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Abstract 

In order to provide decision support for hazmat enterprises to formulate vehicle 
distribution plan, a dynamic vehicle routing problem with time windows is studied. A 
two-stage integer programming model is established to minimize the total 
transportation risk and cost at the same time according to the dynamic demands of 
customers. The model increases vehicle dwell time at the depot by allowing late vehicle 
departures and multi-trips deliveries to allow new customers to be dynamically inserted 
into shipping routes. The initial phase programming model is solved by improved Nsga-
ii. For the solution of the dynamic phase programming model, according to the request 
time of new customers, a real-time insertion algorithm is developed. The proposed 
algorithms are tested on the modified dynamic vehicle routing problem with time 
windows (DVRPTW) instance. The results show that the proposed algorithms have good 
performance in solving the optimization model of the multi-objective dynamic vehicle 
routing problem for the transportation of hazmat. It can quickly plan a safe and 
economical distribution route to meet the dynamic needs of customers. 
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1. Introduction 

As a consequence of the rapid development of the industry, large quantities of hazmat are 
transported through the road transport network every day. According to statistics at the end of 
2018, there were about 370,000 vehicles engaged in road transportation of hazmat in China [1]. 
Because of its risk, serious accident consequences may occur during transportation [2]. In the 
actual distribution process, the distribution center will continue to receive new customer 
demands within working day, and the distribution center needs to readjust the planned 
distribution route. Failure to plan and adjust routes reasonably quickly will not only increase 
transportation costs and risks, but also reduce customer satisfaction. Therefore, it is of great 
practical significance to study the dynamic vehicle routing problem of hazmat. 

Vehicle routing problem (VRP) is a kind of combinatorial optimization problem with discrete 
variables. It was proposed by Dantzig and Rarnser [3] in 1959. In the following time, VRP 
developed into a hot issue in logistics and transportation, and has many variants due to the 
complexity of real traffic problems. Such as capacitated VRP (CVRP) [4], VRP with time 
windows (VRPTW) [5], heterogeneous VRP (HVRP) [6], etc. 

In the VRP, if the item being transported is a hazmat, then the problem becomes a hazmat 
vehicle routing problem. Some researchers are devoted to the measurement of hazmat 
transportation risk. For example, Erkut [7] reviewed the previous risk measurement methods 
for hazmat transportation. Other scholars consider the characteristics of hazmat transportation 
into the general vehicle routing problem and improve it. Zhang et al. [8] believed that city 
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usually has a large population, and the transportation routes of hazmat should be reasonably 
planned by reducing the maximum risk to the population center. Men et al. [9] studied the 
model of the vehicle routing problem with the minimum transport risk of hazmat in a type-2 
fuzzy environment. Zhao et al. [10] assumed that vehicle driving distance and road population 
density are fuzzy variables, and accident probability and vehicle speed are random variables. 
Men et al. [11] defined multiple accident scenarios according to the uncertainty of hazmat 
transportation risk, and constructed the uncertainty set accordingly. Jiang et al. [12] established 
a real-time load risk assessment model to describe the transportation risk by considering the 
type of hazmat transportation vehicles and the waiting time. Zhang et al. [13] believed that the 
risk of a fleet is small but the transportation risk of a vehicle may be very large, and based on 
this, a dual-objective integer programming model was established. Bula et al. [14] focused on 
different types of hazmat transport vehicles, and proposed a multi-objective neighborhood 
algorithm and an  -constraint algorithm to solve it. 

However, in real life, the needs of customers are uncertain or change dynamically with time. In 
the dynamic vehicle routing problem (DVRP), the transportation fleet must constantly adjust 
the transportation routes according to the dynamic needs of customers. Unlike general logistics 
transportation, hazmat is full of risks in the transportation process. The general dynamic 
vehicle routing problem does not consider the real-time load of the vehicle, and only assumes 
that the sum of the demands of all customers on the route to be delivered by each vehicle does 
not exceed the maximum load of the vehicle [15]. Therefore, when the vehicle departs from the 
depot, as long as it is loaded with goods not exceeding the maximum load, it can meet the 
insertion needs of dynamic customers during transportation [16]. However, during the 
transportation of hazmat, the real-time load has a great influence on the potential accident 
consequences, so the amount of goods loaded by the vehicle at the time of departure can only 
be the sum of the current needs of the customers to be distributed. Then in the hazmat DVRP, 
it will be more complicated for new customers to dynamically insert into the route. 

