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Abstract: Image-based crowd estimation has gained significant attention due to its applications in crowd 

management, urban planning, and event security. This abstract provides a comprehensive overview of the state-

of-the-art techniques in image-based crowd estimation using deep convolutional neural networks (CNNs). The 

complexity of crowd scenes, with varying densities, occlusions, and lighting conditions, poses a formidable 

challenge for accurate crowd estimation. Deep CNNs have emerged as powerful tools for addressing these 

challenges, leveraging their ability to automatically learn hierarchical features from data. The architecture 

selection process involves choosing suitable CNN architectures, such as VGGNet, ResNet, or specialized crowd 

counting networks, based on the specific requirements of the application. Data plays a crucial role in training 

these models. A diverse dataset comprising images of crowded scenes is collected and annotated with ground 

truth crowd counts. Preprocessing steps, including resizing, normalization, and data augmentation, enhance the 

network's ability to generalize across different scenarios. The training process involves optimizing the network 

parameters through backpropagation, minimizing the discrepancy between predicted and ground truth crowd 

counts. Post-processing techniques are then applied to refine the crowd count predictions. These may include 

filtering mechanisms to address issues like double counting or false positives. The evaluation of the model's 

performance is conducted on a separate test dataset, employing metrics such as Mean Absolute Error (MAE) and 

Mean Squared Error (MSE) to quantify the accuracy of crowd estimations. Deployment of the trained model in 

real-world scenarios involves integrating it into larger systems for crowd management or utilizing it as a 

standalone tool. Continuous monitoring and potential retraining are essential for adapting the model to evolving 

environments and requirements. Image-based crowd estimation using deep CNNs represents a promising avenue 

for addressing the challenges associated with diverse crowd scenes. The advancements in this field contribute to 

enhancing the capabilities of crowd management systems, urban planning tools, and security applications, 

fostering a safer and more efficient interaction with crowded environments. 

Keywords:  Crowd Estimation, Image Analysis, Deep Learning, Convolutional Neural Networks (CNNs), 
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Introduction:  

The exponential growth of urban populations and the increasing prevalence of large-scale events have 

underscored the critical importance of crowd estimation in various domains, including public safety, event 

management, and urban planning [1]. Traditional methods for crowd estimation often relied on manual counting 

or simplistic computer vision techniques, which were limited in their accuracy and scalability. However, with 

the advent of deep learning, specifically Deep Convolutional Neural Networks (DCNN) [2], a revolutionary 

transformation has taken place in the field of crowd estimation, enabling more precise and efficient analysis of 

complex crowd scenes from images. Crowd estimation involves the quantification of the number of individuals 

present in a given area, making it an integral component of crowd management and urban surveillance systems 
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[3]. Traditional methodologies struggled to cope with the challenges posed by diverse crowd dynamics, 

occlusions, and varying lighting conditions. Deep learning, particularly DCNNs, has emerged as a game-changer 

by leveraging hierarchical feature learning, enabling the automated extraction of intricate patterns and 

representations from images [4]. Deep Convolutional Neural Networks (DCNNs) have gained prominence 

owing to their ability to automatically learn spatial hierarchies of features directly from pixel-level data [5]. This 

hierarchical learning approach enables DCNNs to discern complex patterns and relationships within images, 

which is crucial for accurate crowd estimation [6]. By processing images through multiple convolutional layers, 

DCNNs can effectively capture both local and global features, allowing them to understand the intricate details 

of crowded scenes. One of the key advantages of employing DCNNs for crowd estimation lies in their 

adaptability to diverse datasets [7]. Unlike traditional methods that often struggled with variations in scene 

complexity, DCNNs can be trained on large and diverse datasets, allowing them to generalize well to different 

crowd scenarios. This adaptability is particularly advantageous in real-world applications, where crowd 

dynamics can vary significantly across different environments, such as stadiums, urban squares, or transportation 

hubs [9]. The evolution of DCNNs for crowd estimation can be traced back to pioneering works that sought to 

address the limitations of conventional approaches. Researchers have explored different architectures and 

training strategies to enhance the performance of DCNNs in crowd analysis tasks [9]. Techniques such as transfer 

learning and fine-tuning [10] have proven effective in leveraging pre-trained models on large datasets, leading 

to improved generalization and robustness in crowd estimation applications. The field continues to advance, 

researchers are not only focusing on counting individuals but also on extracting more detailed information, such 

as crowd density maps and trajectory predictions [11]. The ability of DCNNs to capture spatial dependencies 

enables the generation of density maps, providing a richer understanding of crowd distribution within a given 

