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Abstract

High-resolution RGB imagery acquired from low-altitude UAV surveys was
processed through a modular pipeline incorporating transformer-based se-
mantic segmentation, connected-component vegetation extraction, fine-grained
species classification using a ConvNeXt architecture, and grid-based domi-
nance scoring at 2x2m resolution. The framework targeted two ecologi-
cally significant halophytic grasses, Spartina maritima and Puccinellia mar-
itima, and was trained using a curated dataset and manually annotated UAV
imagery, along with biodiversity imagery sourced from publicly accessible
datasets. In order to identify these plants from the imagery, our segmenta-
tion yielded reliable species masks (mean IoU = 0.56; pixel-level accuracy
~ 0.96), while object-level classification achieved very good discrimination
(F1 ~ 0.99). Dominance estimates closely matched quadrat-based field sur-
veys, with mean absolute differences below 8%, preserving fine-scale spatial
structure under realistic survey conditions. The developed system, named
EcoVision, establishes a practical foundation for scalable, high-resolution
salt marsh monitoring, demonstrating how Al-driven workflows can trans-
late pixel-level predictions into ecologically interpretable metrics.
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1. Introduction

Perhaps more than landscapes, vegetation underpins and dominates the
ecosystem service delivery and functioning in coastal areas, regulating biodi-
versity patterns, habitat structure, and key ecological processes [1|. Accurate,
high-resolution monitoring is critical for assessing environmental change,



guiding conservation strategies, and informing predictive ecological models
[2, 3]. Despite their long-standing role in ecology, field surveys depend heavily
on human judgement and manual effort, introducing variability and limiting
scalability for both temporal and spatial coverage [4, 5].

These constraints are particularly pronounced in dynamic or inaccessible
habitats, such as salt marshes, where interestingly species of quite differ-
ent traits and morphology can co-exist in physical niches defined by mere
tens of centimetres. The consequences of these very strong physical niches,
yet also expansive, inaccessible, and heterogeneous settings, mean traditional
surveys are both onerous, focused typically on transects, and often generalise
a marsh rather than perhaps finding specific areas of concern that might be
missed by linear walks [6]. Satellite imagery might counter this limitation,
however, spatial coverage lacks the resolution to identify species (and thus
their well-established ecosystem service values [7] ), and it also lacks the tem-
poral flexibility necessary for species-level analysis, further impeding timely
ecological insight [8, 9]. Emerging UAV-based remote sensing offers high-
resolution, repeatable imaging capabilities that capture fine-scale vegetation
patterns. At the same time, machine learning methods enable the automated
identification, segmentation, and dominance assessment of species [10]. By
combining UAV imagery with computer vision and deep learning, the pro-
posed framework addresses critical limitations of conventional monitoring
[11], providing scalable, objective, and ecologically interpretable data. This
integration also supports further advances such as near real-time ecosystem
assessment, invasive species management, and evidence-based conservation
planning, bridging the gap between high-resolution imagery and actionable
ecological insight.

1.1. Research Objectives

This research aims to develop and evaluate an integrated UAV - Al frame-
work for automated plant species identification and dominance assessment
in salt marsh ecosystems. Existing approaches largely focus on species pres-
ence/absence mapping or pixel-level classification, offering limited insight
into competitive dynamics and ecological dominance within defined spatial
units [8]. EcoVision addresses this gap by combining high-resolution UAV
imagery with advanced computer vision and deep learning to generate eco-
logically meaningful, patch-level outputs. The following are the primary
objectives:



Figure 1: Caption

e to acquire high-resolution UAV imagery capable of supporting species-
level analysis across heterogeneous coastal landscapes.

e to implement and assess transformer-based semantic segmentation and
blob-level classification models [12] for accurate vegetation delineation
and species identification.

e to design a spatial aggregation strategy that translates model predic-
tions into quantitative dominance scores at a 2x2 m patch scale as per
JNCC guidelines [13].

e cvaluate the robustness and generalizability of the proposed pipeline
across varying environmental conditions and datasets, ensuring suit-
ability for real-world ecological monitoring.

