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Abstract  29 

Forest degradation is often underestimated because conventional spectral indicators fail to capture vertical forest 30 

structure adequately. This study presents a threshold-based spectral–structural assessment that evaluates 31 

agreement between Land use/land cover (LULC)-derived forest extent and GEDI LiDAR-informed canopy height 32 

model (CHM)-derived forest extent using FAO forest definition ≥0.5 ha and canopy height thresholds of ≥5 m 33 

and ≥10 m in Ekiti State, Nigeria. 34 

LULC dynamics between 2007 and 2025 were modelled using a random forest classifier and multi-sensor fusion 35 

of Synthetic Aperture Radar datasets (Sentinel-1 and ALOS PALSAR) and optical imagery (Landsat and Sentinel-36 

2). Overall classification accuracies were 72.48%, 75.93%, and 82.35% in the 2007, 2015, and 2025 epochs, 37 

respectively. The forest cover declined by 724 km² (33.01%), while built-up area increased by 266.42 km² 38 

(270.33%). 39 

The canopy height model developed from multi-sensor predictors achieved R² values of 0.35 (2020) and 0.41 40 

(2025). The mean canopy height in Ekiti State decreased from 10.60 ± 3.42 m in 2020 to 9.34 ± 3.48 m in 2025. 41 

Agreement between LULC-derived forest extent and CHM-derived forest extent was assessed using two canopy 42 

height thresholds (≥5 m and ≥10 m). The 5 m threshold was consistently low (F1 = 0.573 in 2020; 0.459 in 2025), 43 

while the 10 m threshold yielded higher agreement (F1 = 0.748 in 2020; 0.695 in 2025). These findings 44 

demonstrate that spectral forest extent alone is insufficient to represent forest structural condition. This study 45 

proposes a spectral–structural framework integrating LiDAR, optical, and SAR for monitoring, degradation 46 

assessment, and planning. 47 

Keywords: Multi-sensor fusion, GEDI LiDAR, Deforestation monitoring, Canopy height model (CHM), Land-48 

use change 49 

1. Introduction 50 

Monitoring tropical forest loss under accelerating land use and land cover changes requires more than two-51 

dimensional spectral data, particularly in rapidly changing tropical landscapes where agriculture, urban expansion 52 

and other anthropogenic activities continue to transform the forest ecosystem. The assessment of the state of 53 

tropical forests in Africa has been difficult due to their complex structure, great biodiversity, and spatial variability. 54 

While advancements in multi-sensor remote sensing and machine learning methods have led to significant 55 

improvements in mapping forest attributes using optical, radar, and LiDAR data, questions remain about how to 56 

accurately characterise the vertical structure and degradation of forests using spectral analysis alone (Bossy et al., 57 

2025). 58 

Nigeria has experienced substantial forest loss due to expansion of agriculture and built-up areas, which 59 

contributes to biodiversity decline and ecosystem degradation (Fasona et al., 2022). According to the Federal 60 

Ministry of Environment and Federal Department of Forestry (2026), factors that lead to deforestation in Nigeria 61 

are land use change resulting from agricultural expansion, particularly in savanna and lowland forest zones. 62 

These pressures are particularly evident in Ekiti State, located in the transition zone between the forest and savanna 63 

zone, where previous land-use/land-cover studies reported a 51.25% decline in forest cover between 1972 and 64 
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2017, primarily due to agricultural expansion and urban growth (Olorunfemi et al., 2020). Earlier studies also 65 

identified logging, fuelwood extraction, and road development as major drivers of forest degradation within the 66 

state (Festus, 2012). As noted by Güneralp et al. (2017), encroachments resulting from urbanisation and the 67 

demands of a growing population have direct and indirect consequences for the natural ecosystems in Africa. 68 

Consequently, the continued transformation of forest landscapes in Ekiti State highlights the need for ecosystem 69 

sustainability and forest monitoring. 70 

Remote sensing technologies have become central to the assessment of vegetation dynamics and land-cover 71 

change at regional and global scales. Optical satellite systems such as Landsat and Sentinel-2 are widely used to 72 

monitor vegetation condition using spectral indices, including the Normalised Difference Vegetation Index 73 

(NDVI) and Enhanced Vegetation Index (EVI), enabling long-term evaluation of deforestation and vegetation 74 

change (Hansen et al., 2013). In tropical environments characterised by persistent cloud cover, Synthetic Aperture 75 

Radar (SAR) datasets such as Sentinel-1 and ALOS PALSAR provide additional advantages through all-weather 76 

imaging capability and sensitivity to vegetation structure and surface roughness (Hosseiny et al., 2024). 77 

Consequently, the integration of optical and SAR datasets has improved the detection of urban expansion, forest 78 

disturbance, and landscape transformation in heterogeneous tropical environments (Hosseiny et al., 2024; 79 

Mullissa et al., 2024). 80 

Despite these advances, conventional forest monitoring approaches remain strongly dependent on spectral 81 

representations of vegetation cover. Spectral indices primarily respond to canopy surface reflectance and may 82 

saturate in densely vegetated environments, limiting their ability to represent vertical ecosystem characteristics 83 

such as canopy height, biomass distribution, and structural complexity (Potapov et al., 2021). Under such 84 

conditions, degraded forests may continue to exhibit strong vegetation signatures despite substantial declines in 85 

structural integrity. Processes including selective logging, fuelwood extraction, fragmentation, and canopy 86 

thinning may alter forest structure before major spectral changes become detectable (Gao et al., 2020). 87 

