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The present research work investigates the barriers of weak IoT adoption in agrifood transportation, with special reference to India. It
is built on a premise that few barriers upshots from the other more impactful ones. Thus, it is important to identify their linkages and
classify them based on their strength of relationship. The data collected from 13 agricultural technology (AgriTech) firms of India
were subjected to integrated techniques of M-TISM and Fuzzy MICMAC. As a result, a unique position of autonomous, dependent,
linkage, and independent barriers was obtained which revealed that inadequate Internet connectivity, interoperability, and unclear
roadmaps are precarious to the use of IoT in agrifood transportation. They are responsible for creating issues like data processing,
vehicle tracking, and data privacy. This study offers a contextual phenomenon of barriers that may assist AgriTech stakeholders in
developing appropriate strategies to embrace IoT transformation. It extends the theoretical literature by providing critical con-
nections that aspiring researchers can examine through hypothesis testing or building a hierarchical framework. A sensitivity analysis

is suggested to optimise decision-making and bring out a robust and reliable set of obstacles.

1. Introduction

Indian agriculture has come a long way in terms of its daily
operations. From the congenital procedure of manual
farming to present day’s smart agricultural (Agri) opera-
tions, all are striving to ensure product availability with
minimal wastage and hurdles. According to the Food and
Agriculture Organization (FAO) of the United Nations, 6
percent of agrifood production and harvest loss takes place
postharvest and 18 percent occurs during its distribution
and transportation. Moreover, Indian agrifood harvest
amounting USD 11.1 billion was lost due to improper
management across supply chain phases (ICAR-CIPET,
March 2015). Such massive agrifood losses question the

country’s stand in meeting Sustainable Development Goal
(SDG) 2 which aims to ensure a hunger free nation by 2030.
Despite being the third largest contributor to the national
Gross Domestic Product (GDP), the pre- and postharvest
agrifood supply chain has reported an IoT adoption of
merely 10-30 percent [1].

The use of technology has improved food accessibility for
common people and agriculture sustainability for global
farmers [2-4]. But shorter life of agrifood products requires
real-time monitoring and tracking during all stages of
agrifood supply chain, namely, procurement, processing,
packaging, labelling, loading, unloading, storage, distribu-
tion, and sales [5, 6]. Here, the use of IoT constantly captures
and updates information. For example, the use of Electronic


https://orcid.org/0000-0002-4604-8654
https://orcid.org/0000-0003-3004-8219
https://orcid.org/0000-0001-9124-6513
https://orcid.org/0000-0001-5271-0192
mailto:sandeep.jagtap@tlog.lth.se
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1155%2F2024%2F9289098&domain=pdf&date_stamp=2024-08-16

Product Code (EPC) and Radio Frequency Identification
(RFID) on products and transporting vehicles can help
locate vehicles and sort products based on date and place of
origin, longevity, usage, season, and quality grades, to name
a few attributes. These embedded tags can predict the
condition, improve speed, ease logistics, and reduce time
and opportunity cost.

Due to the direct benefit of low-cost sensors and devices
in the form of quality and vyield, the producers and agri-
cultural technology (AgriTech) entrepreneurs are placing
alot of trust on the digitization of preharvest technology. But
postharvest digitization which also involves a multilayered
distribution network is plagued by many stumbling causes
that arise during the transportation of agri-produce from
farmers and organized firms. These barriers stem from the
number of restrictions like fragmentation, dominance, and
inadequacies faced by farmers and organized firms and
implementation agencies like the government [7]. Moreover,
IoT-based transportation for the farm-to-market ecosystem
in India is also challenged by the technological factors re-
lated to devices, Internet networks, and data hindrances
[6, 8]. Identification of these barriers may lead to low-risk
scalable IoT solutions that are easy to replicate at a lower
cost. An understanding of current issues in the Agri
transportation system forms the basis of this study.

Precisely, the presented research work is conducted with
an objective to identify the hindrances faced by AgriTech
firms while digitizing the transportation system. This led to
the formulation of the first research question—what factors
are responsible for a weak adoption of IoT in Indian agrifood
transportation system? Moreover, in real-world situations,
these barriers do not exert the same dominance. The dif-
ferential power of their influence led to the formulation of
the second research question—what is the influence of these
barriers on each other? The academic studies on IoT
adoption in various industries like manufacturing are on
rise. However, a systematically conducted research work that
explores the challenges of AgriTech firms during imple-
mentation of IoT in transportation systems are yet to be
explored. This creates a substantial research gap to conduct
this research work.

The present research work answers these intriguing
research questions by utilizing a mixed methodology of
Modified Total Interpretive Structural Modelling (M-TISM)
and Fuzzy MICMAC. The use of M-TISM synthesized
a hierarchical model based on the information shared by 13
AgriTech firms. It explained the nature and direction of
power of each barrier. Further, the driving and dependence
power of each barrier is identified by using a Fuzzy MIC-
MAC technique. The outcome of this study is typically
relevant to the Indian agriculture policy makers and firms
that face hurdles while digitizing the transportation of agri-
produce. Based on the findings of this research work, they
can strengthen supply chain transparency and traceability.
In addition, this research work extends possible strategies
which are built around agri-transportation to overcome the
challenges in achieving SDG 2.

