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Abstract

Industrial anomaly detection methods based on reverse distillation (RD) have shown
significant potential. However, existing RD approaches struggle to achieve an effective
balance between constraining the feature consistency of the teacher–student networks and
maintaining differentiated representation capability, which is crucial for precise anomaly
detection. To address this challenge, we propose Reverse Distillation with Feature Re-
construction Enhancement (RD-RE) for Industrial Anomaly Detection. Firstly, we design
a cross-stage feature fusion student network to integrate spatial detail information from
the encoder with rich semantic information from the decoder. Secondly, we introduce a
Locally Aware Dynamic Attention (LDA) module to enhance local detail feature response,
thereby improving the model’s robustness in capturing anomalous regions. Finally, a
Context-Aware Adaptive Multi-Scale Feature Fusion (CFFMS-FF) module is designed to
constrain the consistency of local feature reconstruction. Experiments on the MVTec AD
benchmark dataset demonstrate the effectiveness of RD-RE, achieving competitive results
of 99.0%, 95.8%, 78.3%, and 99.7% on pixel-level AUROC, PRO, and AP and image-level
AUROC metrics, and outperforming existing RD-based approaches. These results con-
clude that the integration of cross-stage fusion and local attention effectively mitigates
the representation-consistency trade-off, providing a more robust solution for industrial
anomaly localization.

Keywords: anomaly detection; cross-stage feature fusion; locally aware dynamic attention;
adaptive multi-scale feature fusion

1. Introduction
Anomaly detection holds significant application value in fields such as intelligent

manufacturing and medical image analysis [1,2], with its core tasks encompassing anomaly
classification and region segmentation [3]. However, due to the complex and variable
shapes of anomalous regions and the myriad types of anomalies, traditional classification
and segmentation methods are often inadequate. Consequently, one-class learning meth-
ods trained solely on normal samples have garnered increasing attention. Among these,
knowledge distillation-based approaches are particularly favored for their superior feature
decoupling capabilities and real-time performance [4].

Knowledge distillation functions by constructing teacher–student networks, where
the student network mimics the feature representations of the teacher network, utilizing
the feature discrepancy between them to localize anomalies. Industrial scenarios demand
models that possess high sensitivity to anomalous features while maintaining a lightweight
architecture. In early distillation methods [4,5], the teacher and student networks shared
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overly similar structures with highly consistent data flows, causing the student network to
be prone to “over-generalization” and struggling to effectively capture anomalous features.
To address this, Deng and Li proposed the Reverse Distillation (RD) strategy [6], which
utilizes a pre-trained encoder as the teacher and a decoder as the student. By employing an
asymmetric structure and reverse data flow, RD enhances sensitivity to anomalous features,
significantly improving detection accuracy and robustness. Subsequently, Tien et al. [7]
proposed RD++, which further bolsters the student network’s reconstruction capability by
training a bottleneck layer and introducing synthetic anomalies into the teacher encoder.

Despite the promising performance of RD in anomaly detection tasks, the framework
still faces two key challenges: (1) Insufficient filtering capability for fine-grained anomalous
features (e.g., micro-cracks, pitting corrosion); and (2) Limited capability in reconstructing
normal feature details. When dealing with complex texture details, the student network
is prone to misinterpreting normal detailed features as anomalies, leading to a high false-
positive rate and compromising overall detection precision.

To address the aforementioned issues, this paper proposes a method named Reverse
Distillation with Reconstruction Enhancement (RD-RE), the overall framework of which
is illustrated in Figure 1. Adopting the parameter-efficient ResNet18 [8] as the backbone,
our method first introduces a cross-stage feature fusion mechanism in the student net-
work to effectively mitigate information loss during feature reconstruction. Second, a
Locally Aware Dynamic Attention (LDA) module is designed to enhance the capture of
fine-grained features and effectively filter anomalous features. Furthermore, we propose
a Context-Aware Adaptive Multi-Scale Feature Fusion (CAAMS-FF) module, which inte-
grates Adaptive Sparse Self-Attention (ASSA) with multi-scale fusion strategies to further
refine features and capture long-range dependencies. Finally, the generated multi-scale
anomaly map is input into a segmentation sub-network combining Coordinated Attention
(CA) [9] and Atrous Spatial Pyramid Pooling (ASPP) [10] to achieve more coherent and
accurate anomaly localization. Extensive experiments demonstrate that the RD-RE method
surpasses existing RD and mainstream Anomaly Detection (AD) methods on the MVTec
AD benchmark dataset, achieving State-of-the-Art (SOTA) performance.

Figure 1. Overall Architecture of the RD-RE Framework.

The main contributions of this paper are summarized as follows:

(1) A student network architecture with cross-stage feature fusion is proposed. By fusing
intermediate encoder features into decoder features, this architecture significantly

https://doi.org/10.3390/computers15010021

https://doi.org/10.3390/computers15010021


Computers 2026, 15, 21 3 of 20

improves the model’s ability to filter anomalous features and the quality of recon-
structing fine-grained normal features.

(2) Novel LDA and CAAMS-FF modules are proposed. The LDA module utilizes sliding
windows and a dynamic channel attention mechanism to refine original features and
dynamically generate channel attention weights based on max-pooling and average-
pooling references of local features, significantly enhancing sensitivity to micro-defects.
The CAAMS-FF module introduces an adaptive sparse self-attention mechanism and
multi-scale feature fusion strategies.

(3) An efficient segmentation sub-network based on CA and ASPP is constructed. This
network enhances positional sensitivity, expands the receptive field, and effectively
eliminates background interference, making the final anomaly detection results more
precise and coherent.

This work provides a new technical avenue for anomaly detection in fields such as
industrial quality inspection.

2. Related Work
Industrial anomaly detection has been widely researched and applied in areas such as

intelligent manufacturing and quality control in recent years [11,12]. Existing mainstream
unsupervised or weakly supervised anomaly detection methods typically do not rely
on true anomalous samples. Instead, they are trained solely using normal samples or
artificially synthesized pseudo-anomalies, significantly reducing data annotation costs.
During the inference phase, these methods localize anomalous regions by comparing the
difference between the input image and the image generated by the model. Methods based
on Knowledge Distillation (KD) are particularly prominent in industrial scenarios due to
their excellent feature decoupling capabilities and high inference efficiency, making them a
focal point of this study [13].

