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Vehicle-mounted infrared target detection based on improved YOLOvVS model

YANG Xingi', LIU Yang', BAI Xueqiong', LIU Haojiao', CHEN Yazhou’
(1. School of Instrumentation Science and Opto-electronics Engineering, Beijing Information Science and Technology
University, Beijing 100192, China; 2. No. 95821 Unit of PLA, Jiuquan 735000, China)

Abstract: To address the issue of low detection accuracy in vehicle-mounted infrared target detection
algorithms, caused by the limited features and low contrast of small targets, this paper proposed the FE-
YOLOVS5s vehicle-mounted infrared target detection model. Firstly, the PPA module was integrated into the
backbone network to mitigate the feature information loss caused by downsampling operations. Secondly,
based on the AFPN network and the DASI module, we developed a feature fusion network termed DAFPN.
This network directly fuses feature information from non-adjacent scale layers and incorporates features from
five different scale layers into the final feature output, further enhancing the feature representation capability of
the targets. The target prediction layer was reconstructed to improve the model's recognition rate of small
targets. Finally, MPDIoU was adopted as the bounding box loss function to enhance target localization
accuracy. Experimental results demonstrated that the proposed model achieves mAP@0.5 scores of 88.1% on
the FLIR dataset and 84.7% on the iRay vehicle-mounted infrared dataset, representing improvements of 7.2%
and 3.2% over the YOLOv5s model. It effectively alleviates the problem of false and missed detections of
infrared small targets while operating at 100 FPS, which confirms its potential for embedded deployment.
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Table 2 Ablation experimental results

Dectet PPA DAFPN MPDIoU mAP@0.5%

YOLOVS5s 80.9
A J 82.5
B y 85.3
C J 83.4
D \/ 84.0
E 3 J 86.4
F y J \ 87.5
G v J y y 88.1

2.5 £ REHRQNMERE TR

N AT S RO E RS EAR WANE R AN OF oail]
P RE, 1 cocotools 1 PEA 48 A5 XT 1% 5 51 A Btk
B A R AR R N E R D YOLOVSs 4T T H AR
R4 B b5 BT o B R R A T X048, /N B bR BT
AR ZE /N T 323218 K, HARET 182 R 32x32
F 96x96 5 R, K H AR BT i 8 R BUKR T 96%96 1%
F. WE3IWLEH, BRI /N H AR
G A B Fp S 4 T, X v BB A 0 R X S
HERTAL R AR E , XK B bk A 4G I PE fE 1 B A2 1k
Wegho Hrh, 51 A PPABIHE, B T & AU M)
/N B FRFRAEAS B R RS, AT 4 v R B AR fig
AR, A DAFPNR % 5, Ho ot X i il
TN AR J2 FRAE A R, AR H AR AT K H
b B9 A5 I PR B8 A Br 8] 71 . FE-YOLOwvSs #H %8 F 2
HERTRY, X /N H AR AT AR 0601 g 43 0 £ T
T 9.7% F1 0.8%, Pr-IFELRLG R H AR A I BE 7 11
] IF, 25 B TR R 2T b /N A (R R BE
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Table 3 Evaluation of object detection at different scales

mAP@0.5%
Model
Small/% Medium/% Large/%
YOLOVSs 65.5 93.0 90.0
+Dectet 70.3 93.2 89.2
+Dectet+PPA 72.0 91.8 88.6
+Dectet+PPA+DAFPN 74.7 93.2 89.0
+Dectet+tPPA+DAFPN+MPDIoU  75.2 93.8 89.3
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Fizs o &l 7(a) 4 YOLOvSs 9 H by 56 1 B #4 f #
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7 dha & H, YOLOvSs 72 K6 21 H Ar sk, Htoh
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B B R A 2 T AR

(a) YOLOvSsHRI 1 g 4]

(b) FE-YOLOvS5stH7IH /1 [%]
7 YOLOV5s #1 FE-YOLOv5s # 8/ BRIk A %t bk
Fig.7 Heatmap comparison of small target between

