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Abstract 

Monitoring deforestation and forest fragmentation in tropical ecosystems remains challenging due to rapid anthropogenic 

pressures, understory disturbances, and the temporal limitations of conventional remote-sensing approaches dominated by 

annual, reflectance-based observations. This study presents an integrated spatiotemporal framework for biannual deforestation 

mapping in the Akure Forest Reserve (2020–2023), combining high-resolution Planet NICFI optical imagery with Sentinel-1 

SAR data to enhance fine-scale temporal detection and reduce classification uncertainty. Three U-Net architectures with 

ResNet18, ResNet34, and ResNet50 backbones were evaluated across eight biannual datasets and benchmarked against 

traditional machine learning classifiers. To improve temporal coherence in SAR-derived predictions, a Bayesian updating 

strategy was applied. The resulting biannual maps enabled a detailed analysis of deforestation frontier dynamics through patch 

size distribution, patch formation speed, and spatial configuration. To characterize multiscale degradation patterns, conventional 

landscape metrics (Number of Patches, Patch Density, Mean Patch Size, Edge Density, Aggregation Index, and Forest 

Fragmentation Index) were integrated with fractal-based indicators, including Fractal Dimension and Local Connected Fractal 

Dimension. Results indicate that the U-Net model with a ResNet34 backbone achieved the highest classification performance 

(Precision = 0.9342, IoU = 0.9086), while Bayesian temporal updating further enhanced temporal stability (Precision = 0.9663, 

IoU = 0.9470), revealing pronounced clustering of deforestation in late 2023 (Coefficient Variation (CV) = 1.939). Fragmentation 

analysis reveals progressive micro-fragmentation characterized by increasing patch number and density, declining mean patch 

size, and persistently high local fractal connectivity, indicating intense internal forest erosion despite apparent structural stability. 

This structural–functional decoupling suggests that forests may remain spatially intact while undergoing substantial functional 

degradation. By integrating deep learning, Bayesian inference, and multiscale spatial metrics, this study provides a more sensitive 

and spatially explicit characterization of deforestation dynamics, offering valuable insights for geospatial analysis, conservation 

planning, and sustainable forest management. 
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1. Introduction 

Forest loss frequently leads to reductions in ecosystem 

functioning and the provision of essential goods and services 

to local and regional communities [1]. Forest change mani-

fests in two primary forms: the conversion of forests to non-

forest land cover (deforestation) and alterations in forest con-

dition that do not involve a land-cover transition [2]. Research 

that concentrates exclusively on deforestation overlooks im-

portant structural and spatial changes that shape landscape 

processes and ecosystem performance (Houghton 1991; 

Turner et al. 2001). Modifications in forest composition and 

configuration influence flows of energy, matter, and organ-

isms, and thereby affect the capacity of ecosystems to deliver 

services [1]. Consequently, understanding forest change at 

landscape scales requires assessing both the magnitude of for-

est cover loss and the evolution of spatial patterns in relation 

to land-use drivers, including climatic and socioecological 

factors [3]. Decisions leading to forest conversion often in-

volve trade-offs among ecosystem services provided by alter-

native land-cover types, where enhancing one service may di-

minish others [1]. Forests worldwide have been increasingly 

threatened by climate change, as well as by the direct and in-

direct consequences of human activities over recent decades 

[4, 5]. Natural disturbances, particularly wildfires and severe 

storms, represent some of the most significant forces shaping 

forest ecosystem dynamics [6]. In parallel, deforestation 

driven by illegal logging remains a critical anthropogenic 

pressure, leading to substantial losses in biodiversity, degra-

dation of soil resources, and disruption of essential ecological 

processes [7]. These growing pressures have intensified the 

need to examine deforestation frontiers and associated land-

scape dynamics in Nigeria. Deforestation frontiers describe 

the spatial and temporal progression of forest loss, revealing 

both the diverse manifestations of deforestation and the un-

derlying drivers contributing to this change [8, 9]. 

Deforestation patches, relatively regular, discrete areas of 

forest converted to non-forest, typically emerge within narrow 

seasonal windows rather than being uniformly distributed 

throughout the year [8-10]. Frontier dynamics strongly influ-

ence these patterns: rapidly advancing frontiers are character-

ized by swift patch formation and pronounced temporal clus-

tering, whereas slower-moving frontiers tend to produce 

smaller patches that appear more evenly across time. Over re-

cent decades, substantial progress has been made in elucidat-

ing the causes, consequences, and potential mitigation strate-

gies associated with forest landscape fragmentation [11-13]. 

Analyses restricted to annual intervals yield only a coarse and 

incomplete understanding of frontier dynamics and their asso-

ciated landscape structures. To resolve the spatiotemporal 

complexity of frontier expansion and landscape structures ef-

fectively, deforestation mapping at biannual or preferably 

finer temporal resolutions is increasingly essential. 

Remote sensing technologies have substantially improved 

the efficiency and spatial reach of forest monitoring, under-

scoring the value of these advancements for assessing defor-

estation frontiers in Nigeria. Yet, persistent cloud cover in 

tropical forest regions remains a major constraint for optical-

based monitoring, even when multiple optical datasets are 

combined [14]. Consequently, many studies have historically 

relied on the annual Landsat-based global forest loss product 

[15]. Current assessments similarly depend on annual time-

scales derived from forest loss products [15, 16], a practice 

that often obscures important intra-annual variability in defor-

estation behavior. Emerging research from tropical forests in 

Brazil demonstrates that sub-monthly analyses can reveal 

finer-scale temporal signatures of frontier expansion that an-

nual products fail to capture (Sun et al. 2023). The continued 

reliance on annual and solely optical datasets therefore risks 

overlooking the rapid, episodic, and spatially heterogeneous 

nature of deforestation processes. Integrating optical and syn-

thetic aperture radar (SAR) data unaffected by cloud cover of-

fers a critical pathway to improving the temporal fidelity and 

reliability of fragmentation and deforestation monitoring and 

mapping in cloud-prone regions such as Nigeria. 

Planet NICFI (Norway’s International Climate and Forest 

Initiative NICFI) public release of high-resolution Plan-

etScope basemaps covering the world’s tropical regions to ac-

celerate monitoring, reporting, and verification of forest 

change. Because the mosaics are produced to be spatially con-

sistent and to minimize cloud contamination, they have been 

widely adopted in recent studies for fine-scale tree-cover map-

ping, deforestation and degradation detection, and for fusing 

optical and SAR observations to improve temporal and phe-

nological robustness. 

