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Abstract 

This study aims to demonstrate the potential of assessing future land cover degradation status by combining the fore-
casting capabilities of the Cellular-Automata and Markov chain (CA-Markov) models in Idris Selva with the land cover 
degradation (LCD) model in the Trends.Earth module. The study focuses on the upper Zambezi Basin (UZB) in south-
ern Africa, which is one of the regions with high rates of land degradation globally. Landsat satellite imagery is utilised 
to generate historical (1993–2023) land cover and land use (LCLU) maps for the UZB, while the global European Space 
Agency Climate Change Initiative (ESA CCI) LCLU maps are obtained from the Trends.Earth module. The CA-Markov 
chain model is employed to predict future LCLU changes between 2023 and 2043. The LCD model in the Trends.
Earth module in QGIS 3.32.3 is then used to assess the historical and forecasted land cover degradation status. The 
findings reveal that land cover degradation maps produced from local LCLU classifications provide more detailed 
information compared to those produced from the global ESA CCI LCLU product. Between 2023 and 2043, the UZB 
is predicted to experience a net reduction of approximately 3.2 million hectares of forest cover, with an average 
annual reduction rate of − 0.13%. In terms of land cover degradation, the UZB is forecasted to remain generally stable, 
with 87% and 96% of the total land cover area expected to be stable during the periods 2023–2033 and 2033–2043, 
respectively, relative to the base years 2023 and 2033. Reduction in forest cover due to the expansion of grassland, 
human settlements, and cropland is projected to drive land cover degradation, while improvements in forest cover 
are anticipated through the conversion of grassland and cropland into forested areas. It appears that using locally pro-
duced LCLU with high-resolution images provides better assessments of land degradation in the Trends.Earth module 
than using global LCLU products. By leveraging the opportunities offered by models with capacity to predict LCLU 
such as the CA–Markov model and the capabilities of the LCD model, as evidenced in this study, valuable forecasted 
information can be effectively obtained for monitoring land cover degradation. This information can then be used 
to implement targeted interventions that align with the objective of realising the United Nations’ land degradation 
neutral world target by 2030.

Keywords  CA–Markov model, Land cover and land use, Land cover degradation, Land cover degradation model, 
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Introduction
Globally, land degradation is on the rise, primarily as 
a result of changes in land cover and land use (LCLU). 
These changes are especially evident in the conversion 
of forests into cropland and settlements (Potapov et  al. 
2022; Hu et al. 2021; Winkler et al. 2021; Bär et al. 2023). 
Surprisingly, it has been discovered that global land cover 
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and land use changes are actually four times greater 
than previously estimated, largely due to uncertainties 
in the methods and data sets used (Winkler et al. 2021). 
The region’s most severely affected by land degradation 
include Africa south of the equator, which accounts for 
13% of the global degrading area and 18% of net primary 
productivity (Lewandowski et  al. 2013). Biophysical and 
socioeconomic interactions in semi-arid regions are 
complex, resulting in effects such as altered land cover, 
land use, and degraded landscape structures (Chundu 
et  al. 2024; Phiri et  al. 2019; Gebresamuel et  al. 2010). 
Therefore, the detection of LCLU changes has become a 
matter of concern for environmentalists, conservation-
ists, and land use planners, given its significant impact 
on natural ecosystems (Chundu et al. 2024; Arfasa et al. 
2023; Lukas et  al. 2023). The efficacy of remedial inter-
ventions may be compromised depending on the extent 
of these interactions. Most interventions rely on his-
torical detection of changes in LCLU, which can hinder 
effective remedial outcomes due to potential differences 
in future changes to the landscape structure (Kgaphola 
et  al. 2023; Ukhurebor et  al. 2022; Bajocco et  al. 2012). 
The United Nations (UN) seeks to achieve a "land degra-
dation neutral (LDN) world" by 2030 as part of Sustain-
able Development Goal (SDG) 15. The UN defines land 
degradation neutrality (LDN) as “a state whereby the 
amount and quality of land resources necessary to sup-
port ecosystem functions and services and enhance food 
security remain stable or increase within specified tem-
poral and spatial scales and ecosystems” (Orr et al. 2017) 
The Sustainable development goal (SDG) 15 adopted the 
LDN as one of the targets to guide the framing of the 
United Nations Convention to Combat Desertification 
(UNCCD) (Cowie et al. 2018). The Trends.Earth module 
(Trends.Earth 2022) to support reporting to the Global 
Environment Facility (GEF) and UNCCD is a free and 
open-source tool designed to facilitate the comprehen-
sive understanding of land change, including land cover 
degradation. It provides users with the ability to access 
and integrate the most reliable and diverse data sources, 
ranging from globally available datasets to tailored local 
maps. By harnessing this wealth of information, Trends.
Earth module enables users to delve into the intricacies 
of land change, unravelling the factors and motivations 
driving alterations on the ground. However, a limitation 
of the Trends.Earth module is that it currently only offers 
historical global land cover products up to the year 2020. 
This presents a challenge since the GEF and UNCCD 
monitoring framework intends to cover data up to the 
year 2030. Moreover, the scientific conceptual frame-
work for LDN is "designed based on the counterbalanc-
ing mechanism to attain neutrality, which envisions 
and aspires to balance projected positive and negative 

changes" (Cowie et al. 2018). Furthermore, it is hypoth-
esised that the utilisation of locally produced LCLU 
products for the evaluation of land degradation could 
result in higher precision compared to the application 
of global products (Tulbure et al. 2022; Wang et al. 2019) 
within the Trends.Earth module. Therefore, predictions 
of LCLU at a local or regional level offer a broader per-
spective for comprehensively understanding both past 
and potential future changes in LCD. This enables the 
formulation of more precise interventions and strategies 
to address these changes (Lukas et al. 2023; Tulbure et al. 
2022; Wang et  al. 2021; Cowie et  al. 2018; Halmy et  al. 
2015; Roy et al. 2015).

Several approaches for detecting and predicting land 
cover and land use (LCLU) changes exist, among which 
the artificial neural network (ANN), cellular automata 
(CA), and Markov chain (MC) models appear to be the 
most commonly utilised (Lukas et al. 2023; Akdeniz and 
Sag 2022; Wang et al. 2021; Näschen et al. 2019; Mondal 
et al. 2019; Hamad et al. 2018; Halmy et al. 2015; Singh 
et  al. 2015; Corner et  al. 2014; Memarian et  al. 2012). 
Some studies have used a combination of the CA-Markov 
models and the ANN to better prediction outcomes for 
particular landscapes (Lukas et al. 2023; Gharaibeh et al. 
2020). However, in this study, we utilise only a combina-
tion of the CA and Markov chain models, known as CA-
Markov, as described in Singh et al. 2015 and Memarian 
et  al. 2012. We employ these models to predict LCLU 
changes using satellite images due to their immense 
flexibility and capabilities. Therefore, this study demon-
strates the potential use of CA–Markov model LCLU 
outputs for predicting LCD at a local level, thus address-
ing the limitation of the Trends.Earth module in mak-
ing forecasts. The forecasts at the local level are valuable 
not only for monitoring purposes, but also for inform-
ing targeted interventions aimed at mitigating LCD.
The Upper Zambezi Basin (UZB) in Angola and Zam-
bia encompasses the upstream region of the Zambezi 
River (Beilfuss 2012). The UZB is susceptible to climatic 
hazards such as droughts and floods, and has witnessed 
a rise in mining activities, population, and human set-
tlements (Hughes and Farinosi 2020; Beilfuss 2012). 
Studies conducted in the Upper Zambezi Basin have 
primarily focused on the hydrology and ecology of the 
basin, particularly with regard to the associated climate 
implications (Chomba et al. 2022; Makungu and Hughes 
2021; Zimba et  al. 2018; Timberlake 2000). Some stud-
ies have also examined changes in Land Cover and Land 
Use (LCLU) within the Upper Zambezi Basin, both at a 
broader level and in specific areas of Angola (Kissanga 
et al. 2024) and Zambia (Banda et al. 2023; Tiamgne et al. 
2021; Phiri et al. 2019; Shakachite et al. 2016). However, 
there has been a lack of research investigating the specific 
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LCLU changes occurring in the UZB catchment, as well 
as assessments of the historical and projected long-term 
degradation of land cover. These changes in LCLU within 
the UZB have significant implications for the sustainabil-
ity of the ecohydrological functions of the Zambezi River 
Basin. It is essential to determine these changes in order 
to implement appropriate remedial measures. This study 
aimed to assess the utility of the forecasting capabilities 
of the CA–Markov model(s) and the LCD model in the 
Trends.Earth module to enhance our understanding of 
land cover degradation at a local level. The study assessed 
the historical and projected LCD in the UZB from 1993 
to 2043, surpassing the target year of 2030 for report-
ing to the Global Environment Facility (GEF) and the 
United Nations Convention to Combat Desertification 
(UNCCD). The period from 1993 to 2023 has been well-
documented as a time when land cover-altering activities, 
such as agriculture and mining, increased in both Angola 
and Zambia (Kissanga et al. 2024; World Bank 2010). This 
period also saw a significant rise in the human popula-
tion in the region, which is a major driver of changes in 
land cover. The increase in population leads to higher 
agricultural production to meet food demands and the 

