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Federated HD Map Updating Through Overlapping
Coalition Formation Game

Siping Shi
Yifei Zhu

Abstract—High Definition (HD) maps have become core support-
ing components for autonomous driving. To date, their updates
heavily depend on the vehicle fleets of the map vendors, which
cannot scale and timely reflect the highly dynamic environment.
To ensure the HD map quality, it is advocated social vehicles
should be used. Nevertheless, there are privacy concerns and a
lack of incentives for social vehicles to contribute data. In this
paper, we leverage federated analytics (FA), a newly developed
collaborative data analytics paradigm, where raw data are kept
local and only the insights generated from local analytics are sent
to a server for aggregation. We present a new Federated Analytics
based HD map Updating model (FAUMap) to protect the privacy
of social vehicles. To motivate social vehicles to contribute data
and improve the HD map quality, we formulate an overlapping
coalition formation game, OCFUMap, and develop an algorithm
to find feasible coalitions. Simulations show that our approach can
improve the quality of the updated HD map by 1.56 times. To study
an end-to-end operation of the FAUMap model and OCFUMap
game, we present a case of HD map updates of the Powell street in
San Francisco using the autonomous driving simulator CarLA.

Index Terms—Federated analytics,
updating, overlapping coalition game.

high definition map

1. INTRODUCTION

IGH definition (HD) maps contain static and dynamic
H information of the driving environment and are believed
to be a core component for future autonomous driving [1], [2].
To reflect the highly dynamic environment, frequent updates of
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the HD maps are essential for accurate localization and reliable
navigation. To date, HD map updates depend on the vehicle fleets
of the map vendors [3], [4]. This is not scalable.

To solve this problem, it is advocated that vehicle based
crowdsourcing could be leveraged [5], [6]. participating vehicles
nowadays are commonly equipped with sensors, such as cam-
eras, Lidar, Radar, and many others [7], [8], which can contribute
data the same as the vehicle fleets of the map vendors. HD map
vendors are also willing to share profits; for example, DeepMap
has given 5,000 USD per kilometer for HD map updating [1],
and Japan’s Dynamic Map Platform Co. (DMP) Ushr provides
162 million USD for HD map data acquisition [9].

With monetary sharing from the map vendors and the capa-
bility of the participating vehicles, there are still challenges pre-
venting the true deployment of crowdsourced HD map updating
in practice.

First, participating vehicles have privacy concerns. For ex-
ample, the video data obtained by the cameras of participating
vehicles may well contain privacy sensitive information, i.e.,
the plate number of front cars. Thus, how to ensure participating
vehicles contribute data without raising privacy concerns?

Second, contributing data has a cost. For example, capturing
and transmitting data will consume the computing and com-
munication resources of the respective vehicles. participating
vehicles are self-centric. Thus, how to motivate a large number
of participating vehicles with appropriate rewards so that they
are willing to contribute data for HD map updates?

To address the first challenge, we leverage federated analytics
(FA), anew computing paradigm proposed by Google [10] for its
Gboard application. Gboard is a keyboard app for smartphones
providing Al features such as next word prediction, keyboard
search suggestion, etc. With privacy concerns, Gboard trains the
deep learning models through federated learning. To improve
the deep learning models, these models should be evaluated
periodically, which again needs to use the user data. Gboard
leverages federated analytics to measure the overall quality of
the trained machine learning models.

We propose a new Federated Analytics based HD map Up-
dating model (FAUMap) to protect the privacy of participating
vehicles. In FAUMap, we first define the quality of the HD map,
a quantification on which the analytics for HD map updates
can be based. We define the HD map quality through two
metrics information freshness and spatial completeness, where
the information freshness is characterized by Age of Information
(Aol) [11] and the spatial completeness is characterized by
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Wasserstein Distance [12] between spatial distributions. We then
formally model the local analytics procedure for FA.

To address the second challenge, we adopt a game theoretical
approach. We note that an HD map update requires different
types of data, e.g., traffic conditions, road construction, etc. Each
type of data can be collected from a coalition of participating
vehicles and each participating vehicle can join in multiple
coalitions simultaneously since it has different types of data.
Moreover, Vehicles in a coalition can share their communication
resource to gain more benefits. To reflect such a scenario, we for-
mulate an overlapping coalition formation game (OCFUMap)
under our FAUMap model. We then develop an OCF algorithm
that can effectively find feasible coalitions in this game that
can maximize the utility of each vehicle and the HD map
quality. We analyze our algorithm and prove that convergence
is theoretically guaranteed.

We evaluate our OCF algorithm through simulations. We
compare the OCF algorithm with the status quo methods. The
results show that our algorithm can improve the quality of the
HD map up to 1.56 times, and improve the utility of each vehicle
up to 1.80 times. We further study an end-to-end operation of
the FAUMap model and OCFUMap game with a case of Powell
street in San Francisco using the autonomous driving simulator
CarLA. Results show that the quality of the updated HD map
and the vehicle utility can be improved by 1.33 times and 1.67
times, respectively.

To the best of our knowledge, this is the first work to study
privacy-preserving HD map updating with incentive designs on
crowdsourced participating vehicles. Technical contributions of
this paper are summarized as follows:

® We model the quality of HD Map and develop an HD map

updating model FAUMap based on federated analytics to
address the privacy concerns of participating vehicles.

® We present a game theoretical approach for incentive de-

sign of the participating vehicles and we formulate an over-
lapping coalition formation game OCFUMap. We develop
an algorithm to maximize HD map update quality and the
utility of each vehicle.

® We evaluate our model and algorithm through extensive

simulations and results demonstrate the superior perfor-
mance of our proposed algorithm. We further present a
case study to show how the proposed model and algorithm
operate in a practical scenario.

The rest of this paper is organized as follows. Section II
discusses the background and related work. Section III models
the privacy-preserving HD Map updating system. Section I'V for-
mulates the OCFUMap game and develops the OCF algorithm to
solve the game. The evaluation results of OCF algorithm based
on extensive experiments are presented in Section V. And a case
study of the proposed system is demonstrated in Section VI to
show its effectiveness in practice. Finally, a conclusion is drawn
in Section VII.

