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Lightweight YOLOV5s vehicle infrared image target detection
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Abstract: Vehicle infrared image target detection is an important way of road environment perception for
autonomous driving. However, existing vehicle infrared image target detection algorithms have defects, such
as low memory utilization, complex calculation and low detection accuracy. In order to solve the above prob-
lems, an improved YOLOV5s lightweight target detection algorithm is proposed. Firstly, the C3Ghost and
Ghost modules are introduced into the YOLOV5s detection network to reduce network complexity. Secondly,
the aloU loss function is introduced to improve the positioning accuracy of the target and the networks train-
ing efficiency. Then, the subsampling rate of the network structure is reduced and the KMeans clustering al-
gorithm is used to optimize the prior anchor size to improve the ability to detect of small targets. Finally, co-
ordinate attention and spatial depth convolution modules are respectively introduced into the Backbone and
Neck to further optimize the model and improve the feature extraction of the model. The experimental res-
ults show that compared with the original YOLOv5s algorithm, the improved algorithm can compress the
model size by 78.1%, reduce the number of parameters and Giga Floating-point Operations Per Second by
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84.5% and 40.5% respectively, and improve the mean average precision and detection speed by 4.2% and

10.9%, respectively.

Key words: autonomous driving target detection infrared image lightweight YOLOv5s

1
[
2]
13-4
5]
[9]
Gong ua
YOLOV3-tiny
KMeans
Sun
11 YOLOv3 EfficientNet
DRUNet
YOLOv4"d  YOLOv5 (23]

Jiang (4

[6-8]

YOLOv4-tiny
IEPet
YOLOvA4-tiny
Wu (el RepVGG
YOLOv4
SPP
Xin el YOLOV5s

Convolutional Block Attention Module CB-

AM Swin Trans-
fomer C3
SSDM
Dai (18]
TIRNet
SSD
Residual Branch RB
YOLOVvV5s
1 C3Ghost  Ghost
2 aloU_Loss CloU_Loss
3
4
CA



, YOLOv5s

net53 Cross Stage Partial Net-

System ADAS 2.0 [l FLIR work CSPNet Neck

FPN

FLIR PAN
YOLOV5 CloU_Loss

NMS

3

YOLOV5 YOLO

i # ".
Image { Bottleneck =7>CBS | CBS p{ Add }>! ! i
L True or false —2 N CBS i

Backbone

YOLO

Advanced Driver Assistance

FLIR

YOLOvV5 v6.1

Backbone

’

512x20x20

3 YOLOvsSs

YOLOV5

YOLOv5

5

256x40x40

Neck

1 YOLOvSs
Fig. 1 YOLOvS5s algorithm structure

YOLOvV5n YOLOv5s YOLOv5m YOLOvSI

YOLOv5x

YOLOvV5s

Backbone
Head 3

CSPDarknet53

Head

Neck
YOLOvV5

NxCx80x80

NxCx40x40

NxCx20x20

Head

YOLOvV5N



1048

Image

3x640%x640
CBS

32%320%320 -

b

64x160x160

C3Ghost

64x160x160

.Ax 60x160
~\ 128x80%80
C3Ghost
128x80x80
A

8x80x80

6x40x40
C3Ghost
6x40x40

CA
6x40x40

U 256x40x40
Backbone Neck

256x40x40

C3Ghost

NxCx160x160

NxCx80x80

56x40x40 NxCx40%x40

Head

2 YOLOvV5s

Fig. 2

3.