Consequently, some landscapes may remain classified as forest in conventional land-cover products despite 88 

undergoing significant structural degradation. 89 

This limitation highlights an important source of uncertainty in remote sensing-based forest assessment. In many 90 

cases, the dominant uncertainty is not necessarily overall classification accuracy, but rather the inability of two-91 

dimensional spectral observations to adequately represent three-dimensional ecosystem structure. As a result, 92 

spectrally derived forest extent may not always correspond to actual ecological conditions, particularly in rapidly 93 

urbanising tropical environments where disturbances frequently affect vertical canopy organisation without 94 

immediately altering horizontal vegetation cover. The growing discrepancy between spectrally mapped forest 95 

extent and structurally defined forest condition highlights a major limitation in conventional forest monitoring 96 

frameworks (Gao et al., 2020; Mbow et al., 2015). 97 

International forest monitoring frameworks emphasise structural characteristics in defining forest extent and 98 

ecological condition. According to the Food and Agriculture Organisation (FAO, 2018), forests are characterised 99 

by trees capable of reaching a minimum height of 5 m in situ, alongside minimum canopy cover requirements and 100 

the absence of dominant non-forest land uses. This definition highlights the importance of vertical vegetation 101 

structure in distinguishing forests from shrublands, degraded vegetation systems, and other low-stature land-cover 102 
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classes. However, most conventional classifications derived from optical and SAR imagery primarily represent 103 

horizontal vegetation characteristics and do not directly evaluate canopy height or structural integrity. 104 

Consequently, areas identified as forest in spectral classifications may not necessarily satisfy structurally defined 105 

forest conditions. 106 

Recent developments in spaceborne Light Detection and Ranging (LiDAR), particularly the Global Ecosystem 107 

Dynamics Investigation (GEDI), provide new opportunities for directly assessing vertical forest structure through 108 

measurements of canopy height and vegetation profiles (Potapov et al., 2021; Fayad et al., 2021). Integrating 109 

GEDI observations with optical and SAR datasets, therefore, enables a more comprehensive evaluation of forest 110 

condition by linking horizontal forest extent with vertical structural information. However, relatively few studies 111 

in tropical Africa have quantitatively assessed the reliability of spectrally derived forest extent using independent 112 

structural observations within rapidly urbanising landscapes. 113 

This study evaluates the reliability of spectrally derived forest extent in Ekiti State, Nigeria, by integrating multi-114 

sensor remote sensing datasets with GEDI-derived canopy height information. A threshold-based structural 115 

validation framework employing canopy height thresholds of ≥5 m and ≥10 m was developed to quantify 116 

agreement between spectral forest classification and structurally defined forest conditions across time. By 117 

comparing two-dimensional spectral forest representation with LiDAR-derived three-dimensional canopy 118 

structure, the study provides an empirical assessment of spectral–structural divergence under continued land use 119 

change. This study sought to address the following research questions: 120 

RQ1: How has land-use/land-cover change affected forest extent in Ekiti State, Nigeria, between 2007 and 2025? 121 

RQ2: How effectively can GEDI LiDAR integrate with multi-sensor optical, SAR, and terrain predictors to 122 

estimate canopy height in Ekiti State? 123 

RQ3: To what extent does the agreement between spectrally derived forest extent and structurally defined forest 124 

extent vary under different canopy-height thresholds (≥5 m and ≥10 m) in Ekiti State? 125 

2. Study Area  126 

The study focuses on Ekiti State, located in south-western Nigeria within the latitudes 7°15′N–8°05′N and 127 

longitudes 4°45′E–5°45′E (Adegboyega & Adebayo, 2018). Ekiti State is bounded to the north and north-east by 128 

Kwara and Kogi, to the east and south by Ondo State, and to the west by Osun State, as shown in Fig. 1. The state 129 

spans approximately 5,435 km² and functions as a transition zone between the humid southern rainforest and the 130 

northern Guinea savanna. It is characterised by a tropical climate, with mean annual rainfall of about 1,200 mm 131 

and temperatures ranging from 27–32°C. This diverse ecological landscape is administered through 16 Local 132 

Government Areas, with the administrative capital, Ado-Ekiti, serving as the primary hub of urban expansion. 133 

Since 2006, the state has undergone a significant demographic shift, with the population growing from 2.38 134 

million to a projected 3.69 million by 2023 (NPC, 2022), placing unprecedented demand on local forest resources 135 

and land availability. 136 

Ekiti State lies within a rainforest–Guinea savanna ecological transition zone, making it highly sensitive to both 137 

climate variability and anthropogenic land-use change. This transitional setting provides a gradient of forest 138 

conditions, ranging from relatively intact moist forest in the south to more degraded and fragmented landscapes 139 
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in the north. More importantly, findings have shown that several land-use activities, including urban growth, 140 

timber exploitation, illegal lumbering, fuel extraction, road construction, intensive agricultural practices, and 141 

population growth, lead to depletion of forest cover in the state (Adeoye & Ayeni, 2011; Festus, 2012; Olorunfemi 142 

et al., 2020). These characteristics make Ekiti State a suitable and representative study area for evaluating forest 143 

extent and structural change under land-use pressure. 144 

145 

Fig. 1: Ekiti State, Nigeria 146 

3. Methodology 147 

This study utilised multi-sensor remote sensing datasets and demographic data to evaluate land-cover change and 148 

forest structural dynamics in Ekiti State, Nigeria. Satellite datasets included Landsat 7 ETM+, Landsat 8, Sentinel-149 

1 SAR, Sentinel-2 optical imagery, ALOS PALSAR, SRTM DEM, ESA WorldCover, and GEDI Level 2A product 150 

(Table 1). For canopy height modelling, a multi-sensor set of predictor variables was constructed from optical, 151 

