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Abstract: Stampedes in densely populated gatherings such as festivals, stadiums, and religious events remain a major safety 

concern, often resulting in severe casualties and chaotic crowd behavior. Traditional surveillance and rule-based crowd control 

systems struggle to identify potential hazards early because they cannot capture dynamic spatial–temporal patterns. To 

overcome these limitations, this research proposes a machine-learning-based predictive framework that anticipates stampede-

prone conditions by continuously analyzing crowd density, velocity, and movement direction. The system employs a hybrid 

CNN–LSTM architecture, where the CNN module extracts spatial features from density and optical flow maps, while the LSTM 

component models temporal dependencies to detect evolving risk trends. This architecture enables the model to understand 

both localized crowd concentration and collective movement behavior across time, offering proactive alerts before congestion 

escalates. The proposed model was trained and evaluated using large-scale crowd datasets and simulated event footage, 

achieving an overall accuracy of 98.7% and a 28% reduction in false alarms compared to existing machine learning approaches 

such as Random Forest and Support Vector Regression. These results demonstrate the superior precision, robustness, and 

scalability of the proposed system for real-time crowd-safety monitoring. The main challenges encountered during development 

involved managing data imbalance between safe and risky instances, optimizing computation for real-time processing, and 

ensuring consistent accuracy under varying lighting and environmental conditions. 
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Crowd gatherings are an inevitable part of human society, whether in religious festivals, concerts, sports events, or public 

protests. However, when the density of a crowd exceeds the threshold of safe human movement, the resulting pressure, panic, 

or imbalance can trigger a deadly phenomenon known as a stampede. Stampedes have historically caused catastrophic loss of 

life worldwide, often due to delayed detection of overcrowding, poor crowd management, or inadequate communication 

systems. Despite increased awareness, the problem persists primarily because human monitoring alone is insufficient to predict 

dynamic crowd behaviors. The need for an intelligent, automated, and real-time system capable of detecting potential stampede 

risks before they occur has therefore become an urgent research challenge in the domain of smart surveillance and public safety. 

Traditional crowd management systems rely heavily on manual monitoring through CCTV surveillance, radio communication, 

or physical observation, which is time-consuming and prone to human error. Conventional computer vision approaches, such 

as frame differencing or motion tracking, have made progress but are limited by their inability to capture both spatial and 

temporal dependencies within dynamic crowd movements. Furthermore, they fail to adapt to variations in lighting, camera 

angles, and environmental conditions. The challenge lies in designing a robust system that can handle large-scale real-time data 

streams, accurately assess crowd density, and predict abnormal motion patterns that might indicate panic or danger. With the 

rapid evolution of artificial intelligence (AI) and machine learning (ML), particularly deep learning, it is now possible to extract 

complex patterns from high-dimensional data, such as video sequences.  

 

Deep learning models, especially Convolutional Neural Networks (CNNs), have shown exceptional performance in image 

feature extraction. At the same time, Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) 

networks, are highly efficient at learning temporal dependencies. Combining these architectures provides a powerful hybrid 

model capable of analyzing both the spatial structure of frames and the sequential motion of crowds. This CNN–LSTM hybrid 

framework has demonstrated superior potential for real-time video analytics applications, including anomaly detection, human 

behavior recognition, and predictive surveillance. The proposed project leverages this hybrid architecture to predict stampede 

risk by extracting crowd movement patterns from video input. The CNN module extracts spatial features by identifying patterns 

such as density clusters, flow directions, and crowd compression zones. In contrast, the LSTM module learns temporal 

transitions and predicts future motion states. Together, they provide a predictive model that can alert authorities about potential 

hazards before they escalate into real stampede situations. The model operates on real-time or pre-recorded crowd video feeds, 

enabling efficient deployment across surveillance systems in large public spaces such as stadiums, temples, railway stations, 

and festival grounds. One of the key motivations for this research is the inadequacy of existing crowd control strategies that 

focus only on post-event analysis or reactive measures. By integrating deep learning-based predictive modeling, our approach 

aims to move from reactive to preventive crowd management. The proposed system enhances situational awareness, supports 

real-time decision-making, and significantly reduces the dependency on manual supervision.  

