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Highlights

What are the main findings?

* A CNN pre-trained on RGB images, combined with a 15-to-3 channel feature-encoding
branch, can effectively classify seven salt marsh vegetation classes from multispectral
UAV data.

* The deep learning model significantly outperforms traditional machine learning classi-
fiers (Support Vector Machines and Random Forest), achieving an overall accuracy of
98.4% when using spectral bands and vegetation indices together.

What is the implication of the main findings?

* The proposed framework enables accurate, high-resolution mapping of heterogeneous
salt marsh vegetation, supporting ecological monitoring and management.

¢ Integrating UAV-based multispectral imagery with pre-trained CNNs provides a trans-
ferable methodology for other multispectral vegetation classification tasks, reducing the
need for extensive training datasets.

Abstract

Accurate classification of salt marsh vegetation is crucial for coastal wetland monitoring,
but fine-grained species discrimination remains difficult, particularly when only limited
training data are available for deep learning approaches. To address this challenge, this
paper presents a transfer learning-based framework for classifying salt marsh vegetation
using UAV multispectral imagery, focusing on a seven-class taxonomy representative of
dominant species and water surfaces. Multispectral orthophotos acquired with a MicaSense
Dual-Camera system (10 spectral bands) are combined with five vegetation indices to create
rich multi-channel inputs. A classification architecture inspired by heterogeneous transfer
learning is developed, where a feature-encoding branch compresses the 15-channel input
into three channels before processing through a VGG-16 Convolutional Neural Network
(CNN), pre-trained on RGB imagery. By leveraging transfer learning from VGG-16, the
proposed model achieves high classification accuracy even with limited training data.
Performance is compared with traditional machine learning classifiers, namely Support
Vector Machines (S5VMs) and Random Forest (RF). Results show that the deep learning
approach significantly outperforms SVM and RF, achieving an overall accuracy of 98.4%
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when jointly using spectral bands and vegetation indices. These findings demonstrate the
potential of integrating multispectral UAV data and CNN-based classification to support
accurate mapping of heterogeneous salt marsh communities for ecological monitoring and
coastal management.

Keywords: salt marsh vegetation classification; multispectral UAV imagery; vegetation
indices; convolutional neural networks; transfer learning

1. Introduction

Coastal lagoons are waterbodies partially separated from the sea by sedimentary
barriers [1,2], covering approximately 13% of coastlines worldwide and forming transitional
zones between terrestrial, marine, and freshwater environments [3]. Rich in biodiversity,
these ecosystems act as essential buffers between land and sea, shaped by freshwater inputs
from river deltas and periodic tidal currents, which generate strong physical gradients
and frequent environmental disturbances [4-9]. However, the interaction between natural
processes and human activities, together with the sensitivity of these systems to global
environmental change, has made coastal lagoons among the most threatened ecosystems
globally [10-16]. Salt marshes constitute a primary habitat within lagoons and are closely
linked to the environmental dynamics of these systems. They consist of sedimentary bodies
composed of fine materials transported and mixed by currents, stabilized by halophilous
vegetation [17]. Tidal submergence is a key factor in the formation and maintenance of salt
marshes, regulating the ecology of the entire environment by determining nutrient supply,
sediment deposition, and by influencing species distribution [18,19]. The vegetation in salt
marshes shows relatively low species diversity but is rich in endemisms [20], and exhibits
strong zonation driven by seawater inundation, with species distributed according to their
tolerance to waterlogging stress [21].

In this context, the classification of salt marsh environments provides a clear pic-
ture of species distribution and enables monitoring of changes in submergence gradients
over time. Traditional in situ mapping of salt marsh vegetation is often labor-intensive,
time-consuming, and limited in spatial coverage, making it difficult to capture the full
heterogeneity of these ecosystems. In contrast, remote sensing has become an increasingly
valuable tool, enabling spatially extensive, repeatable, and cost-effective observations of
ecosystem dynamics [22]. The emergence of Uncrewed Aerial Vehicles (UAVs) has further
enhanced ecological monitoring by providing high-resolution data acquisition with flexible
revisit times [23].

Among remote sensing technologies, multispectral imaging has proven particularly
effective for ecological applications. Unlike conventional RGB cameras, multispectral and
hyperspectral sensors capture surface reflectance across multiple narrow wavelength bands,
enabling the detection of vegetation properties that are not discernible through conven-
tional visible spectrum imaging alone. In the context of UAV-based surveys, multispectral
imagery offers a valuable combination of high spatial resolution and enhanced spectral
information, making it well suited for capturing the fine spatial heterogeneity typical of
salt marsh vegetation [24,25]. Moreover, recent studies demonstrate that incorporating
vegetation indices (VIs) into the classification pipeline can substantially improve salt marsh
species identification [26-28]. Indices such as the Normalized Difference Vegetation Index
(NDVI) [29], Green Normalized Difference Vegetation Index (GNDVI) [30], and Modified
Soil Adjusted Vegetation Index (MSAVI) [31], which can be easily derived from multispec-
tral imagery, provide a compact and interpretable representation of spectral responses
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related to plant health, biomass, and chlorophyll content, and can be directly fed into
classification algorithms [32]. However, despite the spectral richness provided by mul-
tispectral bands and vegetation indices, salt marsh vegetation often remains difficult to
discriminate at the species level, as fine-grained zonation patterns and spatial mosaics are
characterized by partially overlapping spectral responses, posing significant challenges for
accurate classification.

