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Abstract: Innovative geospatial solutions are necessary to tackle complex environmental
challenges. Mobile mapping systems (MMSs) are such key innovations emerging in this
effort. MMSs, with a wide range of applications, significantly impact our increasingly
developed data collection technologies by enhancing our understanding of the environment,
enabling us to create more detailed models of natural resources, and optimizing the way
we live on Earth. In this paper, we present and analyze recent advancements in MMS
technologies, focusing on computational and modeling aspects, as well as the latest state-
of-the-art sensor, hardware, and software developments. Special attention is given to the
trends observed over the past decade, supported by a review of foundational literature.
Finally, we outline our vision for the future of MMS, offering insights into the potential for
further research and the exciting possibilities that lie ahead in this rapidly evolving field of
science and technology.

Keywords: mobile mapping systems; UAV, multi-camera systems; LiDAR; sensor;
deep learning

1. Introduction

Our living environments are intricate ecosystems that encompass various elements,
including people, infrastructure (such as roads and buildings), living organisms (like trees,
forests, and lakes), and diverse non-homogeneous components (such as street furniture
and light poles). These dynamic ecosystems require continuous observation, planning,
and management (OPM) to ensure sustainable development and effective functioning.
Established principles for preserving natural resources [1] necessitate the integration of
specific geospatial technologies that provide a suite of scientific and engineering tools
essential for monitoring and maintaining ecosystems. Among geospatial tools, mobile
mapping systems (MMSs) stand out as advanced solutions capable of efficiently collecting
large volumes of diverse, non-homogeneous data, which are crucial for various OPM
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applications. By integrating MMSs into geospatial workflows, we can significantly enhance
our ability to manage and sustain the complex environments in which we live.

The evolution of MMS technologies flourished nearly three decades ago, pioneered
by research organizations and technological companies worldwide. A key milestone
in this evolution was the global positioning system (GPS), which became fully opera-
tional in 1993 [2], followed by other global navigation satellite systems (GNSS), including
GLONASS, Galileo, and BeiDou [3]. The earliest MMS solutions [4] typically consisted of
a GNSS receiver, an inertial measurement unit (IMU), and 360° cameras utilizing direct-
georeferencing techniques [5]. Initially, the outputs from these systems were wide-angle
(360-degree) stitched photographs [6] tagged with location data. Those images were dis-
played on online platforms, allowing users to virtually explore unseen locations—a trend
that even continues today. Figure 1 demonstrates a graphic of a recent iteration of one of
the most successful MMSs developed to capture 360-degree images [7].

Figure 1. A mobile mapping system was developed by Google to be mounted on a car. The
customized LiDAR configurations in Google’s car show how the system is designed for collecting
suitable data for 360 virtual tour web-portal.

Virtual tours have gradually become one of the most accessible technologies for virtu-
ally navigating in major cities worldwide. As MMS technologies have advanced, they now
offer far more than just 360-degree imagery; they provide highly detailed spatial data and
models that enhance applications in urban planning [8], infrastructure management [9], and
environmental monitoring [10]. This ongoing evolution continues to push the boundaries
of how we explore and manage our ecosystems.

Development of MMSs requires vast knowledge about sensors, calibration methods,
hardware, and software. The evolution of MMSs has been driven by the integration of
advanced sensors such as multi-camera setups, LIDARs, and GNSS and IMUs, which have
enabled the collection of high-resolution, multi-spectral, and spatially accurate data.

Among the suite of sensors used in modern MMSs, cameras play an indispensable
role [11]. The advent of digital photography has revolutionized this field, making digital
cameras essential sensory elements in any MMS. Photogrammetry and computer vision
have developed in tandem, addressing similar challenges such as camera lens distortion
modeling, structure from motion (SfM), and pattern recognition and classification problems.
These two fields are deeply intertwined, with numerous methods created under different
terminologies yet targeting common problems [12].

Today, MMSs integrate complex sensor models for multi-camera setups and other
sophisticated settings, enhancing their functionality. Typically, multiple cameras are em-
ployed in an MMS to capture a comprehensive view of the surrounding environment [13].
These setups often include a combination of projective, fisheye, or wide-angle cameras,
together providing 360-degree coverage. The number and arrangement of cameras can
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be customized to meet specific challenges and requirements, enabling innovative camera
placement scenarios.

Different camera types are designed to capture specific portions of the electromagnetic
spectrum. While red, green, and blue (RGB) cameras are the most common and affordable
type used, specialized cameras—such as hyperspectral, multi-spectral, and infrared—are
employed for specific applications like material classification or thermal measurement [14].
Calibrating spectral measurements is discussed in radiometric photogrammetry, which
deals with the complexities of light emission, reflection, and absorption, alongside the
technical challenges of calibrating devices that measure various spectral bands [15]. This
field is crucial for ensuring the accuracy of data collected by MMS, particularly when
working with spectral information.

Another key measurement method used in MMSs is based on laser technology [16],
which was first discovered in 1960. This discovery was soon followed by the invention of
light detection and ranging (LiDAR) in 1962. Within a decade, LiDAR found significant real-
world applications; notably, it was utilized during the Apollo mission (15-17) in 1971-1972
for planetary measurements and estimating the spacecraft’s distance from the Moon [17].
Over the next two decades, increasingly sophisticated LiDAR systems emerged for scientific
and engineering applications. Despite their high costs, LIDAR sensors revolutionized MMS
technologies by providing precise, high-quality 3D data of the environment [18]. This
breakthrough enabled the development of complex MMS setups that addressed specific
needs and paved the way for the upcoming digital revolution [19].

The evolution of MMSs can be divided into several key phases: the discovery of
pulsed laser technology, the advancement of digital photogrammetry and computer vision
techniques, maturation of GNSS and LiDAR sensors, and breakthroughs in computational
resources and machine-learning methods. Together, these advancements have enabled
MMSs to become powerful tools for capturing and analyzing spatial data, transforming
fields such as urban planning, environmental monitoring, and infrastructure management.
The integration of LiDAR into MMSs has profoundly impacted the geospatial industry,
allowing for detailed modeling of objects and landscapes and expanding possibilities for
future innovations.

One of the key direct outputs of employing MMS is its ability to provide location
awareness through the fusion of diverse sensors, a fundamental concept required by
many modern industries and technologies, such as robotics and autonomous vehicles [20].
Location awareness refers to a computer system’s ability to understand the geometric
complexities of its operating environment. Even when the sensors and related software
are not explicitly labeled as part of an MMS, these technologies often function as critical
subsystems within larger, more complex systems. Consequently, advancements in the
MMS field—such as data standardization, new sensor development, innovative calibration
techniques, sensor fusion, and efficient computational hardware—can significantly benefit
a wide range of applications. These improvements enhance the precision, speed, and
consistency of systems reliant on spatial awareness, driving progress in sectors such as
robotics, navigation, and automation.

