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Abstract
Purpose

The primary objective of this study was to evaluate the potential of high spatial resolution Jilin-1 satellite
imagery for plot-level prediction of sugarcane yield, millable stalk population, and Brix, and to assess
whether integrating spectral, texture, soil, and fertilization information could improve prediction
performance for precision sugarcane management.

Methods

Jilin-1 satellite imagery acquired at four growth stages, from seedling to maturity, was used to derive
vegetation indices (VIs) and texture indices (TIs), including the normalized difference texture index
(NDTI), enhanced vegetation texture index (EVTI), and double-difference ratio texture index (DDRTI). Soil
chemical properties (SCPs) and fertilization information (FI) were further incorporated with the remotely
sensed variables. Machine learning models were developed for plot-level prediction of sugarcane traits
across plant cane and first ratoon cane, and texture window size was optimized to improve Tl extraction
and model performance.

Results

For yield, the combination of Vls and Tls outperformed Vls alone at the tillering stage (RZCV =0.65,
RMSECV = 15.06 t/ha, RPDCV = 1.68). Adding SCPs and FI further improved yield prediction across plant
cane and first ratoon cane (RZCV =0.70, RMSECV =13.84 t/ha, RPDCV = 1.83). Millable stalk population
was best predicted at the maturation stage by Vls and Tis, achieving the best performance (R%., = 0.63,
RMSECV = 6602 stalks/ha, RPDCV = 1.66). The best Brix model integrated Vls, Tls, SCPs, and Fl at the
maturation stage (RZCV = 0.44, RMSECV = 0.53 °Bx, RPDCV = 1.33). SHAP analysis identified VIs as the

dominant features for sugarcane traits prediction. And, DDRTI contributed more than NDTI and EVTI in
yield and Brix prediction.

Conclusion

It is concluded that integrating spectral, texture, soil, and fertilization information from high spatial
resolution Jilin-1 imagery is a promising approach for improving plot-level prediction of key sugarcane
traits.

1. Introduction
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Sugarcane (Saccharum spp.) is one of the most important crops in tropical and subtropical regions, with
a global planting area of more than 27 million hectares (FAQ, 2025). It contributes more than 80% of
global raw sugar production and plays a major role in bioenergy development, accounting for
approximately 40% of global fuel ethanol production (Canton, 2021; Rosa et al., 2026). Stable high-yield
and high-quality sugarcane production is important for the sustainable development of both the sugar
and bioenergy industries. Sugarcane is a semi-perennial crop with a growth cycle of approximately 12-
18 months, typically including the seedling, tillering, elongation, and maturation stages (Som-ard et al.,
2021). Across these stages, substantial changes occur in canopy structure, biomass accumulation, leaf
area index (LAI), and physiological status, which lead to pronounced variation in remote sensing signals
(Yang et al., 2025). During the seedling stage, new ratoons emerge, and biomass and LAl remain low. At
the tillering stage, canopy cover expands rapidly and biomass accumulation accelerates. During the
elongation stage, stalk elongation and leaf expansion dominate, leading to rapid biomass accumulation,
high canopy closure and an increasingly complex vertical canopy structure. At the maturation stage,
leaves progressively senesce and chlorophyll content declines, while sucrose accumulates in the stalks
(Li et al., 2019). This phenological transition may weaken the direct relationship between canopy
greenness and yield-related traits, which makes conventional greenness-based indicators less reliable
for monitoring final production status (Som-ard et al., 2021).

Sugarcane traits, such as millable stalk population, stalk weight, plant height, biomass and sucrose
content, directly determine yield and economic return (Meier et al., 2016; Li et al., 2019). Early season
acquisition of these traits is important. It enables timely management interventions, supports early
screening in breeding programs, and improves decision making before harvest (Akbarian et al., 2024).
However, conventional sugarcane phenotyping still relies heavily on manual field surveys and destructive
sampling. Estimating yield and the millable stalk population usually requires large-scale field harvesting
and manual counting (Zhu et al., 2026). Determining sugar content depends on destructive crushing of
mature stalks (de Franca e Silva et al., 2024). These approaches are laborious-intensive, costly and
destructive, which limits the application of precision agriculture. Remote sensing provides a non-
destructive and large-scale alternative for crop monitoring and has been widely used in sugarcane
mapping, growth monitoring, stress detection, and yield estimation (Jimenez-Sierra et al., 2020; Xu et al.,
2025; Kambli & Palkar, 2025).

Many studies have used vegetation indices such as NDVI, GNDVI and EVI, to characterize canopy
greenness and vigor (Akbarian et al., 2022). However, some commonly used broadband vegetation
indices (e.g., NDVI) may become less sensitive under medium to high vegetation cover (Gao et al., 2023).
In addition, many inversion models were originally developed based on medium and low spatial
resolution imagery in which each pixel generally represents the average condition of a relatively large
canopy area (Luciano et al., 2021; Amorim et al., 2022). As spatial resolution increases from medium or
low resolution to the meter scale, the physical meaning of a pixel changes. Canopy heterogeneity,
geometric effects, and local radiometric fluctuations become much more pronounced (Fan et al., 2025).
The applicability of these models to high spatial resolution data has not been thoroughly evaluated.
Thus, traditional models may lead to greater retrieval uncertainty. Furthermore, canopy saturation is
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prone to occur when vegetation indices are applied to medium to high vegetation coverage (Zhao et al.,
2012). Relying solely on spectral information is insufficient to capture the spatial complexity of
sugarcane canopies, which further constrains the prediction of canopy traits (Liu et al., 2023a).

