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Abstract: Background: Retail chains aim to maintain a competitive advantage by ensuring product
availability and fulfilling customer demand on-time. However, inefficient scheduling and vehicle
routing from the distribution center may cause delivery delays and, thus, stock-outs on the store
shelves. Therefore, optimization of vehicle routing can play a vital role in fulfilling customer demand.
Methods: In this research, a case study is formulated for a chain of retail stores in Dhaka City,
Bangladesh. Orders from various stores are combined, grouped, and scheduled for Region-1 and
Region-2 of Dhaka City. The ‘vehicle routing add-on’ feature of Google Sheets is used for scheduling
and navigation. An android application, Intelligent Route Optimizer, is developed using the shortest
path first algorithm based on the Dijkstra algorithm. The vehicle navigation scheme is programmed
to change the direction according to the shortest possible path in the google map generated by the
intelligent routing optimizer. Results: With the application, the improvement of optimization results
is evident from the reductions of traveled distance (8.1% and 12.2%) and time (20.2% and 15.0%) in
Region-1 and Region-2, respectively. Conclusions: A smartphone-based application is developed to
improve the distribution plan. It can be utilized for an intelligent vehicle routing system to respond
to real-time traffic; hence, the overall replenishment process will be improved.

Keywords: route optimization; intelligent application; Android Studio 4.0; Google Sheet; Dhaka
city map

1. Introduction

Nowadays, Industry 4.0 is transforming the physical, digital, and virtual systems
through numerous connections with different entities [1]. Supply chain (SC) digitalization
emanates from the communication and coordination [2] in a real-time situation to increase
organizational competencies [3] by embracing digital tools [4]. Moreover, digitalization
has caused significant economic shifts in supply chain management (SCM) as the demand
for products and services is growing exponentially due to globalization. Thus, a great
opportunity is arising for SCM to be the focal point of competitive advantage in business.
The basic components of SC are organizations, consumers, operations, and information.
The most significant aspects of SCM are categorized as procurement, production, and deliv-
ery [5]. Thus, management of transportation has become a vital issue for an organization
to increase its operating performance, customer loyalty, and profitability [6].

The SCM system is driven by customer demands, the type of goods to be produced,
raw materials to be used, manufacturing methods, delivery schedule, and transportation
at the end. A key characteristic of SCM is its changing nature which emerges from the
movement of inventory, cash, and information among the network entities [7]. The man-
agement of these flows falls under the purview of logistics functions for scheduling and
routing activities [8]. The efficacy of the logistics system depends on the vehicle scheduling
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and routing optimization, which influences the profitability and customer satisfaction.
The vehicle routing problem (VRP) deals with the issues that arise when the vehicles are
scheduled and operated from the hub (initial location) to deliver products to customers
(several locations) [9]. The solution of VRP is a group of optimal routes; those routes
start and end in the hub, satisfying demands by serving customers. The process requires
route selection, estimating alternate routes, and predicting driving time based on criteria
variables, objective functions, and constraints [10].

Moreover, the revolutions in transportation systems, telecommunications, and ve-
hicular technologies create opportunities for controlling the supply chain and logistics
operations [11]. An intelligent transportation system develops the capability to guide the
driver to the destination by providing optimal routing information in real-time traffic con-
ditions [12] and/or by finding optimal routes with less fuel consumption [13]. Therefore,
adopting innovative technologies for autonomous vehicles, big data, and the internet of
things (IoT) will resolve unforeseeable challenges in the transportation sector [14]. Further-
more, cloud computing increases supply chain efficiency through increased visibility and
collaboration in order processing, inventory management, warehousing, and logistics [15].
The assimilation of Internet of Things (IoT) to cloud-based system enables dynamic man-
agement of vehicle routing operations by inter-communication, connection, and action
among various supply chain components [10] as proposed in Figure 1.
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In the retail industry, artificial intelligence (AI) applications are increasing in various
areas of ordering, processing, and transporting goods [16]. Autonomous transport systems
are used in intralogistics for optimizing alternative routes [17]. Machine learning (ML) is
used at Amazon for each shipment’s ideal packaging size selection [18]. An intelligent AI
application, called Eden, was launched by the global US retail group Walmart to optimize
its supply chain by inspecting the freshness of fruit and vegetables [19]. The use of mobile
applications has led innovations through various logistics process of e-grocery retail in
South Africa [20].

