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Abstract: The purpose of Video Anomaly Detection is to automatically identify abnormal
spatiotemporal patterns in surveillance systems. Traditional autoencoder frame reconstruction
methods have made great progress in abnormal video detection. However, these methods often
fail to adequately correlate global features with local emphasis feature and to harness feature
information at various scales within the network. With the aim of addressing these issues, this
study proposes a novel multi-scale Swin Transformer and memory-augmented attention feature
fusion network for video anomaly detection(MSTMAF), which effectively performs multi-scale
cross-fusion of global and fine-grained local features of the autoencoder. Specifically, a multi-scale
Swin Transformer encoder is designed to achieve multi-layer feature fusion while extracting video
frame features through a multi-branch skip connection operation. Furthermore, we design multi-
attention fusion mechanism to refine attention, reducing the influence of background location in
the feature map. This process heightens the high-level semantic representation of local features.
Additionally, we introduce memory augmented module to better retain archetypal features of
normal behavior from historical data. MSTMAF-Net achieved outstanding AUC performance on
four publicly available datasets: UCSD Ped1(0.881), UCSD Ped2(0.982), CUHK Avenue (0.913),
ShanghaiTech (0.764) and UCF-crime(0.831) demonstrating the effectiveness of our study.
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1. INTRODUCTION

Video Anomaly Detection technology is a core technol-
ogy in intelligent monitoring systems (Liu et al., 2023).
Its objective is to automatically identify sensitive and
anomalous events in video streams, such as traffic ac-
cidents, violent crimes, shootings, pornography, among
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others (Kumar et al., 2023)(Wang et al., 2019). Interest
in VAD technology has recently increased due to its role
in maintaining public security and safeguarding lives and
property as a core function of intelligent video surveillance
systems. VAD technology utilizes image processing and
machine learning techniques to automatically identify a
variety of deviant events caused by different targets within
a surveillance video scene. This technology enables staff to
promptly address abnormal events, reducing labor costs,
improving monitoring efficiency, and minimizing false pos-
itives and negatives. However, the concept of anomaly
is inherently unbounded and ambiguous. Due to their
randomness and diversity in the real world, it becomes
impractical to collect and model all types of anomalous
data. Therefore, anomaly frame detection is frequently de-
scribed as an unsupervised coarse-grained detection learn-
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ing problem, focusing on learning a model that captures
behavioral representations using only normal data. During
inference, patterns deviating from established norms are
flagged as anomalies. This method, known as unsupervised
video anomaly detection (UVAD), eliminates the need for
complex sample labeling and can automatically pinpoint
anomalous events in video,thereby reducing inefficiencies
in manual analysis and potential human error from the
underutilization of existing surveillance infrastructure.

Most existing works employ reconstruction or prediction
methods based on Auto Encoders (AE) for anomaly de-
tection (Lee et al., 2022). These techniques usually rely on
the autoencoder to learn the hidden space representation
of normal events, with the assumption that abnormal oc-
currences will have a significantly different representation.
The frame reconstruction method (Perera et al., 2019) uses
the autoencoder’s encoder to capture the features of nor-
mal events, while the decoder outputs reconstruction re-
sults to detect anomalies based on reconstruction error; the
frame prediction method (Medel and Savakis, 2016) lever-
ages previous frames to predict subsequent ones, detecting
anomalies based on the discrepancy between predicted
and actual frames. Although these approaches have been
effective, the limited receptive field of AE’s encoder (Wang
et al., 2023b) hinders the comprehensive understanding of
human and object behaviors within the global structure.
The Swin Transformer algorithm (Liu et al., 2021), pre-
sented by Microsoft Research at ICCV in 2021, refines
the Transformer architecture to address computational
complexity. It employs a shifted window scheme that con-
fines self-attention computation to non-overlapping local
windows while still permitting for cross-window connectiv-
ity, capturing global context with reduced computational
requirements. Jiang et al. (Jiang et al., 2022) employed the
Swin Transformer network to the intelligent detection of
industrial anomalies, effectively tackling the issue of lim-
ited anomaly samples and achieving excellent performance
in anomaly detection and localization. Extensive research
on abnormal video detection reveals that AEs struggle to
capture distant and global spatial features due to their
fixed receptive field size and often overlook critical local
features. The effective integration of AEs and Swin Trans-
former for video anomaly detection remains uncharted
territory. By harmonizing local and global dependencies,
we can potentially enhance the learning of spatiotemporal
characteristics in video frames.