Coupled with the increasing availability of high-resolution multispectral data, a wide
range of supervised classification approaches has been applied to salt marsh vegetation
mapping. Traditional pixel-based classifiers, such as Spectral Angle Mapper and Maximum
Likelihood methods, have been used in several studies [33,34], but their performance often
degrades when vegetation classes exhibit overlapping spectral signatures. To overcome
these limitations, Machine Learning (ML) algorithms have gained prominence in salt
marsh applications. In particular, Support Vector Machines (SVM) and Random Forest (RF)
classifiers have proven effective in handling high-dimensional multispectral inputs and
integrating spectral bands, vegetation indices, and additional features [35,36]. For example,
RF-based approaches applied to UAV multispectral imagery have achieved overall accu-
racies of up to 96.8% in salt marsh environments when combining spectral information
and texture features [37], while cascaded workflows integrating unsupervised cluster-
ing, Spectral Angle Mapper, and SVM have reported accuracies approaching 98% [38].
Other studies have explored gradient-boosting methods, such as XGBoost, particularly
for satellite-based time-series classification, achieving overall accuracies around 81% for
multi-class salt marsh mapping [39]. Despite these promising results, ML approaches
typically rely on hand-crafted features and operate either at the pixel level or on spatially
aggregated representations, which limits their ability to fully exploit spatial context and
to model the hierarchical spatial-spectral patterns characteristic of salt marsh vegetation.
This constraint becomes particularly critical in highly heterogeneous environments, where
strong zonation, subtle inter-species differences, and pronounced class imbalance are com-
mon. These challenges have motivated the adoption of Deep Learning (DL) approaches,
which move beyond feature engineering by learning task-driven representations directly
from image data.

Building on the limitations of traditional ML approaches, deep learning methods
based on convolutional neural networks (CNNs) have therefore been increasingly applied
to coastal vegetation classification, with several studies demonstrating the potential of
DL approaches in salt marsh environments [40]. For instance, a DL model has achieved
an overall accuracy of 94.6% for multi-class vegetation classification, outperforming con-
ventional pixel- and object-based ML methods [41]. Similarly, UAV-based multispectral
imagery analyzed with encoder—decoder architectures, including U-Net and SegNet, has
reported overall accuracies of 94.1% and 93.3%, respectively, compared to values below
85% obtained with RF and gradient-boosting classifiers [42]. These results highlight the
ability of DL models to exploit both spectral information and spatial context, leading to
improved class separability in complex and heterogeneous salt marsh landscapes. How-
ever, the widespread adoption of deep learning for salt marsh vegetation classification is
still restricted by practical constraints, primarily related to the availability of large, manu-
ally annotated training datasets. In salt marsh environments, the acquisition of extensive
ground-truth data is often hindered by the time-consuming nature of field surveys and
the spatial fragmentation of vegetation patches. As a consequence, training deep neural
networks from scratch is frequently impractical and may lead to overfitting or limited
generalization when only small annotated datasets are available.

To address these constraints, this work proposes a transfer learning-based frame-
work that explicitly adapts an RGB-pretrained CNN to multispectral UAV imagery for
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fine-grained salt marsh vegetation classification. In the literature, transfer learning has
been widely adopted to leverage CNNs pre-trained on large image datasets, enabling
effective feature reuse when training data are scarce [43]. However, the direct transfer of
RGB-pretrained CNNs to multispectral imagery is non-trivial due to differences in spectral
dimensionality, sensor characteristics, and data distributions, which require dedicated
adaptation strategies. Heterogeneous transfer learning approaches have been proposed
to address this challenge, particularly in hyperspectral image classification. For example,
ref. [44] demonstrated that mapping hyperspectral data into a feature space compatible
with RGB-pretrained CNNs can significantly improve classification performance under
limited training data conditions. Related strategies have also been explored in multispectral
remote sensing applications, including UAV-based vegetation classification, where transfer
learning schemes have shown improved performance for mangrove community map-
ping [45]. Similarly, a two-stage transfer learning paradigm combining RGB-pretrained and
multispectral feature representations has yielded consistent gains on airborne multispectral
datasets [46]. More generally, recent researches have confirmed the effectiveness of DL and
transfer learning strategies for multispectral and hyperspectral remote sensing data [47].

Despite these advances, the application of heterogeneous transfer learning to multi-
spectral UAV imagery for fine-grained salt marsh vegetation classification remains relatively
underexplored. The core idea of this work is to leverage a deep neural network pre-trained on
a large RGB dataset and adapt it to multispectral inputs through a dedicated spectral-spatial
mapping module. Trained on a limited number of annotated multispectral samples, this mod-
ule transforms spectral bands and vegetation indices into three informative channels, enabling
seamless integration with the pre-trained RGB backbone. By doing so, the approach retains
the representational power and generalization capability of a large model, while avoiding the
need to train a full CNN from scratch. As a result, the proposed method offers an effective
and data-efficient solution for high-resolution salt marsh vegetation classification, suitable
even in contexts where annotated multispectral datasets are scarce.

The remainder of this paper is organized as follows. Section 2 describes the study
area, the data acquisition process, and the proposed multispectral classification framework,
while Section 3 presents the experimental results. Section 4 discusses the performance and
implications of the proposed approach in the context of salt marsh monitoring and outlines
potential directions for future research. Finally, Section 5 summarizes the main conclusions
of the study.

