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Abstract: The electricity generated from nuclear plants and petroleum-based products has a 

negative influence on the environment as a whole. It has shown the utility to search out and promote 

the utilization of renewable, environmentally friendly, and sustainable energy sources such as solar, 

wind, and geothermal. Nowadays, Wind energy resource has quickly emerged as the world's 

fastest-growing energy source. However, the selection of the most suitable places for developing a 

wind farm is a crucial challenge that can be seen as a problem of site selection, which involves 

numerous conflicting variables. Therefore, it is classified as an MCDM (multi-criteria decision-

making) problem. In this research, the location of wind power plants is conducted in Burundi 

country. The Fuzzy Analytic Hierarchy Process (FAHP) was used to weigh the criteria considering 

their relative importance. This study considers several key factors when determining the optimal 

location for a wind farm. These factors include wind speed, slope, proximity to the grid network, 

distance to roads, and land use/land cover (LULC). Furthermore, a geographic information system 

(GIS) is utilized to generate the final suitability wind farm locations map. The obtained results 

indicate that 20.91% of the whole study area is suitable nevertheless, only 1.96% is tremendously 

suitable for wind turbine placement. The western part of Burundi is the optimal area for 

constructing a wind farm, and the most is in Lake Tanganyika. 

Keywords: Burundi; optimal wind farm site; MCDM; Fuzzy AHP logic tool; GIS 

 

1. Introduction 

Energy is a major factor in any country's sustainable development and prosperity. However, the 

growing trend in energy demand is followed by an increase in global use of fossil fuels, and their 

excessive use results in significant climate, environmental and health costs [1], [2]. With this rapid 

energy demand increase, the development of technology for harvesting renewable energy has also 

accelerated. According to the Global Wind Energy Council (GWEC), wind power production has 

recently ascended as the world's fastest-growing source of energy. With a cumulative wind power 

generation capacity of 837 GW, 93.6 GW of wind turbine capacity was deployed at the end of 2021[3]. 

The year 2021 registered new installations of ~93.6GW, bringing a global cumulative wind 

energy capacity to 837 GW, at a 12% annual growth rate. Wind energy is one of the most promising, 

mature, and rapidly developing renewable energy sources [4], [5]. Its fastest-growing is explained by 

the fact it is considered to be a clean, reliable and renewable energy resource that positively 

contributes to minimizing the issue of worldwide concerns about climate change and energy sources 

[6]. Moreover, wind resources are intrinsically unpredictable due to their dependency on geographic 

and climatic factors, as well as the time of the region under consideration. This results in different 
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values from one place and time to another in daily and seasonal changes. Based on that, there is a 

clear need for an effective assessment of the suitable placements for the installation of wind turbines 

to maximize wind energy production while minimizing the effect of different challenges. Before 

development, manufacture, installation, commissioning and operation there is a need to process site 

selection at an early stage to assess the feasibility of wind farms in light of environmental concerns, 

economic feasibility, and other criteria [7], [8].  

At a given scale, Wind energy is generated by installing wind farms in windy areas. The selection 

of a turbine type that fulfils the topographical, climatic, as well as time variations and characteristics 

of the wind farm site is essential during the construction of a sustainable wind farm. The process of 

making a choice is often influenced by various factors, where multiple decision criteria conflict with 

each other. There exist several strategies that can be employed to effectively tackle the challenges of 

selecting turbines, considering their multi-criteria nature.  They fall under the domain of multi-

criteria decision-making (MCDM). MCDM is an operation sub-discipline that assesses several 

competing factors in decision-making. 

MCDM methods are used to handle decision problems involving multiple factors in the 

decision-making process. These criteria conflict with each other and are mutually incommensurable. 

Incommensurability refers to a scenario where the decision criteria have different units and 

magnitudes. Numerous MCDMs have been developed by researchers and each has advantages as 

well as disadvantages; therefore, the choice of which one to use is also an important decision. Some 

common techniques are the weighted sum method, PROMETHEE, TOPSIS, VIKOR, ELECTRE, goal 

programming, AHP, Grey relation analysis, minimum manhattan distance (MMD) approach and 

Fuzzy logic, among others [9]–[12].  

