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A B S T R A C T   

In simultaneous localization and mapping (SLAM), loop closure detection is a significant yet still open problem. It 
contributes to construct a globally consistent and accurate map. This paper proposes a fast and compact loop 
closure detection method (FastLCD) based on comprehensive descriptors and machine learning to achieve reli
able and precise results using 3D point cloud for indoor LiDAR mobile mapping. Comprehensive descriptors 
proposed in this paper encode discriminative multimodality features to describe each scan of point clouds. The 
specific values of descriptors of point cloud scan pairs are fed into a machine learning model. We leverage the 
pre-trained learning model as a classifier to distinguish whether a pair of laser scans is a loop candidate. Then, to 
ensure the results’ precision, a novel double-deck loop candidate verification strategy is used to reject false 
positives. The algorithm is evaluated on datasets of some typical indoor environments. Compared with some 
state-of-the-art loop closure detection algorithms, the proposed FastLCD algorithm demonstrates superior per
formance in precision and recall rate. Moreover, the method proposed also exhibits high time efficiency, 
excellent generalization performance and insensitivity to threshold changes.   

1. Introduction 

Surveying robots are being increasingly used for mobile mapping 
and model reconstruction, especially in environments that lack the 
reliable signals of global navigation satellite system (GNSS) or other 
localization methods, such as indoor environments, city canyons, and 
underground scenes. In such environments, sensor-based localization 
methods are adopted, such as scan matching and visual odometry. 
However, these methods cause a drift in position because of the gener
ation of cumulative errors. With increasing measurement distance, the 
drift also grows sharply (Thrun, 2002). Loop closure detection is a key 
step in SLAM to restrict these cumulative errors. It can be defined as a 
data association problem that aims to determine whether a place has 
been previously visited. It can reduce the pose estimation uncertainty 
and map inconsistency (Williams et al., 2011), with an aim to construct 
an accurate and consistent map for model reconstruction (Shi et al., 
2019). 

So far, several loop closure detection algorithms using 2D point cloud 
data (Hess et al., 2016; Himstedt et al., 2014; Zlot and Bosse, 2009) or 

visual data (Angeli et al., 2008; Labbe and Michaud, 2013; Labbé and 
Michaud, 2014; Memon et al., 2020; Ge et al., 2019) have been pro
posed. However, a 2D laser scanner only captures environmental in
formation on a plane in each frame, which does not contain sufficient 
information (Li et al., 2017). When robots are running on a rough floor, 
the 2D scans might appear markedly different despite only slight 
changes in the position. Thus, in such cases, loop closure detection based 
on 2D scans is not reliable. Visual data are also widely used as they 
contain adequate information of environments with much lower costs. 
However, visual sensors are sensitive to illumination conditions (Chen 
et al., 2019; Lee et al., 2019), especially in indoor environments. 
Recently, with declining costs, 3D laser scanners have been widely 
applied in many fields. They capture more sufficient data than 2D laser 
scanners and work stably under illumination changes, even in dark 
environments. 

In this paper, the loop closure detection problem is treated as a 
classification problem to identify whether two scans are captured from 
the same environment. We propose a loop closure detection method 
(FastLCD) in indoor environments based on comprehensive descriptors 
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and machine learning. Considering multimodality information in 3D 
point clouds, the comprehensive descriptor is proposed to describe each 
point cloud scan. The descriptor ratios are fed into a supervised learning 
model to detect loop closures. Loop results provide control information 
for back-end optimization in SLAM (Sünderhauf, 2012), enhancing the 
reliability of the adjustment network and improving the map’s overall 
accuracy. False loop closures will have disastrous effects on SLAM re
sults. Thus, a double-deck verification strategy is used to reject false 
detections to ensure the algorithm’s precision. 

The main contributions of this paper are:  

1. The FastLCD algorithm leverages multimodality features to map a 
point cloud scan into a global comprehensive descriptor. The mul
timodality features are extracted from each single 3D LiDAR scan 
without any transformation or projection. Theory analysis and 
experiment results demonstrate the comprehensive descriptor is 
discriminative to location and external environments.  

2. A highly-efficient supervised learning model is used as a classifier to 
identify loop closure candidates without priori poses. The model can 
also provide the estimate of the reliability of detection results. The 
detection results comply with Gaussian Mixture Model (GMM), 
which indicates the method proposed has great separability and 
insensitivity to threshold changes.  

3. A double-deck loop verification strategy comprising cross-validation 
and post-verification is implemented to reject false positives to 
ensure the precision. 

The rest of this paper is organized as follows. In Section 2, a brief 
review of loop closure detection methods is summarized and classified. 
Their problems and limitations are also stated in this section. In Section 
3, FastLCD method based on comprehensive descriptors and machine 
learning is introduced in detail. The discrimination of multimodality 
features is also demonstrated. Section 4 shows the experiment results of 
our method and comparison algorithms in indoor environments. Section 
5 discusses the performance and limitations of FastLCD algorithm. In 
Section 6, conclusions are stated, and directions of future work are 
presented. 

2. Related work 

Loop closure detection is a critical component towards addressing 
the problem of SLAM. This section briefly summarizes the previous work 
related to loop closure detection using point clouds. Loop closure 
detection algorithms can be classified into four categories according to 
the features adopted: (1) based on local features, (2) based on hand
crafted global descriptors, (3) based on planes, objects, or semantic in
formation, (4) based on deep learning. 

