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Abstract 

Peach tree (Prunus persica L. Batsch) is a fruit species of great economic importance world-

wide. Thousands of chemical leaf analyses are performed on a yearly basis to support 

decision-making about fertilizer application. However, traditional methods to determine 

nutrient content in plant tissue require a mix of strong acids, besides being time-consum-

ing and generating polluting waste. Visible (Vis) and near-infrared (NIR) spectroscopy 

combined with multivariate techniques emerges as a potential solution to overcome limi-

tations of traditional chemical analyses. The aim of the present study is to combine Vis-

NIR spectral data and multivariate techniques to test strategies for the development of 

models to estimate nutrient content in peach leaves. The study estimated N, P, K, Ca, Mg, 

S, B, Cu, Fe, Mn, and Zn content in the leaves of peach trees grown in two locations, 

namely: Pelotas and Pinto Bandeira, in Southern Brazil. Therefore, local and regional scale 

prediction models were developed by combining preprocessed Vis-NIR spectral data to 

both Savitzky–Golay first-derivative (SGD1d) and partial least squares regression (PLSR) 

multivariate technique. Most of the proposed prediction models showed average accu-

racy (R2 ≥ 0.50 and <0.75, RPIQ ≥ 1.9 and <3.0). The local-1 ‘PB’ model showed higher 

nutrient prediction accuracy than the regional ‘PB + Pelotas’ model and the local-2 ‘Pelo-

tas’ model. Estimates on nutrient content in peach tree leaves subjected to local, local-1 

‘PB’ and local-2 ‘Pelotas’ models fed with data collected in the same site showed better 

performance than calculations based on data from other sites and/or regions. Finally, the 

current study allowed making updates in the refinement of more sustainable techniques 

to set nutrient content. 
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1. Introduction 

Peach tree (Prunus persica L. Batsch) is a fruit species native to China, which is the 

country accounting for the largest global production of this crop with more than 17 million 

tons of peaches in 2023 [1]. Peach cultivation covers 2.447,827 hectares worldwide, and it 

resulted in a total production of 44,594,372 tons in the same year [1]. According to IBGE 

data, this crop covered 15,627 hectares in Brazil in 2023, with a total production of 200,710 

tons of peaches and gross production close to R$646 million. Rio Grande do Sul State is its 

main producer, with 130,823 tons, and it is followed by Santa Catarina (17,978 t) and São 

Paulo (29,467 t) states. 

Although peaches are the third most important temperate fruit species in Brazil, since 

it is only behind grapes and apples, the national average productivity of this crop remains 

low (12,844 kg ha−1) [2,3] compared to other traditionally producing countries such as Italy 

(18,000 kg ha−1), China (19,400 kg ha−1), United States (20,650 kg ha−1), and Chile (21,600  

kg ha−1) [3]. This production limitation can be partly related to proper plant nutrition be-

cause tropical and subtropical soils do not always provide nutrients in adequate amounts 

to meet this crop’s requirements [4], a fact that implies increasingly improving production 

systems with emphasis on quality and yield. 

Currently, decision-making on fertilization recommendations for fruit species exclu-

sively relies on reports about soil and plant tissue (leaves) nutrient content analysis. Ac-

cordingly, thousands of chemical analyses are performed on a yearly basis for diagnostic 

and fertilizer recommendation purposes. However, methods traditionally adopted to set 

nutrient content in leaves require wet chemistry analysis based on methodologies that use 

a mix of strong acids (sulfuric acid H2SO2, nitric acid HNO3 and perchloric acid HClO4); 

however, these methodologies are time-consuming, laborious tasks that generate pollut-

ing waste—if it is not properly treated [5–7]. 

Thus, proposing more sustainable tissue analysis techniques to enable fast, nonde-

structive and low-cost measurements to assess nutrient content in leaves is a challenge, 

mainly when it comes to reducing chemical waste generation. Visible (Vis) and near-in-

frared (NIR) spectroscopy techniques have merged, and they are based on proximal sens-

ing supported by the use of hyperspectral sensors. Recent studies show that Vis-NIR spec-

troscopy in combination with multivariate technique methods has the potential to quickly 

and accurately quantify nutrient content in plant tissue (leaves) of both fruit trees and 

other plant species [5–13]. This technique is based on previously calibrated models and is 

adopted to predict the content of nutrients such as nitrogen (N), phosphorus (P), potas-

sium (K), calcium (Ca), magnesium (Mg), as well as some micronutrients in leaves by only 

finding one spectrum per sample. Thus, the Vis-NIR + multivariate technique combination 

is pointed out as a likely solution to overcome limitations of traditional chemical analyses 

conducted to determine nutrients in leaves. 

The global use of Vis-NIR spectroscopy to estimate tissue nutrients remains incipient, 

mainly in fruit species like peach trees. Lack of leaf spectra databases, also known as leaf 

spectral libraries, is one of the reasons justifying this limitation. Furthermore, this tech-

nique remains limited to predict accuracy, and it highlights the need for further studies 

and research aimed at developing strategies to calibrate prediction models in order to 

make their estimates closer to those derived from traditional tissue analysis methods (wet 

chemistry). Recent studies have pointed out that the estimates’ low/medium accuracy is 

related to the scale/scope of regional and local spectral libraries, to the machine learning 

type adopted to calibrate the prediction models and to intrinsic nutrient features (e.g., 

standard deviation) of the analyzed tissues. Thus, sample heterogeneity can lead to bias 

in tissue nutrient content estimates in studies based on Vis-NIR spectroscopy [10–15], and 

it highlights the need for research aimed at regionalized strategies to solve and/or mini-

mize this problem. Calibrating specific local models, for example, can be a strategy for 
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specific locations or cultivars. This strategy is based on the hypothesis that local models 

present higher nutrient estimate accuracy than regional models. 

Thus, this study aimed to develop and evaluate prediction models for nutrient con-

tents in peach leaves from Southern Brazil using Vis-NIR spectroscopy and multivariate 

techniques based on local and regional spectral libraries, as well as to discuss the intrinsic 

factors of the dataset that influence the performance of the models and their applicability. 

2. Materials and Methods 

2.1. Study Sites 

Nutrient content estimates for peach tree leaves were performed based on a database 

(DB) of leaf samples collected from orchards distributed in two municipalities in Rio 

Grande do Sul State, namely, Pinto Bandeira (PB) (n = 146—Northeastern RS State) and 

Pelotas (n = 390—Southeastern RS State), and it totaled 536 observations from three culti-

vars, altogether [‘PS 10711’ crown (n = 146), ‘Maciel’ crown (n = 210) and ‘Granada’ crown 

(n = 180)]. Results derived from leaf samples of fruiting branches collected in two different 

harvest seasons (November and December 2022/2023 and 2023/2024) in Pinto Bandeira 

and in three different harvests (2017/2018, 2018/2019, 2019/2020) in Pelotas. 

Pinto Bandeira DB regards samples collected from full-production plants from com-

mercial peach farms’ orchards intended for fresh consumption. Pelotas DB mostly re-

sulted from samples collected from sites where peach trees are grown for industrial use. 

2.2. Soil Features in the Study Sites 

Pinto Bandeira municipality is dominated by four main soil classes: Haplic Chernosol 

and Litholic Neosol, which are often found in the lower elevations, and Grayish Argisol 

and Haplic Cambisol, which occur in the upper elevations. All of them belong to the ba-

saltic/rhyodacite origin class [16]. Soil classes most often found in the Pelotas region are 

classified as Argisols and Planossolos; the red–yellow Argisol class is the most representa-

tive in sites where fruit trees, such as peaches, are grown [17]. Soil physicochemical fea-

tures in the study sites are described in Table S1. 

2.3. Leaf Sampling 

Plants were randomly sampled in each orchard. Ill or blemished plants and leaves were 

avoided. One hundred complete leaves (blade + petiole) were collected from the mid-section 

of the branches produced over the year on different plant sides. Leaves were collected from 

peach trees in November and December (from 13 to 15 weeks after full blooming) [18,19]. 

2.4. Chemical Analysis of Leaf Nutrients 

Total nitrogen (N), phosphorus (P), potassium (K), calcium (Ca), magnesium (Mg), sulfur 

(S) (except for the Pelotas database), boron (B), copper (Cu), iron (Ferro), manganese (Mn) and 

zinc (Zn) contents in the leaf samples were analyzed through standard procedures, according 

to methodologies proposed by Tedesco [20], Embrapa [21] and Embrapa [22]. 

A tissue subsample was subjected to sulfuric digestion (H2SO4 + H2O2) [20] in a di-

gestion block (Tecnal, Micro 42, Piracicaba, Brazil). Subsequently, the digestion extract 

was distilled in a micro-Kjeldahl steam distiller (TE-0363, Tecnal, Piracicaba, Brazil) and 

titrated in 0.025 mol L−1 sulfuric acid for total N determination. 