High spatial resolution remote sensing data offer spectral information and spatial details (including
texture, shape, edge, and canopy arrangement patterns). Texture features derived from high-resolution
imagery have the potential to characterize canopy spatial organization and structural variability (Zhu et
al., 2026). The influences of canopy gaps, shadows, row structure, and adjacency-related radiometric
interactions become more evident (Fan et al., 2025). Some studies have shown that integrating spectral
and texture features from UAV imagery, can improve the estimation of crop biomass (Xie & Yang, 2020;
Liu et al., 2023a), leaf area index (Yuan et al., 2023) and yield (Yu et al., 2025). However, the performance
of texture based methods is also sensitive to feature extraction settings, such as window size, and
direction, which may substantially affect parameter inversion accuracy and model robustness (Ozkan &
Demirel, 2021). Moreover, the limited spatial coverage and operational scalability of UAV imagery restrict
its use in routine large-area applications (Phang et al., 2023). Meter-level satellite imagery is a critical
observational scale that bridges ultra fine observations and operational agricultural monitoring (Aleman-
Montes et al., 2023; Fan et al., 2025). Open-access satellite constellations such as Sentinel have played
an important role in crop monitoring (Luciano et al., 2021). However, these data are often constrained by
revisit intervals and cloud contamination in tropical and subtropical regions. Increasing attention has
been directed toward high resolution commercial imagery for more detailed agricultural monitoring and
improved yield estimation (Wang et al., 2025). Nevertheless, systematic investigations of texture
features under high spatial resolution conditions, including the optimal parameters for texture feature
extraction and effective combination strategies remain limited. The potential of integrating spectral and
texture data has not yet been fully explored for sugarcane phenotyping.

Among these platforms, the Chinese Jilin-1 satellite constellation provides a balance among spatial
resolution, revisit frequency and cost-effectiveness. Its application potential has been evaluated in leaf
area index inversion for corn and rice (Du et al., 2023), environmental quality assessment in flood-prone
areas (Chen et al., 2023), and wetland vegetation classification using UAV-satellite fusion technology (Fu
et al., 2022). Although Jilin-1 imagery perform effectively in these fields, its potential in field-level crop
phenotyping monitor has not been fully investigated. For sugarcane yield estimation, previous studies
have adopted process-based crop models combined with data assimilation to improve prediction
accuracy at regional scales (Xu et al., 2025). However, applying these process-based framework to meter
level imagery is often data- and parameter-intensive. Acquiring such fine scale inputs is challenging to,
which limits their practical applicability in fine-scale crop monitoring (de Franca e Silva et al., 2024; Rosa
et al., 2026). Machine learning (ML) algorithms are good at modeling complex non-linear relationships.
They have shown great potential in dealing with multi-source heterogeneous data (Paudel et al., 2021; Li
et al., 2026). In addition, explainable artificial intelligence has also attracted increasing attention due to
the transparency of model decision-making processes (Xuan et al., 2025; Wu et al., 2025). Integrating
high-resolution spectral features, texture information, and multi-source agricultural auxiliary data for plot
level sugarcane trait prediction by ML algorithm has not yet been fully established.
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This study aims to evaluate the potential of meter-level Jilin-1 imagery for plot-level sugarcane
phenotyping. Plot-level field observations were collected for key sugarcane traits, including yield, millable
stalk population, and Brix. Three objectives were addressed: 1) trait estimation, assessing the ability of
spectral and texture indices to estimate key sugarcane traits; 2) data integration, evaluating whether the
incorporation of multi-source agricultural auxiliary data improves prediction accuracy; and 3) model
interpretation, identifying the most important predictors for different traits using explainable machine
learing.

2. Materials and methods

2.1. Study area and experimental design

A two-year trial was conducted at the Zhanjiang Research Center (Nanfan Seed Industry Research
Institute of Guangdong Academy of Sciences) in Suixi County, Guangdong Province (Fig. 1). This
location has a tropical monsoon climate, with an annual average temperature of about 23°C and
precipitation exceeding 1400 mm. There is sufficient sunlight, heat and water, which are highly suitable
for sugarcane cultivation. The study spanned two years, focusing on plant cane in 2024 and first ratoon
cane in 2025. The experimental field consisted of 32 plots, and the sugarcane variety planted was
‘Yutang 03373". Each 100-square-meter plot contained 9 rows, with each row approximately 10 m in
length.

Basal and topdressing fertilizers were applied at the seedling and tillering stages, respectively. The
experiment comprised eight fertilization regimes (T1-T8) using a compound fertilizer (N: P,05: K,0 = 15:
15: 15), as detailed in Table ST1.

2.2. Data acquisition and preprocessing

2.2.1. Field data acquisition

Phenotypic data were collected on November 19, 2024 (plant cane) and December 2, 2025 (first ratoon
cane), at the early maturity stage. In addition, for each plot, 20 plants were randomly selected to measure
plant height (cm), stem diameter (cm) and single stem weight (g). To minimize edge effects, sampling
was restricted to the three central rows (rows 4-6) of each plot. Twenty stalks were randomly selected
from this zone for yield component analysis. Brix was measured from the juice of middle internodes
using a handheld refractometer. Millable stalk population were defined as healthy, mature stalks meeting
agronomic standards for height and diameter. The total number of stalks was estimated by counting the
number of stalks in the middle row and extrapolating the density to the plot level. Yield was calculated
based on the formula for stem fresh weight per hectare. The calculation formulas are as follows:

2
W=m x (g) x Lx p
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Y=Wx MS
2

where Y is the yield (t/ha), W is the theoretical single stalk weight (kg), D and L denote stalk diameter
(cm) and length (cm), respectively, MS is the number of millable stalks, and p is the stalk density
(constant at 1.05 g/cm?).

Soil samples were collected from the 0—20 cm soil layer of each plot prior to planting. The soil chemical
properties were analyzed in the laboratory (Table S2).

2.2.2. Remote sensing data acquisition and preprocessing

Jilin-1 satellite imagery for the seedling, tillering, elongation and maturation stages was obtained via the
official data portal (https://www.jlTmall.com/). Each scene included a panchromatic band and four
multispectral bands (Blue, Green, Red, and Near-Infrared). Table S3 details the sensor specifications and
acquisition dates. We digitized plot boundaries using QGIS 3.34. The preprocessing workflow was
conducted in ENVI 5.6, involving radiometric calibration, atmospheric correction, geometric registration,
and image fusion to derive surface reflectance. The spectral response functions for atmospheric
correction were obtained from the website (https://www.jlTmall.com/resrepo/).