(BN

Ghost  C3Ghost®!
CBS C3 2
C3Ghost Ghost C3
Bottleneck 3a

Ghost

N
ConviNg

b Ghost 0}

3 a

Fig. 3 (a) Ordinary convolution and (b) Ghost convolution
(@ is a linear operation)

Improved YOLOV5s algorithm structure

3b Ghost

Ghost
3.2

aloU_Loss!*!
CloU_Loss
aloU_Loss a

0=3

aloU_Loss

L cou=1 loU +

—0 )

4
V=_

loU




, YOLOv5s

5 1049
— V .
T (@ loU)+v
( ) 3.4 Backbone Neck
loU b
bt p
C CAl2
v B Wt he
w h
3.3
CA Backbone CA 4
YOLOvV5s Backbone
5 2x 4x 8x 16x%
32x 1 640x640 HESHITE]
Head X avg pool Y avg pool |Cx1xW
A V
80x80 40x40  20x20 [ o |C/rx1x(W+H)
CxHxl | BatchNorm+Non-linear |C/r><1><(W+H)
¥ Split
32x | Conv2d H Conv2d |C><1><W
Sigmoid Sigmoid | Cx1xW
2
Re-weight CxHxW
Backbone 4 4x @
8x  16x% Neck 4 CA
640x640 Head Fig. 4 CA structure
160x160 80x80  40x40
[16] 160x160
SPD-Conv &
Best Pos- Neck PAN
sible Recall BPR 099 BPR 0.99 5 scale=2
BPR 0.98 S
KMeans 13] s=1 S Backbone  Neck
1 BPR 0.999 2
1 -
Tab.1 Optimized prior anchor size
C. PREAC: \ C,
160x160 80x80 40x40 ‘ - - o ™’ ‘5/2
/74C, oo 52
L S/2
[6.8] [14,37] [35,94] . S/2 [
[7,19] [31,26] [96,68]
5 Scale=2
[15,13] [50,37] [154,145]

Fig.5 SPD-Conv (Scale=2)



1050

16
mean
4 Average Precision mAP
AP
4.1 4 7 tp
FLIR fp fn N
__1tp
tp+fp
FLIR
FLIR =P
tp+fn
10249/1097 /
Intel R Core TM Apzwlde :
i7-12700KF CPU  RTX 3060Ti GPU °
Python3.6 CUDA11.0 Pytorchl.7.1 X
AP;
FLIR mAP = =
FPS
400epoch GFLOPs  Params
640x640
SGD IoU 0.5 0.937 Size
0.001 0.0005
Batch size 16 Mo- 43
saic MixUp  Copy-Paste (3] YOLOVSs  FLIR
10 01 01 6
6
YOLOVSs YOLOVSs
1 YOLOV5s
YOLOVS5s 2
. 2 YOLOV5s Ghost
* C3Ghost
) YOLOvV5s-G
6 a Mosaic b MixUp
¢ Copy-Paste 476%  49.4% 45.5%
Fig. 6 Data augmentation results. (a) Mosaic augmenta- 38.0%
tion; (b) MixUp augmentation; (c) Copy-Paste aug- aloU Loss
mentation
4.2
Precision rate P 2
3 YOLOvV5-G
Recall rate R CloU_Loss
30.25 h 77.5%
EloU_Loss SloU_Loss  aloU_Loss
Average Precision AP P R CloU_Luoss 19.6%