expansion of settlements (Phiri et  al. 2019). Therefore, 
this period is particularly suitable for effectively detect-
ing changes in land cover. Additionally, the period from 
2023 to 2043 includes the timeframe for achieving Land 
Degradation Neutrality (LDN) as outlined in the sustain-
able development goals. These goals are expected to be 
achieved by the year 2030. The 13-year extension beyond 
2030 serves as a projection to plan the management of 
the upper Zambezi Basin.

Data and methods
Study area
The UZB is the north western part of the Zambezi River 
Basin encompassing areas in north east of Angola and 
north west of Zambia. It stretches between longitude 
18° E and 27° E and latitudes 10° S and 17° S in southern 
Africa (Fig. 1). The upper course of the Zambezi River is 
situated on an elevated plateau, which leads to relatively 
mild temperatures ranging between 18 and 30 °C due to 
the influence of altitude. In the winter months (May to 
July), the weather is cool and dry, with an average tem-
perature of 20  °C. From August to October, there is a 
noticeable increase in average temperatures, just before 

Fig. 1  Location of the study area in a Africa, b in Angola and Zambia in southern Africa, and c the spatial distribution of elevation using the ASTER 
digital elevation model, rivers and wetlands in the Upper Zambezi Basin catchment
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the rainy season begins in October. During this period, 
temperatures can become excessively hot, often reach-
ing 40 °C. The rainy season lasts from November to April 
and is characterised by short, intense thundershowers. 
Sometimes, the rate of rainfall can reach 150  mm per 
hour, followed by clear skies in between showers. It is 
during these months that the upper Zambezi receives the 
majority of its rainfall, resulting in significant variations 
in the river’s flow throughout the year (Beilfuss 2012; 
Timberlake 2000). Some of the major rivers that drain the 
UZB include the Zambezi, Kabompo, Luanginga, Lung-
webungu (Beilfuss 2012). The headwaters of the Zam-
bezi, located in north eastern Angola and north western 
Zambia, are associated with the Congolian biome, which 
exhibits a more humid and warmer climate in compari-
son to the remaining parts of the Zambezi Basin (Fan-
shawe et al. 2010; Timberlake 2000). The flora and fauna 
in the UZB comprise a blend of species found in the for-
ested Congo Basin and those inhabiting the less tropical, 
more wooded areas of the Zambezi Basin (Timberlake 
2000). The Zambezian biome spans the remainder of the 
UZB and consists of woodland, grassland, swamp, and 
lakes. It experiences a strongly seasonal climate, charac-
terized by a distinct dry season. The Zambezian biome 
can be further classified into wetter regions featuring 
miombo broad-leaved woodland, and drier regions with 
mopane or Acacia woodland (Fanshawe et al. 2010; Tim-
berlake 2000). The UZB is also home to important wet-
lands such as the Barotse that support ecohydrological 
functions and various livelihoods (Makungu and Hughes 
2021; Zimba et al. 2018; Fanshawe et al. 2010; Timberlake 
2000). Over the years there has been increase in human 
settlements and mining activities in the UZB (Tiamgne 
et  al. 2021; Kissanga et  al. 2024; Mendelsohn 2019). 
These aspects have potential to degrade the landscape 
of the UZB. Land cover degradation in the landscape of 
the UZB has ability to negatively affect ecosystem ser-
vices including tourism, food, hydro-power generation 
from reduced river flows as a result of changes in climate 
(Barati et al. 2023).

Data
The data, methods/processes, and outputs of this study 
are depicted in Fig. 2. Both satellite and field-based data 
were utilized in the study.

Satellite imagery
The Landsat satellite data was selected due to the pres-
ence of an extensive and reliable archive of high-quality 
historical data, dating back to 1984 in the specific case of 
the data utilised in this study. This data offers a relatively 
high spatial resolution of 30 m. The spectral characteris-
tics of the Landsat data used in the study can be found in 

the following documentation (Lulla et al. 2021; Roy et al. 
2014; Chander and Markham 2003).

Satellite data pre‑processing and quality control
To reduce errors, this study utilized pre-processed Land-
sat 5 Thematic Mapper (TM), Landsat 8 Operational 
Land Imager and Thermal Infrared Sensor (OLI-TIRS), 
and Landsat 9 OLI-TIRS top of atmosphere (TOA) reflec-
tance products obtained from the United States Geologi-
cal Survey (USGS) through the Climate Engine (https://​
app.​clima​teeng​ine.​org/; last accessed 25/07/2023). Addi-
tionally, all Landsat data were projected in the same man-
ner. The average TOA reflectance for the months of June 
to August during the dry season was used.

This period was selected because it is easier to sepa-
rate the grass component from the forest (tree) when the 
grass dries out and trees have not completely shed their 
leaves, especially in the areas covered by miombo wood-
land. The study followed recommended practices, includ-
ing image mosaicking and compositing. The software 
platforms used in the study were ArcGIS 10.7, IDRIS 
Selva 17, and QGIS 3.32.3.

LCLU classification scheme
The LCLU classification scheme utilised in this study 
was developed by merging the classification schemes of 
the Food and Agriculture Organisation (FAO) (Latham 
et al. 2002) and the Forestry Department of Zambia (Vesa 
et  al. 2013). The scheme was established after conduct-
ing an initial assessment of the predominant LCLU types 
and evaluating the distinguishability of the spectral sig-
natures for the various LCLU types in the study area. 
Initially, eight LCLU classes were chosen, which were 
subsequently reduced to five using the reclassification 
tool in Idris Selva. This reduction aimed to enhance both 
the accuracy and change assessment. The resulting five 
classes were: forest, grassland, cropland, built-up/bare-
land, and water body.

Selection of LCLU classification model
The study used the maximum likelihood approach 
(Ahmad and Quegan 2012; Perumal and Bhaskaran 2010) 
to create the LCLU (Land Cover and Land Use) maps. 
This approach was selected because it is widely used in 
LCLU classification and has consistently proven to pro-
duce accurate results in various studies worldwide (Nor-
ovsuren et  al. 2019; Shivakumar and Rajashekararadhya 
2018; Karan and Samadder 2018; Lam et al. 2008).