U-Net–based deep learning models demonstrated the strong 

potential for mapping deforested areas using monthly Senti-

nel-1 composites [18], while [17] showed that deep learning 

can effectively characterize deforestation frontiers at sub-

monthly temporal scales. Nonetheless, correcting errors in-

duced by speckle noise and environmentally driven backscat-
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ter fluctuations remains a major obstacle, often resulting in re-

duced accuracy in dynamic deforestation mapping. To address 

these limitations, many studies have adopted time-series clas-

sification approaches [19]. Yet, these methods are typically 

pixel-based and incorporate limited spatial context, making 

them less effective at capturing landscape patterns that are es-

sential for accurately delineating deforestation patches [18]. 

Spatial attributes of deforestation, such as landscape structure 

and patch dynamics, and temporal attributes, such as prior dis-

turbance probabilities, provide distinct yet complementary 

sources of information, offering a pathway toward more ro-

bust deforestation mapping. Integrating deep learning–based 

spatial refinement with an advanced Bayesian temporal 

framework can therefore enhance mapping accuracy beyond 

what either approach can achieve independently, reducing un-

certainties in the characterization and fragmentation of defor-

ested areas from fusion of Planet NICFI AND Sentinel-1 data. 

Bayesian updating has proven valuable for mitigating tem-

poral uncertainties in annual optical disturbance products [20, 

21], [22]. By iteratively updating prior probabilities based on 

consistency with previously classified states, Bayesian tem-

poral enhancement can attenuate errors driven by surface con-

dition variability and environmental fluctuations. This enables 

more reliable tracking of continuous deforestation processes 

and improves the temporal coherence of mapped disturbance 

patterns. 

This study introduces a novel spatiotemporal framework 

that combines optical and Sentinel-1 data to improve defor-

estation mapping and to capture the biannual dynamics of de-

forestation frontiers and landscape fragmentation in the Akure 

Forest. The research further assessed the performance of an 

alternative deep learning approach for enhancing the accuracy 

of integrated Planet NICFI and Sentinel-1 deforestation map-

ping over the 2020–2023 period. By combining deep learn-

ing–based spatial refinement with Bayesian temporal updating, 

the proposed framework improved the spatiotemporal preci-

sion of optical–SAR deforestation products and enabled ro-

bust quantification of high-resolution temporal and spatial 

metrics. 

2. The Study Sites and Data Source 

2.1. The Study Area 

The Akure Forest Reserve is situated in Ondo State, south-

western Nigeria, within the humid tropical rainforest zone of 

West Africa. The reserve covers an area of approximately 66 

km2 and lies between latitudes 7°10′ and 7°20′ N and longi-

tudes 5°05′ and 5°15′ E [23]. It represents one of the remaining 

patches of lowland rainforest in the region, characterized by 

dense vegetation, multilayered canopy structure, and diverse 

flora and fauna. The mean annual temperature ranges from 

25°C to 27°C, while the annual rainfall varies from 1,500 mm 

to 2,500 mm, with a distinct wet season from April to October 

and a dry season from November to March. Relative humidity 

remains high throughout the year, typically exceeding 75% 

during the rainy season [24]. Vegetation in the reserve consists 

predominantly of moist semi-deciduous forest, featuring tree 

species such as Triplochiton scleroxylon, Milicia excelsa, 

Celtis zenkeri, and Terminalia superba. 

 
Figure 1. Location of the study Area in Nigeria. 

2.2. Data Source 

This study utilized multi-sensor Earth observation data 

from the Sentinel and Planet NICFI programs to support high-

resolution deforestation monitoring. Sentinel-1 C-band SAR 

imagery and Sentinel-2A multispectral data from the Euro-

pean Space Agency (ESA) were employed to provide comple-

mentary radar and optical information. Sentinel-1 data were 
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preprocessed using standard procedures, including orbit cor-

rection, noise removal, radiometric calibration, and terrain 

correction [18, 25]. To minimize geometric distortions and 

improve backscatter consistency, both ascending and de-

scending orbit acquisitions in Interferometric Wide Swath 

(IW) mode were incorporated [26]. Dual-polarization VV and 

VH bands were combined with the VV/VH ratio to generate 

enhanced three-layer composites for improved deforestation 

characterization. Additionally, high-resolution Planet NICFI 

optical imagery derived from the PlanetScope Dove constel-

lation was integrated to capture detailed tropical forest dynam-

ics. The Planet NICFI datasets provide 4.77 m spatial resolu-

tion cloud-minimized mosaics with near-daily revisit capabil-

ity, enabling the detection of subtle forest disturbances such 

as canopy openings, skid trails, and selective logging [27, 28]. 

Six bi-annual mosaics covering wet and dry seasons between 

2020 and 2023 were acquired through Google Earth Engine. 

Residual cloud contamination was further reduced using cus-

tom masking techniques [29]. To optimize deep learning per-

formance, the surface reflectance data were normalized to a [1] 

range and converted to 8-bit format using min–max normali-

zation, a preprocessing strategy commonly applied in U-Net-

based remote sensing applications. 

2.3. Integration of Sentinel-1 SAR and Planet 

NICFI Optical Imagery 

Sentinel-1 SAR (VV, VH, and VV/VH ratio) and Planet 

NICFI optical imagery (Blue, Green, Red, NIR bands) were 

integrated to exploit complementary information from both 

sensors. SAR captures structural and moisture-sensitive sig-

nals, while optical imagery provides spectral reflectance re-

lated to vegetation condition. Co-registration: All datasets 

were geometrically aligned to a common reference grid 

(EPSG: 4326) using feature-based matching and polynomial 

warping. Visual inspection and quantitative assessment con-

firmed sub-pixel alignment (<0.5 pixels), ensuring accurate 

pixel-level correspondence between SAR and optical data. 

Resampling: To harmonize spatial resolution, Planet NICFI 

imagery (4.77 m) was downsampled to 10 m to match Senti-

nel-1 SAR. This approach preserves the native SAR signal fi-

delity and avoids artificially interpolating SAR backscatter, 

which could introduce noise and redundancy without adding 

meaningful spatial information. Bilinear interpolation was ap-

plied to optical bands, while nearest-neighbor interpolation 

was used for any categorical indices. All datasets were 

cropped to the study area extent. Multi-channel Stack Gener-

ation: Co-registered and resampled layers were combined into 

a single multi-channel raster stack. Optical bands were nor-

malized to zero mean and unit variance, and SAR backscatter 

values were scaled to [1]. Missing or cloud-contaminated pix-

els were masked to prevent artifacts during U-Net training. 

This integration preserves both spectral and structural infor-

mation from the optical and SAR sensors, enabling the U-Net 

model to leverage complementary features for accurate detec-

tion of forest disturbances. 

