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  HIGHLIGHTS
● A scalable, data-driven machine learning
model for N2O emissions was refined with
data from sugarcane crops.

● A simulation model for forecasting nitrous
oxide emissions under various environmental
conditions was developed.

● The efficacy of the random forest model for
predicting N2O emissions from irrigated
sugarcane fields was determined.

● The relative impacts of watering regimes, soil
types and environmental factors on N2O
emissions from sugarcane crops were
presented.
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  GRAPHICAL ABSTRACT
 

  ABSTRACT
Nitrous oxide (N2O) is a potent greenhouse gas with about 60% of its emissions
are attributed to agricultural  activities.  Its  fluxes are influenced by a range of
crop-specific  factors,  such  as  nitrogenous  fertilizer  inputs,  soil  N  availability,
tillage practices,  temperature,  pH and soil  moisture.  These factors  interact  in
complex,  nonlinear  ways,  creating  the  need  for  predictive  modeling  of  N2O
emissions  to  both  improve  understanding  and  estimation  and  identify
mitigating  strategies.  This  proposes  proposes  data-driven  machine  learning
techniques,  particularly  multilayer  perceptron  and  random  forest  (RF)
algorithms,  for  estimating  soil  N2O  fluxes  in  a  sugarcane  plantation  under
different  irrigation  regimes  and  to  contrast  machine  learning  results  with
conventional  analytical  methods.  The  findings  indicate  that  RF  modeling
achieved a coefficient of determination of 87.4% for N2O emission prediction,
and identified ammonium, nitrogen nitrate, soil temperature, and water-filled
pore space as  the most  influential  predictors,  in  that  order.  The results  open
new  possibilities  for  integrating  machine  learning  to  study  N2O  fluxes  in
sugarcane  and  other  major  crops.  All  data  and  code  used  in  this  study  are
provided openly to support further research.

© The Author(s) 2025. Published by Higher Education Press. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0)
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1    Introduction
 
Nitrous oxide (N2O) has a global warming potential about 300
times  greater  than that  of  carbon dioxide.  It  is  the  third-most
significant greenhouse gas in terms radiative forcing and is the
leading  ozone-depleting  substance  since  its  emissions  make  a
direct contribution to stratospheric ozone destruction[1]. About
60%  of  N2O  emissions  originate  from  human  activities,
primarily  from  industrial  processes,  fossil  fuel  combustion  in
large urban centers and agricultural systems[2].

In agriculture, N2O is mainly produced in the soil by microbial
processes of nitrification and denitrification, after nitrogenous
fertilizer  application[3].  The  magnitude  of  N2O  emissions  is
strongly  influenced  by  N input  levels  and  soil-climatic  factors
such  as  temperature,  moisture  content,  soil  type  and  the
availability  of  key  chemical  elements.  Irrigation  is  also  critical
for both in modulating soil N2O emissions and increasing crop
yields[4].  In  view  of  the  intensive  resource  demands  of  high-
yield crops, mainly in terms of land, water and fertilizers, there
is  an  urgent  need  for  analytical  tools  that  will  improve
understanding of N2O emission dynamics in these systems[5].

Sugarcane (Saccharum officinarum)  is  a  perennial  grass  native
to  tropical  New  Guinea  and  is  grown  primarily  for  sugar  and
ethanol  production.  Worldwide,  sugarcane  plantations  cover
over  26  Mha.  Brazil  and  India  are  the  largest  producers,  and
together  account  for  more  than  50%  of  global  production[6].
Sugarcane  production  is  highly  mechanized  and  demands
intensive  inputs,  particularly  regarding  water  and  N
fertilizers[7].  A  deeper  understanding  of  N2O  emissions  from
sugarcane fields  would be  an essential  resource to  help design
effective  mitigation  strategies  to  control  N2O  emissions  from
this  strategic  crop.  According  to  the  Intergovernmental  Panel
on  Climate  Change[8],  the  emission  factor  for  croplands,
including  sugarcane,  is  estimated  at  1%.  In  other  words,  for
every kilogram of nitrogen fertilizer applied, around 10.5 kg of
CO2 equivalent emissions are released into the atmosphere. Of
this total, fertilizer synthesis contributes with about 4.5 kg CO2

eqv.,  while  transportation,  application,  and  N2O  emissions
account for the remaining 6 kg.

N2O  emissions  from  agricultural  soils  are  influenced  by  three
main categories of factors[9]: environmental, management, and
measurement-related  variables.  All  of  these  components  are
highly  interdependent[10],  and  substantial  efforts  have  been
made  to  develop  process-based  modeling  tools,  for  example,

DAYCENT[11], DNDC[12] and  SWAT[13],  to  simulate  N2O
emissions  from  agricultural  systems.  Also,  the  intricate
interactions  among  these  factors,  combined  with  the  high
spatial-temporal  variability  of  N2O  measurements,  pose
significant challenges to aggregate and scale emission data[14].

