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2 % =HoA FE ZYEPGS T, £ 53 T2 FLS BEH0|1 IFF R Fo1r] Yt 7MY 523 V&
% & 7HAolH, o]gjgt o|fE FE HUEF AAHS /NEst] gt AyvF EE5] 9= ot HZol= CNN
(Convolutional Neural Networks) 718t9] &Y (Deep learning) 7]&°] A 914 EoloA FHold A5 Yer
o], sYEoINAE ZE HUET AAH 7do) o]F HEstr] g A7t S7iska Aok 28y ZHE Q14 Ve
NS Yol CNN 7]5ke] Q14 ndS H|w 9 F71gt A= FE3E Aot} whatA 2 Aytoi= 8 250 &
st7] 913t A& Q14 gaEEY Q14 Fe vwsty, FAY SEE Y GPUY A 7Hs8E HESIA oty
20LE 2404 AuEEs EvlE 141S 93] Faster R-CNN, SSD, YOLOv3 % YOLOv4Y Y] 714 2ES 283
FoH, S5HE EntE QIARIO] 458 v 9 Hrietnt. 3t FAY RE Y5 GPUE iAot CPUS] H-&
7FsdS AESHATE ZF Qlalndo] sk 9 AZS 9 4,930709] Labeling©] Sli= ERLE Ho|EAEZ} o] 859
o 1 23, YOLOv4 232 ARRS 79 92.09%2] # 1 mAP (mean Average Precision)E B43t9.21, CPUY
A] fps (Frame per second)®= YOLOv3 Rdo| 5392 7} &2 Zog yelytt wehi AntE 2404 EutgE
A4 8iA= YOLO 7I5te] daejgo] Agst Aoa woEw, AAZ A4 AAE {9 CPUY FHE& 7Hs8S
A5t
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Abstract Crop monitoring is the most important in terms of efficient and stable performance of tasks
such as spraying, harvesting, and so on. Thus, several studies are being conducted to develop and
improve a crop-monitoring system. In addition, the applications of deep learning are increasing in the
development of a crop-monitoring system since deep learning that uses a CNN has been proven to show
outstanding performance in object detection. However, there are only a few studies that evaluate and
compare a crop-detection model with several deep learning algorithms. Thus, the purpose of this study
is to compare the detection performance and analyze the economic feasibility of object detection
algorithms for applying them to a harvest monitoring robot. Therefore, we used four detection models,
Faster R-CNN, SSD, YOLOv3, and YOLOv4, to detect tomato fruits and compared their performance in
a hydroponic greenhouse. In addition, we wanted to confirm the applicability of a CPU by replacing the
GPU. For developing a detection model, a tomato dataset with 4,930 labels was used for training and
testing in this study. As a result, the YOLOv4 model achieved the best mean average precision (mAP)
of 92.09%. When YOLOv3 was used with a CPU, the number of frames per second (fps) was 5.39.
Therefore, the YOLO-based algorithm is suitable for tomato detection in a smart greenhouse, and a CPU
can be used for real-time object detection instead of a GPU.

Keywords : Monitoring Robot, Hydroponic Greenhouse, Object Detection, Deep Learning, YOLO, Faster
R-CNN
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AntE RAolgk ICT
Communications Technology)E& #-&35}o] 92 F=
Asog2 A5 FSSHE A §4 ¢ T
T e AAEE ouRitH 1], ARE 242 2HE FHEA|
of 9 3 A3} 52 v R 7R} 538X Ah
9 59 153} 5o e A A B EAIE
2T 5= = Tte R HeET glow, 20199 7]E
I B5H AntE 249 WAL 5017 haZ B4
E X3 wid S7teka lTH2l

A, =W EvtE A2 201097 dRE A]4AY
HiE o|RojX| 1 glom EmE ZuiHAZ 6,010 ha
2 AA Ad&E AuiEAY] oF 7.26%F AR E
gk 20209 7| EFIE AR oF 34 47 Eo0=2, A
A BT B oF 19%F XA ok BAHLE F
83 A& F g 7R olH3]. Folle gyt Al
A AUtE 2412 9IS 49 ABARF STt 4] A
9 AE3HE 371 59 FHCoR Qlste] AntE 24"
A= EvfE 5717F S7kska QieH4lL

EutE(Solanum lycopersicum)= LR 0 g2 AFgF
Rl Ao g A=, o oF 8 m =o|7HA] A2
2ol A& TEstal =857 YoM HZEZ 4
o, o= AYRE, KA 59 EAY THE ¢
Ark S A f71d 2 R QIF HiRE
ARgSte G AlARI 0 R EQRAY ] HeiE
2A1E = 9lon, =XAulet Hlwste] AJso] &
E x| 7hs5H7| wizo] EvtE Ao & o]-8=
tHo). o]#gt o] & AWIE 2AoA $=AAH BH4Alo
2 ApiEls EvtEY i} 9|, 871A] iR 2
I A5 9 2R3} 57| gt A7 LEs] s
AL SleHe, 7],

