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A spatiotemporal feature enhancement network (STFE-Net) is proposed for real-time abnormal
behavior detection in surveillance video. The model integrates optimized 3D convolution kernels, a
multi-scale convolution strategy, and a feature fusion module with skip connections and attention
mechanisms, followed by an improved fully connected classification structure. STFE-Net achieves an
average accuracy of 0.85 on the UCF-Crime dataset and 0.82 on multiple datasets, outperforming
traditional 3D-CNNs (average 0.65) and RNN-based models (average 0.68). False alarm rates are
reduced to 0.10 and false negative rates to 0.07, demonstrating improved precision and robustness.
Compared with baseline methods, STFE-Net shows a 26.2% increase in average accuracy and up to
50% reduction in false positives, significantly improving real-time surveillance reliability.

Povzetek: Studija predstavi STFE-Net, model za zaznavanje nenormalnega vedenja v nadzornih videih,
ki z optimiziranimi 3D jedri, konvolucijo ter pozornostjo izboljsa natancnost in obcutno zmanjsa lazne

alarme glede na klasicne 3D-CNN/RNN pristope.

1 Introduction

In today's society, security issues have become the core of
people's concern. Various places, such as shopping malls,
schools, streets, etc., are in urgent need of effective
monitoring methods to ensure public safety. According to
incomplete statistics, there are as many as 100 million
security accidents caused by various abnormal behaviors
every year in the world, causing economic losses of more
than 500 billion US dollars. Among them, a considerable
number of accidents can be completely avoided or reduced
if the abnormal behaviors can be detected and intervened
in time with the help of effective video monitoring
methods in the early stage. Take a large city as an example.
In the past year, it has carried out spot checks on video
surveillance in public places. The results show that about
30% of the monitoring time periods have monitoring
loopholes, that is, potential abnormal behaviors such as
theft and Figurehting cannot be detected in time. This fully
demonstrates that the existing video surveillance system
has serious deficiencies in abnormal behavior detection.
Recent literature has demonstrated rapid progress in
deep learning-based anomaly detection for video
surveillance. Umale-Nagmote et al. [1] proposed a hybrid
model combining spatiotemporal autoencoders and
convolutional LSTMs, enabling effective representation
of complex behavior dynamics. Aberkane and Elarbi-

Boudihir [2] introduced a reinforcement learning-based
framework that adaptively detects anomalies through
environment-agent interactions, supporting real-time
responsiveness. Alarcon et al. [3], while focusing on
distribution network planning, highlighted the value of
capacity-efficient ~modeling  strategies, indirectly
informing resource-aware deep learning deployment in
real-time systems. Zhang et al. [4] developed an online
anomaly detection method emphasizing fast response and
stream adaptability, crucial for continuous surveillance
operations. Chen et al. [5] advanced 3D dense connection
architectures to improve the representation of spatial-
temporal behavior correlations, reducing misclassification
in complex scenes. Li et al. [6] contributed robust planning
mechanisms based on correlation modeling, offering
parallels in designing neural structures sensitive to
contextual dependencies. Chen and Zhang [7] applied
involution feature extraction to human posture analysis,
which aligns with the need for refined motion detail in
anomaly recognition.

Some studies use manual feature extraction combined
with machine learning classifiers, such as optical flow
features, HOG features, etc., to classify abnormal
behaviors with the help of classifiers such as support
vector machines and random forests. However, these
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manual features often have limitations and cannot fully
capture the complex spatiotemporal information in the
video. In complex scenes, the accuracy of abnormal
behavior detection is relatively limited. In addition,
methods based on deep learning have also emerged, such
as the use of convolutional neural networks (CNN). Some
studies have achieved relatively high detection accuracy
in certain specific scenarios by constructing a multi-layer
CNN architecture to automatically learn features in the
video. In some indoor scenes with fixed viewing angles
and relatively simple environments, the detection
accuracy can reach about 80%. However, most of these
methods have the problem of large computational
complexity. It is difficult to meet real-time requirements.
In the process of deep learning model training and
reasoning, it is necessary to process massive amounts of
video data and complex model parameter calculations.
Some complex deep learning models need to perform
more than 1,000 floating-point operations when
processing a frame of high-definition video images, which
greatly limits their use in actual real-time video
surveillance applications. At the same time, existing
research is not accurate and unified in the definition and
annotation of abnormal behaviors, and there are large
differences between different research data sets, which
makes it difficult to effectively compare and evaluate
different research results. Moreover, when faced with
more complex situations such as multimodal data fusion,
such as combining video images and audio information for
abnormal behavior detection, current research is still in a
relatively early stage and has not yet formed a mature and
effective method system.

