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Abstract
Estimating forest attributes is crucial for understanding forest performance. While forest protection and tree plantations 
can serve as cost-effective mitigation strategies to address climate change challenges, monitoring natural forests and 
plantations remains expensive and challenging for a developing nation like Bangladesh, which is highly donor-dependent 
and lacks advanced remote sensing research facilities such as LiDAR or drone technology. In this context, open-source 
remote sensing data can serve as an effective tool for monitoring forest structure. In this study, we evaluated the ability of 
Landsat-8 and Sentinel-1 data to predict forest attributes using ground-measured tree data from 110 plots (each 400 m2 
in size). We applied the random forest algorithm to predict tree height, density, basal area, and volume in two forest-
protected areas of Bangladesh. For tree height and tree density, Sentinel-1 showed slightly higher prediction accuracy 
(RMSE = 7% and 46%, respectively) compared to Landsat-8 and combined data (Landsat-8 and Sentinel-1). Landsat-8 data 
had a higher prediction accuracy (RMSE = 23%) for basal area compared to Sentinel-1 and combined data. For volume, the 
combined dataset outperformed Sentinel-1 and Landsat-8; however, prediction accuracy was low. Our results indicate 
that height and basal area can be well predicted by combining Sentinel and Landsat data. The results underscore the 
value of open-source remote sensing tools as cost-effective alternatives for forest monitoring, offering critical insights 
for forest management and climate change mitigation strategies in developing nations.

Keywords  Forest structure · Basal area · Tree density · Volume · Random forest algorithm

1  Introduction

Forests are integral to human existence, serving not only as a source of consumable goods but also providing 
vital ecosystem services that support our well-being, such as maintenance of ecological balance, preservation of 
environmental integrity, and enhancement of aesthetic value [51, 53]. To sustain these critical functions, effective 
forest management is imperative for both present and future generations [39, 44]. Key structural attributes like 
volume, basal area, and the number of trees per unit area are vital data points to enable efficient forest management. 
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These attributes offer valuable insights about the forest’s composition and are instrumental in guiding sustainable 
practices for the preservation and utilization of this valuable natural resource [4, 13, 47].

Forest inventory, a systematic process involving the collection of field measurements and the application of 
statistical principles, forms the basis for obtaining forest structural attributes for assessing forest resources and 
planning management strategies, whether it is conducted at the national level or focused on individual stands (a 
management unit) or sample plots. These approaches serve as a foundation for making inferences about the forest’s 
population. By leveraging statistical theory, forest inventory extrapolates findings from sampled plots to describe 
the characteristics and dynamics of whole forest landscapes. However, conducting traditional field surveys can be 
resource-intensive, time-consuming, and logistically difficult. Furthermore, non-response in these surveys might 
occur, where certain field plots are inaccessible, leading to limited sample sizes and potentially biased estimates 
[11, 31, 45].

Emerging technologies such as remotely sensed satellite imagery and machine learning offer promising 
alternatives to traditional forest inventory methods. Since the introduction of satellite imagery for forest inventory 
purposes in the 1950s, remote sensing systems have become integral tools in the field of forestry, aiding activities 
like forest cover monitoring, land use change assessment, and forest biomass estimation. Mapping forest structure 
across a vast region requires a comprehensive approach that integrates field-based measurements with data from 
both passive and active remote sensors, along with auxiliary information such as elevation [54], environmental 
factors, terrain-related data [49, 58], and geographic coordinates [29]. Utilizing auxiliary data from remote sensing has 
been proven to significantly enhance precision in forest inventory compared to traditional measurement methods. 
Remote sensing provides cost-effective proxies for modeling forest attributes, delivering accurate measurements 
over large areas and surpassing the limitations of traditional field inventories [6, 48]. Studies have demonstrated the 
considerable advancements in precision offered by remote sensing technologies [9, 35–37]. Furthermore, remote 
sensing provides a mechanism for deriving forest attribute maps that are valuable to forest managers. However, 
reliable and comprehensive maps of forest attributes are limited, particularly over large geographic areas, because 
they require an array of field data and reliable predictors [59].