 

Moreover, this model can serve as a foundation for smart city applications, where AI-driven surveillance can support disaster 

prevention, emergency evacuation planning, and automated security response systems. The CNN–LSTM model in this paper 

comprises multiple layers that sequentially process spatial and temporal information. The convolutional layers extract low-level 

and high-level features from video frames, such as crowd density gradients, optical flow, and spatial correlations. These 

extracted features are then passed to LSTM units that analyze their evolution, learn motion sequences, and identify transitions 

from normal to abnormal behavior. The combination of CNNs and LSTMs captures both the static and dynamic properties of 

crowd movement, improving prediction accuracy and reducing false alarms. The dataset used for this research is derived from 

open-source crowd datasets, such as the UCF-Crowd and PETS series, which capture real-world crowd movements under 

varying conditions. Preprocessing steps include video frame extraction, normalization, and segmentation. Frames are labeled 

based on crowd states such as normal, congested, or panic to train the model effectively. Data augmentation techniques are also 

used to improve generalization and prevent overfitting. During the training phase, various hyperparameters, such as the learning 

rate, number of epochs, batch size, and optimizer configuration, are fine-tuned to achieve optimal results. The training process 

is implemented using frameworks such as TensorFlow or PyTorch, leveraging GPU acceleration for efficient computation. The 

model is evaluated using metrics such as accuracy, precision, recall, F1-score, and mean squared error, which collectively assess 

its performance in predicting abnormal crowd behavior.  

 

Real-time testing is performed using live surveillance video feeds to evaluate the system’s responsiveness and reliability. The 

goal is to create a scalable, low-latency system that can be integrated into existing surveillance networks without significant 

hardware modifications. This paper also faces challenges, including ensuring model robustness across varying environmental 

and lighting conditions, handling occlusions in dense crowds, and managing the computational complexity of real-time 

inference. Additionally, the lack of large-scale annotated datasets specific to stampede events poses a constraint. To address 

this, transfer learning techniques and synthetic data generation can be applied to improve model training and performance. The 

societal impact of this research is profound. By integrating machine learning into crowd management, the system can potentially 

save lives by providing early alerts and enabling timely intervention. Such systems can also assist security forces in managing 

evacuation routes, optimizing crowd flow, and minimizing panic spread. Beyond stampede prediction, the underlying model 

architecture can be extended to other safety-critical applications such as riot detection, traffic congestion analysis, and 

emergency response planning. The integration of such AI-based predictive systems represents a step toward smarter, safer, and 
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more responsive urban environments. This paper addresses the critical issue of stampede prediction using an innovative CNN–

LSTM hybrid approach that combines the strengths of spatial and temporal modeling. Through deep learning-based feature 

extraction and sequence prediction, the system delivers a more reliable, proactive solution than traditional crowd analysis 

methods. The proposed methodology not only enhances the efficiency of real-time surveillance but also contributes to the 

broader field of intelligent public safety systems. By enabling accurate early detection of overcrowding and abnormal motion 

patterns, the model empowers authorities to make swift and informed decisions that can prevent large-scale casualties. 

Furthermore, the adaptability of this architecture allows integration with Internet of Things (IoT) devices, mobile-based alert 

systems, and smart infrastructure platforms, creating a complete ecosystem for real-time situational awareness. With continuous 

optimization, integration with larger datasets, and field-level deployment, this model has immense potential to revolutionize 

how large-scale crowd safety is managed, paving the way for safer public environments and more resilient smart cities 

worldwide. 

 

2. Literature Review 
 

Pham et al. [1] proposed a patch-based Random Forest framework (COUNT-Forest) for crowd density estimation, where 

multiple patch regressors co-vote to generate density maps. Their model demonstrated robustness under varying crowd 

conditions and provided interpretable feature importance, showing that ensemble tree models can effectively estimate crowd 

density. Li et al. [2] developed CSRNet, a deep convolutional neural network that uses dilated convolutions to analyze highly 

congested scenes. The model achieved state-of-the-art accuracy by capturing global contextual information without increasing 

model complexity, improving crowd counting in dense urban settings. Oh et al. [3] presented a deep Bayesian framework that 

decomposes predictive uncertainty in crowd counting tasks. By modeling aleatoric and epistemic uncertainties separately, their 

approach improved the reliability of predictions for safety-critical crowd monitoring. Liu and Vasconcelos [4] introduced a 

Bayesian model adaptation method for crowd counting that enables a pre-trained model to adapt to new environments with 

minimal additional data. The approach improved transferability and reduced the cost of retraining for different surveillance 

scenes. Ali et al. [5] proposed Deep Crowd Transfer Networks (DCTNets), a transfer-learning strategy that fine-tunes pretrained 

CNNs using limited crowd data. Their method significantly improved accuracy and generalization across different 

environments, enabling effective deployment with scarce labeled data. Liu et al. [6] developed DecideNet, an attention-guided 

hybrid system that combines detection-based and regression-based crowd estimation.  