2.1. Application of Knowledge Distillation in Anomaly Detection

Knowledge distillation-based anomaly detection methods train a student network to
mimic the output of a teacher network, allowing the student network to learn only the
feature distribution of normal samples. In the testing phase, anomalies are localized using
the discrepancy between the outputs of the two networks. Bergmann et al. [4] utilized a
large, pre-trained neural network as the teacher to distill its representation capabilities into
a lightweight student network, performing anomaly detection by leveraging the feature
differences among multiple randomly initialized student networks. This approach extracts
patch features at the pixel level and achieves high-precision detection by comparing the
teacher and student outputs. Salehi et al. [5] further proposed a multi-scale knowledge
distillation method, employing a large pre-trained model as the teacher to construct a
more compact student network. They simultaneously distilled both the magnitude and
direction of intermediate layer features, thereby enhancing feature alignment and detection
performance. However, traditional forward knowledge distillation methods still exhibit
limitations in anomaly suppression and feature consistency, prompting researchers to
explore the reverse distillation framework.

2.2. Development of Reverse Distillation in Anomaly Detection

To enhance the model’s sensitivity to anomalies and reduce the false-positive rate,
Deng et al. [6] proposed a Reverse Distillation (RD) framework based on a teacher encoder
and a student decoder. This method uses the teacher network’s output directly as the
student network’s input, enabling the student to learn semantic features more effectively
and capture the normal sample distribution information during the reverse reconstruction
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of multi-scale features. Tien et al. [7] adopted Simplex noise to construct natural pseudo-
anomalies, simulating real anomaly patterns by randomly injecting anomalous regions
to improve the model’s robustness against various anomaly types. Furthermore, this
method added lightweight projection layers to each stage of the teacher network, mapping
multi-scale features to a compact representation space. This was designed to inhibit
the propagation of anomalous information to the student network, thereby effectively
resolving potential issues of feature looseness and insufficient anomaly suppression in
reverse distillation.

3. Methodology
To address the issues of fine-grained feature loss and anomaly misclassification preva-

lent in industrial scenarios, this paper proposes a Reverse Distillation with Reconstruction
Enhancement (RD-RE) framework. As illustrated in Figure 1, the framework primarily
consists of four core components: a teacher–student network featuring cross-stage feature
fusion, a Locally Aware Dynamic Attention (LDA) module, a Context-Aware Adaptive
Multi-Scale Feature Fusion (CAAMS-FF) module, and a segmentation sub-network inte-
grating Coordinated Attention (CA) and Atrous Spatial Pyramid Pooling (ASPP). During
the training phase, the framework takes an Original Sample and its derived Synthesized
Anomalous Sample as inputs to the teacher and student networks, respectively, to learn the
reconstruction of normal feature distributions.

Specifically, the input image is first processed by the teacher–student network. The
student network utilizes a cross-stage feature fusion strategy to interactively combine fine-
grained features from the encoder’s lower layers with rich semantic information from the
decoder’s higher layers, thereby compensating for potential detail loss during the reverse
distillation process. Secondly, to suppress the interference of anomalous features and
enhance sensitivity to minute defects, we introduce the LDA module to refine local features.
Subsequently, the CAAMS-FF module establishes local contextual dependencies, further
integrating cross-stage and multi-scale feature representations to ensure the consistency
of reconstructed features. Finally, the multi-scale feature discrepancy maps output by the
teacher–student network and is fed into the CA + ASPP segmentation sub-network. By
enhancing spatial positional awareness and expanding the receptive field, this sub-network
ultimately generates precise anomaly classification scores and pixel-level localization results.
The detailed design of each component and the model’s training and inference procedures
are elaborated in the subsequent sections.

3.1. Reverse Knowledge Distillation with Cross-Stage Feature Fusion

In existing reverse knowledge distillation methods, the student network’s normal fea-
ture reconstruction capability is weak, leading to normal region features being erroneously
judged as anomalous region features, which increases the false positive rate of anomaly de-
tection [14,15]. To enhance the student network’s normal feature reconstruction capability,
the Reverse Knowledge Distillation framework with cross-stage feature interaction that
we propose is shown in Figure 1. The student network decoder features are supplemented
with detail information by fusing encoder features. First, the intermediate layer features of
the student network encoder undergo fine-grained anomaly filtering via the designed LDA
module. Then, the filtered feature maps and the intermediate layer features of the decoder
are fused through the CAAMS-FF module, enabling the student network to acquire richer
spatial information during the distillation process and thereby enhancing the decoder’s
normal feature reconstruction capability.

To better enhance the robustness of the student network, an anomaly synthesis method
is employed to generate an anomalous image Ia for every image In from the normal
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training set I ∈ RH×W×C. Here, we utilize the DRAEM [16] anomaly synthesis method,
which generates anomalous images via a Perlin noise generator and the DTD [17] texture
anomaly dataset, as shown in Equation (1). The student network S accepts the synthesized
anomalous image IS = {Ia}. The four-layer feature maps output by the student network
encoder are denoted as Fe

S =
{

Fe1
S , Fe2

S , Fe3
S , Fe4

S
}

, and the four layers of features output by the

student decoder are Fd
S =

{
Fd1

S , Fd2
S , Fd3

S , Fd4
S

}
. Let f (·) and g(·) be the mapping functions

for the LDA module and the CFFMS-FF module, respectively. Let β be an adjustable factor,
selected within the range [0.15, 1], and let A be the anomaly source randomly selected
from the DTD anomaly set, and Mp be the binary mask generated by Perlin noise. The
calculation formula for the student decoder output feature map can then be expressed as:

Ip = β(Mp ⊙ A) + (1 − β)(Mp ⊙ In) + (1 − Mp)⊙ In (1)

Fd1
S = S(Ia) (2)

Fd2
S = S(Ia) (3)

Fd3
S = g( f (Fe2

S ) + Up(Fd1
S )) + Fd2

S (4)

Fd4
S = g( f (Fe3

S ) + Up(Fd2
S )) + Fd3

S (5)

During the training phase, we select the last three layers of the student network
decoder and the first three layers of the teacher network encoder for knowledge distillation.
The teacher network T accepts a normal image IT = Ia, and its first three layers output
feature maps are denoted as FT =

{
F1

T , F2
T , F3

T
}

.

3.2. Locally Aware Dynamic Attention Module

The feature maps output by the student network encoder may contain potential anoma-
lous features introduced by the input image during the reverse knowledge distillation
process. To suppress the contribution of these anomalous channels, traditional channel
attention mechanisms typically generate channel weights using Global Average Pooling.
However, when anomalous regions are small, scattered, or irregularly shaped, this global
smoothing operation easily over-averages the information of local anomalous features,
leading to inaccurate channel weight assignment and making it difficult to effectively
suppress the propagation of anomalous features. To this end, we propose the Locally
Aware Dynamic Attention (LDA) module, as shown in Figure 2. The core idea of LDA is to
effectively capture fine-grained features and dynamically suppress anomalous channels
through local perception and dynamic weighting.

