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Abstract

Crowd analytics with video-based analytics is a major research area, and crowds are being monitored automatically for
surveillance and public safety. The proposed work proposes a frame-based crowd density estimation model that has the
ability to work on both image and video inputs with four different machine learning-based density estimation models.
The input videos are extracted as frames, and images and frames are pre-processed into grayscale, normalization, and
noise removal. The work proposes a crowd density estimator, namely the Gradient-Texture Crowd Density Estimator,
Multi-Scale Crowd Density Estimator, Context-Aware Smooth Crowd Density Estimator, and Global-Context Crowd
Density Estimator, to compute frame-wise crowd density maps and density scores in the proposed framework. The
density values estimated for each frame are aggregated to analyze the progressive crowd behavior. A comparative
evaluation is presented based on the metrics such as Mean Absolute Error, Mean Squared Error, density entropy,
prediction variance, runtime, as well as density level and density maps. The experimental results underline that the best
overall performance is achieved by the Gradient-Texture Crowd Density Estimator, since this method offers stable density
estimation with the least computational overhead. The proposed framework provides an efficient, scalable, and real-time
performance solution for crowd density estimation in video analytics and smart surveillance systems.
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Introduction

Due to the increase in the rate of urbanization and the number of events where a significant number of people come
together, the need arises for intelligent crowd surveillance systems. Crowd analytics, a subfield of video analytics, plays a
critical role in the safety of the crowd, crowd management, and overall decision-making in areas such as airports, malls,
sports stadiums, and cities. Normally, the conventional way of crowd surveillance is inefficient, error-prone, and cannot
be applied on a massive scale. This brings into focus the need for automatic and vision-based crowd analytics surveillance
systems [1].

It is important to note that crowd density estimation is an imperative dimension of crowd analytics, providing numerical
information with respect to the number of individuals as well as their density in the given images. It is essential for the
early detection of crowded locations, anomalies, and possible dangerous situations. Although more recent achievements
have contributed greatly to the increased accuracy of crowd counting, the existing recent-state solutions prove complex,
requiring an enormous number of images from the training database, as well as an enormous number of calculations [2].
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This work responds to the issues described by proposing a frame-level crowd density estimation approach using a frame-
based crowd density estimation system for the processing of images and videos using simplified density estimation
models. Videos are broken down into distinct frames. Further processing of images and frames is conducted using the
grayscale and normalization methods for the reduction of complexity. Four different models for estimating crowd density
have been proposed in this work and have been used in the current work for estimating the crowd density scores for the
videos using the models named the Gradient-Texture Crowd Density Estimator, the Multi-Scale Crowd Density Estimator,
the Context-Aware Smooth Crowd Density Estimator, and the Global-Context Crowd Density Estimator [3].

A comparative assessment is carried out in terms of the average density value, density variance, and the computation
time in every frame, in order to determine the best algorithm. From the experimental outcome, it is noted that the
Gradient-Texture Crowd Density Estimator performs better while consuming low amounts of computation time. A
scalable solution for the real-time crowd density estimation technique of the smart surveillance system is presented in
[4]. The remaining portion of this work contains a Literature review section, methodology in "Materials and Methods"
section, experimental results and future discussion in the "Results and Discussion" section and Conclusions.

Literature review

Gao et al. [1] presented an in-depth review of crowd counting/density estimation via the application of deep learning
approaches, dividing the techniques of crowd counting into detection-based approaches, regression-based approaches,
and density maps approaches.

Patwal et al. [2] examined recent deep learning techniques being used in crowd counting, focusing on the effect of
occlusion, perspective transformation, and dense crowds on accuracy and considering density map-based techniques as
more accurate in dense scenarios.

Fan et al. [3] surveyed state-of-the-art crowd counting approaches and identified current trends, noting that many
existing methods aim for improved accuracy at the expense of high complexity, thereby making them unsuitable for real-
time analysis.

Wang et al. [4] suggested a lightweight convolutional neural network architecture for crowd density estimation on edge
devices and thereby demonstrated that the simplicity of a model can significantly improve the efficiency of a process
with acceptable accuracy of results.

Wang M et al. [5] discovered crowd density estimation combined with edge intelligence, enhancing the reputation of
effective frame-level dispensation and scalability for real-time video-based surveillance classifications.

Deng et al. [6] presented a crowd density estimation prototype optimized for real-time video-based surveillance,
strengthening the necessity for harmonizing computational efficiency and accuracy in practical apps.