 

By dynamically selecting between counting methods depending on local density, the framework improved accuracy in 

heterogeneous crowd conditions. Sam et al. [7] designed the Switching CNN, a multi-column architecture that adaptively selects 

sub-networks based on crowd density levels. This approach effectively handled scale variation in images and achieved robust 

results across diverse datasets. Chen et al. [8] introduced SPDiff, a social physics-informed diffusion model that integrates 

physical crowd movement priors into neural networks. Their approach enhanced the realism of crowd behavior prediction and 

improved generalization in simulation-based safety systems. Zhang et al. [9] developed a spatio-temporal attention-based 

sequence-to-sequence model for multi-step crowd flow prediction. The use of attention mechanisms enabled the model to focus 

on critical time windows and spatial regions, thereby improving congestion forecasting. Zhou et al. [10] proposed Informer, a 

transformer-based architecture optimized for long-sequence time-series forecasting. Informer’s sparse attention mechanism 

achieved superior efficiency and long-horizon performance compared to LSTM-based crowd forecasting models. Xu et al. [11] 

presented an unsupervised anomaly detection method based on Variational Autoencoders (VAEs) for crowded scenes. By 

learning compact representations of normal crowd behavior, the system effectively identified deviations indicative of potential 

hazards or panic situations. Iqbal et al. [12] explored a stress monitoring system using wearable sensor data and machine 

learning models. Though centered on physiological signals, the study demonstrated how multimodal data—visual and 

biometric—can enhance early warning systems in crowded environments.  

 

Redmon and Farhadi [13] proposed YOLOv3, a real-time object detection algorithm that forms the backbone of modern crowd 

monitoring systems. Its single-stage detection framework enables efficient person detection and tracking in dense scenes, 

supporting responsive surveillance. Bewley et al. [14] developed the SORT (Simple Online and Realtime Tracking) algorithm, 

a lightweight yet accurate tracking method often paired with YOLO detectors for crowd movement analysis. SORT’s Kalman 

filter-based design ensures low-latency performance suitable for live monitoring. Yao et al. [15] applied reinforcement learning 

to simulate crowd evacuation dynamics and introduced an adaptive control mechanism for optimizing pedestrian flow. Their 

agent-based framework learned policies that minimized congestion and improved evacuation efficiency in high-density 

simulations. From the reviewed studies, Pham et al. [1], Zhang et al. [9], and Zhou et al. [10] focused on temporal sequence 

modeling using attention and transformer-based architectures for dynamic crowd-flow forecasting. Regression and probabilistic 

models, such as those of Liu and Vasconcelos [4] and Oh et al. [3], emphasize uncertainty quantification and adaptability across 

environments. Vision-based approaches, including Li et al. [2], Ali et al. [5], and Sam et al. [7], advanced high-accuracy crowd 

counting through CNNs and transfer learning. Hybrid frameworks, such as those of Chen et al. [8] and Liu et al. [6], improved 

interpretability and physical consistency. Finally, Xu et al. [11], Iqbal et al. [12], Redmon and Farhadi [13], Bewley et al. [14], 
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and Yao et al. [15] extended applications toward anomaly detection, real-time monitoring, and reinforcement learning-based 

control, together forming the foundation for intelligent, real-time crowd safety and stampede prevention systems: 

 

 Problem Statement: Existing crowd analysis models either focus solely on visual or statistical data, lacking a unified 

approach that accurately predicts and prevents stampedes in real time under dynamic environmental and behavioral 

conditions. 

 Proposed Idea: This paper introduces a hybrid ML framework integrating a CNN for spatial feature extraction and 

an LSTM for temporal sequence modeling, enhanced by real-time sensor fusion, to predict high-risk crowd 

formations and issue early preventive alerts to prevent stampedes. 

 

3. Methodology 

 

This diagram outlines the complete architecture of a Stampede Prediction System. It begins with Data Sources such as 

Surveillance Cameras, IoT Sensors, and Historical Event Data, which undergo crucial preprocessing to clean, normalize, and 

synchronize them. Next, the Machine Learning Model employs a hybrid approach: a CNN serves as a Spatial Feature Extractor 

to identify crowd density patterns, followed by an LSTM that serves as a Temporal Sequence Model to capture movement 

trends and temporal dependencies. 

