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I2UTS: An IoT based Intelligent Urban Traffic
System
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Abstract—Growing population and migration to cities
have given birth to multiple urban issues. Traffic con-
gestion is one of the most prominent ones with severe
side effects like fuel wastage, loss of lives, and slow
productivity. The traditional traffic control system deploys
programming logic control (PLC) which uses round-
robin scheduling algorithm. However, few recent works
have proposed IoT-based framework which requires the
deployment of a series of sensors. In this paper, we propose
an IoT-based framework that uses the existing network of
CCTV cameras at the junction. An edge device is used to
estimate the traffic density and detect emergency vehicles
using YOLO v3 -Efficient Net. These two parameters are
used as an input to a novel traffic control algorithm. The
performance of the proposed framework has been evalu-
ated by analyzing its properties using the UA-DETRAC
dataset. The proposed framework achieves 68.10% vehicle
detection accuracy.

Index Terms—Vehicle Detection, Deep Neural Network,
Traffic Control, Edge Computing

I. INTRODUCTION

TRAFFIC congestion is one of the major urban
issues which most of cities worldwide are reeling

under. The growing number of vehicles and limited
land resources have broken the backbone of the traffic
infrastructure. The other issues which stem from traffic
congestion are diverse but not limited to environmental
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damage due to extra fuel consumption, productivity slow
down and loss of lives due to delay in emergency vehicle.
One of the most common technique adopted by most
of the countries to address this pressing urban issue
is by upgrading the infrastructure with construction of
new roads and addition of new lanes to the existing
roads. However, the land resource constraint in most of
the urban cities especially in developing countries has
proved to be a major bottleneck in improving the road
infrastructure.

This has drawn attention of researchers to look for the
solution of traffic congestion using Internet of Things
(IoT) frameworks for traffic management [1]. The tradi-
tional traffic control system is based on programming
logic controllers (PLC) that set a fixed duration for
each lane to have a green signal, i.e., allow vehicles to
pass from a lane [2]. A round robin based scheduling
algorithm is used to allow the traffic to pass through
each lane. This has proven to be extremely inefficient
and major cause of traffic congestion.

To overcome aforementioned problems, recent works
have designed intelligent traffic systems using IoT frame-
works [3], [4]. Most of works have focused on using
recent technologies like infrared cameras and GPS [5],
RFID [6], Bluetooth and Zigbee [7]. However, these
technologies require deployment of array of sensors at
the traffic signal and emergency vehicle. Apart from
the requirement of large investment to revamping the
entire traffic infrastructure, the accuracy of detection of
emergency vehicle and traffic density estimation are not
substantially high due to interference from environmental
noise [8].

Few handful of works have leveraged existing CCTV
camera network for designing the IoT based frame-
work for traffic systems. This has proven to be more
economical and efficient. A series of works [9], [10]
have proposed an IoT framework for urban traffic man-
agement which uses CCTV videos to determine traffic
speed and density. CCTV footage has also been used
for predicting accidents [11], monitoring spatio-temporal
behaviour of pedestrians [12], and detection of firearms
and knives [13].978-1-6654-4005-9/21/$31.00 ©2021 IEEE

20
21

 IE
EE

 2
2n

d 
In

te
rn

at
io

na
l C

on
fe

re
nc

e 
on

 H
ig

h 
Pe

rf
or

m
an

ce
 S

w
itc

hi
ng

 a
nd

 R
ou

tin
g 

(H
PS

R
) |

 9
78

-1
-6

65
4-

40
05

-9
/2

0/
$3

1.
00

 ©
20

21
 IE

EE
 | 

D
O

I: 
10

.1
10

9/
H

PS
R

52
02

6.
20

21
.9

48
18

22

Authorized licensed use limited to: UNIVERSITY OF ESSEX. Downloaded on August 24,2026 at 13:54:17 UTC from IEEE Xplore.  Restrictions apply. 



2

Recent advances in computer vision has revolutionized
the field of video analytic allowing end-to-end learning
on large datasets using Deep Neural Networks (DDNs).
Fan et. al. [14] had explored use of Faster R-CNN
neural network architecture [15] to track vehicles in
CCTV footage. Peppa et al. [16] evaluated the perfor-
mances of multiple DNNs like two versions of Faster
R-CNN trained on two famous datasets COCO [17] and
KITTI [18], the Single Shot MultiBox Detector Mo-
bileNet neural network on CCTV footage with different
weather conditions. Acharya et al. [19] used combination
of Faster R-CNN neural network architecture and kalman
filter for pedestrian detection and tracking. Roy et. al [20]
used a combination of YOLO v3 [21] and VGG-16
network to detect emergency vehicle in heavy traffic.
The aforementioned works prove that use of DNNs to
estimate traffic density and detect emergency vehicle
using CCTV footage is a promising approach. How-
ever, most of these works in literature performs offline
analysis of recorded CCTV footage on the cloud server
without considering computational resource constraints.
Another major issues which the researcher face when
using CCTV footage on the cloud server is the privacy
concern.

