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Abstract — This study was carried out to identify nutrient elements (respectively, nitrogen, phosphorus, potassium) in lettuce leaves 
rapidly and non-destructively using hyperspectral imaging technology. Spectral information of the lettuce samples was collected 
based on the spectral processing of the RIO region. Savitzky-Golay smoothing(SG) coupled with wavelet transform(WT), 
respectively using db4, db6, sym5 as wavelet basis functions, were used to pre-treat lettuce leaves spectrum. Successive projections 
algorithm (SPA) was used to extract the most influential wavelengths. Finally, the identification model was built based on support 
vector machine (SVM). The results showed that the model based on lettuce leaf spectroscopy pretreated by SG+WT, using db4 as 
wavelet basis function were best, the prediction accuracy of SVM models of different nutrient elements (respectively, nitrogen, 
phosphorus, potassium) were 91.84%, 93.75%, 95.83%, which were better than those of other models. Besides, the choice of 
appropriate wavelet base function will affect the accuracy of classification model. Furthermore, the results also showed that 
SG+WT+SPA+SVM is an effective method based on hyperspectral imaging technique to identify of nutrient elements(respectively, 
nitrogen, phosphorus, potassium) in lettuce leaves. 
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I. INTRODUCTION 

Nitrogen, phosphorus and potassium are the most 
important three kinds of nutrient elements in the 
physiological processes of crops. With the development of 
agricultural modernization and the rise of precision 
agriculture, traditional agricultural production in the 
extensive fertilization methods have been unable to meet the 
needs of facilities for the production of crops. Besides, how 
to reasonable use of nitrogen, phosphorus and potassium to 
achieve the high yield and good quality of cultivated crop 
has been the key to cultivation. Thus, the identification of 
nutrient elements (respectively, nitrogen, phosphorus, 
potassium) situation in crop in time is the premise of 
applying for the suitable nutrient elements fertilizer [1]. 

Hyperspectral imaging is a rapid, non-destructive and 
reagent-less analytical technique employed widely used in 
the detection of the nutrient elements of agricultural products 
[2-3]. Hyperspectral imaging technique provides spatial 
information, as regular imaging systems, along with spectral 
information for each point in the image as spectroscopy. 
Then, the hyperspectral images are a three-dimensional 
matrix with two spatial dimensions and one spectral 
coordinate. In order to utilize spectral information for 
analyzing the physical and chemical properties of the 
biological products, the whole surface of the individual items 
must be evaluated to achieve a full assessment. The 

hyperspectral imaging technique meets these requirements 
and it has found many applications for the detection of 
nutrient elements in the physiological processes of crops. Liu 
H.Y et al used hyper-spectral imaging technique to realize 
the rapid diagnosis of tomato N-P-K nutrition level[4]. Shi 
J.Y et al used near infra-red hyperspectral imaging technique 
to detect the nitrogen deficiency by cucumber leaf 
chlorophyll distribution map [5]. Sun J et.al used 
hyperspectral imaging technique coupled with multiple 
regression analysis to detect nitrogen content in lettuce 
leaves [6]. Liu Y.L et al used hyperspectral imaging 
technique to predict the nitrogen and phosphorus contents in 
citrus leaves [7]. Mao H.P et al used a new spectro 
goniophotometer to identify the nitrogen and potassium 
content in greenhouse tomato leaves [8]. Furthermore, there 
were few articles focus on the identification of nutrient 
elements (respectively, nitrogen, phosphorus, potassium) in 
lettuce leaves based on hyperspectral imaging technique 
reported. In this paper, hyperspectral imaging technique 
coupled with modeling classification analysis was used to 
identify the nutrient elements (respectively, nitrogen, 
phosphorus, potassium) in lettuce leaves. 

II. MATERIALS AND METHODS  

A. Lettuce Leaf Samples Preparation  

All investigated lettuces (Italy annual bolting seeds Co. 
Ltd., Suqian, China) were cultivated under non-soil 
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condition (perlite rock) in greenhouse at Laboratory Venlo of 
Modern Agricultural Equipment in Jiangsu University 
(Zhenjiang, Jiangsu Province, China). After seeds were sown 
and bud, one plant was left per pot. The nutrient solution was 
configure in accord with Japan Yamazaki nutrient solution 
formula configuration. In order to cultivate lettuce samples 
in different  main nutrient elements (respectively, nitrogen, 
phosphorus, potassium) levels, from transplanting, the 
samples were irrigated using the nutrient solution of different 
nutrient elements (respectively, nitrogen, phosphorus, 
potassium) concentration between 25 and 150% (namely 25, 
50, 100, 150%) of the nutrient elements (respectively, 
nitrogen, phosphorus, potassium) concentration in standard 
nutrients solution severally, simultaneously other nutrient 
element in the normal content. 

