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 Abnormal behavior detection in crowded environments remains challenging 

due to complex motion patterns, occlusions, and domain variability. This 

paper presents transformer-based multi-modal attention network (TMA-Net), 

a unified framework that integrates red, green, and blue (RGB), optical flow 

(OF), and heat map (HM) modalities through a dual-stage attention fusion 

mechanism. The system employs you only look once version 11 (YOLOv11) 

for human localization and vision transformer (ViT)-B/16 for feature 

encoding, followed by intra-modal self-attention and cross-modal fusion to 

capture fine-grained spatial–temporal and motion energy dependencies. 

Extensive experiments on six public benchmarks as UMN, Crowd-11, 

UBNormal, ShanghaiTech, CUHK Avenue, UCSD Ped2, and EPUAbN 

dataset, demonstrate that TMA-Net achieves up to 97.5% area under the curve 

(AUC) and 96–100% accuracy, outperforming previous other state-of-the-art 

approaches. These results highlight the framework’s strong generalization and 

robustness across both single- and cross-dataset evaluations, underscoring its 

potential for reliable deployment in real intelligent surveillance systems. 

Keywords: 

Abnormal dectection 

Attention network 

Convolutional neural network 

Spatial-temporal 

Transformer 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Ngoc-Trung Nguyen 

Department of Personnel Organization and Administration, Electric Power University 

No. 235 Hoang Quoc Viet Street, Nghia Do Ward, Hanoi City, Vietnam 

Email: trungnn@epu.edu.vn 

 

 

1. INTRODUCTION 

In visual tasks using convolutional neural networks (CNNs), it can be challenging for the models to 

process all of the input data because of its size and complexity. In order to solve this challenge, attention 

mechanisms are proposed to help CNNs focus on the most relevant features of the input and ignore the 

irrelevant ones and thereby improving the accuracy and efficiency of the learning process. Depending on 

different CNN architectures and the learning targets we have different types of attention mechanisms that can 

be deployed. For human abnormal behavior detection, the popular attention mechanisms added in CNNs are 

temporal attention, spatial attention, and the combination of spatial and temporal attentions. 

Spatial attention mechanisms answer the question of where to pay attention to the image. They are 

mainly added to CNN modules as additional layers for extracting important spatial features from the CNN 

outputs. The framework of CNN-long-short term memory (LSTM) with attention units is proposed for human 

abnormal behavior detection from videos [1]. Firstly, the input images sampled from the videos are  

pre-processed by converting to grayscale, equalizing the histogram, and reshaping to a smaller size. They are 

put into CNN layers, followed by attention units, and finally directed to the LSTM layer for interpreting the 

features obtained from CNN. The attention units work as supplemental feature extraction layers of CNN. 

However, random sampling of frames from videos may skip frames containing unusual behaviors. The more 

complex attention structure is proposed in [2]. In this work, models of AttM-CNN-AG and AttM-CNN-Porn 

https://creativecommons.org/licenses/by-sa/4.0/
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are proposed for child sexual abuse content detection. In this, Inception and ResNet deep neural networks are 

deployed as basic units. Two attention modules are added to these deep neural models to help automatically 

focus on key regions in the input frames. The attention module contains a 1×1 convolution layer, followed by 

an element-wise dot product with the feature vector of the respective layer. This result is then normalized by 

the SoftMax operation. The normalized result can be considered the coefficients of the attention grid, which 

represent the importance of the elements in the feature maps at the chosen layer of the CNN. Although some 

positive results have been achieved on self-collected databases, there are still some limitations to this work. 

The detection results of child sexual abuse depend on the age-group classification module, which relies on the 

human face but no other helpful features. This has led to some child sexual abuse images being misclassified 

by failure of age-group classification. 

Temporal attention mechanisms answer the question of when to pay attention or which frames should 

be focused in a frame sequence of the video. Temporal attention modules are normally applied for video 

processing. It relates to the motion patterns that are commonly extracted by the recurrent neural network (RNN) 

network. In the combined architecture of CNN and LSTM [3], CNN model is used for producing the spatial 

features from the input frame. These features are then directed into the LSTM module to generate temporal 

features. The feature maps of the LSTM component are then fed into an attention module to capture valuable 

and informative features in the frame of the video. The actions are recognized by the informative features using 

the SoftMax module. 