II. BACKGROUND AND RELATED WORK

A. Background on HD Map

An HD map is a planar map with layers of information within
a Geographic Information System (GIS). The most typical HD
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map is the four-layer model [13], see Fig. 1(a): 1) static informa-
tion layer, which forms the basis of the map (i.e., the location of
traffic lights, lanes, crosswalks), 2) semi-static information layer,
which is used to support the driving of vehicles (i.e., road speed
information and traffic rules, wide-area weather conditions), 3)
semi-dynamic information layer, which reports the near real-
time driving environment (i.e., accidents, congestion, traffic
regulations, road works, and local weather), and 4) dynamic
information layer, which reflects the real-time surrounding ob-
jects when driving, like nearby vehicles, pedestrians, and traffic
signals.

HD maps, in particular, the dynamic layers, need to be fre-
quently updated. HD map updates have three steps: (1) data
acquisition, data are collected at regular intervals by vehicles
which, nowadays, are equipped with various sensors, such as
Lidar, radar, camera, etc; (2) raw data transmission: the collected
data is sent to the HD map server; and (3) data analytics and HD
map updating: for example, image data can be used by an object
detection model to detect lanes. The HD map is updated with
changes or new information. To date, map vendors, e.g., HERE,
manage the map servers and dispatch vehicle fleet equipped with
expensive professional sensors to collect data. Nevertheless,
this approach is impossible to scale, i.e., to keep the pace of
map updates and reflect real-time situations. As such, HD map
updates is projected to leverage participating vehicles, which are
also heavily equipped with various sensors nowadays, through
a crowdsourced approach [14], [15], [16].

B. Federated Analytics

The objective of federated analytics is to collectively carry
out data analytics tasks without disclosing the data belonging
to each contributing party. FA differs from federated learn-
ing (FL) in the sense that FL. emphasizes collaborative model
training, in particular, a deep learning model. FA specifically
refers to the model inference phase of machine learning, and
thus is the sequel of federated learning. For example, a fed-
erated video analytics architecture [17] assumes the machine
learning model has been established and the participating peer
devices collaboratively perform model inference. In FA, data
are kept local and only insights generated from local ana-
lytics will be sent to the server for result aggregation. It is
essential to ensure that the underlying data of peer devices
remains private and secure, unlike the traditional collaborative
analytics approaches required to collect local data to a central
server [18].

In an abstract view, an FA operation framework for HD map
updating is shown in Fig. 1(b). There are three steps: 1) data
acquisition, each vehicle collects environment data with the
equipped sensors while driving; 2) data analytics, the sensor data
is analyzed locally in the vehicle and the analytic results are sent
to the map server for aggregation; 3) HD map updating, the map
server aggregates all received analytic results and updates the
HD map. We will detail the FA operations into a formal pri-
vacy preserving HD map updating model in Section III. Before
this, we discuss the position of our research in the research
literature.
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Fig. 1.

C. Related Work

In the research literature, our work falls into the vehicular
crowdsourcing area which applied in HD map updating scenario,
with incentive mechanism design.

Vehicular Crowdsourcing. Vehicular crowdsourcing is a pro-
cess that a group of vehicles is involved to perform data col-
lection tasks. It has been studied widely for various industrial
applications, including environment monitoring [19], [20], [21],
traffic management [22], [23], [24], HD map updating [25], [26],
etc. In most of works in literature, a vehicular crowdsourcing
system consists of two components: a crowdsourcer and a set
of vehicles. Each vehicle collects the requested data with their
own sensing devices and then sends it to the crowdsourcer.
Once received the collected data, the crowdsourcer saves and
organizes them for further analytics. For example, vehicles in
iLOCuS [19] collect temperature and PM 2.5 data with corre-
sponding sensors and send to the crowdsourcer for analyzing the
city air quality. Most of work not consider the privacy problem
of each vehicle and all the collected raw data is directly sent to
the crowdsourcer. However, most data collected for HD map
updating is sensitive (i.e., pedestrian, plate number of front
vehicles) and the extra privacy information of vehicle data can be
extracted from the collected data. It is not suitable to upload raw
data to the crowdsourcer. Some cryptographic technologies like
homomorphic encryption [27] is used for protecting the privacy
of vehicles in [24], [28]. However, cryptographic methods are
not efficient and with high computational costs in practice [29],
which can not fulfil the real-time requirements of HD map
updating.

HD Map Updating. The architecture of HD map updating in
the literature can be mainly divided into two types: centralized
and crowdsourced. In the centralized architecture [30], [31],
[32], with all the data has been collected by the fleets of map
vendors, researchers focus on improving the accuracy and effi-
ciency in HD map updating, such as improving the accuracy of
lane detection as in [31]. These can be utilized to update the static
and semi-static information layer of the HD map but cannot be
applied to update the semi-dynamic and dynamic information
layer of the HD map. In the crowdsourced architecture, the
HD map is updated with crowdsourced data of participating
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Overview of the HD map updating model. (a) is the model of crowdsourced HD map updating, and (b) is our proposed model with data analyzed locally.

vehicles, which is an instance of vehicular crowdsourcing [33],
[34]. Specifically, LiveMap proposed in [33] use the raw sensor
data collected by crowdsourced vehicles to keep the HD map
up to update, and FCDMap proposed in [34] also adopted the
crowdsourced architecture to update the HD Map. Since all the
work in the crowdsourced architecture assume the map server is
trusted, the privacy problem of each vehicle is not considered.
IFMap proposed in [35] can achieve privacy preserving as it aims
to update the local HD map in the vehicle and no data will be
shared to the server for global HD map updating. However, this
is not suitable in our scenario that a global HD map should be
updated. Therefore, in crowdsourced HD map updating, none of
the work in the literature has researched the privacy problem. To
solve aforementioned issues, we leverage the emerged federated
analytics paradigm to protect the privacy of each vehicle in HD
map updating and propose FAUMap.