The development of low-cost sensors and miniaturized platforms has democratized
access to MMS technology, making it available for a broader range of users, from researchers
to everyday consumers. One notable trend is the miniaturized MMSs integrated into
consumer mobile phones. This innovation has attracted significant investments and is
expected to rapidly bring complex MMS technology into the hands of millions of everyday
users. As this trend continues, it promises to revolutionize how individuals interact with
spatial data, opening new possibilities in navigation, augmented reality, and personal
mapping applications.
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A beneficial classification of MMSs could be done by considering possible platforms.
An MMS could be installed on a variety of stands, each tailored for specific environments,
e.g., a backpack or trolley-based MMS is designed to operate in indoor settings or natural
environments such as forests, where specific mobility is essential [21-23]. Vehicle-mounted
MMS platforms are optimized for large-scale data collection in urban areas, facilitating
efficient mapping of cities. UAV MMSs are designed to be light-weight for large-scale aerial
data capturing. Miniaturized platforms, such as smartphones equipped with MMS sensor
technologies [24,25], are developed for general-purpose applications, making spatial data
collection accessible to everyday users across various contexts. While MMSs conceptu-
ally encompass all sensor-mounted mobile platforms—including UAVs, handheld SLAM
devices, and shoulder-borne systems—this review primarily focuses on vehicle-borne
MMSs due to their maturity, widespread adoption in geospatial industries, and capacity to
integrate multi-sensor suites (e.g., LIDAR, GNSS, IMU, and multi-camera arrays). Where
relevant, comparisons are drawn to UAV or portable systems to highlight technological
synergies or trade-offs. This scope allows for an in-depth analysis of calibration, sensor
fusion, and standardization challenges specific to large-scale, high-accuracy applications in
urban and environmental domains.

A significant recent development in the MMS industry is related to the advancement of
machine learning (ML) methods, particularly as part of artificial intelligence (AI) technolo-
gies, which have seen substantial progress since the early 2000s. Deep learning methods
have provided MMS developers with powerful ML tools, unlocking new possibilities for
real-time data processing and analysis [26]. The integration of Al and ML methods has
opened new frontiers in real-time data processing, object detection, and autonomous navi-
gation, further expanding the potential applications of MMS. Applications such as real-time
pedestrian detection, autonomous vehicle recognition, high-speed image matching, and
road sign detection represent just a few of the many potential uses [27,28]. MMS now serves
as critical data providers for these Al-driven applications, offering high-quality spatial data
that enhances the accuracy and functionality of ML models. The integration of Al and ML
into MMS technologies is expected to continue driving innovation, transforming industries
such as autonomous driving, urban planning, and smart city development.

Currently, numerous commercial and research prototypes of MMSs are tailored for
specific applications; however, a significant challenge remains: the lack of standardization
in MMS design and protocols [29]. This inconsistency hinders the scientific community’s
ability to fully leverage customizable MMS technologies. The objective of this work is to
review and compare existing state-of-the-art MMS technologies, highlight some important
recent advancements, and propose a standardized framework for customizable MMS. The
discussions in this work will hopefully facilitate the development of more advanced MMS
systems, enhancing their functionality and broadening their applications.

This paper is structured into four main sections. Section 2 provides a brief overview of
recent technological and methodological advancements in sensor development. Section 3
reviews and compares the latest experimental, scientific, and commercial MMS technolo-
gies. The most important recent applications of MMS technologies are reviewed and stated
in Section 4. Finally, the most important leading factors, such as lack of standardization
and the possible future direction of the MMSs, are discussed in Section 5. This compre-
hensive approach seeks to enhance the usability and effectiveness of MMSs across various
research contexts.

2. Sensors

There are a variety of different sensors in an MMS, each of which is considered for
a specific task, including data acquisition, localization, or environmental observation.
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Therefore, creating an MMS requires extensive knowledge about sensors. The aim of this
chapter is to state and summarize some key recent advancements in sensor developments
that are most beneficial for creating an MMS. Table 1 lists the most important sensors
employed in an MMS. In this table, the relevant technologies for each sensor are listed. In
the following section, we review each sensor in detail.

Table 1. List of different technologies employed in sensors used in a mobile mapping system. On
each section, similar technologies are painted in the same color.

Sensor Technologies
Compeass,
Magnetometer,
Accelerometer, Mechanical
pressure,
Temperature
Ultrasonic Electrical Flash light
Differential RTK PPP PPP-RTK NRTK
GNSS i-
Multi . Multi-antenna
constellation
Mechanical FOG MEMS RLG
MU
Kalman Filter
Non-scanning Non-mechanical =~ Multi-temporal Hyper
temporal
LiDAR OPA
Scanning Mechanical Motorized
Optomechanical
RGB Multi-fish
Infrared Multi-camera HHHsheye
RGB-D Multi-projective
Camera

Geometric Radiometric
Calibration calibration Pl

2.1. Global Positioning

Real-time precise positioning is a fundamental requirement for any MMS. This capabil-
ity relies on global positioning, which is achieved by measuring distances to primary satel-
lite constellations: GPS, GLONASS, Galileo, and BeiDou. The GPS constellation, launched
in 1993, consists of 31 satellites orbiting approximately 20,200 km above the Earth’s surface.
GLONASS contains 24 operational satellites [30]. Since 2011, the GLONASS constellation
has provided full global coverage with satellites positioned at around 19,100 km [31]. The
Galileo system includes 24 active satellites, with plans to expand to 26 in the future. Lastly,
BeiDou operates with 35 satellites located at an altitude of 35,800 km. Most commercial
GNSS receivers are capable of utilizing all four constellations, significantly enhancing the
accuracy of global localization.

An observer needs signals from at least four satellites to estimate their position accu-
rately; however, obtaining signals from more satellites enhances the precision of global
positioning. Two primary types of observations used in GNSS signal processing are carrier
phase and pseudorange measurements, both of which involve unknown biases. Achieving
high accuracy and precision in location awareness is facilitated by techniques such as
real-time kinematic (RTK) positioning, precise point positioning (PPP), and the hybrid
PPP-RTK method.
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In RTK, one or more reference stations are used, typically located within 15 km, to pro-
vide atmospheric corrections, resulting in high positional accuracy. Higher accuracies are
possible by employing multi-constellation RTK [32]. To address the limitation of short dis-
tances between a rover and reference station, network RTK (NRTK) extends the operational
range to hundreds of kilometers [33]. On the other hand, PPP achieves centimeter-level
accuracy by recording measurements over longer durations without relying on ground
stations [34,35]. The PPP-RTK method combines the advantages of both RTK and PPP,
allowing for real-time high-accuracy localization [36]. Furthermore, the multi-constellation
PPP-RTK technique demonstrates extremely low initialization times of less than one second
while still achieving centimeter-level positioning accuracy [37].

In addition to 3D localization, GNSS could be employed in an MMS for other tasks
such as estimating its attitude or multi-sensor synchronization. Multi-antenna GNSS config-
urations offer the capability for accurate attitude estimation [38]. It has been demonstrated
that a dual-antenna setup with a 1 m baseline can achieve attitude estimations with an
accuracy of 0.6 degrees [39]. Sophisticated installations have been developed to meet spe-
cific requirements, e.g., Zhang et al. [38] utilized a four-antenna configuration with a 0.3 m
baseline designed for smaller vehicles and unmanned aerial vehicles (UAVs). Additionally,
a multi-antenna GNSS integrated with an IMU has been reported to provide azimuth
estimation quality comparable to that of differential GNSS/IMU configurations [40]. A par-
ticularly efficient setup, utilizing three antennas with a double differencing (DD) technique,
demonstrated a standard deviation of 0.02 degrees for the heading angle [41]. These ad-
vancements highlight the potential of multi-antenna GNSS systems in enhancing navigation
accuracy in various MMS applications.

