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Abstract

Traffic congestion has emerged as one of the major problems in developing countries like India. It has a very negative
effect on the economy, life of the citizens and the quality of services. Traffic congestion can furthermore, increases
the response time of emergency services. Some of the main reason for the emergence of this problem are due to
exponential increase in number of vehicles in the past decade, lack of adequate infrastructure, insufficient parking
space and inefficient law enforcement leading to traffic congestion. Researchers have been trying hard to come up
with an efficient solution to the problem. This work presents a Smart Route Determining algorithm with Load
Balancing (SRD-LB) based on real time traffic data analysis, road conditions and environmental factors to reduce the
travel time. The simulation results proved the efficiency of SRD-LB in successfully reducing the travel time and
avoiding traffic congestion.

Index Terms — traffic load balancing, smart route finding, smart traffic management, smart city, SUMO, OSM.

1. INTRODUCTION

In a developing nation like India, the transportation sector has a remarkable influence in the growth of
the nation over the last decade. The number of vehicles has been increasing exponentially in the past few
decades. Due to limited infrastructure, traffic congestion has emerged as a serious problem in cities. The
limited infrastructure is also a chief reason for increase in environmental pollution, number of accidents
[1] and delay in response of emergency services like police, ambulance, fire-brigade etc. Furthermore,
traffic congestion has serious ill effects on the economic growth of the economy [2]. The Government of
India (Gol) is focusing on building and developing infrastructure but due to existing conditions and limited
scope in urban road infrastructure development, is not able to handle the problem of traffic congestion
in cities. The existing road infrastructure is not utilized due to lack of real time traffic information and
absence of centralized system to guide vehicles via a route taking smallest travel time. In this manner, the
problem of traffic congestion can be handled efficiently [3].

The existing route-determining algorithms comprises of classical and dynamic route determining
algorithms. The classical algorithms include algorithms like Dijkstra [4] and the A* algorithm [5], which
doesn’t take into consideration the dynamic nature of the route. The dynamic route-determining
algorithm relies more on data analytics, machine learning and artificial intelligence for determining
optimal path [6]. Dynamic route-determining algorithms are capable of handling real life situations [7-9].
However, as per our conscience, this paper first work on identifying the optimal route to minimize the
travel time using real time traffic analysis while focusing on load balancing via a centralized server and
Internet of Vehicles (loV) to avoid traffic congestion. The main work in this paper are:
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An algorithm that can assign weights to a path based on the real time traffic analysis, road conditions (like
distance, number of lanes, condition of road, presence of divider etc.) and environmental factors (like
heavy rainfall, repair in progress, etc.).

SRD-LB algorithm, navigating a driver from source to destination via optimal path (with respect to
travelling time) with maintaining load balancing over the entire city’s road network.

The results of simulation show that the proposed SRD-LB algorithm using optimal weight assignments,
offers optimal route with lesser travel time while achieving load balancing to efficiently handle traffic
congestions.

The paper organization is as follows: Section 2 deals with the literature related to route determining
algorithm, Section 3 provides the insights of SRD-LB algorithm, Section 4 deals with the analysis of the
simulation results and Section 5 deals gives conclusion and future scope of the work.

2. RELATED WORK

The section is sub-divided into three sub-sections: traditional route determining algorithm, dynamic
route-determining algorithm and traffic prediction methods.

2.1 Classical Route Determining Algorithm

Classical Route Determining Algorithm were designed to identify the least cost route between any pair of
vertices in a graph. These algorithms include Dijkstra [4], A-Star (A*) along with the work related to these
algorithms.

Wang [10] suggested an improvement over Dijkstra algorithm to make it more adaptive, by introducing
equivalent path instead of actual and redefining weights. However, this work is unable to form the basis
of urban traffic management system. Wei et al. [11] provided an improvement over Dijkstra algorithm by
introducing congestion weight functions, but its implementation doesn’t adopt to real time traffic analysis
performance.