Many of the traditional approaches are based on local features, such 
as key points. Steder et al. (2010) proposed a place recognition method 
based on point features extracted from 3D range data. The obtained 
points of interest were applied to extract features and score candidate 
transformations. Then, a threshold was applied to validate the candi
dates. In Steder et al. (2011), normal aligned radial features were 
applied using bag-of-words models. The fast point feature histograms 
(FPFHs) proposed in Rusu et al. (2009) optimized the traditional point 
feature histograms (PFHs) (Rusu et al., 2008). The computation of FPFH 
was based on the combination of geometry relations between the key 
points and neighbors. The FPFHs not only retained most of the 
descriptive power of a PFH but also could be computed online for real- 
time application. 

Regarding methods based on handcrafted global descriptors, sub
stantial acievements have been gained. Magnusson et al. (2009) 
exploited the surface representation of a normal distribution transform 
to create feature histograms. Here, a point cloud scan was split into 
several overlapping grids, and their linear, planar, and spherical prop
erties were computed and compressed into a shape histogram. In 

addition, expectation maximization was used to fit a gamma mixture 
model to output similarity measures for automatically determining the 
threshold for loop closure detection. Rohling et al. (2015) proposed a 
fast histogram computed from the distances between the point and 
robot. A discrete Wasserstein metric was used to compare the two his
tograms, and loop closures were detected using an appropriate distance 
threshold. Considering structural information, a non-histogram-based 
global descriptor from 3D LiDAR scans, called scan context (Kim and 
Kim, 2018) was proposed. This approach directly recorded the 3D 
structure of a space that was invariant to LiDAR viewpoint changes. Scan 
context is also expanded to intensity scan context (H. Wang et al., 2020), 
considering intensity information. Granström and Schön (2010) used 
two types of global features, geometry features and range histograms. 
AdaBoost is used to learn a classifier from these features. The approach 
proposed in Zhuang et al. (2013) comprised local speeded-up robust 
features (SURFs) and global spatial features for place recognition task. 
M2DP (He et al., 2016) was a global descriptor produced by projecting a 
3D point cloud to multiple 2D planes and computation of the signatures 
of the cloud on these planes. LiDAR Iris (Y. Wang et al., 2020) is a binary 
signature image representation. Place recognition is implemented by 
calculating the Hamming distance as similarities of two corresponding 
binary signature images. 

Besides artificially designed local and global features, some algo
rithms based on advanced features, like planes, objects, or semantic 
information are proposed. Dube et al. (2017) proposed 3D segmentation 
methods, and realized place recognition through segment matching and 
geometry verification. Cupec et al. (2019) proposed an indoor place 
recognition approach based on matching planar surface segments and 
straight edges in depth images obtained from RGB-D images. Luo et al. 
(2016) proposed a scene recognition algorithm based on object de
scriptors, including the oriented, unique, and repeatable-clustered 
viewpoint feature histogram descriptor (Aldoma et al., 2012) and 
ensemble of shape functions descriptor (Wohlkinger and Vincze, 2011), 
which were extracted from the submaps segmented from the RGB-D 
range data. Furthermore, a distance metric was learned (Davis et al., 
2007), with the aim of increasing the precision of place recognition 
under environmental changes. 

Meanwhile, booming development in deep learning inspires many 
works in place recognition field. Unlike traditional methods adopting 
handcrafted features and metrics, deep-learning-based methods learn 
the features or metrics from the input data. According to the type of 
input data fed into deep learning models, methods can be divided into 
four categories: (1) handcrafted-feature-based methods, (2) image- 
based methods, (3) 3D-volume-based methods, (4) raw-point-cloud- 
based methods.  

(1) Yin et al. (2017) transferred raw point cloud into a semi- 
handcrafted representation and considered loop closure detec
tion as a similarity modeling problem. The semi-handcrafted 
representation with rotational invariance was fed into a sia
mese convolutional neural network (CNN) with contrastive loss 
for loop closure detection.  

(2) OverlapNet (Chen et al., 2020) transferred point clouds to images 
as input. Multiple information, including depth, normal, in
tensity, and semantic information were used to generate images 
from a single LiDAR scan. The images were input into a siamese 
network for identifying loop closure candidates.  

(3) A voxel-based representation learning method were proposed in 
Siva et al. (2020) to perform learning of voxels and features to 
represent scenes. 3D point cloud data were split into voxels. 
Multi-modal features extracted from those voxels were used to 
perform place recognition. MinkLoc3D (Komorowski, 2020) 
leveraged a sparse voxelized point cloud representation and 
sparse 3D convolutions to compute discriminative 3D point cloud 
descriptors. 
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(4) PointNetVLAD (Angelina et al., 2018) combined PointNet (Qi 
et al., 2017) and NetVLAD (Arandjelovic et al., 2018) to perfom 
end-to-end training and to extract global descriptor from 3D point 
cloud. The pre-classification results obtained from PointNet were 
input into NetVLAD with metric learning method for mapping 3D 
point cloud into global feature descriptors. “Lazy triplet and 
quadruplet” loss functions were proposed to achieve more 
generalization performance by augmenting differences between 
samples. Raw-point-cloud-based methods always need to solve 
the problem of permutation invariance. PointNetVLAD solved 
this problem by proving NetVLAD to be a symmetric function. Liu 
et al. (2019b) proposed LPD-Net, a large-scale place description 
network. This network applied adaptive feature extraction to 
obtain point cloud distribution information and local features. 
The resulting local feature vectors were processed by NetVLAD to 
get a global descriptor. Sun et al. (2021) proposed a place 
recognition algorithm taking raw point cloud data as input. This 
algorithm included two parts: feature extraction block using dual 
attention module, and feature fusion block encoding local fea
tures into a global descriptor by a NetVLAD layer. Methods pro
posed in Liu et al. (2019a), Xia et al. (2020), Zhang and Xiao 
(2019) also had similar workflow as Angelina et al. (2018). Local 
features were extracted from raw LiDAR scans. Then, a deep 
learning encoder was used to produce a compact global 
descriptor. 

