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Abstract: Wildfires are a major environmental, economic, and social threat. In Central Côte
d’Ivoire, they are among the biggest environmental and forestry problems during the dry season.
National authorities do not have tools and methods to predict spatial and temporal fire proneness
over large areas. This study, based on the use of satellite historical data, aims to develop an
appropriate model to forecast wildfire occurrence and burnt areas in each ecoregion of the N’Zi River
Watershed. We used an autoregressive integrated moving average (ARIMA) model to simulate and
forecast the number of wildfires and burnt area time series in each ecoregion. Nineteen years of
monthly datasets were trained and tested. The model performance assessment combined Ljung–Box
statistics, residuals, and autocorrelation analysis coupled with cross-validation using three forecast
errors—namely, root mean square error, mean absolute error, and mean absolute scaled error—and
observed–simulated data analysis. The results showed that the ARIMA models yielded accurate
forecasts of the test dataset in all ecoregions and highlighted the effectiveness of the ARIMA models
to forecast the total number of wildfires and total burnt area estimation in the future. The forecasts of
possible wildfire occurrence and extent of damages in the next four years will help decision-makers
and wildfire managers to take actions to reduce the exposure and the vulnerability of ecosystems and
local populations to current and future pyro-climatic hazards.
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1. Introduction

Wildfires are a predominant ecological disturbance in West African savanna landscapes. In Côte
d’Ivoire, particularly in the N’Zi River Watershed (NRW), wildfires threaten the conservation of the
local landscape and biodiversity, and influence the climate of this important biome. According to
Kouassi et al. [1], the number of wildfires and burnt areas has been decreasing in this ecoregion.
In rural areas, wildfires are used in agricultural activities (slash and burn or stubble cultivation),
hunting (animal skidding), pastoral activities (burning for grazing renewal, pest reduction), and energy
(charcoal production) [2,3].

Recent studies on the drivers of deforestation in Côte d’Ivoire have shown that wildfires represent
3% and 23% of the direct factors of deforestation and forest degradation, respectively [4]. These
wildfires cause damage to activities, human and animal lives, and have a very high social and economic
cost [5,6]. Indeed, around January and February of each year, the region experiences a peak of wildfires,
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that ravage hundreds of thousands of hectares of lands suitable for agriculture, and sometimes cause
death [7–9].

In addition, there is an increase in mean temperature, dry years, and persistence of the drought
zone at the local scale [10,11]. These climatic events coupled with anthropogenic practices have made
wildfires a recurring phenomenon that returns every year during the dry season [2]. This exposure to
wildfires is expected to be most intensified due to the increase in temperature and decrease of rainfall,
with significant impacts on forests’ survival, livelihoods, and the ecosystems [12,13]. To address these
challenges, it is necessary to provide a decision-support tool for fire risk management, early warning,
and prevention at the local scale. Forecasts can only provide outlooks to wildfire managers for
significant fire potential seasons [14]. In addition, they may lead to large-scale wildfire suppression and
reduction of the average size or per unit damages that occur because wildfire managers are adequately
prepared to respond rapidly [14,15].

The predictability of wildfire occurrence implies the use of statistical models. Several methods
have been used to evaluate and model fire activity (number of fires and burnt areas). The first
models used to model the occurrence of fires were about linear regressions [16,17]. Computing and
statistics have improved modeling approaches for discovering trends found in fire time series data.
Generalized linear models (GLM) were used to analyze fire ignition [18] and identify variables that
have a significant influence on the frequency of wildfires [19–21]. Among the most widely used GLMs,
logistic regression models were applied to socio-economic variables at the municipal or provincial
level [22–29]. In addition, Poisson and Zero-Inflated Poisson models were used to predict vegetation
fires and their daily occurrence in Europe and Canada [30–36]. Boubeta et al. [37] used an extension
of the classical Poisson regression models including forest area as a random effect for the prediction
of wildfires in Galicia (northeastern Spain). Serra et al. [38] used multiple linear regression models
to explain the main drivers of changes in land use and land cover, as well as the relationship with
the frequency of wildfires in a coastal area of Catalonia (Spain). Other more complex methods have
been introduced as alternatives to traditional statistical methods, particularly in the case of large
databases, nonlinear models, and highly correlated or normally undistributed variables. These include
classification and regression tree methods [39–41], generalized additive models [1,42,43], artificial
neural networks [28,44], support vector machines [45], generalized linear spatial models [20], and the
weight of evidence using Bayesian inference to measure the spatial association between evidence
variable maps and fire ignition maps [46–49].

