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Highlights

What are the main findings?

• RGB and multispectral (MS) UAS imagery, combined with a Random Forest classifica-

tion model, enabled the distinction between seaweed farms and surrounding benthic

habitats and achieved an increased habitat mapping accuracy of 87%, Kappa = 0.82.

• RGB imagery enabled the classification of seaweed cultivation farms (Kappaphycus

alvarezii), green algal bloom, and sandy bottoms with an accuracy of over 85%. A

significant difference was shown between RGB and MS imagery performance (85% vs.

89%). However, RGB imagery alone may provide a satisfactorily accurate and more

cost-effective alternative for operational monitoring of shallow habitats under optimal

illumination and water clarity conditions.

What are the implications of the main findings?

• This study highlights the central role of visible-spectrum information and supports

the use of a cost-effective RGB approach for operational aquaculture monitoring.

• This approach supports integrated marine spatial planning by enabling regular assess-

ment of aquaculture interactions with sensitive coastal marine habitats.

Abstract

Madagascar’s expanding blue economy is largely underpinned by seaweed aquaculture,

particularly Kappaphycus alvarezii (Cottonii), which offers an alternative to declining small-

scale fisheries and strengthens the resilience of coastal socio-ecosystems. Ensuring the

sustainability of this economic activity requires effective ecological monitoring of aquacul-

ture sites and surrounding habitats. This study examines and compares the performance

of two imaging configurations—an RGB composite derived from a subset of multispec-

tral images capturing red (650 nm), green (560 nm), and blue (450 nm) bands; and a

five-band multispectral (MS) image encompassing blue, green, red, red-edge (730 nm),
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and near-infrared (840 nm) bands—combined with a Random Forest (RF) classification

model, for benthic habitat mapping in a seaweed cultivation context. High-resolution

orthomosaics (2 cm/pixel) enabled the discrimination of Kappaphycus cultivation plots

from three shallow-water habitats: (i) ‘benthic macrophytes’, which comprise: seagrass

meadows and benthic macroalgal; (ii) ‘sandy bottom’ and (iii) ‘green algae’. The RF classifi-

cation achieved an overall accuracy of 87% (Kappa = 0.82) across ~10 hectares. Producer’s

accuracy exceeded 80% for Kappaphycus cultivation, green algae, and sandy bottom for

both the RGB and MS datasets, indicating strong classification performance. However,

early-stage seaweed was occasionally misclassified as benthic macrophytes, likely due to its

low biomass and weak spectral signature. This UAS-based approach provided a robust and

cost-effective framework for monitoring off-bottom seaweed farms and associated natural

habitats. This approach supports sustainable aquaculture development and integrated

coastal management in Madagascar and comparable tropical reef socio-ecosystems.

Keywords: UAS imagery; seaweed aquaculture; Kappaphycus alvarezii; Cottonii; RGB and

multispectral imagery; random forest classification model; green algal blooms; benthic

habitat mapping; Madagascar

1. Introduction

1.1. Shallow Water Habitat Mapping

Tropical coastal socio-ecosystems represent some of the most ecologically and eco-

nomically significant environments on Earth. Characterized by high biological diversity

and productivity, they encompass a mosaic of interconnected habitats—including seagrass

meadows, coral reefs, macroalgal zones, mangroves, intertidal rocky shores, and reef–

lagoon complexes. These habitats sustain complex ecological interactions and underpin

critical ecosystem services, such as carbon sequestration, shoreline protection, and nursery

functions for fish and invertebrates [1,2]. Against this backdrop, the concept of the coastal

blue economy has emerged as a globally relevant policy framework, seeking to reconcile

marine conservation objectives with sustainable economic development [3]. This framing

carries particular weight in low- and middle-income countries such as Madagascar, where

coastal communities are highly dependent on marine resources for both food security and

livelihood stability [4–6].

Within the spectrum of blue economy activities, seaweed aquaculture has attracted

growing attention (e.g., United Nations Global Seaweed Initiative -UNGSI 2025) as a

sector capable of delivering ecological co-benefits alongside socioeconomics gains [7,8].

The cultivation of Kappaphycus alvarezii, a red algae (Rhodophyta) commercially known

as Cottonii (hereinafter referred to as Kappaphycus), has undergone rapid expansion in

Madagascar over the past 15 years, positioning itself as a viable alternative to declining

small-scale (artisanal) fisheries and a source of income diversification in coastal areas.

This trajectory is significant insofar as it partially offsets reliance on small-scale capture

fisheries—notably, octopus harvesting and subsistence fishing—in shallow reef–lagoon sys-

tems [9,10]. However, ensuring the long-term viability of seaweed production necessitates

robust monitoring frameworks capable of capturing environmental variability and spatial

interactions between aquaculture and co-located natural habitats [11–14].

Advances in geospatial technology and remote sensing imagery—encompassing satel-

lite and UAS-based imagery—provide an increasingly powerful methodological basis for

these monitoring requirements in coastal ecosystems [14–16]. Satellite imagery, whilst of-

fering broad spatial coverage and the capacity for long-term monitoring, is constrained by
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coarser spatial resolution, atmospheric interference, and inflexible acquisition scheduling.

