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1. Introduction  
Accurate estimation of aboveground biomass is an important tool in ecological research, as it can pro-

vide valuable insights into understanding of vegetation growth, ecosystem productivity, and carbon 

storage. This is particularly relevant in Blue Carbon Ecosystems, such as salt marshes, which play a crucial 

role in mitigating climate change and providing coastal protection. Traditional field-based biomass 

measurements, while accurate, are labour-intensive and impractical for large-scale monitoring. Recent 

advances in UAV-based multispectral imaging and high-resolution satellite data provide innovative op-

portunities to overcome these limitations, enabling scalable, cost-effective, and spatially referenced bi-

omass estimation. By integrating field-collected samples, vegetation height (VH) data, and spectral in-

formation, this work develops and tests empirical models capable of predicting biomass across multiple 

data scales. Furthermore, the approach not only identifies the most reliable predictors but also estab-

lishes a methodology for extending UAV-derived models to satellite imagery, thereby supporting re-

gional-scale monitoring of salt marsh dynamics and informing sustainable management strategies. 

2. Methodology  
Saltmarsh aboveground biomass is estimated for the main saltmarsh areas in Northern Region of Por-

tugal and Galicia, combining ground truth information obtained in the field and high-resolution satellite 

imagery. Therefore, very high-resolution multispectral UAV images are classified and their spectral sig-

natures (derived vegetation indices) as well as vegetation height are used to compute aboveground 

biomass (AGB) models and estimate AGB. A similar approach is applied to high-resolution satellite im-

ages. The ground truth obtained in the field and the results from the UAV surveys are used to calibrate 

and validate satellite-image based AGB estimates (Figure 1). 

 

Figure 1 – Workflow for the aboveground biomass estimation from multispectral images.    

Vegetation height 

Vegetation height 
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2.1 Area delimitation 

The study area of this project comprises fourteen salt marshes located in the Northern Region of 

Portugal and in Galicia, Spain, for which high-resolution satellite images were purchased. Three of these 

saltmarshes were surveyed in greater detail (with in situ sample collection and high-resolution 

Unoccupied Aerial Vehicle – UAV – survey): the salt marshes of the Lima river estuary in Portugal, and 

those of the Ria de Vigo and Ria de Betanzos in Spain (Figure 2). Ground truth and insights from these 

three locations are used to calibrate the methodology for the regional analysis of saltmarshes through 

satellite imagery. Three main factors were considered in the selection of the study area: (i) the size of 

the blue carbon ecosystem, (ii) the existence of protected areas integrated into the Natura 2000 

network and (iii) the project budget for satellite image acquisition. 

 

For the three saltmarshes sampled and surveyed in-situ, the sampling process collected biomass from 

both above-ground and below-ground sources, as well as sediment, and aerial images from a 

multispectral camera mounted on a drone (see E 2.7 for further methodological information). The most 

representative species in each saltmarsh were selected, being a total of six species within the study area: 

Sporobolus pumilus (Roth) P.M.Peterson & Saarela (formerly Spartina patens);  Juncus maritimus Lam.; 

Halimione portulacoides (L.) Aellen; Spartina maritima (Curtis) Fernald; Phragmites australis (Cav.) Trin. 

ex Steud; and Zostera noltii Hornem. Samples of biomass from J. maritimus, S. pumilus and P. australis 

were collected in the Viana do Castelo saltmarsh (41.699356, -8.799273), J. maritimus, S. maritima and 

H. portulacoides in Ramallosa (42.115459, -8.819721), and J. maritimus, S. pumilus and H. portulacoides 

in Betanzos (43.305552, -8.219075).  

 

 

Figure 2 – Location of the study areas; in yellow, areas surveyed by satellite, in red, areas surveyed by satellite, drone and 

field campaign with in situ sampling and geolocation. 
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2.2 Drone data 

To obtain high-resolution images for biomass estimation, aerial surveys should be conducted during 

spring low tide using a UAV equipped with a multispectral camera, with adequate flight parameters. 

