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 Forest degradation is one of the leading sources of carbon emission globally. In Africa, 

particularly in Tanzania, forest degradation is driven by selective logging and forest fires. 

Monitoring degradation over large areas is very challenging due to the lack of accurate and 

reliable methods. This study assessed degradation in miombo woodlands and coastal forests 

using a synergy of remotely sensed data acquired from sentinel-1 and sentinel-2 achieved by 

integrating their complementary strength where sentinel-1 enhanced detection of structural 

changes and sentinel-2 provided spectral insight into vegetation. The 3I3D, unsupervised 

algorithm analysing trends for three vegetation indices (3I) in a three-dimensional feature 

space (3D), alongside Random Forest, Support Vector Machines to identify, classify, and map 

degradation indicators from July to December 2022. Results show that Random Forest had an 

overall accuracy of 91.6% and a Kappa statistic of 86.5%, while Support Vector Machine 

achieved only 58.7% accuracy. Burnt areas showed higher reflectance due to exposed soil and 

ash, while selective logging exhibited intermediate reflectance and radar backscatter. Non-

degraded areas had lower reflectance and higher radar backscatter. Ruvu South experienced 

the highest disturbance with more burnt and logged areas compared to Liwale and Morogoro. 

Thus, demonstrating the effectiveness of the synergy of Sentinel-1 and 2 in forest degradation 

monitoring, providing essential insight for conservation strategies in Tanzania 

Introduction 

Forests play an important role in mitigating climate 

change by storing carbon  and accounting for one-third of 

CO2 emitted by fossil fuel combustion by absorbing 2.4 

billion metric tons of CO2. However, every year 13 

million hectares of forests in the world are being 

destroyed through deforestation and forest degradation 

accounting for the release of more than 5.2GtCO2eq/yr 

(Bhatt 2023). Global estimations of carbon   emissions 

from degradation range from 40% to 212% of those of 

deforestation and it has been rendered difficult with so 

many uncertainties due to it being strenuous to monitor 

degradation over large areas thus uncertainties remain in 

the role of disturbances in terrestrial carbon  cycles (Gao 

et al. 2020). Forest degradation, as defined by the 

Intergovernmental Panel for Climate Change (IPCC) 

encompasses a long-term reduction of biological 

productivity, and ecological integrity, as a result of direct 

or indirect natural and anthropogenic factors (IPCC 

2019). To address this challenge, global mechanisms such 

as REDD+ (Reducing Emissions from Deforestation and 

Forest Degradation and the role of  conservation, 

sustainable forest management, and enhancement of 

forest carbon   stock in developing countries) have been 

developed under the United Framework Convention for 

Climate Change (UNFCCC) (Muthee et al. 2022). These 

initiatives emphasize the need for robust methods for 
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monitoring forest disturbance, quantifying emissions, and 

areas lost result of disturbances. 

Remote sensing has been exploited over several years in 

mapping and accounting for forest disturbances which 

leads to degradation over many years through its data 

(Vaglio Laurin et al. 2021). Early reliance on coarse 

resolution sensors such as MODIS provided higher data 

density and lower computational requirements, however, 

they had the disadvantage of missing small-scale 

disturbances (Tang et al. 2020). Over the past decade, 

advancements in medium to high-resolution satellite data 

have expanded the possibility of forest monitoring. The 

Landsat archive was made available in 2008, has since 

been continuously developed (Wulder et al. 2022), and 

the Advanced Thermal Emission and Reflection 

Radiometer (ASTER) was launched in 2014 (Hewson et 

al., 2020). In the same year, the Copernicus Programme 

under ESA introduced a series of satellite missions known 

as sentinel satellites (Phiri et al. 2020).  

The sentinel 1 satellites launched in 2014 and 2016 

carry dual polarized C-band SAR sensors, which provide 

a 12-day revisiting time at the equator, produce imagery 

that is not dependent on cloud cover and solar 

illumination thus useful for augmentation and visual 

interpretation (Ban et al. 2020). Radar signals emitted by 

sentinel-1 (S1) interact with vegetation depending on 

factors such as polarization, wavelength, and size of the 

vegetation components whereby smaller wavelengths will 
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interact with smaller elements such as twigs and leaves. 

In contrast, longer wavelength penetrates deeper and 

interact with branches and trunks (Balling et al. 2024). 

