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Abstract——Considering the enormous potential application of 
autonomous mobility-on-demand (AMoD) systems in future ur‐
ban transportation, the charging behavior of AMoD fleets, as a 
key link connecting the power system and the transportation 
system, needs to be guided by a reasonable charging demand 
management method. This paper uses game theory to investi‐
gate charging pricing methods for the AMoD fleets. Firstly, an 
AMoD fleet scheduling model with appropriate scale and mathe‐
matical complexity is established to describe the spatio-tempo‐
ral action patterns of the AMoD fleet. Subsequently, using 
Stackelberg game and Nash bargaining, two game frameworks, 
i. e., non-cooperative and cooperative, are designed for the 
charging station operator (CSO) and the AMoD fleet. Then, the 
interaction trends between the two entities and the mechanism 
of charging price formation are discussed, along with an analy‐
sis of the game implications for breaking the non-cooperative di‐
lemma and moving towards cooperation. Finally, numerical ex‐
periments based on real-world city-scale data are provided to 
validate the designed game frameworks. The results show that 
the spatio-temporal distribution of charging prices can be cap‐
tured and utilized by the AMoD fleet. The CSO can then use 
this action pattern to determine charging prices to optimize the 
profit. Based on this, negotiated bargaining improves the over‐
all benefits for stakeholders in urban transportation.

Index Terms——Charging pricing, autonomous mobility-on-de‐
mand, Stackelberg game, Nash bargaining.

NOMENCLATURE
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αft Electricity price at which charging station f 
connects to distribution system in time slot t
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B. Sets 

F
G
N

Cost per unit distance of vehicles

Length of a time slot

Difference between adjacent two price levels 
for charging station f and time slot t

Initial state of charge (SOC) of each vehicle

The maximum charging capacity of charging 
station f

Distance of edge i in augmented network

Corresponding locations of original node and 
destination node of edge i in augmented net‐
work

Corresponding time of original node and desti‐
nation node of edge i in augmented network

Corresponding SOCs of original node and des‐
tination node of edge i in augmented network

Location, time, and SOC of node n in aug‐
mented network

Number of passenger orders requesting move‐
ment from origin to destination during time 
slot t

Charging power for each vehicle or each 
charging pile

Income per unit distance of serving passenger 
orders

Flow injected from outside of network to 
node n

Last time slot within scheduling range

Number of time slots to keep charging price 
unchanged

Number of vehicles initially parked at loca‐
tion g

Set of charging stations

Set of spatial locations in traffic network

Set of nodes in augmented network
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C. Variables

θft

π CSO
ft

en

pEV
ft

xdrop
oridest

xcha
i

xre
i

xser
i
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i

Set of time slots

Set of time slots in T where pricing decisions 
need to be made

Sets of service edges, rebalancing edges, 
charging edges, and stopping edges in aug‐
mented network

Integer variable representing level of charging 
price at charging station f during time slot t

Numerical value of charging price at charging 
station f during time slot t

External outflow from node n to outside of 
network

Charging power at charging station f during 
time slot t

Abandoned flow in passenger demand from 
origin location to destination during time slot t

Flow on charging edge i

Flow on rebalancing edge i

Flow on service edge i

Flow on stopping edge i

1. INTRODUCTION

THE operational practices of companies such as Uber, 
Lyft, and Didi in the real world have proven that, com‐

pared with private cars and traditional taxis, shared mobility 
systems can more effectively meet urban transportation de‐
mands and significantly improve the utilization of vehicles, 
roads, and parking facilities [1]. Building on shared mobility, 
technological breakthroughs in areas such as Internet of Vehi‐
cles and autonomous driving further provide powerful mo‐
mentum for the transformation of transportation modes, giv‐
ing rise to the concept of autonomous mobility-on-demand 
(AMoD) [2]. The AMoD system is considered as a highly 
transformative and promising solution to efficient transporta‐
tion. Evaluation results from existing research show that in 
the same conditions of transportation demands and environ‐
ment, one AMoD vehicle can replace seven private cars [3]. 
From the perspective of urban transportation, deploying 
AMoD systems based on electric vehicles (EVs) will signifi‐
cantly reduce the demand for public parking and decrease en‐
vironmental pollution and carbon emissions. Currently, the 
AMoD mode has received extensive attention from various 
companies such as RideOS [4] and Zoox [5] in the United 
States, EasyMile [6] in France, and more. It can be imagined 
that AMoD may become a major transportation mode in fu‐
ture cities. Privately owned cars and traditional taxis rely on 
decentralized decision-making by drivers, while the AMoD 
fleet, with the information aggregation and centralized dis‐
patching of the platform, can more effectively coordinate 
their routing and charging schedules driven by profit [1]. As 
a result, the randomness in the operational patterns of fleets 
is greatly reduced, demonstrating stronger rationality in deci‐

