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HIGHLIGHTS  19 

1. Quantified the significant interactive effects of cultivar, growth stage, and leaf position on sugarcane 20 

leaf nitrogen (N) content and hyperspectral reflectance, demonstrating that a universal spectral model is 21 

unsuitable for precision N management. 22 

2. Identified the 2nd leaf as the most stable and optimal sampling unit for spectral-based N monitoring 23 

across diverse cultivars and growth stages, providing a standardized protocol to reduce field sampling 24 

variability. 25 

3. Determined that the first-derivative transformation combined with Random Forest (FD-RF) 26 

outperforms conventional linear models, offering an optimized, cultivar-specific modeling framework 27 

for accurate N estimation. 28 

4. Revealed cultivar-specific spectral mechanisms, particularly in the red-edge region, highlighting the 29 

need for tailored sensor configurations or indices rather than generic broadband vegetation indices. 30 

 31 

IMPACT: This study elucidates the complex, interactive nature of factors influencing the hyperspectral 32 

estimation of N in sugarcane and establishes a robust, cultivar-aware modeling framework centered on 33 

the 2nd leaf and FD-RF processing.         34 

                       35 

 36 

Keywords: Sugarcane; Leaf nitrogen; Hyperspectral; Cultivar; Growth stage; Leaf position; Random 37 

Forest 38 

 ABSTRACT 39 

mailto:GanYi2025@126.com
mailto:lizhigangnn@163.com


2 

 

Rapid and non-destructive monitoring of leaf nitrogen (N) content (LNC) is essential for precision N 40 

management in sugarcane (Saccharum officinarum L.). However, the accuracy of hyperspectral 41 

estimation is challenged by the dynamic interactions among cultivar, growth stage, and leaf position. 42 

This study systematically investigated the effects of these three factors on LNC and leaf hyperspectral 43 

reflectance (400–1000 nm) across six main sugarcane varieties. We identified sensitive spectral bands 44 

and developed LNC inversion models using Partial Least Squares Regression (PLSR) and Random 45 

Forest (RF). The results revealed highly significant interactive effects (P < 0.01) of cultivar, growth stage, 46 

and leaf position on both LNC and spectral responses. The 2nd leaf was identified as the most stable and 47 

optimal leaf for spectral monitoring, thus is recommended as the standard sampling target for field 48 

diagnosis. Correlation analysis showed a consistent negative correlation between LNC and reflectance 49 

in the visible region (520–570 nm), a positive correlation in the near-infrared (930–999 nm), and cultivar-50 

specific responses in the red-edge region (700–730 nm). The first derivative (FD) transformation most 51 

effectively enhanced spectral features and correlations. The RF algorithm significantly outperformed 52 

PLSR, with the "FD + RF" combination yielding the best prediction performance for most varieties (e.g., 53 

test set R² = 0.50 for ROC22). This study elucidates the hyperspectral response mechanisms of sugarcane 54 

LNC under multi-factor interactions and provides a robust framework for developing cultivar-specific 55 

models, paving the way for precision N diagnosis in sugarcane production. 56 

Context: Although previous studies has resulted in substantial knowledge on crop N monitoring via 57 

spectroscopy, systematic investigations into the "leaf N content–spectral characteristics" response 58 

mechanisms in sugarcane at the leaf level remain limited. 59 

Aims: This study was designed to address these critical research gaps. The specific objectives were to: 60 

(1) quantify the independent and interactive effects of cultivar, growth stage, and leaf position on 61 

sugarcane LNC and spectral reflectance; (2) identify the most sensitive spectral bands responsive to LNC 62 

changes across different varieties; and (3) construct and evaluate robust estimation models for sugarcane 63 

LNC using advanced machine learning algorithms. Our findings are expected to provide a solid 64 

theoretical foundation and technical support for developing remote sensing technologies tailored for 65 

precision N management in sugarcane fields. 66 

 67 

1. INTRODUCTION 68 

Sugarcane (Saccharum officinarum L.) stands as a cornerstone of the global agricultural economy, 69 

serving as a primary source for sugar and an increasingly vital feedstock for bioenergy production 70 

(Heinrichs et al. 2017). Its productivity and profitability are intrinsically linked to effective nutrient 71 

management, with nitrogen (N) being the most pivotal element governing growth, yield, and quality (Ali 72 

et al. 2025). As a fundamental constituent of amino acids, proteins, nucleic acids, and chlorophyll, N 73 

directly regulates key physiological processes, including photosynthesis, carbon and nitrogen 74 

metabolism, and the accumulation of dry matter (Liu et al. 2025). However, the efficiency of N fertilizer 75 

application in conventional sugarcane cultivation is often suboptimal. Excessive N application not only 76 

failed to yield commensurate benefits but also triggered a cascade of detrimental effects, including 77 

growth imbalances, increased susceptibility to pests and diseases, and severe environmental pollution 78 

such as water eutrophication and greenhouse gas emissions. Consequently, the implementation of 79 
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precision N management is an indispensable pathway towards achieving the synergistic goals of high 80 

yield, superior quality, resource efficiency, and environmental sustainability in the sugarcane industry 81 

(Mulla 2013).The prerequisite for this paradigm shift is the ability to perform rapid and accurate 82 

diagnosis of the plant's N status. 83 

Traditional methods for diagnosing plant N status predominantly rely on destructive sampling 84 

followed by laboratory chemical analysis, such as the Kjeldahl method. While considered the "gold 85 

standard" for accuracy, these approaches are inherently labor-intensive, time-consuming, costly, and 86 

exhibit significant temporal and spatial lag. These limitations render them impractical for supporting 87 

large-scale, high-frequency field decisions, thus failing to meet the real-time information demands of 88 

modern precision agriculture (Chowdhury et al. 2024;  Li et al. 2025). In this context, hyperspectral 89 

remote sensing has emerged as a revolutionary, non-destructive tool for rapid monitoring of crop N. The 90 

theoretical foundation lies in the fact that the N status of a plant directly influences the biochemical 91 

composition (e.g., chlorophyll, protein content) and physical structure (e.g., mesophyll cell arrangement, 92 

palisade tissue thickness) of its leaves. These internal changes subsequently alter the absorption, 93 

transmission, and reflection characteristics of the leaf in specific regions of the electromagnetic spectrum, 94 

particularly in the visible and near-infrared ranges, forming unique spectral "fingerprints" (Hu et al. 2025; 95 

Kanash et al. 2023). By deciphering these spectral features, it becomes possible to indirectly infer the N 96 

content of crops. 97 

In recent years, estimating crop N content using hyperspectral technology has become a research 98 

hotspot in agricultural remote sensing, yielding significant progress in major staple crops like wheat, 99 

maize, and rice. A suite of effective spectral indices and prediction models has been developed, including 100 

the Normalized Difference Vegetation Index (NDVI), the Photochemical Reflectance Index (PRI), and 101 

parameters derived from the red-edge position (Chegoonian et al. 2025; Meiyan et al. 2023; Yue et al. 102 

2024). For instance, studies on rubber trees have identified a strong correlation between reflectance at 103 

730 nm and leaf N content (Hu et al. 2021). Research on maize has demonstrated that first-derivative 104 

transformation of leaf spectra can yield estimation models with higher accuracy (Tang et al. 2025). 105 

Furthermore, the integration of spectral features with machine learning algorithms, such as Support 106 

Vector Machine Regression, has further enhanced the predictive capability for wheat N content Wang et 107 

al. 2024). The results robustly validate the universality and effectiveness of spectral techniques for 108 

monitoring N across diverse crop species. 109 

Nevertheless, the successful application of spectral technology to sugarcane N monitoring faces 110 

several key scientific challenges. Firstly, the spectral response of crops is profoundly influenced by 111 

genotype (cultivar). Different sugarcane cultivars exhibit inherent differences in canopy architecture, leaf 112 

morphological and anatomical traits, and nitrogen use efficiency, which may lead to a lack of universality 113 

in the "N-spectral" relationship model (Li et al. 2025a). This genetic variability poses a direct obstacle 114 

to developing a one-size-fits-all spectral algorithm for variable-rate N application across diverse 115 

sugarcane plantations. Secondly, the growth stage is another critical regulatory factor. As sugarcane 116 

progresses from the seedling, tillering, elongation, to maturation stages, its growth center, nitrogen 117 

demand, and allocation patterns undergo dynamic changes. Consequently, the spectral characteristics of 118 

the same leaf at different growth stages and their correlation with N content are likely to be altered (Silva 119 

et al. 2024) . This temporal dynamism necessitates growth-stage-specific calibration or adaptive models 120 

for accurate season-long monitoring. Moreover, leaf position, serving as a direct indicator of the spatial 121 

distribution of N within the plant, is a factor often overlooked in spectral studies. Functional leaves (e.g., 122 
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the 1st leaf) and older leaves (e.g., the 3rd leaf) differ significantly in N content and physiological 123 

function; their combined analysis can introduce substantial noise, reducing the sensitivity and accuracy 124 

of estimation models (Li et al. 2022). Inconsistent sampling of leaf position in field practice is therefore 125 

a major source of uncertainty that hinders the operationalization of spectral diagnosis. 126 

