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Abstract. Anomaly Detection (AD) technology has received much
attention recently, especially in industrial quality inspection applications.
Most existing unsupervised AD methods assume that the training data
contains only normal samples, which is difficult to satisfy in practice.
When the training data are mixed with even a small number of defective
samples, the AD methods, that use distillation learning, will be nega-
tively affected, leading to significant performance drops. To tackle this
issue, in this paper, we proposed an approach, namely AD?, to conduct
anomaly detection during the training phase of an anomaly detection
model. Specifically, we devise a Non-Major Feature Elimination (NMFE)
module to eliminate the prominent anomaly-related discrepancy informa-
tion and adopt an Anomaly Training Data Removal (ATDR) strategy to
identify outliers in the training data, preventing abnormal information
from affecting model training. During the inference phase, AD? does not
introduce any extra computation overhead. Experiments demonstrate
that AD? can successfully alleviate the performance deterioration caused
by polluted training samples. On the MVTec LOCO dataset, when 10%
of the training set is corrupted by anomalous samples, AD? can sig-
nificantly improve the image-level AUROC from 0.793 to 0.865 com-
pared to the ordinary AD method, without sacrificing any inference effi-
ciency. AD? provides an effective solution for issues of data uncertainty
in anomaly detection. The source code will be released.

1 Introduction

The unsupervised Anomaly Detection (AD)! task that aims to detect anomaly
samples given a large number of normal data. AD methods can be utilized by
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! In this paper, AD refers to the unsupervised image Anomaly Detection.
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Fig. 1. Comparison of image-level AUROC performance on polluted MVTec LOCO
dataset at different ratios of noise. The performance of ordinary AD methods deteri-
orates significantly as the ratio of noise increases. Compared to them, our proposed
AD? is more robust and has a higher tolerance for noise. In practical scenarios where
the training data may contain anomalies, AD? can achieve better results.

industrial manufacturers to ensure production quality [24]. They can also be
used in medical diagnosis to find rare underlying disease representations [25].
Compared to supervised learning methods, AD methods require less expensive
labeling labor from experts but have the ability to detect unseen defects [22].
These advantages make AD methods receive wide attention from computer vision
researchers [11]. However, traditional AD methods assume that the training data
only contain normal samples, which is not easy to satisfy in practical situations
[12]. Completely clean data sources are rarely available, which hinders the appli-
cation in practical fields. For example, the data is often collected directly from
industrial production lines, which is a “blind” scenario described in [30]. Without
manual confirmation, the purity of normal data cannot be guaranteed.

Most AD methods do not consider the negative impact of noisy training data.
Abnormal samples mixed into the training data may mislead the AD methods to
capture incorrect information during the training phase, resulting in significant
performance deterioration at the testing stage [12]. As shown in Fig. 1, the
performance of ordinary AD methods drops a lot when the training set contains
anomalies. Previous works such as SoftPatch [12] and InReaCh [14] have noticed
this problem, and they try to remove erroneous abnormal features while building
the memory bank. However, They have weaker capabilities for logical global
anomalies. In this paper, we resolve this problem from the perspective of model
training for distillation-based AD methods.

We propose AD?, to achieve Anomaly Detection during training an Anomaly
Detection model. AD? can reduce the negative impact of possible abnormal
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samples on model training and enables AD methods to automatically exploit
uncertain normal data in a fully unsupervised manner.

Different from some pioneers that optimize the nearest neighbor selection
logic, AD? is developed based on a distillation-based framework. We focus on
how to reduce the negative effects of abnormal samples or features during model
training, making the model learning process more robust. Distillation-based AD
methods cultivate the student models to learn the imitation ability from the
teacher model, which is problematic under noisy conditions, e.g. anomalous
samples will mislead the student model to imitate anomalies. AD? follows the
principles that the student model should imitate a majority of training samples
containing consistent characteristics, and ignore the learning of rare prominent
samples. The model is concentrated on the major feature discrepancy learning so
that anomaly detection and rejection are achieved in the training phase. To the
best of our knowledge, we are the first to resolve noisy AD tasks by optimizing
model training and being valid on logical anomalies.