At the rosette stage, one spotless lettuce leaf, in the same 
leaf position with full leaf mesophyll, was picked randomly 
from each plant. There were 60 pieces of leaves from a 
group, so a total of 240 samples were acquired from the 240 
plants during the detection of each nutrient element 
(respectively, nitrogen, phosphorus, potassium) in this 
experiment. After being picked off, the lettuce leaf samples 
were immediately sealed in plastic bags and carried to 
laboratory for image collection. 

B. Hyperspectral imaging system 

It consists of an imaging spectrograph with spectral 
resolution of 2.8 nm (Imspctor V10, Spectral Imaging Ltd., 
Finland), a CCD video camera with image resolution of 
672*782 and wavelength range from 350-1050 nm, a mobile 
platform used for moving lettuce leaf samples, a computer 
supported with Spectral-cube data acquisition software 
(Spectral Imaging Ltd, Finland) to control image acquisition, 
an illumination unit consisting of two 150W fiber optical 
halogen lamps (2900 version, Illumination Technologies, 
USA). The hyperspectral imaging system can record a whole 
line of an image rather than a single pixel at a time. 

C. Measurement of each nutrient element (respectively, 
nitrogen, phosphorus, potassium) 

When the hyperspectral images of lettuce leaf samples 
were captured, the samples were sent to laboratory quickly to 
be weighted, steamed, drought, for chemical analysis. The 
total nutrient element content (respectively, nitrogen, 
phosphorus, potassium) of lettuce left samples were 
determined by methods (respectively, Kjeldahl method, 
Vanadium molybdenum yellow colorimetric method, Flame 
photometry).  

D. Spectral Pretreatment 

1) Savitzky-Golay smoothing 
Savitzky-Golay (S-G) smoothing is one of the smoothing 

algorithms which can smoothen out the signal without much 
destroying its original properties. Due to its exceptional 
features, it was commonly used so far in spectrum signal 
processing. 
2) Wavelet transform 

The wavelet transform is used for the signal decom-
position, localized simultaneously in time and frequency by 
inducing a change of basis for the signal in question. In 
recent years, wavelet transform has been paid more and more 
attention in spectral processing, and was widely used in the 
elimination of spectral noise. In addition, it is very important 
to choose the wavelet basis function during the wavelet 
analysis. Then, three kinds of wavelet basis function were 
used in this paper, including db4, db6, sym5. In order to 
carry out the wavelet decomposition, the threshold 
quantization and wavelet reconstruction. Finally, the optimal 
decomposition level is obtained according to the minimum 
value of RMSECV. 

E. Extraction of Spectra Features 

Successive Projection Algorithm (SPA) is a forward 
circulation feature variable selection way. The selected 
wavelengths are sorted according to the statistical 
parameters, including the root mean square error estimated 
(RMSE). So SPA was used to extract the most influential 
wavelengths for excluding the redundant information in this 
paper. 

F. SVM Classification Algorithm 

When the hyperspectral images of lettuce leaf samples 
were captured, the samples were sent to laboratory quickly to 
be weighted, steamed, drought, for chemical analysis. The 
total nutrient element content (respectively, nitrogen, 
phosphorus, potassium) of lettuce left samples were 
determined by methods (respectively, Kjeldahl method, 
Vanadium molybdenum yellow colorimetric method, Flame 
photometry).  

Support Vector Machine (SVM) is a new tool for 
resolving machine learning methods based on optimization. 
Its main idea is as follows. Sample set is assumed as matrix 
(xi,yi), i=1,2,...,n, where n is the number of training samples, 
xi is the most influential wavelengths of 

samples,
dRx and yi is the category label of samples 

(yi(+1,-1)). If the training set is non-linear, the training set 
data need to be mapped into a high dimensional linear 
feature space based on non-linear function. And an optimal 
separating hyper plane is constructed in the feature space, 
shown as formula (1). 

