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A B S T R A C T
In visual anomaly detection, unexpected or abnormal patterns are identified from given image samples.
Existing methods for visual anomaly detection are mainly divided into two types: semantic inter-class
(i.e., image-level) anomaly detection and texture intra-class anomaly detection. The normalizing
flow-based method can effectively map normal training data to a Gaussian distribution due to its
excellent distribution expression ability, thus interpretably identifying lower likelihood abnormal data
from normal data. However, with normalizing flow based methods, it is challenging to achieve high
precision detection and localization of anomalies due to the unpredictable scale of the anomalies within
texture anomalies. The large scale span of potential anomalous textures makes it difficult to balance the
learning of distributions from both global and local features in existing normalizing flow methods. To
address this limitation, we propose a dual-branch architecture to model the density mapping of global
and local features, respectively. Our proposed model can achieve coarse-grained and fine-grained
image anomaly detection and localization, via modeling both the global features and local texture
attributes of the input images with a dual branch normalizing flow. Furthermore, we design a Dynamic
Spatial Attention Module (DSAM) in each branch of the flow module to enhance the model’s ability
in capturing anomaly features. Extensive experiments on two public datasets have demonstrated that
our model is effective in detecting various real-world sample defects, especially in unsupervised
visual anomaly detection tasks, achieving substantially promising results. The codes are available at
https://github.com/SYLan2019/DNFAD.

1. Introduction
In industrial manufacturing applications, automated de-

tection of product surface defects (such as scratches, cracks,
and uneven coating) is a key step in ensuring product quality.
For example, on electronic component production lines, even
tiny solder joint defects can lead to equipment malfunctions,
while in the textile industry, anomalies in fabric texture can
directly impact the quality of the final products [1; 2]. In
the medical field, potential abnormal patterns on medical
images are of great importance for the effective diagnosis of
diseases [3]. Visual anomaly detection, as a classic problem in
computer vision, is an important component of visual content
understanding. It is primarily utilized to distinguish samples
that do not meet specified norms, facilitating rapid identifica-
tion of anomalous instances and aiding in dataset cleaning [1],
industrial anomaly detection [2], and medical image anomaly
detection [3]. Due to the scarcity of abnormal samples in
practical applications, existing mainstream anomaly detection
methods adopt unsupervised learning [4; 5], which only uses
normal samples for training.

Recently, unsupervised anomaly detection methods have
achieved great success in industrial and medical applica-
tions. For example, the Semantic-Aware Normalizing Flow
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(a) The ambiguity in the types of anomalies

(b) The variation in the size and shape of anomalies
Figure 1: Two main challenges in anomaly detection

(SANF) [4], as a recent flow-based method, improves the
performance of image level anomaly detection by combining
the semantic and spatial features of images. The Generative
Adversarial Network (GAN) based Omni-frequency Channel-
selection Reconstruction (OCR-GAN) [5] utilizes frequency
decoupling and interaction between multiple frequencies
to achieve state-of-the-art performance in reconstruction-
based methods. However, existing methods face two main
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challenges: 1) the ambiguity in the types of image anomalies,
2) the wide range of size and shape of the anomalies within
images. The first challenge is due to the fact that the anomaly
types may not be fixed, and the boundary between the
normality and anomaly could be unclear. For example, in
Figure 1(a), a normal cable (left) has eight known anomalies
(right), while its unknown potential anomalies are countless
since the causes of anomalies are unpredictable. As for the
second challenge, the variation in anomaly sizes and shapes
is illustrated in Figure 1(b), which is caused by the inherent
size of the detected object and the degree of its unpredictable
behavior [6].

To address the first challenge, the key lies in the rep-
resentational ability of visual features to facilitate the dis-
crimination of various anomalies in images. Some existing
methods [7; 8] rely on the backbones pre-trained on a large
number of natural images such as ImageNet [9], which have
already learned visual information from various scenarios,
in order to obtain robust feature representations and alleviate
the impact from the ambiguity of anomaly types. However,
there is inevitably a domain gap between the data used for
pre-training the model and the data to which the model is
applied in practical scenarios. Several recent flow-based meth-
ods [10; 4] fuse the semantic and spatial features to alleviate
the ambiguity of anomaly types. For instance, SANF [4]
designs an attention module in each flow block to enhance
semantic representation by fusing spatial features from pre-
trained backbones, thereby achieving better performance in
image-level anomaly identification than flow-based baselines.
However, SANF mainly focuses on enhancing the semantic
features of images to improve the performance of image level
anomaly identification, and is not concerned with the spatial
features of images used for anomaly localization, so SANF
cannot achieve anomaly localization.

To address the second challenge, existing methods have
introduced multi-scale approaches to extract information
from images at various scales [11; 12] and utilize hierarchical
features from pre-trained models [13]. However, these multi-
scale based methods not only suffer from the loss of inherent
high-frequency information during the upsampling and down-
sampling processes [5], but also lead to increasingly complex
models and significant computational overhead [11; 13]. In
addition, Zoom Text Detector (ZTD) [14] and CM-Net [15]
propose to concatenate features from different convolutional
layers, and design objective functions to focus on information
from different perspectives. For example, CM-Net employs
a multi-perspective feature (MPF) module to enable the
model to recognize the central mask (CM) from contour
features, patch-level local features, and gap features of
text instances, thus achieving excellent performance of text
detection. Inspired by the idea of multi-view learning [15; 16],
we introduce a novel dual-branch flow-based approach to
address the issue of wide range variations in anomaly sizes,
by focusing on the features of input data with two granularity
levels. Specifically, these two branches are named Global
Branch and Local Branch, respectively. The Global Branch
primarily models the global features of the images to cope

with large-scale anomalies, utilizing normalizing flow to
assign high-density values to the global features of the
images. The Local Branch focuses on modeling the features
of the images at the pixel-level to be sensitive to weak
anomalies, and then estimating the distribution density of
each pixel in the features via normalizing flow. Finally, the
features obtained from these two branches are fused for
final anomaly identification and localization. Therefore, this
dual-branch flow-based method can effectively address the
problem caused by large-scale variations in abnormal sizes.

This work is the first one that utilizes normalizing flow
with dual-branch optimization objectives to simultaneously
capture global and local anomaly information, which can
effectively represent different granularity-level features of
input data to address the uncertainty of anomalous scales.
Different branches adopt different optimization strategies,
among which the first branch is designed to use map flow loss,
which considers the entire feature as a whole. The second
branch uses the pixel flow loss to estimate the density of
each pixel in the feature map. The detailed implementation
will be discussed in Section 3.4. The proposed method
has been evaluated on public datasets, i.e., MVTec AD [2]
and Btad [17]. Experimental results demonstrate that our
proposed method achieves superior performance in image
anomaly detection, including anomaly identification and
localization.

Our contributions can be summarized as follows:
• We propose a dual-branch normalizing flow model for

visual anomaly detection (DNFAD), which is capable
of modeling image features from both local and global
perspectives, effectively addressing the shortcomings
of the flow-based anomaly detection methods in iden-
tifying anomalous samples and accurately locating
anomalies simultaneously.

• We design a dynamic spatial attention module (DSAM)
that combines dynamic convolution and spatial at-
tention mechanisms, enhancing the model’s ability
to capture spatial information and thus improving
anomaly identification and localization performance.