Since the inception of the Landsat satellite in 1972, researchers have been actively leveraging data collected 
by satellite sensors to enhance estimations of forest structure. Successive satellite deployments with upgraded 
capabilities have resulted in improved image resolution, heightened temporal frequency of Earth’s land surface 
monitoring, and expanded spectral coverage. These advancements have made multispectral satellite data invaluable 
for modeling and mapping crucial forest attributes across diverse landscapes [14]. Notably, fine-resolution optical 
satellite imagery emerges as particularly beneficial for accurately predicting forest structure [16, 57]. Studies by 
Abdollahi et al. [1], Goodbody et al. [15], Peña-Lara et al. [41], and Shamsoddini et al. [57] have underscored the 
efficacy of multispectral satellite data in this regard.

Microwave remote sensing has distinct advantages in continuous monitoring irrespective of weather conditions 
and collecting data consistently throughout the day and night. Microwave remote sensing uses both vertical–vertical 
(VV) and vertical-horizontal (VH) polarizations, increasing its versatility and allowing for comprehensive data collection 
across a variety of environmental scenarios [30]. VH, in particular, is highly sensitive to the dynamics of vegetation 
density and structure [24]. Integration of both optical and microwave remote sensing can gain comprehensive 
insights about the forest attributes. The combination of Sentinel-1 and −2 data, along with coordinates, were 
identified as the best predictors while developing a model for mapping forest structures, as noted by Silveira et al. 
[59]. However, predicting mixed forest ecosystem structures in tropical regions using Landsat and Sentinel data can 
be challenging due to several factors, including the complexity of tropical forest ecosystems, the limited spectral 
resolution of Landsat and Sentinel sensors, and the presence of dense vegetation cover [25].

Combining high quality remote sensing data with forest inventory data can improve the accuracy of estimations 
and provide more reliable spatial and temporal analyses [18, 61, 63]. In Bangladesh, research on predicting forest 
structures using remote sensing data has been limited due to constraints in research infrastructure and resources. 
However, despite these challenges, there is increasing recognition of the value of freely available remote sensing 
data for effective forest monitoring and management. This research is particularly significant for Bangladesh, where 
forests play a crucial role in biodiversity conservation, carbon sequestration, and climate change mitigation. By 
demonstrating the potential of freely available remote sensing data in estimating forest attributes with reasonable 
accuracy, this study may provide an affordable and scalable solution for forest monitoring, especially in resource-
limited settings. The findings can support forest managers, conservationists, and policymakers in making informed 
decisions regarding sustainable forest management, afforestation programs, and biodiversity conservation efforts. 
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Additionally, since no study in Bangladesh has yet applied remote sensing to estimate forest attributes, the 
methodology presented in this study serves as a model for leveraging open-source remote sensing data to improve 
forest assessments. Therefore, this study integrates open-source Landsat-8 and Sentinel-1 data with random forest 
machine learning algorithm, a widely adopted approach known to estimate tropical forest attributes. Specifically, 
the objective of this study is to estimate key forest attributes, including tree height, density, basal area, and volume, 
using Sentinel-1 and Landsat-8 data.

2 � Materials and methods

2.1 � Study area

Our study was conducted in Khadimnagar National Park (KNP) and Rema-Kalenga Wildlife Sanctuary (RKWS), located in 
northeastern Bangladesh (Fig. 1). These areas represent some of the most biodiverse tropical forests in the country and 
are situated in regions of relatively high rainfall [28, 52].

KNP encompasses approximately 678.80 hectares of hilly terrain, positioned between 24°56′–24°58′ N latitude and 
91°55′–91°59′ E longitude. In contrast, RKWS spans about 1796 hectares of tropical forest, located between 24°06′–24°14′ 
N latitude and 91°34′–91°41′ E longitude [8].

The annual average rainfall in KNP is 4045 mm, with July being the wettest month, averaging around 1250 mm of 
rainfall. December is the driest month, with almost no precipitation. The average maximum temperature in KNP is 28°C, 
while the average minimum is 17°C. RKWS experiences a moist tropical climate with heavy rainfall from May to October. 
The annual average rainfall in RKWS is 4162 mm, and the mean annual temperature is 24°C, with average maximum and 
minimum temperatures of 37°C and 27°C, respectively [32, 50].

