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Abstract: This study aimed to assess the impact of urbanization on land use dynamics and its 

consequences on the local climate of the town of Bingerville for the period from 1990 to 2020. Land 

cover classification was based on Landsat data for the years 1990, 2000, 2015, and 2020 in order to 

perform a diachronic analysis of surface conditions. Precipitation and temperature data were used to 

assess local climate trends. A number of extreme precipitation indices (PRCPTOT, RR1, SDII, CWD, 

CDD, R95p, and R99p) and temperature indices (TN10p, TN90p, TX10p, TX90p, and WSDI) were 

calculated. The results show a sharp increase in the built-up area from 1990 to 2020, with 32.11 km² 

(29.68% per year), compared with forest or crops, i.e., 19.09 km² (0.62% per year), and scrubland or 

fallow land, i.e., 13.21 km² (1.39% per year). However, extreme precipitation indices such as annual 

precipitation (PRCPTOT), rainy days (RR1), consecutive rainy days (CWD), and extremely rainy days 

(R99p) have increased from 2011 to 2020. In addition, buildings are correlated with RR1 and CWD. 

This could be one of the key factors contributing to the occurrence of flooding in the town of 

Bingerville, which is probably linked to urbanization. As for extreme temperature indices, most show 

a statistically insignificant trend, except for cold days (TX10p) and hot days (TX90p), which have a 

statistically significant trend of 0.004 and 0.018, respectively. This means that there have been changes 
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in these two indices. Consecutive hot days (WSDI) and TX90p increased from 2010 to 2016, and 

buildings also correlated with these two indices. Consequently, changes in land use could have an 

influence on local temperature through the urban heat island (UHI) phenomenon. However, 

uncontrolled urbanization has an impact on the local climate. The town authorities need to be aware 

of this, and be rigorous in this area, to avoid future disasters in Bingerville.  

Keywords: Land use dynamics; urbanization; local climate; climate extremes; emerging city; 

Bingerville  

 

1. Introduction 

Urbanization is a global phenomenon. Only 30% of the world’s population lived in cities in 

1950, 55% in 2018, and there will be 68% by 2050 [1]. Between 1990 and 2015, 12.8 million hectares 

were urbanized in Asia, Africa, and Latin America, compared with 4.6 million in North America, 

Europe, and Oceania [2]. Urbanization also takes the form of the construction of housing and 

commercial areas, leading to both urban sprawl and urban densification [2]. This phenomenon is often 

unplanned and destroys open and green spaces, creating a major problem [3].  

Historically, the African continent underwent slow urbanization during the first decade of 

colonization, but it really took off after the Second World War. The continent is experiencing rapid 

population growth and urbanization, which presents both economic opportunities and challenges in 

terms of urban infrastructure and services, especially for sustainable development [4].  

According to [5], urbanization promotes good economic results and improves the standard of 

living of many people. It helps hundreds of millions of people move from rural areas with fewer 

opportunities to urban centers to take advantage of better opportunities. But this urbanization brings 

with it many challenges, such as a reduction in vegetation cover and an expansion of impermeable 

surfaces such as buildings, car parks, pavements, and other types of construction [3]. According to [6], 

changes in land use have considerable effects on ecosystems. This change in land use also favors a 

change in the energy balance [7]. Changes in humidity and wind speed are due to changes from rural 

to urban land [8]. Rapid urbanization affects the urban rainfall-runoff process and increases the risk of 

urban flooding [9]. In addition, Ivory Coast experienced 20 deaths and 18 billion XAF (~USD 

29,971,950) in losses and damage in 2018 due to heavy rainfall [10]. In the district of Abidjan, since 

2009, an average of 13 people have lost their lives each year as a result of flooding [11].  

In [12], an article focusing on climate change in Africa, it is stated that rising temperatures will 

increase the number and severity of heatwaves, particularly in urban areas [13]. The rapid growth of 

urbanization is creating the urban heat island (UHI), which can form at any time of the year, during all 

weather conditions and in all seasons [3]. The urban heat island develops an energy demand and 

contributes to the transmission of secondary pollutants such as ozone [14]. A study [15] investigated 

the importance of evaluating urban spatial form (USF) indicators on land surface temperature (LST) 

to reduce UHI-related problems.  

However, urbanization has an impact on climate change, which in turn poses enormous risks of 

urban warming [16]. This warming has intensified the urban heat island effect in cities and has had 
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a huge impact on the urban ecosystem, the water cycle, the atmospheric environment, human health, 

and urban infrastructure [17]. The rapid expansion of Abidjan's urban areas has heightened the 

formation of urban heat islands, particularly in densely built-up regions lacking vegetation, making 

them more susceptible compared to peripheral zones [13].  

In addition, the rapid urbanization of Abidjan, with its attendant housing problems and noise 

pollution, is motivating people to move to the new upmarket towns on the outskirts [18]. This has also 

prompted developers to move toward other nearby towns [19], such as Bingerville, which is becoming 

a land reserve. Interest in the town of Bingerville was justified by the growing need for housing in 

Côte d’Ivoire’s economic capital as a result of the population explosion.  

At the end of the 1970s, the Ivory Coast government introduced stabilization programs and the 

Structural Adjustment Programme (SAP). These various programs weakened urban development 

programs and led the authorities to rethink the planning system in order to adapt it better to the context 

of the time [20]. In addition, preserving the agricultural areas to the north and east of Bingerville 

increased productivity, slowed urbanization, and provided a green belt. Despite all the efforts made by 

the Ivorian government, we note that urbanization is persisting, which may have an effect on the local 

climate and environment of the town [21]. 

Today, several methods are in vogue to study land change and climate change, such as urban sprawl, 

thermal environment, the urban heat island, and machine learning algorithms. [22] used the cellular 

automata (CA) model, which is based on geographical partitioning. They demonstrated the credibility of 

the SOM-HC-PLUS model for handling spatio-temporal heterogeneity studies on the partitioning of land 

use changes. [23] examined the microclimatic characteristics of the city of Burdur (Turkey) using ENVI-

Met models of climate data at different times of the day. To mitigate vulnerability to heat, the Urban 

Heat Vulnerability Index (HVI) was developed to better understand the most exposed areas [16]. 

