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High-definition (HD) maps serve as crucial infrastructure for autonomous driving technology, facilitating vehicles in

positioning, environmental perception, and motion planning without being affected by weather changes or sensor-visibility

limitations.
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1. Introduction

In the late 20th century, manual mapping methods were gradually replaced by digitalized cartography . With the

continuous increase in urbanization and the widespread use of automobiles, there has been a substantial rise in

transportation demands, leading to the emergence of navigable digital road maps . At the same time, with the

development of information and communication technology, sensor technology, and artificial intelligence, the field of

autonomous driving technology has rapidly progressed. According to the Society of Automotive Engineers (SAE) J3016

standard, there are six levels in vehicle automation from L0 to L5 . As autonomous driving technology advances from L2

to beyond L3, it imposes higher demands on navigable digital maps. High-definition (HD) maps have emerged and have

gradually become a fundamental component of autonomous driving technology .

HD maps are specialized electronic maps primarily used for advanced driver-assistance systems (ADAS) and

autonomous driving. They contain rich, high-precision geographical road information and are stored and managed in

standardized formats . As shown in Figure 1, HD maps generally consist of road networks, lane information, localization

features, and traffic infrastructure details. The road network primarily describes the geometric and attribute information

related to roads, such as road types, grades, and widths. Lane information focuses on specific lane markings, detailing

lane direction, numbers, and speed limits within each lane. Localization features encompass points used by autonomous

vehicles for positioning, including their location, type, texture, and shape. The signal layer contains geometric and

semantic information about traffic signs, traffic lights, and specific road markings, detailing their types, heights, and other

characteristics. The road network in HD maps aids autonomous vehicles in global navigation and path planning. Lane

information is utilized for fine-grained, lane-level path planning in autonomous driving . Localization features and

signals assist autonomous vehicles in environmental perception and achieving high-precision positioning .

Figure 1. The main contents of HD maps.

As an indispensable component of autonomous driving, the production and updates of HD maps significantly influence the

development of autonomous driving technology. Research institutions, autonomous driving companies, and map

producers are actively involved in the research and development of HD maps. Companies such as HERE, TomTom, and

Waymo offer HD maps covering major highways globally, provide detailed lane information in key cities worldwide, and

supply Advanced Driver-Assistance System (ADAS) maps with global coverage .
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There are two commonly used methods for producing and updating HD maps. The first method involves using mobile

mapping systems (MMS) equipped with high-precision light detection and ranging (LiDAR), high-definition cameras, and

accurate positioning devices to collect data in specific areas . Subsequently, the collected data undergo processing and

feature extraction to generate HD maps. This approach is known as centralized production and the updating of HD maps.

While maps produced using this method exhibit high accuracy, they require expensive sensors and skilled professionals

to conduct map acquisition and production. With advancements in sensor technology, the cost of cameras and global

navigation satellite system (GNSS) positioning devices has decreased. Consequently, more vehicles are equipped with

these sensors, enabling partial implementation of advanced driver-assistance features. Simultaneously, these sensors

can be utilized for data collection and perception. The collected data are transmitted to the mapping cloud platform for

data cleaning, fusion, and information extraction, facilitating updates to HD maps. This approach, known as the

crowdsourced updating of high-definition maps, eliminates the need for expensive sensors and allows for large-scale map

updates. However, compared to centralized methods, this approach involves a more complex technical path.

Some map providers adopt a combination of centralized and crowdsourced methods for real-time updates of HD maps.

For instance, HERE MMS for collecting foundational HD maps employs crowdsourced vehicles equipped with visual

sensors to update road information in real time. Other map providers opt for a single crowdsourced updating approach to

build HD maps. For example, Mobileye has introduced a method called Road Experience Management (REM), wherein

road information is crowdsourced through vehicle-mounted cameras and deep-learning technology is utilized to recognize

and collect various types of road information. Compared to centralized updating methods, crowd-sourced updating

methods have advantages such as a lower cost and higher update frequency, as shown in Table 1. Therefore, the

crowdsourced approach has gradually become the primary method for HD map updates.

Table 1. Comparison of HD map-update methods.

  Centralized Update Crowdsourced Update

Sensors High-precision sensors
(LiDAR, stereo camera, GNSS, IMU)

Low-precision sensors
(GNSS, camera)

Accuracy Centimeter level Decimeter level

Update Frequency Low-update frequency
(Quarterly/monthly)

High-update frequency
(Monthly/weekly/daily)

Cost High cost Low cost

With the advancement of autonomous driving technology, HD maps have gained significant attention. Liu et al. presented

a literature review of HD maps, focusing on HD map structure, functionalities, accuracy requirements, and standardization

aspects . Bao et al. introduced the concept of HD maps and their usefulness in autonomous vehicles and provided an

overview of HD map-creation methods . Elghazaly et al. provided a review of the applications of HD maps in

autonomous driving and reviewed the different approaches and algorithms to build HD maps .

