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A B S T R A C T   

The Colombian Pacific Coast is renowned for its exceptional biodiversity and hosts vital mangrove ecosystems that benefit local communities and 
contribute to climate change mitigation. Therefore, estimating mangrove aboveground biomass (AGB) in this region is crucial for planning and 
managing these coastal forest covers, ensuring the long-term sustainability of the essential environmental services provided by the Colombian 
Pacific Coast (CPC). This study employed a spatial estimation approach to assess mangrove AGB, evaluating various parametric and non-parametric 
models using a multisensor combination and machine learning on the Google Earth Engine (GEE) platform within the CPC. Synthetic aperture radar 
(SAR) satellite imagery (ALOS-2/PALSAR-2, SRTM, NASADEM, and ALOSDSM) and optical data (Landsat 8) were utilized to quantify mangrove 
AGB in 2022 across the four departments of the CPC. The Random Forest model exhibited superior predictive performance compared to the other 
models evaluated, achieving values of R2 = 0.783, RMSE = 38.239 [Mg/ha], MAE = 27.409 [Mg/ha], and BIAS = 0.164. Our findings reveal that 
the mangrove AGB map for the CPC exhibits a mean ± standard deviation of 181.236 ± 28.939 [Mg/ha] across eight classes, ranging from 88.622 
[Mg/ha] to 378.21 [Mg/ha]. This research provides valuable information to inform and strengthen various management strategies and decision- 
making processes for the mangrove forests of the CPC.   

1. Introduction 

A vital role in the carbon cycles of both land and sea is played by the mangrove forest biome, which is a type of forest cover [1]. 
Located in the intertidal zones of some tropical and semitropical regions, these coastal ecosystems provide numerous ecosystem 
services, such as climate change mitigation, and are among the primary ecosystems for organic carbon fixation and sequestration by 
area [2,3]. The unique ecological characteristics of these forests lie in their ability to efficiently use and sequester atmospheric carbon, 
which is due to their duality of terrestrial and marine ecosystem traits [2]. Land use changes caused by activities such as agricultural 
production, aquaculture, deforestation, and urban sprawl are primarily responsible for reducing the quality and quantity of notable 
benefits provided by these ecosystems, which are currently among the most vulnerable [4,5]. 

Measuring biomass in tropical forest ecosystems and its relationship with carbon sequestration is of great importance in the context 
of developing or improving national and regional policies to reduce greenhouse gas (GHG) emissions, as deforestation or potential 
deterioration of forest cover is responsible for approximately 10 % of global GHG emissions [6]. In situ, quantifying aboveground 
biomass (AGB) in mangroves is typically an accurate methodology, but it can be costly and challenging to apply over large areas. 
Consequently, a practical and economical alternative involves combining remote sensing with field measurements to quantify AGB. 
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Fig. 1. (a) Location of the study area with the plots, within the Region Of Interest (ROI) and mangrove forest defined at [19] (b) Samples of satellite 
information used in different locations, and their false color composition. 
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Although remote sensing is not as accurate as field measurements, it is an effective option for estimating AGB at regional or continental 
scales, aiding in understanding and analyzing forests [6,7]. 

Remote sensing delivers abundant spectral and textural data at varying temporal and spatial resolutions, offering invaluable in
sights into studying the earth’s surface [8]. This data, harvested by both active (such as synthetic aperture radar (SAR) and light 
localization (LiDAR)) and passive sensors (like optical imaging), is frequently used to analyze structural parameters, including height, 
and its correlation with mangrove ecosystem composition [9]. Several studies have demonstrated a substantial and consistent link 
between mangrove height and its biomass content [1,10,11]. Moreover, canopy height potently predicts biomass and carbon in forest 
ecosystems [12]. Likewise, a recent study indicated that taller mangroves sequester more carbon than their shorter counterparts [9]. In 
this investigation, a multi-sensor approach was adopted to gauge the Aboveground Biomass (AGB) in the CPC mangroves using satellite 
data from active sources like ALOS PALSAR/PALSAR2, Shuttle Radar Topography Mission (SRTM) V3, NASADEM, ALOS Global 
Digital Surface Model (ALOSDSM), and passive sources like Landsat 8 OLI/TIRS sensor. Integrating this satellite data with forest in
ventory plots forms a foundational base for estimating AGB in CPC mangroves. 

