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Low-Shot Unsupervised Visual Anomaly Detection
via Sparse Feature Representation

Fanghui Zhang, Haiyue Zhu, Yigang Cen, Shichao Kan, Linna Zhang,
Prahlad Vadakkepat, and Tong Heng Lee

Abstract—Visual anomaly detection is an essential component
in modern industrial manufacturing. Existing studies using no-
tions of pairwise similarity distance between a test feature and
nominal features have achieved great breakthroughs. However,
the absolute similarity distance lacks certain generalizations,
making it challenging to extend the comparison beyond the
available samples. This limitation could potentially hamper
anomaly detection performance in scenarios with limited samples.
This paper presents a novel Sparse Feature Representation
Anomaly Detection (SFRAD) framework which formulates the
anomaly detection as a sparse feature representation prob-
lem; and notably proposes an Anomaly Score by Orthogonal
Matching Pursuit (ASOMP) as a novel detection metric. Specif-
ically, SFRAD calculates the Gaussian kernel distance between
the test feature and its sparse representation in the nominal
feature space for anomaly detection. Here, the Orthogonal
Matching Pursuit (OMP) algorithm is adopted to achieve the
sparse feature representation. Moreover, to construct a low-
redundancy memory bank storing the basis features for sparse
representation, a novel Basis Feature Sampling (BFS) algorithm
is proposed by considering both the maximum coverage and
the optimum feature representation simultaneously. As a result,
SFRAD incorporates both the advantages of absolute similarity
and linear representation; and this enhances the generalization
in low-shot scenarios. Extensive experiments on the MVTec
AD, KolektorSDD, KolektorSDD2, MVTec LOCO AD, VISA,
MNIST, and CIFAR-10 datasets demonstrate that our proposed
SFRAD outperforms the previous methods and achieves state-of-
the-art unsupervised anomaly detection performance. Notably,
significantly improved outcomes and results have also been
achieved on low-shot anomaly detection. Code is available at
https://github.com/fanghuisky/SFRAD.
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I. INTRODUCTION

ISUAL anomaly detection and localization refer to judg-

ing whether a given image conforms to the prescribed
pattern or distribution of normal samples as well as locating
abnormal areas if exist, which have wide areas of applications
in industrial manufacturing [1]-[5], medical diagnosis [6]—[8],
video surveillance [9]-[12], etc. In industrial manufacturing
systems, abnormal products resulting from raw materials or
manufacturing technologies often occur on various production
and assembly lines. Therefore, the visual anomaly detection
system is critically demanded to ensure intelligent produc-
tion and quality inspection, which can significantly save the
workforce, improve efficiency, and save cost. In recent years,
some deep learning technologies, such as convolutional neural
networks [13], transformers [14], and deep metric learn-
ing [15], etc., have provided new solutions for visual anomaly
detection and achieved extraordinary performance. However,
visual anomaly detection is still considered a very challenging
problem due to the difficulty of obtaining a significant number
of annotated samples and the inherent uncertainty surround-
ing anomaly types. As a result, the traditional supervised
approaches based deep learning technologies in general are
difficult to apply for visual anomaly detection.

Consequently, unsupervised approaches have become the
mainstream technology for identifying abnormal samples in
visual anomaly detection [16], which are mainly categorized
into background reconstruction based methods and embedding
feature based methods. In literature, background reconstruc-
tion based methods have shown great promise in anomaly
detection, which mainly employ autoencoders [13], [17]-[20],
GANSs [7], [21]-[24], or self-supervised solutions [25]-[27] to
locate anomalies in images. Autoencoder-based solutions use
only defect-free images for reconstruction network training
and thus are supposed to fail to reconstruct abnormal areas
correctly during inference. However, due to the strong gener-
alization ability of autoencoders, there is a high chance that
abnormal areas will be reconstructed, resulting in a failure
in anomaly detection. To alleviate such “over-generalization”
issue of the autoencoder, researchers also explore limiting
the expression ability in autoencoder latent space, such as
using memory storage [28], [29], clustering features [30], etc.
However, under-expression leads to the loss of high-frequency
detailed information in the reconstructed image [31]. More-
over, some research works integrate GAN [6], [7], [32] into
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the framework to increase the fidelity of image reconstruction.
Self-supervised solutions [25]-[27] aim to synthesize anomaly
samples or generate random masking samples and use them as
anomalous samples during training. However, due to the strong
generalization ability of convolutional neural networks, some
abnormal areas also have a high chance of being reconstructed,
which fails in anomaly detection.

Recently, embedding feature based methods [33]-[37] have
significantly improved the unsupervised anomaly detection
performance. The key principle of these works is to match
multiscale features between test samples and nominal samples
extracted by the deep models. Typical embedding feature
methods include memory banks [35], [36], student-teacher
networks [33], [34], [38], normalizing flows [39]-[42], etc.
Memory bank based methods [35], [36] obtain sufficient fea-
tures extracted from a pretrained convolutional neural network
(CNN) and store them in a memory bank. Subsequently, the
similarity distances between the test features and memory
bank features are calculated to classify normal or abnormal.
For student-teacher networks [33], [34], [38], the knowledge
from a powerful teacher network is distilled into student
networks during the training of the normal samples, and the
anomalies can be detected by capturing the feature discrepancy
between the teacher and student networks when inference with
abnormal samples. Normalizing flows [39]-[42] embed normal
image features into standard normal distribution and use the
probability to detect anomalies.

In literature, visual anomaly detection is well developed as
surveyed above. However, most existing anomaly detection
algorithms only focus on data-sufficient scenarios where plenty
number of normal samples are available for training to densely
describe the normal space in a comprehensive manner, and
thus can reject the anomaly effectively. Nevertheless, for many
real-world anomaly detection applications, meeting such data-
sufficient conditions is difficult or costly due to the data-
scarcity nature of the industrial processes, and it cannot
wait until sufficient samples have been collected to develop
the autonomous inspection. As a result, anomaly detection
from low-shot samples is practically desired to improve the
flexibility and adaptiveness of Artificial Intelligence (AI), so
that can make Al anomaly detection more affordable for real-
world applications. However, compared to the data-sufficient
anomaly detection, low-shot anomaly detection [39], [43]-[48]
specially faces enormous challenges due to the sample sparsity.
On the one hand, the sparse samples available for training de-
mand the algorithm to have additional generalization capability
to generalize and reconstruct the entire normal space. On the
other hand, as mentioned earlier, the “strong-generalization”
capability is a well-known evil for anomaly detection that
potentially misrepresents the anomaly into normal space, thus
degrades the discrimination effectiveness. As a result, suc-
cessful low-shot anomaly detection requires addressing such
contradictions properly within one framework.

In this work, to address the above issues, we propose a novel
Sparse Feature Representation Anomaly Detection (SFRAD)
approach for the low-shot unsupervised visual anomaly detec-
tion, which treats the anomaly detection as a sparse feature
representation problem using the nominal feature bases ex-

tracted from the normal sample patches. Moreover, a novel
anomaly metric, Anomaly Score by Orthogonal Matching
Pursuit (ASOMP), is introduced to effectively reflect the
anomaly level, which calculates the Gaussian kernel distance
between the test feature and its sparse representation in the
nominal feature space. Compared with previous methods that
directly compute pairwise absolute feature similarity distances,
ASOMP expands the scope of anomaly comparison beyond
finitely available features to encompass the nominal feature
space. This significantly enhances the generalization ability
in low-shot anomaly detection scenarios. In addition, a low-
redundancy Basis Feature Sampling (BFS) algorithm is pro-
posed in SFRAD to select the nominal basis features, where its
memory bank is constructed by considering both the maximum
coverage criterion and the optimum feature representation
criterion simultaneously. Together with the sparse feature
representation, SFRAD enhances the generalization in low-
shot scenarios by incorporating the advantages of both absolute
similarity and linear representation.

Overall, the main contributions of this paper are summarized
as follows:

1) A sparse feature representation based low-shot unsuper-
vised visual anomaly detection, SFRAD, is proposed.
This is the first attempt to combine deep features and
sparse feature representations for anomaly detection.

2) A novel OMP-based anomaly score calculation, ASOMP,
is introduced to effectively reflect the anomaly us-
ing Gaussian kernel distance for feature representation
anomaly detection.

3) A low-redundancy BFS algorithm is proposed for mem-
ory bank construction by considering both the maximum
coverage and optimum feature representation simultane-
ously.

The rest of this paper is organized as follows. The related
work about anomaly detection is reviewed in Section II,
and Section III presents the proposed SFRAD. Extensive
experiments are performed and analyzed in Section IV, and
finally, Section V concludes the paper.

II. RELATED WORK
A. Anomaly Detection

Unsupervised visual anomaly detection and segmentation
can be mainly classified into two categories [26], [49], [50],
i.e., background reconstruction based methods and embedding
feature based methods.