Li et al. [12] suggested an improvement over A* algorithm via application of inverse search and optimizing
the evaluation function, transforming it into more suitable version for larger graphs. Shi et al. [13]
suggested taking into account the distance between source and destination nodes as the function of
vertices and successfully improved the performance of A* algorithm.

Classical algorithms are well efficient and have large applications in graph theory for finding shortest
route. However, these cannot be applied to the real-life problems like traffic congestion management.

2.2 Dynamic Route Determining Algorithm

The researchers [14-17] collected historical taxi data and proposed a route determining algorithm. Han et
al. [18] suggested a route determining scheme for re-chargeable Wireless Sensor Networks for prolonging
network life-time by reducing the number of dead nodes. Dai et al. [19] suggested a person-specific route
determining algorithm based on needs of the vehicle drivers. Kanoh [20] suggested a dynamic route
determining algorithm using last travel record and genetic algorithm for predicting future travel time.

Li et al. [21] introduced a dynamic routing algorithm, which can work with constraints. Sun et al. [22]
successfully improved the worst-case performance of route determining algorithm, by assuring reliability
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within certain time range. Sommer et al. [23] analyzed traffic information to identify traffic congestion
and suggesting optimal routes. Shang et al. [24] designed and developed a mechanism for dynamic route
determination capable of adaptation based on change in external situations or parameters.

Mostly the algorithms in this section are specific to situation specific problems. Moreover, none of these
take load balancing into account, while considering route determination. Therefore, the research
solutions discussed in this section are infeasible in real traffic situations.

2.3 Traffic Prediction Methods

For handling traffic congestion in a more meaningful manner, analyzing the traffic in real time along with

the ability of traffic prediction are crucial. Vlahogianni et al. [25] suggested multiple ideas based on
parameter for predicting traffic in near future. The work [26] suggested that the prediction performance
based on external factors such as rainfall, fog and other miscellaneous factors, and the problem of near
future traffic prediction has some random fuzzy pattern and cannot be predicted accurately.

For near future traffic predictions, generally two types of methods are used, namely the parametric and
non-parametric methods. The parametric methods rely on mathematical modelling like linear regression
model, time-series model etc., while the non-parametric methods rely on domain knowledge-based
prediction method.

Fontanelli et al. [27] developed a dynamic path determining strategy relying on the last known travel time
and number of vehicles running on particular road to make near future predictions. Kong et al. [28]
developed a TLR model based on statistical and mathematical model for predicting traffic. Guo et al. [29]
presented an adaptive predictive algorithm for near future traffic flow prediction. Fei et al. [30] presented
a dynamic and adaptive linear predictive model, which based on real time data, improves the prediction
accuracy. However, the work presented could not account for influence of random factors and other real-
life uncertainty due to its non-linear nature [31]. Based on SVM (Support Vector Machine) and PSO
(Particle Swarm Optimization), Kong et al. [32] presented a strategy for predicting traffic congestion. Kang
et al. [33] developed a LSTM (long short-term memory) model based on certain parameters to improve
the prediction accuracy. To overcome the variation problem, Xing et al. [34] suggested the use of kernel
function in place of hidden layer and presented traffic prediction algorithm. K-Nearest Neighbour is
usually considered as one of the most widely accepted method for non-parametric regression. Cai [35]
and Su [36] suggested the use of KNN-based methods for prediction to improve the accuracy as compared
to other prediction model.

3. THE PROPOSED SRD-LB ALGORITHM

The SRD-LB Algorithm lays its foundation on Dijkstra algorithm. A network of roads in a smart city is
presented in Figure 1 and is considered as weighted directed graph as presented in Figure 2. The circle
represents the starting points of a Road Segment (RS), while the edges refer to the RS. The weight of an
edge of the RS is represented by W (A to B). Based on the real time traffic analysis (average speed of
vehicle) and other external factors (rainfall, fog, road repair, etc.), the weights are updated regularly for
each time slot. The arriving number of new requests and the weights form the basis for determining the
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routes, to be assigned to new request. To avoid congestion on a particular RS, a load balancing scheme is
also included in the proposed SRD-LB algorithm.

