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Accurate predictions of changes in Land-use and Land-cover (LULC) are crucial in climate modeling, providing valuable insights into the possible effects of land-use alterations on Earth’s intricate system. This study focuses on forecasting and examining future LULC changes in the Ndola district from 2022 to 2042, considering three scenarios: Traditional mode (TM), Ecological protection (EP), and Economic Development (ED). TM reflects past land use changes, EP prioritizes environmental conservation, and ED emphasizes economic growth and urbanization. Using the patch-generating land use simulation (PLUS) model, we achieved precise predictions of LULC changes in Ndola district. The model, which combines LEAS rule-extraction with a CA model using CARS, addresses limitations of previous models like CLUE-S, CA-Markov, and FLUS by accurately simulating scattered LULC patterns and the mutual attraction and evolution of open space and urban land under different policies. Using LULC data from the livingatlas platform for the base period (2017–2022), the model demonstrated a Kappa coefficient of 78% and a FoM value of 0.34. Key findings indicate significant trends, such as reductions in forest and agricultural lands in the TM and ED scenarios, with rangeland expanding consistently across all scenarios, particularly in the ED scenario. The decline in agricultural and forest lands raises concerns about household food security, habitat fragmentation, biodiversity loss, and diminished ecosystem services. Urban sprawl onto other land uses could further strain urban infrastructure and public services. Future research should incorporate uncertainty analysis methods such as fuzzy logic or Bayesian methodologies to quantify and differentiate uncertainties related to modeling simulations.
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1 INTRODUCTION
One cannot overstate the importance of land areas, which serve as invaluable habitats for human existence while simultaneously serving as platforms for social progress and ecological enhancement. Recognizing the pivotal role of land space pattern modifications as the primary drivers of environmental change, it becomes evident that these alterations directly influence the provision of essential ecosystem services (Emiru et al., 2018). Interwoven intricately with ecosystems and human wellbeing, these services constitute a significant focal point in land and spatial planning endeavors (Lu et al., 2022). The disproportionate burden of deforestation is starkly evident in developing nations across Latin America, Asia, and Africa compared to their developed counterparts, highlighting a pressing global concern (Humphreys, 2009). This alarming reality underscores the critical necessity for targeted interventions and sustainable land management practices in these regions. Land-use and land-cover (LULC) emerge as pivotal climatic factors in environmental research, extensively applied across diverse studies encompassing earth system modeling, natural resource management, food security, and conservation biology, underscoring their profound significance (Zhang et al., 2022). Human-induced alterations in LULC yield far-reaching consequences, disrupting fundamental carbon and nitrogen cycling, emitting copious quantities of Chlorofluorocarbon effluents, and causing severe damage to fragile ecosystems and biodiversity (Hong et al., 2021).
In recent years, urbanization has surged globally, with over half of the world’s population living in cities since 2014, and it is projected to reach 66 percent by 2050 (Xu et al., 2022). This rapid urban growth poses significant environmental challenges, emphasizing the need for a holistic understanding of its implications. Urban areas face the task of accommodating expanding populations while maintaining environmental sustainability. Effective land use and cover dynamics management is crucial, serving as indicators of human impacts on natural systems (Li et al., 2021).
Monitoring and predicting changes in land use patterns are essential for understanding urbanization trends and their ecological consequences (Bimenyimana et al., 2022). Such analyses support the formulation of sustainable land use plans, which are vital for fostering a balanced relationship between nature and society in cities.
Remote sensing is indispensable for comprehensively studying LULC changes across diverse geographical contexts. It allows for the acquisition of high-quality land classification data, facilitating accurate land use simulations (Yu et al., 2021). These simulations are vital for anticipatory planning and proactive decision-making by policymakers and urban planners, enabling effective management of LULC transitions under varying scenarios. Understanding the potential trajectories of LULC changes is crucial for developing strategies aligned with sustainable development objectives and mitigating environmental impacts. Through LULC analysis and remote sensing, we can pave the way toward a more ecologically resilient and socially harmonious urban future (Wang et al., 2022).
The rapid pace of urbanization in the Ndola district has given rise to a concerning disparity between urban expansion and the concurrent development of essential infrastructure. This disjunction has manifested prominently in unplanned urban settlements, a prevailing feature in Zambia’s urban landscape, with Ndola city experiencing particular challenges. The district grapples with a spectrum of issues linked to urban expansion, encompassing inadequate waste management, suboptimal water supply and sanitation (especially in low-income areas), proliferation and challenges associated with informal settlements, limited public health services, and congestion in the Central Business District. The lack of coordinated strategic planning exacerbates these challenges, exacerbating the deterioration of urban living conditions. As Ndola expands to accommodate its burgeoning population, the consequences include clearing forests, converting agricultural land into urban spaces, and narrowing the Kafubu River channel due to construction on the river buffer zone. Currently, the trend of land use is a continuous conversion of other land uses, such as cropland and vegetation, to built-up areas. Addressing these adverse effects and steering Ndola toward a sustainable future is imperative. Strengthening institutional capacities for city-wide service delivery and fostering coordinated strategic planning are essential components of this effort. A balanced approach to urban development, mindful of preserving natural resources, is crucial to mitigating environmental degradation and forging a sustainable path forward for Ndola. Unfortunately, there is a lack of comprehensive research quantifying the factors that drive changes in land-use and forest cover in the Ndola district and the future development trends in LULC.
