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Abstract: Addressing on the issues like varying object scale, complicated illumination conditions, and lack of reliable
distance information in driverless applications, this paper proposes a multi-modal fusion method for object detection
by using convolutional neural networks. The depth map is generated by mapping LiDAR point cloud onto the image
plane and taken as input data together with the RGB image. The input data is also processed by the sliding window
to reduce information loss. Two feature extracting networks are used to extract features of the image and the depth
map respectively. The generated feature maps are fused through a connection layer. The objects are detected by
processing the fused feature map through position regression and object classification. Non-maximal suppression is
used to optimize the detection results. The experimental results on the KITTI dataset show that the proposed method
is robust in various illumination conditions and especially effective on detecting small objects. Compared with other
methods, the proposed method exhibits integrated advantages in terms of detection accuracy and speed.
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Fig. 1 Framework of the proposed method
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Table 1 The parameters of the feature extraction network

Stage Kernel Resolution Channel

1(Stem) Conv,3x3 416x416->208x208 32
2(Block1) Conv,3x3 208x208->208x208 16
3(Block2) Conv,3x3 208x208->104x104 24
4(Block3) Conv,5x5 104x104->52x52 48
5(Block4) Conv,3x3 52x52->26x26 88
6(Block5) Conv,5x5 26%26->26x26 120
7(Block6) Conv,5x5 26%x26->13x13 208
8(Block?) Conv,3x3 13x13->13x13 352
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Fig. 4 Structure of the object detector
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Table 2 Performance comparison of different algorithms on the KITTI dataset

mAP/ Car Pedestrian Cyclist Times/
Methods Data
% Easy Moderate Hard Easy Moderate Hard Easy Moderate Hard (s/F)
Faster-RCNN Image 70.26 87.90 79.11 70.19 71.41 62.81 55.44 78.35 65.91 61.19 0.23
YOLOV3 Image 56.75 88.71 74.40 65.58 67.23 49.47 44.99 50.88 36.89 32.64 0.027
VoxelNet LiDAR 50.99 77.47 65.11 57.73 39.48 33.69 31.51 61.22 48.36 44.37 0.23
Image+
MV3D . 62.85 71.09 62.35 55.12 0.36
LiDAR
X Image+
F-PointNet LR 82.94 95.85 95.17 85.42 89.83 80.13 75.05 86.86 73.16 65.21 0.16
i
Image+
AVOD LIDAR 62.15 95.17 89.88 82.83 50.90 39.43 35.75 66.45 52.60 46.39 0.08
i
Ours Image+
. . 60.29 90.01 82.40 73.58 69.23 48.45 44.95 55.18 41.59 37.32 0.017
(No sliding) LiDAR
Image+
Ours LIDAR 70.12 92.51 86.90 79.52 81.91 66.37 48.45 73.22 58.93 43.30 0.087
i
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TEHRAS Y Faster-RCNN $2iT ARSI B2 (4 [R] s, 4G
HEERIERET . 528 B4R & 7% F-PointNet
LA, FilRg RE_ B, (ARSI B BT, 25
TR ARSI T AN 5 R 0 R )P

AT, ARSCITIETE Easy . Moderate, Hard
Y5 % Car, Pedestrian Fl Cyclist [1)F-$476: A% 5 43
Bl 82.55% , 70.73% 1 57.09% , Bt EFERT 0.087 s,
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9.37%; X kb T ek X uk ) Faster-RCNN, FilAg fE
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21.68%F1 12.56% ; X b A5 245 B fal & A RS I
AVOD, Kl EE 3 HETE 11.70% . 10.10%F1 2.12%.
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Fig. 12 Comparison of the P-R curve between our method and YOLOV3. (a) Our method; (b) YOLOv3
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Result of multimodal data fusion detection method (Right side)

Overview: Autonomous vehicles are equipped with cameras and light detection and ranging (LiDAR) for obstacle de-
tection. Cameras can provide dense texture and color information, but the nature of the passive sensor makes it vulner-
able to variations in ambient lighting. LIDAR can get accurate spatial information and is not affected by seasons and
lighting conditions, but the point cloud data is sparse and distributed non-uniformly. Single sensor cannot provide sat-
isfactory solution for task of environment perception. Fusion of the two sensors can take advantage of the two modali-
ties of data, improving the robustness and accuracy. In recent years, convolutional neural networks (CNNs) have
achieved great success in vision-based object detection and also provide an efficient tool for multi-modal data fusion.
This paper proposes a novel multi-modal fusion method for object detection by using CNNs. The depth information
provided by LiDAR is used as additional features to train CNNs. Disordered and sparse point cloud is projected onto
the image plane to generate the depth map which is processed by a depth completion algorithm. The dense depth map
and the RGB image are taken as the input of the network. The input data is also processed by sliding the window to re-
duce information loss caused by resolution mismatch and inappropriate aspect ratio. We adopt EfficientNet-B2 as
backbone network of feature extraction, data fusion, and detection. The network extracts respectively the features of the
RGB image and the depth map and then fuses the feature maps together through a connection layer. Followed by 1X1
convolution operation, the detection network uses feature pyramid to generate three scales of feature maps and esti-
mates objects through position regression and object classification. Non-maximum suppression is used to optimize the
detection results for all sliding windows. The output of the network contains information about location, class, confi-
dence and distance of the target. The experiments were conducted on the KITTI benchmark dataset by using a work-
station equipped with 4-core processor and 11 GB NVIDIA 1080Ti GPU and Pytorch neural network framework. By
quantitatively analyzing the single-frame inference time and average precision (mAP) of different data modality detec-
tion methods, the experimental results show that our method achieves a balance between detection accuracy and detec-
tion speed. By qualitatively analyzing the performance of different detection methods under various scenarios, the re-
sults show that the proposed method is robust in various illumination conditions and especially effective on detecting
small objects.
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