Several methods for estimating AGB through remote sensing, including parametric models such as linear regression (LR), assume a 
direct relationship between predictive variables and results. However, more than conventional statistical methods might be needed to 
fully capture the potential correlation between biomass in a forest and remotely sensed data [10]. In contrast, non-parametric models 
such as Gradient Tree Boost (GTB) or Random Forest (RF) can integrate various variables following different statistical distributions. 
Additionally, some studies on forest cover suggest that machine-learning techniques can, in some cases, produce better AGB estimates 

Fig. 2. General methodological scheme of the workflow.  
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than traditional techniques [13]. 
Most of Colombia’s mangrove forest cover is on the Pacific Coast (CPC). However, most studies on mangroves have been conducted 

on the Caribbean Coast [14]. Furthermore, the CPC is part of the Chocó/Darién hotspot, which boasts one of the world’s highest 
biodiversity records [5]. Therefore, it is crucial to conduct research that contributes to scientific knowledge, in this case, by focusing on 
the AGB associated with the mangrove cover of the CPC. In this research, we evaluated two remote sensing approaches applied on the 
geospatial analysis platform Google Earth Engine (GEE) [15]: first, a parametric estimation of mangrove AGB in the CPC using LR, and 
second, a non-parametric estimation of mangrove AGB in the CPC using two algorithms, RF and GTB. The specific objectives of this 
research were as follows: (1) to explore the potential presence of spatial autocorrelation of AGB in the mangrove plots of the CPC; (2) to 
evaluate and compare the accuracy and predictive ability of LR, RF, and GTB models in estimating mangrove AGB in the CPC, and (3) 
to estimate mangrove AGB in the CPC and the uncertainty associated with the model demonstrating the best estimation performance. 

2. Description of the study area 

The study area is located in western Colombia and encompasses four Colombian Pacific Coast (CPC) departments: Chocó, Valle del 
Cauca, Cauca, and Nariño. This coastal region extends from north to south, from Punta Ardita on the border with Panama (coordinates 
7◦12′ N and 77◦52′ W) to the Mataje River on the border with Ecuador (coordinates 1◦28′ N and 78◦46′ W) [16]. The coastline features 
diverse geomorphology, including barrier islands, sandy beaches, cliffs, alluvial valleys, tidal flats, intertidal mudflats, and mangrove 
swamps [17]. The CPC is characterized by tropical rainforests with high biodiversity [18]. The region has an average annual rainfall 
ranging from 6821 mm to 7673 mm; however, in some areas, such as Alto Atrato, rainfall can exceed 10,000 mm, making it one of the 
rainiest places in the world. The average annual temperature is 25.7 ◦C and varies between 19 ◦C and 32 ◦C [16]. 

3. Methods 

3.1. General methodological approach of the workflow 

The main methodology of this research was developed through scripting in the GEE platform. Additionally, processes were used for 
some of the data in ArcGIS, QGIS and R. Fig. 2 summarizes the process through three general sections: (1), the preprocessing of spatial 
information that included the selection, masking, and temporal and spatial filtering of the satellite data. (2), the application of LR 
models for the digital elevation data (SRTM, NASADEM and ALOSDSM), and the application of RF and GTB models for a stack of 19 
satellite bands from Landsat 8, ALOS PALSAR/PALSAR2, SRTM, NASADEM and ALOSDSM. In addition, in this section is the per
formance analysis of the different models, the cross-validation process along with the uncertainty analysis. (3) The spatial autocor
relation analysis for the AGB data of the plots by means of the global Moran index. 

3.2. Preprocessing of mangrove plots 

A total of 152 mangrove plots were included in this study for the region of interest (ROI), these plots are distributed throughout the 
CPC (Fig. 1a). Of the 152 plots, 59.2 % (90 plots) were derived from other studies, while the remaining 40.8 % (62 plots) are new plots 
from this study (Table 1). For the new plots collected between March and November 2022, the sampling protocol for structural pa
rameters recommended by Ref. [20] was followed, where the plots were determined through random sampling in the departments of 
Valle del Cauca and Nariño (Table SM2). 

A limitation of this study was the sample plot availability for the ROI. Although it is crucial to maintain a relationship between the 
sample size (plots) and the satellite imagery’s pixel size, various logistical and resource challenges prevented adjusting the sample size 
or adding more plots to align precisely with the imagery’s spatial resolution. Consequently, we used 152 samples with circular and 
square geometries, ranging from 0.015 to 0.190 ha (Table SM2). Given the limited field data available, this approach provided the best 
feasible approximation to assess mangrove AGB variability in the ROI. 

Since canopy height presents a strong relationship with forest AGB and provides valuable information on vertical stand structures 

Table 1 
Database of mangrove plots by department and study.  

Reference Departament Total_plots 

Chocó Valle del Cauca Cauca Nariño 

[26]  11   11 
[27]   4  4 
[28]   12  12 
[29]  44   44 
[30] 10    10 
[31] 2    2 
[1] 4    4 
[32]    3 3 
This study (2022)  28  34 62 
Total_plots 16 83 16 37 152  
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[21], the allometric relationship proposed by Ref. [11] was used to calculate AGB per plot. This pantropical allometric equation (Eq.1) 
is a function of mean stand height and was estimated with globally distributed field data. Moreover, it has been employed in several 
investigations involving mangroves [1,6,22]. 