• Extensive experiments demonstrate that our model
outperforms existing flow-based baselines, and gener-
alizes better than non-normalizing flow-based methods
in real-world scenarios, where potential anomaly types
are often unpredictable.

2. RELATED WORK
Due to the imbalance between normal and anomalous

samples, unsupervised or semi-supervised methods, which
only utilize normal samples or few-shot abnormal samples
to design and construct models, have gradually become the
mainstream approach for visual anomaly detection. Based on
their principles and training tasks, the current unsupervised
methods can be mainly divided into reconstruction-based
methods, knowledge distillation-based methods, memory-
based methods, and the normalizing flow-based methods.
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2.1. Reconstruction-based Methods
The existing reconstruction-based methods usually apply

autoencoders [18], variational autoencoder (VAE) [19; 20]
and generative adversarial network (GAN) [21; 1; 22] as a
generator. During training, these models take normal images
as input and reconstruct them. During testing, these models
compute the anomaly score for each image sample based on
the reconstruction error between the generated image and
the original input image. Since these models only encounter
normal samples during training, it learns how to reconstruct
normal image samples but lacks the ability to reconstruct
anomalous image samples. Therefore, the reconstruction
error for anomalous samples will be much higher than for
normal samples, resulting in higher anomaly scores for
anomalous samples. However, due to the use of Mean Squared
Error (MSE) [23] loss, these models perform well for pixel-
level reconstruction, even for anomalous samples, for which
the reconstruction errors could be close to or even smaller
than those for normal samples [7].
2.2. Synthesis-based Methods

The synthesis-based methods, such as CutPaste [24] and
FAIR (i.e. frequency aware image restoration) [25], introduce
simulated anomalies during training, artificially creating
anomalies on images to train the model. The optimization
goal of the model is to reconstruct samples without anoma-
lies, and the model uses the reconstruction error between
the reconstructed samples and the original samples as the
criterion for anomaly detection. However, due to the diversity
of anomaly types, it is impossible to simulate all potential
anomalies, as a result, such methods are prone to overfitting,
especially for some of the simulated anomalies. For example,
FAIR [25] can achieve high performance on the MVTec
AD dataset [2], but it does not generalize well to other
datasets. Recently, ADShift [26] introduces a similarity loss
in the training phase to constrain the differences in latent
features between the original sample and the augmented
sample, thereby preventing the model from being affected by
domain distribution shifts. ReContrast [27] proposes a new
Contrastive Pairs strategy to optimize the network based on
cross reconstruction errors, avoiding the use of commonly
employed data augmentation that may introduce potential
anomalies. However, ADShift and ReContrast augment
samples by simulating various perturbations from different
domains, which inevitably poses a potential risk of corrupting
the original normal texture, and mislead the model in learning
from the real domain due to the introduction of unrealistic
simulated domain conditions.
2.3. Knowledge Distillation-based Methods

These methods utilize network models pre-trained on Im-
ageNet [9] such as AlexNet [28], ResNet [29], and VGG [30]
as teacher model. Then, they construct a student model
with a similar or identical architecture to the teacher model.
During training, these methods utilize normal samples as
input to distill the representation knowledge from the teacher
model to the student model. Specifically, the objective is
to minimize the discrepancy between the features extracted

by the teacher and student networks at different stages of
the model [31]. During testing, the student model, which
has not been exposed to anomalous samples, inherently
possesses a significant gap in representation compared to the
teacher model for anomalous samples. Some methods employ
the reverse distillation paradigm [7], where the structure
remains unchanged but the flow of data between the teacher
and student models is altered to amplify the difference in
representation of anomalous samples, aiming to enhance the
anomaly detection and localization capabilities. However,
because these methods typically require constructing two
network models, their costs are relatively high, and the
inference time is also relatively long.
2.4. Memory-based Methods

Memory-based methods aim to use a memory bank to
reduce the size of representative features learned from normal
samples during training. In inference, these methods first
select the item stored in the memory bank that is most similar
to the given query sample, and then use the difference between
the query sample and its most similar item to derive the
anomaly score. The Deep SVDD [32] (i.e. deep support
vector data description) method compares the differences in
global features of samples while Patch SVDD [33] compares
differences at the pixel level. PatchCore [8] selects local
block features from normal training data and utilizes a greedy
core subset sampling method to choose a representative
subset belonging to normal samples. However, such methods
require additional computational cost, when comparing the
test features with the closest features in the memory bank.
2.5. Normalizing Flow-based Methods

Normalizing flow models have been utilized to estimate
the density of normal features, assigning higher probabilities
to normal features and lower probabilities to anomalous
features. However, Kirichenko et al. [34] pointed out that
normalizing flow models trained on raw RGB images often
assign higher probability values to anomalous images. To
address this issue, Rudolph et al [35; 11] proposed to apply
normalizing flow to high-dimensional features rather than raw
images. They introduced DifferNet [35], which implements a
normalizing flow network for image-level anomaly detection
based on pre-trained features. Rudolph et al. further proposed
CSFlow [11], which rescales images to three different sizes to
address continuously changing sizes of anomalies. Gudovskiy
et al. proposed CFlow [13] for anomaly detection, which
utilizes multi-level feature maps with different receptive
fields given by a pre-trained feature extractor. SANF [4] and
MF4 [36] (i.e. multi-frequency feature fusion) adopt Vision
Transformer (ViT) [37] as the backbone to obtain the pre-
trained features, and utilize the normalizing flow to learn
the density distribution of the semantic features enhanced by
a attention mechanism, thereby obtaining the final anomaly
detection score. However, SANF mainly focuses on One Class
Classification (OCC) issues and cannot achieve anomaly
localization.
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Figure 2: Overview of our proposed DNFAD. The model primarily consists of two parts, namely, the feature extractor and the
dual-branch normalizing flow. The former is responsible for extracting spatial features from images. The latter akin to the decoders,
estimates the density of the features separately from the local and global perspectives. Finally, the outputs from the two flow-based
branches are fused for anomaly detection and localization.
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Figure 3: The dynamic flow module. The DSAM component is designed to dynamically adjust the scaling parameters 𝑊𝑠 and
translation parameters 𝑊𝑡 in the affine coupling layer of the normalizing flow, enabling it to adaptively capture the changes in the
input features.

3. Proposed Method
3.1. Overall Architecture of the Proposed Model

Figure 2 illustrates the proposed dual-branch anomaly
localization model based on normalizing flow and spatial
attention mechanism. This model mainly consists of two parts:
the first is the feature extractor and the second is the dual-
branch normalizing flow. The feature extractor is responsible
for extracting spatial features from images, while the dual-
branch flow functions akin to decoders models the local and
global features separately.

Specifically, we use the DINO (i.e., self-distillation with
no labels) model [38], pre-trained on large-scale natural
images, as the feature extractor, taking into account the
complexities and variations in visual scenes. Subsequently,
these features are fed into the dual-branch flow for analysis,
where each branch consists of dynamic spatial attention
flow modules, as detailed in Sections 3.2 and 3.3. However,
these two branches adopt different optimization strategies.
Specifically, the first branch (i.e., Global Branch) is designed
to utilize the map flow loss, which treats the entire feature map
as a whole and learns the distribution density of the entire
feature map of normal training samples, while the second
branch (i.e., Local Branch) is designed to employ the pixel
flow loss, drawing inspiration from idea of patch encoding in
[39], to estimate the density of each pixel in the feature map
separately. The detailed definition of the loss function can be
found in Section 3.4.

