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Abstract: This study evaluates the impact of climate variability on wildfire regime in the N’Zi River
Watershed (NRW) in central Côte d’Ivoire. For that purpose, MODIS active fire and monthly burned
area data are used to evaluate wildfire occurrence, impacts and trends. Wildfire data are compared
to past trends of different climatic parameters extracted from long-term meteorological records.
Generalized additive models and Spearman correlations are used to evaluate the relationships
between climate variables and wildfire occurrence. Seasonal Kendall and Sen’s slope methods were
used for trend analysis. Results showed that from 2001 to 2016, 19,156 wildfire occurrences are
recorded in the NRW, of which 4443 wildfire events are observed in forest, 9536 in pre-forest, and 5177
in Sudanian zones. The burned areas are evaluated at 71,979.7 km2, of which 10,488.41 km2 were
registered in forest, 33,211.96 km2 in pre-forest, and 28,279.33 km2 in Sudanian zones. A downward
trend is observed in fire records. The results indicates a strong correlation between some climatic
variables and wildfire regime in this ecoregion. These correlations can be used to develop models that
could be used as prediction tools for better management of fire regimes and support decision-making
in the NRW.

Keywords: wildfire; climate variability; correlation; seasonal Kendall test; generalized additive
model (GAM); N’Zi River Watershed (NRW)

1. Introduction

Wildfires are recognized as one of the most widespread global environmental disturbances,
along with natural disasters such as droughts, floods or hurricanes [1]. Each year, 350 million hectares
of vegetation affected by fires around the world, half of them in sub-Saharan Africa [2]. These wildfires
have several consequences, including global warming, loss of life, air pollution, desertification and
loss of biodiversity [3–5].

Climate strongly influences global wildfire activity, and recent forest fire events can signal
weather-induced pyrogeographic changes [6]. Various products of fire danger rating systems are
based on ignition source but also on propagation factors with climate a major modulator [7].

According to the Intergovernmental Panel on Climate Change (IPCC), climate change is the largest
and certainly the most critical of all the environmental challenges facing societies in the present century.
Global average surface temperature at the land surface increased by 0.85 ◦C during the 1880–2012
period, with the warmest temperatures ever recorded over the past three decades [8]. Climate change
and variability pose a growing challenge in wildfire control efforts with the biggest challenge in
developing countries [9–11].
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Wildfires are a key element in the landscape dynamics of West Africa [12,13]. Depending on the
ecological zones and the periods of the year, wildfires are considered either as a threat to fight, or as
a real management tool for sustainable resource use and conservation objectives [14]. Despite their
benefits, wildfires cause significant damage to natural resources. They can lead to loss of organic matter,
depletion of moisture reserves through intense evaporation, erosion and soil leaching, thus leading
to lower crop yield, grazing productivity and biodiversity. The impact of wildfires on air quality is
known: the release of emissions particles and volatile organic compounds, along with a significant
amount of greenhouse gas [15,16].

Recent studies on drivers of deforestation in Côte d’Ivoire have shown that wildfires account for
3% and 23% of direct drivers of deforestation and forest degradation, respectively [17]. These wildfires
cause devastating damage, threaten people and their activities, and have a very high social and
economic cost [18]. Each year, around January and February, the country experiences wildfires that
ravage hundreds of thousands of hectares of land suitable for agriculture, particularly in the northern
half of the country. During 2016’s wildfire season, nearly 15,000 ha of cropland and 11,000 ha of forest
were destroyed, and 10 villages were hit by flames, with many hundreds of huts lost and 17 deaths
registered in the country. The financial loss related to the fire damage is estimated at nearly 204 billion
CFA francs, equivalent to approximately USD 363 million [19].

However, wildfire occurrence in these areas is still poorly understood. Little information is
available about fire regimes, the ecological effects of wildfires, and associated emissions from biomass
combustion in a changing climate. The lack of a strong national fire monitoring policy makes fire
statistics unreliable and, also, limits their usefulness. Also, several studies have revealed the downward
trend of precipitation and the variability of temperature over the country [20–24]. Although the
influence of climate change on wildfires has been studied globally, uncertainties about this influence at
a global, regional and hyper-regional level still exist [25].

Therefore, it is very important to understand the impact of climate variability at a fine scale in
order to define clear wildfire management and prevention methods and support decision-making in
the NRW to mitigate any adverse consequences of changing climate and wildfires.

The purpose of this paper was to assess the potential relationship between climate conditions and
wildfire occurrence in the N’Zi River Watershed in central Côte d’Ivoire.

