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search and rescue services depends on their agility in unforeseen circumstances,
requiring attention to these capabilities and capacities. In recent years, minimal efforts
have been made to manage and design agile supply chain operations in crisis-oriented
organizations, especially firefighting departments in the country. This article focuses
on the agility of the supply chain in the fire department, utilizing a novel approach
based on Adaptive Neuro-Fuzzy Inference System (ANFIS) in two dimensions: agility
capabilities (flexibility, competence, cost, responsiveness, and speed) and agility
enablers (collaborative relationships, process integration, information integration,
stakeholder sensitivity). Ambiguity and complexity in the characteristics of agility,
especially qualitative indicators, and the use of variables derived from experts'
experiential knowledge highlight the necessity of using fuzzy logic to analyze the
model's component information. By comparing the values obtained from the designed
ANFIS in two dimensions of agility with the agility factor matrix, the agility position
in the studied organization is located in the B region (potential agility). This
assessment informs managers about the gap analysis between the current and desirable
levels of agility, indicating that the organization is relatively well-equipped in terms
of agility infrastructure, and in the near future, a higher level of agility can be predicted
for its supply chain. Additionally, this research designs a dynamic model based on
state-space equations and transformation functions to observe and investigate the
dynamic behavior of supply chain agility over time. This model allows the
organization to predict agility levels for future periods. In the presence of a gap
between the current and desirable states, investments can be made to increase agility
levels.
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1. INTRODUCTION

In recent decades, the growing complexity and dynamism of urban environments have highlighted the need for rethinking
crisis management approaches and the role of emergency response organizations. One of the key concepts in this area is supply
chain agility, which refers to an organization’s ability to respond rapidly, flexibly, and effectively under uncertainty and turbulent
conditions [1]. Although initially developed in the context of manufacturing industries, the concept has been extended to the
public sector and humanitarian operations, including emergency response [2].

In urban crisis management, particularly in urban search and rescue (USAR) operations, the supply chain plays a crucial role
in ensuring access to resources, equipment, and information within the shortest possible time [3]. Emergency response
organizations operate in high-risk, uncertain environments, where the agility of their supply chains can determine the success or
failure of missions [4].

Research indicates that supply chain agility in emergency and disaster contexts encompasses factors such as flexibility in
procurement, speed of resource allocation, inter-organizational coordination, and the use of advanced information technologies
[5-6]. Moreover, megacities such as Tehran face unique challenges including population density, vulnerable infrastructure, and
frequent exposure to natural and man-made hazards, all of which intensify the necessity of modeling and assessing supply chain
agility within their emergency response systems [7-8].

Specifically, the Tehran Fire Department, as one of the city’s most vital USAR organizations, plays a critical role in responding
to emergencies such as fires, earthquakes, and urban accidents. Developing a framework for modeling the assessment of supply
chain agility in this organization could provide a pathway to improving operational performance, strengthening responsiveness,
and enhancing urban resilience in times of crisis [9].

2. LITERATURE REVIEW

The increasing frequency of urban disasters has necessitated the development of agile supply chain frameworks, particularly
in humanitarian contexts such as urban search and rescue (USAR) operations. The Tehran Fire Department serves as a pertinent
case study, given its critical role in emergency management. This literature review synthesizes existing research on supply chain
agility, particularly in the context of USAR, while identifying knowledge gaps and suggesting future research directions.

Agility in supply chains refers to the ability to respond swiftly and effectively to changing conditions. Singh et al. (2018)
explored the interaction of factors impacting resilience in humanitarian supply chains, highlighting the need for flexibility and
rapid decision-making in disaster scenarios. Their findings indicate that a resilient supply chain can significantly enhance the
effectiveness of humanitarian operations, but the specific mechanisms through which agility is cultivated remain under-
researched [10].

Similarly, Patel and Sambasivan (2021) provided a systematic review of supply chain agility literature, emphasizing the
importance of agility in managing disruptions. They noted that while theoretical frameworks exist, empirical studies focusing on
specific sectors like USAR are limited. This gap underscores the necessity for tailored research that addresses the unique
challenges faced by urban rescue organizations [11].

Various methodologies have been proposed for assessing supply chain agility. Vinodh et al. (2013) presented an agile supply
chain assessment model applied in the automotive components sector, illustrating a structured approach to evaluating agility.
The adaptability of such models to the context of USAR remains unexplored, indicating a potential avenue for future research
[12].

