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Abstract

Automatic pothole detection is important for improving road maintenance and transportation safety. While image-based pothole
detection often struggles under poor lighting and weather conditions, point cloud data provides a robust alternative by capturing
detailed surface geometry. Machine learning has demonstrated strong performance in point cloud classification. While traditional
machine learning is simpler and relies on handcrafted features, deep learning models are more powerful, as they learn complex,
high-dimensional patterns directly from the input data. While most existing work relies on deep learning models, which are time-
consuming to train and require extensive labelled datasets, potholes can be well described by geometric features, making pothole
detection well-suited for feature engineering. This paper compares traditional machine learning and deep learning approaches for
pothole classification using point cloud data, to evaluate whether the added complexity and data demands of deep learning models
are justified, or if traditional machine learning techniques are sufficient for accurate classification. A dataset with labelled pothole
instances is created to train both models. The machine learning approach uses manually engineered geometric features as input
to an ensemble classifier, while the deep learning model is trained on sampled data. Experimental results show that the machine
learning approach outperformed the deep learning model. These results suggest that for this particular task, where informative
domain-specific features can be manually engineered, the machine learning approach offers a more practical and efficient solution
for real-world deployment, where labelled data may be limited.

1. Introduction

Pothole detection is important for road maintenance to en-
sure safe and reliable transportation, as potholes can cause
damage to vehicles and contribute to passenger discomfort.
Manual inspections to discover potholes are labour-intensive,
time-consuming, and costly. Automatic detection of potholes is
therefore valuable, offering an accurate and faster solution for
maintaining road infrastructure.

Mobile Laser Scanning (MLS), where a Light Detection and
Ranging (LiDAR) sensor is mounted on a moving platform,
allows for capturing accurate 3D representations of urban en-
vironments, making it well-suited for pothole detection. Point
cloud data addresses the limitations of image-based detection,
which might encounter challenges such as poor lighting con-
ditions, shadows, and occlusion. In contrast, point cloud data
provide detailed information of the scanned environment, offer-
ing a more robust and accurate method for identifying potholes,
solely based on geometric features, such as depth and curvature
variations.

Several researchers have leveraged point clouds to develop
methods to accurately identify potholes. Ma et al. (2023) use
MLS point cloud data to detect potholes by calculating the dir-
ected distance of points from a locally fitted pavement plane.
Negatively skewed histograms of these distances are identified
as indicators of true pothole depressions. Fan et al. (2020)
present a robust pothole detection algorithm that combines dis-
parity transformation and 3D road surface modelling using ste-
reo vision.

Previous research has also focused on handling sparse or in-
complete 3D data for pothole detection. Zhong et al. (2025b)

introduce a boundary completion algorithm to reconstruct the
geometry of occluded potholes. Faisal and Gargoum (2025) ap-
ply curvature estimation to low-density LiDAR scans, identi-
fying high-curvature regions and characterising potholes by
measuring their geometric attributes through boundary extrac-
tion and voxelization.

Machine learning is a branch of artificial intelligence that en-
ables algorithms to learn from data and make informed predic-
tions. It is a powerful tool which has shown great success in
various domains. Deep learning, a subfield of machine learn-
ing, has revolutionised the field by enabling models to learn
directly from the raw input data. In particular, Convolutional
Neural Networks (CNNs) learn hierarchical feature represent-
ations through multiple layers to capture increasingly complex
relations within the data, making them better suited for complex
tasks. Existing research has therefore leveraged these methods
to improve accuracy and efficiency for pothole detection (Cai et
al., 2025; Zhong et al., 2025a; Dong et al., 2024; Talha et al.,
2024; Nawale et al., 2023).

Despite the great performance of deep learning models, they
require a large amount of labelled training data to learn inform-
ative features. Additionally, training deep learning models is
time-consuming and computationally demanding. In contrast,
while traditional machine learning1 models depend on hand-
crafted features and domain knowledge to identify the most in-
formative information from the data, they require less data with
lower computational cost.

Existing studies have applied machine learning to identify
potholes using smartphone sensor data, (Egaji et al., 2021; Wu
1 Hereafter, the term machine learning refers to traditional algorithms,

unless stated otherwise.
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et al., 2020) or image data (Dhanvanth Prasath et al., 2024;
Jobayer Al Masud et al., 2021). In contrast, machine learning
combined with 3D point cloud data is less explored.