Markov-FLUS, which has the strong ability to predict the spatial pattern of land use with a high kappa 

coefficient, was used by [6]. In addition, the XGBoost model was used by [15] to evaluate urban spatial 

form (USF) indicators from three perspectives, namely landscape configuration, building morphology, 

and social development, and their influence on surface temperature at several grid scales. Despite the 

effectiveness and adaptation of these models in other contexts, they will not be used in this study because 

of our objectives. However, our approach is based first on the mapping of urban space [24], and then on 

the calculation of extreme climate indices [25,26]. Finally, we will correlate the two using Pearson’s 

correlation [14]. 

However, studies on the impact of urbanization at the local climate scale are rare in West Africa 

and almost non-existent in Ivory Coast. [25] calculated six rainfall indices in five West African 

countries (Ivory Coast, Senegal, Niger, Burkina Faso, and Benin) using Climate Hazards Group 

Infrared Precipitation with Stations (CHIRPS) data. Several studies have been carried out in Côte 

d’Ivoire to assess the impact of climate change on catchment areas or regions using extreme 

temperature and rainfall indices [26,27]. 

Climate studies generally focus on large cities or regions in West Africa in general, and in Ivory 

Coast in particular. Small towns are little studied, even though they are experiencing strong urban 

growth, which can have effects on the local climate. Most of the studies focus on the district of Abidjan 

and the sub-prefecture of Bingerville. In local analyses, the effect of urbanization on climate indices 

is almost non-existent. In addition, the climate studies carried out in Greater Abidjan do not focus on 
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the extreme temperature indices (TN10p, TX10p, TN90p, TX90p, and WSDI), which are important 

for assessing energy consumption and the impact on the population’s health. For all these reasons, we 

decided to carry out further studies on this subject in the town of Bingerville. 

The importance of this study is that CHIRPS and Climate Hazards Group Infrared Temperature 

with Station (CHIRTS) data at 5 km was used to understand the evolution of the local climate in the 

town of Bingerville, due to the lack of ground observation data [25]. The effects of urbanization on 

climate indices were studied. Extreme temperature indices (TN10p, TX10p, TN90p, TX90p, and 

WSDI) were used to understand energy consumption and the impact on the health of the population.   

The aim of this work is to understand the impact of urbanization on land use dynamics and their 

consequences on extreme indices of local climate in Bingerville. This study is structured as follows: 

Section 1 presents the study area, the data used, and the methodology applied. Section 2 presents the 

results of the study in terms of changes in surface conditions, trend changes in rainfall and temperature, 

and the relationship between changes in urbanization and rainfall, temperature, and extreme indices. 

Section 3 discusses the results and conclusions. 

2. Data and method 

2.1. Presentation of the study area 

The town of Bingerville (Figure 1) is located at latitude 5°21'20 North and longitude −3°53'7 

West in the district of Abidjan. It is a town in the eastern suburbs of Abidjan (the economic capital of 

Ivory Coast). However, the town of Bingerville is undergoing rapid urbanization, which has 

accelerated in recent years. This is due to strong demographic growth, from 12,527 inhabitants in 1975 

to 204,656 in 2021 according to the Recensement Général de la Population et de l’Habitat (RGPH). 

The town is bordered to the north by the villages of Akandjé, Aguein, and Akoyaté, to the south by the 

Ebrié lagoon, to the west by the commune of Cocody, and to the east by the villages of Mbato-Bouaké 

and Akoué Agban. It is dominated by an undulating topography with a succession of hills [20]. It has 

a low slope of 0° in the northeast and a high slope of 30° in most of the north and west of the town of 

Bingerville (Figure 2). This town has many slopes. It also benefits from a sub-equatorial climate with 

a bimodal regime, like that of Abidjan, characterized by four seasons: two dry seasons and two rainy 

seasons. The dry seasons, according to our umbrothermal diagram, are from January to February for 

the first dry season and in August for the second dry season. The rainy seasons run from March to July 

for the first dry season, and from September to December for the second. There are watercourses 

running throughout the city, taking their source in either the Ebrié or Adjin lagoons. The city’s soil is 

ferralitic, deep, and highly desaturated. It consists mainly of sand on the coastal plain and on the plateau, 

with sand on the surface and clay at depth. This soil is strongly affected by climate [20]. 

2.2. Date 

A number of data were used for this study, including Landsat satellite images to assess land use 

dynamics, demographic data to determine population growth rates, Climate Hazards Group Infrared 

Precipitation with Stations (CHIRPS) and Climate Hazards Group InfraRed Temperature with Station 
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(CHIRTS) data to detect trend changes in rainfall and temperature. Population data were obtained from 

the Institut National de la Statistique (INS) of Côte d’Ivoire. 

 

Figure 1. Location of the town of Bingerville. 

 

Figure 2. Slope map. 
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2.2.1 Landsat data 

The Landsat images obtained are from three sensors: Thematic Mapper (TM), Enhanced 

Thematic Mapper (ETM), and Operational Land Imager (OLI) for the years 1990, 2000, 2015, and 

2020. These images were downloaded from the United State Geological Surveys (USGS) website 

(http://earthexplorer.usgs.gov). The data extracted are for the months of January to April, and are 

cloud-free. One scene covers our study area, which is 195056. These three satellites have 30 m 

resolution scenes.  

2.2.2. CHIRPS and CHIRTS data 

CHIRPS (Climate Hazards Group Infrared Precipitation with Stations) is a set of near-global 

precipitation data. It covers the 50°S–50°N zone from 1981 to the present day. CHIRPS combines 

satellite images at a spatial resolution of 0.05 degrees with data from in situ stations to create gridded 

precipitation time series for trend analysis and seasonal drought monitoring [28]. It is calculated over 

a five-day period and can be downloaded from https://www.chc.ucsb.edu/data/chirps [25]. They are 

supplied by the USGS (United States Geological Survey) to FEWSNET (Famine Early Warning 

Systems Network) at the AGRHYMET (Agronomy, Hydrology, Meteorology) regional center [29]. 

