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 A B S T R A C T

Study region: Abiod Valley, Aurès region, Algeria.
Study focus: This work focuses on the relation between climatic forcing and vegetation cover 
dynamics in traditional oases. This study pursues two main objectives: (1) estimate the vegeta-
tive surface cover of traditional oases from satellite images, (2) quantify the impact of climatic 
variables on vegetation dynamics and assess future scenarios. We propose a methodology that 
leverages satellite imagery and derived indices (NDVI, NDMI) to quantify vegetation cover and 
water stress events at the oasis spatial scale. We then assess the feedback between climate and 
vegetation cover at monthly and yearly scale through multivariate analyses based on vector 
autoregression (VAR) and vector error correction (VEC) models.
New hydrological insights for the region: Our findings reveal an appreciable decrease in 
vegetation cover over the last decade across three considered traditional oases in the study 
region. The monthly scale analysis suggests a lagged effect of climatic variables, especially 
cumulative precipitation, on vegetation water stress. The long term VEC prediction of climatic 
variables aligns with GDDP-CMIP6 climate projections, forecasting an increase in average 
temperature and potential evapo-transpiration. A significant decline in vegetative surface cover 
is predicted by 2050 from the analysis of yearly data, highlighting the critical need for water 
management interventions to safeguard oasis ecosystem and prevent desertification.

1. Introduction

In arid climatic regions, vegetation cover serves as a fundamental element for ecological stability, particularly within oasis 
ecosystems which are highly sensitive (Chen et al., 2024; Lin et al., 2009) and particularly exposed to global warming effects. The 
traditional oases of North Africa represent a recognized agro-forestry system, providing key ecosystem services to local communities, 
including provisioning, regulating, and cultural services (Santoro, 2023). In the current climatic and socio-economic scenario, these 
systems face significant vulnerabilities (Dhawi and Aleidan, 2024, and references therein). In this context, water management is a 
key factor (Chen et al., 2024; Santoro, 2023). Detecting temporal changes in vegetation cover and quantifying the contribution of 
climatic factors can be crucial to assess the risk of desertification and formulate adequate adaptation measures.

Satellite-derived vegetation are widely used as an effective method for monitoring and assessing vegetation across diverse 
ecosystems and landscapes (Levin et al., 2007; Wallace et al., 2006). The normalized difference vegetation index (NDVI) is one of 
the most widely used tools for monitoring vegetation health due to its reliance on long-term satellite data readily available at low 
cost (Huang et al., 2021). NDVI quantifies vegetation greenness and vigor by analyzing the difference between near-infrared (NIR) 
and red light reflectance. This index has proven valuable in ecosystem and cropland monitoring (Li et al., 2019; Filgueiras et al., 
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2019; Boori et al., 2020; Yu et al., 2004), and for monitoring vegetation dynamics in oasis systems (Lin et al., 2009). Additionally, the 
normalized difference moisture index (NDMI) (Gao, 1996) provides valuable insights into vegetation water content and stress levels. 
Derived from satellite imagery as normalized reflectance difference between near-infrared (NIR) and short-wave infrared (SWIR) 
bands, NDMI has proven effective in monitoring moisture conditions, water stress, and drought events (Lin et al., 2011; Wilson and 
Sader, 2002; Hayes et al., 2008). NDVI and NDMI are positively correlated, highlighting the link between land surface moisture and 
vegetation dynamics (Lin et al., 2009). This combined analysis of NDVI and NDMI is particularly significant for assessing vegetation 
dynamics and detecting drought, especially in oasis landscapes.

Our aim is to link detected oases vegetative dynamic patterns, as rendered by NDVI and NDMI analyses, to climatic trends 
by using simplified data-driven approaches. Statistical correlation between vegetative cover dynamics and climate data in arid 
areas has been explored in numerous studies (Mo et al., 2019; Liu et al., 2021). Our specific goal is to exploit such correlation 
to build site-specific data-driven predictive models linking climatic trends to the vegetative cover surface area and water stress 
detected at the scale of a single oasis. To these ends we chose to employ regression models, as they offer a relatively easy-to-
implement solution. These approaches serve as linear predictors and provide interpretable coefficients that can be used to quantify 
the mutual correlation and importance (or sensitivity) of the considered variables. A key feature of our analysis is that the proposed 
approaches allow identifying and propagating uncertainties in modeling predictions casting the analysis in a probabilistic framework. 
In this work we select two approaches to time series modeling, namely Vector Autoregression (VAR) and Vector Error Correction 
model (VEC). VAR is a powerful way to extract past and future movements of multiple interrelated endogenous variables. It 
extends univariate autoregressive models to multivariate time series and offers wide application flexibility. VAR models have been 
successfully applied to a broad range of data, from economics and finance (Awokuse and Bessler, 2003; Clements and Mizon, 1991) 
to climatic variables (Adenomon et al., 2013; Nuruzzaman et al., 2023; Kleiber et al., 2013; Ferdous et al., 2011). VEC model is an 
extension of VAR including an error correction term to account for cointegrations and long-term relations among variables. Unlike 
VAR, the VEC model can handle non-stationary variables with cointegration, making it a valuable tool for analyzing data across 
various fields. The VEC approach has seen successful applications in many fields such as economic (Honkatukia et al., 2008; Thoenes, 
2014), environmental (Fahria and Sulistiana, 2021; Kaur et al., 2021) and climatic studies (Stephenson et al., 2023; Sudheesh and 
Subramanian, 2022).

Our key objective is here a methodology to assess the past and future trajectory of traditional oases systems. This work thus 
features the following key novelties: (i) define a robust data analysis methodology, specifically tailored to the assessment of oasis 
vegetative cover surface area based on NDVI and NDMI indices, by combining diverse remote sensing datasets, (ii) introduce and 
benchmark the application of VAR and VEC models in the assessment of water stress and vegetative cover dynamics in traditional 
oases. Our analysis considers the feedback between climatic variables and oases vegetative dynamics at two separate time scales. 
A monthly time scale is considered to assess the impact of the climatic factors on the vegetation water stress level. Annual data 
are employed to model the long-term oasis’s vegetative cover dynamics alongside climatic variables, allowing for future scenario 
predictions. The methodology is applied to oasis systems in the Wadi Aboid watershed, Aures region, Algeria, in line with the 
objectives of the AMAZING (Atlas Mountains, Aurès Zone, INterconnecting local sciences and Global challenges) project (AMAZING, 
2023). The decline of the traditional oases in the Aures̀ region is observable on the ground but has never been quantified directly. 
In particular, this oasis system is challenged by climatic factors and by a gradual decline in maintenance of date palm groves, 
which constitute the main vegetation cover in the oasis. Through the application of our proposed methodology we aim to provide 
quantitative evidence of the temporal evolution of the oasis vegetative dynamics and to assess its possible future trajectory.

