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Big Data-Driven Decision Support System Framework for Sustainable
Multi-Criteria Computing in Green Systems

Mohammad Jafar Mokarram, Arsalan Najafi, Jamshid Aghaei, and Meng Yuan*

Abstract: Big data provide valuable insights by offering diverse information and sophisticated analysis through

advanced algorithms. However, its huge volume, variety, and speed present significant challenges for effective

computing.  To  address  these,  this  study  applies  a  Multi-Criteria  Decision-Making  (MCDM)  framework  to

manage  spatial  big  data,  specifically  in  new  green  applications.  The  paper  introduces  a  robust  MCDM

framework using big data, designed to address renewable energy challenges within the environmental sector.

This framework systematically prioritizes and evaluates large environmental datasets, incorporating economic,

environmental, and social factors. This framework is especially efficient and reliable for green energy initiatives.

Moreover,  a  pre-processing  step  extracts  key  features  to  enable  high-performance  efficient  analysis  and

visualization.  Results  show that  the  framework  improves  accuracy  by  18% compared  to  conventional  single-

criterion  data  analysis  approaches  in  a  large-scale  case  study  and  provides  system  managers  with  an

interactive 3D visualization tool to enhance decision making process in big data environmental management.

Key words:  big data management; Fuzzy Best Worst Method (Fuzzy-BWM); green system; visualization

1　Introduction

The  global  electricity  demand  has  witnessed  a
substantial  surge  due  to  population  growth,
urbanization,  and  increased  reliance  on  electronic
devices[1].  However,  a  significant  challenge  persists,
particularly  in  less  developed  areas,  where  electricity
shortages  hinder  socio-economic  development.  The
scarcity of electricity in these regions not only impedes
basic  daily  activities,  but  also  limits  access  to  crucial
services[2].  Therefore,  it  is  essential  to  investigate  and
employ  innovative  methods  of  producing  electricity.
The  distinctive  qualities  of  renewable  energy  sources

offer  a  viable  route  for  the  production  of  sustainable
and  dependable  power,  whereas  traditional  energy
sources,  which  are  typified  by  fossil  fuels  and  greatly
contribute to environmental deterioration, air pollution,
and climate change[1]. Renewable energy sources, such
as  solar,  wind,  biomass,  and  hydrogen,  offer
sustainable  solutions  to  the  electricity  shortage.  The
use of these new energy technologies helps to meet the
growing  demand  for  electricity  and,  at  the  same  time,
ensures  a  cleaner  and  more  environmentally  friendly
approach  to  power  generation[3].  In  the  realm  of
renewable  energy  sources,  hydrogen  stands  out  as  a 
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promising  candidate  for  sustainable  electricity
generation[4],  while  mitigating  the  environmental
impact of power generation[5]. Hydrogen, often referred
to as the “fuel of the future”, can be produced through
various  methods,  such  as  electrolysis,  where  water  is
split  into  hydrogen  and  oxygen  using  an  electric
current[6],  or  through  the  reforming  of  natural  gas[7].
Despite  their  potential,  challenges  like  energy  input
requirements  and  infrastructure  development  have
tempered their widespread adoption. On the other hand,
producing  hydrogen  through  biomass,  especially  in
undeveloped  areas,  has  emerged  as  a  promising
method[8].  Biomass,  derived  from  organic  materials,
such  as  plant  and  animal  waste,  agricultural  residues,
and  dedicated  energy  crops,  presents  a  compelling
solution.  Unlike  some  renewable  sources,  biomass
offers a reliable and consistent energy supply, with the
added benefit of utilizing existing infrastructure.

On  the  other  hand,  considering  environmental
aspects  is  vital  when  considering  hydrogen  from
biomass.  Environmental  data  are  often  considered  big
data  due  to  their  extensive  nature  and  spatial  and
temporal  dispersion.  These  data  are  collected  from
various  geographical  sources  over  extended  periods,
which  leads  to  an  increase  in  both  volume  and
diversity.  Additionally,  many  different  types  of
parameters  are  needed  to  account  for  the  multiple
aspects  involved  in  environmental  analysis,  further
contributing  to  the  complexity  of  big  data[9, 10].  To
manage  and  analyze  this  type  of  data,  advanced
computing tools are necessary[11]. These tools must not
only  possess  high  processing  power,  but  also  be
designed  within  the  framework  of  big  data
environmental  green computing[12].  The importance of
applying  optimal  methods  in  environmental  data
processing  is  critical  because  these  data  directly
influence the health of the environment and the quality
of  human  life.  Inaccurate  or  incomplete  analysis  can
lead to incorrect decisions with negative consequences
for  ecosystems  and  communities.  Therefore,  modern
analytical  tools and methods,  such as big data mining,
artificial  intelligence,  and  multi-criteria  decision-
making,  are  essential  for  effective  environmental  big
data analysis.

Numerous studies have explored different aspects of
the  placement  of  renewable  energy.  A  robust
framework  in  micro  grid  application  has  been
developed  in  Ref.  [13].  The  placement  of  distributed

generation  in  deregulated  electricity  markets  has  also
been investigated in Ref. [14]. In addition, a review has
focused  on  the  optimal  placement  of  distributed
generation,  when  they  focus  on  minimizing  power
losses  and  the  enhancement  of  voltage  stability  in
distribution  systems[15].  Although  these  studies  have
made  significant  contributions,  optimizing  renewable
energy  deployment  requires  a  more  comprehensive
approach  that  includes  spatial  analysis.  This  approach
is  essential  to  consider  geographical,  environmental,
and  socioeconomic  factors  that  can  significantly
influence the efficiency and effectiveness of renewable
energy  systems[16].  Without  spatial  big  data  analysis,
solutions  may  not  optimize  resource  use  or  fully
achieve  broader  sustainability  goals.  To  deal  with,  a
methodological  framework  for  spatial  modeling  of
hydrogen demand in cities has been proposed but does
not  utilize  Multi-Criteria  Decision-Making  (MCDM).
In such a complex field, MCDM plays a crucial role in
achieving  better  outcomes  by  incorporating  various
parameters  that  impact  the  results  and  ensuring  more
accurate and robust models[17].