2.2. Inertial Measurement Unit (IMU)

An IMU works based on gyroscopic principles. A gyroscope is defined as a solid object
rotating at a high angular velocity around an axis going through its body. A gyroscope is
usually bundled with a mechanical instrument called Cardan suspension that allows it to
freely rotate without applying noticeable force on the rotating body. If the internal frictions
of a gyroscope are ignored, the gyroscope’s rotation will last forever based on Newton’s
second law. The rotating body preserves its orientation in space as long as no external force
applies; therefore, the rotating angles (Euler angles) could be measured by observing the
Cardan suspension mechanism.

Four main classes of IMU have been developed and employed in the MMS industry.
The first class is mechanical IMUs, which are based on a gyroscope supported by the
suspension mechanism as described above [42]. The second class is based on the Sagnac
effect [43]. In 1923, French physicist Georges Sagnac observed an interesting phenomenon:
the phase between two light beams traveling on opposite sides of a ring changes when an
angular velocity applies. This phenomenon called the Sagnac effect is the basis for fiber
optic gyroscope (FOG) IMUs [44]. To create a FOG IMU, two light beams are considered
to travel in a medium such as a mirror-based path or optical fibers. Then the phase shift
between two lights is measured. This shift directly relates to the angular velocity. Usually,
three optical fiber loops are considered perpendicular to each other to measure independent
rotation angles.

The third class of IMUs is based on micro-electro-mechanical system (MEMS)
technology [42,45], which combines electrical and mechanical parts into very small-scale
productions. MEMS IMU technologies enable significant savings in the space required in
comparison to mechanical and FOG IMUs. MEMS IMUs need to be accurately calibrated
for different temperatures, since their behaviors change due to the environmental changes.
MEMS IMUs are noticeably less expensive than the aforementioned classes; therefore, many
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novel recent applications arise for them. Some examples of MEMS IMUs could be seen in
works such as in Kyynédrdinen et al. [46]. The fourth class of IMU works based on ring laser
gyroscope (RLG), which is based on the Sagnac effect, similar to FOG IMUs [47].

In addition to a gyroscope, a modern IMU usually contains other components such as
accelerometers, barometers, and magnetometers.

An accelerometer measures the force applied on the sensor in a specific direction.
Two main classes of accelerometers exist: closed loop [48,49] and open loop [50]. In close-
loop accelerometers, a mass body is placed on the sensor, and the movement of the mass
body is observed. Therefore, closed loops are less expensive and easier to build. Open-
loop accelerometers work on the concept of maintaining the position of the mass body
by applying a specific amount of current as magnetic force; e.g., therefore, closed-loop
accelerometers are more accurate and more expensive to build.

A barometer is a sub-component of an IMU measuring air pressure that is used to esti-
mate the approximate altitude of the IMU device. The altitude is required for magnetic shift
estimation. There are different sensor principles to measure pressure. A comprehensive
review could be seen in works such as Kumar and Tanwar [51] or Fiorillo et al. [52].

A magnetometer is employed when absolute orientations of an IMU are required.
The Lorentz force principle [53] is employed in MEMS magnetometers as the base law.
There is a shift between geographical altitude and magnetic altitude that is compensated
by employing a suitable magnetic model such as the world magnetic model [54].

Calibrating an IMU usually requires a precise rotating table whose orientations and
forces are precisely controlled by electro-mechanical servo motors. The standard calibration
process involves accessing very accurate readings of the table and subsequently adjusting
IMU readings to their relevant reference values [55]. The calibration process is usually
performed for different temperature settings, since IMU behavior (especially for MEMS
IMUs) could be temperature dependent. Despite the robust nature of the mentioned
calibration schemes, they require accessing expensive calibration mechanisms; therefore,
other practical calibration methods, such as calibration with fixed location [56], have been
developed by researchers.

2.3. Camera

Cameras are central in almost any MMS design. A camera senses a specific or multiple
parts of the electromagnetic spectrum. Cameras could be classified based on different
technical criteria, one of which is capturing configuration that makes two classes of global
and roller shutter cameras [57]. The first category deals with simultaneously reading the
pixel grid, while the second refers to sequential readings. Global shutters are more desirable
for MMS applications since they are less sensitive to movement of a platform [58]. Most
MMS cameras are equipped with an external trigger mechanism (wired or wireless) that
enables time-accurate image capturing [59]. Accurate triggering is absolutely necessary
for precise synchronization of MMS components. Cameras’ optical system design deals
with the placement and configuration of a set of lenses to adjust certain optical parameters
such as field of view, etc. Usually, a fixed-lens camera is more suitable for an MMS since
geometric properties of the perspective geometry are preserved in comparison to a variable
focal-length lens system that is more complex and inaccurate [60].

In camera systems used in MMSs, usually several electromagnetic bands are observed.
Multi-band cameras are usually designed in three fundamental approaches. In the first
approach, a multi-spectral filter array is used to take a series of exposures using a tunable
filter [61]. The second approach is to use a camera array, where each camera is assigned to
take records of a specific band in the electromagnetic spectrum [62]. In the third approach,
multiple pixels are designed to capture different bands of an approximate pixel location [63].
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In addition to having multi-band settings, designing a suitable viewing angle is an
important factor to be considered in MMSs with cameras. One way to achieve wide
viewing angles is by employing multi-camera systems that are used when a single camera
is not sufficient to cover a designed field of view or not suitable to cover the designed
electromagnetic spectrum. Instead, a set of cameras is employed for applications such
as wide imaging [64]. Former specifications enabled MMS designers to employ complex
multi-band multi-directional cameras that brought unseen possibilities for tasks such as
environmental monitoring and material classification.

Geometric calibration of a general multi-camera is possible by employing the following
collinearity equation

F((IOP) 10 R ) Bim2n Ricw ) s (X0) gt X(1m0) X)) = 0, (D)

where (IOP), is the interior orientation parameters of i’ camera, R; is relative orienta-
tions of i" camera in the camera frame, R; is relative orientation of the camera system
at time (t), (Xp), is the relative position of center of the local coordinate system defined
for the camera system at time (t), and finally, X and x are object coordinates and image
coordinates, respectively.

Using cameras in MMSs provides a type of location awareness, since images could be
processed to estimate a local positioning. In this sense, cameras could be placed in the same
category as IMUs, because image locations and orientations could be accurately estimated
with some degrees of uncertainty. Techniques such as SfM, aerial triangulation, or stitching
could be employed to provide a trajectory of a sequence of images.

2.3.1. Camera Calibration

Camera calibration is the process of estimating internal, structural, external, radiomet-
ric, and systematic characteristics of a single or multi-camera. These calibration methods
could be classified in two separate schemes: geometric [65] and radiometric [66].

