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Strawberry Growth Index Detection using Deep Learning
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Abstract As the risks of securing stable food resources increase due to climate change and a decrease
in the agricultural workforce, agricultural technologies are being developed to address this issue. In
particular, many strawberries are grown in South Korea and require accurate and fast monitoring
technology for stable profits. The reason is that many agricultural tasks are required depending on the
cultivation period. This study attempted to find a suitable model for detecting the strawberry growth
index during the reproductive growth period using an RGB image and deep learning. Among algorithms
used for training, the YOLO v5-Large algorithm showed an mAP50 of 0.66 and FPS of 89.29 in the object
detection results for a total of six classes (flowers, fruits, etc.). In addition, the Mask R-CNN algorithm's
performance was similar with an mAP50 of 0.59, but the FPS was decreased to 26.04. The model that
showed high performance to detect the growth index can be used in monitoring technology that
supports decision making for appropriate resources and manpower input during growth. Future studies

will improve the performance of detection.
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Fig. 1. A venlo-type greenhouse where 'Seolhyang'
strawberry cultivated with elevated-bed
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Fig. 2. The object examples that defined Flower(A)
Fruit_unripen(B, C), Fruit_ripen(D), Picking_
point(Yellow boxes in D), Unidentified(E) and
Color_checker(F).

Table 1. The number of objects for each classes in
train, validation, test dataset.

Train  Validation Test Total

Flower 1,162 421 157 1,740

Fruit_unripen 3,283 805 390 4,478
Fruit_ripen 639 158 98 895
Picking point 472 110 70 652
Color checker 269 67 39 375

Unidentified 827 208 108 1,143

total 6,652 1,769 862 9,283

% glojH &2 AREH F 767749 JANA Z Class
E%‘_E 1,740, 4,478, 895, 652, 375, 1,143712] A7}
Annotation Hitt. FA-

4 A -annotation dataset+= &t
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2.1.3 Deep learning networks

G W ASARE QA4S 5] s 271A(Object
detection, Instance segmentation) 59 &1

2 &-8319} Object detection Z4A|9] YA FE7}T
E3HH Bounding box2] 319 @ 1 9] A Classe
E23= Faster R-CNN(Fasters Regions with
Convolutional Neural Networks), RetinaNet, YOLO
(You Only Look Once) v3, 4, 5 ¥118]&2 &-835}1%
1, Instance segmentatione ZATYZ A Class
£ E573= Mask R-CNN, YOLACT(You Only Look
At CoefficienTs) LuEES E85HuTh

7+ 438&2 10,000 epoch S F mAPs A|E:
ol83lo] A5l EQIth mAPsy A H= IoU(Interschon
of union)7t 0.5 o4 Axgkol thsto] Precision-
B dEEY Hee FHFHer U

Recall curves
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2.1.3.1 Faster R-CNN

Two stage detectorQ] Faster R-CNN< RPN(Region
proposal network)E E3Hl7] g0 28 &£
YA L7t EoH8) 2 AollA= ResNet-503
FPN(Feature pyramid network)e] 2% Backbone
2 ARBSIATE. G2 Backboned AAH FHYIE
Z35la1, o]& 7|HEORE Rol(Region of interest) pooling
3} FC(Fully connected) Iayerg- Eﬁﬂ Bounding box
Yot

regression¥t Classifications

2.1.3.2 RetinaNet

One stage detectorQl RetinaNet2 ZA| FAS
Dense sampling®@ 224 AJ7|+= Class imbalance &
A& Focal lossE B3l 3123t} Focal losse= Cross
entropy lossO Classol W2} Wol= 52 Scaling
factorg F7lote] 2t ME9] 7| E Xds] Al
i3t 7FsAE E94ETHIl & AFollA+= ResNet-50
7]519] FPNS Backbone® & oA Feature pyramid=
2709] Sub-networkE %3l Bounding box regression¥}t
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2.1.3.3 YOLO

YOLO €118]&2 One stage detector® Hjj-$- W=
£ AL E Hoj Tl o4 F8E
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2.1.3.4 Mask R-CNN

Mask R-CNN €i8]&2 Two stage detectorZ,
Faster R-CNN #X& 7822 Rol aligne AR5,
Z0]| Mask branch® 3713224 Localization
< &3 Rol& 2!, 1 9ol Segmentations 49
SHH12) 2 Ao A ResNeXt-1013F FPNo] A3t
& Backbone2 AR&3l9 Bounding box regression,

&9

Classification, Segmentations &334t

2.1.3.5 YOLACYT ++
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Data preprocessing®r Neural network 352
i9-12900k(Intel, Santa Clara, CA, USA), RTX
AGO00 D6 48GB(NVIDIA, Sana Clara, CA, USA)Z
T AFEA e, Ubuntu 20.04. OSOIA]
Pytorch(python 3.8)7} AME-E|Qitt.
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2.2.1 Object Detection
FdE 14 2d F YOLO v5 €8E2 Igoz

H8 67FA Classg QIAoh=t] 7P =2 mAPso B

oJFActHTable 2). o] FPSE= YOLO v5-large &1L

ZEolA 89.298, ol I 5 Al AREHE 2

FPS 60ET =t} mehA, YOLO v5 garE]E2 AHj

oA AAZE QAo & TFsRE AARRITH

YOLO v59] 57H4] Ht&0f wgt & A5 A}ol& HolA|

gong Ji A7), stedold et 22

Aol et dsI FPSE Aol ARES
(Table 3).