SAR emits radar signals data provide exceptional 

combined high spatial and temporal resolution compared 

to its predecessors. On the other hand, sentinel-2, a 

multispectral satellite imagery (MSI) launched in 2015 

(Phiri et al. 2020) has a short revisiting time (5 days) 

providing an opportunity to acquire dense time series 

imagery, multiple spectral attributes, and spatial 

resolution bands.  The sentinel-2 acquires data, including 

three red-edge bands which are very useful in providing 

information about vegetation such as chlorophyll content 

(Sharifi et al. 2022). sentinel-2, which consists of 

sentinel-2A and sentinel-2B, has a 5-day revisit period. 

Sentinel-2 (S2) high-resolution imagery has proven 

useful in mapping changes in forest and land use/land 

cover (LULC) (Isbaex and Margarida 2021, Phiri et al. 

2020). The sentinel images have the advantage of being 

possible to be processed in GEE platform which has cloud 

computing algorithms and solves the problems related to 

processing large volumes of data related to large areas 

(Zhang et al. 2019). 

The integration of these datasets on platforms like GEE 

further expands the potential for large-scale analysis. 

GEE provides access to a vast repository of geospatial 

datasets with planetary-scale analysis capabilities 

(Gorelick et al. 2017, Sidhu et al. 2018) with global 

applications including forest change assessment (Hansen 

et al. 2013). Forest disturbance detection algorithms 

implemented in GEE and exploiting the analysis-ready 

satellite data include (i) LandTrendr (Kennedy et al. 

2018), (ii) Continuous Change Detection and 

Classification (Zhu and Woodcock 2014) (iii) 

Exponentially Weighted Moving Average Change 

Detection (Brooks et al. 2013) (iv) The Vegetation 

Change Tracker (Huang et al. 2010) and (v) the Verdet 

forest change detection algorithm (Hughes et al. 2017). 

All the algorithms mentioned were first designed to work 

with Landsat satellite imagery however some can work 

with imagery from different satellite emissions.  

Three indices Three-dimension (3I3D) algorithm was 

developed in Italy and proved to be of greater consistent 

accuracy compared to other conventional approaches. 

3I3D is an unsupervised algorithm that predicts forest 

changes by analysing trends for three vegetation indices 

(3I) used as axes of a three-dimensional feature space 

(3D) (Francini et al. 2022) recognized for its effectiveness 

in degradation and its indicators assessment and mapping. 

This algorithm, operating within the GEE framework, 

allows for the seamless integration of diverse datasets and 

facilitates the execution of complex degradation analyses 

over extensive geographical areas. The synergy between 

GEE's computational capabilities and advanced 

algorithms like 3I3D enables us to derive a 

comprehensive and high-resolution depiction of forest 

degradation patterns (Francini et al. 2022). One of the 

significant ways to classify degradation is using satellite 

imagery using classification algorithms. These algorithms 

are both supervised and unsupervised, and with 

development, machine learning algorithms have come 

into existence. Vector of the MLs, Support vector 

machine, and random forest has become prominent and 

perform better compared to traditional methods. However 

they do not perform with the same accuracy and precision 

when used with different satellite imagery and therefore 

it is important to test and measure their performance (Avcı 

et al. 2023).  

The synergy between S1 and S2 has been used in 

predicting and classifying forest cover (De Luca et al. 

2022, Mercier et al. 2019) and  estimating and mapping 

aboveground biomass (Mauya et al. 2019). However, 

there is a lack of applying the synergy of sentinel-1 and 

sentinel-2 in mapping forest degradation and its indicators 

in the coastal forests and woodlands of Tanzania. 

Therefore this study intends to test and evaluate the 

potential of sentinel-1 and sentinel-2 in estimating and 

mapping forest degradation in the coastal forests and 

woodlands of Tanzania with the following specific 

objectives: i) classify and map indicators of forest 

degradation using sentinel-1 and sentinel-2, ii) synergy of 

sentinel-1 and sentinel-2 in classifying and mapping 

forest degradation iii) test and evaluate classification 

algorithms in classifying forest degradation using 

sentinel-1, sentinel-2 and their synergy. By integrating 

these datasets and methods, this study seeks to establish a 

comprehensive framework for efficient monitoring of 

forest degradation thus providing crucial insight to 

support REDD+ and other conservation initiatives.  

