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Abgract

The diagnosis model of the cucumber diseases and insect pests was established by laser-induced chlorophyll fluorescence (LICF) spectroscopy
technology combined with Back Propagation Artificial Neural Networks (BP-ANN) algorithm in thisresearch. Thismodel would be used to realize
the fast and exact diagnosis of the cucumber diseases and insect pests. Four kinds of in-vivo cucumber |eaves (health, downy mildew, aphid, downy
mildew and aphid) were used in this experiment, and detected the physiol ogical information and chlorophyll fluorescence spectrum by the corresponding
experimental apparatus and chlorophyll fluorescence spectrum collection system. The two hundred and nineteen samples were randomly separated
into the calibration set and the validation set. Principal component analysis (PCA) was a method which had been widely used in the spectroscopic
analysis for reducing the dimensionality of the noise reduction spectrum, and according to the model accuracy seven principal components (PCs)
were selected to replace the complex spectral data. The noise of original spectrum was reduced by five methods, which include Savitzky-Golay
smoothing (SG), First-order Differential Treatment (FDT), Fast Fourier Transform (FFT), Standard Normal Variate (SNV) and Wavelet Analysis
(WA). According to the best diagnosis accuracy of calibration and prediction set, optimization results with every pretreatment method in different
spectrum band were compared. Results showed that BP-ANN with input by the first seven principal components of full-band spectrum had the best
identification capabilities and accuracy was 100% after the original spectrum noise wasreduced by FDT. Thisresearch indicated that the method of
BP-ANN had agood identification effect and could realize rapid diagnosis of the cucumber diseases and insect pests as a new method.

Keywords: Back PropagationArtificial Neura Networks (BP-ANN), laser-induced chlorophyl| fluorescence (L1 CF) spectroscopy, Principal component
analysis (PCA).

Introduction

Chlorophyll fluorescence detection is fast, accurate and non-

destructive testing technology of plant physiological status. The
technology has been widely used in testing plant photosynthesis,
whichisconsidered asafast and non-invasive probe of measuring
plant photosynthetic activity *-2. Subhash Narayanan ® researched
the plant senescence testing with fluorescence analysistechnique
in 1999. Methods of fluorescence parameters and spectrum

analysis were also used in detecting water stress condition * 5,

and then development of fluorescence imaging technique

improved the accuracy of detecting plant water stress . At the
same time, fluorescence analysis technique was researched in-

depth and used in testing of plant chlorophyll content and nitrogen
stress 8 widely.

The central idea of back-propagation theory isthat the errors
for the units of the hidden layer are determined by back-
propagating the errors of the units of the output layer. For this
reason the method is often called the back-propagation learning
rule. Back-propagation can also be considered as a
generalisation of thedeltarulefor non-linear activation

infrared spectroscopy with BP-ANN. An overlapped spectrumin
fluorescence spectroscopy measurements of acetamiprid residues
was separated using BP-ANN, and the pesticide residue was
detected by fluorescence spectral analysisbased on BP-ANN ™.
In medicine, BP-ANN also iswidely used in the composition of
inspection and disease diagnosis 1> %3,

Inthis paper, wewill diagnosethe cucumber diseases and insect
pests by chlorophyll fluorescence spectroscopy based on BP-
ANN and optimizethe model with different spectral band, spectra
pretreatment method and principal component number.

Materialsand Methods
The cucumber grew in glass greenhouse of School of Biological
andAgricultural Engineering, Jilin University, in 2009. When the
cucumber came into florescence, we inoculated downy mildew
and aphid to cucumber, respectively, and collected the
fluorescence spectrum for the experiment oneweek later (Table 1).

Table 1. Experiment sample.

functions and multilayer networks. Back Propagation

Sample Style

Sample Number  Calibration set Prediction set

(BP) Artificial Neural Networks(ANN) method hasbeen ~ Health 64 30 34

. . Downy Mildew 50 30 20
an effectivetool for spectrd p_retreetmen’F enq da_tamdyss Aphid 57 30 27
recently. Weng et al. ® and Ai et al. ° discriminated the Downy Mildew and Aphid 48 30 18
virgin olive ail quality and tea beverage class by near Total 219 120 99
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Chlorophyll fluorescence measurement: Inthistest, laser-induced
chlorophyll fluorescence and fiber-optic spectrometer combined
technology were used to measure the chlorophyll fluorescence
emission spectrum. The other main instruments used in the
experiment included fiber-optic spectrometer (Avantes, madein
Holand), 7.5 mW power of 473 nm solid-state lasers and compuiter.
Apparatusin thistest was showninFig. 1.

