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Abstract:
attention adaptive pyramid network (FAAP-Net) , is

A traffic target detection algorithm, fusion

proposed to address the issues of slow speed and low
accuracy in traditional vehicle detection techniques,
significantly reducing the occurrence of traffic accidents.

To mitigate computational complexity, a lightweight

Wk HiM . 2023-08-28

complementary pooling structure (CPS) is designed,
employing two sets of different pooling combinations in
width and height, which maintains a high precision while
significantly reducing the floating point operations per
second (GFLOPs) and the parameter count of the
network. Addressing the information loss during
intelligent traffic system feature map generation, the
adaptive fusion feature pyramid network (AF-FPN)
incorporates the adaptive attention module (AAM) and
the feature enhancement module (FEM) to integrate
shape features for vehicle detection. Lastly, to address the
weak representation of vehicle detail features, a channel-
wise grouped attention (SA) mechanism is introduced,
enhancing the focus of the backbone network on various
vehicle detection details and effectively extracting
significant features. The experimental results on the
BDD100K dataset demonstrate that the FAAP-Net
algorithm achieves a notable improvement, increasing the
average precision from 30.3 % to 43.7 %.
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Tab.1 Experiment of configuration state
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Tab.2 Comparison of different modules for BDD100K
S2¥; CPS  AF-FPN  SA  REHIEE/ % BEIZ4G/10°
1 X X X 38.23 39.26
2 N X X 37.43 22.58
3 X N/ X 40. 32 39.97
4 X X N/ 39.89 39.53
5 N N/ X 41.88 23.29
6 N X N/ 41.29 22.85
7 X N N 42. 40 40. 24
8 N N N 43. 69 23.56
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Fig.1 Loss curve and accuracy plot of training process
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Fig.3 FAAP-Net accuracy and logarithmic average miss detection rate of improved algorithm
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Tab.3 Detection results comparison of different algorithms on BDD100K dataset
Ik KR/ % RIS R /100 s /107 i /s~
SSD 37.89 35. 87 38. 47 30. 53
Faster RCNN 30. 30 145. 16 195. 32 9.67
YOLOv3 38.23 65. 89 38.76 22.60
YOLOv4 37.43 68.78 35. 26 24.43
YOLOvVS 40. 25 52.46 60. 67 40. 50
YOLOX 39. 17 58. 97 78. 64 38.85
YOLOvV7 39.98 39.43 55.75 39. 33
YOLOvVS 41. 32 15.16 25.89 52.01
DETR 40. 68 39. 98 63. 64 53.79
FAAP-Net 43.69 23. 56 24. 67 54. 74

#*4 A REEXEBDDI00K ##FEE_ &R HHE ML R3F L

Tab.4 Comparison of detection results across various classes on BDD100K dataset of different algorithms

. KRB/ %
ME A%E A A% FE KL k% BT G OET P

SSD 60. 75 51.56 39.29 34.23 50. 11 28.98 0 29.58 51.05 32.35 37.89
Faster RCNN 50. 12 40. 58 30. 52 31.56 41.48 28.25 0 27.78 48.54 4.17 30. 30
YOLOvV3 52.14 49.99 42.79 34.68 50. 06 32.23 0 32.42 71.31 16. 68 38.23
YOLOv4 51.68 45. 88 39.18 33.95 50. 15 30. 86 0 31.65 67. 36 23.59 37.43
YOLOvS 58. 40 50. 05 40. 59 33.54 51.37 29.65 0 29.80 68.85 40. 25 40. 25
YOLOX 60. 85 50. 89 41.48 33.28 52.40 30.48 0 30.59 80. 66 11.07 39.17
YOLOvV7 61.32 51.02 41.21 33.47 51.01 32.21 0 31.36 79. 44 18.76 39.98
YOLOvV8 61.12 50. 25 41.59 35.01 48. 26 33.01 0 30.12 79.09 34.75 41.32
DETR 61.86 52.25 42.25 40. 54 50. 05 35.15 0 32.59 69. 86 22.25 40. 68

FAAP-Net 63. 86 54. 25 46. 25 40. 54 54.05 37.15 0 36.59 60. 86 43.35 43. 69
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