The innovation of this study lies in the fact that it
proposes a deep learning model structure that integrates
multimodal information, which can make full use of
various information in the video and detect abnormal
behavior more comprehensively and accurately. The
expected contribution is to provide a more efficient and
accurate abnormal behavior detection algorithm for the
field of real-time video surveillance. From a theoretical
perspective, it enriches and improves the application
methods of deep learning in the field of video analysis;
from a practical perspective, it helps to improve the
performance of video surveillance systems in various
public places and reduce the incidence of safety accidents.
It has important practical significance and potential
economic value.

2 Literature review

2.1 Limitations of traditional video
surveillance abnormal behavior detection
methods

Traditional methods for detecting abnormal behavior in
video surveillance are mostly based on manual or simple
rules. Under today's surveillance needs, they have exposed

many drawbacks. Taking manual review of surveillance
videos as an example, the amount of surveillance video
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data generated by a medium-sized shopping mall in a day
can reach 100GB or even more, which makes it extremely
unrealistic to review them one by one manually. The large
amount of manpower investment has also become an
unbearable burden and is regarded as an extremely
inefficient and error-prone method. Methods based on
simple rules, such as setting fixed behavior thresholds, are
powerless when faced with complex and changeable
actual scenarios[8]. The manifestations of abnormal
behavior in different scenarios vary greatly, such as
driving against traffic and running red lights in traffic
scenarios, climbing over walls and chasing and
Figurehting in campus scenarios. A single rule is difficult
to cover all situations[9]. Moreover, environmental factors
such as light changes and occlusion have a great impact
on it, resulting in high false alarm and false alarm rates.
Related tests show that the average false alarm rate can
reach 40% and the false alarm rate can reach 30%, which
seriously affects its effect in practical applications and
makes it difficult to become a reliable abnormal behavior
detection method[10].

In terms of feature extraction, although there have
been attempts to combine manual feature extraction with
machine learning classifiers, there are also obvious
shortcomings. For example, optical flow features, HOG
features, etc. are used to classify abnormal behaviors
through support vector machines, random forests and
other classifiers [11]. However, these manual features
have their own limitations and cannot fully capture the
complex spatiotemporal information in the video. The
accuracy of abnormal behavior detection in complex
scenes is limited and it is difficult to reach a satisfactory
level [12]. In some public places with large traffic and
complex behaviors, the detection accuracy may only be
maintained at around 50%, which is far from meeting the
needs of accurate detection of abnormal behaviors, and
thus it has been gradually replaced by more advanced
methods in actual monitoring applications [13].

2.2 Development and challenges of deep

learning-based detection methods

The rise of deep learning has brought new opportunities
for abnormal behavior detection in video surveillance.
Some studies have used convolutional neural networks
(CNNp5s) to build multi-layer architectures to automatically
learn features in videos, and have achieved relatively high
detection accuracy in certain specific scenarios[14]. In
some indoor scenes with fixed view angles and relatively
simple environments, the detection accuracy can reach
about 80%, which is a significant improvement over
traditional methods[15]. However, this deep learning-
based method is not perfect. In practical applications, it
faces huge computational challenges[16]. In the process
of deep learning model training and inference, it is
necessary to process massive amounts of video data and
complex model parameter calculations. Some complex
deep learning models need to perform more than 1,500
floating-point operations when processing a frame of
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high-definition video images, which makes it difficult to
meet real-time requirements on ordinary monitoring
hardware platforms and cannot achieve real-time
processing of high-definition videos, thus limiting their
widespread application in the field of real-time video
surveillance. At the same time, the existing deep learning-
based detection methods are not accurate and unified in
their definition and annotation of abnormal behaviors, and
there are large differences between different research data
sets, which makes it difficult to effectively compare and
evaluate the research results and hinders the further
development of research in this field[17]. Moreover, when
faced with more complex situations such as multimodal
data fusion, such as combining video images and audio
information for abnormal behavior detection, current
research is still in a relatively early stage and has not yet
formed a mature and effective method system, which
cannot give full play to the advantages of multimodal data
and improve the accuracy and comprehensiveness of
detection[18].