1) Background Reconstruction Based Methods: Typical
background reconstruction based methods include autoen-
coders [13], [17]-[19], GANs [7], [21]-[23], and self-
supervised techniques [25]-[27]. Their main idea is to adapt
the distribution of normal images by building a reconstruction
network based on all nominal images. These methods assume
that abnormal images cannot be reconstructed by the trained
reconstruction network. When inference, the difference be-
tween the test image and the reconstruction image is calculated
for anomaly detection. Anomaly detection methods based on
background reconstruction are intuitive, easily understand-
able, and effective for regular texture classes. However, these
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methods not only require tedious training from scratch but
also generalize poorly across the complex texture and object
categories [51], [52].

Earlier work by Paul et al. [13] proposed to combine
an autoencoder and a structural-similarity-based perceptual
loss function for visual anomaly detection. However, the
autoencoder can sometimes generalize well and is likely to
reconstruct the anomalies well. To mitigate the drawback
of [13], Gong et al. [29] proposed to augment the autoen-
coder with a memory module and introduced a new memory-
augmented autoencoder, i.e., MemAE. Liu et al. [21] proposed
a deep semantic segmentation network based on a generative
adversarial network for fabric defect detection, which can
detect different anomaly types. Shashanka et al. [53] proposed
a novel convolutional adversarial variational autoencoder with
guided attention, i.e., CAVGA, which can localize the anomaly
with a latent variable to preserve the spatial information. Vitjan
et al. [25] formulated anomaly detection as a reconstruction-
by-inpainting problem (RIAD). Partial image regions are ran-
domly removed. Then RIAD reconstructs the image from
partial inpaintings to address the drawbacks of autoencoder
methods. Jonathan et al. [26] posed anomaly detection as a
patch-inpainting problem and proposed the inpainting trans-
former (InTra) to inpaint covered patches in a large sequence
of image patches. Huang et al. [27] proposed a self-supervised
masking approach through random masking and then restoring
to detect anomalies. Song et al. [19] presented an anomaly
composition and decomposition network to inspect texture
defects.

2) Embedding Feature Based Methods: Embedding feature-
based methods benefit from the well-discriminative feature
space, which mainly include memory bank [35], [36] and
knowledge distillation [33], [34], [38]. The main idea of
these methods is to use features extracted from the neu-
ral network for feature matching between test features and
nominal features. Niv et al. [35] proposed the semantic
pyramid anomaly detection method (SPADE), which used
correspondences based on a multiscale feature pyramid and
achieved good performance on unsupervised anomaly detec-
tion. Thomas et al. [54] proposed an approach for patch
distribution modeling, i.e., PaDiM, which uses a pretrained
CNN to extract features for patch embedding and multivariate
Gaussian distributions. Then, a probabilistic representation
of the normal class can be obtained. Correlations between
the different semantic levels of CNN are exploited to detect
anomalies. Karsten et al. [36] proposed PatchCore, which used
a maximally representative memory bank of normal features.
Paul et al. [34] proposed a robust student-teacher framework.
Anomalies are detected when there are differences between
the outputs of student networks and those of the teacher
network. In [33], the student-teacher framework is extended
in terms of accuracy and efficiency. When given a teacher
network, the knowledge is distilled into a single student
network with identical architecture to learn the distribution
of normal images. Zhou et al. [55] proposed a teacher-student
model, which aims to push representations on anomaly areas
of the teacher and student network as far as possible and
pull representations on normal areas as close as possible.

The proposed SFRAD in this work is also classified under
this category. Differently, SFRAD also focuses on low-shot
anomaly detection, i.e., only a few normal images are available
for training.

B. Low Shot Anomaly Detection

Low-shot anomaly detection [39], [43]-[47] is to identify
anomalies or defects in the test image when the amount of
normal images available is limited. Marco et al. [39] employed
a multi-scale feature extractor that enabled the normalizing
flow to assign likelihoods to the images. Besides, they de-
signed a scoring function based on these likelihoods to indicate
anomalies. Shelly et al. [46] proposed a hierarchical generative
model to capture the multi-scale patch distribution of each
training image. Further, they used image transformations and
optimized scale-specific patch-discriminators to distinguish
between real and fake patches of the image. Huang et al. [47]
leveraged registration, an image alignment task as the proxy
task, to train a category-agnostic anomaly detection model.
During testing, they compared the registered features of the
test image and its corresponding support (normal) images to
identify the anomalies. Different from the existing works that
mainly rely on similarity distances for anomaly detection, we
introduce a novel anomaly measurement metric via sparse fea-
ture representation, which improves the generalization ability
of embedding feature based anomaly detection in the low-data
regime.

III. PROPOSED METHOD

The visual anomaly detection problem is formulated as
follows. Let Z = {Iy,I,---,Ip} represent the normal
(anomaly-free) image set with M samples available for train-
ing, where I, denotes an anomaly-free image. Consider a
test set 7 = {(I,y;)} includes both normal and abnormal
images, where y; is the ground-truth label, i.e., y; € {0,1}
indicates whether the image I] is normal (0) or abnormal
(1). The objective of anomaly detection aims to learn a
model U(.) from Z only, so that U(I/) — y; distinguishes
if the test image is normal or abnormal. Moreover, when
U(I') = 1, an accompanying anomaly localization map {2
is simultaneously predicted from ¥(:) as output. Motivated
by practical industrial needs, the low-shot anomaly detection
problem in this work aims to address the challenging situation
where the image number M for 7 is a relatively small number,
e.g., M =1,25,10, etc. Such extreme condition requires the
learned model with strong generalization capability, which is
beneficial for both data-scarce and data-redundant situations.

Previous algorithms utilize deep features extracted from a
pretrained network for feature matching and achieve break-
throughs in anomaly detection. One of the most representative
methods, PatchCore, extracts locally-aware features from the
ImageNet pretrained network and uses core subsampling to
construct a memory bank with nominal patch-level features.
When inference, PatchCore uses the absolute minimum simi-
larity distance between a test feature and all nominal features
in the memory bank for anomaly detection. The success of this
approach is under the assumption that the nominal features in
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The overall framework of our proposed SFRAD, which employs sparse feature representation as a novel metric for anomaly detection. Firstly,

the nominal feature set is obtained by extracting deep features of normal images using a pretrained network. Next, a low-redundant memory bank M is
constructed using the proposed Basis Feature Sampling (BFS) approach, which considers both criteria of the maximum coverage as well as the optimum
feature representation. When Inference, the sparse representation is conducted for all patch features of the test samples to calculate the anomaly scores using
ASOMP, so that the anomaly map and anomaly segmentation are obtained using these anomaly scores.

the memory bank are extracted from plenty of normal samples,
which are able to almost fully cover the entire nominal space.
In this case, the absolute similarity distance is naturally a
good indicator of anomaly. However, this prerequisite is hard
to meet in the low-shot scenarios, which likely leads to the
situation that the nominal features in the memory bank only
partially or sparsely cover the entire nominal space. In this
case, the absolute similarity distance may fail to reflect the
real anomaly level as it lacks the elasticity to generalize from
the partial nominal space into the entire space.

To improve the generalization capability of anomaly de-
tection in low-shot scenarios, this paper proposes to use the
sparse feature representation distance as a metric to reflect
the anomaly level, where the feature representation is native
with the generalization capability to represent unseen features
from the bases. To effectively represent the feature with the
reflection of the anomaly, a memory bank M is constructed to
store the basis features (nominal features) extracted from the
normal samples, which is considered as a dictionary in Hilbert
space, i.e., all normal features can be represented linearly
by the non-redundant nominal features in memory bank M.
The idea to distinguish the anomaly in this approach is to
use the nominal feature in M to linearly represent a test
feature o/, i.e., z* = Ma* where a* = min, ||’ — Mal|2
is the sparse coefficient. The feature representation distance
between the represented feature x* and the original feature

x’ is used as an anomaly indicator. When x’ is normal, it is
supposed to be able to be linearly represented by the basis
features in M, which means the distance ||z’ — x*||2 should
be small. On the contrary, if «’ is abnormal, it is supposed
to not be in this captured linear space. In other words, x’
cannot be linearly represented by the basis features in M
with small error; and accordingly, the distance ||’ — x*||2
will be large to reflect the anomaly. The proposed Sparse
Feature Representation based Anomaly Detection approach is
denoted as SFRAD, and its framework is illustrated in Fig. 1.
Compared to the absolute similarity distance between the test
feature and its nearest normal feature (one to one), our method
greatly expands the horizon of the distance metric across the
whole nominal feature space (n to one), which can effectively
promote generalization capability for the low-shot anomaly
detection.