Uncrewed Aerial Systems (UASs, or drones), by contrast, enable the collection of high-

resolution imagery at fine spatial and temporal scales, facilitating cost-effective habitat

characterization and environmental assessment [17–19]. The integration of RGB (con-

ventional) and multispectral (MS) sensors substantially improves the discriminatory ca-

pacity between distinct benthic habitat types and supports the detection of temporal

change [20–22]. Recently, Innoncentini et al. (2024) [23] analyzed and recommended

four MS indices (ABDI1, ABDI2, CIG, and GNDVI) for the segmentation of images in

Kappaphycus commercial production. When combined with machine-learning-based image

classification, this approach yields detailed, spatially explicit habitat maps with demon-

strated utility for spatial planning and aquaculture management [24–26]. UAS-based

mapping across visible and near-infrared wavelengths has, in particular, shown strong

potential for quantifying seaweed biomass, assessing canopy health, and detecting struc-

tural changes in adjacent natural habitats [25,27,28]. However, studies simultaneously

assessing both seaweed farming and co-located natural habitats remain scarce. Such a

coupled approach is particularly relevant to the holistic perspective needed to support

the sustainability of blue economy activities within the preservation of coastal marine

socio-ecosystems.

A further application of direct relevance to aquaculture management is the early detec-

tion of biological disturbances such as algal blooms, also referred to as “green tides”, which

can exert adverse effects on both the seaweed aquaculture production system and natural

habitats [28,29]. Remote sensing offers an operationally efficient means of identifying

such events, thereby enabling timely management intervention, limiting production losses,

and supporting ecosystem integrity [29–31]. Despite this potential, systematic remote

sensing monitoring remains largely absent from tropical seaweed aquaculture operations,

particularly across East Africa seaweed production zones, where farming is conducted

predominately in very shallow waters (less than 1 m at low tides) using the off-bottom

technique (pegs or lines) anchored to the substrate [9]. Integrating UAS-based approaches

into routine monitoring therefore constitutes a strategic priority for advancing both the

ecological sustainability and economic resilience of the sector [16,26,32].

1.2. Scope of the Study

This study examines and compares the performance of two imaging configurations:

an RGB composite derived from a subset of multispectral images capturing red (650 nm),

green (560 nm), and blue (450 nm) bands; and a five-band multispectral (MS) image encom-

passing blue, green, red, red-edge (730 nm), and near-infrared (840 nm) bands—deployed

over the shallow reef–lagoon system of Nosy Boraha (Sainte-Marie Island), Madagascar.

The study addresses three interconnected mapping objectives: (i) the delineation of Kap-

paphycus seaweed cultivation sites, (ii) the characterization of co-located shallow-water

natural habitats, and (iii) the detection of green algal blooms, with the aim of spatially

identifying farms affected by “green tide” episodes. Complementary to these objectives, the

study evaluates the spectral discrimination between Kappaphycus cultivation and surround-

ing benthic habitat classes at the seaweed production site, assessing the discriminatory

capacity of each sensor configuration for fine-scale habitat mapping in a tropical reef lagoon

context. Both datasets (RGB, MS) were integrated within a machine-learning classification

workflow to assess their capacity to discriminate cultivated seaweed from key benthic

habitat classes—benthic macrophytes, sandy bottom, and green macroalgae—with outputs

systematically compared and validated. To our knowledge, this study represents one of

the first contributions employing UAS-based multispectral imagery for coastal habitat

mapping at a Kappaphycus production site in Madagascar.
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2. Materials and Methods

2.1. Study Site

Nosy Boraha (also called Sainte-Marie Island) is located on the north-eastern coast

of Madagascar. The study was conducted in a ~10 ha (approx. 380 m × 270 m) seaweed

farm zone, in the shallow reef system forming a coastal lagoon and located on the N-E side

of the island (Figure 1). The lagoon has a mean depth ranging from 1.5 to 3 m, with tidal

amplitudes varying between 0.5 and 2 m. Seaweed aquaculture of Kappaphycus takes place

in the lagoon and is operated by different companies. Nosy Boraha Seaweed company

(NBS) has developed such aquaculture in the northern part of the lagoon using the off-

bottom lines farming technique, which is typically used in very shallow waters (less than

1 m at low tide) [9]. The total surface area allocated to seaweed farming is estimated at

approximately 300 ha, of which cultivation plots occupy only 8.3%, approximately 25 ha

(pers. measurements in GIS). Seaweed production areas are primarily located on flat, sandy-

bottom areas interspersed with sparse seagrass meadows and benthic macroalgal zones.

Seagrass meadows of the genera Thalassia spp. and Halophila spp. are the most abundant,

followed by mixed macroalgal assemblages dominated by Caulerpa spp., Hydroclathrus spp.,

and Acanthopora spp. (pers. observations).

 

Figure 1. (A) Study site location in the Western Indian Ocean: Nosy Boraha, on the north-east

coast of Madagascar. (B) Google Earth view of northern lagoon of Nosy Boraha with the NBS sea-

weed farms enlarged (blue frame). (C) Ecological zones map, with the RGB composite enlarged,

showing a multispectral orthomosaic (pink frame). Four habitat classes were manually annotated:

polygons in light brown denoted Kappaphycus cultivation; in dark green, benthic macrophytes, com-

prising mixed assemblages of seagrass meadows (Halophila spp.) and benthic macroalgae (Caulerpa

spp. and Hydroclathrus spp.); in light grey, sandy bottoms; and in light green, green macroalgae

(Cladophora spp.).