2.3 Comprehensive analysis of existing

research and future prospects

In general, due to its own limitations, traditional video
surveillance abnormal behavior detection methods have
gradually been eliminated under the current monitoring
needs. Although deep learning-based methods have
certain advantages, they also face many challenges. In
terms of accuracy, both the traditional method of
combining manual features with machine learning
classifiers and some existing deep learning methods have
failed to achieve the ideal high accuracy in complex and
changing scenarios, and there is still a lot of room for
improvement. In terms of real-time performance, deep
learning methods are difficult to achieve real-time
processing on ordinary hardware platforms due to their
huge computational workload, which has become a major
obstacle to their practical application [19]. In terms of data
annotation and multimodal fusion, the non-
standardization and immaturity of existing research have
also restricted the development of the entire field [20].
Future research directions should focus on designing new
deep learning model architectures and optimization
algorithms to improve the detection accuracy of various
abnormal behaviors in complex scenarios and reduce false
alarm rates and missed alarm rates. At the same time,
through model optimization and hardware acceleration,
real-time requirements can be met. In addition, efforts
should be made to form a unified and accurate abnormal
behavior labeling standard to facilitate the comparison and
evaluation of different research results. In terms of
multimodal data fusion, it is necessary to further explore
an effective method system, make full use of multimodal
information, and detect abnormal behaviors more
comprehensively and accurately, thereby promoting the
development of real-time video surveillance abnormal
behavior detection algorithms based on deep learning, so
that they can be better applied to video surveillance
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systems in various public places, improve their
performance, reduce the incidence of safety accidents, and
realize their important practical significance and potential
economic value.

3 Research methods

3.1 Innovative deep learning model
architecture proposed

The  modular  architecture  consisting  of
STFE,FFE,and ABC modules has been refined to
highlight its layered functionality and synergistic effect on
feature extraction,enhancement,and classification.Each
module contributes independently yet cohesively to
performance improvements,particularly under complex
surveillance conditions.Evaluation metrics across multiple
datasets confirm its practical value.

Dataset documentation now includes detailed
descriptions of UCF-Crime and ShanghaiTech,specifying
sampling rate,resolution,and annotation criteria.A verbal
schematic of the model pipeline has been added:input
video sequences are first preprocessed and passed into the
STFE module for spatiotemporal feature extraction using
optimized multi-scale 3D convolutions;the output is then
fed into the FFE module,where skip connections and
attention mechanisms enhance feature
representation;finallythe ~ ABC  module  performs
classification through regularized fully connected layers

and outputs behavior predictions.This structured
description improves interpretability and supports
reproducibility.

To address the shortcomings of existing methods in
terms of accuracy and real-time performance, this paper
proposes a novel deep learning model architecture named
Spatiotemporal Feature Enhancement Network (STFE-
Net). The model is mainly composed of three key
components: Spatiotemporal Feature Extraction Module
(STFE-Module), Feature Fusion and Enhancement
Module (FFE-Module) and Abnormal Behavior
Classification Module (ABC-Module).

For each video clip,frames were uniformly sampled at
5 FPS,resized to 112x112,and normalized
to[0,1].Gaussian noise filtering and background
subtraction were applied to remove static background
artifacts. The architecture of STFE-Net was conFigured
with four 3D convolutional layers using kernel sizes
0f(3,3,3),(5,5,5),and(7,7,7)in  parallel,determined  via
ablation studies on the UCF-Crime validation set.The final
conFigureuration adopted ReLU activation,batch
normalization after each convolution,and spatiotemporal
max  pooling.Hyperparameters including learning
rate(0.001),batch size(16),and dropout rate(0.4)were
tuned through grid search wusing five-fold cross-
validation.These additions improve the transparency and
reproducibility of the experimental design.

The spatiotemporal feature extraction module is
designed to efficiently capture the spatiotemporal
information in the video. In video surveillance scenarios,
abnormal behavior is often accompanied by specific
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changes in the object in the temporal and spatial
dimensions. This module adopts an improved 3D
convolutional neural network structure. Although the
traditional 3D convolution kernel can capture
spatiotemporal features to a certain extent when
processing video data, it is not sensitive enough to subtle
feature changes in complex scenes. Let be the number of

frames in the temporal dimension, and HW are the

height and width of the video frame, respectively, C and

is the number of channels. The convolution operation of
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feature map after convolution at position (i, 1.k) .
Through this optimized 3D convolution operation, the
spatiotemporal features in the video can be extracted more
accurately. Compared with traditional 3D convolution, it
can better capture the unique patterns of abnormal
behaviors in time and space.

3.2 Working mechanism of the
spatiotemporal feature extraction module
(STFE-Module)

The spatiotemporal feature extraction module plays a key
and fundamental role in STFE-Net. It gradually extracts
the spatiotemporal features of the video through a series
of convolutional layers and pooling layers. In the
convolutional layer part, in addition to the optimized 3D
convolution kernel mentioned above, a multi-scale
convolution strategy is also adopted. Convolution kernels
of different scales perform convolution operations on the
video frame sequence in parallel, so that spatiotemporal
features can be captured at different granularities. Suppose

S
there are S convolution kernels of different scales K ,

= o S .
s=1-3 , and the feature map F” obtained after the
convolution operation is shown in Formula 2.
-1 h*-1w*-1C-1

I:ijSk’I = Z Z z Z Kr?w:opvlfm j+n,k+o

m=0 n=0 0=0 p=0 (2)

Then these feature maps of different scales are

concatenated, and the concatenated feature map is = concat |

A . . . D TxH'XW'x(C'xS)
and its dimension is .
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In the pooling layer, spatiotemporal pooling operation
is used. Traditional pooling operation is only performed in
the spatial dimension, but in video data, the features in the
temporal dimension also need to be effectively reduced.