sion-making.
The characteristics of an AMoD fleet that is centrally dis‐

patched by a platform are well recognized by researchers in 
the field. Many studies have explored control methods for 
optimizing the operation of AMoD fleets, with a focus on co‐
ordinating passenger pickups, navigation to destinations, the 
movement of empty vehicles (in preparation for future ac‐
tions), and their relationships [7]. Vehicle routing problem 
(VRP) in the field of operations is a classic framework for 
planning vehicle routes, making it suitable for the vehicle-
centric AMoD dispatching model [8]. In such methods, vehi‐
cle routing is typically represented by binary variables, with 
a value of 1 when the vehicle travels a road in the network 
[9]. For large-scale fleets at the city level, the scale of VRP, 
which is an NP-hard problem, poses significant challenges 
to exact optimization. Therefore, the focus in the field of op‐
erations is mainly on the development of heuristic rules and 
algorithms. Considering the scale of the problem, network 
flow models have been proposed as an approximation meth‐
od. In these methods, both the fleet and customer orders are 
modeled as flows in the network, which are continuous vari‐
ables that need to satisfy the constraints such as consistency 
and flow conservation [10]. The network flow model replac‐
es “vehicles” with “flows” and continuous variables instead 
of discrete variables. While it may be challenging to precise‐
ly obtain the route of each vehicle directly from network 
flows, it significantly reduces the scale of the problem, thus 
providing a foundation for city-level fleet scheduling [1]. A 
substantial amount of related work has been developed 
based on the network flow model such as congestion-aware 
AMoD system scheduling [11], intermodal transportation sys‐
tems with AMoD [12], and model predictive control for 
AMoD systems [13], [14]. Despite different topics, the fun‐
damental paradigm of these studies is to establish an extend‐
ed traffic network, representing various types of vehicle be‐
haviors with “flows” in the network, and then solving the 
corresponding optimization or control problems. In addition 
to optimization and control methods, there have also been 
the studies that use reinforcement learning to schedule 
AMoD fleets [15], [16]. The above studies have made impor‐
tant contributions to optimizing the operation of AMoD sys‐
tems, but they overlook charging decisions and give little 
consideration to the interaction between the AMoD fleet and 
the charging station operator (CSO). The rational behavior 
exhibited by centrally managed large-scale fleets will have a 
significant impact on the operation of charging stations, en‐
abling AMoD fleet managers to enter into a game with 
CSOs. Such commercial interactions between large entities 
are almost impossible in the current scenario, where the 
dominant players in the transportation system are fragmented 
and uncoordinated EVs.

Due to the vast potential of AMoD systems in future ur‐
ban transportation, the charging schedule for electric AMoD 
vehicles will be a crucial link connecting the power system 
and the transportation system [17]. Currently, some studies 
related to AMoD explicitly involve the interdependency be‐
tween the transportation and power sectors, highlighting the 
crucial role of charging behavior in connecting these two 
systems. For instance, building upon the framework of 
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AMoD system dispatch, several studies are dedicated to co‐
ordinating the optimization between the AMoD system and 
the power system [17], [18]. Some studies further consider 
additional objectives such as integrating renewable energy 
sources and reducing carbon emissions [19]. However, the 
focus of such studies remains on scheduling models and al‐
gorithms, which often consider the local marginal prices at 
power system nodes as model parameters or assume a cen‐
tralized entity to coordinate the optimization between the 
AMoD system and power system. Such methods overlook 
the significant role of CSOs as independent entities and dis‐
regard the fundamental role of charging service prices as per‐
ceivable information for the AMoD fleet. To the best of the 
authors’  knowledge, very few studies explicitly recognize 
the independent entity status of charging stations. Among 
them, some studies consider charging station planning for 
AMoD fleets [20], [21], while others deal with the competi‐
tion among multiple CSOs in the face of AMoD fleets [3]. 
However, the focus of this paper differs from these studies, 
as both charging station planning and competition among 
charging stations fall beyond the scope of this paper.

Real-world experience illustrates that the power system 
does not attempt direct coordination with vehicles in the 
transportation system. It is the CSOs who actively engage in 
demand-side response and participate in bidding within the 
electricity market [22]. CSOs must initially consider the mu‐
tual impact between themselves and the entities within the 
transportation system, which forms the foundation for aggre‐
gating resources and interacts with the power system. There‐
fore, the interaction between the CSO and the AMoD fleet, 
often overlooked in existing studies, deserves emphasis and 
attention. Moreover, the emphasized interaction in this paper 
does not solely refer to the physical interaction between 
charging stations and AMoD vehicles; rather, it focuses on 
the interaction between CSO and AMoD fleet manager as de‐
cision-makers. The charging price, a crucial variable impact‐
ing the interests of both decision-makers, inevitably becomes 
the core of their interaction. Thus, this paper focuses on the 
patterns of conflict or cooperation that emerge between these 
two major decision-makers surrounding the charging price. 
Both the AMoD fleet and the CSO are not only backgrounds 
or boundaries for each other, but rational entities. Starting 
from this perspective, this paper aims to present distinct find‐
ings and insights compared with existing studies.

1) In contrast to studies focused on enhancing AMoD sys‐
tem performance through advanced dispatch control [7]-[16], 
this paper does not confine itself to traffic characteristics. In‐
stead, it considers the charging behavior and energy charac‐
teristics of the AMoD fleet. Moreover, this paper thoroughly 
investigates the interaction between the AMoD fleet and the 
CSO.

2) In contrast to studies that collaboratively optimize the 
AMoD system and the power system [17] - [19], this paper 
explicitly delineates the independent decision-making status 
of the CSO. The interaction with the AMoD fleet and its im‐
pact come from the charging price signals provided by the 
CSO, aligning more closely with realistic operational situa‐
tions.

3) In contrast to existing studies on charging pricing from 

the perspective of CSOs [22] - [26], this paper considers the 
price-based interaction between the CSO and the AMoD 
fleet as a novel object of investigation. On the one hand, the 
rational spatio-temporal action patterns of the AMoD fleet 
cannot be adequately described by traditional traffic assign‐
ment models. On the other hand, the rationality exhibited by 
the centrally managed large-scale fleet qualifies it for equal 
interaction (e.g., negotiation) with the CSO, thereby expand‐
ing the mechanisms behind the charging pricing.

