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GPNet: Lightweight infrared image target detection algorithm

LI Xian-Guo"*", CAO Ming-Teng', LIBin', LIUYi'?, MIAO Chang-Yun'’
(1. School of Electronics and Information Engineering, Tiangong University, Tianjin 300387, China;
2. Tianjin Key Laboratory of Optoelectronic Detection Technology and System, Tianjin 300387, China)

Abstract: A lightweight infrared image target detection algorithm GPNet is proposed to address the need for accurate
and real-time target detection in resource-constrained infrared imaging systems. The feature extraction network is opti-
mized using GhostNet, feature fusion is performed using an improved PANet, and a depth-separable convolution is used
to replace the ordinary 3x3 convolution at specific locations to better extract multi-scale features and reduce the number
of parameters. Experiments on public datasets show that the algorithm in this paper reduces the number of parameters by
81% and 42% compared with YOLOv4 and YOLOv5-m, respectively; the average mean accuracy is improved by 2. 5%
and the number of parameters is reduced by 51% compared with YOLOX-m; the number of parameters is 12. 3 M and
the detection time is 14 ms, which achieves a balance between detection accuracy and number of parameters.

Key words: infrared image, target detection, YOLO, GhostNet, number of parameters
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Table 1 Quantitative comparison of GPNet and SOTA algorithms on the FLIR IR test set

AP/(%) Recall/(%) F1
Model mAP50/(%) Params/M FLOPs/G  Time/ms
person car person car person car

FasterR-CNN 39. 09 61.67 50. 38 47.06 69. 84 0.43 0.47 136.7 252.7 75
SSD 43.78 58.72 51.25 20. 34 42. 60 0.33 0.58 23.7 115.7 15
YOLOv3 73.73 85.93 79.83 59. 36 77. 89 0.70 0.81 61.5 65.5 19
YOLOv4 78.13 84.74 81.44 61.45 73.99 0.72 0. 80 63.9 59.8 25
YOLOv5-m 75.24 85.79 80. 52 54.25 74.20 0. 68 0.81 21.1 21.3 17
YOLOX-m 72.02 80. 46 76.24 52.43 68.16 0. 66 0.77 25.3 31.1 16
YOLOv4+GhostNet  69. 41 86. 14 77.77 49.17 76. 00 0. 63 0.81 39.3 25.6 17
GPNet(7#30) 72.65 84.83 78.74 47.32 71.95 0.62 0.79 12.3 7.2 14
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Table 2 Quantitative comparison of GPNet and SO-
TA algorithms on the KAIST IR test set

Model Size AP/(%)  Recall/(%) F1

Faster R-CNN  416x416  39.52 55.49 0. 40
YOLOv4 416x416  50.45 49.49 0.54
YOLOv5-m 416x416  50. 69 44. 42 0.54
YOLOv5-s 416x416  50.18 44. 65 0.53
YOLOX-m 416x416  54.41 48. 82 0.56
YOLOX-s 416x416  53.49 47.27 0.55
GPNet (A3L)  416x416  55.04 47.36 0.57
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Table 3 Quantitative comparison of GPNet and SOTA algorithms on the CVC-09 IR test set

Model Size APIC%) mAP50/(%) Recall (%) t
person car person car person car
Faster R~-CNN 416%x416 42.39 67.92 55.15 52.40 75.42 0.40 0.54
YOLOv4 416x416 73.53 79.31 76. 42 74. 48 70. 47 0.70 0.76
YOLOv5-m 416%x416 75.31 82.07 78. 69 80. 89 79.22 0.72 0.76
YOLOv5-s 416%x416 76.29 80.53 78. 41 71.90 75.56 0.73 0.75
YOLOX-m 416%x416 71.86 79. 16 75.51 74. 41 75.08 0.71 0.75
YOLOX-s 416%x416 71.99 75.44 73.72 69. 20 70. 69 0.70 0.71
GPNet(730) 416%x416 76.29 86. 51 81.40 70. 59 85.23 0.75 0.84
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Fig. 10  Self-made campus infrared dataset (a)square, (b)aca-