2.2.3. Calculation of vegetation and texture indices

The preprocessed Jilin-1 imagery and sugarcane plot vector boundaries were imported into the GEE
platform. Twenty widely used VIs were computed, as listed in Table S4. Texture features (TFs) were
extracted using the GLCM algorithm (Haralick et al., 1973). This process employed three moving window
sizes (3x3, 5x5, and 7x7 pixels), and the texture features were averaged across four directional angles
(0°, 45°,90°, and 135°) for each window size. Consequently, eight standard TFs (Table S5) were
generated for each of the four spectral bands Furthermore, three advanced indices, namely the
normalized difference texture index (NDTI), enhanced vegetation texture index (EVTI) and double
difference ratio texture index (DDRTI), were constructed by combining these TFs. Table 1 lists the
calculation formulas for the Tls.
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Table 1
Summary of texture indices used in this study.

Parameters Formulas Reference

Normalized Difference Texture Index (NDTI) NDTI = H+ (Zheng et al., 2019)
= N7

Enhanced Vegetation Texture Index (EVTI) EVTI — %75%@(1\"( z;nf)egﬂal i ,2023)
= 11 xT3+1)

Double Difference Ratio Texture Index (DDRTI) DDRTI — ﬁ_%ﬁhis study

Note: T,—T, denote the same texture feature derived from arbitrary spectral bands.

2.3. Feature selection

Pearson correlation analysis was performed to investigate the relationships between input variables,
revealing the presence of high multicollinearity and redundancy. To address this issue, SVR-RFE (Guyon
et al., 2002) was used to identify the optimal feature subset. This method iteratively removed the
features with the lowest model contribution, retaining only those with the highest predictive power for
each growth stage.

2.4. Machine learning models

This study evaluated the ability of Jilin-1 satellite imagery to predict phenotypic traits of four growth
stages of sugarcane (seedling, tillering, elongation, and maturation stages). Four regression models
were compared, namely ridge regression (RR) (Hoerl & Kennard, 1970), Gaussian process regression
(GPR) (Rasmussen and Williams, 2006), categorical boosting (CatBoost) (Friedman, 2002; Zhang et al.,
2020) and support vector regression (SVR) (Drucker et al., 1997; Durbha et al., 2007). All analyses and
modeling were conducted using Python 3.12.

2.5. Model optimization and evaluation

Grid search with five-fold cross-validation was used to optimize the model hyperparameters. The specific
parameters and search ranges are listed in Table Sé.

Leave-one-out cross-validation (LOOCV) (Brovelli et al., 2008) was used to evaluate the model.
Subsequently, the bootstrap method (Efron, 1979) was applied to further verify the robustness and
reliability of the model. Model performance was evaluated using the coefficient of determination (R?),
root mean square error (RMSE) and ratio of performance to deviation (RPD). The RPD values were
interpreted based on the classification criteria proposed by Gaston et al. (2010): 1.0-1.4 indicates poor
prediction; 1.4-1.8, fair; 1.8—2.0, good; and 2.0-2.5, very good. The calculation formulas are as follows:
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where y; is the actual value; ¥, is the predicted value; &Z is the mean of the actual values; n is the
number of samples; and SD is the standard deviation of the target variable.

2.6. Feature importance assessment

SHAP (Lundberg and Lee, 2017) was used to interpret model predictions. It assigned each input feature
an importance value and ranked the features at a global level. All calculations were performed using the
SHAP library in Python 3.12.

2.7. Research framework
Figure 2 illustrates the workflow of this study, which consists of the following key steps:

1. (a) Data Acquisition and Preprocessing. Obtain high-quality surface reflectance data from Jilin-1
satellite imagery through radiometric calibration, atmospheric correction, geometric correction, and
band fusion; collect field survey data including soil chemical properties (SCPs), fertilization
information (Fl), and sugarcane phenotypic data, and complete data preprocessing and accuracy
verification to form a multi-source dataset.

2. (b) Optimization of Optimal Texture Window Size. Calculate multiple vegetation indices (VIs) and
extract texture features using the Gray Level Co-occurrence Matrix (GLCM). Construct texture
indices (Tls) under different window sizes (3x3, 5x5 and 7x7), then build machine learning models
(SVR, RR, GPR and CatBoost) and evaluate performance via Leave-One-Out Cross Validation
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(LOOCYV) with RPD,, to determine the optimal texture window size for sugarcane phenotype
prediction.

3. (c) Determination of the Optimal Prediction Model. Construct multi-dimensional input feature
schemes (VlIs, VIs + Tls and Vls + Tls + SCPs + Fl) based on the optimal texture window size, train
multiple machine learning models, and assess model performance using LOOCV and Bootstrap
resampling with evaluation metrics (R%.,, RMSEy, and RPD,) to select the optimal prediction

model.

4. (d) Model Interpretability Analysis. Apply the SHAP interpretable method to the optimal prediction
model, quantify feature importance, analyze the response patterns of key features, and compare the
contribution of multi-source features to reveal the driving mechanisms of model predictions for
sugarcane phenotypes.

3. Results and analysis

3.1. Variations of sugarcane traits, NDVI and
DDRTI_MEA g g g NIR)

The statistical results and scatter plots for yield, millable stalk population, and brix data for 2024 and
2025 are presented in Fig. S1 and Table 2. The mean values of yield, millable stalk population and brix in
2024 were higher than those in 2025. Variation analysis results indicated that there were no significant
differences between the two years of yield data and brix (p > 0.05), whereas significant differences were
observed for millable stalk population (p < 0.05). The first ratoon maintained yield with fewer stalks by
increased individual stalk weight. The stalk quality and yield were preserved even the stalk number
declined.

The coefficient of variation (CV) for brix remained below 4% across two years. The CV for millable stalk
population increased from 14.93% in 2024 to 20.50% in 2025, and the minimum value decreased from
36900 to 22500 stalks/ha. It seems that this variety compensated for the loss of millable stalks through
increased individual stalk weight in ratoon cane with relatively stable yield and Brix.

