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This study proposed a laser radar 3D target recognition method that integrates point distribution feature 
descriptors and intrinsic shape feature algorithms, aiming to solve the problems of insufficient robustness 
and low computational efficiency in point cloud recognition in complex scenes. This method constructed a 
multi-level feature representation with strong invariance to rotation, translation, and noise by combining 
globally aligned spatial distribution descriptors and point distribution feature descriptors. It utilized the in-
trinsic shape feature algorithm to stably extract feature points, and introduces improved region growth seg-
mentation and Iterative Closest Point (ICP) registration algorithms to enhance recognition performance. 
Experiments on two public datasets showed that the research method achieved feature extraction accura-
cies of 93.68% and 91.46%, both of which were superior to existing mainstream descriptors. The proposed 
descriptor exhibited superior robustness with an SNR of 19.46 dB and an occlusion rate of 82.75% in noisy 
environments. In addition, the average feature extraction time was 52.37 ms, which improved efficiency by 
over 47% compared to methods such as rotational projection statistical feature extraction. In two real-world 
datasets, the proposed method achieved recognition rates of 89.86% and 80.72% when the noise deviation 
was 0.8 m, and 88.76% and 80.78% under low resolution conditions. Its recognition performance outper-
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formed the compared methods. The results indicate that the research method has excellent performance 
in accuracy, robustness, and efficiency, providing an effective technical means for 3D object recognition in 
complex environments. It also has strong practical application value.
KEYWORDS: Intrinsic shape feature algorithm; Lidar; Feature descriptor; 3D object recognition; Point cloud.

1. Overview
In today's era of rapid technological development, 
LiDAR technology provides rich spatial information 
for object detection and recognition due to its high 
precision, high resolution, and ability to obtain rich 
3D information in complex environments. LiDAR 
has been extensively utilized in many fields like au-
tonomous driving, robot navigation, industrial auto-
mation, geographic information mapping, etc. [21]. 
Among them, 3D Object Recognition (3DOR), as a 
key link in LiDAR data processing, is of great signifi-
cance for achieving intelligent decision-making and 
automated operations [7]. However, due to the com-
plexity of LiDAR data, Point Cloud (PC) data suffers 
from factors such as viewpoint changes, occlusion, 
noise, and uneven density, resulting in poor accura-
cy and efficiency of 3DOR [23]. Therefore, achieving 
efficient and accurate 3DOR has become a hotspot 
in research. In recent years, the development of fea-
ture-based recognition methods has provided new 
ideas for solving the challenges in 3DOR [20]. In 
3DOR, Feature Point Detection (FPD) and feature 
description are the two key factors in building ro-
bust recognition systems [6].
FPD can extract representative, informative, and 
noise and occlusion insensitive feature points from 
the original PC, reducing processing complexity [12]. 
Numerous scholars have researched it. Cui et al. de-
signed a novel feature point representation method 
to address the problems of poor descriptive ability 
and low efficiency in 3D LiDAR PC feature match-
ing and extraction. This method utilized the sparsity 
and complexity of PCs to provide strong constraints 
for describing feature points. This method only took 
about 20 ms to match two frames of PCs and had ex-
cellent real-time performance [4]. Romero Gonzalez 
et al. put forth a local descriptor and FPD built on 
3D binary mode to address the high computational 
cost in 3D PC processing. This method replaced real 
valued calculations with binary encoding, reducing 
computational complexity. This method could main-

tain comparable performance to advanced methods 
while significantly improving processing efficiency 
[19]. Nagar proposed a reflection symmetry plane 
method based on statistical estimation, which trans-
forms the problem into a fast convergence optimiza-
tion problem by combining FPD with kernel-based 
feature matching, effectively decoupling the symme-
try plane solution from the correspondence between 
feature points. This method achieved an average er-
ror comparable to advanced methods on the bench-
mark dataset and improved F1 scores by 4.5% [16]. 
Zhou et al. proposed a registration algorithm that 
combines Intrinsic Shape Signature (ISS) FPD with 
3D shape context descriptors to address the issues 
of large data volume, time-consuming, and low accu-
racy in PC registration. This method extracted key 
points through ISS and integrated improved random 
sample consistency with iterative closest point algo-
rithm to achieve coarse to fine matching. This algo-
rithm significantly improved registration accuracy 
and efficiency [35]. Xiong et al. proposed a LiDAR 
exclusion-based 3D object detection method that 
combines 4D imaging radar with a camera. In the 
LiDAR exclusion tilt model, predicted image depth 
distribution maps and radar 3D occupancy grids 
are generated from image perspective view features 
and radar bird's-eye view features, respectively. The 
sampling strategy is optimized by introducing image 
depth and radar information. The results indicated 
that the proposed method was significantly superior 
to the current state-of-the-art 3D object detection 
methods [26]. Xu et al. proposed a novel 3D object 
detection model based on LiDAR. This model learns 
prior knowledge of object shape and estimates the 
complete shape of partially occluded objects in the 
PC. Integrate occupancy estimation into the propos-
al refinement module to generate accurate bounding 
boxes. It was found that the performance of the mod-
el in 3D detection of cars and cyclists far exceeded 
existing advanced methods [27].
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In addition, recognition methods based on feature 
descriptors have received widespread attention due 
to their ability to effectively extract salient features 
of targets, thereby achieving fast and accurate rec-
ognition of targets in complex environments [18]. 
Liu et al. proposed an anisotropic wavelet energy 
decomposition descriptor that utilizes multi-scale 
anisotropic spectral manifold wavelet decompo-
sition energy to collect local energy at each vertex 
to simultaneously encode multi-scale internal and 
external features. This descriptor was more dis-
criminative and robust than the current advanced 
descriptors, and significantly improved feature rec-
ognition and intrinsic symmetry recognition capa-
bilities [13]. Poiesi and Boscaini proposed a unique 
and universal deep learning descriptor to address 
the weak generalization ability and transformation 
sensitivity of 3D local descriptors. This method uti-
lized deep neural networks to encode normalized PC 
patches, generating compact features that remain 
invariant to scale, rotation, and point arrangement. 
This descriptor far exceeded existing methods in 
terms of cross-domain generalization ability [17]. 
Yang et al. proposed a feature descriptor built on 
spatial voxel homogenization to address the issue 
of insufficient robustness in 3D feature description 
under complex interference. This method enhanced 
stability by improving local reference frame con-
struction and encoded spatial features using voxel 
homogenization segmentation strategy. This de-
scriptor had good descriptive performance on multi-
ple public datasets [32]. Wang et al. developed a new 
framework that fully utilizes directional descriptors 
and local rotation estimation. This method estimat-
ed local rotation by designing a novel orientation 
descriptor, and developed a rotation guided detector, 
matching device, and random sample consistency 
optimization process. The framework achieved the 
most advanced performance on multiple datasets 
[24]. Meng et al. proposed a hybrid object detection 
and tracking method based on 3D LiDAR, which 
combines object detection features from state-of-
the-art object detection algorithms with historical 
information from object tracking algorithms to infer 
objects. The results showed that the proposed meth-
od could effectively utilize target tracking informa-
tion and achieve excellent object detection perfor-
mance, with an AP 3.7% higher than current leading 
technologies [14].

In short, many scholars have deeply studied the 3D 
PC feature extraction and matching methods and 
achieved significant results. Nevertheless, existing 
3DOR approaches still have problems including in-
sufficient robustness, low computational efficiency, 
and insufficient utilization of local structural infor-
mation when dealing with complex scenes. They ig-
nore local feature description and extraction, caus-
ing a decrease in recognition precision. Given this, 
this study proposes a LiDAR 3DOR method that 
integrates Point Distribution Signature Histogram 
(PDSH) descriptors with ISS. The PDSH descriptor 
achieves rotation and translation invariance by con-
structing a local reference framework, and calculates 
the distribution information of point projections on 
three coordinate planes to form highly discrimina-
tive local feature vectors. It combines the Global 
Aligned Spatial Distribution (GASD) descriptor to 
extract global and local features of 3D objects. The 
ISS is utilized to detect feature points in PCs and 
combine it with an improved Region Growth Seg-
mentation Algorithm (RGSA) to segment the scene 
PC. The ICP algorithm is used for fine registration 
to improve the efficiency and accuracy of 3DOR. 
The unique contributions of this study lie in three 
aspects. First, a joint optimization mechanism has 
been established between global and local descrip-
tors, enabling iterative cross-refinement rather than 
simple feature concatenation. Second, an adaptive 
RGSA guided by ISS keypoints has been designed, 
where segmentation thresholds are dynamically ad-
justed based on local geometric constraints. Third, 
a feedback loop from feature matching residuals 
to ICP registration has been constructed, allowing 
closed-loop refinement between descriptor similar-
ity and spatial alignment.

2. Methodology
The paper proposes a 3D Object Feature Extraction 
(OFE) method based on GASD and PDSH descrip-
tors, targeting to simultaneously capture the global 
structural information and local detail features of 
the target, and improve the discriminative and ro-
bust feature expression. Then, a 3DOR method com-
bining feature descriptors and ISS FPD algorithm 
is proposed to achieve efficient and accurate target 
recognition in complex scenes.
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2.1. 3D OFE Method Based on GASD and 
PDSH Descriptors
In 3DOR tasks, feature extraction is a crucial step in 
determining recognition performance. Traditional 
methods often rely on global features or single type 
local features, making it difficult to balance robust-
ness and discriminability in complex scenarios. Es-
pecially in LiDAR PC, traditional feature descriptors 
often perform poorly due to factors including view-
point changes, occlusion, noise, and uneven point 
density distribution [25]. Therefore, this paper con-
structs a 3D OFE method that combines GASD de-
scriptor and PDSH descriptor, aiming to simultane-
ously capture the global structural information and 
local detail features of the target, and improve the 
robustness of the recognition system.
In PC feature description, Point Feature Histogram 
(PFH) and Fast PFH (FPFH) can fully express the 
feature information of LiDAR PCs, providing dis-
criminative information for subsequent tasks like PC 
registration and target recognition [5]. This method 
calculates the feature angle by describing the geo-
metric relationship between the query point and its 
neighboring points, as shown in Equation (1).
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Figure 1(a) shows domain analysis of PFH 
sampling points, which calculates the 
relationships between all neighboring point 
pairs using a fully connected method. Figure 
1(b) shows the sampling point domain diagram 
of FPFH, which simplifies the calculation 
strategy to improve efficiency and reflects the 
different strategies of two descriptors in 
processing the local geometric structure of PCs. 
In global feature extraction, this study uses 
GASD descriptors to process PC captured from 
different perspectives to ensure that the 
extracted global features are not affected by 
transformations. In local feature extraction, to 
ensure the invariance of local surface translation 
and rotation of PCs, this study constructs a local 
reference framework to achieve rotation and 3D 
PC projection on its coordinate plane. The 
GASD descriptor aligns PC collected from 
different perspectives to extract their spatial 
distribution features, thereby achieving effective 
description of the global structure of the target 