The proposed AD? contains a Non-Major Feature Elimination (NMFE) mod-
ule and an Anomaly Training Data Removal (ATDR) strategy. The NMFE mod-
ule reduces the feature learning gradient of occasional differences according to
the mutual information between training samples in a batch, ensuring that the
parameter optimization occurs only in consistent responses. The ATDR strategy
evaluates the feature of training data at current step and suppresses the training
weight of outliers to reduce the negative impact of potential anomalous samples.
Experiments show that training data mixed with abnormal samples deteriorates
the performance of ordinary AD methods. In this case, AD? can make the anoma-
lous samples be processed properly and alleviate the performance deterioration.
Meanwhile, the inference efficiency remains the same as before.

The contributions can be summarized as follows:

— We propose a novel approach to tackle the problem of normal samples being
noisy, which could prevent the performance of AD methods from deteriorat-
ing due to the potential defective samples in the training set. The proposed
AD? can deal with more practical data, and achieves a fully unsupervised
procedure for AD tasks.

— The AD? adopts a proposed NMFE module to rely on the mutual information
for more consistent feature learning, reducing adverse effects from anomalous
samples. It also uses the proposed ATDR strategy to remove potential abnor-
mal samples from participating in training, promoting model training in a
cleaner context. AD? makes the model less sensitive to the presence of noisy
data.

— The experiments on the three standard benchmarks demonstrate the effec-
tiveness of the proposed method. In different scenarios and different ratios of
noise, AD? can significantly alleviate the performance degradation introduced
by noisy training data.
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2 Related Work
2.1 Anomaly Detection Methods

Recent AD methods for image anomaly detection can be roughly categorized
into reconstruction-based, memory-based, and distillation-based [10,13,23,26].

Reconstruction-based methods [15,17,28,29] suppose that the anomalies can-
not be reconstructed well because they do not appear in the training set and
the model did not learn the corresponding ability [19]. However, reconstructed-
based methods face a risk of generating anomaly areas accurately due to the
over-generalization issue [17]. Memory-based methods [1,6,8,27] usually build
a memory bank of normal features during training [31] and calculate the dis-
tance for a query image during testing. Distillation-based methods [9,20,21] are
based on the idea of boundaries of education. The student model is trained on
an anomaly-free dataset and is expected to mimic the behavior of the teacher
model [3]. For abnormal samples, The output by the student model and teacher
model should be differentiated. GCAD [3] extends this thought to a global scope
to detect logical anomalies. Distillation-based methods are efficient and practi-
cal in real scenarios. Recently EfficientAD [2] achieves accurate detection at a
breakneck speed.

However, the AD methods mentioned above assume the training data is clean,
which may encounter problems in practical scenarios. We break unrealistic clean
assumptions and explore scenarios with noisy training data.

2.2 Anomaly Detection Methods with Noise

Several works have noticed that polluted training data would affect the perfor-
mance of anomaly detection models. SROC [7] proposed a simple refinement
strategy to filter the polluted images. It used ensembles of classifiers trained on
different splits of the training data and then removed training samples with high
anomaly scores [7]. SoftPatch [12] optimized the memory bank building proce-
dure of PatchCore [18]. PatchCluster [30] defined this setting as blind AD, and
it proposed to resolve the outlier among patches. InReaCh [14] assumed that
normal patches should be well associated across training images. It associated
patches into channels and selected channels with high confidence.