3. Methodology 

This study proposes a comprehensive spatio-temporal deep 

learning framework for deforestation monitoring by integrat-

ing Sentinel-1 SAR and Planet NICFI optical imagery with 

seasonal adaptation Figure 2. 

 
Figure 2. Schematic of the fragmentation and deforestation mapping method workflow. 
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3.1. Support Vector Machines 

The Support Vector Machine (SVM) algorithm is a widely 

adopted supervised learning method in remote sensing due to 

its strong generalization capacity, robustness to high-dimen-

sional data, and effectiveness with limited training samples 

[30, 31]. SVM operates primarily within the spectral domain. 

Temporal information can therefore be incorporated by con-

catenating multi-temporal images into a single spectral feature 

space. In this study, the SVM classifier employed a Radial Ba-

sis Function (RBF) kernel, which is particularly effective for 

modeling nonlinear relationships between spectral features. 

The algorithm requires two key hyperparameters: the cost (C) 

parameter, which controls the penalty for misclassification, 

and sigma (σ), which defines the kernel width and influences 

the decision boundary’s smoothness. Here, the cost parameter 

was set to C = 1, while σ was determined automatically using 

a data-driven heuristic optimization approach [32]. To address 

potential class imbalance, the training dataset was constructed 

by randomly subsampling pixels per class such that the num-

ber of samples equaled that of the rarest class (e.g., deforest 

and forest). This ensured balanced representation and mini-

mized classification bias. Because SVM is a pixel-based clas-

sifier, the resulting per-pixel predictions were directly used to 

assess performance on the validation and test datasets without 

the need for additional spatial post-processing. 

3.2. Random Forest 

The Random Forest (RF) algorithm, proposed by [33], is an 

ensemble machine learning method that combines bootstrap 

aggregating (bagging) and random feature selection to im-

prove classification accuracy and reduce overfitting. It builds 

multiple decision trees from bootstrap samples of the training 

data, with each using a random subset of predictor variables at 

each node split, as shown in Figure 3. The final prediction is 

determined by majority voting across all trees, ensuring model 

robustness and generalization. About one-third of the training 

data is excluded from each bootstrap sample, called out-of-

bag (OOB) data, and is used to internally estimate classifica-

tion error and assess variable importance. The algorithm’s ac-

curacy depends on both the correlation among individual trees 

and their predictive power, with an optimal balance between 

these factors minimizing the overall error rate [33]. RF also 

provides a quantitative measure of variable importance by 

evaluating the change in OOB classification accuracy when 

individual predictors are randomly permuted [34, 35]. This 

feature makes RF especially useful for identifying key varia-

bles influencing spatial or spectral patterns in remote sensing 

datasets. In this study, the Random Forest algorithm was im-

plemented in Python using the Random Forest package to 

classify the fusion of Sentinel-1 SAR and Planet NICFI opti-

cal imagery. 

 
Figure 3. Architecture Random Forest Model. 
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3.3. U-Net Architecture 

The U-Net architecture is a convolutional neural network 

(CNN) specifically developed for pixel-wise image segmen-

tation and widely applied in remote sensing tasks such as land 

cover classification, deforestation monitoring, and change de-

tection [36]. Its encoder–decoder structure enables efficient 

extraction of high-level semantic features while preserving 

precise spatial information. The encoder progressively 

downsamples the input image through convolution and pool-

ing operations to capture contextual representations, whereas 

the decoder restores spatial resolution through upsampling 

while integrating fine-scale details via skip connections. 

These skip connections are a key strength of U-Net, allowing 

accurate delineation of complex features such as forest bound-

aries and deforested areas. The final layer generates segmen-

tation outputs for target classes such as forest and non-forest, 

with training commonly optimized using loss functions such 

as binary cross-entropy and optimizers like Adam. Due to its 

fully convolutional design, U-Net can process images of var-

ying sizes and performs effectively even with limited training 

data, making it highly suitable for Earth observation and 

multi-sensor remote sensing applications [37, 38]. 

 
Figure 4. U-Net Architecture diagram. 

3.4. Model Performance Evaluation 

A suite of widely recognized performance metrics, includ-

ing Overall Accuracy, Precision, Recall, F1 Score, and Inter-

section over Union (IoU), was used to evaluate the classifica-

tion performance of the U-Net models with ResNet-18, Res-

Net-34, and ResNet-50 backbones. The metric definitions 

align with those presented in [18, 39] and other foundational 

studies. Because both F1 Score and IoU quantify the relation-

ship between correctly classified pixels and classification er-

rors, they are particularly informative and strongly correlated 

when applied to binary deforestation mapping. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                    (1) 

𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
           (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                     (3) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  
2𝑈𝐴𝑃𝐴

𝑈𝐴+𝑃𝐴
                     (4) 

𝐼𝑜𝑈 =  
𝐹1

2−𝑃𝐹1
                       (5) 

Where TP is true positives, TN represents true negatives, 

FP is false positives, and FN denotes false negatives. 

3.5. Bayesian Temporal Refinement 

Framework 

The trained U-Net models with a ResNet-34 backbone were 

employed to generate deforestation maps for the study sites. 

Once the classified maps were chronologically ordered, the 

Bayesian Updating of Land-Cover (BULC) algorithm was ap-

plied across the full historical series. This approach improves 

the robustness of deforestation detection by integrating tem-

poral information, thereby reducing sensitivity to short-term 

fluctuations in the data. Initially developed to iteratively up-

date land-cover classifications using long sequences of classi-

fied images, BULC enables more consistent and reliable 
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tracking of deforestation dynamics over time [20, 40]. The 

BULC algorithm leverages Bayes’ theorem to iteratively up-

date the probabilities of land-cover classes, producing stable 

and temporally continuous predictions. In this study, applying 

BULC enabled the reconstruction of a continuous sequence of 

deforestation events, effectively correcting classification er-

rors and inconsistencies across the time series. The methodol-

ogy for updating the deforestation probability of each pixel is 

presented in Equations (6) and (7). Specifically, when a new 

observation of a land-cover class 𝑐2 is obtained at time 𝑖 +

1, the posterior probability of the true class D corresponding 

to land cover c1 is calculated as follows: 

𝑃(𝐷𝑐1,𝑖+1│𝐸𝑐2,𝑖) =  
𝑃(𝐸𝑐2,𝑖+1│𝐸𝑐1,𝑖)∗𝑃(𝐷𝑐1,𝑖)

∑ 𝑃(𝐸𝑐2,𝑖+1│𝐸𝑐𝑛,𝑖)∗𝑃(𝐷𝑐𝑛,𝑖)𝑛=1,2
    (6) 

