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Abstract

Extracting instantaneous waterlines on tidal flats is challenging because spectral confusion
among turbid water, wet bare tidal flats, and residual channel water can cause misclassifi-
cation and boundary displacement. This study proposes a Topography-Guided Boundary
U-Net (TGB-UNet) for Hangzhou Bay using Gaofen-1 and Gaofen-6 multispectral imagery.
The model incorporates slope and local relative elevation through dual-scale topographic
gating and topography-guided auxiliary boundary learning. Compared with FCN-8s,
vanilla U-Net, and HED-UNet, TGB-UNet achieved the best mean performance across six
evaluation metrics. Its F1 and boundary F1 scores reached 98.44% and 83.52%, respectively,
while the average symmetric surface distance (ASSD) was 50.13 m, a reduction of 44.41%
relative to vanilla U-Net. Ablation experiments showed that direct terrain concatenation
did not yield consistent gains, whereas gated fusion and topography-guided boundary
learning improved waterline localization. Tidal-level-stratified comparisons showed the
largest absolute reductions in ASSD and the 90th-percentile boundary distance under low-
tidal-level conditions. A spatial holdout test in an adjacent coastal sector further showed
that TGB-UNet retained its advantage over vanilla U-Net across all six metrics. These
results indicate that incorporating static topographic priors through dual-scale gating and
topography-guided auxiliary boundary learning helps improve instantaneous waterline
localization at complex water—land interfaces on tidal flats.

Keywords: tidal flat; water-land segmentation; waterline extraction; topographic prior;
U-Net

1. Introduction

Tidal flats occupy the dynamic interface between land and sea and provide important
ecological and protective functions, including habitat provision, material cycling, and
coastal protection, while being jointly influenced by tides, sediment transport, sea-level
variations, and human activities [1]. Hangzhou Bay is a typical macrotidal and turbid bay,
where broad and shallow tidal flats, tidal channels, islands and reefs, and artificial shore-
lines collectively form a complex water-land transition environment. In recent years, both
the extent and morphology of the tidal flats in Hangzhou Bay have undergone pronounced
changes [2]. Therefore, accurately delineating the instantaneous boundary between water
and non-water at the time of image acquisition is essential for characterizing tidal-flat
inundation and exposure patterns and for supporting coastal-zone management [3].
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Early waterline extraction primarily relied on single-band thresholding, water indices,
edge detection, and conventional classification methods; however, the performance of
these methods was highly sensitive to tidal level, turbid water, wet bare tidal flats, and
residual water in tidal channels, often necessitating scene-specific parameter tuning or
manual correction [4-7]. In recent years, deep learning and multisource time-series imagery
have substantially improved the automation of water-body extraction on tidal flats [8-11].
Semantic segmentation networks, such as fully convolutional networks (FCNs) and U-Net,
can learn multiscale features and have been widely applied to water-land segmentation
and coastline extraction [12-18]. However, these methods primarily optimize region-level
overlap for water bodies, whereas waterline pixels account for only a small proportion of
all pixels; consequently, high region-level F1-score or intersection-over-union (IoU) values
do not necessarily guarantee continuous boundaries or accurate spatial localization [19].

To improve boundary quality, methods such as Gated-SCNN, HED-UNet, and SEANet
have strengthened boundary learning through shape branches, edge detection, or multi-task
supervision [20-22]. These approaches can reduce boundary smoothing and fragmentation;
however, boundary discrimination still relies primarily on semantic, textural, and gradient
cues derived from the imagery. When turbid water, wet bare tidal flats, and residual water
in tidal channels exhibit similar spectral characteristics, these boundary-aware models
may still misclassify pixels and displace the predicted water-land boundary. Terrain data
can provide relatively stable spatial and geomorphological context; nevertheless, previous
multimodal studies have shown that the benefit of auxiliary information depends strongly
on the selected variables and fusion strategy [23-28]. Moreover, static terrain data cannot
represent the actual tidal-flat elevation at the image acquisition time and are therefore
unsuitable as a direct basis for water-body discrimination. Slope and local relative elevation
characterize the local terrain gradient and the elevation of a pixel relative to its surround-
ings, respectively, providing auxiliary topographic context for discrimination based on
optical imagery. Previous studies have incorporated slope and other terrain variables
to support water-body extraction [25] and used topographic position indices based on
elevation differences from the neighborhood mean to identify low-lying terrain and predict
wetland distribution [29,30]. The contribution of auxiliary spatial variables depends on their
physical meaning, spatial scale, integration strategy, and validation design. Geographic
information system (GIS)-based multicriteria analysis provides a methodological context
for combining spatial information [31], while research on spatial prediction emphasizes
accounting for spatial dependence in predictor selection and validation to distinguish the
reproduction of existing spatial patterns from transfer to unseen areas [32,33]. These studies
inform the selection, integration, and spatial validation of auxiliary terrain information.

Previous studies have investigated water-land segmentation, boundary supervision,
and terrain-information fusion. However, controlled comparisons have not sufficiently ex-
amined whether a static topographic prior can improve instantaneous waterline extraction
or how terrain information should be integrated with optical features for segmentation and
boundary discrimination. To address this gap, we use 44 Gaofen-1 (GF-1) and Gaofen-6 (GF-
6) multispectral images of Hangzhou Bay and propose a Topography-Guided Boundary
U-Net (TGB-UNet), in which slope and local relative elevation within a 330 m neighborhood
(RE330) are employed as static topographic priors shared across acquisition dates. TGB-
UNet selectively fuses terrain and optical features through dual-scale topographic gating
and strengthens learning in water-land interface areas using a topography-guided auxiliary
boundary head. The dataset was independently split by image acquisition date, and model
performance was evaluated through model comparisons, ablation experiments, full-scene
waterline evaluation, tidal-level-stratified analysis, and spatial generalization testing.
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The remainder of this paper is organized as follows. Section 2 introduces the study
area, data sources, and preprocessing procedures. Section 3 describes the architecture
of TGB-UNet. Section 4 presents the experimental design and evaluation methods.
Section 5 presents and discusses the experimental results, and Section 6 summarizes the
main conclusions.

2. Study Area and Data
2.1. Study Area

Hangzhou Bay is located along the eastern coast of China, south of the Yangtze River
Estuary, and constitutes an important estuarine bay connecting the Qiantang River Estuary
with the East China Sea. The study area has a funnel-shaped morphology, with a wide
bay mouth, a narrow upstream reach, shallow water depths, and strong tidal dynamics;
these characteristics make Hangzhou Bay a typical macrotidal estuarine bay in China [34].
Under the combined influence of tidal dynamics, runoff from the Qiantang River, sediment
transport, and human shoreline-development activities [35], extensive tidal flats have
developed along the coast of Hangzhou Bay [36]. Moreover, the water-land transition
zone contains spatially interspersed water bodies, exposed tidal flats, tidal channels, and
artificial shorelines [37,38].