In Bangladesh, chains of retail stores were started with the aim of providing quality-
goods at reasonable prices with a comfortable shopping experience [21]. The chain stores
(also known as super shops) maintain customer satisfaction to achieve a competitive
advantage in the retailing sector [22]. The key points identified for retail chain service
improvement are pleasant shopping conditions, better services, a variety of goods, and
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efficient supply management [23]. The key challenge for a retail chain is to distribute all the
products from the warehouse to the stores at the right time at the right place with ensured
quality. Moreover, the distribution cost is on the higher side, which needs optimization
for a profitable and sustainable retail business [24]. Hence, vehicle routing plays a crucial
role for a super shop chain to supply products to its different outlets. In the absence of
proper vehicle routing, the driver of a vehicle moves from one outlet to another randomly,
and thereby increases both the traveling distance and time. An intelligent vehicle routing
system can help to fulfill increased customer service expectations by responding to the
real-time traffic condition for route optimization to reach the destination points. Therefore,
in this paper, an attempt has been taken to make the vehicle routing of a chain of retail
stores effective and automotive by making it intelligent.

2. Literature Review
2.1. Vehicle Routing Problem

Vehicle routing problem (VRP) focuses on determining the optimal vehicle route
to fulfill customer demands with minimum distance (time or cost). This concept was
introduced to find the optimal paths by minimizing the traveling distances of petrol
delivery trucks [25]. Subsequently, many vehicle routine problems were formulated with
various logistical applications. In particular, a time slot is maintained for delivery in
the VRP with time windows to find appropriate solutions for several real-life problems
in manufacturing, scheduling, and logistics. Pickup and delivery with time windows
using limited vehicles are considered for delivering several transport requests [26]. The
dynamic vehicle routing problem (DVRP) with time windows model was developed to
reduce the vehicle cost using real-time travel information. The two components of flow
simulation and route choice simulation is linked in the block density model [27], as shown
in Figure 2a, where the shortest path is chosen at a node. Real-time routing and dispatching
problems were solved by implementing parallel strategies for route re-optimization and
computation [28]. A model was developed to find an optimal route by simulating and
updating the route plan regularly according to the real-time traffic in Smart Cities [29]. In
this model, the classical Dijkstra algorithm [30] was used to find the shortest path in a city
map. Emergency vehicle routing was simulated for earthquake conditions in Okayama
City, Japan, by using a modified Dijkstra algorithm [31].

2.2. Big Data, IoT and Intelligent Transportation

Big-data based algorithms are increasingly used in intelligent transportation systems
(ITS) for a variety of applications in recognition of traffic signals, detection of objects, pre-
diction of traffic flow, and planning of travel times and routes [32]. One such example is the
development of an Android application for automatic capturing and image processing us-
ing mobile devices’ integrated camera systems for the detection of stolen cars, management
of parking systems, and verification of license plates [33]. Very recently, nine disruptive
technologies such as additive manufacturing, artificial intelligence (AI), automated robots,
autonomous vehicles, big data analytics, blockchain, drones, electric vehicles (EV), and the
internet of things (IoT) were identified as the emerging disruptive technologies expected
to affect logistics and transportation [34]. Intelligent cloud-based technology is making
a significant impact on the logistics sector, as cloud computing is used for autonomous
logistics to synchronize the real time flow of material and information [35]. IoT utilizing
cyber-physical systems (CPS), equipped with electronics and software, connects the phys-
ical system with the digital world to optimize the system’s performance [36]. Vehicular
cyber-physical systems (VCPS) are designed for smart roads by realizing mobile cloud
computing services where vehicles and mobile devices are connected to both cloud servers
and clients [37], as illustrated in Figure 2b. Open source VRP Spreadsheet Solver designed
to work by storing information in the server console and supplying information to the
worksheet of locations, distances, vehicles, solution and visualization [38], as shown in
Figure 2c with the illustration of information flow. A smartphone-based prototype appli-
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cation was developed for cargo transportation using an information and communication
technology (ICT) based service [39].
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2.3. Pathfinding, Scheduling and Intelligent Navigation

The pathfinding analysis, used for various sectors of logistics and transportation
network operation, identifies the shortest path to solve the fundamental vehicle routing
problem [40]. An algorithm was developed for the shortest pathfinding from the perspec-
tive of space and time complexity [41] in a sequence of partial graphs with original graph
growth [42]. The shortest path analysis using artificial intelligence based on linear graph
theory applied to avert obstacles on routes [43]. A mobile application was developed for
agricultural product logistics by using Dijkstra’s algorithms to calculate the shortest path
to discover the transportation routes [44]. Ant Colony Optimization was recently adopted
to solve multiple delivery routing problems for E-logistics service providers [45].

