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A B S T R A C T   

The road congestion pricing policy is implemented to alleviate traffic congestion and improve the 
efficiency of the transportation system during peak hours. However, the negative land use effect 
caused by this policy could not be ignored. How to design the optimal congestion toll that can not 
only ensure its positive effect on the transportation system but also reduce its negative effect on 
land use is an urgent problem to be solved. Given this, this paper proposed a multi-objective bi- 
level programming road congestion pricing model based on the integrated land use and trans
portation model to optimize the regional average accessibility, regional average land use di
versity, and regional total flow time. Since the proposed problem is NP-hard, this paper 
innovatively proposed an active learning optimization algorithm based on multi-objective 
Bayesian optimization, which improves the computation efficiency of the bi-level programming 
model by automatically finding the next sampling point (candidate solution) according to the 
probability information. An empirical analysis of Jiangyin City demonstrated the effectiveness of 
the proposed approach in coordinating the relationship between land use and transportation and 
alleviating the negative land use effect caused by road congestion pricing. Moreover, the algo
rithm proposed in this paper can also be used to solve other transportation-related black box 
problems with high computation complexity.   

1. Introduction 

Traffic congestion has been a serious challenge for many cities around the world. It not only increases the travel time and reduces 
the efficiency of the transportation system, but also exerts a negative impact on the regional economy and environment, which impedes 
the sustainable development of the region (Sun et al., 2017, 2018; Xiao et al., 2019; Zhong et al., 2020a; Zhang et al., 2021). Econ
omists have pointed out that road congestion pricing is an effective and sustainable economic means to manage urban traffic 
congestion (Brownstone and Small, 2005). By imposing road congestion pricing on cars traveling during peak hours, the travelers can 
realize the actual social costs of their travel so that they can use road traffic resources more rationally (Yang and Bell, 1997; Bhat and 
Castelar, 2002; Yin and Lawphongpanich, 2009; Anas, 2014). 

To maximize the effect of the road congestion pricing policy, the government should clarify and make efforts to alleviate its 
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negative effect on urban systems. Experiences from the cities that have implemented the road congestion pricing policy indicate that 
this policy does exert negative effects on regional land use systems while mitigating traffic congestion (Banister, 2002; Arentze and 
Timmermans, 2007; Tillema et al., 2010; Zhong et al., 2015). The negative land use effect of road congestion pricing will lead to a 
decrease in regional accessibility and land use diversity (Whitehead, 2002; Quddus et al., 2007; Zhong and Bushell, 2017). Due to the 
lack of theoretical analysis and optimization methods, the existing road congestion pricing policies usually improve the efficiency of 
the transportation system at the cost of sacrificing land use performance. 

Given this, it is necessary to design an optimal road congestion pricing scheme to guarantee its positive impact on the trans
portation system while alleviating its negative land use effect. To achieve this goal, two problems should be settled: the first one is to 
quantify the impact of road congestion pricing on land use; the other is to alleviate the negative land use effects of the road congestion 
pricing policy. The existing research will be reviewed from the above two aspects. 

1.1. Literature review 

Three prevailing methodologies have been adopted to investigate the impact of road congestion pricing on land use: empirical 
analysis (before the introduction of road congestion pricing), ex-post monitoring and analysis (after the introduction of road 
congestion pricing), and modeling methods. The empirical analysis is conducted before the introduction of road congestion pricing to 
explore its possible impacts through stated preference surveys or in-depth interviews (Bhat and Castelar, 2002). So far, there are 
relatively few studies in this area and they are mainly focusing on the impact of road congestion pricing on residential locations, 
population, business, and jobs. Arentze and Timmermans (2007) did a stated adaption experiment and found that around 11.9% of the 
respondents would change their working (2.1%) or living (9.8%) location due to road congestion pricing. Tillema et al. (2010) pointed 
out that people value congestion tolls more than fuel costs when choosing residential locations. Whitehead (2002, 2005) stated that the 
impact of road congestion pricing on business depends on different causal chains, and the marginal operators and new entrants are 
most affected by congestion charges after interviewing the British government, real estate developers, business, and academic 
community. 

The ex-post monitoring and analysis method refers to analyzing the effect of road congestion pricing using the actual monitoring 
data obtained after the implementation of the policy. Road congestion pricing has been implemented in Singapore, London, Oslo, and 
Stockholm. After a road congestion pricing scheme is introduced, it will take quite a long time to affect the land use system. Thus, only 
a few empirical studies have been conducted to examine the effects of road congestion pricing on the pattern and diversity of land use 
and job distribution. Moreover, the observational data are also limited and mainly about the influence of road congestion pricing on 
business, retail, real estate, and employment. Quddus et al. (2007) investigated the impact of road congestion pricing on retail in 
central London using a series of econometric models. A comparison of the sales of six retailers inside and outside the toll ring proved 
that road congestion pricing had a significant negative impact on sales within the toll ring. For example, the sales of the John Lewis 
Oxford Street store decreased by 8%. It is worth pointing out that the ex-post monitoring and analysis may not be reliable since the 
results can be influenced by external factors such as the world economic crisis and credit crunch (Transport for London, 2008). 
Furthermore, since the impact of road congestion pricing on land use will take a long time to be fully reflected, long-term and 
continuous monitoring is required, which makes it much more difficult to do empirical analysis. 

Two types of modeling methods, i.e., independent model and integrated model, are developed to explore the impact of road 
congestion pricing on land use. The independent model only considers the transportation model and neglects the interactive feedback 
relationship between land use and transportation, which means that it can only be used to analyze the short-term impact of road 
congestion pricing on land use. The integrated model or integrated land use and transportation model combines the land use model and 
the transportation model. Compared with the ex-post monitoring and analysis and the independent model, the integrated land use and 
transportation model has the following advantages: it can analyze the impact of road congestion pricing for a longer period; it excludes 
interference from other external uncertainties1; it can describe the interactive feedback relationship between land use and trans
portation. Because of these reasons, this paper adopts the integrated land use and transportation model to analyze the negative land use 
effect of road congestion pricing. Table 1 summarizes the existing studies on the influence of road congestion pricing (cordon-based 
road pricing and area-based road pricing) on land use using the integrated model. To sum up, road congestion pricing may decentralize 
the distribution of jobs, which harms regional land use diversity. Furthermore, it may also cause the boundary effect, which will reduce 
the accessibility of some areas. 