Each type of features has inherent disadvantages. Local features 
generally lack descriptive power and suffer from ambiguity and envi
ronment changes, while global descriptors always face problems of 
view-dependent and invariance. Algorithms based on planes, objects, or 
semantic information rely on the performance of these advanced feature 
extraction. Thus, multimodalities integration is an effective approach to 
remedy the defects of a single feature. The mining of point cloud features 
aims at describing environments more comprehensively and discrim
inatively, which founds a basis for our FastLCD method, a feasible and 
reliable loop closure detection algorithm. Algorithms also need to bal
ance performance in terms of accuracy and efficiency. In addition, the 
majority of the existing methods rely on appropriate threshold setting, 
which needs to be adjusted on new datasets, while the proposed FastLCD 
could use a uniform threshold ignoring dataset changes. 

3. The FastLCD approach 

The input of this algorithm is raw point clouds without any trans
formation and projection. Multimodality features are extracted directly 
from raw 3D LiDAR scans. Then, they are concatenated into a discrim
inative global comprehensive descriptor, by which the computational 
and storage cost will reduce significantly. The descriptor ratio is calcu
lated from a pair of comprehensive descriptors. The descriptor ratio will 
be checked by the pre-trained machine learning model without any 
priori pose information to obtain loop candidates. Then, a double-deck 
verification strategy comprising cross-validation and post-verification 
is implemented to ensure the final results’ precision. The effective and 
efficient loop closure detection results will greatly enhance the locali
zation and mapping tasks in application of robotics and self-driving. The 
algorithm architecture is shown in Fig. 1. 

3.1. Multimodality feature extraction 

The proposed FastLCD algorithm leverages discriminative global 
comprehensive descriptors encoded by multimodality features, which 
are extracted from each single 3D LiDAR scan, including statistics, ge
ometry, planes, range histogram, and intensity histogram. The multi
modality features are all invariant to rotation. Therefore, the FastLCD 
algorithm is also rotation-invariant. 

Notations: Given a point cloud P ∈ RN×3, i is the point ID (i ∈ [1,N]) 
and (Xi,Yi,Zi) are the point coordinates. f id

m is defined as the features, 
with id and m denoting the scan ID and the feature ID, respectively. 

3.1.1. Statistics 
The statistical features are computed using the nominal range 

distance, point coordinates, and point number. They can reflect the 
point distribution, which represents the surrounding environment 
intuitively. 

The statistics include mean value of X,Y,Z respectively (X, Y, Z), 
mean measuring distance (r), maximum and minimum of distances 
(Rmax,Rmin), standard deviation (σR), coordinate of mass center (X,Y,Z), 
average distance between each point and mass center (r), skewness (SR), 
and kurtosis (γR). 

3.1.2. Geometry features 
Geometry features (Fg) describe the contextual information of each 

point on one scanline. Features of each point are computed with respect 
to the adjacent points. Geometry can describe local information of the 
point cloud. The geometry features are computed as follows: 

Sum and standard deviation of distances between adjacent points 
(
Di,i+1

)
on the same scanline. 

Sum and standard deviation of curvatures. A is defined as the area of 
a triangle formed by three points pi− 1, pi, and pi+1. The distances among 
the three points are Di,i+1, Di− 1,i, and Di− 1,i+1. The curvature (Ci) at pi is 
computed as 

Ci =
4A

Di,i+1Di− 1,iDi− 1,i+1
(1) 

Fig. 1. Flowchart of FastLCD algorithm based on a comprehensive descriptor 
and machine learning. The workflow includes two main modules: multi
modality feature extraction and loop detection & verfication. 

H. Xiang et al.                                                                                                                                                                                                                                   



International Journal of Applied Earth Observation and Geoinformation 102 (2021) 102430

4

where 

A =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

s(s − Di,i+1)(s − Di− 1,i)(s − Di− 1,i+1)

√

,

s =
Di,i+1Di− 1,iDi− 1,i+1

2
(2) 

Mean value and standard deviation of range ratios on one LiDAR 
scan. Range ratio is defined as the specific value of ranging distances of 
adjacent point pairs. 

Mean value and standard deviation of range differences. Range dif
ference is defined as the difference value of ranging distances between 
adjacent point pairs. 