3.1 Parameters of the Model

In our work, we have incorporated a multi-layered, feedforward and non-linear sigmoid perceptron model
of Artificial Neural Network. As the model is well suited in function approximation problems [36], it is well
suited for the scenario and the experimental results also proves the same. The model is based on
supervised and gradient descent is used as the learning algorithm. Table 1 provides the details of input
parameters required for identifying the weight of a RS. Table 2 provides the detail insights of parameters
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Fig 1. Sample Network of Roads
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Fig. 2. Sample Network of Roads transformed as Weighted Directed Graph
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3.2 The Algorithm

This section presents the pseudo-code of the SRD-LB algorithm along with the detailed description of the

modules used in the algorithm. The SRD-LB algorithm begins execution by estimating the weight of each

road segment and is capable of identifying possible paths between source and destination.

The SRD-LB Algorithm

Begin

End

For each Road Segment

Call Identify_weight

End for

For each vehicle requesting path from source to destination

For each vehicle at the start of road segment

Call Indentify_Candidate_List

Call Path_Selector from candidate list

Call Update_Weight of RS selected by Path_Selector
Repeat For until destination is reached

End For

End For

TABLE 1. PARAMETERS USED AS INPUT TO IDENTIFY THE WEIGHT OF A RS

S. Parameter Type Description of the Parameter Proportionality
No.
1. Distance Float This parameter presents the actual length of the | Directly
RS.
2. Lanes Integer This parameter presents the number of active | Directly
lanes in RS.
3. Vehicles Categorical | This parameter presents the type of Vehicles | Inversely
running on the RS at the given interval. The
vehicles can be Heavy, medium and light.
4. Average Float This parameter presents the average speed of | Directly
Speed Vehicles running on the RS (category-wise) and
this parameter is based on historical data.
5. Number of | Integer This parameter presents the number of Vehicles | Inversely
Vehicle running category-wise on the RS at the given
interval.
6. Visibility Categorical | This parameter presents the visibility condition | Directly
Condition on the RS at the given interval. The visibility can

be High, Normal Low and No.
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7. Water Categorical | This parameter presents the water logging | Directly
Logging condition on the RS at the given interval. The
condition of water logging can be High, Normal,
Low and No.
8 Maintenance | Categorical | This parameter presents the situation of | Directly
Work maintenance work on the RS at the given
interval. The situation of maintenance work can
be High, Normal, Low and No.
TABLE 2. PARAMETERS USED FOR TRAINING THE MODEL
S. Parameter | Value | Description
No. | Name
1 NNIL 14 The number of inputs provided to the model. The parameter Vehicles,
Average Speed and Number of Vehicles contribute to 9 parameters, being
category wise and remaining 5 contributes as single.
2 NNHL 20 The no. of neurons in one hidden Layers.
NHL 5 The no. of Hidden Layers
4 NNOL 2 The output provided by the model (weight of the RS and expected travel
time).
5 Epochs 2000 | Max. no. of epochs to train
6 Goal 0 Performance Goal of the model
7 Lr 0.9 The Learning rate of the model
8 Max fail 50 Max. validation failures of the model
9 Mc .95 Momentum constant of the model
10 | Mingrad e-10 Min. performance gradient of the model

Average Distance Travelled
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Fig 3. The Simulation Results of Average Distance Travelled by Vehicle at different Request Arrival Rate of
Vehicle on Dijkstra, A* and SRD-LB Algorithm.
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Fig 4. The Simulation Results of Average Time Taken by Vehicle at different Request Arrival Rate of
Vehicle on Dijkstra, A* and SRD-LB Algorithm.