The MCDM methods have a major limitation, except for the fuzzy logic, in case they are 

designed to deal with problems where the decision is to be made based on the 'AND' operation 

between the criteria. When dealing with situations where the choice is determined by an 'OR' 

operation, these approaches are ineffective. The fuzzy logic technique, on the other hand, can handle 

decision rules that include 'AND' or 'OR' operations. Furthermore, this technique can handle 

circumstances involving mixed 'AND-OR' type rules, which is the basic explanation to employ fuzzy 

logic to develop and implement multiple decision criteria for wind farm site selection. An additional 

aspect that makes fuzzy logic an attractive option for the multi-criteria wind farm site selection 

problem is its computational efficiency [13], [14]. 

Presently, in Burundi country, few studies related to wind resource assessment have been 

undertaken. Furthermore, no research has focused on the selection of optimal wind farm placements 

and their classification. Further research is highly required to get general information on Burundi 

wind resource potential and its repartition throughout the territory. This will help decision-makers 

to know which type of wind farms fit well in Burundi and at which scale they can contribute to future 

projects.   

This paper aims to evaluate the availability of sites to implant wind farms in different places in 

Burundi. We will utilize a GIS tool to create a decision matrix that includes options for evaluation. 

We will elucidate the proposed case by incorporating a mix of fuzzy logic approaches. The rest work 

of this paper is divided into the following sections: the second section describes the methodology 

used to solve the considered problem; the third section provides a comprehensive description, 

analysis, and discussion of both the GIS and the proposed decision problem; the fourth section 

presents the results and engages in a thorough discussion of these findings. Lastly, the fifth section 

succinctly outlines the main conclusions derived from this study. 

2. Methodology 

The economic viability of a wind project greatly depends on identifying the most suitable areas 

for wind farm development. There is a need to find a systematic approach to determine where these 

potential locations exist as well as the cost of power production. With this objective, a fuzzy GIS-

MCDM-based approach is recommended as the best tool for wind farm sitting based on prior 

research [15]–[17]. The AHP is a well-known technique of the MCDM methods in wind farm site 
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selection. The AHP method is an extremely effective and well-structured technique for organizing 

and analyzing complex decisions, such as determining the optimal location for wind farms [18]-[20]. 

Table 1 displays some previous research undertaken on the subject of wind farm site selection 

problems conducted in some countries.  

Table 1. Wind resource site selection previous research of some countries. 

Ref Location  Type of site selection Applied method 

[21] Shahrood, Khorramdareh, Zabol, 

and Abadeh in Iran 
Wind farm Fuzzy TOPSIS 

[22]  Izmir, Turkey Onshore Wind farm MCDM-BWM 

[2] Northeast of Iran Wind farm Equal importance criteria 

[23] China Offshore Wind farm MCDM-ILAO 

[17] China Wind farm MCDM-Fuzzy 

[4] India Wind farm MCDM-Fuzzy AHP 

[24] Sudan Wind farm MCDM-Fuzzy AHP 

[25] Mauritius Wind farm MCDM-AHP 

[26] Semnan Province, Iran Wind farm MCDM-Fuzzy AHP 

[27] Nigeria Wind farm Type-2 Fuzzy AHP 

[28] Southeastern Spain Onshore wind farm MCDM-Fuzzy 

[29] Wafangdian, China Wind farm IAHP and stochastic VIKOR 

[30] West Virginia wind farm Type-2 Fuzzy AHP 

2.1. Geographic Information Systems 

Geographic Information Systems (GIS) are powerful computer-based tools that gather, analyze, 

store, model, and display data that is specifically referenced to locations on Earth. The main function 

of GIS comprises geoprocessing, 3D visualization, interoperability, cartography and infrastructure. 

These applications assist planners and decision-makers as an effective tool for solving complex 

spatial problems. Nowadays, GIS is widely used in a variety of academic subjects including wind 

technologies. It is intended for the recovery, storage, manipulation, analysis, and mapping of 

geographical data [16], [31]. 

GIS uses two types of coverage representations: vector and raster. The raster is a rectangular 

grid of pixels that contains specific details about a given geographic location. Vectors, on the other 

hand, maintain a geometric form (points, lines, and polygons) that specifies limitations associated 

with a reference system [32].     