 

Materials and Methods  

Study area  

This study was conducted in three sites namely 

Morogoro, Liwale, and Ruvu South Forest reserve as 

shown in Figure 1, allowing coverage of more forest 

conditions and for comparison and validation of data 

collected. These areas are mostly covered with woodlands 

and patches of coastal forests with Liwale and Morogoro 

dominated by woodlands while Ruvu South contains 

more extensive coastal forest patches. Together these sites 

represent a range of vegetation and human disturbances 

allowing evaluation of the effectiveness of satellite 

imageries and their synergy in mapping forest 

degradation. The rainfall pattern for all the sites is 

characterized into two: heavy rains from March to May. 

The short rains occur from November to January in 

Liwale, from October to December in Morogoro, and 

from September to November in Ruvu South. Vegetation 

groups found within the study sites include woodlands 

with shrubs, grasses, and tree species such as Julbernadia 

globiflora, Brachystegia spp., Pterocarpus angolensis, 

Combretum spp., grassland, cultivated land and lowland 

with tree species such as Sclerocarya birrea and Ochna 

holstii. 
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Figure 1: Location of the study sites in the coastal forests and woodlands of Tanzania  

 

Forest degradation mapping methodology  

 Sentinel-1 data 

Sentinel-1, comprising sentinel-1A and sentinel-1B, 

operates in the C-band with a 10m resolution and a 6-day 

revisit period, making it valuable for forest monitoring. 

This study used sentinel-1 Ground Range Detected 

(GRD) data from the “CORPENICUS/S1_GRD” dataset 

in GEE, covering the period from July to December 2022. 

Images acquired were from the Interferometric Wide (IW) 

swath mode with descending orbit ensuring consistency 

in backscatter values. The analysis focused on VH 

polarization due to its sensitivity to vegetation structure, 

while VV polarization was included for additional 

validation. The pre-processing involved filtering by date, 

area of interest, and orbit direction followed by the 

application of a median filter for noise reduction. The 

change in VH backscatter was computed to highlight 

areas of significant vegetation loss. 

 Sentinel-2 data 

Sentinel-2 Surface Reflectance (SR) data were obtained 

from the “CORPENICUS/S2_SR” dataset in GEE from 

July to December 2022. A total of 23 images covering the 

study area were used, ensuring sufficient temporal 

coverage and reduced atmospheric disturbances. Since 

optical images are affected by cloud sentinel-2 QA60 

band was used for cloud and cloud shadow masking. To 

map and identify these indicators Cloud-free and 

processed sentinel-2 data were downloaded from the GEE 

platform. The mosaics contain Blue (B02), Green (B03), 

Red (B04), Red Edge 1 (B05), Red Edge 2 (B06), Red 

Edge 3 (B07), Near Infrared (B08), Narrow Near Infrared 

(B08), Shortwave Infrared 2 (B11), Short Wave Infrared 

3 (B12). All the bands were then ordered at the spatial 

resolution of 10 m and bands with original resolution 

coarser than 10 m (all bands except B2-B4) were sampled 

to 10 m using the nearest neighbor method, as described 

in the S2 Global Mosaic User Manual. 

Forest Degradation and sampling 

The definition may vary depending on the site, nature of 

degradation, or country depending on how forests are. For 

instance, Tanzania adopted a definition that defines forest 

as an area of land with at least 0.5 ha, with a minimum 

tree crown cover of 10% or with existing tree species 

planted or natural having the potential of attaining more 

than 10% crown cover, and with trees which have the 

potential or have reached a minimum height of 3m at 

maturity in situ. In our study degradation is indicated by 

the presence and intensity of activities like selective 

logging and forest fires.  

