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ABSTRACT 14 

Background: The assessment of nitrogen status non-destructively in strawberry was 15 

performed to indicate its growth and provide guidance for precise management of N 16 

fertilizer using near-infrared reflectance (NIR) spectroscopy with leaf spectral 17 

reflectance. The Leaf soil plant analysis development (SPAD) value was thought as an 18 

indicator data that indirectly reflects nitrogen status in strawberry. However, the 19 

variation of cultivars would lead to differences in the cell structure and light scattering 20 

and/or reflection effects of strawberry leaves when assessed strawberry N status, 21 

which caused that no single leaf SPAD threshold value or same N demand can be 22 
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applied for all strawberry cultivars. As a result, accurate detection of SPAD values and 23 

N status in strawberries with multiple cultivars is still challenging.  24 

Results: In this study, Individual-cultivar model, hybrid-cultivar model and 25 

multi-cultivar model were developed for the determination of SPAD values, and the 26 

performance of the models in lessening the impact of cultivar variation were studied 27 

and compared. Individual-cultivar model was constructed on the basis of the single 28 

cultivar of strawberry leaf; hybrid-cultivar model was developed by merging the 29 

spectrum reflectance data and SPAD values of all studied leaf samples, and 30 

multi-cultivar model was built in combination with cultivar identification, 31 

individual-cultivar models, and model search strategy.  32 

Conclusion: The results indicated that multi-cultivar model was more superior to the 33 

other two models for SPAD values estimation of strawberry leaves from different 34 

cultivars, with the overall Rp and RMSEP value respectively being 0.966 and 0.468. 35 

We demonstrate that the leaf N content per strawberry is profoundly affected by 36 

cultivar variation, and establishing a multi-cultivar model might be more useful in 37 

monitoring nitrogen status and guiding N fertilization recommendations for different 38 

strawberry cultivars. 39 

Keywords: 40 

FT-NIR spectroscopy; Cultivar variation; Cultivar models; SPAD value; N fertilizer 41 

management 42 

Background 43 

Nitrogen (N) is one of the most important nutrients for strawberry growth, which can 44 



 3 / 35 

 

increase chlorophyll content concentration, improve the photosynthetic efficiency and 45 

delay the aging [1]. A proper nitrogen fertilizer management could promote the 46 

strawberry marketable yields and improve the quality. Therefore, it is crucial to 47 

real-time monitor the dynamic N requirement of strawberry with diverse cultivars to 48 

achieve optimal N fertilizer management. Conventional physicochemical assessing 49 

methods of nitrogen status, such as Kjeldahl nitrogen detection method, tissue and 50 

chemical analysis, remote sensing with aerial images have been successfully 51 

employed in cultivar-specific crop production management. However, although most 52 

of them exhibit high accuracy and great reliability, they have some certain limitations, 53 

namely, time-consuming, costly and susceptible to the background noises and low 54 

resolution [2]. The application of non-destructive methods, such as NIR spectroscopy 55 

and chlorophyll meter SPAD instruments, to real-time estimate the nitrogen status on 56 

strawberry, has promise for improving N fertilizer managements during the growth 57 

and cultivation of strawberries. 58 

There exists a very close relationship between nitrogen content and chlorophyll 59 

concentration in the leaf [3]. As the most important chelates for plants, chlorophyll is 60 

also an important indicator of plant nitrogen status and leaf senescence, is capable of 61 

responding to environmental stresses in real time [4]. SPAD value is the relative 62 

content of chlorophyll, which has a good correlation with the measured value of 63 

chlorophyll and nitrogen content. Therefore, SPAD value measurement offers an 64 

excellent strategy to reflect nitrogen status in plants and synchronize N supply with 65 

actual plants demand.  66 
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In recent years, owing to its strong advantage in the observation and application of 67 

regional ecological parameters in large areas of vegetation, NIR spectroscopy 68 

technology has been widely used in the quantitative analysis of plant biochemical 69 

parameters [5, 6]. In combination with multivariate calibration analysis such as 70 

principle component regression (PCR), Least squares support vector machine 71 

(LS-SVM), and stepwise multiple linear regression (SMLR), NIR spectroscopy 72 

technique has been successfully applied and developed for data mining and 73 

quantitative analysis in agricultural applications. Feng et al. developed a quantitative 74 

model for on-line monitoring of nitrogen status on wheat leaves using estimation 75 

indices and key NIR bands in wheat in 2008 [7]. Min et al. adopted NIR spectra 76 

coupled with SMLR method to detect the degree of nitrogen stress in Chinese 77 

cabbage leaves in 2006, the result showed the high determination coefficient (Rp) of 78 

