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  HIGHLIGHTS
● Fusion of vegetation indices and texture
features improves rice aboveground biomass
(AGB) prediction over single-feature models.

● Bayesian model averaging meta learner
achieves superior precision and robustness in
AGB prediction.

● Five base learners provide the optimal balance
for ensemble learning frameworks.

● A hybrid ensemble of linear-kernel models and
Gaussian process regression yields the highest
accuracy.
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  GRAPHICAL ABSTRACT
 

  ABSTRACT
Remote sensing using unmanned aerial vehicles (UAV) combined with machine
learning (ML) has significantly advanced field-scale prediction of aboveground
biomass.  Although ensemble learning frameworks (ELFs)  typically  outperform
individual  ML  algorithms  in  accuracy,  systematic  evaluations  of  meta  learner
selection and the effects of base learner quantity and diversity remain limited.
Leveraging  vegetation  indices  and  texture  features  extracted  from  multi-
temporal  UAV  imagery,  ELFs  were  constructed  incorporating  nine  ML
algorithms  with  three  meta  learners,  Linear  model,  Random  forest  and
Bayesian model averaging (BMA), to systematically evaluate how base learner
configuration  affects  prediction  accuracy.  Using  the  fused  feature  set  of
sensitive vegetation indices and texture features, Gaussian process regression
(GPR) achieved the highest accuracy among all  base learners, with R2 = 0.769
and RMSE = 1.83 t·ha–1.  Also, the three meta learners outperformed the best
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base learner,  with the BMA meta learner yielding the superior accuracy (R2 =
0.795,  RMSE  =  1.73  t·ha–1).  However,  meta  learner  performance  depended
strongly  on  the  composition  of  the  base  learners  pool,  stability  was  optimal
with  five  base  learners,  and  maximum  accuracy  was  achieved  by  hybrid
ensembles that combined linear-kernel models with GPR. This study highlights
the importance of both meta learner selection and base learner composition in
ELFs  for  aboveground  biomass  prediction  in  rice.  These  findings  offer
methodological  guidance  for  UAV-based  high-precision  monitoring  of  crop
AGB,  with  practical  implications  for  precision  agriculture  and  crop
management.

© The Author(s) 2026. Published by Higher Education Press. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0)

  

1    Introduction
 
Aboveground biomass (AGB) serves as a useful agroecological
indicator,  particularly  for  monitoring  crop  growth,  predicting
yields,  and  assessing  crop-environment-management
interactions[1].  Mostly,  AGB  prediction  relies  on  destructive
sampling,  which,  despite  its  accuracy,  is  labor-intensive,  time-
consuming  and  spatially  limited.  These  constraints  render  its
application  for  large-scale  or  high-frequency  dynamic
monitoring[2,3].  Consequently,  developing  efficient,  non-
destructive methodologies for AGB prediction is imperative for
the progression of precision agriculture.

Recent  advancements  in  remote  sensing  using  unmanned
aerial  vehicle  (UAV)  have  catalyzed  significant  progress  in
high-resolution crop AGB monitoring[4]. UAV platforms offer
exceptional  spatial  and  temporal  resolution,  operational
flexibility  and  cost-efficiency,  positioning  them  as  ideal  tools
for  continuous,  large-scale  crop  growth  assessment[5].
Although vegetation indices (VIs) are widely adopted for AGB
prediction[6–8],  they  have  critical  limitations  across  growth
stages,  specifically,  soil  background  interference  during  early
growth  and  signal  saturation  in  later  stages  collectively
compromise  predictive  accuracy[9,10].  To  address  these
challenges,  texture  features  (TFs)  have  been  integrated  to
capture  canopy  spatial  heterogeneity,  frequently  combined
with machine learning (ML) techniques to develop robust non-
linear  AGB  predictive  models[11–15].  ML  algorithms  are
particularly  effective  for  disentangling  complex  relationships
within  high-dimensional  VIs  and  TFs  feature  sets,  offering
enhanced  generalization  and  resistance  to  overfitting[16,17].
However,  individual  ML  algorithms  often  lack  robustness
under  heterogeneous  field  conditions  arising  from  structural

and  parametric  uncertainties,  which  ultimately  limits  their
generalizability across diverse agricultural scenarios[18–20].

Ensemble  learning  frameworks  (ELFs)  integrate  predictions
from  multiple  base  learners  via  a  meta  learner,  thereby
leveraging  model  complementarity  to  improve  predictive
accuracy and stability[21–23]. For example, Li et al.[24] proposed
a  UAV  hyperspectral-based  ensemble  model  combining  four
ML  algorithms  with  a  Linear  model  (LM)  meta  learner,
achieving  significant  improvements  in  wheat  yield  prediction.
Similarly,  Fei  et  al.[25] developed  a  wheat  yield  prediction
framework  incorporating  eight  ML  algorithms  via  Bayesian
model  averaging  (BMA),  which  substantially  enhanced
predictive  performance.  Despite  these  advancements,  several
critical  research  gaps  remain  to  be  addressed[26].  First,  the
selection and comparative assessment of meta learners remain
insufficient,  with  many  studies  relying  on  simplistic  stacking
structures  while  overlooking  the  potential  of  alternative  meta
learners.  Second,  base  learner  selection  often  lacks  systematic
analysis,  and  correlations  or  redundancies  among  ML
algorithms  are  rarely  scrutinized.  Third,  the  applicability  and
robustness  of  ELFs  under  heterogeneous  field  environments,
such  as  different  fertilizer  application  regimes,  and  diverse
cultivars, have not been validated.

