
Chapter 11

Dynamic Multi-objective Optimization for
Multi-objective Vehicle Routing Problem with
Real-time Traffic Conditions

Changhe Li1,2, Shengxiang Yang3, Sanyou Zeng4

Abstract Dynamic multi-objective optimization plays an important role in planning
and decision-making. This chapter provides an example of the application of dy-
namic multi-objective optimization to a practical dynamic multi-objective optimiza-
tion problem which called multi-objective vehicle routing problem with real-time
traffic conditions and then introduces an offline optimization first and then online
optimization mechanism. In the offline optimization phase, we combined the adap-
tive local search algorithm based on Pareto control with the dynamic constrained
multi-objective optimization algorithm to obtain a high-quality offline solution to
reduce the pressure of online optimization. Experimental results show that the dy-
namic optimization mechanism can obtain an excellent solution that satisfies the
constraints of the multi-objective vehicle routing problem with real-time traffic con-
ditions.
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Abbreviations

DMOP dynamic multi-objective optimization problem
VRP vehicle routing problem
VRPTW VRP with time windows
MOVRPRTC multi-objective VRP with real-time traffic conditions
DVRP dynamic vehicle routing problem
ALNS adaptive large neighborhood search
EA evolutionary algorithm
DMOA dynamic multi-objective optimization algorithm
PS Pareto optimal set
PF Pareto optimal front

11.1 Introduction

There are many optimization problems in real life. Including general daily consump-
tions and some industry manufactures. Optimization plays an important role when
facing a choice or making a decision such as keep a balance between expense and
life qualities, the trade-off between the cost of production and profits, and so on. T.T.
Nguyen has taken an investigation about real dynamic optimization applications [1].
The results show that over 68% of statistical models have more than one objective.
In a real application, optimization indicators or objectives may change with time
which makes it be a dynamic multi-objective optimization problem (DMOP). The
multi-objective vehicle routing problem with real-time traffic conditions is one of
them.

In recent years, logistics go through a thriving time with the development of in-
ternet shopping. Transporting, storing, packing and dispatching goods has been a
complicated task in the whole process of logistics. In 2018, China’s total social lo-
gistics expenditure accounted for 14.8% of GDP. Every 1% diminution in the total
logistics expenses in GDP will reduce hundreds of billions of costs. In the same year,
China’s total social logistics expense was 13.3 trillion yuan, among which trans-
portation cost was 6.9 trillion yuan. It can be seen that transportation is a significant
problem in logistics. The premise of transportation is route planning. Therefore, it
makes sense to optimize the vehicle routing problem (VRP).

VRP is a problem that consists of a group of fleets departing from a depot and
a group of customers to be delivered by that fleet. The task of this problem is to
get a set of lowest cost routes that meet the needs of the customer. The cost can be
traveling distance, traveling time, number of vehicles, and so on. The demonstration
of VRP is shown in Fig. 11.1. In this figure, node 0 is the depot, and nodes 1 to 7 are
the customers. Since the question was proposed, many variants have appeared, such
as the VRP with time windows (VRPTW) [2], the VRP with pickup and delivery [3],
the VRP with stochastic demands [4], etc. But, few models take real-time traffic
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conditions into account. In the actual distribution process, the dynamic change of
traffic conditions is one of the main challenges for planning vehicle routes since
traffic conditions directly affect the driving time of vehicles on the road network. So
we propose a multi-objective VRP with real-time traffic conditions (MOVRPRTC)
which based on real road networks.