Alimardani et al. (2013) introduced a hybrid SWARA and VIKOR methodology for supplier selection in agile environments.
Their approach highlights the integration of qualitative and quantitative criteria, which could inform similar frameworks in
USAR settings. However, the application of these methodologies in emergency management contexts requires further
investigation to confirm their efficacy [13].

The integration of technology, particularly in Supply Chain 4.0, has been identified as a critical factor in enhancing agility.
Sobb et al. (2020) surveyed cybersecurity challenges within Supply Chain 4.0, suggesting that technological advancements can
facilitate quicker responses to emergencies. The potential for technology to bolster USAR operations is an area ripe for research,
especially concerning the operational realities faced by organizations like the Tehran Fire Department [14].

Kruijff et al. (2014) explored human-robot collaboration in urban search and rescue, demonstrating how technology can be
leveraged to enhance operational efficiency. Their findings suggest that integrating advanced technologies into traditional supply
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chain models can significantly improve agility. However, empirical studies that assess the impact of such integrations specifically
within USAR contexts remain sparse [15].

Effective risk management is crucial for maintaining supply chain resilience. Kumar and Anbanandam (2020) investigated
the impact of risk management culture on supply chain resilience in the Indian manufacturing sector, revealing that a robust risk
management framework can significantly mitigate disruptions. The application of similar risk management principles in the
context of USAR operations is an open question, as existing literature primarily focuses on commercial sectors rather than
humanitarian responses [16].

Dasaklis et al. (2017) highlighted the importance of emergency supply chain management during public health crises, such as
smallpox outbreaks. Their findings suggest that adaptability and preparedness are essential for effective emergency responses.
However, the intersection of these principles with urban rescue operations has not been sufficiently explored [17].

The literature on supply chain agility in humanitarian operations, particularly in urban search and rescue organizations,
highlights several critical insights while revealing significant gaps. As urban disasters continue to pose challenges globally,
future research must focus on developing tailored models and frameworks that enhance the agility and effectiveness of
organizations like the Tehran Fire Department. Addressing these gaps will not only contribute to academic discourse but also
improve practical outcomes in emergency management.

3. RESEARCH METHODOLOGY

The effort has been made to extract agility indicators in the supply chain by studying relatively comprehensive literature in
two domains: capabilities and enablers. These indicators are then presented as a conceptual model based on a logical pattern.
Generally, three types of questionnaires have been used in this research. The first questionnaire, designed as a fuzzy Delphi
technique, is used to extract the components of agility. The second questionnaire is designed for the validation of the conceptual
model and consists of 12 questions, a combination of open and closed-ended questions. The final questionnaire is designed to
measure agility components (inputs to ANFIS) in the studied organization and includes 16 closed-ended questions for design,
distribution, and collection. The questionnaires include an introduction to explain the research objectives and attempt to gain the
cooperation of respondents. Operational definitions of each concept are also provided in the relevant questions.

In this research, considering the characteristics mentioned for members of the expert group, the following steps were taken in
the statistical population.

1.3 Linguistic Variable Definition:

Experts were asked to express their agreement through linguistic variables. Since individuals' different characteristics affect
their mental interpretations of qualitative variables, by defining the range of qualitative variables, experts with the same mindset
responded to the questions. Fuzzy numbers corresponding to the linguistic variables used are shown in Table 1.

Table 1. Triangular fuzzy numbers and verbal variables

Fuzzy Number Linguistic Variable Triangular Fuzzy Number
1 No effect (0, 0, 0.25)
2 Very low impact (VL) (0,0.25,0.5)
3 Low impact (L) (0.25, 0.5, 0.75)
4 High impact (H) (0.5,0.75, 1)
5 Very high impact (VH) (0.75, 1, 1)

To convert fuzzy numbers from Table 1 into crisp numbers, the Mamdani's formula according to Equation (1) is
used [14]. In this equation, X represents the crisp value of the fuzzy number, m is the centroid triangular value, B is
the right domain, and o is the left domain.

X=m+B4;a @)

1.3. First-stage Survey

In this stage, the selected components were sent to the expert group members, and their level of agreement with
each component was obtained. Their suggested and corrective opinions were summarized. Considering the proposed
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options and linguistic variables defined in the questionnaire, the fuzzy average for each component was calculated
based on the following relationships [18].

4, = @P,a?,al),i=1,23,. 2)

Aave - (m1:m2'm3) = (_ i=1 gl)» Zl 1 gl)'_) Zl 1 gl)) (3)

In Equation (2), 4i represents the viewpoint of expert 7, and A, represents the average viewpoints of the experts.
ai, az, az are fuzzy triangular numbers.