The soils in KNP are moderately fertile, with generally low pH levels. Soil textures range from sandy loam to sandy 
clay loam [52]. In RKWS, soils vary from sandy loam to silty clay and are acidic in nature. The terrain is characterized by 
undulating slopes and hillocks, locally known as Tila, rising 10–50 m above the forest floor and scattered throughout the 
area. The Park is drained by numerous small, sandy-bedded streams [34].

2.2 � Field data collection

During our field investigation in April 2021, we surveyed a total of 110 plots (20 m × 20 m). For every plot, the following 
information is gathered: diameter at breast height (DBH), crown width, elevation, species, and tree height. The starting 
measurement size was set at 5 cm in diameter. Each tree’s diameter at breast height (DBH) was measured using a DBH 
tape. Tree height, as well as the crown widths in both the east–west and north–south directions, were measured using 
a laser rangefinder and a measuring tape. Basal area (BA) was calculated following Avery and Burkhart [2] using the 
formula: BA = 0.00007854 × DBH (cm)2

Tree density was determined by dividing the total number of trees (N) by the total sampled area (A), yielding the 
number of trees per hectare. Stem volume was estimated using DBH and tree height (ℎ) with the formula: V = π/4 × d2 × 
h, and the total stem volume per hectare was obtained by summing the volumes of all tree stems within each plot [3].

2.3 � Remote sensing data

In order to download the remote sensing data, Google Earth Engine (GEE), a computing platform for geospatial analysis, 
was used in this study. Satellite images were retrieved for the months February-April from GEE. Landsat-8 Operational 
Land Imager (OLI) data was used. GEE provides access to ‘Landsat-8 Level 2, Collection 2, Tier 1’ dataset which contains 
atmospherically corrected surface reflectance data. An additional dataset used in this study through GEE was ‘Sentinel-1 
SAR GRD: C-band Synthetic Aperture Radar Ground Range Detected’. Images were retrieved from datasets utilizing the 
function ee.ImageCollection and.filter. The Landsat-8 satellite imagery used in this study was acquired from 01 February 
2021 to 30 April 2021. We filtered out imagery with cloud coverage over 40%. For the filtered imagery, we conducted 
cloud, and cloud shadow masking. Cloud and cloud shadow masking was applied to these images, followed by composite 
image generation using mean function to create a three-month composite image. We used Quality Assessment pixels 
to mask clouds, and cloud shadows, from these images. Similarly, the Sentinel-1 image composite was also generated. 
However, Landsat-8 has a spatial resolution of 30 m, and Senitnel-1 has 10 m, but the inventory plot size was 20 m × 20 
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m. To address these issues, the average of adjacent pixels, also known as the neighborhood mean or focal mean, was 
used to estimate the central value. A 20 m buffer was generated around each inventory plot’s center point, and the plot 
center location data were uploaded to a GEE asset and imported into the code editor. A function named ‘buffer points’ 
was used to create a square buffer. These buffer regions were then used to extract zonal statistics i.e., mean pixel value 
from raster datasets for each plot. In that case, Zonal statistics function was applied. Finally plot wise raster datasets 
predictor variables were exported as table for analysis (Table 1).

Remote sensing variables included surface reflectance data of individual Landsat-8 bands, Sentinel-1 bands (VH and 
VV), six vegetation indices i.e., ARVI (Atmospherically Resistant Vegetation Index), EVI (Enhanced Vegetation Index), GDVI 
(Green Difference Vegetation Index), GRVI (Green Ratio Vegetation Index), NDVI (Normalized Difference Vegetation Index), 
SAVI (Soil Adjusted Vegetation Index) generated using Landsat image, 1 band ratio i.e., VH/VV for Sentinel-1 image. All 
these variables were calculated in GEE. In addition, texture images were calculated applying grey-level co-occurrence 

Fig. 1   Map of the study areas of KNP Khadimnagar National Park, and RKWS Rema-Kalenga Wildlife Sanctuary and their location within 
north-east region of Bangladesh
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matrix with a kernel size of 5 × 5 using glcmTexture function in GEE for both Landsat and Sentinel image. This produced 
108 variables for Landsat and 36 for Sentinel images. These variables layers were then concatenated and zonalStats 
function was applied to extract the value of each plot.