1.2. Contributions of This Study

This study makes several substantive contributions to the field of Al-
driven ecological monitoring. First, it presents an end-to-end UAV-AI
pipeline that integrates high-resolution aerial data acquisition, species-level
semantic segmentation, blob-based classification, and patch-level dominance
scoring into a unified and reproducible workflow. To our knowledge, we
currently know of no other pipeline of this type or utility. Unlike prior ap-
proaches that treat these components in isolation, EcoVision aims to bridge
the gap between computer vision outputs and ecologically interpretable in-
dicators within a single platform. Second, the study demonstrates the ap-
plication of transformer-based segmentation (SegFormer) and modern con-
volutional architectures (ConvNeXt) for fine-grained vegetation analysis in
complex salt marsh environments, addressing challenges such as overlapping
canopies, background noise, and seasonal variability. This contributes empir-
ical evidence for the suitability of state-of-the-art vision models in real-world
ecological settings. Third, the introduction of a 2x2 m patch-based dom-
inance framework provides a scalable method for quantifying species domi-
nance based on ecologically and policy-driven guidance [13], thus aligned with
traditional methods and may also offer insights to emerging priorities in the
future, such as invasive species driven by these botanical experts’ impact
beyond simple presence-absence mapping. This spatially explicit approach



thus supports similar conservation and management decisions to which oner-
ous and costly manual surveys also deliver. Finally, the research emphasises
modularity and reproducibility, offering a framework that can be adapted to
other ecosystems, species groups, and monitoring objectives. Collectively,
these contributions advance the practical integration of Al and UAV tech-
nologies into ecological monitoring, supporting more objective, scalable, and
actionable environmental assessment.

2. Related Work

Traditional ecological surveys remain fundamental to biodiversity mon-
itoring, yet they exhibit well-documented limitations that constrain their
effectiveness, particularly for programmes requiring consistent spatial and
temporal coverage. Field-based approaches rely heavily on manual species
identification and visual estimation, introducing observer bias and uncer-
tainty - especially for cryptic, morphologically similar, or rare species |2, 4].
These surveys are also labour-intensive and time-consuming, often requiring
specialist teams to work in remote or physically challenging environments,
which limits the frequency and scale at which monitoring can realistically
occur |14, 5]. Scalability poses a further challenge. Extending surveys across
large, remote, or environmentally dynamic landscapes, such as wetlands or
coastal systems, requires resources far exceeding what most conservation or
land-management programmes can sustain. Yet such repeated, fine-scale
monitoring is essential for detecting seasonal or inter-annual ecological change
and avoiding gaps in biodiversity records [15]. While current field methods
may be optimised in terms of cost-benefit, a substantial spatial-temporal
gap remains between what ecologists can practically survey and the resolu-
tion of data required for timely, actionable management. Another limitation
lies in the delay between data collection and ecological interpretation. Tra-
ditional surveys require significant expert verification and taxonomic qual-
ity control, which extends the time before results can be incorporated into
decision-making. This latency reduces the utility of field data for adaptive
management, especially following rapid or transient disturbances such as
storm events or short-lived but ecologically consequential anthropogenic im-
pacts [16]. Taken together, these constraints - observer subjectivity, limited
coverage, intensive labour requirements, and delays in data availability - high-
light the need to augment (not replace) conventional survey methods with
complementary, technology-driven tools. UAV imaging and machine learn-



ing offer a promising addition to the land-management “toolbox”, providing
rapid, consistent, and objective assessments that can be later supported or
quality-checked by ecologists with far less time and cost[11, 17, 18]. Recent
work demonstrates that convolutional neural networks can accurately seg-
ment and identify plant species from high-resolution imagery [10], enabling
fast, good-faith estimates that ecologists can validate more efficiently than
by conducting full field surveys.

2.1. Role of Al and UAVs in Environmental Monitoring

The integration of unmanned aerial vehicles (UAVs) with artificial intel-
ligence (Al) has greatly expanded the capabilities of ecological monitoring,
offering novel ways to address long-standing limitations of traditional sur-
veys. UAVs provide flexible, high-resolution imaging that captures fine-scale
spatial patterns across heterogeneous, dynamic, or inaccessible regions such
as coastal marshes, wetlands, and intertidal zones [19, 15|. Their capac-
ity for repeated flights over fixed plots allows consistent temporal monitor-
ing, facilitating the detection of short-term or seasonal changes that would
otherwise be difficult to quantify [8, 20]. When paired with Al-driven ana-
lytical pipelines, UAV imagery can be processed for automated species de-
tection, pixel-level segmentation, and patch-scale estimation of vegetation
dominance[20, 12]. Machine-learning models, including transformer-based
segmenters and advanced CNNs reduce subjectivity, increase repeatability,
and allow scalable analysis across large datasets [10]. This enables the gen-
eration of ecologically meaningful outputs such as species distribution layers,
dominance maps, and habitat-level descriptors that support evidence-based
conservation planning [21, 22|. Al-enabled UAV monitoring thus provides
a bridge between fine-resolution environmental imagery and the ecological
indicators needed for land management, offering consistent, spatially explicit
assessments that can complement and enhance traditional survey methods.