The Patch-Generating Land Use Simulation (PLUS) model is a versatile LULC simulation model that predicts changes based on key factors driving land-use transitions. It considers climate conditions, interaction and competition between various land use types during simulation training, and other relevant factors (population, natural water bodies, transportation systems, etc.). The PLUS model excels in simulating scattered LULC patterns, addressing shortcomings found in other models like CLUE-S, CA-Markov, and FLUS. It overcomes limitations such as the inability to simulate the mutual attraction and evolution of open space and urban land under different policies. Additionally, research indicates that the PLUS model effectively simulates LULC and landscape patterns, surpassing the accuracy of models like FLUS, CLUE-S, and ANN-CA (Liang, et al., 2020; Lu et al., 2022). Hence, this study aims to address this gap by utilizing the PLUS model to simulate various scenarios and forecast the future patterns of land use and forest cover to offer a practical and methodological solution for the spatial planning of the Ndola district.
By employing this approach, we aspire to gain insights into the complex interplay of factors shaping land use decisions, including the implications for forest conservation and the sustainable management of resources. Ultimately, this research supports environmentally conscious decision-making processes, fosters sustainable development, and promotes preserving the Ndola district’s natural heritage.
In this research endeavor, our primary aim was to effectively represent and examine LULC changes within the Ndola district. To achieve this, we pursued the following main research objectives:
1) To assess the fidelity of the PLUS model in conjunction with specific influential factors in accurately simulating the LULC patterns observed in the Ndola district.
2) To investigate the anticipated alterations in LULC within the Ndola district between 2022 and 2042 under varying scenarios.
2 MATERIALS AND METHODS
2.1 Study area
Ndola district, a vital town and the provincial capital of a copper-producing province in Zambia (Copperbelt Province), stands as a symbolic example of the dynamic transformations in global land and resource utilization during the past few decades. This region has witnessed intensive human activities, the rapid expansion of urban agglomeration, a substantial decline in forest coverage, and intense conflicts over land space. The city has an area of 1,108 km2 and is situated within the latitudinal range of 12°43′ to 13°10′ South and the longitudinal range of 28°18′ to 28°46′ East. It shares its borders with three districts, namely, Masaiti, Luanshya, and Kitwe, and to the north, it has an international boundary with the Democratic Republic of Congo (DRC). The Kafubu River meanders through the district, which consequently drains into the Kafue River in another district. Ndola has a population that has been steadily growing over the years. The population is currently around 475,000, with an expansion rate of 2.8% (Zambia Statistics Agency, 2022), reflecting the urbanization trend in the city. The city experiences moderate rainfall, with an average annual precipitation of approximately 1232 mm. This rainfall is crucial for supporting various activities, including agriculture and water supply.
The rapid urbanization observed in the Ndola district serves as a microcosm of broader regional trends, highlighting the challenges that resonate across Zambia’s urban landscape. The evident disparity between urban expansion and the concurrent development of essential infrastructure mirrors a pattern seen in many rapidly growing urban areas in the region. Ndola’s struggle with unplanned urban settlements is not unique but emblematic of a prevailing feature in Zambia’s urbanization. The district’s problems, which include poor waste management, limited water supply, poor sanitation, a proliferation of informal settlements, and associated problems, reflect common issues in urban centers undergoing rapid transformation. The persistent tendency of land-use conversion, which converts vegetation and agriculture into built-up regions, is especially concerning. This trend is not unique to Ndola; it is a reflection of the difficulties urban areas in the region face as conflicting demands for land resources change the topography. Studying Ndola’s LULC changes provides valuable insights into regional dynamics. The challenges faced by the district serve as a representative case, offering a lens through which broader regional trends in urbanization, infrastructure development, and environmental sustainability can be understood. Addressing these challenges in Ndola is essential for its residents’ wellbeing and carries implications for sustainable urban development practices across Zambia and sub-Sahara Africa. Figure 1 provides a visual representation of the study area.
[image: Figure 1]FIGURE 1 | Location of the study area.
2.2 Data sources
A holistic understanding of the multifaceted dynamics is paramount in the field of studies on land-use change and urban growth, where physical, spatiotemporal, and infrastructure data are crucial. Aburas et al. (2016) underscored the significance of these datasets, which are widely recognized and utilized for simulating future trends in land use and urban development. Satellite image processing stands out as a pivotal tool in generating LULC maps, offering cost-efficient access to expansive Earth surface data. Researchers can use this methodology to accurately classify various land cover types and detect changes across diverse spatial scales.