U 9 $88 2R Esh] Asixe e
?14] 7]&2 d4Holn, o]F 8 B2 A+E0l %
Hal e 53], A= 915l Faster R-CNN (Faster
Region-based Convolutional Neural Network)[8],
SSD (Single Shot Detector)[9], YOLOv3 (You Only
Look Once version3)[10] ¥ YOLOv4 (You Only
Look Once version4)[11] 5 CNN 7|qte] Ha{y 7]
%o| & 0|85 k. 3HH, CNN 715 Q14] a1
2]£9] A% 34 One-stage?} Two-stage WAIOZ

EF49t} One-stage W49 3% 44 &5
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BAlol sk, Q14 £rt HiErh= Aol JlaL, of
¥Ho=Z SSD ¥ YOLO €x#E0] Ut Two-stage
A2 AR BRet A4S 747t S35, WA g2
2RE bttt EAS 5T Fo A4 FF5h] o
ol Hej&eres LA Y=ot wrhe Ao Sl
Two-stage 7|Hloll&= Faster R-CNN, Mask R-CNN
59 R-CNN7[§F gare]go] Qloh

M, "eld 71 716 AE Q14
sto] AAZte R ZHES QXIS o dhkdos 17te]
GPUZ} ARgEIT}. 1=, of=g GPU A2 Y EH
9 £k 28 BS99l w70l AAER Fgo]
S 4= glon, o= HEE Aokt 242 EAE gikd
4 Stk olggl o|f2, HIole 17t GPUE A
Sto] Ql4] AARIO] HAGS x| gt A+t ¢
P2z Qi1

wpEbA Aol ANTE 2404 =7 B4
o= AuliEl= BEvtE HAE 14lsH] fJs CNN 715t
9] Faster R-CNN, SSD, YOLOv3 ¥ YOLOv49] 4
7R Beg HEgstglon, 7k Q14 dnE|EY <14 A
g Hwsich. 3, HAAZE 14 AJAR9] FAA
SRS Qg Wk HESAL oleitt

pal

LAES °l%

2.1 EOtE H|O[EAl
£ dFoie EntE Q14 mElo]

[13], Fig. 1 tlo]ejAle] Z3tE A& ov|AE Yehd
Zloltt. Fig. 1914 B Hie} Zo] Kaggle Hlo]&lAlo]
Ao A&, oE I 9 £7] 5o oF 71 5
123 F 89579 olnA|2t Ground Truth %<l
Annotation Tt¥o] ZstEH Z 4 930719 BEntE 2}
HYHE7L xRt o] Qitk. A, S darEiEe A
&£ HASL TEsAHS AR EEE 959 AnfE
2404 HYT ENLE JAS 0|85t eH, Fig. 2&
P FHET AUE 240l EnfE ¢4 RGB-D
7H2HD435, Intel, CA, USAZ ZY5Hct
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2 AFolNEe SAA 240 ErtE I Q14 Al
2" F2g 915 Faster R-CNN, SSD, YOLOv3 %

YOLOv49] & Y| 714 2 vl 9 Hrisigict z+
Q14 wdle Python(Ver. 3.7, Python software
foundation, Wilmington, USA)°llA Pytorch B4
DY ANAE 0]85to] &I

Faster R-CNN<2 Two-stage 725 ZH= 24| 2l
Al ggj&o]tH14]. Two-stage T-RE= o]n]|A] HA =

we E42 22544 L1 Fig. 33} Zo|

=3
£ AR olnlxo] 54E 250 ¥, 257 542 53
A Q14]0] ool ERTHAGIAE B QA

-

7} o]FoiA Q14] A7to] @ ARtk Tl UA|T,
22 AR AL 4] AT} =rhs o] qlvth o
ZhA B Ao A= layer 71 B A A2 ResNet-50
= Faster R-CNN €118&9] backboneC& &89
of AUIE 2404 EvtE 349 QIAlS 913k gae]
Fo& AMESISIT

.. classifier

proposals b ;

Region Proposal Networkg

feature maps

conv layers /
A
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Fig. 3. The architecture of Faster R-CNN [14]

SSD+= One-stage T+2& A8ote= gaE|Eoz A
Az QAo Adtelttar d#A  UEH15l.  SSD
Mobile-Net¥} Z-2 Aga} B2 AARF AFE A
T 7@ 4= vk ARlo] 9lom, Fig. 49+ o] ofn
A Qb = ARE BRTDA flo]l EAS 55 & 24
5t7] wj2ol w2 o] glow, AF R FEI} oy
layeroll £4F EojQl= Zlo] YOLOLE] Aolxieltt. &2
Ao A= SSDY backbonel & VGG-16& ARED
k.

