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Abstract—Estimating canopy height in forests is an important
and necessary step in measuring forest health, biodiversity, and
carbon storage. This paper studies the challenges and applicabil-
ity of using deep neural network models to predict canopy height
in the national forests of Vietnam, a country with a rapidly
growing economy and a commitment to achieving a net-zero
carbon footprint by 2050. We first argue that estimating canopy
height in Vietnam presents significant challenges, particularly
the need for a low-cost approach and the country’s complex
forest structures. Then, using wide-coverage and freely accessible
Sentinel-2 data, besides GEDI, we systematically study the
performance of the existing canopy height regression models in
the context of Vietnam. Finally, we propose a new approach
that can effectively take advantage of the vegetation indices
with original Sentinel bands data and show promising results
compared to the existing models on standard evaluation metrics
such as Mean Absolute Percentage Error (MAPE), Root Mean
Square Error (RMSE), and Mean Absolute Error (MAE). The
results show the potential of a low-cost canopy-height estimation
approach, taking a step towards sustainable forest management
and environmental conservation in Vietnam.

Index Terms—Canopy height estimation, vegetation structure,
multispectral remote sensing

I. INTRODUCTION

The advent of deep learning and its application in remote
sensing has paved the way for essential and innovative en-
vironmental monitoring techniques for addressing contempo-
rary global challenges such as climate change. In Northern
Vietnam, where terrestrial ecosystems play a crucial role in
maintaining biodiversity and mitigating climate effects, under-
standing these ecosystems through vegetation characteristics
like canopy height is vital [1]. This research aims to understand
the challenges of measuring canopy height in Vietnam’s forests
and develop a deep-learning estimation model using low-
cost Sentinel-2 satellite imagery, contributing to Vietnam’s
commitment to achieving a net-zero carbon footprint by 2050,
as declared at the COP26 World Leaders’ Summit1 in 2021.

Global efforts to combat climate change and promote bio-
diversity are underscored by the United Nations’ forest goals,
which include enhancing global carbon stocks and increasing
forest cover [2]. Accurately mapping and monitoring forest
structural variables like canopy height is crucial for ecosystem
service assessment, carbon stock quantification, wildlife man-
agement, and fire modeling. However, traditional methods such
as field-based measurements [3]–[5], while accurate, are often
limited in scope and feasibility due to their time-consuming
and labor-intensive nature, especially in remote and complex

1https://unfccc.int/cop26/world-leaders-summit

forest structures. Thus, there is a pressing need for novel re-
mote sensing techniques that provide consistent and expansive
data on morphological traits predictive of biodiversity and
carbon stocks on a global scale.

Canopy height serves as a critical ecological indicator due to
its correlation with species composition, climate, and site qual-
ity, and its ability to estimate stand age, successional stages,
primary productivity, aboveground biomass, and biodiversity
[6]–[8]. Understanding canopy height through remote sensing
offers a promising pathway to capture these ecological metrics
across extensive areas, facilitating better management and
conservation practices. Leveraging this large-scale approach
is particularly important for countries such as Vietnam, as
it seeks to balance rapid economic growth with sustainable
environmental management.

The quest for accurate canopy height data has traditionally
relied on three main approaches: field-based observations,
UAV-based sensing, and satellite remote sensing. Field inven-
tories [9]–[11] provide detailed but geographically and tem-
porally limited data. UAVs equipped with LiDAR [12]–[14]
offer precise measurements but at a higher cost and reduced
scale. In contrast, satellite remote sensing, particularly using
platforms like Sentinel-2 [15], presents a viable alternative for
Vietnam due to its wide coverage and free access to data.

In this study, we utilize Sentinel-2 data, which stands out for
its capability to provide high-resolution imagery essential for
detailed analysis of complex vegetative structures [15]–[17].

One of the primary reasons for choosing Sentinel-2 is
its cost-effectiveness. The data provided by Sentinel-2 are
freely accessible, which significantly reduces the financial
barriers to obtaining high-quality satellite images for scientific
research and practical applications in conservation and climate
change mitigation. This accessibility is especially important
for regions like Vietnam, where resource constraints might
limit the feasibility of frequent and expansive environmental
monitoring campaigns.

In this paper, we make the following contributions:
• We construct and process satellite data from Sentinel-2

and GEDI for forest regions in Vietnam. This serves as
the foundation of our paper, and any subsequent research
on canopy height estimation in Vietnam.

• Aiming to develop low-cost and effective canopy height
estimation models for forest regions in Vietnam, we
develop a neural model capable of learning additional
structural information from the original images to achieve
more accurate canopy height estimations. We also study
the utilization of vegetation indices in addition to the



Fig. 1: The region of interest.

original data bands and further improve the prediction
outcomes.

