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A B S T R A C T   

The spatio-temporal imbalance of parking demand and supply results in unwanted on-street 
cruising-for-parking traffic of conventional vehicles. Autonomous vehicles (AVs) can self- 
relocate to alleviate the shortage of parking supplies at the trip destinations. The extra floating 
trips of vacant AVs have adverse impacts on traffic congestion and the parking demand–supply 
imbalance may still exist when they are not distributed optimally. This paper presents a 
centralized parking dispatch approach to optimize the distribution of floating AVs and provide 
regional route guidance. We apply the concept of macroscopic fundamental diagram to represent 
the evolution of traffic conditions, cruising-for-parking, and dispatched AVs in a congested multi- 
region network. A model predictive control is suggested to optimize the control inputs. Numerical 
experiments in a four-region network demonstrate that the proposed parking dispatch and 
regional route guidance of AVs are effective in reducing intense cruising-for-parking traffic, and 
the integration of both has the best control performance by regulating the network towards 
under-saturated conditions. The performance of the proposed schemes is evaluated via simula-
tions with noise in measurement errors and compliance rate prediction. Results show substantial 
improvements in terms of total time spent, even for low levels of AV market penetration or AV 
compliance rate to parking dispatch and route guidance.   

1. Introduction 

Parking in most city centers is a headache for both car drivers and traffic operators due to the limited and costly land supplies. It has 
been observed that over 8% of all traffic drivers cruise for parking in the urban areas, and the percentage reaches 30% with 8.1 min on 
average in central business districts (CBD) during rush hours (Shoup, 2006). Cruising-for-parking causes severe urban transport 
problems. For example, Arnott and Inci (2006) found that the corresponding externalities of cruising-for-parking could have a sig-
nificant influence on traffic performance, causing congested or hyper-congested traffic conditions. Ayala et al. (2011) reported in 
Chicago that there were around 63 million vehicle miles traveled (VMT) per year due to cruising-for-parking, which wasted over 3.1 
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Nomenclature 

R set of homogeneous regions 
i, j,h regions; amongst, h is the neighbor of i,i ∕= j 
t,τ continuous and discrete time instance, respectively 
k vehicle type: c denotes CV and a denotes AV 
m,o,s,d categories of traffic flows 
Rmo

i (t), Rs
i (t), R

p
i (t),Rd

i (t) families of moving, searching, parking, and dispatching, respectively 
Γi set of regions in the vicinity of regioni 
fi(t) success rate of on-street cruising-for-parking 
F on-street parking success rate function 
Pi(⋅) total trip production 
S(⋅) system dynamics function 
Vi(t) average network speed 
Ni(t) number of vehicles 
Nij(t) number of vehicles with external destinations 
Nm

i (t) number of moving vehicles with internal destinations 
Ns

i (t) number of searching vehicles 
No

i (t) number of moving vehicles with external destinations 
Nd

i (t) number of dispatching vehicles 
Np

i (t) number of parked vehicles 
Nop

i (t), Ngp
i (t) number of parked vehicles in on-street and garage parking spots, respectively 

Nm,k
ii (t), Ns,k

ii (t), No,k
ij (t),Nd,a

ij (t) number of moving (internal), searching, moving (external) vehicles, and dispatching AVs, 
respectively 

Nop,k
ii , Ngp,k

ii number of on-street and garage parking vehicles in region i of vehicle type k, respectively 
Njam

i jam accumulation 
OPi, GPi total number of on-street and garage parking spots, respectively 
Mm,k

ii (t) intra-regional transfer flow from Rmo
i (t) to Rs

i (t)
Ms,k

ii (t) intra-regional transfer flow from Rs
i (t) toRp

i (t)
Mo,k

ih (t) total transfer flow between neighbored regions 
Mo,k

ihj (t) inter-regional transfer flow of moving vehicles 

Md,a
ihj (t) inter-regional transfer flow of dispatching AVs 

Mgo,k
ii (t) the number of vehicles transferring to on-street cruising because of failing to find an available garage parking spot 

Li(t) average trip length 
Lm

i (t) average travel distance of moving vehicles with internal destinations 
Lo

ij(t) average travel distance of moving vehicles with external destinations 
Ld

ij(t) average travel distance of dispatching AVs 

Qo,k
ii (t), Qo,k

ij (t) the new trips generated from the on-street parking spots with internal and destinations, respectively 

Qg,k
ii (t), Qg,k

ij (t) the new trips generated from the garage parking spots with internal and external destinations, respectively 
λi(t) the compliance rate of AV parking dispatch 
δo

i (t), δ
g
i (t) the percentages of mode choice of vehicles with on-street and garage parking 

Co
i (t), C

g
i (t) the associated costs of on-street parking and garage parking 

κo, κg the scale parameters calibrated to avoid unrealistic oscillation in mode shift 
ωij(t) control variable of the transfer flow of AVs from Rs

i (t) to Rd
i (t)

θk,logit
ihj (t) regional route choice rate 

θa,dispatch
ihj (t) regional route guidance control rate 

Uih(t) perimeter control rate between neighbored regions 
Cih boundary capacity between neighbored regions 
N(t) matrix of measured traffic state 
Q(t) matrix of predicted trip demand 
ω(t) matrix of AV dispatch rate 
θ(t) matrix of regional route guidance rate of dispatched AVs 
J objective function of optimal control 
Δω limit of change rate on AV parking dispatch 
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million gallons of gasoline and generates over 48,000 tons of carbon dioxide to the environment. 
Most existing studies on cruising-for-parking apply empirical or analytical methods to estimate the average search distance or time, 

and its interactions with traffic congestion (Arnott and Rowse, 1999; Arnott and Inci, 2006; Anderson and de Palma, 2007; Arnott and 
Rowse, 2013; Levy et al., 2013; Geroliminis, 2015). Axhausen et al. (1994) carried out an experiment in Frankfurt and modeled the 
relation between parking search time and the average parking occupancy ratio. Arnott and Rowse (1999) assumed finding vacant 
parking spaces as random events and introduced the negative exponential law to estimate the search time. Geroliminis (2015) 
formulated the parking process as a Bernoulli trial, the probability of success was the ratio between the number of vacant parking spots 
and total parking spots. However, the parking occupancy rate and traffic performances of urban networks are dynamically changing 
based on the level of traffic congestion. Hence, it is important to understand how on-street cruising-for-parking relates to network 
conditions. 

Arnott and Inci (2006) investigated the interaction effects between cruising-for-parking and traffic congestion from an economic 
perspective. They modeled parking at the steady-state considering three different types of vehicle states: (i) moving, (ii) cruising-for- 
parking, and (iii) parked. Although they provided useful relationships between these types, the model was based on static stationary 
conditions and could not describe the system dynamics. Gallo et al. (2011) and Boyles et al. (2015) investigated how cruising-for- 
parking can be incorporated into static and dynamic traffic assignment models by refining the cost functions. However, the dy-
namic and mutual interactions between traffic conditions and cruising-for-parking are not fully considered. Benenson et al. (2008) and 
Zhao et al. (2018) presented agent-based parking simulation models to describe the searching process, but the surrounding traffic was 
insufficiently considered. The recent developments of urban network traffic flow modeling show promising outcomes to replicate the 
dynamics of traffic congestion and propagation in large-scale networks (Daganzo and Geroliminis, 2008; Geroliminis and Daganzo, 
2008). Geroliminis (2015) and Liu and Geroliminis (2016) proposed an extension of such approaches to characterize the effects of 
parking on traffic operations during peak hours in congested cities. Cao and Menendez (2015) and Cao et al. (2019) validated a 
macroscopic system dynamic model to describe the interactions between cruising-for-parking and traffic performance. They modeled 
the parking process in a relatively small and compact homogeneous network using probability theory. 

To alleviate cruising-for-parking and traffic congestion in urban areas, various parking pricing schemes and parking demand 
management strategies have been studied in recent years, such as curbside parking time limits (Arnott and Rowse, 2013), parking 
reservation (Chen et al., 2015), and tradable parking permits (Zhang et al., 2011). Parking pricing can reduce cruising-for-parking 
traffic by modal shift, particularly implemented in conjunction with other demand management strategies (Anderson and de 
Palma, 2004; He et al., 2015; Zheng and Geroliminis, 2016; Gu et al., 2020). For example, the SFpark program, a large-scale controlled 
parking pricing experiment in San Francisco, was implemented to support the city’s occupancy goal and reduced cruising by 50% 
(Chatman and Manville, 2014). With the rapid development of sensing and communication technologies, many metropolises’ traffic 
authorities have developed parking guidance and information (PGI) systems for better parking operations (Idris et al., 2009). A number 
of smartphone-based parking applications have been developed based on location-based services, resulting in an improved allocation 
of parking spots (Geng and Cassandras, 2013; Chen et al., 2019; Zhao et al., 2019). Due to the shortage of parking spaces in urban areas, 
shared parking mechanisms have also been proposed to efficiently utilize some temporarily vacant private parking resources in res-
idential areas to meet public demand during the daytime (Shao et al., 2016). Geroliminis (2015) demonstrated that perimeter control 
can significantly reduce delay if cruising-for-parking is not intense and trips are not mainly originated from the downtown area, which 
can be actuated by choosing appropriate timing plans for the signalized intersections at the border of two regions. All these studies 
were focused on parking problems related to conventional vehicles (CVs) operated by human drivers. 

