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ABSTRACT 

This study aims to assess the spatio-temporal dynamics of vegetation in the Zouagha 

Forest, located in northeastern Algeria, over the period 2000-2020, taking into account the 

degradation induced by the complex interactions between biotic, abiotic, and anthropogenic 

factors. The analysis of vegetation indices, notably the NDVI (Normalized Difference 

Vegetation Index), EVI (Enhanced Vegetation Index), and SAVI (Soil-Adjusted Vegetation 

Index), for the years 2000, 2010, and 2020 reveals divergent trends. The NDVI shows a slight 

increase, rising from 0.20 in 2000 to 0.33 in 2020, suggesting a moderate regeneration of the 

vegetation cover. In contrast, the EVI records a notable decline, dropping from 0.38 in 2000 

to 0.30 in 2020, indicating a continuous degradation in vegetation quality. Additionally, the 

SAVI shifts from -0.10 to 0.07, reflecting a modest improvement, yet the vegetation remains 

weak in terms of density and quality. This divergence between the indices suggests a spatial 

variation in vegetation conditions, indicating a growing heterogeneity in vegetation 

distribution across the forest. This phenomenon is exacerbated by unfavorable climatic 

conditions, such as reduced rainfall and rising temperatures. These changes, combined with 

anthropogenic pressures such as deforestation, greatly limit the forest’s natural regeneration 

capacity. Moreover, pest attacks, particularly by (Lymantria dispar) and (Tortrix viridana), 

contribute to uneven degradation of the forest ecosystem. These findings highlight the 

urgency of developing sustainable management strategies, incorporating soil restoration and 

water resource management, to strengthen the ecological resilience of the Zouagha Forest in 

the face of growing challenges posed by climate change and human pressures. 

Keywords: Zouagha Forest, degradation, NDVI, EVI, SAVI, vegetation indices. 
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INTRODUCTION 

The degradation of Algerian forests, a major ecological challenge, is marked by 

a continuous decline and significant loss of biodiversity (Encinas-Valero et al., 2022; 

Gentilesca et al., 2017; Quezel & Barbero, 1990). According to data from the Ministry of 

Land Planning and Environment, over 1,030,000 hectares of forests were destroyed between 

1955 and 2000, representing an average annual loss of 24,523 hectares (Chouiter et al., 

2023). This degradation is the result of multiple factors, including fires, overgrazing, 

increasing demographic pressure, deforestation, illegal logging, insect attacks, and 

institutional deficiencies. Consequently, forests are often replaced by shrublands or 

reforestation efforts that show signs of recent degradation (Belote et al., 2011; 

Abdourhamane et al., 2013).  

These degradation processes are exacerbated by climate change, which has become 

a major concern over the past decades. The Mediterranean region, in particular, is 

undergoing significant climatic changes that profoundly disrupt forest ecosystems (Cao 

et al., 2019; Frolking et al., 2009). These changes manifest through thermal anomalies, shifts 

in precipitation patterns, and an increase in the frequency of extreme events, such as 

prolonged droughts. These ecophysiological disturbances lead to increased water stress, 

a decrease in photosynthesis, and reduced tree growth, directly impacting forest productivity 

(Roula et al., 2020). As a result, forest areas are shrinking, and the biogeographical ranges of 

plant species are shifting, sometimes toward less favorable zones, further weakening 

ecosystems (Getzin et al., 2012). This dynamic contributes to increased forest degradation, 

compromising their ability to regenerate and fulfill essential ecological functions such as 

carbon sequestration, soil protection, and the regulation of hydrological cycles (Hrůza et al., 

2016). To understand the interaction between these degradation factors and climate impacts, 

the application of remote sensing is an effective and economical method. This technique 

allows for regular monitoring, precise mapping, and temporal analysis of changes at various 

spatial scales (Aricak, 2015; Balenović et al., 2017). Data from Landsat satellites, 

particularly those from Landsat-5and 8, stand out for their high spectral resolution and free 

accessibility, making them a valuable tool for vegetation research at the global, continental, 

regional, and national levels (Baumann et al., 2014; Coulter et al., 2013; Giannetti et al., 

2018). 