[34]. The calculation of its center of gravity 
coordinates and centralization processing is 
shown in Equation (2). 
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In Equation (2), μ is the centroid coordinate of the 
PC. N is the gross number of points in the PC. pi

means the coordinate of the i-th point. pi' is the new pi

after centralization processing. To accurately describe 
the global spatial distribution of PCs, this article cap-
tures the distribution diff erences of PCs in various di-
rections by calculating the Covariance Matrix (CM) of 
the centralized PC, as shown in Equation (3).
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point set, the calculation of the local CM is 
shown in Equation (5). 
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In Equation (5), )( pN  means a set of local 
neighborhood points. p  is the feature point 
currently being processed. jq  is the j th point 
in the neighborhood. r  is a pre-set 
neighborhood radius. localC  is the local 
neighborhood CM of point p . m  and Q  
denote the number of midpoints and centroid 
coordinate of the local neighborhood. The 
GASD features and local reference framework 
are shown in Figure 2.
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Figure 2(a) is a schematic diagram of GASD 
features, which quantifies the spatial 
distribution of PCs through voxel grids. The 
points within each grid are counted and used to 
construct a feature histogram that describes the 
global structure, reflecting the whole 
distribution features of the PC in 3D space. 
Figure 2(b) determines the principal direction 
by calculating the CM of the local 
neighborhood, establishes a local CS with 
rotational invariance, and provides a stable 
reference benchmark for subsequent local 
feature projection and statistics. Furthermore, 
the inherent consistency between the proposed 
multi-scale feature fusion and radar weak target 
recognition mechanisms has been established, 
showing that weak geometric features are 

effectively amplified through complementary 
global-local representation [29]. After 
constructing a local reference framework, this 
projection method not only reduces 
computational complexity but also preserves 
sufficient geometric information by statistically 
analyzing the distribution information of 
projection points [2]. To quantify the 
distribution characteristics of projection points, 
it is necessary to divide each projection plane 
into regular grid regions [9]. The calculation of 
the distribution histogram of the projection 
points is shown in Equation (6). 
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In Equation (4), HGASD(k) is the value of the k-th his-
togram bucket of the GASD feature vector. Vk is the 
k-th voxel grid. I(pi' ∈Vk) is the indicator function. 
Based on this global distribution, local features are fur-
ther extracted. To enhance the discriminative power of 
local features, this study proposes a PDSH descriptor, 
whose core is to construct a local reference framework 
and calculate the distribution histograms of projection 
points on three coordinate planes. By calculating the 
CM of the neighborhood and capturing the distribu-
tion characteristics of the neighborhood point set, the 
calculation of the local CM is shown in Equation (5).
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In Equation (5), N(p) means a set of local neighbor-
hood points. p is the feature point currently being 
processed. qj is the j-th point in the neighborhood. 

r is a pre-set neighborhood radius. Clocal is the local 
neighborhood CM of point p. m and μQ denote the 
number of midpoints and centroid coordinate of the 
local neighborhood. The GASD features and local 
reference framework are shown in Figure 2.  
Figure 2(a) is a schematic diagram of GASD fea-
tures, which quantifi es the spatial distribution of PCs 
through voxel grids. The points within each grid are 
counted and used to construct a feature histogram 
that describes the global structure, refl ecting the 
whole distribution features of the PC in 3D space. Fig-
ure 2(b) determines the principal direction by calcu-
lating the CM of the local neighborhood, establishes a 
local CS with rotational invariance, and provides a sta-
ble reference benchmark for subsequent local feature 
projection and statistics. Furthermore, the inherent 
consistency between the proposed multi-scale feature 
fusion and radar weak target recognition mechanisms 
has been established, showing that weak geometric 
features are eff ectively amplifi ed through comple-
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Figure 2
Schematic diagram of GASD features and local reference 
framework.
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mentary global-local representation [29]. After con-
structing a local reference framework, this projection 
method not only reduces computational complexity 
but also preserves suffi  cient geometric information 
by statistically analyzing the distribution information 
of projection points [2]. To quantify the distribution 
characteristics of projection points, it is necessary to 
divide each projection plane into regular grid regions 
[9]. The calculation of the distribution histogram of 
the projection points is shown in Equation (6).
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In Equation (6), qj
xy is the 2D coordinate of the neigh-

boring point projected onto the plane. u1 and u2 are 
the basis vectors of the local reference frame. Hxy(b)
is the value of the b-th bin of the histogram on the 
XY plane. Gb is the b-th grid region on the XY plane. 
Finally, the distribution histograms of the three pro-
jection planes are concatenated into a complete fea-
ture vector, as shown in Equation (7).

In Equation (6), xy
jq  is the 2D coordinate of the 

neighboring point projected onto the plane. 1u  
and 2u  are the basis vectors of the local 
reference frame. )(bH xy  is the value of the 
b th bin of the histogram on the XY plane. bG  
is the b th grid region on the XY plane. Finally, 
the distribution histograms of the three 
projection planes are concatenated into a 
complete feature vector, as shown in Equation 
(7). 
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In Equation (7), PSDHH  is the final PDSH 
feature vector. xyH  is the distribution 
histogram on the XY plane. yzH  and zxH  are 
distribution histograms on the YZ and ZX 
planes. )(ˆ

PSDH eH  and )(PSDH eH  are the value 
of the e th element of the normalized and 

original PDSH feature vectors. j
jH )(PSDH  

is the sum of all elements of the original feature 
vector. e  is the index of the feature vector. 
From an information-theoretic perspective, the 
concatenated triple-plane histogram has been 
analyzed. The joint entropy is increased 
compared to a single plane due to 
complementary spatial information. Feature 
dimension (192 bins) has been selected to 
balance entropy maximization and 

computational cost, avoiding the curse of 
dimensionality where marginal discriminative 
gain diminishes rapidly. Thus, near-optimal 
discriminative ability per dimension is 
achieved. To improve the adaptability of 
descriptors to scale changes, this study scales 
the projection coordinates of neighboring points 
according to the search radius [10]. This study 
uses scale normalization to process PCs with 
different sampling densities, as given by 
Equation (8). 
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In Equation (8), ),( nn yx  is the normalized 
projection coordinate of neighboring point p  
in constructing a local reference frame. r  is 
the search radius. Compared to Rotational 
Projection Statistics (RoPS), three substantial 
improvements have been made in the proposed 
PDSH descriptor. First, a scale-normalized 
projection strategy based on the adaptive search 
radius has been introduced, by which improved 
robustness to varying PC densities is achieved. 
Second, a lightweight histogram concatenation 
scheme with fixed bin allocation has been 
designeds. Third, the combination with GASD 
global descriptors has been established, by 
which discriminability under occlusion and 
noise is strengthened without increasing local 
computational overhead. The construction 
process of PDSH descriptor is shown in Figure 
3.
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In Figure 3, the construction of the PDSH 
descriptor begins with the extraction of the local 

surface of the 3D model, and rotation invariance 
is achieved by establishing a local reference 

. (7)

In Equation (7), HPSDH is the fi nal PDSH feature vec-
tor. Hxy is the distribution histogram on the XY plane.   
Hyz and Hzx are distribution histograms on the YZ and 
ZX planes. Ĥ PSDH(e) and HPSDH(e) are the value of the  
th element of the normalized and original PDSH fea-
ture vectors. 
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global descriptors has been established, by 
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surface of the 3D model, and rotation invariance 
is achieved by establishing a local reference 

 is the sum of all elements 
of the original feature vector. e is the index of the fea-
ture vector. From an information-theoretic perspec-
tive, the concatenated triple-plane histogram has 
been analyzed. The joint entropy is increased com-
pared to a single plane due to complementary spatial 
information. Feature dimension (192 bins) has been 
selected to balance entropy maximization and com-
putational cost, avoiding the curse of dimensionality 
where marginal discriminative gain diminishes rap-
idly. Thus, near-optimal discriminative ability per 
dimension is achieved. To improve the adaptabili-
ty of descriptors to scale changes, this study scales 

the projection coordinates of neighboring points 
according to the search radius [10]. This study uses 
scale normalization to process PCs with diff erent 
sampling densities, as given by Equation (8).
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and 2u  are the basis vectors of the local 
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b th bin of the histogram on the XY plane. bG  
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vector. e  is the index of the feature vector. 
From an information-theoretic perspective, the 
concatenated triple-plane histogram has been 
analyzed. The joint entropy is increased 
compared to a single plane due to 
complementary spatial information. Feature 
dimension (192 bins) has been selected to 
balance entropy maximization and 
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the projection coordinates of neighboring points 
according to the search radius [10]. This study 
uses scale normalization to process PCs with 
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in constructing a local reference frame. r  is 
the search radius. Compared to Rotational 
Projection Statistics (RoPS), three substantial 
improvements have been made in the proposed 
PDSH descriptor. First, a scale-normalized 
projection strategy based on the adaptive search 
radius has been introduced, by which improved 
robustness to varying PC densities is achieved. 
Second, a lightweight histogram concatenation 
scheme with fixed bin allocation has been 
designeds. Third, the combination with GASD 
global descriptors has been established, by 
which discriminability under occlusion and 
noise is strengthened without increasing local 
computational overhead. The construction 
process of PDSH descriptor is shown in Figure 
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In Figure 3, the construction of the PDSH 
descriptor begins with the extraction of the local 

surface of the 3D model, and rotation invariance 
is achieved by establishing a local reference 
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In Equation (8), (xn' , yn') is the normalized projection 
coordinate of neighboring point p' in constructing 
a local reference frame. r' is the search radius. Com-
pared to Rotational Projection Statistics (RoPS), 
three substantial improvements have been made in 
the proposed PDSH descriptor. First, a scale-normal-
ized projection strategy based on the adaptive search 
radius has been introduced, by which improved ro-
bustness to varying PC densities is achieved. Second, 
a lightweight histogram concatenation scheme with 
fi xed bin allocation has been designeds. Third, the 
combination with GASD global descriptors has been 
established, by which discriminability under occlu-
sion and noise is strengthened without increasing 
local computational overhead. The construction pro-
cess of PDSH descriptor is shown in Figure 3.  
In Figure 3, the construction of the PDSH descrip-
tor begins with the extraction of the local surface of 
the 3D model, and rotation invariance is achieved by 
establishing a local reference frame. Subsequently, 
multi-view projection is performed to project neigh-
boring points onto three coordinate planes, and the 
distribution information of the projected points 
is statistically analyzed. These distribution histo-
grams are ultimately concatenated to form a dis-
criminative PDSH descriptor.

2.2. 3DOR method Integrating Feature 
Descriptors and ISS FPD Algorithm
After extracting 3D target features through GASD and 
PDSH descriptors in this study, further effi  cient and 
accurate recognition is needed. Traditional methods 
rely on a single type of feature or global information, 
making it diffi  cult to balance recognition accuracy 
and robustness in complex scenarios. The ISS algo-
rithm can stably extract feature points with strong 
invariance to rotation, translation, and noise by ana-
lyzing the intrinsic characteristics of 3D shapes in the 
local neighborhood of the PC, to improve the accuracy 
of 3DOR [33]. Therefore, this study proposes a 3DOR 



Information Technology and Control 2026/3/551058

In Equation (6), xy
jq  is the 2D coordinate of the 

neighboring point projected onto the plane. 1u  
and 2u  are the basis vectors of the local 
reference frame. )(bH xy  is the value of the 
b th bin of the histogram on the XY plane. bG  
is the b th grid region on the XY plane. Finally, 
the distribution histograms of the three 
projection planes are concatenated into a 
complete feature vector, as shown in Equation 
(7). 
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In Equation (7), PSDHH  is the final PDSH 
feature vector. xyH  is the distribution 
histogram on the XY plane. yzH  and zxH  are 
distribution histograms on the YZ and ZX 
planes. )(ˆ

PSDH eH  and )(PSDH eH  are the value 
of the e th element of the normalized and 

original PDSH feature vectors. j
jH )(PSDH  

is the sum of all elements of the original feature 
vector. e  is the index of the feature vector. 
From an information-theoretic perspective, the 
concatenated triple-plane histogram has been 
analyzed. The joint entropy is increased 
compared to a single plane due to 
complementary spatial information. Feature 
dimension (192 bins) has been selected to 
balance entropy maximization and 

computational cost, avoiding the curse of 
dimensionality where marginal discriminative 
gain diminishes rapidly. Thus, near-optimal 
discriminative ability per dimension is 
achieved. To improve the adaptability of 
descriptors to scale changes, this study scales 
the projection coordinates of neighboring points 
according to the search radius [10]. This study 
uses scale normalization to process PCs with 
different sampling densities, as given by 
Equation (8). 
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projection coordinate of neighboring point p  
in constructing a local reference frame. r  is 
the search radius. Compared to Rotational 
Projection Statistics (RoPS), three substantial 
improvements have been made in the proposed 
PDSH descriptor. First, a scale-normalized 
projection strategy based on the adaptive search 
radius has been introduced, by which improved 
robustness to varying PC densities is achieved. 
Second, a lightweight histogram concatenation 
scheme with fixed bin allocation has been 
designeds. Third, the combination with GASD 
global descriptors has been established, by 
which discriminability under occlusion and 
noise is strengthened without increasing local 
computational overhead. The construction 
process of PDSH descriptor is shown in Figure 
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is achieved by establishing a local reference 

Figure 3
The construction process of PDSH descriptor.

method that integrates feature descriptors with ISS 
FPD algorithm, aiming to improve recognition ro-
bustness and efficiency in complex scenes by combin-
ing the advantages of local and global features. 
The ISS algorithm selects points with significant 
changes in different directions as feature points by cal-
culating the CM eigenvalues of each point in its local 
neighborhood [1]. The algorithm first establishes a lo-
cal CS for the points in the PC, searches for points with 
radius r' centered on point pg. The weight assigned to 
each neighboring point is computed by Equation (9).

frame. Subsequently, multi-view projection is 
performed to project neighboring points onto 
three coordinate planes, and the distribution 
information of the projected points is 
statistically analyzed. These distribution 
histograms are ultimately concatenated to form 
a discriminative PDSH descriptor. 