Incentive Mechanism for Vehicular Crowdsourcing. Since
generating information in vehicles consumes computation and
communication resources, either monetary or nonmonetary in-
centives [25], [36] are required to motivate vehicles to pro-
vide more high quality contributions. There have been many
works [37], [38], [39], [40], [41], [42], [43], [44] focusing
on incentive mechanism design for vehicular crowdsourcing.
For example, auction-based incentive mechanisms are proposed
n [38], [39], [40], [41] where vehicles can sell their collected
data to the crowdsourcer with their claimed bid prices. And
Stackelberg game based incentive mechanism are proposed
in [42], [43], [44], in which the bargaining among the partic-
ipants and the crowdsourcer were modeled. Typically, most
of them are designed for single crowdsourcing task, and all
vehicles collect one same kind of data at one time. However,
in HD map updating, the crowdsourcer is required to aggre-
gate different kind of sensing data to update the HD map and
multiple crowdsourcing tasks are distributed to the vehicles.
Therefore, the existing incentive mechanisms are not suitable
for the HD map updating scenario. Though incentive-aware
vehicle recruitment (IVRecruit) proposed in [45] considered
multi crowdsourcing tasks, the collaboration between vehicles
which can improve vehicle utility is also not modeled in existing
incentive mechanism. In our paper, with FAUMap, we design an
overlapping coalition formation game based algorithm to find
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TABLE I
COMPARISON BETWEEN FAUMAP AND STATUS QUO VEHICULAR
CROWDSOURING HD MAP UPDATING METHODS

Privacy preserving Crowdsourcing task  Vehicle collaboration

LiveMap [34], FCDMap [35] No Single No
IFMap [36] Yes None No
IVRecruit [46] No multiple No
FAUMap Yes Multiple Yes

feasible coalitions to maximize the utility of each vehicle, and it
enables to take both multiple crowdsourcing tasks and vehicles
collaboration into consideration.

We summary the comparison between the FAUMap and the
status quo vehicular crowdsourcing HD Map updating methods
in Table I. To the best of our knowledge, no existing method is
designed to achieve privacy preserving HD map updating with
an effective incentive mechanism, we are the first to fill this gap.

III. PRIVACY-PRESERVING HD MAP UPDATING: A FEDERATED
ANALYTICS MODEL

We develop a model on federated analytics based privacy-
preserving HD map updating system. The considered system
consists of a map server which contains an HD map and a
set of vehicles V = {vy,v2,...,vy5}. The HD map includes a
set of information denoted as M = {my, ma,...,ma}, and
its quality is determined by the cumulative quality of each
information m;. In each round of federated HD map updating,
each vehicle v; € V first generates a set of information locally
through analytic functions with the local sensor data, and then
send the generated information to the map server, finally, the
map server aggregates all the uploaded information and updates
the HD map. To incentive the vehicles to contribute more in-
formation, the map server provides payoff to each contributed
vehicle and the total budget is B. Each vehicle can generate
multiple information, and it can determine whether to generate
information m;. Let x; denote the indicator, i.e., .SU; =1 if

vehicle v; generates information m;; otherwise, xf =0. We

A1 .2
definex; = (zj, 275, ...

, xé”) and the generation strategy matrix
X £ (x1,Xa,...,XN). X isadecision variable to be optimized.
The map server and the vehicle have their own utility function
and aim to maximize their utility.

In this section, we first introduce temporal and spatial charac-
teristics of the HD map and present the HD map quality model.
Then we model the federated analytic assisted HD map updating.
Finally, we analyze the cost of updating and model the utility of
the map server and vehicles.

A. HD Map Quality Modeling

A high quality HD Map guarantees the safety and quality
of autonomous driving. Intrinsically, an HD map is a set of
information, such as road speed information, accidents infor-
mation, and weather conditions information. Information in HD
Map is required to keep updated from the temporal view and
keep completeness from the spatial view to assist autonomous
driving [34], [46], [47]. To capture these characteristics, we
define the temporal and spatial quality of each information
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with the information freshness metric and spatial completeness
metric, respectively.

For the temporal quality, our goal is to measure the freshness
of the dynamic information, which matches the requirement of
HD Map where the information should be updated periodically
based on the latency requirement of its layer [48] (i.e., in
the dynamic and semi-dynamic layer, information should be
updated at intervals of less than several seconds and several
minutes, respectively.). To this end, we select age of infor-
mation(Aol) [11], a well developed metric to quantify latency
and characterize freshness of collected data in status updating
systems and applications. In Aol, information freshness can
be quantified through a non-increasing utility function, and the
choose of the utility function is based on the information source
and the application under consideration [11], [49]. For latency
sensitive information in HD Map, the utility is non-negative
and will decrease with Aol grows over time. To capture this
characteristic, we utilize the logarithmic function to describe
the utility function as in [50].

Definition 1. (Information freshness) For the generated infor-
mation, given the Age of information A, the freshness F' of the
information is defined as

A
Flog(1+A>,

where A is a constant scaling factor to describe sensitivity of
information in different HD map layers regarding to delay.

For the spatial quality, we aim to maintain the completeness
of the updated region, which matches the spatial requirement
of HD Map where the information needs complete coverage of
the target area [47]. The data used for information generation
is mostly not collected from a determined discrete point, but
from a continuous trajectory which can be represented by a
distribution [19]. We assume the target and the current spatial
distribution of the generated information is z and o, respectively.
Thus, the spatial completeness of the generated information can
be described by the distance between z and o. For the choice of
distance metric, KL divergence used in [19] cannot satisfy the
symmetric characteristic of HD Map where the distance from
target distribution to the current distribution should be same to
the distance from current distribution to the target distribution.
Even though the Jensen-Shannon divergence is symmetrical,
it performs well for joint distributions and can not provide
a meaningful value for disjoint distributions [51]. Therefore,
Wasserstein Distance [12], [52] is adopted to measure this
distance since it is a well-developed symmetric distance metric
to measure the similarity between probability distributions on
a given metric space and performs well for general probability
distributions. We define Wasserstein(z, o) as the Wasserstein
distance between z and . The smaller of the distance indicates
the similar of the target and the current distribution, and thus
the more complete of the information. We consider the spatial
completeness is inversely proportional to the distance.