The paper is structured as follows: Section 2 describes the methodology used to address the estimate of the vegetative surface 
(Section 2.2) and the modeling and future projections of the climatic and vegetative variables (Section 2.4). The study area is 
presented in Section 3 while the key findings are discussed in Section 4. The conclusions drawn from our study are reported in 
Section 5.

2. Methodology

This study pursues three main objectives: (1) detecting temporal variations in the oasis vegetative surface cover, (2) identifying 
the key climatic drivers influencing vegetative surface changes and their correlation, (3) predicting future scenarios to plan strategic 
interventions for preventing oasis desertification.

The first goal is achieved by analyzing satellite imagery of the study area spanning the past four decades. Details on the employed 
methodology can be found in Section 2.2. Section 2.3 complements the analysis with a method to evaluate water stress in the oasis. 
The results derived from objective (1) along with the historical climatic data are used to build a statistical model to quantify the 
correlations between input variables and the impact of climatic factors on the oasis extent variation. The methodology employed to 
achieve objectives (2)-(3) is provided in Section 2.4. The model is then utilized to predict future values of the assessed quantities, 
along with a quantification of the associated uncertainties.

2.1. Input data and preprocessing

Oasis’ vegetation surface estimation leverages multiple remote sensing datasets, as reported in Table  1. To delineate the 
vegetation extent, Sentinel-2 satellite imagery (Dechoz et al., 2015) is taken as a reference. This choice is motivated by the higher 
spatial, temporal and spectral resolution of Sentinel-2 imagery compared to Landsat 8 (Ihlen, 2019). Additionally, Sentinel-2 offers 
greater accuracy in land cover and vegetation identification (Isioye et al., 2020; Al-Gaadi et al., 2016). We used the satellite imagery 
2 
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Table 1
Dataset: Satellite images and climatic data.
 Data type Dataset Provider Spatial resolution Time range 
 Satellite images Sentinel 2a Copernicus/SOAR 10 m 2016–2023 
 Satellite images Landsat 8b NASA/USGS 30 m 2013–2023 
 Satellite images Landsat 5c NASA/USGS 30 m 1984–2012 
 Climate data (precipitation, temperature, solar radiation) ECMWF/ERA5_LANDd Copernicus 11132 m 1950–2022 
 Climate data (relative humidity, wind speed) AgERA5 (ECMWF)_LANDe Copernicus 9600 m 1979–2024 
 Climate data NEX-GDDP-CMIP6f NASA 27830 m 1950–2100 
a https://soar.earth/satellites/sentinel.
b https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC08_C02_T1_L2.
c https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LT05_C02_T1_L2.
d https://developers.google.com/earth-engine/datasets/catalog/ECMWF_ERA5_LAND_DAILY_AGGR.
e https://gee-community-catalog.org/projects/agera5_datasets/.
f https://developers.google.com/earth-engine/datasets/catalog/NASA_GDDP-CMIP6.

sourced from the SOAR website, which identify vegetative cover. These images have a 10-meter resolution but encompass a limited 
time interval, ranging from 2016 to 2022. To assess the oasis area variation across a longer time window, Landsat 5 (Sayler, 2020) 
and Landsat 8 satellite imagery were employed, the latter covering the time intervals 1985–2011 and 2013–2023, respectively. 
Landsat datasets provide atmospherically corrected surface reflectance and land surface temperature derived from the TM sensor 
(Landsat 5) and the OLI/TIRS sensors (Landsat 8). Section 2.2 details the procedure employed for identifying the oasis area.

The climatic data (precipitation, temperature, solar radiation, wind speed, relative humidity) employed to assess climate within 
the study area originate from the ECMWF ERA5-Land (precipitation, temperature, solar radiation) (Muñoz Sabater, 2019) and 
AgERA5 (ECMWF) (wind speed, relative humidity) datasets (Copernicus, 2017). ERA5-Land offers a reanalysis dataset, providing 
a consistent perspective on the evolution of land variables from 1950 to 2022 with hourly temporal resolution. Reanalysis 
combines model data with observations into a global and consistent dataset. The AgERA5 (ECMWF) dataset provides daily surface 
meteorological data from 1979 to present based on the hourly ECMWF ERA5 data at surface level.

The climate change data used for comparison with the predictions derived from our model are sourced from the NEX-GDDP-
CMIP6 dataset (Thrasher et al., 2012). This dataset comprises global downscaled climate scenarios derived from the General 
Circulation Model (GCM) simulations conducted under the Coupled Model Intercomparison Project Phase 6 (CMIP6).

The solar radiation, wind speed, relative humidity are used to compute the evapotranspiration according to the Penman-Monteith 
equation (Zotarelli et al., 2010) 

𝐸𝑇0 =
0.408𝛥

(

𝑅𝑛 − 𝐺
)

+ 𝛾 900
𝑇+273 𝑢2

(

𝑒𝑠 − 𝑒𝑎
)

𝛥 + 𝛾
(

1 + 0.34𝑢2
) (1)

where 𝐸𝑇0 is the reference evapotranspiration rate [mmd−1], 𝑇  the mean air temperature [◦C], 𝑢2 the wind speed [ms−1] at 2 m
above the ground, 𝑅n the solar net radiation [MJm−2d−1], 𝐺 the soil heat flux density [MJm−2d−1], 𝑒𝑠 the saturation vapor pressure 
[kPa], 𝑒𝑎 the actual vapor pressure [kPa], 𝛥 the slope of the saturated vapor pressure curve [kPa], and 𝛾 the psychometric constant 
[kPa°C−1].

2.2. Vegetation cover analysis

The analysis of the vegetative surface cover of the study area is carried out upon relying on the Normalized Difference Vegetation 
Index (NDVI) (Huang et al., 2021; Rouse et al., 1973). The index is correlated with the vegetation crown density. NDVI is calculated 
as the ratio between top of the atmosphere (TOA) reflectance of a red band (RED) around 0.66 micron and a near-infrared band 
(NIR) around 0.86 micron. 

