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Abstract: Crowd density management in the transport sector is still one of the ongoing research problems.
Intelligent Transportation System (ITS) is one of the branches of smart cities that aim to achieve better traffic
efficiency. The intelligent transport system optimizes the traffic congestion control by acquiring real time data.
Optimized traffic congestion control demands a robust system that could count the number of people inside a
carrier for taking optimized decisions. In this paper we proposed an intelligent algorithm named Modified
Intelligent Centroid Tracker and Counter (MICTC) that could detect, count, and measure the distance between
humans in a closed and controlled environment. The proposed algorithm is vision based and the scope of the
work is to optimize the congestion control inside the passenger carrier and supports countless use cases like
smart transport, buildings, and other demography where social distancing is enforced. MICTC algorithm not
only offers visual indication with a bounding box but also generates metadata which gives a clear picture to the
concerned operational or administrative head regarding the current passenger count status. The work deployed
in the public transport sector as a candid spot to operate. The algorithm delivers an adequate transport facility to
the public, as it gathers information on crowd density in a public transport medium to the commuters of every
region. The work gathers crowd density information and provides commuters a suggestion on availability of
seats in the carrier, which then saves time, avoids catching the crowded carriers, ensures social distancing, and
standardizes the public transportation system which has practical significance. On experimental analysis we
could infer that the proposed approach works with accuracy of 0.81,0.83, 0.85, 0.88, 0.82, 0.89 on VISOR,
Kaggle, CALTECH, Penn-Fudan, Daimler Mono and INRIA respectively.

1. Introduction

In a highly populated country like India, preferably in an urban area, population growth increases rapidly due to
rising job opportunities, modernization, and comfort. It is very common to find huge crowds in public transport,
which lay a critical burden on city administrators to ensure adequate transportation to the entire crowd which
then drags the attention of commuters to have private transportation. Increased number of self-owned vehicles
increases Global Warming and Traffic Congestion. Public Transportation plays a major role in growth as well as
to make a pollution-free environment for a city. The Intelligent Transport System has become a popular area of
research for this decade and it deals with enormous technologies to standardize the public transportation system.
The Intelligent Transportation System (ITS) aims to improve safety, mobility, and environmental performance
of road transport. This Work provides a structural prototype of ITS to elevate the passengers' comfort. To
improve the passenger’s comfort, it is necessary to determine the real-time crowd count inside the carriers. The
proposed work deploys a camera to detect the number of passengers on the carrier and to determine the
collected information to the forthcoming commuters so that they could avoid catching a crowded carrier which
then enables them to save time. At once a passenger gets in or out of a public transport system, the MICTC
detects, tracks, and counts the passenger. In most of the existing techniques [1], a bimodal histogram is created
that discriminates the background from the foreground and as a result, a thresholded image. Contour labelling
[2] is developed to the thresholded image which identifies the presence of an object and a mask is created
(explain brief). Doing Boolean and operation on the original image [3] and the masked version of it the objects
in the foreground [4] are numbered. For every detected region the region of interest (ROI) tracker and bounding
box is updated. As detecting ROI across all the frames is computationally expensive, the ROI is detected once
and the ROI tracker tracks the target across the rest of the frames [5] with bounding box [6]. This hybrid
approach is highly preferred because of the MICTC algorithm where the target is easily located without
computational burden.

2. The MICTC Algorithm
In the proposed MICTC algorithm, bounding boxes are drawn for the detected centroids. Such bounding boxes
are drawn using an object detector and in the proposed approach, we use Haar Cascades as an object detector.
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With an attempt to build a robust object detector that works invariant to lightings and postures the Haar Cascade
Classifier is trained with images from benchmark datasets and manually shot images. 2000 training images of
humans are captured covering all the pose variations with varying lightings from early morning to late evenings
and are resized to 64(width)*128 (height) to reduce computational complexity. Fig 1 explains the workflow of
the proposed MICTC Algorithm. The region of interest is detected with a bounding box, the centroid of the box
is computed and each centroid is assigned a unique id as shown in Fig 2.
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Fig 1. Theworkflow of the proposed MICTC Algorithm
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Fig 2.Distance between the clusters on Euclidean space
2.1. Pre-processing
The video captured from the camera deployed inside the carriers are collected by the frame acquire. Let B and C
be the carriers and their camera respectively. The frame acquirer captures all the frames from the corresponding
carriers as shown in equation 1. In this work, the total number of carriers and cameras deployed inside is
considered to be n.
F, = { BC,f,B,C,f,,........ B,C, fn}