An online scheduling approach combined qualitative and quantitative research meth-
ods using operational research and artificial intelligence to solve the vehicle routing prob-
lem for B2C e-commerce urban logistic problems [46]. By incorporating the intelligent
system of traffic image processing and shortest path first algorithm, the traveling time
can be reduced significantly. The shortest available path was determined by knowing the
real-time traffic conditions to effectively navigate the driving [47]. An Android application
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for a smartphone was developed for real-time decision-making involving traffic conditions
on the road [48]. Using graph theory and shortest path algorithm, a mobile map was
designed and developed to find the shortest and quickest route between two locations [49].
To make the vehicle routing algorithms practical, global positioning system (GPS) data was
used for the algorithms to provide the optimal solution to a real-world scenario [50]. A
system was developed to automatically gather information using sensors attached to the
vehicle and transmit information through GSM-enabled devices. An intelligent monitoring
system was developed by using GPS, Google Maps, and cloud computing to take all the
necessary inputs of the vehicles like their real-time location, fuel level, driver conditions,
and speed [51]. An online map service was used to develop a dynamic vehicle routing
system to respond to real-time customer demands cost-effectively with improved visual
effects [52]. An Android application was developed for the optimal tour (shortest distance)
using the Genetic Algorithm and was implemented using the Google API [53]. The essen-
tial elements of the navigation system are the minimalist path algorithm and up-to-date
road networks on the maps [54]. An AI based transportation system is crucial for the
development of mechanical intelligence [55] for Smart Connected Logistics (SCL) systems,
making it more complex, automated, intelligent, and adaptive [56].

From the above review of the literature, it is realized that dynamic vehicle routing
and scheduling optimization can be an efficient way to attain the optimal output for
better adaptability and performance. Hence, the current research aims to implement
application-based intelligent vehicle routing for a chain of retail stores to respond in
real-time traffic conditions.

3. Problem Identification and Solution Approach

Consider a chain of retail superstores facing challenges distributing several products
from its warehouse to different outlets/stores due to scheduling and routing issues. The
retail chain is located in Dhaka, Bangladesh, and experiences an inefficient distribution
plan with higher transportation costs [24]. Thus, this research was carried out to optimize
the scheduling and vehicle routing in supplying goods from the distribution center to
outlets. As a current practice, manual scheduling and routing are used to deliver products
using limited capacity vehicles. Hence, the optimal output is not achieved due to the
extra traveling of vehicles. Moreover, the traffic conditions in Dhaka city are often affected
by congestion and traffic jams. Therefore, an optimal route is required to respond to the
dynamic traffic conditions. Additionally, navigating on the road without knowing the
real-time traffic conditions undermines the product delivery target for the stores. Hence,
this paper attempts to implement intelligent vehicle routing and scheduling to improve
the distribution system by reducing the transportation distance and time. Daily demand
information obtained for two different commodities (rice and pulse) for 87 stores/outlets
is shown graphically in Figure 3. Demands are fulfilled daily from the central warehouse
(depot) using the vehicles (covered van) to the store/outlets.

The capital city of Bangladesh, also known as of Dhaka City Corporations (North
and South), lies between 23.69◦ and 23.89◦ North latitudes and 90.33◦ and 90.44◦ East
longitudes [57]. Due to inadequate space and road infrastructure, frequent traffic congestion
results in severe economic losses in the transport system in Dhaka city [58]. The government
has initiated comprehensive transport planning and infrastructure programs to improve
the traffic conditions [59]. This initiative has increased wider roads and improved the traffic
conditions in the newly developing areas (North-East part) of Dhaka city. Thus, a dotted
line has been drawn on the map of Dhaka city [60] to identify newly developing areas
(Region-1) and old areas (Region-2), as shown in Figure 4. In this study, transportation
assignments were considered for vehicle routing as vehicle V1 and V2 for Region-1 and V3
and V4 for Region-2, respectively.