𝑁𝐷𝑉 𝐼 = 𝑁𝐼𝑅 − 𝑅𝐸𝐷
𝑁𝐼𝑅 + 𝑅𝐸𝐷

(2)

The NDVI ranges from −1 to 1, serving as a proxy for vegetation health and density. Low values indicate bare soil while high 
values represent dense vegetation. Here we assume that the considered spatial domain lacks vegetation, except for the oasis area. 
NDVI is used to estimate the oasis’ area by distinguishing the oasis from non-vegetated surfaces. A threshold value of the index 
𝜏𝑁𝐷𝑉 𝐼  is then necessary to perform the calculation. The value of 𝜏𝑁𝐷𝑉 𝐼  is determined by comparing the NDVI map derived from 
Landsat 8 to those from Sentinel-2 provided by the website SOAR, the latter showing the vegetative surface for an optimal NDVI 
threshold. The NDVI index from the Landsat imagery has been calculated by processing the satellite images in Google Earth Engine. 
The computation of the optimal threshold to identify the vegetative surface of the oasis is performed in Matlab by the following 
procedure:

1. Mask from Sentinel-2 imagery: a mask of the vegetative surface 𝑀𝑆 is created from Sentinel-2 imagery relying upon 
Otsu’s algorithm (Otsu et al., 1975). The Otsu method is commonly used to select the optimal global threshold to obtain 
the vegetation cover thresholds and has been previously applied for oases’ identification. This algorithm is implemented in 
Matlab by the graythresh function, which computes a global threshold from a grayscale image by minimizing the intraclass 
variance of the thresholded black and white pixels;
3 
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2. Resize Landsat imagery: the Landsat satellite images are resized by the Matlab function imresize to ensure an exact overlap 
between Landsat and Sentinel imagery;

3. Optimal threshold identification: the optimal threshold value of the NDVI (𝜏∗) for each Landsat image is identified as the 
threshold value (𝜏) that maximizes similarity between the masks obtained from Landsat and Sentinel datasets. The value 𝜏∗ is 
computed through an iterative process where 𝜏 is incremented at each iteration 𝑖 over the set [−1, 1]. The iterative procedure 
comprises the following steps:

(a) Mask from Landsat imagery: for each iteration 𝑖 a mask 𝑀𝐿𝑖 is generated from the image 𝑖𝑚𝑎𝑔𝑒𝐿 considering the 
threshold 𝜏𝑖

𝑀𝐿𝑖 = 𝑖𝑚𝑎𝑔𝑒𝐿 > 𝜏𝑖 (3)

(b) Evaluation of similarity: the similarity (𝑠𝑖𝑚) between the masks obtained from the two datasets, 𝑀𝑆 and 𝑀𝐿, is 
quantified as 

𝑠𝑖𝑚𝑖 =
𝑁𝑝(𝑀𝐿 = 𝑀𝑆 )

𝑁𝑡𝑜𝑡
(4)

where 𝑁𝑝(𝑀𝐿 = 𝑀𝑆 ) represents the number of pixels of 𝑀𝐿 that coincide with those in 𝑀𝑆 , 𝑁𝑡𝑜𝑡 is the total number 
of pixels of the mask, with 𝑁𝑡𝑜𝑡(𝑀𝐿) = 𝑁𝑡𝑜𝑡(𝑀𝑆 ).

The optimal NDVI threshold value 𝜏∗ for each satellite image is identified as the 𝜏𝑖 value that maximizes 𝑠𝑖𝑚𝑖.

Section S1 of the Supplementary Material exemplifies the application of the method to a practical case. The procedure is iterated 
monthly from 2016 to 2023. For each month, a satellite image with minimal cloud cover, offering good surface visibility, is selected 
from each dataset, prioritizing images captured on the same day if available. To remove the impact of the seasonal variations in 
NDVI caused by vegetation dynamics and environmental factors, the average monthly threshold (𝜏∗𝑚) is calculated for each year. 
Subsequently, the minimum and maximum 𝜏∗𝑚 values across the entire time frame are considered to account for uncertainty on 
the estimate of the threshold of the NDVI. Both 𝜏∗𝑚𝑖𝑛 and 𝜏∗𝑚𝑎𝑥 are used to quantify the vegetative cover surface 𝐴𝑣, maximum and 
minimum area respectively, from Landsat 5 and Landsat 8.

2.3. Vegetation water stress

The Normalized Difference Moisture Index (𝑁𝐷𝑀𝐼) has been evaluated for monitoring water stress in plants. 𝑁𝐷𝑀𝐼 is 
calculated using the near-infrared (𝑁𝐼𝑅) and the short-wave infrared (𝑆𝑊 𝐼𝑅) reflectance as (Gao, 1996) 

𝑁𝐷𝑀𝐼 = 𝑁𝐼𝑅 − 𝑆𝑊 𝐼𝑅
𝑁𝐼𝑅 + 𝑆𝑊 𝐼𝑅

(5)

𝑁𝐷𝑀𝐼 ranges from −1 to 1 its value being proportional to moisture levels. This study leverages 𝑁𝐷𝑀𝐼 to identify areas within 
the oasis that have experienced water stress over the last decades. For each satellite image, we compute a 𝑁𝐷𝑀𝐼 threshold as the 
10th percentile of positive 𝑁𝐷𝑀𝐼 values, denoted as 𝜏10 = 𝑝10(𝑁𝐷𝑀𝐼|𝑁𝐷𝑀𝐼 > 0), i.e. considering a conditional probability 
distribution of positive NDMI values. Negative values are excluded as they are assumed to be related to bare soil cover. The average 
value of 𝜏10 is determined at monthly scale and used to estimate the regions within the study area experiencing the most significant 
water stress 𝐴𝑠, defined as the area with NDMI values lower than 𝜏10. The quantity 𝑅𝑤𝑠, obtained by normalizing 𝐴𝑠 by the area 
of the vegetative mask used for the computation, is employed to construct a statistical model that aims to identify the primary 
influencing factors on 𝑅𝑤𝑠 and predict potential future values. This modeling step is detailed in Section 2.4.

2.4. Data driven models

We leverage data-driven approaches to determine future trends and events based on current and historical observations. In this 
study a multivariate statistical model is employed to assess the interplay between climatic variables and vegetative surface changes 
within the study area and to predict their potential future values. The model is constructed using:

1. Historical climatic data for the study area obtained from the ERA5 reanalysis dataset (see Table  1 for details). Considered data 
include cumulative precipitation 𝑃𝑐 , mean temperature 𝑇 , and mean evapotranspiration 𝐸𝑇0, given their significant influence 
on vegetation changes and water stress;

2. Temporal variations in vegetative surface area 𝐴𝑣 and water-stress areas 𝑅𝑤𝑠 of the oasis, derived from the analysis described 
in Section S1 of Supplementary Material.

