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Abstract: In recent years, changes in climate, land cover, and sociodemographic dynamics have
created new challenges in wildfire management. As a result, advanced and integrated approaches in
wildfire science have emerged. The objective of our study is to use geospatial analysis to identify
strategic responses to wildfires in the Tangier-Tetouan-Al Hoceima (TTA) region, widely reputed to
exhibit the most significant incidences of wildfires in Morocco. We adopted a combined approach,
using burned area products (Fire_CCI51: 2002-2020) from the Moderate Resolution Imaging Spectro-
radiometer (MODIS) and active fires from the Fire Information for Resource Management System
(FIRMS: 2001-2022) and processing them with spatiotemporal statistical methods: optimized hotspot
analysis (OHA) and emerging hotspot analysis (EHA). The main findings indicate that the TTA region
recorded an average of 39.78 km? /year of burned areas, mostly located in forests (74%), mainly
cork oak and matorral stands (50%). The OHA detected hotspots covering 2081 km?, with 63%
concentrated in the provinces of Chefchaouen and Larache. Meanwhile, clusters of EHA extended
over 740 km? and were composed of the oscillating coldspot (OCS) and oscillating hotspot (OHS)
patterns at 50% and 30%, respectively. Additionally, an average of 149 fires/year occurred, located
mostly in forests (75%), mainly cork oak and matorral stands (61%). The OHA detected active
fire hotspots covering 3904 km?, with 60% located in the provinces of Chefchaouen and Larache.
Clusters of EHA over 941 km? were composed of the oscillating hotspot (OHS) and new hotspot
(NHS) patterns at 57% and 25%, respectively. The prevalence of the oscillating and new models
mirrors, respectively, the substantial fluctuations in wildfires within the region alternating between
periods of high and low wildfire activities and the marked increase in fires in recent times, which has
occasioned the emergence of novel hotspots. Additionally, we identified six homogeneous wildfire
zones to which we assigned three strategic responses: “maintain” (73% of the territory), “monitor
and raise awareness” (14% of the territory), and “reinforce” (13% of the territory). These strategies
address current wildfire management measures, which include prevention, risk analysis, preparation,
intervention, and rehabilitation. To better allocate firefighting resources, strategic responses were
classified into four priorities (very high, high, medium, and low). Last, the wildfire zoning and
strategic responses were validated using burned areas from 2021 to 2023, and a global scheme was
suggested to assess the effectiveness of future wildfire measures.

Keywords: forest fires; hotspots; northern Morocco; spatiotemporal trends; strategic responses; wildfires

1. Introduction

Every year, fires destroy millions of hectares of forest worldwide, contribute to global
greenhouse gas emissions, and adversely affect public health, economic activity, and
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ecosystem service delivery [1]. Globally, the mutually reinforcing effects of climate change
and wildfires are now causing larger, more intense, and longer-lasting fires across various
regions worldwide. Should present wildfire patterns persist, the long-term ecological and
socioeconomic consequences could be more severe. In fact, increasingly intense wildfires are
impairing economies and populations, creating millions of tons of new carbon, destroying
vital ecosystems, and decimating biodiversity [2].

Like the Mediterranean countries, Morocco has a climate of recurring summer droughts
that intensify each year. With its varied forest vegetation, including highly flammable
species, the country fulfills the main requirements for forest fire predisposition. A report
published by Joint Research Centre (European Commission) in 2017 revealed that 15,985 fire
incidents, causing an estimated damage area of 1698 km?, occurred in Morocco between
1960 and 2015 (over 56 years) [3]. This translates to an average of 285 fires annually, affect-
ing 30 km? of land every year. While these figures are lower than those of forest fires in the
Mediterranean region, they still warrant attention because of the low rate of afforestation
in Morocco, estimated at 12%, and the difficulties associated with reforestation efforts in
burned areas, as reported by Assali et al. [4].

In northern Morocco, fires pose a serious threat to forest ecosystem sustainability. More
specifically, the region of Tangier-Tetouan-Al Hoceima (TTA) ranks first in the country in
the number and area by concentrating the largest share of forest fires recorded nationally.
This observation is attributable, on the one hand, to the biophysical particularities of the
zone characterized by the presence of highly flammable forest species on mostly rough
terrain, and on the other hand, to the intense human land transformation resulting from the
use of fire as a practice of clearing land for cultivation [4]. It has therefore been recognized
that forest fires are the main driver of deforestation in the western Rif, which records gross
losses of around 4% of its forest capital every decade [5].

Given the importance of forest fires in northern Morocco, this phenomenon has at-
tracted the attention of several authors using remote sensing and GIS technics. Globally,
research conducted in the whole or in part of the area has documented the management of
forest fires by applying these tools and focusing on two main themes: characterization of
fire severity [6] and mapping and modeling the risk of forest fires [4,7,8]. In addition to the
aforementioned tools (remote sensing and GIS), this study attempts to enhance previous
research by providing a new approach to the spatiotemporal dynamics of wildfires through
the integration of hotspot analysis methods. By combining all these technics, this research
uses historical data of Fire_CCI51 burned area products from 2002 to 2020 and active fires
from the Fire Information for Resource Management System (FIRMS) from 2001 to 2022
to locate, quantify, characterize, and identify spatiotemporal hotspots of fires. Indeed,
active fire and fire-affected area products used in conjunction have shown great utility in
improving information and knowledge about fires [9,10]. The research ultimate goal is to
employ the findings to identify and map strategic responses to wildfires in the area. Such
work will help optimize the choices of monitoring and fighting forest fire programs, as well
as ensure a better deployment of human and material resources in this direction.

2. Materials and Methods
2.1. Study Area

Our study area is located in the northwestern part of Morocco, between longitudes
6°14/36.27""-3°48/11.90” W and latitudes 34°30/33.72""-35°55/20.68" N. It corresponds to the
territory of the Tangier-Tetouan-Al Hoceima region, which covers a total area of 17,262 km?
and spans six provinces (Tetouan, Fahs-Anjra, Larache, Chefchaouen, Ouezzane, and Al
Hoceima) and two prefectures (M’diq-Fnideq and Tanger-Assilah) (Figure 1).
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Figure 1. Geographic location of the study area.

The TTA region belongs to the Mediterranean climate zone with great heterogeneity
due to three factors: altitude, latitude, and ocean. The average rainfall for the entire region
is 692 mm/year, with temperatures ranging from 3 to 14 °C in winter and 18 to 38 °C in
summer [11,12]. The forest cover extends over a total area of 4951 km? and is characterized
by significant variability, ranking the area first in terms of floristic richness, composed
mainly of cork oak forests (23%) and matorral (30%). Softwood and hardwood reforestation
occupies 11% and 2%, respectively, while the rest is essentially made up of natural forma-
tions (holm oak: 14%; maritime pine: 2%; thyua: 9%, cedar: 3%; fir: 1%; and other natural
hardwoods, such as oak zeen, Tauzin, etc.: 5%) [13]. In addition to the physical charac-
teristics (uneven relief and high summer temperatures) and socioeconomic particularities
(agricultural practices), this diversity of sheltering species with high flammability makes
the Moroccan TTA region first in forest fires, both in the area affected (15.58 km?/ year,
i.e., 48% of total nationally recorded area) and the number of fires (169 fires/year, i.e., 42%
of national number) [14].

2.2. Data Sets

In the TTA region, farming by rural populations is generally extensive. Given the
scarcity of agricultural land in a mountainous context, these populations often resort to
fires to gain new areas for cultivation. Fire is also used in other traditional practices, such
as honey extraction or land clearing work. These behaviors constitute an important risk for
the outbreak of several wildfires in the area. In order to include all fire risks and to avoid
the omission of possible hotspots due to these practices, our study will be based on both
Fire_CCI51 burned area products and FIRMS (Fire Information for Resource Management
System) related to active fires.