This project used the built-in camera of a Mavic 3M UAV (DJI, Shenzhen, China) with a built-in 

multispectral sensor (with 45MP) that captures four bands: Green (560 ± 16 nm), Red (650 ± 16 nm), 

Red Edge (730 ± 16 nm), and Near-Infrared (860 ± 26 nm); and a RGB camera (20MP). Other sensors 

with more spectral bands can also be used. Drone flight height was chosen to acquire multispectral 

images with a Ground Sample Distance (GSD) of approximately 3 cm, and RGB imagery with 2 cm GSD. 

Flights were further planned with 85% forward and 70% side overlap between images to ensure good 

orthorectification and image mosaic construction. Radiometric calibration was performed using an 

integrated sun sensor. 

The imagery datasets are then processed into high-resolution orthomosaics. Multispectral data is used 

for the production of vegetation indices, that are subsequently related to observed above-ground 

biomass. The higher-resolution RGB data is used to support the reliable identification of surface cover 

for image classification and the determination of the species’ cover areas.  

 

2.3 Satellite data 

There are several commercial satellite constellations that provide satellite images with a better 

resolution than the freely available data, e.g. from Sentinel satellites, which have a resolution of 10m. 

For this project, satellite data was provided from the Maxar satellite constellation, including World-View 

2, 3, and 4, as well as Legion. Multispectral data from these satellite sensors has eight spectral bands 

(listed in Table 1) with 1.2m GSD and an additional panchromatic band with 0.3m GSD. A pan sharpening 

post-processing can be done to achieve 0.3 m of GSD for the multispectral data. Satellite images were 

obtained for all sites in the study area (Figure 2). To better illustrate the differences in spatial detail 

between the data sources employed, a resolution comparison between drone imagery (0.03 m GSD) 

and satellite imagery (0.3 m and 1.2 m GSD) is provided (Figure 3). For more information about Maxar 

satellites, please visit this link (https://earth.esa.int/eogateway/missions/worldview). 

 

  

https://earth.esa.int/eogateway/missions/worldview
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Table 1 – World-View and Legion satellite constellation spectral bands. 

Band Name Legion World- View 

Coastal 400 – 450 nm 400 - 450 nm 

Blue 450 – 510 nm 450 - 510 nm 

Green 510 – 580 nm 510 - 580 nm 

Yellow 585 – 625 nm 585 - 625 nm 

Red 630 – 690 nm 630 - 690 nm 

Red Edge 1 695 – 715 nm 705 - 745 nm 

Red Edge 2 730 – 750 nm  

Near IR 1 770 – 895 nm 770 - 895 nm 

Near IR 2 
 

860 - 1040 nm 

 

 

       
                                 (a)                                                                     (b)                                                                     (c) 

Figure 3. Example of UAV with 0.03 m GSD (a) and of satellite images with 0.3 m (b) and 1.3 m GSD (c) 

for the Betanzos saltmarsh. 
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2.4 Regression models 

The objective of the modelling stage is to establish statistical relationships between the biomass and 

plant height measured in the field, and the vegetation indices (VIs) derived from the imagery. Biomass 

serves as the dependent variable, while plant height and VIs are tested as predictors. The workflow is 

designed to first evaluate spectral information from VIs as the primary structural variable, then assess 

the additional contribution of plant height.  By systematically comparing models with different VIs and 

considering different functional forms (linear, exponential, power-law), the protocol ensures the 

selection of the best models with strong predictive performance. These models will serve both for local 

biomass estimation and for the upscaling to predictions through satellite imagery. 

 

2.4.1 Vegetation Indices 

Vegetation indices are commonly used to identify vegetation and assess its state or vitality. They can 

also be used to determine above-ground biomass. Here, twelve VI were selected and tested to explore 

the possible relationship between biomass and the spectral information from the imagery. The indices 

were selected based on Mavic 3M band availability and a literature review for biomass estimation 

through spectral signature. Indices are listed in Table 2. 