In summary, the interaction between the CSO and the 
AMoD fleet, as two major commercial entities in future ur‐
ban transportation, will play a pivotal role. Their interaction 
will form the foundation for future interactions between the 
power and transportation systems, accompanied by a distinct‐
ly different business model from existing charging stations. 
Currently, the potential and effects of the interaction frame‐
work have not been fully discussed. Game theory, as a theo‐
ry analyzing optimal decisions and strategic interactions 
among multiple players, has been widely applied in fields in‐
volving multi-player decision-making such as charging pric‐
ing [25] - [27]. Therefore, in discussing the interaction be‐
tween the CSO and the AMoD fleet, game theory naturally 
becomes a powerful tool.

From the perspective of game theory, this paper designs 
cooperative and non-cooperative game frameworks for the 
CSO and the AMoD fleet and compares their implications 
and characteristics. The main contributions of this paper are 
summarized as follows.

1) An AMoD fleet scheduling model with appropriate 
scale and mathematical complexity is established to describe 
the spatio-temporal action patterns of the fleet, laying the 
foundation for the interaction between charging stations and 
the AMoD platform.

2) The non-cooperative pricing strategies of CSOs facing 
the AMoD fleet are analyzed using Stackelberg game frame‐
work, capturing the fundamental interaction trends between 
the two entities. A solution method for the sub-game perfect 
Nash equilibrium is given based on the characteristics of the 
problem.

3) The possible cooperative interaction mode between the 
CSO and the AMoD fleet is discussed based on Nash bar‐
gaining, taking non-cooperation as a baseline. The mecha‐
nism of charging price formation is expanded. From the in‐
herent meaning of the game problem itself, the rationality of 
breaking the non-cooperative dilemma to achieve coopera‐
tion and the natural resistance of participants to betrayal are 
clarified.

4) The implications and properties of the two frameworks 
using Stackelberg game and Nash bargaining are compared, 
and numerical experiments based on real-world city-scale da‐
ta are provided to verify these results.

The remainder of this paper is organized as follows. Sec‐
tion II introduces the decision modeling for the AMoD fleet 
and the CSO. Section III presents two game frameworks de‐
signed for charging pricing, i.e., non-cooperative and cooper‐
ative. Numerical experiments based on real data from Cheng‐
du, China are conducted in Section IV, and Section V con‐
cludes this paper.
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II. DECISION MODELING FOR AMOD FLEET AND CSO

A. AMoD Fleet Scheduling 

1) Augmented Time−Space−Energy Network
Inspired by [17], [28], this paper presents a scheduling 

model for the AMoD fleet based on multi-commodity flow 
problem in an augmented time−space−energy network. From 
network flow perspective, the decision of a certain number 
of homogeneous vehicles to move from one location to an‐
other is described as a flow behavior in the dimensions of 
time, space, and energy. The vehicle flow in the model is re‐
laxed as continuous variables, referred to as “fluidic relax‐
ation” [29]. Although the approximate nature of the network 
flow model may not be suitable for developing real-time con‐
trollers for AMoD systems, it is sufficient for evaluating the 
spatio-temporal action patterns of the AMoD fleet when in‐
teracting with charging stations [18].

The construction of an augmented network relies on the 
discretization of time and energy (or state of charge (SOC)). 
Nodes and edges in the network will contain information 
about time, location, and energy, enabling stronger decision 
modeling capabilities. Figure 1, which uses a four-node traf‐
fic network as an example, consists of three regular nodes 
and one charging station node. In the corresponding aug‐
mented network, the traffic network is expanded along the 
time and SOC dimensions, and each augmented node is a 
triplet of location, time, and SOC. Therefore, the edges be‐
tween nodes can simultaneously represent movement in 
space, progression in time, and changes in SOC.

There are four types of edges in the augmented network.
1) Service edge: a service edge indicates a certain number 

of vehicles carrying passengers, completing the process of 
transporting passengers from the original location to the des‐
tination. Hence, it involves a change in location, a passage 
of time, and a decrease in SOC.

2) Charging edge: a charging edge represents a certain 
number of vehicles going through the process of charging at 
a charging station. Thus, the starting and ending locations of 
a charging edge are the same, and only a passage of time 
and an increase in SOC occur.

3) Rebalancing edge: a rebalancing edge represents a cer‐
tain number of vehicles without passengers transferring from 
one location to another, expressing a change in location, a 

passage of time, and a decrease in SOC.
4) Stopping edge: a stopping edge signifies a certain num‐

ber of vehicles staying in place, waiting for the next action. 
Thus, there are no changes in location or SOC, only the pas‐
sage of time.

In addition to the flow within the network, to ensure for‐
mal flow conservation, the external injection and outflow of 
each node need to be defined.

1) External injection: external injection only occurs at 
nodes in the initial time slot of the augmented time−space−
energy network. It essentially specifies the initial location 
and SOC of each vehicle. Since flow cannot be generated 
out of nowhere, the corresponding amount of flow needs to 
come into the network from these nodes.

2) External outflow: external outflow only occurs at nodes 
in the final time slot of the augmented time− space−energy  
network. It describes the location and SOC of each vehicle 
at the end of the schedule. Since nodes are not allowed to 
store flow, flow will go out of the network from these nodes.
2) Mathematical Model

The AMoD fleet scheduling model based on network flow 
is established in an augmented time−space−energy network. 
The symbols related to the augmented network include 
n loc n time nsoc, di, iori,loc, iori,time, iori,soc, ides,loc, ides,time, and ides,soc. It 
should be noted that time and SOC are both discretely seg‐
mented. The sets used in the model include N, 
I ser I re I cha I stop, F, T, and G. The decision variables of 
the model include xre

i , xcha
i , xser

i , xstop
i , xdrop

oridest, en, and pEV
ft . And 

the parameters of the model include Dt, π CSO
ft  (from the per‐

spective of the AMoD fleet, it is a parameter), λdist, r in, 
ooridest, sn, Vg, c0, C max

f , Pcha, and tmax. Among them, sn pro‐
vides the initial condition of the system at t = 0, as calculated 
by (1).

sn = {Vg    n loc = gn time = 0nsoc = c0

0      otherwise
    "nÎN (1)

The basic formulation of the AMoD fleet scheduling mod‐
el is as follows, where RAMoD is the net revenue of the 
AMoD fleet.

max RAMoD =-Dt∑
fÎF
∑
tÎ T
π CSO

ft pEV
ft - λ

dist ∑
iÎ I ser

xser
i di -

λdist∑
iÎ I re

xre
i di + r in∑

iÎ I ser

xser
i di (2)

s.t.

