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Abstract 12 

The Greater Kafue Ecosystem (GKE) in central-western Zambia, comprising Kafue National Park 13 

and nine surrounding Game Management Areas (GMAs), covers approximately 66,000 km² and 14 

ranks among southern Africa’s largest conservation landscapes. Despite its ecological 15 

significance, long-term ecosystem-wide assessments of cumulative habitat transformation remain 16 

limited. This study employed multi-temporal Landsat imagery (1984–2024), processed in ArcGIS 17 

Pro and classified using Random Forest with object-based refinement, to quantify four decades 18 

of land-cover change. Classification performance was robust, with overall accuracies of 82–90% 19 

(κ = 0.73–0.86), macro-averaged F1-scores of 81.4–90.0%, and a 2024 overall accuracy 20 

confidence interval of ±2.6% (95% CI, n = 600). Natural habitat declined from 98.31% (9.65 million 21 

ha) in 1984 to 83.96% (8.24 million ha) in 2024, representing a net loss of approximately 1.41 22 

million ha. Agricultural expansion was the dominant driver, with cropland increasing from 0.86% 23 

to 14.53%, accounting for 83% of total conversion. Conversion rates accelerated from 10,209 ha 24 

yr⁻¹ (1984–1994) to 57,269 ha yr⁻¹ (2014–2024). Spatial patterns were highly heterogeneous: 25 

Kafue National Park retained 98.87%, compared with 84.08% across GMAs, with retention 26 

ranging from 96.62% (Lunga Luswishi) to 37.77% (Bilili). Habitat loss exhibited strong spatial 27 

structuring, with edge effects extending up to 10 km beyond park boundaries and a 14.4 28 

percentage-point gradient associated with proximity to roads. These findings underscore the 29 

effectiveness of strict protection while identifying road-accessible buffer zones as priorities for 30 

spatially targeted conservation planning. 31 

Keywords: Habitat loss; Land cover change; Protected areas; Greater Kafue Ecosystem; 32 

Zambia; Google Earth Engine; Landsat; Miombo woodland. 33 
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1. Introduction 34 

Habitat loss remains the dominant driver of global biodiversity declines in the Anthropocene. 35 

Between 2001 and 2020, terrestrial ecosystems lost approximately 1.3 million km2 of forest cover 36 

annually, with species extinction rates estimated to be 100–1,000 times background levels [1–4]. 37 

Protected areas now cover roughly 17% of the world’s terrestrial surface and are widely regarded 38 

as the cornerstone of biodiversity conservation [5]. However, their effectiveness in preventing 39 

habitat loss varies and depends on governance regimes, management intensity, and pressures 40 

from surrounding landscapes [6–8] 41 

Sub-Saharan Africa (SSA) presents a distinctive conservation context. The region supports 42 

globally significant large mammal assemblages, yet faces rapid demographic growth, agricultural 43 

expansion, and infrastructure development [9,10]. Unlike Southeast Asia and Latin America, 44 

where industrial agriculture drives large-scale deforestation, habitat loss in Africa is predominantly 45 

associated with smallholder agricultural expansion and livelihood pressures [11–14]. These 46 

dynamics necessitate conservation strategies that integrate biodiversity protection with rural 47 

development and sustainable land management. 48 

The Greater Kafue Ecosystem (GKE) in central-western Zambia exemplifies these 49 

conservation challenges. Spanning approximately 66,000 km2, the GKE comprises Kafue 50 

National Park (KNP; ~22,400 km²), one of Africa’s largest national parks, and nine surrounding 51 

Game Management Areas (GMAs; ~43,600 km²) that permit regulated resource use [15,16]. This 52 

dual-management structure creates a natural landscape experiment, contrasting a strictly 53 

protected core with multiple-use buffer zones. The ecosystem supports substantial elephant and 54 

lion populations, endangered African wild dogs, and endemic species such as the Kafue lechwe 55 

[17–19], while providing critical ecosystem services including carbon sequestration, hydrological 56 

regulation, and tourism revenue [20,21]. 57 

Despite GKE’s ecological importance, a systematic understanding of long-term patterns of 58 

habitat transformation across the entire GKE remains limited. Existing studies in Zambia have 59 

largely focused on district or provincial-scale assessments, individual GMAs, or short temporal 60 

windows that capture snapshots rather than multi-decadal trajectories [22,23]. The absence of 61 

ecosystem-wide, long-term analysis constrains the evaluation of cumulative habitat 62 

transformation, comparison of protection effectiveness across management regimes, and 63 

understanding of spatial gradients of change extending from protected cores into buffer zones.  64 



Advances in remote sensing technologies and cloud computing platforms have significantly 65 

improved the feasibility of conducting large-scale, multi-temporal land-cover analyses [24–26]. 66 

Google Earth Engine (GEE), a cloud-based computing platform, provides access to vast archives 67 

of satellite imagery and powerful computational resources, enabling consistent analysis across 68 

broad spatial and temporal scales [27,28]. Such capabilities are particularly beneficial for 69 

conservation landscapes in Africa, where limited resources and logistical challenges often restrict 70 

field-based monitoring. Despite these advantages, the application of GEE in related studies 71 

remains relatively limited. 72 

This study addresses critical knowledge gaps by providing the first comprehensive 73 

ecosystem-wide analysis of habitat transformation in the GKE over 40 years (1984–2024). 74 

Specifically, the study aims to: (1) classify and map land cover across five decadal time points 75 

using multi-temporal Landsat imagery; (2) quantify the magnitude, rate, and spatial distribution of 76 

habitat change at ecosystem, management zone, and individual GMA scales; (3) analyse 77 

transition pathways and dominant conversion processes; and (4) assess spatial gradients of 78 

transformation pressure related to protected area boundaries and infrastructure. The findings 79 

provide an empirical foundation for understanding habitat dynamics in one of Africa’s most 80 

significant conservation landscapes and offer insights applicable to protected area management 81 

across the region. 82 

2.0 Materials and Methods 83 

2.1 Study Area 84 

The GKE is located in central-western Zambia, spanning approximately 14°S to 17°S 85 

latitude and 24°E to 27°E longitude (Fig.1) [29]. The ecosystem encompasses approximately 86 