Building on this foundation, this paper presents an inno-
vative anomaly detection method. This method, referred
to as the Multi-Scale Swin Transformer and Memory-
augmented Attention Feature Fusion Video Anomaly De-
tection Network (MSTMAF-Net), significantly increases
the accuracy of abnormal video detection. It features a
unified architecture that spans computer vision and natu-
ral language processing, designing two cutting-edge tech-
nologies: the multi-scale Swin Transformer and Memory-
augmented Attention Fusion. The intent is to effectively
harness the global and local information from video data.
To further enhance the model’s capability to distinguish
abnormal behaviors from normal ones, a memory enhance-
ment module was designed. This module stores prototype
features of normal behaviors extracted from consecutive
frames, enabling the effective integration of multimodal

information. By constructing multi-scale Swin Transform-
ers and an attention-based feature fusion module, the
MSTMAF model demonstrates outstanding performance
in capturing both local and global representations, thereby
significantly improving the recognition accuracy of abnor-
mal behaviors. The primary contributions of our research
can be presented as following:

1. This study presents an effective video anomaly detec-
tion modular architecture MSTMAF-Net. This modular
architecture features an innovative multi-scale Swin Trans-
former encoder-decoder architecture. The multi-scale Swin
Transformer extracts global motion features of video
frames and accomplishes multi-scale feature cross-fusion,
improving the encoder’s feature characterization ability.

2. To mitigate the impact of background position on the
feature map, a sophisticated attention fusion mechanism
has been designed. This mechanism effectively captures
the subtle attention semantics of local features, thereby
yielding more precise local attention features.

3.We developed a memory-augmented module that is
embedded within the AE framework to encode the normal
behavioral space into prototype representations in real
time. This module functions as a discriminative filter based
on the stored normal prototypes, and its integration into
the overall architecture is crucial for enhancing the model’s
capability to detect anomalies.

The remaining of this study is structured as follows: Sec-
tion 2 is the review of the associated works in anomaly de-
tection and Transformer-based approaches. Section 3 elab-
orates on MSTMAF-Net, including problem formulation,
network architecture, and loss functions. The experimental
data and comments are presented in Section 4. Section 5
is the conclusion of the study, outlines the limitations of
our approach and directions for the future studies.

2. RELATED WORK

Video anomaly detection is traditionally defined as an
unsupervised learning issue (Leyva et al., 2017) or a sparse
representation problem (Sabokrou et al., 2018) because
to the scarce full-size anomalous data and high annota-
tion costs. Unsupervised learning algorithms use training
datasets that only include data representing normal be-
havior. By learning the distribution model of normal be-
havior, the system identifies input data that deviates from
the normal distribution as abnormal. Sparse representa-
tion methods reconstruct test samples from a dictionary
constructed from normal samples and label those exceed-
ing a preset reconstruction error threshold as anomalies.
Our work primarily focuses on unsupervised learning due
to its broader applicability in practical scenarios. Tradi-
tional feature extraction methods have focused on low-
level visual features, including histogram of gradients,
compact feature, and foreground masks (Saligrama and
Chen, 2012), among others. These methods heavily depend
on handcrafted features for video representation, which
do not support end-to-end processing and have limited
generalization capabilities.

With the advancement of deep autoencoders, various AE
variants have been developed to model spatiotemporal
information and reconstructing video frames. In order to
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differentiate between normal and abnormal occurrences,
wang et al. (Ravanbakhsh et al., 2017) created the Memory
Augmented Appearance Motion Network (MAAM-Net)
utilizing an autoencoder architecture. They encouraged
memory modules to choose a sparse selection of essen-
tial memory items by using margin-based potential loss.
Although the introduction of memory modules mitigates
the overfitting problem of autoencoders, this model still
lacks an effective mechanism for hierarchical multi-scale
feature fusion and fails to explicitly enhance salient local
features. Consequently, while it is capable of memoriz-
ing regular patterns, its feature representation capacity
remains limited. The absence of multi-scale processing
results in the loss of fine-grained details that are cru-
cial for detecting subtle anomalies, whereas the lack of
a dedicated local attention mechanism renders the model
susceptible to interference from complex or dynamically
changing backgrounds. Barbalau et al. (Barbalau et al.,
2023) employed alternating 2D and 3D Convolutional Vi-
sion Transformer(CVT) blocks within a self-supervised
multi-task learning(SSMTL) framework. This approach,
using pseudo-anomalies for adversarial learning, pseudo-
label generation techniques, and attention-enhancement
modules, notably enhances the spatial anomaly localiza-
tion capability of the C3D anomaly video recognition
network. Thakare et al. (Thakare et al., 2023) introduced
a multi autoencoder based method for anomaly detection
and classification, combining latent features with pseudo-
labeled I3D features of video clip. In order to optimize
the multi-instance learning process, Shao et al. (Shao
et al., 2023) proposed a time-convolutional network multi-
instance learning model that balances feature connections
between uncommon positive and negative samples. Al-
though these methods address video anomaly recognition
to some extent, they suffer from ”over-generalization” due
to insufficient representation of global and local features.
As a result, abnormal frames can sometimes be recon-
structed or predicted as reliably as normal frames.