The CHIRPS data used in our study are from 1990 to 2020. 

CHIRTS (Climate Hazards Group Infrared Temperature with Station) data was developed by the 

Climate Hazards Center (CHC), using near-global data (60°S–70°S). Resolution is 0.05° × 0.05°, or 5 

km for daily maximum and minimum temperature s. The CHIRTS database extends from 1981 to 2016. 

The CHIRTS data used for our study are from 1990 to 2016.  

The CHIRPS data were validated in West Africa by [25]. This validation consisted in comparing 

average monthly rainfall over the period from 1998 to 2010 between the CHIRPS dataset and rainfall 

data extracted from the updated BADOPLUS database. They concluded that CHIRPS-based rainfall 

data are good enough to be used for flood monitoring in West Africa. As Ivory Coast is part of West 

Africa, we can also conclude the same for our CHIRPS data. CHIRPS data have also been validated 

with SODEXAM data by [30] in his article Exploitation de données CHIRPS et TERRACLIMATE 

pour l’étude des pluies urbaines sur le district autonome d’Abidjan (Côte d’Ivoire) and concluded 

the same as [25]. 

2.3. Methods 

2.3.1. Land use analysis  

The spatial dynamics of the town of Bingerville were studied using a multiscalar analysis of remote 

sensing images. This involved a diachronic study of changes due to urbanization, using Landsat satellite 

images. The Landsat images used for the analysis are from 1990, 2000, 2015, and 2020.  

Land cover classification can be performed using three main approaches, namely pixel-based, 

sub-pixel-based, and object-based approaches. Each approach has its advantages and limitations, and 

their literature review is well detailed [31]. In our study, the maximum likelihood pixel-based 
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supervised classification method was used. Maximum likelihood remains the most widely used method 

for Landsat images [31,32]. 

However, pre-processing was carried out after downloading the Landsat images, namely 

radiometric and atmospheric correction. The land cover of the town of Bingerville was classified 

into four classes: water, forest or crops, scrub or fallow land, and built-up areas. The water here is 

the Ebrié lagoon, and the built-up areas are the urbanized areas, roads and land covered by buildings 

and other artificial structures, residential areas, and commercial services. “Forest or crop” refers to 

the growth of trees, evergreens and other plants that cover a large area or agricul tural land, land 

covered by crops, and plantations. “Scrub or fallow land” refers to grass, meadows, and green or 

cultivated areas that are now at rest.  

Furthermore, land classification can be a source of errors caused by geometric errors, 

classification errors, and undefined classes [33]. To calibrate and validate the land cover of the town 

of Bingerville, accuracy was assessed and the Kappa coefficient was used as a statistical parameter in 

this study [34]. A random selection of pixels from the ground truth (Google Earth) was compared with 

satellite images classified as recommended in the reference in order to estimate the errors [34,35]. This 

approach made it possible to reclassify the land cover data in a different way, following the step 

proposed in the studies [35,36] and also used later [32].  

In addition, the total accuracy of a classified image was obtained by dividing the sum of the good 

predictions by the total predictions. 

Total Accuracy =
Number of corrected pixels

Total number of elected pixels
 X 100                         (1) 

Thus, a classification is acceptable when it has an accuracy percentage of 85%. The Kappa coefficient 

is a discrete multivariate technique used to assess the accuracy of thematic maps. It is also an effective 

approach for deriving information from an image via the confusion matrix. If K > 0.80, it means that 

it is strong and has good accuracy, from 0.40–0.80, it is average, and < 0.40, it is weak [24]. The Kappa 

was obtained using the following equation: 

𝐾 =  
𝑁 ∑ 𝑋𝑖𝑖−∑ (𝑥𝑖+∗𝑥𝑖+1)𝑟

𝑖=1
𝑟
𝑖=1

𝑁2−∑ (𝑥𝑖+∗𝑥𝑖+1)𝑟
𝑖=1

                   (2) 

where N: Total prediction, 𝑋𝑖𝑖: Good prediction, 𝑥𝑖+ : Field reality,𝑥𝑖+1 : Total reference point of a class. 

The statistics of the changes found were obtained by simply comparing the area of each class after 

evaluating the degree of accuracy of each classified image. Thus, the percentage loss and gain from 

1990 to 2020 for each class was calculated. 

2.3.2. Temperatures, rainfall, and extreme indices 

CHIRPS (mean precipitation) and CHIRTS (maximum and minimum temperature) data were 

used to calculate climate indices (Table 1). Climate indices are generated values that can be used to 

reflect the state of variations in the climate system. They enable the statistical study and comparison 

of time series, extremes, trends, and averages [37,38]. These indices also describe the particular 

characteristics of extreme precipitation, including the frequency, amplitude, and persistence of rainfall 
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events [24]. In addition, climate indices enable us to see the evolution of phenomena (flooding, 

landslides, and UHI) that are caused by changes in land use.  

Extreme precipitation indices are total precipitation (PRCPTOT), number of wet days (RR1), 

maximum number of consecutive wet days (CWD), maximum number of consecutive dry days (CDD), 

very wet days (R95p), extremely wet days (R99p), and simple daily intensity (SDII). Extreme 

temperature indices are relatively warm days (TX90p), relatively warm nights (TN90p), relatively cold 

days (TX10p), relatively cold nights (TN10p), and the Warm Sequence Duration Indicator (WSDI). 

The CWD, RR1, R95p, R99p, and SDII indices show the impact of precipitation on flooding 

and landslides. However, the TX90p and WSDI indices show the impact of temperature on energy 

consumption and health. TX90p, TN90p, TX10p, and TN10p show the influence of urban heat 

pockets (UHIs). 

Table 1. Indices of daily precipitation and temperature extremes and their descriptions. 