1.4. Second-stage Survey

In this stage, while making necessary changes to the agility components, a second questionnaire was prepared.
It was sent again to the expert group members along with their previous opinions and the degree of difference from
the average opinions of others. The threshold is calculated using the following formula:

1
Amz @, 4m1) = 3 [(@m21 + Amaz + Am23) — (@m11 + Amiz + AGmaz)] 4)

Equation (4) represents the expert opinions in the second stage, where (am21,am22,am23) indicate the opinions of
experts in the second stage, and (aml11, am12, am13) represent the opinions of experts in the first stage. The
difference in opinions between the two stages is denoted by S (Am2, 4m1).

1.5. Neural-Adaptive Learning Techniques

These techniques prepare a method for fuzzy modeling to train information, finding membership function
parameters in a way that the fuzzy inference system leads to the best mapping from the input space to the output
space. The parameters of membership functions in this system are adjusted using the backpropagation method alone
or in conjunction with the least squares method. This allows us to train the system based on the information that
models an object. The inference system has four inputs representing collaborative relationships (el), process
integration (e2), information integration (e3), and sensitivity to stakeholders (e4). Its output is the level of supply
chain agility enablers [19].

To consider the time dimension in the model and observe changes in enablers and capabilities and their impact

on agility, dynamic system modeling can be performed. The changes resulting from the interaction of variables and
the identification of their future behaviors are examined in different time periods. The variables of influence level,
time of influence, decay time, and influence frequency are obtained based on expert opinions and in fuzzy values
using linguistic variables. If x exists and y exists, the effect of component i on J is considered linearly [19,20].
If there is an influence frequency (f) and y exists, the effect is considered quadratic. In a group opinion, some experts
express their views on the transformation function G(s). The transformation function G(s) models the Laplace
transform relationship between the input and output of each component. Since the number of experts is more than
one, group decision-making techniques, including averaging membership functions, are used to aggregate their
opinions to determine the final values of the G(s) function. Since the number of experts (n) has expressed opinions
about the parameters of the transformation function, the information must be unified for use in modeling and having
the transformation function. Suppose m experts have expressed fuzzy numerical opinions about one of the G(s)
parameters.

For modeling, the total opinions of these m experts about each of the parameters are summarized and calculated
in the form of a single opinion. To calculate the final membership function values for each element of the reference
set U, the following relationship is used for experts:

1
Krp = 21 Mij (5)
The final value of the desired parameter can be determined using the following relationship :
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— [#F1 HF2 HFn
VF_{xl'xz'““xn} 6)

Equation (6) is used to determine the final fuzzy value of the desired parameter, where V;is the fuzzification of
the parameter in relation to two elements, and u; is the final aggregated fuzzy value of experts' opinions about the
membership of element X; in the universal set.

After determining the aggregated fuzzy values from the experts' perspectives, the obtained values can be
defuzzified using one of the de-fuzzy/fuzzy elimination techniques. In this research, the center of gravity method is
used for fuzzy elimination, and the center of gravity formula is as follows:

I AN X

Z*
ANCT)

(7

This relationship is considered one of the most effective methods for fuzzy defuzzification [10 and 16]. To assess
the validity of the designed dynamic model, statistical tests can also be employed. In this method, selected experts
are asked to express their opinions on the output (agility) by considering various inputs (capabilities and agile
enablers) in specified time periods. Subsequently, the available opinions are compared with the actual outputs of the
designed system. For this purpose, the sign test can be used to compare the first community (expected results from
the experts' perspective) and the second community (output of the designed dynamic system). The first community
represents the expected results from the experts, and the second community represents the output of the designed
dynamic system. The statistical hypotheses in this test are described as follows.

Ho:py =
Hy:py # pp

If the P-value is greater than the significance level (o), the null hypothesis is not rejected, indicating that there is
no significant difference between the knowledge of the experts (55 individuals) in the supply chain agility domain
and the output of the designed system.

To determine the relationships between the system components and form Laplace transform functions, we need to
specify three parameters: the effectiveness (K), the time of impact (T), and the decay time (O).

To define the transfer functions between two components, the organization's experts were asked to answer the
following three questions:

1. What is the impact of enablers on agility capabilities?
2. Over what time frame do enablers affect agility capabilities?

3. In the absence of investment and the lack of agile enablers, how long does it take for agility capabilities to
decay?

To answer these questions, respondents were asked to determine the mutual effects of components using the
provided five-option linguistic model presented in Table 1. To calculate the final membership function values for
each element of the reference set U, experts used the relationship (8). Additionally, for defuzzification, to determine
crisp values for K, T, and ©, the center of gravity relationship was applied. By placing the values of K, T, and © in
the corresponding Laplace transform functions, the formulated dynamic model can be executed. The modeling and
execution of the dynamic model were performed in J2ME.

