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 The development of agriculture is closely linked to technology and 
innovation. Drones have become a practical tool that helps 
improve agricultural production. This research focuses on 
choosing the spraying drone with the best features for the company 
Agricultural goods Semberija. A multi-criteria decision-making 
process based on expert opinions was used to evaluate eight 
different drones across ten criteria. The fuzzy SiWeC (Simple 
Weight Calculation) method was applied to determine the 
importance of each criterion, showing that all criteria were 
similarly important in the decision-making process. To select the 
best drone, the fuzzy COmpromise Ranking from Alternative 
SOlutions (CORASO) method was used. The results show that the 
DJI Agras T30 drone has the best features and is the preferred 
choice for purchase. These findings were confirmed by further 
comparative and sensitivity analyses. This study highlights the use 
of new methods for selecting equipment in agriculture.  
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1 Introduction  

 

Every field tends to modernize and adopt innovations, with technological advances playing a key role. 
These innovations are crucial for improving competitiveness [1]. Agriculture, as the oldest industry, has 
evolved over time [2], and today, many innovations focus on increasing the productivity and efficiency of 
farming [3]. Technology is becoming more integrated into agricultural processes, with a growing emphasis on 
the development of Farming 4.0 [4] and smart agricultural practices.  

One example of this technological expansion is the use of drones in agriculture [5]. Drones, or unmanned 
aerial vehicles [6], can perform various tasks on farmland. They are used for spraying crops, scattering seeds, 
and applying herbicides and pesticides from the air [7]. However, the adoption of drones in agriculture has 
followed the progress of information and telecommunication technology (ITC). Future technological 
advancements will likely lead to the automated use of drones in farming, incorporating machine learning [8] 
to further develop smart agriculture [9]. To successfully integrate drones into farming, farmers need training 
and a basic understanding of ITC [10]. Continuous learning is essential to enhance human capital in agriculture 
[11], which is as important as the equipment itself in boosting productivity.  

There are many drones available to farmers on the market. To choose the one that best fits their needs, it’s 
important to evaluate the options and select the drone that aligns with the goals of agricultural production. 
Since numerous factors need to be considered when selecting a drone, a multi-criteria decision-making 
(MCDM) process is used to identify the best choice, based on specific criteria. If one drone clearly meets all 
the criteria, the decision becomes straightforward, and further analysis may not be necessary [12]. However, 
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this is rarely the case in practice. It is challenging for a single option to be the best in every category [13]. As 
a result, a compromise is often needed in the decision-making process [14-15], where the drone with the best 
overall performance across all criteria is selected. 

To make such decisions, various MCDM methods are used. There are many such methods in theory and 
practice, each with its own unique steps and characteristics [16]. To make the process simpler, the methods 
used should involve fewer steps, be easy to apply, and offer flexibility [17]. For this reason, a new MCDM 
method called COmpromise Ranking from Alternative SOlutions (CORASO was developed in this research. 
This method ranks the alternatives based on how close or far they are from the best or worst values for certain 
criteria, calculating the deviation of each alternative and determining the final ranking.  

Unlike methods such as Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) [18], 
Measurement of Alternatives and Ranking according to COmpromise Solution (MARCOS) [19] or 
Compromise Ranking of Alternatives from Distance to Ideal Solution (CRADIS) [20], the CORASO method 
involves fewer steps and offers simpler calculations, similar to the Additive Ratio Assessment (ARAS) [21] 
and Simple Additive Weighting (SAW) [22] methods. However, unlike ARAS, which only considers the 
deviation from the best alternative values, CORASO also takes into account deviations from the worst 
alternative values. This dual approach offers new insights for the further development of MCDM methods. 

To select a drone for the company "Agricultural Goods Semberija" (AG Semberija), decision-makers' 
evaluations of both the importance of criteria and the performance of the drones will be used. A combination 
of methods is required for this, so in addition to the CORASO method, the Simple Weight Calculation (SiWeC) 
method will be used to determine the weight of the criteria. This is a relatively new method for subjectively 
determining the importance of criteria, and its use is further promoted in this research. A key advantage of 
SiWeC is that it simplifies the decision-making process, requiring decision-makers to evaluate the criteria 
without needing to rank or compare them [23]. The SiWeC is easy to apply and allows for different levels of 
decision-maker involvement, giving preference to certain individuals based on their evaluations. The more 
diverse the evaluations, the greater the influence of that particular decision-maker.  

