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A Study on the Application of Machine Learning Algorithm to
Predict Crop Production

*
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Division of Convergence Engineering, Hoseo University
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Abstract Climate change has increased interest in crop production and efforts to optimize crop
production of smart farms incorporating ICT technology. Therefore, it is necessary to analyze the
production level according to the crops and environmental conditions using big data. Hence, a model
for predicting production is required. Three machine learning algorithms (Ridge Regression, Random
Forest, and XGBoost) were selected as candidate algorithms to evaluate and analyze the fit of predicting
crop production. The MAE (Mean Absolute Error) / RMSE (Root Mean Square Error) values, which
calculated the error between the actual and predicted values, were used as model evaluation indices. The
parameters with the smallest MAE/RMSE values were selected for the optimal model of each algorithm.
Parameter A of Ridge Regression was 2.512, the parameters of the Random Forest were division 8 and
tree 100, and the parameters of XGBoost were gamma O and depth 10. An evaluation of the algorithms
by MAE/RMSE revealed XGBoost to be the optimal model with minimum values of MAE = 0.233 and
RMSE = 0.817. An examination of the importance of the variables revealed the planting density, growth
length, and number of leaves to be important factors in forecasting shipments. The predictive power of
the XGBoost model was evaluated using the R-Square value, which had an explanatory power of
approximately 77% for the total shipment forecast model for each production period.
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Table 1. Smart Farm Data List

Data Name Provided Information Unit
Crop Status Date of Production da
= Information Registered Sensor Y
2,
§ Environmental Internal/External .
. . time
g Information Information
Q
= X Control Information for )
o | Control Information time
@ Each Sensor
<.
P ;
o Growth Information Growth Information by day
o Item
2
o
Managemgm Expenses Information -
Information
. i Item and Location
Identity Information R -
Information
Period Information Corresponding to da
of Cultivation Farmhouse 1D Y
Environmental FaClht}f Gardening )
N X Environment time
Information .
Information
=y
3 - .
(53; Environmental Plg Raising .
5 . . Environmental time
Information (Pig) -
7 Information
o
;} Tomato/Paprika/Cu )
o cumber/Eggplant Growth Information of
E Facility Horticultural
g Strawberry Items day
Chrysanthemum (Used as an indicator
for growth quality)
Oriental Melon
Pi Growth Information of da
8 Pig Raising Y
Managem'ent Expenses Information -
Information
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* Converted Data * Final Data
st month_ ' 2nd month_|2nd month_ 1st month_ | 2nd month_ | 2nd month_
Period internal internal internal P internal internal internal
Number lemPerature|temperature temperature, -+ N:v:ger temperaturetemperaturetemperature -
medium | maximum | medium medium | maximum | medium

510 | 27.81 42.45 28.85
510 | 27.81 4245 2885

523 | 21.90  29.43 18.72

523 | 21.90  29.43 1872
528 | 19.90 26.39 17.84

. Is000 2975 @ 4542 3086 |
= Random Over-Sampling 1
I ]
Random Number 15001 @ 23.43 31.49 20.03 |
1 ]
- 1
107 15002 | 21.29 28.23 19.08 :
1.009 I i
1.597 :5003 28.08 42.87 29.13 :
B ——————————— -

Fig. 1. Data Conversion
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Pearson Correlation Analysis Result
= Correlation Coefficient Interpretation = Correlation Analysis Result b
e 4
Eeareen Factor Name: (I 5.%4’7&3‘

Correlation Coefficient (-1 <r < 1) Changes in the flowering 0.987
group in the 2nd month o
Soil EC mr;a‘gmm at 3rd 0.98
- The larger the absolute value, the
stronger the correlation between Planting density 0.984
Change in leaf width at the
factors o 0.983
- 0 <r<+1:Positive Correlation Mean value of soil EC at 1st 0983
- —1<r <0: Negative Correlation Maximum value of
blossoming group at 2nd 0976
- r=0:not Linear Correlation month

Factor Name EZ:;.:?;?E
Planting Density 0.98
Average value of growth length at 1st month -0.77
Maximum stem diameter at 1st month -0.74
Maximum value of internal humidity at 2nd month 0.25

Fig. 2. The Result of the Analysis by Pearson
Correlation

maled 7Rk gl AA daEE & skl
Boruta ¥112&S ARSI, Boruta EYEES
W0l ‘shadow 449 FHof Z-score Hbt &
Z-score 7} A2 A] ‘Confirmed & Hslgom,
g1 AL Fnt 890E Fig. 3.3 Zol 907
FE5HH

Boruta Algorithm Analysis Result
= Boruta Algorithm Graph Interpretation * Boruta Algorithm Result q\
s
0 9°

Relative Importance of Variables 0

. Shadow : Importance Criteria
Indicator 29
B Rejected : Irrespective of the

Prediction
[7] Tentative : Impossible Relation
Judgement
[l Confirmed : Correlates with 2] i
Predictions .
adoubin OWSSTD2  ushum War2
Factor Name Boruta Result
Planting Density Confirmed
Average value of growth length in 1st month Confirmed
Maximum stem diameter at 1st month Tentative
Maximum value of internal humidity at 2nd month Rejected

