Journal of Korea Multimedia Society Vol. 22, No. 1, January 2019(pp. 44-54)
https://doi.org/10.9717/kmms.2019.22.1.044

CycleGANS ©] &3t o7} A+3

=t e T+t T ottt Y 5 op s PHHEETE
ZNE", 018", LR, 2™, st ol g

CycleGAN-based Object Detection under Night Environments

THE

Youngbin Kim ',

T

. Tt
Jaemin Na ,
AAAAA

Sangheum Cho'’, Ryong Lee'",

TR

Minwoo Park , Sanghwan Lee , Wonjun Hwang

ABSTRACT

Recently, image-based object detection has made great progress with the introduction of Convolutional
Neural Network (CNN). Many trials such as Region-based CNN, Fast R-CNN, and Faster R-CNN, have
been proposed for achieving better performance in object detection. YOLO has showed the best
performance under consideration of both accuracy and computational complexity. However, these data—-
driven detection methods including YOLO have the fundamental problem is that they can not guarantee
the good performance without a large number of training database. In this paper, we propose a data
sampling method using CycleGAN to solve this problem, which can convert styles while retaining the
characteristics of a given input image. We will generate the insufficient data samples for training more
robust object detection without efforts of collecting more database. We make extensive experimental
results using the day-time and night-time road images and we validate the proposed method can improve
the object detection accuracy of the night-time without training night-time object databases, because
we converts the day-time training images into the synthesized night-time images and we train the
detection model with the real day-time images and the synthesized night-time images.
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Fig. 1. The flow of CycleGAN [1] training procedure for
proposed method,
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Fig. 2. The flow of YOLO [6] training using Generator
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Table 1. The distribution of BDD dataset [9] according
to weather conditions

Training Set Validation Set
Day 36,800 5,258
Night 28,028 3,929
Dawn/Dusk 5,033 778
Undefined 139 35
Total 70,000 10,000
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Fig. 3. The example images of BDD dataset [9]. The top row represents the images of Day time, the middle represents
the Day time images applied bounding box information from annotation of BDD dataset [9], and the bottom
row represents the images of Night time. In the middle row, blue bounding box indicates the location of
Car objects, and green bounding box indicates the location of Person,



Table 2, The distribution of objects included in selected
training set for experiments

Day Night

Car 54,998 45,694

Person 8,986 3,476
Truck 3,079 938
Bus 1,133 378

Table 3, The distribution of objects included in selected
test set for experiments

Day Night

Car 32,785 27,421

Person 5,606 2,156
Truck 1,789 576
Bus 668 239
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Fig. 4. The result of image translation using CycleGAN [1]. The upper row shows the original Day time image, and
the lower row shows the image converted from Day to Night,
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Fig. 5. The histograms of pixel values after conversion using CycleGAN [1]. The leftmost column is the original
converted image, and the right shows the corresponding B, G, R pixel histograms of the converted image.
The above two images have a problem during the conversion, and the below two images are cases that
are converted well,
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Table 5. The detailed performances according to different classes at the proposed method
Test (mAP)
Training Day Night

Car Bus Truck Person Car Bus Truck Person

Day 4574% | 25.40% | 24.78% | 19.16% | 33.22% | 15.96% | 14.32% | 13.05%

Day + Night 4471% | 28.65% | 27.31% | 18.44% | 41.40% | 26.84% | 22.73% | 16.26%

Day + Night(Converted) | 13 090/ | 93700; | 974005 | 184206 | 3334% | 2624% | 2064% | 13.38%

(Proposed Method)
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Fig. 6. The example results of the proposed method. Left images are results of YOLO algorithm trained using only
Day class data, and right images are results of YOLO algorithm trained using Day class and synthesized
Night class data, By the proposed method, YOLO can detect undetected objects such as a bus or cars under

the night time,
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