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Abstract---The text feature is an important descriptive feature of
many image analysis applications. Objectives of this study aim to
determine the different texture characteristics of them estimation and
calculation of population density. In this paper, we have various
reviews of the texture and their own have been extensively reviewed, a
different combination that is possible to test their effectiveness in
crowds of pedestrians. Divide into two categories and retreat. A
framework has been proposed to evaluate performance of all aspects
of the density coefficient of human density as well to count. According
to the framework, the input images are categorized into blocks and
blocks into cells of different sizes, having various levels of
overcrowding. Because of a distorted view of people, people's visibility
near the camera contributes greatly to this feature vector than distant
people. Therefore, the features released are usually using a standard
visual map of the scene. In the first stage, picture blocks are classified
using multiple classes SVM has been at a different level of congestion.
In the second phase Gaussian Process Deactivation is used to restore
undoing low-level features for calculation. Various texture features
and their possible combinations checked on publicly available dataset.

Keywords---human detection, shadow elimination, partial blocking
handling, color correlogram, histogram of oriented gradients (HOG).
Introduction

Increased use of computer technology has encouraged human discovery as an
active research field. Personal detection in a video surveillance system has
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major application features that include human appearance, patient fall
detection and a smart user interface (wiimote, kinect, smart TV). The discovery
of a person is a profound and difficult issue because of two challenges: 1) The
diversity of categories of people such as appearance, dress, skin color and
posture; 2) External problems such as uneven light and dense background.
Current recruitment frameworks can be divided into two processes. One process
uses a sliding window, while the other process uses partial-based detection.

A window-based sliding process can be upgraded in two areas: Designing
additional visual features to improve level of acquisition and use of effective
training methods to learn advanced designers. The most commonly used
features include the Haar wavelet, HOG [11], shapelet, histogram of edge
orientation (EOH), edgelet, regional covariance [6] and LBP.

In [3], a multidisciplinary transformation feature is proposed that incorporates
various regional features of the LGP, LBP and HOG. The proposed feature
indicates the intensity of local light changes. However, the high size of the
hybrid feature increases the complexity of the computer. A polar-based shape
feature is generated and used by SVM in the classification [4]. However, system
detection is limited to the upper part of the human body. The features of a
prominent object are photographed by combining the different thickness of all
pixels with the characteristics associated with the texture [1]. Although these
multidimensional features capture a large degree of information about an object,
the proposed method determines certain key thresholds based on the theory.
What has made the road weak when dealing with outdoor issues such as light
changes and background clutter. Several sections have been approached for
public comment. Many efficient detection detectors often use different variables
to strengthen algorithms [7], different types of SVMs or Neural networks. In
contrast to body-embracing frameworks, organ-based acquisitions [4], [5] are
better suited to manage partial closure. However, the efficiency of improved
acquisitions also increases accounting costs. For example, the multi-kernel
reading framework (MKL) presented in [9] takes approximately 67 seconds to
process each framework. Background removal [8], [10] has been a long-term
research field. However, the efficiency of these processes decreases significantly
when the ROI does not move for a long time.

This paper proposes a framework to find people trapped by front extraction from
the back using the back removal process. The main emphasis of this paper is to
remove the shadow regions from the front in order to obtain an accurate ROI.
Shadows can be defined as part of video frames that can be directly illuminated
by a light source. As a result, the shadow regions contain the same hue (pure
color) as the background with a different intensity. Based on these properties
the amount of hue-intensity difference is calculated per computer front pixel to
detect and remove shadow regions in front. Then the closed front is labeled
individually using a color correlogram. Finally, the HOG feature is extracted
from each ROI and sent to the line SVM for personalization.

Also in the background of said topic we can state some general problems store
managers are also interested in using advanced cameras to extract business
intelligence information. Retailers desire available real-time Data /information
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about customer traffic patterns, queue lengths, and check-out waiting times to
improve operational efficiency and customer satisfaction. [42] The invention is
primarily involved with the use of automated and/or semi automated higher
level video analysis techniques for discerning patterns of interest in video
streams. The invention is directed to identifying unique patterns of interest in
indoor settings. Change detection and crowding/congestion density estimation
are two sub-tasks in an effective subway advanced monitoring video system.
[42]

For example: people counting, crowdedness detection, any anomalous presence
of persons onto the real-time track and user/people tracking. Crowding
detection in subway platforms for example is of interest for closing certain
passageways, dynamically scheduling additional trains, and to improve security
and passenger safety in the subway environment. [42]

A video analysis method according to the invention decomposes the unique video
analysis problem into two steps. A change detection algorithm is used to
distinguish a background scene from a foreground. This may be done using a
discontinuity preserving Markov Random Field-based approach where Data/
information from different sources (background subtraction, intensity modeling)
is combined with spatial constraints to provide a smooth motion detection set of
map. [42]

The obtained change detection open map is combined with geometric weights to
estimate a measure of congestion of the observed area. The geometric weights
are estimated by a geometry prototype module that takes into account the
perspective of the camera. The weights are used to obtain an approximate
translation invariant measure for crowding as people move towards or away
from the camera. The segmentation scheme and framework of the invention
satisfies quasi-real time computational constraints and deals with the motion
detection problem within a real application scenario. The invention is preferably
used within a specific context of visual surveillance and monitoring application,
in particular, the task of crowd density estimation for real-time subway
environment monitoring.