Another tissue part was subjected to nitroperchloric digestion (HNO3 + HClO4) to deter-

mine total P, K, Ca, Mg, S, Cu, Zn, Fe, and Mn contents [22]. After digestion, total P was quan-

tified by colorimetric analysis using the molybdenum blue method, with absorbance meas-

ured at 882 nm in a UV–visible spectrophotometer (SF325NM, Bel Engineering, Monza, Italy), 

according to the Murphy & Riley methodology [23]. Total K content was determined in a 
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flame photometer (DM62, Digimed, São Paulo, Brazil). The concentrations of Ca, Mg, Cu, Zn, 

Fe, and Mn were determined by atomic absorption spectrophotometry (AAnalyst 200, Perki-

nElmer, Singapore) using element-specific hollow cathode lamps and calibration curves pre-

pared from analytical-grade standard solutions [20]. Total S was determined in the BaCl2-gel-

atin method, based on the formation of barium sulfate (BaSO4) precipitate, with absorbance 

measured at 420 nm in a UV–visible spectrophotometer at 420 nm (SF325NM, Bel Engineering, 

Monza, Italy), according to the Tedesco methodology [20]. The DB of samples belonging to 

cultivar ‘Maciel’ did not provide S values. Another tissue subsample was taken to the muffle, 

and the resulting ash was solubilized for subsequent analysis. Boron content was determined 

by colorimetric spectrophotometry using the azomethine-H method, with absorbance meas-

ured at 435 nm in a UV–visible spectrophotometer (SF325NM, Bel Engineering, Monza, Italy), 

according to the methodology described by [21]. 

2.5. Collecting Vis-NIR Spectroscopy and Spectral Preprocessing Data 

The collected leaves were washed in distilled water and dried in an oven under 

forced air circulation at 65 °C until reaching constant dry mass, in a laboratory environ-

ment. The dried leaves were ground in a Willey mill until their particles were smaller than 

2 mm; they were reserved for spectroscopic and chemical analyses. 

Leaf samples’ spectral reflectance reading was performed in a FildSpec 4 spectrora-

diometer (Analytical Spectral Devices, Boulder, USA). Peach leaf samples’ spectral reflec-

tance reading was carried out with the same samples used for nutrient determination 

based on chemical methods by using approximately 10 cm3 of leaves (dry and ground 

tissue) per sample, arranged in a Petri dish. Each reading represents the spectral response 

of a composite leaf sample collected in the field, composed of 100 fully developed leaves 

(blade + petiole), following the sampling procedure described in Section 2.3. 

Leaf nutrient content data collected through the wet chemistry method and leaf tis-

sue spectral reflectance (raw data—RAW; Figure S1) were organized into a peach leaf 

spectral library—LSL, which comprised 536 samples (Figure S2). The SGD1d prepro-

cessing [24] was applied to raw (RAW) leaf reflectance spectral data at the 350–2500 nm 

range (Figure 1) to remove physical variability due to light scattering, as well as to em-

phasize features of interest across the spectrum. The first derivative used a first-order pol-

ynomial with a 9 mm moving window (Figure 1). This technique is widely used to remove 

baseline shifts and to highlight spectral features of interest [25]. It has shown better leaf 

nutrient prediction results [12]. All spectra preprocessing was performed in the prospectr 

package - version 0.2.8 [26] of the R software [27]. 

 

Figure 1. Spectral curves of leaf samples from peach cultivars grown in Pinto Bandeira and Pelotas 

regions without pre-processing (RAW) (a,b), pre-processed in Savitzky–Golay 1st derivative 

(SGD1d) (c,d). 
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The combination of spectral and nutritional data resulted in three peach leaf spectral 

libraries (LSL), hereinafter referred to as LSL local-1 (data of Pinto Bandeira; n = 146), LSL 

local-2 (data of Pelotas; n = 390) and regional LSL (data of Pinto Bandeira + Pelotas; n = 539). 

2.6. Statistical Analysis 

Descriptive statistics were performed to generate histograms aimed at featuring var-

iations in nutrient content in peach leaves. Predicted spectral values quantitative analysis 

was conducted through principal component analysis (PCA) in order to identify how the 

information from the original variables (nutrient content in leaf and spectral data) is con-

tained in the CPs, and similarity/dissimilarity in ‘Pinto Bandeira’ and ‘Pelotas’ databases. 

2.7. Calibration and Assessment of Leaf Nutrient Content Prediction Models 

Two calibration strategies were implemented and compared. The first one concerned 

calibrating a model called ‘regional model’ (Model 1) based on regional LSL (data of Pinto 

Bandeira + Pelotas), which comprised 536 samples (Figure S2). 

The second approach regarded calibrating local models from regional LSL subdivi-

sion into local sub-libraries, namely: local-1 model (Model 2: data from Pinto Bandeira, n = 

146) and local-2 model (Model 3: data from Pelotas, n = 390) (Figure S2). 

The prediction models were calibrated through the multivariate statistical method of 

partial least squares regression (PLSR). This model was chosen because the literature often 

points out that the highest prediction accuracy is achieved through this method when it 

is calibrated based on Vis-NIR spectroscopy data [13,28]. This method is used to calibrate 

predictive models when the number of predictor variables is too large and collinear. 

Therefore, it stands out among multivariate calibration methods substantiated by spectral 

data; it is the most widely used for the quantitative analysis of plant tissue reflectance 

spectra [13,28,29]. PLSR is a parametric technique based on linear correlations between 

predictor variable projections and the response variable on a set of latent variables and 

corresponding scores used to minimize data dimensionality (principal components). The 

input vector (X) for the PLSR models consisted of preprocessed leaf reflectance values at 

all selected wavelengths, which were mean-centered and scaled prior to model calibration. 

Nutrient concentrations obtained from foliar chemical analyses were used as response 

variables (Y). Latent variables were extracted by maximizing the covariance between X 

and Y, enabling dimensionality reduction while retaining the most relevant spectral in-

formation for nutrient prediction [29]. The model’s calibration process was conducted in 

the ‘caret’ package [30] of the R software [26]. 

Model calibration was performed by using preprocessed spectral data through the 

Savitzky–Golay first derivative (SGD1d) technique. Prediction models for leaf macro- and 

micronutrient contents were calibrated, resulting in a total of 31 distinct models: 11 mod-

els for the LSL local-1 ‘PB’ dataset, covering 11 elements (N, P, K, Ca, Mg, S, B, Cu, Fe, Mn, 

and Zn), and 20 models for the LSL local-2 ‘Pel’ and LSL regional, covering 10 elements 

(N, P, K, Ca, Mg, B, Cu, Fe, Mn, and Zn), totaling 31 models (Figure S2). Each LSL (regional, 

local-1, local-2) was randomly partitioned into two subsets through the Kennard–Stone 

(KS) method [31] to calibrate the three models—calibration with 70% of the samples and 

validation with the remaining 30% of them. The Levene test at significance level α = 0.05 

was run to assess variance homogeneity between calibration and validation subsets. 
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Cross-validation was used to adjust the models’ “ncomp” parameter (number of 

principal components used by PLSR) by adopting a random division into 10 groups (10-

fold) [32]. In this step, the models were calibrated using 100 independent replicates, al-

lowing a consistent assessment of the variance explained in Y in relation to the variance 

explained in X. This procedure ensured model parsimony, robustness, and generalizabil-

ity, particularly in datasets with a limited number of observations and high dimensional-

ity and multicollinearity among predictor variables. Moreover, it helped to prevent over-

fitting associated with the excessive inclusion of latent variables, which may lead to good 

calibration performance but poor predictive ability when applied to independent data. In 

addition to this, after calibration, each model was validated based on the validation sam-

ples (30% data from each LSL) to assess the models’ ability to predict leaf nutrient content 

in external samples after the calibration stage was over (Figure S2). 

The following statistics were used to assess the model’s performance and accuracy: 

coefficient of determination (R2) (Equation (1)), root mean square prediction error (RMSE) 

(Equation (2)), mean absolute error (MAE) (Equation (3)) and ratio of performance to in-

terquartile distance (RPIQ) (Equation (4)) (Figure S2) [14,33]. 

𝑅2 =
∑ (ŷ𝑖 − ȳ𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − ȳ𝑖)
2𝑛

𝑖=1

 (1) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(ŷ𝑖 − 𝑦𝑖)

2

𝑛

𝑖=1

 (2) 

𝑀𝐴𝐸 =
1

𝑛
∑(ŷ𝑖 − 𝑦𝑖)

𝑁

𝑖=1

 (3) 

𝑅𝑃𝐼𝑄 =
(𝑄3 − 𝑄1)

𝑅𝑀𝑆𝐸
 (4) 

wherein ŷ = predicted value; ȳ  = mean observed value; y = observed values; n = number 

of samples with i = 1, 2,…, n; Q1 = 25% of the samples; Q3 = 75% of the samples; and 

interquartile distance = Q3 − Q1 represent the interval accounting for 50% of the popula-

tion around the median. 