Chong and Tay [4] proposed a spatiotemporal autoencoder using ConvLSTM to jointly model spatial 

and temporal information in video sequences. The model learns normal motion patterns in an unsupervised 

manner and detects abnormal events by measuring reconstruction errors on unseen video frames. The extensive 

experiments on the UCF-Crime [5], UMN [6], and Avenue [7] datasets indicate the better results compared to 

other state-of-the-art (SOTA) models. The above-mentioned works deploy temporal attention mechanisms in 

the same manner: spatial feature extraction first, then temporal feature extraction, and finally an attention 

mechanism is applied for weighting the temporal features. Chang et al. [8] proposed a clustering-driven deep 

autoencoder framework for video anomaly detection. In this approach, spatiotemporal features are extracted 

from red, green, and blue (RGB) frames and optical flow (OF) using two separate 3D CNN networks, and 

subsequently fused to form unified video segment representations. A deep autoencoder is employed to learn 

compact feature embeddings, while clustering is introduced to exploit the intrinsic structure of normal and 

abnormal events in a weakly supervised manner. To further enhance anomaly discrimination, multiple 

constraints, including event separation and temporal smoothness, are incorporated during training. 

Experimental results on the UCF-Crime dataset demonstrate that the proposed method achieves superior 

performance compared to existing approaches in detecting anomalous events. 

Spatial attention aims to emphasize discriminative regions within individual video frames, while 

temporal attention focuses on identifying informative frames or segments in a video sequence. For abnormal 

human behavior detection, which relies on both appearance and motion cues, jointly modeling spatial and 

temporal information is essential for improving detection performance. The combination of spatial and 

temporal attention enables adaptive selection of important regions and moments from videos. Li et al. [9] 

proposed a spatio-temporal attention network for action recognition and detection, where spatial and temporal 

attention modules are embedded into a CNN to enhance discriminative feature representations. The spatial 

attention module highlights informative regions in video frames, while the temporal attention module assigns 

importance weights to key frames in a video sequence. Experimental results on the HMDB51 and UCF101 

datasets demonstrate that incorporating spatio-temporal attention significantly improves performance 

compared to models without attention mechanisms. Building upon attention-based modeling, Chen et al. [10] 

introduced a spatial–temporal graph attention network for video anomaly detection. In this approach, 

spatiotemporal features extracted by a 3D CNN backbone are organized into a spatial–temporal graph, where 

graph attention mechanisms are employed to capture spatial relationships among regions and temporal 

dependencies across frames. Experimental results on the UCF-Crime dataset and a vehicle theft dataset show 

that the fusion of spatial and temporal graph attention outperforms using either attention alone as well as 

methods without attention. However, due to the reliance on local graph structures, the method may exhibit 

limited capability in modeling long-range temporal dependencies in extended video sequences. To address 

long-term temporal modeling, Liu et al. [11] proposed a temporal segment transformer framework with an 

embedded spatial–temporal attention mechanism for abnormal behavior recognition. By sampling video 

segments over longer time spans, the model captures long-range temporal dependencies while suppressing 

irrelevant frames and regions. Experimental results on UCF101, HMDB51, JHMDB, and THUMOS14 datasets 

demonstrate that incorporating spatial–temporal attention significantly improves recognition performance 

compared to models without attention mechanisms. In this work, we deploy both spatial and temporal attention 

units for abnormal behavior detection. However, it is different from other published methods, our proposed 

frameworks apply attention units on three inputs of RGB, OF, and heat map (HM) images. The attention feature 
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vectors from these inputs are then optimally combined to give out the final ones for classification. This allows 

effective exploitation and focuses on the important image features that need to be detected from many input 

sources. In addition, we also apply the knowledge distillation technique to the proposed framework. This aims 

at reducing the computing time of the detection system. The enhanced experiments are implemented on several 

benchmark datasets and our dataset using both single-dataset and cross-dataset evaluation strategies. The 

results show the outperformance of our proposed framework in detection accuracy compared to other SOTA 

methods. Furthermore, we also demonstrate through the experiments that using knowledge distillation 

technique not only reduces computation cost but also maintains high accuracy in abnormal behavior detection. 