For decades, various models and methods have been proposed for different dy-
namic vehicle routing problems (DVRPs) [4]. But heuristic algorithms are the only
feasible ways to solve practical DVRPs since exact algorithms could not solve com-
plex DVRPs in an acceptable time [5]. Mohamed [6] proposes a technology that
integrates information about future customer needs to improve decision-making on
dynamic vehicle routing problem. Chen et al. [7] used an adaptive large neighbor-
hood search (ALNS) algorithm which combined with a metaheuristic procedure to
solve the DVRP with a limited number of vehicles and hard-time windows. Sabar
et al. [8] proposed an evolutionary algorithm (EA) with a self-adaptive mechanism
for vehicle routing problems with traffic congestion. The proposed EA will evolve
a set of configurations that encoded into the DVRP solution. In the search process,
the different configurations were used to handle dynamic changes. Jia et al. [9] de-
signed a set-based particle swarm optimization algorithm to solve a vehicle routing
problem with new orders.

Previous research on DVRP shows that how to deal with dynamics is still a prob-
lem to be solved. There are three weaknesses in these methods. The first is that the
algorithm does not use the historical information of the problem, so these algorithm-
s cannot quickly adapt to the dynamic environment. The second weakness is that
these algorithms do not apply some excellent dynamic multi-objective optimiza-
tion strategies such as diversity introduction [10, 11], diversity maintenance [12–
14], memory-based methods [15, 16], prediction-based methods [17, 18] and oth-
er strategies [19, 20]. The third disadvantage is that none of these algorithms use
constraint optimization techniques to deal with constraints. To solve the above three
weaknesses, we use historical traffic condition information to predict the traffic con-
ditions on a working day, and use prediction-based dynamic multi-objective opti-
mization strategies to establish an offline optimization and then online optimization
mechanism, so that the algorithm can calmly cope with the dynamic changes of
the environment. In the offline optimization phase, we first apply the dynamic con-
strained multi-objective optimization algorithm to the VRP, which provides a new
idea of constraint treatment in the combinatorial optimization problem.

The rest of this chapter is divided into five parts. Section 11.2 introduces the rel-
evant content of the dynamic multi-objective optimization algorithm. Section 11.3
describes the MOVRPRTC. Then we introduce our proposed optimization algorith-
m for MOVRPRTC in Section 11.4. The experimental results are given in Section
11.5. Section 11.6 makes a conclusion.
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Fig. 11.1 Demonstration of VRP.

11.2 Background

A dynamic multi-objective optimization problem can be defined as bellow:
min
x∈Rn

f(x(t), t) = { f1(x(t), t), f2(x(t), t), ..., fM(x(t), t)}
s.t. g(x(t), t)≤ 0

h(x(t), t) = 0
(11.1)

In (11.1), f(x(t), t) is an objective vector that includes M objectives, and all sub-
objective may change with time. g(x(t), t) and h(x(t), t) are inequality and equality
constraints respectively. And they can both be influenced by dynamic environments.

11.2.1 Basic Definitions

Definition 11.1. Feasible Solution. For a solution x ∈ Rn, if x satisfies the con-

straints g(x(t), t)≤ 0, h(x(t), t) = 0 in (11.1), then x is called a feasible solution.

Definition 11.2. Feasible Solution Set. Set of all feasible solutions, recorded as X f ,

and X f ⊆ Rn.

Definition 11.3. Pareto Dominance. Suppose x1 , x2 are two feasible solutions of

a dynamic multi-objective optimization problem. x1 dominates x2 , if and only if,

∀i = 1,2, . . . ,m, fi (x1) ≤ fi (x2)∧∃ j = 1,2, . . . ,m, f j (x1) < f j (x2), recorded as

x1 ≺ x2. As shown in Fig.11.2, b≺ a, c≺ a, b and c do not dominate each other.
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Fig. 11.2 Correspondence between decision space and objective space.

Definition 11.4. Pareto Optimal Solution. A feasible solution x∗ ∈ X f is called

Pareto optimal solution if and only if the following conditions are satisfied @x ∈
X f : x≺ x∗.

Definition 11.5. Pareto Optimal Set. The Pareto optimal set is the set of all Pareto

optimal solutions, as defined below, PS∗ ,
{

x∗|@x ∈ X f : x≺ x∗
}

.