The remainder of the article is organized as follows: the
second section highlights the literature review on barriers to
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the adoption of IoT-based supply chain management. The
third section elaborates the mixed methodology adopted for
conducting the research study. The fourth section presents
the results and discussion. The fifth section highlights
conclusion and future research direction for the
research work.

2. Review of Literature

In order to identify the barriers to IoT execution in the
agrifood sector, a comprehensive literature review was
carried out. At first, reading reports and whitepapers ob-
tained from the Ministry of Agriculture and Farmer Welfare,
NASSCOM, and CISCO helped understand the challenges
faced by stakeholders during the real-life execution of IoT in
agrifood. From this, a long list of barriers was created. For
academic literature, the most relevant full-text articles
(n=50) from the publishers indexed in the cross-reference
were reviewed. This helped ascertain the presence of IoT
barriers in academic literature. As a result, 30 barriers were
identified. These were discussed with the five senior oper-
ations executives from AgriTech firms and five academicians
having profound knowledge of IoT in various sectors. The
twenty-four barriers which were then carefully chosen and
preferred by a minimum of three experts were decided to be
used for the present research work.

IoT devices gather a large amount of heterogeneous data
to identify gaps in current supply chain and any forthcoming
challenges [9]. These data are usually collected through IoT
devices which operate on Internet-based networks. Many
times, devices are either stolen, replaced, or damaged during
transportation of products. The wireless networks are either
disconnected or distorted due to unprotected agricultural
fields and signal jams [10]. Ultimately, giving rise to the
issues related to device and network tampering [11, 12].
Moreover, the data generated by stakeholders comes in
various formats which make full-scale interoperability dif-
ficult [13, 14]. Nevertheless, a huge digital divide among
stakeholders is a key responsible factor [5, 15].

Real-time data collected from various supply chain
processes travel under insecure protocol networks. Further,
this is stored on cloud or in local databases for the purpose of
continuous monitoring [16, 17]. Such voluminous data are
challenged by the use of unlicensed spectrum, data de-
formation, data duplication, and data collection in multiple
units and languages [5, 18]. This makes the IoT ecosystem
vulnerable and questions the reliability of databases and
government procedures [15, 19]. Securing data with generic
solutions like tracking the user ID, time, and location of data
retrieval are well-thought-out choices to overcome the
challenge of data quality and reliability [20]. At advanced
level, protection of IoT devices, networks, and data from
malware and direct interoperability requires a secured
communication and transmission environment, multifactor
authentication, common regulatory challenges, policy
standardization, institutional fit of global standards, and
a common information system [21].

Data latency due to poor Internet connectivity and WiFi-
based long-distance networks delays the transmission of
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data from farmlands to warehouses and distribution
agencies [7]. Similarly, database scalability also becomes
a challenge due to the block size of data, network load, and
cost issues [22]. It also decreases the computation power and
storage capacity on resource-constrained devices [23]. Ap-
proaches like increase in block size, optimization of data-
bases, lightning of network, tamperproof transactional
record, and protected execution environment should be
focused to mitigate the issues of database scalability.

Despite the growing curiosity of IoT implementation,
underdeveloped regulatory standards are a mega challenge
[24, 25]. In reality, regulatory requirements are industry and
geography specific. Thus, standards and protocols which are
factored on a common foundation to overcome challenges of
interoperability, portability, and manageability are achiev-
able through formalized guidelines [26, 27].

IoT implementation involves huge financial investment
in resources and business processes [28]. A clear roadmap or
blueprint of implementation strategy is an operative solution
[29]. It offers a collaborative multistakeholder approach
towards process alignment, system, data accuracy, speed,
efficacy, and governance to achieve steady performance.
Here, policy standardization can be a key in achieving full
potential of digital solutions [30]. It eases interoperability
and secures data from vulnerabilities of privacy and security
[7, 31]. But the diverse configuration of local and global
supply chains has varied requirements. Any oddities in the
standards and regulations set by local and global agencies
further complicate the process [14].

The potency of an IoT-enabled system requires in-
stitutional fit of global standards. It calls for a multi-
stakeholder activity that involves public-private partnership
(PPP) to mobilize resources and generate value [32]. A
distorted role, vague policies, unaligned goals, weak exe-
cution framework, inadequate procedure for risk sharing,
and weak monitoring and evaluation of partners creates
a challenge for PPP [33]. Trust-based governance that ex-
ecutes an agreement with the utmost sense of responsibility
is a pressing need of IoT execution [34, 35]. The absence of
cooperation among multiple stakeholders due to power and
position-related issues hampers the formulation of suitable
business models [35].

