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Abstract—High definition (HD) map is a key technology that
enables autonomous driving, which has the characteristic of
frequent updates and low delay requirements. In order to mini-
mize the HD map updating latency, this paper jointly considers
the generation and transmission processes of HD map. The
generation process of HD map relies heavily on the data captured
by different types of sensors, which is modeled by the federated
analytics process. Also, in order to quantify the diversity of
utilized sensors, the concept of love of variety is introduced in
this paper. Then, considering HD map is composed of dynamic
and static layers that have different latency requirements during
the transmission process, this paper proposes a method to
allocate edge server capacity to each HD map layer such that
the overall information staleness can be minimized. Firstly, the
deterministic edge capacity case is discussed and the solution
is derived by obtaining the Karush–Kuhn–Tucker conditions.
Then, considering the practice that an edge server provides
services to multiple attached devices simultaneously, contentions
among these devices make available capacity for the autonomous
vehicle variational. Therefore, an uncertain edge capacity case is
discussed as well, where the uncertainty is described by Wasser-
stein metrics and the problem is reformulated into distributional
robust chance constrained optimization problem. And for the low
latency purpose, we utilize an inner approximation to reduce
the complexity of the original problem and find a suboptimal
solution. Finally, simulation results demonstrate the effectiveness
of our proposed methods that achieves the lowest latency for HD
map updating.
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I. INTRODUCTION

Having stepped into the era of information technology,
there are enormous artificial intelligence based autonomous
devices, technologies, and services coming into being, and
one important branch of which is autonomous vehicles or
intelligent vehicles. According to the definition of the National
Highway Traffic Safety Administration (NHTSA), the levels of
vehicle automation can be categorized into six classes, which
are distinguished by the extent of autonomy [1]. Currently,
the performance of autonomous vehicles can just meet the
requirements between levels 2 and 3, and both of which require
the driver must be ready to take back control at any time.
Aimed at achieving a higher automation level, one effective
way is to utilize the high-definition (HD) map. Unlike the
traditional map, HD map is represented with a high degree of
precision and resolution, which is as fine as 10-20 centimeters
or better.

To generate and maintain HD map, one key is to extract
useful information from data captured by embedded sensor
systems, such as object detection, lane marking detection,
ranging, etc. However, since different sensor systems have
essential pros and cons regarding range, resolution, sensitivity
to visibility, etc. [2]. In order to extract effective information
that contributes to HD map generation and maintenance,
collaborative making use of diverse sensors is inevitable,
which exactly can be done by federated analytics. The aim of
federated analytics is to obtain data insights among distributed
devices by applying data science methods to the analysis of
raw data generated on different clients [3]. Unlike federated
learning, what transmitted between clients and aggregator are
data insights rather than machine learning model gradients,
such as distribution, positions of detected objects, etc. In other
words, to support basic data science needs is the purpose of
federated analytics.

In federated mechanisms, if the number of participants (i.e.,
sensors here) is larger, the desirable accuracy can be achieved
faster and the optimization process converges more quickly.
From the perspective of practice, this can be interpreted as
well. When extracting information that contributes to HD map,
if more types of sensors are utilized, the obtained information,
(e.g. positions of detected objects), will be more accurate,
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leading to a better accuracy level of HD map. For example,
in a bad weather condition (e.g., fog, heavy rains, or storm),
poor visibility will degrade the performance of visual-based
sensors like LiDar and camera but has no influence on Radar
and ultrasonic sensors [4]. In other words, the higher the
diversity of utilized sensors is, the more accurate HD map can
be generated. However, the challenge is how to quantify the
impact of sensor diversity on the obtained HD map accuracy
level.

To tackle this challenge, we model the diversity of sensors
in the federated analytics problem into the utility of love of
variety. Basically, love of variety is a concept from economics,
which assumes that each consumer has a demand for multiple
varieties of a product over a given time period [5]. Within the
time period, the utility will increase if consumers use more
different products. For HD map generation, the interpretation
is that, during the federated analytics, the more types of sensor
data are utilized, the better accuracy of HD map can be
achieved. Since HD map is typically used for autonomous
driving, the accuracy level has a required threshold, such that
the probability of accidents can be reduced. Therefore, in order
to achieve the desired accuracy level of HD map, if more types
of sensors are included in federated analytics, the accuracy of
each aggregation round will be higher. Thus, the total needed
number of global aggregation rounds can be decreased.

Previously, the problem of HD map generation is discussed
from one single vehicle’s view. But from the practical use of
HD map, uploading individual HD map to the server needs to
be considered to form an intact city-wised HD map. Roughly,
the information in the HD map can be categorized into the
dynamic layer and the static layer. Dynamic layer information
includes pedestrian, adjacent vehicles, and etc. While static
layer information contains lanes, traffic signs, road markings,
etc. Obviously, dynamic information updating is more latency-
sensitive since it may vary within seconds [6], [7]. Fortunately,
emerging multi-access edge computing (MEC) provides a low-
latency paradigm for data transmission, which is realized by
edge servers deployed at the edge of networks and the trans-
mission distance can be reduced compared with traditional
cloud computing [8], [9]. Because the different layer of HD
map has a different requirement for updating latency. In order
to quantify the latency and measure the freshness of HD map,
the age of information (AoI) is employed here. AoI is an
end-to-end metric that can be used to characterize latency in
status updating systems and applications. In AoI, information
freshness and staleness can be quantified through the penalty
function. Different characteristics of penalty functions, like
tendency, can describe the latency features of the specific
application. For example, for HD map updating, the penalty
will increase exponentially when the information staleness
becomes larger as it is a latency-sensitive application and a
lager latency may result in a critical result.

With different sensor diversity and desired accuracy level,
the data size of the final obtained HD map based on federated
analytics will be different. Therefore, consider the capacity of
the edge server is limited, we propose a method to allocate the
edge server capacity into different HD map layers so that the
overall penalty can be minimized. Firstly, we discuss the case

Fig. 1. System Overview. Firstly, the different kinds of on-vehicle sensors
will capture the data. Then, these data will be analyzed in a federated analytics
way to obtain insights. Finally, since latency demands for each layer in HD
map are different, layer-wise data transmission will be performed to meet
these distinguished requirements.

where the edge server capacity is deterministic. The optimal al-
location scheme can be derived through Karush–Kuhn–Tucker
(KKT) conditions. Then, considering the practice that an
edge server provides services to multiple attached devices
simultaneously, such that the available capacity for the au-
tonomous vehicle is variational. We describe this ambiguity
using Wasserstein metrics and reformulate the problem into a
distributional robust chance constrained optimization problem,
which can effectively and efficiently lead to a near-optimal
solution.

The overview of the system is illustrated in Fig. 1. The
contribution of this work is summarized as follows:

• Because different sensors have their own pros and cons,
it is inevitable to collaboratively use them to generate HD
map. Therefore, we model the data analysis on various
types of sensors into a federated analytics process. In
order to quantify the influence of diversity of utilized
sensors among HD map accuracy, we use the love of
variety approach to evaluate the diversity.

• Practically, HD map is made up of dynamic and static
information, which has different requirements for latency.
To model this, we introduce the penalty function of AoI
to quantify this disparity.