66,000 km² (9.82 million ha) and comprises two distinct management zones: KNP, established in 87 

1950 as a strictly protected area where human settlement and agriculture are stricktly prohibited; 88 

and nine surrounding GMAs: Bilili, Kasonso Busanga, Lunga Luswishi, Mufunta, Mulobezi, 89 

Mumbwa, Namwala, Nkala, and Sichifulo, which permit regulated hunting, settlement, and 90 

agricultural activities[15,16,30,31]. The region is characterised by a sub-tropical climate with 91 

distinct wet (November–April) and dry (May–October) seasons. Mean annual rainfall ranges from 92 

approximately 750 mm in the south to 1,200 mm in the north, supporting extensive Miombo 93 

woodland (dominated by Brachystegia and Julbernardia species), mopane woodland, and 94 

seasonally flooded grasslands [32–34]. Elevation ranges from approximately 900 m to 1,400 m 95 

above sea level, with generally flat to gently undulating terrain dissected by the Kafue River 96 

system. 97 



 98 

Fig. 1 Study area map showing KNP and surrounding GMAs. The nine GMAs include Bilili, 99 

Kasonso Busanga, Lunga Luswishi, Mufunta, Mulobezi, Mumbwa, Namwala, Nkala, and 100 

Sichifulo. 101 

 102 



2.2 Overall workflow 103 

Fig. 2 illustrates the methodological workflow adopted to achieve the study objectives. The 104 

approach followed a structured, sequential framework, ensuring a clear progression from data 105 

acquisition through analysis and interpretation. The study integrated remote sensing, Geographic 106 

Information System (GIS), and spatial analytical techniques to assess habitat dynamics in the 107 

GKE over 40 years (1984–2024). The methodology was organised into four main phases: (1) data 108 

acquisition and preprocessing; (2) land cover classification using a combined pixel-based 109 

classification (PBC) and object-based post-classification refinement (OBPR) approach; (3) habitat 110 

change detection and spatial pattern analysis; and (4) results interpretation. 111 

 112 

Fig. 2. Methodological workflow employed in assessing historical habitat dynamics in the Greater 113 

Kafue Ecosystem (1984–2024). 114 



2.3 Data Acquisition and Preprocessing 115 

2.3.1 Satellite Imagery 116 

Multi-temporal Landsat Collection 2 Level-2 surface reflectance imagery was used to generate 117 

land cover maps for five reference years (1984, 1994, 2004, 2014, and 2024). Landsat 5 TM data 118 

were used for 1984-2004 epochs, Landsat 8 OLI for 2014 and Landsat 9 OLI-2 for 2024. 119 

Spectrally equivalent reflective bands were selected across sensors to maintain radiometric 120 

consistency and ensure reliable multi-decadal comparison [35,36]. Data acquisition and 121 

preprocessing were conducted in GEE using the geemap Python package [24,25]. The GKE 122 

boundary was buffered by 20 km to capture radial changes, and imagery was filtered to the dry 123 

season (May–August) [37,38]. Cloud and shadow masking was applied to the QA_PIXEL bands, 124 

followed by radiometric scaling parameters (scale factor = 0.0000275; offset = −0.2). Median 125 

composites were generated for each epoch and exported as 30 m Cloud-Optimised GeoTIFFs 126 

(UTM Zone 35S) [39].   127 

2.3.2 Auxiliary datasets 128 

Auxiliary spatial datasets were used to support land-cover classification, analysis, and 129 

interpretation of habitat dynamics. These included boundary shapefiles for the study area, digital 130 

elevation models (DEMs), topographic maps, and high-resolution imagery from Google Earth. 131 

Settlement extent data were obtained from the GRID3 Zambia Settlement Extents v3.0 132 

dataset(https://data.grid3.org/datasets/GRID3::grid3-zmb-settlement-extents-v3-0). All auxiliary 133 

datasets were harmonised to a common projection system (UTM Zone 35S) and integrated to 134 

provide contextual information on topography, accessibility, and human settlement patterns within 135 

the study area[40].  136 

Table 1 Datasets used in the study 137 

Dataset Source Temporal coverage Resolution 

Landsat  Landsat TM/ETM+/OLI 1984–2024 30 m 

DEM SRTM Static ~30 m 

Roads OSM Static Vector 
Boundaries KNP, GMAs Static Vector 

 138 
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2.4 Land-Cover Classification 140 

2.4.1 Land-Cover Classes  141 

Land cover was mapped consistently across all epochs using six classes: Forest, 142 

Grassland/Wetland, Cropland, Built-up, Bare land, and Water. 143 

2.4.2 Habitat grouping 144 

For subsequent analyses, classes were grouped into natural habitat and disturbed land: Natural 145 

habitat: Forest, Grassland/Wetland, Water; Disturbed land: Cropland, Built-up, Bare land. 146 

2.4.3 Classification scheme 147 

A hierarchical classification scheme (Level II), adapted from a land-use and land-cover 148 

classification system for remote sensing data [41], was used to reflect the ecological 149 

characteristics of the GKE and the study’s conservation-oriented focus (Table 2). The scheme 150 

distinguishes natural habitat types from anthropogenically disturbed land uses that are directly 151 

relevant to habitat-loss assessment. 152 

Table 2 Land cover classification scheme used in this study 153 

ID Level II Level I Description 

1 Built-up/Settlements Disturbed land Urban areas, rural settlements, roads, and 
infrastructure 

2 Forest Natural habitat Mature indigenous forest with a closed canopy (>60%) 
and minimal disturbance. Regenerating or partially 
disturbed woodland with an open canopy (40–60%) 