SAR, and terrain data sources. These predictors are detailed in Table 2. 152 

Table 1: Data sources and analytical roles 153 

Data Sources Resolution Role 

L-Band (ALOS-2 PALSAR-2) JAXA 25m Physical structure & biomass 

Landsat 7 ETM+ and Landsat 8 NASA/USGS 30m LULC, NDBI 
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Sentinel-1 (C-band) ESA 

(Copernicus) 

10m Surface roughness and upscaling GEDI 

height metrics 

Optical & Red-Edge (Sentinel-

2) 

ESA 

(Copernicus) 

10m Vegetation health, red-edge indices for 

canopy differentiation 

SRTM (30m) NASA 30m Elevation & Slope 

WorldCover (10m) ESA 

(Copernicus) 

10m Reference purpose 

GEDI L2A NASA LP 

DAAC 

25m Vertical canopy profile and RH98 height 

calibration 

Note: All data were resampled to 30m resolution using nearest neighbour before prediction and map production 154 

Table 2: Multi-sensor datasets and predictor variables used for LULC classification and canopy height modelling 155 

Category Variable(s) Source Application Functional role in 

modelling 

Optical Blue, Green, Red, 

NIR, SWIR1, 

SWIR2 

Landsat7/8 LULC Spectral 

discrimination of 

land-cover classes 

Optical (Sentinel-

2) 

B2, B3, B4, B8, B11, 

B12 

Sentinel-2 CHM Spectral reflectance; 

vegetation and 

moisture sensitivity 

Vegetation 

Indices 

NDVI, NDMI, NBR Derived from S2 CHM/LULC Canopy greenness, 

moisture, 

disturbance 

detection 

SAR backscatter VV, VH (Sentinel-

1); HH/HV 

(PALSAR) 

Sentinel-1, 

PALSAR 

CHM/LULC Structural 

information, canopy 

penetration 

SAR Derived 

Metrics 

Backscatter ratios 

(VV/VH, HH/HV, 

RVI, GLCM texture 

metrics) 

Sentinel-1 

PALSAR 

CHM/LULC Canopy density and 

structural 

complexity 

Terrain Elevation, Slope, 

TWI 

SRTM DEM CHM/LULC Topography 

controls vegetation 

distribution 

Note: NIR = Near Infrared; SWIR = Shortwave Infrared; NDVI = Normalised Difference Vegetation Index; 156 

NDMI = Normalised Difference Moisture Index; NBR = Normalised Burn Ratio; VV, VH, HH and HV = radar 157 

backscatter polarisations; RVI = Radar Vegetation Index; GLCM = Grey-Level Co-occurrence Matrix; TWI = 158 

Topographic Wetness Index. 159 

Predictor availability and use varied according to the modelling task and observation period; consequently, not all 160 

variables listed were included in every LULC or canopy-height model. 161 



7 
 

3.1. Land use and land cover changes in Ekiti State 162 

Land use/land cover classification was conducted within the Google Earth Engine (GEE) environment using a 163 

multi-sensor integration approach. To minimise cloud contamination and Landsat 7 SLC-off effects during the 164 

2007 epoch, Landsat imagery was combined with ALOS PALSAR L-band SAR data. Landsat imagery was 165 

processed as a cloud-masked median composite, while SAR imagery was filtered using a focal median filter. 166 

A multi-sensor predictor stack comprising multispectral bands, SAR backscatter (HH and HV), Radar Vegetation 167 

Index (RVI), and SRTM-derived slope was developed to improve class separability. All datasets had different 168 

spatial resolutions. To ensure spatial consistency across the multi-sensor predictor stack, Landsat (30 m) was 169 

adopted as the reference resolution, and all other predictor variables were resampled to 30 m using the nearest-170 

neighbour method. Nearest-neighbour resampling was selected to preserve the original pixel values of the 171 

predictor variables. 172 

Predictor availability varied across the study period depending on sensor availability (e.g., Landsat 7 and ALOS 173 

PALSAR for 2007, and Landsat 8 and Sentinel-2 for subsequent epochs); therefore, not all predictor variables 174 

were included in every LULC. 175 

Random Forest (RF) classifier was applied using manually digitised training samples representing six land-cover 176 

classes: water, barren land, built-up area, agriculture, shrubland, and forest. Classification accuracy was evaluated 177 

using confusion matrix metrics, including overall accuracy and Kappa coefficient, based on a 70% training and 178 

30% validation split.  179 

Many land use land cover classification studies rely primarily on optical sensors for LULC prediction. In contrast, 180 

this study integrated the terrain and the synthetic aperture radar sensors (Sentinel 1 and ALOS PALSAR) and the 181 

terrain features derived from the digital elevation model in the random forest classifier to improve class 182 

separability. This integration ensured that the classifier could leverage the spectral, structural and topographic 183 

characteristics of the Ekiti State landscape. The integration of multisensory fusion of optical and SAR sensors for 184 

LULC mapping is particularly advantageous in the tropical region with persistent high cloud cover (Prudente et 185 

al.,2022), while the inclusion of the topographic features was necessary to account for the hilly and rocky terrain 186 

that characterises part of Ekiti State. 187 

3.2.  Canopy height models (CHMs) for Ekiti State  188 

GEDI Level 2A (GEDI02_A, Version 002) data were downloaded using the Python API for NASA EarthAccess 189 

in Google Colab for the 2020 and 2025 observation periods. GEDI granules intersecting the bounding extent of 190 

