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Semi-Supervised Infrared Image Target Detection Algorithm
Based on Key Points

Shen Yixuan, Jin Tao’, Dan Jun
College of Information Science and Electronic Engineering, Zhejiang University, Hangzhou 310027,

Zhejiang, China

Abstract A semi-supervised target detection algorithm for infrared images based on CenterNet and OMix enhancement
(IRCC-OMix) is proposed to improve target detection accuracy. The prior information of the anchor frame in the infrared
image is difficult to determine. Therefore, CenterNet is used as the backbone model to detect the target in the infrared
image through key points. A semi-supervised learning method based on teacher-student-network mutual learning is
introduced owing to the high cost of infrared image annotation, and a semi-supervised infrared image target detection
(IRCC) model based on CenterNet and consistency is designed. The random erasure enhancement in the IRCC model may
lead to the disappearance of small targets in the infrared image, which affects the detection performance of the model.
Therefore, an object-based image mixing enhancement method is adopted to improve the detection ability of the algorithm
for small targets. The experimental results on the public dataset, FLIR, show that the average precision mean (mAP) of
the IRCC model reaches 55. 3%, which is 1.9 percentage points higher than that of the training using only labeled data.
This indicates that the model can fully utilize unlabeled data and improve its robustness. The mAP of the OMix-enhanced
IRCC model is 56. 8% , which is 1. 5 percentage points higher than that of the cutout-enhanced IRCC model and achieves
good detection performance.
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Fig. 3 Semi-supervised infrared image object detection model based on OMix
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FiXF H IRCC B A AH X CSD AR mAP #2711 1. 4 4
o3, UL E T TSML A I8 2 2 I iE AR 20 A1 R
HRE S 4 R P TE AR 4 Bod , B R Rz AR PR RE .
5 STAC K AVA I, IRCC B ALY mAP F AR H4g T 1T
0. 24 A 43 i AH B T OGBS IRCC B RN T B 4t
THRTHE A9 S 305 B, 2 I 2R g Rl 2 80 > Bl
AR AR
Ho R R o 5 - HLIR A AT 6 5 AR 2 0 0 £

Il &5 21
Table 2 Test results when using semi-supervised learning and

training on labeled and unlabeled data

Labeled Unlabeled

Method data duta mAP /%
CcsSp™! train-3k  train-5. 8k 53.9
STAC™ train-3k  train-5. 8k 55.1
IRCC - cutout train-3k  train-5. 8k 55.3
IRCC+OMix(type 1) 55.6
IRCC+OMix(type 2)  train-3k  train-5. 8k 56

IRCC+OMix(type 1,2) 56.8
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5P P 3 5 7 T — B0k Y 2 W B H A D A A
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AR 2T B0 55 1 0 18 b 5 5 AR L LA AR i)
Sif PRI AG 0 i TRy vk g DX b % AR AT AH I R
S 56 il Bl ML 3 A Y SR m Xt JL AT A% 4 (geometric
transformation ) F14 {E 25 # (cutout 1 OMix ) ;= 4= A9 18
R I HEAT REALAE R, F BB — UG 5 A AR 328 H
ML T 55 2 1) 1 5t 5 3 o % — 4L & R A 19 A TR 47
BT A R A LA AR 4 o e DAL ART A S e B AL B
PE— U2 40 3 T R, 2 05 S 50 00 1 1Y 4
{722 e (cutout B OMix) #EATHE 38 . 38 o 4% 2 A4, 2
F OMix 14 38 (1 5 A7 A AL 8 AH B4 A cutout 3 58 1
BRI mAP $275 1 1.5 40 s o OMix 1 58 [a] i £ ]
PR 28 AL 45 R eR ) RS B 38 B 56. 8%, 38 4 1 W
OMix 34 5 76 2 B HAn kil b A ek, 52 lE
H B 3L F (train-3k) A9 CenterNet H A6 ] 455 7Y
HEAT R LY, A FH 8 A1 TC s 28 A0 1) > W B AR (TRCC-
OMix) A5 1 3. 44 A 75 s By PERE S T, X 1 W 5L T
CenterNet F1 OMix 34 5 119 2= Wi B 21 41 B 5 B br A I
BEAY AT DL 38 43 42 48 J0 A5 28 EUR B R AE , 48 15 30 ] SE 11
PO ERf %