• Considering different latency demands for each layer in
HD map, we propose a method to allocate transmission
bandwidth to each HD map layer such that the overall
information staleness can be minimized. Moreover, de-
terministic and uncertain edge capacity cases are both
discussed in this work.

• We conducted the simulations for both deterministic
and uncertain capacity cases. The results show that our
proposed methods can effectively reduce the latency for
HD map updating.

The remainder of this article is organized as follows. Section
II discusses some related existing literature. Section III intro-
duces the details of HD map composition and sensor systems
in autonomous vehicles. Section IV gives the system model
for federated analytics and HD map layer-wised transmission
and formulates the corresponding information staleness min-
imization problem for HD map updating. In Section V, the
proposed allocation algorithm for the deterministic capacity
case is introduced. Section VI first introduces the mathematical
interpretation for uncertainty and then gives a solution to the
uncertain capacity case. Section VII conducts the simulation
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experiments and interprets the results accordingly. Finally, the
conclusion is drawn in Section VIII.

II. RELATED WORK

As a key technique to realize autonomous driving, HD map
has attracted interest from both industry and academia. Some
existing literature focuses on how to make use of HD map.
[10] uses near-term future information of HD map to propose
a control scheme enabling predictive cruise control such that
the overall fuel consumption can be minimized. [11] proposes
an image region of interest extraction method to improve the
accuracy of traffic light recognition with the help of HD map
and self-localization techniques. [12] utilizes HD map as prior
information, and proposes a local motion planning method to
realize path planning and obstacles avoidance in autonomous
driving scenarios. [13] proposes a sequential algorithm that
can perform accurate lane-keeping or changing decisions while
keeping a safe distance from the adjacent vehicle by using
the position of the host vehicle and HD map. However, these
works concentrate on HD map enabled applications instead of
the generation and updating strategies.

While some of the existing literature focuses on the HD
map transmission. [14] proposes a collaborative vehicle to
everything (V2X) transmission scheme to meet the transmis-
sion rate requirement for HD map while achieving low power
consumption. [15] proposes a distributed multi-agent multi-
armed bandit algorithm to maximize the accumulated cache
utility for each roadside unit (RSU) by caching appropriate
HD map contents in storage. [16] proposes a cluster based
strategy for HD map offloading by using characteristics of
HD map data and mobility of vehicles so that the energy
consumption and offloading delay can be minimized. [17]
proposes a fusing algorithm based on the Kalman filter to
increase the position and semantic confidence of HD map such
that the efficiency of HD map updating can be improved. [18]
proposes a HD map data distribution mechanism such that the
HD map provision task can be allocated to the selected RSU
and transmit proportionate HD map data for energy efficiency
purposes.

Also, there is some work focusing on the creation of
HD map. [19] introduces the workflow of HD map creation
and the machine learning based techniques used by industry
that can minimize the amount of manual work for HD map
generation. [20] proposes a crowd-sourcing framework to
update the point cloud map layer in HD map from environment
changes by jointly utilizing LiDar and vehicle communication.
[21] proposes a semantic-based road segmentation method to
address the problems of dynamic obstacles and shadows as
well as the GNSS signal errors for HD map construction. [22]
proposes a Dislocation-Projection approach to create a color-
pointed layer of HD map based on effective processing of
LiDar, camera, and global navigation satellite system (GNSS)
data. However, all of the above literature only focuses on one
perspective of HD map, neither creation, transmission, nor
application. While our work jointly considers the generation
and transmission processes of HD map in a layer-wised and
latency-aware manner. Besides, the generation of HD map

needs contributions from different types of sensors, which
is regarded as a federated analytics problem and almost no
existing literature does this way.

III. PRELIMINARIES

In this section, the background information is introduced.
The basics and layered HD map are introduced in Subsection
III-A, the sensor systems are discussed in Subsection III-B.

A. High Definition Map

HD map is made up of various information and resources,
such as drivable paths, lane marks, the priority of lanes, traffic
light and crosswalk to lane association, adjacent objects, and
street furniture, which is represented in a high degree of
resolution and precision, generally in the centimeter level.
For practical autonomous driving use cases, HD map is the
indispensable key for the advanced driver assistance system
(ADAS). Intuitively, the contents of HD map can be roughly
categorized into two classes: dynamic objects (such as pedes-
trians and vehicles) and static objects (such as traffic signs
and lights). According to the definition of automotive edge
computing consortium (AECC), the composition of HD map is
layered, which can be represented by the highly dynamic layer,
transient dynamic layer, transient static layer, and permanent
static layer, as is illustrated in upper part of Fig. 2 [23].

• In the highly dynamic layer, contents include the position,
velocity, and accelerator of pedestrians, vehicles, and so
on, which changes in several seconds.

• In the transient dynamic layer, contents include obstacles
like fallen objects and trash, and local weather like un-
expected sudden rain, which changes in several minutes.

• In the transient static layer, contents include road work,
temporary road closure, accidents, and so on, which
changes in several hours.

• In the highly static layer, contents include lanes, traffic
lights, road signs, and so on, which change in several
days or longer.

In the current map, it is common to find the gaps between
actual circumstances and the map, which takes days to be
corrected [23]. However, for autonomous driving, any delayed
update for HD map can result in dangerous or even fatal
accidents without human intervention. Therefore, HD map
must be updated in a timely manner.

B. Sensor Systems in Autonomous Vehicles

HD map is inevitable for autonomous driving. How to
generate and maintain this map with abundant dynamic and
static information is challenging. Basically, HD map is mainly
created by on-board sensor data. Typically, there are three main
sensors in automotive vehicles in the present: cameras, Radar
(Radio Detection And Ranging), and LiDar (Light Detection
And Ranging). They allow the vehicle to see and sense
everything on the road, as well as to collect the information
needed in order to drive safely.

• Camera: Autonomous cars often have several smart cam-
eras deployed in front and rear of the vehicle so that a
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TABLE I
PROS AND CONS OF SENSOR SYSTEMS IN AUTONOMOUS VEHICLES

Sensor Strength Weakness
Radar Good ranging accuracy and does not rely on visibility Cannot detect road markings
LiDar Highly accurate ranging Higher cost and less effective in featureless areas (like country roads)

Camera Good object detection Less effective in featureless roads, low visibility scenario (snow, rain, darkness,
Good in tunnels/ urban canyons fog), roads without lane markings, and construction areas

GNSS Good accuracy, Common global reference between Less reliable in high urban canyons
vehicles, Good in low visibility, featureless roads

IMU Good in low visibility, featureless roads Not usable in long tunnels (a few km) due to high drift rate of IMU
Ultrasonic Good in low visibility, featureless roads Need close proximity and slow speeds

E
C
U

RaDar
Sensors

LiDar
Sensors

Ultrasonic
Sensors Camera IMU GNSS

RaDar
Sensors

LiDar
Sensors

Ultrasonic
Sensors Camera IMU GNSS

RaDar
Sensors

LiDar
Sensors

Ultrasonic
Sensors Camera IMU GNSS

Observation 1 Observation 2 Observation 3

Layer-wised 
Transmission

Federated Analytics

ACCIDENT

OBSTACLES
UNEXPECTED 
WEATHER

ROAD WORK

Highly Dynamic Layer

Transient Dynamic Layer

Transient Static Layer

Permanent Static Layer

Fig. 2. Illustration of federated analytics for HD map generation. HD map is mainly created by on-board sensor data, the lower part of the figure shows
the sensor data harvesting process. Since different sensor systems have essential pros and cons, and they are complementary to each other. Processing these
different sensor data can be described by federated analytics. Besides, since different vehicles have different locations and position, the obtained data are
actually captured within a local area due to the limitaion of sensing range. Therefore, to generate a complete HD map, crowdsourcing data from multiple
vehicles are necessary, which is illustrated in the middle part of the figure. Then, since latency demands for each layer in HD map is different, a layer-wise
data transmission will be performed to meet these distinguished requirements, which is illustrated in the upper part of the figure.

