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INTRODUCTION

Land use and land cover (LULC) are among 
the most important drivers of environmen-
tal change worldwide. This is because human 

behavior is strongly intertwined with natural pro-
cesses, and these are the most complex ones, like 
climate change, urbanization, agricultural growth, 
and resource use. By altering hydrological cycles, 
energy balances, biodiversity, carbon storage, and 
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ABSTRACT
Understanding environmental changes and promoting the sustainable management of watersheds requires long-term 
monitoring of land use and land cover (LULC), especially in Mediterranean regions subject to high climate variabil-
ity and growing anthropogenic pressure. Using the whole Landsat imagery archive accessible via the Google Earth 
Engine platform, this study introduces a novel spatiotemporal land use and land cover dataset (LULC_AllalElFassi) 
for the Allal El Fassi Watershed spanning the years 1985–2025. The methodology ensures the geographical and 
temporal coherence of the produced maps while detecting changes in land use and land cover by combining a locally 
adaptive classification strategy with the Continuous Change Detection and Classification (CCDC) algorithm. Eight 
land use and land cover classifications could be mapped at a spatial resolution of 30 m thanks to the dataset, which 
was created using 2000 training samples and 800 independent validation points. The total accuracy of the results was 
82.8282.82±0.45 percentage points. Water bodies (93.65%), built-up areas (92.65%), agricultural land (87.64%), and 
dense woods (87.81%) had especially good categorization accuracy. Long-term landscape dynamics investigation 
showed a significant increase in open forests (+898.50%), a notable expansion of agricultural land (+10.38%) and 
built-up areas (+789.63%), and a decrease in thick forests (−9.35%) and herbaceous and poorly vegetated regions 
(−4.73%). These alterations show that the forest canopy is gradually opening, agricultural production is becoming 
more intensive, and urbanization is increasing across the watershed. The suggested dataset is a useful decision-sup-
port tool for hydrological modeling, water erosion assessment, forest resource management, and sustainable planning 
of Mediterranean watersheds. It also provides a reliable data source for long-term environmental monitoring.

Keywords: land use/land cover dynamics, Continuous Change Detection and Classification, Google Earth Engine, 
Landsat time series, spatiotemporal mapping, Allal Fassi Watershed, watershed monitoring.

Received: 2026.07.17
Accepted: 2026.08.23
Published: 2026.09.10

Ecological Engineering & Environmental Technology, 2026, 27(10), 61–81
https://doi.org/10.12912/27197050/226297
ISSN 2719–7050, License CC-BY 4.0

ECOLOGICAL ENGINEERING 
& ENVIRONMENTAL TECHNOLOGY

https://orcid.org/0009-0004-2361-0706
https://orcid.org/0009-0000-0580-7864


62

Ecological Engineering & Environmental Technology 2026, 27(10), 61–81

ecosystem services delivery levels, such changes 
can profoundly change how ecosystems operate 
(Cerdan et al., 2010; García-Ruiz et al., 2017; 
Gorelick et al., 2017). The combination of high 
climate variability and increasing human pressure 
on natural resources is what makes these dynam-
ics especially evident in Mediterranean regions. 
These areas are now regarded as the hotspots of 
climate change worldwide.

Clarifying how land degradation operates 
and predicting its effects on water resources in 
a watershed requires understanding of land-use 
and land-cover changes. Changes in plant cov-
er directly affect surface runoff, water erosion, 
groundwater recharge, sediment transport, and 
surface water quality (Panagos et al., 2015; Gore-
lick et al., 2017; Bengtsson et al., 2019; Borrelli 
et al., 2020). Similarly, the deterioration of forest 
ecosystems, the growth of urban areas, and the 
expansion of agricultural operations all increase 
watersheds’ susceptibility to environmental 
threats. Therefore, a basic requirement for creat-
ing efficient natural resource management plans 
and climate change adaptation strategies is the 
availability of trustworthy long-term land-use 
and land-cover time series (García-Ruiz et al., 
2017; Gorelick et al., 2017).

As of the last 20 years with the development 
of satellite remote sensing has considerably im-
proved land use and land cover. For example, the 
Landsat program provides a continuous archive 
of satellite images at a geographical resolution of 
30 m and therefore this is an opportunity to study 
long-term changes of the environment (Andreu 
et al., 1998; El Amarty, Lahrach, et al., 2024; El 
Amarty, Chakir, et al., 2024; Amarty et al., 2025). 
The large-scale processing of satellite image time 
series at regional and national scales has gotten 
easier by the rise of cloud-based computing plat-
forms such as Google Earth Engine. However, 
LULC products are still based on an independent 
classification method for each observation date, 
which may produce temporal inconsistencies and 
mistakes in classification (Zhu and Woodcock, 
2014; Bai et al., 2020; Xu and Somers, 2021; 
Pratson et al., 2023).

New methods based on continuous time-
series analysis have been created to get around 
these restrictions. Among these, Zhu and Wood-
cock’s (2014) Continuous Change Detection and 
Classification (CCDC) algorithm automatically 
identifies temporal breakpoints, updates land use 
and land cover changes over time, and models the 

spectral trajectory of each pixel using the entire 
archive of available Landsat observations (Patel 
et al., 2015; Soulard et al., 2016; Gorelick et al., 
2017; Claverie et al., 2018; Weiss et al., 2020; 
Tamiminia et al., 2020). This method is becom-
ing more and more popular for creating long-
term historical land use and land cover datasets 
because it greatly increases the temporal consis-
tency of LULC classifications while lowering 
the errors associated with traditional classifica-
tion techniques (Zhu and Woodcock, 2014; Zhu, 
2017; Wulder et al., 2019).

High-spatial-resolution land use and land 
cover monitoring products are still hard to come 
by at the size of Mediterranean watersheds, espe-
cially in Morocco, despite these methodological 
advancements. Current databases, which are of-
ten created at national or continental scales, fre-
quently fall short of adequately representing the 
transitions between the many vegetation cover 
types typical of Mediterranean ecosystems or 
capturing local landscape characteristics (Cam-
meraat and Imeson, 1999; Cosandey et al., 2005; 
Boellstorff and Benito, 2005; Bellin et al., 2009). 
This restriction makes it difficult to analyze the 
trajectories of landscape change and to evaluate 
how changes in land use and land cover affect 
forest ecosystems, water resources, and land-use 
planning regulations.

Such challenges are reflected in the Allal 
El Fassi Dam watershed located in the Moroc-
can Middle Atlas. This watershed is crucial for 
the conservation and management of forest eco-
systems, drinking water, and irrigation. But the 
growth of agriculture, pressure on forest ecosys-
tems, urbanization, and climate change in the last 
decades have all contributed to sudden changes 
in the landscape. In order to better manage water-
sheds and to improve land planning, we need to 
understand these changes in detail. LULC_Alla-
lElFassi is a new land use and land-cover dataset 
that spans 1985 to 2025 with a spatial resolution 
of 30 m. The dataset is generated using the CCDC 
algorithm and the Landsat archive available on-
line using Google Earth Engine. It comprises 26 
observation dates and a classification system for 
Mediterranean landscapes with eight land use and 
land cover classes.

The scientific contribution in this work is not 
that of developing a new change detection algo-
rithm, as the CCDC framework has already been 
developed and applied in a few papers. The origi-
nality of the proposed approach is that it draws on 
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several aspects in a watershed-scale map. These 
components include: first, using the full Landsat 
archive to reconstruct a 26-date spatiotemporal 
LULC dataset covering the period 1985–2025; 
second, developing an eight-class classification 
scheme with particular focus on ecology, land-
scape, and hydro-sedimentary characteristics of a 
Mediterranean watershed; third, generating spa-
tio-temporally stable training data with the help 
of the CCDC stability information; fourth, using 
a locally adaptive classification scheme in which 
only changed pixels are classified; and fifth, ap-
plying a spatio-temporal consistency optimiza-
tion method to reduce false transitions between 
successive maps. To the best of our knowledge, 
LULC_AllalElFassi is the first 30 m, eight-class 
long-term LULC dataset developed for the Allal 
El Fassi watershed between 1985 and 2025.
This study aims to:
	• produce a multi-temporal land use and land 

cover dataset spanning the period 1985–2025 
for the Allal El Fassi Watershed; 

	• identify and analyze the major changes in the 
eight land use and land cover classes;

	• determine the thematic and temporal reliabili-
ty of the data using independent reference data 
and uncertainty-related accuracy measures; 

	• and produce a reliable watershed-scale map-
ping framework and an open dataset for en-
vironmental monitoring and sustainable re-
source management in Mediterranean regions.

METHODS AND MATERIALS 

The area study

The Allal El Fassi watershed is located in the 
hilly Middle Atlas region of northern Morocco, 
in the eastern part of the Sebou River Basin (Fig-
ure 1). It channeled the runoff from the Atlas 
Mountains into the Allal El Fassi Dam, a criti-
cal hydraulic structure for water supply, irriga-
tion and to water and plants. As one of the main 
sub-watersheds of the Sebou Basin, the Allal El 
Fassi watershed covers approximately 5227 km² 
and forms part of a hydrographic system (El Am-
arty et al., 2025; Hasnae et al., 2026; Hattafi et al., 
2026; Fikri et al., 2026; Lakhili et al.). 