Considering that the dynamic demand of customers will become more and more common in 
the daily operation of hazmat enterprises, this paper studies the hazmat multi-depot dynamic 
heterogeneous vehicle routing problem (HMDDHVRP). According to the characteristics of 
hazmat, the initial stage optimization model and the dynamic stage optimization model are 
constructed respectively. In the dynamic stage optimization model, each vehicle can depart late 
according to the customer's time window and have multiple transportation trips, which will 
provide a higher probability of successfully inserting a transportation route for dynamic 
customers. Since the dynamic demand has high real-time requirements, and the HMDDHVRP 
studied in this paper is an NP-hard problem, it is difficult to solve it with an exact algorithm and 
the time cost is high. Therefore, this paper designs an improved Nsga-ii (INsga-ii) algorithm and 
a real-time insertion algorithm (RTIA) according to the characteristics of the built model, in 
order to obtain a better distribution plan in a short time. 

The remainder of this paper is organized as follows. We provide the description and formula of 
the problem in Section 2. In Section 3, an improved Nsga-ii algorithm a real-time insert 
algorithm are proposed. The experimental details and results are discussed in Section 4. Finally, 
conclusions are given in Section 5. 

2. Problem description and formulation 

In this section, we define the HMDDHVRP and then formulate the integer programming model 
(IPM). 
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2.1. Problem description 

Fig.1 shows an example of the hazmat DVRP. The depot initially plans the distribution plan for 
customers 1, 2, 3, 4, 5, 6, and 8. The amount of cargo carried by each delivery vehicle must be 
the sum of the customer demand on the planned route. Over time, one vehicle has already 
departed and served customers 1 and 2, and another vehicle has not yet departed because the 
time window of customer 5 is not tight, and a new customer 7 requests service. Due to the time 
windows constraint, customer 7 can be serviced immediately after customer 2 is served, but 
customer 4 needs to be deleted according to the existing amount of cargo loaded on the vehicle. 
The other vehicle in the depot departed later because the service time requested by the 
customer was later. Customer 4 can directly insert the route for which the vehicle has not 
departed, provided all constraints are met. Constraints are specifically time windows constraint, 
vehicle maximum load constraint and vehicle real-time load constraint. 

 
Fig. 1 Example description of the hazmat DVRP 

According to the above description, HMDDHVRP can be defined as: given an undirected road 
traffic network ( , )G N A . N  is the set of nodes divided into a set of depot nodes, D , and a set 

of customer nodes, C . The depots have a working time window [0, CT] on each working day. 
{( , ) | , , }A i j i j N i j    is the set of edges. The fleet consists of K  different type of vehicles. 

Each v K  has a maximum capacity vq , a fixed cost vf , a number of vV  vehicles available, and 

an associated transport accident rate vp . v

ijuc  is unit distance cost. At the beginning of the 

system, that is, at time 0, the depot needs to deliver the known customer 1 1 2{ , , , }IC c c c  , and 

as time goes by, the new customers 2 1 2{ , , , }I I IC c c c    that appears dynamically later. A 

customer set 1 2{ , , , }IC c c c  with a total of I  customers is formed by the initial known 

customers and the dynamically emerging new customers. Each customer c  has a specific 

request service time cr , time window [ , ]c cET LT , demand c , and service time cs . Since each 

customer can only have one vehicle to serve it, and the demand is indivisible, the time for the 

vehicle to arrive at customer point c  is cAT , the waiting time at customer point c  is cw , and 

the time to leave customer point c  is c . Each vehicle k  has a set of trips  , where   is the 

index of each trip. Loading of vehicle k  of type v  travels from node i  to node j  is vk

ijU . In each 

trip   of vehicle k , the loading time at the depot is vkpt , the waiting time before delivery is vk

 , 

the time to leave the depot is vkdt , the time when it is ready to leave the depot is vkP , the loading 

amount when leaving the depot is vk

 , and the time when it returns to the depot is vkrt . Let ijl  

and ijt  (assuming ijl  = ijt ) represent the distance and time from point i  to point j , respectively. 
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ijpd  represents the population density of road segment ( , )i j  at time t . Before formulating the 

model, several assumptions are listed as follows: 

1) each customer can only have one vehicle for one-time delivery; 

2) the vehicle must arrive and serve within the predefined time windows of the demand point, 
and wait if it arrives early; 

3) there is no time overlap between each trip of the same vehicle; 

4) the total demand in the vehicle trip cannot exceed the capacity of the vehicle; 

5) the load of the vehicle per trip must be equal to the total demand on the route planned before 
departure; 

6) vehicle routing can only be dynamically adjusted at customer locations and depot locations. 

