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Abstract 

Trace recognition is essential for rock discontinuity characterization of tunnel excavation faces. Traditional methods of trace identi-
fication based on three-dimensional (3D) point cloud curvatures require manual fine-tuning for curvature detection and lack consistency 
with orientation grouping results. This paper proposes a new automatic method for trace identification from 3D point cloud. An adap-
tive vector method based on neighbor assignment is proposed to accurately generate both normal vectors and directional vectors on 
sharp points. A principal component analysis-based oriented contraction (PWI-OC) method is presented to extract point cloud skeletons 
with good iterative conformality. A sparse growing method is proposed to generate extensive trace segments. Two rock excavation face
cases, from a mining tunnel and a railway tunnel, are adopted for analysis. The significance of adaptive normal vectors is validated for
improving the quality of orientation grouping, and the iterative conformality of PWI-OC is validated to generate more accurate and
robust trace skeletons than the traditional method. The results show that the proposed method can achieve a more accurate trace iden-
tification than traditional methods, consistent with orientation grouping results, robust to overlapping traces, and automates curvature
point detection.

Keywords: Rock tunnel; Excavation face; Discontinuity trace; 3D point cloud; Adaptive vector; Oriented contraction
1 Intr oduction

Discontinuity properties largely influence the mechani-
cal behaviors, such as strength, de formability, and perme-
ability of rock mass (Barton, 1978; Daghigh et al., 2022). 
Discontinuity trace description (e.g., trace length estima-
tion) is essential for rock discontinuity characterizations
(Mauldon, 1998; Zhang & Einstein, 1998; Umili et al.,
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scanning (Fisher et al., 2014; Riquelme et al., 2014), have 
been applied for the description of rock discontinuities.
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images or reconstructed three-dimensional (3D) point 
cloud of rock mass without direct access to the rock mass, 
which not only improves the efficiency and safety in data
acquisition but also produces more objective results.

The two-dimensional (2D) image processing is one of 
the main methods for trace detection (Battulwar et al.,
2021; Daghigh et al., 2022). Edge detection or line detec-
tion algorithms are often used to extract traces as intersec-
tion lines between discontinuity planes and the rock face
plane based on pixel intensity variations (Crosta, 1 997;
Lemy & Hadjigeorgiou, 2003; Bolkas et al., 2018). How-
ever, the diversity of rock textures, illumination conditions, 
and threshold settings can cause difficulty in trace detection
during image processing (Ferrero et al., 2009; Li et al.,
2016). In addition, 2D approaches also suffer from the 
inaccuracy of the fitted discontinuity plane, the division 
of a single trace into severa l broken fragments, and the
generation of redundant trace segments caused by irregular
rock surfaces (Kemeny et al., 2006; Battulwar et al., 2021). 

Recently, trace recognition methods based on 3D point 
cloud have also been widely studied (Roncella et al., 2005;
Gigli & Casagli, 2011; Battulwar et al., 2021; Daghigh
et al., 2022). Representatively, Umili et al. (2013) proposed 
a curvature-based method for extracting traces from the 
digital surface model (DSM) of rock mass. The vertices 
with large principal curvatures were selected and connected 
as concave edge paths of discontinuities using the random
sample consensus (RANSAC). Then the edge paths were
clustered into traces using the iterative self-organizing data
analysis technique algorithm (ISODATA) (Ball & Hall ,
1965). Cao et al. (2017) extracted the edges of triangular 
elements as discontinuity traces based on the ang le varia-
tion between adjacent triangular units. Li et al. (2019) first 
extracted curvature points from rock mass DSM using the 
normal vector voting (NTV) theory. Then a growing
method is used to connect curvature points as trace seg-
ments. Zhang et al. (2020) proposed a Laplacian-based 
contraction method to extract curvature point skeletons 
for trace segment generation. However, these methods 
require the tedious and time-consuming triangu lation of
raw points, and the curvature detection is sensitive to the
user-defined threshold. In addition, Guo et al. (2018) com-
bined the one-dimensional (1D) truncated Fourier series 
and the principal components analysis (PCA) to select 
trace points. A Laplacian smoothing method was used to 
extract thinned trace points for trace segment generation. 
Although this method can directly process point clouds, 
the curvature detection is still dependent on the user-
defined threshold. In addition, the smoothing method is
not controlled with smoothing directions, making the
thinned points discrete to generate broken segments.

Point cloud vector calculation is one of the essential fac-
tors in discontinuity analysis such as the discontinuity ori-
entation recognition based on normal vectors (Priest, 1993; 
Jimenez, 2008; Riquelme et al., 2014; Gao et al., 2019; Li
et al., 2019; Wu et al., 2020; Cui & Yan, 2020; Singh
et al., 2021, 2022) or the curvature de tection in discontinu-
ity trace recognition based on normal vector variations
(Umili et al., 2013; Li et al., 201 6; Cao et al., 2017; Guo
et al., 2018; Zhang et al., 2020). The PCA method was 
one of the commonly used methods in normal vector calcu-
lation, and was accurate and fast, especially on smooth sur-
faces (Daghigh et al., 2022). However, the initial PCA did 
not perform well for point clouds with noise and regions
near geometric singularities (Nurunnabi et al., 2015;
Khaloo & Lattanzi, 2017). Although some robust estima-
tion methods were used to improve the normal vector accu-
racy near the singularities in discontinuity orientation
analysis (Wang et al., 2013; Kong et al., 2020), the robust 
estimation of directional vectors was not fully studi ed
and used in discontinuity trace recognition.