 

Table 2 – Vegetation indices with equation and reference 

Indices Equation 
Refer-
ence 

Chlorophyll Vegetation Index (CVI) 
𝑵𝑰𝑹 × 𝑹𝒆𝒅

𝑮𝒓𝒆𝟐
 [1] 

Difference Vegetation Index (DVI) 𝑵𝑰𝑹 − 𝑹𝒆𝒅  [2] 

Green Chlorophyll Index (GCI) 
𝑵𝑰𝑹

𝑹𝒆𝒅
− 𝟏 [3] 

Green Difference Vegetation Index (GDVI) 𝑵𝑰𝑹 − 𝑮𝒓𝒆 * 

Enhanced Normalised Difference Vegetation Index (ENDVI) 
(𝑵𝑰𝑹 − 𝑮𝒓𝒆) − 𝟐𝑹𝒆𝒅

(𝑵𝑰𝑹 − 𝑮𝒓𝒆) + 𝟐𝑹𝒆𝒅
 [4] 

Excess Red (ExR) 𝟏. 𝟒𝑹𝒆𝒅 − 𝑮𝒓𝒆 [5] 

Green Normalised Difference Vegetation Index (GNDVI) 
𝑵𝑰𝑹 − 𝑮𝒓𝒆

𝑵𝑰𝑹 + 𝑮𝒓𝒆
 [6] 

Modified Green Red Vegetation Index (MGRVI) 
𝑮𝒓𝒆𝟐 − 𝑹𝒆𝒅𝟐

𝑮𝒓𝒆𝟐 + 𝑹𝒆𝒅𝟐
 [7] 

Normalised Difference Red Edge Index (NDREI) 
 

𝑵𝑰𝑹 − 𝑹𝑫𝑮

𝑵𝑰𝑹 + 𝑹𝑫𝑮
 [8] 

Normalised Difference Vegetation Index (NDVI) 
𝑵𝑰𝑹 − 𝑹𝒆𝒅

𝑵𝑰𝑹 + 𝑹𝒆𝒅
 [9] 

Renormalised Difference Vegetation Index (RDVI) 
𝑵𝑰𝑹 − 𝑹𝒆𝒅

√𝑵𝑰𝑹 + 𝑹𝒆𝒅
 [10] 

Ratio Vegetation Index (RVI) 
𝑹𝒆𝒅

𝑵𝑰𝑹
 [11] 

              Bands: Gre—Green; RDG—Red Edge; NIR—Near Infrared. 
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2.4.2 Vegetation Height 

Aerial images mainly capture the reflectance of the surface of vegetation, which means that the 

information provided by a vegetation index can reach saturation for a given plant layer, meaning that 

increasing the thickness of the layer (and therefore the biomass) will not change the value of the VI.  

Plant height is related to biomass, therefore constituting a potentially relevant additional predictor of 

biomass when using aerial images. Therefore, while sampling biomass from selected vegetation species, 

plant height is measured (e.g. using a graded pole). These measurements are later used in empirical 

models to evaluate the relationship between height and biomass. To estimate plant height across the 

entire study area, two approaches are applied. (i) For areas surveyed by drone, a Digital Elevation Model 

(DEM), representing the height including the vegetation, is generated from drone imagery. To obtain 

vegetation height, Digital Terrain Models (DTM), which reflect the elevation of the ground, without 

vegetation, obtained from LiDAR data and provided by the Plan Nacional de Ortofotografía Aérea 

(PNOA, Spain) and the Direção-Geral do Ordenamento do Território (DGOT, Portugal) is used and 

compared to the DEM. This way, VH can be derived by subtracting the DTM elevation (PNOA/DGOT) 

from the DEM elevation (drone). (ii) For areas covered only by satellite imagery, a similar approach is 

used. However, since satellite data do not provide DEMs in the same way as drone images, available 

DEM will be extracted directly from PNOA and DGOT. Plant height is then extracted using the same 

methodology, by subtraction.  