YOLOv5s

5 , 1051
2 YOLOv5s YOLOv5s-G
Tab. 2 Performance comparison of lightweight for YOLOvV5s and YOLOV5s-G
Model t/hours Size/MB Params/M GFLOPs P(%) R(%) mAP(%) FPS
YOLOVSs 48.77 13.70 7.02 15.8 87.1 69.8 80.8 119
YOLOV5s-G 30.25 7.46 3.68 8.0 86.1 66.3 775 137
18.6% 22.3% CloU_Loss YOLOV5s-G1-aloU
14% 0.3% 2.3% YOLO YOLOv5s-G2-
v5s-G-aloU FLIR aloU
63.4% 74.2%
10%
3 48% 3.1% YOLOvV5s-
Tab. 3 Performance comparison of different loss func- G2-aloU KMeans
tions FLIR
Model thhours P(%) R(%) mAP(%) FPS YOLOV5s-G2-aloU-KMeans
YOLOV5s-G 3025 8.1 663 775 137 1%
YOLOV5s-G-EloU 2431 845 687 78.9 141 0.1%
YOLOV5s-G-SloU 2462 858  67.2 77.8 139
YOLOVSs-G-aloU 2350 859 693 798 147 Backbone
4
3 YOLOvbs- 5 CA
G2-aloU YOLOv5s-G1-aloU YOLOv5s-G2-aloU-KMeans-
CA
4 1.3%
4
Tab. 4 Performance comparison of multi-scale fusion
Model t/hours Size/MB Params/M GFLOPs P(%) R(%) mMAP (%) FPS
YOLOV5s-G-aloU 23.50 7.46 3.68 8.0 85.9 69.3 79.8 147
YOLOvV5s-G1-aloU 26.89 8.60 3.75 9.6 86.0 73.6 83.6 125
YOLOvV5s-G2-aloU 24.56 2.73 0.95 7.2 84.5 72.8 82.9 154
YOLOV5s-G2-aloU-KMeans 25.62 2.73 0.95 7.2 85.5 724 83 154
5
Tab.5 Performance comparison of different attention mechanisms
Model t/hours Size/MB Params/M GFLOPs P(%) R(%) mMAP (%) FPS
YOLOV5s-G2-aloU-KMeans 25.62 2.73 0.95 7.2 85.5 724 83 154
YOLOV5s-G2-aloU-KMeans-SE 30.95 2.75 0.96 7.2 86.0 735 84.1 149
YOLOV5s-G2-aloU-KMeans-ECA 26.06 2.73 0.95 7.2 85.5 73.8 84.2 145
YOLOV5s-G2-aloU-KMeans-CBAM 28.21 2.76 0.96 7.3 85.7 73.4 84 135
YOLOV5s-G2-aloU-KMeans-CA 28.62 2.76 0.96 7.3 86.6 736 84.3 139
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Tab.6 SPD-Conv effect
Model t/hours Size/MB Params/M GFLOPs P(%) R(%) mAP(%) FPS
YOLOV5s-G2-aloU-Kmeans-CA 28.62 2.76 0.96 7.3 86.6 736 84.3 139
YOLOV5s-G2-aloU-Kmeans-CA-SPD 30.28 3.0 1.09 9.4 87.4 74.6 85.0 132
6 FLIR 85% 132 FPS
SSD EfficientDet YOLOv4+
GhostNet  YOLOv5-MobileNetV3 YOLOv3-tiny
YOIOv4-tiny YOLOvbn YOLOV6-N YOLOv7-
tiny YOLOvV5s 7
78.1% 84.5%
7
Tab.7 Comparison with other advanced algorithms
Model Size/MB Params/M GFLOPs P(%) R(%) MAP(%) FPS
SSD 186.0 23.70 115.7 68.9 55.7 63.2 88
EfficientDet 302.0 39.40 107.5 72.8 58.4 67.8 52
YOLOv4+GhostNet 150.3 39.30 25.6 81.1 66.9 77.7 112
YOLOV5-MobileNetV3 7.9 4.0 9.3 83.7 67.5 76.9 128
YOLOv3-tiny 16.6 8.67 12.9 79.3 54.9 62.9 175
YOLOVA4-tiny 12.9 6.27 16.2 78.9 57.3 67.2 149
YOLOV5N 3.7 1.76 5.1 83.6 66.1 76.6 164
YOLOV6-N 9.3 4.30 11.1 84.8 715 80.3 208
YOLOv7-tiny 12.3 6.02 13.2 84.2 74.7 83.6 143
YOLOV5s 13.7 7.02 15.8 87.1 69.8 80.8 119
proposed in this paper 3.0 1.09 9.4 87.4 74.6 85.0 132
7 YOLO 7
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Fig. 7 Detection results of different algorithms. (a) YOLOv3-tiny; (b) YOLOv4-tiny; (c) YOLOv5n; (d) YOLOvV6-N;
(e) YOLOT7-tiny; (f) YOLO5s; (g) proposed in this paper
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