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Eskandari, 2017). Improvements in fire risk modelling and 
predictions are very crucial to reduce the negative impacts 
of fire, either by lessen burn severity or intensity through 
fuel management, or by aiding the natural vegetation re-
covery using post fire treatments. Fire risk is an important 
concept that shapes significantly in fire management plan-
ning. It is an assessment of the probability of fire occur-
rence that determines the ease of ignition, probability of 
combustion, and fire prone areas (Gai et al., 2011). Forest 
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Abstract. Forests are important dynamic systems which are widely attracted by wild fires worldwide. Due to the complexity 
and non-linearity of the causative forest fire problems, employing sophisticated hybrid evolutionary algorithms is a logi-
cal task to achieve a reliable approximation of this environmental threats. This estimate will provide the outline of priority 
areas for preventing activities and allocation of fire fighters’ stations, seeking to minimize possible damages caused by fires. 
This study aims at prioritizing the forest fire risk of Wassa West district of Ghana. The study considered static causative 
factors such as Land use and land cover (which include forest, built-ups and settlement areas), slope, aspect, linear features 
(water bodies and roads) and dynamic causative factors such as wind speed, precipitation, and temperature were used. The 
methods employed include a Hybrid Grey Relativity Analysis (HGRA) and Fuzzy Analytical Hierarchy Process (FAHP) 
techniques. The fuzzy sets integrated with AHP in a decision-making algorithm using geographic information system 
(GIS) was used to model the fire risk in the study area. FAHP and HGRA methods were used for estimating the importance 
(weights) of the effective factors in forest fire modelling. Based on their modelling methods, the expert ideas were used to 
express the relative importance and priority of the major criteria and sub-criteria in forest fire risk in the study area. The 
expert ideas were analyzed based on FAHP and HGRA. The major criteria models and fire risk model were presented based 
on these FAHP and HGRA weights. On the other hand, the spatial data of the sub criteria were provided and assembled in 
GIS environment to obtain the sub-criteria maps. Each sub-criterion map was converted to raster format and it was reclas-
sified based on risks of its classes to fire occurrence. The maps of each major criterion were obtained by weighted overlay 
of its sub criteria maps considering to major criterion model in GIS environment. Finally, the map of fire risk was obtained 
by weighted overlay of major criteria maps considering to fire risk model in GIS. The results showed that the FAHP model 
showed superiority than HGRA in prioritizing forest fire risk of the study area in terms of statistical analysis with a stand-
ard deviation of 0.09277 m as compared to 0.1122 m respectively. The obtained fire risk map can be used as a decision sup-
port system for predicting of the future trends in the study area. The optimized structures of the proposed models could 
serve as a good alternative to traditional forest predictive models, and this can be a promisingly testament used for future 
planning and decision making in the proposed areas.

Keywords: fire hazard risk modelling, fuzzy logics, grey relativity analysis, multicriteria decision analysis, soft computing 
techniques.

Introduction

Forest fires studies have become obligatory in the past 
and recent decades since it plays a critical role in land-
scape transformation, vegetation succession, soil degra-
dation and air quality. Forest fires are one of the most 
hazardous natural occurring disasters which are the most 
vital sources of land degradation that lead to deforesta-
tion and desertification processes (Fernandes et al., 2019; 
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fire risk models are considered in three parts thus, haz-
ards identification, vulnerability analysis, and emergency 
response capacity analysis. With the global climate change 
and the impact of human activity, the forest areas reduce 
rapidly, while the forest fire results in most of the reduc-
tion. Because it is an uncontrolled fire that occurs in the 
countryside or a wilderness area, forest fire usually causes 
destruction of fauna and flora, erosion, soil degradation, 
tree weakness, habitats destruction, human health damag-
es, landscape beauty reduction, loss of life, loss of property 
and causes harm to the ecology and environment of a re-
gion (Fernandes et al., 2019; Gai et al., 2011). In addition 
to causing the increase of gases in the atmosphere, such 
as carbon dioxide, carbon monoxide, methane gas and ni-
trous gases, that are responsible for increasing the green-
house effect and causing global respiratory problems. The 
understanding of the nature of the causing factors of fire 
risk including its effects and ecosystem responses are a 
challenging to both researchers, governmental and non-
governmental agencies and fire fighters’ managers (Peprah 
et al., 2018; Addai et al., 2016; Amissah et al., 2010). Also, 
the overriding role of anthropogenic factors in regulat-
ing the fire events along with vegetation, climatic and 
topographic factors makes the fire risk prediction highly 
stimulating external causes leading to fire ignition. Many 
natural and anthropogenic factors may cause the fire oc-
currence in the forest areas. The natural factors include 
topographic factors which include (elevation, slope, and 
aspect), biologic factors (vegetation type and density, leaf 
litter depth and moisture, and soil characteristics) and cli-
mate factors (temperature, relative humidity, precipitation, 
and wind velocity). The anthropogenic factors are related 
to human activities in the forest areas (agricultural activi-
ties, recreational activities and existence of forest roads 
and settlements) (Eskandari, 2017).

Wildland fire is one of the most ubiquitous of all ter-
restrial disturbance agents. Evidence from a variety of 
sources suggests that wildfire has been an important com-
ponent of the natural environment for at least 350 million 
years (Perry, 1998). Ignitions caused through human ac-
tions, whether deliberate or accidental, have become the 
most common source of wildland fire (Suresh et al., 2016). 
As a result of human-altered fire regimes, many ecosys-
tems have undergone significant amount of change as fire-
induced communities have become more prevalent. The 
fire risk calculation consists in verifying the probability of 
the fire occurring in determined place, that is, the chance 
of ignition. So, it is possible to do a critical evaluation of 
fire occurrence, and do the correct monitoring and pre-
vention of burned areas, using objective tools. Such events 
and their accurate prediction are of great importance to 
those seeking to understand and manage fire prone eco-
systems (Perry, 1998). Models predicting the rate of fire 
spread may be classified as physical, semi-physical or 
empirical according to the nature of their construction. 
Spatial information technologies such as remote sensing 
and geographic information system (GIS) offer great po-
tential for effective modelling of wildland fire behaviour. 

