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Abstract 

This study presents an improved integral value ranked Fuzzy Analytic Hierarchy Process 

(FAHP) and Geographic Information System (GIS) based Multi-Criteria Decision Making 

(MCDM) technique to help decision-makers/farmers evaluate and map suitable lands for 

optimum cassava production. Selected input/ suitability factors chosen from literature and 

experts’ opinion were: pH, organic carbon, cation exchange capacity, slope, aspect, 

elevation, temperature, relative humidity, rain, distance from river and road. The improved 

integral value ranked FAHP method was used in prioritizing and assigning weights to each 

causative factor in the MCDM process due to its effectiveness, consistency, and ease of 

implementation. Land suitability maps were created using GIS techniques based on the 

aggregation of the various input factors and their derived weights. The outcome of the 

aggregation was reclassified into four classes using the standard deviation classification 

method (this method shows how much a feature deviates from the mean). Results obtained 

showed that 40% of the total area was highly suitable (S1), 36% was moderate suitability 

(S2), 20% was marginally suitable (S3) and 4% was not suitable (N). Results also showed 

that pH and organic content of the soil were the major determinants of soil suitability for 

cassava cultivation in the study area. This study showed the effectiveness of the proposed 

approach in assessing and mapping suitable areas for optimum cassava production within 

the study area.  
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1. Introduction 

Effective decision-making based on land suitability evaluation for agricultural crop selection 

is crucial to achieving optimum land productivity and ensuring environmental sustainability 

[1]. Land evaluation is concerned with the process of determining the optimal use potential of 

land for a specific purpose based on its attributes [2]. As a core element of land use planning, 

land resource evaluation is central at all stages of planning and implementation [3][4]. As it 

guides decision-makers in attempting to select appropriate types of land use, determining best 

spatial locations of planned agricultural activity, identifying opportunities for land use change 
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and the outcomes of changing land use policies [3][4] Land suitability evaluation is essential 

for production planning and the sustainable use of land over time [5]. Furthermore, it 

provides information on the potentials and constraints of land for a defined land use type for 

optimum crop performance [5]. 

In many counties of Sub-Saharan Africa, cassava (Manihot esculenta Crantz) is a major 

source of food [6][7]. It is a key income generating and food security crop in Africa [7][8]. 

Furthermore, cassava is widely used as a suitable feedstock for ethanol production [9]. It has 

also been identified that cassava-based fuel ethanol is an excellent alternative for petroleum-

based fuels due to the inherent positive energy balance and fossil energy savings [10]. To 

enhance cassava production, appropriate areas and ecological conditions must be earmarked 

[11]. This can be accomplished through effective land use suitability evaluations using spatial 

multicriteria decision-making techniques.  

Integrating GIS with MCDM techniques can help land-use planners improve decision-

making processes [12]. Analytical Hierarchy Process (AHP) technique is one of the most 

popularly used MCDM techniques in GIS-based suitability evaluation procedures [13] due to 

its appropriateness for decision making based on multiple factors ranked according to experts’ 

predilections [14]. Integrating AHP with fuzzy set theory provides more robustness and 

accuracy as fuzzy set theories use advanced procedures to handle imprecise, uncertain, or 

vague data arising from real life problems which are complex and nonlinear [15][16][17]. 

Together, multi-criteria decision-making methods integrating AHP with fuzzy logic, create an 

effective and suitable technique for optimum agricultural land suitability evaluations and 

have thus found wide applications for such [14][18][19]. 

Prioritizing and weight assignment to each criterion concerning a set of existing 

alternatives is key to effective decision making in any MCDM process [20] including land 

suitability evaluations for cassava production [19]. From literature, various techniques have 

been proposed which prioritize, rank, and assign weights to the available criteria based on 

comparison ratios represented by fuzzy numbers [20]. The most popular among these 

techniques is the fuzzy extent analysis method [21], with modifications by other researchers 

such as [20]; others include the fuzzy preference programming method [22], the integral 

value rank method by [23], and the improved integral value rank method by [24]. Compared 

with the extent analysis method, the integral value ranked fuzzy AHP approach is a more 

effective way to rank and prioritize fuzzy numbers [25][26][27]. Despite its positive sides, it 

suffers from some shortcomings such as the inability to differentiate normal and non-normal 

fuzzy numbers, and occasional inconsistency in ranking fuzzy numbers [24]. The improved 

integral value rank approach by [24], overcomes these shortcomings, thus improving 

accuracy on assigned weights.  