Remote sensing, based on the interaction between radiative energy and matter, facilitates 

continuous and repeated monitoring of vegetation cover. It allows for the detection of 

temporal variations, the analysis of time series, and the revelation of patterns related to 

phenology, vegetation growth, seasonal fluctuations, and long-term trends (Jurjević et al., 

2021). This information is crucial for understanding ecosystem dynamics, detecting 

disturbances, and assessing the impacts of climate change (Ji & Perters, 2003; Babamaaji & 

Lee, 2014). 

In this context, the present study focuses on the detailed mapping of vegetation cover in the 

Zouagha forest, located in northeastern Algeria, over a twenty-year period from 2000 to 

2020. The objective is to document the spatio-temporal changes in forest cover using 

advanced vegetation indices, such as NDVI (Normalized Difference Vegetation Index), EVI 

(Enhanced Vegetation Index), and SAVI (Soil Adjusted Vegetation Index). The NDVI 

(Normalized Difference Vegetation Index) is a key indicator for assessing vegetation density 

and vitality. This index helps quantify above-ground biomass and estimate plant health, 

making it a valuable tool for monitoring ecosystems on a global scale. The SAVI 

(Soil-Adjusted Vegetation Index) is an improved version of the NDVI that corrects for soil 

influences, which is particularly useful in areas where vegetation cover is sparse or the soil is 
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visible, providing more accurate estimates of vegetation density. The EVI (Enhanced 

Vegetation Index) further adjusts for atmospheric effects and improves sensitivity in high 

biomass areas, making it more effective than the NDVI for monitoring dense forests and 

tropical ecosystems.  

Integrating these indices into the analysis of multispectral remote sensing data allows for a 

detailed assessment of the health, density, and structural characteristics of the vegetation, 

providing a deep understanding of the ecological dynamics of the Zouagha forest. This 

approach aims to inform forest management and conservation strategies essential for the 

preservation of this region. 

In addition to this spatio-temporal analysis, a central objective of the study is to explore the 

relationships between the three vegetation indices (NDVI, SAVI, and EVI). A key aspect of 

this approach involves conducting a correlation analysis to assess how these indices evolve 

together or differently in response to environmental conditions. This effort aims to better 

understand their complementarity, individual sensitivity, and relevance in monitoring 

long-term vegetation dynamics. 

 

 

MATERIALS AND METHODS 

Study Area 

This research was conducted in the Zouagha forest (Fig. 1), located in the high plateaus of 

eastern Algeria, northeast of the Mila region. The forest spans the geographical coordinates: 

36°34'38.90" N latitude and 6°9'15.52" E longitude, covering a total area of 3,915.52 

hectares. It is bordered by the Oued El Kabir to the south, by the localities of Chigara, Terrai 

Bainen, Arres, and Tassala Lemtai, upstream of the Béni Haroune lake (Grarem Gouga). To 

the north, it borders the Wilaya of Jijel and is divided into five distinct sectors, the main ones 

being "El Bahloul, Beni Afek, Bouzourane, Djbel Arres, and Meguelet." 

 

Fig.1: Geographical location of the Zouagha forest (Northeast Algeria) 
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Climatic Characteristics 

Summer temperatures average between 25°C and 30°C, while winter temperatures range 

from 8°C to 12°C. The region receives an average of 700 mm of annual rainfall, concentrated 

mainly during autumn and winter. The months of November, December, and January are the 

wettest, often marked by heavy rainfall episodes (DGF, 2010). 

 

Floristic Composition 

The Zouagha forest is home to a diversity of native species such as Juniperus phoenicea, 

Juniperus oxycedrus, Pistacia atlantica, and Olea europaea. The planted stands mainly 

consist of oak species, namely cork oak (Quercus suber L.), zeen oak (Quercus canariensis 

Wild.), and afares oak (Quercus afares Pomel). These oaks are accompanied by a rich 

undergrowth including species such as: Rockrose (Cistus sp), Lavender (Lavandula sp), 

Thyme (Thymus sp), and Rosemary (Rosmarinus officinalis) (Chouiter et al., 2022). 

 

Acquisition and Preprocessing of Satellite Data 

In this study, remote sensing was conducted using Landsat satellite imagery. Specifically, 

Landsat 5 images were used for the year 2000, and Landsat 7 images for the years 2010 and 

2020. The image acquisition periods for each year extended from January 1 to December 31 

(i.e., from 01/01/2000 to 31/12/2000, from 01/01/2010 to 31/12/2010, and from 01/01/2020 

to 31/12/2020, respectively), ensuring a comprehensive temporal coverage of each year. 