To  address  these  gaps,  this  study  leverages  sensitive  VIs  and
TFs feature sets  extracted from multispectral  UAV imagery to
establish  ELFs.  These  frameworks  integrate  nine  diverse  ML
algorithms  with  three  meta  learners  (BMA,  Random  forest
(RF),  LM)  to  systematically  evaluate  rice  AGB  predictive
performance  under  varying  fertilizer  treatments  and  cultivars.
The  specific  objectives  are  as  follows:  (1)  compare  the
predictive  performance  of  nine  ML  models  as  base  learners;
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(2) elucidate the adaptability and predictive advantages of ELFs
with  three  meta  learners;  (3)  quantify  how  the  quantity  and
compositional  diversity  of  base  learners  influence  the  overall
efficacy  of  the  ELFs.  Overall,  this  study  aims  to  overcome
current  limitations  in  model  stability,  generalization  and
adaptability,  providing  methodological  support  for  efficient
rice  AGB  prediction  and  contributing  to  the  advancement  of
precision agriculture.
 

2    Materials and methods
  

2.1    Study site and experimental design
Field experiments were conducted from June to October 2020
in Xiaogang Village, Fengyang County, Anhui Province, China
(32°16′  N,  117°42′  E).  The  study  site  is  characterized  by  a
typical  subtropical  humid  monsoon  climate  with  distinct
seasonality. A split-plot experimental design was implemented
with  three  replicates,  where  nitrogen  application  rates  were
designated  as  the  main  plot  factor  and  rice  cultivars  as  the
subplot  factor  (Fig. 1).  This  design  yielded  a  total  of  36
experimental plots, each covering an area of 16 m2 (2 m × 8 m).
Nitrogen  fertilizer  was  applied  using  a  split-application
strategy:  40%  was  administered  as  basal  fertilizer,  30%  at  the
tillering stage, and the remaining 30% at the heading stage. All
other agronomic practices adhered to local guidelines for high-
yield rice cultivation.
 

2.2    UAV images acquisition and preprocessing
Multispectral  imagery  was  acquired  at  six  key  growth  stages

(Table 1)  using  a  DJI  Phantom  4  Multispectral  Quadcopter
UAV  (SZ  DJI  Technology  Co.,  Shenzhen,  China)  (Table  S1).
The  onboard  sensor  captures  five  spectral  bands:  blue  (450  ±
16  nm),  green  (560  ±  16  nm),  red  (650  ±  16  nm),  red  edge
(730  ±  16  nm),  and near-infrared  (840  ±  26  nm),  each  with  a
2.08  megapixel  resolution.  To  ensure  consistent  solar
illumination,  all  flights  were  conducted  under  clear,  cloudless
conditions  between  11:00  and  14:00.  Flight  missions  were
preplanned  via  DJI  GS  Pro  software  with  a  flying  altitude  of
30  m  and  a  cruising  speed  of  2.0  m·s–1.  Forward  and  side
overlaps  were  optimized  at  90%  and  85%,  respectively,  to
ensure high-quality photogrammetric reconstruction.

Photogrammetric processing was executed using Pix4Dmapper
(Pix4D,  Lausanne,  Switzerland),  encompassing  a  standardized
workflow  that  included  image  georeferencing,  image
alignment, dense point cloud generation, digital surface model
construction  and  orthomosaic  production[2].  Subsequently,
individual  spectral  bands  were  co-registered  and  stacked  into
composite  multispectral  images.  All  images  were  projected  to
WGS  84  UTM  Zone  50N  coordinate  system  with  a  ground
sampling  distance  of  1.7  cm.  Radiometric  correction  was
performed  via  the  empirical  line  method,  which  established
linear regressions between image pixel digital numbers and the
reflectance values of calibrated reference panels[5].
 

2.3    Rice aboveground biomass data collection
Ground  truth  AGB  measurements  were  taken  synchronously
with  each  UAV  campaign  (Table 1).  Three  representative  rice
plants  were  destructively  sampled  from  each  plot  and
transported  to  the  laboratory  for  further  processing.  The
samples  were  initially  oven-dried  at  105  °C  for  30  min  to

 

 
Fig. 1    Experimental design of this study showing the layout of fertilizer and cultivar treatments.
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deactivate  enzymatic  activity,  then  transferred  to  a  constant-
temperature  oven  and  dried  at  75  °C  until  a  constant  weight
was  achieved.  Dry  weight  was  determined  using  an  electronic
balance with 0.001 g precision.
 

2.4    Remote sensing feature extraction
 

2.4.1    Vegetation indices
VIs  are  widely  used  spectral  features  in  remote  sensing,
commonly  derived  from  algebraic  combinations  of
multispectral  bands  to  amplify  spectral  contrasts  between
vegetated and non-vegetated backgrounds[5,27].  For  this  study,
16  VIs  previously  demonstrated  to  be  effective  for  crop  AGB
prediction were selected for analysis (Table 2).
 

2.4.2    Texture features
TFs  characterize  the  spatial  heterogeneity  of  the  canopy,
effectively  reflecting  variations  in  crop  density,  growth
consistency,  and  structural  complexity[10,12].  Among  various
texture  extraction  methods,  the  gray-level  co-occurrence
matrix is extensively used for its capacity to generate rotation-
invariant  and  multiscale  textural  descriptors  with  high
computational efficiency[2].  In this study, eight texture metrics
were  selected:  mean,  variance,  homogeneity,  contrast,
dissimilarity,  entropy,  second  moment  and  correlation.  To
minimize  inter-band  redundancy  and  enhance  extraction
efficiency,  TFs  were  derived  from  the  first  two  principal
components  of  the  multispectral  imagery  based  on  principal
component analysis.
 

2.5    Feature selection
Recursive  feature  elimination  (RFE)  is  an  iterative  pruning

mechanism  designed  to  identify  optimal  feature  subsets  by
recursively  training  a  predictive  model  and  sequentially
discarding  features  with  the  minimal  contribution  to  model
performance[44].  The  RFE  workflow  typically  entails  three
steps:  (1)  assessing  feature  importance  scores  using  a  base
model, (2) iteratively removing the lowest-ranked features, and
(3)  producing  a  final  feature  ranking  according  to  the
elimination  sequence[19].  For  this  study,  an  RF-driven  RFE
procedure was implemented to screen for VIs and TFs sensitive
to  rice  AGB.  The  feature  selection  process  was  optimized  via
five fold cross-validation, with the minimum root mean square
error (RMSE) serving as the decisive criterion for determining
the optimal feature subset.
 