Forest fire research has two principal objectives; first to es-
tablish fire danger and thereby develop fire danger rating 
systems, and secondly, to develop methods which enable 
the accurate quantification of wildland fire events. The 
spread of fire through any bad means involves a number 
of complex chemical and physical process, and these have 
been considered by a significant amount of research. The 
variables used in the fire risk calculation can be of two 
types; some derived from factors that do not change in a 
short period of time called static, and those who vary in 
shorter time period called dynamic. The first ones include 
the land use and land cover, slope, types of vegetation, 
types of soil, road and settlement proximity. Moreover, the 
dynamic variables include the meteorological data, such 
as temperature, wind intensity and direction, humidity, 
and many other more. There are a lot of approaches used 
in the fire risk modelling, statistical methods such as lo-
gistics regression (Goldarag et al., 2016), quantitative and 
qualitative methods based on expert knowledge, such as 
Multi-Criteria Decision Analysis (MCDA) (Yakubu et al., 
2015, 2018a; Addai et  al., 2016; Amissah et  al., 2010). 
Besides artificial intelligence methodologies, for exam-
ple Artificial Neural Networks (ANN) (Fernandes et al., 
2019; Eskandari, 2017; Goldarag et al., 2016; Maeda et al., 
2009; Alonso-Betanzos et al., 2003) and Fuzzy logics (Es-
kandari, 2017; Sharma et al., 2012; Chang & Wang; 2009; 
Vahidniaa et al., 2008), have been used for forest fires risk 
modelling and yielded accurate results. Some research-
ers have investigated the relation between various factors 
and fire occurrence in the forests as detailed in the fol-
lowing literatures (Stolzenburg, 2001; Stolle et  al., 2003; 
Lozano et  al., 2008; Martinez et  al., 2009; Zumbrunnen 
et  al., 2011; Jurdao et  al., 2012; Eskandari et  al., 2013a; 
Chuvieco et al., 2014; Eskandari, 2015). Also, the diver-
sity of factors that affect the beginning and spreading of 
a forest fire integrating the use of an integrated analysis 
approach is recorded in (Chuvieco & Congalton, 1989). In 
recent times, Geographic information system (GIS) appli-
cations provide adequate tools to manipulate and manage 
the spatial information and are widely applied to model 
forest fire risk. Various researchers have applied GIS for 
forest fire risk modeling by different methods (Chuvieco 
& Congalton, 1989; Teodoro & Duarte, 2013; Eskandari 
& Chuvieco, 2015). Moreover, many methods have been 
used for fire risk modeling in the world. Some studies 
were performed by Dong model (Dong et al., 2005; Erten 
et al., 2005; Eskandari et al., 2013b). Also, some research-
ers have applied the Analytic Hierarchy Process (AHP) 
to model the fire risk (Akay & Erdogan, 2017; Gai et al., 
2011; Suresh et al., 2016; Durmaz et al., 2008; Chuvieco 
& Congalton, 1989; Vadrevu et al., 2010; Sowmya & So-
mashekar, 2010; Atesoglu, 2014). In addition to that, some 
others have used the logistic regression to model the fire 
ignition probability (Rollins et al., 2004; Martinez et al., 
2009; Jurdao et al., 2012; Sitanggang et al., 2013; Eskandari 
& Chuvieco, 2015), while some others have used artificial 
neural network (ANN) to predict the fire regimes (Vas-
concelo et al., 2001; Alonso-Betanzos et al., 2002; Vakalis 
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et al., 2004, Vasilakos et al., 2009; Satir et al., 2016). Sup-
port Vector Machine (SVM) has also been proposed for 
fire risk modelling in some other studies (Cortez & Mo-
rais, 2007; Sakr & Elhajj, 2010).

However, until now, no study has employed FAHP 
and HGRA methods integrated with GIS for fire risk 
modelling in the forests of Ghana. In this study, FAHP 
and HGRA approach in a multi criteria decision mak-
ing (MCDM) framework considering GIS has been ap-
plied for fire risk modelling through a risk map in a part 
of Wassa West District forests of Ghana. This modelling 
method uses the expert ideas to express the importance 
and priority of effective factors in forest fire modelling. 
These expert ideas are expressed by linguistic variables 
(just equal, equally important, weakly more important, 
strongly more important, very strongly more important, 
and absolutely more important) for comparing of the ef-
fective factors in fire occurrence (Chang, 1996). The fuzzy 
sets were integrated in the modeling process to express 
the uncertainty and to get the more accurate results than 
the AHP method. So, weights and maps of effective fac-
tors have fuzzy characteristics in this modeling approach. 
Finally, the fire risk model is obtained based on the fuzzy 
weights. The map obtained from FAHP and HGRA mod-
els in this study are capable to predict the future fires in 
the study area as a function of topographic, biologic, cli-
matic, and anthropogenic factors. In the first step of this 
research, a hierarchical structure of fire risk criteria and 
sub-criteria is developed and the criteria and sub-criteria 
maps are prepared. In the second step, the weights of crite-
ria and sub-criteria are determined and the fire risk model 
is obtained using FAHP and HGRA. In the last step, the 
fire risk map is obtained by weighted overlay of the crite-
ria considering to fire risk model in GIS. Finally, the fire 
risk map is compared to see their predictive performance 
in assessing fires risk in the study area. Numerous mod-
els for assessing fire risk have been developed through-
out the world. Numerous researchers have made used 
of the Saaty’s AHP (Saaty, 1980), modified and fuzzified 
to formulate and control uncertainty. Hence trapezoidal 
membership function for comparison ratios in AHP has 
been formulated and a new approach for triangular case 
has been developed (Chang & Wang, 2009; Sharma et al., 
2012). Triangular fuzzy member is a spread class of fuzzy 
member whose membership is defined by the three real 
members (Vahidniaa et  al., 2008). The mathematics of 
fuzzy set theory is described in fuzzy sets (Zadeh, 1965). 
The use of fuzzy AHP and GIS and its different methods 
and applications has been well defined (Vahidniaa et al., 
2008). AHP is a useful technique in decision making that 
has been widely used as an efficient multicriteria decision 
analysis tool for a weight estimation technique in different 
cases (Peprah et al., 2018; Larbi et al., 2018).