It should be noted that many existing studies have identified the negative land use effects of road congestion pricing based on 
integrated land use and transportation model. To the best of the authors’ knowledge, however, how to optimize the negative land use 
effects of road congestion pricing has not been effectively resolved. This is because the integrated land use and transportation model is 
similar to a black box whose computation efficiency is very low, and the analytical solution of the integrated model cannot be obtained. 
As a result, the existing studies usually combine the integrated model with scenario planning technology, which can only analyze some 
specific scenarios but cannot obtain the optimal value of a specific objective function, not to mention to consider multiple objectives. 

To fill this research gap, this paper proposed a multi-objective bi-level programming model based on the integrated land use and 
transportation model to determine the optimal road congestion pricing, intending to reduce the negative land use effects on the 
premise of not (or less) influencing the efficiency of the transportation system (measured by travel time). Based on the equilibrated 

1 It’s worth noting that the integrated land use and transportation model adopted in this study, namely the TRANUS model, may not be able to 
capture broader uncertainties due to the assumption behind its logit-based formulation. 
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interactive feedback relationship between the land use and transportation systems obtained from the lower-level problem, the upper- 
level problem is to determine the optimal congestion toll considering multiple objectives. The lower-level problem is the integrated 
land use and transportation model which describes the equilibrated interactive feedback relationship between the land use and 
transportation systems under a specific congestion charging scheme given by the upper-level problem. 

The difficulties in solving the proposed problem lie in the following two points. First, the proposed problem takes multiple ob
jectives into account since the road congestion pricing policy will exert influences on various aspects, such as population, jobs, land use 
diversity, accessibility, and travel time. As for the multi-objective problem, there usually does not exist a solution that can optimize 
every single objective. Therefore, the Pareto optimal solution is adopted by the existing researches (Yang and Zhang, 2002; Zhang 
et al., 2008; Sumalee et al., 2009; Xiao and Zhang, 2014; Liu et al., 2014). Second, and more importantly, the bi-level programming 
problem is NP-hard even if both the upper- and lower-level models are linear. The lower-level problem of the proposed model is non- 
linear, which makes the model more complicated and difficult to be solved. A series of approaches, such as transformation methods 
(Allende and Still, 2013), fuzzy methods (Pramanik and Roy, 2007), global techniques (Wang et al., 2010), enumeration methods 
(Thoai et al., 2005), and meta-heuristic algorithms (Sun et al., 2008; Talbi, 2013; Szeto and Jiang, 2014), have been used to solve the 
bi-level programming problems. In terms of the problem proposed in this paper, since the lower-level integrated model will be 
frequently called, the computation efficiency of the traditional solution methods will be significantly affected. In addition, because the 
analytical solution of the lower-level integrated model cannot be obtained, the relationship between the upper-level objective function 
and decision variables is similar to a “black box”, which brings difficulties to solve the proposed problem. 

Some scholars have proposed simulation-based methods to solve this kind of black box problem, which require a huge amount of 
computational demands and can not be solved analytically (Osorio and Bierlaire, 2013; Osorio and Chong, 2015; Chen et al., 2019). 
For example, Osorio and Bierlaire (2013) and Osorio and Chong (2015) proposed a metamodel as the surrogate model of the objective 
function. The model integrates the information of an analytical model and a simulation-based model to improve computational ef
ficiency. In contrast, this study adopts a probabilistic surrogate model, namely Gaussian process model, to establish the relationship 
between the decision variable (i.e., the road pricing scheme) and the objective function (i.e., various land use and transportation 
indicators). Compared with the metamodel (an analytical model plus a simulation-based model), the probabilistic surrogate model 
used in this study is easier to be constructed. Recently, Chen et al. (2019) proposed a simulation-based optimization algorithm to solve 
the heteroscedasticity stochastic problem. The algorithm considers the uncertainty of metamodel parameters in a Bayesian framework. 
The distribution of the objective function is estimated by the Bayesian stochastic Kriging model and optimized by a genetic algorithm. 
It’s worth noting that, since a genetic algorithm is used to optimize the objective function, it still needs to call a large number of lower- 
level black box problems, which affects the computational efficiency of the model. 

To tackle this problem, this paper developed an active learning optimization algorithm based on multi-objective Bayesian opti
mization, which can reduce the times of calling the lower-level integrated model and determine the upper-level optimal congestion 
pricing scheme quickly. In contrast with the simulation-based methods with a metamodel model, the surrogate model used in this 
study is easier to be constructed. Compared with the heuristic algorithm, such as a genetic algorithm, the proposed method is more 
efficient (in terms of the required number of objective function evaluations) and the quality of the solution is better (Olofsson et al., 
2019). This is because, with the help of the probabilistic surrogate model (the Gaussian process), we can treat the black box problem 
like an analytical function, whilst providing us with a measure of confidence bounds for selecting unexplored optima, which greatly 
reduces the number of calls to the lower-level black box problem. 

Bayesian optimization is a type of gradient-free global optimization algorithm (Shahriari et al., 2015; Rodrigues and Pereira, 2018). 
Since the objective function is an unknown “black box”, Bayesian optimization usually assumes that the objective function is sampled 
from a probabilistic surrogate model. By establishing a Gaussian process model based on the training data, Bayesian optimization can 
capture the features of unknown functions. On this basis, Bayesian optimization searches the potential optimal solution in the 

Table 1 
Land use effects of road congestion pricing obtained from the integrated models.  