2. Materials and Methods

2.1. Study Site

Located in central Côte d’Ivoire, the study area is the N’Zi River Watershed, a tributary of the
Bandama River. It lies between 3◦85′ W and 5◦38′ W longitude and between 5◦97′ N and 9◦43′ N
latitude, with an altitude ranging between less than 100 m a.s.l. in the south and more than 600 m
a.s.l. in the north (Figure 1). With an approximate area of 35,309 km2, the NRW occupies nearly 11%
of the national territory and straddles 80 small administrative entities (subprefectures) of the District
of Yamoussoukro and eight administrative regions (Agneby-Tiassa, Belier, Gbeke, Hambol, Iffou,
Moronou, N’Zi and Tchologo). Due to its longitudinal configuration, the NRW spans the major climatic
regions of Côte d’Ivoire and is covered by forest ecosystems in the south, mosaic forest-savannah
ecosystems in the centre and savannah ecosystems in the north.

The forest zone is characterized by equatorial transition climate (Guinean climate) with annual
rainfall between 1300 and 2400 mm. Dense moist forest is the characteristic vegetation found in this
zone, with the remaining forest on the top of hills and in classified forests; the majority of the forest has
been converted to agricultural land (mainly for cocoa, coffee and some food crops). In the pre-forest
zone, there is an attenuated equatorial transition climate (Baoulean climate). The annual rainfall ranges
between 1500 and 2200 mm. The vegetation is characterized by Guinean forest-savannah mosaic,
with forest patches along the river. The open forests are composed of trees whose crowns almost
meet, below which the land and grass cover is very sparse. The wooded savannahs and open wooded
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savannahs are made up of trees or shrubs sparse with graminaceous groups (especially Panicum spp.,
Loudetia arundinacea, L. simplex, etc.) and elephant palm (Borassus aethiopum) stands, which are easily
affected by wildfires. These two ecoregions have two dry seasons and two rainy seasons. In the
Sudanian zone, the climate is characterized by a dry tropical transition climate (Sudano-Guinean
climate) with two seasons. The landscape is mainly composed of grassland and wooded grasslands.
In this area, the herbaceous cover, ranging in height from 20 cm to 1.5 m, is composed of species of
Panicum and Pennisetum, which are regularly affected by wildfires [26,27].
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Figure 1. Map of N’Zi River Watershed, showing synoptic stations along with elevation.

2.2. Dataset Description

2.2.1. Meteorological Data

For this study, data were obtained from synoptic weather stations located in the catchment,
and within a 100 km radius.

Time series of daily precipitation, maximum air temperature and minimum air temperature,
wind speed, relative humidity, sea level pressure, etc. of each selected synoptic station were gathered
from the NOAA National Climatic Data Center online data retrieval tool [28]. The data were then
pooled and mean values were computed to evaluate long-term trends in terms of climate variables.

In addition to meteorological variables, we used three drought and fire danger indices in order to
estimate the impact of these indices in wildfire occurrence in the area. These indices are:

- the Angstrom Index (AI), used primarily in Sweden and its inputs are the air temperature and
relative humidity to calculate a numerical index of fire danger [29];

- the Lowveld Fire Danger Index (FDI), widely used in South Africa and providing a reasonably
good measure of short-term wildfire risk. The inputs are the maximum temperature, the wind
speed and the relative humidity [30];

- the Standardized Precipitation Index (SPI), used to quantify the precipitation deficit and
characterize meteorological drought on a range of timescales, and based only on precipitation [31].
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2.2.2. Active Fire and Burned Area Data

Spatial and temporal patterns of wildfires occurrence in the area were assessed with a combination
of the MODIS MCD14DL active fire products with a resolution of 1 km [32], VIIRS VNP14IMGTDL
active fire products with a resolution of 375 m [33] derived from the MODIS and VIIRS sensors
respectively, and burned area scars generated from the 500 m resolution MODIS burned area product
MCD64A1 [34]. The Moderate Resolution Imaging Spectroradiometer (MODIS) is an onboard sensor
aboard the Terra and Aqua satellites of the Earth Observing System (EOS) program of the National
Aeronautical and Space Administration (NASA), launched in 1999 and 2002, respectively [35].

The MODIS MCD14DL Collection 6 and VIIRS VNP14IMGTDL products contain geographic
coordinates, day of detection, brightness temperature, fire radiation power, and detection confidence
level for all MODIS/VIIRS fire pixels. These data were produced by the University of Maryland and
downloadable from the NASA LANCE FIRMS website [36,37].

The MCD64A1 Burned Area product is a monthly Level 3 MODIS 500 m resolution product,
derived from Terra/Aqua MODIS sensor, containing per pixel burn information and metadata [38].
The pixels detected as burned pixels are directly converted to burnt areas. Monthly data from the
MODIS subcontinental Windows 9, containing data on West African countries, are available from the
University of Maryland server (ftp://ba1.geog.umd.edu) and were used for this study.