AGB [Mg / ha] = 10.8 ∗ Heigth(m) + 34.994 (r= 0.774,P< 0.0001) Eq.1 

Subsequently, an exploratory data analysis (EDA) for AGB was conducted using a script in R, where different statistical parameters 
were calculated with the libraries (basic, nortest and boot) [23–25] (Figure SM1). 

3.3. Spatial autocorrelation analysis 

Following the recommendations of [33], this study evaluated the spatial autocorrelation for the AGB dataset of the plots (training 
data) and residuals of the selected model in Section 4. This analysis was implemented using the package ‘spdep’ for R software, 
applying a permutation test for Moran’s I statistic with the function “moran.mc” and using 1000 simulations within the test [34] 
(Fig. 4a). 

3.4. Satellite data 

In this research, a modification of the multisensor approach for AGB estimation proposed by Ref. [8] was used in the mangroves of 
the CPC. The satellite information used comes from active and passive sensors, which are stored in the GEE catalog [35]. The first 
group belongs to the Synthetic Aperture Radar (SAR) record and is divided into two sections: (1) corresponds to the ALOS PAL
SAR/PALSAR2 sensors. This information has undergone several preprocessing steps, such as accurate radiometric and geometric 
corrections, which allow the integration of these data into the workflow [33,36,37]. (2) Three types of digital elevation data were used: 
(I) Shuttle Radar Topography Mission (SRTM) V3, featuring gap-filling preprocessing using open-source data, such as ASTER Global 
Digital Elevation Model (ASTER GDEM2), The Global Multi-resolution Terrain Elevation Data (GMTED2010), and National Elevation 
Dataset (NED) [38]; (II) NASADEM, which is a reprocessing of SRTM information with improvements in accuracy by including 
ancillary data from ASTER GDEM, The Geoscience Laser Altimeter System (GLAS) instrument on the Ice, Cloud, and Land Elevation 
Satellite (ICESat GLAS), and PRISM databases [39]; (III) ALOS Global Digital Surface Model (ALOSDSM), which has an improved 
outlier detection method and was generated from a 5 m resolution DSM [40]. 

For the second group, we worked with the Landsat 8 OLI/TIRS sensor. The surface reflectance optical information of Collection 2 
has undergone orthorectification and atmospheric correction preprocessing that guarantee the quality of the information [41,42]. 
Table 2 shows the configuration of the satellite datasets used, and Fig. 1b shows samples of the information used. 

3.4.1. ALOS PALSAR/PALSAR2 and SAR index preprocessing 
The annual ALOS PALSAR/PALSAR2 mosaics were processed in four stages using a script in GEE. (1), Date and mean filtering 

(Table 2) was performed to reduce seasonal and phenological effects of vegetation cover on the images [33]. (2), A “Refined Lee” 
speckle reduction filter was applied [43]. (3), Digital number values were converted to zero gamma backscatter values γ₀ [dB], using 
Eq.2 [44]. (4), The Radar Forest Degradation Index (RFDI) was calculated through an expression [45] that allows to improve the 

Table 2 
Satellite data set configuration.  

Satellite data Features Dataset 

ALOS PALSAR/PALSAR-2 Core study year 2021 
Image Collection JAXA/ALOS/PALSAR/YEARLY/SAR 
Bands used HH, HV 
Pixel resolution/Range years composite 25 m/2015–2022 

(SRTM) V3 Core study year 2000 
Image Collection USGS/SRTMGL1_003 
Bands used Elevation 
Pixel resolution/Range years composite 30 m/2000 

NASADEM Core study year 2000 
Image Collection NASA/NASADEM_HGT/001 
Bands used Elevation 
Pixel resolution/Range years composite 30 m/2000 

ALOSDSM Core study year 2011 
Image Collection JAXA/ALOS/AW3D30/V3_2 
Bands used DSM 
Pixel resolution/Range years composite 30 m/2006–2011 

Landsat 8 OLI/TIRS (Surface 
Reflectance) 

Core study year 2022 
Image Collection LANDSAT/LC08/C02/T1_L2 
Bands used B1,B2,B3,B4,B5,B6,B7 
Pixel resolution/Range years composite 30 m/2015–2023  
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analysis of the structure and quantification of biomass in forests [46] (Table 3). Finally, a 4-band compositing was performed (Fig. 2). 