2.2. Initial stage optimization model 

Based on the traditional risk model [17], this paper establishes a real-time load risk model for 
heterogeneous vehicles. Based on the real-time load risk model of heterogeneous vehicles, the 
initial stage optimization model (ISOM) of HMDDHVRP is established. According to the risk on 
the road segment defined in the literature [14], this study defines it as follows:  

2( ( ) ) ,v vk

ij ij ij ijAr pd U                              (1) 

where   and   are constant values, which are related to vehicle type and hazmat type, 

respectively. Where the 
v

ijAr  can be obtained from historical traffic data [18]. 
2( ( ) )vk

ijU    is 
the circular area affected by the consequences in the event of an accident when vehicle k  is 

driving on the road segment ( , )i j . 

The initial stage optimization model is constructed as follows: 

1 1
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v

vk

ij ij
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                                                 (8) 

1, ,i i i iET AT w LT i C                                                  (9) 

1{0,1}, , , , ,vk

ij vx i j C v K k V                                                      (10) 

Aiming at the safety and economic factors optimized for this problem, the established objective 
functions are equations (2) and (3). Equation (2) is to minimize the total risk , and equation (3) 
is to minimize the total transportation cost. Among the equation (3), the first item is the routing 
cost, the second item is the fixed cost for all types of vehicles. Equations (4) and (5) ensure that 
each customer's service needs are not split; Equation (6) is maximum load constraint. Equation 
(7) ensure all customer demands are met. Equation (8) ensure that the transportation of each 
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vehicle forms a closed loop. Equation (9) is the time windows constraint. Vehicles must be 
serviced within the customer time window, and early arrivals will wait. Equation (10) is a 0-1 
variable constraint. If the route of vehicle k  of type v  for transporting hazardous materials 

contains the road segment from node i  to node j , 1vk

ijx  ; otherwise, 0vk

ijx  .  

2.3. Dynamic stage optimization model 

In the traditional DVRP model [16], first initialize the delivery route plan for the customer 
known in advance. Over time, new customer orders are added to the system; thus new 
customers are inserted into the vehicle routing and updated with a new routing scheme. 
However, unlike general logistics transportation, hazmat transportation has risks. The real-
time load of the vehicle is an important factor of transportation risk. Specifically, the more 
hazmat a vehicle carries, the more serious the consequences will be in the event of an accident. 
Traditional DVRP models do not account for real-time load factors, and new customers can be 
plugged directly into the routes of vehicles in service without violating the vehicle's maximum 
load constraint and time windows constraint. However, in the transportation of hazmats, when 
a new customer is inserted into the service vehicle route, it means that due to the real-time load 
constraints of the vehicle, the vehicle route needs to delete the planned service customer with 
the same needs as the new customer. Whether it is a new customer or a customer who has been 
deleted, the vehicle that has left the depot and cannot load the goods is always unable to meet 
their needs. Vehicles that do not depart from the depot can update the vehicle's cargo capacity 
by adding customer requirements based on model constraints. Therefore, this study considers 
that transport vehicles can depart late according to the customer's time window and have 
multiple itineraries. This will maximize vehicle waiting time at the depot in response to the 
need for customers to insert shipping routes.  