This study presents an improved integral value ranked fuzzy AHP and GIS based MCDM 

approach to evaluate land suitability and map out suitable areas for cassava production in the 

study area. This is to identify areas most suitable for cassava production thus, ensuring 

sustainable and optimum cassava production within the study area.  

 

2. Materials and methods 
 

2.1. Study Area 

The study area is located in Ife Central Local Government Area in Osun State, 

Southwestern Nigeria. It lies between latitudes 7o 28’ 43.5’’N and 7o37’ 51.41’’N and spans 

between longitude 4o 27’ 22.5’’E and 4.35’ 40.61’’E. [Figure 1], illustrates the map of the 

study area.  
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2.2. Selection of factors for suitability analysis 

Input factors used were: pH, Organic Carbon (OC), Cation Exchange Capacity (CEC), 

slope, aspect, elevation, temperature, Relative Humidity (RH), rain, Distance from River 

(DFRi) and Distance from Road (DFRo). Choice of criteria was identified from within 

relevant literature and experts’ opinions. Details are given in this section. [Table 1] highlights 

data source, category, and description.  

Table 1. List of data and data sources use for land 

No  Category Data Description Source 

1 Soil properties pH 15cm depth ISRIC (soilgrid.org) 

2 Soil properties OC 15cm depth ISRIC (soilgrid.org) 

3 Soil properties CEC 15cm depth ISRIC (soilgrid.org) 

4 Topography Slope 30m resolution 2017 ASTER DEM 

5 Topography Aspect 30m resolution 2017 ASTER DEM 

6 Topography Elevation 30m resolution 2017 ASTER DEM 

7 Metrology Temperature 0.5x0.5-degree resolution CDG (edataguide.ucar.edu) 

8 Metrology RH 0.5x0.5-degree resolution CDG (edataguide.ucar.edu) 

9 Metrology Rain Predicted precipitation IPPC5 (CMIP5) data 

10 Accessibility DTRi Digitized from image 2019 Google earth image 

11 Accessibility DTRo Digitized from image 2019 Google earth image 

(1) Soil pH plays a vital role in the biological activity of the soil and the availability of 

mineral nitrogen to plants. It can influence the efficiency of plant growth in the soil [28]. 

Data was obtained from ISRIS Soilgrid dataset [29]. 

(2) Soil Organic Carbon: Low organic carbon is a serious restraint to effective cassava 

cultivation and production [30]. Data was obtained from ISRIS Soilgrid dataset [29]. 

(3) Cation Exchange Capacity:  CEC is vital for cassava tuber growth as it positively and 

significantly correlates with tuber yield [31]. Data was obtained from ISRIS Soilgrid dataset 

[29]. 

(4) Elevation plays a key role in the production of energy crops like cassava. [9][32]. The 

elevation data used was obtained from the advanced spaceborne thermal emission and 

reflection radiometer (ASTER) global digital elevation model (DEM) with a resolution of 

30m. 

(5) Aspect of slope position has a direct correlation with cassava yield [33]. This was 

obtained from DEM used for elevation. 

(6) Slope: Topography plays a vital role in the growth of vegetation, for example, soil and 

water are easily lost inland with a steep slope, which is not beneficial to the growth of 

cassava [9]. A slope map was obtained from the DEM used for elevation. 

(7) Temperature is a critical factor for the growth of cassava as it influences both the 

metabolism of cassava plants and the life cycle, which directly determines the final yield of 

cassava [9]. Data was obtained from the climate data guide dataset [34].  

(8) Relative humidity is positively correlated with the yield of Cassava [35]. Data was 

obtained from the climate data guide dataset [34]. 

