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Abstract

The accurate and large-scale mapping of seagrass meadows is essential, as these meadows
form primary habitats for marine organisms and large sinks for blue carbon. Image data
available for mapping these habitats are often scarce or are acquired through multiple
surveys and instruments, resulting in images of varying spatial and spectral characteristics.
This study presents an unsupervised domain adaptation (UDA) strategy that combines
histogram-matching with the transformer-based SegFormer model to address these chal-
lenges. Unoccupied aerial vehicle (UAV)-derived imagery (3-cm resolution) was used
for training, while orthophotos from airplane surveys (12.5-cm resolution) served as the
target domain. The method was evaluated across three Danish estuaries (Horsens Fjord,
Skive Fjord, and Lovns Broad) using one-to-one, leave-one-out, and all-to-one histogram
matching strategies. The highest performance was observed at Skive Fjord, achieving an
F1-score/IoU = 0.52/0.48 for the leave-one-out test, corresponding to 68% of the bench-
mark model that was trained on both domains. These results demonstrate the potential of
this lightweight UDA approach to generalization across spatial, temporal, and resolution
domains, enabling the cost-effective and scalable mapping of submerged vegetation in
data-scarce environments. This study also sheds light on contrast as a significant property
of target domains that impacts image segmentation.

Keywords: seagrass mapping; high-resolution remote sensing; unsupervised domain
adaptation; deep learning; semantic segmentation; unoccupied aerial vehicles

1. Introduction
Coastal ecosystems are highly productive and serve as biodiversity hotspots, due to

the presence of submerged aquatic vegetation (SAV) such as seagrasses and macroalgae [1–3].
Eelgrass (Zostera marina) is a type of seagrass found along Northern European and North
American coasts, forming a habitat for commercially important fish and shellfish species
and thereby maintaining nutrient balance and improving water quality [4,5]. These ecolog-
ically important vegetated habitats are degrading globally, due to anthropogenic activities
resulting in the loss of habitat area [6–9]. The ecological importance and central role of
eelgrass and similar submerged vegetation impose a need for their regular monitoring
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and mapping. However, unlike the intertidal seagrass species, subtidal seagrass remains
submerged during low tides and is often difficult to study due to the interference of water.

The eelgrass found in Danish coastal waters is monitored via in-situ techniques com-
prising human diver-based visual field surveys and photo/video evidence that is collected
using remotely operated vehicles (ROVs) [3,10]. Although these observations are ecologi-
cally accurate, they represent only a limited area surrounding the surveyed transects and
lack positional accuracy, due to the unavailability of global navigation satellite system
(GNSS) data underwater. Seagrass mapping through satellite remote sensing and unoc-
cupied aerial vehicles (UAVs) has shown promising results [10] for limited geographical
areas. Low-altitude surveys using UAV cameras can acquire a high level of detail at the
cost of geographical coverage since the field of view (FOV) decreases with a decrease
in altitude. Multiple aerial surveys, involving sensors with different properties, may be
undertaken in order to achieve large-area mapping, leading to the accumulation of datasets
collected over time and space. Additionally, environmental conditions like water quality,
depth, and seasonal differences in seagrass meadows can result in diverse information [11].
The resulting variations within such datasets result in the spectral shift and spatial scale
variations between the distributions.

Conventional pixel-based image analysis (PBIA) and object-based image analysis
(OBIA), which rely on conventional machine learning algorithms, are unsuitable for large
image datasets. PBIA uses spectral similarity to cluster pixels into predefined classes, while
the more advanced OBIA uses additional properties such as shape, texture, and spatial
similarity between the pixels to classify objects. However, the appearance of underwater
objects is subject to depth and light penetration, which is governed by water quality.
Considering the large dataset size generated across multiple sampling instances by the
different imaging sensors, the PBIA would need customization for individual images,
with the careful selection of training pixels. Similarly, OBIA requires extensive parameter
tuning of conventional machine learning algorithms in order to map objects over the
same area that are observed in different seasons [12]. Deep learning algorithms based
on artificial neural networks have shown potential for generalized learning from large
data [13], proving them more reliable for big data analysis. The exceptional performance
of DeepLab, a convolutional neural network (CNN), has been demonstrated in mapping
eelgrass from UAV images [14]. This better performance from artificial neural networks is
achieved at the cost of large training sets and high demand on computational resources [15].
Such large, labeled datasets as are required for training deep learning models are often
limited in shallow underwater benthic habitats [16]. Figure 1 provides a summary of
these techniques, developed for image segmentation. A robust mapping system capable of
handling variations in image properties and space-time differences while learning from
minimal data resources is necessary in order to map SAVs over large coastlines.