The western region of Ghana presents a lot of fire spots 
in the summer times, when the weather is dry. The aim 
of this study is to prioritize future fire risk areas of Wassa 
West District located in the Western South of Ghana. The 
proposed modelling is to create an artificial intelligence 

technique with HGRA and FAHP training. A multicrite-
ria decision analysis to do the prediction of most propi-
tious fire areas is expected, where it can be introduced 
the input variables at any period that desire to be deter-
mined. This estimate will provide the outline of priority 
areas for prevention activities and allocation of firefighting 
resources, seeking to minimize possible damages caused 
by fires. Wildland fire managers require spatially explicit 
and comprehensive information on fire risk for long term 
planning (Durmaz et al., 2008; Sharma et al., 2012). This 
planning should focus on formulating protection and pre-
vention strategies that are appropriate in high risk areas. 
However, fire risk mapping is an extremely difficult and 
complex process requiring expertise in fire behaviour, hu-
man activities, fuels modelling, topography, ecology and 
GIS. This paper evaluates and presents fire risk through 
spatial analysis and mapping. Spatial analysis of fire risks 
maps was also made to determine the efficiency of many 
factors that influence fire risk, slope, insolation, fuel and 
human activities. As a result, the fire risk map was de-
veloped to incorporate topographic, and meteorological 
map produced from available existing data obtained from 
the survey and mapping division department. Application 
of the fire risk mapping was tested. The resulting maps 
will provide coarse grained, broad scale information to 
spatially assess both the hazards and risks of wildland 
fire. This will enable fire managers to make sound deci-
sions concerning all phases of fire management planning. 
The purpose of this study is to develop a forest fire risk 
assessment and mapping model to identify, classify and 
map fire hazard areas. Such map will help to minimize 
the frequency of forest fire, advert damage and plan forest 
fire protection construction. Also, the study is linked to 
management and policy making strategies, such as forest 
management, land use planning and suitable management 
of natural resources. Moreover, it aims to help prevent for-
est fire by taking precautions. It also aims to be helpful for 
authorities coping during the event of occurrence of fire.

1. Study area

The study area (Figure 1) is situated in the middle part of 
Western South Region of Ghana with geographical coor-
dinates of latitude 5°30′N to 6°15′N and longitude 1°45′W 
to 2°11′W. It has a total land area of about 2578 km2 with 
Aboso as its capital (Larbi et al., 2018). It is bounded to 
the west by Sefwi Wiaso and Aowin districts, to the south 
by Ellembele and Jomoro, to the southeast by Prestea-
Huni Valley and to the north by Bibiani. The area is well 
known for mining activities due to the availability of natu-
ral resources such as Gold, Manganese and Bauxite which 
contributes significantly to the economic development of 
Ghana (Boye et al., 2018; Joe-Asare et al., 2018). There is a 
good network of water bodies such as rivers and streams, 
notable among them are river Tano and Ankobra but 
most of these water bodies are polluted due to mining and 
farming activities. The main traditional practice of the in-
habitants in the district is farming of economic crops such 
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as cocoa, rubber, oil palm, citrus and kola (Avotri et al., 
2002). It has a tropical climate associated with significant 
rainfalls and a short dry season (Peprah & Mensah, 2017). 
There are two main rainfall regimes: thus; March to July 
and September to early December and the dry season starts 
from October to February. The interplay of heavy rainfall 
and soil types find expression in the vegetation cover. The 
semi deciduous forest is found in the northern part while 
the tropical rainforest is to the south where rainfall is heavi-
est (Larbi et al., 2018). Geographically, the lands are gener-
ally undulating with steep slopes parallel to each other and 
to the strike of the rocks in the North south direction with 
several hills making farming and other developmental ac-
tivities a bit stressful (Kortatsi, 2004). It is found within the 
main gold belt of the Republic of Ghana that stretches from 
Axim in the Southwest direction, to Konongo in the North-
east direction (Kortatsi, 2004; Asklunel & Eldvall, 2005). 
The type of coordinate system used in the study area is the 
Ghana projected grid derived from the Transverse Mercator 
1° NW and the (WGS84) (UTM Zone 30N) (Yakubu et al., 
2018b; Peprah et al., 2017). The average annual temperature 
is 26 °C with small daily temperature variations. Relative 
humidity varies from 61% in January to a maximum of 80% 
in August and September (Peprah & Mensah, 2017). It has 
an average annual precipitation of 1696 mm. A detailed of 
the geology of the place can be found in (Asante-Annor 
et al., 2018).