The motivation for this research is to simplify the process of selecting an agricultural drone and to promote 
new MCDM methods in practice. The goal is to use these methods to identify the agricultural drone that best 
supports the objectives of AG Semberija. Additionally, based on the aim of this paper, specific objectives are 
set to: 

 Evaluate the agricultural drones and determine which one best meets the needs of the AG Semberija. 
 Develop a decision-making model and a unique methodology based on fuzzy logic to evaluate the 

drones. 
 Create a new ranking method that evaluates alternatives based on deviations from both the best and 

worst values for specific criteria. 
 Provide guidelines for developing decision-making theory in agriculture and other fields. 
Based on these research objectives, the contributions of this paper include the following. First, it uses 

MCDM and fuzzy logic methods to rank agricultural drones based on how well they satisfy the established 
research objectives as defined by the criteria. Second, it introduces a new MCDM method that enhances 
understanding of how much individual alternatives deviate from the maximum and minimum values for 
specific criteria. Ideally, an alternative should be as close as possible to the best values for the criteria to 
outperform others. Third, the innovative methodology, which incorporates these two new MCDM methods, 
aims to contribute to the evolution of decision theory by simplifying the decision-making process and making 
it more user-friendly.  

In addition to the introduction, the paper is organized into three sections. The research methodology 
explains how the research was conducted as well as which methodologies were used. Then, those methods are 
applied in the results section to identify the drones that most successfully satisfy the research's objectives. In 
the conclusion, the research results and limitations are stated.    

  
2 Research methodology 
 

Research was conducted using the procedures described in Figure 1 in order to identify an agricultural 
drone that offers the best results for its use.  
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Figure 1. Research methodology. 
 
The first step in implementing an MCDM approach is to determine the criteria and alternatives [24], in this 

case, agricultural drones. This research focuses on both technical and economic criteria (Table 1). For technical 
characteristics, aspects such as the drone's characteristics, spray tank capacity, flight performance, range on a 
single charge, spraying systems, and battery or tank capacity are examined. Economic criteria include the price 
of the drones, their availability in the market, any additional equipment included with the purchase, and 
maintenance costs. The goal is to maximize the values for benefit criteria (e.g., spray tank capacity) and 
minimize the values for cost criteria (e.g., price and maintenance costs) (Table 1). Benefit criteria should be 
optimized for higher values, while cost criteria should be minimized.  

  
Table 1. Drone evaluation criteria 

 

Id Criteria Description Criteria type Reference 
C1 Drone characteristics It describes the drone's technical 

characteristics and functionality 
Benefit [5][7][10] 

C2 Spray tank capacity It indicates how much liquid can fit within 
the tank 

Benefit [7][10] 

C3 Flight performance It relates to the drone's stability, agility, 
and speed when in flight  

Benefit [5][8][10] 

C4 Hover time It refers to how long the drone can operate 
when the battery is fully charged 

Benefit [5][7] 

C5 Spraying systems It refers to spraying technology that allows 
evenness and precision 

Benefit [7][10] 

C6 Battery/Tank capacity It refers to the capacity of the battery or 
tank 

Benefit [5] [10] 

C7 Price Indicates the drone costs Cost [7][10] 
C8 Market availability It indicates the market availability of 

drones 
Benefit [5] [10] 

C9 Accessories It represents the possibility of adding 
additional equipment 

Benefit [7][10] 

C10 Maintenance costs It refers to the costs related to regular 
drone maintenance and servicing 

Cost [5][8] 

 
Once the criteria for the decision-making model are established, the next step is to select the agricultural drones 
for evaluation. The focus was on their ability to spray crops with different chemicals, either for enhancing crop 
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growth or managing diseases and pests. When identifying the drones for use in this research, it was taken into 
account that these are the drones that are most commonly used in agricultural production and that they are 
available for the Bosnia and Herzegovina market.  Based on this, eight agricultural drones were chosen for 
evaluation: 

 DJI Agras T30 (D1): This agricultural drone has a tank capacity of 30 liters and is equipped with 
advanced obstacle avoidance radars and RTK (Real-Time Kinematics) positioning, ensuring precise 
spraying and seeding.  

 Yamaha RMAX (D2): An autonomous helicopter with a 16-liter tank, designed for crop spraying. It 
runs on a gasoline engine, allowing for extended flight times of up to 60 minutes. This drone is ideal 
for large farms requiring long-term, precise operations. 

 DJI Agras MG-1P (D3): A small and flexible drone with a 10-liter tank. It features multidirectional 
radar and RTK positioning for safe navigation and accurate spraying.  

 XAG V40 (D4): A modern agricultural drone with a 20-liter tank. It includes advanced sensors and 
intelligent functions that enable autonomous route planning and precise spraying.  

 Kray Protection UAS (D5): A specialized spraying drone with a 16-liter tank, known for its efficiency 
and ability to cover large areas quickly and with innovative technology that ensures precise spraying.  

 DJI Agras T20 (D6): A mid-range agricultural drone with a 20-liter tank, suitable for small to medium-
sized farms. It features advanced spraying systems and RTK positioning for efficient, precise spraying.  

 Hylio AG-116 (D7): An agricultural drone with a 10-liter tank. Its main qualities are reliability and 
simple construction.  

 TTA M6E (D8): A smaller agricultural drone with a 10-liter tank. This economical option has limited 
capabilities and autonomy, making it ideal for beginners and smaller-scale operations. 