2. The Framework of Crowdsourced Updating

With the decreasing cost of sensors, an increasing number of vehicles are equipped with various sensors to record the

vehicle-driving status to ensure driving safety. For instance, some taxis are equipped with GNSS receivers, while other

vehicles may have dashcams. Moreover, the rise of intelligent driving has led to a growing number of vehicles that

integrate multiple sensors, including cameras, LiDAR, and radar, enabling autonomous driving capabilities. The

crowdsourced updating method leverages the sensors mounted on vehicles to collect real-time data on vehicle-positioning

trajectories and road-sequence imagery, enabling the real-time perception of lane markings, traffic signs, and other

elements. The gathered diverse and dispersed data are centrally processed through a map cloud-service platform. A

series of algorithms involving data cleaning, data fusion, information extraction, change detection, and map updating are

applied to analyze and process the crowdsourced data. This process enables rapid updates of HD maps, which are then

transmitted to autonomous vehicles to assist in lane-level navigation, high-precision positioning, environmental

perception, and path planning, as shown in Figure 2. Therefore, the key technologies involved in crowdsourced updating

methods encompass data collection, real-time environmental perception, data processing, and change detection. These

technologies synergistically contribute to constructing the crowdsourced updating system for HD maps.
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Figure 2. The overall framework of crowdsourced updates for HD maps.

3. Crowdsourced Data Collection for HD Maps Updating

Data collection is the primary step in crowdsourced updating, with an emphasis on cost-effectiveness. While, theoretically,

any vehicle equipped with sensors could contribute to the crowd-sourced updating of HD maps, the current trend leans

toward utilizing public buses or taxis, which are equipped with standard sensors such as IMU, GNSS, and cameras, to

address computational resource constraints and privacy considerations. Some HD map providers, like HERE, employ

advanced sensors such as LiDAR or radar for crowd-sourced data collection. As depicted in Figure 3, IMUs and GNSS

receivers are capable of collecting vehicle-trajectory data, cameras gather road-image sequences, and LiDAR and radar

sensors capture point-cloud data of the road.

Figure 3. Crowdsourced updating sensors and data.

3.1. GNSS-Based Data-Collection Methods

As the cost of positioning devices decreases, most vehicles such as buses and taxis are now equipped with GNSS

devices capable of recording the time, speed, and position information of vehicles. These data are commonly referred to

as floating car data (FCD), offering advantages of broad coverage and real-time capabilities . Leveraging abundant

FCD not only facilitates the acquisition of lane information but also allows for inferring changes in road usage, such as

traffic congestion, road closures, and temporary restrictions. These data serve as foundational support for the dynamic

updating of HD maps.

According to the sampling frequency, FCD can be categorized into high-frequency and low-frequency types. High-

frequency FCD usually have a sampling rate higher than 1 Hz, while low-frequency FCD are typically collected every 10–

60 s. In general, high-frequency FCD are often sourced from high-precision GNSS recorders or smartphones. High-

precision GNSS recorders can achieve sampling frequencies of 10–100 Hz and positional accuracy up to 3 m.

Smartphones, on the other hand, typically have sampling frequencies ranging from 1 Hz to 5 Hz, with positional accuracy

slightly lower than high-precision GNSS recorders but still reaching up to 5 m . Dolancic et al. utilized devices with
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diverse spatial and temporal resolutions to collect GNSS trajectories, enabling the derivation of the topology and

geometric information required for high-accuracy lane maps . Arman et al. proposed a method that is capable of

identifying lanes in highway segments based on GPS trajectories. The GPS data were collected through the Touring

Mobilis smartphone app Be-Mobile. It includes time, coordinates, speed, and headings, and it is stored at 1 Hz frequency

. High-frequency FCD typically possesses superior spatiotemporal resolution and provides more accurate speed and

acceleration information, enabling the extraction of more precise road details. However, this data-collection method

increases energy consumption and demands larger storage space for trajectory data. Additionally, high-frequency GNSS

receivers are relatively expensive.