This study focused on the distribution of water and non-water areas across the tidal
flats along the northern and southern shores of Hangzhou Bay. The data coverage of the
main experiments is delineated by the red outline in the right-hand panel of Figure 1.
Tidal-level variations, turbid water, and wet bare tidal flats contribute to weak spectral
contrast and diffuse water-land boundaries in remote sensing imagery, posing challenges
for water-land segmentation and instantaneous waterline localization. Accordingly, this
study combined multitemporal GF multispectral imagery with terrain information de-
rived from Copernicus GLO-30 to evaluate the contributions of topographic gating and
topography-guided auxiliary boundary learning to water-land segmentation and instanta-
neous waterline extraction on tidal flats. In addition, an adjacent coastal sector southeast
of the main experimental area was designated for spatial generalization testing, with its
data coverage delineated by the green outline in the right-hand map of Figure 1. This
coastal sector was not used for model training or validation and provided a supplementary
assessment of spatial transfer performance in an unseen coastal sector.
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Figure 1. Location of the study area and spatial coverage of the experimental data. The (left)-hand
map shows the location of Hangzhou Bay within China. In the (right)-hand map, the red and green
outlines indicate the spatial coverage of the main experimental data and the data used for spatial
generalization testing in an additional coastal sector, respectively.
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2.2. Data Sources
2.2.1. Gaofen-Series Multispectral Imagery

Wide-field-of-view (WFV) multispectral imagery from Gaofen-1 (GF-1) and Gaofen-6
(GF-6), both with a nominal revisit period of approximately 4 days, was selected as the
primary optical remote sensing data source. The data were obtained from the National
Remote Sensing Data and Application Service Platform at https://www.cpeos.org.cn
(accessed on 5 July 2026). Image selection was based primarily on complete coverage of
the study area and low cloud cover. Images with cloud cover below 10% and without
extensive cloud obstruction over the study area were selected, with preference given to
images exhibiting minimal cloud and haze obstruction and relatively clear textures in the
shoreline and tidal-flat areas. All Gaofen data were obtained as Level-1A products with a
spatial resolution of 16 m. To ensure a consistent four-band input configuration for images
from the two satellites, the spectral bands shared by GF-1 and GF-6—blue, green, red, and
near-infrared (NIR)—were used for model training, whereas the additional red-edge, violet,
and yellow bands of GF-6 were excluded from the model inputs [39,40].

2.2.2. Copernicus DEM GLO-30

To incorporate topographic background information beyond optical imagery, Coperni-
cus DEM GLO-30 was selected as the baseline elevation dataset. The product was primarily
generated from observations acquired by the TanDEM-X mission between 2011 and 2015
and provides globally continuous surface elevation information at a spatial resolution
of approximately 30 m. Unlike a bare-earth digital elevation model (DEM), GLO-30 is a
digital surface model (DSM), and its elevation values may be influenced by vegetation,
artificial structures, and the treatment of water bodies [41]. Therefore, this study used only
the coarse-scale elevation differences and spatial terrain patterns represented by GLO-30.
The dataset was treated as a relatively stable topographic prior rather than as a precise,
contemporaneous observation of tidal-flat topography at the GF image acquisition dates.
The data covering the study area were obtained from the public Copernicus DEM data
source, with World Geodetic System 1984 (WGS 84) used as the horizontal datum and Earth
Gravitational Model 2008 (EGM2008) as the vertical datum [42,43].

2.2.3. Tidal-Level Data

To analyze the influence of tidal-level variations on waterline extraction, hourly tidal-
level data from the Zhapu tidal gauge station were obtained from the National Marine
Science Data Center. According to the acquisition time of each GF image, the corresponding
tidal level at the image acquisition time was matched, and the test images were subsequently
divided into high-, intermediate-, and low-tidal-level groups. The tidal-level data were
used solely to analyze model performance across tidal-level groups and were not involved
in model training.

2.3. Data Preprocessing

To construct a multisource dataset with strict pixel-level correspondence among op-
tical imagery, terrain variables, and water-body labels, GF image preprocessing, terrain
feature construction, and synchronized patch extraction were performed. All data were
transformed to the WGS 84/UTM Zone 51N projected coordinate system (EPSG:32651),
and the geometrically corrected GF imagery was used as the spatial reference, with all
datasets standardized to a spatial resolution of 15 m. Terrain variables and labels were
co-registered according to the spatial extent, grid origin, and pixel size of the GF imagery,
ensuring identical numbers of rows and columns and consistent pixel locations across
all data sources. Continuous optical and terrain variables were resampled using bilinear
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interpolation, whereas binary labels were resampled using the nearest-neighbor method
to avoid introducing new label classes. Pixels outside the study area or lacking valid
reference labels were assigned a value of 255 and were excluded from model training and
performance evaluation.

2.3.1. GF Image Preprocessing

GF-1 and GF-6 Level-1A multispectral images were sequentially subjected to radio-
metric calibration, atmospheric correction, and orthorectification to reduce the influence of
differences in sensor response, atmospheric conditions, and imaging geometry on image
spectra and spatial positioning. Subsequently, the four spectral bands shared by GF-1
and GF-6—blue, green, red, and near-infrared (NIR)—were selected, and the images were
cropped and spatially aligned according to the study-area extent to generate full-scene GF
images with consistent band composition, projected coordinate system, and pixel grid. The
additional red-edge, violet, and yellow bands of GF-6 were excluded from model training
to maintain the same four-band input configuration for both satellite sensors.

2.3.2. Terrain Feature Construction and Spatial Alignment

Copernicus DEM GLO-30 was first transformed to the projected coordinate system of
the study area, and outliers and invalid values were subsequently processed. Slope and
local relative elevation within a 330 m neighborhood were then calculated from the original
30 m terrain grid. The local relative elevation was denoted as RE330 and was defined as the
difference between the elevation of the center pixel and the mean elevation of valid pixels
within its 11 x 11 pixel neighborhood:

.. .. 1
REs30(i,j) = z(i,) — ﬁz(u,v)eﬂﬁ z(u,v) (1)
ij

In the equation, z(7, j) denotes the elevation of the center pixel, ();; denotes the 11 x 11
pixel neighborhood centered on that pixel, and N;; denotes the number of valid pixels within
Q);j. Because the spatial resolution of GLO-30 was 30 m, this neighborhood corresponded
to a spatial extent of approximately 330 m x 330 m. A positive RE330 value indicated that
the center pixel was higher than the local mean terrain elevation, whereas a negative RE330
value indicated that it was lower than the local mean terrain elevation. Invalid pixels were
excluded from the neighborhood averaging. After RE330 was calculated on the original
terrain grid, it was resampled to 15 m and spatially co-registered with the GF imagery.

2.3.3. Sample Patch Extraction and Label Generation

Because existing public datasets could not provide water-body labels and instanta-
neous waterline reference data that matched the GF imagery used in this study in terms of
acquisition time, spatial extent, and spatial resolution, reference labels were constructed by
combining machine-assisted interpretation with manual revision, and waterline vectors
were generated simultaneously. The preprocessed GF-1 and GF-6 multispectral imagery
was used as the primary basis for interpretation. Subsequently, the imagery was cropped
into 512 x 512 image patches using a sliding-window approach with a stride of 256 pixels,
and a total of 3099 samples containing both water and land areas were selected within the
main experimental area.

Initial water-body masks were generated using the Segment Anything Model [44,45].
The resulting water-body boundaries were then inspected and corrected pixel by pixel with
reference to GF multispectral composite imagery [46]. The main water bodies and tidal
flats inundated at the image acquisition time were labeled as water, whereas exposed tidal
flats, vegetation, artificial structures, and other land areas were labeled as non-water. Areas
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with ambiguous boundaries, shadow interference, or a high proportion of mixed pixels
were repeatedly inspected. Manual annotation followed a two-person workflow in which
one annotator performed the initial delineation and a second reviewed and corrected it to
identify and rectify evident interpretation errors in the reference waterlines. Finally, label
values of 1, 0, and 255 were assigned to water, non-water, and invalid regions, respectively.

After the image patches were annotated, the labels were reconstructed over the entire
main experimental area for each acquisition date, and the patch boundaries and overlapping
regions were subsequently inspected. The boundary between water and non-water areas
was then extracted from the full-scene reference labels for each date, yielding instantaneous
waterline reference data for 44 acquisition dates. Finally, the dataset was split by acquisition
date [33], with 26, 9, and 9 complete acquisition dates assigned to the training, validation,
and test sets, respectively. Data from the coastal sector designated for spatial generalization
testing, outlined in green in the right-hand map of Figure 1, were separate from the main
experimental dataset and were not included in model training or validation. The detailed
test configuration is described in Section 4.5.