Acquisition of training data and band selection
The LCLU  classification was based on regions of inter-
est (ROIs), also known as training areas, for each class. 
ROIs were selected based on their uniformity and 

https://app.climateengine.org/
https://app.climateengine.org/
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representation of the same class across the image. Geo-
graphical  coordinates points were collected during the 
reconnaissance survey using a Trimble Juno 3D Global 
Positioning System (DGPS) handheld device with an 
accuracy level of 2–5 m. These points were used to cre-
ate ROIs in Google Earth Pro. The ROIs in Google Earth 
Pro were then converted to a ROI shapefile, which was 
used to generate spectral signatures in Idris Selva 17. The 
specific bands used for the spectral signatures depended 
on the sensor. For Landsat 5TM, Bands 2, 3, 4, 5, and 7 
were employed, while for Landsat 8 OLI-TIRS and Land-
sat 9 OLI-TIRS, Bands 3, 4, 5, 6, and 7 were used. Before 
conducting the classification, statistics were generated 
to determine spectral separability. The Jeffreys-Matusita 

(JM) distance and the transformed divergence (TD) (Sen 
et  al. 2019; Padma and Sanjeevi 2014; Swain and King 
1973) signature separation statistics were used to iden-
tify the best band combination for LCLU classification. 
ROIs and band combinations with separability statistics 
exceeding 1.9 (JM) and 1950 (TD) were utilised for clas-
sification purposes. The bands with the highest spectral 
signature separability were Bands 2, 3, 4, 5, and 7 for 
Landsat 5TM and Bands 3, 4, 5, 6, and 7 for Landsat 8 
OLI-TIRS and Landsat 9 OLI-TIRS.

Reclassifying and resampling of LCLU maps
The reclassification tool in Idris Selva was employed, 
in conjunction with expert knowledge and field 

Fig. 2  Summary of the research inputs, processes and out puts in the study
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observations, to reclassify the seven-class global  ESA 
Climate Change Initiative (CCI) LCLU and local LCLU 
maps into five classes. This process involved merging sim-
ilar classes, such as grassland and wetland, and excluding 
the ’other class’, which was not present in the global ESA 
dataset for the UZB. The reclassified UZB  local LCLU 
maps, now comprising of five classes, were then resam-
pled to the global ESA CCI LCLU spatial resolution using 
the nearest neighbour method in the resampling tool, 
resulting in a spatial resolution of 300 m. The purpose of 
this resampling was to standardise the local LCLU maps 
with the spatial resolution of the global ESA CCI datasets 
for performance comparison. Following the methodology 
explained in Sect. "Accuracy assessment of LCLU classi-
fication maps", the reclassified global ESA CCI and local 
LCLU maps underwent validation.

Accuracy assessment of LCLU classification maps
The stratified random sampling is a widely used method 
for estimating the number of sampling points required to 
validate a land cover and land use (LCLU) map (García-
Álvarez et  al. 2022; Olofsson et  al. 2014; Strahler et  al. 
2006). The stratified approach was employed to ensure 
that the generated sampling points are evenly distributed 
across the UZB. The sample size was calculated using 
Eq. 1. Validation points for the LCLU maps of 1993, 2003, 
2013, 2020, and 2023 were generated in ArcGIS 10.7. 

where n is the number of sampling sites, O is the antici-
pated user accuracy (80% in the case of this study), z 
is the percentile from the standard normal distribu-
tion (z = 1.96 for a 95% confidence interval); and d is 
the desired half-width of the confidence interval of O . 
The error matrix method (Olofsson et al. 2014) was uti-
lised to calculate the accuracy statistics in ArcGIS 10.7. 
Each class consisted of more than 50 validation points, 
resulting in a total of over 900 validation points for each 
LCLU classification. The classifications were validated 
using a combination of Google Earth Pro and field data. 
The accuracy statistics included the producer accuracy 
(PA), user accuracy (UA), overall accuracy (OA), and the 
Kappa index (KI) (Olofsson et al. 2014; Ahmad and Que-
gan 2012). Only classifications with PA, UA, OA, and KI 
values above 0.8 were deemed acceptable, indicating a 
strong agreement between the LCLU classification and 
the actual ground status (Olofsson et al. 2014).

Dynamic LCLU simulations with the CA‑Markov approach
Many researchers have used the combination of the 
CA–Markov model to forecast land cover and land 

(1)n =

z2O(1− O)

d2

use (Abdulrahman and Ameen 2020;  Mondal et  al. 
2019; Hamad et al. 2018; Liping et al. 2018; Sang et al. 
2011). The CA-Markov is a hybrid model that combines 
two different concepts: the Cellular Automata (CA) 
and the Markov chain. Markov Chain analysis is com-
monly used to simulate complex processes by study-
ing the probabilities of transitioning between different 
states. This analysis is based on a discrete and random 
process, both in terms of time and state. The simula-
tion model generates a transfer matrix for land cover 
and land use areas and a probability transfer matrix to 
predict trends in land use changes. The state transition 
probability matrix of a Markov chain determines the 
likelihood of a cell or pixel moving from one land use 
category to another. The matrix is generated by cross-
tabulating two images, adjusted for proportional errors 
(Berto and Jacopo, 2023; Singh et al. 2015 and Memar-
ian et al. 2012). In the Markov chain model, states are 
represented as S = {S0, S1, S2,..., Sn}. Assuming the cur-
rent state is St, it then transitions to state Sj in the next 
step with a probability represented by the transition 
probabilitiesPij . The Markov chain model is described 
as in Eqs. 2 and 3 (Wang et al. 2020; Gashaw et al. 2017; 
Singh et al. 2015; Memarian et al. 2012).

where P is the matrix of Markov transitions, (i and j) are 
the categories of LCLU for initial and successive time-
frames, respectively, n is the number of LCU classes, and 
Pij is the likelihood that a given type of land surface will 
transition from one LCLU type to another.The Markov 
chain model has a limitation in that it operates indepen-
dently of the neighbouring states of the observed cell, 
thus neglecting the spatial distribution of each category. 
As a result, while it can accurately forecast the magnitude 
of change, it fails to determine the appropriate direc-
tion. To overcome this limitation and gain insights into 
both the magnitude and direction of change, the Cellu-
lar Automata model is introduced. This model has the 
ability to assess the spatial characteristics of the data, 
thereby addressing the spatial distribution limitation of 
the Markov chain model. The CA aspect of the model is 
based on the proximity concept, where regions closer to 
existing areas of the same class are more likely to change 
to a different class, following Markov transition rules and 
adjacent neighbours (Berto and Jacopo 2023; Singh et al. 
2015; Memarian et al. 2012). The CA model is described 
as in Eq. 4.

(2)St = Pij ∗ St − 1

(3)P = Pij =





P11 P12 P1n
P21 P22 P2n
Pn1 Pn2 Pnn



,

n
�

i=1

Pij = 1
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where S is the set of finite and separate cellular states, 
t − 1 denotes the various times, f  is the rule for trans-
forming cellular states in local space and N  is the cellular 
field. The assumption made with the CA–Markov model 
is that if the state of a system at an earlier time is known, 
the probability of it being in a certain state at a later time 
can be determine. By using the probabilities obtained 
from past changes, predictions can be made about future 
changes (Berto and Tagliabue 2023; Singh et  al. 2015; 
Memarian et al. 2012). Therefore, the CA–Markov model 
predicts both the trend and spatial structure of various 
LCLU categories (Wang et al. 2020; Gashaw et al. 2017; 
Singh et al. 2015; Memarian et al. 2012).

