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Abstract— Vehicle segmentation is an important step in
perception for autonomous driving vehicles, providing object-
level environmental understanding. Its performance directly
affects other functions in the autonomous driving car, in-
cluding Decision-Making and Trajectory Planning. However,
this task is challenging for planar LIDAR due to its limited
vertical field of view (FOV) and quality of points. In addition,
directly estimating 3D location, dimensions and heading of
vehicles from an image is difficult due to the limited depth
information of a monocular camera. We propose a method
that fuses a vision-based instance segmentation algorithm and
LIDAR-based segmentation algorithm to achieve an accurate
2D bird’s-eye view object segmentation. This method combines
the advantages of both camera and LIDAR sensor: the camera
helps to prevent over-segmentation in LIDAR, and LIDAR
segmentation removes false positive areas in the interest regions
in the vision results. A modified T-linkage RANSAC is applied
to further remove outliers. A better segmentation also results
in a better orientation estimation. We achieved a promising
improvement in average absolute heading error and 2D IOU
on both a reduced-resolution KITTI dataset and our Cadillac
SRX planar LIDAR dataset.

I. INTRODUCTION

Object detection is one of the core functions in the
perception system of autonomous vehicles. Each kind of
sensor has its own properties. Cameras provide dense texture
information and state-of-the-art computer vision algorithms
can detect different kinds of objects. A vision system
provides adequate semantic information about objects in
an environment, but it lacks detailed measurements for a
detected object, i.e., after detecting an object, it is difficult to
locate and measure the dimension and heading of the object.
Radar detects distance and speed of an object relative to
the host vehicle. However, the RADAR only provides range
and range-rate instead of accurate vehicle shape and heading.
LIDAR provides accurate position measurement of an object,
but raw points must be segmented to reflect the shape and
pose. Thus a robust segmentation algorithm for LIDAR is
required. A high-performance LIDAR provides a dense 3D-
point cloud which contains detailed information about the
shape and pose of a object, whereas a planar LIDAR provides
a limited horizontal resolution with noise, from which it is
hard to identify objects [1].

Using planar LIDAR can greatly reduce the expense of
an autonomous driving car, which benefits the commercial-
ization of self-driving cars. Considering its limited sensing
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Fig. 1: Example of over-segmentation in 2D spatial segmentation. Ground
truth truck is over-segmented into three smaller sub-segments by the
LIDAR-based spatial segmentation method. We solve this problem by
applying semantic information to overcome the over-segmentation, which
enhances the 2D spatial segmentation on LIDAR point.

capability, merely using the planar LIDAR does not satisfy
the perceptual requirements to guarantee safety. Current
planar LIDAR-based vehicle fitting methods usually have
two main steps [2]: 1) Segmentation: separate the point cloud
into groups which represent different objects; 2) Heading
estimation: fit each segment of the point cloud with a proper
geometry model, such as an L-shape, and estimate the corre-
sponding heading angle. The performance of such a method
is limited by these two steps. In the segmentation step, only
the distances between LIDAR points are used to identify their
clusters. But there is no guarantee that close points come
from a single object, especially in a dense traffic condition
where cars keep smaller gaps. Therefore, a LIDAR-only
segmentation algorithm is easily affected by these outliers. In
addition, over-segmenting is also a problem in LIDAR-only
methods, i.e., two clusters of LIDAR points which are apart
from each other may be identified as different objects, even
if they come from a single object. Since a vision system can
provide more object-level texture information than a LIDAR
point cloud, a vision-based semantic segmentation can be
used to separate points on different objects, hence eliminating
outliers to refine the LIDAR segmentation.