 

 
Fig. 2 Description of the multi-trip transportation of the vehicle 

Similar to the multi-trip vehicle routing problem studied in literature [19], the description of 
the multi-trip transportation of two vehicles is shown in Fig.2. Each vehicle k  has no less than 
1 trip without being idle, and each trip must start no earlier than 0 and end no later than CT. 
The loading time of vehicle k  is 0 on the first trip, and it needs to be loaded in the depot for a 

period of time kpt  on the subsequent trip. Taking the delivery of vehicle 1k  as an example, the 

time window of the first customer 1c  in trip 1 is late, so the vehicle 1k  waits in the depot 1d  for 

a period of time 1

1k
w  to depart. After completing the delivery of trip 1 and returning to the depot, 

the hazmat are immediately loaded and ready to be delivered to the customer. However, after 
the vehicle completes trip 1 , there is still no suitable customer to be delivered by it, so the 

vehicle 2k  starts to load goods for delivery to customer 6c  and customer 7c  after a period of 

time. 
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Based on the dynamic needs of customers, this study establishes a dynamic stage optimization 
model (DSOM) for the transportation of hazmat. Because what is obtained in the initial stage is 
not a solution, but a set of pareto solutions, the decision maker needs to select a solution from 
a set of pareto solutions according to their own preferences. After that, the dynamic 
optimization phase deals with new customer needs and optimizes the original route based on 
this solution. The time period in the dynamic optimization stage is from the time of the first 

new customer dynamic request to the end of depot work. The customer 3C  to be served is the 

sum of all unserved customers and new customers within this time period, where 2 3C C . The 

goal is to plan distribution routes for all customers in this time period, and optimize the 
transportation risk and transportation objective function. Equation (11) minimizes the risk, 
and equation (12) minimizes the cost, where the first term is the transportation cost of all 
transport vehicle trips, and the second term is the departure cost, independent of the number 

of vehicle trips. Where vk

ij

  is a 0-1 decision variable. If the route of vehicle k  of type v  in the 

trip   for transporting hazardous materials contains the road segment from node i  to node j , 

1vk

ij

  ; otherwise, 0vk

ij

  . 

3 3
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                                            (11) 
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*
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v

v vk v vk
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                                 (12) 

All vehicles must meet the following constraints in addition to ISOM constraints (4) to (10): 

1) Loading volume constraints, the amount of hazmat loaded by each vehicle from the depot 
must be the sum of the needs of all customers on the planned route. 

3 3

, , , .vk

j ij vk v

i D C j C

v K k V    
  

                                          (13) 

2) Trip constraints, there is no time overlap between each trip of each vehicle, that is, the vehicle 
can only start the next trip after completing the delivery task and returning to the depot. 

1 .vk vk vkdt rt pt                                                                        (14) 

3) The vehicle waits for departure time constraints. If the vehicle k  departs from the depot and 
arrives at the first customer c  on the delivery route earlier than cET , the vehicle k  can wait for 

a period of time vk

  to start. 

( ,0),vk vk c dcmax P ET t                                                          (15) 

where the vkP  of the vehicle k  in the first trip is the work start time 0 of the depot. 

3. Solution methods 

This section proposes an efficient improved Nsga-ii (INsga-ii) and a real-time insert algorithm 
(RTIA) for solving the multi-objective HMDDHVRP. 

3.1. Solving strategy 

For the above two-stage model, at the beginning, INsga-ii performs preliminary distribution to 
known customers, and then obtains the demand information of new customers and updates the 
route over time. In this paper, the solution strategy of dynamic event update is adopted, that is, 
the routes update is performed once a new customer demand is received. The request time of 
a new customer is the dynamic update time  , and both the unserved customers and new 
customers at the current time are input into the dynamic stage optimization model as the 
customers to be delivered to solve. The problem solving process is shown in Fig.3. 
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Fig. 3 Basic flow of problem solving 

3.2. Initial stage solution method 

For multi-objective optimization problems, typical algorithms include Nsga-ii [20] and Spea2 
[21]. These algorithms have better solution efficiency for specific problems. However, for a 
specific problem, these algorithms cannot be used directly, but usually need to be modified 
according to the nature of the problem. This paper mainly uses the improved Nsga-ii (INsga-ii) 
to design a method to solve ISOM. The specific operations are as follows: 

3.2.1 Representation structure 

The optimal solution of the ISOM includes determining the optimal customers service order, 
and vehicle types. For example, the chromosome can represented as ((1,1,2,5,1,1),(2,2,3,4,2)) . 

The coding chromosome are as follows: 

Transportation route 1: 1 1 1 2 5 1      

Transportation route 2 : 2 2 3 4 2     

Where the first number of each route represents the vehicle type, and the second and last 
numbers represent the depot. The remaining numbers are the customer nodes, and the arrows 
are the service order. 