In this study, there are a large number of Vis and TIs were used. NDVI and DDRTI_MEA g g g nir) @re
presented as representative examples for seasonal pattern analysis. The seasonal variation of NDVI in
2024 and 2025 was presented in Fig. S2a. It is clear that NDVI increased more rapidly in 2025 than 2024
from the seedling to the tillering. During the subsequent growth period, NDVI continued to rise and
reached its maximum in early September 2025, whereas the peak occurred in mid-September 2024. In
addition, during maturation, NDVI declined less and remained higher in 2025. The seasonal dynamics of
DDRTI_MEA g g g nir) in 2024 and 2025 were given in Fig S2b. In 2024, DDRTI_MEA g r g niR) iNCreased
slightly from the seedling stage to the tillering stage and then gradually declined after elongation. In
2025, this index was low during the early stages, followed by a rapid from late tillering to elongation with
a pronounced peak in early September before dropping during maturation.
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Table 2
Descriptive statistics of the measured sugarcane traits.

Sugarcane Traits Year Mean SD Min Max CV(%)

Yield (t/ha) 2024 70.53 2745 25.67 136.01 38.92
2025 66.54 23.77 25.47 106.17 35.73

Millable Stalk Population (stalks/ha) 2024 57825 8636 36900 74700 14.93
2025 44803 9186 22500 58500 20.50

Brix (°Bx) 2024 20.87 0.77 19.54  22.64 3.73
2025 20.61 0.61 19.28 21.84 2.97

3.2. Correlation analysis of input features and sugarcane
traits

3.2.1 Correlation between vegetation indices and
sugarcane traits

Twenty VIs were evaluated by Pearson correlation analysis across four growth stages (Fig. S3).
Correlation coefficients (r) and significance levels (p) were calculated. For sugarcane yield (Fig. S3a), the
strongest correlations were observed during the tillering and elongation stages. At the tillering stage, GLI
exhibited the highest positive correlation (r=0.60, p < 0.001), followed by CVI and GRVI (r = 0.52). At the
elongation stage, NGRDI and WDRVI showed the strongest correlations (r= 0.57, p < 0.001). Correlations
at the seedling and maturation stages were generally weaker. The correlation between Vis and millable
stalks showed distinct temporal patterns (Fig. S3b). The seedling stage was the most critical window for
monitoring stalk number. Almost all VIs showed uniformly strong positive correlations (approx. r = 0.60)
with high statistical significance (p < 0.001). Interestingly, an inverse relationship was observed in later
stages. During the elongation and maturation stages, most VIs were significantly negatively correlated
with millable stalk population (|r/ values ranging from 0.50 to 0.60). In contrast to yield and millable stalk
population, Brix showed no significant correlation with any of the tested VIs across all growth stages
(Fig. S3c). The correlation coefficients remained low (Jr/ < 0.25) and statistically insignificant, suggesting
that standard VIs may not be sensitive enough to detect variations in sugarcane Brix.

3.2.2 Correlation between texture indices and phenotypic
traits

To evaluate Tls suitable for modeling, Pearson correlation analyses were conducted between Tls
(calculated using different window sizes of 3x3, 5x5, and 7x7) and sugarcane phenotypic traits across
four growth stages (seedling, tillering, elongation, and maturation). In this study, Tls were derived by
combining the same TFs across different spectral bands. Eight TFs were selected, and the three major
categories of TIs (NDTI, EVTI, and DDRTI) were divided into eight sub-categories, respectively. From each

Page 11/34



sub-category, the texture index exhibiting the highest absolute correlation coefficient (Jr|) was selected.
Figs. S4, S5, and Sé6 illustrate the Pearson correlation coefficients between Tls and yield, millable stalk
population, and Brix. TlIs calculated with different window sizes performed differently for the three
phenotypic traits. For sugarcane yield, the correlation of texture indices first increased and then
decreased during growth. It rose from 0.40 (p < 0.001) at the seedling stage to 0.67 (p < 0.001) at the
tillering stage, then dropped to 0.53 (p < 0.001) at the maturation stage. For millable stalk population, the
correlation of texture indices increased gradually. It rose from 0.47 (p < 0.001) at the seedling stage to
0.68 (p < 0.001) at the maturation stage. For Brix, the correlation showed a downward trend. The highest
correlation coefficient was 0.33 (p < 0.05) at the seedling stage.

3.2.3 Correlation between agronomic factors and
phenotypic traits

Pearson correlation analysis was conducted to evaluate the relationship between SCPs, Fl, and
sugarcane phenotypic traits (Fig. S7). Significant correlations were observed between yield and various
SCPs as well as FI. In terms of SCPs, AP showed the strongest negative correlation (r =-0.43, p < 0.001),
while soil pH exhibited a significant positive correlation (r = 0.40, p < 0.001). Regarding FI, there was a
significant positive correlation between yield and variables such as BF_CF, BF_KCI, TD_CF, and TD_KCI (r
=0.46, p <0.001). Millable stalk population, a key component of yield, showed the highest correlation
with FI (r= 0.35, p < 0.05), while its correlation with SCPs was low. In contrast, the correlations between
Brix and these indicators were all weak and statistically insignificant.

3.3. Determination of optimal texture calculation window
size
Four machine learning models were employed to determine the optimal window size, with RPD,, scores

illustrated in Fig. 3. Table S7 summarized the best parameter combinations for each stage. The results
indicate that the optimal texture combination varied across growth stages.

3.4. Prediction of sugarcane traits based on multi-source
features

3.4.1. Yield estimation model

Table S8 summarizes the yield prediction results. The performance of four models (SVR, GPR, RR, and
CatBoost) with the SVR-RFE feature selection method across four growth stages were compared.
Figure 4(a1-c1) presents the prediction results of the best models based on LOOCV for the three
different input data combinations.

When using only VIs, the SVR model at the tillering stage achieved the highest accuracy. The RZCV was
0.60, the RMSE, was 16.02 t/ha, and the RPD,, was 1.58 (Fig. 4a1). After adding Tls, the RR model
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performed the best at the tillering stage. The R%, increased to 0.65, with an RMSE_,, of 15.06 t/ha and
an RPDy of 1.68 (Fig. 4b1). Finally, with the addition of SCPs and FI, the SVR model at the tillering stage
reached the highest accuracy. The R?, rose to 0.70, the RMSE_, decreased to 13.84 t/ha, and the RPD,

reached 1.83 (Fig. 4c1). The RPD value shifted from the “fair” category (1.4-1.8) to the “good” category
(1.8-2.0).