The watershed is characterized by large geo-
graphic variation, ranging from lowland plains 
in the downstream areas to the mountains of the 
Middle Atlas, where the elevation at sea level is 
more than 2000 meters. This range of characteris-
tics affects the structure of the drainage network, 
the surface runoff and the placement of vegeta-
tion types, land use and land cover types. The 
watershed is situated in the Middle Atlas struc-
ture and is made up mostly of marl, Quaternary 
alluvial deposits in the valley bottom and Jurassic 
carbonate (limestones and dolomites). As well as 
influencing soil distribution and ecology, this va-
riety of properties is also responsible for infiltra-
tion, surface runoff and erosion.

Figure 1. Allal El Fassi Watershed location
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Datasets

Landsat time series, a reference dataset for 
model training, and an independent dataset for ac-
curacy evaluation are all taken into consideration 
to create the LULC_AllalElFassi dataset. Google 
Earth Engine was used to collect all Landsat images 
from 1984 to 2025. The Landsat 5 Thematic Map-
per (TM), Landsat 7 Enhanced Thematic Mapper 
Plus (ETM+), Landsat 8 operational land imager 
(OLI), and Landsat 9 OLI sensors were all used 
to collect the data. The Landsat Ecosystem Dis-
turbance Adaptive Processing System (LEDAPS) 
algorithms for Landsat 5 and 7 and Land Surface 
Reflectance Code (LaSRC) algorithms for Landsat 
8 and 9 were applied to transform all the images to 
surface reflectance to obtain a consistent time se-
ries. The relative radiometric normalization, based 
on the cross-sensor harmonization coefficients pro-
posed by Roy et al. (2014), was then used to adjust 
for radiometric differences among the TM, ETM+, 
and OLI sensors.

The reference land use and land cover dataset 
for 2020 was created by analyzing Landsat false-
color composites and spectral time series, as well 
as visually interpreting extremely high-resolution 
imagery from Google Earth Pro. A stratified sam-
pling technique was used to choose 2000 training 
samples in order to represent the watershed’s spa-
tial and spectral diversity. Eight land use and land 
cover types make up the classification scheme: 
dense forests (DF), which are closed forest stands 
dominated by Quercus rotundifolia and Cedrus 
atlantica; Water bodies (WTR), such as the Allal 
El Fassi Reservoir and the permanent river net-
work; shrublands (SHR); herbaceous and sparse 
vegetation (HSV); croplands (CRP), including 
rainfed and irrigated crops as well as fallow land; 
impervious surfaces (IMP); and bare land, ice, 
and snow (BAL). A more open tree canopy dis-
tinguishes open forests (OF). This comprehensive 
classification system provides a suitable founda-
tion for water erosion assessment and reservoir 
sedimentation risk analysis by enabling a more 
accurate discrimination of land surface conditions 
involved in hydrological and erosion processes, 
particularly shrublands, herbaceous vegetation, 
and bare land.

An independent validation dataset with 800 
reference points was used to evaluate the final 
dataset’s correctness. To ensure fair representa-
tion of the eight land-use and land-cover classi-
fications, these locations were selected through 

stratified random sampling. Google Earth Pro’s 
extremely high-resolution imagery was visually 
interpreted to establish the reference class as-
signed to each place. When needed, Landsat time 
series analysis and contextual data were included. 
The accuracy evaluation was independent be-
cause the validation dataset did not contain any of 
the samples utilized for model training.

Methodology

The LULC_AllalElFassi product comprises 
26 land use and land cover maps for 1985–2025, 
with three five-year reference dates (1985, 1990 
and 1995) and annual maps from 2000 to 2025. 
The five-year intervals before 2000 reflect the 
limited availability of cloud-free Landsat obser-
vations during the early years of the archive, and 
the denser Landsat record after 2000 allowed for 
LULC mapping annually.

The methodology combines the CCDC al-
gorithm proposed by Zhu and Woodcock (2014) 
with a locally adaptive updating procedure to 
generate a multi-date LULC dataset over time 
using the different LULC data sets. The CCDC 
algorithm is used to identify breakpoints in the 
spectral trajectories of individual pixels and de-
tects land-cover changes throughout the Landsat 
archive. The locally adaptive updating procedure 
then assigns the most appropriate LULC class to 
each detected change and performs a spatio-tem-
poral consistency optimization to reduce unreal-
istic transitions and improve the spatial and tem-
poral coherence of the LULC maps. The entire 
process is shown in Figure 2.

There are four main steps in the methodology 
shown in Figure 2. Using Landsat time series, the 
first step is to identify temporally stable pixels and 
catch sudden breakpoints in the spectral paths of 
modified pixels. The second step is to connect the 
reference land use and land cover data to the tem-
poral stability masks in an attempt to generate spa-
tiotemporally stable training data. To assign new 
land-use and land cover classes to pixels which 
we have seen have changed, the third stage is to 
develop locally adaptive classification models. Fi-
nally, we apply spatiotemporal consistency opti-
mization to avoid false change detection and have 
no inconsistencies between subsequent maps.

For the time series, low quality Landsat data 
was removed before change detection. CFmask 
method was used to mask clouds, cloud shadows, 
saturated pixels and data gaps due to a loss of 
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the Scan Line Corrector (SLC) in Landsat 7. The 
U.S. Geological Survey (USGS) has used this al-
gorithm to identify clouds and cloud shadows in 
Landsat images, obtaining 96.4% of the total ac-
curacy (Zhu and Woodcock, 2014b; Zhu, 2017a; 
Wulder et al., 2019). Tmask (multiTemporal 
mask) used to detect polluted pixels was also used 
to detect less polluted pixels and haze in the time 
series with temporal information from cloud-free 
observations (Zhu and Woodcock, 2014b). The 
Google Earth Engine platform’s CCDC algo-
rithm can take into account this. The reliability 
of breakpoint detection was improved, and the 
impact of low-quality observations on time-series 
modeling was reduced by applying these prepro-
cessing steps sequentially.

The entire Google Earth Engine (GEE) pro-
cess was performed in a sequence to ensure that 
the final dataset could be reproduced. First, Land-
sat Collection 2 Surface Reflectance images were 
taken and harmonized to minimize radiometric dif-
ferences among the TM, ETM+ and OLI sensors. 
Clouds, cloud shadows, saturated pixels, snow and 
Landsat-7 SLC-off gaps were removed by the CF-
Mask algorithm along with the TMask procedure. 
The time series were then analysed by the CCDC 
algorithm to see time breakpoints and stable pixels. 
Finally, spatio-temporally stable training samples 
were generated by combining the reference data-
set with the CCDC stability masks. The spectral, 
phenological, textural and topographic predictor 
variables were obtained and used to train locally 

adaptive Random Forest classifiers. Only pixels 
that were changed were reclassified and a spatio-
temporal consistency optimization was applied to 
minimize misclassifications and to keep time con-
sistency between 1985 and 2025.

LULC_AllalElFassi classification system

The first step in mapping and monitoring land 
use and land cover is to define the classification 
scheme. Here a system was developed to describe 
the hydro-sedimentary, biological and landscape 
characteristics of the Allal El Fassi watershed. 
Eight land cover and land use types were identified.

Closed forest formations with a continuous 
tree canopy and canopy cover greater than 40% 
are called DF. They are mostly made up of holm 
oak (Quercus rotundifolia) and Atlas cedar (Ce-
drus atlantica) stands. Open woodland formations 
with 15% to 40% canopy coverage are termed 
OF. Shrublands (SHR) are vegetation communi-
ties in which Mediterranean matorral formations 
and shrubs dominate. Grasslands, perennial her-
baceous communities and poorly vegetated areas 
are classified as herbaceous and sparse vegeta-
tion (HSV). Cropland, irrigated crops and rain-
fed crops fall under the cropland (CRP) category. 
Permanent river systems and the Allal El Fassi 
Reservoir are examples of water bodies (WTR). 
Road infrastructure, populated areas, and other 
human-made projects are examples of imperme-
able surfaces (IMP). Finally, the bare land, ice 

Figure 2. Workflow of the proposed methodology combining the Continuous Change Detection and 
Classification algorithm with a local adaptive updating procedure
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and snow (BAL) class includes high elevation ar-
eas that are covered with snow in season, as well 
as naturally exposed or artificial soils.

This classification system allows us to better 
capture the diversity of land surface conditions in 
the watershed than the general classification of 
land use and land cover. As the forest canopy is 
opened and degraded from lowland to highland, 
differentiating between dense and open forests, 
and the shrubland, herbaceous vegetation and 
bare ground, we can better show the land surfaces 
with different hydrological actions like rainfall 
interception, infiltration, surface runoff and soil 
protection. This classification system provides a 
good basis for the integrated use of land-use and 
land-cover data in hydrological models, water-
erosion assessments, and reservoir sedimentation 
risk estimation. It is in line with local soil and 
water conservation needs. We use our sampling 
and validation strategy for the LULC_AllalEl-
Fassi dataset to ensure that it is accurate, based on 
the features of the watershed, rather than external 
LULC products.