3 Cropland Disturbed land Cultivated and fallow agricultural land 

4 Grassland/Wetland Natural habitat Natural grasslands, dambos, and seasonally flooded 
areas 

5 Bare Ground Disturbed land Exposed soil, rock, sand, heavily degraded areas, and 
recent burns 

6 Water Bodies Aquatic 
habitat/Natural 

Rivers, lakes, reservoirs, and permanent water 
surfaces 

2.4.3 Classification algorithm 154 

Land-cover classification was performed in ArcGIS Pro 3.5.1 using the Random Trees (RT) 155 

classifier (Random Forest) within the Image Analyst environment. The ensemble consisted of 100 156 

decision trees trained on bootstrap samples, with random subsets of predictors evaluated at each 157 

split. The final class assignment was determined by majority voting across trees (Eq. 1): 158 



(ݔ)ݕ̂ = arg⁡ max⁡௖∈ࣝ ∑ ૚(௧்=1 ℎ௧(ݔ) = ܿ)    (1) 159 

Where: 160 

• ࣝis the set of land-cover classes 161 

• ℎ௧(ݔ)is the predicted class from tree 162 ݐ 

• ૚(⋅)is the indicator function (1 if true, 0 otherwise) 163 

• ܶis the number of trees (100) 164 

Node splitting was based on the Gini impurity index. Model parameters included a maximum of 165 

100 trees, a maximum tree depth of 30, and a minimum of 2,000 samples per class. These 166 

parameters were determined through iterative, data-driven testing to optimise classification 167 

accuracy and model stability. At each split, √݌predictors were considered. The RT classifier was 168 

chosen for its robustness to non-linear relationships and strong generalisation in heterogeneous 169 

remote-sensing landscapes [42–45].  170 

2.4.4 Classification implementation 171 

A two-step workflow combining pixel-based classification (PBC) and object-based post-172 

classification refinement (OBPR) was applied to reduce salt-and-pepper noise and improve 173 

thematic consistency in Landsat-scale LULC mapping[45–49]. 174 

Phase 1: Pixel-based classification 175 

For each epoch (1984, 1994, 2004, 2014, and 2024), training polygons were digitised for all land-176 

cover classes using multi-source reference information. High-resolution ESRI Hybrid imagery-177 

based maps and Google Earth were used for post-2004 epochs, while Landsat composites, 178 

1:50,000 topographic maps, and local ecological knowledge were used for earlier periods. A 179 

minimum of 100 training polygons per class was delineated, typically covering 20–200 pixels per 180 

polygon, with larger homogeneous patches containing up to about 2,000 pixels to capture within-181 

class spectral variability [50,51]. Although robust, pixel-based classification alone resulted in 182 

localised misclassification due to spectral similarity, particularly between agricultural land and 183 

built-up areas, and between grassland/wetlands and bare land, a known limitation of medium-184 

resolution imagery. 185 

Phase 2: Object-based refinement 186 

To address errors arising from spectral overlap, object-based post-classification refinement 187 

(OBPR) was applied to the initial PBC outputs [23,45,49,52]. Object-based analysis was 188 



implemented in eCognition Developer v10.3 using multiresolution segmentation to generate 189 

homogeneous image objects for each epoch (Blaschke, 2010). Segmentation parameters were 190 

set to scale = 15, shape = 0.3, and compactness = 0.5. Refinement involved: (i) majority 191 

reassignment for objects with >70% pixel agreement; (ii) contextual correction of implausible class 192 

placements based on neighbourhood relationships; and (iii) enforcement of a 0.5 ha minimum 193 

mapping unit, with very small objects merged into adjacent dominant classes. Misclassified pixels 194 

were identified through overlay analysis, integrating object segments, ancillary spatial datasets, 195 

and expert visual interpretation [45]. Corrected classifications were reintegrated into the original 196 

maps, producing the final refined LULC datasets for all five epochs [49]. 197 

2.5 Accuracy assessment 198 

Classification accuracy was evaluated according to best-practice guidance for land-cover 199 

validation [53]. For each epoch, 600 validation points were generated, with at least 100 per class. 200 

Reference labels were assigned through visual interpretation of high-resolution imagery (where 201 

available), Landsat time-series composites, topographic maps, and field knowledge from 2023 202 

visits, which supported verification of the 2024 map and improved consistency in interpretation 203 

across epochs. An error (confusion) matrix was used to compute standard metrics (Eq. 1 – Eq. 204 

5) : 205 

Overall Accuracy (OA): 206 

ܣܱ = ∑ ௡೔೔಴೔=1ே     (2) 207 

 208 

 209 

Producer’s Accuracy (PA): 210 

௜ܣܲ = ௡೔೔௡೔+    (3) 211 

 212 

User’s Accuracy (UA): 213 

௜ܣܷ = ௡೔೔௡+೔    (4) 214 

 215 



Cohen’s Kappa (κ): 216 

ߢ = ே ∑ ௡೔೔಴೔=1 −∑ (಴೔=1 ௡೔+௡+೔)ே2−∑ (಴೔=1 ௡೔+௡+೔)     (5) 217 

 218 

Where: 219 ݊௜௜= correctly classified samples for class i 220 ݊௜+= row total for class i (reference total) 221 ݊+௜= column total for class i (classified total) 222 ܰ= total validation samples 223 ܥ= number of land-cover classes 224 

Kappa values were interpreted according to Landis & Koch1977). 225 

Classification outputs were considered acceptable for subsequent change detection and 226 

modelling only if they achieved an Overall Accuracy (OA) of at least 80% and a Cohen’s Kappa 227 

