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A B S T R A C T   

This paper presents a new method for urban scene analysis, which comprises 3D point cloud registration and 
change detection through fusing Lidar point clouds with significantly different density characteristics. The 
introduced method is able to extract dynamic scene segments (traffic participants or urban renewal regions) and 
seasonal changes (vegetation regions) from instant 3D (i3D) measurements captured by a Rotating Multi-beam 
(RMB) Lidar sensor mounted onto the top of a moving vehicle. As reference data, we rely on a dense point cloud- 
based environment model provided by Mobile Laser Scanning (MLS) systems. The proposed approach is 
composed of new solutions for two main subtasks. First, a novel multimodal point cloud registration algorithm is 
introduced, which can improve the alignment of the sparse i3D measurements to the dense MLS data, where 
conventional point level registration or keypoint/segment matching strategies fail. Second, an efficient Markov 
Random Field-based change extraction step is implemented between the registered point clouds, which exploits 
that due to geometric considerations of mapping with the given sensor configuration, the essence of the problem 
can be solved quickly in the 2D range image domain without information loss. Experimental evaluation is 
conducted on a new Benchmark set that contains three different heavy traffic road sections in city center areas 
covering in total nearly 1 km long pathway sections. Test data consists of relevant industrial measurements 
provided by a state-of-the-art RMB scanner (with a point density of around 50 − 500 points/m2) and an up-to- 
date MLS system (more than 5000 points/m2). The clear advantages of the new method are quantitatively 
demonstrated against various reference techniques. In comparison to six different point cloud registration 
methods, the median value of point level distances is decreased by 1–2 orders of magnitude by the proposed 
approach. Regarding change detection, the new method outperforms the reference models either in F1-scores (by 
around 10–25%) or in computational complexity (10–1000 times faster).   

1. Introduction 

The utilization of new sensor technologies for three-dimensional 
(3D) data acquisition is a key step for deeply understanding and 
widely exploiting spatial information in our environment. Widespread 
sensor platforms are mapping systems based on Lidar (Light Detection 
and Ranging) technology, as they provide accurate 3D measurement 
flows with high acquisition speed (Benedek et al., 2021). However, due 
to a trade-off between the available laser scanners’ temporal and spatial 
resolution, the provided point clouds show significantly different quality 
and density characteristics (Behley et al., 2012). 

This paper focuses on the fusion of different Lidar-based data mo
dalities for advanced scene analysis in urban environments. A long-term 

vision of the conducted research work is to facilitate the joint exploi
tation of the measurements from the cars’ instant sensing platforms and 
offline spatial database content of the newest Geo-Information System 
(GIS) solutions. On one hand, the proposed new algorithms may help 
autonomous vehicles (AVs) to obtain relevant spatial 3D map informa
tion for decision support in real-time. On the other hand, they also may 
provide opportunities for extending and updating the GIS databases 
based on the sensor measurements of the vehicles in everyday traffic. 
The present paper deals with two specific aspects of this application 
context: multimodal point cloud registration and change detection be
tween different sensor measurements. 

First, we utilize instant 3D (i3D) measurements taken by a Rotating 
Multi-beam (RMB) Lidar sensor (Börcs et al., 2017; Douillard et al., 
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2012) operating onboard on AVs (Bayat et al., 2017). RMB Lidars pro
vide sequences of point clouds about their environment in real-time, 
with a capturing frequency of 5-20 fps, so that dynamic scene objects 
can be detected and tracked across the time frames. However, the 
captured data within a single time frame is notably sparse and non- 
uniformly distributed: the point clouds have low vertical resolutions, 
while their densities decline rapidly if the objects are located further 
from the sensor (see Fig. 1(a)). Beyond the RMB Lidar sensor, we also 
assume that the vehicle carries a Global Positioning System (GPS) 
receiver, however, we expect that in various dense city regions the GPS 
measurements might be inaccurate, providing position errors up to 
several meters. 

Second, we obtain detailed segmented 3D environment models of 
dense urban areas to augment the AVs’ limited i3D measurements with 
prior beliefs. In industrial practice, vector-based high definition (HD) 
maps are often adopted for this purpose (Mi et al., 2021), as they store 
precise and high-quality metadata about the static parts of the envi
ronment (Ma et al., 2019). Nevertheless, the creation and maintenance 
of these HD maps need continuous attendance of human operators (Zhao 
et al., 2019), moreover, the vectorization process may also drop out 
relevant point level details. Following a different approach, we utilize 
offline integrated Mobile Laser Scanning (MLS) measurements that 
provide accurate and geo-referenced point clouds (Zheng et al., 2017; 
Guan et al., 2015) with fairly homogeneous point distribution in local 
regions, while their point density remains very high (above 5000 points/ 
m2) over the whole scene regions of interest, which are relevant for the 
vehicle’s environment perception modules (Fig. 1(b)). Without any 
vectorization, as preprocessing we segment the raw and noisy MLS data 
using an automatic C2CNN (Nagy and Benedek, 2019) technique and 
remove all regions which contain ground areas or dynamic objects (e.g. 
parking or moving cars). Thereafter, we extract static objects from the 
remaining MLS classes (pillar-like, street furniture, vegetation, facade) by 
3D Euclidean clustering (Rusu and Cousins, 2011), and consider these 
object point clouds as highly detailed reference landmarks for the AVs’ 
onboard i3D measurements. 

As the output of the proposed approach, we aim to achieve accurate 
(up to cms) global localization of the AVs and to separate changed dy
namic (including traffic participants, urban renewal areas) or seasonally 
varying (vegetation areas, tree crowns, bushes) regions, and unchanged 
static (among others street furniture, traffic lights, signs) areas from the 
AVs’ i3D measurements exploiting the prior information obtained from 
the segmented MLS data. 

To the best of our knowledge, this is the first work that addresses a 
joint multi-sensory point cloud registration and change detection 
problem by fusing sparse i3D point clouds and preliminary recorded 

MLS data, where, as a key challenge, the MLS point clouds are in several 
regions 100–1000 times denser than the corresponding i3D measure
ment segments. For the above reason, a newly constructed dataset is 
presented, called the SZTAKIBudapest Benchmark, which contains real 
RMB Lidar measurements and industrial MLS data, enabling the 
research of the concerning problem and validation of the proposed 
approach. 