space. This information is invaluable for urban planners, security personnel, and event organizers in optimizing 

crowd flow and ensuring public safety [12]. In this era of smart cities and intelligent surveillance systems, the 

integration of image-based crowd estimation using DCNNs holds immense potential for transforming the way 

we manage and understand crowd dynamics. The following sections of this exploration will delve deeper into 

the underlying principles of Deep Convolutional Neural Networks, the methodologies employed in training and 

fine-tuning models for crowd estimation, and the practical applications and challenges associated with 

implementing such systems in real-world scenarios [13]. Through this comprehensive investigation, we aim to 

shed light on the transformative impact of DCNNs on image-based crowd estimation and envision the future 

possibilities that lie ahead in this dynamic field. 

Related Work: The proposed work under consideration is an interdisciplinary field that involves aspects of 

computer vision, image processing, deep learning, and agriculture. A brief description of the existing literature 

is given as under:  In [14] the author offers a multi-task, patch-based deep convolution neural network for crowd 

tally. Counting people and estimating density are other training approaches for this network. In [15] the author 

suggested a multi-panel CNN that is altered to take perspective distortion related changes in head size into 

consideration. A filter of receptive fields in the big, medium, and tiny sizes is contained in each of the three 

columns of the multi-column design. As a result, the errors associated with perspective distortion can be 

minimized. In [16] a Cascaded CNN architecture is introduced that enables end-to-end multitask crowd 

enumeration and density valuation. The resulting density map demonstrates high accuracy with minimal 

counting inaccuracies. [17] introduces a contextual pyramid of CNNs to create accurate crowd density maps. 

Learning to categorize the input pictures and their patches into different densities allows one to gain both the 

global and local contexts. A ADCrowdNet is proposed in [18], an architecture based on convolutional neural 

networks, to address crowd comprehension in densely populated and noisy environments. ADCrowdNet 

effectively tackles challenges such as noise, obstructions, and varying crowd disseminations usually encountered 

in vastly congested and noisy conditions, [19] proposes an Inception Dense Estimator Network, a method based 

on inception that uses deep learning to calculate population density from a crowd picture, (IDEnet). Due to the 

inception-based network's high degree of modularity, new image-processing jobs may be readily added or 

changed. A framework designed for counting individuals in crowd recordings characterized by low to medium 

density is put forwarded in [20]. The framework utilizes an advanced detector called Faster-RCNN to identify 

pedestrians within crowd videos. To address false positives, Motion Guided Filters are employed, resulting in an 
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improved mean average accuracy across all detections. [21] introduces an approach for near real-time crowd 

enumeration based on DCNN (Deep Convolutional Neural Networks). The method offers several advantages, 

including the utilization of NVIDIA GPU parallel framework for High-performance Computing. It provides a 

rapid and adaptable solution for processing video feeds from cameras, offering innovative solutions that can be 

deployed for disaster management and emergency evacuation without the need for explicit system configuration.  

Model description and Methodology: Image-based crowd estimation tackles the challenge of accurately 

quantifying crowd sizes and densities using visual data. Traditional methods are time-consuming and subjective, 

prompting the need for automated techniques. This research aims to develop computer vision and machine 

learning algorithms to overcome challenges like occlusions, perspective distortions, lighting variations, and 

complex crowd dynamics. Improved crowd estimation techniques have widespread applications in urban 

planning, event organization, and public safety. The problem of image-based crowd estimation can be 

formulated as follows: Given an input image (or video frame) of a crowded scene, estimate the number of 

individuals present in the image. This can be done through various techniques such as object detection, image 

segmentation, and density estimation. The goal is to develop a model that can accurately estimate the crowd 

density in an image and count the number of individuals present in the image. The problem of image-based 

crowd estimation involves using images, such as those captured by cameras or drones, to estimate the location. 

The goal is to develop algorithms that can automatically analyze the images and properly calculate the population 

of the crowd. Some of the key challenges in this problem include dealing with variations in crowd density, camera 

perspective, and lighting conditions. Additionally, it is important to consider the privacy and ethical implications 

of using images of individuals in this way. The approach to conducting research for this project is presented in 

Figure 1. 

 

 

Figure 1: Proposed Methodology 

The prime objective of this training is to utilize deep learning techniques in developing a model that can learn 

and analyze crowd characteristics, enabling the prediction of crowd density levels. This research aims to 

facilitate efficient crowd supervision and incident inhibition in crowded environments. The aim is to automate 

crowd counting without human involvement to effectively handle crowds in a specialized and timely manner. 