This paper proposed an adaptive oriented contraction 
(AOC) method for automatic recognition of rock disconti-
nuity trace based on 3D point cloud. An adaptive vector 
calculation based on iterative neighbor assignments of 
point clouds was proposed to accurately produce both nor-
mal vectors for orientation grouping and directional vec-
tors for trace recognition. The sharp points of traces were 
extracted from the orient ation grouping results generated
by a fast optimal grouping method. A PCA-weighted iter-
ative oriented contraction (PWI-OC) method was pro-
posed to extract sharp point skeletons. A sparse growing
method was proposed to generate trace segments from
the sharp point skeletons.

The paper is organized as follows: an introduction to 
discontinuity trace recognition is presented in Section 1, 
the specific description of the methodol ogy is presented
in Section 2, several cases are analyzed in Section 3, the dis-
cussion of the proposed method is in Section 4, and some 
conclusions are drawn in Section 5. 

2 Method ology

This paper proposed an adaptive oriented contraction 
method for automatic recognition of rock discontinuity 
traces based on 3D point clouds. The main flow chart is
shown in Fig. 1.  I  n Section 2.1, an adaptive vector method 
based on neighbor iterative assignment is proposed to 
accurately generate both normal vectors and directional
vectors, especially on sharp points. In Section 2.2, a fast-
optimal grouping of orientation is first performed based 
on the adaptive normal vectors of the point cloud. Then, 
the PWI-OC method is proposed to generate skelet on
points from the boundary points (with adaptive directional
vectors) of the optimal orientation grouping result. In Sec-
tion 2 .3, a sparse growing method is proposed to generate 
trace segments, which includes the initial generation of 
trace segments based on the neighbor connection of skele-
ton points, the trace segment linearization based on the
sparse growing method, and the trace segment connection
based on oriented extension.

In order to illustrate each step of the proposed method, 
a rock excavation face of a railway tunnel located in west-
ern China is adopted as case 1 for analysis. A Xiaomi Mi
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Fig. 1. Flow chart of the proposed method.
10 mobile phone was used to take 6 images (Fig. 2(a)–(f)) 
with the resolution of 5760 × 3240 at different positions 
in front of the excavation face. The Meshroom open-
source computer vision software was used to reconstruct 
3D RGB point clouds from the image sequence, generating
a total of 1 412 061 points. The region of interest (ROI)
(Fig. 2(g)) includes 341 348 points after manual cropping.
Fig. 2. Image acquisition and 3D reconstruction of case 1. (a)–(f) Image se
2.1 Adaptive vector calculation based on iterative neighbor

assignment

Point cloud vector calculation is essential for rock dis-
continuity identification (Priest, 1993; Umili et al., 2013;
Riquelme et al., 2014; Singh et al., 2021). Although PCA 
can accurately perform normal vector estimation on
quence of the excavation face, and (g) 3D reconstructed points in ROI.
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smooth surfaces (Daghigh et al., 2022), the classical PCA 
cannot perform well on the sharp points of geometric sin-
gularities (Nurunnabi et al., 2015; Khaloo & Lattanzi,
2017). This paper proposes an adaptive vector estimation 
based on neighbor assignments to accurately generate both
normal vectors and directional vectors of sharp points.

2.1.1 Point cloud vector calculation ba sed on PCA analysis

PGiven the point cloud (N denotes 
the point number), the vector of a point requires cal-
culating the covariance matrix as
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2.1.2 Sharp point detection based on neighbor angle variation
In this paper, sharp points denote the edge points and 

corner points located in large geometry curvatures (Wang 
et al., 2013). The variation of the neighbor angle is used
for sharp point detection.

Firstly, the distance function is defined as the acute 
angle of normal vectors (Jimenez-Rodriguez & Sitar ,
2006). Give the point cloud,P p 1 pNn 
Fig. 3. Illustrati
the normal vector set, the distance func-
tion is defined as

n1 nNN v 

dist ni nj arccos 
ni nj 

n i nj
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where and denote any two different normal vectors, 
and denotes the norm of vectors.
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point of

nh knnj jt 
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Finally, sharp points are selected as the points with 
neighbor angle variations larger than the mea of all
points in Accordingly, the sharp point set defined as
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2.1.3 Adaptive vector calculation of a sharp point based on
iterative neighbor assignment

Figure 4(a) shows the sharp point detection result of
case 1. As shown in Fig. 4(b), normal vectors (the red lines) 
of sharp points are often the transition vectors of adjacent 
discontinuities (I and II), which can interfere with the
normal-vector-based orientation analysis. Therefore, the
adaptive normal vector method is proposed as follows.

(1) Given a point cloud set normal vec-
tor set sharp point index set in P 
set denotes the sharp point 
number), the non-sharp point number set 

in the neighbors of each sharp 

P p1 pN ,
N v n1 nN ,

Sp s1 sN s (N s

knnQn q1 qN s
on of PCA.
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Fig. 4. Adaptive normal vectors of case 1. (a) Sharp points. Red points denote sharp points and blue points denote non-sharp points, (b) initial normal
vectors (red lines) of sharp points, and (c) adaptive normal vectors (green lines) of sharp points.

