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1. INTRODUCTION

Efforts in crowd estimation have gained traction across various domains such as exhibition centers,
stadiums, airports, and metros, driven by the need for automated surveillance systems. However, estimating
crowd size presents inherent challenges due to partial visibility of individuals within crowds, exacerbated by
increasing density and variations in color and texture. Existing methodologies, including those based on closed-
circuit television (CCTV) systems in urban settings like London and Genoa, employ sample image processing
techniques such as background cancellation and edge detection to extract crowd features. Firstly, the
background cancellation presented in [1][2], is used to measure the area occupied by the crowd relative to the
background. Edge detection is an alternative idea to measure the total perimeter of all areas occupied by people.

Secondly, to extract important features, the image processing technique described in [3][4] estimated the
crowd density using the gray-level dependency matrix method [5] to perform texture analysis and neural
networks. They are implemented according to Kohonen’s Self Organizing Map (SOM) model for the task of
estimating crowd density. Marana ef al. presented in [6] a technique for automatic crowd density estimation
based on the minkowski size of the image of the monitored area.

Thirdly, there are various image image techniques that can be used for designing an algorithm to classify
and estimate the number of people in a crowd area. In [7], the crowd classification is performed using a global
learning algorithm (Hybrid Global Learning-HGL) that combines the least squares method along with various
global optimization methods, e.g. Random Rearch (RS), Simulated Annealing (SA) and Genetic Algorithm
(GA). For head detection, the concept of neural network-based face detection can be considered [8]. However,
not everyone will face the camera directly. Therefore, the right side or left side of the people in the crowd will
also need to be observed in an image. In this case, the outline of a human head would be a better choice than a
human face to detect people in a crowd. Authors in [9] used Haar wavelet representation to capture structural
similarities between instances of a class of objects such as pedestrians, and Support Vector Machine (SVM)
[10] was used for classification in these articles.

Based on the literature, it can be seen that there are many different techniques to estimate crowd density.
Researchers inspired the impetus for work. Most of the studies of these related papers are based on crowd
density estimates. The estimated result of their study is usually the density of a crowd as suggested by Polus et
al. [11]. However, evaluations of the crowd density often vary from case studies. Therefore, an alternative idea
of estimating the number of people in a crowd is proposed in this paper. Moverover, for certain purposes,
simplifying the problem or accelerating performance, the system is limited that it only targets a fixed local area
to estimate crowd density. When the estimation system is set up in some place, it must first take a reference
image that does not contain any people, and some parameters need to be modified. These systems lack
generality and robustness.

Several approaches in literature have tackled crowd density estimation using diverse methodologies,
including texture analysis, neural networks, and minkowski size estimation. However, many existing methods
primarily focus on estimating crowd density, which may not always align with practical applications where
estimating the actual number of people is crucial. Moreover, current systems often lack generality and
robustness, limiting their applicability across different environments.

The introduction of this paper aims to address these gaps by proposing a novel approach to estimate the
number of people in crowds using a single image. We draw inspiration from recent advancements in crowd
estimation methodologies, including detection-then-counting, direct count regression, and density map
estimation. While these approaches offer valuable insights, they also have limitations in handling diverse crowd
densities and complexities.

The proposed approach builds upon these methodologies, leveraging a hybrid training strategy to enhance
accuracy and efficiency in crowd estimation. By integrating key insights from existing methods and introducing
a novel single loss function, our approach offers a promising solution to the challenges of crowd size
estimation. In the subsequent sections, we provide a detailed description of our proposed methodology and
present experimental results to validate its effectiveness compared to state-of-the-art techniques.