"xre
i x

cha
i xser

i xstop
i xdrop

oridesten ³ 0 (3)

∑
iÎ I ser

ioriloc = ori
idesloc = des
ioritime = t

xser
i = ooridest - xdrop

oridest    "oridesÎG"tÎ T
(4)

∑
typeÎ { }serrechastop
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÷

÷
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iÎ I type

iori = n

xtype
i - ∑

iÎ I type

ides = n

xtype
i = sn - en    "nÎN (5)

C max
f ³ pEV

ft =Pcha ∑
iÎ I cha

ioriloc = f

ioritime = t

xcha
i     "fÎF"tÎ T

(6)

en = 0    n time < tmax or nsoc < c0"nÎN (7)

Time

SOC

c3

c2

c1

t1 t2

Service edge; Charging edge;

Rebalancing edge

Stopping edge

Charging station; Normal location;

External injection; External outflow

g2

g3

g1

g4Location: g1

SOC: c1

Time: t1

(a) (b)

Fig. 1.　Schematic diagram of an augmented time−space−energy network. 
(a) Augmented time−space−energy network. (b) Traffic network topology.
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∑
nÎN

en =∑
nÎN

sn (8)

In the objective function (2), the first term represents the 
charging cost, the second term represents the distance cost 
caused by order services, the third term represents the dis‐
tance cost caused by rebalancing, and the fourth term repre‐
sents the income from order services.

Constraint (3) specifies that the decision variables are non-
negative. Constraint (4) describes the behavior of meeting 
passenger orders. Passenger demand at time slot t from ori‐
gin “ori” to destination “des” corresponds to service edges 
in the augmented network. The total service flow of the 
AMoD fleet on the corresponding edges is less than or equal 
to the passenger demand ooridest, and the difference between 
them represents the abandoned passenger demand xdrop

oridest. 
Constraint (5) describes the flow conservation of the nodes 
in the augmented network. Constraint (6) limits the charging 
power within the maximum capacity. Constraint (7) specifies 
that the external outflow from nodes in the augmented net‐
work that have not reached the last time slot tmax and have 
insufficient SOC c0 is 0. Constraint (8) ensures that the sum 
of all external outflows is equal to the initial total number of 
vehicles. Combined constraints (7) and (8) require that all 
flows must flow out of a node with SOC of at least c0 in the 
last time slot tmax. This physically implies that all vehicles 
should maintain a battery level of at least c0 at the end of 
the schedule.

It should be noted that given the charging prices {π CSO
ft }, 

the objective function and all constraints of the AMoD 
scheduling model are linear, and the model can be formulat‐
ed as a linear programming (LP). In subsequent research on 
charging pricing strategies based on game theory, the deci‐
sions of the CSO will impact the behavior of the AMoD 

fleet through {π CSO
ft }.

B. Charging Pricing 

From a practical perspective, for the CSO, pricing deci‐
sions are often divided into several discrete levels [22]. 
Based on historical experience and any available data, the 
CSO can provide a general range for charging prices and dis‐
cretize them into multiple levels from high to low. The time 
scale of charging pricing is generally not overly detailed and 
may be different from that of AMoD fleet scheduling. In ad‐
dition, the cost of electricity procurement is determined by 
the electricity prices of the distribution system and the charg‐
ing demands, and this paper assumes that the CSO is a price 
taker for the electricity prices of distribution system.

The model uses sets F and T with the same meaning as 
the AMoD scheduling model. T priceÌ T represents the time 
slots in T where pricing decisions need to be made, while 
the prices in other time slots remain unchanged and consis‐
tent with them.

The decision variables of the model include π CSO
ft  and θft. 

The parameters of the model include Dt, αft, pEV
ft  (from the 

perspective of the CSO, it is a parameter), Dπft, and tprice.
The basic description of the pricing model for the CSO is 

as follows, where RCSO is the net revenue of the CSO.

max RCSO =∑
tÎ T

Dt∑
fÎF

( )π CSO
ft - αft pEV

ft (9)

s.t.

π CSO
ft = αft + θftDπft    "fÎF"tÎ T (10)

θft = θft + τ    τ = 12tprice - 1"fÎF"tÎ T price (11)

θftÎ {012}     "fÎF"tÎ T (12)

The objective function (9) represents the revenue of the 
CSO after subtracting the electricity fees paid to the power 
system.

Constraint (10) calculates the value of the charging price, 
which represents the pricing decision made by the CSO 
based on the electricity price from the distribution system. 
The adjustable part is the additional fees set by the CSO 
such as service charges. Constraint (11) specifies the time 
scale for pricing, indicating that the price cannot change for 
a continuous period of tprice multiplied by Dt. Constraint (12) 
discretizes the charging pricing into three levels: high, medi‐
um, and low, for each time slot.

It should be noted that {pEV
ft } is determined by the behav‐

ior of the AMoD fleet, and according to the AMoD fleet 

scheduling model, {pEV
ft } is influenced by {π CSO

ft }.