Calibration and validation of the CA–Markov model
Calibration and validation of the CA–Markov model are 
important stages in the forecasting process. The use-
fulness of the CA–Markov model is dependent on the 
results of the validation (Nyatuame et  al. 2023; Mondal 
et  al. 2016; Memarian et  al. 2012).To calibrate the CA-
Markov to predict the 2023 LCLU map the 2003 and 
2013 LCLU classifications were used. First, the transition 
probabilities were generated using the Markov’s Marko-
varian transition area estimator. Using local knowledge of 
the study area and the transition probabilities estimated 
with the Markovarian transition estimator a 5 by 5 digital 
filter and reclass file were generated based on the 2013 
LCLU classification as the base year from which to pre-
dict the 2023 LCLU map. Using the Cellular Automata 
module with the 5 by 5 filter, reclass files and the 2013 
LCLU map as inputs, and an iteration of 10, based on 
the number of years (time step) between the base year 
and the forecasted year, suitability maps were generated. 
Finally, the CA–Markov model was executed with the 
2013 LCLU map as the image from which 2023 LCLU 
was to be predicted, Markov transition areas file and the 
suitability image outputted from CA module as inputs. 
The reader can refer to Nyatuame et al. (2023), Mondal 
et al. (2016) and Memarian et al. (2012) on the calibration 
process for the CA–Markov model.The image-to-image 
validation tool in Idris Selva was utilised to compare the 
CA–Markov model predicted 2023 LCLU map with the 
actual 2023 LCLU classification. The validation mod-
ule assesses the level of agreement and disagreement 
between the CA-Markov predicted LCLU map and 
the classified LCLU map. An overall agreement (Kno) 
exceeding 0.8 indicates a strong agreement between 
the CA-Markov predicted and the classified LCLU 
maps (Nyatuame et al. 2023; Mishra et al. 2018; Mondal 
et al. 2016). In this study, if the overall accuracy assess-
ment of the LCLU classification was above 85%, and the 

(4)S(t−1,t) = f
(

S(t−1),N
) CA-Markov predicted LCLU did not achieve an over-

all accuracy of 0.8, the LCLU maps were not reworked. 
Instead, multiple reclass files were attempted until the 
desired accuracy result of over 80% for the CA-Markov 
predicted LCLU map was achieved.

Forecasts of the 2033 and 2043 LCLU maps
The forecasts for the 2033 and 2043 LCLU maps were 
conducted using the validated CA–Markov model. This 
model utilized the Markov transition areas file and the 
suitability image generated from the calibration of the 
CA module, which exhibited an overall agreement (Kno) 
of the predictions above 0.8 (Mondal et  al. 2016). The 
base years for these predictions were 2023 and 2033, 
respectively.

LCLU change assessment with the Land Cover Modeler
To assess the changes in the LCLU between time steps 
the land cover modeler in Idris Selva was used. The 
change analysis involved the gains and losses of each 
LCLU class, net change by each class and the contribu-
tors to the net change in each class.

Configuring of the LCD matrix and LCD analysis
To align with the validated five class local LCLU maps 
and the global ESA CCI LCLU maps the Land cover deg-
radation matrix in Trends.Earth module was first recon-
figured to five classes from seven classes configuration. 
Each LCLU class was assigned an identification (ID) 
number from 1 to 5, with no data assigned zero (0) as the 
ID. The typological table (Table  1) in the Trends.Earth 
land cover degradation module was then manually con-
figured using the local knowledge of LCLU transitions in 
the study area, the information obtained from the tran-
sition probability matrices during CA–Markov model 
calibration in Idris Selva and the transition information 
in Trends.Earth module. Each transition was assigned 
a category as follows; the transitions corresponding to 
degradation (− sign), improvement (+ sign), or stable (no 
change in terms of land condition) (zero) (Table 1). Since 
the Trends.Earth module does not go beyond the year 
2030 the LCLU maps false labels were used going back 
20 years with 1973, 1983, 1993, 2003, 2013, 2023 in place 
of 1993, 2003, 2013, 2023, 2033 and 2043 respectively.

Results and discussion
Local Landsat‑based LCLU maps and the Global ESA CCI 
LCLU maps
Landsat data were successfully used to assess the LCLU 
for the UZB (Fig. 3). The changes in the spatial distribu-
tion of LCLU are more visible in the local maps than the 
global ESA CCI LCLU maps (Fig.  3). The differences in 
the LCLU between the local maps and the global ESA 
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Table 1  Reconfiguration of the land cover degradation matrix in Trends. Earth

Fig. 3   a Historical Landsat-based local LCLU classifications and global ESA CCI LCLU classifications for the years 1993, 2003, 2013, 2023 and b 
the CA-Markov based predictions for 2023, 2033 and 2043 with Landsat-based LCLU maps and global ESA CCI maps in the Upper Zambezi Basin, 
southern Africa
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CCI LCLU  maps could be attributed to the differences 
in the spatial resolutions of the classifications (Local 
Landsat-based LCLU maps with 30 m spatial resolution 
and ESA CCI LCLU at 300 m spatial resolution) and the 
reliability of the training data used in the classifications 
(Duarte et al. 2023; Friedl et al. 2022; Tulbure et al. 2022; 
Wang et al. 2019).

Accuracy assessment of LCLU classifications
In thematic mapping using remotely sensed data, accu-
racy is the term commonly employed to denote the 
degree of correctness of the map or classification (Foody 
2002). Accuracy refers to the level of agreement of the 
classification with the real-world data. Accuracy assess-
ment serves to establish the level of confidence in the 
classification(s) (Islami et  al. 2022; Rwanga and Ndam-
buki 2017; Bogoliubova and Tymków 2014; Foody 2002) 
prior to its application for a specific purpose.

Accuracy assessment of local LCLU maps and the Global ESA 
CCI LCLU maps
The accuracy assessment for historical classifica-
tion relied on field surveys, Google Earth data, and the 
confusion matrix approach. The stratified sampling 
approach with a total of 915 sampling points was used. 
Four metrics were utilized: producer accuracy (Fig.  4a, 
d and Tables A1 & A2 in the appendices), user accuracy 
(Fig. 4b, e and Tables A1 & A2 in the appendices), over-
all accuracy and kappa index (Fig. 4c, f and Tables A1 & 

A2 in the appendices). Generally, over the years, both the 
local-level Landsat-based LCLU maps and the ESA CCI 
LCLU maps demonstrated strong accuracy, with Overall 
accuracy/Kappa coefficients exceeding 0.9 (Tables A1 & 
A2 in the appendices). The producer accuracy and the 
user accuracy for each class were also notably high, gen-
erally surpassing 80% (Tables A1 & A2 in the appendices). 
For the locally classified LCLU maps, greater uncertainty 
was observed in estimating the PA and UA metrics for 
the cropland and water classes (Fig.  4a, b). In the ESA 
CCI LCLU maps, greater uncertainty was observed in the 
cropland, build up/bareland, and water classes (Fig.  4d, 
e). When compared to the local Landsat-based LCLU 
classification, the ESA CCI LCLU classification showed 
lower user accuracy values (Tables A1 & A2 in the appen-
dices) and greater uncertainty (Fig.  4) for the cropland 
and build up/bareland classes. Overall, the locally pro-
duced Landsat-based LCLU maps demonstrated greater 
accuracy than the global ESA CCI LCLU maps.

