝑗∈{1,…,𝑁}

‖𝒙𝑗 − 𝒙∗
𝑗
‖2, (9)

where 𝒙∗
𝑗
approximates or is the nearest vector to 𝒙𝑗 . In our

reconstruction methodology, 𝒙∗
𝑗
denotes the data point that is

represented through the linear combination in Equation (8). In
the feature matching-based method, the top-𝑠ref data that exhibit
proximity in spatial distance to 𝒙𝑗 are stored in𝑀, and 𝒙∗

𝑗
denotes

the nearest neighbor data point as follows: 𝒙∗
𝑗
= min𝒙𝑖∈ ‖𝒙𝑗 −

𝒙𝑖‖2. In Figure 7, we can observe that our subspace-guided feature
reconstruction in the three settings inMVTecADprovides a better
representation of out-of-bank data than the feature matching-
based method. Particularly in the texture category, the feature
patterns of the out-of-bank data cannot be well represented by
feature matching because they are diverse for the data coverage
of the in-sample data. Conversely, our approach is able to mimic
the out-of-bank features using limited data by the benefit of the
self-expressive model. This result supports the concept that our
methodology enables adaptive feature representation even with
a limited number of in-sample data, which leads to improved
anomaly localization performance for the texture categories
presented in Section 4.2.

We also investigate the expressiveness of our feature reconstruc-
tion methodology on limited nominal data. In particular, we
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TABLE 6 Anomaly localization performance for different backbones on MVTec AD dataset [18]. Comparative results are measured by
AUROC/PRO/inference time per image (s).

Backbone Ours (w/o sampling) Ours (w/ sampling)

ResNet50 [45] 97.3 / 92.3 / 0.180 97.2 / 91.8 / 0.115
ResNet101 [45] 97.6 / 92.9 / 0.183 97.5 / 92.5 / 0.116
WideResNet50 [55] 97.6 / 93.4 / 0.184 97.6 / 93.0 / 0.117
WideResNet101 [55] 97.8 / 93.7 / 0.183 97.7 / 93.3 / 0.123
EfficientNet-B1 [57] 97.5 / 93.2 / 0.068 97.3 / 92.9 / 0.065
EfficientNet-B7 [57] 97.3 / 93.2 / 0.106 97.1 / 92.9 / 0.084

FIGURE 7 Evaluation of data coverage for out-of-bank data: repre-
sentation error of out-of-bank data as a function of 𝑠ref in the three settings
of object, texture, and both in MVTec AD dataset [18].

FIGURE 8 Curves of the change of PRO score with respect to the
total percentage used in the overall nominal training data under low-shot
configuration on MVTec AD dataset [18].

vary the amount of training samples from 15% to 1% of the total
nominal training data on the MVTec AD dataset and compare
it to memory bank-based approaches using WideResNet50. As
shown in Figure 8, even when utilizing only 15% of the total

FIGURE 9 Evaluation of network feature hierarchies and anomaly
localization performance in terms of PRO on MVTec AD dataset [18].

nominal training data, ourmethod remains within a 1.5% range of
the performance compared to the case of fully using the training
data (Figure 8, dashed line). Furthermore, we can see that our
method consistently outperforms all competitive methods when
the number of training samples is reduced to 1%. We can thus
confirm that our method suffices to present rich expressiveness
even on a limited number of nominal training data.

4.3.3 Method Generalization Across Different
Hierarchies and Backbones

We investigate the generalization capability of the proposed
reconstruction methodology (Section 3.1) for features stored in
the memory bank. Figure 9 shows the single or multi-scale
localized predictions obtained by indexingWideResNet50 blocks,
where 𝑙 ∈ {2, 3, 4}. Obviously, the result using the features from
hierarchy level 4 is significantly lower than those using other
features. This is partly due to the fact that high-level features,
which are very deep and abstract, lose localized information due
to their low resolution. Moreover, these features in ImageNet pre-
trained networks are biased toward natural image classification
tasks [12]. Consequently, a practical choice would involve uti-
lizing at least a combination of low-level features with a high
resolution in our feature reconstruction methodology.

Table 6 shows the performance of the proposed method (with
and without a sampling technique) using different backbones.
We observe that the anomaly localization performance with the
proposed approach remains consistently stable across different
backbones. In terms of the timings, we can see that our sampling
method significantly improves the inference time on the ResNet
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family, while the gain on the EfficientNet family is comparably
small. This is expected to be due to the small difference in the
dimensionality of feature maps at successive hierarchical levels,
which causes the cost for sampling to dominate the overall
computational expense.

5 Conclusion

In this paper, we proposed a novel subspace-guided feature recon-
struction framework for anomaly localization. Moreover, we
proposed a subspace-based sampling technique that aggregates
the basis vectors of forming a subspace to retain high inference
speeds. Extensive experiments on several public datasets have
validated the efficiency and effectiveness of our proposedmethod
for localization accuracy and dependence on the number of data.

Although ourmethod is designed to efficiently localize anomalies
using subspace-based sampling, its reliance on the memory
bank may induce some computational overhead imposed by
the calling procedure. In the future, we would like to devise
a memory bank-free yet end-to-end trainable reconstruction
model using unsupervised self-expressive networks. In addition,
our method currently assumes the data is distributed in linear
subspaces. We would also like to focus on developing a stronger
reconstruction mechanism to explore the non-linear subspaces
for anomaly localization.
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