2. Materials and Methods
2.1. Study Area and Ground-Truth Field Data

The study area is located within the Grado Lagoon (extending approximately from
45°42'10.5”N, 13°09'17.8"E to 45°40'49.8”N, 13°21'31.2"E) along the northern Adriatic
coast in Friuli Venezia Giulia Region, Italy (Figure 1a,b). This coastal wetland is part of
the Natura 2000 network and is designated both as a Special Area of Conservation and a
Special Protection Area under site code 1T3320037. The regional climate is characterized by
mean annual precipitation of about 974 mm and marked seasonal temperature variability,
with monthly averages ranging from roughly 3 °C in winter to nearly 29° in midsummer.
From a geomorphological standpoint, the system is classified as a leaky lagoon, reflecting
its combination of limited exchange with the open sea and strong internal compartmen-
talization. Tidal dynamics exert a dominant control: the lagoon experiences semi-diurnal
tides with an average range of 0.65 m, reaching approximately 1.05 m during spring tides
and decreasing to around 0.22 m during neap conditions [21,48]. More specifically, this
study focuses on 11 selected sites within the lagoon (Figure 1b), spanning a total area of
approximately 12 ha.
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Figure 1. (a) Location of the study area (red rectangle) within the Friuli Venezia Giulia Region, Italy.
(b) Location of the 11 study sites in the Grado Lagoon. (c,d) RGB visualizations of the multispectral
orthomosaics for areas A7 and A8. (e f) Ground-truth field sampling plots, color-coded according to
the class legend in (g), shown for the subareas highlighted in red in (c,d). Geographic coordinates are
used in (a,b), while metric coordinates in the RDN2008/UTM Zone 33N reference system (EPSG:6708)
are used in (c—f). Satellite basemaps are provided by Bing Maps.
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Field data collection, which provided the ground truth for the classification frame-
work, targeted six characteristic salt marsh species [49]—Juncus maritimus Lam., Limonium
narbonense Mill., Salicornia fruticosa (L.) L., Limbarda crithmoides (L.) Dumort., Sporobolus
maritimus (Curtis) PM. Peterson & Saarela, and Salicornia perennans Willd.—and was car-
ried out during the summer of 2023. A total of 421 monospecific plots, each measuring
2m x 2 m, were delineated and georeferenced using a Global Navigation Satellite System
(GNSS) receiver (Figure 1e,f). To provide a complete representation of the land-cover types
relevant to multispectral classification, an additional set of 181 plots containing water
was included as ground-truth reference. These samples exhibit substantial heterogeneity
in depth, turbidity, and substrate visibility, capturing the typical variability of shallow
lagoonal waters. In total, 602 plots were collected in situ, with the number of observations
available for each class reported in Table 1. It is worth noting that the dataset presents a
marked class imbalance, which mirrors the natural, spatially uneven distribution of species
across the study areas.

Table 1. Number of ground-truth plots available for each class. The plant nomenclature followed the
ITtalian checklist [49].

Class Species N. of Samples Pct.
1 Juncus maritimus Lam. 106 17.6%
2 Limonium narbonense Mill. 106 17.6%
3 Salicornia fruticosa (L.) L. 80 13.3%
4 Limbarda crithmoides (L.) Dumort. 12 2.0%
5 Sporobolus maritimus (Curtis) PM. Peterson & Saarela 101  16.8%
6 Water 181 30.1%
7 Salicornia perennans Willd. 16 2.6%

2.2. UAV Acquisition Timing and Phenological Context

The multispectral UAV survey of the 11 study sites was conducted over four separate
days in August 2023 under low-tide conditions within a semidiurnal tidal cycle, between
neap and spring tide phases. This timing was intentionally selected to minimize the
influence of tidal submergence on vegetation spectral signatures, while maximizing the
exposure of low-marsh areas. In particular, dominant low-marsh species such as Sporobolus
maritimus and Salicornia perennans were fully exposed during data acquisition, whereas
tidal channels and intertidal flats remained partially inundated, allowing their inclusion as
water-related surfaces in the resulting images. This acquisition strategy ensured consistent
observation conditions across sites while preserving the representation of both vegetated
and aquatic classes.

At the time of the survey, all target species were in an advanced vegetative stage
with maximum canopy development. This phenological phase was selected to maximize
interspecific phenological and structural contrasts among co-occurring species within the
same environmental zones. Indeed, as shown in Figure 2, the considered species differ
markedly in growth form, canopy structure, and spatial arrangement, which translates
into distinctive textural and spectral patterns in high—spatial resolution multispectral UAV
imagery. For example, Juncus maritimus forms dense, vertically structured canopies charac-
terized by dark-green foliage and high standing biomass, resulting from continuous leaf
turnover, which translates into strong near-infrared reflectance and homogeneous texture.
In contrast, succulent species such as Salicornia spp. and Limbarda crithmoides are charac-
terized by lower stature, articulated or fleshy tissues, and more heterogeneous spectral
responses in the visible wavelength regions [50]. However, distinguishing between species
belonging to the same genus (e.g., Salicornia fruticosa and Salicornia perennans), which mainly
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differ in architecture branching, still represents a challenge for image-based classification
approaches. In addition to morphological variability, species-specific adaptations to salinity
and inundation stress lead to a well-defined zonation across the salt marsh, with different
communities occupying characteristic elevation ranges [51].

The combination of morphological contrast and spatial organization provides a favorable
context for UAV-based halophytic vegetation classification, while simultaneously highlighting
the intrinsic challenges associated with fine-grained species discrimination from multispectral
imagery acquired at a single time point. These acquisition conditions define the observational
context of the multispectral dataset described in the following section.