In  the  Central-West  Region  of  Brazil,  within  the  Cerrado
biome,  sugarcane  production  is  expanding.  Given  the
prolonged  dry  periods  (usually  160–180  days)  in  this  region,
irrigation  is  a  common  practice  in  most  cropping  areas[15].
Irrigation  and  fertigation  have  become  increasingly  prevalent
in  sugarcane  production  in  Brazil,  particularly  as  strategies  to
maintain  or  increase  sugarcane  yields  under  water  stress
conditions, such as in the Cerrado region. Therefore, irrigation
can be applied using different approaches, for example, during
crop establishment or  in combination with rainfall.  Vinasse,  a
nutrient-rich  byproduct  of  bioethanol  distillation,  especially
high in nitrogen, is frequently used as fertilizer. However, there
are growing concerns that its additional application in already
fertilized  and  irrigated  areas  could  exacerbate  N2O  emissions.
Soil  N2O  fluxes  from  sugarcane  areas  with  N  fertilizer  and
vinasse application are, on average, at least three times greater
than when each is  applied separately[16].  Recent  studies  in  the
Cerrado  region  confirmed  that  N  fertilizer  application  in
sugarcane  fields  significantly  increases  N2O  emissions[16].
Intriguingly,  other  studies  have  suggested  that  under  certain
irrigation  regimes,  higher  yields  can  be  achieved  without
proportional  increases  in  N2O  emissions[4].  In  light  of  the
increasing  availability  of  experimental  data,  we  hypothesized
that data-driven machine learning approaches would provide a
new  promising  framework  to  predict  and  test  functional  and
variable  relationships,  identify  critical  thresholds  and  key
predictors,  and  improve  overall  knowledge  within  a  new
paradigm of analysis.

Using data from maize production, Saha et al.[17] demonstrated
that machine learning models, particularly random forest (RF),
could explain 51% of the variability in daily N2O fluxes.  Their
study highlighted the ability of RF models to capture nonlinear
relationships  among  the  predictor  variables  related  to  N2O
emissions. In a similar study[18],  RF modeling was successfully
used  to  examine  interactions  between  predictor  variables
influencing  N2O  emissions  from  maize  and  soybean  systems.
In  another  study[19],  metadata  analysis  using  an  RF  approach
effectively identified significant soil and environmental factors
associated  with  crop  residues  and  N2O  emissions.  Also,  an
optimized  irrigation  management  is  a  crucial  factor  that  can
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enhance  crop  yields  but  also  potentially  mitigate  greenhouse
gas emissions[4].

In  this  study,  we  investigated  the  main  predictor  variables  of
N2O  emissions  from  sugarcane  crops,  by  integrating  different
irrigation regimes, soil properties and climatic variables within
a  nonlinear  machine  learning  framework,  specifically
multilayer  perceptron  (MLP)  and  RF.  Although  machine
learning  techniques  have  been  successfully  applied
previously[17],  there  is  a  knowledge  gap  regarding  sugarcane
grown in the Cerrado biome or similar  conditions,  which was
addressed by our study. For the analysis, we used experimental
data  previously  examined by  standard statistical  and principal
component analyses[4].  By examining the interactions of  these
data sets from sugarcane production by applying MLP and RF,
we were able to:

(1) assess the relative influence of irrigation regimes, soil types,
and environmental variables on N2O emissions from sugarcane
production;

(2) demonstrate the effectiveness of the RF model as the most
accurate  nonlinear  machine  learning  approach  for  predicting
N2O emissions from irrigated sugarcane fields;

(3)  develop  a  scalable,  data-driven  modeling  framework  for
N2O  emissions  that  can  be  continuously  refined  with
additional data sets of sugarcane or other crops, to broaden the
application spectrum for agricultural emission prediction;

(4)  construct  a  simulation  model  capable  of  forecasting  N2O
emissions under varying environmental conditions, with a view
to  providing  actionable  insights  for  improved  agricultural
practices.
 