A. Feature Extraction for Nominal Set

Similar to previous research [35], [36], [54], deep features
extracted by pretrained models can be employed for anomaly
detection. In this work, a Wide-ResNet50x2 network pre-
trained on the ImageNet dataset is used in our SFRAD to
extract the features at each layer, denoted as,

F i = Fi(L)|ieq1.2,3,4} (D
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Algorithm 1: Anomaly Score calculation by Orthog-
onal Matching Pursuit (ASOMP)
Input: Memory bank M = [f;", -
test feature f € R¢; npqz, €
Output: Anomaly score s,
a* = arg mina:Supp(a)ng ||.f - Ma||2
1 Initialize n = 0, residual Rof = f, support set Ty = ().
2 while n < nyaq and R, f|, > € do

I | € RO

3 | Ton =T U{i%),
4 where ¢ = argmax |<Rnf7 f;‘>|.
i=1,....,Na
5 R’n+1f = (I - PTn+1).f3
6 where Pr, , is the projection onto the span of
the vectors {f;",j € Tpy1}-
7 n<n+1.

s end

IR fI13
9s=1—¢ 202

and F; denotes the [-th layer of the feature extractor, and
F;c Rwexhixer where wy, hy, and ¢; are the width, height,
and channel of F; ;, respectively. In addition, the locally aware
patch features (LAPF) [36] method is adopted to increase the
receptive field size and robustness, which has two steps, i.e.,
(1) gathering feature vectors from the neighborhood and (2)
performing adaptive average pooling.

To effectively utilize the features extracted from different
layers, upsampling is used to obtain the same size by bilinear
interpolation. Same to [36], we only take the two intermediate
feature layers, i.e., [ = 2 and 3, and the Adaptive Pooling
(AP) is used to remove the redundant information. Finally,
the features extracted from different layers are fused together
as F;, denoted as

F= 6. (6(0u(R))) €R™ @
=2,3
where ¢., ¢p, and ¢, denote the concatenation, adaptive pool-
ing, and upsampling operations, respectively. Let f;(p) € R®
denote the channel feature vector at position p among w X h
of feature map F;, i.e., F; = [£i(p)|pefwxn}» Where {w x h}
stands for {1,2,--- ,w X h}. The nominal feature set X can
be formed as
X = U

pe{wxh}, €L

fi(p)- 3)

B. Basis Feature Sampling for Memory Bank

In this paper, we introduce the concept of Hilbert space
for our novel basis feature sampling to construct the low-
dimension memory bank M from the nominal feature set .
Different from [36], in order to enhance the generalization
capability, the selection criteria of memory bank M in this
work not only considers (A) the maximum coverage of the
X in its entirety, but also focuses on (B) the optimum non-
redundant feature representation, i.e., the features in nominal
feature set X' can be represented linearly by the basis features

Algorithm 2: The framework of our proposed SFRAD.
Input: Nominal image set Z = {I,--- , I }; test
image I' € RW>#; sampling rate o.
Output: Anomaly map €2, Image-level anomaly score
P

// BFS for Memory Bank
1 Compute feature maps F' of nominal images according

to Eq. (2).
2 Compute nominal feature set X according to Eq. (3).
3 M+ {}
4 fori €0, - ,a xlen(X)] do
5 N(—argmax—k mln ||w( =) —(F) |2,
Foe
6 f* = argmax ASOMP(fJ, )
fieN
7 M~ MU{f*}

8 end
// Inference stage

9 Compute feature map F' e Rv¥Pxe of test image I’
according to Eq. (2).

10 Compute test feature set X' = {fy, -
according to Eq. (3).

1 Compute s, by ASOMP(f/, M).

12 Obtain Q = [s),--- , s/ and & = maz(Q).

13 Reshape  into the shape of (w, h), subsequently
upsample Q2 as (W, H).

i

in M, while the basis feature in M cannot be represented
linearly by others.

For Criterion A on the maximum coverage, we follow [36]
to employ the minimax facility location coreset selection to
ensure approximate coverage of the basis feature subset. Dif-
ferently, in order to incorporate Criterion A and B integrately,
we introduce an intermediate feature set N in each iteration
to temporarily store the top-k optimal feature basis from
Criterion A, i.e.,

N argmaxk min [$(f7) = o(F5)ll2, @)

fex—-m fFrem

where arg max-k represents the sorting operation to select the
top-k maximum, and 1 (-) denotes the random linear projec-
tions. From N, we further apply the selection of optimum
non-redundant feature representation to fulfill Criterion B.

Specifically, for every feature f; selected in NV, an Orthogo-
nal Matching Pursuit (OMP) algorithm is employed to linearly
represent f; € N using the current basis features in M,

. 2
a; = argmin||f; — Ma,|[; s.t. [a;]|, < n. ®)

J o
Here, n is the sparsity, and aj are the computed optimal
coefficients using OMP algorithm, which greedily selects one
basis feature with the greatest similarity and computes the
coefficient for the selected basis iteratively until all n basis
features are selected. Subsequently, the residual R, f; between
the pre-selected feature f; and its optimal representation is
calculated as follows,

nf](f]? ) f Ma (6)
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The representation distance between feature f; and the current
basis set M is calculated by the Gaussian kernel function,

||Rnf_7‘ H%

s;=1—e 27, @)

where o is a width parameter. A larger distance s; indicates f;
cannot be closely represented by basis features in M, which
will also be used as the anomaly score. The above process
is named Anomaly Score calculation by Orthogonal Matching
Pursuit (ASOMP), denoted as,

I £;—Ma% I3

ASOMP(f;, M) =1—e" "~ 27 | ®)

which is detailed in Algorithm 1. Therefore, we use the largest
ASOMP to select the best representation basis feature to
ensure Criterion B, denoted as
f* = argmax ASOMP(f;, M)
fieN , 9)
M~ MU{f*}

The entire basis feature sampling (BFS) for the memory bank
is summarized in Algorithm 2.

C. Anomaly Detection with SFRAD

In the inference stage, the image-level anomaly detection
score @ and the pixel-level anomaly segmentation score €2 for
a test image I’ can be calculated using the obtained memory
bank M. Specifically, to calculate ® and (2, the feature map
F’ of I is firstly obtained using Eq. (2) and then to form test
feature set X’ as described in Eq. (3), where F’ € Rw*hxe¢
and the size of X' is N’ = |X'| = w x h. For each f; € X/,
its anomaly score is calculated as,

s; = ASOMP(f!, M). (10)

Finally, anomaly map €2 and anomaly score ¢ of test image
I’ can be obtained as Q = [s, -+ ,s}y/] and & = max(Q).
Subsequently, €2 is reshaped and upsampled as (W, H). By
setting a segmentation threshold 7y, the pixel of test image
I’ is considered as an abnormal pixel when the value of the
corresponding position at anomaly map 2 is greater than 7y.
Similarly, a classification threshold 7 is set. When anomaly
score & > 1o, test image I’ is classified as an anomaly image.
The 7, and 7> are estimated using the acceptable False-Positive
Rate (FPR) on the training dataset [49]. The overall inference
procedure is summarized in Algorithm 2 as well.

IV. EXPERIMENTAL RESULTS

In this section, we conduct extensive experiments on the
tasks of full-shot and low-shot anomaly detection to demon-
strate the effectiveness of our proposed SFRAD. We eval-
uate the performance of our proposed SFRAD on seven
commonly-used anomaly detection datasets, i.e., MVTec
Anomaly Detection (MVTec AD) [2], Kolektor Surface-Defect
Dataset (KolektorSDD) [56], Kolektor Surface-Defect Dataset
2 (KolektorSDD?2) [57], MVTec Logical Constraints Anomaly
Detection Dataset (MVTec LOCO AD) [58], Visual Anomaly
Dataset (VISA) [59], CIFAR-10 [60], and MNIST dataset.
We also conduct ablation studies for sparsity n in OMP,

BFS, ASOMP, LAPF, and backbone network structures to
verify their influence on the anomaly detection performance
of SFRAD.

A. Experiment Settings

1) Dataset Description: The MVTec AD [2] dataset is the
benchmark used to verify the effectiveness of unsupervised
anomaly detection and segmentation methods in industrial
inspection. It contains more than 5,000 images, which is made
up of 15 different categories (5 for textures and 10 for objects).
Each category comprises a set of defect-free training images
and a test set of images with various kinds of defects, as well
as images without defects. The KolektorSDD [56] and the
KolektorSDD?2 [57] are two classic surface defect datasets. The
KolektorSDD consists of 399 images captured in a controlled
industrial environment in a real-world case, including 347
defect-free images and 52 images with visible defects. In our
experiments, the KolektorSDD is divided into three folds to
perform 3-fold cross-validation, and only defect-free images
are used for unsupervised training. The KolektorSDD2 con-
tains more than 3000 images, and only defect-free images are
used for unsupervised training. The MVTec LOCO AD [58]
dataset is intended for the evaluation of unsupervised anomaly
localization algorithms. The dataset includes both structural
and logical anomalies. It contains 3644 images from five
different categories inspired by real-world industrial inspec-
tion scenarios. The VISA [59] dataset contains 12 subsets
corresponding to 12 different objects. There are 10,821 images
with 9,621 normal and 1,200 anomalous samples. The MNIST
dataset is made up of 10 different handwritten digit categories,
which contains 60,000 training images and 10,000 testing
images. The CIFAR-10 [60] dataset consists of 60,000 32 x 32
images in 10 classes, with 6000 images per class. There are
50,000 training images and 10,000 test images.

For MVTec AD, KolektorSDD, KolektorSDD2, MVTec
LOCO AD, and VISA datasets, only normal images (without
any image-level or pixel-level labels) are used for training.
For MNIST and CIFAR-10 datasets, the experiments are
conducted under the one-class classification detection setting,
i.e., one category images in the training dataset are regarded
as normal for training, the same category images in the test
dataset are regarded as normal images, and the rest images are
regarded as abnormal images for inference.

