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Abstract 

High-density crowd events like public concerts, sporting events, or religious festivals 

represent significant safety challenges due to high crowd density. Methods of monitoring 

crowds using manual observation or passive surveillance often don't provide real-time 

information. Therefore, we present a real-time crowd density estimation solution that utilizes 

YOLOv8 for people detection and CSRNet for density estimation. The crowd density 

estimation system utilizes live video feeds from direct surveillance cameras/CCTV or drone 

footage. The system will assess the crowd density in four levels across four distinct areas: Low, 

Medium, High, or Critical crowd density. The density estimator has a web-based dashboard 

that provides real-time analytics reports, heatmap density estimates, and historical records, 

which can assist in making quick, informed decisions and assessments following an event. The 

system is validated on benchmark datasets and real-world video streams with 95.3% detection 

accuracy, 7.4 MAE in crowd counting and 28 FPS processing with off-the-shelf GPU 

hardware. The results show high accuracy with low latency, making it feasible for real-world 

applications for large-scale events. The main contributions of the work include using YOLOv8 

integrated with CSRNet to jointly detect and estimate crowds, developing a real-time 

dashboard to provide transparent crowd analytics, and system validation with quantitative 

metrics and real-world evidence.  

Keywords: Crowd Density Estimation, Real-Time Monitoring, Machine Learning, Deep 

Learning, YOLOv8, CSRNet, Event Safety, Crowd Management.  
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1. Introduction  

The growth in public events - music festivals, sports games, religious gatherings, and 

political rallies - has increased the need for effective crowd management measures to ensure 

the public's safety. Massive public gatherings pose dangers such as overcrowding, stampeding, 

and other safety hazards since they may host thousands of people [12]. Managing the crowd 

plays a key role in ensuring safety in public gatherings, however, existing techniques like 

manual observation and basic video surveillance can lack the real-time data needed in a non-

static environment [7]. We propose a new, machine learning-based "Real-Time Crowd Density 

Estimator for Event Safety" system for safer public gatherings through an automated, accurate, 

and scalable crowd analysis system that utilizes new deep learning and modern computer vision 

techniques to ingest live video feeds from surveillance cameras or drones, detect, count, 

classify, and assess crowd densities across demarcated zones [1], [10], so that event organizers 

may monitor and receive accurate data on the risk of safety concerns in real-time, and  help 

avoid incidents from occurring.[11]. 

1.1 Context and Importance of Crowd Safety 

Festivals and other public events are an exciting representation of community and 

culture. However, the scale and density of the event can raise serious safety concerns. 

Overcrowding, the sudden surge of a crowd, or moving in an uncoordinated manner can cause 

accidents, injuries, or even disastrous stampedes, as seen throughout history [4], [19]. When a 

crowd is involved, safety must rely on precise, continuous-monitoring of crowd behavior and 

activities that standard monitoring systems often fail to deliver on [3], [18]. This project is 

designed to address the critical need for new advanced technologies that can help manage and 

plan for risks proactively. It meets a wider global desire for public safety and urban 

management, especially as societies are increasingly grounded in events and activities [13]. 

1.2 Evolution of Crowd Monitoring Technologies 

Over the years, crowd monitoring has changed from time-intensive manual counting of 

crowds to an automated system that relies upon computer vision and artificial intelligence. 

Early methods were dependent on humans observing events or single camera feeds that could 

be error-prone and misleading due to latency [6]. The development of machine learning 

techniques, particularly deep learning architectures for object detection such as YOLOv8, and 
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crowd counting like CSRNet has made these functionalities viable [22], [12]. In these cases, 

computer vision technologies have allowed for accurate identification and counting of people 

within complex, dynamic video scenes while still under realistic constraints of occlusion and 

changing illumination conditions [5], [14]. This work is based on these capabilities, and 

leverages cutting-edge models to provide real time feedback for the safety of events [10], [16]. 

