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Hyperspectral estimation models for nitrogen contents of
apple leaves
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Abstract: Plant nitrogen status is a key indicator for evaluating crop growth, increasing yield and improving grain quality.
Non-destructive and rapid assessment of leaf nitrogen is required for improving nitrogen management in fruit tree production.
The hyperspectral reflectance and corresponding total nitrogen concentration of different species of apple trees’ leaves were
measured by Field-Spec PMI-MASTER PRO. The correlation among raw hyperspectral reflectance, first derivative spectra, and
hyperspectral characteristic variables were analyzed. This paper makes a model for the quantitative detection of leaf’s total ni-
trogen with a view to providing a theoretical foundation for nutrition diagnosis of the apple by remote technology. The results
showed that the raw spectral reflectance has the maximum negative correlation coefficient at 715nm (» = —0.817) with total ni-
trogen concentration and the logarithm model constructed with reflectance at this point is the better one as compared to linear
model; the first derivative spectral reflectance has the maximum positive correlation coefficient at 723nm (r = 0.87) and the linear
and non-linear models have the similar capacity for the nit rogen est imation; as to hyperspectral characteristic variables, they all
show significant correlation with nitrogen contents except Ay, SD /SDy and (SDr + SDy)/(SDr — SDy). Those results indicate
that the variables adopt in this paper have great potential for nitrogen concentration test. By the precision evaluation of estima-
tion models, the logarithm model constructed by the first derivative reflectance at 723 nm was proved to be the best for the
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1 INTRODUCTION

Nitrogen (N) is the most demanding nutrient element for
fruit tree growth, and significantly affects photosynthetic pro-
duction and yield formation in fruit trees. Thus N fertilization
has become one of main yield-enhancing techniques in modern
crop production. Plant nitrogen accumulation, as a product of
plant nitrogen content and plant mass, strongly affects yield and
quality formation in fruit production. Since nitrogen fertiliza-
tion strategy is a major consideration in field management and
proper strategy should ensure N supply at the right time and
appropriate amount, it is necessary to evaluate tissue N status
and recommend N dressing plan from indicative nitrogen con-
tent and nitrogen accumulation in plants.

Effective diagnosis and dynamic regulation of plant N status
must be based on real-time monitoring of growth characters and
nitrogen levels in plants. Until now, traditional method of
measuring crop N status depends on plants sampled from fields
and chemical assays in laboratories, which could not meet the
need of rapid, real-time and nondestructive monitoring and
effective diagnosis of plant N status. The newly-emerged hy-
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per-spectral remote sensing makes possible acquiring images in
many narrow and continuous spectral bands, which are sensi-
tive to specific plant variables, so weak difference in plant pa-
rameters could be detected. Extracting sensitive bands and
converting spectral parameters to reduce background effects
can help to improve the level and quality of capturing crop
growth information, so hyper-spectral remote sensing technol-
ogy can be used to better estimate various growth variables
related to plant physiology and biochemistry (Vane, 1993). The
canopy spectra obtained via remote sensing reflect complex
information of vegetation including the leaves, stems, spikes,
soils and other backgrounds. To accurately extract characteris-
tic information from targets and trace its subtle change, the
derivative spectral data were calculated to minimize spectral
noise caused by the soil background and atmospheric effects.
Hyperspectral sensors measure reflectance in a large number of
narrow wavebands, generally with bandwidths of less than
10nm. With these narrow bands, reflectance and absorption
features related to specific plants physical and chemical char-
acteristics can be detected (Takebe, 1990; Thomas et al., 1972;
Everitt et al., 1987; Yoder, 1995; Blackmer et al., 1996; Stone
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et al., 1996; Tarpley et al., 2000; Xue ef al., 2004).