2) Evaluation Metrics: In this paper, the Area Under the
Receiver Operating Characteristic Curve (ROC-AUC) and the
Per-Region-Overlap (PRO) score are adopted as the evaluation
metrics. The ROC-AUC is calculated at the image level and the
pixel level. As for the region-level PRO score, the normalized
PRO-AUC up to an average per-pixel FPR of 30% is reported
following [61].

3) Implementation Details: In all experiments, we use a
Wide-ResNet50x2 network pretrained on ImageNet to extract
features. The images in the MVTec AD, MVTec LOCO AD,
and VISA datasets are resized and cropped to 256 x 256
and 224 x 224, respectively. The images in KolektorSDD
are resized to 384 x 160. Note that when inference for
RegAD, the images in KolektorSSD are resized to 256 x 256
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TABLE I
THE IMAGE-LEVEL ANOMALY DETECTION ON THE MVTEC AD DATASET.
RESULTS ARE LISTED AS AUC-ROC SCORES (%).

Calegory  AEL2 AnGAN _ Paich DFR RIAD SPADE  Cul SITPM InTra PaDiM_ Paich ADPS DAF GLCF  Ours
SVDD Paste Core
131 (6] [62] 491 [25] 35] 163] 331 (26] (54 [36] (65] (66] (67]
Bottle 80.0 80.0 986 998 999 972 983  100.  100. 998  100. _ 100. 992  100.  100.
Cable 56.0 47.6 903 795 884 848 806 923 842 922 995 937 943  100. 990
Capsule 62.0 4.2 767 963 819 897 962 880 865 915 98I 960 898 955 981
Carpet 50.0 337 929 978 842 928 931 989 988 999 987 974 992 998 983
Grid 78.0 87.1 946 946 996 473 999  100.  100. 957 982  100.  100. 997 983
Hazelnut 88.0 259 920 100. 833 8.1 973 100 957 933  100. 996  100.  100.  100.
Leather 440 45.1 909 994 100. 954  100. 999  100.  100.  100.  100.  100.  100.  100.
Metalnut 73.0 284 940 930 885 710 993 100 968 992 100. 997  100.  100.  99.8
Pill 62.0 711 861 917 838 80.0 924 938 902 943 966 953 980 963 978
Screw 69.0 10.0 813 948 84S 667 863 882 957 843 981 895 9L1 953 966
Tile 71.0 40.1 978 933 987 96.5 934 955 982 973 987 998  100. 998 993
Toothbrush ~ 98.0 439 100 100.  100. 889 983 8§78 997 972 100. 953  100. 945 997
Transistor ~ 71.0 69.1 915 805 909 903 955 937 958 978  100. 976 955  100. 998
Wood 74.0 56.6 965 987 930 958 986 992 980 988 992 977 999 993 995
Zipper 80.0 715 978 902 981 966 994 936 994 909 994  100. 977 982 996
Mean 70.8 50.3 921 940 917 853 951 953 958 955 990 974 976 986  99.1

TABLE 11
THE PIXEL-LEVEL ANOMALY SEGMENTATION ON THE MVTEC AD
DATASET. RESULTS ARE LISTED AS AUC-ROC SCORES (%).

Category AESSIM  AEL2 AnoGAN Exp DFR RIAD SPADE STPM PaDiM_ Paich ADPS DAF GLCF  Ours
VAE Core
[13] 13] [6] 691 [49] [25] [35] 33] [54] [36] [65] [66] 521
Botlle 930 86.0 6.0 870 970 984 o84 988 983 986 995 990 988 986
Cable 82.0 86.0 78.0 900 920 842 972 95.5 96.7 985 946 973 982 983
Capsule 94.0 88.0 84.0 740 990 928 99.0 98.3 98.5 98.9 94.1 97.1 98.9 99.1
Carpet 87.0 59.0 540 780 970 963 975 98.8 99.1 991 995 992 982 990
Grid 94.0 90.0 579 730 980 988 937 99.0 973 987 992 993 989 988
Hazelnut 97.0 95.0 87.0 980 990  96.1 99.1 98.5 982 987  99.6 989 989 986
Leather 78.0 75.0 64.0 950 980 994 97.6 99.3 99.2 99.3 99.9 99.7 99.0 99.4
Metalnut 89.0 86.0 76.0 940 930 925 98.1 97.6 972 984 975 992 978 987
Pill 91.0 85.0 87.0 830 970 957 9.5 97.8 957 976 993 985 981 985
Screw 96.0 96.0 80.0 970 990 988 98.9 98.3 98.5 994 987 987 994 995
Tile 59.0 51.0 50.0 800  87.0 89.1 874 97.3 94.1 95.9 99.6 99.5 95.1 958
Toothbrush 920 93.0 90.0 940 990 989 97.9 98.9 988 987 991 992 989 988
Transistor 90.0 86.0 80.0 930 800 877 94.1 82.5 985 964 922 894 985 966
Wood 73.0 73.0 62.0 770 930 858 88.5 97.2 949 951 993 977 948 955
Zipper 88.0 77.0 78.0 780 960 978 96.5 98.5 98.5 98.9 99.6 98.7 98.8 98.8
Mean 86.9 81.6 743 861 950 941 96.0 97.1 976 981 981 981 982 983

because the pretrained model on all images in the MVTec
AD dataset except the bottle category is used. The bilinear
interpolate method is used for upsampling the anomaly map
to its input resolution. The sampling rate is set to 10%, and
k is set to 2 in this paper. For full-shot anomaly detection,
we calculate o2 in Gaussian kernel distance by setting the
maximum Gaussian kernel distance of nominal features to 0.7.
In few-shot experiments, due to the small number of normal
features (only 78 features in the memory bank for the one-
shot setting), it may not be able to estimate the appropriate
sigma for low-shot anomaly detection. Therefore, we use the
Euclidean distance instead of the Gaussian kernel function
(last step) in ASOMP to calculate the anomaly score.

4) Baseline Selection: We compare the proposed SFRAD
with state-of-the-art methods on the unsupervised anomaly
detection task including: AE-SSIM [13], AE-L2 [13],
AnoGAN [6], Patch-SVDD [62], DFR [49], RIAD [25],

SPADE [35], CutPaste [63], STPM [33], InTra [26],
PaDiM [54], PatchCore [36], Semi-Orthogonal [64],
ADPS [65], DAF [66], GLCF [67], DifferNet [39],

FastFlow [42], RegAD [47], DeepSVDD [68] and TDG [46],
etc. For the MVTec AD dataset, the results of AE-SSIM,
AE-L2, AnoGAN, and US are obtained from [33], [49], [54].
The results of other methods are reported from the original
papers. For the KolektorSDD and KolektorSDD?2, the results
of US, PaDiM, and Semi-Orthogonal are obtained from [64].
Results not specified separately are obtained by running the
experiments with the codes provided in the original articles.

B. Comparison of Full-Shot Anomaly Detection

1) The MVTec AD Dataset: We quantitatively analyze
the performance of our proposed SFRAD and all compared
methods. The results of image-level ROC-AUC, pixel-level

g

Corpet  Grid  Leaher  Tile Wood  Bowle  Cable  Capsule  Hazclnut  MewlNet  Pil Serew  Toothbrush Transistor  Zipper

Fig. 2. Qualitative results on the MVTec AD dataset for our method across
different categories. Each column shows an example of different categories.

TABLE III
THE REGION-LEVEL ANOMALY SEGMENTATION ON THE MVTEC AD
DATASET. RESULTS ARE LISTED AS PRO SCORES (%).

Category AESSIM AEL2 AnoGAN VAE US DFR SPADE SIPM PaDiM  Paich ADPS DAF  Ours
Core
13] [13] (6] (701 (611 [49] 35] 331 [54] 36] (65] [66]
Bottle 833 91.0 62.0 705 918 930 95.5 95.1 948 96.1 97.8 955 948
Cable 47.8 825 38.3 779 865 810 90.9 87.7 88.8 92.6 829 89.7  96.7
Capsule 86.0 86.2 30.5 779 916 970 93.7 922 93.5 95.5 934 84.1 95.1
Carpet 64.7 456 20.4 619 695 930 94.6 95.8 96.2 96.6 97.5 973 948
Grid 84.8 58.1 226 408 818 930 86.7 96.6 94.6 959 97.2 96.7 951
Hazelnut 91.6 91.7 69.8 710 937  97.0 953 94.3 92.6 939 952 96.1 957
Leather 56.1 81.8 37.8 649 818 970 97.2 98.0 97.8 989 99.3 989 973
Metalnut 60.3 83.0 320 575 895 900 943 945 85.6 91.3 915 956 945
Pill 83.0 89.3 71.6 793 935  96.0 94.6 96.5 927 94.1 96.0 91.1 95.8
Screw 88.7 754 46.6 664 928 960 96.0 93.0 94.4 97.9 94.3 934 973
Tile 175 89.7 17.7 242 912 790 759 92.1 86.0 874 979 96.8 802
Toothbrush 784 82.1 749 853 863 93.0 935 922 93.1 914 934 927 90.0
Transistor 725 728 549 61.0 70.1 790 87.4 69.5 84.5 83.5 854 767 918
Wood 60.5 727 38.6 578 725 910 87.4 93.6 91.1 89.6 96.6 945 888
Zipper 66.5 838 46.7 60.8 933 900 926 95.1 95.9 97.1 98.3 95.1 95.6
Mean 69.3 79.1 44.7 642 857 910 91.7 924 92.1 934 944 930  93.6

ROC-AUC, and region-level PRO-AUC on the MVTec AD
dataset are reported in Tables I, II, and III, respectively. The
best and second-best results are marked in bold and underlined,
respectively.