2.2 3DOR method Integrating Feature 
Descriptors and ISS FPD Algorithm 
After extracting 3D target features through 
GASD and PDSH descriptors in this study, 
further efficient and accurate recognition is 
needed. Traditional methods rely on a single 
type of feature or global information, making it 
difficult to balance recognition accuracy and 
robustness in complex scenarios. The ISS 
algorithm can stably extract feature points with 
strong invariance to rotation, translation, and 
noise by analyzing the intrinsic characteristics 
of 3D shapes in the local neighborhood of the 
PC, to improve the accuracy of 3DOR [33]. 
Therefore, this study proposes a 3DOR method 
that integrates feature descriptors with ISS FPD 
algorithm, aiming to improve recognition 
robustness and efficiency in complex scenes by 
combining the advantages of local and global 
features.  

The ISS algorithm selects points with significant 
changes in different directions as feature points 
by calculating the CM eigenvalues of each point 
in its local neighborhood [1]. The algorithm first 
establishes a local CS for the points in the PC, 
searches for points with radius r  centered on 
point gp . The weight assigned to each 
neighboring point is computed by Equation (9). 
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In Equation (9), ghw  is the weight of point gp  
and point hp . Then, the CM of the points is 
calculated to capture the trend of local surface 
changes, as shown in equation (10). 
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In Equation (10), gp  is the CM of the point. 
The characteristic value 321  
corresponds to the degree of change in the three 
main directions, as shown in Equation (11). 
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In Equation (11), 1 , 2 , and 3  are 
eigenvalues. 12  and 23  are preset 
thresholds.  

After keypoint detection, local descriptors are 
constructed. The flowchart of ISS FPD is shown 
in Figure 4. 

In Figure 4, the ISS starts by establishing a local 
CS for each point, constructing a neighborhood 
by setting a search radius, and calculating the 
weights and covariance matrices of points 
within the neighborhood. Then, it decomposes 
and sorts the eigenvalues to obtain the 
characteristic values that represent the local 
shape changes. To extract candidate target 
regions from complex scenes, this study 
improves RGSA and proposes an adaptive 
RGSA [28]. This algorithm can better handle the 
problems of uneven PC density and noise 
interference by dynamically adjusting the 
growth threshold and termination conditions. 
The core lies in combining geometric distance 
and normal vector differences to achieve more 
accurate region partitioning, as shown in 
Equation (12). 
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In Equation (12), s  is the starting point of the 
current growth region. maxd  is the maximum 
distance threshold. sn  and jqn  are the normal 
vectors of the starting and neighboring points in 
the growth region. ),(

jqs nn  is the angle 

between normal sn  and jqn . max  is the 
maximum angle threshold. The termination 
conditions for regional growth are shown in 
Equation (13). 
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In Equation (13), iR  is the number of points 
contained in the current region iR . minN  is the 
minimum point threshold. a  is any point in 
region iR . R  is the center of gravity of 
region iR . max  is the maximum dispersion 
threshold. This mechanism demonstrates how 
segmentation robustness can be enhanced 
against noise and outliers, providing a 
theoretical foundation for the adaptive 
threshold adjustment strategy in the proposed 
method [29]. The improved RGSA process is 
shown in Figure 5. 
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In Equation (9), wgh is the weight of point pg and point 
ph. Then, the CM of the points is calculated to cap-
ture the trend of local surface changes, as shown in 
equation (10).
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In Figure 4, the ISS starts by establishing a local 
CS for each point, constructing a neighborhood 
by setting a search radius, and calculating the 
weights and covariance matrices of points 
within the neighborhood. Then, it decomposes 
and sorts the eigenvalues to obtain the 
characteristic values that represent the local 
shape changes. To extract candidate target 
regions from complex scenes, this study 
improves RGSA and proposes an adaptive 
RGSA [28]. This algorithm can better handle the 
problems of uneven PC density and noise 
interference by dynamically adjusting the 
growth threshold and termination conditions. 
The core lies in combining geometric distance 
and normal vector differences to achieve more 
accurate region partitioning, as shown in 
Equation (12). 

max

max2

),(
jqs

j

nn

dsq
.    (12) 

In Equation (12), s  is the starting point of the 
current growth region. maxd  is the maximum 
distance threshold. sn  and jqn  are the normal 
vectors of the starting and neighboring points in 
the growth region. ),(

jqs nn  is the angle 

between normal sn  and jqn . max  is the 
maximum angle threshold. The termination 
conditions for regional growth are shown in 
Equation (13). 
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In Equation (13), iR  is the number of points 
contained in the current region iR . minN  is the 
minimum point threshold. a  is any point in 
region iR . R  is the center of gravity of 
region iR . max  is the maximum dispersion 
threshold. This mechanism demonstrates how 
segmentation robustness can be enhanced 
against noise and outliers, providing a 
theoretical foundation for the adaptive 
threshold adjustment strategy in the proposed 
method [29]. The improved RGSA process is 
shown in Figure 5. 
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algorithm, aiming to improve recognition 
robustness and efficiency in complex scenes by 
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The ISS algorithm selects points with significant 
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searches for points with radius r  centered on 
point gp . The weight assigned to each 
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In Equation (9), ghw  is the weight of point gp  
and point hp . Then, the CM of the points is 
calculated to capture the trend of local surface 
changes, as shown in equation (10). 
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In Equation (10), gp  is the CM of the point. 
The characteristic value 321  
corresponds to the degree of change in the three 
main directions, as shown in Equation (11). 
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In Equation (11), 1 , 2 , and 3  are 
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After keypoint detection, local descriptors are 
constructed. The flowchart of ISS FPD is shown 
in Figure 4. 

In Figure 4, the ISS starts by establishing a local 
CS for each point, constructing a neighborhood 
by setting a search radius, and calculating the 
weights and covariance matrices of points 
within the neighborhood. Then, it decomposes 
and sorts the eigenvalues to obtain the 
characteristic values that represent the local 
shape changes. To extract candidate target 
regions from complex scenes, this study 
improves RGSA and proposes an adaptive 
RGSA [28]. This algorithm can better handle the 
problems of uneven PC density and noise 
interference by dynamically adjusting the 
growth threshold and termination conditions. 
The core lies in combining geometric distance 
and normal vector differences to achieve more 
accurate region partitioning, as shown in 
Equation (12). 
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In Equation (13), iR  is the number of points 
contained in the current region iR . minN  is the 
minimum point threshold. a  is any point in 
region iR . R  is the center of gravity of 
region iR . max  is the maximum dispersion 
threshold. This mechanism demonstrates how 
segmentation robustness can be enhanced 
against noise and outliers, providing a 
theoretical foundation for the adaptive 
threshold adjustment strategy in the proposed 
method [29]. The improved RGSA process is 
shown in Figure 5. 
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ting a search radius, and calculating the weights and 
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The core lies in combining geometric distance and 
normal vector differences to achieve more accurate 
region partitioning, as shown in Equation (12).
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In Equation (10), gp  is the CM of the point. 
The characteristic value 321  
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main directions, as shown in Equation (11). 
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constructed. The flowchart of ISS FPD is shown 
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by setting a search radius, and calculating the 
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In Equation (13), iR  is the number of points 
contained in the current region iR . minN  is the 
minimum point threshold. a  is any point in 
region iR . R  is the center of gravity of 
region iR . max  is the maximum dispersion 
threshold. This mechanism demonstrates how 
segmentation robustness can be enhanced 
against noise and outliers, providing a 
theoretical foundation for the adaptive 
threshold adjustment strategy in the proposed 
method [29]. The improved RGSA process is 
shown in Figure 5. 
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noise by analyzing the intrinsic characteristics 
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algorithm, aiming to improve recognition 
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combining the advantages of local and global 
features.  

The ISS algorithm selects points with significant 
changes in different directions as feature points 
by calculating the CM eigenvalues of each point 
in its local neighborhood [1]. The algorithm first 
establishes a local CS for the points in the PC, 
searches for points with radius r  centered on 
point gp . The weight assigned to each 
neighboring point is computed by Equation (9). 
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In Equation (10), gp  is the CM of the point. 
The characteristic value 321  
corresponds to the degree of change in the three 
main directions, as shown in Equation (11). 
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In Equation (11), 1 , 2 , and 3  are 
eigenvalues. 12  and 23  are preset 
thresholds.  

After keypoint detection, local descriptors are 
constructed. The flowchart of ISS FPD is shown 
in Figure 4. 

In Figure 4, the ISS starts by establishing a local 
CS for each point, constructing a neighborhood 
by setting a search radius, and calculating the 
weights and covariance matrices of points 
within the neighborhood. Then, it decomposes 
and sorts the eigenvalues to obtain the 
characteristic values that represent the local 
shape changes. To extract candidate target 
regions from complex scenes, this study 
improves RGSA and proposes an adaptive 
RGSA [28]. This algorithm can better handle the 
problems of uneven PC density and noise 
interference by dynamically adjusting the 
growth threshold and termination conditions. 
The core lies in combining geometric distance 
and normal vector differences to achieve more 
accurate region partitioning, as shown in 
Equation (12). 
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In Equation (12), s  is the starting point of the 
current growth region. maxd  is the maximum 
distance threshold. sn  and jqn  are the normal 
vectors of the starting and neighboring points in 
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maximum angle threshold. The termination 
conditions for regional growth are shown in 
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In Equation (13), iR  is the number of points 
contained in the current region iR . minN  is the 
minimum point threshold. a  is any point in 
region iR . R  is the center of gravity of 
region iR . max  is the maximum dispersion 
threshold. This mechanism demonstrates how 
segmentation robustness can be enhanced 
against noise and outliers, providing a 
theoretical foundation for the adaptive 
threshold adjustment strategy in the proposed 
method [29]. The improved RGSA process is 
shown in Figure 5. 
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In Equation (13), |Ri| is the number of points con-
tained in the current region Ri. Nmin is the minimum 
point threshold. a is any point in region Ri. μR is the 
center of gravity of region Ri. σmax is the maximum dis-
persion threshold. This mechanism demonstrates 
how segmentation robustness can be enhanced 
against noise and outliers, providing a theoretical 
foundation for the adaptive threshold adjustment 
strategy in the proposed method [29]. The improved 
RGSA process is shown in Figure 5.
In Figure 5, the improved RGSA first calculates the 
curvature and normal vector of each point in PC, and 
then sorts the points based on their curvature values. 
The core steps are similarity calculation and thresh-
old judgment, dynamically controlling the growth 
process through adaptive adjustment strategies. The 
iterative growth process will continuously merge 
neighboring points that meet similarity criteria into 
the region until the maximum iteration termination 
condition is met. After obtaining the segmented 
candidate regions and their feature descriptors, the 
target identity needs to be determined through fea-
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In Figure 5, the improved RGSA first calculates 
the curvature and normal vector of each point 
in PC, and then sorts the points based on their 
curvature values. The core steps are similarity 
calculation and threshold judgment, 
dynamically controlling the growth process 
through adaptive adjustment strategies. The 
iterative growth process will continuously 
merge neighboring points that meet similarity 
criteria into the region until the maximum 
iteration termination condition is met. After 
obtaining the segmented candidate regions and 
their feature descriptors, the target identity 
needs to be determined through feature 
matching. This study uses chi square distance to 
evaluate the differences between two 
descriptors. The smaller the value, the more 
similar the two features are, and the higher the 
likelihood of matching [15]. Then, the Nearest 
Neighbor Distance Ratio NNDR  is used to 
filter the matches. The similarity between two 
feature histograms is measured by Equation 
(14). 
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In Equation (14), ),( 212 HHD  is the chi square 
distance between two histograms 1H  and 2H . 
b  is the bin index of the histogram. B  is the 
total number of bins in the histogram. )(1 bH  
and )(2 bH  are the values of histogram 1H  
and 2H  at bin b . 1D  and 2D  are both the 
chi square distance between the current feature 
point and its nearest neighbor feature point.  
is the threshold for the NNDR . 