Above mentioned methods optimized the feature nearest neighbor selection
by refining the memory bank, using pre-defined measurements to find the pos-
sible outliers, and excluding the patch feature. From another perspective, our
proposed AD? is based on a distillation framework and focuses on model train-
ing. We release the ability of the AD methods to both training and testing stages,
making anomaly detection supervised by anomaly detection.
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3 Anomaly Detection During Training
3.1 Task Formulation

This section formally describes the problem that we aim to solve. We define the
anomaly detection tasks in a formal formula. Under desired conditions, a training
dataset D)'. = {x1,..xn,} consisting of normal images is given during the
training stage, y(z;) is the label of z; € DN and y(z;) = 0. Ny is the count
of normal training samples. For input image ¢; € DM, = {q1,q2, ..., qu } during
the testing stage, the label of ¢; is y(¢;) € {0,1} can be normal or abnormal.
The AD method ¢ should capture information from Dﬁ}lm and distinguish g;.
We expect that the value of ¢(g;) = {0,1} consistent with y(g;), declaring g; is
normal or abnormal correctly.

Unfortunately, in practical scenarios, the training dataset usually contains
some potentially anomalous samples. A real-world training dataset would be

NNz ) TNy, TNy 415 TN, 4N, ), i which y(z;) € {0,1}. The z; €

{ZN,+1, -, TNy +N, } 18 an abnormal sample and is the count of undesired samples.
The abnormal samples mixed into the training set will break the distribution

boundary of the DX¥? . causing trouble to the modeling procedure. Our proposed
Ni1+N2
train

train’
method considers this case and deals with D

discriminating ability on the test set DM,.
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Fig. 2. The illustration of the proposed AD? framework. Following the standard
paradigm of distillation-based AD methods, the training stage of AD? expects the
student models can learn the feature extraction ability of the teacher model for normal
samples. Different from the ordinary AD methods, AD? does not use the discrepancy
between student models and teacher models directly. The discrepancy is passed to the
NMFE module to get a common innocuous discrepancy information. Meanwhile, the
ADTR strategy is applied to remove some potential samples from training. In this way,
the training process could be executed in an anomaly detection manner.
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3.2 Revisiting Distillation-Based AD Training

Distillation-based AD methods [2,5] focus on modeling learning capabilities for
normal data. A pre-trained teacher model with fixed parameters is usually uti-
lized to extract the features of the normal samples. Model training enables the
student models to give the same output as the teacher model for the same input
image. For unseen abnormal data, the imitation ability of the student models will
be limited, so that the output difference between them and the teacher model
can be used to estimate the anomaly score.

Compared with reconstruction-based and memory-based methods,
distillation-based methods do not require an image reconstruction process, addi-
tional storage, and feature retrieval processes, which makes them more efficient.
However, they are vulnerable to noisy data. When the training data contains
abnormal data, the performance drops dramatically. This shortcoming moti-
vates us to improve the distillation-based methods for the presence of abnormal
data.

By digging deeper into the intrinsic logic, we realized that the AD methods
can handle potentially abnormal data through two actions. First, the mutual
information between one batch should be used during training. The model
should only use highly consistent feature discrepancy information to optimize
the parameters, which play a role in noise suppression. Besides, the seen data
should be used to estimate the proximity of the current samples to others and
the training weight of outliers with larger distances should be reduced. These
two ideas led to the development of the Non-Major Feature Elimination (NMFE)
module and the Anomaly Training Data Removal (ATDR) strategy.

3.3 Non-major Feature Elimination Module

The direct harm caused to the model by mixing defective data is that it provides
false normal features. These anomalous samples expand the correct distribution
boundaries of normal samples, which may overlap with testing abnormal samples.
In order to avoid negative content, we utilize the mutual information between
the training samples within a batch, to make the model training more cautious.

For a training sample x;, the feature extracted by the student model is
Mg(z;), and the feature extracted by the teacher model is My (z;). For
distillation-based methods, the training procedure is designed to minimize
the discrepancy between Mg(x;) and My (x;). We define the discrepancy as
Agr(z;) = |[Mg(z;) — Mp(x;)||2. Suppose x = {z;|i = 1,...,b} is the training
samples of a batch, where b is the batch size hyper-parameter. In the conventional
training procedure, Agp(z;) is used to optimize the model parameters, and then
the loss for a batch is £ = Agr(x). In our case, we propose a Non-Major Feature
Elimination (NMFE) module to filter out the atypical feature discrepancy within
a batch. The NMFE module refines the feature discrepancy and then presents
Lnymre = NMFE(Agr(x)) for better model optimization guidance.

