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ABSTRACT
Received: August 16, 2023 Continuous research efforts are being devoted to unmanned mobile platforms for lunar
Revised: August 21, 2023 exploration. There is an ongoing demand for real-time information processing to accurately

determine the positioning and mapping of areas of interest on the lunar surface. To apply
deep learning processing and analysis techniques to practical rovers, research on software
integration and optimization is imperative. In this study, a foundational investigation has been
conducted on real-time analysis of virtual lunar base construction site images, aimed at
automatically quantifying spatial information of key objects. This study involved transitioning
from an existing region-based object recognition algorithm to a boundary box-based algorithm,
thus enhancing object recognition accuracy and inference speed. To facilitate extensive
data-based object matching training, the Batch Hard Triplet Mining technigue was intro-
duced, and research was conducted to optimize both training and inference processes.
Furthermore, an improved software system for object recognition and identical object
matching was integrated, accompanied by the development of visualization software for the
automatic matching of identical objects within input images. Leveraging satellite simulative
captured video data for training objects and moving object-captured video data for inference,
training and inference for identical object matching were successfully executed. The out-
comes of this research suggest the feasibility of implementing 3D spatial information based
on continuous-capture video data of mobile platforms and utilizing it for positioning objects
within regions of interest. As a result, these findings are expected to contribute to the
integration of an automated on-site system for video-based construction monitoring and
control of significant target objects within future lunar base construction sites.
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Fig. 1. Example of object labeling : Bounding Box (left), Segmentation (right) (Wu et al., 2020)
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Z3A 732 F A2 TlloE] ello 5 (labeling)& A2t (rectangular) FEN 2 F = HHALS WobH, 2] glo] 2 33 WA
(Annotation) 5 7}A]7} EARITE. Pascal VOCQ] 7%, o[m|2] W) ZA] A S 573 B3 (x1, y1) 2S5k T34

(x2, y2) 0.2 H&5ta], o2 XML (eXtensible Markup Language) 2 71=Stct HFH COCO t|o]EjAlS ZHA]| 0] #o]E(Label)
Jok EAI-(x1, y )T A 2] HH]/A=0](w, h)2 EF5H, ©5 JSON (JavaScript Object Notation) T2 7| E3H},
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T = art Sk glolE WAlelA ] Alol= Held Z1HE A Q1A Relo] ol 9l 7 Lok PRk nXit) Y 2
719t 4] Q14] B E(Instance Segmentation)-> 5 30°42] o|R] A& A2l 4= Q= 7/ IX] EHSI O, F SIS
of et it 2 Aete7F S A(mAP 30 ©f5h) = Trade-off TA O] 3L
A2 0 2 73| Ak} 7|5 28] Q14] B E)(Object Detection)-2020'd SA] 2HEH YOLOv4 715 23 2] 1007% 014+<] o]
1 X](fps) A7 = 751 A2 = FHolur=Z3(mAP 40 o1d)o] ith(Fig. 2). o= Qlsf :FAQ1 Ads- 7|ite 2 §F
AARE A27F HRjt FoREAl, A4 QFd 2ok 5)ollA HAVIRL Z|RE ZiA Q14] o] EhRllekA| ARgETL glom, F7
Two-stage 7|57} One-stage 7|22 WK Fig. 3).
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36 o PA-Net YOLOv4 (ours)
& MS-RCNN R SN
&l o @ . —
a3 " & YOLACT = : #\_H
LE7 & YOLACT++ - .
- o S
Y] & < T~
w30 ® & - —#—YOLOV4 (ours) N ~e
b3 55 4‘ ——YOLOV3 [63]
36 | —m—FEfficientDet [77] \
26 2 ATSS [94] \. OO0
o —&— ASFF* [48] '
32
Real-time o CenterMask® [40]
22 30
0 10 20 30 40 50 10 30 50 70 L] 110 130
FPS FPS (V100)
(a) Segmentation (b) Object Detection Model