Geometric camera calibration is the process of determining intrinsic, structural, ex-
trinsic, and systematic parameters of a camera to accurately connect 3D object points to
their corresponding 2D image points [67]. Intrinsic parameters involve the camera’s lens
characteristics, such as focal length, principal point, and distortion coefficients, which ac-
count for lens distortion and other optical aberrations [68]. Structural parameters deal with
the internal configuration of a multi-camera. Stability analysis of multi-cameras deals with
studying structural changes of a multi-camera during the time [69]. This analysis is essen-
tial for efficiently employing a multi-camera in an MMS. Extrinsic parameters describe the
camera’s position and orientation in the environment, defining how it is situated relative to
the objects it captures. Systematic calibration involves aligning the cameras with respect to
other MMS components. This aspect of the calibration ensures a robust fusion of different
information, allowing data from MMS sensors to be fused into a cohesive representation.
Accurate calibration is critical because it ensures that each data point captured by other
components aligns with its corresponding pixel location in the captured images. Geometric
camera calibration usually involves capturing images of a known calibration body, such
as a checkerboard or coded targets, from different angles [70]. By analyzing these images,
algorithms can calculate parameters of complex transformations that map 3D points in the
world coordinate system to their corresponding 2D projections in the images.

Radiometric calibration is the process of adjusting and modeling a camera’s response
to light to accurately represent the intensity values of the scene [66]. Unlike geometric
calibration, which focuses on the spatial arrangement of pixels, radiometric calibration
addresses how pixel intensities correspond to actual physical radiance values [71]. Radio-
metric camera calibration includes correcting for non-linearities in the camera’s response,
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exposure settings, lens vignetting, and sensor noise. By modeling these factors, radiometric
calibration ensures that each pixel’s intensity in an image accurately reflects the real-world
brightness, allowing for consistent comparisons across images taken with different expo-
sure settings or cameras. Radiometric calibration usually requires a special test field that
brings the calibration process under a constraint-controlled environment [72].

2.3.2. Simultaneous Localization and Mapping (SLAM)

Photogrammetric and 3D-vision principles provide a mathematical formulation to
estimate locations and orientations of images in different settings without essentially re-
quiring additional information from other sensors. Simultaneous localization and mapping
(SLAM) is basically a wide concept that refers to finding the camera position and orientation
while collecting geometric information, usually as a sparse point cloud of the scene [73].
It enables cameras to act as localization sensors, especially in situations where no other
reliable source of acquiring location information is accessible. An image-based SLAM could
be implemented in different ways, e.g., visual odometry methods such as bundle block
adjustment (BBA) could be used to estimate camera and scene parameters through an opti-
mization process [74]. In general, a SLAM problem could be addressed by diverse camera
configurations and other sensors. In monocular (or single-camera image-based) SLAM, a
set of images from only one camera are given, while the trajectory of the moving camera is
in question [75]. Camera-based SLAMs could be enabled also with other camera settings,
including stereo, RGB-D, and multi-cameras. Knowing parameters such as the interior
orientation of cameras or the internal structure in the case of using multi-cameras is of high
importance and could significantly increase the reliability of the output SLAM algorithms.
Examples of camera-based SLAM could be seen, e.g., in works of Campus et al. [76] or
Murai et al. [77].

Image-based SLAM is usually implemented by sequentially finding tie points between
images, creating stereo pairs, solving relative orientation between pairs of images, and
combining image pairs to create a network of images in an efficient way. Usually, a
set of image-based tie points is translated into a sparse point cloud that represents the
environment of the SLAM system. Local optimization by employing BBA helps to reduce
the effect of noise and build a robust estimation; however, geometric constraints such as
loops could significantly help the SLAM system to mitigate the effect of additive errors.

Deep learning gradually finds its way into image-based SLAMs, e.g., DROID-SLAM
proposed by Teed and Deng [78] employed a neural network for monocular, stereo, and
RGB-D SLAMs. An overview of deep-learning SLAMs could be seen, e.g., in Li et al. [79].

2.3.3. Automatic Image Registration and Image-Based Point Cloud Generation

Automatically connecting two or more images is a fundamental photogrammetry and
computer vision problem [80]. Two-dimensional image-point connections are called tie
points. Automatic tie-point extraction is a process involving finding optimum image point
positions that are less susceptible to affine or projective transformations (localization) and
finding correct matches between subsequent or overlapping images [81]. Multi-modal
image registration is a more demanding task that has recently received attention [82]. Most
photogrammetric processing steps require robust image registration; therefore, the existence
of blunders could significantly affect the subsequent processing steps. In image registration,
filtering of false matches is performed by employing techniques such as random sampling
consensus (RANSAC), where a wide variety of kernel functions could be selected to adapt
the solution to a specific situation of a problem (see, e.g., [83,84]).

On the other end of the photogrammetric processing chain lies image-based point
clouds that are considered the foremost output of this process. A chain of analysis (e.g.,
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applying classifiers) is expected to be followed afterwards. Point-cloud generation requires
dense matching between all image pairs that have some level of overlap. Therefore, the
quality of a photogrammetric point cloud directly depends on factors such as the geometric
strength of intersections [85] and the correctness of image matches. Several technologies
could be used to produce image-based point clouds, e.g., global and semi-global matching
techniques [86] use network optimization strategies to find matches between stereo pairs,
or ML-based methods use different approaches such as hidden Markov model (HMM) to
addpress this problem. This problem could also be cast into a semi-supervised classification
problem that could be addressed by employing neural networks [87].

Despite the clarity of the photogrammetric intersection concepts, extraction from a
single image without using the intersection principle is also possible, e.g., techniques such
as shape from shading [88] or deep learning could be employed to approximate building
heights in aerial photos. Similar research outputs, such as cross-domain diffusion [89], try
to use the same principle to create neural networks that can generate 3D information by
employing highly trained non-linear classifiers.

2.3.4. Why Are Cameras Almost Always Required?

Cameras, as lightweight and cost-effective sensors, play a vital role in MMSs due to
their versatility and the wide range of data that can be extracted from images. For instance,
image classification methods are significantly easier to implement for object recognition
compared to processing LiDAR point clouds. Additionally, cameras complement LiDAR
data by adding rich visual information, such as color and texture, to the point clouds. This
integration enhances the overall quality and usability of the collected data, making cameras
an essential component of most MMSs. Their ability to provide both visual and spatial
context ensures that MMSs can deliver comprehensive and detailed representations of
the environment.

2.4. Light Detection and Ranging (LiDAR)

LiDAR is one of the most important components of most MMSs. LiDAR is able to
efficiently collect 3D information from the surrounding environment. Current applications
of LiDAR are vast, since it provides highly accurate distance measurements. Employing
LiDAR in different architectures, such as mirror-based configurations [90] or arrays of
rotating sensors [91], enables 2D and 3D measurements. The sensor principle behind
measuring the position of a 3D point by LiDAR is based on emitting laser beams toward a
target and measuring the time it takes for the light to travel and bounce back after hitting a
surface, providing precise distance measurement [18]. These 3D points could be combined
to form detailed point clouds. A scanned area could be represented in high resolution with
digital twins such as the LiDAR point clouds [92].