Given an object detected by both LIDAR and camera, we
fuse these detections together to achieve a better estimate
of the shape and orientation of the object. To evaluate the
performance of the segmentation, Intersection-Over-Union
(IOU) rate and average absolute heading error (AAHE)



are considered. This paper is organized as follows: Section
II briefly reviews the prior work in vehicle detection and
segmentation, using vision or LIDAR; Section III-A intro-
duces Mask R-CNN for image-based detection; Section III-
B describes our method for LIDAR 2D spatial segmentation;
Section III-C discusses our LIDAR and vision fusion method
and outlier removal algorithm using T-linkage RANSAC,
which eliminates under-segmentation and over-segmentation;
[3]. Sections IV and V discuss the experimental results of
our methods and give conclusions.

II. RELATED WORK

In 2007, the “Boss” vehicle developed by CMU out-
performed other self-driving vehicles and won the DARPA
Grand Urban Challenge. To accurately detect and track
surrounding objects, multiple high-performance sensors in-
cluding a 64-channel Velodyne LIDAR, camera and RADAR
were mounted on the vehicle [4]. However, those high-
performance range sensors are not affordable for the com-
mercial autonomous vehicles aimed at average consumers.
The latest version of CMU’s autonomous driving test plat-
form is a Cadillac SRX with multiple planar LIDARs,
RADARs and cameras integrated on the vehicle. With
automotive-grade sensors and an only slightly modified
appearance, the platform can navigate and pilot itself on
highways as well as in urban areas [5]. The challenge of
planar LIDAR segmentation lies in the limited vertical field
of view (FOV) as well as occlusion between objects. The lim-
itation results in over-segmentation and under-segmentation
of vehicles, which is quite ambiguous for the tracking and
planning system.

In [6], the author proposed a Ramer algorithm based on
planar LIDAR, which models a set of scanning points using
several line segments. However, this method is unable to
generalize to multiple-layer LIDAR sensors, as it needs the
sequential information of the scanning points. The other
family of distance-based algorithms considers the spatial
information of scanning points [7], [8]. In [9], the clus-
tering threshold is formulated into a linear equation, which
considers ego-vehicle velocity, angle resolution and distance
between LIDAR sensor and scanning points. Though these
methods get rid of the assumption that the LIDAR points
are scanned sequentially, it is computationally expensive
to measure the distance between all pairs of data points.
To solve this problem, [2] creatively combined a K-D tree
with the distance-based algorithm, which improves the effi-
ciency. However, the performance of these purely LIDAR-
based segmentation algorithms highly relies on the quality
of data points, which is incapable of handling the high-
occlusion scenario. Our proposed method overcomes these
shortcomings by fusing vision semantic information with
LIDAR segmentation. Taking advantage of the object-level
semantic information provided by the vision-based method,
our method reduces the over-segmentation rate and boosts
the 2D IOU and vehicle heading estimation.

Due to the application of deep convolution networks in
the computer vision community, promising improvement has

been achieved in vision-based object detection and segmen-
tation [10]. In Mask R-CNN [11], multi-task frameworks are
introduced to simultaneously detect, segment and classify
objects. Though this family of deep architectures shows
good performance in detection and segmentation tasks, it
is difficult for these architectures to predict location and
heading of objects in 3D real-world coordinates. To over-
come these problems, the Deep3DBox framework proposed a
new architecture that improves the orientation and dimension
estimation in 3D with a modified multi-task VGG network
[12]. However, such camera-based methods cannot recover
accurate depth from projective transformation. In fact, as
shown by most recent studies, camera-based methods still
under-perform dense LIDAR-based ones at predicting 3D
bounding boxes by a large margin (18.2% vs. 87.7% in
terms of 3D IOU) [13]-[16]. Such a gap exists likely due to
the inherent difficulty of estimating depth through images.
Even with a stereo setup, the baseline is often limited (e.g.
0.54m for KITTI). On the other hand, LIDAR provides
direct measurement of spatial shape and depth. To bridge
the gap, our work tries combining camera-based semantic
understanding and LIDAR-based shape to get the best of
both worlds.