Definition 2. (Spatial completeness) For information gener-
ated based on the dataset with a spatial distribution o, given the
spatial distribution z required for generating the information, the
spatial completeness S of the generated information is defined

ey
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as

1
S=K- , 2
Wasserstein(z, o) )

where K is a constant scaling factor to describe the sensitivity of
different information in HD Map regarding to spatial coverage.
With the temporal and spatial quality of the information are
defined with information freshness and spatial completeness,
respectively, the quality of the information in HD Map can be
represented by the weighted sum of them. We assume the fresh-
ness and spatial completeness of information m; contributed by
vehicle v; are F ; and S}, respectively. Thus, the quality q} of
information m; contributed by vehicle v; is computed as:

gj=ao' - F +5-85;, 3)

where o and 3° are weighting parameters indicating the im-
portance of information freshness and spatial completeness to
the quality of the information, and their units are unit quality
per freshness and unit quality per completeness, respectively.
We assume the overall quality of information m; increases
proportionally with the total contribution of the participated
vehicles until the total contribution reaches a threshold p’. This
assumption makes sense and also adopted in [53]. Suppose
the required information in HD Map is the weather conditions
of a certain area. When the number of vehicles contributed
this information exceeds 100, those additional vehicles make
little contribution to the quality of the required information.
Thus, given the generation strategy X, the overall quality of
information m,; can be computed as

Qi(X) = § 77 Loxyex Uil Lgex LG <P g

¢, otherwise,

where >° _x @q} is the total contribution of vehicles made to
information m;, and (? is the upper bound quality of information
m; regarding the threshold p’.

Since the HD map is constructed through a set of information
M, the quality of the HD map is the cumulative quality contri-
bution by each information. Thus, given the generation strategy
X, the quality of the HD map is

QuX) = ) QiX). (5)

m;eEM

B. FA-Assisted HD Map Updating Modeling

Vehicles equipped with onboard sensors can be used to not
only collect data of the surrounding environment but also gener-
ate and transmit information with the collected data, which made
FA paradigm available for HD Map updating. In each update,
the vehicle first obtains data with the equipped sensors. Then
it performs local analytics with the collected data to generate
information in HD Map, and sends the generated information
to the server for updating. Suppose the data set of vehicle v;
is Dj;, and the consisted data can be used to generated various
information which used to update the HD map, and dé- represents
the size of data required to generate information m;.

In order to protect the privacy of each vehicle, generated
information instead of collected data is sent to the server for map
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updating. As the complexity of generating different information
is not the same, the computation rate of each information varies.
Let u; be the computation rate of vehicle v; for generating
information m;, then the computation latency can be derived
as

L

7
teo — 1. 6
= ©)
After local analytics, the generated information will be sent to
the map server for updating. We assume the size of generated
information is c/i\;-, and the transmission rate of vehicle v; is 7.
Then, the transmission latency can be computed as

com C/Z\;

159" = E @)
Particularly, for the calculation of Aol, an updated informa-
tion with timestamp u(t) is said to have age ¢t — u‘(t) at time
t when t > u'(t). Here, timestamp u(¢) denotes the generation
time of information and time ¢ denotes the reception timestamp
of updating in the map server. Therefore, when at the current
update time ¢, the difference ¢ — u’(t) describes the transmis-
sion latency of updating information m;, which is the sum of
computation latency and communication latency. Let A; be the

age of information, then we have

Af = 855+ 85 ®

Each vehicle has its own moving trajectory, thus the spatial
distribution of collected data is different from each other. Let
2" be the target spatial trajectory distribution for generating
information m;, and o; be the spatial trajectory distribution
of vehicle v; for generating information ;. With Wasserstein
Distance metric to measure the distance between O’;- and 2%, the
spatial distance w between z* and o can be expressed as:

i

i inf

Wasserstein(z', o) =
'YNH(z"go

w J

i)E(x,y)My[Hx —yll].

J ©)

With the Aol A;- and the spatial distance w;, we can get the

quality of information m; generated by vehicle v; based on (3)
as

A . K
we

i (10)
Aj J

qj =o' log

C. Utility Modeling

In our proposed federated HD map updating model, both
the server and the vehicles can obtain benefits and have their
own utility model. For the map server, the utility is determined
by the value of the HD map and the cost taken for updating
the HD map. For each vehicle, it can get the payoff from
generating the updated information at the cost of consuming its
own computation and communication resources. We introduce
the two kinds of utility models in detail in the following.

Map server utility model: For the server, the utility equals
the difference between the map value and the map cost. The
map cost comes from the payoff to vehicles for contributing
information. We consider the payoff of each updated information
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is proportional to its quality. As mentioned before, the overall
quality of information m; is represented by @Q;(X), and the cost
paid for updating information m; is defined as :

Gi(X) =7 - Qi(X), (11)

where 77 is the incentive factor. As the value of the HD map is
related to the quality of the HD map, it increases with the quality
improved. We define U, as the utility of map M, thus the utility
of the map server is

Um(X) = Qu(X) = > Gi(X).

m;eM

12)

Vehicle utility model: For each vehicle, the utility equals the
difference between the obtained payoff and the resource cost.
Let c;'» be the sum of communication and computation cost for
vehicle v; to generate information m;. Since the computation
and communication resources of each vehicle are limited, we
define C"** as the total resources of vehicle v;. Then we have

M
i i max
E zj - C; ng .

=0

13)

Let pé- be the payoff for vehicle v; to generate information ;.
We can compute the utility 12; of vehicle v; as

M
Rj(x;) = Zac; . (p; — c;) . (14)
i=0

IV. AN OVERLAPPING COALITION FORMATION GAME
FOR FEDERATED HD MAP UPDATING

In this section, we first formulate an overlapping coalition
formation (OCF) game to capture the behaviors of participating
vehicles and the map server under our FAUMap model. Then we
design an OCF algorithm to maximize the utility of each vehicle
and the HD map quality. Finally, theoretical analysis is conduct
to show a stable overlapping coalition structure (OCS) will be
reached in finite iterations.

A. Overlapping Coalition Formation Game Formulation

In coalition games, there is a set of players who seek to
form cooperative coalitions to strengthen their positions in a
given game scenario [54]. Each coalition has a transferable
utility which can be divided by the player in the coalition.
Each player can maximize its utility by performing operations
which satisfying the rules, then the strategy of each player is
individually decided. Specifically, the coalitions in OCF can be
overlapping, that is a player can participate in multiple coalitions
simultaneously.