To eliminate potential redundancy, this study 
implemented a cascaded fusion strategy to 
decouple global and local features in the 
distance metric space [31, 11]. The system no 
longer uses joint vectors, but instead utilizes 
weighted chi square distances, as shown in 
Equation (15). 
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In Figure 5, the improved RGSA first calculates 
the curvature and normal vector of each point 
in PC, and then sorts the points based on their 
curvature values. The core steps are similarity 
calculation and threshold judgment, 
dynamically controlling the growth process 
through adaptive adjustment strategies. The 
iterative growth process will continuously 
merge neighboring points that meet similarity 
criteria into the region until the maximum 
iteration termination condition is met. After 
obtaining the segmented candidate regions and 
their feature descriptors, the target identity 
needs to be determined through feature 
matching. This study uses chi square distance to 
evaluate the differences between two 
descriptors. The smaller the value, the more 
similar the two features are, and the higher the 
likelihood of matching [15]. Then, the Nearest 
Neighbor Distance Ratio NNDR  is used to 
filter the matches. The similarity between two 
feature histograms is measured by Equation 
(14). 
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In Equation (14), ),( 212 HHD  is the chi square 
distance between two histograms 1H  and 2H . 
b  is the bin index of the histogram. B  is the 
total number of bins in the histogram. )(1 bH  
and )(2 bH  are the values of histogram 1H  
and 2H  at bin b . 1D  and 2D  are both the 
chi square distance between the current feature 
point and its nearest neighbor feature point.  
is the threshold for the NNDR . 

To eliminate potential redundancy, this study 
implemented a cascaded fusion strategy to 
decouple global and local features in the 
distance metric space [31, 11]. The system no 
longer uses joint vectors, but instead utilizes 
weighted chi square distances, as shown in 
Equation (15). 
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ture matching. This study uses chi square distance 
to evaluate the differences between two descriptors. 
The smaller the value, the more similar the two fea-
tures are, and the higher the likelihood of matching 
[15]. Then, the Nearest Neighbor Distance Ratio   is 
used to filter the matches. The similarity between 
two feature histograms is measured by Equation (14).
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In Figure 5, the improved RGSA first calculates 
the curvature and normal vector of each point 
in PC, and then sorts the points based on their 
curvature values. The core steps are similarity 
calculation and threshold judgment, 
dynamically controlling the growth process 
through adaptive adjustment strategies. The 
iterative growth process will continuously 
merge neighboring points that meet similarity 
criteria into the region until the maximum 
iteration termination condition is met. After 
obtaining the segmented candidate regions and 
their feature descriptors, the target identity 
needs to be determined through feature 
matching. This study uses chi square distance to 
evaluate the differences between two 
descriptors. The smaller the value, the more 
similar the two features are, and the higher the 
likelihood of matching [15]. Then, the Nearest 
Neighbor Distance Ratio NNDR  is used to 
filter the matches. The similarity between two 
feature histograms is measured by Equation 
(14). 
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In Equation (14), ),( 212 HHD  is the chi square 
distance between two histograms 1H  and 2H . 
b  is the bin index of the histogram. B  is the 
total number of bins in the histogram. )(1 bH  
and )(2 bH  are the values of histogram 1H  
and 2H  at bin b . 1D  and 2D  are both the 
chi square distance between the current feature 
point and its nearest neighbor feature point.  
is the threshold for the NNDR . 

To eliminate potential redundancy, this study 
implemented a cascaded fusion strategy to 
decouple global and local features in the 
distance metric space [31, 11]. The system no 
longer uses joint vectors, but instead utilizes 
weighted chi square distances, as shown in 
Equation (15). 

PDSHGASDtotal )1( DDD .    (15) 

 

. (14)

In Equation (14),  is the chi square dis-
tance between two histograms H1 and H2. b is the 
bin index of the histogram. B is the total number of 
bins in the histogram. H1(b) and H2(b) are the values 
of histogram H1 and H2 at bin b. D1 and D2 are both 
the chi square distance between the current feature 
point and its nearest neighbor feature point. γ is the 
threshold for the NNDR.
To eliminate potential redundancy, this study im-
plemented a cascaded fusion strategy to decouple 
global and local features in the distance metric space 
[31, 11]. The system no longer uses joint vectors, but 
instead utilizes weighted chi square distances, as 
shown in Equation (15).
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In Figure 5, the improved RGSA first calculates 
the curvature and normal vector of each point 
in PC, and then sorts the points based on their 
curvature values. The core steps are similarity 
calculation and threshold judgment, 
dynamically controlling the growth process 
through adaptive adjustment strategies. The 
iterative growth process will continuously 
merge neighboring points that meet similarity 
criteria into the region until the maximum 
iteration termination condition is met. After 
obtaining the segmented candidate regions and 
their feature descriptors, the target identity 
needs to be determined through feature 
matching. This study uses chi square distance to 
evaluate the differences between two 
descriptors. The smaller the value, the more 
similar the two features are, and the higher the 
likelihood of matching [15]. Then, the Nearest 
Neighbor Distance Ratio NNDR  is used to 
filter the matches. The similarity between two 
feature histograms is measured by Equation 
(14). 
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In Equation (14), ),( 212 HHD  is the chi square 
distance between two histograms 1H  and 2H . 
b  is the bin index of the histogram. B  is the 
total number of bins in the histogram. )(1 bH  
and )(2 bH  are the values of histogram 1H  
and 2H  at bin b . 1D  and 2D  are both the 
chi square distance between the current feature 
point and its nearest neighbor feature point.  
is the threshold for the NNDR . 

To eliminate potential redundancy, this study 
implemented a cascaded fusion strategy to 
decouple global and local features in the 
distance metric space [31, 11]. The system no 
longer uses joint vectors, but instead utilizes 
weighted chi square distances, as shown in 
Equation (15). 
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In Equation (15), Dtotal represents the total weighted 
distance. α represents the weight coefficient. DGASD 
and DPDSH respectively represent the global feature 
distance and local feature distance. Among them, α is 
dynamically set based on local point density to prior-
itize global features in sparse areas. This mechanism 
ensures that GASD constrains the search manifold, 
while PDSH achieves precise matching, theoretical-
ly eliminating information overlap and optimizing 
the computational process. For candidate targets 
that have been preliminarily matched successful-
ly, it is necessary to further improve the estimation 
accuracy through refined registration. The ICP algo-
rithm optimizes the rotation and translation param-
eters iteratively to minimize the distance error be-
tween the corresponding points of the source PC and 

the target PC [8]. The ICP algorithm includes two 
methods: point-to-point (P2P) and point-to-plane 
(P2Pl). The P2P ICP algorithm solves the optimal 
transformation by minimizing the Euclidean dis-
tance between corresponding points, which is sim-
ple to calculate but easily affected by noise and outli-
ers. The P2Pl ICP algorithm achieves registration by 
minimizing the distance from the source point to the 
plane where the target point is located, which has 
better robustness to noise, as displayed in Figure 6. 
Figure 6(a) shows the P2P ICP algorithm, which it-
eratively optimizes the rotation and translation pa-
rameters to minimize the overall distance error, and 
achieves PC alignment. Figure 6(b) shows the P2Pl 
ICP algorithm, which optimizes the transformation 
parameters by minimizing the vertical distance from 
the source point to the tangent plane where the target 
point is located, reducing the influence of noise and 
outliers. The error function of P2P ICP is to minimize 
the sum of squared Euclidean distances between cor-
responding points. The error function of P2Pl ICP is to 
minimize the distance from the source point to the tar-
get point tangent plane, as shown in Equation (16) [22].

In Equation (15), totalD  represents the total 
weighted distance.  represents the weight 
coefficient. GASDD  and PDSHD  respectively 
represent the global feature distance and local 
feature distance. Among them,  is 
dynamically set based on local point density to 
prioritize global features in sparse areas. This 
mechanism ensures that GASD constrains the 
search manifold, while PDSH achieves precise 
matching, theoretically eliminating information 
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Figure 6(a) shows the P2P ICP algorithm, which 
iteratively optimizes the rotation and 
translation parameters to minimize the overall 
distance error, and achieves PC alignment. 
Figure 6(b) shows the P2Pl ICP algorithm, 
which optimizes the transformation parameters 
by minimizing the vertical distance from the 
source point to the tangent plane where the 
target point is located, reducing the influence of 
noise and outliers. The error function of P2P 
ICP is to minimize the sum of squared 
Euclidean distances between corresponding 
points. The error function of P2Pl ICP is to 
minimize the distance from the source point to 
the target point tangent plane, as shown in 
Equation (16) [22]. 
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tpR io  is the coordinate obtained by 

applying rotation oR  and translation t  to 
point ip . in  is the normal vector at point iq . 
To characterize the impact of matching 
inaccuracy, registration error is modeled as a 
function of the initial corresponding set. The 
total propagation error is shown in Equation 
(17). 
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by minimizing the vertical distance from the 
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target point is located, reducing the influence of 
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ICP is to minimize the sum of squared 
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points. The error function of P2Pl ICP is to 
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Figure 6(a) shows the P2P ICP algorithm, which 
iteratively optimizes the rotation and 
translation parameters to minimize the overall 
distance error, and achieves PC alignment. 
Figure 6(b) shows the P2Pl ICP algorithm, 
which optimizes the transformation parameters 
by minimizing the vertical distance from the 
source point to the tangent plane where the 
target point is located, reducing the influence of 
noise and outliers. The error function of P2P 
ICP is to minimize the sum of squared 
Euclidean distances between corresponding 
points. The error function of P2Pl ICP is to 
minimize the distance from the source point to 
the target point tangent plane, as shown in 
Equation (16) [22]. 
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In Equation (16), Epoint(Ro,t) and Eplane(Ro,t) are the 
error function of P2P ICP and P2Pl ICP. Ro·pi+ t is 
the coordinate obtained by applying rotation Ro and 
translation t to point pi. ni is the normal vector at 
point qi. To characterize the impact of matching in-
accuracy, registration error is modeled as a function 
of the initial corresponding set. The total propaga-
tion error is shown in Equation (17).

In Equation (15), totalD  represents the total 
weighted distance.  represents the weight 
coefficient. GASDD  and PDSHD  respectively 
represent the global feature distance and local 
feature distance. Among them,  is 
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prioritize global features in sparse areas. This 
mechanism ensures that GASD constrains the 
search manifold, while PDSH achieves precise 
matching, theoretically eliminating information 
overlap and optimizing the computational 
process. For candidate targets that have been 
preliminarily matched successfully, it is 
necessary to further improve the estimation 
accuracy through refined registration. The ICP 
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calculate but easily affected by noise and 
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the source point to the plane where the target 
point is located, which has better robustness to 
noise, as displayed in Figure 6.

 
Figure 6 

Schematic diagram of ICP algorithm based on P2P and P2Pl. 