LiDAR systems can operate at various wavelengths, typically in the near-infrared
spectrum for terrestrial mapping [93], but green (532 nm) wavelengths are also used for
bathymetric LIDAR [94], which penetrates water bodies. The first demonstrated LiDAR
application was in meteorology [95]. It has applications across multiple domains, such as
autonomous vehicle navigation [96], where it aids in object detection and environment
mapping, and topographic and forest canopy studies [97,98]; it is also used in many other
applications, such as urban planning [99], enabling infrastructure assessment and site
analysis [100,101]. The accuracy of LiDAR data is influenced by factors such as the laser
pulse frequency, angle of incidence, atmospheric conditions, and the reflectivity of the
scanned surfaces, which necessitates advanced calibration and processing techniques to
maximize its utility in complex environments [102].
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Generating a photogrammetric point cloud usually needs considerable computation
power and requires a certain amount of post-processing time. In general, LiDAR fills
the computational-cost gap, since the collection of dense point clouds does not require
high computational power. Despite this advantage, LIDAR in no possible way could be
considered a replacement for the camera systems that exist in MMSs. Still, the cameras
provide a practical form of information that is much better in many applications, such as
object detection and visual presentation. If relative orientations and translations of LIDAR
become known with respect to the cameras, and an accurate synchronization between
LiDAR points and camera shots exists, a data fusion approach could be achieved to bring
the power of both data sources under a unique 2D-3D presentation umbrella, where
every image point is connected to its 3D object point. In the post-processing phase, many
sophisticated geometric operations are applied to a point cloud, e.g., the number of points
is efficiently reduced [103], or the point clouds are converted into mesh forms that are more
suitable for visualization [104].

2.4.1. Geometric Calibration of LIDARs

Three calibration schemes could be considered for a LIDAR system including internal
calibration of laser components, relative calibration of LiDAR with respect to other sensors,
and time synchronization. Usually, the first calibration scheme is performed by the sensor
manufacturer; however, the second and third schemes seem absolutely necessary for MMS
developers to integrate and employ LiDARs.

2.4.2. LiDAR Camera Calibration

Two main strategies exist to find relative orientations and positions of a LIDAR with
respect to a camera. The first strategy relies on using targets that could be extracted
from LiDAR point clouds and images. The second approach relies on optimizing the
time-dependent data from both sources by automatic registration schemes, e.g., a pho-
togrammetric point cloud could be registered on a LIDAR point cloud by employing point
cloud registration methods [105]. Alternatively, a photo-realistic presentation of the point
cloud could be used to generate an artificial synthetic image [106]. Image registration
methods [107] could be subsequently applied to find common points between images and
LiDAR point clouds.

2.4.3. LIDAR-SLAM

Similar to the cameras, LIDARs could be employed to find the trajectory of an MMS.
One approach is to sequentially register LIDAR point clouds (see e.g., [108]) to form a robust
path of the moving platform. LiDAR SLAM, despite being extensively successful, suffers
from a lack of preserving global accuracy over long baselines; however, this approach could
be considered as a valuable alternative localization solution under specific circumstances,
e.g., when a GNSS signal is temporarily lost for a short period of time or in situations where
no other localization method exists at all. In such scenarios, SLAM approaches are useful.
In a more comprehensive scenario, a combination of GNSS, IMU, LiDAR, and cameras
could be used for a complex multi-sensorial location awareness.

2.5. Robotic Operating System (ROS)

Robotic operating system (ROS) is the most recent effort to create a modular software
platform that encompasses the need for integrating sensor components of a robotic sys-
tem. ROS has the ability to be considered as the software bed for any MMS. Despite its
wide applications in robotics, its capacities are still unknown to many MMS developers.
Numerous studies have demonstrated the applicability of ROS in handling large volumes
of data in an integrated sensor configuration. There are two generations of ROS. The first
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generation (ROS 1) was primarily developed with the basic needs such as quality and
performance requirements [109]; however, some challenges such as visualization, control,
and navigation led to the development of the second ROS project (ROS 2), which started
from scratch to address ROS 1’s shortcomings. ROS 2 is now the absolute foundation of
most technological projects involving robotic-level complexities [110].

3. Mobile Mapping Systems
3.1. MMS Research Outputs

An MMS could encompass any of the aforementioned sensors in an integrated hard-
ware and software environment. There should be a precise synchronization mechanism
for ensuring the timely capturing of data frames from non-homogeneous sensors. In this
context, MMS acts similar to a body if we may call sensor components separate organisms.
Therefore, an MMS needs a brain to analyze data that comes from the nervous system to
the central processing unit, filter outliers, merge data, add value to the sensor outputs by
fusing non-homogeneous components, and produce required higher-level outputs by its
ML methods.

Many attempts have been made to create commercial and research-based MMSs, all
of them following relatively similar design and implementation concepts while widely
varying based on the philosophy that MMSs are based upon. Therefore, it seems that MMS
designers need to follow standard manufacturing protocols to build compatible systems.

3.2. Custom MMS Configurations

Numerous studies demonstrated custom MMS configurations for specific applications,
e.g., a multi-camera MMS [85] has been developed by the Finnish Geospatial Research
Institute (FGI) for urban mapping. A customized MMS with one rotary LiDAR on a side,
one MEM LiDAR in front, a LadyBug V5 multi-camera, GNSS, and IMU is shown in
Figure 2a. Two custom MMS developed by FGI are demonstrated in Figure 2b,c. In this
figure, LIDAR-based MMS without a camera is demonstrated. Portable MMS designs for
flexible usage by an operator without a need for a car platform are an interesting topic that
is followed by many research works; e.g., the FGI roamer could be installed on a backpack.
A portable LIDAR-based MMS was demonstrated by Trybala et al. [111]. A camera-based
MMS constructed on the visual SLAM principle was demonstrated by Menna et al. [112].
An open-source handheld MMS solution was described by Bedkowski [113]. These are just

a few examples of the vast number of custom MMSs.

Figure 2. (a) Customized mobile mapping system developed by FGI (Dr. Yuwei Chen). (b) FGI
Roamer mounted on a car, (¢) FGI Sensei (images b and c courtesy of NLS).

3.3. Commercial MMSs

Commercial MMSs cover a wide range of data-capturing applications with diverse
settings that are easy to handle by their operators. Despite the relative ease of use, high
price tags made them unavailable for many possible applications that need geospatial
information. In this section a brief list of commercial MMSs has been listed and discussed.
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A modular MMS with a LiDAR, 4 cameras, GNSS, and IMU was presented by Viametris
MS-96. In this system, two LiDARs are located, one in a horizontal direction on top of
the system and the second one in front of the system with a tilt angle. The localization
accuracy is reported as £1 cm, which is typical for most commercial MMSs, and the system
is able to plug and play new sensors. Leica developed several MMSs, two of which are
demonstrated in Figure 2. In this setup, two LiDARs are placed on top of the system, both
with tilt angles. The GNSS antenna of the MS-96 seems to be better located in comparison to
TRK 100 and TRK Neo. The point position accuracies of 11 mm and 19 mm were reported
for TRK 100 and TRK Neo, respectively. Leica has also developed trolley-based MMSs such
as PoroScan, which could be moved by an operator on the ground. A painted point cloud

captured by TRK 100 is demonstrated in Figure 3, which shows the benefits of integrating
cameras with LiDARs in an MMS.

