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Abstract—A reliable perception system is a critical compo-
nent of intelligent vehicles. Perception tasks commonly focus
on holistic information, like 3D object detection, which treats
vehicles as bounding boxes. However, more granular surface-level
features are ignored, which can provide additional information
for improving perception capability and be utilized for other
driving tasks. To this end, we propose a novel semi-supervised
vehicle part-segmentation method for autonomous driving to
learn surface features from the input point clouds. Specifically,
we utilize points within the ground truth bounding boxes to
train a feature extractor to learn surface features. Then, af-
ter surface normal estimation, these learned surface features
concatenated with normals are grouped with an unsupervised
clustering method. In the end, we manually annotate a subset
of the widely used KITTI dataset to identify each cluster with
corresponding vehicle parts. We explore using PointNext and
RepSurf as the surface feature extractor, combining with ten
different unsupervised clustering approaches. We verify the
optimal pipeline stack for surface feature learning and part
segmentation through numerous experiments on the labeled data.
https://github.com/MingyuLiul/Surface_Part_Segmentation.git

I. INTRODUCTION

The advance in autonomous driving in recent years has
brought the critical need for advanced perception method-
ologies to the forefront. Traditional perception tasks in au-
tonomous driving, such as LiDAR-based 3D object detec-
tion [1]-[6], focus on holistic recognition and localization
of objects. However, more granular tasks, such as vehicle
part segmentation, are often understudied. We believe a more
granular surface-level approach is critical for obtaining ad-
ditional useful information for dynamic driving tasks. For
example, distinguishing the front hood surface from the side-
door surfaces of a vehicle can be utilized for better decision-
making during emergency situations. This can lead to more
informed planning decisions in complicated driving scenarios.

State-of-the-art 3D object detection methods [3] primarily
focus on recognizing and localizing objects based on bounding
boxes. On the other hand, most point-level segmentation works
[71, [8] consider holistic categories, such as car or pedestrian,
on a scene level. In both approaches, intra-object features are
overlooked under the coarse granularity of these existing tasks.
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Fig. 1: Illustration for the key processes of the proposed semi-
supervised part segmentation approach, including the input
point cloud (left), feature clustering (middle), and the feature
matching or part segmentation result (right). The results illus-
trate that our introduced algorithm obtains rich surface features
and accurately segments the car parts based on the learned
features.

We believe that intra-object, surface-level information can be
utilized to improve the robustness and effectiveness of the
perception system of intelligent vehicles.

Recognizing the surface features of other objects can lead
to better decision-making in emergencies. For example, during
an unavoidable collision situation, knowing where to hit can
reduce the severity of an accident. Several collision reconfigu-
ration studies focus on reducing collision severity by deciding
how to hit another object [9], [10]. These studies indicate that
prioritizing collision reconfiguration in an unavoidable crash
scenario is crucial for reducing the severity of accidents [9].
However, most of these studies are simulation-based, and they
assume vehicle part segmentation can be achieved in real-time.

Existing part-segmentation methods focus on high-density,
indoor datasets [1 1], [12]. However, precise segmentation of
vehicle-parts in large, outdoor point cloud data is under-studied
and particularly challenging due to the inherent complexities
of the problem and the high cost of data-labeling efforts. To
alleviate these issues, we propose a novel semi-supervised
learning approach for vehicle part-segmentation in outdoor
LiDAR point clouds for autonomous driving. We exhibit an
example of the part segmentation results in Fig. 1.

The proposed method consists of three main components.
First, a backbone is trained for extracting surface features
through object classification. This step does not require ad-
ditional annotations. An ordinary object detection dataset
with ground truth bounding box annotation, such as the
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KITTT [13] dataset, is adequate to train the first component.
Then, these learned surface features are grouped together with
unsupervised clustering methods such as Gaussian Mixture
Model [!14]. Finally, a small subset of the dataset is used
to identify each cluster with corresponding vehicle parts.
This final step requires a manual labeling effort to associate
unsupervised cluster IDs with real vehicle parts.

The rest of the paper details our methods, results, and the
broader implications for LiDAR point cloud data processing
in autonomous driving.

Our main contributions are as follows:

o A novel semi-supervised vehicle-part segmentation
method for autonomous driving. We propose a novel
two-step approach for semi-supervised vehicle-part seg-
mentation in outdoor point cloud data, emphasizing sur-
face information extracted from the input point clouds.

o Extending the KITTI dataset with vehicle-part seg-
mentation labels and open-source implementation.
We manually annotate a subset of the KITTI dataset
to evaluate the part segmentation performance of our
proposed method.

o Extensive experiments with multiple surface-
representation and clustering modules. We conducted
numerous experiments on the labeled data, which
included 20 types of combinations of two surface feature
extractors with ten unsupervised clustering methods.
Through comparisons between each combination, we
justified the selection of the final algorithmic pipeline.

