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Abstract

Recent advances in deep learning-based object detection have highlighted the potential for applications in military
domains. However, the scarcity of infrared(IR) training data remains a major limitation. In this work, we compare

to representative EO-to-IR generation approaches and evaluate both image synthesis quality and downstream

detection performance. Experimental results show that preserving spatial consistency with EO annotations, which
means ensuring that EO-derived annotations remain valid by preventing hallucinated or misplaced objects in the
generated IR images, is more important for object detection than photorealistic image generation. These findings
suggest that our approach offers a practical training strategy for military IR object detection when real IR data are

scarce, particularly by preserving spatial consistency between EO images and generated IR images.
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Fig. 1. Qualitative results of synthetic IR generation on the FLIR ADAS dataset(EO input, IR ground truth, and model
outputs). Green boxes indicate vehicles and red boxes indicate persons
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Table 1. Quantitative evaluation of IR synthesis on FLIR
ADAS test set

model FID! |PSNR?T | SSIM?
Pix2Pix-Turbo 199.44 | 1344 | 0.4355
Pix2Pix-Turbo with time | 183.66 | 13.17 | 0.4436
Diffv2IR 157.04 | 1256 | 0.5293
Diffv2IR with box 16121 | 1270 | 0.5403

Table 2. Quantitative detection results for FLIR ADAS
dataset(YOLOX-m)

. AP@0.5 mAP

trained data -
person | vehicle @0.5
real IR 0.769 0.807 0.788
Pix2Pix-Turbo 0.557 0.594 0.575
Pix2Pix-Turbo with time 0.583 0.592 0.588
Diffv2IR 0.277 0.407 0.342
Diffv2IR with box 0.385 0.431 0.408
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Table 3. Quantitative detection results for KAIST dataset(AP@0.5)

YOLOX-m YOLOv11—m EfficientDet—-D3
trained data
EO IR EO + IR EO IR EO + IR EO IR EO + IR
EO 0.551 0.198 0.379 0.440 0.146 0.301 0.524 0.165 0.345
IR 0.302 0.538 0.422 0.060 0.525 0.304 0.399 0.537 0.467
EO + IR 0.558 0.541 0.550 0.491 0.528 0.509 0.536 0.519 0.527
SynIR 0.262 0.465 0.363 0.075 0.405 0.262 0.341 0.402 0.370
EO + SynIR 0.555 0.479 0.516 0.493 0.434 0.462 0.535 0.456 0.494
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Table 4. Statistics of target classes and images in the
KAIST dataset

train val test

# Videos 22 3 16

EO/IR # Images 9,296 1,619 1,142
# Targets | person | 21,030 | 5,161 2,743
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Table 5. Statistics of target classes and images in
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train val test o] IAE BYsta dwtsl Ae o] VS 1
# Images 9,635 | 1,004 | 3,614 ol
g EOSt IR 45 BebHow A-gste] 54 %
EO erson | 35,007 | 3,223 | 11,278 _ L - -
4 Targets | Ae Asteln, 4 R 94 EO @izl FFAL
vehicle | 71,281 | 7,285 | 30,893 sxgogn gLAED Bx| A% s 75
# Images 10223 | 1,09 | 3,493 th webA 3 RS A RO g giAAlE of
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Table 6. Quantitative detection results for FLIR ADAS dataset(mAP@0.5)
YOLOX-m YOLOv11-m EfficientDet—D3
trained data
EO IR EO + IR EO IR EO + IR EO IR EO+ IR
EO 0.627 0.382 0.489 0.643 0215 0.413 0.488 0.257 0.368
IR 0.412 0.788 0.610 0.396 0.801 0.611 0.307 0.692 0.505
EO + IR 0.642 0.791 0.717 0.659 0.797 0.730 0.511 0.701 0.610
SynIR 0.474 0.588 0.523 0.535 0.592 0.548 0.412 0.526 0.465
EO + SynIR 0.613 0.601 0.603 0.636 0.569 0.581 0.458 0.514 0.486

208 / S=rAasl e ehE] 2] #2978 A|3E (20261 6Y)



4. 2 IR 7|8F AL HH| BX| g5 "ot

4.1 Mgl 7
B Aol AENe Fa) 448 A 2] EO
g dele e Bgate] 4

= =0

Aol WAL FHE AZHY

OpenlmagesV7, Roboflow & 37l #]AhsZHE w4,

AzAl, & xpEo] EghE ojuXE 4=Fsla, o]

Absh(person), B (tank), -8 AFH(vehicle) Al 7 =i Fig. 2. Examples from our military dataset: EQ(top) and

28 F-E3ko] LabelStudio'NS &3] #olEH3l% synthetic IR(bottom). Red indicates person, blue
2

o A4 R 9L Fu sFed Sl v A

© indicates tank, and green indicates military vehicle
o]oJA], BlAE @MY A HZgow 3839

ol dlojgAle] ou|x] 4=} ZFef~ 32 Table 7 4.2 AE Zo}
o fefshleh B7]%  Section 3% BYEA YOLOX-m,
s A 2 mlal Aol A7 Pix2Pix-Turbo YOLOv!1-m, EfficientDet-D3 -2 AH&3H] 2.1, EO
with time B9 2 EO 94 o =2XFE A IR JAS 9= 83 EO+3Hd IR 84S Ul Table 8
Agsilom, Fig 2= o NS AMEY $EE & 1 ATE APHow ANAY EO B g 1
R F8< BO 2hlst ehi o= ARds fohd 2L EO HAEANAE £ 45 /5P o, A
A AANR G FARE 5A4E Belwtt A R HZEAAE o] 348 AstElth Fig
39 A& A AAAE IR A AAE 4
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Table 8. Quantitative detection results for our military equipment dataset(mAP@0.5)

YOLOX-m YOLOv11—m EfficientDet—D3
trained data
EO IR EO + IR EO IR EO + IR EO IR EO + IR
EO 0.882 0.499 0.777 0.852 0.372 0.716 0.856 0.611 0.775
SynIR 0.742 0.711 0.730 0.676 0.616 0.652 0.789 0.725 0.768
EO + SynIR 0.862 0.719 0.819 0.833 0.651 0.773 0.847 0.639 0.779
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Fig. 3. Visual comparison of detection results: (top) YOLOX—m trained on EO data, (middle) trained on synthetic
IR data, (bottom) trained on EO and synthetic IR data. Red indicates person, blue indicates tank, and
green indicates military vehicle, with solid boxes for detections and dashed boxes for ground truth.
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