(κ) of at least 0.70. These thresholds are consistent with commonly adopted standards for reliable 228 

land-cover mapping and change analysis [55,56], ensuring sufficient class-level and landscape-229 

scale reliability for multi-temporal comparison 230 

To provide additional insight into per-class reliability, particularly for minority classes (e.g., Built-231 

up and Water Bodies), the F1-score was computed as the harmonic mean of Producer’s and 232 

User’s Accuracy:  233 

1௜ܨ = 2×௉஺೔×௎஺೔௉஺೔+௎஺೔     (6) 234 

 235 

The macro-averaged F1-score was calculated as: 236 

 237 

1ܨ-݋ݎܿܽܯ = 1஼ ∑ ஼௜=1ܨ 1௜    (7) 238 

 239 



This approach assigns equal weight to all classes and is appropriate for imbalanced land-cover 240 

datasets [57–59]. 241 

2.6 Habitat Change Detection (1984–2024) 242 

Habitat change was quantified using a post-classification comparison approach, whereby land-243 

cover maps from two epochs (1ݐ and 2ݐ) were overlaid to identify persistence, gains, losses, and 244 

from–to transitions. This approach was selected because it produces explicit transition pathways 245 

(e.g., Forest →Cropland) and supports both ecosystem-wide accounting and zone-based 246 

summaries (GKE, KNP, GMAs). For each epoch, class areas were first computed from pixel 247 

counts and then compared between time steps to estimate net change and annualised rates of 248 

change. 249 

Class area in hectares was computed as: 250 

௖ܣ = ௖ܰ × ௥210,000    (8) 251 

where ܣ௖ is the area of class ܿ(ha), ௖ܰ is the number of pixels assigned to class ܿ, and ݎ⁡is the 252 

spatial resolution (m). With Landsat-derived maps at 30 m resolution, each pixel represents 253 

0.09ha. 254 

Net change between epochs was calculated as: 255 

Δܣ௖ = ௖,௧2ܣ −  ௖,௧1    (9) 256ܣ

 257 

and the annualised rate of change was derived as: 258 

ܴ௖ = Δ஺೎௧2−௧1     (10) 259 

 260 

To characterise conversion pathways, transition matrices were derived from pixel-wise overlays 261 

of 1ݐand 2ݐ. These matrices quantify the number of pixels moving from class ݅to class ݆(݊௜௝), and 262 

were used to compute transition probabilities for projection modelling: 263 

௜ܲ௝ = ௡೔ೕ∑ ௡೔ೕೖೕ=1      (11) 264 



 266 

Where ݇is the number of land-cover classes.  265 

2.7 Spatial Pattern Analysis 267 

Beyond total change magnitudes, the study assessed the spatial structure of habitat 268 

transformation to determine whether change was concentrated near protected-area boundaries, 269 

transport corridors, or internal settlement cores within GMAs. Three complementary spatial 270 

analyses were conducted: Two complementary spatial analyses were conducted: (i) KNP 271 

boundary gradient analysis and (ii) road proximity analysis. Together, these analyses provided an 272 

interpretable spatial diagnosis of pressure gradients and accessibility effects. 273 

2.7.1 KNP boundary gradient analysis 274 

To evaluate edge effects and pressure gradients outward from the protected core, concentric 275 

rings were created outward from the KNP boundary into surrounding GMAs. Rings were defined 276 

at 200 m increments up to a maximum of 15 km. For each ring ݎ⁡and epoch ݐ, class composition 277 

and natural habitat proportion were computed [49,60]. 278 

Let Ω௥be the set of pixels within the ring ݎ. The proportion of natural habitat within Ω௥is: 279 

Natural habitat proportion in the ring 280 ݎ 

,ݎ)ܪ (ݐ = ∑ ூ(௅஼(௫,௧)∈ℋ)ೣ∈Ωೝ ∣Ωೝ∣     (12) 281 

where ܫ(⋅)is an indicator function and ∣ Ω௥ ∣is the number of valid pixels in ring 282 .ݎ 

2.8 Road proximity analysis 283 

Road accessibility was quantified using a Euclidean distance surface computed for each pixel: 284 

(ݔ)݀ = min⁡௦∈ௌ ∥ ݔ − ݏ ∥    (13) 285 

Where ݀(ݔ)represents the distance from the pixel ݔ to the nearest road segment, and ܵ denotes 286 

the set of all mapped road locations. Euclidean distance has been widely applied in spatial 287 

accessibility and land-use change analyses to represent gradients of anthropogenic influence 288 

associated with transport infrastructure [62]. 289 



Land-cover composition and habitat retention were subsequently summarised within discrete 290 

distance bands to quantify the road-effect footprint defined as the spatial extent over which roads 291 

elevate habitat conversion, fragmentation, and edge effects relative to background conditions 292 

[41,63]. 293 

3.0 Results 294 

3.1 Classification Accuracy 295 

Overall classification accuracy ranged from 82% to 90% across the five reference years, with 296 

Kappa coefficients ranging from 0.73 to 0.86. The 2024 classification achieved high accuracy (OA 297 

= 89%, κ = 0.86). Macro-averaged F1-scores ranged from 81.4% to 90.0%, indicating consistent 298 

performance across classes. The 1984 classification achieved the lowest macro F1-score 299 

(81.4%), largely due to lower performance on Bare Ground (F1 = 62.9%). In 2004, reduced F1-300 

scores were observed for Water Bodies (63.7%) and Grassland/Wetland (78.2%). Classification 301 

performance was highest in 2014 (macro F1 = 90.0%), with all classes achieving F1-scores above 302 