This study collected data through a physical questionnaire survey with four delivery
vehicles’ drivers and the operation head. The demand at the outlet is known the day
before delivery. The total minimum demand for rice and pulses is 500 kg, while the total
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maximum demand is 2000 kg. Four vehicles with limited capacities were assigned for
scheduling and routing purposes. Vehicles 1 and 2 were considered for Region-1, while
vehicles 3 and 4 were considered for Region-2. The maximum capacity of the vehicle (total
weight of rice and pulse) is 6000 kg. It was assumed that each vehicle visits one node
(store/outlet) only once. The first node was considered as a depot (warehouse). Each
vehicle starts its journey from the depot, delivers the goods at nodes (stores), and ends the
journey at the depot. The daily demand at nodes does not exceed the capacity of the vehicle.
From the 87 stores/outlets, sample data set with 10 outlets in Region-1 and Region-2 were
selected with location information such as latitude, longitude, addresses, postal code, and
daily demand information, as listed in Tables 1 and 2.
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Table 1. Depot (Warehouse) and Delivery Locations (Outlet) information in Region-1 for assignment of vehicles 1 and 2.

Store ID Latitude Longitude
Address

Postal Code ORDER ID Rice (kg) Pulse (kg) Total (kg)
(Region-1)

Depot (D) 23.7679 90.4039 Novo Tower, 270, Tejgaon Industrial Area 1208

Outlet 1 23.8639 90.3971 Plot-32/D&E, Nator Tower, RD-02, Sector-03,
Uttara 1230 Order 1 1500 500 2000

Outlet 2 23.814 90.3237 Plot # 27, Road # 02, Sector # 11, Uttara. 1230 Order 2 500 0 500
Outlet 3 23.8818 90.3886 House-12, Road-12, Sector-10, Uttara 1230 Order 3 1000 500 1500

Outlet 4 23.8458 90.4179 1–18, Kawla Bazar, Civil Avn Mkt,
Dakshinkhan 1229 Order 4 500 200 700

Outlet 5 23.834 90.4154 House-1/C, 1/D, Road-16, Nikunja-2, Khilkhet 1229 Order 5 500 300 800

Outlet 6 23.7647 90.4291 House- 14 & 30-B, Blk-B, North Banasree,
Rampura 1219 Order 6 1500 500 2000

Outlet 7 23.7646 90.4291 Block-K, South Banasree, Rampura 1219 Order 7 1000 200 1200
Outlet 8 23.729 90.4295 3/2, Sky view Plaza, Mugdapara, Sabujbagh 1219 Order 8 1500 500 2000

Outlet 9 23.7612 90.4293 House-12, H Avenue Rd No-08, Rampura,
Banasree 1219 Order 9 600 200 800

Outlet 10 23.8098 90.3865 Shop-05, Plot-60, RD-07, Banasree, Rampura 1219 Order 10 500 0 500

Total 9100 2900 12,000
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Table 2. Depot (Warehouse) and Delivery Locations (Outlet) information in Region-2 for assignment of vehicle 3 and 4.

Store ID Latitude Longitude
Address

Postal Code ORDER ID Rice (kg) Pulse (kg) Total (kg)
(Region-2)

Depot (D) 23.7679 90.4039 Novo Tower, 270, Tejgaon Industrial Area 1208
Outlet 11 23.7986 90.3706 544/2-C, Kazipara, Mirpur 1216 Order 1 800 200 1000
Outlet 12 23.7986 90.3654 558 East Kazipara, Mirpur 1216 Order 2 700 300 1000
Outlet 13 23.7963 90.3513 3/A, City Centre, Darussalam RD, Mirpur-01 1216 Order 3 1000 500 1500
Outlet 14 23.7986 90.3654 1/2 Arsin Gate, Eastern Housing Society 1216 Order 4 600 100 700
Outlet 15 23.7743 90.3578 Plot-01, Dhaka Housing Ring Road, Shamoli 1207 Order 5 300 200 500

Outlet 16 23.7683 90.3481 29, Kaderabad Housing, Katasur,
Mohammadpur 1207 Order 6 1600 400 2000

Outlet 17 23.7621 90.3559 04, Mohammadi Housing Ltd., Mohammadpur 1207 Order 7 1500 500 2000

Outlet 18 23.7621 90.3493 20/11, Tajmohal Road, Block C,
Mohammadpur 1207 Order 8 1000 200 1200

Outlet 19 23.7527 90.3724 55–2, Qazi Nuruzzaman Sarak, West
Panthapath 1205 Order 9 700 100 800

Outlet 20 23.7396 90.3631 68/C, Jigatala, Dhanmondi, Dhaka-1209. 1209 Order 10 600 200 800

Total 8800 2700 11,500
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4. Intelligent Vehicle Scheduling and Routing

Intelligent vehicle routing is demonstrated by finding the shortest path between nodes
(outlets) through a two-step procedure of scheduling and routing utilized to identify the
optimal vehicle routing for a chain of retail stores/outlets. The methodology was developed
by using the demands of different outlets, combining those demands, and clustering these
by territory/region. The scheduling and routing plans were developed by considering the
vehicle capacity (weight) constraints.