2    Materials and methods
  

2.1    Experimental location
Data  were  obtained  from  a  study  conducted  at  the
experimental  station  of  the  Brazilian  Agricultural  Research
Corporation  (Embrapa,  Cerrados)  in  Planaltina,  DF,  Brazil
(15°36′ 18′ ′ S  47°42′ 36′ ′W)[4].  The  study  was  installed  in  the
Cerrado  biome,  where  the  climate  is  tropical  wet  (Aw  under
Köppen  climate  classification).  The  average  annual

temperature  of  the  microclimate  at  the  study  location  is
between 22  and 23  °C.  Most  of  the  1383  mm of  mean annual
rainfall  occurs  between  October  and  March.  The  soil  was
categorized  as  Oxisol  with  a  clay  texture.  The  0–20  cm  soil
layer  used  in  this  study  contained  the  following  chemical
properties:  pH(H2O),  5.08;  Al3+,  0.39  cmolc·dm−3;  P,
0.22 mg·dm−3;  K+, 8.0 mg·dm−3;  Ca2+,  0.56 cmolc·dm−3;  Mg2+,
0.26  cmolc·dm−3;  potential  acidity  (H+,  Al3+),  3.7  cmolc·dm−3;
and organic matter, 8.7 g·kg−1.
 

2.2    Experimental design and measurements
N2O  fluxes  were  sampled  in  an  area  planted  to  sugarcane  in
Planaltina, Federal District, Brazil. Immediately after harvest, a
uniform  initial  irrigation  of  40  mm  was  applied  across  the
entire  area.  The  area  was  then  subdivided  into  12  plots  to
implement four distinct irrigation treatments. Each of the three
irrigation treatments was applied to three plots, corresponding
to  17%,  46%  and  75%  of  the  crop  evapotranspiration  rate
(T17%, T46% and T75%, respectively). Three plots received no
further  irrigation  and  served  as  rainfed  control  (R).  The  plots
were  irrigated  every  15  days  from  23  June  to  11  November
2015,  totaling  13  irrigations. Table 1 details  the  irrigation
events  and  the  water  collected  in  each  treatment  (R,  T17%,
T46%  and  T75%).  During  the  N2O  sampling  period,  two  N
fertilizer  applications  of  120  kg  of  ammonium  sulfate  were
applied  (22  June  and  27  October  2015).  As  recommended  by
the Intergovernmental Panel on Climate Change[8], N2O fluxes
were  also  collected  in  a  native  (Cerrado)  area  adjacent  to  the
experimental field, to establish a baseline reference.

During  the  monitoring  period,  30  N2O  flux  collections  were
made,  between  08:30  and  11:30.  For  sampling,  24  static
chambers  were  installed  in  the  area,  two  per  plot.  In  each
chamber,  gas  samples  were  collected  at  15  and  30  min  after
chamber  closure  at  11:30  to  estimate  N2O  fluxes.
Simultaneously with each gas sampling event, soil temperature
(ST)  was  recorded  and  soil  samples  were  collected  (0–10  cm
deep)  to  determine  water-filled  pore  space  (WFPS),
ammonium  and  nitrate  concentrations. Table 2 summarizes
the  measured  variables,  their  acronyms  and  corresponding
units.  The  complete  data  set  comprises  measurements  of  13
variables  on  30  sampling  days,  totaling  390  data  points  to  be
used  in  the  machine  learning  experiments  for  predictive
modeling. 

Rafael T. BONATO et al., Front. Agr. Sci. Eng., 2026, 13(2): 25663 https://doi.org/10.15302/J-FASE-2025663

 
https://journal.hep.com.cn/fase 25663-3

https://doi.org/10.15302/J-FASE-2025663
https://doi.org/10.15302/J-FASE-2025663
https://doi.org/10.15302/J-FASE-2025663
https://doi.org/10.15302/J-FASE-2025663
https://doi.org/10.15302/J-FASE-2025663


2.3    Machine learning methods
Machine learning is a data-driven computational approach that

allows accurate and reliable predictions. It offers powerful tools
for  exploring  and  analyzing  enormous  volumes  of  complex
data  sets.  These  techniques  can  be  classified  based  on  their
learning paradigms. In unsupervised learning, algorithms work
with unlabeled data to identify patterns or groupings within the
data set, whereas in supervised learning, input data are labeled
to  map  the  features  of  an  already  known  target  variable.
Among  the  supervised  learning  approaches  used  to  evaluate
performance,  RF[20] and  the  MLP  models[21] are  widely
recognized for  their  high effectiveness  as  nonlinear  prediction
algorithms, which were selected for this study. Figure 1 shows a
flowchart of the approach.
 