(9) Rainfall is an important factor as it plays a crucial role in determining the yield of the 

cassava crop [9]. Based on the availability of data, predicted precipitation was used in this 

study. It was obtained from the downscaled IPPC5 (CMIP5) data using global climate model 

(GSM) CCSM4 under scenario Representative Concentration Pathway (RCP) 6. 
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(10) Distance from rivers. Distance from rivers was obtained by digitizing rivers from high 

resolution images (0.4m) obtained from Google Earth imagery. Thereafter four buffers at 

intervals of 350 meters were used to determine distance from rivers. 

(11) Distance from roads. In selecting suitable areas for cassava cultivation, the distance 

from roads must be considered because distance affects transportation cost [19]. Road 

network was obtained by digitizing major roads from high resolution images (0.4m) obtained 

from Google Earth imagery.  

 

Figure 1. Study area map 

2.3. Reclassification of criteria 

Reclassification was carried out using the natural breaks (Jenks) classification method (this 

method is founded on natural groupings intrinsic in the data). Each of the criteria source map 

[Figure 2.a-f] was reclassified into four classes: highly suitable (S1), moderately suitable (S2), 

marginally suitable (S3), and not suitable (N) [Figure 3.g–k]. Reclassification was used to 

group ranges of values in each of the criteria source maps into single values among the four 

classes (S1, S2, S3, and S4). 

 

2.4. Establishing decision hierarchy 

A three-level decision hierarchy structure as shown in figure 4 was adopted. The hierarchy 

consists of the main objective at the top (Land suitability), followed by two levels of 

hierarchy.  The eleven factors used in this research were divided into four main groups; soil 

properties, topography, metrology, and accessibility factors, to form the second hierarchy. 

The third hierarchy consists of eleven factors of which three were soil properties (pH, OC, 

and CEC), three were topography (aspect, slope, and elevation), three meteorology 

(temperature, relative humidity, and rain), and two accessibility (distance from river and 

distance from road). The study area boundary was used as a constraint factor. The examined 

factors and decision hierarchy were selected based on literature [9][19][28][32]. 
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    (a) pH               (b) Soil OC 

                
                 (c) CEC              (d) Slope 

                 

      (e) Aspect              (f) Elevation 

Figure 2. (a-f) Criteria for land suitability analysis 
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  (g) Temperature        (h) Relative humidity 

                    
          (i) Rainfall     (j) Distance from rivers 

             
(k) Road 

Figure 3. (g-k) Criteria for land suitability analysis 
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 (a) Reclassified pH                                                    (b) Reclassified Soil OC 

                           
(c) Reclassified CEC                                                          (d) Reclassified Slope 

                               

(e)  Reclassified Aspect                                                (f) Reclassified Elevation 

Figure 4. (a-f) Reclassified land suitability criteria 
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(g) Reclassified Temperature                              (h) Reclassified Relative humidity 

 
(i) Reclassified Rainfall                          (j) Reclassified Distance from river 

 
(k) Reclassified road 

Figure 5. (g-k) Reclassified land suitability criteria 
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Figure 6. Hierarchical structure 

2.5. Fuzzy sets 

A fuzzy set can be described as a class of objects within an array of membership grades 

[36]. Linguistic variables are represented by membership functions, valued in the real unit 

interval which translates the indistinctness and fuzziness of human thought associated with 

the proposed problem. In this study, the Triangular Fuzzy Numbers (TFNs) were used to 

represent the fuzzy comparative importance. A TFN is graphically shown in [Figure 7] and 

can be described as: 

𝜇�̃�(𝑥) = {

𝑥−𝑙

𝑚−𝑙
  , 𝑙 ≤ 𝑥 ≤ 𝑚

𝑢−𝑥

𝑢−𝑚
  , 𝑚 ≤ 𝑥 ≤ 𝑢

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

     (1) 

where parameters l, m, and u respectively denote the smallest possible value, the most 

promising value, and the largest possible value that describes a fuzzy event. 