Low-frequency FCD typically originate from public transportation vehicles such as taxis and buses. The sampling

frequency for this type of data generally falls within the range of 10 s to 60 s, with positioning accuracy ranging from 10 m

to 30 m . Li et al. proposed a method that utilizes FCD data collected from taxis in Wuhan to detect auxiliary lanes

at intersections . Similarly, Kan et al. proposed a method to detect traffic congestion based on FCD data collected by

taxis, with a sampling frequency of 60 s . The acquisition of low-frequency FCD is characterized by extended time

intervals, contributing to reduced energy consumption and minimized data volume. However, this method yields trajectory

data with lower spatial and temporal resolution, leading to limited precision in extracting road information.

In summary, high-frequency FCD data provide higher accuracy and detailed road information. In contrast, low-frequency

FCD data often contain more noise, requiring data cleaning before acquiring map information. While FCD serve as a

crucial data source for multi-source updated HD maps, it is essential to note that both low-frequency and high-frequency

GNSS data may exhibit accuracy instability. This instability can be attributed to factors such as weather, obstruction, or

signal reflection, limiting the accuracy of the information obtained. Moreover, while FCD data can typically capture road

geometry, inferring specific semantics and attribute information can be challenging. To meet the requirements of HD

maps, crowdsourced updating necessitates richer and more precise data.

3.2. Camera-Based Data-Collection Methods

For the crowdsourced updating of HD maps, existing research tends to favor the use of low-cost industrial cameras

combined with GNSS receivers to gather road data. This approach allows for the capturing of richer details of the roads.

The vision-based crowdsourced data-collection method can be classified based on the number of cameras used as either

monocular-vision or stereo-vision approaches. Additionally, depending on whether calibration is required between the

cameras and GNSS receivers, these methods can be further categorized into those that require calibration and those that

do not.

Monocular vision is a prevalent method for crowdsourced data collection due to its light weight, easy installation, and cost-

effectiveness. However, this approach cannot directly capture depth information of the scene. To achieve more accurate

3D road reconstruction, single-camera systems typically integrate with Inertial Navigation Systems (INS) or wheel

encoders . For instance, Guo et al. proposed a low-cost scheme for extracting lane information for HD maps. The

authors utilized vehicles equipped with standard GPS, INS, and a real camera to collect road-image data during daily

driving activities while synchronizing the vehicle’s trajectory . Jang et al. also proposed a method for automatically

constructing HD maps using a monocular camera setup. Their approach involved obtaining odometry data from the wheel

encoder of the vehicle, estimating the vehicle’s position, and detecting HD maps information from the obtained images .

Today, some massive commercial vehicles are equipped with onboard sensors such as IMU, GPS, wheel encoders, and

cameras, which can gather substantial road-related data for crowdsourced updates to HD maps , as shown in Figure
4a. Bu et al. utilized a monocular camera setup with a GPS system onboard a commuter bus traveling between downtown

Pittsburgh and Washington, Pennsylvania, to autonomously detect changes in pedestrian crosswalks at urban

intersections . Moreover, Korean IT company SK Telecom installed camera devices to collect crowdsourced data,

which are called the Road Observation Data (ROD) on public buses in Seoul. Kim et al. used this data to update lane

information for HD maps . Apart from buses, many private vehicles and ride-hailing cars are also equipped with

cameras , at present as shown in Figure 4b. Yan et al. cooperated with automobile manufacturers to collect image or

video data, along with GPS information during driving, with the users’ consent to update lane information in HD maps .

[22]

[23]

[24][25][26]

[24]

[25]

[27][28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]



Figure 4. The monocular vision-based crowdsourced collection devices. (a) Crowdsourced collection device installed on

buses ; (b) crowdsourced collection device installed on ride-hailing cars .

Utilizing monocular vision for crowdsourced data collection offers a cost-effective solution that can be easily deployed on

various types of vehicles. This method is well-suited for large-scale crowdsourced data-collection projects, allowing for the

capturing of a substantial amount of road information in a relatively short time. However, it lacks the ability to directly

acquire in-depth information about the scene. To address this limitation and enhance the construction of HD maps, the

integration with other sensors becomes necessary.

The aforementioned methods all require calibration to obtain the intrinsic and extrinsic parameters of the monocular

camera. This step is necessary to transform the extracted local HD map information from the camera coordinate system

to the 3D geographic coordinate system through perspective transformation. However, the process of camera calibration

typically demands expertise, relying on experimentation and calculations to acquire the camera’s intrinsic and extrinsic

parameters. Therefore, some researchers have proposed HD map-construction methods that do not rely on the intrinsic

and extrinsic parameters of cameras or smartphones . Chawla et al. proposed a method for extracting 3D

positions of landmarks in HD maps . This approach is used only on a monocular color camera and GPS without

assuming the known camera’s intrinsic and extrinsic parameters. Methods that do not require calibration simplify the

deployment process of monocular camera setup and make it easier to install on different platforms. However, the absence

of calibration may result in the inaccurate estimation of the camera intrinsic and extrinsic parameters, impacting the

accuracy and precision of the collected data. To address this issue, more complex post-processing is needed to correct

distortions in the images.