Khan et al. [7] explored efficient crowd counting via structured knowledge transfer, which enabled small models to excel
with reduced computational complexity.

Zhang et al. [8] offered a comprehensive review of convolutional neural network-based techniques for crowd counting
and density estimation and provided insights into the evaluation metrics and benchmark datasets that are commonly
utilized in the calculations carried out in this study.
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Materials And Methods
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FIGURE 1: Proposed work.

The UCF Crowd Segmentation Dataset comprises 38 high-density crowd videos and has been widely used as a basis for
crowd segmentation and flow analysis jobs. The dataset enables realistic crowd behavior and analysis based on motion
and was first proposed by Saad Ali and Mubarak Shah at CVPR 2007 and is meant for use with due citations in any
research work. The starting point of this work is a crowd-related video dataset, which is essentially the input of this
system. The video information has a frame sequence; hence, the initial task of this system is frame extraction, in which a
video is fragmented into a set of image frames, further exposed to investigation [9].

Gradient-texture crowd density estimator

This algorithm determines crowd density by examining patterns related to the gradient and textures in image frames. It
detects intensity variations in an image, which could be edges or textures generated in denser regions of crowds. The
algorithm can work in real-time, meaning there is no significant delay in determining crowd density.

Multi-scale crowd density estimator

The Multi-Scale Crowd Density Estimator calculates crowd density based on the analysis of image features across various
scales. This feature helps in dealing with differences in crowd scales and perspectives as it focuses on both fine and
coarse scales for crowd density analysis. The drawback of this algorithm is that it consumes more computation and
processing time.

Context-aware smooth crowd density estimator

This algorithm focuses on incorporating local contextual information to make the density estimates smooth across
neighboring regions. By incorporating the relationship of surrounding pixels, it minimizes noise and sudden fluctuations
in the density map. It yields a visually smooth density map but may lower sensitivity to fine-grained changes in density.

Global-context crowd density estimator

Overall scene information is used by this estimator to estimate crowd density. Long-range spatial dependencies and
global distribution patterns within the frame are captured. However, it usually results in higher computational cost and
may be less responsive to changes in local density.

Once the frames have been extracted, there is a pre-processing stage that enhances the quality of the extracted data and
allows for some degree of uniformity. At this stage, there is grayscale conversion, which simplifies complexity by
concentrating on intensity and reducing complexity by ignoring color; normalization, which establishes a set intensity
range for pixels; and noise reduction, which eliminates unwanted variation in the frames. All these measures improve
visual clarity and simplify complexity. At this point, the pre-processed images (Figure 2) are then subject to density
estimation based on deep learning algorithms. At this stage, four different algorithms for crowd density estimation are
used separately [10]: Gradient-Texture Crowd Density Estimator, Multi-Scale Crowd Density Estimator, Context-Aware
Smooth Crowd Density Estimator, and Global Context Crowd Density Estimator on the same frames, estimating density
differently for each frame based on the algorithms used in Figure 7.

The input of this stage includes the pre-processed frames, and the output includes a set of density values and density
maps for each of the algorithms. The outcomes are then treated based on performance assessment, such as accuracy,
stability, scalability, and runtime. After a comparative analysis of performances, the best-suited algorithm is determined.
As illustrated in the diagram, based on comparative performance analysis, the Gradient-Texture Crowd Density Estimator
has been identified as the best-suited algorithm because of its optimized accuracy, stability, and faster processing speed
[11]. As illustrated in the diagram, it represents a complete systematic approach that starts from raw video inputs and
progresses until arriving at a suitable algorithm that can perform effective crowd analysis accurately and efficiently.
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Results And Discussion

Experimental setup

The experiments were conducted using Python and TensorFlow deep learning frameworks on a system equipped with an
Intel Core i7 processor, 16 GB RAM, and NVIDIA GPU support. The proposed framework was evaluated using the UCF
Crowd Segmentation Dataset containing high-density crowd videos. The input videos were converted into frames and
resized before pre-processing operations such as grayscale conversion, normalization, and noise reduction (Figure 2). The
extracted frames were processed using four different crowd density estimation approaches: Gradient-Texture Crowd
Density Estimator, Multi-Scale Crowd Density Estimator, Context-Aware Smooth Crowd Density Estimator, and Global-
Context Crowd Density Estimator. The performance evaluation was carried out using Mean Absolute Error (MAE), Mean
Squared Error (MSE), density entropy, prediction variance, and runtime metrics.

