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Abstract 
Oil Palm (Elaeis guineensis Jacq.) has recorded a boom production the last 
decades and its main productive zone is inside the tropics that meet the best 
biophysical conditions. Investors as well as geospatial practitioners are in-
creasingly interested on the best growing and harvesting conditions. So said, 
the aim of this paper is to select the best oil palm planting site through the 
best methods combination. The study area is the district of Njimom located 
in the west-Cameroon, transitional between the equatorial and the climatic 
zones. In the same GIS environment, the Weighted Linear Combination 
(WLC) and Fuzzy Analytic Hierarchy Process (FAHP) respectively highlight 
the subtle differences between capability and suitability, while the Utility 
Function (UF) helps to assess the consideration of sustainability aspects. The 
first results consist in eight layers representing natural conditions, that is 
rainfall, temperatures, sunshine, slope, elevation, soil richness, soil moisture 
and forest cover, recoded in six classes ranked from 5 to 0 according to the 
FAO standardised scale. They are crossed using the straightforward method 
of WLC to give the “Capability layer”. The second results consist in three lay-
ers related to the social-economical constraints for production, as built-up 
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area, distance to road and distance to rivers. These layers are recoded in bi-
nary with 1 and 0, they are weighted by the FAHP priority vector and mem-
bership approach to give the “suitability layer”. Then, the number of occur-
rences of each aspect of the sustainability is counted in each of the two pre-
ceding processes to perform the UF. The resulting value, that is 0.542 for the 
capability process and 0.315 for the suitability process, serves to weight their 
respective layers, and their sum gives the final map with the best oil palm site 
planting in the northern part of the study area, on about 34,950 ha, repre-
senting 44.8% of Njimom district. 
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1. Introduction 

Oil Palm (Elaeis guineensis Jacq.) is one amongst others world’s most important 
tropical tree crops. It is mainly grown for the industrial production of vegetable 
oil [1]. The different uses include the manufacture of soaps, detergents and other 
toiletries in oleo chemical industries for the Kernel Oil Palm [2] [3], as well as 
ingredient in many foods, in leather, meal and chemical industries, for the Crude 
Oil Palm [4]. According to [5], an estimated 50 percent of packaged products 
sold in supermarkets contains some of the ubiquitous oil. More recently, it has 
been involved in the biodiesel production. Further, [6] [7] [8] [9] estimate that 
future increases in demand for vegetable oils will be primarily satisfied by palm 
oil rather than by other vegetable oils. This explains the boom of the production 
in the last decades, representing more than 30% of the global vegetable oil pro-
duction [10], and making it the world’s most widely consumed edible oil [4] 
[11]. Demand for palm oils is expected to double by 2020 [12]. 

The main productive zone is located inside the tropics between 10˚N and 10˚S 
of the Equator, where biophysical and environmental conditions are combined 
for its growth [1] [11]. For these reasons, the 43 first productive nations are trop-
ical countries located in Southeast Asia, Africa, Central and South America [3] 
[13]. In most of these countries, governments increasingly promote its cultivation 
as a major contributor to poverty alleviation, as well as food and energy indepen-
dence [14]. Then, palm trees are grown in two ways. They are observed in village 
gardens where they provide oil for local consumption with relatively lower yield 
and oil quantity. However, for industrial purposes, palm trees are mainly grown 
and harvested over large uniform areas of 3000 to 5000 ha [1] [11]. The grower or 
investor must then use modern methods for best harvesting and economical ben-
efits [11]. He should integrate at the same time the two others dimensions of the 
sustainability, which are the social development and the environment protection 
or restoration. Geospatial techniques show ability to face this challenge and the 
processing’s results are widely requested by enterprises, NGO’s or others indi-
viduals who want to invest in any agricultural activity.  
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Indeed, the improvement and accuracy of geospatial techniques also known as 
Geographic Information Systems (GIS) are notable today in real world deci-
sion-making processes, including for agriculture practices [15]. Either it is for 
the best site selection, economical benefits, spatial expansion or monitoring, re-
mote sensing and spatial analysis have a significant potential to support modern 
oil palm cultivation. [6] has computed a global suitability model for oil palm 
cultivation by combining maps of each relevant biophysical factor that is cli-
mate, soil and topography. A specific protocol was designed and tested by [16] 
for oil palm suitability land in South-West Cameroon. [17] has predicted de-
forestation and assessed land suitability for oil palm in Papua New Guinea. Re-
cently, [18] has models irrigated agriculture suitability to achieve food security 
in an arid environment. [19] has combined fuzzy indicators to evaluate agricul-
tural land suitability. 