demic Building, (c)playground
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Table 4 Quantitative comparison of GPNet and SO-
TA algorithms on the self-made campus in-

frared dataset

Model Size AP/(%)  Recall/(%) F1

Faster R-CNN  416x416 45.28 61.98 0. 41
YOLOv4 416x416 81.23 81. 11 0.76
YOLOv5-m 416x416 79. 63 78.25 0.76
YOLOv5-s 416x416 75.08 62. 04 0.73
YOLOX-m 416x416 80. 38 72. 63 0.77
YOLOX-s 416x416 79. 00 69.77 0.76
GPNet (A30)  416%416 81. 46 78.35 0. 80
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Fig. 11
rithms on the FLIR IR test set(a)YOLOv4 detection results, (b)
YOLOvV5-m detection results, (¢) YOLOX-m detection results,
(d)GPNet(ours)detection results
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Table 5 Ablation experiments in FLIR infrared dataset
Backbone 3-C 5-C Dsample Head AP/(%)  mAP50/(%) Recall/(%) Params/M Weight/MB
O 69. 41 77.77 46. 20 39.3 150. 3
O O 71.21 78. 13 46. 41 26.2 100. 4
O O O 69.73 76.72 49.27 18.2 68. 4
O O O O 72. 65 78.74 47.32 12.7 47.4
O O O O O 67.37 76.27 44.75 11.4 42.5

fill G AEHL ) PANet )38 3x3 45 B Ry R B2 AT
EBRUG SR FRET 13 IMETHE T, AP
(person) FImAP 73 427+ T 1. 80% #10. 36%. K T
B UERFAIE fil A AR Ak = RS R A 8t 18 T
O SIS ROHR AT R LL L 45 R R I SE B R
Recall 6 b BUIS S LAY 49. 27% , %48 bR B A5k
53 5 R S A ) S A L A5 R B S R
T 8Mo by TG UF SO ARSIN Sk A A A, B T P ZH
SRS A HEAT R FL L 25 R TR BRL 1Y 8 AR PRI
53] T T, AP (person) Al mAP 43 35 3] T 15 = 1Y
72.65% M1 78. T4% , A itk — P PRI 5. SM. 3%
Jo —2H SE B BE F I, B SR S SRR T LK I 2%
1) S 5t A 380 S5 A1, A b5 555 DU 20 50 56 2500 T LA
BEARR 1. 3L, {FL UGBS (8 A5 75 4 X418 -t i 2 A7 A 11
T ZRA R A SEE RO AR SR TR S U2
IRA) £ 0 TR A A KRS B RN T B RS A B T AR
- o

3 &g

AT YOLOv4 Fl GhostNet $2 H T —Fiz &
T2 ARG B BRAS I 5 GPNet, B3 1 H: o) 4% 2%
¥4 o # YOLOv4 (1) 3 1 M 5 ) CSP AL & 4 T
GhostNet, fifi Z %0 i J57 ok 19 63. 9 M FE ik 4 39. 3
M; 76 28 I RRAE B BURE B | 22 RUBE R AIE fil 5 B R
G0 S AR e FHR B2 AT 0 2 A RRL 6 A 46 o 0 1 1Y
il 33 E L S EE PR RE T 12.7 M,
AL T PANet 4544, B 1 i @l & R AF , 32 0 1 RGNS
B . 7E FLIR 2143 45 L X person il car /> Ffi 2
PEAT T I, A SO BEAE car [ 097 2404 B 2446 1
YOLOv4 #2517 0. 1%, S8 & /> T 81%; 5 YO-
LOX-m AH L, P RIAE BEEAE & 1 2. 5% , 8= %
T 51%; Z 5068 0 12, 3M, K B[] 4 14ms., 7E
KAIST 2T 504 45 E %) person R 2 HEAT T 4,
GPNet AH Lt T YOLOv4 HUAS T B U455, SE 8 T K
A P 0 2 0 1 P-4 5 72 CVC—-09 il il B as
£ F A W, GPNet 19 AP FIF1 H8 4R H — &

PR, STk 1A SCHR I SRR LA R B AR
77 THT ) IE AR IR AR A R

References
[1]Han J, Yu Y, Liang K, et al. Infraredsmall-target detec-

tion under complex background based on subblock-level ra-
tio—difference joint local contrast measure[ J]. Optical Engi-
neering , 2018, 57(10):103105.

