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ABSTRACT:  

Accurately estimating the number of objects in a single image is a challenging yet meaningful task and has been 

applied in many applications such as urban planning and public safety. The development of the techniques for 

crowd counting can be generalized to other related fields such as vehicle counting and environment survey, if 

without taking their characteristics into account. Therefore, many researchers are devoting to crowd counting, 

and many excellent works of literature and works have spurted out. In these works, they are must be helpful for 

the development of crowd counting. In this paper, we have surveyed over 220 works to comprehensively and 

systematically study the crowd counting models, mainly CNN-based density map estimation methods. Finally, 

according to the evaluation metrics, we select the top three performers on their crowd counting datasets and 

analyze their merits and drawbacks. Through our analysis, we expect to make reasonable inference and 

prediction for the future development of crowd counting, and meanwhile, it can also provide feasible solutions 

for the problem of object counting in other fields. We provide the density maps and prediction results of some 

mainstream algorithm in the validation set of NWPU dataset for comparison and testing. Meanwhile, density 

map generation and evaluation tools are also provided. 

Keywords: Convolutional Neural Network (CNN), ReLU, Graphics Processing units (GPUs), YOLO algorithm 

and  LIDAR.   

                       

1.INTRODUCTION: Over the past few decades, an increasing number of research communities, have 

considered the problem of object counting as their mainly research direction, as a consequence, many works 

have been published to count the number of objects in images or videos across wide variety of domains such as 

crowding counting, cell microscopy, animals , vehicles , leaves  and environment survey . In all these domains, 

crowd counting is of paramount importance, and it is crucial to building a more high-level cognitive ability in 

some crowd scenarios, such as crowd analysis and video surveillance. As the increasing growth of the world’s 

population and subsequent urbanization result in a rapid crowd gathering in many scenarios such as parades, 

concerts and stadiums. 
  In these scenarios, crowd counting plays an indispensable role for social safety and control 

management. Considering the specific importance of crowd counting aforementioned, more and more 

researchers have attempted to design various sophisticated projects to address the problem of crowd counting. 

Especially in the last half decades, with the advent of deep learning, Convolution Neural Networks (CNNs) 

based models have been overwhelmingly dominated in various computer vision tasks, including crowd 
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counting. Although different tasks have their unique attributes, there exist common features such as structural 

features and distribution patterns.  

Fortunately, the techniques for crowd counting can be extended to some other fields with specific tools. 

Therefore, in this paper, we expect to provide a reasonable solution for other tasks through the deep excavation 

of the crowd counting task, especially for CNN-based density estimation and crowd counting models [1]. Our 

survey aims to involve various parts, which is ranging algorithm taxonomy from some interesting under-

explored research direction. Beyond taxonomically reviewing existing CNN-based crowd counting and density 

estimation models, representing datasets and evaluation metrics, some factors and attributes, which largely 

affect the performance the designed model, are also investigated, such as distractors and negative samples. We 

provide the density maps and prediction results of some mainstream algorithm in the validation set of NWPU 

dataset for comparison and testing. Meanwhile, density map generation and evaluation tools are also provided. 

To develop a model this can perform all the major operations in crowd counting i.e. counting the number of 

persons in an image by drawing a rectangular box.  

The problem of crowd counting has been studied for research purpose for quite some time. For too long, 

countless precious lives have been lost in stampedes. In countries with huge festivals, crowd management is a 

serious issue.  

One popular festival is ‘Kumbh Mela’, in India. It may be almost impossible to control the crowds in 

such scenarios, but the respective authorities can always take the precautionary controls before risk occurs. 

Human beings do not have the ability to count people in crowds, but we can make intelligent machines and 

programs that can do it easily. Artificial Intelligence can achieve this easily. There is nothing like magic in the 

field of AI, but we have various algorithms and approaches which solve our problems mathematically. The most 

important thing we need to create a crowd estimation system is data- a good dataset with proper information 

always helps developers to create a model. Another important thing is the choice of mode. We have various 

models which provide different level of accuracy for different dataset. 

1.1 Paper Organization: The rest of this paper is structured as follows. Section 2 briefly depicts the 

background methodology. Section 3 describes the proposed method. In Section 4 Experimental outcomes 

are examined and in Section 5 conclusions and future scope are finally summarized. 