Study area and pricing scheme Authors Integrated model Conclusions 

Brussels: Cordon-based road pricing in 
Brussels metropolitan area 

Lobe et al. 
(1998) 

TRANUS In the charging area, with different charging schemes, the change rate of 
population and that of the number of tertiary industry jobs are − 2.0 to +4.0% 
and − 8.0 to +1.0%, respectively. 

Edinburgh: Cordon-based road 
congestion pricing in the city 
center 

Still et al. 
(1999) 

DELTA/START 
and LUCI 

Residential areas are slightly concentrated (0.2%) and jobs are dispersed (− 5.5 
to − 7.0%). 

Austin: Area-based road pricing Gupta et al. 
(2006) 

DRAM-EMPAL/ 
TransCAD 

Jobs are dispersed from the city center to the outsides (up to 2.2%). 

Washington, DC: Cordon-based road 
congestion pricing in the city 
center 

Safirova et al. 
(2006) 

LUSTRE/ 
START/RELU 

The number of jobs within the toll area has decreased. The wages of workers 
and the welfare benefits have increased. 

Jiangyin: Cordon-based road 
congestion pricing in the city 
center 

Zhong et al. 
(2015) 

TRANUS Under different toll rates, the number of retail jobs and the population within 
the toll ring has decreased by 1.32–1.25% and 3.36–3.06%, respectively. 

Jiangyin: Cordon-based road 
congestion pricing in the city 
center 

Zhong and 
Bushell (2017) 

TRANUS The implementation of road congestion charging will cause the boundary 
effect, which will greatly reduce the job accessibility of the periphery of the toll 
ring.  
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unexplored feasible region and determines the next sampling point using an acquisition function. The global optimal value of the 
objective function is obtained by repeating the above steps. 

Researchers have confirmed the effectiveness and practicability of multi-objective Bayesian optimization in solving multi-objective 
problems and bi-level problems (Shahriari et al., 2015; Feliot et al., 2017; Kieffer et al., 2017). The method has been applied in power 
amplifier design (Chen et al., 2015), data mining (Golovin et al., 2017), chemical reactor design (Park et al., 2018), and engineering 
design (Nahvi et al., 2019). However, the application of multi-objective Bayesian optimization in the field of transportation science is 
rare. 

1.2. Objectives and contributions 

The objectives of this paper are: (1) to develop a multi-objective bi-level programming model based on the integrated land use and 
transportation model to quantitatively analyze the negative land used effects of road congestion pricing; (2) to devise an efficient 
algorithm that can solve the proposed problem; and (3) to coordinate the impacts of road congestion pricing on land use and trans
portation systems and mitigate the negative effects of this policy by optimizing the congestion tolls according to the principle of Pareto 
optimality. 

The contributions of this paper are summarized as follows.  

(1) A multi-objective bi-level programming road congestion pricing model considering the negative land use effects is established. 
(2) A series of indicators are proposed to measure the land use effect of road congestion pricing. According to the Pareto opti

mization principle, by optimizing the toll rate, the negative impact of the road congestion pricing policy on regional land use 
can be minimized without affecting (or less affecting) the operation efficiency of the transportation system.  

(3) An active learning algorithm based on multi-objective Bayesian optimization is designed to solve the proposed model. To the 
best of the authors’ knowledge, this is the first attempt to solve the multi-objective bi-level programming road congestion 
pricing problem using multi-objective Bayesian optimization.  

(4) A case study in Jiangyin City proves that the proposed approach can make the indicators of the land use and transportation 
systems reach Pareto optimality and alleviate the negative land use effects of road congestion pricing. 

The rest of the paper is organized as follows: a bi-level programming model is presented in Section 2. The multi-objective Bayesian 
optimization algorithm based on Gaussian process is introduced in Section 3. Section 4 verifies the effectiveness of the proposed model 
and algorithm through an empirical case study. Section 5 concludes the paper. 

2. Model formulation 

2.1. Problem description 

The existing road congestion pricing policy usually improves the transportation system performance at the cost of sacrificing the 
land use performance. The effects of road congestion pricing on the land use performance and the transportation system performance 
are neither positively correlated nor completely opposed. Given this, from the perspective of land use and transportation integration, 
this study determines the optimal road congestion toll by exploring the long-term land use effect of road congestion pricing policy, 
which can make the regional average accessibility, regional average land use diversity, and regional total flow time reach Pareto 
optimality. In this paper, Pareto optimality is achieved when a road congestion charging scheme cannot make the regional total flow 
time better off without making the regional average accessibility or regional average land use diversity worse off. 

Fig. 1. The framework of the multi-objective bi-level programming road congestion pricing model considering the negative land use effect.  
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2.2. Model formulation 

The study area is divided into a series of traffic analysis zones (TAZs), notated as Z =
{
z1, z2, ..., zM}, where M is the number of 

TAZs. The objective function is notated as C =
{
c1, c2, ..., cW}, where W is the number of objective functions. The framework of the 

multi-objective bi-level programming road congestion pricing model considering the negative land use effect is illustrated in Fig. 1. 
The upper-level problem determines the optimal congestion toll that optimizes various objectives (i.e., regional average accessi

bility, regional average land use diversity, and regional total flow time) based on the equilibrated land use and traffic flow patterns 
obtained from the lower-level problem. The lower-level problem discovers the interactive feedback relationship between the land use 
and transportation systems under a given congestion charge scheme and returns the equilibrated traffic flow pattern, travel cost, and 
land use pattern (i.e., population, jobs, spatial distribution, and the number of different land use types). The upper-level problem can 
evaluate the conditions of the transportation system as well as the land use performance since the lower-level problem considers the 
interactive feedback relationship between land use and transportation systems. 

2.2.1. The upper-level problem 
Two types of objectives are considered in the upper-level problem.  

(1) Land use performance indicators – regional average accessibility and regional average land use diversity.  
(a) Regional average accessibility. It refers to the ease of residents reaching a certain activity. Regional accessibility, calculated 

by Formula (1), depends on the number of certain activities in a region and the travel time between different regions. 