II. RELATED WORKS
A. Point Cloud Segmentation

Point cloud segmentation enhances understanding of 3D
scenes and represents a significant research direction in au-
tonomous driving. PointNet [2] and PointNet++ [15] pioneer
multi-layer perceptron networks for processing unstructured
point clouds. Subsequently, more methods have been pro-
posed, such as [4]-[6], exploring using convolution neural
networks to learn point features. DGCNN [16] proposes
using the EdgeConv module to obtain edge features from
the KNN-based local graphs. PointNext [17] based on [15]
enlarges the receptive fields while keeping rich semantic
features. One of the most recent works, RepSurf [18], exploits
triangle-based and multi-surface representation for segmenta-
tion. These methods achieve promising performance on part
segmentation of indoor objects or semantic segmentation in
outdoor scenarios. However, the application of part segmen-
tation on objects in the autonomous driving domain has been
under-explored, while it is vital for improving the performance
of perception systems.

B. Semi-Supervised Learning

Semi-supervised learning allows combining labeled and
unlabeled data to perform certain tasks [19], which has
significant advantages in eliminating the data-hungry prob-
lem and keeping task performance. [20] proposed a semi-
supervised learning approach utilizing GANs, which leads to

the generation of more effective classifiers and higher-quality
samples. FixMatch [21] improved the performance by combin-
ing consistency regularization and pseudo-labeling. [22] ex-
plores compacting latent space clustering for semi-supervised
learning. Considering the benefits of semi-supervised learning,
we exploit using it to facilitate part segmentation tasks in
autonomous driving.

C. Unsupervised Clustering

Clustering aims to partition similar data into the same group
and push dissimilar data far from each other [23], which
is widely used in various computer vision tasks, such as
anomaly detection, segmentation, and many more. Usually,
as no predefined categories provide prior knowledge, it is
also called unsupervised clustering. K-Means [24], as one of
the most popular algorithms, partitions the input data into K
distinct, non-overlapping clusters. K is the predefined number
of clusters. Compared to K-Means, the Gaussian Mixture
Model [14] follows a probabilistic approach, assuming the
data is generated from several Gaussian distributions. In our
study, we verify ten types of clustering algorithms to find the
most optimal combination for part segmentation and learning
surface features.

III. METHODOLOGY

In this section, we introduce the overall pipeline of the
proposed semi-supervised vehicle part-segmentation pipeline,
including surface-feature extractor, surface normal estimation,
feature clustering, and cluster matching. Furthermore, in the
rest of this section, we explain each core component in detail.

A. Semi-supervised vehicle part-segmentation pipeline

We illustrate our proposed approach in Fig. 2. We extract
points within the ground truth bounding boxes as input to
train the surface-feature extractor through object classification.
After that, the extracted features are fed into the unsupervised
part-segmentation module.

To segment objects into several parts, we first calculate the
surface normal based on the extracted surface features. Then,
we concatenate the surface features with the estimated surface
normal for the following feature clustering by unsupervised
learning methods. Ultimately, we align the grouped features
to the labeled data through cluster matching to evaluate the
quality of the part-segmentation pipeline.

B. Surface Feature Extraction

We leverage a learning-based network as the extractor to
capture surface features from point clouds. Usually, the net-
work is based on an encoder-decoder architecture for various
perception tasks. In our case, we aim to obtain valuable
features through classification; hence, we apply a Multiple
Perceptron (MLP) as the decoder and keep the encoder as
the default.

The smooth cross-entropy loss is used for the training of
classification:

I(y,p) = —(ylog(p) + (1 — y) log(1 — p)) ¢))
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Fig. 2: Overview of the proposed semi-supervised part segmentation pipeline. As part A shows, we first utilize the points within
the ground truth bounding boxes as input to train the surface feature extractor through the object classification task. Afterward,
we leverage the pretrained extractor to obtain features from the input points, which combine with the point coordinates later.
Additionally, we concatenate the estimated surface normals with the features from the previous step to obtain the feature
clusters through the unsupervised module. Ultimately, by feature matching, we generate the final part segmentation results.

where p is the predicted possibility and y is the indicator.
Since we mainly focus on part segmentation on cars, we set
the label of cars to 1 and others to 0, then y = {0,1}.

