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Abstract: Accurate rapeseed yield and biomass estimation at the meter scale prior to harvest is crucial for precision harvesting. 
However, there is a scarcity of structured research on the estimation of rapeseed biomass yield. This study aims to address this 
gap by focusing on rapeseed in Jiangsu Province. Multispectral and RGB images captured by unmanned aerial vehicles (UAVs) 
were taken during key growth stages (budding, flowering, and podding stages). Using the extracted multidimensional features, 
we developed biomass-yield estimation models using four machine learning techniques. Subsequently, we employed ensemble 
learning with multidimensional, multi-stage data and used Shapley additive explanation (SHAP) for feature contribution analysis, 
thereby constructing a framework for predicting rapeseed harvest characteristics with high estimation accuracy and interpretability. 
Our analysis indicates that spectral‒texture is the most effective feature combination for biomass estimation, whereas the optimal 
combination for yield estimation includes three-dimensional (3D) spectral‒textural‒structural features. The synergy of these 
features, coupled with an ensemble learning model, significantly enhanced the accuracy of rapeseed biomass-yield estimation 
(biomass: coefficient of determination (R2)=0.72, relative root mean square error (rRMSE)=14.35%; yield: R2=0.68, rRMSE=
13.67%). The proposed model also achieved stable prediction results across the variety‒density interaction. Overall, this study 
presents an accurate and generalizable approach for estimating rapeseed biomass yield across various planting patterns, 
offering new insights for precision harvesting.
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1 Introduction 

Rapeseed, known for its high adaptability, nutri‐
tional value, and economic benefits, is widely cultivated 
worldwide, particularly in Asia and Europe (Sulik and 
Long, 2015). Increasing rapeseed yield is essential for 
securing the global oilseed supply (van der Velde et al., 
2009). To facilitate precision harvesting, accurate 
meter-scale biomass predictions are essential, providing 
data support for the real-time optimization of harvest‐
ing speed and header height (Hermann, 2018). Fur‐
thermore, the crop-to-biomass ratio (CBR), derived 

from yield and biomass, is a critical parameter for regu‐
lating sieve aperture settings in the threshing and 
cleaning systems. Therefore, accurate pre-harvest map‐
ping of biomass and yield spatial distributions is crit‐
ical for enhancing operational efficiency and informed 
harvesting decision-making.

Traditional field measurements are resource-
intensive and labor-demanding, limiting their feasibility 
for large-scale data collection and efficient farm man‐
agement. The advent of unmanned aerial vehicles 
(UAVs) has significantly advanced the prediction of 
crop yield and biomass (Adeluyi et al., 2022; Shao 
et al., 2022). UAV-derived vegetation indices (VIs), 
such as the normalized difference vegetation index 
(NDVI), the red-edge chlorophyll index (CIre), and 
the near-infrared reflectance of vegetation (NIRv), 
have been demonstrated as reliable predictive indica‐
tors for monitoring crop growth (Rouse et al., 1974; 
Dong et al., 2019; Peng et al., 2019; Fan et al., 2021). 
Notably, the normalized difference yellowness index 
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(NDYI) mitigates the limitations of NDVI during the 
blooming phase, providing the most reliable predic‐
tion of rapeseed yield fluctuations (Sulik and Long, 
2016). Multi-temporal VIs can be used to estimate 
crop parameters across different varieties and varying 
environmental conditions (Duan et al., 2021). Despite 
these advancements, studies have shown that due to 
species differences and canopy physiological changes 
(Feng et al., 2025), spectral indices often encounter 
saturation issues, reducing their effectiveness in predict‐
ing crop parameters (Mateo-Sanchis et al., 2019). Fur‐
thermore, the considerable spatial-temporal variability 
in climatic conditions directly influences spectral 
response, further complicating estimates of crop pro‐
ductivity (Sabut et al., 2025). Therefore, synergizing 
spectral indices with canopy structural feature (SF) and 
textural feature (TF) is crucial to overcome spectral 
limitations and enhance the robustness of estimation.

Canopy SFs are commonly used to complement 
spectral information, enhancing the robustness of crop 
parameter estimation. For example, structural indica‐
tors, when combined with linear mixed-effects model‐
ing, have proven effective in estimating rice biomass 
after heading with high precision (Li et al., 2020). 
Similarly, structural metrics showed a stronger corre‐
lation with potato biomass than spectral features (Ye 
et al., 2024). Additionally, estimates of sweet corn 
biomass based on plant height (PH) and VIs showed 
good agreement with measured data (Teshome et al., 
2023). TFs extracted from RGB images quantify pixel 
heterogeneity within a moving window (Nogueira 
Martins et al., 2023), demonstrating effectiveness in 
estimating rapeseed physiological and biochemical 
indicators (Du et al., 2024). Texture information dem‐
onstrates increased sensitivity to variations in canopy 
structure induced by various experimental treatments 
(Zhang et al., 2021). Previous studies have demon‐
strated that combining VIs, TFs, and SFs can effec‐
tively improve the accuracy of crop parameter estima‐
tion (Wan et al., 2020; Liu et al., 2023; Meng et al., 
2025). Therefore, it can be concluded that the fusion of 
multi-source indicators represents a pivotal strategy 
for achieving stable, precise pre-harvest yield and bio‐
mass estimation.