III. GAME FRAMEWORKS

A. Non-cooperative Game Framework

Regardless of the type of object it is facing, pricing-relat‐
ed studies on charging stations inevitably involve the pro‐
cess of modeling the service objects of the charging stations. 
The decision-making process for pricing requires taking into 
account the behavior of the service objects. Therefore, Stack‐
elberg game naturally becomes an effective tool to adapt to 
this characteristic [25], [26], [30] - [33]. Considering that 
price signals can be quickly and widely disseminated 
through information platforms, it is reasonable to establish a 
sequential order of charging pricing and AMoD fleet schedul‐
ing, making Stackelberg game framework applicable.

As shown in Fig. 2, the basic elements of the game are de‐
scribed as follows.

CSO

AMoD fleet

Charging pricesCharging loads

max RCSO

EVp
f,t

Leader

Follower

{ }
CSOπ
f,t{ }

max RAMoD

Fig. 2.　Illustration of Stackelberg game between CSO and AMoD fleet.
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1) Players: the AMoD fleet is the follower, and the CSO 
is the leader.

2) Payoffs: the payoff functions for players are (2) and 
(9), respectively.

3) Strategy sets: the strategy sets for players are the feasi‐
ble dispatch region of the AMoD fleet determined by (3)-(8) 
and the feasible pricing region of the CSO determined by 
(10) - (12). It should be noted that the two strategy sets are 
not coupled. In other words, regardless of the opponent’s de‐
cision, their respective feasible regions do not change.

The key to solving the sub-game perfect Nash equilibrium 
lies in representing the optimal response function of the 
AMoD fleet under various charging prices. Let 

[ ]xre
i x

cha
i xser

i xstop
i xdrop

oridestenp
EV
ft  be the decision variable vec‐

tor x. The scheduling problem of the AMoD fleet and its du‐
al problem can be restated in the following compact form.

ì

í

î

ï
ïï
ï

ï
ïï
ï

max cT x
s.t.  A1 x = b1:v

      A2 x £ b2:w

      x ³ 0

 ¾ ®¾¾¾¾
Dual

 

ì

í

î

ïïïï

ïïïï

min ( )bT
1 v + bT

2 w

s.t.  AT
1 v +AT

2 w ³ c

       w ³ 0

(13)

where vector c contains the influence of charging pricing 

{π CSO
ft }; A1A2b1b2 are all constant matrices; and v and w 

are dual variables.
It has been noticed that the optimality condition for opti‐

mization problems can be determined using the Karush-
Kuhn-Tucker (KKT) condition. For the problems with good 
properties, the KKT condition can be both a necessary and 
sufficient condition for the optimal solution [22]. However, 
for problem (13), both the inequality constraint A2 x £ b2 and 
the non-negativity constraint x ³ 0 require the corresponding 
complementary constraints to be introduced. This is especial‐
ly important considering the high dimensionality of x in the 
AMoD fleet scheduling problem, as too many complementa‐
ry constraints will burden the computation.

For LP, it can be proven that the primal-dual condition is 
also both sufficient and necessary for optimality. The primal-
dual condition replaces complementary slackness with strong 
duality, thus overcoming the challenges of dealing with too 
many complementary slackness conditions.
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A1 x = b1

A2 x £ b2

x ³ 0
AT

1 v +AT
2 w ³ c

w ³ 0
cT x = bT

1 v + bT
2 w

(14)

Backtracking to the charging pricing stage, the equivalent 
optimization problem is described as:

ì

í

î

ï
ïï
ï

ï
ïï
ï

max RCSO =∑
tÎ T

Dt∑
fÎF

( )π CSO
ft - αft pEV

ft

s.t.  Charging pricing constraints (10)-(12)

       AMoD optimality condition (14)

(15)

In the objective function (9) and the strong duality condi‐
tion cT x = bT

1 v + bT
2 w, there are non-linear terms resulting 

from the multiplication of charging price π CSO
ft  with other de‐

cision variables. Since constraint (10) discretizes the charg‐
ing price, it actually introduces a product of integer variables 
and continuous variables, which can be linearized using Big-
M method. Therefore, the optimization problem (15) is essen‐
tially mixed-integer linear programming (MILP) and can be 
solved by mature commercial solvers.

B. Cooperative Game Framework 

The AMoD mode will bring about centralized rationality 
in large-scale fleets, implying that EVs may no longer be on‐
ly charging price takers but rather qualify for equal interac‐
tion (e.g., cooperation and negotiation) with CSOs. The ratio‐
nal decision-making exhibited by a centralized dispatching 
fleet makes it possible for the CSO and the AMoD manager 
to potentially determine charging prices through friendly ne‐
gotiations, which is almost impossible in a scenario where 
the transportation system is still dominated by decentralized 
and disordered private cars. The cooperation between the 
two parties would bring greater potential profits to the trans‐
portation system.

The key to breaking the non-cooperative dilemma is that 
when all charging stations, as available resources, cooperate 
with vehicles, the order acceptance and route arrangement of 
the AMoD fleet could be further optimized, reducing ineffi‐
cient movements and facilitating the completion of more pas‐
senger orders, thus increasing the total revenue. The non-co‐
operative equilibrium is an inefficient equilibrium. From the 
perspective of future urban transportation, negotiations and 
cooperation between these two types of stakeholders may be 
more likely to occur.

As shown in Fig. 3, this paper uses Nash bargaining as a 
negotiation tool, which provides a cooperative game solution 
that satisfies the properties of Pareto optimality, symmetry, 
independence of irrelevant alternatives, and affine transfor‐
mation invariance. The breaking point of the bargaining 

(RAMoD
0 RCSO

0 ) is the equilibrium solution of Stackelberg 

game described in Section III-A. In other words, if the net 
income given to either the AMoD fleet or the CSO in the 
bargaining is less than the net income in Stackelberg game, 
the player will not accept the cooperative result, and cooper‐
ation cannot be achieved. It is precisely because both parties 
have the potential to increase their profits that cooperation 
and negotiation have a basis.

