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Abstract 

Detecting abnormal events in videos is essential for effective anomaly detection 
in surveillance environments. In this work, we propose a framework that combines 
the Abnormality-Aware Fused Attention Model (AAFAM) with the Global Density 
Joined Network (GDJNet) to enhance abnormal event detection. AAFAM uses spatial 
and channel-wise attention mechanisms to focus on anomalous regions in feature 
maps. It suppresses irrelevant background information. GDJNet, on the other hand, 
captures both local and global spatial relationships through density estimation. It 
allows the model to learn object distributions and co-occurrence patterns at multi-
ple scales. To strengthen the model’s performance, we integrate AAFAM and GDJNet 
using a fusion strategy that combines attention and density maps, resulting in highly 
discriminative feature representations. Experimental results show that the proposed 
AAFAM–GDJNet framework outperforms existing methods and achieves state-of-the-
art performance.
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1  Introduction
The analysis of human behavior has recently drawn significant attention in the fields of 
artificial intelligence and deep learning. In particular, automatic video anomaly detec-
tion has emerged as a key area of research [1–5]. The ability of a system to automatically 
identify deviations from normal behavior plays a crucial role in ensuring public safety 
and security [6–8]. The foremost aim of detecting abnormal events is to identify normal 
and abnormal patterns in the visual data. Whereas conventional methods of video analy-
sis are primarily concerned with tracking or recognizing certain objects and behaviors, 
AED Abnormal Event Detection (AED), on the other hand, is about identifying those 
occurrences that are rare, unpredicted, and even dangerous [9–12].

Machine learning algorithms have been ranked among the most effective of the meth-
ods that have been widely used in AED under changing conditions [13–15]. These are 
mainly supervised methods like support vector machines and random forests, as well 
as unsupervised methods, such as clustering and anomaly detection. They do not per-
form directly on the raw data but instead run on images, videos, and time series [16]. 
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In fact, deep learning models have been able to identify and localize abnormal events 
[17–20] better than any other method so far and have made the connection networks 
and the large datasets the basis for the discovery of complex patterns. This has resulted 
in a major breakthrough for their performance level to the point that they are considered 
state-of-the-art and are most often employed in real-world issues [16].

Abnormal event detection (AED) has evolved significantly over time; still, there are 
some roadblocks that hinder its transition to the next level. One of the biggest problems 
of high intra-class variability has been mentioned most frequently—abnormal situations 
change enormously depending on the surroundings and, therefore, it is extremely dif-
ficult for models to generalize. On top of that, the spatio-temporal complexity of the 
video data is very intriguing to researchers—it is difficult at the same time to extract spa-
tial and temporal characteristics correctly. Until now, researchers have made important 
advances; however, they are still confronted with some difficulties. High intra-class vari-
ability is one of the main problems abnormally—events can vary a lot depending on the 
context; thus, making it difficult for models to generalize. Besides this, there are some 
challenges associated with the video-document spatio-temporal nature, which make the 
capturing of both spatial and temporal dependences a very complicated task.

To address these issues, we propose the Abnormality-Aware Fused Attention Model 
with Global Density Joined Network (AAFAM–GDJNet). This framework fuses local 
feature extraction with global context. The AAFAM module uses attention to focus on 
abnormal regions, by addressing the effects of intra-class variability. The GDJNet cap-
tures spatial density relationships to identify normal from abnormal motion patterns. 
The contributions of the proposed model are:

1.	 The AAFAM finds abnormal regions by highlighting important spatial features.
2.	 The GDJNet captures spatial relationships and object interactions at multiple scales, 

improving detection of anomalies across different environments.
3.	 The proposed model integrates AAFAM and GDJNet by fusing local feature 

enhancement (AAFAM) with global density estimation (GDJNet).
4.	 Extensive experiments on standard surveillance datasets demonstrate that AAFAM–

GDJNet outperforms existing methods.

This article is organized as follows. Section  2 reviews methods for detecting abnor-
mal behavior. Section 3 explains our proposed approach in detail. Section 4 shows the 
experimental results and demonstrates how well the method works. Section 5 provides 
the conclusion.