  

Figure 7. Triangular fuzzy number (source: [37]) 
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Fuzzy TFN’S, linguistic variables, and membership functions utilized in this project were 

those proposed in the works of [21] and [38]. They are shown in [Table 2]. 

Table 2. TFNs, linguistic variables, and membership functions (Source: [38]) 

Saaty’s 

scale of 

relative 

importance  
 

Definition Membership function Domain 
TFNs scale 

(l,m,u) 

Linquistic 

variables 

 Just equal   
(1.0,1.0, 

1.0)  
 

Just equal 

1 
Equal 

importance 
𝜇𝐴(𝑥) = (3 − 𝑥)/(3 − 1) 1≤x≤3 (1.0, 1.0, 3.0) 

Least 

Importance 

3 

Moderate 

importance of 

one over 

another 

𝜇𝐴(𝑥) = (𝑥 − 1)/(3 − 1) 1≤x≤3 

(1.0, 3.0, 5.0) 
Moderate 

Importance 𝜇𝐴(𝑥) = (5 − 𝑥)/(5 − 1) 3≤x≤5 

5 

Essential or 

strong 

importance 

𝜇𝐴(𝑥) = (𝑥 − 3)/(5 − 3) 3≤x≤5 

(3.0, 5.0, 7.0) 
Essential 

Importance 𝜇𝐴(𝑥) = (7 − 𝑥)/(7 − 5) 5≤x≤7 

7 
Demonstrated 

importance 

𝜇𝐴(𝑥) = (𝑥 − 5)/(7 − 5) 5≤x≤7 
(5.0, 7.0, 9.0) 

Demonstrated 

Importance 
𝜇𝐴(𝑥) = (9 − 𝑥)/(9 − 7) 7≤x≤9 

9 
Extreme 

importance 
𝜇𝐴(𝑥) = (𝑥 − 7)/(9 − 7) 7≤x≤9 (7.0, 9.0, 9.0) 

Extreme 

Importance 

 

2.6. Weight’s determination 

Steps used for obtaining weights are outlined as follow: 

Get pairwise comparison matrix using Fuzzy AHP.  

Compute weights for each of the pairwise comparison matrices in (a) using an improved 

integral value ranked Fuzzy AHP model as proposed by [24]. 

Compute the final weights using a hierarchical process as described by [21]. Each of the 

steps is detailed in sections 2.6.1, 2.6.2, and 2.6.3. 

 

2.6.1. Pairwise comparison matrix using Fuzzy-AHP 

The main steps for developing a pairwise comparison matrix using fuzzy AHP are as 

follows: 

(1) Structuring decision hierarchy. As in AHP, the first step is to break down the complex 

decision-making problem into a hierarchical structure.  

(2) Develop pairwise fuzzy comparison matrices. For example, consider a prioritization 

problem at a level with n elements, where pairwise comparison judgments are designated by 

fuzzy triangular numbers �̃�𝑖𝑗 = (𝑙𝑖𝑗, 𝑚𝑖𝑗 , 𝑢𝑖𝑗) . As in the conventional AHP, each set of 

comparisons for a level requires n(n − 1)/2 judgments, which are further used to build a 

positive fuzzy reciprocal comparison matrix �̃� = {�̃�𝑖𝑗} such that: 

�̃� = {�̃�𝑖𝑗} = [

𝑎11 ⋯ 𝑎1𝑛

⋮ ⋱ ⋮
𝑎𝑛1 ⋯ 𝑎𝑛𝑛

]      (2) 

The pairwise comparison matrix used in this study was obtained using steps 1 and 2.  
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2.6.2. Compute weights for the pairwise comparison matrix using an improved integral 

value ranked fuzzy AHP model 

The improved integral value ranked Fuzzy AHP method as proposed by [24] and 

highlighted by equation 3 was used to compute the weights of the criteria. 

