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Abstract 

Fuzzy DEA is a performance measurement tool that is used to assess the performance of DMUs in highly uncertain 
environments. In this article, the Intuitionistic fuzzy DEA (IFDEA) model is proposed based on the triangular intui-
tionistic fuzzy numbers (TIFNs). The weighted Possibility mean for TIFN is used to compare and rank the TIFN. The 
weighted possibility mean approach is proposed to solve the IFDEA model, and the IFDEA model is converted into its 
equivalent crisp DEA model to assess the relative efficiencies of the DMUs. One advantage of the proposed approach 
is that the attitude of the decision-maker is considered while measuring the efficiency of the DMUs. The weight or risk 
factor δ ∈ [0, 1] indicates whether the decision-maker is a risk-taker, neutral, or adverse. The crisp DEA model is a LP 
problem that is solved by using an existing LP method with different risk factors to determine the efficiency score 
of the DMUs. The DMUs are ranked based on the overall efficiency score of the DMUs, which is the arithmetic mean 
of the efficiency scores of the DMUs with different risk factors. Two numerical examples are given here to demonstrate 
the validity and applicability of the proposed technique and to compare the performance of the DMUs in the pro-
posed approach with the exciting ranking approach and the expected value approach. A case study on the agricul-
ture sector has been conducted in order to evaluate the agricultural performance of Indian states using the IFDEA 
model. According to the results of the IFDEA model, 15 (53.57%) out of the 28 Indian states were found to be efficient.

Keywords Intuitionistic fuzzy set, Fuzzy data envelopment analysis, Possibility mean, Triangular intuitionistic fuzzy 
number, Risk factor

1 Introduction
In the real world, the data is occasionally missing, per-
plexing, ambiguous, or unclear. Probability theory is inca-
pable of dealing with erroneous and ambiguous data, but 
fuzzy sets (FS) are capable of dealing with such unclear 
and imprecise data (Zadeh 1965). However, only FS car-
ries a single membership value of ambiguous and impre-
cise information, which is insufficient in many actual 
scenarios to describe evidence of support and opposition 

together. To address this issue, the notion of an intuition-
istic fuzzy set (IFS) was developed by Atanassov (1986), 
which takes into account both the truthiness and falsity 
of each piece of information. Over the last few decades, 
researchers and practitioners have concentrated their 
attention on IFS concepts, which have been widely imple-
mented in a number of fields such as logic programming, 
medical diagnosis, pattern recognition, robotic systems, 
fuzzy topology, machine learning, and market predic-
tion, to name a few. IFS theories are frequently being 
studied in depth, and the area of their applications is 
being expanded. As a result, intuitionistic fuzzy decision-
making and intuitionistic fuzzy preference relations have 
been proven to be extremely essential. The IFSs and its 
extension sets have vast application opportunities in the 
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disciplines of multi-attribute decision making (MADM) 
and multi-attribute group decision making (MAGDM), 
but they offer numerous fascinating and difficult research 
problems (Wan and Dong 2020; Sharma et al. 2022).

To handle uncertain information in a precise way, the 
possibility theory is used as the simplest mathematical 
theory among the contemporary uncertainty theories. 
Zadeh (1978) developed the possibility theory of fuzzy 
sets, which is comparable to probability theory since it is 
dependent on a set function, and that has been expanded 
by various academicians, including Yager (1992); Klir 
(1999), and others. Carlsson and Fullér (2001) defined 
the interval-valued probability mean, crisp probability 
mean value, and variance of continuous possibility dis-
tributions. Fullér and Majlender (2003) investigated the 
weighted interval-valued possibility mean value of fuzzy 
numbers. Liu and Yuan (2007) introduced the triangu-
lar intuitionistic fuzzy set by generalizing the IFS with 
respect to TFN. The possibility mean, variance, and 
covariance of TIFNs are introduced to solve MCDM 
problems (Wan et al. 2013; Wan 2013). Recently, the con-
cept of the possibility mean, variance, and covariance of a 
generalized intuitionistic fuzzy number was proposed by 
Garai et al. (2018). The mean and variance are regarded 
as the most influential parameters in statistical analysis. 
In order to tackle real-world challenges, several academi-
cians have employed the possibility mean and variance to 
express the mathematical features of fuzzy numbers.

The DEA is an essential tool for decision makers (DMs) 
to measure the performance of the DMUs. It is a non-
parametric technique that studies the measurement of 
the efficiency score of the DMUs in the presence of mul-
tiple inputs and outputs. Charnes et al. (1978) studied the 
pioneer work (Farrell 1957) to measure the relative effi-
ciency of the DMUs and developed the first DEA model, 
called the CCR model, under the assumption of constant 
return scale. Banker et  al. (1984) developed the BCC 
model under the assumption of variable return scale. 
These two DEA models are extensively used to solve a 
variety of issues in business and economics, engineering, 
and industries including telecommunications, manufac-
turing, production, transportation, energy, finance, and 
marketing. The traditional DEA models required crisp 
inputs and outputs. But the real world usually contains 
some degree of uncertainty. Optimization under uncer-
tainty is now one of the most interesting topics, which 
may be approached from several directions (probabilis-
tic, stochastic, interval, fuzzy, etc.) and performed using 
various techniques. For the first time, Sengupta (1992) 
used fuzzy inputs and outputs in DEA to measure the 
performance of the DMUs. After that, many authors, 
researchers, and academicians presented different tech-
niques to solve fuzzy DEA models, which appeared in 

the bibiliometic review papers (Emrouznejad et al. 2014; 
Zhou and Xu 2020). Recently, Mohanta et al. (2023) pro-
posed a novel ranking approach to solve fuzzy LPP and 
fuzzy DEA models. To measure the performance of the 
DMUs in a highly uncertain environment, Gandotra 
et al. (2012) proposed the Intuitionistic fuzzy DEA model 
based on a weighted entropy approach. Hajiagha et  al. 
(2013) used a logarithmic function to convert the intui-
tionistic fuzzy CCR and BCC models into correspond-
ing crisp DEA models and evaluated the performance 
of the finance institutions. Puri and Yadav (2015) pre-
sented the optimistic and pessimistic efficiencies with 
intuitionistic fuzzy input/output data in DEA. Arya and 
Yadav (2018) proposed SBM and a super efficiency SBM 
model in the presence of intuitionistic fuzzy numbers to 
measure the efficiency of the hospitals. Fallahpour et al. 
(2016) developed an integrated DEA-artificial neural 
network (DEA-ANN) technique for supplier evaluation 
and selection. Otay et al. (2017) proposed an integrated 
IFDEA and intuitionistic fuzzy analytical hierarchy pro-
cess (IF-AHP) for solving the performance evaluation 
problem of healthcare institutions. Singh (2018) pro-
posed the intuitionistic fuzzy DEA/AR model in the pres-
ence of TIFN, and an expected value approach is used to 
solve it. Arya and Yadav (2019) proposed the intuition-
istic fuzzy data envelopment analysis (IFDEA) and dual 
IFDEA (DIFDEA) models based on α and β-cuts, and the 
index ranking approach is used to rank the DMUs. Liu 
et  al. (2019) proposed two DEA cross-efficiency models 
to get the cross-efficiency values of all alternatives and 
the priority weight vector of the intuitionistic fuzzy pref-
erence relation. Edalatpanah (2019) proposed a ranking 
approach for solving the intuitionistic fuzzy DEA model. 
Shakouri et  al. (2020) proposed the intuitionistic fuzzy 
network DEA model based on a parametric approach. 
Arya and Yadav (2020a) developed the intuitionistic fuzzy 
BCC model and intuitionistic fuzzy super efficiency BCC 
model with TIFNs input and output data and studied the 
infeasibility of IFDEA models. Arya and Yadav (2020b) 
proposed an intuitionistic FDEA model based on TIFN 
to measure the efficiencies of each DMU by using the α 
and β-cut approaches. Javaherian et al. (2021) proposed 
the fuzzy network two-stage DEA model based on the 
expected value of the Intuitionistic fuzzy inputs and out-
puts. Arteaga et al. (2021) proposed a novel method for 
solving IFDEA. Sahil et al. (2021) proposed the parabolic 
intuitionistic fuzzy DEA model based on a parametric 
approach. Rasoulzadeh et al. (2022) proposed integrated 
Markowitz and cross-DEA models to measure the effi-
ciency of the enterprises on the Tehran Stock Exchange. 
Ardakani et  al. (2022) developed the two-stage network 
DEA model in the presence of trapezoidal intuitionistic 
fuzzy inputs and outputs to evaluate the efficiency of the 
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DMUs in interval form. The given Table 1 compares the 
proposed technique with the existing techniques.