This information storage is presented in a geodatabase, which provides data order, structure, 

and standardization. In this study, Because of the continuous examination of spatial variables such 

as wind speed, terrain elevation, air density, and plant cover, among others, all geographic 

information in this study was treated as a raster [33]. The raster procedure    

The raster procedures analyze problems fast, including mathematical combinations such as the 

MCDM techniques. In a GIS environment, the MCDM is based on criteria stated by a georeferenced 

cartographic information layer [34]. In this work, the ArcMap software was used to rasterize and 

standardize the layer under linear and logistic functions. 

2.2. Fuzzy logic tools brief description 

The fuzzy logic tool is based on Zadeh's fuzzy set theory, which he proposed in 1965 [35]. The 

fuzzy set theory offers a framework in which several conceptual phenomena can be precisely and 

rigorously analyzed. Furthermore, it can also be considered as a modelling language, fitting for cases 

in which fuzzy relations, criteria, and phenomena exist. A fuzzy logic tool is an essential tool in risk 

assessment in the way it compensates for the lack of knowledge and ambiguity faced when assessing 

the risks related to complex technological systems. It is also more useful when working with fuzzy 

linguistic concepts like low, medium, high, etc. [36], [37]. 

The main steps in the fuzzy-logic technique procedure are depicted in Figure 1[38]–[40]:  
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• Rule base: it contains all the rules and conditions defined by experts to control the decision-

making system; 

• Fuzzification process: in this step, the input variable values are provided by experts. It permits 

to convert crisp inputs into fuzzy sets that correspond to the intuitive perception of the system’s 
status; 

• Inference engine: this component helps to determine the degree of match between fuzzy inputs 

and the rules. It is a main step because all information is treated in the inference engine. Based 

on the percentage match, it determines what control to perform in response to the different 

combinations of the input variables; 

• Defuzzification: this process is performed to convert significant fuzzy outputs into specific 

output variables. 

 

Figure 1. Fuzzy logic main steps. 

2.3. GIS-MCDM technique  

GIS-MCDM combination allows evaluation of the criteria and their factors by the mean of 

characteristics within a specific range of decision rules and assessment. The technique is commonly 

used to select ideal site processes in a huge variety of scientific fields [16].  Lots of the problems 

people have in suitable site selection are geographic and, thus, coupling GIS with the MCDM method 

has the potential to solve such complex decision-making problems [4], [17]. Concerning optimal wind 

farm site selection, the GIS-MCD methods have been standardized to effectively search for and select 

the best wind sites [37]. 

2.3.1. GIS-MCDM approach 

The main steps followed by the GIS-MCDM technique are [41]: 

• Problem definition. Try to define and understand the problem by fixing the goal or objective as 

clearly as possible; 

• Criteria and limitations determination through a combination of experts’ opinions and 
information from various sources; 

• Transform values onto a relative scale to allow comparison between each of the criteria; 

• Weight assignment to criteria in regards to the fixed objective and respect for each other; 

• Combine, synthesize and aggregate criteria together; 

• Analyze and then approve results. 

As shown in Figure 2, the GIS-MCDM process for suitable wind farm site selection has several 

stages. After the criteria determination, their hierarchy must be defined to calculate corresponding 

weights. All criteria are converted into standard values and combined using the weighted linear 

combination method, a widely used method [42] that is based on the factors’ weighted aggregation, 
to finally generate a suitability map. 
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Figure 2. GIS-MCDM approach. 

2.4. Fuzzy AHP 

The AHP methodology, first established by Saat in 1980 [41], is widely acknowledged as a robust 

and flexible MCDM method for dealing with complex decision problems [28]. The decision maker 

can utilize it to effectively analyze complex decision problems that involve various criteria and obtain 

accurate results. The AHP enables a more comprehensive examination of the intricate facets of 

objective aspects related to a problem. Furthermore, it helps ensure the accuracy and constancy of 

their evaluation, thereby minimizing potential human errors during the decision-making procedure.   

The AHP process through three main stages to get the final decision [43]: 

- Develop complex problems in a hierarchy of goals, alternatives, and criteria to assess those 

alternatives; 

- Comparison of alternatives at each level of the hierarchy, one criterion at a time; 

- At last, generate a vertically-oriented decision-making matrix that spans across the multiple 

levels of the hierarchy. 

Despite its strengths, AHP does have some weaknesses. For instance, there is a mutual 

dependency among alternatives, which can occasionally result in relatively less accurate outcomes. 

Additionally, when multiple decision-makers with different perspectives are involved, defining 

criterion weights can become more complex. Furthermore, AHP relies on opinions and experience-

based data collection, which may introduce some limitations. The main problem encountered when 

utilizing the AHP lies in the presence of uncertain, biased, and vague opinions expressed by experts. 