Index  Names  Definition  Units  

Precipitation  

PRCPTOT Total annual precipitation Sum of daily PR ≥ 1.0 mm mm 

RR1 Annual number of wet days Number of rainy days (PR ≥ 1 mm) days  

CWD Consecutive wet days 

 

Maximum annual number of consecutive 

wet days (when PR ≥ 1.0 mm) 

days  

CDD Consecutive dry days Maximum annual number of consecutive dry 

days (when PR < 1.0 mm) 

days  

R95p Very wet days Annual sum of daily PR > 95th percentile mm 

R99p Extremely wet days Annual sum of daily PR > 99th percentile mm 

SDII Simple daily intensity index Annual total PR divided by the number of 

wet days (when total PR ≥ 1.0 mm) 

mm/ 

days 

Temperature 

TX10p Number of cool days Percentage of days when TX < 10th 

percentile 

% 

TN10p Number of cold nights Percentage of days when TN < 10th 

percentile 

% 

TX90p Number of hot days Percentage of days when TX > 90th 

percentile 

 

% 

TN90p Number of warm nights Percentage of days when TN > 90th 

percentile 

% 

WSDI Warm spell duration indicator Annual number of days contributing to 

events where 6 or more consecutive days 

experience TX > 90th percentile 

days  
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In addition, indices per year were averaged over the period from 1990 to 2020 for extreme 

precipitation indices, and over the period from 1990 to 2016 for extreme temperature indices, in order 

to analyze trends. 

Several methods are used for the statistical analysis of trends in many studies, namely linear 

trend analysis [39], linear trend analysis combined with a t-test [40,41], the non-parametric Kendall 

tau test with linear least squares trends [42,43], and the sen slope estimator with non-parametric 

Mann-Kendall (MK) test [44–46]. The non-parametric Mann-Kendall test is a non-parametric test 

based on rank to examine the significance of a trend [47,48]. It is widely used in hydrology and 

climatology to detect trends [34]. This test makes no assumptions regarding the distribution of the 

data or the linearity of the trends [26,49]. Parametric trend tests, on the other hand, require the data 

to be both normally distributed and independent. Non-parametric trend tests do not require the data 

to be independent [26]. The MK was performed in our study to examine the statistical significance 

of the trends because of its robustness and insensitivity to outliers in the time series [26]. 

The MK test was carried out over the period from 1990 to 2020 for precipitation and for 

temperatures from 1990 to 2016. However, a trend is considered to be statistically significant if the p-

value is less than or equal to 5%, which is equivalent to a confidence level of 95%. 

2.3.3. Correlation matrix between indices and LULCC 

The correlation matrix was used to analyze the level of change in one variable as a result of the 

change in the other. A high correlation indicates a strong relationship between the two variables, while 

a low correlation means that the variables are weakly related. Two Excel files were created and saved 

in CSV format, containing the data required for this analysis. 

The first file contains the following columns: years, water, forest or crop, scrub or fallow, built-

up areas, precipitation, PRCPTOT, RR1, CWD, CDD, SDII, R95p, R99p, and population. The data 

for water, forest or crop, scrub or fallow, and built-up areas are the surface areas. The second file 

contains the following columns: years, water, forest or crop, scrub or fallow land, built-up areas, 

TN10p, TN90p, TX10p, TX90p, WSDI, maximum temperature, minimum temperature, mean 

temperature, and population. These files were used to examine the relationships between land cover 

and the other parameters listed above. 

For the occupancy and population class data, linear interpolation was used to determine the 

intermediate values between two dates. This was obtained using the following formula: 

𝑉𝑡 =  𝑉𝑠𝑡𝑎𝑟𝑡 +
𝑉𝑒𝑛𝑑_𝑉𝑠𝑡𝑎𝑟𝑡

𝑁
                                      (3) 

where 𝑉𝑡: Values to be interpolated to a year t; 𝑉𝑑é𝑏𝑢𝑡: Values observed at the beginning of the period; 

𝑉𝑓𝑖𝑛: Values observed at the end of the period; N: Number of years between the two observations. 

This linear interpolation method was also applied to the population of Bingerville. From this 

annual difference, the value for each intermediate year was calculated by adding it to the value for the 

previous year. 

The correlation was carried out using Rstudio software, using the “cor” function. This function is 

used to select the correlation method (Pearson, Spearman, and Kendall). The Pearson correlation 
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method was used in our study and the calculations were made as a function of time. The Pearson 

correlation was used by several authors to assess the impact of climate extremes on land use [50]. It has 

also been used in [51] to see the correlation between extreme climate indices and land surface phenology. 

3. Results 

3.1. Land use dynamics  

Figure 3 shows the results of satellite image processing for the years 1990, 2000, 2015, and 2020. 

Land use has been grouped into four classes: water, forest or crop, scrub or fallow, and built-up areas. In 

1990, forest or crops occupied the north and east, while built-up areas were in the center and around the 

Ebrié lagoon. By 2020, however, the forest or farmland occupied more of the northeast and the built-up 

areas occupied the west, center and a little east of the city. However, from 1990 to 2000, there was a 

slight increase in built-up areas, with forest or crops being replaced more by scrubland or fallow land 

and built-up areas. The proportion of scrubland or fallow land is high in Bingerville during this period. 

In the period from 2000 to 2015, there was a major process of change. Forests and crops declined 

considerably, while scrubland and fallow land decreased slightly. Built-up areas, on the other hand, 

increased significantly over this 15-year period. As a result, built-up areas are taking up more space in 

the town of Bingerville.  

In the period from 2015 to 2020, we saw a big change in the built environment over these five 

years. Urbanization increased considerably. Built-up areas and forest or crops increased, and scrubland 

or fallow land decreased. We also note a great change in the urban landscape of the town of Bingerville 

from 1990 to 2020, showing a rapid and continuous replacement of natural space (water, forest or 

crops, scrubland or fallow land) by built-up areas. This natural area shrunk enormously in surface area. 

Forest or crops and scrub or fallow land almost disappeared. The evolution of built-up areas has been 

from south to north, occupying the whole of the west. In 1990, the surface area of the natural 

environment was very visible compared to that of the built-up area. In 2020, the opposite was true, 

with a marked reduction in the natural environment. 