However, since potholes can be well described through geo-
metric features derived from point cloud data, this task is well-
suited to handcrafted feature engineering. Although deep learn-
ing is more powerful than machine learning, the added com-
plexity of the automatically learned features may not be jus-
tified for simpler tasks where domain-specific features can be
manually engineered. It is therefore valuable to compare these
two approaches in terms of performance, data requirements,
and computational costs.

This paper will therefore apply traditional machine learning to
classify potholes using point cloud data and evaluate how it
compares to deep learning. First, point cloud data will be manu-
ally labelled and processed. Features will be manually engin-
eered and used as input to a machine learning ensemble clas-
sifier. Then, a deep learning model will be trained using the
same data. Both models will be evaluated on the same test set,
consisting of challenging samples, to ensure a comprehensive
evaluation of their performance.

Moreover, this performance comparison can reveal to what ex-
tent each approach can generalise to new data and how robust
they are across different road conditions. The insights from this
performance evaluation can guide the trade-offs between accur-
acy, computational demand, and hardware requirements, par-
ticularly in real-world deployment, where labelled data may be
limited.

The remainder of this paper is organised as follows: Section 2
outlines the methodology. The experimental results are presen-
ted in Section 3, followed by a discussion in Section 4. Finally,
Section 5 concludes this paper.

2. Methodology

This section outlines the methodology, describing the point
cloud preprocessing, followed by the machine learning pipeline
with feature engineering and the development of the en-
semble classifier. Then, the deep learning approach, including
sampling, data augmentation, and model training, is presented.
The workflow is illustrated in Figure 1.

Figure 1. Overview of the workflow. Initially, potholes are
manually labelled, and the point clouds are divided into tiles.
For the machine learning approach, handcrafted features are

extracted to train an ensemble classifier. For the deep learning
approach, sampled tiles are used to train a neural network.

2.1 Data Preprocessing

The data are preprocessed by isolating road surfaces, including
only points within a 2.5-meter buffer on each side of the road

centreline, which are obtained from an additional shapefile.
Several road segments are then extracted, and potholes are
manually labelled.

To reduce the complexity of large point clouds and allow for
better pattern recognition of potholes, each labelled road seg-
ment is divided into a regular grid structure, where each tile is
treated as an independent sample. The grid is constructed by
dividing the road segment along its centreline and perpendicu-
lar to the driving direction in 2-meter intervals, with a 0.5-meter
overlap to ensure coverage.

Tiles are classified as ”pothole” or ”non-pothole”. Because a
pothole can extend across multiple tiles, some neighbouring
tiles may contain only a small number of pothole points near the
boundary. To avoid labelling these boundary tiles as ”pothole”
when no significant depression is present, only the tile or tiles
where the pothole is dominant are labelled.

This is achieved by first clustering all points labelled as
”pothole” using DBSCAN. From a small range of predefined
ϵ values, the ϵ that yields a number of clusters similar to the
expected pothole count for the given road segment is selected.
Then, for clusters intersecting more than one tile, cluster points
falling inside each tile are counted. A tile is considered dom-
inant for that cluster if it contains a sufficient portion of the
cluster points. Otherwise, the tile is only touching the edge of
the pothole and is labelled as a non-pothole tile. This reduces
noisy pothole labels, improving label consistency, and enabling
more reliable feature learning.

2.2 Machine Learning

Machine learning models depend on informative and diverse
input features to learn to distinguish between classes. There-
fore, a range of descriptive features is computed to describe the
geometry of the potholes and the surrounding road surface. All
features are computed using normalised coordinates.

The curvature feature highlights the contrast between smooth
road surfaces and irregularities around potholes. The curvature
is calculated at each point using a local neighbourhood with
Gaussian weighting from the eigenvalue decomposition of the
covariance matrix. The curvature feature is defined as

κi =
λ1,i

λ1,i + λ2,i + λ3,i
, Curvature = median(C10), (1)

where κi denotes the local curvature and λ1,i ≤ λ2,i ≤ λ3,i

are the eigenvalues of the covariance matrix at point i. C10

denotes the set of the 10 largest values of {κi}. To avoid errors
caused by noise in the curvature distribution, the median is used
to represent the most prominent surface change.