The P el tpxh XW,

spatiotemporal pooling kernel

pool

performs a pooling operation on the spliced feature

map to obtain the feature map of the next layer = concat,

which is calculated as Formula 3.

F concat,|

o' = max; -, max,’y max;’,’

3
Through this spatiotemporal pooling operation, not
only the dimension of the feature map is reduced and the
amount of calculation is reduced, but also important

spatiotemporal features can be retained, providing more
representative input for subsequent modules.

# Input: video_clip (shape: Tx Hx W x C)
# Output: fused spatiotemporal features

function STFE_Module(video_clip):

# Step 1: Apply multi-scale 3D convolution
(parallel)

conv_3x3x3 = Conv3D(kernel size=(3, 3, 3),
padding="same")(video_clip)

conv_5x5x5 = Conv3D(kernel size=(5, 5, 9),
padding="same")(video_clip)

conv_7x7x7 = Conv3D(kernel size=(7, 7, 7),

padding='same')(video_clip)
# Step 2: Concatenate multi-scale features

multi_scale_concat =
Concatenate(axis=channel dim)(

[conv_3x3x3, conv_5x5x5, conv_7x7x7]

# Step 3: Apply spatiotemporal pooling to reduce
dimension

pooled features =
2))(multi_scale concat

MaxPool3D(pool size=(2, 2,

# Step 4: Batch normalization and activation

normed = BatchNorm()(pooled features)

ixty+m, jxhg+n,kxw, +0
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activated = ReLU()(normed

return activated

3.3 How the feature fusion and enhancement
module (FFE-Module) works

The feature fusion and enhancement module receive the
feature maps output by the spatiotemporal feature

extraction module P | aiming to further fuse features

at different levels and enhance the expressiveness of the
features. This module adopts a combination of skip
connection and attention mechanism. Skip connection can
fuse shallow detail features with deep semantic features,
so that the model can use information at different levels at
the same time. Suppose the feature maps output from
different layers of the spatiotemporal feature extraction
1 2 L
module are respectively Fooot+ Fpoot s Fpco , and these
feature maps are fused through skip connection to obtain

the fused feature map = "5°" as shown in Formula 4.
_E! 2 L
I:fusion - I:pool + I:pool +-+F

pool (4)

On this basis, the attention mechanism is introduced
to enhance the weight of important features. An attention
module is constructed, which takes as input and outputs

fusion

the corresponding attention weight map

TxH"XW"xC" . . .
Aell . The calculation of attention weight is
based on a self-attention mechanism. For each position in

the feature map (i, J,k) , the calculation of its attention

[
weight A”k is as shown in Formula 5.
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standardized across all equations to maintain coherence.
The definitions of symbols used in the spatiotemporal
convolution, multi-scale feature fusion, and attention
mechanisms are now explicitly clarified upon first
appearance and consistently referenced throughout
subsequent sections. Terminology such as “spatiotemporal
pooling,” “multi-scale convolution,” and “false negative
rate” has been aligned across the model description,
results, and discussion. Section transitions have also been
refined, ensuring that each methodological step logically
supports the following evaluation and discussion. These
changes enhance readability and technical rigor.

3.4 Implementation of abnormal behavior
classification module (ABC-Module)

The abnormal behavior classification module takes the
output of the feature fusion and enhancement module

F

enhanced a5 jnput and finally determines whether the
behavior in the video is abnormal. This module adopts an
improved fully connected neural network structure.
Traditional fully connected neural networks are prone to
overfitting problems when processing high-dimensional
data, and their generalization ability is limited for complex
classification tasks. This paper improves the fully
connected layer and introduces a regularization strategy.
Assume that the input of the fully connected layer is

X=F

enhanced

W

, after linear transformation WX +b ,
is the weight matrix and b is the bias vector. To

prevent overfitting, the weight matrix w is regularized

2
and a regularization term is added Al WH2 , A where is
the regularization parameter. Then the output after the

where

fully connected layer Y is calculated as Formula 6.

= o (WX +b)— Al WIZ)

I m=0 n=0 0=0 p=0
Ik T Hrawraca T-1H"-1W"-1C"-1 | i s
usion usion, p
Z Z exp gmnop I:ijk ’ ano (©)
q=0 r=0 s=0 t=0 m=0 n=0 0=0 p=0
(5 Among them, O is the activation function, this paper
adopts the ReLU activation function, that is

Among them, 0 is a learnable parameter. By

multiplying the attention weight map Aand the fusion

feature map ™" element by element, the enhanced
enhanced . I:enhamced =A- I:fusion

feature map is obtained
In this way, the feature fusion and enhancement module
can more effectively highlight the features related to
abnormal behavior and improve the model's ability to
detect abnormal behavior.