Definition 11.6. Pareto Optimal Front. The surface composed of the objective

vectors corresponding to all Pareto optimal solutions in Pareto optimal set is called

Pareto optimal front,

that is, PF∗ ,
{

F(x∗) = ( f1 (x∗) , f2 (x∗) , . . . , fm (x∗))T |x ∈ PS∗
}

.

11.2.2 Dynamic Multi-objective Optimization Algorithms

For DMOPs, not only the balance between sub-objectives be considered but also
need to respond to dynamic changes for a dynamic multi-objective optimization al-
gorithm (DMOA). The most challenging point is that when the population approx-
imately converges to a PF, genetic diversity will lose heavily. The population will
be hard to search for new PS or PF in a limited time once environments changed.
Therefore, besides good diversity should be kept, algorithms should also have quick
convergence when facing with dynamic changes. There have been several strategies
to deal with changing environments.

A. Diversity Introduction

This strategy first detects the changes in the environments and then responds to it.
The easiest method is re-initialize once a change is detected in any objective values.
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But it seems too simple to improve the search efficiency. Cobb [21] investigated the
dynamic optimization problems by hyper-mutation. Algorithms detect the state of
the environments. The rate of mutation is low when the environments are stable; oth-
erwise, it gets bigger. Deb et al. [10] designed two schemes. One considers replacing
a proportion of worst individuals with hyper-mutation individuals in the population.
The other one replaces them with random individuals. A method named variable
relocation was also proposed [11]. After detecting the changes, each dimension of
the individuals will be relocated by the variation of the objectives. Other methods
include introducing a number of individuals through the degree of the changes [22]
and variables neighborhood search [23] and so on.

B. Diversity Maintenance

This method does not need to detect the changes in the problems. Population diver-
sity is always kept at a good level. Ghosh et al. [24] designed an algorithm whose
fitness function was made up of objective values and the age of the individual which
can help keep the diversity of the population. Andrea et al. [12] took diversity as
another objective. The distance between individuals and sort value is two new ob-
jectives that need to be optimized. The same strategy can be found in [25, 26].
Charged swarms are a new scheme inspired by physic. Blackwell [13] designed a
charged swarm in dynamic environments and “electron” in the population will keep
exploring the search space, and “neutron” will converge to optima or PS. Another ef-
fective scheme to maintain diversity is the multi-population algorithm because it has
a natural attribute that sub-populations distribute in different places. Sub-population
search independently and communicate with each other. There are some strategies
to manage sub-populations, concrete designing can refer to [14, 27–29].

C. Memory-based

The memory-based strategy is designed for problems whose optima or PS may
change periodically. Yang [15] adopted an archive to store the best individual in ev-
ery iteration, and retrieve the most similar one as a seed to initialize new population
when the environments change. Hendrik [30] divided the whole search space into
many subspaces and statistic historical optima located in each subspace. Finally, ini-
tializing a new population by the proportion of each subspace. Other memory-based
algorithms can refer to [16, 31, 32]

D. Prediction-based

The prediction-based strategy is similar to memory-based that they all want to find
a correct place where the PS will be located next time to initialize the new popula-
tion. For prediction-based methods, they are suitable for dynamic problems to have
specific change mode. Iason et al. [33] designed a forward-looking approach to pre-
dict the new location of the PS. K.W.Tat et al. [34] predicted the change direction
and amplitude of the environments through archive individuals’ statistical features.
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Zhou et al. [17] predicted the new PS by historical PS’s centroid and manifold. And
Arrchana et al. [18] used the Kalman filter to predict optima.

According to the review of strategies to deal with changing environments, we can
use the prediction-based strategy to solve MOVRPRTC. Because the structure of the
road network in a specific area remains almost unchanged in the short term, and most
people’s daily activities are regular. So, the dynamic characteristic of MOVRPRTC
has a specific change mode. Based on historical traffic conditions, we can predict the
traffic conditions of the working day. Based on the predicted traffic conditions, we
can simulate the delivery of orders that need to be delivered on a working day, i.e.,
offline optimization. After the vehicles depart from the depot, i.e., the working day,
the traffic conditions will be different from the predicted traffic conditions, and there
may be some new orders that need to serve. For these environmental changes, we can
use real-time information to adjust the offline solution and use historical information
to predict whether it can meet the needs of new orders, i.e., online optimization.

