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Build a Multi—-Sensor Dataset for Autonomous Driving in
Adverse Weather Conditions
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Abstract: Sensor dataset for autonomous driving is one of the essential components as the deep
learning approaches are widely used. However, most driving datasets are focused on typical environ-
ments such as sunny or cloudy. In addition, most datasets deal with color images and lidar. In this
paper, we propose a driving dataset with multi-spectral images and lidar in adverse weather conditions
such as snowy, rainy, smoky, and dusty. The proposed data acquisition system has 4 types of cameras
(color, near-infrared, shortwave, thermal), 1 lidar, 2 radars, and a navigation sensor. Our dataset is the
first dataset that handles multi-spectral cameras in adverse weather conditions. The Proposed dataset is
annotated as 2D semantic labels, 3D semantic labels, and 2D/3D bounding boxes. Many tasks are
available on our dataset, for example, object detection and driveable region detection. We also present
some experimental results on the adverse weather dataset.
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[Fig. 1] Data acquisition in adverse condition (examples of
snowy and smoky conditions)
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[Fig. 2] Sensor configuration with minimum gap of multiple
sensors: 4 imaging sensors, 1 lidar and navigation sensors. 2
radars are installed on the vehicle
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[Fig. 3] Vertical field of view of sensors: (a) lidar FOV is
vertically 40° and horizontally 360°, (b) vertical FOV of four
cameras are similar with about 65°
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<Receive the data for Synchronization>
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[Fig. 4] Synchronize multiple sensors using lidar rotating angle by analyze packet analysis. Synchronization algorithm is implemented

on a tiny circuit board (Rasberry Pi 3)

(b)

[Fig. 5] Near IR image according to trigger timing;: (a) 0° trigger
timing, (b) 45° trigger timing, When lidar shots forward, the
return of laser affects on near IR image
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[Fig. 6] Fusion of two images using homography matrix (a) NIR to RGB, (b) SWIR to RGB, (c) LWIR to RGB, (d) Crop the common

region after fusing images

[Fig. 7] Projection of point clouds onto RGB image (example in
snowy condition): colored points represents the distance and red
star points are gathered from radar
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[Table 1] Quantitative classification of adverse weather ks A gstofof st HlolEl = A& vlolHE 9A| =
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[Fig. 8] Examples from Our Driving Dataset in various adverse weather conditions. From left to right, we show the RGB, NIR, SWIR,
LWIR, 3D point cloud, and annotations (semantic segmentation and bounding boxes in 2D and 3D). Red star points in point clouds view
represent information from radars

[Table 2] Driving dataset comparison. Aforementioned datasets are compared with our dataset. Annotation frame numbers represent
image frames have 2D bounding boxes or semantic segmentation

Dataset | imgs | PC lidar| radar s;\::tl;;n Ann('zflga)mes sen31a]?1tic b(3)>];)es GPS Night/Raig/(éi(j)I\t:/(/)]gist/Smoke Map | Classes

KITTIM 15k | 15k | 0 0 15k 0 200k | Y N/N/N/N/N N 8
Cityscape™ | 25k 0 0 0 25k 0 0 Y N/N/N/N/N N 30
Waymo®! | 1M | 200k | 0 0 200 k 200k | 12M | Y Y/Y/N/N/N N 23
Argoverse! | 490k | 44k | 0 0 2k 0 993k | Y Y/Y/N/N/N Y 15
nuScenes™ | 1.4M | 400k [13M| 0 40k 40k | 14M | Y Y/Y/N/N/N Y 23
KAIST® | 89k | 89k | 0 8.9k 8.9k 0 0 Y Y/N/N/N/N N 3
Ours 70k | 70k |70k | 70k 70k 4k | 120k | Y Y/Y/Y/Y/Y N 12




[Table 3] Annotation classes for image and point clouds

Classes (12)
Common (11) Specific (1)
Pedestrian, Car, Cycle, Paved
Image Road, Unpaved Road, Sky
Sidewalk, Other Traversable
Point Cloud | Ground, Vegetation, Building, Obscurant
Other Object, Snowed Ground
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(a) RGB Image + G.T. (b) 3D point cloud + G.T.

(¢) YOLO, Clear model (d) CenterPoint, Clear model

(f) CenterPoint, Fine-tuned

(e) YOLO, Fine-tuned

[Fig. 9] Sample of detection results with YOLOV3 and Center
Point algorithms: RGB Image with (a) Ground Truth (red box),
(¢) YOLOV3 Clear model result, (¢) YOLOV3 Fine-tuned model
result (brown box) and 3D point clouds with (b) Ground Truth
(yellow region), (d) CenterPoint clear model result (red regions),
(f) Center Point fine-tuned result (yellow region)
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[Table 4] Quantitative comparison for YOLOV3 algorithm object
detection result (Average Precision, AP) between clear model
(A) and fine-tuned model (B) (Input: RGB images)

All | Sunny | Rainy | Smoky | Snowy | Dust

Model (A)| 11.95 | 43.65 | 5.17 6.27 473 | 14.25

Model (B)| 27.83 | 34.14 | 26.48 | 16.49 | 25.42 | 55.57

[Table 5] Quantitative comparison for CenterPoint algorithm
object detection result (Average Precision, AP) between clear
model (A) and fine-tuned model (B) (Input: 3D point clouds).
We used IOU threshold 0.5 for both bird’s eye view matching
(bev) and 3D bounding matching (3D)

Sunny | Rainy |Snowy | Dust |Smoky | All
(b];’i‘j‘igé‘g?s) 2579 | 1679 | 24.17 | 44.62 | 40.10 | 29.92
(b];’i‘j‘;gé]zg) 55.08 | 45.24 | 34.89 | 59.51 | 59.42 | 53.75
(3“}’;?;‘85&) 2124 | 11.38 | 18.81 | 3686 | 2730 | 22.36
(31\]’;‘,);‘(‘;1[?;)5) 50.78 | 39.93 | 29.53 | 56.63 | 59.00 | 49.40




(a) RGB Image

(c) Clear-weather model (d) Fine-tuned model

[Fig. 10] Sample of results with PLARD and snowy weather
data: (a) RGB Image, (b) Ground truth image, red region is
traversable region labeled by human, (c) Result of the model
trained on clear data, (d) Result of the model trained on adverse
weather data. Green color represents an inferred traversable region
which the probability is over 0.5

[Table 6] Quantitative result (Max F score) comparison of
traversable region detection using PLARD'"?! and LoDNN!*
with between clear model and fine-tuned model. The clear
models are trained on sunny data and the fine-tuned models are
trained on all adverse weather data

Sunny | Rainy |Snowy | Dust |Smoky | All
PL 98.30 | 96.71 | 96.18 | 96.23 | 92.44 | 96.06
(Sunny)
PL 97.94 | 97.81 | 97.12 | 98.34 | 96.26 | 97.96

(All)

LoDNN 92.01 | 74.76 | 78.37 | 87.57 | 80.82 | 84.27
(Sunny)
L(()EEN 92.76 | 81.09 | 83.50 | 97.22 | 83.51 | 89.73
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