These statistical parameters were applied to assess the quality of prediction models 

at the calibration and validation stages. These parameters are very important to highlight 

the proposed model’s ability to predict the content of a given nutrient by taking the con-

tent determined through the traditional method (wet chemistry, for example) as a refer-

ence. Parameter R2 measures the quality of fit, which represents the explained variability 

level accounted for by the model. An R2 close to 0 is indicative of an association between 

predicted spectral values and measured laboratory values, whereas an R2 close to 1 points 

towards a close association between predicted and measured values [33]. RPIQ considers 

the prediction error in comparison to variations in the measured values [33]. RMSE as-

sesses differences between predicted and measured values, and quantifies accuracy by 

comparing the prediction errors of different models [33]. MAE is the sum of absolute error 

values divided by the number of observations, and it represents the mean differences be-

tween the model’s predicted and measured data. In other words, MAE quantifies how 

close the predicted values are to the measured reference values by giving less weight to 

errors in comparison to RMSE [33]. 
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Overall, a robust model should have high R2 and RPIQ, and low RMSE and MAE 

[14,33]. R2 is the most popular modeling performance statistic to allow comparing results 

across studies [33]; this is why it is one of the most widely used parameters. The model 

quality classification suggested by Johnson [34] was adopted for interpretation purposes, 

wherein R2 ≥ 0.75 highlights models with a high prediction level; R2 ≥ 0.50 and < 0.75 point 

out models with a medium prediction level; and R2 < 0.50 are the non-recommended mod-

els. The classification proposed by Chang [35] and Veum [36] was used to interpret the 

quality of models by using parameters, according to which models in category A present 

a high reliability level RPIQ ≥ 3.0. Subsequently, one finds models in category B, with 

mean reliability RPIQ ≥ 1.9 and < 3.0, and models in category C, with low reliability RPIQ 

≥ 1.5 and < 1.9. All multivariate statistical analyses were performed in R software [26]. 

The nutritional values determined by the reference method (wet chemistry) and 

those estimated by the Vis–NIR models were classified according to nutrient sufficiency 

range (SR) values established for peach cultivation in Southern Brazil (Table S2) [37], in 

order to assess the applicability of the nutrient estimates derived from the developed pre-

diction models. The accuracy percentage of the samples with nutrient values estimated 

through Vis-NIR was calculated in comparison to the classification of values derived from 

the reference method (wet chemistry) based on the interpretation of nutrient values in 

each class. The values were classified into three classes, namely: below SR; adequate, 

within the SR limit; and above SR. This classification allowed us to find the accuracy per-

centage of the estimates for each model: local-1 ‘PB’, local-2 ‘Pelotas’, and regional ‘PB + 

Pelotas’. Models achieving more than 80% accuracy were considered suitable for result 

interpretation purposes, aiming at the nutritional diagnosis of the peach crop. 

3. Results 

3.1. Descriptive Analysis of the Database 

According to the descriptive statistics, there are different amplitudes in the content 

of the assessed macronutrients based on the three adopted databases (DB), namely: PB, 

Pelotas and PB + Pel (Figure 2). N and K contents in peach leaves showed a wide range of 

values. The greatest variability and standard deviation (SD) values were observed in the 

‘Pelotas’ database (DB), with N ranging from 14.74 to 40.84 g kg−1 (SD = 5.00 g kg−1) and K 

from 8.02 to 32.66 g kg−1 (SD = 3.34 g kg−1). In contrast, the lowest variability was recorded 

in the ‘PB’ DB, with N ranging from 22.62 to 35.54 g kg−1 (SD = 2.83 g kg−1) and K from 

14.61 to 30.81 g kg−1 (SD = 3.42 g kg−1 (Figure 2a,c). 
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Figure 2. Frequency histograms plotted for data on the contents of macronutrients N (a), P (b), K (c), 

Ca (d), Mg (e) and S (f) in peach cultivars grown in ‘Pinto Bandeira’ and ‘Pelotas’, Southern Brazil. 

PB = Pinto Bandira; Pel = Pelotas; n = number of samples in the sample set; Min = minimum; Max = 

maximum; SD = standard deviation. 
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P and Mg contents in peach leaves showed a smaller range in comparison to other 

macronutrients, except for S, which accounted for the smallest range in comparison to 

other macronutrients (0.06 to 2.29 g kg−1, SD 0.37 g kg−1) (Figure 2b,e,f). The widest P and 

Mg content ranges were observed for BD ‘Pelotas’ (1.55 to 4.30 g kg−1, SD 0.41 g kg−1; and 

2.56 to 11.62 g kg−1, SD 1.80 g kg−1, respectively), and the smallest range was recorded for 

BD ‘PB’ (1.48 to 2.58 g kg−1, SD 0.23 g kg−1; and 3.62 to 7.70 g kg−1, SD 0.88 g kg−1, respec-

tively) (Figure 2b,e). 

Ca content in peach leaves showed a wide range of values in BD ‘PB’ and ‘Pelotas’; 

the widest range was observed for BD ‘PB’ (17.64 to 43.69 g kg−1, SD 5.23 g kg−1) and small-

est rage was recorded for BD ‘Pelotas’ (8.62 to 33.60 g kg−1, SD 3.98 g kg−1) (Figure 2d). 

The micronutrients also presented different content amplitudes in the three assessed 

BD: PB, Pelotas and PB + Pel (Figure 3). B and Cu contents presented the smallest ampli-

tude in comparison to the other micronutrients (Fe, Mn, Zn) (Figure 3a–e). 

 

Figure 3. Frequency histograms plotted for data on the content of micronutrients B (a), Cu (b), Fe 

(c), Mn (d) and Zn (e) in peach cultivars grown in Pinto Bandeira and Pelotas, Southern Brazil. PB = 

https://doi.org/10.3390/horticulturae12030296


Horticulturae 2026, 12, 296 10 of 28 
 

https://doi.org/10.3390/horticulturae12030296 

Pinto Bandeira; Pel = Pelotas; n = number of samples in the sample set; Min = minimum; Max = 

maximum; SD = standard deviation. 

The widest B content range was observed in BD ‘Pelotas’ (13.92 to 64.75 mg kg−1, SD 

7.95 mg kg−1) and the smallest range was recorded for BD ‘PB’ (15.60 to 36.92 mg kg−1, SD 

5.47 mg kg−1) (Figure 3a). The widest Cu content range was observed in BD ‘PB’ (0.84 to 

27.84 mg kg−1, SD 4.55 mg kg−1) and the smallest range was recorded for BD ‘Pelotas’ (2.20 

to 12.48 mg kg−1, SD 1.65 mg kg−1) (Figure 3b). 

The content of nutrients Fe and Zn showed a wide range of values in BD ‘PB’ and 

‘Pelotas’; and the widest range was recorded for BD ‘PB’ (13.32 to 171.16 mg kg−1, SD 19.45 

mg kg−1 and 14.64 to 161.44 mg kg−1, SD 34.50 mg kg−1, respectively); the smallest range 

was observed for BD ‘Pelotas’ (24.00 to 134.70 mg kg−1, SD 18.42 mg kg−1 and 6.60 to 85.70 

mg kg−1, SD 9.96 mg kg−1, respectively) (Figure 3c,e). 

Mn content presented the widest amplitude in comparison to the other micronutri-

ents (B, Cu, Fe and Zn) (Figure 3a–e). The widest Mn content amplitude was observed in 

BD ‘PB’ (45.44 to 607.52 mg kg−1, SD 132.82 mg kg−1) and the smallest one was recorded 

for BD ‘Pelotas’ (21.98 to 406.30 mg kg−1, SD 94.69 mg kg−1) (Figure 3d). 

3.2. Principal Component Analysis (PCA) 

Based on the principal component analysis (PCA), only the first two components 

were taken into consideration; together, they explained 82.9% original data variance (Fig-

ure S2). Principal component 1 (PC1) explained 64.6% variability, and this finding was 

mainly influenced by Mn, Fe, Zn, and B contents in the leaves collected in the study sites—

it showed the greatest contributions from Mn, Fe, and Zn (Figure S2). Principal compo-

nent 2 (PC2) explained 18.3% data variability, and it was mainly influenced by Zn, Fe, Mn, 

Ca, and B contents in leaf tissue from plants collected in the study sites—it shows the 

greatest contribution from Zn and Fe (Figure S2). 

