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Environmental pollution has become a major issue in today’s world, and controlling it is crucial for the sustainable development of our planet. Industries play a significant role in environmental pollution, and their impact must be controlled and minimized. In this paper, we present a novel approach, the complex intuitionistic fuzzy ELECTREE method (CIF–ELECTREE), for environmental impact assessment of industries. The method combines the principles of CIF sets and the ELECTREE method to provide a comprehensive and reliable assessment of the environmental impact of industries. The proposed method has been applied to real-world data, and the results obtained demonstrate the effectiveness of the CIF–ELECTREE method in controlling and reducing the environmental impact of industries. The results show that the CIF–ELECTREE method can provide a more accurate assessment of the environmental impact of industries compared to traditional methods. This study contributes to the existing literature by introducing a novel approach for environmental impact assessment and highlights the importance of considering both the uncertainty and vagueness in real-world data for reliable decision making.
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1 INTRODUCTION
Multi-attribute and multi-criteria decision making plays a crucial role in everyday life as well as in many complex decision-making scenarios. These techniques are used to make informed decisions based on multiple objectives, criteria, and attributes, which helps in taking into account the trade-off between conflicting goals. For example, in personal life, multi-attribute decision making is often used when making choices such as buying a car, choosing a school, or purchasing a home. These decisions require weighing multiple factors such as cost, location, quality, and personal preferences, and therefore, multi-attribute decision making provides a useful framework for making such choices. In business and other organizations, multi-criteria decision making is frequently used in decision-making scenarios such as selecting suppliers, choosing a marketing strategy, or making investment decisions. These decisions often involve multiple objectives that must be considered, such as financial performance, customer satisfaction, and environmental impact. Despite the importance of multi-attribute and multi-criteria decision making, the process of making decisions based on multiple factors is often difficult due to the complexity of the data and the uncertainty surrounding the information. In many cases, the information used in decision making is incomplete, uncertain, and ambiguous, making it difficult to reach a reliable conclusion. Additionally, conflicting criteria and objectives can lead to trade-offs that are difficult to reconcile. To overcome these difficulties, the use of multi-attribute and multi-criteria decision making in the context of fuzzy set theory provides a useful framework for representing and handling uncertainty and ambiguity in decision-making problems. This allows for a more robust and informed decision-making process, taking into account the trade-off between conflicting objectives and criteria.
The process of making decisions is becoming more difficult as a consequence of the ambiguity that exists in the information, particularly when the data are accessible in a crisp form. In order to accomplish this goal, Zadeh invented the fuzzy set (Zadeh et al., 1996), and the philosophy behind fuzzy sets is an important consideration when it comes to making decisions in the face of ambiguity. He devised the membership grade as a defense mechanism against uncertainty. The development of mathematics has reached an all-time high thanks to fuzzy theory, since it is so useful in decision making. Many researchers work on fuzzy theory. For example, fuzzy theory has been used to improve digital mammography (Hassanien and Badr, 2003), play a big role in pharmacology (Sproule et al., 2002), create a system to help make decisions about nitrogen fertilizer (Yu et al., 2018), develop a system for risk assessment (Ebadi and Shahraki, 2010) and audit detection (Chang et al., 2008), and look at the social factors of migrant workers with HIV/AIDS (Kandasamy and Smarandache, 2004). The FSDEs (Jafari et al., 2021) are used in real-world systems such as those found in economics and finance, where the phenomena are tied to randomness and fuzziness as two separate forms of uncertainty. However, there are certain limitations to Zadeh’s fuzzy sets. For example, when there are more than two alternative values to address uncertainty, the method does not function well.