Validation of the CA–Markov model
For future projected maps, accuracy metrics for image-
to-image comparison; Kstandard, Kno, Klocation, and 
Klocation strata, in Idris Selva were employed. Kno 
indicates the overall agreement. Klocation indicates the 
extent to which the two maps agree in terms of loca-
tion of each category. Kquantity indicates the extent to 
which the two maps agree in terms of quantity of each 
category (Mondal et  al. 2016). According to Cohen’s 

Fig. 4  Accuracy assessment metrics for local Landsat-based LCLU classification and ESA CCI LCLU classification a, d producer accuracy, b, e user 
accuracy and overall accuracy and Kappa Index c, f respectively
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Kappa coefficient of agreement interpretation (Cohen, 
1960), a range of 0.6–0.79 indicates moderate agree-
ment, 0.80–0.90 indicates strong agreement, while values 
above 0.90 indicate almost perfect agreement. An over-
all accuracy agreement of 80% is recommended (Mondal 
et al. 2016; Foody 2002; Anderson et al. 1976). The CA–
Markov model showed strong overall agreement (Kno) of 
above 0.85 in both scenarios with the local LCLU maps 
(Table 2) and global ESA CCI LCLU maps (Table 3). The 
CA–Markov was then used to make the 2023, 2033 and 
2043 predictions with the 2013, 2023 and 2033 (local 
LCLU maps and global  ESA CCI LCLU maps) as base 
years for the predictions.

Agreement between local LCLU maps and the Global ESA 
CCI LULC maps
The local LCLU maps demonstrated higher user accuracy 
values and an overall kappa index of agreement (KIA) 
compared to the global ESA CCI LCLU maps (Fig. 4 and 
Tables A1 and A2 in the appendices). Consequently, the 
local maps were employed as the reference images for 
evaluating the similarity between the local LCLU clas-
sifications and global  ESA CCI LCLU classifications 
using the cross-tabulation method. Despite similarities 
observed visually between the local LCLU maps and 
the ESA LCLU maps, the cross-tabulation analysis pre-
sents a different perspective, indicating weak agreement between the classifications. In general, the forest class 

exhibited the highest KIA between the local LCLU maps 
and global ESA CCI LCLU maps over the years, ranging 
from 0.739 to 0.910 (Table  4). The grassland class dis-
played a KIA ranging from 0.158 to 0.589, while the crop-
land class exhibited a KIA ranging from 0.153 to 0.234. 
The built-up/bare land class demonstrated the lowest 
KIA among the classes, ranging from 0.003 to 0.008. The 
water class had a KIA ranging from 0.175 to 0.391. Cram-
er’s V ranged from 0.445 to 0.560, indicating an agree-
ment level of generally less than 60% between the local 
LCLU maps and the global  ESA CCI LCLU maps. The 
significant disparities between the local LCLU maps and 
the global ESA CCI LCLU maps appear primarily in the 
grassland, cropland, built-up/bare land, and water classes 
(Table 4). These distinctions underscore the importance 
of leveraging local knowledge of the study area and the 
necessity of locally generated LCLU maps.

Composition and comparison of LCLU classes across years
The locally produced maps exhibit a greater level of 
detail and offer more nuanced temporal variations in the 
estimation of LCLU (Fig. 5a and Table 5), in contrast to 
the global product provided by ESA CCI (Fig.  5b). The 
LULC classifications by global  ESA CCI diverge from 
the local LULC maps, as they depict an increase in for-
est cover over time and a decrease in grassland (Fig. 5b 

Table 2  Validation of the 2023 predicted LCLU map using the 
CA–Markov model configured with 2003 and 2013 local Landsat 
data-based LCLU maps

Classification agreement/disagreement
According to ability to specify accurately quantity and allocation

Information of quantity

Information of Allocation No[n] Medium[m] Perfect[p]

Perfect [P(x)] P(n) = 0.5446 P(n) = 0.9797 P(n) = 1.0000

Perfect Stratum [K(x)] K(n) = 0.5446 K(n) = 0.9797 K(n) = 1.0000

Medium Grid [M(x)] M(n) = 0.4784 M(n) = 0.8762 M(n) = 0.8792

Medium Stratum [H(x)] H(n) = 0.1667 H(n) = 0.3241 H(n) = 0.3224

No [N(x)] N(n) = 0.1667 N(n) = 0.3241 N(n) = 0.3224

Agreement Chance  = 0.1667

Agreement Quantity  = 0.1575

Agreement Strata  = 0.0000

Agreement Gridcell  = 0.5521

Disagree Gridcell  = 0.1035

Disagree Strata  = 0.0000

Disagree Quantity  = 0.0203

Kno 0.8514

Klocation 0.8422

Klocation Strata 0.8422

Kstandard 0.8168

Table 3  Validation of the 2020 predicted LCLU map using the 
CA–Markov model configured with 2003 and 2013 global ESA 
CCI LCLU maps

Classification agreement/disagreement
According to ability to specify accurately quantity and allocation

Information of quantity

Information of allocation No[n] Medium[m] Perfect[p]

Perfect [P(x)] P(n) = 0.5255 P(n) = 0.9988 P(n) = 1.0000

Perfect Stratum [K(x)] K(n) = 0.5255 K(n) = 0.9988 K(n) = 1.0000

Medium Grid [M(x)] M(n) = 0.5236 M(n) = 0.9966 M(n) = 0.9955

Medium Stratum [H(x)] H(n) = 0.1667 H(n) = 0.3521 H(n) = 0.3517

No [N(x)] N(n) = 0.1667 N(n) = 0.3521 N(n) = 0.3517

Agreement Chance  = 0.1667

Agreement Quantity  = 0.1855

Agreement Strata  = 0.0000

Agreement Gridcell  = 0.6444

Disagree Gridcell  = 0.0023

Disagree Strata  = 0.0000

Disagree Quantity  = 0.0012

Kno 0.9959

Klocation 0.9965

Klocation Strata 0.9965

Kstandard 0.9947
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and Table 5). However, these global ESA CCI LCLU clas-
sifications are inconsistent with numerous studies that 
have demonstrated a decline in forested areas in Zambia, 
Angola, and southern Africa as a whole (Kissanga et  al. 
2024; Tiamgne et al. 2021; Mendelsohn 2019; Phiri et al. 
2019; Shakachite et al. 2016).

Contrary to the ESA CCI estimates, the local LCLU 
classifications appear to be consistent with findings from 
the above cited studies that suggest a decline in forested 
areas, a rise in agricultural land, and the expansion of 
built-up or barren land in the southern African region, 
including specific countries like Angola and Zambia. 

Table 4  Similarity between local LCLU maps and global ESA CCI LCLU maps

Kappa index of agreement (KIA) per LCLU class

Year Forest Grassland Cropland Built up/bareland Water Over-all KIA Cramer’s V

1993 0.739 0.158 0.200 0.004 0.391 0.266 0.445

2003 0.852 0.573 0.222 0.007 0.347 0.804 0.560

2013 0.829 0.589 0.234 0.008 0.318 0.810 0.556

2023 0.839 0.501 0.153 0.003 0.317 0.755 0.540

2033 0.909 0.514 0.201 0.003 0.175 0.774 0.550

2043 0.910 0.512 0.202 0.003 0.179 0.774 0.550

Fig. 5  Historical and future projected composition of LCLU area in the Upper Zambezi Basin across years 1993–2043: a Landsat-based locally 
classified LCLU maps and b global ESA CCI LCLU maps

Table 5  Percentage (%) coverage of the LCLU area from 1993 to 2043

Local Landsat-based LULC classification Global ESA CCI LULC classification

1993 2003 2013 2023 2033 2043 1993 2003 2013 2023 2033 2043

Forest 69.05 61.26 59.23 57.63 55.52 53.45 68.31 68.45 68.57 68.67 68.76 68.85

Grassland 26.98 33.11 35.62 35.07 36.84 38.61 25.68 25.45 25.38 25.34 25.30 25.26

Cropland 1.54 2.71 3.62 3.36 3.52 3.69 5.64 5.75 5.68 5.63 5.58 5.54

Built-up/bare land 2.22 2.66 0.94 3.67 3.56 3.46 0.03 0.04 0.04 0.04 0.04 0.04

Water 0.21 0.25 0.59 0.27 0.55 0.78 0.34 0.31 0.32 0.32 0.32 0.32
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Nonetheless, the UZB primarily comprises forested 
areas, with over 50 percent of its total landmass classified 
as forest by 2043 (Table 5).