Once the indicators are defined, the methodology 
emerges as a pivotal element in accurately estimating 
crop parameters. Machine learning models leverage 
complex data relationships to enable crop growth 

monitoring, thereby supporting agricultural decision-
making and resource optimization (Han et al., 2019; 
Gu et al., 2024). However, the accuracy of vegetation 
parameter estimation depends on several factors, includ‐
ing crop genotype, developmental stage, spatial reso‐
lution, and environmental conditions (Yan et al., 2022; 
Tao et al., 2024; Yao et al., 2025). A fundamental chal‐
lenge remains: machine learning methods rely on pat‐
terns and relationships inherent in specific datasets, 
which limits their applicability to particular conditions 
and reduces their generality across different regions or 
scenarios (Shu et al., 2022; Ye et al., 2024). To bolster 
predictive robustness, ensemble learning, which aggre‐
gates the strengths of multiple base models, has been 
successfully applied. For example, stacking an ensem‐
ble learning model significantly improved the accuracy 
of apple yield estimation (Zhang ZF et al., 2025) and 
physiological parameter inversion (Du et al., 2025). 
Nevertheless, the increased complexity of ensemble 
architectures often comes at the expense of model 
interpretability. Shapley additive explanation (SHAP) 
uses game theory to assess the contribution of each 
feature, revealing directional relationships and provid‐
ing actionable, context-specific insights, thereby en‐
hancing model interpretability (Wei et al., 2026). There‐
fore, SHAP is further employed to evaluate feature 
contributions for rapeseed biomass and yield estima‐
tion, thereby improving the reliability and scalability 
of ensemble learning methods and making them more 
adaptable and applicable across a wide range of agri‐
cultural scenarios.

This study proposed a comprehensive frame‐
work combining multidimensional feature synergy 
with ensemble learning to enhance the applicability of 
biomass-yield estimation across various planting pat‐
terns. The goals of this research are to: (1) quantify 
the relationships between rapeseed biomass yield and 
multidimensional features; (2) develop a novel rape‐
seed biomass-yield prediction model by integrating 
multidimensional feature synergy with ensemble learn‐
ing; (3) quantitatively analyze multidimensional fea‐
ture combinations using SHAP under variety‒density 
interactions to identify key drivers of biomass forma‐
tion and yield accumulation; and (4) validate the 
model’s generality across different planting scenarios 
over multiple years and generate meter-scale spatial 
distribution maps for biomass, yield, and CBR.
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2 Materials and methods 

2.1 Study area

The experiment was conducted in Zhenjiang, situ‐
ated in the lower reaches of the Yangtze River in China 
(32°04′23″N, 119°27′31″E), which enjoys a warm, 
humid climate (Fig. 1). The predominant soil types 
are paddy soils and moist soils, both of which are rela‐
tively fertile. The local climate and soil conditions 
make Zhenjiang highly suitable for widespread rape‐
seed cultivation. The soil on Shiyezhou Island in the 
Yangtze River is classified as permeable paddy soil, 
comprising silty soil and yellow sand soil.

Fig. 2 presents daily precipitation and maximum 
temperature from the budding stage to harvest for 2024 
and 2025. Total precipitation from heading to maturity 
(February to June) in 2024 and 2025 was 336.8 and 

2.8 mm, respectively. In 2024, rainfall was concentrated 
during the bud, flowering, pod, and maturity stages, 
providing sufficient water for rapeseed growth and dry 
matter accumulation. In contrast, rainfall was almost 
nonexistent during the same period in 2025, resulting 
in severe drought stress on the rapeseed crop, likely 
reducing both seed yield and quality. Additionally, 
there were no significant differences in temperature 
during the rapeseed growing seasons in either year. 
Regarding extreme temperatures, 2024 had no days ex‐
ceeding 35 ℃, whereas two days in late May 2025 did. 
Furthermore, in 2024, a cold air event occurred, with 
the minimum temperature dropping below 5 ℃ from 
late February to early March. The detailed methods 
for the experimental design and data collection in this 
paper are provided in the supplementary materials and 
methods.

Fig. 1  Test location and experimental design. Rapeseed experiments conducted in 2023 (a), 2024 (b), and 2025 (c), were 
used for independent model validation. Red-circled crosses indicate the positions of ground control points (GCPs). In 
2023, six GCPs were established, followed by 13 in 2024 and eight in 2025. The harvest plots are encoded according to 
the variety-x format. x represents different treatment plots. YY: Yangyou; ZY: Zhongyou; NZ: Ningza; SY: Suyou; QY: 
Qinyou; DT: Detian.
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2.2 Dataset construction

To explore the suitability of different feature com‐
binations for estimating rapeseed biomass and yield, 
this study employed seven feature combinations: VIs, 
TFs, SFs, VIs-TFs, VIs-SFs, TFs-SFs, and VIs-TFs-SFs. 
Since the biomass and yield of mature rapeseed result 
from interconnected biophysical processes across mul‑
tiple growth stages, the three feature types were subdi‐
vided by distinct growth stages—bud, early flowering, 
full flowering, late flowering, pod, and mature. Seven 
generated datasets, along with the measured yield and 
biomass values, were input into a random forest (RF) 
model, and the top 30 most important features were 
selected based on the model’s built-in variable import‑
ance score (VIP). Next, Pearson’s correlation coef‑
ficients (R) were calculated to assess the relationships 
between the features and the biomass and yield. Fea‐
tures with R<0.5 were discarded to enhance model 
stability, as low R values can lead to instability in model 
performance. However, if only one feature remains at 
this stage and its R value is below 0.5, it should still 
be retained. Auto-correlation was conducted on the 
multidimensional feature combinations for both yield 
and biomass models (Fig. S1). The final training data‐
sets for the rapeseed biomass and yield models were 
generated by incorporating a small number of sam‐
ples from various varieties in 2025, as detailed by 
Zhang YN et al. (2025).

