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Reliable ego-vehicle motion measurement is a key component to guarantee stable and safe autonomous driving algorithms. Compared with visual-based localization, LiDAR
has higher accuracy and better stability. In this work, we
propose a novel technique for ego-motion estimation based
on approximating the motion between clusters in pairs of
consecutive point clouds. This, in turn, allows a good estimation of the car’s ego-motion and to an automatic detection of moving objects, where both tasks are very important
in autonomous driving. Our strategy possess the following
two important properties: (i) it is computationally efficient
and thus applicable for real-time system; (ii) it does not require expensive annotated data as it is unsupervised.

1. Introduction
Estimating 3D position and orientation of a mobile platform is a fundamental problem in 3D computer vision, as it
provides important navigation information for autonomous
driving. Mobile platforms usually collect real-time information from the environment using on-board sensors such
as LiDAR, Inertial Measurement Units (IMU), or cameras,
to estimate their motions. LiDAR can obtain robust features
of different environments as it is not sensitive to lighting
conditions, and it also acquires more accurate distance information than 2D cameras. Thus, developing an accurate
and robust real-time ego-motion estimation is desirable and
often a crucial part in the perception layer.
Classic point cloud based global registration methods
use pose estimation strategies such as Normal Distributions
Transform (NDT) [2], Iterative Closest Point (ICP) [1, 8]
and LOAM [10], which often fail in real driving scenes due
to significant portion of moving objects within the field-ofview of the sensor and large variation of points densities
at different distances in the scene. Other approaches, which
are based on supervised learning and rely on 3D point cloud
data, e.g., [6, 7, 9], suffer from high computational complexity (or high latency) and from the need for expensive
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Figure 1. Ego-vehicle motion estimation pipeline.

accurate ground-truth data.
The main contributions of this work are: i) A novel scanto-scan ego-motion estimation, which simultaneously provide the vehicle ego-motion and the movement model of the
moving entities within the view of the LiDAR (our method
can be considered in some sense as calculating a 3D rigidobjects scene flow); and ii) Our approach is unsupervised
and does not rely on expensive ground-truth data collection.

2. Our Approach
The main idea behind our approach is calculating the
motions in a given scene by analyzing the motion between
matched clusters in a pair of consecutive LiDAR scans.
Fig. 1 summarizes our scheme. We first apply a method for
ground removal and clustering, which significantly reduces
the point-cloud data into a more compact and efficient representation. Then, clusters between two scans are associated to each other based on their descriptors. The matching
between clusters is used both for detecting and removing
moving objects in the scene, and for the ego-motion estimation. Once these are calculated, the moving object rejection
may be refined and the whole process may be iterated. Next,
we give more details on each stage.
Clustering. To segment the point-cloud into rigid entities, the method in [3] is used. Based on the angle between
the LiDAR and scanned points, the ground is removed and
a (iterative) clustering is performed to the remaining points.

Clusters Association. This stage matches corresponding clusters between the two consecutive frames. For each
cluster, a geometrical descriptor consisting of the first and
second order moments of the points in the cluster is calculated. The matching is done using a Nearest Neighbors (NN) algorithm with `2 -norm between the clusters descriptors. Moreover, assuming that the ego-motion cannot
change drastically from the previous frame, we are using the
previous ego-motion result to update the point cloud before
calculating the descriptors.
Local Transformation per Cluster. This part estimates
the transformation TBA ∈ SE(3) between pA and pB (the
point clouds of frames A and B), such that pB = TBA pA .
The registration of each pair is done using (per point) local
features correspondence combined with gradient descent.
Clearly, a representation that exploits the surface spatial
smoothness could be more robust and compact. For example, straight surfaces such as traffic signs or sign gantries
could be describe with only three parameters. Also, even
more sophisticated representations, e.g., [4], can be used.
We defer these directions to a future work.
Moving Objects Rejection. As mentioned before, for
any realistic driving scenario, some of the clusters may belong to moving entities. Thus, these clusters should be
ignored when estimating the ego-vehicle movement. To
this end, we use the previous ego-motion estimation as a
prior for the possible ranges in the transformations of nonmoving objects.Fig. 3 gives an example of identified moving objects.
Ego-Motion Calculation.
Following the movingobjects removal, we calculate the ego-vehicle transformation using the remaining static objects. Currently, this calculation is done using the same registration approach used
for local clusters. Moreover, the point cloud is uniformly
sampled in order to avoid a bias toward denser regions.
Computational complexity. It was shown in [3] that
ground removal and clustering runs at 74 Hz fps on a mobile
platform. As the rest of the pipeline processes at most an
order of tens of clusters, it adds a negligible run-time cost.

3. Experiments
We evaluated our approach on the odometry data set
of the KITTI Vision Benchmark [5], where we used the
provided point clouds from the Velodyne HDL-64E. Fig.2
compares the algorithm results to the ground-truth on an
entire sequence for 2D and 3D trajectories. In addition to
the KITTI challenge metrics, we have analyzed our algorithm based on the relative pose error between ∆ consecutive frames. We define trans.err∆ and rot.err∆ as the
translation and rotation errors with respect to the groundtruth relative transformation between these ∆ frames.
In Table 1, the translation and rotation errors are calculated for several values of ∆. For operational require-

Figure 2. Trajectory plots of KITTI Seq. 07 with ground truth 2D
(left) and 3D (right).

Figure 3. Example of the moving object rejection output.

Figure 4. Average translation errors vs. ground-truth speed.
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Table 1. Average translation and rotation errors as a function of ∆.

ments, the results indicate that a separation between static
and moving object can be done for any object at speed above
approximately 1 km/h. In addition, Fig. 4 describes the
translation error vs. the vehicle ground-truth speed. It can
be seen that the mean and std of the translation and rotation
angles errors remain relatively stable for the measured vehicle speeds and they are no more than 3 cm and 0.2 degrees
correspondingly.

4. Conclusion
In this paper, a cluster based approach for ego-motion
estimation using a LiDAR sensor is proposed. The strength
of our approach is that it distinguishes between static and
moving entities. It can be also used to calculate the more
challenging problem of 3D scene flow of rigid-objects. An
important property of our method is that it is highly efficient
and suitable for real time platforms.
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