Based on the selected criteria and alternatives, a decision-making model and research survey was 
developed [25]. The focus of this research was to identify which agricultural drone would best meet the needs 
of AG Semberija for spraying crops. As AG Semberija is involved in agricultural production, they need to treat 
their crops effectively. To accomplish this, experts were selected to first evaluate the criteria based on their 
importance and then assess how well the different drone options meet these criteria [26-27]. Since AG 
Semberija had no prior experience with drones, they engaged six researchers from agricultural institutes in 
Belgrade, who have extensive experience with drone applications for crop spraying.  

The research survey was divided into two parts: the first part required the experts to determine the 
importance of the criteria, while the second part focused on evaluating how well each drone met those criteria. 
The experts rated both the criteria and the drones on a scale ranging from very low to very good, with seven 
levels (Table 2). These linguistic evaluations were then processed using fuzzy logic to quantify the experts' 
opinions, first to determine the importance of the criteria and then to assess and rank the drones.  

Fuzzy logic enables linguistic evaluations to be transformed into fuzzy values using a utility function, and 
further using appropriate methods [28]. In this research, the fuzzy SiWeC and fuzzy CARASO methods were 
used for these purposes. Additionally, a comparative analysis of the fuzzy CORASO results with other fuzzy 
methods will be conducted to validate the findings, along with a sensitivity analysis. In the following, the fuzzy 
research methods used will be explained. 

 
Table 2. Linguistic evaluations and fuzzy membership function 

 

Linguistic Values Fuzzy numbers 
Very low (VL) (1, 1, 2) 
Low (L) (1, 2, 4) 
Medium low (ML) (2, 4, 6) 
Medium (M) (3, 5, 7) 
Medium good (MG) (5, 7, 9) 
Good (G) (7, 9, 10) 
Very good (VG) (9, 10, 10) 

 
Fuzzy SiWeC is a method applied to determine the importance of criteria by calculating their weights [23]. 

This method is classified as subjective approach used for determination of criteria weights. Experts evaluate 
the importance of each criterion based on their judgment and provide ratings accordingly. Unlike other 
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methods, SiWeC does not require experts to directly compare criteria against each other; instead, they rate 
each criterion independently based on its perceived importance. This characteristic tells apart SiWeC from 
other subjective weight determination methods.  

The steps of the SiWeC method are as follows:  
Step 1. Experts determine the importance of each criterion.  
Step 2. Linguistic values are transformed into fuzzy numbers, represented as:  
 
 𝑥 = ൫𝑥

 , 𝑥
, 𝑥

௨ ൯ (1) 
 
where x୧୨

୪  represents first, x୧୨
୫ second, and 𝑥

௨  third fuzzy number. 
Step 3. The fuzzy numbers are normalized as:  
 

 𝑛 =
௫ೕ



௫ ௫ೕ
ೠ ,

௫ೕ


௫ ௫ೕ
ೠ ,

௫ೕ
ೠ

௫ ௫ೕ
ೠ  (2) 

 
where 𝑚𝑎𝑥 𝑥

௨  is the maximum value across all criteria.  
Step 4. Calculation of standard deviation (𝑠𝑡. 𝑑𝑒𝑣).  
Step 5. The normalized ratings are weighted using the standard deviation values: 
 
 𝑣 = 𝑛 × 𝑠𝑡. 𝑑𝑒𝑣 (3) 
 
Step 6. The sum of the weighted values for each criterion is calculated:  
 
 �̃� = ∑ 𝑣


ୀଵ  (4) 

 
Step 7. The fuzzy values of the criteria weights are computed as:  
 

 𝑤 =
௦ೕ



∑ ௦ೕ
ೠ

ೕసభ

,
௦ೕ



∑ ௦ೕ


ೕసభ

,
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 (5) 

 
After calculating the weights of the criteria, the next step is to rank the alternatives based on their ability 

to meet the research objectives. The new fuzzy CORASO method is used to calculate the drone rankings. This 
method was developed to provide decision-makers with an innovative approach to ranking alternatives in the 
context of numerous evaluation criteria. The steps in this method are designed to compare each alternative to 
the best and worst values for individual criteria. To be ranked as the best alternative, the alternative should be 
as close to the greatest value as possible while remaining as distant from the worst value as possible. 
Additionally, the steps involved in this method are simple and straightforward, making decision-making easier. 
The method follows these steps: 

Step 1. Evaluation of alternatives. Alternatives are evaluated using linguistic values, which are then used 
to create an initial decision matrix. 

Step 2. Transformation of linguistic values into fuzzy numbers. As with all fuzzy methods, linguistic values 
are transformed into fuzzy numbers to enable mathematical operations.  