Ekiti State were retrieved, and all available GEDI beams in Ekiti State in each year were considered. Quality 191 

control was applied at the footprint level by retaining observations with valid geographic coordinates, a GEDI 192 

quality flag of 1 (quality_flag = 1), and a degradation flag of 0 (degrade_flag = 0). The quality-filtered footprints 193 

were subsequently spatially intersected with the Ekiti State boundary to remove observations falling outside the 194 

study area. RH98 was extracted from the retained GEDI footprints as the response variable for canopy-height 195 

modelling. 196 

A total of 42,480 quality-filtered GEDI points were available for 2020, while 18, 298 footprints were available 197 

for 2025 (Fig. 2). A total of 18,000 GEDI RH98 points were randomly sampled for canopy height modelling across 198 
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both 2020 and 2025 to ensure comparability, as the number of available GEDI observations differed between the 199 

two periods. Random sampling ensured spatial representation across the study area while minimising bias 200 

associated with unequal sample sizes. 201 

Model development and validation were conducted in Google Colab using Random Forest (RF) algorithms, 202 

utilising an 80/20 train-test split on the training samples (18,000), with data split into training and testing subsets. 203 

Specifically, 14,508 points were used to train the model, while an independent, held-out test set of 3,492 points 204 

(𝑛 = 3,492) was reserved exclusively for model validation and residual evaluation (Fig. 3). 205 

Model performance was evaluated using standard regression metrics (R², RMSE, and MAE). The trained Random 206 

Forest models were applied to the multi‑sensor predictor stack to generate wall‑to‑wall canopy height maps at 30 207 

m spatial resolution, consistent with the resampling approach described in Section 3.1. An NDVI threshold (NDVI 208 

> 0.12) was applied to remove non‑vegetated areas, and a final mask derived from the LULC classification was 209 

used to exclude water bodies 210 

 211 

Fig 2: Distribution of GEDI footprints used for canopy height modelling in Ekiti State.  212 

3.3. Threshold-based structural assessment of spectral–structural divergence in forest extent  213 

Canopy height data derived from the Global Ecosystem Dynamics Investigation (GEDI) were used to delineate 214 

structurally defined forest extent. The CHM- and LULC-derived forest maps for 2020 and 2025 were reclassified 215 

into binary forest masks (forest = 1; non-forest = 0). To ensure spatial consistency between the spectral and 216 

structural forest definitions, an eight-neighbour connectivity rule was used to identify contiguous forest patches, 217 

and a minimum patch-area criterion of >0.5 ha was applied to both the LULC- and CHM-derived forest masks. 218 

Patches below this threshold were excluded from subsequent spectral–structural comparison.  219 

The structural validation was limited to 2020 and 2025 because GEDI observations were only available from 2019 220 

onwards. The year 2020 was selected as the earliest year with corresponding LULC data for spectral–structural 221 



9 
 

comparison, while 2025 represented the most recent observation period. Consequently, corresponding LULC 222 

maps and canopy height models for 2020 and 2025 were used for structural validation 223 

Both LULC_derived forest extent and GEDI_informed canopy height structural forest extent were evaluated using 224 

two canopy-height thresholds: ≥5 m, corresponding to the FAO minimum tree-height criterion, and ≥10 m, 225 

representing a stricter structural threshold used to assess the sensitivity of spectral–structural agreement to canopy-226 

height definition. The 10m threshold was selected because it is more representative of mature tropical forest 227 

structure.  The >0.5-ha minimum contiguous-area criterion was maintained under both canopy-height thresholds, 228 

ensuring that canopy height was the principal structural criterion varied in the sensitivity assessment.  229 

Pixel-wise overlays between the filtered LULC-derived spectral forest masks and CHM-derived structural forest 230 

masks were performed for each epoch and canopy-height threshold. The overlays were used to derive true 231 

positives (TP), false positives (FP), false negatives (FN), and true negatives (TN), from which precision, recall, 232 

F1-score, and overall accuracy were calculated. Differences in F1-score and recall between the ≥5 m and ≥10 m 233 

thresholds were used to evaluate the sensitivity of spectral–structural agreement to canopy-height definition and 234 

its temporal variation between 2020 and 2025 235 

4.  Results 236 

4.1. Model performance: 237 

The Random Forest model demonstrated moderate predictive performance for canopy height estimation in both 238 

study years, with R² values of 0.35 for 2020 and 0.41 for 2025 (Fig. 3). The model achieved RMSE values of 4.46 239 

m and 4.43 m, and MAE values of 3.43 m and 3.44 m for 2020 and 2025, respectively. The relative RMSE for 240 

2020 was 44.04%, while the relative RMSE of 45.60% was recorded in 2025. 241 

 242 

Fig 3: Observed GEDI RH98 versus Random Forest-predicted canopy height for 2020 and 2025 243 

4.2. Feature importance for canopy height modelling 244 



10 
 

The study performed recursive feature elimination (RFE) to reduce predictor redundancy and retain the most 245 

informative variables for the canopy height model.  The lists of selected predictors used for the canopy height 246 

model for 2020 and 2025 are presented in Fig 4.  247 

In 2020, the optical predictors (NDMI, B11, NDVI, SWIR_ratio), accounted for 37.0% of the predictors; the 248 

synthetic aperture radar predictors (S1_VV_dB, P_HV_dB, S1_diff, P_HV_HH_ratio, P_HV_con, P_HH_var) 249 

contributed 31.0%, and terrain variables (Elevation, Slope) accounted for 10%. Derived interaction variables 250 

(SAR_NDMI, Elev_NDMI, and Elev_Slope) represented the remaining 25.0% of the total predictor importance. 251 

In 2025, optical predictors (B11, B12, NBR, NDMI, and NDVI) accounted for 50.4% of the total predictor 252 

importance. SAR predictors (S1_VV_dB, S1_VH_VV_ratio, S1_diff, P_HV_dB, SAR_sum, P_HH_con, and 253 