4.1. Scheduling Process

The scheduling process considers the maximum number of stores/outlets that a vehi-
cle can attend with its capacity-constraint (weight) based on the demand at nodes (outlets).
The approach appoints the minimum number of vehicles required to serve the nodes
(outlets), thereby reducing the number of vehicles. An open-source spreadsheet-based
solver can be used for the Vehicle Routing Problem (VRP) where the server console stores
information for other worksheets (elements) of locations, distances, vehicles, solutions,
and visualizations [38], as is illustrated in Figure 2c. Google Sheets, a free web-based
spreadsheet application, was used for vehicle scheduling in the present study. To inte-
grate the road traffic condition, the vehicle routing add-on feature is added on the Google
Sheet. Figure 5 shows the key features of the vehicle routing add-on and options for the
route solver worksheet developed by Zagetoo [61]. Therefore, manual human efforts were
needed less for scheduling the activity due to using the added feature of location and
route visibility on Google Maps. The application solver uses information about the store’s
demand, location, available vehicle, and vehicle capacity constraints for scheduling and
routing solutions in real-time traffic conditions.
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To begin the scheduling process, a Google spreadsheet was opened from the desktop
browser and ‘vehicle routing add-on’ was added to the Google Sheet. Information from
Table 1 was added in the location tab for the location ID, latitude, longitude, address of
depot (warehouse), and outlets (stores). Then, vehicle and order information was added
to the vehicle and order sections accordingly by following the procedure of Zagetoo [61].
The application solves the problem once “Solve Vehicle Routes” is clicked. Visualization
is seen from “View vehicle routes” feature. Moreover, the route sequencing of vehicles is
available at “Route” section at the footer. Once all the necessary information was updated
for vehicle 1 and vehicle 2 in Region-1, the vehicle routing solver worked to maximize
capacity utilization and cover the maximum number of outlets (stores). The solution of
scheduling and delivery sequence for Region-1 is shown in Figure 6.
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For scheduling of vehicle 3 and vehicle 4 in Region-2, the latitude and longitude of
outlet location information listed in Table 2 was added. Then, the vehicle capacity (weight)
and the order information were filled in according to the procedure mentioned earlier.
Finally, the solution of delivery schedule was obtained for outlets 11 to 20 in Region-2,
as shown in Figure 7. For vehicle-3, the order delivery sequence followed as “depot
(start)–order 6–order 8–order 7–order 10-depot (return)”. For vehicle 4, the order delivery
scheduling plan started from the depot, delivered six orders, and returned to the depot.