3.1.3. Plane features 
Planar surfaces are the most common geometric structure in man- 

made environments, such as ground, walls, ceilings, and furniture. 
These plane features can reflect the environment’s structural informa
tion and complexity, as shown in Fig. 2. We define some structural 
features based on these plane features. The parallel planes in indoor 
environment always refer to ground, ceiling, or walls. Thus, the features 
can be designed as: (1) the number of plane features in a point cloud 
scan, (2) the maximum distance between any of the two parallel planes, 
and they are denoted as P1 and P2, (3) The maximum distance between 
any of the two parallel planes which are vertical to P1 and P2, (4) 
structure index: the ratio of two maximum distances, distance computed 
in (3) to distance of (2). The ratio can reflect the shape of the indoor 
space. Generally, the man-made environment is four-sided. The ratio 
ranges from 0 to 1. If it is close to 0, the environment is long and narrow, 
such as corridors and tunnels. Meanwhile, if it is close to 1, the envi
ronment is more like a square. In our approach, the plane feature 
extraction algorithm was proposed by Fan et al. (2019). 

3.1.4. Range histogram 
Each LiDAR scan is represented as an unstructured and uneven 

distributed 3D point cloud and always associated with a location. With 
the measuring distance defining the range between each point and 
sensor’s center, the range histogram describes the distribution of the 
points in a scan and reflects the environment’s size and complexity. 

Assuming a bucket count b and a value range R ∈ [Rmin,Rmax], we can 
divide {R} into subintervals of size. 

Δ =
1
b
(Rmax − Rmin) (3) 

Each point falls in a corresponding bucket according to the value of 
R. 

(Rmin + k∙Δ) < R < [Rmin + (k + 1)∙Δ] (4) 

Then, the histogram for a point cloud scan P can be written as: 

Hb =
(
h0

b,⋯, hb− 1
b

)
, hk

b = count(pk
b)/N (5) 

Theoretically, the number of valid measurement points in each 
LiDAR scan is relatively constant. While in practice, the number will 
show slight difference due to specular reflection in some surface types, 
or the slight vibrations of rotating devices. The normalization of point 
count ensures that the range histograms remain comparable under these 
unexpected conditions. 

3.1.5. Laser intensity histogram 
Similar to the range histograms, the laser intensity of the points in a 

scan can also be counted as a laser intensity histogram. In Fig. 3, if the 
two point clouds captured in the same environment, the intensity his
tograms are also similar. By contrast, the laser intensity histograms of 
different environments vary on trends and peaks. 

The histogram reflects the measuring distance and object attributes. 
It should be indicated that intensity value of different laser scanners is 
defined differently. Thus, normalization of intensity value should be 
implemented for each point. The calculation method of intensity histo
gram is similar to range histogram. 

3.2. Feature discriminative analysis. 

Loop closure detection is to find whether the location has been 
revisited. To ensure the algorithm’s detection performance, the features 
should be discriminative. 

Statistics, geometry features, and range histograms are computed 
according to nominal distances and adjacent points on each scanline. It 
is obvious that the three modalities are all sensitive to locations and 
environments. A slight location perturbation of the laser scanner will 
cause changes of the ranging distances and scanlines. Even in the same 
environment, ranging histograms will be different when sensor’s loca
tion changes, which indicates the location discriminative characteristic. 
The plane features describe the shape and complexity of the scenes, 
which will differ as scene changing. The intensity information is affected 
by the system and objects. The incident angles and materials of objects 
matter much on intensity values. The incident angles are influenced by 
sensor’s relative locations in the environment. Besides, the materials of 
objects might be different in diverse environments. Thus, the intensity 
histogram feature is also discriminative to locations and environments. 

3.3. Loop detection 

After the discriminative global comprehensive descriptor (Fid1,id2) 
extracted, the descriptor ratios are computed by concatenating the 
specific values of multimodalities. Then, the descriptor ratios are orga
nized as samples to be fed into machine learning models. Methods of 
calculating descriptor ratios varies for different modalities. For statistics 
(fs), geometry features (fg) and plane features (fp), the elementwise 
specific values are computed as: 

f id1,id2 =

⎧
⎨

⎩

f id1
m /f id2

m

(f id1
m /f id2

m )
− 1 (6) 

Each pair of LiDAR scans generate two samples due to the two 
calculation methods in formula (6). It should be indicated that a mini
mum value needs to be added to the denominator in case of NaN value. If 
two LiDAR scans are captured from the same environment, the values of 
f id1
m and f id2

m will be very similar, and the value of f id1,id2 is close to 1. 
As for range histogram and intensity histogram, correlation co

efficients cr and ci are computed. Then, Fid1,id2 is computed by concat
enating the specific values of each element. 

Fid1,id2 = fz ⊕ fg ⊕ fp ⊕ cr ⊕ ci (7) 

For model training, a descriptor ratio and a binary label are 

(a) (b)

Fig. 2. Plane features in indoor environments. The green arrow indicates the 
maximum distance between any of the two parallel planes, while in the vertital 
direction of those two planes, the maximum distance in denoted by orange 
arrows. (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.) 
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combined as a training sample {y,Fid1,id2
m }. If y is 0, the scan pair is not a 

loop closure, whereas the value of 1 means that the scan pair is a loop 
closure. Then, training samples are fed into the supervised learning 
model. 

y =

{
1 positive
0 negative (8) 

Supervised learning model will learn from training samples to 
identify whether a scan pair is a loop candidate or not, meanwhile, the 
machine learning model could also provide a posterior probability of 
being detected as loops to estimate the reliability of the detection 
results. 

3.4. Double-deck loop verification 

Precision is the dominant indicator for evaluating loop closure 
detection results, due to wrong loop conditions might ruin the global 
map. Thus, to ensure the precision and reject false positives, a novel 
double-deck loop verification strategy is implemented. The loop verifi
cation contains two parts: cross-validation and post-verification. 