85%. The 2024 classification maintained strong performance (macro F1 = 88.0%), with high F1-303 

scores for Water Bodies (92.7%) and Bare Ground (92.0%). Detailed confusion matrices are 304 

provided in the supplementary materials. 305 

Table 3 Per-class F1-scores (%) for LULC classification accuracy assessment 306 

Year Built-
up 

Forest Grassland Cropland Bare 
Ground 

Water 
Bodies 

Macro 
F1 

OA 
(%) 

κ 

1984 89.4 84.9 93.3 82.9 62.9 75.2 81.4 82 0.78 

1994 91.2 86 82.3 91.3 90.9 91.8 88.9 89 0.87 

2004 92.3 82.9 78.2 77.8 95.2 63.7 81.7 82 0.78 

2014 89.6 96.2 91.5 85.7 88.7 88.1 90 90 0.88 

2024 82.1 91.6 82.4 87.1 92 92.7 88 88 0.86 

3.2 Land Cover Composition and Change (1984–2024) 307 

The results indicate that GKE underwent a progressive transformation over the 40-year study 308 

period (Table 4, Fig. 3). Natural habitat (forest and grassland combined) dominated the landscape 309 

throughout but declined from 98.31% (9,649,526 ha) in 1984 to 83.96% (8,241,524 ha) in 2024, 310 

resulting in a net loss of approximately 1.41 million ha (4). Over the same period, disturbed habitat 311 

(cropland, built-up, and bareland) expanded from 1.69% (165,520 ha) to 16.04% (1,574,020 ha). 312 



Forest cover showed the largest absolute decline, decreasing from 85.22%  (8,364,796 ha) in 313 

1984 to 50.93% (4,999,146 ha) in 2024, resulting in 2024, a net loss of 3,365,544 ha (−40.24%). 314 

Grassland increased from 12.66% to 32.68%, partly offsetting forest losses within the natural 315 

habitat category through internal reconfiguration between woody and open vegetation types. 316 

Cropland exhibited the most pronounced proportional expansion, increasing from 0.86% (84,553 317 

ha) to 14.53% (1,426,472 ha), representing a 16-fold increase. Built-up areas increased from 318 

0.01% (1,173 ha) to 0.40% (39,501 ha), while water and bareland remained minor components 319 

of the landscape. 320 

Table 4 Land cover area and percentage composition for the GKE (1984–2024). 321 

Land 
Cover 
Class 

1984 Area 
(ha) 

1984 
(%) 

2004 Area 
(ha) 

2004 
(%) 

2024 Area 
(ha) 

2024 
(%) 

Net 
change 

(ha) 

Net 
change 

(%) 
Built-up 1,173 0.01 6,166 0.06 39,501 0.40 +38,314 +3,265 

Forest 8,364,796 85.22 6,346,698 64.66 4,999,146 50.93 −3,365,544 −40.24 

Cropland 84,553 0.86 560,419 5.71 1,426,472 14.53 +1,341,633 +1,587 

Grassland 1,242,710 12.66 2,665,627 27.16 3,207,925 32.68 +1,964,966 +158 

Bareland 79,794 0.81 188,323 1.92 108,047 1.10 +28,201 +35 

Water 42,021 0.43 47,943 0.49 34,453 0.35 −7,570 −18 

Natural 
Habitat 

9,649,526 98.31 9,060,268 92.31 8,241,524 83.96 −1,408,148 −14.59 

Disturbed 165,520 1.69 754,908 7.69 1,574,020 16.04 +1,408,148 +851 



 322 

Fig. 1 Land cover maps for five epochs:1984, 1994, 2004, 2014, and 2024. 323 



 324 

Fig. 2 Temporal land cover trends by Management Zones for the period 1984 and 2024. 325 

3.3 Temporal Patterns and Acceleration of Change 326 

Habitat loss accelerated over the study period. The rate of natural-to-disturbed conversion 327 

increased nearly seven-fold, from 12,271 ha yr⁻¹ in 1984–1994 to 83,876 ha yr⁻¹ in 2014–2024 328 

(Table 5.3). Cropland expansion drove this acceleration, increasing from 10,209 ha yr⁻¹ (1984–329 

1994) to 57,269 ha yr⁻¹ (2014–2024). The most substantial single-decade conversion of natural 330 

to disturbed habitat occurred in 2014–2024 (838,762 ha), accounting for 41% of the entire 40-331 

year cumulative conversion. 332 

Table 5 Great Kafue Ecosystem decadal change rates (1984-2024). 333 

Period Natural → Disturbed 
(ha) 

Rate  

(ha yr⁻¹) 

Cropland Gain 
(ha) 

Cropland Rate (ha 
yr⁻¹) 

1984–1994 122,705 12,271 121,455 10,209 

1994–2004 565,712 56,571 374,268 37,365 

2004–2014 530,665 53,067 388,203 29,330 

2014–2024 838,762 83,876 754,549 57,269 

1984–2024 Total 2,057,844 51,446 1,638,474 33,541 

  334 

 335 

             336 



3.4 Spatial Heterogeneity Across Management Zones 337 

Sharp contrasts in habitat retention emerged between KNP and the surrounding GMAs (Table 6; 338 

Fig. 5). Kafue National Park maintained consistently high natural habitat coverage, declining only 339 

marginally from 99.23% (1984) to 98.87% (2024), a net change of just −0.36 percentage points. 340 

Within KNP, forest cover shifted substantially from 81.16% to 49.71%, while grassland increased 341 

from 16.78% to 48.03%, indicating internal reconfiguration between woody and open vegetation 342 

types rather than conversion to disturbed land uses. Cropland and built-up areas remained 343 

negligible in KNP, together accounting for ≤0.07% in 2024. In contrast, GMAs experienced 344 

pronounced habitat loss, with natural habitat declining from 98.68% to 84.08%, a net reduction of 345 