Specifically, the module employs a sliding window mechanism to subdivide the feature
map into multiple local regions. This localized processing avoids the over-dilution of local
information caused by global average pooling. Within each local window, the module
calculates the difference between Max Pooling and Average Pooling to highlight anomalous
features or significant details within that region, thus dynamically generating channel
attention weights.

The channel weight generation process can be expressed as:
Window Pooling:

Fe′
S = Concat(MaxPoolk×k(F

e
S))− Concat(AvgPoolk×k(F

e′
S )) (6)

where k denotes the window size, the feature map is divided into H
k × H

k non-overlapping
windows.
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Dynamic Weight Generation:

C = Sigmoid(W1 · Relu(W2 · LayerNorm(W3 · Fe′
S ))) (7)

Fe′′
S = Fe

S ⊗ C (8)

where W1, W2, and W3 are all learnable weight parameters, ⊗ denotes channel-wise
multiplication, which suppresses abnormal channel responses.

Figure 2. LDA Module Structure Diagram.

3.3. Context-Aware Adaptive Multi-Scale Feature Fusion

The Context-Aware Adaptive Multi-Scale Feature Fusion (CAAMS-FF) module pro-
posed in this paper, with its overall structure shown in Figure 3, and the structure of the
ASSA mechanism within it shown in Figure 4, primarily functions to fuse multi-scale fea-
ture information, thereby providing more reference information for feature reconstruction.
The ASSA mechanism is introduced within the module; this mechanism establishes contex-
tual dependencies, reduces the computational complexity and the influence of redundant
features, and finally, a residual block is introduced to achieve a feature reconstruction effect
with fine-grained details.

 
(a) (b) 

Figure 3. CAAMS-FF Module Structure Diagram. (a) illustrates the overall framework of CAAMS-FF,
which includes ASSA, residual blocks, and multi-scale feature fusion. (b) demonstrates the internal
structure of the residual block.
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Figure 4. ASSA Module Structure Diagram.

The Adaptive Sparse Self-Attention (ASSA) mechanism consists of two components:
Sparse Self-Attention (SSA) and Dense Self-Attention (DSA). SSA is a self-attention mecha-
nism based on the squared ReLU (Rectified Linear Unit), which filters out features nega-
tively influenced by low query-key matching scores. This reduces the impact of irrelevant
feature information in the spatial dimension while simultaneously alleviating computa-
tional load. DSA, on the other hand, preserves critical information to prevent issues of
excessive sparsity. Linear projection and depth-wise separable convolutions are utilized
to mitigate the interference of redundant information in the channel dimension, which is
crucial for high-quality feature reconstruction.

The computation process of ASSA is as follows:
Linear Projection to Generate Q/K/V:

Qh = Fwin · WQ
h (9)

Kh = Fwin · WK
h (10)

Vh = Fwin · WV
h (11)

where WQ
h , WK

h and WV
h are the projection matrices for the h-th head, and Fwin represents

the feature map obtained from the non-overlapping windows of size M × M.
Intra-window Attention Weight Calculation:

Ah = Softmax(
QhKT

h√
d

+ B) · Vh (12)

where d = C/H is the dimension per head, and H is the number of heads. To enhance
positional awareness, a learnable relative position bias B is introduced into the attention
weight calculation.

DSA Computation:

DSA = Softmax(
QKT
√

d
+ B) (13)

SSA Computation:

SSA = Relu2(
QKT
√

d
+ B) (14)

Adaptive Self-Attention Computation:

Ah = (W1 · SSAh + W2 · DSAh) · Vh (15)
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Multi-head Output Concatenation and Fusion:

A = Concat(A1, A2, . . . , AH) · WO (16)

Feature Refinement Computation:

Fout = LayerNorm(W4 · DWConv(W3 · Fin)) (17)

where Fin represents the input feature, Fout represents the output feature, W3 and W4

denote learnable parameters, and DWConv stands for depthwise separable convolution.

3.4. Segmentation Sub-Network with CA and ASPP

Traditional knowledge distillation uses the summation of anomaly maps from each
layer as the anomaly detection result; however, this method does not yield optimal results.
The RD-RE method proposed in this paper feeds the anomaly maps obtained from the
teacher–student network into our designed segmentation sub-network to obtain the final
anomaly detection and localization results. The segmentation sub-network is composed
of a decoder comprising multiple residual networks, and the CA and ASPP modules are
introduced before the network head. The CA mechanism explicitly models the horizontal
and vertical dependencies of the feature maps through decomposed coordinate encoding,
which increases the detection response for edge defects. The ASPP module covers different
ranges of receptive fields using convolution kernels with varying dilation rates, effectively
capturing contextual information for targets at different scales. The combination of the
two forms an optimized path from attention-based selection to multi-scale modeling,
significantly improving spatial localization accuracy and multi-scale adaptability while
maintaining computational efficiency. Finally, the sub-network outputs the pixel-level
anomaly probability mask through a 1 × 1 convolution and a Sigmoid activation function.

3.5. Model Training and Inference

In the RD-RE framework, the teacher–student network is first trained using cosine
similarity distance. Specifically, a synthesized anomalous sample is fed into the student
network encoder, while a normal sample is fed into the teacher network. The feature vectors
output by the last three layers of the student network decoder are aligned with the feature
vectors output by the first three layers of the teacher network. Let Fk

T ∈ RCk×Hk×Wk denote
the feature map output of the k-th layer of the teacher network, and let Fk

S ∈ RCk×Hk×Wk

denote the feature map output of the k-th layer of the student network decoder. We define
Mk ∈ RCk×Hk×Wk as the cosine similarity map of the k-th layer between the teacher and
student networks, where k = 1, 2, 3.

Then, the total distance loss can be expressed as:

Mk(i, j) =
Fk

T(i, j)⊙ Fk
S(i, j)∥∥∥Fk

T(i, j)
∥∥∥

2

∥∥∥Fk
S(i, j)

∥∥∥
2

(18)

Dk(i, j) = 1 − ∑Ck
c=1 Mk(i, j)c (19)

Lcos = ∑3
k=1

1
HkWk

∑Hk ,Wk
i,j=1 Dk(i, j) (20)

where i and j denote the spatial coordinates of the feature map, with i = 1 . . . Hk and
j = 1 . . . Wk.