After the classification training, the extractor is able to
identify whether an object is a car, which means the ex-
tractor effectively learns the distinguished features of cars
from others. Therefore, the captured features by the network
implicitly encode rich surface information. To fully utilize
the surface features and keep the dimension alignment, we
combine the features from the first layer of the extractor with
the corresponding point coordinate. The combination can be
described as f; = (f;,x,y:, %), where f; € R'¥? is the
point-wise feature of point ¢ € {1,...,n}, and (x;,y;, 2;) are
its coordir}ate. Additionally, we combine the global features
g € R™? from the last layer of the extractor with f'. The
features encompass point-wise and global information through
concatenating, facilitating an effective part segmentation.

C. Surface Normal Estimation

The essence of surface normal estimation lies in deter-
mining the orientation of the surfaces at every data point,
effectively giving us geometric and topological insights into
the object’s shape and structure. In our methodology, the depth
and richness of features the extractor obtains are vital in
normal estimation, as the network’s understanding of broader
object geometry assists in refining local surface orientations.
Specifically, we explicitly estimate the surface normals using
the concatenated features from the first step. After finding the
k nearest neighbors of each point via the k-nearest neighbor

(KNN), we compute the covariance matrix M of these neigh-
bors (Eq. 2) and apply Singular Value Decomposition (SVD)
to extract the normals from the minor variance direction.

k
M = Z(Cz‘j —c)(ci; — )"

2

el

where ¢;; = (25, Yij, 2ij) is coordinate of the jth neighbor of
point p;, and ¢ = k%rl(cz + Z?:l c;) is the centroid of point
set {pi, Dits - -+ Pik) -

Hence, the SVM can be demonstrated as:

M = USV* 3)

where U is the unitary matrix, 3 is rectangular diagonal
matrix, and V* is the conjugate transpose of the unitary matrix
V = {(U,i, bi, Ci)|i = 1, ey n}

Finally, we follow [18&] to describe the surface as Eq. 4. The
normals are then normalized and oriented to point outward

from the surface.
ai(r —x;) +bi(y —yi) +ci(z —2) =0 4@
= a;x + by + ¢z — (a;x + by + ¢;2)

D. Feature Clustering

Clustering enables the separation of different surface fea-
tures, resulting in a well-organized and segmented represen-
tation of an object. We concatenate the surface features from
the extractor and the estimated surface normals. Therefore,
the features seamlessly fuse geometric and learned latent



Fig. 3: We illustrate the combined features of a car via
UMAP [25]. Points with the same color indicate similar
features, such as the front in blue and the back in brown.

information through the combination, resulting in a compre-
hensive representation of the point clouds. We leverage the
dimension reduction technology like UMAP [14] to visualize
the combined features, illustrated in Fig. 3. Then, we employ
unsupervised clustering algorithms to detect distinct, coherent
groups. These groups represent the separated surfaces of
objects based on the combined features with the estimated
surface normals.

E. Cluster Matching

The core intent behind cluster matching is to map clusters
derived from our algorithm to the ground truth clusters in the
labeled dataset. This alignment process enables us to gauge the
efficacy of our semi-supervised part segmentation technique.
We construct a cost matrix by calculating the Intersection over
Union (IoU) for each element of the predicted clusters with
each class of the ground truth data. The algorithm of the
cost matrix is illustrated in Alg. 1. After obtaining the cost
matrix, we apply the Hungarian algorithm to find the optimal
assignments.

IV. EXPERIMENTS AND RESULTS

In this section, we introduce the datasets and models used
in our experiments. Then, we explain the evaluation metrics
and experimental setup and analyze both quantitative and
qualitative results in depth.

A. Datasets

KITTI. As one of the pioneering datasets in the domain
of autonomous driving and renowned for its diverse urban
scenarios and rich annotations [26], KITTI 3D object detec-
tion dataset [13] primarily focuses on classes such as cars,
pedestrians, and cyclists. The KITTI dataset comprises 7,481
annotated images and associated LiDAR point cloud scans. It
provides a comprehensive view with approximately 200,000

Algorithm 1 Calculate Cost Matrix

Require: Unsupervised labels U, Ground truth labels G,
Number of unsupervised clusters n, Number of ground
truth labels m

Ensure: Cost matrix C

1: function I0OU(A, B)
2: return }flggi

3: end function

4: C <+ matrix of zeros of size n X m

5: for i =1 ton do

6 for j =1tom do

7 U; < set of points in U with label

8

9

G + set of points in G' with label j
if G; is not empty then

10: tou + IoU(U;, Gy)
11: Cij 4+ 1—iou

12: end if

13: end for

14: end for

15: return C

labeled object instances in total. In our study, we utilize
the classification labels and points within the ground truth
bounding boxes for the training of feature extractors.
Manually Annotated Data. We manually labeled 64 cars
from the KITTI dataset to evaluate the efficiency of each
semi-supervised network on learning surface features and
performing part segmentation. We only annotate car points
within a bounding box, and noise and ground points are not
marked during the experiments. Every point is assigned to a
specific class, representing different parts of the vehicle: front,
rear, left, right, or top. To provide a consistent number of
points across the labels, we extract cars, including more than
1024 points, which are then down-sampled with farthest point
sampling to obtain a uniform sample.