 

2. BACKGROUND METHODOLOGY: The problem of crowd analysis in videos comprises a wide 

range of sub problems. In the subsections that follow, we describe a representative subset of studies that address 

the major tasks associated with analyzing high density crowded scenes. These studies are grouped into four 

commonly studied problems within crowd analysis: modeling and segmenting the motion of a crowd, the 

estimation of crowd density, detecting and tracking individuals in a crowded scene, and modeling collective 

crowd events and behaviors. 

2.1 Crowd Motion Modeling and Segmentation 

Learning typical motion patterns of moving objects in the scene from videos is an important visual surveillance 

task given that it provides algorithms with motion priors that can be used to improve tracking accuracy and 

allow for anomalous behavior detection. Typically, given an input video, the goal is to partition the video into 
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segments with coherent motion of the crowd, or alternatively find (multiple) dominant motion directions at each 

location in the video. 

A significant amount of effort has been placed on studying this problem in the context of typical surveillance 

scenarios which contain low-to-medium person densities. More recently, a number of studies have begun to 

focus on segmenting motion patterns of high density scenes. Several crowd flow segmentation works represent 

crowd motion patterns using low-level features computed over short temporal extents, such as an optical flow. 

These features are then combined with Lagrangian particle dynamics or simple agglomerative clustering 

algorithm to partition a crowd video sequence into segments with single coherent motion. Multiple dominant 

motions at each location of the crowd video can be found using latent variable topic models applied to optical 

flow. Vectors clustered into a motion vocabulary. 

An alternative representation of crowd motion patterns forgoes directly incorporating low-level motion features 

in favor of mid-level features such as object tracks. The main thrust behind these approaches resides in the fact 

that they allow for long-term analysis of a scene and can capture behaviors that occur over long spatiotemporal 

extents. For example, point trajectories of pedestrians or traffic within a scene (such as a cross-road) can be 

clustered into coherent motion clusters. Trajectories which do not match any of the clusters can be then flagged 

as abnormal events. 

2.2 Estimating Density of People in a Crowded Scene 

Determining the density of objects in a scene has been studied by a number of works. The objective of most of 

the studies that focus on this problem is to provide accurate estimates of person densities in the form of people 

per squared meter or person counts within a given spatiotemporal region of a video. 

A significant number of density estimation methods are based on aggregating counts obtained from local object 

detectors. In these approaches an object detector is employed to localize individual person instances in an 

image. Having obtained the localizations of all person instances, density estimation can proceed in a 

straightforward manner. A number of these methods are not particularly well suited for crowded scenes, given 

they assume that pedestrians are disconnected from each other by the distinct background color such that it may 

be possible to detect individual instances via a Monte Carlo process, morphological analysis, or variational 

optimization. This class of methods tends to generate accurate density estimation within the bounds of the 

previously mentioned assumptions. 

Another density estimation paradigm is based on regression. This class of methods forgoes the challenges of 

detecting individual agents and instead focuses on learning a mapping between density and a set of global 

features. Lempitsky and Zisserman cast the problem of density estimation as that of estimating an image density 

whose integral over any image region gives the count of objects within that region. Learning to infer such a 

density is formulated as a minimization of a regularized risk quadratic cost function. A linear transformation of 

feature responses that approximates the density function at each pixel is learned. Once trained, an estimate for 

object counts can be obtained at every pixel or in a given region by integrating across the area of interest. 

 A number of regression-based methods begin by segmenting the scene into clusters of objects and then proceed 

to regress on each of the clusters separately. For example, Chan et al. segment crowd video using a mixture of 

dynamic textures. For each crowd segment, various features are extracted, while applying a perspective map to 

weight each image location according to its approximate size in the real scene. Finally, the number of people per 
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segment is estimated with Gaussian process regression. Ryan et al. use foreground/background segmenter to 

localize crowd segments in the video and estimate the count of people within each segment using local rather 

than global features. 

However, most of the above discussed methods have been evaluated in low/medium density crowds, and it is 

not clear how they would perform in heavily crowded scenes. 

 

2.3 Crowd Event Modeling and Recognition 

Over the years event modeling has traditionally been limited to scenes containing low density of people. 

However, recently, the computer vision community has begun to focus on crowd behavior analysis. There are 

several complementary approaches to solving the problem of understanding crowd behaviors. 

The most conventional approach to modeling crowd events is the “object based” paradigm, in which a crowd is 

considered as a collection of individuals (bounding boxes, segmented regions, etc.). Ke et al. propose a part-

based shape template representation that involves sliding the template across all possible locations and 

measuring the shape matching distance between a subregion of the input sequence and the manually generated 

template. 