The Swin Transformer, derived of the ViT model, intro-
duces a hierarchical structure to mitigate the shortcom-
ings of CNNs, which typically struggle to facilitate inter-
action between global and remote semantic information.
Recent studies have explored the application potential
of Transformer networks in classification and detection,
particularly in anomaly detection. In order to identify and
amplify local pattern features in video sequences, wu et
al. (Wu et al., 2023) developed an unsupervised learning
strategy based on vision transformation, which greatly
increased the effectiveness of anomaly detection tasks. Li
et al. (Li et al., 2022) used a Transformer to amalgamate
the intricate relationships between different tags, with the
combination of a memory module boosting the extraction
of spatiotemporal features from abnormal videos. It en-
codes patches using Transformer operations and reduces
local redundancy through a self-attention mechanism. The
Swin Transformer uses a layered architecture and a shifted
window strategy for feature representation computation,
enabling rapid and efficient processing of visual data.
This method is suitable for modeling global features and
simplifying computational complexity. However, current
approaches have not combined Swin Transformer with
video anomaly detection to take advantage of its benefits.
While Transformers excel at capturing features of abnor-

mal videos, they struggle with local context and multi-
scale spatial information.

3. PROPOSED METHODOLOGY

This section outlines the structure of the MSTMAF-
Net. Figure 1 presents the overall architecture of the
MSTMAF-Net framework for video anomaly detection.
The proposed framework comprises three modules: multi-
scale Swin Transformer, Attention Feature Fusion, and
Memory-augmented module. In this study, we design a
multi-scale Swin Transformer and Attention Feature Fu-
sion, taking a sequence of video frames as input and
producing multi-scale features as output. The multi-scale
Swin Transformer uses multi-branch skip connections to
promote the fusion of multi-layer features at various scales
while concurrently extracting temporal motion features
from normal events, enhancing the encoder’s feature repre-
sentation capability. The Attention Feature Fusion module
focuses on local representation of normal motion, reduces
the influence of background elements in the feature map,
and optimizes the representation of normal targets. In
addition, the decoder amalgamates features from the en-
coder and processes them through the innovative memory-
augmented module, which archives prototype features of
typical behavior from historical data. This storage en-
ables the coexistence of multi-modal data and informs
the prediction of future frames. The following subsections
elaborate on the specifics of these modules.

3.1 Multi-scale Swin Transformer Encoder Module (MST)

Conventional AE architecture lacks global context model-
ing capabilities. In order to improve the encoder’s feature
characterisation capabilities, this study presents the Multi-
scale Swin Transformer encoder module. This encoder
module uses multi-scale operations for multi-layer feature
fusion. This is shown in Figure 1. This study uses the
feature fusion module to extract and merge multi-scale
behavioral features, accepting the output of Patch merge
at different stages as input. The feature fusion module
utilizes straightforward and effective up-sampling, down-
sampling, and concatenation techniques to refine the final
feature extraction precision. During the process of train-
ing, the H * W x 3 RGB images fed into the model are
partitioned into small blocks and sequentially pass through
four stages. In this process, each stage generates feature
maps of varying scales. The feature fusion module extracts
and combines multi-scale features, progressively merging
the output of Patch merge during the last three stages as
the input. The module uses simple yet potent up-sampling,
down-sampling, and concatenation methods bolsters the
ultimate recognition accuracy.

The multi-scale Swin Transformer module employs a hier-
archical down-sampling technique similar to convolutional
structures for feature extraction. For the purpose of com-
puting self-attention within each window, it divides feature
maps into numerous uniform, non-overlapping windows.
The window self-attention calculation is conducted in par-
allel. The following is an expression of the computation
process:
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Fig. 1. Schematic Diagram of The Overall Network Framework of The MSTMAF-Net Model.

T

Attention(Q, K, V') = Softmax (Q

NT +B)V (1)

Where @ indicates the query vector, K suggests the key
vector, and V indicates the value vector, which is used to
calculate the similarity between features. dj indicates the
dimension of the query or key. K represents the transpose
of the K vector. B is the relative position encoding matrix.

Furthermore, multi-scale Swin-Transformer adopts the
shift window multi-head self-attention module in order to
improve the information interaction between self-attention
Windows. The shift window attention mechanism moves
the window to associate multiple adjacent windows, en-
abling information fusion and global modeling. The com-
putational process for this mechanism is as follows:

2 =W — MSA(LN(z'™1)) + 2!
2t = MLP(LN(2Y)) 4 2!