2.6    Aboveground biomass prediction models
 

2.6.1    Base learners
To  comprehensively  assess  the  predictive  performance  of
different  algorithms,  nine  widely  used  ML  methods  were
selected  as  base  learners,  categorized  into  three  distinct
architectures:  (1)  linear-kernel  models,  including  Stepwise
multiple  regression  (SMR),  Partial  least  squares  regression
(PLSR),  Ridge  regression  (RR)  and  Least  absolute  shrinkage
and  selection  operator  (LASSO),  (2)  tree-kernel  models,
including  Random  forest  regression  (RFR),  Extreme  gradient
boosting  (XGBoost),  Gradient  boosting  machine  (GBM)  and
(3)  non-parametric  models,  namely  Support  vector  regression
(SVR) and Gaussian process regression (GPR) (Table S2).

SMR  iteratively  refines  the  predictor  set  based  on  predefined
statistical  criteria  to  yield  a  parsimonious  and  interpretable
framework[45].  PLSR  facilitates  robust  modeling  of  high-
dimensional,  multicollinear  datasets  by  projecting  variables
into latent components that maximize the covariance between
predictors  and  responses[46].  To  address  collinearity  and

 

Table 1    Unmanned aerial vehicle flight dates (in 2020) and statistics of rice aboveground biomass values (t·ha–1) across the rice growth season

Date Growth stage Min Max Mean Coefficient of variation (%)

25 Jul. Late tillering 0.704 2.96 1.92 34.6

13 Aug. Elongation 1.96 8.07 5.16 29.0

23 Aug. Booting 4.38 12.9 8.58 25.8

31 Aug. Heading to flowering 5.56 12.9 9.26 24.1

9 Sep. Initial grain-filling 5.97 15.6 11.2 20.5

20 Sep. Late grain-filling 4.88 17.4 10.3 28.9
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prevent  overfitting,  RR  and  LASSO  implement  distinct
regularization  strategies;  RR  uses  an  L2  norm  penalty  to
stabilize coefficient estimation[19,47] whereas LASSO uses an L1
norm  penalty  to  encourage  model  sparsity  and  facilitate
simultaneous  variable  selection[26].  RFR  uses  bootstrap
aggregation  (bagging)  to  average  the  outputs  of  multiple
decision  trees,  thereby  enhancing  model  stability  and
mitigating  overfitting[2].  GBM  constructs  a  series  of  weak
learners  by  iteratively  correcting  the  residuals  of  preceding
models,  thereby  effectively  capturing  intricate  non-linear
dependencies[46].  XGBoost  serves  as  a  high-performance
implementation  of  gradient  boosting,  incorporating  second-
order  optimization,  regularization  and  efficient  handling  of
missing  values[14].  SVR  implements  the  structural  risk
minimization principle, constructing an optimal hyperplane to
minimize  prediction  error  while  maintaining  a  robust  margin
in  high-dimensional  spaces[48].  GPR  offers  a  non-parametric

Bayesian perspective, modeling complex relationships within a
flexible  probabilistic  framework  that  inherently  allows  for
predictive uncertainty quantification[49].

 

2.6.2    Meta learners
To  improve  prediction  performance  and  model  robustness,
stacking ELFs were implemented in this study (Fig. 2). ELFs is
a  multi-tiered  learning  paradigm  that  uses  a  meta  learner  to
synthesize predictions from multiple base learners. By training
on  first  level  outputs,  the  meta  learner  exploits  inter-model
complementarities, effectively balancing individual algorithmic
biases  and  maximizing  overall  generalization[1,20,25].  To
systematically  assess  the  impact  of  ELFs  architectures,  three
types of meta learners were evaluated: LM, RF and BMA.

LM is a statistical model used to describe the linear relationship

 

Table 2    Vegetation indices used in this study

Vegetation indice Calculation equation Reference

Normalized difference vegetation index (NDVI) NDVI =
nir− red
nir+ red

[28]

Normalized difference red edge index (NDRE) NDRE =
nir− rededge
nir+ rededge

[29]

Leaf chlorophyll index (LCI) LCI =
nir− rededge

nir+ red
[30]

Green normalized difference vegetation index (GNDVI) GNDVI =
nir−green
nir+green

[31]

Ratio vegetation index (RVI) RVI =
nir
red

[32]

Difference vegetation index (DVI) DVI = nir− red [33]

Red edge chlorophyll index (CIrededge) CIrededge =
nir

rededge
−1

[34]

Soil adjusted vegetation index (SAVI) SAVI =
1.5× (nir− red)
nir+ red+0.5

[35]

Optimized soil adjusted vegetation index (OSAVI) OSAVI =
1.16× (nir− red)
nir+ red+0.16

[36]

Modified soil adjusted vegetation index (MSAVI)
MSAVI =

(2×nir+1)−
√

(2×nir+1)2 −8× (nir− red)
2

[37]

Green soil adjusted vegetation index (GSAVI) GSAVI =
1.5× (nir−green)
nir+green+0.5

[38]

Enhanced vegetation index (EVI) EVI =
2.5× (nir− red)

nir+6× red−7.5×blue+1
[39]

Visible atmospherically resistant red edge indices (VARIrededge) VARIrededge =
rededge−1.7× red+0.7×blue
rededge+2.3× red−1.3×blue

[40]

MERIS terrestrial chlorophyll index (MTCI) MTCI =
nir− rededge
rededge− red

[41]

Modified normalized difference blue index (mNDblue) mNDblue =
blue− rededge

blue+nir
[42]

Near-infrared reflectance of vegetation (NIRv) NIRv =
nir− red
nir+ red

×nir [43]

Note: Blue, green, red, rededge, and nir represent the reflectance of blue, green, red, red-edge, and near-infrared bands, respectively.
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between the dependent variable and independent variables, and
quantifies the relative contribution of each individual model by
optimizing  regression  coefficients  and  an  intercept[22].  The

formula of the LM meta learner is:
 