3.2.2 Population initialization 

Evolutionary algorithms evolve based on initial solutions. Therefore, this paper randomly 
initializes the initial population composed of N  initial solutions. The specific operation is to 
generate a customer list by randomizing the order of customers. The customers in the list are 
in turn inserted into the vehicle routes that satisfy the constraints of the model. 

3.2.3 Evolutionary operators 

Like traditional evolutionary algorithms, we employ selection, crossover and mutation to 
generate offspring. Among them, the selection adopts the tournament selection method. 

a) Crossover operator: This study adopts the route crossover method [22]. Its main operation 
is to randomly select two routes of parent 1 and parent 2. And randomly select two breakpoints 
on the two routes to divide the paths into two sequences. Combining the previous sequence of 
one routes with the latter sequence of another routes will minimize time window constraints. 
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b) Mutation operator: The model established in this study contains multiple depots, multiple 
models and multiple constraints. Therefore, the solution of the model is more complicated, and 
it is more difficult for vehicles to select delivery customers. This will increase the number of 
departures of vehicles and increase the redundancy of vehicles. In general, we can improve this 
by removing specific routes entirely or by removing customers. In this study, the mutation 
operation adopts the path removal method [23]. 

3.2.4 Local search 

In order to speed up the convergence of INsga-ii in solving ISOM, the variable neighborhood 
descent (VND) algorithm procedure is used for local search. If the current solution X  in the 
population is the non-dominated solution, the probability of a local search is 1% ; otherwise, it 

is 0.1% . In the proposed search strategy, each individual X  searches only 0.1N    times in a 

neighborhood structure and selects an optimal one to replace the current solution X . The 
specific operation of the neighborhood structure is as follows: 

a) Relocate operator: The operator randomly selects a customer and then relocates it into 
another feasible position. For example, the operator is executed on solution 

((1,1,2,5,1,1),(2,2,3,4,2)) . Customer 5 is reinserted after customer 3 to obtain a new 

solution ' ((1,1,2,1,1), (2,2,3,5,4,2)) . 

b) Swap operator: The operator swaps the locations of two customers from different routes. 
For example, the operator is executed on solution ((1,1,2,5,1,1),(2,2,3,4,2)) . Select 

customers 5 and 3 to swap. Hence, a new solution ' ((1,1,2,3,1,1), (2,2,5,4,2))  is obtained. 

3.2.5 Environment selection 

This paper adopts the elite strategy of Nsga-ii for environment selection. Specifically, in each 
generation, the parent population and the offspring population are combined. The combined 
population is sorted non-dominated by the fast non-dominated sorting method, and the 
crowding degree comparison is used to make the population distribution more diverse. 

3.3. Dynamic stage solution method 

Aiming at the above DSOM, this paper uses a real-time optimization strategy to solve it. At the 
beginning, the delivery routes are arranged for the known customers. After a period of time, 
the time window for receiving the new customer demand is opened, and the new customer 
demand information is obtained. When dealing with the needs of new customer, first determine 
the status of the vehicle and whether it can deliver the needs of new customers. Then, according 
to the new customer demand, the service time window and its location information, it is 
inserted into the vehicle distribution route according to the principle of the lowest insertion 
cost, and the insertion cost is determined by the transportation risk and transportation cost. 
Algorithm 1 describes the specific process of the real-time insertion algorithm (RTIA). 

In this study, the request service time cr  of each new customer c  is set as the dynamic update 

time  , and the customers who have been served before this time will no longer be considered. 
Therefore, the routes of each vehicle need to be updated, and then the new routes will be 
updated and optimization. This study believes that when the vehicle is on its way to the next 
customer point at all times, it will no longer change its route. 

 

Algorithm 1  The main framework of RTIA 

Input: Planned route plan 0X ,new customer c  

Output: New routes plan 1X  

Initialization: Update time cr  , large enough positive number M . 
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1:for all vehicles k  do 

2:  Update the route of vehicle k  in 0X  according to time   

3:  k

c =Calculate Insert Cost ( , )k c  

4:  if 
n

k

c M   then 

5:    
n

k

cM    

7:    1 0  update route pla knX X ( , ) 

8:  end if 

9:end for 

 

For the insertion method of new customer, this paper uses two methods. The first method is 
the direct insertion method, which is suitable for vehicles waiting to depart in the depot, idle 
vehicles, and vehicles that will be returning to the depot. The second method is the delete 
insertion method, which is suitable for vehicles that have left the depot to start the delivery 
service. 