𝑆𝑇
𝑎(𝐴𝑖) = 𝛼𝑆𝑅(𝐴𝑖) + (1 − 𝛼)𝑆𝐿(𝐴𝑖)     (3) 

where parameters𝑆𝑅(𝐴𝑖) and 𝑆𝐿(𝐴𝑖) denote the right integral value of the fuzzy number 𝐴𝑖 

and the left integral of fuzzy number 𝐴𝑖 respectively, 𝑆𝑇
𝑎(𝐴𝑖) is the total integral value, α is 

the index of optimism which denotes the degree of optimism for decision-makers. If α tends 

towards 1 in [0, 1], the decision-makers are more optimistic, if α tends towards 0 in [0, 1], 

they are more pessimistic [23;26]. α of 0.7 was used. 

The normalized importance weight vector 𝑊 = (𝑤1, 𝑤2, … , 𝑤𝑛) of the fuzzy judgment 

matrix 𝐴 is determined using equation 4: 

𝑤𝑖 =
𝑆𝑇

𝑎(𝐴𝑖)

∑ 𝑆𝑇
𝑎(𝐴𝑖)𝑛

𝑖=1

 𝑖 = 1,2, … , 𝑛     (4) 

where w is a non-fuzzy number. 

The weight for each factor in the hierarch using equations 3 and 4 is shown in the last 

column of [Tables 3] to [Table 7]. 

(1) Calculating the fuzzy consistency ratio 

Comparison z relies on subjective judgment which might lead to an illogical result with 

bias hence an evaluation is needed [39]. To determine if consistency was sustained in 

assigning weights a ratio known as Fuzzy Consistency Ratio (FCR) was calculated. The 

method used was that proposed by [40], which is based on the preference ratio concept. The 

preference ratio of all comparisons made for the criteria at each hierarchical level [Tables 3 to 

7] was lower than 10% (0.1) which shows that the consistency of pairwise comparison is 

acceptable. 

(2) Pairwise comparison matrix and weight 

Pairwise comparison matrix and weights generated using the improved integral value 

ranked Fuzzy AHP method is shown in [Tables 3-7]. Fuzzy Consistency Ratio (FCR) was 

used in determining the consistency of generated weights. 

Table 3. Pairwise comparison matrix A-B1-4 

A         B1       B2          B3       B4 W (weight) 

B1        1,1,1      1,3,5         3,5,7      5,7,9  0.4987 

B2   0.2, 0.33, 1      1,1,1         1,3,5      3,5,7 0.2839 

B3 0.14, 0.2, 0.33   0.2, 0.33, 1          111      3,5,7 0.1612 

B4 0.2, 0.14, 0.33 0.14, 0.2, 0.33 0.14, 0.2, 0.33       111 0.0562 

A = Land suitability; B1 = Soil properties; B2 = Topography; B3 = Climate; B4 = Accessibility. FCR = 0.0469 

Table 4. Pairwise comparison matrix B1-C1-3 

B1 C1 C2 C3 W (weight) 

C1          1,1,1        1,3,5        3,5,7 0.5601 

C2  0.2, 0.33, 1         111        3,5,7 0.3475 
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C3 0.14, 0.2, 0.33  0.14, 0.2, 0.33         111 0.0925 

B1 = Soil properties; C1 = pH; C2 = OC; C3 = CEC. FCR = 0.0379 

Table 5. Pairwise comparison matrix B2-C4-6 

B2 C4 C5 C6 W (weight) 

C4          1,1,1        1,3,5        3,5,7 0.5601 

C5  0.2, 0.33, 1         111        3,5,7 0.3475 

C6 0.14, 0.2, 0.33  0.14, 0.2, 0.33         111 0.0925 

B2= Topography; C4 =Slope; C5 = Aspect; C6 = Elevation. FCR = 0.0379 

Table 6. Pairwise comparison matrix B3-C7-9 

B3 C7 C8 C9 W (weight) 

C7          1,1,1        1,3,5        3,5,7 0.5601 

C8  0.2, 0.33, 1         111        3,5,7 0.3475 

C9 0.14, 0.2, 0.33  0.14, 0.2, 0.33         111 0.0925 

B3= Climate; C7 = Temp; C8 = RH; C9 = Rain. FCR = 0.0379 

Table 7. Pairwise comparison matrix B4-C10-11 

B4 C10 C11 W (weight) 