g itk — 2 o3 A OMix 42 T AR Y AG: T 14 B A9 T A
S Ay N GE T T X AN [l R H AR 0 K A5 2R, e 3
fim . TEFLIRERE D RE RN BERAKEZN
KHER, MAT M BT 42 R/ H bR, R 00 B2 s 51
Ko OMix 3 5 i A2 o Sph i S8 1 A4 2k s B, 5
it cutout 3§ 58 AH L X5 T VA 42 FNAT B4 A6 00 o 4 26 S
BIETE T 0. 44 EH A3 s M 0. 8N EH A o XA 2K
R R AT R B S RIBA IRAT RN L E D
R T H bR S e BE R TR X K H B iR
TAERA B LI sl P2 2 B OMix 34 5 07 =, 5 fiff
JH cutout 34 58 AH Lt G2 0% W 3 3 58 X/ B AR B9 35 5 B
34T N A AT A RO E R R AR B T 61,70
F39.9% o X L AH FH cutout 14 3 £ 4 B4 2 W B A AL
[vi] B el FH 19 80 451 2 o 302 TR 1) OMix 3 568 45 VE X 3 Fh
H s B0 BE T #8831 1 e, mAP R 56. 800, 5

F 3 ARIFE E bR A RS R
Table 3 Test results for different kinds of object

Method AP/ - mAP /%
car person bicycle
IRCC+cutout 67.4 61.3 37.2 55.3
IRCC+OMix(type 1) 67.8 62.1 36.9 55.6
IRCC+OMix(type 2)  66.4 61.7  39.9 56

IRCC+OMix(type 1,2) 68  62.3  40.1 56. 8

F60EF 14H1/2023 £ 7 A/ B EXRBFEHE

T cutout 1 5 (1 2 W B H ARG A ALAR LY, £ ] OMix
HnR AL B mAP SR T 1.5 E 43 XA AT
N VLR EAT 4 0 R i M B8 2 il B2 T T 0. 6 4~ 43
1O A 43 U F 2.9 A 43 s, 3843 Ui B OMix 1 58 X
T mAP B4 F 2ok AFREh /N BRI STk . X
F B T M 2 ) Y cutout 5 T RE & Al 41 4b
R /s B bRk 2 it Z2 0 RRAE S, S EOR B B2
o A& Ak AR Ak i OMix 34 58 5 X BE 9% 78 4 F1
FEME AR R SR TR AR [R] B bR i U5 58 I,
B0 PN RN (S A R T
4.4 HEBIZRITLE

I $ IRCC-OMix 557 Y 52 535 24 R 5 A 455 78 1y
F bE A& 4 BF 7R o i ] CenterNet fé) 42 Wi 75 458 AU 77 7E
BB 43 T A A A O, B R B I ZR 1 IRCC Bk g %
F653 A FH JC 5 28 1 Kl | 42 TH % 208 EHR v B BRI K
WP RE . 2T OMix 3 58 (1) IRCC - I B B85 A% 3 A2
HE 119 7 A7 S IR L BE A8 A I H K 4(b) () Hh AN 6] 37
SCONRR BB WAT N BT AR, X 21 A8 E R
N B BR AT B8 0 A AR T

CenterNet

IRCC+OMix

@ ® ©

B4 FRRBCRER () K AAR B — 3 5 (b) /N AR — 3
St (o) B ARHE % 37 5t

Fig.4 Display of algorithm effect. (a) Large target single scene;

(b) medium and small target single scene;(c) medium and

small target dense scene
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Wit T —Fh & T CenterNet 5 OMix 38 5 ¢ 2 I
B2 ER B BRI 575 (IRCC-OMix) | 3l 48 3% F 56
Y E A e DA AR B AR 3 Ak e L R R
B 2 o i FH T A 48 A i v AR Y g A o 1 L R T
OMix B 38 9 B A, 38 sl B 06 /Iy B 4w 19 A DU g 7 -
AU A s 25 F i F 17 I 2R n9 BB AE [, IRCC-
OMix #5878 43 A JC b 25 BR o 0945 B, $2 7t
oz 0 B P FORS BE o IR ERE AR Y S 2% R FH BB B Y
iz W 5 9% CenterNet, Ho kg il 2 B 76 ik 55 &% 1 5 3
64 frame-s ', RS HIFE Wi AN ik & . R, %
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