During the review of the literature, it was found that 
many authors studied different versions of the IFDEA 
model and solved them using different techniques, as 
shown in Table  1, but no one yet worked on IFDEA by 
applying the possibility mean approach. Possibility the-
ory in fuzzy set, similar to probability theory in crisp set, 
helps in effectively representing highly uncertain data 
(Zadeh 1978; Carlsson and Fullér 2001). As a result, we 
have recommended here to use the possibility mean of 
the observed Intuitionistic fuzzy input and output data 
to appropriately depict the uncertainty. This is the first 
paper in which the weighted possibility mean for TIFN 
is applied to solve the IFDEA model. The weighted pos-
sibility mean function is associated with a risk factor that 
represents the decision-maker’s risk-taking attitude. The 
main contributions to this article are

• A novel technique for solving Intuitionistic fuzzy 
DEA model is developed based on the weighted pos-
sibility mean approach, which converts it into the 
corresponding crisp DEA model.

• The efficiency scores of the DMUs are obtained by 
solving the corresponding crisp DEA model with dif-
ferent risk factors, and DMUs are categorized into 
efficient and inefficient groups based on their overall 
efficiency score.

• The proposed technique is used to measure the agri-
cultural performance of Indian states.

The weighted possibility mean approach is used to cov-
ert the IFDEA model into the equivalent crisp DEA 
model, which is nothing more than a crisp LP problem. 
Any existing LP solution approach can be used to solve 
the crisp DEA model with different risk levels, and the 
efficiency score of each DMU is evaluated. The proposed 
approach is more adaptable and efficient than previous 
methods and is useful for ranking DMUs because it gives 
the exact value of the efficiency score of the DMUs rather 
than an interval value. Two numerical examples are con-
sidered here to demonstrate its validity and applicability, 
and the results obtained with the existing techniques are 
compared. Finally, a real-life case study is taken into con-
sideration in order to assess the agricultural performance 
of Indian states by using agricultural input and output 
depicted as TIFN.

The remaining portions of this study are organized 
as follows: Sect.  2 provides an in-depth review of the 
literature on the application of DEA in the agricul-
tural sector, both at the international and national lev-
els. Section  3 presents some essential concepts of TIFS 
and the weighted possibility mean for TIFN. Section  4 
presents a framework for the intuitionistic fuzzy DEA 
model and its step-wise solution technique. Section  5 
presents two numerical examples to show the existence 

Table 1 Development of Intuitionistic Fuzzy DEA Models

Authors Concept Data Models Application

 Gandotra et al. (2012) Weighted entropy approach SVTIFS CCR Model Supplier selection

 Hajiagha et al. (2013) Logarithm approach IFN CCR and BCC Model Finance and credit institution

 Puri and Yadav (2015) Expected value approach TIFN CCR Model Banking sector in India

 Otay et al. (2017) MCDM approach TIFN Hybrid AHP-DEA Model Healthcare institutions

 Singh (2018) Expected value approach TIFN DEA/AR model Manufacturing System

 Arya and Yadav (2018) α,β-cut approach TIFN SBM Model Health care sector

 Liu et al. (2019) MCDM approach IFPR CCR cross-efficiency supply chain industry

 Arya and Yadav (2019) α,β-cut approach TIFN CCR & Dual CCR Model Health care sector

 Edalatpanah (2019) Ranking approach TIFN CCR Model Numerical Example

 Arya and Yadav (2020a) Expected Value approach TIFN BCC & Supper BCC models Health sector

 Arya and Yadav (2020b) α,β-cut approach TIFN CCR model Health sector

 Shakouri et al. (2020) Parametric Approach TrIFN Network DEA Model Health sector

 Davoudabadi et al. (2021) MCDM approach IFN CCR Model Energy sector

 Arteaga et al. (2021) Alphabetical technique TIFN CCR Model Numerical Example

 Javaherian et al. (2021) Expected value TIFN Two Stage Network DEA Model Numerical Example

 Sahil et al. (2021) α,β-cut approach PIFN CCR Model Existing Example

 Rasoulzadeh et al. (2022) Expected value approach TrIFN Hybrid Markowitz-Cross-efficiency 
DEA Model

Portfolio Section

 Ardakani et al. (2022) α,β-cut approach TrIFN Two Stage Network DEA Model Numerical Example

Proposed Work Possibility mean approach TIFN CCR Model Agricultural Sector
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and applicability of the proposed technique, and the effi-
ciency scores of the DMUs in the proposed approach are 
compared with the existing approach. Section 6 presents 
an application to measure the state-wise agricultural per-
formance in India. Finally, Sect. 7 focuses on the conclu-
sion and the direction of future studies.