Change analysis of the LCLU
Gains and losses analysis
Overall, based on local classifications, it is expected 
that the historical changes in the LCLU of UZB will be 
reflected in future projections. The gains in area of crop-
land, grassland, and built-up/bareland are projected to 
exceed the losses (Fig. 6a, b). However, when it comes to 
forest area, the gains are expected to be lower than the 
losses. The overall temporal trend indicates a contin-
ued reduction in forest area, accompanied by increases 
in area of built-up/bareland, cropland, and grassland. 
These changes are not easily observable when using the 
global ESA CCI LCLU data (Fig. 6c, d), highlighting the 
need to evaluate the suitability of this product for local-
level applications. Detailed change analysis for each 
LCLU class is provided in the proceeding sections.

Forest cover change and drivers of change
The decline in forest area during the specified period 
was clearly evident in the locally generated maps and 
aligns with the overall decreasing trend in forest cover in 
Angola and Zambia (Chundu et al. 2024; Kissanga et al. 
2024; Banda et al. 2023; Phiri et al. 2019). From 1993 to 
2003, there was a net decline in forest area of −  4.23%. 
Between 2003 and 2013, the forest area declined by 
− 1.74%, while between 2013 and 2023, there was a net 
decline in forest area of 4.13%. Throughout the period 
1993–2023, there was a consistent decrease in the area 
of forest cover in the UZB. Key factors contributing to 
the reduction in forest area from 1993 to 2023 included 
the expansion of grasslands (− 5.38%), population-driven 
shifts leading to an increase in croplands (− 1.04%), and 
the growth of built-up/bare lands (− 0.5%). Forecasts pre-
dict a decrease in forest area of -1.29% and − 1.26% for 
the periods 2023–2033 and 2033–2043, respectively. The 
anticipated decline in forest cover is primarily expected 
to be driven by the expansion of grasslands (−  1%), 

Fig. 6  Gains and losses in LCLU for the period 1993–2043 in the Upper Zambezi Basin. a gains and losses between 1993 and 2023, b gains 
and losses between 2023 and 2043 for local LCLU classifications. c gains and losses between 1993 and 2023, d gains and losses between 2023 
and 2043 using the global ESA CCI LCLU classification
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croplands (− 0.25%), and built-up areas/bare land (0.02%) 
(Fig. 7).

Grassland change and drivers of change
The grassland area experienced a general net increase of 
3.9% between 1993 and 2003, followed by a net growth of 
1.36% between 2003 and 2013. Furthermore, an observed 
net increase of 1.72% occurred between 2013 and 2023. 
Future projections indicate that the grassland area will 
continue to expand, with an expected net increase of 1.8% 
between 2023 and 2033, and a subsequent net increase of 
1.08% between 2033 and 2043. From 1993 to 2023, the 
reduction in forest area contributed to a 5.38% increase 
in grassland area. Conversely, the reduction in grass-
land area was primarily driven by the expansion of crop-
land (− 0.06%), built-up area/Bareland (0.4%), and water 
(− 0.01%). Looking ahead to 2043, the projected increase 
in grassland area will follow a similar pattern, with 5.01% 
resulting from changes in forest area and 0.04% result-
ing from changes in cropland. Conversely, the projected 
reduction in grassland area (− 1.36%) will mainly be due 
to the expansion of built-up area/Bareland and conver-
sion to water (− 0.16%) (Fig. 7).

Cropland change and drivers of change
The cropland area experienced a net increase of 0.89% 
between 1993 and 2003, 0.37% between 2003 and 2013, 
and 0.61% between 2013 and 2023. Future projections 
indicate a significant increase in cropland area, with a 
projected growth of 4.7% between 2023 and 2033, fol-
lowed by a minimal increase of 0.11% between 2033 and 
2043 (Fig. 7). These observations in cropland align with 
the findings of various studies, including those by Kis-
sanga et al. (2024), Chundu et al. (2024), and Phiri et al. 
(2019), which demonstrate a consistent trend of cropland 
expansion in Angola and Zambia over the years.

Built‑up/Bare Land change and drivers of change
The built-up/bare land area experienced a net reduction 
of -0.59% between 1993 and 2003, mainly due to con-
version to cropland (−  0.07%) and grassland (−  0.63%). 
Between 2003 and 2013, there was a further decrease of 
− 0.31% (Fig. 7). However, between 2013 and 2023, there 
was a net increase of 1.79% in the built-up/bare land area, 
driven by the conversion of forest area (0.33%), grass-
land (1.4%), and cropland (0.06%). Looking ahead, it is 
projected that between 2023 and 2033, the built-up/bare 
land area will reduce by -0.06% due to the conversion to 
cropland (− 0.13%), while experiencing an increase from 
the conversion of forest cover (0.04%) and grassland 
(0.03%) (Fig.  6). Similarly, the future projections for the 
period 2033–2043 indicate a net reduction of −  0.06% 
in the built-up/bare land area due to the conversion to 
grassland (− 0.12%), while gains will come from the con-
version of forest area (0.02%) and cropland (0.04%).

Water body change and drivers of change
This is one of the most significant classes in the UZB with 
implications on the health of various ecosystems, includ-
ing wetlands. Between 1993 and 2023 the net change in 
the area covered by water in the UZB was 0.04% indi-
cating a net increase of about 190  km2. The change was 
mainly due to conversion of forest area to water (0.03%) 
and grassland to water (0.01%). Between the period 2023 
and 2043 the projection is that area covered by water will 
increase by a net of 0.19% (Fig. 7) which is 962 km2. Main 
contributors to this change are conversion from grass-
land to water body (0.16%) and conversion from forest 
cover to water body (0.02%).

Transitions in LCLU and land cover degradation
Transitions in LCLU
The primary LCLU transitions observed between 1993 
and 2023 were the conversion of forest cover to grassland 
and cropland. Approximately 42,000  km2 of forest were 
transformed into grassland, while about 7000  km2 were 
converted to cropland (Figs. 8a and 9a). In both Angola 
and Zambia, where the UZB is located, the causes of 
forest-to-grassland conversion can be attributed to fac-
tors such as bush fires, timber harvesting, and charcoal 
burning for energy needs in both rural and urban areas 
(Chundu et  al. 2024; Kissanga et  al. 2024; Phiri et  al. 
2019). Moreover, the increase in anthropogenic fac-
tors, such as population growth, has resulted in a higher 
demand for food, leading to the expansion of cropland 
and settlements, which encroach upon forested areas, as 
shown in Fig. 8a (Kissanga et al. 2024; Phiri et al. 2019). 
Grassland, on the other hand, has predominantly transi-
tioned to forest cover (14,000 km2) and built-up/bareland 

Fig. 7  Net change percentage in each of the LCLU over the assessed 
periods in the UZB
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(3700  km2). Conversely, portions of cropland have tran-
sitioned to grassland (1800  km2), as have areas of built-
up/bareland (1600 km2) (Figs. 8a and 9a). The forecasted 
LCLU transitions for the period between 2023 and 2043 
are expected to follow a similar pattern in the UZB 
(Figs. 8b and 9b), with forest cover mostly converting to 
grassland, cropland, and built-up/bareland. Grassland is 
expected to primarily transition to forest (2200 km2) and 
built-up/bareland (7000 km2) (Figs. 8b and 9b).