While  neural  network  approaches,  such  as  Long
Short-Term  Memory  (LSTM)[18] and  Convolutional
Neural  Networks (CNN)[19],  have been widely applied
in  energy-related  predictive  modeling,  they  exhibit
limitations  for  sustainable  hydrogen  production  site
selection. LSTM excels at time-series forecasting, such
as  energy  demand  prediction[1],  and  CNN  aids  in
spatial  feature  extraction  and  interpretability[20].
However,  these  methods  struggle  to  integrate
heterogeneous,  multi-criteria  environmental  data
without extensive preprocessing or hybrid designs. For
instance,  advanced  architectures  like  MU-Net-
optLSTM  leverage  spatial-temporal  data  for  real-time
monitoring[21],  but  their  focus  on  classification  limits
their  utility  in  holistic  decision-making.  Similarly,
models  like  GLE-SVR  for  DNI  estimation[22] and
federated  approaches  like  ResFed[23] optimize
predictions  on  edge  devices,  yet  lack  the  transparency
and  multi-factor  synthesis  required  for  green  energy
planning.  Moreover,  their  opaque  decision-making
processes and high computational  demands can hinder
practical  decision-support  in  resource-constrained
settings. In contrast, MCDM methods offer a promising
avenue  to  address  these  challenges  by  systematically
evaluating diverse factors.

There  are  some  methods  in  weighting  criteria  for
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MCDM  problems,  each  presenting  distinct  strengths
and  advantages[24].  Notable  among  these  methods  are
the  Analytic  Hierarchy  Process  (AHP)[25] and  the
Analytic  Network Process  (ANP).  AHP stands  out  for
its  structured  approach  which  systematically  breaking
down  complex  decisions  into  hierarchical  structures.
ANP,  on  the  other  hand,  extends  the  capabilities  of
AHP  by  incorporating  interdependencies  between
criteria.  This  enables  it  to  capture  complex
relationships  between  parameters[26].  Regression
analysis,  a  statistical  method,  adopts  a  data-driven
approach  by  leveraging  historical  data  to  identify
influential factors[11]. Another effective methodology is
the Technique for Order of Preference by Similarity to
Ideal Solution (TOPSIS)[27]. In contrast, the Best Worst
Method  (BWM)  introduces  a  unique  approach  by
simultaneously  considering  both  the  best  and  worst
criteria[28, 29].  However,  upon  comparing  BWM  with
the ANP and AHP, certain drawbacks come to light[30].
ANP  may  encounter  challenges  in  managing  complex
interdependencies  which  leads  to  increase
computational  complexity  and  potential  model
instability.  Similarly,  the  AHP  has  its  limitations,
including  sensitivity  to  changes  in  the  number  of
criteria  and  constraints[31].  In  fact,  BWM  excels  in
providing  a  systematic,  transparent,  and  less  biased
approach  to  weight  assignment[32].  Moreover,  the
application of the fuzzy method in this study is proved
crucial  for  homogenizing  data  with  varying  units.
Moreover,  it  facilitates  the  representation  of  suitable
locations on a scale from 1 to 0, with 1 indicating high
suitability and 0 denoting unsuitability[33].

It  should  be  noted  that  in  MCDM  problems,
accurately representing spatial data is often paramount
for  effective  decision-making.  However,  obtaining
measurements at all places is impractical or sometimes
impossible  due  to  various  constraints,  such  as  cost,
accessibility, or physical limitations. To overcome this
challenge,  interpolation  methods  are  employed  to
estimate  values  at  unmeasured  locations  based  on
available data. Among these methods, Inverse Distance
Weighting  (IDW)[34],  Kriging,  and  spline  methods  are
well-known.  As  a  geostatistical  technique,  Kriging
offers  a  robust  framework  for  capturing  spatial
dependencies.  Unlike  deterministic  methods,  such  as
IDW  or  spline  interpolation,  Kriging  integrates
statistical models of spatial correlation[35].  By utilizing
a  semivariogram  to  quantify  and  model  these
correlations,  Kriging  ensures  that  the  predictions  are

not  only  smooth  but  also  statistically  reliable[36].
Moreover,  the IDW method,  particularly in  areas  with
sparse data generates oversmoothed surfaces[37].

Another  important  aspect  of  a  comprehensive
assessment  is  to  investigate  the  effect  of  different
climates  on  biomass-based  hydrogen  production.
Climate  influences  resource  availability,  process
efficiency,  environmental  big  data  impact,  and  the
overall  sustainability  of  hydrogen  production.  For
example, a least-cost geospatial modeling approach has
been  applied  to  hydrogen  production  in  Ref.  [17],
although  the  authors  focused  mainly  on  economic
aspects,  they  overlooked  the  impact  of  different
climates.  Similarly,  a  spatial  assessment  of  land
suitability has been conducted to address the insecurity
of ecosystem services, but does not integrate advanced
methodologies  or  broader  considerations,  like  energy
production[25].  In  fact,  understanding  how  varying
climates  influence  these  processes  is  crucial  for
developing more accurate and sustainable strategies.