The advent of autonomous vehicles (AVs) provides new opportunities to address parking problems in congested areas due to the 
advantage of self-relocation. It was propositioned that there would be no need to park at the trip destinations or even no need to park at 
all (Zakharenko, 2016). Liu (2018) and Zhang et al. (2019) proposed network equilibrium analysis of commuter parking in the era of 
AVs, where AVs dropped off the commuters at the workplace and then drove themselves to the parking spaces. The modeling of AVs’ 
parking location choices tends to be cost-driven in the literature. For example, Zakharenko (2016) proposed an analytic model to make 
AV parking location choice among the CBD, a peripheral “parking belt,” and home in an idealized city. He revealed that up to 97% of 
commuting AVs would choose the peripheral parking belt, taking advantage of lower land prices outside the CBD. Harper et al. (2018) 
applied an agent-based model to simulate the parking location choice in the downtown or remote spots in Seattle. They found that 
remote parking would save AV users about $18 in daily parking costs, and increase VMT by 2.5% due to the round trip between the 
downtown destination and the parking facility. Millard-Ball (2019) analyzed the AV parking problems using a traffic microsimulation 
model in the downtown of San Francisco and found that cruising-for-parking AVs have the incentive to coordinate inadvertently with 
each other to slow down and generate congestion. The study recommended implementing congestion pricing instead of traditional 

Δθ limit of change rate on route guidance control of dispatched AVs 
U constant value of perimeter control rate 
Np, Nc prediction and control horizons of MPC controller, respectively 
γ market penetration rate of AVs 
ξ ratio of TTS between the cases under the control of VDRG and no-control (S) 
A constant structure coefficient 
η1,η2,η3 time-invariant on-street parking success function elasticities 
α constant coefficient 
Ts, Texp,Tc simulation sampling time, simulation steps, and control sampling time, respectively  
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parking policies which do not take effect in the era of AVs since the self-relocation of AVs blurs the boundary between parking and 
travel. 

The above studies provide insights into the transformation of parking operations in the era of AVs. As summarized in Zhao et al. 
(2019), remote parking of AVs can mitigate parking competitions in crowded areas; however, the extra floating trips of cruising-for- 
parking have adverse impacts on traffic congestion when vacant AVs are not distributed optimally within the network. As a way of 
improving AV parking operations, it is argued that a centralized parking dispatch system can efficiently moderate the cruising-for- 
parking AVs and available parking spots. Being dispatched by operating centers, the self-relocated AVs contribute to optimizing the 
spatial–temporal distribution of traffic and parking. Considering the dispatch of taxis, Ramezani and Nourinejad (2018) endeavored to 
model the interrelated impacts of background traffic flows and taxi dynamics and demonstrated potential management schemes for 
emerging mobility solutions. However, to the authors’ best knowledge, little research incorporates cruising-for-parking and traffic 
conditions for dispatching AV on-street parking and explores the effects in combination with traditional traffic control schemes. 

In this study, we propose an approach for on-street parking dispatch that regulates intense cruising-for-parking AVs and controls 
the dispatched AVs’ routes in a multi-region network to achieve the traffic system optimum. The model takes into account different 
demand–supply patterns, parking resource utilization, and traffic conditions. As it is envisioned that CVs and AVs will coexist soon 
(Chen et al., 2017; Zhou and Zhu, 2020), we develop a dynamic mixed traffic model to assess the mutual influence of cruising-for- 
parking and traffic conditions. Following the efforts of Yildirimoglu and Geroliminis (2014), Geroliminis (2015), Liu and Ger-
oliminis (2016), and Huang et al. (2020), we consider the effects of regional route choice under the macroscopic fundamental diagram 
(MFD) dynamics. An AV parking dispatch scheme is developed based on a model predictive control (MPC) approach, which is widely 
studied in the area of perimeter flow control (Geroliminis et al., 2013; Ramezani et al., 2015; Su et al., 2020), regional route guidance 
(Yildirimoglu et al., 2015; Sirmatel and Geroliminis, 2017), etc. Perimeter control (Haddad and Mirkin, 2020; Haddad and Zheng, 

Fig. 1. The proposed parking management system in an era of AVs.  
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2020; Ren et al., 2020; Mohajerpoor et al., 2020) and regional route guidance (Yildirimoglu et al., 2018) are effective city-scale so-
lutions to tackle congestion problems in urban networks. Taken together, we integrate the parking dispatch of AVs with regional route 
guidance and analyze the effects of different control strategies on cruising-for-parking and the overall traffic performance. 

The remainder of this paper is organized as follows. Section 2 proposes the framework of a two-layer parking management system 
in an era of mixed AVs and CVs. Section 3 explores the relation between on-street cruising-for-parking and the features in a network, 
such as the mean speed. Section 4 develops the macroscopic modeling of the system dynamics integrating AV parking dispatch and 
regional route choice. Section 5 presents a methodology of rolling horizon optimization of AV parking dispatch to achieve system 
optimum. Section 6 shows a numerical example to explore the usefulness of the concept and methodology. Section 7 summarizes the 
findings and a few issues for our future work. 

2. The framework of AV parking dispatch system 

Fig. 1 shows the proposed parking management system in an era of AVs. The framework has two layers. In the upper layer, the 
parking management center (PMC) is responsible for the decision-making of parking dispatch and regional route guidance of AVs. The 
objective is to balance regional parking demand and available supply and optimize the regional distribution of AV traffic. 

The upper layer determines the AV parking dispatch rate, ωij(t), and regional route guidance rate of dispatched AVs, θa,dispatch
ihj (t), 

based on the current traffic state of the large-scale road networks. In the lower layer, parking management sub-centers (PMsC) are the 
actuators. PMsC determines which AVs will be dispatched according to the advice inputs from the upper layer. However, we prefer the 
term “advice” to “command” since the individuals still bear the ultimate responsibilities for accepting parking dispatch or not. The 
factors of feasibility and benefits should be considered, such as parking duration and parking fee. Meanwhile, the incentive mecha-
nisms need to be designed to attract more individuals to participate in the system. As it is not the main focus of this study, the variable 
of compliance rate, λi(t), λi(t) ∈ [0, 1], is introduced to simplify the system modeling, which represents the proportion of individuals 
who let their AVs be controlled for parking dispatching in region i at time t. Therefore, 1 − λi(t) is the incompliance rate. Then, at each 
decision point, the compliance rate is considered the feedback to the upper layer. 

3. The success rate of on-street cruising-for-parking 

On-street cruising-for-parking potentially causes congestion in urban areas. The quantitative understanding of on-street cruising- 
for-parking remains one of the basic issues of parking management. Most studies on parking modeling have focused on the estimation 
of the cruising time or distance. However, the mean cruising time and distance are strongly correlated through the mean speed over the 
network. Therefore, to assess the effect of disregarding the network average speed, we propose the “success rate” of on-street cruising- 
for-parking based on a review of the extant research. Then, we develop a microscopic simulation model to estimate an on-street 
parking success rate function, which considers the impact of the density of cruising-for-parking vehicles, the density of available 
parking spots, and the network average speed. 