To monitor disturbance for the selected study period, 

which was 2022, three sentinel-2 images were obtained, 

one for the specific study year (2022), the second one for 

the preceding year (2021), and the last one for the 

subsequent year (2023). Clouds and cirrus were then 

masked out from the images before calculating the annual 

composites resulting in a cloud-free image composite for 

each year. The 3I3D algorithm in GEE was then applied 

to these composites to construct the forest disturbance 

maps. Three photosynthetic indices (3I) namely 

Normalized Burn Ratio (NBR), Normalized Difference 

Moisture Index (NDMI), and Moisture Stress Index 

(MSI) were calculated and their values were plotted in a 

three-dimensional (3D) space. For each pixel in satellite 

imagery, the algorithm analysed the values of the 

vegetation indices for the target year (t), the preceding 

year (t-1), and the subsequent year (t+1). These values 

were plotted within the 3D forming a point cloud 

representing the spectral characteristics of each pixel over 

the three-year period. We then manually sampled a total 

of 2250 training points across the three sites, whereby 

each was stratified into a 10km2 grid whereby in each grid 

smaller grids of 10m by 10m were selected based on the 

intensity of disturbance (Fig. 2). For each cover 250 

training points were selected from the image and assessed 

and this process was done for all the three sites making a 

total of 2,250 points with 70% used for training and 30% 

for validation ( Shetty 2019, Khan et al. 2020). The 

training samples were selected in such a way that they 

were geographically scattered over the whole study area 

and ensured representation from each class with the same 

percentage of samples to avoid bias towards any class. 

The criteria for identifying selective logging included 
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canopy gaps and access roads spread across the sites, and 

fire areas were identified by visible burn scars of varying 

intensity.  

 
Figure 2: Study site location and distribution of grids (training points) within the sites  

 

Data analysis 

The workflow of classification mapping is as shown in 

Figure 2. The image processing workflow for sentinel-2 

MSI and sentinel-1 SAR data in GEE platform involved 

several key steps. Initially, the relevant satellite imagery 

was acquired from the GEE data catalog. Pre-processing 

procedures, such as radiometric calibration, atmospheric 

corrections for MSI, and backscatter values for SAR, 

were applied to ensure accurate and consistent data 

(Filipponi 2019). Reflectance values were then extracted 

from specific bands of both the sentinel-1 (SAR) and 

sentinel-2 (MSI) datasets for each training sample. 

Sentinel-1's 'VH' and 'VV' bands were chosen, as were 

sentinel-2's 'B2', 'B3', 'B4', 'B5', 'B6', 'B7', 'B8', 'B8A', 

'B11', and 'B12'. This dual-source data extraction method 

ensured a thorough integration of information from radar 

and optical sensors. GEE provides access to machine 

learning algorithms such as Random Forest (RF) and 

Support Vector Machine (SVM) in its catalogue. These 

algorithms were imported into the GEE environment for 

use in the disturbance/degradation classification. The 

accuracy of the disturbance/degradation classification 

was assessed by comparing the classified results to the 

validation samples. Metrics such as producer and user 

accuracy, overall accuracy, and kappa coefficient were 

calculated to quantify the classification performance.  

Accuracy assessment  

The number of reference points collected during the 

field survey did not cover the entire study region 

(Venkatappa et al. 2019). To evaluate the performance of 

classification, we used 30% of the validation sample data 

to compare the reference labels with the predicted ones 

following traditional quantitative assessment methods. 

Conventionally, image classification and feature extract 

products are assessed for accuracy using an error matrix. 

This involves comparing classification results to a limited 

number of validation samples that represent mapping or 

assessment units, such as pixels, blocks, or image objects 

(Congalton 1991). Most people assume that the validation 

data is accurate and serve as the ground truth. Numerous 

metrics, such as overall accuracy (OA, Equation (1)), 

class-level accuracies like producer's accuracy (PA) (1–

omission error) and user's accuracy (UA) (1–commission 

error) (Equations (2) and (3)), and the Kappa statistic 

(Equation (4)) can be computed by cross tabulating the 

classification product and related validation samples 

(Congalton 1991, 2001). This framework has also been 

used in the proposal of other measures (Maxwell & 

Warner, 2020). Where the Overall Accuracy (OA) 
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determines the algorithm's overall efficiency and is 

calculated by dividing the total number of correctly 

classified samples by the total number of tested samples. 

The degree of agreement between the predicted values 

and the ground truth data is indicated by the Kappa 

Statistics. Producer Accuracy (PA) calculates the 

accuracy of a pixel's classification. One of its components 

is the error of omission, which is the percentage of 

ground-based features that are mistakenly removed from 

a class. The User Accuracy (UA) includes the error of 

commission, which refers to pixels that are mistakenly 

included in a class, and measures the map's reliability, 

indicating how well it depicts what is actually on the 

ground (Congalton 1991, Mananze et al. 2020). 