360° view of the external environment can be generated
[24]. Unfortunately, these camera sensors are still far
from perfect. Poor weather conditions such as rain, fog,
or snow can prevent cameras from clearly seeing the
obstacles in the roadway.

• Radar: Radar sensors send out radio waves that detect
objects and gauge their distance and speed in relation
to the vehicle in real time. Unlike camera sensors, radar
systems typically have no trouble at all when identifying
objects during fog or rain. But since the sensors only scan
horizontally, which can cause a variety of problems when
driving under bridges or canyons [25].

• LiDar: LiDar sensors work similar to radar systems, with
the only difference being that they use lasers instead of
radio waves. Apart from measuring the distances to vari-
ous objects on the road, LiDar allows creating 3D images
of the detected objects and mapping the surroundings
[26]. The main problem for performance is the same as
camera, i.e., poor weather and visibility can sometimes
block LiDar sensors.

Except for the three kinds of sensors, there are also some
traditional sensor systems, such as

• GNSS: GNSS is the technology that uses satellites con-
stellation to provide autonomous geo-spatial positioning,
navigation, and timing services on a global or regional
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TABLE II
PARAMETER AND SYMBOL DESCRIPTION

Notation Definition
N Total time slots index set.
𝛼 Utility function parameter.
𝛽 Utility function parameter.
𝜌 Utility function parameter.
𝜖 Elasticity.
𝑟𝑢 Relative love of variety for utility function 𝑢.
𝜓 Relative accuracy level.
𝐺 The number of global iterations.
Z Parameter for 𝐺.
𝑘 Constant parameter.
𝐿𝑖 The layer 𝑖 in HD map.
𝑟𝑖 Sensing range of layer 𝑖.
𝐷𝑖 Data size of layer 𝑖.
𝐵 Communication bandwidth.
𝑤 Transmission power.
ℎ Channel gain.
𝑁0 Gaussian noise.
𝜙𝑖 Offloading part percentage for layer 𝑖.
Δ𝑖 Transmission latency for layer 𝑖.
𝑝𝑖 Penalty of layer 𝑖.
𝛾𝑖 Penalty function parameter of layer 𝑖.

basis, which includes the GPS, GLONASS, Galileo,
Beidou and other regional systems.

• Inertial motion units (IMU): IMU is a device including
multi-axea, accelerometers, and gyroscopes that can pro-
vide an estimation of an object movement in space, such
as measures force, angular rate, attitude, and orientation.

• Ultrasonic sensors: Ultrasonic sensors mimic echoloca-
tion used by bats and are able to calculate distance
between objects within short range through transmitting
high-frequency sound waves.

The pros and cons of different sensor systems are summarized
in Table. I.

IV. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, the concept of love of variety is introduced
in Subsection IV-A. We model the utilization of multiple
types of sensors for federated analytics into a love of variety
based utility in Subsection IV-B. Then, the models of HD
map layers and layer-wised transmission are introduced in
Subsections IV-C and IV-D, respectively. The transmission
time based AoI is introduced in Subsection IV-E. Finally, since
different layers of HD map has different delay requirement,
we formulate the HD map transmission penalty minimization
problem from the perspective of AoI in Subsection IV-F. For
a clear understanding of parameters and symbols in this paper,
the main definitions and descriptions are provided in Table II
in details.

A. Love of Variety

Obviously, when performing federated analytics, as illus-
trated in Fig. 2, the results will be better if more types of
sensors are included, e.g., the object detection and ranging can
be accurate in both good visibility and poor weather scenarios.
We assume the electronic control unit (ECU) can perform one
type of data in a specific time slot, and a vehicle has a demand
for multiple varieties of sensor data over time. Therefore, a

Fig. 3. Illustration of RLV.

time vector 𝒕 = 𝑡𝑖∈N can be used to describe the computation
over different sensor systems, where 𝑡𝑖 is denoted as ECU is
executing a specific kind of sensor data during a fixed time
slot, 𝑖 is the time slot index, and N is the total time slots index
set. Apart from the utilization of diverse sensors, the utility of
a vehicle is also related to computation time slot 𝑡𝑖 . Therefore,
the utility function of ECU can be defined as 𝑢(𝑡𝑖), which is a
strictly increasing and concave function and meets 𝑢(0) = 0,
as is suggested in [27]. The general utility function can be
defined as

𝑢(𝑡𝑖) =
1

1 − 𝜌

[
(𝛼 + 𝑡𝑖)1−𝜌 − 𝛼1−𝜌] + 𝛽𝑡𝑖 , (1)

where 𝛼 ≥ 0, 𝛽 ≥ 0, and 0 < 𝜌 < 1 are constant coefficients.
Intuitively, the utilities from computation over different types
of sensors are additive. Overall, the aggregated utility of an
ECU or vehicle is

∑
𝑖∈N 𝑢(𝑡𝑖).

Mathematically, to involve variety, one key challenge is
how to evaluate or quantify the computation ability of an
ECU to hand over computation from sensor data 𝑥 to another
sensor data 𝑦, or how to quantify the diversity of sensor data
computed within a certain time period. Besides, since each
vehicle needs diverse sensor data to obtain more accurate and
effective information for HD map, how to quantify willingness
of exchanging among multiple sensors is also challenging. In
order to solve this problem, we introduce elasticity, whose
definition is shown below.

Definition 1: For two variables 𝑥 and 𝑦, the 𝑥-elasticity of
𝑦 is defined as

𝜖
𝑦
𝑥 = −𝜕𝑦

𝜕𝑥

𝑥

𝑦
. (2)

The interpretation of elasticity is that the percentage change
in 𝑦 is in response to the percentage change in 𝑥. If the value of
elasticity is larger, it means 𝑦 is more sensitive to the change of
𝑥. To quantify the willingness of exchanging among multiple
sensors, the definition of relative love of variety (RLV) is given
as the following.

Definition 2: The vehicle’s relative love of variety is the
elasticity of the marginal utility with respect to the computa-
tion time slot 𝑡𝑖 , which is described by

𝑟𝑢 (𝑡𝑖) = 𝜖𝑢
′

𝑡𝑖
= −𝑢

′′
𝑡𝑖

𝑢′
> 0. (3)

Obviously, from Definition 2, the value of RLV reflects
whether the vehicle is willing to exchange different sensor
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data in consecutive time slots for achieving a higher marginal
utility, as is described in Fig. 3. For case 3, the user changes
consumption among sensor data at the end of time slot 𝑇/3 and
achieves the highest utility 𝑈3. For case 2, the user consumes
two types of sensor data within time 𝑇 and achieves utility
𝑈2. While the user in case 1 keeps the same type of sensor
data throughout time interval and achieves the lowest utility
𝑈1. Besides, it should be noted that the definition of RLV is
with respect to a particular sensor generated data. When we
need to analyze the overall RLV difference among multiple
vehicles, we can utilize the average or summation of RLVs
from all the types of sensor data to describe the overall RLV
level, i.e., �̄� = 1

𝑁

∑𝑁
𝑖=1 𝑢(𝑡𝑖).