 

Source point 
cloud

Target point 
cloud

Source point 
cloud

Target point 
cloud

(a) Schematic diagram of point to 
point ICP algorithm

(b) Schematic diagram of ICP 
algorithm based on point to plane  

 

Figure 6(a) shows the P2P ICP algorithm, which 
iteratively optimizes the rotation and 
translation parameters to minimize the overall 
distance error, and achieves PC alignment. 
Figure 6(b) shows the P2Pl ICP algorithm, 
which optimizes the transformation parameters 
by minimizing the vertical distance from the 
source point to the tangent plane where the 
target point is located, reducing the influence of 
noise and outliers. The error function of P2P 
ICP is to minimize the sum of squared 
Euclidean distances between corresponding 
points. The error function of P2Pl ICP is to 
minimize the distance from the source point to 
the target point tangent plane, as shown in 
Equation (16) [22]. 
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In Equation (17), E(R,t) represents the total regis-
tration error. R and t represent the rotation matrix 
and translation vector, respectively. pi and qi respec-
tively represent the source PC and the target PC. wi 
represents the weight coefficient. η(Cfalse) represents 
the error disturbance term. Cfalse represents a false 
corresponding set. False correspondences introduce 
non-Gaussian noise into the objective function, 
shifting the global minimum and causing the ICP 
algorithm to converge toward suboptimal local min-
ima. This results in a persistent rotational bias and 
translation drift. Theoretically, if the outlier ratio 

exceeds the algorithm's breakdown point, the qua-
dratic convergence is disrupted, leading to increased 
iterations or complete divergence, thereby signifi-
cantly degrading the final registration accuracy and 
structural fidelity.
The final recognition result is output through re-
fined registration and segmentation. The flowchart 
of LiDAR 3DOR is shown in Figure 7.  
In Figure 7, the process has two main lines: model 
training and scene recognition. The ISS keypoint de-
tector provides geometrically stable centers for con-
structing the PDSH local descriptor, while the GASD 
global descriptor guides the adaptive initialization 
of the improved RGSA by aligning scene and model 
centroids. Furthermore, the feature matching resid-
uals from PDSH are fed back as a weight term into 
the ICP fine registration error function, enabling 
iterative cross-refinement between descriptor sim-
ilarity and spatial alignment. This closed-loop cou-
pling ensures that global structure, local geometry, 
and registration quality are jointly optimized rather 
than processed serially.
The pseudocode of the proposed method is as follows:

causing the ICP algorithm to converge toward 
suboptimal local minima. This results in a 
persistent rotational bias and translation drift. 
Theoretically, if the outlier ratio exceeds the 
algorithm's breakdown point, the quadratic 
convergence is disrupted, leading to increased 
iterations or complete divergence, thereby 

significantly degrading the final registration 
accuracy and structural fidelity. 

The final recognition result is output through 
refined registration and segmentation. The 
flowchart of LiDAR 3DOR is shown in Figure 7.
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In Figure 7, the process has two main lines: 
model training and scene recognition. The ISS 
keypoint detector provides geometrically stable 
centers for constructing the PDSH local 
descriptor, while the GASD global descriptor 
guides the adaptive initialization of the 
improved RGSA by aligning scene and model 
centroids. Furthermore, the feature matching 
residuals from PDSH are fed back as a weight 
term into the ICP fine registration error 

function, enabling iterative cross-refinement 
between descriptor similarity and spatial 
alignment. This closed-loop coupling ensures 
that global structure, local geometry, and 
registration quality are jointly optimized rather 
than processed serially. 

The pseudocode of the proposed method is as 
follows: 

 

Algorithm: LiDAR 3DOR using PDSH descriptors and ISS algorithmInput: Scene point cloud P_scene, 
Model point cloud P_modelOutput: Recognition result (matched object identity) 
1: // Global feature extraction 
2: Compute centroid µ of P_scene and P_model using Eq. (2) 
3: Compute covariance matrix C using Eq. (3) 
4: Construct GASD feature vectors H_GASD for both clouds using Eq. (4) 
5: // ISS keypoint detection 
6: For each point p in P_scene and P_model: 
7:     Compute weights w_gh using Eq. (9) 
8:     Compute covariance matrix cov(p_g) using Eq. (10) 
9  
10  
11: Apply non-maximum suppression to obtain final keypoints K 
12: // PDSH local descriptor construction 
13: For each keypoint k in K: 
14:     Extract local neighborhood N(k) within radius r using Eq. (5) 

Figure 7
Schematic diagram of the process of 3DOR using LiDAR.
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Algorithm: LiDAR 3DOR using PDSH descriptors and ISS algorithmInput: Scene point cloud P_scene, Model point cloud P_mod-
elOutput: Recognition result (matched object identity)

1: // Global feature extraction
2: Compute centroid μ of P_scene and P_model using Eq. (2)
3: Compute covariance matrix C using Eq. (3)
4: Construct GASD feature vectors H_GASD for both clouds using Eq. (4)
5: // ISS keypoint detection
6: For each point p in P_scene and P_model:
7: Compute weights w_gh using Eq. (9)
8: Compute covariance matrix cov(p_g) using Eq. (10)
9: Compute eigenvalues λ1 ≥ λ2 ≥ λ3 using Eq. (11)
10: Select keypoints where λ2/λ1 ≤ τ12 and λ3/λ2 ≤ τ23

11: Apply non-maximum suppression to obtain final keypoints K
12: // PDSH local descriptor construction
13: For each keypoint k in K:
14: Extract local neighborhood N(k) within radius r using Eq. (5)
15: Build local reference frame (u1, u2, u3)
16: Project neighborhood points onto XY, YZ, ZX planes using Eq. (6)
17: Compute distribution histograms H^xy, H^yz, H^zx
18: Concatenate histograms to form PDSH vector H_PSDH using Eq. (7)
19: // Feature matching
20: Compute chi-square distance D_χ²(H1, H2) between descriptors using Eq. (14)
21: Filter matches using NNDR with threshold γ
22: Compute total weighted distance D_total = α · D_GASD + (1-α) · D_PDSH using Eq. (15)
23: // Adaptive region growing segmentation
24: Sort points by curvature in ascending order
25: For each unvisited seed point:
30: Initialize an empty region R
31: Repeat (region growing):
32: Add neighboring points that satisfy:
33: distance < d_max and angle difference < θ_max // from Eq. (12)
34: Until no more points can be added
35: If R < N_min then:
36: Discard region R as too small
37: Else:
38: If dispersion of R > σ_max then:
39: Discard region R as excessively dispersed
40: Else:
41: Keep region R as a valid segment
42: // ICP fine registration
43: Initialize transformation T0 from best matching candidate
44: Repeat until convergence:
45: Find correspondences between source and target
46: Minimize error function E_point(R,t) or E_plane(R,t) using Eq. (16)
47: Update transformation R, t
48: Output recognition result with minimized registration error
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3. Results and Analysis
The performance of the constructed 3D OFE meth-
od was validated, and the recognition results of the 
method were analyzed to verify its robustness and 
effectiveness in different scenarios.

3.1. Performance Validation of 3D OFE 
Methods
To verify the performance of the proposed descrip-
tor-based 3D OFE method, this study conducted 
experimental evaluations on two common PC sets, 
KITTI and Bologna 3D Retrieval (B3R). Among 
them, the KITTI dataset was collected from real 
road environments, including multiple targets such 
as vehicles, pedestrians, bicycles, etc. The PC densi-
ty is uneven, there are occlusions and noise, and it is 
suitable for evaluating the robustness of descriptors 
in complex scenes. The B3R dataset contains var-
ious 3D object models with different levels of com-
plexity, suitable for testing the discriminative ability 
of descriptors under different geometric structures. 
The reference/modl data consisted of complete 3D 
object models extracted from each dataset. The test 
data comprised independent scene PC frames con-
taining the same target classes. Ten-fold cross-val-
idation was performed solely for statistical eval-
uation, without any training. No frame-level data 
leakage occurred, as PCs from the same LiDAR 
sweep or adjacent frames were assigned to the same 
fold. For reproducibility, ten-fold cross-validation 
was performed on both public datasets to ensure sta-
tistical reliability. Specifically, each dataset was ran-
domly divided into 10 equal-sized subsets; nine sub-
sets were used for feature extraction and matching 

validation, and the remaining one subset was used 
for testing. This process was repeated ten times, and 
the average performance metrics were reported. For 
the self-collected UrbanRoad and TunnelLite data-
sets, the same ten-fold cross-validation protocol 
was adopted. The experiment compared the pro-
posed descriptor with current mainstream PC fea-
ture descriptors, including FPFH, RoPS, Signature 
of Histograms of OrienTations (SHOT), and Normal 
Aligned Radial Features (NARF). For noise robust-
ness evaluation, Gaussian noise with zero mean and 
standard deviation σ (in meters) was added to the 
PC coordinates. The noise deviation values tested 
ranged from 0.2 m to 0.8 m. Table 1 lists specific en-
vironmental configurations. 
This study first compared the feature extraction 
accuracy of various descriptors in the KITTI and 
B3R datasets to validate the effectiveness of the 
proposed method. Iteration number refers to the 
number of repeated independent random trials, not 
ICP or matching iterations. The reported accuracy 
at each iteration represents the cumulative aver-
age over all completed trials. In Figure 8(a), in the 
KITTI dataset, when the iteration number was 50, 
the feature extraction accuracies of FPFH, RoPS, 
SHOT, and NARF were 68.24%, 85.15%, 73.28%, and 
74.36%, and the accuracy of the proposed descrip-
tor was 91.12%. When iterating to 200, the accura-
cy of FPFH, RoPS, SHOT, NARF, and the proposed 
descriptor was 82.31%, 88.72%, 85.64%, 87.36%, and 
93.68%. In Figure 8(b), in the B3R dataset, when the 
number of iterations was 200, the feature extraction 
accuracies of the five descriptors were 78.52%, 
86.35%, 83.72%, 85.05%, and 91.46%. The results 
showed that the proposed descriptor could more 

Environment Parameters

Processor Intel Core i9-12900K Neighbor radius 0.05 m

Memory 64 GB DDR4 Voxel grid size 0.02 m

Graphics card NVIDIA GeForce RTX 4090 Number of projected grids 8 × 8

Operating system Ubuntu 20.04 LTS Feature dimension (GASD) 512

Programming language Python 3.8 Feature dimension (PDSH) 192

PC library Open3D 0.15 ISS threshold 0.75

Table 1
Experimental environment and parameter settings.
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effectively capture the global structure and local de-
tail features of PCs, and had stronger discriminative 
ability and robustness in complex scenes and differ-
ent geometric structures. 
To investigate the performance of different descrip-
tors, this study tested their descriptive properties 
using the Recall@1-Precision curve in two data-
sets, as shown in Figure 9. In Figure 9(a), the feature 
extraction accuracies of FPFH, RoPS, SHOT, and 

(a) The accuracy of feature extraction for  
different descriptors on the KITTI dataset

(b) The accuracy of feature extraction for  
different descriptors on the B3R dataset

self-collected UrbanRoad and TunnelLite 
datasets, the same ten-fold cross-validation 
protocol was adopted. The experiment 
compared the proposed descriptor with current 
mainstream PC feature descriptors, including 
FPFH, RoPS, Signature of Histograms of 
OrienTations (SHOT), and Normal Aligned 

Radial Features (NARF). For noise robustness 
evaluation, Gaussian noise with zero mean and 
standard deviation  (in meters) was added to 
the PC coordinates. The noise deviation values 
tested ranged from 0.2 m to 0.8 m. Table 1 lists 
specific environmental configurations.
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the accuracy of FPFH, RoPS, SHOT, NARF, and 
the proposed descriptor was 82.31%, 88.72%, 
85.64%, 87.36%, and 93.68%. In Figure 8(b), in 
the B3R dataset, when the number of iterations 
was 200, the feature extraction accuracies of the 
five descriptors were 78.52%, 86.35%, 83.72%, 
85.05%, and 91.46%. The results showed that the 
proposed descriptor could more effectively 
capture the global structure and local detail 
features of PCs, and had stronger discriminative 
ability and robustness in complex scenes and 
different geometric structures.
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B3R datasets to validate the effectiveness of the 
proposed method. Iteration number refers to 
the number of repeated independent random 
trials, not ICP or matching iterations. The 
reported accuracy at each iteration represents 
the cumulative average over all completed 
trials. In Figure 8(a), in the KITTI dataset, when 
the iteration number was 50, the feature 
extraction accuracies of FPFH, RoPS, SHOT, and 
NARF were 68.24%, 85.15%, 73.28%, and 
74.36%, and the accuracy of the proposed 

descriptor was 91.12%. When iterating to 200, 
the accuracy of FPFH, RoPS, SHOT, NARF, and 
the proposed descriptor was 82.31%, 88.72%, 
85.64%, 87.36%, and 93.68%. In Figure 8(b), in 
the B3R dataset, when the number of iterations 
was 200, the feature extraction accuracies of the 
five descriptors were 78.52%, 86.35%, 83.72%, 
85.05%, and 91.46%. The results showed that the 
proposed descriptor could more effectively 
capture the global structure and local detail 
features of PCs, and had stronger discriminative 
ability and robustness in complex scenes and 
different geometric structures.
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To investigate the performance of different 
descriptors, this study tested their descriptive 
properties using the Recall@1-Precision curve in 

two datasets, as shown in Figure 9. In Figure 
9(a), the feature extraction accuracies of FPFH, 
RoPS, SHOT, and NARF in the KITTI dataset 
were 0.78, 0.83, 0.79, and 0.82, with recall rates 

Figure 8
Comparison results of feature extraction accuracy for different descriptors.