As shown in Table I, both SFRAD and PatchCore achieve
a mean result of 99.1%, with the latter method showing state-
of-the-art performance so far. The above results demonstrate
that the proposed SFRAD also achieves state-of-the-art per-
formance in image-level anomaly detection. Furthermore, our
proposed SFRAD exhibits good stability and achieves the best
performance in four categories and the second-best perfor-
mance in eight categories. For the pixel-level segmentation
comparison on the MVTec AD dataset, the SFRAD achieves
the best mean result. This shows that the proposed SFRAD can
detect anomalies excellently at the pixel level. At the region
level, our proposed SFRAD still outperforms the PatchCore in
mean PRO score on the MVTec AD dataset.

Qualitative visualization comparisons of our proposed
SFRAD with three state-of-the-art methods, i.e., SPADE,
PaDiM, and PatchCore, are shown in Fig. 2. Five texture
images and ten object images are displayed in 15 columns
in Fig. 2. The test images are shown in the first row, and
their corresponding ground truths are shown in the second row.
Anomaly maps and segmentation results of SPADE, PaDiM,
and PatchCore are shown in the third to eighth rows, respec-
tively. Anomaly maps and segmentation results of our method
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TABLE IV
THE PIXEL-LEVEL ANOMALY SEGMENTATION ON THE KOLEKTORSDD
AND KOLEKTORSDD?2. RESULTS ARE LISTED AS AUC-ROC SCORES (%).
WE REPORT THE SCORE FOR EACH FOLD OF THE KOLEKTORSDD, THEIR
MEAN AND STANDARD DEVIATION (STD.), AND THE MEAN SCORE FOR
THE KOLEKTORSDD2 WITH THE STANDARD DEVIATION WITH THREE
RANDOM SEEDS.

Category US [61]  PaDiM [54]  Semi-Orthogonal [64]  PatchCore [36]  ADPS [65] Ours
Fold 1 90.4 93.9 95.3 96.9 - 972
Fold 2 88.3 93.5 95.1 98.1 - 98.4
Fold 3 90.2 96.2 97.6 98.2 - 98.8
Mean 89.6+1.2 94.5£1.5 96.0+1.4 97.840.7 96.3£0.0  98.1+0.8
KolektorSDD2  95.040.5 95.630.0 98.1+0.0 99.540.0 99.24£0.0  99.6+0.0

Fig. 3. Qualitative results on the KolektorSDD and KolektorSDD2 for our
method. Rows one to four are test images, ground truths, anomaly maps,
and segmentation results. The first four columns show the results for a
normal image and three anomaly images in the KolektorSDD. The last two
columns show the results for a normal image and an anomaly image in the
KolektorSDD?2.

are shown in the last two rows, respectively. We can see that
the proposed SFRAD pays more attention to the abnormal
regions of images. Although there are significant differences
in the location, shape, and size of anomalies, our method
still significantly detects anomalous regions. Compared with
the other three methods, there are fewer false detections
(column 6, bottle, SPADE; column 11, pill, all three compared
methods) and missed detections (column 8, capsule, PaDiM)
in our proposed SFRAD. In addition, our method is simpler
to operate, without alignment operations and a large memory
to store features in the memory bank.

2) The KolektorSDD and KolektorSDD2: We compare the
proposed SFRAD method with five unsupervised anomaly
detection methods, i.e., US, PaDiM, Semi-Orthogonal, Patch-
Core, and ADPS, on two industrial datasets, KolektorSDD and
KolektorSDD2, to verify its effectiveness. The results of all
compared methods on these two datasets are listed in Table V.
The detection results on KolektorSDD and KolektorSDD2
show that SFRAD achieves the highest pixel-level ROC-AUC,
outperforming the other five comparison methods. On the
KolektorSDD2, SFRAD achieves the highest pixel-level ROC-
AUC. Overall, our method achieves at least 97.2% pixel-level
results on two industrial datasets, which demonstrates that
SFRAD is applicable to different anomaly detection datasets.
We also present the qualitative results of SFRAD, as shown
in Fig. 3. It can be observed that SFRAD can detect complete
anomalous regions. This proves that SFRAD can be adapted
to anomaly detection in real industrial scenarios with different
materials and different products.

3) The MVTec LOCO AD Dataset: For the image-level
anomaly detection experiments on the MVTec LOCO AD
dataset, as shown in Table V, the proposed SFRAD has
demonstrated exceptional performance. When compared with
the SPADE and PatchCore, SFRAD achieves the highest

8
TABLE V
THE IMAGE-LEVEL ANOMALY DETECTION ON THE MVTEC LOCO AD
DATASET.
Categor SPADE PatchCore Ours
£ory Logical ~ Structural | Logical — Structural | Logical  Structural
Breakfast_box 63.1 69.0 80.9 72.3 825 74.4
Juice_bottle 79.5 81.4 91.5 97.9 91.6 98.2
Pushpins 532 68.2 69.0 82.9 68.6 87.6
Screw_bag 51.4 76.9 57.6 90.4 57.8 91.0
Splicing_connectors 64.0 64.9 78.0 95.3 78.2 96.4
Mean 62.2 72.1 754 87.8 75.8 89.5
TABLE VI
THE PERFORMANCE COMPARISON OF ANOMALY DETECTION AND
LOCALIZATION ON THE VISA DATASET.
Categor Image-level ROC-AUC Pixel-level ROC-AUC Region-level PRO-AUC
gory SPADE  PatchCore  Ours | SPADE  PatchCore  Ours [ SPADE  PatchCore  Ours
Candle 81.6 99.0 98.9 99.0 99.2 99.3 96.5 95.2 95.3
Capsules 61.6 75.2 80.0 99.2 98.6 99.2 89.5 81.5 88.8
Cashew 92.1 97.5 97.7 93.5 98.7 98.9 89.1 94.2 93.6
Chewinggum 93.6 99.5 99.6 98.3 98.7 98.9 68.6 825 853
Fryum 83.0 94.1 96.4 91.9 95.0 95.4 84.6 87.7 89.5
Macaronil 62.6 94.5 97.6 99.8 99.2 99.6 97.2 94.1 97.2
Macaroni2 49.6 72.0 82.1 98.6 97.4 99.0 86.4 92.2 97.1
Pcbl 92.7 97.8 98.8 99.2 99.7 99.8 93.1 935 94.6
Pcb2 86.0 95.5 96.9 96.7 98.7 98.8 88.3 89.1 90.4
Pcb3 78.8 96.9 97.9 99.1 98.9 99.0 89.0 89.6 90.4
Pcb4 96.9 99.5 99.5 95.2 98.1 98.2 78.7 86.5 87.1
Pipe_fryum 775 99.9 99.9 98.4 99.0 99.2 94.4 94.5 94.7
Mean 79.7 934 954 | 974 984 98.8 88.0 90.0 92.0

average scores in both the logical and structural dimensions,
with 75.8% and 89.5% respectively. Particularly in the struc-
tural dimension, SFRAD significantly outperforms the other
methods, indicating a pronounced advantage in identifying
structural anomalies within images. Moreover, SFRAD has
shown high accuracy across most categories, such as in the
“Juice_bottle” category, where SFRAD achieves a high score
of 98.2% in the structural dimension.

4) The VISA Dataset: The quantitative results on the VISA
dataset are shown in Table VI. SFRAD shows excellent per-
formance on image-level, pixel-level and region-level anomaly
detection, especially on Candle, Cashew, Chewinggum, and
Pcbl, etc.

5) MNIST and CIFAR-10: The proposed SFRAD is eval-
uated on the MNIST and CIFAR-10 datasets specifically for
one-class classification tasks. The evaluation focuses solely
on image-level anomaly detection metrics for these datasets.
Table VII and Table VIII show the results on the MNIST
and CIFAR-10 datasets, respectively. It can be seen that
SFRAD exhibits impressive performance overall. Remarkably,
SFRAD outperforms other methods across all ten categories
of the MNIST dataset, and its average result is 4.5% higher
than DeepSVDD. Simultaneously, SFRAD also achieved su-
perior performance on the CIFAR-10 dataset. In conclusion,
SFRAD has demonstrated strong and competitive performance
in image-level anomaly detection on both the MNIST and
CIFAR-10 datasets.