Taking advantage of the capabilities of different sensors,
multiple-sensor fusion provides a more robust perception
system for autonomous vehicles [17], [18]. In [19], [20],
multiple planar LIDAR sensors, RADAR and cameras are
fused together to detect and track on-road objects. To solve
the over-segmentation problem in image segmentation, [21]
fuses the front-view camera with high-end Velodyne LIDAR,
which provides more efficient super-surfaces using geometric
information. Even though these methods improve the detec-
tion and tracking performance of previous perception sys-
tems, they are incapable of correctly estimating the heading
and dimension of detected vehicles. In this work, we combine
the state-of-the-art vision-based instance segmentation algo-
rithm and LIDAR-based vehicle segmentation, which further
improves heading and dimension estimation.

III. SEMANTIC ENHANCED VEHICLE SEGMENTATION

Accurately segmenting LIDAR data points is crucial for
the perception system of an autonomous driving vehicle.
Over-segmentation will mislead the tracking process, as
multiple observations can be associated with one con-
firmed track. The ambiguity in data association prevents the
Bayesian filter from converging, which gives inaccurate ve-
hicle states to decision making and motion planning. In this
section, we explain in detail how semantic information from
vision enhances the conventional 2D spatial segmentation
algorithm in planar LIDAR.

A. Vision Based Object Segmentation and LIDAR Point
Projection

The performance of vision-based object detection and
semantic segmentation results has increased dramatically
recently, due to the application of deep convolution net-
works. Mask R-CNN is a parallel deep instance segmentation
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Fig. 2: Example of our proposed semantic enhanced method. (a) The ground truth segmentation on 2D planar LIDAR. (b) Over-segmentation case of 2D
spatial segmentation algorithm. (c) Under-segmentation and over-segmentation caused by Mask R-CNN. (d)(e) Combined LIDAR and camera information

applying our fusion method

framework which can simultaneously predict the class label,
bounding box and pixel-wise classification of all objects in
an input image [11]. The main contribution of Mask R-CNN
is applying a Fully Convolutional Network (FCN) to the
Region of Interest (ROI), which generates a pixel-wise mask
in parallel with the object classification branch and bounding
box regression branch. We take advantage of the joint object
detection and segmentation ability of Mask R-CNN to detect
and segment vehicles using a LIDAR-synchronized camera.
The semantic segmentation result regions indicate the occu-
pancy of vehicles in the image plane. A sample result of
Mask R-CNN vehicle detection and segmentation from an
on-road camera image is shown in Fig. 3a. To associate the
LIDAR points in 3D world coordinates with pixels in the
image, we project the LIDAR points onto the corresponding
image using calibration matrices. By applying an instance
segmentation method and geometry projection of the LIDAR
points in world coordinates, we can generate the semantic
segmentation of each object in terms of LIDAR points. The
result of Mask R-CNN and LIDAR semantic segmentation
is shown in Fig 3b.

B. 2D Spatial Segmentation in LIDAR Bird’s-Eye View

In sparse LIDAR data without sequence information, a
K-D tree-based adaptive segmentation algorithm has been
shown to be an efficient method for low-dimensional cluster-
ing [2]. In this method, 2D spatial information is considered
to build up a K-D tree with LIDAR points as leaves.
The range factor r is controlled by the distance between
the LIDAR sensor and the object, as the angle resolution
grows with the scanning distance. The algorithm purely
segments all the data points from 2D coordinates into clusters
which represent objects in the real world without additional
heuristics on the number or shape of the objects.

C. Fusion of LIDAR segmentation and Vision Semantic

In 2D spatial segmentation, the performance is limited by
the over-segmentation caused by the occlusion of different
objects as well as limited vertical FOV and quality of LIDAR
data. One example is shown in Fig. 2b, where vehicle 1
has been over-segmented into two sub-clusters k; and ko,
caused by the occlusion of object ol. However, vision-
based semantic segmentation and LIDAR point projection,
as we described in III-A, suffer from ambiguity caused by

inaccurate mask boundaries. As shown in Fig. 2c, vehicle
1 is under-segmented by the semantic information, which
merges oo into the cluster. In this section, we introduce
a novel optimization-based fusion method to solve these
problems. To further improve the segmentation accuracy and
estimate the vehicle heading, we propose a modified T-
linkage RANSAC outlier removal algorithm as shown in 2e.