These satellites provide high-resolution data with multiple spectral bands, which is essential 

for a detailed analysis of vegetation dynamics. Landsat 5 offers seven spectral bands, while 

Landsat 7 provides eight, both with a spatial resolution of 30 meters. This 20-year period 

allows for an in-depth analysis of long-term vegetation trends in the studied region (Meera 

et al., 2015; Hyyppä et al., 2020). The satellite images were downloaded from Google Earth 

Engine, a platform that provides easy access to a vast collection of freely available satellite 

data. The use of these high-resolution images enables the detection and quantification of 

subtle vegetation variations (De Vivo et al., 2021). 

 

Vegetation Index Analysis 

Normalized Difference Vegetation Index (NDVI) 

The Normalized Difference Vegetation Index (NDVI) is a key indicator of vegetation 

health, based on the ratio between the near-infrared (NIR) and red reflectance.  

It is calculated using the following equation: 

 

NDVI=  
(NIR+Red)

(𝑁𝐼𝑅−𝑅𝑒𝑑)
                                  (Eq.1) 

 

Where : 

NIR represents the near-infrared band. 

Red represents the red band of the Landsat. 

NDVI values range from -1 to +1, with higher positive values indicating denser and 

healthier vegetation (Fayech &Tarhouni, 2021). 

 

Soil-Adjusted Vegetation Index (SAVI) 

The Soil-Adjusted Vegetation Index (SAVI) is designed to improve the accuracy of 

vegetation cover measurements by minimizing the influence of soil brightness. Unlike 

NDVI, SAVI introduces an "adjustment factor" (L) to correct for soil effects, particularly in 

areas with low vegetation cover. 
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SAVI values range from -1 to +1, with higher positive values indicating denser and 

healthier vegetation. 

It is calculated using the following equation: 

 

SAVI=
(𝑁𝐼𝑅−𝑅𝑒𝑑)

(𝑁𝐼𝑅+𝑅𝑒𝑑+𝐿)
× (1 + 𝐿)                          (Eq.2) 

 

Where : 

NIR represents the near-infrared band. 

Red represents the red band. 

L is the soil brightness adjustment factor. 

 

The soil brightness adjustment factor L is an empirical parameter introduced to reduce the 

influence of soil reflectance in areas with sparse vegetation cover. In environments with low 

vegetation density, exposed soil contributes significantly to the spectral signal, which can 

distort vegetation indices like NDVI (Rondeaux et al., 1996, Xue & Su, 2017). SAVI corrects 

for this by introducing L into the equation. The value of L depends on vegetation density: 

 

L ≈ 0 for dense vegetation 

L ≈ 1 for bare soil 

 

L = 0.5 is commonly used as a standard value for intermediate vegetation cover (Huete, 

1988).  

In this study, we used L = 0.5 to account for the mixed soil-vegetation conditions in the 

Zouagha Forest. 

 

Enhanced Vegetation Index (EVI) 
The Enhanced Vegetation Index (EVI) was developed to increase the sensitivity of remote 

sensing to vegetation conditions, particularly in areas with dense vegetation. EVI is more 

responsive to variations in vegetation biomass compared to NDVI, and it addresses some of 

the issues related to atmospheric reflectance and soil influence. The value of EVI ranges from 

0 to 1, with higher values close to 1 indicating denser and healthier vegetation. 

It is calculated using the following equation: 

 

EVI=G×  
(𝑁𝐼𝑅−𝑅𝑒𝑑)

(𝑁𝐼𝑅+𝐶1×𝑅𝑒𝑑−𝐶2×𝐵𝑙𝑢𝑒+𝐿)
                    (Eq.3) 

Where : 

• NIR represents the near-infrared band. 

• Red represents the red band. 

• Blue represents the blue band. 

• G is a gain factor, set at 2.5. 

• C1 and C2 are coefficients to correct atmospheric influences, set at 6 and 7.5 

respectively. 

 

L is a soil adjustment factor, set at 1. (Bento et al., 2018; Mushtaq & Asima, 2016). 