NARF in the KITTI dataset were 0.78, 0.83, 0.79, and 
0.82, with recall rates of 0.71, 0.77, 0.75, and 0.79. The 
precision and recall of the proposed descriptor were 
0.91 and 0.84. In Figure 9(b), the feature extraction 
accuracies of the five descriptors in the B3R dataset 
were 0.69, 0.81, 0.79, 0.80, and 0.88, with recall rates 
of 0.71, 0.79, 0.67, 0.70, and 0.86. The proposed de-
scriptor could achieve more accurate feature match-
ing while maintaining a high recall rate, indicating 

(a) Recall@1-Precision performance  
description on KITTI dataset

(b) Recall@1-Precision performance  
description on B3R dataset

of 0.71, 0.77, 0.75, and 0.79. The precision and 
recall of the proposed descriptor were 0.91 and 
0.84. In Figure 9(b), the feature extraction 
accuracies of the five descriptors in the B3R 
dataset were 0.69, 0.81, 0.79, 0.80, and 0.88, with 
recall rates of 0.71, 0.79, 0.67, 0.70, and 0.86. The 

proposed descriptor could achieve more 
accurate feature matching while maintaining a 
high recall rate, indicating that it had stronger 
target recognition ability while maintaining a 
lower false detection rate, verifying its superior 
descriptive performance and stability.

 

Figure 9 

Recall@1-Precision performance description on KITTI and B3 datasets. 

 

0.0 0.2 0.4 0.6 0.8 1.0

0.2

0.0

0.4

0.6

0.8

1.0

Precision
(a) Recall@1-Precision performance description 

on KITTI dataset

R
ec

al
l

FPFH
RoPS
SHOT
NARF
OURS

0.0 0.2 0.4 0.6 0.8 1.0

0.2

0.0

0.4

0.6

0.8

1.0

Precision
(b) Recall@1-Precision performance description 

on B3R dataset

R
ec

al
l

FPFH
RoPS
SHOT
NARF
OURS

 
 

This study further analyzes the number of 
feature points extracted by different descriptors 
and the accuracy of feature matching in two 
datasets, and tests the robustness of feature 
extraction for different descriptors, including 
noise robustness and occlusion robustness. 
Among them, noise robustness is evaluated 
using Signal-to-Noise Ratio (SNR), while 
occlusion robustness is evaluated using the 
acceptable occlusion rate. For noise robustness 
evaluation, two types of synthetic noise were 
added to the PCs: Gaussian noise (zero mean, 
standard deviation ranging from 0.01 to 0.05 m) 
and outlier noise (randomly distributed points 
with a proportion of 1% to 5%). For occlusion 
experiments, structured occlusion was 
simulated by removing points within randomly 
generated spherical volumes (radius 0.1 to 0.5 
m) placed at random positions on the target 
surface, mimicking object occlusion in real 
scenes. The occlusion rate was defined as the 
ratio of removed points to total points in the 
target PC. In Figure 10(a), the amount of 
extracted feature points for FPFH, RoPS, SHOT, 
NARF, and the proposed descriptor in the 
KITTI dataset were 1912, 2167, 1956, 2085, and 
2374, with feature matching accuracies of 
84.05%, 89.62%, 86.21%, 87.35%, and 92.42%. In 
Figure 10(b), in the B3R dataset, the number of 
extracted feature points for the five descriptors 
was 1638, 1885, 1626, 1754, and 2023, with 
feature matching accuracies of 85.92%, 89.67%, 

85.32%, 89.69%, and 94.28%. In Figure 10(c), the 
SNRs of FPFH, RoPS, SHOT, and NARF in the 
KITTI dataset were 12.52 dB, 15.80 dB, 14.25 dB, 
and 16.13 dB, with occlusion rates of 68.35%, 
75.26%, 71.64%, and 73.82%. The SNR and 
occlusion rate of the proposed descriptor were 
19.46 dB and 82.75%. In Figure 10(d), the SNRs 
of the five descriptors in the B3R dataset were 
11.82 dB, 14.91 dB, 13.58 dB, 15.32 dB, and 18.76 
dB, with occlusion rates of 65.42%, 72.63%, 
69.24%, 71.55%, and 80.90%. It was found that 
the proposed descriptor could effectively 
suppress noise interference and had stronger 
tolerance for occlusion by fusing global and 
local features, and could maintain stable feature 
extraction performance in complex 
environments. 

To validate the superiority of the research 
method, this study analyzed the efficiency of 
feature extraction based on different descriptors 
in two datasets, as shown in Figure 11. In Figure 
11(a), the average Feature Extraction Time (FET) 
of FPFH, RoPS, SHOT, and NARF descriptors in 
the KITTI dataset was 38.62 ms, 175.26 ms, 99.87 
ms, and 242.63 ms. The average FET of the 
proposed descriptor was 52.37 ms, which was 
70.12%, 47.56%, and 78.42% shorter than that of 
RoPS, SHOT, and NARF descriptors. In Figure 
11(b), the average FET of the five descriptors in 
the B3R dataset was 16.72 ms, 151.37 ms, 75.86 
ms, 225.67 ms, and 38.25 ms. The results 
showed that although FPFH achieved faster 
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feature matching accuracies of 85.92%, 89.67%, 

85.32%, 89.69%, and 94.28%. In Figure 10(c), the 
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KITTI dataset were 12.52 dB, 15.80 dB, 14.25 dB, 
and 16.13 dB, with occlusion rates of 68.35%, 
75.26%, 71.64%, and 73.82%. The SNR and 
occlusion rate of the proposed descriptor were 
19.46 dB and 82.75%. In Figure 10(d), the SNRs 
of the five descriptors in the B3R dataset were 
11.82 dB, 14.91 dB, 13.58 dB, 15.32 dB, and 18.76 
dB, with occlusion rates of 65.42%, 72.63%, 
69.24%, 71.55%, and 80.90%. It was found that 
the proposed descriptor could effectively 
suppress noise interference and had stronger 
tolerance for occlusion by fusing global and 
local features, and could maintain stable feature 
extraction performance in complex 
environments. 

To validate the superiority of the research 
method, this study analyzed the efficiency of 
feature extraction based on different descriptors 
in two datasets, as shown in Figure 11. In Figure 
11(a), the average Feature Extraction Time (FET) 
of FPFH, RoPS, SHOT, and NARF descriptors in 
the KITTI dataset was 38.62 ms, 175.26 ms, 99.87 
ms, and 242.63 ms. The average FET of the 
proposed descriptor was 52.37 ms, which was 
70.12%, 47.56%, and 78.42% shorter than that of 
RoPS, SHOT, and NARF descriptors. In Figure 
11(b), the average FET of the five descriptors in 
the B3R dataset was 16.72 ms, 151.37 ms, 75.86 
ms, 225.67 ms, and 38.25 ms. The results 
showed that although FPFH achieved faster 

Figure 9
Recall@1-Precision performance description on KITTI and B3 datasets.
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feature extraction than the proposed descriptor, 
the proposed method offered a superior 

accuracy-robustness-efficiency trade-off. 

 

Figure 10 

The performance and robustness results of different descriptors. 
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FET for different descriptors on two datasets. 
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The study further compared and analyzed the 
proposed method with recent deep learning 
based 3D recognition methods, including 

, Learning Local Geometric 
Descriptors from RGB-D Reconstructions 
(3DMatch), Joint Learning of Dense Detection 
and Description of 3D Local Features (D3Feat). 

The results of Full Convolutional Geometric 
Features (FCGF) are shown in Table 2. In Table 
2, on the KITTI dataset, the proposed method 
improved feature matching accuracy by 2.69 
percentage points, SNR by 3.22 dB, and 
occlusion rate by 5.90 percentage points 
compared to D3Feat. On the B3R dataset, the 

feature extraction than the proposed descriptor, 
the proposed method offered a superior 

accuracy-robustness-efficiency trade-off. 
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The performance and robustness results of different descriptors.

that it had stronger target recognition ability while 
maintaining a lower false detection rate, verifying 
its superior descriptive performance and stability. 
This study further analyzes the number of feature 
points extracted by different descriptors and the ac-
curacy of feature matching in two datasets, and tests 
the robustness of feature extraction for different 
descriptors, including noise robustness and occlu-
sion robustness. Among them, noise robustness is 
evaluated using Signal-to-Noise Ratio (SNR), while 
occlusion robustness is evaluated using the accept-
able occlusion rate. For noise robustness evalua-
tion, two types of synthetic noise were added to the 
PCs: Gaussian noise (zero mean, standard deviation 

ranging from 0.01 to 0.05 m) and outlier noise (ran-
domly distributed points with a proportion of 1% to 
5%). For occlusion experiments, structured occlu-
sion was simulated by removing points within ran-
domly generated spherical volumes (radius 0.1 to 
0.5 m) placed at random positions on the target sur-
face, mimicking object occlusion in real scenes. The 
occlusion rate was defined as the ratio of removed 
points to total points in the target PC. In Figure 10(a), 
the amount of extracted feature points for FPFH, 
RoPS, SHOT, NARF, and the proposed descriptor in 
the KITTI dataset were 1912, 2167, 1956, 2085, and 
2374, with feature matching accuracies of 84.05%, 
89.62%, 86.21%, 87.35%, and 92.42%. In Figure 10(b), 
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feature extraction than the proposed descriptor, 
the proposed method offered a superior 

accuracy-robustness-efficiency trade-off. 

 

Figure 10 

The performance and robustness results of different descriptors. 

 

FPFH
1600

Methods
(a) Performance results of different descriptors on 

the KITTI dataset

N
um

be
r o

f k
ey

po
in

ts

M
at

ch
in

g 
ac

cu
ra

cy
 (%

)

84

80

88

92

96

100

Number of keypoints
Matching accuracy

RoPS SHOT NARF OURS FPFH
Methods

(b) Performance results of different descriptors on 
the B3R dataset

N
um

be
r o

f k
ey

po
in

ts

M
at

ch
in

g 
ac

cu
ra

cy
 (%

)

84

80

88

92

96

100

RoPS SHOT NARF OURS

FPFH

12

10

14

16

18

20

Methods
(c) Robustness results of different descriptors on 

the KITTI dataset

SN
R

 (d
B

)

O
cc

lu
si

on
 ra

te
 (%

)

65

60

70

75

80

85
SNR Occlusion rate

RoPS SHOT NARF OURS FPFH

12

10

14

16

18

20

Methods
(d) Robustness results of different descriptors on 

the B3R dataset

SN
R

 (d
B

)

O
cc

lu
si

on
 ra

te
 (%

)

65

60

70

75

80

85
SNR Occlusion rate

RoPS SHOT NARF OURS

1800

2000

2200

2400

2600

1400

1600

1800

2000

2200

2400

Number of keypoints
Matching accuracy

 
Figure 11 

FET for different descriptors on two datasets. 

 

2 4 6 8 10

50

0

100

150

200

250

Number of experiments
(a) FET for different descriptors on the KITTI 

dataset

FE
T 

(m
s)

50

0

100

150

200

250

Number of experiments
(b) FET for different descriptors on the B3R 

dataset

FE
T 

(m
s)

1 3 5 7 9 2 4 6 8 101 3 5 7 9

FPFH
RoPS

SHOT
NARF

OURS FPFH
RoPS

SHOT
NARF

OURS

 
 

The study further compared and analyzed the 
proposed method with recent deep learning 
based 3D recognition methods, including 

, Learning Local Geometric 
Descriptors from RGB-D Reconstructions 
(3DMatch), Joint Learning of Dense Detection 
and Description of 3D Local Features (D3Feat). 