2.3. Methodology

2.3.1. Seasonal Kendall Test

Seasonal Kendall test is an extension of the Mann-Kendall test, which is used for the detection
of significant trend in environmental data series [39–41]. The seasonal Kendall test accounts for
seasonality by computing the Mann-Kendall test on each of m seasons separately, and then combining
the results. This test, entirely based on ranks, is robust against non-normality and censoring [42].
Kendall’s S statistic Si for each season are summed to form the overall statistic S’ Equation (1):

S′ = ∑m
i=1 Si. (1)

Positive (negative) signs of the test S statistics indicate an upward (downward) trend in the data.
When the product of number of seasons and number of years is more than about 25, the distribution of
S’ can be approximated quite well by a normal distribution with expectation equal to the sum of the
expectations (zero) of the individual Si under the null hypothesis, and variance equal to the sum of
their variances. The variance of the seasonal Kendall statistics is given by Equation (2):

Var
(
S′
)
=

1
18

[
n(n− 1)(2n + 5)− ∑q

i=1 ti(ti − 1) (2ti + 5)
]
, (2)

where ti is the number of ties present to sample i.
The standardized SK test statistics (Z) can be estimated by Equation (3):

Z =


S′−1√
Var(S′)

if S′ > 0

0 if S′ = 0
S′+1√
Var(S′)

if S′ < 0
(3)

The Z statistic follows a standard normal distribution; if its value is positive, it signifies an upward
trend and if its value is negative it signifies a downward trend. If the value of Z is greater than Zα/2
then it is considered a significant trend (where α is the significance level) and the null hypothesis
is rejected.

ftp://ba1.geog.umd.edu
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2.3.2. Sen’s Slope

Although the Kendall statistic indicates the presence of a monotonic trend in the time series,
it is often supplemented by the Theil-Sen slope estimator (tau or τ) [43], which gives the trend
corresponding linear median. This is a nonparametric method that assumes a linear trend in the time
series data and uncorrelated data.

τ = median

(
yj − yi

xj − xi

)
; j > i (4)

The non-parametric seasonal Kendall test and the Sen’s Slope estimator for fire data were
calculated using the EnvStats package [44] of the R software [45].

2.3.3. Spearman Correlation

The correlation between meteorological and wildfire variables (number of wildfires NF and
burned area SB) was assessed using the Spearman non-parametric correlation test (Spearman rank
coefficient denoted by rho) at phytogeographic level using monthly data, in order to select most
correlated climatic variables with wildfire variables. A correlation matrix was built at phytogeographic
level by crossing the studied wildfire variables to the meteorological variables in Table 1.

Table 1. Selected meteorological variables, drought and fire danger indices.

Type Code Signification Unit

Meteorological
variables

PRCP Total precipitation mm
TMOY Mean temperature ◦C
MAX Maximum temperature ◦C
MIN Minimum temperature ◦C
AT Thermal amplitude ◦C
ET0 Reference evapotranspiration mm

WDSP Wind speed m/s
MXSPD Maximum wind speed m/s

RH Relative humidity %
VDP Vapour-pressure deficit mbar
SLP Sea level pressure mbar

DEWP Dewpoint ◦C
VISIB Visibility km

Drought and
fire danger

indices

SPI1 1-month Standardized Precipitation Index
SPI3 3-month Standardized Precipitation Index
SPI6 6-month Standardized Precipitation Index
SPI9 9-month Standardized Precipitation Index
SPI12 12-month Standardized Precipitation Index

AI Angstrom Index
FDI Lowveld Fire Danger Index

2.3.4. Nonparametric Regression

As the distributions of wildfire variables were not normal, we analysed the relationship between
environmental factors and wildfires variables using generalized additive model (GAM) [46]. The GAMs
are useful for identifying non-linear relationships and do not require a priori knowledge of the shape
of the response curves, which is determined by the data itself [47,48]. A GAM model is constructed by
the sum of smoothed functions of the predictor variables, which can identify the types of effects and
nonlinear relationships between variables. For this purpose, it is common to use polynomials defined
based on intervals known as splines [48,49]. In general, the structure of a GAM according to Wood [48]
could be estimated by Equation (5):

g(µi) = Aiθ+ f1(x1i) + f2(x2i) + f3(x3i , x4i) + · · · , (5)
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where µi ≡ E(Yi) and Yi∼EF (µi, ϕ). Yi is a response variable, EF (µi, ϕ) denotes an exponential
family distribution with mean µi and scale parameter, ϕ, Ai is a row of the model matrix for any
strictly parametric model components, θ is the corresponding parameter vector, and the fj are smooth
functions of the covariates, xk.

We used a stepwise approach to determine the model with the optimal set of covariates based on
the lowest Akaike Information Criterion (AIC) and lowest generalized cross-validation (GCV) score.
Both process and observation error were assumed to have Gaussian distributions. The significance of
the spline terms was assessed and fitted with linear interactions when non-significance was detected.
The shapes of the functional forms for the selected covariates were plotted. When the slopes of
the functional forms are positive, the covariates are related positively to the dependent variables,
or vice versa.