Although previous studies have resulted in substantial knowledge on crop N monitoring via 127 

spectroscopy, systematic investigations into the "leaf N content–spectral characteristics" response 128 

mechanisms in sugarcane at the leaf level remain limited. Existing studies have predominantly focused 129 

on the canopy scale, which may obscure fine-grained leaf-level responses, or have considered only a 130 

single factor, lacking a comprehensive assessment of the interactive effects of cultivar, growth stage, and 131 

leaf position. This gap impedes the development of robust, transferable models that can function reliably 132 

under real-world field conditions characterized by genetic and temporal diversity. Therefore, this study 133 

was designed to address these critical research gaps. The specific objectives were to: (1) quantify the 134 

independent and interactive effects of cultivar, growth stage, and leaf position on sugarcane LNC and 135 

spectral reflectance; (2) identify the most sensitive spectral bands responsive to LNC changes across 136 

different varieties; and (3) construct and evaluate robust estimation models for sugarcane LNC using 137 

advanced machine learning algorithms. Our findings are expected to provide a solid theoretical 138 

foundation and technical support for developing remote sensing technologies tailored for precision N 139 

management in sugarcane fields.  140 

 141 

2. MATERIALS AND METHODS 142 

2.1. Experimental Site Description 143 

The field experiment was conducted over the 2023-2024 growing season at the Plant Botanical Garden 144 

of the Agricultural College, Guangxi University (E 108.3°, N 22.8°). The region is characterized by a 145 

subtropical monsoon climate, featuring year-round warm temperatures and abundant sunshine. During 146 

the experimental period, the mean annual temperature was 21.5°C, and the total annual precipitation was 147 

approximately 1300 mm (Yang et al. 2024). 148 

2.2. Plant Materials and Experimental Design 149 

Six locally dominant sugarcane cultivars, 'GL07150', 'GL05136', 'ROC22', 'ROC16', 'GT44', and 'GT42', 150 

were selected as plant materials for this study. All experimental materials were healthy, one-year-old, 151 

newly planted sugarcane, established on March 22, 2024. 152 

A three-factor completely randomized design was employed. The factors and their levels were as 153 

follows: Cultivar (Cultivar): 'GL07150', 'GL05136', 'ROC22', 'ROC16', 'GT44', 'GT42' (6 levels). 154 

Growth Stage: Seedling stage, Tillering stage, Elongation stage, Maturation stage (4 levels). 155 

Leaf Position: the 1st leaf (the first fully expanded leaf from the apex), the 2nd leaf, the 3rd leaf (the 156 

third leaf from the apex) (3 levels), all leaves were fully expanded. 157 

For each cultivar at each growth stage, three biological replicates (plants) were sampled, with each 158 

plant providing leaves at the three positions. This resulted in 3 replicates × 3 leaf positions = 9 samples 159 

per cultivar per stage. Sampling was conducted four times on: June 22, 2024 (Seedling stage), August 160 

22, 2024 (Tillering stage), October 22, 2024 (Elongation stage), and December 22, 2024 (Maturation 161 
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stage). During each sampling event, the 1st, 2nd, and 3rd leaves were collected from each plant. This 162 

resulted in a total of 6 cultivars × 4 growth stages × 3 replicates × 3 leaf positions = 648 leaf samples. 163 

2.3. Leaf Hyperspectral Data Acquisition 164 

Hyperspectral reflectance data were acquired using a fiber optic spectrometer (NIR 17S, Shanghai 165 

Fuxiang Optical Co., China) with a spectral range of 326–1105 nm and a spectral resolution of 0.8 nm. 166 

Measurements were conducted with a leaf clip attachment that held the fiber optic probe at a fixed 167 

distance and angle (e.g., 0° viewing angle) relative to the leaf surface, ensuring consistent measurement 168 

geometry. Spectral measurements were performed under clear, windless conditions between 10:00 and 169 

14:00 hours local time to minimize the impact of changing solar angles. Immediately after collection, 170 

leaf samples were placed in a preservation box and promptly transported to the laboratory for spectral 171 

measurement on the NIR 17S reflectance measurement platform. This indoor setup ensured stable and 172 

consistent lighting conditions, minimizing the influence of ambient environmental fluctuations(Stamford 173 

et al. 2024). For each leaf sample, three points on both sides of the midrib were selected for measurement. 174 

The average reflectance value of these six measurements was calculated and recorded as the spectral 175 

reflectance for that leaf. A standard white reference panel (Spectralon, Labsphere, USA) was used for 176 

calibration before and after each measurement session to correct for instrument dark current and ensure 177 

data accuracy Li et al. 2025b). 178 

2.4. Determination of Leaf N Content 179 

Following spectral measurement, leaf samples were immediately collected and placed in sealed bags, 180 

stored in a cool box, and rapidly transported to the laboratory. The samples were first deactivated in an 181 

oven at 105°C for 30 minutes and then dried at 85°C to a constant weight. The dried samples were ground 182 

into a fine powder and passed through a 0.5 mm sieve to prepare homogeneous samples for chemical 183 

analysis. 184 

The leaf N concentration was determined using the standard Kjeldahl method (Sparks et al. 1996). 185 

Briefly, 0.1 g of the dried powder was accurately weighed and digested with concentrated sulfuric acid 186 

using a Kjeldahl digestion system (K-424, BUCHI, Switzerland). The digested samples were then 187 

distilled and titrated using a fully automated Kjeldahl nitrogen analyzer (K-370, BUCHI, Switzerland). 188 

The nitrogen content was expressed as milligrams per gram of dry mass (mg/g). 189 

2.5. Hyperspectral Data Preprocessing 190 

2.5.1. Savitzky-Golay Smoothing 191 

The raw spectral data often contain high-frequency noise. To enhance the signal-to-noise ratio while 192 

preserving the intrinsic shape of the spectral curves, Savitzky-Golay (S-G) smoothing was applied as a 193 

primary preprocessing step (Savitzky and Golay 1964). This method is a non-parametric digital filter 194 

based on local polynomial least-squares fitting in a moving window. For any data point in the discrete 195 

signal sequence, a symmetric window of width 2m+1 (containing 2m+1 neighboring points from -m to 196 

+m) is constructed. An nth order polynomial is then fitted to the data within this window: 197 

 198 

 𝑦(ݔ) = ܽ0 + ݔ1ܽ + 2ݔ2ܽ +⋯+ ܽ௡ݔ௡ (1) 199 

 200 
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Where x is the relative coordinate within the window (central point x = 0), and a₀, a₁, ..., aₙ are the 201 

polynomial coefficients. In this study, a second-order polynomial (n=2) with a window size of 11 points 202 

(m=5) was employed for smoothing. The SG smoothing window should be chosen based on the noise 203 

level and the detail requirements of the signal, using an odd number greater than the polynomial order. 204 

The polynomial order should match the complexity of the signal and must be coordinated with the 205 

window size to prevent unstable fitting. 206 

2.5.2. Spectral Transformations 207 

Two common spectral transformations were applied to the S-G smoothed data to extract more 208 

informative features: 209 

First-Derivative (FD): The first derivative of the reflectance spectrum was calculated to remove 210 

baseline drift and amplify subtle spectral features, which is particularly useful for resolving overlapping 211 

absorption peaks (Tsai and Philpot, 1998). It was computed based on a differential approximation of the 212 

derivative using the formula: 213 

 214 

 215 

(௜ߣ)′ܴ  = ோ(ఒ೔+1)−ோ(ఒ೔−1)2Δఒ  (2) 216 

 217 

where, ρ'(λᵢ) is the first-derivative value at wavelength λᵢ, ρ(λᵢ₊₁) and ρ(λᵢ₋₁) are the reflectance values at 218 

the subsequent and preceding wavelengths, respectively, and Δλ is the wavelength interval. 219 

