A Real-Time Semantic Segmentation of Sparse LIDAR Point
i Clouds using SqueezeSeg and Recurrent CRF

ROBOTICS
INSTITUTE : :
Ingrid Navarro Anaya, ITESM, Dr. Luis E. Navarro-Serment, CMU
MOthﬁthn d Up-sampling (Fig. 3). Increase vertical density of a sparse point cloud RETET, Unknown
2 The use of Deep Learning approaches for semantic segmentation of by generating 32-ring point clouds from 16-ring using interpolation. —po S —p
sparse LIDAR Point Clouds has not been fully explored. d Analyze if up-sampling would improve prediction maps without AR
d High levels of sparsity in the data makes it difficult to interpret undermining the prediction time per scan.
object structure d Analyze if the model is able to respond robustly against noise
d Our goal is to develop a real-time semantic segmentation system for that might be introduced through the interpolations.
highly sparse 3D point clouds using a lightweight CNN called
SqueezeSeg [1] with Recurrent Conditional Random Fields (CRF). Unknown

. Ground
Car

Approach

[ Our focus is to address semantic segmentation in point clouds collected
from LIDAR scans with sparse vertical density.

Fig 5: Predictions on 32-ring point clouds and 16-ring point clouds
d Classes of interest: car, pedestrian, cyclist and ground.

d Sensor: Velodyne VLP-16
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- For each experiment, 3 In general, we achieve high ground-classification performance.

- we perform end-to-end training, Our results for the car class are comparable to the results in [1].

[
d we evaluate if using Recurrent CRF allows to refine predictions. a In all of our results, we achieve high recall scores.
[

- we compare precision, recall, IoU and prediction time. Finally, there is room for improvement concerning the results

using Conditional Random Fields.

Results

Fig.1: Original point cloud (left). Point cloud after estimating the ground (right).
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d To obtain sparse point clouds from [2], we explored two methods: the Dowrﬂjslfggling
down-sampling and the up-sampling method.
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Table 1: Down-sampling method performance on the validation set.
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dJ Explore the capabilities of the network in unstructured environments.
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Fig. 2: Original 64-ring LIDAR scan (left) vs down-sampled 16-ring scan (right) Table 3: Performance on the original dataset.
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