[2] LI Tong—shun, XI Yong, YIN Jian—Fei. Analysis of the de-
velopment of key technologies for air—to—air infrared gui—
dance[J]. Shanghai Aerospace ( A[E i, Z5, B8l K,
XZS LA S OHEOAR K SR . EigALR ), 2021,38
(3):163-170.

[3] Fang I., Wang X, Wan Y. Adaptable active contour model
with applicationsto infrared ship target segmentation [J].
Journal of Electronic Imaging , 2016, 25(4):041010.

[4] Zhang 1., Wu B, Nevatia R. Pedestrian detection in infra-
red images based on local shape features [C]//2007 IEEE
Conference on Computer Vision and Pattern Recognition,
2007:1-8.

[5]GeJ, Luo Y, Tei G. Real-time pedestrian detection and
tracking at nighttime for driver—assistance systems [J].
IEEE Transactions on Intelligent Transportation Systems,
2009,10(2):283-298.

[6]SU Xiao—Qian, SUN Shao—Yuan, GE Man, et al. Pedestri-
an detection and tracking of vehicle infrared images [J]. La-
ser & Infrared (FRGEAE , INWE , K2, 45 Gk e s
AAT NG S R ERHOR . B S 405h ), 2012, 42(8)
949-953.

[7] ZHU Han-Lu, ZHANG Xu-Zhong, CHEN Xin, et al. Dim
small targets detection based on horizontal-vertical multi—
scale grayscale difference weighted bilateral filtering[J]. J.
Infrared Millim. Waves (4% & , sk P BRI, 5. T
BEYN 22 RORE IR B8 22 S AR U I 1Y) 55 70y B AR A
NS ERKFMR), 2020, 39(4):513-522.

[8] CAT Ru-Hua, YANG Biao, WU Sun—Yong, et al. Weak
Targets Box Particle Labeled Multi-bernoulli Multi—target
Detection and Tracking Algorithm [J1. J. Infrared Millim.
Waves(32UN4E 47 5, RN 55 58 FARARRL THR2E 2
A& F 2 Abrkaill SRRk . ASEXRKFR),
2019,38(2):234-244.

[9] Choi Y, Kim N, Hwang S, et al. KAIST multi-spectral day/
night data set for autonomous and assisted driving[]]. IEEE
Transactions on Intelligent Transportation Systems, 2018 ,19
(3):934-948.

[10]12018. FREE FLIR Thermal Dataset for Algorithm Train-

ing. [ Online |.Available : https : //www.ir.in/oem/adas/adas—


https://www.ir.in/oem/adas/adas-dataset-form

6 11 AU 4 - GPNet 6 B TULTSMEI BRI Lol

dataset—form.

[11] Socarrds Y, Ramos S, Vazquez D, et al. Adapting pedes-
trian detection from synthetic to far infrared images [cln
ICCV Workshops. 2013, 3.

[12] Ghose D, Desai SM, Bhattacharya S, et al. Pedestrian de-
tection in thermal images using saliency maps [ C]//Pro-
ceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition Workshops. 2019: 1-10.

[13] Devaguptapu C, Akolekar N, Sharma M, et al. Borrow
from anywhere: Pseudo multi-modal object detection in-
thermal imagery[C]//Proceedings of theIEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition Work-
shops, 2019: 1029-1038.

[14] Dai X, Yuan X, Wei X. TIRNet: Object detection in ther-
mal infrared images for autonomous driving[J]. Applied In-
telligence,, 2021, 51(3):1244-1261.