2  DEA in agriculture: a literature review
Data Envelopment Analysis (DEA) is widely recognized 
as a prominent benchmarking method used for assess-
ing performance in many industries and sectors (Liu 
et  al. 2013; Sueyoshi et  al. 2017; Mohanta et  al. 2021; 
Kaffash et  al. 2020; Camanho et  al. 2023). Its versatil-
ity and effectiveness have contributed to its popularity 
among researchers and practitioners. Moreover, it has 
been shown that the use of DEA enables organizations to 
effectively identify specific areas within their operations 
that may be optimized, resulting in cost reduction and 
increased productivity. The use of the DEA and associated 
methodologies are employed by several researchers to 
assess agricultural efficiency and productivity in various 
regions. Here, we have conducted a comprehensive study 
of worldwide literature related to the analysis of agricul-
tural performance. Aldaz and Millán (2003) proposed 
a new procedure for the measurement of efficiency and 
technical efficiency change by using DEA with full panel 
data of Spanish regional agriculture sectors. Balcombe 
et al. (2008) examined the sources of technical efficiency 
for rice farming in Bangladesh by using double bootstrap 
DEA model. Chiu et al. (2011) developed a modified two-
stage DEA model based on the model to evaluate China’s 
agricultural efficiency and repaired efficiency. Adhikari 
and Bjorndal (2012) measured the technical inefficiency 
in Nepalese agriculture by using the DEA and SFA model. 
Moreira et  al. (2011) performed production efficiency 
analysis for the 40 countries with largest value added by 
agricultural sector in 2005. Zamanian et al. (2013) inves-
tigated the levels of technical efficiency in agricultural 
sector of MENA countries by using DEA and Stochas-
tic Frontier Analysis approaches in 2007–2008. Liu et al. 
(2015) applied DEA model to investigate the degree of 
efficiency and efficiency change of prefecture-level cities 
in the North-East China from 2000 to 2012. Assessment 
and selection of optimal schemes of agricultural indus-
trial structure using DEA model gave a greater and bet-
ter insight of agricultural industrial structure and was 
the first of such researches in Pakistan (Ahmad and Jun 
2015). Nowak et  al. (2015) used DEA for the measure-
ment of the technical efficiency of agriculture in the 27 
European Union (EU) countries in 2010. Kočišová (2015) 
investigated the relative technical efficiency of the agricul-
tural sector in the European Union using the DEA during 
the period 2007–2011. Toma et al. (2015) applied DEA at 

regional level of 36 counties to analyze the performance 
of agriculture practiced in plain, hill and mountain areas. 
Atici and Podinovski (2015) measured the efficiency of the 
agricultural farms in different regions of Turkey by using 
DEA. An examination of the applicability of DEA method 
is used to measure the agriculture sectors efficiency of EU 
Country (Laurinavičius and Rimkuvienė 2017). Li et  al. 
(2018) developed indices for the overall technical effi-
ciency (OTE) and energy-saving target ratio (ESTR) using 
DEA to calculate the relative efficiency and energy-sav-
ing potential of 30 provinces in China from 1997–2014. 
Kocisova et  al. (2018) examined the relative efficiency 
of agriculture in the European Union using SBM-DEA 
for the period 2005–2015. Horvat et al. (2019) examined 
the relative technical efficiency of agricultural produc-
tion in 25 Serbian districts using two-stage data envelop-
ment analysis. Wan and Zhou (2021) measures the total 
factor productivity (TFP) of agricultural management 
as well as technological change (TC) and technical effi-
ciency change (EC) based on the Malmquist-DEA Mod-
eling and drawing on the data from 12 cities in Hubei, a 
central province of China. Hsu et  al. (2023) applied the 
dynamic slacks-based measure (DSBM) and the total-
factor agricultural efficiency (TFAE) to explore the over-
all agricultural production efficiency of 30 administrative 
regions and the eastern, central, and western regions of 
China from 2012 to 2016. Atici et al. (2018) measured the 
agricultural productivity change of 34 OECD countries 
between years 1990 and 2014 by using DEA and MPI in 
the presence of Fuzzy agricultural data. Aye et al. (2018) 
measured the efficiency of agricultural production in 
South Africa from 1970 to 2014, using an integrated two-
stage fuzzy approach. Nastis et al. (2019) proposed a novel 
estimation technique for solving fuzzy DEA and which is 
used to measure the organic farm efficiency of EU agricul-
tural systems. Mardani and Salarpour (2015) used fuzzy 
DEA model to analyze the technical and scale efficiency of 
potato production in 23 Iranian provinces. Oukil (2023) 
presented a new application of inverse DEA for strategic 
decision making: mergers & acquisitions (M &A) in the 
agricultural sector. Recently, Kyrgiakos et al. (2023) did a 
literature study of 120 research papers that were all about 
how DEA could be used in agriculture, with a focus on 
sustainability. The results made it clear that the way data 
is collected needs to be more organised. This method 
should include a lot of different kinds of farming data, 
such as both quantitative and qualitative that have been 
neatly organized. A suggestion was also made to look into 
how the DEA method could be combined with data from 
GIS sources to make the whole study better.

Agriculture is the backbone of any third-world or devel-
oping country. Particularly to mitigate the demand of a 
large population in India, agriculture has played a vital 
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role in food consumption. The concept of agriculture is 
based on the art and science of cultivating soil, raising 
crops, rearing animals, and fishing. After independence, 
in the first Five-Year Plan (FYP), the Indian government 
laid the foundation for development in the agricultural 
sector. The Planning Commission of India brought some 
policies for the reformation and development of Indian 
agriculture, primarily to enhance productivity (for exam-
ple, the abolition of mahalwary and ryotwari and the 
implementation of land-celling). In the 1960s, the Green 
Revolution set a benchmark to prioritise the raising of 
some single crops like wheat and rice. The Indian gov-
ernment is now concerned about increasing food output 
to meet the needs of the world’s second-most populous 
country, with 1.3 billion people. The government is also 
encouraging farmers to practice organic farming. In 2020, 
the ’Self-Sufficient India’ mission India has taken the 
first step towards a major agricultural revolution, which 
aims to increase local food self-sufficiency in a sustain-
able manner in order to mitigate food crises. Agriculture 
is essential for the growth of the Indian economy, as the 
activities of employees in agriculture and related sectors 
account for 54.6% of the overall workforce. Subsidies for 
fertiliser and electricity were implemented to boost eco-
nomic growth, enhance food security, extend access to 
these resources, and lower irrigation costs. Indeed, statis-
tics show that agricultural subsidies have helped achieve 
some of these goals. The non-food part of agriculture is 
critical to the growth of numerous industries, including 
textile, food processing, and agro-based industries. Many 
authors investigated the Indian agricultural industry and 
measured its performance, efficiency, and productivity 
over different time periods. The DEA model was used to 
assess the allocative and technical efficiency of 300 wheat 
farms in Punjab (Jha et  al. 2000) and the technical and 
scale efficiencies of tomato-producing farms in Karna-
taka with various output levels (Murthy et al. 2009). Ray 
and Ghose (2014) measured the technical efficiency of 
the agriculture sector of India in the years after the Green 
Revolution. Mathur and Ramnath (2018) examined the 
efficiency in food grain production in India for the period 

1960–61 to 2013–14 using DEA and SFA. The DEA model 
was used to analyse the efficiency of all farms, and the RF 
approach was utilised to explore the factors important in 
predicting farm performance (Nandy and Singh 2020b). 

Again, Nandy and Singh (2020a) used a hybrid fuzzy DEA 
and machine learning algorithm to measure the efficiency 
of paddy producers in eastern India. Chaubey et al. (2023) 
measured the agricultural performances of Indian states 
using a non-parametric approach. Malmquist-DEA was 
used to measure the agricultural productivity and effi-
ciency of Indian States (RL and Mishra 2022; Chaubey 
et al. 2022). However, there is a limited amount of litera-
ture in which the fuzzy DEA model is employed in agri-
culture. Furthermore, we could not find any research 
that employed an extended fuzzy set to effectively rep-
resent uncertainty and was used to measure agricultural 
performance.

3  Preliminaries
This section studies the preliminary results of IFS and 
develop the IFDEA model for evaluation performance of 
the DMUs.

Definition 1 (Zadeh 1965) The fuzzy set (FS) F̂  in � is 
defined as

where the function µF : � → [0, 1] is the membership 
grade.