2.3 Ensemble learning model construction and 
validation

To comprehensively explore the feature space, 
we employed RF, support vector machine (SVM), 

partial least squares regression (PLSR), and the instance-
based K-nearest neighbors (KNN). The RF model 
was implemented using the “randomForest” package. 
Despite efforts to optimize the hyperparameters through 
grid search, the improvement in model accuracy was 
minimal. Consequently, the default parameters of 
“ntree=500” and “mtry=25” were retained. The SVM 
model was implemented using the “e1071” package, 
which provides a variety of kernel function options, 
making it adaptable to diverse data distributions. This 
study utilized the “eps-regression” kernel. The PLSR 
model was implemented using the “pls” package, effec‐
tively addressing multicollinearity and being well-
suited for high-dimensional data analysis, with ten 
components. Additionally, the KNN model was imple‐
mented using the “caret” package, performing regres‐
sion by calculating distances between data points, 
making it ideal for analyzing non-linear relationships 
in the data.

Different base models operate within distinct 
hypothesis spaces and use unique structures to capture 
data patterns from various perspectives. By employ‐
ing a stacking ensemble strategy, the approach com‐
bines the strengths of multiple base learners, reducing 
the biases of a single model and improving predictive 
accuracy and stability. Four base learners are trained 
on the calibration datasets, and their predictions are 
then used as features to create a new dataset, which is 
fed to the meta-learner. RF, effective at handling non‐
linear data and complex feature interactions, was chosen 
as the meta-learner to enhance the model’s ability to 
process complex data.

To evaluate the effectiveness of this ensemble 
learning approach, the biomass model was first trained 
on data from all plots in 2024 (180 samples), while 
the yield model was developed using data from 2023 
and 2024 (213 samples, including three missing yield 
samples in 2024). The model’s generality across dif‐
ferent temporal scenarios was then validated using 
independent experimental plot data from 2025. Given 
that the interaction between variety and planting den‐
sity influences the distribution of rapeseed biomass and 
yield, the 2025 validation datasets were further subdi‐
vided based on these factors to assess the model’s 
applicability across various planting scenarios.

To comprehensively evaluate the model’s perfor‐
mance, several assessment metrics were employed. The 
coefficient of determination (R2) was used to evaluate 

Fig. 2  Meteorological conditions across the rapeseed 
budding to harvesting stages in 2024 and 2025. The bar 
represents daily precipitation, while the line chart represents 
daily maximum temperature.
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the model’s goodness-of-fit, with values approaching 1 
indicating a better match between predictions and the 
actual data. Root mean square error (RMSE) quan‐
tifies the deviation between predicted and observed 
values and serves as an indicator of prediction accu‐
racy. Relative RMSE (rRMSE), as a normalized error 
metric, removes the influence of dataset size and range, 
making it especially useful for comparing errors across 
different crop types or variables, such as rapeseed bio‐
mass and yield.

2.4 Model interpretation framework

Ensemble learning models can improve predictive 
accuracy and stability; however, their inherent com‐
plexity often compromises model transparency and 
interpretability. Consequently, while these models 
offer high performance, their utility in delivering action‐
able insights for agricultural decision-making remains 
constrained. SHAP, based on game theory, quantifies 
the importance of each feature while accounting for 
dependencies and revealing directional relationships. 
By leveraging a rigorous game-theoretic framework, 
SHAP integrates both local and global interpretabil‐
ity, offering mathematically sound feature attribution. 
SHAP analysis was carried out using the “iml” package 
in R. To assess feature interpretability for ensemble 
learning models, weighted SHAP was employed, using 
the SHAP values of different base models as weights 
to compute the SHAP values for various features. Direc‐
tional impact plots were generated to differentiate 
positive and negative influences on predictions under 
different agricultural scenarios, including varying plant‐
ing densities and crop varieties.

Overall, the comprehensive framework comprises 
four primary components (Fig. 3). First, the correla‐
tions between multi-source and multi-stage features 
and the biomass and yield of mature rapeseed are ana‐
lyzed, and feature selection is performed based on 
VIP ranks. Second, the performance of 11 ensemble 
models, formed by random combinations of the four 
base learners, is compared, and the optimal ensemble 
strategy is selected based on RMSE. SHAP analysis 
is then applied to assess feature contributions across 
crop varieties and planting density scenarios, enhanc‐
ing model interpretability. Third, the optimal ensem‐
ble models are tested using independent data from 
different varieties and planting density scenarios. Fin‑
ally, meter-scale spatial distribution maps of biomass, 

yield, and CBR are generated, with CBR calculated 
as the difference between biomass and yield divided 
by yield.

3 Results 

3.1 Relationships between spectral, textural, and 
structural indices and biomass-yield

Correlation analysis visualization was performed 
on features from the budding to podding stages. The 
spectral indices were subdivided into red-edge and 
near-infrared (RE-NIR)-based indices and RGB-based 
indices. Fig. 4 presents the R values between rapeseed 
biomass and the selected multidimensional features 
across these stages. The correlation distributions be‐
tween RE-NIR and RGB VIs differ with biomass. 
Specifically, the RE-NIR VIs show the strongest cor‐
relation with above-ground biomass (AGB) during 
full flowering, while the RGB VIs exhibit a higher 
correlation with AGB at the early flowering stage. For 
TFs, correlation textural feature of the blue band 
(Cor_b) shows a particularly strong correlation during 
the early reproductive growth phase, while among 
SFs, canopy volume (CV) and PH are more strongly 
correlated with AGB in the later stages of reproduc‐
tive growth.