2. Resources and methods used

2.1. Resources

The resources used for the investigating of the research 
findings include: Annual Climate data that spans from 
2012 to 2018 obtained from World Climate website; 
Ghana Country Shape files (slope, Aspect, Elevation, land 
use-landcover and water bodies) obtained from the Sur-
vey and Mapping Division Department; ArcGIS software; 
Minitab and Microsoft office software.

2.2. Methods used

2.2.1. Model generation 
The Forest Fire Model was generated in the ArcGIS envi-
ronment as given in Eq. (1):

1 1
,

nn

i i j
i j

F W C r
= =

=∑ ∏  (1)

where F – Forest fire Model; Wi  – weight of variables; 
Ci – Model variables; rj – Restrictions.

2.2.2. Hybrid Grey Relativity Analysis (HGRA)
Grey Relational Analysis is a method developed by Sir Ta-
guchi and was used in this study for the optimal selection 
and weighting of multi-criteria factors in forest fire risk 
modeling. The Taguchi method employs a statistical meas-
ure of performance known as signal to noise ratio (S/N) 
for its analysis. Orthogonal array experiments were de-
veloped by Genichi Taguchi to help in optimal settings of 
process control parameters through minimization of the 
variances in the experiments (Thapa & Engelken, 2020). 
The quality characteristics for the “higher the better” was 
used for the normalization sequence of the land use-land-
cover and the windspeed criteria whereas the lower is bet-
ter criteria was used for normalizing the slope, aspect, el-
evation, temperature, precipitation and the linear features. 
If the target value of the original sequence is infinite, the 
original sequence is normalized as given by Eq. (2) as:
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i
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xx
x x

−
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where * ( )kxi  is the normalized value of the kth perfor-
mance characteristic in the ith experiment; and * ( )kxi  is 
the original kth performance value in the ith experiment. If 
the target value is “lower the better”, the original sequence 
is normalized as according to Eq. (3) given as:

max ( ) ( )
* ( ) ,

max ( ) min ( )
i i

i i

x k x k
kxi x k x k

−
=

−
. (3)

The deviation sequence is determined using Eq.  (4) 
given as:

0 0 * ( ) * ( ) ,i ix k x k= −∆   (4)

where 0i −∆  Deviation sequence; 0 * ( )x k  – Reference 
sequence or ideal series; and * ( )kxi  – Comparability se-
quence. The Grey Relational Coefficient is then calculated 
using Eq. (5) given as:

Figure 1. The study area
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where ( )i k −ξ  Grey relational co-efficient, ζ  – Distin-
guishing co-efficient, min∆  – the smallest value of 0 ( )i k∆  
whereas max∆  the largest value of 0 ( )i k∆ . The Grey Re-
lational Grade is calculated by Eq. (6) given as:

1

1 ( ) ( ),
n

ki i
k

k kwn =
=γ ξ∑  (6)

where iγ  – Grey Relational Grade (GRG), ( ) 1kw k − , n  – 
number of criteria used. The optimal rank of the GRG can 
be predicted using Eq. (7) given as:

1( ),r
ia m i m=ϕ = +ϕ ∑ − ϕϕ  (7)

where mϕ  the total mean of the GRG, r −  number of 
input parameters, iϕ  – mean GRG value at the optimal 
value for the ith parameter. The GRG values are expressed 
as percentage weights for the various criteria rank. The 
ranking also helped in the pairwise comparisons of the 
Fuzzy AHP.

2.2.3. Fuzzy AHP (FAHP)
FAHP is one of the improved mathematical development 
using AHP techniques (Firoozi et al., 2017). In this case, 
triangular fuzzy numbers were used to classify the expert 
opinions. The fuzzy numbers are represented in the form 

iq = ( ), ,ij ij ijca b  and in geometric space as shown in Fig-
ure 2. Fuzzy logic is a problem-solving control system that 
provides an easy way to arrive at definite solutions based 
on vague, noisy, ambiguous and imprecise information 
(Fazlollahtabar et al., 2009). Fuzzy logic approach mimics 
how a person would make a decision, only much faster. In 
multicriteria decision analysis (MCDA) method applica-
tion, the decision tree is formed to prioritize the various 
criteria and sub-criteria. The judgement matrix is then 
formed based on the respondents and experts’ advice. 
Consider the fuzzy judgement matrix given in Eq. (8) as:
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 (8)

The Geometric mean is calculated along each row us-
ing Eq. (9) given as:

( )1

1
n
ji ij nq−σ = ∏
 , (9)

where iσ  – Geometric mean values, ijq  – Triangular 
Fuzzy Members, n  – number of criteria. The Fuzzy Geo-
metric Mean is obtained by the column summation of the 
Geometric Mean of each criterion according to Eq. (10) 
given as:

1 2 3
1

.
n

i n
i=

σ = σ + σ + σ + + σ∑    

  (10)

The Fuzzy weights are obtained by normalization ac-
cording to Eq. (11) as:

,ij ijr w=   (11)

where ijr  – normalized weights of the secondary variables 
(option i weight than criterion j), ijw  – weights of the 
main variable or criteria. The final weights, iU  are thus 
obtained in Eq. (12) given as:

1
.ijij

n

i
i

U w r
=

=∑

 

 (12)

2.2.4. Consistency check
To determine the consistency of the chosen criteria, a 
consistency check was carried out on the linguistic vari-
ables. The consistency ratio was used to check whether the 
threshold value proposed by Sir Saaty was not exceeded 
(Larbi et al., 2018). For consistency, the consistency ratio 
should not exceed 0.10 ( )0.10rC 〈 . The consistency ratio 
is obtained by dividing the calculated consistency index 
by its corresponding criteria Random Index. First, the 
weighted sum is multiplied by the criteria matrix accord-
ing to Eq. (13) given as: 

sW = 
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w
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where sW  – weighted sum vector. The Eigen Vector is 
calculated by division of the weighted sum vector by the 
criteria weights given by Eq. (14):