Definition 2 (Atanassov 1986) The Intuitionistic fuzzy 
set (IFS) Î in � is defined as

where the functions µI , νI : � → [0, 1] are the mem-
bership and non membership grades and defined as 
0 ≤ µI + νI ≤ 1.

Definition 3 (Li 2010) Triangular intuitionistic fuzzy 
number (TIFN) is denoted by A = �aL, aM , aU ;φa,ψa�, 
where the two membership functions for the truth, and 
falsity of x is defined as follows:

where 0 ≤ T(x)+ F(x) ≤ 1, x ∈ R. Graphically it is rep-
resented in Fig. 1.

(1)F̂ = {�x,µF � : x ∈ �}

(2)Î = {�x,µI , νI � : x ∈ �}

T(x) =





x − aL

aM − aL
φa, aL ≤ x ≤ aM

φa, x = aM

aU − x

aU − aM
φa, aM ≤ x ≤ aU

0, otherwise

F(x) =





aM − x + ψa(x − aL)

aM − aL
, aL ≤ x ≤ aM

ψa, x = aM

x − aM + ψa(a
U − x)

aU − aM
, aM ≤ x ≤ aU

1, otherwise
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Definition 4 (Li 2010) Suppose Â1 = �aL
1
, aM

1
, aU

1
;φa1 ,ψa1

� 
and Â2 = �aL2, a

M
2 , aU2 ;φa2 ,ψa2� are the two TIFNs. The 

arithmetic relations are defined as 

1. Â1 ⊕ Â2 = �aL
1
+ a

L
2
, aM

1
+ a

M

2
, aU

1
+ a

U

2
;φa1 ∧ φa2 ,

ψa1
∨ ψa2

�.

2. Â1 − Â2 = �aL
1
− a

U

2
, aM

1
− a

M

2
, aU

1
− a

L
2
;φa1 ∧ φa2 ,

ψa1
∨ ψa2

�.

3. Â1 ⊗ Â2 = �aL
1
a
L
2
, aM

1
a
M

2
, aU

1
a
U

2
;φa1 ∧ φa2 ,ψa1

∨ ψa2
�.

4. �Â1 =

{
��aL1, �a

M
1 , �aU1 ;φa1 ,ψa1�, � > 0

��aU1 , �a
M
1 , �aL1;φa1 ,ψa1�, � < 0

 where 

a ∧ b = min(a, b) and a ∨ b = max(a, b).

Definition 5 (Li 2010) The α and β−cut for a TIFN 
Â = �aL, aM , aU ;φa,ψa�, can be defined as

where 0 ≤ α ≤ φa and ψa ≤ β ≤ 1.

Using Definition 4 and Eq.  (3), the lower limits ÂL(α) 
and ÂL(β) and upper limits ÂU (α) and ÂU (β) of α and β
-level cut for TIFN are defined as

then

(3)Â(α,β)
= {a : φa ≥ α,ψa ≤ β},

Âα = [ÂL(α), ÂU (α)] =

[
aL + α(

aM − aL

φa
), aU − α(

aU − aM

φa
)

]
,

Âβ = [ÂL(β), ÂU (β)] =

[
(β − ψa)a

L + (1− β)aM

1− ψa
,
(β − ψa)a

U + (1− β)aM

1− ψa

]
,

(4)Â(α,β)
= (Âα , Âβ).

Definition 6 (Wan et al. 2013) Let Â = �aL, aMa
U ;φa,ψa�, 

be a TIFN. 

1. The possibility mean of truth membership function 
for Â is defined as follows: 

 where 

 and 

2. The possibility mean of falsity membership function 
for Â is defined as follows: 

 where 

 and 

Definition 7 (Wan 2013) Let Â = �aL, aM , aU ;φa,ψa�, 
be a TIFNs, the weighted possibility means of truth and 

falsity degree can be defined as

(5)M(Âα) =
mL(Âα)+mU (Âα)

2

mL(Âα) = 2

∫
φa

0
Pos[Â ≤ ÂL(α)]ÂL(α)dα =

aL + 2aM

3
φ
2
a

mU (Âα) = 2

∫
φa

0
Pos[Â ≥ ÂU (α)]ÂU (α)dα =

aU + 2aM

3
φ
2
a

(6)M(Âγ ) =
mL(Âγ )+mU (Âγ )

2

mL(Âβ) = 2

∫ 1

ψa

Pos[Â ≤ ÂL(β)]ÂL(β)dβ

= (aM − ψaa
L
)(1+ ψa)−

2(aM − aL)

3
(1+ ψa + ψ

2
a )

mU (Âβ) = 2

∫ 1

ψa

Pos[Â ≥ ÂU (β)]ÂU (β)dβ

= (aM − ψaa
U
)(1+ ψa)+

2(aU − aM)

3
(1+ ψa + ψ

2
a )

(7)K̃(Â) = δ M(Âα)+ (1− δ)M(Âβ)

Fig. 1 The truth and falsity membership grade for TIFNs
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and δ ∈ [0, 1] reflects the attitude of the decision maker 
towards the risk. 

1. δ ∈ [0, 0.5) shows that the expert is a risk taker who 
prefers uncertainty.

2. δ = 0.5 shows that the expert’s decision on the 
parameter selection is neutral.

3. δ ∈ (0.5, 1] shows that the expert’s sensitivity to tak-
ing risks while making a decision.

That implies

(8)�K(�A) = δ

�aL + 4aM + aU

6

�
φ
2
a + (1− δ)




2[aL + aM + aU ] − [aL − 2aM + aU ]ψa

−[aL + 4aM + aU ]ψ2
a

6




Example 3.1
If Â = a be any real number, then it can be written in TIFN 
form Â = �a, a, a; 1, 0� then K̃(Â) = δa+ (1− δ)a = a.

Definition 8 Suppose Â1 and Â2 be two TIFNs, then 
the following are satisfy 

1. Â1 � Â2 if and only if K̃(Â1) ≤ K̃(Â2),

2. Â1 ≺ Â2 if and only if K̃(Â1) < K̃(Â2),

3. Â1 ≈ Â2 if and only if K̃(Â1) = K̃(Â2),

where K̃(.) is the weighted possibility mean.