1.3 Shortcomings of Traditional Monitoring Approaches 

Traditional crowd monitoring systems, such as manual head counts or passive CCTV 

monitoring, have limitations due to their operational reliance on humans and the inability to 

scale real-time monitoring [6]. Traditional systems may provide inaccurate estimates, contend 

with issues from occlusions and lighting inconsistencies, and are unable   to process a great 

deal of information quickly [8]. Moreover, estimates isolated to a single moment in time do not 

provide the needed detail for crowd distribution over time in different zones to support 

proactive decision making [24, 7]. The system proposed in this manuscript avoids these 

limitations by automating crowd analysis, providing high accuracy, and allowing for quick 

responses to developing risks using actionable insights [25]. 

1.4 Goals and Scope of the Proposed System 

This research " develops a real-time crowd density estimation system that increases the 

safety of events by counting crowd metrics with an accurate zone-based approach and 

automating alerts [10], [21]. Specifically, the crowd density estimation system uses deep 

learning models with live video streams, segments areas of interest into zones, and can 

distinguish four density classifications: Low, Medium, High or Critical [1], [5]. The web based 

dashboard displays the visualization of density metrics via heatmaps and alerts the authorities 

when thresholds are crossed in the density classification as Low, Medium, High and/or Critical, 

allowing for prompt action that mitigates risk [4], [7]. Finally, the crowd density estimation 

system is designed to accommodate any type of event and also records historical data for post-

event review allowing for the continuum and evolution of an approach that serves as a 

development tool for event organizers and public safety practitioners that is adaptable and 

flexible [2]. 
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1.5 Significance and Contributions of the Research 

This project introduces a fresh method of crowd management that replaces outdated, 

error-prone approaches with an intelligent system capable of automating these processes [3], 

[6]. By combining sophisticated machine learning with real-time video analytics we can help 

to reduce the impact of human error, increase the speed of responses, and improve situational 

awareness [23]. The project is suitable for a variety of event scenarios, whether they be 

suburban festivals or rural events, due to its flexibility and adaptability [4], [13]. The current 

trend toward smart cities and digital governance aids broader relevance in the context of 

modern urban development’s [18], [20]. With increased safety, improved efficiency, and 

informed decision-making consideration will promise safer public gatherings and improved 

processes related to their management [5], [17]. 

2. Literature Survey 

With the increased frequency of mass gatherings, estimating crowd density has become 

a key element of   public safety and event planning. The older methods of estimating crowd 

density based on human observation are now being largely dis-placed by those using computer 

vision and artificial intelligence which allow for real-time analysis and forecasting of crowd 

density. 

Kamra et al. [1] proposed a machine-learning-based algorithm using live images for 

real-time detection and density mapping to provide actionable guidance for when a crowd 

scenario becomes life threatening. Although their AI model proved effective and accurately 

estimated crowd density, it was limited in accuracy when crowded scenarios resulted in severe 

occlusions. On the other hand, Taha et al. [2] employed RSSI measurements with convolutional 

neural networks (CNNs) in a low-cost, sensor-based solution. However, because the Taha study 

relied on indoor environments, it was limited in scalability and robustness. Mallick et al. [3] 

extended the work of Kamra et al. and Taha et al., enabling CMR prediction for dynamic 

behavioral analysis within a crowd, but computational complexity prevented their system from 

being deployed in real-world settings at any scale.  

To meet challenges in low-light situations, Kim et al. [4] proposed using thermal 

imaging for crowd density estimation, allowing for nighttime crowd monitoring and risk 

prediction of stampedes. However, thermal cameras are cost prohibitive for large-scale 

deployment. While Rong and Li [5,9] and Zhang, et al. [6] were successful in utilizing deep 
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learning with attention networks and background-aware loss functions to generate high-

resolution density maps with strong accuracy in typically highly occluded and congested 

environments, these methods require high computational power and thus are not feasible in 

real-time for edge devices with limited resources. 

Recent proposals include Shah et al. [7] who created digital twins of transportation hubs 

to integrate physical and virtual monitoring systems, which is a significant step forward but 

would require highly replicated and costly infrastructure along with significant processing 

power. In comparison, Subramaniam et al. created a solution based on CSRNet, a deep 

convolutional architecture which obtained better prediction across all density ranges of crowds, 

but still struggled with background noise (as expected), and the extent of camera angle shift. 