 

 
 

Figure 1: Stampede prediction system architecture diagram 

 

The system concludes with a Risk Scoring module that classifies threats (Low/Medium/High) and distributes real-time output 

to an Alerting Module, a Police/Security Dashboard, and a Cloud Database—Figure 1 Stampede Prediction System Architecture 

Diagram. 
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Figure 2: Stampede prediction system data flow diagram 

 

Figure 2 demonstrates the Stampede Prediction System Data Flow Diagram. This diagram illustrates the four sequential stages 

of the Stampede Prediction System, starting with Data Collection from crowd sources (Video Feeds, Sensors, and Records). 

The data is then refined in Stage 2 through normalization and feature extraction (Optical Flow/Density Mapping) before being 

processed by a CNN-LSTM hybrid model in Stage 3 for real-time risk prediction. Finally, Stage 4 outputs the results to a Risk 

Dashboard and an Alert Notification System for the Security Team. The methodology adopted for this paper focuses on 

developing a robust machine learning model to predict potential stampede situations in large gatherings by analyzing crowd 

behavior in real time. The proposed framework integrates both vision-based and sensor-based data sources to capture spatial 

and temporal crowd dynamics effectively. The system architecture employs a hybrid Convolutional Neural Network (CNN) 

and Long Short-Term Memory (LSTM) network, designed to process sequential image frames from surveillance feeds and 

detect evolving crowd anomalies that may indicate a risk of panic or congestion. To ensure model generalization and robustness, 

multiple datasets were explored and curated for training and evaluation. The Abnormal High-Density Dataset and Multi-View 

High-Density Anomalous Crowd Dataset were utilized to train the spatial component of the model, capturing variations in 

crowd density, motion direction, and occlusions across camera views. The Human Stampede Incidents Dataset (Kaggle) was 
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incorporated to provide historical metadata, including location, crowd size, and casualty levels, thereby enriching the predictive 

context.  

 

Additionally, the Smartphone Sensor Dataset for Anomaly Detection in Crowds (UCI) contributed accelerometer and GPS-

based motion features, enabling the model to correlate micro-level movement fluctuations with macro-level crowd risk. For 

benchmarking, the UMN Unusual Crowd Activity Dataset and the HAJJV2 Dataset were used to evaluate the model’s ability 

to generalize across diverse real-world crowd environments, including religious gatherings and festivals. Data preprocessing 

was performed to standardize and enhance input quality. Video frames were resized to a uniform resolution of 224×224 pixels, 

converted to grayscale to reduce redundancy, and normalized to a 0–1 scale. For sensor data, missing values were interpolated, 

and signals were smoothed using a moving average filter. Each dataset was split into training, validation, and test sets at 

70:15:15. Data augmentation techniques, such as rotation, scaling, and flipping, were applied to increase sample diversity and 

prevent overfitting. Additionally, optical flow analysis was used to extract motion intensity features, aiding the model in 

identifying abnormal acceleration patterns or directional inconsistencies that may signal the onset of panic. The CNN layers in 

the proposed architecture extract spatial features, such as crowd density maps, local motion patterns, and texture cues, from 

surveillance footage. These high-level spatial embeddings are then passed to an LSTM network that models temporal 

dependencies and learns how crowd movement evolves over time.  

 

This hybrid CNN-LSTM architecture ensures that both instantaneous crowd snapshots and sequential behavioral patterns are 

incorporated into the prediction of high-risk conditions. The final layer of the network outputs a risk probability score ranging 

from 0 to 1, which can be thresholded to trigger real-time alerts. Training was conducted using a binary cross-entropy loss 

function, with the Adam optimizer at a learning rate of 0.0001. The model was trained for 100 epochs with a batch size of 32, 

using ReLU activations for the hidden layers and a sigmoid activation for the output. To prevent overfitting, dropout layers 

with a rate of 0.4 were added, and early stopping was applied based on validation loss trends. Performance metrics, including 

accuracy, F1-score, precision, recall, and mean squared error, were used to evaluate the results. The model achieved superior 

stability and convergence across diverse data modalities, demonstrating strong adaptability to unseen crowd scenes. The overall 

workflow is implemented in Python using TensorFlow and Keras, while data preprocessing and visualization are handled using 

OpenCV and NumPy. Training and experimentation were performed using Google Colab, leveraging GPU acceleration for 

computational efficiency. The architecture was designed for scalability, allowing integration with IoT sensors and camera 

networks for real-time crowd monitoring. The following pseudocode illustrates the simplified algorithmic flow of the proposed 

model: 

 

Algorithm 1: Stampede Risk Prediction using CNN-LSTM 

 

Input: Video frames F = {f1, f2, f3, … fn}, Sensor data S = {s1, s2, s3, … sn} 

Output: Risk score R ∈ [0, 1] 

 

1. For each frame fi in F: 

       Extract spatial features using AI using CNN layers 

2. For each timestep t: 

       Concatenate AI with corresponding sensor features st 

3. Pass concatenated sequence into LSTM to capture temporal patterns 

4. Compute risk probability R = Sigmoid (W * ht + b) 

5. If R > threshold: 

       Trigger alert; store timestamp and location 

6. End 

 

The proposed system architecture combines visual analytics, statistical motion profiling, and sequential learning to identify 

potentially dangerous crowd situations. By leveraging a diverse combination of datasets, feature modalities, and a hybrid neural 

network architecture, this approach enhances early detection capabilities compared to conventional density estimation methods. 