Subsequently, we freeze the parameters of the teacher–student network and begin
training the segmentation sub-network. The multi-scale anomaly maps output by the
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teacher–student network serve as the input to the segmentation sub-network, where the
binary mask map M of the original image acts as the ground truth. The multi-scale anomaly
map is obtained by Equation (19), and each scale’s anomaly map is up-sampled to the
same resolution. Concurrently, the binary mask map is down-sampled to M1, matching
the resolution of the anomaly maps. We employ Focal Loss [18] and L1 Loss to train
the segmentation sub-network. Since the anomalous regions often occupy only a small
fraction of the image, leading to class imbalance, Focal Loss addresses this by introducing
a modulating factor γ. The term (1 − p(i, j))γ directs the model’s focus toward hard-
to-classify anomalous regions. L1 Loss computes the absolute difference between the
prediction and the ground truth. The joint use of Focal Loss and L1 Loss effectively
tackles class imbalance issues and boundary regression accuracy challenges. Let Ŷ be the
probability map (H1, W1) output by the segmentation sub-network.

The total loss calculation can then be expressed as:

p(i, j) = MijŶij + (1 − Mij)(1 − Ŷij) (21)

L f ocal = − 1
H1W1

∑H1W1
i,j=1 (1 − pij)

γ log(pij) (22)

Ll1 = − 1
H1W1

∑H1W1
i,j=1

∣∣Mij − Ŷij
∣∣ (23)

Lseg = L f ocal + Ll1 (24)

4. Experiments
4.1. Experimental Setup
4.1.1. Datasets

To validate the effectiveness of the RD-RE method, we conducted experiments on two
datasets: MVTec AD [19] and VisA [20]. The MVTec dataset is a widely used benchmark
dataset in the field of industrial anomaly detection. This dataset contains a total of 5354
color images, encompassing 15 object categories, including 5 texture-type categories and
10 object-type categories. In each category, the training samples consist only of normal
samples, while the test samples are composed of both normal and defective samples.
The dataset provides pixel-level mask annotations for the defective samples to support
the quantitative evaluation of anomaly detection performance. Following the standard
MVTec AD protocol, the model for each category is trained exclusively on normal samples
(60 to 300 images), and evaluated on an independent test set containing both normal and
anomalous samples (40 to 160 images). The dataset statistics are presented in Table A1.

The VisA dataset is a challenging industrial anomaly detection dataset. This dataset
comprises 10,821 RGB images, covering 12 object categories, and also provides pixel-level
mask annotations for the defective samples.

4.1.2. Implementation Details

For the MVTec AD dataset, the input image resolution is resized to 256 × 256. Since
the original image resolution of the VisA dataset is higher than that of MVTec AD, and
most defects in the anomalous samples are subtle, the input image resolution for VisA is
set to 512 × 512. The window size k for the LDA module is set to 4 and 2, respectively.

During the training phase, the learning rates for the student network, LDA module,
CAAMS-FF module, and segmentation sub-network are set to 0.1, 0.01, 0.01 and 0.1,
respectively, with a batch size of 32. All experiments involving the RD-RE network are
conducted on a single NVIDIA Tesla V100 32GB GPU.
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4.1.3. Evaluation Metrics

For the anomaly classification task at the image level, we adopt the Area Under the
Receiver-Operating Characteristic (AUROC) as the evaluation metric. For the anomaly
localization task at the pixel level, in addition to using AUROC, we also employ the Average
Precision (AP) and Per-Region-Overlap (PRO) evaluation metrics. This is because AUROC
may be biased towards cases where the anomalous regions have a large area, whereas PRO
and AP are better indicators of the true localization performance level when the anomalous
regions are subtle or minute [21]. AUROC is calculated by integrating the area under the
curve formed by the True Positive Rate (TPR) and the False Positive Rate (FPR):

TPR =
TP

TP + FN
(25)

FPR =
FP

FP + TN
(26)

where TP, TN, FP, FN represent true positives, true negatives, false positives, and false
negatives, respectively.

AP and PRO provide a more rigorous evaluation of localization performance for subtle
defects by focusing on the Precision-Recall trade-off and regional overlap consistency,
respectively. Detailed mathematical definitions for AP and PRO can be found in [21].

4.2. Comparison with Current State-of-the-Art Methods

In this section, we compare the RD-RE method with existing State-of-the-Art (SOTA)
methods on the MVTec AD and VisA datasets. These SOTA methods include: RD4AD [6],
RD++ [7], DeSTSeg [22], CND [23], Patchcore [2], and Diad [24]. Patchcore is a represen-
tative method based on feature embedding. This method proposes extracting spatially
contextual patch features from images using a pre-trained network, then aggregating
intermediate layer features with local neighborhood information. The method uses the
maximum distance between a test sample patch and its nearest neighbor in a memory bank
as the anomaly score, generating the anomaly map through spatial alignment of the patch
features. Diad is a method based on image generation.

This method reconstructs the input image into a normal sample image of itself, referred
to as the restored image, via a diffusion model. The final anomaly detection result is
obtained by the cosine similarity between the restored image and the input image. RD4AD,
RD++, DeSTSeg and CND are all recent methods based on reverse distillation.

4.2.1. MVTec AD Datasets

Table 1 presents the results of anomaly classification on the MVTec AD dataset. Our
proposed method achieves State-of-the-Art (SOTA) performance on the image-level AU-
ROC (I-AUROC) metric. Among the texture-type categories, four categories—Carpet, Grid,
Leather, and Tile—all achieved 100%, while the Wood category reached 99.7%. For the
object-type categories, six categories—Bottle, Cable, Hazelnut, Metal nut, Toothbrush, and
Zipper—all scored 100%. The remaining categories, Capsule, Pill, Screw, and Transistor,
achieved 99.7%, 97.1%, 99.3%, and 99.5%, respectively. The mean accuracy across all cate-
gories reached 99.7%, fully demonstrating the superiority of the RD-RE method’s anomaly
classification capability.

Table 2 presents the quantitative analysis and comparison results for anomaly local-
ization capability on the MVTec AD dataset. Our method ranks first across the pixel-level
AUROC (P-AUROC), AP, and PRO metrics with averages of 99.0%, 78.3%, and 95.8%,
respectively, surpassing previous SOTA methods. This fully validates the advanced nature
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and effectiveness of the RD-RE method in the anomaly localization task. Figure 5 showcases
the qualitative visualization results.

Table 1. IMAGE-LEVEL ANOMALY DETECTION RESULTS (I-AUROC) ON MVTEC AD DATASET.