Step 3. Normalization of fuzzy numbers. In this step, the type of each criterion is first identified (either 
benefit or cost), and normalization is performed accordingly. For benefit criteria, the value of each alternative 
is divided by the highest value in that criterion. For cost criteria, the smallest value is divided by the values of 
other alternatives in that criterion. This normalization is calculated as follows: 

 

 𝑛 =
௫ೕ



୫ୟ୶ ௫ೕ
ೠ ,

௫ೕ


୫ୟ୶ ௫ೕ
ೠ ,

௫ೕ


୫ୟ୶ ௫ೕ
ೠ ; for benefit criteria (6) 

 

 𝑛 =
୫୧୬ ௫ೕ



 ௫ೕ
 ,

୫୧୬ ௫ೕ


 ௫ೕ
 ,

୫୧୬ ௫ೕ


 ௫ೕ
 ; for cost criteria (7) 

 



A. Puška et al., Evaluation of agricultural drones based… 82 
________________________________________________________________________________________________________________________ 

where 𝑥  is the minimum value for a particular criterion, and 𝑥 ௫ is the maximum value for a 
particular criterion. 

Step 4. Calculation of alternative solutions. In this step, the maximum and minimum values of the 
alternatives for each criterion are identified for each fuzzy number.  

Step 5. Weighting of alternatives with criteria weights. The normalized values of the alternatives are 
multiplied by the corresponding criteria weights. Alternative solutions are multiplied with these weights as 
well. 

 
 𝑣 = 𝑤 ∙ 𝑛 (8) 
 
Step 6. Calculation of sum values for the weighted alternatives. This step involves calculating the sum 

value for each weighted alternative, including the alternative solutions.  
 
 𝑆ሚ = ∑ 𝑣


ୀଵ  (9) 

 
Step 7. Calculation of deviations from alternative solutions. The sum values of the weighted alternatives 

are compared with the weighted alternative solutions, and deviations are determined. For an alternative to rank 
higher, it should be closer to the maximum alternative solution and further from the minimum alternative 
solution.  

 

 𝑅෨ =
ௌሚೕ

ௌሚೕ ೌೣ ಲೄ
            (10) 

 

 𝑅′෩
 =

ௌሚೕ  ಲೄ
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Step 8. Defuzzification of the sum values of weighted alternatives. Fuzzy numbers are converted into crisp 

numbers using the following formula.  
 

 𝑅 ௗ =
ோ

ାସோ
ାோ

ೠ


            (12) 

 

 𝑅′ ௗ =
ோᇱ

ାସோᇱ
ାோᇱ
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            (13) 

 
Step 9. Final calculation of the CORASO method value. The final value is calculated as: 
 

 𝑄 =
ோೕିோᇲ

ೕ

ோೕାோᇲ
ೕ
            (14) 

 
The goal is for the values relative to the deviation from the maximum alternative solution to be as large as 

possible, while the values relative to the deviation from the minimum alternative solution should be as small 
as possible. This ensures that the alternative with the highest CORASO method value is ranked as the best, 
while alternatives with lower values are ranked accordingly.   

                 
3 Results and discussion   

 

When evaluating agricultural drones for AG Semberija, the importance of the criteria used will first be 
assessed using the SiWeC method. The initial step involves expert evaluation of the criteria (Table 3). In this 
phase, the experts use linguistic values to express how important they find each criterion in evaluating 
agricultural drones. According to their evaluation, the lowest rating is "Medium," indicating that all criteria 
are important for drone evaluation. 

Once the experts have rated the criteria, these linguistic values are transformed into fuzzy numbers using 
a membership function (Table 2). For instance, the value "Medium" is converted into the fuzzy number (3, 5, 
7), while "Medium Good" is transformed into the next fuzzy number (5, 7, 9). Using this function, all linguistic 
values are translated into corresponding fuzzy numbers, creating a fuzzy decision matrix (Table 4).  
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Table 3. Experts' evaluations of the criteria importance 
 

Expert C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 
Expert 1 (E1) VG G G MG G VG G MG G MG 
Expert 2 (E2) G G MG MG VG MG VG M MG MG 
Expert 3 (E3) VG MG MG MG G G VG M G MG 
Expert 4 (E4) G MG MG G G G G M G MG 
Expert 5 (E5) VG MG VG G G G VG M G G 
Expert 6 (E6) VG G VG VG G G VG M G G 

 
Table 4. Fuzzy decision matrix 

 

 C1 C2 C3 C4 C5 C6 … C10 
E1 (9, 10, 10) (7, 9, 10) (7, 9, 10) (5, 7, 9) (7, 9, 10) (9, 10, 10) … (5, 7, 9) 
E2 (7, 9, 10) (7, 9, 10) (5, 7, 9) (5, 7, 9) (9, 10, 10) (5, 7, 9) … (5, 7, 9) 
E3 (9, 10, 10) (5, 7, 9) (5, 7, 9) (5, 7, 9) (7, 9, 10) (7, 9, 10) … (5, 7, 9) 
E4 (7, 9, 10) (5, 7, 9) (5, 7, 9) (7, 9, 10) (7, 9, 10) (7, 9, 10) … (5, 7, 9) 
E5 (9, 10, 10) (5, 7, 9) (9, 10, 10) (7, 9, 10) (7, 9, 10) (7, 9, 10) … (7, 9, 10) 
E6 (9, 10, 10) (7, 9, 10) (9, 10, 10) (9, 10, 10) (7, 9, 10) (7, 9, 10) … (7, 9, 10) 
 