Ai =
∑

j∈Z
Ej ⋅ I

(
tij
)
=
∑

j∈Z
Ej
[
ω ⋅ exp

(
γ + λ ⋅ tij

) ]
, ∀i ∈ Z (1) 

Regional average accessibility is calculated by Formula (2): 

A =
∑

i∈Z
Ai/M (2)  

where Ai is the accessibility of region i; Ej is the number of an activity in region j; I
(
tij
)

is the impedance function of travel time, ω, γ, λ 
are the parameters of the impedance function; tij is the minimum travel time between region i and region j; A is the regional average 
accessibility; M is the number of TAZs.  

(b) Regional average land use diversity. This indicator reflects the diversity of land uses within a region. When a variety of land uses 
exist in a given area, it is expected that many trips originating from that area may have trip destinations within the same area. 
This study uses Shannon entropy to describe the land use diversity in a region, which is associated with the land use types and 
quantities of the region. Land use diversity is calculated as follows: 

Di = −

∑Si
s=1ps

i ⋅ lnps
i

lnSi
,∀i ∈ Z (3) 

Regional average land use diversity is calculated using Formula (4): 

D =
∑

i∈Z
Di/M (4)  

where Di is the land use diversity of region i; ps
i is the proportion of the area of land use type s in region i to the total area of land use in 

this region; Si is the number of land use types in region i; D is the regional average land use diversity.  

(2) Transportation performance indicator – regional total flow time 

Regional total flow time is calculated by Formula (5): 

T =
∑

i∈Z

∑

j∈Z, j∕=i

qij ⋅ tij (5)  

where T is the regional total flow time; qij is the traffic flow between region i and region j. 

2.2.2. The lower-level problem 
The lower-level problem is the integrated land use and transportation model, which is used to determine the equilibrated state 

between the land use and transportation systems under a given congestion charge. In this study, the TRANUS model, an integrated land 
use and transportation model based on the logit model, is adopted in the lower-level problem. The TRANUS model determines the 
complex interactive feedback relationship between the land use and transportation systems, i.e., the spatial location choices, trip 
generation, trip distribution, modal split, and traffic assignment, according to the principle of maximizing the expected utility. The 
theoretical basis of the TRANUS model includes random utility theory, gravity and entropy models, spatial microeconomics, and 

S. Zhong et al.                                                                                                                                                                                                          



Transportation Research Part C 125 (2021) 103002

6

input–output analysis. For more details about the TRANUS model, the readers can refer to de la Barra et al. (1984) and Zhong et al. 
(2015). 

The reasons for choosing the TRANUS model as the lower-level model are that: First of all, TRANUS is a classic integrated land use 
and transportation model, which has been proved to be able to simulate the complex relationship between urban land use and 
transportation caused by various land use and transportation policies, such as road congestion pricing (de la Barra et al., 1984; 
Bandeira et al., 2011; Zhong et al., 2015). Secondly, TRANUS is suitable for the needs of this study. On the one hand, it is difficult to get 
the analytical solution of the problem based on the TRANUS model, which makes the proposed problem similar to a black box; on the 
other hand, the TRANUS model requires a lot of computation, which leads to the low efficiency of solving the optimal solution of the 
problem with the traditional heuristic algorithm. It should be noted that this study intends to propose a general simulation-based active 
learning optimization framework that does not depend on the properties of the lower-level model. Therefore, other integrated land use 
and transportation models can also be used as the lower-level model as long as it can reflect the interactive feedback relationship 
between the land use and transportation systems. In Section 3, we will provide a detailed description of how the lower-level integrated 
land use and transportation model can analyze the changes in land use and transportation systems caused by road congestion pricing 
(see Fig. 2). 

2.2.3. Multi-objective bi-level programming model 
Let τ, v(τ), y(τ), L(τ), fw be the congestion toll, the equilibrium traffic flow, the equilibrium land use pattern, the integrated land use 

and transportation model, and the wth objective function, respectively. The multi-objective bi-level programming model of road 
congestion pricing problem considering the negative land use effect is presented as model P0: 

max
τ

f(τ, v(τ), y(τ) ) (6) 

s.t. 

τ ∈ Ω (7) 

Fig. 2. The optimization procedure of the multi-objective bi-level programming road congestion pricing problem.  
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[v(τ), y(τ) ] = L(τ) (8) 

Formula (6) represents a set of objective functions, given by the following formula: 

f(τ, v(τ), y(τ) ) = {f w(τ, v(τ), y(τ) ), ∀w ∈ C } (9) 

Formula (7) limits the solution space of the congestion charge schemes. Formula (8) presents the equilibrium state between the land 
use and transportation systems obtained by the lower-level integrated land use and transportation model, where [v(τ), y(τ) ] is the 
equilibrium solution under a given congestion pricing scheme. For ease of expression, in the next part of this paper, fw(τ, v(τ), y(τ) ) and 
f(τ, v(τ), y(τ) ) are denoted as fw(τ) and f(τ), respectively. 

3. An active learning algorithm for the multi-objective bi-level programming model 

This study aims to determine the optimal congestion pricing so that the regional average accessibility, regional average land use 
diversity, and regional total flow time can reach Pareto optimality. Since the proposed problem is NP-hard, an active learning opti
mization algorithm based on multi-objective Bayesian optimization is devised to reduce the times of calling the lower-level integrated 
land use and transportation model and improve computation efficiency. 