Logarithmic Transformation (Log(1/R)): The reflectance (R) data were transformed to apparent 220 

absorbance (A) using the formula A = log₁₀(1/R). This transformation is grounded in Lambert-Beer law, 221 

aiming to establish a linear theoretical foundation between spectral data and biochemical constituent 222 

concentrations. It enhances weak absorption features associated with leaf chemical components, such as 223 

nitrogen, thereby improving the discernibility of characteristic bands (Jean-Baptiste Féret et al. 2021) . 224 

Given that the reflectance signals in the 323–399 nm and 1001–1105 nm wavelength ranges exhibited 225 

severe distortion and low signal-to-noise ratio, these bands were excluded from all subsequent analyses. 226 

Only the spectral data within the 400–1000 nm range were utilized. 227 

2.6. Feature Band Selection and Statistical Analysis 228 

2.6.1. Feature Band Selection 229 

Pearson correlation analysis was employed to identify the spectral bands most sensitive to variations in 230 

leaf nitrogen content (Hou et al. 2025). The Pearson correlation coefficient (r), which quantifies the 231 

strength and direction of a linear relationship between two continuous variables, was calculated between 232 

the LNC and the reflectance (and its transformations) at each wavelength across all samples. The 233 

coefficient is defined as: 234 

 235 

௑௒ݎ  = ∑ (೙೔=1 ௑೔−௑̄)(௒೔−௒̄)√∑ (೙೔=1 ௑೔−௑̄)2√∑ (೙೔=1 ௒೔−௒̄)2 (3) 236 

 237 



7 

 

 238 

Where Xᵢ and Yᵢ are the spectral reflectance (or transformed value) and LNC of the *i*-th sample, 239 

respectively, and X̄ and Ȳ are their respective sample means. The value of *r* ranges from -1 to 1. For 240 

each cultivar and spectral type (raw, FD, Log(1/R)), the wavelengths with the highest absolute correlation 241 

coefficients (|r|) with LNC were selected as characteristic bands for subsequent model development. 242 

2.6.2. Data Analysis 243 

Microsoft Excel 2021 (Microsoft Corp., USA) was used for preliminary data organization and 244 

calculations. A three-way analysis of variance (ANOVA) was performed using SPSS 26.0 (IBM Corp., 245 

USA) to assess the main effects and interaction effects of cultivar, growth stage, and leaf position on both 246 

leaf nitrogen content and reflectance values at key characteristic bands. The fixed factors in the model 247 

were cultivar, growth stage, and leaf position. When a significant effect was detected (α = 0.05), the Least 248 

Significant Difference (LSD) post-hoc test was used for multiple comparisons among treatment means. 249 

The Python 3.4 (Python Software Foundation, USA) was utilized for all spectral preprocessing steps, 250 

including S-G smoothing, derivative calculation, and logarithmic transformation. 251 

2.7. Model Development and Validation 252 

Two modeling approaches were chosen to represent linear and nonlinear paradigms: Partial Least Squares 253 

Regression for handling collinear spectral data, and Random Forest for capturing complex, nonlinear 254 

relationships. The dataset for each cultivar was partitioned into training and testing sets using a stratified 255 

random sampling approach based on the LNC values to ensure representative distribution in both sets. 256 

To construct and evaluate models for estimating LNC from spectral data, two distinct algorithms were 257 

employed: 258 

Partial Least Squares Regression (PLSR): PLSR is a robust linear technique particularly suited for 259 

modeling relationships between a large number of collinear predictor variables (spectral bands) and a 260 

response variable (LNC) (Burnett et al. 2021) . Partial least squares regression (PLSR) was performed 261 

using the PLS Regression module from the scikit-learn library (version 1.3.0). The model was configured 262 

with three components were selected as optimal for capturing the majority of spectral variance related to 263 

LNC while preventing overfitting, the maximum number of iterations for the optimization algorithm was 264 

set to 2000 (maxiter=2000) (Li et al. 2024). 265 

Random Forest (RF): RF is an ensemble machine learning algorithm that operates by constructing a 266 

multitude of decision trees during training and outputting the mean prediction of the individual trees. It 267 

is highly effective at capturing non-linear relationships and is relatively resistant to overfitting (Breiman 268 

2001). Random forest regression is implemented using random forest regression module of scikit learn 269 

library. The search ranges were: n_estimators = [60, 80, 100], max_depth = [4, 6, 8, None], 270 

min_samples_split = [2, 4, 6]. The combination that yielded the lowest cross-validation RMSE was 271 

selected (n_estimators=80, max_depth=6, min_samples_split=4). This process ensures a balance 272 

between model complexity and generalization ability (Zhang et al. 2024).  273 

2.7.1 Data Splitting and Validation Framework 274 

For each cultivar (n = 108 samples per cultivar), a two-step validation framework was employed to 275 

robustly develop and evaluate the models. 276 

Step 1: Model Calibration and Hyperparameter Tuning. The dataset was first split into a temporary 277 

training set (83%, 90 samples) and a hold-out test set (17%, 18 samples) using stratified random sampling, 278 
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ensuring that the distribution of LNC values was representative in both subsets. The hold-out test set was 279 

strictly reserved for the final, independent evaluation (Step 2). Only the temporary training set was used 280 

for the subsequent model calibration and hyperparameter optimization (e.g., the grid search for RF and 281 

component selection for PLSR described above). The performance metrics (RMSE, R²) of the training 282 

set and test set guided the selection of the best hyperparameters and spectral preprocessing method for 283 

each cultivar-algorithm combination. 284 

Step 2: Final Model Training and Independent Testing. Using the optimal hyperparameters identified 285 

in Step 1, a final model was retrained on the entire temporary training set (90 samples). This final model 286 

was then evaluated once on the completely unseen hold-out test set (18 samples). The performance 287 

metrics (R² and RMSE) reported in Table 3 for the “Testing” set are the results of this single, final 288 

evaluation on the independent test set. The metrics for the “Training” set in Table 3 are derived from the 289 

final model’s performance on the entire dataset used for its training (i.e., the 90 samples). 290 

3. RESULTS 291 

3.1. Effects of Cultivar, Growth Stage, and Leaf Position on Leaf Nitrogen Content 292 

The leaf N content (LNC) of sugarcane was significantly influenced by the independent and interactive 293 

effects of cultivar, growth stage, and leaf position. A repeated measures three-way ANOVA revealed that 294 

all two-way and three-way interaction effects on LNC were highly significant (P < 0.01). Specifically, 295 

the F-values were 3.56 for the Cultivar × Leaf Position interaction, 6.07 for the Cultivar × Growth Stage 296 

interaction, 4.48 for the Leaf Position × Growth Stage interaction, and 5.83 for the three-way Cultivar × 297 

Leaf Position × Growth Stage interaction. This indicates that the differences in LNC were the result of 298 

the complex interplay among these three factors. 299 

The dynamic changes in LNC for the six sugarcane varieties across four growth stages and three leaf 300 

positions are detailed in Table 1. At the seedling stage, cultivar ROC22 exhibited significantly higher N 301 

content in the 1st leaf than ROC16, GL07150, GT44, and GT42, but did not differ significantly from 302 

GL05136. At the 2nd leaf, GL05136 showed significantly higher N content than ROC16, GL07150, 303 

GT44, and GT42, but did not differ significantly from ROC22. At the 3rd leaf, GT42 had significantly 304 

higher N content than GL07150, ROC16, and GT44. Within varieties, GL05136 had significantly higher 305 

N in the 2nd leaf compared to 1st and 3rd leaves. ROC16 had significantly higher N in the 3rd leaf 306 

compared to the 1st leaf, while GT44 showed significantly higher N in the 3rd leaf than in the 2nd leaf, 307 

while GT42 showed both the 2nd and 3rd leaves had significantly higher N than the 1st leaf (Table 1).  308 