Domain adaptation is a useful technique to overcome the data limitations in training
from labeled but limited datasets (source domains) in order to adapt to a large, unlabeled
dataset (target domain). In Denmark, countrywide airborne imaging surveys using airplane-
based optical imaging sensors are conducted for administrative purposes, acquiring images
at high resolution (12.5 cm). These surveys cover the terrestrial regions of Denmark, along
with most of the coastal areas where important habitats are located. Airplane-based imaging
sensors at higher altitudes have a wider FOV, capturing greater contextual information
but fewer spatial details of the eelgrass. Hence, this airplane-acquired orthophoto imagery
forms an ideal target domain for domain adaptation to map large areas, while UAV images
collected at low altitude (≈3 cm spatial resolution) and their annotations form a source
domain. The two datasets, acquired at different spatial resolutions, were also collected
during different seasons and years, capturing eelgrass growth at varying intervals. This
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temporal and spatial mismatch introduces both spectral shift and scale difference between
the two distributions.

 

Figure 1. Summary of the image segmentation methods applicable for habitat mapping. (a) The
pixel-based algorithm groups the pixels based on their spectral similarity. (b) Object-based methods
go beyond pixels but are only applicable to a limited dataset. (c) CNN-based networks provide high
accuracy and robust implementation. (d) Transformer-based networks such as SegFormer are more
scalable and robust than CNNs.

This study proposes a novel approach to address this scale variation and spectral
shift with a transformer-based image segmentation model, SegFormer, coupled with his-
togram matching. The self-attention mechanism, which is central to the transformer net-
works, enables each element in a sequence or image to contextually aggregate information
from all other positions within that sequence. The SegFormer architecture utilizes mixed
transformer encoders (MiT) to process images in overlapping patches of varying sizes
(Figure 1d), enabling hierarchical feature extraction and efficient learning across multiple
spatial scales [17]. This property of SegFormer can be leveraged to adapt to the spatial scale
difference between the source and target domains. While the SegFormer functions as a
resolution-agnostic image segmentation tool, the spectral shift between the two domains
remains unresolved. This spectral shift is mitigated using histogram matching, whereby the
probability distribution of pixel brightness intensity of a source domain image is adjusted
based on that of a reference image from a target domain. This process can be carried out in
an unsupervised manner as an image augmentation step prior to training SegFormer, with-
out pairing the domain images in any particular manner. Typically, domain adaptations
aimed at segmenting images involve two neural networks working in tandem, a generative
adversarial network (GAN) for domain alignment, coupled with an image segmentation
model such as a fully convolutional network (FCN) or U-Net [18]. The GAN model’s
performance is improved based on the feedback received from the segmentation network’s
performance. This dual arrangement of GAN and a segmentation model demands a larger
training set for collaborative training. The semi-supervised domain adaptation technique
used for cross-site seagrass mapping with WorldView-2 imagery requires few target la-
bels [19]. Although the GAN-based colormapGAN has been applied for spectral shift [20],
using histogram matching for this task minimizes the training data and computational
resources required. However, to achieve a generalized performance with histogram match-
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ing, it is essential to select target domain images that capture diverse underwater conditions
across the region. Hence, a systematic analysis is required to evaluate the image properties
and test their combinations to identify those images that can yield optimal performance.

The study presents a domain adaptation technique for mapping seagrass over large
underwater coastal regions using high-resolution imagery from two distinct sources. His-
togram matching, which was employed as an unsupervised domain adaptation (UDA)
technique in conjunction with the SegFormer segmentation model, has been evaluated
across three underwater regions of Danish estuaries. This study further investigates the
influence of target domain images with diverse characteristics to understand their impact
on image segmentation. The results offer a promising insight into addressing data scarcity
while demonstrating the potential for large-scale seagrass mapping.

2. Materials and Methods
2.1. Source and Target Images

The UAV platform used to acquire the source (VHR) imagery was a DJI Phantom 4 RTK
low-weight and consumer-grade quadcopter. Its payload was a 20-megapixel RGB camera
equipped with a 1-inch CMOS sensor, featuring an 84◦ field of view, 8.8 mm/24 mm of focal
length, and an aperture range of f/2.8 to f/11. Flights were conducted at four locations,
namely, Nykøbing Mors, Lovns Broad, Horsens Fjord, and Nissum Broad (Figure 2 1⃝),
Table 1 Site 1) at an altitude of 100 m, achieving a ground sample distance (GSD) of ≈3
cm. The number of UAV images collected during the drone flight varied each time. One
georeferenced orthomosaic was created for each location by stitching the obtained images
using the image processing software Agisoft Metashape Professional® ver. 1.7.4 (Agisoft,
2023). The Nykøbing Mors site (Figure 2 4⃝) was located along the eastern coast of the island
of Mors in the Limfjorden, Denmark (56◦46′48.1′′N 8◦51′43.6′′E), and is characterized by
patchy seagrass growth forms that are caused by different pressure factors such as waves,
ice cover during winter, high summer temperatures, sediment perturbation by lugworms,
and anthropogenically induced destruction from fishing gear and boating. Eutrophication
limits the seagrass growth to a maximum depth of 2.5 m. High levels of eutrophication
also play an important role in the study site located along the northeastern coast of Lovns
Broad (Figure 2 2⃝), which is likewise part of the Limfjorden, in Denmark (56◦37′52.1′′N
9◦13′57.6′′E). The Broad is subject to high nutrient loadings, highly organic sediments, and
low light conditions, limiting seagrass growth and making the aerial monitoring of seagrass
beds exceptionally challenging. The third study area in the Limfjorden was located in
Nissum Bredning (Figure 2 3⃝), exhibiting similar features, dominated by high levels of
eutrophication and low light conditions. The study site in Horsens Fjord is located in a
shallow fjord on the east coast of Jutland, Denmark (55◦49′46.0′′N 9◦59′32.6′′E). Here, a
large-scale seagrass transplantation exercise (51 × 78 m) was carried out in July 2017. The
transplantation site was organized in a chessboard pattern, with alternating vegetated and
unvegetated squares of 3 × 3 m in water depths of 1.2 to 1.6 m [16].