Supply chain configuration which arises due to IoT leads
to fragmented information, supply-demand mismatch, and
higher cost of supply chain [36]. A vehicle communication
system that enables information sharing between vehicles,
warehouses, and clouds strengthens supply chain efficiency
[37]. An inadequate infrastructural like inefficient route
management, inability to track shipments, underutilization
of vehicle capacity, fluctuating transportation costs, unequal
information availability to stakeholders, missing in-
formation between source and destination, and incorrect
traffic prediction limits the vehicle communication and
transportation management system [38, 39]. A common
information system improves fact-based decision-making by
integrating, processing, storing, and disseminating the
gathered data [40, 41]. The difference in the structure of
obtained data, data handling skills, lack of standard policy
and regulation, varied organizational needs, and diverse

types of information systems are hassles to the use of
common information systems [15].

While there have been numerous research papers
addressing the barriers of IoT, determinants of IoT adoption,
technological trends in transportation, and design of
transportation systems published in the last few decades. To
the best of the author’s knowledge, no research work along
the lines of investigating the barriers of IoT in agrifood
products transportation w.r.t. India exists [5, 6, 18, 42]. The
extant summaries on the barriers to IoT adoption in a variety
of industries like education, smart cities, intermodal
transport, transport infrastructure, public transport, and
maritime transport are considered as the base for presented
literature review [9, 43-45].

In literature, Modified Total Interpretive Structural
Modelling (M-TISM) is considered a deep-rooted in-
teractive technique to explore contextual relationships
among a set of variables. It decomposes the experience and
knowledge shared by survey respondents to develop com-
prehensive models which are systematic and word-perfect,
thus, can be directly utilized by practitioners struggling with
similar problems [46, 47]. This technique is well established
among researchers working on similar types of research
questions [5, 48-53].

In the agrifood industry, supply chain configuration
influences IoT adoption [54]. Thus, the structure of IoT
adoption in transportation of agri-products in India may
vary from that of the other developed nations like Europe,
United States, and Australia. But due to a clear-cut split of
members like farmers, processors, distributors, and traders
in agrifood supply chain, these barriers can be utilized
beyond the Indian boundaries.

3. Research Methodology

In order to answer the two research questions, a two-stage
data analysis process was followed. At the first stage, the
well-established M-TISM technique was used to develop
a framework of barriers. This precise framework exhibits the
“to be influenced” and “to influence” relationships among all
the barriers. At the second stage, a fuzzy MICMAC analysis
was performed to obtain a power diagram. The use of fuzzy
enhanced the sensitivity of obtained relationships in four
quadrants and precisely clusters the barriers based on
driving power and dependence power.

3.1. Modified Total Interpretive Structural Modelling (M-
TISM). The M-TISM technique is an upgradation of the
Total Interpretive Structural Model (TISM) and Interpretive
Structural Model (ISM) [55]. It is a preferred method over
TISM and ISM because it conceptualizes the model as well as
its proper hierarchical structure. Moreover, TISM and ISM
methods check transitivity relations separately, and some-
times, it is iterative in nature. This makes the problem
complex. But the M-TISM technique performs reachability
and transitivity check in a single step [48]. Moreover, the
M-TISM technique finds out “why” and “how” related
questions, which the conventional TISM and ISM methods



do not consider. The step used to implement M-TISM
technique is discussed as follows:

(1) Identification of the critical barriers.

(2) Development of contextual relationships among the
identified barriers.

(3) Interpretation of relation among barriers.

(4) Development  of  reachability —matrix and

transitivity check.

(5) Level partitioning and development of the model.

STEP 1: In this step, twenty-four barriers were
identified from the academic literature. Initially
sorting is performed for reducing as well as iden-
tifying the critical barriers with the consultation of
experts. Their opinion is taken on the five-point
Likert scale for every individual barrier. In this
study, a total of 13 experts are taken and their
response is presented in Table 1. After this, the sum
of the opinions is considered and their percentage is
calculated. Those barriers which contributed more
than 60% were sorted and considered for the next
step [5, 51].

From Table 1, eleven barriers which contribute
substantially, i.e., 60% and above were separated.
These are RST1, RST2, RST4, RST6, RST7, RST11,
RST14, RST15, RST17, RST18, and RST23.

STEP 2: During this step, a relationship among
individual barriers (out of 11 barriers) was ex-
plored. These relationships were called as the
contextual relationship. Contextual relationship
explains that how one barrier influences the other
barrier. The contextual relationships among all
identified barriers were represented.

STEP 3: At this step, relationships among chal-
lenges were interpreted to find the cause behind
relationship. It means the “why” and “how” con-
nection was identified.

STEP 4: This step included the formation of a reach-
ability matrix and simultaneously perform a transi-
tivity check. The relationship between two challenges
was explored for their entry into the matrix. If a re-
lationship exists, “Y” (i.e., Yes) was entered, and if no
relationship exists, the “N” (i.e. No) was entered in the
matrix. This matrix is called as structural self-
interaction matrix and is shown in Table 2.

Then, all the “Y” was replaced by 1 and all “N” was
replaced by 0. The conversion of structural self-
interaction matrix into numbers is shown in Table 3.
In the end, transitivity was checked for all the re-
lationships using the law of transitivity. The law of
transitivity can be explained as if A is in a re-
lationship with B and B is in a relationship with C,
then A is in a relationship with C. The obtained
table is called as the final reachability matrix and is
shown in Table 4.