The projected sample scores on principal components PC1 and PC2 indicated that 

the cultivation site is associated with the main latent gradients of variation in the dataset, 

as these components, defined as orthogonal linear combinations of the original variables, 

account for the largest proportion of the total variance, resulting in the separation of sam-

ples into two distinct groups in the multivariate space. (Figure S2). The group to the right 

of CP1 was formed by observations from cultivation location 2 (Pelotas), and the group to 

the left of the CP1 axis comprised observations from cultivation location 1 (Pinto 

Bandeira). 

3.3. Performance and Importance of Bands in the Calibration of Prediction Models 

The highest accuracies (R2 ≥ 0.75), i.e., models, according to which, nutrient contents 

estimated for peach leaves were closest to the contents found through the reference 

method (wet chemical analysis) resulted from the following “nutrient + model” combina-

tions: P ‘PB’, K ‘PB’, Ca ‘PB’ and ‘PB + Pel’, Mg ‘PB’ and ‘Pel’, B ‘PB’ and ‘PB + Pel’, Cu 

‘PB’, Mn ‘Pel’, Zn ‘Pel’ and ‘PB + Pel’ (Table 1). Models showing average accuracies (R2 ≥ 

0.50 and < 0.75) were N ‘PB’ and ‘Pel’ and ‘PB + Pel’, P ‘Pel’ and ‘PB + Pel’, K ‘PB + Pel’, 

Mg ‘PB + Pel’, S ‘PB’, B ‘Pel’, Cu ‘Pel’, Fe ‘PB’, Mn ‘PB’ and ‘PB + Pel’ and Zn ‘PB’ (Table 

1). The other models, K ‘Pel’, Ca ‘Pel’, Cu ‘PB + Pel’ and Fe ‘Pel’ and ‘PB + Pel’, recorded 

low accuracies (R2 < 0.50); therefore, they are not recommended models (Table 1). 

The metric parameter (RPIQ) used to rank the models based on their ability to esti-

mate nutrient contents in peach leaves allowed observing that results were similar to those 

recorded in R2. The models set for nutrients P ‘PB’, K ‘PB’, Ca ‘PB’, Mg ‘PB’, B ‘PB’ and 

Mn ‘Pel’ were included in category A (RPIQ ≥ 3.0). Category B (1.9 ≥ RPIQ < 3.0) included 

models N ‘PB’ and ‘Pel’ and ‘PB + Pel’, P ‘PB + Pel’, Ca ‘PB + Pel’, Mg ‘Pel’ and ‘PB + Pel’, 
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S ‘PB’, B ‘Pel’ and ‘PB + Pel’, Cu ‘Pel’, Mn ‘PB’ and ‘PB + Pel’ and Zn ‘PB’ and ‘Pel’ and ‘PB 

+ Pel’, whereas category C (≥1.5 RPIQ < 1.9) comprised models P ‘Pel’, K ‘Pel’, ‘PB + Pel’, 

Ca ‘Pel’, Fe ‘Pel’ and ‘PB + Pel’ (Table 1). The ability to estimate these nutrient contents 

was even lower than the lowest limit of category C (RPIQ < 1.5) in models Cu ‘PB’ and ‘PB 

+ Pel’ and Fe ‘PB’ (Table 1). 

Table 1. Accuracy statistics of models calibrated at local scale, ‘Pinto Bandeira—PB’ and ‘Pelotas—

Pel’ and regional ‘PB + Pel’ for macronutrients N, P, Ca, Mg and S, and micronutrients B, Cu, Fe, 

Mn and Zn. 

Nutrient Models Nc ncomp. R2c RMSEc MAEc RPIQc 

N PB * 102 4 0.70 1.68 1.55 2.87 

N Pel * 273 10 0.63 3.08 2.42 2.28 

N PB + Pel 376 14 0.66 2.78 2.21 2.35 

P PB 102 10 0.82 0.09 0.07 3.07 

P Pel 273 12 0.52 0.28 0.22 1.81 

P PB + Pel 376 12 0.70 0.31 0.24 2.30 

K PB 102 28 0.97 0.55 0.33 8.08 

K Pel 273 4 0.39 2.75 2.13 1.65 

K PB + Pel 376 16 0.57 2.40 1.89 1.78 

Ca PB 102 19 0.98 0.71 0.53 8.30 

Ca Pel 273 5 0.46 2.83 2.19 1.89 

Ca PB + Pel 376 16 0.83 2.27 1.79 2.90 

Mg PB 102 17 0.96 0.17 0.10 7.86 

Mg Pel 273 12 0.76 0.83 0.67 2.96 

Mg PB + Pel 376 14 0.71 0.88 0.67 2.59 

S PB 102 5 0.70 0.23 0.18 2.09 

B PB 102 11 0.97 1.05 0.84 10.19 

B Pel 273 13 0.74 4.04 3.10 2.95 

B PB + Pel 376 16 0.80 3.85 2.86 2.94 

Cu PB 102 14 0.86 1.82 1.00 1.32 

Cu Pel 273 12 0.64 0.99 0.77 2.21 

Cu PB + Pel 376 3 0.14 2.22 1.41 1.00 

Fe PB 102 4 0.73 9.84 8.85 1.48 

Fe Pel 273 13 0.48 13.48 9.76 1.78 

Fe PB + Pel 376 9 0.42 15.20 10.93 1.57 

Mn PB 102 15 0.61 45.17 41.74 2.66 

Mn Pel 273 17 0.87 34.85 26.80 4.05 

Mn PB + Pel 376 11 0.67 62.32 45.43 2.72 

Zn PB 102 4 0.70 16.65 14.54 2.20 

Zn Pel 273 2 0.77 5.56 5.01 1.95 

Zn PB + Pel 376 3 0.90 6.89 7.54 2.87 

* PB = Pinto Bandeira; * Pel = Pelotas. Nc = number of samples in the calibration step; ncomp = 

number of principal components used by the PLSR method; R2c = coefficient of determination in the 

calibration step; RMSEc = root mean square prediction error in the calibration step; MAEc = mean 

absolute error in the calibration step and RPIQc = ratio of performance to interquartile in the cali-

bration step. 

The highest calibration prediction accuracy for nutrient content in peach leaf samples 

from two producing municipalities was recorded for P, in the ‘PB’ model (RMSE = 0.09 g 

kg−1, MAE = 0.07 g kg−1) in comparison to models set for the other nutrients, if one takes 

into account parameters RMSE and MAE. The lowest calibration prediction accuracy for 
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nutrient content was recorded for Mn in the ‘PB + Pel’ model (RMSE = 62.32 mg kg−1, MAE 

= 45.43 mg kg−1) (Table 1). 

The spectral regions with relative importance greater than 75% for nutrient predic-

tion are presented in Table 2. Overall, all nutrients exhibited their highest importance in 

the visible region (430–460, 550, and 660–680 nm), the red-edge region (705, 720, and 740 

nm), the near-infrared (NIR; 750–1300 nm), and the shortwave infrared (SWIR; 1300–2500 

nm). Models calibrated for N, P, Ca, Mg, B, and Cu at local-1 ‘PB’ showed consistently 

higher importance across all these spectral regions, with a larger number of influential 

bands compared with the other modeling scenarios. 

Table 2. Vis–NIR spectral bands showing relative importance above 75% in the prediction of each 

nutrient under different model scenarios. 

Nutrient Models Vis-NIR Spectral Bands with Relative Importance > 75% 

N 

PB + Pel 433, 458, 460, 670, 678, 710, 711, 735, 2425, 2126, 2132, 2180, 2234, 2235, 2273, 2274, 2375, 2378 

PB * 
425, 430, 461, 550, 693, 694, 695, 696, 697, 705, 710, 711, 718, 740, 1550, 1875, 1876, 1877, 1874, 1878, 2250, 

2280, 2300 

Pel * 480, 680, 682, 684, 685, 683, 686, 687, 1875, 1876, 1877, 878, 2250 2426, 2434, 2471 

P 

PB + Pel 435, 690, 700, 710, 736, 740, 850, 852 2115, 2245, 2474, 2473, 2475, 2472 2476, 2471 

PB 430, 450, 475, 688, 735, 738, 740, 742, 800, 2100, 2226, 2467, 2467, 2468, 2469, 2470, 2470, 2493, 2495 

Pel 408, 432, 460, 563, 661, 695, 700, 810, 2111, 2225, 2289, 2310, 2426, 2467, 2473, 2480, 2474 

K 

PB + Pel 435, 660, 665, 705, 706, 707, 708, 709, 710, 711, 712, 713, 714, 720, 735, 740, 800, 900, 980, 1250, 1300, 2180, 2250  

PB 
420, 660, 682, 684, 685, 686, 707, 708, 709, 710, 712, 717, 720, 882, 915, 1005, 1025, 1080, 1100, 1255, 2175, 2195, 

2296 

Pel 438, 712, 713, 714, 740, 741, 739, 686, 682, 850, 1110, 1194, 2171, 2295 

Ca 

PB + Pel 425, 699, 700, 741, 739, 788, 800, 802, 810, 820, 880, 1085, 1100, 1935, 1947, 1964, 1674, 2028, 2029, 2274  