2 = SW — MSA(LN(Z")) + 2
241 = MLP(LN(Z1)) + 2+t

Where LN indicates layer normalization and MLP indi-
cates multi-layer perception. The MSA module is based
on shift windows followed by a two-layer MLP having a
GELU nonlinear activation function. Each MSA module
and every MLP module is applied before the regularization
layer. Each module is followed by the residual join in the
interim.

3.2 Attention Feature Fusion (AFF)

Although the multi-scale Swin Transformer excels at ob-
taining enhanced global features, it often overlook the finer
local details. These details are crucial for anomaly detec-
tion. For instance, areas such as road surfaces, shopping
malls, and pedestrian zones are typically more important
than trees and houses. Recognizing that the traditional
AE models failed to address the spatial information of
regions of interest, we designed an Attention Feature Fu-
sion (AFF) mechanism, illustrated in Figure 2. The at-
tention feature module accumulates context information
across all axes, enriching the pixel-wise representation
of the context. This approach enables selective concen-
tration on pivotal features within the data, resulting in
enhanced recognition capabilities. The introduction of the
AFF represents an obvious advancement in the domain of
anomalous video recognition, demonstrating exceptional
proficiency in learning context-aware feature sequences
and focusing on local key features.

The feature space of an image z; is processed by several
layers of the multi-scale Swin Transformer in the encoder,
and can be classified into several regions indicated by
X € R3CXHXW iy which W and H are the number
of rows and columns of the feature matrix, respectively,
and 3C indicates the number of feature region channels.
Divide X into 3 groups along the channel dimension to
get X = [X1, Xo, X3], where X; € RO*H*W _ The input
feature map X; is converted to a one-dimensional feature
vector after global average pooling, which makes the global
perceptual information available to each channel. Next, the
dimension of the one-dimensional feature vector is reduced
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Fig. 2. Schematic Diagram of Attention Feature Fusion Model (AFF).

through the fully connected layer and nonlinearized using
the ReLU activation function. Finally, the dimension is
then increased through the fully connected layer and
batch normalization is applied to obtain the corresponding
weights M.(X7) . Thus, the computational formula is as
follows:

M, (X1) = BN(W:(WodvgPool(X1)))  (3)
the 1x1 convolution is adopted for reducing the dimension
of the input feature map X;. Afterwards, the feature
information is extracted using two dilated convolution
with convolution kernel size 3 % 3, which has a larger
receptive field. Finally, 1% 1 convolution is applied to map
the feature map to 1xwx*h, and the spatial attention map

M (X1) is obtained. The calculation formula is as follows:
M, (X1) = BN(f3" (52 (72 (f (X)) (4)

The M.(X;) and Ms(X;) are extended to the same di-
mension according to the broadcast mechanism, and then
the weights are summed up to finally obtain the attention
vector M (X1). The input feature map X; is multiplied
by M(X;) element by element, and then the residual
structure is added to X7, to get the feature graph X7.

The feature map Xs first undergoes two 1 x 1 convolution
to generate @ and K,{Q,K} € RO™>WxH  where the
resulting channel dimension C’ is smaller than C. For
each feature point u within the spatial dimension in
Q> WH 5 vector Q, € RS can be derived. In this
region, features are collected from the same horizontal
and vertical directions corresponding to the position of
the feature point u in KC*W*H  resulting in a set Q, €
R(H“'W_l)xc/, where Q, ,, € RC refers to the i-th element

of Q. The affinity operation is expressed as:

d u— Qu X Qi,u (5)
Here, d;,, € DHAW=1)x(WxH) represents the degree of
correlation between Q,, and €2; ,,, wherei € {1,..., H+W —
1}, After performing a softmax operation over the channel
dimension, the attention feature map A is obtained. Then
the feature map H is then convolved with 1% 1 to produce
feature graph V € RE*W>H At the spatial position
of each feature point u within V, a vector V, € R®
is obtained, and features can also be collected from the
same horizontal and vertical directions corresponding to
the position u to form a set ®, € RUETW-1)xC Ay
aggregation process is used to collect context information:

= Y Au®iu+Xs (6)

ic|®,|

The feature map X3 is arranged based on the channel
sequence as Us € RP*C where D = W - H and C
represents the number of characteristic channels. In our
proposed model, the convolution compresses the global
spatial information to generate channel statistics, where
the global spatial features of each channel are represented

as: 1 0w
o= Fug () = gy 2 el
=1 j=1

(7)

Here, u,. indicates a channel in feature map ug, z. represent
the compressed vector Z. From the formula, each feature
map channel of H x W has only one pixel left after global
averaging. Thus, an H x W x C feature map is squeezed
into an 1 x 1 x C' vector.
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The outcomes of the aforementioned operations are used
to determine statistical characteristics of each channel.
Then, find out the relationship between each channel.
To get channel features with adaptive relevance, these
dependencies are fused with feature mappings of other
feature channels. The process is as follows:

s = Feu(2,W) = 0(g(2,W)) = 0 (W26 (W12)) (8)

where o represent ReLU activation function, and W; €
RT*C | W, € RC*% represents the weighted matrix.
Specifically, a fully connected layer is used to transform
the 1 x 1 x C vector Z intoa 1 x 1 x % vector, followed by
a ReLU activation layer. Then, a second fully connected
layer transforms the 1 x 1 x % vector back intoa 1 x1xC

vector, followed by a Sigmoid activation layer.