Evaluation Metrics In our experiments, we leverage several
widely used metrics [27] to evaluate the part segmentation
performance based on the combination of various feature
extractors and clusters. We first utilize mean Intersection over
Union (IoU) (see Eq. 5) to measure the overlap between the
predicted segmentation and the ground truth.

C

1
miloU =
C + 1 mz::() Zg:() Pmn + ZS:Q Pnm — Pmm

where C is the number of classes, and P,m, Pmn, and pum
represent true positives, false positives, and false negatives,
respectively.

Additionally, we also take into account using mean Pixel
Accuracy as another evaluation metric. In our case, we cal-
culate the correctly classified points over the total number of
points:

c
mPA =

1
125 o

m=0



We also apply F1-Score to do the evaluation, which can be
demonstrated as:

c
22 om0 Prm
C
B. Experimental Setups.

Fl= @)

We conduct all experiments using PyTorch 2.0 on one
NVIDIA GeForce 4090 (24Gb). All surface-feature extractors
are trained with 30 epochs with batch size 2. We use the
AdamW optimizer with an initial learning rate of 2e-3 for
the training.

Surface Feature Extractors We test two types of feature
extractors, PointNext [17] and Repsurf [18], to obtain the sur-
face features from the points within bounding boxes. Based on
PointNet++ [15], PointNext follows the hierarchical feature-
learning scheme by partitioning point clouds into overlapping
local regions at multiple scales and varying resolutions. On the
other hand, RepSurf focuses on explicitly depicting the local
shape of point clouds, emphasizing surface representation.
Both of them follow the encoder-decoder architecture. Because
we train the extractor on classification, we replace the decoder
with a Multilayer Perceptron (MLP).

Unsupervised Feature Clustering In our experiments, we
evaluate ten unsupervised clustering algorithms, which can
be categorized into four classes: 1) partitioning methods (K-
Means and Gaussian Mixture Model), 2) hierarchical meth-
ods (Agglomerative Clustering and BIRCH), 3) density-based
method (DBSCAN, OPTICS, and HDBSCAN), 4) graph-
based methods (Spectral Clustering and Affinity Propagation),
and 5) model-seeking method (Mean Shift). In the main
experiments, we set the cluster size n to 3 for those algorithms
requiring a fixed number of clusters since three sides of the car
are present on average. Furthermore, for a fair comparison, we
set top-3 filtering in our evaluation pipeline for the methods
with automatically adaptive cluster sizes.

C. Experiment results

In this section, we show and discuss the experiment results
of different combinations of surface-feature extractors and
unsupervised algorithms on our manually annotated data. The
quantitative results of surface-feature extractors PointNext [17]
and Repsurf [18] are shown in Tab. I and Tab. II, respectively.

First, we evaluate PointNext on the labeled data regarding
the mloU, mPA, and F1-Score. Overall, almost all approaches
with fixed cluster sizes perform around 43% under mloU and
over 60% for mPA, which outperforms the approaches with
adaptive cluster sizes in terms of all metrics. For example, K-
Means achieves 42.1% on mloU, which is much higher than
Mean Shift (29.3%). Additionally, Affinity Propagation, an-
other adaptive cluster, performs the worst on the three metrics
compared to other methods. The reason is the adaptive clusters
don’t have a target cluster number as prior knowledge for
the clustering, causing under-segmentation, such as OPTICS,
DBSCAN, HDBSCAN (as shown in Fig. 4).

On the other hand, it is noted that our proposed PointNext
combined with the Gaussian Mixture Model stands out from

other algorithms with huge improvements on the three metrics:
mloU 62.3%, accuracy 80.8%, and 43.6% on F1-Score. Ac-
cording to the qualitative result in the dotted box in Fig. 4, our
approach accurately segments the car into the three targeted
parts.