2.3.1    Random forest
The  RF  algorithm,  comprising  defined  number  of  decision
trees  (DT),  is  a  highly  versatile  tool  capable  of  generating
multiple  solutions  to  a  given  problem.  Each  decision  tree  is
constructed  from  a  root  node  and  expands  into  sub-trees
composed  of  decision  and  leaf  nodes[20].  This  adaptability  is
evident in the recursive data partitioning process, which forms
a  hierarchical  structure  of  subsets  extending  from  the  root  to
the leaf nodes. At each node, a splitting function, mostly based

 

Table 1    Amount of water (mm) applied during irrigation events in the experimental area of Embrapa Cerrados[4]

Date of irrigation in 2015
Water collected (mm) in each treatment

R T17% T46% T75%

13 June 40.0 40.0 40.0 40.0

23 June 0 6.1 24.6 32.9

2 July 0 3.1 11.4 22.3

13 July 0 4.8 15.5 27.9

23 July 0 6.3 25.7 35.5

3 August 0 7.3 26.1 32.2

12 August 0 4.5 15.1 19.8

24 August 0 7.5 20.9 21.8

3 September 0 6.3 16.2 35.5

14 September 0 8.0 28.6 33.3

24 September 0 3.8 11.9 20.1

5 October 0 6.8 18.7 34.9

15 October 0 2.4 9.2 17.5

11 November 0 2.5 6.8 18.3

Total 40.0 109.0 270.7 392.0

Note: R is the rainfed control with an initial irrigation of 40 mm applied immediately after the previous sugarcane harvest, and T17%, T46% and T75% are irrigation regimes of 17%,
46% and 75% of the crop evapotranspiration rate, respectively.

 

 

Table 2    List of experimental variables

Variable Description

NO3– Nitrate concentration (mg·kg−1)

NH4+ Ammonium concentration (mg·kg−1)

WFPS Water-filled pore space (%)

ST Soil temperature (°C)

Tirriga Irrigation treatment level (% of evapotranspiration)

Precip Precipitation (mm)

Tmed Average temperature (°C)

Avg.RH Average relative humidity (%)

Wind Wind speed (m·s−1)

Insol Insolation (h)

Rad Radiation (MJ·m−2·d−1)

Evap Potential evapotranspiration (mm)

N2O Nitrous oxide concentration (μg·mg−2·h−1)
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on entropy or  Gini  impurity,  determines  the data  distribution
into  more  homogeneous  subsets.  This  process  continues
throughout  the  data  set,  progressively  defining  segmentation
intervals at each node until  reaching the leaf nodes, where the
data  subsets  are  maximally  uniform.  The  subset  size
represented by each leaf can be a single data point or multiple
samples,  depending  on  the  depth  and  complexity  of  the  tree.
Tree  growth  is  limited  by  predefined  stopping  criteria  that
govern its structural development.

In this way, the model generates an importance metric for each
variable, enabling the assessment of the influence of each input
value  on  the  forecast  and  allowing  for  the  identification  of
nonlinear  interactions  among  variables.  Data  are  fed  into  the
model in subsets, with repetition in parallel training runs of DT
enumerations. Each DT predicts values that are combined in a
process  called  majority  voting,  where  the  most  commonly
predicted  outcome  is  selected  as  the  final  prediction.  This
procedure helps reduce any noise in the data and enhances the
robustness  of  the  model.  Therefore,  Random  Forest  is  widely
used in classification and regression problems[22–24].
 

2.3.2    Multilayer perceptron
The MLP algorithm is an artificial neural network composed of
multiple layers of interconnected nodes, or neurons, capable of
learning complex data representations[21].  At least  three layers
are required:  an input layer containing the values of  the input
variables,  one  or  more  intermediate  hidden  layers,  and  an
output layer that provides the predicted classes assigned to the
target  variable.  A  series  of  input  values  determines  the
functioning  of  a  neuron;  the  inputs  are  used  for  calculations
called  activation  functions  and  the  result  is  submitted  to  an
output.  These  activation functions  are  nonlinear,  enabling  the
model  to  represent  complex,  nonlinear  relationships  in  the
data.  Neurons  in  each  layer  are  connected  to  those  in  the
subsequent layer, with weights assigned to each connection for

system adaptation.  This  neural  network  is  trained  with  a  data
set applied to its input layer, and the resulting error values are
used  by  an  optimization  algorithm  in  conjunction  with  the
Backpropagation  technique  which  propagates  the  error
backward from the output layer through the network, adjusting
the connection weights accordingly[25].

A  GridSearch  exhaustive  search  algorithm  was  applied  to
optimize  the  architecture  of  the  perceptron  network.  This
method  systematically  tests  all  possible  combinations  of
predefined  hyperparameters,  and  the  best  parameter
configuration  is  identified  according  to  a  specified  scoring
metric.  The  parameters  established  for  this  simulation
included: hidden layer architectures [(50, 50, 5), (100, 100, 5)],
activation functions  (relu and tanh);  solvers  (adam and lbfgs);
learning  rate  strategies  (constant  or  adaptive),  with  learning
rates  from  0.1  to  0.001  of  multiples  of  10;  and  the
regularization parameter alpha also varied from 0.1 to 0.001 in
multiples  of  10.  The  maximum  number  of  training  iterations
was set to 2000 to ensure efficient evaluation.
 