Once the land suitability is assessed and the crops are growing, the focus con-
cerns the monitoring for different purposes as land use, deforestation, age, 
counting, diseases, etc. Using Landsat ETM+ satellite images, [20] has mapped 
oil palm land use in Malaysia. The same way, [21] has projected oil palm expan-
sion in Indonesia, Malaysia and Papua New Guinea covering the period 2010 to 
2050. [4] [22]-[27] have successfully used Landsat and SPOT satellites imaging 
data to identify oil palm growing areas and to map differences in palm groves 
stages. [28] and [29] did the same using LiDAR data, PALSAR 50-m and 
WorldView-3 Imagery, for oil palm plantations extension, palm trees counting 
and age estimation. [30] has generated smallholder oil palm distribution map 
using optical satellite data of SPOT 7 and investigated the backscatter values of 
ALOS PALSAR-2 with height and age of oil palm in mineral soil and peatland. 
[27] and [31] have tested a multi-sensor data fusion to map African palm. [32] 
has used remote sensing for biomass estimation, while [33] has linked agricul-
tural strategies of palm groves, biomass and the produced energy for a long-term 
management of oil palm resources. [34] has focused on the conversion of forest 
areas into oil palm cultivation, [35] did so too in the South-west Cameroon re-
gion, correlating oil palm expansion, deforestation and informal mills, and [36] 
assessed the groves. [22] and [37] have indicated the carbon stock of oil palm 
and its environmental effects. As overall, [38] recently reviewed all these remote 
sensing applications and seven groups stand out as, land cover classification, 
change detection, tree counting, age estimation, estimation of AGB and carbon 
production, pest and disease detection, and yield estimation.  

In this study, the main objective is a spatial modelling to select the best oil palm-
site for sustainable planting and growth conditions, in terms of suitability/capability 
evaluation [39] [40]. Suitability most often refers to social-economical promise, 
and point out the frameworks used to assess the capacity of land in supporting 
primary production [15] [41]. Whereas capability usually indicates physical or 
natural environmental potential as climate, relief, soils, hydrology and vegeta-
tion, to support a given land use [15] [42]. These subtle differences are consi-
dered in this paper to better integrate the three aspects of the sustainable agri-
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cultural development, that is, conserving land, water, plant and animal genetic 
resources, environmentally non-degrading, technically appropriate, economi-
cally viable and socially acceptable [11].  

2. Methodology 
2.1. General Framework 

According to [1] [11] [43] [44], oil palm plantation needs specific natural and 
economical conditions. For the natural aspects, climate, soil, sun exposition and 
physical surroundings are mainly concerned. The oil palm grows well where it is 
hot all the year round, with temperatures between 25 - 28 degrees Celsius, and 
never under 15 degrees Celsius. The palm trees should be permanently exposed 
to a lot of sunshine for a strong photosynthesis, so the leaves will grow larges, 
the fruits will ripen well, and there will be more oil in the fruits. Optimal rainfall 
conditions are 2000 - 2500 mm per year with a minimum of 100 mm per month, 
with 1000 mm and five months dry period per year as the worst moisture live-
able.The land should be flat because oil palm thrives best in lowlands below 300 
- 400 m of altitude to avoid or minimize risk erosion. Soils should be deep and 
permeable to enable the good development of roots, and rich enough in mineral 
salts in order to produce many large clusters of fruit. The moisture supply is 
important to regulate the temperature usually through the presence of a sur-
rounding dense forest.  

Moreover, the economics aspects depend on the type of plantation to be 
created. [11] distinguishes three types of oil palm plantations. A small-scale palm 
oil farm may cover 7.5 hectares, for usually local farmers. The medium-scale farm 
ranges from 10 to 500 hectares. This type of farm normally uses modern agro-
nomic practices such as plant spacing, cover cropping, fertilization, ring weed-
ing, pruning. Large-scale farms cover an area exceeding 500 hectares. These are 
state owned enterprises, established to meet the internal consumption needs of 
the country and provide a surplus for export. For the medium and the large 
sizes, factories and mills should be close of the exploitation, as well as roads in-
frastructures for easy transport. So said, [45] and [46] have proposed some ba-
sics frameworks of growth conditions suitability classification (Table 1). The 
ranking is made on a proposed scale of 5 to 0 from the optimal to the worst 
conditions, with mid-scales fuzzy linguistic appreciation (Table 2). 

2.2. Casting of Methods and Background Related 

The oil palm growing different conditions are enough expressive of a mul-
ti-criteria decision-making (MCDM) problem. It is mainly involved in combin-
ing information from several criteria to form a single index of evaluation [47]. 
Depending on the GIS analysis context, it can be qualified of resource allocation 
analysis or suitability/capability analysis, as in this paper [39] [40]. Then, the 
choice of fundamentals and supporting methods leading the analysis is based on 
the three aspects brought out by the planting conditions, that is, the natural ca-
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pability, the social-economical suitability and the overall sustainability. The said 
methods applied include the Weighted Linear Combination (WLC), the Analyt-
ical Hierarchy Process (AHP) and its fuzzy variety, and utility function (UF).  
• The Weighted Linear Combination (WLC) 

The WLC or simple additive weighting is one of the widely used multi-criteria 
evaluation (MCE) methods as a GIS-based decision rules for land suitability analy-
sis [48] [49]. Practically, the suitability components and conditions are trans-
posed onto maps and standardized according to the analyst’ scale choice. Weighs 
of relative importance are assigned to each of them. Then, both weighs and 
standardized maps are combined using the following Equation (1): 

i iS w x= ∑                           (1) 
 
Table 1. Listing of best planting/growing conditions. 

