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Fig. 6 Structure of GRSFM
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Fig. 7 Comparison of training curves with different loss functions. (a) KL divergence loss; (b) Soft margin loss; (¢) Mean

square error loss; (d) Cosine embedding loss; (e) Binary cross—entropy logarithmic loss. Horizontal axis: training ep-

och; Vertical axis: loss value.
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Table 1 Evaluation results of image generation quality with different loss functions
Loss function MSE SSIM PSNR
L1 norm loss 5.12 0.903 33.9
Mean squared error loss 4.87 0.911 34.4
KL divergence loss 4.88 0.908 34.3
Mean squared error loss 5.83 0.882 32.8
Cosine embedding loss 4.95 0.910 34.2
Binary cross— entropy log loss 457 v 0.920 4 3494
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Fig. 8 Training loss and mean average precision curve for real infrared images.(a) Loss function curve; (b) Mean average preci-

sion curve.
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Fig. 9 Training loss and mean average precision curve for fake infrared images.

(a)Loss (b)Loss(a) Loss function curve; (b) Mean average precision curve.
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Fig.10 Image recognition results of different frequency bands(a) Visible light image; (b) True infrared image; (c) Fake infrared

image; (d) Fused image.
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Table 2 Multi-scale target recognition results of each frequency band

Proportion of minimum

Minimum recognizable ) ) Minimum target rec
Image spectral band ) recognizable target pix- o
target pixels ! ognition threshold
els
Infrared 370X 232 pixels 7.12% 64.2%
Visible light 452X 292 pixels 11.1% 69.7%
Pseudo—infrared and visible light fusion 248X 179 pixels 3.21% 55.4%

S5 A LR ZE S v A, MIMRN GE 5 [ 1E B A i 07 20, R AE 12 i B RAE T B ARFELL A0 5 07 ok
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FRic g 1 9 MIMRN 8498 A 280 £ 0 B AR RRAE 5 BT 76 (7 8 3E 1 7RS 8 00, 4 i 77 33006 X0 E A I 6 07 7 14 Bl
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SCOT AR BB R U 4R THAOCR . T A S 5 A ST Rl BORRAE 4 HCR B 1 R B o8 1Y i
2% 2 5 B PR IRBEE J1 , BOB IZ IS 2 B 0 38 40 3 % 2 MINMRN B 28 %0008 201 o+ 2240 )
R TR I AR S A R, T 4% Bk 5 MIMIRN A9 R ] 000328 25 S8 %F L A 36 4 7%
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Table.4 Comparison of test results of each algorithm

Average recognition  Average computation

Algorithm Algorithm function and structural principle
rate speed
Reference[ 24 ] Feature matching and fusion 71.3% 350ps
Reference[ 25 ] Filter— based fusion 78.1% 371ps
Reference[ 26 ] Filter—based fusion 76.2% 321ps
Reference[ 27 ] Neural network fusion 79.8% 221ps
Reference[ 28] Neural network fusion 81.1% 23fps
MIMRN Feature extraction, fusion and recognition 81.9% 251ps

M 4 B EHE AT LA ), MIMRN 76 8 1A S5 4 1 R B B i F RO SRtk . R T 2 IR B4
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PETET 2 R B bR 0= B0 R0%

i 2 5l 1, 76 FID 5 LPIPS W30 IR AL 58 B M 45 45 b, MIMRN B EUE A T CycleGAN 5 Pix2Pix
Z ] H FID LT CycleGAN{H 5 F Pix2Pix, LPIPS A FE L F CycleGAN 11 45 F Pix2Pix. 1t BLiZ% 3 4 1) Ji
PR J& MIMRN -2 DA HR B by BEAGOXUAS S8 B AR ARLEE S 37 B3 HE 17 02 LA 76 [l 8% T NI 4k I il
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Table 5 Comparison of Simulation Fidelity of Generative Networks

Algorithm FID LPIPS

CycleGAN 88.24 0.16
Pix2Pix 72.12 0.07
MIMRN 78.5 0.11

JKEELA  MIMRN B £ F 52 225 5 T17 A5 B0 205 B FR R 3E 55, M4 5 R a G fE s e H
B 6 B SRR RN R Y O R S A T 0l A S BRI B O T DA B AR U
SCE A5 R R, R4 MIMRN 78 FID 5 LPIPS $8 45 LA A A%, {H BB 0% A7 2500 B OGS H A5 R A 1 4 161 75 &
T, T ROG LA 3K 3 B B AR SIME S5 TR
37 WESHERAUITLE

Sy AL LLDBAM 9 2 0, 6 b H: X 90 26 4 1A % o 16 B9 Bk, 7 S0 AR AE TR R SF R 480X 480X 64 11 2%
7F , A ResNet50 Sy Al [ £ 4044, #5 H 5 SE-Net . CBAM ZEA7 S50 4 F L 45 R 036 6 firs .

