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Abstract: Surface damage such as dents and deformations on ship hulls directly affects structural safety, making accurate measurement
essential. Conventional contact-based measurement methods are difficult to apply to large structures and are time-consuming. This
study proposes a real-time surface damage measurement system using structured LIDAR point cloud data. The proposed system con-
sists of a four-stage pipeline: preprocessing, curvature extraction, plane estimation, and damage measurement. In the preprocessing
stage, sensor noise is suppressed through hole filling, Gaussian smoothing, and EMA filtering. In the curvature extraction stage, damage
candidate regions are detected through PCA-based surface variation analysis. In the plane estimation stage, the reference plane is
estimated using reference normal-based filtering and RANSAC, and in the damage measurement stage, robust damage quantification
is performed using a percentile-based approach. Experimental results demonstrate that the proposed system achieves a measurement
accuracy of 0.64 mm RMS error and a repeatability within 0.7 mm, with an average processing time of 68.7 ms enabling near real-
time measurement.

Keywords: 3D LiDAR, Point cloud processing, Surface damage measurement, Curvature extraction, Plane estimation, Non-contact

inspection

1. Introduction used to determine the need for follow-up actions, and quantitative

The outer shells of large structures such as ships, aircraft, and stor- measurement provides essential information for evaluating the sever-

age tanks are exposed to surface damage in the form of protrusions ity of damage and determining the scope of repairs [4]. In this regard,

or dents due to physical impacts or contact during operation. In the image processing techniques have been highlighted as an effective

case of ships, contact with piers during berthing, collisions with float- means of enabling precise and objective quantitative assessment of

ing objects during navigation, and careless operation of cargo han- surface deterioration such as corrosion [5]. Therefore, both objec-

dling equipment are the main causes [1], and the resulting structural tives of detection and quantitative measurement must be simultane-

deformation has been studied in terms of dynamic crushing behavior ously satisfied for effective maintenance decision-making.

under impact loads such as ship-to-ship collisions and ship-to-bridge Existing damage inspection methods each have their own lim-

impacts [2]. Aircraft also experience localized deformation due to itations. Visual inspection is performed as the first step before

similar external impacts [3]. Large storage tanks are likewise suscep-
tible to surface dents and protrusions resulting from mechanical con-
tact during filling, maintenance, and logistical operations. Such sur-
face damage can cause long-term corrosion and reduce structural
strength by accompanying coating damage, so it must be properly
managed through regular inspections.

Damage inspection of structures has two objectives: detection to
identify the presence of damage, and quantitative measurement to

calculate the depth and volume of damage numerically. Detection is

other non-destructive testing techniques and has the advantages
of being cost-effective and easy to apply [6]. However, inspec-
tion results are subjective as they depend heavily on the inspec-
tor's experience and proficiency, and quantitative measurement
of damage depth or volume is inherently impossible [7]. Manual
measurement tools such as pit gauges or ultrasonic thickness
gauges enable high-precision quantitative measurement, but the
point-by-point measurement method requires considerable time

to inspect the entire large structure. Terrestrial Laser Scanning
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(TLS) technology can acquire high-density 3D point cloud data
to provide shape information over a wide area [8]. However,
there are practical constraints such as high equipment and oper-
ating costs, and the point cloud registration and post-processing
process takes several days, making it difficult to immediately
confirm results on-site [9].

Meanwhile, numerous studies on damage detection using
point cloud data have been conducted. Olsen et al. [8] presented
a damage assessment method that analyzes volumetric changes
in structures using TLS point clouds. Mohammadi et al. [10] pro-
posed a method of calculating surface variation through PCA-
based eigenvalue analysis and using it as a damage detection in-
dicator. Jovancevic et al. [3] segmented defect areas using region
growing techniques with normal vectors and curvature infor-
mation for aircraft outer panels, and calculated defect depth
through PCA. Erkal and Hajjar [4] conducted research to detect
and quantify various types of damage such as cracks, delamina-
tion, and corrosion by analyzing differences between predicted
surface characteristics and actual measurements. Domestically,
Song et al. [1] proposed a hull deformation detection method
based on point cloud features, and Kim et al. [11] presented a hull
deformation analysis method combining depth estimation and
RANSAC plane estimation. However, most of these existing
studies rely on KD-tree-based neighbor search targeting unstruc-
tured point clouds and presuppose offline post-processing envi-
ronments, lacking consideration for immediate on-site applica-
bility. Also, focusing on detection, systematic methodologies for
quantitative damage measurement are relatively insufficient.