( )1
s

ij
ie w

w
=


, (14)

where ie  – Eigen vectors; ijw  – weights of the main vari-
able. The average eigen vectors is calculated by Eq.  (15) 
given as:

1
max ,

n

i
i

e

n
=λ =
∑
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where maxλ  – Average of the Eigen vectors; n – num-
ber of criteria. The Consistency Index, ic  is calculated by 
Eq. (16) as:

max

1i
n

C
n

−λ=
−

. (16)

Figure 2. Triangular Fuzzy Membership
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The Consistency ratio is computed by Eq. (17) as:

i
r

i

C
C

R
= . (17)

where rC  – Consistency ratio, and iR  – Random Index.

2.2.5. Cost criteria
The Cost friction surface is a raster dataset represented by 
grid cells. This is based on a set of defined criteria. Various 
thematic maps according to the defined cost criteria were 
generated in the ArcGIS environment to assist in iden-
tifying areas susceptible to fire risk hazards in intensify-
ing degrees. In this study, eight (8) main cost factors were 
selected and used for the forest fire hazard risk analysis, 
five (5) static variables and three (3) dynamic variables ac-
cording to the experts’ advice were used. The factors were 
classified and weighted using both fuzzy AHP and HGRA 
(Hybrid Grey Relational Analysis) and the resulting maps 
were studied and compared. Table 1 is the classification of 
the forest fire hazard factors.

Land Cover-Land Use 
Land Cover-Land Use forms the major static variable in 
forest fire risk modelling. Land cover represents the ac-
tual or physical presence of vegetation or other materials 
where vegetation is non-existent on the land surface (Fry 
et al., 2011). In this study, three main classes under land 
cover-land use were used. These include Forest reserves, 
Buildings and Built-up areas. Forest areas provide com-
bustion grounds for wild fires. The forest fires are fueled 
by dry branches, stems and dry leaves. Human factors also 
play a major role in starting up forest fires. Built-up areas 
close to forest areas poses a higher risk of forest fire haz-
ards due to human activities such as bush burning, hunt-
ing for wild animals, farming, accidentally leaving pieces 
of cigarettes in the bush. The rate of combustion is expe-
dited by the dynamic factors (temperature, wind, humid-
ity). The land cover- land use data was obtained from the 
Ghana country shapefiles.  A map was then generated at a 
scale of 1:500 000 in the ArcGIS environment.

Linear Features (Limiting Factors)
The Linear features comprises of the roads and rivers in 
the study area. They are referred to as the limiting factors 
since it has a very low impact in the cause of the fire haz-
ards. Roads help in emergency response whenever, there 
is outbreak of forest fire. It expedites the services of the 
forest fire brigade in firefighting. Water bodies has offered 
an extinguishing effect on forest fire hazards. Some water 
bodies flow through forest areas causing a reduction in 
the incidence of forest fires. Both data were also obtained 
from the Ghana country shapefiles and worked on in the 
ArcGIS environment.

Slope
Slope plays a major role in forest fire risks. Slope affects 
the airflow as well as the local micro-climate therefore 

affecting the fire spread. The contour topography from the 
country shape files was used in the generation of the Digi-
tal Elevation Model (DEM) of the study area. The DEM 
was then used to generate the slope data for the Fire risk 
analysis in ArcGIS environment. 

Elevation
Elevation data is one of the main factors to be considered 
in forest fire risk modelling. An increase in altitude results 
in a decrease in temperature and a rise in humidity. As a 
result, there is a decrease in the occurrence of forest fire 
hazards. The Digital Elevation Model (DEM) of the study 
area was generated from the contour data as obtained 
from the Survey and Mapping Division Department.

Aspect
Aspect determines the amount of received radiation from 
the sun. The Aspect data was generated from the slope 
data using ArcGIS software. It was then classified into 4 
cardinal directions namely North (N), South(S), East (E) 
and West (W) according to the intensity of the received 
radiation. The Aspect map had a resolution of 30m by 
30 m.

Wind speed (kph)
Wind speed is a very crucial meteorological variable in 
forest fire risk hazards. It determines the occurrence and 
the rate of spread of forest fires. The wind speed was meas-
ured in knots per hour (kph) using the Beaufort scale. The 
Annual wind speed was downloaded from the World Cli-
mate website, https://www.worldclim.org/data/index.html 
in a tiff file. It spans from 2012 to 2018 with 1 km by 1 
km resolution. The wind speed was grouped into three 
(3) main classes. It formed the major criteria among the 
dynamic fire factors.

Temperature
Temperature is one of the main dynamic factors contribut-
ing to forest fire risk hazards. The higher the temperature, 
the faster the rate of combustion and vice versa. Tempera-
ture also reduces with increasing elevation and increases 
with a reduction in elevation. Forest Fire hazards are more 
likely to occur at places with hot temperatures (Tropical 
climate) compared to places of lower temperatures. The 
Annual Temperature data spans from 2012 to 2018. It 
was downloaded from the World Climate website, https://
www.worldclim.org/data/index.html in a raster format.