0.846 [8]. Moreover, the NIR technique has also been successfully used in 79 

classification research to confirm the capacity of NIR performance in detecting fruits 80 

from diverse cultivars [9, 10] and ripening stages [11-13]. 81 

Strawberry is a complicated natural fruit with a number of cultivars. Numerous 82 

studies have found that the chlorophyll content per leaf and N demand varied widely 83 

among different strawberry cultivars [14-16]. This variability is presumed to be due to 84 

variability of cellular structural differences among the leaves that cause different light 85 

scattering and/or reflection effects. Hence, no single leaf SPAD threshold value or 86 

same N demand can be applied for all strawberry cultivars. Bavec et al. analyzed the 87 

difference between chlorophyll content in different cultivars of winter wheat, and 88 



 5 / 35 

 

further predicted grain yield accurately in 2001 [17]. Xiong et al. researched the 89 

multiple leaf characteristics of crop genotypes and cultivars on the SPAD-based leaf 90 

nitrogen assessment in 2015, and the results shown that nitrogen content is genetically 91 

determined and differences among cultivars are expected [18]. Therefore, due to the 92 

difference in nitrogen requirements of different strawberry cultivars, the impact of 93 

cultivar variations on the NIR spectra should be considered carefully when applied for 94 

chlorophyll content estimation and nitrogen management in precision agriculture.  95 

Nevertheless, the reports on decreasing the influence of cultivar variation on the 96 

assessment of leaf SPAD values and achieve optimal dynamic N fertilizer 97 

management of strawberries using FT-NIR reflectance spectroscopy are scarce. 98 

Hitherto, there are two main methods to determine the leaf SPAD values with multiple 99 

cultivars. One method was to construct the individual-cultivar model based on the 100 

single cultivar of strawberry leaf for achieving accurate SPAD values measurement of 101 

strawberry leaves with multiple cultivars [19, 20]. For the second method, the 102 

calibration model called hybrid-cultivar model was developed by merging the 103 

spectrum reflectance data and SPAD values of all studied samples [21, 22]. However, 104 

numerous researches have shown that the best performing model for any cultivar was 105 

ultimately the model calibrated on that cultivar, and the application of the calibrated 106 

model to other or different cultivars consistently would lead to the loss of 107 

performance to vary degrees [23, 24]. Therefore, application of the individual-cultivar 108 

models and hybrid-cultivar model may not be conducive for obtaining satisfactory 109 

prediction accuracy of leaves SPAD values in different strawberry cultivars. In this 110 
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study, in order to render the impact of cultivar variation a negligible interference for 111 

leaf SPAD values detection and nitrogen stress levels estimation on strawberry with 112 

multiple cultivars, a multi-cultivar prediction model was proposed and developed. The 113 

specific objectives are to: (1) analyze and compare characteristics and difference of 114 

leaf NIR spectrum reflectance and SPAD reference values following different 115 

strawberry cultivars; (2) compare and estimate the performance of individual-cultivar 116 

models and hybrid-cultivar model in SPAD values determination with multiple 117 

strawberry leaf cultivars; (3) recognize and identify cultivars of strawberry leaves 118 

samples using Random forests classifiers with extracted characteristic fingerprint 119 

spectrum as inputs; (4) establish the optimal multi-cultivar model combining cultivar 120 

recognition model, individual-cultivar models and model search strategy, and further 121 

analyze its performance in detecting SPAD values of strawberry leaves from different 122 

cultivars; and (5) asses the leaf chlorophyll and nitrogen content on strawberry 123 

according to the predicted leaf SPAD values; analyze the different dynamic N 124 

requirements in diverse cultivars of strawberries and improve N fertilizer 125 

managements in precision agriculture. 126 

Materials and methods 127 

Leaf samples collection  128 

The strawberries of three different cultivars, named Hongyan (Hy), Ningyu (Ny), 129 

Taoxun (Tx) were used in this study. They were picked up in the Agricultural expo 130 

garden of Jiangsu, China, grown in the same geographical and climatic conditions. 131 