3.1. Modeling the on-street parking success rate 

Most existing studies on parking search apply empirical studies and analytical models in the deterministic or stochastic contexts. 
(Arnott and Inci, 2006; Anderson and de Palma, 2007; Arnott and Rowse, 2013; Levy et al., 2013; Geroliminis, 2015). May and Turvey 
(1985) proposed a decreasing exponential expression for the relationship between the average time to search and the parking occu-
pancy through a survey in Mayfair, London (UK). Axhausen et al. (1994) chose the following parabolic relation between the same 
variables for off-street parking based on surveys conducted in Frankfurt. Stochastic analytical models follow probability analysis and 
queue theory. In the probabilistic analysis, Arnott and Rowse (1999) assumed finding vacant parking spaces as random events and 
introduced the negative exponential law to estimate the search time. Geroliminis (2015) formulated the parking search process as a 
Bernoulli trial, the probability of success was the ratio between the number of vacant parking spaces and total parking spaces. Leclercq 
et al. (2017) investigated the distance traveled for on-street parking based on real data in Lyon (Paris) and stochastic numerical ex-
periments. The parking search process can also be formulated using queue theory. Street links or parking areas can be considered as 
queue servers and the system as a network of finite capacity queues, searching vehicles can join and change queues (Dowling et al., 
2020). These models take into account the emerging heterogeneity of spatiotemporal parking patterns with high resolution and their 
effects on traffic congestion because of cruising-for-parking. The existing studies on-street cruising-for-parking models usually assume 
fixed travel speeds. Cao and Menendez (2015) and Cao et al. (2019) proposed and validated a macroscopical system dynamic model to 
describe the relationship between parking and traffic performance. They modeled the probability of finding parking in a relatively 
small and compact homogeneous network using probability theory. However, their models are not suitable for a large-scale hetero-
geneous parking scenario. 

The traffic performances of an urban network are dynamically changing based on the level of traffic congestions captured with MFD 
modeling. Hence, it is important to understand how the success rate of on-street cruising-for-parking relates to speed and other features 
of the network. Suppose that Ns

i (t) vehicles cruise in search of Nap
i (t) vacant parking spots with average network speed Vi(t) in region i 

at time point t. The on-street parking success rate function F is defined as: 

fi(t) = F
(
Ns

i (t),Nap
i (t),Vi(t)

)
(1) 
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where fi(t) [veh/s] is the success rate of on-street cruising-for-parking in region i at time t. The success rate function has the 
following properties: ∂F/∂Ns

i (t) > 0, ∂F/∂Nap
i (t) > 0, and ∂F/∂Vi(t) > 0; in addition, F → 0 as either Ns

i (t) → 0, Nap
i (t) → 0, or Vi(t) → 0. 

Then, the parking success rate function elasticities with respect to Ns
i (t), N

ap
i (t), and Vi(t) are 

η1 =
∂F

∂Ns
i (t)

⋅
Ns

i (t)
F

(2)  

η2 =
∂F

∂Nap
i (t)

⋅
Nap

i (t)
F

(3)  

η3 =
∂F

∂Vi(t)
⋅

Vi(t)
F

(4)  

3.2. Estimation of the success rate function 

We investigate the properties of the success rate function using a microscopic simulation model. Microscopic simulation modeling 
is widely used to simulate searching processes of large numbers of heterogeneous users under various detailed parking scenarios. The 
simulations can provide detailed results and critical policy-related parameters, for example, the distribution of vehicles’ search time, 
distance, and impact on traffic performance (Benenson et al., 2008; Horni et al., 2013; Levy et al., 2013; Levy and Benenson, 2015). 
Simulation tools usually integrate external models, such as car-following models, traffic assignment models, and parking discrete 
choice models, and thus can account for high-order effects. Modeling cruising behavior is the key point for the microscopic simulation. 
Most existing simulation models have employed heuristic rules to formulate the cruising-for-parking process. For example, PARK-
AGENT (Benenson et al., 2008, Levy et al., 2013) assumed that drivers cruise between some randomly generated temporary targets 
near the destinations until finding vacant parking spots based on the prior knowledge of the search area. MATSim (Bischoff and Nagel, 
2017) represented the cruising path using a random sequence of connected links starting from a driver’s destination. O’Sullivan and 
Perry (2013) have demonstrated that drivers’ cruising behavior can be formulated in terms of a biased random walk towards the 
destinations. Fulman and Benenson (2018) assumed that drivers cruise within a buffer of 500 m centered at their destinations and their 
turn decisions depend on the actual distances to the destinations. 

The microscopic simulation model is built based on SUMO (Simulation of Urban Mobility), an open-source microscopic traffic 
simulator developed by the Institute of Transportation Systems at the German Aerospace Centre (DLR) (Krajzewicz et al., 2012). We 
model the on-street cruising-for-parking process with different average network speeds and parking spots’ turnover in a 1 km × 1 km 
Manhattan grid network with 121 junctions and 220 bidirectional street links. For simplicity, off-street parking facilities, pedestrians, 
and bicycles are not included in the simulation model; the destinations of vehicles are set at the junctions. Each destination is char-
acterized by its demand, which varies between destinations. As shown in Fig. 2, each grid link contains 10 curb parking spots on each 
side. 

With these assumptions, the Cobb-Douglas function is suitable for estimating the on-street parking success rate by varying the 
values of vector 

(
Ns

i (t),N
ap
i (t),Vi(t)

)
as suggested by Ramezani and Nourinejad (2018): 

fi(t) = A ⋅ Ns
i (t)

η1 ⋅ Nap
i (t)η2 ⋅ Vi(t)η3 (5) 

where A is a constant structure coefficient, and η1, η2, and η3 are the time-invariant parking success rate elasticities. Assuming that 
CVs and AVs have equal opportunities to find free parking spots in a region, we have fa

i (t) = γ ⋅ fi(t) as the parking success rate of AVs 
and fc

i (t) = (1 − γ) ⋅ fi(t) as the parking success rate of CVs in region i at time t. γ is the market penetration rate of AVs. This is consistent 

Fig. 2. Parking simulation environment in SUMO: (a) 10× 10 grid network; (b) zoom to a block.  
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with the assumption that traffic congestion and cruising-for-parking vehicles are homogeneous in the regions. The simulated and 
estimated on-street parking success rates with three different network average speeds are presented in Fig. 3. The results show that the 
parking success rate increases non-linearly with respect to Ns

i (t) and Nap
i (t); meanwhile, the effect of the network average speed can be 

captured by the on-street parking success rate function. The estimated elasticities in the Cobb-Douglas type function are all statistically 
significant and the model has a goodness-of-fit with adjusted-R2 = 0.88. 

4. Macroscopic system dynamics formulation 

The section formulates the multimodal traffic dynamics based on a multi-region MFD. We start with a thumbnail description of the 
MFD in a heterogeneously congested urban network, R, which is partitioned into a set of homogenously congested regions (e.g., i,h,
j ∈ R, h ∈ Γi, i ∕= j, where Γi denotes the set of regions in the vicinity of i). Then, we give the detailed formulations of an integrated 
structure that considers cruising-for-parking and AV parking dispatch schemes. To analyze the dynamics of mixed traffic of CVs and 
AVs, we denote k, k ∈ {c,a}, as the type of vehicles, where c represents CV and a represents AV. 

4.1. The macroscopic fundamental diagram 

Recent findings on MFD significantly advance uni-modal and multi-modal network-level modeling of urban congestion (Fu et al., 
2020; Saffari et al., 2020), which provides the low-scatter relationship between network vehicle density (veh/km) and network space- 
mean flow (veh/s) under steady-state condition (Geroliminis and Daganzo, 2008; Geroliminis et al., 2014). MFDs of regions are 
assumed to be insensitive to the penetration rate of AVs. Let Pi(t), Vi(t), and Mi(t) be the production (VMT per unit time), average 
space-mean speed, and the outflow (trip completion rate) for region i at time t. We assume that for each region i there exists a MFD for 
uni-modal traffic, P(Ni(t)), between vehicle accumulations Ni(t) and the production Pi(t). P(Ni(t)) describes the performance of the 
system in an aggregated way as 

Vi(t) =
Pi(Ni(t))

Ni(t)
(6)  

Fig. 3. Simulated and estimated parking success rates with different average network speeds: (a) simulated parking success rate [veh/s]; (b) 
estimated parking success rate [veh/s]. 
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Mi(t) =
Pi(Ni(t))

Li(t)
(7) 

where Li(t) is the average trip length for region i at time t. The space-mean speed definition was introduced by Edie (1963) and Eq. 
(3) is the Little’s formula (Little, 1961) for steady-state queuing systems. The outflow Mi(t) is the sum of the trip completion rates at t, 
Mi(t) = Mij(t) + Mii(t), where Mii(t) denotes the traffic flows with destinations in i, and Mij(t) denotes the through traffic flows (note 
that a trip may cross several regions) or trips originated in i with outside destination j. 

4.2. MFD-based traffic dynamics with cruising-for-parking 

The modeling of MFD-based traffic dynamics concerns a multi-region network with finite available parking spots in all partitioned 
regions, where vehicles cruise for parking until they successfully find vacant parking spots. It is assumed that cruising-for-parking 
vehicles do not leave their region. The accumulation in region i at time t, Ni(t), is divided into three categories: 

(i) vehicles moving in i with destination in i (internal) but not yet searching for parking, Nm
i (t) (category m), Nm

i (t) =
∑

kNm,k
ii (t), 

where Nm,k
ii (t) is the number of moving vehicles of type k with destinations in region i at time t; 

(ii) vehicles cruising-for-parking in region i, Ns
i (t) (category s), Ns

i (t) =
∑

kN
s,k
ii (t), where Ns,k

ii (t) is the number of cruising-for- 
parking vehicles of k in i at t; 

(iii) vehicles moving in i with destinations not in i (external), No
i (t) (category o), No

i (t) =
∑

k
∑

jN
o,k
ij (t), where No,k

ij (t) is the number 
of moving vehicles of k from i to destination j at t. 