Table 2. The comparison result of the object detection
performance of 5 DNN algorithms.

YOLO v5 lff‘étﬁ]r\] YOLO v3 YOLO v4 RetinaNet
Flower 0.74 0.65 0.61 0.64 0.63
Fruit_ 080 071 070 077 0.69
unripen
Fruit_ 092 08 076 081 0.87
ripen
Picking poing  0.15 0.09 0.09 0.11 0.20
Color 098 096 097 099 09
checker
Unidentified 038 031 021 035 0.27
mAPso 066 060 056 061 0.60
Test dataset®] oJu]Z|& o]&st Q14| Ay} F 47
£ Fig. 39 UERIRIEE Input GARS thekst ghref 2t
TE xgela, 914 il 6714 59 AAl= A3,
HA 5 vFRHoz FHEQICE AT B =HojA
Sk 4 A BluE BE &L G4 oA A
€ 2 JEr= AEHE AS dRlsnt. R I
o tisfide F2 Q4 A5 BEget, ol g5l A
|5 dRE] FA2 A HdR &l IFTE v
ol AAE D712, 66774 |t Byt ofugt 254
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Table 3. The comparison result of the object detection
performance and inference speed for 4 types
of YOLO v5 algorithms.

Small Medium Large Extra-large
Flower 0.72 0.74 0.74 0.74
Fruit_unripen 0.77 0.76 0.79 0.80
Fruit_ripen 0.87 0.88 0.90 0.92
Picking point 0.12 0.13 0.15 0.15
Color checker 0.97 0.98 0.98 0.98
Unidentified 0.35 0.37 0.40 0.38
mAPso 0.63 0.64 0.66 0.66
FPS 238.09 133.33 89.29 50.76

Aol 7P 438 YOLO v5-large ¥arE]&9]

Confusion matrixE &3 Z+ Class 7+ S5 23& 7
FHog FlstiA} sFthFig. 4).

HiES AAR eEFT Bl&2 TGS ) 0.38,
FEAE 0.22, A4¥ E7F 0.17, IAHAES) 0.14,
Color checker 0.09% Yelytt. & AtofA o83t
P giFEE 20 ol HIEE ZISIAAT,
77 HﬂEOﬂ 349t AnnotationS AAJSto] S5
of AHgSE7] witol viAES AAE LEF T AoR
werETh B3 SR AA9] FH|, A7) B 4
B fARH 7282 4= 7] whizol °EF 2 4 o
(Fig. 2, 3).

Z} Class7t #j7 o2 QEFE Ais 94 HofA
AAE A LSS Yulsta ERY ¥&2 ¢
A4 0.72, AE E7F 0.36, £ 0.34, XS &)
0.19, F4(*d%) 0.12, Color checker 0.03F Y&t
gk $EAHS WA o s QRS uel MY B
3, wka $£ERH ClassE A&t shsokA] 23t
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Fig. 3. Detection results of Faster R-CNN(A),
RetinaNet(B), YOLO v3(C), YOLO v4(D),
YOLO v5(E), Mask R-CNN(F), YOLACT ++(G)
and ground truth images(H).
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Fig. 4. The confusion matrix of 6 classes and
background inferred from test images
inferred with YOLO v5-Large algorithm.

2.2.2 Instance Segmentation

Mask R-CNN 2ar2}Eo] Y2258 6714 Classel
3t Segmentation ¥ Bounding box regression®]
A 7 B2 mAPspS HolFUtHTable 4). Object
detection task®= G4 W A9 Localizationi &
Pol=d] "l Segmentation taske A T
Classification® & A9 §L4 9 B JHE =5
o 5 Qo] Aug Aol st A w2 5
H2Ql YOLO v5-Large ¥1E]E o] Atigoz e
mAPsp EA0H, Q14 &E(FPS 26.04)% ZH4asto]
AXTE HUER AAFS] StE] s 4 &8 53
o we} &8 oFEE A7gsfoF gt
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Table 4. The comparison result of the instance
segmentation performance of 2 DNN

algorithms.
Mask R-CNN YOLACT ++
Bounding . Bounding .
box Segmentation box Segmentation

Flower 0.64 0.61 0.59 0.50
Fruit_unripen 0.72 0.71 0.66 0.62
Fruit_ripen 0.85 0.84 0.78 0.74

Picking point 0.10 0.05 0.02 0
Color checker 0.95 0.95 0.99 0.99
Unidentified 0.28 0.29 0.26 0.21

3. 28
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