Leaf nitrogen accumulation, as a product of leaf nitrogen
content and leaf mass, includes not only nitrogen content infor-
mation, but also canopy coverage properties. Leaf N content and
canopy coverage increase with N fertilizer increasing, which
promotes rapid increment of leaf N accumulation (Zhu et al.,
2006; Wang et al., 1993). The differences in soil fertility levels
and cultural management practices in the fields often result in
apparent heterogeneous growth among individual plants in plant
population, which severely affects yield and quality formation in
fruit production. Therefore, monitoring LNA and dynamic
changes is useful to evaluate plant production capability and
predict yield and quality. Determining quantitative relationship
of canopy spectra with LNA should help to support
non-destructive and real-time monitoring and diagnosis of N
status in fruit production. The objective of the present study was
to analyze relationship between canopy reflectance spectra and
leaf N status in apple trees on the basis of field experiments
involving different N rates and cultivars in growing seasons, to
calculate general equations from different data sets for predict-
ing N nutrition index in apple. The anticipated results would
help to provide a technical approach for non-destructive and
real-time monitoring of N nutrition status in apple trees.

2 MATERIALS AND METHODS

2.1 Design of experiments

The data were obtained from 3 field experiments involving
different N fertilization rates and apple cultivars.

Experiment 1: The experiment was carried out at the apple
experiment station located at Baoji Fengxiang County from 2007
to 2008 with 6 treatments and 3 replicates. The soil in the fields
was sandy silt soil with 2.09g'kg™ organic matter, 0.18g-kg™
total N, 120.20mgkg™ available N, 110.03mgkg™ available
phosphate (P,0s) and 83.5mg-kg™" available potassium (K,0). 2
cultivars were selected: Lifu No.1 and Gala. 3 N rates were ap-
plied: N;, Okg N-hm™2; N,, 320kg N-hm™; N3, 640kg N-hm™. N
application was distributed in 3 splits: bloom in April, fruit de-
velopment in June and fruit enlargement in July. Other manage-
ment followed local standard practices. Apple leaves were deter-
mined for spectra and total nitrogen in July, September and Oc-
tober. The experiment data were used for testing models.

Experiment 2: The experiment was carried out at Dong
Guizhuan’s apple orchard located at Baoji Fengxiang County
from 2007 to 2008 with 6 treatments and 3 replicates. The soil
in the fields was sandy silt soil with 1.43g-kg™" organic matter,
0.11gkg™ total N, 62.5mgkg™ available N, 10.36mg-kg™’
available phosphate (P,Os) and 62.5mg-kg™' available potas-
sium (K,0). 2 cultivars were selected: Red Fuji and Qinguan. 3
N rates were applied: N;, Okg N-hm™2; N, 345kg N-hm™2; Ns,
690kg N-hm™. N application was distributed in 3 splits: bloom
in April, fruit development in June and fruit enlargement in
July. Other management followed local standard practices.
Apple leaves were determined for spectra and total nitrogen in
July, September and October. The experiment data were used
for testing models.

Experiment 3: The experiment was carried out at Huo Zhi-
wen’s apple orchard located at Baoji Fengxiang County from
2007 to 2008 with 6 treatments and 3 replicates. The soil in the
fields was sandy silt soil with 1.75g'kg™ organic matter,
0.52g'kg™ total N, 81.20mg'kg™" available N, 74.03mgkg™’
available phosphate (P,Os) and 81.51mgkg™" available potas-
sium (K,0). 2 cultivars were selected: Red Fuji and Qinguan. 3
N rates were applied: N, Okg N-hm% N, 345kg N-hm% N,
690kg N-hm™. N application was distributed in 3 splits: bloom
in April, fruit development in June and fruit enlargement in
July. Other management followed local standard practices.
Apple leaves were determined for spectra and total nitrogen in
July, September and October. The experiment data were used
for testing models.