C. Comparison of Low-Shot Anomaly Detection

1) The MVTec AD Dataset: The performances of low-shot
anomaly detection (using only a small number of normal
images as the training set) are investigated. Referring to
PatchCore, we validate the influence of our proposed SFRAD
on low-shot anomaly detection using the number of normal
images from 1 to 50 (i.e., corresponding to 0.4% to 21% of the
total normal images). The performances of low-shot anomaly
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Image-Level Results

Pixel-Level Results

Region-Level Results
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Fig. 4. The influence of low-shot anomaly detection on the MVTec AD dataset.
TABLE VII TABLE IX
THE IMAGE-LEVEL ANOMALY DETECTION ON THE MNIST DATASET. LOW-SHOT ANOMALY DETECTION PERFORMANCE ON THE MVTEC AD
DATASET.
Category AnoGAN  OC-SVM  DeepSVDD  SFRAD
0 96.6 98.6 98.0 99.9
1 99.2 99.5 9.7 99.9 Method\Shots 1 2 5 10 16 20 50
2 85.0 82.5 91.7 99.0 Retained 0.4 0.8 2.1 41 6.6 83 21
3 88.7 88.1 91.9 99.1 Tmage-level ROC-AUC
o4O SPADE [35] TAOEI1 76212 715507 717207 78306 777208 78.0%03
4 89.4 94.9 94.9 99.1 PaDiM [54] 760413 78812  817:09 842:09 86.5+0.6 87.4£0.5 91405
5 88.3 77.1 88.5 99.1 DifferNet [39] ~ 73.1#1.7  75.5%1.4 79.8+1.5 83112 854406 86.0:+1.0 88.6+0.7
6 jod 23 8.3 9.6 ReghD (47) 69615 815417 393108 80403 09606 907604 895602
eg NEIW Skl .50. .0£0. .9+0. . 7+0. .5+0.
7 93.5 93.7 94.6 99.2 ParchCore [36] 83410  86.9+1.0 90.9+1.0 937:0.6 952405 054202 97.4+0.4
8 84.9 88.9 93.9 99.2 Ours 82.8409 86.6x1.0 90.9+1.0 93.8:0.6 953x0.5 95.8+0.3 97.9+0.3
Pixel-level ROC-AUC
9 924 93.1 26.5 99.3 SPADE [35] 805402 921203 038203 049203 959401 96.120.1 96.60.0
Mean 91.27 91.29 94.8 99.3 PaDiM [54] 879404 902+04 924302 938+02 948409 951:0.1  96.4+0.0
FastFlow [42]  70.6£27 82.6£2.0 920:07 943:07 959403 96204 97203
RegAD [47] 93.1£0.3  947:0.3 962:02 96.9+0.1 96220.1 97.120.1  96.40.1
PatchCore [36] 91.540.4 93103 047+03 96004 967403 96.9+02 97.8+0.1
Ours 916403 932+03 949:04 962:04 97.0£0.3 971202 97.9:0.1
TABLE VIII Region-level PRO-AUC
THE IMAGE-LEVEL ANOMALY DETECTION ON THE CIFAR-10 DATASET. SPADE [35] 767405 820205 857:05 88.1:06 89.720.3 00.1£02 O1.3%0.1
PaDiM [54] 709408  76.1£1.0 814206 84.4%06 866204 875:04  90.2£0.1
FastFlow [42]  51.3#2.6 53224 77.8:l4 839£13 87710 889+1.0 91308
Category AnoGAN  OC-SVM  DeepSVDD  SFRAD RegAD [47] 79.8+0.8 83.6:0.8 87.7+0.4  89.6:0.3 88.8+02 90.3x0.1 87.6:0.2
- PatchCore [36]  77.30.6  80.320.7 840:08 87.2#0.8 88.8+0.8 89.320.7 917402
/zlrplanei).l —21; g é g 2;; gz g Ours 772:04 80307 845:0.9 87.7+1.1 89.6:1.0 90.1:07 92.4%0.2
utomobile . . . .
Bird 52.9 50.0 50.8 74.4
Cat 54.5 55.9 59.1 67.1
Deer 65.1 66.0 60.9 87.0 TABLE X
Dog 60.3 62.4 65.7 72.2 LOW-SHOT ANOMALY DETECTION PERFORMANCE ON THE
Frog 58.5 74.7 67.7 89.2 KOLEKTORSDD.
Horse 62.5 62.6 67.3 84.7
Ship 75.8 74.9 75.9 85.1
Truck 66.5 759 73.1 85.2 Method\Shots 1T 2 5 10 16 20 50
Mean 61.8 64.8 64.8 81.6 Retained 0.4 0.8 2.1 4.1 6.6 83 21
Image-level ROC-AUC
SPADE [35] 572433 56346 58.1:38 500:18 600414 60.1£1.0 60.7205
PaDiM [54] 64348 715828 762+18 78716 81713 828+12  86.9+0.8
DifferNet [39]  73.543.5 77.7+3.0 8$3.1:20 862+1.1 87710 88.0£04 89.8+1.0
) o FastFlow [42] 552443 64591 79.9+3.6 83.3%29 86.3%3.1 891225 89.1+138
detectlon are shown in Flg 4 For most texture Classes (Carpet’ RegAD [47] 70.942.6  59.6+1.8 62.4+1.9 71.0+1.1 76.4+1.1 70.6£1.5 76.9+0.8
. - PatchCore [36]  78.3%3.7 82742 875820 89.6£1.0 89.940.6 907207 90.9:038
leather, tile, wood) and some target classes (bottle, zipper), Ours 79143  83.6:3.6 $8.3:23 90208 91108 913:0.5  92.3:0.6
. . Pixel-level ROC-AUC
robust performances on the three evaluation metrics can be SPADE [35] 944203 049804 956202 060202 063201 963£0.1 96.720.1
. . . PaDiM [54] 909409 935:05 95.1303 957402 9630.1 96.4+02  97.1+0.1
achieved with a small number of 1mmages, even one normal FastFlow [42]  63.848.5 81.3+7.6 90.0+2.0 92.1+1.7 94.6+1.8 957+l.1 95.5+0.6
. . . RegAD [47] 82.842.9 70.5:14 829:07 877403 87.5£02 857:03 84.7:02
image. For the hazelnut and pill categories, the performances PatchCore [36]  95.6:0.5 962404 96.9:03 972402 97.2:03 972402 97.5:0.1
of low-shot anomaly detection are slightly affected. Even using Ours 96.10.5 96.7&0.5R 973103 975102 97701 97.7:0.1  97.910.1
X N A egion-level PRO-AUC
only one normal image as the nominal dataset, our method is SPADE [35] 645511 060.6£1.2 69.2£1.0 71.0£1.0 723%0.5 725207 74.8%05
. o i PaDiM [54] 56.4%3.6  639:1.9 692+10 T1.6£1.0 73.5£0.8 74511 77.0£0.7
still competitive. For cable, capsule, toothbrush, and transistor FastFlow [42]  50.8+4.6 517439 584343 64850 70.046.1 742+40 709430
. . . . RegAD [47] 319428 18410 332+12 43.6x13 422407 377207 402+04
categories, when the number of images in the nominal dataset PatchCore [36] 72.132.4  75.122.0 77.8:1.8 79.6:1.1 80.1=L.5 80.5:1.0 81.2+1.0
Ours 74427 779822 798:14 8L5:12 8270.6 82.9:0.6 83.5:0.7

is less than five, the image-level results are partly affected. For
example, in the capsule category, comparing using one image
with using five images as the nominal dataset, the image-level
ROC-AUC dropped by about 16%. The above phenomenon
is due to the fact that randomly selecting one image as the
nominal dataset cannot represent all normal images for some
categories. For the grid category, when the number of images
is less than 20, all three metric results are affected to a certain
extent. The reason is that the difference between normal patch
features and abnormal patch features is small, and it is easy to
misclassify when the number of nominal images is insufficient.

Furthermore, the results of our method and six other com-
pared methods (i.e., SPADE, PaDiM, DifferNet, FastFlow,
RegAD, and PatchCore) on low-shot anomaly detection are
shown in Table IX. The mean score and standard deviation
with twenty random seeds when K < 10 and ten random
seeds when K > 10 for each category are reported. The same
setting is used in the comparison methods. For image-level
anomaly detection, our proposed SFRAD has consistently
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Fig. 5. The influence of low-shot anomaly detection on the KolektorSDD and KolektorSDD?2.