The remainder of this paper is organized as follows: section 2 firstly explains the proposed evaluation 

scheme. The experimental results and discussions are analyzed in section 3. Finally, section 4 concludes the 

proposed research directions for future works. 
 

 

2. METHOD 

The proposed framework for abnormal behavior detection, illustrated in Figure 1, is adapted and 

extended from our previous work [12], [13]. It takes three input modalities that consist of RGB, OF, and HM 

images to comprehensively represent spatial, temporal, and motion-energy information. An additional attention 

block that is highlighted in pink in Figure 1. This framework is incorporated to enhance multi-modal feature 

interaction and improve detection performance with vision transformer (ViT) [14] feature extraction and cross 

attention modalities strategies. 
 

 

 
 

Figure 1. The ViT and cross attention modalities-based framework for abnormal detection 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 2, April 2026: 1441-1450 

1444 

2.1.  Human detection and feature extraction 

The initial stage of the proposed system employs a you only look once (YOLO)-based detection module 

to localize human regions in each frame derived from RGB, OF, and HM modalities. Given an input frame  

𝐼𝑡 ∈ 𝑅𝐻𝑥𝑊𝑥3, YOLO predicts a set of bounding boxes 𝐵 = {𝑏𝑖 , 𝑖 = (1, … , 𝑁)} with corresponding confidence 

scores 𝑝
𝑖
, where each box denotes the center coordinates and dimensions of a detected person as (1). 

 

𝐵 = 𝑀𝑌𝑂𝐿𝑂𝑣11(𝐼𝑡),           𝑝𝑖 = 𝜎(𝑊𝑝𝑓(𝑏𝑖) + 𝑏𝑝) (1) 

 
Where 𝑓(𝑏𝑖) represents the feature vector of the candidate region and 𝜎(. ) is the sigmoid activation. Regions 

with are retained as valid detections and cropped for subsequent processing. Each detected region 𝑏𝑖 is resized 

to a fixed spatial resolution of 224×224 pixels as (2). 

 

𝑅𝑖 = 𝑅𝑒𝑠𝑖𝑧𝑒(𝐼𝑡[𝑏𝑖], 224,224) (2) 

 

These human images then passed into a ViT-B/16 encoder to obtain a discriminative feature representation. 

Each image 𝑅𝑖 is divided into non-overlapping 16×16 patches, flattened, and projected into a latent embedding 

space via a linear mapping as (3). 

 

𝑧𝑝 = 𝐸𝑥𝑝 + 𝐸𝑝𝑜𝑠  (3) 

 
Where E is the patch-embedding matrix and 𝐸𝑝𝑜𝑠 denotes the positional encoding. The patch sequence is then 

processed by multiple transformer encoder layers to model global dependencies across patches as (4). 

 

𝐹𝑖 ∈ 𝑅𝐶 = 𝑀𝑉𝑖𝑇−𝐵16(𝑅𝑖)  (4) 

 

With C being the output embedding dimension (typically C=768). The resulting vector 𝐹𝑖 encodes the semantic 

and spatial context of each detected human region. The feature sets extracted from all regions in each modality 

are denoted as as (5). 

 

𝐹𝑟𝑔𝑏 = {𝐹𝑖
𝑟𝑔𝑏

}, 𝐹𝑂𝐹 = {𝐹𝑖
𝑂𝐹}, 𝐹𝐻𝑀 = {𝐹𝑖

𝐻𝑀} (5) 

 
These feature embeddings serve as inputs to the subsequent multi-modal attention fusion module, 

which performs cross-attention and late fusion to integrate spatial, temporal, and motion-energy information for 

abnormal human action recognition. The combination of YOLO and ViT-B/16 leverages the strengths of both 

models: i) YOLO provides efficient, real-time object localization, ensuring precise human-region extraction and 

background suppression; and ii) ViT-B/16 encodes global contextual dependencies within each cropped region 

through its self-attention mechanism. This hybrid design enables the model to capture both local spatial detail 

and global semantic context, forming a robust feature foundation for subsequent cross-modal fusion. 