2 � Related works
Recent advances in deep learning methodologies have shown substantial promise in 
video anomaly detection. Particularly, convolutional neural networks (CNNs) [21, 22] 
and recurrent neural networks (RNNs) [23] play a vital role due to their capacity to 
extract high-level semantic features. RNNs, especially LSTM and GRU models, are 
highly effective in capturing temporal patterns. Tan et  al., introduced an improved 
GRU-based model that integrates the Random Forest algorithm with a fully connected 
layer network. This integration strictly controls the input of irrelevant features and 
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improves the model’s fitting performance [24]. Recent studies have used two modified 
models based on Quantum Convolutional Neural Networks (Q-CNNs). These mod-
els combine quantum computing with traditional CNNs. They have been applied to 
classify real-time violent robberies and armed thefts [25]. Integrating Q-CNNs ena-
bles the model to tackle complex machine learning problems. However, Q-CNNs are 
still in the early stages of development and face practical challenges. Onyema et  al. 
introduced the Slow-Fast Convolutional Neural Network (SF-CNN) framework, 
which adjusts its learning process according to the frame rate. It applies slow learning 
at lower frame rates to capture detailed spatial information. Fast learning is used at 
higher frame rates to analyze rapid temporal dynamics [26].

Another model involves autoencoders (AEs) that learn to reconstruct normal 
video patterns and flag discrepancies as anomalies. Reconstruction-based models, 
like Chong et  al. [27] and Ionescu et  al. [28], hold convolutional spatio-temporal 
autoencoders to encode appearance and motion features. However, these models 
often produce blurry reconstructions and fail to capture fine-grained details of fast-
moving objects. Asad et al. introduced a dual-stream framework which integrates a 
3D Convolutional Autoencoder (3D-CAE) to extract spatio-temporal features. They 
employed a One-Class Support Vector Machine (OCSVM) classifier to distinguish 
between normal and abnormal events [29]. Thakare et al. utilized 3D-CAE to extract 
spatio-temporal features from pseudo-labeled video sequences. This framework 
showed a promising improvement in UCSD Pedestrian, Shanghai Tech, and Avenue 
datasets [30]. Recent studies have improved human activity recognition through dif-
ferent learning frameworks. For example, a federated contrastive learning approach 
with feature-based distillation has been proposed to enhance generalization across 
distributed datasets [31]. An improved CNN architecture has been developed for 
accurate human detection and tracking in unconstrained environments [32]. Like-
wise, weakly supervised spatio-temporal models have demonstrated effective action 
localization in complex real-world scenarios [33]. Additionally, a generative frame-
work based on the language of actions has been used to predict future human motion 
patterns from sensor data [34].

Attention mechanisms have been introduced to focus on salient spatial or temporal 
regions. Self-attention and temporal attention, as in Ada-Net [35], improve the repre-
sentation of important cues across frames. As explained in reference [36], self-attention 
strikes an amazing balance between its ability to capture broad, long-range correlations 
within data and its effectiveness in both computational and statistical features. Zhang 
et  al. [36] developed the idea of SAGAN, which cleverly integrates self-attention and 
Generative Adversarial Networks (GAN). By incorporating self-attention into the GAN 
framework, the generator gains the extraordinary capacity to generate images in which 
detailed details in one portion of the image seamlessly coincide with fine parts in distant 
regions. Li et al. [37] developed an approach that predicts subsequent frames in a video 
sequence and compares them to the actual frames. Significant discrepancies between 
the predicted and actual frames may indicate anomalies. An attention-based module is 
incorporated to improve the localization of these anomalies, and a memory addressing 
module is introduced to enhance predictive accuracy. In spite of the advancement, these 
models can suffer in highly cluttered scenes. To address these difficulties, the proposed 
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AAFAM–GDJNet introduces a hybrid architecture that combines the strengths of atten-
tion mechanisms and density-based modeling.

3 � Methodology
3.1 � The proposed Abnormality‑Aware Fused Attention Model with Global Density Joined 

Network (AAFAM–GDJNet)

The proposed framework AAFAM–GDJNet enhances AED by integrating local fea-
ture development (AAFAM) along with global density estimation (GDJNet). This helps 
the model capture detailed spatial features while maintaining global context, improv-
ing accuracy and reducing false positives. Figure  1 depicts the proposed architecture. 
AAFAM refines features using spatial and channel attention to focus on anomalies. The 
GDJNet captures temporal dependencies and density variations. It clearly separates unu-
sual events from regular background motion.