Healthy mature leaves were randomly collected from the strawberry canopy. After 132 
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collection, the extracted sampled leaves were immediately processed to ensure that 133 

they retained water, and subsequently they were kept in dark and cool conditions to 134 

decrease the potential influence of light intensity on chloroplast movement [25]. A 135 

total of 300 samples of strawberry leaves free of visual drawbacks (including shrivel, 136 

decay, scars, cuts, etc.) from three cultivars (hundred samples * three cultivars) were 137 

obtained for measurement. According to the Kennard–Stone algorithm [26], 75 138 

samples of each cultivar were selected and used to establish the calibration models 139 

and the remaining 25 samples to construct the set of prediction.  140 

Spectral reflectance acquisition 141 

After the leaves were collected in the laboratory, leaf reflectance was measured using 142 

a USB2000 spectrometer with charge coupled device (CCD) detector (Oceanoptics 143 

Inc., USA), a NIR fiber-optic probe, a tungsten halogen lamp (12V, 25W) and a leaf 144 

clip over the 350-2000 nm. The detector covered the spectral wavelength range 145 

between 340 and 1030 cm-1, with a spectral resolution of 3.4 nm and a sampling 146 

interval of 1.4 nm. Before spectra reflectance acquisition, the instrument was 147 

calibrated with the 99% reference whiteboard [27, 28]. For each leaf sample 148 

measurement, the scan was repeated 32 times at the same position and the mean 149 

spectral reflectance value was recorded as the raw reflectance of the leaf for 150 

subsequent analysis. 151 

The reflectance spectrum of leaf sample is usually affected by uninformative 152 

biological variability, which can generate noises and baseline shifts within wavelength 153 

regions related to chlorophyll concentration. Therefore, spectrum reflectance data 154 
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pretreatment has become an important part for chemometric modeling and 155 

multivariate analysis. In our study, a series of pretreatment approaches including 156 

multiple scatter correction (MSC), standard normal variation (SNV), Savitzky–Golay 157 

smoothing and Norris gap were employed on the spectral data. After that, the 158 

spectrum reflectance data that pretreated by Savitzky–Golay smoothing [29] and MSC 159 

[30] algorithms were used for the subsequent multivariate calibration, because they 160 

have shown better performance in model prediction than other pretreatments. 161 

Measurement of leaf SPAD 162 

After spectral acquisition, a SPAD-502 chlorophyll meter (relative value of 0-100, 163 

Minolta, Osaka, Japan) was performed to measure the chlorophyll concentration of 164 

the strawberry leaves at the same position as the leaf spectrum measurements. The 165 

SPAD value of each leaf was uniformly measured for 5 times, and the mean value was 166 

taken as the final value of nitrogen status reference concentration of this leaf sample. 167 

Characteristic fingerprint spectrum exploration 168 

Infrared spectral fingerprint region contains a very complicated series of absorptions 169 

due to all manner of bending vibrations within the molecule [31]. When there is a 170 

slight difference in the molecular structure of a substance, it will cause a significant 171 

change in spectral absorption. The infrared absorption peak of material molecules is 172 

especially abundant in this region, which is as dense as human fingerprints and has 173 

significant features. This characteristic fingerprint can be used for the classification 174 

and identification of similar objects. However, it will be very difficult to directly use 175 

the original infrared spectra for object identification when the analysis system is 176 
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complex [32]. There are many wave points in the infrared spectrum of strawberry 177 

leaves, and the spatial dimension of the data set is too high, which contains a lot of 178 

redundant information. Therefore, dimensionality reduction and feature extraction 179 

should be carried out in the data space, so as to extract the characteristic fingerprint 180 

spectrum from the data space and magnify the spectral pattern differences between 181 

strawberry leaves with different cultivars, and thus realize cultivars classification and 182 

identification. In this study, the Random Frog algorithm was used for dimensionality 183 

reduction and characteristic fingerprint spectrum exploration. 184 

Random Frog is a useful method to extract relevant and effective data information 185 

from the full spectrum by eliminating the uninformative variables. It can be modeled 186 

with a small number of variable iterations and subsequently the selection probability 187 