Finally, the obtained weights are merged with the original
feature map ug, and the feature map is recalibrated. Each
element in s is taken out one by one and multiplied
with the corresponding channel of the feature map. This
operation is essentially a scalar multiplied by a matrix.

X3/ = Fscale (um Sc) = Scle (9)

To obtain high-level semantic information of local regions,
we designed an attention feature fusion mechanism that
structurally integrates the spacial and channel attention
mechanisms. First, the tensor is split into three groups,
each processed by the Attention Unit. Then, the informa-
tion within each group is fused by concatenation. Finally,
the Channel Shuffle and convolution operation rearrange
the groups, allowing for information exchange between
different groups. The AFF structure is shown in Figure 2.
Moreover, AFF is embedded in the skip connection layers
of the multi-scale Swin Transformer to enhance feature
expression capability. This fusion method efficiently uti-
lizes local and global features at various degrees, allowing
them to work in concert and improve the model’s anomaly
detection capabilities.

3.8 Memory-augmented module

With the generalization ability of the prediction network
being too strong, the model has a strong prediction ability
for the abnormal samples that have not been seen before.
As a result, the prediction network can not only predict
normal samples well, but also accurately predict abnormal
samples, which makes the model unable to effectively dis-
tinguish abnormal samples from normal samples. To solve
this problem, We design memory-augmented modules. The
memory-augmented modules first process the input fea-
tures through the criss-cross and channel attention unit.
They then compresses the normal features in real time
through various methods, constructing a dynamic memory
pattern pool. Normal pattern features are retrieved and
reconstructed from this pool. Then, to produce the output
of the memory unit, the input feature and the normal
pattern feature are concatenated.

The encoder feature X, € RM<%X¢ passing through the
double attention mechanism is divided along the fea-
ture channel dimension into h x w query items ¢F €

RPXIx¢(k=1,2,..,K; K = h x w). Each items represents

a specific spatial position. For each query item xf, P

attention mapping functions are applied to assign normal
weights, resulting in P attention maps. These maps in-
dicate the weights of the feature vectors for each spatial
relationship and generate associated similarity and pat-
tern vectors. The process is described mathematically as
follows:

wf@ e WP = P (0); {wp . Rhxwxe _ thwxl}
K k,p

w.
mfZE: t :L’k

K Lpt
k=1 Zk/:1 Wy

Therefore, a set of N coding vectors can be obtained.
The output vector XF, after passing through the decoder
and double attention mechanism, is treated as the query
value. The pattern vector M; = {mf};::l in the memory-
augmented unit is used as the key value to reconstruct the
normal memory encoding X; € R"*™“*¢ The calculation
process is as follows:

(10)

P
B =B rml

p=1 - (11)
BF? =

When a matching pattern #F is found for each query
Xf]: , all K pattern vectors &¥ form a feature tensor X, €
RMXwXe of the same size as X[F. This tensor is concate-
nated alongside the feature channel dimension to acquire

the feature tensor f; = [Xt; )A(t} € RI@wX2¢ 55 the output
of the decoded network, producing the prediction result.

8.4 Loss function

In training process, the prediction loss function is care-
fully crafted considering the differences and associations
between the Multi-scale Swin Transformer, Attention Fea-
ture Fusion and memory-augmented module. A feature
reconstruction loss is specifically designed for the attention
feature fusion and dynamic memory module.