(b) (c)

Figure 3. (a) Viametris MS-96 mobile mapping system (image courtesy of Viametris). (b) Leica
Pegasus TRK 100, (c) Leica Pegasus TRK Neo (b and c images courtesy of Leica).

A commercial MMS with extensive usage of cameras is shown in Figure 4 (RIEGL
VMX-2HA). In this MMS setting, two tilted LIDARs have been integrated with several
cameras in a complex configuration. A dual-LiDAR tilted configuration could be seen
in many other commercial MMS settings. A separate 6-head multi-camera is placed for
360 image generation, which demonstrates the usability of multi-cameras in complex MMS
setups. A simple setup of a 6-head multi-camera with two tilted LIDARs has been employed
in the Trimble MX50 (Figure 5). This setup demonstrates a simple, useful, yet efficient setup
by the MMS designer.

Figure 4. Leica Pegasus TRK 100, painted point cloud example. Image courtesy of Leica.

Despite the vast design differences demonstrated in commercial MMSs, some struc-
tural similarities show that optimum configurations are achievable, at least for general-
purpose MMSs.
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Figure 5. (Left): RIEGL VMX-2HA. Image from courtesy of REIGL; (right): Trimble MX50.

3.4. Alternative MMS Platforms

Beyond vehicle-borne systems, MMS platforms vary significantly in design and ap-
plication. UAV-mounted LiDAR excels in aerial surveys and precision agriculture due
to its flexibility and nadir perspective, though it faces payload and endurance limita-
tions. Shoulder-borne and handheld SLAM systems (e.g., GeoSLAM or iPhone LiDAR)
enable rapid indoor mapping or forestry surveys but trade absolute accuracy for porta-
bility. While these platforms share core technologies (e.g., LIDAR-camera fusion, SLAM),
their operational constraints—such as power budgets, kinematic stability, and spatial
coverage—warrant distinct calibration and processing approaches. For brevity, this re-
view emphasizes vehicle-borne systems as a benchmark, though many principles (e.g.,
Section 2’s sensor calibrations) are transferable.

4. Recent Advancements in Applications

Researchers and engineers employed MMS technologies for a vast number of applica-
tions. Different aspects of MMS widen the range of applications, e.g., MMS could easily
be employed to capture time-lapsed information of target objects such as roads, buildings,
cultural heritage, etc. An MMS could be easily customized to capture more layers of data
whenever needed, e.g., a heat camera could be attached to a modular MMS to capture
heat leaks in buildings, or a multi-spectral camera could be employed for complex surface
classification tasks. A comprehensive review of MMS applications could be found, e.g.,
in Elhashash et al. [23]. Here we mainly concentrate on completing this valuable review
paper by stating a summary of published research works from 2022-2025. Table 2. briefly
lists some of the recent applications. In this section, the most important categories are
listed that cover most of the recent applications within the past few years. Four main major
categories are considered in this table: 1—natural resource management (NRM), such as
forest inventory or water monitoring, 2—road and tunnel mapping and asset management,
3—data, and 4—building and cultural heritage documentation. For each selected category,
a list of applications is stated and briefly discussed.

4.1. Natural Resource Monitoring and Management

Natural resource monitoring (NRM) covers observing a broad definition of entities
such as forests, lakes, sea shorelines, and rivers using technologies integrated in MMSs.
There is usually a constant requirement to observe natural entities in short periods of time
or regularly to ensure biological and environmental parameters. Therefore, it is essential for
environmental observatory organizations and individual NRM parties to access MMSs to
collect timely, high-quality, and accurate geospatial data. A large number of studies cover
different aspects of NRM using MMSs. Here, we briefly cover some of the most important
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applications that have the widest attention. Otherwise, compiling a comprehensive list
requires separate research, which is outside the scope of this work.

The literature about NRM discussed in this section is divided into a selected set of ob-
servational applications on forests, agricultural fields, water bodies such as lakes, and green
areas such as parks and gardens. Therefore, it only covers a portion of NRM applications.

4.2. Forest Management

Trees, as the fundamental building blocks of forests, are the primary focus of studies
in MMS forest and green area applications. Recognizing individual trees from point clouds
is an important task that requires special attention [114]. Counting the number of trees can
help estimate forest biomass and is also beneficial for wood production industries [115].
Identifying tree species is equally crucial, as it provides insights into biodiversity and
ecosystem health [116]. Investigating the spectral characteristics of trees can enhance our
understanding of biophysical and biochemical properties of forests [117].

Many different aspects related to individual trees can be measured remotely by MMSs.
For instance, indicators such as irrigation status, dehydration levels, and leaf area index
can be assessed by analyzing the spectral data of trees [118,119]. Additionally, pest detec-
tion is possible using spectral analysis, which can help in early intervention and forest
management [120]. These applications underscore the importance of integrating MMSs
with spectrometry sensors, as they enable comprehensive and efficient monitoring of forest
ecosystems, contributing to sustainable management and conservation efforts.

4.3. Precision Agriculture

MMSs are highly useful for monitoring and maintaining agricultural production. Data
collected by MMSs can be analyzed to address a variety of applications, including harvest
estimation [121], yield mapping and monitoring [122], crop classification [123], irrigation
planning and monitoring [124], water stress monitoring [125], and pest detection [120].
In precision agriculture applications, similar to NRM, UAVs are often the most favorable
platform. This is because an orthogonal (nadir) view is typically the best direction to collect
detailed and comprehensive information from a higher perspective, enabling more accurate
and efficient data analysis for improved agricultural management. The integration of
MMSs and UAVs enhances the ability to monitor crops, optimize resource use, and support
sustainable farming practices.

4.4. Mapping and Map Updating

One of the primary applications of MMSs appears in the process of creating 2D and 3D
maps [126]. The valuable potential of MMSs in providing accurate 3D spatial information
makes them appropriate tools for the map generation chain. Usually, the initial outputs
compiled from MMSs raw data do not comply with the typical cartographic and mapping
standard requirements used in the 2D map generation process; however, these outputs
are precise sources of information to either produce or update 2D cartographic maps. 3D
maps usually result from processing point clouds into simplified 3D meshes usable in
applications such as virtual reality, 3D GIS, and games.

Three-dimensional maps gradually find their way into real estate, where detailed
virtualizations help the sector to maintain buildings and present venues for selling or
renting [127]. These maps are also invaluable resources of geometric data for other appli-
cations, such as wireless network coverage analysis that requires optimizing placements
of antennas [128].

On the civil side, many construction projects use MMSs to monitor and document the
progress of projects, e.g., in the mining sector, 3D maps are used to ensure the correctness
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of projects [129]. In road construction projects, MMSs are employed to address tasks such
as estimating cutting/filling [130] and project monitoring and management [131].

Documenting cultural heritage is another important application of MMSs. Besides
the artistic values that MMSs provide, precise measurements could help collect invaluable
information regarding small- to large-scale sites that are prone to dangerous situations such
as natural disasters. Therefore, it seems necessary to employ precise 3D maps generated
from MMSs for documenting historical sites [132].