By applying 2D spatial segmentation in Section III-B, we
obtain a list of N clusters defined as K, where a particular
cluster in the list is k, (spatial cluster). We define the
clustering result of semantic-based LIDAR segmentation in
Section ITI-A as S and a cluster in the list as s,,, (semantic
cluster), where m € {1..., M}. We define an association
matrix A, which is a square binary matrix indicating whether
two spatial clusters belong to one object. We define 3 as the
merging threshold of two spatial clusters. The optimization
problem can be summarized as follows:

N N
Maximize ZZAU
i=1j=1 (1)

Subject to Aij = l(kiUkj)ﬁSmZﬁ Z,] = 1, .. .,N
Aij € {0,1}

However, due to the inaccuracy of the mask and ambiguity
on the mask boundary, some clusters of scanning points in
the background or from nearby obstacles might be merged
into the vehicle segments. A sample result is shown in Fig.
2c. This under-segmentation of vision semantics leads to an
outlier, which misleads the vehicle dimension and heading
estimation. To solve this problem, we introduce a modified
T-linkage RANSAC algorithm with model-based iterative
outlier rejection. The conventional T-linkage RANSAC al-
gorithm [22] makes no assumption on the number of lines.
Instead, it assumes that all the outliers are minority and
distributed uniformly [23]. However, in planar LIDAR small
clusters are sometimes reasonable inliers and relatively large
clusters might be outliers caused by inaccurate vision under-
segmentation. Therefore, we apply model-based iterative
outlier rejection techniques to the the T-linkage algorithm.
The proposed outlier rejection algorithm iteratively merges
line segments C; and C; together to form a vehicle model
based on a distance metric. The algorithm is shown in Alg.
1.



(a) Object detection and semantic segmentation result using Mask R-CNN.
The bounding box, object category and corresponding mask are shown in

the figure.

(b) Semantic segmentation result of LIDAR points for each vehicle. Points
are selected within each segmentation region and clustered together.

Fig. 3: Sample results of Mask R-CNN and vision-based semantic segmentation of planar LIDAR points.

Algorithm 1: Model-based iterative outlier rejection
algorithm

Algorithm 2: T-linkage RANSAC for vehicle heading
estimation with model-based iterative outlier rejection

Input : A list C of lines
Output: Object segmentation
1 while (d < ¢) do
2 | Findi,j:d=argmin, ; dist(CF,CF);
3 C; = merge(C5, Cj);
4 C.delete(Cj);
5 end

We choose to use ’line’ as the model hypothesis of the T-
linkage algorithm, according to the appearance of the vehicle
in the planar LIDAR scan. We can represent each point in the
previous fused segment V' by a preference vector based on a
set of randomly generated line hypotheses H. Each element
in the preference vector refers to the Euclidean distance
of point v; from line hypothesis h;. We define P as the
preference matrix with each column representing a point.
The similarity of two points is calculated by the Tanimoto
distance [24]. Similar points are clustered together into line
segments C; and the corresponding preference vector of
the cluster is updated. We fit a rectangle model of each
segment to estimate the dimension and heading of vehicle.
One example of the outlier removal algorithm is shown in
Fig. 2e. The overall T-linkage RANSAC algorithm with the
model-based iterative outlier rejection algorithm is shown in
Algorithm 2.

IV. EXPERIMENTAL RESULTS

In this section, we compare the performance of our
proposed method with planar LIDAR-based vehicle seg-
mentation method and vision-based method, using reduced-
resolution KITTI LIDAR dataset [25] and our Cadillac SRX
dataset.