2.5 ROI COUNTING 

Cong, Yang, et al, 2009 and Riachi, Shirine, et al, 2014 have highlighted that the ROI counting can be 

developed using two techniques:   

2.5.1Detection Based Techniques 

These approaches detect people individually and count them. It utilizes any of the following process 

Background Differencing, Motion and Appearance joint segmentation, Silhouette or shape matching and 

Standard object recognition method [2].  

 

 

2.5.2Feature Based and Pixel Regression Techniques 

These approaches extract the features such as foreground pixels and interest points. And vectors are formed with 

those features and it uses machine learning algorithms to subside the number of pedestrians or people. Some of 

the common features according to recent survey are edges, wavelet coefficients, and combination of large set of 

features. Some of the common Regressions are Linear Regression, Neural Networks, Gaussian Process 

Regression and Discrete Classifiers. 

 

Figure 2.1 Survey Model 
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2.6 Object Detection 

To explore the concept of object detection it is useful to begin with image classification. It goes through levels 

of incremental complexity.  

Image classification: aims at assigning an image to one of a number of different categories (e.g. car, dog, cat, 

human, etc.), essentially answering the question “What is in this picture”. One image has only one category 

assigned to it. 

Object detection: provides the tools for doing just that –  finding all the objects in an image and drawing the so-

called bounding boxes around them. There are also some situations where we want to find exact boundaries of 

our objects in the process called instance segmentation, but this is a topic for another post. 

 

Figure 2.2 Object Detection 

Most of these cells and bounding boxes will not contain an object. Therefore, we predict the value pc, which 

serves to remove boxes with low object probability and bounding boxes with the highest shared area in a 

process called non-max suppression. 

 

Figure 2.3 Non-Max Suppresion 

2.6.1 TECHNIQUES USED FOR OBJECT DETECTION 

Object detection is a computer technology related to computer vision and image processing that deals with 

detecting instances of semantic objects of a certain class (such as humans, buildings, or cars) in digital images 

and videos. Well-researched domains of object detection include face detection and pedestrian detection. Object 

detection has applications in many areas of computer vision, including image retrieval and video surveillance. 
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In a more conventional sense, it is the process of detecting every object in the scene along with classifying their 

labels and finding the bounding box (or polygons) of that object. 

The last section consists of latest techniques like YOLO, Retina Net, RCNN, Fast-RCNN, Faster-RCNN and 

Mask RCNN. 

 

3. PROPOSED METHOD: Proposed method for this project is YOLO. This section includes in detail 

explanation of YOLO and its importance. Why YOLO is important and efficient than any other methods and its 

effective functionality is explained. 

 

Figure 3.1 Framework 

3.1 YOLO: Most of the Machine Learning projects that we are considering in the company I recently joined 

involve in one way or another some kind of object detection. Object detection in images means not only identify 

what kind of object is included, but also localize it inside the image (obtain the coordinates of the “bounding 

box” containing the object). In other words, detection = classification + localization. 

You Only Look Once is a state-of-the-art, real-time object detection system. It was originally developed around 

2015 and outperformed every other technique at that time. YOLO has its own neat architecture based on CNN 

and anchor boxes and is proven to be an on-the-go object detection technique for widely used problems. With 

the timeline, it has become faster and better, with its versions named as: YOLO V1, YOLO V2, YOLO V3, 

YOLO V4 and YOLO V5. YOLO V2 is better than V1 in terms of accuracy and speed. YOLO V3 is not faster 

than V2 but is more accurate than V2. 

Image classification is one of the many exciting applications of convolutional neural networks. Aside from 

simple image classification, there are plenty of fascinating problems in computer vision, with object 

detection being one of the most interesting. It is commonly associated with self-driving cars where systems 

blend computer vision. 

LIDAR and other technologies to generate a multidimensional representation of the road with all its participants. 

Object detection is also commonly used in video surveillance, especially in crowd monitoring to prevent 

terrorist attacks, count people for general statistics or analyze customer experience with walking paths within 

shopping centers. 

3.2 CNN: The name “convolutional neural network” indicates that the network employs a mathematical 

operation called convolution [1]. Convolution is a specialized kind of linear operation. Convolutional networks 
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are simply neural networks that use convolution in place of general matrix multiplication in at least one of their 

layers. Artificial Intelligence has been witnessing a monumental growth in bridging the gap between the 

capabilities of humans and machines. Researchers and enthusiasts alike, work on numerous aspects of the field to 

make amazing things happen.  