According to Nash bargaining, the objective is to maxi‐

Charging prices Charging loads

 

AMoD fleet
Net revenue��RAMoD

max(RAMoD�R0
AMoD)(RCSO�R0

CSO)

Nash product
CSO

Net revenue: RCSO

EVp
f,t{ }CSOπ

f,t{ }

Fig. 3.　Illustration of Nash bargaining between CSO and AMoD fleet.
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mize Nash product (RAMoD -RAMoD
0 ) (RCSO -RCSO

0 ). It should 

be noted that even ignoring the issue of integer variables, 
the objective function is a non-convex function with bilinear 
terms, which will bring difficulty to the computation. By us‐
ing the monotonicity property of the logarithmic function, it 
is possible to take the logarithm of the objective function, 
which converts the product into a sum of logarithms.

The final formulated Nash bargaining problem is given as:

ì

í

î

ï

ï
ïï
ï

ï

ï

ï

ï

ï
ïïï
ï

ï

ï

max ( )ln ( )RAMoD -RAMoD
0 + ln ( )RCSO -RCSO

0

s.t.  RAMoD ³RAMoD
0

      RCSO ³RCSO
0

      AMoD scheduling constraints (3)-(8)

      Charging pricing constraints (10)-(12)

(16)

Problem (16) is a mixed-integer convex optimization prob‐
lem with linear constraints, or can be transformed into linear 
constraints using Big-M method.

In the solution of problem (16), the net benefits of both 
the CSO and the AMoD fleet will increase compared with 
the non-cooperative game framework, which is a prerequisite 
for cooperation between both parties. On this basis, there are 
still natural obstacles to betraying the Nash bargaining solu‐
tion for both parties based on the principles of game theory, 
which is the key to overcoming the non-cooperative dilem‐
ma.

1) The pricing problem inherently involves a decision or‐
der, which creates resistance for the leader (i.e., CSO) to de‐
viate from the Nash bargaining solution. This is because any 
betrayal actions by the leader will be observed by the follow‐
er (i.e., AMoD fleet), and the AMoD fleet will make the op‐
timal response to the deviated prices. Therefore, the CSO 
can at most revert to the equilibrium of Stackelberg game, 
as this is the maximum benefit it can get in the case of non-
cooperation. However, this benefit is not as high as the one 
obtained from the Nash bargaining solution.

2) The follower (i.e., AMoD fleet) can indeed betray and 
achieve higher payoffs than the Nash bargaining solution af‐
ter the leader’s decision is made. However, the resistance to 
betraying cooperation comes from the deterrence created by 
the repeated nature of the game. Pricing and scheduling take 
place every day, and a single act of betrayal in one day will 
trigger punishments from the leader in subsequent rounds 
(e.g., tit for tat or cruel strategy) [34]. Considering long-term 
benefits with a discount factor 0 < δ < 1, betrayal would lead 
to a loss in long-term benefits.

IV. NUMERICAL EXPERIMENTS

A. Data Overview and Parameter Settings 

The passenger travel demand data are based on the ride-
hailing order dataset of Didi in Chengdu [35], China. After 
preprocessing more than 0.22 million raw data entries, some 
orders with inappropriate timestamps and locations too far 
from the city center have been removed, resulting in approxi‐
mately 0.17 million retained travel orders. It is believed that 
this data range can describe the distribution of passenger 

travel demand in the city. Figure 4 shows the heat map dis‐
tribution of the origin locations for passenger travel de‐
mands. From practical calculation standpoint, the area is di‐
vided into grids, each measuring approximately 5 km in 
length. The specified area in this paper covers a total of 
5 ´ 5 grids. The CSO operates eight charging stations within 
specific grids, i.e., charging stations #6, #9, #10, #11, #12, 
#13, #19, and #22, according to their corresponding grid 
numbers. Each charging station within a grid can be consid‐
ered an aggregate of all charging facilities within that grid.

In addition to spatial distribution characteristics, travel or‐
ders also have temporal distribution characteristics. As 
shown in Fig. 5, there is less demand for nighttime travel, 
and the number of passenger orders increases from around 
08:00 in the morning until 23:00 in the evening.

Assuming that within the 5 ´ 5 grids, the power load of 
each grid has different electricity prices, reflecting the differ‐
ential characteristics of time and space. The electricity price 
data shown in Fig. 6 is sourced from the electricity market 
in [36]. Each grid corresponds to a randomly selected node 
from the data.

The configuration parameters of the AMoD fleet and 
charging stations are shown in Table I. 
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A fleet size of 5000 vehicles represents approximately 3% 
of the total number of daily orders, which is a normal pro‐
portion for the AMoD system [13], [18], [19]. The dispatch 
time range is from 0 to 24 hours within a day. The initial 
distribution of the AMoD fleet is randomly and uniformly 
generated.

All numerical experiments are conducted in a Python 
3.9.13 environment. The optimization problems are solved 
using Gurobi 11.0.0.

B. Non-cooperative Scenario 

The Stackelberg game problem is solved to obtain the op‐
timal pricing strategy for the CSO, resulting in a total net 
revenue of $69380.11.

As shown in Fig. 7, the results demonstrate two trends. 
On the temporal scale, there is a higher charging load during 
periods of lower pricing and a lower charging load during 
periods of higher pricing. On the spatial scale, charging sta‐
tions located in the city center and hotspots receive more vis‐
its. For example, charging stations #6 and #12 in the central 

area have high charging power, and charging station #22 at 
the northern end also receives a number of visits since many 
passenger orders are involved. However, unpopular and re‐
mote charging stations such as charging stations #9 and #19 
have very few users. These results reflect the profit-driven 
behavior of the AMoD fleet, namely fully utilizing the tem‐
poral and spatial differences in charging prices.

