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Abstract

Mangroves’ role in global climate mitigation has gained increased attention. From 2000 to 2016, about
62% of global mangrove forests were lost. One significant mangrove area in Indonesia is Sembilang
National Park, South Sumatra. Despite its importance, this ecosystem has suffered major
degradation. Between 2009 and 2017, primary mangrove forest area in the park decreased from 83,447
to 70,263 hectares—a loss of 13,184 hectares. The research focuses on the Sembilang National Park in
South Sumatra, Indonesia, over the period of 2019-2023. This study developed a mangrove biomass
estimation model using two machine learning algorithms: Random Forest (RF) and Gradient
Boosting (GB). RF outperformed GB with an R? score of 0.701 vs. 0.601, highlighting its robustness
and better generalization. The biomass (AGB) graph displays total biomass carbon in tonnes, with
gradient colouring helping to visualize temporal trends. AGB Trend Overview is implemented as a
comprehensive metrics dashboard, displaying key information on changes in mangrove biomass. The
developed open sources dashboard can provide temporal data analysis of man-grove forest
condition, including biomass changes and predictions for the coming year, supporting more targeted
data-driven decision-making in mangrove forest conservation and management efforts in Sembilang
National Park Indonesia.

Keywords: mangrove; random forest; gradient boosting; sembilang national park; biomass

1. Introduction

Mangrove forests are among the world’s most critical ecosystems, especially in tropical and
subtropical regions [1]. Located at the interface between land and sea, mangroves provide vital
ecosystem services such as coastal protection, biodiversity support, and carbon sequestration [2,3].
Their dense root systems help prevent erosion, mitigate storm surges, and serve as a frontline defense
against sea-level rise and climate change impacts [4]. Mangroves are also key habitats for numerous
marine and terrestrial species. Their structural complexity offers nursery grounds for fish,
crustaceans, mollusks, and shelter for birds and reptiles [5]. This biodiversity supports coastal
livelihoods and contributes to food security and local economies.

Recently, mangroves’ role in global climate mitigation has gained increased attention. Mangrove
forests can store up to four times more carbon than other tropical forests [6], with a significant portion
concentrated in their biomass. Indonesia, as one of the world’s largest mangrove holders, stores
around 3.14 billion metric tons of carbon in its mangrove ecosystems, making it a critical player in
global climate strategies [7]. Despite their ecological and economic value, mangroves are under threat
globally. From 2000 to 2016, about 62% of global mangrove forests were lost, with Indonesia
contributing a significant share of that decline [8]. Key drivers include land conversion, aquaculture
expansion, and unsustainable agriculture. Conservation and restoration have thus become urgent
priorities where conservation and restoration have thus become urgent priorities [9].
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Effective conservation requires accurate and timely monitoring. Traditional methods such as
field surveys and manual image interpretation are often time-consuming, resource-intensive, and
limited in scale [10]. These limitations are especially problematic in vast mangrove regions like
Indonesia [11]. Recent advances in remote sensing and geospatial technologies have opened new
possibilities for efficient and large-scale mangrove monitoring. High-resolution satellite imagery
combined with machine learning (ML) techniques enables automated, scalable, and accurate analysis
of mangrove extent and biomass [12]. For example, [13] demonstrated the use of satellite imagery to
track mangrove cover changes in Peleng Island, Central Sulawesi, providing a solid foundation for
conservation decisions.

One significant mangrove area in Indonesia is Sembilang National Park, South Sumatra. Despite
its importance, this ecosystem has suffered major degradation. Between 2009 and 2017, primary
mangrove forest area in the park decreased from 83,447 to 70,263 hectares—a loss of 13,184 hectares.
This decline is driven by land use change, illegal logging, aquaculture, agriculture, and natural
disturbances such as fires [14] [15].

This degradation contributes to biodiversity loss and reduces ecosystem services such as carbon
storage and coastal protection [16]. Regionally, Southeast Asia faces similar threats, often due to
insufficient environmental enforcement[17]. These challenges highlight the need for improved
monitoring systems in protected areas like Sembilang.