γ◦ = 10 log10
(
DN2) − 83.0 Eq.2  

3.4.2. Preprocessing of landsat 8 imagery and mangrove indices 
Landsat 8 images were processed using a script in GEE in four stages. (1), A cloud masking function and a scale factor were applied 

to the image collection [47]. (2), A boundary filter was employed with the ROI and a date filter (Table 2). (3), A median filter applied to 
all matched bands in the collection image set was used to obtain a single composite image to facilitate spectral analysis [48,49]. (4), 
Five specific indices for mangrove recognition were calculated through expressions [45] (Table 3). Finally, a 12-band composition was 
performed (Fig. 2). 

3.4.3. Preprocessing of digital elevation images 
SRTM, NASADEM and ALOSDSM digital elevation images were processed in 3 stages for each one. (1), Boundary filters for ROI and 

date were used (Table 2). (2), The height records of mangroves in the CPC were reviewed in the literature and reports of the tallest trees 
for the CPC were found; this allowed for establishing the limiting heights to apply masking of elevation values in the range of − 2 to 60 
m height in the images within the ROI, in order to decrease the possible noise introduced by elevation outliers [1,32]. (3), Finally a 
3-band composite was performed (Fig. 2). 

3.4.4. Composition and normalization of satellite data 
After the satellite preprocessing, a composition was performed to create a single 19-band package in a collection of images. Then, 

following the recommendations of [55], since the satellite information presented different ranges of values, a min-max normalization 
method was applied to transform the range of values from zero to one to improve the generalization capacity of the machine learning 
models. 

3.5. Predictive methods 

3.5.1. Evaluation of model performance 
[56] recommend evaluating the performance of estimation models for various models by employing the performance parameters: 

root mean square error (RMSE) (Eq.3), mean absolute error (MAE) (Eq.4), coefficient of determination (R2) (Eq.5) and bias (Bias) 
(Eq.6). 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(ŷi − yi)2

√

Eq.3  

MAE=
1
n

∑n

i=1
|ŷi − yi| Eq.4  

R2 = 1 −

∑n
i=1(ŷi − yi)2

∑n
i=1(ŷi − yi)2 Eq.5  

Bias=
∑n

i=1

(ŷi − yi)
n

Eq.6  

Where ŷi, yi represent prediction and observation data for the nth plot respectively; n is the total number of plots to be validated and yi 
is the mean of the biomass observations. 

Table 3 
Indices used for the CPC mangroves.  

Index type Name Index Formula Reference 

Specific optical 
indices for mangroves 

Modular Mangrove Recognition Index MMRI = |MNDWI| − |NDVI|/|MNDWI| + |NDVI| [50] 
Mangrove Vegetation Index MVI = |NIR| − |GREEN|/|SWIR1| − |GREEN| [51] 
Mangrove Index MI = (NIR − SWIR)/(NIR ∗ SWIR) ∗ 10000 [52] 
Normalized Difference Mangrove Index NDMI = (SWIR2 − GREEN)/(SWIR2 + GREEN) [53] 
Combined Mangrove Recognition Index CMRI = (NDVI − NDWI) [54] 

SAR Index Radar Forest Degradation Index RFDI = σ◦

HH − σ◦

HV/σ
◦

HH + σ◦

HV [46] 

Where: NIR = near infrared band, RED = red band, SWIR = shortwave infrared band, MIR = middle infrared band. 
NDVI = Normalized Difference Vegetation Index, NDWI = Normalized Difference Water Index. 
MNDWI = Modified Normalized Difference Water Index, σ◦

HH , σ
◦

HV = Backscattering of dual polarizations.  
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3.5.2. Correlations and linear models 
In this section, digital elevation data (SRTM, NASADEM and ALOSDSM) were used to calculate AGB in GEE with Eq.1. Then, an 

extraction (ee.Image.sampleRegions) per pixel/plot of the AGB value corresponding to each plot location in the respective images [57] 
was performed. Next, the respective correlation analyses and LR of each image were performed in R. Then, for the residuals of the LR, 
the assumptions of normality, homoscedasticity, and linearity [58] were evaluated in R with the package ‘lmtest’. Finally, performance 
parameters were evaluated. 

3.5.3. Machine learning regression models 
The nonparametric RF algorithm is a widely used technique for forest AGB estimates [59]. RF operates by combining the pre

dictions of the results of multiple random and independent decision trees using different subsets of data, which decreases the 
over-fitting in the final estimate [60,61]. The other GTB algorithm, employs a sequential decision tree construction technique where 
each new tree is trained to correct the prediction errors of the previous model [62]. In this method the final prediction is made by 
combining the predictions of individuals weighted by a learning factor related to the importance in the prediction [59]. Additionally, 
for both models in GEE using the function ‘Classifier.explain (.)’, the importance of the explanatory variables in the prediction pro
cesses was calculated. [63], mentions that the greater the contribution in the estimation results of a variable, the higher its importance 
score. 