During the tillering stage, varietal differences became more pronounced. At the 1st leaf, GT42 309 

exhibited the highest N content, significantly surpassing the other five varieties. ROC22 also showed 310 

significantly higher N content than GL07150 and ROC16 at this leaf position. A similar pattern was 311 

observed at the 2nd and 3rd leaf with GT42 leading (Table 1).    312 

In the elongation stage, GL05136 consistently demonstrated high N content across leaf positions. At 313 

the 1st leaf, GL05136, GT44, and GT42 showed significantly higher N content than GL07150, ROC22, 314 

and ROC16. At the 2nd and 3rd leaf, where GL05136 showed significantly higher N content than 315 

GL07150, ROC22, ROC16, and GT44. Within varieties, GL05136 had significantly higher N in the 2nd 316 

leaf than in the 3rd leaf. Both ROC16 and GT44 exhibited significantly higher N in the 1st leaf than in 317 

the 3rd leaf (Table 1). 318 
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By the maturation stage, ROC22 generally maintained higher N levels, particularly in the 1st and 3rd 319 

leaves. At the 1st leaf, ROC22 exhibited the highest N content, which was significantly greater than that 320 

of the other five varieties, while no significant differences were observed among the remaining varieties. 321 

At the 3rd leaf, GL07150, GL05136, and GT42 showed significantly higher N content than ROC16 and 322 

GT44. Within varieties, GL05136 had significantly higher N in the 3rd leaf compared to the 1st leaf. 323 

ROC22 had significantly higher N in the 1st leaf compared to the 2nd leaf, while ROC16 and GT44 324 

showed an opposite trend, with the 1st and 2nd leaves having higher N than the 3rd leaf (Table 1). 325 

In summary, the 2nd leaf often served as a stable indicator, showing high and relatively consistent N 326 

content across multiple growth stages and varieties, highlighting its potential as a key leaf for monitoring 327 

plant N status. Therefore, from a practical application standpoint, the 2nd leaf is recommended as the 328 

standardized sampling unit for spectral-based nitrogen assessment in sugarcane to minimize variability 329 

introduced by leaf ontogeny. 330 

 331 

Table 1 Leaf nitrogen content across six sugarcane cultivars, four growth stages, and three leaf 

positions 

Growth Stage Cultivar 1st Leaf (mg·g⁻¹) 2nd Leaf (mg·g⁻¹) 3rd Leaf (mg·g⁻¹) 

Seedling GLO7150 14.83 ± 1.07 16.11 ± 1.13a 15.85 ± 1.49 

 GL05136 15.94 ± 2.82 19.95 ± 2.26a 19.50 ± 2.58 

 ROC22 17.74 ± 2.15 18.64 ± 2.59a 17.55 ± 3.30 

 ROC16 13.32 ± 3.26 15.53 ± 2.01 16.05 ± 1.19a 

 GT44 15.24 ± 2.01 13.53 ± 1.62 16.59 ± 1.16a 

 GT42 14.78 ± 2.67 17.68 ± 0.99 19.58 ± 1.43a 

Tillering GLO7150 13.87 ± 2.93 15.43 ± 1.89a 15.11 ± 2.59 

 GL05136 15.10 ± 1.09 16.84 ± 2.52 17.22 ± 1.21a 

 ROC22 16.88 ± 2.46 16.36 ± 2.78a 16.08 ± 1.81 

 ROC16 14.25 ± 1.90 15.80 ± 1.11a 14.81 ± 1.90 

 GT44 15.56 ± 1.21 15.51 ± 1.27 15.75 ± 1.55a 

 GT42 19.60 ± 2.15a 19.50 ± 1.94 18.12 ± 1.66 

Elongation GLO7150 12.71 ± 1.13 12.65 ± 0.86 13.39 ± 3.46a 

 GL05136 16.34 ± 1.50 17.42 ± 1.01a 15.38 ± 1.29 

 ROC22 13.56 ± 0.89 14.29 ± 0.59a 12.87 ± 0.92 
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Table 1 Leaf nitrogen content across six sugarcane cultivars, four growth stages, and three leaf 

positions 

Growth Stage Cultivar 1st Leaf (mg·g⁻¹) 2nd Leaf (mg·g⁻¹) 3rd Leaf (mg·g⁻¹) 

 ROC16 13.76 ± 3.93 13.44 ± 1.53a 11.65 ± 0.77 

 GT44 15.77 ± 2.33a 14.35 ± 0.89 12.69 ± 2.36 

 GT42 15.72 ± 0.72 16.50 ± 1.44a 15.22 ± 1.36 

Maturity GLO7150 13.88 ± 2.02 15.04 ± 1.86a 14.97 ± 1.50 

 GL05136 13.49 ± 1.71 14.72 ± 0.88 15.87 ± 3.39a 

 ROC22 17.76 ± 1.58a 15.90 ± 1.28 17.35 ± 1.83 

 ROC16 14.17 ± 2.17 15.18 ± 1.41a 11.83 ± 2.16 

 GT44 15.11 ± 0.82 15.25 ± 1.13a 13.11 ± 1.72 

 GT42 14.10 ± 2.02 15.42 ± 1.54 16.03 ± 0.84a 

Note: Data are presented as mean ± standard deviation (n = 3). Within the same row (i.e., for a given cultivar at a 332 

given growth stage), different superscript lowercase letters indicate significant differences among leaf positions (P 333 

< 0.05, LSD test). Values in bold with a superscript 'a' denote the leaf position with the highest nitrogen content for 334 

that specific cultivar at that specific growth stage. 335 

 336 

3.2. Spectral Reflectance Characteristics Across Growth Stages, Varieties, and Leaf 337 

Positions 338 

The analysis focused on the 400–1000 nm spectral range, as signals outside this range (323–399 nm and 339 

1001–1105 nm) were distorted. The spectral curves for all varieties exhibited the typical pattern of green 340 

vegetation across growth stages: a chlorophyll absorption trough in the blue region (around 450 nm), a 341 

green reflectance peak (around 550 nm), a strong red absorption trough (around 670 nm), a steep rise in 342 

the red-edge region (680–750 nm), and a high-reflectance plateau in the near-infrared (NIR) region (750–343 

1000 nm). 344 

3.2.1. Seedling Stage 345 

Caption for Figure 1: Mean leaf spectral reflectance of six sugarcane varieties at the seedling stage for 346 

different leaf positions (1st, 2nd, 3rd). The main panel (a) shows the full spectrum (400–1000 nm), while 347 

subpanels (b), (c), and (d) provide detailed views of the green, red, and near-infrared regions, respectively. 348 

Shaded areas represent ±1 standard deviation from the mean (3rd). The 2nd leaf position generally 349 

exhibits higher NIR reflectance across varieties. At the seedling stage, spectral differences among 350 

varieties and leaf positions were already present but relatively modest. In the visible region (400-680 351 

nm), reflectance was generally below 13%, with the maximum difference between varieties and leaf 352 

positions being 4.59% at 550.31 nm (GT44 1st leaf vs. GLO7150 3rd leaf). The average slope of the red-353 

edge was approximately 0.36%·nm⁻¹(680-750nm). In the NIR plateau (750-1000 nm), reflectance ranged 354 
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from 33.51% to 43.25%, with an extreme difference of 11.73%. Within a cultivar, the 2nd leaf often 355 

showed the highest reflectance in the NIR, followed by the 1st and 3rd leaves (e.g. GT44 and ROC16) 356 

(Figure 1). 357 

3.2.2. Tillering Stage 358 

Caption for Figure 2: Mean leaf spectral reflectance at the tillering stage. Spectral differences among 359 

varieties and leaf positions become more pronounced compared to the seedling stage, with an overall 360 

decrease in visible and NIR reflectance associated with increased chlorophyll content and biomass. 361 

During tillering, overall reflectance in the visible and NIR regions decreased compared to the seedling 362 

stage, coinciding with increased chlorophyll content. Differences among varieties and leaf positions 363 

became more pronounced. The green peak difference increased to 5.23%, and the NIR plateau range 364 

widened (32.81%–38.58%), with a maximum difference of 5.77%. The red-edge average slope also 365 