Analysis of the statistical report on land use dynamics in the town of Bingerville shows that between 

1990 and 2000, the built-up area increased by 3.35 km², or 95.98%. For a surface area of 3.49 km² in 

1990, the area doubled in 2000, reaching 6.84 km². Table 2 also shows a considerable drop in forest 

or crop area of 9.67 km² (38.48%). Between 1990 and 2000, the surface area of water and scrub or 

fallow land increased by 0.02 km² (0.17%) and 6.25 km² (20.36%), respectively. Between 2000 and 

2015, the area of built-up land increased by 15.94 km² (233.04%). Table 2 also shows a decline in the 

area of forest or crops, down by 10.09 km² (65.26%), which has been converted to other uses (buildings, 

scrubland or fallow). Bush or fallow land and water decreased by 0.71 km² (6.02%) and 5.07 km² 

(13.72%), respectively. As for the statistics on changes in land use between 2015 and 2020, we see 

that the built-up area increased by a further 12.85 km², or 56.40% of the surface area. Forest or crops 

and water increased slightly, by 0.73 km² (13.59%) and 0.58 km² (5.23%), respectively. The surface 

area of scrubland or fallow land continued to decrease, by 14.15 km² (44.40%). The statistical report 

on the overall land use of the town of Bingerville from 1990 to 2020 highlights a large increase in the 

built-up area, i.e., 32.11 km² (920%). However, this is the only class that has seen an increase in surface 
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area over the period from 1990 to 2020. Forest and crops have decreased considerably, by 19.09 km² 

(75.73%). Water and scrub or fallow land have also decreased, by 0.11 km² (0.93%) and 13.21 km² 

(43.04%), respectively.  

 

Figure 3. Bingerville land use dynamics in 1990, 2000, 2015, and 2020. 

Table 2. Statistical ratio of detected changes in land use between 1990 and 2020. 

Land use type Change 1990–2000 Change 2000–2015 Change 2015–2020 Change 1990–2020 

Area 

(km²) 

% Area 

(km²) 

% Area 

(km²) 

% Area 

(km²) 

% 

Water 0.02 0.17 −0.71 −6.02 0.58 5.23 −0.11 −0.93 

Forest or 

Crops 

−9.67 −38.48 −10.09 −65.26 0.73 13.59 −19.03 −75.73 

Brushwood or 

Fallow 

6.25 20.36 −5.07 −13.72 −14.15 −44.4 −12.97 

 

−42.26 

Built 3.35 95.98 15.94 233.04 12.82 56.27 32.11 920.06 
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However, the global accuracy values show that the Landsat images were well classified and 

exceeded the minimum global accuracy requirement of 85%. Thus, the overall accuracy of the 

classified images varies between 89% and 93%. This means that the majority of classes have been well 

discriminated. The accuracy of a map results from the variability of the classes to be mapped [36]. The 

1990 Landsat image shows an accuracy of 89.06%, with a Kappa coefficient of 85.41%. As for the 

Landsat images of 2000 and 2015, we have an overall accuracy of 90.60% with a Kappa coefficient of 

87.5%. However, the 2020 Landsat image shows a good classification with an overall accuracy of 

95.31% and a Kappa coefficient of 93.98% (Table 3). 

Table 3. Accuracy and Kappa coefficient from 1990 to 2020. 

Year  Accuracy  Kappa Coefficient  

1990 0.89 0.854 

2000 0.906 0.875 

2015 0.906 0.875 

2020 0.953 0.939 

3.2. Temporal analysis 

Climate changes rapidly over time in general, and in Bingerville in particular. The indices 

calculated have provided an annual trend for the town of Bingerville (Figure 4). This annual trend also 

shows the evolution of the climate in Bingerville. 

However, the Mann-Kendall test shows an upward trend for the extreme precipitation indices, but 

these are statistically insignificant. The regression curve in red shows an upward trend for all indices, 

except for SDII and R95p, which show a downward trend. The fitting curve in blue also shows an 

increase in total precipitation (PRCPTOT) from 1990 to 1998 and from 2015 to 2020, and a decrease 

from 1999 to 2015. Consecutive rainy days (CWD) increased from 1990 to 2000 and from 2006 to 

2020. Falls occurred from 2001 to 2005. As for consecutive dry days (CDD), we observe an increase 

from 1990 to 2002, and a decrease from 2003 to 2020. For rainy days (RR1), they show an increase 

between 1990 and 2005 and between 2013 and 2020. Rainy days (RR1) decrease between 2006 and 

2012. However, rain intensity (SDII) increases from 1990 to 2000 and decreases between 2001 and 2020. 

The adjustment curve for very wet days with precipitation above the 95th percentile (R95p) shows an 

increase from 1990 to 2000 and a fall from 2001 to 2020. Extremely wet days with precipitation above 

the 99th percentile (R99p) show an increase from 1990 to 2000, a decrease from 2001 to 2010, and a 

further increase from 2011 to 2020. The PRCPTOT, RR1, CWD, and R99p indices show two break dates, 

respectively, (1999 and 2015), (2007 and 2012), (2001 and 2006), and (2001 and 2011). 

As for extreme temperature indices, most show a statistically insignificant trend, except for cold 

days (TX10p) and hot days (TX90p), which show a statistically significant trend with 0.005 and 

0.019, respectively.  

The regression curve generally shows an upward trend in all extreme temperature indices, except 

for TX10p and warm nights (TN90p), which show a downward trend. 

The fit line shows a decrease in TX10p from 1990 to 2005 and from 2011 to 2016, and an increase 

between 2006 and 2010. However, for TX90p, we note an increase from 1990 to 2006 and a decrease 
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from 2007 to 2016. As for cold nights (TN10p), we observe a decrease from 1990 to 1997, 2004 to 

2007, and 2014 to 2016, and an increase between 1998 and 2003 and 2007 and 2014. While TN90p 

increased from 1990 to 1998 and decreased from 1999 to 2016, it sometimes remained constant in 

certain years. The consecutive warm day index (WSDI) shows a decrease between 1990 and 2000 and 

between 2010 and 2016. The WSDI increases between 2001 and 2009 (Figure 4).  

 

Figure 4. Interannual variability of PRCPTOT (mm), RR1 (days), SDII (mm), CWD 

(days), CDD (days), R95p (mm), R99p (mm), TX10p (days), TN90p (days), TX10p (days), 

TX90p (days), WSDI (days) indices from 1990–2020. The red line corresponds to the 

linear regression line, the blue curve corresponds to the smoothing curve, and the grey area 

gives the proportion of bridges on the plot that influence smoothing at each value. 