3.1.1 � Architecture of the proposed AAFAM–GDJNet

The model consists of two main components:

AAFAM—extracts spatial features and improves them using spatial and channel 
attention mechanisms.

Fig. 1  Detailed architecture of the proposed structure
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GDJNet—it learns local spatial relationships and global scene patterns through den-
sity estimation.

3.1.1.1  The proposed AAFAM  The AAFAM typically employs convolutional layers 
to extract spatial features, while GDJNet may have its own feature extraction. Figure 2 
depicts the GDJNet architecture. In AAFAM, convolutional layers are used as the model’s 
first step in order to extract spatial characteristics from specific video frames. Local visual 
patterns are captured by these convolutional blocks, which then encode them as high-
level feature representations. The model uses a fusion process over successive frames to 
include temporal information and capture motion patterns.

3.1.1.2  GDJNet: global density estimation and contextual modeling  GDJNet uses small 
receptive field convolutions to capture fine details and local context. These local features 
provide fine-grained representations of regions of interest. GDJNet uses global context 
modeling to capture the entire scene information. This is done by using global average 
pooling (GAP). GDJNet ranks local feature representation along with global context 
modeling. After that, the resulting feature map (Fi) is converted into a one-dimensional 
vector by using bilinear interpolation. Next, the feature map is divided into four equal 
parts, as R1, R2, R3, and R4. Each part denotes a portion of the global information. The 

Fig. 2  Architecture of the proposed GDJNet
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local features are extracted by applying the convolution operation. This helps the model 
to learn fine details and capture local patterns.

3.1.1.3  Feature fusion: integrating AAFAM and  GDJNet  To achieve effective feature 
representation, the feature maps extracted by AAFAM and GDJNet are fused. Channel-
wise concatenation is employed to preserve fine-grained spatial details and global con-
text. The final fused feature representation is given by:

The feature maps extracted by AAFAM and GDJNet is represented as Am(F1) and 
Gm(F2) , respectively. ∥ indicates channel-wise concatenation.

3.1.1.4  Attention‑guided fusion for  anomaly enhancement  Spatial attention improves 
anomaly localization by assigning higher weights to related regions. Channel attention 
makes a feature more discriminative by emphasizing those channels which are informa-
tive. These mechanisms are applied interchangeably to refine feature maps. In the same 
way, GDJNet estimates density distributions to model spatial relationships between 
objects. The element-wise multiplication is used for the merging of the feature maps:

The density map generated by GDJNet is denoted as Dmp. Aattn is the attention map 
from AAFAM. ⊙ represents element-wise multiplication. This fusion ensures a joint uti-
lization of abnormality-aware and density-based cues. It reduces the effect of occlusions 
and background noise.

The resulting feature maps obtained after applying attention mechanisms undergo 
downsampling to reduce spatial dimensions. This preserves relevant motion patterns. 
The process here is to enhance the capability of anomaly localization by removing those 
parts of the background that are redundant. The proposed work’s algorithm is given 
below:

(1)FusedFeatures(F) = Am(F1) � Gm(F2).

(2)Fused attentionFattn = Dmp ⊙ Aattn.
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Algorithm for the proposed AAFAM–GDJNet.
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3.2 � Robustness under challenging conditions

The proposed framework shows a promising result in challenging conditions like occlu-
sion, weak supervision, and low light. It applies the spatial and channel attention from 
AAFAM, as well as the local and global density modeling from GDJNet, so that the 
model can thoroughly detect the hidden anomalies. This allows the model to efficiently 
identify hidden anomalies. The attention-guided fusion mechanism highlights the most 
relevant regions where abnormalities are likely to occur. In low-light scenes, attention 
reduces noise and focuses on significant patterns. Together, these features enable the 
model to identify normal and unusual events.