We considered natural, social, and economic dimensions to delve deeper into the intricate web of factors influencing land-use alterations. The driving factors selected for our analysis encompass elevation, population, precipitation, temperature, slope, soil type, population density, and distance to primary roads, tertiary roads, and railways. These factors collectively contribute to the complex interactions shaping changes in land use types. Amidst this comprehensive approach, we made a conscious choice to utilize publicly available data sources, such as those provided by the National Aeronautics and Space Administration (NASA) and the U.S. Geological Survey (USGS), ensuring our study benefits from a rich depository of information for a nuanced exploration of land-use dynamics.
These factors were evaluated based on Euclidean distances, with elevation data derived from ArcGIS software as shown in Figure 2. This research employed LULC data obtained from Esri and Microsoft’s livingatlas platform, spanning the timeframes between June to October 2017 and 2022. The dataset can be accessed at https://livingatlas.arcgis.com/landcover/. The objective was to categorize various land use types, including forest, flooded vegetation, cropland (Agriculture), water bodies, bare land, built-up areas, and rangeland. A comprehensive description of the LULC classification can be found in Table 1.
[image: Figure 2]FIGURE 2 | Driving factors: (A) distance to road, (B) distance to the railway, (C) population, (D) distance to waterways, (E) digital elevation model (DEM), (F) slope, (G) annual precipitation, (H) annual temperature, (I) distance to tertiary roads, (J) Soil type.
TABLE 1 | LULC classification system utilizing deep learning AI by Impact Observatory.
[image: Table 1]The digital elevation model (DEM) employed in the analysis was sourced from the U.S. Geological Survey, obtainable at https://earthexplorer.usgs.gov/. This model has a spatial resolution of 30 m. Additionally, the shapefile for administrative areas of the Ndola district was downloaded from DIVA-GIS.
Moreover, the driving factors and other datasets, originating from different providers and systems, carried inherent geographical representations and spatial referencing variations. A thorough process of geographic unification was carefully carried out to address these discrepancies. This required the datasets to be precisely aligned using a uniform geographic and projection system, specifically adopting the WGS84/UTM Zone 35S. By doing so, a consistent and cohesive spatial framework was established, facilitating a unified analysis that allows for meaningful comparisons and correlations across the entirety of the dataset. In essence, the geo-referencing and unification efforts were crucial steps undertaken to ensure not only the compatibility of diverse datasets but also to create a unified, standardized spatial context essential for a comprehensive understanding of the complex interactions within the study area. This standardized framework lays the foundation for accurate and meaningful analyses, enabling us to draw reliable insights from the amalgamation of diverse data sources with distinct spatial characteristics while uniformly resampling the spatial resolution to 30 m.
Notably, areas classified as perennial water bodies were designated zones with restricted development. The driving factors utilized for the study were drawn from a variety of sources of vector and raster data accessible to the public. Detailed information regarding the acquired data can be found in Table 2.
TABLE 2 | The spatial driving factors of the land use change in this study.
[image: Table 2]The southern portion of the study area exhibits a higher density of proximity to the nearest primary road, while the middle to northern regions display increased distances to primary roads, resulting in a less extensive road network; this is shown in Figure 2A. Figure 2B, which depicts the distance to the railway, shows that the railway tracks are positioned on the periphery of the study area, with the closest distances found in developed areas. Most of the study area is a considerable distance from the nearest railway proximity. The population is most densely concentrated in the southeastern to south-central region of the study area, representing the primary agglomeration, as shown in Figure 2C. The remaining areas of the study exhibit lower population density. Figure 2D shows the closest distances to water bodies, which are primarily concentrated in the agglomeration region where the main river flows, situated in the south-central part of the study area. The most significant distances extend towards the northern region, approaching the study area’s border with the Democratic Republic of the Congo. The elevation across the study area is consistently high, with minor variations between the highest and lowest points.
The lower regions primarily correspond to the path of the sole river in the study area, flowing from the southeast to the southern part of the region, as is shown in Figure 2E. Elevated slopes are distributed throughout the study area, with a notable concentration in the south section. On average, the slope is gentle or low across the entire study area; this is shown in Figure 2F. Figure 2G, which depicts the annual precipitation, shows that, on average, the study area experiences significant rainfall, with the southern region receiving a relatively higher amount of precipitation. The warmest part of the study area is the agglomeration region, with a gradual decrease in temperature moving from the central location towards the north, as shown in Figure 2H. Tertiary roads are distributed relatively uniformly across the study area, with short distances to them. Nevertheless, the closest distances are more concentrated in the urban agglomeration region, situated in the south-central area of the study area; this is shown in Figure 2I. Figure 2J depicts Soil type, overall, the study area predominantly features a uniform soil type, characterized as clay-loam with varying proportions of clay and other minerals.
2.3 The PLUS model
The High-performance Spatial Computational Intelligence at China University of Geoscience (HPSCIL@CUG) laboratory development team created the PLUS model, a simulation model for land use change generated through patches (Yue, et al., 2023). The PLUS algorithm is designed to synergistically combine knowledge discovery, policy-making, and simulation, empowering policymakers and researchers with meaningful information to address the challenges associated with land use and land cover transformations (Liang, et al., 2020). Its simulation process comprises three primary stages, each contributing to a comprehensive understanding of the dynamics at play:
1. Extracting land expansion: The first step involves comparing land use and land cover maps from different years, such as 2017 and 2022. The model identifies cells that underwent a land category transition during the specified timeframe by examining changes between these maps. This information serves as a basis for further analysis and modeling.