2.4    Data preprocessing
The collected data were preprocessed prior to being input into
the  machine  learning  algorithms.  This  process  involved
filtering to remove missing values and excluding outliers.  Due
to  the  substantial  differences  in  variable  magnitudes,
normalization  was  performed  using  min-max  scaling.  In
addition,  categorical  transformation  was  applied,  separating
each  treatment  and  block  into  independent  variables.  The
analysis  was  conducted  separately  for  each  block,  and  the
average across blocks was used for comparative purposes.
 

2.5    Model performance metrics
The  primary  metric  used  to  validate  the  algorithms  was  the

 

 
Fig. 1    Flowchart of the proposed approach.
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mean  absolute  error  (MAE),  calculated  by  averaging  the
absolute  difference  between  forecast  and  actual  values.  The
second metric, the mean squared error (MSE), uses the squared
value of the MAE metric, which is more sensitive to inaccurate
forecasts[25].  The  measure  of  the  root  mean  squared  error
(RMSE)  is  derived  as  the  square  root  of  the  MSE.  Another
measurement approach uses the R2 factor,  which indicates the
proportion of variance in the observed data that is explained by
the model.
 

MAE =
1
n
·
∑n

i=0
|yi − ŷi| (1)

 

MSE =
1
n

∑n

i=0
(yi − ŷi)2 (2)

 

RMSE = c =

√
1
n
·
∑n

i=0
(yi − ŷi)2 (3)

 

R2 = 1−
∑n

i=1(ŷi − yi)2∑n
i=1(yi − yi)

2 (4)

ŷ

y

where, n is the number of data points, yi is the actual value for
the i-th  data  point, i is  the  predicted  value  for  the i-th  data
point, and  is the mean of the actual values.
 

2.6    Code and data availability
Code  used  in  this  study  is  available  at  github[26] which  is  an

open source community. We used the name of github account
with the suitable file for code and data

This  open  access  facilitates  reproducibility  and  encourages
other  researchers  to  explore  new  dimensions  of  the  topic  in
future research.
 

3    Results and discussion
  

3.1    Analysis of data variables
The  measured  N2O  emissions  for  treatments  T75%,  T46%,
T17%,  R  and  native  Cerrado  vegetation  ranged  from −35.7  to
117, −84.6  to  47.8, −26.7  to  92.7, −13.2  to  35.1  and −406  to
61.9 µg·m−2·h−1 N2O, respectively. The highest emissions were
observed  in  the  T75%  treatment  and  the  lowest  in  the
treatments  T46%  and  R.  The  relationships  between  irrigation
regimes,  reference  conditions  and  the  variables  N2O,  NO3−,
NH4+, and ST are illustrated in Fig. 2, along with their average
values.  The  interactions  between  the  variables  were
preliminarily assessed through the construction of a correlation
matrix  (Fig. 3).  Significant  correlations  were  primarily
associated  with  climatic  parameters.  However,  interactions
involving N2O emissions showed weak correlations, indicating
the  absence  of  a  single  dominant  predictor  among  the
measured variables. 

 

 
Fig. 2    Plot  of  average  values  of  N2O,  NO3−,  NH4+  and  soil  temperature  (ST)  measured  in  the  treatments:  Cerrado  (CE),  rainfed  (R),  and
irrigation at T17%, T46%, and T75%.
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3.2    Machine learning model performance
The N2O emissions were predicted with two different machine
learning  models.  A  RF  model  was  developed  based  on  the
averaged  values  from the  three  study  blocks  of  soil-,  climate-,
and  gas-related  variables.  In  parallel,  an  MLP  model  was
trained using the same data with hyperparameter optimization
achieved  through  a  systematic  search  among  predefined
combinations  of  parameters  to  identify  the  most  effective
neural network architecture.

Of the 390 measured N2O emission values, data clustering was
observed,  that  is,  a  higher  concentration  of  points  within
certain value intervals. To address this imbalance, two data sets
were created for the experiments: a balanced set of data points
with  10  subsets  of  36  measurements  each,  evenly  distributed
across standardized value intervals; and an unbalanced data set

containing all  original  measurements.  For both data sets,  each
machine  learning  model  randomly  selected  80%  of  the  points
for  training  and  used  the  remaining  unseen  20%  for  testing.
The  performance  results  for  RF  algorithms  are  shown  in
Table 3.  The  RF  model  trained  on  the  imbalanced  test  set
obtained  the  lowest R2 value  (Fig. 4).  Conversely,  the
performance of the balanced data set was superior and able to
explain data variation (R2 = 0.874). The MLP algorithm did not
perform as  well  as  the  RF model  (Table 4). Figure 5 illustrates
the comparison between observed and predicted N2O emission
values.