 Overall Accuracy O. A =
Number o f Correctly Classified Samples   

Number o f Total Samples
                                                                        (1) 

Class Producer’s Accuracy P. A =
Number o f Correctly Classified Samples in Category

Number o f Samples from Reference  Data in Category
                                       (2) 

Class User’s Accuracy U. A =
Number o f Correctly Classified Samples in Category

Number o f Samples Classfied to that Category
                                               (3) 

 

Kappa Statistic =  
Overall Accuracy−Estimated Chance Agreement

1−Estimated Chance Agreement
                                              (4) 

 

Results 

In mapping and classifying forest disturbances for the 

study sites, three (3) classes were detected that is selective 

logging, burnt areas and non-degraded areas using 

“sentinel-1”, “sentinel-2”, and a combination of both 

“synergies”. Figure 2 shows the reflectance of sentinel 2 

bands while detecting these disturbances. A steady rise in 

reflectance was observed from band 5 to 8A followed by 

a decline up to band 12 for all the classes. The highest 

reflectance (>3000) and lowest were observed between 

band 8 and 8A, B3 and B4 respectively for burnt areas 

from which a steady rise was observed from band 5 to 

band 8A and a fall in reflectance after it up to band 12 for 

all the classes. Highest (>3000) and lowest (<1000) 

reflectance were observed in burnt areas and the lowest. 

 

 

 
Figure 3: Band reflectance for sentinel-1 and sentinel-2 satellite imagery for each degradation indicator 

 
Classification of disturbances in the study areas 

revealed a distinct pattern in the distribution of the 

disturbance classes as shown in Figure 3. Both Morogoro 

and Liwale were dominated by non-degraded, covering 

over 75% of their respective landscapes, with the 

remaining areas classified as logged/cleared with no burnt 

areas detected. Ruvu South exhibited a more varied 

disturbance pattern, with burnt areas accounting for 

approximately 25%, area coverage for burnt areas, and 

non-degraded areas over 50%. These findings suggest that 

Ruvu South has experienced more extensive disturbances 

compared to the other two sites. 
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Figure 4: Degradation indicator distribution in each site 

 
Accuracy and performance of classification algorithms 

for the three approaches is as shown in Table 1 and Table 

2 below. For sentinel-1 RF demonstrated higher 

performance, achieving a producer accuracy of 97.38% 

for burnt areas compared to SVM’s lowest accuracy of 

58.1% reflecting RF’s ability to reduce omission errors 

and detect fire-affected areas effectively. In case of 

sentinel-2 highest P.A was observed while classifying 

non-degraded areas using SVM and lowest in selective 

logging. Highest (85.71%) and lowest (64.71%) were 

observed in burnt areas and non-degraded land 

respectively while using RF for classification. When 

sentinel-1 was used alone, RF achieved an overall 

accuracy of 83.23% significantly outperforming SVM’s 

45.24%, highlighting RF’s ability to handle radar data 

effectively. The combined detection (S1 and S2 synergy) 

showed higher degree of agreement and effectiveness of 

algorithms for RF (86.49%) compared to SVM (31.08%) 

with an overall accuracy of 91.62% and 58.68% 

respectively suggesting that synergy map results are 

highly complementary and indicate SVM’s limitation in 

handling complex data.  

 

Table 1: Performance of machine learning algorithms for disturbance mapping based on sentinel-1 and 2 independent 

data. 

 

 

Disturbance classes 

Sentinel-1 Sentinel-2 

RF SVM RF SVM 

U.A % P.A % U.A % P.A % U.A % P.A % U.A % P.A % 

Non-degraded    67.79  86.95  58.3  77.7  64.71  61.11  75.00  83.30 

Selective cutting   91.18  74.70  58.800  60.6  68.18  77.00  75.00  50.00 

Burnt areas  92.50  97.39  58.10  58.1  85.71  80.00  76.92  73.33 

Overall accuracy (%) 83.23 58.20 71.69 67.62 

Kappa statistics (%) 74.03 45.24 57.10 52.30 

 

Table 2: Performance of machine learning algorithms for degradation mapping based on sentinel-1 and 2 synergies 

 

Disturbance classes 

Sentinel-1 and 2 

RF SVM 

 U. A % P. A % U. A % P. A % 

Non-degraded  94.87 80.43 55.17 34.78 

Selective logging  89.66 93.98 62.75 77.11 

Burnt area 92.68 100 50.00 47.37 

Overall accuracy (%) 91.62 

86.50 

58.68 

31.09 Kappa statistics (%) 

 