4.5. Road Inventory and City Asset Management

Mapping and monitoring road assets is a critical task primarily managed by various
stakeholders, including municipalities, local governments, and contractors [133]. MMSs
have proven to be highly efficient tools for optimizing this process. To achieve the objec-
tives of road asset management, car-based MMS platforms are commonly utilized. These
systems are equipped with cameras and LiDAR sensors to collect comprehensive data
about the surrounding environment, including road surfaces, signage, and infrastructure.
The captured images and LiDAR point clouds enable detailed analysis of road conditions,
such as surface smoothness, and facilitate the detection of flaws like cracks, potholes,
and other anomalies. This data-driven approach enhances the accuracy and efficiency of
road maintenance and planning, ultimately contributing to safer and more sustainable
urban infrastructure.

4.6. Gamification and Virtual Reality

Many advanced applications of employing data captured by MMSs are now possible,
thanks to powerful 3D engines such as Unity and Unreal engines. These frameworks
can efficiently generate highly realistic renders of urban environments [134] for use in
applications such as gaming, simulation, and various engineering applications. MMSs
are among the most valuable sources of data for creating detailed models within these
engines. The incorporation of physics-based simulations in these platforms enables the
creation of virtual environments that can be utilized for innovative applications, such
as generating synthetic training data for robotic and autonomous systems [135]. This
capability is particularly useful for developing and testing algorithms in controlled, yet
highly realistic, virtual environments.

Table 2. Summary of important literature on mobile mapping systems and key applications.

Category

Selected Literature Key Applications

Natural resource monitoring

An individual tree segmentation [114], -Individual tree detection

forest digital twin [136] -Trunk recognition from point-cloud
Forest parameter estimation at
single-tree level [137], 3D -Biomass estimation
Forest management and monitoring ~ mapping [138], biomass and CO, -Forest digital twin
estimation [139], Individual tree -CO; estimation
detection [140]
-Camera-based MMS
Environment Rocky landslide monitoring [141] -Hazardous site mapping
monitoring Water body monitoring [142] -Image-based point clouds
-UAV MMS platforms
-Harvest estimation;
- Production estimation [121] “yleld mappi.ng ?nd monitoring
Precision C lassification [123] -Crop classification
) rop classification o . o
agriculture -Irritation planning monitoring

itati 14 2
frritation [143] -Water stress monitoring;

pest detection
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Table 2. Cont.

Category

Selected Literature

Key Applications

Mapping

Real estate
Mining industries

Road mapping, inventory, and asset
management

Construction

Under water

Low-cost
developments

Gamification

Data

Localization

Custom MMS

Cultural heritage documentation

Map updating [144,145]

Robotic 3D mapping [146]

Flood risk mapping [147]

Outdoor and indoor mapping [129]
Traffic infrastructure road property
survey [148], highway infrastructure
survey, road inventory [133],
evaluation of road infrastructure in
urban and rural corridor [149], road
refurbishment [150], rockfall risk
management [151], road boundary
extraction [152]

Large-scale projects monitoring [153]
Tunnel inspection [154]

Underwater mapping [155]

Combining low-cost UAV footage
with MMS point cloud data [156]

Identification of road assets [157]
SLLAM dataset for urban mobile
mapping [114], semantic
segmentation [158], map updating
using autonomous vehicles [159]
SLAM on an MMS with
multi-camera and tilted LiDAR [160]
Ground penetrating radar MMS [153]
Forgotten cultural heritage under
forest environments [161],

-Car-mounted MMS
-Deep-learning classification
-Per-building flood risk modeling
-Geotechnical and geological study
-Road property survey

-Spatial accuracy investigation
-Traffic sign detection

-Lighting poles detection

-Road centerlines, and building
corners detection

-Enhanced road safety by hazardous
objects monitoring

-MMS with ground penetrating
radar (GPR)

-Site mapping

-Ocean depth mapping
-Combining terrestrial MMS

and UAV

-3D urban map generation
-Applications of game engines
-Large open datasets

-3D point cloud annotation

-MMS data capturing by
autonomous vehicles

-Customized SLAM application by
sensor fusion

-Additional sensors

-Indoor and outdoor mapping

Wireless networks

continuous monitoring [132] -Site geometric documentation

-Ray tracing using 3D maps

Network coverage estimation [128] Wireless propagation models

Beyond the primary domains discussed, MMS technologies have found a wide range
of miscellaneous applications across various fields. For instance, MMS has been success-
fully employed for underwater monitoring [155], enabling the collection of high-resolution
spatial data in aquatic environments. This application is particularly valuable for marine
research, underwater infrastructure inspection, and environmental monitoring. Addition-
ally, MMS has been utilized in areas such as autonomous driving [97,159], indoor collision
avoidance [162], archaeology, disaster response, and even entertainment, where precise 3D
mapping is required for virtual reality experiences or film production. The versatility of
MMS continues to expand as new use cases emerge, demonstrating its potential to address
diverse challenges across multiple industries.

4.7. Adoptability of Different MMSs in Various Applications

MMSs exhibit significant adaptability across diverse application scenarios, with their
effectiveness largely determined by sensor integration, platform choice, and environmental
demands. In urban environments, vehicle-mounted MMSs equipped with LiDAR and
multi-camera arrays excel at creating detailed 3D models for infrastructure management,
though GNSS signal occlusion in dense areas often necessitates SLAM-based corrections.
Conversely, natural resource management relies on UAV-based systems with multi-spectral
cameras and LiDAR to monitor vegetation health and biomass, while portable backpack
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MMS dominate indoor and confined spaces, leveraging visual-inertial SLAM to overcome
GPS-denied conditions. Precision agriculture benefits from UAVs with thermal and multi-
spectral sensors for real-time crop analysis, whereas disaster response and underwater
mapping demand ruggedized LiDAR or sonar systems tailored to harsh, dynamic environ-
ments. The modularity of MMS designs—enabling sensor interchangeability—enhances
their versatility, though challenges like foliage obstruction, variable lighting, and data
synchronization persist.

The adaptability of MMSs is further amplified by advancements in Al and standard-
ization efforts. Machine learning algorithms improve object detection and data fusion,
enabling systems to dynamically adjust to environmental variability, such as changing crop
stages or urban clutter. However, the lack of universal protocols for sensor calibration
and data processing remains a barrier to seamless deployment across heterogeneous sce-
narios. Future developments should prioritize modular, scalable architectures and robust
real-time processing capabilities to address the unique demands of each application—from
high-accuracy urban mapping to rapid disaster assessments. By balancing cost, preci-
sion, and operational constraints, MMSs can continue to evolve as indispensable tools for
geospatial innovation.

5. Discussion and Future Directions

Despite the considerable progress in various directions of MMS development, it still
seems that more unified developments are required to lower the significant gaps between
commercial and research MMSs. This requires open-sourcing MMS designs to gradually
optimize hardware and software platforms.

While the significant advancements in MMS technologies have been highlighted,
several areas remain for further exploration. First, the integration of MMSs with emerging
technologies such as 5G, edge computing, and the Internet of Things (IoT) could further
enhance real-time data processing and communication capabilities. Additionally, the
development of more robust calibration techniques and error correction algorithms will be
crucial in improving the accuracy and reliability of MMS data, particularly in challenging
environments such as urban canyons or dense forests.