P_HV_var) contributed 35.6%, whereas terrain variables (elevation and slope) accounted for 9.3%. The remaining 254 

4.3% was contributed by the derived interaction variable (Elev_Slope). Collectively, the retained predictor groups 255 

demonstrate the complementary roles of optical, SAR, terrain, and interaction variables in modelling canopy 256 

height across the study area. 257 

258 

Fig 4: Feature importance of Canopy height predictors for 2020 and 2025 259 

4.3. Land use and land cover performances 260 

The classification performance for land use and land cover in the 2007, 2015, and 2025 epochs using the random 261 

forest classifier was 72.48%, 75.93%, and 82.35%, with corresponding Kappa coefficients of 66.2%, 70.0%, and 262 

75.3%, respectively.  The producer's and user's accuracy for each land use type across 2007 to 2025 is presented 263 

in Table 3. The overall producer accuracy ranged from 46.48% for shrubland in 2007 to 94.12% for water in 2025, 264 

while the user accuracy ranged from 50.65% for shrubland in 2015 to 100.00% for water in both 2007 and 2015.  265 

Built-up areas recorded producer’s accuracies of 87.70%, 92.06%, and 92.90%, and user’s accuracies of 86.29%, 266 

87.22%, and 89.71% for 2007, 2015 and 2025 epochs, respectively. The forest also exhibited producer’s 267 
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accuracies of 77.08%, 82.61%, and 78.26% with user accuracy of 67.27%, 76.00%, and 72.00%, across 2007, 268 

2015 and 2025 epochs.  269 

Table 3: Producer's accuracy (PA) and user's accuracy (UA) for each land use/land cover class across the 2007, 270 

2015, and 2025 epochs.  271 

Class 2007 PA/UA 2015 PA/UA 2025 PA/UA 

Water 90.00 / 100.00 61.76/ 100.00 94.12 / 94.12 

Rocky Outcrops 76.47 / 66.10 74.68 / 84.29 78.26 / 78.26 

Built-up 87.70 / 86.29 92.06 / 87.22 92.90 / 89.71 

Agriculture 54.76 / 58.23 67.86 / 66.67 75.81 / 82.46 

Shrubland 46.48 / 50.77 57.35 / 50.65 47.06 / 51.61 

Forest 77.08 / 67.27 82.61 / 76.00 78.26 / 72.00 

Overall Accuracy (%) 72.48 75.93 82.35 

Kappa 0.662 0.700 0.753 

 272 

4.4. Predictor importance of the multi-sensor fusion in LULC 273 

The study utilised multiple sensors for the land use land cover classification to include the spectral, structural and 274 

terrain characteristics of the Ekiti landscape in the prediction. The importance of the predictors in multi-sensor 275 

fusion is shown in Fig. 5. The optical sensors and their derived indices contributed 69.85%, 62.21%, and 59.49% 276 

of the importance to the land use/land cover classification, respectively, in the 2007, 2015, and 2025 epochs. The 277 

Synthetic Aperture Radar (SAR) sensors contributed 19.24%, 28.81%, and 29.11% to LULC classification, which 278 

indicates that structural complexity was a factor in the prediction. The terrain information accounted for 10.91%, 279 

8.97%, and 11.40%, respectively, in the 2007, 2015 and 2025 epochs. This result indicates that  280 

 281 

Fig 5: Multi-Sensor Fusion and Predictor Importance in RF LULC Classification 282 
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4.5. Land use and land cover changes in Ekiti State from 2007 to 2025 283 

Fig. 6 illustrates the spatial distribution of land use/land cover (LULC) classes in Ekiti State for 2007, 2015, and 284 

2025. Six major classes were identified, including water bodies, rock outcrops, built-up areas, agricultural land, 285 

shrubland, and forest. 286 

 287 

 Fig. 6: Land use and land cover 2007, 2015, and 2025. 288 

The areal statistics (Table 4) show substantial land-cover transformation in Ekiti State between 2007 and 2025. 289 

Forest and shrubland were the dominant classes in 2007, covering 2193.19 km² and 1577.36 km², respectively, 290 

while built-up areas occupied only 167.86 km² and were concentrated around major urban centres. 291 

Built-up areas increased progressively to 330.67 km² in 2015 and 621.63 km² in 2025, representing an overall 292 

increase of 270.33%. In contrast, forest cover declined from 2193.19 km² in 2007 to 1469.19 km² in 2025, 293 

representing a net loss of approximately 724.00 km² (724,000 hectares). Shrubland showed comparatively smaller 294 

changes, increasing slightly to 1738.88 km² by 2025. 295 

Table 4: Area Statistics of Land use and Land Cover changes in Ekiti State from 2007 to 2025 296 

LULC 2007 2015 2025 Percentage Change (%) 

Water 7.98 12.29 13.42 68.17% 

Rocky Outcrops 639.57 376.11 649.38 1.53% 

Built-up 167.86 330.67 621.63 270.33% 

Agriculture 728.53 530.56 822.31 12.87% 

Shrubland 1577.36 1925.46 1738.88 10.23% 

Forest 2193.19 2139.64 1469.19 -33.01% 

 297 
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4.6. Canopy height models (CHMs) for Ekiti State  298 

The spatial distribution of canopy height derived from the GEDI-calibrated CHM is presented in Fig. 7. In 2020, 299 

the landscape is dominated by the Secondary Canopy class (5–10 m), with widespread occurrence of the 10 m 300 

class, particularly in the western and southern parts of the study area (e.g., around Ijero and Efon Alaaye). The <5 301 

m class is present but spatially limited. 302 

By 2025, the spatial distribution of canopy height classes shows a different pattern. The extent of the 10 m class 303 

is reduced relative to 2020, while the 5–10 m class appears more fragmented. The <5 m class increases in spatial 304 

coverage and is distributed across larger portions of the central and northern regions. 305 