YOLOV5s and FE-YOLOvVSs models
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Bl F R vERE R LT T LA T, EEIRM
B KRR AR R E. S5 s
(Parameters) LA J i1 5. (GFLOPS) F1 i % ( Frames
Per Second, FPS) . SEI0 %55 UnZ 4 ffr7x ., Faster R-
CNN 2 28 B 7 B B B bn S A A, 2 o J2 i A
X O ASE AU v 20 O S A e Y, ARG
A%, e mAP ST YOLOV3-tiny A1 YOLOvSn
PR AL . YOLOV3 2 i Xif He Y YOLO &
TR Y WA T mAP {E f 5 1Y, 155 84.7%, (HHZ
K 3 UK T Faster R-CNN,  YOLOvSn
A W 25 K 78 BT A3 X BB ) rh S 850 R
TR A, BT DAE A A 0 SR A B B v Dl 184 Wi /s,
{H mAP AHAL T BB AL 9.1%. /N B Ar ks AR



NFG2E 2025, 46(5) M, &6 3T otit YOLOVS BEAY () A2 48.41 41 H Ar ksl « 1051 -

A HIC-YOLOVvS5s Fil STASPPNet ¢ 31 4 4 5 19 46
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TS SCHY R A 3 AR 2.8% i 2.5%. 2t AR
AUMIE T R 4R YOLOvSs #E A0 | B SR 78 K6 Ik BE I
ARG, (B RS0 3E  H [12% mAP 27+ T
2.1%. 8%. 7.2%, MM AIZE S H & T S5 E . B
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Table 4 Comparative experiments of multiple models

P R mAP@ Parameters Size
/% 1% 0.5% M /MB
Faster R-CNN 64.0 53.8 80.4 99.2  330.6 440.0 33

Model GFLOPS FPS

YOLOv3-tiny 76.8 55.1 61.6 8.6 174 129 181
YOLOv3  86.3 76.2 84.7 61.5 1235 1546 82
YOLOvSs  85.0 70.8 80.9 7.0 14.5 16.0 126
YOLOv6s 85.6 72.7 823 16.3 328 440 112
YOLOv8n 84.5 69.4 79.0 3.0 6.3 8.1 184

HIC-YOLOv5 85.6 74.9 85.3 9.3 19.6 306 120
STASPPNet 86.3 77.5 85.5 8.1 173 47.1 116

FE-YOLOvS5s 87.1 78.8 88.1 7.1 145  69.5 100

W 8 B 7wl i vl WAk BUR XS L BT T AL B
C. D AR E T, YOLOVSs il FE-YOLOVSs
Y B KGR I, [ 8(a) S YOLOVSSs A5 7 () 6
W3k 5 &L, [ 8(b) 2k FE-YOLOVSs f4) 455 764 6 1l 2
FEPE L A G R R R R AG T G 1 L, K5 1 8(b)
HEATHOR &7, tniEl 8(c) iz, Horh g fa HEAR R It
LA 5 FE-YOLOVS5s 16 R Ho 55 4G T A6 1) 78 78
HE . FE-YOLOVS5s 1B 7E 5] 8(c) H' A B 543l
R0 1) 1 a7 kb 3 A AT LT Ah /N H b DA G A F
BLEAT N/NBFR . A C. D kSR K E, K
HE 5 RS Y B A% 4G DN H A0 b 2T A0 4 H AR DL K
LA H ARSI T RE S BN LIS AR, 2%
AU S, AR AR FE ARSI /N B AR AT R 4
L K 2 H AR S, 2 IR A T R 0 1 L
1M FE-YOLOvS5s X i 4 H 45 LA M e B 25 /N H AR 4
Al B 4y b A7 LA RS B 7, O ELAE R 432,
LT A AR TR R G A T [ R B SRR B

(©) HORAT I
Bl 8 FE-YOLOvS5s #E 1 YOLOvSs & B il 3¢ bt B
Fig. 8§ Comparison of detection results between FE-

YOLOV5s model and YOLOvSs model
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Fig. 9 IRay infrared dataset
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B YOLOVSs, 7EF-HRT B i T 3.2%, 13 1542
T 5.1%, WER T SCh RS A A RNZ AL RE )

x5 VELIMFEERTEREX LR

Table S IRay Infrared dataset detection performance comparison

Model P/% R/% mAP@0.5% Parameters/M Size/MB GFLOPS FPS
YOLOVS5s 84.2 73.2 81.5 7.0 14.5 16.0 126
FE-YOLOvVS5s 84.6 78.3 84.7 7.1 14.5 69.5 100