3.2. Dynamic Flow Module
The flow module in each branch of our model refers to

the classic normalizing flow network, i.e., real-valued Non-
Volume Preserving (real-NVP) [40]. Unlike real-NVP, we
introduce an attention mechanism to dynamically adjust the
scaling parameter 𝑊𝑠 and translation parameter 𝑊𝑡 in the
affine coupling layer of real-NVP. Therefore, we call our
flow module as a dynamic flow module. Figure 3 shows the
architecture of this module, where we design a Dynamic
Spatial Attention Module (DSAM), which will be discussed
in detail in Section 3.3. Assume the input to DSAM is denoted
as 𝑦𝑖 and the output as 𝑦𝑖+1, for the 𝑖-th dynamic flow module.
In this module, the input features are shuffled along the
channels, then they are evenly divided into 𝑦𝑖,1∶𝑑 and 𝑦𝑖,𝑑+1∶𝐷along the channel dimension, where 𝐷 is the number of
channels, using 𝑠𝑝𝑙𝑖𝑡(⋅) function as follows,

[𝑦𝑖,1∶𝑑 , 𝑦𝑖,𝑑+1∶𝐷] = 𝑠𝑝𝑙𝑖𝑡(𝑦𝑖) (1)
After this, 𝑦𝑖,1∶𝑑 is input into the dynamic spatial at-

tention module to estimate the parameters 𝑊𝑠 and 𝑊𝑡needed for affine transformations, which are then applied
to 𝑦𝑖,𝑑+1∶𝐷 to obtain 𝑦𝑖+1,𝑑+1∶𝐷. Subsequently, the newly
obtained 𝑦𝑖+1,𝑑+1∶𝐷 is input into another dynamic spatial
attention module to estimate new 𝑊𝑠 and 𝑊𝑡, which are
applied to 𝑦𝑖,1∶𝑑 to obtain 𝑦𝑖+1,1∶𝑑 . Finally, the module
concatenates the 𝑦𝑖+1,1∶𝑑 and 𝑦𝑖+1,𝑑+1∶𝐷 along the channel
dimension to obtain the feature 𝑦𝑖+1. Thus, following [40],

Yao Li et al.: Preprint submitted to Elsevier Page 4 of 13



DNF for Anomaly Detection and Localization from Images

C  IDConv

~

Conv ReLU LayerNorm  Conv ReLU

AvgPool

MaxPool PWConv

Adaptive
pooling ....

split

softmax
sum

split

~

Dynamic Wights

Learnable Parameters

Dynamic Conv Kernel

Depthwise Convolution 

Sigmoid

Element-wise Multiplication

PWConv PWConv

Figure 4: The dynamic spatial attention module (DSAM). The IDConv is introduced into our spatial attention module to
dynamically aggregate spatial contextual information from the input features.

the output of each dynamic flow module can be obtained:
(𝑊𝑠1,𝑊𝑡1) = 𝐷𝑆𝐴𝑀(𝑦𝑖,1∶𝑑) (2)

𝑦𝑖+1,𝑑+1∶𝐷 = 𝑦𝑖,𝑑+1∶𝐷 ⊙ 𝑒𝑊𝑠1 +𝑊𝑡1 (3)
(𝑊𝑠2,𝑊𝑡2) = 𝐷𝑆𝐴𝑀(𝑦𝑖+1,𝑑+1∶𝐷) (4)

𝑦𝑖+1,1∶𝑑 = 𝑦𝑖,1∶𝑑 ⊙ 𝑒𝑊𝑠2 +𝑊𝑡2 (5)
𝑦𝑖+1 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑦𝑖+1,1∶𝑑 , 𝑦𝑖+1,𝑑+1∶𝐷) (6)

where ⊙ denotes element-wise multiplication, and Concat(⋅)
indicates the concatenation of two features along the chan-
nel dimension. Lastly, the proposed method employs soft-
clamping operation to maintain model stability [40].

𝜎𝛼(𝑊𝑠) =
2𝛼
𝜋
𝑎𝑟𝑐𝑡𝑎𝑛

𝑊𝑠
𝛼

(7)
where 𝜎𝛼(⋅) denotes soft-clamping operation, 𝛼 represents a
hyper-parameter, and 𝑊𝑠 denotes the parameter generated in
the dynamic flow module.
3.3. Dynamic Spatial Attention Module

Inspired by SANF [4], where the attention mechanism is
introduced into the normalizing flow model, we design the
DSAM component in our model, whose structure is illustrated
in Figure 4. However, unlike the static spatial attention used
in SANF [4], we introduce the Input-dependent Depthwise
Convolution (IDConv) [41] into the DSAM module to
generate spatial attention based on input data, thus reflecting
its dynamic fluctuations with changes in input. As shown in
the processing pipeline of Figure 4, the parameters of 𝑊𝑠 and
𝑊𝑡 are adjusted by the introduced dynamic spatial attention
module. Additionally, compared to static convolution, the
dynamic convolution generates weights for convolution by
analyzing global spatial information in input images, resulting
in better performance [42].

Specifically, assuming the input 𝑋 ∈ ℝ𝐶×𝐻×𝑊 . The
model first adopts a strategy similar to the classical atten-
tion module, i.e. Convolutional Block Attention Module

(CBAM) [43], to average and max pool the features, resulting
in two 𝐻 × 𝑊 features. These two features are then con-
catenated, and a dynamic IDConv [41], which is a variant
of dynamic convolution [42; 44], is applied to adjust the
spatial dimensions of the features. Subsequently, a 1 × 1
Point-Wise Convolution (PWConv) is employed to compress
the features along the channel dimension, generating a spatial
feature score map. This score map is then multiplied with the
original features through a 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(⋅) activation function
to adjust the original features. Additionally, we further
process the features with LayerNorm, aiming to enhance
model’s stability [45]. Subsequently, the model processes
the normalized features through two convolutional layers
followed by two 𝑅𝑒𝐿𝑈 (⋅) activation functions, resulting
in a 2 × 𝐶 × 𝐻 × 𝑊 feature map. This feature map is
then segmented along the channel dimension to obtain the
parameters 𝑊𝑠 and 𝑊𝑡 required for the normalizing flow,
where 𝑊𝑠 ∈ ℝ𝐶×𝐻×𝑊 and 𝑊𝑡 ∈ ℝ𝐶×𝐻×𝑊 .