For pre-processing, background noise removal is done across all the frames using a Gaussian filter [7]. The
values that the noise possess are gaussian transformed and the noise removed frames are gathered and it replaces
the input frames captured as shown in equation (2)

B, f(f)={BC f.B,C,",,......B.C,f}

Where M j is noise value present in the frame Xi,j in the frame. (M‘i ) is the Local weighted mean and (0”)

is the Local weighted variance and (fmaxivi) is the local maxima of the pixels in the frame. The noisy frame
acquired from the camera is shown in equation 3 and overall the collection of frames across all the carriers is
shown in equation 4.

fi=%;+n;

f.,={B.c, f}
The local weighted mean (as shown in equation 5), local weighted variance (as shown in equation 6) for the

pixels in the frame is calculated so that the variance of a pixel from the mean is calculated for removing
Gaussian noise.

z Zn(m’n m,nlOi+m,j+n
_ i +Zmzn(m’n)wm,nYi+m,j+n
SN ) S S

o = Zmzn(m’n m,n pi+m,j+n _:ui,j‘
: D= U=V

To find the noisy pixel the local statistical parameters are considered using a flag and is shown in equation 7

1if ( fiom;+B )OI’( fi (s — Bi,j)
Ootherwise

flag, ; =

1]
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If the flag is 1 the classifier is used else not. After identifying the noise in the frame, the frames are sent for
reconstruction where the noisy pixel x;; are placed with its averaged neighbourhood pixels in equation 8.

(m’ n)hm,nknm,#n
ZmZn (m,n)h Y J
)A(ij _ : 4 m,n i+m, j+n if (ﬂagij :l)
Y Zm: _uZh: _Uhmv” |
Y, ;otherwise

Based on the variance of the pixel from the mean, the noise is removed and Gaussian smoothing is done using
equation 9. Where Z is the normalized Gaussian filter and T is the tuning parameter.

o7, (i2 + jz)

«/ui'j +1

On creating a bimodal histogram the shadow pixels are identified and they are removed. The background noise

1
h ;= Eexp -T

removed frames are shadow removed using a shadow removal function as derived in equation 10. B, f ( f“ )x
Sis intensity reflected from point Xin the scene wavelength. Ais the wavelength and Riis the magnitude of

reflection and L is the image function with shadow pixel from the lower limit X to upper limit d as per equation
10

B, f(f,) ™" =L(1)R,(2)+L2(2)

shadow( 1) d
B.f(f,), =L (A)R (A)+ L (A)R,(A)
To cost a shadow on point x, the shadow intensity in equation 10 can be simplified as per the equation 11

r

B,1(1,),"" =a, () L3 (1)R, (4)

Were A (/1) is the attenuation factor. The shadow-free pixels and the shadow-free frameset are shown in
equations 12 and 13 respectively. Thus the pre-processed image set has been gathered as shown in equation 14

B, f(f,) """ =L (2)R,(2)+a,(2)"
Brf(fn):{xilyh,kizyjz, ....... xJ}

Haar Cascade Classifier

The vector files for positive image sets [8] are created and .dat file for negative images [8] are created. Initial
weights are chosen and the weights are updated in the decreasing direction of error. Let equation 14 be the input
frames to the Haar cascade classifier

(1) (%0 1), (%1 ¥ )
(B (1,0, ) " = (V) XX,
yie{-11

The weight initialization is based on the input frames taken for training and the initial weights are chosen based
on equation 15, which considers the total training feature set count.

1

D(i)==

m
M FEATURES ARE TAKEN takes m features that are given as input to the classifier for training. The training
is done in such a way that +1 is the expected output for the positive images and -1 is the expected outcome for
negative images, and based on the aforesaid outcome the weights are updated as per equation 16.

fort =1...T
I’lt  Xe {—1, 1}
Choose @&L] and Update weights
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Zt is the normalization function chosen so that Dt+1 is distributed and this produces a strong classifier. The
stack of week classifiers built as the result of training are shown in equation 17 and its pictorial representation is
shown in Fig 6.