2. Land expansion analysis strategy (LEAS): In the second step, a random forest regression (RFR) is employed, utilizing the land expansion map obtained from the previous stage and various assembled variables. The number of regression trees can be adjusted to accommodate user preferences and specific research objectives. The “mTry” parameter determines the number of attributes used to train the RFR model, which should correspond to the count of contributing factors influencing land-use changes. This process yields raster layers representing the growth potential of each land use category across the study area.
3. Cellular Automata based on multiple random seeds (CARS): The third step leverages the land use map from the initial year and the growth potential layers derived through LEAS. Several parameters are considered in this phase, including neighborhood size, patch generation threshold (Yang, et al., 2022), expansion coefficient, percentage of seeds, and conversion constraint. A conversion constraint represents a spatial feature that remains immutable throughout the simulation process, often designated as water bodies due to their inherent resistance to land-use change (Liang, et al., 2022). The land expansion map derived in the first step determines the neighbourhood weights assigned to each land use category, with the weight of a category equaling the ratio of cells transitioning to that category in the last year to the total number of cells that changed during that year. The land demands, which indicate the desired number of cells for each land use category in the final simulation maps, are estimated through linear regression and Markov chain methods.
Once the simulation process is complete, the CARS analysis is repeated to assess the precision of the PLUS model. This evaluation involves predicting the land use for a specific year, such as 2022, and comparing it with that year’s factual land use map. Employing the land use map of 2017, the simulated results are rigorously compared to the real-world data, allowing for the calculation of the Kappa coefficient—a statistical measure that assesses the level of agreement between the simulated and actual land use maps (Mei, et al., 2018).
With its robust methodology and advanced features, the PLUS model offers a comprehensive approach to understanding and predicting land use changes. Integrating knowledge discovery, policy-making, and simulation provides valuable insights for policymakers and researchers. The capacity of the model to capture the complex dynamics of land expansion and accurately project landscape patterns makes it an indispensable tool for decision-making processes and sustainable land management strategies. Figure 3 shows the workflow of the model.
[image: Figure 3]FIGURE 3 | Basic workflow of the patch-generating land use simulation model.
2.4 Extracting land expansion
The primary objective of this stage involves extracting a map depicting land expansion, enabling the exploration of growth potentials across various land-use categories (Figure 4 provides a visual representation) within the Land Expansion Analysis Strategy (LEAS) phase. This land expansion map is pivotal in comprehending neighborhood influences and transition matrices, both of which serve as inputs for the Cellular Automata model based on multiple random seeds (CARS) (Aytac, 2020). LULC maps from 2017 to 2022 were employed to accomplish this.
[image: Figure 4]FIGURE 4 | Illustrates the resultant land expansion map alongside the LULC maps from 2017 and 2022.
2.5 Model training
Employing the Land Expansion Analysis Strategy menu, the training process is carried out. Here, the model harnesses the capabilities of random forest regression (RFR) to unveil the latent developmental potential harbored by each land-use category. RFR, an innovation attributed to Leo Breiman, rests upon a tree-structured regression model approach. This machine learning paradigm derives predictive insights from extensive datasets, often represented in algorithms (Aytac, 2022). Distinguished by its resilience to outliers and capacity to aptly approximate variables marked by non-linear relationships, RFR boasts robust performance (Aytac, 2022). The methodology hinges upon the bagging technique (Zhao, et al., 2019), where subsets of training data generate random samples (weak learners). These weak learners collectively train the model, culminating in learning outcomes according to Eq. 1.
[image: image]
Here, B signifies the count of base models, while (X) embodies the output of base models. Notably, two pivotal parameters warrant meticulous tuning for RFR optimization: nTree and mTry (Aytac, 2022). The former denotes the count of grown regression trees, while the latter signifies the count of factors considered at each interval, decided through a randomly selected subset of factors (Zhao, et al., 2019). The generated expansion map (2017–2022), together with the ten driving factors, was run in the LEAS module. Optimal settings were selected, with nTree set at 20 and mTry at 10—aligning with the count of contributing factors. A sampling frequency of 0.10 was adopted. Following the training, the outcome encompassed growth potential maps of each land use.
2.6 Model calibration and validation
The subsequent phase involves the Cellular Automata model based on multiple random seeds (CARS) to simulate future LULC changes. However, before delving into simulation, a prerequisite entailed calibrating and validating the model. This initial application of the CARS step is aimed at model calibration. CARS leverages cellular automata principles and incorporates a patch-producing mechanism guided by multiple random land-use seeds (Liang, et al., 2020). Originating from the late 1940s, the cellular automaton approach, conceptualized by von Neumann and Ulam, orchestrates interactions between cells based on user-defined regulations, emulating autoreplicating intricate systems through discretization of both temporal and spatial dimensions (Fuyong et al., 2020). Cellular automata (CA) have found versatile applications in simulating diverse systems such as land behavior, river dynamics, fire propagation, bacterial growth, population dynamics, and vegetation development forecasts (Silva, et al., 2019).