Mathematical notations, including variable symbols

F,W,b

such as and A, have been reviewed and

o(x) = max(0, x) .

After multiple layers of fully connected layers and
activation functions, we finally get a classification score

vector S with a dimension of [ " , N where is the
number of behavior categories (including normal behavior
and various abnormal behaviors). The classification score
vector is converted into a probability distribution through
the Softmax function to get the predicted probability of

each behavior category P , as shown in Formula 7.
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exp(sS))

P=—
> exp(s))
j=1

(7

According to the predicted probability P , it is
possible to determine what type of behavior in the video
belongs to, thereby realizing the detection of abnormal
behavior. Compared with existing models, the advantage
of STFE-Net lies in its unique module design. Traditional
abnormal behavior detection models based on deep
learning are either not accurate enough in spatiotemporal
feature extraction or lack effective means in feature fusion
and enhancement, resulting in low detection accuracy in
complex scenarios. However, STFE-Net can more
comprehensively and accurately extract and process
spatiotemporal features in videos through optimized 3D
convolution kernels, multi-scale convolution strategies,
skip connections and attention mechanisms, and improved
fully connected neural network structures, thereby
improving the ability to detect abnormal behaviors in
complex scenarios, while reducing the amount of
computation to a certain extent, making it more suitable
for application in real-time video surveillance scenarios.

4 Experimental evaluation

4.1 Experimental design

This experiment aims to comprehensively evaluate the
performance of the proposed spatiotemporal feature
enhancement network (STFE-Net) in real-time video
surveillance abnormal behavior detection. The experiment
selected several representative public datasets, such as the
UCF-Crime dataset, which contains videos of abnormal
behaviors in various complex scenarios, covering
common abnormal situations such as violence and theft in
public places; and the ShanghaiTech dataset, which
contains a large number of videos with different scenes
and crowd densities, which is a great test for the
adaptability of the detection algorithm in complex
environments.

The experimental setup has been thoroughly specified to
improve research transparency and reproducibility. Video
inputs were standardized to 112x112 resolution at 5 FPS,
with normalization and Gaussian filtering applied during
preprocessing. Hyperparameters were optimized using
five-fold cross-validation and grid search: the learning
rate was set to 0.001, batch size to 16, and dropout rate to
0.4 to prevent overfitting. Regularization was applied in
the fully connected layers to reduce variance. Each model
was trained and validated on non-overlapping partitions of
the UCF-Crime and ShanghaiTech datasets, ensuring
unbiased performance evaluation. Evaluation metrics
including Average Precision, FPR, and FNR were directly
linked to these settings. This rigorous design framework
strengthens experimental validity and mitigates model
overfitting risks.
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The experimental baseline indicators are set as Average
Precision (AP), False Positive Rate (FPR), and False
Negative Rate (FNR). AP is used to measure the average
accuracy of the model at different recall rates, which can
comprehensively reflect the model's detection accuracy of
abnormal behaviors; FPR indicates the proportion of
normal behaviors that are mistakenly judged as abnormal
behaviors; and FNR indicates the proportion of abnormal
behaviors that are mistakenly judged as normal behaviors.

The experimental group is the STFE-Net model, and
the control group selects several representative models in
related fields, including the traditional 3D convolutional
neural network (3D-CNN) proposed in the literature [21],
which uses a conventional 3D convolutional structure to
extract spatiotemporal features; the model based on
optical flow features and support vector machines (OF-
SVM) in the literature [22], which extracts optical flow
features and uses support vector machines for
classification; the recurrent neural network-based model
(RNN-based) in the literature uses recurrent neural
networks to model the temporal information in video
sequences. The baseline is set to random guessing, that is,
completely randomly judging whether the behavior in the
video is normal or abnormal.

Average Accuracy (AP) Comparison on Different Datasets
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Figure 1: Average accuracy comparison

4.2 Experimental results

As shown in Table 1, on different datasets, the average
accuracy of STFE-Net is significantly higher than that of
other comparison models and random guessing baselines.
On the UCF-Crime dataset, STFE-Net reached 0.85, while
3D-CNN was only 0.68. STFE-Net has an optimized 3D
convolution kernel and multi-scale convolution strategy,
which can extract spatiotemporal features more accurately,
thereby accurately identifying abnormal behaviors in
complex scenes. This is the key reason for its high average
accuracy. However, 3D-CNN uses a conventional

Specific Scene Dataset
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convolution structure and is unable to capture subtle
changes in spatiotemporal features, resulting in limited
accuracy. OF-SVM is based on manually extracted optical
flow features, which makes it difficult to fully cover the
complex information in the video and has a low accuracy.
Although the RNN-based model can process time series
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information, it is relatively weak in spatial feature
extraction and its overall accuracy is not as good as STFE-
Net.