Fig. 3. The Result of the Analysis by Boruta Algorithm
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w2 1367119] 8213}, Boruta € E &8 Ao @ A3} Pt A#E ARSIt MAEE BE dd °%
2 =&9 907 8917t] 35 8% Fig. 4.9F &0l 9] Wo|BE AA| Sl o5 Sk 7o Aol
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MAE - Sty — @l Y el
Correlation Selection - -
F_____Ea_czcir_l\l_a_nle_“ Coefficient Boruta Result Result___ n n (1)
1
i Planting Density 0.98 Confirmed 0 H MAES} gEo] JIA % o= nHo A5 =74
1
[ megeieotgont o e o | 3171 919} ALBEIE dEAR AE % tRA Q18
iL__lengthinistmonth __| _ ' i
Average value of leaf length 0.4 Confirmed % = =9 o= 9 A2 HIANEZOoZH o=
at 1st month . _
3] 0 Il 2 o] L o7k Al
Maximum stem diameterat | o, Tentative % ndo] gees O]OHO]J] 12 RMSE= 5243t A4
15t month : ko] ol 3t T RE QAEQ] Al Fo| HAZS T+
Maximum value of internal 025 Rejected X
humidity at 2nd month : ) ol B9 AlE2S 5 RMSE 32 22 4+ 3
Average g‘;&”fﬂ‘gﬂ?;tea"es al 077 Tentative X ow 2o thew} 7+
Average value of number of .
fruits at 3rd month 0.56 Rejected % RMSE = Y, (predicted, —acutal)’
Change in height of flower ~0.94 Rejected X - n (2)

cluster in 3rd month

Fig. 4. The Selection Result of Common Factor

1 2, o5 2l A8, F S5l 92 vl
A& 6371(30.29%)2 830& F A5, A4
Bk, ViR Aol Batgh, 271gat o 4= Batgkol
7V 8%t 37 891er =EHT

S}
=10 =,

2.3 Z|M3} DEMHY

Tk, AT Ak B 2% ] #*9 “'}74]7]' C
[3to] TEASCL EPHL] YTAE BEY sk
3]AEA9l Ridge Regression €& 3 HA &

H &0z AAIYI, test TAONA Y& Aule}t
ground truthE H¥|W5}o] accuracys SF5k=, £+
39 2% 7bse Ak g5 29 F shl Random

ForestZ® T+ W4 5 d18|&o7 XA, A9
dueET Tree FNIFE LE B3] HS 3
3 F1EEES TE F U= XGBoost ¥ EES Al A
A gugo st

231 BUL FHX $4 £F

7+ 299 Validation Setg &-&%t 235t »nd It
goletg Agelgt. BY B/l WHos ¥R B
718k 4= Ql= Confusion Matrix, Accuracy, Precision,
Recall, F1-Score, AUC 5°] 3lo4}, 39 &AE H7}

of= BPo] Epgsitial wsto], MAE(Mean Absolute

406

Zr duEEd BY A3} w2 sy A
&= Table 2.9} 22 Ridge Regressiona 3t} 2.512
oA MAE®t RMSEZ} FH&3E HE%3, Random
Forest:= £ 83 E&] 100914 MAES} RMSE7} 24
&2 EA°H, XGBoosti= AT 09} Z10] 10014 MAE

o} RMSEZ} 34k Hof 2] stetulelz 4=l

Table 2. The Evaluation Result by MAE/RMSE

Algorithm Parameter MAE RMSE
lambda 79.433 5.106 6.493
lambda 70.424 5.002 6.381
Ridge -
- lambda 37.614 4.889 5.902
Regression
lambda 11.182 4.475 5.836
lambda 2.512 4.445 5.762
division 8, tree 500 0.905 0.225
division 8, tree 100 0.694 0.196
Random division 10, tree 500 | 0.554 | 1.152
Forest
division 6, tree 300 0.845 0.525
division 4, tree 200 0.460 1.164
gamma 0, depth 6 0.518 0.199
gamma 0, depth 10 0.507 0.198
XGBoost gamma 0, depth 50 0.733 0.279
gamma 0.1, depth 10 0.522 0.281
gamma 0.25, depth 30 0.702 0.256

2.3.2 ZX JAMY

AgE HHe} ok A8 Y AJ5S Test Set
2-23l0] AFs) HYal, MAE/RMSES 283}l 7}
gt A7} XGBoost7} H&:gk& 7H4 g0l 7 945t
Al YERst.
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Classification | Parameter MAE RMSE
Ridge lambda
Regression 2,512 3815 3.815
Random division 8,
Forest tree100 0308 0.876
& T |
i
gamma 0,
: XGBoost depth 10 0.233 0.817 E
1 1
[ P N T W— 1
Fig. 5. The Evaluation Result for Best Estimate Model
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