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ABSTRACT

The coastal region of Chlef (northwester of Algeria) suffers from both forest fires and the lack of scientific research in the
subject, so in an effort to remedy that, the choice came to Dahra’s municipality for a GIS and Remote sensing-based study
for mapping forest fire risk. The model used combines six wildfire-causing factors for demarcating the forest fire risk zone
map. Use a multitude of software and rely on multiple sources for data collection, the following variables were derived
for the study area: vegetation moisture, slope, aspect, elevation, distance from roads, and the vicinity of settlements in the
form of weighted layers. The result of the established modelling is the map of the fire risk index, where 50.5 % of the

study area represents a high to very high risk.
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INTRODUCTION

Forests are the main natural resources which have vital
importance and a decisive role in maintaining ecosystems
(Suryabhagavan et al., 2016). The health of this latters, in
any given area, is a true indicator of the ecological
conditions, habitat composition and species richness
prevailing in that area (Datiko and Bekele 2014). The
Mediterranean is acknowledged as one of the most
important ecosystems globally considering its outstanding
plant diversity (Siachalou et al., 2009). Changes in forest
cover affect the delivery of important ecosystem services,
including biodiversity richness, climate regulation, carbon
storage, and water supplies (Foley et al., 2005).

As one of the major natural disasters, wildfires often
lead to ecosystem imbalance and local structural damages
(Liu et al., 2020). The forest fire feeds on all possible fuels
and thus spreads until they are exhausted. They are
triggered in areas of tree, shrub and herbaceous vegetation
which spread over at least one hectare to be considered as
such (Trabaud 1992). Forest fires not only destroy forest
areas, but also cause damage to ecosystems, habitats and
especially human lives (Sari 2021). The causes vary from
country to country and are very difficult to identify with

certainty. They also vary over time, anthropogenic
influence remains the main cause of fires in the world,
since, 90% of forest fires are linked to human activities
whether by accident, agriculture, deforestation and
arsonists (Alexandrian and Gouiran 1990).

However, the serious forest fires that have broken out
in different parts of the world have had very negative
consequences for the environment and have attracted
international attention. The average annual number of
wildfires in  undeveloped areas throughout the
Mediterranean basin has increased significantly in the past
50 years (Adaktylou et al., 2020). In Algeria, from 1985 to
2020, the total area burned was 1238772.62 ha (72461
fires), the average area per fire is 17.10 ha. According to
Addadi (2020), the analysis of the forest fire report in the
city of Chlef (Algeria) during the period (2009-2019)
reveals a financial loss of 980772714 Algerian Dinars,
caused by 1110 fires sweeping 6484 ha. The severity of
those wildfire warrants a more reliable system of prediction
so measures of prevention can be taken before it’s too late.

Forest fires are a periodically recurring problem all
around the world and due to this importance, spatial
analysis of forest fires and detecting susceptibility zones is
a necessity revealed to improve prevention and prediction
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procedures (Tian et al., 2013). Effective planning is
essential to the success of fire management programs in
order to achieve the goals of fuel hazard reduction and fire
regime restoration and maintenance (Keifer et al., 1999).
The terms hazard and risk have been formally associated
with fire management in the United States since the
inception of modern fire science in the 1920s (Hardy 2005).

Generally, forest fire management contains four steps
of analysis and assessment of effective response to fires,
namely, mapping both potential fire hazard and risk,
detecting hot spots, monitoring active fires and assessing
postfire degradation (Roy 2003). Several environmental
factors, including fuel load (vegetation cover), climate
condition and physiography (elevation and slope), have
major impacts over the creation, propagation and intensity
of forest fires (Mohammadi et al., 2014). Many fire risk
models have been developed based on environmental
factors that influence wildfire, quoting (Dgorne et al.,
1994; Alonso-Betanzos et al., 2002; Caetano et al., 2004;
Erten et al., 2004; Adab et al., 2011; Arfa 2019; Adaktylou
et al., 2020).

This study knocks on a specific type of prediction
based on geographical data assessment and remote sensing
to establish an index mapping zones more prone to fires,
with the aim of assisting decision makers in Dahra’s
municipality get the best result with infrastructure and
manpower placement. This region was chosen as it is part
of the costal line of Chlef (Algeria) which is gravely
impacted by forest fires. The choice of the area was mainly
taken for the lack of other scientific inquires in the region,
especially when it comes to those forest fires even though
they are an interesting part of the overall dynamic.