Players and Coalitions. In our federated HD map updating
scenario, any vehicle v; € V is seen as a player and the vehicle
set )V is the set of players. Each information m; is corresponding
to a coalition. Let S? be the coalition of information m;, in which
the coalition members make contributions to collaboratively
update information m;. Variable :cz defined as the indicator
to represent whether v; generate information m;, can indicate
whether vehicle v; belongs to S’, thus we have S* = {v; €

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 23, NO. 2, FEBRUARY 2024

V|x§ = 1}. Members in a coalition can share messages with
each other through the vehicle-to-vehicle (V2V) communica-
tion method. Thus, they can collaboratively make decisions to
increase both the utility of coalition and vehicles. For example,
when the quality of the coalition-related map information has not
reached the upper bound, the utilities can be increased by inviting
more vehicles to join the coalition to generate the related map
information. The shared messages enable vehicles to allocate
their communication and computation resources appropriately
and thus earn more payoffs by contributing to multiple coali-
tions. In contrast, vehicles without shared messages can only
independently choose the most profitable map information to
contribute with fewer payoffs. In other words, when the local
data, computation and communication resources are available,
a vehicle v; can join multiple coalitions simultaneously. There-
fore, we define an overlapping coalition structure (OCS) as the
set of all coalitions, denoted by © = {S!,82 ... SM}].

Transferable Utility. The utility of coalition S* is given by
a characteristic function U : [0,1]" — R_.. It is based on the
value of information contributed by the members of the coalition
which has been explained in (10). Thus, according to the quality
model defined in (4) and cost model defined in (11), the utility
function of coalition S? can be written as

B o o ,
US) = { o7 Loy G T Layen T <05 (g5
1‘/ .
B, otherwise,

where B? = v,(; is the budget allocated to coalition S*.

The utility of coalition S’ is also the payoff that needs to be
divided among the vehicles who contribute to coalition St ie.,
the members of S*. Let p* € R be the payoff vector for the
members in coalition S°, and it satisfies ), ., p} = U(S’). We
assume the payoff of any member in a coalition is based on their
contribution level to the coalition, and it is unaffected by those
outsiders. Let ¢ (S?) be the rewards for vehicle v, received from
coalition S%, we have

U(S) =2

=, v; €S
Zvlesi a’ J ’
0,

. (16)
’Uj ¢ Se.

p; = ¢;(8") =
Rules. A vehicle v; may obtain negative utility from joining
a coalition as the payoff received from a coalition is less than
the cost of generating the related information. Therefore, the
vehicle has strong motivation to consider transferring from one
coalition to another or joining a new coalition to increase its
utility or only quit the current coalition if there exits no coalition
to increase its utility. The fundamental operations of a vehicle
can be classified into transferring operation, joining operation,
and quitting operation. Accordingly, we define transferring rule,
Jjoining rule and quitting rule.

Let T;(S?, S?) denote the operation of vehicle v; transferring
from coalition S? € © to coalition S? € O, which is to withdraw
all the resources of vehicle v; from coalition S” and invest
the required resources into coalition S9. Transferring opera-
tion T;(SP,S7) is considered only when the following three
conditions can be met: 1) the required resources that vehicle
v; invested to coalition S? does not exceed its communication
and computation capacity, i.e., (13); 2) the transfer operation is
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profitable. Specifically, the utility vehicle v; obtains from joining
coalition S9 should be positive and larger than that from joining
coalition SP. That is

$;(S7) — ¢f > max{0, ¢;(S”) — cF}.

’ (17)
and 3) after transferring, the utility of any other vehicle which

is in the coalition S? should not be decreased. That is
or(STU{v;}) > ¢(S?), Vk € {Sk #j}.

The third condition captures the characteristic of the coalitions
that other members in coalition S? has the right to decide
whether to accept the transfer operation due to their own utility.
Specifically, if the utility of other vehicles in coalition S? is
decreased when vehicle v; joins this coalition, then vehicle v;
will not be allowed to join in coalition S¢. Thus, we can define
the transferring rule as follows:

Rule 1. (Transferring Rule) In the proposed OCF game with
the current OCS ©, the transfer operation 7} (S?, S?) is feasible
and can be executed if it satisfies (13), (17), and (18).

Let J;(SP) denote the operation of vehicle v; joining a new
coalition SP € ©, which is to invest the required resources into
coalition SP. For its own sake, user v; only considers joining
a new coalition SP when it has enough resources to invest, i.e.,
(13). Besides, it can get positive utility from coalition S?, and
the utility of other members in coalition S” should be considered
as well. Thus, we have

{aﬁj(spu{vj}) — >0,
Or(SP U {0;}) = on(SP), Yk € {SPlk # j}.

Thus, we can define the joining rule as follows:

Rule 2. (Joining Rule) In the proposed OCF game with the
current OCS ©, the joining operation J;(S?) is feasible and can
be executed if it satisfies (13) and (19).

Let Q;(S?) denote the operation of vehicle v; quitting from
coalition SP € ©, which is to withdraw all the invested resources
from coalition S?. This operation occurs when the vehicle v;
cannot obtain positive utility either from this coalition or any
potential transfer operations. Thus we can define the quitting
rule as follows:

Rule 3. (Quitting Rule) In the proposed OCF game with the
current OCS ©, the quitting operation (), (SP) is feasible and
can be executed if it satisfies

{¢J(Sp) - Cé‘) S 07

(18)

19)

T;(S?, S%)is not profitable, VS? € ©. (20)
With all the concepts mentioned above, we have
The Overlapping Coalition Formation Game for HD map
Updating (OCFUMap):
® Players: Each vehicle v; € V is seen as a player.
The players of the OCF game is the vehicle set V =
{v1,v9,..., o5}

® Coalitions: Each information m; corresponds to a coalition
St. Since the size of the information set is M, there is M
coalitions in the OCF game.

e Transferable Utility: The utility of coalition S? is defined
in (15), and can be divided among players in the coalition.

® Rules: Transferring rule, joining rule, and quitting rule.
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e Strategy: Each vehicle decides which coalition to join. The

strategy of vehicle v; is denoted as x; = (z, 23, ..., x}"),
where % = 1 indicates that vehicle v; choose to contribute

to coalition S*.