Key issues in current mangrove monitoring include Low efficiency — Manual mapping methods
are slow and resource-heavy, making it difficult to keep up with rapid land cover changes [10],
Limited accuracy — Manual interpretation can vary between analysts and is often affected by image
resolution and coverage [12] and Data integration challenges — Integrating multitemporal satellite
data is difficult due to varying resolutions, cloud cover, and inconsistent vegetation index
performance [18], [19], [20]. To address these issues, this study proposes the development of a
geospatial intelligence dashboard for automated mangrove mapping and monitoring using satellite
data and machine learning algorithms. Prior research shows that machine learning, particularly
Random Forest (RF) and Support Vector Machine (SVM), achieves high classification accuracy
[21,22]. For instance, mapping mangroves in Cambodia with Landsat-8 and Sentinel-2 using RF
achieved over 90% accuracy.

Moreover,[23] explored ML-based mangrove classification using combined optical and radar
data in Guyana. Their results showed that combining Sentinel-1 (radar) with Sentinel-2 and Landsat-
8 (optical) achieved the highest overall accuracy (up to 95%). This study utilizes Random Forest (RF)
and Extreme Gradient Boosting (XGBoost) due to their strengths in analyzing high-dimensional
remote sensing data. RF handles complex datasets and allows for feature importance ranking, making
it ideal for selecting key vegetation indices like NDVI [24][25]. XGBoost, known for its predictive
power and robustness, has been applied to estimate mangrove biomass under varying climate
conditions [12,26]. The combination of satellite imagery and ML techniques enables accurate biomass
estimation and carbon stock assessment, as demonstrated by [27]. Additionally, multi-temporal data
enhances the capability of monitoring change over time, which is vital for dynamic ecosystems like
mangroves.

This research aims to develop an Open Sources-based interactive dashboard for mangrove
monitoring in Sembilang National Park from 2019 to 2023. It uses Sentinel-2 and GEDI data accessed
through Google Earth Engine and compares RF and XGBoost algorithms for automated classification
and biomass estimation. The dashboard will visualize mangrove distribution, biomass levels, and
land cover changes, supporting data-driven conservation planning. By integrating high-resolution
data, machine learning, and interactive visualization tools, this study contributes a novel approach
for improving mangrove monitoring efficiency, accuracy and accessibility, especially in resource-
constrained environments like Indonesia's coastal zones.

2. Machine Learning and Remote Sensing for Mangrove Mapping
and Monitoring
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The integration of machine learning (ML) and remote sensing has significantly transformed how
Above-Ground Biomass (AGB) is estimated in mangrove ecosystems. Traditional biomass
assessments, often conducted through field measurements, provide valuable localized data but are
generally constrained by their labor-intensive nature, high costs, and limited spatial coverage,
especially in remote or extensive mangrove areas. With increasing urgency to monitor mangroves for
climate mitigation and conservation, scalable, accurate, and efficient solutions are required. Remote
sensing technologies, coupled with advanced ML algorithms, have become essential tools to fill this
gap.

A broad literature review highlights numerous successful implementations of ML-based remote
sensing methods for mangrove AGB mapping across various regions. These studies utilize a range
of satellite platforms—including Sentinel-1 (radar), Sentinel-2 (optical), ALOS-2 PALSAR-2 (L-band
SAR), and GEDI (LiDAR)—in combination with machine learning models such as Random Forest
(RF), Gradient Boosting Machines (GBM), Extreme Gradient Boosting (XGBoost), Support Vector
Regression (SVR), and Artificial Neural Networks (ANN).

One significant example is the work of [28] who mapped coastal mangrove forests across West
Africa using an ensemble of ML algorithms (RF, GBM, and neural networks) with preprocessed
Sentinel-1 and Sentinel-2 data. Their study demonstrated the efficacy of ensemble models in
capturing the heterogeneity of mangrove environments, especially when cross-validation and high-
resolution training data are applied.

In another global-scale study, [29] used Random Forest regression to estimate global mangrove
AGB by combining field measurements, GLAS LiDAR data, vegetation indices (e.g., EVI), and
topographic and climatic parameters. This work contributed to the development of a global 250-
meter resolution mangrove AGB map, establishing a benchmark for future biomass modeling efforts.
The fusion of GEDI LiDAR data with multi-source satellite observations has also shown promising
results. For instance, [30] fused GEDI with Sentinel-1 and Sentinel-2 imagery, digital elevation
models, and land cover data to produce wall-to-wall AGB density maps for large areas in Australia
and the United States. The study used gradient boosting with Bayesian optimization to fine-tune
model parameters, significantly enhancing predictive accuracy.