Fig. 5. Normal vector neighbor assignment of sharp points (Note: The red 
normal vector of sharp point s assigned with the green normal vector
from the nearest non-sharp point of nearest neighbor points.
p

point. As shown in Fig. 5, red points denote sharp 
points and blue points denote non-sharp points. 
The non-sharp neighbor points of the sharp point
s include p p and p Therefore,

knn
, . q 3.i 21 3 i 

(2) In order to control the neighbor assignment that 
starts from the sharp points near the non-sharp 
points, an effective neighbor number threshold is 
set as where denotes the maximum inte-
ger smaller than x
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knn 3 , x

.
(3) nnSpSearch for points in whose non-sharp neighbor 
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denotes the element number 
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(4) If then the vector of each sharp point in is 
assigned with the vector of its nearest non-sharp 
neighbor point. Given the non-sharp neigh-
bor point set of is denotes the
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As shown in Fig. 5, the red normal vecto of s is 
assigned to the green normal vector, which is the nearest 
non-sharp point of the nearest points of 

Then set . repeat step (2); if
then perform step (6).

i

p Sp Sp Sp–£,
£,Sp 

(5) 
(6) The iterative assignment stops, and all sharp points 

have be en assigned with adaptive normal vectors.

The adaptive normal vectors of all sharp points can be
calculated by steps (1)–(6). Figure 6 shows the process of 
adaptive iterative assignment of normal vectors. The blue 
points denote non-sharp points, the red points denote 
sharp points that have not been assigned with adaptive vec-
tors, and the green points denote sharp points assigned
with adaptive vectors. All sharp points in case 1 can be
assigned after six iterations. As shown in Fig. 4(c), the 
adaptive normal vectors can better reflect the direction of
adjacent discontinuity planes (I and II).

The directional vectors of sharp points can also cause 
large errors at the junction of different trace segments
and near the median axis of trace segments. As shown in
Fig. 7(b), the red directional vectors are more scattered 
and do not maintain an approximate direction to the exten-
sion trend of the blue directional vectors. Therefore, the
red directional vectors also need to be assigned adaptively.

The iterative process of adaptive directional vectors is 
different from that of adaptive normal vectors. Firstly, 
the normal sharp point for the calculation of adaptive nor-
mal vectors is selected out of the whole point cloud, while
the directional sharp points for the calculation of adaptive
directional vectors are selected out of the normal sharp
points. Therefore, the search used in Eqs. (3) and (4)nkn
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Fig. 6. Adaptive normal vector iteration of case 1. (a iteration, (b iteration, (c iteration, (d iteration, ( iteration, and 
iteration (Note: Blue points denote non-sharp points, red points denote sharp points not assigned with adaptive vectors, and green points denote sharp
points assigned with adaptive vectors).

d d h th th) 1st ) 2n ) 3r ) 4t e) 5 (f) 6 

Fig. 7. Adaptive directional vectors of case 1. (a) Directional sharp points. Blue points denote directional non-sharp points and red points denote 
directional sharp points, (b) directional vectors (red lines) before adaptive assignment, and (c) directional vectors (green lines) after adaptive assignment.
needs to be performed using normal sharp points. Sec-
ondly, the eigenvecto corresponding to the largest
eigenvalue calculated by Eq. (1) is used to represent 
directional vectors. After the above modifications, the cal-
culation of adaptive directional vectors can be carried out
by performing the same process as steps (1)–(6).

1r e 
k1 

Figure 8 shows the process of adaptive iterative assign-
ment of directional vectors. The blue points denote direc-
tional non-sharp points, the red points denote directional 
sharp points not assigned with adaptive vectors, and the
green points denote points assigned with adaptive direc-
tional vectors. All directional sharp points in case 1 can
be assigned after 4 iterations. As shown in Fig. 7(c), the 
adaptive directional vectors can effectively reduce the disor-
dered directions (Fig. 7(b)) and better reflect the extension 
trend of the trace.

2.2 PCA-weighted iterative oriented contr action (PWI-OC)

After adaptive vector calculation, the trace skeleton 
points are extracted for trace generation. The Laplace thin-
ning (Guo et al., 2018) and Laplace contraction (Zhang 
et al., 2020) methods have been used to identify traces 
through point skeletons. However, these methods do not
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Fig. 8. Adaptive directional vector iteration of case 1. (a) eration, (b) teration, (c) eration, and (d) eration (Note: Blue points denote 
directional non-sharp points, red points denote directional sharp points that have not been assigned by adaptive directional vectors, and green points
denote directional sharp points that have been assigned by adaptive directional vectors).

1 2 3 4titst ind itrd ith 
restrict the direction of thinning or contraction, resulting in 
broken point skeletons, which affect the accuracy of trace 
generation. In addition, these methods require manual 
fine-tuning of the threshold to control curvature point gen-
eration for thinning and contraction. Therefore, a PWI-OC 
method is proposed to improve these restrictions. The con-
traction direction is controlled to generate coherent point
cloud skeletons, and the boundary points of automatic
optimal orientation grouping are extracted as curvature
points without manually fine-tuning the curvature
threshold.

2.2.1 Orientation grouping by improved K-means with fast q-
d decision graph

After the adaptive normal vectors are generated in Sec-
tion 2.1, a modified K-means based on a q-d decision graph
for fast optimization of initial clustering centers is used for
orientation grouping.

Firstly, in order to search for all possible initial cluster-
ing centers in the 3D normal vector space, the Fibonacci 
series is adopted to generate raster vectors which are evenly
distributed on the upper unit hemisphere. The specific pro-
cedures are as follows (González, 2010). 