[10], [43], [44]. 

The classical AHP method was extended to the fuzzy sets theory and the fuzzy AHP (FAHP) 

has been developed to handle complex decision problems accurately and more systematically than 

the simple AHP scheme. This technique integrates the fuzzy set theory concept with basic AHP. It 

displays the elaboration of a standard AHP into a fuzzy domain by applying fuzzy numbers rather 

than real numbers [41]. 

The FAHP application process is summarized below [45], [46]: 

Step 1: This step consists of defining a fuzzy pairwise comparison matrix. This matrix consists 

of the main criteria that may have an impact on the problem under investigation. Diagonal matrices 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 October 2023                   doi:10.20944/preprints202309.2011.v1

https://doi.org/10.20944/preprints202309.2011.v1


 6 

 

are built using the hierarchical structure's sub-criteria. Decision-makers utilize fuzzy linguistic terms 

to assign the significance of one criterion over another. To achieve this, the decision-makers refer to 

Table 2. The conversion scale displayed illustrates the nine-point scale utilized in converting 

responses into fuzzy numbers. The resulting pairwise comparison matrix is given by equation (1): 

𝐴̃ = ( 1 𝑎̃12 ⋯         𝑎̃1𝑛𝑎̃21 ⋯  ⋯        𝑎̃2𝑛  ⋯     ⋯ ⋱           ⋯ 𝑎̃𝑚1 𝑎̃𝑚2      ⋯  1       ) (1) 

Where 𝐴̃ is the pairwise comparison matrix and 𝑎̃𝑚𝑛  is the joined comparison value of the 

criteria 𝑚 and 𝑛. 

 

Table 2. The nine-point fuzzy conversion scale [47]. 

Linguistic terms Crisp scale TFS scale Reciprocal TFN scale 

Equally preferred 1 (1,1,1) (1/1, 1/1, 1/1) 

Equally to moderately preferred 2 (1,2,3) (1/3, 1/2, 1/1) 

Moderately preferred 3 (2,3,4) (1/4, 1/3, 1/2) 

Moderately to strongly preferred 4 (3,4,5) (1/5, 1/4, 1/3) 

Strongly preferred 5 (4,5,6) (1/6, 1/5, 1/4) 

Strongly to very strongly preferred 6 (5,6,7) (1/7, 1/6, 1/5) 

Very strongly preferred 7 (6,7,8) (1/8, 1/7, 1/6) 

Very strongly to extremely preferred 8 (7,8,9) (1/9, 1/8, 1/7) 

Extremely preferred 9 (8,9,9) (1/9, 1/9, 1/8) 

Step 2: This step consists of aggregating the pairwise comparison matrices. In this study 

calculations of the judgement matrix are done using fuzzy triangular numbers (Table 3).  

Table 3. Fuzzy AHP pairwise comparison matrix. 

 

Land use and land cover (LULC) refers to the standard restriction areas such as archaeological 

sites, forests, wetlands, seaports, aviation zones, military zones, water bodies, and urban areas from 

which wind turbines should be placed at a specific distance. 

The decision-makers are aggregated using equation (2): 𝑙𝑖𝑗 = (∏ 𝑙𝑖𝑗𝑘𝐾𝑘=1 )1/𝐾
,   𝑚𝑖𝑗 = (∏ 𝑚𝑖𝑗𝑘𝐾𝑘=1 )1/𝐾

  ,     𝑢𝑖𝑗 = (∏ 𝑢𝑖𝑗𝑘𝐾𝑘=1 )1/𝐾
 (2) 

where A ̃=(l_ij,m_ij,u_ij ) and K represents the number of decision-makers.  