LULC change detection using the CCDC 
algorithm and Landsat time series

Land use and land cover changes can be clas-
sified into three different types. The first category 
is the regular changes that are representative of 
the natural cycle of plants. The second type is 
gradual changes that are due to prolonged human 
or natural processes such as slow growth or de-
cline of vegetation. The third category is abrupt 
changes that are triggered by deforestation, wild-
fires, agricultural expansion, or urban develop-
ment. A good monitoring of land use and land 
cover is to detect abrupt changes, but also to take 
into account regular seasonal fluctuations and 
slow long-term trends.

We visualize the spectral trajectories of in-
dividual pixels, and we identify the temporal 
breakpoints in this work with the CCDC algo-
rithm. The technique is based on fitting satellite 
observations with a harmonic function that is 
a mixture of sinusoidal variables with periodic 
variations and trend variables.
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 is the predicted surface reflectance 
of the i-th spectral band on Julian day t; c1,i 
et a0,i are the slope and intercept of the re-
gression model for the i-th spectral band, 
respectively; ak,i et bk,i are the coefficients 
of the k-th harmonic component; n is the 
number of harmonic terms; and is the 
number of days in a year (typically 365).

After carefully balancing the advantages and 
limitations of higher-order harmonic terms, the 
number of harmonic components was ultimately 
set to (n = 3), following the recommendations 
of previous studies (Zhu and Woodcock, 2014b; 
Xian et al., 2022).

Since the continuous change detection (CCD) 
algorithm is a multivariate change detection tech-
nique that can be applied to a variety of land use 
and land cover types (Zhu, 2017b), three spectral 
indices (NDVI, NDWI, and NBR, Equations 2, 3 
and 4) and five Landsat spectral bands – the blue 
band being excluded due to its sensitivity to at-
mospheric effects – were combined to identify the 
different kinds of changes found in the Landsat 
time series.
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	 (4) 

where:	ρ_green, ρ_r ​, ρ_nir, and ρ_swir1 indicate 
the green, red, near-infrared (NIR), and 
shortwave infrared 1 (SWIR1) bands’ sur-
face reflectance levels, respectively. 

The least absolute shrinkage and selection op-
erator (LASSO) algorithm was used to estimate 
the regression coefficients because it outperforms 
ordinary least squares regression by minimizing 
overfitting and efficiently managing irregularly 
distributed and occasionally sparse Landsat ob-
servations (Zhu and Woodcock, 2014).

The choice of the CCDC model’s change-
detection parameters affects its performance (Zhu 
and Woodcock, 2014; Zhu, 2017). Three crucial 
factors were taken into account: the minimal time 
span needed to stabilize the temporal model, the 
chi-square probability threshold utilized to find a 
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breakpoint, and the lowest number of observations 
needed to fit a temporal segment. The temporal 
trajectories linked to the separate validation points 
were used in a sensitivity analysis. A minimum of 
five observations, a chi-square probability thresh-
old of 0.95, and a minimum temporal period of 
two years were found to be the ideal parameter 
values based on this investigation (Table 1).

After fitting time series, we examined differ-
ences between observed and model-predicted re-
flectance values to detect land use and land cover 
change. We found that consecutive observations 
with differences exceeding the threshold of the 
algorithm were identified as breakpoints. Figure 
3 shows two examples from the study area: (a) a 
spectral pattern that is stable over time and does 
not show a breakpoint, and (b) a spectral pattern 
that is abrupt.

Spatiotemporal consistency optimization

The monitoring of land use and land cover 
dynamics begins with the identification of altered 
pixels and their corresponding breakpoint dates. 
However, the assignment of new land use and 
land cover classes to each pixel following a de-
tected change is not determined solely by change 
detection. To update land use and land cover data 
for affected areas, a locally adaptive classification 
process was implemented. This process is based 
on the creation of spatiotemporally stable train-
ing samples, extraction of topographic, textural, 
and spectral properties, classification of altered 

pixels, and optimization of the spatial and tempo-
ral consistency of the resulting maps.

The quality of training samples significantly 
influences the accuracy of land-use and land-cov-
er mapping (Foody, 2010; Foody, 2011; Li et al., 
2020; Huang et al., 2020). Although visual inter-
pretation typically yields highly reliable training 
samples, it is time-consuming and challenging to 
apply across large areas and extended periods. 
In this study, extremely high-resolution imagery 
from Google Earth Pro was visually interpreted 
to collect 2000 training samples. The examina-
tion of spectral trajectories and Landsat false-
color composites further supported the reliability 
of these samples. To ensure adequate represen-
tation of the geographical and spectral diversity 
of the eight land-use and land-cover classes, an 
automated sample selection process was applied 
to regions not covered by visual interpretation. 
Existing land-use and land-cover maps were su-
perimposed on pixels identified by the CCDC 
algorithm as temporally stable between 1985 
and 2025. A 3 × 3-pixel morphological erosion 
filter was used to refine the resulting overlap ar-
eas, eliminating boundary pixels and enhancing 
the spatial homogeneity of the training samples. 
These temporally stable regions were considered 
to provide a higher degree of certainty for sample 
creation. Although labeling errors may still occur 
in some automatically generated samples, previ-
ous research has demonstrated that the Random 
Forest classifier is robust to this type of label 
noise, provided that the proportion of incorrectly 

Figure 3. Two representative land use and land cover trajectories identified using the continuous
change detection and classification (CCDC) algorithm and continuous Landsat observations:
(a) a temporally stable condition with no detected breakpoint; (b) an abrupt land use and land

cover change characterized by a breakpoint in the spectral trajectory
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identified samples remains below 20% (Mellor et 
al., 2015; Pelletier et al., 2017).

A sample approach proportionate to the area 
occupied by each land use and land cover class 
was used to lessen class imbalance. To prevent 
the underrepresentation of uncommon classes and 
the overdominance of the most common ones, a 
minimum of 600 and a maximum of 8.000 sam-
ples per class were selected. The Landsat time se-
ries was used to derive a set of predictive factors 
prior to model development. The NDVI, NDWI, 
and NBR spectral indices were combined with 
the 10th, 25th, 50th, 75th, and 90th percentiles 
of the five chosen optical bands to create multi-
temporal phenological features. These percentile 
composites lessen the impact of extreme values 
while capturing the seasonal variability of land 
use and land cover classifications.

For the 1985, 1990, and 1995 land use and 
land cover maps, a five-year temporal gap was 
chosen due to the scarcity of Landsat data before 
2000, when Landsat 5 was the main source of sat-
ellite imagery. To improve the number of valid 
data available for analysis, observations obtained 
within a ±2-year temporal frame were used for 
each of these reference years. The improved ac-
cessibility of Landsat imagery starting in 2000 
enabled the creation of annual land-use and land-
cover maps through 2025.

The Random Forest algorithm was used to 
classify land use and land cover, as it has been 
proven to perform well in this context, despite 
noise and overfitting, and its high dimensional 

processing power (Breiman, 2001; Gislason et 
al., 2006; Belgiu and Drăguţ, 2016). 500 decision 
trees were used to develop the model using the 
Google Earth Engine platform. The square root 
of the total number of input variables was used to 
calculate the number of predictor variables that 
were evaluated at each split.

The predictor variables used for classification 
consisted of five Landsat spectral bands, three 
spectral indices (NDVI, NDWI, and NBR), mul-
titemporal percentile compositions (10th, 25th, 
50th, 75th, and 90th percentiles), GLCM textures 
based on the median NIR composite, and topo-
graphic parameters (elevation, slope, and aspect) 
based on ASTER GDEM. All Random Forest 
parameters are the default implementation of the 
Google Earth Engine smileRandomForest classi-
fier to provide a consistent and reproducible clas-
sification approach.

Locally adaptive classification trains models 
from samples from the vicinity of altered pixels. 
As a result, the geographical, biological, and spec-
tral characteristics of different watershed regions 
on the maps are captured more accurately with 
this method. During each mapping period, only 
pixels classified as changing by CCDC are reclas-
sified, while stable pixels remain in their previ-
ous land-use and land-cover classifications. This 
way, we do not have to consider reclassifying the 
whole watershed for each period, and minimize 
artificial differences between maps.

Following the Random Forest classification, 
each of the 26 LULC maps was independently 

Table 1. Implementation parameters used for the CCDC and Random Forest models

Component Parameter Value

CCDC

Harmonic order 3

Regression model LASSO

Spectral bands Green, Red, NIR, SWIR1, SWIR2

Spectral indices NDVI, NDWI, NBR

minObservations 5

chiSquareProbability 0.95

minNumOfYearScaler 2 years

Random Forest

Number of trees 500

Variables per split √p

Training strategy Stratified sampling

Sample range 600–8000 samples/class

Optimization

Spatial window 3 × 3

Temporal neighbourhood Previous–Current–Next year

Homogeneity threshold 0.50
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refined using a post-classification spatio-tempo-
ral optimization procedure designed to improve 
spatial coherence, reduce isolated classification 
errors, and enhance the overall temporal consis-
tency of the reconstructed LULC series.

