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Image detection and classification of small obstacles in front of vehicles
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(1. School of Information Science and Engineering, Fujian University of Technology, Fuzhou 350118, China;
2. Fujian Key Laboratory of Automotive Electronics and Electric Drive, Fuzhou 350118, China)

Abstract; In view of the small obstacles encountered in the vehicle’ s assisted driving system and the high re-
al-time requirements, an optimized method based on convolutional neural network YOLO image detection algo-
rithm was proposed and the classification counting was added. By establishing a database for images of such
typical small obstacles as small stones and road potholes, which tend to cause vehicle accidents, the images
from the vehicle video were detected and identified by using k-means+ to optimize k value and configure new
anchors for the database. The newly added classification and counting algorithm can obtain test results quickly
and intuitively and realize the goal of rapid driver decision-making. Experimental results show that this method
can effectively detect, identify, classify and count small obstacles such as small stones and road potholes, and
the detection speed also meets the real-time requirements of the system.
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Fig.2 SSE clustering curve
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Tab.1 Anchor values of different data sets
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Fig.3 Setting ROI

L4 HE55%

PEGAGIN H A5 X G2 1 35— i L ] B Dt
4 YOLO v3 nf LIKG I PR b iy A iy g, (H 2
B—IXRABEGE R YOLO v3 Suhi4L,
I, 3 M — R 2 RORE T A e R AR

Counting and classification algorithm

STEP 1. The counter and the count cache are
initialized ; js=0, buf=0

STEP 2. Detect small obstacles byO-YOLO. The
total number and class of objects can be detected.

STEP 3. For i=0 to num
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If (0.03<X_center<0.97 & 0.46<Y_
center<1)
Then js =js+1, copy class name
to buf
End for.
STEP 4. Calculate the number of the same
name and output to the TXT document.
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Fig.4 Dataset of small obstacles in front of a vehicle
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Tab.2 Learning rate’s change strategy
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Fig.5 Loss curve of O-YOLO 416x416
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Tab.3 Test results of 7 models (#=0.25)
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Fig.6 P-R curves of 5 models of O-YOLO
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Tab.4 Test values of precision and recall rate

i ¥/ % HEZE/ % Fl-score/ %
0.10 81 77 79
0.20 85 75 80
0.30 86 73 79
0.40 87 69 77
0.50 88 66 76
0.60 90 62 76
0.70 90 57 70
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Fig.7 Obstacle detection results
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Tab.5 Comparison between test data and real data
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