N r ,Given the number of raster vectors 
the longitude and lati-

tude coordinates of each raster vector are defined as 

N r 2 N r 1,
N r N r 1 N r 1 N r ,

li

n 
li 

ln mod n / 360 / 

ln arcsin 2 n
N r

180 p
6

where and is modified as1 618,/ ln
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ln 360 ln if ln 180 
ln ln 360 if ln 180

7

liThen is transformed into Cartesian co ordinates
as

li

xi cos ln cos ln 

yi cos ln sin ln

zi sin ln

8

n b nrNext, calculate each y Eq. (6)–(8) and ormal vec-
tors can be obtained. Finally, the raster vectors can be 
obtained as the normal vectors in on the upper unit
hemisphere.

N

N r N r 

Figure 9 shows the stereographic projection of raster 
vectors corresponding to differen Although a large 
number of raster vectors can accurately reflect different ori-
entations in the 3D normal vector space, they also increase 
computational overhead. Considering that the Interna-
tional Society of Rock Mechanics (ISRM) uses 5° as the 
recommended error for manual orientation measurement, 
the raster vectors corresponding to are used as
default to balance the efficiency and accuracy. At this time,
the average adjacent angle is 2.49°, which is less than half
of the ISRM recommended error.

N r.

6000

t 

N r 

Next, a fast q-d decision graph of clustering by fast 
search and find of density Peaks (CFSFDP, Rodriguez & 
Laio, 2014) based on raster vectors is used to calculate 
the likelihood of all raster vectors to be used as initial clus-
tering centers. In order to calculate the density of each 
raster vector, the normal vectors in the neighbors within
a threshold angle of each raster vector need to be calcu-
lated. Given the normal vector set of all points

and the raster vector setn1 nN

qi 

T q 

N v 
Fig. 9. Stereographic projection of raster vectors with different a)
adjacent angle of 3.09°, and (c) with the average adjacent angle of
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within of s defined as 
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is the element number The value f can 
directly influence the density calculation. Considering that 
ISRM’s recommended orientation error of manual mea-
surem ent is 5°, is set as 5° by default.

T qN v i.qi oin 
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a higher density in which is
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where andRv qi.rj qj 
In order to avoid the initial clustering centers being too 

close, s modified as 0 if it is smaller than 5°.idi 
Next, calculate the likelihood score of raster vectors to 

be initial clustering centers based Given 
and the score 

then is defined as 
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, d d1 dN r

c1 cN r , Sc

andon 
q 
Sc ci 

ci 
qi di 
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11

Given the cluster number k, the raster vectors corre-
sponding to the top k largest values in are selected as
the initial clustering centers.

cS 

Figure 10 shows that all the initial clustering centers are 
located near the center region with dense distribution of 
normal vectors, which shows the effectiveness of the fast
q-d decision graph for the selection of initial clustering
centers.

After obtaining the initial clustering centers, K-means 
can be performed to generate orientation results of both
normal vectors and raster vectors.
with the average adjacent angle of 4.3°, (b) with the average 
2.49°.
00 N 4000r 
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Fig. 10. Ten initial clustering centers generated by the fast q-d decision graph. (a) q -d decision graph, and (b) stereographic projection of initial clustering
centers.
2.2.2 Fast silhouette calculation based on raster vec tor for
clustering evaluation

Since K-means cannot determine the optimal cluster 
number, the cluster number k is usually set from 2 to 8
(Singh et al., 2022). Then the optimal grouping result is 
selected by validating the grouping result of each k using 
clustering validity indexes. The commonly used clustering
validity indexes include the silhouette coefficient index
(Rousseeuw, 1987), Calinski-Harabasz index (Caliński & 
Harabasz, 1974), Davies Bouldin index (Davies & 
Bouldin, 1 979), and Xie Beni index (Xie & Beni, 1991), 
etc. The silhouette index is used in this section because it 
can reflect both the dissertation and the aggregation of 
clusters. However, the original silhouette requires calculat-
ing the distance of any two normal vectors of the point 
cloud, which has the time complexity of This sec-
tion converts the calculation of point cloud normal vectors
to the approximate calculation of raster vectors with the
density of which reduces the time complexity to

N 2 .

1 .

O 

q, O 
Specifically, given the cluster number k, the raster vector 

set the grouping result of raster vectors 
the group id of raster vectors 
and the density of raster vectors 

the silhouette value of the raster 
vector is defined as
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Finally, the silhouette value of the grouping resul t with
k is defined as

Sil k 
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i 1sil i qi 

N r
i 1qi

15

Silhouette values range from –1 to 1, and a large value 
indicates a good clustering quality. The silhouette value 

is calculated with k from 2 to 8, then the optimal
is selected corresponding to the largest silhouette value.
k
t

S il 
kop 

As shown in Fig. 11(a), the adaptive normal vectors 
have larger silhouette values corresponding to each cluster 
number k than the non-adaptive normal vectors, indicating 
that the adaptive normal vectors are effective in improving 
grouping quality. In addition, the optimal grouping num-
ber of the adaptive normal vectors is the same as the man-
ual grouping number of 3 (Fig. 11(a)), which effectively 
generates integrated discontinuities (such as region I). 
However, the optimal group ing number of non-adaptive
normal vectors is 6 (Fig. 11(a)), which not only generates 
irregular discontinuities in region I, but also generates triv-
ial discontinuities (e.g., regions II and III) that should not 
be recognized as a set. Both results show the significance of
adaptive normal vectors for orientation recognition.