NMFE module consists of three parts: smoother u(-), weight calculator w(-),
and selector p(-). We describe each component of them as follows.
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Smoother p(-) is an averaging operation on the batch axis. It is used
to smooth out prominent differences in specific areas of rare samples. Since
Agt(x) € RWXEXWXH pepresents the feature discrepancy of the training sam-
ples of one batch, where C is the channel size, W and H are the size of the
feature discrepancy. pu(Agsz(x)) € RE*W>H calculates the mean values across
the batch:

b
p(Asr(0) = 3 - Asr(n) (1
i=1

Weight calculator w(-) calculates the element-wise weight information, indi-
cating the certainty of each element in the feature discrepancy. w(Agr(x)) €
REXW>H measures the certainty of u(Asr(x)) by using the variance informa-
tion within the batch as the reference. We use a factor pigrge € [0,1] to com-
pute the pjgrge-quantile of the elements of o(Agr(x)) as Tiarge- Elements in
o(Asr(x)) which are larger than o;,r4e represent the most inconsistent part of
it in the batch dimension. We assign a re-weight factor wigrge = 0.1 to reduce
the impact:

_ Wiarge if We,w,h > Olarge (2)
c,w,h — .
1.0 otherwise

Finally, p(-) is a hard-example selection operation, used to select the most
hard feature discrepancy. We follow [2] to use p(+) as a crucial technology. Based
on a parameter prarq € [0,1], the ppard-quantile of the elements of Agr(x) is
calculated as dpqrq, and the elements f; .. n of Agr(x) that are larger than
dpara are selected:

p(Ast(x)) = { fi,cow.n| ficown € AsT(X) = dhara} (3)

In the original version, it is used to pick the most relevant parts of an image.
However, when the training sample is abnormal, directly applying it may intro-
duce anomalous regions. We change its content by encapsulating the input from
Agr(x) to w(Asr(x)) 1(Asr(x)) so that it will select the most common feature
discrepancy and suppress some occasional abnormal differences.

Combining the Eq. (1), Eq. (2), and Eq. (3) the LyarE is defined as:

Lyyvre = NMFE(Asr(x))
= p(w(Asr(x)) - 1(AsT(X)))

For distillation-based AD methods, the Agr reflects the difference between
the student model and the teacher model at each step. For the same student
models in the same state, the response of the training samples in a batch y =
{z1, ..., xp } should be similar. If there exists a certain Agr(x;) that is particularly
prominent in a certain direction than others, implying that the sample x; is
different from other samples. To avoid generating unnecessary gradients for this
part of the information, the NMFE module refines the content of £ to LynrE,
with the most common style to execute the gradient back-propagation.

(4)
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3.4 Abnormal Training Data Removal Strategy

Anomalous samples participating in training can do more harm than good. In
addition to limiting overly prominent feature discrepancies by the NMFE mod-
ule, we also design an Anomaly Training Data Removal (ATDR) strategy to
remove potential anomalous samples during training.

The ATDR strategy is executed from the batch scope. For training samples
in one batch, their mutual distance matrix is calculated based on their feature
map. The element that differs most from other elements in the batch will be
temporarily removed from this iteration of training.

b
d(x) = {ZdiSt(xivxj)vj #ili=1,...,b} (5)
Outlier(x) = {zx|k = argmaz(d(x))} (6)

Here dist is the function to calculate the distance based on the features of two
samples. The feature maps are calculated by the student models. After identify-
ing the outlier, the elements of the current training batch are redefined as:

X = {z; € x} — Outlier(x) (7)
We reduce the training weights & of Outlier(x). Then the loss is changed to:

LATDR = AST(X) + & % AST(Outlier(X)) (8)

The ATDR strategy prevents the impact of a small number of abnormal samples
from model training. Besides, it allows the training procedure to be carried out
following the conventions of curriculum learning.

