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Estimation of chlorophyll content in apple leaves based on
red edge parameters and artificial neural network

LUO Dan,CHANG Qingrui, QI Yanbing

(College of Resources and Environment s Northwest A&F University ,Yangling » Shaanzxi 712100, China)

Abstract: [Objective] The nonlinear relationship between hyperspectral data and chlorophyll content
of apple leaf was solved using artificial neural network (ANN) and the best model for estimating chloro-
phyll content of apple leaves was established to provide basis for rapid and non-destructive monitoring of
chlorophyll content in apple leaves. [Method)] A total of 15 apple trees at the age of 4—5 years in Xinglin,

Fufeng.Shaanxi were selected and leaf samples were collected in flowering (April 27), young fruit (May
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30) ,young fruit expansion (July 6),coloring (August 5),and fruit maturation (September 11) stages in
2015. Hyperspectral reflectance was collected by spectrometer (SVC HR-10241), and relative chlorophyll
content was measured by chlorophyll meter SPAD-502. The corrections between original spectrum, first de-
rivative spectrum and chlorophyll content were analyzed. Five red edge parameters were calculated as the
first derivative. The traditional single variable empirical regression algorithms, back propagation (BP) and
radial basis function (RBF) based on the well-related red edge parameters were applied to establish chloro-
phyll content estimated models. The accuracy of models was determined based on determination coefficient
(R*) ,root mean square error (RMSE) and relative error (RE). [Result] Compared with the original spec-
trum, the first derivative spectra had higher relevance with chlorophyll content of apple leaves. The red
edge position, kurtosis and skewness had higher correlation among the 5 red edge parameters (P<C0.01).
The correlation coefficients of models based on red edge position, kurtosis and skewness reached over 0. 7.
The skewness based polynomial model was the best with R* ,RMSE and RE of 0. 872,4. 631 and 8. 81%,
respectively. Red edge position, kurtosis and skewness were selected as input variables of ANN to build
model for estimating chlorophyll content. The node of hidden layer and network type in BP-ANN and the
SPREAD value in ANN-RBF were optimized to improve precision. The R? based on the BP neural network
optimal model with 4 node of double hidden layer was 0. 891,and RMSE and RE were 3. 844 and 7. 55%.
When SPREAD was 0. 6,R? ,RMSE and RE of the optimized RBF-ANN were 0. 955,2. 517 and 3. 69% ,re-
spectively. [Conclusion) Compared to the models with single variable, ANN can improve estimation accura-
cy of chlorophyll content prediction. RBF-ANN had the advantages of rapid,accurate,and reliable.

Key words: chlorophyll;red edge parameter;artificial neural network;apple
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Table 1 Definition and algorithm of red edge parameters
ARUE 3 7E L Bk
Red edge parameter Definition Algorithm
g g ZLGIE B — B O 1% B I X 1 1) 30 1<
FARUK A . : . . L
L. The wavelength which corresponding the maximum of first derivative Ared
Red edge position .
in red edge
ARUE ] ZLGIE B N — B S BO6 I Y B Rl _ /
Red edge amplitude  The maximum of first derivative in red edge Dy =max[R'(A)i=g50~760 om ]
3 B SO £ 75 A 60 9 B S [ R
Red edge area The area of first derivative in red edge Dred 680
U 7 2R A LTI R P9 — B 5 IO 5 11 e p ECX— !
Kurtosis The kurtosis of first derivative in red edge o
i Z2 B LTG0 P9 — B 5 IO 18 0 s 2 EX )t
Skewness The skewness of first derivative in red edge ’ Pl