14.60 percentage points. Forest cover in GMAs decreased from 90.01% to 57.54%, while 346 

cropland expanded sharply from 0.52% to 14.46%. This KNP–GMA divergence demonstrates the 347 

effectiveness of strict protection in maintaining habitat integrity relative to multi-use management 348 

zones. 349 

Substantial heterogeneity was observed among individual GMAs (Table 5.4). By 2024, natural 350 

habitat retention ranged from 96.62% in Lunga Luswishi to 37.77% in Bilili, a spread of 58.85 351 

percentage points. The most severe declines occurred in Bilili (−59.91 pp), Namwala (−40.06 pp), 352 

Mumbwa (−30.59 pp), and Sichifulo (−16.71 pp), all characterised by higher accessibility and 353 

market connectivity. In contrast, relatively strong retention was observed in Kasonso Busanga 354 

(96.39%; −2.19 pp), Lunga Luswishi (96.62%; −3.35 pp), and Mufunta (88.46%; −7.59 pp), 355 

reflecting their relative remoteness and lower agricultural pressure. 356 

Table 6 Natural habitat retention across management zones (1984–2024). 357 

Management Zone Total Area (ha) 1984 (%) 1994 (%) 2004 (%) 2014 (%) 2024 (%) Change (pp) 

Kafue National Park 2,251,490 99.23 99.95 98.30 97.60 98.87 −0.36 

Nkala GMA 20,338 99.50 99.99 96.87 99.04 91.42 −8.08 

Namwala GMA 316,597 98.88 98.96 92.73 90.17 58.82 −40.06 

Bilili GMA 368,905 97.68 92.85 62.51 48.34 37.77 −59.91 

Mufunta GMA 638,073 96.05 97.80 94.57 89.94 88.46 −7.59 

Kasonso Busanga GMA 681,246 98.58 99.75 97.87 96.88 96.39 −2.19 

Lunga Luswishi GMA 1,335,757 99.97 99.95 98.36 99.42 96.62 −3.35 

Sichifulo GMA 302,867 99.44 99.41 93.97 91.67 82.73 −16.71 

Mulobezi GMA 358,534 99.26 99.26 98.77 95.68 92.37 −6.89 

Mumbwa GMA 341,088 98.34 97.93 92.47 88.29 67.75 −30.59 

All GMAs 4,361,850 98.68 98.68 93.55 90.93 84.08 −14.60 



Management Zone Total Area (ha) 1984 (%) 1994 (%) 2004 (%) 2014 (%) 2024 (%) Change (pp) 

Total GKE 9,815,046 98.31 98.02 92.31 89.42 83.96 −14.35 

3.5 Change by Management Zone (KNP vs GMAs) 358 

Natural habitat loss varied dramatically across management zones (Fig.  5.3). Kafue National 359 

Park lost only 0.4% of its 1984 natural habitat, maintaining coverage at 98.87% by 2024. The 360 

combined GMAs lost 14.8%, declining from 98.68% to 84.08%. 361 

Individual GMA losses ranged from 2.2% to 61.3%. Bilili experienced the most severe degradation 362 

(61.3%), followed by Namwala (40.5%), Mumbwa (31.1%), and Sichifulo (16.8%). In contrast, 363 

Kasonso Busanga (2.2%), Lunga Luswishi (3.4%), and Mulobezi (6.9%) retained most of their 364 

natural habitat. This pattern reflects an accessibility gradient: heavily impacted GMAs are 365 

proximate to roads and markets, while well-retained GMAs are located in remote areas. The 170-366 

fold difference between KNP and Bilili demonstrates the effectiveness of strict protection relative 367 

to multi-use management. 368 

 369 

Fig. 3 KNP vs GMA habitat loss. The blue line indicates the GKE average of 17.9%. 370 

 371 

 372 

 373 



3.6 Transition analysis  374 

Transition analysis revealed that land cover change was concentrated in a small number of 375 

dominant, directional pathways. Forest → Cropland was the principal habitat loss pathway 376 

(954,169 ha; 9.72% of total landscape), followed by Grassland → Cropland (369,331 ha; 3.76%). 377 

Together, these two pathways accounted for most of the net decline in natural habitat. The single 378 

largest transition overall was Forest → Grassland (1,812,667 ha; 18.47%), indicating extensive 379 

internal reconfiguration within natural habitat classes. Cropland exhibited high persistence 380 

(75,554 ha remained cropland), indicating that agricultural conversion was largely irreversible 381 

once established. Zone-based transition comparisons confirmed that conversion to cropland was 382 

overwhelmingly concentrated in the GMAs: within KNP, Forest → Cropland totalled just 756 ha 383 

compared to over 953,000 ha in GMAs 384 

 385 

Fig. 4: Top transition pathways in the GKE (1984–2024), ranked by total area converted. 386 

 387 

 388 



3.6  Boundary and Road Proximity Effects 389 

Systematic spatial gradients characterised the patterns of habitat transformation across the GKE. 390 

Analysis of distance from the Kafue National Park (KNP) boundary revealed that natural habitat 391 

declined with increasing distance into surrounding Game Management Areas (GMAs) (Fig. s 5.5-392 

5.6). In 2024, natural habitat averaged 90.9% within 0–1 km of the boundary, declining to 83.8% 393 

at 5 km, representing a 7.1 percentage-point gradient, with the steepest decline occurring within 394 

the first 5 km (−1.66 pp km⁻¹). Beyond this zone, natural habitat stabilised at approximately 81–395 

82%, indicating an edge-influence depth of ~10 km. 396 

Temporal analysis indicated that boundary effects strengthened substantially between 1984 and 397 

2024 (Fig.  7b). In 1984, natural habitat declined only slightly from 99.2% within 0–1 km to 97.5% 398 

at 5 km, corresponding to a 1.7 percentage-point gradient (−0.32 pp km⁻¹). By 2024, the 399 

magnitude of habitat declines across the same distance increased markedly, representing a 427% 400 

increase in edge-effect strength. 401 

Road proximity analysis revealed similarly strong spatial structuring of habitat loss within GMAs 402 