3.5 The Overall Process

The overall process of AD? is depicted in Fig. 2. The framework follows a stan-
dard paradigm of distillation-based AD methods, except that the outputs from
student models and teacher models are not used to calculate the loss directly.
The features are passed into the NMFE module and the ATDR strategy to
obtain innocuous discrepancy loss information as Lap2 = Lyyre + LATDR-
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4 Experiments

Table 1. Image-level AUROC performance on three datasets injected with 10% anoma-
lous samples. LOCO means the MVTec LOCO dataset and its structural and logical
evaluation results are reported in “LOCO S.” and “LOCO L.” respectively. The overall
mean value is calculated by averaging the values of MVTec LOCO Mean, MVTec AD
Mean, and VisA Mean. Methods with the T symbol are noise-aware AD methods, and
others are ordinary AD methods. The best indexes are marked in bold.

Method | Dataset —LOCO S.LOCO L.LOCO MeanMVTec AD[VisA Mean latency[ms]
PatchCore [18] - — 0.579 0.682 0.349 |0.537 |32
EfficientAD-M [2] 0.864 0.721 0.793 0.904 0.917 |0.871 |5
SoftPatch [12] f = — 0.672 0.982 0.910 |0.855 |32
InReaCh [14] f - - 0.753 0.901 0.792 0.815 |41
AD? { 0.921 0.809 0.865 0.947 0.946/0.9195

Table 2. Image-level AUROC performance on the MVTec LOCO dataset injected with
10% anomalous samples. Methods with the  symbol are noise-aware AD methods, and
others are ordinary AD methods. The best indexes are marked in bold.

Method | Category — breakfast box|juice bottle/pushpins|screw bagsplicing connectorsmean
PatchCore [18] 0.550 0.707 0.531  |0.562 0.543 0.579
EfficientAD-M [2] 0.765 0.956 0.785  |0.614 0.843 0.793
SoftPatch [12] t 0.707 0.833 0.617  |0.599 0.603 0.672
InReaCh [14] T 0.685 0.931 0.716  |0.680 0.751 0.753
AD? } 0.842 0.983 0.876 |0.680 0.942 0.865

4.1 Experimental Setup

Datasets. We use MVTec LOCO [3], MVTec AD [4], and VisA [32] as the
benchmarks. The MVTec AD dataset contains 15 different sub-datasets. The
MVTec LOCO dataset contains 5 sub-datasets, each containing situations about
the structure anomalies and logical anomalies. The VisA dataset is one of the
largest industrial anomaly detection datasets containing 12 sub-datasets. To sim-
ulate the real-world scene where the training data contains anomalies, we pollute
the original training data according to the different noise ratio settings. Specifi-
cally, we collect all the anomalous samples from the test set and randomly select
a certain amount of them to inject into the training set. When the pollution
procedure is finished, the noisy training set is larger than the original one and
intersects with part of the test set, which is also the Ouerlap setting mentioned
in [12].
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Evaluation Metric. Following the previous works [12], the performance of
AD methods is evaluated by calculating the area under the receiver operating
characteristics (AUROC). The image-level AUROC for each category is reported.

Implementation Details. We use PyTorch [16] as the basic framework. The
input images are resized to 256 x 256. The initial learning rate is set to 0.0001.
We set Adam with weight decay equals le — 5 as the optimizer. We enlarge the
batch size to 8 to facilitate the utilization of mutual information between training
samples. The training iteration is set to 10000. The other experimental settings
follow [2]. In the NMFE module, we set wigrge to 0.1. In the ATDR strategy, we
set € to 0.1. The piarge and pparq are set to 0.999 following the EfficientAD [2].