In Southeast Asia, studies have emphasized regional applications of these techniques. [12]
employed XGBoost for AGB estimation in the Can Gio Biosphere Reserve in Vietnam. This was one
of the first studies to use fused Sentinel-2 and ALOS-2 PALSAR-2 data with the XGBoost regression
algorithm. The researchers evaluated model performance against alternative algorithms such as GBR,
GPR, RF, and SVR, and achieved high levels of accuracy through careful feature engineering and
model calibration. [31] applied a Light Gradient Boosting Machine (LGBM) optimized with Particle
Swarm Optimization (PSO) to estimate mangrove AGB in the Beibu Gulf, China. The method
outperformed other algorithms, including RF and XGBoost, by selecting optimal predictor
combinations and maximizing generalization over a large validation dataset.

On the national scale, [32] combined Sentinel-1 and Sentinel-2 imagery with Suriname's national
forest inventory data to map mangrove species and estimate biomass using RF and SVR. Their
method successfully scaled biomass estimation efforts beyond local studies to broader national
applications—critical for national reporting and climate commitments. In India, [33] utilized multi-
temporal Sentinel-1 and Sentinel-2 data with an ensemble of RF, GBM, and XGBoost to estimate AGB
in carbon-rich mangrove zones. Their analysis tested both date-specific and aggregated metrics,
confirming the advantages of using time-series data for biomass monitoring in dynamic ecosystems.
Further extending ML applications, [23] integrated SAR and optical data with RF classifiers in
Guyana to enhance coastal mangrove monitoring. Their study confirmed that combining radar and
optical data significantly improves classification accuracy over single-data approaches [34]
developed models for tracking mangrove biomass change on Qi'ao Island, South China, using
WorldView-2 imagery and digital surface models. Their Random Forest-based models revealed a
71.11% increase in biomass from 2010 to 2016, validating the importance of long-term, high-resolution
imagery in capturing mangrove dynamics.
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Several methodologies also demonstrate the effectiveness of Google Earth Engine (GEE) as a
platform for scalable ML-based mangrove analysis. [28] for example, evaluated RF and CART models
in West Africa using Sentinel-2 data and GEE, showing consistent performance across multiple test
iterations. Similarly, [35] used RF on GEE with Sentinel data to achieve classification accuracy
exceeding 93%, emphasizing the accessibility and repeatability of cloud-based processing. Finally,
[36] improved forest AGB estimation by integrating multi-sensor L-band and C-band SAR data with
multi-temporal GEDI LiDAR. Their RF model utilized more than 21,000 GEDI footprints and kriging
interpolation of canopy height, demonstrating that the synergy of SAR and LiDAR can significantly
enhance AGB retrieval in dense tropical forests.

For Indonesia specifically, where mangrove degradation poses a major threat to carbon stocks
and coastal resilience, the application of these technologies represents a critical opportunity. The
insights drawn from these studies guide future efforts in implementing machine learning-driven
biomass mapping at both national and sub-national levels. Leveraging platforms like Google Earth
Engine and combining satellite data with field validation can offer robust, efficient, and actionable
information to support sustainable mangrove ecosystem management. [37] Mapped mangrove
above-ground carbon in Komodo National Park, Indonesia, using machine learning models (RF,
SVM, and XGBoost) integrated with Sentinel-1A, Sentinel-2B, and DEM data. Their approach
combined field data with satellite-derived features, demonstrating the potential of hybrid modeling
in complex tropical landscapes [38] explored the use of Decision Tree (DT) and Random Forest (RF)
classifiers for mangrove forest mapping in Sembilang National Park. Using Landsat-7 and Landsat-
8 imagery, they calculated indices such as NDMI and NDSI, confirming the suitability of RF for
classifying mangrove cover with high reliability in coastal regions. [27]. conducted a study in
Indonesia utilizing a stacked ensemble of ML models (Deep Learning, RF, GLM, XGBoost, GBM) for
estimating mangrove species abundance using Landsat data. The use of 20-fold cross-validation and
ensemble blending helped improve model generalizability and reliability, especially for carbon stock
estimation in the context of carbon trading

Taken together, these studies show a strong global and regional trend toward adopting machine
learning and remote sensing as the standard approach for mangrove AGB mapping. The fusion of
diverse datasets—optical, radar, and LIDAR —combined with advanced ML techniques like XGBoost
and ensemble modeling, has consistently delivered high-accuracy and scalable biomass estimates.
Such methods are increasingly important for supporting carbon accounting, REDD+ initiatives,
conservation planning, and climate adaptation strategies.