As depicted in Figure 4, IDConv first aggregates the
spatial contexts of the input feature through adaptive av-
erage pooling, compressing the spatial dimensions to 𝐾2.
Subsequently, the compressed features are fed into two 1×1
convolutions, resulting in an attention map 𝐴′ ∈ ℝ(𝐺×2)×𝐾2 ,
where 𝐺 represents the number of attention map groups.
Then, the attention map is transformed into ℝ𝐺×2×𝐾2 and
passed through a softmax function along the 𝐺 dimension,
generating attention weights 𝐴 ∈ ℝ𝐺×2×𝐾2 . Finally, 𝐴 is
element-wise multiplied with a set of learnable parameters
𝑃 ∈ ℝ𝐺×2×𝐾2 and summed along the 𝐺 dimension, produc-
ing the convolution kernel 𝑊 ∈ ℝ𝐶×𝐾2 .
3.4. Loss Function

The input feature as 𝑦 ∈ ℝ𝐻×𝐶×𝑊 , with probabil-
ity density 𝑃𝑌 (𝑦). The output from the Global Branch is
𝑧𝑀 ∈ ℝ𝐻×𝐶×𝑊 , with probability density 𝑃𝑍𝑀

(𝑧𝑀 ). The
relationship between the density of 𝑧𝑀 and 𝑦 is as shown in
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Equation (8).
𝑃𝑌 (𝑦) = 𝑃𝑍𝑀

(𝑧𝑀 ) ||
|

det( 𝜕𝑧𝑀𝜕𝑦 ) |

|

|

(8)
where 𝑧𝑀 = 𝐹𝑚(𝑦𝑠𝑒𝑚) and 𝐹𝑀 ∶ 𝑌 → 𝑍𝑀 is the first branch
proposed in this paper. To simplify the calculation, taking
the logarithm on both sides of the equation and assuming Z
follows a Gaussian distribution, i.e., 𝑧 ∼  (0, 𝐼). Then, we
construct the loss function 𝑀 for the first branch model by
minimizing the negative log-likelihood − log𝑃𝑌 (𝑦): 𝑀 :

𝑀 = − log 𝑝𝑌 (𝑦) =
‖

‖

𝑧𝑀‖

‖

2
2

2
− log ||

|

det( 𝜕𝑧𝑀𝜕𝑦 )||
|

(9)

where ‖⋅‖22 represents the 𝐿2 norm, and |

|

|

det( 𝜕𝑧𝑀𝜕𝑦 )||
|

denotes
the absolute determinant of the Jacobian matrix.

For the output feature of the second branch, denoted as
𝑧𝑃 , this model considers the input and output of this branch
as features composed of individual vectors:

𝑦 = {𝑦1, ..., 𝑦𝑖, ..., 𝑦𝑁}𝑁=𝐻×𝑊 (10)
𝑧 = {𝑧1, ..., 𝑧𝑖, ..., 𝑧𝑁}𝑁=𝐻×𝑊 (11)

where 𝑦𝑖 ∈ ℝ𝐶 and 𝑧𝑖 ∈ ℝ𝐶 . Unlike the optimization
approach of the first branch, which operates at the feature
level, this branch optimizes the model parameters at the pixel
level, aiming to maximize the likelihood of each individual 𝑧𝑖.Therefore, for each pair of features 𝑦𝑖 and 𝑧𝑖, the loss function
𝑖 is designed as follows:

𝑖 = − log 𝑝𝑌𝑖 (𝑦𝑖) =
‖

‖

𝑧𝑖‖‖
2
2

2
− log ||

|

det( 𝜕𝑧𝑖𝜕𝑦𝑖
)|
|

|

(12)
Then, the loss function 𝑃 for the second branch is

obtained by summing and averaging over the 𝐻×𝑊 features:

𝑃 =
∑𝑁=𝐻×𝑊

𝑖=1 𝑖

𝐻 ×𝑊
(13)

Finally, the loss function  is obtained by summing the
loss functions of the two branches:

 = 𝑃 + 𝑀 (14)
In summary, with the loss function of the global branch,

the entire feature map of each sample are treated as a whole,
and then constraints are enforced on the learning of the
density distribution of the feature maps. Consequently, the
designed global branch is better at modeling the global
characteristics of the input image. However, the local branch
treats each pixel independently, and models its probability
density distribution accordingly, in order to capture local
subtle anomalies. With the innovative design of these two
objective functions, we are able to utilize the complementarity
between the two branches to improve the performance of
anomaly detection.

3.5. Anomaly Localization and Anomaly Score
We adopt the method proposed in [6] for estimating the

log-likelihood of transformed features 𝑧, where log𝑃𝑍 (𝑧) =

−
‖𝑧‖22
2 . Similarly, for the output features from the Global

and Local Branch, we can obtain their corresponding log-
likelihood log𝑃𝑀 and log𝑃𝑃 , respectively. Specifically, the
model first restores the log-likelihood maps of the two
branches to the same size as the input image using bi-
linear interpolation. For pixel-level localization, the log-
likelihood maps (log𝑃𝑀 , log𝑃𝑃 ) of the down-scaled dual-
branch outputs will be transformed into probability maps
(𝑒log𝑃𝑀 , 𝑒log𝑃𝑃 ) after applying the exponential function.
Subsequently, the model will perform element-wise addition
of the two probability maps:

𝑃𝑎𝑑𝑑 = 𝑒log𝑃𝑀 + 𝑒log𝑃𝑃 (15)
Subsequently, for the fused probability map 𝑃𝑎𝑑𝑑 , the model
will scale it to obtain anomaly localization score map. For the
anomaly score localization images, the model will employ
the 𝑡𝑜𝑝𝐾 method for computation:

𝑆𝑙𝑜𝑐 = 𝑚𝑎𝑥(𝑃𝑎𝑑𝑑) − 𝑃𝑎𝑑𝑑 (16)

𝑆𝑑𝑒𝑡 =
1
𝐾

𝐾
∑

1
𝑡𝑜𝑝𝐾(𝑆𝑙𝑜𝑐) (17)

where 𝑚𝑎𝑥(⋅) represents taking the maximum value, and
𝑡𝑜𝑝𝐾(⋅) represents selecting the values of the top-K pixels
in the score map, with 𝐾 set to 1 indicating the maximum
value, and 𝐾 set to the size of the input image indicating the
global average value.

4. Experiment
4.1. Datasets and Metrics

We use the popular datasets employed in industrial
anomaly detection: MVTec AD [2], MPDD [51] and Btad [17].
The MVTec AD dataset, provided by Bergmann et al. [2] in
2019, consists of real-world industrial production scenes for
anomaly detection. It has been widely employed to evaluate
the effectiveness of various methods for detecting anomalies
in industrial products. This dataset primarily comprises two
types of anomalies: object anomalies and texture anomalies.
On the other hand, the Btad dataset contains three common
types (i.e., Btad01, Btad02, Btad03) of industrial products
for anomaly detection.

In the training sets of the MVTec AD and Btad datasets,
only normal samples are included. However, the test set con-
tains a combination of normal samples, anomalous samples,
and pixel-level annotations for the anomalous samples. The
evaluation metric is the AUROC [52] metric. Due to the
completion of the anomaly localization task in this paper, in
addition to using the image-level AUROC metric (I-AUROC),
we also utilize the pixel-level AUROC metric (P-AUROC)
for evaluating the anomaly localization performance.
4.2. Implementation Details

We use DINO [38] and ResNet [29] as our feature
extractor, with a fusion of features from the 7th and 11th
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Table 1
The results of I-AUROC [%] and P-AUROC[%] for various methods on the MVTec AD dataset.

