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A Lightweight Infrared Target Detection Algorithm for Multi-scale Targets
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Abstract: To solve the problems of large parameters, high complexity, and poor detection performance of
multiscale targets in the existing infrared target detection algorithms based on deep learning, a lightweight
infrared target detection algorithm for multiscale targets is proposed. Based on YOLOV3, the algorithm uses
the MobileNet V2 backbone network, simplified spatial pyramid structure (simSPP), anchor-free mechanism,
decoupling head, and simplified positive and negative sample allocation strategies (SIimOTA) to optimize the
backbone, neck, and head, respectively. Finally, LMD-YOLOv3 with the model size of 6.25 M and floating-
point computation of 2.14 GFLOPs was obtained. Based on the MTS-UAV data set, the mAP reached 90.5%,
and on the RTX2080Ti dataset, the FPS reached 99. Compared with YOLOv3, mAP increased by 11.7%, and
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the model size was only 1/10 of YOLOV3.
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Table 3 LMD-YOLOvV3 comparison of ablation experiment
results
Recall mAP FPS FLOPs Params
Experiment1 ~ 90.70% 87.90% 74 12.41G  61.52M
Experiment2  90.60% 88.50% 72 12.51G  63.10M
Experiment3  91.20% 90.40% 74 11.19G 46.20M
Experiment4  91.20% 90.50% 99 2.14G  6.25M
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Fto Baseline FISEEGE5 R ATSELS 1 Fisn, YOLOvV3 5
RAEBHESE FIAF) T 87.90% HIHK IS B ANEEFD 74 i
ORI RS, 7E H AT A I EE B PR S AL
FFRSLIG 2 7F FPN [3EAE BV IN T SimSPP #itk, Xt
LESEES | AISRES: 2, AT IS 1 F AL SPP 5 H491X
H 0.1G iz FE &N, S5 T RHE R RIS B

fESIFRE LT T 0.6%.0 XFELSZEG 2 ANsLE6 3, EH
T Head #5843 (1 ek ol SELIFAG A B2 A 3 B 415 T4
Tt BB TR E B 2 RE B AR RS . AL,
HE 5 H(b)s ()X b &I, Decoupled Head #7702k 5
FIAT 45 o s, AL RERS I B AL I Rl 8. S8 4
FESZYG 3 (RFEAE SR MobileNet V2 B B2 /2%,
FERY R4 9 YOLOV3 [ 1/10, {8 L (A sk B 5 1
KIEHEF. 5256 P-R (precision-recall) HHZEUIE] 6.
2.4.2 RN L SEEG A AT

ATTE MTS-UAV ##E4E X LMD-YOLOv3 &
5 A BB AR R I aE A Rk T R,
BLLH B ADREE . BRI AL V7 s S A
BN SRR S Mtk TR, 2RWR 4 Prs.
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S 7 KK«
o F4 BRI
-8 Table 4 Comparison of horizontal experimental results
@ Recall/% mAP/% FPS FLOPs/G Params/M
Q. 04
YOLOV3 90.70 8790 74 1241 61.52
YOLOv4 85.57 86.99 70 11.30 63.9
927 — (yolov3, (AP = 0.7757) YOLOX-s  88.20 80.90 84 2.13 8.94
— (yolov3-spp, (AP = 0.7896))
-+ (yolov3-spp-free, (AP = 0.8170)) Faster-
oo -+ {ours, (AP = 0.8170)) 81.60 81.30 49 2624 41.12
“0.0 0.2 0.4 0.6 0.8 1.0 RCNN
Recall LMD-
6 P-R £ YOLOv3  91.20 90.50 99 2.14 6.25
Fig.6 P-R graph (Ours)

M SEBE 45 AT L, A ST TR 1 AR A 90.50%11)
REDRE R, 53 A B AR 2 b B B
FH. 5 YOLOv3 #HLt, LMD-YOLOv3 HiEfE# Tt
T 2.60% H BRI RS FE AT 99 Mit/s A6 055 B () ]I,
HIEZH 90.70%HTHE 91.20%. 7£ H AR &% T,
P 230 1 U 7= 2 R M R ARG, 7 [l ek vy D 2 A
MRS X h s H bk im =,
HIebr U R FIME EE, IR ERAN AR B iR

2.5 HMLERTMML

NEAIE LMD-YOLOV3 SykAE SE Rk 3z 5 A 1
AR, FRATHMICIRAE 5 4 G, X SR 45
BT IS S AT 4. B 7 R T YOLOV3 Sk
Ak 5 ) LMD-YOLOV3 k78 MTS-UAV ¥4
(R 43 A B s 25 51 DA &« LMD-YOLOv3 5HiZ:
F M BURFIEE

2019-09-26 18:36:58

(a) YOLOV3 #aill 25 S AT #i AL
(a)Visualization of YOLOV3 test results

Loy 2019-09-26 18:36:58
Hl221310 #P0ss

(b) LMD-YOLOV3 &l & 5 a fi 4k
(b) Visualization of LMD-YOLOWV3 test results
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(c) LMD-YOLOV3 [ BURFAE AT A4k
(c) Visualization of LMD-YOLOV3 feature map at each stage
7 RN

Fig.7 Visualization of test results
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