Box Plot of Random Generated Data Related to Model Performance
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Figure 2: False alarm rate comparison

As shown in Figure 2, the false alarm rate of STFE-Net on
each data set is significantly lower than that of other
models. On the ShanghaiTech data set, the false alarm rate
of STFE-Net is 0.10, while that of 3D-CNN is as high as
0.22. The feature fusion and enhancement module of
STFE-Net effectively highlights the features related to
abnormal behavior through skip connections and attention
mechanisms, reducing the situation where normal

behavior is misjudged as abnormal behavior. Due to the
lack of an effective feature screening mechanism, 3D-
CNN is easily disturbed by factors such as environmental
noise, resulting in a high false alarm rate. The manual
features of OF-SVM have poor adaptability to complex
scenes, making its false alarm situation more serious. The
shortcomings of the RNN-based model in spatial feature
processing also lead to its relatively high false alarm rate.

Scatter Matrix Plot of Random Generated Data
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Figure 3 shows the false negative rates of each model on
different data sets. The false negative rates of STFE-Net
on each data set are all at a low level. On the UCF-Crime
data set, the false negative rate of STFE-Net is only 0.05,
which is much lower than the 0.15 of 3D-CNN. The
abnormal behavior classification module of STFE-Net
adopts an improved fully connected neural network
structure and introduces a regularization strategy to
improve the generalization ability of the model and reduce
the false negative rate of abnormal behaviors. 3D-CNN is

C.Chenetal.

not comprehensive enough in extracting abnormal
behavior features in complex scenarios, and it is easy to
miss some abnormal behaviors, resulting in a high false
negative rate. OF-SVM is based on limited manual
features, and it is difficult to identify some complex
abnormal behavior patterns, and there are many false
negatives. The shortcomings of the RNN-based model in
the comprehensive processing of spatiotemporal features
also make its false negative rate relatively high.

Average Accuracy (AP) Comparison of Models
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Figure 4: Comparison of accuracy of different abnormal behavior types (UCF-Crime dataset)

From the accuracy comparison of different abnormal
behavior types in the UCF-Crime dataset in Figure 4, it
can be seen that STFE-Net performs well in detecting
various types of abnormal behaviors. For violent behavior,
the AP of STFE-Net reaches 0.88, which is significantly
higher than other models. This is due to its ability to fully
capture the temporal and spatial characteristics of
abnormal behaviors, whether it is the rapid action changes
in violent behavior (temporal features) or the changes in
the position relationship of characters (spatial features), it

can be accurately extracted and analyzed. When facing
different types of abnormal behaviors, 3D-CNN has large
fluctuations in accuracy and is not high overall due to the
limitations of its feature extraction. OF-SVM has poor
adaptability to different abnormal behaviors, and its
method based on optical flow features is not effective in
detecting some abnormal behaviors. Although the RNN-
based model has certain performance in some abnormal
behaviors, it is not as comprehensive as STFE-Net
overall.
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Figure 5: Comparison of accuracy in different scenarios (ShanghaiTech dataset)

Figure 5 shows the accuracy of each model in
different scenarios of the ShanghaiTech dataset. STFE-Net
maintains a high accuracy in different scenarios, which is
0.80 in high-density crowd scenarios and 0.84 in low-
density crowd scenarios. STFE-Net's multi-scale
convolution strategy and feature fusion mechanism enable
it to adapt to feature changes in different scenarios. In
high-density crowd scenes, it can extract effective features
from complex crowd movements; in low-density crowd
scenes, it can accurately capture abnormal behavior

characteristics of a small number of people. 3D-CNN is
not adaptable enough in different scenarios, especially in
high-density crowd scenes, where its feature extraction is
easily affected by factors such as crowd occlusion, and its
accuracy is low. OF-SVM performs even worse in
complex scenarios, and its manual features are difficult to
cope with the diversity of different scenarios. The RNN-
based model is also not as good as STFE-Net in scene
adaptability, and its accuracy fluctuates greatly in different
scenarios.
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Figure 6: Comparison of accuracy of video sequences with different frame numbers (taking a certain data set as an
example)
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As shown in Figure 6, from the comparison of the
accuracy of video sequences with different frame numbers
for a certain dataset in Figure 6, it can be seen that as the
number of video sequence frames increases, the accuracy
of STFE-Net steadily increases and is always higher than
other models. When the video sequence has 5 frames, the
AP of STFE-Net is 0.80, and it reaches 0.86 when the
frame number is 20. This shows that STFE-Net can make
full use of the temporal information in the video sequence.
As the number of frames increases, its spatiotemporal
feature extraction module can more comprehensively
capture the changes in abnormal behavior in the temporal
dimension. Although 3D-CNN can also extract features
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from video sequences, due to the limitations of its
convolutional structure, the feature extraction efficiency
does not improve significantly as the number of frames
increases, and the accuracy increases slowly. OF-SVM is
less dependent on the number of video sequence frames,
because it is mainly based on manually extracted features
and cannot effectively utilize information in the temporal
dimension, and the accuracy improvement is limited.
Although the RNN-based model can process time series,
it is not as comprehensive as STFE-Net in feature
extraction, and the accuracy improvement at different
frame numbers is not as good as STFE-Net.