2. RELATED RESEARCHS

Most of the first studies for the detection-then-counting [12]-[14]. The crowd size estimation by detecting
or segmenting individual objects in the scene. These image processing approachs have to address major
challenges from two aspects. Firstly, they produce more precise results (e.g., bounding boxes or masks of
instances) than the total computation and are mainly suitable in lower density crowds. In overcrowded scenes,
clutters and severe congestion make it impossible to detect people, despite advances in the related fields [15]-
[17]. Secondly, training object detectors requires box mask annotations or examples, which is much more labor
intensive in dense crowds. Therefore, most current count datasets only provide a one-point label per object.
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To avoid the more complex detection problem, various researchers have proposed the direct count
regression to directly learn the mapping from image features to their counts [18]-[20]. Previous methods in
[21]-[23] rely on hand-crafted features, such as SIFT, LBP, etc., and then learn the regression model. Recent
methods [24][25] uses deep CNNs for end-to-end learning. Authors proposed in [24] a method to extract a set
of high-level image features via CNN and then map the features into local quantities using Long Short-Term
Memory (LSTM). These direct regression methods are more efficient than detection-based methods, however,
they do not fully utilize available point monitoring.

There are types of density map estimation methods [25]-[27] take advantage of location information to
learn a map of density values for each training sample. The final count estimate can be obtained by aggregating
on the predicted density map. Lempitsky and Zisserman [25] proposed to convert point annotations into density
maps of Gaussian kernels as ground-truth. They then trained their models using the least squares objective.
This type of training framework has been widely used in recent methods [26][27]. Furthermore, thanks to the
excellent feature learning ability of deep CNN, the CNN-based density map estimation method [28][24][29],
[30]-[32] has achieved high performance for crowd counting. A key problem of this framework is how to
determine the optimal size of the Gaussian kernel which is influenced by many factors. The models are trained
by a loss function that applies supervision in a pixel-to-pixel manner to make matters worse. Obviously, the
performance of such methods depends heavily on the quality of the density maps produced on the ground.

Several studies observed that crowd counting benefits from mixed training strategies for the hybrid
training. For example, multi-task, multi-loss, efc. This approach takes advantage of mixed experts in that the
detection-based model can accurately estimate crowds in low-density scenes while the density map estimation
model is good at handle crowded scenes. However, this method requires external pre-trained human detection
models and is less efficient. Some researchers propose the combining multiple losses to support each other.
Zhang et al. [33] proposed to train a deep CNN by optimizing the pixel-wise loss function and the global
quantity regression loss. The similar training method was applied by Zhang, Idrees et al. compared with these
loss functions. The proposed single loss function is simpler and more effective.

3. THE PROPOSED METHOD
In this study, the crowd estimation model are proposed to use the Bayesian algorithm and the VGG-19
(Visual Geometry Group) model. The Bayesian algorithm is illustrated in Figure 1.
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Figure 1. The Bayesian algorithm model
3.1. Motivation

Let {D (x,) >= 0:m = 1,2,...,M} be the density map, where x,,, represents the 2D pixel location
and M is the number of pixels in the density map. Let {(z,, y,,):n = 1,2,..., N} denote the point annotation
map for the sample image, where N is the total number of crowds, z,, is the starting point location, y,, = n is
the corresponding label. The point annotation map contains only one pixel per person (usually the center of the
head), is not sparse, and contains no information about object size or shape. It is difficult to directly use such
point annotation maps to train a density map estimator. A common remedy for this difficulty is to convert it
into a density map of “ground-truth” using the Gaussian kernel.

Dgt( ) def i]\{»( 21 ) i 1 ( ”xm - Zn”% (1)
Xm) = X Zny 07 Loyo) = —— exXp(— 52
n=1 n=1 2no 20
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where NV (Xp,; X, 02155, )represents the 2D Gaussian distribution evaluated at x,,,, with the mean at point
z, marked, and the isotropic covariance matrix 621,,..