3.5.4. Hyperparameter tuning 
Machine learning algorithms can be configured by modifying their hyperparameters, which can impact the algorithm’s behavior. 

However, the manual selection of values for tuning hyperparameters is a time-consuming potentially biased, and susceptible to errors 
[64]. As a result, an initial script was coded in GEE to enable the iterative tuning of the number of decision trees (DT) for each model 
(RF and GTB) based on performance parameters. At the same time, the other hyperparameters were set to default values. The goal was 
to minimize computational costs by selecting the smallest number of trees that maximized the model performance (R2) with the lowest 
possible errors (RMSE and MAE). Finally, in Fig. 3, the values of the performance parameters were normalized to facilitate the 
visualization of the tuning process. 

3.5.5. Cross-validation and uncertainty mapping 
The literature indicates that splitting data for training validation in sparse datasets can be inefficient [65]. Therefore, this study 

employed the leave-one-out cross-validation (LOO-CV) approach (with 152 folds), where one validation site is reserved in each 
iteration. LOO-CV was applied by modifying the script compiled for the GEE platform by Ref. [66]. This procedure was applied to both 
algorithms; using the average of the 152 AGB predictions, the respective AGB estimates were obtained for the proposed models. 
Subsequently, the performance parameters of each model were calculated. 

Following the advice of Zhou et al. (2019), the 95 % confidence intervals (CIs) of the 152 respective predictions were calculated for 
each pixel, suggesting that the AGB values present a 95 % chance of being within those CIs (Eq.7). Eq.8 was then used to calculate the 
uncertainty of the AGB estimates. 

Fig. 3. (a), tuning of the DT for RF. (b), tuning of the DT for GTB  
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Fig. 4. Field plots profile of above-ground biomass in the study site.  

Fig. 5. Monte-Carlo simulations.  
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CIs=P± 1.96
S
̅̅̅
n

√ Eq.7  

U=
CIupper − CIlower

P
Eq.8  

where P is the mean AGB of the n predictions, in this study n = 152. S is the standard deviation of the n predictions. 

4. Results 

4.1. EDA and spatial autocorrelation 

The EDA revealed that the mean AGB of the 152 mangrove plots was 180.965 Mg/ha (CIupper:191.870/CIlower:169.255). Fig. 4 
displays the distribution of the plots by department where heterogeneous values of AGB are observed. However, although it can be 
identified that the highest values of AGB per plot are located in the department of Nariño. 

The Monte-Carlo simulation results for the Moran’s I statistic of − 0.00961 and the P-value>0.05 (Fig. 5a) suggest a slight negative 
spatial autocorrelation; however, the P-value = 0.493 indicates that there is insufficient statistical evidence to reject the null hy
pothesis of no significant spatial autocorrelation for the AGB plots in the CPC. This scenario was, similarly observed for the residuals of 
the model selected in section 4.2 (Fig. 5b). 

4.2. Modeling, correlation, comparison and evaluation results 

In Fig. 6 a, b, and c, the AGB dispersion models of the CPC mangroves for the three digital elevation data are observed; they 
presented low correlation coefficients: RSRTM = 0.305, RNASADEM = 0.323 and RALOSDSM = 0.174. In addition, normality tests for the 
residuals of the LR models indicate that they are not normally distributed. Also, in two of the models (SRTM and NASADEM), evidence 
of autocorrelation was found in their residuals (Table SM1). In Contrast, in Fig. 6 d and e, in the dispersion models for the RF and GTB 
estimates of AGB of the CPC mangroves for the 19 explanatory variables, high and similar correlation coefficients were presented: RRF 
= 0.885 y RGTB = 0.820. 

Then, the yield parameters in the estimation of the 5 AGB models for the CPC mangroves were compared (Table 4) and the RF 
model presents the highest R2 = 0.783, with the lowest error and deviation values; RMSE = 38.239 [Mg/ha], MAE = 27.409 [Mg/ha] 
and BIAS = 0.164. 

4.2.1. Variable importance 
Fig. 7 displays 19 multispectral bands selected by the RF algorithm. From left to right 11 bands exceeded 50 % of their relative 

importance, meaning they were more sensitive to mangrove AGB. Additionally, a heterogeneous representation of Landsat 8 optical 

Fig. 6. Comparison of scatter plots of mangrove AGB estimation models in the CPC.  
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bands (B5: near infrared, B2: blue, B3: green, B4: red), ALOS PALSAR/PALSAR2 dual polarimetric SAR data (HV and HH) and digital 
elevation (NASADEM, SRTM and ALOSDSM) is observed among the main importance values. Interestingly, we found that the MVI and 
MMRI indices present a strong and medium sensitivity with AGB in the study area respectively. The remaining eight bands present 
values below 50 % of relative importance where the CMRI index stands out with a weak importance with the AGB of the mangrove in 
the study area. 