• Finally, we perform experiments to validate the effec-
tiveness of our approach. Specifically, our approach out-
performs several representative canopy-height estimation
baselines across various metrics.

The contributions of our paper provide rigorous evaluations
of deep learning techniques for forest monitoring and man-
agement in Vietnam, showing the potentials and limitations of
using satellite data for environmental research and decision-
making in this region.

II. RELATED WORK

A. Machine learning

Machine learning algorithms, such as Random Forest (RF)
and Symbolic Regression (SR), are applied to estimate canopy
height in the Bhitarkanika Wildlife Sanctuary (BWS) using
Sentinel images and field data, achieving R2 scores of 0.6 and
0.62 respectively [18]. Similarly, [19] utilized RF to predict
canopy height in Doon Valley using data from ICESat-2 and
Sentinel, with a model accuracy of R2 of 0.84 and an RMSE
of 4.48%. Another study employed a combination of GEDI
LIDAR, Sentinel multispectral datasets, and SRTM data to
predict forest canopy cover and height in tropical forests,
yielding high accuracies with R2 values of 0.86 for height
and 0.87 for cover [20]. While machine learning algorithms
demonstrate significant potential in estimating canopy height
and cover, their accuracy is heavily reliant on the quality and
diversity of the input data, which can be a limiting factor in
regions with sparse or inconsistent data coverage.

B. Deep learning

1) Convolutional Neural Network: Distinct from traditional
machine learning methods that rely on manually extracted

features, such as metrics derived from LiDAR waveforms,
DL methods excel at processing raw signals directly, thereby
simplifying the typically complex preprocessing steps [22].

CNNs, a staple in signal processing, are renowned for their
efficacy across various signal types, including one-dimensional
time series and two-dimensional images [23], [24]. The con-
volutional layer, fundamental to CNN architectures, adeptly
handles the spatial or temporal auto-correlation inherent in
many signal types. In the specific case of GEDI’s univari-
ate waveform signals, which travel from the atmosphere to
the Earth’s surface, one-dimensional CNNs (1D-CNNs) are
effectively utilized to capture the auto-correlation along the
wave dimension. Alternatively, reconfiguring the waveform
into a two-dimensional format allows the application of two-
dimensional CNNs (2D-CNNs). This method, while less con-
ventional for waveform data, is particularly advantageous for
GEDI signals due to their high sparsity, helping to preserve and
highlight the structural information within the signal, thereby
enhancing internal signal contrast [25].

Following the foundational introduction of CNNs for man-
aging spatial and temporal correlations in signal data, their
practical effectiveness has been further validated through di-
verse applications in remote sensing for environmental mon-
itoring. Notably, CNNs [22], [26], [27] have adeptly pro-
cessed raw waveform and optical data across various datasets,
substantially enhancing the accuracy and efficiency of forest
biophysical parameter estimations, such as canopy heights and
biomass. These studies collectively demonstrate the power
of CNNs to improve signal contrast and extract valuable
insights from complex data, making them invaluable tools in
the advancement of geospatial analysis.

2) Vision Transformer: In the domain of aerial imagery,
ViTs have been applied with notable success [31]–[34]. De-
spite their strengths, the application of ViTs in generating



(a) Height distribution over the ROI (b) The GEDI footprints

Fig. 2: The reference GEDI (LiDAR-derived) data

comprehensive canopy height maps from high-resolution, air-
borne LiDAR data faces challenges, particularly due to the
scarcity of such data. This scarcity can hinder the models’
generalizability to new geographies, especially in data-poor
regions [35]. To overcome these limitations, self-supervised
learning (SSL) techniques like the SSL DINOv2 approach
have been pivotal in advancing the state-of-the-art across
various vision tasks, including image classification and seg-
mentation [36], [37]. Furthermore, to reduce dependency on
SSL, [38] employed knowledge distillation from a U-Net CNN
teacher model to produce a 10-m canopy height model (CHM)
of Ghana, utilizing a combination of Sentinel-1, Sentinel-2,
and aerial LiDAR data, thus enhancing the robustness and
applicability of ViTs in practical scenarios.

III. STUDY AREA AND DATASETS

Northern Vietnam boasts rich biodiversity, and within its
verdant landscapes lie two of its most renowned national parks:
Cuc Phuong and Pu Luong. These parks serve as invaluable
repositories of ecological diversity and natural heritage.