MATERIALS AND METHODS

Study Area

With a coastal line of 129.5 km, the coast of the city of
Chlef totals 06 municipalities (Beni Houa, Oued Goussing,
Ténes, Sidi Abderahmane, El Marsa and Dahra) out of the
35 in this city. Dahra’s municipality, with an area of 240
kmz, is located at 90 km northwest of the city of Chlef, 298
km west of Algiers (Fig. 1). It is situated in the semi-arid
bioclimatic floor with a warm winter (the average
minimum temperature is 9.08 ° C), climate type is
“W.A.Sp.S” (winter. autumn. spring. summer). The
average annual rainfall is 481 mm, with temperatures often
exceeding 31°C during the summer.

For the land use of Dahra, we note the dominance of
agricultural land (56%), forests cover 18% of the total area,
which open onto the Mediterranean Sea to the north. While
the dense and clear maquis occupy only 15 and 04 %
respectively. With an elevation range of 00 m to 780 m, the
anaglyph of the region is usually smooth.

Methodology

This study mainly focuses on mapping forest fire risk
areas, giving authorities something to base their
infrastructure placement on, by highlighting zones
corresponding to certain risk degrees. This mapping was
done with previously established models that combine
various criteria to get as accurate as possible. GIS modes
were implemented, which required specific data to be
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inputted, data that had to be constructed and updated based
on several supports then edited to allow the final overlay.
In this study, GIS analysis were performed by using QGIS.
The key steps of the procedure are illustrated in Fig. 2.
The model adopted is the Hybrid Fire Index “HFI”
(Adab et al., 2011), it deals to combine geospatial data by
GIS technology to construct the fire risk index, it is based
on six parameters. This model has the advantage of not
requiring a lot of data, in particular for those relating to
forest fires. Based on the literature in this field, this model
is widely used and has a high level of consistency with
reality, it is described by following equation:
HFI=(100Xv+50Xs+25%xa+10X (r+c) +5xe)/10
Where, v: vegetation moisture, topographic factors (s:
slope, a: aspect and e: indicate elevation), anthropogenic
factors (r: distance from road and c: distance from
settlement). Those parameters were weighted based on
their impact on the fire risk:
Vegetation moisture (A): Dryness is one of the most
critical parameters in fire risk because it increases the
flammability of the land. In order to assess the moisture of
the vegetation the Normalized Difference Moisture Index
(NDMI) is commonly used (Wilson and Sader 2002;
Hemmleb et al., 2006; Sader et al., 2003; Jin and Sader
2005; Siachalou et al., 2009). By combining the strong
absorption of SWIR radiation by thin layers of canopy and
soil water with the high reflectance of NIR radiation by
healthy green vegetation, the NDMI index highlights
regions of healthy green vegetation with high moisture
content. The following equation accurately describes it:

(NIR — SWIR)
(NIR + SWIR)

NDMI =

The Landsat satellite images were downloaded from “Earth
explorer” web site, for the study area from summer 2020
and then used in conjunction with the raster calculator tool
on QGIS software to create the NDMI as control layer for
the vegetation component of the index (Table 1). The risk
classification is indicated in Fig. 3A.

Topographic factors: Topographic parameters are one of
the most causative and decisive factors both before and
during forest fires (Sari, 2021), which are related to wind
behavior and hence, affects the fire proneness of the area
(Jaiswal et al., 2002).

For the study area, to cover the entire surface of
Dahra’s municipality, four topographic maps at a scale of
1/25 000 were used, the contour lines were digitized, with
10 m intervals, to create a Digital Elevation Model (DEM).
Slope (B): According to several studies, slope is a
significant factor in fire propagation (Weise, 1993; Jaiswal
et al., 2002; Erten et al., 2004; Viegas 2005; Butler et al.,
2007; Siachalou et al., 2009; Karabulut et al., 2013), it has
a decisive role in forest fires, in terms of both the direction
of fire spread and fire rate due to preheating and ignition.
Considering the spread of fires, it seems to move faster
through uphill (Rothermel 1983; Kushla and Ripple 1997;
Sari 2021). At this point, the DEM was then used to
construct the slope map, it was reclassified into five
categories (Table 2): gentle (<5 %), low (5-15 %), medium
(15-25 %), high (25-35 %), and steep (>35 %). The
intensity at which a fire spreads increases as the ground
slope rises, resulting in a high fire risk.