Taken together, Eq. (8) is obtained. 

Ni(t) = Nm
i (t)+Ns

i (t)+No
i (t) (8) 

Between each pair of neighboring regions i and h, there exist perimeter controls Uih(t) and Uhi(t) ∈ [0,1] that can manipulate the 
transfer flows. Meanwhile, θk,logit

ihj (t) (i ∕= j) denotes the regional route choice rate of vehicles of k from i to destination j through the 
neighbor region h at t. We apply a logit-type discrete choice model (Ben-Akiva and Bierlaire, 2006) to calculate the regional route 
choice rate, which is based on the current travel times from i to j through a predefined finite number of shortest sequences of regions 
connecting them, calculated by the Dijkstra algorithm. As vehicles adapt to traffic conditions in real-time, θk,logit

ihj (t) are updated at each 
decision time point. The logit model relaxes the assumption that vehicles always choose the physical shortest path, which tends to be 
more realistic as vehicles rarely have perfect information and do not always behave as rational actors. Parameters of the logit model 
can be adjusted to reflect the amount of information available to vehicles or their sensitivity to travel time differences between the 
routes. 

Denote by Nop
i (t) and Ngp

i (t)the vehicles parked on-street and in-garage in region i at time t, Nop
i (t) =

∑
kN

op,k
ii (t),Ngp

i (t) =
∑

kNgp,k
ii (t), Np

i (t) = Nop
i (t) + Ngp

i (t), and by OPi and GPi the total number of on-street parking spots. Also, let OPi − Nop
i (t) and 

GPi − Ngp
i (t) be the numbers of available on-street and garage parking spots in region i at time t, respectively. Denote the percentages of 

mode choice of vehicles with on-street and garage parking in region i at time t by δo
i (t) and δg

i (t) respectively. We assume that the 
vehicles decide their choice of parking facility when they are in the proximity of the destination based on the costs of on-street and 
garage parking, such as parking occupancy, parking price, walking distance for CVs, etc. We assume that AVs and CVs are able to make 
rational choices in real-time between on-street parking and garage parking. Then, the choice of parking facility can be estimated using 
a Logit model by 

Fig. 4. Flow transfers between different families of vehicles in a multi-region network with cruising-for-parking.  
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δo
i (t) =

exp
(
κo ⋅ Co

i (t)
)

exp
(
κo ⋅ Co

i (t)
)
+ exp

(
κg ⋅ Cg

i (t)
) (9) 

where Co
i (t) and Cg

i (t) are the real-time associated costs of on-street parking and garage parking; κo and κg are the scale parameters 
calibrated to avoid unrealistic oscillation in mode shift. 

To model the effect of on-street cruising-for-parking, we divide every region i into three families: 
(i) moving family Rmo

i (t) with Nm
i (t)+No

i (t) vehicles; 
(ii) searching family Rs

i (t) with Ns
i (t) vehicles, transferred from Rmo

i (t) when they approach their destinations; 
(iii) parking family Rp

i (t) vehicles, transferred from Rs
i (t) when they find free parking spots. 

Note that trips generated in Rp
i (t) transfer from Rp

i (t) to Rmo
i (t) and lead to their destinations. Fig. 4 shows these partitioning and 

movements of CVs and AVs between different families in the multi-region network, respectively. 
The transfer flows of moving vehicles (families m and o) of type k in region i at time t, are estimated using the Little’s formula as 

Mmo,k
ii (t) = δo

i (t) ⋅
Nm,k

ii (t)
Ni(t)

⋅
Pi(Ni(t))

Lm
i (t)

(10)  

Mmg,k
ii (t) = δg

i (t) ⋅
Nm,k

ii (t)
Ni(t)

⋅
Pi(Ni(t))

Lm
i (t)

(11)  

Mo,k
ihj (t) = θk,logit

ihj (t) ⋅
No,k

ij (t)
Ni(t)

⋅
Pi(Ni(t))

Lo
ij(t)

(12) 

where Mmo,k
ii (t) denotes the internal transfer flows from moving to on-street searching of vehicle type k in region i at time t, and 

Mmg,k
ii (t) denotes the internal transfer flows from moving to garage parking. Mo,k

ihj (t) denotes the inter-regional transfer flows of moving 

vehicles of k from i to j through the neighbor region h at t, and Mo,k
ihh(t) is defined similarly that expresses the transfer flows from i 

through h with destination h. Lm
i (t) and Lo

ij(t) are the average travel distances of moving vehicles with internal destinations in i and with 
external destinations from i to j at t, respectively. 

The on-street parking access function in a mixed traffic environment is estimated as 

fi(t) = A ⋅ Ns
i (t)

η1 ⋅ (OPi − Nop
i (t))η2 ⋅

(
Pi(Ni(t))

Ni(t)

)η3

(13) 

where fi(t) denotes the total internal transfer flows from searching family to parking family in region i at time t. For vehicle type k, 
Ms,k

ii (t) is calculated as 

Ms,k
ii (t) =

Ns,k
ii (t)

Ns
i (t)

⋅ fi(t) (14) 

We formulate the evolution of the mixed traffic over time in a R-region MFD network as 

dNm,k
ii (t)
dt

= Qo,k
ii (t) +Qg,k

ii (t)+
∑

h∈Γi

Uhi(t)Mo,k
hii (t) − Mmg,k

ii (t) − Mmo,k
ii (t) (15)  

dNs,k
ii (t)
dt

= Mmo,k
ii (t) − Ms,k

ii (t)+Mgo,k
ii (t) (16)  

dNo,k
ij (t)
dt

= Qo,k
ij (t) +Qg,k

ij (t) +
∑

h∈Γi ;h∕=j

Uhi(t)Mo,k
hij (t) −

∑

h∈Γi

Uih(t)Mo,k
ihj (t) (17)  

dNop,k
ii (t)
dt

= Ms,k
ii (t) − Qo,k

ii (t) −
∑

j∈R\{i}

Qo,k
ij (t) (18)  

dNgp,k
ii (t)
dt

= Mmg,k
ii (t) − Qg,k

ii (t) −
∑

j∈R\{i}

Qg,k
ij (t) − Mgo,k

ii (t) (19) 

where Qo,k
ii (t) and Qo,k

ij (t) are the new trips generated from the on-street parking spots, and Qg,k
ii (t) and Qg,k

ij (t) are the new trips 
generated from the garage parking spots, starting from region i with destinations in i (internal) and j (external) at time t, respectively. 
Eq. (20) calculates the transfer flows to on-street cruising after failing to find an available garage parking spot. 
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Mgo,k
ii (t) =

⎧
⎪⎨

⎪⎩

0 if GPi − Ngp
i (t) > 0

Mmg,k
ii (t) − Qg,k

ii (t) −
∑

j∈R\{i}

Qg,k
ij (t) if GPi − Ngp

i (t) = 0 (20) 

The total transfer flow between neighbor regions i and h, Mo,k
ih (t) =

∑
jM

o,k
ihj (t), is influenced by the boundary capacity as high 

accumulation in region h might restrict the reception of inflows from the boundary. According to Ramezani et al. (2015) and Yil-

dirimoglu et al. (2015),Mo,k
ih (t) needs to be adjusted as a capacity-restricted transfer flow M̂

o,k
ih (t), 

M̂
o,k
ih (t) = min

(

Mo,k
ih (t), Cih(Nh(t))

Mo,k
ih (t)

∑
k∈{c,a}M

o,k
ih (t)

)

(21) 

where Cih(Nh(t)) (veh/s) is the boundary capacity between regions i and h that depends on Nh as 

Cih(Nh) =

⎧
⎪⎪⎨

⎪⎪⎩

Cmax
ih if 0⩽Nh⩽α ⋅ Njam

h

Cmax
ih

1 − α

(

1 −
Nh

Njam
h

)

if α ⋅ Njam
h ⩽Nh⩽Njam

h

(22) 

where Cmax
ih (veh/s) is the maximum boundary capacity, Njam

h (veh) is the jam accumulation of the receiving region h; α ⋅ Njam
h 

(0 < α < 1) specifies the point where Cih(Nh) starts decreasing with increasing accumulation. 