6 EENNHFMAERSHEN L

Table.6 Comparison of test results of each algorithm

Algorithm Params
ResNet50+SE 28.09M
ResNet50+CBAM 28.10M
ResNet50+LLDBAM 25.96M

H 3R 5 AT F1, #4137 SE-Net 5 CBAM,LLDBAM W& m fie /o X — L F LI T MER 154X
SR T 5K A B AR 38 5 AR KRRz BT[] Bsf e o O A 40 0k LE r=16 38020 1T I 28 S 40, 7R IR R 2 0 R 48
fE 7 0 [R] B, B R B T R A i B A
3.8 HEAMEXIE

B MIMRN R 26 v 25 A0 488 B 5 0GB AH 0 8 A0 AR 1 BT H I Rl PR S 30 o 7R PR 37 B8 4R DI 2k
SR PR BT 58 4 — SO T4 T 38 AR B B AR s B SR I A (RS AR R SR OGBS A, AT AT A
T 4 X A 8 e 2 M BE A Dk, SC I S R ANk T TR .

%7 MIMRN HRESWER
Table 7 Ablation experimental results of MIMRN

Network module setting Average recognition rate Average computation speed

w/0o TODCN 76.1% 281fps
w/o LLDBAM 76.8% 271ps
w/0o MCRM 75.3% 291ps
w/o LT Conv 75.5% 30fps
w/o LFAD 73.9% 31fps
w/0 GRSFM 77.6% 26fps
w/o SPEN 771% 271ps

Full MIMRN 81.9% 25fps
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3 5 OCARAE B s GRSFM 5 SPEN il & 85 44 0] A7 250l T W% & 4 808 5 20 MR A IR R AT | iF — 20 4
Th 2 R H AR iR 5 6e

FE VT IR TH, I DB B S I 4% S 8 B R D B T SR A B T R R I B R B B 58
% ) MIMRN 52780 B it 6 WA, (EL {76 2 4k I T N\ 28 % i S5 A W0 35 5K (] B U7 A v ~F- 34 1R %€ 81.9 %6