3.3. Autocorrelation between indices, other variables, and the LCLU 

The correlation matrix was constructed between land cover classes and extreme temperature 

indices (TN10p, TN90p, TX10p, TX90p, and WSDI), Bingerville population (pop), maximum 

(Tmax), minimum (Tmin), mean (Tmean) temperature, and the years of our study period on the one 

hand. On the other hand, it is between land use classes and extreme precipitation indices (PRCPTOT, 

RR1, CWD, CDD, SDII, R95p, and R99p), the Bingerville population, average precipitation, and 

the years of our study period. This enabled us to assess the relationship between land cover classes 

and the above variables. The land use classes are water, forest or crop (F or C), scrub or fallow (B 

or F), and built-up area. 

However, population and years are significantly and strongly correlated with buildings. 

Population, buildings, and years are slightly correlated with the number of rainy days (RR1) and 

consecutive rainy days (CWD). Brush or fallow land is slightly correlated with consecutive dry days. 
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Water and forest or crop are not correlated with extreme precipitation indices and precipitation. In 

the end, buildings are correlated with RR1 and CWD, and bush or fallow land is correlated with 

CDD (Figure 5A). 

As for Figure 5B, population and years are also significant and strongly correlated with buildings. 

Buildings are slightly correlated with cold nights (TN10p) and consecutive hot days (WSDI). 

Maximum temperature (Tmax) is correlated with buildings, years, and population. Hot days (TX90p) 

are slightly correlated with buildings, years, and population. Cold days (TX10p) are correlated with 

forest or crop (F or C) and slightly correlated with water. Scrubland or fallow land is slightly correlated 

with mean and minimum temperature and warm nights (TN90p). 

Overall, all land use classes are correlated with temperature indices, maximum, minimum, and 

average temperature. This means that land use classes have an impact on temperature.  

Figure 5. Correlation between land use and: (A) extreme precipitation indices, (B) extreme 

temperature indices. 

4. Discussion 

4.1. Urban dynamics 

The analysis of changes in the land of the town of Bingerville between 1990 and 2020 in this 

study shows an increase in built-up areas and a decrease in forest or crops, scrubland or fallow land, 

and water. [52] states that urban sprawl leads to the conversion of agricultural land, wetlands, and lakes 

into urban areas. Thus, the town of Bingerville is experiencing a major change in its natural 

environment through the increase in built-up areas over the period from 1990 to 2020, even though the 

area has many slopes.  

The periods from 1990 to 2000 and 2000 to 2015 show that the built-up area has tripled, rising 

from 3.35 km² to 15.94 km² in twenty-five years. In five years, from 2015 to 2020, the built-up area 

was 12.82 km². These results also show the strong growth in urbanization, which has increased in 

size in five years rather than twenty-five. In addition, built-up areas are more concentrated to the 

west and east in 2020, which are areas with steep slopes. Urbanization took up more space between 
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1989 and 2014, increasing from 400 hectares to 10,200 hectares (INS, 2014). This is in line with the 

thesis [20] and article [53]. 

This sharp increase in built-up areas to the detriment of the natural landscape has led to rapid 

urbanization due to strong demographic growth, with the population rising from 28,741 in 1988 to 

204,656 in 2021. From 1990 onward, the town experienced strong demographic growth, rising from 

47,180 inhabitants in 1998 to 59,690 in 2010 and 9,131 in 2014. The town of Bingerville is home to 

numerous educational institutions and vocational training centers [54]. In addition, the annual growth 

rate was estimated at 2.96% between 1988 and 1998, and then 3.2% between 1998 and 2014. Between 

2014 and 2021, the rate had jumped to 4.4%, demonstrating the intensification of urbanization and the 

growing attractiveness of the city. Another factor in this growth is the political crisis that hit Côte 

d'Ivoire in 2010. This crisis led the population of Abidjan to move to Bingerville because of the security 

that remained there. Land prices were also lower at the time. Urban development plans were created, 

but not respected (Ministry of Construction, Housing, Sanitation, and Urban Development). 

The rapid growth of the city of Abidjan has also led to a growing demand for housing. The 

impossibility of meeting this demand for housing is forcing Abidjan workers to live in neighboring 

towns such as Bingerville. One-fifth of Abidjan’s workers live in Bingerville [55]. The lack of land 

for development in Abidjan and the availability of land for development in Bingerville are two causes 

of this urban growth. The town of Bingerville is also a meeting place for a large number of property 

developers, especially in the western part of the town, as well as individual builders. This rapid urban 

growth in recent years can be explained by the urbanization of the commune of Cocody, which is now 

merged with the town of Bingerville. 

4.2. Extreme temperatures 

Temperatures in the city of Bingerville from 1990 to 2016 show decreasing cold days and nights 

and increasing hot days and nights, as well as consecutive hot days. This is in line with articles [26,37]. 

Researchers in Morocco and South Africa have confirmed that relatively cold days and nights are 

decreasing and relatively warm days and nights are increasing [56,57]. 

This decrease in cold days and nights has also been reported by other authors [27,58]. In fact, 

these warm nights show that there is an urban heat island (UHI) effect, because UHI occurs when an 

urban center is warmer than its surroundings [59,60]. This is in line with [61], which states that urban 

heat islands are more noticeable at night after the release of solar heat absorbed by streets and buildings 

during the day.  

However, prior to the 2000s, consecutive warm days (WSDI) were stable, warm days and nights 

were increasing, and cold days and nights were decreasing in the town of Bingerville. This may be due 

to low urban growth, as its effect on the climate was moderate. During this period, warm conditions 

existed, but as urbanization was slow, this was not strongly felt. 

From 2001 to 2010, apart from TX10p and TN90p, which were decreasing, TX90p, TN10p, and 

WSDI were increasing, indicating a marked warming of the local climate. This increase is consistent 

with that of [26], which states that this period was the warmest in the Zanzan region. This warming 

has occurred in several countries around the world [62]. The increase in WSDI is similar to that of the 

study [26,63], which stated the same in south-west Côte d’Ivoire. This increase is due to urbanization, 
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which has started to increase. These results show the importance of urban dynamics in changing the 

local climate after the 2000s. 