2.2.3 Boundary point detection based on opti mal orientation

grouping result

Traditional methods often perform trace identification 
directly based on the curvature sharp points (Umili et al.,
2013; Li et al., 2016; Guo et al., 2018), which require man-
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Fig. 11. Grouping results by different types of normal vectors. (a) Comparison of silhouette values of adaptive normal vectors and non-adaptive normal 
vectors, (b) optimal grouping result of adaptive normal vectors with and (c) optimal grouping result of non-adaptive normal vectors withko 3, koptpt 6. 

 

ual fine-tuning of curvature thresholds and generate traces 
inconsistent with grouping results. This section extracts 
curvature points as bounda ry points of the optimal group-
ing results without manual fine-tuning.

PGiven the point cloud set the optimal 
grouping results the group id of each 
point and the boundary points of 
grouping results denotes the ele-
ment number in . For each set the nearest 
point index set of in a then 

should satisfy 
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where denotes the element number in set x ,and 
denotes the set of all elements not repeated in set x.

x
q x

Ct 
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Figure 12 shows the comparison of sharp points gener-
ated by different methods. It indicates that the traditional
curvature points (Fig. 12(a)) are less integrated than 
boundary points (Fig. 12(b)) generated from the orienta-
tion grouping of adaptive normal vectors, such as the 
regions I–V. In addition, the boundary points generated 
by non-adaptive normal vectors are more trivial than adap-
tive normal vectors, which is caused by the incorrect group-
ing number identification of 6 instead of 3 (Fig. 11(a)). 
Therefore, the boundary point generat ed from the orienta-
Fig. 12. Comparison of feature points generated by different methods. (a) C
optimal grouping result generated by non-adaptive normal vectors, a
by adaptive normal vectors.

( 3)kopt
dv 1 dv N

tion grouping of adaptive normal vectors is more detailed 
and robust than the curvature points of Li et al. (2016). 

2.2.4 Skeleton point generation based on PWI-O C of

boundary point

After obtaining the boundary points in Section 2.2. 3,  an
iterative oriented contraction based on PCA weighting is 
proposed to extract the point cloud skeleton of traces. Con-
sidering the eigenvector corresponding to the largest
eigenvalue denotes the longest extension direction of
the neighbor point set (Fig. 3), the proportion in 
the eigenvalues is used as the weight for boundary point 
contraction. The specific steps are as follows.

1

k1

e 
k1 

of 

(1) BpGiven the boundary point set cal-
culate the directional vectors of each point in
according to Eq. (1) as 

b1 bNb 

Bp 
D ,v 

(2) hFor eac given the eigenvalues are 
then the contraction weig w is 

defined as 

b 

bi Bp,
ki 2 ki 3, iki 1 ht

wi 
ki 1 
3 
j 1ki j

2

17
urvature points generated by Li et al. (2016), (b) boundary points of the 
nd (c) boundary points of the optimal grouping result generated(ko 6)pt 
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Let th nearest point ind o in as 
the contraction poin is 

defined as 

knn Bpbi 
bikb 1 kb knn , bi

e fex 
ofKb t 

bi 
j kb i 

wj bj 

j kb i
wj

18
poi Fig. 13. Oriented contraction process of boundary nt bpi.
(3) I 

on is defined as 

n order to make the contracted points evenly dis-
tributed along the trace extension direction, the dis-
placement direction o needs to be corrected. 
Specifically, in order to move perpendicular rather 
than parallel to the trace center axis, the parallel dis-
placement relative to the trace center axis needs to be
corrected. As shown in Fig. 13, given the direc-
tional vector of the projection of the displ acement

bi

i

bi bi

f 
bi 

dv 
bi, 
dv ibi 

Therefore, the final contraction positio is 
defined as

bibi

D bi 
bi dv i 

bi dv i
19

ofn 

bi bi D 20

(4) One-time contraction usually cannot make the 

boundary points sufficiently contracted, which can 
generate a less even distribut ion of skeleton points
with an unclear skeleton morphology (Fig. 14(c)). 
Therefore, the iterative contraction is required, which 
is achieved by performing steps (1)–(3) multiple 
times. In order to determine the contraction number,
the proportion of the largest eigenvalue is used to
define the contraction threshold ascT 

Figure 14 shows the effect of multiple iterations of the 
oriented contraction. It can be seen that as the iteration
number increases (Fig. 1 4(c)–(f)), the skeleton points 
extracted after contraction are more uniformly distributed 
along trace axis directions, and the point cloud skeleton 
morphology is more obvious. It also shows that the change
of contraction effects is not obvious w en
(Fig. 14(f)). Therefore, the default contraction threshold 

is set as 0.85 by default. Figure 14(c)–(e) shows that 3 
times of contraction can meet the requirements for case
1. Figure 14(b) shows the skeleton points after 3 times of
contraction.

T c 0 85

T c 

Nb 
i 1ki 1 

Nb 
i 1 

3
j 1ki j

21

h 

T c 
T c 

2.3 Trace segment generation based on sparse growing

After obtaining the point skeletons, they are next con-
nected to generate trace segments. Li et al. (2016) proposed 
a growth method for trace segment generation. Zhang et al.
(2020) connected the skeleton points to generate trace seg-
ments based on radial, axial, and angular thresholds. How-
ever, both methods require triangulation and cannot 
directly process the raw point cloud. Moreover, the orien-
tation grouping information is not considered in the trace 
generation process, resulting in a mismatch between the 
generated traces and the orientation grou ping result. In this
section, we propose a sparse growing method that directly
analyzes the raw point cloud and combines the orientation
grouping result for trace segment generation.