To further verify the stability and robustness of the prediction models, the distribution of RPD values
were also obtained from the bootstrap method (Fig. 4(a2-c2)). The mean RPD in Fig. 4c2 was 1.56,
slightly lower than the 1.58 in Fig. 4b2. However, the 75th percentile in Fig. 4c2 reached 1.75, surpassing
the 1.73 in Fig. 4b2.

3.4.2. Millable stalk population estimation model

For millable stalk population, the performance of tour models (SVR, GPR, RR, and CatBoost) is presented
in Table S9. Three input combinations were compared. Figure 5(a1-c1) presents the prediction results of
the best models based on LOOCYV for the three different input data combinations.

When using only Vls, the SVR model at the maturation stage achieved the highest accuracy. The R%,
was 0.57, the RMSE, was 7181 stalks/ha, and the RPD, was 1.52 (Fig. 5a1). After adding Tls, the SVR
model still performed the best at the maturation stage. The R%, increased to 0.63, with an RMSE,, of
6602 stalks/ha and an RPD,, of 1.66 (Fig. 5b1). Finally, with the addition of SCPs and Fl, the optimal
prediction window shifted to the elongation stage. However, the overall accuracy decreased compared to
the previous step. The R%., dropped to 0.62, the RMSE, increased to 6733 stalks/ha, and the RPDy, fell

to 1.62 (Fig. 5¢1). The model performance remained within the “fair” category (1.4-1.8) and did not
reach the “good” standard (1.8-2.0).

To further verify the stability and robustness of the prediction models, the distribution of RPD values was
obtained from the bootstrap method. As shown in Fig. 5(a2-c2), the model in Fig. 5b2 performed best.
Its 25% percentile (1.37), mean (1.51), and 75% percentile (1.63) were higher than those of the other two
models. This indicates that the model with Vls + Tls (Fig. 5b2) achieved the highest accuracy and
stability.

3.4.3. Brix estimation model

Table S10 shows the Brix prediction results. Preliminary results indicated that the SVR model
consistently outperformed the other three models across all growth stages. Figure 6(a1-c1) presents
the prediction results of the SVR model based on LOOCV for three different input data combinations.

Using Vs alone, the SVR model at the seedling stage achieved the highest accuracy. The R, was 0.21,
the RMSE_,, was 0.63 °Bx, and the RPD,, was 1.12 (Fig. 6a1). After adding Tls, the SVR model still
performed the best at the seedling stage. The R?, increased to 0.40, with an RMSE, of 0.55 °Bx and an

Page 13/34



RPD.y of 1.29 (Fig. 6b1). Finally, with the addition of SCPs and Fl, the optimal prediction window shifted
to the maturation stage. Notably, the overall accuracy improved compared to the previous step. The R%,
rose to 0.44, the RMSE,, decreased to 0.53 °Bx, and the RPD, reached 1.33 (Fig. 6c1). The model

performance remained within the “poor” category (1.0-1.4) and did not reach the “fair” standard (1.4-
1.8).

To further verify the stability and robustness of the SVR prediction model, the distribution of RPDy

values was obtained from the bootstrap method (Fig. 6a2-c2). The model in Fig. 6b2 exhibited slightly
higher stability metrics (a mean RPD,, of 1.18). However, the model in Fig. 6¢1 achieved the highest

explanatory power (R?q = 0.44) in the LOOCV assessment. Considering the priority of prediction
accuracy, the SVR model developed by VIs + Tls + SCPs + Fl was identified as the final model.

3.5. Model interpretation based on SHAP

SHAP analysis was used to explain feature contributions to sugarcane trait prediction. Figure 7 presents
the SHAP summary and feature importance for the optimal models. For yield prediction, Fig. 7a1 ranks
the features by their importance. GNDVI was the most important feature, contributing 24.7% to the
model. Cl and RVI were the next most important features, contributing 22.7% and 22.5%, respectively.
BF_CMF ranked fourth (8.1%), followed by CVI (7.9%) and DDRTI_CON g nirgr) (4.7%) occupied the fifth
and sixth positions. The inset pie chart shows the contribution of different categories (Fig. 7a2). Vis
were the dominant drivers, accounting for 77.8% of the total contribution, which was significantly higher
than that of FI (11.7%) and Tls (10.5%). Figure 7a3 illustrates how these features affect yield; red dots
represent high feature values, while blue dots represent low values. Yield prediction was positively
correlated with GNDVI (ranked first) and CVI (ranked fifth). Conversely, Cl and RVI (ranked second and
third) showed a negative correlation, where lower values corresponded to higher yield predictions.
Finally, BF_CMF (ranked fourth) had a positive impact on yield, whereas DDRTI_CON g nir g r) (ranked

sixth) showed a negative correlation.

For the prediction of millable stalk population, Fig. 7b1 ranks the features by importance. CVI was the
most critical feature, contributing 24.7% to the model. NDTI_HOMg_g), EVTI_VAR\ig_gr_g), @nd
EVTI_MEA g nirg) followed, contributing 18.6%, 18.0%, and 16.9%, respectively. NDTI_VAR(G,NIR) (9.9%)
and EVTI_ASM g g nir ) (6-1%) ranked fifth and sixth. The inset pie chart (Fig. 7b2) shows that Tls were
the dominant drivers, accounting for 69.5% of the total contribution, which was much higher than that of
Vis (30.5%). Figure 7b3 displays the feature effects on millable stalk population. The prediction was
positively correlated with CVI (ranked first), NDTI_VAR g yr) (ranked fifth), and EVTI_ASM g g nir6)

(ranked sixth). In contrast, NDTI_HOMg ), EVTI_VAR\rrg), @nd EVTI_MEA g \r ) (ranked second, third,

and fourth) showed negative correlations, as lower values corresponded to higher millable stalk
population predictions.