𝑃(𝐷𝑐2,𝑖+1│𝐸𝑐1,𝑖) =  
𝑃(𝐸𝑐2,𝑖+1∩𝐸𝑐1,𝑖)

𝑃(𝐸𝑐1,𝑖)
              (7) 

c1 and 𝑐2  represent the land-cover categories from the 

classified deforestation maps, and 𝑖. denotes the index of an 

event within the sequence of classified maps. The term 

𝑃(𝐷𝑐1,𝑖) refers to the probability of a pixel belonging to land-

cover class c1 at event 𝑖 . 𝑃(𝐷𝑐2,𝑖+1│𝐸𝑐1,𝑖)  represents the 

probability that a pixel is classified as class 𝑐2 in Event 𝑖 +

1 given that it was previously classified as c1 in Event 𝑖. Sim-

ilarly, 𝑃(𝐸𝑐2,+1 ∩ 𝐸𝑐1,𝑖)  denotes the joint probability of a 

pixel being classified as c1 in Event 𝑖 and 𝑐2 in Event +1. 

For the initial probability assignment, non-deforested pixels 

were set to 0.6 and deforested pixels to 0.4 [20, 40]. 

3.6. Spatial–Temporal Patterns of Forest Loss 

Based on the deforestation maps produced by the optimized 

methodology, we conducted a comprehensive analysis of de-

forestation frontiers across all study sites, employing detailed 

fine-scale spatial–temporal metrics [30]. Eight distinct spa-

tial–temporal maps were systematically generated to enable 

characterization at a biannual resolution, representing a novel 

aspect of this study. While some previous studies have em-

ployed monthly temporal analyses [17]. This research empha-

sizes biannual characterization, which was implemented in 

ArcGIS Pro using a range of tools available within the Geo-

spatial Analyst toolbox. To extract patch-level information, 

the deforestation maps were first converted from raster to pol-

ygon format in ArcGIS Pro, creating shapefiles that enabled 

calculation of patch metrics, including formation speed and 

patch size. Deforestation patterns were analyzed for each map 

by summarizing the distributions of patch size and formation 

speed, as defined in Equation (8). Subsequently, each study 

site was subdivided into 5 km2 hexagonal grids, and deforesta-

tion within each grid was aggregated using zonal statistics. 

The results were further categorized according to patch size 

and formation speed. Finally, the temporal distribution of de-

forestation was quantified on a biannual basis, and temporal 

clustering was assessed using the coefficient of variation (CV) 

index [17]. 

𝐹𝑜𝑟𝑚𝑖𝑛𝑔 𝑠𝑝𝑒𝑒𝑑 =  
𝑝𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒

𝐷𝑜𝑦𝑒𝑛𝑑−𝐷𝑜𝑦𝑠𝑡𝑎𝑟𝑡
              (8) 

𝐶𝑉 =  
𝑆𝑡𝑑

𝑀𝑒𝑎𝑛 𝐷
                      (9) 

Where 𝐷𝑜𝑦𝑒𝑛𝑑 is the day of each year of the last forming 

date (e.g., the leap year: June 30 = 182, December 31 = 366, 

non-leap: June 30 = 181, December 31 = 365), 𝐷𝑜𝑦𝑠𝑡𝑎𝑟𝑡 de-

noted the day of each year of the start forming date (e.g., Leap 

year: January 1 = 1, July 1 = 182, non-leap year: January 1 = 

1, July 1 = 182), Std is the standard deviation of deforested 

region in each observation interval and mean D is the mean of 

deforested region in each observation interval. 

3.7. Landscape Structure and Fragmentation 

Analysis 

Forest and deforestation fragmentation metrics are essential 

for quantifying landscape dynamics, assessing habitat degra-

dation, and supporting conservation planning. Conventional 

metrics such as Number of Patches, Patch Density, Edge 

Length, Mean Patch Size, Aggregation Index, and Core Area 

Index are widely used to characterize spatial forest structure 

[11, 41]. However, these traditional metrics are often limited 

by scale sensitivity, static analysis capability, reliance on bi-

nary classifications, and inadequate representation of func-

tional connectivity and edge dynamics. They may also strug-

gle to effectively capture temporal fragmentation processes 

and large-scale landscape complexity. To address these limi-

tations, this study integrated traditional fragmentation metrics 

with advanced fractal-based indicators, including the Fractal 

Fragmentation Index (FFI), Fractal Fragmentation and Disor-

der Index (FFDI), and Local Connected Fractal Dimension 

(LCFD) [13, 42]. These fractal metrics provide enhanced 

characterization of structural complexity, connectivity, and 

fragmentation dynamics across multiple spatial scales. The 

analysis was implemented in ArcGIS Pro using classified 

multi-temporal datasets to quantify changes in forest fragmen-

tation and deforestation patterns over time. 

3.7.1. Fractal Fragmentation Index 

The Fractal Fragmentation Index (FFI) is a quantitative 

metric used to assess the degree of fragmentation and the com-

pactness of spatial objects. It evaluates the extent to which the 

shape of each object deviates from an idealized Euclidean ge-

ometry [43]. FFI is calculated using multi-scale fractal analy-

sis and is formally expressed in Equation (10). 

𝐹𝐹𝐼 =  𝐷𝐴  − 𝐷𝑃 =  lim
𝜀→0

(
log 𝑁(𝜀)

log(
1

𝜀
)

) − lim
𝜀→0

(
log 𝑁′(𝜀)

log(
1

𝜀
)

)   (10) 

DA represents the box-counting fractal dimension of object 
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areas, DP the fractal dimension of their perimeters, and ε de-

notes the box size. log N(ε) and log N′(ε) correspond to the 

counts of non-overlapping boxes required to cover areas and 

perimeters, respectively. 

3.7.2. Fractal Fragmentation and Disorder Index 

(FFDI) 

The Fractal Fragmentation and Disorder Index (FFDI) is a 

fractal-based metric that utilizes multi-scale fractal methods 

to quantify both the degree of fragmentation (or compactness) 

and the spatial disorder of objects within a given area [44]. 

FFDI extends the Fractal Fragmentation Index (FFI) [43] by 

incorporating the Information Dimension (D1) [45], enabling 

differentiation of complex spatial organization patterns. The 

computation of FFDI is based on the formulation presented in 

Equation (11). 