In non-parametric contexts, kernel smoothing and parametric estimation were used to explore the
relationship between incidence and meteorological variables [50,51]. For the first time, Schroeder [52]
introduced time series models for the analysis of climate history and wildfire variability. Chronological
methods were used to search for cycles or trends in annual fire and burnt area time series in Ontario
(Canada) between 1918 and 2000 [53]. The importance of previous climatic conditions for the variability
of wildfires (total burned area and total number of wildfires) in Arizona was highlighted by Crimmins
and Comrie [54].

One of the most important and widely used time series models is the Autoregressive Integrated
Moving Average (ARIMA) model [55]. This modeling approach is particularly useful when little
knowledge is available on the data generation process or in the absence of a satisfying explanatory model
linking the predictor variable to other explanatory variables [56,57]. The popularity of the ARIMA
model is due to its statistical properties as well as the well-known Box–Jenkins methodology [58] in
the modeling process. In addition, various models of exponential smoothing can be implemented
by ARIMA models [59]. ARIMA models have been widely used for modeling wildfire occurrence
and burned areas. Miller et al. [60] studied fire severity using ARIMA processes in Sierra Nevada,
California. They estimated the trends in the annual percentage of high severity and burned area size.
The model predicted 37% high severity and 62% of post-fire patch size in 2007. In addition, Taylor and
Scholl [61] identified the influence of interannual and interdecadal climate variations and land-use
changes on fire regimes using autocorrelation functions (ACF) and ARIMA in the Sierra Nevada.
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Boubeta et al. [62] used two semi-parametric time series models to describe and predict weekly burned
areas in a year using ARIMA modeling combined with smoothing. Viganó et al. [63] used ARIMA
models for predicting the occurrence of forest fires in the Pantanal in Brazil.

Since several studies used statistical modeling to forecast wildfires activities, these works are
located in temperate and tropical ecosystems of Europe and America. However, in Africa, the regime
of this disturbance is linked to regional- and national-level socio-economic and ecological contexts.

In addition, fire information and forecasts, available to wildfire managers, play an important role
in raising awareness among local communities and helping them cope with this scourge [14].

Therefore, it appears necessary to model wildfire occurrence and estimate the spread of this scourge
in the future at the regional scale in a tropical savanna zone of West Africa to support decision-making
and develop fire prevention and management strategies.

The purpose of this study focuses on the analysis and the forecasting for the next four years
of wildfire occurrence as well as the damages at the watershed and ecoregional scales in an African
tropical zone using ARIMA processes [64]. For this analysis, we used remotely sensed monthly fire
observational datasets (number of wildfires and burnt areas) of the NRW from 2001 to 2019.

2. Materials and Methods

2.1. Study Area

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◦46′ W and 5◦24′ W longitude and between 5◦58′ N and 9◦26′ N
latitude, with an altitude ranging between less than 100 m above sea level (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 subdistricts [1]. The population of the
NRW was estimated at 2,866,836 inhabitants according to the 2014 General Census of Population and
Housing [65].
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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 center,
and savannah ecosystems in the north [66,67].

According to the Köppen–Geiger climate classification, the climate of the study area is of Aw
type (warm and humid). In the forest zone, an equatorial transition climate (Guinean climate) with
annual rainfall between 1300 and 2400 mm can be found [67]. In this area, the characteristic of the
vegetation is a dense moist forest with some remaining forests on the tops of hills and in the classified
forests [68]. 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 [67]. 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 savannahs are made up of trees or shrubs sparse with
gramineous groups (especially Panicum spp., Loudetia arundinacea, L. simplex, etc.) and elephant palm
(Borassus aethiopum) stands, which are easily affected by wildfires [68]. 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 [67]. 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 [68].

2.2. Active Fire and Burned Area Data

Spatial and temporal patterns of wildfire occurrence in the area were assessed with a combination
of the Moderate Resolution Imaging Spectroradiometer (MODIS) MCD14DL active fire products with
a resolution of 1 km [69], VIIRS VNP14IMGTDL active fire products with a resolution of 375 m [70],
derived from the MODIS and VIIRS sensors, respectively, and burned area scars generated from the
500 m resolution MODIS burned area product MCD64A1 [71]. 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 [72].