For Brix prediction, Fig. 7c1 ranks the features by importance. GDVI was the top feature, contributing
35.9% to the model, followed by BNDVI with 27.8%. DDRTI_VAR g rg nir) (8-9%) and DDRTI_HOM g g iRy
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(4.5%) ranked third and fourth, while WDRVI took the fifth spot (4.1%). Notably, soil pH also played a role
in the model. The inset pie chart (Fig. 7c2) indicates that VIs were the dominant drivers (67.9%), far
exceeding the contribution of Tls (30.8%) and SCPs (1.3%). Figure 7c3 shows the feature effects on Brix.
Brix prediction was negatively correlated with GDVI (ranked first), DDRTI_VAR g g g nir) (ranked third), and
DDRTI_HOM g r g niR) (ranked fourth). Conversely, BNDVI and WDRVI (ranked second and fifth) showed
positive correlations, where higher values corresponded to higher Brix predictions. Soil pH also showed a
positive correlation with Brix prediction.

3.6. Prediction mapping based on optimal models

The respective models were applied to predict the phenotypic traits of sugarcane. Figure 8 illustrates the
spatial distribution of sugarcane yield, millable stalk population, and Brix across the study area for the
plant cane (year 2024) and ratoon cane (year 2025) seasons.

There was a marked decline in sugarcane yield from the plant cane to first ratoon cane. In 2024 (plant
cane), the majority of the field exhibited high yields, ranging between 63 and 105 t/ha (Fig. 8a1).
Conversely, in 2025 (first ratoon cane), yields decreased significantly, with most areas shifting to a lower
range of 21-63 t/ha (Fig. 8a2). A similar downward trend was observed for the number of millable
stalks. The plant cane showed high stalk density, predominantly exceeding 45000 stalks/ha (Fig. 8b1).
However, in 2025, the density dropped visibly with a large portion of the field recording values below
45000 stalks/ha (Fig. 8b2). Finally, Brix levels slightly declined from plant cane to first ratoon cane. As
illustrated in Fig. 8c1, the 2024 map displays a mix of moderate to high Brix levels (mostly 20-23 °Bx). In
contrast, the 2025 map (Fig. 8c2) is dominated by lower values (mostly 19-21 °Bx), suggesting a
reduced sucrose accumulation potential in the ratoon year.

4. Discussion

4.1. Comparison of sugarcane traits estimation models

Based on the plot level seasonal variation analysis in 2024, NDV of plant cane was generally lower than
that of the ratoon during the seedling and tillering stages, which may contribute to the advantage of
ratoon cane in canopy establishment. Singla et al. (2018) indicated that the temporal values of NDVI
data of Landsat 8 during the first week of April and last week of August to the end of September can be
used to discriminate of ratoon sugarcane in local area. Ratoon sugarcane has a relatively high seedling
density, especially in the late emergence stage (Xu et al., 2021). The canopies overlap completely, which
makes it difficult to clearly distinguish the stem-leaf boundaries of individual plants (Zhu et al., 2026).
From late tillering to the elongation stage, DDRTI_MEA g g ¢ nir) Was markedly higher in ratoon cane than
in plant cane, and this difference was more pronounced in the mid-to-late season. This is likely
associated with the greater variation of first ratoon to accumulated below-ground pests and diseases,
drought in seedling, as well as missing stools, and uneven emergence establishment (Xu et al., 2021;
Dlamini et al., 2024). As the sugarcane enters the rapid growth phase, within-plot differences in canopy

Page 15/34



closure, shadowing, and exposed soil patches tend to be amplified, which resulted in increased spatial
heterogeneity of the canopy in high spatial resolution imagery (Li et al., 2025). DDRTI_MEAgg g niR) iS
constructed from multi-band GLCM mean texture features and may be more sensitive to within plot
spatial structural differences, which makes it better suited to capturing texture changes driven by
heterogeneous growth in ratoon cane (Zhu et al., 2026). Based on 20 plants randomly selected from
each plot at early maturation stage, the plant height, stem diameter, and single stem weight were
compared between two years. Plant height did not differ significantly with mean values of 197.25cm in
2024 and 199.42 cm in 2025. Mean stem diameter increased from 2.66¢cm in 2024 to 2.80cm in 2025.
Single stem weight differed significantly with the mean value of 1199 g in 2024 and 1334 g in 2025
(Table S11).

Four algorithms (SVR, RR, GPR, and CatBoost) were evaluated in this study. Across all input features,
SVR achieved the highest accuracy. This aligns with our previous findings for rice (Yuan et al., 2023) and
other crops (Shi et al., 2022). Indeed, SVR consistently demonstrates superior stability and fitting
capabilities in agricultural applications. This is primarily attributed to the principle of structural risk
minimization, which ensures that SVR maintains strong generalization ability even with high-dimensional
and small-sample datasets. While GPR is also an established approach for such problems, and showed
similar performance to RR, both were outperformed by SVR in this study. In contrast, CatBoost exhibited
instability and yielded poorer results. Unlike SVR, CatBoost fits residuals via iterative boosting. In small
sample scenarios, this approach can be susceptible to noise and prone to overfitting (Friedman, 2002).
Consequently, lacking the robust regularization of SVR, CatBoost demonstrated lower stability,
highlighting the importance of selecting models tailored to the specific properties of the data.