Fig. 2. Performance comparison of object detection by (a) segmentation and (b) object detection model (Bolya et al., 2020)
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Fig. 3. Boundary box based object detection method (Pacha et al., 2018)
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Two-stage 7|5F 84| Q14] .o ZWA] Q2|5 FEoH= F-E(Region Proposal)Zt o] ZHA|Q1Z] E7(Classification)ol= 5
Hog pAxL]o] Qlrt tEAIS] two-stage 7]HF 27| 014] RElo-201 5 o] BH T Faster R-CNN (Ren et al., 2016) 2. sliding
windowtHA1-S E-8510] oJu|z] W A7} -2 SE G o)-S w2 7] 2Fohii= RPN (Region Proposal Network)< 7F Zlo] E4
olct. 71 HAlely 7H(olE 59, Selective Search)5< A2 FH = A S(proposals)S /d# A7 Convolutional
Neural Network)®ll 4={s}7] ol AJ/dst3irt. ou|#] 17g] thsl 2F2,0007H] proposalsE TH=0] A174e] ¢80 = Tl
T} o] = <loff o]m]2] 17o] A2 A Rto] th: F7tol= ATHE ZfotSirt §FH, Faster R-CNN-2 o[H|Z[Z A1790] Qlgjog =
Ut o]0 RPN-2 "53]l proposalsE °F 3007 &3] A=|ARE & ¥l a&-d& T 7SI SHK Tan et al., 2019).

One-stage 7|52 24| Y25 FE0h= F-=RPN) 2 o]H ZIAQ14] 27 Classification)sh= F-=o] U014 91A] 9411, oF
O Y EQAR /5| o] Q1= Zlo] EXoltt. 2|9l One-stage 24| ¢14] REl 2= YOLO (You Only Look Once)7} 3.0
Aol et ookt v 0 2 ZjAEolglel. YOLOAI G| 24| 914] el 71224 0 2 71215 (Grid) & 7|REe 2 sfod ofw| 2] U]
A o] K21 E AR . A |9] 9IR1E Foh= Z2FA(RPN) I E-F( Classification)= “5-A|°f X154517] 2] Two-stage 7|'H
Hot FE2E5(fps) SHONA Hold A s-S BAFARE A 14 e (mAP) SHOA Two-stage &7} H| W3S o, YOLO
Tdlo uho M=o 7125190t shARL ZiAE A YOLORZ(YOLOV3)o] 5451 HA 247 914] FSHe = Two-stage 55
07 20|37, FE&AL L 7]E YOLORY oJAte] A%-8 HojF11 QJthRedmon et al., 2016, 2017, 2018). L YOLOv3ll 7}
$-AIQt I (Gaussian Distribution) S 2-83F 244 ?14] HElo] FASHHA] One-stage 71™H o1d2] $F82Q1 5(=2 ok,

w2 o2 s S S ' 4= A = ITK Choi et al., 2019).
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YOLOV3 2] AA| HIEH T 15+= A EA 25 (Backbone Network), 14| $1%] 74 (Detection Layer) = 73 % 11
(Fig. 4). YOLOv32] 244 EA &5 (Backbone Network)= DarkNet53.2.2 $Hd¥(Convolution)} ZH2} E&(Residual
Block) 9] Y& = o]Fo| A3l o]= 2020 AA7IA|w Bo] AR8El= ResNet 722t -FART FEIE HaL 310, ZA|o] rpalst
B FE0ketl w2 52 WA oltk
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n|= @410 54 FE(feature pyramid) YA A2 ito g 5 S =ist S = Slrk
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Residual Block 2x128 \ T For detecting small objects
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i \I
. Concatenate I 3)((25%2?;1%[;15;@,(3) | Conv 255x1x1 [— Detection Result |

Residual Block 8x256 |——
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——
4 U L . . . /
Conv 1024x3x3_s2 o psamp e For detecting medium objects 4
! ‘ \

Residual Block 4x1024

—— Conv 255x1x1 Detection Result
Conv Block
3x(512x1x1+1024x3x3)