One of many such areas is the domain of Computer Vision. The agenda for this field is to enable machines to 

view the world as humans do, perceive it in a similar manner and even use the knowledge for a multitude of tasks 

such as Image & Video recognition, Image Analysis & Classification, Media Recreation, Recommendation 

Systems, Natural Language Processing, etc. The advancements in Computer Vision with Deep Learning has been 

constructed and perfected with time, primarily over one particular algorithm — a Convolutional Neural 

Network [1]. 

 

 

 

 

 

 

  

       Figure 3.2 Flow chart 

3.3 DATASET:DATASETS With the blooming development of crowd counting, numerous datasets have been 

introduced, which can motivate many more algorithms to cater to various challenges such as scale variations, 

background clutter in the surveillance video and changeable environment, illumination variation in the wild [3]. 

In this section, we review almost all the crowd counting datasets from beginning up to now.  

 

Figure 3.3 Methodology 



 

77 | P a g e  
 

 

Figure 3.4 Dataset 

The dataset is divided in two formats: (a) original images with corresponding annotation files and (b) positive 

images in normalized 64x128 pixel format (as used in the CVPR paper) with original negative images. 

Annotations are the bounding box ( a rectangular box around the detected object) with the corresponding class 

label [4]. Normalization of image is done in order to get proper histogram of image. During Computer Vision 

problems, images are generally normalized in the range of (0, 1) by doing this the error/ loss can be decreased 

rapidly hence faster convergence of model. But in general we can transform image into desired range. 

 

Figure 3.5 Samples of dataset 

4. EXPERIMENTAL RESULTS: we will discuss the results of the project in the forms of the screen shot 

pics from the mobile which shows the crowd count. 
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The above picture shows the count of the crowd and which is represented with the rectangular boxes for the 

people and count will be present on the screen like on the above.  

 

DISCUSSION: 

There were hundreds of people at the event – counting them manually will take days! That’s where your data 

scientist skills kick in. You managed to get photos of the crowd from each session and build a computer vision 

model to do the rest! 

There are plenty of other scenarios where crowd counting algorithms are changing the way industries work: 

 Counting the number of people attending a sporting event 

 Estimating how many people attended an inauguration or a march (political rallies, perhaps) 

 Monitoring of high-traffic areas 

 Helping with staffing allocation and resource allotment 

 

5. CONCLUSION AND FURURE SCOPE: 

5.1 CONCLUSION: 

As we rely on machines and algorithms to automate and speed up various processes we would still leverage 

human intelligence/keep them in loop. Use of automation would reduce service bottleneck and human burnout 

by using machine to tackle repetitive time consuming tasks. 

 This would let human beings do what they are good at doing. With automation human beings would have more 

free time to handle relationship building (give their clients/people around them the gift of time and attention) 
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and/or tackle scientific research and discoveries. Leveraging AI human would have a chance to provide service, 

produce consumable at a rate to keep up with the growing and aging population. 

 We propose a novel end-to-end single column model called DSNet to estimate crowd count accurately, based 

on the dense dilated convolution blocks with dense residual connections [5]. These two components enlarge 

scale diversity and receptive field of features that can handle the issue of large scale variations to perform well 

on counting the number of people in images.  

We further introduce a novel loss to enforce the density level of estimated density maps to be consisted with 

corresponding ground truth maps at different scale levels. Our proposed approach achieves state-of-the-art 

results on four public challenging crowd counting datasets, on all evaluation metrics. 

 

5.2 FUTURE SCOPE: 

Intelligent crowd counting and its analysis are a future development of traditional handcrafted methods. By 

leveraging the tight integration of machine-learning and artificial-intelligence technologies with traditional 

crowd-counting techniques, intelligent crowd counting and its analysis provide advanced features such as 

adaptive control for dynamic crowd gatherings, and their wide-area monitoring/surveillance. These advanced 

features can improve many crowd-management-related tasks in terms of efficiency, capacity, reliability, and 

safety. CNN-CC techniques can effectively support many applications that require adaptive monitoring, 

identification, and management over diverse crowd-gathering horizons[6]. In this article, we presented in each 

subcategory, we discussed the latest research articles in terms of their key features, used datasets, and 

architectures.  

The counting accuracy of whole-image-CNN-CC is improved by exploiting semantic and locality-aware 

features, and density-level classification. For future work, we will integrate Restricted Boltzmann Machines 

(RBMs) into a CNN-based crowd-counting network. Further, we will enhance the accuracy and quality of 

estimated density maps by using varying receptive fields. Besides accuracy, we are interested in reducing the 

computational cost (number of parameters) of CNN-based crowd-counting networks 
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