2.3.1 Initial generation of trace segment based on the 
neighb or connection of the skeleton point

tGiven the point cloud se the optimal orientation 
grouping resul the boundary point 
index set the contracted skeleton point 
set nearest point set 

of each point in and the corre-
sponding distance set the initial 
trace generation is as follows. 

P , 
Gr g1 gk ,

ib 1 ib N ,
knnCp c1 cNb

,
kc 1 kc Nb p,

dc 1 dc Nb
,

t 
Ib 

the 
b 

Kc C 
knn Dc 

(1) etGiven a trace segment s the index set 
of the used points in then the basic dis-

tance metric of the average distance between
two adjacent points is defined as

Sg ,

d

U I Ib, 
M 

Md 

Nb 
i 1 min d c i

Nb

22
(2) kiChoose the index of two adjacent orientation sets 
and for the generation of trace s located on the
intersection lines.

kj

(3) ki kjFind the intersection point index of set and as 
then find the skeleton point index set

for connection as

gki gkj ,I ij 
ijI 

I ij c a I ij b kc a c b dc bc Md 23
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Fig. 14. PCA-weighted iterative oriented contraction (PWI-OC) of boundary points. (a) Boundary points of orientation grouping results, (b) the point 
skeleton after 4 times of contraction, (c) one-time contraction, (d) two times contraction, (e) three times contraction, and (f) four times contraction.
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Fig. 15. Initial generation and linearization of trace segments. (a) Initial generation of trace segments, and (b) trace segment linearization.

Fig. 16. Trace segment linearization based on sparse growing.
where denotes the distance of point hen letc b 
U I I ij.

knndc b cth T. 
U I 

(4) 

and let 

Generate trace segments using the neighbor connec-
tion of and generate a new trace segment setI ij,Kc

Sg, Sg Sg Sg.
(5) Iterate over any two different grouping numbers by 

repeating steps (3) and (4). Finally, 
denotes the element number 

in denotes all the generated trace segments.

sg 1 sg Ng (Sg N g 

gS ) 

Figure 15(a) shows the initial generation results of trace 
segments. Each color represents an individual trace seg-
ment in Sg. 

2.3.2 Trace segment linearization based on sparse growing

The initial generation of trace segments without direc-
tion control can cause different trace segments to be incor-
rectly connected together (e.g., regions I to III in Fig. 15 
(a)). Li et al. (2016) used a growing method to generate 
trace segments with direction control. However, this 
method requires iterative judgements of all skeleton points 
during the growing process, which is inefficient when deal-
ing with large-scale point clouds. Therefore, this section
proposes a sparse growing method to generate trace seg-
ments from parts of the skeleton points. As shown in
Fig. 16, the specific procedures are as follows.

(1) Given the contracted skeleton point set 
the mean distance value calcu-

lated by Eq. (22), the initial trace segment set 
and the linearized trace segment 

set 

Cp c1 cNb , M d

Sg sg 1 sg Ng ,

S .gl 
(2) sg iGiven a trace segment contains the skeleton 

point indexes calculate the 
Sg 

knn Cpt ct 1 ct Nbt
,

ct 1 ct N

tp 1 tp 100

t Knearest point se the corre-
sponding distance 

ct kct 1 kct N bt ,
D d d .ct 

(3) dv nCalculate the directional vector of points i 
according to Eq. (1). 

bt 

t Cpt

(4) dvtCptDivide the uniformly along the direction into 
100 steps, generating the point index in each step
as

Cpt

S s stp 
(5) dvCpChoose the farthest point in along the direc-

tion as the selected seed point s (e.g., the red point
tt

lp 1
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lp 1

1

in Fig. 16) in the current step, then let the current 
trace segment point set as s s .gl 

(6) Cptslp iGiven the point index of in the current step i, 
then find the point in step i + 1 bylp i s

ct slp i 1 ct slp i min 
x kct slp i stp i 1 

ct x ct s lp i

ct slp i 1
ct slp i

Md

24

t sIf Eq. (24) is satisfied, then le and 
repeat step (6); if not, then et 

and repeat step (8). 

gl sgl s lp i 1

Sgl Sgl kct sgl ,
Cpt Sgl

l 
Cpt 

(7) 
Fig. 17. Trace segment connection based on oriented extension.

Fig. 18. Oriented extension results of trace connection. (a) Original tra
I 1 I N t

Cpt Cpt If then repeat steps (2)–(7); if then 
the linearization of the trace segment is stopped.

–£, £,(8) 
g i s

Perform steps (2)–(8) to linearize all trace segments
Figure 15(b) shows the linearizat ion result of

Fig. 15(a). It can be seen that the linea rization (e.g., regions
I–III in Fig. 15(b)) can subdivide the initial trace segments, 
and the misconnections of different trace segments (e.g.,
regions I–III in Fig. 15(a)) have been effectively impr oved.

Sg.sg i 

2.3.3 Trace segment connection based on oriented extension

Trace linearization can generate broken trace segments. 
Therefore, trace segment connection is performed to
improve the trace extensivity. Li et al. (2016) used the aver-
age edge length of triangular patches for connection evalu-
ation. However, it requires tedious triangulation for the 
raw point cloud. This section used an oriented extension
of traces directly based on the raw point cloud without tri-
angulation. As shown in Fig. 17, the specific procedures are 
as follows.