Step 3: This computes the fuzzy weights matrix. The fuzzy comparison values are first calculated 

in this stage. 𝑟̃𝑖 = (∏ 𝑎̃𝑖𝑗𝑛𝑗=1 )1/𝑛
, 𝑖 = 1,2, … , 𝑛 (3) 

Next, fuzzy weights 𝑤̃𝑖 of the criteria are calculated as follows: 𝑤̃𝑖 = 𝑟̃𝑖 ⊗ (𝑟̃1 ⊕ 𝑟̃2 ⊕ … ⊕ 𝑟̃𝑛)−1 (4) 

Where 𝑟̃𝑖 denotes the geometric mean of the fuzzy comparison values and 𝑤̃𝑖 are the criteria 

weights.  
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Step 4: The center-of-area approach is used to defuzzify fuzzy weights. 𝑤𝑖 = (𝑙𝑤̃𝑖 + 𝑚𝑤̃𝑖 + 𝑢𝑤̃𝑖)/3 (5) 

Step 5: Crisp weights normalization using equation (6): 𝑤𝑟 = 𝑤𝑖∑ 𝑤𝑖𝑛𝑖=1  (6) 

 

  

  

Figure 3 displays the six steps that are integral to the F-AHP phase process. These steps 

guide the way in defining the problem accurately and ultimately establishing the solution that 

is most desired. 

 

 

 

Figure 3. FAHP phase process. 

2.5. Criteria determination 

The optimal wind farm site selection problem depends on several criteria that include attributes 

and objectives. They can differ from the different areas and should have some properties to 

adequately represent the multi-criteria. Criteria must also be comprehensive and measurable [48], 

[49]. Consequently, to assess well the criteria, it is important to identify such relevant factors affecting 

the optimal wind farm site selection typically including topographic, geographic, climatic, socio-

environmental, economic, location and political aspects. 

For this study, the choice of evaluation criteria is based on previous various studies and is 

categorized into two main categories, restriction and exclusion criteria (See Table 3). The exclusion 

criteria comprise legally protected areas such as natural reserves, seaports, airports, and tourist sites. 

The areas dropping under this category are rejected and consequently not eligible for wind farm sites. 

Conversely, restriction criteria define a distance to be respected from the selected zone for the 

implementation of wind farms. The distance can be determined in terms of a buffer zone inside which 

the wind farm cannot be constructed. Some examples of those zones are found around settlements, 

water bodies, natural parks, airports, and aircraft landing corridors, among others (see Figure 4 for 

this study). 

 

Figure 4. Burundi restricted areas. 
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The construction of wind energy facilities must consider that the selected location is not subject 

to any legal restrictions but also has a set of factors influencing the decision. The choice of those 

factors is primarily dictated by the study area. Therefore, based on studies so far done, this study 

classified these factors into three general groups (geographical factors, climatological factors, and 

geographical location factors) [29], [32], [50], [51]. The factors are divided into a set of criteria that 

impact the selection of the wind turbine location and will make one site preferable rather than 

another. These are summarized in Figure 5 and each of these is briefly described [52], [53]:  

 

Figure 5. Flowchart of the wind farm locations selection factors. 

2.5.1. Wind speed 

The local wind speed (intensity, direction, consistency, and uniformity) is the most important 

factor which plays a key role in wind farm project performance. A wind turbine's energy generation 

is directly proportional to the cube of the wind speed, and it is given by:    𝑃 = 12 𝜌𝐴𝑣3 (7) 

where 𝑃 is the power produced by the wind turbine in watts (W), 𝐴 is the area swept by the 

turbine blades in square meters,𝜌 is the air density in 𝑘𝑔/, and 𝑣 is the wind speed in m/s. Wind 

speed is the key factor of wind power development. Doubling the wind velocity gives eight times the 

wind power. Therefore, wind velocity is very important for optimal wind farm site locations. 

2.5.2. Slope 

Land slope influences the cost involved in wind farm implementation due to the difficulties in 

access and groundwork on sloppy lands. In many studies, reference is taken in the range of 100 −250[24]–[26], [29]. Hence, high priority is given to flat grounds and locations with lower slopes when 

selecting regions for wind farm installation. Therefore, it is convenient the slope should not be too 

large to facilitate the accessibility of maintenance and installation equipment.  

2.5.3. Elevation 
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Wind resource varies with altitude and is better at high altitudes but decreases at very high 

altitudes due to air density decrease. Elevation above 2000m, is sometimes considered the cut-off 

altitude [54]. Hence, ground elevation is also considered a factor in the choice of the best wind farm 

location. Therefore, flat terrain will be favourable for wind farm project construction, operation, and 

maintenance [55]. 

2.5.4. Aspect 

 The better the aspect of the wind farm's location, the more straightforward it is to erect. As a 

result, the slope at the location of the wind farm should be oriented toward the prevailing wind blow 

[16], [56]. In terms of wind potential, the slope orientation concerning wind direction is one of the 

crucial factors [57]. 