2.2. UAV-Based Ecological and Environmental Monitoring

UAVs have rapidly become essential tools for environmental monitoring
due to their capacity to capture centimetre-scale imagery at flexible spa-
tial and temporal resolutions. Operating at low altitudes, they offer detail
beyond the reach of both field surveys and traditional satellite platforms
[2, 4, 10]. Their rapid deployment makes them ideal for systems where vege-
tation undergoes rapid or seasonal shifts, such as salt marshes and wetlands



[5]. Early studies demonstrated the ability of UAV imagery to map vegeta-
tion at species-level resolution more efficiently than manual surveys [23, 11].
As their use expanded across agricultural, forestry, and coastal ecosystems,
integration with machine learning further improved detection of invasive,
structurally similar, or spatially intermixed species [10, 4]. Meta-analyses
consistently show superior spatial detail and classification accuracy relative
to traditional surveys, although performance remains sensitive to sensor se-
lection, flight parameters, and species complexity [16]. Nevertheless, chal-
lenges remain in converting UAV imagery into ecologically interpretable out-
puts and standardising workflows across sites and species. These limitations
underscore the need for integrated, end-to-end frameworks such as EcoVi-
sion, which aims to unify sensing, segmentation, classification, and ecological
inference within a single operational pipeline.

2.3. Computer Vision for Plant and Vegetation Analysis

Computer vision has become central to vegetation analysis, allowing au-
tomated extraction of structure, composition and species-level information
from imagery. Farly feature-based approaches were constrained by light-
ing variability, background clutter, and species similarity [2]. Deep learn-
ing—especially CNNs—overcame many of these issues by learning hierarchi-
cal representations that capture texture, morphology, and contextual cues
critical for differentiating plant species [23, 22|. Advanced semantic and
instance segmentation models now allow pixel- or object-level classification
with high spatial precision, improving the delineation of overlapping plants
and complex canopy structures [4]. Transformer-based architectures further
enhance performance by leveraging long-range spatial dependencies, which
is particularly valuable in dense marsh environments [24|. Despite these im-
provements, many studies stop at the segmentation stage and do not translate
outputs into ecological metrics such as species dominance, patch structure, or
vegetation dynamics (Kattenborn et al., 2019). Addressing this gap requires
coupling computer-vision predictions with ecological reasoning and spatial
aggregation - an integration pursued in the EcoVision design.

Deep learning now dominates species classification and vegetation seg-
mentation due to its capacity to learn discriminative features from complex
imagery. CNN architectures such as ResNet, EfficientNet, and ConvNeXt
have demonstrated strong performance when combined with high-resolution
UAV data, enabling fine-grained species identification [2].



Semantic segmentation models, including U-Net variants, DeepLabV3-+,
and transformer-based models like SegFormer, provide robust pixel-level pre-
dictions even in challenging environments with complex illumination and
vegetation structure [22]|. Attention mechanisms and multi-scale feature ex-
traction further enhance boundary accuracy and class separation. Persistent
limitations, however, include generalisation across sites, the scarcity of an-
notated ecological datasets, and high computational demands for large-area
imagery [10]. Hybrid pipelines that decouple segmentation and classifica-
tion increasingly show promise for improving accuracy and interpretability,
aligning with EcoVision’s modular architecture [21].

2.4. Gaps in Existing Approaches

Despite significant advances, key gaps remain in UAV- and deep learn-
ing-based vegetation analysis. Many studies focus narrowly on either seg-
mentation or classification rather than integrating these tasks into pipelines
that reflect real ecological workflows. As a result, outputs often lack the
ecological structure needed to inform habitat assessments, such as species
dominance, patch organisation, or competitive dynamics [16|. Generalisa-
tion remains another major challenge. Most models are trained on limited
datasets that fail to represent the variation introduced by differing sensors,
flight conditions, seasons, or background vegetation, resulting in domain shift
when methods are applied to new sites [10]. Ecological interpretability is fur-
ther constrained by a lack of uncertainty quantification and by the absence of
mechanisms to convert pixel-level data into meaningful ecological units [§].
Finally, computational overhead limits the scalability of existing methods,
restricting their applicability for near-real-time ecological decision-making.
These gaps motivate the need for end-to-end, ecologically grounded systems
such as EcoVision, that integrate sensing, segmentation, classification, and
ecological interpretation in a manner that balances accuracy, interpretability,
and operational feasibility.