For accuracy assessment, we used the 10-fold repeated cross-validation [50] (each model was
re-fitted 10 times using 90% of the data and predictions derived from the fitted models were compared
with observations of the remaining 10%). We derived the coefficient of determination (R2) and root
mean squared error to quantify the goodness of fit of the models. Those with the lowest AIC [51],
the highest R2 (adjusted for number of predictors in the model) and the highest deviance explained
were considered. In this study, we performed in the R computing environment [45], GAM regression
using the package mgcv [47], and 10-fold cross-validation using the package gamclass [52].

3. Results

3.1. Wildfire Regime and Trends

In the 2001–2016 period, 19,156 wildfires were detected in the N’Zi River Watershed (NRW),
which burnt approximatively 71,979.7 km2 of vegetative lands. Wildfire occurrence showed strong
seasonal dependence within the NRW. This seasonality was similar among ecological zones (Figure 2).
Wildfires were most common during the warm season throughout both ecoregions, with moderate
wildfire activity extending into the rainy season (March-April). Wildfires typically peaked in terms of
both numbers and surface burned (SB) from December to January across the preforest zone. Across
the watershed, a high number of wildfires and a large burned area were detected in the preforest zone
(Figures 2 and 3). In the study area, December was the hotspot month, with 8116 wildfires detected
(42.4%), and January the most impacted month, with 36,557.77 km2 of vegetation burned (50.8%).

At ecoregion level, the wildfire occurrence has been evaluated at 4443 wildfires, 9536 wildfires
and 5177 wildfires for the forest, pre-forest and Sudanian zones, respectively. The damages associated
to these wildfires were estimated at 10,488.41 km2, 33,211.96 km2, and 28,279.33 km2 for the forest,
pre-forest and Sudanian zones, respectively.

The highest wildfire occurrence and extent of burnt area were registered in 2008 (with
1949 wildfires representing 10.2% of active wildfires) and 2016 (with 6593.89 km2 representing 9%
of total burnt areas), respectively. Their lowest values have been detected 2001 for NF and 2014 for
SB (Figure 3). Considering the whole NRW, wildfire activity has increased from 2001 to 2008, and
was decreasing in the last decade for both NF and SB. This activity was similar in all the ecoregions,
with the exception of the Sudanian zone, where the wildfire activity was intense from 2002 to 2005 and
decreased significantly after that date.

Wildfire data trends have been analysed both for the whole NRW and each ecoregion in order to
make some inferences about the evolution of wildfires over the years. Table 2 shows the results of the
seasonal Kendall test and Sen’s Slope for fire data for Burned Area (SB) and Number of wildfires (NF).

Considering the whole NRW, the SB monthly trend has not shown significance from a statistical
point of view. By analysing the SB trend of each ecoregion, it is evident that the preforest and Sudanian
zones did not show any significant trend for both tests, while the seasonal Kendall test was significant
for the forest zone, with p < 0.05. In these ecoregions, the SB showed a negative trend.
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Table 2. Trend analysis of number of wildfires (NF) and burned areas (SB).

Localization
Number of Wildfires Burned Areas

Sen’s Slope Test Z p-Value Sign. Sen’s Slope Test Z p-Value Sign.

Forest zone −0.3401 −7.52 5.50 × 10−14 *** −0.1326 −3.016 0.002564 **
Preforest zone −0.2523 −5.567 2.60 × 10−8 *** −0.0482 −1.106 0.268964 ns
Sudanian zone −0.1639 −3.697 0.000218 *** −0.0086 −0.199 0.842119 ns
N’Zi Watershed −0.2631 −5.611 2.01 × 10−8 *** −0.0807 −1.796 0.0725 ns

Sign.: Significance; ns.: non-significant; **: p < 0.01; ***: p < 0.001.

In regard to NF, it showed a negative significant trend for the whole NRW (Table 2). All the
ecoregions showed a highly significant downward trend for the seasonal Kendall test (p < 0.001).

The trends show that NF and SB were decreasing for the period 2001–2016, and could be seen
especially in forest and preforest zone for both NF and SB.