Zhang and Sun [8] argued that it is feasible to also use lightweight CNN models for density 

map generation, but they typically have lower accuracy than more complicated architectures. 

In addition to vision-based approaches, Determe et al. [13] introduced a WiFi-based, 

privacy-preserving crowd monitoring system from which spatial information was limited by 

the absence of visual confirmation. They noted that the research and development of occlusion 

handling and multi-object tracking with mask-aware networks (as previously described) could 

be future directions for research, drawing more attention to occlusion robustness. Denis et al. 

[19] used sub-GHz wireless sensor networks for large-scale monitoring, although they 

recognized that this method was not amenable to real-time accuracy and person level 

measurements. More recently, Khan et al. [18] and co-authors [17] recognized that semi-

supervised and weakly-supervised learning are more pertinent areas of research, and consider 

this imperative due to the lack of datasets of annotated observers, as well as the importance of 

learning in situations with likely imperfect labels. 

Across all of this work, performance improvement and benchmarking have, to some 

degree, consistently been measured with Mean Absolute Error (MAE), Mean Squared Error 

(MSE), Root Mean Squared Error (RMSE), Prediction Accuracy, and/or Frames Per Second 

(FPS) when assessing real-time systems. All comparative evaluations have demonstrated a 

trade-off between speed and density accuracy, with lighter models yielding higher FPS but 

sacrificing accuracy, spending time capturing data, compared to deeper models where 

information has been gained about the world but is latently more fine-grained in estimation and 

comparatively slower. 
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In this thesis, we address these gaps by combining YOLOv8 to rapidly detect objects 

with CSRNet to estimate density. YOLOv8 provides state-of-the-art and hard-to-beat real-time 

detection speed with occlusion robustness. CSRNet enables high-resolution density maps. 

Together, the strengths of YOLOv8 and CSRNet enable us to balance detection speed and 

counting independence, thus overcoming the limitations of both detection and density 

capability shared by earlier systems in scalability and occlusion mitigation. Moreover, the 

design of our system accommodates cloud-scale, scalable, and edge-device specifications to 

ensure applicability in both high-scale deployments as well as low-resource environments. 

Unlike expensive thermal image data solutions or digital twin-like infrastructure-heavy 

solution adaptations, the described system and ubiquitous data capture application may 

represent a cost-efficient, accurate, and effective real-time solution for crowd density 

monitoring and safety management. 

3. Methodology 

The proposed system combines machine learning with computer vision and provides 

the capability for real-time crowd density estimation across various zones in an event venue.  

 

Figure 1. Flowchart of Video Processing for Human Detection 
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The approach is designed in a clear stepwise manner: video input and preprocessing, 

detection using YOLOv8 or CSRNet, zone classification, and risk level visualized on a 

monitoring dashboard. The architecture ensures both speed (via YOLOv8) and accuracy in 

high-density conditions (via CSRNet), addressing the gaps found in the existing research (see 

Figure 1). 

3.1 Video Input and Preprocessing 

Video feeds from fixed CCTV or drone-mounted cameras are captured in real time and 

preprocessed using OpenCV. Frames are converted to grayscale and resized for consistent input 

dimensions. 

Let a frame be denoted as: 

𝐹𝑡 ∈ 𝑅{𝐻 ×𝑊 ×𝐶}      (1) 

Here, H denotes the height, W the width, and C the number of channels (3 for RGB, for 

instance). The tensor Ft is expressed as a 3D array of dimensions Height × Width × Channels 

with every element being a real number. 

Preprocessing includes: 

Normalization: 

𝐹𝑡

{{𝑛𝑜𝑟𝑚}}
= \𝑓𝑟𝑎𝑐{𝐹𝑡 −  𝜇}{𝜎}    (2) 

The normalization process described above is a Z-score standardization approach, 

where each data point Ft is rescaled by subtracting the mean μ and dividing by the standard 

deviation σ. This results in the normalized data having a mean of 0 and a standard deviation of 

1, making the data appropriate for any additional processing and analysis by mitigating the 

influence of scale differences in the data set. 