Based on the reviewed literature,  significant  gaps in
this field include the need for further investigation into
hydrogen  production  from  biomass  gasification,
especially  in  underdeveloped  regions  where  inputs  for
electrolysis  and  reforming  gas  are  challenging  to
obtain.  Another  gap  is  the  limited  use  of  spatial
analysis,  particularly  through  MCDM  methods  that
consider  various  influencing  factors.  In  addition,  the
creation  of  maps  using  interpolation  techniques  is
essential  to  visualize  potential  production  sites  by
estimating  hydrogen  yields  across  different  regions,
even  in  areas  with  sparse  data.  While  various
renewable  energy  sources,  such  as  solar,  wind,  and
hydro,  offer significant potential[22],  this  study focuses
exclusively on biomass-based renewable energy due to
the  region’s  high  agricultural  potential.  To  maximize
the efficiency of renewable energy usage, it is essential
to  align  energy  sources  with  the  available  local
potential.

(1)  Integration  of  spatial  analysis  with  fuzzy-BWM:
The  study  develops  a  hybrid  framework  that  uniquely
combines spatial  methodologies with the Fuzzy-BWM
for the first time in the context of hydrogen production
site  selection.  This  integration  allows  for  a  more
precise  and  reliable  evaluation  of  potential  sites  by
accounting  for  both  spatial  variability  and  decision-
maker  preferences,  which  are  often  treated  separately
in traditional approaches.

(2)  Use  of  interpolation  maps  for  visualizing
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hydrogen  distribution:  The  study  also  introduces  the
innovative  use  of  interpolation  maps  to  visually
represent  the  distribution  of  hydrogen  potential  across
different  regions.  This  geospatial  visualization
technique  enhances  the  understanding  of  where
hydrogen production would be most effective.

(3)  Comparative  analysis  across  diverse  climatic
regions:  Unlike  previous  studies  that  tend  to  focus  on
specific  regions  or  climates,  this  research  conducts  a
comprehensive  comparative  analysis  across  moderate
and semi-arid climates.

This paper is organized into four sections. Section 2
details  the  materials  and  methods,  covering  Kriging,
Fuzzy,  and  the  BWM.  It  also  explains  how  hydrogen
production  from  biomass  gasification  and  electricity
generation  from  hydrogen  are  quantified.  Section  3
presents  the  results  that  include  case  study  and  data
description,  followed  by  an  analysis  of  hydrogen
production  and  its  byproducts.  The  section  also
explores  the  correlation  between  climate  parameters
and  hydrogen  production,  and  assesses  electricity
generation  from  hydrogen.  Section  4  concludes  the
paper and offers suggestions for future research.

2　Material and Method

In this section, the methodology employed in this study
is detailed, covering the Kriging method in Section 2.1,
the  Fuzzy  method  in  Section  2.2,  and  the  BWM  in
Section  2.3.  Subsequently,  hydrogen  production  is
quantified  in  Section  2.4.  Finally,  the  amount  of
electricity  generation  available  from  hydrogen  is
explained in Section 2.5.

2.1　Ordinary Kriging method

Ordinary Kriging is chosen as the interpolation method
for this study due to its suitability for the data type and
research  objectives.  Given  the  spatial  variation  in
hydrogen production data without a clear global trend,
ordinary  Kriging  is  considered  an  appropriate  choice
over  more  complex  methods  like  universal  Kriging.
This method is robust, does not assume a global mean,
and  is  particularly  effective  for  capturing  local
variations when the spatial process is stationary[38]. The
ordinary  Kriging  formulation  is  presented  as
follows[39]:
 

Z(u) = λ+
n∑

i=1

ωi(Z(ui)−λ) (1)

Z(u)where  is  the  estimated  value  at  the  unsampled

u λ

Z(ui)
ui ωi

n

location  and  is  the  global  mean  of  the  variable.
Also,  is  the  observed  value  at  the  sampled
location ,  is  the  Kriging  weight  assigned  to  each
observed value, and  is the number of sampled points
within the specified neighborhood.

The  weights  are  determined  based  on  the  spatial
autocorrelation structure, and the Kriging method aims
to  minimize  the  estimation  error  by  assigning  higher
weights  to  nearby  points  that  exhibit  a  stronger
correlation with the unsampled location.

It  should  be  noted  that  in  this  study,  various
semivariogram  models,  including  exponential,
Gaussian,  and  spherical  models,  are  evaluated.  The
selection of the best model is based on the Root Mean
Square Error (RMSE), calculated as follows:
 

RMSE =

√√
1
n

n∑
i=1

(
Z(ui)− Ẑ(ui)

)2
(2)

2.2　Fuzzy method

This  paper  employs  membership  functions  within  the
fuzzy method framework to homogenize the input data
and  facilitate  subsequent  big  data  analysis.  This
involves  mapping  input  data  points  to  linguistic  terms
(e.g., small, medium, and large) using a fuzzy inference
system. It should be noted that, the selection of specific
membership  functions  is  guided  by  the  inherent
characteristics  of  the  input  data.  For  example,
parameters,  such  as  Calcium  Carbonate  Equivalent
(CCE) or  slope,  which negatively  impact  biomass  and
hydrogen  production,  are  modeled  using  small
membership  functions[40].  Conversely,  large
membership  functions  are  utilized  for  parameters  like
maximum  temperature  and  rainfall,  which  positively
influence  biomass  and  hydrogen  production[41].  The
degree  of  membership  within  each  fuzzy  set  is  then
calculated as bellow[42]:
 

Large(x) =


1

1+
( x
Threshold

)2 , if x ⩾ threshold;

0, otherwise

(3)

 

Small(x) =


1− 1

1+
( x
Threshold

)2 , if x < threshold;

0, otherwise
(4)

For  parameters,  such  as  sunshine,  rainfall,  average
temperature, maximum temperature, and PH, Eq. (3) is
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employed.  Meanwhile,  for  parameters,  such  as
minimum  temperature,  CCE,  elevation,  slope,
Electrical Conductvity (EC), and soil texture, Eq. (4) is
utilized  to  define  the  membership  function.  The
threshold values for Eqs.  (3) and (4) are chosen based
on Ref. [43] and presented in Table 1.

