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Abstract

Succulent plants survive in arid environments by storing water and nutrients in their leaves,
stems, and roots, forming thick tissues. ice plants, a type of succulent, are well known for their
benefits such as blood sugar regulation and antioxidant properties. however, they exhibit
low germination rates and non-uniform growth, leading to high management costs during
cultivation. to address this issue, early identification of plants with potential non-uniform
growth in the initial sowing stage is crucial to improving cultivation efficiency. this study
proposes a deep learning-based approach utilizing object segmentation and time-series
prediction models to estimate the growth of ice plants quantitatively. we collected videos
over 17 days in a sealed thin-film hydroponic system and extracted crop images at different
growth stages. The YOLOv8n-seg model was applied to segment individual crops at the pixel
level, allowing the calculation of area-based growth information. Additionally, a Long Short-
Term Memory (LSTM) model was used to analyze time-sequenced area data, predicting the
growth trends of 54 individual ice plants, and the results were aggregated for further analysis.
this study serves as a fundamental analysis of ice plant growth patterns using time-series-
based area data, providing essential insights for developing an automated crop growth
monitoring system in smart farming environments. furthermore, the proposed method can
be extended to other crops with similar growth characteristics, contributing to advancements
in precision agriculture and smart farming technologies.

Keywords: machine learning, object segmentation, deep learning, time series data,
ice plant
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Ice plant growth estimation using object segmentation and time-series data

Introduction
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Materials and Methods
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Fig. 2. Spatial distribution map of individual ice plants within the region of interest
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Fig. 3. Custom-built data collection system

Table 1. Experimental conditions for image collection

Items Specification
Light source White LED
Temperature (°C) 18 ~ 20
Humidity (%) 60 ~ 100
Camera 12 megapixels
Distance (cm) 80

Table 2. Time-series data of ice plant growth measured as pixel area for each individual plant

Date & Time Plant 1 Plant 2 Plant 3 Plant 54
2024-01-15 09:00 96 143 72 157
2024-01-15 09:15 96 163 174 167
2024-01-31 20:15 518 1211 1284 2743
2024-01-31 21:00 530 1229 1304 2770
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Fig. 4. Architecture of the YOLOv8n-seg model: “C” is the “Concat” operation, “U” is the “Upsample”
operation, and “C2f” is the C2f module in YOLOv8n-seg

R~ * - a
‘JD:‘,NH‘pl'D:Z' A:260px10:3, A:730px S
P A ! ",\

P 9, AZo4pe 0:11, A:341pef
I0:7, A:741 56C0x 5= \ ho:12,
X kz“ AS70% l.’u)‘;s: ASA4pRIDT, A _;ID:‘D‘ A:376px ?‘,‘%"2
4 E0:3, A9S4p |
L >
O - . L&Y P

ey al SR N e : L

10:13, 47675 J0:14, ABZID:13, AT4SH :20, A: o2z ke 52px |

Y ’ o Vi,uun‘s.ksaoml:-‘ T ~

e h - - ‘ W02, A700p e -
:26, A:345pEMiD:27, A:611px :32, A7B0RM o S
,"015- A:361 px r“ % p\lo~ , A:3zdp! o 0:33, A:581px I 1035, kuz;%n:ss.

‘A.B?v'_ - v

~
f ID:34, A:4786%

i p
.

- A & > SRID:44, A:407px ‘ g
- 0:40, A:968 :44, %
&m:n. AaZBplD:38 ASTO0E O 2ol 2 2N 3 : g
L o R A o o - AW10:45, A:5)3(0:45, A:B1Ppx Ni0:45,
=y 10:41, A53710:42, A:389043. A - 3047, A-350of
‘ =isgrs g.ts. A:258px 4‘ 3 i
’ & ;
- N0:58, A730px 5l
ID:49, A:47Dpx 2] =" = Rdi:54, AB3EpK e g r—
) 810:50, A:249pI0:51, A7 1Zpxs S'D"““‘EJ"‘@“ Mji0:55, A:35370:36] Rea4(00:57, A:750px - IRAD: 60,
A e ST

0:52, A:736pK 7
. s 4

% A
’ Y4 A £ Vi ' ﬂ‘lu:‘75.mn

'IU:E‘. A:624bx]iD:62. k‘sa,m:ss. ATTEpx|ID:64, A:974pID:ES, A:B34pID:66, A:384¢10:67, A:96M'U_=‘58- A:4210x10:69, A:735px
-7 61, lie2, 2 e P! LD 4 Y -

L i v 3 L S

Fig. 5. Extracting pixel values for each individual object

Journal of Agricultural Machinery Engineering 5(1) March 2025 29



Ice plant growth estimation using object segmentation and time-series data

Y HlolE] o= =&

A% ollS B2 AAIE dlolee] 7] 2l&4de aifd oz sh5S 4= Qle 8 AYRNN) o7 [HlA 9] dF o
2, A7t whE tlo] 9] sjelS S5ohe LSTMO] ARGE| U THYu et al, 2019). 2HE2] A% ol 52 29l +- 2+ Fig. 61}
Zro] W7} Ao] Eforget gate), Y= 0] E(input gate), A AFE} ATl 0] Ecell state update) %% 71]°] E(output gate)Z ©]F0]
A Ut} Y2 Alo| Ex= ofo| AZHE 9] Tp#| WA Hlo]E] F EF Q5P o| 27} H2 A H S HEF ol o AFE]
™, U2 Aol E= A A1 2] A tlo]E|7}F Al Aol drfut vigE A& A7 etth Al J’EH AJullo] E= 2} Alo| E9t
U AlP|EQ] 285 7|Hto = o Al HHiE M2 Al A2 734lste] 2HE9] 4 o] 9] &4 fAI5hE T
ot opA]9t o 2 £ Alo| Eo|A = ol & Atz vheke WA g2 et