The next step involves normalizing the fuzzy decision matrix, where all fuzzy values are divided by the 

largest fuzzy number, which in this case is ten (10). Through this normalization, fuzzy values are converted 
into decimal numbers—for example, the number nine becomes 0.9, and the number seven becomes 0.7. After 
normalization, the standard deviation is calculated for the values provided by each expert. A higher standard 
deviation indicates a greater variance in an expert's evaluations, and vice versa. This step ensures the 
evaluations of the experts are weighted according to their consistency. The experts' ratings are then multiplied 
by the standard deviation values. For example, for the first expert and the first criterion, the calculation is as 
follows (15): 

 
 𝑣ଵଵ = (0.9 × 0.163 = 0,147, 1 × 0.163 = 0.163, 1 × 0.163 = 0.163) (15) 
 
Next, the values of each criterion are summed, and the weight of each criterion is calculated (Table 5).  

The results indicate that only criterion C8, "Market availability," deviates from the others, having a lower 
weight than the other criteria. The weights of the remaining criteria are relatively similar, with minimal 
deviations. This consistency is due to the experts' generally aligned evaluations, leading to limited variation in 
the results.  

 
Table 5. Calculation of criterion weights using the fuzzy SiWeC method 

  
C1 C2 C3 C4 ... C10 

�̃� (0.92, 1.07, 1.11) (0.66, 0.88, 1.05) (0.73, 0.91, 1.05) (0.70, 0.90, 1.05) ... (0.62, 0.85, 1.03) 
𝑤 (0.09, 0.12, 0.15) (0.06, 0.10, 0.15) (0.07, 0.10, 0.14) (0.07, 0.10, 0.15) ... (0.06, 0.09, 0.14) 

 
With the criteria weights established, the evaluation of agricultural drones begins, assessing how each 

drone satisfies the defined decision criteria. The first steps - expert assessment (Table 6) and the transformation 
of linguistic values into fuzzy numbers - are the same as those used in determining the criteria weights. Since 
the same value scale and membership function are applied, the process is identical. Given that six experts are 
involved, their opinions must be harmonized, resulting in a fuzzy decision-making matrix that represents the 
average of the individual matrices from each expert. This method ensures that all experts contribute equally to 
the final decision by averaging their evaluation ratings. 

After forming this decision-making matrix, normalization is performed. The type of criterion (benefit or 
cost) must first be identified before normalization can proceed. To illustrate, we will consider one benefit 
criterion (C1) and one cost criterion (C7) and explain the normalization for drone D1. For benefit criteria, the 
values of the summed fuzzy numbers are divided by the highest value of those numbers for each criterion, 
while for cost criteria, the lowest value of the alternatives is divided by the summed fuzzy numbers (16).  
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 𝑛ଵଵ = ቀ
.

ଵ.
= 0.77,

ଽ.ଷଷ

ଵ.
= 0.93,

ଵ.

ଵ.
= 1.00ቁ; 𝑛ଵ = ቀ

ଵ.

 ଶ.
= 0.5,

ଵ.

 ଵ.
= 1.00,

ଵ.

 ଵ.
= 1.00ቁ (16) 

 
Once this extended decision matrix is normalized, the next step is to determine the minimum and maximum 

alternative solutions. These values help identify the best and worst alternatives for each criterion. Depending 
on the fuzzy numbers, some of these values may be shared by multiple alternatives (Table 7).   

 
Table 6. Expert assessment 

 

E1 C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 
D1 G MG M MG G G VL MG MG L 
D2 M M MG MG MG MG M MG MG M 
D3 MG ML MG MG M MG ML G G M 
D4 MG MG M ML MG MG ML MG MG ML 
D5 G MG MG G G MG L M G L 
D6 MG M G MG M MG L MG MG ML 
D7 MG M M G G M L MG G L 
D8 G M MG MG G G M ML M M 
E2 C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 
D1 VG G M MG G G VL MG MG ML 
D2 M M G MG MG MG M MG MG M 
D3 MG ML MG MG MG G ML M G M 
D4 MG MG M M M MG ML MG MG ML 
D5 VG MG G G G MG L M G L 
D6 MG M G MG M MG L MG MG ML 
D7 MG M M G G MG L MG G L 
D8 VG M MG MG G G M MG M M 
⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ ⁝ 
E6 C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 
D1 G G M MG VG G VL MG MG VL 
D2 MG M G MG G G MG M MG MG 
D3 MG G VG G MG VG L M G M 
D4 MG MG ML G G VG ML G MG M 
D5 G MG G VG VG MG M M G L 
D6 MG VG G M G VG VL G MG VL 
D7 VG M M G G VG M VG VG L 
D8 VG M VG MG VG MG M MG M L 

 
Table 7. Extended normalized decision matrix 

 