For each classified pixel we computed a ho-
mogeneity probability by considering both its 
spatial neighborhood (a moving window of 3 × 
3) and its temporal neighborhood (the previous, 
current, and subsequent mapping dates). This 
probability quantifies the agreement between the 
class assigned to the central pixel and those of its 
spatial and temporal neighbors and is computed 
as follows:
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(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 +  𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)
 

 

𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1) 

 

𝑃𝑃𝑥𝑥,𝑦𝑦,𝑡𝑡  = 1
𝑁𝑁 𝛴𝛴𝑥𝑥′=𝑥𝑥−1

𝑥𝑥+1 𝛴𝛴𝑦𝑦′=𝑦𝑦−1
𝑦𝑦+1 𝛴𝛴𝑡𝑡′=𝑡𝑡−1

𝑡𝑡+1 . 
𝐼𝐼(𝐿𝐿𝑥𝑥′,𝑦𝑦′,𝑡𝑡′ =  𝐿𝐿𝑥𝑥,𝑦𝑦,𝑡𝑡) 

 
𝑃𝑃. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝𝑘𝑘
 

 
𝑈𝑈. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝.𝑘𝑘
 

 
𝑂𝑂. 𝐴𝐴 =  𝛴𝛴𝑘𝑘=1

𝑚𝑚 𝑝𝑝𝑘𝑘𝑘𝑘 
 
 

𝐹𝐹1 =  (𝑃𝑃. 𝐴𝐴.×  𝑈𝑈. 𝐴𝐴. )
(𝑃𝑃. 𝐴𝐴. + 𝑈𝑈. 𝐴𝐴. )  ×  2 ×  100% 

 
 

	 (5)

where:	Px,y,t ​is the homogeneity probability of the 
pixel located at coordinates (x,y) at time 
(t); Lx,y,t denotes the land use and land 
cover label assigned to the central pixel; 
Lx',y',t' denotes the labels of the neighbor-
ing pixels; and I is an indicator function 
that takes the value 1 when the labels are 
identical and 0 otherwise; N is the total 
number of valid neighboring observations 
included in the calculation.

A probability threshold of 0.5 was used. Pix-
els with P(x,y,t) ≥0.5 were considered sufficiently 
consistent and their original classification was 
retained. On the other hand, pixels with P(x,y,t) 
<0.5 were regarded as uncertain and their class 
label was replaced by the majority class in the 3 
× 3 spatial neighborhood as proposed by Chen et 
al. (2012) and Lv et al. (2018).This type of re-
finement was made only once for each mapping 
date and achieved a good reduction of isolated 
salt-and-pepper noise while preserving the spatial 
continuity of homogeneous land-cover patches, 
and also improving the temporal consistency of 
the reconstructed LULC series.

Accuracy assessment

The LULC_AllalElFassi dataset accuracy 
assessment was guided by good practice rec-
ommendations for land cover map validation 
by Olofsson et al. (2014). It consisted of two 
complementary measures: (i) the thematic accu-
racy assessment from an independent validation 
dataset for the benchmark year (2020) and (ii) 

the area-based assessment to assess the mapped 
extent of each land use and land cover class. 
(Olofsson et al., 2014).

For the benchmark year (2020), thematic 
classification accuracy was assessed using an 
independent confusion matrix derived from 800 
stratified validation samples. This confusion 
matrix was used to calculate the producer’s ac-
curacy (PA), user’s accuracy (UA), overall accu-
racy (OA), Cohen’s Kappa coefficient, F1-score. 
Producer’s Accuracy and User’s Accuracy were 
calculated as follows:

	

𝜌̂𝜌(𝑖𝑖, 𝑡𝑡) =  𝑎𝑎0,𝑖𝑖 +  𝑐𝑐1,𝑖𝑖  ×  𝑡𝑡 +  𝛴𝛴𝑘𝑘=1
𝑛𝑛  

(
𝑎𝑎𝑘𝑘,𝑖𝑖  × 𝑐𝑐𝑐𝑐𝑐𝑐 (2𝑘𝑘𝜋𝜋

𝑇𝑇 ×  𝑡𝑡) +

+ 𝑏𝑏𝑘𝑘,𝑖𝑖  × 𝑠𝑠𝑠𝑠𝑠𝑠 (2𝑘𝑘𝜋𝜋
𝑇𝑇 ×  𝑡𝑡)

) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑟𝑟)
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑟𝑟) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔– 𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)

(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 +  𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)
 

 

𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1) 

 

𝑃𝑃𝑥𝑥,𝑦𝑦,𝑡𝑡  = 1
𝑁𝑁 𝛴𝛴𝑥𝑥′=𝑥𝑥−1

𝑥𝑥+1 𝛴𝛴𝑦𝑦′=𝑦𝑦−1
𝑦𝑦+1 𝛴𝛴𝑡𝑡′=𝑡𝑡−1

𝑡𝑡+1 . 
𝐼𝐼(𝐿𝐿𝑥𝑥′,𝑦𝑦′,𝑡𝑡′ =  𝐿𝐿𝑥𝑥,𝑦𝑦,𝑡𝑡) 

 
𝑃𝑃. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝𝑘𝑘
 

 
𝑈𝑈. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝.𝑘𝑘
 

 
𝑂𝑂. 𝐴𝐴 =  𝛴𝛴𝑘𝑘=1

𝑚𝑚 𝑝𝑝𝑘𝑘𝑘𝑘 
 
 

𝐹𝐹1 =  (𝑃𝑃. 𝐴𝐴.×  𝑈𝑈. 𝐴𝐴. )
(𝑃𝑃. 𝐴𝐴. + 𝑈𝑈. 𝐴𝐴. )  ×  2 ×  100% 

 
 

	 (6)

	

𝜌̂𝜌(𝑖𝑖, 𝑡𝑡) =  𝑎𝑎0,𝑖𝑖 +  𝑐𝑐1,𝑖𝑖  ×  𝑡𝑡 +  𝛴𝛴𝑘𝑘=1
𝑛𝑛  

(
𝑎𝑎𝑘𝑘,𝑖𝑖  × 𝑐𝑐𝑐𝑐𝑐𝑐 (2𝑘𝑘𝜋𝜋

𝑇𝑇 ×  𝑡𝑡) +

+ 𝑏𝑏𝑘𝑘,𝑖𝑖  × 𝑠𝑠𝑠𝑠𝑠𝑠 (2𝑘𝑘𝜋𝜋
𝑇𝑇 ×  𝑡𝑡)

) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑟𝑟)
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑟𝑟) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔– 𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)

(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 +  𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)
 

 

𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1) 

 

𝑃𝑃𝑥𝑥,𝑦𝑦,𝑡𝑡  = 1
𝑁𝑁 𝛴𝛴𝑥𝑥′=𝑥𝑥−1

𝑥𝑥+1 𝛴𝛴𝑦𝑦′=𝑦𝑦−1
𝑦𝑦+1 𝛴𝛴𝑡𝑡′=𝑡𝑡−1

𝑡𝑡+1 . 
𝐼𝐼(𝐿𝐿𝑥𝑥′,𝑦𝑦′,𝑡𝑡′ =  𝐿𝐿𝑥𝑥,𝑦𝑦,𝑡𝑡) 

 
𝑃𝑃. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝𝑘𝑘
 

 
𝑈𝑈. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝.𝑘𝑘
 

 
𝑂𝑂. 𝐴𝐴 =  𝛴𝛴𝑘𝑘=1

𝑚𝑚 𝑝𝑝𝑘𝑘𝑘𝑘 
 
 

𝐹𝐹1 =  (𝑃𝑃. 𝐴𝐴.×  𝑈𝑈. 𝐴𝐴. )
(𝑃𝑃. 𝐴𝐴. + 𝑈𝑈. 𝐴𝐴. )  ×  2 ×  100% 

 
 

	 (7)

	

𝜌̂𝜌(𝑖𝑖, 𝑡𝑡) =  𝑎𝑎0,𝑖𝑖 +  𝑐𝑐1,𝑖𝑖  ×  𝑡𝑡 +  𝛴𝛴𝑘𝑘=1
𝑛𝑛  

(
𝑎𝑎𝑘𝑘,𝑖𝑖  × 𝑐𝑐𝑐𝑐𝑐𝑐 (2𝑘𝑘𝜋𝜋

𝑇𝑇 ×  𝑡𝑡) +

+ 𝑏𝑏𝑘𝑘,𝑖𝑖  × 𝑠𝑠𝑠𝑠𝑠𝑠 (2𝑘𝑘𝜋𝜋
𝑇𝑇 ×  𝑡𝑡)

) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑟𝑟)
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑟𝑟) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔– 𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)

(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 +  𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)
 

 

𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1) 

 

𝑃𝑃𝑥𝑥,𝑦𝑦,𝑡𝑡  = 1
𝑁𝑁 𝛴𝛴𝑥𝑥′=𝑥𝑥−1

𝑥𝑥+1 𝛴𝛴𝑦𝑦′=𝑦𝑦−1
𝑦𝑦+1 𝛴𝛴𝑡𝑡′=𝑡𝑡−1

𝑡𝑡+1 . 
𝐼𝐼(𝐿𝐿𝑥𝑥′,𝑦𝑦′,𝑡𝑡′ =  𝐿𝐿𝑥𝑥,𝑦𝑦,𝑡𝑡) 

 
𝑃𝑃. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝𝑘𝑘
 

 
𝑈𝑈. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝.𝑘𝑘
 

 
𝑂𝑂. 𝐴𝐴 =  𝛴𝛴𝑘𝑘=1

𝑚𝑚 𝑝𝑝𝑘𝑘𝑘𝑘 
 
 

𝐹𝐹1 =  (𝑃𝑃. 𝐴𝐴.×  𝑈𝑈. 𝐴𝐴. )
(𝑃𝑃. 𝐴𝐴. + 𝑈𝑈. 𝐴𝐴. )  ×  2 ×  100% 

 
 

	 (8)

where:	pkk is the proportion of the mapped area 
classified as class (k) that is also assigned 
to class (k) in the reference dataset; Σ pk 
and Σ p.k denote the proportion of the 
mapped area classified as class (k) and 
the proportion of the reference area be-
longing to class (k), respectively; and (m) 
is the total number of land use and land 
cover classes.

To get a fair representation of the eight LULC 
classes, 800 independent validation samples 
were selected using a stratified random sampling 
strategy. The reference label for each validation 
point was obtained from using very high reso-
lution imagery that is available in Google Earth 
Pro and where appropriate from Landsat time 
series and contextual information. None of the 
validation samples were used during classifier 
training to ensure independence between train-
ing and validation data.

For the historical mapping period (1985–2019) 
we did not have any reference data. Therefore, we 
evaluated the temporal quality of the dataset using 
the temporal consistency indicators (TCIs) rather 
than the overall accuracy metric. These indicators 
represent the temporal agreement among multiple 
complementary validation components rather than 
thematic classification accuracy derived from in-
dependent reference observations. Consequently, 
they provide an integrated measure of the tempo-
ral reliability and internal consistency of the re-
constructed LULC series.
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Finally, we measured the temporal perfor-
mance of the LULC_AllalElFassi dataset by com-
paring the consistency of land-cover transitions 
through a binary change-detection task. For each 
of the mapping dates, we categorised the valida-
tion samples into two categories (changed and 
unchanged pixels) and generated a binary confu-
sion matrix. To remove the effect of class imbal-
ance between these two categories, we computed 
F1-score as:

	

𝜌̂𝜌(𝑖𝑖, 𝑡𝑡) =  𝑎𝑎0,𝑖𝑖 +  𝑐𝑐1,𝑖𝑖  ×  𝑡𝑡 +  𝛴𝛴𝑘𝑘=1
𝑛𝑛  

(
𝑎𝑎𝑘𝑘,𝑖𝑖  × 𝑐𝑐𝑐𝑐𝑐𝑐 (2𝑘𝑘𝜋𝜋

𝑇𝑇 ×  𝑡𝑡) +

+ 𝑏𝑏𝑘𝑘,𝑖𝑖  × 𝑠𝑠𝑠𝑠𝑠𝑠 (2𝑘𝑘𝜋𝜋
𝑇𝑇 ×  𝑡𝑡)

) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑟𝑟)
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑟𝑟) 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔– 𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)

(𝜌𝜌𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 +  𝜌𝜌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1)
 

 

𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 −  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1
(𝜌𝜌_𝑛𝑛𝑛𝑛𝑛𝑛 +  𝜌𝜌_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1) 

 

𝑃𝑃𝑥𝑥,𝑦𝑦,𝑡𝑡  = 1
𝑁𝑁 𝛴𝛴𝑥𝑥′=𝑥𝑥−1

𝑥𝑥+1 𝛴𝛴𝑦𝑦′=𝑦𝑦−1
𝑦𝑦+1 𝛴𝛴𝑡𝑡′=𝑡𝑡−1

𝑡𝑡+1 . 
𝐼𝐼(𝐿𝐿𝑥𝑥′,𝑦𝑦′,𝑡𝑡′ =  𝐿𝐿𝑥𝑥,𝑦𝑦,𝑡𝑡) 

 
𝑃𝑃. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝𝑘𝑘
 

 
𝑈𝑈. 𝐴𝐴.𝑘𝑘 = 𝑝𝑝𝑘𝑘𝑘𝑘

𝛴𝛴 𝑝𝑝.𝑘𝑘
 

 
𝑂𝑂. 𝐴𝐴 =  𝛴𝛴𝑘𝑘=1

𝑚𝑚 𝑝𝑝𝑘𝑘𝑘𝑘 
 
 

𝐹𝐹1 =  (𝑃𝑃. 𝐴𝐴.×  𝑈𝑈. 𝐴𝐴. )
(𝑃𝑃. 𝐴𝐴. + 𝑈𝑈. 𝐴𝐴. )  ×  2 ×  100% 

 
 

	 (9)

The F1-score is the harmonic mean of the 
Producer’s Accuracy and User’s Accuracy and 
provides a balanced measure of change-detection 
performance that accounts for omission and com-
mission errors.

The uncertainty of the Overall Accuracy and 
Cohen’s Kappa coefficient was measured using 
a stratified non-parametric bootstrap. Roughly 
1.000 bootstrap iterations were performed. Dur-
ing each bootstrap iteration we replaced the in-
dependent validation dataset with the reference 
LULC class in order to maintain the original 
sample set size. For each bootstrap sample we 
generated a confusion matrix and both the Over-
all Accuracy and Cohen’s Kappa coefficient were 
calculated. The values after the (±) are the stan-
dard deviations of the bootstrap distributions. 
The 95% confidence intervals were estimated us-
ing percentile bootstrap method (2.5th and 97.5th 
percentile in the lower and upper confidence 
ranges respectively).

Temporal validation strategy

As a benchmark year (2020) we measured 
thematic classification accuracy with an indepen-
dent validation dataset of 800 stratified reference 
data from Landsat time series and high resolu-
tion imagery. This benchmark year was the only 
time we could use independent data with which to 
compute standard accuracy parameters like OA, 
PA, UA, Cohen’s Kappa coefficient and class-
level F1-scores.

For the historical mapping (1985–2019) we 
did not have independent reference data, so it is 
hard to evaluate the historical maps accurately 
in the context of the thematic accuracy. There-
fore we have used a temporal consistency indi-
cator (TCI) to evaluate the temporal reliability 
of the reconstructed historical maps. Unlike the 

traditional overall accuracy, the TCI is not meant 
as a statistical measurement of classification ac-
curacy but rather, as a temporal agreement score 
which sums the overall consistency amongst the 
complementary sources of evidence used in the 
historical validation process.

The TCI includes five complementary valida-
tion components: (i) visual interpretation of Land-
sat spectral trajectories, (ii) consistency of CCDC 
temporal breakpoints with the reconstructed land-
cover trajectories, (iii) visual comparison with 
multi-temporal high resolution Google Earth im-
agery where available, (iv) comparison with ex-
isting regional and global LULC products, and (v) 
verification of unrealistic land-cover transitions 
through the post-classification spatio-temporal 
consistency optimization. Rather than relying on 
a single validation source, the TCI can provide a 
synthetic representation of the agreement of these 
complementary validation methods, and thus the 
overall temporal reliability of each reconstructed 
historical map.

Higher TCI values indicate better alignment 
between the different validation components and 
thus greater confidence in the temporal consisten-
cy of the reconstructed LULC maps. Lower val-
ues indicate higher uncertainty, mainly because of 
poor historical Landsat data during the early part 
of the time series. Therefore, the TCI should be 
considered as an indicator of the internal reliabili-
ty and consistency of the reconstructed LULC se-
ries, not a thematic classification accuracy based 
on independent ground reference data.

Data and code availability

To ensure transparency and reproducibility, 
we have made all the resources developed in this 
study freely available in two sites. The LULC_
AllalElFassi dataset (1985–2025), the Google 
Earth Engine scripts to preprocess the images, 
CCDC implementation, locally adaptive Random 
Forest classification and spatio-temporal consis-
tency optimization, training and validation data-
sets, metadata and technical documentation and 
user guide can be easily found.

The full source code and workflow implemen-
tation are available in the public GitHub reposi-
tory: https://github.com/mohamedBaaba/LULC_
AllalElFassi. The dataset, documentation and 
related resources are also freely available through 
the SIG-Maroc geospatial platform at https://
www.sig-maroc.com/donnees/lulc_AllalElFassi.
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These public repositories provide immediate 
access to all materials needed to reproduce the 
methodology, reuse the dataset, and enable its ap-
plication to other Mediterranean watersheds, in 
line with Open Science.