Cuc Phuong National Park, established in 1962, stands as
Vietnam’s first national park and is recognized as one of
the country’s most significant conservation areas. Encompass-
ing an area of approximately 222 square kilometers, Cuc
Phuong is renowned for its lush tropical rainforests, limestone
karst formations, and diverse wildlife. Meanwhile, Pu Luong
Nature Reserve, situated further to the northwest, covers a
sprawling area of over 200 square kilometers, encompassing
a landscape characterized by rugged mountains, deep valleys,
and cascading rice terraces. In our research article, we will
utilize comprehensive datasets surrounding these two primary
forested areas, as specifically described in Figure 1.

A. The Remote Sensing Data

The study utilized remote sensing datasets compris-
ing multispectral imagery, as well as satellite-derived Li-
DAR data, covering a buffer zone spanning approximately
110 × 110 km2, delineated by the southwest coordi-
nates (19.805063, 104.99981) and the northeast coordinates
(20.800241, 106.04804).

The multispectral imagery utilized in our study is sourced
from the Sentinel-2 (S2) mission2, with the available data
products include Level-1C and Level-2A. Within the scope
of our analysis, we specifically employ Level-2A data. The
Sentinel-2 mission offers a total of 12 spectral bands, with
pixel sizes varying between 10, 20, or 60 meters. Among these,
four bands have a spatial resolution of 10 meters, including
B2: Blue, B3: Green, B4: Red, and B8: Near Infrared (NIR).
Additionally, there is one band, B9: Short Wave Infrared,
with a 60-meter resolution, while the remaining bands have
a resolution of 20 meters, comprising B1: Ultra Blue, B5-B6-
B7: Red edge, B8A: narrow NIR, and B11-B12: Short Wave
Infrared (SWIR).

The satellite imagery was acquired on February 12, 2024,
with a maximum cloud coverage value of 3%. The imagery
obtained at a 10-meter resolution has dimensions of 10980×
10980 pixels.

The satellite LiDAR data. We utilize canopy height ref-
erence data obtained from the Global Ecosystem Dynamics
Investigation3 (GEDI) to generate a continuous height map
with a spatial resolution of 10 meters. The GEDI instrument
comprises three lasers, producing eight ground tracks spaced
approximately 600 meters apart in the cross-track direction
relative to the flight path, and around 735 meters of spacing

2https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-2
3https://gedi.umd.edu/



Vegetation Index Formula

Normalized Difference Vegetation Index (NDVI) (B08-B04) / (B08+B04)

Normalized Difference Index (NDVI45) (B05-B04) / (B05+B04)

Green Normalized Difference Vegetation Index (GNDVI) (B08 - B03) / (B08 + B03)

Vegetation Index green (VIgreen) (B03-B04) / (B03+B04)

Red Edge Normalized Difference Vegetation Index (RENDVI) (B07-B04) / (B07+B04)

Normalized Difference Infrared Index (NDII) (B8A-B11) / (B8A+B11)

Specific Leaf Area Vegetation Index (SLAVI) B8A / (B05+B 12)

TABLE I: Description of Sentinel 2 (S2) vegetation indices.

in the zonal direction (parallel to lines of latitude). Each
beam transect includes footprint samples with an approximate
spacing of 25 meters along the track, sampled at intervals
of roughly 60 meters. The data products are categorized
into various levels, reflecting the extent of post-collection
processing, including lower-level products (L1 & L2) and
higher-level products (L3 & L4).

Our study primarily relies on L2B data, providing canopy
height and profile metrics. We access the data through the
Earth Science Data Systems (ESDS) Program, covering three
years from January 1, 2021, to April 5, 2024. Within our area
of interest, the dataset consists of 96.5 GB distributed across
174 data granule files in .h5 format. Figure 2b depicts the data
footprints within Cuc Phuong - Pu Luong national forests.

B. Preprocessing of GEDI Data

After data collection, it is necessary to conduct filtering
and removal of inaccurate and poor-quality data points due
to potential interference from weather conditions such as rain,
fog, or sunlight, among other factors, which may render some
waveforms unusable for providing information on the vertical
forest structure. Three primary indices were chosen for this
purpose: (1) the quality flag, where a value of 0 indicates
poor quality and a value of 1 signifies that the laser shot
meets specific criteria based on factors like energy, sensitivity,
amplitude, and real-time surface tracking quality; (2) the
degrade flag, which has a value greater than zero if the shot
occurs during a degrade period, and zero otherwise; and (3)
the Sensitivity layer, using a threshold of 0.95. Additionally,
footprints were selected based on the Plant Area Index (PAI)
to ensure that data points lacking vegetation are excluded.
Within the Region of Interest (ROI), a total of 1,780,874
footprints were obtained, out of which 114,943 points met the
required quality standards, accounting for 6.5% of the total.
This filtered dataset will serve as the basis for training and
evaluation in subsequent experiments.