3. Methodology
3.1. Workflow

To address the pronounced spectral confusion between water bodies and wet bare
tidal flats in Hangzhou Bay, as well as the ambiguous boundaries in water-land transition
areas, this study focused on multisource data construction, topography-guided water-land
segmentation, full-scene waterline extraction, and performance evaluation. The overall
technical workflow is illustrated in Figure 2. Specifically, the research workflow comprised
three main stages: multisource data preprocessing and training-sample construction; train-
ing and experimental design of the topography-guided water-land segmentation model;
and full-scene reconstruction, waterline extraction, and performance evaluation for each
acquisition date.

3.2. TGB-UNet Architecture

The contracting—expanding architecture of U-Net enables the recovery of pixel-level
spatial details while extracting contextual information and has become one of the commonly
used approaches for sea-land segmentation. However, in the tidal-flat areas of Hangzhou
Bay, strong spectral confusion exists among water bodies, wet bare tidal flats, and turbid
water. Consequently, relying solely on GF imagery can lead to local misclassification
and boundary displacement, resulting in inaccurate segmentation predictions and poorly
defined boundaries.

On the other hand, standalone edge-detection methods can enhance gradient and
contour information in imagery; however, edges themselves do not convey the class
semantics of water and non-water and are therefore susceptible to interference from non-
target linear features such as tidal channels, aquaculture ponds, roads, and tidal-flat surface
textures. Consequently, relying solely on edge detection makes it difficult to determine the
land-cover classes on both sides of an edge and to directly derive a continuous tidal-flat
waterline with explicit geographic meaning.

To address the aforementioned issues, an improved U-Net model that jointly accounted
for water-body region segmentation and water-land boundary learning was developed,
as illustrated in Figure 3. GF multispectral imagery served as the primary information
source, while slope and local relative elevation served as auxiliary topographic priors.
Dual-scale topographic gating used these priors to modulate optical features at the shallow
and intermediate encoder stages. A topography-guided auxiliary boundary head was
then added to strengthen feature learning at water-land interfaces, while water-land
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segmentation remained the primary task. Patch-level water-body probability maps were
first generated and then mosaicked into a full-scene water-land segmentation map for
each acquisition date using coordinate-based spatial weighting. The waterline was then
extracted and vectorized from the full-scene water-body extent. Overall, region-level
semantics, topographic priors, and boundary constraints were integrated to establish a
complete workflow from water-land segmentation to geospatial waterline extraction.

Stage 1 Multisource Data Preprocessing and Training Sample Construction

GF-1/GF-6 multispectral imagery Copernicus GLO-30 Slope and Local Relative Elevation (RE330) Water-body labels
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Figure 2. Technical workflow of the proposed method.

3.3. Dual-Scale Topographic Gating

Water-land boundaries on tidal flats are primarily identified from optical imagery
based on spectral differences, although their spatial distribution is also influenced by
local terrain conditions. Slope characterizes local relief of the tidal-flat surface, whereas
RE330 reflects the elevation relationship of a pixel relative to its local background and can
therefore provide supplementary information for discriminating spectrally confused areas
such as wet bare tidal flats, shallow-water areas, and tidal channels. Previous studies have
shown that terrain information can support shoreline identification when digital elevation
models (DEMs) and remote sensing imagery are jointly incorporated into segmentation
networks [47]. However, static terrain does not directly represent water-body distribution
at the image acquisition time, and its spatial resolution and error characteristics differ
from those of optical imagery. Direct channel concatenation may not adequately control
the relative contributions of spectral and terrain inputs, allowing terrain errors or spatial
mismatches to propagate into the backbone network.
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Figure 3. Architecture of the proposed TGB-UNet. Blue represents encoder and decoder feature maps,
and red represents bottleneck feature maps. Yellow represents the topographic gating modules G1 and
G2 at the first and second encoder stages, respectively. Green represents water-land segmentation,
and purple represents topography-guided auxiliary boundary learning.

Gated fusion was adopted as a more appropriate strategy for controlling the contribu-
tion of auxiliary information [48,49]. Considering the limited number of terrain variables
used in this study and their intended role in assisting optical feature discrimination, an
independent deep terrain encoder was not constructed. Instead, lightweight topographic
gating modules were incorporated into the first two encoder stages of U-Net [50,51], corre-
sponding to G1 and G2 in Figure 3.

Slope and local relative elevation within a 330 m neighborhood were used to construct
the terrain input. At the first scale, topographic gating was applied to high-resolution
shallow features, where local slope variations and relative elevation differences were
primarily used to supplement boundary details. At the second scale, the terrain input was
downsampled by a factor of 2 using average pooling and was then used to generate a gating
map for the intermediate encoder features; the pooling operation reduced local variation
and provided a more spatially continuous representation of the topographic background.
For each scale, the terrain features were transformed through convolutional mapping, and
a bounded modulation map was generated using the hyperbolic tangent function (tanh):

M; = tanh( fi(T;)). )
Subsequently, residual gating was applied to modulate the optical features:
X =X;®(1+aM;), 3)

where «; represented the learnable gating strength constrained by the sigmoid function.
This formulation allowed terrain information to enhance or suppress optical responses in a
spatially adaptive manner while preserving the original optical feature pathway, thereby
preventing low-quality or mismatched terrain information from exerting a dominant
influence on the segmentation results.

After conditional topographic modulation at the first two encoder stages, the gated
optical features were propagated through the remaining encoder stages. The modulated
features also entered the decoder through skip connections, allowing the topographic priors
to influence the main segmentation representation.

https://doi.org/10.3390 /jmse14211982


https://doi.org/10.3390/jmse14211982

J. Mar. Sci. Eng. 2026, 14, 1982

9 of 26

3.4. Topography-Guided Auxiliary Boundary Head

Although successive downsampling in U-Net expands the receptive field and facili-
tates the extraction of high-level semantic features, it can also remove spatial detail, leading
to boundary displacement or excessive smoothing at water—land interfaces [52,53]. To alle-
viate the insufficient constraint imposed on boundary pixels by region segmentation loss,
previous studies have introduced independent shape branches or auxiliary supervision for
semantic boundaries. Ishikawa and Aoki [54] incorporated semantic boundary detection as
an auxiliary task to improve boundary feature learning in the segmentation backbone. For
remote sensing imagery, BGSC-Net further fused multiscale decoder features and applied
explicit boundary supervision [55]. Collectively, these studies indicate that introducing a
dedicated learning task for sparse boundary pixels can compensate for the weak boundary
supervision provided by region-level segmentation losses [56].

Conventional auxiliary boundary heads typically predict boundaries directly from
decoder features. However, in tidal-flat imagery, wet bare tidal flats, turbid water, and
residual water in tidal channels exhibit similar spectral responses, and relying solely on
decoder semantics or local textures can easily produce spurious boundaries. Therefore,
a topography-guided auxiliary boundary head was incorporated after the final decoder
features, allowing slope and RE330 to participate directly in boundary discrimination. This
module consisted of three components: terrain feature mapping, decoder—terrain feature
fusion, and boundary prediction.