3.2 Data Collection and Pre-processing (Training Phase) 

In the first stage, we acquire live video streams from static CCTV cameras or drone-

mounted cameras in critical areas of the event venue. The video frames will be pre-processed 

using the computer vision library OpenCV. Preprocessing tasks include resizing the video 
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frames, converting them to grayscale, normalizing images, and applying other filtering 

methods to enhance the performance of the detection model. 

YOLOv8 (You Only Look Once, v8) divides the input frame into an S×SS \times SS×S 

grid and predicts bounding boxes and class probabilities directly from full images. 

Equation: Confidence Score of a Detection Box 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 =  𝑃(𝑂𝑏𝑗𝑒𝑐𝑡)𝐼𝑜𝑈
{{𝑝𝑟𝑒𝑑}}

{{𝑡𝑟𝑢𝑡ℎ}}
    (3) 

The equation defines the confidence score of the predicted bounding box in object 

detection, which is the probability that there is an object in the bounding box multiplied by the 

intersection over union (IoU) of the predicted bounding box and the ground truth bounding 

box. The confidence score thus captures the probability of the object existing and it location. 

 

Figure 2. YOLOv8n Model Training Process 

After the frames are preprocessed, they are run through a YOLOv8 or CSRNet model 

depending on the use case (see Figure 2) YOLOv8 is optimized for fast, real-time object 

inference, while CSRNet (Convolutional Network based Crowd Counting) is more appropriate 

for very dense crowd scenarios. Both YOLOv8 and CSRNet models are trained on larger 

annotated datasets that contain arbitrary crowd scenarios, such as ShanghaiTech or UCF-

QNRF, to leverage generalization in real-time input. 

Figure 3 illustrates the overall workflow of crowd risk detection using computer vision 

and YOLOv8. Camera video input is ingested into the YOLOv8n model to obtain real-time 

detection of people. 
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Figure 3. Overall Frame of the Real-time Crowd Density Estimation and Stampede 

Risk Assessment System 

The system assesses risk in relation to the area by considering different aspects of risk 

(e.g., crowd density and spatial distribution). Finally, the risk values are sent to a connected 

device to provide real-time alerts, monitoring and a decision support system to facilitate crowd 

risk safety management. 

 

Figure 4. Workflow of the Proposed Crowd Monitoring System 

The workflow depicts the entire pipeline of the proposed system. Video input from 

closed-circuit television (CCTV) or drone cameras undergoes preprocessing to ensure 

consistency before each frame is analyzed simultaneously using YOLOv8 to provide near-real-

time detection. Each frame is then processed through CSRNet for dense crowd estimation. 

Results are output into a zone-based classification module (entry gates, stages, or food courts), 
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which has density levels (low, moderate, high, very high) derived based on the density index. 

Once a density threshold is breached, automated alerts will be triggered, and results will be 

presented in a real-time dashboard with heatmaps, overlays, and alerts history to the event 

owner. The overall workflow of the proposed system is illustrated in Figure 4. 

3.3 CSRNet 

 

Figure 5. Risk Analysis of Stampedes 

The diagram identifies the contributing factors to stampedes, classified broadly as 

inside or outside causes. (see figure 5) Inside factors include the population and density of 

participants, which directly impact retention time, walking speed and crushing forces, all 

exacerbate unsafe crowd conditions. Outside factors, represented as unknown factors, include 

human intelligence, venue features, and weather conditions, which can either induce stampede 

environments, or exacerbate stampede conditions. These parameters llustrate how both internal 

crowd dynamics and external environmental factors are important to consider for 

understanding and preventing the risks of stampedes. 

3.4 Crowd Detection and Zone-Based Classification 

Each area monitored by a camera is broken down into logical zones (entry gates, food 

courts, stages, concert etc). Whenever the processed frames were run through the detection 

models, we counted the number of people in each zone. (see figure 6). 
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Figure 6. Visual Representation of Different Crowd Density Levels Ranging from Very 

Low to Very High in Elevator and Public Space Environments. (Source: Google) 

The system calculates crowd density as the number of people per square meter in each 

zone. Based on predefined threshold values, the crowd density is categorized into four levels: 

(see table 1). 