The global depth feature captures vertical deviations from the
road plane, which can indicate deeper depressions. This feature
is defined as

Global Depth =

N∑
i=1

1(di < −τ), (2)
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where di is the vertical distance from a globally fitted plane,
estimated using RANSAC with a small threshold of 0.01 over
100 iterations, and τ is the depth threshold. In contrast, while
this feature captures deviations from the overall plane, the local
depth feature captures small-scale surface anomalies by count-
ing points significantly lower than the average of their local
neighbourhood. The local depth of the tile is defined as

Local Depth =

N∑
i=1

1((zi − z̄i) < −τ), (3)

where zi is the height of point i and z̄i is the average height of
its local neighbourhood. Finally, the slope feature reflects how
steep the road surface is in a small area. A plane is fitted to the
neighbourhood of each point, and the local slope is defined as

θi = arccos(nz,i), Slope = median
(
S10

)
, (4)

where nz,i is the z-component of the unit normal vector of the
fitted plane at point i, and θi is the slope angle. S10 denotes
the set of the 10 largest values of {θi}. The median of these
values is used to represent the overall slope of the tile. Table
1 provides an overview of the computed features along with a
short description.

Table 1. Overview of the feature set.

Feature Description
Curvature Median of the largest local curvature val-

ues.
Global Depth Number of points notably below a globally

fitted surface plane.
Local Depth Sum of z-deviations in local neighbour-

hoods.
Slope Median of the largest slopes computed in

local neighbourhoods.

The heatmap in Figure 2 shows the Spearman correlation
between the features and the target in the dataset. Both depth
features show the highest correlation with the target, while the
curvature and slope features show slightly lower correlation.

Figure 2. Heatmap showing the correlation between the features
and the target.

Several machine learning models are trained on the dataset to
find the best-performing ones for this task. Random Forest
(RF) and Extreme Gradient Boosting (XGBoost) are combined
into a weighted ensemble model to leverage the strengths of
both classifiers. RF constructs multiple independent decision
trees on different subsets of the data. The predictions from each
tree are combined, reducing the risk of overfitting. In contrast,

XGBoost sequentially adds decision trees to correct previous
errors, minimising bias over iterations and capturing complex
patterns in the data. By combining these classifiers, the en-
semble model benefits from the robustness of RF while also
leveraging the high accuracy capabilities of XGBoost, resulting
in improved overall performance.

5-fold stratified cross-validation is used to obtain a robust es-
timate of model performance on the limited dataset. It reduces
bias from a single train/validation split by averaging perform-
ance across folds. Moreover, to address the issue of class imbal-
ance in the dataset, sample weights are applied to both models,
assigning higher weights to the minority class (potholes). In
addition, both models are manually fine-tuned on the validation
set. Table 2 lists the hyperparameters used for both models.

Table 2. Hyperparameters.

Classifiers Hyperparameters

Random Forest
Depth: 5
Estimators: 12
Random Seed: 42

XGBoost

Depth: 4
Estimators: 50
Learning Rate: 0.1
Random Seed: 42

2.3 Deep Learning

Deep learning network architectures demand a fixed input size,
requiring sampling of each tile. Each tile is sampled to 2,048
points. On average, each tile contains 3,157 points, making
downsampling the dominant operation. Downsampling is gen-
erally preferred over upsampling because it preserves the integ-
rity of real measurements and avoids introducing synthetic or
potentially noisy data.

Tiles containing more than 2,048 points are downsampled us-
ing Farthest Point Sampling (FPS), while tiles containing fewer
than 2,048 points are upsampled by duplicating random points
and adding a small amount of noise. Each tile is also norm-
alised after sampling to fit within a unit sphere centred at the
origin of the coordinate system.

The dataset is imbalanced, containing more non-pothole tiles
than pothole tiles. Therefore, the minority class is over-
sampled by augmenting only pothole tiles during training. Aug-
mentation is performed using a Principal Component Analysis
(PCA)-based alignment strategy inspired by PCAlign (Zhang
et al., 2024). Each pothole tile is first augmented using ran-
dom point dropout, random scaling, and random shifting. PCA-
aligned copies are then generated by flipping the sign of the
dominant principal axis while constraining the smallest prin-
cipal axis to point in the positive Z-direction. For every pothole
tile, the original tile and the two PCA-aligned versions are kept.

Similar to the machine learning approach, cross-validation is
also applied when training the deep learning model. New aug-
mentations are generated within each fold for the pothole tiles
in the training split, ensuring that the model sees varied versions
of the minority class during training.