This paper proposes a methodology for detecting and quanti-
tatively measuring surface damage of large planar structures on-
site using low-cost 3D LiDAR sensors. The key of the proposed
method is to utilize the fixed grid characteristics of structured Li-
DAR sensor data. With recent advances in autonomous driving
and robotics, low-cost LIDAR sensors with measurement ranges
of 100 m class have been commercialized, and these sensors out-
put structured point clouds arranged at constant horizontal and
vertical angular intervals. Such sensors generally provide fixed
grid point clouds consisting of tens of vertical channels and hun-
dreds of horizontal scan points. This structured grid has the ad-
vantage of enabling efficient neighbor search without building
spatial search data structures like KD-trees, since each point's
neighbor relationship is determined by index operations alone.

The proposed processing pipeline consists of four stages. First,

in the preprocessing stage, hole filling, Gaussian smoothing, and
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exponential moving average (EMA) filtering are applied utilizing
the characteristics of the structured grid to suppress sensor noise
and stabilize data. Second, in the curvature extraction stage, PCA
analysis is performed on the covariance matrix around each point
to calculate surface variation-based curvature information and
normal vectors. At this time, radius-based neighbor search is im-
plemented as grid index operations to ensure computational effi-
ciency. Third, in the plane estimation stage, the main plane is es-
timated through consistency with the reference normal direction
and distance-based dominant layer selection within the region of
interest (ROI) specified by the user. This stage enables stable ref-
erence plane setting even in environments where damage areas
are mixed. Fourth, in the damage measurement stage, the signed
distance from the estimated plane to each point is calculated to
quantify the depth of damage and visualize the spatial distribu-
tion.

The main contribution of this study is to realize efficient neigh-
bor search and noise suppression without KD-trees by utilizing
the fixed array characteristics of structured grid LiDAR, and to
enable quantitative damage measurement through ROI-based
plane estimation. Through this, damage measurement results at
interactive-rate speed can be provided on-site with only low-cost
LiDAR without expensive TLS equipment or long post-pro-
cessing, which is expected to improve the accessibility and effi-
ciency of large structure inspection.

The organization of this paper is as follows. Section 2 de-
scribes the detailed methodology of the proposed four-stage pro-
cessing pipeline. Section 3 presents the experimental environ-
ment and measurement results, and Section 4 discusses conclu-

sions and future research directions.

2. Proposed Damage Measurement Algorithm

2.1 System Overview

The proposed surface damage measurement system consists of
a preprocessing stage, curvature extraction stage, plane estima-
tion stage, and damage measurement stage. In the preprocessing
stage, input point cloud data is stabilized utilizing the character-
istics of the structured grid. First, gaps due to invalid measure-
ments are filled with hole filling, and spatiotemporal smoothing
is applied to suppress sensor noise. Spatiotemporal smoothing
consists of a combination of a small Gaussian filter (3x3 kernel)
for spatial noise suppression and an exponential moving average
(EMA) filter for temporal stability.

In the curvature extraction stage, Gaussian smoothing is first
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Figure 1: Overall procedure of the proposed method

applied for stable curvature and normal vector calculation, then
PCA analysis is performed on the covariance matrix around each
point to calculate surface variation-based curvature information
and normal vectors. At this time, computational efficiency is se-
cured by implementing radius-based neighbor search as grid in-
dex operations utilizing the fixed array characteristics of the
structured grid.

In the plane estimation stage, the main plane is estimated
within the ROI specified by the user. First, plane candidate point
clouds are filtered by evaluating the consistency between the ref-
erence normal direction and each point's normal vector, and sta-
ble reference plane candidates are set even in environments
where damage areas are mixed through dominant layer selection
via distance histogram analysis. Then, the RANSAC algorithm is
applied to the selected layer to estimate the final plane model.