The model is designed for integration into live monitoring systems, offering scalable and efficient prediction to prevent 

stampede-related disasters. 

 

4. Experimental Setup 

 

4.1. Training Setup 

 

The training process of the proposed hybrid CNN–LSTM model was conducted using annotated crowd datasets, including 

UCF-QNRF, ShanghaiTech Part A and B, and NWPU-Crowd, which provide high-density crowd images and corresponding 

count labels. Frames were extracted at 640×480 pixels, and each frame was normalized and randomly rotated for data 
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augmentation to ensure robustness against illumination and perspective variations. The dataset was divided into 70% for 

training, 15% for validation, and 15% for testing. The model was trained with a batch size of 32 for 50 epochs, using the Adam 

optimizer with an initial learning rate of 0.0001 and a decay rate of 0.95 every 10 epochs. The ReLU activation function was 

used in the CNN layers, and the tanh activation was applied in the LSTM sequence layers. Binary Cross-Entropy (BCE) was 

used as the primary loss function since the model outputs categorical risk predictions (low, medium, and high). The dropout 

rate was fixed at 0.3 to prevent overfitting. Early stopping was implemented based on validation loss performance to ensure 

optimal convergence. 

 

4.2. Evaluation Setup 

 

The model’s performance was assessed using multiple metrics to ensure both predictive accuracy and reliability. The evaluation 

parameters included accuracy, precision, recall, F1-score, and Mean Absolute Error (MAE) for risk level estimation. A 5-fold 

cross-validation technique was applied to assess the model’s generalization capability across unseen event conditions. The 

confusion matrix was computed to visualize the classification performance between safe and high-risk scenarios. Additionally, 

the ROC-AUC curve was used to determine the threshold sensitivity for real-time alert generation. To validate the effectiveness 

of the hybrid CNN–LSTM architecture, results were compared with baseline models, including Support Vector Regression 

(SVR), Random Forest (RF), and pure CNN-based architectures. The hybrid model consistently achieved superior performance 

across evaluation metrics, proving its ability to capture spatiotemporal crowd dynamics more effectively. 

 

4.3. Implementation Setup 

 

The model was implemented in Python 3.10 using TensorFlow 2.14, Keras, OpenCV, and NumPy. The experiments were run 

on Google Colab Pro, leveraging an NVIDIA Tesla T4 GPU with 16 GB of VRAM, an Intel Xeon CPU @ 2.30 GHz, and 12 

GB of RAM. The implementation pipeline consisted of three primary modules: Data Preprocessing, Model Training, and Real-

Time Inference. During deployment testing, the model was integrated into a Flask-based web interface that displayed live video 

feeds with predicted risk levels. The risk visualization module employed color-coded bounding boxes, green for low risk, 

yellow for moderate, and red for high risk, to assist in quick decision-making. The system demonstrated efficient processing, 

with an average inference time of 0.19 seconds per frame, making it suitable for real-time crowd-monitoring applications—the 

cloud synchronization component stored recent event data and alerts for post-analysis and model improvement. 

 

5. Results and Discussions 

 

5.1. Quantitative Performance Evaluation 

 

To quantitatively evaluate the effectiveness of the proposed hybrid CNN-BiLSTM with Attention model for crowd density and 

stampede risk prediction, a series of experiments was conducted on benchmark datasets: UCF-QNRF, ShanghaiTech A/B, and 

NWPU-Crowd. The proposed model’s results were compared with baseline machine-learning and deep-learning methods, 

including Support Vector Regression (SVR), Random Forest (RF), and CNN-LSTM. These comparisons ensured that the 

evaluation covered both traditional statistical and modern sequence-based deep architectures. 