2.2.1. Fire_CCI51 Burned Area Products

Wildfire activity can be directly monitored in near real time through MODIS satellite
imagery. MODIS is an instrument on the Terra and Aqua satellites that gathers data on the
entire Earth’s surface every 1-2 days. To quantify burned areas and identify spatiotemporal
hotspots of fires, we used The MODIS Fire_CCI51 produced by the European Space Agency
(ESA) Fire Disturbance Climate Change Initiative (CCI) project. These pixel products are
distributed as 6 continental tiles and are based upon data from the MODIS instrument
onboard the TERRA satellite at 250 m resolution for the period 2001-2020 [15]. They are
also available on the Google Earth Engine (GEE) platform [16]. A JavaScript code was
developed to allow the following: (1) import data MODIS Fire_CCI51 and study area
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boundaries; (2) extract and cut data according to these boundaries; and (3) export results to
personal storage space in “raster” image format in world coordinate system (WGS84).

2.2.2. Fire Information for Resource Management System (FIRMS) Data

The Fire Information for Resource Management System (FIRMS) distributes near
real-time active fire data from the (MODIS) aboard the Aqua and Terra satellites and the
Visible Infrared Imaging Radiometer Suite (VIIRS) aboard S-NPP and NOAA 20 (formally
known as JPSS-1). We have used MODIS fire products downloadable from NASA Fire
Information for Resource Management System (FIRMS) from February 2001 to December
2022 (https:/ /firms.modaps.eosdis.nasa.gov/, accessed on 12 February 2023). The MODIS
active fire detections consisted of a set of point shapefiles with one record per active fire.
Information related to each active fire included location (latitude and longitude), date, time,
confidence level, and the type of satellite involved (Terra or Aqua).

2.3. Spatial Autocorrelation Analysis

To examine the spatial distribution of burned areas and active fires, this paper uses
global and local spatial autocorrelation analysis methods, and the communal division of
the study area is considered the spatial unit. Generally, the global spatial autocorrelation is
studied using the global Moran’s I Index [17] whose formula is as follows:

3% WX — X)(X; — X)
j= T xEUTL — i (1)
Z Z Wz] Z (Xz - X)
i=1j=1 i=1

where i, j = spatial units (territorial communes); n = number of spatial units (127); X;, X;
are the values of the variable X (burned areas and active fires), respectively, in the units
i and j; X is the average of X; and W;; are the elements of the binary matrix of spatial
interactions reflecting the proximity relations between units i and j (queen contiguity
matrix of first-order adjacency was used to define the neighborhood).

Calculated using ArcGIS10.8 software, the Global Moran’s I values range from —1 to
1: a value close to —1 indicates dispersion, a value close to +1 indicates clustering, while a
value close to 0 indicates a random distribution in the area.

When the global Moran’s | index counts the significant characteristics of overall
agglomeration, the local indicators of spatial association (LISA), developed by Anselin in
1995, identify the local characteristics of spatial agglomeration [18]; they detect significant
groupings of identical values around a particular location (clusters). The most commonly
used LISA is the local Moran’s I given by the standard formula:

H(Xl’ — Y) ‘il Wl](X] — X)
I = i #] @)
L (X~ X)

For each spatial unit (territorial communes) and according to the calculation results,
five scenarios can emerge [19]: “High-High” aggregation (HH), “High-Low” aggregation
(HL), “Low-Low” aggregation (LL), “Low-High” aggregation (LH) and “insignificant”
aggregation. Groupings of (HH) and (LL) units correspond to clusters. Groupings of (HL)
and (LH) individuals are called spatial outliers. To conduct these analyses, we used the
Geoda 1.8 software developed by Anselin in 1995, which displays the results in the form of
(LISA) maps and Moran correlograms to facilitate their interpretation [18].

2.4. Hotspot Mapping

For hotspot mapping of active fires and burned areas, we used two methods: opti-
mized hotspot analysis (OHA) and emerging hotspot analysis (EHA). Nowadays, these
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methods (conducted on ArcGIS 10.8) are becoming widely used in the exploitation of Earth
observation products for pattern analysis at both global and local scales [20,21]. The OHA
is a variant of hotspot analysis based on the Getis—Ord Gi* statistic, which is another local
spatial autocorrelation index proposed by Getis and Ord (1992) [22]. The Getis—Ord Gi*
statistic generates z-scores (standard deviations) and p-values (statistical probabilities) that
indicate whether attribute values are statistically clustered. A z-score above 1.96 or below
—1.96 means that there is a statistically significant hotspot (HS) or a statistically significant
coldspot (CS) at a significance level of p < 0.05. The larger the z-score, the more intense the
clustering of values (HS), i.e., higher Gi* statistic. A low and statistically significant z-score
indicates the clustering of low values (CS), i.e., lower Gi* statistic. A z-score near zero
indicates no apparent spatial clustering. The standard formula for Getis—Ord Gi*statistic is:

n _n
Y WiiXj — X3 W )y
=1 =1 =1

Gf = where : X =

1

j=1
n—1

n n 2
{Z WE—( 1 Wij) }
g\| L=~ 1
where the statistic G; is the z-score; Xjis the attribute value for the unit j; n = number of
spatial units; and W; is the binary value of spatial weighting between i and j units.

With ArcGIS10.8 software, the OHA tool identifies statistically significant spatial
clusters of high values (HS) and low values (CS). It automatically aggregates incident
data, identifies an appropriate scale of analysis, and corrects results for multiple testing
and spatial dependence. This tool interrogates data to determine the parameters that
generate optimal hotspot analysis results, which is indeed required in our work. Then, the
incremental spatial autocorrelation tool was run to measure the degree of clustering of data
with increasing distance [23]. To preserve any potential hotspots in our area, we aimed for
alkm x 1km cell, corresponding to our spatial analysis unit.

Moreover, EHA adds a time dimension to the analysis. It evaluates the spatiotemporal
trends by applying two statistical methods: Getis—Ord Gi* and Mann-Kendall. The Getis—
Ord Gi* statistic measures trends in spatial clustering of wildfire and burned areas (this
time counted in a bin relative to its neighborhood) and provides z-scores and p-values
measuring the statistical significance for HS and CS [24,25]. A z-score greater than 1.96 or
less than —1.96 means that there is a statistically significant HS or statistically significant
CS at a significance level of p < 0.05. Since the data on burned areas and active fires span,
respectively, from 2002 to 2020 and 2001 to 2022, a one-year interval is appropriate for our
study; also, a neighborhood distance of 10 km was adopted. The Mann-Kendall statistic
measures the significant trend in each bin during the study period. The trend for each bin
is displayed as a z-score (positive for increasing trend; negative for decreasing trend) and
a p-value (measures whether each trend is statistically significant). The expected value
of the z-score is 0 (no trend) and compared with the observed value to check statistical
significance [26].

Following the results of both the Getis—Ord Gi* and Mann-Kendall statistics, the EHA
provides seventeen distinct scenario categories: one non-significance (NS) category, eight
(HS) categories, and eight (CS) categories. We will focus only on the categories identified in
our study whose definitions are given in Table 1.
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Table 1. Categories of the eight models of HS/CS identified by the EHA in the TTA region and their
definitions [26].