Similarly, this study assessed the relationship 
between selected features and rapeseed yield (Fig. 5). 
The NIR-RE VIs demonstrated a strong association 
with yield throughout the entire reproductive growth 
stage, as yield reflects the cumulative photosynthesis 
during critical growth phases. However, green and 
blue band reflectance showed a higher correlation 
with yield at the budding stage. The green band reflec‐
tance indicates the chlorophyll content, while the blue 
band is linked to nitrogen utilization. Regarding TFs, 
the variance textural feature of blue band (Var_b) and 
mean textural feature of red band (Mean_r) show the 
strongest correlation with yield during the budding 
and podding stages. During the late flowering stage, 
the angular second moment textural feature of red, green 
bands (Sen_r, Sen_g), and homogeneity textural feature 
of red band (Hom_r) exhibit the highest correlation 
with yield. PH was most strongly correlated with yield 
at full flowering, while the relationship between CV 
and biomass remained stable during both the vegeta‐
tive and reproductive growth stages.
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3.2 Validation results of biomass and yield estimation

3.2.1　Performance of the machine learning model

Seven feature combinations were used as inputs 
for four single machine learning models, validated on 
cross-year rapeseed yield and biomass. As shown in 

Fig. 6, the coupling of algorithms and features has a 
significant impact on the performance of rapeseed bio‐
mass yield estimation. The non-linear model (SVM) 
is more suitable for predicting AGB, while the ensem‐
ble model (RF) is better suited for predicting yield. 
For AGB estimation, the SVM model based on SFs 

Fig. 3  Workflow of this study. RE: red-edge; NIR: near-infrared; EF: early flowering stage; FF: full flowering stage; LF: 
late flowering stage; M: mature stage; VI: vegetation index; TF: textural feature; SF: structural feature; SHAP: Shapley 
additive explanation; RF: random forest; KNN: K-nearest neighbors; PLSR: partial least squares regression; SVM: 
support vector machine; HD: high density; MD: medium density; LD: low density; AGB: above-ground biomass; CBR: 
crop-to-biomass ratio; UAV: unmanned aerial vehicle; R2: coefficient of determination; RMSE: root mean square error; 
rRMSE: relative RMSE; DVI: difference vegetation index; EVI: enhanced vegetation index; GRVI: green-red vegetation 
index; MCARI: modified chlorophyll absorption ratio index; MNVI: modified nonlinear vegetation index; MSR: modified 
simple ratio; MTVI2: modified triangular vegetation index 2; NDVI: normalized difference vegetation index; NLI: 
nonlinear vegetation index; OSAVI: optimized soil adjusted vegetation index; RDVI: renormalized difference vegetation 
index; SR: simple ratio; SAVI: soil-adjusted vegetation index; TCARI: transformed chlorophyll absorption  in reflectance 
index; BNDVI: blue normalized difference vegetation index; CIgreen: chlorophyll index green; CIre: chlorophyll index red-
edge; GNDVI: green normalized difference vegetation index; MTCI: meris terrestrial chlorophyll index; NDVIre: 
normalized difference vegetation index red-edge; EXR: excess red vegetation index; MGRVI: modified green-red 
vegetation index; NDGI: normalized difference green index; EXG: excess green vegetation index; GLI: green leaf index; 
G: green leaf index; r, g, and b donate normalized red, green, and blue bands, respectively; Cor_r, Cor_g, and Cor_b donate 
correlation textural features of the red, green, and blue bands, respectively; Hom_r: homogeneity textural feature of red 
band; Mean_r: mean textural feature of red band; Sen_r and Sen_g donate angular second moment textural features of 
red and green bands, respectively; Var_b: variance textural feature of blue band; PH: plant height; CV: canopy volume.
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achieved the highest goodness-of-fit, with an R2 of 
0.69. However, the VIs-TFs combination yielded a 
lower RMSE of 35.75 g/m2. The reduction in error is 
likely due to the incorporation of texture information, 
which helps the model better handle spatial differ‐
ences in spectral data across planting patterns, thereby 
enhancing robustness. In contrast, for yield estimation, 
integrating VIs, TFs, and SFs enabled the RF model 
to achieve optimal performance (R2=0.62, RMSE=
33.72 g/m2).

3.2.2　Accuracy analysis using an ensemble learning 
model

KNN, RF, PLSR, and SVM were employed as 
base learners, with RF used to ensemble-average their 
predictions. Fig. 7 presents an accuracy analysis of the 
performance of different ensemble learning strategies, 
using the optimal multidimensional features selected 
in Section 3.2.1. The results demonstrate the effective‐
ness of stacking in reducing biases inherent in individual 
model predictions for biomass and yield estimation. 

Fig. 5  Pearson’s correlation coefficients (R) between rapeseed yield and red-edge and near-infrared (RE-NIR)-based 
vegetation indices (VIs) (a), RGB VIs (b), textural features (TFs) (c), and structural features (SFs) (d) from budding to 
podding stages. EF: early flowering stage; FF: full flowering stage; LF: late flowering stage; BNDVI: blue normalized 
difference vegetation index; CIgreen: chlorophyll index green; CIre: chlorophyll index red-edge; GNDVI: green normalized 
difference vegetation index; MCARI: modified chlorophyll absorption ratio index; MSR: modified simple ratio; MTCI: 
meris terrestrial chlorophyll index; NDVI: normalized difference vegetation index; NDVIre: normalized difference 
vegetation index red-edge; SR: simple ratio; b and g donate normalized blue and green bands, respectively; EXG: excess 
green vegetation index; GLI: green leaf index; Hom_r: homogeneity textural feature of red band; Mean_r: mean textural 
feature of red band; Sen_r and Sen_g donate second moment textural features of red and green bands, respectively; 
Var_b: variance textural feature of blue band; PH: plant height; CV: canopy volume.