In the context of land-use predictions, CA models typically represent each cell as a spatial unit and assign different land-use types to them. These models leverage neighborhood influences to simulate how the state of a cell, such as its land-use type, is influenced by neighboring cells. A neighborhood function, like the Moore neighborhood, often determines this influence, which includes the 8 cells surrounding a central cell. The states of these neighboring cells can impact the transition of the central cell’s state based on predefined rules. Additionally, transition matrices define the probabilities or rules governing how the state of a cell changes over time based on its current state and the states of its neighbors. These matrices encapsulate the transition rules of the CA model, shaping the dynamics of land-use change. By adjusting neighborhood influences and transition matrices, modelers can explore different scenarios and study the impacts of various factors, such as policy interventions or environmental changes, on land-use dynamics. Overall, these parameters play crucial roles in shaping the predictive capabilities of CA models in simulating land-use changes.
2.6.1 Calibration
Inputs of CARS module included the initial 2017 LULC map, growth potential maps from the LEAS phase, 2022 future land demands, and the conversion constraints map. We utilized water bodies as spatial constraints in our study, with neighborhood effects quantified using the 3 × 3 Moore neighborhood. The patch generation and expansion coefficients were specifically set to 0.5 and 0.1, respectively, and determined through a trial-and-error method to validate each parameter (Liang et al., 2020). Simulation parameters encompassed land-use demand, transition matrix, and neighborhood weights. To project future land demands for 2022, we employed a Markov chain model, following the methodology outlined in Liang, et al. (2018), which is integrated into the PLUS software. This investigation employed changes in the overall LULC composition from 2017 to 2022 to characterize neighborhood weights and future land-use demands. In configuring the transition matrix parameters, a value of 1 signified allowance for conversion, while a value of 0 indicated the impossibility of conversion. The transition matrix was constructed based on prior expertise and knowledge about the study area, with adjustments made depending on the simulated scenario. This approach comprehensively represents the dynamic land-use changes over the specified timeframe.
2.6.2 Validation
After integrating requisite data for calibration and validation, the simulated representation of 2022 LULC requirements followed. The subsequent evaluation relied on Cohen’s kappa coefficient, a conventionally deployed metric for data consistency. The coefficient’s values range between −1 and 1, although practical values hover between 0 and 1. Proximity to 1 indicates high consistency, with values exceeding 0.6 implying substantial concurrence between two images. In this case, the kappa coefficient and figure of merit (FoM) were used to assess the consistency; the kappa coefficient stood at 0.78, and the FoM value was 0.32. This underscores the PLUS model’s efficacy, explicitly concerning the ten drivers outlined in this study, in achieving highly accurate and confident LULC prediction outcomes.
[image: image]
In the given expression: n represents the total number of validation pixels, nii​ is the count of correctly classified pixels for the ith class, n + i denotes the total number of pixels classified as the ith class, n + i signifies the total number of pixels of the ith class in the reference data, and k represents the total number of classes.
FoM value can be calculated as below:
[image: image]
A represents the area attributed to inaccuracy resulting from noted transition being forecasted as tenacity, B denotes the area corresponding to precision arising from noted change being correctly projected as transformation, C signifies the area linked to inaccuracy stemming from noted change being forecasted as transitioning to wrongly assigned grouping, and D accounts for the area associated with inaccuracy due to forecasted tenacity being inaccurately forecasted as transition (Liu, et al., 2017).
3 RESULTS AND DISCUSSIONS
3.1 Scenario description
In this comprehensive investigation, we meticulously classified potential developments into three overarching categories, each distinctively defined by predictive scenarios that offer valuable insights into the future landscape of the Ndola district. Our methodological framework encompasses the traditional mode (TM), the ecological protection scenario (EP), and the economic development scenarios (ED).
3.1.1 Traditional Mode (TM)
The scenario serves as a reflective lens, offering a comprehensive look at the historical trajectory of land use alterations within the Ndola district. By extrapolating from past trends, this scenario provides a nuanced understanding of the probable trajectory in the absence of significant interventions. The TM acts as a baseline against which the other scenarios can be compared, aiding in the identification of potential deviations from the status quo. Analyzing historical patterns in land use allows researchers and policymakers to grasp the dynamics that have shaped the landscape over time, providing essential context for evaluating the impact of alternative scenarios.
3.1.2 Ecological Protection (EP)
This scenario embodies a developmental paradigm that places paramount importance on safeguarding environmental integrity within the Ndola district. In this scenario, socio-economic progress becomes intricately intertwined with the imperative of ecological conservation. This forward-thinking approach seeks to balance human development and environmental preservation harmoniously. The EP scenario explores the potential implications of adopting a strategy prioritizing sustainability and ecosystem health. Considering the trade-offs and synergies between development and conservation, it aims to foster a sustainable future for the Ndola district, where economic growth coexists with responsible environmental stewardship.