All the temperature indices fell except TN10p from 2011 to 2016. Despite the increase in 

urbanization, there has been an attenuation of the climate with the presence of cold nights. The decrease 

in cold days (TX10p) was observed throughout the study period, especially from 2000 onward. This 

is in line with the article [38].  

On the other hand, the study by [64] states that cold days and nights have a statistically significant 

downward trend while days and nights have a considerable upward trend. TX10p and TX90p show a 

significant trend. This is similar to [38]. This trend confirms our results of increasing warm days and 

decreasing cold days. These changes may be due to global warming created by climate change. The 

decrease in cold nights could affect the health of the population, as studies [13] in Côte d’Ivoire, [65] 

in Niger, and [66] in Nigeria show. In this case, children and the elderly are the most vulnerable. These 

changes in temperature are due to natural and human factors, especially greenhouse gas (GHG) 

emissions [67]. This rise in temperature is also caused by the reduction in vegetation around buildings.  

In addition to urbanization, which increases temperature, the increased use of man-made materials 

and the increase in anthropogenic heat production are also causes of UHI [68]. However, urbanization 

and the reduction of vegetation are the factors of change to the south of the town of Bingerville.This 

results in high temperatures despite the presence of the Ebrié lagoon, which runs through its 

neighborhoods. These temperature changes can have an impact on energy consumption, as fans and 

air conditioners are used much more frequently to combat the heat.  

4.3. Extreme precipitation 

The town of Bingerville will experience an increase in annual rainfall (PRCPTOT) from 1990 to 

2020 due to a slight increase in the number of rainy days (RR1), although consecutive wet days (CWD) 

will be shorter and consecutive dry days (CDD) longer. Extremely wet days (R99p) are high although 

CWD is short. This change is in agreement with the authors [69] who show that several parts of Ivory 

Coast are affected by increasing and severe changes, especially those in the coastal zone. The general 

decrease in rainfall, which varies from region to region in Ivory Coast, is also noticeable in the town 

of Bingerville, as both SDII and R95p have decreased. This is in line with article [26], which confirms 

the drop in SDII in the Zanzan region. These decreases in rainfall in Ivory Coast, and particularly in 

Bingerville, are mainly due to ongoing deforestation [40]. 

Furthermore, the non-significance of the rainfall indices is in line with [25,70], which state that 

the trends in the Expert Team on Climate Change Detection and Indices (ETCCDI) indices over the 

period from 1981 to 2010 relating to extreme or intense rainfall, rainfall frequency, and wet and dry 

spells are not significant along the Guinean coast. This lack of significance is partly linked to the 

increase in rainfall, which came to a halt in the 1990s, but also to the greater interannual variability in 

rainfall [25]. Non-significant trends may also be due to the strong oscillations produced by certain 

climatic indices from one year to the next. The La Nina and El Nino phenomena and Atlantic 

Multidecadal Oscillation (AMO) may be at the origin of non-significant trends, as they influence 

decadal variability in West Africa. The duration of 31 years and 27 years may also be a reason because 
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while it is an acceptable length, it may be a short time to find significant trends in the context of climate 

change. The spatial resolution of the town of Bingerville may also be a reason, as it is small.  

From 2000 onward, the PRCPTOT and the SDII experience a decline until 2020. This is in line with 

studies by [26], which states that these indices have decreased in the Zanzan region, [71], which confirms 

the decrease in the PRCPTOT of 788 mm between 1984 and 2013 in the central-west region of Ivory 

Coast, and [63], showing the decrease in the south-west region of Ivory Coast. According to [72], the 

decrease in PRCPTOT was in the south of Ivory Coast from 2001 to 2020. The decline in the 

PRCPTOT and SDII is a problem for agriculture in the town of Bingerville, and has been confirmed 

by the technical department of the Bingerville town hall. PRCPTOT and SDII have fallen in northern 

Cameroon [45]. In contrast, rainfall intensity increased in Kenya [46]. CWD and CDD have increased, 

but with a drop in CDD from 2005. 

The increase in CWD is smaller than that in CDD. The increase in CDD indicates the presence of 

drought, which is a worrying situation for the town of Bingerville, as it threatens water resources. The 

increase in the CWD is a flood risk for the town of Bingerville. The increase in CWD is in line with 

studies [63] in Daloa. The opposite is true for [71] and [63], which state that the CWD is decreasing in 

Gagnoa and central western Ivory Coast, respectively. For these authors, CDD is still on the rise. For the 

studies on Ghana and Niger, respectively, [73] and [74] found that CDD was increasing and CWD 

decreasing. The increase in CWD is global, as [75] showed an increase in South Africa, East Asia, and 

South America in their paper on rainfall and temperature extremes since the beginning of the 20th century. 

R99p has increased in the town of Bingerville while R95p has decreased. This increase is due to 

RR1 and CWD, which have increased. R99p is the cause of flooding and landslides. [76] noted that 

R99p has also increased in Gagnoa. The central and west African Sahel are experiencing an increase 

in extremely rainy days as per [77]. In the Tigray region of Ethiopia, R99p has decreased. This can be 

explained by climate change, which is showering some regions with rain and leaving others without. 

However, there was no flooding from 2000 to 2011, because R99p was falling. However, from 

2011 to the present day, this city has experienced flooding, as the R99p has increased, as have the 

PRCPTOT, RR1, and CWD. During this period, flooding occured in the town centers. This is 

supported by officials from the technical department of the Bingerville Town Hall, who say that in the 

town centers, some property developers or private individuals have built in the ravines and basins 

without prior planning and without taking account of the town construction plan drawn up by the Ivory 

Coast government [18]. Data received from the Town Hall shows that there have been many floods 

from 2011 to the present day. The most serious was that of June 16 and 21, 2022, which destroyed 

houses and roads and affected 367 households, including four deaths among 10- and 11-year-olds 

(Groupement Militaire des Sapeurs-Pompiers de Bingerville). 