Overall, Nosy Boraha Seaweed company supervises up to 726 cultivation plots man-

aged by 121 farmers. The Kappaphycus cultivation cycle, from seeding to harvest, has a mean

duration from 35 days to 45 days. Each farmer manages six cultivation plots, which are

planted sequentially throughout the month to ensure staggered harvesting and continuous

income. This practice results in multiple developmental stages occurring simultaneously

within individual farms and across the cultivated area. Farmers are responsible for all

stages of the production cycle, including initial planting and routine maintenance, with

https://doi.org/10.3390/drones10040276

https://doi.org/10.3390/drones10040276


Drones 2026, 10, 276 5 of 19

cleaning of cultivation lines conducted twice per week. NBS provides technical oversight

(five technicians inspecting each plot once per week) by monitoring planting quality, assess-

ing growth performance, detecting signs of parasitism, and determining harvest readiness.

2.2. Field Data Collection

Underwater surveys targeting benthic components and habitat description were con-

ducted by snorkeling in November 2024, following the ‘Timed Swims’ protocol of Hill

and Wilkinson (2004) [33]. The expert swam for approximately 15 min per session, record-

ing observations at 17 fixed GPS points located predominantly on farm structures (fixed

points). At each point, a detailed semi-quantitative description of benthic components

was noted using abiotic and biotic categories; organisms were identified to genus and

species level where possible. For the AUS mapped zone, eight GPS points were selected

to ensure representative sampling of Kappaphycus farms at different growth stages, while

also covering the three habitat classes of interest: benthic macrophytes, sandy bottom, and

green algae (Table 1). Underwater images were additionally captured to illustrate benthic

components and validate field identifications (Table 1). GPS coordinates were recorded

using a SparkFun GNSS RTK Facet receiver (firmware version v3.2), with a positional

accuracy of 2.5 m. RTK correction was not applied, as this service was unavailable in the

study area.

Table 1. Description of benthic habitat class and visual interpretation on orthomosaic.

Habitat Class

Description
N◦ Underwater View

Visual Interpretation
on Orthomosaic

1

Kappaphycus farms

Kappaphycus farms at different grow stages:
Early stage → 1 week after seeding.
Mid-stage → 2–3 weeks after seeding.
Harvest stage→ 4 weeks to 45 days after seeding.

2

Benthic macrophytes

Area dominated by mixed assemblages of benthic macrophytes:
seagrass meadows (Halophila spp.) and macroalgae (Caulerpa
spp. and Hydroclathrus spp.). Benthic cover >70 %

3

Sandy bottom

Unvegetated sand. Benthic cover >90 %

4

Green algae

Sampling zones including: Kappaphycus farms colonised by
green algae and colonised substrate.
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2.3. UAS Acquisition and Processing

2.3.1. Overview

The UAS survey was conducted in the early morning of 30 October 2024 (transitional

season period), over the shallow intertidal and sub-tidal zones of NBS Kappaphycus culti-

vation. In total, 21 farms corresponding to 126 plots were mapped. At the moment of the

survey (7 h), the ebb tide was hide tide (at 6 h 35 min, ~1.5 m depth). The illumination

was quite similar during the survey. In the study area, the visibility of water was very

good, without any apparent turbidity. The UAS survey had two primary objectives: (i) to

acquire very-high-resolution multispectral imagery suitable for the detailed identification

and mapping of Kappaphycus cultivation plots and associated habitats, including benthic

macrophytes such as seagrass meadows, benthic macroalgal assemblages, sandy bottoms,

and occurrences of green algal bloom; (ii) to establish an efficient data acquisition and

processing workflow enabling reliable spectral discrimination between cultivated seaweed

and co-located natural habitats. The overall approach combined in situ underwater census

(field data collection), photogrammetric processing, manual annotation (labelling) within a

geographic information system (GIS), and the application of machine-learning techniques

to discriminate the target classes (Figure 2).

 

Figure 2. Workflow diagram for collection, processing, and classification of UAS imagery.

2.3.2. UAS Platforms and Sensor Specifications

The DJI Phantom 4 Multispectral (P4M) UAS was employed in this study. This

platform integrates a multispectral sensor capturing reflectance data in five narrow spectral

bands: blue (450 nm ± 16 nm), green (560 nm ± 16 nm), red (650 nm ± 16 nm), red-edge

(730 nm ± 16 nm), and near-infrared (NIR, 840 nm ± 26 nm). The aircraft was equipped

with an onboard solar irradiance sensor, which allowed the reflectance calibration of images.

The flight’s altitude was set to 30 m above the water’s surface for achieving optimal ground

sampling distance (GSD). Two flights were conducted while applying 70% lateral and

frontal overlap, a double grid with a 45◦ camera angle, and a flight path orientation from

away from sun to avoid sun glint and the potential of inducing noise in the images. Gimbal

tilt angles and flight orientations relative to the solar azimuth were tested to optimize image

sharpness and minimize specular reflection due to sea surface roughness. Off-nadir flights

(45◦) were preferred over nadir flights (90◦) as the former minimize sun glint, particularly
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during low solar elevation windows (5 h–7 h local time). Flight tracks were scheduled to

enhance overlap geometry and mitigate systematic distortions such as “doming” effects

in the Structure-from-Motion (SfM) reconstructions. The visible and red-edge bands are

important for detecting contrasting features between seaweed and benthic substrates

(sandy bottoms, benthic macrophytes, green algae). The multispectral images were used to

compute spectral indices [26], supporting the discrimination of submerged and emergent

specimens within the study area.