For detecting big objects

Backbone Network

Fig. 4. Conceptual flow of YOLOv3 network

H AL A=YOLOV3 9] A5 7S S5l Z7E-AIoE B LS 4181 ~(loss function)©f| §H5FSATE Object Detection &a?
Z9] output2 ZFAVSA}F 3 (bounding box coordinate), class probability 15, classo]] et HRE= 2HE 4102 11 2|9k 7
AVIAL = deterministicF g1 57| W20 bounding box dll& Axe] theh 2S4S & 4= gltt. ool AAVIAF 23
of| 7}AIRE HElRd-S 2851l SATE AV dAlsto] REo] HEE o1l 91%] 4K o] E2H4(localization uncertainty)
< A5k RS A-8siei
YOLOV3 9] 9= A= ZF Gridutth 47119] 74 AVSAY 2138, A -5-F €-E(objectness score), 22 &E(class score) 7 FH 5
29| Hcﬂ Shte] /6]' AMZ dlEstal VR A ok AR 235 F/dok=t T|EE2 A5 box o] A, size S LE
Aokl glolok. &, 24| 75 2E, S04 TE2 SHE 4= HEo] 923 k(threshold) 5= &3l W2 SHE
= Z@E TS E T 5 YA AAVIAL 2= SHEgle] ofU B R diE37t AdAte] 8t duiut AeiA] & 4 gl ol E
sf2s}7] ¢fall FEE dok= o2t t of] Gaussian Modeling= 2-85141, oof 5] £ A8=5 444519t

2.2 3K CIOJE] 74 2 24

Sh5S Pt HloleAl o 2 Rk a7 e Aol A3 Qe E RAF A[7dollA Stereo Cameras 01851 F1537t 2H 558
&Aoo 2 412l FHE 9ol 7, o e BT B8] Frame T = 2 5to] ARSIt Fig. 5). 974
S0 A 7hjet 2 FLIRALS] Blackfly S Wghe- 2t &85t om, 7ie} 2z Beflo|d-S Tl AHH Q. 7=z 4
SHRICE. 4 ZHER ou|z] ZRA|e] sk} Z2] oot o) vt Al Z|U7He] SSIM (Structural Similarity Index
Measure)©] 0.8 H|RFR1 o] 2|qt [ 2}= AEs|A Z5t glo |5 o] HUAAU AA At RAEsH| 37| =h= 52 424t }de] 2
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Fig. 5. Data labeling results: day image (left), night image (right)

e 9 7o) ey ojn|z|E 5 51,25770]H(Table 1) o|0|2] Y ZAEL F|o]E] 24,0807H, 94 89,9157H, AFA
34,57170% HE=|30ck 24 Q14] REo] B Over-fitting) S WAISHY, QP21 AJ5-S 412017 Slal 755 tlolelAls,
S5 (train)/ A5 (validation) TlOJEJAIC 2 LRILt. 5= Hlo[EAlL- 8:2 0] HIE =2 LHE3] O H(Table 2), Sk ZiA)|9] S0 R
£ Jsto] FdsIelet TS, a-&4% Hiole HHE fidl, HlelE|(eln|A)/g|olE)E 2Bk (Serialization) ! FE|] Hlo]E
(tfrecord) 2 H2FI9ict.

Table 1. Quantities of the datasets in terms of condition

Day image Night image Sum.
No. 34,601 16,656 51,257

Table 2. Train and validation split of dataset

Training dataset

Validation dataset

Day 27,680 6,921

Night 13,324 3,332

Sum 41,004 10,253
2.3 50| mZ[0|E{(Hyper-Parameter) 27 ! 7H2teHE 719

O{l

7] Q1A rElo] Slszo]] Q31 stolm mEtH|ElE Table 337} 2Ho] A3t Sk 28-S A1 3iste] Hlj2] Afo]Z(batch size)
2 7] g (resolution) F-& X530, o5 918t mY(yaml)S = F/dol] Sl TEAIAE AT A
Q14 el 5<% A] T vl %] (batch) 34T 2 QPR 81552 Yfaf] E Lol A= Ubuntu 16.04 LTS, Python 3.6.10, Tensor-
flow 2.1, CUDA 10.1, cuDNN 7.6.52] 733 2 Intel Xeon Gold 5120 CPU, DDR4 256GB H|&.2], 37112] NVIDIA Tesla
V100 32GB sl=Ego}E AR5l
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Table 3. Hyper parameter settings of object recognition model