Spatial and temporal distribution of land cover degradation
Land cover degradation in the UZB seems to be wide-
spread throughout the study area (Fig. 10). Between 1993 
and 2023, the most significant degradation occurred in 
the forest cover, primarily due to the conversion of forests 
into croplands, the development of human settlements, 
and the conversion to grasslands. The degradation of 
grasslands was mainly caused by the conversion of grass-
lands into croplands and built-up/bare lands. The largest 
land cover degradation occurred between 1993 and 2003, 
with approximately 47,165 km2 degraded, accounting for 
15% of the total UZB catchment area. Similarly, between 
2013 and 2023, the total degraded area was approxi-
mately 43,830  km2, representing about 14% of the UZB 
catchment area (Fig.  11). The most significant improve-
ment in land use and land cover was observed between 
2003 and 2013. The period from 2023 to 2033 is pro-
jected to have approximately 27,754 km2 (8% of the total 
UZB catchment area) as degraded land, primarily due to 
the anticipated ongoing conversion of forest cover into 
grasslands, croplands, and built-up/bare lands. However, 
the degraded land cover is projected to decrease in the 
period from 2033 to 2043 compared to the period from 
2023 to 2033 (Fig. 11).

Land cover degradation was observed throughout 
the entire spatial extent of the UZB, both in historical 
and projected periods (Fig. 9). Phiri et al. (2019) identi-
fied various driving factors that contribute to long-term 
changes in land cover in Zambia.

These factors include the percentage of agricultural 
area, proximity to water bodies, changes in crop yield, 
average temperature, and elevation. Significant factors 
influencing the loss of forest cover include human pop-
ulation density, crop yield per hectare, and mean crop 
yield. The observed land cover degradation in the UZB 
corresponds to the findings of Phiri et  al. (2019), as the 
degradation is evident near human settlements, water 
bodies, and croplands (Figs.  3 and 10). Overlaying wet-
lands on the maps displaying the spatial distribution of 
land cover degradation in the UZB reveals degradation 
in and around all wetlands, primarily due to the con-
version of grasslands into woody vegetation (i.e., forest) 
and croplands (Fig. 7a). These observations highlight the 
threat posed to wetland ecosystems by changes in LULC 
in wetlands and in the wetland catchments.

Discussion
Differences in agreement between LCLU classes
In comparison to the global ESA CCI LCLU, the locally 
generated Landsat-based LCLU maps demonstrated 
superior accuracy in terms of user accuracy and overall 
kappa index results. Overall, the proportional area com-
parison showed over 75% agreement between global ESA 
CCI LCLU and local Landsat-based LCLU, except for 
the year 1993 which showed less than 50% agreement. 
The disparity between the global  ESA CCI LCLU maps 
and the local LCLU maps varied depending on the land 
cover and land use classes. Dominant LCLU classes, for-
est cover and grassland, generally showed significant 

Fig. 8  Illustration of the historical and forecasted temporal transitions of LCLU classes in the Upper Zambezi Basin over two periods: a spanning 
from 1993 to 2023, represents the historical data, while (b), spanning from 2023 to 2043, represents the forecasted data using the local 
Landsat-based LCLU maps
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Fig. 9  An overlay of UZB wetlands on the Google Earth image and the local Landsat-based LCLU spatial transition maps for the period a 1993–2023 
and b 2023–2043
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agreement, KIA > 80%; 50% respectively (Table 4). How-
ever, there was less concurrence observed in smaller 
LCLU classes, such as cropland, settlement, and water 
bodies. For instance, Bayas et  al. (2017) found that 
global  ESA CCI overestimated cropland. Other stud-
ies have shown similar results in which global ESA CCI 
LCLU showed good agreement proportional to the area 
of each LCLU class (Reinhart et al. 2021).

An accuracy assessment of the global  ESA CCI 20  m 
land cover product conducted in Gabon, Ivory Coast, 
Kenya and South Africa showed mixed performance 
(Lesiv et al. 2019). Lesiv et al. (2019) found overall accu-
racy of between 44% (South Africa) and 91% (Gabon). 
They also showed that user accuracy increased by merg-
ing certain classes. Both Reinhart et al. (2021) and Lesiv 
et  al. (2019) attributed the errors in global  ESA CCI 
LCLU to misclassification of the classes due to the train-
ing data utilised in the classification process. In this 

study, it was observed that the ESA CCI LCLU misclas-
sified significant areas of built-up land and forests as 
cropland. Additionally, in some instances, large grassland 
areas were erroneously classified as forest cover. This 
misclassification can likely be attributed to the training 
data utilised in the classification process of the  global 
ESA CCI LCLU product, similar to the findings of Rein-
hart et al. (2021) and Lesiv et al. (2019). The 300-m spatial 
resolution in global  ESA’s LCLU data may cause errors 
resulting in underestimation/overestimation of LCLU 
classes due to mixed pixels. Mixed pixels occur when a 
single pixel represents multiple land cover types, making 
it challenging to accurately classify the pixel’s true iden-
tity (Lillesand et al. 2015).

Drivers of changes in land cover and land use
Although this study did not evaluate the underlying fac-
tors driving the alterations in land cover and land use, 

Fig. 10  Trends.Earth module assessment of land cover degradation in the UZB; based on locally classified LCLU maps a 1993–2023, b 2023–2043 
and the global ESA CCI LCLU maps c 1993–2023 and d 2023–2043. The OpenStreet Map is used as the background
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previous studies conducted in Zambia (Phiri et al. 2019), 
Angola (Kissanga et  al. 2024), the wider African con-
tinent (Assede et  al. 2023; Kleemann et  al. 2017; Kindu 
et al. 2015) as well as other regions worldwide (Kim et al. 
2014), have elucidated these drivers. The major driv-
ers include: an increase in population, distance to facili-
ties (road network, rivers, railways), economic status of 
rural households, changes in agricultural practices, cli-
mate variables, topography and many more. According 
to a review of the drivers of changes in LCLU in Africa, 
Assede et  al. (2023) found that agriculture dominates 
natural forest conversions. They also found that natural 
vegetation is largely converted to arable land and settle-
ments, leading to unprecedented accelerated soil erosion 
and land degradation. These observations align with the 
findings of this study, which show that forests were typi-
cally converted to grassland, cropland and settlements as 
explained in Sect. "Change analysis of the LCLU". Assede 
et  al. (2023) further revealed that the observed loss in 
forest areas is mainly associated with fringe population 
growth and the associated demand for firewood, char-
coal, and construction materials. These findings align 
with the observations made by Kissanga et  al. (2024) in 
Angola and in Zambia by Phiri et  al. (2019). However, 
charcoal production and firewood collection are short-
term changes that can be reversed over time through 
woodland recovery, unless these areas are converted into 
commercial agriculture (Assede et al. 2023). It is crucial 
to consider the resilience of woodlands in this context. 
Zambezian woodlands are known for their ability to 
regrow strongly after tree harvesting (Phiri et  al. 2019). 
This may explain the gains in forest cover for the period 

1993–2023 (Fig.  6a).Mwampamba et  al. (2016) showed 
that grasslands in Africa are reducing rapidly due to con-
version to arable land. This observation aligns with the 
findings of this study which shows that the reduction in 
grassland area was primarily driven by the expansion of 
cropland (− 0.06%) and built-up area/Bareland (− 0.4%).