Various recent studies use the above “ground-truth” density map as the learning target and train the
density map estimator using the following loss function:

M
[baseline — Z F(D9(x,,) — D= (x,,)) @
m=1

Where F(+) is the distance function and D®¢ is the estimated density map. If a Gaussian kernel of fixed
size is adopted o ¥ const, it is assumed that all people in the data set have the same head size and shape,
which is obviously not true due to the distribution occasional crowds, perspective effects, efc. An alternative
is to use an adaptive Gaussian kernel [21] for each n: g,, < d,,. Where d,, is a distance that depends on the
nearest neighbors in the spatial domain, assuming that the crowd is uniformly distributed. Some other methods
use specific information such as camera parameters to obtain more accurate perspective maps, but in general
such information is not available.

We argue that point annotations in available crowd counting datasets can be considered as weak labels
for the density map estimation. It is more reasonable to make annotations instead of learning objectives. Loss
functions that impose strict, pixel-to-pixel supervisions in the Eq. (2) on density maps are not always beneficial
for enhancing quantity estimation accuracy when used to train the CNN model, because it forces the model to
learn incorrect information or even erroneous information.

3.2. The Bayesian Loss

Let x be a random variable representing the spatial position and y be a random variable representing the
annotated starting point. Based on the above discussions, instead of converting point annotations into density
maps of the “ground-truth” generated by the Equation (1) as the learning objective. The likelihood of x,,, given
the label of y,, can be proposed as:

p(x = x|y = Yn) = N (Xom; Zn, 0212x2) 3)

To simplify the notation, we ignore the random variables x and y in the following formulas, for example,
Eq. (3) becomes p(x, | Y1) = N (X} Zn, 6215,,). According to the Bayes’s Theorem, given a pixel location
X, in a density map, the posterior probability of x,,, having y,, can be calculated as.

Ol = PEmIIPOR __pCnlypGn) - pGinIn)
P |Xm p(Xm) n=1 P X | y)P () N 2y W
N Xm; Zn, 0%1543)

rlgle(xm; Zn, 0212x2)
In the Eq. (4), the third equality holds when assuming the prior probability p(y;,) for each class label y,,,
e p(y) = %, without loss of generality. In practice, if we know in advance that crowds are more or less

likely to appear in certain places, p(y,,) = %, can be applied.

By using the posterior label probability p (¥, |x,,) and the estimated map density D", the Bayesian loss
can be derived. Let ¢ji* denote the amount that x,,, contributes to y,, and c, be the total relative to y,, the
expectation of ¢, can be expressed as.

M M M
> c;”] = D ER] = ) pOulu)D (o). )

Obviously, the number of ¢,, ground-truths at each annotation point is one, therefore, the loss function
can be expressed as.

Elc,] = E

N
L = %" F(1 - Ele]) ©)
=1

where F (+) is the distance function and apply ¢, distance in the experiments. A special case should be handled
when there are no objects in the training images. In such a scenario, the sum of the density map is forced to
zero. The proposed loss function is distinct and can be easily applied to a given CNN using a backpropagation
training algorithm.
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At the inference stage, the posterior label probability p(y,|x,,) does not have to know in advance, because
the estimated density map is aggregated, p(y, |x,,) can be eliminated as.

M N M

c= if?[cn] = i i POl D= () = D pOalt) D (i) = D D= () ()
n=1 1

n=1m=1 m=1n= m=1

3.3. The Background Pixel Model

For background pixels that are far away from any annotation points, assigning them to any y,, label is not
meaning ful. To better model the background pixels, an additional background label is introduced y, = 0, in
addition to the initial labels {y, = n:n = 1,2,..., N}. Therefore, the posterior label probability can be
rewritten as.

PG |Xm)P () _ P [Yn)
N1 POl X)) + Dl yo)p o) Tmey P |yn) + 2 (m |v0)

p(ynlxm) = )

The final Equation is simplified with the assumption p(y,)= p(y,) = HLN, without loss of generality.
Similarly, the probability can be re-constructed as.