2.3.3. Image Processing and Photogrammetric Workflow

UAS imagery was processed following a standard photogrammetric workflow using

Agisoft Metashape Professional (V2.1). A single global photogrammetric process was con-

ducted, comprising all images from the two surveys. The reconstruction process included

image alignment, dense point cloud generation, and orthomosaic production. The fol-

lowing processing parameters were applied: (i) Align photos—medium accuracy; generic

preselection: yes; reference preselection “checked”: source. (ii) Build dense cloud—quality:

medium, filter: mild. (iii) Build DEM—source: dense cloud. (iv) Build orthomosaic—source:

DEM. Image reconstruction was performed on a high-performance workstation with a

multi-core CPU (central processing unit) and GPU (graphical processor unit) acceleration.

Spatial accuracy (ground sampling distance) was enhanced through the use of 8 ground

control points (GCPs—GNSS Sarkfun, version v3.2, accuracy of 2.5 m) collected in the

field, predominately in fixed reference locations (farm structures). This ensured accurate

georeferencing of the orthomosaics. Individual spectral-band orthomosaics were further re-

fined through SfM processing, camera-specific geometric calibration, and the integration of

navigation metadata for bundle adjustment and georeferencing, resulting in a final spatial

resolution of approximately 2 cm per pixel. The radiometric corrections applied during

photogrammetric processing were based on: (a) metadata contained in the image EXIF

files, collected by the irradiance sensor (Downwelling Light Sensor) onboard the UAS; and

(b) camera exposure parameters. These corrections were implemented within the pho-

togrammetric workflow to improve radiometric consistency across the orthomosaic meta-

data. A calibration panel was not used on the field for radiometric correction. Consequently,

the resulting data correspond to radiometrically normalized reflectance estimates rather

than absolute surface reflectance measurements. The water clarity was optimal throughout

the survey due to the oligotrophic water conditions in the area; thus, it did not influence

the spectral responses of habitats. Though depth ranges from 1.5 to 3 m in the lagoon,

the survey took place during low tide resulting in even shallower depths. Under such

shallow and optically clear conditions, attenuation and scattering of visible wavelengths

within the water column are expected to be minimal, allowing the benthic substrates and

vegetation to remain clearly detectable in high-resolution UAS imagery. Therefore, depth-

invariant correction methods were not considered, as the depth was shallow enough to

utilize the raw spectral responses (Figure 3). The classification included the blue/green

and green/red band ratios, which show close affinity with bathymetry [26,34] and can be

used as bathymetric proxies for improving spectral information and thus strengthening the

predictive capacity of MS data.

The final orthomosaics were imported into QGIS for subsequent analysis and classifi-

cation. Additional raster layers were generated by computing spectral indices derived from

combinations of the multispectral bands. These indices were selected based on the spectral

signatures of Kappaphycus and shallow-water habitats to enhance spectral separability and

improve habitat classification [26] (Figure 3, Table 2). Particularly, in this implementation,

the classical NDVI formula was adapted by replacing the NIR band with the red-edge band

since the water absorption limited the use of near-infrared wavelengths for benthic habitat
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detection. The red-edge band has been suggested by previous studies as a good descriptor

of floating aquatic vegetation [25,35]. The index used therefore corresponds more closely to

a Red-Edge Normalized Difference Index (NDRE).

 

Figure 3. Mean spectral signatures (±95% confidence intervals) of benthic habitat classes: Kappaphycus

cultivation plots; benthic macrophytes, including mixed assemblages of seagrass and macroalgae;

sand and green algae. Spectral signatures were extracted from subsampled homogeneous zones

delineated in Figure 1.

Table 2. The image variables used for habitat classification [26]. * The original formula includes the

near-infrared (NIR) band; in this implementation, NIR was replaced with the red-edge.

Bands

450 nm Blue (B)

530 nm Green (G)

660 nm Red (R)

705 nm Red-edge (RE)

Indices

(RE − R)/(RE + R) Normalized Difference Red-Edge Index (NDRE)

(2 × (G − R − B))/(2 × (G + R + B)) Green Leaf Index

G/(RE + R + G) Norm Green *

R/(RE + R + G) Norm Red *

B/G Blue–green ratio

G/R Green–red ratio

(G − R)/(G + R)
Normalized Difference Green-Red Index

(NGRDI)

[RE − (R − G)]/[RE + (R + G)] Red–green NDVI *

2.4. Habitat Discrimination and Training Data

A red–green–blue (RGB) composite orthomosaic was built from MS imagery for visual

interpretation of habitat benthic classes. The visual interpretation and labelling on the

orthomosaic were carried out by the same expert who conducted the field data collection

(underwater observations). Field data, underwater photos, and spatial mapping data

were cross-referenced to ensure accurate and consistent labelling of benthic habitat classes.

https://doi.org/10.3390/drones10040276
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Four classes were selected for building the training data. Three classes corresponding

to habitats: (i) sandy bottom (unvegetated sandy bottoms); (ii) benthic macrophytes,

including seagrass meadows (Halophila spp.) and macroalgal assemblages (Caulerpa spp.