4.2.2. Generation of mangrove AGB maps and their uncertainty in the study area 
The final raster layer was exported in GeoTIFF format and then overlaid for each department of the CPC (Fig. 8). The CPC mangrove 

AGB map is shown in 8 classes, ranging from 88.622 Mg/ha to 378.21 Mg/ha, with a mean ± standard deviation of 181.236 ± 28.939 
Mg/ha (Table 5). The primary trend in the study area for mangrove AGB values is heterogeneous, as different AGB classes are mixed 
throughout the CPC. However, some discernible patterns of distinct groupings exist in northern Nariño La Tola and El Charco mu
nicipalities and in the District of San Andres de Tumaco in southern Nariño, where AGB values range from roughly 127–246 Mg/ha. To 
the north, also in Nariño (Santa Bárbara) and part of Cauca in the municipalities of Guapi, Timbiquí, and López de Micay, higher AGB 
values are found, oscillating approximately between 246 and 370 Mg/ha. 

For the department of Valle del Cauca, from Ají Island to the south of Buenaventura Bay, a heterogeneous trend is observed, with 
AGB values ranging from 127 to 276 Mg/ha. To the north of Buenaventura Bay, from Cangrejo Island through the Santa Clara estuary 
in La Bocana to El Tigre Cove, slightly lower AGB values are observed, ranging from 127 to 186 Mg/ha. Further north, around the 
influence from Bahía Málaga to the Pital estuary in Puerto España, AGB values range from 121 to 211 Mg/ha. Finally, in the 
department of Chocó, AGB values ranging from 89 to 292 Mg/ha are reported for the El Litoral del San Juan municipalities, Bajo 
Baudó, Nuquí, and Jurado. 

An uncertainty map was developed to estimate mangrove AGB in the CPC. The result was exported in GeoTIFF format and overlaid 
for each department of the CPC (Fig. 9). High uncertainty values were found in the southern area of Tumaco Bay in Nariño, as well as in 
some municipalities of Cauca and on Partera Island (Cauca). Uncertainty values gradually decrease in the department of Valle del 
Cauca until reaching the southern part of Buenaventura District Bay. Buenaventura Bay and Malaga Bay present a mix of low and high 
uncertainties. In the department of Chocó, a heterogeneous mixture with a tendency towards low uncertainty values was found in some 
municipalities (see Fig. 10). 

Table 4 
Parameters observed for the estimation models.  

Parameters LRSRTM LRNASADEM LRALOSDSM RFa GTB 

R2 0.093 0.104 0.030 0.783 0.673 
RMSE 112.074 124.905 134.975 38.239 43.7454 
MAE 84.33 95.346 105.333 27.409 24.5247 
Bias 56.435 77.608 60.556 0.164 − 2.385  

a The best performance. 

Fig. 7. Relative importance of the 19 optical and radar sensor variables in this study.  
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5. Discussion 

The findings of this research for the AGB of the plots are above the pantropical average of 139.50 Mg/ha and the national average of 

Fig. 8. a, b y c Chocó; d, Valle del Cauca; e, Cauca; y f, Nariño. 
Predicted map of AGB [Mg/ha] in the study site derived from biomass RF model. 

Table 5 
RF estimation statistics for AGB [Mg/ha] in CPC mangroves.  

Site Mean ± stdev Median Variance Minimum Maximum 

CPC 181.236 ± 28.939 185.007 837.457 88.622 378.21 
Chocó 178.241 ± 25.799 180.501 665.603 88.622 292.926 
Valle del Cauca 182.220 ± 23.045 184.495 531.085 95.219 294.801 
Cauca 199.165 ± 25.257 197.502 637.927 104.625 340.118 
Nariño 178.143 ± 31.657 180.998 1002.156 91.938 378.21  
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102.93 Mg/ha reported by Refs. [11,67], respectively. Also, the different AGB values found in the mangrove plots of the CPC may be 
caused by environmental and ecological factors like water salinity, soil depth, substrate type, sediment regime, wave exposure, 
presence of rivers or estuaries, temperature, humidity, and rainfall patterns, among others, which affect and shape the structure, shape, 
composition, and health of mangrove tree species [68]. 