The prediction loss function L. ensures the network
accurately predicts the current frame F; in accordance
with the sequence of previous video frames. It is formally
referred to as the Lo distance between the predicted result
Ft and the actual video frame F}:

T
Lpre = Z HFt_Ft‘
t=l+1

2 (12)

The feature reconstruction loss comprises a compact term
loss Leom, and a feature separation loss Lgep:

T K
Yo e —mi

t=Il+1 k=1

2 - ,
Lsep = mz Z [H_(mf -my)

p=1p’=1

Where m} is the memory feature with the greatest sim-

ilarity to the query value zF in the memory module,

Lcom =

‘ (13)

/
+cov Hmf —m}
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% = arg max,ep w;'". The definition of m?, W has been
provided in section 3.3 and Equation 10. cov|| - || is the
covariance of the corresponding vector. The compactness
loss and separation loss promote diversity between pro-
totype projects by pushing learned prototypes away from
each other. Covariance can be used to push all learned
prototypes to distant places, so that the learned normal
prototypes are maximum distance and independent. The
overall loss function is defined as:

Lall = Lpre + )\1Lcom + )\2Lsep (14)

4. EXPERIMENTS

The current section presents extensive experiments on
the proposed MSTMAF algorithm using four widely rec-
ognized benchmark datasets. We conducted quantitative
and qualitative comparisons with existing Video Anomaly
Detection (VAD) methods to demonstrate the superiority
of the proposed model.

4.1 Datasets

UCSD Pedl and UCSD Ped2 are the two sub-datasets
that make up the UCSD Ped datasets. 34 training and 36
testing movies are included in Pedl. Twelve testing movies
and sixteen training videos make up Ped2. A sizable
dataset of 37 movies for a single scenario is known as the
CUHK Avenue dataset. It features 14 types of abnormal
events, containing abnormal running and throwing foreign
objects. The datasets include totally of 30,652 frames. The
ShanghaiTech datasets addresse the lack of diversity in
scenes and perspectives found in existing datasets. This
dataset comprises 437 surveillance videos, including 130
abnormal videos across 13 scenarios under complex light-
ing conditions. The UCF-crime refers to the largest dataset
for abnormal event detection. The dataset includes traffic
accidents, street robberies, explosions, fights, shootings,
normal events, and so on. There were 1900 videos in all,
clocking in at 128 hours with an average frame rate of 7274
frames per second. Furthermore, the majority of the video
size is 240x320.

4.2 Implementation details

The experiments were carried out with four NVIDIA
RTX A5000 GPUs and implemented using the Pytorch
development framework. Video frames were resized to
256 * 256 pixels, and the input sample consisted of se-
quences of video frames. The Adaptive Moment Estima-
tion (Adam)optimizer with a momentum component was
used to optimize the model. Besides, the initial learning
rate was defined to 0.0001. The feature dimension in the
memory unit was set to 512 with a total quantity of 10
prototype vectors . Training epochs were set to 1000, with
models saved every 30 epochs.

4.8 Comparisons with existing methods

As presented in Table 1, Our MSTMAF-Net achieves
98.2%, 91.3%, and 76.4% frame level AUCs on the UCSD
Ped2, CUHK Avenue and ShanghaiTech datasets, respec-
tively. These results outperform both the deep learning-

based and the manual feature-based baselines. The suc-
cess of the MSTM-AF-Net model can be attributed to

the multi-scale Swin Transformer and memory augmented
attention feature fusion mechanism, which process en-
coder features in both global and local contexts, respec-
tively. The memory-augmented module can store a rich
array of normal event prototypes, leading to significant
improvements in video anomaly detection performance.
To evaluate the robustness and stability of the proposed
MSTMAF-Net, we conducted five independent training
trials on the UCSD Ped2 datasets. The model achieved a
mean frame-level AUC of 98.2% with a standard deviation
of 0.3%. This remarkably low deviation indicates the high
reliability and training stability of our method.

Relative to IPR, the AUC of our proposed method on
the three data sets is 2%-5% higher. Although the net-
work structure used in IPR is based on encoder-decoder
structure, it lacks the processing of multi-scale and global-
local features. When evaluating the larger Pedl datasets,
as depicted in Figure 4, the AUC of the MSTMAF-Net
model is 6.3%, 1.8%, and 3.0% higher than that of MDT,
rGAN, and MPM, respectively. This indicates that the
global-local enhanced attention mechanism and memory-
augmented module can significantly improve anomaly
video detection performance. Both the methods in this pa-
per and the Stacked RNN are stacked with attention mech-
anism, but in terms of AUC, our method shows good per-
formance. Mainly because MSTMAF-Net has proposed an
advanced video processing architecture multi-scale Swin-
Transformer, which combines innovative attention feature
fusion mechanism in multi-scale feature extraction. More-
over, residuals are integrated into it, which can better
transfer and utilize information and greatly improve its
performance. On the Avenue datasets, the AUC of our
MSTMAF-Net algorithm reaches 91.3%, which is better
than that of the MAAM-Net algorithm’s 90.9%. The over-
all structure of MAAM-Net algorithm is an autoencoder
network with feature memory reconstruction. The disad-
vantage of the MAAM-NET algorithm is that the global
feature representation ability of abnormal events is insuf-
ficient, so the accuracy rate of the other two data sets is
not optimal. And its processing speed is slow, as presented
in Table 2. Relative to the memory method MemAE,
MSTMAF-Net designed new memory-augmented atten-
tion feature fusion modules to store rich prototypes of
normal motion, obtaining AUC gains of 5.8%, 7.5% and
5.9%, respectively. Furthermore, the AUC gap on the chal-
lenging ShanghaiTech multi-scene datasets show that our
MSTMAF-Net can learn complex global spatio-temporal
patterns, effectively improving the performance of the un-
supervised VAD method in realistic scenarios. In Figure 3,
On the UCF-Crime datasets, the proposed method can
identify the exception frames very well. The detection
accuracy is improved by 1.0% compared to the current
best anomaly detection method. In summary, with the
support of multi-scale Swin Transformer, attention fea-
ture fusion module and memory-augmented module, our
method can outperform all competing methods on four
datasets in terms of AUC, which verifies the effectiveness
of the MSTMAF-Net constructed in the present study.