Several frequently employed deep learning models for point
cloud classification are trained on the dataset. Each model is
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trained for 50 epochs with a batch size of 32 using the Adam op-
timiser and a learning rate of 0.001. Binary Cross Entropy with
Logits Loss is used for this binary classification task. Moreover,
the optimal decision boundary for classification is determined
by selecting the threshold that maximises the F1-score. Among
the evaluated models, PointNet++ (Qi et al., 2017) was found
to be the best-performing model.

The final prediction for each sample is obtained by averaging
the probabilities across all folds, which reduces variance and
improves the robustness of the final predictions. To determine a
single global decision threshold, the out-of-fold validation pre-
dictions from all folds are aggregated, and the optimal threshold
is selected by maximising the F1-score on the combined valid-
ation outputs.

3. Experiment

This section describes the point cloud data used in this research,
followed by the results of the machine learning and deep learn-
ing approaches.

3.1 Experimental Dataset

The dataset is created from MLS point cloud data of the road
environment in Trondheim, Norway. The data are acquired
across urban, suburban, and rural areas in Trondheim municip-
ality, capturing the road surface and surrounding infrastructure.
Figure 3 shows one of these MLS point clouds with a pothole
marked with a red circle.

Figure 3. Example of point cloud with a pothole marked with a
red circle.

Different road segments across the municipality are randomly
selected, and the identified potholes are manually labelled using
the open-source software CloudCompare. These road segments
can be divided into three categories: asphalt roads, residential
gravel roads (unpaved roads in residential neighbourhoods) and
dirt roads (rural roads / unpaved country roads).

Table 3 lists the number of labelled potholes in the dataset. A
total of 121 potholes across 38 road segments are used for train-
ing and validation, yielding 131 tiles with a pothole and 599
tiles without. This data is obtained from 15 asphalt roads, 12
gravel roads, and one dirt road.

A larger and more challenging test set is also developed to eval-
uate the models. This test set consists of 122 potholes across

Table 3. Overview of the labelled dataset.

Train/Validation Set Test Set
# Potholes 121 122

# Pothole Tiles 131 124
# No Pothole Tiles 599 432

37 road segments, resulting in 124 pothole tiles and 432 non-
pothole tiles. This set spans five asphalt roads, 16 residential
gravel roads, and 15 dirt roads.

Figure 4 shows the distribution of the road segments in the data-
set across Trondheim. The green circles mark the road seg-
ments used for training and validation, while the red circles
mark the road segments in the test set. Unlike most road seg-
ments used for training and validation, which are from urban
and suburban areas, the test set presents a greater challenge due
to the increased representation of uneven dirt roads.

Figure 4. Distribution of road segments used for training and
validation (green), and road segments used for testing (red).

3.2 Experimental Results

The independent test set is used to evaluate the performance
of both the machine learning and deep learning model. The
balanced accuracy, which better reflects performance on imbal-
anced data, precision, recall, and PR-AUC are used as evalu-
ation metrics. While the machine learning classifiers are trained
using an Intel Core Ultra 7 165U CPU @ 2.10 GHz, the deep
learning model is trained using a Tesla V100-PCIE-32GB GPU.

Table 4 presents the balanced accuracy, precision, recall, and
PR-AUC achieved by each model using cross-validation, and
Table 5 shows the performance of both models for each road
category, including asphalt, gravel, and dirt roads.

Table 4. Machine learning and deep learning results on the test
set.

Model Balanced
Accuracy (%) Precision (%) Recall (%) PR-AUC (%)

Machine
Learning 89.8 68.3 91.9 86.3

Deep
Learning 86.2 73.5 80.6 86.9

4. Discussion

This section evaluates the results, beginning with a discus-
sion of the handcrafted features, followed by an analysis of
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Table 5. Machine learning and deep learning results on the test set for each road category.

Asphalt Road (60 Tiles) Gravel Road (238 Tiles) Dirt Road (258 Tiles)
A (%) P (%) R (%) A (%) P (%) R (%) A (%) P (%) R (%)

Machine Learning 90.5 66.7 88.9 89.3 81.8 87.0 91.8 56.8 100
Deep Learning 91.5 72.7 89.0 87.3 81.3 75.4 88.5 65.6 87.0

the sampling strategies and the performance of various deep
learning models. Finally, this section provides a comprehens-
ive comparison between the machine learning and deep learning
approaches.