The results of Full Convolutional Geometric 
Features (FCGF) are shown in Table 2. In Table 
2, on the KITTI dataset, the proposed method 
improved feature matching accuracy by 2.69 
percentage points, SNR by 3.22 dB, and 
occlusion rate by 5.90 percentage points 
compared to D3Feat. On the B3R dataset, the 

feature extraction than the proposed descriptor, 
the proposed method offered a superior 

accuracy-robustness-efficiency trade-off. 

 

Figure 10 

The performance and robustness results of different descriptors. 

 

FPFH
1600

Methods
(a) Performance results of different descriptors on 

the KITTI dataset

N
um

be
r o

f k
ey

po
in

ts

M
at

ch
in

g 
ac

cu
ra

cy
 (%

)

84

80

88

92

96

100

Number of keypoints
Matching accuracy

RoPS SHOT NARF OURS FPFH
Methods

(b) Performance results of different descriptors on 
the B3R dataset

N
um

be
r o

f k
ey

po
in

ts

M
at

ch
in

g 
ac

cu
ra

cy
 (%

)

84

80

88

92

96

100

RoPS SHOT NARF OURS

FPFH

12

10

14

16

18

20

Methods
(c) Robustness results of different descriptors on 

the KITTI dataset

SN
R

 (d
B

)

O
cc

lu
si

on
 ra

te
 (%

)

65

60

70

75

80

85
SNR Occlusion rate

RoPS SHOT NARF OURS FPFH

12

10

14

16

18

20

Methods
(d) Robustness results of different descriptors on 

the B3R dataset

SN
R

 (d
B

)

O
cc

lu
si

on
 ra

te
 (%

)

65

60

70

75

80

85
SNR Occlusion rate

RoPS SHOT NARF OURS

1800

2000

2200

2400

2600

1400

1600

1800

2000

2200

2400

Number of keypoints
Matching accuracy

 
Figure 11 

FET for different descriptors on two datasets. 

 

2 4 6 8 10

50

0

100

150

200

250

Number of experiments
(a) FET for different descriptors on the KITTI 

dataset

FE
T 

(m
s)

50

0

100

150

200

250

Number of experiments
(b) FET for different descriptors on the B3R 

dataset
FE

T 
(m

s)

1 3 5 7 9 2 4 6 8 101 3 5 7 9

FPFH
RoPS

SHOT
NARF

OURS FPFH
RoPS

SHOT
NARF

OURS

 
 

The study further compared and analyzed the 
proposed method with recent deep learning 
based 3D recognition methods, including 

, Learning Local Geometric 
Descriptors from RGB-D Reconstructions 
(3DMatch), Joint Learning of Dense Detection 
and Description of 3D Local Features (D3Feat). 

The results of Full Convolutional Geometric 
Features (FCGF) are shown in Table 2. In Table 
2, on the KITTI dataset, the proposed method 
improved feature matching accuracy by 2.69 
percentage points, SNR by 3.22 dB, and 
occlusion rate by 5.90 percentage points 
compared to D3Feat. On the B3R dataset, the 

(a) FET for different descriptors  
on the KITTI dataset

(b) FET for different descriptors  
on the B3R dataset

Figure 11
FET for different descriptors on two datasets.

in the B3R dataset, the number of extracted feature 
points for the five descriptors was 1638, 1885, 1626, 
1754, and 2023, with feature matching accuracies 
of 85.92%, 89.67%, 85.32%, 89.69%, and 94.28%. In 
Figure 10(c), the SNRs of FPFH, RoPS, SHOT, and 
NARF in the KITTI dataset were 12.52 dB, 15.80 dB, 
14.25 dB, and 16.13 dB, with occlusion rates of 68.35%, 
75.26%, 71.64%, and 73.82%. The SNR and occlusion 
rate of the proposed descriptor were 19.46 dB and 
82.75%. In Figure 10(d), the SNRs of the five descrip-
tors in the B3R dataset were 11.82 dB, 14.91 dB, 13.58 
dB, 15.32 dB, and 18.76 dB, with occlusion rates of 
65.42%, 72.63%, 69.24%, 71.55%, and 80.90%. It was 
found that the proposed descriptor could effectively 
suppress noise interference and had stronger toler-
ance for occlusion by fusing global and local features, 
and could maintain stable feature extraction perfor-
mance in complex environments.
To validate the superiority of the research meth-
od, this study analyzed the efficiency of feature 
extraction based on different descriptors in two 
datasets, as shown in Figure 11. In Figure 11(a), the 
average Feature Extraction Time (FET) of FPFH, 
RoPS, SHOT, and NARF descriptors in the KIT-
TI dataset was 38.62 ms, 175.26 ms, 99.87 ms, and 
242.63 ms. The average FET of the proposed de-
scriptor was 52.37 ms, which was 70.12%, 47.56%, 

and 78.42% shorter than that of RoPS, SHOT, and 
NARF descriptors. In Figure 11(b), the average FET 
of the five descriptors in the B3R dataset was 16.72 
ms, 151.37 ms, 75.86 ms, 225.67 ms, and 38.25 ms. 
The results showed that although FPFH achieved 
faster feature extraction than the proposed descrip-
tor, the proposed method offered a superior accura-
cy-robustness-efficiency trade-off.
The study further compared and analyzed the pro-
posed method with recent deep learning based 3D 
recognition methods, including PointNet++, Learn-
ing Local Geometric Descriptors from RGB-D Re-
constructions (3DMatch), Joint Learning of Dense 
Detection and Description of 3D Local Features 
(D3Feat). The results of Full Convolutional Geo-
metric Features (FCGF) are shown in Table 2. In 
Table 2, on the KITTI dataset, the proposed method 
improved feature matching accuracy by 2.69 per-
centage points, SNR by 3.22 dB, and occlusion rate 
by 5.90 percentage points compared to D3Feat. On 
the B3R dataset, the proposed method also demon-
strated significant advantages, with a feature match-
ing accuracy of 94.28%, which was 7.33 percentage 
points higher than D3Feat. This superior perfor-
mance was attributed to the effective fusion of global 
GASD features and local PDSH features, robust ISS 
keypoint detection, and improved RGSA.
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3.2. Analysis of Recognition Results of 3DOR 
Method
To evaluate the recognition performance of the de-
signed 3DOR method, this study constructed two 
real-world PC datasets: UrbanRoad and Tunnel-
Lite. The UrbanRoad dataset utilized Robosense 
RS-LDAR-32 line LiDAR to collect PC data from 
multiple scenes including urban main roads, inter-
sections, overpasses, etc. This dataset focuses on 
challenging cases such as dense traffic flow, severe 
occlusion, and distant small targets, and has been 
accurately manually annotated. The TunnelLite 
dataset collects scenes including long tunnels, un-
derground garages, nighttime city roads, and foggy 
weather, totaling 8200 frames of PC. The experi-
ment compared the proposed method with existing 
popular methods, including Global Feature-based 
3DOR (Global-3DOR), Local Feature-based 3DOR 
(Local-3DOR) and Global and Local Feature Fu-
sion-based 3DOR (Global-Local-3DOR).
This study compared the recognition rates of vari-
ous 3DOR methods under different noise biases in 
two real-world PC sets to assess the robustness and 
stability of the research method under noise inter-
ference, as shown in Figure 12. In Figure 12(a), in 
the UrbanRoad dataset, when the noise deviation 
was 0.2 m, the recognition rates of Global-3DOR, 

Local-3DOR, Global-Local-3DOR, and the proposed 
method were 91.27%, 94.68%, 96.52%, and 97.36%. 
When the noise deviation increased to 0.8 m, the 
recognition rates of the four 3DOR methods were 
67.63%, 75.24%, 81.26%, and 89.86%. In Figure 12(b), 
in the TunnelLite dataset, when the noise deviation 
was 0.8 m, the recognition rates of the four 3DOR 
methods were 63.35%, 69.59%, 75.68%, and 80.72%. 
The proposed method could maintain stable target 
recognition performance in high noise environ-
ments and had strong practicality and adaptability. 
To evaluate the performance and generalization 
ability of the proposed method at different PC res-
olutions, this study compared and analyzed the 
recognition rates at different resolutions in two re-
al-world PC sets, as exhibited in Figure 13. In Figure 
13(a), when the downsampling ratio is 1/2, the rec-
ognition rates of Global-3DOR, Local-3DOR, Glob-
al-Local-3DOR, and the proposed method in the Ur-
banRoad dataset were 85.62%, 89.27%, 93.66%, and 
97.62%. When the downsampling ratio was 1/16, the 
recognition rates of the four methods were 45.32%, 
58.59%, 78.12%, and 88.76%. In Figure 13(b), when 
the downsampling ratio was 1/16, the recognition 
rates of the four 3DOR methods in the TunnelLite 
dataset were 28.69%, 48.62%, 66.32%, and 80.78%. 
The proposed method combined multi-scale fea-

Datasets Methods Feature matching 
accuracy (%)

Number of  
feature points SNR (dB) Occlusion rate 

(%)
Feature extraction 

time (ms)

KITTI

PointNet++ 87.32 2156 14.58 71.24 156.81

3DMatch 85.94 1987 13.89 69.73 128.50

D3Feat 89.73 2294 16.24 76.85 185.62

FCGF 88.69 2210 15.62 74.93 142.35

OURS 92.42 2374 19.46 82.75 52.37

B3R

PointNet++ 84.56 1842 13.72 68.53 132.44

3DMatch 82.38 1653 13.15 66.81 109.32

D3Feat 86.95 1968 15.48 73.42 162.71

FCGF 85.77 1908 14.86 71.68 121.57

OURS 94.28 2023 18.76 80.90 38.25

Table 2
Comprehensive performance comparison between the proposed method and recent deep learning-based 3D recognition methods.
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ture description with ISS keypoint detection, which 
could effectively overcome the impact of PC densi-
ty changes and maintain stable recognition perfor-
mance in low resolution scenes. 
To evaluate the contribution of each module to the 
overall recognition performance, ablation experi-
ments were conducted on the UrbanRoad dataset, 
and the results are shown in Table 3. In Table 3, each 
module contributed to the overall recognition per-
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To evaluate the contribution of each module to 
the overall recognition performance, ablation 
experiments were conducted on the UrbanRoad 
dataset, and the results are shown in Table 3. In 
Table 3, each module contributed to the overall 
recognition performance. When PDSH was 
used alone to describe subunits, the recognition 
rate reached 81.23%, the feature extraction time 
was only 72.5 ms, and the efficiency was better 
than GASD. When using ISS alone, improving 
RGSA or ICP, the recognition rate improvement 
was limited and the time consumption 
increased. After combining GASD with PDSH, 

the recognition rate increased to 86.57% and the 
feature extraction time decreased to 68.2 ms, 
indicating a significant synergistic effect 
between global and local features. The complete 
method integrates all modules, achieving a 
recognition rate of 89.86%, a feature matching 
accuracy of 92.4%, and a feature extraction time 
of 116.6 ms. The results showed that the full 
proposed method (116.6 ms) was slower than its 
individual components and the combination 
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To evaluate the contribution of each module to 
the overall recognition performance, ablation 
experiments were conducted on the UrbanRoad 
dataset, and the results are shown in Table 3. In 
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than GASD. When using ISS alone, improving 
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Figure 13
Recognition rates of different 3DOR methods at different resolutions.

formance. When PDSH was used alone to describe 
subunits, the recognition rate reached 81.23%, the 
feature extraction time was only 72.5 ms, and the 
efficiency was better than GASD. When using ISS 
alone, improving RGSA or ICP, the recognition rate 
improvement was limited and the time consump-
tion increased. After combining GASD with PDSH, 
the recognition rate increased to 86.57% and the 
feature extraction time decreased to 68.2 ms, indi-
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cating a significant synergistic effect between global 
and local features. The complete method integrates 
all modules, achieving a recognition rate of 89.86%, 
a feature matching accuracy of 92.4%, and a feature 
extraction time of 116.6 ms. The results showed that 
the full proposed method (116.6 ms) was slower than 
its individual components and the combination 
GASD+PDSH. However, it achieved the highest rec-
ognition rate.
To investigate the computational efficiency of the 
proposed method in real-world environments, this 

study compared the computation time and memory 
usage of different object recognition methods in two 
real-world PC sets, as shown in Figure 14. In Figure 
14(a), the average computation time of Global-3DOR, 
Local-3DOR, Global-Local-3DOR, and the research 
method in the UrbanRoad dataset was 103.28 ms, 
289.69 ms, 416.85 ms, and 232.74 ms. Compared with 
Local-3DOR and Global-Local-3DOR, the computa-
tion time of the proposed method was reduced by 
19.66% and 44.17%. The average computation time 
of the four comparative methods in the TunnelLite 

Configuration Recognition rate (%) Feature matching accuracy (%) Feature extraction time (ms)

Baseline 72.34 85.6 103.2

+ GASD only 78.56 87.2 98.7

+ PDSH only 81.23 88.5 72.5

+ ISS only 75.89 86.1 115.8

+ Improved RGSA only 76.42 86.4 118.4

+ ICP (P2Pl) only 74.15 85.2 126.3

GASD + PDSH 86.57 90.6 68.2

ISS + Improved RGSA + ICP 84.32 89.3 142.6

Full proposed method 89.86 92.4 116.6

Table 3
Results of ablation experiment.