The introduced method is composed of various steps demonstrated in 
Fig. 2, where we propose two significant contributions that improve the 
state-of-the-art:  

1. A novel efficient algorithm is introduced for the registration of sparse 
i3D and dense MLS point clouds with a relatively poor initial align
ment with position errors up to 12 meters, and orientation errors up 
to ±60 degrees. In practice, this method can compensate for the 
global positioning error of the AVs in dense urban areas where high- 
quality GPS signals cannot be received. 

2. We propose a new Markov Random Field-based approach (Ran
geMRF) for multi-class change extraction and classification (dynamic, 
seasonal, or no change) between the registered point clouds in a 
lossless way by 2D range image representations. 

Using the SZTAKIBudapest Benchmark it is experimentally shown in 
the paper (with extensive quantitative analysis), that earlier proposed 
point cloud registration or change detection methods from the literature 
have limited efficiency in the above application context, and the ad
vantages of the new approach versus earlier methods will be 
demonstrated. 

2. Related work 

In this section, we present a state-of-the-art overview of point cloud 
registration and change detection techniques. 

2.1. Point cloud registration 

In the field of point cloud registration (Arun et al., 1987), coarse-to- 
fine alignment strategies are considered as standard approaches (Cheng 
et al., 2018). Hereby the coarse-alignment process is usually based on 
matching corresponding 3D feature points or characteristic primitives 
extracted from the point clouds (Ge et al., 2019), while the fine- 
alignment step aims to minimize distances between points within the 
overlapping point cloud regions by an iterative process. As discussed in 
(Ge et al., 2019), general coarse-alignment methods consist of two main 
steps: 

Fig. 1. Comparison of (a) sparse RMB Lidar-based and (b) dense MLS point clouds captured in the same inner-city area.  
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1. efficient keypoint detection (Hänsch et al., 2014), followed by 
meaningful and discriminative keypoint description (Rusu et al., 
2009),  

2. executing an iterative process for finding correspondences on a 
solving platform. 

For the dense MLS data, general handcrafted (Hänsch et al., 2014; 
Sipiran and Bustos, 2011; Zhong, 2009) and learning-based (Li and Lee, 
2019; Lu et al., 2020) detectors can be directly used to extract keypoints 
(Theiler et al., 2014). However, the adaption of such methods often fails 
for sparse, inhomogeneous and noisy i3D data (Li and Olson, 2010). The 
usage of popular feature descriptors based on normal vectors, curvature, 
density, and pairwise point-to-point distances in local regions (Rusu 
et al., 2009; Dong et al., 2017) cannot enrich the information in cross
modal scenarios, since such parameters are significantly different 
regarding the i3D and MLS point clouds, respectively. Therefore, the 
lack of pairable feature points in the two compared point clouds results 
that correspondence-based iterative solving platforms like classical 
RANSAC (Choi et al., 2015) approaches or even the very recent 
TEASER++2020 (Yang et al., 2021) cannot provide accurate solutions. 

Alternatively to relying on feature points, further methods (Douillard 
et al., 2012; Dubé et al., 2018) focus on region-based point cloud 
alignment. (Douillard et al., 2012) solves data mapping by matching 
segments instead of points across different i3D scans. This approach can 
efficiently match sparse and small i3D segments with similar point 
characteristics, but it induces significant computational complexity: 
around five to fifteen seconds is needed even for such small i3D data 
pairs, while the running time grows rapidly by using larger point clouds. 
The SegMap2018 (Dubé et al., 2018) approach matches segments from a 
few consecutive i3D scans (local map) to a global 3D map with high 
accuracy. This technique builds first a dynamic voxel grid from the point 
clouds, then segments the voxels and extracts geometry-based or data- 
driven features from both segmented clouds. Finally, it finds corre
spondences in the feature space. However, matching these features 

correctly is extremely sensitive to the differences in the point cloud 
characteristics. While according to the experiments in (Dubé et al., 
2018), the method works robustly when the global map is generated 
from the same sensor data as the aligned i3D measurements (e.g. in 
Simultaneous Localization and Mapping (SLAM) tasks), the method’s 
extension to different sensor modalities is yet to be solved (Dubé et al., 
2018). Using dense MLS point clouds and sparse i3D data, we cannot 
extract corresponding segments based on similar feature contexts, which 
fact we experimentally demonstrate in Sec. 5. 

There are methods addressing directly the problem of registering 
cross-source point clouds (Huang et al., 2021), which is more chal
lenging due to varying noise, the large number of outliers and the 
significantly different density characteristics (Huang et al., 2017). To 
improve on point-level correspondences, the GCTR2019 approach 
(Huang et al., 2019) uses triplet point similarities, and solves the opti
mization problem in the tensor space by an iterative process. However, 
its computation time remains around 1-2 minutes for matching simple 
indoor scan-pairs, making it unfeasible for real-time applications. 
Instead of relying on point-point correspondences, the FMR2020 
method (Huang et al., 2020) solves the cross-source registration problem 
by minimizing a feature-metric projection error, however, the density 
differences of its aligned point clouds are less significant than in our i3D- 
MLS scenario. 

For point level registration, which is usually applied in a refinement 
step after the coarse alignment, the Iterative Closest Point (ICP) (Zhang, 
1994) is a frequently adopted algorithm with several improvements 
(Gressin et al., 2012b; Gressin et al., 2012a). However, all of these 
variants perform local error minimization, thus they demand a high- 
quality initial estimation for the alignment. In practice, a position 
error of several meters does not satisfy this requirement, moreover, the 
computational time is considerably increased for scans with poor initial 
alignments. 

Fig. 2. The workflow of the proposed method.  
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2.2. Change detection 