B. Overlapping Coalition Formation Algorithm

We design an OCF based algorithm to solve the OCFUMap
problem. The overall OCF algorithm is shown in Algorithm 1,
which consists of two phases: vehicle strategy initialization
phase and overlapping coalition formation phase.

In the vehicle strategy initialization phase, each vehicle
chooses to join the coalition with a greedy strategy. In particular,
each vehicle initially chooses the most profitable coalition to
join. As illustrated in Line 3 - Line 6 of Algorithm 1, all
element in strategy matrix are first assigned with 0, and then
each vehicle calculates the potential profit when joining each
coalition, and finally choose the coalition with the maximum
profit to participate in (set the strategy value of the corresponding
coalition to 1). With all the vehicles finished choosing, the initial
overlapping coalition structure comes out.

In the overlapping coalition formation phase, each vehicle
takes different operations to maximize its utility. The procedure
may take several iterations until no vehicle having the motivation
to move, i.e., no operation can increase the payoff of any vehicle.
As we have mentioned, there are three fundamental operations
for each vehicle. In each iteration, we first check if each vehicle
has the motivation to quit, i.e., obtain non-positive payoff and
have no feasible coalition to join. As shown in Line 12 - Line
18, for each coalition the vehicle participated in, if the utility
is non-positive and there exists no feasible coalition to transfer,
then the vehicle will quit the current coalition. Otherwise, if there
exists a set of coalitions to make transfer operation of the vehicle,
then choose the most profitable coalition to execute the transfer
operation. Once no vehicle wants to quit, we will check whether
they have the motivation to transfer or join a new coalition, and
the corresponding code is from Line 18 to Line 26. From Line
19 to Line 23, the transfer operation will be performed if it
satisfies the Rule 1. Then the vehicle will check if any other new
coalition is feasible to join based on the Rule 2. The iterations
continue until no vehicle has the motivation to move. With all
the vehicles finished all the checking steps in one iteration, we
compare the current strategy matrix with the before one, and stop
the iterations until the strategy matrix is unchanged (Line 9).

Remark. We have introduced that the resources of each vehicle
are limited, and the budget for each coalition is upper bounded.
Thus, it is hard for each vehicle to join all coalitions or all
vehicles join to one coalition, and the grand coalition that
includes all vehicles seldom forms.

C. Analysis of the OCF Algorithm

Stability and Convergence. In traditional coalition formation
(CF) games, the core notion is used to describe stability, which is
the set of feasible allocations that cannot be improved upon by a
coalition of the players. However, different from the traditional
CF games, the OCF game is still an ongoing topic and there
exist no general stability concepts. It is more complicated to
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Algorithm 1: The OCF Algorithm.
Input: Vehicle set: V; HD Map information set: M.
Output: Vehicle strategy matrix: X € {0, 1} yyass

1 Vehicle side:

2 // Step I: Vehicle strategy initialization
3 X «— Onxm,

4 forv; € V do

5 L mi & MaXpep(p'; = c4),
6

x;. =1.
// Step II: Overlapping coalition formation
X' — Onxm,
while X’ # X do

© ® 3

10 X <X,
1 forv; € V do
12 for S” € S’7|x; =1{ do
13 ifqﬁj(Sp)—cj.7 < 0 then
14 if
exists a feasible transfer coalitions set Q for v;
then
15 S§7 « maxsaca(¢,(87) - ¢%),
16 T;(SP,8%);
17 else
18 | 0;(SP);
19 for v j€Vdo
20 for ¥ € 1S'lx} =1/ do
21 if exists a feasible transfer coalitions set € for v;
then
2 S! « maxgicq(¢;(S') - cﬁ),
23 L | T;(8K8h;
24 for m; € M do
25 if S' is a new feasible coalition for j to join in
then
26 ‘ J;(8Y;
2 return X.

define notions for stability in OCF games due to the overlapping
property. In OCF games, instead of forming a single coalition,
the players may form multiple coalitions that overlap one an-
other, thus complicating the computation of the maximal total
payoff of such an overlapping coalition structure. Therefore, we
incorporate the concept of stability in the traditional cooperative
games and extend it in our proposed OCF-algorithm by defining
the concept of T-stable OCS.

Definition 3. (T-stable OCS) In the proposed OCF game with
the OCS © = {S',82,...,SM}, for any vehicle v; € V, if
it cannot make any feasible transfer operations, or quit any
coalitions, or join any new coalitions in its current strategy, then
we say the OCS © here is T-stable.

A T-stable OCS in our proposed OCF game corresponds to an
equilibrium state in which no vehicle has the incentive to shift its
resource from the currently formed coalitions. Therefore all the
vehicles keep to their current strategies and no change happens
in the T-stable OCS.

Theorem 1. Starting from the initial OCS, the OCF algorithm
converges to a T-stable OCS in finite iterations.

Proof. Each vehicle performs the OCF algorithm iteratively
to maximize their utility. Assume the OCS changes from ©_ to
©y,. For each vehicle v; after k iterations, its generation strategy
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changes from x;(k — 1) to x;(k) that satisfies R;(k —1) <
Rj(k). For any other vehicle v; € V and v; # vj, the utility
satisfies R;(k — 1) < R;(k) according to (17), (18), and (19).
Therefore, the utility of any vehicle will not decrease from ©y_
to ©y. Since the utility of each vehicle is bounded by their
own limited resources, the final OCS is guaranteed to reach
within finite iterations. Thus, no vehicle can make any feasible
operations to increase their utility. According to Definition 3,
the final OCS is T-stable. 0