Theorem  1 Let us consider Âi = �aLi , a
M
i , aUi ;φai ,ψai � 

be n TIFNs and �i ∈ R . Then the possibility mean of the 
aggregation of the following expression can be defined as

 Proof

then from Definition 7, we have

(9)

K̃

( n∑

i=1

�iÂi

)
=

n∑

i=1

[
δ

(aLi + 4aMi + aUi
6

)( n∧

i=1

φai

)2

+ (1− δ)

(
2
[
aLi + aMi + aUi

]
−

[
aLi − 2aMi + aUi

](∨n
i=1 ψai

)

−

[
aLi + 4aMi + aUi

](∨n
i=1 ψai

)2

6

)]
�i

n∑

i=1

�iÂi = �

n∑

i=1

�ia
L
i ,

n∑

i=1

�ia
M
i ,

n∑

i=1

�ia
U
i ;

n∧

i=1

φai ,

n∨

i=1

ψai

〉

�K
� n�

i=1

�i
�Ai

�
= δ

��n
i=1 �ia

L
i + 4

�n
i=1 �ia

M
i +

�n
i=1 �ia

U
i

6

�� n�

i=1

φai

�2

+ (1− δ)




2
��n

i=1 �ia
L
i +

�n
i=1 �ia

M
i +

�n
i=1 �ia

U
i

�

−

��n
i=1 �ia

L
i − 2

�n
i=1 �ia

M
i +

�n
i=1 �ia

U
i

���n
i=1 ψai

�

−

��n
i=1 �ia

L
i + 4

�n
i=1 �ia

M
i +

�n
i=1 �ia

U
i

���n
i=1 ψai

�2

6
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that implies

 

 �

4  Development of intuitionistic fuzzy data 
envelopment analysis (IFDEA) model

Suppose that there are n DMUs each having m inputs 
and r outputs as represented by the vectors I ∈ Rm and 
O ∈ Rr , respectively. We define the input matrix I as 
I = [I1, · · · , Im] ∈ Rm×n, and the output matrix O as 
O = [O1, · · · ,Or] ∈ R

r×n, Ii ∈ R
m, ∀ i = 1, 2, · · · ,

m, Ok ∈ R
r , ∀ k = 1, 2, 3, · · · , r and assume that I > 0 

and O > 0.Charnes et  al. (1978) developed this model 
for measuring the efficiency of DMUo i.e.

which is equivalent to the linear program ( LPo ), i.e.

�K
� n�

i=1

�i
�Ai

�
=

n�

i=1

�
δ

�aLi + 4aMi + aUi
6

�� n�

i=1

φai

�2

+(1− δ)




2
�
aLi + aMi + aUi

�
−

�
aLi − 2aMi + aUi

���n
i=1 ψai

�

−

�
aLi + 4aMi + aUi

���n
i=1 ψai

�2

6




�
�i.

(10)

max
u,v

θ =

∑r
k=1 ukOko∑m
i=1 viIio

,

subject to

∑r
k=1 ukOkj∑m
i=1 viIij

≤ 1, j = 1, 2, · · · n,

and uk ≥ 0, k = 1, 2, · · · , r,

vi ≥ 0, i = 1, 2, · · · ,m,

(11)

max
u,v

θ =

r∑

k=1

ukOko,

subject to

m∑

i=1

viIio = 1,

r∑

k=1

ukOkj ≤

m∑

i=1

viIij , j = 1, 2, · · · n,

and uk ≥ 0, k = 1, 2, · · · , r,

vi ≥ 0, i = 1, 2, · · · ,m,

which is called the traditional DEA model or CCR model. 
The performance of DMUs may be incorrectly evaluated 

because the observational data for the given model is 
faulty, imprecise, or confusing. Furthermore, if the per-
formance of a DMU is the best, then it will behave as a 
shaky reference unit for the other inefficient DMUs. A 
robust method is required to deal with this type of situa-
tion, utilising IFS theory. The following steps are followed 
to develop the IFDEA model by using TIFN as an input–
output parameter, and the solution technique is also pro-
vided below. 

Step 1: Assuming inputs and outputs are TIFNs while 
the variables ur and vi are real numbers. Thus, the 
intuitionistic fuzzy DEA (IFDEA) model will be writ-
ten as follows: 

 where Îij = �ILij , I
M
ij , I

U
ij ,φIij ,ψIij � and 

Ôkj = �OL
kj ,O

M
kj ,O

U
kj ,φOkj

,ψOkj
� , for 

i = 1, 2, 3, · · · , n, j = 1, 2, 3, · · · ,m and 
k = 1, 2, 3, · · · , r . That is 

(12)

max
u,v

θ =

r∑

k=1

ukÔko,

subject to

m∑

i=1

viÎio = 1̂,

r∑

k=1

ukÔkj ≤

m∑

i=1

vi, Îij , j = 1, 2, · · · n,

and uk ≥ 0, k = 1, 2, · · · , r,

vi ≥ 0, i = 1, 2, · · · ,m,
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Step 2: Applying possibility mean in the above Eq.  (13), 
we have 

(13)

max
u,v

θ =

r∑

k=1

uk�O
L
ko,O

M
ko ,O

U
ko,φOko

,ψOko
�,

subject to

m∑

i=1

vi�I
L
io, I

M
io , I

U
io ,φIio ,ψIio� = �1, 1, 1; 1, 0�,

r∑

k=1

uk�O
L
kj ,O

M
kj ,O

U
kj ,φOkj

,ψOkj
�

≤

m∑

i=1

vi�I
L
ij , I

M
ij , I

U
ij ,φIij ,ψIij �, j = 1, 2, · · · n,

and uk ≥ 0, k = 1, 2, · · · , r,

vi ≥ 0, i = 1, 2, · · · ,m,

 Now from Theorem 1, we have 

 which is the corresponding crisp DEA model.

(14)

max
u,v

θ = K̃

( r∑

k=1

uk�O
L
ko,O

M
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U
ko,φOko
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�
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M
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M
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U
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)
, j = 1, 2, · · · n,

and uk ≥ 0, k = 1, 2, · · · , r,

vi ≥ 0, i = 1, 2, · · · ,m,

max
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θ =
1
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�
vi,
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and uk ≥ 0, k = 1, 2, · · · , r, vi ≥ 0, i = 1, 2, · · · ,m,
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Fig. 2 Flowchart for solving intuitionistic fuzzy DEA model
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Step 3: Solve this crisp DEA model and find the optimal 
solution θ∗ for each δ ∈ [0, 1] , which represents the 
attitude of the DM regarding the risk. 

(a) δ ∈ [0, 0.5) shows that the expert is a risk taker 
who prefers uncertainty.

(b) δ = 0.5 shows that the expert’s decision on the 
parameter selection is neutral.

(c) δ ∈ (0.5, 1] shows that the expert’s sensitivity to 
taking risks while making a decision.

Step 4: The performances of DMUs are evaluated and 
ranked based on the efficiency score obtained for 
each DMU with a risk factor. The overall efficiency 
scores are considered by taking the arithmetic mean 
of the efficiency scores of the DMUs with different 
risk factors.

The solution technique of the IFDEA model is repre-
sented by the flowchart in Fig. 2.