The module simultaneously received the features output by the final decoder stage
of U-Net and the terrain features spatially aligned with the imagery. The terrain input
was transformed into 16-channel terrain features using a 3 x 3 convolution, followed
sequentially by batch normalization (BN) and rectified linear unit (ReLU) activation:

F; = ReLU[BN(Convs,3(T))]. (4)

Subsequently, F; was concatenated with the decoder feature F; along the channel
dimension to obtain the joint feature representation F,. The boundary prediction head then
fused spectral semantics and terrain information using a 3 x 3 convolution, followed by a
1 x 1 convolution to output a single-channel boundary response:

Py = 0{Convy«1[6(BN(Convs«3(Fy)))]|}, (5)

where P, € [0,1]" W

convolutional operations were added at the final decoder stage, and therefore the network

represents the boundary probability map. Only a small number of

complexity was not substantially increased. Compared with a conventional auxiliary
boundary head that relied solely on the decoder feature F;, the proposed structure allowed
boundary prediction to depend jointly on water-land semantic information and local
terrain conditions, thereby helping to suppress spurious boundaries caused by tidal-flat
surface textures, turbid water, and residual water in tidal channels.

During training, the topography-guided auxiliary boundary head was supervised
using single-pixel-wide inner water-boundary labels, and its gradients contributed to the op-
timization of the main network through the shared decoder features. This branch enhanced
the network’s boundary representation and produced a boundary-probability map, whereas
the final water-land segmentation map was generated by the main segmentation head.

3.5. Loss Function

For water-land segmentation on tidal flats, both the integrity of water-body regions
and accurate localization of the water—land interface were required. Because interior pixels
greatly outnumbered boundary pixels, a conventional region-level segmentation loss was
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dominated by large homogeneous regions and provided relatively weak supervision for
the sparse boundary pixels. Therefore, a main segmentation loss and an auxiliary boundary
loss were separately defined in this study.

The main segmentation task employed Dice loss and binary cross-entropy (BCE)
loss [57]. Dice loss was used to maximize overlap between the predicted and reference
water-body masks and to reduce the influence of class imbalance, whereas BCE loss pro-
vided pixel-wise probabilistic supervision for water/non-water classification [58,59]. The
main segmentation loss was defined as follows:

Lsgg = 0.5Lpjce +0.5LpcE. (6)

The auxiliary boundary task employed class-balanced BCE loss and boundary Dice
loss. The class-balanced BCE loss separately computed the mean errors over boundary and
non-boundary pixels, thereby preventing the substantially larger number of non-boundary
pixels from dominating the training process. In addition, boundary Dice loss was used to
improve the overlap between the predicted and ground-truth boundaries. The auxiliary
boundary loss was defined as follows:

Ly =05LY +052h,.. 7)

The total loss was composed of the main segmentation loss and the auxiliary
boundary loss:
Etotal = Eseg + /\bﬁbr (8)

where Ay, the auxiliary boundary loss weight, was set to 0.1. This weighting ensured
that the main segmentation task remained dominant during training while boundary
supervision was used to improve the response of the shared features to the water-land
interface. Invalid regions with a label value of 255 were excluded from the loss calculation.

4. Experimental Setup and Evaluation
4.1. Experimental Environment

All experiments were conducted on a Windows 10 workstation equipped with an
NVIDIA GeForce RTX 3090 graphics processing unit (GPU; NVIDIA Corporation, Santa
Clara, CA, USA). The models were implemented in Python 3.8.20 using PyTorch 2.4.1, with
CUDA 11.8 and cuDNN 9.1.0 providing GPU acceleration. All models were trained for
150 epochs with a batch size of 8 using the AdamW optimizer [60]; the initial learning rate
and weight-decay coefficient were both set to 1 x 10~*. During training, a cosine annealing
schedule [61] was adopted to progressively reduce the learning rate.

Because M0 was identical to vanilla U-Net and M5 was identical to TGB-UNet, the
same trained checkpoints and test results were reused in the model-comparison and
ablation analyses. The same dataset split and training parameters were used for all runs,
and the best-performing model weights were selected based on validation-set performance
and subsequently evaluated on the test set. Finally, the results were reported as the mean
=+ standard deviation over the three independent runs.

4.2. Experimental Setup for Model Comparisons

To evaluate the effectiveness of the proposed method for water-land segmentation
and instantaneous waterline extraction on tidal flats, three representative semantic segmen-
tation networks—FCN-8s, vanilla U-Net, and HED-UNet—were selected for comparison.
These three models used four-band GF imagery as input, whereas TGB-UNet additionally
incorporated slope and RE330. All models followed the same dataset split, training strategy,
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and model selection criteria. Model performance was evaluated in terms of patch-level
water-body segmentation and full-scene waterline localization, using the metrics described
in Section 4.6.

FCN-8s: VGG16 was used as the encoder, and spatial resolution was progressively
restored through feature fusion across different hierarchical levels followed by transposed
convolution. This model was used to evaluate the performance of a representative fully
convolutional semantic segmentation method for water-body extraction on tidal flats.

Vanilla U-Net: A symmetric encoder-decoder architecture was adopted, with shallow
spatial information propagated through skip connections. Vanilla U-Net served as both the
backbone of the proposed model and the primary comparison baseline.

HED-UNet: Based on the shared features, region segmentation and edge detection
were jointly performed, and multiscale edge supervision was used to improve water-land
boundary extraction. This model served as a boundary-aware baseline combining region
segmentation and edge detection, enabling evaluation of the proposed method against an
existing boundary-aware network.

TGB-UNet: The proposed model added dual-scale topographic gating and a
topography-guided auxiliary boundary head to U-Net. Four-band GF imagery, slope,
and RE330 were used as inputs, and the gating modules adaptively fused topographic
information with optical features. The auxiliary boundary branch further used topographic
features to strengthen representation learning at the water-land interface.

4.3. Ablation Study Design

To evaluate the effects of terrain-fusion schemes and auxiliary boundary learning
on model performance, six ablation configurations (M0-M5) were designed. MO used
vanilla U-Net with only four-band GF imagery as input and served as the baseline. M1
concatenated slope and RE330 with the four GF bands at the input level, forming a six-
channel input, to examine whether direct terrain concatenation improved performance.
M2 replaced input-level concatenation with dual-scale topographic gating: the four-band
GF imagery entered the main encoder, while slope and RE330 modulated optical features
at the first two encoder stages through gating. This configuration enabled a comparison
between the two terrain-fusion schemes. M3 added a conventional auxiliary boundary
head to M2. This head received only the final decoder features and was used to evaluate
the contribution of auxiliary boundary supervision. M4 incorporated a topography-guided
auxiliary boundary head into vanilla U-Net, jointly using decoder and terrain features for
boundary prediction without topographic gating in the encoder. M5 was the complete
TGB-UNet, combining dual-scale topographic gating with the topography-guided auxiliary
boundary head. Comparing M3 with M5 evaluated the contribution of the topography-
guided auxiliary boundary head relative to the conventional auxiliary boundary head.
Comparing M4 with M5 assessed the additional contribution of encoder-stage topographic
gating when topography-guided boundary learning was already present. All configurations
used the same dataset split, training settings, and model selection criteria.

4.4. Tidal-Level Grouping and Stratified Evaluation

According to the image acquisition times recorded in the GF image metadata, the nine
test images were matched with hourly tidal-level data from the Zhapu tidal gauge station
to obtain the tidal level corresponding to each image acquisition time. For images acquired
at non-hourly times, the tidal level was interpolated from the values at the two adjacent
full hours. Considering the limited number of images in the test set, the nine images were
ranked from low to high tidal level and sequentially divided into low-, intermediate-,
and high-tidal-level groups, with three images assigned to each group to ensure an equal

https://doi.org/10.3390 /jmse14211982


https://doi.org/10.3390/jmse14211982

J. Mar. Sci. Eng. 2026, 14, 1982 12 of 26

number of samples among the groups. On this basis, the evaluation metrics of vanilla
U-Net and the proposed model were separately calculated for the different tidal-level
groups to analyze variations in model performance under different tidal-level conditions.
The tidal levels and tidal phases corresponding to the test images are presented in Table 1.