Precipitation
Precipitation is one of the main natural agents to consider 
in forest fire hazards. Forest fires as a result of lightening 
and spontaneous combustion emanates from natural fac-
tors such as rainfall (Gai et  al., 2011). In this research, 
precipitation data (TRMM) over a period of 6 years (2012 
to 2018) from the NASA website, (https://www.worldclim.
org/data/index.html) was downloaded in raster format. 
The downloaded data had a resolution of 1 km2 which was 

https://www.worldclim.org/data/index.html
https://www.worldclim.org/data/index.html
https://www.worldclim.org/data/index.html
https://www.worldclim.org/data/index.html
https://www.worldclim.org/data/index.html
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Figure 3. Flow chart of weighted static factors

Table 1. Classification of forest fire hazards

Static Factors

Variables Classes Values

Land use-Land cover
Forest 8
Built-ups 7
Buildings 6

Slope

0–0.12° 2
0.13–0.31° 3
0.32–0.87° 5
0.88–2.53° 7

Aspect

North (N) 2
East (E) 4
South (S) 6
West (W) 8

Elevation

<60 (m) 7
60–100 (m) 5
100–140 (m) 4
>140 m 3

Linear Features 
(Limiting factors)

Rivers 1
Roads 2

2.2.6. Weighted overlay of cost maps
The cost criteria of the forest fire hazards were weighted 
using both the Grey Relativity Analysis and the Fuzzy 
AHP. The Different forest fire models of the study area 
were generated in the ArcGIS environment. Both the stat-
ic and dynamic factors were overlaid using the weighted 
overlay function and later combined using the raster cal-
culator for the final forest fire hazard model. Figure 3 is 
the flow chart of the weighted overlay of the various static 
factors. Figure 4 is the weighted overlay of the dynamic 
factors. The Combined Fuzzy and Grey Forest Fire Model 
is given in Figures 5 and Figure 6 respectively.

Static Factors

Variables Classes Values

Dynamic Factors

Wind speed (kph)
(Beaufort scale)

<1 3
1 5
(1–2) 7

Precipitation

246–279 (mm) 2
279–304 (mm) 3
304–333 (mm) 5
333–370 (mm) 7

Temperature
<24 °C 2
25–26 °C 4
>26 °C 6

End of Table 1later resampled to 150 m by 150 m resolution in the Arc-
GIS environment. The particular precipitation covering 
the entire study area was extracted and used for the study. 
The study area has an average precipitation of 1696 mm.
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3. Results and discussion

Both Fuzzy AHP and Hybrid Grey Relativity Analysis 
(HGRA) were used to assign weights to the various cri-
teria. First, a consistency check was carried out to deter-
mine the consistency of the static and dynamic factors. The 
calculated Consistency ratio (Cr) for the cost criteria was 
0.10. This implies the calculated weights were consistent. 
The consistent set criteria were then fed into the fuzzy AHP 
and HGRA model for the weight calculation. For the Fuzzy 
AHP, the triangular fuzzy member function was employed 
in the calculation. Eq. (17) shows the pairwise fuzzy matrix 
and the geometric means of the static cost factors. Eq. (18) 
shows the pairwise fuzzy matrix and the geometric means 
of the dynamic cost factors.  The obtained Triangular fuzzy 
weights were defuzzied to obtain the crisp weights using 
the center of area method before it was finally normalized 
to obtain the percentage weights as shown in Table 2. Ta-
ble 3 gives the grey relational coefficients, grades and the 
optimized weights according to the ranks.

( ) ( ) ( ) ( ) ( ) ( )
( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

1,1,1 1,1,1 1,2,3 1,2,3 1,2,3 1,1.516,1.933
1,1,1 1,1,1 1,1,1 1,2,3 1,2,3 1,1.32,1.552
1 1, ,1 1,1,1 1,1,1 1,1,1 1,2,3 0.803,1,1.246
3 2
1 1 1 1, ,1 , ,1 1,1,1 1,1,1 1,1,1 0.644,0.758,1
3 2 3 2
1 1, ,1
3 2
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(17)

where n – number of criteria; La – Land use-Landcover; 
E – Elevation; S – Slope; A – Aspect; Li – Linear features; 
and GM – Geometric Mean.

( ) ( ) ( )

( ) ( ) ( ) ( )
( ) ( ) ( ) ( )

1 11,1,1 1,1,1 , ,1 0.693,0.794,1
3 2 ,

1,1,1 1,1,1 1,1,1 1,1,1
1,2,3 1,1,1 1,1,1 1,1.26,1.442

n P T W GM

P

T
W

 
 

     
 
 
 
 

 (18)

where P – Precipitation, T – Temperature; and W – Wind 
speed.

Table 2. Normalized Fuzzy Weights

Criteria(n) Lower 
values

Middle 
Values

Upper 
Values

Crisp 
Weights

Nor-
ma li zed 
Weights 

(%)

Land Use-
Land Cover 0.149 0.289 0.488 0.309 28

Elevation 0.149 0.251 0.392 0.264 24
Slope 0.119 0.19 0.314 0.208 19
Aspect 0.096 0.144 0.252 0.164 15
Linear 
Features 0.077 0.126 0.252 0.152 14

Precipitation 0.201 0.26 0.371 0.259 26
Temperature 0.291 0.327 0.371 0.33 33
Wind Speed 0.291 0.413 0.535 0.413 41

Figure 4. Flow chart of weighted dynamic factors

Figure 5. Combined fuzzy model

Figure 6. Combined grey model
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3.1. Cost variable maps

The various criteria maps were generated using the Arc-
GIS software. Figure 7 is the land Use-Land Cover map 
of the study area. Figure  8 represents the Aspect map 
of Wassa West District. Figure  9 shows the Elevation 
Model. The Linear features which comprises of roads and 
rivers as represented by Figure  10. Figure  11 shows the 

Table 3. Normalized HGRA Weights

Criteria(n) Grey Relational Coefficients GRG Weights (%) Rank

Land use-
Land Cover 0.3333 1 1 1 1 0.867 26 1

Elevation 0.3333 1 0.4286 1 1 0.7521 22 3
slope 1 1 0.4286 0.3333 1 0.7524 23 2
Aspect 1 0.3333 0.4286 0.3333 0.3333 0.4857 15 4
Linear 1 0.3333 0.3333 0.3333 0.3333 0.4667 14 5

Dynamic factors

Criteria(n) Grey Relational Coefficients GRG Weights (%) Rank
Tempe rature 1 1 1 1 33 2
Preci pitation 1 0.3333 0.3333 0.556 19 3
Wind speed 3 1 0.3333 1.444 48 1

Note: GRG – Grey Relational Grade.