During the fuzzification process applied to the maps,
optimal classes are designated with the numerical value
of  1  for  the  most  suitability.  On  the  other  hand,
unsuitable  classes  are  assigned a  numerical  value  of  0
to represent a lack of appropriateness.

2.3　BWM

As  stated,  the  BWM  is  utilized  to  evaluate  and  rank
alternatives  based  on  multiple  criteria.  The  BWM
entails  pairwise  comparisons  where  decision-makers
assess  criteria  to  determine  the  best  and  worst  among
them.  These  comparisons  yield  valuable  data  on  the
relative  significance  of  each  criterion.  Subsequently,
mathematical  models  are  employed  to  compute  the
weights  of  the  criteria  based  on  the  outcomes  of  the
pairwise  comparisons[44].  In  the  following,  the
procedures  of  the  BWM method  are  explained  in  five
steps[45]:

(1)  Identifying  decision  criteria: In  this  step  the
criteria  that  are  needed  to  be  used  in  the  BWM  are
defined.

B
Z

(2)  Selecting  the  best  and  worst  criteria:
Determining  the  most  important  (best)  criterion,
denoted as , and the least important (worst) criterion,
denoted as .

B(3)  Pairwise  comparison  with : Comparing  the
best  criterion  against  all  other  criteria  using  a  scale
ranging  from  1  to  9.  The  resulting  vector  is

cB = (cB1, cB2, . . . , cBn) cBB = 1,  where  and  the  best
criterion is compared to itself.

Z

cZ = (c1Z , c2Z , . . . , cnZ)
cZZ = 1

(4)  Pairwise  comparison  with : Similarly,
comparing all  criteria against  the worst  criterion using
the same scale,  yielding ,  where

 for the same reason.
(5)  Weight  calculation: Assigning  weights  to  the

criteria based on these comparisons.

B
Z j j

In the BWM method, optimal weights are determined
by  minimizing  the  maximum  deviation  in  pairwise
comparisons.  This  is  done  by  evaluating  the
comparison  ratios  between  the  best  criterion ,  the
worst criterion , and the remaining criteria , for all .
The  optimal  weight  for  any  comparison  between  the
best and other criteria,  or between the worst and other
criteria, is given by
 

c∗B j =
ZB

Z j
, j = 1, 2, . . . , n (5)

 

c∗jZ =
Z j

ZZ
, j = 1, 2, . . . , n (6)

The  objective  is  to  minimize  the  largest  deviation
between the actual comparison ratios and the provided
comparison values. Mathematically, this is represented
as minimizing the maximum of the following terms:
 

minmax
j

{∥∥∥∥∥∥ zB

z j
− cB j

∥∥∥∥∥∥ ,
∥∥∥∥∥ z j

zZ
− c jZ

∥∥∥∥∥} ,
 

s.t.,
n∑

j=1

z j = 1, z j ⩾ 0, for all j (7)

This problem can be simplified into a linear model,
  ∥∥∥∥∥∥ zB

z j
− cB j

∥∥∥∥∥∥ ⩽ ξ, for all j (8)

 

Table 1    Threshold values for each parameter.
Parameter Highly suitable Moderately suitable Marginally suitable Not suitable

Annual minimum
temperature (°C) 16−18 14−16 14−12 <12

Annual maximum
temperature (°C) 24−28 28−32 32−36 >36

Elevation (m) <1700 1700−2000 2000−2300 >2300
Slope (%) 0−2 2−6 6−12 >12

pH 6.5−7.5 5.8−6.5, 7.5−7.8 5.5−5.8, 7.8−8.2 <5.5, >8.2
EC (dS/m) 0−4 4−6 6−8 >8
CCE (%) 0−15 15−30 30−50 >50

Soil texture Loam, clay loam, sandy
clay, clay

Sandy loam, sandy
clay loam

Loam sandy, silty loam, silty
clay loam

Silty clay, sandy
and silty

Rainfall (mm) >350 350−250 250−200 <200
Organic carbon (OC) (%) >2 1−2 0.5−1 <0.5
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  ∥∥∥∥∥ z j

zZ
− cZ j

∥∥∥∥∥ ⩽ ξ, for all j (9)

 

n∑
j=1

z j = 1, z j ⩾ 0, for all j (10)

ξ∗
When multiple  criteria  are  involved and the  optimal

value  is  non-zero,  the  problem  may  yield  several
feasible weight distributions. To find the minimum and
maximum  possible  weights  for  each  criterion,  the
following linear programming problems are solved:

Minimization problem:
 

min Z j,

 

s.t., ∥ZB− cB jZ j∥ ⩽ ξ∗Z j,

∥Z j− c jZZZ∥ ⩽ ξ∗ZZ ,
n∑

j=1

Z j = 1, Z j ⩾ 0, for all j (11)

Maximization problem:
 

max Z j,

 

s.t., ∥ZB− cB jZ j∥ ⩽ ξ∗Z j,

∥Z j− c jZZZ∥ ⩽ ξ∗ZZ ,
n∑

j=1

Z j = 1, Z j ⩾ 0, for all j (12)

Z∗j

It should be noted that, in the minimization problem,
the goal is to find the smallest possible weight for each
criterion.  While,  in  the  maximization  problem,  the
objective is to find the largest possible weight for each
criterion,  while  still  satisfying  the  same  set  of
constraints. The optimal weight for each criterion  is
then  computed  as  the  average  of  the  minimum  and
maximum weights obtained from these models,
 

Z∗j =
Z∗min

j +Z∗max
j

2
(13)

Finally,  the  consistency  of  the  model  is  evaluated
using the Consistency Ratio (CR), which measures the
degree  of  reliability  in  the  pairwise  comparisons.  The
consistency ratio is given by
 

Consistency ratio =
ξ∗

Consistency index
(14)

The  consistency  index  is  available  in  Ref.  [46],  and
helps verify whether the comparisons are consistent or
need adjustment.