It has been found that intuitionistic fuzzy sets (IFSs), which were first introduced by Atanassov (1986), Atanassov (1989), and Atanassov (1999), are among the best higher-order fuzzy sets for dealing with ambiguity. In situations in which the information at hand is insufficient for the precise definition of an imprecise concept using a traditional fuzzy set, the idea of an IFS can be viewed as an alternative method for defining a fuzzy set. This can be performed by considering the concept of an IFS as an alternative approach to defining a fuzzy set. IFS theory may be thought of as a broader version of the original fuzzy set theory. Consequently, it is anticipated that IFSs might be used to imitate human decision-making processes and other tasks involving human experience and knowledge (Li, 1999; Li, 2003) which are inherently imprecise or unreliable. The idea of ambiguous sets was first described in the work of Gau and Buehrer (1993). Burillo and Bustince (Dengfeng and Chuntian, 2002; Xiao and Pedrycz, 2022) showed that the concepts of IFSs and ambiguous sets are synonymous with one another. Some operations on IFSs were defined by De et al. (2000). Szmidt and Kacprzyk (2000) studied the distances between IFSs. Szmidt and Kacprzyk (1996) and Szmidt and Kacprzyk (1997) considered the use of IFSs for building soft decision-making models with imprecise information. They proposed two solution concepts: the intuitionistic fuzzy core and the consensus winner for group decision making utilizing IFSs.
In terms of membership functions, making crisp sets into fuzzy sets is the same as making a set of integers into a set of real numbers. Changing the range of the membership function from {0, 1} to [0,1] is the same as changing I to R. Obviously, the development of numbers did not stop with the introduction of the real number system. In the past, we started with real numbers and then added complex numbers to their range. As a result, this modification might be the starting point for future work in fuzzy set theory. In the context of fuzzy set theory, a complex fuzzy set is the result of this kind of extension; it is a fuzzy set that differs from other fuzzy sets by having a membership function that accepts values in the complex number range. The theories that have been proposed by Ramot et al. have examined the decision-making problems that arise when using the fuzzy set and its generalizations, which can only deal with the ambiguity and uncertainty present in the data. These cannot account for the differences in data at a given moment. For this reason, Ramot et al. (2002) looked into the CFS, whereby the degree of membership is a complex integer that belongs to a unit disc on a complex plane. A complex fuzzy set (CFS) processes the data in a single set, which is just two dimensions deep. Despite the fact that Nguyen et al. (2000) were the ones to first propose a CFS, Ramot et al.’s conceptual space is more accommodating to decision makers. Over the last several years, the CFS has received a lot of research and media coverage. CFS operations (Zhang et al., 2009), power aggregation operators (Hu et al., 2019), and continuity of complex fuzzy operations (Hu et al., 2018) all had different operation features and distance measures. (Li and Chiang (2012) proposed a method through the use of CFSs for conducting the dual-output forecasting experiments (Xiao et al., 2022) with real-world financial time series, such as the Dow Jones Industrial Average, the Taiwan Stock Exchange Capitalization Weighted Stock Index, and the National Association of Securities Dealers Automated Quotation System.
In light of the significance of similarity measures (SMs), many researchers have recently opted for SMs based on the fuzzy set (FS) (Beg and Ashraf, 2009), CFS (Bi et al., 2019; Xiao, 2020a), and hesitant fuzzy set (HFS) (Xu and Xia, 2011). However, when a decision maker assigns membership grades in the form of groups, the complex values render the existing measures inadequate. In this work, the authors establish a complex intuitionistic fuzzy set (CIFS), a hybrid of the IFS and CFS , to deal with such problems while retaining the benefits of the SMs. Complex-valued membership degrees are presented in a polar form in CIFS theory. When a decision maker is presented with a set of data that only has two dimensions, all of the available theories, including the fuzzy set and CFS, perform admirably.