Forget gate Yt
a
Cea >Ct
ht-l > h’t
A Input gate Output gate
Fig. 6. LSTM architecture

)

_IEi

tlolel= 7HAME WA ghuke ARgSE 2, LSTMO] 13 XHd2 12 AAASI3ITh input sizew E2E0] g Hof] 2]2]
2 tlolete] g ololstol, & eipol s W g s ke LS5z 12 A Assich w8 LsTMe] 24 4
]% ©|n|SH= hidden sizeE 1622 AAA5H=t], ol= Edlo] YUY tlo]Ejol|A eh5a 4= = siEle] E4AS
Qo RElo] A7 Frecurrent layer) 7H4>E LFEFH= num layers= 2.2 A7 5}, 2709] LSTM &2 %ot EE]—
]74101 HelS o5 4 =S ST num layerse E9] 20| 5 £45H= Sfo|¥ njetu]E| &, Fo] Bopd4s
FAJAIE T8l S Sh5a 4= Qltt oS0l AFE-E = A dlo]E Q] Al HHA| 42291 sequence length= 2022 A7 519
A7 20709) AIZE = A ghS 7Rk = R AR gk S0l =g Sil o, £ tlolH = 2 e ¢
== Jefo] B2 output sizet= 12 A0 2 Al Q] HA ZHS 7E 2 0 2 of| =513t batch size= 16,
A5 O M, epoch 13022 A7 F carly stopping §H2 0|-8310] 2|4 0] £ ol A Sk

o

)

rir
o

oxl M ol
% Lu

rlo

JoEy

0

ro

S
2
o
0

d
r

e
rg
a2
£
o
2

&
:
2
rlo
(e}
[}
=
HU

Ir
ol
of
o
iy
o
N
=

7= A2 9 Mt 5L ol 271 o sl -3y sh it 2] Mlieet 2o 45 7t

r

Journal of Agricultural Machinery Engineering 5(1) March 2025 30



Ice plant growth estimation using object segmentation and time-series data

O 2 S U T (precision), & E(recall), mAP (mean average precision)X| E-5- AF&-5t0] £ =] et HU e = Hdlo] of &
& B 3 A2 e £58 B4 18 S Ueliel, 882 A T4 F melol WA 0|53 BAlel B)g
= 9Ju|gtt} mAP@S0-2> xF F Y H]E-2! ToU (intersection over union)%t0] 50%5 H 244 Q] H]&-& AlAtsto], o]
WH) 73 45 FEROR WS A E2 AL HST
1 i=n
mAP = = 4P, )
i=1
Where,

N is the total number of classes, AP, represents the average precision for the i-th class.

TP

Precsion = TP T FP )
TP
Recall = TP+—FN (3)

Where,

TP is the number of classes predicted plant pixels, FP is the number of pixels incorrectly predicted as plants, and FN is the number of
plant pixels incorrectly predicted as non-plant.

2Alo) A & 52 71| flell, WA Sk vlofEloll A HIAE HIEES Eefste] 7HAIE o5 ATE 4SS
oF. 22 2024-01-15 9:005-E] 2024-01-27 12:307}A] H|OJE}E 8h53F 2, 2024-01-27 12:45:005-E 2024-01-31 21:15:007}
719 Blo]E|S EJAE HE 2 ALgalo] o5 A5 AZa19ITh 44 o= mHlo] 45 371 MAE (mean absolute error),
MAPE (mean absolute percentage error), RMSE(root mean squared error) % }% o] H7hEth MAE= 229 o= Zfa} AlA)|
2] o] 2 Ariho 2 Mkt 5| PAkstol B U A0, A W) oS gkt AR 3t 710) Wehael Aol o)
P2 UEUM, MAPEE o|Z 24H5 A4 ghof tieh B2 Eﬁd S}, RMSE= A Eejet 5ot delz o a4k 2
712 e A B2, 22 we] o gtak AR gt Abole] BaHel 2jo 2 Lerir,

n
1 "
MAE = > 1y =5 @)
i=1
100"y — 9
i — Vi
MAPE = _Z 2t 2t
w2 )

1 n
RMSE = ,—L;@i—mz ©)
Where,

n is the total number of data samples, y; is the actual crop area value, and y: is the predicted crop area value.
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Results and Discussion
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Fig. 7. Training loss and validation loss graphs for the object detection model and growth prediction model:
(agsegmentation, (b) growth prediction
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Table 3. Final performance evaluation metric values for object segmentation

Class Precision Recall F1-score IoU
Ice plant 0.94 0.92 0.93 0.87
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Table 4. Performance metrics for ice plant growth prediction model

MAE MAPE (%) RMSE
Avg 55.43 5.50 77.97
Max 252.28 18.70 299.66
Min 6.45 1.05 9.98
Std 53.45 4.66 78.39
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