The analysis is conducted at two distinct temporal scales: (1) annual scale to assess the long term impact of climatic variables on 
the variation of the vegetative surface area, (2) monthly scale to investigate the oasis’s area subjected to water stress with higher 
temporal resolution. To ensure consistency across both analyses, the chosen time intervals reflect the availability of both climatic 
data and satellite imagery. The annual analysis spans from 1985 to 2022, while the monthly analysis covers the period from 2014 
to 2022.
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Prior to model selection, preliminary tests are performed to assess the stationarity of the time series and identify any potential 
cointegrations between the variables. This step ensures the choice of the most appropriate statistical model for the underlying data 
characteristics. All analyses were performed using the R statistical software package (R. Core Team et al., 2016). The Autoregressive 
Vector (VAR) model is suitable for stationary data at level (in its original form). When the input variables are not stationary at level 
but their first differences are stationary and exhibit cointegration, the Vector Error Correction model (VEC) becomes an appropriate 
choice.

The initial step involves evaluating the stationarity properties of the time series data. The Augmented Dickey–Fuller (ADF) 
test (Banerjee et al., 1993) is employed to detect the presence of a unit root, which indicates non-stationarity (see Section S2 in 
Supplementary Material). The test relies upon the computation of t-statistics from a regression equation of the variable 𝑥 which 
incorporates a constant, a linear trend and a number of lags equal to trunc((𝑙𝑒𝑛𝑔𝑡ℎ(𝑥) − 1)1∕3). Based on the derived 𝑝-value the test 
determines whether the null hypothesis (existence of a unit root, i.e. non-stationary time series) is satisfied.

If the data exhibits non-stationarity at the level, we proceed to investigate cointegration. Cointegration is identified using the 
Johansen test (Johansen, 1988; Johansen and Juselius, 1990) and assesses the existence of long-term relationships between the 
variables. Moreover, the analysis determines the cointegration rank, indicating the number of such equilibrium relationships that 
are detected. Further details on the test are provided in Section S3 in Supplementary Material.

The number of lags (𝑞) included in the model significantly influences the accuracy of the results, particularly in the VEC model. 
The lag length reflects the time it takes for a variable to be impacted by its own past values and by the past values of other 
variables in the model. The optimal lag length to be considered in the multivariate time series analysis is identified relying upon 
the AIC criterion. AIC is calculated from the maximum likelihood (𝐿) and the number of estimated parameters (𝑛) of the model 
as (Sakamoto et al., 1986) 

𝐴𝐼𝐶 = 2𝑛 − 2𝑙𝑛(𝐿) (6)

When comparing models fitted by maximum likelihood to the same data, the smaller the AIC the better the fit. AIC can be used 
to estimate the posterior probability associated to each of the 𝑁𝑀  available alternative interpretive models as (Janetti et al., 2012) 

𝑝(𝑀𝑘 ∣ 𝐗∗) =
exp(− 1

2𝛥𝐴𝐼𝐶𝑘)𝑝(𝑀𝑘)
∑𝑁𝑀

𝑖=1 exp(− 1
2𝛥𝐴𝐼𝐶𝑖)𝑝(𝑀𝑖)

(7)

where 𝑋∗ are the predicted endogenous variables, 𝛥𝐴𝐼𝐶𝑘 = 𝐴𝐼𝐶𝑘 − 𝑚𝑖𝑛
{

𝐴𝐼𝐶𝑘
} with 𝐴𝐼𝐶𝑘 corresponding to the 𝐴𝐼𝐶 value of 

the model 𝑀𝑘, and 𝑝(𝑀𝑖) is the prior probability associated with the model 𝑀𝑘. Without prior information, 𝑝(𝑀𝑖) can be assumed 
equal to 1∕𝑁𝑀 . The posterior model probabilities in Eq.  (7) allow to (1) rank a set of candidate models in terms of their associated 
posterior probabilities, and (2) quantify the uncertainty associated with the model predictions by assigning a weight to each model 
based on its posterior probability. The constructed models are used to analyze the relationships between the endogenous variables 
and to predict their possible future values. The statistical models used for each time scale are specified below.

2.4.1. Modeling of stationary variables
If the ADF test indicates stationarity, the VAR model is employed. The model extends the idea of univariate autoregression to 

𝑘 time series regressions to capture the interdependencies among them. The VAR model of lag order 𝑞 is formulated as (Hamilton, 
2020) 

𝑦𝑡 = 𝐴1𝑦𝑡−1 +⋯ + 𝐴𝑞𝑦𝑡−𝑞 + 𝐶𝐷𝑡 + 𝑢𝑡 (8)

where, 𝑦𝑡 is a 𝑘 × 1 vector of endogenous variables, 𝐴𝑗 with 𝑗 = 1,… , 𝑞 the coefficient matrices of dimension 𝑘 × 𝑘, 𝐷𝑡 represents 
the deterministic regressors, and 𝐶 is the corresponding coefficient matrix, and 𝑢𝑡 indicates the 𝑘 × 1 vector error assumed to be 
normally distributed with mean zero and variance 𝛴𝑢 = 𝐸(𝑢𝑡′𝑢𝑡). The deterministic regressors term accounts for centered seasonal 
dummy variables and/or exogenous variables and can be expressed as a linear trend or a constant (including zero). The 𝑘2 × 𝑞
coefficients of the matrix 𝐴 and the 𝑛 × 𝑘 constants of the deterministic regressor, if any, are estimated by ordinary least squares 
(OLS) for each equation separately. Seasonality from monthly data is incorporated into the model using seasonal dummy variables 
treated as external factors (exogenous). Each dummy variable takes a value of 1 during its corresponding month and 0 otherwise. 
This approach adds 11 coefficients to the VAR model, capturing seasonality without introducing perfect multicollinearity.

2.4.2. Modeling of non-stationary variables
When the ADF test indicates non-stationarity, the existence of cointegration is verified using the Johansen test.
In this case, a VEC model is employed. The VEC model combines a VAR model with error correction terms, enabling it to capture 

both the short-term effects between variables and the long-term effects of time series data. The general form of VEC for 𝑘 endogenous 
variables with order 𝑞 and cointegration rank 𝑟, with 𝑟 ≤ 𝑘, is (Hamilton, 2020) 

𝛥𝑦𝑡 = 𝛱𝑦𝑡−1 +
𝑞−1
∑

𝑖=1
𝐴𝑖𝛥𝑦𝑡−𝑖 + 𝜇 + 𝐶𝐷𝑡 + 𝑢𝑡 (9)

where 𝛥 indicates differentiation, 𝛥𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1, 𝑦𝑡−1 the vector endogenous variable with 𝑙𝑎𝑔 = 1, 𝛱 the coefficient matrix of 
cointegrating relationships, 𝐴  the 𝑘 × 𝑘 matrix coefficient of each endogenous variable 𝑖, measuring transient effects, 𝐷  the 𝑘 × 1
𝑖 𝑡
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vector of deterministic terms and 𝐶 the corresponding coefficient matrix, 𝑢𝑡 the 𝑘 × 1 error vector with zero mean and variance–
covariance matrix 𝛴𝑢 = 𝐸(𝑢𝑡′𝑢𝑡), 𝜇 a constant term. The 𝛱 matrix can be written as 𝛼𝛽′ where 𝛽 is the 𝑘 × 𝑟 cointegration matrix 
containing information on the equilibrium relationships between the variables in levels, and 𝛼 represents the 𝑘 × 𝐶 loading matrix 
describing the speed at which a dependent variable converges back to its equilibrium value. The 𝑟 value corresponds to the rank of the 
matrix 𝛱 determined according to the Johansen test. The cointegration term may include a constant or a trend in the cointegration 
equations according to the data. The model coefficients are estimated using the Maximum Likelihood (ML) method.