Figure 7. Land use-land cover map

Figure 8. Aspect map of study area

wind speed at the various areas in Wassa West District 
of Ghana. The Temperature and Precipitation maps are 
represented in Figure 12 and Figure 13 respectively. The 
slope map is shown by Figure 14. Figure 15 is the Final 
Forest Fire Model using Fuzzy AHP. Figure 16 is the Final 
Forest Fire Model using Hybrid Grey Relativity Analysis. 
Table 4 shows the respective areas and percentages of the 
fire hazard models.

Figure 9. Elevation model

Figure 10. Linear features (roads and rivers)
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Figure 16. Hybrid grey forest fire model

Figure 11. Wind speed map

Figure 12. Temperature map

Figure 13. Precipitation map

Figure 14. Slope map of study area

Figure 15. Fuzzy forest fire model
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Table 4. Areas and percentage coverage of models

Fuzzy AHP

Description Area (km2) Percentages (%)

Very High 286.7412 11.8
High 176.625 7.3
Moderate 1521.42 62.7
Low 442.32 18.2

HGRA

Very High 308.6119 12.7
High 336.29 13.9
Moderate 1444.39 59.5
Low 337.81 13.9

3.2. Discussion

The study aims at developing a fire risk model for a for-
ested area (Wassa West), a district in the Western Region 
of Ghana as well as comparatively analyzing the predict-
ability strength of two mathematical models (fuzzy AHP 
and HGRA). The various cost factor maps; land use-land 
cover, slope, aspect, elevation, linear features, temperature, 
precipitation and wind speed were generated in the Arc-
GIS environment. The static factors were weighted sepa-
rately from the dynamic factors using the weighted overlay 
function in the Spatial Analyst toolbox. Both factors were 
later combined using the raster calculator tool to generate 
the final forest fire risk model of the selected area. Four 
color codes were used for the final output maps; green for 
areas with lower risk of fire hazards, yellow for moderate 
vulnerability to fire hazards, orange represent areas with a 
high risk of fire hazards and red for areas with the highest 
risk of fire hazards. Two fire models were developed from 
the two mathematical models for comparative purposes. 
Generally, both methods proved very useful in fire risk 
modelling. Both methods went through the normaliza-
tion process in their weight generation. Both methods 
accurately predicted the forest zones as areas with the 
highest fire risk hazards denoted by red color. The HGRA 
was found to accommodate and work with more criteria 
easily as compared to the AHP which encountered some 
problems in the course of increasing criteria number. The 
standard deviation values obtained from the weights of 
the fuzzy AHP was less than the HGRA. This implies, 
when both values are plotted, they will be more spread 
out in the HGRA whiles they will be clustered around the 
mean or expected value in the Fuzzy AHP. This means 
that the weights generated from the fuzzy AHP are more 
reliable compared to the HGRA. Upon careful observation 
of Figure  15 and Figure  16, it can be seen that, the hy-
brid Grey Relativity Analysis predicts more fire risk zones 
compared to the Fuzzy AHP. For instance, areas with high 
fire risks (orange color) in the Fuzzy AHP model are also 
relatively predicted by the HGRA but the HGRA predicts 
additional areas. This further confirms the results of the 
obtained standard deviations. In effect, the fire risk zones 

appearing on both final maps are even prioritized by the 
fuzzy AHP model. This helps in filtering of the fire risk 
zones to make vivid, areas in higher need of firefight-
ing resources and immediate attention. Table 4 shows 
the areas and percentage coverages of both mathemati-
cal models. Comparatively, The Fuzzy AHP predicted a 
less percentage of areas as Very high (11.8%) and high 
(7.3%) compared to the HGRA which predicted 12.7% as 
very high and 13.9% as high risk areas. Figure 17 shows a 
histogram graph with a normal distribution curve of the 
fuzzy AHP. The fuzzy AHP had a standard deviation of 
0.0927 m. Figure 18 is a histogram graph with a normal 
distribution curve of the HGRA. The standard deviation 
of the HGRA was 0.1122 m. From both graphs, it can be 
seen that values are much closer to the mean or expected 
value in the fuzzy AHP as compared to the HGRA which 
are widely spread.  Hence, upon deduction the fuzzy AHP 
proved to be a more reliable method compared to the 
HGRA. Fuzzy AHP is able to deal with the unbalanced 
scale of judgment introduced by human subjective prefer-
ence due to the fuzzy logics, it is more able to reflect the 
human thinking style using different perspective approach 
(Askin & Guzin, 2007).