PB 
698, 700, 707, 710, 800, 425, 826, 827, 910, 912, 1100, 1111, 1990, 1946, 1965, 1989, 1999, 2030, 2031, 2175, 2272, 

2480 

Pel 430, 431, 480, 684, 685, 687, 697, 699, 705, 706, 711, 714, 718, 810, 912, 1008, 1100, 2174, 2175, 2272, 2274  

Mg 

PB + Pel 
405, 464, 478, 470, 663, 664, 700, 705, 709, 710, 715, 716, 800, 910, 1005, 1110, 2021, 2022, 2193, 2194, 2292, 

2350, 2285 

PB 
405, 420, 450, 460, 475, 662, 664, 667, 668, 670, 671, 669, 672, 700, 702, 703, 710, 711, 715, 716, 721, 2438, 2398, 

1884, 1886, 2019, 2020, 2238, 2398 

Pel 400, 405, 662, 682, 685, 687, 688, 704, 705, 714, 705, 713, 719, 722, 1885, 1888, 1890, 2019, 2020, 2185, 2194, 2220  

S PB 
405, 685, 687, 705, 714, 718, 720, 735, 740, 741, 1439, 1450, 1511, 1550, 1556, 1560, 1880, 1935, 1940, 2058, 2182, 

2266, 2281 

B 

PB + Pel 
424, 538, 539, 541, 544, 545, 641, 642, 644, 646, 648, 692, 694, 696, 698, 699, 1335, 1450, 1565, 1940, 2100, 2287, 

2289, 2290, 2291, 2292, 2294, 2287, 2300 

PB 
407, 693, 696, 697, 718, 717, 719, 720, 1455, 1550, 1551, 1878, 1874, 1876, 1880, 1882, 1885, 1887, 1891, 1893, 

1895, 1897, 1898, 1900, 1925, 1940, 2000, 2100, 2225, 2300 

Pel 
421, 422, 645, 664, 690, 692, 693, 694, 696, 716, 717, 721, 1335, 1400, 1450, 1550, 1883, 1874, 1884, 1998, 2100, 

2317, 2318, 2319, 2316, 2330, 

Cu 

PB + Pel 
710, 714, 715, 800, 850, 968, 969, 967, 1460, 1520, 1560, 1910, 1940, 1801, 1878, 1900, 1940, 2225, 2298, 2451, 

2470 

PB 
400, 643, 644, 686, 687, 691, 692, 693, 694, 691, 703, 707, 710, 714, 716, 719, 968, 969, 970, 800, 889, 1435, 1460, 

1510, 1520, 1525, 1800, 1801, 2414, 2449, 2450, 2495, 2414, 2487 

Pel 
707, 710, 714, 716, 719, 968, 969, 967, 970, 800, 889, 1435, 1460, 1510, 1520, 1525, 1560, 1910, 1940, 1801, 1877, 

1878, 1900, 1940, 2110, 2222 

Fe 

PB + Pel 
635, 650, 705, 720, 725, 740, 750 751, 753, 754, 756, 758, 1351, 1352, 1355, 1363, 1389, 1435, 1875, 1877, 1878, 

1879, 2247, 2258, 2332 

PB 
540, 635, 640, 650, 705, 720, 725, 740, 750 751, 753, 754, 756, 758, 1351, 1352, 1355, 1363, 1389, 1435, 1875, 1876, 

1877, 1878, 1879, 2247, 2258, 2332, 2444,2450 

Pel 
410, 354, 366, 361, 673, 674, 672, 675, 671, 676, 670, 677, 669, 1897, 1899, 1894, 668, 678, 1893, 1901, 2246, 1892, 

2247, 2248 

Mn PB + Pel 
422, 635, 644, 645, 687, 686, 689, 646, 748, 756, 685, 689, 646, 731, 747, 749, 750, 752, 753, 754, 755, 1892, 2247, 

2248, 1903, 2245, 2249, 2244, 667, 2250 
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PB 
425, 644, 635, 704, 720, 721, 738, 752, 357, 645, 753, 750, 1891, 1889, 1895, 1887, 1880, 1878, 1881, 1885, 1898, 

1876, 1899, 2245, 2249, 2250 

Pel 
430, 682, 678, 679, 680, 686, 689, 692, 693, 705, 706, 709, 710, 712, 715, 717, 720, 721, 740, 1887, 1880, 1878, 

1881, 1885, 2245, 2249, 2246, 2255 

Zn 

PB + Pel 
685, 686, 705, 720, 740, 744, 747, 748, 1392, 1399, 1400, 1403, 1404, 1405, 1450, 1510, 1560, 1875, 1898, 1940, 

2100, 2300 

PB 423, 480, 656, 679, 678, 680, 681 685, 660, 677, 682, 694, 695, 1405, 1450, 1510, 1560, 1667, 1870, 1940, 2285  

Pel 410, 683, 686, 687, 690, 692, 693, 1375, 1400, 1405, 1450, 1510, 1560, 1885, 1889, 1891, 1892,1875, 1940, 2228  

* PB = Pinto Bandeira; * Pel = Pelotas. 

3.4. Validation of Prediction Models 

The highest accuracies take into account parameter R2 (R2 ≥ 0.75) in model validations; 

in other words, the estimated content closest to those found through the reference method 

(wet chemistry) resulted from the following “macronutrients + model” combinations: P 

‘PB’, Ca ‘PB’ and ‘PB + Pelotas’, Mg ‘PB’ (Figures 4b and 5a,b). Models with medium ac-

curacies (R2 ≥ 0.50 and < 0.75) were N ‘PB’, P ‘PB + Pelotas’, K ‘PB’, Mg ‘Pelotas’ and ‘PB + 

Pelotas’, S ‘PB’ (Figures 4a–c and 5b,c). With respect to the other models, the ability of N 

‘Pelotas’ and ‘PB + Pelotas’, P ‘Pelotas’, K ‘Pelotas’ and ‘PB + Pelotas’, Ca ‘Pelotas’ to esti-

mate these nutrients’ content was low (R2 < 0.50); therefore, these models are not recom-

mended (Figures 4a–c and 5a). 

The use of other metric RPIQ parameters to assess the models’ ability to estimate 

macronutrient contents in peach leaves showed results similar to those observed for R2. 

Models set for macronutrients Ca (PB) and ‘PB + Pel’ and Mg (PB) were included in cate-

gory A (RPIQ ≥ 3.0) (Figures 4a, b). Category B (1.9 ≥ RPIQ < 3.0) included models N ‘Pe-

lotas’, P ‘PB’ and ‘PB + Pelotas’, K ‘PB’, Mg ‘Pelotas’ and ‘PB + Pelotas’ (Figures 4a–c and 

5b), whereas category C (≥1.5 RPIQ < 1.9) comprised models N ‘PB + Pelotas’, P ‘Pelotas’, 

K ‘PB + Pelotas’, Ca ‘Pelotas’ and S ‘PB’ (Figures 4a–c and 5a,c). The capacity of models N 

‘PB’ and K ‘Pelotas’ to estimate these nutrients’ contents was even lower than the lowest 

limit set for category C (RPIQ < 1.5) (Figure 4a,c). 

The highest validation prediction accuracy of macronutrient contents in peach leaf 

samples was observed for P in the ‘PB’ model (RMSE = 0.10 g kg−1, MAE = 0.14 g kg−1) in 

comparison to models set for the other macronutrients if one takes into consideration pa-

rameters RMSE and MAE (Figure 4b). The lowest accuracy recorded for validation pre-

dictions of macronutrient contents was observed for N in the ‘Pelotas’ model (RMSE = 

3.62 g kg−1, MAE = 2.85 g kg−1) (Figure 4a). 

The highest accuracies were recorded by taking into account parameter R2 (R2 ≥ 0.75), 

which means, estimated contents closest to those found through the reference method 

(wet chemical analysis) were the “micronutrients + model” combinations B ‘PB’ and ‘PB + 

Pelotas’, Cu ‘PB’ and Zn ‘PB + Pelotas’ (Figure 6a,b,e). Models accounting for medium 

accuracies (R2 ≥ 0.50 and < 0.75) were B ‘Pelotas’, Fe ‘PB’, Mn ‘PB’ and ‘Pelotas’ and ‘PB + 

Pelotas’, Zn ‘PB’ and ‘Pelotas’ (Figure 6a,c,d,e). In addition, the ability of Cu ‘Pelotas’ and 

‘PB + Pelotas’, Fe ‘Pelotas’ and ‘PB + Pelotas’ models to estimate these nutrients’ contents 

was low (R2 < 0.50); therefore, they are not recommended models (Figure 6b,c). 