As suggested by many works [22], [23], edge com-
puting paradigm offers a solution to address the privacy
and computational resource constraint issues. Edge com-
puting has been explored in a pilot project of building
urban traffic system for Australian city of Liverpool
(NSW) [9]. The project aims to be detect the pedestrians
and vehicles using YOLO v3 [21] and Kalman filter
deployed on Nvidia Jetson TX2. However, the project
limits itself to the tracking of vehicles and pedestrians
and does not use this information for traffic congestion.
Another work [24] has used embedded GPU Jetson
Nano NVIDIA to run multiple DNNs to detect vehicles
and pedestrians in complex rural scenarios. Chauhan et.
al. [10] have trained YOLO network on GPU and then
transfer the weights of DNNs to the embedded platforms
co-located with the CCTV cameras. However, the count
of the vehicles are sent to the cloud for further analysis
and not controlling the traffic.

To the best of our knowledge, there exists no work in
literature which has onsite traffic density and emergency
vehicles to control the traffic signal scheduling in a
privacy preserving resource-constrained device. In this
work, we estimate the traffic density by detecting vehi-
cles using YOLO v3 trained on the backbone of Efficient
Net from the images captured by CCTV. The trained
network weights are transferred to the edge device, i.e.
Raspberry Pi connected to the CCTV camera at the
traffic junction to detect vehicles in the road lanes and

emergency vehicles. Our proposed novel traffic control
algorithm uses traffic density and emergency vehicles at
junctions as an input.

The remainder of the paper is organised as follows.
Section II defines the proposed IoT framework. The ex-
perimental evaluation and results of the proposed system
is shown in Section III. Finally, the conclusion and future
work are presented in Section IV.

II. PROPOSED IOT FRAMEWORK

The proposed IoT based urban traffic management
system is described next. The previous works have
used NVIDIA Jetson TX2 which is a powerful edge
device available with the dual support of CPU and
GPU. However, the cost of the device is 24 times more
than average cost of the edge devices. Considering the
economic feasibility of the system, we deploy Raspberry
PI 4 as the edge platform with moderate memory of 4 GB
and powerful Quad core cortex-A72 (Arm-8) 1.5GHz
processor. A higher level overview of the system is as
follows.

1) Train the YOLO v3 network with Efficient net as
a backbone on cloud to detect the vehicles

2) Transfer the trained weights to the YOLO v3-
Efficient network deployed on the edge device
Raspberry Pi for testing.

3) Estimate the traffic density of each road lane and
emergency vehicles.

4) Use the parameters generated in previous steps as
an input to the proposed traffic control algorithm.

A. Dataset

Most of the previous works have either used KITTI
and COCO datasets for training YOLO v3 network.
However, a recent dataset UA-DETRAC [25] created by
the University of Albany for detection and tracking is
more profound as a real-world multi-object detection
and tracking benchmark. It consists of traffic camera
videos at 25 fps for 10 hours with a resolution of
960x540 pixels. The recordings are from 24 different
locations within Beijing and Tianjin in China. There are
around 1.21 million labelled bounding boxes of 8250
vehicles consisting of 4 classes, namely car, van, bus,
others. The emergency vehicle falls in the category of
the van. Some of the CCTV images are illustrated in
Figure 1. Another advantage of using this dataset is that
CCTV footage captures multi-class weather variance and
day and night illumination variation. In this paper, the
training, validation and testing data is derived by dividing
the dataset into 70:15:15 ratio.
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(a)

(b)

Fig. 1: Example of CCTV images from
UA-DETRAC [25]

B. DNN for Vehicle detection

For vehicle detection and classification into our four
annotation classes: bus, car, vans and others, we use
YOLO v3 CNN model [21] trained on the backbone
of Efficient Net [26]. Unlike the traditional YOLO v3
model [21] which has used DarkNet-53 network as
backbone, our network has a high vehicle detection
accuracy at low inference latency.