Some additional objectives of the research title [42]

1) The objective of the invention is a crowd detection intelligent camera to
prevent covid-19 or any other need is a computer-interfaced advanced
camera system that identifies and tracks groups of socially interrelated
people.

2) The other objective of the invention is that a system can be used for
example to track people as they wait in a checkout border, line, dotted
line or at a service counter and the also implementation and the each
recorded advanced camera frame is segmented into foreground regions
containing several people.

3) The other objective of the invention is to a foreground regions are further
segmented into individuals using temporal segmentation analysis and the
Once an individual person is detected, an appearance model based on
more color and endpoint, edge density in conjunction with a mean-shift
tracker is used to recover the person's trajectory and also the Groups of
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people are determined by analyzing inter-person distances over time.

4) The other objective of the invention is to make a computer program
product and computer system for crowd detection and the computer
system receives through an interface of user generated data records from
a social media data storage component, a user generated data record
comprises a text portion.

5) The other objective of the invention is to use a trained machine learning
system as an indicator for crowd formation and the indicator is an output
of the machine learning system in response to an input pair of associated
location information and time information.

6) The other objective of the invention is to the same time, mobile devices are
pervasive and the devices are equipped with advanced sensors, such as a
camera, microphone, gyro, GPS, accelerometer and touch-screen readers
and the Mobile devices provide excellent coverage of spaces of interest,
and they are mobilized around the sensitive areas by people.

7) The other objective of the invention is to a large degree, the mobile devices
within the premises of an enterprise satisfy a trust relation and it can be
statistically safe to assume that nearby devices are to be trusted for the
purpose of collaboratively mining and calibrating sensor data.

Proposed framework for blocking handling and human detection

In this segment the proposed framework has been defined in detail. The
proposed framework includes six major degrees: (1) changing from RGB to gray
and HSI, (2) Subtracting historical past, (three) removing shadow regions, (four)
Labeling, blocking handling and filtering, (5) Extracting HOG features and (6)
classification. Fig. 1 suggests the proposed framework for blocking dealing with
and human detection.

A. changing from RGB to gray and HSI

The RGB body is transformed to grayscale and HSI frame. The grayscale and
HSI body is used for heritage subtraction and shadow remove manners
respectively.

B. Subtracting historical past

Instead of representing all of the pixel values through the same dispersion,
values of each pixel are modeled as an aggregate of Gaussians to describe
numerous backgrounds. based totally at the consistency and the variance of
every Gaussian dispersion, the framework comes to a decision for foreground
pixels. At any given time the record of a selected pixel, (X0, y0) is known as (1).

{Viyeeu.o, Vit= {F(x0 ,yo,m):0<m=<t} (1)

where F is a series of frames and Vt represents the cost of a pixel density during
t. Previous pixel events are represented in the form of a combination of J
Gaussian dispersions. The average cost of obtaining a Vt on representation is
provided in (2).

P(Vt) = 2Ji=1 wi,t * N(Vt,ui,t, £i,t) (2)



Input
video
frame

2050

Foreground
BCB Grayscale v%ith
frame frame
shadow T
- Coverting from RGB = Substracting = Eliminating
~ L to Gray and HSI background shadow regions
aShan Foreground
without
shadow
Feature ROI

vector Labelin
Classification Extracting HOG ng.
SVM ) feature pandlicg
( ) occlusion

Figure 1. The proposed framework for block handling and human detection

Where J denotes the quantity of Gaussian dispersions. Zi¢, 1t and wi; denote
covariance matrix, mean and weight at time ¢ of it Gaussian respectively.

And ¢ represent the probability density of Gaussian dispersion. The x
dispersions are ranked by wj /o; and first B dispersions are considered as
background representation which is presented in (3).

B = argmi nb(2i=1b wi >Th) (3)

Where ¢h denotes the marginal allocation of the background representation.
Foreground detection is accomplished by identifying pixels corresponding to the
foreground. A pixel is considered foreground pixel if the pixel intensity value ¢V;
is beyond 2.5%0 from all ¢ dispersions. However, if ¢V: is within 2.5 standard
deviations of one or more dispersions, then the dispersion with the highest
ranking i.e. wj/ojvalue is updated using (4).

wd,t,[ = (1-a)wd,t + a (4)

If V¢ is not within 2.5* o of any dispersion, then the dispersion with the lowest
ranking replaced with a new one with V; as mean.