To evaluate the performance of the proposed method, several features are measured. MAE in persons per frame defines
the accuracy of the prediction, while MSE in the square of persons per frame defines the penalty for higher errors in
marker prediction [12]. Entropy of density, measured in bits, defines the crowd density, while the variance of prediction in
the square of persons per frame defines the stability of the prediction of density. Runtime in milliseconds per frame
defines the efficiency of the algorithm. All the factors collectively give compact feedback about the proposed approach.

Algorithm MAE MSE Density entropy Prediction Runtime
variance

Gradient-Texture 73 9,272 18 56,327 271

Crowd Density

Estimator

Multi-Scale Crowd 256 106,241 17 224,682 266

Density Estimator

Context-Aware 324 188,414 18 557,163 290
Smooth Crowd

Density Estimator

Global-Context 372 387,008 18 710,211 266
Crowd Density

Estimator

TABLE 1: Evaluation metrics.

MAE, mean absolute error; MSE, mean-squared error.

Table 7 presents the performance comparison of four crowd density estimation algorithms in terms of MAE, MSE, density
entropy, prediction variance, and runtime. The Gradient-Texture Crowd Density Estimator has the least MAE (73) and the
least MSE (9272) among all the algorithms, reflecting that the predicted value of density by this approach is closest to the
ground-truth data [13]. In addition, it has lower variance in prediction (56,327), indicating more stability and consistency
in the estimated density between frames. Although its runtime is relatively higher (271 ms) than that of the multi-scale
method, the improved accuracy and stability make this the most effective overall approach. The Multi-Scale Crowd
Density Estimator demonstrates a moderate performance with respect to its higher MAE (256) and MSE (106,241) values
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compared to the gradient-texture approach. Its low entropy of density (17) reflects reduced variation of density
distribution; however, the increased prediction variance indicates reduced consistency in the frame-wise predictions. On
the other hand, the Context-Aware Smooth Crowd Density Estimator has a higher MAE (324) and MSE (188,414),
indicating its reduced accuracy in estimation. While the incorporated smoothing mechanism helps to keep the entropy
values consistent (18), it results in a significant increase in prediction variance (557,163) and runtime [14].

Raw Extracted Frame

FIGURE 2: Before and after pre-processing.

Figure 3illustrates a density estimation map and a density estimation level for a given input as an image and a video. For
video input, it converts into frames and predicts density estimation for each frame, generated by a deep learning
algorithm called Gradient-Texture Crowd Density Estimator [15].
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FIGURE 3: Density estimation for gradient-texture crowd density estimator.

Figure 4 illustrates the density estimation map and the density estimation level for a given input as an image and a video.
For video input, it converts into frames and predicts density estimation for each frame, generated by a deep learning
algorithm called Multi-Scale Crowd Density Estimator [7].
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FIGURE 4: Density estimation for multi-scale crowd density estimator.

Figure 5illustrates the density estimation map and density estimation level for a given input as an image and a video. For
video input, it converts into frames and predicts density estimation for each frame, generated by a deep learning
algorithm called Context-Aware Smooth Crowd Density Estimator [10].
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FIGURE 5: Density estimation for context-aware smooth crowd density estimator.

Figure 6 illustrates a density estimation map and density estimation level for a given input as an image and video. For
video input, it converts into frames and predicts density estimation for each frame, generated by a deep learning
algorithm called Global-Context Crowd Density Estimator [12,15].
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FIGURE 6: Density estimation for global-context crowd density estimator.

For future work, integrating state-of-the-art deep learning architecture models will help improve the accuracy of density
estimation in extreme crowd situations. The model can be developed further to facilitate real-time execution with edge
computing and multi-camera fusion for large-scale surveillance systems. Implementing temporal models and adaptive
thresholding can help improve behavior prediction and anomaly identification of crowd behavior. Investigation of
greater datasets will support the progress of the generalization and strength of the future models.

Conclusions

In this work, a frame-based density estimation technique has been proposed for video analysis using four different
density estimation approaches. From the experimental analysis, it has been observed that the Gradient-Texture Crowd
Density Estimator performs better compared to other density estimation approaches in terms of MAE, MSE, density
entropy, prediction variance, runtime, as well as density level and density maps. This work provides a scalable, clear and
efficient technique for progress with real-time crowds and is used for real-time crowds’ analysis or surveillance systems in
smart cities.
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