Classe Model Name Definition
Location representing a statistically
New hotspot (NHS)/ significant HS/CS for the final time interval
New coldspot (NCS) that has never been a statistically significant
HS/CS before.
Location representing a single uninterrupted
series of at least two statistically significant
Consecutive hotspot (CHS)/ HS/ CS in the final time 1.nt.ervals. Tht:l‘ .
Consecutive coldspot (CCS) location was never a statistically significant
HS/CS prior to the final series of HS/CS,
and less than 90% of all bins represent
Hotspot (HS)/Coldspot (CS) statistically significant HS/CS.

Statistically significant HS/CS for the final
time interval that was also a statistically
significant CS/HS during a previous time
interval. Less than 90 percent of the time
intervals were statistically significant HS/CS.

Oscillating hotspot (OHS)/
Oscillating coldspot (OCS)

Statistically significant HS/CS for the final
time interval with a reactivated, then
Sporadic hotspot (SHS)/ deactivated HS/CS history. Less than 90% of
Sporadic coldspot (SCS) the time intervals were statistically
significant HS/CS, and none of the time
intervals were statistically significant CS/HS.

2.5. Wildfire Strategic Responses

In recent years, the challenges associated with fire management have become bigger
and more complex, demanding greater resiliency in state strategies to deal with this
scourge. However, sustainable socio-ecological resilience to fire depends on how well fires
are managed: safe and effective responses require adequate prefire planning [27]. The
present part which constitutes the final phase of our work and which aims to identify
and map strategic intervention zones for fires in the TTA region is within this framework.
Nevertheless, the identification of strategic fire response categories and the mapping of
the related zoning is not a simple task— it is a process that must take into account the
specificities of the area as well as its fire management context. Overall, this process goes
through three main steps: fire risk assessment, description of the current situation, and
identifying wildfire strategic responses.

2.5.1. Wildfire Risk Assessment

Fire risk assessment is at the core of fire management; it is a fundamental process
that provides managers with the best description of risks faced in their specific decision
context [28]. The methodologies used for risk assessment and modeling have evolved
over time, and nowadays, most wildfire risk modeling approaches are supported by
technological improvements to uncover the complex relationships between fire occurrence,
its driving factors, and potential impacts. These approaches have become very useful
during the different wildfire phases, including prevention, suppression, and recovery [29].

In recent years, there has been a surge of research around the world focused on
improving wildfire risk assessment methods. For instance, a study by Nur et al. (2023)
employed geographic information system (GIS) techniques to analyze and understand the
factors that regulate the spatial distribution of wildfire incidents and machine learning to
predict wildfire susceptibility in Sydney (Australia) [30]. In Southern China, a study was
performed by Cao et al. (2017) to better understand wildfire susceptibility and its domi-
nant influencing factors by using multiple methods, including logistic regression, probit
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regression, artificial neural networks, and a random forest (RF) algorithm [31]. Another
study by Ager et al. (2019) explored where public wildlands potentially contribute to the
exposure of communities to wildfires in 11 western US states. Simulation modeling was
used to map and characterize the composition of the source landscapes (firesheds) and re-
cipient communities in terms of fuels, fire behavior, and forest management suitability. The
primary aim of the study was to develop a prototype investment prioritization framework
that specifically targets highly vulnerable communities where forest and fuel management
activities are feasible [32]. These recent studies collectively contribute to a more nuanced
understanding of wildfire risk in the concerned zones, assisting policymakers and land
managers in developing targeted mitigation and preparedness strategies to safeguard both
human and ecological systems.

In general terms, risk assessment is a process that entails four primary steps: prob-
lem formulation, exposure analysis, effects analysis, and risk characterization; however,
in a practical way, considering a prefire risk assessment applied to a given landscape,
M. P. Thompson et al. suggest answering the following main questions: Where are wildfires
likely to occur, and how large are they likely to grow? What are the spatial patterns of
fire likelihood and intensity? Which resources and assets have the greatest exposure to
wildfire hazards? What are the likely effects on resources and assets? How is wildfire risk
distributed across the landscape? [27].

The methodological approach adopted in the present study attempts to answer these
different questions through the exploitation of fire history in the area covering approxi-
mately two decades. Indeed, the quantitative assessment of fires recorded in the TTA region
is based on the exploitation of Fire_CCI51 and FIRMS data. Comparing these data with the
National Forest Inventory [13] has made it possible to assess the impacts and risks incurred
by different types of land use (including forest stands). In addition, hotspot mapping,
including OHA and EHA methods, was used to identify the most endangered areas and
the spatiotemporal fire patterns in the zone. Recently, these tools have demonstrated great
effectiveness in fire risk assessment and have been used in several studies to improve and
guide decision makers’ choices in fire management [33,34].

2.5.2. Current Conditions

While our previous analysis focused on historical data, this section is devoted to
describing the current situation. Indeed, accurate and sufficient information about the
current conditions will allow us to provide relevant strategic orientations for future fire
management. In this section, we focus on two major aspects that, in addition to the hotspot
mapping results, will be useful later in the identification of wildfire strategic responses—
namely, wildfire management and land use and forest connectivity.

e  Wildfire management

In Morocco, wildfire management has long been a major concern of the relevant au-
thorities. After recurrent fire events in the country, these authorities have adopted a process
of continuous improvement of fire management and control strategies, while capitalizing
on the experiences accumulated in the field and benefiting from the opportunities offered
by new scientific and technical tools. Currently, the strategy adopted by the Department
of Water and Forests, in partnership with all the stakeholders concerned, is summarized
according to the fire management cycle based on five components: prevention, risk analysis,
preparation, intervention, and rehabilitation [35].

To sum up, prevention is based on making the public aware of the dangers of fire
and prevention measures as well as prohibiting forestry activities that use fire in the forest,
whereas risk analysis is a component that includes measures to predict fires and trigger
alerts in real time and first intervention processes to deal with fire outbreaks. Concerning
the preparation, this phase includes activities specific to the Department of Water and
Forests and those carried out in a partnership framework with all actors involved to ensure
good preparation for the fire season. Intervention encompasses all the actions aimed
at limiting fire progression: it includes measures to provide firefighting teams with the
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necessary equipment to function and all procedures put in place to share and define the
roles and operation order of all participants. Finally, the rehabilitation of burned areas
consists of a series of short-term and long-term actions according to fire severity analysis
and postfire diagnosis based on vegetation recovery indicators. Table 2 details the actions
performed by each component.

Table 2. Components of the Moroccan fire management strategy and details of actions [35].

Component

Actions

Prevention

Sensitization of the public to the dangers of fires and preventive measures: dissemination
of awareness spots on television channels and announcements on the radio,
popularization conferences at the level of douars, souks, etc.

Prohibition of forestry activities that use fire in forests (in the summer season).
Maintenance and clearing of the shoulders of roads, railways, and the rights of way of
high voltage lines crossing the forests.

Launch of silvicultural and plantation maintenance operations.

Reinforcement of infrastructure and equipment in the forest environment, such as access
roads, water points, forest tracks, and firebreak trenches.

Risk analysis

Development of prediction tools to assess the danger and anticipate the risks through
static and dynamic maps of forest fires.

Providing managers with a cartographic decision support tool to define priorities related
to surveillance systems and firefighting infrastructure and equipment enhancements.

Preparation

Internally: Elaboration of programs, verification of equipment (rolling stock, small
fighting equipment, clothing for firefighting personnel, means of communication and
positioning, camping equipment, retardant products), and forest-defense-against-fires
infrastructure.

With partners: communication and awareness, clearing and cleaning (security strips of
public and private infrastructure located near or in forests), coordination at the level of
wilayas and provinces, finalization and implementation of the prevention and control
system with partners.

