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Abstract Precision irrigation for jujube crop in southern Xinjiang., China, is underlying to optimize the water
use in such a drought-affected region. Water stress can be remotely assessed by evaluating the leaf moisture
content using spectroscopy. These measurements are however affected by the presence of coarse sand and dust
of the leaves induced by dry climates. This paper studied different methods to correct the spectral data in order
to reduce the scattering noise with a baseline induced by such a jujube leaf covering. The reflectance of 120 leaf
samples were measured by means of a near-infrared spectrometer (1 000~1 800 nm) and their moisture con-
tent was obtained by conventional drying method. The original reflectance spectrums were pre-processed by
the normalization method, the moving smoothing method, the Savitzky-Golay (SG) convolution smoothing
method, the SG first derivative method, the standard normal variables (SNV) method and the multiple scatter
correction (MSC) method. The results of these different methods were compared and analyzed by means of
partial leastsquares regressions (PLSR) allowing selecting sensitive spectral bands and establishing prediction
models. The results showed that a significant reflectance peak related to the water content of the jujube leaves
was located at 1 443 nm and that a local minimum of reflectance occurred at 1 661 nm. The predicition model
based on the MSC method presented the best scattering noise reduction. The model performances were R* =
0.750 4, RMSEP=0. 034 3 and RMSEPCV=0. 021 5. The five characteristic wavelengths were 1 002, 1 383,
1411, 1 443 and 1 661 nm. In this experiment, the MSC method had a good ability to reduce the scattering
noise generated by sand and dust covering. The preprocessing improved the selection ability of characteristic
wavelengths and the accuracy of the prediction model. The results can therefore provide an effective detection

method for the jujube leaf water in the sandy and dusty area of Southern Xinjiang, China.
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Introduction

Southern Xinjiang is one of the most important jujube
production areas in China. This region however suffers from
water shortage due to severe drought. The real-time monito-
ring of water stress conditions in jujube fields is a crucial step
to improve the water use efficiency. In this context of preci-
sion irrigation, the leaf moisture content is considered as an
important trait to assess the water status of jujube trees at
different growing stages. Detection methods based on near-in-
frared (NIR) spectroscopy allow evaluating physiological
traits of leaves in a fast and non-invasive way. Such methods
have been studied and validated for the evaluation of rice leaf
nitrogen content'!), corn, populus euphraticaand walnut leaf

water content?*, 1,

cotton canopy chlorophyll content

6], total polyphenol in

[8]

sharp tooth oak leaf pigment content

fresh tea leaf'™ , persimmon leaf chloride contents™ and leaf

traitst®.

They mainly include three steps: (1) the pre-treat-
ment of the reflectance spectrum, (2) the selection of charac-
teristic wavelength bands and vegetation indexes, and (3) the
development of regression models. Regardless of the spectral
indexes selection and the modeling method, the data prepro-
cessingremainsan underlying step to improve the detection ac-
curacy. Errors can be indeed induced during the measurement
process due to background, instrument and scattering noises.
For in-field acquisition, the results can be impacted by other
noise sources, such as the blade morphology, the impurities
on leaf surface, the sensor-leaf distance, and the instrument
jitter. Common pre-treatment methods including normaliza-
tion, moving-average
kky-Golay (SG) derivative'?, Standard Normal Variate
(SNV) correction"'*,

(MSCO)M are now available to correct the results. Although

19, convolution smoothing™, Savitz-

and Multiple Scattering Correction

some of these pre-treatment methods, such as deriva-
tivel B, MAUT, SGE- 17, SNVES and MSCH™ methods
have been analyzed for the leal water content detection in cot-
ton, wheat, corn and lettuce, only few studies have been re-
ported for jujube. More specifically, the dry weather of
Southern Xinjiang, China, results in a large amount of sand
and dust covering the leaf surface of jujube trees, which par-
ticularly affects the spectral response of the leaves. There-
fore, the ability of different pretreatment methods to reject
the scattering noise needs to be further studied for the meas-
urement of the moisture content of jujube leaves in such con-
ditions. This article was focusing on the spectral response of
jujube leaves in order to evaluate their water content. The re-
duction of spectral noise, in particular the scattering noise

caused by sand and dust on leaves, was analyzed and com-

pared for different pretreatment methods. The comparison

was performed by looking at the selection of the sensitive
wavelength bands obtained by a Partial Least Square Regres-
sion (PLSR) method, the decision coefficient (R*) and the
root mean square error (RMSE) of the model. The results
can provide some references for jujube leal moisture content
detection and remote sensing monitoring in sandy and dusty

areas.

1 Materials and methods

1.1 Data collection

Experimental data were collected in a jujube orchard loca-
ted in Alaer, Southern Xinjiang, China (40°34'47"N, 81°13’
13"E). A set of 120 leaf samples of jujube trees were collected
at the emergence, flowering, fruit development and maturity
stages from the upper, middle and lower canopy layers. The
portable near-infrared spectrometer SupNIR-1520 (Focused
Photonics Inc, China) was used to measure the reflectance of
jujube leaves. The spectrometer operated in the range of 1 000
~1 800 nm with a resolution of 10 nm. The noise was less
than 50 pA and the scattered light was less than 0.1%. A
standard white board was used as a reference to calibrate the
device. Each measurement was averaged on 10 repetitions.
The acquisition was controlled using the RIMP software. The
indoor temperature was 25 ‘C and humidity 60%. The refer-
ence measurement of moisture content was measured by dr-
ying the leaves at 105 “C until a constant weight was reached.
Among the 120 samples, 90 were used for the regression and
the remaining was used for validation.
1.2 Spectral pre-treatment

Normalization, moving-average, SG convolution smoot-
hing, SG derivative, SNV and MSC were considered as pre-
treatment methods to reduce the noise and correct the reflec-
tance spectrum. A PLSR method was used for selecting sensi-
tive wavelengths and extracting a model. The pretreatment
methods were evaluated by considering the pre-processing re-
sults, the sensitive wavelength selection as well as the model
performance (R* and RMSE). The pre-treatment of spectral
data, wavelength selection and model establishment were im-

plemented in MATLAB2010b.