During the early growth stage, the R?.s of sugarcane traits prediction model using Vls alone were

relatively low. The R?qys for yield varied from 0.14 to 0.29. Those for millable stalk population ranged
from 0.27 to 0.33, and the Brix prediction using the SVR model reached only 0.21. Akbarian et al. (2024)
reported the R? of 0.53 in training of SVR yield model in early growth stage of sugarcane and R? of 0.57

in middle stage based on UAV multispectral data. Vasconcelos et al. (2025) achieved a R? of 0.89 in the
local area sugarcane yield prediction based on high spatial resolution data (PlantScope), genetic
information and metrological data via the heteroskedastic gamma regression. And the mid-term yield
prediction model based on VlIs outperformed the early-stage model, which is consistent with the findings
of Akbarian et al. (2022). When VIs were used alone, yield prediction accuracy showed no significant
improvement at the elongation and maturity stages, which may indirectly reflect the saturation effect of
vegetation indices under dense canopy conditions (Yue et al., 2019; Sofonia et al., 2019). In the middle
and late growth periods, sugarcane canopy coverage approaches saturation, and conventional
vegetation indices exhibit reduced sensitivity to biomass, making it difficult to detect subtle canopy
variations (Shendryk et al., 2020). Sofonia et al. (2019) reported that the VI based model had the R? of
0.322 compared to the R? of 0.707 of LiDAR based model in sugarcane yield estimation. This results
also indicates that relying solely on Vls is insufficient to characterize the complex process of yield
formation. The combination of LiDAR and Vls could improve the yield model performance (Sofonia et al.,
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2019; Shendryk et al., 2020). Integrating auxiliary data, such as meteorological variables, genetic data,
phenology info, soil texture info, with vegetation indices (VIs) also had the potential to enhance the
accuracy of sugarcane yield estimation (Amorim et al., 2022; Aleman-Montes et al., 2023).

For millable stalk population, the model’s predictive accuracy was highest at the maturation stage,
achieving an R value of 0.57. This finding aligns closely with the R%, of approximately 0.60 reported

by Khuimphukhieo et al. (2025). Sofinia et al. (2019) reported the R? of 0.502 for millable stalk
population by UAV multispectral data-based model. With respect to Brix, the associations with Vis were
generally weak or statistically non-significant. Although Some studies reported the detectable
relationship between Vis and Brix (Chea et al. 2020; Aleman-Montes et al., 2023), it varied considerably
across sugarcane cultivars. In this study, Vls alone model failed in Brix estimation, while in the
maturation stage, the including of soil properties improved explanation of Brix model.

Previous studies have demonstrated that texture features of high spatial resolution image and UAV data
could partly capture differences in crop canopy characteristics (Zhang et al., 2021; Liu et al., 2023a,b;
Zhu et al., 2026). The optimum texture window sizes and types of texture parameters depended on data
source, crop types, growth stage and agronomic indicators (Liu et al., 2023a,b). Furthermore, Tls were
more useful than individual TFs. Yu et al. (2024) reported that the correlation between Tls and LAl in
apple orchards was stronger than that of TFs. Tls could reflect more detailed features and richer
information (Guo et al., 2023) and enhance the accuracy of growth simulation (Yuan et al., 2023). In this
study, good predictive accuracy for sugarcane traits were obtained by the fusion of Vis and Tls. The
maximum RZCV of the yield model achieved to 0.65, and those of the millable stalk population and Brix
reached 0.63 and 0.40, respectively. These results demonstrate that the integration of VIs and Tls
derived from Jilin-1 satellite images outperforms the use of Vls alone for predicting sugarcane traits.

At the field level, crop growth is closely related to factors such as cultivar, soil fertility, and fertilization
management (Li et al., 2026). In this study, by including these variables, the R?., for yield increased to

0.70, and the tillering stage remained the optimal prediction period. For Brix, the R?z, improved to 0.44,
and the optimal prediction stage shifted to the maturity stage. Sugar content is strongly influenced by
cultivar, late season crop status, temperature and management related information. In contrast, for
millable stalk population, the R?. slightly decreased with the inputs of SCPs and FI. The additional

variables may introduce redundant or less informative signals for millable stalk population (Yu et al.,
2025).

4.2. SHAP analysis of multi-source feature contributions

Khosravirad et al. (2019) and Rahman & Robson (2020) successfully employed GNDVI to predict
sugarcane yield, achieving favorable accuracy. Akbarian et al. (2022) obtained similar results using CI. In
this study, SHAP analysis revealed that GNDVI was the most influential feature, with Cl ranking second in
contribution for yield estimation. The higher GNDVI values tended to increase the model prediction.
However, higher Cl and RVI values tended to reduce the yield prediction, which may present nonlinear
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response patterns with yield. Tls were less dominant than Vs, which may provide complementary
information on plot level spatial structural variation. Zhu et al. (2026) indicated that the combination of
Vls and texture features improved the discrimination of sugarcane ratoon. Compared with NDTI (Zheng
et al, 2019; Yu et al.,, 2024) and EVTI (Yuan et al., 2023), DDRTIs showed a greater contribution to yield
estimation. DDRTI is derived by four band GLCM texture features, which may amplify spatial variation in
canopy structure across multiple spectral responses. In this study, first ratoon cane exhibited larger
within plot heterogeneous (with larger CV values of stem parameters and single stem weight compared
to those in 2024). In terms of fertilization, base fertilizer calcium magnesium fertilizer (BF_CMF) and
base fertilizer urea (BF_Urea) were identified as important features. However, topdressing was not
selected as a final predictive feature. This result indicates that early nutrient supply is critical for
sugarcane yield formation. Base fertilizer served as the primary nutrient source for young plants,
supporting root growth, tillering, and early canopy development. Similar results were also reported in
corn growth (Li et al., 2022; Li et al., 2026).

For the prediction of millable stalk population, EVTI and NDTI contributed more than DDRTI. Although
DDRTI was proved effective for yield estimation, it was less suitable for predicting the number of millable
stalk population. Increased index complexity did not guarantee improved performance, and it was
important to select texture indices for specific traits (Guo et al., 2023). Conversely, for Brix prediction, the
contribution of DDRTI exceeded that of EVTI and NDTI. Additionally, soil pH showed a positive effect on
Brix prediction. Dao et al. (2022) suggested that pH should be optimized to maximize sugarcane sugar
accumulation. Soil pH influences nutrient availability and enzyme activity, such as protein kinase activity,
which regulates sucrose metabolism (Huber et al., 1996). For the prediction of sugarcane yield, millable
stalk population, and Brix, VIs were among the most important features. This indicates that canopy
spectral reflectance characteristics can characterize photosynthetic physiological status and population
structure differences during sugarcane growth and development, serving as key remote sensing
indicators of crop vigor and yield formation potential. The inclusion of TIs provided complementary plot
level spatial information related to within canopy heterogeneity and structural organization, which could
not be fully captured by Vls alone. The formulations of NDTI, EVTI, and DDRTI in this study differed from
those reported in some studies, where texture indices were derived either by combining multiple texture
features from a single band (Zheng et al., 2019) or through a random texture-feature-cross of multiple
band combination (Yu et al., 2024). In this study, the texture indices were constructed in a form
analogous to conventional Vlis. This design may enhance interpretability and reduce inconsistencies.