STEP 5: This step classified all barriers into different
levels based on their influencing power, after which
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the development of model takes place. Barrier’s
classification follows the same methodology as used
in ISM and TISM methods. Once the cumulative
score of deriving and dependence power of each
barrier is calculated, they have been classified into
various levels. This process comprised identifica-
tion of reachability set and antecedent sets. The
reachability set consisted of the barrier itself and the
other barriers it may impact, whereas the ante-
cedent set consisted of the barrier itself and the
other barriers that may affect it. These two common
elements are taken, and they are called an in-
tersection set. Fixation of level is done via exact
matching of the intersection set with the reach-
ability set, then eliminating those values. This
process is repeated continuously until all the levels
are decided. After performing all these steps in the
final reachability matrix, we get the level of each
individual barrier. The same is mentioned in
Table 5.

Reachability Set, Antecedent Set, and Intersection Set are
obtained by following the aforementioned methods and are
shown in Table 5. Following iterations, which involve
comparing intersection set elements with reachability set
elements, assigning level, and eliminating it. This procedure
keeps on until every level is completed. The level of each
challenge is presented in Table 6.

After the level partitioning, as shown in Figure 1, a hi-
erarchical model was plotted. For the current set of barriers,
we get four levels which sequence the most impactful barrier
at the base and least impactful on the top.

3.2. Fuzzy-MICMAC (FMICMAC) Analysis. For the
M-TISM method, 0 and 1 were used to indicate the asso-
ciation between the two challenges. This association can be
explored in deep by using the Fuzzy-MICMAC (FMIC-
MAC) technique. For example, it can be categorized into
very strong, strong, low, and so on. FMICMAC is based on
the fuzzy theory which deals with this equivocalness and
weakness in the decision-making cycle [50]. Here, experts’
opinion is considered for converting the linguistic judg-
ments into fuzzy numbers. In present-time research,
FMICMAC is preferred over the conventional MICMAC
method due to the fact that FMICMAC provides the flex-
ibility to scale challenges into seven values (i.e., 0, 0.1, 0.3,
0.5, 0.7, 0.9, and 1). But a conventional MICMAC catego-
rizes merely into two ways (i.e., 0 and 1). So, the opinion of
the experts gets recorded more precisely in FMICMAC,
which is not the case with conventional MICMAC. More-
over, during computation, in the FMICMAC method, fuzzy
multiplication occurs; in the traditional MICMAC method,
normal multiplication occurs.

In this research, scaling of barriers was done by taking 7
values. These are 0, 0.1, 0.3, 0.5, 0.7, 0.9, and 1, and the
meaning corresponding to these values is no relationship,
negligible relationship, low relationship, medium relation-
ship, high relationship, very high relationship, and full
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TaBLE 1: Descriptive statistics of expert opinion.

Barriers Ex1 Ex2 Ex3 Ex4 Ex5 Ex6 Ex7 Ex8 Ex9 Ex10 Ex11 Ex12 Ex13 Sum %
RST1 4 4 2 2 4 4 4 2 4 4 4 4 4 46 71
RST2 2 2 4 2 4 4 4 2 4 4 2 4 2 40 62
RST3 1 2 2 4 2 3 4 2 4 2 2 4 4 36 55
RST4 4 3 3 4 3 3 4 4 4 4 4 4 4 48 74
RST5 3 3 2 2 4 1 4 1 4 4 1 4 2 35 54
RST6 4 4 4 3 4 4 4 3 4 4 3 4 4 49 75
RST7 4 4 4 3 4 4 4 4 4 4 4 4 4 51 78
RST8 2 1 2 1 2 1 2 1 1 2 1 1 2 19 29
RST9 4 1 2 1 2 2 2 1 1 1 1 1 2 21 32
RSTI10 2 2 2 2 2 2 2 1 1 1 1 2 1 21 32
RSTI1 4 4 3 3 4 4 4 3 4 3 4 4 3 47 72
RST12 2 2 2 1 2 2 2 1 1 1 2 1 1 20 31
RSTI13 2 2 1 1 2 2 2 2 2 2 1 2 1 22 34
RST14 4 5 4 4 5 4 5 4 5 4 5 4 5 58 89
RSTI15 4 4 5 4 4 4 5 4 4 4 4 4 5 55 85
RSTI16 3 1 5 2 3 3 2 3 2 3 3 2 2 34 52
RST17 4 5 4 5 5 5 4 5 5 5 5 5 4 61 94
RSTI18 4 4 5 5 4 4 4 5 4 4 4 4 4 55 85
RST19 3 2 3 3 3 2 3 2 3 4 3 3 3 37 57
RST20 3 1 4 3 3 2 4 3 3 1 3 2 4 36 55
RST21 3 2 3 3 4 2 4 3 3 4 2 2 2 37 57
RST22 3 2 2 2 4 4 1 4 2 4 2 2 3 35 54
RST23 4 5 4 4 5 4 4 4 4 4 4 5 4 55 85
RST24 2 2 4 3 2 4 4 3 3 3 3 2 3 38 58
TABLE 2: Structural self-interaction matrix.