2.4　Quantifying  hydrogen  production  from
biomass gasification

Hydrogen  production  via  biomass  gasification  offers
key  advantages  over  methods,  like  electrolysis  or  gas
reforming,  particularly  in  terms  of  sustainability.
Biomass  can  achieve  carbon  neutrality  as  the  carbon
dioxide  released  during  gasification  is  offset  by  the
amount absorbed during plant growth[47]. This makes it
a  low-carbon  alternative,  especially  compared  to  gas
reforming.  Another  advantage  of  biomass  gasification
is  its  ability  to  produce  multiple  valuable  outputs,
including  hydrogen,  methane,  and  syngas.
Additionally,  it  is  a  cost-effective  and  straightforward
process for hydrogen generation, especially for regions
lacking  access  to  water  or  gas  resources[48].
Gasification  is  a  thermochemical  conversion  process
that  converts  biomass  into  syngas,  a  mixture  of
hydrogen,  carbon monoxide,  methane,  carbon dioxide,
and  other  hydrocarbons.  This  process  is  typically
carried  out  at  high  temperatures  (700–1200  °C)  and
pressures (1–20 bar) in a gasifier[49].  The efficiency of
gasification  for  hydrogen  production  is  typically
between 10% and 30%. This means that for every 100
megajoules (MJ) of energy in the biomass, 10–30 MJ is
released in the form of hydrogen gas[50, 51],
 

H2 = BY× (0.10−0.30×BEC) (15)
 

Methane = BY× (0.05−0.10×BEC) (16)
 

Tar = BY× (0.025−0.05×BEC) (17)
 

Char = BY× (0.30−0.40×BEC) (18)
 

CO2 = BY× (0.10−0.20×BEC) (19)
where  BY  denotes  biomass  yield  (t/ha)  and  BEC
denotes biomass energy content (MJ/t).

2.5　Electricity generation from hydrogen

η

In  this  section,  we  focus  on  efficiently  converting
hydrogen into electricity  using a  fuel  cell  system.  The
efficiency  of  a  fuel  cell  plays  a  pivotal  role  in
determining  the  overall  performance  and  viability  of
such systems. Fuel efficiency, denoted as , represents
the  ratio  of  the  useful  energy  output  of  the  fuel  cell
system to the energy input from the fuel source[52]. It is
typically  expressed  as  a  percentage  and  encompasses
losses  incurred  during  various  conversion  processes.
To  begin,  the  fuel  efficiency  of  the  chosen  fuel  cell
system is evaluated[53]. This efficiency factor is utilized

    108 Big Data Mining and Analytics, February 2026, 9(1): 103−118

 



in  subsequent  calculations  to  estimate  the  electricity
generation  potential  of  the  system.  The  primary
objective is to convert the energy content of hydrogen,
produced  in  MJ,  into  megawatt-hours  (MWh)  of
electricity.  The methodology employed for  calculating
the  electricity  generated  from  hydrogen  can  be
summarized as follows:

η(1)  The fuel  efficiency ( )  of  the fuel  cell  system is
initially analyzed and established at 60% in this paper.
This  efficiency  factor  accounts  for  losses  during  the
conversion of hydrogen to electricity.

EH2(2)  The  energy  content  of  hydrogen  ( )  is
converted  from  MJ  to  MWh.  This  conversion  is
performed  using  a  conversion  factor  of 0.000 277 778
kWh/MJ as
 

EH2(MWh) = EH2(MJ)× 0.000277778 kWh
MJ

× 1 MWh
1000 kWh

(20)
Eelectricity

η

(3)  The  electricity  generated  ( )  is
determined  by  multiplying  the  energy  content  of
hydrogen in MWh by the fuel cell efficiency ( ) as
 

Eelectricity = EH2×η (21)

Using  this  comprehensive  big  data  approach,
electricity  generation  can  be  estimated  based  on
hydrogen levels within the fuzzy-BWM method.

3　Result

In  this  section,  the  results  of  the  proposed  framework
are  presented.  Firstly,  the  case  study  and  data
description  are  provided  in  Sections  3.1  and  3.2,
respectively.  Section  3.3  investigates  hydrogen
production  through  gasification,  and  Section  3.4
provides  the  byproducts  of  the  gasification  process,
including  tar,  char,  and  carbon  dioxide.  Finally,  the
correlation  between  hydrogen  production  and  climate
parameters  is  provided  in  Section  3.5,  and  the
electricity  generation  assessment  from  hydrogen  is
provided in Section 3.6.

3.1　Case study

The study area  is  carefully  selected to  encompass  two
distinct  climate  zones  within  Iran’s  southwest  region,
specifically located in Fars province. The purpose is to

conduct  a  thorough  examination  of  diverse  climatic
conditions  affecting  biomass  hydrogen  production.  As
depicted  in Table  2,  the  study  area  exhibits  a
significant elevation range, reaching its peak at 3172 m
in the northern sector of Case 1. In contrast, the lowest
elevation lies in the eastern section, specifically in Case
2,  at  an  altitude  of  1518  m.  Each  of  these  regions
possesses  unique  climatic  characteristics,  concisely
summarized as follows:

Case  1: This  region  features  an  average  annual
rainfall  of  365  mm,  accompanied  by  temperature
extremes  ranging  from  a  maximum  of  37°C  to  a
minimum of 2°C below zero (https://www.farsmet.ir).