All UAV images were obtained with a 90◦ nadir-viewing angle. The front and side
image overlaps were set to 75%, and the flight speed was maintained at 3.5 m/s. Ground
truthing of the UAV images was performed using a UAV-mounted underwater camera
system after each high-altitude flight [21]. These underwater camera images confirmed the
presence or absence of eelgrass at set aerial image locations. All flights were planned and
executed using the flight mission planning software UgCS ver. 4.7.685.
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Figure 2. Locations of the training and testing images acquired in coastal water bodies in the Limfjord
(top left) and the Horsens and Vejle Fjords (top right) in Danish coastal waters. The numbers within
red circles (#) indicate training image (1–4) locations, and the letters within green circles (#) indicate
test image (a–c) locations, while the black box (□) over the Limfjorden map indicates the Lovns
Broad area.

Table 1. Capture locations of the images, along with maximum depth, image area, eelgrass cover, and
the year of collection of the source and target domain images obtained over Danish coastal waters.

UAV Image Locations (Source Domain) Orthophoto Image Locations (Target Domain)

Site Location
Max

Depth
(m)

Image
Area
(m2)

Eelgrass
Cover
(m2)

Percentage
of

Eelgrass
Cover

(%)

Month
and
Year

of Col-
lection

Site Location
Max

Depth
(m)

Image
Area
(m2)

Eelgrass
Cover
(m2)

Percentage
of Eelgrass

Cover
(%)

Year of
Collec-

tion

1 Horsens
Fjord 3 564,045.2 56,280 10 August

2020 a Horsens
Fjord 3 184,416 38,048 20.6 2023

2 Lovns
Broad 1 98,675.42 40,030.8 40 Feb

2021 b Skive
Fjord 2.1 728,894.05 179,373.09 24.06 2023

3 Nissum
Broad 1.1 147,839.6 24,284.84 16 July

2020 c Lovns
Broad 1 98,673.85 54,265.54 55 2021

4 Nykøbing
Mors 0.9 88,393 60,955.23 68 April

2021
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The target domain airplane imagery (orthophotography) was obtained from the online
portal of the Danish Ministry for Data and Infrastructure (SDFI) (https://dataforsyningen.
dk/ (accessed on 19 August 2024)). This airplane imagery is collected annually by the SDFI
during the spring season at 12.5 cm GSD with 8-bit RGB (red, green, and blue) channels. The
georeferenced 1 km × 1 km images are then made publicly available for use in Denmark.
The target images are used for accuracy assessment purposes. The primary differences
between the source and target domains come from differences in the spatial resolution
and brightness values of the RGB channels. Another important factor causing differences
is the time of acquiring the images, as vegetation growth is maximum during and after
the summer, due to the optimum light available to vegetation. This ample availability of
sunlight is also responsible for the growth of other floating vegetation that may overlap the
eelgrass canopy, changing its appearance in images.

The underwater light environment is a function of water depth and water constituents,
giving rise to absorption and scattering, resulting in light attenuation. The blue wave-
length scatters more intensely, while the longer red wavelength is absorbed rapidly. This
differential attenuation reduces the color contrast within images, giving a characteristically
hazy and uniform appearance. We used contrast as a property to compare the individual
channels of images. This contrast is the ratio of difference and the sum of maximum and
minimum pixel intensities observed in the image (Equation (1)), where value 1 indicates
the highest contrast.

Contrast =
Imax − Imin
Imax + Imin

(1)

Source domain images showed a contrast of 1 or nearly 1 in the red channel, with the
exception of the Nykøbing Mors image (Table 2). The target domain image contrasts were
relatively lower than the source image, with the exception of the Skive Fjord image.

Table 2. Contrasts in the color channels of the source and target domain images.