Intervention

The intervention strategy is based on a graduated system with four levels of intervention:
The first level is based on rapid management and support for the outbreak of fires by the
services of the Water and Forests Department, thanks to first intervention vehicles and
elements of Civil Protection with water tankers;

The second level is reinforced, if necessary, by the use of bomber planes (Canadair) of the
Royal Air Force and, at the ground level, by the Auxiliary Forces to protect populations,
properties, and sensitive equipment;

If the fire is not under control and continues to progress, the Royal Armed Forces,
supported by the aircraft of the Royal Gendarmerie (Turbo Thrush) intervene at the third
level.

When the extent of the fire becomes difficult to control by national means, recourse to
international assistance to reinforce the national fleet involved in the aerial fight against
forest fires is requested.

Rehabilitation

Implementation of actions to protect the soil from erosion and the protection of the
burned area.
Reconstitution of the forest stand by natural or artificial regeneration actions.

e Land use and forest connectivity

Describing land uses is an essential step in any strategic territorial planning process.
In the north of Morocco, the environment is experiencing significant transformations due
to economic and sociodemographic changes, resulting in substantial alterations in land
cover and usage. The collective impacts of increased anthropogenic pressures on nat-
ural resources, such as agricultural and urban expansions, deforestation, and wildfires,
in combination with severe climatic conditions, are leading to dysfunctions in terrestrial
ecosystems. Moreover, inappropriate modes and systems of exploitation of natural re-
sources are exacerbating these impacts, resulting in the degradation of pastures and soils,
regression of forest massifs, and decreased availability of water resources and their pollu-



Fire 2023, 6,314

9 of 27

tion [36-38]. To describe the current land use in our area, we used data from the Dynamic
World (DW) platform, which is a platform based on a new automated approach for glob-
ally consistent, high resolution, near real-time land use land cover (LULC) classification
leveraging deep learning on 10 m Sentinel-2 imagery. DW developers utilize a highly
scalable cloud-based system to apply this approach and provide an open, continuous
feed of LULC predictions in parallel with Sentinel-2 acquisitions. LULC dataset includes
nine classes: water, forest, grass, flooded vegetation, crops, shrub and scrub, built area,
bare ground, snow, and ice [39]. They are available on the Google Earth Engine (GEE)
platform (GOOGLE/DYNAMICWORLD/V1); a JavaScript code was developed to allow
the following: (1) import DW data and study area boundaries; (2) extract and cut data
according to these boundaries; and (3) export results to personal storage space in “raster”
image format in world coordinate system (WGS84).

To calculate forest connectivity, we also used DW land cover data. First, we derived a
binary map of forest and non-forest pixels (forest = 1 and non-forest = 0). Then, we extracted
firebreaks and road network data (highways, roads, tracks) from this map by applying an
appropriate buffer width to each layer type (firebreaks: 30 m, highways: 22 m, roads: 10 m,
and tracks: 4 m). We noted that firebreaks were digitized from Google Earth Pro software,
while the road network data were readily available on the OpenStreetMap (OSM) platform
and were downloaded with the BBBIKE web-based tool (https://extract.bbbike.org/,
accessed on 25 February 2023). Finally, the forest connectivity index was calculated using
SAGA Fragmentation (Standard) module in QGIS by the following equation [40]:

Dys
Prr = D—f 4)
where (Ppg) is the forest connectivity index calculated by dividing the pixel pair number
that includes at least one forest pixel (D) by the pixel pair number that includes two forest
pixels in cardinal directions (Dy). The different steps of land use mapping and calculation
of the forest connectivity index in the TTA region are summarized in Figure 2.

2.5.3. Identifying Wildfire Strategic Responses

e  Mapping wildfire homogeneous zones

Understanding the specificities of wildfires, including the analysis of potential risk
factors and major causes, helps to better orient strategic choices and decisions for fire
prevention and control. In the north of Morocco, even if a large part of the fires is reported
due to unknown causes, it is possible to affirm that the human factor remains the main
cause. In fact, the information collected on the occasion of several fire events evokes
causes related to human activities in an accidental or intentional way (land clearing to
gain new areas for cultivation, traditional practices, such as honey extraction, landfill, high
tension line, vandalism, etc.) [3]. Considering these elements, our study’s methodology
suggests a novel approach tailored to our circumstances, which involves utilizing data
from burned areas and two active fire sources, namely, the Fire_CCI51 and FIRMS products.
Consequently, overlaying the results of the OHA performed using these two types of data
on a gridded scale (1 km x 1 km) allowed us to delineate and map similar wildfire zones.
The objective is to delineate relatively homogeneous areas with similar fire characteristics
(wildfire history, potential causes, and damage caused), to which the identified strategic
response categories will be assigned.

e  Defining response categories

In wildfire planning and management, aspired idea through the identification and
categorization of strategic responses is to assess the relevance and effectiveness of the
choices and policies adopted. In practice, strategic response categories may vary depending
on the specific planning context, and spatial response zones may also be updated over time
as circumstances change [27]. In the TTA region, taking into account both the specificities
and characteristics of the fires, their management conditions, and the results of the response
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zone mapping (elements outlined in the previous sections), we have identified 3 general
response categories:

a-. Maintain: Includes areas protected from fire; measures adopted so far must be main-
tained;

b-. Reinforce: Includes areas not fully protected against fire; measures adopted so far
must be reinforced;

c-.  Monitor and raise awareness: Includes areas not fully protected with a high risk of fire
outbreaks where priority must be given to monitoring and public awareness actions.

In addition, to ensure a better allocation of human and financial resources during any
wildfire programming actions, we found it very useful to prioritize the identified strategic
response categories. For this purpose and based on the observation that forest areas
with high connectivity present a greater risk of fire propagation and consequently greater
potential damage, the average connectivity index calculated in each grid (1 km x 1 km)
was adopted as a classification criterion. Hence, four priority classes (low, medium, high,
and very high) were defined for equal intervals of the average connectivity index (0% to
25%, 25% to 50%, 50% to 75%, and 75% to 100%). A JavaScript code was developed to
extract burned areas in the region for the period (2021-2023) from (MODIS/006/MCD64A1)
collection in order to validate the identified strategic responses. Last, a global scheme to
assess the effectiveness of wildfire measures was developed. Figure 3 summarizes the
complete methodological process undertaken in our study.
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Figure 2. Steps of land use mapping and calculation of the forest connectivity index in the TTA
region: (a) GEE environment and code developed to extract DW data; (b) DW land cover classes in
the TTA region; (c) generation of a binary map of forest and non-forest pixels; (d) downloading road
network data from (OSM) and firebreaks digitization from Google Earth software; (e) extraction of
the road network and firebreak layers from the binary map by applying buffer widths; and (f) forest
connectivity index calculation using SAGA Fragmentation (Standard) module in QGIS.
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Figure 3. Overall methodological approach of the study.

3. Results
3.1. Wildfire Statistics

The investigation into the temporal and spatial distribution of burned areas revealed
that from 2002 to 2020, the TTA region witnessed a cumulative burned area of 755.74 km?
(translating to an average annual area of 39.78 km?/year). The highest value of the burned
area, reaching 136.82 km?, was observed in 2012, whereas no burned areas were recorded
in 2010. Furthermore, the yearly burned area distribution was uneven, with the TTA region
accounting for the largest burned area (46% of the total study period) only between 2003
and 2006. Moreover, we observed that the eight administrative units of the region were
affected by fires to varying degrees. The provinces of Chefchaouen and Larache alone
contributed 63% of the total burned area with values of 281.88 and 197.87 km?, respectively
(Table 3; Figure 4a,b).