Non-normalizing flow-based methods Normalizing flow-based methods

Subclass Category PatchCore [8] RDAD [7] FAIR [25] SSM [46] OCR-GAN [5] DeSTSeg [47] NSA [48] MSFR [49] ReContrast [27] ADShift [26] CSFlow [11] CFlow [13] AST [50] SANF [4] Ours
CVPR2022 CVPR2022 arxiv2023 TMM2023 TIP2023 CVPR2023 ECCV2022 KBS2024 NIPS2023 ICCV2023 WACV2022 WACV2022 WACV2023 NeuroCom2024 -

T
ex

tu
re

s

carpet (98.7,99.0) (98.9,98.9) (99.7,99.6) (76.3,94.4) (99.4,-) (98.9,96.1) (95.6,95.5) (99.8,98.6) (99.8,99.3) (-98.4) (100,98.0) (97.6,99.2) (97.5,97.4) (96.8,-) (100,98.6)
grid (98.2,98.7) (100,99.3) (99.7,99.4) (100,99.0) (99.6,-) (99.7,99.1) (99.9,99.2) (100,98.8) (100,99.2) (-,98.4) (99.1,96.1) (98.1,96.1) (99.1,95.7) (98.1,-) (99.8,98.9)

leather (100,99.3) (100,99.4) (100,99.6) (99.9,99.6) (97.1,-) (100,99.7) (99.9,99.5) (100,99.2) (100,99.5) (-,99.4) (100,98.4) (99.9,99.7) (100,98.7) (100,-) (100,99.7)
tile (98.7,95.6) (99.3,95.6) (100,98.4) (94.4,90.2) (95.5,-) (100,98.0) (100,99.3) (99.2,95.4) (99.8,96.3) (-,94.4) (100,93.9) (97.1,96.2) (100,97.1) (100,-) (99.5,98.5)

wood (99.2,95.0) (99.2,95.3) (100,97.3) (95.9,86.9) (95.7,-) (97.1,97.7) (97.5,90.7) (99.3,94.6) (99.0,95.9) (-,94.3) (100,88.6) (98.7,86.6) (100,97.0) (97.8,-) (99.4,98.0)

Average.Tex (98.9,97.5) (99.5,97.7) (99.9,98.8) (93.3,94.0) (97.5,-) (99.1,98.1) (98.6,96.8) (99.7,97.3) (99.7,98.0) (-,97.0) (99.8,95.0) (98.3,95.6) (99.3,97.2) (98.5,-) (99.7,98.8)

O
bj

ec
ts

bottle (100,98.6) (100,98.7) (100,98.3) (99.9,95.9) (99.6,-) (100,99.2) (97.7,98.3) (100,98.2) (100,99.0) (-,99.2) (99.8,90.9) (99.9,97.2) (100,97.8) (100,-) (100,98.7)
cable (99.5,98.4) (95.1,97.4) (98.1,98.5) (77.3,82.1) (99.1,-) (97.8,97.3) (94.5,96.0) (97.5,96.0) (99.8,98.9) (-,97.9) (99.1,95.3) (97.6,97.8) (98.5,91.8) (96.0,-) (98.9,98.0)

capsule (98.1,98.8) (96.3,98.5) (97.0,93.9) (91.4,98.4) (96.2,-) (97.0,99.1) (95.2,97.6) (96.9,98.3) (97.7,98.4) (-,98.5) (97.1,97.9) (97.0,99.1) (99.7,98.6) (97.3,-) (99.1,98.2)
hazelnut (100,98.8) (99.9,98.9) (99.2,99.4) (91.5,97.4) (98.5,-) (99.9,99.6) (94.7,97.6) (100,98.4) (100,99.1) (-,98.8) (99.6,96.3) (100,98.8) (100,98.1) (99.8,-) (100,99.4)

metal_nut (100,98.4) (100,97.3) (98,98.1) (88.7,89.6) (99.5,-) (99.5,98.6) (98.7,98.4) (99.5,96.5) (100,98.7) (-,96.8) (99.1,98.6) (98.5,98.6) (98.5,94.9) (98.6,-) (99.8,96.2)
pill (96.6,97.4) (96.6,98.2) (99.0,98.4) (89.1,97.8) (98.3,-) (97.2,98.7) (99.2,98.5) (97.8,98.9) (98.6,99.1) (-,96.3) (98.6,95.7) (96.2,98.9) (99.1,96.1) (93.2,-) (98.2,98.1)

screw (98.1,99.4) (97.0,99.6) (91.6,98.8) (85.0,98.9) (100,-) (93.6,98.5) (90.2,96.5) (94.8,99.5) (98.0,99.6) (-,99.3) (97.6,94.7) (93.1,98.9) (99.7,93.4) (90.0,-) (93.4,95.1)
toothbrush (100,98.7) (99.5,99.1) (100,99.2) (100,98.9) (98.7,-) (99.9,99.3) (100,94.9) (98.9,98.2) (100,99.2) (-,98.3) (91.9,96.3) (98.8,99.0) (96.6,98.5) (95.8,-) (100,98.5)
transistor (100,96.3) (96.7,92.5) (98.6,95.4) (91.0,80.1) (98.3,-) (98.5,89.1) (95.1,88.0) (95.0,90.8) (99.7,95.4) (-,87.5) (99.3,98.2) (92.93.3) (99.3,93.6) (94.3,-) (100,95.1)

zipper (99.4,98.8) (98.5,98.2) (98.5,99.4) (99.9,99.0) (99.0,-) (100,99.1) (99.8,94.2) (97.6,98.8) (99.5,98.1) (-,97.5) (99.7,96.4) (97.1,99.1) (99.1,96.6) (95.8,-) (99.5,98.3)

Average.Obj (99.2,98.4) (97.9,97.8) (98.0,97.9) (91.4,93.8) (98.7,-) (98.3,97.9) (96.5,96.0) (97.8,97.4) (99.3,98.6) (-,97.0) (98.2,96.0) (97.0,98.1) (98.9,95.9) (96.1,-) (98.9,97.6)

Total Average (99.1,98.1) (98.5,97.8) (98.6,98.2) (92.0,93.9) (98.3,-) (98.6,97.9) (97.2,96.3) (98.4,97.4) (99.5,98.4) (98.0,97.0) (98.7,95.5) (97.5,97.7) (99.2,96.4) (96.9,-) (99.2,98.0)
- denotes no result reported. PS: OCR-GAN and SANF do not have the capability to obtain results for the P-AUROC metric.

layers. The convolution neural network are all of kernel
size 3x3. The dual-branch network constructed in this paper
consists of 6 layers. The training of this network employs
the AdamW optimizer [53] with hyperparameters set to
𝛽1 = 0.8, 𝛽2 = 0.8, 𝜖 = 10−8, and a learning rate of 0.00005.
The learning epochs are set to 200.
4.3. Experimental Results and Analysis

In this section, quantitative and qualitative experiments
are performed to compare the proposed model with the latest
anomaly detection methods on two commonly used datasets.
In addition, ablation experiments are conducted to evaluate
the various designs for the dual-branch anomaly detection
and localization model. These included assessing the perfor-
mance of single-branch anomaly detection implementation,
analyzing the impact of the dynamic spatial attention module
on the network, evaluating the influence of 𝑡𝑜𝑝𝐾 anomaly
scoring on the model, and examining the experimental effects
of the pre-trained feature extractors on the network.
4.3.1. Comparative Experiment on MVTec AD

To show the performance of the proposed model, we con-
ducted experiments to compare it with recent state-of-the-art
anomaly detection methods. These include normalizing flow
based methods, such as CSFlow [11], CFlow [13], AST [50],
and SANF [4], and other methods that are not based on nor-
malizing flow, such as PatchCore [8], RDAD [7], FAIR [25],
SSM [46], OCR-GAN [5], DeSTSeg [47], MSFR [49],
NSA [48], ReContrast [27] and ADShift [26]. Table 1 shows
the results of these compared methods obtained on the
MVTec AD dataset. Figure 5 provides visual examples by
our proposed method from this dataset.