RST1 RST2 RST4 RST6 RST7 RSTI11 RST14 RSTI15 RST17 RST18 RST23
RSTI — N N N N N Y N N Y N
RST2 N — Y Y Y Y N Y Y Y N
RST4 N Y - N Y Y N N N N N
RST6 N N N — Y Y N N N N N
RST7 N N Y N - N N N N N N
RSTI1 N N Y Y N - N N N N N
RST14 N Y N N Y Y — Y Y Y N
RST15 N Y N Y N Y N - Y Y Y
RST17 N N Y Y Y Y Y Y — Y Y
RST18 N Y Y N Y N N N Y N
RST23 N Y Y N N N N N Y Y —

TaBLE 3: Conversion of structural self-interaction matrix.

RSTI1 RST2 RST4 RST6 RST7 RSTI1 RST14 RSTI15 RST17 RST18 RST23
RST1 — 0 0 0 0 0 1 0 0 1 0
RST2 0 — 1 1 1 1 0 1 1 0
RST4 0 1 — 0 1 1 0 0 0 0 0
RST6 0 0 0 — 1 1 0 0 0 0 0
RST7 0 0 1 0 — 0 0 0 0 0 0
RSTI1 0 0 1 1 0 — 0 0 0 0 0
RST14 0 1 0 0 1 1 — 1 1 1 0
RSTI15 0 1 0 1 0 1 0 — 1 1 1
RST17 0 0 1 1 1 1 1 1 — 1 1
RSTI8 0 1 1 0 1 0 0 0 1 — 0
RST23 0 1 1 0 0 0 0 0 1 1 —
relationship, respectively. The values obtained from the In FMICMAC analysis, fuzzy matrix multiplication took

expert’s opinions were then superimposed on the Binary  place. This multiplication process is quite different from
Direct Reachability Matrix (BDRM) to obtain a Fuzzy Direct conventional matrix multiplication [50, 52, 53]. According
Reachability Matrix (FDRM), which is given in Table 7. to the fuzzy multiplication rule, the product of two fuzzy
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TaBLE 4: Final reachability matrix.
RST1 RST2 RST4 RST6 RST7 RSTI11 RST14 RSTI15 RST17 RST18 RST23

RST1 1 1* 1* 0 1* 1* 1 0 0 1 0
RST2 0 1 1 1 1 1 1* 1 1 1 1*
RST4 0 1 1* 1 1 0 1* 1* 1* 0
RST6 0 0 1* 1 1 1 0 0 0 0 0
RST7 0 1* 1 0 1 1* 0 0 0 0 0
RSTI1 0 1* 1 1 0 1 0 0 0 0 0
RST14 0 1 1* 0 1 1 1 1 1 1 1*
RSTI15 0 1 1* 1 1* 1 1* 1 1 1

RST17 0 1* 1 1 1 1 1 1 1 1

RSTI18 0 1 1 1* 1 1* 1* 1* 1 1 1*
RST23 0 1 1 1* 1* 1* 1* 1* 1 1 1

TaBLE 5: Final reachability matrix.

Challenges code

Reachability set

Antecedent set

Intersection set

1
1,2,4,7, 11, 14, 15, 17, 18, 23
1,2,4,6,7, 11, 14, 15, 17, 18, 23
2, 4,6, 15,17, 18, 23
1,2,4,6,7, 14, 15, 17, 18, 23
1,2,4,6,7,11, 14, 15, 17, 18, 23
2,3, 15,17, 18, 23

1
2,4,7,11, 14, 15, 17, 18
2, 4,6,7, 11, 15, 17, 18, 23
4,6
2,4,7
2, 4,6, 11
2,15, 17, 18, 23

RST1 1,2,4,7,11, 14, 18
RST2 2,4,6,7,11, 14, 15, 17, 18, 23
RST4 2,4,6,7, 11, 15, 17, 18, 23
RST6 4,6,7,11

RST7 2,4,7,11

RST11 2, 4,6, 11

RST14 2,4,7,11, 14, 15, 17, 18, 23
RST15 2,4,6,7,11, 14, 15, 17, 18, 23
RST17 2,4,6,7,11, 14, 15, 17, 18, 23
RST18 2,4,6,7,11, 14, 15, 17, 18, 23
RST23 2,4,6,7, 11, 14, 15, 17, 18, 23

>

2, 4, 14, 15, 17, 18, 23
2,4, 14, 15, 17, 18, 23
1, 2, 3, 14, 15, 17, 18, 23
2, 14, 15, 17, 18, 23

2, 4, 14, 15, 17, 18, 23
2, 4,14, 15, 17, 18, 23
2, 14, 15, 17, 18, 23
2, 14, 15, 17, 18, 23

TaBLE 6: Classification of challenges into different levels.