  

2.4.3 Biomass x VI and VH empirical model 

The modelling process begins by testing the relationship between each VI and biomass. Several equation 

forms are fitted, including linear (𝒀 = 𝒂𝑿 + 𝒃), power-law (𝒀 = 𝒂𝑿𝒃), and exponential (𝒀 = 𝒂𝒃𝑿). The 

best-fitting equation is selected based on statistical criteria such as coefficient of determination (R²), 

root mean square error (RMSE), and predictive ability under cross-validation. Although VIs might show 

weaker predictive power when used alone, this step ensures that the most promising VI–biomass 

relationship is identified. In parallel, VH is compared against biomass using the same set of equations 

and evaluation criteria. In the next stage, VIs are incorporated into height-based models to build 

multiple regressions of the form Biomass 𝒇(𝑽𝑯, 𝑽𝑰).  

 

2.5 Drone Image Classification 

A supervised classification of land use and land cover using drone data is carried out to assess vegetation 

cover species in the study area. The classification is performed in QGIS [12] software with the Semi-

Automatic Classification Plugin [13] and the Random Forest algorithm, configured with 700 trees and a 

minimum node size of 2. The classes of land use and land cover are defined according to three criteria: 

(i) species sampled in the field campaigns, (ii) other covers relevant in the field, (iii) visual distinctiveness 

in the orthomosaic, and (iv) their importance for the study objectives. 

 

Training areas are drawn based on georeferenced in situ sampling data and visual interpretation of the 

orthomosaic. For each land cover class, approximately 4,000 pixels should be collected to ensure a 
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robust and representative training dataset. Within each class, multiple polygons are defined across the 

study area rather than concentrated in a single location, thereby reducing spatial autocorrelation and 

improving the generalisation of the classification. To ensure sufficient representation, polygons have a 

minimum size of 100 pixels and are distributed across the study area to capture variability in the spectral 

signatures within the observed class. For instance, training polygons for vegetation classes include high- 

and low-density canopy, as well as colour variation within the same cover. This strategy accounts for 

intra-class heterogeneity and enhances the classifier's ability to distinguish between spectrally similar 

classes. 

 

Spectral separability among classes is assessed by calculating the Euclidean distance between spectral 

signatures of the training areas. This analysis is used for subsequent adjustments, including redefinition 

of training areas belonging to classes with significant spectral overlap, or in some cases, the merging of 

similar classes before classification. 

 

The accuracy of the classification is evaluated using randomly selected pixels from the classification 

orthomosaic, with the reference class determined through visual interpretation. Only pixels located 

within homogeneous regions should be considered, to minimise boundary effects. Specifically, pixels 

are selected from square areas of 3 × 3, 4 × 4, or 5 × 5 pixels, ensuring that each reference pixel is 

surrounded by 8, 15, or 24 adjacent pixels of the same class. Reference pixels are then selected 

randomly, but only within areas that meet this homogeneity criterion. These reference pixels are then 

compared with the classification results, and an error matrix is generated. The number of reference 

pixels used in the accuracy assessment is determined based on the proportional area of each class and 

the expected standard deviation, as shown in the equation below. 

 

𝑵 =  (∑(𝑾𝒊 ×  𝑺𝒊)/𝑺𝟎

𝟔

𝒊=𝟏

)

𝟐

 

 
𝑵= Number of pixels used in the accuracy evaluation; 

𝑾𝒊= Proportion of the area mapped as class i; 

𝑺𝒊= Standard deviation of class i; 

𝑺𝒐= Expected standard deviation of overall accuracy. 

 

2.6 Satellite Image Classification 

The workflow for satellite image classification follows a very similar procedure to that applied to drone 

imagery, with the main difference lying in the definition of training areas. Training areas for satellite 

images should be selected from the corresponding land cover classifications of the drone surveys. The 

sites where both drone and satellite data were collected (Betanzos, Ramallosa, and Lima) are therefore 

used for training the satellite models for species recognition. After successful training, classification can 

be extended to the remaining surveyed areas. 