The results in Table 1 show that the anomaly detection
method outperforms existing mainstream methods based
on normalizing flow. This is primarily attributed to the
incorporation of a new branch in the dual-branch anomaly de-
tection model, which enhances anomaly detection for smaller
anomalous regions through pixel-level modeling, leading
to improved anomaly detection performance. Specifically,
compared to methods such as CSFlow, CFlow, and SANF
,our proposed model offers an increased image-level AUROC
by approximately 0.5%, 1.7%, and 2.3%, respectively.

Our model captures global and local information through
a dual-branch approach and effectively optimizes the intrinsic
process of the normalizing flow, improving its ability to
identify multi-scale anomalies in input samples. Therefore,
our model achieves the second best image-level anomaly
identification performance (in terms of the total average
of I-AUROC metric) compared to all baselines on the
MVTec AD dataset with rich coexistence of multi-scale
anomalies. In addition, in practical applications such as
product quality management, the I-AUROC metric for image-
level anomaly identification usually has a higher priority than
the P-AUROC metric, because picking out anomaly samples
from all products is the primary step in quality management
of the products.

Furthermore, compared with all flow-based baselines in
Table 1 on the object-subset of the MVTec AD dataset, our
proposed model achieves the best performance in terms of the
I-AUROC metric, and offers the second best performance in
terms of the P-AUROC metric. The P-AUROC of our model
is only slightly lower than that of CFlow. This may be due to
the relatively complex multi-scale feature fusion in CFlow,
which is more effective in representing the texture of small
objects, as supported by the results of the pill and capsule
category in Table 1. However, on average, the proposed
method outperforms all flow-based baselines across the entire
MVTec AD dataset in both I-AUROC and P-AUROC metrics.

Compared with non-normalizing flow-based methods,
FAIR [25] and ReContrast [27] introduces simulated anomaly
data and achieves slightly better P-AUROC metrics than our
method on the MVTec AD dataset. However, the simulated
data used by FAIR and ReContrast [27] makes these models
limited in their generalization to other datasets, such as the
Btad dataset. ReContrast [27] intentionally restricts the model
from learning to adapt to transformations between augmen-
tations, which consequently limits its ability to generalize
across domains [54].

As shown in Table 2, the performance of FAIR and
ReContrast [27] in both P-AUROC and I-AUROC metrics
is worse than our method on the Btad dataset. Moreover,
it takes a larger number of FLOPs (see Section 4.3.3).
Furthermore, the proposed method outperforms RDA [7] and
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Table 2
The results of I-AUROC [%] and P-AUROC [%] for various methods on the Btad dataset.

Non-normalizing flow-based methods Normalizing flow-based methods

Dataset PatchCore [8] RDAD [7] FAIR [25] SSM [46] ⋄OCR-GAN [5] ⋄DeSTSeg [47] NSA [48] MSFR [49] ReContrast [27] ADShift [26] CSFlow [11] CFlow [13] AST [50] ⋄SANF [4] Ours

Btad01 (97.5, 95.6) (96.3, 96.6) (98.3, 95.6) - (95.4, -) (97.4, 96.0) (87.8, 80.1) (94.1,97.2) (97.8,94.0) (95.1,96.4) (99.6, 91.8) (96.6, 94.2) (97.8, 95.3) (95.2, -) (97.5, 95.8)
Btad02 (82.6, 95.1) (86.6, 96.7) (76.1, 94.9) - (94.6, -) (80.7, 98.1) (78.8, 74.1) (84.4,96.5) (82.1,95.9) (86.7,96.1) (85.2, 88.0) (87.4, 96.4) (87.9, 96.6) (78.4, -) (90.2, 96.6)
Btad03 (100, 92.9) (100,99.7) (99.4, 98.7) - (99.6, -) (99.1, 97.5) (92.3, 90.2) (100, 97.8) (99.6,99.8) (99.6,98.7) (100, 97.8) (99.0, 99.5) (100, 96.3) (96.7, -) (100, 99.6)
Average (93.4, 94.5) (94.3, 97.6) (91.3, 96.4) - (96.5, -) (92.4, 97.5) (86.3, 81.5) (93.5, 97.8) (93.2,96.6) (93.8,97.1) (94.9, 92.5) (94.3, 96.7) (95.2, 97.3) (90.1, -) (95.9, 97.3)
- denotes no result reported. SSM has no source code released. OCR-GAN and SANF do not have the ability to locate anomalies (i.e. cannot obtain P-AUROC indicators).
⋄ denotes re-running the official source codes with default parameter settings, and take the average of results from three random seed. Bold indicates first, underlined indicates second.

DeSTSeg [47] on the MVTec AD dataset which use the distil-
lation paradigm for anomaly detection. This may be because
that this distillation process cannot guarantee the correctness
of information transferred from the teacher network to the
student network, and thus may degrade the performance of
the model. In addition, the proposed method outperforms the
reconstruction-based methods SSM [46] and OCR-GAN [5]
(as shown in Table 1). The SSM and OCR-GAN methods,
as reconstruction-based models, cannot completely prevent
abnormal information from being mistakenly reconstructed as
normal. This is because the reconstruction-based method has
a certain degree of tolerance for sample variation in the testing
stage, due to its own generalization ability, even though they
are only learned to reconstruct normal sample features during
the training stage.

Figure 5: The anomaly localization results for some categories
on the MVTec AD dataset. From left to right: a normal sample,
an abnormal sample, the ground truth, the actual detection
results, the anomaly score map, and the anomaly detection
results.

Furthermore, in terms of image anomaly localization,
the additional pixel-level branch effectively reduces redun-
dant error information, thereby enhancing the precision of
anomaly localization. Compared to existing normalizing
flow networks such as CSFlow, and CFlow, the pixel-level
AUROC metrics have improved by approximately 2.5%, and
0.3%, respectively. Furthermore, from the anomaly detection
visualizations in Figure 5, it is evident that regions with
deeper anomaly levels exhibit darker colors. The anomaly
score maps effectively differentiate between normal and
anomalous patterns in the images, providing a clear delin-
eation between normal and anomalous regions.

4.3.2. Comparative Experiment on Btad
To test the model’s generalization ability, this paper

also compared the proposed model with other models by
performing evaluations on the Btad dataset using image-
level AUROC and pixel-level AUROC metrics. The Btad
dataset is mainly a dataset related to texture anomalies.
Table 2 shows the experimental results. In addition, Figure 7
illustrates the anomaly localization results of our method on
the Btad dataset. Compared with other recent methods, our
method achieves the second best results, indicating that our
proposed model is also competitive for detecting these texture
anomalies. In addition, our method outperforms RDAD
and DeSTSeg which use distillation paradigm for anomaly
detection, while the anomaly span in Btad dataset is relatively
large, meaning that very subtle anomalies randomly coexist
with large-scale anomalies in the dataset. As a result, the
detailed information corresponding to image-level anomaly
detection is easily lost in the reverse distillation process.