The Identify_weight module is designed for calculating the weight of a road segment based on the model
presented in Section 3.1. The weights of each RS are recorded in the database, which are later used for
determining optimal route. The Indentify_Candidate_List module is used for the process of determining
the next possible candidates of optimal routes (the next RS to be used). The Path_Selector module selects
the RS which will result in the least travel time based on the current traffic weight state. The
Update_Weight module is called for each RS which is selected by the Path_Selector module.

4. RESULTS AND DISCUSSIONS

This section presents the results of the proposed SRD-LB algorithm. The simulations were conducted on
SUMO (Simulation of Urban MObility), to provide a more realistic picture of traffic simulation, using OSM
(Open Street Map) of New Delhi.

The Poisson process is used to generate request arrival rate (A), which is defined as the number of requests
arriving per minute. The experiments are conducted on different values of A. The source to destination,
along with the category of vehicle are generated randomly. To show the effectiveness of the simulation,
same seed are provided to Dijkstra and A* algorithm as well. The results are compared on the basis of the
average distance travelled and average time taken by the vehicles during the simulation. The values of A
are kept higher to ensure that the simulation results present the real picture. Multiple simulations (More
than 100) were run at each request arrival rate and each simulation generated an analysis on the time
frame of nearly 10 hours. The simulations were allowed to run for some time before starting the analysis
since at the start of simulation, there is no traffic in the road network. Figure 3 presents the simulation
results for average distance travelled by the vehicles with respect to different values of A. Figure 4 presents
the results for average time taken by the vehicles with respect to different values of A.

5. CONCLUSION AND FUTURE SCOPE

This work presents a route determining algorithm with load balancing based on real time traffic data
analysis and other external factors. The main goal of this work is to reduce the travel time within the smart
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city. The SRD-LB algorithm is furthermore capable of identifying and managing the state of traffic at
particular time and avoiding traffic congestion by balancing the traffic between different routes. The SRD-
LB algorithm is capable of handling the concurrent requests. The simulation results show that SRD-LB
algorithm is capable of determining the route with shortest travel time while ensuring the traffic load
balancing in the smart city road network. The SRD-LB algorithm, however increased the average distance
travelled by the vehicles but considerably reduced the average travel time, which concludes better and
efficient traffic management and congestion control. The future scope of this work is to integrate a
mechanism which can reduce the response time of emergency services like ambulance, fire brigade,
police, etc. within the city and provide support for centralized traffic policing.

ACKNOWLEGEMENT

This research work has been supported by the funding provided by AICTE in association with NPIU under
Collaborative Research Scheme funded by World Bank project (TEQIP-III). The title of the research project
is “Data Analytics & loT framework for freeway to emergency services & Traffic Policing in Smart Cities”.

REFERENCES

[1] B. Meghana, S. Kumari, and T. Pushphavathi, “Comprehensive traffic management system: Real-time
traffic data analysis using rfid,” in 2017 International conference of Electronics, Communication and
Aerospace Technology (ICECA), vol. 2. IEEE, 2017, pp. 168-171.

[2] Y. Gu and L. Xie, “Fast sensitivity analysis approach to assessing congestion induced wind curtailment,”
IEEE Transactions on Power Systems, vol. 1, no. 29, pp. 101-110, 2014.

[3] J. Zhao, Y. Gao, Z. Bai, H. Wang, and S. Lu, “Traffic speed prediction under non-recurrent congestion:
Based on Istm method and beidou navigation satellite system data,” IEEE Intelligent Transportation
Systems Magazine, vol. 11, no. 2, pp. 70-81, 2019.

[4] E. W. Dijkstra et al., “A note on two problems in connexion with graphs,” Numerische mathematik, vol.
1, no. 1, pp. 269-271, 1959.

[5] P. E. Hart, N. J. Nilsson, and B. Raphael, “A formal basis for the heuristic determination of minimum
cost paths,” IEEE transactions on Systems Science and Cybernetics, vol. 4, no. 2, pp. 100—-107, 1968.