Protocol for aboveground biomass estimation from satellite images 

 

10 

 

 

The configuration of the Random Forest classification model mirrors that used in the drone-based 

analysis. For training areas, a minimum object size of 100 pixels is required, and the total number of 

training pixels per cover class should be at least 4,000. As with drone image classification, intra-class 

heterogeneity must be considered to ensure good representation of variability within classes. Spectral 

separability should also be considered and assessed for optimal results. Additionally, confidence maps 

generated from drone classifications can be used to refine and enhance the quality of the training areas 

for the satellite data. 

 

Once trained, the classification is evaluated using the same accuracy assessment procedures as the 

drone imagery. If performance metrics are satisfactory, the resulting model is saved and subsequently 

applied to satellite images from areas without corresponding drone surveys. Since three separate 

models are generated—one for each of the sites with drone coverage—the model applied to any given 

satellite image should be the one geographically closest to the study area in question. 

 

2.7. Total Biomass Estimation 

 

Finally, the estimation of biomass in the whole study area is made using the following steps. 

 

2.7.1 Selection of the best empirical model 

The best-fitting empirical model should be identified based on the performance metrics reported in 

Section 2.4. This model will then be used for biomass estimation. 

 

2.7.2 Generation of predictor raster layers 

A multiband raster should be constructed by stacking all predictor variables included in the best-fitting 

model. Before stacking, all layers must be checked for spatial alignment and consistent resolution to 

ensure comparability across predictors. 

 

2.7.3 Species-specific masking 

Classified imagery is then used to generate binary masks for each species of interest targeted for 

biomass estimation. To minimise error, the accuracy of the classification is assessed using the 

classification validation results (Section 2.5) and, where possible, confidence maps derived from the 

drone-based classifications. 
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2.7.4 Pixel-level biomass estimation 

The selected empirical model is applied to the multiband raster (Section 2.7.2), with spatial restrictions 

imposed by the species-specific masks (Section 2.7.3). This process produces species-specific biomass 

rasters across the study area. 

 

 

2.7.5 Aggregation of biomass values 

Biomass rasters can be summarised by calculating the sum of pixel values for each species of interest. 

Aggregation can be performed at multiple scales (species, specific area, region and whole study area), 

enabling both detailed ecological analysis and broader landscape-level interpretation. 

 

2.7.6 Uncertainty assessment 

To evaluate the reliability of biomass estimates, prediction uncertainty must be quantified. This includes 

the reporting of model errors and an assessment of potential uncertainty introduced by classification 

inaccuracy. 

 

3. Limitations and Future Perspectives 
While this protocol provides a structured guideline for biomass estimation in salt marsh ecosystems 

through remote sensing techniques, several limitations should be acknowledged. First, biomass 

sampling and UAV surveys are temporally restricted, and the seasonal dynamics of vegetation growth 

may introduce variability that is not fully captured in the present dataset. Second, classification accuracy 

is highly influenced by spectral similarities among species and by atmospheric conditions that affect 

satellite imagery, which can introduce errors. Third, uncertainties in Digital Elevation Models and terrain 

corrections can propagate into vegetation height estimates, influencing model precision. Despite these 

challenges, integrating UAV and satellite data remains a relevant approach to scale local observations 

to larger regions. Future work could consider repeated monitoring to capture seasonal and interannual 

variability, incorporate more areas surveyed by drone, and further refine uncertainty quantification 

methods. These steps can strengthen the applicability of the protocol and enhance its relevance for 

conservation planning, carbon estimation, and ecosystem management. 

 

4. Conclusion 
This document presents a comprehensive protocol for estimating biomass in salt marsh ecosystems by 

integrating field sampling, UAV surveys, and satellite imagery. The proposed methodology allows the 

evaluation of different predictors, calibration of empirical models, and scaling up biomass estimation to 

broader regions. Beyond providing assessments of biomass distribution, this approach contributes to 

the advancement of monitoring tools for Blue Carbon Ecosystems, with direct implications for 

conservation, restoration, and climate change mitigation. Future applications may expand the temporal 
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dimension of monitoring, refine uncertainty analysis, and integrate additional remote sensing 

technologies, reinforcing the role of such protocols in sustainable coastal and land management. 
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