Input : Fused cluster V
Output: Fitted Rectangle and vehicle Heading
SizeV = V .length();
H = HypoGenerator(hypoModel, 8 x SizeV, V),
for (h; € H) do

for (v; € V) do

| R(i,5) = dist(hi, v;);

end
end
P = zeros(R.size());
index = find(R < ¢);
P(index) = Gaussian(R(index), €);
C = zeros(sizeS);
while (> P(:,4) L P(:, 7)) do

Find

p,q : dr(p,q) = argmin, ; disty(P(:,4), P(:, j));

14 C = Merge(C, p, q);
15 [C, P] = Update(P, V, C);
16 end
17 C = outlierRejection(C, V);
18 RectangleFitting(C, V);
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A. KITTI Dataset Preprocessing

The Velodyne HDL-64E is a 64-channel, 360° FOV LI-
DAR sensor with adjustable data update rate. Unlike the
planar LIDAR that are installed at the bumper height of
the SRX, Velodyne LIDAR are usually mounted on top of
the vehicle. The powerful Velodyne sensor has a horizontal
angular resolution of around 0.09° and 26.8° of vertical
FOV with approximate 0.4° angular resolution. To reduce
the resolution of the dense KITTI Velodyne data, we select
data points 0.8 m to 1.0 m below the center of the Velodyne
sensor. In this way, the reduced-resolution Velodyne data
have similar point cloud features to the planar LIDAR. We
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Fig. 4: Sensor integration of CMU Cadillac SRX. The sensors are FLEA
camera, Radar and LUX LIDAR [5].

TABLE I: Performance comparison of 2D spatial segmentation and pro-
posed Semantic Enhanced spatial segmentation over different categories of
vehicles on pre-processed KITTI dataset. For precision and recall, we use
a LIDAR point-wise metric.

Methods Metric Car Truck Van Overall

2D Spatial precision  0.998  0.930  0.995 0.995
recall 0.927  0.720 0.926 0.918

2D IOU 0371 0250 0.402 0.376

Semantic Enhanced  precision  0.993  0.879  0.998 0.987
recall 0975 0.852  0.969 0.968

2D IOU 0444 0412 0.461 0.448

also use the RGB images to obtain semantic information.

B. Cadillac SRX autonomous vehicle and Dataset

CMU’s autonomous vehicle testing platform is a Cadillac
SRX equipped with six planar IBEO LUX sensors, which
provide a 360° field of view (FOV) of the surrounding envi-
ronment [5]. The LUX LIDAR sensor has a horizontal FOV
of 85° with 0.125° angular resolution and vertical FOV of
3.2° with four horizontal planes separated by 0.8°vertically.
To capture the front view of the vehicle, a FLEA camera
is mounted under the rear-view mirror with a FOV of 36°,
and is synchronized and calibrated with LIDAR. A detailed
illustration of the sensor installation is shown in Fig. 4. We
drove the SRX platform around the main CMU campus in
Pittsburgh to collect urban traffic data.

C. Performance on Reduced-resolution KITTI LIDAR

Dataset

We reduce the resolution of the KITTI LIDAR data to
approximate the scenario in which a planar LIDAR is being
used. We evaluate our proposed method on the reduced-
resolution LIDAR bird’s-eye view from the KITTI dataset
and compare with previous methods. We compare the point-
wise precision and recall of LIDAR point segmentation,
as well as the 2D intersection over union (IOU) of the
ground truth bird’s-eye segmentation bounding box with the
actual footprint of the vehicle. In Table I, the previous 2D
spatial segmentation method achieves an average precision
and average recall of 0.995 and 0.918. In this case, the
previous method has a low performance in recall, which

TABLE 1II: Average-Absolute-Heading Error (AAHE) of vision-based
method, 2D spatial segmentation and proposed Semantic Enhanced segmen-
tation over different categories of vehicles on pre-processed KITTI dataset.
RGB images are used as input for Deep3DBox.

©) Method Car Truck Van  Overall
AAHE Deep3DBox [12] 772 1079  9.08 8.26
2D Spatial 6.67 4.16  4.53 5.92

Semantic Enhanced  5.94 2.26 4.17 5.26

is caused by over-segmentation. By applying our semantic
enhanced segmentation method, we achieve a 0.968 recall,
which is much better than previous 2D spatial segmentation
with a slight decrease in precision. The drop in precision
is mainly caused by the corner cases when outliers are
considered in the line model.