4.3. Integration of MFD within AV parking dispatch 

We propose that AVs in the network obey the vehicle to infrastructure (V2I)’s dispatch advices with compliance rate, λi(t), 
λi(t) ∈ [0,1], in region i at time t, which balances vacant cruising-for-parking AVs and available parking resources between different 
regions. The centralized parking dispatch system makes use of vacant AVs’ dispatching and regional route guidance control. In view of 
the above, the dynamics of AVs with parking dispatching are re-designed and re-formulated below. 

We add an extra category of AV accumulation in region i at time t, namely, vacant AVs dispatched to park in the assigned spots in 
other regions (category d), denoted by Nd

i (t) =
∑

jN
d,a
ij (t), where Nd,a

ij (t) is the number of dispatched vacant AVs from i to j at t. 
Therefore, Eq. (8) is adjusted as 

N̂ i(t) = Nm
i (t)+Ns

i (t)+No
i (t)+Nd

i (t) (23) 

Accordingly, a dispatching family Rd
i (t) is added, as shown in Fig. 5. Once the cruising-for-parking vacant AVs are dispatched from 

region i to park in the assigned spots in region j at time t, the traffic flow is transferred from the searching family Rs
i (t) to the dispatching 

family Rd
i (t). Furthermore, each region is equipped with regional route guidance controls of vacant dispatched AVs, to distribute the 

transfer flows exiting a region from a neighbor region, channeled by θa,dispatch
ihj (t), which is the rate of dispatched AVs from region i to j 

through the next immediate region h at time t. 
The inter-regional transfer flow of the dispatched vacant AVs from region i to j through h at time t, is estimated using the Little’s 

formula as 

Fig. 5. A multi-region MFDs network with the AV parking dispatch system.  
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Md,a
ihj (t) = θa,dispatch

ihj (t) ⋅
Nd,a

ij (t)
Ni(t)

⋅
Pi(Ni(t))

Ld
ij(t)

(24) 

where Ld
ij(t) is the average travel distances of dispatched vacant AVs with external destinations from i to j at time t. 

Then, the evolutions of AVs with parking dispatch control over time are formulated as 

dNm,a
ii (t)
dt

= Qo,a
ii (t)+Qg,a

ii (t)+
∑

h∈Γi

Uhi(t)Mo,a
hii (t) − Mmg,a

ii (t) − Mmo,a
ii (t) (25)  

dNs,a
ii (t)
dt

= Mmo,a
ii (t) − Ms,a

ii (t)+Mgo,a
ii (t) − λi(t)

∑

j∈R\\{ i\}

ωij(t) (26)  

dNo,a
ij (t)
dt

= Qo,a
ij (t)+Qg,a

ij (t)+
∑

h∈Γi ;h∕=j

Uhi(t)Mo,a
hij (t) −

∑

h∈Γi

Uih(t)Mo,a
ihj (t) (27)  

dNop,a
ii (t)
dt

= Ms,a
ii (t) − Qo,a

ii (t) −
∑

j∈R\{i}

Qo,a
ij (t) + δo

i (t)
∑

h∈Γi

Uhi(t)Md,a
hii (t) (28)  

dNgp,a
ii (t)
dt

= Mmg,a
ii (t) − Qg,a

ii (t) −
∑

j∈R\{i}

Qg,a
ij (t) − Mgo,a

ii (t)+ δg
i (t)
∑

h∈Γi

Uhi(t)Md,a
hii (t) (29) 

where ωij(t) is the number of dispatching vacant AVs from i to j at time t. ωij(t) is the control variable in the model that advises a part 
of cruising-for-parking AVs in i be dispatched to j to park in the assigned spots. λi(t) is the compliance rate of the advised cruising-for- 
parking AVs in i at time t, λi(t) ∈ [0, 1]. Thus, λi(t) ⋅ ωij(t) is the change rate of cruising-for-parking AVs for dispatching AVs, which is 
demonstrated as a negative term in Eq. (26) and a positive term in Eq. (30). 

In sum, we formulate the dynamics of dispatching AVs as 

dNd,a
ij (t)
dt

= λi(t)ωij(t)+
∑

h∈Γi ;h∕=j

Uhi(t)Md,a
hij (t) −

∑

h∈Γi

Uih(t)Md,a
ihj (t) (30) 

Once a cruising-for-parking AV is dispatched, it is set as a dispatching AV until it reaches another region. The dispatching AV 
directly becomes an on-street parking AV or a garage parking AV in the assigned region (reflected by the plus sign before the last term 
in Eq. (28) and Eq. (29)), or remains a dispatching AV with external destinations in the new region (reflected by the plus sign before the 
second term and the minus sign before the last term in Eq. (30)). Thus, we expect that once the parking dispatch system determines 
ωij(t), ωij(t) > 0, Nd,a

ij (t) exhibits a sharp rise followed by a smooth decay, which is the direct outcome of MFD dynamics. 

5. Optimal control via AV parking dispatch and regional route guidance 

The design of a network-level controller with MFD-based modeling requires the consideration of (i) constraints of the traffic states 
and control inputs, (ii) the nonlinear system dynamics, and (iii) the possibility of accessing future (estimated) information. These 
strongly suggest the suitability of an MPC approach that, at every control decision step, systematically handles constraints, different 
level of errors in traffic demand, and traffic state measurements (Geroliminis et al., 2013; Sirmatel and Geroliminis, 2017; Ramezani 
and Nourinejad, 2018). 

5.1. Model predictive control problem formulation 

We apply the MPC approach to solve the control of AV parking dispatch problem. The aim is to regulate parking dispatch rates of 

AVs, ω(τ) =
{

ωij(τ)
}
, and regional route guidance control of dispatched AVs, θ(τ) =

{
θa,dispatch

ihj (τ)
}

, to minimize the total network 

delay defined as the summation of the weighted accumulations of AVs (moving, searching, and dispatching) and CVs (moving and 
searching) in all regions. Uih(τ) is fixed as the value of U. The objective to minimize the total travel time of the regions, J, is formulated 
as 

min
ω(τ),θ(τ)

J = Tc ⋅
∑Np − 1

τ=0

(
∑

i∈R

∑

k∈{c,a}

(
Nm,k

i (τ) + No,k
i (τ)

)
+
∑

i∈R

∑

k∈{c,a}

Ns,k
i (τ) +

∑

i∈R
Nd,a

i (τ)
)

(31) 

where Tc is the control sampling time, τ is the control interval, and Np is the discretized prediction horizons of MPC. The first 

component, 
∑

i∈R
∑

k∈{c,a}

(
Nm,k

i (τ) + No,k
i (τ)

)
, is the total travel time of all moving vehicles (with internal and external destinations) in 

the system, the second component, 
∑

i∈R
∑

k∈{c,a}N
s,k
i (τ), is the total travel time of cruising-for-parking vehicles, and the last component, 

∑
i∈RNd,a

i (τ), denotes the total travel time of the dispatched AVs. 
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We use S(⋅) to denote the dynamics of the nonlinear system, i.e., N(τ + 1) = S(N(τ),Q(τ),ω(τ), θ(τ)). Matrix N(τ) is the measured 
traffic state at control interval τ, which contains Nm,k

ii (τ), No,k
ij (τ), Ns,k

ii (τ), Nop,k
ii (τ), Ngp,k

ii (τ), and Nd,a
ij (τ). Q(τ) is the matrix of trip demand 

that contains Qo,k
ii (τ), Qg,k

ii (τ), Qo,k
ij (τ), and Qg,k

ij (τ). 
For τ = 0,…,Np − 1, the MPC solution should satisfy the following constraints. 

Nm,k
ii (τ),No,k

ij (τ),Ns,k
ii (τ),Nop,k

ii (τ),Ngp,k
ii (τ),Nd,a

ij (τ)⩾0 (32)  

Ni(τ)⩽Njam
i (33)  

ωij(τ)⩾0 (34)  

0⩽θa,dispatch
ihj (τ)⩽1 (35)  

∑

h
θa,dispatch

ihj (τ) = 1 (36) 

Constraint (32) ensures that the accumulations of all categories are non-negative. Constraint (33) sets an upper-bound Njam
i on 

region i’s total accumulations, where Njam
i denotes the maximum accumulation for i. Constraint (34)–(36) set bounds and constraints of 

the control inputs; the sum of regional route guidance control rates (
∑

hθa,dispatch
ihj ) equals to 1. 