Complexity. The computational complexity is determined by
the number of the iterations and the number of attempts of
transfer operations in the coalition formation phase. Note that
the total number of iterations cannot be given in the closed-form
since we do not know at which moment the vehicles form a
T-stable OCS, which is common in the design of most heuristic
algorithms. For the number of attempts of transfer operations,
we assume the number of coalitions that a vehicle can simul-
taneously join is [M//2] at most due to the limited resources
equipped in the vehicle. In each iteration of the coalition phase,
there are two stages that a vehicle may attempt to transfer.
The first stage is to check whether the vehicle has motivation
to quit a coalition (from Line 11 - Line 18 in Algorithm 1).
Since the vehicle will check feasible transfer coalition from
the set of coalitions not joined currently, the vehicle tries at
most [M/2](M — [M/2]) attempts of transfer operations in
the first stage. The second stage is to check whether the vehicle
has the motivation to transfer or join a new coalition (from
Line 19 - Line 26 in Algorithm 1). Similarly, the vehicle tries
at most [M/2](M — [M/2]) attempts of transfer operations
in the second stage. To sum them up, we can obtain that each
vehicle tries at most 2[ M /2] (M — [M/2]) attempts of transfer
operations in a iteration. The total number of vehicles is IV,
thus, the total number of transfer attempts in the worst case is
2N[M/2](M — [M/2]) in a iteration. Note that the number
of attempts is significantly lower than the worst-case as we
initialize the strategy of each vehicles with greedy strategy and
the time required in an iteration is relatively smaller.

V. SIMULATION

In this section, we evaluate the overlapping coalition game
assisted federated HD map updating scheme with simulated
data. We demonstrate the better performance of our method by
comparing it with several baseline approaches.

A. Setup

Settings. We use the KITTI360 [55] dataset to generate the
HD map, which contains 320 k images and 100 k laser scans in
adriving distance of 73.7 km. The data is randomly divided and
assigned to 100 vehicles. The total budget for HD map updating
is set to 8000 USD. For simplicity, the constant factors (A and
K) for the information freshness and spatial completeness of
each map information are all set to 1. Each information m; in
different layers of the HD map has different requirements for
information freshness and spatial completeness, which leads to
a different impact on the quality of the HD map. For example,
information in the dynamic layer of an HD map has a stringent
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(a) Random approach (b) Greedy approach

Fig. 2. Visual comparison of HD maps updated by different approaches.

requirement of information freshness, and information in the
static layer of an HD map has a stringent requirement of spatial
completeness. To this end, for the information in the static layer,
semi-static layer, semi-dynamic layer, and dynamic layer, we
set the value of o to be 1, 1.5, 2.5, and 3, respectively, and
the value of ¢ is set to be 3, 2.5, 1.5, and 1, respectively.
For each map information i, the target distribution z* follows
a certain Gaussian distribution N (u, 02), where p is randomly
selected from a range of 0 ~ 100 and #? is randomly selected
from a range of 0.2 ~ 2.0. Similarly, the trajectory of each
vehicle also follows a Gaussian distribution, but the variance is
ranged from 0.5 ~ 1.0. For each vehicle v;, the upper bound of
computation and communication resource C7"“* is uniformly

distributed in a range of 500 ~ 1500. The data size d; of the
generated information m; by different vehicles is set to be the
same and uniformly distributed in a range of 1 ~ 30. For vehicle
vj, the required computation rate u} and transmission rate 7;
for generate information m; are randomly sampled in a range of
5 ~ 15and 1 ~ 20, respectively. Since generating different map
information consumes a different amount of resources, the value
of cé» is randomly selected in a range of 5 ~ 16. The incentive
factor ~; is set to 0.2 initially.

Benchmark. In order to demonstrate the effectiveness of our
FAUMap model, we compare it with the existing crowdsourced
approach with data collection as in [33]. To evaluate the per-
formance of our OCF algorithm, we compare it with three
baselines: the centralized approach, the random approach, and
the greedy approach. The detail of each baseline is introduced as
follows:

® Crowdsourced approach: Each vehicle sends the collected
data to the server directly, and the server performs data
analytics with the uploaded data and updates the HD Map
with the analytics result.

e (Centralized approach: The map server has full control of
all vehicles. It has all information about the system. The
strategy of each vehicle is decided by the map server to
maximize the quality of the HD map. It serves as an upper
bound of the HD map quality.

® Random approach: The map server cannot control any
vehicles in the system. The strategy of each vehicle is deter-
mined randomly with the computation and communication
resource constraints.

e Greedy approach: The strategy of each vehicle is indepen-
dently determined to maximize their own utility within the
constrained resources and without considering the choices
of other vehicles.
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Fig. 3. Comparison on the HD map quality and updating latency.
B. Results

We evaluate our method from two aspects, the first is perfor-
mance analysis including HD map quality analysis, efficiency
improvement vehicle utility analysis, and convergence analysis,
and the second aspect is micro analysis including analyzing the
impact of incentive intensity and vehicles scale, respectively.

HD Map Quality Improvement. The HD map generated by
each approach is shown in Fig. 2. For the map integrity aspect,
we can observe that our proposed method outperforms either
the random approach or greedy approach, and can reach almost
the same integrity as the centralized approach which represents
the upper bound. The comparison of numerical results of HD
map quality is shown in Fig. 3. Compared to the crowdsourced
approach which directly collect sensor data for updating, our
proposed method based on FA can achieve similar HD map
quality. Besides, the privacy of each vehicle is better considered
and protected in our method than the crowdsourced approach.
For the performance of the proposed OCF algorithm, though the
quality gap of OCF is 5.3% lower than the centralized approach
which represents the upper bound of HD map quality, we can
see that our proposed OCF approach outperforms the random
approach and the greedy approach with an improvement of
56.3% and 33.8% respectively. It reveals that our method can
achieve a relatively high quality HD map.

Efficiency Improvement. The HD Map is required to be up-
dated in real time to guarantee the safety and quality of au-
tonomous driving. We evaluate the end-to-end latency of one HD
Map updating process with different approaches, and the results
are demonstrated in Fig. 3. Among all the evaluated approaches,
the crowdsorced approach has the highest latency as it required to
upload large amount of sensor data to the server for aggregation.
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Fig. 4. Comparison on the vehicle utility.

For the proposed OCF approach, even though the updating
latency is nearly 36.0% higher than the random and greedy
approaches duo to the time cost of coalition formation process,
it can finish one updating in about 1 seconed and achieve the real
time requirement of HD Map updating. Moreover, compared to
the crowdsourced approach, the efficiency of OCF approach is
improved more than 96.0%. These results confirms the better
efficiency of our proposed approach.