C10          111      1,3,5 0.7948 

C11 0.2, 0.33, 1         111 0.2052 

B4= Accessibility; C10 = Dist. from rivers; C11 = Dist. from roads 

 

2.6.3. Compute the final weights of each input layer using a hierarchical process 

The weight of every latest factor in Table 8 to the main objective of the hierarchy (A) was 

calculated by normalizing the weight of each factor in [Table 3] to [Table 7]. This was done 

by multiplying the weight of a factor in the lower level by that of the elements in the upper 

level as long as they are directly related in the hierarchical structure. For example, to get the 

final weight of the slope input layer represented by C1 in the hierarchy, the following 

formulae were used 

𝐹𝑖𝑛𝑎𝑙𝑤𝑒𝑖𝑔ℎ𝑡𝑜𝑓𝐶1 = 𝑊𝑒𝑖𝑔ℎ𝑡𝑜𝑓𝐶1𝑡𝑜𝐵1 ∗ 𝑊𝑒𝑖𝑔ℎ𝑡𝑜𝑓𝐵1𝑡𝑜𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒𝐴  (5) 

This was done for all the input layers and the results are shown in [Table 8]. 

Table 8. Hierarchical structure and final weight  

Goal A Hierarchy B Hierarchy C Final weights  Name 

A B1 C1 0.27932 pH 

  C2 0.17329  OC 

  C3 0.04612  CEC 

 B2 C4 0.15901   Slope 
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  C5 0.09865   Aspect 

  C6 0.02626 Elevation 

 B3 C7 0.09028 Temp 

  C8 0.05601   RH 

  C9 0.01491   Rain 

 B4 C10 0.04466 Dist. from River 

  C11 0.01153 Dist. from major roads  

Total 1  

 

2.7. Aggregation 

After assigning the associated weights to each input layer, an aggregation stage was 

commenced to combine the information from the various factors and constraints. The 

weighted linear combination (WLC) was chosen as the method of aggregation as shown in 

equation 6. This approach multiplies each standardized factor map by its factor weight then 

sums the results 

𝑠 = ∑ 𝑊𝑖 𝑥𝑖      (6) 

s= suitability, 𝑊𝑖= weight of factor i, and 𝑥𝑖= factor i 

This was done on a pixel-by-pixel basis and yielded a suitability map with the same range 

of values as the standardized factor maps that were used. The outcome of equation 6 is shown 

in [Figure 6] which is a map of land suitability for cassava cultivation across the study area. 

  

3. Results and discussion 

Cassava is an important income generating and food security crop, especially in sub-

Saharan Africa. In this work, an improved integral value ranked Fuzzy AHP and GIS based 

MCDM system was deployed to evaluate and map land suitability for cassava production in 

the study area. 

A hierarchical structure comprising of three factors and 11 sub-factors was used. The 

weights for the factors were determined by first creating a FAHP pairwise comparison matrix, 

thereafter the weights for each of the pairwise comparison matrix was obtained using the 

improved integral value ranked fuzzy AHP approach and the final weights were computed 

using a hierarchical process. This methodology provides a new and effective scientific 

method for land suitability assessment for cassava production. The main advantage of the 

model is the ability to derive optimum weights for the input factors thus enhancing accuracy. 

Furthermore, this model enables us to deal with the subjective uncertainty in agricultural land 

evaluation. The fuzzy consistency ratio was below 10% (0.1) for the various comparison 

matrices. This shows that the consistency of the pairwise comparison is acceptable.   

The outcome of the aggregation using equation (13) was reclassified into four classes 

using the standard deviation classification method (this method shows how much a feature 

deviates from the mean). The reclassified output is shown in figure 6 which shows the land 

suitability distribution for cassava production across the study area. The distribution of the 

land suitability analysis for the study area from table 9 showed that 40% of the land (56 sq 

km) was highly suitable (this is consistent with the fact that the study area is an agrarian area 

where a large portion of the area is suitable for cassava production), 36% of the land (51 sq 

km) was moderately suitable, 20% of the land (28 sq km) was marginally suitable and 4% of 
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the land (5 sq km) was not suitable. In addition, the land areas most suitable for cassava 

production were areas where the soil had high pH and organic carbon values.  