Moreover, compared to all normalizing flow baselines,
our proposed method has achieved better performance on
the Btad dataset. Table 3 shows the performance on three
datasets by averaging the results. It can be seen that our
method achieves the best average performance. From the
experimental results, we can see that our method outperforms
the flow-based baseline methods and all the other com-
pared methods. Compared with baselines, our dual-branch
normalizing flow method not only models features from a
global semantic perspective, but also models features at the
pixel level, thus providing improved anomaly detection and
positioning performance.
4.3.3. Visualization of Anomaly Score Distribution

We have visualized the anomaly scores, achieved by
the compared methods, for each sample in the MVTec AD
dataset, as shown in Figure 6. It can be seen that, compared to
the baselines, our model has provided a larger gap (blue to red
bars) between the anomaly scores obtained for all abnormal
samples and the scores of normal samples and a smaller
fluctuation range (red bars) of the scores for all abnormal
samples. This, to some extent, indicates that our proposed
model offers better performance for anomaly detection in
different application scenarios compared to the baselines.
4.3.4. Computational Complexity

We also compare the complexity of the methods, in the
number of FLOPs and Params. The results are shown in
Table 4. Compared with CFlow and AST, our method has a
similar computational complexity, but it achieves a higher
accuracy. CSFlow models the features at three different scales
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Table 3
The average results in I-AUROC [%] and P-AUROC [%] for various methods across different datasets.

Non-normalizing flow-based approach Normalizing flow-based Mrthods

Dataset PatchCore [8] RDAD [7] FAIR [25] SSM [46] OCR-GAN [5] DeSTSeg [47] NSA [48] MSFR [49] ReContrast [27] ADShift [26] CSFlow [11] CFlow [13] AST [50] SANF [4] Ours

MVTec AD (99.1, 98.1) (98.5, 97.8) (98.6, 98.2) (92.0, 93.9) (98.3, -) (98.6, 97.9) (97.2, 96.3) (98.4, 97.4) (99.5,98.4) (98.0,97.0) (98.7, 95.5) (97.5, 97.7) (99.2, 96.4) (96.9, -) (99.2, 98.0)
Btad (93.4, 94.5) (94.3, 97.6) (91.3, 96.4) - (96.5, -) (92.4, 97.5) (86.3, 81.5) (93.5, 97.8) (93.2,96.6) (93.8,97.1) (94.9, 92.5) (94.3, 96.7) (95.2, 97.3) (90.1, -) (95.9, 97.3)

MPDD (94.1, 97.8) (92.1, 98.5) (73.0, 94.9) - (87.1, -) (93.5, 95.4) (89.1, 88.3) (94.7, 97.6) (95.8,97.9) (82.3,97.9) (97.4, 97.9) (82.6, 96.8) (87.4, 95.5) (92.0, -) (97.5, 98.2)
Average (95.5, 96.8) (95.0, 98.0) (87.6, 96.5) - (94.0, -) (94.9, 97.1) (90.9, 88.7) (95.5,97.6) (96.2,97.6) (91.3,97.0) (97.0, 95.3) (91.5, 97.1) (93.9, 96.4) (93.0, -) (97.5, 97.8)

- denotes no result reported. Bold indicates first, underlined indicates second.

Figure 6: Comparison of anomaly score distribution on MVTec
AD. From the leftmost column to the rightmost column are
the distributions of abnormal scores for our model, RDAD, and
CFLOW, respectively. From these results, it can be seen that
our model can more clearly distinguish abnormal samples from
normal ones.
simultaneously, which has a complexity almost three times
of our model in FLOPs and Params, however, it offers lower
detection accuracy as shown in Table 1. RDAD uses reverse
distillation for anomaly detection, which only includes simple
convolutional layers. However, RDAD’s parameters are about
twice that of our proposed model, but with almost the same
number of FLOPs, due to its use of multi-layer features with
pre-trained extractors such as WideResNet [55]. FAIR uses
a reconstruction network that only includes some simple
convolutional networks, but it has a larger number of FLOPs
than our method due to its reconstruction of the original
image. ReContrast [27] requires constructing two feature
extractors with identical architectures to enable domain adap-
tation, resulting in significantly higher parameter counts and
longer inference times compared to our method, making it less
suitable for deployment in industrial settings. Similarly, AD-
Shift [26] performs multiple similar augmentation operations
along with feature distribution matching (FDM) to align the
training and test data distributions. This process of applying
multiple augmentations and complex distribution matching
for each test sample introduces considerable inference time
overhead.

OCR-GAN, as a synthesis-based model, has larger
Params because it needs to construct Encoder-Decoders
for multiple frequency channels simultaneously. Another
synthesis-based model, DeSTSeg, is designed as a simple
convolutional network in its teacher and student networks,

Table 4
The comparison of computional complexity between our method
and the state of the art methods.

Algorithm Methods FLOPs(G) Params(M) FPS

Non-
normalizing
flow-based
methods

RDAD [7] 39.1 150.6 16.3
FAIR [25] 160.2 69.0 45.8
SSM [46] - - -

OCR-GAN [5] 41.8 96.0 25.9
DeSTSeg [47] 40.4 35.2 65.8

NSA [48] - - -
ReContrast [27] 75.3 144.7 33.3
ADShift [26] 24.0 83.8 25.2

Normalizing
flow-based
Methods

CSFlow [11] 62.3 275.2 10.6
CFlow [13] 49.0 81.6 34.2
AST [50] 49.8 84.6 17.5

Ours 45.8 82.3 40.5
- denotes no result reported.

Table 5
The AUROC [%] results of pre-trained feature extractors on
the MVTec AD dataset.

I-AUROC P-AUROC

ResNet18 [29] 97.3 96.4
WideResNet50 [55] 98.5 97.8
DINO [38] 99.2 98.0
ViT [37] 97.4 96.2

resulting in a relatively small number of parameters com-
pared to other models. However, the calculation process
of DeSTSeg requires a large feature scale, which leads to
its FLOPs not being significantly different from our model.
In addition, for synthesis-based models such as DeSTSeg
and OCR-GAN, synthesizing sufficiently representative and
reasonable abnormal data corresponding to different practical
scenarios not only requires much time to design and consider,
but also affects the generalization and practicality of these
models. In addition, we compared the detection frame rates of
various methods with the same batch size during the testing
phase, and our proposed model achieved a frame rate of 40.5
FPS, which can potentially meet the requirements of real-time
detection. To sum up, our model has a small computational
complexity and offers competitive performance.
4.4. Ablation Studies

To validate the effectiveness of the various modules
designed in this paper, we conducted ablation experiments
in this section, focusing on the visual feature extractor, dual-
branch structure, dynamic spatial attention and the 𝑡𝑜𝑝𝐾
anomaly scoring method at the end of the module. All ablation
experiments were conducted on the MVTec AD dataset.
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Table 6
The AUROC [%] results of the ablation experiments on the
MVTec AD dataset.

map_flow pixel_flow DSAM I-AUROC P-AUROC
Variant1 ✓ × × 98.4 97.1
Variant2 × ✓ × 98.6 97.5
Variant3 ✓ ✓ × 98.9 97.8

