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Abstract

The detection of aerial targets using mid-wave infrared image is a highly valuable military technology, but it is difficult to
apply deep learning due to data acquisition problems. To address this issue, We propose a training method for an aerial target
detection model with computer-graphics-based synthetic data. The training process is structured to do pre-training with
computer-graphics-based visible-band aerial target data and fine tuning through actual infrared-band data. The pre-training includes
a data augmentation technique capable of generating an image with similar characteristics to an actual infrared image. The actual
aerial target data for model training and evaluation have been directly acquired though an infrared camera. Experimental results
show that the proposed method can improve mAP by 6.9% and mAR by 7.5% on our own dataset.
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Fig. 1. Examples of previous dataset related with aircraft



804 (JBE Vol.28, No.6, November 2023)

.

.

.

1.

. FLIR A6751[14]

. FLIR

Application programing interface

(API) RAW

. 640 x 512 ,

16 bit .

LabelImg[15] .

RAW

. COCO[6]

,

, .

.

3,184 , 797 .

2 , 1 .

COCO[6] .

32 x 32 , 96 x 96

. .

.

Small Medium Large Total

Fixed wing 2,814 897 163 3,874

Flywheel 188 0 0 188

Flying Creatures 99 0 0 99

1.
Table 1. Composition of data acquired through a mid-wave infrared
camera
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Fig. 2. Examples of images acquired through an mid-wave infrared camera
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Fig. 3. Method of computer-graphics-based aerial target image synthesis
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Fig. 4. Examples of augmented synthetic images

∈    ∈   



4 : 807
(Junhyeong Bak et al.: Method for Aerial Target Detection Model Training with Computer-Graphics-Based Synthetic Data)

2.

3 .

mAP mAR

,
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mAP 6.9%, mAR

7.5% .
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w/o proposed
Proposed

w/o augmentation
Proposed

Total scores

mAP 0.348 0.361 0.372

mAR 0.398 0.409 0.428

Scores by size

Small
mAP 0.320 0.327 0.340

mAR 0.375 0.385 0.404

Medium
mAP 0.797 0.813 0.812

mAR 0.826 0.839 0.840

Large
mAP 0.849 0.892 0.883

mAR 0.871 0.900 0.888

Scores by category

Fixed wing

Precision 0.636 0.638 0.643

Recall 0.967 0.974 0.976

F1-Score 0.767 0.771 0.775

AP 0.636 0.638 0.643

AR 0.673 0.677 0.681

Flywheel

Precision 0.374 0.378 0.420

Recall 0.901 0.881 0.911

F1-Score 0.528 0.529 0.575

AP 0.374 0.378 0.420

AR 0.453 0.460 0.502

3.
Table 3. Quantitative comparison of detection performance
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Fig. 5. Qualitative comparison of detection performance
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