Method PatchCore
(CVPR 2022)

RD4AD
(CVPR 2022)

RD++
(CVPR 2023)

DeSTSeg
(CVPR 2023)

Diad
(AAAI 2024)

CND
(AAAI 2025) Ours

Te
xt

ur
e

Carpet 98.7 98.5 100.0 100.0 99.4 99.9 100.0

Grid 98.2 98.0 100.0 100.0 98.5 99.1 100.0

Leather 100.0 100.0 100.0 100.0 99.8 100.0 100.0

Tile 98.7 98.3 99.7 97.4 96.8 100.0 100.0

Wood 99.2 99.2 99.3 97.6 99.7 98.3 99.7

mean 99.0 98.8 99.8 99.0 98.8 99.5 99.9

O
bj

ec
ts

Bottle 100.0 99.6 100.0 100.0 99.7 100.0 100.0

Cable 99.5 84.1 99.2 97.6 94.8 98.9 100.0

Capsule 98.1 94.1 99.0 98.7 89.0 98.0 99.7

Hazelnut 100.0 60.8 100.0 100.0 99.5 100.0 100.0

Metal nut 100.0 100.0 100.0 100.0 99.1 100.0 100.0

Pill 96.6 97.5 98.4 96.5 95.7 96.8 97.1

Screw 98.1 97.7 98.9 93.1 90.7 93.8 99.3

Toothbrush 100.0 97.2 100.0 100.0 99.7 99.5 100.0

Transistor 100.0 94.2 98.5 98.7 99.8 96.0 99.5

Zipper 99.4 99.5 98.6 98.9 99.3 99.1 100.0

mean 99.2 92.5 99.3 98.4 96.7 98.2 99.5

MEAN 99.1 94.6 99.4 98.6 97.2 98.6 99.7

The best performing results are highlighted in bold.

Figure 5. Visualization results of anomaly localization cases using the RD-RE method on the MVTec
AD dataset.

Table 2. QUANTITATIVE RESULTS OF PIXEL-LEVEL ANOMALY LOCALIZATION ON THE
MVTEC AD DATASET, EVALUATED USING P-AUROC, AP AND PRO.

Method PatchCore
(CVPR 2022)

RD4AD
(CVPR 2022)

RD++
(CVPR 2023)

DeSTSeg
(CVPR 2023)

Diad
(AAAI 2024)

CND
(AAAI 2025) Ours

Te
xt

ur
e

Carpet 99.1/66.7/96.6 99.0/58.5/95.1 99.2/63.9/97.7 96.1/72.8/93.6 98.6/42.2/90.6 99.3/70.7/97.0 98.6/82.0/97.8

Grid 98.9/41.0/96.0 96.5/23.0/97.0 99.3/49.5/97.7 99.1/61.5/96.4 96.6/66.0/94.0 98.4/25.8/95.0 99.4/58.6/97.3

Leather 99.4/51.0/98.9 99.3/38.0/97.4 99.4/51.4/99.2 99.7/75.6/99.0 98.8/56.1/91.3 99.5/50.1/98.7 99.8/77.7/99.3

Tile 96.6/59.3/87.3 95.3/48.5/85.8 96.4/56.2/92.1 98.0/90.0/95.5 92.4/65.7/90.7 97.7/73.4/94.1 99.2/94.1/97.1

Wood 95.1/52.3/87.3 95.3/47.8/90.0 95.7/51.8/93.2 97.7/81.9/96.1 93.3/43.3/97.5 96.4/63.3/91.4 98.5/83.5/96.6

mean 97.8/54.1/93.2 97.1/43.2/93.1 98.1/54.6/96.0 98.1/76.4/96.1 95.9/54.7/92.8 98.3/56.7/95.2 99.1/79.2/97.6
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Table 2. Cont.

Method PatchCore
(CVPR 2022)

RD4AD
(CVPR 2022)

RD++
(CVPR 2023)

DeSTSeg
(CVPR 2023)

Diad
(AAAI 2024)

CND
(AAAI 2025) Ours

O
bj

ec
ts

Bottle 98.9/80.1/96.2 96.1/48.6/91.1 98.7/80.0/96.6 99.2/90.3/96.6 98.4/52.2/86.6 99.0/81.8/97.1 99.2/91.2/96.9

Cable 98.8/70.0/92.5 85,1/26.3/75.1 98.4/63.6/93.9 97.3/60.4/86.4 96.8/50.1/80.5 98.2/64.1/92.5 97.0/64.3/88.8

Capsule 99.1/48.1/95.5 98.8/43.4/94.8 98.9/47.4/96.5 99.1/56.3/94.2 97.1/42.0/87.2 98.2/64.1/92.5 99.3/64.0/97.2

Hazelnut 99.0/61.5/93.8 97.9/36.2/92.7 99.2/66.5/96.3 99.6/88.4/97.6 98.3/79.2/91.5 98.2/36.9/93.8 99.7/88.9/98.0

Metal nut 98.8/88.8/91.4 94.8/55.5/91.9 98.0/83.9/93.2 98.6/93.5/95.0 97.3/30.0/90.6 98.8/53.3/94.9 99.0/89.9/94.9

Pill 98.2/78.7/93.2 97.5/80.2/96.1 98.4/79.6/97.1 98.7/83.1/95.3 95.7/46.0/89.0 95.5/68.4/89.2 99.3/89.0/97.0

Screw 99.5/41.4/97.9 99.0/94.7/26.2 99.6/55.5/98.3 98.5/58.7/92.5 97.9/60.6/95.0 98.8/53.3/94.9 99.1/53.8/95.9

Toothbrush 98.9/51.6/91.5 99.0/93.0/49.7 99.1/56.3/94.5 99.3/75.2/94.0 99.0/78.7/95.0 99.0/26.2/94.7 99.6/77.4/95.4

Transistor 96.2/63.2/83.7 94.5/57.3/74.7 94.4/58.3/82.8 89.1/64.8/85.7 95.1/15.6/90.0 94.5/57.3/74.1 97.3/75.1/89.2

Zipper 99.0/64.7/93.3 98.5/53.9/94.1 98.9/60.5/96.4 99.1/85.2/97.4 96.2/60.7/91.6 97.6/56.3/91.9 99.4/85.3/97.7

mean 98.6/64.7/93.3 96.1/58.9/78.6 98.4/65.2/94.6 97.9/75.6/93.5 97.2/51.5/89.7 97.9/56.3/91.9 98.9/77.9/95.1

MEAN 98.4/61.2/93.4 96.1/48.6/91.1 98.3/61.6/95.0 97.9/75.8/94.4 96.8/52.6/90.7 98.0/56.4/93.0 99.0/78.3/95.8

The best performing results are highlighted in bold.