[6] Y. Wang, H. Zhou, and Y. Wang, “Mobile robot dynamic path planning based on improved genetic
algorithm,” in AIP conference proceedings, vol. 1864, no. 1. AIP Publishing LLC, 2017, p. 020046.

[7] X. Li, M. Li, Y.-J. Gong, X.-L. Zhang, and J. Yin, “T-desp: Destination prediction based on big trajectory
data,” IEEE Transactions on Intelligent Transportation Systems, vol. 17, no. 8, pp. 2344-2354, 2016.

[8] W. Liu, Y. Zheng, S. Chawla, J. Yuan, and X. Xing, “Discovering spatio-temporal causal interactions in
traffic data streams,” in Proceedings of the 17th ACM SIGKDD international conference on Knowledge
discovery and data mining, 2011, pp. 1010-1018.

[9] G. Han, X. Miao, H. Wang, L. Liu, J. Jiang, and Y. Peng, “A dynamic multipath scheme for protecting
source-location privacy using multiple sinks in wsns intended for iiot,” IEEE Transactions on Industrial
Informatics, 2019.

13213



Nat. Volatiles & Essent. Oils, 2021; 8(5): 13206 -13215

[10] R. Wang, “A research on the weighted improvement of Dijkstra algorithm in optimal path calculation,”
in 2017 5th International Conference on Frontiers of Manufacturing Science and Measuring Technology
(FMSMT 2017). Atlantis Press, 2017.

[11] M. Wei and Y. Meng, “Research on the optimal route choice based on improved dijkstra,” in 2014
IEEE Workshop on Advanced Research and Technology in Industry Applications (WARTIA). IEEE, 2014, pp.
303-306.

[12] D.-w. LI, B.-m. HAN, and Y. HAN, “Conversely improved a star route search algorithm [jl,” Journal of
System Simulation, vol. 22, 2007.

[13] H. Shi, W. Cao, S. Zhu, and B. Zhu, “Applications of the improved a* algorithm for route planning,” in
2009 Second International Conference on Intelligent Computation Technology and Automation, vol. 1.
IEEE, 2009, pp. 299-302.

[14] Z. He, K. Chen, and X. Chen, “A collaborative method for route discovery using taxi drivers’ experience
and preferences,” IEEE Transactions on Intelligent Transportation Systems, vol. 19, no. 8, pp. 2505-2514,
2017.

[15] J. Zhang, W. Meng, Q. Liu, H. Jiang, Y. Feng, and G. Wang, “Efficient vehicles path planning algorithm
based on taxi gps big data,” Optik, vol. 127, no. 5, pp. 2579-2585, 2016.

[16] W. Luo, H. Tan, L. Chen, and L. M. Ni, “Finding time period based most frequent path in big trajectory
data,” in Proceedings of the 2013 ACM SIGMOD international conference on management of data, 2013,
pp. 713-724.

[17] L.-Y. Wei, Y. Zheng, and W.-C. Peng, “Mining popular routes from social media,” in Multimedia Data
Mining and Analytics. Springer, 2015, pp. 93-116.

[18] G. Han, H. Guan, J. Wu, S. Chan, L. Shu, and W. Zhang, “An uneven cluster-based mobile charging
algorithm for wireless rechargeable sensor networks,” IEEE Systems Journal, vol. 13, no. 4, pp. 3747-3758,
2018.

[19] J. Dai, B. Yang, C. Guo, and Z. Ding, “Personalized route recommendation using big trajectory data,”
in 2015 |EEE 31st international conference on data engineering. |IEEE, 2015, pp. 543-554.

[20] H. Kanoh, “Dynamic route planning for car navigation systems using virus genetic algorithms,”
International Journal of Knowledge-based and Intelligent Engineering Systems, vol. 11, no. 1, pp. 65-78,
2007.

[21] J. Li, Y. D. Yang, and N. Mamoulis, “Optimal route queries with arbitrary order constraints,” IEEE
TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, vol. 25, no. 5, p. 1097, 2013.