Overall, the maps show a redistribution of canopy height classes between 2020 and 2025, with reduced spatial 306 

continuity of higher canopy classes and increased presence of lower canopy height classes. 307 

 308 

Fig. 7: Spatiotemporal Evolution of Canopy Height in Ekiti State (2020–2025) 309 

Spaceborne LiDAR data from the Global Ecosystem Dynamics Investigation were used to derive canopy height 310 

metrics for Ekiti State in 2020 and 2025. The results indicate measurable differences in canopy height distribution 311 

between the two periods. 312 

In 2020, canopy height ranged from 2.73 m to 34.15 m, with a mean value of 10.60 ± 3.42 m. In 2025, canopy 313 

height ranged from 2.35 m to 27.89 m, with a mean value of 9.34 ± 3.48 m. The maximum canopy height decreased 314 

from 34.15 m in 2020 to 27.89 m in 2025, while the minimum canopy height decreased slightly from 2.73 m to 315 

2.35 m. The mean canopy height declined from 10.60 m to 9.34 m, representing a reduction of approximately 1.26 316 

m over the study period. 317 

 318 
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4.7. Comparison with the UMD/GLAD 2020 Forest Height Product 319 

To provide an independent assessment of our GEDI-calibrated canopy height model, the predicted canopy height 320 

(CHM_2020) was compared with the University of Maryland (UMD) global 30-m forest canopy height product 321 

(Potapov et al., 2021). The comparison revealed a strong positive correlation between the two datasets (Pearson’s 322 

r = 0.705, p < 0.001), with the UMD product explaining approximately 50% of the variance in our CHM (R² = 323 

0.497). The comparison metrics (Table 5) yielded an RMSE of 4.78 m, an MAE of 3.84 m, and a mean bias of 324 

+2.83 m, indicating that our locally calibrated CHM estimated taller canopy heights than the UMD product on 325 

average. 326 

Table 5: Comparison of GEDI‑calibrated CHM (2020) with UMD/GLAD 2020 forest height product (Potapov et 327 

al., 2021) for Ekiti State. 328 

Metric RF CHM vs UMD Forest Height 

Pearson's r 0.705 

R² 0.497 

RMSE (m) 4.78 

MAE (m) 3.84 

Bias (m) 2.83 

 329 

4.8. Threshold-based structural validation of LULC-derived forest extent using GEDI LiDAR (2020–330 

2025) 331 

Structural validation revealed strong sensitivity to canopy height thresholds and temporal dynamics (Table 6). At 332 

the 5 m threshold, F1-scores were 0.573 (2020) and 0.459 (2025), with recall values of 0.421 and 0.370, 333 

respectively. At the 10 m threshold, F1-scores were 0.748 (2020) and 0.695 (2025), with recall values of 0.650 334 

and 0.587, respectively (Table 6). 335 

Overall accuracy was relatively above ~77% at the 10 m threshold, while the overall accuracy of the 5 m threshold 336 

was below 42%. 337 

Table 6. Structural validation metrics for LULC-derived forest extent using canopy height thresholds (5 m and 10 338 

m) for 2020 and 2025. 339 

Year Threshold (m) Precision Recall F1-score Overall Accuracy 

2020 5 0.999 0.401 0.573 0.421 

2020 10 0.879 0.650 0.748 0.770 

2025 5 0.998 0.298 0.459 0.370 

2025 10 0.853 0.587 0.695 0.800 

5. Discussion 340 

This study integrated multi-sensor SAR, optical, and GEDI LiDAR datasets to develop a threshold-based 341 

assessment for evaluating Spectral–Structural Divergence in Forest Extent under Land-Use Change in Ekiti State, 342 

Nigeria. The results reveal substantial forest decline alongside progressive reductions in canopy structural 343 
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condition and demonstrate limitations in the ability of spectral classifications to represent structurally defined 344 

forest extent fully. 345 

5.1. Multi-sensor LULC classification performance 346 

Although the top predictors of LULC classification are the optical sensors and their respective indices, which 347 

contribute 69.85%, 62.21%, and 59.49% of the total predictors in the 2007, 2015 and 2025 epochs, respectively, 348 

the structural sensors consistently recorded 19.24%, 28.81%, and 29.11%, which highlight the contribution of 349 

structural variables in distinguishing land use/land cover classes. The terrain predictors recorded 10.91%, 8.97%, 350 

and 11.40% for the three epochs, indicating that topographic conditions also influenced class discrimination across 351 

the heterogeneous landscape of Ekiti State. These findings support previous studies showing that integrating 352 

optical, SAR, and terrain information improves LULC classification in tropical environments (Prudente et al., 353 

2022; Sarker et al.,2026). 354 

The random forest classifiers achieved accuracies of 72.48%, 75.93%, and 82.35%, with corresponding Kappa 355 

coefficients of 0.662, 0.70, and 0.753, respectively, across 2007, 2015 and 2025 epochs. The accuracies and kappa 356 

coefficient demonstrate progressive improvement and provide confidence in the suitability for the LULC 357 

classification and spectral-structural assessment.  358 

 The producer accuracy and user accuracy at the class level show that built-up and water and rock outcrops classes 359 

exhibited higher producer accuracy, while agriculture exhibited moderate producer and user accuracy across the 360 

three epochs.   361 

There is observable low accuracy recorded for shrubland in all the epochs (PA = 46.48–57.35%; UA = 50.65–362 