2.4 � Regression model for forest attributes prediction

A correlation filter was used to minimize multicollinearity among the predictors by excluding variables with a correlation 
value greater than 0.80. For each model, variables were introduced sequentially starting with the variable that exhibited 
the strongest correlation. This continued until further additions were not significant, or did not substantially improve 
model precision. For each model run, root mean square error (RMSE) values were examined prior to a variable addition 
[23, 38]. We employed random forest regressions to predict forest attributes, utilizing spectral bands and indices as pre-
dictor variables, with forest attributes as the response variable. We adopted the default parameter settings: 501 trees 
(ntree) and one-third of variables tried at each split (mtry). These default values have been proven adequate for remote 
sensing data [22, 45]. All statistical analysis was undertaken using R program [42]. We used R packages such as “rcmdr.
kmggplot” for density plot, “corrplot” for correlation matrix and “randomForest” for prediction the models. The whole 
datasets were divided into training data and test data where 70% data were used for calibration and the remaining 30% 
data were used for validation of the model. The reliability of estimates was measured by root mean square error (RMSE) 
and mean difference (MD) [7, 33].

Where, yi represents the observed value for a specific sample plot and ŷi represents the estimated value for the same 
sample plot i,y is the average value of measured sample plots, and n signifies the total count of sample plots.

3 � Results

3.1 � Forest attributes descriptive statistics

In KNP, the descriptive statistics revealed a range for height, stand volume, basal area, and tree density of 13 − 19 m, 
21 − 972 m3/ha, 3 − 5 m2/ha, and 150 − 850 n/ha, respectively (Fig. 2a, b, c and d). In contrast, for RKWS, the descriptive 
statistics indicated a range for stand height, stand volume, basal area, and tree density of 12 − 16 m, 105 − 1916 m3/ha, 
2 − 11 m2/ha, and 50 − 1200 n/ha, respectively (Fig. 2a, b, c and d).

3.2 � Relationship between forest attributes and remote sensing predictors

Landsat-8 (n = 8, Fig. 3a) and Sentinel-1 (n = 7, Fig. 3b) predictors demonstrated statistically significant correlations 
with forest attributes, including height, tree density, basal area (BA), and volume. For Landsat, basal area showed 
a weak positive correlation (r = 0.21) with the EVI band, but negative correlations with other bands, particularly a 
weak negative correlation (r = − 0.22) with SR_B5. Similarly, height and volume were positively correlated (r = 0.04, 

(1)RMSE =

√

1

n

∑n

i=1
(yi − ŷi)

2

(2)RMSE% = 100 ∗
RMSE

y

(3)MD =
1
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n
∑
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(yi − ŷi)

(4)MD% = 100 ∗
MD

y
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r = 0.15) with EVI, but negatively correlated with other bands. Volume exhibited a negative correlation (r = − 0.31) 
with SR_B5. Conversely, tree density positively correlated (r = 0.06, r = 0.03) with EVI and ARVI, but negatively with 
other bands, particularly showing a weak negative correlation (r = − 0.12) with SR_B3.

In Sentinel-1 data, basal area and height exhibited weak positive correlations (r = 0.18, r = 0.22) with VH, while 
volume and tree density had weak positive correlations with VH/VV (r = 0.30, r = 0.15). However, they displayed nega-
tive correlations (r = − 0.17 with VH_dent, r = − 0.12 with VH_dvar).

3.3 � Predicting forest attributes by remote sensing data

A comparative analysis of the performance of Landsat-8, Sentinel-1, and their combined datasets for predicting forest 
metrics, including height, basal area, tree density, and volume, indicates that Sentinel-1 consistently demonstrates 
slightly superior accuracy compared to Landsat-8 in predicting height and tree density (Table 2). Specifically, for 
height prediction, Sentinel-1 exhibits the lowest values (RMSE = 1.01, RMSE% = 6.82), whereas Landsat-8 displays 
higher error metrics (RMSE = 1.14, RMSE% = 7.68) and the combined dataset results in marginally higher errors (RMSE 
= 1.15, RMSE% = 7.76). Notably, Sentinel-1 (MD = 0.28, MD% = 1.19) are slightly higher than those for the combined 
dataset (MD = 0.20, MD% = 1.38) and Landsat-8 (MD = 0.17, MD% = 1.18) (Table 2). This suggests that while Sentinel-1 
demonstrates superior overall accuracy, Landsat-8 displays slightly reduced error in terms of mean difference.