(1) Given the contracted skeleton point set 
the average adjacent distance

calculated by Eq. (22), the nearest point set 
the nearest distance set 
the trace segments after lin-

earization the directional vector set of trace seg-
ments denotes the trace 
segment number), and the trace index set 

of each point in 

Cp c1 cNb , Md 
knn 

knnKc kc 1 kc Nb
,

Dc dc 1 dc Nb
,

Sgl,
(N tDvt dvt 1 dvt N t

C .S s s pI 
(2) ei dvtGiven the endpoint and the directional vector 

of the trace segment.
i

ith
(3) r ndSearch fo a to find the point set 

denotes the element num-

ber in with the distance smaller than (Li 
et al., 201 6). 

Kc Dc 
F p f p 1 f p N fp 

(N fp 

F p) 15Md
ce segments, and (b) 10-point trace segments with noise reduction.

move_f0085


232 K. Zhang et al. / Underground Space 25 (2025) 218–238

opt

Fig. 19. Image acquisition and 3D reconstruction of case 2. (a)–(g) Image sequence of the excavation face, and (h) 3D reconstructed points in ROI.

Fig. 20. Trace extraction process of case 2. (a) Raw point cloud, (b) optimal orientation grouping result of (c) boundary points of the grouping
results, (d) skeleton points after PWI-OC, (e) initial generation of trace segments, and (f) trace segment linearization.

k 4,
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F p n SAccording to find the trace segments i that 
connect with e and let the trace segment set as 

denotes the element num-

ber in .

, I

i,
F I f I 1 f I N fI

(N fI

F )

(4) 

I 
(5) I F I F If then turn to step (7); if then turn 

to step (6).
£, –£,

(6) vt iAgCalculate the angle between 
and each directional vector of trace s in Given

(as shown in Fig. 17), if (Li 
et al., 2016), then connect the trace segment with 
the trace segment and repeat step (2); if 

then turn to step (7). 

dag 1 ag N fI 

F I. dvt j

aw min Ag aw 30
ith

f I w F I

a 30 ,w 
(7) ithStop the connection for the trace segment.
(8) Perform the connection for all trace segments by

repeating steps (2)–(7).

Figure 18(a) shows the oriented extension results of the 
trace connection. In order to smoothly display the main
Fig. 21. Comparison of trace results by different methods. (a), (b) Trace ov
respectively, and (c), (d) comparison of the matching between traces and o
respectively. The grey points in (c) and (d) denote the boundary points of the
morphological features of traces, each trace is sampled 
using 10 points with equal spacing. The 10-point trace 
result (with the denoising of removing trace segments
shorter than is shown in Fig. 18(b).Md) 50 

3 Case study

In order to validate the proposed method, another exca-
vation face case from a mining tunnel is analyzed for com-
parison with the traditional method of Zhang et al. (2020). 
This case (case 2) was collected by using an iPhone 11
mobile phone to take 7 images (Fig. 19(a)–(g)) with the res-
olution of 4032 × 3024 at different positions in front of the 
excavation face. A total of 1 001 305 3D poin ts were recon-
structed using the Meshroom software. The ROI contained
271 313 points after manual cropping.

Figure 19 shows the identification process of the pro-
posed method for case 2. It can be seen that the optimal
erlapping comparison of the proposed method and Zhang et al. (2020), 
rientation grouping of the proposed method and Zhang et al. (2020), 
optimal grouping results.
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Fig. 22. Comparison of adaptive and non-adaptive vectors on the stereographic projection plane. (a) Non-adaptive normal vectors of case 2, (b) adaptive 
normal vectors of case 2, (c) non-adaptive directional vectors of case 2, and (d) adaptive directional vectors of case 2.

Fig. 23. Silhouette comparison for the orientation grouping of adaptive 
and non-adaptive normal vectors of case 2.

Fig. 24. Optimal grouping results of case 2 using different normal vectors. (a) N
with 4.kopt 
orientation grouping number is calculated as 4 (Fig. 20(b)). 
The PWI-OC procedure generates thin and continuous
point skeletons (Fig. 2 0(d)) from the bounda ry points
(Fig. 20(c)) of orientation grouping. As shown in Fig. 20 
(e), the initial trace generation contains false connections 
of different traces (e.g., regions of I to III). The lineariza-
tion effectively divides them into linearized segments (e.g.,
the regions of I to III in Fig. 20(f)). Figure 2 1(a) shows 
the generated 10-point trace segments after trace connec-
tion of the proposed method. Compared with traces
(Fig. 21(b)) recognized by Zhang et al. (2020), it can be 
seen that the heavy overlapping of different traces (e.g.,
regions of I to V in Fig. 21(b)) can be effectively reduced 
to the accurate traces (e.g., regions I to V in Fig. 2 1(a)) with 
no obvious overlapping. In addition, Fig. 21(c) and (d) 
shows the comparison of the matching between traces
and orientation grouping. The method of Zhang et al.
(2020) shows an obvious trace lacking in the orientation 
grouping boundaries (e.g., regions of I to III in Fig. 21 
(d)). Comparatively, traces of the proposed method are
on-adaptive normal vectors with and (b) adaptive normal vectorskop 3,t 

move_f0100
move_f0105


K. Zhang et al. / Underground Space 25 (2025) 218–238 235

Fig. 25. Comparison of the point cloud contraction by different methods. (a)–(c) Laplacian smoothing by Guo et al. (2018) with the iteration times of 1, 3, 
and 5, and (d)–(f) the proposed PWI-OC method with the iteration times of 1, 3, and 5.
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Table 1 
Comparison of axial and radial displacements of different methods.

