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Abstract. With the rapid development of urbanization, the existing road network has become insufficient to carry the
increasing traffic flow. To solve this problem, researchers have introduced the road network design problem (NDP).
NDP is a combinatorial optimization problem which aims to find an optimal road network design schema. In general,
NDP can be formulated as a bi-level optimization problem, including the user equilibrium problem in the lower level
and the system optimal (SO) problem in the upper level. But the existing studies about NDP usually focused on only
one objective, i.e., maximizing the capacity of the road network. In this paper, we intend to propose a multiobjective
NDP which takes both the capacity of road network and the cost of construction into account. In order to solve this
problem, a nondominated-sorting genetic algorithm (NSGA-II) for multiobjective NDP is proposed. In the experiment, benchmark networks with different scales from the literature and some randomly-generated networks are used
as the test set. Experimental results show that the results obtained by the proposed approach are promising.
Keywords: Genetic algorithm, multi-objective optimization, road network design.

1

Introduction

With the rapid development of urbanization, traffic congestion has become a serious social problem in almost all big
cities in the world. The number of cars in cities still keeps rising, and the existing road network fails to carry the increasing traffic flow. To solve this problem, one practical way is to redesign and reconstruct the existing road network
such that the capacity of road networks can be improved. In the literature, researchers have formulated this problem as
the road network design (NDP) problem [1].
NDP remains a new field in transportation research. In most studies, NDP is defined as a bi-level optimization problem, where the upper level is the optimal design of the road network such that network capacity is maximized, and the
lower level is the assignment of user-level traffic flows such that equilibrium among users can be achieved. According
to the characteristic of the decision variables in NDP, NDP models are divided into two families, continuous NDP
(CNDP) and discrete NDP (DNDP) [2, 3]. In CNDP, how to expand the existing road sections is considered. Since road
reconstruction will make the capacity of roads change continuously, the decision variables are defined in continuous
domain in this case. On the other hand, in DNDP, how to add new road sections on the existing road network is considered. A new road section can be represented by a new edge on the road network. Thus the decision variables are discrete
in this case. To be more precise, most work regarded CNDP and DNDP as a bi-level optimization problem [4], which
includes both user equilibrium (UE) as lower level object function and system optimization (SO) as upper level object
function.
In order to solve NDP, researchers have proposed several deterministic or approximate approaches in the literature.
For example, LeBlanc [2] considered a problem of choosing new road connections in a traffic network to minimize the
overall congestion of urban roads, and a mixed integer programming approach was introduced. Poorzahedy and
Turnquist [5] proposed two approximate methods to solve the integer NDP, which could reduce the computational cost
as well as stay at a low-level error. Gao et al. [6] proposed a new algorithm by using the support function concept to
express the relationship between the improvement flows and the new additional links in a traffic network.
Since NDP is usually modelled as a non-convex optimization problem, several studies made attempts to introduce
metaheuristic algorithms to solve NDP [7]. Metaheuristic algorithms including genetic algorithm (GA), particle swarm
optimization (PSO), etc., have been regarded as one of the most popular techniques for solving complex optimization
problems [7-10]. Due to this advantage, metaheuristic algorithms have been widely utilized to solve many complicated
NP-hard problems [11-17]. As for NDP, Chiou [18] applied four gradient descent methods to solve the transport CNDP.
Zhang et al. [19] combined GA with the characteristics of CNDP to solve the non-convex optimization problem of
CNDP. Xu et al. [20] implemented both GA and simulated annealing (SA) algorithm for DNP and further compared
their performance. Xu [21] tried to use PSO to optimize CNDP and use one-at-a-time designs to analyze the effects of
parameters in PSO. Li et al. [22] proposed a co-evolution algorithm which takes into account the impact of the land
usage of traffic in CNDP. These results show that, metaheuristic algorithms have a wide range of applicability and
could be one of the most promising methods for solving NDP/CNDP.
However, most previous works regarded NDP as a single objective optimization problem. So far, few researchers
have addressed this problem from a multi-objective point of view. However, road network design naturally has multiple
objectives in practice. To cope with this need, this paper focuses on the study of the multi-target characteristics of road
network design and proposes a multiobjective optimization model for NDP. This model includes two objectives, miniAustralian Journal of Intelligent Information Processing Systems
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mization of the construction cost and maximization of the road network capacity. To solve this problem, we proposes a
road network design method based on the nondominated-sorting GA (NSGA-II) [23]. In the experiment, the proposed
algorithm is compared with the existing minimum cost method. The experimental results show that the solutions set
obtained by proposed method is promising.
The remainder of this paper is organized as follows. The multiobjective NDP model is introduced in section 2. Hereafter, section 3 elucidates the NSGA-II algorithm and shows how the algorithm solves the multiobjective NDP in details. In section 4, experimental results are presented to investigate the performance of the proposed NSGA-II. Finally
we draw the conclusions in section 5.