To compare the results with the 2D spatial segmentation
method in detail, we also provide the precision and recall
based on vehicle type. For the vehicle type truck, the 2D
spatial segmentation method only achieves a recall of 0.720,
since it is difficult for the planar LIDAR to capture the
truck’s whole shape. In all, we achieve a 5% increase for
the car and van vehicle types and a 14% increase for the
truck vehicle type. In Table II, we compare the AAHE of the
2D spatial segmentation method and the proposed semantic
enhanced segmentation method. The proposed method im-
proves the performance of overall AAHE by 11%. For the
truck category, we even achieve a 45% increase. In compared
with the single vision-based method Deep3DBox [12], our
method achieves a 36.42% improvement in overall AAHE.
Our method outperforms Deep3DBox in the Truck and Van
categories by around 79% and 54% for heading estimation.

We also compared the 2D IOU of the 2D spatial segmen-
tation algorithm and single vision-based method Deep3DBox
with the proposed semantic enhanced LIDAR segmentation
method at different distances. As the reduced-resolution
LIDAR has a lot of occlusions at far distances, its 2D 10U
performance decreases with distance. However, our semantic
enhanced LIDAR segmentation method helps to achieve a
better 2D IOU compared to 2D spatial segmentation methods
at far distances. Compared to the Deep3DBox, the proposed
method performs better at short distances which are more
crucial than far regions, as we need more accurate dimension
and location information of nearby obstacles for decision
making and motion planning. The result is shown in Fig.
5. All these results indicate a better prediction in vehicle
dimension and heading estimation by applying the proposed
semantic enhanced method.

D. Performance on Cadillac SRX Dataset

We also compare our proposed semantic enhanced LIDAR
segmentation method with a 2D spatial segmentation algo-
rithm on the Cadillac SRX dataset. To evaluate the LIDAR
point-wise segmentation accuracy, we compare the precision
and recall by a point-wise metric. For our semantic enhanced
method, we achieve a 3% increase in recall with slight
decrease in precision. A better segmentation can boost the
performance of vehicle heading and dimension estimation.
Our semantic enhanced segmentation method achieved a
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Fig. 5: Comparison of 2D IOU of LIDAR-based 2D spatial segmentation,
vision-based Deep3DBox method and our proposed semantic enhanced
LIDAR segmentation method with different distances from ego-vehicle to
surrounding vehicles. We provide a comparison on all vehicles as well as
the particular vehicle category "Car’.

TABLE III: Performance comparison of 2D spatial segmentation and
proposed Semantic Enhanced segmentation on Cadillac SRX dataset.

Methods(Overall) Precision  Recall 2D IOU AAHE (°)
2D Spatial 0.997 0.896 0.256 6.48
Semantic Enhanced 0.992 0.923 0.357 4.79

0.357 2D 10U, compared with 0.256 for the 2D spatial
segmentation method. We also improved the AAHE of
vehicle heading estimation from 6.48° to 4.79°. The results
are shown in Table III. The comparison results show that our
proposed semantic enhanced LIDAR segmentation algorithm
performs better than the 2D spatial segmentation method on
planar LIDAR.

V. CONCLUSION

In this paper, we propose a semantic enhanced LIDAR
segmentation method with a modified T-linkage RANSAC
outlier rejection algorithm. The proposed method solves
the over-segmentation caused by the limitations of 2D spa-
tial segmentation algorithm. The outlier rejection algorithm
removes the outliers and ambiguities of the vision-based
semantic mask. The proposed method is tested on a reduced-
resolution KITTI LIDAR dataset as well as our own dataset.
We achieved improvement in 2D IOU and average absolute
heading error estimation (AAHE) on the reduced-resolution
KITTT dataset as well as our Calldilac SRX dataset. Further
work will be solving corner cases by improving outlier
removal. We will also consider explicit occlusion reasoning.
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