Challenge code Name of challenge Ije.v el.
partitioning
RST1 Inadequate internet connectivity 4
RST2 Device interoperability 4
RST4 Physical tampering 1
RST6 Data governance 3
RST7 Data latency 2
RST11 Data processing 1
RST14 Unclear roadmap 4
RST15 Regulatory standards 3
RST17 Policy standardization 3
RST18 Vehicle tracking systems 3
RST23 Weak data security system 2

matrices is also a fuzzy matrix [49]. This multiplication
process is described below in Fuzzy Multiplication Equation
in the form of matrices A & B.

Fuzzy Multiplication Equation as shown below in
equation in

AB = Max{Min(ay, by )}, (1)
where
A=) @
B =(by).

The FDRM was taken as the preliminary matrix to start
the procedure. The matrix was repetitively multiplied and
iterated. This process continued till the values of driving, and
the dependence power stabilizes.

These values were plotted in the form of a table. The
dependence and driving power of barriers were found in
a similar way as completed earlier. They are obtained by
summing up the columns and the rows of the final fuzzy
reachability matrix, respectively. Table 8 presents the final
fuzzy reachability matrix.

After performing the fuzzy MICMAC analysis, the
driving and dependence power of each barrier was obtained
in decimal form. Based on the values of dependence and
driving power, all barriers were clustered into 4 quadrants
(Figure 2).

Figure 2 presents these quadrants as I, II, III, and IV.
They were given standard names, i.e., autonomous, de-
pendent, linkage, and independent barriers.

(i) Autonomous barriers—These are the barriers from
the first quadrant having less driving and de-
pendence power. Barriers that arise due to physical
tampering, data processing, and data security sys-
tems are placed in this quadrant. These barriers have
the least influence on the IoT adoption system. In
the M-TISM model, these barriers were positioned
at top as levels 1 and 2. The stakeholders of IoT
adoption should focus more on the barriers which
derive autonomous barriers.
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Level 1

Level 2

RST7

A

RST4

RST11
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A 3

RST1 [ RST2 ] [ rsT4 |

FIGURE 1: Level partitioning model.

TaBLE 7: Fuzzy direct reachability matrix (FDRM).

RST1 RST2 RST4 RST6 RST7 RST11 RST14 RSTI15 RST17 RSTI18 RST23
RST1 0.1 0.7 0 0.5 0.7 0.7 0.5 0.5 0.5 0.1 0.1
RST2 0.1 0 0.3 0.3 0.1 0.3 0.3 0.5 0.5 0.3 0.3
RST4 0 0.1 0.1 0.1 0.1 0.1 0.3 0.1 0.1 0.1 0
RST6 0 0.3 0.3 0 0.3 0.3 0.3 0.5 0.5 0.5 0.3
RST7 0 0.5 0.3 0.5 0 0.9 0.3 0.5 0.3 0.9 0.3
RST11 0.1 0.9 0.7 0.7 0.7 0 0.3 0.3 0.3 0.1 0
RST14 0.1 0.3 0.5 0.1 0.1 0.1 0 0.9 0.9 0.7 0.3
RSTI15 0.1 0.5 0.5 0.3 0.3 0.3 0.7 0 0.7 0.3 0.3
RST17 0.3 0.5 0.7 0.7 0.7 0.7 0.3 0.9 0 0.7 0.1
RST18 0 0.5 0.7 0.3 0.3 0.3 0.7 0.7 0.7 0 0.3
RST23 0 0.1 0.3 0.3 0.1 0.1 0.5 0.7 0.7 0.5 0

TaBLE 8: Fuzzy stabilized matrix.

RSTI RST2 RST4 RST6 RST7 RSTI11

RST14 RST15 RST17 RST18 RST23  Driving power

RST1 0.3 0.9 0.7 0.7 0.5
RST2 0.3 0.7 0.7 0.7 0.7
RST4 0.1 0.3 0.3 0.1 0.3
RST6 0.3 0.7 0.7 0.7 0.7
RST7 0.3 0.5 0.7 0.5 0.5
RST11 0.3 0.7 0.3 0.3 0.7
RST14 0.3 0.7 0.7 0.7 0.7
RST15 0.3 0.7 0.7 0.7 0.5
RST17 0.3 0.7 0.7 0.7 0.7
RST18 0.3 0.7 0.7 0.7 0.7
RST23 0.3 0.5 0.7 0.7 0.7

Dependence power 3.1 7.1 6.9 6.5 6.7

0.5
0.7
0.1
0.7
0.3
0.1
0.7
0.5
0.7
0.7
0.5
55

0.5
0.7
0.1
0.5
0.7
0.5
0.7
0.5
0.7
0.7
0.7
6.3

0.7 0.7 0.7 0.5 6.7
0.9 0.7 0.7 0.3 7.1
0.3 0.3 0.3 0.3 2.5
0.7 0.7 0.7 0.3 6.7
0.7 0.7 0.5 0.3 5.7
0.7 0.9 0.7 0.3 5.5
0.9 0.7 0.7 0.3 7.1
0.7 0.7 0.7 0.3 6.3
0.5 0.7 0.5 0.3 6.5
0.7 0.7 0.7 0.3 6.9
0.3 0.7 0.3 0.3 5.7
7.1 7.5 6.5 3.5

(ii) Dependent barriers—These are the second quadrant
barriers with high dependence and low driving
power. Data latency as a barrier is to be found in this
quadrant. In order to reduce its impact, the effect of
rest of the barriers that arise due to missing data
governance, loose regulatory standards, weak policy

standardization, unclear roadmap, feeble Internet
connectivity, and difficult device interoperability
should be minimized. Supply chain managers,
AgriTech firms, and policy makers should keep
these barriers on high priority to stop the third
ripple effect.
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FIGURE 2: Driving-dependence power diagram.