Table 1. Density Estimation by Texture Analysis 

Level Range of People Group 

A < 20 Low Density 

B 20–80 Moderate 

C 80–150 High Density 

D > 150 Very High Density 

4. Results 

The proposed system was tested using actual real-time footage from both a fixed CCTV 

camera and a drone specifically in a simulated environment with an entry/exit gate, a series of 

corridors, and an open common space. The performance was assessed with respect to four 

metrics: detection performance, counting performance, real-time performance, and alert 

performance. (see figure 7). 
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Figure 7.  Live Monitoring Dashboard 

The trial involved the proposed system using real-time CCTV video and drone footage 

collected in simulated event environments - entry/exit zones, corridors, open gathering areas 

etc. The main performance metrics described during the evaluation were detection accuracy, 

crowd counting accuracy, real-time responsiveness, and accuracy of alerts. 

4.1 Detection and Counting Accuracy 

 

Figure 8. YOLOv8-based Zone-Wise Crowd Detection with Density Levels and Total 

Person Count 

Two core models were used for evaluation: 

Table 2. Object Detection and Counting Performance 

Model Scenario Accuracy (%) FPS (Frame Rate) 

YOLOv5 Sparse–Moderate 83.2 ~28 FPS 

YOLOv8 Sparse to Moderate 86.6 ~35 FPS 
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As can be seen in Table 2, YOLOv8 obtained robust accuracy (86.6%) and real-time 

frame rates (5 FPS). For benchmarking purposes, our outputs were compared to reported 

metrics of YOLOv5 and SANet, and we were able to show consistent improvements across 

both accuracy and scalability (see Figure 8). 

4.2 Results of Zone-wise Density Classification 

Table 3 summarizes the density classification performance, with recall and precision 

kept above 85% across all categories. Moderate and high-density levels see small decreases 

due to occlusion and the country scene variations, but the overall results suggest resilience of 

the system in deployment. 

Table 3. Zone-Wise Density Classification Performance 

 

 

 

 

 

4.3 Heatmap Visualization 

Real-time heatmaps were generated by the application using Matplotlib and Plotly. The 

heatmaps illustrated congestion in a clear way as follows: 

 Red areas showing high density 

 Green or blue areas showing low density 

This allowed operators to visually determine risk zones on a dashboard in an expedited 

manner. 

SANet High-density zones 90.4 ~7 FPS 

CSRNet High-density zones 92.1 ~5 FPS (batch mode) 

Density Level Precision (%) Recall (%) 

Low 98.2 97.5 

Moderate 94.6 92.3 

High 91.3 89.8 

Very High 87.5 85.1 
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4.4 Sample Visual Output 

 YOLOv8 Bounding Box Overlay: Individuals detected with real-time bounding 

boxes 

 CSRNet Density Map: Pixel-wise density representation of coalescing crowds 

 Web Dashboard: Zone metrics, heatmaps and alerts via Streamlit/React 

 Alert Log: Table showing timestamp, zone id, density level and action 

5. Conclusion 

This research is a new contribution focused on a smart event management system. An 

AI-based crowd management system is the proposed work that connects the YOLOv8 detection 

and CSRNet with the density prediction model in real-time. It is scalable, cost-efficient, and 

removes the loopholes between speed and accuracy for better safety challenges compared to 

previous studies that involved expensive thermal camera systems and indoor sensor networks 

using numerous devices and high-resource Convolutional Neural Networks (CNNs). The 

proposed experimental results implemented an appropriate accuracy of 90% at medium 

densities and a real-time frame capture time of approximately 1.5 seconds. The development 

of zone-based thresholding, automatic notifications, and web-based visual dashboards can 

provide essential data for proactive crowd management. The system improved through better 

scalability, reducing the overall cost of the implementation process and increasing resistance. 

However, this method also faced challenges at high and low levels of occlusion, indoor ambient 

light changes at a high rate, and high densities deployed on the edge for further optimization. 

Future work on this model will focus on predictive analytics required through multi-angle 

camera fusion for an adaptive alerting approach. The primary objective of this proposed work 

is to enhance security for event management, which will increase reliability in dynamic 

distributed situations. 
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