The ROC curve is presented in Figure 4. The curve of
the proposed MSTMAF-Net is closer to point (0,1). This
reflects good performance and validates the effectiveness
of the proposed algorithm. ShanghaiTech datasets covers a
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Table 1. Results of Quantitative Frame-level AUC Comparison With The Current Unsupervised
Video Anomaly Detection Methods. Bold Numbers Denote Our Method’s Performance

Type Method Ped2(%) Avenue(%) ShanghaiTech(%)
MPPCA (Kim and Grauman, 2009) 69.3 - -
MDT (Wang and Miao, 2010) 82.9 - -
o AMDN (Yang et al., 2016) 90.8 - -
Traditional Unmasking (Tudor Ionescu et al., 2017) 82.2 80.6 -
AED (Lu et al., 2013) - 80.9 -
DF (Del Giorno et al., 2016) - 78.3 -
HybridAE (Nguyen and Meunier, 2019) 92.2 81.7 68.0
ConvAE (Hasan et al., 2016) 90.0 70.2 60.9
MNAD (Medel and Savakis, 2016) 97.0 88.5 70.5
Stacked RNN (Luo et al., 2017) 92.2 81.7 68.0
MemAE (Gong et al., 2019) 94.1 83.8 71.2
Deep Learning-based ~CDDAE (Chang et al., 2020) 96.5 86.0 73.3
IPR (Tang et al., 2020) 96.2 83.7 71.5
MAAM-Net (Wang et al., 2023a) 97.7 90.9 71.3
MPM (Lv et al., 2021) 96.9 89.5 73.8
LMN (Park et al., 2020) 97.0 88.5 70.5
MSTMAF 98.2 91.3 76.4
Table 2. Modeling Inference Speed vs Baseline Methods.
Methods Processor FPS
Unmasking (Tudor Ionescu et al., 2017) GPU 20.0
Frame-Pred (Liu et al., 2018) GPU 25.0
AMMC-Net (Cai et al., 2021) GPU 40.1
MAAM-Net (Wang et al., 2023a) GPU 79.7
MemAE (Gong et al., 2019) GPU 86.7
MSTMAF GPU 90.6
Table 3. Results of Ablation Study on The Models
Methods Methods Combination Ped2 (%)
Backbone Resnet50 (1) (1) 95.8
Backbone Swin Transformer (2) (2) 96.4
Multi-Scale Feature (3) (2) + (3) 97.4
Dual Attention Feature Fusion (4) (2) + (3) + (4) 97.6
Tri-Attention Feature Fusion (5) 2)+ (3) + (5) 98.0
Memory-Augmented Module (6) (2) + (3) + (5) + (6) 98.2
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variety of scenarios and has more types of abnormal behav-
iors than UCSD Ped2 datasets, so it is very challenging.
Based on the specific algorithmic performance on the two
datasets in Figure 4, The ROC curve of the UCSD Ped2
datasets is significantly closer to point (0,1) than that of
the ShanghaiTech datasets, so there is still much room for
improving for the datasets with complex scenes.

4.4 Model inference speed

We have listed the processor and FPS (Frames Per Second)
numbers for Unmasking, MemAE, MAAM-Net, AMSC-
NET, and our MSTMAF-Net, as shown in Table 2, to
provide insight into the computational performance of
the suggested network. When compared to the baseline,
MSTMAF-Net’s FPS number shows an increase that is
greater than 3.0. This suggests that our model’s training
and prediction processes don’t require an excessive amount
of time. This efficiency allows for practical implementation
and operation within real-world enviroments. Despite the
noteworthy performance of the Augmented Appearance-
Motion Network (MAAM-Net) on the Avenue datasets,
its reliance on the Patch-based Stride Convolutional De-
tection (PSCD) algorithm and the incorporation of mul-
tiple decoder connections result in a reduced processing
velocity. Conversely, our model MSTMAF-Net achieves
operational speeds of 90.6 fps. When evaluating both
performance and computational efficiency, it is evident
that MSTMAF-Net achieves an optimal balance. This
prompted us to consider the deployment of real-time in-
spection in resource-limited end devices.