-0.5 0 0.5 1 1.5
T

Fig 3. Stack of weak classifiers on vector space (person vs non-person)
Equation 18 is the condensed representation of the stack of the weak classifier.

(0= 3 ()

The trained classifier is deployed for testing where the algorithm identifies the human inside the carrier and
indexes each detected human as centrode as shown in equation 19 and accumulates the total number of centroids
as per equation 20.

1<
Cdpl :HZ H (X)i
i=1

Cd,, ={cdy,cd,p,emmncdy, }

As discussed in Fig 2, for each centroid Euclidian distance is calculated and if the Euclidian distance between
the two centroids is below 0.5 and below it, they are considered to be a single centroid and the algorithm
concludes overcrowding with positive alarm for ensuring social distancing.

d(H (xi),H(xj))=\/iZ::(H (x).H (Xj))z

2713



Video Analytics based Intelligent Transport System for passenger flow forecast and Social Distancing
Indication

3. Experimental Analysis

The experimentation is done using Keras [9] at the front end and Tensorflow [10] as a framework at the
backend. For programming real-time computer vision Opencv [11] is used. The training images are taken from
the Caltech dataset [12] and manually captured images with the human upper body. 2000 human images are
used for training and out of it, 900 images are the human upper body. The images taken for training are of size
128*64 and are collectively shown in Fig 7. 3700 non-human images are used for training and few of them are
collectively shown in Fig 8 The computing machine used for training is MacBookAir with 17 processor and
experimental analysis is done using fixed focus web camera from the computing device.

Fig 5. Non-human images used for training

The exploratory analysis of training data on vector space is shown in Fig 9. Fig 10 shows the training data
classified by the algorithm. As per the equation 19, there are weak classifiers stacked based on weights and in
our model, we have 8 weak classifiers. The aforementioned stack is made after training and when the test data
comes in it passes into the series of 8 weak classifiers in a sequential approach. If the test feature vector is not
classified by the first classifier in the stack it is classified as class 2. The test feature vector getting positively
classified as a human is passed to the rest of the classifiers to check the presence of human and if it fails at any
layer of the cascade, the corresponding test feature vector is considered as non-human as shown in the Fig 6.
The potential features that detects whether the test image is person or non-person are the size of a person, the
shape of head, the presence of upper body and colour of hair as shown in table 1. The classifier has a stack of
four weak classifiers and made a single strong classifier that could classify whether the input image is human or
non-human.
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Fig 6. Cascading weak classifiers

Table 1.Weak classifiers and their corresponding targeted features

S.No Cascades Targeted ROI
1 Classifier 0.1 Height *Width
2 Classifier 0.2 | Oval and Circular structure of
Head
3 Classifier 0.3 Upper body
4 Classifier 0.4 Black and Brown hair on top

The classification error versus the number of weak classifiers is shown in Fig 11 and it is inferred that when the
classifier stack is 4 then the error reduces below 0.1 and there is an abrupt lower drift in error after stacking 0.1
classifier which proves that the 0.1 classifier plays a major role in dicitomzing the patterns when compared to
other classifiers. Hence classifier 0.1 is given more weight.

50

50

Fig 7.Exploratory representation of training data

180 images from Caltech dataset are used for testing the proposed system and the system is ran for 200
iterations and from the experimental analysis we could infer that after 50" iteration the training accuracy has
been drastically and is shown in Fig, we could also infer that after 50 iteration the model loss is also abruptly
lowered and thus we conclude that the proposed system starts intelligent learning after 50™ iteration. The model
accuracy and model loss while training and testing is shown in Fig 8 and 9 respectively. It is inferred that the
loss function gets minimized after 110™ epoch the loss in terms of mean square error. The performance of the
Haar cascade classifier is compared with neural network and the section discusses the reason for choosing Haar
cascade classifier to detect and discriminate human from non-human
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Fig 8.Model accuracy while training and testing
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Fig 10.Training data after classification
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Fig 12. Test data classified by the algorithm