In the damage measurement stage, the depth of damage is
quantified by calculating the signed distance from the estimated
main plane to each point. At this time, the point cloud from the
preprocessing stage is used for distance calculation instead of the
smoothed point cloud from the curvature extraction stage, to pre-

vent the depth of damaged areas from being measured smaller

than actual due to excessive smoothing. Positive distance indi-
cates protrusion, negative distance indicates dent, allowing sim-
ultaneous identification of damage direction and magnitude. Fi-
nally, distance information is generated as a depth map within the
ROI specified by the user so that the shape and extent of damaged

areas can be intuitively confirmed.

2.2 Preprocessing

The purpose of the preprocessing stage is to suppress measure-
ment noise and restore sporadic invalid measurement points
while preserving structural features such as edges and damage
boundaries. Since the LIDAR sensor used in this study performs
measurements with a fixed angular interval scan pattern, each
point is directly represented by row index r and column index ¢
on a 2D grid of size 56x576. This structured representation ena-
bles neighbor search and filtering through simple index opera-
tions.

The first step of preprocessing is hole filling. LIDAR measure-
ments intermittently produce invalid measurement points due to
surface reflectance variations or occlusion, and if not handled,
these can propagate as artifacts in subsequent smoothing pro-
cesses. To prevent this, missing values are interpolated using the
median of valid neighbors within a 3x3 window. However, to
prevent erroneous interpolation in depth discontinuity regions,
interpolation is performed only when the condition in Equation

(1) is satisfied.

1 —\2
0 = |[— di—d) <t (@)
¢ |M|ZjENi( ;= d) a4

In Equation (1), JV; is the set of valid neighbors of the invalid
point p;, d; = ||p]|| is the depth (norm) of each neighbor point,

d is the mean of neighbor depths, g is the standard deviation of
neighbor depths, and 7, is the threshold. This ensures that holes
near occlusion boundaries or surface discontinuities are not in-
terpolated, thereby preserving edge features.

After hole filling, spatial Gaussian smoothing is applied for
high-frequency noise reduction. To handle invalid (NaN) entries
on the grid, a NaN-aware approach is used that computes
weighted averages only over valid points, defined as Equation

(2) for each coordinate channel X € {x,y,z}.

_GrXOM

Y 2
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In Equation (2), G is the 2D Gaussian kernel, * denotes con-
volution, © denotes element-wise multiplication, and M is the
valid entry mask. This approach normalizes by the sum of
weights from valid neighbors, adaptively adjusting filter support
in boundary regions. The filter is implemented as a separable op-
eration, allowing different smoothing strengths to be applied
along each axis.

Finally, for improved measurement stability during real-time
streaming data processing, the exponential moving average
(EMA) filter in Equation (3) is applied.

ema

pi™* = (1 — o)pflf + ap, (3)

In Equation (3), the smoothing coefficient @ € (0, 1] is set
by the user, where smaller values provide stronger smoothing ef-
fects but increase response delay. Points transitioning from inva-
lid to valid are directly initialized with the current measurement
value.

The preprocessed point cloud from the above process is used
as input for curvature extraction (Stage 2) and damage measure-
ment (Stage 4). The additional smoothing performed for curva-
ture calculation in Stage 2 is applied separately and is not used

for distance calculation (see Section 2.5).

2.3 Curvature Extraction

The purpose of the curvature extraction stage is to compute the
local surface curvature and normal vector at each point in the
point cloud. Curvature information is utilized to visually identify
candidate damage regions, and normal vectors are used as criteria
for selecting the measurement target surface in the subsequent
plane estimation stage.

For stability in curvature calculation, additional Gaussian
smoothing is applied to the preprocessed point cloud. This
smoothing uses a wider kernel than the preprocessing stage
smoothing to stabilize local surface characteristics and is applied
exclusively for curvature calculation.