11.3 Multi-objective Vehicle Routing Problem with Real-time
Traffic Conditions

MOVRPRTC is a dynamic optimization problem based on road networks and real-
time traffic conditions. MOVRPRTC is introduced in the following two parts: 1)
road network topology; 2) formulation of MOVRPRTC.

11.3.1 Road Network Topology

There are two differences between the road network-based VRP and complete undi-
rected graph-based VRP: 1) the travel time between a vertex in the road network
will change according to real-time traffic conditions, where the travel time between
vertex is fixed in a complete undirected graph-based VRP; 2) the travel time be-
tween any two vertexes in the road network is asymmetric. The road network is a
directed graph.

In this chapter, the road network topology in Wuhan Guanggu is taken as an
example. The road network is shown in Fig. 11.3. The Fig. 11.4 can better explain
the role of the road network in MOVRPRTC. In Fig. 11.4, vehicles can travel from
node 1 to node 2 via route 1 or route 2. Vehicles should be able to choose a route
with the shortest travel time T12(t) based on real-time traffic conditions. We assume
that Route 1 is selected. According to the real-time traffic condition trend in Fig.
11.5, the T12(t) will be different at different time.

Based on this road network topology, we can establish a multi-objective vehicle
routing problem with real-time traffic conditions.
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Fig. 11.3 Road network in Wuhan Guanggu Area.
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Fig. 11.4 Example of route selection.

11.3.2 Formulation of MOVRPRTC

Because of the MOVRPRTC is based on a real road network, so the connection
relationship between customers can only exist in the route of the road network. In
general, the MOVRPRTC is a problem that includes real-time traffic conditions and
considers soft time window constraints.

MOVRPRTC is described as follows: in road network topology G = (V,E), V =
{v0, . . . ,vN} represents all the N nodes in the road network, E =

{
⟨i, j⟩|zi j = 1

}
denote all the edges formed by the connection in the road network, where zi j are
elements of the matrix ZN×N . If zi j = 1, the link from vi to v j is feasible. The fleet
starts from the depot v0. They need to serve n customers c1,c2, . . . ,cn selected from
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Fig. 11.5 Traffic Trend within 24 Hours of a Road.

V and then return to depot v0. The di j represents the length of the path from the node
vi to v j, and the travel time Ti j(t) of the path between the node vi and v j changes
with the time t. The load Qk of the vehicle k cannot exceed its maximum capacity
C. The time window for each customer ci to be served is [bi,ei], and if the arriving
time ai(t) of the vehicle arriving at the customer ci exceeds ei, the vehicle is allowed
to unload, but there will be a delayed penalty to describe customer dissatisfaction.
The waiting time of the vehicle will be accumulated if the arriving time ai(t) of the
vehicle arriving at the customer ci is earlier than bi. The time for the vehicle to serve
the customer ci is si. di and pi respectively denote the delivery demand and pick-up
demand of the customer ci. After the vehicle leaves the depot, there will be some
new orders. These vehicles need to serve these new orders as much as possible. The
position of new orders is selected from V = {v0, . . . ,vN} randomly. And the time of
new orders’ generation should be 60 minutes before its earliest time window bi.