(Table 7; Fig.  8a). Natural habitat retention increased non-linearly with distance from major roads, 403 

rising from 77.0% within 0–2 km to 91.4% beyond 10 km, yielding a 14.4 percentage-point 404 

difference between road-adjacent and remote areas. The steepest habitat gradient occurred 405 

within the first 2 km of roads. Cropland exhibited the inverse pattern, declining from 20.8% (0–2 406 

km) to 7.7% (>10 km), indicating that roads function as primary conduits for agricultural expansion 407 

into natural habitats (Fig. 8b).  408 

Table 7: Natural habitat retention by distance from roads in GMAs (2024). 409 

Distance 

Zone (km) 

Natural 

Habitat (%) 

Forest 

(%) 

Grassland 

(%) 

Cropland 

(%) 

Built-up 

(%) 

Bareland 

(%) 

Change 

from 0-2 

km (pp) 

0–2 77.0 45.3 31.4 20.8 0.6 1.56 0.0 

2–4 84.2 50.5 33.3 14.3 0.3 1.14 7.2 

4–6 85.8 51.2 33.9 13.0 0.28 0.93 8.8 

6–8 87.4 51.7 35.1 11.5 0.23 0.92 10.4 

8–10 89.6 54.0 35.2 9.2 0.2 0.94 12.6 

>10 91.4 55.8 35.6 7.7 0.14 0.67 14.4 



 410 

Fig.  5: Natural habitat gradient from KNP boundary (1984 vs 2024). (a) Habitat declined more 411 

steeply in 2024 (−1.66 pp km⁻¹) than in 1984 (−0.34 pp km⁻¹). (b) Edge effect intensity increased 412 

by 386% over 40 years. 413 

 414 

Fig.  6: Road proximity effects on natural habitat in GMAs (2024). (a) Habitat retention: 77.0% 415 

near roads (0–2 km) versus 91.4% in remote areas (>10 km). (b) Cropland decreases from 20.8% 416 

to 7.7% with distance from roads. 417 

 418 

 419 

 420 



4.0 Discussion 421 

4.1 Magnitude and Rate of Habitat Loss in Regional Context 422 

The Greater Kafue Ecosystem experienced substantial habitat transformation over the 40-year 423 

study period, with natural habitat declining from 98.31% (9,649,526 ha) in 1984 to 83.96% 424 

(8,241,524 ha), representing a net loss of approximately 1.41 million hectares. Although 425 

classification accuracy met accepted standards (OA = 82–90%; κ = 0.73–0.86), uncertainty in the 426 

2024 map (OA = 88%, n = 600) implies a ±2.6% confidence interval for overall accuracy. When 427 

translated to habitat area, this corresponds to an estimated ±215,000 ha of uncertainty in the 2024 428 

natural habitat estimates. While this does not alter the clear trajectory of decline, it contextualises 429 

absolute area estimates within a bounded confidence range. 430 

The magnitude of loss observed in the GKE aligns with broader regional patterns across sub-431 

Saharan Africa. FAO (2020) reports annual deforestation rates of approximately 3.9 million ha 432 

yr⁻¹. At the national level, Zambia experienced net forest loss averaging approximately 250,000–433 

300,000 ha yr⁻¹ during the 2010s [64]. The peak cropland expansion rate within the GKE (57,269 434 

ha yr⁻¹ during 2014–2024), therefore, represents a substantial localised contribution within the 435 

national context. 436 

Agricultural expansion accounts for approximately 83% of total natural habitat loss, confirming 437 

smallholder-driven agricultural conversion as the dominant transformation pathway. This finding 438 

is consistent with continental-scale analyses that identify subsistence and smallholder agriculture 439 

as the primary drivers of forest loss across Africa[11,65]. Recent work in Zambia further supports 440 

this pattern, demonstrating that the expansion of smallholder agriculture and settlement growth 441 

dominate land-cover transitions in mixed-use conservation landscapes [66]. In contrast, 442 

deforestation in Latin America and Southeast Asia is more strongly associated with large-scale 443 

commercial agriculture and plantation forestry[11,65].  444 

The acceleration in cropland expansion from 10,209 ha yr⁻¹ (1984–1994) to 57,269 ha yr⁻¹ (2014–445 

2024) indicates intensifying pressure rather than stabilisation. Comparable acceleration patterns 446 

have been observed in the Serengeti-Mara ecosystem and other African buffer zones[67], 447 

suggesting that the GKE reflects broader regional frontier-expansion dynamics. 448 

 449 

 450 



4.2 Effectiveness of Strict Protection 451 

The divergence between management regimes is striking. Kafue National Park retained 98.87% 452 

of its natural habitat in 2024, a decline of only −0.36 percentage points over four decades, 453 

whereas the combined GMAs declined from 98.68% to 84.08% (−14.60 percentage points). This 454 

stark contrast provides strong empirical support for the effectiveness of strict protection in 455 

maintaining habitat integrity. These findings align with global evidence demonstrating that well-456 

managed protected areas significantly reduce deforestation compared to unprotected 457 

areas[68,69]. However, the divergence must be interpreted within Zambia’s governance 458 

framework. National parks are administered by the Department of National Parks and Wildlife 459 

(DNPW) under strict protection mandates that prohibit settlement and cultivation. In contrast, 460 

GMAs operate under a mixed governance model involving Community Resource Boards, 461 

regulated hunting concessions, and legally permitted settlement and agricultural use [70]. 462 

Differences in tenure systems, enforcement intensity, and livelihood dependence on agriculture 463 

likely contribute substantially to the observed ecological divergence. 464 

Although KNP is also less accessible and characterised by lower road density than many GMAs, 465 

the near absence of cropland conversion within the park compared to extensive expansion across 466 