Case 2: This case has a distinctly warm climate with
a  slightly  humid  environment.  Summer  temperatures
can  soar  to  a  maximum  of  42°C,  while  winter
temperatures may descend to 2°C. The average annual
rainfall in this region falls within the range of 191 mm
(https://www.farsmet.ir).

Further  details  about  each  of  the  study  areas  are
tabulated in Table 2.

3.2　Data description

The  analysis  is  conducted  by  incorporating  a  diverse
set  of  big  environmental  climatic  data,  topographical
insights,  and soil  characteristics.  The input  parameters
include  EC,  CCE,  pH,  soil  texture  components  (clay,
sand,  and  silt),  temperature  extremes  (Tmax and Tmin),
average  temperature  (Taverage),  rainfall,  slope,  and
elevation.  To obtain  precise  climatic  data,  information
has been obtained from the meteorological department
of  Fars  province,  accessible  at https://www.farsmet.ir.
In  consideration  of  topographical  elements,  the  study
relies  upon  topographical  maps  sourced  from  the
United  States  Geological  Survey  (USGS).  To  assess
soil  characteristics,  samples are meticulously collected
from  30  different  points  within  the  study  cases.
Moreover, Table 3 provides a detailed summary of the
key soil properties essential to the analysis.

The steps of the research are shown in Fig. 1.

3.3　Quantitative  analysis  of  hydrogen  production
through gasification

Hydrogen can be extracted from biomass using various
 

Table 2    Characteristics of studied cases.
Case Latitude Longitude Area (km2) Elevation (m) Name

1 53° 30' to 54° 01' 29° 11' to 29° 24' 1737.63 1518−3172 Marvdasht
2 52° 01' to 52° 48' 29° 36' to 30° 18' 2361.06 1566−2891 Darab
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techniques,  with  thermochemical  processes  like
gasification  and  pyrolysis  being  prominent
examples[54].  Gasification involves converting biomass
into syngas, which contains hydrogen, tar, char, carbon
monoxide,  and  other  components[55, 56].  By  separating
the  syngas,  high-purity  hydrogen  can  be  produced.
Notably,  biomass  gasification  is  environmentally
friendly  and  carbon-neutral[57, 58].  It  should  be  noted
that  it  aligns  to  address  climate  change,  while
mitigating  electricity  shortages  through  sustainable
energy solutions[59, 60].

To  apply  the  fuzzy  method  for  each  parameter  in
accordance with Table 1, threshold values are utilized.
For  parameters  such  as  rainfall  or  sunshine,  where

higher  values  are  associated  with  increased  yield  and
biomass  production,  large  membership  functions  are
assigned.  In  these  instances,  as  values  increase,  the
membership function converges towards 1. Conversely,
for  parameters  like  minimum  temperature,  smaller
membership  functions  are  employed,  as  a  decrease  in
minimum temperature leads to diminished performance
(with  decreasing  values  causing  the  membership
function  to  approach  0).  As  a  result,  all  parameter
values are normalized between zero and one. Proximity
to  1  indicates  a  positive  impact  on  biomass  and
hydrogen  production  performance,  while  values
approaching  zero  signify  a  negative  influence  of  the
input  parameter  on  biomass  and  hydrogen  production
performance.

The  subsequent  phase  involved  refining  and
assigning weights to input parameters using the BWM.
The results of this weighting process play a crucial role
in  quantifying  subsequent  hydrogen  production  levels.
In the BWM process, precision at each sampling point
is  enhanced  through  a  comprehensive  two-by-two
comparison for each parameter. This involves soliciting
input  from  20  field  experts,  who  assess  the  weight  of
each  parameter  based  on  the  current  situation  and  the
necessary  elements  for  optimal  growth.  The  obtained
results  of  BWM  method  are  then  extracted  and
provided in Fig. 2. As illustrated in Fig. 2, the weights
derived from the BWM underscore the significance of
various  factors  in  hydrogen  production.  For  instance,
sunshine is the most effective parameter and substantial
weight is 0.3. In contrast, the soil texture exhibites the
lowest weight, approximately 0.024.

After  weighing  each  parameter  using  the  BWM, we
can employ Eq.  (15)  to  quantify  the  hydrogen content

 

Table 3    Descriptive statistics for key variables.

Case Statistic CCE Sunshine
(h)

Rainfall
(mm)

Slope
(%)

Elevation
(m)

Clay
(%)

Sand
(%)

Silt
(%)

OC
(%) pH EC

(dS)

Case 1

Average 42.75 3361.72 298.89 9.92 1646.06 33.29 40.99 25.69 1.04 7.60 5.59
Minimum 20.72 3196.02 207.99 0.11 369.00 23.14 23.63 8.10 0.71 7.30 0.00
Maximum 52.42 3495.48 604.74 48.17 2886.00 48.71 59.86 38.10 1.81 7.77 28.93

Standard deviation 7.83 71.65 86.97 10.30 573.85 4.69 7.32 5.05 0.25 0.07 8.24
Range 31.70 299.46 396.75 48.06 2517.00 25.57 36.23 29.00 1.10 0.47 28.93

Case 2

Average 47.21 3465.67 238.86 8.18 1478.56 32.67 45.47 21.88 0.74 7.64 3.61
Minimum 44.67 3441.67 219.96 0.25 1058.00 25.74 30.02 14.43 0.71 7.64 1.87
Maximum 49.70 3495.48 258.65 35.91 2257.00 47.97 55.62 30.12 0.75 7.66 9.58

Standard deviation 1.33 17.25 13.75 9.42 345.51 6.42 6.92 3.47 0.01 0.00 1.72
Range 5.03 53.81 38.69 35.66 1199.00 22.23 25.60 15.69 0.04 0.02 7.71
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Fig. 1    Proposed framework for optimal big data allocation
of hydrogen production.
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at  each  sample  point.  Based  on  the  results,  in  Case  1,
hydrogen production ranges from 0 to 192 MJ, while in
Case 2,  it  varies  between 0 to 1575 MJ.  To verify the
accuracy  of  the  hydrogen  maps  produced  in  the  two
study  areas,  the  yield  rate  assessment  is  carried  out.
The Receiver Operator Characteristic (ROC) curve and
the  precision-recall  curve  visually  represent  the  trade-
off  between  sensitivity  and  specificity  as  depicted  in
Figs. 3 and 4, respectively.