4 � Experimental results
4.1 � Datasets

The different datasets such as the UMN dataset [38], the UCSD Ped2 dataset [39], the 
CUHK Avenue dataset, and the ShanghaiTech dataset have been used to analyze the 
efficiency of the proposed method. The UMN dataset is made up of 100 videos of the 
crowd on a college campus, in which anomalies like bicycles crossing pedestrian areas 
are present. The UCSD Ped2 dataset serves as a source for human trajectory predic-
tion. Ped1 has 35 sequences with 15–20 people each, while Ped2 has 20 sequences with 
50–100 people. The CUHK Avenue dataset consists of 16 training and 21 testing videos 
recorded from a fixed outdoor camera, this having anomalies such as running, loitering, 
and throwing objects. The ShanghaiTech dataset is a large-scale benchmark with 13 dif-
ferent scenes, offering varied abnormal events in complex environments.

We carried out an experiment with the division of data into training and testing sets 
in the ratio of 80:20, whereby 80% of the data was used for the training and 20% for 
the testing. There was no preprocessing done on the datasets. The performance metrics 
used were precision, recall, F1 score, accuracy, EER (equal error rates), and AUC (area 
under the curve).

4.2 � Ablation study

The ablation study is conducted to measure the individual contributions of the AAFAM 
and the GDJNet. The results are presented in Table 1. The baseline model, without both 
AAFAM and GDJNet, achieves an F1-score of 88.0%. When only AAFAM is employed, 
the F1-score improves to 91.1%. This specifies its effectiveness in highlighting abnor-
mal regions. Similarly, GDJNet alone results in an F1-score of 91.8%, showing its ability 
to capture both local and global spatial relationships. When combining both AAFAM 
and GDJNet, it achieves the highest F1-score of 93.2%. These results are consistent 
with recent advances in activity recognition, where approaches such as attention-based 

Table 1  Evaluating the contribution of AAFAM and GDJNet

Model variant Precision (%) Recall (%) F1 score (%)

Baseline model (without AAFAM and GDJNet) 89.2 86.8 88.0

AAFAM only (without GDJNet) 92.5 89.7 91.1

GDJNet only (without AAFAM) 93.1 90.5 91.8

Proposed model (AAFAM + GDJNet) 95.2 91.2 93.2
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feature fusion [31], spatio-temporal modeling [32, 33], and generative prediction tech-
niques [34] have shown a strong ability to capture complex motion patterns and contex-
tual relationships.

Figure 3 displays the different areas and spatial distributions visually, which were deter-
mined as the most appropriate regions. The original frames used as input are shown in 
the first column. Attention maps that locate the hottest regions in each frame are shown 
in the second column. The third column represents density maps that are used for the 
spatial visualization of the detected objects.

4.3 � Performance evaluation using K‑fold cross‑validation

Table  2 outlines the performance comparison of the proposed AAFAM–GDJNet. The 
evaluation is based on a fourfold cross-validation, which splits the datasets into four 
subsets for both training and testing. Precision goes up to 93.5%, and AUC is 95.5% at 
K = 3 on the UMN dataset, which is a clear indication of the model’s capability in abnor-
mal event detection. Consequently, the highest F1 score of 94.3% and AUC of 96.3% at 
K = 2 are recorded for the UCSD Ped2 dataset. Moreover, the model is very effective in 
the CUHK Avenue dataset as well, where the F1 score is above 92%, and the AUC is 
95.2% at K = 4. Even if the scenes in the ShanghaiTech dataset are more complicated, the 
model is still able to attain an F1 score of 90.6% and an AUC of 93.0% at K = 4.

4.4 � Equal error rate (EER) analysis

Table 3 presents the EER values obtained for the proposed method. The lower EER values 
indicate the model’s effectiveness in distinguishing abnormal and normal activities. The 
UCSD Ped2 dataset exhibits the lowest EER of 11.4%, demonstrating the model’s strong 
performance. Meanwhile, the ShanghaiTech dataset has a slightly higher EER of 18.3% 
because of its complex and crowded scenes. Overall, the results indicate that the pro-
posed AAFAM–GDJNet effectively maintains strong anomaly detection performance.