At each point p, neighbor points within radius r are searched,
with the maximum number of neighbors limited to k,,, for
computational efficiency. For the k searched neighbor points
{p1, P2, -, Pr}, the covariance matrix is constructed as in Equa-

tion (4).

1k
C=%2. @~ D~ @)
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In Equation (4), p is the centroid of the neighbor points. The
covariance matrix € is a 3 X 3 symmetric matrix, and three ei-
genvalues 1y < A; < A4, are obtained through eigenvalue de-
composition. Each eigenvalue represents the variance of point
distribution along the corresponding eigenvector direction, and
the eigenvector corresponding to the smallest eigenvalue 4, be-
comes the normal direction of the local surface.

Surface variation proposed by Pauly et al. [12] is used as the

curvature metric, defined as Equation (5).

Ao

KA PR J

)

Surface variation has values between 0 and 1, approaching 0
in regions close to planar and increasing in regions with high cur-
vature. While this metric does not provide the exact value of prin-
cipal curvature, it is effective for comparing relative curvature
magnitudes and has the advantage of simple computation.

Normal vectors are obtained directly from eigenvectors, but
eigenvectors have undefined sign direction, making n and —n
equivalent. For consistent normal direction, the sign is adjusted
to point toward the sensor origin. That is, if the dot product of the
normal vector n and the direction vector toward the sensor origin

is negative, the normal is inverted.

2.4 Plane Estimation

The purpose of the plane estimation stage is to determine the
reference plane that serves as the basis for damage measurement.
Since the surface of large structures can be locally approximated
as a plane, a plane is estimated from the normal surface surround-
ing the damaged area and used as the reference for measuring
damage depth.

General RANSAC-based plane estimation has difficulty stably
extracting the desired surface when noise is severe or multiple
planes coexist in the scene. To address this, in this study, pre-
filtering using reference normal vectors and histogram-based

layer selection are applied before RANSAC.

2.4.1 Candidate Point Selection

First, the user refers to the curvature visualization results and
specifies a flat region without damage on the measurement target
surface as the ROIL. The average of normal vectors of points
within the specified ROl is defined as the reference normal vector

n,., calculated as Equation (6).
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1
Npep = wzpiekni (6)

In Equation (6), R is the set of valid points within the ROI,
and n; is the normal vector of each point. The calculated n,..f is
normalized to a unit vector.

Next, from the entire point cloud, only points with normal di-
rections similar to n, are selected as candidates. Points whose
normal vector n and n,..r dot product satisfies the condition in

Equation (7) form the candidate set P..
- Nyer = Tgot @)

In Equation (7), T4, is the dot product threshold, where
larger values select only points with directions matching n,..
This process removes surfaces with different orientations from

the measurement target (e.g., adjacent structures, floor surfaces).

2.4.2 Histogram-Based Layer Selection and Plane Fitting

The candidate point set P, may still contain multiple parallel
surfaces. To separate these, points are projected along the n,.f
direction to construct a 1D histogram. The projection value s of

each point p is given by Equation (8).
S =P Ny (3)

A histogram is constructed with bins of fixed interval 4s for
the projection values s, and the bin containing the most points is
selected. Points belonging to that bin form the dominant layer P; .

From the dominant layer ;, a plane is estimated using the
RANSAC (Random Sample Consensus) algorithm. The plane is
represented by the unit normal vector (a, b, )T and the distance

from the origin d as in Equation (9).
ax + by + cz+d =0 ©)

In each RANSAC iteration, three points are randomly selected
from P, to define a plane. For the remaining points, the signed

distance d(p) to the plane is calculated using Equation (10).

ax + by + cz +d

d =
® =

(10)

Points satisfying |d(p)| < ¢ are determined as inliers, where
¢ is the distance threshold. This process is repeated Nj,, times,

and the plane with the most inliers is selected as the final model.

The normal direction of the estimated plane is adjusted so that its
dot product with n,..f is positive, maintaining consistent direc-

tionality.