For tree density predictions, Sentinel-1 also exhibits enhanced performance, yielding lower RMSE values (RMSE 
= 241.88, RMSE% = 45.80) in comparison to Landsat 8 (RMSE = 259.52, RMSE% = 49.13) and the combined dataset (RMSE 
= 243.61, RMSE% = 25.54). However, Landsat-8 records a higher mean difference (MD = 48.28, MD% = 9.14) in contrast 
to the combined dataset values (MD = 29.81, MD% = 5.64) and Sentinel-1’s values (MD = 37.89, MD% = 5.64) (Table 2).

Fig. 2   Density curve with forest attributes (a) height, (b) basal area (BA), (c) volume and (d) tree density
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Conversely, for the predictions of basal area and volume, Landsat-8 outperforms Sentinel-1, as evidenced by lower 
values of RMSE, RMSE%, MD, and MD%. Specifically, in basal area prediction, Landsat-8 achieves lower metrics (RMSE 
= 1.02, RMSE% = 23.09, MD = 0.22, MD% = 5.01), while the combined dataset and Sentinel-1 present higher error values 
(RMSE = 1.13, RMSE% = 25.54, and RMSE = 1.22, RMSE% = 27.52, respectively). Nonetheless, Sentinel-1 achieves a lower 
mean difference (MD) and mean difference percentage (MD%) of 0.12 and 7.79, respectively, compared to the combined 
dataset (MD = 0.19, MD% = 4.39) and Landsat-8 (MD = 0.22, MD% = 5.01) (Table 2). Thus, Landsat-8 demonstrates more 

Fig. 3   Correlation coefficient 
(r) matrix (a) between 
DBH, BA, height, volume, 
tree density and Landsat-8 
variables; (b) between BA, 
height, volume, tree density 
and sentinel-1 variables
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consistent estimates despite minor deviations. For volume predictions, the combined dataset (Landsat-8 + Sentinel-1) 
also shows improved performance with lower RMSE values (RMSE = 331.20, RMSE% = 55.88) compared to Landsat-8 
(RMSE = 336.23, RMSE% = 56.63) and Sentinel-1 (RMSE = 338.20, RMSE% = 56.96). However, the combined dataset presents 
higher positive mean difference values (MD = 19.06, MD% = 3.21) compared to Landsat-8 (MD = −16.88, MD% = −2.84) 
and Sentinel-1 (MD = −18.93, MD% = −3.19) (Table 2).

4 � Discussion

The comparison of Landsat-8, Sentinel-1, and combined Landsat-8 and Sentinel-1 datasets for predicting key forest 
attributes height, basal area, tree density, and volume demonstrates that the performance of remote sensing data varies 
depending on the specific forest attributes being predicted. Our findings align with previous research that highlights 
the strengths of different remote sensing data in estimating forest attributes, suggesting that the integration of optical 
(Landsat-8) and radar (Sentinel-1) data can enhance the accuracy of forest structure predictions [10, 12].

Our results indicate that Sentinel-1 outperforms Landsat-8 in predicting height and tree density, as evidenced by lower 
RMSE compared to Landsat-8 and the combined (Landsat-8 and Sentinel-1) datasets, indicating better overall accuracy. 
These findings are consistent with studies that have demonstrated the capability of radar-based data, such as Sentinel-1, 
to capture structural variations in forests due to its sensitivity to canopy height and volume [20, 55, 56, 59]. Although 
Landsat-8 exhibits slightly lower mean difference (MD) in predicting height compared to Sentinel-1 and the combined 
dataset, this suggests that while Sentinel-1 provides a more accurate overall estimate, Landsat-8’s predictions deviate 
less from the mean. This indicates that Landsat-8 may offer more stable but less precise predictions [19]. Conversely, 
Landsat-8 displays higher MD in tree density predictions compared to Sentinel-1 and the combined dataset, reflecting 
greater error variance in its predictions [12]. In contrast, basal area predictions favored Landsat-8, as evidenced by lower 
RMSE, and MD values compared to Sentinel-1 and the combined dataset. The broader spectral bands of the optical sensor 
likely capture more detailed information on vegetation cover and biomass, making Landsat-8 more effective in assess-
ing these attributes [62]. Similarly, for volume prediction, both datasets showed marginally improved performance with 
lower RMSE compared to Landsat-8 and Sentinel-1 alone. This suggests that while the combination of datasets reduces 
overall error in volume prediction, it may increase the likelihood of overestimating volume. This phenomenon has been 
observed in previous studies, where the combination of optical and radar data sometimes introduces complexities that 
lead to increased variance in predictions [43, 60].