RESULTS AND DISCUSSIONS

Spatiotemporal overview of the LULC_
AllalElFassi dataset and land use/land 
cover changes

An overview of the LULC_AllalElFassi da-
taset for 2025 is shown in Figure 4. The spatial 
distribution of the main land use and land cover 
classes within the Allal El Fassi watershed is 
generally accurately depicted in the generated 
map. The majority of the watershed is covered by 
the predominant land-cover class of herbaceous 
and sparse vegetation, especially in open land-
scapes and at mid elevations. Dense forests are 
mostly found in the Middle Atlas’s hilly areas, 
where a continuous forest canopy is supported 
by good topography and climatic circumstances. 
The majority of open forests and shrublands are 
found in the areas that separate agricultural land 
from wooded areas. Alluvial plains, valleys, and 
regions with cultivable topography are the main 
locations for croplands. In contrast to the water 
bodies class, which is dominated by the Allal El 
Fassi Reservoir, whose impoundment has signifi-
cantly altered the spatial structure of the terrain, 
impervious surfaces are still relatively small. 

They are mostly connected to urban areas, vil-
lages, and the main road network.

Significant spatial changes in the Allal El Fas-
si watershed are evident from the examination of 
land-use and land-cover dynamics between 1985 
and 2025 (Figure 5). The most noticeable chang-
es are concentrated in agricultural areas, transi-
tional zones between forest ecosystems and open 
landscapes, and along the reservoir’s edges, ac-
cording to the change intensity map (Figure 5a), 
which is derived from the percentage of altered 
pixels within 500 m grid cells. Three main pro-
cesses characterize these modifications. The first 
is the gradual growth of agricultural land, which 
mostly happens at the expense of native plants. 
The second is related to the spatial oscillations 
of wetlands and water bodies, which are directly 
influenced by changes in reservoir water levels. 
This phenomenon has been extensively studied 
globally (Patel et al., 2015). The third is herba-
ceous and sparse vegetation, which is sensitive to 
climate changes, especially in Mediterranean and 
semi-arid regions, as evidenced by its significant 
geographical variability (Petrosillo et al., 2021).

Figure 5b shows the quantitative changes in 
the eight land use and land cover classifications. 
The findings indicate that impermeable surfaces 
increased by 789.63% (+664 ha), and open for-
ests increased by 898.50% (+2.704 ha). Dense 
forests, on the other hand, declined by 9.35% 
(−2.996 hectares), indicating a slow change in 
the structure of the forest canopy. While herba-
ceous and scant vegetation decreased by 4.73% 
(−12,838 hectares), croplands increased by 

Figure 4. Overview of the LULC_AllalElFassi dataset for the year 2025. The classification scheme
and color palette are adapted from the ESA Climate Change Initiative (ESA-CCI) Land Cover classification system
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10.38% (+12,346 ha). In comparison to the other 
land use and land cover classifications, changes 
in shrublands (−0.10%), water bodies (−0.96%), 
and bare land, ice, and snow (+0.17%) remained 
comparatively small. Overall, these findings show 
that three processes that have significantly altered 
the watershed’s spatial organization − the gradual 
opening of forest ecosystems, the increase of ur-
banized regions, and the expansion of agricultural 
land − dominate landscape dynamics.

Transitions between land-use and land-
cover classes were examined using a Sankey 
diagram (Figure 6) to identify the primary land-
scape-modification trajectories. The findings 
show that a significant portion of the watershed 
remained constant over the course of the study, 
particularly in the main land-use and land-cover 
classifications. However, several noteworthy 
shifts are discernible. The main source class 
for land cover conversions is herbaceous and 
sparse vegetation, and over the previous forty 
years, a sizable amount of this class has been 
converted into croplands. Although a portion 
of their territory changed to open forests and 
shrublands, indicating a gradual decrease in 
forest canopy density, dense forests generally 
showed excellent spatial stability. The primary 
populated sections of the watershed continued 
to be urbanized, as seen by the increase of im-
pervious surfaces, which remained relatively 

small in absolute area but mostly at the expense 
of croplands and, to a lesser extent, herbaceous 
and sparse vegetation.

Three example sectors were chosen to bet-
ter highlight the key land-use and land-cover 
processes observed (Figure 7). The first focuses 
on the agricultural expansion front near Ribat El 
Kheir, where croplands have gradually replaced 
herbaceous and sparse vegetation since the 1990s, 
increasing the fragmentation of natural environ-
ments. The second example shows how imper-
meable surfaces have steadily increased over the 
past forty years in the urban areas of El Menzel 
and Ribat El Kheir, as well as in the neighbor-
ing rural villages (douars). Lastly, the Allal El 
Fassi Reservoir is represented by the third sec-
tor, which shows how well the LULC_AllalEl-
Fassi dataset captures shoreline variations. The 
findings show that, in response to variations in 
reservoir water levels, there are alternating water 
bodies and barren land classes, as well as a pro-
gressive increase in impermeable surfaces along 
the reservoir edges.

The LULC_AllalElFassi dataset reliably cap-
tures the main spatiotemporal dynamics that oc-
curred within the watershed between 1985 and 
2025, based on a combined analysis of land-use 
and land-cover maps, change trajectories, and 
representative local subsets. For long-term moni-
toring of land use and land cover change at the 

Figure 5. Land use and land cover dynamics in the Allal El Fassi watershed from 1985 to 2025:
(a) spatial change intensity calculated at a 500 m spatial resolution; (b) cumulative changes in the area

of the eight land use and land cover classes



73

Ecological Engineering & Environmental Technology 2026, 27(10), 61–81

watershed scale, the quality of the data validates 
the efficacy of integrating Landsat time series 
with the CCDC method.

Accuracy assessment of the 			 
LULC_AllalElFassi classification

We have evaluated LULC_AllalElFassi clas-
sification performance on an independent data-
set for the benchmark year 2020. The confusion 

matrix (Table 2) gives an OA of 82.82% and Co-
hen’s Kappa of 0.8012. The bootstrap standard 
deviations are 0.45 percentage points for the OA 
and 0.0062 for Cohen’s Kappa, indicating that the 
classified map is very well matched to the inde-
pendent dataset. In addition to the overall accuracy, 
PA, UA, and class-level F1-scores were calculated 
for each land use and land cover class to further as-
sess the classification performance. These metrics 
measure omission and commission errors for each 

Figure 6. Sankey diagram illustrating the major land-use and land-cover transitions
in the Allal El Fassi watershed between 1985 and 2025

Figure 7. Three representative close-up views illustrating land use and land cover changes derived
from the LULC_AllalElFassi dataset between 1985 and 2025: (a) the agricultural expansion front

around Ribat El Kheir; (b) urbanization in the vicinity of El Menzel and Ribat El Kheir;
and (c) the hydrological dynamics of the Allal El Fassi Reservoir
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class, and provide an insight into the reliability and 
robustness of our classification framework.

Croplands, impervious surfaces, and water 
bodies have the highest accuracy level. For water 
bodies, user accuracy was 94.94% and producer 
accuracy was 93.65%, respectively. The high pre-
cision is mainly due to the water spectral signa-
ture in the near-infrared and shortwave infrared 
bands, which is very strong in water absorption. 
Impervious surfaces have a producer’s accuracy 
of 92.65% and a user’s accuracy of 95.51%. Most 
of the class errors in this class result from crop-
lands and barren land, particularly in peri-urban 
areas where multiple land-cover types are present 
within a single pixel. Croplands also performed 
well, with producers’ accuracy of 87.64% and 
users’ accuracy of 86.71%. Most of the class er-
rors involve herbaceous and sparse vegetation 
and shrublands, especially in fallow fields, aban-
doned farmland, and areas where cultivated land 
and natural vegetation are separated. Forests also 
had good classification results with producer ac-
curacy of 87.81% and user accuracy of 89.55%. 
These results emphasize the importance of spec-
tral, textural, and topographic information for 
classification and underscore the need to use the 
canopy cover threshold to separate dense for-
ests from other tree types. Open forests showed 
a moderate classification performance with pro-
ducer accuracy of 72.34% and user accuracy of 
74.28%. Most of the misclassifications of open 
forests occurred in dense forests, shrubland, and, 

to a lesser extent, herbaceous and sparse vegeta-
tion, due to the slow evolution of canopy density 
in these vegetation types.

Shrublands (SHR) and herbaceous and sparse 
vegetation (HSV) had the lowest classification 
accuracy. For SHR, the producer’s accuracy is 
58.64%, and the user’s accuracy is 62.80%. For 
HSV, the producer’s accuracy is 61.18%, and the 
user’s accuracy is 72.10%. The lower accuracies 
are related mainly to the diversity and spatial dis-
tribution of vegetation types. In transitional regions 
of the watershed, shrublands, dry herbaceous veg-
etation, and bare land often co-occur and have sim-
ilar spectral signatures, especially during periods 
of water shortage or low vegetation activity. This 
is the reason for the confusion between the SHR, 
HSV, and BAL classes in the confusion matrix.