0810003-12



A, SF R T A O BT R 2% 1 2 IR AR T B RS S A AR FUN R BT

RGNS 5 R A5 R R W] AR DA T RE R B B T P 0 A I, R AR 0 2% A UNDRS B 5 S I e 2 A S B T
RGP 1

4 i

A SCHE T i A B BB R Ak 0 22 R EGGE B R X 4, S TR T AT LG IR 0 P 21 A S
A K Rl E R B AR R . SR B AR A AT A8 E 25 FRS B% a Al OUZE B2 O 3903 2 ML e R TR SR A 5L
A BE TR 7 MR, A HCTE B Oy B RRAE 0 JC SR R T, 1 S A A B AR b B R IR R A
XU B A5 BRI SR FH 50 38 SRR R B804 2K o 850, D0 A DI ool A o A i 28 55 68 0 85 10 1R 1, 4 T v i %
AR A AR A R A A B AR o SE R R SR WY i I 4 A B ISR R BE PR R E RS U AR Y R B s AR TR
BA R AP B 094 K5 B AR T8 5 ERINBE 71, 2 J0 N IR 4 25 A 10 S R RE 4 TR AR 1A R R S8
5% 3k
[1] LIU Zuoli, CUI Shoujun. Evolution of unmanned weapons and its implications for asymmetric security[ J]. Journal of Inter-
national Security Studies, 2023, 41(2): 23-48,157-158.
XIFERL, HESy 4L o N g A8 8 B HOX AR X A% 2 e R A2 [T]. PR 22 405, 2023, 41(2) : 23-48,157-158.
[2] COCKBURN A. Kill chain: the rise of the high tech assassins| M ]. New York: Henry Holt, 2015.
[3] ZHANG F, FAN H, WANG K, et al. Research on intelligent target recognition integrated with knowledge[J]. IEEE Ac-
cess, 2021, 9: 137107-137115
[4] KHAN S, MAZHAR T, SHAHZAD T, et al. A systematic literature review on the applications, models, limitations,
and future directions of generative adversarial networks[J]. IET Circuits, Devices &. Systems, 2025, 2025(1) : 5384331.
DOI: 10.1049/cdt2/5384331.
[5] TU Hangyao, WANG Wanliang, CHEN Jiacheng, et al. A survey of image translation based on conditional generative ad-
versarial networks[ J]. Journal of Computer-Aided Design & Computer Graphics, 2024, 36(1): 14-32.
bR, EOT R, BREE W, AT A AR RO T I i RS B R gk [T ] TSRS B i S BUE 2 4, 2024, 36
(1): 14-32.
[6] ZHOU X, ZHENG Y, YANG J. Bridging the metrics gap in image style transfer: a comprehensive survey of models and
criteria[ J]. Neurocomputing, 2025, 624: 129430.
[7] WANG I, OH T. Design and experimental research of on-device style transfer models for mobile environments[J]. Scientif-
ic Reports, 2025, 15: 13724.
[8] CHENIJ, CHEN S, WEE L, et al. Deep learning based unpaired image-to-image translation applications for medical phys-
ics: a systematic review[ J]. Physics in Medicine & Biology, 2023, 68(5): 05TRO1.
[9] ZHOU L, ZHANG T. AttCST: attention improves style transfer via contrastive learning[J]. The Visual Computer, 2023,
39(12): 6371-6383
[10] CHONG M J, FORSYTH D. JoJoGAN: one shot face stylization[ C]//Computer Vision-ECCV 2022. Cham: Springer
Nature Switzerland, 2022: 128-152.
[11] MENY, YAOY, CUIM, etal. DCT-Net: domain—calibrated translation for portrait stylization[ J]. ACM Transactions
on Graphics, 2022, 41(4): 1-9.
[12] LIN, WANG H, ZHAO H, et al. Cross—modal visible-to-infrared image translation in remote sensing guided by thermal
features[J]. IEEE Transactions on Geoscience and Remote Sensing, 2025, 63: 1-16.
[13] ZHANG Xuhui. Infrared-visible image fusion and target detection method in complex sea surface scenes[ D ]. Guangzhou:
Guangdong University of Technology, 2025.
SR NE . T TH 5 2 Sl Ab—n] WOG MR R A K BRI Jr sk LD 1 M AR ol KA, 2025.
[14] HAN G, SHANG C, TAO Z, et al. Intelligent identification of micro-NPR bolt shear deformation based on modular con-
volutional neural network[ J]. Sensors, 2025, 26(1): 184.
[15] SU Yi, HU Boran, WEN Yan, et al. Visible-infrared image translation algorithm based on conditional generative adver-
sarial networks[ J]. Infrared and Laser Engineering, 2025, 54(12): 244-257.
TR, WO, WAk, SF LT AR AR U BT A 0 T OG- 20 AN R R B R [T]. 404 SO TR, 2025, 54(12)
244-257.
[16] Jinggangl.YU, GAO Shuo, LI Yuzhi, et al. Facial expression recognition with channel attention guided global-local se-
mantic collaboration[ J]. Computer Science, 2026, 53(1): 195-205
BN, mA, FEZ, FOEIEE RN R - RERE PR AR AR [T]. LR, 2026, 53(1) : 195-205.
[17] LIU Xingke, YANG Qian, LUO Jianqiao, et al. Branch segmentation of pepper image based on spatial and channel atten-
tion[ J]. Computer Applications and Software, 2025, 42(3): 202-208,243

0810003-13



T oF

[18]

[19]

[20]

[21]

[22]

[23]

XA, BT, BN, A5 B TS (RDRE G U T M AR EHMR B R A I LT ). T SEALR T S, 2025, 42(3) ¢ 202-
208,243.

ARORA S, GE R, LIANG Y, et al. Generalization and equilibrium in generative adversarial nets (GANs)[C]//Proceed-
ings of the 34th International Conference on Machine Learning. Sydney: PMLR, 2017 224-232.

CHANG Y, MA D, DING Y, et al. Lightweight design for infrared dim and small target detection in complex environ-
ments[ J]. Remote Sensing, 2024, 16(20): 3761. DOI: 10.3390/rs16203761.

HUANG Qidong. Research on adversarial robustness enhancement methods for vision foundation models[ D ]. Hefei: Uni-
versity of Science and Technology of China, 2025.

B R T 1) R R Al A TR ) X S R R T IR TR (D ] AR E AR HOR R, 2025.

TANG Lei, PAN Bailin, LONG Bo, et al. Image domain translation algorithm based on generative adversarial networks
[J]. Infrared Technology, 2025, 47(12): 1567-1575.

Dk, WA, e, 2 . RE T A UG I 465 A PSS B0k [T ). ZD5MER , 2025, 47(12) : 1567-1575.

PASZKE A, GROSS S, MASSA F, et al. PyTorch: an imperative style, high-performance deep learning library[C]//
Advances in Neural Information Processing Systems 32. Red Hook: Curran Associates, 2019: 8024-8035.

CHEN Xiefa, L.I Min, ZHAO Jingyu, et al. Low light target detection algorithm based on feature fusion enhancement[J].
Computer Engineering and Applications, 2025, 61(22): 235-244.

BRISSA, Z0, WA, A R T RRAR LG MY R A0 MROE IR B AR A I Sk (D] TR AL AR 5T, 2025, 61(22) .
235-244.