and Hydroclathrus spp.); and (iii) green algae (Cladophora spp.), occurring both within

seaweed plots and as patches on the surrounding seabed. The final class corresponded

to seaweed farming plots: Kappaphycus cultivation, at different cultivation stages, ranging

from the first week after seeding to the harvest (Table 1). All habitat polygons were

manually delineated in GIS (QGIS-V3.4). Training data are a critical component of the

Random Forest classification process and should encompass the full spectral variability of

each class [24]. A set of 200 polygons corresponding to the digitized habitat classes were

derived from visual interpretation of the RGB composite orthomosaic and subsequently

subsampled with 110 polygons assigned for training and 90 for validation (Table 3). These

polygons are circles with a radius of four pixels, and they are randomly distributed over

the study area with more than three meters’ distance between them. From each polygon, a

batch of corresponding pixels was extracted (Table 3). The RF model was trained using the

corresponding explanatory variables (Table 3), and a 10-fold cross-validation was applied in

order to minimize the effect of autocorrelation during the validation stage. The accuracy of

the final classification map was evaluated by estimating the confusion matrix and the Kappa

coefficient of agreement between the observed (digitized) classes and the RF classification

output (Supplementary Materials). In addition, the significance of the differences between

the MS and the RGB classifications was evaluated using the McNemars’s test [36].

Table 3. The number of polygons and corresponding pixels for the training and validation datasets.

TRAINING

Kappaphycus Green algae Macrophytes Sand Total

nPolygons 31 25 29 25 110

nPixels 706 555 664 565 2490

VALIDATION

nPolygons 19 25 21 25 90

nPixels 426 576 480 566 2048

2.5. Random Forest Algorithm

The RF classification algorithm was applied to discriminate Kappaphycus cultivation

from the sand, benthic macrophyte, and green algae classes. RF was selected due to its

high classification accuracy, robustness to over fitting, and availability within commonly

used geospatial software [24]. It has been widely and successfully applied in studies of

marine vegetation mapping, and specifically for Kappaphycus detection [15,24,25,36]. The

RF algorithm is based on an ensemble learning approach that combines multiple decision

trees constructed from random subsets of the explanatory variables—here, only RGB bands

along with MS bands and spectral indices were used—to model the variability of the

dependent variable (habitat and Kappaphycus classes). RF is a non-parametric ensemble

learning method that does not require assumptions about the statistical distribution of

predictor variables, which is advantageous when dealing with heterogeneous spectral data

derived from multispectral imagery. In our case, the predictor variables included several

spectral bands and derived indices that may exhibit strong correlations, especially in the

visible range where adjacent bands capture similar reflectance patterns. Random Forest

is known to handle such multi-collinearity effectively because each tree is built using a

random subset of predictors, reducing the impact of correlated variables.
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Another important advantage of RF in remote sensing applications is its ability to

capture non-linear relationships between spectral predictors and habitat classes, which are

common in benthic environments where reflectance depends not only on substrate type

but also on factors such as vegetation density, water depth, and illumination conditions.

Furthermore, RF provides embedded estimates of variable importance, which allowed us

to identify the spectral bands contributing most to habitat discrimination. Regarding the

number of trees, this was based on the number of training data, as has been suggested

by [36]. In general, 100–500 trees are recommended for simple RF applications [24]. A

10-fold cross-validation was applied.

In this study, the RF implementation within the EnMap toolbox (QGIS v3.28) was

applied, with the following parameters: (i) 100 trees for model training, (ii) subsampling

(bootstrap) with replacement, and (iii) using several variables per node, split a number of

times equal to the square root of the total variables. Variable importance was assessed by

shuffling the values of each variable in each training cycle and measuring the error change

in the classification results. The larger the error, the greater the importance of this particular

variable, so variables producing larger error increases were considered more influential.

Variable importance was evaluated for both multispectral bands and spectral indices.

3. Results

The RF model achieved consistent identification of Kappaphycus cultivation within the

Nosy Boraha reef lagoon (Figure 4). Sandy bottoms and green algae (Cladophora spp.) were

identified with high accuracy, whereas the benthic macrophyte class exhibited systematic

misclassification. According to the confusion matrix (Table 4), the Kappaphycus cultivation,

green algae, and sandy bottom habitat classes showed high producer’s accuracies (>80%)

in both the RGB composite and multispectral datasets, indicating strong classification

performance for these classes. The benthic macrophytes class showed the lowest producer’s

accuracy, reaching 70% when using RGB imagery and increasing to 77% with multispectral

data. A recurrent source of error was the misclassification of Kappaphycus cultivation as

benthic macrophytes (Figure 4B(ii)), leading to an overestimation of the benthic macrophyte

class. This misclassification occurred predominantly in plots containing seaweed at early

cultivation stages. In addition, sun-glint artefacts, primarily observed over sandy substrates,

were occasionally misclassified as either benthic macrophytes or Kappaphycus cultivation.

It is noteworthy that green algae (Cladophora spp.) were reliably detected both as floating

material in the water column during plot-cleaning activities (Figure 4B(i)) and when

colonizing cultivation plots (Figure 4B(iii)).

Overall, RF classification of the four benthic habitats achieved high accuracies of 85%

for RGB imagery and 89% for multispectral imagery (Table 3). Consistently, the Kappa

coefficient ranged from 0.80 for RGB data to 0.85 for multispectral data, indicating strong

agreement between predicted and observed classes (Table 3).