2.5 Damage Measurement

In the damage measurement stage, the damage depth of each
point is calculated using the preprocessed point cloud from Stage
1 and the reference plane estimated in Stage 3. Since the point
cloud data with suppressed noise and temporal stabilization
through preprocessing is used as input for distance calculation,
more reliable damage measurement is possible.

The signed distance from each point p = (x,v,2)7 to the ref-
erence plane is calculated using Equation (10). Since the plane's
normal vector has been adjusted to point toward the sensor
origin, d(p) > 0 indicates that the point is closer to the sensor
than the plane (protrusion), while d(p) < O indicates it is far-
ther from the sensor (dent).

The calculated signed distance values are reconstructed into a
2D array according to the LiIDAR grid structure to form the dis-
tance map D(r, ¢). Here, (r, c¢) are the row and column indices
on the grid. Applying a colormap to the distance map for visual-
ization allows intuitive identification of the location and extent
of damaged areas.

For quantitative measurement of specific damage areas, the
user specifies a region of interest (ROI) on the distance map.
Within the specified ROI, the upper percentile dp;qp, and lower
percentile d;,,, of distance values are extracted, and damage type

and amount are determined according to Equation (11).

(1

d _ {dhighn if |[dnign| = |diowl
damage —

diow, Otherwise

In this study, the 90th percentile was used for dy; 4, and the
10th percentile for d,,,,. The method of directly using maximum
and minimum values can be sensitive to sensor noise or outliers,
increasing measurement error. The percentile-based method mit-
igates such peak errors, enabling more stable damage estimation.

If the sign of dgqmage is positive, it is determined as protru-
sion, if negative, as dent, and the absolute value |ddamage| rep-

resents the damage depth of that area.

3. Experiment Results

3.1 Experimental Setup
In this study, the ML-X 120D model LiDAR sensor from
SOSLAB was used. This sensor outputs a structured point cloud
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Figure 2: Experimental setup. (a) GUI program for damage measurement, (b) test environment, (c) specimens of varying thickness

Table 1: Algorithm parameters

Parameter Value Description

td 0.5 Hole filling depth threshold [m]
o 0.7 EMA smoothing coefficient
T_dot 0.9 Normal dot product threshold
As 0.002 Histogram bin size [m]

with a resolution of 56x576 and has a response frequency of 20
Hz. The horizontal field of view (FOV) is 120 degrees and the
vertical FOV is 35 degrees. Figure 2(b) shows the experimental
setup using the target LIDAR sensor, and Figure 2(a) shows the
3D point cloud output pattern acquired from the sensor through
the 3D output screen within the GUI interface.

A white board was used as the reference plane, and test speci-
mens were fabricated using a 3D printer. Figure 2(c) shows the
test specimens used in the experiment, which are cylindrical
shapes with a diameter of 140 mm, with RS fillets applied to the
top surfaces. This study fabricated specimens of various heights
(10 mm to 40 mm, 5 mm intervals) to evaluate measurement ac-
curacy. The LiDAR sensor was placed at a distance of approxi-
mately 1.5 m from the specimen and aligned so that the optical
axis was perpendicular to the reference plane. For each specimen,
100 consecutive frames of data were acquired to evaluate meas-
urement repeatability and statistical significance.

The main algorithm parameters used in the experiment are
shown in Table 1. Additionally, the RANSAC iteration count was
set to 1000 and the distance threshold to 0.005 m.

3.2 Evaluation Method

Figure 2(a) shows the interface of the developed measurement

Journal of Advanced Marine Engineering and Technology, Vol. 50, No. 1, 2026. 2

system. The left side displays the 3D point cloud view, the upper
right shows the curvature map, and the lower right shows the dis-
tance map in real-time. Users can specify an ROI on the distance
map to measure the damage amount in that area.

The conventional maximum/minimum-based measurement
method has a problem of being sensitive to peak errors caused by
sensor noise or outliers. To solve this, this study adopted a per-
centile-based measurement method, applying the 90% percentile
to dp;grand the 10% percentile to d,,,, through experiments.

For measurement accuracy evaluation, Mean Error (average
difference between measured and actual values), Standard Devi-
ation (standard deviation of repeated measurements), and RMS

Error (overall accuracy) were used.