4.2.2. VisA Datasets

This study conducted comprehensive experimental validation on the VisA dataset; the
quantitative results are shown in Tables 3 and 4. Table 3 presents the anomaly classification
results, where our method achieved the highest mean AUROC metric of 98.9%, represent-
ing an improvement of 2.3% compared to the current highest method, DeSTSeg, and an
improvement of 5.7% compared to the latest method, CND.

Table 3. IMAGE-LEVEL ANOMALY DETECTION RESULTS(I-AUROC) ON VisA DATASET.

Method PatchCore
(CVPR 2022)

RD4AD
(CVPR 2022)

RD++
(CVPR 2023)

DeSTSeg
(CVPR 2023)

Diad
(AAAI 2024)

CND
(AAAI 2025) Ours

Candle 98.7 92.3 96.4 97.1 92.8 93.7 97.9

Capsules 68.8 82.2 92.1 96.6 58.2 83.4 97.2

Cashew 97.7 92.0 97.8 93.7 91.5 94.1 100

Chewinggum 99.1 94.9 96.4 99.6 99.1 98.7 99.4

Fryum 91.6 95.3 95.8 96.7 89.8 96.4 98.2

Macaroni1 90.1 75.9 94.0 96.8 85.7 86.7 99.3

Macaroni2 63.4 88.3 88.0 87.8 62.5 84.4 97.4

Pcb1 96.0 96.2 97.0 96.7 88.1 94.1 100

Pcb2 95.1 97.8 97.2 96.9 91.4 95.9 99.2

Pcb3 93.0 96.4 96.8 98.8 86.2 92.0 99.3

Pcb4 99.5 99.9 99.8 99.5 99.6 99.9 99.7

Pipe fryum 91.6 97.9 99.6 98.9 96.2 98.9 99.0

MEAN 91.0 92.4 95.9 96.6 86.8 93.2 98.9

The best performing results are highlighted in bold.

Furthermore, RD-RE outperformed other methods in 8 categories, achieving 100% in
two categories, with a maximum improvement of 9.1% in these categories, establishing it
as the most outstanding SOTA method currently available.

Table 4 shows the quantitative analysis results for the anomaly localization task on
the VisA dataset. RD-RE also achieved the highest average values across the three metrics:
AUROC, AP and PRO. Compared to the latest CND method, the maximum increase was 1.0%
for AUROC, 11.8% for AP, and 2.7% for PRO. Our method likewise demonstrates superior
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performance under the comprehensive evaluation metrics for anomaly localization. Figure 6
provides the qualitative visualization results of defect segmentation on the VisA dataset.

Table 4. QUANTITIVE RESULTS OF PIXEL-LEVEL ANOMALY LOCALIZATION ON THE VISA
DATASET, EVALUATED USING P-AUROC, AP AND PRO.

Method PatchCore
(CVPR 2022)

RD4AD
(CVPR 2022)

RD++
(CVPR 2023)

DeSTSeg
(CVPR 2023)

Diad
(AAAI 2024)

CND
(AAAI 2025) Ours

Candle 99.2/-/94.0 99.1/25.3/94.9 98.6/18.3/93.8 99.3/50.0/94.3 97.3/12.8/89.4 98.4/16.7/91.9 99.5/53.0/96.4

Capsules 96.5/-/85.5 99.4/60.4/93.1 99.4/40.6/95.8 99.4/69.0/97.0 97.3/10.0/77.9 98.4/33.6/88.6 98.7/56.9/96.9

Cashew 99.2/-/94.5 91.7/44.2/86.2 95.5/31.6/91.2 95.9/53.6/97.6 90.9/53.1/61.8 98.1/62.9/87.4 96.5/60.3/92.7

Chewinggum 98.9/-/84.6 98.7/59.9/76.9 98.4/63.7/88.1 99.1/25.3/91.8 94.7/11.9/59.5 99.1/61.3/89.4 99.2/31.2/93.3

Fryum 95.9/-/85.3 97.0/47.6/93.4 96.5/22.3/90.0 89.2/46.9/89.4 97.6/58.6/81.3 97.0/47.3/92.1 93.7/46.4/86.0

Macaroni1 98.5/-/95.4 99.4/2.9/95.3 99.7/16.3/96.9 99.7/38.9/97.9 94.1/10.2/68.5 98.6/7.8/90.5 99.8/40.0/98.7

Macaroni2 93.5/-/94.4 99.7/13.2/97.4 99.7/2.7/97.3 99.5/28.4/97.5 93.6/0.9/73.1 98.1/12.7/93.6 99.4/27.6/99.1

Pcb1 99.8/-/94.3 99.4/66.2/95.8 99.7/68.5/95.8 99.6/72.3/93.4 98.7/49.6/80.2 99.5/70.7/92.6 99.2/73.0/93.2

Pcb2 98.4/-/89.2 98.0/22.3/90.8 98.9/20.0/90.6 98.2/34.0/87.9 95.2/7.5/67.0 98.4/18.1/88.8 98.7/29.5/91.5

Pcb3 98.9/-/90.9 97.9/26.2/93.9 99.2/22.4/93.1 98.4/34.2/87.3 96.7/8.0/68.9 98.6/21.7/93.7 99.5/36.8/92.0

Pcb4 98.3/-/95.7 97.8/31.4/88.7 98.8/31.4/91.9 98.7/58.7/89.1 97.0/17.6/85.0 99.0/40.5/90.5 99.2/60.6/92.3

Pipe fryum 99.3/-/95.7 99.1/56.8/95.4 99.1/37.2/95.6 99.3/76.0/96.3 99.4/72.7/89.9 98.4/61.4/97.5 99.6/80.0/97.2

MEAN 98.0/-/91.2 98.1/38.0/91.8 98.6/34.5/93.3 98.0/48.9/93.3 96.0/26.1/75.2 98.5/37.8/91.4 98.6/49.6/94.1

The best performing results are highlighted in bold.

Figure 6. Visualization results of anomaly localization cases using the RD-RE method on the VisA dataset.

4.3. Generalization, Robustness, and Efficiency
4.3.1. Generalization Testing

To evaluate the transferability and practical applicability of RD-RE in real-world
industrial scenarios, generalization experiments were conducted on the BTAD (BeanTech
Anomaly Detection) dataset. BTAD is a real-world industrial dataset comprising 2830 high-
resolution images across three distinct categories of industrial products, encompassing
a wide range of complex defects on both product bodies and surfaces. Performance was
quantified using AUROC, AP, and PRO metrics. As illustrated in Figure 7, the experimental
results demonstrate that RD-RE outperforms competing methods in anomaly localization
on the BTAD dataset. These findings validate that the proposed model not only excels in
specific tasks but also possesses robust generalization capabilities, effectively addressing
diverse challenges in industrial anomaly detection.
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Figure 7. Experimental Results on the BTAD Dataset.