𝐹𝐹𝐷𝐼 =  ( lim
𝜀→0

∑
𝑚𝑖(𝜀) log(𝑚𝑖(𝜀))

log(𝜀)

𝑁(𝜀)
𝑖=1 ) (1 − (lim

𝜀→0
(

log 𝑁(𝜀)

log(
1

𝜀
)

) − lim
𝜀→0

(
log 𝑁′(𝜀)

log(
1

𝜀
)

)))                  (11) 

In this formulation, mi = Mi/M, where Mi is the number of 

points in the ith box, and M is the total number of points for 

the object. In this study, all fragmentation indices were com-

puted using ArcGIS Pro, Raster Calculator, and Python, with 

conventional GIS techniques employed for cartographic rep-

resentation and Python and Excel utilized for data visualiza-

tion and analysis. 

3.7.3. Local Connected Fractal Dimension (LCFD) 

The Local Connected Fractal Dimension (LCFD) is a frac-

tal-based metric designed to quantify local connectivity within 

spatial objects. Its computation is defined by Equations (12) 

and (13). 

𝑀(ε)𝛼𝐹ε𝐿𝐶𝐹𝐷                  (12) 

𝐿𝐶𝐹𝐷 =  
log[𝑀(ε)]

log(ε)
                 (13) 

F represents a mass pre-factor, and (𝜀) denotes the number 

of locally connected pixels within a box of size 𝜀. 

4. Results 

This section presents the results of deforestation mapping 

and landscape analysis in the Akure Forest, Nigeria, demon-

strating the segmentation of deforested and non-deforested ar-

eas from satellite imagery. It details the characterization of de-

forestation patches, including patch size and formation speed, 

within the context of deforestation frontier dynamics, using 

fine-scale spatial–temporal metrics. The outcomes of each an-

alytical step are reported to illustrate the performance of the 

proposed methodological framework. 

4.1. Evaluating Deep Learning Backbones for 

Deforestation 

The assessment accuracy metrics of the models were com-

pared to identify the most suitable framework for deforesta-

tion mapping, as summarized in Table 1. Widely recognized 

deep learning models, including U-Net, were selected due to 

their proven efficiency in pixel-level classification and seg-

mentation. Three backbone architectures, ResNet-18, ResNet-

34, and ResNet-50, were implemented based on available 

computational resources to evaluate their performance in de-

tecting deforested and non-deforested areas across the study 

area. Results indicated that the U-Net with the ResNet-34 

backbone achieved the highest precision, recall, F1 score, and 

Intersection over Union (IoU), demonstrating superior seg-

mentation performance. All models were trained and tested on 

the same fused Planet NICFI Sentinel-1 SAR dataset for Ni-

geria, which included automatically annotated deforested and 

non-deforested polygons. Figure 5 presents the comparative 

performance of the three backbones with U-Net models, high-

lighting U-Net with ResNet-34 as the best-performing config-

uration. This analysis underscores the robustness and effec-

tiveness of the U-Net architecture with ResNet-34 in the ac-

curate detection and segmentation of deforestation. 

Table 1. Accuracy assessment metrics and their comparison. 

Metrics U-Net- ResNet18 U-net- ResNet34 U-net- ResNet50 

Precision 0.864122 0.865394 0.868548 

Recall 0.945011 0.945451 0.925525 

F1-Score 0.902758 0.903653 0.896132 

IoU 0.74002 0.741925 0.73353 
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Figure 5. Analysis of the U-Net Model with different Backbones for segmentation. 

4.2. Evaluation of the Enhanced  

Spatial–Temporal Framework 

Accuracy assessment results identified the U-Net model 

with a ResNet-34 backbone as the most effective approach for 

deforestation mapping, outperforming Random Forest (RF), 

Support Vector Machine (SVM), and other U-Net configura-

tions across all evaluation metrics (Table 2). The model was 

applied to fused Planet NICFI and Sentinel-1 datasets and 

demonstrated superior capability in distinguishing deforested 

and non-deforested areas compared with RGB Planet imagery, 

individual Sentinel-1 VV, VH, and VV/VH bands, and the 

standard U-Net architecture (Figure 6). Performance evalua-

tion using 10-fold cross-validation confirmed the robustness 

and reliability of the U-Net_ResNet34 model. Further en-

hancement was achieved by integrating the U-Net_ResNet34 

model with a Bayesian temporal updating framework, which 

improved the temporal consistency and stability of sequential 

deforestation predictions. This integration resulted in signifi-

cant improvements in precision, recall, F1-score, and Intersec-

tion over Union (IoU), yielding the highest overall classifica-

tion performance for deforestation monitoring. The resulting 

classification maps for 2020–2023 effectively captured tem-

poral deforestation dynamics and demonstrated the model’s 

capability for accurate long-term monitoring (Figure 7). 

Table 2. 10-fold Validation Model Results and Comparison. 

Metrics Random Forest (RF) Supporting Vector Machine (SVM) U-net- ResNet34 

Precision 0.9146 0.9262 0.9342 
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Metrics Random Forest (RF) Supporting Vector Machine (SVM) U-net- ResNet34 

Recall 0.9130 0.9173 0.9333 

F1-Score 0.9110 0.9208 0.9322 

IoU 0.8836 0.8942 0.9086 

 
Figure 6. Comparison of RGB Composite Planet, Sentinel-1, and U-Net of Akure Forest. 
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Table 3 Comparison of U-Net (ResNet-34) and U-Net (ResNet-34) +Bayesian Model. 

Metrics U-Net (ResNet-34) U-Net (ResNet-34) + Bayesian U-net- ResNet50 

Precision 0.9342 0.9665 0.868548 

Recall 0.9333 0.9661 0.925525 

F1-Score 0.9322 0.9660 0.896132 

IoU 0.9086 0.9470 0.73353 

 
Figure 7. Comparison of U-Net and U-Net + Bayesian Update Akure Forest. 
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4.3. Spatio-Temporal Assessment of 

Deforestation Frontiers 

Advanced spatio-temporal techniques integrating all avail-

able Sentinel-1 acquisitions were used to generate biannual 

deforestation maps for 2020–2023 (Figure 7), providing a 

more detailed temporal representation of forest disturbance 

than conventional annual products. Localized zoom-in anal-

yses further revealed substantial spatial variability in patch 

size, configuration, and timing across the Akure Forest land-

scape (Figure 8). Deforestation patches were categorized ac-

cording to patch size and formation speed, and their biannual 

spatial distributions are presented in Figs. 9 and 10. Results 

show that the majority of deforestation events were dominated 

by small-scale patches (≤0.05 ha) and slow expansion rates 

(<0.05 ha/day), indicating that incremental and dispersed for-

est loss was the predominant frontier pattern throughout the 

study period. Despite the dominance of small disturbances, 

some large and rapidly expanding patches contributed dispro-

portionately to total deforested area, emphasizing the ecolog-

ical significance of high-intensity deforestation events. Tem-

poral analysis further demonstrated increasing aggregation of 

deforestation activity over time. The coefficient of variation 

(CV) analysis revealed that the second half of 2023 experi-

enced the highest temporal clustering of deforestation events 

(CV = 1.939), while the first half of 2020 exhibited the lowest 

clustering intensity. The progression of CV values across the 

study periods is illustrated in Figure 11. 