(SP) of each variable are calculated and output. The execution of Random Frog is as 188 

follows: (1) Initialize a variable subset V0 which randomly contains Q variables; 189 

generate a random number from the standard deviation 𝜃𝑄 and normal distribution 190 

with mean value; round the number to its nearest integer, denoted by Q*; (2) generate 191 

a subset V* of candidate variable which includes Q* variables; accept V* as V1 with a 192 

certain probability and replace V0 with V1; loop through the above process until N 193 

iterations are completed; (3) compute the SP of each variable; selecte variables 194 

(wavelengths) with higher SP than the cutoff value as characteristic fingerprint 195 

spectrum, while variables with lower SP than the cutoff were considered to be 196 

uninformative and eliminated [33]. The detailed procedures of Random Frog 197 

algorithm for selecting variables were illustrated in these literatures [34-36]. 198 
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Random forest for strawberry leaves cultivar recognition  199 

As mentioned above, characteristic fingerprint spectrum could be applied to identify 200 

the spectral characteristics of the leaves of different cultivar of strawberry due to its 201 

immutability and uniqueness [37]. In this study, we select Random forests (RF) 202 

classifiers for cultivars recognition of strawberry leaves samples, having characteristic 203 

fingerprint spectrum as inputs.  204 

RF is an ensemble classifier which executes by constructing a multitude of decision 205 

trees during training and outputting the pattern of the classes (classification) of the 206 

individual trees [38]. Moreover, in order to use different bootstrap samples of the data 207 

to construct each tree, RF change the way classification trees are constructed. Unlike 208 

other methods based on boosting, RF method is a classifier added an additional layer 209 

of randomness to bagging, which is not sensitive to noise. For the standard trees, each 210 

node uses the best partition of all variables; while in the RF, each node is partitioned 211 

using the best in the prediction subset randomly selected for that node [39]. Compared 212 

to other single classifiers such as neural networks, support vector machine, and 213 

machines discriminant analysis, RF classifier turns out to shown more robust against 214 

overfitting and better classification performance. 215 

Chemometric models for SPAD values prediction (PLS) 216 

PLS regression analysis is an extensively used multivariate calibration method, which 217 

is widely employed in the NIR spectral analysis due to its tolerance to large numbers 218 

of variables and insensitivity to collinear variables [40]. The principle of PLS is to 219 

perform a bilinear model that projects original independent information onto a new 220 



 11 / 35 

 

latent space, where the maximum covariance between the variable matrix X 221 

(reflectance spectrum data) and the chemical attribute matrix Y (the SPAD values) is 222 

maximized [23]. The maximum information extracted from a large number of highly 223 

correlated collinear primitive variables could be compressed into less than 20 latent 224 

variables. Latent variables (LVs) can reduce random errors and noise in the original 225 

data, and consider the variability of the original variables as much as possible. In this 226 

study, PLS was applied to construct calibration models using the reflectance spectrum 227 

data and SPAD values for assessment of nitrogen status in strawberry leaves with 228 

different cultivars; 10-fold cross-validation was employed to avoid overfitting of 229 

calibration sets and estimate model prediction performance. The optimal number of 230 

LVs was determined by the lowest root mean square error of cross validation 231 

(RMSECV). 232 

Optimal wavelengths extraction  233 

To eliminate non-informative spectral data, facilitate results interpretation, and 234 

improve the calibration model performance for estimating SPAD values of strawberry 235 

leaves, optimal wavelengths selection is an inevitable and crucial procedure in 236 

multivariate analysis [37]. In this paper, successive projections algorithm (SPA) was 237 

applied to extract optimal wavelength for cultivar calibration models development 238 

with high predictive capacity.  239 

SPA is a feed forward variables selection strategy to solve collinearity problems for 240 

multivariate calibration, which can be applied to extract the optimal wavelengths with 241 

minimal redundancy in the full spectrum [41]. The principle of SPA is that it begins 242 
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with one variable (wavelength), and subsequently merges another one in each 243 

iteration until a specified number of variables are reached [42]. SPA comprises three 244 

phases: (1) selecting the maximum projection vector on the orthogonal subspace and 245 

wavelength variables with minimum redundancy and collinearity; (2) determining the 246 

optimal wavelengths on the basis of the smallest RMSEV in the validation set of 247 

calibration model; (3) removing uninformative variables by a backward elimination 248 

procedure without significant loss of prediction performance [43]. Subsequently, an 249 

optimal subset of wavelengths extracted by SPA was used as the inputs for cultivar 250 

calibration models establishment and the performance of the models based on optimal 251 

wavelengths were studied. 252 

Flowchart of our proposed algorithm 253 

In order to decrease the impact of cultivar variation for leaf SPAD value detection and 254 