3.3 Experimental Results
Figure 3 shows the distribution of measured values for each
specimen at the p=0.9 setting as a boxplot. These are the results
of 100 repeated measurements for each specimen, confirming
generally stable measurement distributions under all conditions.
Table 2 summarizes the detailed measurement results for each

specimen. The overall RMS error was measured as 0.64 mm. The

Table 2: Damage measurement accuracy results [unit: mm]

Specimen | G.T. Mean Std Error
10T 10.0 11.27 0.21 +1.27
15T 15.0 15.14 0.69 +0.14
20T 20.0 19.79 0.31 -0.21
25T 25.0 24.63 0.30 -0.37
30T 30.0 30.46 0.12 +0.46
35T 35.0 35.03 0.23 +0.03
40T 40.0 40.19 0.26 +0.19
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Figure 3: Boxplot of measured values by specimen condition

Table 3: Processing time by stage

Stage Time (ms)
Preprocessing 84+47
Curvature extraction 48.1+4.5
Plane estimation 0.2+0.6
Distance calculation 02+04
Total 68.7+9.3

10T specimen showed a relatively large error with a mean error
of 1.27 mm. This is considered to be because as the damage depth
decreases, the relative influence of sensor noise increases, show-
ing a tendency for overestimation in percentile-based measure-
ment. For specimens 15T and above (N=600), an RMS error of
0.45 mm confirmed stable measurement performance at sub-mil-
limeter level.

Table 3 summarizes the processing time for each stage. Measure-
ments were performed on 100 frames in an environment with an Intel
Core i7-13700KF and 16 GB RAM.

The total processing time averaged 68.7 ms, corresponding to
a processing rate of approximately 14.5 Hz. This is a level close
to the LiDAR sensor's response frequency of 20 Hz, confirming
that near real-time measurement is possible. Since the curvature
extraction stage accounts for approximately 70% of the total,
complete real-time processing is expected to be achievable

through additional optimization of this part.

3.4 Discussion

Through this experiment, the performance of the proposed Li-
DAR-based damage measurement system was verified. The in-
troduction of the percentile-based measurement method im-
proved robustness against peak noise, and measured values
showed excellent linearity with respect to specimen height. The
100 repeated measurements for each specimen showed standard

deviations within 0.7 mm, confirming high repeatability.

The current average processing time of 68.7 ms corresponds
to a processing rate of approximately 14.5 Hz, achieving near
real-time performance close to the LiDAR sensor's response fre-
quency of 20 Hz. Complete real-time processing is expected to
be achievable through additional optimization of the curvature
extraction stage. This experiment was conducted in a controlled
laboratory environment, and additional verification is needed for

application in actual ship inspection sites.

4. Conclusion

This study proposed a real-time surface damage measurement
system using structured LiDAR point cloud data. The proposed
system consists of a four-stage pipeline of preprocessing, curva-
ture extraction, plane estimation, and damage measurement, en-
abling non-contact quantitative measurement of localized dam-
age such as dents, deformations, and protrusions on large struc-
tures like ship hulls.

In the preprocessing stage, hole filling, Gaussian smoothing,
and EMA filter were applied to suppress sensor noise and ensure
temporal stability. In the curvature extraction stage, surface vari-
ation was calculated through PCA-based covariance analysis to
detect damage candidate regions. In the plane estimation stage,
plane candidate points were selected through reference normal-
based filtering and histogram analysis, and robust plane parame-
ters were estimated using RANSAC. In the damage measurement
stage, a percentile-based method was applied to perform damage
estimation robust against peak noise.

Experimental results showed that the proposed system
achieved a measurement accuracy of 0.64 mm RMS error and
repeatability within 0.7 mm. Measured values showed excellent
linearity with respect to specimen height, and the total processing
time averaged 68.7 ms, achieving a processing rate of approxi-
mately 14.5 Hz.

Future research will focus on implementing real-time pro-
cessing through additional optimization of the curvature extrac-
tion algorithm, and verification for application in actual ship in-

spection sites.
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