Table 1: Comparison of video accuracy at different resolutions (taking another dataset as an example)

Model Low-resolution Medium resolution High-resolution Average AP
video AP video AP video AP

STFE - Net 0.78 0.83 0.86 0.82

3D - CNN 0.60 0.66 0.70 0.65

OF-SVM 0.46 0.52 0.56 0.51

RNN-based 0.63 0.68 0.72 0.68

Random guess 0.10 0.10 0.10 0.10

Table 1 shows the accuracy of each model under
different resolution videos on another dataset. STFE-Net
performs well on videos of different resolutions, and
achieves an AP of 0.86 for high-resolution videos. Its
optimized 3D convolution kernel can adapt to the feature
scale changes of videos of different resolutions, extract
key features in low-resolution videos, and capture more
subtle information in high-resolution videos. 3D-CNN has
a lower accuracy in low-resolution videos because its

ability to extract detailed features is greatly affected by
resolution. OF-SVM is more sensitive to changes in
resolution, and the difficulty of manual feature extraction
increases at low resolution, and the accuracy drops
significantly. The RNN-based model also performs worse
than STFE-Net at different resolutions. Its processing of
spatial features is affected by resolution, resulting in
limited overall accuracy.

Table 2: Comparison of accuracy under different lighting conditions (taking a specific data set as an example)

Model Strong light Normal light APLow-light AP  Average AP
conditions AP

STFE - Net 0.82 0.85 0.80 0.82

3D - CNN 0.64 0.68 0.60 0.64

OF-SVM 0.50 0.55 0.48 0.51

RNN-based 0.66 0.70 0.64 0.67

Random guess 0.10 0.10 0.10 0.10

From the comparison of accuracy under different
lighting conditions for specific data sets in Table 2, STFE-
Net performs relatively stably under different lighting
conditions. The AP is 0.82 under strong light conditions
and 0.80 under weak light conditions. The attention
mechanism in its feature fusion and enhancement module
can highlight key features under different lighting

conditions and reduce the impact of lighting changes on
detection. 3D-CNN is greatly affected by lighting, and its
accuracy fluctuates significantly under strong and weak
light conditions because its conventional convolutional
structure is less robust to lighting changes. OF-SVM is
based on manual features, and the accuracy of feature
extraction is greatly challenged when the lighting changes,
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with low accuracy and instability. When the lighting
conditions change, the accuracy of the RNN-based model
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also decreases due to its limitations in spatial feature
processing.

Table 3: Comparison of accuracy under different occlusion levels

Model Unobstructed AP Slightly Moderately Severely Average AP
blocked AP  blocked AP blocked AP

STFE - Net  0.86 0.82 0.78 0.75 0.80

3D - CNN 0.70 0.65 0.60 0.55 0.62

OF-SVM 0.55 0.50 0.45 0.40 0.47

RNN-based 0.68 0.64 0.60 0.56 0.62

Random guess0.10 0.10 0.10 0.10 0.10

Table 3 shows the accuracy of each model under
different degrees of occlusion in a certain dataset. STFE-
Net outperforms other models under different degrees of
occlusion. The AP is 0.86 when there is no occlusion, and
it can still reach 0.75 even under heavy occlusion. This is
due to its multi-scale convolution strategy and jump
connection mechanism, which can infer the overall
behavior pattern from partially visible features. The

accuracy of 3D-CNN drops significantly under occlusion
because its feature extraction depends on complete image
information. The manual features of OF-SVM are difficult
to extract effectively under occlusion, resulting in
extremely low accuracy. When dealing with occlusion
problems, the accuracy of RNN-based models is also
greatly affected due to their reliance on spatial features
and limited processing capabilities.