Benayoun et al. (1966) were the pioneers of the ELECTREE technique. The original inspiration for its core notions of concordance, discordance, and outranking was drawn from practical use cases. In addition, it uses concordance and discordance indices to examine the ordering of options. Energy (Beccali et al., 1998; Xiao, 2022), environment or water management (Ahrens and Kantelhardt, 2009), finance (Doumpos and Zopounidis, 2001), and decision analysis (Almeida, 2005; Xiao, 2020b) are just some of the domains where ELECTREE methodologies have been put to use. We have already shown that the ELECTREE technique, one of the most well-known outranking models, may be used to address the multi-criteria decision making (MCDM) issue. This approach is excellent because of its obvious logic, but it has been used in very little CIFS research. The ELECTREE technique involves contrasting potential solutions head-to-head in light of the decision maker’s own evaluations of the available options. Relationships of concordance, discordance, and superiority are of interest to this methodology. In this study, we provide a novel approach to using the ELECTREE technique in CIF systems, making it possible to solve MCDM issues there. People may use the CIFS to express uncertain scenarios in a decision-making dilemma, and its features are concerned with the degree of membership, the degree of complex membership, the degree of non-membership, the degree of complex non-membership grades, and the intuitionistic index all at once. In the ELECTREE assessment process, decision makers use CFS data with several values rather than a single value, and they are provided CFS data with multiple criteria to choose from.
The rest of the paper is organized as follows: In Section 2 we define some fundamental preliminaries, basic operations, and properties, and the construction of the CIF decision matrix is described. In Section 3, the proposed complex intuitionistic fuzzy ELECTREE method is described briefly along with the algorithm. In Section 4, the case study of the paper is discussed. Last, in Section 6, we discuss the paper’s final findings and conclusions.
2 PRELIMINARIES
Definition 2.1. Suppose we have a finite universal set M such that M = {m1, m2, m3, …mn}; then, an IFS B in M is defined in the following form:
[image: image]
where the functions [image: image] and [image: image] describe the degree of non-membership and degree of membership, respectively, of the given element mk ∈ M to the set B ⊆ M, and for each mk ∈ M,
[image: image]
Definition 2.2. A set C of the form given below defined upon M universal set is called as the CFS.
[image: image]
where
[image: image]
are the representation of the complex-valued certainty grade generally, which is subset of the unit disc in a complex plane having condition [image: image].
Definition 2.3. A CIFS W defined on the universal set M is given as follows:
[image: image]
where [image: image] and [image: image] are complex-valued non-membership and membership functions, respectively, and [image: image], and [image: image] such that [image: image], and [image: image] and [image: image]. We can also denote the CIFS W as
[image: image]
2.1 Some basic operations upon the intuitionistic fuzzy set and complex intuitionistic fuzzy set We considered

[image: image]
as the intuitionistic index of the member mk in the set M. This is the degree of indeterminacy membership of the element mk to the set M. It is sure that for each [image: image].
The operations of the IFS (Atanassov, 1986; Atanassov, 1989; Atanassov, 1999) are given as follows. For every B, C ∈ A-IFS (M),
(1) B ⊂ C if [image: image] and [image: image].
(2) B = C if B ⊂ C and C ⊂ B.
(3) [image: image].
(4) [image: image]
[image: image]
where [image: image] is the normalized Euclidian distance between A and B.
Definition 2.4. Let [image: image] and [image: image] be the two CIFSs defined upon H. Then, we can say that
(1) [image: image].
(2) H ⊆ W if [image: image] and [image: image].
(3) H = W if H ⊆ W and W ⊆ H.
(4) [image: image].