Extractor Method mloU mPA  F1-Score
K-MEANS 42.1 61.0 33.0
Agglonerative Clustering ~ 41.4 61.6 325
Spectral Clustering 43.7 66.7 329
Affinity Propagation 8.8 30.4 12.6
PointNext Mean Shift 29.3 62.2 224
BIRCH 44.4 65.6 342
OPTICS 24.7 60.5 18.8
DBSCAN 19.3 58.0 14.6
HDBSCAN 25.6 58.1 20.2
Ours (PointNext + GMM) 62.3 80.8 43.6

TABLE I: We show the experiment results of PointNext [17]
combining with ten unsupervised clustering algorithms in
terms of three evaluation metrics, mloU (%) 1, mPA(%) T,
and F1-Score(%) 1. GMM is the Gaussian Mixture Model.

Furthermore, we explore using RepSurf as the surface-
feature extractor (Tab. II). Each unsupervised clustering
method exhibits performance similar to that of the combination
with PointNext when using RepSurf as the feature extractor. In
general, RepSurf slightly increases the performance of fixed-
size approaches. However, the Gaussian Mixture Model per-
forms worse than PointNext as the extractor but is still the best.

In conclusion, leveraging algorithms based on a fixed number

Extractor Method mloU mPA  F1-Score
K-MEANS 42.7 60.6 33.6
Agglonerative Clustering 43.2 62.4 34.1
Spectral Clustering 44.1 64.4 33.4
Affinity Propagation 10.9 28.5 14.3
RepSurf Mean Shift 334 64.0 25.5
BIRCH 48.1 67.5 36.9
OPTICS 21.0 57.0 16.2
DBSCAN 18.6 55.8 14.2
HDBSCAN 21.9 60.0 17.3
Gaussian Mixture Model 58.1 76.3 41.5

TABLE II: We show the experiment results of RepSurf [18]
combining with ten unsupervised clustering algorithms in
terms of three evaluation metrics, mloU (%) 1, mPA(%) T,
and F1-Score(%) 7.

of clusters can perform better than the adaptive clustering
methods for effective surface feature learning. Moreover, a
feature extractor focusing on detailed geometrical information
can improve capturing valuable surface features.

D. Ablation Study

In this section, we study the influence of the cluster size of
our proposed approach (PointNext [17] with Gaussian Mixture
Model (GMM)) on the segmentation performance. We set 3
different cluster sizes (3, 4, and 5) to qualitatively identify
the optimal size for the surface segmentation task. A larger
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Fig. 4: Qualitative results of part segmentation between different unsupervised clustering algorithms with PointNext [17] as
the surface feature extractor. Blue, green, and orange represent the car’s right, rear, and top sides for the ground truth points,
respectively. The dotted box shows the result of our proposed PointNext combined with the Gaussian Mixture Model (GMM)

stack.
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Fig. 5: Qualitative results of part segmentation between different unsupervised clustering algorithms with Repsurf [18] as the
surface feature extractor. Blue, green, and orange represent the car’s right, rear, and top sides for the ground truth points,

respectively.

size means the cluster focuses more on details and prefers to
segment an object into more parts. We consider two cases for
evaluating the segmentation performance, one without ground
and the other one including. We illustrate the experiment
results in Fig. 6. When we set the cluster to 3, the algorithm
precisely segments the car without ground into three parts:
right, rear, and top. In contrast, with a cluster size of 4 or
5, the rear and right sides of the car are divided into several
sub-parts while losing global information.

Moreover, if there are ground points or noises, as shown

in the second row, although the network does not distinguish
object points and the ground points well under cluster size 3,
the segmentation performance of the car body is still desired.
With the larger cluster sizes, the segmentation results are even
worse compared to clean input. Hence, setting the cluster size
to 3 suits our proposed semi-supervised part segmentation
pipeline.
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Fig. 6: Comparison between different cluster sizes of our
introduced PointNext [17] combining with GMM approach.
The first row ((a), (b), and (c)) shows the segmentation results
based on clean input point clouds. The second row exhibits
the results considering ground points.

V. CONCLUSION

In this study, we introduce a semi-supervised vehicle part-
segmentation approach consisting of a surface-feature extrac-
tor and an unsupervised feature clustering module. The extrac-
tor learns surface features from the points within ground truth
bounding boxes. Afterward, we estimate the surface normals
based on the surface features combined with point coordinates,
and we further concatenate the estimated normals with the
extracted surface features. Then, the integrated features are
grouped with unsupervised clustering algorithms. Moreover,
we manually annotate a subset of the KITTI dataset to evaluate
the performance of the semi-supervised part segmentation
approach. In total, we compared 20 combinations to each other
to verify the optimal algorithmic stack.
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