B. Data Quality for Federated Analytics

Obviously, when performing federated analytics, the results
will be better if more vehicles with high love of variety unity
are included [28]. Since a higher love of variety utility means
the utilization of number of different sensors is larger. As is
discussed in Subsection III-B, the functionalities of sensors
are complementary to each other. Therefore, higher love of
variety utility means a more accurate HD map can be obtained
or the data quality is better. So we can utilize the utility
value or average RLV to describe the precision or accuracy.
According to [29], for distributed optimization, if the global
optimization problem is strongly convex, the general upper

bound on number of global iteration is
O(𝑙𝑜𝑔 ( 1

𝜓
) )

1−𝜓 , where 𝜓

is relative accuracy level of the local subproblem. Then, the
needed number of global iterations can be given as

𝐺 =
Z · log( 1

𝜓
)

1 − 𝜓
, (4)

where Z > 0 is a constant. It can be seen that for a certain
number of global iterations, the global accuracy level can be
improved (i.e., 𝜓 is close to 0) solving local subproblems
towards high accuracy. However, the inverse dependence on
1 − 𝜓 means that there is a limit to how much the global
accuracy can gain from the high-accurate solutions of the local
subproblems [30]. To obtain 𝜓-accuracy, the global iteration
will always require Z · log( 1

𝜓
) [31].

For federated mechanisms, if the number of participants is
larger, higher accuracy can be achieved when the number of
global aggregation is fixed. Likewise, here, when the number
of types of sensor is larger, the value of RLV or the utility 𝑈

will be larger accordingly. When a desirable accuracy level 𝜓
is given, the needed number of global aggregation will be
less compared with the low average variety vehicle group.
Therefore, for the vehicles with average utility level �̄�, the
needed number of global federated analytics aggregation will
be

𝑆 = ^𝐺

⌈
log( 1

𝜓
)

�̄�

⌉
, (5)

where ^ is a constant such that the given accuracy level 𝜓

can be achieved. Obviously, if the average utility is larger, the
total number of iteration will be less when the global accuracy
level is fixed, as is proved in [28].

C. HD Map Components

Let 𝐿1 (𝑟1), 𝐿2 (𝑟2), 𝐿3 (𝑟3), and 𝐿4 (𝑟4) denote highly
dynamic layer, transient dynamic layer, transient layer, and
permanent static layer, respectively. 𝑟𝑖 is the range that needs
to be updated. Here, 𝑟𝑖 for each layer is different, which means
each HD map layer has an essential requirement for updating
range. For example, for the permanent static layer, the required
info may be “on street A (like several miles long or more),
the speed limit is 50mph”. However, for the highly dynamic
layer, the vehicle needs to know the nearest pedestrian within
several meters or less, which is much more precise than the
permanent static layer requirement. Therefore, the precision
scale from the permanent static layer, transient static layer,
transient dynamic layer, to the highly dynamic layer can be
county wide, region wide, a few blocks wide, to a crossing
wide. Therefore, for each time updating, i.e., performing a
federated analytics global aggregation, the size of each layer
can be represented by

𝐷𝑖 = 𝑘 × 𝑟𝑖 , (6)

where 𝑘 is a constant.
Moreover, in order to achieve 𝜓-accuracy, the total number

of the HD map size will be

𝐷 =

4∑︁
𝑖=1

𝐷𝑖 =

4∑︁
𝑖=1

𝑆𝑘𝑟𝑖 . (7)

Here, the number of components is four, which is because the
number of layers to compose HD map is four, as discussed in
Subsection III-A.

D. Communication Model

Intuitively, since we have different requirements (scale and
time) for different layers. For those with no reporting of
the real-time object layers, e.g. the transient static layer and
permanent static layer, usually with relatively larger required
areas, the updating can be done via the cloud through the back-
haul network. While for those reporting of real-time objects
layers, e.g. the transient dynamic layer and highly dynamic
layer, usually with relatively smaller required regions, the HD
map updating can be done through V2V communication or
edge servers. For the updating part that is transmitted through
the edge server, the transmission rate can be described as

𝑣 = 𝐵 log2

(
1 + 𝑤ℎ

𝑁0

)
, (8)

where 𝐵 is the bandwidth, 𝑤 is transmission power, ℎ is
channel gain, and 𝑁0 is the Gaussian noise. For the updating
that is done by backhaul network, we assume the delay to
transmit a unit size map is a constant 𝑡𝑐, which is typically
larger than 𝑡𝑒.

To update a certain layer, we assume the part transmitted
via edge server is denoted by 𝜙𝑖 ∈ [0, 1]. So in a time period
𝑇 , the total time consumption is

𝑡 (𝜙𝑖) =
4∑︁
𝑖=1

(
𝐷𝑖𝜙𝑖

𝑣
+ 𝐷𝑖 (1 − 𝜙𝑖)𝑡𝑐

)
. (9)
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Fig. 4. Penalty function.

E. Staleness of Information Model

AoI is an end-to-end metric that can be used to characterize
latency in status updating systems and applications [32]. An
update packet with timestamp 𝑎 is said to have age 𝑏 − 𝑎 at a
time 𝑏 ⩾ 𝑎. Here, timestamp 𝑎 denotes the generation time of
HD map and timestamp 𝑏 denotes the reception of updating
[33]. Therefore, the difference 𝑏−𝑎 describes the transmission
time of HD map, i.e., 𝑏 − 𝑎 = 𝑡 (𝜙𝑖). For each composition in
HD map, the updating age Δ𝑖 can be written as

Δ𝑖 = 𝑡 (𝜙𝑖). (10)

Since the delay requirement for HD map updating is very
strict, when the delay becomes larger in a certain time period,
the penalty increases non-linearly at the same time. Therefore,
the staleness of information updating can be defined as

𝑝𝑖 (𝑡𝑖 (𝜙𝑖)) = 𝑡𝑖 (𝜙𝑖)𝛾𝑖 , (11)

where 𝛾𝑖 is the constant and can describe sensitivity of
different HD map layers regarding to delay. The typical cure
of staleness is shown in Fig. 4.

F. Problem Formulation

For an autonomous vehicle, in order to minimize the time
staleness for HD map updating, the problem can be formulated
as

min
𝜙𝑖

4∑︁
𝑖=1

𝑝𝑖

𝑠.𝑡.

4∑︁
𝑖=1

𝐷𝑖𝜙𝑖 ≤ 𝑞,

𝜙𝑖 ⩾ 0,

(12)

where 𝑞 denotes the available computation or storage resources
of edge server. Here, the constrain means the total edge
transmission data of four layers cannot exceed the capacity
of the edge server.