(5) d(H, W) =
[image: image]
2.2 Construction of the complex intuitionistic fuzzy decision matrix
A decision matrix may be used to represent an MCDM problem in which each element represents the evaluation or value of the kth alternative [image: image] in relation to the nth criteria [image: image]. We extend the canonical matrix format to a CIF decision matrix P in this study. In other words, decision makers are expected to assign the non-membership and membership degree based on their perspectives and encapsulate the extent to which the alternative [image: image] fulfils the criterion [image: image]. They can offer evaluation data for each criterion’s options. Let M be the MCDM issue setting’s discussion universe, including the decision criteria. The set of all criteria is shown as C = {c1, c2, c3, …, cn}. A CIFS Gk of the kth alternative on M is given as Gk = {⟨ml, Mkl⟩|ml ∈ M}, where [image: image], where [image: image] and [image: image] are complex-valued non-membership and membership functions, respectively, and [image: image], and [image: image] such that [image: image], and [image: image] and [image: image], and also denotes the degree of membership and non-membership of the kth alternative [image: image] in relation to the nth criteria [image: image] such that [image: image] and k = 1, 2, 3, …m and l = 1, 2, 3, …, n. The CIF decision matrix, [image: image], is described as follows:
[image: image]
The decision makers assign a set of grades of importance, [image: image], because it is impossible to assume that all factors are equally important. An IFS [image: image] in M is defined as follows:
[image: image]
such that [image: image] and [image: image], and [image: image] is the grade of reliability that is given to each criteria, which we can also be said as the weight of each criteria. In order to build the CIF decision matrix, the decision maker must pay four times to acquire the assessed data: twice for the degrees of membership and twice for the non-membership data. In terms of mathematics, the interval-valued fuzzy set (IVFS) theory and the IFS theory are interchangeable (Deschrijver and Kerre, 2003; Dubois et al., 2005; Montero et al., 2007). Due to the restriction of the total of membership and non-membership degrees, the decision maker’s assessment using IVFS data is simpler than that with CIF data. The collection of all closed subintervals of [image: image] is represented by interval [image: image]. A complex interval value intuitionistic fuzzy set (CIVFS) Gm of the kth alternative on M is given as Gk = {⟨ml, Mkl⟩|ml ∈ M}, where Mkl: M → Int[image: image] such that [image: image]. The probable level at which the alternative Gk meets the requirement ml is indicated by Mkl. [image: image] and [image: image] are the upper and the lower bounds, sequentially, of the aforementioned interval Mkl.
Starting at the beginning of the closed interval [image: image], the decision maker considers each option. Suppose [image: image], and [image: image] such that [image: image]. A complex interval can be mapped into the CIFS, i.e., [image: image]. The idea that the CIFS and CIVFS are mathematical equivalents may be used to convert CIVF data into CIFS data. Additionally, a decision maker must assess a lot of information using CIVFS data, making it difficult to compile all available options based on their expertise and experience. Decision makers may provide ranking and incomplete or missing data and convert it into CIF data. The approach determines the number of alternatives that are categorically better and worse than a given option. Given that not all options may be rated in accordance with a criteria, it permits partial ordinal data. We create two functions, [image: image] and [image: image], for each Gm with regard to ml in order to account for missing data or non-comparable results. Let [image: image] represent the number of alternatives that are unquestionably worse than Gm, such as G1, G2, …, Gm−1, Gm+1, Gm+2, …, and Gm, while [image: image] indicates the number of alternatives that are unquestionably superior than Gm, such as G1, G2, …, Gm−1, Gm+1, Gm+2, …, and Gm. The following are the levels of non-membership and membership, respectively:
[image: image]
[image: image]
3 ELECTREE METHODS BASED ON COMPLEX INTUITIONISTIC FUZZY DATA
The CIF–ELECTREE technique (with the algorithm) and concordance and discordance sets are introduced in this section. For numerical examples, we will utilize the CIF–ELECTREE method algorithm. Binary outranking relations are used to simulate ELECTREE procedures; the connection is constructed by the decision maker and need not be transitive. Non-dominant alternative partial ordering is enabled by the connection. For each pair of alternatives x and [image: image], and [image: image], each criterion can be divided into two separate subsets. The concordance set Axy of Gx and Gy includes all of the criteria for which Gx is preferable to Gy. We can also say that Axy = {l|mxl ≥ myl}, where L = {l|l = 1, 2, 3, …, n}. The discordance set, which is a complementary subset, is Bxy = {l|mxl < mxy}. The concepts of scoring function, accuracy function, and complex intuitionistic index are used in the proposed CIF-ELECTREE technique to categorize various concordance and discordance sets, and concordance and discordance sets are used to generate concordance and discordance matrices, respectively. Using the ideas of optimum and non-optimum points, decision makers may select the optimum option.