Implications of the land cover degradation
Land cover degradation is a significant environmental 
problem with extensive policy implications. It involves 
the permanent loss of natural vegetation due to various 
factors such as deforestation, urbanization, and agricul-
ture (Kouassi et al. 2021; Herrmann et al. 2020). This deg-
radation has a profound impact on the environment. For 
instance, land cover degradation results in the destruc-
tion of natural habitats, leading to a decline in biodi-
versity (Baidoo et  al. 2023; Maitima et  al. 2009). This, 
in turn, has a domino effect on the entire ecosystem, as 
the loss of one species can affect the survival of others. 
Land cover degradation contributes to climate change 
by releasing carbon dioxide into the atmosphere (Barati 
et al. 2023). Trees and other plants absorb carbon dioxide 
as part of photosynthesis, so when they are removed, this 
carbon is released back into the atmosphere. Land cover 
degradation can lead to soil erosion, resulting in the loss 
of topsoil due to wind or water. This can damage soil fer-
tility and reduce agricultural productivity (Ferreira et al. 
2022; Gebresamuel et al. 2010). Land cover degradation 
can lead to changes in hydro-morphology, flow volumes 
and water pollution by allowing sediment and nutrients 
from eroded soil to enter waterways. This contamination 
can harm aquatic ecosystems and contaminate drinking 

Fig. 11  Trends.Earth module assessment of the temporal magnitude of land cover degradation in the UZB a generated using locally Landsat-based 
LCLU maps, and b generated using the global ESA CCI LCLU maps
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water supplies (Kayitesi et al. 2022; Näschen et al. 2019). 
These implications must be viewed within the context of 
the limitations of the study as highlighted below.

Limitations of LCLU forecasts using CA‑Markov
The limitations of the CA–Markov model have been 
reviewed by Ghosh et  al. (2017) and particularly noted 
by Asif et al. (2023), Sang et al. (2011), Kamusoko et al. 
(2009). Some of the limitations of the CA–Markov model 
include:

Inaccurate simulations
In this study, the simulations did not consider exter-
nal variables such as the effects of government policies, 
socio-economic interactions, and other environmental 
drivers. As a result, changes in land cover and land use 
may not have been accurately simulated, leading to dis-
crepancies between predicted and observed changes 
(Ghosh et al. 2017). This may be attributed to the com-
plex interactions between social, economic, and environ-
mental drivers. However, the simulations in this study 
showed good agreement with the actual observations, 
indicating minimal errors and suggesting that the study is 
acceptable for use.

Limited temporal scope
CA-Markov models typically rely on short-term histori-
cal data, such as the 10-year periods used in this study. 
However, this approach may not capture long-term 
trends or future uncertainties, which can limit their abil-
ity to accurately predict future land use changes (Ghosh 
et al. 2017). This could explain the reduction in the fore-
casted land degradation for the UZB. It is possible that 
the actual future land degradation will be higher than 
what the study has forecasted.

Static transition probabilities
CA-Markov models assume that transition probabili-
ties between land use types remain constant over time. 
However, these probabilities may change due to various 
factors, such as policy changes or technological advance-
ments (Ghosh et al. 2017). In view of this limitation the 
LCLU and land degradation forecasts made using the 
CA-Markov approach in this study may not be very accu-
rate as policy changes and technological advancements 
have not been considered in the simulations.

Policy considerations
The Upper Zambezi Basin is home to the source of the 
Zambezi River and has diverse ecosystems. These eco-
systems support livelihoods in Angola and Zambia. One 
such ecosystem is the Barotse wetlands in Zambia, des-
ignated as a Ramsar site (Beilfuss 2012; Fanshawe et  al. 

2010; Timberlake 2000). Land degradation in the Upper 
Zambezi Basin can affect the Lower Zambezi’s ecosys-
tems, hydro-power generation, and agriculture. Given 
the significant environmental impacts of land cover deg-
radation, it is important for policymakers to take action 
to address this issue.

Policymakers can protect and restore natural habitats 
by implementing conservation measures, such as creat-
ing protected areas and reforestation programs. Policy-
makers can promote sustainable agriculture by providing 
incentives for farmers to adopt climate smart agriculture 
practices and those practices that minimize land degra-
dation, such as crop rotation and contour ploughing. 
Policymakers can reduce deforestation by implementing 
policies that discourage the clearing of forests, such as 
taxes on logging and land use regulations. By taking these 
steps, policymakers can help to mitigate the impacts of 
land cover degradation and protect the environment ulti-
mately contributing a land degradation neutral world.

Conclusions
This study aimed to show how land degradation fore-
casts can be made in the Trends.Earth module using the 
CA–Markov model. This addresses the issue of the lack 
of forecasts in the Trends.Earth module, which is a global 
platform used for reporting to the Global Environment 
Facility (GEF) and United Nations Convention to Com-
bat Desertification (UNCCD). The study also highlighted 
the differences between locally produced maps and the 
global ESA CCI LCLU maps in LCLU assessments. The 
study assessed the historical and forecasted LCD in UZB 
from 1993 to 2043, surpassing the target year of 2030 
for reporting to the Global Environment Facility (GEF) 
and the United Nations Convention to Combat Deserti-
fication (UNCCD). The additional information (for the 
period 2033–2043) can be utilised for planning purposes 
and implementing specific interventions aimed at revers-
ing the degradation in UZB. The following conclusions 
have been deduced from the study:

A comparison of user accuracy, producer accuracy, 
and kappa coefficients showed that the locally produced 
LCLU maps were more accurate than the global  ESA 
CCI LCLU product. This is because the locally classi-
fied LCLU maps benefited from the use of local knowl-
edge and an increased number of field points for training 
data and validation. Therefore, our study shows that for 
a more accurate and enhanced representation of land 
degradation results at the local or regional level, it is pref-
erable to use locally produced LCLU maps using high-
resolution imagery such as Landsat data, with a sufficient 
number of representative training data.

Although there are no global-level forecasted ESA CCI 
LCLU maps available for assessing future land cover 
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degradation in the Trends.Earth module, this limita-
tion can be overcome by using models, such as the 
CA–Markov model, which have the capacity to accu-
rately forecast LCLU. Understanding the potential future 
changes in LCLU and the resulting land degradation is 
key to informing targeted interventions to reverse land 
degradation at a local or regional level and contribute to 
achieving a degradation-neutral world as envisioned by 
the United Nations.

Between 2023 and 2043, the UZB is predicted to expe-
rience a net reduction of approximately 3.2 million hec-
tares of forest cover, with an average annual reduction 
rate of − 0.13%. In terms of land cover degradation, the 
UZB is forecasted to remain generally stable, with 87% 
and 96% of the total land cover area expected to be stable 
during the periods 2023–2033 and 2033–2043, respec-
tively, relative to the base years 2023 and 2033.

The forest cover in the UZB catchment has been 
declining and is projected to continue decreasing due 
to the conversion of forests to grassland, cropland, and 
built-up land. The degradation of land cover in UZB will 
persist and necessitates targeted policy interventions to 
slow down this activity and preserve the ecological and 
hydrological integrity of the catchment area.

The results of this study are a demonstration of the 
innovation of making forecasts of LCD in the Trends.
Earth module. Therefore, forecasted LCLU products 
from more accurate forecasting models other than the 
CA-Markov can be used as inputs in the Trends.Earth 
module to achieve the desired LCD outcomes.
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