3. Methodology

EcoVision is positioned at the intersection of UAV-based ecological moni-
toring, modern computer vision, and ecologically interpretable machine learn-
ing. Unlike prior studies that treat segmentation, classification, and analysis
as isolated tasks, EcoVision adopts an end-to-end pipeline aligned with real
ecological workflows. High-resolution UAV imagery serves as the primary



data source, while deep learning models are used not only for pixel-level
accuracy but as building blocks for higher-level ecological inference (Gao
et al. 2026) Within the current research landscape, EcoVision differenti-
ates itself by prioritising structure over novelty. Semantic segmentation is
used to delineate vegetation extents, followed by object-level extraction and
species classification, enabling the transition from raw imagery to quanti-
fied species presence. Crucially, predictions are aggregated into fixed spatial
units, allowing species dominance and distribution to be assessed in a man-
ner consistent with field-based ecological methods. EcoVision also addresses
key weaknesses in existing approaches by emphasising modularity, scalabil-
ity, and interpretability. The system is designed to adapt to new species,
datasets, and environments without retraining entire pipelines. By ground-
ing model outputs in spatial and ecological context, EcoVision bridges the
gap between computer vision research and applied environmental monitor-
ing, positioning it as a practical and extensible framework rather than a
task-specific experimental study.

3.1. Conceptual Architecture of EcoVision

The EcoVision framework is designed as a modular, end-to-end system
that transforms raw UAV imagery into ecologically meaningful outputs. At
the perception layer, semantic segmentation models identify vegetation and
non-vegetation regions at the pixel level, establishing spatial structure within
each scene. This is followed by object-level extraction, where contiguous
vegetation regions are isolated to enable species-level reasoning. A dedi-
cated classification module assigns species labels to these regions, allowing
heterogeneous vegetation to be decomposed into ecologically relevant units
(interpretation). The final layer aggregates predictions within fixed spa-
tial grids, translating model outputs into metrics such as species presence and
dominance (Kent, 2012). This design choice aligns computational outputs
with conventional ecological sampling frameworks. By separating acquisi-
tion, perception, interpretation, and aggregation into distinct but connected
stages, EcoVision emphasises clarity, adaptability, and ecological validity, en-
abling robust monitoring across sites and time without redesigning the entire
system. A step-by-step description is given below:

e High-resolution UAV imagery is first acquired under standardised sur-
vey conditions to ensure consistency across flights and sites. These
images form the sole input to the computational pipeline.
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Figure 2: Conceptual architecture of the EcoVision framework. The system is organised as
a modular, end-to-end pipeline. High-resolution UAV imagery is progressively transformed
through perception, object-level interpretation, and spatial aggregation into ecologically
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meaningful outputs such as species presence and dominance.

e A transformer-based semantic segmentation model is then applied to
isolate vegetation from background elements such as water, sediment,
and exposed substrate, producing structured vegetation masks that

capture spatial extent and patch boundaries (Xie et al., 2021).

e Connected component analysis is used to extract contiguous vegeta-
tion regions from these masks, transforming pixel-level predictions into
discrete vegetation units (Haralick and Shapiro, 1992; Gonzalez and

Woods, 2018).



e These regions are subsequently classified using a convolutional neural

network to assign species-level labels, enabling discrimination between
dominant marsh taxa and non-target classes. Confidence thresholds are
applied to ensure only high-probability classifications are aggregated
(Dash et al., 2017). To translate predictions into ecological indicators,
classified vegetation units are aggregated within fixed 2 x 2 m spatial
grids.

Species dominance is computed as proportional areal coverage per grid
cell, aligning model outputs with established ecological sampling scales.

Final outputs are visualised as georeferenced maps and dominance
heatmaps, supporting spatial analysis, monitoring, and management
decisions.

The modular structure of the pipeline allows individual components to be
upgraded without disrupting the overall framework.

3.1.1. Species of Interest (Spartina maritima, Puccinellia maritima)

(a) Spartina maritima (b) Puccinellia maritima

Figure 3: Spartina maritima and Puccinellia maritima with distinct morphological signa-

tures

The study focused on dominant British salt marsh species, particularly
Spartina maritima and Puccinellia maritima, selected due to their ecological
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importance in coastal zonation and distinct morphological signatures [25, 4].
Additional vegetation and non-vegetated classes were included to reduce false
positives and improve discrimination in heterogeneous marsh mosaics.

