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ABSTRACT  

As a new, upcoming technology in the transportation andpowersectors, electric vehicles offermany 

environmental and economic benefits. In contrast to conventional routing systems, which determine 

the optimal route to a destination, this work designs a route planning specifically for electric 

vehicles that considers both time and speed factors simultaneously. A physical model of the electric vehicle's energy 

consumption is used to model the road network as a network of nodes, with weighted edges, in order to apply 

anoptimal path algorithm that finds the route with the lowest edge cost.An optimized optimum 

path algorithm seeks to find the optimal path with the least amount of edge costs. In this case the edge 

costs are speed and time.The prototype route choice algorithm has been developed based on the improved Dijkstra 

algorithm. This algorithm employs both the optimal distance path and the optimum travel time path function. 
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I. INTRODUCTION  

Electric Vehicles are transportation vehicles that use an electric motor or motors for propulsion. They can be 

powered by extravehicular sources of electricity or by batteries in autonomous mode.At the beginning 

of the 20th century, electric vehicles were considered a viable method of propulsion, providing a level of comfort 

and ease of operation that wasn't possible with gasoline-powered vehicles. Electric vehicles (EVs) have seen 

resurgence in popularity in the 21st century because of technological innovations, as well as increased focus on 

renewable energy and the lessening of transportation's impact on climate change, air pollution, and other 
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environmental issues. Due to rising pollution, along with the depleting crude oil reserves, electric vehicles have 

received considerable attention from international leaders. When driving an electric vehicle on freeways, there are 

two main problems to contend with: first, the battery life of the vehicle, and second, the length of time required 

charging it.Depending on the path taken, energy consumption can vary greatly. Based on the special characteristics 

of electric vehicles, this study goes into the optimal route planning to a destination. Currently, efforts are being made 

to maximize battery life, minimize energy consumption, and improve journey time.The aim of this work is to find a 

route that uses the least amount of energy to go from one point to another. In addition, the best route to maximize 

battery life can be determined as well as the optimum journey time. To solve the optimization problem in a network 

with nodes, edges, and edge costs, optimal path algorithms are used. The algorithms provide a method for finding 

the optimum edge cost path from one node to another.An electric vehicle model that describes the physics of 

different driving modes is used to estimate the energy consumption and travel time. An optimization algorithm 

weighs factors based on these three variables: (i) Energy consumption: The vehicle should arrive at its destination 

with the maximum possible battery charge (ii) Time: The journey should take the least amount of time possible (iii) 

Battery life. It is crucial to minimize the cumulated energy flow in order to maximize the battery lifespan of electric 

vehicles. It is our intention to include the drivers' preferences in a very flexible manner in this paper. 

 

II. RELATED WORK 

The vehicle starts at a specified origin, stops and refuels at refueling vertices on the way and arrives at a specified 

destination. Its algorithm is a two-stage optimum path computation: constructing a new network that is composed of 

all the optimum paths between all pairs of refueling vertices and finding the optimum path between the origin and 

the destination in the new network. The well-known Dijkstra’s algorithm is applied to solve the problem. Lawler 

considered the same problem but regarded the travel time instead of the length as the cost of the arc. He developed 

two polynomial algorithms by applying the Bellman-Ford method and the Floyd-Warshall method. However, both 

objective functions neglect the impact of refueling operations. This may result in vehicles refueling more often than 

necessary or refueling even when the energy level is high. To limit the number of stops for refueling, the two-stage 

optimum path problem (SP) of EVs was modified. Two scenarios (the maximum number of stops for refueling was 

specified versus not specified) are studied to identify a more reasonable path in the electric vehicle optimum walk 

problem (EV-SWP). The paper also provides polynomial algorithms. The EV-SWP has been frequently reviewed 

and compared by other studies. However, the maximum number of stops for charging instead of the impact of 

refueling operations is considered. The value of the maximum number is difficult to determine and may affect the 

solution. 

The optimal routing problem with limited fuel is equivalent to the weight-constrained optimum path problem 

(WCSP) if the weight (fuel consumption) and the cost of each arc are not related and vehicles cannot refuel. 