4.2. Development of Intelligent Route Optimizer Application (App)

There are many ways to travel from one outlet to another, and thus, many nodes
may arise from the depot to reach the destination (outlets). Moreover, as the road traffic
conditions are constantly changing, navigating the vehicles based on instant traffic con-
ditions from one outlet to another is crucial to obtain an efficient and optimal routing
output. Therefore, the Dynamic Vehicle Routing Problem (DVRP) considers the optimiza-
tion algorithm to monitor the movement of individual vehicles according to the traffic
conditions [62]. In response to changes in the real-time traffic conditions, the optimizer
can update the vehicles’ schedules by re-optimizing the route. Therefore, in this study, an
attempt was made to develop an intelligent route optimizer process flow shown in Figure 8
based on the vehicle routing approach [63] with the concept of real-time fleet management
systems [64]. For the shortest traveling distance between the depot (warehouse) and nodes
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(outlets/stores), an appropriate weight was considered for the distance between them.
The computation was progressed by choosing the smallest distance among the adjacent
nodes’ distances. The process continued for generating the path by identifying all adjacent
nodes related to the current nodes. The nodes’ weights were added to the current nodes to
compute their distance to other nodes to reach the destination. However, the change of the
nodes occurred only if it was less than the previous one. The weightage was calculated
from previous nodes to current nodes based on adjacent nodes. After completing the
algorithm, the shortest route was selected. If any obstruction arises on the selected path,
the edges of weight re-evaluate and find another shortest path. Thus, the application (app)
process flow was developed based on artificial intelligence to respond to the real-time data
of traffic that makes the vehicle routing intelligent.
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Internet and mobile applications significantly influence the transportation system,
as travelers use traffic and navigation applications to aid their journey [65]. This is ev-
ident from the aspects of Industry 4.0 for enabling human-machine interaction (HMI)
throughout a highly networked environment [66] of business management, production
process and logistics [67]. Moreover, with the progress of digitalization through connec-
tivity, the use of mobile applications (apps) increases due to the widespread diffusion of
smartphones and devices [68]. Additionally, these devices can run standalone applications
(apps) to access information via a web gateway, thus generating increased interest for
mobile apps development among the independent developers [69]. The rapid adoption of
Google’s freely licensed operating system (OS) and the availability of the Android Open-
Source Project (AOSP) accelerated the mobile apps development culture [70]. Android is
a Linux-based open-source OS, where mobile apps are mostly developed using the Java
programming language [71]. Consequently, the Android operating system (OS) has been
widely accepted by software developers and non-expert users [72]. Android Studio offers
an integrated development interface for developing the Android operating system [73],
promoting Gradle base build support, quick troubleshooting, fast performance, and user
usability and compatibility.

For this study, we developed an intelligent route optimizer app in the Google platform
by utilizing the amiable operating system of Android Studio 4.0. The application icon
is shown in Figure 9a. The map of Bangladesh is located on the user interface once the
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application icon is tapped, as shown in Figure 9b. The center location icon helps to identify
the user’s current location, as shown in Figure 9c.
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Figure 8. Intelligent vehicle routing optimization process flow.

The app was specifically designed for a chain of retail superstores to improve their
transportation service. Java language was used to develop the application using the
Android SDK (Software Development Kit) tool. The key feature of this application is
to show the shortest path between the origin and destination points by generating the
shortest routes with an alternative best route between the outlets. On the map, the ‘Tap’
feature was used in this app to select a destination point. The application was developed
by using the Dijkstra algorithm, alternative path algorithm, and Google API key features.
Dijkstra’s shortest path algorithm is employed for road networks to determine the distance
between origin and destination nodes. Edsger W. Dijkstra formulated the algorithm in
1956, and then after three years, it was published [74]. To reach the destination from
the current location, many nodes may appear. The concept of the algorithm was used
to continuously compute the shortest distance by eliminating the longer distances [75]
during the optimization process. To plot the route between the nodes, the shortest path
was retrieved and stored into a variable. Various tools from the Google cloud platform,
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such as real-time navigation and ‘On Map Tap’ features, were incorporated into the system
for automatic decision-making.
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4.3. Application Interface

The application was designed to incorporate intelligence in vehicle routing for a chain
of retail stores to improve the transportation service. The application can generate the
shortest routes with an alternative best route. Figure 10a illustrates the operation flowchart
of the Intelligent Route Optimizer. The ‘On Map Tap’ feature was used so the user can
tap the map to select a destination point. The application displays the shortest route with
an alternative best route to the destination. This is the unique feature of the application,
which generates the path once the location is tapped, compared to other VRP applications
where the destination and location have to be selected manually.

Once the location sign is tapped, the app takes the current (instant) location. The
stores/outlets are marked in their respective places. If any store location is tapped, the
app immediately shows ways to reach that position with optimum and alternate methods.
Figure 10b shows the illustration of the application where the vehicle starts a journey from
the depot to visit five outlets from its initial depot point. The optimum routes are shown in
a green color, and alternate routes are shown in an ash color in the Google map. Moreover,
both the estimated distance and time of the proposed routing are shown once the blue
marker is tapped. For example, the optimum routing will need an 18 km distance with an
estimate of 57 min, whereas alternate routing will require traveling a 19.82 km distance in
1 h 5 min time to reach outlet two, as illustrated in Figure 10c.
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4.4. Implementation Results

The developed application was utilized for the delivery journey of vehicles in Region-1
and Region-2 according to the schedule and navigation scheme shown in Figures 6 and 7 in
Section 4.1. In these journeys, the total traveling distance and time were investigated with
and without using the application. While computing the traveling distance for individual
vehicles, the depot (warehouse) distance to the first delivery outlet/store was recorded.
Subsequently, the distance from the first delivery outlet/store to the second delivery
outlet/store was recorded. This process was repeated until the vehicle returns to the depot.
Similarly, the traveling time was recorded. The results of vehicle 1 and vehicle 2 are shown
in Tables 3 and 4, respectively.