 
Figure 8. Deforestation patch size and forming speed in Akure are mean values within 5km2 hexagon grids. 
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Figure 9. Patch size (ha) Distribution of Akure Forest. 

 
Figure 10. Patch forming speed (ha/day) Distribution of Akure Forest. 
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Figure 11. Biannual Coefficient of Variation (CV) Analysis with Trend of Akure Forest. 

4.4. Landscape Dynamics and Fragmentation 

Analysis 

4.4.1. Fractal Dimension Analysis of Landscape 

Structure 

The results show that the Akure forest remained structurally 

stable from 2020 to 2023. The Forest Fragmentation Index 

(FFI) showed only small changes (0.603–0.629), with a very 

weak downward trend, indicating little overall change in for-

est connectivity (Figure 12). The Forest Fragmentation and 

Degradation Index (FFDI) also stayed consistently high 

(0.740–0.789), showing that fragmentation levels remained 

severe but stable over time (Figure 13). 

 
Figure 12. FFI of Akure forest (2020 – 2023). 

The Local Connected Fractal Dimension (LCFD) was 

nearly constant (1.380–1.383), showing that forest boundary 

complexity did not change much across the study period (Fig-

ure 14). Overall, these metrics indicate that the forest stayed 

in a long-term stable but highly fragmented condition, with 

only very gradual and minor structural change over time. 

 
Figure 13. FFDI of Akure forest (2020 – 2023). 

 
Figure 14. LCFD of Akure forest (2020 – 2023). 
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4.4.2. Comparison of Fractal Metrics for Forest 

Fragmentation 

The results (Figure 15) show that the Akure forest remained 

highly fragmented but structurally stable from 2020 to 2023. 

The Forest Fragmentation Index (FFI) stayed consistently 

high (around 0.615), meaning more than 60% of the landscape 

was continuously fragmented or edge-dominated. The Forest 

Fragmentation Development Index (FFDI) stabilized at about 

0.77–0.78 after a small initial increase, indicating a persis-

tently severe but steady fragmentation pattern. The Local 

Connected Fractal Dimension (LCFD) also remained nearly 

constant (around 1.39–1.40), showing that forest boundary 

complexity did not change significantly over time. Overall, 

the metrics in Figure 15 suggest that after an initial adjustment 

phase, the forest reached a long-term stable but highly frag-

mented state, with no clear seasonal variation in fragmentation 

dynamics. 

 
Figure 15. Comparison of fractal metrics of Akure forest (2020 – 

2023). 

4.4.3. Analysis of Landscape Structure Using 

Traditional Metrics 

The temporal analysis of traditional landscape metrics 

shows that the Akure forest experienced continuous micro-

fragmentation from 2020 to 2023. The Number of Patches (NP) 

increased from 115 to 150, peaking at 167 in 2023_H1, indi-

cating ongoing subdivision of the forest into smaller frag-

ments (Figure 16). At the same time, Mean Patch Size (MPS) 

decreased by about 37%, showing that large forest areas were 

steadily broken into smaller patches (Figure 17). A slight in-

crease in MPS in 2023_H2, along with a drop in NP, likely 

reflects loss of small patches rather than true recovery. Patch 

Density (PD) also increased, reaching its highest level in 

2023_H1, confirming stronger fragmentation over time (Fig-

ure 18). Edge Length Density (EL) remained high with only 

slight variation, indicating continued exposure to edge effects 

(Figure 19). Meanwhile, Core Area Index (CAI) stayed stable, 

suggesting proportional loss of core habitat, and the Aggrega-

tion Index (AI) remained very high (~97%), showing that 

patches remained clustered rather than fully isolated (Figures 

20–21). Overall, the results indicate ongoing internal forest 

degradation while the broader spatial structure appears rela-

tively stable. 

 
Figure 16. Number of Patches of Akure forest (2020 – 2023). 

 
Figure 17. Mean Patch Size of Akure forest (2020 – 2023).
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Figure 18. Patches per Hectare of Akure forest (2020 – 2023). 

 
Figure 19. Edge Length of Akure forest (2020 – 2023). 

 
Figure 20. Core Area Index of Akure forest (2020 – 2023). 

 
Figure 21. Aggregation Index of Akure forest (2020 – 2023). 

4.4.4. Comparison of Traditional Metrics for Forest 

Fragmentation 

The results show a clear difference between stable overall 

forest structure and changing internal fragmentation in the 

Akure forest from 2020 to 2023. Geometric metrics (FFI, 

FFDI, LCFD, and AI) remained consistently stable throughout 

the period. This indicates that the forest stayed highly frag-

mented, with persistent edge dominance, complex patch 

shapes, and strong clustering of remaining forest areas. Over-

all, the large-scale structure did not change much, even though 

fragmentation remained severe. 

 
Figure 22. Comparison of Traditional metrics of Akure forest (2020 

– 2023). 

In contrast, patch-level metrics showed strong changes over 

time. The Number of Patches (NP) and Patch Density (PD) 

increased and peaked in 2023_H1, while Mean Patch Size 

(MPS) decreased, showing that the forest was continuously 
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breaking into smaller fragments. Edge Length Density (EL) 

stayed high, confirming ongoing exposure to edge effects. In 

2023_H2, NP and PD decreased while MPS increased, likely 

due to the loss of smaller fragments rather than real recovery. 

The Core Area Index (CAI) remained stable, meaning core 

habitat declined proportionally with overall forest loss. Over-

all, the forest shows a stable large-scale structure but continu-

ous internal micro-fragmentation and degradation over time. 