(iii) Linkage barriers—Linkage elements are the third
quadrant elements with high dependence and
driving power. Barriers like device interoperability,
data governance, regulatory standards, policy
standardization, and vehicle tracking system bar-
riers are located in this quadrant. Any effect on these
barriers will have a huge impact on barriers like data
security systems, physical tampering of devices, and
data processing. This supports the result of the
M-TISM method as these challenges belong to the
higher level, i.e., level 3 and level 4.

(iv) Independent barriers—These are the fourth quad-
rant elements with low dependency power and high
driving power. Barriers due to inadequate Internet
connectivity, device interoperability, and unclear
roadmap are listed in this quadrant. These are the
barriers with high priority. For the successful
adoption of IOT, supply chain managers should
primarily work on these barriers. This also supports
the result of the M-TISM method as these challenges
belong to the higher level, i.e., level 4.

4. Results

The M-TISM model, as shown in Figure 1, arranged the
barriers from base to top in an increasing order of criticality.
For example, four challenges which were placed at level 4,
i.e,, inadequate Internet connectivity (RST1), device in-
teroperability (RST2), and unclear roadmap (RST14) are
critical barriers to IoT-enabled agrifood transportation.
They are responsible for the other top-level barriers. Firm’s
strategy to reduce the impact of these barriers will reduce the
impact of level 1 barriers. Similarly, level 3 consists of 4
barriers, i.e., data governance (RST6), regulatory standard
(RST15), policy standardization (RST17), and vehicle
tracking system (RST18) which are propelled by level 4
barriers influence the barriers at levels 1 and 2. It means that
the barriers located at the base of the model are responsible
for barriers at the upper level and the barriers at the top of
the model have least criticality [48].

Journal of Food Quality

The relationship among barriers explored through
M-TISM was further analysed using FMICMAC analysis.
The obtained four quadrants show interdependence among
the 11 barriers. The autonomous barriers like physical
tampering (RST4), data security system (RST23), and data
processing (RST11) in the first quadrant do not obstruct IoT
adoption [12]. Largely, these barriers are isolated from the
system with limited strong connections. They are weak
drivers and have weak dependence upon the IoT adoption
system of any firm. The dependent barrier—data latency in
the second quadrant is weak in its nature and least re-
sponsible for occurrence of other variables. This shows that
firms engaged in agrifood transportation give less impor-
tance to storage, travel, and retrieval time of data during IoT
adoption [22]. Linkage barriers in the third quadrant attract
the largest number of barriers. It links the barriers in the first
and second quadrants with the fourth quadrant. Thus, it
transmits the impact of lower level barriers to higher level
barriers [48]. Firm’s endeavour to eliminate these barriers
will take agrifood transportation closer to its easy IoT
adoption. Finally, independent barriers, i.e., inadequate
Internet connectivity and unclear roadmap in the fourth
quadrant, exert strong driving power to intensify the in-
fluence of all other barriers. But they are least influenced by
the rest of the barriers. In order to reduce the impact of
independent barriers, stakeholders of agrifood trans-
portation business should work upon collaborative supply
chain strategy [30].