Comparison of the traveled distance and time before (without implementing the
application) and after (upon implementing the application) is shown in Tables 3 and 4 for
vehicle 1 and vehicle 2, respectively. During the travel, the distance became shorter or the
same to reach the next node. The reduction of time was observed while traveling before
(without the application) and after (with the application).

Similarly, the traveled distance and time before and after application used is shown
for vehicle 3 and vehicle 4 in Tables 5 and 6, respectively. A reduced distance was observed
during the travel, as the vehicle took a shorter way to reach the next node. The traveled
time either shortened or remained the same to reach the next node.
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Table 3. Traveling distance before and after using the Intelligent Route Optimizer application for vehicle 1.

Location Name Distance
(Before) (km)

Distance
(After) (km)

Reduction in
Distance (km)

Time (Before)
(min)

Time (After)
(min)

Reduction in
Time (min)

Depot 0.0 0.0 0.0 0.0 0.0 0.0
Outlet 2 10.0 9.2 0.8 53.0 40.0 13.0

Outlet 10 8.7 8.1 0.6 43.0 34.0 9.0
Outlet 5 7.0 7.0 0.0 27.0 23.0 4.0
Outlet 3 6.2 6.0 0.2 24.0 22.0 2.0
Outlet 1 3.3 3.1 0.2 12.0 10.0 2.0
Outlet 4 3.0 2.5 0.5 11.0 9.0 2.0
Depot 7.5 6.2 1.3 25.0 22.0 3.0

Table 4. Traveling distance before and after using the Intelligent Route Optimizer application for vehicle 2.

Location Name Distance
(Before) (km)

Distance
(After) (km)

Reduction in
Distance (km)

Time (Before)
(min)

Time (After)
(min)

Reduction in
Time (min)

Depot 0.0 0.0 0.0 0.0 0.0 0.0
Outlet 8 8.1 7.4 0.7 49.0 38.0 11.0
Outlet 9 5.5 5.1 0.4 41.0 32.0 9.0
Outlet 7 3.0 2.5 0.5 20.0 14.0 6.0
Outlet 6 2.8 2.3 0.5 17.0 14.0 3.0
Depot 5.0 5.0 0.0 25.0 19.0 6.0

Table 5. Traveling distance before and after using the Intelligent Route Optimizer application for vehicle 3.

Location Name Distance
(Before) (km)

Distance
(After) (km)

Reduction in
Distance (km)

Time (Before)
(min)

Time (After)
(min)

Reduction in
Time (min)

Depot 0.0 0.0 0.0 0.0 0.0 0.0
Outlet 16 6.4 6.1 0.3 31.0 28.0 3.0
Outlet 18 2.1 1.6 0.5 12.0 9.0 3.0
Outlet 17 1.2 1.0 0.2 8.0 8.0 0.0
Outlet 20 3.4 3.0 0.4 23.0 20.0 3.0

Depot 7.0 7.0 0.0 42.0 38.0 4.0

Table 6. Traveling distance before and after using the Intelligent Route Optimizer application for vehicle 4.

Location Name Distance
(Before) (km)

Distance
(After) (km)

Reduction in
Distance (km)

Time (Before)
(min)

Time (After)
(min)

Reduction in
Time (min)

Depot 0.0 0.0 0.0 0.0 0.0 0.0
Outlet 11 6.5 6.1 0.4 34.0 30.0 4.0
Outlet 14 4.2 3.4 0.8 20.0 15.0 5.0
Outlet 12 4.1 3.1 1.0 21.0 15.0 6.0
Outlet 13 3.0 2.4 0.6 15.0 13.0 2.0
Outlet 15 4.1 3.0 1.1 26.0 21.0 5.0
Outlet 19 4.0 3.6 0.4 30.0 27.0 3.0