N fertilizer managements, a multi-cultivar prediction model was proposed and 255 

established in this study (Fig. 1). 256 

Fig. 1. Flowchart for prediction of SPAD values of strawberry leaves with different 257 

cultivars using multi-cultivar model 258 

As shown in the above flowchart, the multi-cultivar model is essentially a 259 

combinatorial model with cultivar recognition model, and individual-cultivar models, 260 

and model search strategy. For the individual-cultivar models, they were established 261 

based on varying data (spectral data and SPAD value of strawberry leaf samples with 262 

Hongyan, Ningyu, and Taoxun). The multi-cultivar prediction model is executed as 263 

follows: (1) establish three dedicated individual-cultivar prediction models for 264 
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estimating the SPAD values of strawberry leaf samples with different cultivars of 265 

Hongyan, Ningyu and Taoxun respectively; (2) recognize and identify the cultivar of 266 

the unknown leaf samples using the cultivar recognition model; (3) select dedicated 267 

individual-cultivar model for SPAD values detection according to result of the cultivar 268 

recognition; (4) monitor nitrogen status and guide N fertilization recommendations on 269 

strawberry on the basis of leaf SPAD value. 270 

Model performance assessment  271 

The prediction performance for cultivar calibration models were assessed by the 272 

following indices: root-mean-square errors of the calibration (RMSEC) and prediction 273 

(RMSEP), and correlation coefficient of calibration (Rcal) and prediction (Rpre) [44]. 274 

The main evaluation indices for cultivar calibration models are the Rpre and RMSEP 275 

values. These indices are defined in the following equations: 276 
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where 𝑦𝑚𝑖  is the measured SPAD value in leaf sample number i; 𝑦𝑝𝑖  is the 281 

predicted SPAD value in leaf sample number i; 𝑦𝑚𝑒𝑎𝑛 is the average SPAD value in 282 

the prediction or calibration set; 𝑛𝑝𝑟𝑒 and 𝑛𝑐𝑎𝑙 are numbers of leaves samples in the 283 
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test and training set, separately. Generally, an ideal model should exhibit higher Rpre 284 

value and lower RMSEP value. 285 

Results and discussion 286 

Spectral behaviors of multi-cultivar samples 287 

The reflectance spectrum demonstrated in Fig. 1 appeared typical spectral 288 

characteristics of strawberry leaves with three different cultivars. The responses of the 289 

spectrum to chlorophyll and nitrogen content were similar in trend and different in 290 

corresponding reflectivity. This variation might be related to the difference in cellular 291 

structure and optical propagation properties of strawberry leaves with different 292 

cultivars. It could be observed that the wave peak appeared around the wavelength of 293 

820 nm and wave valley appeared around the wavelength of 650~700 nm in the 294 

spectral curve. The former was related with the strong reflection of chlorophyll, while 295 

the latter was ascribed to strong absorption of chlorophyll [45]. Moreover, the spectral 296 

reflectance increased rapidly at NIR region (700~750 nm), which verified the 297 

feasibility of using NIR location to predict chlorophyll concentration and N content in 298 

strawberry leaves. 299 

Fig. 2 Spectral behaviors of strawberry leaves with different cultivars 300 

Statistics for measurement of SPAD values 301 

The range, mean and standard deviation (S.D.) of SPAD value of leaf samples with 302 

different cultivars are depicted in Table 1. There were significant differences in leaf 303 

SPAD values among the three strawberry cultivars, indicating that the difference 304 

between cultivars could not be reduced or eliminated when individual-cultivar SPAD 305 
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value is applied for assessing chlorophyll concentration and nitrogen status in 306 

strawberry leaves with multiple cultivars. Therefore, the different threshold SPAD 307 

value has to be established for each cultivar in N fertilizer management. For the leaf 308 

samples with each cultivar, there is a relatively large SPAD value change scope, 309 

which is beneficial for developing a calibration model with good performance. 310 

Table 1 Statistics of SPAD values in strawberry leaf samples with three cultivars 311 