PLM = β0+
∑S

s=1
βs ×Xs (1)

 

 
Fig. 2    Data  processing  and  the  stacking  ensemble  learning  frameworks  used  in  this  study.  MS,  multispectral;  RFE,  recursive  feature
elimination;  VIs,  vegetation indices;  TFs,  texture features;  AGB,  aboveground biomass; K, k  fold cross-validation (k =  5);  P,  Prediction;  SMR,
stepwise  multiple  regression;  PLSR,  partial  least  squares  regression;  RR,  ridge  regression;  LASSO,  least  absolute  shrinkage  and  selection
operator;  RFR,  random  forest  regression;  XGBoost,  extreme  gradient  boosting;  GBM,  gradient  boosting  machine;  SVR,  support  vector
regression; GPR, Gaussian process regression; LM, linear model; RF, random forest; BMA, Bayesian model averaging.
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where, PLM is the predicted output of the LM meta learner; β0 is
the  intercept  term,  and βs is  the  coefficient  of  the s-th  base
learner; Xs is  the  output  of  the s-th  base  learner  and S is  the
number of base learners with S ∈ {1,2,3,...,9}.

The  final  prediction  of  the  RF  meta  learner  is  obtained  by
averaging the predictions from all decision trees[2] as:
 

PRF =
1
T

∑T

t=1
Pt (2)

where, Pt is the prediction result of the t-th decision tree model,
T is the number of decision trees and T is set to 500.

BMA  is  a  probabilistic  ensemble  forecasting  approach
grounded  in  Bayesian  inference,  which  systematically
incorporates  model  selection  uncertainty  into  predictive
outcomes.  By  weighting  the  full  predictive  distributions  of
candidate  models  according  to  their  posterior  probabilities,
BMA  yields  a  composite  posterior  predictive  distribution  that
comprehensively  accounts  for  both  within-model  variability
and  between-model  discrepancies[17,25,50].  Formally, y is  the
variable  to  be  predicted, D is  the  observed  data. M  =
{M1,M2,...,MS} is  the  ensemble  of  all  base  learners’ predictions
and S is  the  number  of  base  learners.  The  BMA  predictive
distribution for a target variable y is expressed as:
 

p(y|D) =
∑S

s=1
p(Ms|D)× p(y|Ms,D) (3)

ωs = p(Ms|D)The  model  weights  are  derived  via  Bayes’
theorem:
 

ωs =
p (D|Ms)× p(Ms)∑S

j=1 p(D|M j) × p(M j)
(4)

where, p(Ms) is the prior probability of the s-th model Ms. Non-
informative prior was used, specifically when setting a uniform
model  prior p(Ms)=1/s.  p(D|Ms)  is  the  marginal  likelihood  of
the data under model MS.

For  regression  problems,  the  prediction  residuals  of  each
model  are  assumed  to  be  normally  distributed.  Hence,  each
conditional  predictive  distribution  is  parameterized  as  a
Gaussian likelihood function:
 

p(y|Ms,D) =Normal(y|µs, δ
2

s) (5)
µs δ2

swhere,  and  denote  the  predictive  mean  and  variance  of
the s-th model Ms, respectively.

The  final  output  of  BMA  is  the  complete  mixture  predictive
distribution p(y|D), which not only provides a point prediction,

but also, more importantly, allows the predictive variance to be
analytically decomposed via the law of total variance:
 

Var(y|D) =
∑S

s=1
ωs ×δ2

s +
∑S

s=1
ωs × (µs −E[y|D]) (6)

∑S
s=1ωs ×δ2

s∑S
s=1ωs × (µs −E[y|D])

where, Var(y|D)  is  the  variance of y on training data D under
the  considered  ML  model,  is  the  within-model
variance,  and  is  the  between-model
variance.
 

2.7    Model construction and evaluation
During  the  model  construction  phase,  the  sample  dataset  was
partitioned  into  a  training  set  and  an  independent  testing  set
using  a  7:3  ratio.  For  the  training  of  base  learners,  a  five  fold
cross-validation scheme was implemented to generate the out-
of-sample  predictions  matrix  (OSPM).  The  specific  procedure
was as follows.  The training set  was randomly segmented into
five mutually exclusive and exhaustive subsets. In each iterative
cycle, a single subset was designated as the validation set, while
the  remaining  four  subsets  constituted  the  training  fold.
Within  each  training  fold,  a  minimalistic  hyperparameter
tuning protocol (Table S3) was executed via internal three fold
cross-validation. The resultant trained base learners were then
used  to  generate  predictions  on  the  corresponding  validation
subset.  Upon  completion  of  all  five  iterations,  the  validation
predictions  were  aggregated  to  form  the  OSPM,  which
subsequently  served  as  the  feature  space  for  the  secondary
training  set.  Concurrently,  each  base  learner  generated  five
distinct predictions for the independent testing set throughout
this  process;  these  predictions  were  averaged  to  construct  the
secondary testing set. In the stacking phase, LM, RF and BMA
were  trained  on  the  secondary  training  set  via  five  fold  cross-
validation protocol. Subsequently, the final meta learners were
validated  against  the  secondary  independent  test  set.  To
mitigate the potential influence of stochasticity inherent in data
partitioning,  the  entire  procedure  was  repeated  over  20
independent iterations (Fig. 2). Then, an exhaustive evaluation
of  all  502  possible  ELFs  (comprising  2–9  base  learners)  was
conducted,  yielding  1506  sets  of  independent  test  results  for
rigorous comparative analysis.
 

2.8    Model evaluation
Two metrics were used to evaluate the predictive performance
of  the  base  learners  and  the  meta  learners:  the  coefficient  of
determination (R2) and the RMSE[51]. R2 reflects the goodness-
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of-fit,  denoting  the  proportion  of  variance  explained  by  the
model,  while  RMSE  quantifies  the  magnitude  of  deviation
between observed and predicted AGB values.