4.1 Machine Learning

As illustrated in the heatmap in Figure 2, several features ex-
hibit moderate correlation. The strongest intercorrelation is ob-
served between Slope and Local Depth, suggesting potential re-
dundancy. However, experimental results indicate that discard-
ing the slope feature leads to a decline in all evaluation metrics.

Similarly, the depth-related features are also moderately correl-
ated. However, experimental research demonstrates that both
are important for accurate predictions. In particular, removing
Global Depth results in a decline in performance, with balanced
accuracy reduced to 86.1%, precision decreasing to 62.8%, a re-
call of 87.1%, and a PR-AUC of 80.5%. These results show that
correlated features can still be valuable for accurate predictions.

Figure 5 presents the SHAP Beeswarm plot for XGBoost, il-
lustrating the contribution of individual features to the model’s
predictions. The curvature feature shows the strongest influence
on predictions, with larger values increasing the likelihood of a
pothole. Both Local Depth and Global Depth exhibit a strong
contribution, though Local Depth shows a more pronounced
separation where high values align more consistently with pos-
itive SHAP values. Slope shows a weaker impact compared to
that of other features.

Figure 5. SHAP values for XGBoost.

4.2 Deep Learning

Deep learning architectures require a uniform input size, mean-
ing resampling of tiles to a fixed number of points. Differ-
ent sampling strategies are compared to assess how sampling
impacts model performance. Although the simplest down-
sampling approach, by randomly removing points is computa-
tionally efficient, it likely discards structurally important points,
leading to a loss of geometric information and poorer perform-
ance.

Unlike regular FPS, which selects points based on spatial dis-
tance, a curvature-weighted FPS strategy is evaluated. To in-
clude geometric importance when selecting points, distances
are weighted using curvature values derived from the eigen-
values of local covariance matrices, where a power parameter
controls the influence of the curvature.

Although high-curvature regions such as potholes are more
likely to be preserved, the reduced overall performance com-
pared to traditional FPS can be attributed to the loss of uniform
spatial coverage. This curvature-focused sampling strategy
tends to cluster points in high-curvature areas while leaving
gaps in smooth, flatter regions, impacting the model’s ability
to learn the overall structures.

Instead of randomly upsample points, a strategy involving inter-
polating points in local neighbourhoods is evaluated. For each
additional point needed, a random seed point is selected along
with one of its k-Nearest Neighbours (k-NN). A new point is
then interpolated at a random location along the line connect-
ing these two points.

While this method is computationally more expensive than ran-
dom upsampling, it preserves local geometry, which is likely to
provide a more accurate sampling. However, in this case, where
most tiles are downsampled rather than upsampled, a more ad-
vanced upsampling proves not to show a clear performance ad-
vantage.

Table 6 summarises the performance of various deep learn-
ing models with data augmentation and cross-validation ap-
plied. Among them, 3D-GCN (Lin et al., 2020) and CurvNet
(Xiang et al., 2021) demonstrate the strongest performance.
While DGCNN (Wang et al., 2019), GDANet (Xu et al., 2021),
and PointConT (Liu et al., 2024) provide a moderate trade-off
between precision and recall, they underperform compared to
the other models. Although 3D-GCN achieves a higher preci-
sion than both PointNet++ and the machine learning classifier,
recall is significantly lower. Compared to the machine learn-
ing model, neither of these models achieves the same balanced
accuracy, indicating that their increased complexity might not
translate to better performance for the given task.

Table 6. Performance of deep learning models on the test set.

Model Balanced
Accuracy (%) Precision (%) Recall (%) PR-AUC (%)

3D-GCN 84.3 81.2 73.4 82.6
CurvNet 83.9 76.7 74.2 83.6
DGCNN 79.1 74.8 64.5 80.0
GDANet 81.2 78.5 67.7 77.1
PointConT 80.0 72.8 66.9 79.0

4.3 Comparison Between Performance of Machine Learn-
ing and Deep Learning Models

During cross-validation, the deep learning model shows low
variability across folds, with a standard deviation of 0.024 for
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balanced accuracy and 0.027 for PR-AUC, indicating stable
performance across different train/validation splits. The ma-
chine learning model shows higher variability across folds, with
a standard deviation of 0.047 for balanced accuracy and 0.059
for PR-AUC, suggesting it is more sensitive to how the data is
split.