 C1 C2 C3 C4 … C10 
D1 (0.77, 0.93, 1.00) (0.68, 0.88, 1.00) (0.30, 0.50, 0.70) (0.50, 0.70, 0.90) … (0.18, 0.27, 0.46) 
D2 (0.43, 0.63, 0.83) (0.31, 0.51, 0.71) (0.67, 0.87, 0.98) (0.50, 0.70, 0.90) … (0.14, 0.19, 0.30) 
D3 (0.50, 0.70, 0.90) (0.37, 0.58, 0.75) (0.57, 0.75, 0.92) (0.53, 0.73, 0.92) … (0.14, 0.20, 0.33) 
D4 (0.50, 0.70, 0.90) (0.51, 0.71, 0.92) (0.28, 0.48, 0.68) (0.42, 0.62, 0.78) … (0.15, 0.21, 0.38) 
D5 (0.67, 0.85, 0.97) (0.51, 0.71, 0.92) (0.67, 0.87, 0.98) (0.83, 0.97, 1.00) … (0.25, 0.50, 1.00) 
D6 (0.50, 0.70, 0.90) (0.61, 0.76, 0.86) (0.70, 0.90, 1.00) (0.37, 0.57, 0.77) … (0.19, 0.29, 0.55) 
D7 (0.57, 0.75, 0.92) (0.31, 0.51, 0.71) (0.30, 0.50, 0.70) (0.70, 0.90, 1.00) … (0.25, 0.50, 1.00) 
D8 (0.87, 0.98, 1.00) (0.31, 0.51, 0.71) (0.63, 0.80, 0.93) (0.50, 0.70, 0.90) … (0.18, 0.29, 0.50) 

MIN AS (0.43, 0.63, 0.83) (0.31, 0.51, 0.71) (0.28, 0.48, 0.68) (0.37, 0.57, 0.77) … (0.14, 0.19, 0.30) 
MAX AS (0.87, 0.98, 1.00) (0.68, 0.88, 1.00) (0.70, 0.90, 1.00) (0.83, 0.97, 1.00) … (0.25, 0.50, 1.00) 

 
The next step involves weighting the normalized decision matrix, which follows a procedure similar to 

most methods: multiplying the normalized decision matrix by the criteria weights. In this example, the 
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normalized decision matrix is multiplied by the weights calculated by the fuzzy SiWeC method. Using the 
example of criterion C1 and drone D1, this process is illustrated as follows (17): 

 
 𝑣ଵଵ = (0.09 × 0.77 = 0,07, 0.12 × 0.93 = 0.11, 0.15 × 1.00 = 0.15) (17) 
 
This procedure is repeated for all values and alternative solutions, resulting in the formation of a weighted 

decision matrix. The next step calculates the sum of values for each alternative and alternative solution, 
followed by determining the deviation of each alternative from the corresponding solution. For the D1 drone, 
the calculation is as follows (18): 

 

 𝑅ଵ = ቀ
.ଷଽ

ଵ.ସହ
= 0.27,

.

.ଽ
= 0.86,

ଵ.ଶଽ

.ସ଼
= 2.70ቁ, 𝑅′ଵ = ቀ

.ଶଷ

ଵ.ଶଽ
= 0.18,

.ହ

.
= 0.65,

.ଽଽ

.ଶଷ
= 2.56ቁ (18) 

 
After calculating the deviation values, defuzzification is performed, and the final CORASO value is 

determined (Table 8). For the D1 drone, the result is as follows (19): 
 

 𝑄ଵ =
ଵ.ି.଼ଽ

ଵ.ା.଼ଽ
= 0.092 (19) 

 
The results from the CORASO method indicate that the best-performing drone, according to the experts' 

evaluations for AG Semberija, is drone D1 (DJI Agras T30), followed by drone D5 (Kray Protection UAS), 
while drone D2 (Yamaha RMAX) ranks the lowest. The reasons for these rankings can be traced back to the 
characteristics of the drones. The DJI Agras T30 stands out due to its large storage capacity, relatively 
favorable price, and other specifications that outperform the other drones. Given that the primary focus of this 
research is acquiring a drone for crop spraying, it makes sense that this drone ranks the highest. In the opposite 
order, the Yamaha RMAX performed poorly due to its nature as a mini helicopter, which is more challenging 
to maintain and uses fuel rather than batteries like electric drones. While this drone may be suitable for large 
agricultural operations, its price and other factors contribute to its lower ranking. However, this ranking order 
may not apply to other agricultural businesses, as the optimal choice of drone depends on specific needs, which 
can vary across different companies and operations.   