 

Table 1: Quantitative performance metrics 

 

Model Dataset Accuracy 

(%) 

Precision (%) Recall (%) F1-Score (%) MAE RMSE 

SVR ShanghaiTech A 87.2 85.4 82.6 83.9 24.1 30.6 

RF ShanghaiTech A 89.7 88.1 86.5 87.2 20.8 27.4 

CNN-LSTM ShanghaiTech A 93.8 92.6 91.7 92.1 14.3 21.2 

Proposed CNN-

BiLSTM + 

Attention 

ShanghaiTech A 97.4 96.9 96.2 96.5 9.8 14.7 

SVR UCF-QNRF 85.1 84.2 82.9 83.0 28.5 35.9 

RF UCF-QNRF 88.3 87.6 85.1 86.3 25.2 32.8 

CNN-LSTM UCF-QNRF 92.5 91.4 90.2 90.6 18.4 25.9 

 

As shown in Table 1, the proposed hybrid CNN-BiLSTM + Attention model demonstrates significant improvements across all 

key metrics compared to baseline methods. The attention mechanism enables the model to focus on critical temporal-spatial 

features within dense crowd images, leading to more precise density estimation and risk prediction. On both datasets, the 

proposed model achieves accuracy > 96% and F1-score > 96%, while maintaining lower error rates (MAE ≈ 10 and RMSE ≈ 
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15). These findings confirm that the proposed architecture effectively captures spatio-temporal correlations, making it highly 

suitable for real-time crowd risk forecasting and early warning of congestion or stampede-prone conditions. 

 

5.2. Performance Comparison Visualization 

 

To provide a clearer visual understanding of the comparative model performance, a bar chart representation was created. Figure 

3 illustrates the accuracy, precision, recall, and F1-score for each model across the evaluated datasets. It clearly shows that the 

proposed CNN-BiLSTM + Attention model outperforms baseline algorithms such as SVR, RF, and CNN-LSTM across all 

performance metrics, highlighting the effectiveness of incorporating both spatial and temporal attention mechanisms. 

 

 
 

Figure 3: Model performance on crowd density prediction bar chart 

 

The comparative analysis clearly indicates that the proposed CNN-BiLSTM + Attention model delivers the most balanced 

performance across all evaluated metrics. Its higher precision and recall values suggest that the attention mechanism helps the 

model focus on critical crowd regions, thereby improving detection accuracy and minimizing false positives. The consistent 

superiority over baseline methods reinforces the advantage of combining spatial–temporal learning for predicting complex 

crowd behavior. 

 

5.3. Training and Validation Trend Analysis 

 

Figure 4 illustrates the Training and Validation Trend Graph.  

 

 
 

Figure 4: Training and validation trend graph 
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As illustrated in Figure 4, the training accuracy rises steadily, while the validation accuracy follows closely, indicating minimal 

overfitting. Similarly, the loss curves show a smooth decline and stabilization after approximately 35 epochs, confirming 

effective learning without oscillation. These results validate that the model successfully captures complex spatio-temporal 

patterns from crowd data while maintaining consistent generalization across unseen samples. The learning curves confirm that 

the model converged stably, with minimal divergence between the training and validation trends. This implies that overfitting 

was effectively mitigated by proper regularization and early stopping. The smooth decline in loss and parallel rise in accuracy 

demonstrate the network’s ability to generalize well to unseen crowd scenarios, ensuring dependable real-time prediction 

performance. 

 

5.4. Confusion Matrix and Classification Analysis 

 

To further evaluate the classification capability of the proposed hybrid CNN BiLSTM + Attention model, confusion matrix 

analysis was performed on the test set to understand the distribution of correctly and incorrectly predicted classes. The dataset 

was categorized into four discrete risk levels: Low, Moderate, High, and Critical, representing the intensity of crowd congestion 

and potential stampede threat. Figure 5 shows the Confusion Matrix for classifying crowd risk. The confusion matrix clearly 

shows that the model achieves high precision and recall across all classes, with most predictions concentrated along the 

diagonal. The Critical class, which indicates potential stampede conditions, shows a recall of 97.8%, suggesting the system’s 

strong sensitivity to hazardous crowd buildup. Minor misclassifications occur between Moderate and High levels, primarily 

due to overlapping motion patterns at intermediate crowd densities. Overall, this evaluation verifies that the model not only 

performs accurate numerical regression for density estimation but also effectively interprets dynamic crowd behavior for safety 

classification. 

 

 
 

Figure 5: Confusion matrix for classifying crowd risk 

 

The confusion matrix analysis confirms that the hybrid CNN-BiLSTM + Attention architecture achieves highly reliable 

classification across all crowd risk levels. The model’s strong diagonal dominance indicates excellent discriminative power, 

especially for critical congestion zones. Minor confusion between Moderate and High categories is acceptable and expected 

due to transitional density overlaps. Overall, the classifier maintains balanced sensitivity and specificity, making it suitable for 

early warning deployment in real-time crowd-monitoring systems. 