2.2 Spectra measurement

All spectral measurements were taken under clear sky con-
ditions between 10:00 and 14:00 (Beijing local time), using an
ASD Field Spec Pro spectrometer (Analytical Spectral Devices,
Boulder, CO, USA). This spectrometer is fitted with a 25° field
of view fiber optics, operating in the 325-1075nm spectral
region with a sampling interval of 1.5nm. A 40cmx40cm
BaSOQ, calibration panel was used for calculating the black and
baseline reflectance. Vegetation radiance measurement was
taken by averaging 20 scans at an optimized integration time,
with a dark current correction at every spectral measurement
(Min et al., 2008). A panel radiance measurement was taken
before and after the vegetation measurement by two scans each
time. In each experiment, data were obtained on several differ-
ent backgrounds (dark cloth, white paper and soil).

2.3 Determination of leaf N status

After each measurement of spectral reflectance, 7 plants
about 350 leaves from each plot were collected for determina-
tion of leaf weight and leaf N concentration. All the samples
were cleaned by distilled water, fixation at 105°C for
10—15min, then oven-dried at 80°C to constant weight. The
dried leaf samples were ground to pass through a Imm screen,
and then stored in plastic bags for chemical analysis. Total N
concentration in leaf tissues was determined by the mi-
cro-Keldjahl method. Leaf N concentration (LNC, g 100 g™
was expressed on the basis of unit leaf dry weight. It was de-
termined by the equation as follows
(V -V xCy x0.014

m

N(%)= x100%

where V is the volume of used standard acid, ¥ is the volume
of blank standard acid, Cy is concentration of the standard acid,
and m is weight of the dried leaves.

2.4 Data analysis and use

The data from Experiments 1 were used for deriving equa-
tions to predict N nutrition index in apple tree Table 1, and the
data from Experiment 2 and 3 were used for testing the derived
equations. Correlation analyses were conducted between the
hyperspectral parameters and LNC so that sensitive spectral
ranges (known as key bands) and spectral indices reported re-
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lated to LNC were identified in apple tree (Pu & Gong, 2000;
Guyot & Baret, 1988; Richardson & Wiegand, 1977; Pearson &
Miller, 1972). Nine spectral parameters selected were calcu-
lated according to the equations in Table 2. Separate linear
models were fitted to determine the best-fit R* values for the
relationships of LNC to the spectral parameters. The relation-
ships with the best-fit R? values were tested with the data from
Experiment 1. In equation testing, the predicted results were
compared with the field measurements to evaluate reliability
and accuracy of the equation output under practical conditions.
The following statistic method, root mean square error (RMSE)
and mean relative error (RE) was used to calculate the fitness
between the estimated results and observed data.

Table 1 Definition of hyperspectral remote sensing parameters
used in the study

Type Spectral parameter Definition

The first order maximal derivative
inside red edge

Ar Corresponding band length with D,
The first order maximal derivative

Dr

Db inside blue edge
Characteristic Ab Corresponding band length with D,
variable based D The first order maximal derivative
on spectral Y inside blue edge
position Ay Corresponding band length with D
Spectral reflectance at green band
Rg Kk
peal
Ag Corresponding band length with R,
Spectral reflectance at red band
Ro
peak
SDr Summation of the first order deri-
Characteristic vation inside red edge
variable based SDb Summation of the first order deri-
on spectral vation inside blue edge
area Summation of the first order deri-
SDy L
vation inside yellow edge
SDr/SDb
SDr/SDy Ratio vegetation index
Rg/Ro
Characteristic
variable based (SSDD:%SSDDZ))/
on vegetation ( . . .
index (SDr-SDy)/ Normalized difference vegetation
(SDr+SDy) index
(Rg-Ro)
(Rg+Ro)

Table 2 Correlation coefficient between nitrogen content and
hyperspectral variables