C. Sentinel 2 (S2) vegetation indices

In addition to the surface reflectance (data bands), we
derived 7 vegetation indices from S2 data. These indices, along
with their respective formulas, are detailed in Table I. As
part of the computation process, bands with lower resolutions
(20 and 60m) will initially be upsampled to 10m resolution,

followed by standard calculations. We will incorporate these
indices into our training data configuration for their substantial
vegetation-related insights. Consequently, in our experiments,
we will explore and evaluate the effects of integrating supple-
mentary indices on the canopy height model.

IV. METHODOLOGY

A. Network Architecture

Given the image patches x ∈ RH×W×C , where H and
W denote the patch’s height and width respectively, and C
represents the number of channels in the image. In the dataset,
the labels associated with the patches consist of matrices y
having the same dimensions as the input image patch. Due to
data sparsity within the matrix, only certain elements possess
values, while the remainder are NaN (Not a Number). The
objective is to construct a deep regression network that takes
image patches as input and outputs a matrix representing the
corresponding height.

Our proposed network is a tailored and refined version de-
rived from the Xception framework [40] (the detailed structure
of the network is depicted in Figure 3). It comprises three
primary elements: Entry flow (a PointwiseBlock); succeeded
by Middle flow with eight identical separable convolutions
(SepConv) blocks and subsequent feature aggregation layers;
and lastly, a Prediction flow for generating the final regression
forecasts. Throughout the process of developing the network
architecture, we recognized the importance of the model’s
capacity to comprehend the structure and terrain depicted
in the original image. Consequently, integrating two feature
streams behind the SepConv block with each other using
the coefficient σ enhances the emphasis on critical features
more effectively. Moreover, combining them with the original
features (post Pointwise block) aids in assimilating structural
features from the original image.

The entry flow is a PointwiseBlock, gradually increasing
the channel depth of the data cube to 728 channels. The block
consists of three layers, each layer comprising convolution,
batch normalization, and ReLU activation, respectively.

The middle flow begin with a SepConv Block. This block
starts with the activation function ReLU and is subsequently
succeeded by a depthwise separable convolution layer (as
illustrated in Figure 3, adapted from [40]). Within this layer,
the overall 2D convolution using a 3D kernel is broken down



Fig. 3: Overall architecture of the canopy height model.

into 3×3 2D kernels applied to each input channel, alongside
a 1D kernel (a linear combination) that combines the results
from all channels. This decomposition separates spatial and
inter-channel correlations, thus reducing the number of param-
eters that need to be trained. The parameter count is further
minimized by utilizing the activation maps of the spatial
kernels (3 × 3) as input to all subsequent point-wise kernels.
Following the separable convolution is a batch normalization
(BatchNorm), which normalizes the data cube for a batch
(training instances are processed through the network in small
batches).

Subsequently, for the feature aggregation segment, we adopt
an approach inspired by the structure of the Squeeze and
Excitation-ResNet module [41]–[43]. Here, the input to the
SepConv blocks is bifurcated into two directions, with the
first direction remaining unaltered. In the second direction, the
embedding undergoes a 1×1 convolution layer, followed by an
h-wish layer, and again a conv 1× 1. Subsequently, these two
directions are amalgamated via element-wise multiplication
with a coefficient σ for the second direction. The resulting
output then passes through a conv 1 × 1 and is ultimately
aggregated with the features obtained from the Entry flow
(after undergoing a 1 × 1 convolution). The resulting final
feature possesses a size of (H,W, 728).

The prediction flow is the final layer of our network,
which consists of a pointwise convolution that merges the 728
activation maps into a singular canopy height value for each
pixel.

B. Loss Functions
Given that we’re dealing with a regression task involving

continuous height values as targets, our approach involves
minimizing the loss function. In this context, we use Gaussian
Negative Log-likelihood Loss (GNLL) for learning strategy.

The model assigns each pixel’s output as a conditional
Gaussian probability distribution representing potential canopy
heights, based on the input data:

LGNLL =
1

n

n∑
i=1

(µ̂ (xi)− yi)
2

2σ̂2 (xi)
+

1

2
log σ̂2 (xi) .

Where yi represents the actual canopy height for the i-
th pixel, µ̂ (xi) and σ̂2 (xi) denotes the estimated mean and

variance of the Gaussian distribution for the i-th pixel, n
denotes the number of data points.