1

™ i1 Hij ®
The membership function of the elements of a fuzzy set A, denoted as A, is called the membership function of the

set A. The membership function of a fuzzy set is a mapping of the elements of set A to the interval [1 and 0] in a

HUrj =
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way that [1 and 0] — y: A. In general, any function that implements such a mapping can be used as the membership
function of a fuzzy set. The reason for using Gaussian functions is their differentiability, which is a requirement for
ANFIS systems [14]. Additionally, this category of functions, due to the variation in the parameter c or the standard
deviation, can open and close the capability, covering most values. A Gaussian membership function is defined as
follows:

gussian(x,o,c) = e X p(—(?)z) 9

In the above equation, c represents the center of symmetry and © determines the degree of openness of the
function. The Gaussian function has a smooth curve, and its parameters can be adjusted based on linguistic variable
features. The range of variations for input and output variables is defined between 0 and 1.

The training data consists of input/output data pairs used to model the target through the hybrid training technique.
Error Tolerance is utilized to set a goal for stopping the training process, directly related to the error size. When the
error of the training data falls within this error range, the training process stops. The training error is the difference
between the output value of the training data and the fuzzy inference system output corresponding to that training
data (inputs related to the outputs of the training data). The training error stores the root mean square error (RMSE)
for each training cycle related to the training dataset.

RMSEz\/%(Z (x — xg)? (10)

In the current research, the Mean Magnitude of Relative Error (MMRE) is employed for validating the target
model. MMRE is used to control the model's adaptability to data during and after a certain stage of training. After a
specific training stage, the model begins to adapt during the ongoing training. Typically, the model's error for the
validation dataset increases as training continues after the stage where adaptation begins. This serves as a
straightforward solution for detecting the overfitting phenomenon in the designed model (ensuring that the changes
in training and validation data are synchronized to witness the absence of overfitting in the system).

4. THEORY AND CALCULATIONS

The statistical assumptions to test whether there is a significant difference between the system output (community
one) and the expert opinions (community two) are as follows.

Ho:py = g
Hytpg # p

Considering o = 0.05 and utilizing the SPSS software, the P-Value was calculated as 0.071, which is greater than
the a level. Consequently, the null hypothesis Pae (HO) is not rejected, indicating that there is no significant
difference between the output of the designed ANFIS and the knowledge of experts. Therefore, after conducting the
second-stage survey and comparing the opinions presented in the first stage with the results of this stage, as the
difference between the two stages is less than the threshold (1.0 and 0), the survey process is halted [19]. To form
the decision-making group, experts ranked 13th and 14th were utilized, with 55 of them participating, and fuzzy
group decision-making techniques were used to integrate the obtained information. All 35 questionnaires used in
this stage were returned and of the interval type. Therefore, the geometric mean method was employed for
aggregating expert opinions for each of the questions.
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Fig. 1. Alignment of Tehran Fire Department's supply chain in the agility factors matrix.

The input values for the execution of the designed ANFIS models are determined. By comparing the calculated
values for the two dimensions of agility with the agility factors matrix (Figure 1), we conclude that, in terms of
location, the supply chain agility of the Tehran Fire Department is in region B.

5. CONCLUSION

In the case study, the agility position of the supply chain is in region B or Potential Agile. This indicates that the
organization, in terms of agile infrastructure or capabilities, is relatively well-positioned, and in the near future, a
higher level of agility can be predicted for the organization's supply chain. The designed dynamic model, based on
state-space equations and transformation functions in the Laplace domain, provides organizations and their
managers with the ability to predict the level of agility for future periods by considering current capabilities and
structures of their organizations. If there is a gap between the current status and the desired status, they can invest
and focus on enhancing capabilities to increase agility. It is worth mentioning that to determine the desirable level
of agility, one must consider agility drivers, including six important categories: social and legal factors, business
networks, competitive environment, stakeholders' needs, technology, and internal performance drivers. Therefore,
leveraging organizational strengths based on environmental opportunities will progressively elevate the Tehran Fire
Department's organizational agility, measurable according to the parameters of the research model.

6. RECOMMENDATIONS

As a suggestion for future research, investigating the conditions of uncertainty in the implementation of the
educational improvement budget and the system's effects on the agility of the supply chain and support in the Tehran
Fire Department can be considered.
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