Specifically, the control inputs should satisfy 
⃒
⃒
⃒
⃒ωij(τ) − ω̂ij(τ − 1)

⃒
⃒
⃒
⃒⩽Δω (37)  

Fig. 6. The MPC framework for AV parking dispatch and regional route guidance.  
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⃒
⃒
⃒
⃒θ

a,dispatch
ihj (τ) − θ̂

a,dispatch
ihj (τ − 1)

⃒
⃒
⃒
⃒⩽Δθ (38) 

where τ is the current control time step; ω̂ ij(τ − 1) and ̂θ
a,dispatch
ihj (τ − 1) are the control inputs to the plant at the last time step; Δω and 

Δθ are the limits of change rates on parking dispatch control and route guidance control of dispatched AVs, respectively. 
The problem is a nonconvex nonlinear program (NLP), which can be solved efficiently using sequential quadratic programming 

(SQP) or interior point solvers, for example, IPOPT (Wächter and Biegler, 2006). 
The MPC framework is developed based on the receding horizons, as shown in Fig. 6. The current control inputs are obtained by 

solving an optimal control problem at each time step in a finite prediction horizon of Np time steps. Iteratively, the current state 
feedback from the plant is considered the initial state. The optimization problem yields a sequence of optimal control inputs after 
several iterations of solving the nonlinear programming. Only the control input of the first optimized time step is applied to the system 
and the procedure is carried out again with a shifted horizon. Note that the prediction horizon is shorter than the total control process 
time such that the control time is covered by several overlapping prediction time horizons. Nc is defined as the control horizons of the 
MPC controller. To regulate the optimization computation resource, only the first Nc time steps are optimized within each optimization 
procedure and the rest control inputs remain constant. Then, if τ⩾Nc, the MPC solution should satisfy ω(τ) = ω(τ − 1) and θ(τ) =

θ(τ − 1). 
The framework includes a trip demand prediction module producing the input to the predictive model. The demand prediction 

module provides a prediction of demand during the prediction horizon to the controller. We add a white noise to the actual travel 
demands to replicate prediction errors. The feedback loop from the plant to the prediction model provides the measurement of current 
traffic states to the controller. We consider an additive white noise to the traffic states to account for traffic state measurement errors. 
Furthermore, the plant embeds a time-varying λi(τ) and the optimization model considers a white noise as the prediction of λi(τ) is a 
challenging task. The performance of the developed MPC controller with state measurement errors shows the applicability of this 
approach in realistic settings. 

The AV parking dispatch and regional route guidance controller includes the system dynamics model (Eqs. (8)–(30)) and an 
optimization tool that minimizes Eq. (31) subject to Eqs. (32)–(38). The dynamic equations predict the evolution of accumulation for 
all regions with well-defined MFDs, given the initial accumulations and future values of control inputs and demand. The optimization 
outputs are ωij(τ) and θa,dispatch

ihj (τ), which are applied to the plant for one interval. This form of feedback control can handle errors 
between the prediction model and the plant. 

To test the effects from multiple angles, we propose the following two MPC schemes. 
(i) AV parking dispatch (VD): the optimization output (Eqs. (31)-(38)) is the AV parking dispatch rate, ωij(τ), which is applied to 

the plant for one interval. The dispatched AVs are free to choose their routes based on the measured values for the prediction horizon, 
θa,dispatch

ihj (τ) = θa,logit
ihj (τ); Uih(τ) is fixed as U. 

(ii) AV parking dispatch and regional route guidance (VDRG): the optimization outputs are the AV parking dispatch rate and 
the regional route guidance rate, ωij(τ) and θa,dispatch

ihj (τ), which are applied to the plant for one interval. Uih(τ) is also fixed as U. 

(a)                                         (b)  
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Fig. 7. MPC controller tuning based on the objective improvement (left) and direct method choice based on the average CPU time (right) under 
different control schemes: (a) controller tuning; (b) computational efficiency analysis. 

C. Zhao et al.                                                                                                                                                                                                           



Transportation Research Part C 128 (2021) 103176

14

5.2. MPC controller tuning and computational efficiency analysis 

The selection of the prediction horizon Np and the control horizon Nc affects the performance of the AV parking dispatch controller. 
The prediction horizon should be long enough so that the model accurately predicts the complex dynamics of the system traffic states. 
Thus, a longer horizon improves the performances of the MPC controller; however, it increases the optimization computation demand 
that may create difficulties for real-time field implementation. A similar consideration is needed for the control horizon. According to 
Diehl et al. (2009), computational performance is also affected by the chosen direct method and NLP solver. Common direct methods 
include direct single shooting (DSS) (Hicks and Ray, 1971), direct multiple shooting (DMS) (Bock and Plitt, 1985), and direct collo-
cation (DC) (Von Stryk, 1993). According to Sirmatel and Geroliminis (2017), computational performance is also affected by the 
chosen direct method and NLP solver. It has been demonstrated that DSS favors small and dense NLPs solved by an SQP solver, while 
DMS and DC favor large and sparse NLPs solved by the IPOPT solver (Wächter and Biegler, 2006). 

For illustration purposes, Fig. 7a depicts the results of tuning Np and Nc in the VDRG scheme. The ordinate represents the relative 
improvements of the objective function corresponding to the MPC controller, compared with the no control scheme in an AV-only 
environment. It is found that the controller improvement is less sensitive to the control horizon Nc when Np⩾10. Note that, for Np⩽ 
3 and Nc⩽2, the MPC controller does not perform better than no control scheme. Accordingly, we choose the MPC parameters as Np =

10 and Nc = 3 for all control schemes. Then, we test the computational efficiency of different direct methods in the five control 
schemes. As shown in Fig. 7b, the results show that DSS is favorable for VD, while DC is favorable for VDRG. We discuss below in detail 
the choice of parameters and direct methods for the proposed MPC controller in the numerical experiments. 
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Fig. 8. Time-evolution of accumulation of different families of vehicles without and with the MPC controllers of VD and VDRG: (a) region 1; (b) 
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6. Numerical experiments 

We present a macro-simulation of a four-region network with mixed traffic of CVs and AVs to explore the effects of different AV 
parking dispatch strategies, compliance rates of AV parking dispatch, and market penetration rates of AVs. The optimal control is 
implemented via the CasADi (Andersson et al., 2019) toolbox in MATLAB R2016a, on a 64-bit Windows PC with 3.7-GHz Intel Core i7 
processor and 32-GB RAM. 

6.1. Simulation setup 

All simulations are conducted on a four-region urban network (as shown in Fig. 4, for the sake of convenience, regions 1, 2, 3, and 4 
represent regions g, h, i, and j, respectively), where the traffic demand represents a time-varying directional morning rush hour from 
the suburbs to the CBDs. The simulation is conducted in the discrete time domain for a period of 3 h, Texp = 540, the simulation 
sampling time is Ts = 20s, 540 time steps considering 20 s as the length of a time step. The total trip demand follows a trapezoidal form 
starting at zero and has a maximum value of 12.25 veh/s between time 5400 s and 7200 s. The demand decreases linearly after 7200 s 
and reaches zero at time step 9000 s. We consider on-street and garage parking spots in each region. Then, all trips are generated from 
both on-street and garage parking spots. 

Regions 1 and 3 are the CBDs with limited parking resources, OP1 = 5000, GP1 = 5000, OP3 = 5500, and GP3 = 6000, while 
regions 2 and 4 represent the suburbs with more parking resources, OP2 = 10000, GP2 = 12000, OP4 = 10000, and GP4 = 12000. 
Suppose that all on-street and garage parking spots are evenly distributed in each region. The initial numbers of parked vehicles in each 
region are Nop

1 (0) = 4000, Ngp
1 (0) = 4000, Nop

2 (0) = 7000, Ngp
2 (0) = 9000, Nop

3 (0) = 4500, Ngp
3 (0) = 4500, Nop

4 (0) = 6000, and 

(a) (b) 

(c)                                       (d) 

0 1800 3600 5400 7200 9000 10800
Time [s]

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

garageS

on-streetS
garageVD
on-streetVD

garageVDRG

on-streetVDRG

0 1800 3600 5400 7200 9000 10800
Time [s]

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

garageS

on-streetS
garageVD
on-streetVD

garageVDRG

on-streetVDRG

0 1800 3600 5400 7200 9000 10800
Time [s]

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

garageS

on-streetS
garageVD
on-streetVD

garageVDRG

on-streetVDRG

0 1800 3600 5400 7200 9000 10800
Time [s]

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

garageS

on-streetS
garageVD
on-streetVD

garageVDRG

on-streetVDRG
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Ngp
4 (0) = 8000, respectively. The unit MFD has a third-degree polynomial shape, consistent with the micro-simulated data of San 

Francisco, where A = 9.975× 10− 8, B = 1.891× 10− 3, C = 9.259, jam accumulation Njam
= 104 (veh), critical accumulation Ncr

=

3.4 × 103 (veh). Boundary capacity parameters for the unit MFD are Cih = 3.2 (veh/s), α = 0.64. Each region is assumed to have a 
different MFD with a scaled version of the unit MFD (within ±10%). The average trip lengths (e.g., internal moving, external moving, 
dispatching) are L1 = 4.2km, L2 = 4.6km, L3 = 3.8km, and L4 = 5.0km, respectively. 