3.1.3 Economic Development (ED):
Conversely, ED scenarios prioritize a trajectory characterized by robust economic advancement, urban agglomeration, and fiscal augmentation as primary objectives. This scenario envisions a dynamic landscape characterized by rapid economic growth and urban expansion, serving as a potential catalyst for transformative changes within the Ndola district. The ED scenarios delve into the potential consequences of a development path that heavily emphasizes economic progress. This involves the promotion of urbanization, industrialization, and increased fiscal activities on land use patterns. By highlighting the opportunities and challenges associated with an economically focused approach, the ED scenarios contribute valuable insights into the potential future landscape of the Ndola district and its implications for sustainable development.
Our multidimensional approach classifies potential developments and provides an extensive analysis of the composite dynamic relationship between human activities and the evolving landscape. Through the lens of these predictive scenarios and the application of advanced modeling techniques, our study contributes significantly to the elucidation of future land use dynamics in the Ndola district, ultimately enhancing our comprehension of the intricate factors shaping its developmental trajectory.
3.2 LULC dynamic simulation
The simulation procedure was initiated by ascertaining future land demands, a task facilitated by the PLUS model utilizing the Markov chain technique. Markov chain models constitute class-focused transition matrices, extensively employed to ascertain the odds of LULC transitions between sequential time intervals. The essence of the Markov chain model lies in forecasting the future condition predicated upon the present state, alongside the probabilities of transitioning between states (Hu, et al., 2013).
We used the input maps of 2017 and 2022 as the start and end years, respectively, and then selected 2042 as the predicted year. After acquiring outcomes from the Markov model, we executed LULC simulations after the resulting kappa coefficient showed a strong agreement in the previous validation step. We projected potential land use configurations for 2042 under the scenarios mentioned, offering insights into economic and ecological implications, as seen in Figure 5.
[image: Figure 5]FIGURE 5 | Forecasted land use for the year 2042 under distinct scenarios: (A) LULC 2022, (B) economic development scenario, (C) ecological protection scenario, (D) traditional mode scenario.
In both TM and ED scenarios, the dominant trends in land use alteration encompassed substantial diminution in Forest and Agriculture lands relative to the existing 2022 land use, with the TM variant exhibiting a more consolidated reduction (Forest contracting to 14269ha and 14270ha, respectively from 14322ha in 2022; Agriculture receding to 6220ha and 6193ha from 6256ha in 2022). Land area expansion under TM and ED scenarios manifested as sprawling rangeland clusters. Notably, the TM scenario witnessed a proliferation of built-up zones encroaching upon forestland. The rangeland land-use expanded cohesively across all scenarios. The most extensive rangeland expansion occurred within the ED scenario, indicative of deforestation for energy and economic purposes as the built-up area expanded. While agricultural land dwindled in the ED scenario, the reduction was comparably milder than in the TM scenario, potentially yielding more significant economic benefits at the expense of encroaching upon forestland.
Consequently, forest patches under ED and TM scenarios exhibited a trajectory of diminishing size. Conversely, the EP scenario demonstrated the greatest need for forests while maintaining relatively intact forest patches, albeit with no expansion observed. Intriguingly, both the ED and TM scenarios exhibited analogous trends in agriculture and forestland decline, barring water areas. This hints at an expansion strategy that avoids encroachment upon water bodies, fostering a more sustainable urban developmental trajectory. The TM scenario’s projected loss of most agriculture and forestland is noteworthy, signaling a necessity for heightened vigilance in safeguarding these resources amidst the prevailing course of land use transformation.
This study presents an innovative framework for rule mining, focusing on an analytical strategy termed LEAS. This framework sheds new light on LULC dynamics within a specific study area. The LEAS method streamlines the assessment of land use changes, accommodating complex, multi-category modifications. Building upon the growth probabilities derived from LEAS, a CA model named CARS was introduced. Based on diverse random patch seed types, this model greatly enhanced the accuracy of simulating fine-scale patch growth across diverse land use types. The result is a more authentic representation of landscape patterns with potential applications in decision-making dealing with the complex challenge of aligning diverse land use patterns in urban areas of developing countries.
This model examined the fundamental factors driving these dynamics and accurately simulated the evolution of land use patches. Validation using simulation data from Ndola (2017–2022) demonstrated that the PLUS model has a profound precision and close alignment with real-world landscape patterns. Utilizing the model, we projected potential land use configurations for 2042 under various scenarios, offering insights into economic and ecological implications. These findings are of utmost importance for policymakers shaping the district’s future development trajectories. In both TM and ED scenarios, the main land-use change trends involved significant reductions in forest and agricultural lands compared to the 2022 baseline. TM showed a more pronounced reduction. Rangeland clusters expanded in both scenarios, with TM witnessing built-up zones encroaching on forestland. The most extensive rangeland expansion occurred in the ED scenario, reflecting deforestation for energy and economic purposes. Although agricultural land decreased in the ED scenario, the reduction was less severe than in TM, potentially yielding more significant economic benefits at the expense of forestland. Forest patches under ED and TM scenarios consistently decreased in size. The EP scenario demonstrated the highest demand for forestland without expansion. Interestingly, ED and TM scenarios exhibited similar trends in agriculture and forestland decline, excluding water areas, suggesting a strategy that avoids encroaching on water bodies for more sustainable urban development. The TM scenario projected significant losses in agriculture and forestland, emphasizing the need for increased vigilance in protecting these resources during land use transformation.