Minimizing this loss function during training enables the
model to make accurate predictions of canopy heights while
accounting for prediction uncertainty captured by the variance
term.

V. EXPERIMENTAL RESULTS
A. Dataset Configurations and Experimental Settings

Cuc Phuong - Pu Luong Pu Hoat - Pu Huong

Train 55,467 171,275

Test 6,169 17,132

TABLE II: Dataset statistic
1) Training and Testing Datasets: The initial satellite image

dataset comprises 12 bands with varying resolutions of 10m,
20m, and 60m, respectively. Consequently, in order to train the
neural network model effectively, it is necessary to standardize
the image resolutions. We opt to standardize them to 10m
resolution, thus the initial step involves upscaling the 20m and
60m bands to match this resolution using bicubic interpolation.
The resulting dataset is an image tensor with dimensions
(10980, 10980, 12). Furthermore, we generate a corresponding
matrix that delineates the coordinates of each pixel within the
image. Subsequently, the resulting image is partitioned into
patches of size 15 × 15. However, given the sparse nature
of the reference data, specifically GEDI, it is imperative to
exclude patches devoid of pixels labeled with canopy height.
Table II illustrates the count of patches within the training and
testing sets (in a 9:1 ratio) post-processing. These represent the
images that will be directly inputted into the model during the
training phase.

2) Experimental Settings: Our fine-tuned model, based on
the architecture as outlined in IV-A, was trained on the dataset
we collected. The model was trained on 6 NVIDIA RTX
A5000 devices with 24GB RAM each, training spanned 1000
epochs, employing a batch size of 512. The initial learning
rate coefficient was set to 4e-4, and at epochs 200, 400, and
700, it was halved.

In comparison to baseline models, we opted for
3 pre-trained models from [39], namely: FT ALL CB,



Fig. 4: The canopy height (left) and its variance (right) predictions.

Method Cuc Phuong - Pu Luong Pu Hoat - Pu Huong

MAPE RMSE MAE MAPE RMSE MAE

FT ALL CB 0.6982 12.8011 9.2544 0.5937 12.2581 9.4707

FT Lm SRCB 0.7833 12.1848 9.0029 0.5848 12.2261 9.2667

ST geoshift IB 0.5231 12.1373 8.8225 0.8002 12.8162 9.6150

7 indices (ours) 0.4129 11.8678 8.1286 0.5972 11.9923 8.4850

12 bands + 7 indices (ours) 0.3510 10.1131 7.2952 0.3029 9.9108 7.6512

12 bands (ours) 0.3244 10.1822 7.1172 0.2862 9.9720 7.5441

TABLE III: Canopy-height estimation errors

FT Lm SRCB, and ST geoshift IB (the specific configura-
tions of these models are elaborated in the code4). These
models underwent training and evaluation on a global dataset.

B. Comparison with Existing Methods

The table III presents comparison results between different
methods across two regions: Cuc Phuong - Pu Luong and Pu
Hoat - Pu Huong. Each method is evaluated based on three
metrics: Mean Absolute Percentage Error (MAPE), Root Mean
Square Error (RMSE), and Mean Absolute Error (MAE).

Our methodology employs three different data configura-
tions: one exclusively containing vegetation indices, another
combining 12 bands with indices, and the last one comprising
solely bands. The findings from our analysis reveal that our
fine-tuned models significantly outperform others in terms of
MAPE, RMSE, and MAE across both regions. Notably, the ’12
bands + 7 indices’ approach demonstrates the lowest RMSE
values, while using only bands produces the most favorable
outcomes concerning MAPE and MAE.

From the results obtained from the three proposed config-
urations, it becomes evident that utilizing only indices leads

4https://github.com/langnico/global-canopy-height-model.git

to some enhancement compared to baseline models, albeit not
significantly. Combining bands and indices slightly improves
over the case of using bands alone in terms of RMSE, however,
it does not yield significantly superior results. Nevertheless, we
can still discern the potential for further development of the
model in terms of minimizing errors in the future.

C. Qualitative Study
We conducted predictions based on satellite imagery inputs

of the Cuc Phuong - Pu Luong area, with thermal maps
illustrating the results as shown in Figure 4. The visual repre-
sentation indicates that the model can relatively well capture
information about the image structure. In areas corresponding
to lakes or rivers, the result maps appear white, indicating
extremely high values. Additionally, we can discern populated
areas and road sections represented by deep red indicating low
height values. Forested areas, indicated by a range of bright red
to yellow, represent heights from 20 - 40m. These observations
demonstrate that the model has been able to learn relatively
effectively and can provide forecasts across the entire AOI.
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