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Abstract: A ship infrared image target detection algorithm based on YOLO11n, named AGT-YOLO, is proposed to address the issues
of low model accuracy and recall rate, difficulties in identifying small targets, and multi-scale recognition challenges under complex sea
conditions. By introducing an improved GhostHGNetv2 network, the background discrimination capability is enhanced; the designed ASF-
P2 optimized neck network improves detection capabilities for low-resolution images and very small targets; the proposed Tack Adaptive
Alignment Detection Head ( TAADH) replaces the original detection head, enhancing localization and classification performance;
meanwhile, the AFGCAttention mechanism is integrated to improve global information processing capability and the model’ s generalization
ability. Experimental results show that compared to the baseline model YOLO11n, AGT-YOLO achieves a 4. 4% increase in recall rate and
a 3. 1% increase in mean average precision at loU = 0. 5 (mAP @ 50), demonstrating strong multi-scale recognition capability and
robustness in complex environments.
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HeN " FoR FHIZ T, LASA YOLO11n B3N
LR A AR Y 3] A GhostHGNetv2 ., TAADH | ASF-
P2 AFGCAttention fHR  SCIGZERINE 1 PR,

HEKRIE AR

Tab.1 Results of ablation experiments

Improvement strategy

Alias P R mAP@0. 5 mAP@0.5:0.95
GhostHGNetv2 TAADH ASF-P2 AFGCAttention
A X X X X 90. 8 84.9 90.3 63.4
B VvV X x X 92.3 85.2 91.0 64.0
C vV Vv x X 91.7 86.5 91.6 64.6
D vV Vv Vv x 91.0 89.0 93.2 64.6
E vV Vv Vv Vv 91.9 89.3 93. 4 64.7

TV FORBH T AR X R AR

MFE 1 AT LLE T 2 5 1Y GhostHG-
Netv2 Bt 3 YOLO11n B 35 T 55 1 312 B R 2%
WERRRE LA T 1.5 A E 3, 315 T BR SRR
S B bR HERR M T N Z B2 51 B AR B RE AR R
FEERRA T #8530 UE T 51 A Z B HBE 8 42 = X
AESMERN EARZ S, FENA
GhostHGNetv2 J5 i i Atk L % A6 Sk 117 % il 1k
{5 %55 1% 15 ,mAP@ 0.5 : 0. 95 B4/ 1 1.2 4>
HAr s, B UE T TAADH 7 4l AE 3k £ RS i B o
o L5 A ASF-P2 FRAFAl-GALH L 4L YOLOT1
B S0 I 285, S 0 3 BRI 4 4 I AR T T 2 R E
FROERLG AR, I KAl AE ToU BIE R 0.5 BF IR
mAP 2T+ 2 93. 2%, AT A LA AL [ X Ly
%, mAP FEAR 3RS 1. 6 N E 43 ARG 25, 704 ik

T ASF-P2 TE 3G 5 H bR A W0OKS B2 O T A RPE
5] A AFGCAttention 71 7 JJ B 5 |, WA K A3 [H]
FH mAP HRA /N EE AP Sk T R AL RS
RO 4 R A5 . AR TH R BE
2.4 FttbXIe

HJPHl AGT-YOLO Hk7E HAnta AT 55 1 itk
e, JHRE T —FR G L2 50, 1R 9 A2 A H prda il
BuH5 . SSD _ CenterNet , YOLOvSn . YOLOv6 . YOLOv7-ti-
ny ., YOLOv8n ,YOLOv9t \YOLOv10n ,YOLO11n X JLFH
e SR AN =R7R PRIV (B TR i 8 S P R e =)
FUSEg , BEAS BT 4 T M PP RS RS B DL BRI RIOR . AR
T2 RERDN FRSLI0 1 5 1 o 4 SR (3R 2 o),
ARG sl TAHIEGE T 4 QA T A IDORG FE | HE FRAR
Sz ACRE I 4EFE I ER A PEREDL .

&2 AGT-YOLO 52 HEELIIILL
Tab.2 Experimental comparison between AGT-YOLO and existing models

A P/% R/% Para/10° mAP@ 0. 5/% mAP@ FPS

0.5:0.95/%

SSD 82.0 80.5 86. 8 42.8 33
CenterNet 88. 1 91.2 91.7 58.8 39
YOLOv5n 90. 6 84.7 2.50 90. 3 62.8 135
YOLOv6 89.3 83.1 4.23 88.6 62.3 141

YOLOv7-tiny 89.2 87.0 6.03 91.0 60. 4 110
YOLOv8n 90. 4 85.4 3.01 90. 8 63.7 135
YOLOvOt 90. 8 85.5 1.97 90. 1 63.7 71