Handcrafted features can only provide a fixed and limited rep-
resentation of each tile. These features may not capture all
geometric variation present in the raw point clouds, making
the model more sensitive to the specific distribution of data
in each fold. In contrast, the deep learning model learns rich,
high-dimensional features directly from the raw data and be-
nefits from data augmentation, which improves generalisation
and makes the model less dependent on the exact composition
of each fold.

The overall results on the test set presented in Table 4 show that
the machine learning model achieves a higher balanced accur-
acy and recall compared to the deep learning model. However,
the deep learning model achieves higher precision, indicating
that while machine learning is better at correctly identifying
most potholes, deep learning is better at avoiding false positives
overall. Despite, both models are better at identifying potholes
than avoiding false positives, meaning they are more likely to
assign a positive label when uncertain. Moreover, both models
achieve comparable PR-AUC scores.

Table 5 shows the performance across the three different road
categories in the test set. When evaluating the models’ perform-
ance across the different road categories, the machine learning
model performs best on gravel roads, while the deep learning
model outperforms the machine learning model across all met-
rics on asphalt roads.

An unexpected decline in precision is observed for both mod-
els on asphalt roads compared to gravel roads. The smooth,
uniform asphalt surface is expected to enhance pothole classi-
fication, whereas the irregular gravel roads pose a greater chal-
lenge. Analysis of the five asphalt roads in the test set revealed
that one uneven asphalt segment produced several false posit-
ives. Besides misclassifying a manhole cover as a pothole, both
models performed well on the other asphalt samples. Increas-
ing the number of asphalt samples in the test set would likely
reduce the influence of the irregular segment and improve per-
formance.

The test set contains significantly more dirt road samples com-
pared to the training and validation sets. Including these more
challenging road samples allows for a more comprehensive
evaluation. While the machine learning model achieves a per-
fect recall score for dirt roads, precision is sacrificed due to a
substantial number of false positives. For this type of road, the
deep learning model outperforms the machine learning model
on precision. The lower precision, but higher recall, observed
for both models is expected for dirt roads due to more surface
variations leading to more false positive predictions.

4.4 Saliency Analysis of Machine Learning and Deep
Learning Models

Saliency scores are computed for both models to further com-
pare the two approaches. For the machine learning pipeline,
saliency values are derived for all handcrafted geometric fea-
tures, while the saliency scores for the deep learning model are

obtained using the integrated gradients technique (Sundararajan
et al., 2017). This analysis provides a better understanding of
which regions of the point cloud are considered most import-
ant for classification. All tiles in the test set are used for this
comparison.

To evaluate the relevance of each feature, the most salient points
(defined using the 95th percentile) are matched with the ground
truth points of each pothole. When averaging over all pothole
tiles in the test set, the Global Depth feature achieves the highest
alignment, with an overlap of 66.5%. This is followed by the
Curvature, Local Depth, and Slope, which show progressively
lower levels of overlap.

Figure 6 illustrates the most salient points for two pothole-tiles.
Red points correspond to high saliency, while blue points cor-
respond to low saliency. Global Depth has a high concentration
of salient points in the pothole centre, whereas Local Depth
shows a slightly more scattered distribution. Curvature and
Slope focus on the pothole boundaries, capturing edge informa-
tion that complements the depth-based features. In contrast, the
integrated gradients technique provides a different saliency dis-
tribution, where the highlighted regions are less concentrated.

The saliency scores from the deep learning model show the low-
est overlap with the ground truth, with an average of 38.8%
across the test set. Unlike the geometry-based features, the sa-
lient points highlighted by the deep learning model that lie out-
side the pothole region are often located along the tile edges.
This may indicate that the model learn that discontinuities at tile
edges or missing neighbouring context correlate with pothole
points.

While the machine learning model relies on geometric features,
which are easy to interpret, the deep learning model can capture
richer representations and more complex patterns in the data.
The overlap between the handcrafted features and the integ-
rated gradients saliency maps is computed to better understand
the deep learning model’s predictions. The overlap is measured
using the 95th percentile of the saliency values.

Global Depth shows the highest average overlap (33.4%), fol-
lowed by Local Depth, while Curvature and Slope exhibit the
lowest overlap. The larger overlap with the depth-related fea-
tures suggests this is the main indicator, while boundary and
edge features are less important. Moreover, the differences
in overlap also indicate that the deep learning model extends
beyond the handcrafted features by incorporating additional
contextual information that can not be captured by simpler,
geometry-based features.