Vehicle Utility Improvement. Fig. 4 shows the utility of 10
vehicles selected randomly from the participated vehicles un-
der different approaches. For each vehicle, the OCF approach
presents to reach the highest vehicle utility and is up to 55.2%
higher than the centralized approach. The main reason is that
the OCF aims to maximize the utility of each vehicle while
the centralized approach only considers the quality of the HD
map. Moreover, the OCF method also significantly outperforms
the greedy approach by at least 80%. The underlying reason is
that vehicles in a coalition can collaboratively make decisions
through the V2V communication method. Thus each vehicle
can appropriately allocate its computation and communication
resources and enabling it to make contributions to multiple
tasks simultaneously and obtain more payoff. In comparison,
each vehicle in the greedy approach makes decisions indepen-
dently and may even lead to less payoff than the resource cost
due to the utility of each information being upper bounded.
It reflects that the vehicle can obtain many benefits through
collaboration and joining coalitions. The performance of the
random approach is also worse than our method as it just
determines the generation strategy randomly. These validate
that the OCF approach can largely improve the utility of each
vehicle.

Convergence Analysis. Our OCF method is proved to reach a
stable overlapping coalition structure after finite iterations. The
convergence result of OCF is shown in Fig. 5. We can observe
the cumulative distribution function (CDF) of the total number
of iterations, versus the number of iterations, with a different
number of vehicles and a different number of updated HD map
information, respectively. It is obvious that OCF can converge
within 10 iterations in both scenarios. Moreover, the speed of
convergence becomes faster as the number of vehicles increases,
and it becomes slower when the number of updated HD map
information increases. We see that the computational complexity
of our proposed algorithm is rather smaller. For example, when
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the number of vehicles is 20, the OCF approach requires only 9
iterations to reach convergence.

Impact of Incentive Intensity. The incentive intensity factor
71 in (11) determines how much payoff offers to the vehicles for
contributing information. We show how the incentive intensity
impacts the HD map quality and the vehicle utility in Fig. 6.
The base incentive intensity is set to 0.1, and 6X represents 6
times of the base incentive intensity. As shown in Fig. 6, the
HD map quality increases greatly when the incentive intensity
increased from 1 time to 3 times of the base incentive intensity.
However, when the incentive intensity keeps increasing, the
increasing speed of the HD map quality becomes slow and turns
to O when the incentive intensity reaching 4 times. Similarly,
when the intensive intensity increasing to 4 times, the vehicle
utility turns to saturate as shown in Fig. 6(b). This is because
that the information a vehicle can generate is constrained to
its computation and communication resources, and the utility
stops increasing even the incentive intensity still increasing. This
illustrates that a proper incentive intensity should be carefully
chosen to obtain a double win.

Impact of Vehicles Scale. We also investigate the impact of
the number of vehicles on the HD map quality and the vehicle
utility. The experimental results are shown in Fig. 7. We can
see that both the HD map quality and the vehicle utility increase
steadily at first, and stop increasing when the number of vehicles
exceeds 100. This is because that the value of a coalition reached
the maximum due to the limited budget, and new vehicles cannot
obtain a payoff from the coalition and choose to contribute
nothing. Therefore, the budget of the map server should be
increased properly when the scale of the vehicle increased to
obtain a higher quality HD map.

VI. A CASE STUDY

We develop a case to study the end-to-end operation of our
model and algorithm in a real-world environment. We leverage
CarLA [56], an open-source autonomous driving simulation
platform developed by Intel, which can simulate and integrate
three core components: HD map, vehicles, and map server,
into holistic cases. We use CarLA to develop a case in San
Francisco. First, we construct a base HD map of Powell street
of San Francisco using the information from OpenStreetMap,
see Fig. 8(a). Second, we simulate vehicles driving through the
simulated environments. Each vehicle is equipped with stereo
cameras and LiDAR sensors for collecting environmental data,
and the driving trajectories are shown in Fig. 8(b) (the red
lines). Vehicles can share messages with each other through V2V
communication. Third, we simulate the map server to distribute
the requirement of updated map information (i.e., the target
distribution of the map information) and aggregate updates to
construct a global HD map. Since we need to update the lane
of Powell street, we set the target distribution to be a Gaussian
distribution over the spatial domain, where the probability mass
function achieves the maximum at Powell street.

System Integration. We integrate FAUMap into this case by
revising the vehicle behaviors of the vehicles and map servers.
Specifically, after a certain period of time, each vehicle performs
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Fig. 5. The CDF of the total number of iterations in the OCF algorithm versus the number of iterations.
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Fig. 7. The impact of vehicle scale on the HD map quality and the vehicle utility.

analytic functions with the local sensor data and generates a
set of information related to the HD map. Then these analytic
results will be sent to the map server to aggregate the global
HD map. We implement the OCF algorithm and deploy it to
the vehicles and map server to provide a strategy for them to
maximize their individual utility. Specifically, the map server
initializes the budget for updating the HD map at first, and then
each vehicle decides which map information to generate through
the algorithm. We also deploy a random algorithm to the vehicles
and map server as a baseline, in which the strategy is randomly
decided.

Performance Improvement. The updated HD map in our case
study is shown in Fig. 8(c) and (d), respectively. It is obvious
that the lane of Powell street is clearly marked in the HD map
(the blue points and the grey lines) with our method, while some
lanes are missing in the HD map generated by the baseline. For
the aspect of vehicle utility, our method has an improvement of
1.67 times compared to the baseline. Our method also improves
the HD map quality by 1.33 times.

On Field Operations. Fig. 9 shows the end-to-end operations
in the field of FAUMap between 8:00am to 10:00am. The top
two graphs show the size of updated map information set and the
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FAUMap, a federated analytics based HD map updating model,
to protect the privacy of each vehicle. Then we formulate an over-
lapping coalition formation game, OCFUMap, to capture the
behaviors of participating vehicles and the map server under our
FAUMap model, and design an OCF algorithm to find feasible
coalitions which can maximize the utility of each vehicle and the
HD map quality. We evaluate the OCF algorithm with simulated
data. Evaluation results show substantial improvements in HD
Map quality and vehicle utility. We further develop a case study
on HD map updates of a real street to examine the FAUMap
end-to-end operations and performance in the field.
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