We also closely examine the confusion matrix 
and identify typical misclassification patterns in 
semi-arid and Mediterranean areas. The presence 
of deep forest understory, forest clearings, and 30 
m spatial resolution, which increases the number 
of mixed pixels, probably contributes to the 3.21% 
misclassification rate between dense forests and 
herbaceous and sparse vegetation. 13.91% of 
BAL pixels were classified as HSV, indicating 
substantial misclassification between bare ground 
and herbaceous and sparse vegetation. However, 
9.94% of HSV pixels were classified as BAL. This 
shows that when there is water stress, the open soil 
areas can be hard to distinguish between the her-
baceous and dry land, and the herbaceous areas 

Table 2. Confusion matrix and accuracy of the LULC_AllalElFassi dataset in 2020. The abbreviations refer to the 
eight land-use and land-cover classes

Classe DF OF SHR HSV CRP WTR IMP BAL Total U.A (%) F1

DF 87 .81 2.15 4.52 3.21 0.85 0.00 0.21 1.25 100 89.55 88.67

OF 8.42 72.34 10.15 5.68 1.24 0.00 0.00 2.17 100 74.28 73.30

SHR 1.24 3.87 58.64 18.42 4.21 0.00 0.00 13.62 100 62.80 60.65

HSV 2.18 2.45 15.83 61.18 8.42 0.00 0.00 9.94 100 72.10 66.19

CRP 0.84 0.62 3.88 5.55 87.64 0.00 0.84 0.63 100 86.71 87.17

WTR 0.00 0.00 0.00 0.00 0.00 93.95 0.00 6.35 100 94.94 94.29

IMP 0.00 0.00 0.00 0.00 2.84 0.00 92.65 4.51 100 95.51 94.06

BAL 0.84 1.25 5.62 13.91 1.24 0.00 1.24 75.90 100 78.22 77.04

Total 100 100 100 100 100 100 100 100 ----- ----

P.A. (%) 87.81 72.34 58.64 61.18 87.64 93.65 92.65 75.90 O.A = 82.82 ±0.45 percentage 
points

Cohen’s Kappa Kappa = 0.80 ±0.0062

Note: N.B: The values following (±) represent the standard deviations obtained from 1.000 stratified bootstrap 
resamples. The corresponding 95% confidence intervals were estimated using the 2.5th and 97.5th percentiles of 
the bootstrap distributions.
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that have been vegetated in the open. The fallow 
fields, harvested croplands, or agricultural land 
temporarily recolonized by spontaneous vegeta-
tion are likely responsible for the 5.55% confusion 
between croplands and herbaceous and sparse 
vegetation. The difference between shrubland and 
herbaceous and sparse vegetation was particularly 
pronounced: 18.42% of SHR pixels were classi-
fied as HSV, and 15.83% of HSV pixels were clas-
sified as SHR, and the challenge is to distinguish 
between two communities with similar vegetation 
structure and spectral structure.

The next statistical indicators also demon-
strate the robustness of the classification frame-
work. The Cohen’s Kappa coefficient shows a 
strong agreement beyond chance and the class-
level F1-scores for most land use and land cov-
er classes are close to the producer’s and user’s 
accuracies. Lower F1-scores for shrubland and 
herbaceous and sparse vegetation are consistent 
with the ecological continuity and spectral simi-
larity of the Mediterranean vegetation formations 
which are still one of the main sources of classifi-
cation uncertainty.

The LULC_AllalElFassi dataset has a to-
tal accuracy of 82.82% in comparison to other 
recent high resolution land use and land cover 
products, such as GLC_FCS30 (82.50%) and 
CLCD (81.52%). Our dataset also outperforms 
some of the global products widely used, such as 
GlobeLand30 (79.30%), FROM_GLC (76.20%), 
MCD12Q1 (73.60%) and ESA CCI-LC (71.50%). 
While comparing our dataset and other products 
shows that our product does well in classification, 
we should be careful from here on because the 
data we have included in our dataset do not have 
the same classification system, validation meth-
odologies, spatial coverage, and applications.

In addition to the Overall accuracy, Table 3 
shows that there are key differences between the 
datasets. While products like GLC_FCS30 and 
CLCD have high classification accuracy and par-
tial or complete class-level validation, LULC_Al-
lalElFassi has a competitive overall performance 
alongside a comprehensive class-specific accu-
racy assessment with PA, UA and F1-score for 
all land cover classes. Furthermore, the dataset 
has a spatial consistency optimization to reduce 
the isolated classification noise and increase the 
spatial coherence of the final maps. Unlike global 
and continental products based on general clas-
sification procedures, LULC_AllalElFassi was 
developed for the Allal El Fassi watershed using 
the locally adapted classification system to bet-
ter simulate Mediterranean vegetation and the 
hydrological landscape. This method allows us to 
provide a more realistic portrayal of the land-cov-
er dynamics in the area while still using the 30-m 
spatial resolution of Landsat-based products.

The temporal consistency data indicated that 
LULC_AllalElFassi also showed a good inter-
nal consistency over the course of the study. The 
mean temporal consistency was 79.66%, with a 
maximum of 80.05% in 2015 and a minimum of 
78.90% in 2000. In contrast to the thematic over-
all accuracy for the benchmark year (2020), these 
numbers do not represent classification accuracy 
based on individual historical reference. They 
provide a summary of the internal consistency of 
the time series generated based on the comple-
mentary temporal validation framework, includ-
ing the interpretation of Landsat time series, the 
trajectory analysis of CCDC, the viewing of high-
resolution images, the comparison with existing 
LULC products, and the post-classification con-
sistency analysis (Roy et al. 2014).

Table 3. Comparison of the Overall accuracy of the LULC_AllalElFassi dataset with some existing land use and 
land cover products

Produit R O.A (%) Kappa PA/UA/F1 Spatial 
consistency References

LULC_AllalELFassi 30 m 82.82 0.80 Yes ( all classes) Yes Our Study

GLC_FCS30 30 m 82.5 0.784 Partial Yes (Zhang et al., 2021)

CLCD 30 m 81.52 -- Yes (PA, UA and F1 
by class) Yes (Yang and Huang, 2021)

ESA CCI_LC 30 m 71.5 -- Partial Limited Defourny et al. (2018)

MCD12Q1 30 m 73.6 -- Partial Limited Sulla-Menashe et al. 
(2019)

FROM_GLC 30 m 76.2 -- Partial Moderate (Gong et al., 2013)

GlobelLand30 30 m 79.3 -- Partial Moderate (Chen et al., 2015)
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These results are consistent with the tem-
poral validation strategy. While we could only 
provide reference data for the benchmark year 
(2020), we also evaluated historical maps us-
ing a similar consistency-based approach that 
includes visualisation of Landsat time series, 
high-resolution Google Earth images, CCDC 
temporal trajectories, and comparisons with ex-
isting land cover products. The small interan-
nual variation in temporal consistency indicator 
also supports the temporal stability and internal 
consistency of the LULC_AllalElFassi dataset 
during the 1985–2025 period.

Still, the temporal validation of the historical 
maps (1985–2019) is indirect and based on his-
torical ground reference data rather than a direct 
measurement of temporal consistency indicator. 
Therefore, we should view the temporal accu-
racies as a sign of internal consistency and reli-
ability of the produced time series rather than a 
measure of temporal consistency indicator. While 
Landsat time-series interpretation, CCDC tra-
jectory analysis, high-resolution imagery, and 
comparisons with existing land cover products 
all provide a strong complementary tool for the 
assessment of long-term land use and land cover 
over the first years of the Landsat archive, uncer-
tainty still remains (Figure 8).

There was a marked difference between pro-
ducers’ accuracy (PA) and users’ accuracy (UA) 
over time for different land use and land cover 
types. Croplands, water bodies, and imperme-
able surfaces all exhibited very good and stable 
accuracy due to their distinct spectral charac-
teristics and well-defined spatial distributions. 
In contrast, shrublands, herbaceous vegetation, 
and sparse vegetation had more erratic accuracy 

during drought years. The fluctuations were due 
to reduced photosynthetic activity, more soil ex-
posure, and the spectral similarity of herbaceous 
vegetation, shrublands, and bare land, which 
complicated classification (Figure 9).

The class areas predicted from the map and 
those generated from the reference data likewise 
show good agreement, according to the area bias 
evaluation. The best classification performance 
was confirmed by the lowest area biases, both 
of which were less than 1% for water bodies 
and impermeable surfaces. The mapped extent 
of dense woods was slightly overestimated, as 
seen by their positive area bias of +2.5%. With 
values of −4.2% and +3.8%, respectively, shrub-
lands and herbaceous and sparse vegetation 
showed the biggest biases. These differences in-
dicate a propensity to overestimate herbaceous 
vegetation while underestimating shrubland ar-
eas, which aligns with the confusion matrix’s 
misclassification tendencies between these two 
classes (Figure 10).