Fig. 2 illustrates the optimization procedure of the multi-objective bi-level programming road congestion pricing problem. The 
change of the decision variable (congestion charge) will influence the performance of the land use and transportation systems in the 
region. Specifically, on one hand, the implementation of road congestion pricing will change the short-term travel behavior of travelers 
(such as travel frequency, travel mode, travel path, etc.) and the operating conditions of the transportation system, and gradually 
influence the land use system through accessibility (Zhong et al., 2020b). On the other hand, in the long-term, as the impact of road 
congestion pricing on the land use system increases, road congestion charging policy will also affect the long-term spatial location 
decisions of both residents and firms, and once again impact travel distribution and travel behavior of residents (Arentze and Tim
mermans, 2007; Zhong et al., 2015). According to the above process, the land use and transportation systems influence each other until 
they reach an equilibrium state (Banister, 2002; Zhong et al., 2021). Through the lower-level integrated land use and transportation 
model, the interaction between land use and transportation systems under the influence of road congestion pricing can be analyzed, 
and the equilibrium solution and the corresponding objective values can be obtained. According to the value of each objective 
function, an active learning algorithm based on multi-objective Bayesian optimization is devised to determine the next candidate 
solution (congestion charge). The above steps are repeated until the Pareto optimal solution is obtained. Bayesian optimization, 
multivariate Gaussian process, and acquisition function are introduced in the following subsections, based on which the multi- 
objective Bayesian optimization-integrated land use and transportation model optimizer (MBO-ILUTM optimizer) is proposed. 

3.1. Bayesian optimization 

Bayesian optimization is a global optimization method for the black box problem, which establishes a surrogate model of the 
objective function using the prior data and does not rely on the gradient of the objective function. According to the two core parts of 
Bayesian optimization (i.e., the surrogate model (Gaussian process regression model) and the acquisition function), the next sampling 
point with the best improvement can be calculated, which allows Bayesian optimization to bypass the black box with high compu
tational complexity (in this paper, it refers to the integrated land use and transportation model) when selecting sampling points. As a 
result, the computation of Bayesian optimization is less than that of meta-heuristic algorithms (Shahriari et al., 2015). For this reason, 
this study develops an MBO-ILUTM optimizer to solve the multi-objective bi-level programming road congestion pricing problem. 

3.2. Multivariate Gaussian process 

The multi-objective bi-level programming road congestion pricing problem is NP-hard so that it is difficult to find the analytical 
solution to the model. Therefore, this paper uses a surrogate model to fit the relationship between the decision variable and the value of 
the objective function. The zero noise, zero mean Gaussian process regression model is used as a surrogate model, which is simple and 
easy to calculate (Rasmussen, 2003). 

Taking the objective function w as an example, assume that there are n sampling points τ1,⋯, τn whose objective function values are 
fw(τ1),⋯, fw(τn), respectively, then the multivariate Gaussian distribution is represented as 

fw
1:n ∼ N(0,K) (10)  

where fw
1:n = (fw(τ1)⋯fw(τn) )

T
,∀w ∈ C; Kij = k

(
τi, τj

)
, k
(
τi, τj

)
is the covariance kernel function. In this study, the common Matérn 5/2 

kernel is used as the covariance kernel function: 

kMatérn 5
2

(
τi, τj

)
=

(

1 +

̅̅̅
5

√
r

l
+

5r2

3l2

)

exp
(

−

̅̅̅
5

√
r

l

)

(11)  

where l is the hyperparameter that determines the curve of the Gaussian process, r =
⃒
⃒τi − τj

⃒
⃒. 

The value of l is determined by optimizing the logarithmic form of the marginal likelihood function of the Gaussian process 
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regression model using a gradient method when training the surrogate model (Rasmussen and Williams, 2006). 

logp
(
fw

1:n|τ1:n
)
= −

1
2
fwT

1:nK− 1fw
1:n −

1
2

log|K| −
n
2
log2π (12)  

where p
(
fw
1:n|τ1:n

)
is the marginal likelihood function of the Gaussian process based on the training set. 

Given a sampling point, the distribution of its objective function value predicted by the trained Gaussian process regression model 
is expressed as 

f w(τn + 1)̃N(μw(τn + 1), σw(τn + 1) ) (13) 

The mean and variance are given by Formulas (14) and (15), respectively: 

μw(τn + 1) = KT
n+1K− 1fw

1:n (14)  

σw(τn + 1) = k(τn + 1, τn + 1) − KT
n+1K− 1Kn+1 (15)  

where Kn+1 = (k(τn + 1, τ1),…, k(τn + 1, τn) )
T. 

3.3. Acquisition function 

The next sampling point is determined by the mean and variance of the acquisition function. The optimal value of the objective 
function can be obtained with as few iterations as possible by maximizing the acquisition function, as expressed in Formula (16). 

τnext = argmax
τ∈Ω

AC(τ) (16)  

where AC( ⋅ ) is the acquisition function. 
The acquisition functions in multi-objective Bayesian optimization are mainly divided into two categories: the scalar-based method 

and the Pareto optimal-based method. This study adopts the Pareto optimal-based method, which aims to find the Pareto front in the 
objective function space where there are pairs of non-dominated points and dominated points. The non-dominated points are superior 
to or equal to the dominated points in either direction. The objective function space is divided into non-dominated area and dominated 
area by the Pareto front. 

Hypervolume-based probability of improvement (HVPoI) (Couckuyt et al., 2014), expected maxmin improvement function 
(Svenson and Santner, 2016), and Euclidean distance-based expected improvement function (Keane, 2006) are three prevailing Pareto 
optimal-based methods. After repeated experiments, this study finally decided to use HVPoI as the acquisition function. HVPoI does 
not require data normalization and can significantly reduce the overall calculation complexity. The detailed calculation steps of this 
method are given as follows.  

(1) Calculate the probability of improvement. 

Fig. 3. Illustration of the Pareto front of two objective functions. Note: fi
pa and fi

do are the points on the Pareto front and the dominated points, 
where i = 1, ...5; fmin and fmax denote the lower and upper bound of the hypervolume region. The dark and light shaded areas in figure (a) represent 
the non-dominated area and the dominated area, respectively. The non-dominated area is the integration area Q based on multi-dimensional space 
PM(τ), and the hypervolume of the dominated area bounded by fmin and fmax is the improvement of the Pareto set P . The entire shaded area is 
decomposed into several independent rectangular areas by a binary partitioning procedure based on the existing points on the Pareto front. 
Figure (b) illustrates that the exclusive hypervolume of the objective function value point f(τ) relative to the Pareto set P (the black shaded region) 
can be computed from the existing cells. 