Additionally, throughout the period from 2001 to 2022, the TTA region experienced a
total of 3283 active fires, equating to an average of 149 occurrences per year. The highest
number of active fires was recorded in 2022 with 516 occurrences, while the lowest was
30 occurrences in 2001. The distribution of active fires across the years is irregular, but
there is a notable upward trend toward 2022. Examining the distribution across the eight
administrative units, we found that the provinces of Larache and Chefchaouen accounted
for 59% of the total number of active fires in the region, with respective values of 1067 and
854 (Table 3; Figure 4a,c).
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Table 3. Descriptive statistics of burned areas and active fires by provinces/prefectures of the TTA region.

Variables Time Period Statistical Al Hoceima  Chefchaouen Fahs-Anjra Larache M.d - Ouezzane Tangler— Tetouan Total T A
Parameters Fnideq Assilah Region
Number of
. 19
observations
Mean 242 14.84 0.93 10.41 1.65 3.12 2.80 3.61 39.78
Burned 20022020 gtar.‘d".“d 472 21.72 1.20 12.20 3.53 9.06 452 6.59 41.24
areas (k mz) eviation
Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Maximum 15.42 84.72 3.69 33.82 14.51 38.42 14.30 2391 136.82
Sum 45.92 281.88 17.74 197.87 31.33 59.19 53.22 68.59 755.74
Number of
. 22
observations
Mean 9.14 38.82 9.55 48.50 3.86 8.82 9.86 20.68 149.23
I Standard
Active fires 2001-2022 deviation 9.78 33.07 6.99 67.69 7.43 13.41 8.08 20.34 113.00
counts
Minimum 0 3 1 5 0 0 1 3 30
Maximum 38 126 25 323 35 53 32 77 516
Sum 201 854 210 1067 85 194 217 455 3283
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Figure 4. Spatiotemporal distribution of burned areas and active fires in the TTA region: (a) annually

distribution of burned areas and active fires; (b) spatial distribution of burned areas from 2002 to

2020; (c) spatial distribution of active fires from 2001 to 2022.
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3.2. Forest Fires Statistics

Forest fire statistics according to the type of formation were determined by overlapping
Fire_CCI51 and FIRMS data with NFI layers. Our analysis shows that 74% of the burned
areas are in forests, representing 556.54 km? and an average of 29.29 km?/year. Additionally,
57% of active fires occurred in forest formations, totaling 1882 fires and an annual average
of 86 fires/year. Figure 5a displays a bubble diagram of the burned areas and active fire
counts in different forest formations, considering their total areas. The results show that
the largest forest formations (>100 km?) are most susceptible to fire damage. Cork oak
stands and matorral formations were the most severely affected with the highest burned
areas (165.65 and 113.32 km?, respectively) and the greatest number of active fires (621
and 523, respectively), accounting for 50% of the total burned area and 61% of the total
number of active fires (Figure 5b,c). Softwood forests, mainly artificial pine forests, despite
having smaller total areas, had a significant burned area and active fire count, evaluated at
97.07 km? and 271 fires, respectively (i.e., respective percentages of 17% and 14%). Natural
softwoods and holm oak had very similar records, with a total area (<1000 km?) and similar
burned areas (80.16 and 76.51 km?, respectively) and a respective number of active fires
of 203 and 177. These two formations make up about 14% and 10% of the total balance of
burned areas and active fires number, respectively. The other hardwoods, with the lowest
total area (< 500 km?), had the lowest fire records (area burned of 23.87 km? and 87 active
fires) (Figure 5a).

(]
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10.8% 33%
14.4%
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17.4% 20.4% 27.8%
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Figure 5. Forest fire statistics by formation type: (a) total burned areas and active fire counts, the size
of the bubbles reflects the total area of each formation; (b) percentages of burned areas by type of
formation; (c) percentages of active fires counts by type of formation.
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3.3. Spatial Autocorrelation Analysis

Global spatial autocorrelation of burned areas and the number of active fires for the
periods (2002-2020) and (2001-2022), respectively, was conducted to test the degree to
which these two variables are spatially autocorrelated in 166 territorial communes using
Moran’s I coefficient. In addition, this global index was decomposed by calculating the
local Moran’s I index to reveal the existence of possible local significant clusters at the
communal level.

Figure 6(A.1,B.1) shows the results of global spatial autocorrelation of the burned
area and active fire count at the commune level during entire study periods. Our findings
revealed a positive spatial autocorrelation at the 1% significance level for both variables, as
indicated by their respective global Moran’s I values of 0.17 and 0.26 and p-values < 1%
(Figure 6(A.1.a,B.1.a)). This result suggests that the distribution of these two variables at the
commune level is naturally clustered over the entire periods, meaning that communes with
relatively high or low variable values are closer to other communes with similar values than
if their localization were random. We also observed that active fires were more aggregated
than burned areas, as evidenced by their higher Moran index. The Moran scatter plots
shown in Figure 6(A.1.b,B.1.b) visually confirm the positive autocorrelation, with most
points representing communes located in the first and fourth quadrants of the plots. The
slopes of the lines in the diagrams represent the values of Moran’s I index.
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Figure 6. Spatial autocorrelation results for the two variables studied: (A) burned area, (B) active fire
count. (1,2) are results for global and local autocorrelations, respectively. (a,b) are spatial autocor-
relation reports and Moran scatter plots, respectively. (c,d) are clusters and statistical significance
maps, respectively.

Figure 6(A.2,B.2) display local spatial autocorrelation results for burned areas and
active fire counts in the territorial communes of the TTA region. We have observed that
around 12% of the communes are characterized by the presence of similar values of burned
areas. The HH-type units whose total number is 11 are distributed between the two
provinces of Chefchaouen and Larache (7 and 4, respectively), and the LL-type units,
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whose total number is 9, are located in the provinces of Al Hoceima and Ouezzane (8
and 1, respectively) (Figure 6(A.2.c)). In addition, we have concluded that around 19% of
the communes are characterized by the presence of similar values of the active fire count.
The HH-type units, whose total number is 13, are distributed between the provinces of
Larache, Chefchaouen, and Tetouan (7, 4, and 2, respectively), and the LL-type units, whose
total number is 18, are located in the provinces of Al Hoceima and Ouezzane (16 and 2,
respectively) (Figure 6(B.2.c)). Maps illustrating the statistical significance levels for the
identified clusters are presented in Figure 6(A.2.d,B.2.d). These findings provide insights
into the localized patterns of burned areas and active fire counts in the TTA region and have
important implications for wildfire management and prevention strategies in this area.

3.4. Hotspot Mapping

To identify fire hotspots in the region and characterize their spatiotemporal trends,
hotspot mapping based on OHA and EHA was carried out using a 1 km x 1 km grid.
Results from the incremental spatial autocorrelation tool indicated that the OHA detected
the maximum number of clusters at distances of 4 and 7 km for burned areas and active
fires, respectively (Figure 7(A.1.a,B.1.a)). The HS of burned areas mainly comprised
the highly significant category (significance level = 99%), covering 12.88% of the total
area (2081.05 km?), with the remaining cells (87.12%) classified as NS. Most of the
detected HS (63%) were located in the provinces of Chefchaouen and Larache (Table 4
and Figure 7(A.1.b)). Additionally, 44.85% and 24.16% of cells represented CS and HS
of active fires, respectively (i.e., respective areas of 7246.06 km? and 3903.55 km?), both
predominantly composed of the highly significant category. The largest share of HS (60%)
was located in the provinces of Chefchaouen and Larache, while the largest share of CS
(80%) was concentrated in the provinces of Al Hoceima, Chefchaouen, and Ouezzane
(Table 5 and Figure 7(B.1.b)). The study also noted that about half of the detected HS for
both variables occurred in forests, mainly on cork oak stands and mattoral. These two
formations alone accounted for 53% and 67% of the burned area and active fire HS reported
in forests, respectively.