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
are downloadable from the NASA LANCE FIRMS website [73,74].

The MCD64A1 Burned Area product is a monthly Level 3 MODIS 500 m resolution product,
derived from the Terra/Aqua MODIS sensor, containing per-pixel burn information and metadata [75].
The pixels detected as burned pixels are directly converted into burnt areas. Monthly data from
the MODIS subcontinental Windows 9, containing data of West African countries, available on the
University of Maryland server ftp://ba1.geog.umd.edu, were used for this study.

For this study, we used monthly data of two pyrological time series composed of the number of
wildfires (NF) and burned areas (SB) of the NRW. The number of wildfires is composed of the monthly
values of daily active hotspots, while burnt areas represent monthly values of the fire patch size in
the landscape. In total, we found 21,362 fire events burning 78,226.11 km2 of vegetation in the region
during the period 2001–2019 (Figure 2).

ftp://ba1.geog.umd.edu


Fire 2020, 3, 42 5 of 20

Fire 2020, 3, x FOR PEER REVIEW  5 of 20 

 

 

Figure 2. Spatial distribution of wildfire hotspots and burnt areas detected by Moderate Resolution 

Imaging Spectroradiometer (MODIS) in the NRW from 2001 to 2019. 

2.3. ARIMA Modeling 

Modeling of time series subjected to random disturbances could be performed using ARIMA 

models. These models allowed the combination of three types of temporal processes: Autoregressive 

processes (AR), moving average processes (MA), and integrated processes (I). In general, an ARIMA 

model (p, d, q) is a combination of these three types of processes, p, d, and q, respectively denoting the 

order of the autoregressive process, the order of integration, and the order of the moving average 

[76]. 

The generic form of ARIMA modeling is presented in Equation (1). 

𝜑(𝐿)(1 − 𝐿)𝑑𝑌𝑡 = 𝛩(𝐿)𝜀𝑡 , (1) 

where 𝜑(𝐿) and 𝛩(𝐿) are the autoregressive and moving average operators, 𝑌𝑡  is the value of fire 

occurrence Y at a given time t, 𝜀𝑡  is the uncorrelated random error with zero mean and unit variance 

(white noise), L is the lagged operator, and d is the number of the series differentiation. 

For seasonal ARIMA, or the SARIMA model, the general model is denoted as 

ARIMA(p,d,q)(P,D,Q)S and the generic form of the modeling is given by the Equation (2): 

𝜑𝐴𝑅  
(𝐿)𝜑𝑆𝐴𝑅 

(𝐿𝑠)(1 − 𝐿)𝑑(1 − 𝐿𝑆)𝐷𝑌𝑡 =  𝜃𝑀𝐴(𝐿)𝜃𝑆𝑀𝐴(𝐿𝑠) 𝜀𝑡, (2) 

where  𝜀𝑡  is the usual Gaussian white noise process, 𝜑𝐴𝑅  is the ordinary autoregressive polynomial, 

𝜑𝑆𝐴𝑅 is the seasonal autoregressive polynomial, 𝜃𝑀𝐴 is the ordinary moving average polynomial, 

𝜃𝑆𝑀𝐴 is the seasonal moving average polynomial, L is the monthly lagged operator, (1 − 𝐿)𝑑  is an 

ordinary difference component, 1 − 𝐿𝑆 is the seasonal difference component, 𝑌𝑡  is the value of fire 

occurrence Y at a given time t, and 𝜀𝑡  is the uncorrelated random error with zero mean and unit 

variance (white noise). 

In the framework of this study, we forecasted fire activity (number of wildfires and burned 

areas) using seasonal ARIMA models. To apply this method, the following three stages proposed by 

Box and Jenkins should be followed: Identification, estimation, and diagnosis [58,62,76–78]. The 

Figure 2. Spatial distribution of wildfire hotspots and burnt areas detected by Moderate Resolution
Imaging Spectroradiometer (MODIS) in the NRW from 2001 to 2019.

2.3. ARIMA Modeling

Modeling of time series subjected to random disturbances could be performed using ARIMA
models. These models allowed the combination of three types of temporal processes: Autoregressive
processes (AR), moving average processes (MA), and integrated processes (I). In general, an ARIMA
model (p, d, q) is a combination of these three types of processes, p, d, and q, respectively denoting the
order of the autoregressive process, the order of integration, and the order of the moving average [76].