4.4.5. Comparative Analysis of Fractal and 

Traditional Metrics (Radar Chart) 

The fragmentation analysis of the Akure forest over 

2020_H1 to 2023_H2 shows a clear contrast between stable 

overall structure and highly variable internal changes (Figures 

23 and 24). Geometric metrics (FFI, FFDI, LCFD, and AI) 

remained consistently stable throughout the study period. FFI 

and FFDI indicate that over 60% of the landscape remained 

fragmented, while LCFD showed consistently complex patch 

boundaries and AI confirmed that forest patches stayed highly 

clustered. Overall, these results suggest a stable large-scale 

structure despite ongoing fragmentation. In contrast, patch-

level metrics showed strong and non-linear changes. The 

Number of Patches (NP) and Patch Density (PD) increased 

significantly, peaking in 2023_H1, while Mean Patch Size 

(MPS) declined sharply, indicating increasing micro-frag-

mentation. Although Edge Length Density (ED) varied less, it 

remained high, reflecting continuous edge pressure. The Core 

Area Index (CAI) showed proportional stability but still re-

flected pressure on interior habitats. The final period 

(2023_H2) showed a coordinated shift, with NP and PD de-

creasing and MPS increasing, suggesting short-term patch 

consolidation or loss of smaller fragments after peak fragmen-

tation in 2023_H1. Overall, the results reveal a stable forest 

structure at the landscape level but strong internal fragmenta-

tion dynamics at the patch level. 

 
Figure 23. General comparison of fractal and Traditional Metrics. 

4.4.6. Comparative Analysis of Fractal and 

Traditional Metrics (Heatmap) 

The fragmentation analysis of the Akure forest (2020_H1–

2023_H2) reveals a clear contrast between stable overall 

structure and highly dynamic internal changes. Geometric 

metrics (FFI, FFDI, LCFD, and AI) remained consistently sta-

ble throughout the period, indicating that more than 60% of 

the landscape stayed fragmented or edge-dominated. LCFD 

showed almost no change, while AI remained high (~97%), 

confirming strong patch clustering despite ongoing fragmen-

tation. Together, these results show that the forest has reached 

a stable but severely fragmented structural state. In contrast, 
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patch-level metrics showed strong temporal variation. The 

Number of Patches (NP) increased by 30.4%, peaking in 

2023_H1, while Patch Density (PD) followed the same trend. 

Mean Patch Size (MPS) decreased by 37.1%, reaching its low-

est value in 2023_H1, indicating intense micro-fragmentation. 

Edge Length Density (ED) declined slightly but remained rel-

atively high overall. Overall, 2023_H1 represents the peak 

fragmentation period, with the highest NP and PD and the 

lowest MPS. The results show a stable large-scale forest struc-

ture but strong internal fragmentation dynamics over time. 

 
Figure 24. Correlation between Fractal and Traditional Fragmentation Metrics. 

5. Discussion 

This study develops a simple and effective method for map-

ping deforestation by combining Planet NICFI optical images 

and Sentinel-1 radar data. It uses a deep learning model (U-

Net with ResNet34) to improve spatial detail and a Bayesian 

approach to make the results more consistent over time, re-

ducing errors from radar noise and temporal variation. Ap-

plied to the Akure Forest (2020–2023), the method produced 

accurate biannual deforestation maps and allowed detailed 

analysis of patch size, formation speed, and timing of defor-

estation events. Results show that most deforestation occurred 

in small, slow-forming patches with fairly regular timing 

across periods. Overall, the approach provides more accurate 

and detailed deforestation information than existing global 

products and improves understanding of how forest loss 

changes over time. 

5.1. Spatiotemporal Dynamics of Forest 

Deforestation Frontiers 

This study highlights the importance of fine-scale temporal 

information such as initiation timing, patch formation speed, 

and event clustering to better understand deforestation fron-

tiers. Unlike earlier studies in Africa that rely on coarse, multi-

year datasets (often 5–10 years) [17] and [15], this work uses 

biannual Sentinel-1–based mapping (2020–2023), enabling 

much more detailed tracking of forest change. Compared with 

previous approaches using 30 m Global Forest Change data 

aggregated to large grid scales, this framework captures 

smaller and rapidly evolving deforestation events that are of-

ten missed by coarse-resolution products. This is particularly 

important in Nigeria, where weak enforcement leads to wide-

spread small-scale clearing. High-resolution temporal moni-

toring also improves understanding of impacts on biodiversity 

loss, carbon emissions, and seasonal ecosystem variability [46, 

47]. The study integrates deep learning (U-Net with ResNet34) 

with a Bayesian temporal model to improve mapping accuracy. 

Deep learning enhances spatial feature extraction and reduces 

speckle noise, while the Bayesian approach improves tem-

poral consistency and reduces classification errors in time-se-

ries SAR data [20, 48]. Together, they enable more reliable 

detection of small and newly formed deforestation patches. 

This framework also has strong operational value for forest 

management, supporting early warning systems, illegal log-

ging detection, and policy-relevant monitoring aligned with 
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management cycles. It can also be integrated with existing sat-

ellite-based monitoring systems to improve detection speed 

and spatial precision [49, 50]. Overall, this is the first study in 

Nigeria to apply biannual deep learning–based Sentinel-1 

mapping for high-resolution characterization of deforestation 

dynamics, providing improved insights for forest monitoring, 

planning, and conservation decision-making. 

5.2. Performance of Fractal-Based Metrics 

The fractal-based metrics indicate that the Akure Forest 

maintained a generally stable fragmentation state between 

2020 and 2023, with no evidence of abrupt or large-scale 

structural collapse. The Forest Fragmentation Index (FFI) 

showed only minor fluctuations, suggesting that overall frag-

mentation levels remained largely consistent over time. A 

slight decline in early 2021 likely reflects localized human 

disturbances such as selective logging or small-scale agricul-

tural expansion, followed by stabilization that may indicate 

temporary recovery or reduced pressure [51, 52]. Similarly, 

the consistently high Forest Fragmentation and Degradation 

Index (FFDI) values suggest that the forest remained in a per-

sistently fragmented but relatively stable condition, where 

degradation processes were ongoing but spatially limited and 

partially offset by natural regeneration [53, 54]. This pattern 

reflects a form of structural equilibrium under continuous but 

moderate disturbance. The Local Connected Fractal Dimen-

sion (LCFD) further supports this interpretation. Its stable 

mean value (~1.381) indicates moderate but persistent bound-

ary complexity, with highly irregular forest edges typical of 

fragmented landscapes rather than simple, human-cleared 

boundaries [55, 56]. The slight long-term decline in LCFD 

suggests a gradual simplification of forest edges, potentially 

driven by edge erosion and incremental land-use pressure ra-

ther than abrupt clearing events [51, 57, 58]. Overall, the com-

bined behavior of FFI, FFDI, and LCFD shows that the forest 

is not undergoing rapid fragmentation, but is instead locked in 

a persistent state of structural equilibrium characterized by 

long-term, low-intensity anthropogenic pressure [51, 58]. 