TABLE XI
LOW-SHOT ANOMALY DETECTION PERFORMANCE ON THE
KOLEKTORSDD2.
Method\ Shots 1 2 5 10 16 20 50
Retained 0.4 0.8 2.1 4.1 6.6 83 21
Image-level ROC-AUC
SPADE [35] 76.6%3.1 77.9+2.6 79.5£1.6  79.7#1.2 80.4+0.8 80.4+1.1  80.6+0.5
PaDiM [54] 84.742.3 86.8+0.8 87.7+0.5 88.5#0.6  89.3x0.4 89.5x0.4 91.1+0.2
DifferNet [39]  89.7+1.3 89.9+0.9 90.4+0.5  90.6£0.9  90.6+0.8  90.9+0.7  92.1+0.6
FastFlow [42] 54.7£12.6  66.0£17.5 85.6+54 83.5£#3.9 85645 87.7x45 925433
RegAD [47] 86.6+0.7 90.1£0.5 89.0£0.4 924404  90.4+03 89.7+0.3  90.1+0.2
PatchCore [36]  93.6+1.2 94.5+1.2 953+0.8  96.1#04  96.3x0.4 964403  96.8+0.4
Ours 93.4+1.7 94.9+1.3 95.9+0.8 96.5+0.5 96.7+0.3  96.8+0.2  97.2+0.3
Pixel-level ROC-AUC
SPADE [35] 97.7+0.2 98.0+0.2 98.5+0.1 98.6£0.1 98.7+0.0 98.8+0.0  98.9+0.0
PaDiM [54] 95.8+0.4 97.4+0.3 98.1+0.1  98.4+0.1 98.6+0.1 98.7+0.0  98.9+0.0
FastFlow [42] 62.2£18.0 83.8£11.9 93.8£2.7 93.3+2.8 958+2.1 96.3%1.7 97.2%1.4
RegAD [47] 97.4+0.2 96.5+0.5 97.840.2  98.2#0.1  98.0+0.1  97.8+0.1 = 98.3x0.1
PatchCore [36]  99.0+0.2 99.1+0.2 99.3+0.1  99.3+0.1  99.4+0.0  99.4+0.0  99.4+0.0
Ours 99.1+0.2 99.3+0.1 99.3+0.1  99.4+0.0  99.4+0.0  99.5+0.0  99.5+0.0
Region-level PRO-AUC
SPADE [35] 95.3+0.3 96.0+0.6 96.7+0.3  97.0£0.3  97.1x0.2  97.3x0.2  97.5+0.2
PaDiM [54] 93.0+0.8 95.8+0.4 96.8+0.2  97.2#0.2  97.4+0.1 97.5+0.2  97.8+0.1
FastFlow [42] 49.840.6 52.849.2 89.4+4.0 89.5£#3.0 92.443.0 93.9+24  95.3%£15
RegAD [47] 91.80.5 91.3£0.5 91.9£0.3 934403  92.1x0.4  91.9+0.5  94.0+0.7
PatchCore [36]  96.3+0.6 96.8+0.6 97.0+04  97.3#0.3  97.4+03 974403  97.6+0.2
Ours 96.6+0.6 97.1+0.6 97.5+0.4  97.6£0.2  97.7+0.2  97.8+0.2  97.9+0.2

demonstrated superior results compared to the other methods
listed, especially when K > 2. For pixel-level anomaly
detection, our method maintains competitiveness with existing
methods, except for K < 10. When K < 10, our method
is only inferior to RegAD. It’s worth noting that RegAD
incorporates a substantial number of additional images for
training its model. In addition, as K increases, the rate of
performance improvement in RegAD slows down, and in some
instances, a decline in performance is observed. In contrast,
our method leverages the ImageNet pretrained model to extract
image features, which yields favorable results. As K continues
to rise, our method’s performance exhibits a consistent upward
trend. In addition, our method exhibits sensitivity towards cat-
egories with excessively large or small abnormal regions (such
as grid, screw, and transistor), as depicted in Fig. 4. When not
accounting for the impact of these categories, the performance
of our method consistently outperforms that of the comparison
methods listed. When K > 10, our method overtakes the
listed comparative methods by a significant margin in terms
of performance. For the region-level anomaly detection, when
K < 10, the performance of our method lags behind that
of SPADE. This difference in performance can be attributed
to SPADE’s utilization of both earlier layers (Layerl) and
deeper layers (Layer2, Layer3) to calculate anomaly maps for
features of each layer. These anomaly maps are then aligned
for pyramid matching to detect anomalies. In contrast, our
approach only employs deep layers (Layer2 and Layer3). It’s

worth noting that in situations where available images are
limited, the incorporation of supplementary information can
enhance the method’s performance. Therefore, when K < 10,
our method does not get the optimal results. When K > 10,
our method achieves competitive results, further demonstrating
the superiority of our proposed SFRAD on low-shot anomaly
detection.

2) The KolektorSDD and KolektorSDD2: Fig. 5 shows
the results of our method for low-shot anomaly detection
on the KolektorSDD and KolektorSDD2. As the number of
nominal images increases, anomaly detection performance
continues to improve. When the number of nominal images
exceeds 10, the performance tends to be stable. Additionally,
compared to others, our proposed SFRAD is more robust on
the KolektorSDD?2.

Table X and Table XI record the comparison results of
different methods on KolektorSDD and KolektorSDD?2, re-
spectively. For RegAD, the model is trained using aggregated
data from all categories in MVTec AD, except for the bottle
category, and directly applicable to KolektorSDD and Kolek-
torSDD2. For FastFlow, the model undergoes 500 iterations
without any parameter adjustments, and no validation set is
designated for optimal model selection. It can be seen that
our proposed SFRAD outperforms SPADE, PaDiM, DifferNet,
FastFlow, and RegAD on low-shot anomaly detection by a
large margin. Moreover, the results of our SFRAD are better
than those of PatchCore in most cases. These comparative
results further demonstrate the superiority of our method on
low-shot anomaly detection.

3) The MVTec LOCO AD dataset: In this subsection, we
conduct an in-depth evaluation of SFRAD’s performance for
low-shot anomaly detection on the MVTec LOCO AD dataset.
As illustrated in Fig. 6, SFRAD achieves satisfactory results
in detecting logical and structural anomalies. The accuracy of
SFRAD steadily increases with the number of normal samples.
Compared to existing methods such as SPADE, RegAD,
and PatchCore, SFRAD demonstrates strong competitiveness
under one-shot, five-shot, and ten-shot settings. Notably, when
k > 5, SFRAD achieves higher accuracy in both logical
and structural anomaly detection. Overall, our method exhibits
high performance and stability in terms of average accuracy.

4) The VISA Dataset: Fig. 7 compares the performance
of our method with SPADE, RegAD, and PatchCore on the
VISA dataset. Through a comprehensive evaluation for few-
shot anomaly detection, SFRAD consistently demonstrates
high accuracy across one-shot, five-shot, and ten-shot settings,
showcasing exceptional robustness. In particular, SFRAD’s
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Fig. 6. Low-shot anomaly detection Performance on the MVTec LOCO AD dataset (Image-level ROC-AUC).
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Fig. 7. Low-shot anomaly detection Performance on the VISA dataset.

anomaly detection capability under low-shot conditions is
notably superior to other methods. This highlights its potential
for practical applications, especially in industrial inspection
scenarios where sample acquisition is limited.

5) MNIST and CIFAR-10: Fig. 8 shows the results of our
method in comparison to PatchSVDD, DeepSVDD, and TDG
on the MNIST dataset. Our method outperforms all compar-
ison methods under the low shot setting. This demonstrates
that our method can still achieve excellent results in one-class
classification with a limited number of images. Furthermore,
we evaluate SFRAD on the CIFAR-10 dataset, as shown in
Fig. 9. The results obtained by SFRAD significantly surpass
those of the PatchCore DeepSVDD method. On the one-shot
setting, our method is not as good as TDG. This is because
TDG uses conditional generators to extend a normal image to
multiple images, while our method only extracts features of
an image. In some natural images, an image (or the subsets)
cannot represent the feature variation of normal samples [39].
On the five-shot and ten-shot settings, our method’s results are
on par with those of TDG. These underscore the superiority
of our approach.

D. Analysis of Computational Complexity

In this subsection, we conduct an analysis of the com-
putational complexity of SFRAD and compare its inference
time with other benchmark methods. Firstly, we examine
the computational complexity of SFRAD during the train-
ing phase, denoted by O(:) notation, which hides constant
factors and smaller terms [71]. As depicted in Algorithm
2, the computational complexity is solely dependent on the
predetermined size of the memory bank M and the size of
the anomaly-free image set Z. Therefore, the computational
complexity of the training phase is O(]M||Z]). During the
testing phase, the computational complexity is only related
to the size of memory bank M, so the time complexity is
O(]M]) in the testing phase.

We evaluate the inference speed of our method and other
comparison methods under the K = 20 settings. The statistics
for inference speed are presented in Table XII. In general,

(b) Five Shot
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when n = 1, our method consistently achieves a frame rate
of over five Frames Per Second (FPS), which surpasses the
inference speed of SPADE, PaDiM, DifferNet, and RegAD,
but falls short of FastFlow and PatchCore. Furthermore, as
the value of n is increased, our method demonstrates enhanced
anomaly detection capabilities, albeit at the cost of increased
inference time. Nevertheless, it’s worth mentioning that the
inference speed of our method remains faster than that of
some comparison methods. In terms of performance, our
method outperforms the listed comparative methods by at least
0.4% at the image level and 0.2% at the pixel level. Our
method provides the flexibility so that users can adjust the
configuration to balance the performance and inference speed
for different application requirements.