(b)

(d) (e) #)

Figure 2. Representative ground photos illustrating the morphological characteristics of the target
salt marsh vegetation classes. (a) Juncus maritimus Lam. (b) Limonium narbonense Mill. (c) Salicornia
fruticosa (L.) L. (d) Limbarda crithmoides (L.) Dumort. (e) Sporobolus maritimus (Curtis) PM. Peterson &
Saarela. (f) Salicornia perennans Willd.

2.3. Multispectral Sensor Configuration and Image Processing

Multispectral data acquisition was performed using a MicaSense Dual-Camera System
(MicaSense Inc., Seattle, WA, USA) mounted on a DJI Matrice 210 v2 UAV (DJI, Nanshan,
Shenzhen, China). The system combines a MicaSense RedEdge-MX and a RedEdge-MX
Blue sensor, enabling the synchronized acquisition of 10 multispectral bands at a spatial
resolution of 1280 x 960 pixels (Table 2). This configuration provides radiometrically stable
measurements across a broad spectral range, making it suitable for diverse environmental
applications—from shallow-water analysis using the coastal blue (B) aerosol band to
vegetation monitoring based on green (G), red (R), red-edge (Rgqge), and near-infrared
(NIR) bands.
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Table 2. Spectral characteristics of the bands acquired by the MicaSense Dual-Camera system. The
table reports, for each band, the central wavelength (1) and the Full Width at Half Maximum (FWHM),
both expressed in nanometers.

RedEdge-MX RedEdge-MX Blue
Image Suffix Band A FWHM Image Suffix Band A FWHM
_1 B 475 20 _6 B 444 28
2 G 560 20 7 G 531 14
3 R 668 10 _8 R 650 16
5 REdge 717 10 9 REdge 705 10
_4 NIR 840 40 _10 Regge 740 18

UAV flights were conducted under varying illumination conditions. To mitigate
radiometric variability, all images were calibrated using reflectance panel measurements
acquired before and after each flight to establish an absolute radiometric reference. In
addition, the multispectral system was equipped with a Downwelling Light Sensor (DLS),
which continuously recorded incident sunlight and was used to compensate for variations
in illumination intensity and geometry along the flight path. Radiometric calibration was
performed using the standard workflow implemented in Agisoft Metashape Professional
(version 2.0.4; Agisoft LLC, St. Petersburg, Russia).

Each study site was mapped through an independent UAYV flight, ensuring a minimum
image overlap of 80% in both forward and side directions to guarantee robust multi-view
geometry. Image processing was carried out in Agisoft Metashape Professional (v. 2.0.4)
using the photogrammetric pipeline adapted for multispectral imaging. In this workflow,
one band is designated as the master image for tie-point extraction and bundle adjustment,
while the remaining bands have fixed but unknown relative orientations with respect to the
master one, to be estimated in the Structure-from-Motion phase. This approach preserves
the rigidity among bands and ensures accurate alignment of the full multispectral stack.
Dense point cloud generation and subsequent orthorectification resulted in a 10-band
orthomosaic (Figure 1c,d) with a ground sampling distance (GSD) of 3 cm/pixel.

The original 10 spectral bands were augmented with 5 VIs, namely the Normalized Dif-
ference Vegetation Index (NDVI) [29], Normalized Difference Red Edge Index (NDRE) [52],
Normalized Difference Water Index (NDWI) [53], Enhanced Vegetation Index (EVI) [54],
and Modified Soil Adjusted Vegetation Index (MSAVI) [31]. These indices were selected
based on their established ability to highlight specific vegetation properties relevant for
salt marsh species identification (vegetation vigor, chlorophyll content, red-edge variation,
and greenness), and follow the set of key indices for vegetation discrimination reported
in [55]. NDRE, not included in that study, was additionally considered to explicitly exploit
red-edge information in a vegetation index, which has proven effective for discriminating
salt marsh vegetation [37]. The indices are defined by the following expressions:

NDVI = f&%ﬁ; (1)
NIR — R

NDRE = WRE:Z: 2)

NDWI = % ©)

EVI=25% "R+ 6 1:1115:7115 <B+1) @

MSAVI = 05 x | (2 x NIR+1) — /(2 x NIR +1)2 8 x (NIR ~ G) 5)
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Input [128 x 128 x 15]

Multi-channel image

For the computation of the VIs, the 10 spectral bands were reduced to 5 (B, G, R, Rgqge, NIR) by
averaging those corresponding to the same spectral region, but measured at slightly different
wavelengths. It should be noted that all 10 original spectral bands provided by the MicaSense
Dual-Camera System were retained and directly used as input features for the deep learning
model, while band averaging was applied exclusively for VI computation. This choice follows
a common practice in remote sensing, as most widely used vegetation indices are defined in
terms of broad spectral regions rather than sensor-specific narrow bands. Averaging bands
within the same spectral region allows VIs to remain consistent with their original biophysical
interpretation, while subtle spectral differences captured by individual narrow bands are still
preserved and exploited by the DL algorithm during end-to-end training.

A proper normalization was then performed to make the VI values numerically
comparable with the spectral bands. The resulting 15-channel orthomosaics constitute the
input data for the salt marsh classification framework described in the following section.

2.4. Classification Framework

The proposed classification framework is implemented as a single end-to-end network
composed of two main components (Figure 3): (i) a multispectral encoder—decoder module that
maps the original multi-channel input into a three-channel representation, and (ii) a convolu-
tional neural network pre-trained on RGB imagery, which serves as the classification backbone.
The network operates on image tiles of size 128 x 128 pixels, with each pixel represented by a
15-dimensional feature vector comprising the 10 spectral bands and the 5 vegetation indices.