According  to Fig.  3 and Table  4,  the  Area  Under
Curve  (AUC)  value  is  0.864  and  it  approves  the
applicability  of  the  fuzzy-BWM in identifying regions
with  varying  hydrogen  yields,  which  illustrates  a
balance  between  sensitivity  (true  positive  rate)  and
specificity (1−false positive rate, where “1−” represents
the complement of the false positive rate, indicating the
true  negative  rate).  The  curve  closely  follows the  top-
left  corner  of  the  plot,  suggesting  a  high  level  of
discriminative  ability.  This  indicates  that  the  method
performs well in distinguishing between high- and low-
yield  areas  while  minimizing  false  positives.  On  the
other  hand,  the  precision-recall  curve,  with  an  AUC

value  of  0.84,  provides  additional  insights  into  the
method’s  performance.  Based  on Fig.  4,  the  start
precision is 1.0 and it decreases to 0.5.

3.4　Byproducts of the gasification process

As  stated,  hydrogen  constitutes  the  predominant
component  of  production  in  the  gasification  process.
However, other byproducts emerge during this process.
In this paper, the byproduct amount is also investigated
as below.

(1) Methane
The  quantification  of  methane  production  from

biomass  during  the  gasification  process  is  detailed  in
Eq.  (15).  Subsequently,  interpolation  maps  are
generated  utilizing  Kriging  method  for  each
investigated case (see Fig. 5).

Figure  5 depicts  three  different  parts  of  each  cases
including  northern,  central,  and  southern  parts  of  the
study area for methane production in MJ. In Case 1, the
results  indicate  that  the  northern  regions  exhibit
significantly  high  methane  production  levels  with
approximately  15  MJ  production.  In  contrast,  the
southern  regions  show much  lower  production  values,
with  levels  dropping  to  less  than  4  MJ.  In  Case  2,  a
greater  variation  in  energy  production  values  is
observed across different parts. The highest production
values,  approximately  9  MJ,  are  concentrated  in  the
northern and central  parts  of  the study area.  However,
in  the  southern  regions,  production  levels  decrease  to
below  2  MJ.  When  comparing  two  cases,  Case  1
demonstrates  higher  methane  production  levels  across
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Fig. 2    Weight of each criterion using BWM.
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Fig. 3    Specifity and sensitivity results (ROC curve).
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Fig. 4    Precision-recall curve.

 

Table 4    Obtained results related to ROC method.

AUC Standard error
of AUC

Asymptotic significant
of AUC

95% confidence interval
lower bound of AUC

95% confidence interval
upper bound of AUC

0.864 0.131 0.016 0.608 1.000
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the study area compared to Case 2.
(2) Tar and char
Tar  and  char  values  derived  from  the  gasification

process  are  computed  using  Eqs.  (17)  and  (18).  As
depicted  in Table  5,  the  maximum  tar  production  for
Case 1 is recorded at 24.04 t/ha, whereas for Case 2, it
stands  at  19.67  t/ha.  Conversely,  the  lowest  tar
production  for  Cases  1  and  2  is  noted  as  0  t/ha.
Furthermore, the highest char production for Case 1 is
observed at 21.75 t/ha, whereas for Case 2, it amounts
to 17.20 t/ha.

(3) CO2
Although  in  the  process  of  gasification,  the

production  of  CO2 gas  can  have  challenges  for  the
environment,  but  it  can  be  converted  into  a  cleaner
product, such as urea during a process. Equation (19) is

used  to  estimate  the  amount  of  CO2 produced  during
the  gasification  process.  One  of  the  goals  of  this
research is to reduce air pollution by preventing the re-
emission  of  CO2 and  turning  it  into  a  valuable
fertilizer,  especially  urea,  which  has  been  emphasized
by Ref. [61]. The results presented in Table 6 show the
estimated annual production of urea fertilizers for both
cases.  By  adopting  this  method,  the  gasification
process acts as a dual-purpose solution, simultaneously
reducing  air  pollution  caused  by  CO2 emissions  and
providing a cleaner product.

2

The  hydrogen  production  levels  resulting  from  the
gasification process between 1988 and 2021, alongside
the  maximum  biomass  concentration  in  the  northern
regions  of  Case  1  and  the  western  part  of  Case  2,  are
depicted  in Fig.  6,  which  illustrates  the  trends  in
hydrogen  (H )  production,  with  each  year  exhibiting
distinct characteristics.

It  is  important  to  note  that,  in  Case  1,  the  highest
hydrogen  yield  potential  was  261.54  MJ/ha  in  2016,
while  the  lowest  was  139.5  MJ/ha  in  2012.  Similarly,
in  Case  2,  hydrogen  production  reached  its  peak  at
192.5 MJ/ha in 2002. Conversely, the lowest hydrogen
production was observed in 2012 at 166.5 MJ/ha.
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Fig. 5    Methane performance per year. Study area: ① northern, ② central, and ③ southern.