3.2. Data Acquisition

UAV data were collected using a DJI Mavic 4 Pro equipped with a 20-
megapixel, 1-inch CMOS RGB sensor and a 24 mm equivalent lens. This
configuration provides a practical balance between spatial resolution, flight
stability, and operational accessibility, without reliance on specialised mul-
tispectral payloads [11, 10]. The sensor provides sufficient spatial detail to
resolve fine-scale vegetation morphology required for species-level segmenta-
tion and classification (reference). RGB imagery was captured in both RAW
and JPEG formats, preserving spectral fidelity for analysis while maintain-
ing efficient data handling for large survey volumes. Flights were executed at
10 m above ground level, yielding an ultra-high-resolution ground sampling
distance of 0.5-1.0 cm per pixel[PL27.1|. Survey coverage targeted represen-
tative salt marsh zones, including pioneer, low-marsh, and mid-marsh areas,
aligned with established ecological zonation frameworks 25, 4].

All UAV flights were conducted during low-tide windows to maximise
visibility of vegetated patches and minimise tidal interference [16, 9]. Data
collection was restricted to stable atmospheric conditions, with clear or uni-
form overcast skies preferred to reduce shadowing and illumination variabil-
ity. Imagery was geotagged using onboard GPS and later refined during
photogrammetric processing. Captured datasets were reserved exclusively
for validation and analysis, ensuring independence from training data.

Model training data were sourced from global biodiversity repositories,
including iNaturalist [26] and GBIF [27], using programmatic API access
and species-specific filtering. Approximately 260 curated images per species
were retained following manual quality control. UAV imagery was stored sep-
arately as independent validation data. All datasets followed consistent nam-
ing conventions and metadata standards to support traceability, reproducibil-
ity, and seamless integration with segmentation and classification pipelines.
This two-tiered data strategy combined taxonomically diverse public imagery
with site-specific UAV data used exclusively for validation [28].

3.3. Dataset Preparation and Annotation

The dataset comprised two complementary data sources: ultra-high-resolution
UAV imagery and curated public biodiversity images. UAV data captured
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fine-scale salt marsh vegetation structure at 0.5-1.0 cm spatial resolution,
preserving morphological detail critical for species-level analysis. Public im-
ages sourced from iNaturalist [26] and GBIF [27] provided taxonomic breadth
and visual variability across growth stages, lighting conditions, and viewing
angles, which is essential for ensuring model generalisability [2, 29]. To-
gether, these sources supported model training while preserving ecological
realism during validation.

All images were resized to 512 x 512 pixels to standardise spatial in-
put for deep learning models [12]. Preprocessing prioritised preservation of
vegetation structure over aggressive radiometric normalisation. To mitigate
class imbalance and improve generalisation, probabilistic data augmentation
was applied, including geometric transformations, rotations, brightness and
contrast variation, and controlled noise injection [28].

3.3.1. Annotation Strateqy and Labelling Protocol

Species-level annotations were produced manually using polygonal delin-
eation in LabelMe [30]. Masks captured precise vegetation boundaries, as
pixel-accurate segmentation is required to resolve overlapping canopies in
salt marsh environments [10, 12]. Annotations were stored in JSON for-
mat and converted to binary and multi-class PNG masks via custom scripts.
Strict naming conventions ensured traceability between images, masks, and
metadata throughout the pipeline.

3.3.2. Data Quality Control and Validation

specify the total number of images in the dataset, which are then divided
into three different sets

All images underwent manual quality screening to exclude blurred cap-
tures, degraded specimens, and ecologically irrelevant samples. The final
dataset was split into training (70%), validation (15%), and testing (15%)
subsets. UAV imagery was reserved exclusively for independent validation
to ensure the model could generalise from taxonomic training data to aerial
monitoring contexts 28, 10].

3.4. Data processing and classification

EcoVision addresses vegetation mapping as a hierarchical perception prob-
lem. At the pixel level, the task is formulated as multi-class semantic seg-
mentation, separating background, Spartina maritima, and Puccinellia mar-
itima [12, 31|, Cunha and Baptista, 2025). At the object level, contiguous
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vegetation patches are treated as individual units for species classification.
Finally, dominance estimation is framed as a spatial aggregation problem,
where species-specific cover is quantified within ecologically meaningful grid
cells. This formulation ensures consistency between computer vision outputs
and traditional ecological survey metrics.

Given a patch P, the dominance score of species s was calculated as:

As(P)

DoP = —2)
S, Ai(P)

100 (1)
Where:

A,(P) = total area (pixels or m?) covered by species s in patch P,

N = total number of species considered (here, N=2: Spartina maritima and
Puccinellia maritima),

D5y(P) = dominance percentage of species s in patch P.