Discussion  

The study's main objective was to test the performance 

of sentinel-1 and sentinel-2 in estimating and mapping 

forest degradation in the coastal forests and woodlands of 

Tanzania, which are highly vulnerable to anthropogenic 

pressures. In recent years Tanzania has been facing a 

major increase in degradation activities and thus making 

the use of satellite imagery and their synergy becomes 

crucial in covering areas that cannot be covered by field 

inventory data.  
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 In this study, we showed how multispectral (sentinel-2) 

and SAR (sentinel-1), their synergy and classification 

algorithms can give promising results by assessing their 

accuracy and performance and selecting the best to obtain 

a detailed forest degradation map. Overall, our study has 

shown that synergy of the two-satellite imagery has better 

performance in estimating and mapping forest 

degradation and its indicators. With sentinel-2 imagery a 

sharp increase in reflectance in the near-infrared (NIR) 

region was observed, particularly between bands 8 and 

8A, which is most pronounced in burnt areas, and can be 

attributed to the structural damage caused by fire. Fire 

reduces the chlorophyll content and increases soil 

exposure, leading to higher reflectance in the NIR bands 

which are sensitive to total chlorophyll, biomass, leaf area 

index (LAI), and water absorption reference (Misra et al. 

2020). Such case was the same as studies done by 

(Chuvieco et al. 2019)and (Ramo et al. 2021) who 

reported that burnt areas exhibit high NIR reflectance due 

to the loss of vegetation cover and the presence of ash and 

charred material. Our study also reflects the varying 

degrees of forest disturbance, with lower reflectance in 

these bands for burnt and selectively logged areas 

compared to non-degraded forests. Band 2, sensitive to 

senescence, carotenoids, and browning of vegetation 

(Misra et al. 2020), shows lower reflectance in burnt areas 

due to the loss of healthy vegetation and increased 

browning from fire damage. Band 3, which is sensitive to 

total chlorophyll content, also exhibits lower reflectance 

in disturbed areas because of reduced chlorophyll levels 

following logging or burning. Similarly, band 4, where 

maximum chlorophyll absorption occurs, shows the 

lowest reflectance in non-degraded areas with healthy 

vegetation, while disturbed areas have reduced absorption 

due to the loss of photosynthetic activity. 

The differences in radar reflectance observed between 

the degradation indicators provide insight into how 

degraded and non-degraded areas respond to radar 

signals. Lower reflectance in the VH band across all 

indicators likely reflect the fact that VH polarization is 

more sensitive to vegetation structure and biomass, 

resulting in lower backscatter in burnt areas due to 

reduction in structural components that scatter radar 

signals. Logged/cleared areas, while still degraded, 

showed higher reflectance than burnt areas suggesting 

that some vegetation remain in logged areas allowing a 

slightly stronger radar return. The higher reflectance in 

nondegraded areas reflects the presence of intact 

vegetation contributing to greater radar backscatter.  

In burnt areas, the radar backscatter was markedly 

reduced, which can be attributed to loss of structural 

vegetation components like leaves, branches, and smaller 

plants, all of which play a role in scattering radar signals 

(Mutai 2019). When fire damages or destroy these 

elements, the ability of the landscape to scatter signals 

reduces leading to lower backscatter (Tanase et al. 2010). 

This reduction is particularly evident in the VH band, 

where polarization is better suited to capturing horizontal 

scattering. In logged/cleared areas, while degradation is 

evident, the radar reflectance was higher than that of burnt 

areas suggesting that some vegetation, such as smaller 

trees or remnant canopy, remains after logging allowing 

for stronger backscatter. SAR is particularly effective in 

identifying this type of degradation because the difference 

in backscatter between areas that are partially cleared and 

those that are burnt is detectable (De Luca et al. 2021). 

Non-degraded areas, on the other hand, exhibited highest 

radar reflectance, reflecting the presence of fully intact 

vegetated forest, which is expected to have high biomass 

thus generating more substantial radar backscatters 

because of increased number of structural components 

such as leaves and branches. This strong radar return from 

non-degraded areas indicate a healthy forest structure 

with a high level of complexity, both horizontally and 

vertically, which is consistent with the behavior of 

undisturbed forest ( Hansen et al. 2020).  

The synergy between sentinel-1 and sentinel-2 

significantly improved classification accuracy in this 

study, particularly when RF was used, a finding supported 

by  (Cherian 2024). The integration of radar (sentinel-1) 

and optical (sentinel-2) data have proved to be highly 

effective for monitoring forest degradation, offering the 

advantage pf combining complementary information. 