Conclusions and recommendations

Susceptibility mapping and analysis of natural hazards, 
like landslide, flood, forest risk, tsunamis, earth quakes 
and earth tremors, volcanoes, sea floor mapping etc., is 
well known and is one of the fundamental prerequisites 

Figure 17. A normal histogram curve (fuzzy AHP)

Figure 18. A normal histogram curve (HGRA)
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for future planning and risk management in any region. 
In this research, the MCDA, fuzzy AHP, HGRA and GIS 
methods were developed for forest risk hazard mapping 
assessment in Wassa West District of Ghana. The statisti-
cal and spatial analysis to obtain the forest fire risk map 
with these methods approach is more sophisticated than 
any other modelling approaches. The complexity of the 
required calculations and spatial analysis on the digital 
maps complicates the use of this approach. However, this 
approach showed acceptable accuracy for fire risk mod-
elling. This paper presents a spatially weighted Index 
Model of forest fire risk hazards using Hybrid Grey Rela-
tivity Analysis (HGRA) and Fuzzy AHP. In the course of 
study, the various cost variables (static and dynamic) were 
mapped. The criteria were then weighted with the fuzzy 
AHP and HGRA to produce the output fire models using 
Weighted Overlay tool in the Spatial Analyst toolbox. The 
Raster Calculator tool was then used to combine the static 
and dynamic cost criteria to generate the final Fire Risk 
Hazard Models. Both Weighting Models proved very use-
ful, but upon comparative analysis, the Fuzzy AHP proved 
more reliable compared to the HGRA as it was able to pri-
oritize the fire risk zones. The performance of fuzzy AHP 
was evaluated and compared with the HGRA model. The 
results show that the fuzzy AHP is highly suitable for for-
est fire risk mapping at the moment. This is practically 
the case for urban areas with limited fire cases. Since the 
complexity of the models has an undeniable effect on their 
performance, a sensitivity analysis was carried out to find 
the most appropriate model. Results of this study showed 
that some portion of the study area had very high and 
high risk for fire occurrence. It can be demonstrated that 
some portion of the forest are exposed to the future fires. 
Regarding to the high accuracy of fuzzy AHP approach for 
fire risk modelling in this study, prediction of the future 
fires in the Wassa West forest is possible using the fire risk 
map obtained from this study. So, the preventing measures 
of the future fires’ occurrences, thus; establishing of fire-
fighting stations, scout teams, allocation of the required 
facilities for firefighting, etc. should be performed in the 
high-risk areas. It is noted that, the fuzzy AHP model in 
this study may be applied in whole forests of Ghana. The 
proposal model should be modified regarding to all the 
effective factors in forest fire occurrence in each area, so 
that the accordance of the obtained fire risk map with the 
actual fires will be increased. Lack of the fire database in 
Wassa West forests of Ghana was one of the limitations 
of this work. We propose that more accuracy assessment 
of this model using other real-time fire data is needed to 
evaluate the efficiency of fire risk map. The Standard devi-
ation obtained for the Fuzzy AHP also implies its weights 
are relatively closer to the mean or expected value than 
the HGRA. Hence, The Fuzzy AHP is a much-preferred 
costing model to be used in fire risk modelling and other 
models. Fire Risk Models are very important as it will help 
in siting firefighting resource and enhance forestry safety 
(Gai et al., 2011). Fire Risk Models also helps to safeguard 
against future loss of lives and property. The fire models 

present a graphical plan to all firefighting stakeholders in-
cluding the National Fire Service, Fire Brigade and other 
Emergency Response Units to enable them fight against 
fire outbreak in the best way possible through immediate 
response systems through prioritization of fire hazard risk 
zones. It is recommended that further research should be 
embarked upon to increase the number of criteria used. 
The studies can also be applied in other areas to control 
the risk of fire hazards. Government and other firefighting 
stakeholder institutions are encouraged to use this model 
to boost their emergency response by way of siting fire-
fighting resources. The National Fire Service should dis-
patch trained personnel to high fire risk sites to educate 
and train the inhabitants on, firefighting methods as well 
as measures to be put in place to avoid fire outbreaks.

Using soft computing to predict fire risk is a good 
methodology that results in good response, but it is nec-
essary to be cautious with the chosen of the causative 
criteria. In this study, the fuzzy AHP could predict very 
well with the fire prone areas, but didn’t recognize with 
great accuracy points with low risks thus; the direction of 
the flow of the fires. Nevertheless, with good repeatability, 
testing other optimization methods, as well as executing 
the sensitivity analysis of the fire conditioning factors, are 
good subjects for future studies, which probably will result 
in achieving more reliable results. In future studies could 
be added more static variables, such as NDVI images and 
distances to roads and settlement areas. Also, it would be 
very interesting study for a longer period, to see seasonal 
changes in meteorological variables. Location of fire sta-
tions along the prone areas is highly recommend and edu-
cation of farmers and inhabitants of such area about good 
farming practices and proper fire activities in avoidances 
of fire outbreaks.

The outcome of the present study can be used in taking 
mitigation measures to minimize the loss in agricultural 
production, lives and properties, game and wild animals’ 
reserves, and economic cost to the nation. The results 
also provide information which will be instrumented for 
governmental agencies to optimally allocate firefighting 
stations. It is recommended that; the Town and Coun-
try Planning department should use this map for future 
redevelopment of the study area. Moreover, the Geologi-
cal and Survey Department, Survey and Mapping Divi-
sion Department, and Meteorological Department of the 
country should produce an up to date rainfall map, aspect 
map, forest hazard maps, and geomorphological map of 
the study area for further studies to review the affected 
areas and help give relevant solutions to mitigate the 
menace to prevent loss of lives and properties. However, 
other machine learning algorithms such as artificial neural 
network, decision tree, radial basis function, generalized 
regression neural network. convolution neural network, 
group method of handling data, game theory, least square 
support vector machines, random forest algorithms, ge-
netic algorithms, monte Carlo simulation, multivariate 
adaptive regression splines, box Jenkins, extreme learning 
machines, gaussian approach, wavelet transform model, 
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ARIMA, Bayesian network model, particle swarm opti-
mization and many others that was not considered in this 
study can be used in the future research.
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