Table 2 The TIFN input–output data used by Edalatpanah (2019)

DMU I1 I2 O1 O2

D1 �3.5, 4, 4.5; 0.7, 0.3� �1.9, 2.1, 2.3; 0.4, 0.5� �2.4, 2.6, 2.8; 0.9, 0.1� �3.8, 4.1, 4.4; 0.8, 0.1�

D2 �2.9, 2.9, 2.9; 0.6, 0.2� �1.4, 1.5, 1.6; 0.8, 0.1� �2.2, 2.2, 2.2; 0.9, 0.0� �3.3, 3.5, 3.7; 1.0, 0.0�

D3 �4.4, 4.9, 5.4; 0.6, 0.1� �2.2, 2.6, 3.0; 0.7, 0.2� �2.7, 3.2, 3.7; 0.7, 0.2� �4.3, 5.1, 5.9; 0.7, 0.1�

D4 �3.4, 4.1, 4.8; 0.4, 0.2� �2.2, 2.3, 2.4; 1.0, 0.0� �2.5, 2.9, 3.3; 0.7, 0.1� �5.5, 5.7, 5.9; 0.4, 0.1�

D5 �5.9, 6.5, 7.1; 0.7, 0.3� �3.6, 4.1, 4.6; 0.9, 0.1� �4.4, 5.1, 5.8; 0.8, 0.2� �6.5, 7.4, 8.3; 0.5, 0.2�

Table 3 The efficiency score of the DMUs

DMU Proposed approach Ranking approach

δ = 0 δ = 0.25 δ = 0.5 δ = 0.75 δ = 1 Overall ES Rank ES Rank

D1 1.000 1.000 1.000 1.000 1.000 1.000 1 1.000 1

D2 0.9431 0.9382 0.9149 0.8494 0.6723 0.86358 2 0.8587 2

D3 0.767 0.7051 0.6227 0.5113 0.3455 0.59032 4 0.5760 5

D4 1.000 0.9323 0.7775 0.5852 0.3391 0.72682 3 0.7779 3

D5 0.9647 0.7833 0.5824 0.3666 0.154 0.5702 5 0.5934 4

Fig. 3 Efficiency score changes with risk factor
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Theorem  2 The DEA model given in Eq.  (11) and the 
IFDEA model in Eq. (13) are equivalent.

Proof   When the aggregation operator and possibility 
mean approach is applied as shown in Step 2 of Sect. 4, 
it is easy to see that optimum feasible solution of every 
IFDEA model is also an optimum feasible solution for 
the DEA model, and vice versa.  �
Definition 9 A DMU is said to be efficient if its effi-
ciency score 1; Otherwise, It is inefficient.

5  Numerical examples
There are two numerical examples that have been con-
sidered to demonstrate the applicability and validity of 
the proposed solution techniques and compared with the 
existing results.

 Example 5.1

(Edalatpanah 2019)

This numerical example, given by Edalatpanah (2019), is 
taken into consideration to interpret the applicability and 
viability of the suggested method. It contains five DMUs, 
with two inputs and two outputs for each of them. These 
inputs and outputs are represented by TIFNs, as depicted 
in Table 2.

Using the suggested approach, the intuitionistic 
fuzzy DEA model is converted into the correspond-
ing crisp DEA model. MATLAB 2021 software is used 

Fig. 4 Comparison with Edalatpanah ranking approach

Table 4 The TIFN input–output data used by Puri and Yadav (2015)

DMU Input 1 Input 2 Output 1 Output 2

D1 (17, 20, 23; 15, 20, 25) (148, 151, 153; 145, 151, 154) (97, 100, 103; 95, 100, 105) (86, 90, 95; 84, 90, 97)

D2 (15, 19, 22; 12, 19, 26) (129, 131, 134; 127, 131, 136) (148, 150, 151; 146, 150, 153) (48, 50, 53; 45, 50, 55)

D3 (22, 25, 28; 20, 25, 30) (158, 160, 163; 154, 160, 165) (157, 160, 163; 154, 160, 165) (53, 55, 57; 50, 55, 59)

D4 (23, 27, 29; 22, 27, 33) (165, 168, 170; 163, 168, 172) (178, 180, 183; 176, 180, 185) (70, 72, 74; 67, 72, 75)

D5 (20, 22, 25; 18, 22, 27) (155, 158, 161; 153, 158, 163) (91, 94, 97; 89, 94, 99) (62, 66, 68; 60, 66, 71)

D6 (51, 55, 58; 49, 55, 60) (252, 255, 258; 250, 255, 260) (228, 230, 231; 226, 230, 232) (87, 90, 93; 85, 90, 95)

D7 (31, 33, 36; 29, 33, 39) (233, 235, 236; 230, 235, 238) (217, 220, 223; 215, 220, 225) (83, 88, 92; 81, 88, 95)

D8 (29, 31, 34; 27, 31, 36) (202, 206, 208; 200, 206, 210) (150, 152, 154; 148, 152, 155) (78, 80, 83; 76, 80, 84)

D9 (27, 30, 32; 24, 30, 35) (241, 244, 246; 238, 244, 248) (187, 190, 194; 183, 190, 196) (97, 100, 102; 94, 100, 104)

D10 (47, 50, 54; 44, 50, 55) (262, 268, 271; 260, 268, 273) (246, 250, 253; 244, 250, 255) (97, 100, 104; 95, 100, 105)

D11 (51, 53, 55;48, 53, 57) (302, 306, 308; 300, 306, 309) (258, 260, 261; 256, 260, 262) (142, 147, 149; 140, 147, 152)

D12 (34, 38, 40; 32, 38, 41) (281, 284, 286; 280, 284, 287) (248, 250, 256; 243, 250, 258) (119, 120, 123; 117, 120, 125)

Table 5 Efficiency Score of the DMUs and Ranking

DMUs Proposed Approach Expected Value Approach

Overall 
efficiency 
score

Rank Efficiency score Super 
efficiency 
score

Rank

D1 0.62604 7 1 1.4480 1

D2 1 1 1 1.1806 2

D3 0.80132 5 0.9243 0.9243 8

D4 0.85166 2 1 1.0267 4

D5 0.52898 11 0.7726 0.7726 12

D6 0.52542 12 0.8394 0.8394 10

D7 0.82846 4 0.9502 0.9502 7

D8 0.609 10 0.8151 0.8151 11

D9 0.8007 6 0.9830 0.9830 5

D10 0.62232 8 0.8770 0.8770 9

D11 0.61362 9 0.9623 0.9623 6

D12 0.83808 3 1 1.1106 3
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to evaluate the relative efficiency scores of the DMUs 
by solving the corresponding crisp DEA model. The 
performances of the DMUs are evaluated with dif-
ferent risk factors based on the efficiency score (see 
Table  3). It is observed that the efficiency score of the 
DMUs decreases with an increase in the risk factor. 
When δ = 0 , the DMUs D1 and D4 are efficient and 
other DMUs are inefficient, and we rank them based on 
their efficiency score, i.e., D1 = D4 > D5 > D2 > D3 . 
When δ ranges from 0.25 to 0.75, the DMU D1 is effi-
cient and other DMUs are inefficient, and we rank 
them as D1 > D2 > D4 > D5 > D3 . When δ = 1 , the 
DMU D1 is efficient and other DMUs are inefficient, 
and we rank them as D1 > D2 > D3 > D4 > D5 . The 

Fig. 5 Comparison with Puri and Yadav expected value approach

Table 6 About the input and output variable

Variable Type Description

Irrigated Area Input Total Irrigated Area in thousand hectares

Workers Input Total number of Worker available for agriculture

Cold Storage Input Total number of Cold Storage available in state

Fertilizer Input Consumption of Fertilizer (N+P+K) in Kg. 
per hectare

Food Grain Output Total Production of food grain in thousand 
tonnes

Vegetable Output Total Production of vegetables in thousand 
tonnes

Fruits Output Total Production of Fruits in thousand tonnes

Oil-seeds Output Total Production of Oil-seeds in thousand 
tonnes

Table 7 Statistical analysis of the input and output data

Variable Minimum Maximum Mean Standard deviation Median Skewness Kurtosis

Irrigated Area 15 21681 3725.214286 4992.435369 1660.5 2.0775 5.2606

Workers 1417 2209217 453067.2857 543626.7708 247446.5 1.8038 3.3110

Cold Storage 2100 14834695 1354854.107 2954404.311 403529 3.9186 8 17.004

Fertilizer 0 246.71 104.0896429 76.01177129 95.445 0.2490 -1.211

Food Grain 80.7 58106.9 11086.47857 13154.43873 8599.7 1.9721 5.0113

Vegetable 17.4 29934.9 7289.103571 8615.110317 3751.8 1.4787 1.3623

Fruits 50.8 19599.5 3820.732143 4673.428126 2239.25 1.8987 3.7862

Oil-Seeds 0.3 7984.6 1283.592857 2355.254117 129.6 2.0672 2.8831
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overall efficiency scores of the DMUs are calculated by 
taking the arithmetic mean of the efficiency scores of 
the DMUs with different risk factors and ranking them 
as D1 > D2 > D4 > D5 > D3 . How the efficiency score 
changes with different risk factors is shown in Fig. 3.