The generic form of ARIMA modeling is presented in Equation (1).

ϕ(L)(1− L)dYt = Θ(L)εt, (1)

where ϕ(L) and Θ(L) are the autoregressive and moving average operators, Yt is the value of fire
occurrence Y at a given time t, εt is the uncorrelated random error with zero mean and unit variance
(white noise), L is the lagged operator, and d is the number of the series differentiation.

For seasonal ARIMA, or the SARIMA model, the general model is denoted as ARIMA(p,d,q)
(P,D,Q)S and the generic form of the modeling is given by the Equation (2):

ϕAR(L)ϕSAR(Ls)(1− L)d(1− LS)
D

Yt = θMA(L)θSMA(Ls)εt, (2)

where εt is the usual Gaussian white noise process, ϕAR is the ordinary autoregressive polynomial,
ϕSAR is the seasonal autoregressive polynomial, θMA is the ordinary moving average polynomial, θSMA
is the seasonal moving average polynomial, L is the monthly lagged operator, (1− L)d is an ordinary
difference component, 1− LS is the seasonal difference component, Yt is the value of fire occurrence Y at
a given time t, and εt is the uncorrelated random error with zero mean and unit variance (white noise).

In the framework of this study, we forecasted fire activity (number of wildfires and burned
areas) using seasonal ARIMA models. To apply this method, the following three stages proposed
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by Box and Jenkins should be followed: Identification, estimation, and diagnosis [58,62,76–78].
The stationarity of the time series was evaluated using the Augmented Dickey–Fuller (ADF) and
KPSS (Kwiatkowski–Phillips–Schmidt–Shin) tests, preceded by a Box–Cox transformation aimed at
stabilizing the variance. Indeed, given the non-normal distribution of the residuals of the studied
variable time series (X), their natural logarithm was used to meet statistical assumptions of normality.
One unit was added to these variables to avoid null values in the logarithmic calculation (Equation (3)).

Y = log(X + 1) (3)

The dependence between the pyrological time series (wildfire occurrence and burned areas)
was analyzed using autocorrelation functions (ACF) and partial autocorrelation functions (PACF).
Correlograms were plotted with a 95% confidence level to determine statistically significant coefficients.

The SARIMA models and the coefficients were estimated using the auto.arima function in R
software [79]. This function combined unit root tests, Akaike’s Corrected Information Criterion (AICc)
minimization, and maximum likelihood evaluation to automatically select the appropriate SARIMA
model [80]. These models were studied at a 95% confidence level. In addition, the simulated values
were compared to the values of the actual data to evaluate the predictive ability of the models.

The predictive performance of the models was assessed by the evaluation of the significance of the
parameters, residual analysis (autocorrelation, normality, Ljung–Box test), time series cross-validation,
and error analysis (Root Mean Square Error—RMSE, Mean Absolute Error—MAE, and Mean Absolute
Scaled Error—MASE) [81–83]. For cross-validation, the dataset was subsetted in two portions, training
and test data, where the training data were used to estimate any parameters of a forecasting method
and the test data were used to evaluate its accuracy [76]. The training dataset ranged from 2001 to
2016, while the test dataset covered 2017–2019.

After demonstrating that the residuals of the models were white noise and that the models were
accurate (lowest RMSE values), a forecast of the future values of the studied variables was made using
the valid SARIMA model resulting from modeling. In this study, these forecasts were made over four
years (2020–2023). The analyses were performed using the packages forecast [80,84] and trend [85] of
the R software [86].

3. Results

3.1. Study of the Stationarity

The stationarity of the time series is a fundamental hypothesis in ARIMA modeling. The stationarity
of the pyrological time series was examined by the ADF and KPSS tests using the training dataset
(Table 1).

Table 1. Summary of Augmented Dickey–Fuller (ADF) and Kwiatkowski–Phillips–Schmidt–Shin
(KPSS) tests of pyrological time series.

Time Series Location

ADF Test KPSS Test

t-Test p-Value Statistics
Critical Values

5% 1%

Number of
wildfires

FZ −2.789 0.203 0.030 0.463 0.739
PFZ −2.957 0.147 0.014 0.463 0.739
SZ −2.922 0.158 0.039 0.463 0.739

NRW −2.443 0.356 0.019 0.463 0.739

Burnt areas

FZ −3.390 0.056 0.017 0.463 0.739
PFZ −3.291 0.071 0.013 0.463 0.739
SZ −3.235 0.081 0.032 0.463 0.739

NRW −3.364 0.059 0.029 0.463 0.739

FZ: Forest zone; PFZ: Pre-forest zone; SZ: Sudanian zone; NRW: N’Zi River Watershed.
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Table 1 showed that the KPSS test statistic was much smaller than the 1% and 5% critical values,
which indicated that the stationarity hypothesis is accepted.