3. Methodology

This study integrates remote sensing and machine learning (ML) techniques to develop an
automated system for mapping and monitoring above-ground biomass (AGB) in mangrove forests.
The research focuses on the Sembilang National Park in South Sumatra, Indonesia, over the period
of 2019-2023. The methodology encompasses six main stages: (1) data collection and preprocessing,
(2) model training and evaluation, (3) biomass prediction and temporal analysis, (4) Open Sources
dashboard development, and (5) biomass trend analysis and forecasting.
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Figure 1. The Stages of mangrove monitoring using machine learning and Remote Sensing Data.

3.1. Data Collection and Preprocessing

Sentinel-2 imagery was used to derive spectral information relevant for mangrove vegetation
analysis, such as NDMI and MNDWTI indices. Global Ecosystem Dynamics Investigation (GEDI) data
was used as the reference for estimating above-ground biomass, providing lidar-based structural
information. All data acquisition and preprocessing were conducted using the Google Earth Engine
(GEE) platform. The workflow included: Region of Interest (ROI) definition: The Sembilang National
Park was geographically delineated to define the analysis area. Image filtering: Sentinel-2 collections
were filtered based on date range and cloud cover score. Median composites were generated to obtain
cloud-free imagery for each target year and NDMI and MNDWI indices were computed to enhance
mangrove classification. Mangrove cover classification with thresholding techniques were applied to
identify mangrove areas, and data integration and Sentinel-2 imagery and GEDI biomass data were
spatially and temporally aligned. The data were exported in two formats: GeoTIFF for spatial
visualization CSV for training machine learning models.

3.2. Machine Learning Model Development

Two robust regression-based ML algorithms Random Forest (RF) and Gradient Boosting (GB)
were selected. Data were split into training (91%) and testing (9%) sets. For both RF and GB, models
were trained using key features extracted from the satellite data, including spectral bands and
vegetation indices. Key parameters include the number of trees (n_estimators) and maximum depth
(max_depth) have been used as RF model parameter and the number of trees, learning rate, and
depth as parameter in GB. Feature Importance Analysis After training, each model underwent feature
importance analysis to assess the relative contribution of each input feature to the AGB prediction.

3.3. Model Evaluation and Biomass Prediction

The models were evaluated using R? score (coefficient of determination) to quantify the fit
between predicted and actual biomass values. Scatter plots used to visualize prediction accuracy
against GEDI reference values. Annual Biomass Mapping: Trained models were applied to the
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Sentinel-2 composites for each year (2019-2023). The result was a set of annual AGB maps, providing
insight into spatial and temporal variations in mangrove biomass.

3.4. Open Sources Dashboard Development

A user-friendly web-based dashboard was developed using Streamlit, aimed at supporting
decision-making for mangrove monitoring and conservation. Development Process of the dashboard
followed the waterfall software development life cycle (SDLC) model. The model including problem
identification (Monitoring mangrove dynamics in Sembilang National Park), requirement analysis
and system design data flow diagrams (DFDs) and wireframes (via Figma) were created),
implementation (The system was coded using Python, integrating the trained ML models), and
testing (Functionality was tested using black box testing, and evaluation was based on Shneiderman’s
8 Golden Rules). The dashboard includes Dual Map View (Side-by-side maps for comparing different
years using Folium), Interactive Controls (Sidebar widgets for selecting year, parameters, and map
layers), Trend Graphs (Temporal visualizations of biomass change using Plotly), and Download
Options (Export of GeoTIFF and CSV outputs, including AGB, mangrove extent, scatter plot data,
and 2024 predictions).

3.5. Biomass Trend Analysis and Forecasting

To extend the utility of the system, a prediction module was implemented. Two analysis layers
were integrated: ML-based biomass estimation using RF and GB models Linear regression-based
trend analysis to forecast future conditions. Analysis components include Biomass Calculation
(aggregates total AGB values for each year), Area Change Detection (Quantifies changes in mangrove
extent across the study period), and Forecasting for Year 2024 (Projects AGB and mangrove area
using linear regression based on past trends). For the output visualization AGB include trend plots,
Percentage change in mangrove cover, Forecasted biomass maps has been implemented.