Table 1. Tidal-level grouping of the test dataset.

(Y;‘;‘;§§41?4ftl§D) Satellite ACQUISTON  Tidal Level (m)  Tidal Phase T“g‘:;i‘;"el
2020-02-20 GF-6 11:14 660 Ebb tide High
2020-02-22 GF-1 11:08 563 Flood tide High
2025-01-09 GF-1 10:35 448 Ebb tide Intermediate
2025-03-20 GF-1 10:42 98 Flood tide Low
2025-11-21 GF-1 10:41 454 Flood tide Intermediate
2026-01-13 GF-1 10:33 499 Ebb tide High
2026-02-11 GF-1 10:40 386 Ebb tide Intermediate
2026-02-21 GF-6 10:03 44 Ebb tide Low
2026-03-14 GF-6 10:13 245 Flood tide Low

4.5. Spatial Generalization Test Setup

To evaluate model performance in a coastal sector not used for training or validation,
spatial generalization testing was conducted in the area outlined in green in the right-hand
map of Figure 1. This coastal sector is located southeast of the main experimental area, with
no spatial overlap between their image-patch footprints. The test used GF imagery from six
acquisition dates included in the main experimental test set, with twelve 512 x 512-pixel
patches per date, yielding 72 samples in total.

Vanilla U-Net and TGB-UNet were compared using the best-performing model
weights selected in the main experiments for each of the three random seeds. Inference was
performed directly, without additional training or fine-tuning. The input configurations,
preprocessing, and prediction postprocessing procedures were consistent with those used
in the main experiments. Both models were evaluated over the same valid spatial extent
using the metrics described in Section 4.6, and the results were reported as the mean and
standard deviation across the three random seeds.

4.6. Evaluation Metrics

Model performance was evaluated at two levels: patch-level water-body segmenta-
tion and full-scene waterline localization [62,63]. Water-land segmentation metrics were
calculated at the scale of 512 x 512 image patches to quantify the accuracy of water-body
region identification. In contrast, waterline metrics were calculated after the probability
image patches from the same acquisition date were mosaicked using spatial weighting,
thereby evaluating boundary matching and distance errors at the full-scene scale.

For all evaluation metrics, the water class was treated as the positive class, with
water labeled as 1 and non-water as 0. The predicted water-body probability maps were
binarized using a fixed threshold of 0.5. The validation set was used solely for model
selection, whereas the final performance metrics were calculated on the independent
test set.

4.6.1. Segmentation Metrics

Water-land segmentation performance was evaluated using intersection over union
(IoU) and the F1-score. Here, true positives (TP), false positives (FP), and false negatives
(FN) were defined as correctly identified water pixels, non-water pixels incorrectly classified
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as water, and water pixels that were not identified, respectively. The metrics were calculated

follows:
e o= — TP oo o)
" TP+FP+FN %
2TP .

IoU quantified the degree of overlap between the predicted and reference water-
body regions, whereas the F1 jointly accounted for false positives and false negatives.
These metrics were first calculated independently for each image patch and were then
arithmetically averaged over all valid image patches in the test set.

4.6.2. Waterline Evaluation Metrics

Waterline boundary agreement was evaluated using the boundary Fl-score (BF1) [64].
Considering that raster labeling, image co-registration, and boundary extraction could
introduce small pixel-level deviations, a matching tolerance of 3 pixels was adopted for the
calculation. Boundary precision P, was defined as the proportion of predicted boundary
pixels that matched the reference boundary, whereas boundary recall R, was defined as the
proportion of reference boundary pixels covered by the predicted boundary. A BF1 value
closer to 100% indicated a higher degree of agreement between the predicted waterline and
the reference waterline within the specified tolerance. BF1 was defined as follows:

x 100%. 11)

Waterline positional errors were calculated from the bidirectional nearest-neighbor
distances between the predicted and reference boundaries, with distances expressed in
meters [65]. The average symmetric surface distance (ASSD) and the 90th-percentile dis-
tance (P90) were adopted for evaluation. ASSD was calculated as the mean bidirectional
distance between the predicted waterline and the reference waterline and was used to
characterize the overall mean positional deviation of the waterline [63,66]. P90 represented
the distance below which 90% of the bidirectional boundary distances fell, thereby char-
acterizing the control of relatively large positional deviations along the waterline. Lower
ASSD and P90 values indicated greater spatial agreement between the predicted waterline
and the reference waterline. Furthermore, the waterline length relative error (WLRE) was
introduced to evaluate the difference in total length between the predicted and reference
waterlines. Within the same valid evaluation extent, the total lengths of the predicted and
reference waterlines were calculated separately, and WLRE was defined as follows:

‘Lpred - Lref
ref

WLRE = x 100%, (12)
where Lyreq and Ly denote the total lengths of the predicted and reference waterlines,
respectively. A lower WLRE value indicated a smaller difference in total length between
the two waterlines.

5. Results and Discussion
5.1. Performance Comparison of Different Models

Table 2 presents the water-body segmentation and waterline extraction results of
the models on the test set. All values are reported as the mean =+ standard deviation

of results obtained from three independent training runs with different random seeds.
TGB-UNet achieved the best mean performance across all six metrics, with F1, IoU, and

https://doi.org/10.3390 /jmse14211982


https://doi.org/10.3390/jmse14211982

J. Mar. Sci. Eng. 2026, 14, 1982 14 of 26

BF1 values of 98.44%, 97.17%, and 83.52%, respectively, and ASSD, P90, and WLRE values
of 50.13 m, 85.67 m, and 5.56%, respectively. Compared with the primary baseline, vanilla
U-Net, TGB-UNet improved F1, IoU, and BF1 by 3.03, 2.49, and 3.13 percentage points,
respectively, while reducing ASSD, P90, and WLRE by 44.41%, 32.16%, and 28.35%, respec-
tively. These improvements covered both water-body region identification and waterline
spatial localization.

Table 2. Water-land segmentation and waterline extraction results of different models. Bold values
indicate the best performance for each metric.

Method F1 (%) IoU (%) BF1 (%) ASSD (m) P90 (m) WLRE (%)
FCN-8s 95.30 + 0.49 94.90 £ 0.57 77.51 £0.11 93.17 £ 6.43 125.83 £ 6.01 10.54 £ 0.55
Vanilla U-Net 9541 £ 0.37 94.68 = 0.52 80.39 = 0.40 90.17 = 4.78 126.29 + 8.84 7.76 £1.41
HED-UNet 98.02 + 0.13 96.87 + 0.21 82.07 £ 1.10 55.19 £ 5.96 100.16 £+ 9.38 6.04 + 0.28
TGB-UNet 98.44 4 0.03 97.17 4 0.06 83.52 + 0.69 50.13 4 5.96 85.67 + 5.38 5.56 + 0.14

FCN-8s and vanilla U-Net exhibited similar region-level segmentation performance.
Although vanilla U-Net achieved a higher BF1 and a lower ASSD, its P90 did not improve
correspondingly. In contrast, HED-UNet, which jointly performs region segmentation
and edge detection, further reduced ASSD to 55.19 m and P90 to 100.16 m, indicating
that boundary learning helps alleviate localization errors associated with relying solely on
region segmentation. Compared with HED-UNet, TGB-UNet further reduced ASSD and
P90 by 5.06 m and 14.49 m, respectively, improving waterline-localization accuracy beyond
that achieved by the existing boundary-aware model.