2

The Multiobjective Traffic Network Design Problem

In this section, the multiobjective NDP considered in this paper will be formulated in details. In particular, this paper
considers a problem about how to expand an existing road network, with the objective to maximize the capacity of the
road network and minimize the cost of reconstruction as well. The following assumptions are taken into account in the
model. 1) The traffic flow in the network is controllable. That is, a vehicle will not keep driving on a circuit on the road
network. 2) Traffic congestion will only occur on the roads, and will not occur on the nodes. 3) The relationship between the cost of road expansion and the capacity increase through road expansion is given by a linear function.

Fig. 1. A simple network flow example with six nodes and nine roads.

2.1

Notation

In this part we introduce the basic definition of the proposed road network model in detail.
1. The whole road network is denoted by a directed graph G = (V, E), where V is a set of road nodes (vertices) and E is
a set of road sections (edges). Nodes 𝑠 𝑎𝑛𝑑 𝑡 in set V are the starting point and the termination point, respectively.
The index of set E is given by n (n=1,2,…,|E|). For a specific road section n, the direction of this road is from node i
to node j.
2. For the 𝑛𝑡ℎ road section, we use three parameters [𝐶𝑖𝑗𝑛 , 𝑀𝐶𝑖𝑗𝑛 , 𝑏𝑖𝑗𝑛 ] to denote the road. 𝐶𝑖𝑗𝑛 denotes the original edge capacity. 𝑀𝐶𝑖𝑗𝑛 is the maximum edge capacity and 𝑏𝑖𝑗𝑛 is the cost of expanding the road section n by one single unit.
2.2

Objective Functions

The traffic network design problem considered in this paper is a bi-objective optimization problem. One objective is to
minimize the cost in expanding road capacity and the other is to maximize the road capacity. The formal definitions of
these two objectives are given as follows.
Objective 1. Cost Minimization. This objective is to minimize the cost of road expansion and reconstruction. Given a
road network, it is possible to expand some road sections of the network to increase the capacity of the road network.
Under certain circumstance, expanding a few road sections can significantly improve the capacity of the whole network.
Thus the essence of cost minimization is actually to direct the algorithm to search for the expansion and reconstruction
scheme that has a strong impact on the whole network’s capacity with a low cost.
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Formally, given the road section n from node i to node j, the cost of road expansion could be calculated using Eq. (1),
where Δ𝐶𝑖𝑗𝑛 is the expanding size of the road section n, 𝑏𝑖𝑗𝑛 is the cost per unit of the road section n, and Budgetn is the
cost for expansion.
𝐵𝑢𝑑𝑔𝑒𝑡𝑛 = Δ𝐶𝑖𝑗𝑛 × 𝑏𝑖𝑗𝑛

(1)

Therefore, the objective function for cost minimization is given by:
|𝐸|

Min Cost = min ∑𝑛=1 𝐵𝑢𝑑𝑔𝑒𝑡𝑛

(2)

Objective 2. Road Capacity Maximization. The second objective is to maximize the capacity of the network. In this
objective we aim to measure the capacity in a road network quantitatively by adopting the concept of maximum flow. In
this paper, the value of maximum flow from the starting point 𝑠 to the destination point 𝑡 in a network will be calculated
by using the Edmonds-Karp algorithm [24], which could reduce the time complexity to 𝑂(𝑉 2 𝐸). The mathematical
expression of the maximum flow problem is shown in Eq. (3). Here 𝑥𝑖𝑗 and 𝑥𝑗𝑖 are the current flow from node i to node
j. 𝜔𝑖𝑗 is the maximum capacity from node i to node j.
Capacity = max 𝑓
−𝑓 𝑖 = 𝑡
∑𝑗 𝑥𝑗𝑖 − ∑𝑗 𝑥𝑖𝑗 = { 0
𝑖 ≠ 𝑠, 𝑡
s. t. {
𝑓
𝑖 =𝑠
0 ≤ 𝑥𝑖𝑗 ≤ 𝜔𝑖𝑗

3

(3)