Next, we continue the discussion with point cloud-based change 
detection techniques. The majority of these methods can be adopted for 
MLS-MLS data comparison tasks (Ku et al., 2021; Xiao et al., 2015), 
where the two point clouds are captured with the same laser scanner (Ku 
et al., 2021) showing similar and locally homogeneous density charac
teristics. In practice, two different scannings of the same scene never 
detect the same surface points of the objects, thus there are point level 
deflections between the scanned models, even if the surfaces are 
perfectly aligned. However, using the same MLS sensor, change detec
tion can be approximated by pointwise comparison steps in the 3D 
space, performing a preliminary uniform voxel-based downsampling 
(Aljumaily et al., 2017), or applying locally adaptive (Liu et al., 2021) or 
parametric (Girardeau-Montaut et al., 2005) radius thresholds. Never
theless, the usability of any point level distances strongly depends on the 
density of the point clouds (Xiao et al., 2015), and it can be largely 
misleading during the analysis of multimodal data, like in an i3D-MLS 
scenario. Alternative methods (Schlichting and Brenner, 2016) use 
segment level comparison, where an object is marked as change if a 
given percentage of its segment points have no neighbors. (Voelsen 
et al., 2021) combines this approach further with segment classification 
to integrate semantic information in the change detection process. These 
methods demand accurate object extraction (and detailed classification) 
from the point sets, which is challenging in sparse i3D data (Börcs et al., 
2017). To handle irregular point density, (Xiao et al., 2015) combines 
point-to-triangle distance calculation, ray-tracing, and occupancy grid 
generation. Although this method can effectively deal with occlusions 
and penetrable MLS objects, the triangulation step may mean a bottle
neck in terms of computational speed and robustness, especially in noisy 
point cloud segments. Instead of using rays, (Liu et al., 2016) perform an 
occupancy technique along a regular voxel grid, and identify the 
changed regions based on the inconsistent voxels. As the main draw
back, the above approaches work similarly for all point segments: On 
one hand, with parameter settings yielding high sensitivity, they pro
duce many false-positive detections for sparse and noisy segments of the 
i3D scans. On the other hand, with low sensitivity, they might ignore 
crucial regions containing only a few points (e.g. pedestrian with only 
10–40 points), which issue will be demonstrated in Sec. 5. 

3. Proposed method 

The consecutive steps of the proposed method are briefly summa
rized in Fig. 2. It starts with accurately registering the actual i3D mea
surement to the segmented MLS reference model. Hereby we propose a 
new object-based coarse-to-fine alignment algorithm, which signifi
cantly speeds up the process while keeping the registration accuracy 
high. Then, we perform change detection between the registered i3D 
and MLS point clouds by a Markov Random Field-based new classifi
cation model. 

3.1. Registering the i3D data to the semantic MLS model 

We developed a multimodal i3D to MLS point cloud registration 
technique to align the i3D point scans to the reference MLS model, which 
can compensate initial position errors up to several meters, expecting 
that in dense urban environments with poor GPS coverage, the initial 
position estimation of an AV might be notably inaccurate. Since we 
intend to use the i3D point cloud stream recorded by a moving vehicle 
for real-time decision support, the RMB Lidar point cloud should be fully 
automatically processed and matched to the MLS model. On the other 
hand, we can exploit here that in the preliminary segmented MLS point 
clouds, the ground regions are separated, and various abstract landmark 
objects (e.g. pillar-like entities or short street furniture instances) are 
extracted and labeled in advance (Fig. 3(b)). The steps of the algorithm 
are discussed in the next parts of this section. 

3.1.1. Ground removal and object separation in the i3D point cloud 
The initial step of the registration process is object segmentation in 

the RMB Lidar frames. Due to the limited resolution and inhomogeneous 
density of the i3D point clouds which can mislead even state-of-the-art 
object detectors (Lang et al., 2019), we use here a geometry-based 
approach for point cloud segmentation (Börcs et al., 2017). First, we 
apply fast 2D grid-based ground-obstacle separation in the i3D input 
point cloud, by classifying each cell on an estimated ground surface 
based on local point density and point elevation difference features. 
Then obstacle points are clustered to form separate abstract object 
candidates (Fig. 3(a)) using a 2D hierarchical grid-based region growing 
algorithm, which approach is around a hundred times faster than con
ventional 3D clustering methods, while it can efficiently separate even 
nearby objects (Börcs et al., 2017; Rusu and Cousins, 2011). For 
ensuring fast processing and robustness, this step does not perform any 
attempt on object classification: as a result, a set of 3D blobs is extracted, 
that may represent various moving or static obstacles in the urban 
environment. 

3.1.2. Transformation estimation 
Next, we estimate an optimal transformation to align the sparse i3D 

scan to the MLS reference model. As a key idea, instead of aligning the 
raw point clouds, we aim to register the frames via an object level voting 
algorithm – detailed in subsection c) –, which matches the previously 
extracted landmark objects of the MLS data and the separated objects from 
the i3D scan (Fig. 4). Here a major challenge is that in the automatically 
segmented RMB Lidar frames one should expect plenty of spurious ob
jects which cannot be matched to the MLS landmarks: the i3D frames 
may include many dynamic objects, and further artifacts can be caused 
by partially extracted entities due to occlusions. For quickly matching 
the two object sets which typically contain many objects (often a few 
dozen) with possibly a large ratio (up to 80%) of outliers, we turned to a 
robust generalized Hough transform-based technique, that proved 
earlier efficient for different sorts of complex assignment problems such 
as fingerprint minutiae matching (Ratha et al., 1996). 

First, we rely on the available GPS signals to initially align the actual 
i3D point cloud frame to the reference coordinate system of the MLS 
data. This initial alignment is usually notably inaccurate, which we 
enhance first at a coarse level, by searching for an optimized rigid 
transformation with a 3D translation and a rotation component between 
the point clouds. The translation component (Δx,Δy,Δz) compensates 
for the GPS-based offset error, while – based on experiments – the 
rotation component can be fairly modeled by a single rotation value (θ) 

Fig. 3. Possible landmark objects in the same scene extracted from the i3D (a) 
and MLS (b) point clouds for the transformation estimation. Each object 
candidate is displayed with a different color. 
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around the upright axis of the vehicle. As a consequence, we model the 
optimal coarse transform by a 4 × 4 homogeneous matrix as shown in 
Eq. (1): 

TΔx,Δy,Δz,θ =

⎡

⎢
⎢
⎣

cosθ sinθ 0 Δx
− sinθ cosθ 0 Δy

0 0 1 Δz
0 0 0 1

⎤

⎥
⎥
⎦ (1)  

Next, we find the optimal parameters of this TΔx,Δy,Δz,θ transformation in 
three steps, presented in the following subsections. 

3.1.2.1. a) Semantic compatibility constraints. As described earlier, the 
MLS-based 3D reference map contains separated tall pillar-like and 
shorter street furniture object point clouds, which can be used as land
mark objects by the AVs. For these landmarks, we prescribe the 
following compatibility constraints:  

• a detected i3D object (see Sec. 3.1.1) is compatible with a pillar-like 
MLS object if the vertical side length of its bounding box is more than 
twice of its width and depth parameters,  

• an i3D object is compatible with a street furniture object if the ratio of 
their bounding volumes is between [0.75,1.25]. 

In the upcoming transformation estimation step, we will only 
consider the votes of compatible object pairs, to decrease the effects of 
outliers and speed up the process. Note that the impacts of false matches 
generated by dynamic objects of the i3D point clouds will be eliminated 

later through global parameter optimization. 