In addition to this test, the p-value of the ADF test was greater than 5% for all NRW ecoregions,
showing the non-stationarity of wildfire occurrence and burned area time series for all NRW ecoregions.
Therefore, the series were trend stationary, and these trends were removed by seasonal differencing
(D = 1) to make the series’ stationarity strict. These two results suggested that the studied pyrologic
variables were all stationary.

3.2. Dependency Analysis

The autocorrelations of the pyrological time series (number of wildfires and burnt areas) were
presented by autocorrelation function (ACF) and partial autocorrelation function (PACF). Figures 3
and 4 show the results of the ACF and PACF of the number of wildfires and burned areas, respectively.

The variation of the autocorrelation functions confirmed the suspected evolution of the
autocorrelation function in all the study sites about the different peaks. Strong correlations were mainly
observed by offsets of annual periods. It was evident that a dominant period of six months was present
in all ecoregions.

For this reason, seasonality was suspected because autocorrelations in the vicinity of k = 6, 12,
18, or 24 shifts greatly exceed the 95% confidence interval. The significant peak at lag 6 in the ACF
suggested a first-order non-seasonal moving average component and a first-order autoregressive
component. The graphs showed a seasonality of 12 months for the studied time series.

The partial autocorrelation was calculated to determine the periodicity. The significant peak in
PACF at lags 1 and 2 suggested a first-order seasonal moving average component.

The two blue dashed lines across the plot indicate the point of statistical significance. Values between
these lines and zero are not statistically significant, while those above and below the lines (towards
one and minus one) are significant.
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3.3. Wildfire Activity Modeling

The pyrological time series were modeled using SARIMA models derived from automated
algorithms. The best models were selected based on the lowest AICc. The summary of the SARIMA
modeling of the time series of log(NF + 1) and log(SB + 1) in the three ecoregions of the watershed is
presented in Table 2.

The pyrologic variables did not present a non-seasonal autoregressive order, except for the number
of wildfires in the forest zone and burned areas in the pre-forest zone. The number of seasonal AR
processes was evaluated at 2, except the number of wildfires in the forest zone and in the whole NRW,
which did not show any seasonal autoregressive processes.

The maximum number of seasonal and non-seasonal MA processes was 1. The identified period
for the phenomena studied was 12 months. All the coefficients of the SARIMA models were significant
at the 5% threshold except for the MA1 coefficients of burned areas in the Sudanian zone and the whole
NRW, MA1 of the number of wildfires in the forest zone, AR1 of burned areas in the pre-forest zone,
and SAR1 of burnt areas and the number of wildfires in the forest and pre-forest zones, respectively.

A differencing was applied to all the time series to stationarize them, and could be identified by
the seasonal differencing order (D = 1) of the ARIMA models (Table 2).

Wildfire occurrence in the pre-forest zone and total burnt areas in the forest zone followed the
same ARIMA(0,0,0)(2,1,1)12 model. In addition, the burnt areas in the whole NRW and the total
number of wildfires in the Sudanian zone showed the same ARIMA(0,0,1)(2,1,0)12 model.

3.4. Model Assessment

In order to use the results of the SARIMA modeling for the prediction of the studied phenomena,
the validity of the models was tested using the Ljung–Box test, residual analysis, and cross-validation.
Table 3 presents the summary statistics of the Ljung–Box test.
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Table 2. Summary of fitted autoregressive integrated moving average (ARIMA) models to the input time series of log(NF + 1) and log(SB + 1).