3.2. Spearman Correlation

In order to analyse the relationships between wildfire and weather parameters, Spearman’s
correlations between meteorological, fire danger indices and wildfire variables have been computed
using correlation matrix at the watershed and ecoregion level by using monthly data (Figure 4);
blank cells were not significant at the 5% significance level.
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Family Gaussian Gaussian Gaussian Gaussian 

Link function Identity Identity Identity Identity 
Adjusted R2 0.814 0.874 0.995 0.772 

Deviance explained (%) 84.7 89.7 99.8 80.1 
GCV score 315.64 2181.7 10.249 9491.8 

AIC 1336.409 2004.422 201.9355 2277.71 
Covariates edf p-Value edf p-Value edf p-Value edf p-Value 

PRCP - - - - - - - - 
TMOY - - 3.936 4.66 × 10−5 - - - - 
MAX - - - - - - - - 
MIN - - 4.894 0.040997 9.000 4.29 × 10−9 - - 
AT - - 4.394 0.000145 - - 1.780 5.44 × 10−14 
ET0 - - - - - - - - 

WDSP - - - - - - 5.587 0.0028282 
MXSPD - - - - - - - - 

RH - - - - - - - - 

Figure 4. Spearman correlation matrix between wildfire variables and climatic variables in the
(a) forest zone; (b) preforest zone; (c) Sudanian zone and (d) the whole N’Zi River Watershed.
Significant positive correlations are displayed in blue, significant negative correlations in red and
non-significant correlations are in blank (p > 0.05). The intensity of the colour is proportional to the
correlation coefficients.
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Considering the whole NRW, all the weather variables were significant at p < 0.05 except
reference evapotranspiration (ET0), three-month Standardized Precipitation Index (SPI3), nine-month
Standardized Precipitation Index (SPI9), 12-month Standardized Precipitation Index (SPI12) for SB,
and minimum temperature (MIN), maximum wind speed (MXSPD), SPI3, SPI6, SPI9 and SPI12 for NF
(Figure 4d). The most correlated variable for both SB and NF was the Lowveld fire danger index (FDI),
positively correlated with NF and SB, which was followed by the relative humidity (RH), negatively
correlated with NF and SB.

In the forest zone, the non-significant variables (p > 0.05) were MIN, MXSPD, wind speed (WDSP),
Dewpoint (DEWP), SPI1, SPI3, SPI6, SPI9 and SPI12 for NF, and MIN, MXSPD, WDSP, ET0, SPI1, SPI3,
SPI6, SPI9, SPI12 for SB (Figure 4a). The other variables were highly significant (p < 0.001). The most
correlated variable for both NF and SB was FDI, positively correlated to wildfire activity.

In the preforest zone, almost the climatic variables were significant with p < 0.05 except ET0,
MXSPD, SPI1-12 for NF, and ET0, SPI1-12 for SB. The most correlated variable was RH for both NF
and SB, proportionally inverse to them (Figure 4b).

In the Sudanian zone, the non-significant climatic variables found were MIN, MXSPD, WDSP, ET0,
SPI3, SPI9, SPI12 for NF, and MXSPD, WDSP, Sea level pressure (SLP), mean temperature (TMOY), ET0,
SPI3, SPI6, SPI9, SPI12 for SB (Figure 4c). NF and SB showed better correlation with RH (rho < −0.85)
and DEWP (rho < −0.79).

In addition, all the ecoregions and the whole NRW showed proportional negative correlation
with rainfall (PRCP) and positive correlation with maximum temperature (MAX).

3.3. Nonparametric Regression

GAM regression was used to investigate the key meteorological and climatic factors affecting
fire activity in the watershed. Tables 3 and 4 present results from GAMs of the monthly number of
wildfires (NF) and the monthly area burned (SB) for the three ecoregions across the NRW. All variables
listed in Table 1 were available for stepwise GAM regression and only the significant terms were kept.

Table 3. Selected GAM-based models for the number of active wildfires (NF) per ecoregion.

Parameter
Location

Forest Zone Preforest Zone Sudanian Zone N’Zi River Watershed

Family Gaussian Gaussian Gaussian Gaussian
Link function Identity Identity Identity Identity
Adjusted R2 0.814 0.874 0.995 0.772

Deviance
explained (%) 84.7 89.7 99.8 80.1

GCV score 315.64 2181.7 10.249 9491.8
AIC 1336.409 2004.422 201.9355 2277.71

Covariates edf p-Value edf p-Value edf p-Value edf p-Value

PRCP - - - - - - - -
TMOY - - 3.936 4.66 × 10−5 - - - -
MAX - - - - - - - -
MIN - - 4.894 0.040997 9.000 4.29 × 10−9 - -
AT - - 4.394 0.000145 - - 1.780 5.44 × 10−14

ET0 - - - - - - - -
WDSP - - - - - - 5.587 0.0028282

MXSPD - - - - - - - -
RH - - - - - - - -

VDP 7.771 2.24 × 10−7 - - - - -
SLP - - - - - - -

DEWP - - 8.740 <2 × 10−16 - - 6.459 1.71 × 10−11

VISIB - - 8.464 1.05 × 10−7 7.913 8.68 × 10−12 - -
SPI1 - - - - 5.087 0.0127 3.889 0.02521
SPI3 - - - - - - 2.018 8.81 × 10−6

SPI6 4.124 0.002021 - - - - 4.044 5.37 × 10−8
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Table 3. Cont.

