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Abstract: [ Objective] In view of the problems of low accuracy and poor generality of monocular ranging in
autonomous driving, a monocular ranging method based on deep learning and regression was proposed.

[ Method] An improved YOLOvV5 object detection algorithm was proposed. First, the K-means++ algorithm
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was used to re-cluster the prior boxes, optimizing the initial cluster centers. Second, an attention mechanism
was introduced into the backbone network, effectively enhancing the feature extraction capabilities.
Meanwhile, the original loss function was replaced with the E-IOU loss function, significantly reducing the
target localization errors. Then, the monocular ranging model was constructed based on the improved object
detection algorithm. The model established several regression equations based on the diagonal lengths of
different detected objects and their real distances from camera, increasing the number of pixels per unit
image, and enhancing the detection precision. Finally, the model used Kalman filtering to integrate vehicle
motion data, achieving the dual-data fusion correction for ranging. [ Result] The detection accuracy of
improved algorithm increases by 0. 68% compared with the original YOLOvS with noticeable reduction in false
positives. The average relative error of proposed algorithm is 3. 67% within the range of 10—100 m, and
3.24% within the range of 30—100 m. The entire algorithm is accelerated by using NVIDIA’ s TensorRT.
The inference speed for a single image reaches 12 ms. That is 5 times faster than that with the unaccelerated
version, and 4 times faster than that with the binocular algorithm. The proposed method achieves optimal
performance in ranging scenarios beyond 30 m. [ Conclusion] The proposed algorithm can meet the ranging
requirements for both intelligent and non-intelligent vehicles with general accuracy needs.
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W/ e SGERE ROAREER SGEEDAR  WENEER SGERUAW EOADEER SR
R/ % PERIRZE/ % R2E/ % BEAYIR 22/ % RZE/ % R ER2E/ % RZE/ %o FEAYIR2Z/ %
10 10.0 8.0 — — 11.76 9.51 9.12 5.21
20 5.65 4.10 — — 12.95 10.32 5.81 2.59
30 4.01 3.33 — — 2. 68 1.94 4.85 3.30
40 3.42 2.67 4.50 4.10 1.26 1.51 1.37 0. 67
50 2.18 1.76 3.96 3.64 3.43 3.16 3.38 2.86
60 1.76 1.0 0. 90 1.11 4.12 3.75 5.7 4.87
70 1.77 1.37 0.71 1.01 3.21 3.34 5.24 3.79
80 1.27 0.70 5.38 4.23 5.07 4.70 4.5 4.05
90 3.20 2.32 7.28 5.94 — — — —
100 — — 1.78 1.79 — — —
120 — — 1.51 1.46 — — — —
140 — — 1. 54 1.48 — — — —
PR 3.70 2.80 3.06 2.02 5.56 4.77 4.99 3.41
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Fig. 8 Real vehicle test flow
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Table 6 Ranging results in partial real vehicle scenarios

AEHEE (kmh) FIHIRZE/ %

T/ — - = -

. AR fAR= 9] (PN HE
20 40 20 40 20 40 20 40
0 9.6 — —  — 13.37 730 —
20 6.30 — — — 9.6 — 510 —
30 231 1.53 —  — 597 3.99 0.60 5.53
40 2,68 4.71 3.97 2.62 3.29 4.21 5.47 1.29
50 3.57 2.26 2.76 1.95 1.17 2.81 4.64 3.9
60 299 2.08 1.66 3.27 432 1.70 6.08 5.43
70 2,71 0.53 2.44 4.83 5.97 4.33 3.51 2.6l
80  2.47 2.47 4.39 1.29 2.47 3.33 2.47 3.37
90 1.40 3.75 1.74 2.55 213 2.17 0.40 1.09
100 1.23 2.37 0.79 1.71 1.29 2.64 1.20 2.66
FHiR2E 3.54 2,46 2,22 2,29 4.96 3.15 3.67 3.24
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