P(Xm|Yo)
PO S b Genlon) + P lyo) )
The expected quantity can be determined for each person and for the entire background as.
M
Ele,] = ) pOnlta)D® () (10)
m=1
M
Elol = ) pQolem)D®* Con). (in
m=1

In this case, the summation over the entire density map of ¥M_, D®!(x,,) includes the number of
foregrounds Y'¥_, E[c, ] and the number of backgrounds E[c,]. Obviously, the background need to count to be
zero and the foreground count at each annotation to be one. Hence, the advanced loss function can be expressed
as.

[Bayes — Z F(A—E[c,]) + F(O—E[co)) (12)

n=1

Figure 2 Illustration of the geometry of a pseudo-background point, where x,,, represents a pixel in the
density map, zJ* is the nearest start point, and z§* is the identified pseudo-background point.

O .- | .
-y
O - ’

Figure 2. Illustration of the geometry

To determine the background probability, the pseudo background score can be constructed for each pixel
according to the following Equation (13).

xm_zrrln

zt =z +d——m—
0 " ”xm _Z111n||2’

(13)

where z]"* represents the nearest start point of x,,, and d is a parameter that controls the amplitude between the
start point and the pseudo-background points. It can be seen from Figure 2 that the pseudo-background point
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defined zJ", for pixels x,,, away from the start points. It can be assigned to an alternate background label. The
Gaussian kernel is also used to determine the background likelihood as.

(d = llxm — za'll2)?

P |Yo) & N (s 28", 0%1550) = Tomg P (- 252 )

(14)

3.4. The VGG-19 Model
VGG-19 has 16 convolution layers grouped into 5 blocks. After every block, there is a Maxpool layer
that decreases the size of the input image by 2 and increases the number of filters of the convolution layer also
by 2. The dimensions of the last three dense layers in block 6 are 4096, 4096, and 1000 respectively. VGG
classifies the input images into 1000 different categories. As there are two output classes in this study the
dimension of fc8 is set to two. There are other variations of VGG such as VGG-11, VGG-16 and others. VGG-
19 has 19.6 billion flops. VGG is a deep CNN used for image classification. The layers in the VGG-19 model
are described in Figure 3. It can be briefly as follows:
e  The fixed size of RGB (Red-Green-Blue) image (224x224) is given as input to this network, which means
the matrix has shape (224, 224, 3).

e  The only preprocessing performed is that they subtract the average RGB value from each pixel, which is
calculated over the entire training set.

e  The kernels used are of size (3x3) with a stride size of 1 pixel, which allows them to cover the entire
concept of the image.

e  Spatial Padding has been used to preserve the spatial resolution of the image.

e  Max Pooling is performed on windows of 2x2 pixels with stride 2.

e  This is followed by a rectified linear unit (RELU) to introduce non-linearity to make the classification
model better and to improve computation time when previous models used This Tanh or Sigmoid function
proved much better than the models.

e Implemented three fully connected layers from which the first two layers have size 4096 and then one
layer has 1000 channels for 1000-dimensional ILSVRC classification and the last layer is softmax.

= o~
o -— w o] =
o ] ] = =8 8 2 in our case
) w w ()] oy w
e T s £ T Ty T T Y Y ™ ™ =
= W= ol o] |eu]| | o (el [ev] e
3| (38 8 |8 |8 8|8 S| B |5 |5 26 (B |6 |6 <
- - © . -1 - - - © - o u -
= £ e & gl 1@l Il |l £ ol 2] 1= |ad]| & || [=F] 5] || £
Eb% »E»% rlgb’-"r? ng‘;b;bg R N N N P%ngg
38 88l 18181818 8/18/1818 18/18|18/18 S
ol O Ol O ol oo o ol |3 ol 1S ol ol o] |lo 3 2 3
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Figure 3. The VGG-19 model architecture

The VGG-19 network is a deep neural network designed to extract features from images. It is called VGG-
19 because it has 19 floors (layers) in its architecture. The first layer of VGG-19 is the input layer and the last
layer is the output layer, in which the output layer will output the classification probability of objects in the
image. Each layer in the VGG-19 network is designed to find different features of the image. The first layers
of the VGG-19 network are called convolutional layers. These layers use filters to extract different features of
the image. These features can be lines, edges, colors or objects in the image.