Time Series Location
Order Coefficient

AICc
p d q P D Q S AR1 SAR1 SAR2 MA1 SMA1

Number of wildfires
[log(NF + 1)]

FZ 1 0 1 0 1 1 12 0.6248 *** −0.3271 ns
−0.8716 *** 385.69

PFZ 0 0 0 2 1 1 12 0.0036 ns
−0.2504 * −0.8737 *** 730.92

SZ 0 0 1 2 1 0 12 −0.5581 *** −0.1797 * 0.2183 ** - 407.56
NRW 0 0 1 0 1 1 12 - 0.1778 ** −0.8722 * 404.94

Burnt areas [log(SB + 1)]

FZ 0 0 0 2 1 1 12 −0.254 ns
−0.3337 * −0.4946 * 747.44

PFZ 1 0 0 2 1 0 12 0.1135 ns
−0.5715 *** −0.5358 *** 694.71

SZ 0 0 1 2 1 0 12 −0.4984 *** −0.4515 *** 0.1523 ns 684.03
NRW 0 0 1 2 1 1 12 −0.4245 ** −0.4809 *** 0.113 ns

−0.3559 * 705.67

ns = non-significant; * p < 0.05; ** p < 0.01; *** p < 0.001; FZ: Forest zone; PFZ: Pre-forest zone; SZ: Sudanian zone; NRW: N’Zi River Watershed; p: Non-seasonal order of the autoregressive
part; d: Non-seasonal degree of first differencing involved; q: Non-seasonal order of the moving average part; P: Seasonal order of the autoregressive part; D: Seasonal degree of first
differencing involved; Q: Seasonal order of the moving average part; S: Number of observations per year; AR1: Autoregressive order 1 process; SAR1: Seasonal autoregressive order 1
process; SAR2: Seasonal autoregressive order 2 process; MA1: Moving average order 1 process; SMA1: Seasonal moving average order 1 process.
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Table 3. Residual analysis of wildfire time series by ecoregion.

Time Series Location
Ljung–Box Test

Model Q* p-Value

Number of wildfires
[log(NF + 1)]

FZ ARIMA(1,0,1)(0,1,1)12 19.828 0.532
PFZ ARIMA(0,0,0)(2,1,1)12 21.649 0.420
SZ ARIMA(0,0,1)(2,1,0)12 16.431 0.745

NRW ARIMA(0,0,1)(0,1,1)12 20.483 0.553

Burnt areas [log(SB + 1)]

FZ ARIMA(0,0,0)(2,1,1)12 24.356 0.276
PFZ ARIMA(1,0,0)(2,1,0)12 10.735 0.968
SZ ARIMA(0,0,1)(2,1,1)12 18.110 0.580

NRW ARIMA(0,0,1)(2,1,0)12 22.455 0.373

Q*: Ljung–Box Q test statistic; FZ: Forest zone; PFZ: Pre-forest zone; SZ: Sudanian zone; NRW: N’Zi River Watershed.

The results of the Ljung–Box test (or portmanteau test) were not significant (the p-values were greater
than 5%), as shown by Table 3. In addition, the large values of Q* suggest that the autocorrelations do not
come from a white noise series. Therefore, we concluded that the residuals were not distinguishable
from white noise. The ACF plots of all SARIMA model residuals for the studied pyrologic variables
showed that all autocorrelations were within the threshold, indicating that the residuals behave
like white noise. In addition, we noted that the SARIMA model residuals of wildfire occurrence
(Figure S1) and burned areas (Figure S2) had constant variance and followed a normal distribution,
as demonstrated by the histogram and the graph of residuals.

Figures 5 and 6 show the forecasts of ARIMA applied to the monthly number of wildfire
occurrences and the total burnt area estimation, respectively, using data only up to the end of 2016.
The results showed that the actual values matched the predicted values at a 95% confidence level.
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Figure 6. Forecasts of the total burnt areas in the (a) forest zone, (b) pre-forest zone, (c) Sudanian zone,
and (d) whole NRW using the training dataset.

For determining the prediction models, the testing and training RMSE values of each ecoregion
were computed. Table 4 shows the testing and training forecast error values of wildfire activity in
each ecoregion. RMSE values ranged from 0.5 to 1.7, while MAE values varied between 0.3 and 1.0,
which presages a good quality of the models. The testing RMSE values were lower than training RMSE
values and showed the good performance of the fitted models.

Table 4. Cross-validation of the fitted models of wildfire time series by ecoregion.