 

Statistical Analysis of Vegetation Indices 

The analysis of vegetation indices in this study was conducted using Python, employing 

the libraries Matplotlib, Seaborn, and Pandas to process and visualize the data. The main 
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objective was to explore the relationships between different vegetation indices: NDVI, 

SAVI, and EVI. 

A key aspect of this analysis was the examination of correlation, which measures how two 

variables change together. We used Pearson's correlation coefficient to quantify this 

relationship. This coefficient ranges from -1 to 1 (Benoumeldj et al., 2023) a value close to 1 

indicates that both variables increase together (positive correlation), a value close to -1 shows 

that they move in opposite directions (negative correlation), and a value close to 0 means 

there is no linear relationship between them. 

An ANOVA (Analysis of Variance) test was performed to assess significant differences 

between multiple groups of data based on the vegetation indices (Blanca et al., 2017; Blanca 

et al., 2018; Kim, 2015). To refine this analysis and specifically identify which groups stand 

out, a Tukey HSD post-hoc test was conducted to determine which years exhibit significant 

differences for each index (Ruxton & Beauchamp, 2008).  

 

Fig. 2: Steps of Remote Sensing and Statistical Analysis in the Study 

 

 
 

Acquisition and Preprocessing of Climatic Data 

The climatic data used in this study, including monthly precipitation and average monthly 

temperatures, were obtained from the Aïn Tine meteorological station, located in Mila 

Province near the Zouagha Forest. This station provides the official climatic records for the 

study area. Data were collected for the years 2000, 2010 and 2020, enabling a temporal 

comparison of climatic variability over two decades. These data were used to assess changes 

in summer weather conditions, particularly in terms of minimum precipitation, maximum 

temperatures, and their potential impact on vegetation cover dynamics. 
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RESULTS 

Spatio-temporal analysis of vegetation dynamics in the Zouagha forest using NDVI, 

SAVI, and EVI indices (2000-2010-2020) 

Figs. 3, 4, and 5 illustrate a spatio-temporal analysis of vegetation in the the Zouagha forest 

across three distinct periods (2000-2010-2020). 

 

Fig. 3: Normalized Difference Vegetation Index (2000-2010-2020) 
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NDVI (Normalized Difference Vegetation Index)  

In 2000, the NDVI map reveals an uneven distribution of vegetation, with dense coverage 

mainly concentrated in the central and western areas. Values range from 0, 08 to 0, 80, 

indicating moderately dense vegetation, but also highlighting areas of ecological stress. In 

2010, an improvement compared to the year 2000 is observed, with maximum values 

increasing to 0, 85. This improvement indicates some recovery of vegetation, although 

degraded areas persist, reflecting ongoing environmental challenges. However, in 2020, 

a slight decrease in maximum values compared to 2010, reaching 0, 84, suggests moderate 

degradation. Despite this, areas of dense vegetation remain, demonstrating a certain 

ecological resilience in the face of environmental pressures. 

 

Fig. 4: Soil Adjusted Vegetation Index (2000-2010-2020). 
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SAVI (Soil Adjusted Vegetation Index) 

In 2000, the SAVI reveals dense vegetation in the central areas, with values ranging from 

-0.20 to 0, 29, reflecting significant variability in soil and vegetation conditions. In 2010, 

a notable improvement compared to 2000 is observed, with maximum values increasing to 0, 

58. This indicates a moderate improvement in vegetation cover. However, in 2020, compared 

to 2010, a decrease in maximum values to 0, 52 is noted, suggesting moderate degradation of 

vegetation cover. This degradation is accompanied by marked spatial variations, highlighting 

differences in ecological conditions across the region. 
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Fig. 5: Enhanced Vegetation Index (2000-2010-2020) 
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Enhanced Vegetation Index (EVI) 

In 2000, EVI values are mainly concentrated around 0, 48, indicating modest vegetation in 

the most productive areas. However, negative values close to -0, 63 reveal the presence of 

bare soil or areas without vegetation. In 2010, compared to 2000, a notable improvement in 

vegetation density is observed, with values reaching 0, 55. Despite this progress, some areas 

still show a reduction in vegetation density, indicating uneven resilience in certain parts. 

Although in 2020, compared to 2010, maximum values increase further, reaching 0, 61. This 

indicates moderate vegetation in several areas, despite environmental pressures. However, 

a large portion with low EVI values highlights ecological decline in certain regions, 

suggesting areas vulnerable to degradation. 