Channels
Source Domain (UAV) Target Domain (Orthophoto)

Horsens
Fjord

Lovns
Broad

Nissum
Broad

Nykøbing
Mors

Horsens
Fjord Skive Fjord Lovns

Broad
Red 1 0.95 1 0.67 0.73 1 0.75

Green 1 0.82 0.91 0.56 0.61 0.68 0.67
Blue 0.95 0.77 0.86 0.6 0.53 0.6 0.63

2.2. Training Data Preparation

Ground truth segmentation masks for the images were produced according to the
annotation protocol (Appendix A) and QGIS version 3.10. The protocol sets a standard
for spatial map scale (1:125) and zoom level (100%) during the annotation process. This
process was crucial to avoid human-induced bias in ground truth and maintain a consistent
level of details in the segmentation masks, irrespective of the image domain. The ground
truth segmentation masks are single-channel binary masks containing pixel values 1 and 0
for eelgrass presence and absence, respectively. Pairs of training, validation, and testing
samples of pixel size 512 × 512 × 3 (height × width × channel) of images and 512 × 512
pixels of corresponding segmentation masks were obtained. The training, validation, and
test data sizes are given in Table 3. Due to the large meadow sizes at some of the training
sites (Figure 2 1⃝, Horsens Fjord, and Figure 2 2⃝, Nykøbing Mors), samples containing
100% of eelgrass cover were present within the dataset. Hence, the surrounding bare sand
patches were also included in the analysis to reduce the similarity between the images. The
natural variations between the meadows and bare patches present within a meadow also
reduce the similarity and spatial autocorrelation.

https://dataforsyningen.dk/
https://dataforsyningen.dk/
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Table 3. Training, testing, and validation sample sizes from each site.

Site Location Training and
Validation Samples Site Location Test Samples

1 Horsens Fjord 1756 a Horsens Fjord (airplane) 45
2 Lovns Broad 256 b Skive Fjord (airplane) 169
3 Nissum Broad 661 c Lovns Broad (airplane) 20
4 Nykøbing Mors 148

2.3. Histogram Matching (HM) with SegFormer

Histogram matching, also known as histogram specification, is a commonly used
technique for image enhancement in which the pixel frequency distribution of a reference
image is used to calibrate the pixel frequency distribution of a given image. In our imple-
mentation, we calibrate the histograms of source domain Ds = {(Xi, Yi)} images based on
the distribution of the target domain, where Xi and Xi

′ are the source and target images,
while Yi represents the labels of the source domains. Mathematically, histogram matching
for the 3-channel color images is performed by mapping each source image’s cumulative
distribution function (CDF) FC to the randomly selected target image’s CDF GC for each
color channel. The matched output is given by the GC

−1 cumulative distribution function
for channel c. The steps involved in the study (Figure 3a) and an example of the histogram
matching process for image augmentation are shown in Figure 3b. The images of the source
and target domains in this study are 8-bit (28)-depth images with pixel brightness intensities
between 0 and 255 in each color channel. The histograms of a source domain image are
matched with the histograms of the target domain image. The resulting augmented image
carries spatial features of the source domain image and spectral features transferred from
the target domain. This augmentation of images is applied prior to training SegFormer.

Figure 3. (a) Flowchart of the steps involved in the study and (b) an example of the histogram-
matching process between the source and target domains. The source image (top left) obtained by the
UAV at the eelgrass transplantation site of Horsens Fjord indicates a maximum brightness intensity
of >150 in its green channel, as seen in the histogram. The target domain (top right) obtained by the
airplane camera over the same location contains a lower brightness intensity of < 100 in all channels.
This image is used to augment the source image via histogram matching. The annotated ground
truth depicts eelgrass (green) and sand (yellow), along with the augmented image output that is used
as a training set for SegFormer.

2.4. Experimental Setup

The SegFormer family of models (MiT b0 to b5) is available pre-trained on a large image
dataset, ImageNet-1k, comprising 1.2 million images containing 1000 object categories.
Hence, a primary test of mit-b0 on the target images was carried out without any training
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on the eelgrass dataset as a zero-shot test. This was performed to ensure that the model
does not carry any prior knowledge of seagrass segmentation and that experiments in this
study are the only source of seagrass segmentation knowledge it can acquire. Secondly, an
accuracy benchmark is determined by training and testing an Oracle model. The Oracle
model provides an idealized scenario to gauge the expected benchmark performance, based
on the available datasets and the model’s parameters. This Oracle model was trained with
source as well as target (data size = 3560) sample images. Its performance was tested on 15%
of the target set (n = 35), which was reserved as a test set, providing the highest threshold
for accuracy achievable with domain adaptation experiments.

Testing the domain adaptation setup involved randomly matching the histograms
of source domain sample images with the histograms of target domain samples. Since
the test samples at the three target domain sites varied (a = 46, b = 169, and c = 20),
random sampling from the entire target sample pool would result in a high probability of
picking an image from site b. To avoid this bias, the histogram matching experiments were
organized into three approaches: one-to-one, leave-one-out, and all-to-all, maintaining an
equal probability of selecting target samples irrespective of the number of images taken at
the site.