 
2.2.  Multi-modal attention fusion and classification 

2.2.1. Intra-branch self-attention 

Each modality is first refined independently through self-attention mechanism to enhance intra-modal 

relationships. Given three modalities 𝑚 ∈ {𝑅𝐺𝐵, 𝑂𝐹, 𝐻𝑀}. Query, key and values are computed as (6). 

 

𝑄𝑚 = 𝐹𝑚𝑊𝑄
𝑚, 𝐾𝑚 = 𝐹𝑚𝑊𝐾

𝑚, 𝑉𝑚 = 𝐹𝑚𝑊𝑉
𝑚  

𝑆𝐴(𝐹𝑚) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝑚(𝐾𝑚)𝑇

√𝑑𝑘
) 𝑉𝑚  (6) 

 

Where 𝑊𝑄
𝑚, 𝑊𝐾

𝑚, 𝑊𝑉
𝑚 are learnable projection matrices and 𝑑𝑘 is the key dimension. This operation emphasizes 

the most informative spatial or temporal regions within each modality. 

 

2.2.2. Cross-modal attention fusion (early fusion) 

To synchronize contextual information among modalities, the outputs of the self-attention modules 

are fused via a cross-attention between modalities block. For instance, the RGB branch attends to OF and HM 

features as (7). 
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𝐶𝐴(𝐹𝑟𝑔𝑏 , 𝐹𝑂𝐹 , 𝐹𝐻𝑀) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝑟𝑔𝑏[𝐾𝑂𝐹,𝐾𝐻𝑀]

𝑇

√𝑑𝑘
) [𝑉𝑂𝐹 , 𝑉𝐻𝑀]  (7) 

 

And analogously for 𝐶𝐴(𝐹𝑂𝐹) and 𝐶𝐴(𝐹𝐻𝑀). This stage represents early fusion, aligning multi-modal 

semantics across spatial, temporal, and motion energy domains. 

 

2.2.3. Global attention block (late fusion) 

The aligned representations are then fed into a global attention block that performs both self-attention 

and cross-attention to produce a unified joint representation as (8). 

 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 = 𝑁𝑜𝑟𝑚(∑ 𝛼𝑗𝑆𝐴(𝐹′𝑗 + ∑ 𝛽𝑗𝑘𝐶𝐴(𝐹′𝑗 , 𝐹′𝑘)𝑗≠𝑘 )3
𝑗=1 )  (8) 

 

Where 𝐹′𝑗 are outputs of early-fusion stage, 𝛼𝑖, 𝛽𝑗𝑘 are learnable weights, and Norm denotes layer 

normalization. This late-fusion step captures higher-level inter-modal dependencies for robust 

representation learning. 

 

2.2.4. Feature aggregation and classification 

The fused feature map 𝐹𝑓𝑢𝑠𝑖𝑜𝑛 is flattened or globally pooled and passed through a fully connected 

layer followed by a SoftMax activation as (9). 

 

𝑦 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐹𝐶𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐹𝑓𝑢𝑠𝑖𝑜𝑛) + 𝑏) (9) 

 

Yielding the posterior probability vector y = [abnormal, non-abnormal]. This determines the final prediction 

of the scene state. 

 

2.3.  Datasets and scenarios 

In this work, several benchmark datasets and one self-constructed dataset were employed to evaluate 

the proposed model such as: the UMN dataset [6] contains three indoor and outdoor scenes with a total of 4 

min 17 s of video at 30 fps (320×240 px). Each sequence starts with normal activities and ends with abnormal 

panic behavior. The Crowd-11 dataset [15] defines 11 crowd motion patterns in 6,000 video clips (about 100 

frames each), partly collected from WWW crowd dataset [16], CUHK [17], Violent-Flows [18], WorldExpo10 

[19], AgoraSet [20], PETS [21], UMN [6], and Hockey Fight [22]. The UCF_CC_50 dataset [5] includes 50 

highly crowded images with 63,974 annotated pedestrians (94 to 4,543 per image), providing a challenging 

benchmark for crowd-density estimation. The UCSD Ped2 dataset [23] contains 2,000 frames of a single 

pedestrian scene, with 11 to 46 people per frame and 49,885 labeled instances. The UBNormal dataset [24] has 