Recent investigations underscore the potential of advanced methodologies, such as machine learning algorithms [21], 
and the integration of LiDAR data for enhancing predictions of forest attributes. Similarly, airborne laser scanning (ALS) 
has gained considerable traction for spatially quantifying variations in tree height and forest structure across diverse reso-
lutions and forest types [5, 17, 27, 37, 40, 45]. The application of LiDAR surveys has become standard practice for stand-
wise forest inventories in numerous countries [36, 46] and constitutes an integral component of various national forest 
inventory initiatives. However, LiDAR technology is quite expensive to afford by the forest department of Bangladesh 
because of limited funding support from the government. Future research should incorporate other available Synthetic 
Aperture Radar (SAR) data alongside Sentinel-1 and multispectral imagery for landscape-scale forest attribute studies, 
as these datasets are relatively inexpensive and, in some cases, open-source compared to LiDAR. SAR data from satellites 

Table 2   Model performance using Landsat-8 (L) and Sentinel-1 (S) data

Landsat-8 variables were: EVI + ARVI + SR_B2 + SR_B3 + SR_B4 + SR_B5 + SR_B6 + SR_B5_sent;

Sentinel-1 variables were: VH/VV + VH_idm + VH_dvar + VH_dent + VV + VH;

Landsat-8 + Sentinel-1 variables were VH/VV + VH + ARVI + EVI + SR_B5 + SR_B5_sent

The abbreviation of the remote sensing variable can be found in Table 1

Forest attributes RMSE RMSE% MD MD%

L S L + S L S L + S L S L + S L S L + S

Height 1.14 1.01 1.15 7.68 6.82 7.76 0.17 0.28 0.20 1.18 1.89 1.38
Tree density 259.52 241.88 243.61 49.13 45.80 46.12 48.28 37.89 29.81 9.14 7.17 5.64
Basal area 1.02 1.22 1.13 23.09 27.52 25.54 0.22 0.12 0.19 5.01 2.79 4.39
Volume 336.23 338.20 331.80 56.63 56.96 55.88 −16.88 −18.93 19.06 −2.84 −3.19 3.21
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such as ALOS-2 PALSAR-2, NISAR, and RADARSAT-2/RCM provide valuable insights for studying forest attributes. ALOS-2 
PALSAR-2, with its L-band SAR, is particularly useful for forest structure analysis, with some datasets freely available 
through JAXA [26]. The upcoming NISAR mission will offer open-access L- and S-band SAR data, enabling high-resolution 
monitoring of vegetation structure dynamics. Meanwhile, RADARSAT-2 and the RADARSAT Constellation Mission (RCM) 
provide C-band SAR data can also be utilized. Combining these SAR datasets with RapidEye, PlanetScope, and Sentinel-2 
imagery can enhance forest attribute prediction at a large scale, particularly in regions with persistent cloud cover.

5 � Conclusion

This study demonstrates the potential of open-source remote sensing data, specifically Landsat-8 and Sentinel-1, for 
estimating key forest attributes in resource-constrained settings such as Bangladesh. Sentinel-1 data exhibited slightly 
better performance in predicting tree height and density, while Landsat-8 data showed higher accuracy for basal area esti-
mation. The combined use of Landsat-8 and Sentinel-1 data improved volume predictions, although accuracy remained 
relatively low. These findings highlight the complementary strengths of Sentinel-1 and Landsat-8 in monitoring forest 
structure, particularly in regions lacking advanced remote sensing technologies. The results underscore the value of 
open-source remote sensing tools as cost-effective alternatives for forest monitoring, offering critical insights for forest 
management and climate change mitigation strategies in developing nations. Future research could focus on refining 
predictive models and integrating additional data sources to further enhance accuracy and applicability in diverse for-
est ecosystems.
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