Encoder-Decoder [128 x 128 x 3] VGG-16 features FC classifier Output [1x 7]

Classes

Figure 3. Proposed classification network. The input is a multi-channel image composed of the
spectral bands and vegetation indices. An encoder-decoder module first squeezes the input channels
into a standard 3-channel representation, suitable for feeding into a pre-trained VGG-16 truncated at
the feature extraction stage. The extracted features are then passed to a final fully connected classifier
that assigns each tile to one of the 7 output classes.

More in detail, the first component is a lightweight encoder—decoder network designed
to reduce the channel dimensionality of the input while preserving its spatial structure. The
module operates in a fully convolutional manner and processes entire image tiles simul-
taneously. As illustrated in Figure 4, the encoder consists of a sequence of convolutional
layers with an increasing number of feature maps (32, 64, and 128 channels), combined with
batch normalization. Spatial resolution is progressively reduced through strided convolutions,
enabling the extraction of increasingly abstract spectral-spatial features. At the bottleneck, a
residual block is introduced to facilitate gradient propagation and enhance training stability.

The decoder mirrors the encoder structure and gradually restores the original spatial
resolution through upsampling convolutional layers. Feature dimensionality is progres-
sively reduced until a final convolutional layer produces a three-channel feature map with
the same spatial dimensions as the input tile (128 x 128). This output can be interpreted as
a learned pseudo-RGB representation, specifically optimized for the subsequent classifi-
cation task. Batch normalization is applied throughout the encoder—decoder to improve
convergence and robustness.
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Encoder-Decoder

Input Conv 5 x5
15ch 15 — 32,51, p2

g

Conv 3 x 3
128 — 128
BN + ReLU
Residual Block
128 ch
Conv3x3
128 — 128

BN

Encoder 2
Conv 5 x 5
64 — 128
s2, p2, BN

Encoder 1
Conv 5 x 5
32 — 64
s2, p2, BN

a

Decoder 1
Upsample + Conv 5 x 5
128 — 64
sl, p2, BN

Decoder 2 Output
Upsample + Conv 5 x 5 Conv1x1
64 — 32 32—3
sl1, p2, BN BN

Backbone VGG + Classifier

VGG-16 features
(Conv/ReLU + MaxPool) x5

Adaptive AvgPool FC 409 FC 409 FC7
7x7 ReLU + Dropout ReLU + Dropout logits

Figure 4. Network architecture with detailed layer configuration. Conv: convolutional layer; BN:
batch normalization; ReLU: rectified linear unit; MaxPool: max pooling; Adaptive AvgPool: adaptive
average pooling; FC: fully connected layer; s: stride; p: padding; ch: number of feature channels.

The second component of the architecture is based on the VGG-16 convolutional neural
network [56], pre-trained on a large-scale RGB image dataset. The three-channel output pro-
duced by the multispectral encoding module is directly fed into the VGG-16 backbone, which
preserves its original convolutional structure, consisting of five convolutional blocks with
increasing feature depth, interleaved with rectified linear unit activations and max-pooling
layers. Global feature aggregation is performed via adaptive average pooling, followed by
two fully connected layers with dropout regularization to mitigate overfitting. The network is
adapted to the salt marsh classification task by replacing the original output layer with a fully
connected layer producing class scores for the seven target vegetation classes.

Training follows a transfer learning strategy in which the weights of the VGG-16
backbone are kept frozen, while the parameters of the multispectral encoder—decoder
module and the final classification layers are optimized. This approach allows the model to
exploit robust feature representations learned from large RGB datasets while limiting the
number of trainable parameters and reducing the amount of annotated multispectral data
required for effective learning. Importantly, the encoder—decoder module is not trained
as a standalone autoencoder but is integrated directly into the classification network and
optimized jointly with the classifier, ensuring that the learned three-channel representation
is explicitly driven by the final classification objective.

The model was implemented using the PyTorch (version 2.5.0) framework [57]. The
VGG-16 architecture and its ImageNet-1K pre-trained weights were obtained from the PyTorch
Model Zoo. Network optimization was performed using the AdamW optimizer, with the
cross-entropy loss function employed for multi-class classification. All experiments were
conducted on a workstation equipped with an NVIDIA GeForce RTX 3070 GPU (NVIDIA
Corporate, Santa Clara, CA, USA). This implementation and training setup follows widely
adopted practices in deep learning studies, ensuring reproducibility and consistency with
established methodologies.

2.5. Evaluation Protocol

To quantitatively assess the proposed deep learning framework, beyond qualitative
visual inspection, the performance of the developed approach was evaluated through a
comparative analysis against two widely used machine learning classifiers, namely Support
Vector Machines and Random Forest, which were adopted as baseline methods. For the ML
approaches, each image tile was represented by a 1 x 15 feature vector obtained by averaging
the values of the spectral bands and vegetation indices over all pixels within the tile.

To analyze the contribution of different spectral representations, an ablation study was
also conducted. The DL model was evaluated under three alternative input configurations:
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(i) the complete input composed of 10 spectral bands and 5 vegetation indices (SB+VI), (ii) only
the 10 spectral bands (SB), and (iii) only the 5 vegetation indices (VI). This analysis was designed
to assess the relative impact of raw spectral information and derived vegetation indices on
classification performance. For consistency, the same input configurations were also tested for
the ML baseline methods (SVM and RF), and their results are reported for comparison.