2.5.5. Distance to airports/sea ports 

It is recommended to install wind farms at a distance from airports/seaports and similar 

facilities.  It is highly recommended to install wind farms in locations that are at a considerable 

distance from airports and seaports [50]. 

2.5.5. Proximity to main roads 

Being close to the main road network is crucial in reducing transportation costs and facilitating 

material transport for wind turbine implementation [55]. The distance from the main roads is a 

significant economic factor, and therefore, the best location for a wind farm should be one that is 

near existing roads, rather than building new ones to access the site [57].  

2.5.6. Proximity to national grids 

Since wind energy must be connected to the grid, the proximity to the national grid affects the 

cost of a wind farm. Increasing the distance between the wind farm and the electrical grid will 

inevitably lead to higher transmission costs [17], [32]. Hence, the power transport to consumers using 

the existing power transmission lines hugely reduces the project cost. 

Figure 6 illustrates a variety of maps that depict the restriction factors that impact the process of 

selecting suitable sites for wind farms. The Burundi maps of high voltage electric lines and national 

roads were obtained from the official reports published in Burundi country and are digitalized using 

ArcGIS software [58], [59]. The wind speed map is the outcome of the ArcGIS process obtained using 

weather research and forecasting model (WRF) output simulations. The slope, aspect and elevation 

map factors for this work were obtained using ArcGIS software and digital elevation model (DEM) 

data. The DEM is downloaded from the ‘U.S. Geological Survey (USGS) EarthExplorer tool’ [60]. 
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Figure 6. Restriction factors that influence the selection of wind farms in Burundi. 

2.6. Weighted Linear Combination  

In the field of GIS-based decision-making analysis, the weighted linear combination (WLC) is a 

frequently utilized technique for combining decision criteria in the MCDM procedure. The WLC 

operates based on the idea of using a weighted average. This means that continuous criteria are 

brought together on a common numeric scale and then combined with the right weights [61]. The 

decision maker is responsible for assigning weights to each attribute map layer based on their relative 

importance. The score for an alternative is calculated by multiplying the importance weight of each 

attribute by its corresponding scaled value and then adding the products of all attributes. This process 

is carried out for all options, and the one with the highest score is selected. This method can be easily 

implemented using any GIS system that has overlay capabilities. It enables the combination of 

evaluation criterion map layers to determine the ultimate composite map layer that will be generated 

as the output. These methods can be implemented using both raster and vector GIS environments 

[25], [61]. 

The WLC method combines factors by assigning a weight to each of them and then adds up the 

results to create a comprehensive suitability map [61]: 𝑆 = ∑ 𝑤𝑖𝑥𝑖𝑛𝑖=1   (7) 

Where 𝑆 is the suitability, 𝑛 is the number of criteria, 𝑥𝑖 is the value of criterion 𝑖, and 𝑤𝑖  is 

the weight of factor 𝑖. 
When Boolean restrictions are employed (for example, restricted areas), the procedure is 

adjusted by multiplying the suitability obtained from the factors by the product of the constraints 

[24]:  
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𝑆 = ∑ 𝑤𝑖𝑥𝑖𝑛𝑖=1 ∏ 𝑐𝑗  (8) 

where 𝑐𝑗  corresponds to the criterion score of constraint 𝑗. 

 Figure 7 provides a concise summary of the proposed research methodology, incorporating all 

the previously mentioned details. 

 

Figure 7. Research methodology flowchart. 

2.7. Study area 

Burundi, a landlocked country, is located in eastern Africa, sharing its borders with the 

Democratic Republic of Congo to the west, the Republic of Tanzania to the south and east, and 

Rwanda to the north. Burundi is located at 29° 20' 52.4976'' E longitude and 3° 21' 40.5360'' S latitude. 

It has a 27,834 km²area with a population of 11.89 million in 2020 [62]. 