Full-scene waterline evaluation results for the individual test dates are provided in
Table S1 of the Supplementary Materials. TGB-UNet achieved lower mean ASSD and P90
values than both Vanilla U-Net and HED-UNet on all nine dates, while its mean BF1 was
higher than those of Vanilla U-Net and HED-UNet on nine and seven dates, respectively.
To further examine the consistency of these improvements across the test dates, the nine
dates were treated as paired statistical units. Two-sided Wilcoxon signed-rank tests were
used to evaluate the differences between TGB-UNet and the baseline models, and the
resulting p-values were adjusted for multiple comparisons using the Holm method. The 95%
confidence intervals of the mean improvements were estimated by date-level bootstrapping,
and the complete results are reported in Table S2 of the Supplementary Materials. After
adjustment, the improvements of TGB-UNet over Vanilla U-Net were statistically significant
for BF1, ASSD, and P90. Compared with HED-UNet, the improvements in ASSD and
P90 were statistically significant, whereas the difference in BF1 did not reach statistical
significance. These results indicate that the improvements in waterline localization over
Vanilla U-Net were reasonably consistent across the test dates and were not driven primarily
by large gains on only a few dates. Compared with the boundary-aware HED-UNet, the
advantage of TGB-UNet was expressed mainly as reductions in the mean positional error
and relatively large positional deviations, whereas the additional improvement in boundary
matching within the three-pixel tolerance was comparatively limited. This finding further
suggests that the principal benefit of topographic guidance lies in reducing the spatial
positional errors of the extracted waterlines rather than merely increasing the number of
boundary matches within the specified tolerance.

To examine the sensitivity of boundary-matching results to the tolerance setting, BF1
was further compared across models at tolerances of 1-5 pixels. As shown in Figure 4,
BF1 increased progressively for all models as the matching tolerance increased. TGB-UNet
consistently achieved the highest mean BF1, with a more pronounced advantage under the
strict matching tolerances of 1-2 pixels. This supports its improved boundary agreement
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at smaller allowable deviations, rather than an advantage dependent solely on the 3-pixel
tolerance adopted in the main evaluation.

FCN-8s U-Net W HED-UNet W TGB-UNet
100
90.2

875 .
83.5 = =
80 1 =
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=
=
60 - 56.0
==
=
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Boundary tolerance (pixel)
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Figure 4. Comparison of BF1 values among different models under different boundary matching
tolerances.

Figure 5 further illustrates where the models differed. Along regular shoreline seg-
ments, the predictions of all models were close to the reference labels. In the wharf-building
scene, FCN-8s and vanilla U-Net produced discontinuities in some elongated non-water
structures, whereas HED-UNet and TGB-UNet preserved these structures and their adja-
cent water-land boundaries more completely. This was consistent with the improvements
achieved by the boundary-aware models in the quantitative evaluation: the main water-
body regions occupy a large proportion of the image, whereas narrow structures and
boundary pixels contribute relatively little to region overlap, and additional boundary
learning helps strengthen constraints at these locations. In the natural-shoreline scene,
all three competing models incorrectly connected the small island adjacent to the main
island to the main island, whereas TGB-UNet preserved the water separating them and the
boundary surrounding the small island.

However, preserving structural details does not necessarily ensure correct classifica-
tion in spectrally confused regions. In the turbid-water example, all models predicted some
reference water areas as non-water, with larger omission regions in vanilla U-Net and HED-
UNet. Although HED-UNet preserved elongated structures relatively well, substantial
water omission remained in this example, indicating that classification errors caused by
spectral confusion may persist even with boundary learning. TGB-UNet reduced the corre-
sponding omission regions, consistent with its design rationale of supplementing spectral
discrimination with topographic context, although residual misclassification remained.

Wet bare tidal flats also exhibit spectral confusion and diffuse water-land transitions.
The overall predictions were similar across models, all of which recovered the main elon-
gated non-water structure traversing the image patch. Differences were concentrated
primarily at its junction with the water-land boundary and around the local non-water
patch on the right. TGB-UNet largely preserved the structures and boundary geometry at
these locations. Its improvements were localized and did not take the form of extensive
segmentation differences in every challenging scene.

These results indicate that waterline extraction on tidal flats requires both the recovery
of boundary details and the correct discrimination of spectrally similar water and non-
water areas. Boundary supervision improved the preservation of some structures, while
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topographic guidance provided supplementary cues for discrimination at ambiguous
interfaces. Nevertheless, wharves and small islands and reefs may be smaller than the
effective spatial resolution of GLO-30. Recovering their details still depends on optical
features and cannot be attributed entirely to the terrain data.

(a) Original Image (b) Ground Truth (c) FCN-8s (d) Vanilla U-Net (e) HED-UNet (f) TGB-UNet
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Figure 5. Segmentation results for representative regions. White and black represent water and
non-water areas, respectively. Red dashed circles highlight local regions for comparing structural
details and water-land boundaries among the models.

5.2. Model Performance Under Different Tidal-Level Conditions

To examine differences in water-body segmentation and waterline extraction perfor-
mance across tidal-level conditions, vanilla U-Net and TGB-UNet were evaluated within
the tidal-level groups defined in Section 4.4, using the same dataset split, training settings,
and model selection criteria. The results are presented in Table 3.

Table 3. Performance comparison under different tidal-level conditions.

Tidal-Level

Method F1 (%) ToU (%) BF1 (%) ASSD (m) P90 (m) WLRE (%)

Group
Hieh Vanilla U-Net 98.27 & 0.13 97.79 + 0.26 86.61 =+ 0.42 51.60 & 4.31 65.80 & 1.14 3.15 £ 0.30
& TGB-UNet 99.30 + 0.02 98.62 + 0.04 90.24 + 0.58 20.60 + 3.14 40.07 + 1.45 2.29 +0.30
; i Vanilla U-Net 95.01 £ 0.27 94.84 + 0.36 79.31 =+ 0.69 93.21 =+ 3.40 119.15 + 8.36 8.31 +0.25
ntermediate TGB-UNet 98.28 + 0.08 96.63 + 0.13 81.90 + 0.66 60.86 + 10.35 79.33 + 8.97 6.43 + 0.58
L Vanilla U-Net 92.97 + 0.53 91.42 + 0.51 75.26 + 0.55 125.69 = 3.57 193.93 + 7.53 11.81 + 0.99
ow TGB-UNet 97.75 + 0.07 96.28 + 0.11 7842 + 1.24 68.93 + 8.41 137.62 + 21.34 7.97 +0.79

Waterline extraction performance generally deteriorated for both models from the
high- to the low-tidal-level group. Changes in the boundary-related metrics were more
pronounced than those in F1 and IoU, with BF1 decreasing and ASSD, P90, and WLRE
increasing. The ASSD of vanilla U-Net increased from 51.60 m in the high-tidal-level group
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to 93.21 m in the intermediate-tidal-level group and reached 125.69 m in the low-tidal-level
group. The corresponding ASSD values for TGB-UNet were 20.60, 60.86, and 68.93 m,
respectively. This trend was associated with the complexity of water-land interfaces under
low-tidal-level conditions. The selected low-tidal-level images contained extensive wet
bare tidal flats, residual water in tidal channels, and shallow-water areas, where spectrally
similar water and non-water areas were interspersed and instantaneous waterlines were
more sinuous and fragmented. Local misclassification in these areas may occupy only
a small proportion of the image but can generate line segments that deviate from the
reference boundary, increasing waterline distance errors and length deviations. Conse-
quently, waterline extraction performance may deteriorate considerably even when the
main water-body regions remain well identified.

TGB-UNet outperformed vanilla U-Net across all evaluation metrics in the three
tidal-level groups and achieved the largest absolute reductions in ASSD and P90 in the low-
tidal-level group, at 56.76 m and 56.31 m, respectively. Compared with regular water-land
boundaries, interfaces in spectrally confused regions are more difficult to locate using image
features alone. Topographic context can provide supplementary information on relative
position and local relief. Incorporating these cues through dual-scale topographic gating
and topography-guided auxiliary boundary learning may help reduce classification errors
at some ambiguous interfaces. Nevertheless, the errors of TGB-UNet remained higher in
the low-tidal-level group than in the high-tidal-level group, indicating that topographic
guidance alleviated the extraction difficulties in these scenes but did not eliminate the
effects of complex water-land distributions on tidal flats.