])([asiy bxfgn                        (1) 

Where, )(xf is a nonlinear function, a is a normal 
vector of hyper plane. In addition, a and b together 
determine the location of optimal separating surface. 

SVM classification algorithm is used to set up models to 
identify lettuce nutrient element content (respectively, 
nitrogen, phosphorus, potassium), with polynomial as kernel 
function, the penalty factor c and kernel parameters which 
has significant impact on model take default values. 
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III. MATERIALS AND METHODS 

A. Lettuce Leaf Samples Preparation  

The spectral data directly affects the performance of 
model. The Environment for visualizing images software 
(ENVI) was used to select one regions of interest (ROI) with 
60*60 in which every pixel corresponds to the spectral re-
flectance of 390-1050nm wavelength value, avoid the vein of 
lettuce leaves. Then, the average spectrum of all pixels in 
ROI was calculated as the spectral reflectance value of each 
lettuce left sample to avoid the influence of random noise. 

 

 
(a) Spectrum of lettuce leaves under four concentration levels of nitrogen 

 

 
(b) Spectrum of lettuce leaves under four concentration levels of phosphorus  

 

 
(c) Spectrum of lettuce leaves under four concentration levels of potassium 

Figure 1. Spectrum of lettuce leaves under different concentrations of 
nutrient elements 

The spectra of the 240 lettuce leaf samples of each 
nutrient element (respectively, nitrogen, phosphorus, 
potassium) (390-1050nm) were shown in Fig.(1) and the 
average spec-trum of four concentrations of each nutrient 
element (re-spectively, nitrogen, phosphorus, potassium) of 
lettuce leaves were shown in Fig.(2). From Fig.(2), it can be 
seen that, there were obvious differences among the average 

spectra of four different concentrations of each nutrient 
element (re-spectively, nitrogen, phosphorus, potassium) of 
lettuce leaves. In addition, the differences among the spectral 
data were greater at the peak of the spectral curve. Therefore, 
the four different concentrations of each nutrient element (re-
spectively, nitrogen, phosphorus, potassium) of lettuce 
leaves can be classified according to hyperspectral data. 

 

 
(a) Average spectra of four concentration levels of nitrogen of lettuce leaves 

 

 
(b) Average spectra of four concentration levels of phosphorus of lettuce 

leaves 
 

 
(c) Average spectra of four concentration levels of potassium of lettuce 

leaves 

Figure 2. Average spectra of lettuce leaves under different concentrations 
of nutrient elements 

Note: n1(p1, k1), n2(p2, k2), n3(p3, k3), n4(p4, k4), respectively, 
represent 25, 50, 100, 150% concentration the nitrogen elements 
(phosphorus, potassium) concentration in standard nutrients solution 
severally, simultaneously other nutrient element in the normal content. 

B. Spectral Pretreatment 

External interference, instrument noise and random error 
can severely reduce the accuracy of the model in the 
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acquisition of spectral information. In order to eliminate 
spectral noise and improve Signal to Noise Ratio(SNR), Sa-
vitzky-Golay smoothing(SG) coupled with wavelet trans-
form(WT) was used to deal with spectral data. Furthermore, 
three kinds of wavelet basis function were used in spectral 
pretreatment, including db4, db6, sym5. 

C. Extraction of Characteristic Wavelengths 

Successive projections algorithm (SPA), which can find 
the redundant information from the spectral information to 
the set of variables, so that the total linear between the 
variables to achieve minimum. At the same time, it can 

greatly reduce the number of variables used in the modeling, 
improve the speed and efficiency of the model. Therefore, 
this paper adopted SPA algorithm for feature extraction of 
spectral data. The optimal variables selected progressively in 
the pro-cess of SPA were based on the root mean square 
error (RMSE) and their relevance index. Besides, the RMSE 
was correspondingly minimized when the beat variables 
were selected. With the increase of variable numbers over 
the best variables, the decline of RMSE was relatively less, 
so the proper number of variables selected in this research 
shown as Table 1. 