Cross-validation: due to the two calculation methods of descriptor 
ratios in formula (6), each scan pair generates two samples. Then, if one 
of the two samples are identified as negative, this pair of laser scans will 
be rejected. 

Post-verification: if a laser scan pair is identified as a loop candidate, 
it will be verified according to time-consistency and geometry- 
consistency. As shown in Fig. 4, in an appropriate time buffer, scan 
pairs are combined. Then, all these scan pairs are detected by the ma
chine learning model to check whether they are positive or not. If they 
are positive, the scan i and j are verified as a loop closure. 

4. Experiments 

4.1. Data 

We train and evaluate FastLCD algorithm on the in-house datasets 
and Mimap in SLAM 00 dataset (Wen et al., 2020)(Wang et al., 2018), as 
shown in Fig. 5. 

In-house datasets: (a) The corridor A dataset is captured in a long 
and narrow corridor with some corners; (b) The small lecture room is an 
irregular lecture theatre with approximately 200 seats; (c) The large 
lecture room is a large irregular lecture theatre with approximately 400 
seats; (d) The corridor B dataset has long and narrow corridors, corners, 
and a open small podium; (e) The office room dataset is captured in a 
square office rooms with some desks, chairs, computers, and laboratory 
equipment, which is much smaller than the two lecture rooms. To 
validate the learning model’s generalization performance, the super
vised machine learning model is only trained by the corridor A dataset, 
then tested on the other four datasets. These datasets are the most 
typical scenes in indoor environments. Most indoor environments are a 
combination of these scenes. 

The in-house datasets are captured on the Hong Kong Polytechnic 
University campus using a backpack mobile mapping system (Fan et al., 
2019). The laser scanners mounted on the backpack mobile platform are 
Velodyne’s Puck LiDAR sensors. 

Mimap in slam 00 dataset: the dataset is collected in a two-floor 
building scene, including data of individual rooms, non-enclosed loop 
corridors and stairs. The point cloud scans are captured by a Velodyne 
Ultra puck scanner. 

Fig. 3. Intensity histograms of different environments. (a) and (c) are at at different locations in the same corridor, (e) is a scan of a long corridor, (g) is capture in a 
office room. (b), (d), (f) and (h) are the intensity histogram of (a), (c), (e) and (g) respectively. (b) and (d) shows similar trends and peakness, while they are totally 
different from those in (f) and (h). 

Fig. 4. Schematic of post-verification.  
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4.2. Supervised model selection 

In this section, we compare the impact of different machine learning 
models on the algorithm’s performance. Four popular machine learning 
models are adopted to conduct the comparative experiments, including 
AdaBoost, random forest (RF), support vector machine (SVM) and arti
ficial neural network (ANN). It should be specified that back propaga
tion neural network (BPNN), one of the ANN models, will be used. The 
results are shown in Fig. 6 and Table 1. 

Totally the same training and test samples are used in the comparison 
experiment. To ensure the high precision, the four machine learning 
models are given the same and relatively rigorous threshold 0.8 for 
posterior probability. A unified threshold can better reflect the gener
alization performace of the models. According to Fig. 6, all the four 
models show excellent performances as AUCs are all close to 1. The F1- 
scores and AUCs evaluation results are shown in Table 1. On corridor B 
dataset, ANN model achieves the best performance, whereas in large 

lecture room dataset, small lecture room dataset and office room data
set, RF model stably outperforms SVM, AdaBoost and ANN models. 
Overall, RF model achieves realtively high F1-scores and AUCs on the 
four datasets with threshold equaling to 0.8, with high time efficiency. 
Thus, RF will be adopted in our FastLCD algorithm. 

(a) (b) (c)

(d) (e) (f)

Fig. 5. (a) corridor A dataset, (b) small lecture room dataset, (c) large lecture room dataset, (d) corridor B dataset, (e) office room dataset, (f) mimap in slam 
00 dataset. 

(a) (b) (c) (d)

Fig. 6. ROC curves of different learning models on the in-house datasets. (a) small lecture room dataset, (b) large lecture room dataset, (c) corridor B dataset, (d) 
office room dataset. 

Table 1 
F1-scores and AUCs of machine learning models on in-house datasets. The 
optimal results in each group of comparison experiments are shown in bold.   

Small lecture 
room 

Large lecture 
room 

Corridor B Office room 

F1 AUC F1 AUC F1 AUC F1 AUC 

SVM  0.98  1.00  0.94  0.99  0.83  0.98  0.99  1.00 
AdaBoost  0.98  1.00  0.98  0.99  0.79  0.99  0.99  1.00 
RF  0.99  1.00  0.99  1.00  0.92  0.99  1.00  1.00 
ANN  0.77  0.99  0.74  0.99  0.94  0.98  0.96  1.00  
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4.3. Ablation studies 

4.3.1. Feature selection 
RF model has the ability to weight the importance of each feature 

element. Feature selection is significant to reduce data dimensions and 
save computation cost. Fig. 7 depicts the feature importance analysis 
result. The range histogram plays the dominant role among all feature 
elements. Then, the intensity histogram, skewness, and sum value of 
distances between adjacent points also show outstanding influences, 
while plane features hardly affect the results. 