Hyper parameter Value
Epoch 50
Batch Size 16
Buffer Size 1,024
Learning Rate le-4
Margin 0.5
Height 416
Width 416
ZF S5 AR oF 18A]710] A Q E]31 0™, Tl epoch™H 2 21 5715F0] A Q&[T WHz(iteration) E 2 S5 £~ %)(train loss)
o} A5 =Agl(validation loss) & AFEo1] 71551t Fig. 6). S &A3ke] =015 HH, 40 epochs O F7H] A|&54 0 2 7hA
SHe 212 4 9l A% SAGE BT QPR AIR) 7k 415 Hod Siol] M 4 Gl Tl Overitting) EARE SIS
THal TSl

epoch_loss

"/Jt,,1rain Loss

|

Validation Loss

Fig. 6. Train/Validation loss curve

e 2| Q14 RO 715218 7o 2 2| Q14 /52 57301 s W7 A2 EmAPE ARSI oM, AT O]
Efofl thisl] 28stnt. ZiA] Q14 452 0.872 7153H3L, A IAE(AP) 3 A 28 7Fsd a7 olsd A

4= Ith(Fig. 7).

mMAP = B7.24%

slope

arater

02 04 06 08 10
Average Precision

Fig. 7. mAP(mean Average Precision) by classes
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. 23| oY ZE M|~ 2 Cjjo]&{ A 14

3.1 Batch-Hard/Online Triplet Mining 7|

o[u|z|Al Atolol] FA AAIE wist7] ol Triplet LossE 85191, 1 Folklk 71 Teqt WHAle] A Loss
Function) FE}E = 9J613ct £ A% ](anchor)@riolo}iﬂ/\—i A |(positive) Ate]e] 7=, th= A 0] ZHA|(negative) 2t
O] AZE Altolod 4% Loss)S 4 2 24| o3 HIEH T 7ok Backpropagation)= %1 85HSIT.
Triplet (anchor, positive, negative) Z3F= TF=0] UIEEL|F.2] J& 0 = AAJs)| wfiZo] tlolE o] S7etel met 23te
ZIska=rA o2 STkl Evh= AP FEARICE TR, Aokl 2852] Bt &4k AbESto] essoltt B Y Fig. 8olKAH
et

i ‘?l’l‘—%(iteration)ﬂ}li} A46H= A= Holzut B9

0.8 -

06 4

04

02

0.0 4

0 5000 10000 15000 20000 25000 30000

Fig. 8. Initial triplet loss curve

oI5 FESF|9Ie] F 71A] 7S =ttt ®A, 7 ]é}l—jr\qui Triplet 20| Eolu= AIE =551 15l Online
Triplet Mining= F7FoFIt}. Online Triplet Mining2 Sk o] 28k n]g] ThEX] &7, S5 A] (B0 F0] = HijX]
(batch) WollA] Triplet g2 TFEo{Ul= Zlo] Si4lo] d(sChroff etal., 2015). o &ofl YIEF2] 9=(input) ©]7[A] &7
(Classification) A2 FLe 3194 T ofn| 27} ok T A=, 5-82Q1 8152 15l Online Triplet Mining= &l 7=

o171 28t Fol Hard TripletsE F&530t}. 5L S2240] ¥t anchor2}te] 71=2]7} 74 H positive (Hard Positive) 2t THE 22
20]Z]T anchor2te] A27F7H 717k2- negative (Hard Negative) S 9= d|©]E|(example) B2 AAsto] Bt ~AI7ES- AFES)
St

271202 el VIE9I=e] 5} A, BHe] 5 2] w3 HSHES 24519150 Batch Hard Accuracy S 2B 245t
ok Hiz] Woll] 5L AR A7t 7 de] oA Q)= positive (Hard Positive)$t TR 2240 A 5 71 717k
negative (Hard Negative)E H|1 3} Hard Positive”} Hard Negative 2Tt anchor®f] 7}F7R2 74-9-fut A0 2 Q15| wj&
of, 7|1& e STA = 7153t X et & 4= ¢Irt Batch Hard Accuracy= 431 o] uff gEEnc} 27 =]o] epoch©]
TRE|H Fgto] AFEEh
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3.2 2H-2’d 03! 5k5 Gi[o[E{Al g