4.3.2. Robustness Testing

To further verify the robustness of RD-RE against industrial noise interference, per-
turbation experiments were conducted by introducing Additive White Gaussian Noise
(AWGN) of varying intensities. Specifically, standard deviations of σ in {0.001, 0.005, 0.01,
0.05} were set to simulate different levels of sensor noise or environmental interference
encountered in real-world industrial settings. The experimental results are illustrated in
Figure 8. The observations indicate that as noise intensity increases, the AUROC metric of
RD-RE exhibits exceptional stability, with fluctuations consistently maintained within a
3% margin. These results intuitively validate that the RD-RE method sustains reliable de-
tection performance under complex interference environments, demonstrating a significant
advantage in robustness for practical industrial deployment.

Figure 8. Experimental Results of Robustness Testing.

4.3.3. Model Efficiency

To evaluate the computational efficiency and inference performance of the model, we
compared RD-RE with the baseline method DeSTSeg and the state-of-the-art method CND
on a single NVIDIA Tesla V100 32GB GPU. The evaluation focused on key performance
indicators, including FLOPs (Floating Point Operations), FPS (Frames Per Second), and
GPU memory usage. All experiments were conducted with a batch size of 1 to simulate
real-time industrial inference scenarios.

The experimental data, as shown in Figure 9, reveal that RD-RE demonstrates a
significant efficiency advantage while maintaining superior detection accuracy. Specifi-
cally, it requires only 1107 MB of GPU memory, incurs a computational load as low as
35.77 GFLOPs, and achieves an inference speed of 35 FPS. This performance proves that
the proposed method aligns well with the requirements of industrial production lines for
high real-time responsiveness and low resource consumption.
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Figure 9. Evaluation of FLOPs, FPS, and GPU memory usage for RD-RE and competing models.

4.4. Ablation Study
4.4.1. The Effectiveness of Each Component in the RD-RE Method

The method proposed in this paper introduces four main innovative designs: 1. Cross-
stage Feature Fusion Architecture (CFFA); 2. Locally Aware Dynamic Attention (LDA);
3. Context-Aware Adaptive Multi-Scale Feature Fusion (CAAMS-FF); and 4. Segmentation
Sub-network with Coordinated Attention and ASPP (Seg). To validate the contribution of
each component within our proposed RD-RE method, we conducted ablation experiments
on the MVTec AD dataset; the results are presented in Table 5.

Table 5. ABLATION STUDY ON THE CONTRIBUTIONS OF EACH COMPONENT IN RD-RE ON
THE MVTEC AD DATASET, EVALUATED USING I-AUROC, P-AUROC, AP AND PRO.

CFFA LDA CAAM-FF Seg Performance

× × × × 95.6/94.9/57.2/91.2
√

× × × 96.8/96.7/61.9/92.0

× × ×
√

98.3/98.1/73.8/93.4
√

× ×
√

98.7/98.2/75.2/93.2
√ √

× × 97.8/97.5/65.5/92.3
√ √ √

× 98.4/97.9/72.2/93.1
√

×
√

× 98.3/97.6/69.7/92.2
√ √

×
√

98.9/98.4/76.1/94.4
√

×
√ √

99.2/98.6/76.6/94.5
√ √ √ √

99.7/99.0/78.3/95.8
√

denotes inclusion; × denotes exclusion; The best performing results are highlighted in bold.

Each component—CFFA, LDA, CAAMS-FF, and Seg—demonstrates a positive effect
on enhancing anomaly detection performance. The integrated optimization strategy of
CFFA + LDA + CAAMS-FF + Seg resulted in improvements in image-level AUROC from
95.6% to 99.7%, in pixel-level AUROC from 94.9% to 99.0%, in pixel-level AP from 57.2% to
78.3%, and in pixel-level PRO from 91.2% to 95.8%, achieving the highest score across all
four evaluation metrics.
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4.4.2. Hierarchical Selection for Cross-Stage Fusion

Table 6 presents the quantitative analysis results for different layer fusion selection
combinations on the MVTec AD dataset. Considering the four comprehensive evaluation
metrics: Image-level AUROC, Pixel-level AUROC, Pixel-level AP, and Pixel-level PRO, it
can be concluded that selecting the second and third layers of both the encoder and the
decoder achieves the optimal classification and localization performance.

Table 6. ABLATION STUDY ON CROSS-STAGE FUSION LATER SELECTION ON THE MVTEC AD
DATASET, EVALUATED USING I-AUROC, P-AUROC, AP ADN PRO.

Layer-1 Layer-2 Layer-3 Performance

× × × 98.3/98.1/73.8/93.4
√

× × 98.6/98.0/70.7/91.2

×
√

× 99.1/98.6/72.1/92.6

× ×
√

99.3/98.2/71.2/91.5
√ √

× 98.5/98.1/74.3/93.7
√

×
√

98.1/98.9/76.6/95.0
√ √ √

99.7/98.6/76.4/95.2

×
√ √

99.7/99.0/78.3/95.8
√

denotes inclusion; × denotes exclusion; The best performing results are highlighted in bold.

4.4.3. Determining the Window Size in LDA

Figure 10 illustrates the impact of different window size parameters k for the LDA
module in layers 2 and 3 on the pixel-level AUROC metric across the MVTec AD dataset.
The selected values for k are set as 1/2, 1/4, 1/8, 1/16 and 1/32 of the original feature
map dimension, where the maximum possible values of k for layers 2 and 3 are 32 and 16,
respectively. As shown in Figure 7, for the second layer, the pixel-level AUROC reaches
its maximum value when k = 4. For the third layer, the maximum value is achieved when
k = 2. Therefore, the optimal parameters for k in layers 2 and 3 are 4 and 2, respectively.

Figure 10. Impact of Parameter k on P-AUROC in LDA Modules of Layer-2 and Layer-3.