Fig. 4  Pearson’s correlation coefficients (R) between rapeseed biomass and red-edge and near-infrared (RE-NIR)-based 
vegetation indices (VIs) (a), RGB VIs (b), textural features (TFs) (c), and structural features (SFs) (d) from budding to 
podding stages. EF: early flowering stage; FF: full flowering stage; LF: late flowering stage; DVI: difference vegetation 
index; EVI: enhanced vegetation index; GRVI: green-red vegetation index; MCARI: modified chlorophyll absorption 
ratio index; MNVI: modified nonlinear vegetation index; MSR: modified simple ratio; MTVI2: modified triangular 
vegetation index 2; NDVI: normalized difference vegetation index; NLI: nonlinear vegetation index; OSAVI: optimized 
soil adjusted vegetation index; RDVI: renormalized difference vegetation index; SR: simple ratio; SAVI: soil-adjusted 
vegetation index; TCARI: transformed chlorophyll absorption in reflectance index; EXR: excess red vegetation index; 
MGRVI: modified green-red vegetation index; NDGI: normalized difference green index; r and b donate normalized red 
and blue bands, respectively; Cor_r, Cor_g, and Cor_b donate correlation textural features of the red, green, and 
blue bands, respectively; PH: plant height; CV: canopy volume.
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Specifically, for biomass estimation, the synergy of 
VIs-TFs features within the RF-PLSR-SVM stacking 
framework yielded the best performance, with R2 
improving from 0.69 to 0.72 and RMSE decreasing 
from 408.62 to 279.95 g/m2, compared to the best in‐
dividual machine learning model. Similarly, for yield 
estimation, the synergy of VIs-TFs-SFs features within 
the KNN-RF stacking framework outperformed the 

best individual machine learning models, with R² im‐
proving from 0.62 to 0.68 and RMSE decreasing from 
33.72 to 29.82 g/m2. Overall, the results demonstrate 
that synergy among multidimensional features, com‐
bined with an ensemble learning strategy, produces 
accurate and reliable estimates of rapeseed biomass 
and yield. Furthermore, by optimizing the selection of 
base learners, the ensemble learning model can not 

Fig. 7  Performance comparison of ensemble learning strategies for above-ground biomass (AGB) estimation (a) and yield 
estimation (b). The red square denotes the best machine learning models and feature combinations selected in Section 
3.2.1. RMSE: root mean square error; R2: coefficient of determination; RF: random forest; SVM: support vector machine; 
KNN: K-nearest neighbors; PLSR: partial least squares regression; ML: machine learning model.

Fig. 6  Comparison of estimation results for rapeseed above-ground biomass (AGB) estimation (a) and yield estimation (b) 
across four machine learning models (random forest (RF), K-nearest neighbors (KNN), partial least squares regression 
(PLSR), and support vector machine (SVM)). To facilitate a clearer comparison of high-accuracy models, models with 
an AGB root mean square error (RMSE) greater than 1000 g/m2 and a yield RMSE greater than 50 g/m2 have been excluded. 
R2: coefficient of determination; VI: vegetation index; TF: textural feature; SF: structural feature.
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only provide more accurate estimates of rapeseed bio‐
mass and yield, but also further reduce training time.

3.3 Contribution of multidimensional features under 
variety‒density interactions

Based on the results presented in Section 3.2, en‐
semble learning models are highly accurate in predicting 

rapeseed biomass and yield. However, their inherent 
complexity limits the model’s interpretability. To en‐
hance the transparency of ensemble learning models, 
this study employs SHAP analysis to evaluate the 
feature contributions for rapeseed biomass and yield 
across different planting scenarios. As shown in Fig. 8, 
the five most influential features for biomass formation 

Fig. 8  Feature importance from the ensemble learning model in above-ground biomass (AGB) estimation: weighted Shapley 
additive explanation (SHAP) values for different planting densities (a‒c), weighted SHAP values for different genotypes (d‒f), 
weighted SHAP values for all planting patterns (g), and absolute SHAP values at different growth stages (h). HD: high 
density; MD: medium density; LD: low density; QY: Qinyou; SY: Suyou; NZ: Ningza; EF: early flowering stage; FF: 
full flowering stage; VI: vegetation index; TF: textural feature; DVI: difference vegetation index; EVI: enhanced vegetation 
index; GRVI: green-red vegetation index; MCARI: modified chlorophyll absorption ratio index; MNVI: modified 
nonlinear vegetation index; MSR: modified simple ratio; MTVI2: modified triangular vegetation index 2; NDVI: normalized 
difference vegetation index; NLI: nonlinear vegetation index; OSAVI: optimized soil adjusted vegetation index; RDVI: 
renormalized difference vegetation index; SR: simple ratio; SAVI: soil-adjusted vegetation index; TCARI: transformed 
chlorophyll absorption in reflectance index; EXR: excess red vegetation index; MGRVI: modified green-red vegetation index; 
NDGI: normalized difference green index; RE: red-edge; r and b donate normalized red and blue bands, respectively; 
Cor_r, Cor_g, and Cor_b donate correlation textural features of the red, green, and blue bands, respectively.
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are NDVI, modified chlorophyll absorption ratio 
index (MCARI) at the early flowering stage, and mod‑
ified triangular vegetation index 2 (MTVI2) (positive 
directional effects), along with transformed chloro‐
phyll absorption in reflectance index (TCARI) and 
MCARI at the full flowering stage (negative directional 
effects). Spectral VIs at the full flowering stage contri‑
bute over 60% to the accurate estimation of rapeseed 
biomass. However, the impact of VIs varies across 
planting scenarios, demonstrating their context depen‐
dence. For example, the simple ratio (SR) of the Suyou 
(SY) variety exerts the strongest positive influence on 
biomass formation, whereas the SR of the Ningza 
(NZ) variety has a negative effect. The interaction of 
variety and planting density may influence rapeseed 
growth, thereby complicating the spectral mapping of 
crop parameters. Using a single spectral index has 
limitations for predicting rapeseed biomass, whereas 
employing multiple indices may effectively address 
this issue.