5. Discussion

In the agrifood supply chain, transportation is a critical
connection between the point of origin and end consumers
[6, 56]. An importance of food safety and quality makes
monitoring an invaluable asset for supply chain efficiency.
But in the presence of a technology adoption barrier, it
becomes hard for firms to utilise the full potential of IoT
[43]. Through M-TISM, this research work identifies the
impact of these barriers and any relationship between them.
Like inadequate availability of Internet on farmlands leads to
data latency which create hurdles on-time processing of
data. In the same way, an unclear roadmap for IoT
implementation questions the data governance system. The
dominant barriers which exist at the base of the level par-
titioning model in Figure 1 put across the system level
barriers viz unclear roadmap, inadequate Internet, and
device interoperability. Firms need to completely eradicate
its supply chain from these three root barriers. In an end-
to-end supply chain network, it plainly conveys the orga-
nization’s vision towards digitization. In order to overcome
such barriers, supply chain members can develop common
strategies and vision of technology leverage. A collective
capital expenditure by firms is required for improving the
network connectivity and infrastructure which will ensure
real-time connectivity across all phases in the agrifood
supply chains [28, 57]. Overall, firms should create an
ecosystem wherein all the pain points are tackled effortlessly
with benefit to all.
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After M-TISM analysis, the FMICMAC technique helped
understand the forces of interactions among the considered
set of IoT barriers. The resultant four clusters segregated the
barriers based upon their magnitude of relatedness and thus
separated key barriers from the trivial ones. It is significant to
note in Figure 2 on driving-dependence power that barriers of
first and second quadrants are driven by barriers of third and
fourth quadrants. Such as physical tampering, data pro-
cessing, weak data security system, and data latency in first
and second quadrants drive the barriers like inadequate In-
ternet connectivity, unclear roadmap, device interoperability,
data governance, regulatory standards, policy standardiza-
tion, and vehicle tracking systems located in third and fourth
quadrants. The findings of FMICMAC analysis also offer
insights from individual clusters. Cluster I exhibits strong
connections with very few barriers like inadequate Internet
connectivity, device interoperability, and unclear roadmap.
But they have negligible driving power. In the second
quadrant, data latency as a barrier shows strong dependence
on barriers like data governance and policy standardization.
This cluster shows weak driving power. The third quadrant
having five barriers, viz., governance, regulatory standards,
policy standardization, and vehicle tracking systems presents
strong dependence Internet connectivity, device in-
teroperability, and unclear roadmap. Its barriers also exhibit
strong dependence on other barriers. The fourth quadrant
barriers, namely, inadequate Internet connectivity and un-
clear roadmap, exert strong driving power on other barriers
but have weak dependence upon other barriers. The obser-
vations made from FMICMAC analysis will help supply chain
managers to design appropriate strategies that may lessen the
influence of barriers located in third and fourth quadrants.

6. Practical and Policy Implication

Postharvest losses continue to be a top concern among
policy makers [1]. Around 13.3 percent of food loss is re-
ported only during transportation. The use of IoT-based
technologies in supply chain operations has proved to re-
duce these losses [6, 17, 58]. On the similar lines, these
critical barriers shown in Figure 1 present the hierarchical
barriers that require interventions from bodies responsible
for creating an IoT ecosystem. Inadequate Internet con-
nectivity which challenges farming operations on the dis-
tantly located farmlands of rural India can be addressed by
the Department of Telecommunication. In collaboration
with Internet service providers, it can design a clear roadmap
for supplying a last-mile Internet connectivity to trans-
portation vehicles. This will reduce the impact challenges
owing to data interoperability and data latency. Further, the
Data Management Office at the local and central level can
coordinate with AgriTech firms to secure data when vehicles
are transporting the agriproducts. This will ensure a superior
data governance system while ensuring no ports or con-
nectors are exposed for data or device tampering. An open
discussion on existing data management standards in the
light of pain points identified in this research may guide
policy makers to set guidelines and develop a mutually
agreed framework of IoT adoption.

7. Conclusion

In the existing literature, quite a number of studies have
established the difficulties faced by organizations during IoT
adoption in supply chain activities. Ascertaining the barriers
to IoT implementation w.r.t the transportation of the agrifood
sector remains elusive. The presented research work bridges
the gap through the comprehensive analysis of possible dif-
ficulties by adopting the M-TSIM and FMICMAC techniques.
It propounds a theoretical model for further development of
transportation processes in the agrifood sector. The 24 bar-
riers are clustered into 4 quadrants which reveals the driving
and dependence power of each of them. From the results, the
three critical hurdles to IoT implementation are inadequate
Internet connectivity throughout the transportation, in-
teroperability, and unclear roadmap for the process align-
ment, system, data accuracy, speed, efficacy, and governance.
The causal effect of these driving barriers passes on to another
set of barriers which is forwarded to a further level, thus
making IoT adoption more complicated. This study is
a contribution to the transportation as well as the agrifood
sector by addressing such connectedness among barriers so
that sustainability in agriproduct transportation can be
achieved. The developed M-TISM model can assist AgriTech
firms and government agencies to focus on the key driving
barriers in IoT adoption. Like, public and private firms can
develop Internet infrastructure for better connectivity in
vehicles [57]. Supply chain managers of agriproduct trans-
portation firms can adopt a common information system and
standard regulations and to reduce interoperability. This
research work can be useful for multiple stakeholders in
agritransportation to align processes, systems, data accuracy,
speed, efficacy, and governance to achieve steady perfor-
mance. For academic researchers, this research work can act
as a base to begin empirical research. In addition, scientists
working on developing a technologically smart business
ecosystem can build an intelligent decision support system for
automated decision-making in the complete value chain of
the agrifood industry.

8. Limitations and Future Scope

The current research is based on the hierarchical model
which is a theoretical framework and was not based on
statistically derived results. In future research work, re-
searchers can fragment the end-to-end transportation into
various levels and then can study the barriers exclusive to
each level. This may provide a segment that requires rela-
tively more attention for the seamless adoption of IoT in
transportation. The developed theoretical model can be
statistically tested to establish that the identified barriers and
their associations are not by chance, and they are the result
of deep knowledge and opinion shared by the researchers.

Data Availability

The original contributions presented in the study are in-
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