. 1052 - A

EEESE R

3 it

A LA YOLOVS B vA B Sy JEvf, #2010 1 2l
) FE-YOLOVSs &1, B8 73 il A 1| FE
TR P 4 L Rl Sk | 52K R R g A T TR T 0
WF5E . SEYR S5 SR 2B, A etk Jy m#p o £r Ak H
Ly oAU NEOR YR S AL N L i B DO RAR AN |
o A RS B B v Hobt THERE J) B9 . /E FLIR %
BRLT A B e A 00 Ik e, e AR AR A A T A B
2B H0 B, 5 R YOLOvSs #6 BUAH Fb ik ik
f) FE-YOLOV5s 5 i 45 T+ 2.1%, A o] R 42 7} 8%,
mAP $2 Tt 7.2%, B0 T RGN 21 40 B b B AE
T AR A U ARG A1 () AL, ) st G 00 5k B A7 100 i /s, H;
J&, TE B BLINEARE 7% L 525G, S0
S5 LR, Sk e AR TR A A T SRR AT AT A A
R G P B, BlE B T SR [ Bl g v ) PR R
MRS %

&% k-

(1] B, 83, 230, %5 b 2A s @ sl 98 (7], AL T
F244i, 2023, 59(20): 304-324.

WANG Cong, HU Wen, LI Wenbo, et al. Social cognit-
ive autopilot[J]. Journal of Mechanical Engineering, 2023,
59(20): 304-324.

VEAL, B, T8, T complex-YOLO #t5
A AT NI B 9 0 52 (7). O HOR, 2025, 49(1):
106-112.

[2]

XU Li, LING Ming, WANG Ruoming. Research on im-
proved complex-YOLO LiDAR pedestrian detection al-
gorithm[J]. Laser Technology, 2025, 49(1): 106-112.
HGIR, 2R, IO, 4. FE T IR EE 2 2T IR EH A
K £ AR £33 (1. [ B gL R~ i, 2022, 27(6):
1697-1722.

CAO liale, LI Yali, SUN Hanging, et al. A survey on

[3]

deep learning based visual object detection[J]. Journal of
Image and Graphics, 2022, 27(6): 1697-1722.

RAFH], SEAREE, IE RN, HT 2 YOLO v5 Sk e
/N FARRI (1], R4 TR S TR, 2024, 46(10):
3271-3278.

SONG Cunli, CHAI Weiqin, ZHANG Xuesong. Road

[4]

small target detection based on improved YOLOVS al-
gorithm[J]. Systems Engineering and Electronics, 2024,
46(10): 3271-3278.

(5] XIZ#, df £EE. BEA YOLOvSs 48 Z14hA

[6]

(7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

B BRI (T]. Th DB, 2023, 16(5): 1045-1055.

LIU Yanlei, LI Mengzhe, WANG Xuanxuan. Light-
weight YOLOvVSs vehicle infrared image target detec-
tion[J]. Chinese Optics, 2023, 16(5): 1045-1055.

BILAL M, HANIF M S. Benchmark revision for HOG-
SVM pedestrian detector through reinvigorated training
and evaluation methodologies[J]. IEEE Transactions on
Intelligent Transportation Systems, 2020, 21(3): 1277-
1287.

LOWE D G. Distinctive image features from scale-invari-
ant keypoints[J]. International Journal of Computer Vis-
ion, 2004, 60(2): 91-110.

GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and se-
mantic segmentation[C]//2014 IEEE Conference on Com-
puter Vision and Pattern Recognition. Columbus, OH,
USA: IEEE, 2014: 580-587.

GIRSHICK R. Fast R-CNN[C]//2015 IEEE International
Conference on Computer Vision (ICCV). Santiago, Chile:
IEEE, 2015: 1440-1448.

REN S Q, HE K M, GIRSHICK R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks [J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.
REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once: unified, real-time object detection[C]//2016
IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). Las Vegas, NV, USA: IEEE, 2016: 779-
788.

KRR, BRES:, MER, 5. TG YOLOvSs A
FILL AN g /0N B AR 7 vk (1], I, 2024, 45(5):
975-981.

ZHANG Jianjun, CHEN Yudan, LIU Yuling, et al. In-
frared dim target detection method based on improved
YOLOv5s model[J]. Journal of Applied Optics, 2024,
45(5): 975-981.

XA, X Iy 3, 5K BHEE. ££F YOLOvVS stk 4rsh H
PRAGIN LT (7). BOLHIR, 2024, 48(4): 534-541.