RO MR BB — B SEOLE ECO Ry it X R . 0 i it X AP o it X [ bsifE 2

Note:R'() is the first derivative spectra. E(X) is the expected value of vector X,y is the average value of vector X,and ¢ is the standard

deviation of vector X.
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Correlations between chlorophyll content of apple leaf and spectra reflectance and its first derivative spectra
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Table 2 Correlation coefficients between red edge parameters and chlorophyll content of apple leal

b2 ESS WIS RBORLAE
Red edge parameter Correlation coefficient Confidence level
21317 Red edge position 0.799*
211715 Red edge amplitude 0.598* * . 4
23 L Red edge area 0.586* * (0.05,286) :0. 4
g Ro.01.286) =0. 148
lﬂ%f{%\ﬁﬂc Kurtosis 0.734**
1 & Z %0 Skewness 0.823% *

TE e % % FRORAH R IK 4 E K (P<<0. 01) . TR

Note: * * indicates high significance at P<C0. 01 level. The same below.
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Table 3 Estimation models and test results of linear and nonlinear single variable for chlorophyll content

in apple leaf based on red edge parameter
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Red edge 4 Logarithm y=1475.6ln x—9 639.8 0. 807" * 4,748 9. 66 0.828** 6.376 11.78
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Fig. 2 Polynomial estimation model based on skewness for

chlorophyll content in apple leaf
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Table 4 Estimation models and test results of BP neural network model with different nodes of hidden layer for

chlorophyll content in apple leaf

B )2 s gk Al A Estimation

AR A Validation

Node of hidden layer R? RMSE RE/% R? RMSE RE/%
3 0.864"* 4.279 8.53 0.899 % * 3.729 8. 39
4 0.883* 3.925 7.59 0. 909" * 3.842 7.68
) 0.886" 3.913 7.63 0.917** 3.461 6.37
6 0.881" 3. 994 8.34 0. 880" * 3. 986 7.73
7 0.876* 4.019 7.98 0.876% * 4.327 7.61
8 0.869" 4.155 7.96 0. 888" * 3.909 7.80

RS FARAMERANTERMAFHEESEBP HEAMEMGNELNEEER

Table 5

Estimation models and test results of BP neural network model with different network types for

chlorophyll content in apple leaf

v A L
Ht 7 )2 15 R [ 2% 25 51l Network type

A% 455 %Y Estimation IIEAE A Validation

Node of hidden layer R? RMSE RE/ % R? RMSE RE/ %
4 i 2 Single-hidden layer 0.883" ~ 3.925 7.59 0.909" * 3.842 7.68
W% )2 Double hidden layers 0.891**  3.844 7.55  0.916* 3.083 6.05

5 Pl & )2 Single-hidden layer 0.886" * 3.913 7.63 0.917** 3.461 6.37

M 45 )2 Double hidden layers 0.887" * 3.875 7.45 0.911"~ 3.469 6.93
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Table 6 Estimation models and test results of RBF neural network model with different
SPREAD values for chlorophyll content in apple leaf
SPREAD {8 Al AR Estimation ISE LA Validation
SPREAD value R? RMSE RE/% R? RMSE RE/%
1.0 0.943** 2.825 4.41 0.909** 2.500 4.25
0.9 0.945* * 2.734 4.16 0.925** 2.274 3.93
0.8 0.948 " * 2.694 4.08 0.924* 2.307 3.99
0.7 0.953** 2.577 3.93 0.938** 2.039 3.39
0.6 0.955** 2.517 3.69 0.939** 2.009 3.43
0.5 0.957** 2.451 3. 64 0.937** 2.054 3.62
0.4 0.962** 2.300 3.17 0.847* 3.188 5. 50
0.3 0.974** 1.893 2. 36 0.799** 7.118 3.67
60 60
501 50+
°F :
2T 40 gg a0}
= O (=851
t’ig B2
S [0}
~ =
30F 30
: = +
3=0.904 4x+4.048 / Y 0;15“9319'987 >
. R=0916 - '
2020 30 40 50 60 2020 30 40 50 60
S A S AE

Measured value
K4 HT BP MM g ny R h e R & i ik
Ak W0 A R I 55 2 0 A Be#R
Fig. 4 Comparison of measured and predicted values of
chlorophyll content in apple leaf based on optimal BP
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