Ours ✓ ✓ ✓ 99.2 98.0

4.4.1. Visual Feature Extractor
We investigate the relationship of the structure of the

pre-trained models for feature extraction to the effectiveness
of the extracted features on anomaly detection, by applying
these pre-trained models for image classification and self-
supervised learning. Specifically, we employed the pre-
trained CNN-based image classification models including
ResNet18 [29] and WideResNet50 [55], the Transformer-
based image classification model ViT [37], and the pre-
trained Transformer-based self-supervised model DINO [38]
as our visual feature extractors. The experimental results are
shown in Table 5. From Table 5, it can be seen that DINO,
as a feature extractor, performs the best in the proposed
model. The feature extractors such as WideResNet50 and
ResNet18, which are pretrained for image classification tasks,
perform well for extracting semantic information but not
detailed spatial information that is required in our tasks.
In comparison, the DINO extractor, pretrained with a self-
supervised task to distinguish images at different spatial
scales, is more suitable for our proposed model. Among the
ResNet and WideResNet backbones, the features utilized
are mainly the outputs from the second and third modules.
The ViT model primarily utilized the features from the
last module, while the DINO models mainly utilized the
features from the seventh and eleventh modules. Using
the DINO models as the visual feature extractor in our
proposed algorithm achieved better anomaly detection results
as compared to using other feature extractors, as shown in
Table 5.

Figure 7: The anomaly localization results on the Btad dataset.
From left to right: a normal sample, an abnormal sample, the
ground truth, the actual detection results, the anomaly score
map, and the anomaly detection results.

4.4.2. Dual-branch Normalizing Flow Structure
To assess the effectiveness of each component of the

model, this section conducted ablation experiments on the
dual-branch normalizing flow structure, focusing on the dual-
branch structure, dynamic spatial attention, and layer normal-
ization. The experimental results are presented in Table 6.
As for Variant1, only map_flow was used, here map_flow
corresponds to the Global Branch. Variant2 employed only
pixel_flow which corresponds to the Local Branch. Variant3
introduced pixel_flow based on Variant1. Variant4 corre-
sponds our proposed whole model. Additionally, Figure 8
illustrates the anomaly detection results for different branches.

Figure 8: The results of anomaly detection in different branches.
From left to right: an abnormal sample, the ground truth, the
result of the first branch, the result of the second branch, and
the fused result.

From Table 6, it is evident that pixel-level modeling
is superior to feature map-level modeling. Assigning high
probabilities individually to each pixel yields better results
compared to assigning high probabilities to the entire feature
map. The integration of these two approaches achieves the
best anomaly detection performance. Additionally, the pro-
posed dynamic convolutional spatial attention model further
enhances its anomaly detection performance, achieving the
best performance as compared to the other variants mentioned
above. From Figure 8, it can be observed that, with only the
first branch, the anomalous regions located by the anomaly
score map tends to include larger areas compared to the
true regions. Furthermore, we can see that the global branch
focuses on the overall characteristics, but not local details.
For example, the third image in the last row of Figure 8 lacks
details of anomalies, while the local branch can distinguish
the details more clearly. As a result, the feature map shown
in the rightmost column, which is obtained by combining the
two branches, is more accurate for anomaly detection.
4.4.3. Anomaly Score Calculation

This section conducted ablation studies on the impact of
hyperparameter 𝐾 on the 𝑡𝑜𝑝𝐾 anomaly scoring calculation,
which affects the final detection results. Instead of directly set-
ting a specific value for 𝐾 , the section implicitly determined
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Figure 9: The I-AUCROC results for different values of 𝐾 in
𝑡𝑜𝑝𝐾. 𝑁 is the total number of pixels in the score map.

𝐾 based on the occupancy rate over the entire anomaly map.
Specifically, 𝐾 was varied as 1∕𝑁 , 1%, 2%, 3%, 10%, 25%,
50%, and 100%. Here, setting 𝐾 = 1∕𝑁 represents taking
the maximum value from the score map, where 𝑁 is the total
number of pixels in the score map, while setting 𝐾 = 100%
represents taking the average value over the entire score map.
Figure 9 illustrates the trend of the model’s anomaly detection
performance with different values of 𝐾 . It is observed that
the model achieves better performance when 𝐾 is set to 3%.
Consequently, the model uses the mean of the top 3% of the
scores from the score map as the anomaly score for each
sample.
4.4.4. Hyperparameter

We further investigate the impact of the depth of the
network. From the results in Table 7, we can see that when the
number of flow layers is low, the model achieves suboptimal
results. This is likely because the modeling ability of the
model is limited by the number of layers, making it difficult
to map a complex distribution to a normal distribution. In
addition, it can be seen that when the number of model
layers is 6, the model achieves the best performance of I-
AUROC (99.2%) and P-AUROC (98.0%) both in detection
and localization. As the number of layers increases further,
the performance of the model starts to decrease, potentially
due to the overfitting problem associated with an increased
model size.

To study the impact of different optimization parameters,
we have added a set of ablation experiments to compare
the experimental results of the proposed model at different
learning rates. From the experimental results in the MVTec
AD dataset shown in Table 8, we can see that when the
learning rate is 5e-5, the model achieves the best performance
in I-AUROC (99.2%) and P-AUROC (98.0%), both in the
detection of anomalies and in the localization of anomalies.
When the learning rate drops, the model needs more epochs to
train and update. The model may fall to the local optimum due
to the small learning rate, making it difficult to continuously
improve the model’s capabilities. When the learning rate

Table 7
The AUROC[%] results of different coupling layers on MVTec
AD dataset

Layers I-AUROC P-AUROC

1 93.4 96.1
2 97.6 97.8
4 98.0 97.7
6 99.2 98.0
8 98.1 97.9
10 97.5 97.7

Table 8
The AUROC[%] results of different learning rate on MVTec
AD dataset

Learning rate I-AUROC P-AUROC

1e-5 98.1 97.3
2e-5 98.4 97.5
5e-5 99.2 98.0
1e-4 98.6 97.6
2e-4 98.2 97.6

increases, the model update in each step may exceed the
effective range of the gradient update, which can make it
difficult to converge. However, we observed that our model
is less sensitive to the choice of learning rate, compared
to the baseline methods. Even with suboptimal parameter
configurations, our method can still surpass the performance
of some models, such as SANF (I-AUROC 96.9%), CFLOW
(I-AUROC 97.5%) and SSM (I-AUROC 92.0%).

5. Conclusion
This paper has presented a dual-branch anomaly detection

model based on normalizing flow from multiple perspectives.
In the dual-branch structure, the two branches are designed to
model image features from the global and local perspectives,
for scenarios where the anomalies vary greatly in size. In
addition, the dynamic spatial attention nodule (DSAM) is em-
bedded into each branch, by combining dynamic convolution
and a newly designed attention mechanism, which can capture
spatial features of various complexity in the input image.
Experimental results on the well-known public datasets, such
as MVTec AD and Btad, demonstrate the advantages of the
proposed dual-branch normalizing flow network over the
existing flow-based baselines in detection performance, and
over non-flow based methods in terms of the number of
parameters and FLOPs. In addition, the proposed method
has better generalization ability than existing synthesis-based
methods. In the future, we will further study the robustness
of anomaly detection in various complex environments
in engineering applications. When given a certain edge
situation in a practical application scenario, we can augment
the number of corresponding high distinguishable normal
samples with needles to increase adaptive training.
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