1) YOLO v3: The single neural network, YOLO v3, is
applied to CCTV images. The neural network divides the
input image into the grid regions. For each grid region,
bounding boxes are predicted with confidence score
which is calculated by logistic regression. Each region
has a probability associated with it which are used to
threshold the detection using non-maximum suppression.

2) Efficient Net: Efficient Net [26] is used as the
backbone of YOLO v3. The main principle of Efficient
Net is strategical scaling of DNNs. In general, the
performance of a DNN in terms of scaling is increased
either by width, depth or resolution scaling. A novel
compound scaling method is proposed which scales all
the three dimensions (depth, width and resolution) based
on fixed ratio. Few instances of vehicle detection are
illustrated in Figure 2.

C. Traffic Control Algorithm

In this section, we propose a novel traffic control al-
gorithm where the traffic density and emergency vehicle
based priority is used as an input parameter. In order to
elucidate our Algorithm 1, we consider a junction with
two traffic lights which have red, amber and green signal
respectively as shown in Figure 3. Each traffic light i has
following variables associated with it:

(a)

(b)

Fig. 2: Examples of vehicle detection by YOLO
v3-Efficient Net object detector on CCTV images from

UA-DETRAC [25]

1) TDi : Traffic density of the road where traffic light
i is installed. This is calculated as the number of
vehicles detected on the corresponding road lane.

2) Pi : Priority of the traffic light.
3) Oi = {or, oa, og} : A cluster of boolean variable

indicating the state of the signal. If the red signal
is on then or = 1, other wise or = 0. Similarly,
oa and og indicate the state of amber and green
signal, respectively.

Algorithm 1 assign the signal priority according to the
traffic density on the corresponding road, i.e. the signal
with the highest traffic density is assigned the highest
priority. For any given traffic light, green and amber
signal are switched on for tm and tn seconds such that
tm >> tn. However, if the emergency vehicle is detected
the corresponding traffic light is set with highest priority
to clear the lane of the emergency vehicle. This approach
allows the designed traffic system to save as many lives
as possible.

III. EXPERIMENTATION AND RESULTS

In this section, we evaluate the performance of our
proposed IoT framework. The weights of the YOLO v3-
Effecient Net are trained on a cloud server with Intel
i7-9th generation processor custom fitted with Nvidia
1660Ti GPU on Linux 18.04 LTS operating system.
CUDA 10.1 with Cudnn 7 libraries were used to perform
computation on the GPU. The edge device used for
testing is Raspberry Pi 4 equipped with Quad core
cortex-A72 (Arm-8) 1.5GHz processor, 4GB RAM and
OpenGL ES 3.0 graphics. It host the Raspbian Buster as
the operating system.
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(a)

(b)

Fig. 3: Example of traffic junction with two red lights
(a) Direction Flow of traffic when traffic light 1 is

either green and amber (b) Direction Flow of traffic
when traffic light 2 is either green or amber

1) Evaluation Metric: The principal metric used for
evaluation of the proposed IoT framework is Mean
Average Precision (mAP). mAP is indicative of the
accuracy of object detectors. In order to compute mAP,
we first need to compute precision and recall. Precision is
a measure of how often the model detects correctly and
recall is a measure of how good the model has found
all the positives. The precision and recall are calculated
using following equations.

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

where, TP, TN, FP and FN are true positive, true nega-
tive, false positive and false negative, respectively.

A. Results

While training the DNN for vehicle detection and fine-
tuning the hyper-parameters one must ensure that the
model neither overfits nor underfits. A model overfits
when the validation loss is greater than training loss.
However, if reverse happens, the model’s validation loss
is lower than training loss, model underfits. To ensure
both the phenomenons do not occur, we varied our

Algorithm 1: Traffic Control Algorithm
Input: 1. TDi: Traffic Density of Traffic light i
2. Pi: Priority of Traffic light i
3. n: Number of traffic lights
Output: Oi = {or, oa, og}
begin

Initialization:
Oi = {1, 0, 0} ∀i = 1,. . . ,n . Set all the traffic

lights red
while True do

Set Pi = 0 ∀i = 1,. . . ,n; . Set Priority of all
the traffic junction 0

Calculate traffic density TDi for each traffic
light i;

if emergency vehicle detected at junction i
then

Pi = 1;
Sort T = {j | j = 1, . . . , n && j 6= i} in

descending order according traffic
density TD;

Set Priority PTk
= 1 + k ∀k = 1,. . . ,n-1;

else
Sort T = {j | j = 1, . . . , n} in

descending order according traffic
density TD;

Set Priority PTk
= k ∀k = 1,. . . ,n;

i = 1;
for i 6= n do

Set OPk==i = {0, 0, 1};
Wait for a time period tm;
Set OPk==i = {0, 1, 0};
Wait for a time period tn;
Set OPk==i == {1, 0, 0};

Fig. 4: Number of Epoch with respect to Loss

number of epoch with respect to validation loss. As
shown in Figure 4, the training and validation loss
value’s difference is lowest around 100th epoch.