The feature ablation study results are demonstrated in Table 2. 
Ablation of plane features does not make noticeable impacts on results’ 
precision and recall rate, which is consistent with the feature importance 
analysis results shown in Fig. 7. It should be emphasized that range 
histogram ablation totally ruined the algorithm’s performance. The 
other four types of features all influenced more on recall rate, while 
precision remains stable without obvious loss. 

Besides feature importance analysis, feature selection also relies on 
correlation analysis results. In this experiment, a chisquare test will be 
used to perform correlation analysis. After feature selection, the updated 
descriptor shows the best performance with the precision, recall rate and 
F1-score achieving 0.98, 0.92 and 0.95, respectively. Thus, the FastLCD 
adopts 15 features ultimately, including mean measuring distance, 
maximum of ranging distances, mean value of X coordinates, standard 
deviation of all ranging distances, mean distance between each point 
and mass center, kurtosis, skewness, sum and standard deviation of 
adjacent point distances, sum, and standard deviation of curvatures, 
mean value and standard deviation of all range differences, range his
togram and intensity histogram. 

4.3.2. Double-deck verification ablation study 
In this section, we will study the impact of the double-deck verifi

cation step. The ablation experiment results are demonstrated in the 
Table 3, in which the precision and F1-score are compared. We can see 
the precision of the results increases to varying degrees after adding 
verification steps. However, due to the discriminative descriptor and 
excellent supervised learning model, even the double-deck verification 
step is ablated, the precision and F1-score still remain relatively stable 
without much loss. After all, the verification step indeed increases the 
precision of the results more or less, which aims to make the algorithm 
more robust. 

4.4. Loop closure detection results 

4.4.1. FastLCD results 
In-house datasets: we compare our FastLCD algorithm with some 

state-of-the-art methods on the in-house indoor datasets. Comparison 
results are shown in Fig. 8 and Table 4, where M2DP (He et al., 2016), 
FastHistogram (Rohling et al., 2015), ScanContext (Kim and Kim, 2018), 
LiDAR Iris (Y. Wang et al., 2020), Yin (Yin et al., 2017) are adopted. We 
can find that the comparison algorithms are difficult to achieve stable 
performance on all the four datasets. It is obvious that FastLCD algo
rithm over-performs the state-of-the-art methods on the four datasets as 
the AUCs almost equal to 1. The specific F1-scores and AUCs are 
demonstrated in Table 4. Though on corridor B dataset, the F1-score and 
AUC both rank second with 0.95 and 0.99 respectively, on the other 
three datasets, FastLCD all obtains superior performance. Because the 
experiments are trained only on corridor A dataset, the FastLCD’s su
perior results on the four datasets indicate the great generalization 
ability. 

Mimap in slam 00 dataset: compared with the five algorithms in 
mimap in slam 00 dataset, FastLCD still outperforms stably, with 0.94 
F1-score and 1.00 AUC. Yin method also shows the same great perfor
mance as our method. However, ScanContext and LiDAR Iris are not 

(a) (b)

Fig. 7. Importance weight of features evaluated by RF model. (a) feature importance bar graph of all feature elements, (b) feature importance bar graph of 
plane features. 

Table 2 
Result of feature ablation experiments.   

Precision Recall F1 

Complete  0.98  0.87  0.92 
Statistics ablation  0.98  0.55  0.70 
Geometry features ablation  0.98  0.77  0.86 
Plane features ablation  0.98  0.86  0.92 
Range histogram ablation  0.82  0.06  0.12 
Intensity histogram ablation  0.97  0.85  0.91 
After feature selection  0.98  0.92  0.95  

Table 3 
Double-deck verification ablation experiment results.   

Without double-deck verification Double-deck verification 

F1 Precision F1 Precision 

Small lecture room  0.99  0.98  1.00  1.00 
Large lecture room  0.96  0.94  0.99  0.99 
Corridor B  0.95  0.98  0.95  0.98 
Office room  0.99  1.00  1.00  1.00  
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suitable for this scene, only getting 0.56 and 0.53 F1-score respectively, 
which are almost useless for indoor mapping. FastLCD and Yin method 
both need training samples. Totally the same training samples are used, 
while the training time of FastLCD is significantly shorter than that of 
Yin method. The other four methods all define distances to measure the 
differentiation between a pair of point clouds. According to the results in 
Tables 4 and 5, FastLCD shows superior performance to the five methods 
on in-house datasets and mimap in slam 00 dataset. 

M2DP, FastHistogram, ScanContext and LiDAR Iris are four popular 
approaches based on advanced handcraft features, while Yin method 
uses a siamese CNN-based network, in which it is also trained by 
corridor A dataset. M2DP processes 3D point clouds by projecting them 

onto 2D planes, which will lose some 3D information. FastHistogram 
and Yin methods only use ranging distance histograms as features and 
set thresholds experimentally. However, FastHistogram uses ranging 
distance histograms directly, while Yin learns deep features by a siamese 
CNN-based network using histograms as input. ScanContext considers 
the geometry characteristics and transforms the 3D point cloud into a 2D 
feature image. Similarly, LiDAR Iris also generates 2D binary feature 
maps based on geometry information. All these methods considers part 
of the characteristics of 3D point cloud with information loss. Our 
method integrates geometry, ranging distances and intensity informa
tion to a discriminative global comprehensive descriptor, by which our 
algorithm exhibits superior and stable performance on difference 
datasets. 