Haar cascade classifier is chosen when compared to other classifiers such as Neural Network [13] and
Support Vector Machine [14] because Haar Cascade classifier is checks the micro level features from the
region of interest using stacked weak classifiers where other classifiers takes the entire image as input and
adjust weighs accordingly for minimize loss function [15]. A neural network with a sequential model is
created and all the neurons are connected from one layer to another as shown in Fig 13. The feature vectors
of humans from HOG feature extraction algorithm [16] is given as with dimension 8 are given as input to
the hidden layer 1 and the weights are randomly initialized for eight neurons. In our work we initialize the
bias to be zero and the weight at each layer follows as shown in equation 23

Input Layer ~ Hidden Layer 1

Fig 13. Architecture of the neural network

w".:{(_l) 1 }:[(_1) L }z[—0.08+0.08]

R E

Instead of sigmoidal and Tan hyperbolic function Relu (Rectified Linear Units) [17] is being used because
Relu ranges from 0 to x and for every weighted update the x gets updated and thus there is no space for
vanishing and exploding gradient problem. As Relu is half rectified from the bottom the research fraternity
uses it for model building. In this work the bias is initialized to zero. The created model is compiled using
Stochastic Gradient Descent [18] learning algorithm with mean square error as loss function and with
accuracy as metrics. The 8-dimension HOG feature vectors of both human and non-human images are taken
for training. The initial weights to the neural network are initialized based on equation 23. The neural
network has an architecture with a single input layer, two hidden layers and one output layer [19]. The first
hidden layer has 8 neurons and the second hidden layer has 6 neurons and all the neurons in the network are
densely connected. The learning rate is set as 0.01, which is one of the accepted rates in which weights are
updated [20]. The model accuracy after training is shown in Fig 8 and we could infer that the system starts
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learning after the 110th epoch and there is no abrupt raise in the learning curve. The training accuracy of the

neural network model built is 0.57 and the test accuracy of the model is 0.55 as shown in Fig 14 and 15.
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Fig 14. Model accuracy Vs Epoch (neural network)
Model loss
—— Train
1.0 Test
0.9 -
0.8 -
@
= 0.7 4
0.6 -
l
. \\\hrNV‘4J\*“*”“"U»rwvxAJ~ﬂ4“tfdbnn4uaf\a-~n--~4~AaﬁfAnﬁa
0 25 50 75 100 125 150 175 200

Epoch
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Table 2.Accuracy of the proposed algorithm and Neural Network
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C
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k

The accuracy of the proposed MICTC Algorithm is compared with the one of the universal function
approximators, the neural network. From the experimental analysis we could infer that the proposed algorithm
works with better Form experimental analysis: crowd image was shot and tested, the original count from the
crowd is 382 and the predicted count is 384 and the results are shown in Fig 17. The working of the algorithm is
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tested initially in an open area where there is overcrowding and out of 28 people in the frame the algorithm
gives the expected count 30 with social distancing negative as the distance between the centroids are less than
0.5. Another attempt is made to check the working of the system inside the deployment spot and here it is the
bus with a single entry and exit point. Once a person enters the bus based on the direction the deployed system
counts and de-counts the person inside the bus as shown in Fig 18, 19.
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Fig 16. Performance Evaluation of the classifier

Fig 17. Testing the deployed system inside a single entry/exit passenger carrier

Fig 18. Testing the deployed system inside a single entry/exit passenger carrier
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Fig 19. Testing the algorithm with overcrowded frame
The proposed algorithm is tested using varying pedestrian detection benchmark datasets such as VISOR [21],
KAGGLE [22], CALTECH [12], Penn-Fudan[23], Daimler Mono [24], Indria [25] as shown in Fig 16. From
the experimental analysis, we could infer that the system works with a precision of more than 0.8. We could also
infer the performance drop using UCSD and KAISAT. On unravelling the reason behind we could infer that the
dataset uses black and white images and is involved with complex occlusions.
4. Conclusion
The proposed system replaces human burden and automates the person count, passenger flow forecast and
ensures social distancing. The performance of the system is tested with both benchmark datasets and manually
captured image and video data on ground and from the performance evaluation we could infer that the proposed
approach is up to the state of art. As a part of future work, we have planned to strengthened the feature set by
adding infrared images and black and white images, so that the system is made robust to work in late evenings
and night environments.
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