Table 4. Burned area OHA and EHA statistics (area in km? and %) in the provinces/prefectures of
the TTA region.

OHA EHA

Province/Prefecture

NS HS Total 0ocCSs NHS OHS SHS Total

Al Hoceima

3400.71 126.70 3527.41 0 0 0 0 0

Chefchaouen

3166.71 733.28 3899.99 109 9 143 42 303

Fahs-Anjra

639.84 22.96 662.80 0 17 0 12 29

Larache

2145.19 587.97 2733.16 176 0 52 2 231

Mdiqg-Fnideq

137.79 106.11 243.90 0 16 19 0 35

Ouezzane

1956.73 181.34 2138.06 57 0 0 0 57

Tangier-Assilah

911.45 118.39 1029.83 0 0 0 39 39

Tetouan

1717.18 204.30 1921.49 29 0 7 8 45

Total TTA

Area (km?)

14,075.59 2081.05 16,156.64 371 43 222 104 740

region %

87.12 12.88 100 50.23 5.80 29.96 14.01 100
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Table 5. Active fire OHA and EHA statistics (area in km? and %) in the provinces/prefectures of the

CHEFCHAOUEN T

TTA region.
OHA EHA
Province/ Cs NS HS Total NCS CCS OCS SCS NHS CHS OHS Total
Prefecture
Al Hoceima 2891.14 509.97 12630 352741 0 0 23 0 18 0 0 41
Chefchaouen 1637.60 1264.63 997.76  3899.99 9 3 30 4 33 0 183 261
Fahs-Anjra 3088 25815 37377 66280 0 0 0 0 6 3 5 14
Larache 479.88 92333 132996 273316 0 0 0 0 115 0 260 376
Mdig-Fnideq 0.00 10374 14016 24390 0 0 0 0 0 0 18 18
Ouezzane 1547.72 368.62 22173  2138.06 0 0 48 0 6 0 3 57
Tangier-Assilah 25894 51353 25736 1029.83 0 0 0 0 14 20 14 48
Tetouan 399.90 1065.07 45652 192149 0 0 29 2 39 0 45 115
Area

Total TTA  (em?) 724606 500703 390355 1615664 9 3 130 6 232 22 529 931
region % 4485 3099 2416 100 092 031 1393 065 2492 240 5687 100
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Figure 7. Hotspot mapping results for the two variables studied: (A) burned area, and (B) active fire

count. (1,2) are results for OHA and EHA, respectively. (a,b) is spatial autocorrelation by distance

graph and spatial distribution of HS/CS (at 3 significance levels) and insignificant cells, respectively.
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The EHA method identified eight cluster categories comprising HS and CS, including
NHS/NCS, CHS/CCS, OHS/OCS, and SHS/SCS. For burned areas, the identified clusters
cover a total area of 740 km?, dominated by two models: OCS (50.23%) and OHS (29.96%).
These models are primarily concentrated in the provinces of Chefchaouen and Larache
(Table 4 and Figure 7(A.2)). Regarding active fires, the detected clusters cover a total area
of 941 km?, mostly distributed between two models: OHS (56.87%) concentrated in the
provinces of Larache and Chefchaouen, NHS (24.92%) concentrated in the Larache Province,
and OCS (13.93%) distributed among the provinces of Ouezzane, Chfchaouen, Tetouan,
and Al Hoceima (Table 5 and Figure 7(B.2)).

3.5. Wildfire Strategic Responses
3.5.1. Mapping Wildfire Homogeneous Zones

Our study area yielded six wildfire homogeneous zones, which were identified by
applying the OHA to burned areas and active fires. These zones were found to be similar in
terms of wildfire history, potential causes, and damage caused. However, their spatial dis-
tribution varied across the provinces and prefectures of the region, as depicted in Figure 8a.
Further insight into these zones was obtained by incorporating data from Fire_CCI51,
FIRMS, DW land cover, and the results of the EHA, as demonstrated in Figure 8b:

° Zone 1:

Covers 44% of the region, with a total area of 7114.21 km?. It corresponds to the NS
cells of burned areas and CS cells of active fires and is mainly located in the provinces of
Al Hoceima, Ouezzane, and northern parts of Chefchaouen. This zone consists mostly of
crop and grasslands (65%) and has very low annual burned and active fire areas (0.46 km?
and 8 fires, respectively). The dominant patterns according to the EHA are OCS for burned
areas and NHS for active fires.

° Zone 2:

Corresponds to the NS cells of both burned areas and active fires and covers 29% of
the territory (i.e., a total area of 4619.8 km?). It is found in the different provinces and
prefectures and is also composed mostly of crops and grasslands (59%). Annually, it records
an average burned area of 3.75 km? and 29 active fires. The EHA dominant patterns are
SHS for burned areas and NHS for active fires.

° Zone 3:

Results from the combination of burned areas NS cells and active fire HS cells and
occupies 14% of the region, with a total area of 2341.58 km?2. This zone consists mostly
of forest and croplands (63%), and it records a significant number of active fires annually
(36 fires/year), half of which are reported in forests. The forest burned areas in this zone
amount to 1.78 km? /year with an average of 17 fires/year. The dominant patterns according
to the EHA are OCS and OHS for burned areas and OHS for active fires.

° Zone 4:

Is the smallest zone, covering only 1% of the territory. It corresponds to the coincidence
of burned area HS cells and active fire CS cells and is mainly composed of shrub- and
scrublands and forests (77%). It is individualized in the form of clusters in the northern and
northeastern parts of Chefchaouen Province and the south of Al Hoceima Province. This
zone recorded the lowest annual number of active fires (0.5 fire/year), and the burned area
is estimated at 1.52 km? /year. The dominant EHA pattern is OCS for the two variables.

e Zoneb:

Accounting for only 2% of the region, it corresponds to the HS cells of burned areas
and NS cells of active fires. Clusters of this zone are located in the different provinces and
prefectures and are mostly formed by shrub- and scrublands and forests (65%). Annually,
Zone 5 recorded an estimated burned area of 4.72 km? and six active fires. OCS is the EHA
dominant model for the two variables.
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° Zone 6:

Corresponds to the HS cells of both burned areas and active fires and covers 10% of
the territory, equivalent to a total area of 1561.97 km?. This zone has the highest annual
averages in the region, with 26.74 km? of burned area per year and 70 active fires per year.
In addition, we observed that forests that occupy 45% of Zone 6 concentrate most of the
fire statistics (burned area of 20.4 km?2/ year and 48 active fires/year). The EHA dominant
models are OCS for burned areas and OHS for active fires.
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Figure 8. Wildfire strategic response zones in the TTA region: (a) map of wildfire homogeneous
zones; (b) description and characteristics of the zones, including (1) global statistics (area in km? and
%, annual wildfire rates), (2) land cover using DW data, and (3) EHA categories.

3.5.2. Strategic Response Categories

Forest connectivity analysis based on the average forest connectivity index calculated
on a gridded scale (1 km x 1 km) showed that for a total number of 16,664 cells in the
TTA region, 61% have low forest connectivity. Cells with medium forest connectivity
constitute 18%, while those with high and very high forest connectivity occupy 12% and 9%,
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respectively. Figure 9a displays the spatial distribution of cells according to their average
forest connectivity index used as criteria for identifying strategic response priority levels.
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Figure 9. (a) Map of average forest connectivity index per km?. (b) Map of the spatial distribution of
the three wildfire strategic response categories in order of priority.