4.3. Limitations and future prospects

This study investigated the potential of Jilin-1 multispectral imagery for plot level sugarcane traits
estimation. The promising results were reported for yield and quality related traits (millable stalk
population and Brix). However, several limitations remain due to constraints in data availability, study
scope and methodological design.

Firstly, this study only analyzed data from 2024 and 2025, and included only plant cane and first ratoon
cane. The results showed that they did not differ significantly in yield or Brix, but significant differences
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were observed in stalk weight, millable stalk population, and stalk diameter (Table S11). Second ratoon
cane data was not included in this study. The conclusions remain limited in the applicability across
ratoon generations. Secondly, the texture indices used in this study were able to improve the
performance in sugarcane traits estimation, which may be able to capture differences in canopy
structure at the plot level. Some texture indices appeared to be more sensitive to overall canopy
conditions (e.g., NDRTI). Others seemed more responsive to structural variation at the individual plant
level. However, the causes of these differences were not further analyzed.

Thirdly, due to the limited sample size, this study mainly relied on traditional machine learning methods.
And SVR was identified as the best model. Such methods are practical under small sample size. More
data driven algorithms (Akbarian et al., 2024), and hybrid framework combining crop growth models with
ML (de Oliveira et al., 2020; Xu et al., 2025), were not explored. In addition, although high spatial
resolution multispectral imagery (Jilin-1) was used, the lack of accurate regional-scale soil property
information limited the analysis and map to the experimental plot scale. Large-area mapping and
regional validation were not conducted, which constrains the application of the findings. Moreover, under
high spatial resolution conditions, canopy reflectance may be affected by factors such as soil
background, adjacency effects, planting density, and viewing geometry (Fan et al., 2025; Li et al., 20267?).
In this study, plot-level mean values of reflectance were used for analysis, but the influence of within-plot
soil background variation and related factors on reflectance was not assessed.

Finally, although the models achieved acceptable accuracy in yield and millable stalk population
estimation, the performance for Brix estimation remained relatively low. This sugar-related quality trait is
more difficult to monitor using the current remote sensing and modeling framework. Future research
should incorporate multi-source data, such as temperature, precipitation, soil properties, varietal
characteristics, management practices, thermal, and LiDAR to improve the accuracy and robustness of
sugarcane trait estimation (Xie &Yang, 2020).

5. Conclusion

This study integrated VIs, Tls, SCPs, and Fl to predict sugarcane phenotypic traits. SVR had the best
performance in the estimation of yield, millable stalk population, and Brix. The inclusion of Tls with

different window sizes in different growth stages improved the model accuracy. For sugarcane yield,
combining Vls, Tls, SCPs, and FI allowed the model to reach the best prediction accuracy during the

tillering period across plant cane and first ratoon cane (R?q = 0.70, RMSEy = 13.84 t/ha, RPDy = 1.83).
The yield model had the potential to predict sugarcane yield in early growth stage. For millable stalk
population, the inclusion of Vis and Tls achieved the highest accuracy at the maturation stage (RZCV =
0.63, RMSE, = 6602 stalks/ha, RPD.y = 1.66). Regarding Brix, the inclusion of SCPs and Fl together with
Vls and Tls achieved the highest prediction accuracy at the maturation stage (R%cy = 0.44, RMSE, =
0.53 °Bx, RPD¢y = 1.33). These results demonstrate the contribution of VIs and texture indices based on

optimal texture windows, as well as multi-source data fusion, in sugarcane traits estimation. SCPs
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suitable for sugarcane growth and appropriate fertilization ratios contributed to high sugarcane yield and
Brix. This study validated the applicability of Jilin-1 high-resolution satellite imagery for field-scale
sugarcane traits estimation and provided an important insight for remote sensing phenotyping of other
crops.
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Figure 1

Geographical location of the study area. (a) Inset map showing the location of Guangdong Province; (b)
Location of Suixi County; (c) Specific distribution of the experimental plots.
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Prediction results of yield using the best performing models for three different input feature
combinations. Top row (LOOCYV results): (a1) SVR with Vls (Tillering stage); (b1) RR with ViIs + Tls
(Tillering stage); (c1) SVR with VIs + Tls + SCPs + FI (Tillering stage). Bottom row (Bootstrap results):
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+ FI (Tillering stage).
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Prediction results of millable stalk population using the best performing models for three different input
feature combinations. Top row (LOOCYV results): (a1) SVR with VIs (Maturation stage); (b1) SVR with Vls
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Prediction results of Brix by the SVR model using three different input feature combinations. Top row
(LOOCYV results): (a1) Vs (Seedling stage); (b1) VIs + Tls (Seedling stage); (c1) VIs + Tls + SCPs + FI

(Maturation stage). Bottom row (Bootstrap results): (a2) Vis (Seedling stage); (b2) Vis + Tls (Seedling
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Figure 7

SHAP feature importance plots for the optimal prediction models. (a1)-(a3) Yield (SVR: Vis + Tls + SCPs

+ Fl, Tillering stage); (b1)—(b3) Millable Stalk Population (SVR: VIs + Tls, Maturation stage); (c1)—(c3)
Brix (SVR: VIs + Tls + SCPs + FI, Maturation stage).
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Figure 8

Prediction results of sugarcane phenotypic traits based on the optimal model. (a1) Yield (plant
cane)-2024; (a2) Yield (first ratoon cane)-2025; (b1) Millable Stalk Population-2024; (b2) Millable Stalks-

2025; (c1) Brix-2024; (c2) Brix-2025.
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