Analysis of land use/land cover changes 
from 1985 to 2025

The areas occupied by the eight land-use and 
land-cover groups in 1985 and 2025, along with 
their relative changes and mean annual rates of 
change, are summarized in Table 4. Over the 40-
year study period, the Allal El Fassi watershed 
exhibited varied land-use and land-cover patterns. 
While shrublands, water bodies, bare ground, ice, 
and snow showed relatively little change, the most 
noticeable changes are linked to the gradual open-
ing of the forest canopy, the rise of impermeable 
surfaces, and the expansion of croplands.

Figure 8. Temporal consistency indicators (TCIs) for the historical LULC maps (1985–2019)
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During the research period, one of the most 
notable changes to the landscape was the altera-
tion in forest cover. Between 1985 and 2025, the 
area of dense forests decreased from 32,072 ha 
to 29,076 ha. This represents a loss of 2.996 ha, 
a relative decrease of 9.35%, and a mean annu-
al rate of change of −0.25%. Open forests grew 
from 301 ha to 3.005 ha during that time, a gain 
of 2,704 ha, a relative growth of 898.50%, and a 
mean annual rate of change of 5.92%. The strong 
correlation between the increase in open forests 
and the decrease in thick forests indicates that a 
significant portion of this change was driven by an 

internal shift in forest cover. The gradual opening 
of forest stands, driven by the combined effects of 
fuelwood exploitation, wildfires, forest fragmen-
tation, livestock grazing, selective logging, and 
water stress, is probably reflected in this shift. 
The remarkably large relative rise in open forests, 
however, should be viewed with caution because 
the percentage shift is mechanically amplified by 
their extremely small initial extent in 1985.

Over the course of the study, croplands signif-
icantly expanded. Between 1985 and 2025, their 
area grew from 118,960 ha to 131,306 ha, a gain 
of 12,346 ha, a relative increase of 10.38%, and 

Figure 9. Temporal evolution of producer’s accuracy (PA) and user’s accuracy (UA) for the eight land use and 
land cover classes of the LULC_AllalElFassi dataset from 1985 to 2025

Figure 10. Estimated area bias for the eight land use and land cover classes of the LULC_AllalElFassi dataset
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a mean annual rate of growth of 0.25%. This pat-
tern suggests that one of the main forces behind 
the watershed’s changing topography has been 
agricultural growth. At the expense of herbaceous 
and sparse vegetation, the spread of cultivated 
land most likely occurred in regions with favor-
able topography, particularly valleys, plateaus, 
and open landscapes. This pattern shows the in-
tensification of agricultural land use and rising 
strain on natural vegetation.

During the study period, shrublands were al-
most unchanged worldwide, with an overall de-
crease of only 208 hectares, from 214,030 hect-
ares in 1985 to 213,822 hectares in 2025. This 
loss of 208 hectares represents a 0.10 percent 
decrease and an average annual change in shru-
bland cover of -0.002%. The entire watershed 
changes, and the differences between shrublands, 
open woodlands, herbaceous and sparse vegeta-
tion, and croplands would be balanced. So even 
if shrublands are always relatively stable, there 
are still local changes in land cover. In contrast, 
herbaceous and sparse vegetation declined more 
drastically from 271,677 hectares (in 1985) to 
258,839 hectares (in 2025). This is a total loss 
of 12,838 hectares with an average annual de-
crease of -0.12% and a relative decline of 4.73%. 
Most of this reduction is due to the conversion 
of herbaceous areas to cropland. In some areas, 
there are also connections to such areas becom-
ing shrublands or open forests due to the return of 
natural vegetation, changes in grazing practices, 
or ecological restoration projects.

The area of water bodies decreased from 468 
ha in 1985 to 463 ha in 2025, representing a loss of 
5 ha, a relative reduction of 0.96%, and a mean an-
nual rate of change of −0.02%. Over the course of 
the study, there was only a slight net change. The 
significant interannual variations in the water level 

of the Allal El Fassi Reservoir should not be ob-
scured by this apparent constancy between the two 
reference years. When precipitation, hydrological 
inflows, droughts, water withdrawals, and reser-
voir management techniques occur, the reservoir’s 
surface area may change significantly. Therefore, 
rather than consistent hydrological stability over 
the study period, the slight variation between 1985 
and 2025 is mostly due to the similarity of the 
mapped water extent between these two years.

During the study period, impervious surfaces 
showed one of the highest relative rates of in-
crease. Between 1985 and 2025, their area grew 
from 84 ha to 748 ha, a gain of 664 ha, a relative 
increase of 789.63%, and a mean annual rate of 
change of 5.62%. This trend reflects the water-
shed’s rapid urbanization and infrastructure de-
velopment, even though its overall extent remains 
smaller than that of the predominant agricultural 
and natural land cover classes. Therefore, land ar-
tificialization and the fragmentation of natural and 
agricultural landscapes have increased due to the 
growth of urban centers, rural villages (douars), 
the road network, and related infrastructure.

The total area of bare land, ice, and snow in-
creased slightly from 4.132 ha in 1985 to 4.139 ha 
in 2025 (7 ha), or a relative increase in percentage 
of 0.17%, but the average annual rate of change 
was 0.004%. Overall, this category remained al-
most unchanged in the entire study. The total ex-
tent of exposed surfaces is relatively constant be-
tween the two reference years, as indicated by the 
relatively small net change. However, localized 
gains and losses can be offset by watershed chang-
es, and bare land could be subject to significant 
seasonal and interannual variation due to drought, 
snow cover at higher elevations, and agriculture.

While the proposed framework performed well, 
it must still be acknowledged when interpreting 

Table 4. Area and rates of change of the land use and land cover classes in the Allal El Fassi watershed between 
1985 and 2025

Class 1985 (ha) 2025 (ha) Change (%) Annual rate (%)

Dense forests (DF) 32 072 29 076 −9.35 −0.25

Open forests (OF) 301 3 005 +898.50 +5.92

Shrubland (SHR) 214 030 213 822 −0.10 −0.002

Croplands (CRP) 118 960 131 306 +10.38 +0.25

Water bodies (WTR) 468 463 −0.96 −0.02

Built-up areas (IMP) 84 748 +789.63 +5.62

Bare land, ice and snow (BAL) 4132 4 139 +0.17 +0.004

Herbaceous and sparse vegetation (HSV) 271677 258 839 −4.73 −0.12
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the long-term land use and land cover trends. The 
main limitation is the lack of consistent historical 
ground reference data for the early years of the 
Landsat archive and therefore the use of tradition-
al thematic validation prior to 2020. As a result, 
we have evaluated the reliability of the historical 
maps using a complementary temporal consis-
tency strategy that uses visual interpretation of the 
Landsat time series, high-resolution Google Earth 
images, CCDC temporal trajectories, and compari-
sons with regional and global land cover products. 
This approach is not entirely sufficient to replace 
the historical field observations, but it does dem-
onstrate the internal consistency of the generated 
data over the whole period of 1985–2025. When 
the historical reference data and the high-resolu-
tion satellite observations, such as Sentinel-1 and 
Sentinel-2 images, are combined we will be able to 
better validate the temporal accuracy and thematic 
accuracy of the long-term LULC products.

CONCLUSIONS 

Our work developed LULC_AllalElFassi, the 
first 30 m spatio-temporal land use and land cover 
dataset for the Allal El Fassi Watershed from 1985 
to 2025. Instead of introducing a new change de-
tection algorithm, our work combined the exist-
ing CCDC approach with spatio-temporally stable 
sample generation, locally adaptive classification, 
and spatio-temporal consistency to obtain a con-
sistent LULC time series. The dataset has an over-
all accuracy of 82.82 percentage points, which is 
good enough to show the robustness of our pro-
posed mapping dataset. The generated maps show 
that over the past four decades the landscape has 
changed dramatically: forests have been opened 
further, croplands have expanded, and the impervi-
ous surface has grown fast– indicating the increas-
ing pressure of humans on the watershed. However, 
we need to be mindful that our dataset is limited in 
terms of the 30 m Landsat spatial resolution, pixel 
density, historical image availability, and spectral 
similarity between the transition vegetation classes.

In addition to its research contribution, 
LULC_AllalElFassi also provides an operational 
dataset for environmental monitoring, hydrologi-
cal modelling, water erosion assessment, reser-
voir sedimentation studies, forest management, 
and land-use planning. As a way to ensure that the 
data is fully transparent and reproducible, the full 
dataset, Google Earth Engine scripts, training/

validation samples, workflow documentation, 
and metadata will be made available on SIG-Ma-
roc and GitHub. Future work will also make use 
of Sentinel-2 optical imagery and Sentinel-1 ra-
dar observations to better distinguish the different 
kinds of vegetation and improve the spatial and 
temporal accuracy of the dataset. In general, our 
framework can be easily applied in other Medi-
terranean watersheds that face similar issues of 
land use and land cover change, climate change, 
and sustainable management of natural resources.
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