Based on the illustration of controller tuning, the prediction and control horizons are chosen as Np = 10 and Nc = 3 for the MPC 
schemes. The perimeter control rates of all regions are set as a fixed value, U = 0.9. The limits of change rates of AV parking dispatch 
and regional route guidance are Δω = 0.2 and Δθ = 0.1 to avoid abrupt changes. 

6.2. Comparison of without and with AV parking dispatch schemes 

To evaluate the effectiveness of the proposed AV parking dispatch approach, the MPC controllers with VD and VDRG are compared 
with a no-control simulation (case S, henceforth). ωij(τ) = 0 and Uih(τ) = U hold in case S and all vehicles are free to choose their routes 
according to the logit model, θk,logit

ihj (τ), under real-time traffic conditions. With schemes VD and VDRG, cruising-for-parking AVs are 
dispatched within the scope of the multi-region network by the centralized dispatch system, where the dispatching AVs freely choose 
their routes and follow the regional route guidance control, respectively. Meanwhile, we consider that the compliance rate of AV 
parking dispatch, λi(τ) = 1, and all vehicles are AVs in the simulations. 

Fig. 8 presents the time-evolution of vehicle accumulations of total, cruising, and dispatching in the four regions without and with 
the MPC controllers of VD and VDRG. Fig. 9 presents the time-evolution of on-street and garage parking occupancies in the four regions 
of case S and MPC controllers with VD and VDRG, respectively. It is evident that there exist significant cruising-for-parking vehicles in 
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regions 1 and 3, peaking at time τ = 5400s in the no-control simulation (S, Fig. 8a and c). Note as well that, during the same periods, 
the on-street and garage parking occupancies are close to 1 in the corresponding region (Fig. 9a and c). Meanwhile, the garage parking 
occupancy is higher than the on-street as vehicles transfer to on-street cruising when they are not able to find available garage parking 
spots (Fig. 9a and c). Case S cannot avoid severe congestions, close to gridlock, in regions 1 and 3. This leads to a mass of inter-regional 
accumulation and thus inefficient use of the city center capacity for transferring flows from periphery to periphery (from region 2 to 4). 
However, there are no significant cruising-for-parking effects in regions 1 and 3 with the MPC controllers of VD and VDRG. 
Furthermore, the network traffic states vary from severely congested to uncongested in regions 1 and 3. The time-evolution of total 
accumulation of all regions is close to or under the line of critical accumulation. The comparison indicates that there are moments 
when cruising-for-parking can lead an uncongested system without very high traffic demand to severely congested states. The inherent 
spatial–temporal imbalance between parking demands and resources in different regions necessitates a parking dispatch system in the 
era of AVs. 

With the AV parking dispatch control, some AVs after dropping off passengers in regions 1 and 3 are dispatched to the assigned 
parking spots in other regions. Fig. 10 shows the time-varying AV parking dispatch rate in each region under the MPC controllers of VD 
and VDRG, respectively. The results show that cruising-for-parking AVs in regions 1 and 3 are mainly dispatched to park remotely in 
regions 2 and 4, where the traffic state and parking occupancy are in under-saturated conditions. The number of dispatched AVs from 
region 3 to 2 or 4 increases at time τ = 1800s (see Fig. 8c and Fig. 10c). However, the phenomenon of cruising-for-parking in region 3 
occurs at time τ = 3000s (see Fig. 8c). This illustrates the effectiveness of the predictive control strategy in the MPC controllers. 
Meanwhile, the accumulations of the total traffic in regions 1 and 3 drastically decrease, implying that non-parking traffic can also 
benefit from the parking dispatch system. 

However, we find there are some dispatched AVs generated in regions 2 and 4 during the simulation associated with the MPC 
controller of VD (see Fig. 10b and d). This part of traffic is dispatched from the uncongested regions back to the congested regions. This 
backflow phenomenon does not seriously happen using the AV parking dispatch strategy with regional route guidance, VDRG. We also 
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find that controllers VD and VDRG can avoid cruising-for-parking and traffic congestion at the same time in regions 1 and 3, whereas 
MPC controller with VDRG results in smaller effects for the regions with uncongested conditions in regions 2 and 4. This illustrates that 
VDRG is superior in balancing parking resources and distributing traffic flows efficiently over the whole network. 

The MFDs under the cases of the no-control case and with the MPC controllers of VD and VDRG are illustrated in Fig. 11. In the no- 
control case, Fig. 11a and c show that the networks are predominantly in the congested states because cruising-for-parking vacant AVs 
are not optimally distributed. On the other hand, under the dispatch cases of VD and VDRG, the networks of regions 1 and 3 transfer to 
the undersaturated condition with a higher tendency. Fig. 11b and d show that the networks are in the uncongested states under the 
cases of no-control and with the dispatch controllers of VD and VDRG, respectively. Furthermore, the duration of the congested state of 
VDRG is shorter than the result of VD in regions 1 and 3, which implies that the MPC controller of VDRG is better than VD in alleviating 
the phenomenon of cruising-for-parking and optimizing the traffic distribution. This highlights the importance of coupling VD with 
regional route guidance for realistic implementations. 

6.3. Control performance of VDRG with different compliance rates and noises 

This subsection concerns the sensitivity analysis of the compliance rate of AVs. We vary the compliance rate of AVs from 0.2 to 1 
with 0.2 as the common difference. Traffic is simulated using a discrete version of the dynamics (Eqs. (8)–(30)) and all AVs are assumed 
to be dynamically dispatched by the centralized parking dispatch system. 

The simulation results of scheme VDRG are presented in Fig. 12. The subfigures show the accumulation of each region with varying 
compliance rates of AVs. As seen, the traffic congestion is gradually mitigated with the increase of AV compliance rate in regions 1 and 
3. As some vacant AVs are dispatched to the assigned parking spots from regions 1 and 3 to regions 2 and 4, there is a slight increase of 
the accumulation in the unsaturated regions. With the increasing compliance rate, oversaturated regions can operate near or below the 
critical value of accumulation. However, as shown in Fig. 12a and c, when the compliance rate is low, the congested regions experience 
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more vehicle accumulation for certain durations under the control of VDRG than that under the no-control case. This implies that the 
effectiveness of the AV parking dispatch strategy depends on the compliance rate of AVs and the parking demand–supply patterns. 

However, it is a challenging task to predict the AV compliance rate as this is needed in the MPC framework. To capture the effect of 
the prediction noise in the varying compliance rates, we add random noise terms with normal distributions: 

λ̂i(τ) = λi(τ)+ λi(τ) ⋅ N
(
0, σ2

i

)
(39) 

where the noise has zero mean and its variance is chosen as σ2
i = {0.000, 0.005,0.010,0.015,0.020,0.025}, and λi(τ) = 0.5 in the 

simulations. The simulation is executed 100 times with each variance. 
Fig. 13 shows the simulation results in the four-region network considering different noises of AV compliance rate under the control 

of VDRG. The black solid lines are the time-evolution of vehicle accumulations under the no-control case (S) in each region. The 
colored areas are the range of fluctuations of accumulations under different variances of the compliance rate noise. Although there is a 
prediction noise in the compliance rate, the MPC controller of VDRG can depict a higher tendency that the network is in the under-
saturated condition. This implies that the MPC controller can handle the noise of AV compliance rate to some extent. However, with 
the increasing variance of the noise, the fluctuations are correspondingly more intense, especially for the regions in the oversaturated 
condition (see Fig. 13a and c). Regions 1 and 3 experience severe congestion close to gridlock for short durations under the case of high 
noises of the AV compliance rate. This highlights the importance of attracting more AVs to participate in the system with a high 
compliance rate via incentive mechanisms in the future study. 