4.2 Performance in Noisy Scenarios

To verify the ability of proposed AD? | we compare the performance of differ-
ent methods in noisy scenarios, e.g., polluted datasets. A certain proportion of
abnormal data is injected into the training set of the original datasets.

Experiments on Three Datasets. The overall performance on MVTec LOCO,
MVTec AD, and VisA datasets with the ratio of noise to 0.1 is reported in
Table 1. We can find that in a noisy scenario, common outstanding AD methods
like PatchCore [18] and Efficient AD-M [2] have a certain degree of performance
degradation. For example, Efficient AD-M achieves 0.907 image-level AUROC on
the original MVTec LOCO dataset and only obtains 0.793 in this case, with
a drop around 10%. Ordinary AD methods make an unrealistic assumption
that the training data is clean and therefore they obtain lower performance.
Distillation-based methods achieve higher inference speed and better perfor-
mance on logical anomalies scenarios. Although noise-aware AD methods like
SoftPatch [12] can restore some accuracy (especially on the MVTec AD dataset),
they require larger storage space and higher computational cost, which is unreal-
istic in practical. The proposed AD? can effectively deal with the complex noisy
situation, and achieve better performance efficiently.

Experiments on the MVTec LOCO Dataset. The experimental results
on the MVTec LOCO dataset are reported in detail in Table 2. This dataset
contains various logical anomalies, so patch-level nearest neighbor optimization
is not suitable for solving this problem. PatchCore only archives 0.579, which is
far away from its performance on the MVTec AD dataset. Original EfficientAD-
M also drops around 10% performance in this noisy situation. Benefiting from the
NMFE module that resolves the anomalous samples from a global perspective,
it effectively facilitates AD? to restore in this noisy scenario. Take the splicing
connectors category as an example, SoftPatch fails to restore the accuracy due to
its complex logical anomalous types, but AD? obtains an acceptable restoration.
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Table 3. The performance of image/pixel-level AUROC is reported on three datasets
injected with 10% anomalous samples. The symbol v means the configuration takes
effect and the symbol — means not. The last line with NMFE and ATDR checked
equals the standard AD? solution.

NMFEATDRMVTec LOCOMVTec AD |VisA
- 0.793/0.826  0.904/0.826 0.917/0.870
v — 0.845/0.844  0.923/0.838 ]0.940,/0.863
- v 0.838/0.844 (0.924/0.837 10.919/0.868
v v 0.865/0.845 (0.947/0.848/0.946/0.862
1.0
[ batch_size=1
Il batch_size=2
o 71 [ batch_size=4
8 [ batch_size=8
2 I batch_size=16
0.8
©
(S
T 0.7
o
£
T 0.6
0.5
screw breakfast juice pushpins splicing mean
bag box bottle connectors
Category

Fig. 3. Exploratory experiments of different batch size settings on MVTec LOCO
dataset injected with 10% anomalous samples. The x-axis corresponds to categories
and the y-axis is the Image-level AUROC performance. The bar group in each cate-
gory represents the results of different batch size settings.

4.3 Ablation Studies

Effects of NMFE Module and ATDR Strategy. We conduct ablation
studies for the NMFE module and ATDR strategy. The experimental results are
reported in Table 3. When neither of them is added, the method falls back to
the ordinary AD method, which encounters performance degradation in noisy
scenarios. When the NMFE module is applied, the performance obtains obvi-
ous improvement, especially in the MVTec LOCO and VisA datasets. ATDR
strategy also has a positive effect to some degree. When the two strategies are
combined together, the effect of abnormal noise suppression is reflected more
clearly.
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Table 4. Image-level AUROC performance on MVTec LOCO datasets of different
ratios of noise. The performance of EfficientAD-M and proposed AD? is compared
under different noise ratios on different categories. The Gap T row indicates the
improvement or deterioration of AD? compared to EfficientAD-M under the same ratio
of noise.