Fig. 9 highlights the feature importance ranking 
for the rapeseed yield estimation model, which ac‐
counts for the interaction between variety and plant‐
ing density. SHAP can distinguish the magnitude and 
directionality of individual features, revealing key 
agricultural driving factors. As shown in Fig. 9g, SHAP 
values are ranked under different planting patterns; 
the top variables are Var_b and Mean_r at the bud 
stage, blue and green band reflectance during the bud 
stage, meris terrestrial chlorophyll index (MTCI) 
during late flowering, and PH during full flowering. 
Features including SR and modified simple ratio 
(MSR) during the podding stage exhibited near-zero 
values. Specifically, texture information during the 
bud stage is highlighted as a key factor across differ‐
ent planting density scenarios, accounting for over 
40%. CV is identified as a critical predictor of yield in 
both Qinyou (QY) and SY varieties, likely due to the 
significant effect of lodging at maturity. During the 
late flowering stage, photosynthesis in siliques primar‐
ily contributes to dry matter accumulation, making 
chlorophyll content at this stage crucial for yield accu‐
mulation. Additionally, from a feature-directionality 
perspective, we observe that the relationship between 
spectral features and yield exhibits directional changes 
across different planting patterns, whereas the direc‐
tionality of TFs and SFs remains consistent across 
planting scenarios.

3.4 Model generality in different agricultural 
scenarios

3.4.1　Performance in the temporal-fit scenario

Figs. 10a and 10b illustrate the temporal fitting 
accuracy for rapeseed biomass and yield estimation 
using multidimensional feature synergy and ensemble 
learning models. These models were trained on two 
years of data (AGB: 2024; yield: 2023 and 2024) and 
tested on 2025 data. The AGB prediction model 
achieved an R2 of 0.72 and an RMSE of 279.95 g/m², 
while the yield prediction model achieved an R2 of 0.68 
and an RMSE of 29.82 g/m². It is important to note 
that training the model on 2024 data alone yielded a 
validation R2 of 0.53; incorporating the 2023 datasets 
increased R2 by 15% and decreased the RMSE by 
10.5 g/m2. In this study, where farm management prac‐
tices remained consistent across two years of rapeseed 
biomass estimation, accurate temporal-fit estimation 
can be achieved by training just one year of biomass 
monitoring data. However, accurate rapeseed yield 
prediction requires a longer time frame, with yield-
monitoring data from both 2023 and 2024 necessary 
for model training. A plausible explanation is that 
training the model on multi-year data enables it to 
capture inter-annual variations (Ma et al., 2024), such 
as temperature, rainfall, and soil conditions, which are 
crucial for accurate yield prediction.

3.4.2　Performance in variety‒density-fit scenarios

We further evaluated the stability and accuracy 
of the ensemble learning model across different plant‐
ing scenarios. Figs. 10c and 10d illustrate the accuracy 
of the feature synergy and ensemble learning in esti‐
mating biomass and yield under varying planting den‐
sities. The estimation errors (rRMSE) for rapeseed bio‐
mass and yield were comparable in both high-density 
(HD) and low-density (LD) areas. In the LD area, 
rRMSE was 15.49% for biomass and 15.95% for yield, 
while in the HD area, rRMSE was 17.27% for biomass 
and 15.54% for yield. In contrast, the prediction errors 
were relatively low in the medium-density (MD) range, 
with rRMSE values of 11.04% for biomass and 9.37% 
for yield. This can be attributed to the uniform canopy 
distribution in the MD area, which allows remote 
sensing signals to more effectively capture crop 
growth status. Although the estimation errors (rRMSE) 
for rapeseed biomass and yield varied with planting 
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density, the estimation biases consistently fell within the 
10%‒20% range for all density levels, indicating that the 
ensemble learning model exhibits relatively stable pre‐
dictive performance across varying planting densities.

Fig. 11 presents an accuracy analysis of bio‐
mass and yield prediction among different rapeseed 
genotypes. However, the yield prediction for the SY 

genotype exhibited a lower goodness-of-fit (R2=0.28), 
likely due to the lower coefficient of variation in the 
observed SY yield data (Table 1). Nonetheless, the 
model’s estimation error for the SY genotype was not 
greater than that for the other two varieties. The rRMSE 
for rapeseed biomass and yield across different vari‐
eties ranges from 11.12% to 17.75% (Fig. 11d). This 

Fig. 9  Feature importance from the ensemble learning model in yield estimation: weighted Shapley additive explanation 
(SHAP) values for different planting densities (a‒c), weighted SHAP values for different genotypes (d‒f), weighted SHAP 
values for all planting patterns (g), and absolute SHAP values at different growth stages (h). EF: early flowering stage; 
FF: full flowering stage; LF: late flowering stage; M: mature stage; RE: red-edge; VI: vegetation index; TF: textural feature; 
SF: structural feature; HD: high density; MD: medium density; LD: low density; QY: Qinyou; SY: Suyou; NZ: Ningza; 
BNDVI: blue normalized difference vegetation index; CIgreen: chlorophyll index green; CIre: chlorophyll index red-edge; 
GNDVI: green normalized difference vegetation index; MCARI: modified chlorophyll absorption ratio index; MSR: modified 
simple ratio; MTCI: meris terrestrial chlorophyll index; NDVI: normalized difference vegetation index; NDVIre: normalized 
difference vegetation index red-edge; SR: simple ratio; b and g donate normalized blue and green bands, respectively; 
EXG: excess green vegetation index; GLI: green leaf index; Hom_r: homogeneity textural feature of red band; Mean_r: 
mean textural feature of red band; Sen_r and Sen_g donate second moment textural features of red and green bands, 
respectively; Var_b: variance textural feature of blue band; PH: plant height; CV: canopy volume.
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indicates that the synergy of VIs, TFs, and SFs in the 
ensemble learning model demonstrated stable and 
reliable prediction performance for biomass and yield 
estimation across rapeseed varieties.

