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A Study on Improving Weapon System Detection Performance
Using Sim2Real Learning
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Abstract The detection of a new object in a deep learning-based object detection model requires the
model to be trained with many images containing the objects. On the other hand, in an environment
where it is difficult to obtain sufficient image data, there is a disadvantage in training a model, and the
defense field is the representative example. The 3D model-based synthetic image in the simulated virtual
environment corresponds to data generation to solve this problem by preparing a sufficient data pool
for the computer to learn the object detection model. This is called Sim2Real learning, and a process
of reducing the domain gap is required to guarantee the performance of Sim2Real learning. This study
performed a fine-tuning process of re-learning with images collected from a real domain with weights
of object detection model learned with synthetic images collected from the virtual domain, which is one
of the domain adaptation techniques to reduce domain gap. This study analyzed whether the domain
adaptation technique effectively detects performance by comparing the differences in results. As a result
of the experiment, there was significant performance improvement through fine-tuning with a small
number of real images. This can suggest a direction for learning object detection models in the field of

national defense, where it is not easy to obtain training images of sufficient quantity and quality.
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Fig. 3. Examples of domain adaptation and
randomization(revised from [9])
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Fig. 4. Photo-realistic transformation of synthetic
images[10]
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Fig. 5. Real warship(up) and Synthetic warship
(down)[11]
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Table 1. Dataset used in the study

Name M1A2 | Leclerc |Leopard |Merkava| T90
Training 1200 | 1200 | 1200 | 1200 | 1200
(synthetic)
fine-tuning | 5, 50 50 50 50

(real)

Test 50 50 50 50 50

(real)
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Fig. 8. Domain randomization by changing
circumstances

3.2.2 EIX|CHA o|oJEfA

] tiido] == AA ZHRle] HAF AR Google
olm| A& &-gstof, S5 HlolEHAY] ARET 22 7]
Fo2 FHE 504 folHAS 735192 Fig.
109} o] Aztel A - Wzt 75 2 A T st
&% otollAe] Azt olm|Ag ZFolgict. sk58 oyl
22} SR A} o|u| A= BE 960 x 540 pixel Afo]=
2 AAstott.

Fig. 9. Examples of target image dataset



23]
=9

SATE7 1283 =R A A249 A7S, 2023

3.3 K&
AAEA

(confusion matrix)9]

1O
o=

L S~

341} IoU(Intersection over

F}OI'

Uinion)°| gt oJsi7} "gsit WA, 5L
Table 29} o], AAER] ZE9] o= AN predicted

result)?} AA] A (ground truth)e] IAFHEZH TP=
AET o] AA7F A B, INS AEEA g2
Aol AA7} 25 A%, FP= AES Z23A 447}
SABHA] F2 AY-, TN HEEA| g2 Ao AA|7}
ERth

Table 2. Confusion Matrix

3.4 M3z}
PHolmIA o R ST AREA et vl 2
H4e AN 5D ol8ste] 2 25089 UAelm|AE

EAgE AP_0.5 BIH= Fig. 119 Zth g2t Ho] 574
A E5FE 22485 APEEY HH#Q! mAP(mean
Average Precision)°]t}.

—— mi1az2 0.702
leclerc 0.516

—— leopard 0.606

ozl|—— merkava 0.538
190 0.638

=== all classes 0.600]

Predicted result

Ground truth

Positive Negative
Positive TP FN
Negative FP TN

AR BElo] A5 H7EAH2] AP(Average Precision)
= 53 W9 Al A (precision)2t AEE
(recal)d] 2 S Ats=tl, == Zdo] 4
golgta A&t 435 Sl AA AEE AT vle
ol @& AA F Sl EH‘O] Aozt HE

3 uge Eohn Aol AL ok AL Eq
(D At
... rTpP _ TP

Precision = TPIFP Recall = TPIFN (1)

SHA|GE el AE = AAEA 249 4
5= 2] gk 1 °l Z*Q}E ol =2 3¢
AL 2 32 Aol A, W2 FEe gho] F
AT AEE 2 =2 40| 7] "i2olth ol#gt £A4)
2 199 45 FH57] Hall PR Curve(Precision

~Recall Curve)®] ol Holo] sjet APS 214]
A 2do| 45 B7HRRZ ARSI 2 AFolME
AP_0.58 B/ ER /\}—9—6}131 AP_0.5% [oU9 A
ol 0.5 W] &2 TP Fo= AREEIt) ToUs A
A gl Hhew viash mdlo] o=k uhew vzt
A w2 Fofl Aot AR A AR o=, ke
A2 Eq. (¢ 2ot

area( Ground Truth N Prediction)

bU= area( Ground Truth U Prediction)

(2)

194

—— m1a2 0.757
leclerc 0.639

—— leopard 0.648

oz)|— merkava 0.728
190 0.694

[=— all classes 0.693

—— m1a2 0.790 )
leclerc 0.699 ]
—— leopard 0.831
oz merkava 0.684
—— t900.702
,lE==_all classes 0.741

with 30 images with 50 images
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