The convolutional layers will continue to connect with the activation layers to help the model learn non-
linear functions, thereby helping the model be able to find more complex features from the convolutional layers.
Then, fully connected layers are used to combine the features extracted by the previous layers. These layers
help the model learn classification rules from features in the image. Finally, the output layer will produce the
image classification results. In the case of VGG-19, the output layer is a softmax layer, which allows the model
to output the classification probabilities of objects in the image. In this paper, we use the pretrained VGG-19
model combined with the Bayesian-loss function to improve accuracy and reduce errors for the problem of
estimating the number of crowds.
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4. RESULTS AND DISCUSSIONS

Based on the theory presented in previous Sections, this Section presents the experimental model and
expected results followed by simulation results. Two widely metrics are used for evaluation are the Mean
Absolute Error (MAE) and the Mean Squared Error (MSE). MSE and MSE penalize larger errors more,
inflating or increasing the mean error value due to the square of the error value. They are defined as.

K
1
MAE = 2 ) [Ny = Gil, (15)
k=1

(16)

where K is the number of test images, N}, and Cj, are the number of ground-truths and the number of estimates
for K" images, respectively.

4.1. Datasets

Experimental evaluations are performed using four widely used crowd counting benchmark datasets:
UCF-QNREF [34], UCF_CC 50 [35], ShanghaiTech [36] part A and part B. Datasets are used for trainning and
testing that can be briefly described as follows.

UCF-QNREF [34] is the latest and largest crowd counting dataset consisting of 1.535 images collected
from Flickr with 1.25 million point annotations. This is a challenging dataset because it has a wide range of
numbers, image resolutions, and lighting conditions. The training set has 1.201 images and the remaining 334
images are used for testing.

ShanghaiTech [36] includes Part A and Part B. In Part A, there are 300 images for training and 182 images
for testing. All images are crawled from the internet, and most of them are images of very crowded scenes such
as protests and major sporting events. Part B has 400 training images and 316 testing images taken from busy
streets in Shanghai. Part A has a significantly higher density than Part B.

UCF_CC_50 [35] contains 50 grayscale images with different resolutions. The average count per image
is 1.280, and the minimum and maximum counts are 94 and 4.532, respectively. Since this is a small-scale
dataset and does not split the defined data for training and testing, we perform a five-fold cross to get the

average testing results. The data set includes images and corresponding annotation files as described in Figure
4.

Name Date modified Type Size Name Date modified Type Size

[B] img 0001 jpg 7/19/2018 3:29 AM 1PG File 6902 KB [%] img_0006,jpg 7/19/2018 329 AM PG File 2,048 KB

77 img_0001_ann.mat Microsoft Access T... 5KB 7T img_0006_ann.mat Microsoft Access T... 14K

[5] img_0002,jpg PG File 1,790 KB [5] img_0007.jpg 7/19/2018 3:29 AM JPG File 1,456 KB
7T img_0002_ann.mat Microsoft Access T. 2K8 77 img_0007_ann.mat  7/19/2018 3:43 AM Microsoft Access T... 6 KB
[%] img_0003jpg JPG File 1203 KB [] img_0008jpg 7/19 AM PG File 62 kB
77 img_0003_annmat Microsoft Access T.. 4KE 77 img_0008_ann.mat 7/19/2018 3:43 AM Microsoft Access T... 3 KB
[#) img 0004,pg Gl 2102 kB [5] img_0009jpg 7/19/2018 329 AM  JPG File 125 KB
77 imo._0004_snnmat Microsoft Access T 2Ke 77 img_0009_ann.mat Microsoft Access T... 14 K