0.36%·nm⁻¹. The spectral divergence between cultivar groups, such as the GT series, became more 366 

evident (Figure 2). 367 

3.2.3. Elongation Stage 368 

Caption for Figure 3: Mean leaf spectral reflectance at the elongation stage. Reflectance increases in both 369 

visible and NIR regions due to leaf maturation and structural development. The spectral distinction 370 

between cultivar groups (e.g., GT series) is clear and stable. In the elongation stage, reflectance levels in 371 

the visible and NIR regions increased compared to the tillering stage, associated with mature leaf 372 

structure. But the difference in the green reflectance peak decreased to 3.33%. The red-edge average 373 

slope increased to 0.38%·nm⁻¹. The NIR reflectance ranged from 32.80% to 40.31%. The spectral 374 

distinction between cultivar groups became clearer and more stable, with the 2nd leaf consistently 375 

exhibiting the highest NIR reflectance in most varieties (Figure 3). 376 

3.2.4. Maturation Stage 377 

Caption for Figure 4: Mean leaf spectral reflectance at the maturation stage. Senescence leads to 378 

increased visible reflectance and a slight decline in the NIR plateau. The effect of leaf position remains 379 

evident, with the 3rd leaf typically showing the highest reflectance. At maturity, reflectance in the visible 380 

region increased due to leaf senescence, while the NIR plateau slightly declined. The green peak 381 

difference was 5.37%. The red-edge average slope decreased to 0.37%·nm⁻¹. The NIR reflectance range 382 

was 33.87%–41.99%. The spectral differences between varieties narrowed slightly, but the leaf position 383 

effect remained stable, with the 1st leaf typically maintaining the highest reflectance (Figure 4). 384 

Overall, spectral reflectance exhibited characteristic changes associated with growth and senescence: 385 

a general decrease from seedling to tillering (increased chlorophyll), an increase during elongation 386 

(structural maturation), and a rise in visible reflectance at maturity (senescence). The 2nd leaf 387 

consistently showed less spectral variability across these transitions.) 388 
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 389 

Figure 1 Leaf spectral reflectance of six varieties at the seedling stage. (a) Full spectrum (400–1000 nm): six spectral 390 

curves in different colors (one per cultivar), each displayed in three-line styles (representing the three leaf positions). 391 

Lightly shaded backgrounds are used to mark the “Visible,” “Red-edge,” and “NIR” regions. 392 

(b) Enlarged view of the green peak (540–560 nm). 393 

(c) Enlarged view of the red absorption trough (660–680 nm). 394 

(d) Enlarged view of the NIR plateau (840–860 nm). 395 

 - - The dotted line represents the 1st leaf, — the solid line represents the 2nd leaf, and —▲— the solid line with 396 

triangle markers represents the 3rd leaf.  Lines represent means (n = 3), and shaded areas indicate ±1 standard 397 

deviation. 398 

 399 

 400 
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 401 

Figure 2 Leaf spectral reflectance of six varieties at the tillering stage. (a) Full spectrum (400–1000 nm): six spectral 402 

curves in different colors (one per cultivar), each displayed in three-line styles (representing the three leaf positions). 403 

Lightly shaded backgrounds are used to mark the “Visible,” “Red-edge,” and “NIR” regions. 404 

(b) Enlarged view of the green peak (540–560 nm). 405 

(c) Enlarged view of the red absorption trough (660–680 nm). 406 

(d) Enlarged view of the NIR plateau (840–860 nm). 407 

 - - The dotted line represents the 1st leaf, — the solid line represents the 2nd leaf, and —▲— the solid line with 408 

triangle markers represents the 3rd leaf.  Lines represent means (n = 3), and shaded areas indicate ±1 standard 409 

deviation. 410 
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 411 

Figure 3 Leaf spectral reflectance of six varieties at the elongation period. (a) Full spectrum (400–1000 nm): six 412 

spectral curves in different colors (one per cultivar), each displayed in three line styles (representing the three leaf 413 

positions). Lightly shaded backgrounds are used to mark the “Visible,” “Red-edge,” and “NIR” regions. 414 

(b) Enlarged view of the green peak (540–560 nm). 415 

(c) Enlarged view of the red absorption trough (660–680 nm). 416 

(d) Enlarged view of the NIR plateau (840–860 nm). 417 

 - - The dotted line represents the 1st leaf, — the solid line represents the 2nd leaf, and —▲— the solid line with 418 

triangle markers represents the 3rd leaf.  Lines represent means (n = 3), and shaded areas indicate ±1 standard 419 

deviation. 420 

 421 

 422 

 423 
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 424 

Figure 4 Leaf spectral reflectance of six varieties at the maturation stage. (a) Full spectrum (400–1000 nm): six 425 

spectral curves in different colors (one per cultivar), each displayed in three-line styles (representing the three leaf 426 

positions). Lightly shaded backgrounds are used to mark the “Visible,” “Red-edge,” and “NIR” regions. 427 

(b) Enlarged view of the green peak (540–560 nm). 428 

(c) Enlarged view of the red absorption trough (660–680 nm). 429 

(d) Enlarged view of the NIR plateau (840–860 nm). 430 

 - - The dotted line represents the 1st leaf, — the solid line represents the 2nd leaf, and —▲— the solid line with 431 

triangle markers represents the 3rd leaf.  Lines represent means (n = 3), and shaded areas indicate ±1 standard 432 

deviation. 433 

3.3. Correlation Analysis Between Leaf Nitrogen Content and Spectral Data 434 

The relationship between LNC and spectral reflectance (Original Reflectance, First-Derivative, and 435 

Log(1/R)) was analyzed across 108 samples. 436 

 437 
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3.3.1. Correlation with Original Reflectance (Figure 5a) 438 

Caption for Figure 5a: Pearson correlation coefficients (r) between original spectral reflectance 439 

and leaf N content (LNC) for the six sugarcane varieties. GT42 shows the strongest negative 440 

correlation in the visible region, while GL05136 shows the strongest positive correlation in the NIR. 441 

ROC22 exhibits an atypical positive correlation in the blue region. Visible Region (400–680 nm): A 442 

significant negative correlation dominated this region for most varieties. GT42 showed the strongest 443 

negative correlation (r = -0.32 at 555 nm). ROC22 was an exception, showing a significant positive 444 

correlation in the short-wavelength visible region (r = 0.33 at 410 nm) before transitioning to a weak, 445 

non-significant negative correlation. 446 

Red-Edge Region (680–750 nm): This region exhibited significant cultivar-specific differentiation. 447 

GT42 maintained a strong negative correlation (r = -0.35 at 709nm), while GL05136's correlation shifted 448 

from significantly negative to non-significant negative. Other varieties like GL05136 and ROC22 449 

showed weak or non-significant correlations throughout most of the red edge. 450 

NIR Region (750–1000 nm): A significant positive correlation was observed for most varieties. 451 

GL05136 showed the strongest and most stable positive correlation (r = 0.46 at 999 nm). In contrast, 452 

GT42 displayed a weak, non-significant positive correlation across the NIR region (Figure 5a). 453 

 454 

3.3.2. Correlation with First-Derivative Spectra (Figure 5b) 455 

Caption for Figure 5b: Pearson correlation coefficients (r) between first-derivative spectra and LNC. The 456 

derivative transformation amplifies subtle features, producing sharp correlation peaks, particularly in the 457 

red-edge region (e.g., GT42, r = 0.67 at 760 nm), highlighting its sensitivity to LNC variation. The first-458 

derivative transformation amplified subtle spectral features and produced sharper correlation peaks. 459 

Visible Region: The correlations showed sharp "peak-and-trough" fluctuations. Most varieties 460 

exhibited strong negative correlation peaks (e.g., ROC22, r = -0.57 at 485nm). GT42 again displayed a 461 

unique positive correlation peak (r = 0.52 at 633 nm). 462 

Red-Edge Region: This was the most sensitive region for the first-derivative, with all varieties 463 

showing sharp, strong positive correlation peaks. GT42 achieved the highest correlation coefficient in 464 

the entire study here (r = 0.67 at 760nm). ROC22 also showed a high correlation (r = 0.55 at 834nm). 465 

NIR Region: The correlations were weaker than in the red-edge but stronger than the original 466 

reflectance in the NIR. Multiple weak positive correlation peaks were dispersed across this region (Figure 467 

5b). 468 

 469 

3.3.3. Correlation with Log (1/R) Spectra (Figure 5c) 470 

Caption for Figure 5c: Pearson correlation coefficients (r) between Log (1/R) (apparent absorbance) and 471 