5.3. Ablation Results of Topographic Gating and Boundary Head

Following the ablation configurations described in Section 4.3, the quantitative perfor-
mance and local predictions of MO-M5 were compared to examine the effects of terrain-
fusion schemes and auxiliary boundary learning. The results are presented in Table 4 and
Figure 6.

Table 4. Ablation results under different module configurations. Bold values indicate the best
performance for each metric.

Method F1 (%) IoU (%) BF1 (%) ASSD (m) P90 (m) WLRE (%)
MO 95.41 + 0.37 94.68 £+ 0.52 80.39 £+ 0.40 90.17 +4.78 126.29 + 8.84 7.76 £ 1.41
M1 95.39 £ 1.69 95.06 + 1.10 80.15 + 1.44 94.13 £+ 3.29 125.92 4+ 10.97 710+ 1.18
M2 96.41 £+ 1.02 95.59 £+ 0.63 80.37 = 1.14 90.06 £+ 2.53 111.98 £ 10.43 6.82 + 1.46
M3 97.44 4+ 0.53 96.17 £+ 0.55 81.82 +0.47 80.27 +=1.52 101.96 +£1.75 6.19 +0.73
M4 97.23 +0.23 96.38 £ 0.53 81.51 4+ 0.27 75.88 £ 0.82 106.06 £ 2.94 6.26 + 0.46
M5 98.44 + 0.03 97.17 + 0.06 83.52 + 0.69 50.13 + 5.96 85.67 + 5.38 5.56 + 0.14

M1, which directly concatenated terrain information with the optical imagery, did not
achieve consistent performance gains. Compared with M0, M1 had a slightly higher mean
IoU and slightly lower P90 and WLRE, but lower F1 and BF1, while ASSD increased from
90.17 m to 94.13 m. This indicates that adding terrain inputs does not necessarily improve
water-body segmentation or waterline localization. Static terrain data and optical imagery
differ in spatial resolution, acquisition time, and the information they represent. Although
direct concatenation increases the available input information, the model must still learn
which topographic cues support water-land discrimination in the current image.

After input-level concatenation was replaced with dual-scale topographic gating, M2
outperformed M1 across all six mean metrics. Compared with direct concatenation, gating
preserves the main optical feature pathway while using terrain-derived modulation signals
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to adjust feature responses at corresponding locations, allowing terrain information to
support discrimination as an auxiliary input. Nevertheless, relative to M0, the ASSD of M2
decreased only from 90.17 m to 90.06 m, and BF1 did not improve. Thus, although gated
fusion outperformed direct concatenation, terrain modulation at the encoder stages alone
provided limited improvement in waterline localization.

(a) Original Image b) MO c) Ml d) M2 (e) M3 f) M4
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Figure 6. Water-land segmentation results of different module configurations in representative
complex tidal-flat scenes. White and black indicate correctly classified water and non-water areas,
respectively, whereas red and blue indicate water false positives and false negatives, respectively. The
numbers below the panels indicate the mean average symmetric surface distance (ASSD) across three
random-seed runs, in meters. Bold numbers indicate the lowest ASSD among the configurations for

each scene.

Adding a conventional auxiliary boundary head to M2 improved all six mean metrics
in M3, with BF1 increasing from 80.37% to 81.82% and ASSD decreasing from 90.06 m to
80.27 m. Topographic gating acts on feature representations, whereas auxiliary boundary
supervision directly constrains water-land interface locations; the two therefore serve
different roles. With the topography-guided auxiliary boundary head, M5 further increased
BF1 to 83.52%, reduced ASSD to 50.13 m, and lowered P90 from 101.96 m in M3 to 85.67 m,
achieving the best mean performance across all six metrics. The differences between
M3 and M5 indicate that explicitly supplying terrain features to the boundary branch
provides additional improvements even when the shared decoder features have already
been influenced by topographic gating. The contribution of terrain information therefore
depends not only on whether it is introduced, but also on how it participates in region
feature learning and boundary discrimination.

M4, which incorporated terrain information only through the topography-guided
auxiliary boundary branch, outperformed MO across all six mean metrics. Compared with
M4, the complete model M5 increased BF1 from 81.51% to 83.52%, reduced ASSD from

https://doi.org/10.3390 /jmse14211982


https://doi.org/10.3390/jmse14211982

J. Mar. Sci. Eng. 2026, 14, 1982

19 of 26

75.88 m to 50.13 m, lowered P90 from 106.06 m to 85.67 m, and reduced WLRE from 6.26%
to 5.56%. These results indicate that encoder-stage topographic gating further improves
waterline extraction when topography-guided boundary learning is already present.

Figure 6 presents predictions for five representative local scene types. White and black
indicate correctly identified water and non-water areas, respectively, while red and blue
indicate water false positives and false negatives. All configurations used the same spatial
extent within each scene. The values below the subfigures represent the mean ASSD across
the three random-seed runs, expressed in meters.

In the natural-shoreline scene, errors were concentrated mainly along locally curved
boundary segments, and M5 achieved an ASSD of 46.51 m. In the reclaimed-shoreline
scene, ASSD ranged from 14.50 to 17.92 m across configurations, with relatively small
differences. In contrast, the boundary heads exhibited more pronounced differences in
the weak-boundary scene. Adding conventional auxiliary boundary supervision to M2
enlarged the local false-positive region in M3, with ASSD increasing from 125.33 m to
139.02 m. M4 and M5 reduced the corresponding false positives, with ASSD values of
67.32 m and 58.81 m, respectively. Conventional auxiliary boundary supervision improved
performance across the overall test set but did not provide the same benefit in this local
example, indicating that stronger boundary constraints do not guarantee more accurate
boundary discrimination. At locations with weak spectral contrast, boundary prediction
based on decoder features may retain or reinforce incorrect responses, whereas explicitly
supplying topographic cues may help improve discrimination at these locations.

In the turbid-water example, M0-M3 all exhibited large local water-omission regions,
with ASSD ranging from 357.19 to 404.45 m, while M4 achieved an ASSD of 348.57 m. M5
reduced the extent of the main omission region and lowered ASSD to 248.42 m, although
residual omission remained. In the wet bare tidal-flat example, MO-M3 produced extensive
bands of misclassification along the water-land transition zone, with ASSD values of
253.21, 192.01, 195.57, and 176.49 m, respectively. M4 also exhibited pronounced bands
of misclassification, with an ASSD of 219.74 m. M5 reduced false positives within the
transition zone and local water omission, lowering ASSD to 74.70 m.

Opverall, topographic gating improved the use of terrain information, auxiliary bound-
ary supervision strengthened constraints at water-land interfaces, and the topography-
guided boundary head further supplemented the features used for boundary discrimina-
tion. The comparison between M4 and M5 further indicates that encoder-stage terrain
fusion provides a complementary contribution when topography-guided boundary learn-
ing is already present. These results support using static terrain as an auxiliary cue for
optical discrimination in conjunction with boundary learning, rather than expecting consis-
tent improvements simply from adding input channels.

5.4. Full-Scene Waterline Extraction Results

To compare the spatial patterns of waterline extraction under different tidal-level
conditions, images acquired on 13 January, 11 February, and 21 February 2026, were
selected from the high-, intermediate-, and low-tidal-level groups, respectively. The full-
scene waterlines extracted by vanilla U-Net and TGB-UNet are shown in Figure 7. The
red dashed line represents the reference waterline, and the orange solid line represents the
predicted waterline.