The monocular camera-based method faces limitations in practical application due to constraints related to the field of

view, weather conditions, and variations in lighting. Consequently, some scholars have opted for stereo-vision approaches

for crowdsourced data collection, aiming to enhance the accuracy of the collected data . Jeong et al. utilized a

vehicular setup equipped with a forward-looking stereo ZED camera, an IMU, and two wheel encoders to extract lane

information for HD maps . Lagahit et al. utilized a custom-made stereo camera comprising two Sony α6000 cameras to

update HD maps of traffic cones . Compared to monocular cameras, the use of stereo cameras allows for more

accurate and detailed information in HD maps. Monocular cameras, when using data from a single trip, are susceptible to

road obstructions and variations in lighting conditions, making it challenging to meet the accuracy requirements for HD

maps. Hence, it is necessary to cluster data from multiple trips to compensate for their accuracy limitations. However,

monocular cameras are relatively inexpensive and easier to deploy on various types of vehicles, facilitating a more

widespread adoption for updating HD maps through crowd-sourced means.

3.3. LiDAR-Based Data-Collection Methods

LiDAR creates point-cloud data by emitting laser beams and measuring their return time, capturing both static and

dynamic information on roads. Compared to GNSS-based and camera-based data-collection methods, LiDAR achieves

higher accuracy in information acquisition. However, due to the higher cost, LiDAR-based data-collection methods are

less commonly used for crowdsourced updates in HD maps. Instead, they are often integrated into MMS for centralized

data collection in HD map creation. However, there are still some researchers using LiDAR for crowdsourced updates of

HD maps. Dannheim et al. proposed a cost-effective method for constructing HD maps . They employed post-

processing algorithms to extract HD map information formed from data collected by a LiDAR, three cameras, a GNSS

receiver, an IMU to gather data, and the vehicle’s CAN BUS. Kim et al. utilized low-cost GNSS and various specifications

of LiDAR for crowdsourced data collection in a simulated environment. This enabled the updating of point-cloud maps in

HD maps . Liu et al. developed an acquisition component that consists of LiDAR and RGB-D cameras to update the

dynamic information in HD maps in real time .

The high cost of LiDAR has impacted its application in crowdsourced updating for HD maps. However, with advancements

in sensor technology, the cost of LiDAR is decreasing, especially with the emergence of solid-state LiDAR. While there is
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limited existing research on crowdsourced data collection based on LiDAR, it holds potential for application in updating

HD maps through crowdsourcing efforts. Furthermore, radar data have received relatively less emphasis due to limited

semantic analysis and lower resolution. However, the emergence of novel radar technologies introduces prospects for its

application in crowdsourced updates of HD maps.

This section discusses various crowdsourced data-collection methods from a sensor perspective, categorizing them into

three types: GNSS-based methods, camera-based methods, and LiDAR-based methods. Each method has its own

advantages and disadvantages, as shown in Table 2. The GNSS-based method is cost-effective, easy to deploy in

various vehicles, has extensive coverage, and updates rapidly. However, it suffers from lower accuracy and lacks detailed

information about the lanes and traffic signs. Solely relying on GNSS data is challenging to meet the requirements for HD

map updates. The LiDAR-based approach offers higher accuracy and is less affected by changes in environmental

lighting. Nevertheless, it faces the challenge of high costs and difficulty in widespread adoption in crowdsourced vehicular

platforms. The combined GNSS data-and-camera-based crowdsourced data-collection method is currently the

mainstream approach. It has relatively lower costs, is easily scalable, and, although it is susceptible to environmental

changes, the increase in data volume helps compensate for this issue.

Table 2. Comparison of crowdsourced data-collection methods.

  GNSS-Based Camera-Based LiDAR-Based

Advantages Cost-effective, extensive coverage,
updates rapidly

Cost-effective, easily scalable,
information-abundant

hHgh accuracy and
robustness

Disadvantages Low accuracy, limited information
content Environmentally sensitive High cost, difficulty in

widespread

The collection of crowdsourced data employs a decentralized approach, gathering road information from various types of

sensors. There exist inconsistencies in both the methods and accuracy of data collection among different vehicles and

devices. Additionally, different vehicles might have distinct formats and coordinate systems. Hence, research into

algorithms for aligning and integrating crowdsourced data is crucial for the crowdsourced updates of HD maps.
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