Sentinel-1 SAR data captures structural attributes such as 

biomass, canopy height, while sentinel-2 optical data 

provides detailed spectral information which is sensitive 

to vegetation health, canopy cover and leaf pigmentation 

(De Luca et al. 2022, Mngadi et al. 2021). By combining 

these datasets, forest degradation detection is improved 

and changes missed when either one is used alone are 

covered. The increase in overall accuracy in this study 

underscores the value of integrating radar and optical 

datasets for forest degradation monitoring. (Heckel et al. 

2020) also supports synergy of these datasets by 

suggesting that they capture both structural and spectral 

changes in forests, thus complimenting each other in 

detecting forest degradation. Jiang et al. (2022) also 

reports similar improvements in China when combining 

SAR and optical data. This study found that the fusion of 

these datasets led to a significant enhancement in 

distinguishing forest and non-forested areas, an improved 

forest change detecting when synergy of the data set was 

used in China. Furthermore, the results also strongly 

suggest that RF is a superior classier compared to SVM 

especially when synergy of datasets is used. The 

improved accuracy across all classes/indicators with RF 

highlights its ability and effectiveness in capturing both 

spectral and structural features. RF, as a machine learning 

algorithm, works by constructing multiple decision trees 

and aggregating their predictions which makes it highly 

effective for handling complexity and variability in forest 

degradation data. In contrast, while SVM is a powerful 

classifier, its performance usually depends on the 

complexity of the datasets. For this case, RF outperform 

SVM due to its robustness to overfitting and its ability to 

handle large volumes of data. These findings are 

consistent with (Cherian 2024) in India, where it was 

noted that RF strength lies in its flexibility and capability 

to capture interaction between spectral bands, radar 

backscatter and forest structure. Shen et al. (2023) also 

found that RF outperforms SVM in a study on forest 

degradation in Asia where the synergy boosted 

classification accuracy.  

From the best classifier, that is RF maps were produced 

to show the distribution and coverage of the indicators in 

all the study sites where a distinct spatial pattern and 
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degree of degradation was depicted.  In contrast to Liwale 

and Morogoro, Ruvu South presented a more disturbed 

landscape with a higher proportion of burnt areas and 

logged areas likely driven by charcoal making. The 

impact of fire on tropical forests is significant as it alters 

species composition, reducing biomass making the areas 

more vulnerable to further degradation. The indicators in 

Ruvu South also reflect extensive human activities 

influenced by its proximity to urban centers, particularly 

Dar es Salaam, where high population density drives 

greater demand for fuelwood and timber (Gwegime et al. 

2013). 

The findings of this study underscore the critical 

importance of using remote sensing technologies, 

specifically the synergy of sentinel-1 and sentinel-2 

datasets, to monitor forest degradation. As degradation 

increases across Tanzania, particularly in regions close to 

urban centers like Ruvu South, the ability to detect and 

classify degraded areas accurately becomes ever more 

essential. The clear distinction between degradation 

indicators—non-degraded, logged/cleared, and burnt—

demonstrates the effectiveness of combining SAR and 

optical imagery. Additionally, the superior performance 

of the RF classifier further enhances the ability to capture 

both structural and spectral changes in the landscape. 

Future research could explore deep learning algorithms 

such as Convolutional Neural Networks (CNNs), to 

further enhance classification accuracy. Additionally, 

leveraging synergy with other satellite imagery such as 

planetscope, or upcoming missions like NISAR, could 

improve monitoring capabilities. Expanding the use of 

advanced cloud computing and automated detection 

systems would allow for more cost-effective, scalable 

monitoring efforts, supporting REDD+ initiatives and 

better forest management practices.   

 

Conclusion  

In conclusion, this study highlights the value of 

integrating SAR and MSI datasets for mapping forest 

degradation, offering a more accurate and comprehensive 

understanding of degradation indicators, with Random 

Forest improving classification accuracy and providing 

reliable tool for forest monitoring. While sentinel-1 had 

limited sensitivity to subtle canopy changes, and sentinel-

2 from cloud cover and oversaturation, these drawbacks 

were mitigated through sensor integration, feature 

selection and use of machine learning algorithms, which 

together improved classification performance.  offers than 

either method alone. Further research could address these 

limitations by integrating higher resolution or 

complimentary datasets such as LiDAR and TanDEM-X 

to capture finer structural and spectral details alongside 

advanced deep learning approaches to enhance 

monitoring across diverse forest ecosystems.   
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