Burundi's topographical structures are a captivating mix of complexity, stretching from the west 

to the east of the country. The lowlands form a vast expanse of plains that extend from the southern 

region to the northwest of the country. These plains exhibit different widths and have elevations 

ranging from 758 meters to 1000 meters above mean sea level (a.m.s.l). The Mirwa escarpment, 

nestled between the lowlands and the Congo-Nile ridge, is a breathtaking landscape marked by steep 

slopes and slender ridges. The average altitude of the area ranges from 1000 meters to 1500 meters 

a.m.s.l. The Congo-Nile Ridge stands as an asymmetrical and irregular feature within the topography 

of Burundi. It demarcates the boundaries separating the Congo and Nile River basins. The central 

plateau stands tall with its elevation ranging from 1500 m to over 2000 m above mean sea level, 

stretching gracefully towards the west and south. The eastern depression encompasses the valleys of 

the rivers that lie between Burundi and Tanzania, namely the Malagarazi and Rumpungwe. On the 

other hand, the northern depression is characterized by the Bugesera region, which extends into 

Rwanda. Lastly, the Congo-Nile massif is a dissymmetric mountain block of the western rift flank 

with elevations varying between 2000 m and 2675 m [63], [64]. 

3. Results and discussion 

This section can be subdivided using subheadings. The description of the experimental results, 

their interpretation, and the derived experimental conclusions should be both concise and precise. 
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In this section, we will present and analyze the results of the FAHP-GIS in the context of spatial 

analysis of wind turbine locations in Burundi. This includes the numerical values representing the 

optimal weight of the evaluation factors and the suitability map for the optimal wind sites. 

3.1. FAHP results 

In this study, the optimal weights of the six restriction factors mentioned in section 2.5 are 

obtained using the FAHP-based MCDM method. Table 3 provides the numerical weights for each 

criterion, obtained through the use of Fuzzy pairwise comparison matrices. The obtained weights 

corresponding to the six criteria are given in Table 4. 

Table 4. Fuzzy pairwise comparison matrix and criteria weights for Burundi. 

 

According to the findings, the wind potential carries the greatest weight among other factors, 

amounting to an impressive 42.3% percentage. This means the wind potential has a high priority in 

the selection of the optimal areas for the implementation of wind farms. It is followed by the slope, 

proximity to the grids, distance from the roads, aspect and LULC with 25.3%, 13.3%, 7.8%, 7.3% and 

4% respectively. 

3.2. land suitability mapping for wind farm site placement 

3.2.1. Wind potential reclassification 

As mentioned on the map, Figure9, the wind speed is classified into four scales: very good, good, 

moderate, and poor. About 2.10% of the land area registered very high, 30.67% high, 47.52% moderate 

and 19.72% low wind speed. The cut-in wind speed typically ranges between 2.5 and 4m/s [65]. About 

32.77% of the total land area is highly compatible with wind turbines, classified as class 3 and 4 if we 

solely consider the wind speed factor. 

 

Figure 9. Reclassified Wind speed of Burundi. 
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3.2.2. Elevation model reclassification 

According to the map of the DEM of Burundi (Figure 10), 13%,30% and 50% are situated in the 

elevation ranging from 739 to 1000m,1000-1500m and 1500-2000m a.g.l respectively. These regions 

correspondingly represent extremely, very strongly, strongly preferred places for the implementation 

of wind farms. As it has been mentioned in section 2.5.3, the altitude of 2000m is considered the cut-

off favourite elevation for wind resources. Accordingly, for Burundi, about 7% of the land area has 

an elevation above 2000m making it an unsuitable or less preferred place for wind farm placement. 

More than 90% of Burundi's land is suitable for wind farms due to its elevation being less than 2000m. 

 

Figure 10. Reclassified DEM of Burundi. 

3.2.3. Distance from major electrical transmission lines 

Figure 11 displays the distance in km from the main national electric network. The area within 

a distance less than 5km from the electrical lines is strongly suitable and the land areas between 5km 

to 15 km are relatively suitable for wind site selection. However, it is considered impractical to 

implement wind farms in areas that are more than 15 km away from the national electric grid. 

 

Figure 11. Map of distance from the national electrical transmission line. 
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3.2.4. Distance from main roads  

The maps of connectivity to main roads, Figure 12, show different categories of the distance from 

the national roads. The land area situated at a distance of less than 0.5km and a distance greater than 

20km is considered an exclusion zone for wind farm installation and represents 36% of Burundi. The 

Burundi land areas located at a distance in the range of 0.5 to 10km away from the main roads are 

considered a strongly suitable location for wind farms. Furthermore, the land areas located at a 

distance ranging from 10 to 20km are considered suitable for wind farm projects. In contrast, the land 

areas sited at a distance of 20km or farther away from the main road network are unsuitable or less 

preferred for the implementation of wind farms. 