This formulation yields species-specific proportional cover within each
patch, ensuring dominance is expressed as a standardised percentage. Such
an approach is consistent with ecological survey conventions, where domi-
nance is commonly derived from relative cover or biomass measures ||

3.4.1. Segmentation Models

Semantic segmentation provides the spatial foundation of the pipeline
by delineating vegetation boundaries and suppressing non-vegetated back-
ground elements. Transformer-based architectures were selected to capture
both local texture and global spatial context inherent in heterogeneous salt
marsh environments, effectively overcoming the receptive field limitations of
traditional convolutional layers [24]. SegFormer-B5 uses a hierarchical trans-
former encoder with a lightweight MLP decoder, allowing high-resolution
segmentation without explicit positional encoding, which is suitable for fine
vegetation boundaries. Initialised with ImageNet-pretrained weights, the
model was fine-tuned on 512 x 512 UAV imagery using cross-entropy loss
with class weighting. This architecture was selected for its ability to pre-
serve fine vegetation boundaries while maintaining robustness under variable
illumination and canopy structure.

3.4.2. Classification Model

Species-level discrimination was performed using ConvNeXt, a convolu-
tional network that incorporates design elements inspired by transformer
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Figure 4: Caption

models, maintaining CNN computational efficiency while improving feature
representation for classification [32]. Cropped vegetation blobs were clas-
sified into Spartina and Puccinellia classes. Pretrained ImageNet weights
were fine-tuned to adapt feature representations to salt marsh morphology,
improving performance under limited labelled data conditions.

Both segmenter and classifier models were trained using transfer learn-
ing. SegFormer employed a small batch size constrained by GPU memory,
while ConvNeXt used larger batches for stable optimisation. To enhance
convergence and mitigate overfitting, we used AdamW optimisation with lin-
ear learning-rate warm-up and mixed-precision training. Best-performing
checkpoints were selected based on validation metrics.

3.4.8. Loss Functions and Optimisation

CrossEntropyLoss was used for both segmentation and classification tasks.
For segmentation, class weighting mitigated the imbalance between dominant
vegetation and background pixels [33]. AdamW optimisation ensured stable
weight decay, improving generalisation across heterogeneous marsh condi-
tions compared to standard stochastic gradient descent [34].

C
/CWCE = - Z We Ye IOg ﬁc (2)

c=1
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where: C' = 3 is the number of classes (Spartina maritima, Puccinellia mar-
itima, background), y. € {0, 1} is the ground-truth one-hot label for class c,
P is the predicted softmax probability for class ¢, and w, = fi / Do % is the
inverse-frequency class weight, with f. the pixel frequency of class ¢ in the
training set.

3.4.4. Inference and Post-Processing

During inference, vegetation blobs were extracted from segmentation masks
using connected component analysis [35]. Small artefacts were filtered by
area thresholding. Classified blobs were spatially aggregated within 2 x 2m
grid cells, and species dominance was computed as proportional areal cover-
age. Final outputs consisted of georeferenced dominance maps and species
heatmaps suitable for ecological interpretation and long-term monitoring.

3.5. Fxperimental Setup

3.5.1. Hardware and Computational Resources

All experiments were conducted on a CUDA-enabled Nvidia GeForce
RTX 4060 8GB GPU, which supported both transformer-based segmenta-
tion and high-throughput classification workloads. GPU memory constraints
directly informed batch size selection for the segmentation model, while clas-
sification training leveraged larger batches for optimisation stability. CPU
resources were used for preprocessing, blob extraction, and fallback infer-
ence where GPU access was unavailable. This mixed-resource setup reflects
realistic deployment conditions for ecological research environments.

3.5.2. Software Stack and Frameworks

The pipeline was implemented in Python using PyTorch as the primary
deep learning framework [36], with HuggingFace Transformers providing pre-
trained SegFormer [37, 24|. Torchvision was used for image transformations,
normalization, and tensor handling. Training, validation, and checkpointing
adhered to established PyTorch practices to maintain transparency and fa-
cilitate extensibility. All dependencies were selected for long-term support
and reproducibility within the computer vision research community.

3.5.8. Training and Fvaluation Environment
add all the mathematical equations that can help explaining the process-
ing or evaluation metrics
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Segmentation models were trained on UAV images resized to 512 x
512 pixels, employing mixed-precision (FP16) to conserve GPU memory
and speed up training [38]. Classification models were trained on 224 x
224 vegetation patches extracted from segmentation outputs. Training em-
ployed AdamW optimisation with linear learning-rate scheduling and warm-
up. Model selection was based on validation Intersection over union (IoU)
for segmentation and accuracy—F1 convergence for classification. Evaluation
was conducted under consistent preprocessing and metric definitions to avoid
distributional bias.

TP
ToU, = ¢
ou TP.+ FP,+ FN, 3)

where

T P. = true positive pixels,

F P, = false positive pixels, and

F P.‘= false negative pixels for class c.