Open Sources Dashboard
Development

I

Ul Component

\ 4 l v

Dual Map Visualization Interactive Control Trend Graph

I

Error handling <

!

User Experience

!

Final Open Sources
Dashboard

Figure 2. The Stages of user-friendly web-based dashboard using Streamlit.

4. Result

Authors should discuss the results and how they can be interpreted from the perspective of
previous studies and of the working hypotheses. The findings and their implications should be
discussed in the broadest context possible. Future research directions may also be highlighted.
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4.1. Model Training and Evaluation Result

This study developed a mangrove biomass estimation model using two machine learning
algorithms: Random Forest (RF) and Gradient Boosting (GB). The dataset was stratified and split into
training (90%), testing (9%), and validation (1%) sets. Random Forest, configured with 50 decision
trees, was optimized for maximum depth and minimum samples per leaf. Gradient Boosting used
300 trees with shrinkage (0.1), sampling rate (0.85), and max nodes (35). Both models were set to
regression mode to predict continuous biomass values. RF outperformed GB with an R? score of 0.701
vs. 0.601, highlighting its robustness and better generalization.

Table 1. Key Gradient Boosting Parameters.

Parameter Value Description
numberOfTrees 300 Builds a robust ensemble
shrinkage 0.1 Ensures smoother learning steps
samplingRate 0.85 Improves prediction stability
maxNodes 35 Captures complex data patterns

Table 2. R? Score Comparison

Algorithm R? Score
Random Forest 0.701
Gradient Boosting 0.601

4.2. Biomass Prediction and Temporal Analysis

The prediction system uses a linear regression approach to project biomass values for 2024. The
prediction model considers the historical trend of the 2019-2023 data, with the implementation
including the calculation of confidence intervals to provide a realistic prediction range. Prediction
results are displayed in the form of easy-to-read metrics and trend graphs showing future projections.

Model Validation: AGB Reference vs Prediction

Legends

AGB (C Ton/Ha)
AGB Trend (Ton/year)
AGB Trend (%/year)

AGB Trend Over Time

AGB Prediction for 2024
'blNUS Predicted AGB for 2024
UNIVERSITY

Dashboard Controls 12,346,804.56 C Ton/Ha

Map Year Selection

AGB Trend with 2024 Prediction

Legends
AGB (C Ton/Ha)
AGB Trend (Ton/year)

Model Accuracy (R? Score):0.701
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Figure 3. Visualization of Prediction System Using Line Chart.

Visualization of prediction results integrates historical data with predicted values, using dotted
lines to distinguish between actual and projected data. The metrics display shows the predicted
values in an easy-to-read format, with a calculation of the percentage change from last year to give
context to the projections.

4.3. Biomass Trend Analysis and Forecasting

The map visualization system on the dashboard uses the DualMap component of the Folium
library, which allows direct comparison between two time periods. The first map displays the AGB
comparison between two user-selected years, with an interactive layer showing the distribution of
mangrove biomass. The implementation includes a precise coordinate system for the Sembilang
National Park region and responsive zoom controls.

The second map focuses on visualizing AGB trends, comparing changes in tonnes/year and
percent/year. A custom colormap was implemented to clearly visualize changes, using an intuitive
colour scheme to show increases and decreases. Layer controls allow users to enable or disable
various visualization layers, providing flexibility in data analysis.

Map Visualizations

AGB Comparison: 2019 vs 2023

AGB (C Ton/Ha)
AGB Trend (Ton/year)

AGB Trend (3/year)

AGB Trend Comparison: Ton/year vs %/year

Mangrove and Biomass Trends Prediction

(b)

Figure 4. AGB Map Visualization Year vs Year Comparison (a) and AGB Map Visualization Trend Comparison:
Ton/Year vs %/Year (b).