Noise Ratio‘ Method ‘breakfast box juice bottle pushpinsscrew bagsplicing connectors| mean

Efficient AD-M 0.869 0.990 0.969 0.737 0.970 0.907

0.0 AD? 0.875 0.983 0.960 0.724 0.973 0.903
Gap T +0.006 —0.007  —0.009 —0.013 +0.003 —0.004

Efficient AD-M 0.765 0.956 0.785 0.614 0.843 0.793

0.1 AD? 0.842 0.983 0.876 0.680 0.942 0.865
Gap T +0.077 +0.027  +0.091 +0.066 +0.099 +0.072

Efficient AD-M 0.641 0.929 0.659 0.511 0.772 0.702

0.2 AD? 0.759 0.951 0.761 0.639 0.892 0.800
Gap 1 +0.118 +0.022  +0.118 +0.128 +0.120 +0.098

Efficient AD-M 0.631 0.879 0.588 0.369 0.709 0.635

0.3 AD? 0.725 0.931 0.751 0.588 0.849 0.769
Gap T +0.094 +0.052  +0.163 +0.219 +0.140 +0.134

Efficient AD-M 0.529 0.868 0.475 0.322 0.664 0.572

0.4 AD? 0.709 0.913 0.634 0.542 0.846 0.729
Gap 1 +0.180 +0.045  +0.159  +0.220 +0.182 +0.157

Effects on Different Batch Sizes. The advantage of AD? compared to ordi-
nary AD methods is that it uses the mutual information of samples in a batch
to identify potential abnormal samples. The hyper-parameter batch size directly
affects the improvement. We conduct experiments to verify the suspect, and
effects on different batch size can be viewed in Fig. 3. Experiments show that
compared to one sample per batch, proper batch size can be utilized obtain
positive benefits and it is not sensitive.

4.4 Effects on Different Noise Ratio

The number of abnormal samples mixed into the training data may vary on
different scenario. We conduct experiments to verify the effectiveness of the pro-
posed AD? at different noise ratios. We generate noisy MVTec LOCO datasets
according to the rules described in Sect.4.1 with different ratio settings. The
results can be viewed in Table 4. We can find that as the ratio of noise increases,
the performance of AD methods continues to decline, which conforms to intu-
ition. Compared to EfficientAD-M, AD? can effectively alleviate the negative
impact by the noisy data and restore pronounced performance. From all cat-
egories, AD? can achieve higher indicators in noisy environments, proving its
robustness and versatility.
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Abnormal Image Ground Truth EfficientAD-M AD?

Fig. 4. Visualization of examples and anomaly scores on the MVTec LOCO dataset
for different AD Methods. The first and second column represent the anomalous sam-
ples and their corresponding ground-truth masks. The 3th and 4th columns are the
heatmaps of the anomaly score generated by EfficientAD-M and the AD? method.

4.5 Anomaly Score Visualization

We visualize the anomaly score generated by the EfficientAD-M and the AD?
method in Fig. 4. The models are trained on the polluted training set of the
MVTec LOCO dataset and the images are randomly selected from the test set.
As can be seen from the 3th column, the anomaly score from the EfficientAD
model seems to be less clear and has insufficient differentiation between normal
and abnormal areas. The 4th column generated by the AD? method obviously
improves the shortcomings and can distinguish abnormal areas more clearly.

5 Conclusion

Existing AD methods usually assume that the training data is immaculate, which
is often difficult to achieve in practice. Our proposed method AD? can intro-
duce anomaly detection to the training process of an AD model, alleviating
the impact of noisy data on performance. We propose the NMFE module to
adopt the mutual information between samples, eliminating unnecessary distur-
bance. The ATDR strategy is designed as the guidance for the model training,
which deals with the uncertain samples properly. Extensive experiments show
that ordinary AD methods deteriorate when the training data are mixed with
abnormal samples, while our AD? can effectively suppress noise interference and
achieve robust anomaly detection. We hope the proposed method can provide
inspiration for later research, and be helpful for practical applications, especially
in reducing the cost of human labor in data pre-processing.
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