• In the one-to-one approach, images from a single site were used for random histogram
matching and were tested across all three test sites.

• In the leave-one-out approach, images from two sites were used for histogram match-
ing, while the third site served as the test domain.

• In the all-to-all approach, images from all the sites were used collectively.

For both the leave-one-out and all-to-all experiments, a site was first selected at
random, followed by a random image from that site. This ensured an equal probability
of image selection across the sites, regardless of the number of images available at each
location. Beyond addressing the sampling bias, these three strategies were also designed to
simulate different levels of domain knowledge and operational scenarios in remote sensing.
The one-to-one approach reflects a situation where only a single reference image is available,
while the leave-one-out approach tests the model’s ability to generalize to unseen domains.
The all-to-one strategy evaluates the performance when histogram references are pooled
from multiple domains, mimicking a more generalized training setup. These configurations
help assess the model’s robustness to spectral variability and domain shift, which are key
challenges in large-scale, multi-source habitat mapping. These experiments also provide a
baseline to understand if ideal images for histogram matching can be identified. Similar
approaches have shown promising results in aerial imagery, where histogram matching
was found to be a lightweight yet effective alternative to adversarial domain adaptation
methods [22]. Training was carried out with a batch size of 32 for fewer than 25 epochs or a
patience of 5 epochs of loss improvement. Learning rate at 0.00006 was used as described
in the original SegFormer implementation study [15]. The Adam optimizer was used for
all experiments. Training and testing were carried out on a NVIDIA Tesla V100 GPU with
16 Gigabytes of memory accessed within high performance computing (HPC) system.

2.5. Accuracy Assessment and Domain Alignment Comparison

Metrics suitable for image segmentation in remote sensing applications were se-
lected [23]. The precision and recall are measures that are used to evaluate the predicted
segmentation with respect to ground truths. The precision indicates how many predicted
true positive pixels are actually positive, while the recall indicates the proportion of pre-
dicted positive pixels to that of all positive pixels. High recall scores represent better
minimization of false negative predictions. The F1-score (Equation (2)) is a harmonic mean
of precision and recall, representing both of these measures in a consolidated manner. The
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F1-scores range between 0 and 1, where 1 indicates all pixels that were accurately predicted,
while 0 indicates that no predictions were correct.

F1score =
2 × TruePositives

(2 × TruePositives + FalseNegatives + FalsePositives)
(2)

The intersection over union (IoU) (Equation (3)) is a measure of the overlap between
the predicted segmentation mask and the ground truth mask. Unlike the F1-score, which
evaluates pixel-to-pixel matches, the IoU expresses the spatial match by comparing the
shape of the predictions to that of the ground truth. This is calculated by dividing the area
of intersection by the area of union between ground truth and predicted segmentation.
Similar to the F1-score, the IoU ranges between 0 and 1, where 1, which indicates the exact
shape, is predicted as ground truth, while 0 indicates that there is no overlap between
predicted and ground truth.

IoU =
Area of intersection

Area of union
(3)

The F1-scores and IoU of each test sample were calculated and averaged for the entire
test site.

The Bhattacharya distance (Equation (4)) was used to compare the distances between
the normalized histograms of a source and its histogram-matched image, along with the
target image used for histogram matching. For two discrete probability distributions, P
and Q, from two images, we have the following equation:

DB(P, Q) = −ln(BC(P, Q)) (4)

where the Bhattacharya coefficient BC is given by BC(P, Q) = ∑n
i=1

√
P(i)Q(i) while the

distance DB ranges from 0 to 1 for normalized histograms. The average of the Bhattacharya
distance was calculated for normalized histograms of the red, green, and blue channels
of the source and target images. Additionally, to visualize transformed classes within
the above three images, a t-distributed stochastic neighbor-embedding (t-SNE) plot of
100 randomly selected pixels from each class was prepared. The t-SNE visualization
projects high-dimensional information onto a two-dimensional unitless plane, providing
an intuitive understanding.

3. Results
The study tested histogram matching at three test sites, Horsens Fjord, Skive Fjord,

and Lovns Broad (site a, site b, and site c, respectively). The primary test of SegFormer
without any fine-tuning on the eelgrass images resulted in sporadic multi-label class predic-
tions, indicating the presence of no previous seagrass segmentation, and any subsequent
segmentations obtained are based on the fine-tuning performed during our experiments.
The Oracle model produced a mean F1-score = 0.76 and IoU = 0.70. The training time of
this Oracle model was observed to be 1 h 12 min.

3.1. One-to-One Tests

The one-to-one tests included the HM from one site and the tests on all sites individu-
ally. The highest F1-scores obtained were for site b when site a was used for HM (Table 4).
A similar IoU (0.44) was obtained for site b when sites a and c were used for the histograms.
Test site c has the lowest accuracy when site a is used for HM. The maximum F1-score
obtained is 61% and 62% of that of the Oracle model, respectively. The average training
time of all three training sessions was 42 min.
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Table 4. Average of F1-scores and IoU values obtained for one-to-one histogram matches and tests.