6.4. Effects of market penetration of AVs 

This subsection concerns the sensitivity analysis of the market penetration rate of AVs. Considering the mixed traffic of AVs and 
CVs, we vary the penetration rate of AVs, γ, from 20% to 100% with 20% as the common difference. All AVs are assumed to be 
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Fig. 13. Time-evolution of accumulation in the four-region network considering different noises of AV compliance rate under the control of VDRG: 
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dynamically dispatched by the centralized parking dispatch system with the compliance rate, λi(τ) = 1. 
Fig. 14 shows the accumulation of each region with varying AV penetration rates under the control of VDRG. As seen, the traffic 

congestion is gradually mitigated with the increase of AV penetration rate in regions 1 and 3. Scheme VDRG has improved the transfer 
efficiency between the intra-regional moving and searching; however, the limited parking resources results in accumulating more 
vehicles in the state of cruising-for-parking. With the increasing AV penetration, more vacant cruising-for-parking AVs originated from 
the downtown areas are dispatched to the suburbs, and there is a slight increase of the accumulation in regions 2 and 4. With the 
increasing AV penetration, regions 1 and 3 can operate near or below the critical value of accumulation. For example, the accumu-
lation of region 1 is below the critical value when the AV penetration reaches 60%, whereas region 3′s accumulation is not close to the 
critical value until the penetration reaches 80%. This implies that the AV parking dispatch strategy is effective in general to alleviate 
the parking demand–supply imbalance and the effectiveness also depends on the penetration of AVs and the parking demand–supply 
pattern. 

To examine the joint effects of AV market penetration rate and compliance rate of parking dispatch, a series of simulation ex-
periments is conducted by varying market penetration level γ from 0% to 100% and compliance level λi(τ) from 0 to 1, under the 
control of VDRG in the four-region network. Performance metrics for evaluating the experiments are the total time spent (TTS) and the 
ratio of TTS (ξ) between the cases under the control of VDRG and no-control (S): 

TTS = Ts ⋅
∑Texp

τ=1

∑

i∈R
Ni(τ) (40)  

ξ =
TTSVDRG(γ, λi(τ))

TTSS
(41) 
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In Fig. 15, we show the joint effects of the AV market penetration γ and AV compliance level λi(τ) on ξ between schemes VDRG and 
S. Interestingly, we find that ξ is no more than 1 under all cases of varying γ and λi(τ). This implies that AV parking dispatch can 
effectively alleviate traffic congestions in a multi-region network, even for low AV market penetration and compliance rate. Mean-
while, it indicates that the more AVs are under control with increasing γ andλi(τ), the better the traffic condition of the system will be. If 
all vehicles in the network are under control, the TTS of the scheme of VDRG will decrease by 26.6%, compared with the case of no- 
control (S). Furthermore, the TTS of the four-region network drops rapidly when γ > 0.2 and λi(τ) > 0.4. Fig. 15 is instrumental for 
optimizing the incentive mechanism design to attract the most suitable proportion of vehicles participating in the dispatch system. All 
in all, the suggested approach is useful for traffic operators and autonomous mobility-on-demand systems to regulate the distribution 
of AVs and mitigate the adverse effects of cruising-for-parking traffic. 

7. Conclusion 

In this study, we propose a novel approach for parking and congestion control in a crowded city with the advent of autonomous 
vehicles (AVs). Cruising-for-parking AVs are dynamically dispatched to optimize their distribution within the multi-region network, 
which takes into consideration of parking limitation and traffic congestion. The traffic modeling is based on the macroscopic 
fundamental diagram (MFD) in the environment of mixed conventional vehicles (CVs) and AVs, which incorporates the joint dynamics 
of normal moving traffic, cruising-for-parking flow, and dispatching AV flow. The success rate of on-street cruising-for-parking is 
modeled and estimated by the microscopic simulation model, considering the effects of the density of cruising-for-parking vehicles, the 
density of available parking spots, and the network average speed. Based on the characteristics of AV trips, a centralized parking 
dispatch framework is suggested to moderate the spatio-temporal imbalance of parking demand and supply and to mitigate the un-
evenly distributed congestion. A model predictive control (MPC) approach is developed to find the optimal dispatch rate and regional 
route guidance control inputs of AVs. Numerical experiments in a four-region network demonstrate that the proposed AV parking 
dispatch system can optimally distribute cruising-for-parking AVs and match them with available parking spots. Furthermore, we 
examine the effects of AV market penetration rate and AV compliance rate on the total time spent (TTS) of the network under the 
control of the proposed approach. Results show that the MPC controller can effectively handle the noises of state measurement and 
compliance rate. 

For our future research, incentive policy and mechanism design should be explored to attract AV users joining the proposed 
dispatch system. Meanwhile, aggregating travel mode choice in the multimodal network to study the effects of the parking man-
agement policies, congestion pricing schemes, and the recent technological advances in intelligent parking services can shed light on 
the applicability and implication of the approach. Furthermore, the trip-based model can account for different vehicle categories with 
respect to their parking strategies and finely tune the related travel distances (Leclercq et al., 2017; Yildirimoglu and Ramezani, 2020). 
A trip-based model can be particularly useful regarding parking modeling since the cruising trip distance can be more accurately 
captured. In our future research, we will model the parking dispatch in the trip-based MFD and consider different parking searching 
strategies of CVs and AVs (Zhou and Zhu, 2020). 
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Wächter, A., Biegler, L.T., 2006. On the implementation of an interior-point filter line-search algorithm for large-scale nonlinear programming Math. Program. Ser. A 

106, 25–57. 
Yildirimoglu, M., Geroliminis, N., 2014. Approximating dynamic equilibrium conditions with macroscopic fundamental diagrams. Transp. Res. Part B Methodol. 70, 

186–200. 
Yildirimoglu, M., Ramezani, M., 2020. Demand management with limited cooperation among travellers: A doubly dynamic approach. Transportation Research Part B: 

Methodological 132, 267–284. 
Yildirimoglu, M., Ramezani, M., Geroliminis, N., 2015. Equilibrium analysis and route guidance in large-scale networks with MFD dynamics. Transp. Res. Procedia 9, 

185–204. 
Yildirimoglu, M., Sirmatel, I.I., Geroliminis, N., 2018. Hierarchical control of heterogeneous large-scale urban road networks via path assignment and regional route 

guidance. Transportation Research Part B: Methodological 118, 106–123. 
Zakharenko, R., 2016. Self-driving cars will change cities. Reg. Sci. Urban Econ. 61, 26–37. 
Zhang, X., Liu, W., Waller, S.T., 2019. A network traffic assignment model for autonomous vehicles with parking choices. Comput. Civ. Infrastruct. Eng. 34, 

1100–1118. 
Zhang, X., Yang, H., Huang, H.J., 2011. Improving travel efficiency by parking permits distribution and trading. Transp. Res. Part B Methodol. 45, 1018–1034. 
Zhao, C., Chen, I., Li, X., Du, Y., 2019. Urban Parking System Based on Dynamic Resource Allocation in an Era of Connected and Automated Vehicles. 2019 IEEE Intell. 

Transp. Syst. Conf. 86, 3094–3099. 
Zhao, C., Li, S., Wang, W., Li, X., Du, Y., 2018. Advanced parking space management strategy design: an agent-based simulation optimization approach. Transp. Res. 

Rec. 2672, 901–910. 
Zheng, N., Geroliminis, N., 2016. Modeling and optimization of multimodal urban networks with limited parking and dynamic pricing. Transportation Research Part 

B: Methodological 83, 36–58. 
Zhou, J., Zhu, F., 2020. Modeling the fundamental diagram of mixed human-driven and connected automated vehicles. Transportation Research Part C: Emerging 

Technologies 115, 102614. 

C. Zhao et al.                                                                                                                                                                                                           

http://refhub.elsevier.com/S0968-090X(21)00193-5/h0255
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0255
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0265
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0270
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0270
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0275
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0275
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0280
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0280
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0285
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0285
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0290
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0295
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0300
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0300
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0305
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0305
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0310
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0315
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0315
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0320
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0320
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0325
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0325
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0330
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0330
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0335
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0335
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0340
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0345
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0345
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0350
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0355
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0355
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0360
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0360
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0365
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0365
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0370
http://refhub.elsevier.com/S0968-090X(21)00193-5/h0370

	Macroscopic modeling and dynamic control of on-street cruising-for-parking of autonomous vehicles in a multi-region urban r ...
	1 Introduction
	2 The framework of AV parking dispatch system
	3 The success rate of on-street cruising-for-parking
	3.1 Modeling the on-street parking success rate
	3.2 Estimation of the success rate function

	4 Macroscopic system dynamics formulation
	4.1 The macroscopic fundamental diagram
	4.2 MFD-based traffic dynamics with cruising-for-parking
	4.3 Integration of MFD within AV parking dispatch

	5 Optimal control via AV parking dispatch and regional route guidance
	5.1 Model predictive control problem formulation
	5.2 MPC controller tuning and computational efficiency analysis

	6 Numerical experiments
	6.1 Simulation setup
	6.2 Comparison of without and with AV parking dispatch schemes
	6.3 Control performance of VDRG with different compliance rates and noises
	6.4 Effects of market penetration of AVs

	7 Conclusion
	CRediT authorship contribution statement
	Acknowledgments
	References