Field Conditions Details Reasons 

Climate 

Rainfall 2000 - 2500 mm Moisture 

Temperatures 25˚C - 28˚C Relative heat 

Sunshine Permanent Photosynthesis 

Physical and 
environmental 

support 

Soils Deep and permeable 
Minerals supply and  

roots penetration 

Land/Altitude Flat/300 - 400 m Avoid erosion 

Forest Enough dense Moisture 

Space At least 7.5 ha Beneficial harvesting 

Economical 
Mills/Factories Close Direct transformation 

Roads/Accessibility Close/Easy Distribution 

 
Table 2. Scale of conditions suitability. 

Details 
Suitability classes (From perfectly suitable = 5 to not suitable = 0) 

5 4 3 2 1 0 

Annual rainfall 
(mm/m2) 

2000 - 2500 2500 - 2875 2875 - 3250 3250 - 3625 3625 - 4000 >4000 

Number of dry 
months  

(<100 mm/m2) 
1 2 3 4 4 - 5 >5 

Average annual  
temperatures 

(˚Celsius) 
24 - 33 33 - 34 34 - 35 35 - 36 36 - 38 >38 

Soils 

Clay loam; 
sandy clay 

loam; silt clay 
loam 

Sandy loam; 
Silt loam; 

Silt 
Loam 

Clay; loamy 
sand 

Sand  

Slope (Degree) <4 4 - 9 9 - 13 13 - 18 18 - 25 >25 

Elevation (a.s.l.) <500 500 - 850 850 - 1050 1050 - 1280 1280 - 1500 >1500 
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where S is the suitability, wi is a weighting of factor i, and xi is the criterion score 
of factor i.  

The AHP process sometimes supports GIS implementations of WLC, if the 
default weigh, 1, should be changed.  
• The Fuzzy Analytical Hierarchy Process (FAHP) 

The AHP was developed in the 70’s by [50] as a helping tool for decision 
makers to find out the ‘‘best’’ alternative out of several ones by considering a 
number of conflicting criteria [49] [50]. The process is based on the three prin-
ciples, that is, decomposition, comparative judgment and the synthesis of data 
[50] [51] [52] [53]. Depending on the study, the fuzzy set could be incorporated 
with the AHP [54]. The idea of the fuzzy set theory is to deal with vagueness and 
no specificity inherent in human formulation of preferences, constraints, and 
goals [55]. The information is expressed by linguistic or fuzzy values rather than 
by numbers and this approach handles multiple criteria and combinations of 
qualitative and quantitative data [56]. The most popular fuzzy number is the 
Triangular Fuzzy Number (TFN), which is represented by three parameters as l, 
m, u, corresponding to the smallest possible value, the most promising value, 
and the largest possible value. For a fuzzy number denoted A  = (l, m, u), the 
membership function is defined as follow (Equation (2), Figure 1):  

( )

if

if

0 otherwise

x l l x m
m l

A x u x m x u
u m

µ

− ≤ ≤ −
= − ≤ ≤ −



                     (2) 

Furthermore, linguistic variables that allow the translation of natural language 
into logical or numerical statements are hierarchically organized as a Linguistic 
Fuzzy Decision Network, based on the expert’s preferences or the causal rela-
tionship between the values [57] (Table 3, Figure 2, Table 4, Figure 3).  
• The Utility Function (UF) 

How useful is each objective to the sustainability of the oil palm cultivation? 
The answer to this question explains the integration of the utility function. UF is 
a logical attribution of values to the different baskets of consumption, such a way 
that the most desirable baskets receive higher values than those who are less 
[58]. The principle is a ranking of the consumer preferences. It is stated that a 
basket ( )1 2,x x  is preferred to a basket ( )1 2,y y , only if utility level U of 

( )1 2,x x  is higher than the one of ( )1 2,y y . Equation (3) poses the formula.  

( ) ( ) ( ) ( )1 2 1 2 1 2 1 2, , if , ,x x y y U x x U y y> >                (3) 

The UF used in this study is written as follow (Equation (4)):  

( ) ( ) ( )
1 2 21,  c c d d c dU x x x x+ +=                     (4) 

where c and d are positive numbers with the relationship:  

0, 0, 1c d c d> > + =  
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Figure 1. Illustration of a Triangular Fuzzy Number. 

 

 
Figure 2. Membership functions of linguistic values 
of the fuzzy preference scale. 

 

 
Figure 3. Membership functions of linguistic values 
forcausal relationships. 

 
Table 3. Fuzzy preference scale. 