To ensure objective and generalizable model evaluation, a one-
way  analysis  of  variance  was  performed.  Tukey’s  honestly
significant  difference  test  was  employed  for  post  hoc  pairwise
comparisons  to  identify  significant  differences  between
combinations[1].
 

3    Results
  

3.1    Sensitive feature selection and rice
aboveground biomass prediction based on base
learners
 

3.1.1    Sensitive feature selection
RFE  was  applied  to  identify  the  most  important  features  for
rice  AGB  prediction  (Fig. 3 and  Table  S4).  Based  on  five  fold
cross-validation,  the  optimal  VIs  subset  comprised  seven
indices, yielding an R2 of 0.697 and an RMSE of 2.11 t·ha–1. For
TFs,  the  model  reached  its  peak  performance  with  eight
features, resulting in an R2 of 0.762 and an RMSE of 1.89 t·ha–1.
The  selected  VIs  encompassed  the  entire  spectral  range
captured  by  the  multispectral  sensor.  The  most  sensitive  TFs
included  correlation,  second  moment,  entropy,  mean  and
contrast, which were evenly distributed across the both the first
and second principal components (Section 2.4.2). 

3.1.2    Aboveground biomass prediction using base learners
Figure 4 shows  the  predictive  performance  of  nine  ML  base
learners  across  three  feature  sets.  Both  input  features  and
algorithm selection exert a decisive influence on the predictive
accuracy  and  generalization  capability  of  AGB  models.  The
results  show  that  models  using  the  fused  VIs  and  TFs  feature
set  significantly  outperformed  those  relying  on  either  feature
set  alone.  Considerable  variability  in  predictive  efficacy  was
observed  among  the  evaluated  base  learners  (Table  S5).  GPR
and RFR were the top-performing group, having no statistically
significant  differences  in  their  predictive  accuracy.  A  second
performance  group  included  SVR,  RR,  LASSO,  XGBoost  and
GBM  models,  all  of  which  showed  comparable  predictive
results.  Conversely,  PLSR  had  the  poorest  performance.  With
the VIs + TFs test set, GPR had the highest R2 (0.769) and the
lowest RMSE (1.83 t·ha–1), followed closely by RFR (R2 = 0.763,
RMSE  =  1.85  t·ha–1).  Notably,  the  accuracy  enhancements
derived from feature fusion were model-dependent, with linear
algorithms  such  as  RR,  LASSO  and  SMR  giving  the  most
pronounced improvements upon the integration of TFs.
 

3.2    Rice aboveground biomass prediction based on
three meta learners
 

3.2.1    Performance comparison of three meta learners for
aboveground biomass prediction
The three meta learners all performed best on the fused feature
set,  while  yielding  comparable  results  on  the  individual  VIs-
only  and  TFs-only  feature  sets  (Fig. 5).  For  the  fused  set,  a

 

 
Fig. 3    Process of RFE for selecting sensitive vegetation indices (VIs) (a) and texture features (TFs) (b). RMSE, root mean square error.
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divergent  performance  trend  was  observed  between  the
training  and  test  datasets:  the  BMA  meta  learner  had  the
highest  goodness-of-fit  on  the  training  set  whereas  the  LM
meta learner achieved superior performance on the test set. To
further elucidate the disparities among the meta learners, their
stability  and  overfitting  susceptibility  were  assessed  using  two
metrics  derived  from  the  fused  feature  set:  (1)  the  standard
deviations  of R2 and  RMSE,  (2)  the  performance  discrepancy
between the training and test sets (|ΔR2| and |ΔRMSE|) (Fig. 6).
The  stability  analysis  indicated  that  the  BMA  and  LM  meta
learners  had  the  highest  and  statistically  indistinguishable
robustness,  whereas  the  RF  meta  learner  showed  the  lowest
stability.  Regarding  overfitting  tendency,  the  BMA  meta
learner had the most generalizable, while the LM meta learner
was the most prone to overfitting. Based on the comprehensive
assessment  of  predictive  performance,  stability  and

generalization,  the  BMA  meta  learner  was  selected  as  the
optimal meta learner.
 

3.2.2    Rice aboveground biomass prediction based on the
best meta learner
Table 3 provides  details  of  AGB  prediction  accuracy  between
the  BMA  meta  learner  and  the  optimal  base  learner  (GPR)
across  three  feature  sets.  The  results  indicate  that  BMA
consistently  outperformed  GPR  under  all  configurations.  For
the  VI-only  feature  set,  BMA  meta  learner  increased R2 from
0.719 to 0.762 (an increase of 6.01%) and reduced RMSE from
2.02 to 1.86 t·ha–1 (a decrease of 7.67%) by integrating five base
learners.  For  the  TF-only  feature  set,  the  integration  of  three
base learners  enhanced R2 from 0.736 to 0.762 (an increase of
3.54%) and reduced RMSE from 1.97 to 1.86 t·ha–1 (a decrease

 

 
Fig. 4    Predictive performance of the nine machine learning base learners for rice aboveground biomass. (a, b) R2 and RMSE of the training
set;  (c,  d) R2 and RMSE of  the test  set.  VIs,  vegetation indices;  TFs,  texture features;  SMR,  stepwise multiple  regression;  PLSR,  partial  least
squares  regression;  RR,  ridge  regression;  LASSO,  least  absolute  shrinkage  and  selection  operator;  RFR,  random  forest  regression;
XGBoost,  extreme  gradient  boosting;  GBM,  gradient  boosting  machine;  SVR,  support  vector  regression;  GPR,  Gaussian  process  regression.
R2, coefficient of determination; RMSE, root mean square error. Different lowercase letters indicate statistically significant differences among
algorithms (P < 0.05).