Fig. 1: Geographical location of the Dahra’s municipality.
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Fig. 3: The map parameters classification: A) Risk rating of the
NDMI; B) Risk rating of the slope; C) Risk rating of the aspect;
D) Risk rating of the proximity to roads; E) Risk rating of the
vicinity to settlements; F) Risk rating of the elevation.

Aspect (C): Another important component is the aspect,
south facing slopes have greater sun exposure in the north
hemisphere, resulting in drier soil that is more receptive to
ignition (Noon 2003). This factor is related to the sunlight
and consequently to the temperature and humidity.
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Table 1: Weight of vegetation moisture in determining the fire risk.

Parameter Classes  Ratings of Weight  Fire sensitivity
hazard
NDMI > 0,36 1 100 Very Low
0,26 -0,36 2 Low
0,16 - 0,26 3 Medium
0-016 4 High
<0 5 Very High

Table 2: Topographic factors and their weight in determining the
fire risk.

Parameters  Classes Ratings of  Weight Fire
hazard sensitivity
Slope < 5% 1 50 Very Low
10-5% 2 Low
25 -10% 3 Medium
35-25% 4 High
> 35% 5 Very High
Aspect North 2 25 Low
East 3 Medium
West 4 High
South 5 Very High
Elevation > 2000 1 5 Very Low
1000 - 2000 2 Low
500 - 1000 3 Medium
200 - 500 4 High
<200 5 Very High

Northern faces of the forests receive less sunlight than
southern faces. Similarly, eastern faces of the forests
receive sunlight earlier than western faces. Thus, southern
faces are more susceptible to forest fires due to the longest
exposure time to sunlight and as a result, vegetation and
soil on southern faces tend to dry earlier than on other faces
(Jose 2012; Sari 2021). For this parameter, DEM that was
trained for the study area was used, it was reclassified into
four categories, for 4 geographic directions (at 90°
intervals) such as: north (315°- 45°), east (45°- 135°), south
(135°-225°) and west (225° - 315°) (Table 2).

Elevation (F): Elevation is related to wind behavior,
climatic conditions such as low humidity, high
temperature, and availability of dry organic matter which
increases the ignition risk and fire proneness (Rothermel
1983; Suryabhagavan et al., 2016; Sari 2021). Since
temperature has a constant lapse rate and oxygen levels are
reduced with height, elevation and the fire occurrence are
inversely related (Adaktylou et al., 2020).

For the study area, the DEM was used for elevation
values and was reclassified in five classes (Table 2). Forest
fires are less common at higher elevations due to climatic
conditions, so weightage is allocated accordingly, for
elevations less than 200 m, a maximum weight of 5 is
given. The risk rating of topographic factors is illustrated
in figures “3B, 3C and 3F”.

Anthropogenic factors: Fire incidence is highest in places
where a large number of individuals and cars travel on a
regular basis (Rogan and Miller 2006), Previous studies
indicated that the fire risk increases as the roads and
settlements get closer to the forest areas due to human
factors (Jaiswal et al., 2002; Sivrikaya et al., 2014; Akay
and Sahin 2019).

Distance from roads (D) and Vicinity of settlements (E):
Based on the topographic maps, data layers reflecting the
road network and settlements were created. An update of



the two vector layers was essential via “SAS.Planet” web
site, by downloading a coverage of Dahra’s municipality at
0.96 m of resolution. The use of this coverage under GIS
and the digitalization of the two layers in the current state
allowed us to have more complete data for these two
parameters. In order to assign forest fire risk limits for the
forest areas depending on their proximity to roads and
settlements, the “Buffer” utility in QGIS was used to
establish buffer zones around these elements. The highest
weightage was assigned to the areas closest to settlements
and roads during the process of assigning weights to the
distance class (buffer).

Based on relevant literature, for roads, the buffer zones
are 100 m, 200 m, 300 m, and 400 m, using the raster
converter tool of QGIS too. To investigate the impact of
settlement factor on forest fire vulnerability, buffer zones
were established at 500 m intervals from the study area's
settlements (Table 3). The Fig. 3D and 3E demonstrates the
risk rating of anthropogenic factors.