Visualization of the available data can also be used as a combination of bar charts implemented
with the Plotly library. The mangrove area bar chart displays year-to-year changes in mangrove area,
with value labels and colouring indicating the magnitude of change. The biomass (AGB) graph
displays total biomass carbon in tonnes, with gradient colouring helping to visualize temporal trends.
AGB Trend Overview is implemented as a comprehensive metrics dashboard, displaying key
information on changes in mangrove biomass. The system uses a card-based layout with modern
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styling to display biomass trends in tonnes/year and percentage/year. Each card displays metrics in
an easy-to-read format, with visual indicators to show the direction of change (Figure 5a).
Calculations can also display total biomass change over the observation period, initial and final
biomass values, and average annual change. A significant change monitoring system was
implemented to identify and flag changes that exceed a certain threshold. Predictions of mangrove

biomass and area for 2024 were integrated in a card metrics format consistent with the overall design
(Figure 5b)

s § AGB Trend Over Time

BINUS
UNIVERSITY

AGB (C Ton/Ha)
AGB Trend Prediction
(RSB &5 AGB Trend Overview

AGB Trend (Ton/year) AGB Trend Percentage (%/year)
AGB Trend (%/year)

1.166 Ton/year 1.172%]year

Model Feature Importances

AGB Trend Prediction
BINUS
UNIVERSITY &4 AGB Trend Overview

Dashboa
AGB Trend (Ton/year) AGB Trend Percentage (%/year)

1.166 Ton/year 1.172%]year

800,744.99 Ton

Predicted AGB for 2024 Predicted Mangrove Area for 2024

12,346,804.56 Ton 76,198.20 Ha
AGB Trend (Ton/year)

_ N bownload bata

AGB Trend (%/year)

Figure 5. Data Visualization of Mangrove and Biomass trend prediction using Bar Graphs (a) and total biomass
change over the observation period (b)

4.3. Dashboard Testing and Evaluation

Black box testing is conducted to evaluate the functionality of the dashboard without paying
attention to the internal code structure. This test focuses on the expected input and output of each
dashboard component. The following is a table of testing results.

Table 2. Testing Result.

No Tested Test Case Input Expected Output Actual Result| Status
Component
Dropdown in|  Selection of Select 2019 | Map and graph updated | Map and
1 Years comparison year | and 2023 | according to the selected graph
year updated
successfully
Dual Map |AGB comparison| Toggle AGB | AGB layer is displayed | AGB layer is
2 |Visualization| between years |layer on both | with appropriate color | displayed
maps gradation correctly
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Bar Chart | Visualization of | Hover on bar Tooltip displays value Tooltip
3 Mangrove | area changes chart mangrove area appears with
Area correct
information
Prediction for| Prediction result | Access the The 2024 prediction Prediction
2024 display prediction graph and values are data is
4 . . .
section displayed displayed
correctly
Data Download CSV Click the CSV file downloaded | data CSV file
5 | Download data download with appropriate successfully
button downloaded
Layer  |Toggle map layerEnable/disable] The map layer changes Layer
6 Control layer according to the selection| successfully
changed
Scatter Plot | Interaction with | Hover on Tooltip displays Information
7 | Validation plot scatter plot |predicted vs actual values| displayed
point correctly
Trend Visualization of | Hover on | Tooltip displays change | Trend data
8 | Analysis biomass trend | trend graph value displayed
correctly

The dashboard evaluation is based on the 8 Golden Rules proposed by Shneiderman. The following is a

summary of each rule along with an example of its implementation in this dashboard.

4.3.1. Strive for Consistency

Consistency in interface design ensures that users can understand and use the system without
having to relearn each section. For example, the colour scheme used for biomass and AGB trends
throughout the visualization’s elements, as well as the uniform sidebar layout for navigation (Figure
6a). Consistency in interface design ensures that users can understand and use the system without
having to relearn each section. For example, the colour scheme used for biomass and AGB trends
throughout the visualization elements, as well as the uniform sidebar layout for navigation.

o)
. BINUS
UNIVERSITY

Dashboard Controls

AGB (CTon/Ha)

Map Year Selection

Select Year for Left Map

AGB Trend (%/year)

[AGB Comparison: 2019 vs 2023

2019

2019

2020

2021

2022

2023

(a) (b)

Figure 6. Visualization of Biomass Colour Schemes and AGB Trends (a) and Visualization of the Dropdown
Menu on the Left Panel (b).