Figs. 6 and 7 provide graphical representations showing the evolution of the average 

vegetation indices (EVI, SAVI, NDVI) over the years (2000- 2010- 2020). 

 

Fig. 6: Average Vegetation Indices Over Years (2000-2010-2020) 
 

 
 

The analysis of EVI, SAVI, and NDVI indices over the years 2000, 2010, and 2020 

highlights varied dynamics in vegetation cover. EVI shows a decrease in the average, 

dropping from 0.38 in 2000 to 0.27 in 2010, followed by a slight increase to 0.29 in 2020. The 

increase in standard deviations, reaching 0.06 in 2010 and 0.05 in 2020 compared to 0.03 in 

2000, suggests a growing heterogeneity in vegetation vigor over time. SAVI, on the other 

hand, shows an increase in the average, rising from -0.10 in 2000 to 0.18 in 2010, before 

declining to 0.07 in 2020. The standard deviations show a slight increase in 2010 and remain 

stable at 0.02 in 2020, indicating moderate variability but a progressive decline in uniformity. 

Finally, NDVI shows a steady increase in the average, from 0.20 in 2000 to 0.24 in 2010, and 

then to 0.32 in 2020. The increase in standard deviations, notably reaching 0.13 in 2020, 

reflects greater diversification and increased heterogeneity in vegetation cover. 
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Fig. 7: Boxplot for Indices Average (2000-2010-2020) 
 

 
 

Correlation between Vegetation Indices 

Fig. 8 shows the correlation between the indices. This correlation matrix highlights the 

relationships between three vegetation indices: EVI, NDVI, and SAVI. 

 

Fig. 8: Correlation Matrix of Vegetation Indices (EVI, SAVI, NDVI) 
 

 
 

EVI and SAVI (-0.96): The strong negative correlation suggests that an increase in EVI is 

almost always accompanied by a decrease in SAVI. This can be explained by the different 
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sensitivities of these indices: EVI is more responsive to dense vegetation and less influenced 

by soil effects, whereas SAVI explicitly incorporates this effect, leading to inverse variations 

between the two indices. 

EVI and NDVI (-0.69): The moderately strong negative correlation indicates that although 

both indices are designed to measure vegetation, they react differently to certain 

environmental factors. This divergence could be attributed to the NDVI's tendency to 

saturate more quickly in areas of very dense vegetation, while EVI, designed to reduce this 

effect, continues to provide distinct values. 

NDVI and SAVI (0.46): The moderate positive correlation between these two indices 

shows that they tend to evolve in the same direction under certain conditions. However, the 

adjustment made by SAVI to compensate for soil effects creates a notable difference in how 

these indices respond to variations in vegetation cover. Although all these indices are used to 

assess vegetation, their differences in responding to environmental conditions make them 

complementary tools for a more precise analysis of vegetation in various contexts. 

 

Analysis of Temporal Variations in Vegetation Indices Using ANOVA and Tukey's 

Post-Hoc Test 

Figure 9 illustrates boxplots comparing the values of the vegetation indices EVI, SAVI, 

and NDVI for three distinct years, along with the p-values obtained from the ANOVA and 

Tukey post-hoc tests. The p-values, all below 0.05, indicate the presence of statistically 

significant differences between the group means for each index over the studied years. The 

Tukey HSD post-hoc test reveals that the largest variations for the EVI index occurred 

between 2000 and 2010, with a notable decrease in vegetation between these two periods. In 

contrast, for the NDVI index, the most significant differences occurred between 2010 and 

2020, with a major improvement in vegetation density during this period. Regarding the 

SAVI index, fluctuations were observed throughout the studied periods, with significant 

differences between each pair of years, suggesting variations in soil and vegetation 

conditions. 