4.5 Ablation Study

In the current work, we quantitatively analyzed the main
model components and demonstrated the performance of
these components on the UCSD Ped2 datasets in Table
3. Relative to ResNet50, the addition of the Swin Trans-
former module resulted in a slight improvement in the
AUC, increasing by 0.6% on UCSD Ped2. This enhance-
ment is mainly attributed to the Swin Transformer’s focus
on processing global features. In relative to the original
Swin Transformer structure, our multi-scale Swin Trans-
former structure shows a 1.0% improvement in detection
accuracy. This suggests that multi-scale feature fusion can
improve the quality of the encoder. In terms of local
attention, the current attention feature fusion emphasize
information processing on main characteristics and weaken
the background information, thus enhancing feature ex-
traction and significantly improving model performance,
including a 0.4% improvement on the UCSD Ped2 dataset.
In addition, the memory-augmented module stores pro-
totype features of normal behavior from historical data,
facilitating the coexistence of multi-modal data, and con-
tributes to a 0.2% increase in AUC. The AUC values of the
MSTMAF-Net surpass those of other models, indicating
that the combination of multi-scale Swin Transformer,
attention feature fusion, and enhanced memory module
greatly improves the performance of abnormal video de-
tection.

4.6 Visualization Analysis

We visualized and analyzed the test results of the model
on the UCSD Ped2 and Avenue datasets, as illustrated
in Figure 5. Boxes label the target objects exhibiting
abnormal behavior. Columns 1 and 2 depict normal events,
but columns 3 to 5 showcase abnormal events, including
riding a bicycle,

driving on a sidewalk, and running anomalously. The
MSTMAF network outlines the edges of abnormal areas
with precision and accurately locates them. This precision
indicates that the MSTMAF network captures enhanced
global-local information, enabling better recording of nor-
mal motion information and thereby increasing the dif-
ferentiation of abnormal frames. The prediction errors in
Figure 6 are highly concentrated on the depicted cyclists,
vehicle, and those running abnormally. Moreover, the net-
work accurately predicts both the abnormal motion frames
of subjects entering the scene and those about to exit.
This demonstrates that the proposed memory-augmented
attention feature fusion module can improve the prediction
accuracy for abnormal behavior by memorizing and learn-
ing normal features. Multi-scale swin transformer provides
fine-grained extraction of global and local features.

Under normal frame conditions, no anomaly is present,
and the anomaly score curve remains low, as with normal
pedestrian traffic in a crosswalk. When an anomaly occurs,
the affected area exhibits a high anomaly score, marked
by a box in Figure 6, signifying an individual riding a
bicycle or driving a car on the crosswalk. Figure 6 also
displays the outlier scores for the Avenue datasets test
videos. A pedestrian walking normally corresponds to a
low anomaly score, whereas the sudden running of a person
suggests an abnormal event, leading to a sharp increase in
the anomaly score. The more pronounced the abnormal
behavior, the higher the anomaly score, indicating the
model’s effectiveness in detecting abnormal events.

5. CONCLUSION

To conclude, this study proposes an innovative video
anomaly detection architecture based on multi-scale Swin
Transformer and memory-augmented attention feature fu-
sion. The architecture uses multi-scale Swin Transformer
as the backbone coding network, and designs a local
feature attention fusion module and memory-augmented
module. These enhance the global-local processing capabil-
ity of the model for information such as the motion and ap-
pearance of objects in video sequences. The model realizes
the interactive fusion of fine-grained local key characteris-
tics with global features. Additionally, the prototype fea-
tures of normal behavior in historical data are stored, and
the coexistence of multi-mode data is realized. Through
ablation and comparison experiments on four mainstream
publicly available anomaly detection datasets, we have
confirmed the effectiveness and performance of the pro-
posed model. Furthermore, the deployment of our method
in real-world surveillance systems will have a significant
impact on the development of crime prevention systems.
The main limitations of MSTMAF-Net lie in its large
number of parameters and complex network architecture,
which impose substantial demands on computing resources
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Fig. 6. Results of Frame Localization of Abnormal Events.

and memory during model deployment. These factors not
only increase the training and inference costs but also
limit its practicality in resource-constrained environments.
Future research could focus on model compression, knowl-
edge distillation, lightweight architecture design, and the
optimization of efficient inference algorithms to substan-
tially reduce the model’s complexity and computational
burden while maintaining detection accuracy, thereby en-
hancing its usability and generalization capability in real-
world applications.
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