V. DETERMINISTIC CAPACITY CASE

In problem (12), the staleness of each layer is 𝑝𝑖 , which
can be rewritten as

𝑝𝑖 =

[
𝐷𝑖𝜙𝑖

𝑣
+ 𝐷𝑖 (1 − 𝜙𝑖)𝑡𝑐

] 𝛼𝑖

=

[(
1
𝑣
− 𝑡𝑐

)
𝐷𝑖𝜙𝑖 + 𝐷𝑖𝑡𝑐

] 𝛼𝑖

= (𝑎𝑖𝑥𝑖 + 𝑏𝑖)𝛼𝑖 ,

(13)

where 𝑥𝑖 = 𝐷𝑖𝜙𝑖 , 𝑎𝑖 =

(
𝐷𝑖

𝑣
− 𝐷𝑖𝑡𝑐

)
and 𝑏𝑖 = 𝐷𝑖𝑡𝑐 are

layer characteristic constants. Therefore, problem (12) can be
rewritten as

min
𝑥𝑖

4∑︁
𝑖=1

(𝑎𝑖𝑥𝑖 + 𝑏𝑖)𝛼𝑖

𝑠.𝑡.

4∑︁
𝑖=1

𝑥𝑖 ≤ 𝑞,

𝑥𝑖 ⩾ 0.

(14)

To address problem (15), we have the following theorem.
Theorem 1: Let 𝑥∗ be a feasible point of

min 𝑓 (𝑥)
𝑠.𝑡. 𝑔𝑖 (𝑥) ≤ 0, 𝑖 = 1, · · · , 𝑚,

ℎ𝑖 (𝑥) = 0, 𝑖 = 1, · · · , 𝑛,
(15)

where 𝑓 and 𝑔𝑖 are continuously differentiable convex func-
tions over R, and ℎ𝑖 are affine functions. Suppose that there
exsist multipliers _1, · · · , _𝑚 and `1, · · · , `𝑛 ∈ R such that

∇ 𝑓 (𝑥∗) +
𝑚∑︁
𝑖=1

_𝑖∇𝑔𝑖 (𝑥∗) +
𝑛∑︁
𝑖=1

`𝑖∇ℎ𝑖 (𝑥∗) = 0 (16)

and
_𝑖𝑔𝑖 (𝑥∗) = 0, 𝑖 = 1, · · · , 𝑚. (17)

Then 𝑥∗ is an optimal solution of (16).
proof 1: Let 𝑥 be a feasible point. Define the convex function

𝐿 (𝑥) = 𝑓 (𝑥) +
𝑚∑︁
𝑖

_𝑖𝑔𝑖 (𝑥) +
𝑛∑︁
𝑖=1

`𝑖ℎ𝑖 (𝑥). (18)

A feasible point 𝑥∗ is a minimizer of 𝐿, since ∇𝐿 (𝑥∗) = 0 and
in particular 𝐿 (𝑥∗) < 𝐿(𝑥), we have

𝑓 (𝑥∗) = 𝑓 (𝑥∗) +
𝑚∑︁
𝑖

_𝑖𝑔𝑖 (𝑥∗) +
𝑛∑︁
𝑖=1

`𝑖ℎ𝑖 (𝑥∗) = 𝐿 (𝑥∗)

≤ 𝐿 (𝑥) = 𝑓 (𝑥) +
𝑚∑︁
𝑖

_𝑖𝑔𝑖 (𝑥) +
𝑛∑︁
𝑖=1

`𝑖ℎ𝑖 (𝑥)

≤ 𝑓 (𝑥),

(19)

showing that 𝑥∗ is the optimal solution. ■
To find the solution to problem (14), we introduce Lagrange

multiplier _∗ ∈ R for the inequality constraint 𝑥𝑖 ⩾ 0, and a
multiplier `∗ ∈ R for the equality constraint

∑
𝑥𝑖 = 𝑞, i.e.,

𝐿 =
∑︁

(𝑎𝑖𝑥𝑖 + 𝑏𝑖)𝛼𝑖 −
∑︁

_𝑖𝑥𝑖 + `

(∑︁
𝑥𝑖 − 𝑞

)
. (20)

Then, we can obtain the KKT conditions. Firstly, we have the
following lemma.

Lemma 1: Let 𝑥∗ and any (_∗, `∗) be any primal and dual
optimal points with zero duality gap. Since 𝑥∗ minimizes
𝐿 (𝑥, _∗, `∗) over 𝑥, it follows that its gradient must vanish
at 𝑥∗.
Therefore, we have the stationarity condition, which is

𝑎𝑖𝛼𝑖 (𝑎𝑖𝑥∗𝑖 + 𝑏𝑖)𝛼𝑖−1 − _∗𝑖 + `∗ = 0. (21)

The complementary slackness is

_∗𝑖 𝑥
∗
𝑖 = 0. (22)
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Primal feasibility is
𝑥∗𝑖 ⩾ 0, (23)

and ∑︁
𝑥∗𝑖 = 𝑞. (24)

And dual feasibility is

_∗ ⩾ 0. (25)

We can directly solve these equations to find 𝑥∗
𝑖
, _∗, and `∗.

We start by noting that _∗ acts as a slack variable in (17), so
it can be eliminated. So we have(

`∗ + 𝑎𝑖𝛼𝑖 (𝑎𝑖𝑥∗𝑖 + 𝑏𝑖)𝛼𝑖−1
)
𝑥∗𝑖 = 0, (26)

and
`∗ ⩾ −𝑎𝑖𝛼𝑖 (𝑎𝑖𝑥∗𝑖 + 𝑏𝑖)𝛼𝑖−1. (27)

If `∗ < −𝑎𝑖𝛼𝑖𝑏
𝛼𝑖−1
𝑖

, condition (22) can only hold if 𝑥∗
𝑖
> 0.

Solving for 𝑥∗
𝑖
, we conclude that 𝑥∗

𝑖
=

𝛼𝑖−1
√︃

`∗
𝑎𝑖 𝛼𝑖

−𝑏𝑖
𝑎𝑖

. If `∗ >

−𝑎𝑖𝛼𝑖𝑏
𝛼𝑖−1
𝑖

, then 𝑥∗
𝑖
> 0 is impossible, because it would imply

`∗ ⩾ −𝑎𝑖𝛼𝑖𝑏
𝛼𝑖−1
𝑖

> −𝑎𝑖𝛼𝑖 (𝑎𝑖𝑥∗𝑖 + 𝑏𝑖)𝛼𝑖−1, which violates the
complementary slackness condition. Therefore, 𝑥∗

𝑖
= 0 if `∗ ⩾

−𝑎𝑖𝛼𝑖𝑏
𝛼𝑖−1
𝑖

. Thus we have

𝑥∗𝑖 =


𝛼𝑖−1
√︃

`∗

𝑎𝑖𝛼𝑖
− 𝑏𝑖

𝑎𝑖
`∗ < −𝑎𝑖𝛼𝑖𝑏

𝛼𝑖−1
𝑖

,

0 `∗ ⩾ −𝑎𝑖𝛼𝑖𝑏
𝛼𝑖−1
𝑖

.