GMAs strongly indicates that institutional enforcement has played a decisive role in preventing 467 

agricultural encroachment. 468 

4.3 The Buffer Zone Challenge 469 

The concentration of habitat loss within GMAs underscores the critical importance of buffer-zone 470 

governance in landscape-scale conservation. GMAs were designed to serve as transitional zones 471 

that reconcile wildlife conservation with local livelihoods through regulated resource use [71]. 472 

However, the findings indicate that agricultural expansion is progressively transforming portions 473 

of the buffer system into predominantly agrarian landscapes. 474 

Substantial heterogeneity was observed among GMAs, with natural habitat retention in 2024 475 

ranging from 37.77% (Bilili) to 96.62% (Lunga Luswishi). Severe declines occurred in Bilili (−59.91 476 

pp), Namwala (−40.06 pp), and Mumbwa (−30.59 pp), whereas northern GMAs such as Kasonso 477 

Busanga (−2.19 pp) and Lunga Luswishi (−3.35 pp) retained high habitat integrity. This variability 478 

suggests that accessibility, historical settlement patterns, and market connectivity strongly 479 

mediate transformation trajectories. Spatially differentiated management strategies may therefore 480 

be more appropriate than uniform policy approaches across all GMAs. 481 



4.4  Edge Effects and Infrastructure Influence 482 

Spatial gradient analyses reveal systematic structuring of habitat transformation. Natural habitat 483 

declined with increasing distance from the KNP boundary into surrounding GMAs, with the 484 

steepest decline occurring within the first 5 km. This intensification of edge-associated loss is 485 

consistent with agricultural frontier-expansion theory, in which conversion radiates outward from 486 

established settlements as accessible land becomes saturated [11,72]. Road proximity exerted 487 

an even stronger influence. Natural habitat retention increased from 77.0% within 0–2 km of roads 488 

to 91.4% beyond 10 km, representing a 14.4 percentage-point difference. Cropland displayed the 489 

inverse pattern, declining from 20.8% near roads to 7.7% in remote areas. These findings confirm 490 

the central role of transport infrastructure in mediating land-use change by reducing transaction 491 

costs, enabling migration, and facilitating market access [63]. A substantial proportion of the GMA 492 

area lies within proximity to roads, indicating that much of the buffer landscape is already exposed 493 

to elevated anthropogenic pressure. 494 

4.5  Implications for Conservation 495 

The findings have several implications for conservation management in the GKE. First, the 496 

effectiveness of strict protection within KNP argues for maintaining and strengthening 497 

enforcement of existing regulations, particularly amid intensifying peripheral pressure. Second, 498 

the accelerating conversion trajectory suggests that current management approaches in GMAs 499 

are insufficient to stem agricultural expansion, warranting exploration of alternative strategies, 500 

including community-based conservation, payment for ecosystem services, and sustainable 501 

intensification of existing farmland. Third, the spatial prioritisation suggested by the 502 

heterogeneous GMA outcomes indicates that conservation investments should be strategically 503 

targeted. GMAs approaching but not yet exceeding critical transformation levels (e.g., Mufunta, 504 

Sichifulo) may offer higher returns on investment in interventions than either heavily transformed 505 

areas requiring restoration (Bilili) or well-retained areas requiring minimal intervention (Lunga 506 

Luswishi). Fourth, the documented gradient effects suggest that landscape connectivity between 507 

KNP and intact GMA areas should be prioritised, particularly corridor protection in areas 508 

experiencing rapid conversion. 509 

 510 

 511 



4.6 Limitations 512 

The 30m Landsat resolution may not detect fine-scale degradation processes preceding full 513 

conversion. Although classification accuracy met established reliability thresholds, the area 514 

estimates are subject to moderate uncertainty. Broad land-cover categories do not capture within-515 

class ecological condition or habitat quality. Furthermore, the study documents spatial patterns 516 

but does not directly model socio-economic drivers. 517 

Future research should integrate higher-resolution imagery (e.g., Sentinel-2) to detect early-stage 518 

degradation, incorporate demographic and economic datasets to model causal drivers, and apply 519 

landscape-fragmentation metrics to evaluate connectivity dynamics. Integrating governance and 520 

livelihood datasets would further clarify the institutional determinants of buffer-zone outcomes. 521 

5.0 Conclusions 522 

This study provides the first ecosystem-wide, multi-decadal assessment of habitat transformation 523 

in the Greater Kafue Ecosystem. Over four decades, natural habitat has declined substantially, 524 

driven primarily by accelerating agricultural expansion in surrounding GMAs. The trajectory of 525 

change indicates intensifying land-use pressure rather than stabilisation. 526 

A pronounced divergence between management regimes emerged. The strictly protected core of 527 

Kafue National Park has maintained high ecological integrity, while multi-use buffer zones have 528 

absorbed most transformation. This contrast underscores the effectiveness of strict protection but 529 

also reveals the structural vulnerability of buffer systems that permit settlement and cultivation. 530 

The marked heterogeneity among GMAs further demonstrates that accessibility, infrastructure, 531 

and market connectivity strongly mediate conservation outcomes. 532 

Spatial analyses confirm that habitat conversion is structured by boundary and road effects, 533 

reinforcing the role of infrastructure as a catalyst of landscape transformation. These findings 534 

highlight the need to extend conservation planning beyond protected-area boundaries to address 535 

broader socio-ecological processes. 536 

Although the ecosystem retains substantial conservation value, continued agricultural expansion 537 

in buffer zones risks eroding landscape connectivity and long-term resilience. The evidence 538 

presented here provides a robust foundation for spatially targeted, governance-sensitive 539 

conservation strategies in one of Africa’s most significant conservation landscapes. 540 
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