LIU Haojiao, LIU Lishuang, ZHANG Mingchun. An im-
proved infrared object detection algorithm based on
YOLOvVS5[J]. Laser Technology, 2024, 48(4): 534-541.
BRI, E A SRS, A5 itk YOLOX-S HZLAMI A
B AR (1] READEF, 2023, 44(5): 1054-1060.
LOU Shuli, WANG Yan, GUO lJianqin, et al. Infrared

ship target detection algorithm based on improved


https://doi.org/10.3901/JME.2023.20.304
https://doi.org/10.3901/JME.2023.20.304
https://doi.org/10.3901/JME.2023.20.304
https://doi.org/10.11834/jig.220069
https://doi.org/10.11834/jig.220069
https://doi.org/10.11834/jig.220069
https://doi.org/10.37188/CO.2022-0254
https://doi.org/10.37188/CO.2022-0254
https://doi.org/10.1109/TITS.2019.2906132
https://doi.org/10.1109/TITS.2019.2906132
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.5768/JAO202445.0502005
https://doi.org/10.5768/JAO202445.0502005
https://doi.org/10.5768/JAO202344.0502006

DG 2025, 46(5)

Mat, 45 3T Bk YOLOVS B (4 22 3k 21 4h H Al .

1053 -

[15]

[16]

[17]

YOLOX-S[J]. Journal of Applied Optics, 2023, 44(5):
1054-1060.

XU S B, ZHENG S C, XU W H, et al. HCF-Net: hierarch-
ical context fusion network for infrared small object de-
tection[C]//2024 IEEE International Conference on Mul-
timedia and Expo (ICME). Niagara Falls, ON, Canada:
IEEE, 2024: 1-6.

YANG G Y, LEI J, ZHU Z K, et al. AFPN: asymptotic
feature pyramid network for object detection[C]//2023
IEEE International Conference on Systems, Man, and Cy-
bernetics (SMC). Honolulu, Oahu, HI, USA: IEEE, 2023:
2184-2189.

158, 5 Wk, FSElr, 5. 2T Gk Yolovs 970
AHLE BN BRI [T). B RE R GE =4k, 2024, 19(3):
635-645.

HE Yuhao, YI Mingfa, ZHOU Xiancun, et al. UAV image
small-target detection based on improved YOLOv5[J].
CAAI Transactions on Intelligent Systems, 2024, 19(3):

[18]

[19]

[20]

[21]

[22]

635-645.

MA S L, XU Y. MPDIoU: aLoss for efficient and accur-
ate bounding box regression[J]. ArXiv, 2023: 2307.
07662.

LIU S T, HUANG D, WANG Y H. Learning spatial fu-
sion for single-shot object detection[J]. ArXiv, 2019:
1911.09516 .

TELEDYNE FLIR. Free FLIR thermal dataset for al-
gorithm training[EB/OL]. [2025-03-06] https://www.
flir.com/oem/adas/adasdataset-form

TANG S Y, ZHANG S, FANG Y N. HIC-YOLOvVS: im-
proved YOLOv5 for small object detection[C]//2024
IEEE International Conference on Robotics and Automa-
tion (ICRA). Yokohama, Japan: IEEE, 2024: 6614-6619.
WU H, HUANG X, HE C H, et al. Infrared small target
detection with swin transformer-based multiscale atrous
spatial pyramid pooling network[J]. IEEE Transactions

on Instrumentation and Measurement, 2024, 74: 5003914.


https://doi.org/10.5768/JAO202344.0502006
https://www.flir.com/oem/adas/adasdataset-form
https://www.flir.com/oem/adas/adasdataset-form
https://www.flir.com/oem/adas/adasdataset-form
https://www.flir.com/oem/adas/adasdataset-form

	引言
	1 改进的YOLOv5s算法模型
	1.1 FE-YOLOv5s算法
	1.2 PPA模块
	1.3 DAFPN网络
	1.3.1 AFPN网络
	1.3.2 DASI模块

	1.4 重构预测层
	1.5 改进损失函数

	2 实验结果及分析
	2.1 实验环境及参数设置
	2.2 数据集
	2.3 评价指标
	2.4 消融实验
	2.5 多尺度目标检测性能评估
	2.6 模型特征信息关注度分析
	2.7 模型检测能力对比分析
	2.8 艾睿光电红外数据集验证

	3 结论
	参考文献