Classification performance was quantified using standard multi-class evaluation metrics,
including Overall Accuracy (OA), precision, recall, and Fl-score. Overall Accuracy measures
the proportion of correctly classified samples with respect to the total number of observations.
Precision, recall, and F1-score were computed on a per-class basis and subsequently aggregated
using both macro-averaging and weighted averaging. Macro-averaged metrics assign equal
importance to all classes, whereas weighted averages account for class imbalance by weighting
each class according to its relative frequency in the dataset. In addition, confusion matrices were
analyzed to support the interpretation of class-specific errors and misclassification patterns.

For the quantitative comparison and ablation analysis, the ground-truth dataset was
randomly split into a training set (90%) and a held-out test set (10%), while preserving the
original class proportions. All performance metrics reported for these experiments were
computed on the test set.

Finally, given the limited size of the dataset and its pronounced class imbalance (Table 1),
a stratified 5-fold cross-validation strategy was adopted to more robustly assess the DL
approach. The dataset was partitioned into five folds, each preserving the class distribution of
the full dataset. At each iteration, four folds were used for training and the remaining fold
for testing, and performance metrics were computed as the average across the five runs. This
analysis was not extended to the ML baselines, as their performance was consistently and
substantially lower in the comparative experiments, as reported in Section 3.2.

3. Results
3.1. Qualitative Classification Results

Figure 5 shows the classification results obtained with the proposed deep learning
framework for all eleven study areas. The predicted maps exhibit a high degree of spatial
coherence and reproduce the main spatial patterns typically observed in salt marsh envi-
ronments. A qualitative assessment can be performed by visually comparing the classified
maps with the ground-truth tiles superimposed in the figure. In most areas, the predicted
classes are consistent with the reference samples, indicating a good agreement between
the model output and the in situ observations used for training and testing. Dominant
vegetation types and water bodies are generally well delineated, as illustrated, for example,
in areas Al and A9. In sites characterized by larger and more homogeneous patches,
the classification appears particularly stable, whereas finer-scale spatial structures are
preserved in areas exhibiting more fragmented vegetation mosaics (e.g., A6 and A7).

These qualitative results provide an initial visual validation of the proposed method,
which is further substantiated in the following sections through quantitative metrics and
confusion matrix analysis.

3.2. Quantitative Comparison and Ablation Analysis

Table 3 reports the quantitative classification performance of the proposed deep learn-
ing framework and the machine learning baselines (SVM and RF) under the different
input configurations.
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Figure 5. Classification results obtained with the proposed deep learning framework for all study
areas. Ground-truth field sampling plots (shown as small polygons) are overlaid on the classification
maps. All areas are shown at the same scale, indicated in the upper-left box. The coordinates are
expressed in meters in the RDN2008/UTM Zone 33N coordinate reference system (EPSG:6708). The
satellite basemap is provided by Bing Maps.

https://doi.org/10.3390/rs18040655


https://doi.org/10.3390/rs18040655

Remote Sens. 2026, 18, 655

13 of 20

Considering the DL approach, the highest performance is achieved when using the
complete spectral configuration combining spectral bands and vegetation indices (SB+VI).
In this setting, the model attains an Overall Accuracy of 0.984, with consistently high
values across both macro-averaged and weighted-averaged metrics, all exceeding 0.98.
When restricting the input to vegetation indices only (VI), the DL model still yields high
classification accuracy (OA = 0.969), with a moderate reduction in macro-averaged precision
and F1-score. Conversely, the configuration based solely on spectral bands (SB) results in
a more pronounced decrease in performance, particularly in the macro-averaged metrics,
indicating a less balanced classification across classes.

A clear performance gap is observed between the DL framework and the ML base-
lines across all input configurations. The SVM classifier achieves Overall Accuracy values
ranging between 0.703 and 0.734, with relatively low macro-averaged F1-scores, reflecting
difficulties in achieving balanced class-wise performance. The RF classifier consistently
outperforms SVM, reaching an Overall Accuracy of 0.906 for both the SB+VI and SB con-
figurations. Nevertheless, even in its best-performing setting, RF remains substantially
below the performance achieved by the DL model using the full SB+VI input. Differ-
ences between macro-averaged and weighted-averaged metrics are more pronounced for
the ML approaches, suggesting a stronger influence of class imbalance compared to the
DL framework.

Table 3. Quantitative comparison of classification performance for the proposed DL model and the
ML baselines (SVM and RF) under different input configurations. Overall Accuracy (OA) is reported
together with Precision (Prec), Recall (Rec), and F1-score (F1); the latter metrics are provided using
both macro-averaging and weighted-averaging to account for class imbalance. The bold values
indicate the best performance for each metric.

Macro-Averaged Metrics Weighted-Averaged Metrics

Method OA
Prec Rec F1 Prec Rec F1

DL - SB+VI 0.984 0.984 0.987 0.985 0.986 0.984 0.984
DL -SB 0.906 0.777 0.805 0.788 0.885 0.906 0.892
DL - VI 0.969 0937 0.974 0.949 0976 0.969 0.969
SVM - SB+VI 0.703 0.673 0.677 0.591 0.806 0.703 0.698
SVM - SB 0.703 0.673 0.677 0.591 0.806 0.703 0.698
SVM - VI 0.734 0.699 0.708 0.639 0.826 0.734 0.738
RF - SB+VI 0.906 0.822 0.854 0.832 0.909 0.906 0.909
RF -SB 0.906 0.857 0.859 0.857 0.908 0.906 0.907
RF -VI 0.891 0.737 0.787 0.755 0.876 0.891 0.880

The normalized confusion matrices shown in Figure 6 provide a detailed, class-wise
perspective on the classification behavior of the different methods and input configurations.
For the proposed DL framework using the full SB+VI input (Figure 6a), the matrices
exhibit a pronounced diagonal dominance across all classes, indicating a high proportion
of correctly classified samples and a generally balanced performance. Misclassifications are
limited and mainly involve minor confusions between spectrally similar vegetation classes.