C. Eliminate shadow regions

The accuracy of the ROI structure depends on the output direct pre-release.
Like the shadows of the object keep following the item, the background removal
process considers these shadows as before. Outside, these are shadows and
retain the geometric structures of the object as a result; those shadows can be
misinterpreted as human. Finding shaded regions Medium value Hue-Intensity
(makinga) the background and current frame of all pixels are calculated.

D. Labeling, closing and filtering

From the FWS image the frame detects closing events. A closing event is defined
as, if the number of the largest binary item (BLOB) in the previous frame is
greater than the number of the current BLOB in the current frame and one
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BLOB in the current frame that exceeds more than one BLOB in the previous
frame. After receiving the occlusion event the framework labels each BLOB in a
group by computerizing the possibilities of each pixel belonging to a specific
BLOB using the back-projection histogram and color correlogram. Figure 3
shows the processing model of the closure handling process.

After properly labeling the collected material the morphological closure function
is applied to remove the front holes. Then the labeling of the connected part and
filter is used to find the ROIs and exclude non-human circuits. Next, the
framework considers the conditions associated with the human body that must
be completed with a labeled item to be considered as ROI. Filter conditions are
the aspect ratio and the strength of the label object.

Figure 2. Processing example of block handling. [11]

E. It removes the HOG element

To exclude the Histogram of Oriented Gradients (HOG) feature [11], each ROI is
adjusted to a size of 128 x 64 pixels. Then, the gradient and magnitude are
subtracted from each ROI by making a convolution with a horizontal and
vertical kernel represented by [-1 O 1] and [-1 O 1] T respectively. Next, the
gradient image is separated by 8 x 8 pixel cells. In each cell the histogram is
calculated by taking a sample of gradient shape (0 ° -180 °) into 9 barrels of
equal size. Each barrel represents the size of the corresponding shape. After
producing a histogram for each cell, 2 x 2 cells are grouped into blocks with
50% spacing to make the illumination element constant. Then, all block
histograms are combined to produce a vector element. Finally, the element
vector is common in L2-normal to produce a HOG element.

F. Separation

Finally, the HOG vector feature is sent to the SVM line for human detection.
SVM is a category of supervised genes. In the training database collected by
clusters, SVM line aims to detect marginal-margin hyperplane, resulting in very
large divisions between groups.
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Effects of test

In this section, the results of the proposed closure and retrieval management
framework are described. The test was performed on an Intel Core i5 3.20 GHz
CPU and 4 GB of RAM memory using MATLAB space. Videos captured with a still
camera with an average of 25 fps and a resolution of 320 x 240 pixels (QVGA) in
urban, urban and rural areas. Most people in the data set are standing or
walking. Other cases of partial closure occur, including people walking through
certain objects or another person. The proposed framework is trained in 140

frames and tested in 1280 frames

TABLE 1. PRECISION AND RECALL VALUE AT DIFFERENT
ENVIRONMENT CONDITIONS
Frame type Environmental Total Prec Rec Avg.
conditions frame (%) (%) time(s)
Indoor Normal condition, 433 94.7 934
Outdoor uneven illumination 615 932 92 8
and low contrast
Complex Normal illumination 232 91.3 89.3 0.46
Background
Average 1280 93.1 91.8
Recommendation %
(door mmm Indoor
mmm  Outdoor
mmm Complex Background
Complex Background
Outdoor
TABLE I1. COMPARISON OF RESULTS BETWEEN PROPOSED
FRAMEWORK AND [2]
Framework TP FP FN Prec Rec
(%) (%)
The proposed framework 1039 78 92 93.1 91.8
[2] 754 116 312 86.7 70.3
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TP : True Positive
& FP : False Positive
FN : False Negative

a0

nn

i3 FP FN

Prec and Recognition values are calculated electronically from different types of
video frames that are filmed in different environments and lighting conditions.
Table I shows the accuracy and value of memory in a variety of environmental
conditions. In the table TP, FP and FN mean True Positive, False Positive and
False Negative respectively. The proposed framework demonstrates high
responsiveness to internal and external video frames and provides satisfactory
results for video frames that contain complex backgrounds. The results from the
proposed framework are compared with [4].

Conclusion

This paper proposes a framework for managing the closure and acquisition of a
person, with the aim of getting people out of a continuous framework and high
flexibility. Initially, the RGB framework is converted to a gray framework and an
HSI framework. Then the back removal is done to remove the front circuits. After
that, the shadow removal process is used to remove the shadow regions from the
front in order to obtain an accurate ROI. Then the label is applied using a color
correlogram to treat occlusion and filtering is used to remove the sounds. Finally,
the HOG feature vector is extracted from the ROI and sent to the line SVM for
human location. The proposed framework has limited access to videos provided
by the still camera. This framework may not produce the best results if a small
portion of the closed person is exposed. This work will also be extended to
recruited people from the best areas. It will also focus on using a segment-based
acquisition to better manage closure.
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