It was observed that the results, when the metric parameter (RPIQ) was used to assess 

the models’ ability to estimate the content of micronutrients found in peach leaves, are 

different from those found through R2. Only the model set for micronutrient B ‘PB’ was 

included in category A (RPIQ ≥ 3.0) (Figure 6a). Category B (1.9 ≥ RPIQ < 3.0) included 

models B ‘PB + Pelotas’, Cu ‘Pelotas’, Mn ‘PB’ and ‘Pelotas’, Zn ‘PB’ and ‘PB + Pelotas’ 

(Figure 6a,b,d,e), whereas category C (≥1.5 RPIQ < 1.9) comprised models B ‘Pelotas’ and 

Fe ‘Pelotas’ (Figure 6a,c). The capacity of models Cu ‘PB’ and ‘PB + Pelotas’, Fe ‘PB’ and 

‘PB + Pelotas’, Zn ‘Pelotas’ to estimate these nutrients’ content was even lower than the 

lowest limit set for category C (RPIQ < 1.5) (Figure 6b,c,e). 
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Figure 4. Association between measured contents (wet chemistry method) and predicted contents 

through the three models: ‘PB’, ‘Pelotas’ and ‘PB + Pelotas’ set for macronutrients N (a), P (b) and K 

(c). PB = Pinto Bandeira; n = number of samples; R2 = coefficient of determination; RMSE = root mean 

square prediction error; MAE = mean absolute error and RPIQ = ratio of performance to interquartile. 
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Figure 5. Association between measured contents (wet chemistry method) and predicted contents 

through the three models ‘PB’, ‘Pelotas’ and ‘PB + Pelotas’ set for macronutrients Ca (a), Mg (b) and 

S (c). PB = Pinto Bandeira; n = number of samples; R2 = coefficient of determination; RMSE = root 

mean square prediction error; MAE = mean absolute error and RPIQ = ratio of performance to in-

terquartile. 

The highest accuracy in predicting micronutrient contents in peach leaf samples col-

lected from two producing municipalities was recorded for Cu in the ‘Pelotas’ model 

(RMSE = 1.30 mg kg−1, MAE = 1.04 mg kg−1) in comparison to models set for the other 

micronutrients, if one takes into account parameters RMSE and MAE (Figure 6b). The 
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lowest accuracy in predicting micronutrient contents was observed for Mn in the ‘PB + 

Pelotas’ model (RMSE = 76.92 mg kg−1, MAE = 58.26 g kg−1) (Figure 6d). 

 

Figure 6. Association between measured contents (wet chemistry method) and predicted contents 

found through the three models: ‘PB’, ‘Pelotas’ and ‘PB + Pelotas’ set for micronutrients B (a), Cu 
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(b), Fe (c), Mn (d) and Zn (e). PB = Pinto Bandeira; n = number of samples; R2 = coefficient of deter-

mination; RMSE = root mean square prediction error; MAE = mean absolute error and RPIQ = ratio 

of performance to interquartile. 

3.5. Prediction Models Application to Different Databases 

The three prediction models (regional, local-1, local-2) were applied to different da-

tabases in order to simulate their applicability across the data coverage scale at this stage. 

local-1 model ‘PB’ performed satisfactorily for macronutrients N, P, K, Ca, and Mg since 

it presented lower MAE values than the regional model (PB + Pel) (Figure 7a–e). 

On the other hand, model local-2 ‘Pelotas’ recorded higher MAE values than the re-

gional model ‘PB + Pel’ set for N, P, Ca and Mg (Figure 7a,b,d,e). Model local-2 ‘Pelotas’ 

only presented satisfactory performance for K since it recorded a lower MAE value than 

the regional model ‘PB + Pel’ (Figure 7c). Furthermore, there was a significant increase in 

MAE value whenever the model calibrated for local-1 ‘PB’ was applied to data from local-

2 ‘Pelotas’; the same was observed when the model calibrated for local-2 ‘Pelotas’ was 

applied to data from local-1 ‘PB’ (Figure 7a–e). MAE values set for macronutrients K and 

Ca were very close to those observed for data from ‘PB + Pel’ when the regional model 

‘PB + Pel’ was applied to data from local-1 ‘PB’ and local-2 ‘Pelotas’ (Figure 7c,d). 

Model local-1 ‘PB’ recorded satisfactory performance for micronutrients B, Cu, Fe, 

and Mn since it presented lower MAE values than the regional ‘PB + Pel’ model (Figure 

8a–d). Model local-1 ‘PB’ model only presented higher MAE values than the regional ‘PB 

+ Pel’ model set for the micronutrient Zn (Figure 8e). 

Model local-2 ‘Pelotas’ presented satisfactory performance for micronutrients Cu, Fe, 

Mn, and Zn because it presented lower MAE values than the regional model ‘PB + Pel’ 

(Figure 8b–e). Model local-2 ‘Pelotas’ only recorded a higher MAE value than the regional 

model ‘PB + Pel’ for micronutrient B (Figure 8a). In addition, there was a significant in-

crease in the MAE value when the model calibrated for local-1 ‘PB’ was applied to data 

from local-2 ‘Pelotas’. The same happened when the model calibrated for local-2 ‘Pelotas’ 

was applied to data from local-1 ‘PB’ (Figure 8a–e). Furthermore, when it comes to micro-

nutrients B, Cu, Fe and Mn, it was possible to observe that MAE values were similar to 

those recorded when the regional model was applied to the regional database, when the 

regional model ‘PB + Pel’ was adopted to data from locations ‘PB’ and ‘Pelotas’, separately 

(Figure 7a–d). 
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Figure 7. Assessing the performance of the three prediction models: Model 2—‘PB’, Model 3—‘Pe-

lotas’, Model 1—‘PB + Pel’ set for macronutrients (N (a), P (b), K (c), Ca (d) and Mg (e)) in leaves by 

applying the mean absolute error (MAE). PB = Pinto Bandeira; Pel = Pelotas. The red dashed line 

represents the MAE value in regional model ‘PB + Pel’ validation. 
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Figure 8. Assessing the performance of the three prediction models: Model 2—‘PB’, Model 3—‘Pe-

lotas’, Model 1—‘PB + Pel’ set for micronutrients B (a), Cu (b), Fe (c), Mn (d) and Zn (e) in leaves by 

using mean absolute error (MAE). PB = Pinto Bandeira; Pel = Pelotas. The red dashed line represents 

the MAE value in regional model ‘PB + Pel’ validation. 
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The accuracy to classify nutrient estimates based on SR (Table S2) in comparison to 

values found through the reference method is shown in Figure 9. The three models pre-

sented low accuracy percentage (<80%) for N; however, model local-1 ‘PB’ presented a 

value close to 80%. The regional models ‘PB + Pelotas’ and local-1 ‘PB’ presented a high 

accuracy percentage (≥90%) for nutrients P, Ca, and B, whereas model local-2 ‘Pelotas’ 

recorded a low accuracy percentage (66%). Regional and local-1 ‘PB’ models showed low 

accuracy percentage (<70%) for K, and model local-2 ‘Pelotas’ presented a high accuracy 

percentage (88%). The three models showed a high accuracy percentage (≥90%) for Mg, 

with emphasis on estimates of model local-1 ‘PB’, which recoded 100% accuracy. Model 

local-1 ‘PB’ presented a low accuracy percentage (<70%) for nutrients S and Fe. Regional 

model ‘PB + Pelotas’ and local-2 ‘Pelotas’ showed a high accuracy percentage (≥ 85%) for 

Fe. Model local-1 ‘PB’ recorded a high accuracy percentage (86%) for Cu, whereas the re-

gional model ‘PB + Pelotas’ and model local-2 ‘Pelotas’ recorded low accuracy percentage 

for them (<55%) (Figure 9). 

 

Figure 9. Classification accuracy (%) of nutrient concentrations predicted by Vis–NIR models into 

adequacy classes—within the sufficiency range (SR) and above the SR—according to the proposed 

sufficiency ranges for Southern Brazil (Table S2) [37]. 

4. Discussion 

The contents of the 11 herein assessed nutrients recorded a wide range of values (Fig-

ures 2 and 3). This is a desirable feature because the presence of such a wide range of 

values in a spectral library is essential for the generation of robust models [14] since they 

have larger prediction intervals. However, some nutrients (N, K, Ca, B, Cu, Zn, and Mn) 

presented high standard deviations for these values in some LSL, notably local-1 ‘Pel’ and 

regional ‘PB + Pel’. This is a negative feature for a spectral library, since it can reduce the 

accuracy of prediction models based on spectral data [14,38]. Additionally, regarding S 

data, the low amplitude of values observed in the local-1 ‘PB’ database, together with the 

absence of this element in the local-2 ‘Pel’ database, represents a clear limitation for the 

development and interpretation of models generated for S. 