3.1.2.2. b) Keypoint selection. Since the detected objects are not point
wise, appropriate keypoint extraction is a critical step which process 
should remain robust in the considered crossmodal i3D-MLS scenario, 
where several objects are only partially scanned, the object appearances 
in the i3D frames are different from the corresponding MLS objects, and 
they may also vary scan by scan. We have investigated various keypoint 
selection strategies and experienced that an 8-keypoint strategy (Nagy 
and Benedek, 2019) provided the best result, where, as keypoints, we 
choose the eight corners of the objects’ 3D bounding boxes. 

3.1.2.3. c) Optimal parameter estimation. We approximate the trans
formation which aligns the i3D and MLS point clouds via compatible 
keypoint pairs. First, we collect the extracted i3D and MLS objects into 
two object sets marked by O i3D and O MLS, where each object is 
described by 8 keypoints (i.e. bounding box corners). Then the gener
alized 4D Hough transform (Ratha et al., 1996) is adopted to obtain an 
optimal transformation between the i3D and MLS-based keypoint sets, 
by a voting algorithm (Fig. 4). 

To restrict the search space of transformations, we allow maximum 
offsets of ±60∘ for rotation (θ), ±12 meters for planar translation (Δx 
and Δy), and ±2 meters for vertical translation (Δz). As required by the 
Hough schema (Ratha et al., 1996), the parameter space is discretized 
with step sizes of 0.2 meters for translation and 0.25∘ for rotation, which 
choice enables both reasonable coarse alignment and quick computa
tion. The votes of the possible parameter quartets are accumulated in a 
4D array Φ[Δx,Δy,Δz,θ], which is initialized with zero values. 

Algorithm 1. The proposed coarse registration method.   
1: procedure COARSEALIGNMENT(O i3D,O MLS) 
2: Reset the 4D accumulator array Φ 
3: for all oi3D, oMLS ∈ O i3D × O MLS do 
4: if compatible(oi3D,oMLS) then 
5: for i = 1 : 8 do 
6: ki

i3D←oi3D 

7: ki
MLS←oMLS 

8: for all θ ∈ [ − 60∘ ,60∘] do 
9: ki∗

i3D←Rotθ⋅ki
i3D 

10: [Δx,Δy,Δz]←ki
MLS − ki∗

i3D 
11: Φ[Δx,Δy,Δz,θ]←Φ[Δx,Δy,Δz,θ] + 1 
12: Δx*,Δy*,Δz* ,θ*←FindMaximum(Φ)

13: T←Δx*,Δy*,Δz*,θ* 

14: return T  

The optimization step searches for possible correspondences be
tween the keypoints of all compatible object pairs (oi3D, oMLS) ∈ O i3D ×

O MLS. For a given keypoint couple ki3D, kMLS we increase the evidence of 
all TΔx,Δy,Δz,θ mappings, which move ki3D to kMLS. More specifically, for 
every possible θ′ ∈ [ − 60∘,+60∘] value, we rotate ki3D by θ′ first, then the 
following [Δx′,Δy′,Δz′]T offset is computed: 

⎡

⎣
Δx′
Δy′
Δz′

⎤

⎦ = kMLS −

⎡

⎣
cosθ′ sinθ′ 0
− sinθ′ cosθ′ 0

0 0 1

⎤

⎦ki3D (2)  

Next, we vote for the calculated TΔx′ ,Δy′ ,Δz′ ,θ′ transform so that we in
crease the Φ[Δx′,Δy′,Δz′, θ′] element of the accumulator array by one 
(see Algorithm 1). 

After iterating through the whole parameter space, the optimal 
TΔx*,Δy* ,Δz* ,θ* transform is defined as follows: 

(Δx*,Δy*,Δz*, θ*) = argmax
Δx,Δy,Δz,θ

Φ[Δx,Δy,Δz, θ] (3)  

3.1.3. Registration refinement 
While acknowledging its robustness, the precision of the object- 

based registration technique is affected by the discretization step of 

Fig. 4. Displaying the corresponding i3D-MLS object pairs estimated by the 
proposed method, based on the generalized Hough transform-based schema 
(Ratha et al., 1996). i3D points are displayed with red, object pairs are marked 
by blue arrows, some outlier objects are circled by black. (For clear visuali
zation, a scene sample with relatively few moving objects has been cho
sen here). 
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the translation and rotation parameters, constraints on the modeled 
rigid transformation, and by issues of object bounding box fitting on 
partially detected objects (Fig. 5(c)). However, this coarse alignment 
step can provide an efficient initialization for a point level refinement 
algorithm, such as the ICP (Zhang, 1994), which we execute for point 
cloud segments corresponding to aligned object pairs only. The final 
transformation is taken as: 

Tfinal = TICP⋅TΔx* ,Δy* ,Δz* ,θ* . (4)  

Although the application of the ICP algorithm induces additional 
computation, by reducing the number of alignable points through object 
compatibility criteria checking, and by ensuring low initial alignment 
error by the proposed coarse registration algorithm, the whole process 
needs remarkably – with 1-2 orders of magnitude – less computational 
time compared to matching raw complete point cloud scans, while 
keeping the registration accuracy high (Fig. 5(b), (d)). 

3.2. RangeMRF: range image-based change detection 

After accurately registering the i3D-MLS measurements, the pro
posed method, called RangeMRF, detects changes in 2D range images 
derived from the point clouds. As key advantages of using a compact 
range image representation, the proposed method is notably quick, 
meanwhile, it can robustly handle the significantly different character
istics of the two point sets so that we define the i3D data-based (Ii3D) and 
the MLS range images (IMLS) over the same discrete pixel lattice R. Since 
we search for changes caused by moving or static scene objects, before 
range image mapping, we remove ground points, yielding two obstacle 
clouds denoted by P i3D and P MLS, which we wish to compare. 

Algorithm 2. The main steps of the proposed RangeMRF change 
detection algorithm, using a Markov Random Field model in the range 
image domain.   