S. Zhong et al.                                                                                                                                                                                                          



Transportation Research Part C 125 (2021) 103002

9

PM(τ) =
∫

f(τ)∈Q

∏W

w=1
ϕw[f w(τ) ]df w(τ) (17)  

where PM(τ) is the probability of a new sampling point located in the non-dominated space. It can also be regarded as the probability 
that a new input point yields improvement over the Pareto set P . W is the number of the objective functions; Q is the non-dominated 

part of the objective function space; ϕw[fw(τ) ] is the probability density function of fw(τ); f =
(

f1⋯fW
)

. 

To simplify the calculation, this study uses the method proposed in Couckuyt et al. (2014) where the integration area Q is 
decomposed into b (hyper-)rectangular cells, as shown in Fig. 3(a). PM(τ) is calculated by the following formula 

PM(τ) =
∑b

a=1
±
∏W

w=1

(
Φw[uw

a

]
− Φw[lw

a

] )
(18)  

where uw
a and lwa are the upper bound and lower bound of the wth objective function in region a, respectively; Φw is the cumulative 

distribution function of fw(τ).  

(2) Calculate the hypervolume improvement of a Pareto set P brought by the objective function value point f(τ), see Fig. 3(b). 

Himp(f(τ),P ) = H(P ∪ {f(τ) } ) - H(P ) (19)  

where H( ⋅ ) is the hypervolume indicator; Himp is the hypervolume improvement of the objective function value point f(τ) to the Pareto 
set P and can be defined by a non-negative scalar improvement function, namely, 

I(f(τ),P ) =

{
Himp(f(τ),P ), if f(τ) is not dominated by P

0, otherwise (20) 

It is worth noting that, in this paper, the hypervolume improvement is not only a standard for selecting sampling points but also an 
evaluation index for judging the convergence of the algorithm and evaluating the quality of the solution. We will make a detailed 
explanation with the actual example in Section 4.2.1.  

(3) Create HVPoI-based acquisition function. 

Fig. 4. The procedure of the MBO-ILUTM optimizer.  
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The HVPoI-based acquisition function PHV(τ) can be represented by the product of the improvement function I(μ(τ),P ) and the 
improvement probability PM(τ). 

PHV(τ) = I(μ(τ),P ) ⋅ PM(τ) (21)  

where μ =
(
μ1(τ), ..., μW(τ)

)
. 

Similarly, Formula (22) is obtained by dividing the integration area Q into b (hyper-) rectangular cells. 

PHV(τ) =

(
∑b

a=1
±V (μ(τ), la,ua )

)

⋅ PM(τ) (22)  

whereV (μ(τ), la,ua ) =

⎧
⎪⎨

⎪⎩

∏W

w=1

(
uw − max

(
lwa , μw(τ)

) )
, if ​ uw > μw(τ),∀w ∈ C

0, otherwise
;[la,ua], ∀a = 1, ..., b represents the lower 

and upper bound of rectangular region a. 

3.4. MBO-ILUTM optimizer 

An MBO-ILUTM optimizer is developed to solve the multi-objective bi-level programming road congestion pricing problem. The 
optimization procedure of the MBO-ILUTM optimizer is presented in Fig. 4. 

The initial sampling points set, namely, the initial training set is obtained in the model preparation stage. In the Bayesian opti
mization stage, the training set is used to train the Gaussian process regression model and obtain the mean and variance of the sampling 
points, based on which the acquisition function is established; then, the next sampling point τnext with the biggest improvement is 
obtained by optimizing the acquisition function. After determining the sampling point, the ILUTM calculates the objective function 
value f(τnext) of the sampling point τnext and then updates the Pareto set and the training set with (τnext, f(τnext) ). These steps are 
repeated until the saturated Pareto front is obtained. 

The stopping criterion of the proposed MBO-ILUTM optimizer is that the Pareto front reaches saturation state. The criterion of this 
state is that the new sampling points in the objective function space can not bring or only bring a small hypervolume improvement. In 

Fig. 5. Road pricing area in Jiangyin City.  
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the following section, the saturation state of the Pareto front will be discussed in detail. 

4. Case study 

4.1. Study area selection and data sources 

This study selects Jiangyin City as the study area. Jiangyin City is located in the southeast of Jiangsu Province, China, with an area 
of about 988 square kilometers. At the end of 2018, the total population was approximately 1.65 million. As a fast-growing city, the 
city center of Jiangyin faces serious traffic congestion problems. This study tries to alleviate traffic congestion in Jiangyin City through 
the cordon-based road congestion pricing policy. This type of road congestion pricing policy is widely applied in many cities around 
the world, such as London, Milan, and Stockholm (Lehe, 2019). Fig. 5 presents the range of the road pricing area. Cars driving into the 
charging area during peak hours will be charged a certain amount of road congestion fees. Considering the per capita income level in 
Jiangyin City, the road congestion toll is set between 10 and 30 Chinese Yuan (CNY). 

The TRANUS model is used as the lower-level integrated land use and transportation model to analyze the impacts of road 
congestion pricing on regional future land use and transportation systems. The basic analysis unit of the Jiangyin integrated land use 
and transportation model is the traffic analysis zone. Considering the size of the study area, Jiangyin City is divided into 265 TAZs, 
among which 56 TAZs are within the toll ring and 209 TAZs are outside of the toll ring. The initial year of the integrated land use and 
transportation model of Jiangyin City is 2010. The model runs every 5 years until 2030. The road congestion pricing policy is 
implemented in 2020. The result of the year 2030 is used to analyze the influence of road congestion pricing since the effects of road 
congestion pricing on regional land use need a long time to be manifested (Tillema et al., 2010; Whitehead, 2005; Zhong et al., 2015). 