The amplitude and variance of nutrient contents in peach leaves from the three LSL 

(regional, local-1, and local-2) were different (Figures 2 and 3). The highest variance was 
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observed for Ca contents in regional LSL ‘PB + Pel’ (SD 5.55 g kg−1), and for N in both 

local-2 LSL ‘Pel’ (SD 5.00 g kg−1) and regional ‘PB + Pel’ (SD 4.51 g kg−1) among the assessed 

macronutrients (Figure 2d and a, respectively). This feature can be explained by the fact 

that leaf samples came from different orchards, namely, commercial orchards in Pinto 

Bandeira and experimental orchards in Pelotas. Commercial orchards often face frequent 

applications of Ca-based products on the leaves throughout the crop’s production cycle 

to provide Ca and achieve adequate fruit development—it is of great importance for sev-

eral cell wall structures, besides influencing fruit conservation [39]. ‘PB’ and ‘Pelotas’ soils 

are different; consequently, they present broad variations in organic matter contents. Or-

chards in ‘Pelotas’ orchards have lower organic matter contents (Table S1); consequently, 

there is less availability of mineral forms of native N to plants [40]. Furthermore, peach 

productivity was higher in ‘PB’ than in ‘Pelotas’, for example, and it increased the demand 

for N, because the amounts of N exported by the fruits are larger [41,42]. Therefore, there 

is high variation in N contents in the orchards. In addition, the orchards’ leaf samples 

collected in ‘Pelotas’ came from experiments subjected to different N doses. 

Overall, the highest variations were mainly observed in the contents of micronutri-

ents Fe, Mn, and Zn in LSL local-1 ‘PB’ (Figure 3c–e). These wider amplitudes can be at-

tributed to the long history of successive Cu- and Mn-based leaf fungicides applications 

to control fungal diseases [43,44], as well as to physicochemical features such as the 

amount and type of clay minerals, Fe and Mn oxides and hydroxides in the soils of the 

assessed municipalities [45]. Variations in these features lead to the widest amplitudes of 

Fe, Mn, and Zn values and, consequently, to higher variance (Figure 3c–e). 

P contents in LSL local-1 ‘PB’ showed little variation, which was represented by the 

lowest SD (P = 0.23 g kg−1) (Figure 2b). The low variation in P content in leaves, which is 

among the lowest in macronutrients, may have resulted from P’s high mobility in plant 

tissue or from the low response of fruit species (adults), such as peach trees, to phosphorus 

fertilization [41]. In addition, soils in the orchards where leaf samples were collected from 

recorded high P contents (Table S1), even higher than those set for classes established as 

very high by the regional fertilization manual for Rio Grande do Sul and Santa Catarina 

states [19]. On the other hand, orchards where leaf samples were collected from receive 

frequent applications of high N rates, and this can reduce leaf P contents [46] and protein 

synthesis due to low P availability [47]. 

The combination of spectral data to PLSR multivariate technique enabled calibrating 

prediction models with good accuracy for most nutrients (local-1 ‘PB’, P, K, Ca, Mg and 

B; local-2 ‘Pel’, Mn) (Table 1), despite the small number (between 102 and 376) of obser-

vations used in model calibration. This finding explained the PLSR method's potential to 

establish correlations between 2150 spectral variables derived from the Vis-NIR band and 

nutrient contents. This large number of multicollinear explanatory variables makes it dif-

ficult for simpler models, such as multiple linear regression models, to establish correla-

tions that could result in accurate models [48,49]. The 2150 spectral variables were 

grouped into principal components that best explain data variance in the PLSR method; 

therefore, correlations are established to calibrate the prediction models [48]. 

The concentration of spectral importance above 75% across the Vis, red-edge, NIR, 

and SWIR regions indicates that nutrient prediction is driven by an integrated spectral 

response associated with leaf pigments, internal structure, and chemical composition ra-

ther than by isolated absorption features. The visible region (430–460, 550, and 660–680 

nm) reflects variations in chlorophyll absorption, which are directly or indirectly influ-

enced by nutrient availability through effects on photosynthetic capacity and leaf senes-

cence [50,51]. The red-edge region (705, 720, and 740 nm), known for its high sensitivity 

to subtle changes in chlorophyll content and overall leaf biochemical status, further rein-

forces the link between nutrient supply and plant physiological condition [50,51]. In the 
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NIR region (750–1300 nm), reflectance is primarily governed by leaf internal structure, 

including cell walls and intercellular spaces, which are affected by nutrients involved in 

cell integrity and growth processes [50,51]. The SWIR region (1300–2500 nm) captures ab-

sorption features related to fundamental chemical bonds (O–H, N–H, and C–H), provid-

ing more direct information on organic compounds associated with nutrient content 

[50,51]. The consistently higher number of influential bands observed in the models cali-

brated for site 1 (PB), particularly for N, P, Ca, Mg, B, and Cu, suggests that local condi-

tions enhanced the expression of nutrient-related physiological and biochemical varia-

tions in the spectral signal, resulting in more informative and robust prediction models 

compared with the other modeling scenarios. 

Some models showed limited accuracy in predicting the concentration of specific nu-

trients, including N and Mn in the regional database, Ca at local-2 ‘Pel’, Zn at local-1 ‘PB’, 

and Cu and Fe across all datasets. Model performance was strongly associated with the 

range and variability of nutrient concentrations derived from foliar analyses. In particular, 

N, Ca, Cu, Fe, Mn, and Zn exhibited wide concentration ranges and high standard devia-

tions (Figures 2 and 3), which negatively affected prediction accuracy, especially in 

smaller datasets such as those from local-1 ‘PB’. High variability combined with a limited 

number of observations tends to increase model uncertainty and reduce predictive stabil-

ity. Similar effects on the accuracy of foliar nutrient prediction models have been reported 

in studies with grapevine, mango and banana [10], and yerba mate [11,12]. 

Although variability in nutrient concentrations partially explains differences in 

model performance, the lower predictability observed for certain nutrients—such as N, 

Fe, Mn, and Zn across the datasets—can also be attributed to intrinsic spectral and physi-

ological limitations [52,53]. Most macro- and micronutrients, including Cu, Fe, Mn, and 

Zn, do not exhibit direct and distinct absorption features in the Vis-NIR spectral range. 

Consequently, their estimation relies on indirect relationships mediated by biochemical 

and structural leaf constituents, such as chlorophyll, proteins, and enzyme activity. These 

indirect associations are often weak and unstable, particularly when nutrient availability 

does not impose strong physiological constraints on plant metabolism. Nitrogen repre-

sents a partial exception, given its close association with chlorophyll and proteins that 

exhibit clear spectral responses in the Vis region. However, when N concentrations span 

wide ranges or include predominantly non-limiting levels—as observed in the present 

dataset—the spectral response may become saturated, reducing sensitivity and compro-

mising predictive accuracy. This limitation is further exacerbated in heterogeneous da-

tasets that integrate multiple locations, cultivars, and management conditions, where con-

founding factors can mask nutrient-related spectral signals. 

For micronutrients such as Cu and Fe, prediction is particularly challenging because they 

are required in very small quantities and primarily function as enzymatic cofactors. As a result, 

they induce subtle physiological changes that are not consistently expressed in leaf reflectance 

spectra [53]. Consequently, the spectral signal-to-noise ratio associated with these elements is 

low, leading to reduced model robustness across locations and datasets. 

Manganese represents an intermediate case. Although it plays a key role in photo-

system II and can influence chlorophyll fluorescence and leaf pigmentation, its spectral 

effects are often masked by other factors, including leaf structural properties, water con-

tent, and interactions with other nutrients. These confounding effects may explain the 

lower predictability of Mn, particularly in larger and more heterogeneous regional models 

[53]. Overall, these results indicate that the reduced accuracy observed for specific nutri-

ents is not solely a consequence of model limitations, but rather reflects inherent con-

straints of reflectance-based spectral data, combined with the nutrient-specific physiolog-

ical mechanisms governing their expression in plant tissues. This finding underscores the 

need for cautious interpretation of prediction models for elements with weak or indirect 
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spectral signatures, especially when applied to heterogeneous datasets or databases with 

limited sample size [10,11]. 

Overall, accuracy assessment at the prediction models’ calibration stage showed that 

models local-1 ‘PB’ (P, K, Ca, Mg, and B) and local-2 ‘Pel’ (Mn) presented higher accuracy 

(R2 ≥ 0.75, RPIQ ≥ 3.0) than the regional model ‘PB + Pel’ set for most nutrients (Table 1). 

This finding can be related to the high standard deviation recorded based on data from 

the regional model ‘PB + Pel’ set for most nutrients (Figures 2 and 3). This outcome points 

out the effect of LSL standard deviation on the estimates, besides showing that the strat-

egy of separating the database into local models has some potential within this scenario 

because sample sets with both a wide prediction interval and the standard deviation of 

target variable values can lead to higher prediction errors [54–56]. 