1: procedureRANGEMRF(P i3D,P MLS) 
2: Ii3D←P i3D 

3: IMLS,LMLS ←
ray− tracing

P MLS 

4: d,δ←(Ii3D, IMLS ,LMLS)

5: Li3D = MRF(d,δ)
6: return Li3D  

Exploiting the principle of operation of RMB Lidar sensors, the 
obstacle cloud P i3D of a considered i3D frame can be represented as a 
range image Ii3D in a straightforward way. Here the laser emitters and 
sensors are vertically arranged, and each sensor scans the environment 
along a circular trajectory of 360∘ (see Fig. 1). Within a time frame, the 
consecutive range measurements of the ith sensor are stored in the ith 
row of the Ii3D image. This transform is geometrically equivalent to 
converting the representation of the point cloud from the 3D Descartes 
to a spherical polar coordinate system, where the polar direction and 
azimuth angles correspond to the horizontal and vertical pixel co
ordinates, and the distance is encoded in the corresponding pixel value. 
As a result of discretization, the range values of some image pixels might 
be undefined, which issue is handled by interpolation (Fig. 6(a), (b)). 
Apart from these issues, with using an appropriate, sensor-specific image 
resolution (used 1042 × 64 in the paper), the conversion of the point 
clouds to 2D range images is reversible, without causing information 
loss. 

We derive the IMLS background range map from the 3D MLS mea
surement (P MLS) with a ray-tracing approach. Relying on the previously 
introduced point cloud registration step, we emit simulated rays into the 
MLS point cloud from the estimated actual center position of the AV 
mounted RMB Lidar, and project the point distances to a spherical sur
face, on which we stretch an image lattice R having the same size and 
resolution parameters as the Ii3D range image. Hereby, utilizing that the 
reference MLS cloud is semantically segmented, we assign to each pixel 
s ∈ R besides its calculated range value IMLS(s) a binary vegetation 

indicator label LMLS(s) ∈ {V,¬V} based on the semantic class of the 
corresponding projected MLS point (Fig. 6(c), (d)). 

In the next step, we construct a Markov Random Field (MRF)-based 
model for efficient estimation of the changes between the RMB Lidar’s 
Ii3D and the MLS-based IMLS range images, with also considering the LMLS 

vegetation indicator map (Algorithm 2). The output change map of the 
MRF model is denoted by Li3D. By assuming the presence of purely solid- 
shaped objects in the scene (such as vehicles, pedestrians, traffic signs), 
change detection could be considered as a binary classification problem 
with foreground (i.e. changes) and background (unchanged regions) 
classes, with applying background subtraction for foreground extrac
tion. It is essential here to recognize even small changes between the 
inputs, such as pedestrians close to a bus station, therefore, this detec
tion process must work with high sensitivity. However, we experienced 
that in this approach several false/irrelevant change predictions may 
occur, especially in vegetation regions, whose appearance widely varies 
in time, across different seasons. To overcome this artifact, we intro
duced a third class, called seasonal change. In summary, in the proposed 
change detection step, we distinguish three classes: (a) seasonal changes 
(S) in vegetation regions, (b) foreground changes (F) caused by moving 
objects or changed/re-located static street furniture elements, and (c) 
unchanged background (B). By handling the vegetation areas in a spe
cific manner with reduced sensitivity, we may lose some information in 
extreme situations such as pedestrians hiding in trees or bushes, how
ever, these cases are very rare and less relevant for analyzing traffic 
scenarios. Furthermore, the proposed method will be able to sharply 
recognize pedestrians standing near stations or facades, while also 
eliminating several false hits in vegetation areas. 

Formally, the goal is to perform the following mapping: 

Li3D = MRF(Ii3D, IMLS,LMLS), (5)  

where Li3D(s) ∈ {F, S,B} for all s ∈ R. 
To set up the MRF energy function, we define two distance values 

first which can give us reliable information about separating the 
different classes:  

• The geometric distance d(s, s′) represents the depth difference between 
the corresponding range values of a given pixel s in the Ii3D and s′ in 
the IMLS images, respectively, which is calculated as follows: 

d(s, s′) = |Ii3D(s) − IMLS(s′)|. (6)    

• The vegetation distance δ(s) informs us if the current pixel s is likely in 
vegetation regions. This parameter is calculated as the L2 distance 
between the locations of a given s pixel in Ii3D and the nearest pixel s′

in IMLS which has a vegetation label: 

δ(s) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(sx − s′x)
2
+ (sy − s′y)

2
√

, (7)  

where pixel s′(s′x, s′y) fulfills that LMLS(s′) = V, and the L2 distance 
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(sx − s′x)
2
+ (sy − s′y)

2
√

between (s, s′) is minimal among all nearby 
pixels. 

Next, for every pixel in the range image lattice R, we define fitness 
scores for each class as functions of the above-described d geometric and 
δ vegetation distance values, in order to measure how a given pixel s fits 
the different classes using expert knowledge-based soft constraints. The 
types of the functions were chosen by experiments, by investigating the 
empirical distributions of the distance values within different regions of 
the training data, which is demonstrated in Fig. 8. 

Dynamic foreground regions (F) should typically have increasing 
fitness scores with growing geometric distances (d(s, s)) between the 
corresponding pixel range values in the Ii3D and IMLS maps. This soft 
constraint can be modeled by a logistic function with zero midpoint (d0 =
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0) and two parameters: maximum value (L) and steepness (k): 

F F(s) =
L

1 + e− k(d(s,s)− d0)
. (8)  

On the contrary, static background (B) pixels have high fitness for small 
geometric distances, which allows us to use the same logistic function 
with a negative steepness parameter: 

F B(s) =
L

1 + ek(d(s,s)− d0)
. (9)  

Seasonal change regions (S) have high fitness scores if and only if both 
the geometric distance term and the spatial distance to the closest 
vegetation pixel are near to zero. Formally, this constraint can be 
described by a 2D Gaussian function with zero means (μd,μδ = 0) and 
predefined small standard deviation (σd,σδ) parameters (Fig. 8): 

F S(s) =
1

2πσdσδ
e
−

[(
d(s,s′ )− μd

2σd

)2

+

(
δ(s)− μδ

2σδ

)2 ]

, (10)  

where pixel s′ denotes the nearest vegetation pixel to a given pixel s. The 
chosen fitness functions and parameters are also summarized in Table 1. 

The proposed change detection algorithm assigns a unique label ls ∈
{F, S,B} to every s ∈ R pixel of the lattice, which minimize a Potts-like 
energy function: 

E =
∑

s∈R
− log(F ls (s))+

∑

s∈R

∑

s*∈Ns

β⋅1{ls ∕= ls*}, (11)  

where β > 0 is responsible for obtaining smooth, connected regions in 
the segmented image, and Ns denotes the eight-neighborhood of pixel s. 
The MRF’s output 2D change map is taken as Li3D(s) = ls ∀s ∈ R. 