In our study, the zones that recorded significant damage in terms of burned areas
were considered units not fully protected against fires and requiring reinforcement of
protective measures. Thus, these units are composed of the HS-type cells of burned areas
and correspond to the grouping of Zones 4, 5, and 6 to which the strategy to be assigned is
“reinforce”. Conversely, given that Zones 1 and 2 correspond to the combination of burned
area NS cells on the one hand and CS or NS cells of active fires on the other, they were
considered a group weakly affected by fires and protected against wildfires. Consequently,
the measures taken in this group were considered sufficient, and the strategy to be adopted
in this case was “maintain”. Finally, although Zone 3 is also composed of burned area NS
cells, it corresponds to active fire HS and is therefore considered not fully protected against
fires. However, this zone requires a specific strategy aimed at reducing the number of fire
outbreaks called “monitor and raise awareness”.

Figure 9b and Table 6 display, respectively, the spatial distribution and statistics of the
three strategic responses by priority in the various provinces and prefectures of the region.
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Based on our analysis, we found that the largest area of the region, estimated at 11,734 km?
(or 73%), requires a “maintain” strategy. An area of 2341.6 km? (or 14%) is assigned to
the “monitor and raise awareness” strategy, while the “reinforce” strategy concerns an
area of 2081 km? (or 13%). Due to the prevalence of low forest connectivity in many cells,
we observed a dominance of the low priority level for all three strategies. Nonetheless, a
significant proportion of each strategy falls under the remaining priority levels (medium,
high, and very high), comprising 28% of the “maintain” strategy, 56.6% of the “monitor
and raise awareness” strategy and 62.8% of the “reinforce” strategy. When looking at
the administrative units, we found that the provinces of Chefchaouen and Ouezzane
account for 51% of the “maintain” strategy territory, while the provinces of Larache and
Chefchaouen, respectively, hold 55% and 63% of the “monitor and raise awareness” and
“reinforce” strategies.

Table 6. Statistics of the three wildfire response strategies (area in km? and %) in order of priority by

province/prefecture.
Strategy Maintain Monitor and Raise Awareness Reinforce
- Very . . Very . . Very . .
Priority High High Medium Low  Total High High Medium Low Total High High Medium Low Total
Tetouan 137.0 2273 298.5 741.6 14044 68.1 634 74 107.3 3128 35.6 352 52.7 80.8  204.3
Al Hoceima 67.7 1322 412.2 2695.1 3307.3 11.9 22,6 34.1 249 934 51 13.5 33.3 748 1267
Ouezzane 112.1 194.4 343.3 1218.7 1868.4 7.5 15.4 40 253 883 808 392 26.5 348 1813
Chefchaouen 1619 2554 489.8 1758 2665.1  114.8 101.4 1113 1742 501.7 1275 171.8 172.2 261.7 733.3
Province/ [ arache 78 75.6 92.6 1123.7 13699 1457 1322  109.7 387.6 7752 1402 137.8 90.3 219.7 588
Prefecture
Tanger—
¢ 5.9 23.8 49.1 6719  750.7 4.8 13.5 222 1204 160.8 154 35.6 222 451 1184
Assilah
Fahs-Anjra 23.8 28.5 46.7 189.7 288.6 29.3 65.3 103.7 1528 3512 12 3.6 5.5 127 23
Mdig-
. 9.1 9.5 8.7 52.3 79.6 44 17.8 11.5 245 582 103 19 33.3 436  106.1
Fnideq
Area (km?) 595.5 9467 17409 84509 11,734 3864 4316  506.4 1017.2 2341.6 416.1 4557 435.9 7733 2081
rzlg)ﬁg; Priority % 5.1 8.1 14.8 72 100 16.5 18.4 21.6 435 100 20 21.9 20.9 372 100
Strategy % 72.6 14.5 129

4. Discussions
4.1. Wildfires Statistics

The study of fire history over about 2 decades in the TTA region revealed a total
burned area of 755.74 km? and 3283 active fires, with an average of 39.78 km?/year and
149 fires/year. The analysis of annual fire statistics showed an irregular trend. In fact,
the years 2003-2006, 2012, and 2020 were exceptional and recorded the highest values of
the study period. These increases can mainly be explained by population behaviors after
regional or international events (fighting fellow cannabis culture, COVID-19 pandemic).
Spatially, the provinces of Chefchaouen and Larache had the largest fire statistics in the
region, accounting for 63% of the burned area and 59% of the number of fires. These two
provinces are the most affected by fires, on the one hand, because of the large areas of the
forest they have individualized by vast massifs, and on the other hand, due to the high
pressures from local populations on land resulting from the use of fire as a clearing land
practice for cultivation [41].

Our analysis demonstrated that forests were the site of 74% of the burned areas and
57% of active fires, with an annual average of 29.29 km? /year and 86 fires/year. Comparing
these numbers to the Fire_CCI51 and FIRMS data for Morocco indicated that this region
alone accounts for a substantial proportion of the country’s forests burned areas and active
fires (about 61% and 60%, respectively), underscoring the TTA region’s status as Morocco’s
primary region in terms of forest fires. This outcome can be mainly attributed to the region’s
special biophysical features, including the presence of highly combustible forest species
on rough terrain and to the local practice of using fires to clear land for agriculture [3].
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In relation to forest formations, it was observed that the cork oak and matorral are the
formations most impacted by fires, with 50% of the burned areas and 61% of active fires
reported in forests. This can be attributed to the large areas covered by these formations
in the region, as well as the continuous pressures exerted by local populations seeking
to expand their living space through activities such as cultivation, grazing, and wood
collection, which often involve clearing and burning in these stands [38,42]. Softwood
reforestation, primarily consisting of Aleppo pine, maritime pine, and brutia pine, also
accounts for a significant portion of the regional fire balance, representing 17% and 14% of
burned areas and active fires, respectively. This finding is not surprising, given the high
flammability of these formations, despite their relatively small area.

4.2. Spatial Autocorrelation Analysis

Analysis of global spatial autocorrelation at the communal level (166 territorial com-
munes) revealed relatively low positive Moran’s I values for burned areas and active fires
(0.17 and 0.26, respectively), indicating relatively low spatial aggregation for these two
variables. Furthermore, we observed that the spatial structure of active fires tended to be
more clustered than that of the burned areas. A local disaggregation of the global coefficient
using the local Moran index revealed the presence of 13 local communes (7.8% of the total
number) characterized by high fire activity (HH type), dispersed across the provinces
of Chefchaouen and Larache. This finding corroborates the results of wildfire statistics
by province, but above all, provides valuable information to better target territorial com-
munes requiring special attention on wildfire fighting programs. In addition, 16 territorial
communes (9.6% of the total number) were reported as low fire activity spatial units (LL
type) shared between the provinces of Al Hoceima and Ouezzane, while the remaining
communes (82.6%) consisted mainly of insignificant units, with a small share of (LH) units.

4.3. Hotspot Mapping

By integrating two statistical methods (OHA and EHA), hotspot mapping provided
even more pertinent results at a finer spatiotemporal dimension (1 km? grid, 1-year time
interval). Globally, HS of burned areas and active fires cover, respectively, 12.88% and
24.16% of the territory (i.e., respective areas of 2081.05 and 3903.55 km?) and were primarily
composed of very highly significant categories. Spatially, these HS are distributed among
the provinces/prefectures and the forest formations in varying shares. Indeed, we observed
once again that the provinces of Chefchaouen and Larache had the largest shares: 63% and
60%, respectively, for burned area and active fire HS. Furthermore, about half of HS are
located in forest formations (mainly in cork oak stands and mattoral). Aside from negative
ecological impacts on soil, air, and biodiversity, forest fires are closely associated with forest
cover regression and are even considered to be the major precursor to deforestation in the
TTA region [43]. In this sense, it is reported that the western Rif records gross annual forest
losses of 13.62 km? mainly due to fires, with also significant deforestation shares in the
provinces of Chefchaouen and Larache (4.1 and 2.7 km? /year, respectively) and about 55%
of the total losses recorded in cork and mattoral stands [5].