 

Fig. 9: Analysis of Temporal Variations in Vegetation Indices Using ANOVA and 

Tukey's Post-Hoc Test 
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Variation in Precipitation and Temperature (Comparative Analysis between 2000, 

2010, and 2020) 

The climatic data over the years presented in Figure 10 show a significant shift towards 

hotter summers and drier periods. Regarding precipitation, the year 2000 recorded a peak of 

100 mm in February, with a minimum of 9 mm in July. In 2010, the maximum precipitation 

remained close to that of 2000, reaching 99 mm in February, while the minimum dropped to 

7 mm in July. However, in 2020, a notable decrease was observed, with a maximum peak of 

only 94 mm in February and an extremely low minimum of 4 mm in July, reflecting an 

intensification of summer drought conditions. As for temperatures, there is a consistent 

upward trend. In 2000, the maximum temperature was around 26°C in July, with the lowest 

being 10°C in January. In 2010, the maximum temperature climbed to 28°C in July, while 

maintaining a similar winter low of 11°C. The year 2020 shows an even more marked 

increase, with temperatures reaching about 29°C in July and a minimum of 12°C in January. 

 

Fig. 10: Variation in Precipitation and Temperature (2000-2010-2020) 
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DISCUSSION 

The Zouagha forest, located in the northeast of Algeria, is a striking example of the 

complexity of ecological dynamics where the interactions between biotic, abiotic, and 

anthropogenic factors lead to an accelerated degradation of this ecosystem. The analysis of 

NDVI, EVI, and SAVI vegetation indices over the periods 2000, 2010, and 2020 reveals 

contradictory trends, illustrating an underlying degradation that is not immediately visible 

through a simple increase in vegetation cover. Indeed, although NDVI shows an overall 

upward trend, rising from 0.20 in 2000 to 0.33 in 2020, indicating an apparent regeneration of 

vegetation cover. EVI, which measures the density and vigor of vegetation, shows 

a significant decline, dropping from 0.38 in 2000 to 0.30 in 2020, while SAVI, an indicator of 

soil quality, rises from -0.10 in 2000 to 0.07 in 2020 after a temporary peak in 2010. These 

trends reflect a reduction in both the density and quality of vegetation. The divergences 

between the indices can be better understood by analyzing the correlations between them. 

The strong negative correlation between EVI and SAVI (-0.96) indicates that when EVI 

increases, SAVI tends to decrease, and vice versa (Alademomi et al., 2020). EVI is designed 

to reduce the influence of soils on vegetation measurements, making it particularly suitable 

for areas with dense vegetation. On the other hand, SAVI explicitly integrates soil conditions 

into its calculation, making it more sensitive to environments where the soil has a significant 

impact, such as in areas with sparse vegetation. This opposite behavior explains the strong 

negative correlation between the two indices, showing that they capture different aspects of 

vegetation conditions. The moderate negative correlation (-0.69) between EVI and NDVI 

can be explained by the fact that NDVI saturates quickly in high biomass environments, 

losing its ability to differentiate subtle levels of vegetation density (Zou et al., 2022; Rahimi 

et al., 2025a ; Mersha et al., 2024). EVI, however, was developed to overcome this saturation 

problem, providing more distinct values in such conditions. This means that in areas with 

dense vegetation, EVI can still detect fine variations that NDVI does not capture, resulting in 

a moderate negative relationship between the two indices. The moderate positive correlation 

(0.46) between NDVI and SAVI indicates that, in certain conditions, especially in 

environments with less dense vegetation and a more marked soil influence, these indices tend 

to evolve in the same direction. NDVI does not directly take into account the impact of soil, 

but in low vegetation cover environments, SAVI adjusts the measurements by considering 

soil reflectance, allowing for a better representation of vegetation in these contexts (Baret & 

Guyot, 1991; Rahimi et al., 2025b ). This explains why the two indices show similar trends, 

even though SAVI introduces subtle adjustments that differentiate it from NDVI. The 

analysis of the correlations between these indices highlights their complementarity and the 

importance of a multi-index approach for a more comprehensive and accurate analysis of 

vegetation and its interaction with soil and climate (Catry et al., 2012a; Alves et al., 2010). 

The results of the ANOVA and Tukey Post-Hoc statistical tests confirm these observations, 

revealing statistically significant differences between the indices across the studied years. 

P-values lower than 0.05 indicate that the observed variations in the indices are not due to 

chance but reflect real changes in environmental and anthropogenic conditions. These 

statistical results highlight the importance of an in-depth analysis of the underlying factors 

influencing these variations. Indeed, to better understand the complexity of the dynamics and 

the real changes in environmental conditions affecting the Zouagha Forest, it is essential to 

establish a link between the climatic, biotic, and anthropogenic factors contributing to its 

degradation. Among these factors, climate change plays a major role in the forest's 

degradation, particularly through the reduction of summer rainfall and the increase in 

temperatures. The reduction in summer precipitation has direct effects on the survival of 

young plants, increasing water stress and making the ecosystem more vulnerable to drought 
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(Chouiter et al., 2024a), thereby contributing to the regression of vegetation cover. This trend 

is clearly illustrated by the climatic data recorded over the years 2000, 2010, and 2020. 