4.4. Relationship between land use classes and extreme weather indices 

The Pearson correlation shows a correlation between years, population, and buildings. This also 

suggests that buildings develop as the years progress and the population increases. The correlation of 

buildings with rainy days (RR1) and consecutive rainy days (CWD) was between 0.2 and 0.4. This 

may be due to their respective increases of 0.375 days/year and 0.034 days/year. During periods of 
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urban development, these indices also increased. It can be concluded that urban development has an 

impact on the precipitation regime. 

The low correlation of WSDI with buildings is due to consecutive warm days that have not 

changed. The high correlation of buildings with populations and maximum temperatures is due to the 

growth in urbanization. This is in agreement with [78], which states that high density areas have high 

temperatures. TX90p is weakly correlated with buildings and population because of the decline in this 

index from 2011 to 2016 and the slope of sen, which is 0.36 days/year. In addition, TX90p hot days 

increase in inhabited areas more than in vegetated areas as the years go by. This is consistent with the 

study by [23], which states that urbanization affects urban climatic comfort, as concrete surfaces, 

asphalt, and parquet flooring that lack vegetation are sources of heat. Vegetated areas, on the other 

hand, reduce perceived temperatures by up to 20%. The strong correlation of TX10p with forest or 

farmland is justified by the decrease in forest or farmland to the detriment of built-up areas. The 

presence of the lagoon is a source of coolness, which shows the correlation between water and 

minimum temperatures and the TN90p.  

It can be concluded that urbanization has an impact on climate and climate change. It is in this 

sense that [14] state that urbanization has a significant effect on climate change in Iran.  

5. Conclusions 

The overall aim of this study is to assess the impact of land use on precipitation, temperature, and 

extreme indices (PRCPTOT, RR1, SDII, CWD, CDD, R95p, R99p, TN10p, TN90p, TX10p, TX90p, 

and WSDI) in the city of Bingerville from 1990 to 2020 through the temporal variability of these 

indices. To achieve our objective, land cover mapping for the years 1990, 2000, 2015, and 2020 was 

done first to see the evolution of the land surface in the city of Bingerville. Next, the evolution of the 

climate was analyzed by calculating the indices and the evolution of their trend. Finally, the correlation 

between land use classes and population, years, precipitation, temperatures, and their extreme indices 

was carried out in order to see the relationship between land use classes and these climatic indices. 

However, analysis of the evolution of surface conditions in Bingerville shows an increase in built-

up area from 3.35 km² between 1990 and 2000 to 12.82 km² between 2015 and 2020. This has led to 

a reduction in water, forest or crop land, and scrub or fallow land. On the other hand, extreme 

precipitation indices show an increase in PRCPTOT, RR1, CWD, CDD, and R99p and a decrease in 

SDII and R95p from 1990 to 2020. But after 2010, when urbanization began to increase exponentially, 

indices such as RR1, CWD, and R99p increased more. This increase in these three indices shows that 

the town of Bingerville is at risk of increased flooding and landslides. This is in line with the 

information gathered by Bingerville’s Technical Department. In addition, the buildings are correlated 

with RR1 and CWD. This further confirms the likelihood of flooding due to urban development.  

The correlation of built-up areas with maximum temperature and TX90p shows that changes in 

land use affect temperature through the urban heat island phenomenon. Extreme temperature indices 

also show an increase in TN10p, TX90p, and WSDI and a decrease in TX10p and TN90p over the 

period from 1990 to 2016.  

Despite the 27 years used for the temperature trend, TX10p and TX90 were statistically 

significant. This is in line with the studies of [79] asserting a statistically significant decrease in annual 
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concentrations from 1997 to 2010 using the Mann-Kendall test. [25] showed that precipitation indices 

were not significant over 29 years and we had the same results. 

In addition, the results of our study show that the growth of urban built-up areas affects rainfall 

and temperatures. Thus, this growth in urbanization in the town of Bingerville has adverse effects on 

the climate, well-being, and health of the population.  

Furthermore, unsystematic, rapid, and unplanned urbanization threatens the sustainability of the 

development process by adversely affecting certain environmental components such as rainfall and 

temperature. To avoid this problem, municipal decision-makers in the town of Bingerville should put 

in place policies and practices to slow down the negative impacts of urbanization on the climate and 

also promote urban sustainability. They should also create heat island management programs, such as 

creating more green spaces and planting trees to reduce high temperatures. This will help to design 

rainwater management systems to limit the risk of flooding.  

However, Landsat data has a resolution of 30 meters which can be affected by cloud cover and 

creates classification errors. Data for the period from 2001 to 2010 cannot be used in the study area 

because of the features on these images. Despite the methods available for making these features 

disappear, we were unable to make the data usable. The use of data from local weather stations could 

help and complement the CHIRPS and CHIRTS data used, which have a resolution of 5 km, in order 

to improve the accuracy of the analyses. These data are not able to detect microclimatic variations in 

urban areas. 

We therefore recommend an in-depth study, taking into account the La Nina phenomenon, El Niño, 

and the presence of the lagoon and building materials, which also have an impact on the climate. New 

methods will be used, such as the cellular automata (CA) model to deal with spatio-temporal 

heterogeneity studies on the partitioning of land use changes and ENVI Met to characterize the 

microclimates of the town of Bingerville, the Markov-FLUS model to predict the spatial pattern of land 

use, and finally the XGBoost model to see how the thermal environment evolves through urban heat 

islands. The correlation between land use and climate indices has yet to be compared using artificial 

intelligence methods, which are much more robust and take into account several data sources at once.  
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Appendix 1: Dynamics of land use in the town of Bingerville, 1990–2020 
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The appendix shows the statistics for changes in land cover in Bingerville over the period from 

1990 to 2020. During this period, forest or crops and scrub or fallow land, which occupied a large area 

in 1990, disappeared by 2020. Built-up areas were taking up more and more space. Thus, the period 

from 2015 to 2020 shows a major change in built-up areas compared with the periods from 1990 to 

2000 and from 2000 to 2015. The town of Bingerville is changing more and more as the years go by. 
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