Characteristic fingerprint spectrum exploration 312 

In order to reduce spatial dimension of the data set and magnify the spectral pattern 313 

differences between strawberry leaves with different cultivars, characteristic 314 

fingerprint spectrum extraction was carried out in the data space using Random Frog 315 

algorithm. Fig. 3 (A) shows that the distribution and selection probability of each 316 

variable determined by the Random Frog algorithm. The effectiveness and specificity 317 

of each wavelength in cultivar recognition can be determined by evaluating the 318 

selection probability of wavelength. Only those wavelengths whose selection 319 

probability exceeds the cutoff threshold (0.15) were identified as characteristic 320 

fingerprint spectrum, while the others were eliminated. Ultimately, eight characteristic 321 

fingerprint spectral bonds (593.14, 561.54, 595.61, 560.83, 575.78, 562.26, 554.76, 322 

and 569.74 cm-1) that marked by red circles in Fig. 3 (A) were extracted and applied 323 

for development of cultivar classification model. 324 

Fig. 3. Spectral data optimization and analysis 325 

A. Characteristic fingerprint spectrum extraction; 326 

B. Distribution of optimal wavelengths selected by SPA on the full spectrum. 327 
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Results of cultivar recognition using Random forest 328 

The Random forest classifier was utilized to establish the classification model for 329 

strawberry leaves recognition with multiple cultivars (Hongyan, Ningyu and Taoxun) 330 

using the extracted characteristic fingerprint spectrum as inputs. In the model, the 331 

fingerprint spectral data were used as X variables and the Y variables were related to 332 

the class labels of strawberry cultivars. Three cultivars of leaf samples were labeled, 333 

where value 1, 2, and 3 were assigned as Hongyan, Ningyu and Taoxun and their 334 

corresponding individual-cultivar prediction models respectively. Furthermore, the 335 

generalization performance of random forest is affected by the number of the decision 336 

trees. In order to decrease the influence of randomness, the following processing is 337 

performed: 100 random forest models are established after the number of decision tree 338 

is determined, and the average of their accuracy is taken as the classification accuracy 339 

under the number of current decision tree. The results of classification accuracy by the 340 

Random Forest classifier using different number of decision tree were presented in 341 

Fig. 4 (A). As can be seen in Fig. 4 (A), it is ideal to select 300 trees in the random 342 

forest in this study by comprehensively considering the number of decision trees and 343 

the speed of modeling. The overall classification accuracy of the optimal Random 344 

forest model for cultivar recognition on all studied strawberry leaf samples was 98.89% 345 

(Fig. 4 (B)), which indicated that the corresponding individual-cultivar prediction 346 

model could be searched accurately based on the excellent result acquired by the 347 

cultivar recognition model through the model search strategy. Therefore, the cultivar 348 

recognition model was identified to be beneficial for subsequent multi-cultivar model 349 
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development and improvement due to its high accuracy and reliability, and thus 350 

improved N fertilizer managements for different cultivars of strawberries in precision 351 

agriculture. 352 

Fig. 4. Performance of cultivar recognition model developed by Random Forest. 353 

(A) The generalization performance of Random Forest 354 

(B) The result of cultivar recognition model 355 

Optimization of cultivar models 356 

To eliminate irrelevant spectral information and meet the real time application 357 

requirements, it is important to extract optimal wavelengths using SPA algorithm for 358 

optimizing SPAD values detection models, which may be more meaningful than that 359 

using full wavelength for estimating the nitrogen status in strawberry and improving 360 

N fertilizer managements in precision agriculture. The distribution and number of 361 

optimal wavelengths for individual-cultivar models, hybrid-cultivar model and 362 

multi-cultivar model were respectively shown in Fig. 3 (B) and Table 2. 363 

Comparison analysis of individual-cultivar models and hybrid-cultivar model in 364 

SPAD values prediction 365 

The performances of individual-cultivar models respectively developed according to 366 

the single cultivar of strawberry leaf including Hongyan, Ningyu and Taoxun in 367 

SPAD values prediction were illustrated in Table 2. In order to evaluate the influence 368 

of cultivar variation, individual-cultivar models were verified through different 369 

independent prediction sets and other cultivar datasets. It was found that 370 

individual-cultivar models demonstrated satisfactory prediction performance if the 371 
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predicted samples belonged to the same strawberry cultivar as the calibration samples. 372 