In the equilibrium solution, the total net revenue of the 
AMoD fleet is $84429.66. Out of the 172926 passenger or‐
ders completed in a day, 116369 are served while 56557 are 
abandoned, resulting in a total abandoned order value of 
$95517.78.

The optimal scheduling result of the AMoD fleet reflects 
its response to the charging pricing. Figure 8 shows the dis‐
tribution of vehicle locations at different time. Throughout 
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TABLE I
CONFIGURATION PARAMETERS OF AMOD FLEET AND CHARGING STATIONS

Parameter

Fleet size

Vehicle range

Battery capacity

Limits for SOC

Initial SOC of vehicles

Average speed

Unit distance order revenue

Unit distance cost

Time discretization for AMoD

SOC discretization for AMoD

Charging power

Charging efficiency

Charging station capacity

Difference between price levels

Time scale for charging pricing

Value

5000 vehicles [13]

300 km [37]

76 kWh [38]

10%-90% [39]

50% [3]

50 km/h [38]

0.22 $/km

0.0165 $/km [38]

30 min [17]

10%

30 kW [37]

95% [40]

15 MW

0.056 $/kWh

1 hour [3]
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the entire operation, the result shows the influence of passen‐
ger travel demand. The central area of the city has abundant 
charging stations and high travel demand of passengers, and 

most passengers still have destinations in the central area, 
leading to a concentration of vehicle activity in the city cen‐
ter.

Figure 9 presents the variations in the number of vehicles 
in different states at each time slot. Initially, due to random 
initial distributions and vehicles with only 50% SOC, some 
vehicles start charging and rebalancing to prepare for the 
morning peak of travel. During the operation, the trend in the 
number of vehicles in service closely follows the time distribu‐
tion characteristics of passenger demand as shown in Fig. 5.

C. Cooperative Scenario 

According to Nash bargaining, the pricing results imple‐
mented by the CSO are shown in Fig. 10. The total net reve‐
nue for the CSO is $75142.76.

It can be seen that overall, the charging prices are relative‐
ly low, mostly at the middle or low level. This reflects the 
compromises and concessions made by the CSO to attract 
vehicles for charging. In response to this, the number of ve‐
hicles going to charging stations has indeed increased. There‐
fore, even with the trend of price reduction, the net revenue 
of CSO has increased.

At the same time, it is also important to note that the 
AMoD fleet also makes compromises. Figure 10 shows that 
if the AMoD fleet decides to betray, it can take full advan‐
tage of the low-price period to significantly reduce charging 
costs, but it refuses to do so to avoid harming its partner. 
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Instead, the AMoD fleet focuses its main efforts on com‐
pleting more passenger orders (126459 out of a total of 
172926) and achieving an increase in net profits ($91048.91).

D. Comparison and Discussion 

Table II summarizes the calculation results of certain indi‐
cators for different cases, considering various possible situa‐
tions for comparison.

1) Case 1: complete central optimization. There exists a 
single entity that has full control over both the CSO and the 
AMoD fleet, making decisions with the goal of optimizing 
overall benefits.

2) Case 2: non-cooperative game. The CSO and the 
AMoD fleet consider each other’s actions as adversaries, 
aiming to maximize their own interests and reach Stackel‐
berg equilibrium.

3) Case 3: cooperative bargaining. Building upon the non-
cooperative baseline, the CSO and the AMoD fleet engage 
in joint negotiations to reach a solution that increases the 
benefits for both parties while maintaining relative fairness 
(from the perspective of Nash bargaining theory).

4) Case 4: cooperative bargaining, but the AMoD fleet be‐
trays the negotiation agreement.

It is worth noting that in cooperative bargaining (Case 3), 
the AMoD fleet is the second mover, and its betrayal corre‐
sponds to Case 4. As the first mover, the CSO’s betrayal 
would be observed by the second mover, leading to a return 
to Stackelberg game (Case 2).

Firstly, complete central optimization (Case 1) determines 
the upper limit of the sum of net incomes for the CSO and 
the AMoD fleet to be $166198.49 ($91623.53 + $74574.96).

In the non-cooperative solution (Case 2), even if the aver‐
age charging price set by the CSO is high, the AMoD fleet 
is not very proactive in charging and tries to avoid high-
priced periods as much as possible. As a result, the CSO 
does not receive a significant net profit after settlement. Due 
to the concerns about charging costs, the AMoD fleet must 
carefully plan routes, potentially abandoning a substantial 
number of passenger orders. With a decrease in the fulfill‐
ment rate of passenger orders, the net revenue of the AMoD 
fleet also experiences a decline. In summary, compared with 
Case 1, Case 2 demonstrates an overall efficiency loss result‐
ing from the adversarial nature and competition, amounting 
to approximately 7.45%.

In the bargaining solution (Case 3), the CSO adjusts the 
charging prices according to the cooperation requirements. 
This allows the AMoD fleet to be less concerned about 
charging costs and further optimize their routes to serve 
more passengers and generate more revenue. With the in‐
crease of distance traveled, the charging demand of the 
AMoD fleet also increases, resulting in higher total charging 
energy and increased net income for the CSO. From Table 
II, it can be observed that even though the average charging 
price set by the CSO is lower, the actual settlement price is 
higher. This phenomenon highlights the progress of Case 3 
compared with Case 2, where the charging station assists the 
AMoD fleet in earning additional passenger revenue, and the 
fleet transfers a portion of their earnings to the CSO by in‐
creasing their charging behaviors. 
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Fig. 9.　Number of vehicles in different states at each time slot (Stackel‐
berg game).
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Meanwhile, when comparing Case 3 with Case 1, there is 
hardly loss in the total net revenue. There is just a slight ad‐
justment in revenue distribution, reflecting the nature of Pa‐
reto efficiency in Nash bargaining.