 

Jikai LIU et al., ENGINEERING Agriculture, 2026, 13(5): 26684 https://doi.org/10.15302/J-FASE-2026684

 
https://journal.hep.com.cn/fase 26684-9

https://doi.org/10.15302/J-FASE-2026684
https://doi.org/10.15302/J-FASE-2026684
https://doi.org/10.15302/J-FASE-2026684
https://doi.org/10.15302/J-FASE-2026684
https://doi.org/10.15302/J-FASE-2026684


of  5.54%).  For  the  VIs  +  TFs  fused  feature  set,  BMA  meta
learner  achieved  the  highest R2 (0.795,  an  increase  of  3.31%)
and  the  lowest  RMSE  (1.73  t·ha–1,  a  decrease  of  5.57%)  by
aggregating  five  base  learners.  The  scatter  plots  of  predicted
versus  observed AGB values  show that  the  BMA meta  learner
provided  superior  goodness-of-fit  and  enhanced  robustness
across both the training and validation datasets (Fig. 7).
 

3.3    Influence of base learner number and type on
ensemble learning frameworks performance
 

3.3.1    Influence of base learner number on BMA meta learner
performance
To  evaluate  the  sensitivity  of  BMA  meta  learner  performance
to  the  number  of  base  learners,  the  ensemble  size  was
incrementally  expanded  from  two  to  nine  and  the

corresponding prediction accuracy was compared (Table 4 and
Fig. 8).  As  additional  base  learners  were  incorporated,
predictive  accuracy  gradually  improved  and  reached  its
maximum at an ensemble size of nine, with an average test set
R2 of 0.793 and an average RMSE of 1.73 t·ha–1.  However, the
performance  trajectory  plateaued  once  the  ensemble  size
exceeded  five,  no  statistically  significant  differences  were
observed  beyond  this  threshold,  indicating  diminishing
marginal  utility  from  further  expanding  the  ensemble  size.
Balancing  predictive  performance  and  computational
efficiency, an ensemble size of five was identified as the optimal
configuration.
 

3.3.2    Influence of base learner type on BMA meta learner
performance
To  further  elucidate  the  influence  of  base  learner  type  on  the

 

 
Fig. 5    Performance  comparison  of  BMA,  LM,  and  RF  meta  learners  in  predicting  rice  aboveground  biomass  across  different  feature  sets.
(a,  b) R2  and  RMSE  of  the  training  set;  (c,  d) R2  and  RMSE  of  the  test  set.  VIs,  vegetation  indices;  TFs,  texture  features;  LM,  linear  model;
RF,  random  forest;  BMA,  Bayesian  model  averaging; R2,  coefficient  of  determination;  RMSE,  root  mean  square  error.  Different  lowercase
letters indicate statistically significant differences among algorithms (P < 0.05).
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ELFs  performance  of  the  BMA  meta  learner,  the  nine
algorithms  were  categorized  into  three  groups  (Table  S2).
Prediction  accuracy  discrepancies  across  various  type
combinations  were  then  systematically  evaluated  (Figs 9 and
10).  Ensemble  configurations  that  included  the  optimal  single
base learner (GPR) significantly outperformed those excluding
it,  whereas  configurations  containing  the  poorest  single  base
learner  (PLSR)  performed  significantly  worse  than  those
omitting it. As shown in Fig. 10, the structural diversity of base

learner  combinations  profoundly  influenced  AGB  prediction.
First,  ensembles  predominated  by  tree-kernel  models  (RFR,
XGBoost  and  LightGBM)  generally  achieved  higher  accuracy
than  those  composed  of  linear-kernel  models  (PLSR,  LASSO
and  RR).  Second,  when  tree-kernel  or  linear-kernel  models
were  further  combined  with  non-linear  models  such  as  SVR
and  GPR,  hybrid  combinations  incorporating  linear-kernel
base  learners  generally  retained  an  advantage.  Notably,  the
optimal  hybrid  combination,  consisting  of  linear-kernel

 

 
Fig. 6    Stability and goodness-of-fit analysis of the three meta learners for rice aboveground biomass prediction using the fusion feature set.
(a, d) Standard deviation (SD) of R2 and RMSE for the training set; (b, e) SD of R2 and RMSE for the test set; (c, f) Absolute change rate (|∆|) of
R2  and  RMSE  between  the  training  and  test  sets.  SD,  standard  deviation; R2,  coefficient  of  determination;  RMSE,  root  mean  square  error;
LM, linear model; RF, random forest; BMA, Bayesian model averaging. Different lowercase letters indicate statistically significant differences
among algorithms (P < 0.05).

 

 

Table 3    Comparison of the performance of the best base learners and best BMA meta learner models in predicting rice aboveground biomass

Feature Best model Combination Number R2 RMSE (t·ha–1) Changed R2 (%) Changed RMSE (%)
VIs BMA RFR, PSLR, GPR, XGBoost, LASSO 5 0.762 1.86 6.01 –7.67

GPR Base learner 0.719 2.02

TFs BMA GPR, XGBoost, LASSO 3 0.762 1.86 3.54 –5.54

GPR Base learner 0.736 1.97

VIs + TFs BMA SMR, PLSR, GPR, LASSO, RR 5 0.795 1.73 3.31 –5.57

GPR Base learner 0.769 1.83

Note: BMA, Bayesian model averaging; VIs, vegetation indices; TFs, texture features; SMR, stepwise multiple regression; PLSR, partial least squares regression; RR, ridge regression;
LASSO, least absolute shrinkage and selection operator; RFR, random forest regression; XGBoost, extreme gradient boosting; GPR, Gaussian process regression. R², coefficient of
determination; RMSE, root mean square error.
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models  and  GPR,  achieved  the  highest  predictive  accuracy
(R2 =  0.795  and  RMSE  =  1.73  t·ha–1)  using  the  following
combination of base learners: SMR, PLSR, GPR, LASSO and RR.
 