Test Sites
a b c

HM Site Mean F1 Mean
IoU Mean F1 Mean

IoU Mean F1 Mean
IoU

a 0.45 0.42 0.46 0.44 0.06 0.04
b 0.43 0.4 0.43 0.4 0.11 0.08
c 0.4 0.38 0.47 0.44 0.17 0.15

3.2. Leave-One-Out

The highest accuracy was observed at site b (Table 5) among all the sites. The metrics
obtained for site b with the leave-one-out approach were the highest of all three types of
experiments performed in this study. The accuracy observed for test site c was higher than
for one-to-one (Table 2) and all-to-one (Table 5). The F1-score and IoU obtained for site b
were 68% of the benchmark Oracle’s F1-score and IoU. The average training time of all
three training regimes was 41 min.

Table 5. Average of F1-scores and IoU values obtained for leave-one-out histogram matching.

HM Sites Test Site Mean F1-Score Mean IoU
b and c a 0.32 0.31
c and a b 0.52 0.48
a and b c 0.47 0.43

3.3. All-to-One

Similar to the one-to-one and leave-one-out experiments, test site b was found to have
the highest accuracy with the all-to-one approach (Table 6). The accuracy of site c was
observed to be the least when all sites were used for histogram matching. The all-to-one
approach showed the lowest accuracy metrics for all three sites, as compared to the one-
to-one and leave-one-out tests. The highest F1-scores and IoU values obtained in this test
at site b were 53% and 55%, respectively, of that of benchmark performance. The training
time of the model was 41 min.

Table 6. Average of F1-scores and IoU values for all-to-one tests.

Test Sites Mean F1-Score Mean IoU
a 0.34 0.32
b 0.41 0.39
c 0.07 0.05

3.4. Domain Alignment Comparison and Limitations

The t-SNE plot (Figure 4) was used to visualize the domain gap alignment between the
pixels from the UAV and the orthophotography. The t-SNE transforms high-dimensional
pixel data (two classes of pixels from three images of 3 color channels) into two-dimensional
unitless coordinates. The pixels of eelgrass and sand classes sampled from the UAV image
(Figure 4: gray and brown dots) show a distinct separation from pixels of the same classes
obtained from orthophotos (Figure 4: pink and green dots) before histogram matching. The
UAV pixels after histogram matching (Figure 4: cyan and orange) are seen to be aligned
with those from orthophotos.
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Figure 4. The eelgrass and sand pixels in the RGB space of the UAV and airplane-ortho, along with
the histogram-matched UAV image (HM) visualized in a two-dimensional space. The axes represent
unitless coordinates for the low-dimensional transformation.

This transformation between the pixels before and after histogram matching was
quantified using the Bhattacharya distance (DB). The DB measures the similarity between
two probability distributions, where values close to 0 indicate a similarity or high overlap,
while values close to 1 indicate the least overlap. In this study, DB was estimated for
histograms of two randomly picked UAV and orthophotography images before and after
histogram matching. The distance prior to histogram matching was found to be 0.81,
while after, it was 0.13, with a reduction of 0.68. Some of the test images and respective
predictions are visualized in Figure 5. The F1-score and IoU area were averaged at each
test site.

Certain misclassifications were observed at the maximum depth in the images, as
well as in the shallow regions of the image where exposed sand appears different from the
regions with eelgrass. Prediction at the maximum depth region of the Skive Fjord image
(Figure 6a) resulted in an eelgrass region being predicted as sand. Another misclassification
was observed at shallow areas with some submerged pixels being classified as eelgrass
(Figure 6b).
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Figure 5. Examples of test images (left column) and predictions, together with their F1-scores (middle
column), compared alongside the respective ground truths (right column).

Figure 6. Examples of test images (left column) and misclassifications observed in the predictions
(middle column), along with the respective ground truths (right column).

3.5. Model Implementation at Lovns Broad

To demonstrate the system’s mapping capability over large coastal areas, the model
with the highest accuracy during the leave-one-out test (F1-score = 0.52) was used to map
the eelgrass at Lovns Broad, which is an enclosed part of the Limfjorden fjord system
(Figure 7). The coastal region with a depth of less than 3 m was selected for the prediction,
excluding the deeper region (>3 m), considering the depth limit of eelgrass in Danish
waters. The orthophotography images covering the region were prepared in subsets to
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generate a prediction map of eelgrass. The result shows the eelgrass mapped over a large
coastal area, using the domain-adapted model. The unprocessed region included terrestrial
land surface or deep water, as mentioned above.

 

Figure 7. Area of the Lovns Broad (red rectangle) located in Limfjorden, mapped using the unsu-
pervised domain adaptation. The eelgrass is represented in green, while sand is represented using
yellow, along with locations with no data from the area.