When the DL input is reduced to spectral bands only (Figure 6b) or vegetation indices
only (Figure 6¢), the overall diagonal structure is largely preserved, although an increase in
off-diagonal elements becomes evident for specific classes. A closer examination reveals
distinct misclassification patterns between the two reduced-input configurations. In the
VI-only case, classification errors are primarily confined to class 1 (Juncus maritimus), while
the remaining classes maintain a clear diagonal dominance. Conversely, the SB-only
configuration shows a broader distribution of misclassifications affecting the first four
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Figure 6. Normalized confusion matrices for the proposed DL model and the ML baselines (SVM and
RF) under three input configurations: spectral bands and vegetation indices (SB+VI), spectral bands
only (SB), and vegetation indices only (VI). Rows are ordered as DL, SVM, and RE, while columns are
ordered as SB+VI, SB, and VI. All matrices are normalized by the number of samples per class. Values
range from 0 to 1 and are reported within each cell; a common color scale is used across all images.
The correspondence between class numbers and species is as follows: 1—Juncus maritimus Lam.;
2—Limonium narbonense Mill.; 3—Salicornia fruticosa (L.) L.; 4—Limbarda crithmoides (L.) Dumort.;
5—Sporobolus maritimus (Curtis) PM. Peterson & Saarela; 6—Water; 7—Salicornia perennans Willd.

By comparison, the confusion matrices obtained for the ML baseline methods (Figure 6d—i)
display more pronounced off-diagonal patterns. The SVM classifier is characterized by
frequent misclassifications across multiple vegetation classes, resulting in reduced class
separability and lower class-wise recall, particularly for minority classes. Random For-
est demonstrates improved diagonal dominance relative to SVM; however, noticeable
confusions persist, especially among classes 1-4.
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3.3. Cross-Validation Results

Table 4 summarizes the cross-validation results obtained using the three input settings.
Overall, the DL model shows stable performance across folds for all configurations, with
limited variability in terms of Overall Accuracy and macro-averaged metrics. The combined
SB+VI input yields consistently high results, while the VI-only configuration achieves
slightly higher mean values for OA, macro-precision, and macro-F1 score. Conversely, the
SB-only configuration exhibits a modest reduction in performance, particularly in terms of
recall and F1-score.

Table 4. Stratified 5-fold cross-validation results for the proposed DL model using different input
configurations. Values are reported as mean + standard deviation of OA and macro-averaged
precision, recall, and F1-score. The bold values indicate the best performance for each metric.

Input OA Precision (Macro) Recall (Macro) F1-Score (Macro)
SB+VI 0.941 £+ 0.027 0.883 £ 0.063 0.888 £ 0.027 0.873 +0.043
SB 0.918 £ 0.016 0.870 £ 0.041 0.843 £ 0.046 0.836 + 0.036
VI 0.954 + 0.007 0.906 + 0.033 0.885 + 0.009 0.877 £ 0.006

Despite these differences in average metrics, statistical analysis indicates that the
performance variations between the SB+VI and VI-only configurations are not statistically
significant. Both the Wilcoxon signed-rank test (p = 0.625) and the paired t-test (p = 0.382)
fail to reject the null hypothesis, suggesting that the observed differences in performance
between the two input configurations are within the variability captured by the cross-
validation procedure.

4. Discussion

Opverall, the results show that the proposed framework operates reliably across hetero-
geneous lagoon sectors with different spatial extents and degrees of class mixing. Predicted
maps remain spatially coherent with the ground-truth tiles even in transitional zones,
indicating stable performance under local spatial variability. Although the training dataset
is relatively limited for deep learning, the confusion matrix and the quantitative results in
Table 3 confirm the superior class-wise consistency of the proposed approach, especially
with the SB+VI configuration. This highlights the difficulty of ML baselines in handling
class imbalance and the spectral similarity typical of fine-grained salt marsh vegetation.

To mitigate biased estimates due to uneven class distribution, we evaluated the model
using hold-out testing and a stratified 5-fold cross-validation scheme combined with
a percentage-based train—test split at the tile level. Under the current data configura-
tion (highly uneven spatial distribution and few plots for some classes), spatial hold-out
strategies such as Leave-One-Area-Out can yield non-representative splits where some
classes are poorly represented or absent, producing unstable or biased estimates. Stratified
cross-validation instead ensures more balanced class representation and a more reliable
assessment given the available ground truth.

The results support the main premise of this work: RGB-pretrained CNNs can be
transferred to multispectral UAV data through an explicit spectral adaptation stage. The
learnable encoder maps the 15-channel multispectral input into a three-channel representa-
tion compatible with an RGB-pretrained backbone (VGG-16) and is optimized end-to-end
via the classification loss. While some raw spectral detail is necessarily compressed, the
consistently high accuracy and strong macro-averaged metrics indicate that the learned
representation preserves the information most relevant to discriminate the target classes.
A key implication is data efficiency under constrained annotation. With 602 plots and
imbalanced fine-grained classes, training a deep CNN from scratch would be unreliable;
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freezing the pretrained backbone and training only the encoder and classifier reduces the
number of trainable parameters and helps mitigate overfitting while still adapting to the
target spectral domain. This is particularly relevant for UAV-based ecological monitoring,
where extensive in situ labeling is often impractical.