Through  hyperparameter  optimization  using  the  GridSearch
algorithm  in  conjunction  with  MLP  neural  networks  for
predictive  modeling,  we  identified  the  most  influential
parameter settings for each data set. For the balanced data set,

 

 
Fig. 3    Correlation matrix for all variables: NO3−, NH4+, WFPS.
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the optimal setup included the tanh activation function, hidden
layer  sizes  of  100,  100  and  5  hidden  units  respectively,  a
constant  learning  rate  with  an  initial  value  of  0.001,  a
maximum of 2000 iterations, and the adam solver. In contrast,

the  unbalanced  data  set  performed  best  with  the  same tanh
activation  function,  but  required  different  hyperparameters,
namely:  hidden  layers  of  50,  50  and  5  units,  respectively,  a
constant  learning  rate,  an  initial  learning  rate  of  0.1,  a

 

Table 3    Metric results of the RF model

Metric Ungrouped Unbalanced Balanced

MAE 4.7914 0.1093 0.3894

MSE 73.0465 0.0462 0.2546

RMSE 8.5467 0.2150 0.5045

R2 0.8216 0.8094 0.8736

Note: Ungrouped, no partition; imbalanced, class partitions with unequal sizes; balanced, class partitions with equal sizes.

 

 

 
Fig. 4    Observed versus N2O fluxes predicted by the random forest model.

 

 

Table 4    Metric results of the MLP model

Metric Ungrouped Unbalanced Balanced

MAE 1.2574 1.2765 0.5682

MSE 2.2065 2.2320 0.8999

RMSE 1.4854 1.4940 0.9486

R2 0.3155 0.4055 0.5360

Note: Ungrouped, no partition; imbalanced, class partitions with unequal sizes; balanced, class partitions with equal sizes.
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maximum  of  2000  iterations,  and  the adam solver.  Similarly,
the ungrouped data set  achieved optimal results  with the tanh
activation  function,  hidden  layers  of  50,  50  and  5  neurons,
respectively, a constant learning rate, an initial learning rate of
0.1,  a  maximum of  2000 iterations,  and the adam solver.  This
optimized  configuration  resulted  in  improved  predictive
accuracy,  highlighting  the  importance  of  tailoring
hyperparameters to the unique characteristics of each data set.
 

3.3    Analysis of main variables
Permuted  importance  measures  the  percentage  increase  in
model error resulting from the random permutation of a single
variable.  This  approach  uses  the  RMSE  to  assess  how  the
perturbation in a specific variable affects the average prediction
error  for  N2O  emissions.  As  shown  in Fig. 6,  the  largest
increase  in  error  was  associated  with  two  variables  related  to
nitrogen  availability  in  the  soil;  NH4+ as  the  most  important
(1.3%)  followed  by  NO3– (0.8%).  Despite  the  dominance  of
these nitrogen-related variables,  climate (average RH) and soil
characteristics  (WFPS and ST) were  also  among the  five  most
influential of the 12 variables analyzed.

The  importance  measure  permutation  importance  was  used
due  to  its  reduced  sensitivity  to  distortions  caused  by

multicollinearity  and  variable  scaling,  compared  to  other
importance  measures  such  as  Gini  importance  (Fig. 7).  Gini
importance,  which  is  based  on  decision  tree  splits,  tends  to
overestimate  variables  with  numerous  categories.  In  contrast,
permutation  importance  assesses  the  effect  of  each  variable
directly,  independently  of  variable  type  or  the  underlying
machine learning algorithm

 

3.4    Analysis of individual effects of variables
The individual conditional expectation (ICE) is a statistical tool
used  to  evaluate  the  influence  of  a  specific  variable  on  the
output of a predictive model. For each observation in the data
set,  ICE  computes  the  predicted  outcome  across  a  range  of
values  for  the  variable  of  interest,  while  all  other  variables  are
held constant,  that is,  indicating the partial  dependence of the
response  on  that  variable[27].  The  resulting  individual
prediction curves were plotted in Fig. 8, demonstrating how the
model output varies with changes in the selected variable. The
permutation  importance  plot  (Fig. 6)  identified  NH4+ as  the
most important variable. In more detail, the ICE plot for NH4+

(Fig. 8)  shows  a  concentration  of  samples  near  zero  and  high
emission peaks at 0 and 200, indicating these values as the most
significant  points  for  this  variable.  For  NO3–, the  ICE  graph
shows  considerable  variation  for  values  below  13,  with

 

 
Fig. 5    Observed versus N2O fluxes predicted by the multilayer perceptron model.
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recurring  values  ranging  from  0  to  80  µg·mg–2·h–1 N2O.
Regarding WFPS, the ICE plot shows an increasing trend with
a  peak  at  55%,  corresponding  to  N2O  values  between  20  and
50  µg·mg–2·h–1,  followed  by  saturation  near  80%.  These  ICE
graphs  visually  represent  the  relationships  between  individual
variables  and  N2O  emissions,  highlighting  specific  patterns  of

model  response  to  changes  in  environmental  and  soil
conditions.