4. Discussion
The study demonstrates the mapping of seagrass meadows spread over large areas

with a single deep learning model and two multi-source datasets. Although high-resolution
imaging sensors with UAVs have been widely used for mapping seagrass using the PBIA
and OBIA methods [24–26], as well as deep learning [27], their limitation lies in their
inability to cover large areas at once [28,29]. Both multi-rotor and fixed-wing types of
UAVs are limited in comparison with manned aircraft in terms of aerial coverage, due
to battery power limitation and the visual line of sight (VLoS) required for flying drones,
rendering these less applicable for seagrass management and conservation [30,31]. Also,
the spatial bias in flying UAVs may restrict the mapping to areas known to have the
presence of seagrass and accessibility to VLoS, excluding other potential seagrass meadows.
Satellite imagery, on the other hand, is able to capture images at high resolution but
may suffer from interference from sun glint and cloud cover and requires sophisticated
atmospheric correction prior to use [32]. Moreover, users may not opt for using commercial
satellite imagery, due to the budgetary requirements for large-scale, high-resolution satellite
images [33].

While the methodological components of this study (SegFormer and histogram match-
ing) are established individually, their integration into mapping submerged aquatic veg-
etation across multi-source, multi-resolution datasets is novel in the context of coastal
habitat monitoring. The approach offers a lightweight, scalable alternative to more complex
domain adaptation techniques, making it accessible for ecological applications. The spatial
patterns observed, particularly the consistent performance seen at Skive Fjord, suggest
that image contrast and water clarity are key factors influencing eelgrass detectability.
These insights can inform future monitoring strategies and image acquisition planning for
coastal management.

By leveraging the technique described in this study, it becomes possible to utilize
image data that are available from various platforms for targeting larger areas, with images
collected over a longer duration. This is crucial to investigate changes in habitat and relate
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those to the environmental factors of a water body. The overall averaged metrics reported
here for each study site are impacted by low accuracy in some of the images. This is
observed in Figure 5c,d, where the predictions may be acceptable for mapping applications
but may still be considered substandard from an image analysis perspective. Despite the
fact that the F1-score and IoU are common metrics of image segmentation measures, the
IoU considers the shapes of the prediction evaluations to be harsher than the F1-score
and, hence, results in values lower than the F1-score. The maximum accuracy achieved in
the tests is 68% of benchmark accuracy, as demonstrated by the Oracle model. Although
this is not substantially closer to the benchmark, it also indicates that the model was not
overfitted to the existing dataset. This is crucial to achieve generalized predictions in time
and space. The 68% reduction in Bhattacharya distance after matching the histograms
indicates a significant domain gap reduction, which is also visualized by the t-SNE plot
(Figure 4). The Bhattacharya distance can be an applicable metric by which to quantify the
level of spectral shift between the available domains.

The advantage of SegFormer + HM lies in its simplicity of implementation, without
additional neural networks and large datasets. Other state-of-the-art methods of domain
adaptation were not tested alongside histogram matching, as similar investigations for
terrestrial remote sensing imagery of the same spatial resolution but different spectral
shift found histogram matching to impart a similar performance to that of the adversarial
networks colormapGAN and CycleGAN [34]. Secondly, the time required for each test
shows the training time for SegFormer + HM, which is dependent on training data size
and is unaffected by the number of target domain images used for histogram matching.

4.1. Limitations and Constraints

The results at individual sites showed site b (Skive fjord) to have the highest accuracy
for both metrics in all tests. This consistently better accuracy indicates that the accuracy
is dependent on the image properties being tested. Therefore, estimating contrasts and
the Bhattacharya distance of image histograms prior to histogram matching may prove
useful. Matching the histogram from an image with low contrast in order to segment
a higher-contrast image yielded better accuracy than using a higher-contrast image to
segment an image with lower contrast. The histogram matching capability in reducing the
domain gap is attributable to the fact that the same habitat with similar spectral features is
captured in the two domains. However, intertidal regions of sparse seagrass and sandy
substratum may produce extreme spectral dissimilarity, degrading the performance of
histogram matching.

Water turbidity can be one of the factors influencing the image contrasts affecting
image quality [35]. Since the Skive Fjord (site b) and Lovns Broad (site c) sites exist
within the same water body, significant differences in water quality at the two sites are
likely to be the cause of this image difference. Among the physical properties of the
locations, the primary factor influencing the accuracy of individual images observed is
depth. The maximum and minimum depths at which eelgrass was observed in the images
of site a are 2.77 and 0.9 m, while at site b, it is 2.3 and 0.4 m, respectively. As the depth
increased, segmentation accuracy decreased due to the reduced light conditions in the
water (Figure 6a). Similarly, in very shallow waters (depth < 0.5 m), the difference in
exposed and submerged sand also resulted in misclassification at site b (Figure 6b), even
though the overall accuracy was high for the leave-one-out test.