3.1 Discordance and concordance sets
The ideas of scoring function, accuracy function, and hesitant degree of the CIF value allow us to evaluate many alternatives to their CIF values. When two alternatives have the same score degree, the better option has a higher score degree or a higher accuracy degree. A greater accuracy degree denotes a lower hesitation degree, and a higher score degree denotes a bigger membership degree or a smaller non-membership degree. With the principles of the score function and accuracy function, we categorize various concordance sets as “concordance sets,” medium concordance sets,” and “weak concordance sets.” The discordance set, intermediate discordance set, and weak discordance set are further terms for the many sorts of discordance sets. The score function was developed by Chen and Tan (1994) to measure how well an option meets a decision maker’s needs. Suppose [image: image] is an CIF value such that [image: image] and [image: image] such that [image: image], and [image: image] and [image: image]. We can evaluate the score function [image: image] as [image: image]. Although a higher [image: image] score correlates with a higher CIF value Mkl, we are unable to compare alternatives with equal scores. In order to assess the level of accuracy of ambiguous values, Hong and Choi (2000) introduced the accuracy function. The accuracy function [image: image] can be used to assess how accurate Mkl is. The degree function [image: image] is evaluated as [image: image]. The correctness of the CIF value membership grade increases with an increase in the value of [image: image]. We may infer from (2) and the accuracy function that a lower hesitation degree [image: image] correlates with a greater accuracy degree [image: image]. As said previously, the concordance set Axy of Gx and Gy includes all of the criteria for which Gx is preferable to Gy. We calculate it with the principles of the score function and accuracy function and a hesitant degree for the classification of the concordance sets of CIF. It is possible to formulate the concordance set Axy as follows:
[image: image]
where L = {l|l = 1, 2, 3, …, n}, a higher degree of accuracy translates to a lower degree of hesitation, a higher score translates to a higher CIF value, and Eq. 10 is more concordant than Eq. 11 or Eq. 12.The midrange concordance set [image: image] is defined as follows:
[image: image]
The hesitancy degree is the main distinction between Eq. 10 and Eq. 11; in the midrange concordance set, the hesitancy degree at the xth alternative with regard to the lth criterion is higher than at the yth alternative with respect to the lth criterion. Thus, Eq. 10 is more quadrant than Eq. 11.The least concordant set is given as follows:
[image: image]
Eq. 11 is more concordant than Eq. 12 because the degree of non-membership at the xth alternative with respect to the lth criteria in the weak concordance set Eq. 12 is greater than the degree of non-membership at the yth alternative with respect to the lth criteria.
The discordance set consists of all criteria where Gx is inferior to Gy. Using the aforementioned principles, the discordance set Bxy can be expressed as follows:
[image: image]
The middle discordant set is defined as follows:
[image: image]
Eq. 13 is more discordant than Eq. 14. The least discordant set is given as follows:
[image: image]
Eq. 14 is more discordant than Eq. 15.
We use the idea of discordant and concordant sets to compute matrices of concordant and discordant and the CIF–ELECTREE technique to calculate the aggregate dominance matrix. We then select the optimal option.
3.2 The complex intuitionistic fuzzy ELECTREE method
The CIF–ELECTREE technique is a combination of the CIFS and ELECTREE methods using evaluation data. The concordant index is a way to figure out the worth of the concordance set of the CIF–ELECTREE method. The concordance index is equal to the sum of the weights for the criteria and relationships in the concordance sets. So, for this paper, the concordance index [image: image] between Gx and Gy is as follows:
[image: image]
where [image: image], [image: image], and [image: image] are the weights of the least, middle, and the concordance sets, respectively. The [image: image] is the weight of the defined criteria already defined in (7). Based on how much weight is given to each successive decision criterion, the concordance index shows how much more important one alternative choice is than another. Here is how we characterize the [image: image] concordance matrix:
[image: image]
where the highest possible value of [image: image] is represented by the symbol [image: image], which stands for the positive ideal point, and a larger value of [image: image] implies that Gx is preferred over Gy.
A certain Gx has lower ratings than an alternative Gy. Here, we provide a formal definition of the discordance index:
[image: image]
where [image: image] is defined in Eq. 5 and [image: image] is equal to [image: image], [image: image], or [image: image] depending on different classification of discordance sets. These sets have the settings for light discordance, medium discordance, and heavy discordance, in that order.