Salt marsh vegetation exhibits partially overlapping spectral responses, raising poten-
tial spectral confusion. In this framework, separability is not pursued through hand-crafted
feature-space discrimination alone: the network learns a task-driven spectral-spatial trans-
formation that enhances class separability in the learned representation, and separability is
therefore assessed implicitly through performance metrics and confusion patterns rather
than through standalone feature-level distances. In addition, performance gains over
RE/SVM are attributable not only to spectral modeling but also to the ability of CNNs to
exploit within-tile spatial context and texture, which are discarded by spatially averaged
ML features.

The ablation analysis further supports the input design: combining spectral bands and
vegetation indices yields the most robust and balanced performance, consistent with the
complementary information carried by raw reflectance and index-based descriptors. While
VI-only achieved competitive cross-validation results, SB+VI consistently performed best
on held-out testing. Direct quantitative comparisons with prior studies remain difficult due
to differences in class taxonomies, sensors, resolution, and evaluation protocols. Never-
theless, the achieved accuracy is within (and often above) the range commonly reported
for multispectral UAV salt marsh classification, suggesting that the proposed strategy is
competitive under current practice.

Despite the strong performance achieved, some limitations should be acknowledged.
First, the framework was tested on a single lagoon system and one sensor; transferability to
other sites, sensors, and acquisition conditions was not explicitly evaluated. Future work
will extend experiments to multiple salt marsh systems and more diverse datasets: with
more spatially balanced sampling, spatial generalization tests (including Leave-One-Area-
Out) will become feasible and more informative.

Second, classification is performed at the tile level (dominant-class labeling). This
increases robustness to pixel-level noise but can smooth fine boundaries and introduce
mixed-class effects in highly heterogeneous tiles. Future work will investigate semantic
segmentation to enable pixel-level mapping and to address pixel mixing more explicitly.

Third, the 15-to-3 channel compression enables reuse of RGB backbones but constrains
how spectral information is represented. Future analyses will focus on interpretability
(e.g., visualization/sensitivity of pseudo-RGB channels) and on alternative adaptation
strategies that preserve additional spectral degrees of freedom while retaining the benefits
of RGB pretraining.

Finally, the modular encoder design supports extensions such as alternative band
configurations, inclusion of additional vegetation indices, and multi-source data fusion,
which may further improve scalability for long-term coastal wetland monitoring.

5. Conclusions

This study proposed a deep learning framework for the classification of salt marsh
vegetation from UAV-based multispectral imagery, leveraging transfer learning from con-
volutional neural networks pre-trained on large RGB image datasets. The core contribution
lies in the introduction of a learnable spectral encoding module that maps multispectral
inputs, including vegetation indices, into a three-channel representation compatible with
an RGB-trained backbone. This strategy enables the effective reuse of established CNN
architectures, such as VGG-16, while mitigating the need for large annotated multispectral
training datasets.
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The experimental results demonstrate that the proposed approach consistently out-
performs traditional machine learning classifiers, including Support Vector Machines and
Random Forest, across all evaluated input configurations. In particular, the joint use
of spectral bands and vegetation indices leads to the highest classification performance,
achieving an Overall Accuracy of 98.4% and improved class-wise consistency despite
pronounced class imbalance. The robustness of the framework is further supported by
stratified cross-validation, showing stable performance across different data partitions. The
ablation analysis highlights that vegetation indices provide complementary information
that enhances class separability beyond what can be achieved using spectral bands alone.

These findings confirm that RGB-pretrained convolutional neural networks can be
successfully adapted to multispectral UAV data through an appropriate spectral transfor-
mation, even under constrained training conditions. By limiting the number of trainable
parameters and exploiting both spectral and spatial information at the tile level, the pro-
posed framework offers a data-efficient and reliable solution for high-resolution vegetation
mapping in heterogeneous salt marsh environments.

Overall, the proposed approach represents a competitive and transferable methodol-
ogy for multispectral vegetation classification, with direct relevance for ecological monitor-
ing and coastal management applications. The modular design of the spectral encoding
component facilitates adaptation to different multispectral sensors and acquisition settings,
providing a solid foundation for future extensions aimed at improving generalization
across sites, sensors, and environmental conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

Blue B
Convolutional Neural Network CNN
Deep Learning DL
Downwelling Light Sensor DLS
Enhanced Vegetation Index EVI
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Fl1-score F1

Full Width at Half Maximum FWHM
Global Navigation Satellite System GNSS
Green G
Green Normalized Difference Vegetation Index GNDVI
Ground Sampling Distance GSD
Machine Learning ML
Modified Soil Adjusted Vegetation Index MSAVI
Near-infrared NIR
Normalized Difference Red Edge Index NDRE
Normalized Difference Vegetation Index NDVI
Normalized Difference Water Index NDWI
Overall Accuracy OA
Precision Prec
Random Forest RF
Recall Rec
Red R
Red-edge Rgdge
Spectral Angle Mapper SAM
Spectral Band SB
Support Vector Machine SVM
Uncrewed Aerial Vehicle UAV
Vegetation Index VI
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