When thefiber-optic spectrometer got the signal from compuiter,
it sent asignal to thelaser implement and collected the fluorescence
spectrum; 7.5 mW laser emit and transmit with fiber, excitated the
fluorescence on the cucumber leaf. The fluorescence was coupled
through probe, came into the fiber, and transmitted into
spectrometer and was transformed into electric signal, and then
the electric signal was transmitted into computer and analyzed
withMATLAB software.

Chlorophyll content measurement: Chlorophyll content of four
points around main vein were measured using chlorophyll meter
SPAD-502(made in Japan) and average value was calculated as
the chlorophyll content of objectiveleaf.

Water content measurement: Fresh weight and dry weight of
leaves were measured by analytical balance, and water content
was cal culated by equation:

fresh weight

Chlorophyill fluorescence parameter measurement: Chlorophyl|
fluorescence parameter Fv/Fm, which isthe ratio of variable to
maximum fluorescence after dark-adaptation, represents maximum
quantumyield of PSI1. Fv/Fmisthe maximum quantum efficiency
of PSII. Fm isthe maximum fluorescence yield in dark-adapted
state, Fo isthe minimum fluorescenceyield in dark-adapted state.
Fv is the total amount of variable fluorescence (dark adapted
leaves, Fm-Fo). The parameter has begun to be used for detecting
stress in plants. Chlorophyll fluorescence parameter Fv/Fm of
cucumber leaf was measured by plant efficiency analyser (PEA,
madein England).

Net photosynthetic rate measurement: Net photosynthetic rate
is an important indicator to evaluate the plant growth status. It
has been used for detecting stress in plant. Net photosynthetic
rate was measured by handheld photosynthesis system CI-310
(CID, madeinUSA).

Resultsand Discussion
Water content, chlorophyll content, net photosynthetic rate and
Fv/Fm of the plant leaf will change diversely in different stress
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Figure 1. Chlorophyll fluorescence spectrum
collection system.
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conditions. A comprehensive analysis of the physiological
information distinguished different stress conditionsfor the plant.
Simultaneously, chlorophyll fluorescence spectrum can respond
to theseindicators exactly in different waveband.

The correlation coefficients between Water content, chlorophy!l|
content, net photosynthetic rat, Fv/Fm and chlorophyll
fluorescence spectrum aredisplayedin Fig 2. Therearethreeclear
power peaksat 501, 685 and 740 nm. The correl ation coefficient
between the physiological information and chlorophyll
fluorescence has high value near the peak positions. Therefore,
chlorophyll fluorescence spectrum responds the plant
physiological information accurately and synthetically.

The origin fluorescence spectrum has been transformed by
Savitzky-Golay Smoothing (GS), First-order Differential Treatment
(FDT), Fast Fourier Transform (FFT), Standard Normal Variate
(SNV) and Wavelet Analysis (WA) respectively. Accumulative
contribution rate of thefirst ten principal componentswith different
pretreatment aredisplayedin Fig. 3. Thefirst principal component
contribution rateis highest, except the SNV i1s57.19%, all of them
aremorethan 90%. All the accumul ative contribution rates of the
first ten principal components are more than 99%, therefore, the
first ten principal components contain most of spectrum
information.

When Back Propagation (BP) Artificial Neural Networks (ANNS)
and Principa Component Andysis(PCA) areused in combination,
the number of principal componentsisakey parameter affecting
theresults. Using PCA to reduce spectral datadimensionality and
extract feature information, with the increase in the number of
principal components, the cumulative contribution rate and the
spectral information of principal component score included are
increasing. However, selecting too much principal component
scorewill increasethe noiseinformation. When adding aprincipal
component, the expression of noise information is greater than
useful, and themodel performancewill deteriorate.
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Figure2. Corrdation coeffidentsbetweenthe physiologica
information and chlorophyll fluorescence.
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Figure 3. Accumulative contribution rate of thefirst ten
principal components with different pretreatment.