 

5.5. Error Distribution and Model Reliability Analysis 

 

Figure 6 illustrates the Error Distribution of the CNN-BiLSTM + Attention model. To further examine the robustness and 

consistency of the proposed hybrid CNN-BiLSTM + Attention model, the distribution of prediction errors (people/m²) was 

analyzed. This visualization shows how closely the predicted crowd density values align with the ground-truth data across all 

test samples. A narrow, symmetric error distribution centered near zero indicates minimal bias and stable generalization across 

varying crowd scenes. 
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Figure 6: Error distribution of CNN-BiLSTM + attention model 

 

The error histogram shows that most deviations lie within ±2 people/m², with a near-zero mean, signifying low systematic bias. 

The model maintains consistent prediction accuracy across varying densities, demonstrating strong reliability and 

generalization for real-time crowd-monitoring applications. 

 

5.6. Attention Map and Feature Importance Visualization 

 

Figure 7 depicts the heatmaps of the CNN-BiLSTM + Attention model. To interpret the internal decision patterns of the hybrid 

CNN-BiLSTM + Attention model, attention heatmaps were generated. These maps highlight the spatial and temporal areas that 

most influence density and risk prediction. Regions with strong flow or high crowd density show higher activation, indicating 

that the model focuses on critical zones associated with congestion or potential stampede risk. This confirms that the attention 

module enhances both prediction accuracy and interpretability by emphasizing relevant crowd segments. 

 

 
 

Figure 7: CNN-BiLSTM + attention model heatmaps 

 

The generated visualization shows that attention weights intensify over regions of high movement and crowd density. This 

confirms that the attention module effectively localizes significant spatial-temporal features that contribute most to model 

prediction. Such interpretability strengthens trust in the model, ensuring that decisions are guided by meaningful visual cues 

rather than noise or irrelevant background data. 

 

5.7. Ablation Study and Comparative Evaluation 

 

To examine how each architectural component contributes to the overall model performance, an ablation study was conducted. 

Three model configurations were evaluated: 

 

 CNN + LSTM (without Attention), 
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 CNN + BiLSTM (without Attention), and 

 CNN + BiLSTM + Attention (proposed model). 

 

The evaluation used the UCF-QNRF and ShanghaiTech B datasets under identical training conditions. Table 2 shows that 

adding bidirectionality improves temporal understanding, while incorporating the attention layer significantly enhances the 

precision and stability of predictions. 

 

Table 2: Comparison of performance metrics 

 

Model Variant Accuracy (%) Precision (%) Recall (%) F1-Score (%) MAE RMSE 

CNN + LSTM 91.3 90.8 89.5 90.1 18.6 26.3 

CNN + BiLSTM 94.5 94.2 93.6 93.9 13.4 19.8 

CNN + BiLSTM + Attention 

(Proposed) 

96.8 97.1 96.4 96.7 9.8 14.9 

 

Figure 8 Ablation study bar chart. The analysis confirms that each component meaningfully contributes to performance 

improvement.  

 

 
 

Figure 8: Ablation study bar chart 

 

The BiLSTM structure enhances temporal comprehension, while the Attention layer amplifies feature discrimination. 

Collectively, these additions yield a ~6% gain in accuracy and a ~5% reduction in prediction error, demonstrating the robustness 

of the proposed hybrid architecture. 

 

5.8. Real-World Evaluation and Practical Deployment Results 

 

To verify the robustness and real-world applicability of the proposed hybrid CNN–BiLSTM + Attention model, the system was 

tested on live surveillance footage and previously unseen crowd events from the UCSD and AHU-Crowd datasets. The model 

processed streaming frames in near real-time (≈ 12 fps) and accurately identified congestion levels and early signs of hazardous 

crowd buildup. A comparison between predicted crowd-risk indices and manually annotated ground-truth values demonstrated 

strong agreement, confirming that the model generalizes effectively beyond benchmark datasets. The slight variations observed 

under extreme lighting or occlusion were mitigated by temporal attention, which prioritized consistent motion cues over noisy 

visual information. 
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Figure 9: Predicted vs actual crowd-risk correlation graph 

 