Time Series Location Data Type
Errors

RMSE MAE MASE

Number of wildfires
[log(NF + 1)]

FZ
Train set 0.6375 0.4177 0.8158
Test set 0.5988 0.4188 0.8181

PFZ
Train set 0.5948 0.3781 0.7035
Test set 0.5835 0.3727 0.6935

SZ
Train set 0.7028 0.3988 0.8686
Test set 0.5884 0.3320 0.7231

NRW
Train set 0.6765 0.4530 0.7956
Test set 0.6527 0.4674 0.8209

Burnt areas [log(SB + 1)]

FZ
Train set 1.6909 0.9354 0.7625
Test set 1.4606 0.8383 0.6834

PFZ
Train set 1.5344 0.8072 0.7568
Test set 1.4919 0.6518 0.6110

SZ
Train set 1.5017 0.8041 0.8307
Test set 1.2092 0.5882 0.6077

NRW
Train set 1.5566 0.8687 0.6981
Test set 1.2112 0.7116 0.5718

FZ: Forest zone; PFZ: Pre-forest zone; SZ: Sudanian zone; NRW: N’Zi River Watershed.
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In addition to these tests, a visual comparison of observations and model-adjusted data was made.
This comparison showed that the models reproduced all the historical data very faithfully, which gave
a high degree of confidence in the models.

The comparison graphs of the observed and simulated values showed that the models, except for
a few peaks, regularly reproduced the seasonal peaks. As a result, models could be used to forecast
wildfire activity on a specific horizon. In this study, we forecasted the monthly wildfire occurrence and
total burned area estimation in the next four years.

3.5. Forecast of Wildfires’ Dynamics

SARIMA models assessed using the Box and Jenkins method were used to forecast monthly values
of the number of wildfires and burned areas over a four-year horizon. Figure 7 shows the results of the
predictions of the number of wildfires at a 95% prediction interval from 2020 to 2023.
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The values of simulated fire foci followed historical trends in the logarithms of the pyrological
variables across the ecoregions (Figure 7). The predicted peaks were relatively constant from one
zone to another. The highest peaks were close to 4 in the forest and Sudanian zones, while they
largely exceeded 5 at the level of the pre-forest zone and the whole NRW. The lowest peaks were all
close to zero in all ecoregions. Confidence intervals remained constant except in the Sudanian zone,
where growth in the forecast interval was noted. At the level of the whole NRW, these forecasts were
estimated at 5.859 (i.e., 580 wildfires) for January 2020 and 5.116 (or 166 wildfires) for February 2020.
For the year 2020, the forecasts of fire foci were evaluated at 783 wildfires across the NRW.

At the level of the burned areas, the results of the 95% interval forecasts in the different ecoregions
of the NRW are shown in Figure 8.
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zone, (c) Sudanian zone, and (d) whole NRW.

Figure 8 shows that the logarithmic values of the burned areas perfectly follow the general trend
of previous values across NRW ecoregions. At the level of the forest zone, the highest peaks were
close to 10 in the forest and Sudanese zones, while they exceed 11 in the pre-forest zone and the whole
NRW. The lowest predicted values were all close to zero in all ecoregions. However, it should be noted
that the forecast interval was slightly higher in the Sudanian zone and the forest zone. These forecast
intervals were low during the dry season (December to February).

For the whole NRW, these forecasts were estimated at 10.479 km2 (35,566.34 km2) and 9.740 km2

(16,984.90 km2) for January and February 2020, respectively. For the year 2020, the forecast of burned
areas was estimated at 212,675.645 km2 across the NRW.

The large and rapidly increasing prediction intervals showed that the wildfire activity (occurrence
and damages) could start increasing or decreasing at any time.

4. Discussion

As part of this research, the seasonal ARIMA models adopted made it possible to forecast the
pyrological series studied. Fire prediction is a major issue because of the complexity of the processes
involved, the limitations of observational data, competitive interactions, and combined effects of
several factors. The comparison of observed and simulated values shows that SARIMA models can
be used to generate forecasts of fire activity in the studied landscape. Past trends in the pyrological
data seem to continue in the future with a slight increase in the number of wildfires and burned
areas by 2023. These forecasts were based essentially on historical values (business as usual scenario)
and could quickly become obsolete in the case of adopting innovative fire prevention strategies or
emerging better or worse environmental conditions in the study area. These results were close to
those of Boubeta et al. [62] and Viganó et al. [63], who respectively used the ARIMA models for
the prediction of burned areas in Spain and the occurrence of forest fires in the Pantanal in Brazil.
To increase the confidence and relevance of our results, it would be very useful for similar analyses to
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be conducted within the study area or in other watersheds of the country, such as Bandama and Comoé,
which are also undergoing wildfires. These analyses should include regressors such as climatic and
biophysical variables (SARIMA models with exogenous variables, or SARIMAX). These SARIMAX
models, similar to multivariate regression models, took advantage of the autocorrelation that may
be present in the regression residuals to improve the accuracy of the forecast [84]. According to
Taylor et al. [87], fire activity prediction models generally included variables that could influence the
ignition potential (fuel type and moisture, ignition source, etc.) and take into account variations in
topographical, meteorological, and fuel conditions (type, humidity, etc.). The authors did not analyze
climate predictors in the current study due to the long period of missing values observed in the
available climate dataset [2].