Types of spectral parameters r

Db —0.855

Ab 0.752

Dr —0.818

Spectral ) Ar 0.876

based on position Dy 0830

Ay 0.147

Rg —0.808

Ag 0.721

Ro —0.741

SDr/SDb 0.874

SDr/SDy —-0.129

L. Rg/Ro —0.647
Vegetation indexes

(SDr-SDb)/(SDr+SDb) 0.853

(SDr-SDy/(SDr+SDy) —0.256

(Rg-Ro)/(Rg+Ro) —0.641

SDr —0.806

SDy 0.725

3 RESULTS AND ANALYSIS

3.1 Apple leaves hyperspectral reflectance under
different N rates

The hyperspectral reflectance of apple leaves over different
growth stages was markedly different under varied N rates. Fig.
1 displays the response patterns of leaves reflectance spectra to
the N rates Fig. 1(a) and different development stages Fig. 1 (b)
of Lifu No.1. In the visible wavebands (400—710nm), the hype-

rspectral reflectance was lower at higher N rates, whereas in the
NIR wavebands (760—1000nm) the reflectance tended to in-

crease with increasing N rate, resulting in greater differences
among the N rates in NIR short wave bands than that in visible
wave bands. This indicates that the reflectance in the NIR re-
gion was responsive to growth status of apple tree under dif-
ferent N rates, but tended to be saturating under high N rates.
As shown in Fig. 1(b), effects of development stages on re-
flectance spectra presented the same regularity as LNA in
500—700 nm and 750—1000 nm. Plants rapidly grew to boost N

absorption and cover increment from fruit development to fruit
enlargement. So canopy structure and biochemical variables in
apple tree differed significantly among growth stages, which
would result in changes of spectral properties at canopy level,
with the reflectance in the visible wavebands decreasing with
growth stages and increasing in the NIR region.

08

07t TN s
0.6
0.5

0.4

Reflectivity

0.3
0.2

0.1 F

0

400 500 600 700 800 900 1000

0s L weeseeees Mid-May
07 F —— Mid-July
06 | Mid-September
05F e Mid-November

Reflectivity

400 500 600 700 800 900 1000
Wave/nm
(b)

Fig. 1 Changes in spectral reflectance (a) and different development
stages (b) of apple with varied leaf nitrogen concentration

3.2 Relationships of leaf total N concentration to the
spectral reflectance

Fig. 2 illustrates the correlation between the spectral reflec-
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tance of all spectral bands and its first derivative spectra and
LNA from the pooled data (n=216). As shown in Fig. 2, LNA
were negatively related to the reflectance in visible wavebands
(400—700nm), with the lowest correlation coefficients in

650—700 named red valley induced by chlorophyll absorption,
while LNA were positively related to the reflectance in NIR
region (760—1000nm), with the highest correlation coefficients
r = 0.788 because of high green leaf biomass and area induced
by N supply. In particular, the spectral bands in 700—750nm

were within a region of red edge, where correlation coefficients
changed rapidly around 715nm, so 715nm was named red edge
inflexion. In the red edge region, capability of radiation absorp-
tion by chlorophyll decreased gradually, and capability of ra-
diation reflection through mesophyll cell structure increased
with band shifting to long wave. The highest correlation coeffi-
cient (r=-0. 817) was found at about 715nm.

Took the spectral reflectance of 715nm as independent
variable, leaf total N concentration as attributive variable, 2
regression equations were obtained (Fig.3). Coefficients of
determination (R?) from the power equation of FD715 to LNA
were above 0.7, indicating that the 2 regression equations well
described the dynamic pattern of LNA changes in apple leaves.

3.3 Relationships of leaf total N concentration to the
first derivative spectral reflectance

Fig. 4 shows that correlation coefficients between the first de-
rivative spectra and LNA were negative in 550—600 nm named

blue edge region with most significant level of —0.84, and posi-
tive in 700—750 nm named red edge region with the highest

correlation coefficients of 0.87 at 723 nm reaching extremely
significant levels. Canopy spectral reflectance in red edge region
was sensitive to biomass and LAI changed rapidly, which led to
significant correlation of its derivative spectra to LNA.