Likewise, this variability of AGB in the mangrove plots of the CPC is a sample of these ecosystem’s complexity and spatial het
erogeneity. It underlines the need to obtain a representative sample of plots to obtain accurate estimates of AGB in the CPC. However, a 
significant limitation found in this study, as pointed out by Ref. [69], is that for Colombia, there is a scarcity of field studies in 
mangrove forests that makes spatial estimates difficult; in addition, sampling in mangroves is complex due to the particular conditions 
(Fig. 8) of this type of ecosystem, (e.g., tidal regime, muddy flats, root structure) and the costs associated with sampling large areas 
[70]. Public order problems and conflicts in the CPC [5] also limited sample collection in certain mangrove areas. Therefore, to 
minimize this obstacle in this research, combining data collected in the field with data from secondary studies was used to have the 
most extensive possible spatial coverage of AGB plots in the CPC to train and validate the information obtained by remote sensing. 

[71], mention that the spatial autocorrelation assessment allows for identifying statistically significant clustering patterns of high 

Fig. 9. a, b y c Chocó; d, Valle del Cauca; e, Cauca; y f, Nariño. 
Uncertainty map of above-ground biomass in the study site derived from biomass RF model. 
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and low values. Moran’s test was used to determine whether observations from AGB plots closer together are more similar than ob
servations farther apart. The results found in this study in the Monte-Carlo simulations for the Moran’s I statistic are very close to zero, 
and the P-value>0.05, suggesting that the alternative hypothesis of the existence of significant spatial autocorrelation should be 
rejected. However, it is important to clarify that this does not necessarily mean no spatial autocorrelation in the data. Although the 
hypothesis test could not find any evidence of spatial autocorrelation, it may exist. In addition, the Monte-Carlo simulation increases 
the confidence in the results of the hypothesis testing [72]. 

The inferences drawn in this analysis for the RL models indicate that the residuals of the linear models were not normally 
distributed (Table SM1.). In addition, two of the SRTM and NASADEM models found evidence of autocorrelation in the residuals. In all 
three cases of RL, the R2 is low, indicating that models based on digital height alone explain little of the AGB variability in the CPC. The 
RMSE and MAE are also high, indicating that the model predictions have a high average error. This may be partly due to the mangrove 
AGB in the CPC’s high complexity and variability, making it difficult to analyze using traditional parametric methods in this situation. 
[33], points out that nonparametric approaches may become more effective in terms of accuracy and results by better capturing 
complex and nonlinear relationships between variables and their spatial and temporal variation. 

The RF model performed the best in making predictions and outperformed the other models evaluated, where parametric and 
nonparametric methods were used to retrieve the amount of AGB in the mangroves of the CPC (Table 4). This result suggests that 
spatializing mangrove AGB from multisensor data, together with the machine learning approach, may eventually improve the accuracy 
of spatial AGB estimation. This inference is supported by the studies of [8,10,73], which suggest that the use of nonparametric machine 
learning algorithms such as RF and GTB can establish complex nonlinear relationships between information from remote sensing in a 
flexible manner (altimetric, radar, and optical data) with national AGB inventory data. Furthermore, these studies also indicate that 
these models can provide good results in the estimation of AGB for mangroves even when the data have an indeterminate distribution. 

The result obtained for the mangrove AGB of the CPC in this study, with a mean ± stdev of AGB of 181.236 ± 28.939 [Mg/ha], is 
above the mean value reported for the Colombian Pacific of 165.47 Mg/ha, which was calculated from altimetric data such as SRTM 
and LiDAR data from ICESAT/Glas and in situ measurements to create global AGB maps for mangroves [1]. Furthermore, it falls below 
the mean value reported for mangroves of 229.91 ± 89.7 Mg/ha of AGB in the tropical rainforests of Chocó, Colombia, where the 
authors employed in situ inventory data and LiDAR information along with an RF machine learning model to convert measurements 
into aerial biomass for the entire region from the coast to the highest elevations of the Andean forests [18]. 

The modeling of AGB values in the study area was highly heterogeneous, although regional patterns of low and high clusters were 

Fig. 10. Samples of the plots in the departments of Nariño and Valle del Cauca.  
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observed in different sectors for the four departments. In northern Nariño and most of Cauca, for example, high AGB values were found 
in the municipalities of Santa Bárbara, Guapi, Timbiquí, and López de Micay. This is consistent with the analyses conducted by 
Ref. [74], and [1], which indicate those locations with exceptionally high mangrove AGB presence. However, it’s worth noting that for 
these locations, the training samples [27,28,32] that informed the selected model span different dates and places over roughly a 
12-year period (Table 1 and Table SM2). This demonstrates that both older and more recent data exhibit notably high AGB values, 
which is evident in the prediction model. In Valle del Cauca, a heterogeneous distribution was observed, but the highest values were 
found in the area from Isla el Ají to the south of Buenaventura Bay. In Chocó, values ranging from 89 to 292 Mg/ha were reported. 
These regional heterogeneous and clustering patterns could be related to different environmental factors, such as soil type, hydrology, 
or topography, suggesting, as one would expect, that there are significant differences in the mangrove ecosystems of the CPC [68,75]. 