3.3 Potential impacts of the predicted LULC changes
3.3.1 TM scenario
3.3.1.1 Socio-economic impacts
The TM scenario, reflective of historical trends, poses significant socio-economic challenges in the Ndola district. The significant reduction in agricultural and forest lands and the encroachment of urban areas upon forested regions signifies entrenched urbanization patterns driven by historical norms. This historical trajectory may result in socio-economic challenges, with implications for housing, infrastructure development, and employment opportunities. The increased demand for land in urban areas, exacerbated by historical urbanization patterns, will likely drive up land acquisition and rental costs. This, in turn, could contribute to the sprawl of slums as individuals seek more affordable alternatives, further straining urban infrastructure and services. The reduction in agricultural land not only raises concerns about food security but also poses a direct threat to the livelihoods of those dependent on agriculture. In a region where agriculture often serves as a primary source of income, this trend may exacerbate existing poverty levels. The Ndola district, which has not fully recovered from the economic downturn resulting from the closure of industries in the late 1990s to early 2000s, witnessed a notable increase in poverty and unemployment during that period. The consequences were evident in the emergence of street kids and increased destitution, reflecting the vulnerability of households to economic shocks.
3.3.1.2 Environmental sustainability
The encroachment on forested areas in the TM scenario raises alarms for environmental sustainability. Loss of forest cover may result in habitat fragmentation, biodiversity loss, and reduced ecosystem services. It has been noticed that Ndola city council has challenges with regulating unplanned settlements; for example, houses have been built in the buffer zone of the river, and green spaces are restricted as water recharge points are slowly being encroached. Additionally, the historical trend of diminishing forest patches may contribute to climate change and exacerbate urban heat island effects. Balancing urban development needs with conservation efforts becomes imperative to ensure the long-term environmental health of the city.
3.3.2 ED scenario
3.3.2.1 Socio-economic impacts
The potential socio-economic impacts are multifaceted in the ED scenario, marked by robust economic advancement. The milder reduction in agricultural land suggests economic diversification and growth in alternative sectors, signaling opportunities for job creation and increased incomes. This economic expansion would likely lead to increased government revenue increasing spending on critical infrastructure, social programs, education, and healthcare. Consequently, improved public services and societal wellbeing become feasible outcomes.
However, the extensive rangeland expansion and deforestation for economic purposes present challenges. The trade-off between economic development and environmental conservation becomes evident, with potential impacts on the health and wellbeing of urban residents. The rapid urbanization associated with economic growth brings the promise of improved infrastructure, but it also introduces challenges such as heightened traffic congestion and increased demand for housing. This surge in urban development may necessitate strategic urban planning to manage the evolving demands and ensure a balanced socio-economic landscape.
3.3.2.2 Environmental sustainability
The extensive deforestation observed in the ED scenario raises significant concerns for environmental sustainability. Balancing economic growth with environmental conservation is crucial to mitigate adverse impacts on air and water quality, soil erosion, and the overall ecological balance. In the context of Copperbelt towns, industrial pollution from mine effluent (air and water) has been documented, making vigilant monitoring and stringent implementation imperative as the district develops under this scenario.
3.3.3 EP scenario
3.3.3.1 Socio-economic impacts
In the EP scenario, where ecological conservation takes precedence, a distinct set of socio-economic dynamics emerges. The prioritization of ecological integrity underscores a commitment to environmental sustainability, emphasizing forests’ crucial role and maintaining intact forest patches. This commitment paves the way for innovative agricultural practices such as climate-smart agriculture and agroforestry. These approaches promote household food security and offer cost-effective solutions compared to conventional agriculture methods. The emphasis on climate-smart agriculture and agroforestry enhances food production and fosters resilience to climate change and environmental degradation. By integrating trees into agricultural landscapes and implementing sustainable farming techniques, communities can mitigate the impacts of climate variability, improve soil health, and conserve water resources. This enhances local food security and reduces reliance on external inputs, thereby contributing to long-term economic sustainability.
Moreover, the EP scenario creates opportunities for developing eco-friendly industries, sustainable tourism, and green technologies within urban development. By preserving natural habitats and promoting sustainable land management practices, urban areas can become more attractive to environmentally conscious investors and businesses. Sustainable tourism initiatives centered around pristine natural environments and ecologically sensitive areas can generate economic opportunities while preserving the integrity of ecosystems. For instance, a significant portion of land currently designated for commercial pine forestry, managed by a quasi-governmental entity like ZAFFICO, instead of clear-felling, some sections could be repurposed for urban eco-tourism activities.
Furthermore, aligning urban development with global sustainability goals enhances the city’s reputation on the international stage, attracting investment and fostering partnerships with organizations committed to environmental stewardship. This stimulates economic growth and promotes social equity and environmental justice, ensuring that all residents share development benefits equally. In summary, the EP scenario offers a vision of urban development that prioritizes environmental sustainability and fosters inclusive economic growth.