2 A o]u]z|2} PYER) A o]u]2] Alo]e] T A uhF Sh5-S ol Al =R 2H /T A dlofElAl} EE
A o]n| 215 FgFoto] elsotairt. B2 A o]u| 2= 1= 30 m E 50 m EE %0503%%%%6‘}04 Zld(eluA) T91=
By, 71 e 59 shgoll Bagt Ml— FZ(cropping)Stith(Fig. 9). & 30,7717] 24 oS SfEs}glow,
149,627712] A} HEE|o] 18714] 2] 2 B=s199rk Table 4). TR Fig. 10% 1880l s A R Aot ]
T2 07 SRt Hlo[e S iRk o 2 2|9} H**(EE) Z}7}0] 247 oju|x] RS 125} 7:3 2] Bl &= s/ 7% Hlo|HAlS

wejsigct

Fig. 9. Sample of drone image

Table 4. Rover-Satellite image object matching trainning dataset

Day image object Drone image object Total
No. 188,856 30,771 149,627

robo-drone total data distribution

10000

0lslope 02slope 03slope 04 slope 05 crater 05 crater 07 crater 08rock 09rock 10rock 1lrock 12rock 13rock l4rock 15jock  16rock  17rock 18 rock

Fig. 10. Object distribution histogram
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| o7 S5 -sLsiAl agstolet ot stox et} 4d7g2 Table 5 2t

ol MAsIH e =lghe] 271, vl 52 2 A 3 A oY S5t S dstAl AAstal et shaa el HiA] Atel=

Table 5. Hyper parameter settings of rover-satellite object matching model

Hyper parameter Value
Epoch 250
Batch Size 128

Buffer Size 4,000
Learning Rate le-6
Margin 0.5
Height 128
Width 128

2E-9) A W Sl L0 QPR SR SR, Sk P Fol) 2 Btk £AZke Sl 2t AAE

B5e HHOL, 2F80 epocho 5 H sk A4S H AL, ©F250 epoch Ao 4

o
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] 3 N
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03- /
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Fig. 11. Rover-Drone object matching training result : Loss trend (left), Accuracy trend (right)
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Fig. 12. Drone-Rover object matching training process
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Fig. 13. Example of object in drone image (50 m)
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Table 6. The number of object detected from 50 m drone image

Object name Data num. Object name Data num.

01 slope 748 10_rock 866

02 _slope 739 11 _rock 636

03 _slope 748 12 rock 782

04 slope 547 13 _rock 562

05_crater 819 14 rock 794

06_crater 820 15_rock 722

07 crater 585 16_rock 702

08 rock 772 17 _rock 567

09 _rock 530 18 rock 510
30m &2 50 m FY VI FLH A= B ES EE5te] o|nA] A e ZIdstgl o, 0] HlolH & Y
(class imbalancey 2417} A15tAct. Hlole] B3 £Alg slislr] sl Zell 7H G4z 37} glo] 7] melele] ehsf oo

il
Hghs gsEAAL, ofolA HlolE 71 Al asl3ltt ol F S5, T 30,771782] A o|m|#|E HSIAN, HlolH =t
TAPEFAE B7HE ER ATEAY o S H 7 dE ZE thE Fig. 145 56l &R17FsS1T: 30 m Gl 5t vlolH A%
= Table 70114 &Rl 7Fs51H, olof tiet e B/ H= Fig. 159 £t
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Fig. 14. Object distribution histogram after SSIM filtering process (30 m drone image)
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Table 7. The number of object detected from 30 m drone image

Object name Data num. Object name Data num.
01 slope 1,587 10_rock 1,559
02 _slope 1,982 11 _rock 1,901
03 _slope 1,798 12 rock 1,478
04 slope 1,358 13 _rock 1,482
05_crater 1,090 14 rock 1,866
06_crater 1,651 15 _rock 2,123
07 crater 1,494 16_rock 1,840
08 rock 1,704 17 _rock 1,733
09 _rock 1,977 18 rock 2,148

01_slope 06_crater 09 _rock

Fig. 15. Example of object in drone image (30 m)
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Fig. 16. Trend of loss values in drone image training results : (a) 50 m and (b) 30 m drone image