However, when applied to measure SPAD values of leaf samples from the other 373 

strawberry cultivars, the performance and universalities of dedicated 374 

individual-cultivar model decreased significantly due to difference in cellular structure 375 

and optical propagation properties between different cultivars of strawberry leaves. 376 

For instance, as shown in Fig. 5 (A), when the individual-cultivar model of Ningyu 377 

was utilized to predict the SPAD values of samples from other cultivars of Hongyan 378 

and Taoxun, the RMSEP and Rp values were merely 3.617, 2.529 and 0.147, 0.243, 379 

respectively. The poor overall performance was also shown in other two 380 

individual-cultivar models and incompleted hybrid-cultivar models (Fig. 5 (B)), 381 

which indicated that when determined SPAD values of leaf samples with multiple 382 

strawberry cultivars, the individual-cultivar prediction model was hypersensitive to 383 

the cultivars variation due to variability of cellular structural differences among the 384 

leaves that cause different light scattering and/or reflection effects. 385 

In an attempt to correct for the influence of variation of strawberry cultivars in SPAD 386 

value prediction, the hybrid-cultivar prediction model was established based on 387 

calibration set containing strawberry leaf samples with three diverse cultivars. The 388 

performance of the hybrid-cultivar model is indicated in Fig. 5 (C) and Table 2. 389 

Compared to the individual-cultivar models, although the result of the hybrid-cultivar 390 

model was a little worse than those from dedicated individual-cultivar models for 391 

prediction on the same cultivars of samples, the hybrid-cultivar model was considered 392 

more robust and reliable because it generated better results for all the samples of 393 
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diverse cultivars, with the overall Rp and RMSEP values of 0.901 and 0.687, 394 

respectively. The result denoted that hybrid-model decreased the impact of cultivar 395 

variation on the robustness and stability for SPAD values measurement and was not 396 

sensitive to the cultivar variation to some extent. However, the resistance of 397 

hybrid-model to cultivar variation would decrease as samples increase, and thus the 398 

prediction accuracy and reliability drop gradually. On the other hand, when future 399 

strawberry leaf samples with new cultivars are used in the calibration set, the previous 400 

hybrid-cultivar would not be applicable and require be rebuilding and updating. In 401 

conclusion, individual-cultivar models and hybrid-cultivar model were not reliable 402 

enough for leaf chlorophyll content and nitrogen status estimation on strawberry in N 403 

fertilizer managements. 404 

Table 2-Performance of different cultivar models in SPAD values prediction 405 

Analysis of multi-cultivar model on SPAD values prediction 406 

Considering the different defects of individual-cultivar model and hybrid-cultivar 407 

model, the multi-cultivar model that combined the result of cultivar recognition, 408 

individual-cultivar models, and model search strategy was proposed and developed. 409 

The performance of the multi-cultivar model for predicting SPAD values of 410 

strawberry leaves with three varying cultivar is also illustrated in Table 2 and Fig. 5 411 

(D). Compared to individual-cultivar models and hybrid-cultivar model, the 412 

multi-cultivar model shown better accuracy and performance, with the overall Rp and 413 

RMSEP values of 0.966 and 0.468 respectively. According to the principle of 414 

multi-cultivar model establishment, we could conclude that the prediction accuracy of 415 

multi-cultivar model would be infinitely close to the individual-cultivar model that 416 
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applied to the prediction of the leaf sample from same strawberry cultivar when the 417 

correct recognition rate of cultivar classification model approached 100%. Hence, the 418 

multi-cultivar model could render the cultivar variation to negligible part in SPAD 419 

values detection. Furthermore, it could be updated and expanded easily when new 420 

strawberry cultivars required to be considered, and we just need to establish a new 421 

individual-cultivar model of new future samples for the SPAD values prediction. 422 