(o  opm
/__.,/.______"

Yioc: A(cx, cy.w. h)
conf : (1. ¢z, ¢p)

Fig. 4. The architecture of SSD [15]

YOLO: SSD®} Z2 One-stage T-3°0]7] wj&o]
R-CNN A€ 59 th& 4] md Sy} H|wsto] X<
7} w2, o]& Qlste] AAZE AR Q4o Ajtsitt
3 &=A QItH16]. Fig. 59 Zo] YOLOE HAE o]
Q9] F¥ HFE7A] EopH olu|A] HAE At
2] background error7} Aom, AE-& o]u|z|o]
AT Q14 =Tt =rhe o] Stk o]2{gt o]
FE, BYAANE AT FE 14 95 YOLOE &
&otEe A7t kst glew, E3], YOLOv3 [17]
9} YOLOV4 1815 &-8st= d=0] ol £3= Ut
[19]. YOLOv32} YOLOv4S] HEIE [FARSIA,
tlolg F4dolu, ARt ¢ gejulEES 75
Al QAREES 91 garglEo] YOLOv4olth & ¢dto]
AE A FAe] 24004 sl ErES] Q14
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o] At AwF=S A Q8] YOLOv3
YOLOV4 F 7HA| ¢38]22 v|walgct

Fig. 5. The architecture of YOLO [16]
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H}
& EntE folEE AL, 7
th. & 7ol A= mAP (mean Average Precision)E
olgslo] 7k o4 wile] 45g W7k € Mt
mAPE A Q14 mdo] FeeE Yehfr] 13t 87t
A 3ot mAP: Rdlo] Hetrol Hulnw 7R o] g3}
ol 7% 4 ler, g U AUee Eq. (D Eq
()& AAFETH20].

BEES W39

Accuracy = TP+ TN (1)
TP+ FN+ FP+ TN
- TP

Precision = TP PP 2
o714 TP (True Positive)= WA AEH 214, FP
(False Positive)= &% A&" A4, FN (False
Negative)9] 3-ol= AEEoloF & AA7E HEHA
&2 97, TN (True Negative)> FEF|A] olof o}

e, B AT AE

1O

= AA7t AEEA G2 vt

EntE9] AAIZE Q141 Yo 4 HdE9 852 fps
(Frame per Second)® ®|W3sl¥eH, GPU ¥ CPU
A 2 mdo] tigt fpsE F7gskoich & AFoA
= Intel Core i9-7920X CPUS}, NVIDIA Geforce
RTX 2080Ti GPUE ARg3I3ct.
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Table 1€ 7} malo] thst 249] setoleleh mAP
£ Uehd Aoln, 2 mde] velugE 7208 5
o Agwoict. 2 melo] that o]nA|o] Aolxt GPU
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9] Hie}g st AAE oM, Batch sizer HE
oA sttt gy $ESE JdFE vAE
learning rate= local minimum ¥AQ} ¥ & 1
ol 2d A APZ APSE =, 7F il HHg}
= $A34<1 0.0013 0.00252 Pt 1 Ak,
IoU50 (Intersection over Union)olA Z|3 mAP&=
YOLOv3 9 YOLOv4 ®&o] 27} 91.96%, 92.09%%
B %2 452 YehH o, SSD2} Faster R-CNN
9] Afol= 90% olstE uyEsth 3HH, Fig. 62
Faster R-CNN2| mAP®} loss& HoJ&Et}h 10,000
epoch XA £ AS FRIT 4= llon,
Fatser R-CNN= learning rate”} 0.0025°]7] wj&o]

dlad e SdE AL deld & gt

71—0E

Table 1. The parameter and mAP for the each model

Model Image Size B;t;;h Le?:tleing BeéE)UO‘n;‘)AP
YOLOV3 416x416 8 0.001 91.96
YOLOv4 416x416 8 0.001 92.09
SSD 512x512 8 0.001 87.04
Faster R-CNN | 256x256 8 0.0025 89.03
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Fig. 6. Faster R-CNN graph : (A) mAP (B) loss

Fig. 72 SSDQ mAP%} lossE Yebd ajzolct.
10,000 epoch7tA] Sh5otHA 5130, loss &t
9] Hi5o] & olf= HAF} F=E SGD (Stochastic
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Gradient Descent)g AHEF17] wjEo] FHAollA
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StH, GPUE ©]&sto] Faster R-CNN, SSD,
YOLOv3 % YOLOv49] Y 7HA] dg shait 23,
53t batch sizeoAl SSD Z@lo] o]u|x]9] Alo]=E
7V 3A 2d% £ Ao, Q14 Ago Aol
YOLOv3 % YOLOv4 EEo] B &2 A2 HET.
o, AEd vt Zo] SSD, YOLOSE #2
One-stage ¥a1E|E9 ALol= &2 AA(32X32
pixel size)9] 141& 93 AE=7} Blw A Urh= 24
Aol ot I3, & A4 AMES EntE 1149
oju]X& 32X%32 pixel Rt} Z7] W&o Faster
R-CNN Z&Ht YOLO 7|8 ReS0] Aetrr} Lo
Aoz wotEt 3l YOLO 7|4ke] &aE]&o] SSD
GaeE v wste] Fgert ¥ w2 olf= YOLOS
A% "o’ g A, oA HAE Asto
background error’} ¥7] W&oz mWiET}