Depot 4.2 3.8 0.4 31.0 25.0 6.0

Figure 11 shows the vehicle-wise traveled distance and time before and after im-
plementing the intelligent route optimizer. It was observed that the traveled distance
for vehicle 1, vehicle 2, vehicle 3 and vehicle 4 are reduced by 3.6 km, 2.1 km, 1.4 km,
and 4.7 km, respectively. Moreover, the traveled time is reduced for vehicle 1, vehicle 2,
vehicle 3 and vehicle 4 are 35 min, 35 min, 13 min, and 31 min, respectively. In this instance,
Figure 12a provides valuable information of traveled time with distance before and after
implementing the intelligent route optimizer. The travel time and distance follow similar
behavior as observed [76] with empirical results of road transportation.
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Additionally, a non-linear relationship between traveling distance and time is evident
from Figure 12b, where the optimal route suggests 16.3 km in 48 min and the alternate route
suggests 16.3 km in 53 min to reach the destination. The traveling distance was the same
(16.3 km), but an increased time is shown for the alternate routing. This could be due to the
effect of real-time road traffic conditions considered in the intelligent routing optimizer.

A noticeable improvement of traveled distance and time for the individual vehicle
was observed using the developed application on the journey, as illustrated in Figure 13a.
This is evident from the juxtaposition of the percent reduction of distance and time for
non-optimal (without the application) and optimal (with the application) for each vehicle.

Additionally, percent reduction data of distance and time for Region 1 and Region 2,
shown in Figure 13b, suggests a substantial improvement in each region before and after
using the intelligent routing optimizer. The non-proportionality relationship between
percent reduction of distance and time is observed in Figure 13. This could be due to the
inclusion of non-driving time into the total travel time arising from the influence of traffic
obstacles, traffic signals, and jams in the Dhaka city road network [58]. Moreover, higher
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values of the percent reduction in Region 1 than in Region 2 support the effect of new
and extended road networks on transportation in Region 1 of Dhaka city [59]. Therefore,
improved road traffic conditions and network infrastructure augment better vehicle routing
results with Intelligent Routing Optimization.
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5. Conclusions

In this study, intelligent vehicle routing is demonstrated for a chain of retail stores us-
ing the demand information of different outlets, combining those demands and clustering
these by territory. The Google Sheet-based scheduling and navigation plans were devel-
oped by using those clustered territories. Finally, an Android Studio 4.0 based application
was developed by incorporating artificial intelligence to respond to the real-time traffic
data for vehicle routing. The following conclusions can be drawn from this research:

• An optimization approach was applied to design vehicle scheduling and to find the
shortest path between nodes (outlets/stores). Based on real-time traffic data, the
application generates an alternate shortest path to avoid any obstruction during the
journey, where several outlets are to be visited in a single journey.

• The spreadsheet-based solver tool utilizing the Google Vehicle Routing add-on im-
proves the vehicle scheduling and navigation sequence. This is due to the use of
Google Maps and the consideration of real-time traffic conditions during the schedul-
ing process. Moreover, the application was developed based on real-time traffic
information, expecting an optimum vehicle routing solution.

• The application displays the shortest route with an alternative best route to the desti-
nation. The ‘On Map Tap’ feature underpins the uniqueness of the application, as it
generates the path once the location is tapped, compared to other VRP applications
where the destination and location have to be selected manually. Using the intelligent
route optimizer application, both the traveling time and distances are decreased in
the journey. Sometimes the path may be shortest, but it may take longer than the
other routes due to traffic conditions on the road. Thus, the application not only
considers the distance but also suggests the shortest time to reach the outlet to achieve
an optimal routing solution.

Limitations and Future Research Directions

This paper presents a numerical example of demand fulfillment of a retail chain store
with four vehicles of a 24-ton capacity. Moreover, the study considers rice and pulse only,
while a grocery chain deals with many other products. This model can be extended for
multiple outlets with larger shipments and more vehicles, as experienced by a retail chain
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in real life. However, that would generate similar results on a greater scale with a bit of
addition to the managerial insights. In this research, traveling routes between two nodes
were optimized following the Dijkstra algorithm. The current study assumed that one
node is served by one vehicle only. Serving one outlet by two or more vehicles will be
an interesting case for further research. In future works, the logistics networks can be
improved by sequencing and optimizing all nodes simultaneously based on the real-time
traffic. Furthermore, the application of other algorithms such as Bellman-Ford Algorithm
and the Floyd-Warshall Algorithm can also be explored. The study can be further enhanced
by incorporating the effect of transportation-related factors such as peak and off-peak time,
vehicle condition, vehicle speed, transport idle time in the signals, and road/network
conditions on the intelligent vehicle routing optimization. This is expected to significantly
improve the distribution plan for a chain of retail stores by utilizing the application for the
whole delivery system.
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