TUNNEL & UNDERGROUND SPACE Vol. 33, No. 4, 2023



294 - Jong-Ho Na, Jun-Ho Gong, Su-Deuk Lee, and Hyu-Soung Shin

5. EE-2H Oy =E Z2M|~

5.1 2 Z2A|~ L Ho]E{Al 114
/ Fto s g A7) lolElg FEske Agle 27 el 1 elel W vla 5 7 mea
R e R S
B2 Fokt 25k HleleAl, 73k eloleilo R AT

L
T
|
'
i~
—_>'4-['4
=)
ot
Hﬂ
In f”l°

5.1.1 SEAZ vlE T2Ax

S 7k o I ERA| A T Fig. 1732k 71E wialed 2 Held o] B mdo] Safshe sty ZuAlit 5

| Agstet. 28] onX 2R 251 AAE vl BES B85l 128740] WE|(vecton) 2 AHPA7| 1L, =2 744 ¢
k=1

B3 wlefete] H]W(Euclidean Distance 7|5t -fARE Z74)E 53l s Z7d51%ch

_0|L
L

Drone image dataset

Drone-Rover object matching
(Similarity evaluation)

01_slope

02_slope

18_rock
Object
matching Top 1/Top3
module accuracy
(Embedding) 2 evaluation

{Inference process : class-class accuracy evaluation }

Fig. 17. Conceptual diagram of inter-class detection accuracy measurement process
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Drone-Rover object matching
(Similarity evaluation by
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{Inference process : accuracy evaluation by categories }

Fig. 18. Conceptual diagram of categorical detection accuracy measurement process
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Table 8. Drone image object inference accuracy rate result between class

50 m drone image 30 m drone image
Rover (Day + Night) Rover (Day) Rover (Day + Night) Rover (Day)
Top 1 7.96 % 743 % 14.1 % 13.3%
Top 3 2323 % 22.71 % 35.45% 35.56 %

5.3.2 57|y E3t

24} OB (ol 71 Hlo el tiel] M5 et 2798 A, oF 16% 450 2 Upepdrt, F7k} ol Hlo]
=

E] 2o sl F2<t A7t ZAskA S AT (Table 9).

Table 9. Drone image object inference accuracy rate result between category

50 m drone image 30 m drone image
Rover (Day + Night) Rover ( Day) Rover (Day + Night) Rover ( Day)
Top 1 16.86 % 16.42 % 21.88% 21.05%
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[Accuracy evaluation by categories ]

01_ 02_ 03_ 04_ 05_ 06_ 07_ 08 09 10 " 12 13 14 15 16 17 18
slope | slope | slope | slope l§ crater | crater | crater § rock | rock | rock rock rock rock rock | rock | rock | rock rock

Day

/night | 7.5% | 54% | 15% | 15% 55% 3% | 79% f 39% | 0% 15% | 0.9% | 25% | 13% | 09% | 51% | 0.4% | 1.9% | 62%
Top 1

T23y1 6% 31% 0% 16% 54% 33% 9% W 0.4% | 0.9% | 0% | 25% | 3.9% | 17% 0% 52% | 0.4% | 0.4% | 30%
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02_slope 03_slope 05_crater 07 _crater 09_rock 14_rock 18_rock

Fig. 19. Object inference result (50 m drone image)
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[Accuracy evaluation by categories ]

01_ 02_ 03_ 04 _ 05_ 06 07 08 09 10 " 12 13 14 15 16 17 18
slope | slope | slope | slope B crater | crater | crater § rock rock rock rock rock rock rock rock rock rock rock

Day
/night § 0.9% | 81% | 54% | 7.5% 35% 46% 50% 0% | 0.9% | 0.4% | 04% | 15% | 54% | 7.5% | 62% | 15% | 1.9% | 11%
Top 1

Day

Top 1 1.9% | 68% | 3.9% | 7.5% § 36% 33% | 56% 0% | 0.4% | 0% 14% | 20% | 41% | 7.9% | 62% | 10% | 0.9% | 20%

B v 08_rock
NEAP Yo &%
02 _slope 07 _crater

10_rock 15_rock 17.rock

Fig. 20. Object inference result (30 m drone image)
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