HH, 2 dAqtolAs 27k GPUE HiAIske] Q14 A]
2”9 AAES EHsE] S8 CPUY A& 7Fsd<
AESHIA} 6150, HIAE o|u|X|= Fig. 90 Y
A, ol ¢t A¥= Table 2] YERCE WA,
Weight file9] 37| YOLOv47} 7} =31, Faster
R-CNNo] 7 2+ Ao & Yeigto, ol= 7+ Q14
2d9] 52 95 H-84 backbone HES| 39} niet
tEj7} AJolstgl7| wiel fps B7H 2 HZE o] At
A gl AoE wdnt

Table 2. Comparisons of resource with fps

Weight file GPU inference |CPU inference
Model X
size frame rate frame rate
YOLOv3 246.3 MB  [56.95 fps (17.56ms)|  5.39 fps
YOLOv4 256.0 MB | 47.8 fps (20.9ms) 4.56 fps
SSD 195.1 MB 52.63 fps (19ms) 2.55 fps
Faster R-CNN| 158.0 MB 11.11 fps (90ms)

Fig. 9. Example of the output images
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GPUE AR8sto] 7t Q14] HHo] fpsE H|weh
Table 22} o] YOLOv3, YOLOv4 ¥ SSDE=
56.95 fps, 47.80 fps, 52.63 fpsZ YEFH O™, Faster
R-CNN9| 790l 11.11 fps2 UeRdth o|#d
YOLO 7|9t & SSD Rel59] A2&rert whE olf+=
Z&3t v} Zo] One-stage BH4]9] 2dlo] Two-stage
AT Blaste] A Q1A £13F Adto] A7) diEo
£ ddEt
CPU &7olA9] 7} Q14 el E fpsT HWSIHL
™, YOLOv3+ 5.39 fps, YOLOv4+= 4.56 fps, SSD+=
2.55 fps9] Ad5ol =EHI o|AE CPU &74lA
Q4] 2Elo] frame Aoh&-2 YOLO 7|4ke] mdo] 7}
3 A2 o8 vepRgon], 53], YOLOV3OIA fpst
5.0 oo Lehdeh. ghE, QlAaelo) s, 24
LHH QE 1:!.1 X]—A]7} XT—.‘;_/\] HP}\H'E,‘]-\_‘:_ xhﬂ] 7\}71.]] oﬂoﬂ g]
3 ASAE @ nE Y = So| A7} ubget & 9
o} ol ZAIE WAL HHd 2R9| o]F £&5
I 4% YOLO Zdo] CPU &730llA Az 244
14E Yol Hgtolriar weEnh ES 2 AoA=
Intel Core i9-7920X2] IAIY¥ CPUE A7 W&
] ;q/\].oc}: CPU‘—‘ /\]q_Q_ 7:] O 71— o]/u _-;_1:-11‘,] fps.‘:_ pad
2% 7Fs/dol At webA 5.39 fpse] YOLOv37|get
mdo] CPUCA 7H 23t mdojaal wetsm, of
PR B A G| HeiMs S50l A BES Hot
Bgstet7] I3t F7HAQl A+7F G asiehal wEch

éﬂr
7

4, A=

£ =RoAE SEHA0E AuEls EntES] Q14
A A 9ol geld 7Ies A8sielon, ol
98] Faster R-CNN, SSD, YOLOv3 € YOLOv4 ]
7H] gaEjgo] ol 8E ik B3, 7 daElEe] 45
7t 9 HZE 95 mAPE ol&stgion, 1 A,
YOLO 7I%te] gae]golA] st 71y w2 2102
uepdeh ghE, 1AKF GPUE diAlst A4 214 Al
2"19] BAYES gHsE| 8 CPUS H8 7Feide
AESH] 93t 712AEE FPsiglen, 1 Ay
YOLO 7|9t9] &da18j&S o8& 4%, CPU &3904
T AT AA) Q140 7heT Ao E wokE) 30
+= YOLOvV5 small, SSD Mobile-Net ¥ TF Light 5
o] A3t BdES Ol%}oq 7} 299 fpsE 745t
At F7HAQ1 AFE APT Ao, E3t EFLE o]
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