3.3.3.2 Environmental sustainability
The EP scenario stands out for its commitment to environmental sustainability. This scenario fosters a more balanced and ecologically sustainable urban development by preserving intact forest patches and avoiding extensive encroachment on water bodies. The emphasis on ecological protection is likely to result in improved water quality provided by Kafubu Water and Sewerage Company (KWSC), which is currently a challenge, enhanced biodiversity, and overall resilience to the impacts of climate change.
3.4 Limitations and future areas of research
The accuracy of the study’s findings relies heavily on the quality and accessibility of input data. Inaccuracies, gaps, or low resolutions in the data used for modeling could impact the reliability of the results, particularly given our reliance on freely available data sources, which often offer coarse spatial and spectral resolutions compounded by limited datasets in developing countries. Additionally, the study employed the PLUS model to forecast future LULC changes. However, like any modeling approach, this method entails certain assumptions and simplifications that may not fully encompass the intricacies of real-world processes. For example, the model may overlook unforeseen events or alterations in policies (political or economic) that could profoundly influence land use patterns. Subsequent studies could incorporate uncertainty analysis techniques, such as fuzzy logic or Bayesian methods, to quantify and delineate uncertainties associated with modeling assumptions. Forecasting future LULC inherently involves uncertainty, adding a fuzzy dimension to simulations. Thus, integrating such approaches may enhance the reliability of model predictions and provide valuable insights for decision-making under uncertain conditions.
4 CONCLUSION
To summarize, the PLUS model delivers results characterized by enhanced accuracy, consistent landscape patterns, and valuable insights into the forces driving land expansion. Furthermore, it provides substantial guidance for policymakers dealing with the challenge of managing diverse land use patterns aligned with various developmental objectives. We advocate for the broader adoption of this approach, especially in urban areas of developing countries, to unravel and determine the best land-use and the mechanisms underlying land expansion configurations within different policy frameworks.
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LULC type escripti

Water Areas where the majority of the water was present all year rounds may not include areas with erratic or transient water; typified by little to no
scarce vegetation, no rocky outcrops, and no man-made features like ports; examples include waterways, water bodies, seas, and submerged salt
flats

Forest Any substantial grouping of towering (approximately 15 feet or taller) thick foliage, usually featuring a compact or dense overhead covers

instances include wooded greenery, concentrations of thick, towering vegetation within savannas, plantations, swamps, or mangroves (dense/
tall vegetation with short-lived water or a canopy so dense that water beneath is challenging to discern)

Flooded vegetation

Regions with clear integration of water within a majority of the year, characterized by any form of vegetation; a periodically flooded area
featuring a blend of grass, shrubs, trees, and exposed ground; instances include inundated mangroves, rising vegetation, rice paddies, and other
extensively irrigated and flooded agricultural areas

Agriculture

Cultivated grains, grasses, and non-tree crops intentionally sown by humans, typically not reaching the height of trees; instances include corn,
wheat, soy, and fallow parcels of organized terrain

Built Area

Artificial constructions; extensive systems of main roads and railways; substantial, uniform impermeable surfaces such as parking facilities,
office structures, and residential dwellings; illustrations encompass houses, concentrated villages/towns/cities, paved thoroughfares, and
asphalt

Bare ground

Regions of rock or soil exhibiting extremely scarce to absent vegetation throughout the entire year; expansive areas of sand and arid regions
with minimal to no plant cover; instances include uncovered rock or soil, deserts, sand dunes, arid salt flats/pans, desiccated lake beds, and
mining sites

Rangeland

‘Areas with consistent grass cover and little to no taller vegetation; unmanaged cereals and grasses without obvious human planning (that is, not
organized in a purposeful field); examples include open savannas with little to no trees, parks, golf courses, and lawns; and natural meadows
and fields with few to no trees. Compact patches of plants or solitary plants dispersed over a landscape with exposed rock or soils scrub-filled
clearings within heavily forested regions that are noticeably shorter than trees; examples include regions with moderate to sparse growth of
bushes, shrubs, and grass tufts; savannas with sparse grasses, trees, or other vegetation
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Category ta Ye: Resolution Data resource
Land use/cover data Socio-economic Land use/cover data 2017/2022 30m httpsy//livingatlas.arcgis.conylandcover/
Population 2010 1000 m httpsy//www.worldpop.org/
Distance to primary roads 2011 30m https://www.diva-gis.org/gdata
Distance to railway 2011 30m https://www.diva-gis.org/gdata
Distance to waterways 2011 30m https://www.diva-gis.org/gdata
Distance to tertiary roads 2011 30m httpsy//www.diva-gis.org/gdata
Environmental Soil type 2021 500 m https://www.fao.org/soils-portal/data-hub/soil
Annual Temperature 2000 30 arc-sec http://www.worldelim.org/
Annual Precipitation 2000 30 arc-sec http://www.worldclim.org/
DEM 2016 30m httpsy/earthexplorer.usgs.gov/
Slope 2016 30m httpsy/earthexplorer.usgs.gov/
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