(28)

Alternatively, we can put in a more simple way,

𝑥∗𝑖 = max

0,
𝛼𝑖−1
√︃

`∗

𝑎𝑖𝛼𝑖
− 𝑏𝑖

𝑎𝑖

 . (29)

Substituting the expression for 𝑥∗
𝑖

into the equality constraint,
we have

4∑︁
𝑖=1

max

0,
𝛼𝑖−1
√︃

`∗

𝑎𝑖𝛼𝑖
− 𝑏𝑖

𝑎𝑖

 = 𝑞. (30)

VI. UNCERTAIN CAPACITY CASE

The previous section discusses the solution to the determin-
istic edge capacity case. However, practically, an edge server
provides services to multiple attached devices simultaneously,
such that the available capacity 𝑞 for the autonomous vehicle
is variational. Therefore, problem (12) can be rewritten as

min
𝜙𝑖

4∑︁
𝑗=1

𝑝𝑖

𝑠.𝑡.

4∑︁
𝑖=1

𝐷𝑖𝜙𝑖 ≤ Δ𝑞,

𝜙𝑖 ⩾ 0,

(31)

where Δ𝑞 denotes the uncertainty of available capacity. In this
section, the uncertain capacity allocation case is discussed.
Subsection VI-A introduces the method using the Wasserstein
distance to mathematically describe the ambiguity. Then, a
distributionally robust chance constrained optimization based
method is introduced to solve the uncertain capacity allocation
problem in Subsection VI-B.

A. Wasserstein Distance Based Ambiguity Set

Assuming ambiguity set Δ𝑞 follows a distribution, a natural
way to hedge against the distributional ambiguity is to consider
a neighborhood of the empirical probability distribution. Con-
sidering the discrepancy-based ambiguity sets: we introduce
ambiguity sets based on probability distance:

P = {𝑃 : 𝑑 (𝑃𝑁 , 𝑃) ≤ 𝜖}, (32)

where 𝑃𝑁 is empirical probability for capacity 𝑞 distribution,
𝜖 is radius. 𝑑 (𝑃𝑁 , 𝑃) is the metric to measure the similarity or
distance of two distributions, and one of the most commonly
used methods is the Wasserstein distance, which is defined as
follows.

Definition 3: The Wasserstein metric 𝑑𝑊 : M(Ξ)×M(Ξ) →
R is defined by

𝑑𝑊 (Q1,Q2) := inf
∫
Ξ2

∥b1 − b2∥Π(𝑑b1, 𝑑b2), (33)

for all distributions Q1,Q2 ∈ M(Ξ), where ∥ · ∥ represents an
arbitrary norm on R𝑚, Π(Q1,Q2) is the the set of all possible
joint distributions of Q1 and Q2. b1 and b2 are the samples
under joint distribution Π.

With the Wasserstein metric, the Wasserstein distance based
ambiguity set can be defined as

B𝜖 (𝑃𝑁 ) =
{
Q ∈ M(Ξ) : 𝑑𝑊 (𝑃𝑁 ,Q) < 𝜖

}
. (34)

The ambiguity set 𝑄 can be viewed as a Wasserstein ball
which contains all probability distributions whose Wasserstein
distance to the empirical distribution 𝑃𝑁 is less than 𝜖 [34].
The Wasserstein ball contains all possible probability distri-
butions. Q will include the true distribution with a higher
probability. Under a common light tail assumption on the
unknown data-generating distribution, this ambiguity set offers
attractive performance.

B. Distributional Robust Chance Constrained Optimization

With the Wasserstein metric, problem (13) can be refor-
mulated as the following Distributional Robust Chance Con-
strained Optimization (DRCCO) form:

min
𝑥

𝑐𝑥

𝑠.𝑡. 𝑥𝑖 ∈ 𝑆,

inf
𝑃∈P

𝑃
{
b̃ : b̃ ≤ 𝑏(𝑥)

}
⩾ 1 − 𝜖,

(35)

where vector 𝑥 ∈ R𝑛 denotes the decision variables, vector
𝑥 ∈ R𝑛 is the objective function coefficients, set 𝑆 ⊆ S𝑛 is
the deterministic constraints on 𝑥, and the last constraint is a
chance constraint specified by the ambiguity set. Therefore,
the second constraint is also named the distributionally robust
chance constraint (DRCC). DRCC requires all of the uncertain
constraints satisfied for all the probability distributions from
ambiguity set 𝑃 with a probability at least (1 − 𝜖), where
𝜖 ∈ (0, 1) is the specified risk tolerance [35]. The feasible
region induced by DRCC is defined as

𝑍 :=
{
𝑥 ∈ R𝑛 : inf

𝑃∈P
𝑃{b̃ : b̃ ≤ 𝑏(𝑥)} ⩾ 1 − 𝜖

}
. (36)
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Firstly, by using the strong duality result from [36], (36)
can be reformulated by the following theorem.

Theorem 2: Set 𝑍 is equivalent to

𝑍 =


𝑥 ∈ R𝑛 :

𝛿 − 𝜖𝛾 ≤ 1
𝑁

∑︁
𝑗∈[𝑁 ]

𝑧 𝑗 ,

𝑧 𝑗 + 𝛾 ≤ max
{
𝑏(𝑥) − Z 𝑗 ,∀ 𝑗 ∈ [𝑁],

}
,

𝑧 𝑗 ≤ 0,∀ 𝑗 ⊆ [𝑁], 𝛾 ⩾ 0.


.

(37)
Further, we can reformulate set 𝑍 in (37) as a mixed integer

program as below [37].
Lemma 2: For DRCCO with right-hand uncertainty, sup-

pose that there exists an 𝑀 ∈ R𝑁
+ such that

max
𝑖∈[𝐼 ]

max
𝑥∈𝑍

{
|𝑏(𝑥) − Z 𝑗 |

}
≤ 𝑀 𝑗 , (38)

for ∀ 𝑗 ∈ [𝑀]. Then set 𝑍 is mixed integer representable, i.e.,

𝑍 =


𝑥 ∈ R𝑛 :

𝛿 − 𝜖𝛾 ≤ 1
𝑁

∑︁
𝑗∈[𝑁 ]

𝑧 𝑗 ,

𝑧 𝑗 + 𝛾 ≤ 𝑠 𝑗 ,∀ 𝑗 ∈ [𝑁]
𝑠 𝑗 ≤ 𝑏(𝑥) − Z 𝑗 + 𝑀 𝑗 (1 − 𝑦 𝑗 ),∀ 𝑗 ∈ [𝑁],
𝑠 𝑗 ≤ 𝑀 𝑗 𝑦 𝑗 ,∀ 𝑗 ∈ [𝑁],
𝛾 ⩾ 0, 𝑧 𝑗 ≤ 0, 𝑠 𝑗 ⩾ 0, 𝑦𝑖 ∈ {0, 1},∀ 𝑗 ∈ [𝑁] .


.

(39)
However, the scale of programming (39) is large, which

is difficult to meet the real-time requirements of HD map
updating. Therefore, to quickly find a feasible solution needs
to be considered. According to [38], the feasible set 𝑍 can
be reformulated as descriptions by a conditional-value-at-risk
(CVaR) constrained set. Regarding a random variable �̃� , the
(1 − 𝜖)-value at risk (VaR) of �̃� is

VaR1−𝜖 ( �̃�) = min
{
𝑧 : 𝐹�̃� ⩾ 1 − 𝜖

}
, (40)

where 𝐹 is the cumulative distribution function of �̃� , defined
by 𝐹�̃� = 𝑃{�̃� ≤ 𝑧}. And the (1 − 𝜖)-CVaR is defined as

CVaR1−𝜖 ( �̃�) = min
𝛽

{
𝛽 + 1

𝜖
E𝑃

[
�̃� − 𝛽

]
+

}
. (41)

It is observed that, for any random variable �̃� , we have

CVaR1−𝜖 ( �̃�) ≤ CVaR1 ( �̃�) := ess.sup( �̃�). (42)

Then the feasible solution can be approximated by the follow-
ing theorem.