The overall McNemar test showed that there is a statistically significant difference

(p-value = 4.111 × 10−8) between the MS and RGB classification performances. The number

of samples correctly classified only by the MS model exceeded those correctly classified

only by the RGB model, indicating the superior performance of the multispectral approach.

In particular, when the test was applied per class, it showed that in the case of aquatic

vegetation (seaweed, green algae, and macrophytes), the classification based on MS datasets

yields statistically more improved predictions than RGB alone (Table 5). In contrast, no

significant difference was found for sand, indicating that additional spectral information

does not enhance discrimination for this class (Table 5).
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Figure 4. Results for Random Forest classification using the multispectral data and the spectral

indices. (A) Classification map for the study area (~10 ha); (B) close-up panels corresponding to

the black rectangles on the main map. Comparison between true-color mosaic and Random Forest

classification regarding: (B(i)) benthic macrophyte patches, sand, and green-algae; (B(ii)) Kappaphycus

cultivation plots at early-cultivation and near-harvest stages, with the former being misclassified as

benthic macrophytes; (B(iii)) Kappaphycus plots partially covered with green-algae.

Table 4. Confusion matrices and accuracy metrics for 200 validation polygons using: upper: the

multispectral (MS) data and the spectral indices; lower: the RGB band subset.

MULTISPECTRAL Bands + Indices (Cohen’s kappa = 0.85)
OBSERVED

User’s Acc Sand Macrophytes Green Algae Kappaphycus

P
R

E
D

IC
T

E
D 0.84 0 61 17 402 Kappaphycus

0.98 0 10 513 1 Green algae
0.79 45 380 46 23 Macrophytes
0.94 521 29 0 0 Sand
0.89 0.92 0.79 0.89 0.94 Producer’s Acc

RGB Bands (Cohen’s kappa = 0.80)
OBSERVED

User’s Acc Sand Macrophytes Green Algae Kappaphycus

P
R

E
D

IC
T

E
D 0.82 0 50 32 363 Kappaphycus

0.94 0 4 458 28 Green algae
0.7 53 400 86 35 Macrophytes
0.95 513 26 0 0 Sand
0.85 0.91 0.83 0.8 0.85 Producer’s Acc

Analysis of variable importance (Figure 5) revealed that the blue band contributed

most strongly to class discrimination in the RGB classification. A similar pattern was

observed for the multispectral dataset, where the blue band ranked highest, followed by the

blue–green ratio and the Green Leaf Index (GLI). These results highlight the importance of

blue and blue–green spectral information for distinguishing benthic habitats and cultivated

seaweed in shallow coastal environments. Other variables contributed less to the final

classification, suggesting a limited additional benefit to enhancing classification accuracy.
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Table 5. Results of the McNemar test for evaluating the significance of performance differences

regarding individual class outputs and overall classification between the MS and RGB datasets.

McNemar Test per Class

Winner Interpretation Adjusted p-Value Class

MS Significant 9.72 × 10−5 Kappaphycus

MS Highly significant 2.55 × 10−13 Green-algae

MS Significant 9.30 × 10−3 Macrophytes

No difference Not significant 1 Sand

McNemar overall p-value = 4.111 × 10−8

 

Figure 5. Variable importance scores derived from a 10-fold permutation analysis for the Random

Forest classification: (A) using multispectral bands and derived spectral indices; and (B) using the

RGB data. Variables with higher positive scores exert a stronger influence on classification accuracy.

4. Discussion

4.1. Discrimination Capacity of the UAS Approach to Distinguish Farmed Seaweed from
Natural Habitats

The strong overall classification performance and high kappa coefficients confirm the

robustness and reliability of the RF approach for discriminating benthic habitat classes

within the study area by utilizing 55% of ground-truth data for training. Classification

results showed that Kappaphycus cultivation plots were effectively distinguished from the

surrounding natural benthic habitats. They also show the capacity of the approach to

discriminate natural habitats dominated by benthic macrophytes from bare sandy bottoms

and occurrences of green algal bloom (“green tides”). Both the RGB and MS datasets yielded

comparable overall classification accuracies (84% and 89%, respectively), suggesting that

the key spectral differences among classes are primarily expressed within the visible part

of the electromagnetic spectrum.
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The RF model successfully discriminated Kappaphycus alvarezii, a rhodophyte, from

green algae of the genus Cladophora spp., likely owing to their contrasting reflectance

patterns in the blue and green spectral bands. In particular, the green algae class achieved

consistently high accuracy, due to its strong reflectance in the green spectral region relative

to other benthic classes. Our findings are consistent with a previous study by Hamad et al.

(2022) in Zanzibar [20]. Our results confirm the value of high-resolution UAS imagery for

distinguishing specific habitats dominated by macroalgae and seagrass species based on

their pigmentation-related spectral characteristics [21].