Covariates edf p-Value edf p-Value edf p-Value edf p-Value

SPI9 5.048 0.005825 - - - - - -
SPI12 2.710 0.012842 - - - - - -

AI - - - - - - - -
FDI 8.015 0.000266 4.018 0.003571 8.873 4.55 × 10−14 - -

edf: effective degrees of freedom.

Table 4. Selected GAM-based models for the burned area (SB) per ecoregion.

Location

Parameter Forest Zone Preforest Zone Sudanian Zone N’Zi River Watershed

Family Gaussian Gaussian Gaussian Gaussian
Link function Identity Identity Identity Identity
Adjusted R2 0.771 0.869 0.981 0.784

Deviance
explained (%) 84.2 89.3 99.7 81.3

GCV score 4.73 × 107 2261.7 4.5052 × 107 9088
AIC 3344.81 2011.501 782.5832 2268.917

Covariates edf p-Value edf p-Value edf p-Value edf p-Value

PRCP - - - - - - - -
TMOY 7.236 0.00129 3.719 0.000873 - - - -
MAX - - - - - - - -
MIN 2.112 0.00133 5.447 0.001879 - - - -
AT - - 4.335 0.001950 8.851 0.00293 2.098 0.00772
ET0 2.101 0.00396 - - - - - -

WDSP - - - - - - - -
MXSPD - - - - 3.932 0.00140

RH - - - - - - - -
VDP - - - - - - - -
SLP - - - - - - - -

DEWP 7.517 0.01403 8.883 <2 × 10−16 - - 7.175 5.48 × 10−13

VISIB 8.678 8.26 × 10−7 8.500 8.25 × 10−9 9.000 1.59 × 10−5 1.208 3.99 × 10−10

SPI1 - - - - - - - -
SPI3 8.945 3.48 × 10−12 - - - - - -
SPI6 - - - - - - - -
SPI9 7.289 0.00149 - - - - - -
SPI12 - - - - - - - -

AI - - - - - - - -
FDI 6.692 0.01818 4.139 0.039573 7.043 0.01027 - -

edf: effective degrees of freedom.

The shapes of the functional forms for selected covariates of the fire activity in each ecoregion are
illustrated in Figures 5–8. These indicate that the number of wildfires and the burned area of the three
ecoregions and the whole watershed displayed non-linear responses to the covariates.

As far as the whole NRW is concerned, the key predictors in GAM were WDSP, AT, DEWP, SPI1,
SPI3, and SPI6 for NF, and AT, DEWP, VISIB for SB. All the covariates included in GAM could explain
about 80% for NF and 81% for SB. In this region, all the significant covariates had relatively simple
nonlinear relationships with the number of wildfires (Figure 8a) and the burned areas (Figure 8b).

The relevant covariates were different according to ecoregions and wildfire variables. For instance,
in the forest zone, different covariates were selected for models of NF and SB. For the number of
wildfires, they included VDP, SPI6, SPI9, SPI12 and FDI. For the burned area, the relevant factors
were TMOY, MIN, ET0, DEWP, VISIB, SPI3, SPI9 and FDI. The deviance explained for NF and SB was
84.7% and 84.2%, respectively. For this ecoregion, SPI6, SPI9 and SPI12 had relatively simple nonlinear
relationships with the number of wildfires, whereas VDP and FDI had relatively complex nonlinear
relationships with the number of wildfires (Figure 5a). By contrast, all the significant covariates had
relatively simple nonlinear relationships with the burned areas (Figure 5b).
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Figure 6. Smoothed fits of covariates modelling (a) the number of wildfires and (b) the burned area in
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The y-axis represents the spline function.
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Figure 7. Smoothed fits of covariates modelling (a) the number of wildfires and (b) the burned area in
the Sudanian zone of the N’Zi River Watershed. Central (bold) line show the best fit and the shaded
areas show the 95% confidence intervals of the model. Tick marks on the x-axis represent observations.
The y-axis represents the spline function.

For the preforest zone, the predictors for both the number of wildfires and burned area included
TMOY, MIN, AT, DEWP, VISIB and FDI. The deviance explained by the model for NF and SB was
89.7% and 89.3%, respectively. In this area, MIN, TMOY, AT and FDI had relatively simple nonlinear
relationships with the number of wildfires and burned areas, whereas DEW and VISIB had relatively
complex nonlinear relationships for both the number of wildfires and burned areas (Figure 6a,b).
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Figure 8. Smoothed fits of covariates modelling (a) the number of wildfires and (b) the burned area in
the whole N’Zi River Watershed. Central (bold) line show the best fit and the shaded areas show the
95% confidence intervals of the model. Tick marks on the x-axis represent observations. The y-axis
represents the spline function.