 
Table 8. Ranking results using the fuzzy CORASO method 

  
𝑆ሚ 𝑅෨  𝑅′෩

  𝑅 ௗ 𝑅′ ௗ 𝑄 Rank 

D1 (0.39 0.77 1.29) (0.27 0.86 2.70) (0.18 0.65 2.56) 1.07 0.89 0.092 1 
D2 (0.29 0.59 1.11) (0.20 0.66 2.31) (0.21 0.84 3.41) 0.86 1.17 -0.154 8 
D3 (0.32 0.64 1.17) (0.22 0.71 2.44) (0.19 0.78 3.04) 0.92 1.06 -0.072 6 
D4 (0.30 0.61 1.14) (0.21 0.68 2.38) (0.20 0.82 3.28) 0.88 1.13 -0.121 7 
D5 (0.38 0.72 1.30) (0.26 0.81 2.70) (0.17 0.69 2.63) 1.03 0.93 0.053 2 
D6 (0.34 0.70 1.27) (0.24 0.78 2.64) (0.18 0.71 2.90) 1.00 0.99 0.005 3 
D7 (0.34 0.68 1.24) (0.23 0.75 2.59) (0.18 0.74 2.91) 0.97 1.01 -0.018 4 
D8 (0.34 0.65 1.15) (0.24 0.72 2.39) (0.20 0.77 2.89) 0.92 1.03 -0.056 5 

MAX AS (0.48 0.90 1.45)
 

MIN AS (0.23 0.50 0.99)
 
Once the drones have been compared and ranked based on their characteristics, a comparative analysis will 

be conducted to evaluate the results of the fuzzy CORASO method against other fuzzy methods. Comparative 
analysis serves to verify the research outcomes [29]. This process examines whether the method used provides 
similar or consistent results compared to other methods [30], and validating the findings. To conduct this 
analysis, six fuzzy methods were employed: fuzzy Ranking of Alternatives with Weights of Criterion 
(RAWEC), fuzzy Measurement of Alternatives and Ranking according to COmpromise Solution (MARCOS), 
fuzzy Weighted aggregated sum product assessment (WASPAS), fuzzy Simple Additive Weighting (SAW), 
fuzzy Multi-Attributive Border Approximation Area Comparison (MABAC), and fuzzy Additive Ratio 
ASsessment (ARAS). These methods were selected for the following reasons:  
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 Fuzzy RAWEC is used because it employs two normalizations, and alternatives are compared using 
the criteria weights.  

 Fuzzy MARCOS uses the same normalization process as the CORASO method and also compares 
alternatives against ideal and anti-ideal solutions while incorporating utility functions. 

 Fuzzy WASPAS offers a compromise between two approaches-the weighted sum model (WSM) and 
the weighted product model (WPM). 

 Fuzzy SAW is the simplest of all MCDM methods, using only normalization and weighting while still 
providing results comparable to more complex methods.  

 Fuzzy MABAC was selected because it applies a different normalization technique than the methods 
mentioned earlier, and the complexity of its calculations differs. 

 Fuzzy ARAS employs a distinct normalization approach and compares alternatives using a utility 
function relative to the optimal alternative.  

Due to these specific characteristics, these methods were selected for comparison with the results of the 
CORASO method. The findings reveal a difference in the ranking order for two drones, specifically drones D3 
and D8 (Figure 2). The ranking order for these drones differs in the fuzzy RAWEC, fuzzy WASPAS, and 
fuzzy ARAS methods. When looking into the results of the fuzzy CORASO method, it becomes clear that the 
smallest difference between rankings is observed for these two drones. This is why it is not surprising that 
applying two normalizations in the fuzzy RAWEC method, having a compromise between two methods in 
fuzzy WASPAS, or using a different normalization in fuzzy ARAS results in a change in the ranking—but 
only for these two drones. For all other drones, the ranking remains consistent across all methods. This 
demonstrates that the fuzzy CORASO method produces results comparable to those from other methods, 
confirming its validity. Moreover, this analysis demonstrates that if certain alternatives have similar 
characteristics, the method used can influence the results. 
 

 
 

Figure 2. Comparative analysis  
 
The reason why the results of the fuzzy CORASO method are more closely related to certain methods than 

others is because of the methodology procedures followed by those methods. For example, the fuzzy MARCOS 
method compares alternatives to optimal solutions before calculating a utility function. The fuzzy SAW 
method weights the normalized decision matrix rather than comparing alternative values. Since it follows the 
identical initial four steps as the other methods, the results are the same. The fuzzy MABAC method is 
different from the fuzzy CORASO method because it compares the alternatives to the geometric mean of the 
alternative's value, which is exactly the middle point of the best and worst values for specified criteria. The 
ranking is different between the fuzzy RAWEC and fuzzy CORASO methods because the former uses two 
normalizations while the latter uses only one. The fuzzy ARAS method compares the best value of the 
alternative for particular criteria while overlooking the worst value of the alternative, resulting in a difference 
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in the ranking order. The fuzzy WASPAS method includes two methods with the Weighted Product Model 
(WPM) method scaling the normalized values with the weight values of the criterion, resulting in a 
difference in ranks. Taking this into account, the fuzzy CORASO method is closer in comparison to related 
methods with comparable steps. 