Took the first derivative spectral reflectance of 723 nm as in-
dependent variable, leaf total N concentration as attributive vari-
able, 2 regression equations were obtained (Fig.5). Coefficients
of determination (R%) from the power equation of FD723 to LNA
were above 0.7, indicating that the 2 regression equations well
described the dynamic pattern of LNA changes in apple leaves.

3.4 Relationships of leaf N accumulation to hyper-
spectral parameters

As shown in Table 2, except yellow edge (Ly), all the other
parameters reached the significant correlation with total N con-
centration. Blue edge, red valley and Ag all reached the signifi-
cant level. Among the vegetation indexes, except the ratio of
SDr/SDy, all the other parameters had significant correlation
with total N concentration. This means it is feasible to use these
parameters to evaluate total N concentration. Based on the lin-
ear and exponential models of Dr, Db and Dy (Table 3), the coef-
ficients of determination of the exponential model are higher than
the linear model. The model based on Ar has the highest coeffi-
cients of determination and the similar effect of both the linear
and exponential models. But in contrast to exponential model,
linear model is easier, so we chose model y=43.391x —0.1467 to
predict the total N concentration and tested its precision.
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3.5 Test and verification of models

In order to test whether these regression models were reliable
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Table 3 Quantitative relationships of leaf total nitrogen content (y)
to spectral parameters (x) in apple

Spectral parameters Model Regression equation R?
D Linear y=—-156.78x+3.643 0.649
" exponential y =4.854x7704% 0.671
D Linear y =6.188x-340.22 0.720
B exponential y =4.357y7 18066 0.715
D Linear ¥ =3.022x-2299.3 0.737
y exponential »=3.195¢712%63~ 0.764
2 Linear y=43.391x-0.1467 0.848
’ exponential ¥ =6.5¢0077 0.840
N Linear y=-126.71x+0.248 0.523
b exponential y=6.8¢71013% 0.534
R Linear y=3.359%x-6761 0.633
e exponential y=3.777e76" 0.641
A Linear y=229.678x-0.41 0.472
€ exponential y =140 0.542
R Linear ¥ =3.276x-9648 0.548
° exponential ¥ =3.646¢771% 0.547
SD Linear y=3.802x-4786 0.672
i exponential y=4.781x 0.658
SD, Linear y=3.088x-11.021 0.717
exponential y=3.272x7%2 0.705
Linear =0.133x-0.452 0.765
SD/SDs exponential i =0.590x"%% 0.746
Linear =-2.113x-6.614 0.737
(SDASDY/SDASDY il 0,590,007 0.725

and applicable for LNA estimation, the independent data set
from Exp. 2 and 3 were used to test the performance of these
models. Root mean square error (RMSE), average relative error
(RE), and precision (R*) were employed to test the reliability
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between the estimated values and the measured values, as shown
in Table 4. Also comparison of estimated with measured leaf
nitrogen accumulation in apple tree was shown in Fig. 6.

Table 4 Comparison of precision test results of hyperspectral
models for total nitrogen content (n = 72)

Independent

variable x Model R? RMSE RE
p715 y=-0.2277In(x)+ 1.9818  0.771** 0377 17.7
p723 =2.1899¢19% 0.879%*  0.245 9.86
Ar y=43.391x-0.14 0.848**  0.302 12.46
SDr/SDb =0.133x—0.452 0.759**  0.370 16.78

Note: * and ** stand for the significances at significant and high significant

levels, respectively.