A gradual and worrying decrease in summer rainfall is observed, with minimum 

precipitation dropping from 9 mm in July 2000 to only 4 mm in July 2020. At the same time, 

the average maximum temperatures rose from 26°C in 2000 to 29°C in 2020. These 

combined changes reflect an intensification of summer drought conditions and a shift 

towards a hotter and drier climate. Such conditions drastically increase evapotranspiration, 

exacerbate soil dryness, and reduce the water use efficiency of plants, particularly during the 

growing season (De la Cruz et al., 2014; Catry et al., 2017). The sustained thermal stress and 

lower soil moisture availability directly contribute to the decline in vegetation vigor and 

regeneration potential, especially in a semi-arid Mediterranean context like that of the 

Zouagha forest (Barbati et al., 2012; Catry et al., 2012b; Boucif et al., 2024). These climatic 

constraints are reflected in the vegetation indices, particularly in the drop of EVI values, 

which are sensitive to vegetation density and health. Although higher temperatures can 

sometimes extend the growing season, they can also accelerate plant senescence and increase 

the risk of forest fires, thereby compromising the stability of ecosystems (Bouget et al., 2023; 

Moreira et al., 2009). Climatic variations, such as decreased precipitation and increased 

temperatures, are indicators of climate change that negatively affect vegetation dynamics. 

However, these unfavorable climatic conditions are only part of the pressures faced by the 

forest. The declines observed in vegetation quality and density suggest that, in addition to 

climate change, other stress factors, particularly biological ones, such as pests like Lymantria 

dispar and Tortrix viridana (DGF, 2020), have played a key role in this degradation. Their 

epidemic cycles cause massive defoliation, which compromises photosynthesis and weakens 

the trees, making them more vulnerable to other environmental stresses (Castro et al., 2012; 

Tiberi et al., 2016; Gidey et al., 2018). This situation is exacerbated by the presence of 

pathogenic fungi like Biscogniauxia mediterranea, responsible for internal wood decay and 

the formation of necrotizing stromata, thereby increasing tree mortality (Sanchez-Gonzalez 

et al., 2010; Nadezhdina et al., 2010). Anthropogenic pressures, such as intensive 

deforestation for agriculture, urbanization, overgrazing, and human-caused forest fires, have 

also contributed to increased habitat fragmentation and a drastic reduction in forest area. 

Between 2000 and 2020, over 240 hectares of forest were destroyed, worsening biodiversity 

loss and further weakening the ecosystem (DGF, 2022; Chouiter et al., 2024b). Although 

legislative frameworks exist for forest protection, their implementation is often insufficient 

to counter the multiple pressures faced by the Zouagha forest. 

 

 

CONCLUSION 

This study analyzed the spatio-temporal dynamics of vegetation in the Zouagha Forest 

over a twenty-year period (2000-2020) using vegetation indices (NDVI, EVI, SAVI) to better 

understand the ecological changes and anthropogenic pressures on this ecosystem. The 

results reveal divergent trends: although the NDVI indicates a moderate improvement in 

vegetation cover, this masks a deeper degradation in the quality and density of vegetation, as 

highlighted by the significant decline in the EVI. Similarly, while the SAVI shows slight 

progress in soil quality, it points to persistent challenges related to land resource degradation. 

These observations highlight an increasing heterogeneity in vegetation conditions across the 

forest, driven by climatic pressures and anthropogenic influences. These findings underscore 

the urgency of adopting sustainable and integrated management strategies to strengthen the 

ecological resilience of the Zouagha Forest. Targeted actions for soil restoration, water 
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resource management, and effective measures to protect against human and biological 

pressures are essential to prevent further degradation of the ecosystem. Moreover, strict 

enforcement of existing legislation, combined with the development of more tailored 

policies, is essential to ensure the long-term sustainability of this ecosystem in the face of 

climate change challenges. 
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