3.5.4. Reproducibility Considerations

To support reproducibility, input resolutions were fixed, hyperparame-
ters documented, and model checkpoints, including weights, class labels, and
input dimensions, were serialized [39]. Pretrained initialised sources were
documented, and deterministic preprocessing pipelines were enforced. These
measures ensure that the EcoVision framework can be independently repli-
cated, audited, and extended across ecological monitoring studies.

4. Results

Segmentation and classification modules are evaluated independently be-
fore analysing the integrated workflow. Quantitative performance metrics
are complemented by visual inspection of model outputs to verify both com-
putational accuracy and ecological plausibility.

4.1. Segmentation Performance Metrics

The SegFormer-B5 model demonstrated strong performance in delineat-
ing salt marsh vegetation from UAV imagery. Across the held-out test set,
the model achieved a mean IoU(mloU) of 0.557, pixel accuracy of 0.962, and
a mean Fl-score of 0.606 when evaluated on vegetation classes only. At the
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Figure 5: Caption

17



Training Accuracy & Fl-score

100 4 — Accuracy =
- Fl-score e e

0.95 1 /

0.90 4 //

g 0.85 {
A
.I
f
0.80 4 |'I
IIII
[
0.75 4 |
|
0.70 4 1
0 2 4 & 8 10 12 14
Epoch

Figure 6: Caption

species level, Spartina maritima showed consistently higher segmentation ac-

curacy, achieving an IoU of 0.904 and an Fl-score of 0.950. Puccinellia

maritima was segmented with an IoU of 0.767 and an F1l-score of 0.868.

These results indicate reliable discrimination between morphologically simi-
lar halophytic grasses, despite heterogeneous canopy structures and varying
illumination conditions. Background pixels were excluded from performance
reporting to prevent metric inflation due to class imbalance and to maintain
ecological focus on vegetation detection, consistent with standard practices
in UAV-based vegetation segmentation [10]. This approach aligns with es-
tablished UAV-based ecological segmentation practices where non-vegetative

classes are treated as ancillary.

4.2. Classification Accuracy and Confidence Analysis

The ConvNeXt-based classifier exhibited rapid convergence and high con-
fidence in species discrimination. Final test accuracy reached 99.02%, with
a corresponding Fl-score of 0.990. Per-class accuracy was balanced, with
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Spartina maritima classified at 99.4% accuracy and Puccinellia maritima at
98.7%. The confusion matrix was dominated by correct class predictions,
with minimal off-diagonal errors, with only three misclassifications across
307 test samples. Prediction confidence remained high across illumination
variations and patch-level heterogeneity, indicating that the classifier suc-
cessfully captured discriminative morphological and textural features rather
than overfitting to superficial cues. Such reliability is critical, as classifica-
tion errors propagate directly into dominance estimation and downstream
ecological interpretation [10, 12].

4.3. Comparative Model Evaluation

While this study did not conduct an exhaustive benchmark across multi-
ple architectures, performance trends align with recent literature demonstrat-
ing the superiority of transformer-based segmentation and modern convolu-
tional backbones in fine-grained vegetation analysis. SegFormer-B5 provided
robust spatial generalisation compared to traditional CNN-based segmenters,
particularly in handling complex canopy boundaries [24]|. Similarly, Con-
vNeXt outperformed classical ResNet-style architectures reported in compa-
rable ecological studies by maintaining high accuracy under limited training
data [32]. Overall performance indicates that the chosen architectures pro-
vide a practical compromise between predictive accuracy, inference cost, and
ecological interpretability.
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4.4. Visual Results and Qualitative Analysis

Qualitative inspection of the segmentation outputs revealed strong align-
ment between the predicted masks and the ground truth annotations. Veg-
etation patches were consistently captured with correct species attribution,
and large-scale spatial patterns were preserved across entire marsh sections.
Boundary inaccuracies were primarily confined to thin vegetation edges, over-
lapping canopies, and transitional zones. However, these boundary errors
were spatially limited and had a negligible impact on object extraction or
downstream patch-level aggregation. Dominance maps generated from the
integrated pipeline revealed ecologically plausible zonation patterns consis-
tent with established salt marsh vegetation structure reported in ecolog-
ical studies [40, 41], including contiguous Spartina-dominated stands and
fragmented Puccinellia maritima distributions shaped by micro-topography
[4, 25]. Overlay visualisations further confirmed that predicted dominance
aligned with observed field patterns.