Note that the VEC formulation in Eq.  (9) and VAR Eq. (8) differ in two key aspects. First, the VEC includes a cointegration term to 
account for long-run equilibrium relationships, which is absent in the VAR. Second, the VEC is formulated in first differences, while 
the VAR uses levels of the variables. To obtain fitted and predicted values in their original level form (instead of first differences as 
resulting from Eq.  (9)) the vec2var function implemented in R (Pfaff and Taunus, 2007; Lütkepohl, 2005) is employed. This function 
effectively transforms a VEC model into a level-VAR form preserving the cointegration information within the structure of the VAR.

2.5. Model suitability

Various tests are performed to evaluate the adequacy of the constructed model in terms of stability, residual autocorrelation, 
nonnormality and heteroskedasticity.

Model stability is assessed by calculating the eigenvalues of the coefficient matrix in Eqs. (8)–(9). Here the stability is intended 
as the stability of the system of difference equations. If the moduli of the eigenvalues of 𝐴 are less than 1 the model is stable (Pfaff 
and Taunus, 2007). Normality of residuals is not a necessary condition for model validity. However, non-normality of the residuals 
may indicate other model deficiencies such as nonlinearities or structural change (Lütkepohl, 2013). The Jarque–Bera normality test 
is employed to test if the residuals are normally distributed. Further details are provided in Section S4 in Supplementary Material. 
The lack of serial correlation in the model residuals is tested by the Portmanteau test and the LM test proposed by Breusch and 
Godfrey (Breusch, 1978; Edgerton and Shukur, 1999) (see Section S5). Correlation in residuals may lead to unreliable parameters 
estimation and inaccurate prediction.

The heteroskedasticity is assessed relying upon the ARCH test (Lütkepohl, 2005) (see Section S6 in Supplementary Material). 
Heteroskedastic residuals can indicate structural change, implying instability of the regression coefficients. In this regard, the 
stability of the regression relationships in the model is evaluated by an empirical fluctuation process estimated for each regression. 
Specifically, we refer to the CUSUM (Cumulative Sum) processes, which contain cumulative sums of standardized residuals. Further 
details can be found in Kleiber (2002). A stable fluctuation process remains within the critical bounds and close to zero.

After model construction and validation, the forecast error variance decomposition (FEVD) can be used to analyze how a shock 
to one variable affects the others. FEVD quantifies the contribution of each variable to the overall forecast error variance in the 
multivariate model. This helps identify which variables have the most significant influence on the uncertainty associated with future 
predictions. Details on FEVD are provided in Section S7 of the Supplementary Material.

3. Study area

M’Chouneche, an Algerian commune nestled within the Oued Labiod Watershed of Biskra Province, features a traditional oasis, 
as visible in Fig.  1. The area is located at an elevation exceeding 300 meters above sea level. The town hosts a community of over 
7000 inhabitants which has historically maintained a rich ecosystem of approximately 93,000 palm trees (Medouki et al., 2022). 
The oasis falls within the drainage basin of Oued el Hai Biskra with headwaters originating in the Belezma Mountains, which receive 
400-500 mm/year of precipitation, and flowing northeasterly for roughly 60 km through the Aurès region before emerging onto 
the El Outaya Plain (Fiantanese, 2023). M’Chouneche experiences a classic desert climate with distinct seasonal variations. Winters 
are mild, featuring pleasant days (13-25◦C) and cool nights (5-8◦C). However, summers stand in stark contrast, characterized by 
intense heat with temperatures frequently exceeding 40◦C.

The oasis of M’Chouneche belongs to traditional wadi oases: the villages and the palm grove are located along the wadi. 
M’Chouneche oasis supports a variety of plant life that is well-adapted to the desert environment. The vegetation is dominated by 
date palm trees (see Fig.  2), which are a common feature in desert gardens and play a crucial role in the ecosystem of the oasis. This 
vegetation not only sustains the local population with food and shade but also contributes significantly to the socio-environmental 
well-being of the area.

Our aim is here to apply the methodology proposed in Section 2 to assess the long term trends in the aerial extension of 
M’Chouneche oasis, as well as the short term dynamics of water stress. Climatic variables can be a direct or indirect cause of 
deterioration of the oasis environment. Climate fluctuations at small and large temporal scales can directly induce water stress, thus 
impacting vegetation density and extension. At the same time the increase in temperature and disruption of precipitation patterns 
that has been observed in the last decade creates the conditions for abandonment and lack of management and maintenance of small 
scale plantations, that was traditionally provided by the local community. Management of small wadi oasis traditionally relies on 
surface water resources, this management model being more prone to failure due to climate change, as opposed to large industrial 
date palm tree plantations existing in the region of Biskra (Algeria) that have been largely developed relying entirely on deep 
groundwater resources (Petit et al., 2017). The development of such large-scale modern oases systems may be another cause of 
abandonment of traditional oases systems, becoming less economically viable due to scarcity of water. In the current scenario, the 
abandonment of traditional land management practices, honed over centuries to adapt to the harsh desert environment, potentially 
leaves the oasis vulnerable to further degradation.
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Fig. 1. Study area: Oasis of M’Chouneche, Aurès region (Algeria).

Fig. 2. M’Chouneche oasis.
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Fig. 3. Variation of the mean annual vegetative surface cover of the oasis 𝐴𝑣 estimated from NDVI values (a): the shaded area corresponds to the envelope of 
𝐴𝑣 for 𝜏∗ = 𝜏∗𝑚𝑖𝑛 and 𝜏∗ = 𝜏∗𝑚𝑎𝑥, while the thick line is the mean 𝐴𝑣. Panel (b) shows the mean annual NDVI spatial distribution for some selected years.

4. Results

The results are organized following the primary objectives of the study, as outlined in Section 2. Section 4.1 details the assessment 
of changes in the oasis’ vegetative surface cover. Statistical modeling of the time series for physical quantities is provided in 
Section 4.2.