Thresholds of the experiments are all set accordingly. We can find the 
comparison algorithms’ performances all rely on the appropriate 
threshold setting, which brings in extra work, and makes the algorithm 
not robust. Besides, overdependence on thresholds would also weaken 
the generalization performance of the methods. By contrast, our algo
rithm shows stable results using a uniform threshold, which will be 
analyzed in the Section 4.4.2. 

4.4.2. Separability and threshold sensitivity studies 
If AUC equals 1, it is confirmed that there is an appropriate threshold 

making the model a perfect classifier. However, the defect of the 

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 8. (a), (b), (c), and (d) are ROC curves of FastLCD and state-of-the-art algorithms in small lecture room, large lecture room, corridor B, and office room, 
respectively. The pictures (e), (f), (g), (h) are the zoom in parts of (a), (b), (c), and (d). 

Table 4 
F1-scores and AUCs of FastLCD and state-of-the-art algorithms on in-house datasets. The optimal results in each group of comparison experiments are shown in bold.   

Small lecture room Large lecture room Corridor B Office room 

F1 AUC F1 AUC F1 AUC F1 AUC 

M2DP (He et al., 2016)  0.75  0.99  0.82  0.96  0.79  0.88  0.85  0.99 
ScanContext (Kim and Kim, 2018)  0.75  0.99  0.87  0.99  0.86  1.00  0.83  0.95 
FastHistogram (Rohling et al., 2015)  0.95  1.00  0.86  0.95  0.76  0.85  0.95  0.99 
LiDAR Iris (Y. Wang et al., 2020)  0.9  1.00  0.95  1.00  0.96  0.98  0.99  0.99 
Yin (Yin et al., 2017)  0.9  0.99  0.91  0.98  0.66  0.98  0.92  1.00 
FastLCD (ours)  0.99  1.00  0.99  1.00  0.95  0.99  1.00  1.00  

Table 5 
F1-scores and AUCs of FastLCD and state-of-the-art algorithms on Mimap in slam 
00 dataset. The best results in each group of comparison experiments is shown in 
bold.   

F1 AUC 

M2DP (He et al., 2016)  0.91  0.97 
ScanContext (Kim and Kim, 2018)  0.56  0.65 
FastHistogram (Rohling et al., 2015)  0.81  0.9 
LiDAR Iris (Y. Wang et al., 2020)  0.53  0.64 
Yin (Yin et al., 2017)  0.94  1.00 
FastLCD (ours)  0.94  1.00  
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comparison methods is that the thresholds may differs on different 
datasets. Due to the comparison methods all depend on appropriate 
thresholds, much effort is needed to adjust the parameters and thresh
olds for a relatively good result. If the algorithm is sensitive to the 
threshold, it needs to be updated accordingly when a new dataset comes. 
Thus, this section is to study the threshold sensitivity of our algorithm. 

As shown in Fig. 9, the bar graphs depict the posterior probability 
distribution of being recognized as loop closures. The X axis is the pos
terior probability, while the Y axis is the number of laser scan pairs to be 
detected. The color of the bars refers to the ground truth. The orange 
bars are the correct loops, while the blue bars are not loop closures. 

Loop closure detection could be treated as a binary classification 
problem. We can find that the probability distribution complies with 
GMM. It is obvious that the probability distributions of correct loops on 
the four experiments are all concentrated in [0.8, 1], while probability of 
negative samples is concentrated in [0, 0.4]. The probability distribution 
shows a clear trend of U-shape canyon. It proves the superior separa
bility and insensitivity to threshold of the proposed algorithm. Low 
threshold sensitivity makes it easy to determine the threshold. Accord
ing to Fig. 9, we can find a uniform threshold 0.8 for posterior proba
bility could be adopted on the four datasets. 

According to the probability distribution, we can also analyze the 
reliability of the results. Due to the true positive probability’s concen
trated distribution in [0.8, 1], it is demonstrated that the results are 
highly reliable. Moreover, the posterior probability also can be used as 
the estimation of the loop closure detection results’ reliability. Our 
method decides the threshold based on the posterior probability, while 

aforementioned state-of-the-art algorithms all use the distance metrics. 
Posterior probability will be more stable than distance metrics on 
different datasets. 

4.5. Time efficiency 

This experiment is conducted to compute the time efficiency of the 
proposed FastLCD approach. The algorithm includes three key step
s––the comprehensive descriptor extraction, supervised learning model 
training, and loop detection & verification. Model training could be 
conducted offline. Thus, time efficiency experiment will focus on the 
comprehensive descriptor extraction and loop detection & verification. 
We test the time efficiency on a system equipped with an Intel i7-7700 
CPU with 3.6 GHz running Windows 10 x64 operating system. It 
should be emphasized that the code has not been optimized by time 

(a) (b)

(c) (d)

Fig. 9. The posterior probability distribution of being recognized as loops on the in-house datasets, (a), (b). (c) and (d) are the bar graph of probability distribution 
on small lecture room, large lecture room, corridor B and office room, respectively. 

Table 6 
Descriptor extraction time cost of FastLCD on in-house datasets.  

Datasets Data amount 
(scan) 

Time cost in total 
(s) 

Time cost (ms/ 
scan) 

Small lecture 
room 

9545 790 82 

Large lecture 
room 

16,538 1474 89 

Corridor B 19,801 1784 90 
Office room 1948 166 85  
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acceleration technologies, such as Compute Unified Device Architecture 
(CUDA) and the multithreading. The results are shown in Table 6. 

