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Abstract - Nitrogen is the most essential macronutrient for the growth of fruit trees and is important factor determining the
fruit yield. In order to produce high-quality fruits, it is necessary to supply the appropriate nitrogen fertilizer at the right time.
For this, it is a prerequisite to accurately diagnose the nitrogen status of fruit trees. The fastest and most accurate way to
determine the nitrogen deficiency of fruit trees is to measure the nitrogen concentration in leaves. However, it is not easy for
citrus growers to measure nitrogen concentration through leaf analysis. In this study, several machine learning models were
developed to classify the nitrogen deficiency based on the concentration measurement of mineral nutrients in the leaves of
tangor Shiranuhi (Citrus unshiu x C. sinensis). The data analyzed from the leaves were increased to about 1,000 training
dataset through the bootstrapping method and used to train the models. As a result of testing each model, gradient boosting
model showed the best classification performance with an accuracy of 0.971.
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Fig. 2. Pearson correlation matrix comparing paired mineral
nutrients analyzed from the leaves of Shiranuhi. Below the

diagonal line, the correlation coefficients were presented for
each pair.

Fig. 3. Comparison of accuracy between the model analyzed
with all mineral components and the models analyzed without
one of nine mineral components.

1.00

0.7

o

accuracy
o
o
=]

0.2

o

0.00

‘J Et*‘«l X@Eﬂ “71*0%:_'—%% SPAA A AR
£ vlaskglet, 1 Ant é‘ Srgat AL 7t
%.r | AA=] EAH
Heloh Avgos %—;M%LW}O 8869 AL S
Uﬂl, e AlQfeh UmA] 62 0,949 A= E 7|5
o] A AE HEo] AL A3 094302 HE
%% sgtsto] AR el o) Hete ot 7Hg g A
. upEbA] ZF A o] Aady ol E skt 7t
IO%—E— Sk A 0% ATE|QIT), wheba] BE AJRo] i
0”58 0,9719] Hee=5 H 37| wjizof FA|5}
£ ok Bdols BE FU)YR §

ﬁm&
2,

o:
_l

O

m\u

rulru

I S o Hm
“rf

o

o
L

ok ¥ 8 ®
_Q

N

ot
" ?1% fé

b 12
omﬁ_
b oE
r-[m_&

ot

O
llo 1o ¢
x

N
_y

=
aul

O
O
|
& 4
—Or"‘
&
o .

1229 A28

BUE oitlay 2

B AN ALRT Aot YT A HEEAS
Foh Aok 2 B]oRTte] ATEAS o= B71%

20| gle welof we olo] AAAY ojie BAsl 871X
wue ) wolt 1 A3 7k mulo] iR o) gt
-8 Table 19 F7]51943L, Fig. 40]= HIAE Hlo[EMo =
A ZF 2O AUC 1325 Hoj5=al QI Fig, 5= 9
| HIAE glo|HAlS tjAto =2 7%31:410] Qlo] TLy|okH o]
£ 7O R 99 W42 231 ZE HofFn
AT}, Table 10]14] H520] GBO] @QPE 09712 7P Fofd &
EASE HojEQdn), Bt ofyg} Fy, Precision, Recall ®3t
T2 waS R Holyrth, AUCE ROC curved] o @ 4S

i

>~

o

m

Table 1. Performance metrics of machine learning algorithms to classify nitrogen deficiency based on test dataset about the
concentration of mineral nutrients from the leaves of Shiranuhi. The models were sorted by the accuracy of each model

Model Accuracy AUC F, Precision Recall
SVM 0.800 0.833 0.802 0.806 0.800
LR 0.800 0.900 0.807 0.846 0.800
SGD 0.829 0.826 0.832 0.841 0.829
KNN 0.829 0.850 0.834 0.861 0.829
AdaBoost 0.914 0.938 0.917 0.933 0.914
RF 0.914 0.981 0.917 0.933 0.914
NB 0.914 0.977 0.917 0.933 0.914
GB 0.971 1.000 0.972 0.974 0.971
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