The predicted models’ accuracy assessment applied to each nutrient at the validation 

stage allowed observing that few models presented high accuracy (R2 ≥ 0.75, RPIQ ≥ 3.0), 

namely: Ca, Mg, and B models set for local-1 ‘PB’, and the Ca model set for regional model 

‘PB + Pelotas’. The high accuracy of these prediction models is related to the lower standard 

deviation recorded for LSL target variable values. In addition, some models that had pre-

sented high accuracy at the calibration stage (Table 1) did not hold such high accuracy at 

model validation. It often happens in models that present RPIQ < 3.0 at the calibration stage; 

it points out that the model can present low accuracy when it is subjected to an external data-

base [35,36]. This finding corroborates what was observed in the prediction yerba [13,14]. This 

effect was also observed in another study that predicted nutrient K in peach leaves by using 

hyperspectral images and multivariate analysis. Accuracy at the calibration and validation 

stages differed if parameters R2 and RMSE were taken into account [57]. Gálvez-Sola [9] 

sought to estimate nutrient contents in citrus leaves by using near-infrared reflectance spec-

troscopy and observed that the models’ accuracy decreased from the calibration to the valida-

tion stage. 

The analysis of models’ accuracy at the validation stage showed that model local-1 

‘PB’ recorded higher accuracy in predicting nutrients such as Ca, Mg, and B in comparison 

to model local-2 ‘Pelotas’ and to regional model ‘PB + Pelotas’. This outcome highlights 

that local models can be more accurate than regional models in scenarios where regional 

LSL shows high standard deviation based on target variable data. The lower accuracy 

presented by the model regional ‘PB + Pelotas’ for some nutrients results from the higher 

standard deviation recorded for nutrient contents. 

Overall, local models perform satisfactorily when they are applied to data from the 

same site, such as where the model was calibrated (Figures 7 and 8). However, with re-

spect to some nutrients, such as K, for the ‘PB’ model, and Fe, Mn, and Zn, for the ‘Pel’ 

model, local models can also be applied to regional data—they recorded highly accurate 

results (Figures 7 and 8). This finding highlights that local models can yield more accurate 

predictions of nutrient contents than regional models, depending on LSL calibration char-

acteristics such as narrower prediction intervals and lower standard deviation of the tar-

get variable [54–56]. This behavior was also observed during the calibration of regional 

and local models for estimating soil organic carbon using Vis-NIR spectral data [38]. 

Although the PCA (Figure S2) revealed differences among regions, the local-1 ‘PB’, 

local-2 ‘Pel’, and regional models showed similar predictive accuracies in some cases. This 

behavior was observed for the macronutrients K, Ca, and Mg (Figure 7c–e) and the micro-

nutrients B and Fe (Figure 8a,c), for which all three models achieved comparable perfor-

mance. This convergence in accuracy can be explained by the similarity in the range and 

variability of nutrient concentrations among the datasets, as model robustness and trans-

ferability tend to increase when calibration and prediction domains share similar statisti-

cal properties, even under spectral or regional heterogeneity [14,58,59]. 
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In this context, although initially, predictive models based on Vis–NIR spectroscopy 

for leaf nutrient content are expected to operate independently of location, studies have 

demonstrated that their performance is strongly dependent on the spatial and environ-

mental context in which they are calibrated. The literature indicates that variations asso-

ciated with the cultivation site, such as edaphoclimatic conditions, management practices, 

genotype, phenological stage, and plant physiological characteristics, significantly influ-

ence leaf spectral responses, thereby limiting the robustness and transferability of locally 

calibrated models when applied to other regions [59]. Consequently, Vis-NIR models de-

veloped using restricted spectral libraries often exhibit a marked decline in predictive ac-

curacy outside the original sampling domain, highlighting the need for more representa-

tive spectral libraries, regional or global calibration strategies, and the adoption of spiking 

or transfer learning approaches to enhance model robustness across geographic space. 

The low accuracy of most herein predicted models can be influenced by several fac-

tors. One of them relates to errors that can come up during nutrients’ wet chemical anal-

ysis; these nutrients are used as reference at the model calibration stage [58–60]. It happens 

when one works with a spectral library organized based on analytical data derived from 

different laboratories and/or determined by different analysis methods [13,58]. This pro-

cess can result in not entirely correct values combined to high standard deviation 

[14,55,56]. It exacerbates when the number of observations in the spectral library is small, 

often smaller than 500. Furthermore, the low accuracy in predicting some nutrients can be 

explained by their extremely low contents in leaves [13,15,60]. 

Regarding practical field diagnostic applicability, models with prediction accuracy ex-

ceeding 80% (Figure 9) can be considered sufficiently reliable. In this context, the prediction 

models developed for local-1 ‘PB’ for nutrients P, Ca, Mg and B; set for local-2 ‘Pelotas’ for 

nutrients K, Mg, and Fe; and set for regional ‘PB + Pelotas’ for nutrients P, K, Ca, Mg, B, and 

Fe can be applied to interpret the nutritional status of peach trees grown in these locations, in 

Southern Brazil. This result is the consequence of the high accuracy of these models’ calibra-

tion and validation stages (Table 1 and Figures 4–6), as previously explained. 

However, further calibration studies based on more robust and representative data-

bases are required, incorporating a larger number of samples (n ≥ 500), different peach 

cultivars, and data from multiple regions of Brazil, as well as other peach-producing re-

gions worldwide, in order to enhance the representativeness of the LSL. In addition, the 

evaluation of alternative spectral domains, such as the mid-infrared (MIR) region (2500–

5000 nm), should be explored, as these wavelengths may provide complementary infor-

mation not captured in the VIS-NIR range. Together, these advances will support the de-

velopment of standardized protocols for implementing spectroscopy combined with mul-

tivariate techniquein routine laboratory diagnostics. 

5. Conclusions 

Spectral data collected from local LSL ‘Pinto Bandeira’ and ‘Pelotas’ through the Vis-

NIR spectroscopy technique in combination to the PLSR multivariate techniquemethod 

estimated the contents of nutrients such as Ca, Mg and B in the local ‘PB’ models and as 

Ca in the regional ‘PB + Pel’ model applied to peach tree leaves with high accuracy (R2 ≥ 

0.75, RPIQ ≥ 3.0). 

The standard deviation recorded for nutrient contents in each LSL influenced the ac-

curacy of prediction models, because LSL recording a high standard deviation led to lower 

accuracy estimates. 

Model local-1 ‘PB’ showed higher prediction accuracy than the local-2 model ‘Pelotas’ 

and the regional model ‘PB + Pelotas’. 
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Most of the herein proposed prediction models showed average accuracy (R2 ≥ 0.50 

and <0.75, RPIQ ≥ 1.9 and <3.0); the lowest accuracies were observed for nutrients N and 

Mn in the regional model ‘PB + Pel’. 

Estimates for nutrient contents in peach tree leaves from local models, local-1 ‘PB’ 

and local-2 ‘Pelotas’ applied to data from the same site performed better than when they 

were applied to data from other sites and/or regions. 

Finally, the current study enabled progress in refining more sustainable techniques 

to set leaf nutrient content. The present results can be used to guide future research aimed 

at improving the Vis-NIR technique to estimate leaf nutrients, so that this technique can 

be implemented at large scale in community service laboratories, in the near future. 

Supplementary Materials: The following supporting information can be downloaded at: 

https://www.mdpi.com/article/10.3390/horticulturae12030296/s1, Table S1: average values of pH, Ca2+, 

Mg2+, Al3+, H+ + Al3+, Saturation (Al3+, Ca2++Mg2++K+), SMP index, MO, clay, P-Mehlich, CTCpH7, CTC effect, 

Cu2+, Fe2+, Mn2+ and Zn2+ from 42 soil samples collected in Pinto Bandeira (cultivar ‘PS’) and 59 samples 

collected in Pelotas (cultivar ‘Maciel’ and ‘Granada’). Table S2: values of critical levels (CL) and sufficiency 

ranges (SR) of nutrients in leaves for peach cultivation—cultivars ‘PS. ‘Maciel’ and ‘Granada’ in Southern 

Brazil. Figure S1: flowchart of steps taken to organize the LSL, prediction models’ calibration and valida-

tion for the N, P, K, Ca, Mg, S, B, Cu, Fe, Mn and Zn content in the leaves of peach trees grown in Pinto 

Bandeira and Pelotas regions. Figure S2: association between principal component 1 (PC1) and principal 

component 2 (PC2) recorded for leaf nutrient contents, and observed reflectance for peach cultivars 

grown in two regions in Southern Brazil. Triangles represent Pinto Bandeira regions, and circles represent 

Pelotas. 
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