For the minimization of the MRF energy function E, a quick graph- 
cut based optimization method has been adopted (Boykov and Kolmo
gorov, 2004), which provides a high-quality three-class change map ({F,

S,B}) in real-time as demonstrated in Fig. 6(e). As the last step, the labels 
available in the range image domain should be projected back to the 
corresponding points of the RMB Lidar point cloud (Fig. 7). Fig. 6e) and 
Fig. 7 show results for the same scene in the 2D and 3D domains, 
respectively. 

4. Evaluation benchmark 

Although several benchmarks (Geiger et al., 2012; Caesar et al., 
2019) are available regarding 3D urban scene analysis based on onboard 
AV measurements (Lidar, camera, IMU, GPS), none of them contains 
dense 3D reference maps. Although the nuScenes dataset (Caesar et al., 
2019) has a map expansion module, the map thereby refers to a top-view 
projection of the scene with semantic layer information. For joint utili
zation of both i3D Lidar measurements and MLS data, we evaluated the 
proposed algorithms on a new SZTAKIBudapest Benchmark that contains 
i3D point cloud streams captured by a Velodyne HDL64E 64-beam RMB 
Lidar sensor from different downtown areas of Budapest, where high- 
density, geo-referred point cloud maps are also recorded by a Riegl 
VMX450 MLS scanner. The Benchmark contains three different road 
scenarios, each one covering a path of around 300 meters with 
segmented reference MLS data (Nagy and Benedek, 2019). For quanti
tative evaluation, Ground Truth (GT) annotations verified by operators 
are available. The dataset with a detailed description is publicly avail
able at the following link1. 

5. Evaluation 

This section presents various numerical and qualitative results on the 
above-described SZTAKIBudapest Benchmark, which demonstrate the 
efficiency of the proposed approach and its superiority versus the state- 

Fig. 5. Results of the proposed point cloud registration algorithm. Subfigures (c) and (d) refer to the same area circled by black in subfigure (b). Color codes: i3D 
points are shown with red, the segmented MLS regions are marked by various colors depending on their semantic classes (facade, , , 

). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

1 https://github.com/sztaki-geocomp/Lidar-SCU#Dataset 
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of-the-art reference techniques. 

5.1. Multimodal point cloud registration 

We begin the experiments with the evaluation of the proposed 
multimodal point cloud registration technique presented in Sec. 3.1. 
First, to justify the need for developing a new registration algorithm for 
the crossmodal i3D and MLS data alignment task, we demonstrate the 
limitations of methods based on existing keypoint selection strategies 
(discussed in Sec. 2.1) adopted for the sparse RMB Lidar and dense MLS 
point clouds, respectively. As shown in Table 2, the numbers of key
points extracted from given object clusters (such as short and tall pillars, 
tree trunks, etc.) are in different orders of magnitude in point clouds 
captured by the different sensors, while Fig. 9 (a)-(d) show visually that 
we are unable to detect the same or even similar keypoints from the 

sparse i3D and dense MLS scans of a 3D street object. The RSKDD-Net 
(Lu et al., 2020) strategy extracts the less different keypoints from the 
two point clouds, however, their similarity is still not enough for proper 
registration (see also Table 4). Among the region-based methods, we 
also tested the SegMap (Dubé et al., 2018) approach adopted to the i3D 
and MLS data (Fig. 10). Although the method extracts correctly the point 
cloud segments of most standalone static landmark objects in the i3D 
data (red points), it fails to find correct correspondences between seg
ments of the i3D and MLS point clouds (black arrows) due to their local 
contextual differences (especially in point density). 

We continue the discussion with the evaluation of the proposed 
Hough space-based registration technique. The efficiency of the algo
rithm can be demonstrated by qualitative examples, even in cases of 
very large initial alignment errors (see Fig. 5). For relevant quantitative 

Fig. 6. Change segmentation in the range image domain. Subfigures (a)-(c) are 
depth images where brighter pixels denote closer distance, and black pixels 
contain no measurements. Subfigure (d) displays semantic labels of the MLS 
data, where vegetation is marked by green. Subfigure (e) shows the segmen
tation output of the i3D data, where the pixels for static background are dis
played by blue, for dynamic change by red, and for seasonal change by green. 
(For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 

Table 1 
Fitness functions and their parameters.   

Class 

Param. F B S 

Geometric dist. d(s, s)≫0 d(s, s)→0 d(s, s′) ≈ 0 

Vegetation dist. - - δ(s, s′) ≈ 0 

Fitness function logistic logistic 2D Gaussian 

Parameters L,k L, − k σ d,σ δ 

Parameter dim. 2 0* 2  

* The same L, k parameters are used for the F and B classes.  

Fig. 7. Result of the change detection process in the 3D space about the same 
area as in Fig. 6. Color codes: , , , 

. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 

Fig. 8. The distribution of distance values (d, δ) and the applied fitness func
tions (marked with black) for each change class. 

Table 2 
Typical numbers of the extracted keypoints by different handcrafted and 
learning-based methods in MLS and i3D point clouds  

Method Extracted keypoints per cluster  

MLS cloud i3D cloud 

Harris 3D 10–20 - 

SIFT 3D 30–50 - 

ISS 3D 100+ 1–10 

RSKDD-Net2020 5–20 0–5  
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analysis, the SZTAKIBudapest Benchmark contains Ground Truth trans
formation matrices derived through manual point cloud alignment, 
which enables direct comparison in the rigid transformation’s inde
pendent parameter space (three rotation and three translation compo
nents) (Park et al., 2019). However, this manner of comparison has some 
limitations, as in several cases the error of only a single parameter can 
significantly distort the final transformation. Moreover, the manual 
registration process definitely includes some uncertainties (up to 10–20 
cm translation, 0.5-1∘ rotation). For this reason, we calculated two 
further point-to-point distance metrics (Lehtola et al., 2017) to measure 
how well the given i3D frames can fit the global MLS segments. First, we 
considered the Modified Hausdorff Distance (MHD) between the P i3D and 
P MLS obstacle clouds: 

QMHD(P i3D,P MLS) =
1

#P i3D

∑

p∈P i3D

min
q∈P MLS

||p − q||,

where #P marks the number of points in set P . However, for some 
scenes with many dynamic objects (including large vehicles), the QMHD 

metrics proved to be less relevant regarding the evaluation of the results, 
due to many outlier values which were accumulated. Therefore, we also 
turned to an alternative measure referred to as Median Point Distance 

(MPD), which ranks the points in P i3D by their minq||p − q|| values and 
the median distance over all p ∈ P i3D is calculated: 

QMPD(Pi3D,PMLS) = Med
p∈Pi3D

min
q∈PMLS

||p − q||.