The high classification accuracy observed for the sandy bottom class can be attributed

to its distinct spectral signature (Figure 3), which contrasts strongly with that of substrates

that are colonized or covered by various benthic macrophytes and enhances detectability

in shallow-water UAS imagery. Furthermore, our results highlighted that the UAS im-

agery approach presented limitations in detecting or discriminating accurately the benthic

macrophytes class due to a misclassification of Kappaphycus during its early cultivation

stage. Seaweed seeding of Kappaphycus exhibit lower biomass holding lower pigmentation

that promotes a weak spectral signature, leading to confusion with the benthic macro-

phytes class. This misclassification occurred in shallow sandy areas, where a pattern likely

driven by spectral mixing between submerged seaweed (approximately 1 m depth) and

the underlying sandy substrate produced reflectance values that overlap with those of

benthic macrophyte assemblages. Additional errors were observed along the boundaries

of Kappaphycus cultivation lines, where illumination and edge effects resulted in mixed

spectral responses, consistent with previously reported boundary-related artefacts reported

in similar contexts [37]. Similar challenges have been reported in previous tropical ben-

thic habitat mapping studies [22,26,38–40]. It has to be noted that in this case study, the

improved performance of MS datasets may be attributed to the incorporation of spectral

indices using blue and green band combinations such as the blue/green ratio and the GLI,

as shown by their importance scores (Table 4). In contrast, the red and red-edge bands

appear to contribute considerably less to differentiating aquatic vegetation classes. Though

the aquatic vegetation classes appear undifferentiated in the red-edge band (Figure 3),

and slightly differentiated in the red band, it is understood that these bands assist in

separating aquatic vegetation classes from background sandy bottom effectively. This is

due to the absorption of red-edge wavelengths by the upper layer of water (0–50 cm),

producing a spectral contrast between submerged sand and floating vegetation. Thus, the

off-bottom lines seaweed farming technique presents new challenges for UAS mapping and

the spectral distinction of benthic components. Indeed, other studies have recommended

more standard vegetation indices (e.g., GNDVI and CIC); however, these were applied

to seaweed farming in deeper waters (~20 m) [23]. In our environmental setting—where

seaweed farms are co-located with benthic macrophytes—such indices would not provide

added value in distinguishing between these classes. In addition, the utility of the red-edge

band highlighted by Nurdin et al. (2023) [25] for the detection of Kappaphycus plots is valid

only when the discrimination takes place between seaweed and background seafloor. In

the presented approach, seaweed and benthic macrophytes had overlapping responses in

the red-edge, suggesting that the corresponding bands and indices cannot further enhance

their separability.

Although multispectral imagery slightly increased overall classification accuracy (89%

vs. 85%), this difference is considered statistically significant and substantially increases the

ability to detect Kappaphycus farms and benthic habitat classes in practice. The difference in

accuracy between the RGB and the MS bands may make sense depending on the application.

For example, in cases where the accurate quantification of farmed seaweed biomass is

important (i.e., aquaculture production management), a multispectral sensor will make a
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difference. However, RGB imagery alone may provide a satisfactorily accurate and more

cost-effective alternative for operational monitoring of shallow natural benthic habitats

under optimal illumination and water clarity conditions (e.g., marine spatial planning/

ecosystems conservation management).

4.2. Implications for Marine Spatial Planning and Ecosystem Conservation Management

Accurate mapping of natural habitats co-located with Kappaphycus cultivation sites is

essential for balancing biodiversity conservation, aquaculture production, and competing

coastal uses (e.g., small-scale fisheries and tourism), particularly in ecologically sensitive re-

gions prone to spatial conflicts [12,41,42]. The marine ecosystems of Nosy Boraha, including

the Est Lagoon, where extensive seaweed farming occurs, have recently been included in a

Terrestrial and Marine Protected Area (“SORKAY” TMPA, 2026; source: GRET Sainte-Marie,

ONG). The aim of this freshly created TMPA framework is precisely to regulate conflicts

of use and protect biodiversity. Improving knowledge of habitat dynamics and health

over time will help better support sustainable blue-economy initiatives and terrestrial and

marine spatial planning at Nosy Boraha.

Scaling up UAS surveys could thus support marine spatial planning and conservation

managers in tracking habitat changes, monitoring seaweed cultivation dynamics, detecting

early signs of habitat degradation or recovery (e.g., farm rotation to lead natural habitat

rehabilitation), and exploring opportunities to diversify aquaculture practices [12,18,21,43].

Furthermore, high-resolution spatial monitoring should also be adopted for identify-

ing suitable locations for siting future farming activities by assessing substrate suitabil-

ity and habitat connectivity, and avoiding ecologically vulnerable or heavily impacted

areas [4,13,44]. Beyond aquaculture, other economic sectors—particularly tourism, a major

economic activity on Sainte-Marie Island—may also benefit from large-scale coastal moni-

toring to protect beaches and recreational areas. Further research is required to understand

the local drivers of the green algal blooms and to develop sustainable mitigation strategies,

including, for example, improved wastewater management, infrastructure planning, and

outreach education actions.

4.3. Implications for Seaweed Aquaculture Management

Standard RGB imagery alone is sufficient for reliable classification, making it a practi-

cal and cost-effective tool for the monitoring of off-bottom seaweed farming zones. RGB

imagery enabled accurate detection of Kappaphycus cultivation plots, green algal blooms,

and bare sandy substrates—three key indicators for seaweed farm management. Under con-

ventional monitoring, each field technician is responsible for approximately 130 cultivation

plots per week, requiring in situ inspections to assess growth, culture health, and harvest

readiness. These surveys typically require around four hours of daily fieldwork, with

technicians covering about 20 ha by paddle, making monitoring both time-consuming and

spatially constrained. UAS surveys therefore offer greater scalability, allowing the rapid

assessment of large cultivation areas whilst maintaining regular monitoring frequency;

our contribution aligns with recent works focusing on this operational scalability [23,29].