The overall efficiency score of the DMU is obtained by 
using the proposed approach and is compared with the 
existing ranking approach (Edalatpanah 2019) as shown 
in Fig.  4 and Table  3. We have found the overall effi-
ciency scores of the DMUs are similar to the existing 
ranking approach. But the results obtained with differ-
ent risk factors are different from the existing ranking 
approach. The main advantage of the proposed prob-
ability mean approach is that it compares the perfor-
mance of the DMUs with the risk-taking attitude of the 
decision-maker. Thus, our proposed approach for solving 

the IFDEA model has been implemented as a success-
ful, robust technique and has the capability of completely 
ranking the DMUs.

Example 5.2

(Puri and Yadav 2015)

This numerical example, given by Puri and Yadav (2015), 
is taken into consideration to interpret the applicabil-
ity and viability of the suggested method. It contains 
twelve DMUs, with two inputs and two outputs for each 
of these. These inputs and outputs are represented by 
TIFNs, as depicted in Table 4. If the TIFN is in the form 

Table 8 The efficiency score of the Indian States with different risk level

States δ = 0 δ = 0.25 δ = 0.5 δ = 0.75 δ = 1 Overall ES Type

Andhra Pradesh 1 1 1 1 1 1 Efficient

Arunachal Pradesh 1 1 1 1 1 1 Efficient

Assam 1 1 1 1 1 1 Efficient

Bihar 1 1 1 1 1 1 Efficient

Chhattisgarh 0.6707 0.6046 0.5219 0.4161 0.2737 0.4974 Inefficient

Gujarat 0.7701 0.7751 0.7825 0.7942 0.8159 0.78756 Inefficient

Haryana 0.6044 0.6387 0.6867 0.7612 0.9127 0.72074 Inefficient

Himachal Pradesh 0.5465 0.4949 0.4279 0.3376 0.2097 0.40332 Inefficient

Jammu and Kashmir 0.6195 0.579 0.5241 0.4393 0.3082 0.49402 Inefficient

Jharkhand 1 1 1 1 1 1 Efficient

Karnataka 0.7316 0.7112 0.6831 0.6421 0.5765 0.6689 Inefficient

Kerala 1 1 1 1 1 1 Efficient

Madhya Pradesh 1 1 1 1 1 1 Efficient

Maharashtra 1 1 1 1 1 1 Efficient

Manipur 1 1 1 1 1 1 Efficient

Meghalaya 0.8853 0.7658 0.6277 0.4684 0.2877 0.60698 Inefficient

Mizoram 1 1 1 1 1 1 Efficient

Nagaland 1 1 1 1 1 1 Efficient

Odisha 1 1 1 0.9881 0.74 0.94562 Inefficient

Punjab 0.8096 0.8267 0.8492 0.8844 0.9618 0.86634 Inefficient

Rajasthan 1 1 1 1 1 1 Efficient

Sikkim 1 1 1 1 1 1 Efficient

Tamil Nadu 0.648 0.6339 0.6135 0.5801 0.5144 0.59798 Inefficient

Telangana 0.7123 0.7129 0.7145 0.7101 0.693 0.70856 Inefficient

Tripura 1 1 1 1 1 1 Efficient

Uttar Pradesh 1 1 1 1 1 1 Efficient

Uttarakhand 0.3453 0.3558 0.3676 0.3787 0.3796 0.3654 Inefficient

West Bengal 1 1 1 0.9266 0.6791 0.92114 Inefficient

Average 0.8694 0.8607 0.845 0.833 0.798 0.842
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of Â = (a1, a2, a3; a′1, a2, a
′
3) , then the weighted possibil-

ity mean for Â defined in (8), will be

and also K̃(�Â) = �K̃(Â).

(15)
K̃(Â) = δ(

a1 + 4a2 + a3

6
)+ (1− δ)(

a′1 + a2 + a′3
3

)

The weighted possibility mean function (K̃) defined in 
Eq.  (15), is employed in the preceding steps of Sect.  4 
to transform the IFDEA model into the equivalent 
crisp DEA model. Similar to Example 5.1, the arith-
metic mean of the ES of DMUs with different risk fac-
tors (δ ∈ [0, 1]) is used to compute the overall ES of 
each DMU. The DMUs are completely ranked based 
on the overall ES of the DMUs, as shown in Table 5. In 
the possibility mean approach, the DMUs are ranked as 
D2 > D4 > D12 > D7 > D3 > D9 > D1 > D10 > D11

> D8 > D5 > D6. The expected value approach is used 
by Puri and Yadav (2015) to evaluate the efficiency score 
(ES) of the DMUs and completely rank the DMUs based 
on the Supper efficiency score, as shown in Table 5. Fig-
ure  5 illustrates a comparison between the ES of the 
DMUs obtained by using the proposed approach and the 
expected value approach. The DMUs D1,  D2,  D4,   and 
D12 are efficient in the expected value approach; how-
ever, only D2 is efficient in the proposed approach.

The observed input and output data in the real-world 
performance assessment problem are occasionally miss-
ing, unclear or partial, which causes the efficiency score 
to be erroneous. The fuzzy set is insufficient to effectively 
manage this kind of data and represent the ambiguity. 
Therefore, in uncertain data analysis, the Intuitionistic 
fuzzy set concept has benefits over fuzzy sets. TIFNs 

Fig. 6 Efficiency score of the inefficient States changes with risk factor

Table 9 Efficiency score of the Indian state using traditional DEA 
model

State Efficiency score State Efficiency score

Andhra Pradesh 1 Manipur 1

Arunachal Pradesh 1 Meghalaya 1

Assam 1 Mizoram 1

Bihar 1 Nagaland 1

Chhattisgarh 0.691 Odisha 1

Gujarat 0.7538 Punjab 0.6567

Haryana 0.4623 Rajasthan 1

Himachal Pradesh 0.6608 Sikkim 1

Jammu and Kashmir 0.5835 Tamil Nadu 0.6013

Jharkhand 1 Telangana 0.5614

Karnataka 0.619 Tripura 1

Kerala 1 Uttar Pradesh 0.9549

Madhya Pradesh 1 Uttarakhand 0.3101

Maharashtra 1 West Bengal 1
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offer an improved and flexible way of representing uncer-
tainty and imprecision by including measures of both 
membership and non-membership degrees in observed 
input and output data. It is evident from the preceding 
two examples that the proposed method can manage per-
formance analysis problems in the presence of both linear 
and nonlinear TIFN inputs and outputs. Furthermore, 
the outcomes demonstrate that the suggested method 
gives decision-makers more freedom to take independent 
decisions when assessing the DMUs’ efficiency.