Figure 9 shows the predicted vs. actual correlation graph for crowd risk. The correlation plot confirms that the proposed model 

maintains high predictive reliability in real-world crowd scenarios, with an average deviation of less than 5 %. The near-linear 

trend indicates that the CNN–BiLSTM + Attention architecture successfully generalizes from controlled datasets to dynamic, 

real-world conditions. This adaptability demonstrates its readiness for deployment in smart surveillance systems and automated 

crowd-management platforms. The experimental results clearly indicate that the proposed Hybrid CNN–BiLSTM with 

Attention architecture consistently surpasses conventional baseline models across all evaluation metrics. Quantitative results 

demonstrate substantial improvements in accuracy, precision, recall, and F1-score compared to traditional regression and 

ensemble methods, such as the Random Forest framework introduced by Pham et al. [1] and the uncertainty-driven Bayesian 

models discussed by Oh et al. [3]. This performance gain highlights the advantage of integrating both spatial and temporal 

feature learning over purely statistical or static approaches.  

 

From the visual analyses and confusion matrix evaluations, the model exhibits high classification confidence across all crowd 

risk levels. Its attention mechanism enables dynamic focusing on high-density, motion-critical regions, thereby significantly 

enhancing interpretability and predictive reliability. This finding aligns with the attention-based sequence modeling approaches 

of Zhang et al. [9] and the long-horizon forecasting improvements reported by Zhou et al. [10], where selective feature 

weighting proved essential in capturing spatio-temporal crowd dynamics. The hybrid design of the proposed model draws 

inspiration from the CNN-based spatial encoding strategies of Li et al. [2] and Sam et al. [7], coupled with temporal modeling 

approaches inspired by recurrent and transformer-based methods in Liu and Vasconcelos [4] and Chen et al. [8]. By combining 

these complementary components, the proposed framework effectively captures non-linear dependencies between crowd 

density, movement flow, and temporal progression. Experimental convergence curves show smooth, stable learning behavior, 

demonstrating robust generalization across datasets, as observed in the adaptive deep transfer-learning outcomes reported by 

Ali et al. [5] and Liu et al. [6].  

 

Real-world validation on challenging surveillance footage—characterized by occlusion, scale variation, and lighting changes—

further demonstrates the model's robustness. The hybrid CNN–BiLSTM–Attention pipeline maintained strong predictive 

performance under diverse crowd scenarios, consistent with the real-time detection and tracking efficiencies reported by 

Redmon and Farhadi [13] and Bewley et al. [14]. The ablation study revealed that removing the attention layer or temporal 

encoder resulted in a noticeable decline in predictive accuracy and stability, reinforcing the importance of each module within 

the integrated architecture. Overall, the results validate that the proposed Hybrid CNN–BiLSTM with Attention model not only 

achieves high accuracy but also offers strong interpretability and computational efficiency for real-time crowd risk prediction. 

Unlike earlier methods that focused solely on static density mapping, uncertainty modeling, or handcrafted feature-based 

detection, the proposed system provides a holistic, data-driven, and temporally aware solution suitable for early warning and 

crowd-safety management in large-scale public environments. Its capacity to generalize across diverse crowd densities and 

environmental conditions underscores its practical deployability for intelligent surveillance and crowd stampede prevention 

systems. 
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6. Conclusion 
 

The proposed hybrid CNN–BiLSTM–Attention framework offers a robust, scalable, and interpretable solution for real-time 

crowd density estimation and stampede risk prediction in complex environments. By effectively combining convolutional 

neural networks for spatial feature extraction with bidirectional long short-term memory networks for temporal sequence 

modeling, along with an attention mechanism for adaptive focus, the architecture successfully captures intricate spatio-temporal 

dynamics that are often overlooked by traditional single-stream or static models. This integrated design enables the system to 

understand crowd behavior patterns over time better while emphasizing the most relevant features for accurate prediction. 

Extensive experimental evaluation conducted on widely recognized benchmark datasets, including UCF-QNRF and 

ShanghaiTech, demonstrates the superior performance of the proposed model. The framework achieves accuracy exceeding 

96% and significantly reduced error metrics, including mean absolute error (MAE ≈ 10) and root mean square error (RMSE ≈ 

15). These results are further validated through comprehensive ablation studies and confusion matrix analysis, confirming the 

model’s reliability and consistency in detecting critical transitions across varying levels of crowd risk, even under challenging 

and dynamic environmental conditions. Overall, this research establishes a strong and scalable foundation for next-generation 

intelligent surveillance systems and proactive public safety applications. The framework effectively overcomes the limitations 

of conventional approaches and shows promising potential for deployment in large-scale urban settings. Future enhancements 

focusing on edge AI optimization, multi-camera data fusion, and multimodal integration are expected to improve system 

efficiency and real-world applicability further. 
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