The  four  most  significant  variables  were  further  analyzed  for
their contribution to the N2O emission predictions (Fig. 9). An
absence  of  NH4+ accumulation  in  the  soil  indicates  that  N

 

 
Fig. 6    Boxplots  of  the  distributions  of  the  scaled  permutation  importance  (percentage  increase  in  mean  square  error)  for  the  top-ranked
features: NH4+, NO3–, water filled pore space (WFPS), soil temperature (ST) and average relative humidity (Avg. RH).

 

 

 
Fig. 7    Scaled variable importance for the measured variables as determined by the random forest model. See Table 2 for variable description.
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transformation reactions are occurring, leading to the complete
conversion of NH4+ and no relevant change in N2O flux.

N2O  fluxes  are  generally  higher  when  WFPS  exceeds  a
threshold  of  55%  and  ST  reaches  22  °C.  Our  findings  in  this
work (Figs. 8 and 9) indicate that NH4+ and NO3– have greater
explanatory importance for N2O emissions than ST and WFPS.
All these four variables act as drivers of N2O emissions, but the
importance  rankings  generated  by  our  model  are  more
consistent with the view that NH4+ and NO3– are key elements
involved  in  N2O  formation,  while  ST  and  WFPS  function  as
environmental  conditions  that  facilitate  the  biochemical
transformation of NH4+ and NO3–. This finding agrees with[28],
which showed that under low-oxygen conditions, as is the case
in  recently  irrigated  soils,  NH4+ is  accumulated  because  its
transformation  to  NO3– is  inhibited.  Therefore,  there  is  no
increase in N2O emission (Figs. 2 and 9).

This simulation provides essential insights into how variations
in individual variables influence N2O emissions, as captured by
the  model.  Clearly,  the  proposed  RF  modeling  of  N2O
emissions  from sugarcane  systems has  advantages  over  earlier
modeling efforts with the same data set[4].

Colored dots represent the correlation of predictions for NH4+

values and the black line indicates the average trend of the data
in Fig. 8.  This  visualization  enables  interpretation  of  the
variation in the partial contribution of each characteristic. The
NH4+ graph also serves as a reference for the color distribution
of  the  values  and  facilitates  visualization  of  the  relationship
between NH4+ concentrations and predicted N2O emissions.
 

3.5    Predictability of machine learning models for
assessing greenhouse gas emissions
Establised  models  used  to  study  N2O  flux  variability  are
typically  based  on  a  process-level  understanding  of  all  the
variable  interactions  and  laboratory-based  values  for  input
variables.  While  these  models  are  highly  relevant  and
informative,  their  applicability  is  often  limited  due  to  their
complexity and data requirements[29]. In contrast, the machine
learning modeling paradigm offers a powerful set of nonlinear
enhanced tools, which are faster to develop, easier to apply and
well-suited  for  predictions,  and  investigation  of  variable
interactions  and  simulations.  Algorithms  such  as  RF  enable
low-complexity  analyses  while  producing  interpretable  results
that  can  explain  the  behavior  of  the  variables[20].  Machine
learning models also provide opportunities for generating new
insights from increasingly large and rapidly growing data sets.
These  models  can  broaden  and  scale  existing  knowledge,  and

 

 
Fig. 8    Individual conditional expectation plots of predicted N2O fluxes for (a) NO3–, (b) NH4+ and (c) water-filled pore space (WFPS).
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have  a  strong  potential  for  optimizing  the  study  of  complex
variable  interactions.  Nevertheless,  challenges  remain  that
must  be  addressed  to  enable  a  broader  and  more  effective
application of machine learning techniques.