4.4.4. Determination of Sparse Window Size in ASSA

Table 7 presents a detailed performance evaluation of the sparse attention mechanism
within the ASSA module across various sparse window sizes (Win), focusing on two critical
metrics: AUROC and FPS. The experimental results indicate that the window size exerts
a substantial influence on both detection accuracy and computational efficiency. A com-
prehensive comparative analysis reveals that the system achieves an optimal performance
trade-off when the window size is set to 8. At this configuration, the AUROC reaches
its peak, while the FPS remains sufficiently high to meet the requirements of real-time
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detection. These findings validate that a window size of 8 allows ASSA to capture an
appropriate sparse receptive field while maintaining rapid inference speeds, making it the
optimal parameter choice for practical deployment in this study.

Table 7. PERFORMANCE COMPARISON OF THE ASSA MODULE WITH DIFFERENT SPARSE
WINDOW SIZES.

Sparse

Variety Win = 0 Win = 4 Win = 8 Win = 16

AUROC 98.8 96.3 99.0 94.3

FPS 15 28 35 40
The best performing results are highlighted in bold.

4.4.5. Selection of Anomaly Synthesis Strategies

To investigate the impact of different anomaly synthesis strategies on model performance,
four representative categories from the MVTec AD dataset were selected: Capsule, Metal
Nut, Wood, and Grid. These categories encompass both texture-based and structure-based
industrial objects. Three experimental schemes were evaluated: (1) no synthesis strategy;
(2) using Simplex noise to construct natural pseudo-anomaly samples; and (3) generating
anomaly images by combining Perlin noise with the Describable Textures Dataset (DTD).

Mean AUROC, AP, and PRO were employed as quantitative evaluation metrics, with
the results summarized in Table 8. The data demonstrate that the synthesis strategy combin-
ing Perlin noise with the DTD collection yields the highest performance across all metrics.
This indicates that, compared to simple noise interference, a strategy incorporating DTD
texture features generates anomaly samples that more closely align with the distribution
of real-world industrial damages. Consequently, this approach significantly enhances the
model’s ability to discriminate complex defects.

Table 8. PERFORMANCE COMPARISON OF ANOMALY SYNTHESIS STRATEGIES.

Anomaly Synthesis Strategy

Variety None Simplex Noise Perlin Noise + DTD

AUROC/AP/PRO 94.3/60.2/89.0 97.2/68.2/92.5 99.1/74.0/96.5
The best performing results are highlighted in bold.

4.4.6. Effectiveness of the L1 Loss Function

Table 9 presents the impact of the L1 loss function on model classification and localiza-
tion performance during the training of the segmentation sub-network. The results indicate
that employing a joint optimization strategy—combining Focal loss and L1 loss—yields
significant improvements over using Focal loss alone. Specifically, the image-level AUROC,
pixel-level AUROC, pixel-level AP, and pixel-level PRO increased by 0.7%, 0.4%, 3.1%, and
1.7%, respectively. These quantitative gains validate the effectiveness of the L1 + Focal loss
joint strategy in enhancing the precision of both anomaly detection and localization.

Table 9. ABLATION STUDY ON THE SEGMENTATION NETWORK L1 LOSS ON THE MVTEC AD
DATASET, EVALUATED USING I-AUROC, P-AUROC, AP AND PRO.

I-AUROC P-AUROC AP RPO

ω/o L1 loss 99.0 98.6 75.2 94.1

ω/ L1 loss 99.7 99.0 78.3 95.8
The best performing results are highlighted in bold.

https://doi.org/10.3390/computers15010021

https://doi.org/10.3390/computers15010021


Computers 2026, 15, 21 18 of 20

5. Discussion
Despite the competitive performance of RD-RE on the MVTec AD and VisA bench-

mark, we acknowledge certain limitations inherent to the reconstruction-based paradigm.
Specifically, the model may struggle with logical anomalies—such as missing components,
misplaced parts, or incorrect assembly orders—where the local texture appears normal but
violates high-level semantic constraints. Since our student network is trained to reconstruct
normal features, it might inadvertently reconstruct these logical defects if they do not
present significant textural deviations, potentially leading to missed detections in complex
assembly scenarios.

To address this challenge, future research could explore integrating few-shot learning
strategies into the unsupervised framework. In real-world industrial settings, while anoma-
lous samples are rare, obtaining a small number of them (e.g., 1–5 shots) is often feasible. By
leveraging these few real anomalous samples, the model could be fine-tuned to explicitly
recognize specific logical defect patterns that are difficult to simulate via synthesis, thereby
combining the strengths of unsupervised reconstruction and supervised classification.

6. Conclusions
This paper proposes a novel Reverse Distillation method based on Reconstruction

Enhancement (RD-RE) to mitigate two core issues in existing reverse knowledge distillation
approaches: insufficient filtering of fine-grained anomalous features (such as micro-cracks
and point corrosion) and the loss of partial detail features during the feature reconstruction
process. The cross-stage feature interaction structure of the student network in the RD-
RE method solves the problem of potential detail feature loss during decoder feature
reconstruction. The Locally Aware Dynamic Attention (LDA) module and the Context-
Aware Adaptive Multi-Scale Feature Fusion (CAAMS-FF) module effectively filter fine-
grained anomalous features and establish contextual dependencies. Furthermore, the
segmentation sub-network, which integrates Coordinated Attention (CA) and Atrous
Spatial Pyramid Pooling (ASPP), generates segmentation results with fine shapes and clear
boundaries. Extensive experiments conducted on two benchmark datasets validate the
significant advantages of the RD-RE method, providing a new baseline reference for reverse
knowledge distillation-based anomaly detection.
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Abbreviations
The following abbreviations are used in this manuscript:

RD-RE Reverse Distillation with Feature Reconstruction Enhancement
AD Anomaly Detection
LDA Locally Aware Dynamic Attention
CAAMS-FF Context-Aware Adaptive Multi-Scale Feature Fusion
RD Reverse Distillation
ASSA Adaptive Sparse Self-Attention
CA Coordinated Attention
ASPP Atrous Spatial Pyramid Pooling
SSA Sparse Property of the Attention
DSA Dense Self-Attention
AUROC area under the receiver-operating characteristic
AP average precision
PRO per-region-overlap
CFFA Cross-stage Feature Fusion Architecture
I-AUROC Image-area under the receiver-operating characteristic
P-AUROC pixel-area under the receiver-operating characteristic

Appendix A

Table A1. Summary of the MVTec AD dataset across 15 categories.

Category
Texture Objects

Carpet Grid Leather Tile Wood Bottle Cable Capsule Hazelnut Metal nut Pill Screw Toothbrush Transistor Zipper

Train 280 264 245 230 247 99.9 224 219 391 220 267 320 60 213 240

Test 117 78 124 117 79 99.1 150 132 110 115 167 160 42 100 151

Summary 397 342 369 347 326 100 274 351 501 335 434 480 102 313 391
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