4.5. Error Analysis

Most segmentation errors occurred in areas with dense, interwoven veg-
etation or partial occlusion by shadows, resulting in boundary ambiguity.
Over-segmentation occasionally occurred in regions with fine leaf structures,
while under-segmentation was observed in low-contrast patches under dif-
fuse lighting. Classification errors were rare and predominantly associated
with small, fragmented blobs extracted from ambiguous segmentation re-
gions. These errors were most common in mixed-species transition zones,
where ecological boundaries are inherently diffuse [2, 12]. Importantly, spa-
tial aggregation within the 2 x 2m dominance grid reduced the impact of
pixel and blob-level errors, preserving robustness at the ecological scale of
interest (Yang et al. 2025). As a result, system-level dominance predictions
remained stable despite localised inaccuracies.

5. Discussion

EcoVision demonstrates how UAV imagery combined with modern deep
learning can shift vegetation monitoring toward quantitatively grounded and
repeatable ecological assessment [|(Dandois & Ellis, 2013; Ma et al., 2019).
Quadrat-based field surveys remain methodologically robust, but their appli-
cation is limited by labour demands, sparse spatial coverage, and observer-
dependent variability [25](Elzinga et al., 2001). EcoVision offers a repro-
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ducible alternative, delivering comparable dominance estimates with sub-
stantially greater spatial coverage and consistency. UAV-derived assessments
captured fine-scale heterogeneity often missed in manual sampling [42, 43|,
particularly in transitional or mixed-species zones. EcoVision is not intended
as a replacement for field surveys, but as a complementary system that ex-
tends spatial coverage and analytical consistency, thereby extending obser-
vational reach and enabling repeatable landscape-scale analysis. Field data
remain essential for calibration, validation, and ecological context, while au-
tomated pipelines reduce workload and increase temporal frequency. The
discussion below situates the system’s performance, limitations, and impli-
cations within current ecological and remote sensing practice.

5.1. Model’s Strengths and Limitations

EcoVision’s primary strength lies in its modular integration of transformer-
based segmentation and high-capacity classification. SegFormer-B5 reliably
captured spatial structure across heterogeneous salt marsh canopies, while
ConvNeXt delivered near-perfect species discrimination, minimizing taxo-
nomic error propagation into dominance metrics. The object-based aggrega-
tion strategy further reduced sensitivity to pixel-level noise, preserving ro-
bustness at ecologically relevant scales. However, limitations remain. RGB-
only imagery constrains spectral separability under variable illumination and
moisture conditions [|(Adam et al., 2010; Aasen et al., 2018). Boundary pre-
cision errors persist in dense or interwoven vegetation, occasionally affect-
ing fine-scale patch delineation. Model performance is also contingent on
high-quality manual annotations, creating a scalability bottleneck as species
diversity increases. Environmental variability, tidal inundation, shadowing,
and phenological change introduce residual uncertainty that cannot be fully
mitigated by architecture alone.

5.2. Ecological Implications

EcoVision enables consistent, high-resolution assessment of species domi-
nance across salt marsh landscapes. The ability to quantify vegetation com-
position at 2 x 2 m resolution supports detection of subtle zonation shifts,
invasive expansion fronts, and early-stage habitat fragmentation. Such gran-
ularity is rarely achievable through manual surveys at scale (Kent, 2012;
Legendre & Legendre, 2012).
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5.8. Scalability and Generalization

EcoVision’s architecture is inherently scalable. The modular pipeline
supports substitution of models, expansion to additional species, and de-
ployment across broader geographic regions with minimal structural modifi-
cation. Inference efficiency enables batch processing of large UAV datasets,
making regional-scale monitoring feasible. Generalization beyond salt marsh
ecosystems will require retraining on habitat-specific data and, potentially,
integration of multispectral sensors (Aasen et al., 2018; Ma et al., 2019),
to improve spectral discrimination. Nevertheless, the underlying framework,
semantic segmentation, object-level classification, and dominance aggrega-
tion, remains transferable across vegetation-dominated landscapes. With ex-
panded datasets and infrastructure, EcoVision provides a viable foundation
for scalable, automated ecological monitoring.

6. Conclusion

This research presented EcoVision, a fully integrated UAV-based frame-
work for species-level vegetation mapping and dominance estimation in salt
marsh ecosystems. The system integrates transformer-based semantic seg-
mentation, object-level species classification, and spatial dominance scoring
into a single, coherent pipeline. By combining SegFormer-B5 for pixel-level
delineation with ConvNeXt for fine-grained species discrimination, FcoVision
delivers accurate, repeatable, and ecologically interpretable outputs. The in-
troduction of grid-based dominance aggregation bridges computational pre-
dictions with established field survey practices, enabling quantitative assess-
ment at management-relevant scales. Collectively, this work demonstrates
that modern deep learning can be translated beyond visual interpretation to
support quantitatively robust ecological measurement.
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