236,902 synthetic frames generated from 29 natural scenes (streets, stations, offices), evenly containing both 

normal and abnormal events. The ShanghaiTech dataset [25] includes 437 surveillance videos (317,398 frames, 

13 scenes) with 158 anomalies in 11 categories, widely used for large-scale anomaly detection. The CUHK 

Avenue dataset [7] consists of 15 sequences (35,240 frames) with 14 unusual events such as running, throwing, 

and loitering. Finally, the EPUAbN dataset (self-built) comprises 300 RGB videos captured outdoors 

(2688×1520 pixels, 30 fps) using fixed HiKVision DS-2CD2643G2-IZS cameras. This dataset defined 11 

abnormal crowd behaviors, including fighting, robbery, fire, smoke, weapon carrying, falling objects, and 

sudden vehicle entry, with 5 to 25 participants per scene. 

 

2.4.  The evaluation criteria 

The performance of the proposed model is evaluated using micro-area under the curve (AUC),  

macro-AUC [24], and micro/macro accuracy [26], [27]. The final prediction score obtained from the SoftMax 

layer is threshold (α equals 0.1 to 1.0) to classify each frame as normal or abnormal, and a receiver operating 

characteristic (ROC) curve is constructed based on the true positive rate (TPR) and false positive rate (FPR). 

The micro-AUC reflects the overall detection performance across all test samples, while the macro-AUC 

averages the AUC scores over individual videos. Accuracy is computed at α=0.5, where micro-accuracy 

measures the global classification correctness and macro-accuracy represents the mean accuracy per video. 

These metrics collectively assess both global and per-scene detection effectiveness. These metrics were 

concerned in detail in our previous research [13]. 

 

 

3. EXPERIMENTAL RESULTS 

All evaluation experiments are implemented in Python using the PyTorch deep learning framework 

and executed on a workstation equipped with an NVIDIA GPU with 18 GB memory. Our models are trained 
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for 100 epochs, early stopping mode, batch size 32 and a learning rate between 10−6 to 10−4. The proposed 

method is evaluated on several challenging benchmark datasets as presented in section 2.3. Two evaluation 

strategies are adopted: single dataset evaluation and cross dataset evaluation. In single dataset evaluation, each 

dataset is divided into training and testing splits according to its original protocol. In cross dataset evaluation, 

one dataset is used entirely for training, while another is used for testing to examine the model’s cross-domain 

generalization capability. The proposed framework is evaluated under both strategies, and their results are 

presented in the following sections. 

 

3.1.  Single-dataset evaluation 

The single dataset evaluation were conducted using AUC [24] and accuracy [26], [27] metrics across 

six benchmark anomaly detection datasets: UBNormal, ShanghaiTech, CUHK Avenue, UMN, UCSD Ped2, 

and the proposed EPUAbN dataset. Figures 2 and 3 report the corresponding micro and macro results for AUC 

and accuracy, respectively, comparing the proposed TMA-Net model with prior methods including ROHAC 

[13], ROHAC-KD [12], ROHAC V2 [13], and ROHAC-KD V2 [13]. 

 

3.1.1. AUC-based evaluation 

As illustrated in Figure 2, the proposed TMA-Net achieves the highest AUC values across all datasets, 

consistently outperforming the existing ROHAC-based frameworks. In particular, on UBNormal and 

ShanghaiTech, TMA-Net yields improvements of approximately 0.9% micro-AUC and 1.5% macro-AUC over 

ROHAC V2 [13], highlighting its enhanced sensitivity to subtle abnormal motion cues in complex synthetic 

and real-world crowd scenes. For CUHK Avenue, UMN, and UCSD Ped2, the AUC scores of TMA-Net are 

nearly saturated, reaching 97% to 99%, comparable to the highest reported results in literature. On the EPUAbN 

dataset that collected under diverse outdoor conditions, TMA-Net achieves 99.5% micro-AUC and 99.6% 

macro-AUC, confirming its robustness to illumination changes, motion clutter, and scale variations.  