3.3.1 Direct insertion method 

When a vehicle is in a warehouse, new customers can be inserted directly into the vehicle's 
route without having to consider deleting other customer nodes in the route. But only if all 
constraints of the model need to be met. That is, with the insertion of customers, the increased 
demand must meet the maximum load constraint of the vehicle and the real-time load 
constraint of the vehicle, see equations (6) and (15). And the entire route of inserting new 
customers cannot violate the time window constraint, see equation (9). 

3.3.2 Delete insertion method 

When the vehicle is located at the customer point or on the transportation route, after the new 
customer inserts the route of the vehicle, other customer nodes must be deleted to satisfy the 
load constraint of the vehicle. In the deletion insertion method, the deletion process is to delete 
some points from the plan route according to the deletion and add them to the deletion set; and 
the insertion process reinserts the deletion points in the deletion set into the route according 
to the insertion principle. If some points cannot enter the route again, then This solution is not 
feasible. Algorithm 2 describes the specific process of the delete-insertion method. 

 

Algorithm 2  The main framework of delete insertion method 

Input: Planned routes plan 0X , route kroute  for vehicle k , customer c  

Output: New routes plan 1X  

Initialization: Update time cr  , 1 2( , , , )mnode nod nod nod . 

1:if the current load of vehicle ck   then 

2:  1 0X X  

3:end if 

4:for all nodes nod  in kroute  except the last two nodes do 

5:   customer c is inserted after the node nod 

6:   if the constraints are satisfied then 

7:     '

1( , , , )k mroute nod nod nod  
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8:     1 0X X  update '

kroute  

9:     The set of deleted nodes '/k kdelnod route route  

10:  else 

11:      1 0X X  

12:  end if 

13:end for 

14:Reinsert all nodes in delnod  to other routes, and update routs plan 

1X  

15:if delnod   then 

16:  1 0X X  

17:end if 

 

4. Computational results 

The proposed method is coded with on MatlabR2019a software platform. All experiments and 
algorithms are based on a PC (Core 3.60GHz with 8.0GB of RAM) under Windows 10. 

4.1. Problem instances and experiment setup 

The experimental analysis in this study is performed on a DVRPTW instance, belonging to the 
benchmark introduced in [24]. In this study, the dynamic value of C101 is selected as: 10%  of 
the problem instances for experimental research. In this paper, we establish an test example 
based on the customer data of the C101 instance in the Solomon standard dataset. Table 1 gives 
the vehicle attributes. The population density on the road segment is randomly generated, 
ranging from 0 to 50. The capacities of the three depots d1, d2 and d3 are 900, 700, and 600; 
the coordinates are (40, 50), (10, 20), (80, 90); the working time windows are all [0,1236]. The 
number of vehicles of type a, b, c and d in depot d1 is 3, 2, 2, 2; depot d2 is 1, 2, 3, 2; depot d3 is 
2, 2, 3, 1. The algorithm parameters are set as follows: population size is 100; max generation 
is 1000; crossover rate is 0.9; mutate rate is 0.1. 

Table 1 Vehicles attributes 

K  q  f  ijuc  510ijAr       

a  200 120 16 7 0.25 1.05 

b  120 100 12 6 0.25 1.05 

c  80 80 8 5 0.25 1.05 

d  50 60 4 4 0.25 1.05 

4.2. Algorithm experiment 

This section compares the results of INsga-ii with Nsga-ii, Spea2 in the ISOM. Since Nsga-ii and 
Spea2 are not tailor-made for ISOM, they all use the population initialization method and 
evolutionary operators of this paper. Fig. 4 shows the Pareto-optimal front(POF) of the three 
algorithms. It can be seen from the figure that the pareto solutions obtained by Nsga-ii, and 
Spea2 are similar, and the pareto solutions obtained by INsga-ii is far superior to the first two 
in terms of risk value and cost value. 
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Fig. 4 Distribution of pareto solutions at 1000 generations 

 

Inverted generational distance (IGD) [25] is a commonly used index that can simultaneously 
evaluate the convergence and diversity of algorithms. Since the true POF of RMDHVRP is 
unknown, the non-dominated solutions among all the solutions obtained after 3000 iterations 
by the three algorithms compared is regarded as the true POF. It can be seen from the 
convergence distribution of IGD values in Fig. 5 that INsga-ii is significantly better than the 
other two algorithms. 