The results showed that these variables gave good explanation
of changes in total N. But considering the uncertainty of changes
in parameters caused by one variable, the uniqueness should be
considered as well. Based on the rules mentioned above, the leaf
reflectance at 715nm and the first derivative spectral reflectance
of 723nm were suitable. For the idea model we chose as the first
derivative spectral reflectance of 723nm had the highest coeffi-
cients of determination, lowest RMSE and RE.
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Fig. 6 Comparison between the predicted value and the measured value of total nitrogen content of apple
(a): Lifu No.1 in 2007; (b): RoyalGala in 2007; (c): Lifu No.1 in 2008; (d): QinGuan in 2008

4 DISCUSSION

In this study, hyperspectral remote sensing estimation of to-
tal nitrogen content in apple leaves was used, which is a
non-destructive testing technology, that is, without undermining
the organizational structure of plant leaves, using spectrometer
measured spectral reflectance characteristics of changes in leaf
nitrogen. Compared to the traditional biochemical analysis,

remote sensing is not only the in vivo observations, but also
decreases the analysis costs. This paper analyzed the quantitative
relationship between the total nitrogen content in apple leaves
and leaf spectral characteristics, based on the sensitive bands of
nitrogen, established the monitoring model of the total nitrogen
content in apple leaves on the red edge position (Ar). The results
showed that the goodness of fits of two-band combined spectral
variables and total N was much higher than that of a single
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band. This was the same as the study of Daughtry et al. (2000).
The reason probably is that the single band spectrum is easier
confused by the reflectance of background or leaf area index.
Thus several techniques and methods have been used to mini-
mize spectra noise, such as derivative spectra and new vegeta-
ble indices. Rondeaux et al. (1996) proposed OSAVI to reduce
soil background noise. Gitelson ef al. (2002) calculated VARI
to revise atmospheric effects on spectra. Demetriades-shah et al.
(1990) suggested that derivative spectra indices not only mini-
mized background noise, but also resolved mixed spectra. The
present study adopted different methods to parameterize the red
edge position (REP) in relation to spectral shift. Miller ez al.
(1990) employed an inverted Gaussian model to calculate REP,
and found a close correlation between REP and chlorophyll
concentrations. Cho and Skidmore (2006) reported the linear
extrapolation method for extracting REP from hyperspectral
data that aims to mitigate the discontinuity in the relationship
between the REP and the nitrogen content caused by the exis-
tence of a double-peak feature on the derivative spectrum.
Compared to the existing N sensitive bands and vegetation
indices, the index combines information on visible band, is easy
to access and provide information of a portable monitor for
nitrogen spectra testing.

Spectral data obtained in this paper was only from
Fengxiang Country. In future studies, we should expand sam-
pling areas and set different yield and nitrogen levels to explore
the potential of using hyperspectral remote sensing estimation
of total nitrogen content in apple leaves in order to provide
theoretic evidence for the management of orchard.

5 CONCLUSIONS

The precision agriculture depends on timely and rational ni-
trogen application by real-time monitoring of crop growth pa-
rameters and plant N status. The leaf nitrogen concentration can
well indicate N nutrition status in plant, so a number of studies
have been made to estimate the LNC with multi-spectral re-
flectance. As compared to the multiple spectral reflectance used
in previous studies, the hyperspectral reflectance adopted in the
present study is generally more sensitive to specific plant vari-
ables because of acquiring abundant information in narrow and
continuous spectral bands. The quantitative relationships of the
leaf N indices to the hyperspectral parameters of canopy reflec-
tance in apple trees were comprehensively analyzed using field
experiment data involving different N rates and cultivars in this
paper. The results showed that the hyperspectral reflectance
was lower at higher N rates in the visible wavebands, whereas
the reflectance tended to increase with increasing N rate in the
NIR wavebands. The reflectance in the visible wavebands de-
creased with growth stages and increase in the NIR region. The
highest correlation coefficient ( = —0. 817) between the leaf
total nitrogen concentration and the spectral reflectance was
found at about 715nm whereas the highest correlation coeffi-
cients between the total nitrogen concentration and the first
derivative spectral reflectance of 0.87 at 723nm reaching ex-
tremely significant levels. The exponential models were better
than the linear models but for the first derivative spectral re-
flectance both models were good. For the idea model we chose
as the first derivative spectral reflectance of 723nm had highest
coefficients of determination, lowest RMSE and RE.
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