2  Results

2.1 Leaf moisture content

The statistical information of the leaf moisture content
for the 120 samples was shown in Table 1.
2.2 Leaf reflectance spectrum

The original spectra of jujube leaf reflectance, acquired
for different water content, showed a significant scattering

noise with a baseline drift [ Fig. 1(a)]. Despite this scatter-



543

S ST

1325

ing, the spectral curves presented a similar tendency. A peak
occurred around 1 450 nm, which corresponded to a strong
reflectance band of water'’®, A local minimum was also ob-
served near 1 650 nm for all the curves. There was significant

scattering noise with baseline drift in the range of 1 000 ~

not lead to relevant results [ Fig. 1(e)]. The SNV [Fig. 1(f)]
and MSC [Fig. 1(g)] pre-treatment rather significantly re-
duced the scattering noise and baseline drift allowing extrac-

ting the curves characteristics.

1 400 and 1 500~1 800 nm. The normalized method reduced Table 1 Leaf moisture content
significantly the scattering noise in the range of 1 500~1 800 Statistical Standard
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nm but did not improve the curves from 1 000 to 1 400 nm parameter deviation
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Fig. 1 Pre-treatment of the original spectrum

2.3 Characteristic wavelength selection

A principal component analysis was performed to select
the characteristic wavelength bands (PLS has indicated that
the optimal numbers was 5 in terms of R*). This selection
was shown in Fig. 2 for each considered pre-treatment meth-
od. The bands near the strong wave peakd at 1 443 nm and
the local minimum at 1 661 nm were not selected based on the
original spectrum [Fig. 2(a)]. There was a certain deviation
in the selected bands around 1 443 nm according to the nor-

malized spectrum [ Fig. 2(b) ], and the typical local maximum

position was not selected. The selected bands around 1 661
nm were significantly higher than 1 700 nm. Moving average
smoothing [ Fig. 2(¢)] and SG convolution smoothing [ Fig. 2
(d)] had good selected capability around 1 443 nm, but weak
around 1 661 nm. There was the difference in the selection of
the typical peak (1 443nm) and local minimum (1 661 nm)
positions due to the deviation of the first derivative spectrum
[Fig. 2(e) ]. Both SNV [Fig. 2(f) ] and MSC [ Fig. 2(g) | se-
lected sensitive spectral bands near the position of local

maximum and minimum, where MSC method happened to be
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Fig. 2 Selected variables from different pre-treatment methods

at the position of wave peak and local minimum so the charac-
teristic wavelength was slightly superior to SNV method.

Based on the principal components analysis of the prepro-
cessed spectral data, the MSC pre-treatment method presen-
ted the best performance to reduce the scattering noise this
preprocessing. The principal features of the spectrum were
1002, 1383, 1411, 1443 and 1 661 nm, among which, the
latter two bands could be considered as the main sensitive
wavelength to estimate the water content of jujube leaves.
2.4 Prediction model

PLSR method was used to establish prediction models
based on different pre-treatment methods. The different mod-
els were evaluated by using the pre-diction determination coef-
ficient (R*), the prediction root mean square error (RM-
SEP), and the cross validation root mean square error (RM-
SEPCV). The prediction results based on the studied pre-
treatment methods were shown in Table 2. The RMSEP val-
ues obtained for the different models were small, especially
for the models based on the Normalized, SNV and MSC
methods which reached an error inferior to 4%. The best de-

termination coefficients were 0. 71 and 0. 75 obtained respec-

tively with the SNV and MSC methods. With respect to the
cross-validation, the SG convolution smoothing and the MSC
methods resulted in a RMSE lower than 3%. It was noticed
that the MSC method presented the best values for the three

statistical indicators.

Table 2  Statistical results of prediction models based on

different spectral pre-treatment methods

Leal moisture content

Pre-treatment methods

R? RMSEP RMSEPCV
None 0.510 4 0.040 7 0.067 9
Normalized 0.627 4 0.036 8 0.041 4
Moving average smoothing 0.595 0 0.042 5 0.046 7
SG convolution smoothing 0. 680 4 0. 043 6 0.024 3
SG first derivative 0.620 4 0. 040 7 0.031 3
SNV 0.708 9 0.036 7 0.040 7
MSC 0. 750 4 0.034 3 0.0215

3  Conclusions

In dry regions such as Southern Xinjiang, the leaves of
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vegetation are often covered by sand and dust particles leading
to significant scattering noise in spectral measurements. The
denoising ability of different pre-treatment methods were ana-
lyzed and compared by means of the sensitive wavelength se-
lection and the performance of prediction models. The results
showed that both the SNV and MSC methods presented a
good rejection of scattering noise and baseline drift. In parti-
cular, the spectral pre-processing based on the MSC method
obtained the best performance for the prediction of the jujube
leal moisture content. This method allowed selecting a set of
five characteristic wavelengths (1 002, 1 383, 1 411, 1 443,
1 661 nm) of which the strong leaf reflectance peak and the

local minimum was identified, 1 443 and 1 661 nm, respec-
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