In the Sudanian zone, the deviance explained by the models for NF and SB was, respectively, 99.8%
and 99.7%. In this area, the key covariates for NF included MIN, VISIB, SPI1, and FDI, while those for
SB were AT, MXSPD, VISIB, and FDI. In this zone, all the significant covariates had relatively simple
nonlinear relationships with the number of wildfires (Figure 7a) and the burned areas (Figure 7b).
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For each significant covariate, the smooth function could be classified into one, two or more rough
regions depending to their tendency. A positive (negative) influence region could be followed by a
negative (positive) influence region, and so on. For instance, the smooth function of SPI6 in the Forest
zone (Figure 5a) could be classified into one rough positive influence region. This result suggested
that SPI6 had strong positive impacts on the number of wildfires within the region. Compared to SPI6,
VDP showed a more complex smooth function, which changed directions multiple times (Figure 5a).
VDP lowered the number of wildfires in the ranges 0.3–0.8 (region 1) and 0.9–1.2 (region 3) but
increased the number of wildfires in the ranges 0.8–0.9 (region 2) and 1.2–1.4 (region 4). However,
only a small number of observations were found in regions 3 and 4 and their confidence intervals were
relatively wide, suggesting that the direction of the influence of VDP on the number of wildfires might
not be highly significant.

4. Discussion

In this study, we used MODIS-derived data to investigate the active wildfires and burned area in
the N’Zi River Watershed. The MODIS instruments that are onboard NASA EOS satellite platforms
observe the watershed four times per day at approximately 01:30, 10:30, 13:30, and 22:30 local time. It is
therefore important to keep in mind that the number of active wildfires detected in this study is only
the result of observations made during the four satellite overpasses and only takes into consideration
those wildfires that occurred in such conditions that MODIS was able to detect. In fact, wildfires
burning outside the overpass times were not detected by MODIS and are therefore not included
in the results of this study, just like those that occurred when the sky was covered by clouds or by
thick smoke, and those that were masked by a canopy of trees [35,53,54]. The several overpasses of
the satellites may cause a double counting of actives wildfires. Indeed, a single wildfire can spread
over the landscape and burn for several hours or days and be detected by both satellites during their
passage [55]. The shortage of burned area for some months under wildfires could be explained by
the over-resolution of the satellite, which is approximately 23.5 ha. Wildfires with an area less than
this value are not captured by the satellite. Of course, the spatial resolution of the MODIS burned
area MCD64A1 is estimated at 500 m. This may overestimate or underestimate the extent of area
burned. Wildfire omission errors occur when spatial extension is insufficient or highly fragmented to
be discriminated as wildfires [56]; or those hidden by cloud cover and satellite observations [54].

Several studies on wildfire occurrence in sub-Saharan Africa, especially in West Africa, showed
that fire activity has increased during the last decades [53,57]. Our study showed different results for
the N’Zi River Watershed, underlining an opposite trend for wildfire occurrence. Similar results have
been found in West Africa, identifying decreasing trends in both number of wildfires and burnt areas
during recent decades [58,59]. Andela et al. [60] showed a significant decreasing trend in the number
of fires, size of fires and burnt area in Africa in the period 2003-2015 using MODIS fire data. Declining
fire activity supports climate mitigation efforts in the region.

Our study has also showed that the preforest zone was the most impacted in terms of number of
wildfires and burned area. This could be explained by the land use and fire-based hunting practices
adopted in this area. These observations have been observed by Etienne [61] and Bruzon [62],
who observed the use of wildfires for hunting at the beginning or at the end of the dry season.
Also, the vegetation composition in this area may have importance in fire dynamics. The vegetation
type is a factor that greatly influences the spread of fire by affecting the fuel load and combustion [63].
Fire occurrence analysis showed that fire frequency and intensity were thus related mainly to the
herbaceous layer continuity and phytomass. Fire density peaks in December-January; however, fire
seasonality depends on vegetation hygrophily: late and very late wildfires burn more intensively
(because the vegetative has low moisture content) and tend to be more damaging compared to
early wildfires, in accordance with previous observations of Nielsen and Rasmussen [64] and
Govender et al. [65]. The low number of wildfires after March was due to the fact that vegetation is
regenerating with the first rains and evapotranspiration at this time is low [66].
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Due to the high impact of agriculture in the south of the area studied (forest zone), the area
burnt annually is relatively limited compared to the other ecoregions. In this area, several cash crops
including cocoa and coffee are grown, and peasants are aware of the impact of fire in the dry season.