18 imo.0003,pg et e Ks [5] ima_0010,jpg JPG File 3,508 KB

5] img_0005_ann.mat Microsoft Access T.. 6 KB

Figure 4. The data folder structure

4.2. The Trainning Model

We use a standard image classification network backbone, with the final pooling layers and subsequent
fully connected layers removed. In the simulation, experiments are conducted by using the VGG-19 network
[33]. The output of the backbone is upsampled to 1/8 of the input image size by parallel interpolation, then
feed it into regression, which consists of two 3 x 3 convolutional layers with 256 and 128 channels,
respectively, and 1 x 1 convolutional layer, to obtain the density map. The regression header is initialized by
the MSRA [37] initiator and the backbone is pre-trained on ImageNet. The optimization function with an initial
learning rate of 1073 is used to update the parameters. The network structure is described as shown in Figure 5.
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The training data are augmented using random crop and flip. It is noted that image resolution in UCF-
QNREF varies widely from 0.08 to 66 megapixels. However, the conventional CNN cannot process images with
all types of scales due to its limited receptive field. Therefore, the shorter side of each image is limited to within
2048 pixels in UCF-QNRF. Images are then randomly cropped for training, the crop size of 256 x 256 is used
for ShanghaiTechA and UCF_CC 50 where the image resolution is smaller, the size of 512 x 512 is used for
ShanghaiTechB and UCF-QNRF. The Gaussian parameter are set in Eq. (3) and Eq. (14) to 8 and the distance
parameter d in Eq. (13) to 15% of the shorter side of the image. The parameters are chosen on the evaluation
set (120 images randomly sampled from the training set) of UCF-QNREF.

4.3. Experimental Evaluation

We compare the proposed method with baseline and state-of-the-art methods on benchmark datasets
described in previous section. For a fair comparison, the base method (Baseline) shares the same network
structure (VGG-19) and training procedure as ours using Eq. (2). Specifically, geometric adaptation kernels
are applied to UCF-QNRF, ShanghaiTech Part A, and UCF_CC_50, while a fixed Gaussian kernel with ¢ =
15 is used for ShanghaiTechB. The Bayesian loss (Bayesian) is included in the study. The experimental results
are shown in Table 1 and the highlights can be summarized as follows:

Table 1. Results of evaluating MSE, MAE on 4 datasets of the proposed Bayesian algorithm and the
Baseline method
Datasets UCF-QNRF  ShanghaiTech Part A ShanghaiTech Part B UCF _CC 50

Methods MAE MSE MAE MSE MAE MSE MAE MSE
Baseline 105.6 181.5 67.8 110.1 8.4 13.6 246.5 3305
Bayesian  91.6  161.0 64.8 104.0 7.8 13.2 2364 315.6

From Table 1, we can find the followings:

e  The proposed Bayesian algorithm gives better results than the other methods.

e  Bayesian achieved good accuracy on all four datasets. On the latest and most challenging UCF-QNRF
dataset, it reduces the MAE and MSE values of the best method by 40.9 and 28.0, respectively. It is worth
mentioning that our method does not use any external detection model or multi-scale structure.

The Bayesian algorithm significantly outperforms the baseline on all four datasets. The Bayesian
performs 15% improvement on UCF-QNRF, 9% on Shanghai, 8% on Shanghai, and 8% on UCF_CC _50,
respectively.

The estimated density is visualized maps using different loss functions during training as shown in Figure
6. From the estimated density results, we can see that the Baseline technique provides results with high errors,
whereas the proposed method provides higher accuracy. In the next experiments, the MSE are evaluated the
performance on two large and small data sets at o values, the results are shown in Figure 7 and Figure 8.

Estimation of Crowd Density Using Image Processing Techniques with Background Pixel Model and Visual
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From Figure 7 and Figure 8 we can easily see that our Bayesian method works well on small data sets,
giving small MSE values. Our method benefits from the proposed probabilistic model that constructs a soft
posterior probability if the pixel is close to some starting point. On the other hand, in sparse areas, the Baseline
method cannot recognize each person well, while our methods predict more accurate results both in terms of
count estimation and localization.