Further, trained kernel weights are then transferred to
the inference model on the edge device, Raspberry Pi 4.
It was observed the inference time of the detector on the
Raspberry Pi varied between 1.45 – 1.57 sec per frame.
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TABLE I: Power consumption of IoT device on different loads

Parameters Current (Amps) Voltage (Volts) Power (Watts)
IoT device not connected to monitor 0.61 5.08 3.1

IoT device connected to monitor 0.68 5.08 3.45
IoT device running detector and monitor 1.4 5.13 7.182

IoT device running only detector 1.34 5.13 6.87

The power consumption of the IoT device (Raspberry Pi
4) per second on different loads is tabulated in Table I.
The input to the IoT device was DC 5.1V and 3A. The
highest power consumption, 7.18 W, is achieved when
running our detector along side the monitor. However, it
is worth noting that it is only half of the input power
supplied. When running the detector connected to a
traffic camera, the power consumption is 6.87 W. The
power is measured using USB power connector. Figure 5
illustrates the detection of FP and TP for each class
on the test set. These parameters are used as an input
to calculate our principal evaluation metric, mAP, as
evident from Equations 1 and 2. Figure 6 illustrates
the mAP of each class. Average precision is obtained
by calculating the area under a precision-recall curve.
Precision for each class, i.e. bus, car, van and others
are 0.8816, 0.7083, 0.3749 and 0.7592, respectively.
An overall mAP indicates that the detector can identify
objects and classify them with a success rate of 68.10%.
The reason for high false positive for the car and van
is because of the lack of annotated data in ground truth
and occlusion scenarios.

IV. CONCLUSION AND FUTURE WORK

This paper proposes a IoT framework for urban traffic
management system using the CCTV camera. Unlike,
the existing frameworks which require deployment of
an array of sensors, this economical framework uses the
existing CCTV camera network at traffic junction. This
urban traffic management system aims to overcome the
problem of traffic congestion by deploying YOLO v3-
Efficient DNN to detect the traffic density and emergency
vehicles. Unlike, the existing traffic light scheduling
algorithm which deploy round robin scheduling, our
novel traffic scheduling algorithm uses both these pa-
rameters to control the traffic lights at the junctions.
Raspberry Pi 4 is used as an edge computing device to
test the accuracy of detector. The inference YOLO v3-
Efficient Net Model achieves 68.10% accuracy which
can further be enhanced by training the network on
multiple datasets with CCTV footage from different
countries and scenarios. The inference model can further
be enhanced by model pruning and using weights which
have been learned on datasets which are more inclusive
and descriptive in nature.

(a)

(b)

Fig. 5: Bar chart showing (a) false positive and true
positives (b) ground truth for each class

At present, UA-DETRAC dataset is used for training
and testing the DNN model for vehicle detection. In
future, we plan to evaluate the properties of our IoT
framework by testing in real-time to measure the reduc-
tion in the average wait time of vehicle at the junction.
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Fig. 6: Bar chart showing mAP for each class
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[9] J. Barthélemy, N. Verstaevel, H. Forehead, and P. Perez, “Edge-
computing video analytics for real-time traffic monitoring in a
smart city,” Sensors, vol. 19, no. 9, p. 2048, 2019.

[10] M. S. Chauhan, A. Singh, M. Khemka, A. Prateek, and R. Sen,
“Embedded cnn based vehicle classification and counting in
non-laned road traffic,” in Proceedings of the Tenth Interna-
tional Conference on Information and Communication Tech-
nologies and Development, 2019, pp. 1–11.

[11] A. P. Shah, J.-B. Lamare, T. Nguyen-Anh, and A. Hauptmann,
“Cadp: A novel dataset for cctv traffic camera based accident
analysis,” in 2018 15th IEEE International Conference on
Advanced Video and Signal Based Surveillance (AVSS). IEEE,
2018, pp. 1–9.

[12] Y. Cai, L. Dai, H. Wang, L. Chen, Y. Li, M. A. Sotelo, and Z. Li,
“Pedestrian motion trajectory prediction in intelligent driving
from far shot first-person perspective video,” IEEE Transactions
on Intelligent Transportation Systems, 2021.
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