E. Ablation Study

We conduct extensive ablation experiments on the MVTec
AD dataset and analyze the influence of each component of our
method on anomaly detection to demonstrate the superiority
of the proposed SFRAD. The main contents of ablation
research include the following six aspects: 1) the influence
of sparsity n in the OMP algorithm, 2) the influence of BFS,
3) the influence of ASOMP, 4) the influence of LAPF, 5) the
influence of backbone network structures, and 6) the influence
of distribution shift.

1) Influence of Sparsity n in OMP: This subsection verifies
the influence of sparsity n in OMP on anomaly detection
performance. As shown in Fig. 10, the value of n is more
robust to most categories, such as bottle, carpet, hazelnut,
leather, metal nut, and zipper. For these categories, stable
performance and good results are obtained in three metrics
regardless of the value of n. For capsule, grid, and pill cate-
gories, when n < 3, the image-level results are decreased. For
the pixel-level results, different n values have little influence
on the performance. When n = 1, the performance of the
proposed SFRAD only drops slightly for pill, tile, transistor,
and wood categories. For the region-level results, when n = 1,
the performance of our SFRAD for the grid, metal nut, pill,
and tile categories drops slightly. To sum up, when the n
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TABLE XII
THE INFERENCE SPEED PER IMAGE ON MVTEC AD.
Method SPADE  PaDiM  DifferNet FastFlow RegAD  PatchCore Ours (n =1) Ours (n = 5)
Speed (FPS) 041 0.59 3.11 20.96 2.59 6.31 5.03 1.11
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Fig. 8. Low-shot anomaly detection Performance on the MNIST dataset.

707 mmm PatchSVDD
© 60 28 DeepsvDD
2 @1 DG

(a) One Shot

(c) Ten Shot

Fig. 9. Low-shot anomaly detection Performance on the CIFAR-10 dataset.

value is small, it has a certain influence on some categories,
and when n > 5, all categories can achieve stable results.
The above analysis concludes that, when n is large, the
feature representation can more accurately fit a normal feature.
Thus, the distance between a normal feature and its feature
representation is smaller than that of an abnormal feature.
Therefore, it is easier to distinguish normal features from
abnormal features by setting a larger n. Considering the time
cost, we set n = 5 in this paper.

2) Influence of BFS: This subsection discusses the influ-
ence of BFS in our proposed SFRAD on anomaly detection
performance. First, we set a = {0.1%, 0.5%, 1%, 5%, 10%,
20%} to verify the influence of sampling rate « in BFS on the
performance of SFRAD, as shown in Fig. 11. when sampling
rate « is extremely small, the performance of the method is
affected to a certain extent on the minority categories. When
sampling rate o > 1%, robust results can be achieved in almost
all categories. Furthermore, we compare the performance of
Greedy Coreset Selection (GCS) [36] and BFS for the memory
bank on three metrics when sampling rate o = {1%, 10%},
and the results are shown in Fig. 12. Our proposed SFRAD
achieves the highest performance in ten categories for the
image-level results. In terms of pixel-level results, the mean
result of our method is not much different from that of GCS.
For the region-level metric, our method achieves the best
performance in 9 categories, which is significantly higher
than GCS. In general, our proposed BFS demonstrates certain
competitiveness.

3) Influence of ASOMP: 1In this subsection, we construct
some baseline methods — Similarity Distance, L2 Dis-
tance, Cosine Distance, and Mahalanobis Distance, where the
ASOMP-based anomaly score in SFRAD is replaced with
those different distances, respectively. SFRAD is compared

with those baseline methods to verify the influence of ASOMP
on anomaly detection performance. The comparison results
are shown in Fig. 13. For the image-level results, ASOMP
achieves higher results on nine categories than other distances,
where the mean result of ASOMP is also the highest. For
the pixel-level results, the mean performance of ASOMP is
slightly higher than Similarity Distance, L2 Distance, and Ma-
halanobis Distance. Moreover, the highest results are achieved
in seven categories, of which the result of the pill category is
significantly higher than other distances. In terms of region-
level results, the results of ASOMP on ten categories are all
higher than the latter, and the mean result is also at least 0.5%
higher than other distances. Therefore, our proposed ASOMP
is more robust than the other four distances.

4) Influence of LAPF: In this subsection, we explore the in-
fluence of using LAPF on the anomaly detection performance
of SFRAD. To assess the influence of LAPF on various layers
of the feature extractor, we conduct separate experiments for
different values of I, specifically | = {2,3}, 1 =2, and | = 3.
The results of SFRAD with (w) and without (wo) LAPF are
presented in Fig. 14. Across all categories, LAPF demonstrates
the ability to enhance anomaly detection performance to some
extent. More specifically, LAPF effectively improves anomaly
detection performance for categories with larger targets or
defects (e.g., transistor) while imposing limitations on cate-
gories with minor defects (e.g., grid). Additionally, for shallow
feature extractors (e.g., [ = 2), SFRAD’s performance with
LAPF is notably better due to LAPF’s capacity to increase
the receptive field size. Conversely, for deep feature extractors
(e.g., I = 3), the performance of SFRAD with LAPF remains
largely unaffected.

5) Influence of Backbone Network Structures: We inves-
tigate the impact of utilizing the Vision Transformer (ViT),
the Masked AutoEncoder (MAE), and the image encoder
(ResNet50) of the Contrastive Language-Image Pretraining
model (CLIP-ResNet50) as backbone network structures for
feature extraction on the anomaly detection performance of
SFRAD, as depicted in Fig. 15. When employing ViT, CLIP-
ResNet50, or Wide-ResNet50x2 (Ours) as the feature extrac-
tor, we observe that both methods yielded nearly comparable
results, with both surpassing the results obtained using MAE.
We attribute this divergence in performance to the fact that
ResNet and ViT have undergone classification-oriented pre-
training, which aligns more effectively with the requirements
of our task. In contrast, MAE’s emphasis on reconstructing
input images through its encoder-decoder architecture may
explain its comparatively lower performance. Nevertheless,
it’s worth noting that even when using MAE as an encoder,
the results still outperform most of the comparison methods.
In summary, achieving satisfactory results is possible using
transformers and autoencoders.
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Fig. 13. The influence of ASOMP on the MVTec AD dataset.

6) Influence of Distribution Shift: We conduct a thorough
investigation into the influence of distribution shifts on the
performance of our proposed method. In our experiments, we
intentionally introduce noise to the test set images, altering
their distribution from that of normal images. To system-
atically evaluate this influence, inspired by [72], we select
four distinct types of corruption for testing, i.e., Brightness,
Contrast, Defocus Blur, and Gaussian noise. Additionally, each
corruption type is tested at three different severity levels.
Fig. 16 and 17 present the average results across different
categories and the specific results for each category in the
MVTec AD dataset, respectively. In Fig. 16, we observe
a gradual decline in SFRAD’s performance as the severity
of corruption to the test images increases. Notably, SFRAD
demonstrates resilience to Defocus Blur, with its impact being
relatively minor. This indicates SFRAD exhibits a degree of
robustness in handling varying levels of image corruption,

particularly in cases of Defocus Blur. In Fig. 17, variations
in the sensitivity of different categories to corruption become
apparent. For instance, SFRAD performs well regardless of
the type of noise added or the extent of image degradation
for the carpet and leather categories. However, the screw
category shows a higher susceptibility to corruption, possibly
attributed to the smaller and less conspicuous abnormal areas.
This makes normal images more prone to being misclassified
as anomalies after degradation. In summary, our algorithm
demonstrates commendable anomaly detection performance on
the out-of-distribution (OOD) test dataset.

V. CONCLUSION

In this paper, a novel framework named SFRAD is proposed
for unsupervised visual anomaly detection. The proposed
SFRAD methodology uses the pretrained Wide-ResNet50x2
network to extract the multiscale features of nominal images.
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Fig. 15. The influence of backbone network structures on the MVTec AD dataset. “ViT-E7-E15” means two feature layers from ViT, i.e.,

[ = blocks.7 and

blocks.15, are used to extract features. “MAE-D5-D7” means two feature layers from the decoder of MAE, i.e., [ = blocks.5 and blocks.7, are used to

extract features.
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Fig. 16. The influence of four corruptions on the MVTec AD dataset (the average results).
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Fig. 17. The influence of four corruptions on the MVTec AD dataset (the results for each category).

pertinent issues where we would devote attention in our future
work.

The memory bank can be obtained by combining minimax
facility location coreset selection and ASOMP to sample basis
features. During inference, the anomaly score of the test
feature can be calculated by using the memory bank and
ASOMP. Finally, anomaly pixels can be located according
to anomaly scores. Experimental results on the MVTec AD,
KolektorSDD, KolektorSDD2, MVTec LOCO AD, VISA,
MNIST, and CIFAR-10 datasets show the effectiveness of
our proposed SFRAD methodology. The limitations of our
proposed SFRAD methodology, in its current development,
are along the lines of two aspects. Firstly, the selection of
the o value in the Gaussian kernel function for different cat-
egories can be further explored to improve low-shot anomaly
detection. Secondly, the aspect on how best to realize robust
anomaly detection in complex scenarios with the proposed
SFRAD method remains a challenging work. These would be
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