NSGA-II for continuous network design problems

In the existing approaches to NDP, only a single objective is considered. Thus they can only get one single solution in a
single run, which is not suitable for the considered bi-objective NDP. On the other hand, benefiting from the population-based metaheuristic algorithms, a set of Pareto solutions can be found by iteratively evolving a population of individuals in the search space. Thus evolutionary algorithms (EAs) have become the most popular technique for multiobjective optimization. A number of multi-objective optimization evolutionary algorithms (MOEAs) have been proposed in the past decade [25, 26]. The goal of these algorithms is to approximate the Pareto front (PF) of the problem as
much as possible, and retain the diversity among all solutions as well. In this paper, the NSGA-II [23] is adapted to
solve the multiobjective NDP considered in this paper. The basic procedure of the NSGA-II is depicted in Algorithm 1.
Algorithm 1 NSGA-II
Input: population size N, maximum generation number MaxGen, crossover possibility Pc, mutation possibility Pm
1: Set Gen = 1;
2: Initialize Population PGen-1 of size 2N and calculate objective functions;
3: Apply non-dominated sorting based upon ranking and crowding distance and
select top N individuals to form population PGen-1;
4: While Gen < MaxGen
5: Perform binary tournament selection, crossover, mutation operations on population PGen-1 to generate offspring QGen-1;
6: Combine the parents PGen-1 and the offspring QGen-1 to a temporary population
of size 2N;
7: Select population of size N to form population PGen based upon ranking and
crowding distance;
8: Gen = Gen + 1;
9: End While
Output: Final population PGen
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Chromosomes encoding. A solution to NDP is a scheme about how to expand the road sections in a network. Thus one
solution in the proposed GA can be denoted by ∆𝐶𝑖𝑗𝑛 = (∆𝐶𝑖𝑗1 , ∆𝐶𝑖𝑗2 , ⋯ , ∆𝐶𝑖𝑗𝑁𝑅 ), ∆𝐶𝑖𝑗𝑛 ∈ (Z ∩ {𝑥|𝑥 ∈ [0, 𝑀𝐶𝑖𝑗𝑛 − 𝐶𝑖𝑗𝑛 ]}).
Decision variables in multiobjective NDP are the expand capacity in every edges. Since the data type of the decision
variable is integer, the data type of coding on the chromosome should also be integer. The chromosomes size is the size
of edges in road network. Each individual’s chromosome is encoded with a string of integers to denote the Δ𝐶𝑖𝑗 . After
the whole iteration, each solution is corresponding to a network design solution.
Fitness function. On one hand, the reconstruction budget of individuals could be derived from equations (1) (2). On the
other hand, for the goal of measuring the maximum flow capacity of individuals, the maximum flow value will be calculated according to the equation (3) of the network flow for each individual.
Population generation. For the first generation, the parent population 𝑃0 is randomly generated. And the number of
individuals in 𝑃0 is set to N. At each iteration, we will apply binary tournament selection, crossover and mutation operators on parent population 𝑃0 to produce offspring population 𝑄0 of size N. Then the parent population 𝑃0 and child population 𝑄0 will be combined into a temporary population 𝑅0 . The size of 𝑅0 should be 2N. Several operations will be
performed over 𝑅0 .

Fig. 2. Non-dominated ranking, crowding distance and population selection process.

Non-dominated ranking. NSGA-II use non-dominated ranking to select offspring. One solution A is said to dominate
solution B (denoted as A ≺ B) only if the following two conditions are met: 1) A is better than the B in at least one
objective and 2) A is no worse than B in all objectives. Individuals are not dominated by any other individuals are assigned rank number 1. Individuals dominated only by the individuals in rank number 1 are assigned front rank 2, and so
on.
Crowding distance. After applying the fast non-dominated sort procedure, we get several non-dominated fronts. In
each non-dominated front, we assigned each individual with a crowding distance by calculating the perimeter of the
cuboid formed by using the nearest neighbors as the vertices as the Fig.3 shows. The crowding distance values of solutions in both ends are set to positive infinity.
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Fig. 3. The rectangles in calculating crowding distance, F1 and F2 are two objective.
Population selection, crossover and mutation. The population selection procedure is determined by crowdedcomparison operator (≺𝑛 ). More specifically, selection is made using tournament between two individuals. If the rank
numbers of these two individuals are different, the individual assigned with lower rank number is selected. If two individuals are assigned with the same front rank number, the individual with the largest crowding distance value is selected. The crossover and mutation operators on chromosome follow the probability 𝑃𝑐 and 𝑃𝑚 . In this paper, the crossover
operator we apply is multiple-point crossover. More specifically, all the loci on chromosome have the same probability
𝑃𝑐 to become a crossover point. Every two crossover points will lead a crossover operation between them. As for the
mutation operator, all the loci on chromosome have the same probability 𝑃𝑚 to mutate into any feasible genotypes.