The data required for the integrated land use and transportation model of Jiangyin City includes two types: land use data and 
transportation data. The land use data is obtained from the Jiangyin comprehensive plan (2011–2030) (Jiangsu Institute of Urban 
Planning and Design, 2011) and Jiangyin Statistical Yearbook. The transportation data are obtained mainly from the Jiangyin 
Municipal Transportation Bureau and Jiangyin Public Transport Company. Besides, based on the on-the-spot investigation, the traffic 
flow data on the selected main roads was collected during peak hours. Based on the above data, Zhong et al., (2015) calibrated the 
Jiangyin integrated model using a piecewise estimation method. 

4.2. Results and analysis 

This subsection comprises of two parts. The effectiveness of the active learning algorithm is demonstrated in the first part, and the 
proposed multi-objective bi-level programming road congestion pricing model and the algorithm are applied to Jiangyin City in the 
second part. 

Fig. 6. (a) Solution space (b) Objective function space. Note: For the convenience of the display, the coordinate axis scale was processed utilizing 
numerical value plus compensation. For example, the corresponding value of the y-axis at 1 in Fig. 6 (b) is 1 * 1e4 + 8.7e6, namely, 1 * 104 + 8.7 
* 106. 

S. Zhong et al.                                                                                                                                                                                                          



Transportation Research Part C 125 (2021) 103002

12

4.2.1. Effectiveness of the active learning algorithm 
The effectiveness of the proposed active learning algorithm is assessed from the aspects of convergence speed, convergence state, 

and solution quality. Two objectives, the total flow time and the regional average accessibility, are considered in this experiment since 
it is convenient for readers to understand the changes of the Pareto front with the number of iterations more intuitively and 
comprehensively. 

Olofsson et al. (2019) classified the Pareto front into four forms: convex, concave, both convex and concave, and discontinuous. 
They compared the Pareto front obtained by different algorithms with the real Pareto front, and confirmed that the multi-objective 
Bayesian optimization method used in this paper is superior to the existing heuristic algorithms, such as genetic algorithm, in both 
the speed of the algorithm and the quality of the solution.  

(1) Convergence speed 

At first, 5 levels of toll rates between 10 CNY and 30 CNY are randomly selected as the initial sampling points. The problem is then 
solved using the proposed MBO-ILUTM optimizer. The Pareto front reaches saturation state after 10 iterations, which illustrates that 
the proposed active learning algorithm has a fast convergence speed. 

Fig. 6(a) and Fig. 6(b) show the solution space and objective function space, respectively. The circular points represent the Pareto 
optimal solution. The square points represent the dominated points. The higher the gray level of the dominated point, the more points 
dominate this point. Specifically, the dominated points have three gray levels: green, blue, and yellow, which means the point is 
dominated by one point, two points, and three or more points, respectively. The cruciform points represent the sampling points. In the 
solution space, the sampling points correspond to the points selected by the acquisition function during the current iteration. In the 
objective function space, the sampling points correspond to the objective function values of points selected by the acquisition function 
which is obtained from the integrated land use and transportation model. 

Fig. 7(a) is a partially enlarged view of the objective function space in Fig. 6. Fig. 7(b) shows the changes of the two objective 
function values with different iteration times. The black circular points in Fig. 7(a) represent the Pareto optimal solutions. The numbers 
in parentheses indicate the iteration times corresponding to the point. The lines in different colors are the Pareto front obtained after 
the nth iteration. The detailed sampling process of the MBO-ILUTM optimizer proposed in this paper can be seen in Fig. 7(a). If a new 
color curve appears in the lower-left corner of an existing curve, it means that the Pareto front has been updated. As the iteration times 
increase, the Pareto front becomes more and more detailed until it reaches saturation. It should be noted that there does not exist the 
8th sampling point in Fig. 7(a) because it is dominated by other points.  

(2) Convergence state 

The convergence state of the proposed active learning algorithm is evaluated by the hypervolume improvement calculated by 
Formulas (19) and (20). Fig. 8 shows the changes of the hypervolume improvement with the iteration times. It can be seen that the rate 

+8.7e6

a bthColor iterationn

Fig. 7. (a) Partially enlarged view of the (b) Changes of objective function values with objective function space iteration times.  
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of increase of hypervolume improvement is very low since the 7th iteration. The hypervolume improvement becomes stable and the 
Pareto front reaches saturation after 10 iterations, the iteration ends. In addition, it can also be seen that 9 sampling points in the 10 
iterations are Pareto optimal solutions, which is mainly benefited from the excellent data fitting ability of the Gaussian process and the 
maximum hypervolume improvement search strategy in Bayesian optimization.  

(3) Solution quality 

As mentioned earlier, the hypervolume improvement is an evaluation index for judging the convergence of the algorithm and 
evaluating the quality of the solution, because it represents the improvement degree of the new Pareto front compared with the 
existing Pareto front. For the two objective optimization problem in this section, the algorithm stops after 10 iterations. The obtained 
saturated Pareto front has both convex and concave sections, and the quality of the solution is good. The above conclusions are based 
on the following analysis and judgment: 

Firstly, from the perspective of the algorithm principle, the multi-objective Bayesian optimization method provides a good balance 
between exploration (enhance overall accuracy) and exploitation (improve current local accuracy) (Couckuyt et al., 2014). This can 
ensure that the algorithm can not only jump out of the local optimal solution, but also ensure the quality of the local solution. In this 
example, as shown in Fig. 6 (b), the algorithm explores the upper-left corner and the lower-left corner respectively to ensure that the 
global optimal solution can be obtained. At the same time, after the preliminary exploration, the algorithm then conducts detailed 
exploitation near the upper-left corner to enhance the solution quality in this local region (see Fig. 7 (a)). 