Intensity of 
fuzzy scale 

Definition of linguistic values 
Triangular  
fuzzy scale 

Triangular fuzzy  
reciprocal scale 

1  Equal importance (EI) (1, 1, 1) (1, 1, 1) 

2  
Equally moderate  

importance 
(1, 2, 3) (1/3, 1/2, 1) 

3  Moderate importance (1, 3, 5) (1/5, 1/3, 1) 

4  
Moderately strong  

importance 
(2, 4, 6) (1/6, 1/4, 1/2) 

5 ᷈ Strong importance (SI) (3, 5, 7) (1/7, 1/5, 1/3) 

6  
Strongly very  

strong importance 
(4, 6, 8) (1/8, 1/6, 1/4) 

7  
Very strong  

importance (VSI) 
(5, 7, 9) (1/9, 1/7, 1/5) 

8  
Very strongly  

extreme importance 
(6, 8, 9) (1/9, 1/8, 1/6) 

9  Extreme importance (EXI) (7, 9, 9) (1/9, 1/9, 1/7) 
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Table 4. Linguistic values for causal relationships. 

Linguistic values TFN 

Extremely low (EL) (0, 0.1, 0.2) 

Very low (VL) (0.1, 0.2, 0.3) 

Low (L) (0.2, 0.3, 0.4) 

Medium low (ML) (0.3, 0.4, 0.5) 

Medium (M) (0.4, 0.5, 0.6) 

Medium high (MH) (0.5, 0.6, 0.7) 

High (H) (0.6, 0.7, 0.8) 

Very high (VH) (0.7, 0.8, 0.9) 

Extremely high (EH) (0.8, 0.9, 1) 

 
From all the above, this paper has two specific aspirations. The first is theo-

retical, by considering the suitability and the capability as different purposes 
contrarily to most studies, for instance [6] [16] [17] [18] [39] and [40], while in-
tegrating the sustainability to bring out another approach than the ones of [59] 
[60]. The second is most technical, by targeting the best methods combination to 
embody the said three theoretical considerations in the same GIS analysis, as 
tried by [59] and [60]. 

2.3. Study Area Preceding Methods Implementation 

The study area is the district of Njimom, located between latitudes North 
5˚40'-6˚ and East 10˚48'-11˚20', in the Noun Division and the Cameroon West 
Region (Figure 4). It covers an area of 780 km2, at the heart of transitional high-
lands between the southern and the northern Cameroon that are contrasted in 
climate and biophysical features. An average temperature of 25˚C elsius and 
1200 to 2000 mm of rainfall characterize its annual climate. The vegetation is 
mixt between sparse forests islands, grasslands and shrubs. The elevation is be-
tween 650 and 1533, and the culminant point is the Mount Yawou. Soils are 
volcanic less evolved, and depending on the elevation, they are dark red unstable 
on slopesor moist clay close to rivers. An important network of small rivers con-
stitutes the hydrography and the main river is the Megna. The road network is 
mainly of rural type, and the national road n˚6 open-up the district to the north 
of country. Economic activities are mainly agriculture, hunt, and commercials.  

2.4. Conditions-Layers Generation, Ranking and Grouping 

The layers were produced according to the standards scales (see Table 2), as well 
as investors’ needs and the study area specificities. The main data are from raster 
and vector types. The Landsat 8 satellite image OLI-TIRS, of path and row coor-
dinates 186-56, dated from the 27 January 2018 and covering the study area was 
downloaded from the official website of United States Geological Survey (USGS) 
at http://earthexplorer.usgs.gov/ (Table 5). 
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Figure 4. The study location. 

 
Table 5. Landsat 8 scene metadata. 

Scene ID Spectral Band 
Wavelength  

(μm) 
Spatial  

Resolution (m) 

LC81860562018027LGN00 

Aerosol/Coastal 0.433 - 0.453 30 

Blue 0.450 - 0.515 30 

Green 0.525 - 0.600 30 

Red 0.630 - 0.680 30 

Near Infrared 0.845 - 0.885 30 

Short Wavelength Infrared 1.560 - 1.660 30 

Short Wavelength Infrared 2.100 - 2.300 30 

Panchromatic 0.500 - 0.680 15 

 
As all product of level 1 that is raw, the image need some preprocessing. 

Bands blue (B2) to short wavelength Infrared (B7) used in this study were 
stacked. Then, radiometric calibration from 16 bit to 8 bit and atmospheric cor-
rections were performed. After, to enhance the spatial resolution, the panchro-
matic band (B8) was preprocessed and merged to the multispectral stacked im-
age. 
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The same way, the Shuttle Radar Terrain Model (SRTM) Digital Elevation 
Model (DEM), also available on the USGS website was downloaded and condi-
tioned to fulfill the analysis requirements. With these two sets of data and the 
available vectors, the analysis could be conducted. The software used is Arcgis 
10.4.1, Erdas Imagine 2015 and Super Decision Software (SDS) version 3.0.  
o Temperatures and rainfall - Some sparse data, available at the local office of 

agriculture, were collected and completed by direct recordings of tempera-
tures on the field every 300 or 500 meters. They vary between 22 and 27 de-
gree Celsius during the year 2018. For the rainfall, a map of the study area 
was printed and the data of surrounding districts that are equipped with me-
teorological stations were used to approximate local yearly precipitations, 
with the help of the agriculture office. Then, based on the data of Foumban 
(South), Massangam (South-East), Magba (North-East) and Bamenda 
(North-West), Njimom district has been divided into four yearly rainfall 
areas inside the interval 1206 mm and 2145 mm (Figure 5). Both data were 
rasterized using the point density operation.  

o Altitude, slope and sunshine - These three set of data were produced by using 
the conditioned DEM-SRTM. The desired elevation was obtained by apply-
ing a threshold. The slope was produced in degree and a threshold was ap-
plied. For the sunshine, the area solar radiation was performed. In ArcGIS 
software, it consists in deriving the incoming solar radiation from a raster 
surface. The interval requested was 365 days for the year 2018, the unit is 
watt-hours per square meter (W∙H/m2), while the latitude helps for the accu-
racy of solar inclination and solar position. 

o Forest cover - This layer was produced by combining three spectral indices 
commonly used in the Forest Canopy Density (FCD) model [61]. 