YOLOv10n 88.8 83.6 2.70 89.8 62.6 112
YOLO11n 90. 8 84.9 2.58 90. 3 63. 4 136
AGT-YOLO 91.9 89.3 2.51 93.4 64.7 121

FE 2 Al g0, B R Bk AGT-YOLO #5328 A
A YOLO11n, mAP @ 0.5 #£ F 3. 1% (90.3% —
93.4%) ,mAP@ 0.5.:0.95 #&F} 1. 3% (63. 4% —
64.7% ) , ENIE T 22 ROBEFREAE fil 5 AL X 78 BE

FYHE SR AL . 7E FPS 4845 I, BB 05 SC B 3 &5 Y
it DA T 2 A T 3 e 1 S A AR B il R T I
SRR AR P N TR, FES BRI, AGT-
YOLO Bkt R4k, BRI F,AGT-YOLO RE%

2025 % A e x4 #5544 £ 118 2181
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S DA AN LT A1 B ARG I 2 A7 78 () B LR B AN 4
PR /N H bR B 5T 90 L K 32 00 R B
SR PRI ME 5 2 T A i R S5 [
2.5 iz

%t YOLO11n 5% AGT-YOLO 78/ L% 4
VisDrone2019 P80z L5256, 455 W3k 3 FioR, AGT-
YOLO 5 YOLO11n A8, mAP@ 0. 5 M 34. 7% 38 Jin %)
40.5% % F+ T 5.8 I~ H 43 si; mAP@ 0.5:0.95 A
19. 9% T+ K 23.8%, £ 5 T 3.9 N H 4 4P N
45.6%%E T+ 2 51.0%, % & T 5.4 N EH T AR M
35. 6% P25 39. 7% He 5 T 4.1 AN E AL, PLEEL
PRI, AGT-YOLO BIE AU AEI m R 4237 5 PR TR
SRR 2 R BARKINR A gede i H wfa ol E
FRIATEIINAR AL A i i F P

x®3 ZhzE

Tab.3 Generalization experiment AT %
el mAP@0.5 mAP@O0.5 : 0.95 P R
YOLO11n 34.7 19.9 45.6  35.6
AGT-YOLO 40.5 23.8 51.0 39.7

2.6 WWRLDH

FH GradCAMPlusPlus 2" $ A A 1% H AR i .
FERE, BE DL By SACE bR B DR R AR AR
FE DI B Ry 0 R0 3 TRET X A O B R AE | 45
BRZ AT R XSS R s A E R |
B e, B 9 JB/R T 1E infiRay SN
LTAMRMGBARAE | YOLOT In M1 AGT-YOLO 45
BAEZ R (B 9 (a)) (K 9(b)) R
(E9(e)) INEFR(E 9(d)) 3T By R R
PP RSSO T i AR A B T

image §

YOLOI In g iattsi

Achm

(a) ZRE (b) EHE (c) BRE

B9 ARAptHAE
Fig. 9 Heatmap of ship inspection

FE22 JUEE FARRGIN i, R 2R IR 52 A Ul
H/NRSE B R, T AGT-YOLO 3% e % Lo A vt b
I R A A ROBE Y H AR, i B 8 370 53¢ A9 15

(d) MEFR
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T, B 2R Bk I AR R A T R G Y H bR,
AGT-YOLO B REvERf i ) s B AR Y B &5 4,
FERF R TP 5T, B4 50X/ H bR A4S
I T IR RS T AGT-YOLO 53 1= B 0 v ff
U X e/ N H bR, FEER ST/ HEREE I T, JELR 5
BT R IR e A A A KBS, 1T AGT-
YOLO 553 30 U A 9 ME AR AIG , e AT S5 R IR 1Y
I, XTEEER T A3 BT AT AL, AGT-YOLO 5378 45
SR RERSAE N s T 2 R £ BRI
i SEa A NESRET iRl

3 HWIE

BEXS AR 21 A AR H A RS BE AR A ]

8 /N F RS TRUM M B2 22 RO TR0 1], 488t A0 B 1

YOLO1ln fJ AGT-YOLO ik 8% i, R HI 1§ %

GhostHGNetv2 45 1 Sy 32 1 ¢ AiF 52 B 2%, $2 7t

WX RE S, [, Bt ASF-P2 It 4k 513

%, A®F TAADH, Jffl A AFGCAttention HL, L2

e R AR IR /N E BRI | S 2 Ao 2R PERE, P K

Z R HAR R FEL Rz AL fE ., SEoai R

7%,5 YOLO11n A Ik, AGT-YOLO f4 7 [a] 2 42 &

T 4.4% FIKEE mAP@ S0 4255 T 3. 1%, HAE

ZALSEE T mAP@ 0.5 mAP@0.5:0. 95 43 ] #2

THT5.8.3.9 N H M. B Z, AGT-YOLO 5 1%

TERRARZLAN B AR AL I F 3R B 5, E B T A U8

LR AT AT

3
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