Methods Metrics Contraction numbers 

Laplacian smoothing method 
(Guo et al., 2018) 

AD 0.0113 0.0169 0.0231 0.0284 0.0480 
RD 0.0226 0.0253 0.0273 0.0288 0.0526 
RD/AD 2.00 1.49 1.18 1.01 1.09 

The proposed method AD 0.0019 0.0028 0.0034 0.0040 0.0044 
RD 0.0226 0.0254 0.0272 0.0287 0.0299 
RD/AD 11.89 9.07 8.00 7.17 6.79 
located exactly on the boundary points (e.g., regions of I to
III in Fig. 21(c)), which shows a better matching between 
traces and orientation grouping than Zhang et al. (2020).

4 Dis cussions

4.1 Comparison between adaptive and non-ad aptive vectors

The difference between adaptive and non-adaptive vec-
tors can be visualized by their distributions on the stereo-
graphic projection plane (SPP). For case 2, it can be seen
that the adaptive normal vectors on SPP show good stabil-
ity of dense regions (e.g., region I in Fig. 22(a)) and show 
effective noise reduction on sparse regions (e.g., region II
in Fig. 22 (a)) compared with the non-adaptive normal vec-
tors (Fig. 22(b)). The adaptive directional vectors also 
show similar dense region (e.g., region I in Fig. 22(c)) sta-
bility and noise reduction (e.g., region II in Fig. 22(c)) com-
pared with non-adaptive directional vectors (e.g., Fig. 22 
(d)). The noise reduction is caused by the neighbor assign-
ment of normal and directional vectors of sharp points. 
The mean neighbor angle (MNA) of nearest neighbor 
vectors is used to evaluate both the concentration of vec-
tors. The MNA of normal vectors is reduced from 0.29° 
to 0.22°, and the MNA of directional vectors is reduced
from 0.67° to 0.49°, which indicates an obvious reduction
of noisy vectors. A high concentration of normal vectors
can contribute to a good quality of orientation grouping.
As shown in Fig. 23, except for the silhouette values 
of adaptive normal vectors of all cluster numbers are larger 
than non-adaptive normal vectors, indicating the contribu-
tion of adaptive vectors for orientation grouping. In addi-
tion, the optimal grouping number of adaptive normal
vectors is 4 (Fig. 23), which can effectively segment the dif-
ferent discontinuities in regions I and II in Fig. 24(b). How-
ever, the optimal grouping number of non-ada ptive normal
vectors is 3 (Fig. 23), which falsely segments the different 
discontinuities (in regions I and II in Fig. 24(a)) into the 
same orientation gro up.

n

k 6,

kn 

In conclusion, the adaptive vectors show better dense 
region stability and noise reduction in sparse regions than 
non-ad aptive vectors, which effectively contributes to the
accuracy improvement in orientation grouping.
4.2 Verification for the PWI-OC method

In order to validate the effectiveness of PWI-OC, the
method of Guo et al. (2018) with Laplacian smoothing 
for point thinning is used for comparison. Figure 25(a)– 
(c) shows the contraction effects with 1, 3, and 5 iterations, 
respectively. It can be seen that the distribution of skeleton 
points along the axial direction of traces becomes sparser
as the iteration number increases. This is mainly because
Guo et al. (2018) do not restrict the contraction direction, 
making the contraction displacement contain both the 
radial displacement (RD) perpendicular to the trace and 
the axial displacement (AD) parallel to the trace. Although 
RD can thin the point cloud skeleton as the iterati on num-
ber increases, AD can lead to an inhomogeneous distribu-
tion of the skeleton points along the axial direction of
traces, which reduces the shape conformality of point
skeletons. Also, as shown in Table 1, after 5 times of con-
traction, RD/AD of the proposed method is 6.79, which is 
obviously larger than the Laplacian smoothing method 
with RD/AD = 1.09. The unevenly distributed point skele-
ton is not conducive to generating complete traces. In con-
trast, the proposed method carries out a modified
displacement which eliminates AD during the point cloud
contraction (Fig. 13). As shown in Fig. 25(d)–(f), the con-
traction iterations only refine the point cloud skeleton and 
effectively keep the homogeneous distribution of points 
along the axial direct ion of skeletons. Therefore, the pro-
posed PWI-OC has better iterative conformality than
Guo et al. (2018), contributing to generating more coherent 
and robust trace segments.
5 Conc lusions

This paper proposes an adaptive oriented contraction 
method for automatic trace recognition of rock tunnel 
excavation faces based on 3D point cloud, named AOC.
The main contributions include:

(1) an adaptive vector method based on neighbor assign-
ment to improve the accuracy of normal and direc-
tional vectors at sharp points.
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a PCA-weighted iterative oriented contraction (PWI-
OC) method to improve the quality of point cloud
skeleton extraction.

(2) 

(3) a sparse growing method including initial generation, 
linearization, and orient ed extension for trace seg-
ment extraction.

Three rock tunnel excavation face cases from a mining 
tunnel and two railway tunnels are used to analyze and 
compare the proposed method with traditional methods. 
Case 1 is analyzed to illustrate the significance of each step 
of the proposed method. Case 2 is adopted to validate the 
proposed method in the robustness to overlapping traces 
and the consistency with orientation grouping results. 
The significance of adaptive normal vectors is validated 
for improving the quality of discontinuity orientation
grouping. The proposed PWI-OC method is verified to
generate accurate point skeletons with good iterative con-
formality. The results show that the proposed method
can be effectively applied to the discontinuity trace identifi-
cation in rock engineering with better accuracy than tradi-
tional methods.

Future work can focus on the improvement of computa-
tional efficiency and the robustne ss to inaccurate orienta-
tion grouping results.
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