4

Experiments and Analysis

4.1

Experimental Design

In this section, we perform experiments to verify the effectiveness of the proposed algorithm. The proposed NSGA-II is
tested on eight different road networks with different sizes. The information for these networks is given in Table 1.
Since NSGA-II is a stochastic algorithm, 30 independent runs are conducted on each instance.
The parameters in NSGA-II are given as follows. The population size and the maximum number of generations are set
to 150 and 500, respectively. According to some preliminary experiments and references [27], the best combination for
the crossover probability 𝑃𝑐 and the mutation probability 𝑃𝑚 are to 0.70 and 0.07, respectively.
In the experiment, the proposed NSGA-II is compared with the minimum cost method proposed in [28]. The main idea
of the minimum cost method is as follows. First, it uses the unit cost of road section as the weight for each road section.
Second, it adopts the shortest path labeling method to determine a path for traffic flow expansion. Third, it expands the
road sections in this selected path so as to expand the possible traffic flow in this path.
4.2

Performance Measurement

The final goal of the considered multi-objective optimization problem is to find a set of solutions that converge to the
true Pareto front of the problem as close as possible and maintain a good spread of solutions along the whole front. To
compare the set of solutions obtained by NSGA-II with the single solution returned by the minimum cost method, we
apply the hypervolume metrics. We choose the single solution obtained by the minimum cost method as the reference
point and calculate the hypervolume value using the set of solutions obtained by NSGA-II. This quality indicator is
often used to measure the performance of MOEAs. It represents the volume of the sum of hypercubes in a solution set
that dominate the reference point in the objective space.
First, we need to eliminate some unqualified individuals from the Pareto solution set and ensure that the remaining
individuals can completely dominate the reference solution. Second, the remaining individuals are then ranked in ascending order according to the fitness value of one objective. Then the reference point is added to the remaining set of
individuals and all solutions are normalized. The value of hypervolume could be derived from Eq. (4). According to the
definition, the optimal value of a perfect hypervolume value is 1. The closer the hypervolume value is to 1, the better
the set of solutions would be.
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HV = ∑𝑛𝑖=1|𝑜𝑏𝑗2 (𝑃𝑖 ) − 𝑜𝑏𝑗2 (𝑅𝑒𝑓)| × |𝑜𝑏𝑗1 (𝑃𝑖+1 ) − 𝑜𝑏𝑗1 (𝑃𝑖 )| , 𝑃𝑛+1 = 𝑜𝑏𝑗1 (𝑅𝑒𝑓)

(4)

Table 1. Eight test networks.
Test Network
N1
N2
N3
N4
N5
N6
N7
N8

Node Number
8
9
10
11
13
16
18
25

Edge Number
11
17
19
20
26
34
39
50

Budget Capacity increment
3
37
3
68
8
88
14
132
9
106
11
143
12
180
3
101

Table 2. The results obtained by minimum cost method.
Test Network Budget Capacity increment
3
N1
37
3
N2
68
8
N3
88
14
N4
132
9
N5
106
11
N6
143
12
N7
180
3
N8
101

4.3

Results and Analysis

Both the proposed NSGA-II and the minimum cost method are tested on the eight networks. Since the minimum cost
method only gets a single solution, solution is shown in Table 2. The experimental results in terms of hypervolume are
shown in Table 3. Each row belongs to a test instance. The mean value, standard deviation, variance, min, median, max
values are displayed in each column.
Table 3. Hypervolume value on 8 test networks.
N1
N2
N3
N4
N5
N6
N7
N8

Volume 16, No.1

Mean
0.78413
0.725
0.63077
0.60708
0.67908
0.76427
0.63559
0.57923

σ
0.00604
0
0
0.00541
0.00645
0.07147
0.01764
0.042

σ2
3.65E-05
0
0
2.93E-05
4.16E-05
0.00511
0.00031
0.00176

MIN
0.76191
0.725
0.63077
0.59286
0.64894
0.55782
0.59612
0.53175

Median
0.78571
0.725
0.63077
0.60714
0.68085
0.77087
0.63527
0.57143

MAX
0.78571
0.725
0.63077
0.63019
0.68085
0.86364
0.66535
0.73016
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Fig. 4. NSGA-II pareto front results on 8 test networks.
Interestingly, according to Table 3 we can see that the hypervolume values yielded by the proposed NSGA-II are between 0.6 and 0.7. Such results indicate that the proposed method can achieve a relatively good performance in approximating the true Pareto front of the bi-objective optimization problem. On the other hand, though the values are averaged on 30 independent runs on each instance, the variance values are generally very small, which verifies the stability
of the proposed method.
In Fig 4, the solid points denote the solution of NSGA-II and the cross points denote the solution of the minimum
cost method. From this figure we can clearly notice that the performance of the proposed NSGA-II is better than that of
the minimum cost method. Comparing to the minimum cost method, the solutions yielded by NSGA-II are closer to the
true Pareto optimal front and most of the solutions dominate the solution of the minimum cost solution.

5

Conclusion

In this paper, a bi-objective optimization model for the NDP has been proposed. The model is developed to reflect the
bi-objective nature in road network design practice. In addition, a NSGA-II algorithm has been introduced to solve this
problem. Experiential results have shown that the proposed approach is promising.
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This paper focuses on a small section of the whole urban network system and does not take into account the effect of
uncontrollable flow. Thus in our future work, it would be interesting and important to consider the NDP in large-scale
networks with complicated traffic properties.
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