Secondly, the Pareto front obtained in the example has both convex and concave sections. The main reason is that the two objective 
functions, that is regional average accessibility and regional total flow time, are not always in a trade-off relationship. If they were 
strictly antagonistic, the Pareto front should be a continuous curve. 

Finally, it can be seen from Fig. 8 that since the 7th iteration, the improvement degree obtained by updating the Pareto front tends to 
be stable. Since then the new sampling points can not greatly improve the quality of the solution, indicating that the solution on the 
Pareto front is close to an optimum, and the quality of the current solution is good. Of course, the user can choose to continue iterating 
to get more precise solutions, but the corresponding improvement will be small. 

4.2.2. Case study 
An empirical analysis is conducted based on the data of Jiangyin City. Three objectives, the regional average accessibility, the 

regional average land use diversity, and the regional total flow time, are taken into account. In this example, 5 sampling points are 
generated as the initial solutions, and the Pareto front becomes saturated after 20 iterations. Fig. 9(a) and (b) illustrate the solution 
space and the objective function space after 20 iterations. Fig. 9(c), (d), and (e) are the two-dimensional section view of Fig. 9(b). It 

Fig. 8. Changes of the hypervolume improvement with the iteration times under two objective functions.  
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should be noted that due to the existence of the third objective function, the points in Fig. 9(c)–(e) do not represent the Pareto front of 
the two objectives. 

The changes of the hypervolume improvement associated with the iteration times are presented in Fig. 10. It can be found that the 
hypervolume improvement increased insignificantly by updating the Pareto front since the 17th iteration and stabilizes after 20 it
erations. Besides, comparing Fig. 8 and Fig. 10, it can be seen that the number of iterations required to reach the saturated Pareto front 
increase as the number of objective functions grows from 2 to 3. 

Table 2 compares the performance of different objective functions under different road congestion pricing schemes (i.e., the 
traditional time-based road congestion pricing, the random road congestion pricing scheme, and the Pareto optimal road congestion 

Fig. 9. (a) Solution space, (b) Objective function space, (c) Two-dimensional section view of regional total flow time and regional land use diversity, 
(d) Two-dimensional section view of regional average accessibility and regional land use diversity, (e) Two-dimensional section view of regional 
average accessibility and regional total flow time. 
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pricing), where the time-based road congestion pricing is regarded as the reference scheme. 
The toll rate of the time-based road congestion pricing is 30 CNY. Under this scheme, the regional total flow time is the least while 

the land use indicators (i.e., regional average accessibility and regional land use diversity) are not good. Two toll rates, 15 CNY and 20 
CNY, are randomly selected under the random road congestion pricing scheme. Under this scheme, the regional total flow time is 
longer and the land use indicators are also worse than those under the time-based road congestion pricing scheme, which indicates that 
as the number of objective functions increases, it is difficult to find the optimal road congestion pricing scheme through scenario 
planning or enumeration method. According to the result of the proposed approach, one of the optimal toll rates (randomly selected 
from the Pareto front) is 11.04 CNY. Under this road congestion pricing scheme, the regional average accessibility and the land use 
diversity are improved. Although the regional total flow time is increased, the rate of increase is acceptable. This means that the 
proposed approach can coordinate the relationship between land use and transportation and determine the optimal toll scheme. 

5. Conclusion 

Although the original intention of road congestion pricing policy is to reduce the demand for car use in the toll area and mitigate 
traffic congestion, the negative land use effects generated by this policy have gradually attracted more and more attention. Clarifying 
and optimizing these negative effects are the key to the successful implementation of the road congestion pricing policy. To quantify 
and reduce the negative land use effect of road congestion pricing, a multi-objective bi-level programming model based on the in
tegrated land use and transportation model is developed to optimize the road congestion pricing problem. The proposed model aims to 
optimize the performance of regional average accessibility, regional average land use diversity, and regional total flow time. The multi- 
objective bi-level programming model is NP-hard. An active learning algorithm based on multi-objective Bayesian optimization, which 
can reduce the times of calling the lower-level integrated land use and transportation model and improve the computation efficiency, is 
innovatively developed to solve the problem. A case study in Jiangyin City verifies the effectiveness of the proposed model and 

Fig. 10. Changes of the hypervolume improvement with the iteration times under three objective functions.  

Table 2 
Performance of different objective functions under different pricing schemes.  

Road congestion pricing 
scheme 

Toll rate 
(CNY) 

Iterations Regional average 
accessibility 

Regional average land use 
diversity 

Regional total flow 
time 

Time-based scheme 30 / 0 0 0 
Random scheme 1 15 0 − 1.35% − 0.38E− 06 0.68% 
Random scheme 2 25 0 − 0.43% − 2.50E− 06 0.13% 
Pareto optimal scheme 11.04 9 0.39% 6.36E− 06 0.95%  
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algorithm and illustrates that the proposed approach can be used to coordinate the relationship between land use and transportation 
and determine the Pareto optimal road congestion pricing scheme. 

The multi-objective bi-level programming road congestion pricing model and the active learning optimization algorithm based on 
multi-objective Bayesian optimization proposed in this paper provide new directions for future research. First, to simplify the problem, 
the upper-level problem in this paper has only one decision variable (one single toll level), but the method proposed in this paper is also 
applicable to the problems of multiple decision variables and multiple objectives. It will be meaningful research to extend the one 
single toll level problem into a vector of tolls problem, such as area-based road pricing or multiple cordon charges. Second, the 
proposed model can be used to identify the effects of other land use and transportation policies on urban land use and transportation 
systems, since the lower-level problem is an integrated land use and transportation model. Third, the proposed active learning opti
mization algorithm can be applied to solve other black box problems with large computations. For example, by replacing the lower- 
level model with a traffic simulation model or an agent-based model, the proposed approach in this paper can be used to solve a series 
of traffic simulation and control problems, such as traffic signal control problem. 
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