Theorem 3: Set 𝑍 can be inner approximated by

𝑍𝑅 =

{
𝑥 ∈ R𝑛 :

𝛿

𝜖
+ Z 𝑗 ≤ 𝑏(𝑥),∀ 𝑗 ∈ [𝑁]

}
. (43)

proof 2: Because CVaR1−𝜖 [− 𝑓 (𝑥, Z)] ≤
ess.sup [− 𝑓 (𝑥, Z)], where Z is a random vector, the feasible
set 𝑍 can be inner approximated as

𝑍𝑅 =

{
𝑥 ∈ R𝑛 : 𝑃Z

{
𝑓 (𝑥, Z) ⩾ 𝛿

𝜖

}
= 1

}
. (44)

By using the definition of 𝑓 (𝑥, Z), i.e.,

𝑓 (𝑥, Z) = min
{
min
𝑥

max{𝑏(𝑥) − Z, 0},min
𝑥

𝜒{𝑥:𝑏 (𝑥 )<0} (𝑥)
}
,

(45)

TABLE III
PARAMETERS SETTINGS

Parameters Value
RLV Parameter 𝑎 1
RLV Parameter 𝑏 0
RLV Parameter 𝜌 0.5
Global accuracy index 𝜓 0.1
Global accuracy parameter Z 10
Global iteration parameter ^ 10
HD map parameter 𝑘 10
HD map size parameter 𝑟1, 𝑟2,
𝑟3, and 𝑟4

2, 3, 4, and 5 𝑀𝐵/𝑚2

Bandwidth 𝐵 10𝑀𝐻𝑧

Transmission power 𝑤 23 𝑑𝐵𝑚

Channel gain ℎ 16
Gaussian Noise 𝑁0 -96 𝑑𝐵𝑚

Penalty parameters for four
layers 𝛼1, 𝛼2, 𝛼3, and 𝛼4

4, 3, 2, and 1

where the characteristic function 𝜒𝑅 (𝑥) = ∞ if 𝑥 ≠ 𝑅 and 0,
otherwise. Also, because of the fact that 𝛿

𝜖
> 0, we can arrive

(44).■
In Theorem 3, it can be proved that set 𝑍𝑅 is a subset of

he feasible region induced by a regular chance constraint, i.e.,
𝑍𝑅 ⊆ 𝑍 [38].

VII. SIMULATION RESULTS

In this section, the simulation is performed for deter-
ministic and uncertain capacity cases in Subsections VII-A
and VII-B, respectively. The experiments are conducted on
MATLAB platform. The RLV based utility function is defined
as 𝑢(𝑡𝑖) = 2 × (1 + 𝑡𝑖)0.5 − 1, by setting 𝑎 = 0, 𝑏 = 1,
and 𝜌 = 0.5, as is suggested in [27]. For the federated
analytics parameter settings, considering existing work [39],
the constant parameter of iteration upper bound of federated
analytics Z is 20. The global accuracy index for federated
analytics is 0.1. The parameters that denote HD map data size
𝑘 is set as 10. The updating range for four layers are set as 2,
3, 4, and 5 𝑀𝐵/𝑚2, respectively. As for the communication
model, as suggested in [3], the bandwidth 𝐵 is 10 𝑀𝐻𝑧. The
transmission power is 23 𝑑𝐵𝑚. The channel gain is 16. The
Gaussian noise power is -96 𝑑𝐵𝑚. And for the penalty function
parameters, 𝛼1, 𝛼2, 𝛼3, and 𝛼4 are set as 1, 2, 3, and 4, for the
highly dynamic layer, transient dynamic layer, transient layer,
and permanent static layer, respectively. Overall, the general
model parameter settings are summarized in Table III.

A. Deterministic Capacity Case

In this case, we firstly assume there are four vehicles in
total, which will consume a random number of sensor data
from the six types of sensors as introduced in Subsection
III-B. We increase the edge server capacity, like available
storage, from 100 MB to 1,000 MB by step 100 MB and
the results are shown in Figs. 5 and 6, respectively. Fig. 5
illustrated the variation of allocation percentage of each HD
map layer to the edge server. Obviously, the highly dynamic
layer always has priority to consume the edge server resources
and is the first one that achieves the 100% edge resources
allocation at 300 MB capacity, followed by the transient
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Fig. 5. Edge server allocation percentage with different edge server capacity.
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Fig. 6. The AoI penalty with different edge server capacity.

dynamic layer at 500 MB, the transient static layer at 800
MB, and the permanent static layer at 1000 MB, respectively.
This is understandable because each layer has different latency
requirements. For example, the highly dynamic layer, which
consists of surrounding vehicles and pedestrians, is much more
latency-sensitive than the permanent static layer which consists
of road signs. Correspondingly, the penalty assigned to the
highly dynamic layer will be more than the permanent static
layer with regard to the same time delay. Typically, we set
the penalty function to the highly dynamic layer, transient
dynamic layer, transient static layer, and permanent static
layer as quadruplicate, cubic, quadratic, and linear functions,
respectively, which gives rise to the allocation priority order
as in Fig. 5. In the beginning, when the edge server resources
are limited, only the highly dynamic layer is able to consume
the resources because small latency will result in the fourth
power penalty. Thereafter, when the resources are plentiful,
all of the four HD map layers can be transmitted via the edge
server.

This change can also be demonstrated by Fig. 6, which
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Fig. 7. Edge server allocation percentage with different global accuracy index.
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Fig. 8. The AoI penalty with different global accuracy index.

shows the overall penalty and penalty of each layer. Generally,
all of the curves indicate decreasing trend with the increase
of edge server capacity. Because when the edge resources
are more sufficient, more HD map data will be transmitted
through the edge server such that the transmission delay can be
reduced, resulting in the reduction of AoI penalty. In addition,
we can see that the drop point of the highly dynamic layer
AoI penalty is 100 MB edge capacity, 200 MB edge capacity
for the transient dynamic layer, 300 MB edge capacity for
the transient static layer, and 400 MB edge capacity for the
permanent static layer, which also keeps consistent with the
allocation priority order mentioned above.