LNC. This transformation results in smoother correlation curves, reducing high-frequency noise while 472 

maintaining the core negative (visible) and positive (NIR) trends observed in the original reflectance. 473 

The logarithmic transformation resulted in smoother correlation curves, reducing noise while retaining 474 

key information. 475 

Visible Region: A smooth, significant negative correlation trend was observed. GL07150 showed the 476 

strongest correlation (r = -0.32 at 540 nm). ROC22's negative correlation in the green wavelengths was 477 

weaker (r = -0.09 at 550 nm) and non-significant. 478 
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Red Edge Region: The curves showed a smooth transition from negative to less negative/positive 479 

values, without the sharp peaks of the first derivative. GL07150 maintained the strongest negative 480 

correlation (r = -0.29 at 704nm). 481 

NIR Region: A stable positive correlation was evident for most varieties, with very smooth curves. 482 

GT42 had the strongest correlation (r = 0.47 at 999 nm). GT44 remained the exception with a weak, non-483 

significant correlation (Figure 5c). 484 

 485 

Figure 5 Correlation coefficient curves between the original spectral reflectance, first derivative of leaf spectra, 486 

logarithm of leaf spectra and nitrogen for six sugarcane varieties.  487 

(a) Original Reflectance vs. LNC 488 

(b) First-Derivative vs. LNC 489 

(c) Log(1/R) vs. LNC 490 

Note：The shaded background highlights spectral regions: visible (blue), red edge (green), and NIR (yellow). The 491 

dashed horizontal line at r = 0 indicates no correlation. The exceptional positive correlation in the visible region for 492 

ROC22 underscores the risk of using generic visible band indices (e.g., those based on green reflectance) across all 493 

cultivars.) 494 

3.4. Model Inversion of Leaf Nitrogen Content 495 

3.4.1. Characteristic Band Selection 496 

Pearson correlation analysis can objectively identify the most informative spectral bands by quantifying 497 

the strength of the linear relationship between each wavelength and the target variable. This method 498 

avoids subjective selection bias and directly identifies key spectral regions based on data, providing 499 

highly correlated input variables for subsequent modeling. Characteristic bands for each cultivar and 500 

spectral type were selected based on the highest absolute Pearson correlation coefficients with LNC. The 501 

results showed that: 502 

For Original Reflectance, the characteristic bands for GL05136, ROC22, and GT42 were identical 503 

and located in the far-NIR (997-1000 nm). ROC16's bands were clustered around 931-934 nm, while 504 

GT44's were in the red edge (690-693 nm). 505 

For First-Derivative spectra, the selected bands were more dispersed across the spectrum, 506 

highlighting the ability of this transformation to identify unique, sensitive wavelengths for different 507 

varieties (e.g., ROC22: 485 & 834 nm; GT42: 720-725 nm). 508 

For Log (1/R) spectra, the characteristic bands were highly similar or identical to those selected from 509 

the Original Reflectance, confirming the retention of core informational content while changing the 510 

representation (Table 2). 511 

 512 
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 513 

Table 2: Characteristic wavelengths selected for each cultivar and spectral transformation type, 

identified as the four bands with the highest absolute Pearson correlation coefficients (|r|) with Leaf 

Nitrogen Content. 

Spectral Type Cultivar Characteristic Wavelengths (nm) 

Original 

Reflectance 
GL07150 526.78 527.56 525.99 529.13 

 GL05136 999.84 999.11 998.37 997.64 

 ROC22 999.84 999.11 998.37 997.64 

 ROC16 931.32 932.06 932.80 933.54 

 GT44 692.22 690.68 692.98 691.45 

 GT42 999.84 999.11 998.37 997.64 

First Derivative GL07150 758.69 757.93 759.45 452.55 

 GL05136 968.25 968.99 821.50 993.97 

 ROC22 485.02 834.30 485.81 833.55 

 ROC16 759.45 760.21 757.93 757.17 

 GT44 718.27 717.51 719.04 719.80 

 GT42 721.33 725.15 724.39 720.56 

Log (1/R) GL07150 540.91 541.69 540.12 539.34 

 GL05136 999.84 999.11 998.37 997.64 

 ROC22 999.84 999.11 998.37 997.64 

 ROC16 932.06 931.32 932.80 933.54 

 GT44 690.68 691.45 692.22 689.91 

 

 
GT42 999.84 999.11 998.37 997.64 

 514 

3.4.2. Model Construction and Validation 515 

The performance of PLSR and Random Forest (RF) models, built using the characteristic bands from the 516 

three spectral types, is summarized in Table 3. Optimal Models: The combination of FD spectra with 517 

the Random Forest algorithm yielded the best prediction models for four out of six varieties (GLO7150, 518 

GL05136, ROC22, and GT42). For ROC22, this model achieved the highest testing set R² of 0.50 and 519 
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an RMSE of 1.74, representing the best generalization performance among all models. For GL05136, 520 

the FD-RF model showed high training accuracy (R² = 0.84) but a marked drop in testing (R² = 0.17), 521 

suggesting potential overfitting or cultivar-specific spectral instability. For GT42, the "First-Derivative 522 

+ RF" model achieved the lowest testing set RMSE (1.45), indicating high prediction accuracy. Other 523 

Models: For ROC16 and GT44, the best model was the combination of Log (1/R) spectra with RF, 524 

although their overall performance was weaker (testing set R² of 0.18 and 0.08, respectively). General 525 

Trends: Random Forest consistently outperformed PLSR in most scenarios, demonstrating its superior 526 

capability in handling the non-linear relationships between spectra and LNC. First-Derivative was the 527 

most effective spectral preprocessing method for enhancing model performance, particularly when 528 

combined with RF (Table 3). 529 

Models based on Original Reflectance generally performed the worst, highlighting the necessity of 530 

spectral transformations. Model performance was cultivar-specific, underscoring the importance of 531 

developing customized or grouped models rather than a single universal model for sugarcane. 532 

 533 

Table 3 Performance metrics of the optimal Leaf Nitrogen Content prediction model for each sugarcane 

cultivar cultivar s of the optimal Leaf Nitrogen Content prediction model for each sugarcane 

Cultivar 
Optimal Model 

Combination 

Training 

R² 

Training 

RMSE 

Testing 

R² 

Testing 

RMSE 

Performance  

Category 

GL07150 
 

FD + RF 
0.74 1.12 0.44 1.54 Moderate 

GL05136 
 

FD + RF 
0.84 1.07 0.17 1.84 Moderate 

ROC22 
 

FD + RF 
0.77 1.23 0.50 1.74 Recommended 

ROC16 Log (1/R) + RF 0.48 1.72 0.18 2.41 
Needs 

Improvement 

GT44 Log (1/R) + RF 0.61 1.12 0.08 2.17 
Needs 

Improvement 

GT42 
 

FD + RF 
0.83 1.06 0.34 1.45 Recommended 

Note: RF denotes Random Forest. R²: Coefficient of Determination; RMSE: Root Mean Square Error (mg/g). 534 

Testing set metrics in bold represent the optimal values across all cultivars. 535 

4. DISCUSSION 536 

This research provided a systematic, leaf-level investigation into the dynamic interplay of cultivar, 537 

growth stage, and leaf position on the hyperspectral estimation of leaf N content (LNC) in sugarcane. 538 

Our findings confirmed that the relationship between LNC and spectral reflectance is dynamically related 539 
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the interactions among the three key factors: cultivar, growth stage and leaf position of sampling. The 540 

results indicated the effect of cultivar is superior to other two factors. The following discussion covered 541 

the core findings in the context of plant physiology and remote sensing, as compared with previous 542 

reports and elucidated the mechanisms behind model performance variations, and pointed out this study's 543 

limitations and future research needs. 544 

4.1. Multi-Factor Interactions: Implications for the Precision Monitoring Paradigm 545 

The most fundamental conclusion of this study is the statistically significant interactive effect of cultivar, 546 

growth stage, and leaf position on both LNC and spectral reflectance. This aligns with the results of 547 

precision agriculture that genotype-by-environment interactions (G×E) profoundly influence crop 548 

phenotypes, including spectral signatures (Fan et al., 2023; Yang et al., 2022). However, much of the 549 

existing hyperspectral researches were related to crop N, though acknowledged these factors, only 550 

considered to develop universal models that "average out" such variability or studied in isolation 551 