- Advanced Vegetation Index (AVI), that uses the power degree of the infrared 
response to highlight subtle differences in canopy density. (Equation (5)) 

( ) ( ) ( )( )3 5 1 256 4 5 4AVI B B B B= + ∗ − ∗ −             (5) 

- Canopy Shadow Index or Scaled Shadow Index (SI, SSI), which opposes for-
est stands and open area spectral axes. (Equation (6)) 

( ) ( )256 3 256 4SI B B= − ∗ −                  (6) 

- Bare soil Index (BI), enhancing the bare soil areas, fallow lands, vegetation 
with marked background, in opposition to AVI. (Equation (7)) 

( )
( )

5 3 4
5 3 4

B B B
BI

B B B
+ −

=
+ +

                    (7) 

In the raster calculator, the sum of AVI and SI was computed to enhance the 
sensing of forest mark. Then, the BI was subtracted from that new layer to mi-
nimize the soil effects. 
o Soils quality - Two neo-bands were produced. To assess the soils richness, 

three indices taken from [62] and [63] were calculated following Equations 
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(8), (9) and (10). 

Clay Minerals 6 7CM B B=                     (8) 

Soil Composition Index ( )
( )

6 5
6 5

B B
SCI

B B
−

=
+

               (9) 

Organic Matter Index 21 3OMI B=                  (10) 

The three layers were stacked, a principal component analysis (PCA) was 
performed to extract the best of all information, and the component most re-
lated respectively to the CM, SCI and OMI, was retained as the best expression 
of the soil richness. 
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Figure 5. 2018 Rainfall diagrams and temperatures curves of Foumban, Massangam, 
Magba and Bamenda. 

 
In the same logic, the soil moisture was assessed by first calculating the Land 

Water Surface Index (LWSI) following Equation (11). 

5 6 5 6LWSI B B B B= − +                     (11) 

Then, the stream network was digitized. A focal statistics analysis following a 
radius neighborhood of 20 meters was performed. To finish with this step, the 
drainage density of the study area was calculated according to Equation (12). 

( ) ( )2Stream network length km Study Area kmDD =          (12) 
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Considering that soils should be well-drained to enable well-fixed roots, but 
not permanently drained to jeopardize growing and harvesting [11], the LWSI 
and DD layers were integrated in a raster calculator and respectively weighted at 
2/3 (67%) and 1/3 (33%), to obtain the soil moisture.  
o Built-up - Some studies have shown that built-up indices give more accurate 

information than the supervised or unsupervised classification [64]. For in-
stance, the Dry Built-up Index (DBI) recently developed was important in 
highlighting cities features in dry climates [65]. Its formula is given by Equa-
tion (13). 

( )2 10 2 10DBI B B B B NDVI= − + −                (13) 

With NDVI meaning the Normalized Difference Vegetation Index, and ex-
pressed following the Equation (14).  

( )5 4 5 4NDVI B B B B= − +                (14) 

However, the study area is not exactly a dry one with sands and dunes soils 
and a sparse steppe vegetation, but natural features as shrubs and grasslands, 
dark red unstable and wet soils depending on the elevation [65], while dozens of 
houses are built with raw materials as mud brick and straw, dominate it. These 
conditions have introduced some confusions and pixels reflectance inversion 
when the results were compared with the supervised classification and the vege-
tation indices as AVI and NDVI. Then, the inversion of the ratio term in the ini-
tial formula was experimented as shown in Equation (15) to obtain the expected 
results, which is built-up extraction: 

( )10 2 10 2IDBI B B B B NDVI= − + −                (15) 

Based on the values threshold, the result was coded in two classes of suitabili-
ty, 1 and unsuitability, 0. 
o Roads network - Assuming that the design of a modern oil palm plantation 

request the proximity of a factory for beneficial transformation [11], the easy 
transport of the products need a furnished road network. The study area is 
opened up thanks to rural tracks and the national road 6 (see Figure 1) and it 
was stated that the farm factory should be close to the road by 1 km. The 
road network was digitized and rasterized using the Euclidian distance func-
tion on 4000 m, to cover the whole study area. A threshold of 1000 m was 
then applied and recoded in two classes of suitability, 1 inside this distance, 
and unsuitability, 0 that is over this distance.  

o Rivers - The aim was to conserve the current position of local palm oil prefa-
brication units and others artisanal mills. For this purpose, on a printed map 
laid out with spatial markers as rivers and hills, manual cognitive maps have 
been drawn all over the area with populations following the Participatory GIS 
(PGIS) approach proposed by [66], and geographic coordinates of eleven 
units have been recorded with a GPS. A raster image was created using the 
Euclidian distance function on 1500 m to cover the study area. A threshold of 
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100 m was applied to the resulting raster as the restricted perimeter to the 
rivers according to the population request. The binary image has 1 as suitable 
for the mills conservation over this distance, and 0 as unsuitable that equals 
to less than 100 m.  