Here is how we characterize [image: image], the matrix of discordance:
[image: image]
where [image: image], the negative ideal point, is the highest value of [image: image], and a bigger [image: image] value means that Gx is less desirable than Gy.
The way to figure out the concordance dominance matrix is based on the idea that the best choice is the one that is closest to the positive ideal solution. This is how the concordance dominance matrix [image: image] is defined:
[image: image]
where
[image: image]
It means how far away each potential option is from the optimum answer. If [image: image] is larger than zero, then Gx is less preferable than Gy. The discordance dominance matrix [image: image] is used to find the best option based on the idea that it should be the most different from the negative ideal solution. For anyone interested, this is how we characterize [image: image] in the discordance dominance matrix:
[image: image]
where
[image: image]
This describes how to distinguish each alternative from the negative optimum point. For Gx to be preferred over Gy, [image: image] must increase.
The distance from both negative and positive optimal points can be used in the aggregate dominance matrix decision procedure to rank the many possibilities. The definition of the total dominance matrix [image: image] is as follows:
[image: image]
where
[image: image]
such that [image: image] and [image: image] are as defined in Eq. 23 and Eq. 21, respectively, and the degree to which a solution is near is optimal, denoted by the symbol [image: image]. When comparing two options, if [image: image] for option Gx is larger than that for option Gy, it means Gx is more optimal since it is closer to the positive ideal point and further from the negative ideal point. Choosing the most appropriate alternative procedure is defined as follows:
[image: image]
and [image: image] is the final evaluation. [image: image] allows for the ranking of all alternatives under consideration. The optimal solution [image: image] may be constructed and defined as follows: [image: image] is the distance from the positive ideal point and the maximum distance from the negative ideal point, which is defined as follows:
[image: image]
where the best alternative is [image: image].
The CIF–ELECTREE method is described here as a new MCDM method for making decisions. It combines the CIFS and ELECTREE techniques with assessment data. The algorithm for the suggested method will be built in three separate steps: evaluation, aggregation, and selection. In the assessment phase, decision makers use the CIFS to choose relevant criteria, recognize alternatives (with varying weights assigned to various criteria), and establish a decision matrix based on the assessed data. During the aggregation phase, we use the suggested method to build concordance and discordance dominance matrices by comparing each option to the others to confirm the dominance connection. After that, we calculate a matrix that represents the overall dominant structure. The CIF–ELECTREE technique is used during the selection phase to determine which option is the best and to rank the options in the order of preference.
Algorithm: The CIF–ELECTREE method’s algorithm and decision-making process may be summed up in the following eight phases:
Step (1). We can use evaluation data to build the choice matrix and include input from decision makers in the form of CIF values or comparisons between options. There are three substeps inside this larger phase.
(1) We can select the problem-specific criteria and non-inferior alternatives; various MCDM issues need different criteria. Most criteria may be classified as either subjective or objective. The decision makers find and take into account potential options.
(2) We can obtain a scorecard with relative weights for various factors to consider. With the help of Eq. 7, [image: image], we can figure out how important each criterion is.
(3) Decision makers gather cardinal information and use it to build an CIF decision matrix [image: image], Eq. 6. If the people making decisions give us some baseline information, we can use transformations Eq. 8 and Eq. 9 to come to some good conclusions.
Step (2). We can use the scoring function, the accuracy function, and the degree of hesitation of the CIF value to tell the difference between the different concordance and discordance sets. Using Eqs 10–15, we can obtain the chi-squared values Axy, [image: image], [image: image], Bxy, [image: image], and [image: image] for paired comparisons of alternatives to be chosen.
Step (3). We can determine the matrix [image: image] of concordance by combining the definitions of the various types of concordance sets and their weights given in Eq. 16 and Eq. 17.
Step (4). Here is how to figure out matrix [image: image] of discordance: the matrix of discordance index is the result of the different types of discordance sets and their weights, as shown in Eq. 18 and Eq. 19.