After confirming the results obtained by the fuzzy CORASO method, a sensitivity analysis is performed. 
The purpose of sensitivity analysis is to examine whether the ranking of alternatives changes when the weights 
of the criteria are altered [31]. This type of analysis can be conducted in various ways, such as modifying the 
weight of a single criterion or multiple criteria [32]. In this research, the focus will be on changing one criterion 
at a time to observe how the ranking of drones shifts as the importance of that criterion is reduced. Sensitivity 
analysis will be conducted by reducing the weight of individual criteria by 30%, 60%, and 90%, while 
proportionally increasing the weights of the remaining criteria. This approach generates three scenarios for 
each criterion, and since there are ten criteria in total, thirty scenarios will be generated for the sensitivity 
analysis.  

The results of sensitivity analysis show that, for drones D4 and D2, the ranking order remains unchanged 
across all scenarios (Figure 3). Now, the focus shifts to six drones whose rankings do change with the variation 
in scenarios. Drone D1 maintains the top ranking in 28 scenarios, while in two scenarios, drone D5 outperforms 
it. In these two scenarios, the weight of criterion C7 (Price) was reduced by 60% and 90%. This suggests that, 
according to the experts, drone D5 has a higher price than D1, and as the weight of this criterion decreases, D5 
moves up in the rankings. Additionally, D5 ranked third in scenario S12, where the weight of criterion C4 
(Hover time) was reduced by 90%. This indicates that drone D6 has a lower hovering capacity compared to 
D5, and by reducing the weight of this criterion, D6 performed better than D5. 

Similarly, changes for other drones can be analyzed to identify their weaknesses, which can then be 
addressed to better meet the goals of AG Semberija. This sensitivity analysis also reinforces the previous 
results, as ranking changes occurred in only a small number of scenarios.  

 

 
 

Figure 3. Sensitivity analysis results 
 

4 Conclusion  
 

The trend in modern agriculture is increasingly leaning toward the adoption of technological innovations. 
One such innovation is the use of drones in agriculture. While drones can be used for various purposes, this 
research focused on their application for crop spraying. To select the drone that best meets the needs of AG 
Semberija, a combination of MCDM and expert evaluation was used.  Given that AG Semberija had no prior 
experience with drones, external experts were consulted. A total of six experts were involved, first evaluating 
the importance of specific criteria and then evaluating the drones based on these criteria. Ten criteria were 
included in the evaluation, which included the drones' technical and economic aspects. Because there were 
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more technical criteria than economic ones, the former were given more emphasis. These criteria were applied 
to a total of eight drones.  

During the expert evaluation, linguistic values were applied using a seven-level scale. To make these values 
applicable for determining the importance of the criteria and the alternatives, fuzzy logic was used. This 
approach made possible the transformation of linguistic values into corresponding fuzzy numbers. For 
determining the criteria's importance, the fuzzy SiWeC method was used. This is a relatively new method for 
assigning subjective weights, and its use in this research was intended to highlight its functionality. The results 
of the fuzzy SiWeC method showed that all criteria held nearly equal importance, with the exception of 
criterion C8 (Market availability), which had a slightly lower weight. This indicated that all the observed 
criteria are highly important in the process of selecting drones. To identify the drone with the best 
characteristics, the newly developed MCDM method, CORASO, was used.  

The CORASO method ranks alternatives based on how they compare to the highest and lowest values for 
each criterion. The ideal outcome is for an alternative to be as close as possible to the highest value and as far 
as possible from the lowest value, ensuring it performs optimally. Applying this method led to the conclusion 
that the DJI Agras T30 agricultural drone performed best and was the top choice for AG Semberija. This is 
primarily due to its larger reservoir capacity and its ability to cover the greatest surface area compared to the 
other drones. The results were validated through a comparative analysis, which showed that the fuzzy 
CORASO method provided results consistent with those of the other fuzzy methods used in the research. The 
drone rankings were also confirmed through a sensitivity analysis.  

The methodology, based on the fuzzy SiWeC and CORASO methods, proved to be both flexible and 
simple to implement, highlighting the potential for these methods in future research. Further development of 
these methods in different forms would contribute to the enhancement of the MCDM system, making the 
decision-making process more efficient. By using the fuzzy SiWeC method, experts only need to evaluate 
individual criteria without the need for more complex operations, such as comparing or ranking criteria against 
each other. Meanwhile, the fuzzy CORASO method simplifies the ranking process by focusing on deviations 
from alternative solutions, which helps reduce the number of necessary steps in the decision-making process. 

However, the research presented in this paper has some limitations, mainly related to the criteria used for 
selection of agricultural drones. In practice, there are many ways to evaluate drones. This research used ten 
criteria that were considered the most suitable for achieving the research objectives. However, future research 
should include more criteria to provide a broader evaluation. This is also a limitation of the model, as it would 
need to be adjusted to fit the new criteria. It’s important to investigate if these other criteria lead to different 
results, and to understand why, assuming the same drones are being studied. If different drones are chosen, the 
results wouldn’t be comparable. Future research should focus on either all-electric drones or all fuel-powered 
drones to clearly identify which type performs best.  
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