 

3.1. Classified land use land cover map 

Land use land cover (LULC) analysis of the study area was carried out. Landsat 8 image of 

the study area captured in December 2016 with a resolution of 30 m was used for the LULC 

classification. Three classes were used for the classification namely water body, settlement, 

and vegetal covers. [Figure 7] shows the LULC map of the study area. [Table 10] shows the 

LULC class distribution across the study area. 

 

3.2. Comparison between suitability map and LULC map 

From [Table 10] it can be seen that the vast majority of land in the study area was the 

vegetal cover (77.6%), these areas are either already existing farmlands or potential 

farmlands. Comparing [Figure 6] with [Figure 7] it can be seen that the bulk of the vegetal 

cover lies within the region of highly suitable and moderately suitable areas for cassava 

cultivation. This shows that the area has the potential for large scale cultivation of cassava. 

Fieldwork carried out shows that the bulk of cassava farms in the study area were small scale 

farms and mainly at a subsistence farming scale. Large commercial scale farms would be 

suitable in the study area. Figure 8 shows the overlay of settlement over the land suitability 

distribution for the study area. [Figure 8] shows that the bulk of the highly suitable areas are 

outside the settlement class. Furthermore, from [Table 10] it can be seen that settlements 

occupy just 31.1 sq km or 22.2% of the study area as the bulk of the study area falls within 

the vegetal cover class (77.6). This shows that the study area will be highly suitable for large 

scale commercial cassava farming. Even within the areas covered by settlement small scale 

cassava cultivation could be carried out by the sides alongside vegetable gardens which are 

common within the study area.  

 

3.3. Recommendations 

It should be noted that increasing the pH and organic content of the soil especially in areas 

classified as moderately and marginally suitable has the potential of increasing soil suitability 

for cassava farming within the study area. These two factors were the major determinant of 

soil suitability for cassava cultivation in the study area as these two factors (pH and organic 

content of the soil) had the highest weight as shown in [Table 8]. This is thus recommended 

to further increase cassava production in the study area. 

  

4. Conclusion 

This research established an approach to assess land suitability and map out the most 

suitable areas for cassava production within the study area using the improved integral value 

ranked fuzzy AHP and GIS based MCDM techniques. This is intending to ensure sustainable 

and improved cassava production within the study area. The multicriteria decision analysis 

was done for suitability assessment using eleven criteria: pH, organic carbon, cation 

exchange capacity, slope, aspect, elevation, temperature, relative humidity, rain, distance 

from the river, and distance from the road. The land suitability analysis for the study area 

showed that 40% of the land (56 sq km) was highly suitable for cassava production. Findings 

from this study also showed that pH and organic content of the soil were the major 

determinants of soil suitability for cassava cultivation in the study area. This research 
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provides an effective spatial multi-criteria decision-making method for optimum and 

sustainable cassava production in the study area. In addition, it has the potential to be used in 

study zones with similar conditions. We recommend that the technique be utilized on a 

regional/national scale and further develop into an app that will readily provide needed real-

time information to intended farmers and decision-makers. 

Table 9. Suitable area for cassava production in the study area 

Suitability Class Area (sq km) Percentage area (%) 

Highly suitable 56 40% 

Moderately suitable 51 36% 

Marginally suitable 28 20% 

Not suitable 5 4% 

Total                                                    140                                                        100 

Table 10. LULC class distribution  

LULC Class Area (sq km) Percentage area (%) 

Settlement 31.1 22.2 

Waterbody 0.3 0.2 

Vegetal cover 108.6 77.6 

Total                                                    140                                                        100  

  

 

Figure 8. Land suitability distribution for cassava production  
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Figure 9. Land use Land cover of the study area 

 

Figure 10. Settlement overlaid over the land suitability distribution for the study area. 
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