(a) Calculation time on two datasets (b) Memory usage on two datasets

the proposed method in real-world 
environments, this study compared the 
computation time and memory usage of 
different object recognition methods in two 
real-world PC sets, as shown in Figure 14. In 
Figure 14(a), the average computation time of 
Global-3DOR, Local-3DOR, 
Global-Local-3DOR, and the research method in 
the UrbanRoad dataset was 103.28 ms, 289.69 
ms, 416.85 ms, and 232.74 ms. Compared with 
Local-3DOR and Global-Local-3DOR, the 
computation time of the proposed method was 
reduced by 19.66% and 44.17%. The average 
computation time of the four comparative 

methods in the TunnelLite dataset was 174.36 
ms, 342.12 ms, 452.69 ms, and 297.35 ms. In 
Figure 14(b), the memory consumption of the 
four 3DOR methods in the UrbanRoad dataset 
was 1267.23 Mb, 889.62 Mb, 1619.27 Mb, and 
992.36 Mb. The memory consumption of 
Global-3DOR, Local-3DOR, and 
Global-Local-3DOR in the TunnelLite dataset 
was 1436.58 Mb, 945.62 Mb, and 1825.91 Mb, 
and the proposed method was 1047.35 Mb. It 
could ensure recognition accuracy while having 
higher computational efficiency, suitable for 
real-time 3DOR applications.
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Comparison of computational efficiency of different 3DOR methods. 
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To qualitatively evaluate the focusing ability of 
the proposed method on the discriminative 
geometric structure of PCs, the feature 
activation visualization heatmap of the 
proposed laser radar 3D target recognition was 
analyzed, and the results are shown in Figure 
15. In Figure 15, the proposed method could 

effectively focus on the discriminative 
geometric structure of PC targets. On different 
targets such as vehicles and pedestrians, the 
activation area of the heatmap was mainly 
concentrated on geometric features such as 
contour edges, local protrusions, and 
depressions, while the activation was weaker on 

Figure 14
Comparison of computational efficiency of different 3DOR methods.
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dataset was 174.36 ms, 342.12 ms, 452.69 ms, and 
297.35 ms. In Figure 14(b), the memory consump-
tion of the four 3DOR methods in the UrbanRoad 
dataset was 1267.23 Mb, 889.62 Mb, 1619.27 Mb, 
and 992.36 Mb. The memory consumption of Glob-
al-3DOR, Local-3DOR, and Global-Local-3DOR 
in the TunnelLite dataset was 1436.58 Mb, 945.62 
Mb, and 1825.91 Mb, and the proposed method was 
1047.35 Mb. It could ensure recognition accuracy 
while having higher computational effi  ciency, suit-
able for real-time 3DOR applications. 
To qualitatively evaluate the focusing ability of the 
proposed method on the discriminative geometric 
structure of PCs, the feature activation visualization 
heatmap of the proposed laser radar 3D target rec-
ognition was analyzed, and the results are shown in 
Figure 15. In Figure 15, the proposed method could 
eff ectively focus on the discriminative geometric 
structure of PC targets. On diff erent targets such as 
vehicles and pedestrians, the activation area of the 
heatmap was mainly concentrated on geometric fea-
tures such as contour edges, local protrusions, and 
depressions, while the activation was weaker on fl at 
areas. Activation refers to geometric saliency, defi ned 
as the normalized response of the proposed feature 
descriptor-keypoint detector combination. For each 
point, activation was computed by weighting the 
PDSH histogram entropy with the ratio of ISS eigen-
values, indicating local shape distinctiveness. Higher 
activation values corresponded to regions with sig-
nifi cant geometric variations, such as edges, corners, 
and surface discontinuities. This saliency measure 
did not rely on neural network features but was de-
rived directly from geometric invariants. The heat-
map visualized this saliency, where red represents 
high activation (highly discriminative structures) 

and green represents low activation (fl at or uniform 
regions). This indicated that the combination of 
PDSH descriptors and ISS keypoint detection could 
accurately capture the local geometric information of 
the target, enhance the discriminative ability of fea-
ture expression, and provide a reliable feature basis 
for subsequent high-precision target recognition.

4. Discussion and Interpretation
This study proposed a LiDAR 3DOR method that 
integrates PDSH and ISS algorithms, and validated 
its performance on multiple datasets. The superior 
feature extraction accuracy of the proposed descrip-
tor (93.68% on KITTI and 91.46% on B3R) has been 
attributed to three design features: the multi-plane 
projection strategy of the PDSH descriptor, which 
encodes complementary spatial information from 
three orthogonal views and increases joint entro-
py without causing the curse of dimensionality; the 
scale-normalized projection, which provides ro-
bustness to varying PC densities; and the integration 
of GASD global features, which compensates for the 
limited receptive fi eld of local descriptors.
The hypothesis stated in Section 1 has been quanti-
tatively verifi ed by the ablation study in Table 3: local 
features (PDSH) contribute an 8.89 percentage point 
improvement, global features (GASD) contributed a 
6.22 percentage point improvement, and their com-
bination yielded a synergistic gain of 14.23 percent-
age points, confi rming the necessity of fusing global 
and local features. Noise robustness (SNR of 19.46 
dB) has been causally linked to the eigenvalue thresh-
olds of the ISS keypoint detector and the histogram 
aggregation strategy of PDSH. Occlusion robustness 
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saliency, defined as the normalized response of 
the proposed feature descriptor-keypoint 
detector combination. For each point, activation 
was computed by weighting the PDSH 
histogram entropy with the ratio of ISS 
eigenvalues, indicating local shape 
distinctiveness. Higher activation values 
corresponded to regions with significant 
geometric variations, such as edges, corners, 
and surface discontinuities. This saliency 
measure did not rely on neural network 

features but was derived directly from 
geometric invariants. The heatmap visualized 
this saliency, where red represents high 
activation (highly discriminative structures) and 
green represents low activation (flat or uniform 
regions). This indicated that the combination of 
PDSH descriptors and ISS keypoint detection 
could accurately capture the local geometric 
information of the target, enhance the 
discriminative ability of feature expression, and 
provide a reliable feature basis for subsequent 
high-precision target recognition.

Figure 15

Feature activation heatmaps of the proposed method.
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4. Discussion and Interpretation
This study proposed a LiDAR 3DOR method 
that integrates PDSH and ISS algorithms, and 
validated its performance on multiple datasets.
The superior feature extraction accuracy of the 
proposed descriptor (93.68% on KITTI and 
91.46% on B3R) has been attributed to three 
design features: the multi-plane projection 
strategy of the PDSH descriptor, which encodes 
complementary spatial information from three 
orthogonal views and increases joint entropy 
without causing the curse of dimensionality; the 
scale-normalized projection, which provides 
robustness to varying PC densities; and the 
integration of GASD global features, which 
compensates for the limited receptive field of 
local descriptors.

The hypothesis stated in Section 1 has been 
quantitatively verified by the ablation study in 
Table 3: local features (PDSH) contribute an 8.89 
percentage point improvement, global features 
(GASD) contributed a 6.22 percentage point 
improvement, and their combination yielded a 
synergistic gain of 14.23 percentage points, 
confirming the necessity of fusing global and 
local features. Noise robustness (SNR of 19.46 
dB) has been causally linked to the eigenvalue 
thresholds of the ISS keypoint detector and the 
histogram aggregation strategy of PDSH. 
Occlusion robustness (82.75%) has been 
attributed to the multi-view projection strategy, 
where complementary information remains 

available from the other two orthogonal planes 
when one projection plane is occluded.

The necessity of each module in the serial 
pipeline has also been validated by the ablation 
study in Table 3. The baseline achieved only 
72.34% on UrbanRoad. Incrementally adding 
modules monotonically improved performance 
to 89.86%, confirming that each module 
addressed a distinct challenge and their serial 
integration followed a theoretically sound 
coarse-to-fine paradigm. As shown in Table 2, 
the proposed handcrafted descriptor 
outperformed deep learning methods 

Match, D3Feat, FCGF) because 
its geometric design principles provided 
inherent robustness without requiring 
large-scale training data. The feature extraction 
time (52.37 ms) was substantially lower than 
that of D3Feat because no GPU-intensive 
computation was required.

Compared with reference [30], this paper only 
verified the robustness under Gaussian noise 
and did not involve complex interference types 
such as structural disturbances. In addition, 
reference [30] focuses on ultra high speed weak 
target recognition, while the data in this paper 
comes from low-speed scenarios. The potential 
of the proposed method for transferring to 
high-speed scenarios remains to be explored.

Despite the superior performance of the 
proposed method, several limitations should be 
acknowledged. First, the method relies on 
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Figure 15
Feature activation heatmaps of the proposed method.
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(82.75%) has been attributed to the multi-view pro-
jection strategy, where complementary information 
remains available from the other two orthogonal 
planes when one projection plane is occluded.
The necessity of each module in the serial pipeline 
has also been validated by the ablation study in Table 
3. The baseline achieved only 72.34% on UrbanRoad. 
Incrementally adding modules monotonically im-
proved performance to 89.86%, confirming that each 
module addressed a distinct challenge and their seri-
al integration followed a theoretically sound coarse-
to-fine paradigm. As shown in Table 2, the proposed 
handcrafted descriptor outperformed deep learning 
methods (PointNet++, 3DMatch, D3Feat, FCGF) 
because its geometric design principles provided 
inherent robustness without requiring large-scale 
training data. The feature extraction time (52.37 ms) 
was substantially lower than that of D3Feat because 
no GPU-intensive computation was required.
Compared with reference [30], this paper only veri-
fied the robustness under Gaussian noise and did not 
involve complex interference types such as structur-
al disturbances. In addition, reference [30] focuses 
on ultra high speed weak target recognition, while the 
data in this paper comes from low-speed scenarios. 
The potential of the proposed method for transfer-
ring to high-speed scenarios remains to be explored.
Despite the superior performance of the proposed 
method, several limitations should be acknowl-
edged. First, the method relies on normal vector es-

timation quality, which tends to fail in sparse PCs 
or regions with sharp geometric features. Second, 
the computational advantage diminishes when pro-
cessing large-scale scenes. Third, robustness under 
extreme weather conditions has not been validated. 
Fourth, the framework assumes rigid objects and 
cannot handle non-rigid targets. Future work will 
address these issues through adaptive techniques 
and multimodal fusion.

5. Summary
This study constructed a recognition method that in-
tegrated PDSH descriptors and ISS algorithm to deal 
with insufficient robustness and low computational 
efficiency in LiDAR 3DOR. Research showed that 
the research method outperformed existing meth-
ods on multiple datasets, especially maintaining sta-
ble recognition performance in noisy, occluded, and 
low resolution environments. Future research will 
combine multimodal data to further enhance the ro-
bustness and generalization ability of the system in 
complex environments.
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