4    Discussion
  

4.1    Advantages of multisource feature fusion for
rice aboveground biomass prediction
Multisource remote sensing feature fusion is widely recognized

as  an  effective  strategy  for  improving  the  accuracy  of  crop
growth  parameter  estimation[52].  The  findings  of  the  present
study  demonstrate  that  fused  features  outperform  individual
spectral or texture features in predicting rice AGB (Figs. 4 and
5, Table 3).  This  improvement  can  be  attributed  to  the
integration  of  complementary  information  from  multiple
sources, aligning with the conclusions reported by Liu et al.[11]

and  Xu  et  al.[10,13].  Specifically,  VIs  mainly  reflect  the
photosynthetic physiological characteristics of crops, reflecting
the  photosynthetic  capacity  and  growth  status  of  the  crop[12].
In  contrast,  TFs  capture  spatial  variations  in  image  grayscale

 

 
Fig. 7    Scatter  plots  of  predicted  versus  measured  AGB  values  for  (a)  the  optimal  base  learner  and  (b)  the  optimal  BMA  meta  learner.
AGB, aboveground biomass; R2, coefficient of determination.

 

 

Table 4    Optimal prediction accuracy of the BMA meta learner with different numbers of base learners

Number
Training set Test set

Combination of base learners
R2 RMSE (t·ha–1) R2 RMSE (t·ha–1)

2 0.798 1.72 0.794 1.73 GPR, RR

3 0.794 1.74 0.794 1.73 RFR, GRP, RR

4 0.796 1.73 0.795 1.73 SMR, GPR, LASSO, RR

5 0.798 1.72 0.795 1.73 SMR, PLSR, GPR, LASSO, RR

6 0.795 1.73 0.794 1.73 RFR, SMR, PLSR, GPR, XGBoost, RR

7 0.793 1.74 0.794 1.73 RFR, SMR, PLSR, GPR, XGBoost, GBM, RR

8 0.793 1.74 0.793 1.73 RFR, SMR, PLSR, GPR, XGBoost, GBM, LASSO, RR

9 0.795 1.73 0.793 1.73 RFR, SVR, SMR, PLSR, GPR, XGBoost, GBM, LASSO, RR

Note: BMA, Bayesian model averaging; SMR, stepwise multiple regression; PLSR, partial least squares regression; RR, ridge regression; LASSO, least absolute shrinkage and selection
operator; RFR, random forest regression; XGBoost, extreme gradient boosting; GBM, gradient boosting machine; SVR, support vector regression; GPR, Gaussian process regression.
R², coefficient of determination; RMSE, root mean square error.
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distribution, providing valuable insights into canopy structure,
coverage  density  and  spatial  heterogeneity[2].  The  fusion  of
these  two feature  types  enables  a  more  comprehensive  feature
representation,  where  VIs  convey  physiological  vigor  and  TFs
characterize  spatial  structure  of  the  canopy.  This  integrated
strategy  contributes  to  more  robust  and  accurate  rice  AGB
prediction.
 

4.2    Influence of base learners on rice aboveground
biomass prediction
The performance and underlying mechanisms of base learners
are  fundamental  determinants  of  the  effectiveness  of
ELFs[53,54].  This  study  showed  that  GPR  and  RFR  had  the
superior  and  stable  predictive  performance  (Fig. 4 and  Table
S5),  which  aligns  with  recent  studies  in  crop  parameter
retrieval[55].  Based  on  a  non-parametric  Bayesian  framework,
GPR models the covariance structure of the target function via
kernel methods, enabling it to adaptively capture the complex,
dynamic  and  non-linear  relationships  between  multisource
remote sensing features and AGB across the growth cycle[56,57].

RFR  mitigates  overfitting  by  aggregating  multiple  decision
trees,  a  process  that  facilitates  the  modeling  of  high-order
feature interactions[2]. In contrast, the linear structure of PLSR
limits  its  ability  to  represent  the  complex,  non-linear
relationships  present  in  the  fused  feature  space[53].  Notably,
TFs yielded the most pronounced performance improvements
for  linear  models,  particularly  PLSR  and  LASSO.  This
phenomenon  suggests  that  while  linear  models  possess  a
restricted  capability  for  characterizing  complex  physiological
relationships,  they  are  highly  responsive  to  TFs  that  directly
characterize canopy structure[10]. Therefore, incorporating TFs
can partially compensate for the inherent non-linear modeling
limitations of linear algorithms.
 

4.3    Improvement of rice aboveground biomass
prediction performance by meta learners
The  predictive  accuracy  of  ELFs  is  contingent  upon  the
performance of meta learner[26]. Beyond improving estimation
precision,  the  introduction  of  an  effective  meta  learner
enhances model resilience and stability by synthesizing outputs

 

 
Fig. 8    Performance of the BMA meta learner with varying numbers of base learners using the fused feature set. (a, b) R2 and RMSE for the
training set; (c, d) R2 and RMSE for the test set. R2,  coefficient of determination; RMSE, root mean square error. Different lowercase letters
indicate statistically significant differences among algorithms (P < 0.05).
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from  diverse  base  learners,  effectively  mitigating  individual
algorithmic  biases  and  maintaining  consistent  performance
across  various  datasets[58].  In  this  study,  the  systematic
evaluation  of  LM,  RF  and  BMA  revealed  that  BMA  meta
learner  achieved  superior  predictive  accuracy  and
generalization  capability  (Fig. 6).  The  superiority  of  BMA
stems  from  its  rigorous  probabilistic  foundation.  Unlike  the
deterministic linear weighting used by LM or the voting-based
mechanism of RF, BMA treats each base learner as a candidate
model  and  assigns  its  contribution  based  on  posterior  model
probability[22,59].  This  process  effectively  performs  Bayesian
inference  on  model  uncertainty  relative  to  the  training  data.
Consequently,  BMA  automatically  assigns  higher  weights  to
more  accurate  base  learners  while  explicitly  quantifying
uncertainty  in  ELFs.  This  property  enables  BMA  to  generate
more  robust  and  probabilistically  interpretable  results,
particularly when outputs from base learners diverge, which is
consistent  with  the  findings  of  Shu  et  al.[19],  Fei  et  al.[25],  and
Zheng and Zhang[58].
 