[15] Krigto M, Ivasic—Kos M, Pobar M. Thermal object detec-
tion in difficult weather conditions using YOLO [J]. IEEE
access,, 2020, 8:125459-125476.

[16] Song X, Gao S, Chen C. A multispectral feature fusion
network for robust pedestrian detection| ] . Alexandria En-
gineering Journal, 2021, 60(1):73-85.

[17] Du S, Zhang P, Zhang B, et al. Weakand occluded vehi-
cle detection in complex infrared environment based on
improved YOLOv4 [I]. IEEE Access, 2021, 9:25671-
25680.

[18] Wu Z, Wang X, Chen C. Research on light weight infra-
red pedestrian detection model algorithm for embedded
Platform [J]. Security and Communication Networks,
2021, 2021:1549772.

[19]LiS, LiY, Li Y, et al. YOLO-FIRI: Improved YOLOvS
for Infrared ImageObject Detection [J]. IEEE Access,
2021, 9:141861-141875

[20] Bochkovskiy A, Wang C Y, Liao H'Y M. Yolov4: Opti-
mal speed and accuracy of object detection[]J].arXiv pre-
print arXiv:2004.10934, 2020.

[21] Yang J, Fu X, Hu Y, et al. PanNet: A deep network ar-
chitecture for pan—sharpening [C] //Proceedings of the
IEEE international conference on computer vision, 2017:
5449-5457.

[22] Han K, Wang Y, Tian Q, et al. Ghostnet: More features

from cheap operations [ C ]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
2020:1580-1589.

[23] He K, Zhang X, Ren S, et al. Spatialpyramid pooling in
deep convolutionalnetworks for visual recognition (1]
IEEE transactions on pattern analysts andmachine intelli-
gence, 2015, 37(9) :1904-1916.

[24] Krizhevsky A, Sutskever I, Hinton G E. Imagenet classifi-
cation with deep convolutional neural networks [C]. Ad-
vances in neural information processing systems, 2012:
1097-1105.

[25] Simonyan K, Zisserman A. Very deepconvolutional net-
works for large—scale image recognition[J]. arXiv preprint
arXiv:1409.1556, 2014.

[26] He K, Zhang X, Ren S, et al. Deep residual learning for
image recognition [ CJ//Proceedings of the IEEE confer-
ence on computer vision and pattern recognition, 2016:
770-778.

[27] Howard A G, Zhu M, Chen B, et al.Mobilenets: Efficient
convolutional neural networks for mobile vision applica-
tions[ J . arXiv preprint arXiv:1704.04861, 2017.

[28] Zhang X, Zhou X, Lin M, et al. Shufflenet: An extremely
efficient convolutional neural network for mobile devices
[ C]//Proceedings of the IEEE conference on computer vi-
sion and pattern recognition, 2018:6848-6856.

[29] Sandler M, Howard A, Zhu M, et al.Mobilenetv2: Invert-
ed residuals and linear bottlenecks [C]//Proceedings of
thelEEE conference on computer vision and pattern recog-
nition,2018:4510-4520.

[30] Toffe S, Szegedy C. Batch normalization: Accelerating
deep network trainingby reducing internal covariate shift
[ C]//International conference on machine learning,
PMLR, 2015:448-456.

[31] Bochkovskiy A, Wang C Y, Liao H Y M. Yolov4: Opti-
mal speed and accuracy of object detection[J]. arXiv pre-
print arXiv:2004.10934, 2020.

[32] Huang Z, Wang J, Fu X, et al. DC-SPP-YOLO: Dense
connection and spatial pyramid pooling based YOLO for
object detection [7]. Information Sciences, 2020, 522:
241-258.


https://www.ir.in/oem/adas/adas-dataset-form

	引言
	1.1　改进的特征提取模块
	1.2　改进的多尺度特征融合模块
	1.3　改进的检测头模块
	2.1　检测性能的比较
	2.2　消融实验