Fig. 3  First column represents the original frame, second column represents the attention map (highlights 
the most relevant regions), and the third column represents the density map (represents the spatial 
distribution of objects)
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4.5 � Accuracy comparison with state‑of‑the‑art methods

Table  4 presents a comparative analysis of state-of-the-art techniques in terms of 
accuracy (%). The new model has achieved the highest accuracy compared to other 
methods on the UMN dataset (95.5%), and its results are better than those of Zhou 
et al. (83.9%) and Erkan et al. (95.24%). The AAFAM–GDJNet model with the UCSD 
Ped2 dataset recorded an accuracy of 96.05%, which is very close to the results of Yang 
et al. (97.9%) and Hyun et al. (97.2%). For the CUHK Avenue dataset, the AAFAM–
GDJNet method, out of all the previous ones, with a 94.07% accuracy was the best. 
In the case of the ShanghaiTech dataset, the performance of AAFAM–GDJNet was 
90.5%, hence having better results than Or Hirschorn et  al. (85.9%) and Yang et  al. 

Table 2  Performance comparison of the proposed AAFAM–GDJNet model on different datasets

Dataset K value Precision (%) Recall (%) F1 score (%) AUC (%)

UMN 1 92.3 90.5 91.4 95.2

2 91.8 89.7 90.7 94.8

3 93.5 91.2 92.3 95.5

4 92.7 90.9 91.8 95.0
UCSD Ped2 1 94.8 92.6 93.7 96.1

2 95.5 93.2 94.3 96.3

3 94.3 92.9 93.6 96.0

4 94.7 93.3 94.0 96.2
CUHK Avenue 1 93.7 91.4 92.5 94.6

2 94.1 92.2 93.1 95.0

3 93.9 91.9 92.9 94.8

4 94.3 92.5 93.4 95.2
ShanghaiTech 1 90.9 88.7 89.8 92.3

2 91.5 89.2 90.3 92.8

3 91.2 88.9 90.0 92.5

4 91.8 89.5 90.6 93.0

Table 3  Equal error rate (EER) analysis across datasets

Dataset UMN UCSD Ped2 CUHK Avenue ShanghaiTech

EER (%) 12.7 11.4 14.1 18.3

Table 4  Comparative accuracy of proposed AAFAM–GDJNet with state-of-the-art techniques on 
benchmark datasets

UMN UCSD Ped2 CUHK Avenue ShanghaiTech

Zhou et al. [40] 83.9 96.0 86.0 –

Tal et al. [41] – – 83.1

Hyun et al. [42] 97.2 86.8 74.0

Yang et al. [43] – 97.9 84.2 83.8

Or Hirschorn et al. [44] – – – 85.9

Micorek et al. [45] – 94.03 85.9

Erkan et al. [46] 95.24 – 93.66 –

AAFAM–GDJNet 95.5 96.05 94.07 90.5
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(83.8%). Generally, AAFAM–GDJNet most of the time holds very high accuracy on 
different datasets. AAFAM–GDN obtains the highest AUC score of 95.2%, as shown 
in Fig. 4, and it is superior to all other methods that were compared.

The computational efficiency of the proposed AAFAM–GDJNet model was assessed 
in terms of training time, inference time, and inference time per frame on two bench-
mark datasets: UMN and UCSD Ped2. On the UMN dataset, training took 120.5  s. 
The inference took 25.3 s and required an average inference time of 8.4 ms per frame. 
For the UCSD Ped2 dataset, training was completed in 95.8  s, and inference took 
18.6  s. It requires 6.9  ms per frame. These results suggest that, despite a moderate 
training duration, the model delivers fast inference, making it well-suited for real-
time applications.

5 � Conclusion
The purpose of this research was to create an abnormal event detection system by 
coupling AAFAM with GDJNet. The new system was tested on four standard data-
sets: UMN and UCSD (Ped2), CUHK Avenue, and ShanghaiTech. The outcome 
showed that this fusion had a very significant impact on the detection of abnormal 
events. In AAFAM, attention mechanisms are used to direct the focus of the model to 
the abnormal regions of the feature maps. This allows the model to detect very weak 
anomalies and, at the same time, disregards the irrelevant information. By capturing 
both global and local spatial relationships, GDJNet can help AAFAM. The proposed 
work can understand the interactions between the objects at different scales. The 
abnormality-aware features needed to be combined with the global context to achieve 
better detection performance. The combination made it possible for the system to 
locate local anomalies and to understand the overall contextual patterns that resulted 
in higher accuracy and more robust abnormal event detection.

80
82
84
86
88
90
92
94
96

AUC for CUHK Avenue Dataset

Fig. 4  Comparative AUC performance of different abnormal event detection methods
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