Technically, the layers were assembled in natural capability and so-
cial-economical suitability. On one hand, the group of layers belonging to the 
natural capability were reclassified, and recoded on an appreciation scale of 0 to 
5 denoting the lowest to the highest capability; and because they are fixed condi-
tions or less flexible for the productivity, the layers were crossed following the 
straightforward method of WLC sum method, to obtain the “Capability layer”. 
On the other hand, the social-economicalconditions-layers were aggregated after 
performing the AHP process. The pairwise comparison matrix has been built 
stating that local mills around the river network are 3 times less important than 
modern factory, but 5 times more than the built-up; while nearness between 
network road and modern factory importance is the highest, that is respectively 
3 times and 7 times more than local mills and built-up (Equation (16)).  

River network 1 1 3 5
Road network 3 1 7

Built-up 1 5 1 7 1

 
 
 
  

                 (16) 

These relative weighs were normalized to obtain the priority vector. The con-
sistency of judgments were assessed through ratio of the consistency index (CI) 
to the random index (RI) in Equation (17) 

( ) 0.10CR CI RI= <                      (17) 

The “Suitability layer” had resulted from sum of these three components 
weighted by their consistent priority vector in a raster calculator. The visual pat-
terns and numerical results were confirmed by submitting the output image to 
the linear fuzzy membership operation.  

Once the “Capability layer” and the “Suitability layer” were produced, it was 
important to assess the level of considering sustainability. The first step has con-
sisted in counting the number of occurrences of the social, economic or envi-
ronmental dimension in each layer processing (Table 6). Then after, the utility 
function was applied to come up with their individual sustainability values.  

In both cases, x1, x2 and x3 refer respectively to social, economic and environ-
mental aspects of the sustainability. Inside each group of layers, the ratio has 
been made between each aspect number of occurrences and the total. Thus, the 
cube root of all results was computed, and the new values were multiplied to find 
the sustainability utility coefficient (SUC) for each group. The non-occurring or 
null values were computed as 1.  

As last step, in a raster calculator, each layer was multiplied by its so-called 
sustainability utility coefficient (SUC), before performing their weighted sum.  

The diagram flowchart presented in Figure 6 synthesizes the main steps of the 
methodology.  
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Table 6. Sustainability aspects occurrences relatedly to primary goals. 

Head 
layers 

Sub-Layers 
Primary goal for the  
oil palm plantation 

Sustainability  
dimension U(x1, x2, x3) 

Social Econ. Envir. 

Capability 

Rainfall Growing; harvesting 0 1 0 

 
 
 
3

2 0.8x =  
 
3

3 0.2x =  
 
 
 

Temperatures Growing; harvesting 0 1 0 

Sunshine Growing; harvesting 0 1 0 

Slope Avoid erosion 0 1 1 

Elevation 
Avoid erosion; growing;  

harvesting 
0 1 1 

CM + SCI + OMI Growing; harvesting 0 1 0 

LWSI + DD Growing; harvesting 0 1 0 

(AVI + SI) − BI Growing; harvesting 0 1 0 

Total 1   0 8 2 

Suitability 

Built-up 
Avoid odour and  
noise pollution 

1 0 1 
3

1 0.5x =  
3

2 0.25x =  
3

2 0.25x =  

Roads Easy access to the main road 0 1 0 

Rivers 
Protect local mills properties 

owners 
1 0 0 

Total 2 
  

2 1 1 

Overall 2 9 3 14 

 

 
Figure 6. Methodology flowchart.  

3. Results 
3.1. Conditions-Layers Raw Values and Classes 

An overall of eleven individual conditions-layers maps result from the 
processing above. Eight of them belong to the natural capability and three to the 
social-economical suitability for the oil palm planting. Inside the two groups, 
there are non-composed and composed or neo-bands layers.  

For the natural capability, the non-composed layers are rainfall (1206 - 2145 
mm), temperatures (20.2˚C - 27˚Celsius), sunshine (13.58 - 2103508), slope (0˚ - 
5.41˚) and elevation (696 - 1533 m) (Figure 7). They give the real conditions 
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Soil 
richness
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Forest
cover
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Social-economical 
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values for oil palm growing approximately around the ones indicated [11]. The 
composed or neo-band layers, as soil richness (−0.0618 - 0.00015), soil moisture 
(3 - 12) and forest cover (0.67 - 258.7) (Figure 7). They are approximation of 
real conditions, by combining different simulation.  