As shown in Table 6, the time cost of feature extraction is stable on 
different datasets. About 85 ms is needed to process each LiDAR scan, in 
which around 15,000 points are stored. While in Table 7, compared with 
feature extraction, loop detection is much more time saving. Only about 
1 ms is needed for each laser scan pair detection, which includes loop 
candidate determined by supervised learning model and double-deck 
verification. To check the time cost of the double-deck verification, we 
remove this step. Then, we can find the time efficiency increase sharply 
to 0.03 ms per detection. Compared with the state-of-the-art methods, 
our algorithm is the most time-efficient, with less than 100 ms to detect a 
loop. 

Time efficiency comparison experiments are also performed. The 
results are shown in Table 8. The experiments use open-source code of 
the comparison algorithms on the aforementioned equipment. High time 
efficiency is a decisive factor for the feasibility of loop closure detection 
algorithm. All the algorithms in Table 8 show fast and efficient char
acteristics, while, obviously, FastLCD costs the least time among all 
comparison algorithms. 

Overall, considering the computation cost and practical feasibility, it 
is not necessary to conduct loop closure detection when every single 
LiDAR scan is captured. Therefore, our FastLCD algorithm can realize 
real-time loop closure detection in SLAM, if the data capture frequency 
of the scanner is set appropriately. 

5. Discussion and limitations 

According to the experiment results of proposed FastLCD algorithm, 
some characteristics and limitations are summarized. 

(1) Precision, generalization performance, and time efficiency. The pro
posed method shows superior performance to some state-of-the- 
art algorithms, being more accurate, reliable, and robust. The 
AUCs of FastLCD algorithm on the different datasets are all close 
to 1, which indicates that it has excellent generalization 

performance. As for the time cost, feature extraction and loop 
detection both shows high time efficiency. If the data capture 
frequency of the scanner is set appropriately, FastLCD can realize 
real-time loop closure detection in SLAM. 

(2) Feature importance. The five types of features have varying de
grees of influences. Range histogram plays the dominant role, 
while plane features impact a little. Statistics, intensity histogram 
and geometry features matter much on recall rate. According to 
feature importance analysis and correlation analysis, we select 
some significant feature elements into the comprehensive 
descriptors.  

(3) Separability and threshold sensitivity. The posterior probability 
distribution of being recognized as loops almost perfect complies 
with GMM, which indicates the separability of FastLCD is excel
lent. The probability distributions of being detected as loops on 
different datasets all concentrate in the same and narrow range. It 
shows FastLCD is insensitive to threshold. Thus, the loop results 
detected is reliable and robust. 

(4) Limitations. The FastLCD algorithm is designed for indoor envi
ronments. If the algorithm is extended to outdoor environments 
and large-scale scenes, some optimization and experiments 
should be conducted. Besides, the computation cost will grow 
sharply with the measuring distance and time increasing. Thus, 
some computation cost optimization and acceleration technolo
gies could be adopted to make it more feasible and robust for 
SLAM. 

6. Conclusions 

This paper proposes a fast and compact loop closure detection 
method FastLCD based on comprehensive descriptors and machine 
learning. to achieve reliable and precise results using 3D point cloud for 
indoor LiDAR mobile mapping. FastLCD algorithm extracts multi
modality features from each single 3D LiDAR scan without any trans
formation and projection, to map a LiDAR scan into a discriminative 
comprehensive descriptor. A machine learning model with a double- 
deck loop verification strategy is used not only to identify loop clo
sures without priori poses, but also to provide estimates of the reliability 
of detection results. Experiments show the algorithm can detect loop 
results reliably and precisely. The algorithm also shows great perfor
mance on separability, threshold insensitivity, and generalization. Be
sides, the high time efficiency makes it possible to realize real-time loop 
closure detection for SLAM in indoor mapping. 

In the future, as the proposed approach is only designed in indoor 
environments for LiDAR mobile mapping, it can be extended to outdoor 
and large-scale environments. Furthermore, a deep learning model 
could be used to uncover some hidden features. 
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Table 7 
Loop detection and verification time cost of FastLCD on in-house datasets.  

Datasets Data amount 
(laser pair) 

With 
verification or 
not 

Time cost 
in total (s) 

Time cost (ms/ 
detection) 

Small 
lecture 
room 

22,104 With  25.26  1.14 
Without  0.68  0.03 

Large 
lecture 
room 

38,246 With  41.12  1.08 
Without  1.19  0.03 

Corridor B 148,536 With  176.00  1.18 
Without  4.59  0.03 

Office room 4576 With  5.60  1.22 
Without  0.14  0.03  

Table 8 
Time cost (s) comparison of FastLCD and the state-of-the-art methods on in- 
house datasets.   

Small 
lecture room 

Large lecture 
room 

Corridor 
B 

Office 
room 

M2DP (He et al., 2016)  1097.68  1984.56  2574.13  214.28 
ScanContext (Kim and 

Kim, 2018)  
998.23  1730.00  2071.34  202.59 

FastHistogram (Rohling 
et al., 2015)  

1587.20  2756.33  3298.16  306.66 

LiDAR Iris (Y. Wang 
et al., 2020)  

1408.33  2439.55  2970.15  351.67 

Yin (Yin et al., 2017)  1345.40  2234.17  2813.60  252.00 
FastLCD  815.26  1515.12  1960.00  171.60  
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