51.61%). The low accuracy observed for shrubland is consistent with findings from other tropical landscapes, 363 

where shrubland classification is limited by spectral similarity with regenerating agriculture and phenological 364 

noise, particularly when shrub coverage falls below 60% (Liu et al.,2026).  365 

The forest class maintained consistent producer's accuracies (77–83%) across all epochs, comparable to accuracies 366 

reported in other tropical forest mapping studies. The improvement in overall accuracy from 72.48% in 2007 to 367 

82.35% in 2025 reflects the value of multi-sensor fusion, combining optical, SAR, and terrain data, which has 368 

been shown to enhance class separability in tropical environments where cloud cover and landscape heterogeneity 369 

present significant challenges. 370 

5.2. Land-use/land-cover and forest-extent change, 2007–2025 371 

The land use/landcover changes in Ekiti State from 2007 to 2025 show a significant expansion of built-up areas 372 

from 167.86 km² in 2007 to 621.63 km² in 2025, representing an overall increase of 270.33%. In contrast, the 373 

forest declined from 2193.19 km2 to 1469.19 km² in 2025, which marked an approximate 33% reduction in the 374 

area covered by forest and its conversion to other land uses. These findings are consistent with previous 375 

investigations that documented substantial forest reduction and increasing ecological disturbance driven by 376 

agricultural expansion and urban growth (Festus, 2012; Olorunfemi et al., 2020) across the region. The present 377 

study extends these findings by incorporating GEDI-derived structural information, demonstrating that forest 378 

degradation in Ekiti State involves not only areal forest loss but also reductions in vertical forest structure within 379 

remaining vegetation patches. 380 
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Moreover, the loss of approximately 724km2 of forest over the 18-year study period represents an average annual 381 

forest loss of approximately 40.4 km² yr⁻¹ in Ekiti State. This persistent decline is consistent with Nigeria's 382 

Revised Forest Reference Emission Level (FREL), which identified ongoing deforestation across the country's 383 

ecological zones, with an estimated annual deforestation rate of 335,811 ha year⁻¹ between 2017 and 2021 (Federal 384 

Ministry of Environment & Federal Department of Forestry, 2026). Notably, Ekiti State lies within the lowland 385 

forest–Guinea savanna transition zone, where the FREL identifies some of the highest levels of deforestation in 386 

the country. This suggests that the forest decline observed in Ekiti State reflects broader patterns of forest loss 387 

occurring across Nigeria. 388 

5.3. Predictor importance in GEDI-derived canopy-height modelling 389 

The recursive feature elimination result indicates that the optical predictors (NDMI, NDVI, NBR, SWIR bands 390 

(B11 and B12) were the dominant predictors of the canopy height model in 2020 and 2025. The optical predictors 391 

accounted for 37% and 50% respectively in the two epochs. This highlights the dominance of spectral information 392 

relating to vegetation greenness, moisture status, forest disturbance, and canopy condition in explaining canopy 393 

height variability. The dominance of optical predictors observed in this study is consistent with the findings of 394 

Ngo et al. (2023), who reported that optical Sentinel-2 variables were the most informative predictors of GEDI-395 

derived canopy height among 77 remotely sensed features evaluated across tropical forests in South America and 396 

Africa. 397 

Although the optical sensors contributed the greatest importance to predictors of canopy height, the synthetic 398 

aperture radar predictors also made significant and substantial contributions in the two epochs (31.0% and 35.6%). 399 

This reflects the ability of microwave backscatter to penetrate vegetation canopies and capture structural attributes 400 

that are not directly observable from optical reflectance alone. 401 

Terrain variables accounted for only 10.0% and 9.3%, indicating that topographic effects played a comparatively 402 

smaller role in explaining canopy-height variability across the study area. The contribution of derived interaction 403 

variables further demonstrates that combining spectral, structural, and topographic information improves the 404 

representation of forest structure compared with any individual data source. 405 

5.4. GEDI-derived canopy-height model performance and structural change 406 

The Random Forest canopy-height model achieved moderate predictive performance, with R² values of 0.35 and 407 

0.41, RMSE of 4.46 m and 4.43 m, and MAE values of 3.43 m and 3.44 m for 2020 and 2025, respectively.  408 

The moderate predictive performance of the model was a challenging aspect of modelling canopy height and 409 

forest structure in tropical forests using GEDI data. This could be attributed to several factors, including the sparse 410 

and limited GEDI observations, which make it difficult to model the complex heterogeneity of tropical landscapes, 411 

resulting in some forest structural conditions being under-represented. Ngo et al. (2023) similarly highlighted that 412 

the sparse spatial distribution of GEDI footprints requires extrapolation using remotely sensed predictors to 413 

generate continuous canopy height surfaces. Moreover, optical predictors are prone to signal saturation in dense 414 

tropical forests, thereby reducing their sensitivity to variations in canopy height beyond certain structural 415 

thresholds. 416 
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Despite extensive model optimisation, including hyperparameter tuning and logarithmic transformation of the 417 

response variable, only marginal improvements in predictive performance were achieved, suggesting that model 418 

performance had reached a practical plateau. This indicates that the remaining unexplained variance is more likely 419 

associated with limitations in the available predictor variables and the inherent complexity of tropical forest 420 

structure than with model parameterisation. 421 

Other factors contributing to the moderate predictive performance may be the inherent complexity of tropical 422 

rainforest ecosystems, which cannot be fully explained using satellite-derived predictors alone. Factors such as 423 

species composition, forest stand age and structure, soil and edaphic conditions, climate variability, and understory 424 

composition were not represented in the predictor stack but are likely to influence canopy height variability and, 425 

consequently, the predictive performance of the model. 426 

The comparison of the GEDI calibrated canopy height model and UMD/GLAD 2020 forest product revealed a 427 

strong positive correlation (r=0.705, R2 = 0.497), indicating that the locally calibrated model successfully captured 428 

the broad spatial pattern of canopy height in Ekiti State. The RMSE (4.78 m), MAE (3.84 m), and positive bias 429 