RESULTS AND DISCUSSION

According to DEM's slope map, it was observed that
22 % of the study area was on steep slope, while 64 % was
on high slope class. For the aspect map of Dahra’s
municipality, results indicated that 31.3% of the study area
was located on north aspect, followed by west aspect
(18.8%) and east aspect trailing closely behind (13.7 %).
The proportion of south-facing aspects was 36.2%, which
has higher fire risk due to high temperature and low
humidity. For elevation, 15.8% of the study area is located
between 0 and 200 m, 56.3% (200-500 m) and 27.9%
between 500 et 780 m, respectively.

According to the findings, 33.4 % of the research area
was within 100 m of road networks, while 39.3 % was more
than 400 m distant.

In terms of proximity to settlements, the majority of
the forest area (41.7%) was located more than 500 and 1000
m away from the settlements, only 07.9 % and 03.4 % of
the forest area was within 1500 m and 2000 m distance
from the settlements, respectively.

Previous studies indicated that the fire risk increases as
the roads and settlements get closer to the forest areas due
to human factors (Jaiswal et al., 2002; Sivrikaya et al.,
2014; Akay and Sahin 2019).

The models range of output goes from 22.5 (very low
risk) to 100 (very high risk) when all the parameters in the
equation are inputted with the extreme values (1 or 5), as it
is shown in Table 4. Based on the model formula and the
values of each pixel in the area of interest on the different
input layers, the resulting index has values ranging from 40
to 100, indicating three rating of fire risk (40-60) with
medium risk, (60-80) with high risk and (80-100) with very
high risk. The fire risk is more focused in the south relative
to the north, in the north of the Dahra’s municipality, the
coastal line is more prone to fires. The center displays the
most of the very low risk area (Fig. 4). The very low risk
zone occupies 43 % of the total area (corresponding with
103 km?), result of the absence of both the road network
and any near settlements, a low elevation and a flatness of
the terrain accompanied by high values of NDMI. The
medium risk spreading over 6.5% of the study area
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Table 3: Anthropogenic factors and their weight in determining
the fire risk.

Parameters  Classes Ratings of Weight Fire sensitivity
hazard
Distance from > 400 1 10 Very Low
roads 300 - 400 2 Low
200 - 300 3 Medium
100 - 200 4 High
<100 m 5 Very High
Distance from > 2000 1 Very Low
settlements 1500 - 2000 2 Low
1000 - 1500 3 Medium
500 - 1000 4 High
<500 m 5 Very High

Table 4: The definition of risk level

V S a r ¢ e Riskindex Rating of hazard
11 2 1 1 1 225 Very low

2 2 2 2 2 2 40 Low

3 3 3 3 3 3 60 Medium

4 4 4 4 4 4 80 High

5 5 5 5 5 5 100 Very high

Risk rating
Very low risk
Medium risk
High risk

Bl Very high risk

[ Dahra Border

UTM (WGS 1984 ) 31 NORTH

Fig. 4: The fire risk zone map.

M Very low
M Medium

¥ High

M Very high

Fig. 5:

The risk rating percentage.



(translating to 15.77 km?2), where 50.5 % of the study area
represents a high to very high risk (121.24 km?) (Fig. 5).
Based on the findings of the research, a series of
management decisions can be taken concerning
infrastructure installation and manpower distribution
favoring zones with higher risk:

- Water points can be established to facilitate the
provisioning in water during the fires;

- Surveillance towers can be located according to higher
risk rating making the process all the more efficient;

- Trails and tracks providing accessibility to areas most
endangered by the fire;

- Reinforcing active efforts such as patrols.

The human factor is a major one in forest fire, both
starting it and helping it propagation, to limit the
involuntary fires caused by ignorance local authorities can
focus on more public awareness campaigns insisting on the
notion of risk and showing interactive maps and charts.

Conclusion

In the Dahra’s municipality, the fire risk reflects both
the probability of ignition and the risk of spreading. In the
current model, the slope, aspect, and elevation variables,
which affect the probability of spreading, increase the fire
risk. The model illustrates the crucial fact that even if a
forest form has a low risk weighting, the likelihood of a
forest fire occurring is still high.

The study area represents a high proneness to forest
fires (50.5 %) due to its slopy terrain and vegetation
moisture levels as well as the high elevations, the south
facing aspects and the proximity to roads and urban areas
making it so that the risk index highlighted most of the
municipality’s territory as potential hot spots with
significant risk ratings, concentrated around the road
network as well as urban agglomerations.

From a management point of view, the fire fighting
and prevention infrastructures should focus on the
locations with higher risk, providing accessibility for first
responders, water points for quick refills and surveillance
towers for earlier detection of forest fires.
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