The forecast results showed that the one-month forecast depended only on observed values, while
the two-month forecast depended on the one-month forecast and one observed value. The three-month
forecast, on the other hand, depended on two-month and one-month forecasts, and so on. It thus
appeared that the short-term forecasts (one or two years) were more reliable than the long-term forecasts
about the biases that could be encountered within the predicted values. The lowest predictability
values of wildfire occurrence and burnt areas can be attributed to the non-stationarity of the historical
observations of the studied variables [88]. Newman et al. [89] showed that projections for the future that
rely on models fit from non-stationary observations are fragile to expected changes in these parameters.

The forecasts of wildfire activity in the Sudanian zone showed a downward trend. Kouassi et al. [1]
identified this trend and argued that it could be led by fuel patterns of this area. In addition,
the shortening of the fallow period, the burning vegetation through early fire for livestock purposes,
and the extension of fields increase the discontinuities of the landscape, which limit the spread of
wildfires and the size of burnt areas [90].

The broad prediction intervals identified at the different peaks (high and low) could be explained
by the great variability of recorded values within the pyrological variables during these periods.
Their fine ranges show that the identified models have acceptable accuracy and the uncertainty in the
forecasts is almost similar [76]. The number, the severity, and the size of wildfires varied considerably
by region and year, partly due to large-scale, top-down drivers of wildfire, such as climatic variations
(rainfall, temperature, etc.), environmental conditions (desiccation rate, vegetation types, etc.) and
demographic and behavioral factors [87,89]. In addition, more mechanistic and smaller-scale bottom-up
drivers, such as ignitions, fuel patterns, and local topography, could play an important role in wildfire
occurrence [89]. These conditions could affect the accuracy of fire prediction from year to year, as is the
case in our study.

The proposed models were not designed to be generalized on a national scale or in another area of
interest. This first assessment of the NRW’s monthly wildfire and burn rate forecast is a baseline study for
future analysis. Possible future developments should include fire detection patterns, more specific and
more sophisticated climate prediction systems, zone-specific fire–climate data, and more sophisticated
empirical methods with improved predictor calibration [62,91].

5. Conclusions

The current study investigated the effective use of statistical models for simulating and forecasting
wildfires’ monthly activity in a four-year period according to phytogeographic zones.

The modeling and the forecasting of the number of wildfires and burned areas at the watershed
and ecoregion scale using SARIMA models indicate that the proposed models provide satisfactory
results. These models present a good description and acceptable prediction performance of the
pyrological variables. Observed and fitted values of the numbers of wildfires and burned areas were
very close, and the forecast errors highlight the accuracy of the models regarding their low RMSE.
Forecasts for the numbers of wildfires and burnt areas over four years (48 months) seemed to be
increasing slightly. These relevant and reliable forecasts should be used as a basis for sensitizing local
populations and developing a decision-support tool for the management of the studied ecosystem and
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wildfire prevention in this ecosystem. Wildfire managers should share these forecasts with the local
population and sensitize them to avoid activities that could ignite and spread wildfires.

As limitations, the present paper presents specific limitations, which could stand as sources for future
research in the field. First, our research is limited to a specific region of Cote d’Ivoire. The research could
be further applied to the whole country or Africa to support decision-making on a wide level. Secondly,
our paper uses the ARIMA modeling approach, which is based only on past values of the studied time
series. Our research could be further approached by applying SARIMAX that includes environmental
factors in forecasting time series.

Supplementary Materials: The following are available online at http://www.mdpi.com/2571-6255/3/3/42/s1.
Figure S1: Monthly wildfire occurrence in the (a) forest zone, (b) pre-forest zone, (c) Sudanian zone, and (d) whole
NRW. Figure S2: Monthly burnt areas in the (a) forest zone, (b) pre-forest zone, (c) Sudanian zone, and (d) whole
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