 

 
Figure 7. Natural capability conditions-layers. 
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Concerning the social-economical suitability, the non-composed layers are the 
distance to the road network (0 - 3837 m) and to the rivers (0 - 1500) (Figure 8). 
They express the investors’ needs and the population perception. The only 
composed layer is the built-up map (−1.37 - 1.477), whose values approximate 
the area to be avoid by the plantation (Figure 8). 

When compared to the standards of oil palm farming [11], these conditions 
are generally averagely meet (see Table 2) for oil palm plantation in the area. 
Only the elevation (696 - 1533 m), that should better be between 400 and 500 m, 
as well as the soils that the best mineral content is clay, show some first view re-
strictions (see Table 2). Then, as stated above, the best way to assess that was the 
recoding of the layers according to the standardized scale. 

The natural capability conditions-layers are reclassified into six new classes. 
The fuzzy linguistic scale is decreasing, with “Highest”, “High”, “Moderate”, 
“Marginal”, “Low”, and “Lowest” capability. On the base of their original 
processed data, all the conditions-layers highest to lowest values were completely 
integrate the model, except the elevation whom data ranking were inverted, giv-
ing highest scores and qualifiers to the lowest altitudes. For the layers that ex-
tremes data were inexistent, the number of classes was adapted to the score val-
ues, for better results (Table 7, Figure 9). 

 

 
Figure 8. Social-economical suitability conditions-layers. 
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Figure 9. Natural capability conditions-layers reclassified. 
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Table 7. Capability conditions-layers reclassification. 

Layer 
Capability scores  

5 4 3 2 1 0 

Rainfall 2145 Normal Breaks Normal Breaks Normal Breaks Normal Breaks 1026 

Temperatures 27 Normal Breaks Normal Breaks Normal Breaks 20.2 N/A 

Sunshine 2,103,508 Normal Breaks Normal Breaks Normal Breaks Normal Breaks 13.5308 

Slope N/A 5.41 Normal Breaks Normal Breaks Normal Breaks 0 

Elevation N/A 696 - 850 850 - 1050 1050 - 1280 1280 - 1500 1533 

Soil richness 0.00015 Normal Breaks Normal Breaks Normal Breaks Normal Breaks −0.01618 

Soil moisture 12 Normal Breaks Normal Breaks Normal Breaks Normal Breaks 3 

Forest cover 258.7 Normal Breaks Normal Breaks Normal Breaks Normal Breaks 0.67 

 
The social-economical suitability conditions-layers have two classes, “Suita-

ble” and “Unsuitable”. The highest values of the built-up are unsuitable for the 
oil plantation. The distance of 4000 m around the road is the suitable for the 
factory for the easy access. The distance over 100 m of the river is suitable for the 
farming and the factory to preserve local oil palm production activity and then 
avoid conflicts with local population (Table 8, Figure 10). 

3.2. Capability and Social-Economical Combined Layers 

The capability layer is resulting from the WLC shows trends with values going 
from 23 to 45. The highest capability is recorded in the northern part of the 
study area. Its scores correspond to highest soil richness, soil moisture and forest 
cover, average sunshine, rainfall and temperatures, lowest altitude and slope 
(Figure 11). 

The suitability layer is the result of the AHP performing (Table 9). 
Then, the three recoded layers multiplied by their priority vectors are respec-

tively, the river network layer by 0.2828, the road network layer by 0.6434 and 
the built-up layer by 0.0738. Their linear fuzzy membership sum is in the inter-
val between 0 and 1, with a visible domination of the road network layer (Figure 
11). 

3.3. Sustainability Utility Coefficients (SUC) Weighing and Final  
Best Site Maps 

Following the UF computing, each layer obtains a SUC rated on a fuzzy scale of 
0 to 1. None of both groups fulfils the sustainability dimensions at 100%. Natural 
capability processing express it at 54.2%, that is normalised value of 0.542, while 
social-economical processing express it at 31.5%, that is a normalised value of 
0.315 (Table 10). 

The two layers are recoded into six classes for the final map scale of apprecia-
tion. Then, using the SUC normalized values, the capability layer is multiply by 
0.542 and the suitability layer by 0.315. The sum of two layers in the raster cal-
culator had given the last map.  
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Figure 10. Social-economical suitability conditions-layers reclassified. 

 

 
Figure 11.Capability and Suitability maps combined and reclassified. 
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Table 8. Suitability conditions-layers reclassification. 

Layers 
Suitability scores 

1 0 

Built-up −1.31 - 0.673 0.673 - 1.477 

Distance to road (m) ≤4000 >4000 

Distance rivers (m) >100 ≤100 

 
Table 9. AHP matrix priority vectors. 

River network 
1 1 3 5
3 1 7

1 5 1 7 1

 
 
 
  

 
0.2828
0.6434
0.0738

 
 
 
  

 Road network 

Built-up 

 
Table 10. Sustainability utility coefficients (SUC) of head-layers. 