 
Fig. 5 Values of IGD metric 

4.3. Dynamic stage experiment 

The dynamic client information of the instance is shown in Table 2. For the convenience of 
comparison and analysis, the boundary solutions of optimal transportation risk and optimal 
transportation cost are given in this study. 

 

Table 2 Information about dynamic customers 

new customer coordinate time window demand service time request time 

59 (38,15) [651,740] 10 90 5 

45 (30,30) [541,600] 10 90 6 

7 (40,66) [170,225] 20 90 17 

84 (70,58) [458,523] 20 90 146 

70 (95,30) [387,456] 30 90 153 

75 (45,65) [997,1068] 20 90 231 
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36 (5,45) [665,716] 10 90 482 

21 (30,52) [914,965] 10 90 550 

 

When new customer needs arise, RTIA is used to re-plan the route plan. However, the goal of 
this study is to minimize both shipping risk and shipping cost, so the resulting solution is not 
just one solution, but a set of solutions. Decision makers can only choose one of the solutions 
according to their own preferences when choosing a route plan. Therefore, in the dynamic 
optimization stage, this study assumes that the decision makers prefer the lowest risk and the 
lowest cost when selecting a route plan, so each update and adjust the route plan is based on 
the preference for the lowest risk and the lowest cost. The actual route scheme results in 
dynamic optimization are shown in Table 3. 

Table 3 Experimental results in ISOM and DSOM by RTIA 

Boundary 
solution 

Model Transportation 
risk 

Transportation 
cost 

Rejected 
customers 

Remaining 
vehicles 

Minimum 
risk 

ISOM 134 35176 0 0 

DSOM 123 37903 0 0 

Minimum 
cost 

ISOM 293 22441 0 a:1 b:1 

DSOM 355 29059 0 a:2 

 

As can be seen from the table, DSOM has lower risk than ISOM only when it pursues the lowest 
risk. This is because DSOM adjusts the route plan based on new customers during a dynamic 
optimization process, increasing the likelihood of choosing a less densely populated route. In 
terms of cost, no matter how the route is adjusted, the number of customers it ultimately serves 
increases, and the distance traveled will also increase. Moreover, as the transportation of 
hazmat, risk is the most important factor to be considered, so DSOM is suitable for dangerous 

goods enterprises.   and   

5. Conclusion 

In order to solve the multi-depots heterogeneous vehicle transportation problem of hazmat in 
practical application, this paper comprehensively considers constraints such as time window 
and vehicle load, and the dynamic needs of customers. Given the initial stage optimization 
model and dynamic stage optimization model. In DSOM, each vehicle can depart late according 
to the customer's time window, and multiple trips can be formed, providing a higher probability 
of successful insertion for dynamic customers. The waiting time at the place improves the 
satisfaction of the transport personnel. To solve the two-stage model, we designed  INsga-ii and 
RTIA. In the algorithm design of INsga-ii, according to the model characteristics of ISOM, the 
algorithm based on sequence crossover, route elimination mutation and variable neighborhood 
descent are integrated. In RTIA, route plans are updated in real-time based on requests from 
new customers. According to the different vehicle status information, two methods, direct 
insertion method and deletion insertion method, are designed to facilitate the insertion of 
vehicle routes by new customers. Through case analysis, the proposed algorithm has good 
performance in solving the problem of hazmat vehicles routing for dynamic customer needs, 
and can quickly respond to customers' dynamic needs and improve customer satisfaction. 

This paper only considers the case of hazmat distribution, and the case of hazmat recycling 
should be considered in future research. This is common in daily transportation. For example, 
after the liquefied gas is delivered to the customer's demand point, the used liquefied gas tank 
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needs to be recycled. In this way, the real-time load of the vehicle should be considered more, 
and the problem to be solved is more complicated. 
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