4.1. Assessment of the oasis’s vegetative surface changes

The extension of vegetative cover within the M’Chouneche oasis is investigated by satellite imagery analysis. The optimal 
threshold value for the NDVI was determined by comparing Landsat 8 and Sentinel 2 satellite images on a monthly basis from 
2016 to 2023, as detailed in Section 2.2. The application of the proposed procedure and NDVI threshold identification are detailed 
in Section S1 of the Supplementary Material.

Fig.  3(a) depicts the temporal variation of the mean annual vegetative surface area (thick line). This value is calculated as the 
annual average of the vegetative area 𝐴𝑣 derived from each available satellite image. The figure reveals fluctuations in the oasis 
area over the years, with three distinct periods of decline: 1990–1992, 1996–2001, and 2013–2023. Notably, the most recent period 
(2013–2023) exhibits a decrease in 𝐴𝑣 of approximately 20%, potentially coinciding with the observed mortality of a significant 
number of palm trees. Fig.  3(b) presents mean annual NDVI maps for selected years of particular interest within the oasis. A clear 
correlation is evident between higher NDVI values and years with greater vegetative cover, indicating a denser plant population.

We further analyzed NDVI data focusing on the periods 1996–2001 and 2013–2023, which exhibited significant decreases in the 
mean annual vegetative surface area. Fig.  4(a) displays the spatial distribution of the vegetative decline in these periods obtained 
by comparing the vegetative masks extracted from the NDVI analysis at the end and at the beginning of the two time windows. For 
the period 1996–2001, the reduction primarily occurs in the oasis’ northern region, while the central region appears more affected 
during the later interval 2013–2023. Fig.  4(b) presents the temporal variations of NDMI for regions with (red line) and without 
(black line) vegetation loss. The NDMI values are obtained by averaging the index values across pixels within the designated zones. 
Notably, regions experiencing vegetation loss exhibited lower and decreasing NDMI values compared to other areas. This trend is 
8 
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Fig. 4. Analysis of vegetation loss and water stress. (a) Areas with missing vegetative cover (red) during 1996–2001 (left) and 2013–2023 (right). (b) Mean 
NDMI of water-stressed (red line) and non-stressed areas (black line) indicated in the highlighted areas in (a).

particularly evident in the last decade, where a significant decrease in the NDMI is observed in the affected regions leading to the 
occurrence of a negative average NDMI. These findings suggest that the analyzed areas endured consecutive periods of water stress, 
potentially contributing to plant mortality due to climatic or water supply limitations.

4.1.1. Transferability to proximal oases
The methodology for estimating vegetative cover outlined in Section 2.2 relies on the definition of specific thresholds. To test 

the transferability of these thresholds to proximal oases, the procedure is here applied to two additional oases along the Wadi Abiod 
(Oued el Abiod Wadi). These oases, Baniane and Ghoufi, are located a few dozen kilometers north of M’Chouneche, as depicted in 
Fig.  5, and are characterized by the presence of palm groves. This analysis serves two primary purposes: (1) to assess changes in 
vegetation cover within these oases close to M’Chouneche and identify potential similarities in their vegetative dynamics compared 
to the studied case, (2) to evaluate the transferability of the proposed procedure to other proximal traditional oasis systems. The 
estimate of 𝐴𝑣 is performed using the range of NDVI values (𝜏∗ = 𝜏∗𝑚𝑖𝑛 and 𝜏∗ = 𝜏∗𝑚𝑎𝑥) both determined by applying the procedure 
outlined in Section 2.2 to the satellite images of the Baniane and Ghoufi oases and using the NDVI range optimized for M’Chouneche. 
The analysis is performed from 2013 to 2023, corresponding to the time frame where a significant reduction of the vegetation cover 
is observed in M’Chouneche. Fig.  5 reveals a decrease in vegetative cover at Baniane and Ghoufi oases. Details on calibrating the 
NDVI threshold for these additional oases are provided in Section S1.1 in Supplementary Material. For Ghoufi, the NDVI range 
estimated for M’Chouneche (red lines in Fig.  5) overestimates the mean annual vegetation cover by about 10% compared to the 
direct application of the procedure to the satellite images (blue line in Fig.  5). This can be attributed to the higher variability of 
the estimated optimal NDVI threshold in Ghoufi, possibly caused by the satellite image resolution being insufficient for the small 
oasis size. For Baniane, while the employed NDVI ranges show a similar decreasing trend, the 𝐴𝑣 estimates obtained using the 
𝜏∗ = 𝜏∗𝑚𝑖𝑛 and 𝜏∗ = 𝜏∗𝑚𝑎𝑥 values from Section 4.1 are on average 14% lower than their counterparts. This difference arises from the 
site-specific optimal NDVI threshold having a smaller variation and being slightly lower than the one obtained for M’Chouneche. 
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Fig. 5. Estimate of the vegetative cover of Baniane (a) and Ghoufi (b) oasis. Comparison of the area estimated by using the NDVI threshold values obtained 
for M’Chouneche oasis (red line) and applying the calibration procedure to the satellite images of the other oases (blue line). The shaded area corresponds to 
the envelope of 𝐴𝑣 for 𝜏∗ = 𝜏∗𝑚𝑖𝑛 and 𝜏∗ = 𝜏∗𝑚𝑎𝑥, while the thick line is the mean 𝐴𝑣. (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.)

The geographical and physical characteristics of the two oases may contribute to this variation in NDVI threshold values. In spite 
of these minor differences, all predictions display a similar decreasing trend, indicating that our methodology can be employed to 
analyze emerging trends in proximal systems without the need of re-calibrating the thresholds.

4.2. Modeling time series and future predictions

The climatic data and the results from the analysis of vegetative cover dynamics and water stress are used as input data for 
statistical modeling, employing the tools in Section 2.4.

4.2.1. Monthly data
Considering monthly data, the Augmented Dickey–Fuller test results in Section S1 indicate that all the assessed endogenous 

variables are stationary at level. Therefore, the VAR model is employed as an interpretive model. The VAR model can incorporate 
constant terms, trends, or seasonal components depending on the dataset characteristics (see Eq. (8)). We evaluated different VAR 
models and performed the diagnostic tests described in Section 2.5 to select the most suitable one. For the comparison, we consider 
the number of lags (𝑞) providing the lowest AIC value for each model.