Note that the calculation processes of both MHD and MPD are unsu
pervised, thus they can be considered as relative quality measures rather 
than metric error values. 

Table 3 displays the MHD and MPD rates for the three different 
scenes of the SZTAKIBudapest Benchmark, calculated at different stages 
of the proposed two-step registration algorithm. We can see that both 
quality values are significantly reduced by the process, and in all test 
scenarios, the final observed MPD error values are around 1-3 cm. Note 
that high registration accuracy can also be verified by qualitative anal
ysis (see Fig. 5). 

Table 4 presents a detailed quantitative comparison between the 
proposed method and different reference approaches for point cloud 
registration using the SZTAKIBudapest Benchmark. Quality measures 
provided here comprise both the differences in the transformation’s 
independent parameters and the point distance-based MHD and MPD 
error rates. For each method, the GPS-based position was taken as an 
initial alignment. Based on the experiments, the one-step Least-Square 
(Arun et al., 1987) optimization can decrease the overall point distances 
but completely fails to find the optimal position and orientation when 
the density characteristics of the two point clouds significantly differ. 
Similarly, the RSKDD-Net (Lu et al., 2020) method cannot improve the 
original alignment due to the lack of extractable keypoint correspon
dences (see Fig. 9(d)). The high rotation errors of these methods (Arun 
et al., 1987; Lu et al., 2020) along the x (Δrx) and z-axes (Δrz) in Table 4 
correspond to the large percent of test cases where the alignable point 
clouds were falsely flipped horizontally or vertically, respectively. The 
FMR2020 (Huang et al., 2020) method found false feature-matches 
derived from the local point-distribution differences of the point sets, 
resulting in higher translation errors along the x and y-axes. The ICP 
algorithm (Zhang, 1994) – which aims to minimize locally the errors – 
failed to converge from the poor GPS-based position in around 75% of 
the test frames, and for the remaining cases, the accurate (< 10 cm) 
registration needed 3-4 minutes computation time for a single frame. 
The further global registration techniques, RANSAC (Choi et al., 2015) 
and TEASER++ (Yang et al., 2021) have been applied as follows: first, 
the two point clouds were uniformly downsampled, then the FPFH (Rusu 
et al., 2009) feature descriptors were calculated to extract the local 
geometric properties of the point neighborhoods. Although these ap
proaches could reduce both the position and orientation errors, they 
proved to be less accurate than the proposed method due to many out
liers, which were eliminated by the proposed approach with the voting 
scheme. Note that the RANSAC-based registration also rotated the point 
clouds upside down in around 10% of the test frames, resulting in 
relatively higher rotation error along the x-axis (Δrx). 

Regarding the computation time, the coarse alignment step of the 
proposed algorithm can work with around 10 fps on a desktop envi
ronment, while the fine alignment steps need currently 2-4 seconds on 
sequential CPU implementation (see the last column of Table 4). How
ever, recent studies (Qiu et al., 2009) show that using parallel imple
mentation of the correspondence search in ICP, one can reduce its 
computational time with one order of magnitude on multi-core CPU 
(OpenMP) and with two orders of magnitude on GPU (CUDA). These 
hardware-accelerated implementations can make the proposed algo
rithm eligible for real-time applications. 

5.2. Change detection 

Next, we evaluate the change detection step of the proposed algo
rithm, which takes as input registered i3D and MLS point clouds, as a 
result of the previously discussed point set alignment. Since the SZTA
KIBudapest Benchmark contains GT labels for the changed regions, we 

Fig. 9. 3D keypoint selection strategies for registration on the same object 
stored in the (top) and point. cloud (bottom). 

Fig. 10. False correspondences (black arrows) using the SegMap2018 
approach (Dubé et al., 2018) between the 
and . 
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have also performed here quantitative evaluation at point level, so that 
we compared the labeled output i3D data to the GT annotation of the 
point cloud. 

5.2.1. MRF parameter settings 
During the evaluation, first, we compared more than 30000 param

eter combinations in a multi-level five-dimensional grid search in order 
to optimize the parameters (L, k, σd, σδ, β) of the MRF model. The ROC 
curve of the results of different setups is summarized in Fig. 11. We 
achieved the best performance using the MRF smoothness parameter 

β = 0.5, the logistic function with L = 0.01, k = 2.0 and the Gaussian 
function with deviation parameters σd = 1.4 and σδ = 2.5. 

5.2.2. Reference methods 
Since to our best knowledge the proposed RangeMRF method is the 

first approach dedicated to the i3D-MLS crossmodal change detection 
task, we selected and adopted reference techniques from the methods 
described in Sec. 2.2, which were proposed earlier for comparing 
registered MLS point clouds. 

First, we implemented a fixed radius (r = 15 cm based on 
(Schlichting and Brenner, 2016)) nearest neighbor (NN) search 
(Schlichting and Brenner, 2016) between segments of the two point 
clouds. We labeled each segment of the i3D data as foreground (F) if 25% 
of its points have no neighbors, otherwise, we propagated the label of 
the neighboring MLS points to the corresponding segment (background 
(B) or vegetation (V)). Next, we implemented the radius search at point 
level which is used by (Liu et al., 2021; Girardeau-Montaut et al., 2005): 
Each point of the i3D is labeled as F if the distance to the nearest MLS 
point is higher than r, otherwise the label of the neighboring point is 
propagated. We tested this method with multiple r radius lengths (see 
Fig. 13). At small radius, the method failed to compensate the mea
surement noise and the variance of vegetation areas in the i3D data, 
while with higher radius values it produces a significantly increasing 
number of false-negative points. For numerical comparison, we applied 
an optimally balanced solution for both classes (r = 30 cm). To over
come the above-mentioned trade-off, we also implemented a point-to- 
triangle search based on (Xiao et al., 2015): for each point in the i3D 
data, we constructed a triangle surface from its 10 nearest points and 
calculated the distance (d = 30 cm applied based on (Xiao et al., 2015)) 
of the given point to the nearest triangle. 

Finally, we also fitted a 3D voxel array (Liu et al., 2016) to the 

Table 3 
Quantitative results of the proposed registration algorithm.   

Metrics 

Scenario Initial avg. Initial avg. Q MHD [m] Q MPD [m] Computational time [s]  

offset [m] rotation [◦] initial coarse fine initial coarse fine (sequential CPU impl.) 

