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Abstract

This paper presents the novel approach of a Multiple Object Detection (MOD) system for an autonomous car. Our development is
based on time-series data and is an extension of a state-of-the-art MOD system called “Faster R-CNN.” The experiments focused on
the KITTI dataset, which is recorded in real-driving conditions in a city, rural areas and highways. In our approach, the model is able to
take into account temporal information that is provided by previous frames. The results show an improvement in performance while

the computational cost is kept almost the same.
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Fig. 1 Faster R-CNN architecture
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Table 1 Comparison between R-CNN and Faster R-CNN
Dataset : PASCAL-VOC 07,
GPU : NVIDIA GeForce GTX1080 1D

Method R-CNN Faster R-CNN
speed 0.5 fps 5 fps
MAP 66.9 % 69.9 %
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Fig. 2 Temporal Faster R-CNN architecture
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+ Learning rate : 0.005

- Learning rate step: 30000 iterations PAR, 0.1F%

+ Training input scales: [400, 600, 800, 1000]

- Maximum width: 2000

+ Testing scale: 600

- Iteration: 90000
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Table 2 MAP on KITTI MOD mini-val of car class

= Easy Moderate Hard
Mono Frame SQN 80.47 % 68.63 % 56.43 %
Multi Frames SQN 83.23 % 73.31 % 60.06 %
Mono Frame VGG 93.96 % 78.67 % 67.94 %
Multi Frames VGG 91.93 % 78.32 % 68.23 %
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Table 3 MAP on KITTI MOD mini-val on pedestrian class

HITE Easy Moderate Hard
Mono Frame SQN 55.07 % 45.53 % 42.75 %
Multi Frames SQN 77.41 % 63.46 % 58.32 %
Mono Frame VGG 88.09 % 70.30 % 61.99 %
Multi Frames VGG 86.43 % 68.86 % 61.58 %
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Table 4 MAP on KITTI MOD mini-val on cyclist class

A7)k Easy Moderate Hard
Mono Frame SQN 40.95 % 34.90 % 32.87 %
Multi Frames SQN 51.59 % 43.29 % 40.54 %
Mono Frame VGG 61.51 % 49.67 % 46.18 %
Multi Frames VGG 63.22 % 52.95 % 50.15 %

FE5FR BT L—A LT T L — ABOMBLEE
Table 5 Speed using mono or multi-frames
(GPU : NVIDIA GeForce GTX1080)

NITRE VGG SQN
Mono Frame 3.90 fps 10.75 fps
Multi Frames 3.69 fps 9.52 fps
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