These considerations are particularly critical given the rapid dynamics of tropical seaweed

farming systems, where algal blooms can develop within a single week. During periods

of strong proliferation, emerging problems may remain undetected until the next inspec-

tion cycle, leading to delayed responses and biomass losses. Mitigation measures—such

as cleaning cultivation lines, removing contaminated lines, restarting cultivation cycles,

or temporarily leaving plots fallow—are only effective when implemented early; timely

detection is therefore essential for minimizing production losses. This approach can reduce

biomass losses and labor requirements, whilst also supporting harvest planning and farm
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rotation strategies by identifying spatial variability in growth performance across cultiva-

tion plots. Integrating UAS-based assessments in farm management routine could benefit a

farm’s productivity, reduce losses, and support more sustainable aquaculture practices, as

shown in the study by Khan et al. (2024) [45].

4.4. Future Recommendations

UAS monitoring of seaweed aquaculture sites can be limited by environmental and

illumination factors, such as specular reflections and water turbidity, which may reduce

habitat discrimination accuracy [46]. In this study, a double-grid off-nadir flight configura-

tion was employed to improve SfM reconstruction, resulting in orthomosaics. Nevertheless,

accurately discriminating Kappaphycus during early cultivation stages remains challenging

due to spectral similarities with benthic macrophyte assemblages. Future work could

address this limitation through spectral unmixing techniques [47] applied to multispectral

or hyperspectral imagery with enhanced radiometric resolution in the visible spectrum.

Such approaches are expected to improve early-stage detection of cultivated seaweed and

reduce false-positive benthic macrophyte classification. Overall, some limitations should

be acknowledged, as they condition the data quality; e.g., the shallow depth range and

the optical water quality at the time of acquisition can both greatly influence spectral

separability [18,48]. We recommend that future research prioritize the mapping of areas

with clearly distinct benthic categories, dominated unambiguously by either seagrass or

macroalgae, in order to improve model training.

Regarding the field data collection protocol, it could be further improved by linking

and validating the ecological labels assigned on the orthomosaic to georeferenced under-

water images corresponding to specific benthic habitat categories. Additionally, future

research should seek to distinguish between the organisms constituting the benthic macro-

phyte class. Where the environmental setting comprises mono-specific zones—dominated

by either seagrass or macroalgae, which was not the case in the present study—a finer

classification would be both feasible and ecologically meaningful. Finally, the incorporation

of additional habitat classes, such as other seagrass genera, would enhance the ecological

representativeness and overall robustness of classification in future studies.

Processing large volumes of UAS imagery often requires substantial computational

resources. However, combining optimised acquisition and pre-processing workflows with

open, cloud-based platforms provides an affordable and scalable solution. These platforms

facilitate efficient data processing while supporting data sharing and adherence to FAIR

principles, ensuring that cartographic products are findable, accessible, interoperable, and

reusable. Implementing such approaches offers tangible benefits for both conservation

managers and seaweed producers, enabling high-quality, reproducible monitoring of

aquaculture sites and surrounding coastal habitats without prohibitive infrastructure costs.

Finally, regarding green algal bloom events, this study provides a tool for the effective

mapping of such occurrences. Scaling up the surface area of the mapped zone, coupled

with field observations, could enhance the capacity to determine the origin or triggers of

these events, which are likely attributable to a combination of factors, including anthro-

pogenic terrigenous inputs, rainfall, and storm events, as well as seasonal current patterns

associated with winter and summer conditions. Furthermore, temporal monitoring through

time-series analysis could allow the evolution of these green algal blooms to be tracked

over time.

5. Conclusions

The demonstrated effectiveness of both RGB and multispectral UAS imagery under-

scores their value for the rapid and cost-effective mapping of seaweed aquaculture and
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surrounding habitats. Despite the remaining challenges in detecting Kappaphycus during

early cultivation stages and distinguishing it from benthic macrophyte assemblages, the

findings of this study provide a robust methodological foundation for fine-scale habitat

mapping and seaweed farm monitoring. Specifically, high-resolution UAS RGB imagery

combined with Random Forest classification enables accurate discrimination of cultivated

Kappaphycus from surrounding benthic habitats in shallow coral reef lagoons. Beyond its

technical contributions, this framework offers practical benefits for seaweed aquaculture

management, biodiversity conservation, and marine spatial planning—particularly in eco-

logically sensitive and multi-use coastal systems in low- and-middle income countries such

as Madagascar and the Western Indian Ocean region. Overall, our findings corroborate

those recently reported by Román et al. (2026) [16] and build upon emerging contributions

such as those from Nurdin et al. (2025) [49] and Innocentini et al. (2024) [23] in integrating

geospatial technologies and UAS surveys into scalable approaches to support sustainable

blue economies and enhance the resilience of tropical coastal socio-ecosystems.

Supplementary Materials: The following supporting information can be downloaded at: https:

//www.mdpi.com/article/10.3390/drones10040276/s1, Figure S1. Training data and validation

results. True color is presented in an RGB orthomosaic (GSD 2 cm/pixel) of the study area, showing

the training and validation data points extracted from polygons shown in Figure 1, base map from

Google Earth.
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