Table  2 reveals that including seasonality improves model performance. All seasonal VAR models have lower AIC values and 
perform better than others, especially in terms of stability. The significance of the seasonality is also supported by the autocorrelation 
function (ACF) plots of the endogenous variables (see Figure S4 in Supplementary Material). These plots show periodic patterns in 
the significant lags, especially for temperature and evapotranspiration data where a strong seasonality is observed.
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Table 2
Comparison of different VAR models with and without seasonality: no constant and no trend term (None), with constant term (Const), with trend (Trend), with 
constant and trend term (Const+Trend). The results of the serial correlation, Heteroskedasticity, and normality are expressed in p-value.
 Type Seasonality q AIC Stability 

(roots)
Serial correlation Heteroskedasticity 

(ARCH)
Normality 
(JB)

Structural breaks 

 None 7 9 882 ≈ 1 0.0017 0.42 0.7764 3  
 None 3 3 840 > 1 0.24 0.63 0.008 3  
 Const 7 5 882 ≈ 1 0.17 0.59 0.02 3  
 Const 3 2 827 < 1 0.25 0.42 0.001 7  
 Const 3 3 833 < 1 0.41 0.76 0.006 3  
 Trend 7 9 886 ≈ 1 0.001 0.54 0.83 3  
 Trend 3 3 843 ≈ 1 0.30 0.58 0.001 3  
 Const+Trend 7 5 881 ≈ 1 0.20 0.64 0.071 3  
 Const+Trend 3 2 817 < 1 0.30 0.28 0.001 3  

Table 3
RMSE between the predicted and observed cumulative precipitation 𝑃𝑐𝑚, mean 
temperature 𝑇𝑚 and evapotranspiration 𝐸𝑇0𝑚, and oasis’area subjected to water 
stress 𝑅𝑤𝑠 for Model 1 and Model 2.
 𝑃𝑐𝑚 𝑇𝑚 𝐸𝑇0𝑚 𝑅𝑤𝑠  
 Model 1 9.80 1.64 0.73 0.04 
 Model 2 10.71 1.51 0.81 0.06 

Fig. 6. Comparison of the fitted (solid red line) and predicted (solid black line) values of VAR Model 1 and the corresponding observations for the endogenous 
variables 𝑃𝑐𝑚, 𝑇𝑚, 𝐸𝑇0𝑚, 𝑅𝑤𝑠. The observation dataset is split into model calibration data (light blue markers) and model validation data (green markers). The 
dashed gray lines represent the upper and lower 95% confidence bounds. (For interpretation of the references to color in this figure legend, the reader is referred 
to the web version of this article.)

Table  2 reveals two strong contenders for the best performing model: Model 1 (constant term only) and Model 2 (constant and 
trend terms). Both achieve the lowest AIC values and satisfy the diagnostic tests, with the exception of the normality test which is not 
a strict requirement. To determine the most suitable model, we assessed their 16-step-ahead predictions against actual observations 
of the target variables. Root Mean Square Error (RMSE) is used as metric for evaluating prediction accuracy. As shown in Table  3, 
Model 1 outperforms Model 2 in terms of RMSE, except for the variable 𝑇𝑚, and therefore is chosen as the reference VAR model.

As displayed in Fig.  6, Model 1 provides a good match between (1) the fitted values and the observations over the time range 
from 2014 to 2022 and (2) the predicted values and the reference observed data for 2023–2024. Lower accuracy is observed in the 
predictions/estimates of the monthly cumulative precipitation, as compared to the other variables.
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Fig. 7. FEVD for the water stressed area 𝑅𝑤𝑠.

Table 4
Posterior probability of the candidates VEC models: type of cointegration term (without additional 
term (none), with constant term (const), with trend term (trend)), number of lags 𝑞, AIC value 
associated to the VEC model, posterior probability 𝑝(𝑀𝑘 ∣ 𝐗∗).
 Cointegration term q AIC 𝑝(𝑀𝑘 ∣ 𝐗∗)  
 Model𝑛 none 5 −202.09 0.03  
 Model𝑐 constant 5 −208.84 0.96  
 Model𝑡 trend 4 −139.42 8.15 × 10−16 

VAR Model 1 is then employed to assess the correlation between the variables, particularly focusing on the oasis’s area subjected 
to water stress 𝑅𝑤𝑠. The 96 estimated model coefficients, obtained by OLS methods, are reported in Table S9 in Supplementary 
Material.

The FEVD analysis in Fig.  7 shows the contribution of each variable to the forecast error variance of 𝑅𝑤𝑠 over 12 time steps ahead. 
Notably, 𝑅𝑤𝑠 itself has the strongest influence, with a peak impact of 90% in the first step. Temperature and evapotranspiration 
contribute a minor and relatively constant 5% each, while precipitation becomes increasingly significant after the first step, reaching 
12% by the fourth step. This suggests a lagged effect of 𝑃𝑐𝑚 on 𝑅𝑤𝑠 probably associated with soil water retention and variation of 
water content. The lagged effect helps explain why consecutive periods of water stress can lead to the loss of vegetative cover 
observed in Figs.  3 and 4.

4.2.2. Annual data
Climate change and its impact on the oasis vegetative cover are assessed by analyzing the annual climatic data, in terms of 

cumulative precipitation 𝑃𝑐𝑎, mean temperature 𝑇𝑎 and evapotranspiration 𝐸𝑇0𝑎, and the vegetative cover 𝐴𝑣 for a period of 38 years. 
As displayed in Fig.  8, the observed climatic data (light blue dots) reveal a reduction in annual cumulative precipitation and an 
increase in annual mean temperature and evapotranspiration, becoming more pronounced after 2005.

The Augmented Dickey–Fuller test results indicate that our annual endogenous variables are non-stationary in levels, but become 
stationary at first difference (see Table S2 of Supplementary Material). Moreover, the Johansen test (see Table S3 in Supplementary 
Material) reveals the existence of two cointegrations, i.e. long-term equilibrium relationships, between the variables. Thus, the time 
series meets the requirements for the application of the VEC model.

The cointegration term within the VEC model in Eq.  (9) may include a constant or a trend component, alongside the 𝛽 coefficient. 
In this term, we evaluate different VEC models, with and without this additional term (constant or trend) in the cointegration 
relationship. For each model, we compute the posterior probability using the AIC index, according to Eq.  (7). Due to the limited 
amount of available annual data, model selection relies on the posterior probability rather than the RMSE between predicted and 
observed future values, as employed for the monthly data in Section 4.2.1. As indicated in Table  4, the VEC model incorporating 
a constant term in the cointegration relationship (Model𝑐) exhibits the highest posterior probability, which aligns with the highest 
AIC value. Model𝑡 provides the greatest AIC values and the lowest posterior probability. The estimated coefficients for Model𝑐 (88 
in total, comprising the cointegration and lag term coefficients) are provided in Table S5 in the Supplementary Material. Moreover, 
the model satisfied the suitability test in terms of stability, residual autocorrelation, heteroskedasticity, and normality (see Table S7 
in Supplementary Material).