3.5 Spatial distribution maps of rapeseed biomass 
and yield at the meter scale

The spatial variation of yield and AGB at the 
meter scale (Fig. 12) clearly reflects the differences 
between the treatment areas, which align with the 
actual planting patterns. Additionally, the CBR spatial 
distribution map (Fig. 12) was calculated based on the 
biomass and yield distribution. CBR is a key indicator 
for reducing harvest losses and balancing material flow. 
From a spatial perspective, the yield and biomass dis‐
tribution in the area is slightly higher at the eastern 
field edges. This trend can be attributed to the proxim‐
ity of the eastern region to water sources, which results 
in better moisture availability for the plots, thereby lead‐
ing to higher yield and biomass production. Through 
coordinate matching, meter-scale maps can provide real-
time, high-throughput data to support decision-making 

systems in smart harvesters, thereby minimizing har‐
vesting losses and enhancing rapeseed yield.

4 Discussion 

4.1 Contribution of multidimensional features in 
yield and AGB prediction

Spectral indices exhibit saturation effects under 
dense canopy conditions (Wang et al., 2021; Li et al., 
2022), limiting the stability of models relying solely 
on spectral data for biomass and yield prediction. In‐
corporating TFs and SFs enhances model robustness 
by capturing canopy structural characteristics influ‐
enced by the interaction between variety and planting 
density (Brill et al., 2016; Ma et al., 2023), thereby 
improving estimation accuracy across various planting 
scenarios. However, traditional methods fail to pro‐
vide new insights for data-driven models.

SHAP analysis reveals the complex relation‐
ships among multidimensional features within spe‐
cific contexts, thereby enhancing the transparency and 

Fig. 10  Above-ground biomass (AGB) and yield performance across different planting density scenarios. Scatterplots of 
measured versus estimated AGB (a) and yield (b), coefficient of determination (R2) (c), and relative root mean square error 
(rRMSE) (d) across densities. HD: high density; MD: medium density; LD: low density.
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Table 1  Statistics of measured yield and above-ground biomass (AGB) data across varieties and densities

Variable

Yield

　QY

　SY

　NZ

　HD

　MD

　LD

AGB

　QY

　SY

　NZ

　HD

　MD

　LD

Maximum 
(g/m2)

311.8

237.0

226.6

277.3

311.8

269.3

2492.0

2902.3

2419.3

2818.5

2722.9

2902.3

Minimum 
(g/m2)

67.1

70.9

67.4

67.4

171.9

67.1

905.8

1009.6

1099.6

1009.6

1237.5

905.8

Range 
(g/m2)

244.7

166.2

159.3

210.0

139.9

202.2

1586.3

1892.7

1319.6

1808.9

1485.5

1996.6

Mean 
(g/m2)

214.4

222.0

189.9

212.9

215.0

198.5

1735.5

2464.5

2045.0

2138.4

2069.7

2036.9

Medium 
(g/m2)

220.2

226.7

205.6

221.2

217.1

221.2

1792.8

2562.3

2070.5

2233.5

2031.4

2039.1

Standard 
deviation (g/m2)

47.9

31.2

48.0

46.2

27.6

55.6

369.7

383.1

357.7

450.4

416.4

554.6

Variation 
coefficient (%)

22.4

14.0

25.3

21.7

12.9

28.0

21.3

15.5

17.5

21.1

20.1

27.1

QY: Qinyou; SY: Suyou; NZ: Ningza; HD: high density; MD: medium density; LD: low density.

Fig. 11  Above-ground biomass (AGB) and yield performance across different varieties. Scatterplots of measured versus 
estimated AGB (a) and yield (b), coefficient of determination (R2) (c), and relative root mean square error (rRMSE) (d) 
across varieties. QY: Qinyou; NZ: Ningza; SY: Suyou.
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interpretability of black-box models. The results indi‐
cate that texture information during the bud stage, green 
and blue bands at the bud stage, and chlorophyll con‐
tent during late flowering are key drivers of yield accu‐
mulation. Consistent with these findings, Peng et al. 
(2019) also identified a significant relationship between 
leaf structure at the bud stage and rapeseed yield. Add‑
itionally, blue band reflectance during the bud stage, 
which reflects nitrogen content, emerges as a critical 
factor influencing rapeseed yield. During late flower‐
ing, as flowers shed and siliques begin to form, silique 
photosynthesis plays a crucial role in yield accumula‐
tion, making chlorophyll content at this stage a key 
determinant of the final yield. Notably, CV at the 
mature stage exhibits the highest feature importance 
for both QY and SY varieties, likely due to their higher 
susceptibility to lodging. Collectively, these findings 
provide new insights into agronomic management and 
variety selection, demonstrating that the synergy of VIs, 
TFs, and SFs across different growth stages provides 
comprehensive multidimensional information that max‐
imizes yield estimation accuracy (Fig. 6).

On the other hand, spectral data during full flow‐
ering were found to be the most influential factor for 
biomass prediction based on SHAP analysis. However, 
the importance of spectral indices varied across plant‐
ing patterns, potentially leading to model instability 
when relying solely on spectral features. Our results 
indicate that the synergy of VIs and TFs significantly 
enhanced the accuracy of biomass prediction, with an 
RMSE of 323.88 g/m² (Fig. 6). Overall, SHAP analy‐
sis revealed the complex interactions driving rapeseed 

yield and biomass, identified key contributing factors, 
and provided valuable ecological insights for dynamic 
modeling and agricultural management.