(2.83 m) indicate reasonable agreement between the two canopy height products. The positive bias of 2.83 430 

indicated that the locally calibrated CHM was higher. This difference reflects the local calibration of the GEDI-431 

calibrated CHM, whereas the UMD product is globally calibrated for application across diverse forest ecosystems 432 

(Potapov et al.,2021). 433 

The canopy height results indicate a decline in forest structural condition in Ekiti State between 2020 and 2025. 434 

Mean canopy height decreased from 10.60 m to 9.34 m (a reduction of 1.26 m). While this decline is within the 435 

model error (RMSE = 4.46 m), the consistent spatial pattern suggests progressive structural degradation at the 436 

landscape scale rather than precise pixel-level canopy height change. 437 

5.5. Threshold-dependent spectral–structural divergence (≥5 m and ≥10 m) 438 

While land-cover statistics quantify horizontal (two-dimensional) forest change, integrating spaceborne LiDAR 439 

from the Global Ecosystem Dynamics Investigation adds a vertical dimension to forest condition. Structural 440 

validation indicates that agreement between LULC-derived forest extent and canopy height–based definitions is 441 

both threshold-dependent and temporally variable. 442 

Validation results showed low recall at the 5 m canopy height threshold, indicating that a substantial proportion 443 

of the forest meeting this threshold was omitted from spectral classifications. The low performance at the 5m 444 

threshold is particularly concerning, given that this is the FAO minimum criterion for forest definition (FAO, 445 

2018). This suggests that the spectral classifications may underestimate forest extent in landscapes undergoing 446 

land use changes. 447 

There is improved agreement at the 10 m threshold, suggesting that spectrally derived forest extent more reliably 448 

captures mature forest stands than low-stature or regenerating vegetation. These findings suggest that spectral 449 

classifications may not fully represent vertical forest structure. Consequently, the observed divergence 450 

necessitates incorporating GEDI-LiDAR-derived structural information, in addition to conventional land cover 451 

products, for monitoring global forest characterisation and canopy height (Potapov et al., 2021). 452 
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6. Conclusion 453 

This study demonstrates the value of integrating SAR, optical, and GEDI LiDAR datasets for evaluating forest 454 

change and urban expansion in tropical landscapes. While horizontal forest loss in Ekiti State reached 33.03% 455 

between 2007 and 2025, structural analysis further revealed reductions in canopy height and forest structural 456 

condition within remaining vegetation areas. The results indicate that spectrally derived forest classifications may 457 

not fully capture the underlying structural dynamics of forests, particularly in rapidly changing land use 458 

landscapes.  459 

The study further revealed that urban expansion and agricultural activities were the major drivers of both forest 460 

conversion and structural degradation in Ekiti State. The divergence observed between spectrally mapped forest 461 

extent and structurally defined forest condition indicates that the persistence of forest cover does not necessarily 462 

imply the maintenance of forest structural integrity. This demonstrates the importance of integrating GEDI-463 

derived structural metrics with optical and SAR datasets to provide a more comprehensive assessment of forest 464 

condition than spectral information alone. 465 

The study proposes a spectral–structural assessment framework as a practical approach for improving forest 466 

monitoring, forest degradation assessment, and land-use planning in tropical landscapes. The integration of forest 467 

structural information into routine forest monitoring can support sustainable forest management, biodiversity 468 

conservation, carbon accounting, and climate change mitigation. 469 

6.1. Limitations of the study. 470 

The study developed a spectral-structural assessment framework to evaluate the agreement between LULC-471 

derived forest extent and GEDI-informed canopy height model forest extent in landscapes undergoing land-use 472 

change. Although the proposed framework provides a practical approach for integrating spectral and structural 473 

information for forest monitoring, several methodological limitations should be acknowledged.  474 

First, the canopy-height model performance reported for the study indicated moderate R² values of 0.35 (2020) 475 

and 0.41 (2025). This reflects the complexities of tropical rainforest. Consequently, the canopy height model 476 

should be interpreted as a structural proxy for structural assessment rather than engineering-grade height 477 

estimation. 478 

Second, GEDI LiDAR provides sparse data and a discrete sampling footprint, rather than continuous wall-to-wall 479 

observations. A random forest was used to extrapolate the quality-filtered GEDI observations into a continuous 480 

wall-to-wall canopy height surface. Some local structural variability may not have been fully represented, 481 

particularly in areas with limited footprint coverage. 482 

Third, the integration of Landsat, Sentinel-1, Sentinel-2, ALOS PALSAR, and SRTM datasets required 483 

harmonisation of data acquired at different spatial resolutions and acquisition dates. While preprocessing 484 

procedures were applied to ensure spatial consistency, differences among sensors may have introduced additional 485 

uncertainty into the canopy-height modelling and spectral–structural comparison. 486 

Field-based validation using Terrestrial Laser scanning (TLS) or direct field inventory measurement was not 487 

available. Consequently, the predicted canopy height model was evaluated against the independent UMD/GLAD 488 
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canopy-height product rather than in-situ measurement. Future studies integrating field observations or terrestrial 489 

LiDAR data would provide a more rigorous assessment of canopy-height accuracy and further strengthen the 490 

proposed framework. 491 

Finally, areal uncertainty was not explicitly quantified; therefore, land-cover area estimates should be interpreted 492 

alongside the reported classification accuracies. 493 
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