The biological properties of eelgrass plants and their density may also affect the
segmentation accuracy. The growth period of submerged plants occurs when optimum
levels of sunlight are available from May to October [36]. Since the orthophoto images are
collected during the spring season, we expected uniform growth of eelgrass within the



Remote Sens. 2025, 17, 2518 15 of 18

test orthophotos. The surface waves generated by winds have been observed to be a cause
of salt-and-pepper noise (speckle) in images, where the sides of waves receiving sunlight
appear brighter than the other side. Although this does not affect segmentation significantly,
knowledge of the wind speed forecasts can be beneficial for planning UAV flights.

4.2. Potential for Coastal Habitat Mapping

The wide coverage of coastal areas can also be obtained by using very high-resolution
satellites, such as PlanetScope and Pléiades. This setup of SegFormer + HM, along with
high-resolution satellite images, can be extended to map other marine habitats. This
can prove economical for mapping vast tropical marine habitats such as coral reefs and
seagrasses, where water clarity is superior to that in temperate regions. However, matching
the histograms of UAV images from satellite images would require prior adjustment to the
bit depth of UAV images, as satellite images are acquired with 12- to 16-bit depth, while
the UAV cameras are generally limited to 8-bit depth. The scalability of this SegFormer +
HM would be based on this bit-depth difference (radiometric resolution), as well as spatial
resolution. Secondly, the optical characteristics of water with respect to suspended particles,
phytoplankton, CDOM, and wind speed [33] impacting the detectability of eelgrass need to
be further investigated, in order to strengthen the mapping capabilities of this setup. The
in situ measurement of turbidity during orthophotography flights can give insight into the
levels of turbidity affecting the detectability of eelgrass.

Considering that eelgrass depth limits are the bioindicator of water clarity [37], esti-
mating this depth limit from this mapping process would be of high ecological significance.
Another feature that can be extended is to map habitats that can be explored using multi-
label training sets. Eelgrass vegetation has been observed to occur with other submerged
vegetation, such as macroalgae and shellfish organisms like blue mussels (Mytilus edulis).

5. Conclusions
This study demonstrates a practical and scalable approach for mapping subtidal sea-

grass habitats using unsupervised domain adaptation (UDA) with the SegFormer model
and histogram matching. The method effectively addresses the challenges posed by spa-
tial resolution differences and spectral shifts in multi-source aerial imagery. By training
the model on UAV-acquired high-resolution imagery and applying the model to lower-
resolution orthophotos, we achieved meaningful segmentation results across three Danish
estuarine locations: Horsens Fjord, Skive Fjord, and Lovns Broad.

Among the tested sites, Skive Fjord yielded the highest performance in the leave-one-
out setup, achieving an F1-score of 0.52 and an IoU of 0.48, which corresponds to 68% of the
benchmark model’s performance (F1 = 0.76, IoU = 0.70). These results highlight the potential
of this UDA strategy for generalization across spatial, temporal, and resolution domains,
even when trained on limited labeled data. The study also found that histogram matching
from lower-contrast images improved the model’s performance on higher-contrast targets,
providing a practical guideline for selecting reference images in future applications.

While the absolute accuracy metrics may not appear high, as overfitting to the cur-
rent dataset was avoided, this approach enables the generalized large-scale mapping of
underwater vegetation in data-scarce environments, offering a cost-effective alternative to
traditional methods. The successful mapping of eelgrass in Lovns Broad, using a model trained
on other sites, further demonstrates the method’s transferability and operational potential.

This work contributes a simple yet effective UDA pipeline for coastal habitat mapping,
with implications for monitoring and managing seagrass ecosystems across broad spatial
and temporal scales.
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Appendix A. Annotation Protocol for the Segmentation of Shallow Water
Eelgrass Habitats
1. Image selection:

Images of areas with prior knowledge of underwater features are selected.

2. Reproject to UTM:

Geo-referenced images of the above areas are re-projected in UTM projections.

3. Use of in situ observations:

In situ point information is overlaid on images if available.

4. Set the visualization for annotation:

Visualization properties during segmentation are pre-decided, based on airplane
orthophoto resolution (12.5 cm), and are kept fixed during the annotation process. An
image scale of 1:125 is used, i.e., 1 cm on the computer screen is 250 cm of ground distance.
The zoom level is maintained at 100%.

5. Inclusion/exclusion:

Eelgrass patches of a diameter of less than 1 m are excluded from annotation. Similarly,
sand patches of less than 1 m are excluded.

6. Create vector annotations in the UTM projection:

Geographic vectors carrying value 1 for eelgrass and 0 for sand/background are
annotated over the image, while maintaining the properties set out above. Vector files are
transformed into raster images.

7. Check the spatial overlap of the raster:

The UAV image and its corresponding annotated raster image are checked for their
spatial overlap. Patches of image annotations are cropped, ensuring that no overlap occurs
in the patches.
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