The estimated posterior probability is then employed to compute model predictions by averaging the model outputs using the 
𝑝(𝑀𝑘 ∣ 𝐗∗) value, as reported in Eq. (7). As shown in Fig.  8, the resulting VEC prediction effectively approximates the observed 
endogenous variables from 1991 to 2022. The RMSE between the model results and observed values is equal to 20.67 mm, 0.29 ◦C, 
0.10 mm, 0.029 km2 for 𝑃 , 𝑇 , 𝐸𝑇 , and 𝐴 , respectively.
𝑐𝑎 𝑎 0𝑎 𝑣
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Fig. 8. Comparison between (1) the VEC model fitting (red line) and the observations (light blue dots) and (2) the VEC model predictions (dark blue line) 
and the NEX-GDDP-CMIP6 predictions (magenta squared markers (SSP5-8.5 scenario) and green squared markers (SSP2-4.5 scenario)). The dashed gray lines 
represent the upper and lower 95% confidence bounds. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.)

We extend our predictions until 2050 to gain insights on the possible future trajectory of the oasis system. The uncertainty 
associated with these predictions is also considered and reported in Fig.  8. The averaged predictions for 𝑃𝑐𝑎 reveal a rising trend with 
an average growth of approximately 87 mm. An increase is also expected in the annual mean temperature and evapotranspiration.

The VEC model predictions are compared with climate change projections from NEX-GDDP-CMIP6, specifically the SSP2-4.5 
(Middle Road) and SSP5-8.5 (Fossil-Fuel Development) scenarios which consider global economic and demographic changes as well 
as greenhouse gas emissions (Fu et al., 2023). The SSP2-4.5 scenario represents the medium pathway of future greenhouse gas 
emissions and incorporates climate change mitigation efforts. The SSP5-8.5 scenario assumes high emissions without significant 
mitigation efforts mimicking an economic development based on an intensified exploitation of fossil fuel resources. As shown in 
Fig.  8, the SSP5-8.5 scenario predicts harsher climatic conditions for the oasis with lower annual cumulative precipitation and 
higher annual mean temperature and evapotranspiration compared to SSP2-4.5. The VEC predictions align well with the NEX-
GDDP-CMIP6 projections, particularly for temperature and evapotranspiration. Predicted precipitations display some mismatch, yet 
the NEX-GDDP-CMIP6 projections mostly fall within the confidence range of the VEC model predictions. Overall, the VEC predictions 
lean closer to the SSP5-8.5 scenario.

The VEC model predicts a reduction in the oasis’ vegetative surface. This translates to an expected decrease of around 36% by 
2050 under the projected climate change scenario and without mitigation efforts. This highlights the urgent need for interventions 
to improve water resource management and agricultural practices.

Results reported in Fig.  8 assume the oasis vegetative surface cover to be a deterministic input. To consider the uncertainty 
associated with the estimate of the vegetative surface cover determined in Section 4.1, we sampled 100 realizations of 𝐴𝑣 time 
series. To this end for each year we randomly select a value from a uniform distribution on the interval [𝐴𝑣(𝜏∗𝑚𝑎𝑥), 𝐴𝑣(𝜏∗𝑚𝑖𝑛)]. 
These realizations represent the potential variation in vegetative surface based on the uncertainty in the NDVI threshold. For 
each realization, we use the VEC model to generate future projections and to obtain the envelope of realizations quantifying the 
uncertainty associated with 𝐴𝑣. As displayed in Fig.  9, the envelope of model realizations mostly predicts a vegetative surface 
decline. The reference projection (red dashed line), which is obtained when considering the average value of [𝐴𝑣(𝜏∗𝑚𝑎𝑥), 𝐴𝑣(𝜏∗𝑚𝑖𝑛)], 
represents a scenario close to the 75th percentile of 𝐴𝑣 realizations.

5. Discussion and conclusions

Our work focuses on understanding the relationship between climatic factors and vegetation dynamics in traditional oases. 
We employ remote sensing data and data-driven models to evaluate the historical and projected trajectory of traditional oasis 
systems, providing evidence of oasis vegetative cover dynamics over time and inferring future trends. Key innovations include 
13 
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Fig. 9. Sample of VEC model predictions for the vegetative surface cover 𝐴𝑣 including the uncertainty on 𝐴𝑣 estimate: reference prediction obtained employing 
the average value of [𝐴𝑣(𝜏∗𝑚𝑎𝑥), 𝐴𝑣(𝜏∗𝑚𝑖𝑛)](red dashed line), 25th (black line) and 75th (blue line) percentile of the 𝐴𝑣 realizations. The shaded area represents 
the envelope corresponding to the whole sample of 𝐴𝑣 realizations. (For interpretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.)

a robust methodology for assessing oasis area using NDVI and NDMI indices from Landsat and Sentinel imagery. Additionally, we 
introduce and benchmark VAR and VEC models to analyze water stress and vegetative surface cover dynamics through probabilistic 
approaches. Our analysis considers climatic variables’ impact, in terms of precipitation, temperature, and evapotranspiration, on 
oasis vegetation at both monthly (VAR) and annual (VEC) scales.

The methodology is applied to the M’Chouneche oasis in the Aurés area, Algeria, in line with the objectives of the AMAZING 
project. Analysis of satellite imagery revealed a decline in oasis vegetation cover, particularly in the past decade, with a decrease 
of approximately 20%. This trend was also observed in other oases in the same watershed (i.e., the Baniane and Ghoufi oases). 
Our method to estimate oasis area requires the estimation of optimal thresholds, which are in principle site-specific. Yet, our 
results document that the estimated thresholds can be transferred to proximal oases. When comparing the estimated cover using the 
NDVI threshold derived specifically for each oasis versus the threshold obtained from M’Chouneche, we observed discrepancies of 
approximately 10% and 14% for Ghoufi and Baniane oases, respectively. These variations likely stem from differences in image 
resolution relative to oasis size, along with geographical and physical characteristics of each oasis. Broad application in other 
geographical contexts is left for future works and is beyond the scope of this work.

The VAR model demonstrates good accuracy in both modeling and predicting future values of the assessed climatic and vegetative 
variables at the monthly timescale. The results indicate that among the climatic drivers, cumulative precipitation has the most 
significant impact on plant water stress, with a lagged effect. This behavior may explain why consecutive periods of water stress 
can lead to the observed palm tree mortality. Shifting to the annual scale, the VEC model exhibits good accuracy in modeling the 
interaction between climate change and vegetative cover dynamics. The model projections for climatic variables obtained from our 
data-driven approaches closely align with the NEX-GDDP-CMIP6 climate change projections. The VEC model suggests a significant 
reduction in vegetative cover by 2050. This outcome underscores the importance of strategic interventions, such as improved water 
resource management, to preserve traditional oases and prevent desertification and abandonment.
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Appendix A. Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.ejrh.2025.102266.
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