(Canicattì et al., 2025; Lin et al., 2022). Our work explicitly quantified the strength and nature of these 552 

three-way interactions at the leaf level in sugarcane, a crop lacked with such a detailed coverage. This 553 

quantification is crucial because it provided experimental evidence against the use of oversimplified 554 

generic models in commercial sugarcane production with genetic and temporal heterogeneity.  555 

The physiological basis for these interactions is well grounded: Cultivar differences arise from 556 

genetically encoded variations in leaf anatomy (e.g., palisade mesophyll thickness, cellular complexity), 557 

biochemical composition (e.g., chlorophyll a/b ratio, epicuticular wax), and nitrogen use efficiency (NUE) 558 

(Li et al., 2025; Tross et al., 2024). Growth stage effects mirror the shifting source-sink relationships 559 

and N translocation patterns as sugarcane progresses from vegetative growth to maturation (Perlo et al., 560 

2020; Wang et al., 2025). Leaf position effects directly are related to the spatial gradient of N within the 561 

plant, reflecting the distinct physiological roles of young, mature, and senescing leaves (Araki et al., 562 

2025; Ning et al., 2025). 563 

Within this complex interplay, our identification of the 2nd leaf as the most stable and optimal 564 

indicator for spectral monitoring is a key, crop-specific insight. This finding resonates with the concept 565 

of a "diagnostic leaf" or "most recently fully expanded leaf" used in other crops like maize and cotton 566 

for nutrient status assessment (Chen et al., 2025; Tang et al., 2025). The 2nd2 leaf in sugarcane likely 567 

represents a physiological "sweet spot": it is a mature, photosynthetically active source leaf with N status 568 

being integrative of plant demand but less transient than the still-developing 1st leaf or the potentially 569 

remobilizing 3rd leaf. By experimentally demonstrating its spectral stability across stages and cultivars, 570 

this study provided a strong rationale for standardizing field sampling protocols on the 2nd leaf. Adopting 571 

this simple, evidence-based protocol can significantly reduce one major source of noise (leaf ontogenetic 572 

variation) in large-scale spectral monitoring, thereby improving the consistency and reliability of data 573 

collected for precision farming. 574 

4.2.  In-Depth Interpretation of Spectral Response Mechanisms: From Phenomenon to 575 

Underlying Principles 576 

The observed correlation patterns between LNC and reflectance offer a window into the underlying 577 

biophysical mechanisms, while the noted exceptions underscore the complexity introduced by cultivar 578 

genetics. Understanding these mechanisms is not merely academic; it guides the rational selection of 579 

spectral features and sensors for operational use. 580 
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The pervasive negative correlation in the visible region (400-680 nm), particularly around the 581 

chlorophyll absorption features (red ~670 nm, blue ~450 nm) and the green reflectance peak (~550 nm), 582 

is classic and expected. It is primarily driven by the strong coupling between N and chlorophyll synthesis. 583 

Increased N availability typically enhances chlorophyll concentration, leading to greater absorption of 584 

photosynthetically active radiation and lower reflectance, especially in the red and blue regions, with a 585 

concomitant damping of the green peak (Falcioni et al., 2023). The notable exception of ROC22, which 586 

showed a weak or even positive correlation in parts of the visible spectrum, is highly instructive, 587 

suggesting a potential decoupling of N allocation from chlorophyll production in this specific cultivar. 588 

Nitrogen may be preferentially partitioned into non-photosynthetic pools (e.g., soluble proteins, amino 589 

acids) or structural components, or its leaf surface properties (e.g., glaucousness) and dominates the 590 

reflectance signal in these shorter wavelengths (Li et al., 2022). This cultivar-specific behavior is a 591 

critical caution against the blind application of visible-band indices (like simple ratio or NDVI 592 

derivatives) across diverse genetic material. It underscores the need for sensor systems or algorithms 593 

capable of capturing a broader spectral range to accommodate such genetic divergence. 594 

The red edge region (680-750 nm) emerged as the zone of greatest cultivar-specific differentiation. 595 

The effectiveness of the first-derivative transformation here highlights its power to resolve subtle features. 596 

The red edge is phenomenologically a region of rapid change in reflectance, governed by the combined 597 

effects of strong chlorophyll absorption in the red and high leaf internal scattering in the NIR. Its exact 598 

position (REP) and slope are sensitive to both chlorophyll concentration and leaf mesophyll structure (Li 599 

et al., 2025; Spafford et al., 2021). The sharp, high-correlation peaks in the FD spectra for cultivars like 600 

GT42 (r=0.67 at 760 nm) indicate that the rate of change of reflectance in this region is tightly linked to 601 

their LNC. The variation in these red edge responses among cultivars likely is related directly onto their 602 

genetic differences in leaf mass per area (LMA), palisade cell development, and chloroplast density. 603 

Therefore, the red edge is not just a sensitive region for detection of N but a diagnostic region for 604 

identifying how different cultivars express their N status optically. This has direct implications for sensor 605 

design: broad-band multispectral sensors with fixed red-edge channels may be suboptimal for sugarcane 606 

N monitoring across diverse varieties. Hyperspectral sensors or carefully tuned, cultivar-specific narrow-607 

band indices are recommended to capture these genetic nuances for precise diagnosis. 608 

The consistent positive correlation in the NIR plateau (750-1000 nm) is largely attributed to the 609 

influence of N on leaf internal structure. Nitrogen is a key component of proteins and enzymes involved 610 

in building cellular structures. Higher N often correlates with greater leaf thickness and more developed 611 

internal air spaces (spongy mesophyll), which enhance multiple scattering of NIR radiation, thereby 612 

increasing reflectance (Sukhova et al., 2025). However, this relationship is indirect and can be 613 

confounded. Leaf water content, which also strongly absorbs in specific NIR bands (e.g., ~970 nm), and 614 

dry matter content are co-varying factors (Maimaitiyiming et al., 2017). The strength of the NIR-LNC 615 

correlation may therefore be environment- and cultivar-dependent, explaining why some cultivars 616 

showed weaker NIR signals. For field applications, NIR-based indices may be more robust under stable 617 

hydration conditions or require correction for leaf water content to improve their reliability for N 618 

estimation. 619 

 620 

4.3. Model Performance Analysis: Algorithmic Efficacy Meets Biological Complexity 621 
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The consistent outperformance of the Random Forest (RF) algorithm over Partial Least Squares 622 

Regression (PLSR) across most scenarios provided strong evidence that the relationship between the 623 

full hyperspectral feature set and LNC in sugarcane is inherently non-linear. PLSR is a robust linear 624 

method designed for high-dimensional, collinear data, but it assumes linear relationships (Tanzilli et al., 625 

2025). RF, as an ensemble of decision trees, excels at capturing complex, non-linear interactions, 626 

thresholds, and hierarchical dependencies within the data without a priori assumptions, making it 627 

particularly suited for modeling intricate biological phenomena (Tan et al., 2025). Its built-in feature 628 

importance metrics (though not extensively used here) also offer avenues for interpretability. For 629 

precision agriculture applications, the choice of algorithm directly impacts prediction accuracy. Our 630 

results strongly advocate for the adoption of non-linear, machine-learning approaches like RF over 631 

traditional linear models in developing spectral prediction tools for sugarcane. 632 

The first derivative (FD) transformation proved to be the most effective spectral preprocessing 633 

method. Its success lies in its dual action: it removes additive baseline offsets (e.g., caused by subtle 634 

changes in measurement geometry or leaf surface scattering) and amplifies areas of the spectrum where 635 

the reflectance curve changes slope (Tsai and Philpot, 1998). The slope changes are often associated with 636 

the absorption features of specific biochemicals. By highlighting the shape of the spectrum rather than 637 

its absolute magnitude, FD features are more robust to certain types of noise and are particularly adept 638 

at isolating features in overlapping regions like the red-edge, which explains the dominance of the 639 