To achieve this, a dataset consisting of photographs depicting various crowd sizes was utilized. The focus was 

on determining the number of heads within densely populated areas. Given the need to avoid crowds to prevent 

the spread of Covid-19, maintaining distance from crowds and providing support to security personnel in 

crowd dispersal can help mitigate accidents as shown in figure 2. 
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Figure 2: Proposed CNN Classifier 

The most substantial part of the enumeration system is data acquisition, and choosing a suitable sample for 

machine learning trials is imperative. The dataset of crowd estimation was gathered from the Internet for this 

study. The dataset contains 1198 images of the ShanghaiTech dataset. The preparation phase involves 

augmenting the existing dataset by incorporating additional photographs through the utilization of a 

segmentation technique. The image is divided into nine separate, non-overlapping segments, and density maps 

are generated for each segment. The total count of heads within each map indicates the number of heads present. 

Furthermore, understanding the distribution of the total count across the segmented images is crucial. To 

facilitate this, a dot map is initially formed for the whole image before being divided into segments. The count 

and positions of heads within a particular image segment are represented by the sum and places of "1" in the 

corresponding section of the dot map. The complete dot map is also necessary for labeling purposes. During this 

stage, the primary feature of the image, namely the headcount, is extracted. Subsequently, the headcount of each 

image is utilized to classify them collectively. The images are then separated into 20 and 33 classes for two 

separate trials. To shift the focus from counting to density estimation, the approach involves creating multiple 

classes that encompass different assortments of crowd counts. These classes are carefully chosen to represent 

precise density levels, with higher levels indicating a higher risk of congestion situations. In this phase, a Deep 

Convolutional Neural Network with three convolution layers (DCNN3) is proposed for crowd enumeration in a 

given scene. 

Results: Deep learning models have been used to estimate crowd density maps from an input image as shown 

in figure 3, where each pixel in the density map represents the crowd density at the corresponding location in 

the input image as shown in figure 4.. Some models are designed to directly predict the count of individuals in 

a crowd from an input image. Besides counting, there is also emphasis on accurately localizing individuals in 

the crowd. Object detection techniques within CNNs can be applied for this purpose. Robustness to changes in 

scale, viewpoint, and occlusion has been a focus, allowing models to perform well under different conditions. 

Techniques like data augmentation have been utilized to improve model generalization by creating variations in 

the training data. Pre-trained models on large datasets or related tasks have been used as a starting point, followed 

by fine-tuning on specific crowd estimation datasets.  
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Figure 3: Test Image for density detection in 

Crowd estimation. 

Figure 4: Density map represents the crowd 

density at the corresponding location 

  

Figure 5: Training Accuracy, Validation 

Accuracy, Training Loss and Validation Loss. 

Figure 6: Training and Validation Accuracy 

at 30 Iterations 

 

Training Accuracy the percentage of correctly classified samples in the training dataset. It is calculated as the 

number of correct predictions divided by the total number of training samples as shown in figure 5 and figure 6. 

While high training accuracy indicates that the model is learning well on the training data, it doesn't necessarily 

guarantee good performance on new, unseen data. Validation Accuracy measures the percentage of correctly 

classified samples in a separate validation dataset. The validation dataset is not used during the training process 

and serves as an independent evaluation set. Training Loss is a measure of how well the model is performing on 

the training data. It represents a quantitative measure of the difference between the predicted values and the 

actual values for the training samples. validation loss measures the difference between predicted and actual 

values, but it is computed on the validation dataset. It provides an indication of how well the model generalizes 

to new, unseen data. An increase in validation loss may suggest overfitting, especially if training loss is 

decreasing. 

Conclusion:  

As the population increases, crowd analysis is becoming increasingly important, especially in events like 

political rallies, sporting events, and music concerts where crowd gatherings are more common. Crowd analysis 

encompasses tasks such as estimating crowd density and conducting in-depth analysis. Both traditional methods 

that rely on manually engineered features and methods founded on Convolutional Neural Networks (CNNs) can 

be employed for these purposes. CNN-based techniques can be further categorized based on the training 
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procedure, network characteristics, and image perspective. Examining crowd density poses various challenges, 

including occlusion, non-uniform density, changes in scale, and viewpoint variations. Traditional methods are 

typically limited to handling low-density crowds. However, when comparing the accuracy of different traditional 

and CNN-based techniques, it becomes evident that CNN-based approaches are better suited for handling dense 

crowds with varying object scales and scene perspectives. Different models can be used for classification, but 

CNN appears to be more accurate than other models. It is used as a backbone for many computer vision tasks 

like crowd estimation. CNN classified images and counted 131 people on 100 epochs. The model's accuracy will 

improve as the size of the dataset is increased. 
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