Another area for future research is the ethical and societal implications of widespread
MMS adoption. As MMS technologies become more pervasive, issues related to data pri-
vacy, security, and equitable access must be addressed. Ensuring that MMS technologies are
used responsibly and ethically will be essential in maintaining public trust and maximizing
their societal benefits. One of the most important ethical concerns is the potential for
MMSs to infringe on individual privacy. MMSs can capture detailed 3D models of urban
environments, including private properties, vehicles, and even individuals. This raises
questions about consent and data ownership. In many cases, individuals are unaware that
their properties or activities are being recorded by MMSs. This lack of transparency can
lead to privacy violations, especially when data are used for purposes beyond its original
intent (e.g., commercial use or law enforcement). While anonymization techniques can be
applied to MMS data, the high resolution and spatial accuracy of the data make it difficult
to fully anonymize individuals or properties. This is particularly problematic in urban
environments where individuals can be identified through contextual information (e.g.,
vehicle license plates or building details). The use of MMS for surveillance by governments
or private entities further exacerbates these concerns. For instance, MMS data could be used
to track individuals” movements or monitor public spaces without their knowledge. This
raises ethical questions about the balance between public safety and individual privacy.

An essential aspect of MMSs relates to real-time processing of collected data to produce
timely analytics. Restriction in computational resources is a significant burden in this effort.
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Therefore, it is worth investing in solutions such as efficient implementations, parallel
computing, and the use of computation infrastructures such as local and cloud graphical
processing unit (GPU) clusters.

Despite the fact that combining homogenous and non-homogenous data has been con-
siderably progressed, especially in methods such as SLAM, noticeable scientific challenges
could still be observed, e.g., in merging photogrammetric data with other data sources
such as multi-spectral, hyper-spectral cameras and LiDARs in an MMS. More accurate and
smarter calibration and data fusion schemes could potentially address such shortcomings.

Choosing between photogrammetric and LiDAR point clouds needs to be considered
in the MMS design phase. Photogrammetric point clouds, despite being comparable to
LiDAR point clouds in terms of accuracy, need a significant post-processing time. Pho-
togrammetric point clouds could also suffer from a lack of density, especially in cases
where a lack of sufficient texture information exists. On the other hand, LiDARs are more
expensive than cameras and sometimes heavy. The weight aspect of LIDAR becomes
important, especially when MMS is placed on platforms such as UAVs. This trade-off is
worth investigating carefully based on their principal similarities, differences, costs, and
requirements. In many cases, it is possible and even preferable to combine those point
clouds if the elements of the MMS design allow.

The role of MMSs in addressing global challenges such as climate change, disaster
management, and sustainable development cannot be overstated. By providing detailed,
real-time spatial data, MMS can support evidence-based decision making and enable more
effective resource management. Collaborative efforts between researchers, industry, and
policymakers will be essential in harnessing the full potential of MMSs to address these
pressing global issues.

The comprehensive analysis of current MMS research reveals several critical trajec-
tories for future development. First, the integration of neuromorphic computing [163]
and next-generation sensors such as event-based cameras [164], complex multi-cameras,
and multi-spectral sensors promises to revolutionize real-time processing in dynamic en-
vironments, particularly for autonomous navigation applications where low latency is
paramount. Second, the convergence of digital twin technologies with mobile mapping will
likely enable persistent, centimeter-accurate 3D world models that update continuously
through distributed MMS networks. Our analysis suggests that these advancements will
be accelerated by three key enablers: (1) the maturation of 5G/6G edge computing infras-
tructures that alleviate current bandwidth bottlenecks, (2) standardized APIs for federated
learning across heterogeneous MMS fleets, and (3) quantum-enhanced LiDAR systems [165]
now entering laboratory testing phases. Particularly in urban environments, we anticipate
a paradigm shift toward “always-on” mapping systems that combine vehicle-borne, UAV,
and fixed sensor nodes into unified geospatial intelligence networks.

Emerging challenges will require focused research attention in the coming decade.
The environmental sustainability of large-scale MMS deployments—particularly the energy
footprint of high-resolution LiDAR arrays—demands new approaches to sensor power
management and green computing architectures. Our review identifies an urgent need for
adaptive calibration protocols that maintain accuracy amid increasing sensor heterogeneity
while minimizing human intervention. Ethical frameworks for privacy-preserving mobile
mapping must evolve in parallel, potentially leveraging differential privacy algorithms and
blockchain-based data governance. The most transformative opportunities may emerge
from cross-disciplinary fertilization, such as applying bio-inspired navigation principles
from animal migration studies to SLAM systems or adapting astrophysics-based uncer-
tainty quantification methods to urban mapping. These directions suggest that future MMS
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research should prioritize not just technological innovation but also the development of
new theoretical frameworks for understanding complex, multi-scale geospatial dynamics.

One of the key challenges in the field remains the lack of standardization in MMS
design and protocols. While numerous custom and commercial MMS configurations exist,
the absence of unified standards hinders the interoperability and scalability of these systems.
This paper has proposed a standardized framework for customizable MMSs, aiming to
bridge the gap between research and commercial applications. By adopting standardized
protocols, the geospatial community can more effectively leverage the full potential of
MMS technologies, enabling more efficient data collection, processing, and analysis.

This review has centered on vehicle-borne MMSs for their foundational role in geospa-
tial data collection, yet upcoming works should systematically compare platform-specific
trade-offs (e.g., UAV vs. handheld SLAM) in accuracy, cost, and scalability. Standardiz-
ing modular MMS designs across platforms could bridge these gaps, enabling seamless
transitions between aerial, terrestrial, and portable mapping.

The applications of MMSs are vast and continue to grow, spanning natural resource
management, urban planning, precision agriculture, cultural heritage documentation, and
autonomous vehicle navigation. The ability of MMSs to capture time-lapsed information
and integrate additional data layers, such as thermal or multi-spectral imaging, further
enhances their utility in addressing complex environmental and societal challenges. As
MMS technology continues to evolve, it is expected to play an increasingly critical role in the
development of smart cities, sustainable resource management, and autonomous systems.

Integration of Al and ML methods in an MMS still requires more investment from the
scientific and engineering communities. Despite considerable attention to advanced topics
such as high-accuracy or real-time ML methods, there still seems to be a lag among MMS
developers in terms of smart implements. Challenges such as performance, suitability of
hardware and method, efficient usage of cloud computing, high-speed wireless communi-
cations, and low-cost, low-energy in-house implementations should be considered by the
researchers and developers of future generations of MMSs.

In conclusion, the future of MMSs is bright, with immense potential for innovation and
impact. It lies in the continued integration of advanced sensors, computational methods,
and Al-driven analytics. The development of standardized, modular, and scalable MMS
platforms will be essential in unlocking the full potential of this technology. As we move
forward, interdisciplinary collaboration and open-source initiatives will be key to driving
innovation and ensuring that MMS technologies remain at the forefront of geospatial
science and engineering. By addressing the challenges and opportunities outlined in this
paper, the geospatial community can continue to push the boundaries of what is possible
with MMSs, driving progress in science, industry, and society.
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