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Ship Detection Method Based on Multimodal Visible and Infrared Image Fusion

YU Mengyuan, LIU Xiangyang
(School of Mathematics, Hohai University, Nanjing 211100, Jiangsu, China)

[ Abstract] Single-modal images are easily affected by light, weather, and other environmental conditions in all-
weather ship detection: This leads to a low ship detection-accuracy and high leakage rate. To address these issues,
this paper proposes a ship detection method, VIF-RTDETR, which fuses visible light and infrared image
information. The method fully utilizes the rich détails and color information of visible images and the stable
performance of infrared images in low-light environments, and constructs a four-channel input model. The
complementary fusion of varied modal information is'realized by designing the fusion module VIF such that it makes
more reasonable use of the information from the two modalities (visible light and infrared) in the detection
network. The channel attention in the backbone feature extraction network is combined to further optimize the
feature extraction capability by dynamically assigning different weights to the channels, thereby enhancing the
feature expression capability of the'channels. To further enhance the detection performance of small targets in ship
detection, a weighted bounding hox loss function is designed so that the model can effectively focus on the feature
expression of targets of different sizes and improve the detection accuracy under different target sizes. The
experimental results show that in the visible and infrared datasets for the ships, the detection precision AP, ;.0 05,
AP, ; of the model reaches 78.3% and 98.5%, respectively, reflecting improvements by 4.7 and 9. 2 percentage
points relative to AP, ;.. 4 the single-modal visible and infrared models. Further, the recall rate AR, ., ; reaches
85.2%, reflecting improvements by 3.1 and 7.3 percentage points relative to the single-modal visible and infrared
models, respectively. Thus, the findings contribute to significantly improving the precision of ship detection and
reducing the leakage rate.
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Table 2 Decoder depth tests

Layer AP 5.0.95 APy 5 APy 75 AR, 5.0 05 F1 Params
2 0.770 0.984 0.909 0.828 0.797  40.7X10°
4 0.774 0.980 0.910  0.859 0.814  42.9X10°
6 0.783 0.985 0.917 0. 852 0.817 45.2X10°
8 0.771 0.978 0.916 0. 850 0.808  47.4X10°
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Table 3 Experimental results among different algorithms

Ak EVEITES AP 50,05 AP 5 AP 75 AR 500,95 F1 Params
RGB 0. 676 0. 968 0. 802 0. 761 0.715 41.2X10°
DETR IR 0. 650 0.948 0.735 0.746 0. 683 41.2X10°
RGB-+IR 0.676 0. 968 0. 802 0. 761 0.715 41.2X10°
RGB 0.739 0.983 0.878 0.832 0.782 46. 610
DINO-DETR'*"! IR 0. 650 0.973 0r742 0. 766 0. 703 46. 610
RGB+IR 0.739 0. 978 0. 889 0. 853 0. 791 46. 6X10°
RGB 0. 689 0.975 0.811 0. 780 0.731 43,410
DN-DETR* IR 0. 564 0.938 0. 625 0.716 0. 630 43,410
RGB+IR 0. 689 0.97 0. 811 0. 780 0.731 43.4%10°
RGB 0,718 0.978 0. 880 0.813 0. 779 19. 210
Salience- DETR '/ IR 0. 677 0. 959 0. 797 0. 781 0.725 49. 2X10°
RGB+IR 0. 761 0. 984 0. 897 0. 821 0. 790 49.2x10°
Relation DETRE] RGB 0.724 0. 979 0. 839 0.814 0. 766 41. 310
o IR 0. 622 0. 939 0. 689 0.762 0. 684 41. 310
RGB+IR 0.739 0. 969 0. 849 0. 834 0. 783 41, 3X10°
RGB 0.715 0.977 0.857 0.791 0. 751 53.5X10°
MS-DETR* IR 0.538 0.907 0.552 0.725 0.617 53. 310
RGB+IR 0. 724 0. 970 0. 846 0. 814 0. 766 53, 3X10°
RGB 0.736 0. 967 0. 827 0. 821 0.732 42.7X10°
VIF-RTDETR IR 0. 691 0.958 0. 863 0. 779 0.776 42. 7% 10°
RGB+IR 0.783 0. 985 0.917 0. 852 0.817 45.2x10°

N 3 X LRI A R LKA 6 ORI AP
(ELEAERT AR HE o (8 FH AN [R) ST 3 350 X i) B 21 51
PG s T L' PRIAG HHEA TG I P, 5 B2 5 AR 5 T[] R el
FHRT WG HNEL A G AT A I ) S K5 R vy T B — 46
ASRBRBRIGERE . X2 T R AT W e AL
SMRMREEG T MRS T AARAAS B B % T A

Gyt Anal WG AE B G R 55 45 % 9 KR AN
T AN 17 TS5 ) AL A )5 W) 5 DR O el T80 7 4
H AR RO e 4.

A AfE P P 0 28 S 2 A A 0 £ A [ A 2R o
AT A VIF-RTDETR BB IUAS T f5c e A
RERE . ADGT B b F a] DL PR AR I ) AP 5 4



5245 F6H/2026 £ 6 A/ATENTRE

285

08

—-- DETR
ik — VIF-RTDETR
02 & 0 g DN-DETR
: --- DINO-DETR
—= MS-DETR
-~~~ Relation-DETR
il A Salience-DETR

0 20 40 60 80 100
Epoch

B 6 AEEEESTTILFMIIMNILG AP EXTLL
Fig.6 Comparison of training AP values among different
models fusing visible and infrared light
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Fig.7 Partial detection results in different scenario
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A REAE B2 DO % ME B » AT 30 T . Salience-
DETR 754 Z (EREE T A ARRS I AAAS BEAN S 1
& 7 AT LA . Salience- DETR 76 4 %5 R85 F %t
P e AR R R0 ARG A BE R 6826, T VIF-
RTDETR #5685 %0, X JB/R T 1
HEZM R VIF-RTDETR R 5L A7 5 47 9 K6 0 5k
Fo B, A SCHE Y VIF-RTDETR 45 A1 X6

TR FA A B B R I RCR  IF H b
TIRASAT O, BT LA 4 A R A ARSI
3.4.3  THRISEE

AT BRI A E L ) Backbone FEfE 42
B £ A A R A B 0 A 250  FE AR AR B AT IO
FLLAPEUG A EE F 1 2047 T il S 55, 3 il S 3 445
RANFR 4 PR,

R4 HEILWER

Table 4 Results of ablation experiment

SE-Backbone Loss APy 5.0, 05 AP, 5 AP, s AR, 5.0, 05 F1 Params
— — 0.771 0. 984 0. 899 0. 841 0. 804 42.7X10°
N — 0.775 0. 984 0.913 0. 839 0. 806 45.2%10°
— N 0. 777 0. 983 0. 904 0. 851 0. 812 42.7X10°
N N 0.783 0. 985 0.917 0. 852 0.817 45.2%10°
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S DR PRUA I A 38 1 3 AL A AR B B 45
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AP 5:0.05 ARy 520,05 0 HIHREE T 0.6 F1 1.0 FH 4054
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