 

Figure 12. Maps of distance from national roads and classes. 

3.2.5. Slope model reclassification 

Figure 13 displays the slope value distribution through Burundi.  More than 70%of the Burundi, 

area is dominated by slope values below 15° with about 57% from 0-10° and  18% from10-15°. These 

areas are considered to be the most excellent places for wind farm installation considering the 

construction cost. Places with slopes varying between 15 and 25° represent 19% and they are 

considered relatively favourable for wind turbine siting. The remaining areas which have slopes >25° 

are not appreciated for the wind farm locations.  

 

Figure 13. Slope reclassification map. 
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3.2.6. Aspect model reclassification 

The two main attributes of wind are its speed and direction. These attributes impact the wind 

farm implementation to optimize its energy production. The prevalent wind blows direction and 

aspect orientation are two linked factors influencing wind turbine production. As it has been 

mentioned before, flat terrains are highly recommended when choosing the locations of wind 

turbines.  Therefore, in this work, the aspect of Burundi is evaluated and the percentage aspect 

distribution is given for each direction. The map of the aspect model of Burundi, Figure 14 (a), 

revealed that the aspect orientation consists of flat terrain by 8.1%, the north by 10.13%, the northeast 

by 10.53%, the east by 12.08%, the southeast by 13.31%, the south by 11.23%, the southwest by 10.81%, 

the west by 11.61% and the northwest by 12.2%. The wind rose of Burundi, Figure 14 (b) is produced 

using on-field data obtained from the meteorological institution Institut Géographique du Burundi 

(IGEBU) through Matlab software. As shown in previous studies, Burundi's predominant wind blow 

is from southwest to southeast [66]. Consequently, the southeast, south and southwest aspect 

orientations are the fitting direction for wind farm implementation in Burundi. To this is added the 

flat land to totalize 43.45% of potential locations for wind farm construction in Burundi in terms of 

direction consideration. 
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Figure 14. (a) Burundi Aspect Model Classification and (b) Burundi average annual wind rose. 

3.3. Identification of the optimal locations for the wind farm  

The weighted values are utilized to determine the degree of suitability for the wind turbine site 

selection of Burundi. Based on the annual average wind values and other factors, Figure 6, the wind 

farm site suitability map, Figure 15, displays three classes of sites.  Locations with an average wind 

speed of less than 2.5 m/s are deemed inappropriate for the installation of wind farms. On the map, 

the land area in green colour is unsuitable to be a candidate for a wind farm at any scale. The area in 

yellow colour represents the relatively suitable locations for wind farm sitting. The region in red 

colour is highly recommended as a suitable area to be a candidate for wind turbine sitting.  

 

Figure 15. Map of wind farm suitability placements. 

The main part of the suitable region is located in Lake Tanganyika, in the western part of 

Burundi. In addition to unsuitable areas, we have exclusion zones, which cannot be possible 
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candidates for wind farm installation.  Such zones are found as protected areas on the Burundi wind 

farm site suitability map (Figure 15). They include forests, an airport, port natural reserves and north 

lakes. 

In terms of percentage, the developed wind suitability map revealed that 20.91% of the studied 

regions are suitable for wind power facilities installation; but only 1.96% of Burundi territory is highly 

suitable. The remaining 79.09% of the territory is unsuitable for wind turbine installation. 

4. Conclusion 

This study used the MCDM system coupled with GIS to produce the wind suitability map of 

Burundi. The WRF model simulation outputs over Burundi territory were employed to classify the 

regions in terms of wind speed potential. Topographical, climatological, and location restriction 

factors were established. These restrictions such as aspect, slope, elevation, distance from major 

electrical transmission lines, distance from main roads and the protected zones divided the Burundi 

country into suitable and unsuitable areas for wind power facilities placement.  

The results indicate that the Burundi territory has highly favourable areas for extracting wind 

energy, making it suitable for implementing medium-scale wind farms. The western part of the 

country has the highest potential for wind farms. The results signify about 1.96% of the hall country 

with the highest wind farm potential. At the same time, approximately 19% of the study area registers 

relatively suitable wind farm potential.  

As it is the first time this kind of study has been used to evaluate the optimal wind site selection 

over Burundi, it is recommended that further research focus on additional methods for optimal wind 

site selection to compare the results. 
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