4.4    Influence of base learner number and type on
meta learner performance
The  effectiveness  of  ELFs  is  markedly  affected  by  both  the
quantity  and  heterogeneity  of  base  learners[26,60].  Based  on
progressive  combination  analysis  (Fig. 8 and Table 4),  this
study  demonstrates  that  the  BMA  meta  learner  achieves  an
optimal  balance  between  predictive  stability  and  precision
when  the  number  of  base  learners  is  five.  Increasing  the
ensemble size beyond this threshold can introduce redundancy
and  noise,  which  increase  computational  cost,  and  ultimately
reduce  the  ability  of  the  meta  learner  to  derive  efficient  and
accurate predictions. This observation aligns with the results of
Muslim  et  al.[60] and  Qi  et  al.[26].  While  incorporating  the
superior individual  base learner (GPR) substantially improved
overall  accuracy,  the  inclusion  of  the  weakest  learner  (PLSR)
negatively affected performance (Fig. 9). Notably, different base
learners had distinct error patterns (Fig. 10). This study found
that  the  optimal  ensemble  architecture  is  not  necessarily
formed  by  a  uniform  type  of  high-performing  models,  but

 

 
Fig. 9    Performance  of  the  BMA  meta  learner  using  optimal  versus  worst  base  learner  combinations.  (a,  b)  Performance  with  optimal
base  learner;  (c,  d)  performance  with  worst  base  learner.  GPR,  Gaussian  process  regression;  PLSR,  partial  least  squares  regression;
R2, coefficient of determination; RMSE, root mean square error. Different lowercase letters indicate statistically significant differences among
algorithms (P < 0.05).
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rather  through  a  hybridization  of  linear-kernel  models  (SMR,
LASSO and RR) and a non-linear model (GPR) (Table 4). This
configuration  uses  the  principle  of  error  complementarity,
where the relatively stable but less flexible linear models offset
the  high-variance  predictions  of  GPR,  which  excels  at

capturing  complex  non-linear  relationships.  This  finding
provides  a  clear  guideline  for  constructing  high-performance
ELFs:  optimal  performance  is  achieved  by  combining  base
learners  that  possess  both  high  individual  accuracy  and
divergent inductive biases[26,61]. 

 

 
Fig. 10    Performance of the BMA meta learner with different base learner type combinations using the fused feature set. (a, b) R2 and RMSE
for tree-kernel versus linear-kernel models. (c, d) R2 and RMSE for hybrid models combining tree-kernel or linear-kernel with GPR. (e, f) R2 and
RMSE  for  hybrid  models  combining  tree-kernel  or  linear-kernel  with  SVR.  (g,  h) R2  and  RMSE  for  hybrid  models  combining  tree-kernel  or
linear-kernel  with  both  GPR  and  SVR.  GPR,  Gaussian  process  regression;  SVR,  support  vector  regression; R2,  coefficient  of  determination;
RMSE, root mean square error. Different lowercase letters indicate statistically significant differences among algorithms (P < 0.05).
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4.5    Strengths, limitations and future outlook
Compared  with  previous  studies,  this  study  offers  two
contributions.  First,  a  systematic  comparative  analysis
identifies  BMA  as  a  competitive  meta  learner,  significantly
improving  predictive  accuracy  and  robustness  (Fig. 11).
Second,  through  controlled  experiments,  quantification  of  the
sensitivity  of  ELFs  performance  to  the  quantity  and
heterogeneity of base learners, provided empirical data to guide
the  systematic  configuration  of  base  learners  within  ELFs.
Nevertheless,  several  limitations  are  evident.  First,  the  current
framework  relies  on  standard  ML  algorithms  and  does  not
incorporate  advanced  temporal  deep-learning  architectures
(e.g., LSTM and transformers)[62]. Future work should explore
the  integration  of  these  advanced  models  to  evaluate  their
potential gains within the current ELFs. Second, the model was
validated  at  a  single  experimental  site;  therefore,  its  spatial
transferability  remains  to  be  rigorously  tested.  Future  efforts
should  include  multisite  and  multiyear  external  validations
using  leave-one-site-out  and/or  spatially  blocked  cross-
validation  protocols.  To  enhance  spatial  generalizability,
adaptive recalibration strategies should be explored. This could
be done with a small set of labeled samples (updating the meta
learner)  for  label-constrained  target  regions,  and  transfer
learning/domain  adaptation  for  unlabeled  regions  by
leveraging  unlabeled  target  data  together  with  auxiliary
meteorological  and  remote  sensing  variables  to  mitigate

domain  mismatch  and  enhance  robustness  across
agroecological zones.
 

5    Conclusions
 
Based on UAV multispectral imagery, this study developed the
stacking ELFs by integrating sensitive VIs and TFs with various
base  learners  and  meta  learners.  Different  ELFs  architectures
were systematically evaluated for AGB prediction in rice. There
were three main findings from this study. (1) The fusion of VIs
and  TFs  significantly  improved  the  accuracy  of  AGB
prediction.  Among  the  nine  machine  learning  algorithms
assessed,  GPR  emerged  as  the  superior  base  learner.  (2)  The
three  stacking  meta  learners  all  further  enhanced  AGB
prediction  accuracy,  with  BMA  delivering  the  optimal
performance  on  the  fused  feature  set  (R2 =  0.795,  RMSE  =
1.73 t·ha–1). (3) Meta learner performance was highly sensitive
to the composition of the base learner pool. Optimal predictive
stability was attained with a configuration of five base learners,
and  the  hybridization  of  linear-kernel  models  with  GPR
yielded  the  highest  accuracy.  Overall,  this  study  underscores
the  importance  of  base  learners  configuration  and  meta
learners selection in enhancing crop monitoring precision, and
provides  valuable  insights  for  the  advancement  of  precision
agriculture.

 

 
Fig. 11    Validation of the optimal predictive model across the different scenarios: (a) rice cultivars and (b) nitrogen treatments.
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