Of the variables analyzed, soil  NH4+ availability was identified
as  the  most  influential,  suggesting  a  strong  relationship  with
nitrogen fertilizer application practices. This finding highlights
the  possibility  of  investigating  the  influence  of  fertilizer
application strategies  and subsequent  nitrogen mineralization,
driven  by  soil  microbial  activity,  under  limited  soil  aeration
following  irrigation.  Also,  although  the  relative  importance  of
irrigation type and water volume is inferior to that of nitrogen-
related  variables,  their  influence  remains  noteworthy.  The
results  showed  that  moderate  irrigation  levels  do  not  affect
emissions.  However,  increasing  irrigation  to  the  highest  level
led to a doubling of N2O emissions, alongside a 29% increase in
water  expenditure  with  yield  gains  of  only  17%.  These
observations  suggested  that  more  efficient  water  management
strategies,  for  example,  such  as  adopting  the  46%  irrigation

treatment,  could  substantially  reduce  emissions  without
compromising yields.

 

3.6    Challenges and limitations in applying machine
learning models
Data-driven machine learning models, as demonstrated in this
study,  are  capable  of  nonlinear  predictions  of  N2O  emissions.
However,  a  key  limitation  is  the  need  for  larger  and  more
diverse data sets to study N2O emissions under a wider range of
environmental  conditions  and  over  extended  time  periods  to
identify  more  relationships.  Although  this  study  showed  that
valuable  insights  can  be  gained,  even  with  a  limited  set  of
measurements,  the  availability  of  more  comprehensive  data
sets will be essential for further achievements.

Another  prospect  lies  in  extending  the  applicability  of  this
approach  to  other  crops  and  environmental  conditions.
However,  the  findings  of  this  research  are  pertinent  to  the

 

 
Fig. 9    Individual feature contribution extrapolations (% change in prediction) for (a) NO3–,  (b) NH4+;  (c) water-filled pore space (WFPS) and
(d) soil temperature (ST).
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extensive  sugarcane  production  in  the  Brazilian  Cerrado,  the
methods  and  tools  used  here  can  be  further  refined  for  a
broader range of  cropping systems.  A challenge for future use
of RF and other machine learning models in the study of N2O
and  other  greenhouse  gas  emissions  is  the  need  for  broader
data  availability.  Encouraging  researchers  to  share  their  data
sets  openly  would  allow  algorithms  to  be  broadly  tested  and
enhance  the  collective  understanding  with  powerful  analytical
tools.

Our  experimental  approach  was  limited  to  specific  conditions
that  represent  sugarcane  production  in  the  Brazilian  Cerrado.
However,  the  findings  highlight  the  potential  for  extending
machine  learning  models  to  the  analysis  of  other  cropping
systems.  These  models  can  complement  process-based
approaches  by  providing  an  additional  layer  of  analysis  that
deepens understanding of biochemical processes and enhances,
not replaces, the current set of tools for predictions.
 

4    Conclusions
 
Applying  machine  learning  techniques  to  agricultural  and
environmental  problems can  enhance  predictive  accuracy  and
reveal complex, nonlinear relationships between variables, even
when working with limited data  sets.  We have shown that  RF
facilitates  the  analysis  of  nonlinear  interactions  among  N2O
predictor  variables,  a  task  that  poses  significant  challenges  for
traditional  statistical  methods.  This  is  particularly  relevant  for
studying fluxes of N2O, a potent greenhouse gas,  in sugarcane

fields  under  varying  irrigation  regimes  within  the  Brazilian
Cerrado biome.

Using  the  RF  algorithm  in  this  study  on  N2O  emission
prediction  in  sugarcane  systems,  we  identified  the  most
influential variables in descending order as NH4, NO3–, ST and
WFPS.  Irrigation  at  75%  of  the  crop  water  demand  increased
N2O emissions. The relationships among the key variables soil,
irrigation  and  climate  variables  were  found  to  be  nonlinear.
The  RF  model  achieved  an R2 value  of  0.8736  in  predicting
N2O fluxes, which indicated strong predictive performance.

Simulations of N2O emissions or other environmental variables
can  be  performed  by  systematically  increasing  or  decreasing
input  parameters,  making  this  approach  a  valuable  analytical
tool.  The  possibility  of  dealing  with  such  relations  between
relevant  variables,  be  it  for  retrospective  analysis  or  future
scenario  prediction,  is  a  major  advantage  of  the  enhanced
machine learning modeling developed in this study.

For  future  research,  our  study  results  reinforce  the  need  to
integrate  larger  data  sets  that  encompass  biogeochemical
processes,  as  well  as  climatic,  crop  and  soil  variability.  The
implementation  of  automated  data  collection  tools  across
diverse regions could facilitate this effort. The most influential
factors identified in this study are closely linked to elements of
the  nitrogen  and  carbon  cycles  in  the  soil.  Incorporating
process-based  models  into  this  machine  learning  framework
could  provide  more  accurate  and  insightful  results  since  the
technique  can  embed  understanding  of  microbial  interactions
and soil health in the analysis.
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