Layer 
Sustainability dimensions 

x1*x2*x3 
x1 x2 x3 

Capability // 0.928 0.584 0.542 

Suitability 0.793 0.63 0.63 0.315 

Overall  0.857 

 
The final map is laid out in four different designs (Figure 12). The first one 

shows the main trends from the best to the least or worst conditions. The values 
are comprised between 5.142 in the best case and 0.857 in the worst. The main 
area for the high values is in the north of Njimom district. This map is recoded 
into six classes to discriminate and prioritize the sites in the second map. The 
ranking is from the first to the sixth priority for the investor, with areas com-
prised between 35,700 ha and 153 ha (Figure 13). When applying a binary re-
coding following the “Yes”/”No” logic to this map, considering the highest class 
as valid and others as invalid, its enables to highlighting the best site of the study 
area in the third map. The first priority area is the best site, on an area of 35,700 
ha. Ten plantations over eleven related to the local mills used for the analysis are 
within the limits of the site. The sum of their estimated minimum areas, when 
taking seize as 7.5 ha according to [11] for small farmers (7.5 × 10 = 750) (see 
Table 2), is subtracted from this 35,700 ha, and the approximate overall ex-
ploitable area is about 34,950 ha; that is 44.8% of the 78,000 ha (780 km2) district 
total area (Figure 14). The selected site is then utilisable for the large size mod-
ern oil palm plantation (See Table 2). At last, the limit of the best site is drawn, 
and the most central position of the polygon is chosen to locate and install the 
modern factory inside the planting area and relatedly to the eleven local mills 
recorded in the district.  
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Figure 12. The best site area.  

 

 
Figure 13. Six classes of priority areas in hectares.  

 

 
Figure 14. Ratio of the best site area over the others. 
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4. Discussions and Outlook  

According to the main purpose of selecting the best oil palm planting site, this 
study has been done following as possible the international ranking standards. 
The main outcome of the processing locates the potentially most indicated site 
on the northern lowlands of Njimom district as shown in Figure 12. Its visual 
comparison with the inputs layers shows a large influence of the “Capability 
layer” trends (see Figure 11). One-step backward and still based on the visual 
comparison, seven on eight conditions-layers are highly highlighting the north-
ern area as most favourable, except the forest cover layer that records the me-
dium and lowest values there (see Figure 7 & Figure 9); while layers as slope 
and elevation most clearly, but also rainfall and temperatures, deeply influence 
the shape of the chosen site. 

Further, the main explanation of the “Capability layer” trends domination 
over the “Suitability layer” ones on the best site selection is the weighing process 
using the sustainability utility coefficients (SUC). Indeed, with respectively more 
than 50% (0.542) and just 30% (0.315), the outcome is more representative of the 
first layer than the second one. Consequently, when estimating the areas of the 
highest capability value (Figure 11) and the best site area, they are respectively 
23,349 ha and 34,950 ha. The difference of 11,601 ha represents the contribution 
of the “Suitability layer” to the final selection, which is 33.2% or 1/3 of the total 
area, versus 66.8% or 2/3 represented by the above “Capability layer” value.  

On another point, although the site is the most adequate according to the local 
available conditions, it does not meet 100%, because the layers of slope and ele-
vation do not record the highest ranking of 5. Then the highest score ranking of 
the final map is at the most 4 according to the international standards. 

The same way, concerning the purpose of erosion, the said standards and all 
the studies read on the purpose of oil palm land suitability most focus on avoid-
ing any risk than integrating it to the modelling process. To pursue with this 
study, the main outlook is on one hand to build a complete model of the Revised 
Universal Soil Loss Equation (RUSLE) and integrate it to the model. On the 
other hand, integrating the status of the land degradation in the process, follow-
ing the model proposed by [67] can bring more information to the site selection. 
These two components might reinforce or mitigate the outcome.  

The analysis has also opened the way to apply the DBI to extract the built-up, 
and finally to test the inverse ratio of this formula for better results (see Equa-
tions (13) and (15)). This is a point the authors are already working on, to 
deepen the understanding of raw materials built-up reflectance parameters, re-
lated to thermal infrared and blue bands of the electromagnetic spectrum, in the 
remote sensing of diverse dry climates cities.  

5. Conclusion 

This paper has experimented to combine the WLC, FAHP and UF methods in 
the same GIS environment. The goal was to choose the best oil palm planting 
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site. The three directions were capability and suitability, headed by the idea of 
sustainability. Then it appears that in the district of Njimom, with transitional 
biophysical features between the equatorial and the tropical climate, some re-
quirements are fulfilled for oil palm planting in its northern side. Therefore, us-
ing the straightforward approach of WLC helps to follow the standardized scale 
of adequate conditions as rainfall, temperatures, sunshine, slope, elevation, soil 
richness and moisture, and forest cover, which should be respected for better 
growing and harvesting. The same way, using a flexible analysis as FAHP helps 
to integrate the human thoughts and choices in the analysis as built-up, factory 
location or local populations’ mills. Another enhancement is the level of consid-
ering sustainability, 0.857, that is further used as an evaluator of the overall so-
cial, economic and environmental dimensions of a plantation project. At last, 
combining the three methods has brought up the best site for oil palm plantation 
on an area of 34,950 ha, predisposing the district of Njimom to host modern and 
sustainable agriculture for local development.  
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