6  Case study: Indian agriculture sector
6.1  Data collection
The research was carried out in all 28 Indian states to 
measure agricultural performance. Around 70% of the 
rural population is dependent on agricultural production, 
and the majority of farmers are small landholders. The 
data was collected via the official website of the Reserve 
Bank of India (https:// rbi. org. in), which published the 
report as Handbook of Statistics on Indian States in 
2020–2021. The data includes four agricultural inputs: 
irrigated area, fertilizers utilized, cold storage, and work-
ers, as well as four agricultural outputs: food grains, oil 
seeds, vegetables, and fruits. Table 6 contains a detailed 
description of the observed input–output data. The data 
are not uniformly distributed because of the distinctly 
diverse geographical distribution of the Indian States, as 
indicated in the statistical Table 7.

6.2  Results and discussion
To measure the performance of the states using the 
IFDEA model, follow the given steps in Sect. 4 and obtain 
the efficiency scores of the states obtained by solving the 
crisp LP problem given in Step 2. The efficiency scores of 
the states, obtained with different risk factors, are shown 
in Table 8. The overall efficiency scores of the states are 
obtained by taking the arithmetic mean of the ES of the 
states with different risk factors. The states are divided 
into efficient and inefficient groups based on the over-
all ES. The states “Andhra Pradesh, Arunachal Pradesh, 
Assam, Bihar, Jharkhand, Kerala, Madhya Pradesh, 
Maharastra, Manipur, Mizoram, Nagaland, Rajasthan, 
Sikkim, Tripura, and Uttar Pradesh” are considered effi-
cient states because the overall ES is one. The other states 
whose overall ES is less than one are considered ineffi-
cient states. When the risk factor lies between 0 and 0.5, 
60.71% of the states are efficient, and the rest are ineffi-
cient. After that, or the risk factor from 0.5 to 1, 53.57% 
of the states are efficient and other states are inefficient. 
The efficiency scores of the efficient states are one, which 
is unaffected by the risk factors. The efficiency scores of 
the inefficient states change with the risk factors. How 
the efficiency scores of the inefficient states are affected 
by the risk factors is shown in Fig. 6. The ES of Gujarat, 
Haryana, Punjab, and Uttarakhand rises when the risk 
factor rises, but it decreases in Chhatisgarh, Himachal 
Pradesh, Jammu & Kashmir, Karnataka, Meghalaya, and 

Fig. 7 Overall efficiency score of the Indian states

https://rbi.org.in
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Tamil Nadu. The states of Odisha and West Bengal are 
efficient when the risk factor varies from 0 to 0.5, after 
that, these two states become inefficient.

The agricultural performances of Indian states are 
assessed by calculating the efficiency score using the 
standard DEA model, namely the CCR model. The effi-
ciency scores of different Indian states are presented in 
Table 9. The findings show that out of the 28 states, 17 
are efficient with their efficiency score of 1, while the 
other 11 are inefficient with their efficiency score below 
1. The efficiency scores of different Indian states are 
compared using both the proposed approach and the 
traditional DEA model, as shown in Fig. 7. The percent-
age of efficient Indian states in the suggested method 
is 50%, whereas it is 60.71% in the traditional DEA 
model. Out of India’s 28 states, 14 are efficient using 
the proposed approach; three more states-West Ben-
gal, Odisha, and Meghalaya-are likewise efficient under 
the traditional DEA. On the other hand, these states 
are considered inefficient by the proposed approach 
because their overall efficiency scores are less than 1. 
But it has been shown that Odisha and West Bengal are 
efficient within the risk factor lambda range of [0, 0.5], 
but when the risk factor increases from 0.5 to 1, these 
states become inefficient. In both proposed approach 
and tradition DEA model the most inefficient states are 
Uttarakhand with efficiency score 0.3654 and 0.3101, 
respectively. In general, the suggested method com-
bined intuitionistic fuzzy sets and the DEA model. It 
yielded impressive outcomes in comparison to the tra-
ditional DEA model, and it allowed decision-makers to 
take their own risks when determining the efficiency of 
DMUs.

The main advantage for policymakers to use the pro-
posed approach for solving the IFDEA model is that it 
allows them to take their own risks when evaluating effi-
ciency scores. The incorporation of intuitionistic fuzzy 
inputs and outputs in the DEA model enables decision-
makers to properly estimate the agricultural performance 
of Indian states in an environment with a high level of 
uncertainty. The policymaker categorizes the Indian 
states into efficient and inefficient groups based on their 
efficiency scores and risk factors. The primary objective 
of decision-makers should be to carry out sensitivity 
studies in order to recognize important aspects that con-
tribute to inefficiency and investigate possible improve-
ment possibilities. Additionally, policymakers should 
undertake benchmarking and best practice sharing 
across Indian states in order to foster a culture of con-
stant improvement and information transfer, which will 
ultimately result in better levels of efficiency.

7  Conclusions and future directions
The data in real-world performance measurement prob-
lems is typically inaccurate and unreliable. Fuzzy num-
bers offer a better representation of the data sets in 
uncertain circumstances. As a result, we used fuzzy 
DEA models to address these problems and measured 
the performance of the DMUs more effectively. In this 
paper, we have proposed a novel technique for solving 
the Intuitionistic FDEA model in order to evaluate the 
efficiency score of the DMUs, where the inputs and out-
puts are represented by TIFNs. The proposed possibility-
mean approach directly converts the IFDEA model into 
the equivalent crisp LP problem, which can be solved 
by using any existing method. The possibility mean for 
TIFN is associated with a risk factor ranging from 0 to 
1. The risk factor reflects the decision-maker’s risk-taking 
attitude, whether they are risk takers, risk adversers, or 
neutral. This proposed technique allows decision-makers 
to assume their own risks while evaluating the perfor-
mance of the DMUs. We provided two existing examples 
and made a comparison between the obtained results 
and the existing results to demonstrate their effective-
ness and validity. The overall ES is calculated by taking 
the arithmetic mean of the ES of DMUs with various risk 
factors, and the DMUs are ranked based on their overall 
ES. When evaluating the efficiency score and ranking the 
DMUs in an uncertain environment, we demonstrated 
that our proposed approach gives decision-makers more 
flexibility than existing approaches.

We have used the proposed technique to assess the 
relative efficiency of the agricultural data set of Indian 
states using an intuitionistic fuzzy DEA model. The 
performance of 28 states is measured using different 
risk variables, and how the efficiency score of inefficient 
states is impacted by risk factors is depicted visually. 
Out of the 28 Indian states, 53.71% are efficient, while 
the remaining states are inefficient. There are several 
factors affecting the agriculture industry that should 
be considered by decision-makers, which may provide 
different results while increasing the input and output 
data sets. One of the difficult tasks in this suggested 
technique is to completely rank the DMUs. This pro-
posed approach may even be used to solve additional 
IFDEA models in order to evaluate the performance of 
DMUs.
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