Moreover, to determine whether the most salient values re-
flect relevant or noisy information, they are assessed not only
through their overlap with the ground truth but also by examin-
ing how often each feature highlights points in non-pothole
tiles. For these computations, a global floor threshold is defined
as the lowest saliency value among the 95th percentile salient
points across all pothole tiles within a given road segment. This
threshold is then applied to non-pothole tiles to identify any
highly salient points.

The feature importance in Figure 5 revealed that Slope is the
least important feature, and it also has the lowest overlap with
ground truth points. At the same time, 5.4% of points in non-
pothole tiles are above the global floor threshold, which is the
highest portion of salient points in non-pothole tiles among
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Figure 6. Saliency scores for two pothole tiles using handcrafted features (Global Depth, Local Depth, Curvature, Slope) and the deep
learning model with Integrated Gradients. Red points indicate the most salient values, while blue points correspond to low saliency.

all of the handcrafted features. This indicates that this fea-
ture is more likely to introduce additional noise compared to
the others. In contrast, Global Depth is the most robust fea-
ture, with only 2.0% of points in non-pothole tiles exceeding
the threshold, outperforming all other features.

Figure 7 compares the ground truth pothole regions with the
most salient points identified by the handcrafted features and
the integrated gradients method. The dirt road segment in this
example has lower vegetation along the right road edge, which
introduces additional surface irregularities. For pothole tiles,
red points represent the top 95th percentile of salient values,
whereas for non-pothole tiles, they indicate points exceeding
the global floor threshold.

Figure 7. Comparison of salient points with ground truth pothole
regions for a dirt road segment. The top row shows the ground

truth, Global Depth, and Integrated Gradients saliency, while the
bottom row displays Local Depth, Slope, and Curvature. For
pothole tiles, red points represent the top 95th percentile of

salient values, while for non-pothole tiles, red points correspond
to saliency above the global floor threshold.

The ground truth frame shows three potholes marked in red.
Among the handcrafted features, Global Depth aligns best
with the ground truth, highlighting pothole depressions without
adding noise. The other handcrafted features focus more on the
noisy vegetation and barely highlight the potholes. In contrast,
the integrated gradients method largely ignores the vegetation
noise and focuses on potholes. Yet it strongly focuses on local
surface variations on the left side of the road, which are mostly
avoided by the handcrafted features.

The findings in Figure 7 illustrate the fundamental difference
between handcrafted features and deep learning. The limitation

of the traditional feature engineering becomes apparent when
dealing with more complex and noisy inputs (dirt roads), as the
features are constrained by explicit geometric definitions. This
makes them sensitive to local shape changes, resulting in poorer
performance when other geometric variations are present within
the tile.

Notably, it is also observed in other segments that the downward
tilt of the road surface near the edge, particularly pronounced on
dirt roads, can resemble the depth depression of a pothole, lead-
ing the machine learning model to falsely classify these tiles
as potholes. The fixed feature definitions of machine learning,
such as Slope, can be triggered to cause false positives.

In contrast, the deep learning model can leverage complex,
high-dimensional contextual patterns to avoid such noise. How-
ever, it also assigns higher saliency to general road irregularit-
ies, with 7.3% of points in non-pothole tiles across the test set
having a saliency score above the global floor threshold, which
is the largest among all features.

5. Conclusion

This paper explores the use of traditional machine learning for
pothole classification from MLS point cloud data and compares
the performance against deep learning approaches. The ma-
chine learning pipeline uses manually engineered features with
an ensemble classifier, while a neural network is trained on
sampled point cloud tiles for the deep learning approach. Both
approaches were evaluated on a challenging test set.

The experimental results indicate that traditional machine learn-
ing is a suitable approach for this task. Although the deep learn-
ing model benefits from data augmentation, it is outperformed
by the machine learning approach. These findings suggest that
for the pothole classification task, where informative domain-
specific features can be manually engineered, a feature-based
method can achieve better performance with lower computa-
tional cost and fewer required resources.

By evaluating the performance of the different approaches, this
research offers insight into balancing accuracy with computa-
tional cost and system requirements, which is valuable for real-
world applications where labelled training data and computa-
tional resources may be limited.
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