These AUC results demonstrate that TMA-Net effectively captures multi-level spatiotemporal dependencies 

through its dual attention fusion strategy. The consistent gain across heterogeneous datasets indicates a strong 

capacity for generalizing both spatial structures from static scenes and dynamic motion correlations from 

temporal patterns. 

 

 

 
 

Figure 2. The micro-AUC (%) and macro-AUC (%) results on single dataset evaluation 

 

 

3.1.2. Accuracy-based evaluation 

The accuracy results in Figure 3 reinforce the AUC findings. TMA-Net again attains the best overall 

performance, with micro-accuracy and macro-accuracy exceeding those of all baseline models. Specifically, it 

achieves 95.1 to 96.7% on UBNormal, 94.6 to 95.2% on ShanghaiTech, and up to 98.9% to 100% on UMN, 

UCSD Ped2, and EPUAbN datasets. Compared to ROHAC V2, TMA-Net improves by an average of 1.2 to 

2.5%, while maintaining stable results across all domains. The gain in accuracy demonstrates that the proposed 

fusion architecture not only enhances anomaly discrimination at the feature level but also yields more reliable 

final classification decisions. Notably, TMA-Net achieves perfect accuracy at 100% on UCSD Ped2 and 
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EPUAbN, suggesting that its attention-based feature alignment successfully preserves temporal coherence even 

in simpler or well-structured environments. 

The superior results of TMA-Net across both AUC and accuracy metrics confirm its ability to extract 

discriminative representations and generalize across diverse data distributions. The improvements are 

particularly prominent in challenging datasets such as UBNormal and ShanghaiTech, where scene complexity, 

camera angles, and human density vary significantly. By combining spatial, temporal, and motion energy cues 

through dual-stage attention, TMA-Net mitigates overfitting to dataset-specific contexts and ensures consistent 

performance on unseen scenes. Overall, the single dataset evaluation results clearly indicate that TMA-Net 

outperforms all existing ROHAC variants in both frame-level detection precision and video-level stability. 

This establishes TMA-Net as a robust and scalable framework for “hand-in-wild” abnormal behavior detection 

across multiple environments and data domains. 

 

 

 
 

Figure 3. The micro accuracy (%) and macro accuracy (%) results on single dataset evaluation 

 

 

3.2.  Cross-dataset evaluation  

Cross-dataset experiments were conducted to evaluate the generalization capability of the proposed 

models under domain shifts between training and testing datasets. Following the same experimental setup as 

in [28], one dataset was used for training while another was reserved for testing. Each experiment was repeated 

five times, and the average micro-AUC and macro-AUC scores were reported. The results over three 

benchmark datasets, such as: CUHK Avenue, ShanghaiTech, and UCSD Ped2 which are summarized from 

Tables 1 to 3. Overall, both ROHAC V2 [13] and the proposed TMA-Net demonstrate consistent superiority 

compared with previous methods, including Georgescu et al. [28] and ROHAC [12]. Across all dataset pairs, 

TMA-Net achieves the highest scores in both micro-AUC and macro-AUC, confirming its strong adaptability 

across heterogeneous environments. 

As shown in Table 1, when trained on ShanghaiTech or UCSD Ped2 and tested on CUHK Avenue, the 

proposed TMA-Net achieves 97.2% micro-AUC and 97.5% macro-AUC, surpassing [28] by 4.9% and 7.1%, 

respectively. Compared with ROHAC V2 [13], the gains are smaller but consistent, indicating that TMA-Net 

preserves the stability of ROHAC while improving cross-domain feature generalization. This improvement 

suggests that the dual-stage attention mechanism effectively captures high-level spatiotemporal semantics 

invariant to dataset-specific differences. 