 

Table 5    Tar and char production in different cases.
Case Tar production (t/ha) Char production (t/ha)

Case 1 (low) 0 0

Case 1 (high) 24.04 21.75

Case 2 (low) 0 0

Case 2 (high) 19.67 17.20

 

Table 6    Urea amount.
(t/ha)

Year Case 1 Case 2 Year Case 1 Case 2 Year Case 1 Case 2 Year Case 1 Case 2
1998 7.42 5.97 2004 7.26 7.05 2010 7.41 8.13 2016 7.42 10.47
1999 7.51 6.15 2005 7.40 7.23 2011 7.35 9.01 2017 7.21 8.65
2000 7.36 5.41 2006 7.25 7.41 2012 6.67 5.59 2018 7.37 9.57
2001 7.41 6.51 2007 7.03 7.03 2013 7.29 9.91 2019 7.29 9.01
2002 7.71 7.21 2008 7.42 7.77 2014 7.42 8.85 2020 7.42 9.93
2003 7.37 5.97 2009 7.16 6.49 2015 7.41 9.03 2021 7.51 9.75
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3.5　Correlation  between  climate  parameters  and
hydrogen production

As  illustrated  in Fig.  2,  climatic  parameters  exhibit  a
greater impact on biomass and consequently hydrogen

production  compared  to  soil  parameters. Figure  7
depicts  Pearson’s  correlation  results  to  show
relationship between climate parameters and hydrogen
production levels.

3.6　Electricity  generation  assessment  from
hydrogen

In  this  section,  a  comprehensive  analysis  of  hydrogen
production,  area,  and  electrical  energy  generation
across  four  samples  points  in  Case  2  are  provided  in
Fig.  8.  Box  plots  in Fig.  8a,  represent  the  range  of
hydrogen  production  values  for  each  sample,  with
sample a having  the  highest  average  production,
followed by samples b, c, and d. The variability within
each  sample  is  relatively  small  which  indicates  the
hydrogen  potential  in  those  samples.  Also, Fig.  8b
shows  the  distribution  of  area  (in  ha)  associated  with
each sample. Based on Fig. 8b, sample a has the largest
area, followed by samples b and d, while sample c has
the smallest area. This distribution suggests that sample
a covers  a  significantly  larger  land  area,  which  may
correlate  with  a  higher  potential  for  hydrogen
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Fig. 6    Amount of produced hydrogen from 1998 to 2021.
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production  and  energy  generation.  Moreover, Fig.  8c
depicts  the  generated  electrical  energy  (in  MWh)  for
each  sample.  Sample a shows  the  highest  average
energy  generation,  while  sample c shows  the  lowest
median  value.  However,  all  samples  exhibit  similar
variability  in  terms  of  energy  generation,  indicating
that  while  overall  energy  production  differs,  energy
efficiency  remains  relatively  consistent  across  the
samples.  Finally, Fig.  8d  provides  a  more  complex
analysis  by  normalizing  the  data  of  hydrogen
production, area, and generated electrical energy.

In  order  to  develop  a  comprehensive  big  data  green
system  that  closely  mirrors  real-world  conditions,
future  work  should  prioritize  new,  robust,  and  cost-
effective  frameworks.  Utilizing  multi-UAV  systems
could be key, as they offer continuous, affordable data
collection  and  can  quickly  update  information  as
needed  for  improved  management[62, 63].  In  fact,

providing key data through the Internet of Things (IoT)
is  an  advanced  approach  to  modernizing  data-driven
systems[64].  While  multi-UAVs  can  capture  remote
telephoto  images,  some  challenges  remain  and  should
be  addressed  in  future  studies[65].  Moreover,  if  each
section  of  the  case  study  has  its  own  policymaker,
commercial aspects must be carefully considered. This
includes  ensuring  privacy  preservation,  as
policymakers  may  be  unwilling  to  share  all  critical
information[66].  Therefore,  it  is  recommended  to
leverage findings from existing research to address this
challenge effectively[67].

Future  research  should  also  focus  on  integrating
biomass-based  hydrogen  production  with  renewable
energy  sources  to  enhance  overall  system  efficiency
and  sustainability.  Investigating  advanced  storage
methods,  including  seasonal  hydrogen  storage
solutions,  and  leveraging  machine  learning  algorithms
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Fig. 8    Boxplots and normalized data comparison of hydrogen production, area, and generated electrical energy across four
samples (a, b, c, and d).
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for predictive analytics and optimization are promising
directions.  Moreover,  combining  these  efforts  with
cloud-based big data computing can provide enhanced
scalability  and  real-time  decision-making  capabilities
to  ensure  a  more  robust  and  efficient  hydrogen
production  and  distribution  framework.  Given  the
region’s  vulnerability  to  natural  hazards,  such  as
droughts  and  floods,  which  can  impact  biomass
availability and hydrogen production efficiency, future
studies  should  also  consider  mapping  high-risk  areas.
Excluding  these  areas  from  planning  can  improve  the
resilience  and  sustainability  of  biomass-based  energy
systems.

4　Conclusion

This  study  presents  significant  advancements  in
utilizing  biomass  for  hydrogen  production  through
gasification. A comprehensive framework is developed
to evaluate the regional suitability for biomass-derived
hydrogen  production  across  different  climates,  using
spatial  big  data  analysis  combined  with  fuzzy-BWM
method.  Two  different  climate  zones  in  southern  Iran
are  analyzed  to  assess  the  hydrogen  production
potential  with  the  proposed  framework.  The  fuzzy-
BWM  method  effectively  addresses  the  multi-criteria
decision-making process in determining proper weight
for  each  input  parameters.  The  study  highlights  that
spatial  assessment  combined  with  interpolation
techniques is a vital step to assess the potential of each
region.  In  the  moderate  climate,  the  highest  hydrogen
production  is  254  MJ/ha,  while  in  the  semi-arid
climate,  it  is  lower,  peaking  at  190  MJ/ha.  This
indicates  that  moderate  climates  can  yield  up  to  26%
more  hydrogen  production  compared  to  semi-arid
regions. Additionally, byproducts, such as methane, tar,
and char, can be managed and utilized beneficially.
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