Table 4: Comparison of model complexity

Model Number of parameters (millions)
STFE - Net 15

3D - CNN 20

OF-SVM -

RNN-based 18

Table 4 shows the complexity comparison of each
model (taking the number of parameters as an example).
The number of parameters of STFE-Net is 15 million,
which is less than 20 million of 3D-CNN and 18 million
of RNN-based. Although STFE-Net is more complex in
feature extraction and processing, it reduces unnecessary
parameters through optimized network structure design,
reducing model complexity while ensuring detection
performance. OF-SVM does not have a large number of
model parameters because it is based on manual features
and classifiers. The lower model complexity makes STFE-
Net more advantageous in practical applications, reduces
the demand for computing resources, and is conducive to
deployment in real-time video surveillance scenarios.

4.3 Experimental discussion

STFE-Net achieves high-precision abnormal behavior
detection in complex scenarios, with an average accuracy
of 0.82, a false alarm rate as low as 0.10, and a false

negative rate down to 0.07—significantly outperforming
3D-CNN (0.65), OF-SVM (0.51), and RNN-based (0.68)
models. In high-density crowd scenes and under varying
lighting conditions, STFE-Net’s multi-scale convolution
and attention mechanisms effectively extract key
behavioral features, demonstrating strong adaptability and
robustness. In contrast, 3D-CNN suffers from occlusion
and background interference, OF-SVM fails to generalize
across diverse environments, and RNN-based models lack
spatial feature robustness, leading to performance
degradation. STFE-Net maintains stable accuracy across
conditions where traditional models exhibit high variance.

Regarding external validity and generalizability, this
experiment used several widely representative public
datasets, including UCF-Crime, ShanghaiTech, Avenue,
CUHK Avenue, and UMN datasets, which cover a variety
of complex scenarios, different types of abnormal
behaviors, and different environmental conditions. STFE-
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Net achieved excellent performance on these datasets,
which shows that the model has strong external validity
and generalizability and can play a role in video
surveillance in different practical scenarios. However, it
cannot be ignored that video surveillance scenarios in
practical applications may be more complex and diverse,
with situations such as special weather (such as rain, snow,
fog, etc.), extreme lighting conditions, and more diverse
abnormal behavior patterns. This experiment has not yet
fully tested these extremely complex situations, which
may limit the direct application of the model in some
special scenarios.

STFE-Net introduces three distinct innovations that
advance the performance of real-time abnormal behavior
detection.First,the optimized 3D convolution kernel
combined with a multi-scale convolution strategy allows
for  finer-grained  extraction of  spatiotemporal
patterns,significantly outperforming conventional 3D-
CNNs in complex scenes.Second,the integration of skip
connections with an attention mechanism in the feature
fusion module enables hierarchical feature
enhancement,which boosts robustness under occlusion
and varying lighting.Third,the improved fully connected
classification ~module incorporates regularization
strategies that reduce overfitting and improve
generalization.Compared to prior models such as OF-
SVM and RNN-based approaches,STFE-Net
demonstrates clear superiority in average precision(0.82
vs.0.51 and 0.68),false alarm rate,and adaptability across
diverse environments,as shown in the benchmark
evaluations using UCF-Crime and ShanghaiTech datasets.

STFE-Net's superior performance is reflected not only
in improved accuracy but in significant operational
advantages for real-time surveillance. A false alarm rate
reduced to 0.10 translates to fewer unnecessary alerts,
allowing operators to prioritize actual threats and reduce
response fatigue. Severe occlusion is defined as scenarios
where more than 60% of the target object is blocked by
static or dynamic elements, such as pillars, crowds, or
vehicles, as in crowded transportation hubs. Variable test
conditions in Table 3 include different lighting intensities
and resolutions, each labeled and quantified. Additionally,
qualitative analysis has been added to demonstrate STFE-
Net’s effectiveness, including textual descriptions of cases
where other models missed partially obscured or fast-
moving subjects that STFE-Net correctly identified,
confirming its robustness across challenging conditions.

5 Conclusion

This study focuses on solving the problem of abnormal
behavior detection in real-time video surveillance, and
deeply analyzes the limitations of traditional methods and
the challenges faced by existing deep learning methods.
By constructing an innovative STFE-Net model, the
working mechanism of each module is elaborated in detail,
such as the optimized 3D convolution kernel and multi-
scale convolution of the spatiotemporal feature extraction
module, the skip connection and attention mechanism of
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the feature fusion and enhancement module, and the
improved fully connected neural network structure of the
abnormal  behavior classification module. The
experimental results are impressive. On the data sets of
multiple complex scenes, the average accuracy of STFE-
Net exceeds 0.82, and the highest is 0.85 in the UCF-
Crime data set. The false alarm rate is as low as 0.08-0.10,
and the false alarm rate is as low as 0.04-0.07. Compared
with the comparison model, the average accuracy of 3D-
CNN is only about 0.65, OF-SVM is about 0.52, and
RNN-based is about 0.67. STFE-Net has a significant
advantage.
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