"FD+RF" combination. This finding provided a clear preprocessing guideline for future spectral analysis 640 

workflows aimed at sugarcane N diagnosis. 641 

A deep dive into the cultivar-specific model performance yields valuable methodological and 642 

biological insights. The strong performance of the FD-RF model for ROC22 (Test R² = 0.50, the highest 643 

among all) suggests that for this cultivar, the N status is encoded in a clear and consistent manner within 644 

the shape-sensitive features of its spectrum (likely in the red-edge), and this relationship generalizes well 645 

to unseen data. Such cultivars are ideal candidates for the immediate development of operational spectral 646 

diagnostic tools. 647 

In stark contrast, the case of GL05136 reveals classic signs of overfitting (Training R² = 0.84 vs. Test 648 

R² = 0.17). A methodological explanation could be that the characteristic bands selected for GL05136, 649 

while perfectly correlated with LNC in the training set, were coincidentally aligned with spectral features 650 

sensitive to random noise or a confounding factor not represented in the test set. Alternatively, the training 651 

set for GL05136 might have an unrepresentative distribution of LNC values. A physiological 652 

hypothesis is more intriguing: GL05136 may possess a highly plastic or unstable "nitrogen-spectral 653 

phenotype." Its spectral response to nitrogen might be strongly moderated by another unmeasured, 654 

internally varying factor (e.g., diurnal carbohydrate status, hydraulic condition), making the relationship 655 

fundamentally noisier and less predictable. This underscores that model failure can be as informative as 656 

success, pointing to cultivars with more complex physiology that may require alternative sensing 657 

approaches or larger, more diverse training datasets. For precision management, this implies that a single 658 

modeling approach may not suit all cultivars; some may require more sophisticated sensor fusion (e.g., 659 

combining reflectance with fluorescence) or the integration of ancillary agronomic data. 660 

The optimal model for ROC16 and GT44 was "Log (1/R) + RF." The logarithmic transformation 661 

converts reflectance to apparent absorbance, which can linearize relationships with constituent 662 

concentrations according to the Beer-Lambert law and compress multiplicative scattering effects (Rawal 663 
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et al., 2024). This preprocessing might be particularly beneficial for cultivars of which leaf surface 664 

properties (e.g., thick cuticle, wax) cause significant, variable scattering that obscures absorption features 665 

in the raw reflectance. 666 

The overarching conclusion from the modeling exercise is unambiguous: A single, universal 667 

hyperspectral model for predicting LNC across all sugarcane cultivars is neither optimal nor 668 

realistic. Our results strongly advocate for a cultivar-specific or cultivar-group-specific modeling 669 

approach. Future precision agriculture tools for sugarcane should ideally incorporate a two-step process: 670 

firstly, cultivar identification (potentially via spectral or image analysis), followed by the application of 671 

the appropriate, pre-trained spectral prediction model for that cultivar. This 'precision phenotype' 672 

approach is the key to unlocking reliable, large-scale spectral N monitoring. 673 

4.4. From Leaf-Level Insights to Field-Scale Operations: A Pathway for Precision 674 

Nitrogen Management 675 

This study, while comprehensive within its controlled leaf-level scope, provides the essential groundwork 676 

for operational systems. The transition from controlled leaf measurements to field-scale precision 677 

management requires scale translation and system integration. 678 

1. Bridging the Scale Gap: Our leaf-level models establish the fundamental "nitrogen-spectrum" 679 

relationships. The next critical step is translating this to the canopy scale relevant to UAV, aerial, or 680 

satellite sensing. This can be approached through: (i) Empirical scaling studies conducting concurrent 681 

leaf and canopy hyperspectral measurements across different canopy structures and planting densities. 682 

(ii) Radiative transfer modeling (RTM) using models like PROSAIL to physically link leaf optical 683 

properties (as characterized here) with canopy reflectance, allowing for mechanistic inversion and 684 

understanding of background/architecture effects (Féret et al., 2017). (iii) End-to-end machine 685 

learning trained directly on high-resolution UAV-based hyperspectral imagery of canopies with known 686 

LNC (using the 2nd leaf protocol), thereby understanding the complex scaling function directly from 687 

data. 688 

2. Towards an Integrated Decision Support System: The goal is informed action. We envision 689 

a hierarchical monitoring and decision framework: 690 

* Zone-Level Scouting: Use satellite or UAV multispectral imagery to identify field zones with potential 691 

N stress (e.g., low NDVI). 692 

* Diagnosis: Within suspect zones, use portable spectrometers (equipped with leaf clips) to collect 693 

spectra from the 2nd leaf, applying the appropriate cultivar-specific FD-RF model developed in this study 694 

for accurate LNC diagnosis. 695 

* Prescription Generation: Integrate the diagnosed LNC with agronomic models, such as critical N 696 

dilution curves for sugarcane or crop growth simulation models, to calculate the site-specific N 697 

requirement (Lemaire et al., 2008). 698 

* Precision Application: Turn the N requirement into variable-rate application equipment to execute 699 

spatially optimized fertilization. 700 

3. Limitations and Future Research Directions: To realize this pathway, future work must 701 

address:(i) Multi-environment validation across different soil types, climates, and management 702 

regimes to ensure model robustness. (ii) Integration with other sensors (e.g., thermal, LiDAR) to 703 

account for confounding factors like water stress and canopy structure. (iii) Developing low-cost, rapid 704 
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diagnostic tools embedding our key findings (e.g., smartphone-based spectroscopy targeting the 2nd leaf, 705 

coupled with cloud-based cultivar-specific model processing). (iv) Economic and feasibility studies to 706 

evaluate the cost-benefit ratio of implementing such a spectral-based precision N management system 707 

compared to conventional practices. 708 

In conclusion, this study elucidates the complex, interactive nature of factors influencing the 709 

hyperspectral estimation of N in sugarcane and establishes a robust, cultivar-aware modeling framework 710 

centered on the 2nd leaf and FD-RF processing. These findings advance the fundamental understanding 711 

of crop spectral responses and provide concrete, actionable technical protocols—optimal sampling 712 

strategy, preprocessing method, and algorithm selection—tailored to sugarcane's genetic diversity. By 713 

pursuing the outlined research and development pathway, this work lays a solid foundation for translating 714 

hyperspectral remote sensing into a tangible, decision-ready technology for sustainable and precise 715 

nitrogen management in global sugarcane production. 716 

 717 

5. CONCLUSION 718 

 719 

In conclusion, this study systematically demonstrated that the hyperspectral estimation of LNC in 720 

sugarcane is profoundly governed by the complex interactions of cultivar, growth stage, and leaf position. 721 

We identified the 2nd leaf as the most stable and representative indicator for spectral monitoring. Distinct 722 

spectral response mechanisms were revealed: a negative correlation in the visible region (520–570 nm) 723 

driven by chlorophyll absorption, a positive correlation in the NIR (930–999 nm) linked to leaf structure, 724 

and a highly cultivar-specific response in the red-edge region (700–730 nm). For model development, 725 

the first-derivative transformation was the most effective preprocessing technique, and the Random 726 

Forest algorithm consistently outperformed linear methods, highlighting the non-linear nature of the 727 

nitrogen-spectrum relationship. Critically, the optimal model was cultivar-specific, with the "First-728 

Derivative + Random Forest" combination providing the most robust predictions for most cultivars. 729 

These findings provide a critical theoretical foundation and a practical, optimized framework for 730 

advancing precision N management in sugarcane production via hyperspectral remote sensing. 731 

Beyond these scientific insights, this research delivers clear practical guidance for advancing precision 732 

N management in sugarcane. In practice, we recommend: (1) standardizing field sampling on 733 

the 2nd leaf; (2) applying first-derivative preprocessing; (3) building cultivar-specific Random 734 

Forest models. This framework can be integrated into spectral-based decision support systems for 735 

site-specific N recommendations in sugarcane. The findings pave the way for developing next-736 

generation, spectral-based decision support tools that can integrate cultivar information, optimize sensor 737 

configuration, and ultimately contribute to site-specific N recommendation systems. This progression is 738 

essential for improving N use efficiency, reducing environmental impact, and boosting the economic 739 

sustainability of sugarcane production.  740 

Implications and Impacts: The findings pave the way for developing next-generation, spectral-based 741 

decision support tools that can integrate cultivar information, optimize sensor configuration, and 742 

ultimately contribute to site-specific N recommendation systems. And elucidates the complex, interactive 743 
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nature of factors influencing the hyperspectral estimation of N in sugarcane and establishes a robust, 744 

cultivar-aware modeling framework centered on the 2nd leaf and FD-RF processing. 745 
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