WANG Ting. Research and application of infrared and visible image fusion[D]. Xi'an: Xi'an University of Technology,
2019.

TEAE . LDAP R ST BOE RGBS AT S D] Pi22 . P2 BT R4, 2019.

FENG Yufang, YIN Hong, LU Houqing, et al. Infrared and visible image fusion based on improved convolutional neural
network[ J]. Computer Engineering, 2020, 46(8): 243-249,257.

WETF, BR, T RE L AF T O A UM 2 R 2% B 20415 AT O R R A D] L TR 2020, 46 (08) : 243-
249+ 257.

JEE S, KANG M G. Sensitivity improvement of extremely low light scenes with RGB-NIR multispectral filter array sen-
sor[ J]. Sensors, 2019, 19(5): 1256.

JUNG C K, ZHOU K L, FENG J W.FusionNet: multispectral fusion of RGB and NIR images using two stage convolu-
tional neural networks[ J]. IEEE Access, 2020, 8: 23912-23919.

HUI T, TANG X, LOY C C. LiteFlowNet: a lightweight convolutional neural network for optical flow estimation[C]//
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 2018: 8981~
8989.

Research on Multi—source Image Transfer Fusion and Target
Recognition Algorithm Based on Generative Adversarial Network
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(1 School of Equipment Engineering, Shenyang Ligong University, Shenyang 110159, Liaoning, China)
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Abstract: To address the limitations of existing infrared image migration algorithms—namely weak
generalization, insufficient detail representation, and structural redundancy—this paper proposes a novel
visible-to—infrared image migration method. The research is motivated by the need to extend the spectral
detection domain of low—cost visible light systems for unmanned weapons and to enhance low—-light visible
imaging systems. The primary objective is to achieve robust infrared feature transfer from visible images,
thereby enabling accurate multi-scale target recognition under complex all-weather conditions while
reducing dependency on physical infrared sensors. A Multi-source Image Migration Recognition Network
(MIMRN) is designed, integrating several innovative components. First, a strongly generalized infrared
migration generator is constructed, replacing the conventional U-shaped architecture with a multi-level
residual connection structure. This modification reduces structural redundancy, accelerates training
convergence, and facilitates reaching the Nash equilibrium in adversarial learning. Second, a lightweight
feature—sensitive adversarial discriminator is developed, where the number of convolutional layers in the
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PatchGAN architecture is adjusted to enhance feature extraction and detail capture. The discriminator is
trained using a binary cross—entropy log loss function instead of the traditional 1.1 norm loss, improving
sensitivity to both high—frequency edge information and low-frequency gradient variations. Third, a
deformable convolution and a bottleneck attention mechanism are introduced to enable more flexible
sampling and to extract more discriminative features, thereby enhancing robustness against various image
transformations. Fourth, a gradient residual semantic-aware fusion module is employed to merge the
pseudo-infrared images with the original visible images, facilitating precise recognition of multi-scale
targets across composite spectral bands. The entire network is optimized to balance the generator -
discriminator game during training, improving structural similarity and detail fidelity in the generated
pseudo—infrared images. Experimental results demonstrate that the proposed MIMRN effectively generates
target—specific infrared physical characteristics from visible images, significantly reducing the perceptual
and structural differences between pseudo—infrared and real infrared images. The method notably lowers the
cost of target recognition in low-light environments. Under all-weather and complex environmental
conditions, the network achieves high computational accuracy and robustness for multi-scale heat—source
target recognition tasks. Quantitative evaluations show that training recognition models with pseudo—
infrared images yields improved target identification accuracy compared to baseline methods. Furthermore,
fusing visible images with pseudo—infrared images provides additional performance enhancement, enabling
visible-light cameras to partially compensate for the absence of physical infrared sensors. The approach
successfully strengthens the all-weather reconnaissance and detection capabilities of low—cost weapon
platforms. This paper presents a multi—source image migration recognition network that integrates multiple
collaborative optimization modules to achieve visible-to—pseudo-infrared image generation and fused-
image target recognition. By incorporating deformable convolution for adaptive offset sampling and a
lightweight two-dimensional bottleneck attention mechanism for discriminative feature weighting, the
method extracts more robust features while suppressing irrelevant information interference, thereby
enhancing robustness to image variations. The lightweight two—stage convolution design coupled with the
binary cross—entropy log loss function effectively balances the adversarial training process between the
generator and discriminator, improving the capture of both high—frequency edge details and low—frequency
gradient structures. Experimental validation confirms that the proposed network reduces target recognition
costs under low—light conditions while significantly enhancing the all-weather reconnaissance and detection
capabilities of low—cost weapon platforms. This work provides effective technical support for improving the
combat effectiveness of unmanned weapon systems in practical deployment scenarios.
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