The number of wildfires increased from 2002 to 2008 in the study area. These observations could
be explained by the fact that the sociopolitical crisis experienced by Côte d’Ivoire from 2002 to 2010
has weakened the forest administration, which has led to a relaxation of awareness and policy to
combat wildfires at the local level. These observations are close to those of Kull [67], who noted
that political instability led to unusual practices in the use of wildfires (protests, land disputes, etc.)
that may contribute to increasing fire damage in Madagascar. Also, this situation may be explained
by increasing population pressure, which may have led to more wildfires being laid for poaching,
converting savannas into agricultural lands and clearing fields [65].

Concerning the analysis of the relationships between climate and fire occurrence, we showed that
both the number of wildfires and the burned area were inversely correlated with relative humidity
and thermal amplitude, and positively correlated with Lowveld FDI and maximal temperature.
This could be explained by the fact that the high variability in temperature may increase fuel load,
as suggested by Govender et al. [65]. Also, with a lower relative humidity, fires will start and
burn more vigorously due to the lower moisture of the fuel. Similar results have been shown by
Guiguindibaye et al. [66], who observed that wildfire intensity is inversely correlated to relative
humidity in Tanzania. Holsten et al. [68] also revealed that relative humidity was the best proxy for
fire occurrence in Germany. Relative humidity has an important impact on wildfires. Long days of
low humidity in a month tend to dry out all forest fuels to a dangerous level. Even a few days of low
humidity can increase the risks of wildfires [69]. While the Lowveld FDI is not a proxy for fire activity,
it does indicate the potential for uncontrollable fires should ignition occur and thus may provide
insight into how changes in the microclimate may influence fire activity [25]. Archibald et al. [70]
examined the drivers of burnt area in Southern Africa and indicated that the tree cover percentage,
rainfall, dry season length, and grazing density are the most important determinants of burned areas
in this region.

In this study, we used GAMs to evaluate wildfire activity and explore the effects of climatic factors
at ecoregion level. The effects of climate variables including weather and drought and fire danger
indices on wildfire activity (number of wildfires and burned areas) in this study showed nonlinear
relationships with the number of wildfires and burned areas, even changing from negative to positive
relationships in some cases. The nonlinear effects of climate variables in this study indicate that their
influences on wildfire activity are not constant but, rather, vary significantly in terms of the direction
and degree of their influences. For example, the influences on the number of wildfires in the whole
watershed differed from those at different locations at the same fire site. Therefore, the influences
of climate variables on the number of wildfires should not be over-generalized to different studies
performed at different geographic locations and other fire sites. The non-linear impacts of climate
variables have been reported in several other studies (e.g., [71–73]).

However, we were unable to find many studies on the nonlinear effects of susceptible climate
variables on fire activity in Africa. Krawchuk et al. [74] examined world fire occurrence in relation to
climate variables, and showed that mean temperature of warmest month, annual precipitation, and
mean temperature of wettest month are the most important explanatory variables [72].

In this study, we showed that in the whole watershed DEWP (edf = 6.459), WDSP (edf = 5.587),
SPI6 (edf = 4.044) and SPI (edf = 3.889) showed stronger nonlinear patterns, while SPI3 (edf = 2.018) and
AT (edf = 1.780) exhibited a weaker nonlinear pattern, which explained about 80.1% of the number of
wildfires. Comparatively, we observed that DEWP (edf = 7.175) exhibited stronger nonlinear patterns,
whereas AT (edf = 2.098) and VISIB (edf = 1.208) showed a weaker nonlinear pattern that explained
81.3% of burned areas. These results were consistent with the findings of Ríos-Pena et al. [73,75],
who reported nonlinear distributions. The relatively high deviance could be improved for wildfire
activity prediction. The inclusion of different environmental and biophysical covariates might improve
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the GAM results. For instance, fire activity is most strongly influenced by climate, topography [76],
vegetation type and population density [59]. It is therefore important to collect data on potentially
influential covariates.

5. Conclusions

The current study investigated the relationship between fire occurrence (number of wildfires and
burned area) and weather conditions during the last two decades (2001–2016).

The first main conclusion of this study was that fire occurrence in the N’Zi River Watershed had
a downward trend, and the dynamic was different in the ecoregions. The preforest zone was the
most impacted by fire in this area. The second conclusion was that weather conditions, coupled with
drought and fire danger indices, strongly influence the fire occurrence in the area. The Lowveld fire
danger index is the most significant variable to be monitored in fire management. As a powerful and
scientific predictive modelling tool to discover the hidden pattern of predictors and improve predictive
performance, the generalized additive model (GAM) was used to investigate quantitative relationships
between climatic variables and fire activity. Our models have explained up to 80% of the deviance of
fire occurrence in the studied area.

In subsequent studies, the current work will serve as baseline information for preparing an
appropriate fire danger index for the region, predicting the magnitude of fire occurrence in the NRW
under future climatic scenarios, and evaluating its potential impacts on forest fire emissions.
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