Figure 6. The estimated density map

Crowd Dataset
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Figure 7. MSE results of the Bayesian method on large data sets at different o values
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Figure 8. MSE results of the Bayesian method on small data sets at different ¢ values

Cross-dataset evaluation: To further explore the generalizability of different loss functions, we conduct
Cross-Dataset experiments with the VGG-19 network. In this experiment, models are trained on one dataset
and tested on other models without further fine-tuning. More specifically, we train the models on the largest
UCF-QNREF dataset and test them on UCF_CC_50, ShanghaiTechA, and ShanghaiTechB, respectively. As can
be seen from Table 2, the method has a certain generalizability and outperforms the Baseline method on all
datasets.

Table 2. Results of the cross-dataset evaluation. The models are trained on the UCF-QNREF set and tested on
other data sets
Methods ShanghaiTechA ShanghaiTechB UCF _CC 50
MAE MSE MAE MSE MAE MSE
Baseline 72.8 128.1 17.2 29.9 322.7 557.7
Bayeasian  71.6 118.2 16.1 26.6  310.8 538.8

Limiting the image resolution. We realized that the image resolution of the UCF-QNREF dataset is quite
large and wide, the single CNN model cannot handle such a large volume of variables. Therefore, we limit the
image resolution to 2048 pixels. As can be seen from Table 3, two methods benefit from rescaling and the
Bayesian method outperforms in both settings.

Table 3. Effect of image resolution on UCF-QNRF dataset

Methods With Resize Without Resize
MAE MSE MAE MSE

Baseline 105.5 182.5 128.6 191.7

Bayeasian 92.5 162.5 114.9 186.8

The proposed loss function can be easily applied to any network structure to improve its performance in
the task of crowd size estimation. Here we apply the proposed loss function to both VGG-19 and Alexnet and
compare with the basic loss function. The quantitative results from Table 4 indicate that the Bayesian loss
function outperforms the baseline loss function significantly on both networks.

Table 4. Performance of models using different backbones on the UCF-QNRF dataset.

Backbones VGG-19 AlexNet
Methods MAE MSE MAE MSE
Baseline 105.6 184.2 130.5 220.8
Bayeasian 92.6 164.0 121.1 202.2

Estimation of Crowd Density Using Image Processing Techniques with Background Pixel Model and Visual
Geometry Group (Ha Duyen Trung)
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4.4. The Crowd Number Warning Application

In addition to performance evaluation, the crowd warning application is also developed. When the crowd
exceeds the allowed limit based on the Bayesian proposal method and the PyQt5 framework of the python
programming language (Figure 9). The developed crowd estimation application includes the following
functions:
e  Select video, ip camera or available image.
e  Draw the region of interest (ROI) area to estimate the crowd.
e  The results of estimating the number of crowds are displayed in the “People estimate”.

Moreover, when the number of crowds exceeds a pre-defined threshold, the application will generates a
warning. The application has the function of calculating crowd numbers real-time for future data retrieval.

Dyjdatn_hoang]resources/
Videofjapanese_street.mp4

T T

People estimate: 35
View Graph

Figure 9. Alarm function if the number of people exceeds the threshold

5. CONCLUSIONS

In this paper, the number of crowds can be estimated by using the Bayesian loss function with point
monitoring. Different from previous techniques that convert point annotations into ground-truth density maps
using a Gaussian kernel with pixel supervision, the loss function applies more reliable supervision using count
expectations at each annotated point. Extensive experiments have demonstrated the advantages of the proposed
technique in terms of accuracy, robustness, and generalization. The proposed technique showcases a 106.0
reduction in MSE and a 91.6 reduction in MAE over state-of-the-art techniques. The current formulation is
quite general then it can easily incorporate other knowledge, e.g. specific foreground or background priors,
rates and timing possibilities, and other events to further improve the proposed method.
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