[22] S.-c. Sun, Z.-y. Duan, and D.-y. Yang, “Optimal paths planning in dynamic transportation networks
with random link travel times,” Journal of Central South University, vol. 21, no. 4, pp. 1616-1623, 2014.

[23] C. Sommer, A. Schmidt, Y. Chen, R. German, W. Koch, and F. Dressler, “On the feasibility of umts-
based traffic information systems,” Ad Hoc Networks, vol. 8, no. 5, pp. 506-517, 2010.

13214



Nat. Volatiles & Essent. Oils, 2021; 8(5): 13206 -13215

[24] S. Shang, L. Chen, Z.-W. Wei, D.-H. Guo, and J.-R. Wen, “Dynamic shortest path monitoring in spatial
networks,” Journal of Computer Science and Technology, vol. 31, no. 4, pp. 637—- 648, 2016.

[25] E. I. Vlahogianni, M. G. Karlaftis, and J. C. Golias, “Shortterm traffic forecasting: Where we are and
where we’re going,” Transportation Research Part C: Emerging Technologies, vol. 43, pp. 3—-19, 2014.

[26] W. Xiangxue, X. Lunhui, and C. Kaixun, “Data-driven short-term forecasting for urban road network
traffic based on data processing and Istm-rnn,” Arabian Journal for Science and Engineering, vol. 44, no.
4, pp. 3043-3060, 2019.

[27] S. Fontanelli, E. Bini, and P. Santi, “Dynamic route planning in vehicular networks based on future
travel estimation,” in 2010 IEEE Vehicular Networking Conference. |EEE, 2010, pp. 126—133.

[28] X. Kong, F. Xia, J. Wang, A. Rahim, and S. K. Das, “Time location-relationship combined service
recommendation based on taxi trajectory data,” IEEE Transactions on Industrial Informatics, vol. 13, no.
3, pp. 1202-1212, 2017.

[29] J. Guo, W. Huang, and B. M. Williams, “Adaptive kalman filter approach for stochastic short-term
traffic flow rate prediction and uncertainty quantification,” Transportation Research Part C: Emerging
Technologies, vol. 43, pp. 50-64, 2014.

[30] X. Fei, C.-C. Lu, and K. Liu, “A bayesian dynamic linear model approach for real-time short-term
freeway travel time prediction,” Transportation Research Part C: Emerging Technologies, vol. 19, no. 6,
pp. 1306-1318, 2011.

[31] W. Li and Y. Lie, “Application of wavelet neural network in prediction of short time traffic flow
prediction,” Computer Simulation, no. 9, p. 88, 2012.

[32] X. Kong, Z. Xu, G. Shen, J. Wang, Q. Yang, and B. Zhang, “Urban traffic congestion estimation and
prediction based on floating car trajectory data,” Future Generation Computer Systems, vol. 61, pp. 97—
107, 2016.

[33] D.Kang, Y. Lv, and Y.-y. Chen, “Short-term traffic flow prediction with Istm recurrent neural network,”
in 2017 IEEE 20th International Conference on Intelligent Transportation Systems (ITSC). IEEE, 2017, pp. 1-
6.

[34] Y.-m. Xing, X.-j. Ban, and R. Liu, “A short-term traffic flow prediction method based on kernel extreme
learning machine,” in 2018 IEEE International Conference on Big Data and Smart Computing (BigComp).
IEEE, 2018, pp. 533-536.

[35] P. Cai, Y. Wang, G. Lu, P. Chen, C. Ding, and J. Sun, “A spatiotemporal correlative k-nearest neighbour
model for short-term traffic multistep forecasting,” Transportation Research Part C: Emerging
Technologies, vol. 62, pp. 21-34, 2016.

[36] U. Upadhyay and G. Sikka, “Reducing stage weight estimation error of slow task detection in
mapreduce scheduling” in International Conference on Advanced Machine Learning Technologies and
Applications. Springer, 2018, pp. 284—291.

13215