According to the above description, the formulation of the MOVRPRTC can be
expressed as

f1 =
K

∑
k=1

n

∑
i=0

n

∑
j=0, j=i

di jxk
jzi j (11.2)

f2(t) =
K

∑
k=1

n

∑
i=1

max{ai(t) ·mik− ei,0} (11.3)

f3(t) =
K

∑
k=1

n

∑
i=1

max{bi−ai(t) ·mik,0} (11.4)

st:

g1 =
K

∑
k=1

mik = 1, i = 1,2,3, . . . ,n (11.5)

g2 =
n

∑
i=1

(di ·mik)−
n

∑
i=1

(di ·mik)+
n

∑
i=1

(pi ·mik)≤C,k = 1,2,3, . . . ,K (11.6)

g3(t) = a0(t)≤ e0 (11.7)
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where K is the number of vehicles used. xk
i j is the number of times vehicle k accesses

v j from the vi. If the customer ci has been served by vehicle k, mik = 1, otherwise
mik = 0. f1 represents the total length of these routes. f2(t) is the sum of the delay
time of all vehicles. f3(t) is the sum of the waiting time of all vehicles, which is used
to measure the delivery efficiency. All objectives need to be minimized. g1 means
that each customer is served once and g2 means that the vehicle cannot be overload
at any time. g3(t) means that vehicles cannot return after the depot is closed.

In this problem, the number of customers (no more than 802), the depot opening
time, the maximum capacity of the vehicle are free to set. Demands and time win-
dows of the customers are determined according to the real online shopping data
after desensitization.

Its dynamic characteristics are reflected in two aspects: 1) the traffic conditions
will change in real-time. And the vehicle needs to adjust the traveling route accord-
ing to the real-time traffic conditions; 2) new orders appear after the vehicle departs
from the depot. The vehicle should serve these new orders as much as possible.

We can solve this dynamic optimization problem by the mechanism of offline
optimization first and then online optimization.

11.4 Offline Optimization and Online Optimization for
MOVRPRTC

In order to reduce the pressure of online optimization, longer-term offline optimiza-
tion can be used to obtain a solution with the highest quality possible. In the offline
optimization phase, the search operator, multi-objective optimization algorithm, and
constraint optimization techniques are used to simulate the delivery of orders that
need to be delivered on the second working day. In this phase, we use the traffic
prediction model to get the vehicle speed. So we can assume that the speed of the
vehicle is known at any time. The algorithm for offline optimization is called adap-
tive local search based on a dynamic constrained multi-objective genetic algorithm
framework (ALSDCMOEA). After vehicles depart from the depot, the online opti-
mization phase begins. In this phase, because of the real-time traffic conditions and
new order data, the vehicles need to adjust the distribution route in real-time.

11.4.1 Framework of ALSDCMOEA

DCMOEA is a framework of constraint processing. It has two characteristics [35]
for MOVRPRTC: 1) a constraint optimization problem equivalent converted into a
dynamic constraint multi-objective optimization problem with an original objective
and a constraint-violation objective. 2) the purpose of reducing constraint bound-
aries is to deal with constraint difficulty.
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Inspired by DCMOEA, f2 and f3 in MOVRPRTC can be converted into con-
straints. Then the problem can be converted into VRPRTC:

min f1 =
K

∑
k=1

n

∑
i=0

n

∑
j=0, j ̸=i

di jxk
i jzi j (11.8)

st : G = { f2, f3,g1,g2,g3} (11.9)

Then, according to the method in [35], VRPRTC can be converted to DCMOVRP-
TRC:

DCMOV RPRTC(s)
{

min( f (x),cv(x))
st :−→g (x)≤−→ε (s) (11.10)

cv(x) =
1
4

4

∑
i=1

Gi(x)
maxx∈P(0) {Gi(x)}

(11.11)

Gi(x) = max{gi(x),0} , i = 1,2, . . . ,4 (11.12)

where x in(11.10) denotes a solution of DCMOVRPRTC, which consists of a set of
routes. S is the maximum number of environmental changes, s is the environmental
state, s = 0,1, . . . ,S. −→ε (s) is the dynamic constraint boundary. The number 4 in
(11.11) is the number of constraints in (11.9) except for g1. Because g1 indicates
that each customer is served only once. It is a binary value.