Step (5). We can assemble the dominance matrix [image: image] of concordance, whereby its index is calculated as the difference between the concordance matrix’s maximum index and its own index, as described by Eqs 20, 21.
Step (6). We can construct the dominant matrix [image: image] discordance, whose index is the difference between the discordance matrix’s maximum index and its own index, as stated by Eqs 22, 23.
Step (7). The indices of the dominant matrices of concordance and discordance, defined in Eq. 24 and Eq. 25, respectively, are used to form the aggregate dominant matrix [image: image].
Step (8). We can pick the optimal solution: the sum of the evaluation’s final values using Eq. 26 and Eq. 27. All possible options are ranked, and the one with the highest score is deemed the best.
4 CASE STUDY: THE ENVIRONMENTAL IMPACT OF THREE INDUSTRIES
Introduction: This case study aims to compare the environmental impact of three industries: oil and gas, coal mining, and paper manufacturing. These industries have been selected as they are known to have a significant impact on the environment, and the study will focus on four common criteria: air pollution, water pollution, land degradation, and waste generation.
Oil and gas industry: The oil and gas industry is known to have a significant impact on air pollution, primarily due to the emissions from drilling and transportation. The burning of fossil fuels also contributes to the release of greenhouse gases, which contribute to climate change. In addition, oil spills and leaks can cause water pollution and damage to marine life. The industry also requires large amounts of water for extraction, which can put a strain on local water resources. However, the industry also creates jobs, income, and energy resources that are important for the human economy.
Coal mining industry: The coal mining industry is known to cause land degradation, as the process of extracting coal requires the removal of large areas of land, including forests and wildlife habitats. This can also lead to soil erosion and landslides. The burning of coal also contributes to air pollution and the release of greenhouse gases. The industry also generates large amounts of waste, including coal ash and slurry, which can contaminate water resources.
Paper manufacturing industry: The paper manufacturing industry generates large amounts of waste, including wood waste and chemical by-products. The industry also requires large amounts of water for production, which can put a strain on local water resources. The production of paper also contributes to air pollution, primarily due to the emissions from the burning of fossil fuels used in the production process. The industry also causes deforestation which is one of the major causes of land degradation and loss of biodiversity.
Conclusion: All three industries have a significant impact on the environment, with the oil and gas industry primarily affecting air pollution, the coal mining industry primarily affecting land degradation, and the paper manufacturing industry primarily affecting waste generation. It is important to note that the study is based on the common criteria only, and there are many other factors that should be considered when evaluating the environmental impact of an industry. It is important to find a balance between economic development and environmental protection and to implement sustainable practices in these industries to minimize their impact on the environment.
4.1 Numerical example
Phase (1):
(1) Taking expert advice into account, we consider the four criteria listed as follows: c1(air pollution), c2(water pollution), c3(land degradation), and c4(waste generation) in the problem. As an alternative, we consider the following industries: I1, I2, and I3.
(2) In the end, it is up to the specialists making the decisions to give each factor a subjective value [image: image] as [image: image].
(3) The specialists making the decisions to give each factor a relative value [image: image] as; [image: image].
Given the CIVF decision-making matrix [image: image], the CIF matrix decision with cardinal information is changed.
[image: image]
[image: image]
Phase (2). Using the outcomes of Steps 1–3, we determine which sets exhibit concordance and which exhibit discordance.
The concordance set compiled using Eq. 10 is given as follows:
[image: image]
where in matrix Axy, the first element of A31 = (3, 3) present in the third (horizontal) row and first (vertical) column represents the simple membership concordant, and the second element represents the complex membership concordant. A11 = (−, −) is empty.
The midrange concordance set compiled using Eq. 11 is given as follows:
[image: image]
The weak concordance set compiled using Eq. 12 is given as follows:
[image: image]
The discordance set compiled using Eq. 13 is given as follows:
[image: image]
The midrange discordance set compiled using Eq. 14 is given as follows:
[image: image]
The least discordance set compiled using Eq. 15 is given as follows:
[image: image]
Phase (3). The concordance matrix [image: image] compiled using Step (3) is given as follows:
[image: image]
For example, [image: image] [image: image].