4.2 Ensemble learning model performance in 
variety‒density interactions

The modeling approach significantly influences 
the reliability and accuracy of agricultural monitoring 
(Chen et al., 2024; Gu et al., 2024; Ji et al., 2024). Ye 
et al. (2024) noted that different models have distinct 
advantages; simple linear regression models offer better 
interpretability, while multivariate models provide 
higher accuracy. Our results also showed that RF models 
are better at capturing broad, transferable patterns, 
whereas models like SVM are more suitable for pre‐
dictions within a specific domain. Thus, the two-layer 
stacking ensemble framework effectively combines the 
strength of individual models, resulting in improved 
predictive performance (Zhai et al., 2023; Du et al., 
2025; Zhang ZF et al., 2025). Similarly, our investiga‐
tion found that the ensemble model outperformed the 
single machine learning model, increasing R2 from 0.69 
to 0.72 and reducing RMSE from 408.62 to 279.95 g/m2 
in rapeseed biomass estimation. For yield estimation, 
the model also showed significant improvements, with 
R2 rising from 0.62 to 0.68 and RMSE decreasing 
from 33.72 to 29.82 g/m2. Results demonstrate that the 
synergy of multidimensional features with ensemble 
strategies effectively captures more comprehensive 
information, leading to improved accuracy and robust‐
ness in rapeseed yield and biomass estimation.

Planting density and variety varied across the 
plots. To further evaluate the generality of the ensem‐
ble learning strategies, a comparison was conducted 
between the observed and predicted rapeseed harvest 
parameters across different planting patterns. Analyz‐
ing rapeseed biomass and yield estimation results within 
a variety‒density ecological framework can enhance 
the model’s scalability. Fig. 10 indicated that planting 
density influenced model performance. In estimating 
rapeseed biomass and yield across different planting 
densities, the rRMSE was lowest in the MD area. A 
possible explanation is that the uniform canopy at 
medium planting density allows SFs and TFs to effec‐
tively reflect crop growth, whereas saturation effects in 
dense canopies and the uneven canopy structure at low 
density reduce their effectiveness. Furthermore, differ‐
ent varieties exhibit varying adaptability to planting 

Fig. 12  Spatial distribution maps of rapeseed above-ground 
biomass (AGB) (a), yield (b), and crop-to-biomass ratio 
(CBR) (c) at the meter scale.
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density, which influences their growth and yield. Com‐
pared to other varieties, SY has more stable yields 
across different planting densities, with a yield varia‐
tion of only 14.0% (Table 1). This can likely be attrib‐
uted to its compact growth structure, in which the 
small leaves and dense canopy reduce interplant shad‐
ing, optimizing light and nutrient utilization. Therefore, 
the model struggles to capture the complex relation‐
ship between features and yield (SY), resulting in 
lower goodness-of-fit (Fig. 11c). Nevertheless, the pro‐
posed model demonstrated stable predictive accuracy 
across various planting densities and rapeseed varieties 
(Figs. 10 and 11). Overall, this study demonstrated that 
combining multidimensional features with an optimal 
ensemble learning strategy yielded high accuracy and 
robustness in predicting rapeseed biomass and yield 
across multiple years and diverse planting scenarios.

4.3 Future perspectives

This study provides an accurate estimation of 
rapeseed biomass and yield across various variety‒
density plots by integrating synergistic multidimen‐
sional features with ensemble learning. To enhance 
model interpretability, SHAP analysis was employed 
to evaluate the impact of each feature on predictions, 
enabling identification of key drivers and interactions 
influencing yield and biomass. This approach enhances 
transparency and effectively narrows the gap between 
the model’s complexity and practical agricultural in‐
sights. However, it is important to note that these find‐
ings are specific to the climate and management con‐
ditions of the study site, and may therefore have limited 
applicability to other contexts. Water stress and nitro‐
gen content can also affect crop growth, thereby impact‐
ing rapeseed yield and biomass (Mokhtari et al., 2025). 
Future studies integrating thermal infrared and hyper‐
spectral sensors hold the potential to reveal the eco‐
logical responses of crops to water and nutrient stress. 
These sensors have the potential to measure physio‐
logical parameters, such as canopy temperature and 
water content, which could be directly linked to crop 
stress levels. By incorporating these data into predic‐
tive models, the interactions between the driving fac‐
tors of crop growth and yield can be better captured, 
enhancing model interpretability and providing more 
valuable insights for agricultural management. Further‐
more, to continuously refine and improve the model’s 
practicality, future studies could explore additional 

machine learning algorithms and ensemble strategies 
that account for different crop types, regions, and envir‑
onmental conditions.

5 Conclusions 

Accurate pre-harvest estimation of rapeseed bio‐
mass and yield using remote sensing is a prerequisite 
for precision harvesting. However, temporal transfer 
and diverse planting patterns complicate the mapping 
between spectral data and crop parameters, limiting 
the model’s applicability across different agricultural 
scenarios. To address these challenges, this study de‐
veloped a robust rapeseed biomass and yield estima‐
tion model by integrating multidimensional feature 
synergy with an RF ensemble strategy. Furthermore, 
an interpretable framework is constructed using SHAP 
analysis, achieving a balance between predictive accu‐
racy and model transparency. The main findings are 
as follows. (1) The synergy of multidimensional fea‐
tures and ensemble learning significantly improved the 
accuracy of rapeseed yield and biomass predictions 
in a temporal-fit scenario (AGB: R²=0.72, RMSE=
279.95 g/m²; yield: R² =0.68, RMSE=29.82 g/m²). 
(2) Key features for yield and biomass models were 
identified via SHAP: texture features at the bud stage, 
chlorophyll content during late flowering, and CV at 
the mature stage as key factors for yield prediction; 
canopy spectral data during full flowering is the most 
important for biomass prediction, although its impact 
varies with planting pattern. (3) Validation results 
showed that the model performed consistently and ac‐
curately across different varieties and planting densi‐
ties, demonstrating its strong generality. Furthermore, 
the generated meter-scale biomass and CBR maps 
offer critical spatial data for precision agriculture and 
intelligent harvesting, providing precise guidance for 
machinery operation and harvest strategy optimization.
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