The wildfire pattern in our study area was outlined by EHA, which identified two
dominant models for each variable. Burned area clusters covered 740 km? and were
primarily made up of OCS (50.23%) and OHS (29.96%) patterns, while active fire clusters
occupied 941 km? and were mainly formed by OHS (56.87%) and NHS (24.92%) patterns.
OHS/OCS represents locations with statistically significant HS/CS for the final time-step
interval, which were statistically significant CS/HS during a previous time step, and less
than 90% of the time steps were statistically significant HS/CS. While NHS represents
statistically significant HS locations only during the last time step that have never been
statistically significant HS before. The dominance of the OHS and OCS models for the
two variables under study can be explained by the large variations in wildfire activity
experienced in the area during the study periods, alternating between periods of high and
low wildfire activity. Furthermore, the significant increase in active fires in recent years
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has led to the emergence of new HS, resulting in an important proportion of active fires in
NHS models. These wildfire trends have been discussed in previous sections.

4.4. Wildfire Strategic Responses

In our research, we defined six homogeneous wildfire zones through the combined use
of nearly two decades’ data on burned areas and active fires and processed them through an
OHA. Zones 1 and 2, corresponding to the combination of burned area NS cells and active
fire CS and NS cells, respectively, were considered fire-protected areas. Over the years,
efforts made in these zones, including prevention, risk analysis, preparation, intervention,
and rehabilitation measures, contributed significantly to their preservation against fires.
Thus, the future challenge is to maintain these measures to keep these areas protected,
that is why we have opted for a “maintain” strategy in this case. We concluded that the
territory concerned by this category covers the largest portion of the region (73%), which
testifies to the important efforts made in this direction. We also found that the provinces of
Chefchaouen and Ouezzane alone account for 51% of the “maintain” strategy territory. In
this case, we can note that programs implemented after the large fires experienced by the
two provinces between 2003 and 2006 explain how these actions contributed to the future
preservation of many areas.

In addition, Zones 4, 5, and 6 covering 13% of the territory of the region and corre-
sponding to burned area HS were considered not totally protected against fires. These
zones, where the dominant land cover is forests (>25%), are highly affected by fires and
require a “reinforce” strategy in the future. Zone 3 consists of the combination of burned
area NS cells and active fire HS cells and covers 14% of the total area. Given the high
number of fires recorded in this zone, it still presents a major risk of fires, especially since
it is mainly occupied by forests (36%). Subsequently, the future challenge for this zone
is to “monitor and raise awareness” in order to reduce the number of fires. Since the
provinces of Chefchaouen and Larache are experiencing the most important fire activities
in the region, particularly in recent years, we found that these two provinces require the
implementation of the “reinforce” and “monitor and raise awareness” strategies by 63%
and 55%, respectively.

To validate the zoning and wildfire strategic responses, we projected the fires that
occurred in the region between 2021 and 2023, which are not available in the Fire_CCI51
version (Figure 10a). We found that the burned area during this period was 304.17 km?,
and 93.4% of it was located in the territories of the “reinforce” and “monitor and raise
awareness” strategies (with shares of 50.6% and 42.8%, respectively). Additionally, we
observed that burned areas predominate at very high and high priority levels among these
two strategies, indicating the need for urgent intervention in these units to better protect
against fires (Figure 10b). We point out that the share of fires found in the territory of the
“maintain” strategy is very low (6.6%), and it could even be largely attributed to spreads
from areas that are not fully protected.

In conjunction with several types of research conducted globally, our study showcases
the paramount importance of spatial wildfire risk assessment in augmenting compre-
hension of the potential threats posed by wildfires and devising efficacious strategies to
alleviate their impacts. The process of zoning, which classifies areas according to their
susceptibility to wildfires, enables communities and authorities to allocate resources more
judiciously and implement customized measures to mitigate risks. Notably, a study con-
ducted by Thompson et al. (2016) in California adhered to the aforementioned framework
by identifying three strategic responses to fire (maintain, protect, and restore) and delineat-
ing potential wildland fire operational delineations (PODs) as the spatial unit of analysis
for strategic responses. This research identified gaps, limitations, and uncertainties, and
prioritized future work to support safe and effective incident response [27]. Furthermore,
Dunn et al. (2020) proposed a novel approach to risk science that effectively aligns decisions
regarding wildfire response, mitigation opportunities, and land management objectives
through the conscious integration of social, ecological, and fire management system needs.
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Their study focused on fire-prone landscapes in the US Pacific Northwest and presents
an account of how three complementary risk-based analytic tools—namely, quantitative
wildfire risk assessment, mapping of suppression difficulty, and atlases of potential control
locations—can serve as the basis for adaptive governance in fire management. These tools
enable the integration of wildfire risk with fire management difficulties and opportuni-
ties, thereby providing a comprehensive understanding of the wildfire risk management
challenge in the region [44].
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Figure 10. (a) Projection of wildfires occurring between 2021 and 2023 in strategic response zones;
(b) percentages of wildfires occurring between 2021 and 2023 by strategic response zones; (c) global
scheme for evaluating the effectiveness of wildfire measures.

Finally, Figure 10c shows the global scheme for evaluating the effectiveness of wild-
fire measures developed in light of our findings. It can be concluded that the measures
adopted within spatial units can be considered effective if they enable these units to move
from not fully protected areas to protected areas—in other words, if these units slip from
“reinforce” and “monitor and raise awareness” strategies to the “maintain” strategy. The
total number of spatial units transitioning from not fully protected areas to protected areas
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and vice versa can be used to assess the global performance of measures taken during a
considerable period.

4.5. Limitations

Reconstructing the history of fires is not a simple task, and the complexity increases as
the scope and duration of the investigation expand. Furthermore, the insufficiency of com-
prehensive documentation of fire occurrences in various regions around the globe, coupled
with the limitations of official statistical data due to technical or political considerations,
renders the use of remotely sensed data an essential requirement in understanding fire
regimes [45]. These data have the advantage of being based on a more objective approach,
while concurrently presenting more consistency over time and space [46].

In addition, the spatial resolution of MODIS burned area products is relatively low,
rendering them more reliable to map medium and large-scale fires. Consequently, some
small-scale fires are not included in these products [46,47]. However, it is important to
note that the expanse of the study area encompassing an entire region, juxtaposed with
the necessity to span a considerable duration for a more comprehensive evaluation of fire
hazards, makes the use of these products more relevant. In addition, the combined use of
active fires and burned area data in our study balances these limitations and enables the
integration of risks linked to minor fires.

5. Conclusions

Wildfires have been a persistent issue in the TTA region, resulting in adverse impacts
on ecological, economic, and social dimensions. Over the years, the Moroccan forest
authority has taken various measures related to five components: prevention, risk analysis,
preparation, intervention, and rehabilitation, contributing to the protection of a considerable
territory in our study area. However, in recent times, the rapid socioeconomic growth in the
region, coupled with unfavorable global warming conditions, has resulted in an increase in
the number and extent of wildfires, making their management and control efforts more
challenging and costly.

This study explored the history of fires in the area, reviewed the current wildfire
management context, and identified appropriate strategies for the future. The combined
use of various spatial remote sensing platforms and different spatial statistical methods
provide a valuable supplement to wildfire investigations in the region. In addition to
the geospatial analysis results, this work provides a framework for strategic thinking
and planning, which suggests useful tools for rationalizing, prioritizing, and guidance of
regional programs to monitor and combat wildfires.
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