Deák square 1.4 − 54.98 5.5581 0.6806 0.6306 3.1395 0.0589 0.0185 1.58384 

Fővám square 2.2 53.04 4.8530 1.0918 0.9561 2.1473 0.1612 0.0186 2.31684 

Kálvin square 3.6 38.53 5.5040 0.8719 0.7454 3.3839 0.2853 0.0380 3.27187 

Average values 2.4 48.85 5.2982 0.8818 0.7785 2.8732 0.1644 0.0246 2.59418  

Table 4 
Comparative evaluation of various point cloud registration methods and the proposed approach  

Method Absolute error compared to manual Ground Truth transformation Distance-based evaluation Computation  

Δr x [◦] Δr y [◦] Δr z [◦] Δt x [m] Δt y [m] Δt z [m] Q MHD [m] Q MPD [m] time [s] 

GPS baseline 1.831 1.492 48.784 1.485 5.999 1.103 5.298 2.873 - 

SegMap2018 -a -a -a -a -a -a -a -a -a 

RSKDD-Net2020 94.037 6.670 76.047 9.466 15.065 1.241 2.968 2.789 0.048b 

Least-Square 89.335 9.117 85.655 5.516 5.493 0.627 2.510 2.176 0.364 

ICP 1.951 2.170 30.778 2.023 5.411 0.608 1.483 0.700 239.768c 

RANSAC 19.921 2.434 7.263 3.518 7.422 0.853 2.318 1.877 0.793 

TEASER++2020 5.522 1.664 12.350 1.613 5.477 1.162 1.818 1.134 3.849 

FMR2020 9.062 4.544 19.105 5.137 5.234 1.180 3.392 3.387 25.596c 

Proposed coarse 1.831 1.492 0.812 0.199 0.273 0.333 0.882 0.164 0.102 

Proposed with ICP 0.598 0.959 0.333 0.069 0.154 0.183 0.779 0.025 2.594c  

a failed to find correspondences 
b GPU-accelerated impl. (on CPU: 1.0844 [s]) 
c Sequential CPU impl. (GPU-acceleratable) 

Fig. 11. The behavior of the proposed method using multiple parameter 
combinations (L, k, σ d, σ δ, β). 
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aligned point clouds and classified the given i3D points as foreground (F) 
if its voxel was empty in the MLS point cloud. Otherwise, the label of the 
MLS point was propagated. We evaluated this technique with various w 
voxel size parameters (Fig. 14) and and experienced that for the i3D- 
MLS data samples it provides the most efficient results with w = 100 
cm settings, which also gave the best trade-off between the accuracy and 
computational time. 

5.2.3. Comparative results 
While we have observed that in point cloud regions with several 

large, non-contacting vehicle objects, the reference techniques have 
similarly high accuracy to the proposed method, we have experienced 
notable advantages of the RangeMRF model on challenging situations 
captured in cluttered sidewalk regions, containing multiple pedestrians 
and a wide variation of static objects, such as benches, boxes, columns 
(see Fig. 12). For this reason, we have focused the quantitative com
parison of the methods on the cluttered street regions. Results are 

summarized in Table 5 displaying precision, recall, and F1-score metrics 
calculated for all approaches. 

In these experiments, we have measured the lowest F1-scores with 
the segment level NN technique (Schlichting and Brenner, 2016). As 
main drawback here, the extracted segments often merge small dynamic 
traffic participants and large static environment parts. Therefore, such 
mixed regions were predicted falsely as unchanged regions, resulting in 
low recall values during the evaluation. 

Performing the radius search at point level (Liu et al., 2021; 
Girardeau-Montaut et al., 2005) rather than across segments produced 
better results, however, this point level approach could not compensate 
for the irregular density characteristics of the i3D data. The voxel-based 
approach (Liu et al., 2016) outperformed both techniques regarding the 
F1-score metrics. However, all of them are not or just partially able to 
find pedestrians staying near to the static object (with a distance under 
voxel size, or under radius length, respectively), yielding many false- 
negative points. Conversely, the proposed RangeMRF model is able to 

Fig. 12. Change detection results in crowded sidewalk areas, with the presence of many static and dynamic objects. Camera images of column (a) were taken 
synchronously with the RMB Lidar points clouds, but they are only used for visual verification. Purely Lidar-based detection results are shown in column (c) for a 
reference method, and in column (d) for the proposed method: red points correspond to dynamic change (vehicle, tram, pedestrians, further objects missing from the 
map: ticket station, benches), blue points present static environment parts. (Note: shading the red color in the second row is only applied for better visualization.). 
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distinguish the static and dynamic point regions, which difference is 
demonstrated by a few qualitative samples in Fig. 12 as well. By 
applying the method of (Xiao et al., 2015), which compares points to 
nearest triangles, we could remarkably reduce the number of false- 
negative hits. However, building a surface from the neighbors of each 
point is a time-consuming step, the computation of one measurement 
frame takes here around 3-4 minutes using a desktop computer. The 
proposed MRF model’s segmentation step, which works in the range 
image domain of each frame, needs around 145 ms, while the voxel- 
based approach takes around 2 (respectively 7) seconds for a given 
frame with parameter setting w = 100 cm (respectively w = 10 cm) 
using the same computer setup. 

In summary, Fig. 7, Fig. 12, and Table 5 confirm the efficiency of the 
proposed RangeMRF method in real-world scenarios. We have quanti
tatively demonstrated its advantage versus the reference models, which 
produced either at least 7% lower F1-score rates on cluttered point 
clouds regions (Liu et al., 2021; Girardeau-Montaut et al., 2005; 
Schlichting and Brenner, 2016; Liu et al., 2016), or they needed a 
significantly longer computational time (Xiao et al., 2015). 

6. Conclusion 

This paper presented a novel method for multimodal registration and 
change detection between point clouds with significantly different 
density characteristics. The proposed algorithm can be used to localize 
sparse and instantly sensed point cloud data captured by autonomous 
vehicles in a high-density 3D point cloud map with an accuracy of up to 
a few centimeters in Median Point Distance, and based on the registered 
point clouds, it can separate different sources of changes with an overall 
F1-score of 92% for complete i3D point cloud frames and 87% for 
complex sidewalk areas. We estimate that with a parallel implementa
tion of many substeps, the whole workflow can run with around 5–10 
fps. We proposed significant novel contributions in terms of robust 
alignment and efficient change detection between multimodal 3D data. 
We also provided several experiments to show the advantages of the new 
methods versus the state-of-the-art. 
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Appendix A. Supplementary attachments 

The used dataset and the source code of the proposed algorithm is 
publicly available at: 

https://github.com/sztaki-geocomp/Lidar-SCU. 
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