Phase (4). The disconcordance matrix [image: image] compiled using Step (4) is given as follows:
[image: image]
For example, [image: image], where [image: image], [image: image], [image: image], and [image: image] and [image: image], [image: image], [image: image], and [image: image].
Phase (5). The dominant concordance matrix [image: image] compiled using Step (5) is given as follows:
[image: image]
Phase (6). The dominant discordance matrix [image: image] compiled using Step (6) is given as follows:
[image: image]
Phase (7). The aggregate dominant matrix [image: image] compiled using Step (7) is given as follows:
[image: image]
Phase (8). The best alternative using Step (8) is chosen as follows:
[image: image]
The optimized order of alternatives is given as [image: image].
5 COMPARISON ANALYSIS
So far, we have compared the suggested technique to the intuitionistic ELECTREE method (Benayoun et al., 1966). We look at the five options [image: image] and decide which one is best by giving each one a weight [image: image] based on four standard criteria [image: image].
The relative weights of the criteria are given as [image: image].
The intuitionistic fuzzy decision matrix [image: image] is given as follows:
[image: image]
The concordance set compiled using Eq. 10 is given as follows:
[image: image]
The midrange concordance set compiled using Eq. 11 is given as follows:
[image: image]
The weak concordance set compiled using Eq. 12 is given as follows:
[image: image]
The discordance set compiled using Eq. 13 is given as follows:
[image: image]
The midrange discordance set compiled using Eq. 14 is given as follows:
[image: image]
The least discordance set compiled using Eq. 15 is given as follows:
[image: image]
The concordance matrix [image: image] compiled using Step (3) is given as follows:
[image: image]
The disconcordance matrix [image: image] compiled using Step (4) is given as follows:
[image: image]
The dominant concordance matrix [image: image] compiled using Step (5) is given as follows:
[image: image]
The dominant discordance matrix [image: image] compiled using Step (6) is given as follows:
[image: image]
The aggregate dominant matrix [image: image] compiled using Step (7) is given as follows:
[image: image]
The best alternative using Step (8) is chosen as follows:
[image: image]
The optimized order of alternatives is given as [image: image].
Table 1 provides a comparison of the final assessments of the suggested approach to those of another technique.
TABLE 1 | Comparison table.
[image: Table 1]6 CONCLUSION
In this study, we proposed a CIF–ELECTREE and TODIM method to evaluate the ranking of different alternatives discussed under the available criteria. In the proposed ELECTREE method, for the selection criteria of the optimum alternative, we use the relative weights of the criteria given by the decision makers to construct the discordant and discordant matrices. The complex intuitionistic concept of “fuzzy distance” is used to determine the distance of each point from the positive and negative optimum points. While the CIFS, which is made up of membership and non-membership functions represented by a set of possible values, is a new way to express human uncertainty in everyday life, in this paper, we also propose a new method, called the CIF–TODIM method, for solving MCDM problems with uncertain fuzzy information. The best thing about the CIF–TODIM method is that it can deal with decision-making problems in which CIFEs show how alternatives rank on each criterion while also taking into account how the decision makers (DMs) act psychologically. The proposed complex intuitionistic fuzzy ELECTREE and TODIM methods are effective in dealing with the issues of decision making in ambiguous and complex situations. The proposed approaches are effective as they allow for multi-attribute decision making with multiple criteria and also allow us to visualize the membership grades in dual dimensions (2D). In this study, CIF–ELECTREE and TODIM methods are used along with four criteria to figure out how different sectors affect the environment. In conclusion, the CIF–ELECTREE and TODIM methods have different strengths and can be used in different decision-making situations depending on the issue and the preferences of the person making the decision. However, in the future, researchers may use complex IFSs in fields as different as weather forecasting, fuzzy time series forecasting, and data analysis, in addition to studying how they might be used in MADM.
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