Radar-optical-biomass models produce spatial uncertainty associated with AGB estimation. In this regard, each CPC department 
has developed an uncertainty map (Fig. 7). The analyses indicate that high uncertainty values are found in the southern area of Tumaco 
Bay in Nariño and some municipalities of Cauca. This is in line with the research of [18], for mangrove AGB of the CPC, where the 
existence of higher uncertainty associated with high AGB values is mentioned. On the other hand, it is observed that uncertainty values 
gradually decrease in the department of Valle del Cauca until reaching the southern part of the Buenaventura District Bay. In other 
words, the AGB estimates for mangroves in these areas are more accurate due to the greater availability of information from plots. In 
the department of Chocó, a heterogeneous mix with a tendency to low uncertainty values was found in some municipalities. The 
development of an uncertainty map for mangrove AGB estimation in the CPC is a valuable tool to identify areas where the precision of 
the estimation is lower; therefore, more research and data collection efforts are required, this will improve the precision of mangrove 
AGB estimates. 

The present study is novel in the use of multi-sensor data and machine learning approaches to estimate aboveground biomass (AGB) 
in mangroves. This method offers several advantages, such as increased accuracy, cost-effectiveness, and reduced fieldwork. By 
integrating information from multiple sensors, we were able to assess and spatialize the variability in the AGB of different mangrove 
species. In addition, machine learning algorithms allowed us to model complex relationships between variables and improve the 
accuracy of predictions. This new approach for the study area contributes to the estimation and management of mangrove AGB, 
providing more reliable and efficient methods for the monitoring and conservation of these important ecosystems. 

We faced several obstacles during the research, such as limited data availability and difficulties in sampling mangroves. To address 
these challenges, we recommend that future research efforts focus on improving data collection and integration. Remote sensing and 
exploration of drone technology can bring added benefits. In addition, we suggest developing more comprehensive and integrated 
models that consider the multiple structural factors that influence AGB, such as the normal diameter and density of mangrove species 
present. Addressing these challenges and improving methods for estimating AGB will help us better understand and manage man
groves, which play a crucial role in mitigating climate change, protecting coastal communities from natural disasters and sustaining 
local livelihoods. Our study contributes to this broader context by providing accurate and reliable estimates of mangrove AGB, which 
can contribute to policy and management decisions to conserve these valuable ecosystems. 

6. Conclusions 

The spatial autocorrelation analysis of this study found that the AGB information on the plots used did not provide sufficient 
support to claim that the presence of autocorrelation is significant in the study area. The mapping associated with this research exposed 
the heterogeneous variations present in mangrove AGB for the four departments of the CPC. Our results suggest that the methodology 
for developing mangrove AGB mapping from the multi-sensor combination (active and passive sensors) together with machine 
learning using the GEE platform, improves the accuracy of AGB estimation for mangroves compared to traditional parametric models. 
Accordingly, the RF model was the most accurate. This approach, employed for the first time for Colombia in this study, has already 
been implemented in other places such as China [8,10] and the Philippines [73] for different vegetation cover types from mangroves to 
subtropical forests. 

The uncertainty of mangrove AGB was relatively low suggesting that the approach is an interesting tool that can be modified and 
applied in other studies for mangroves elsewhere. The mapping generated in this study is not only an important tool to inform decision- 
making and the strengthening of different use, management, and conservation strategies, but also generates updated information that 
allows for further analysis of different types of factors influencing mangrove dynamics in the region. 

This study has demonstrated the potential of using multi-sensor data and machine learning approaches to estimate aboveground 
biomass (AGB) in mangroves. However, it is important to recognize the limitations encountered that introduce uncertainty, such as the 
lack of high-resolution data and difficulties in sampling mangroves. To address these limitations, future research could focus on 
improving plot sampling methods and exploring alternative machine learning techniques. The results of this study have important 
implications for mangrove conservation and management efforts in the study area. Given the critical role mangroves play in climate 
change mitigation, coastal protection, and the livelihoods of local communities, it is crucial that researchers, policy makers and 
practitioners prioritize mangrove conservation. We call on all stakeholders to use the results of this study to inform and improve AGB 
mangrove mapping and management efforts, and to work towards preserving these important ecosystems for future generations. 

Author contributions 

John J. Selvaraj: Conceived and designed the analysis; Wrote the paper. Bryan E. Gallego: Conceived and designed the analysis; 
Performed the analysis; Wrote the paper. 
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Manag. 14 (2019) 1–15, https://doi.org/10.1186/s13021-019-0117-9. 
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