One benefit of converting MOVRPTC to DCMOVRPRTC is to increase indi-
vidual selection pressure. Since the probability of individuals not dominating each
other increases with the number of objectives, so many individuals in the same rank.
When selecting offspring, there is a high probability that individuals in the first few
ranks will be selected, which causes the problem of poor diversity.

The framework of ALSDCMOEA for DCMOVRPRTC is shown in Algorithm 1.
In step3, the method of changing environment is shown as follow

ε(s)i = Aie
−
(

s
Bi

)cp

−δ , i = 1,2, . . . ,m (11.13)

where δ is a positive number which close to zero (δ = 1e− 8 in this chapter) and
cp can control the decreasing level. According to [35], we have the initial constraint
boundary ε(0)i = maxx∈P(0) {Gi(x)} , i = 1,2, . . . ,m at s = 0 (see (Eq.11.12)), and the

final constraint boundary is −→ε (S) =
−→
0 at s = S. From (11.13), we can obtain two

equations {
ε(0)i = Ai−δ s = 0

0 = Aie
−
(

S
Bi

)cp

−δ s = S
(11.14)

where i = 1,2, . . . ,m. According (11.14), we get
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Algorithm 1: Framework of ALSDCMOEA
step1: Get Initial population and set the iteration counter t = 0;

step2: Set −→ε =
−→ε (0), , s = 0 and the local counter ts = 0;

step3:
if the population is εfeasible then

Reduce constraint boundary;

Reset population −→ε -feasibility and other components;

else
ts = ts +1;

step4: ALS();

step5: Select the next parent population;

step6: t = t +1;

step7:
if s reaches the final state S or t reaches AbortingT then

Go to step8 ;

else
Go back to step3 ;

step8: Output results;


Ai = ε(0)i +δ

Bi =
S

cp

√√√√ln

(
ε(0)i +δ

δ

) (11.15)

The multi-objective optimization algorithms in step5 is NSGA-II [36] in this
chapter. Different from the common CMOEA, the Pareto domination is−→ε constrained
Pareto domination (Definition 11.7).

Definition 11.7. −→ε constrained Pareto domination.

∀a,b ∈ Rn:

• if both are −→ε feasible, then the Pareto domination is used;

• if one is −→ε feasible and the other −→ε infeasible, then the −→ε feasible one wins;

• if both are −→ε infeasible, then the one with a smaller constraint-violation cv wins.

Next, we will introduce the critical steps in the algorithm. Such as the solution
initialization in step1, and the adaptive local search (ALS) in step4.

A. Solution Initialization
Before introducing the initialization method, we need to explain the encoding of

the solution first. Since MOVRPRTC contains the road network, a solution should
include not only the serving sequence of customers but also the detailed traveling
sequence of coordinate points of each vehicle. Fig. 11.6 shows an example, where
sequence A indicates the serving sequence of the customers, sequence B indicates
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Fig. 11.6 Solution representation.

the traveling sequence of the coordinate points, gray dots between the depot and
the customer 1 indicates the point in the road network that the vehicle needs to
travel from the depot to the customer 1. The optimization algorithm only operates
sequence A to reallocate customers for vehicles and change their serving sequences.
Sequence B is only used for evaluation.

To get the initialization solution, we can simply use the random initialization
method. In the random initialization method, we randomly select one of the cus-
tomers and place it in the first vehicle. If the maximum capacity of the first vehicle
is exceeded, then add it to the second vehicle, and repeat the above steps until all
customers are assigned. Then, we can use ALS and NSGA-II to optimize the initial
population.