Therefore, modified WCSPs were presented in other studies. The WCSP with refueling and presented new 
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algorithms that exploit the inter-replenishment path structure. Thus, author focused on the processing method, the 

algorithm presentation, and the result comparison instead of the problem definition. The cost of the optimal path in 

the studies that are discussed above is the travel time or length. The objective of the routing problem of EVs is to 

find energy-efficient paths rather than short or fast paths due to the limited battery capacity. They formalized the 

energy-optimal routing problem as a special case of the WCSP: the energy value may be negative, which 

corresponds to energy recuperation. A prefix-bounded optimum path tree with respect to function absorp is 

computed to solve the problem. The energy consumptions are constant among arcs and are unrelated to the arc 

length and the traffic state. However, in practice, EVs may become more fuel efficient as the average speed 

increases. In this paper, we assume that the energy (electricity) consumption of an EV that is traversing a link is 

related to the distance and to the average travel speed. Many methods are available for estimating the average travel 

time and travel speed using automatic number plate recognition data. Many other studies about urban road 

transportation, which include queue length estimation, traffic demand estimation, and saturation degree estimation, 

are also based on such information. Consequently, ANPR data are utilized in this paper for average travel time and 

travel speed estimation. 

 

III. PROPOSED ALGORITHM 

The multi-objective optimization is solved by applying anoptimum path algorithm. Optimum path algorithms use 

networks made of nodes and edges. The goal of optimum path algorithms is to find the path with the least amount of 

edge costs. By minimizing the sum of weights of the edges of a graph, the optimum path algorithm finds the path 

between two vertices.It is proposed to define travel time as the dynamic weight of the road according to an improved 

Dijkstra algorithm. To determine the optimum path between two points, the data for the road network is preloaded 

into memory during Step 1 (initialization). To index related roads, a searching rectangle is constructed in Step 2 

(searching). To solve the optimum path problem, Dijkstra's algorithm is employed in Step 3 (optimum path 

calculation). 

 

IV. EXPERIMENTAL RESULT AND DISCUSSION 

By definition, the optimum path problem is to determine a path between two vertices (or nodes) in a graph such that 

the total edge weights are as low as possible.In optimum path problems, the choice of the route optimum in travel 

time is considered.It is the edge weight that determines the travel time.With the dynamic edge weight, the shortest 

path problem differs from the traditional one.In order to construct the network, new information about the nodes and 

edges will have to be collected. 
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Figure 1: Hierarchical Relationship Nodes and Edges 
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Figure 2: An analysis of optimum travel times 

 

 

Table 1: The process of traveling the shortest distance 

Destination  The path and the arrival time from Source to other 

nodes 

A α α α E, F,G,A E,F,B.A E,F,B.A 

B α E, F, B E, F, B - - - 

C α α E, F,G, C E, F,C - - 

D α α α α E,F,G,C,D E,F,G,C,D 

F E, F - - - - - 

G α E, F,G - - - - 

H α α E, F,G, H E, F,G, H E, F,G, H - 

E (Source)  E, F E, F,G E, F,G, B E, F,G, B,C E, F,G,B,C, H E, F,G,B,C, 

H,D 

 

Table 1 depicts the original point and the destination point is established first. Next, the minimum time cost of edge 

E and F. Thirdly, there is the minimum weight of the edge compared to the other points. Fourth, update the edges 

weight if the path passes G and gets closer to the original point. Fifth, add the point until you reach the destination 

point by selecting the next minimum weight edge. We then find the path with the shortest travel time between the 

Nodes Edges Edge weight 

Time  

Speed 

A 

E H G F 

D C B 

E D 
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original point and the destination point. Taking the path of E, F, G, C, and D from E to D takes a short amount of 

time 

 

V. CONCLUSION AND FUTURE ENHANCEMENT 

The proposed algorithm for shortest travel time is evaluated using distance factor and time factor. Separate units are 

used to measure the distance and time cost. According to the results of the comparison, shortest travel time routes 

take less time than shortest distance paths. The future study will also analyze multiple sources of data to determine 

the traffic condition. 
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