Next, because the required HD map accuracy is crucial for
federated analytics based HD map generation, we also explore
the impact of the global accuracy index 𝜓 on the performance.
In this case, we keep the edge server capacity at 400 MB.
The global accuracy index 𝜓 increases from 0.1 to 0.5 by
step 0.1, which represents local accuracy decreases gradually.
The corresponding results are illustrated in Figs. 7 and 8. In
Fig. 7, we can see that the overall trend is the percentage of
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Fig. 9. Edge server allocation percentage with different average utility �̄�.
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Fig. 10. The AoI penalty with different average utility �̄�.

each layer allocated to edge server transmission increases with
the increase of the global accuracy index. Since a high global
accuracy index indicates a low local accuracy. Therefore, to
achieve the required precision, the needed number of global
aggregation will be less due to a lower accuracy desire.
Accordingly, the generated data size will be reduced, resulting
in a larger percentage of HD map data allocated to the edge
server with a certain volume of capacity. Hence, with only 400
MB available capacity, all of the four layers can realize full
edge server transmission with a lower accuracy expectation,
i.e., 𝜓=0.5. In addition, similarly, because of the differences
of the penalty functions, the allocation priority order still
exists, where the highly dynamic layer has the highest priority,
followed by the transient dynamic layer, transient static layer,
and permanent layers. As for the results in Fig. 8, obviously,
the AoI penalty decreases with the increase of global accuracy
index for all cases. The reason is the same as the explanation
for Fig. 7. The number of global aggregation will be reduced
due to a lower accuracy requirement. As a consequence, the
generated data size will be smaller, resulting in a lower trans-
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Fig. 11. Edge server allocation percentage with different number of vehicles.
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Fig. 12. The AoI penalty with different number of vehicles.

mission latency and AoI penalty. Also, this result reveals that
a trade-off can be made between accuracy and transmission
delay so the decisions can be adjusted for cases with specific
requirements.

Intuitively, HD map generation heavily relies on crowd-
sourcing vehicle sensor data. Therefore, we also discuss the
influence of different average utilities among HD map alloca-
tion and the AoI penalty. In this part, we keep the available
edge server capacity as 400 MB and the global accuracy index
as 0.1. The average utility is increased from 1 to 3 by step 0.5.
The results are shown in Figs. 9 and 10. In Fig. 10, we can see
the allocation percentage increases with the increase in average
utility. This is because when the average utility is larger, the
needed number of federated analytics aggregation will be less
regarding a given accuracy level. Thus, the data size that needs
to be transmitted will be less as well, resulting in lower latency
and AoI penalty. Likewise, in any case, the highly dynamic
layer is always allocated the majority of edge resources, which
brings into correspondence with previous experiments. Also,
the penalty is illustrated in Fig. 10. The AoI penalty decreases
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TABLE IV
RESULTS FOR UNCERTAIN CAPACITY CASE

Parameter Optimal Solution CVaR Model Random
𝜖 𝛿 Opt.Val Time (s) Value Gap Time (s) Value Gap Time (s)

0.05 0.01 32.57 4.73 32.93 1.11% 0.05 36.49 12.04% 0.02
0.05 0.02 32.57 2.32 33.02 1.38% 0.06 33.69 3.44% 0.02
0.1 0.01 32.57 9.16 32.97 1.23% 0.06 36.03 10.62% 0.02
0.1 0.02 32.57 10.85 33.68 3.17% 0.05 34.87 7.06% 0.02

with the increase of average utility �̄�. Since a higher average
utility leads to smaller data size, the reduction in transmission
time will bring less AoI penalty.

In addition, we investigate on the impact of number of
vehicles. We set the edge server capacity as 700 MB. The
global accuracy index 𝜓 is o.1. We increase the number of
vehicles from 4 to 8 by step 1. Fig. 11 shows the percentage
allocation with the increase of number of vehicles. All the
curves shows a decreasing tendency. This is because when the
more and more vehicles try to connect with edge server for
uploading data, the limited capacity cannot meet all of the
layers latency requirements of all the vehicles. But the highly
dynamic layer always has the priority to be offloaded to the
edge server, even when the number of vehicle achieves 7, the
highly dynamic layer will be transmitted 100 percent, which
is also in accordance with previous findings. Fig. 12 illustrates
the tendency of the AoI penalty with the increase of vehicles.
All of the curves show an increasing trend because the limited
capacity cannot handle all the layers transmission when the
vehicle number is sufficiently large. Besides, another thing is,
regarding the amplitude of change, the highly dynamic layer
is the most significant one. Since the highly dynamic layer is
the most latency-sensitive one compared with the other layers.
When the latency increases, the corresponding penalty will
increase exponentially.

B. Uncertain Capacity Case

In this subsection, we will use the CVaR based inner
approximation to estimate the uncertain capacity case. The
mean value of edge server capacity is set as 400 MB. The risk
parameter 𝜖 is chosen from {0.05, 0.1}. And the Wasserstein
distance 𝛿 is set as {0.1, 0.02}. The number of instances 𝑁 is
10. In addition CVaR based inner approximation, we also use
random strategy to act as a comparison method. Also, since
we can refer to the optimal solution from the deterministic
case, the optimality gap can be adopted as the evaluation
metric, which is defined as GAP =

|Value - Opt.Val |
Opt.Val , where Value

indicates the inner approximated AoI penalty and the Opt.Val
is the optimal AoI penalty based on the deterministic case.
The results are shown in Table IV.

Generally, we can see that no matter for CVaR model based
approximation or random strategy, they have a certain amount
of accuracy gap regarding optimal solution. The CVaR model
is usually 1% − 3% away from the optimality. However, the
optimality gap for random strategy varies a lot, where the
least one is 3.44 % and the largest one is 12.04%, because the
allocation percentage is randomly determined. Therefore, in
terms of approximation accuracy, CVaR model is better. Since

the existence of uncertainty, the optimality gap is inevitable but
1% − 3% difference is also acceptable. In addition, the results
for CVaR model shows that the least gap is achieved when 𝜖 =

0.05 and 𝛿 = 0.01 while the largest gap comes from the case
with 𝜖 = 0.1 and 𝛿 = 0.02. This is also understandable because
the larger value indicates a more relaxed or larger ambiguity
space. If the 𝜖 is smaller, the risk tolerance is smaller as well,
so high risk instances will be exempted. While for 𝛿, if the
number is larger, the radius of the uncertain Wasserstein ball
is larger, which increases the ambiguity level.

Another thing that needs to be noted is the execution time.
To obtain the optimal solution, the time consumption can
be up to 10 seconds. However, the CVaR model execution
time is typically less than one second. The reason behind
this might be CVaR model is a second-order conic program-
ming and does not involve any binary variables. Therefore,
for time-sensitive applications, the CVaR model based inner
approximation can be an effective approach for the trade-off
between time consumption and accuracy. Additionally, random
strategy achieves the lowest execution time because it does
not solve any complex programming but randomly chooses a
percentage within the given range. Overall, the results in Table
IV demonstrate that the CVaR model based approximation
is able to find near-optimal solutions with much less time
consumption.

VIII. CONCLUSION

As a latency-sensitive application, HD map transmission
needs to be performed in a timely manner. This paper in-
vestigates an information staleness minimization problem for
federated analytics based HD map generation and layer-wise
transmission offloading. Fortunately, emerging MEC provides
a low-latency paradigm for data transmission. But the avail-
able edge computing resources may be variational practically.
Therefore, this paper discusses two cases, i.e., the deterministic
edge capacity case and the uncertain edge capacity case. For
the deterministic edge capacity case, the optimal solution is
obtained analytically. The influence of different edge server
capacity, federated analytics accuracy, vehicle utility, and
number of vehicles are also discussed. For the uncertain edge
capacity case, the problem is reformulated into a DRCCO
optimization problem and solved by the CVaR model based
approximation. The experiments demonstrate the CVaR model
based approximation is able to find near-optimal solutions with
much less time consumption.
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