B. Adaptive Local Search for MOVRPRTC
The fundamental tasks of solving MOVRPRTC are the allocation of customers

for vehicles and the sequencing of customer servings. In order to address these two
issues, we design eight local search operators and use an adaptive framework to
improve search efficiency. The eight operators have shown as below:

• LS1: Randomly choose two different customers from a random vehicle, and swap
their serving orders;

• LS2: Randomly choose two different customers from a random vehicle, and re-
verse the serving sequence between these two customers (the length of the se-
quence shall not exceed 3);

• LS3: Randomly choose one vehicle and randomly intercept a sequence from it,
then insert the sequence into another randomly selected vehicle. Then the entire
serving sequence of the inserted vehicle should be re-sorted by using Nearest
Neighbor Search;

• LS4: Find two customers with the maximum wait time and with the maximum
delay time, respectively. Insert the customer with the maximum delay time at the
position right before the customer with the maximum wait time;

• LS5: Randomly select a customer from a random vehicle, and insert it at a ran-
dom location in another randomly selected vehicle;

• LS6: Repeat LS5 several times (no more than 4 times);
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• LS7: Find the customer with the maximum traveling time, and insert it at the
position right before the customer who has the maximum waiting time;

• LS8: Find the customer with the maximum traveling time and insert it at a ran-
dom location.

LS1 and LS2 are designed for changing the serving sequence, and the other opera-
tors are designed for changing the allocation of customers. LS3, LS4, LS7, and LS8
both utilize prior knowledge of the problem. After the local search is operated on
a solution, the solution path will be reconstructed by a specific function. The main
content of this function is the A* algorithm [37], which can get the shortest route
for every vehicle according to the traffic conditions.

The subtlety part is the adaptive mechanism. At the beginning of the algorithm,
each operator has the same weight, and then it will be adjusted according to the
performance of the offspring generated by the operator in each iteration. If a better
solution is generated, the corresponding operator score will be incremented by 1.
In each iteration, the operators will be selected by the roulette. If the average best
solution remains unchanged for several iterations, the algorithm will be considered
as being converged. At this time, the scores of all operators are reset to 1, and then
execute the next iteration until the termination condition is met. The pseudo-code of
ALS is shown in Algorithm 2.

Algorithm 2: Adaptive Local Search
Input: solution x;

success f lag = f alse;

cnt = 0; //cnt represent the times of x not change

for i = 0→ popSize do
xt = LS w(x); //w = 1, ...8, roulette wheel selection from LS1 to LS8;

if xt dominating x then
score[w]++; //score for operators

x = xt ;

success f lag = true;

else
xt = x;

cnt ++;

if cnt ≥ 100 then
score[8] = [1, . . . ,1];

if success f lag == true then
success f lag = f alse;

cnt = 0;

The adaptive local search has two advantages: 1) the probability of each op-
erator’s selection depends on the dominance of parent and offspring, which can
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effectively reduce useless searches; 2) the weight distribution mechanism after con-
vergence can effectively prevent the extremes of operator weights.

The optimization time of offline optimization can be long to find a good solution.
After the offline optimization is complete, we need to choose an optimal solution.
This best plan will be implemented in the online phase. In this chapter, the definition
of the best solution is the solution with the minimum delay time ( f2).

11.4.2 Online Optimization

Based on the higher quality solution obtained during the offline phase, the online
optimization should be able to achieve the goal of quickly processing new orders.
The task of online optimization is to serve new orders as much as possible and
adjust the vehicle’s traveling route based on real-time traffic conditions. There are
three rules for inserting new orders:

• Rule 1: If the vehicle arrives at the current delivery point later than the time when
the new order appears, judge Rule 2; otherwise, reject it;

• Rule 2: After inserting a new order, use historical traffic information to estimate
the impact of the inserted new order on subsequent orders (adaptive local search
to adjust customer orders). If inserting a new order result in an average delay of
more than 45 minutes per vehicle in the entire plan, the new order is rejected;
otherwise, execute Rule 3.

• Rule 3: If the maximum capacity of the vehicle is exceeded after inserting a new
order, the new order will be rejected.

Different from Algorithm 2, the adaptive local search in Rule 2 only used three op-
erators: LS1, LS2, and LS4. These three operators can only search among unserved
customers in a single route during the online optimization phase.