 

 

Table 1. The micro-AUC and macro-AUC (%) results on cross dataset evaluation of CUHK Avenue dataset 
Method CUHK Avenue ShanghaiTech UCSD Ped2 

Micro-AUC Macro-AUC Micro-AUC Macro-AUC Micro-AUC Macro-AUC 

Georgescu et al. [28] 92.3 90.4 83.6 81 - - 

ROHAC [12] 93.7 94.8 93.8 94.5 92.5 95.2 

ROHAC V2 [13] 96.1 95.7 95.4 97.2 95.3 96.7 
Our (TMA-NET) 97.2 97.5 96.4 98.1 96.9 97.1 
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When evaluating the ShanghaiTech dataset (Table 2), the domain gap becomes more challenging due 

to complex crowd dynamics and diverse camera viewpoints. Despite this, TMA-Net achieves 96.4%  

micro-AUC and 98.1% macro-AUC, outperforming Georgescu et al. [28] by 12.8% and 17.1%, respectively, 

and exceeding ROHAC V2 [13] by approximately 1%. These results demonstrate the robustness of TMA-Net 

in modeling global-local motion correlations and its superior ability to transfer knowledge between scenes with 

different densities and motion distributions. 

 

 

Table 2. The micro-AUC and macro-AUC (%) results on cross dataset evaluation of ShanghaiTech dataset 
ROHAC-KD ShanghaiTech CUHK Avenue UCSD Ped2 

Micro-AUC Macro-AUC Micro-AUC Macro-AUC Micro-AUC Macro-AUC 

Georgescu et al. [28] 82.7 89.3 76.3 86.3 - - 

ROHAC [12] 92.4 94.8 91.9 90.1 92.3 89.9 
ROHAC V2 [13] 95.1 96.2 93.2 92.6 95.1 94.7 

Our (TMA-NET) 96.3 97.8 94.6 94.8 96.8 95.9 

 

 

Table 3 further shows that when trained on other datasets and tested on UCSD Ped2, TMA-Net 

continues to yield near-saturated results, achieving 96.9% micro-AUC and 97.1% macro-AUC. This 

consistency highlights the model’s capacity to generalize even in simpler surveillance environments with lower 

scene variability. Moreover, the marginal difference between ROHAC V2 and TMA-Net indicates that both 

frameworks maintain stable detection accuracy while improving inter-dataset adaptability. 

 

 

Table 3. The micro-AUC and macro-AUC (%) results on cross dataset evaluation of UCSD Ped2 dataset 
ROHAC-KD UCSD Ped2 CUHK Avenue ShanghaiTech 

Micro-AUC Macro-AUC Micro-AUC Macro-AUC Micro-AUC Macro-AUC 

Georgescu et al. [28] 98.7 99.7 87 97.2 90.6 95.7 
ROHAC [12] 99.6 99.9 94.8 97.5 95.8 97.8 

ROHAC V2 [13] 99.6 99.9 97.2 99.1 97.9 98.7 

Our (TMA-NET) 99.7 99.9 98.6 99.4 98.5 99.1 

 

 

The cross-dataset evaluations demonstrate that the proposed TMA-Net exhibits remarkable robustness 

and generalization compared with both previous ROHAC variants and the SOTA method [28]. The 

improvements range from 5% to 17% in AUC scores across all dataset pairs. Such stability under different 

training and testing domains indicates that the multi-modal attention fusion mechanism enhances feature 

transferability and reduces overfitting to dataset-specific patterns. Therefore, TMA-Net not only performs well 

under intra-dataset evaluations but also maintains superior accuracy in cross-domain scenarios, a key 

requirement for real-world abnormal behavior detection systems deployed in diverse surveillance contexts. 

 

 

4. CONCLUSION 

This paper proposed TMA-Net, a multi-modal attention-based framework for abnormal behavior 

detection. By integrating RGB, OF, and HM modalities through a dual-stage attention fusion mechanism, 

TMA-Net effectively captures both spatial-temporal and motion-energy dependencies. Experimental results on 

six benchmark datasets (UBNormal, ShanghaiTech, CUHK Avenue, UMN, UCSD Ped2, and EPUAbN) 

demonstrate that TMA-Net achieves up to 97–100% AUC and accuracy, the outperforming all previous 

ROHAC-based and SOTA methods. These results highlight its strong generalization ability, robustness, and 

practical potential for “hand-in-wild” intelligent surveillance and abnormal behavior detection systems. 
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