4.3.2. Enable Frequent Users to Use Shortcuts
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The shortcut feature increases usage efficiency for frequent users. Dropdown menu for year
selection allows users to quickly select and compare data without the need for repeated navigation
(Figure 6b)

4.3.3. Offering Informative Feedback

Clear feedback helps users understand the status of the system and the results of their actions.
Loading indicators while data is being processed and real-time visualization changes after users
select certain options provide immediate feedback (Figure 7a).

4.3.4. Design Dialogs to Yield Closure

Every user interaction should have clear closure. Displaying a notification or visual change once
the data has been successfully loaded, as well as a reset feature to return to the initial state, ensures
that the user knows the task has been completed (Figure 7b)

Map Visualizations

AGB : 2020 vs 2023

Map Visualizations -

AGB Comparison: 2019 vs 2023

Generating AGB comparison maps...

(@) (b)
Figure 7. Visualization of Loading Maps Indicator in Dashboard (a) and Visual Changes at the Turn of the Year
(b).

4.3.5. Offer Error Prevention and Simple Error Handling

This dashboard has not fully met the Offer Error Prevention and Simple Error Handling criteria
in the 8 Golden Rules proposed by Ben Shneiderman. This is due to the data processing that is done
exclusively in the backend, so that the dashboard only functions as a viewer that displays the final
data without providing error prevention or handling mechanisms directly to the user. Although there
is input validation on year selection to ensure only available years can be selected, as well as clear
error messages in case of problems in data processing, these limitations reduce the dashboard's ability
to provide interactive feedback or immediate solutions when errors occur. To improve compliance
with this rule, further development could consider implementing features such as more
comprehensive input validation on the frontend, as well as more informative and user-friendly error
handling when problems occur during interaction with the dashboard.

4.3.6. Permit Easy Reversal of Actions

Users can easily undo unwanted actions. The reset feature allows users to return filters and
parameters to their initial state with a single click, providing flexibility in data exploration (Figure
8a)

4.3.7. Support Internal Locus of Control

The user feels in full control of the interaction with the system. Easily accessible controls such as
dropdown menus and layer controls allow users to specify the data they want to view and analyze
(Figure 8b)
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[ Mangrove Analysis Dashboard in Taman Nasional Sembilang, South

1 Emlzlkssm Sumatera, Indonesia from 2019 to 2023

Dashboard Controls Y Data Sources:

Map Year Selection
Select Year for Left Map

plk)

Select Year for Right Map

AGB Trend (%/year)

Map Visualizations
2023
AGB Comparison: 2020 vs 2023

S Reset Filters

(@) (b)

Figure 8. Button Reset Filters on Select Year (a) and Sidebar Visualization That Can Be Accessed Anytime (b).

4.3.8. Reduce Short-Term Memory Load

The interface design that does not overload the user's short-term memory makes it easy to
navigate and understand. The use of clear labels and easy-to-understand legends, as well as the
hierarchical organization of information, helps users remember and interpret data without having to
rely on their short-term memory (Figure 9)

. BINUS
UNIVERSITY

Dashboard Controls

Map Year Selection
Select Year for Left Map

2020
Select Year for Right Map

pliyk]

Legends

AGB (C Ton/Ha)

‘ -

AGB Trend (Ton/year)

1 _

AGB Trend (%/year)

Figure 9. Easy to Understand Sidebar Naming,.

5. Conclusions

An Open Sources geospatial intelligence dashboard has been successfully implemented by
combining machine learning analysis capabilities and user-friendly design principles. The dashboard
successfully integrates various data sources through Google Earth Engine (GEE) and is
comprehensively displayed using Streamlit. The comprehensive and user-friendly nature of the
dashboard is evidenced by the application of the 8 Golden Rules of Interface Design.
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Results on machine learning algorithm performance comparison: Random Forest (RF) showed
superior performance compared to Gradient Boosting (GB) for mangrove forest biomass mapping
and estimation. This is evidenced by the R? score of RF, which reaches 0.701, higher than GB, which
reaches 0.601.

A mangrove forest condition monitoring system has been successfully designed with automated
satellite image processing and analysis capabilities. The integration of data from GEE and open
sources Streamlit enables efficient processing of large-scale data, considering the availability of cloud-
free satellite imagery. The developed open sources dashboard can provide temporal data analysis of
mangrove forest condition, including biomass changes and predictions for the coming year,
supporting more targeted data-driven decision-making in mangrove forest conservation and
management efforts in Sembilang National Park Indonesia.
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