While the landscape remains fragmented and largely edge-

dominated [59]. At the same time, the stable and relatively 

high LCFD values imply that fragmentation processes are oc-

curring gradually through irregular edge modifications rather 

than abrupt landscape transformation [55], the gradual 

changes in fractal complexity suggest a slow but continuing 

loss of structural integrity. If sustained, this trend may pro-

gressively reduce habitat connectivity and ecological stability 

[54, 60]. 

5.3. Performance of Traditional Landscape 

Metrics 

The traditional landscape metrics collectively reveal that 

the Akure forest is undergoing severe and persistent structural 

fragmentation characterized by progressive habitat degrada-

tion and declining ecological integrity. The substantial in-

crease in the Number of Patches (NP) and Patch Density (PD) 

indicates continuous micro-fragmentation, where existing for-

est patches are increasingly subdivided into smaller and more 

isolated fragments [61]. This process reduces habitat connec-

tivity, intensifies edge effects, and limits species movement 

and genetic exchange [41]. Simultaneously, the significant de-

cline in Mean Patch Size (MPS) confirms that large continu-

ous forest areas are being fragmented into ecologically vulner-

able units with reduced core habitat capacity for area-sensitive 

species [61]. The peak fragmentation period occurred in 

2023_H1, marked by maximum NP and PD values alongside 

the minimum MPS, indicating the highest structural stress on 

the landscape [11]. The subsequent decline in NP and PD, 

coupled with a slight increase in MPS during 2023_H2, does 

not represent ecological recovery but rather supports the 

“Patch Vaporization Hypothesis,” where the smallest and 

most fragile patches were completely lost from the landscape 

[11, 62]. This process artificially increases average patch size 

while accelerating habitat isolation and biodiversity decline 

[63]. Furthermore, although the Core Area Index (CAI) ap-

peared relatively stable, this stability is misleading because 

the disappearance of small patches with no interior habitat 

masks the ongoing erosion of functional core areas [61, 64]. 

Persistent high edge exposure and fragmentation severity 

demonstrate that the Akure forest is approaching critical eco-

logical thresholds, with continuous loss of interior habitat es-

sential for biodiversity conservation [64, 65]. Overall, the 

findings indicate that the dominant threat to the Akure forest 

is not large-scale abrupt deforestation, but sustained low-level 

fragmentation resulting in chronic structural breakdown and 

progressive ecosystem vulnerability. 

5.4. Interpreting the Structural Paradox: 

Comparative Insights and Ecological 

Implications 

The Akure forest shows a clear structural paradox in its 

fragmentation dynamics: the landscape appears stable at a 

large scale, yet continues to degrade internally over time. Ge-

ometric metrics (FFI, FFDI, LCFD, and AI) remain stable and 

high, meaning the forest still appears structurally intact and 

highly clustered (~97% aggregation). However, this stability 

reflects a “locked-in” fragmented state, not a healthy ecosys-

tem. The consistently high LCFD (~1.38) shows that disturb-

ances are small and scattered, caused by activities like en-

croachment and selective logging, which gradually erode the 

forest from within. In contrast, patch-level metrics show 

strong internal breakdown. The Number of Patches (NP) in-

creases while Mean Patch Size (MPS) decreases, indicating 

ongoing micro-fragmentation that peaked in 2023_H1. This 

leads to stronger edge effects and loss of interior habitat, even 

though large-scale indices remain unchanged. In 2023_H2, 

NP and PD decline and MPS increases slightly, but this is not 
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recovery. Instead, it reflects the loss of the smallest fragments 

(patch vaporization), which simplifies the landscape while 

hiding continued habitat loss. Overall, the forest is not stable 

in a healthy sense it is undergoing continuous internal erosion. 

Conservation should focus on protecting core forest areas and 

preventing small-scale fragmentation, rather than relying on 

large-scale stability indicators that mask ongoing degradation. 

5.5. Interpreting the Structural Paradox and 

Conservation Implications 

The results show that the Akure forest is in a highly frag-

mented but seemingly stable condition that hides ongoing eco-

logical decline. High and stable values of FFI, FFDI, and 

LCFD (~1.38) indicate that the forest has reached a structur-

ally “stable” but heavily stressed state. The high LCFD sug-

gests that disturbance is coming from small, widespread hu-

man activities such as encroachment, selective logging, and 

minor land clearing, which create irregular forest edges rather 

than large clear-cut areas. At the same time, strong increases 

in the Number of Patches (NP) and Patch Density (PD), along 

with a sharp decline in Mean Patch Size (MPS), show that the 

forest is being broken into many smaller fragments. This mi-

cro-fragmentation peaked in 2023_H1, increasing edge effects 

and reducing interior habitat needed by sensitive species. In 

2023_H2, the slight drop in NP and PD and the rise in MPS 

likely do not indicate recovery, but rather the loss of the small-

est fragments (patch vaporization). This creates the illusion of 

improvement while overall habitat continues to degrade. 

Overall, the forest is shifting into a high-edge, low-core sys-

tem driven by small-scale human pressure. The findings sug-

gest that conservation efforts should focus on protecting core 

forest areas and preventing further micro-fragmentation, ra-

ther than relying only on traditional landscape stability indi-

cators [64]. 

6. Conclusion 

This study presents a high-accuracy spatio-temporal deep 

learning framework for monitoring deforestation in Nigeria by 

combining Sentinel-1 SAR and Planet NICFI imagery. The 

method improves detection by reducing noise and classification 

errors, achieving strong performance (Precision = 0.865, Recall 

= 0.945, F1 = 0.904, IoU = 0.742). From 2020 to 2023, defor-

estation showed strong spatial and temporal variation, with the 

highest activity in late 2023 and the lowest in early 2020. Re-

sults also show uneven patch sizes and formation speeds, re-

flecting different levels of human impact across the landscape. 

A key finding is a mismatch between large-scale and small-

scale ndicators. While overall structure appears stable based on 

macro metrics like the Aggregation Index (>96%) and Forest 

Fragmentation Index, finer-scale metrics reveal ongoing degra-

dation. Micro-fragmentation is evidenced by a 30.4% increase 

in the Number of Patches and a 37.1% decrease in Mean Patch 

Size, along with consistently high Local Connected Fractal Di-

mension (~1.38), indicating widespread small-scale disturbance. 

These processes increase edge effects and reduce core forest ar-

eas, weakening ecosystem health and biodiversity. The appar-

ent improvement in 2023_H2 is not true recovery but patch loss 

of smaller fragments, which can mask continued degradation. 

Overall, the study shows that traditional metrics alone are not 

enough to capture real forest decline. Effective monitoring re-

quires combining large-scale structural indices with detailed 

patch-level indicators to better detect micro-fragmentation and 

support forest conservation in Nigeria. 
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