11.5 Experiment

All algorithms are implemented in C++. And the experiments are run on a PC e-
quipped with Core-i7 3.4 GHz and 16 GB of RAM.

Problem parameter settings: The opening time of the depot is from 8:00 to 24:00.
The vehicle type is the same one, with a maximum capacity of 3 tons. The number
of customers known before the working day is 100. The number of new orders is
15.

Algorithm parameter setting: The population size is 100. The maximum number
of iterations is 10000.

To prove the effectiveness of ALSDCMOEA, we can compare the initial and fi-
nal solutions generated by ALSDCMOEA in the objectives space. From Fig. 11.7,
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we can know the initial solution set is entirely dominated by the final solution set.
This shows that in the offline optimization phase, ALSDCMOEA can solve MOVR-
PRTC.

Initial Solution
Final Solution

Initial Solution
Final Solution

Initial Solution
Final Solution

delay time (min)

w
ai

t 
ti

m
e 

(m
in

)

0         1000       2000       3000      4000       5000      6000       7000      8000

8000

7000

6000

5000

4000

3000

2000

1000

8000

7000

6000

5000

4000

3000

2000

1000

8000

7000

6000

5000

4000

3000

2000

1000

0
480      500      520     540      560     580      600      620     640      660      680

480      500      520     540      560     580      600      620     640      660      680

d
el

ay
 t

im
e 

(m
in

)

total length (km)

total length (km)

w
ai

t 
ti

m
e 

(m
in

)

Fig. 11.7 Dominance of initial solutions and final solutions of offline phase.

Aiming to illustrate the full effect of ALSDCMOEA more intuitively, we can
compare the best one of the initial solutions with the best one of the final solutions.
The number of vehicles in the final best solution is 11. Their objectives are shown in
Table 11.1. The average traveling distance is 45.86 km, the average waiting time is
99.21 minutes, and the average delay is 1.87 minutes. Customer waiting time char-
acterizes customer satisfaction. The shorter the delay time, the higher the customer
satisfaction. From the above results, compared to the initial solution, executing the
distribution task according to the final best solution can improve customer satisfac-
tion. At the same time, the traveling distance and waiting time of vehicles decreased
by 17.11% and 77.66%, respectively.
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Table 11.1 The objectives of the initial best solution and the best final solution of the offline phase.

Total Length Wait Time Delay Time
Initial solution 608.629 km 4884.91 min 2941.29 min

Final solution 504.505 km 1091.35 min 20.5629 min

Reduce ratio 17.11% 77.66% 99.3%

The results of online optimization are shown in Table 11.2. The average travel-
ing distance is 53.53 km, the average waiting time is 78.87 minutes, and the average
delay is 65.79 minutes. Compared to the final solution of offline optimization, the
distance traveled by the vehicle and the waiting time of the customer is increased,
and the waiting time of the vehicle is reduced. This is because new orders were
inserted into the offline solution, which caused the vehicle’s driving distance to in-
crease, and the vehicle’s arrival time was later than originally planned, which led
to a reduction in waiting time and an increase in delay time. The average delay is
65.79 minutes. It exceeds the prescribed 45 minutes in Rule 2. This is because of
45 minutes in Rule 2 are estimated by historical traffic conditions. There is a certain
deviation between historical traffic conditions and real-time traffic conditions.

Table 11.2 The result of online optimization.

Total Length Wait Time Delay Time Order remaining
Online begin 504.505 km 1091.35 min 20.5629 min 15

Online end 588.813 km 868.637 min 723.73 min 0

11.6 Conclusion

A multi-objective vehicle routing problem with real-time conditions and a dynamic
optimization mechanism for this problem was introduced in this chapter. From the
experimental results, we can know the dynamic optimization mechanism can effec-
tively solve MOVRPRTC. But some other dynamic optimization methods can apply
to this practical dynamic problem to get better solution, such as the multi-population
method. Besides, the NSGA-II can be replaced by some other multi-objective algo-
rithms such as MOEA/D.
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