Journal of Food, Agriculture & Environment, Vol.10 (1), January 2012



Table 2. Accuracy rate of modd indifferent principal component
number by BPANNS,

Principal Accumulative Calibration set Prediction set
component  contribution  Accuracy Error Accuracy  Error
number rate (%) rate number rate number
1 97.1057 50 60 30.30 69
2 98.8560 71.67 34 40.40 59
3 99.4342 75 30 49.49 50
4 99.7566 90.83 11 87.88 12
5 99.9351 95.83 5 94.95 5

6 99.9590 99.17 1 96.97 3

7 99.9660 99.17 1 97.98 1

8 99.9697 99.17 1 96.97 3

9 99.9727 99.17 1 98.99 2
10 99.9752 99.17 1 96.97 3

In use of thefirst three principal components model, although
the cumulative contribution rate of the principal components
reached 99.43%, the classification accuracy rates of calibration
set and prediction set areonly 75% and 49.5% (Table 2). Therefore,
thefirst three principal components contain mostly basic spectral
information, which contains less characteristic information of
fluorescence spectrum. With theincreasein the number of principal
components, the classification accuracy of calibration set and
prediction set increased gradually. When the principal component
scoresto 7, thereisonly onewrong samplein each calibration set
and prediction set, and the total accuracy rateis 99.09%. When
the principal component scores continue to increase, thereisno
changeinthe calibration set, but the wrong sample number of the
prediction setisfrom 1 to 3. It showsthat the noiseinformationin
the principal components may contain a negative impact on the
modd.

Table3. Accuracy rate of model with different treatment in every band by BPANNS.

By choosing different wave band and pretreatment to
optimizediagnostic model, theresultsare displayed in Table
3. Inthe 827-900 nm band, the accuracy rates of prediction
set increase dlightly with using five spectral pretreatment
methods, but all them arelower than 80%. The 504-627 nm
band is similar to the 827-900 nm band, the accuracy rates of
the prediction set increase slightly, but they are low. The
other three bands showed agood calibration and prediction
except treatment with FFT method. In 627-826 nm band, the
accuracy increased to 100% and the error of prediction set
was below 5% with every spectral pretreatment method
except FFT. In627-786 nm band, therewas only oneerror in
prediction set with FDT, SNV and WA method, all the
accuracy rates of prediction sets were more than 98.99%.
The accuracy rates of prediction sets with GS and FDT
method were 100% in 504-900 nm band, but there weretwo errors
incalibration set. Therefore, the model with GSislessstable. The
model accuracy rates of calibration set and prediction set wereall
100%, showing good robustness.

Theaim of the experiment wasto establish amodel and method
for diagnosing plant diseases and insect pests by chlorophyll
fluorescence spectrum. Four kinds of cucumber leaves
fluorescence spectrum with diseases and insect pests were
analyzed by BP-ANN in this study. The results show, the region
of greater chlorophyll fluorescenceintensity in spectrum contains
morephysiological information of theplant. Thefirst seven principal
component scores express the total spectral information more
accurately. By increase or decrease of the number of principal
components, useful information will belost or noiseinformation
will be added. Proper use of pre-treatment methods can improve
the model accuracy. The BP-ANN model
which input by the first seven principal
componentsof full-band spectrum combined

Wave band Spectral Calibration set Prediction set with FDT was optimal. The optimal model
treatment  Accuracy rate  Error number  Accuracy rate  Error number ' - .
ORIGIN 0417 7 677 23 had accu.raFe rates of 100% for calibration
GS 95 6 78.79 21 and prediction set.
504-627nm FDT 98.33 2 88.89 11
FFT 88.33 14 69.70 30 ;
SNV 94.17 7 86.87 13 Thechl h “Cﬂonclusons .
WA 95 6 29.90 10 echlorophyll fluorescence contains most
ORIGIN 9917 1 94.95 3 of plant physiology information. Base on BP-
GS 100 0 96.97 3 ANN, we can quickly and accurately
627-826nm FDT 100 0 97.98 2 diagnose cucumber diseasesand insect pests
sFlfI{/ 19050 g gg'gg 120 by chlorophyll fluorescence spectrum. By
WA 100 0 96.97 3 parameter opti mization,_this model can be
ORIGIN 90 12 53.54 46 applied to other plant diseases and insect
GS 89.17 13 55.56 44 pestsindentified.
827-900nm FDT 82.5 21 55.56 44
FFT 90 12 77.78 22
SNV 86.67 16 68.69 31 . Acknowledgement
WA 87.5 15 79.80 20 This quk was supported by the Open
ORIGIN 98.33 2 95.96 4 Foundation of Key Laboratory of Bionic
GS 100 0 96.97 3 Engineering, Ministry of Educationdilin
627-786nm ?}3; 913023 g zg-zg 111 University (NO: K201007) and the National
SNV 99.17 1 98.99 ] High-tech Re&oarch Development Plan (863
WA 100 0 98.99 1 Plan) of Chi na(2007AA 102203).
ORIGIN 99.17 1 98.99 1
GS 98.33 2 100.00 0
504-900nm FDT 100 0 100.00 0
FFT 97.5 3 90.91 9
SNV 100 0 97.98 2
WA 98.33 2 95.96 4
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