Additionally, it can be observed that the negotiation coop‐
eration between the two parties enhances the overall benefits 
for various stakeholders in urban transportation. In addition 
to increasing the net profits of the two major players, the 
travel demands of passengers are also better met, resulting in 
a win-win situation for the CSO, the AMoD fleet, and the 
passengers. Furthermore, increasing the charging energy dur‐
ing the daytime with high photovoltaic generation in the 
power system is beneficial for accommodating renewable en‐
ergy sources.

Regarding the possibility of betrayal in the negotiation, 
clear conclusions can be drawn from Table II. The compari‐
son between Cases 2 and 3 indicates that the CSO, as the 
first mover, has no incentive to actively betray and return to 
the Stackelberg equilibrium. The comparison between Cases 
3 and 4 shows that the AMoD fleet, as the second mover, 
would indeed significantly increase net income by choosing 
betrayal. However, this increase in income does not come 
from passenger orders, but from the unjust pursuit of low-
priced periods, which will seriously damage the revenue of 
the CSO. At the same time, from the perspective of the en‐
tire transportation system, this scenario reduces the number 
of completed passenger orders and considerably increases 
the distance of rebalancing movements. Compared with Case 
1, this results in a serious efficiency loss (approximately 
8.83%), even more severe than the normal non-cooperative 
game (Case 2).

Fortunately, the betrayal of the AMoD fleet is not rational 
in terms of long-term interests. Considering the repeated 
game played daily, a sudden betrayal on one day will trigger 
the cruel strategy of the CSO in the following days. Even if 
the AMoD fleet can earn an extra $11556.11 (from 
$91048.91 to $102605.02) in one day, assuming that the 
CSO adopts an unforgiving strategy in the subsequent days, 
the AMoD fleet would essentially earn $6619.25 less every 
day (from $91048.91 to $84429.66). As long as the AMoD 
fleet considers long-term interests with a not-too-small dis‐

count factor δ (0 < δ < 1), it will realize that betrayal is not 
profitable. It should be noted that these discussions are only 
at the theoretical level of game theory and do not consider 
the complexities of the real-world business environment or 
government regulations.

The above analysis indicates that the game frameworks de‐
signed in this paper capture the decision-making characteris‐
tics of both the CSO and the AMoD fleet. Game equilibrium 
helps guide and explain the operation of the future urban 
transportation system.

V. CONCLUSION

The AMoD system provides a revolutionary and promis‐
ing solution for future urban transportation. The charging be‐
havior of AMoD fleets, as a critical link connecting future 
power and transportation systems, requires a well-guided 
charging demand management method. This paper investi‐
gates the charging pricing strategy for the AMoD fleet based 
on game theory. Firstly, an optimization scheduling model is 
established to describe the spatio-temporal action patterns of 
the AMoD fleet. Subsequently, charging pricing strategies 
are studied using Stackelberg game and Nash bargaining. 
Then, interaction trends between the two entities and the 
mechanism of charging price formation are discussed, along 
with an analysis of the game implications for breaking out 
of the non-cooperative dilemma and moving towards cooper‐
ation. Finally, numerical experiments based on real-world 
city-scale data are provided to validate the rationality of the 
proposed frameworks. The results show that the AMoD fleet 
has profit-driven action patterns and can capture and utilize 
the spatio-temporal distribution of charging prices. By lever‐
aging this behavior, the CSO can formulate optimal profit-
oriented charging prices based on Stackelberg game. Further‐
more, if the negotiation between the AMoD fleet and the 
CSO can be conducted, the net incomes of both parties can 
increase. The fulfillment of passenger’s travel demands and 
the comprehensive benefits of stakeholders in urban transpor‐
tation can be enhanced.

This paper only involves a single CSO and a single 
AMoD fleet. In general, there may be multiple CSOs and 
multiple AMoD platforms in a city. In such cases, multiple 

TABLE II
CALCULATION RESULTS OF CERTAIN INDICATORS FOR DIFFERENT CASES

Entity

AMoD 
fleet

CSO

Indicator

Net revenue

Total service distance

Total rebalancing distance

Completed passenger order

Abandoned passenger order

Net revenue

Charging station income

Fees paid to power system

Total charging energy

Average charging pricing

Average charging settlement price

Case 1

$91623.53

916745.93 km

74416.69 km

126470

46456

$74574.96

$96712.89

$22137.93

1435.66 MWh

0.050 $/kWh

0.067 $/kWh

Case 2

$84429.66

844173.61 km

64919.63 km

116369

56557

$69380.11

$89057.02

$19676.91

1272.80 MWh

0.083 $/kWh

0.070 $/kWh

Case 3

$91048.91

916724.11 km

74497.38 km

126459

46467

$75142.76

$97281.67

$22138.90

1435.62 MWh

0.057 $/kWh

0.068 $/kWh

Case 4

$102605.02

837770.23 km

112375.93 km

115889

57037

$48920.00

$68774.13

$19854.13

1352.40 MWh

0.057 $/kWh

0.051 $/kWh
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CSOs may compete for the charging demands of vehicles to 
seize market share and earn more profits, while multiple 
AMoD fleets may also compete with each other due to 
charging capacity limitations, traffic congestion effects, etc. 
It may be necessary to introduce complex game architectures 
(such as Nash-Stackelberg-Nash game) to describe the inter‐
actions between various entities. Moreover, considering the 
uncertainties involved in traffic networks and passenger or‐
ders, dynamic pricing for charging stations and real-time on‐
line scheduling for AMoD fleets will be more challenging re‐
search topics.
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