Table I Characteristic wavelengths extracted by Successive Projections Algorithm 

Spectral data of 
different nutrient 

SG+WT Wavelet basis 
function No. RMSE Characteristic wavelengths/nm 

 
Nitrogen 

db4 6 0.6496 477.34, 552.43, 605.53, 702.72, 819.67, 1039.29
db6 7 0.6210 491.04, 581.45, 650.11, 684.71, 705.30, 789.59, 815.74

sym5 6 0.6895 469.88, 656.5, 702.72, 732.42, 813.12, 1035.24

 
Phosphorus 

db4 6 0.6720 521.03, 587.78, 685.99, 705.30, 760.94, 901.40
db6 7 0.7069 473.61, 488.55, 506.02, 646.28, 705.30, 771.34, 855.15

sym5 7 0.7271 468.64, 499.77, 524.79, 642.45, 706.58, 809.19,901.40

 
Potassium 

db4 7 0.7784 404.37, 435.18, 486.05, 496.03, 508.52, 581.45, 707.87
db6 5 0.8029 390.86, 502.27, 586.51, 682.14, 697.57

sym5 6 0.8389 422.84, 436.42, 482.32, 513.52, 589.04, 704.01
Note: NO.: The number of characteristic wavelengths. 

Table II  SG+WT+SPA+SVM classification results of samples 

Spectral data of different 
nutrient 

SG+WT 
Wavelet basis function 

The feature wavelength 
number extracted by SPA. 

The accuracy of SVM models(%) 

Training set Prediction set

 
Nitrogen 

db4 6 96.88 91.84 

db6 7 97.40 89.80 

sym5 6 93.23 81.63 

 
Phosphorus 

db4 6 95.83 93.75 

db6 7 91.15 87.50 

sym5 7 93.23 87.76 

 
Potassium 

db4 7 96.35 95.83 

db6 5 93.75 89.58 

sym5 6 91.67 83.33 

 

D. SVM Classifier based on characteristic wavelengths 

In this experiment of collecting sample, a total of 240 
samples of lettuce leaves were collected for each nutrient 
element (respectively, nitrogen, phosphorus, potassium). 
Among them, each type of sample was 60 and there were 
four different concentrations of each nutrient element, 
respectively, 25, 50, 100, 150% concentration the nutrient 
element concentration in standard nutrients solution 
severally, simultaneously other nutrient element in the 
normal con-tent. In each category of nutrient elements, 192 

samples were used as the training set and the remaining 48 
samples were used as the prediction set. 

Original spectra were pretreated using Savitzky-Golay 
smoothing (SG) coupled with wavelet transform(WT), 
respectively adapting db4, db6, sym5 as wavelet basis 
functions. Besides, features were extracted using SPA. Then, 
SVM was used to set up models for each nutrient element 
(respectively, nitrogen, phosphorus, potassium). The results 
of SVM models were shown in Table 2. 

From Table 2 it can be seen that SG coupled with WT 
using different wavelet basis functions have different SVM 
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classification accuracy. Comprehensive consideration from 
the training and predict results, SG+WT+SPA+SVM is 
superior to that of other models, which is strongest by using 
db4 as wavelet basis function. 

IV. CONCLUSION 

In this study, the lettuce leaf samples were irrigated using 
the nutrient solution of different nutrient elements 
(respectively, nitrogen, phosphorus, potassium). Then, each 
nutrient element contains 4 concentration gradients, 
respectively, 25, 50, 100, 150% concentration the nutrient 
element concentration in standard nutrients solution 
severally, simultaneously other nutrient element in the 
normal content. Be-sides, spectral information of the lettuce 
samples was collected by spectral processing of the RIO 
region. Savitzky-Golay smoothing(SG) coupled with wavelet 
transform(WT), respectively adapting db4, db6, sym5 as 
wavelet basis functions, were used to pre-treat lettuce leaves 
spectrum, removing noise and making spectral curves 
smoother. In addition, successive projections algorithm 
(SPA) was used to extract the most influential wavelengths. 
Support vector machine (SVM) classification models were 
established based on pre-processed spectra feature in 
characteristic wavelengths. The results showed that using 
db4 as wavelet basis function is superior to the ones of other 
models in the classification of four concentration of nutrient 
elements (respectively, nitro-gen, phosphorus, potassium). It 
is illustrated further that, the choice of appropriate wavelet 
base function will affect the accuracy of classification model. 
Furthermore, the results also showed that 
SG+WT+SPA+SVM is an effective method based on 
hyperspectral imaging technique to identify of nutrient 
elements(respectively, nitrogen, phosphorus, potassium) in 
lettuce leaves. 
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