Therefore, the multi-cultivar model was perfectly suited for estimating chlorophyll 423 

content and nitrogen status in leaf, and thus beneficial to real-time monitored the 424 

different N requirement of strawberry with diverse cultivars and improved N fertilizer 425 

managements effectively. 426 

Fig. 5. Performance of diverse cultivar models for SPAD values prediction. 427 

Conclusions 428 

The influence of cultivar variation on the FT-NIR spectral analysis of SPAD values 429 

and N status in strawberry leaves was investigated. A total of 300 strawberry leaves 430 

samples from three different cultivars (hundred samples * three cultivars) were used 431 

for NIR analysis at 340–1030 cm-1, and chemometrics of PLS was employed for 432 

regression analysis. In order to decrease the effect of cultivar variability, 433 

individual-cultivar, hybrid-cultivar and multi-cultivar models were respectively 434 

constructed with optimal wavelengths as inputs and predictive capacity of models 435 

were investigated and compared detailedly. The results of comparison analysis 436 

indicated that the multi-cultivar model generated better precision and robustness in 437 

predicting leaf SPAD values of strawberry from diverse cultivars, with the overall Rp 438 
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and RMSEP value respectively being 0.966 and 0.468, which reflected multi-cultivar 439 

model was insensitive to cultivar variation and could render it to negligible part in 440 

SPAD values detection. It could be concluded that the multi-cultivar model is a 441 

promising method to analyze the difference of the dynamic N requirement in different 442 

cultivars of strawberries, real-time monitor the strawberry growth status and then 443 

guide the N fertilization managements. Future studies will focus on further optimizing 444 

the performance of the multi-cultivar prediction model, and broadening its application 445 

to the detection of various chemical properties in other fruit and plants. 446 
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 628 

Figure captions: 629 

Figure. 1. Flowchart for prediction of SPAD values of strawberry leaves with different 630 

cultivars using multi-cultivar model. 631 

Figure. 2. Spectral behaviors of strawberry leaves with different cultivars 632 

Figure. 3. Spectral data optimization and analysis 633 

        A. Characteristic fingerprint spectrum extraction;  634 

B. Distribution of optimal wavelengths selected by SPA on the full 635 

spectrum. 636 

Figure. 4. Performance of cultivar recognition model developed by Random Forest.  637 

A. The generalization performance of Random Forest 638 

B. The result of cultivar recognition model 639 

Figure. 5. Performance of diverse cultivar models for SPAD values prediction. 640 
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Figure. 1. Flowchart for prediction of SPAD values of strawberry leaves with different 643 

cultivars using multi-cultivar model 644 
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Fig. 2 Spectral behaviors of strawberry leaves with different cultivars 647 
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Fig. 3. Spectral data optimization and analysis 653 

A. Characteristic fingerprint spectrum extraction; 654 

B. Distribution of optimal wavelengths selected by SPA on the full spectrum. 655 
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Fig. 4. Performance of cultivar recognition model developed by Random Forest. 660 

(A) The generalization performance of Random Forest 661 

(B) The result of cultivar recognition model 662 
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Fig.5. Performance of diverse cultivar models for SPAD values prediction. 666 
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Table 1-Statistics of SPAD values in strawberry leaf samples with three cultivars 668 

Cultivar Dataset Samples Range  Mean S.D. 

Hongyan Total samples 100 32.20–60.70 44.79 6.74 

 Calibration set 75 32.20–60.70 44.65 7.31 

 Prediction set 25 36.40–54.10 45.18 4.71 

Ningyu Total samples 100 34.90–58.20 44.11 4.75 

 Calibration set 75 34.90–58.20 44.64 5.02 

 Prediction set 25 37.50–51.70 42.54 3.47 

Taoxun Total samples 100 37.30–56.20 44.99 3.63 

 Calibration set 75 37.30–56.20 45.15 3.68 

 Prediction set 25 37.60–53.80 44.51 3.49 

 669 
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Table 2-Performance of different cultivar models in SPAD values prediction 671 

   Individual sets    

Cultivar Model EWs  Hongyan  Ningyu  Taoxun  Overall set 
   RMSEP Rp  RMSEP Rp  RMSEP Rp  RMSEP Rp 

Individual-cultivar model 20  0.551 0.979  1.473 0.511  1.378 0.617  1.642 0.519 

(Hongyan)              

Individual-cultivar model 22  3.617 0.147  0.536 0.949  2.529 0.243  3.051 0.448 

(Ningyu)              

Individual-cultivar model 14  2.087 0.213  1.851 0.227  0.317 0.971  1.604 0.348 

(Taoxun)              

Hybrid-cultivar model 32  0.586 0.933  0.776 0.864  0.686 0.801  0.687 0.901 

(Hy+Ny+Tx)              

Multi-cultivar model 20/22/14  0.551 0.979  0.536 0.949  0.317 0.971  0.468 0.966 
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