In the high-tidal-level scene, both models recovered the main waterline segments
relatively completely, and their predictions were generally close to the reference waterline.
Differences were concentrated mainly along locally curved shoreline segments and near
artificial structures. In the intermediate-tidal-level scene, vanilla U-Net exhibited positional
deviations and local spurious line segments around embayments, islands and reefs, and
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complex shoreline segments. TGB-UNet reduced these deviations, achieving greater spatial
agreement with the reference waterline.

High Level (260113) Intermediate Level (260211) Low Level (260221)

Vanilla U-Net

TGB-UNet

Figure 7. Full-scene waterline extraction results under different tidal-level conditions. (a) Vanilla
U-Net at high tidal level on 13 January 2026; (b) Vanilla U-Net at intermediate tidal level on 11
February 2026; (c) Vanilla U-Net at low tidal level on 21 February 2026; (d) TGB-UNet at high tidal
level on 13 January 2026; (e) TGB-UNet at intermediate tidal level on 11 February 2026; (f) TGB-UNet
at low tidal level on 21 February 2026. Red dashed lines indicate the reference waterlines, and orange
solid lines indicate the predicted waterlines.

Differences between the two models were more pronounced in the low-tidal-level
scene. Vanilla U-Net produced substantial boundary displacement and spurious closed
line segments in wet bare tidal flats and complex water—land interface areas. These errors
not only altered local waterline positions but also introduced boundaries absent from the
reference, reflecting incorrect identification of the spatial distribution of water and non-
water in some areas. TGB-UNet reduced local predictions that deviated from the reference
waterline and largely preserved irregular shoreline geometry and the contours of islands
and reefs, although deviations remained at some complex interfaces.

Consistent with the quantitative results in Table 3, Figure 7 shows that differences
in distance errors between the models were mainly associated with local displacement
and additional line segments along complex shorelines, whereas their predictions were
similar along regular shoreline segments. The improvements achieved by TGB-UNet
included both closer agreement with reference waterline positions and fewer spurious
boundaries resulting from local misclassification, indicating that improvements in region
discrimination and boundary localization can jointly contribute to the final full-scene
waterline results.

5.5. Spatial Generalization Test Results

Following the test configuration described in Section 4.5, the quantitative performance
and full-scene waterline extraction results of vanilla U-Net and TGB-UNet were compared
to assess spatial transfer performance in an adjacent coastal sector not used for training or
validation. The results are presented in Table 5 and Figure 8.

TGB-UNet achieved better mean performance across all six metrics. Compared with
vanilla U-Net, F1, IoU, and BF1 increased by 1.98, 2.23, and 4.63 percentage points, respec-
tively. ASSD decreased from 122.30 m to 79.47 m, P90 from 156.80 m to 105.58 m, and WLRE
from 24.18% to 13.61%. These improvements were reflected in water-body identification,
boundary matching, and waterline localization.
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Table 5. Water-land segmentation and waterline extraction results in the spatial generalization test.
Bold values indicate the best performance for each metric.

Method F1 (%) IoU (%) BF1 (%) ASSD (m) P90 (m) WLRE (%)
Vanilla U-Net 94.10 £ 0.23 90.32 + 0.34 64.46 + 1.36 122.30 £ 15.71 156.80 + 19.23 24.18 + 6.66
TGB-UNet 96.08 £ 0.24 92.55 + 0.24 69.09 + 1.66 79.47 + 4.33 105.58 + 20.24 13.61 + 2.00
200222 260211 260314

2

=

g

=

Figure 8. Full-scene waterline extraction results in the spatial generalization test area on three
acquisition dates. (a) Vanilla U-Net on 22 February 2020; (b) Vanilla U-Net on 11 February 2026;
(c) Vanilla U-Net on 14 March 2026; (d) TGB-UNet on 22 February 2020; (e) TGB-UNet on 11 February
2026; (f) TGB-UNet on 14 March 2026. Red dashed lines indicate the reference waterlines, and orange
solid lines indicate the predicted waterlines.

Figure 8 further illustrates the spatial distribution of the differences between the
models. In Figure 8a,d, both models recovered the main waterline segments relatively
completely, with limited overall differences. In Figure 8b,e, TGB-UNet reduced the localized
spurious line segments produced by vanilla U-Net over land. The differences were more
pronounced in Figure 8c,f: vanilla U-Net produced numerous irregular and closed line
segments that deviated from the reference waterline in the nearshore area on the left,
whereas TGB-UNet reduced these predictions, although some local discrepancies remained.

Compared with the main test-set results in Section 5.1, both models exhibited lower
BF1 and higher ASSD, P90, and WLRE in the spatial generalization test, indicating reduced
extraction accuracy in the adjacent unseen coastal sector. This difference may be associated
with the scene conditions in the test sector and on the selected acquisition dates. Under
these conditions, TGB-UNet retained its performance advantage over vanilla U-Net, with
improved boundary matching accompanied by reductions in positional error and relative
waterline-length error. The quantitative results, together with the reduction in localized
spurious line segments observed in the figure, support the application of topographic
guidance and boundary learning to waterline extraction in adjacent unseen coastal sectors
of Hangzhou Bay.

5.6. Limitations and Applicability

The Copernicus GLO-30 used in this study is a static DSM. The slope and RE330
derived from it represent topographic context at the spatial and temporal scales of the source
data and may differ from local tidal-flat topography at the time of GF image acquisition.
DSM elevations may also be affected by vegetation, artificial structures, and water-body
processing. Resampling the terrain data from 30 m to 15 m aligned the grid with the optical
imagery but did not add actual topographic detail. A one-pixel terrain-shift sensitivity
analysis conducted within the common valid spatial extent indicated that the model
outputs were generally stable under the tested shifts, with detailed results provided in
Supplementary Table S4. Overlap statistics between reference waterlines and GLO-30
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water- and shoreline-related processing domains are provided in Supplementary Table S3.
GLO-30-derived features may contain both terrain-relief information and water/shoreline
information retained through product processing, and the present analysis cannot fully
distinguish their contributions to the observed performance improvements. Future studies
could use tidal-flat topographic data with higher spatial resolution and acquisition dates
closer to those of the imagery to further assess how terrain data quality affects waterline
extraction performance.

The reference waterlines were initially delineated by one annotator and reviewed and
corrected by another to improve annotation quality. However, interpretation differences
may remain in areas with weak boundaries, and the positional uncertainty of the refer-
ence waterlines has not been independently quantified. Therefore, the reported waterline
accuracy reflects agreement between the predictions and the manually refined reference wa-
terlines, and interpretation of absolute positional accuracy should account for the positional
uncertainty of the reference data.

This study evaluated cross-date performance within Hangzhou Bay using a dataset
partitioned by image acquisition date. Spatial generalization testing extended the evalua-
tion to an adjacent coastal sector within the same bay that was not used for training or vali-
dation, providing additional empirical evidence of the model’s spatial transfer performance.
Regional differences in tidal-flat geomorphology, sediment conditions, and artificial shore-
line distribution may alter the relationship between topographic features and water-body
distribution. Accordingly, the current results primarily characterize model performance in
the main experimental area and the adjacent test sector within Hangzhou Bay. Applicability
to other regions and different coastal environments requires further validation.

The instantaneous waterlines extracted in this study represent the water-land bound-
aries at the time of image acquisition, and their positions are jointly influenced by tidal level,
coastal topography, and hydrodynamic conditions. When multi-date extraction results are
used to analyze tidal-flat evolution, tidal level and coastal slope should be further consid-
ered, and the applicability of positional correction or normalization should be assessed to
distinguish waterline displacement caused by water-level variations from that caused by
geomorphological changes. Previous coastal vulnerability studies have integrated multiple
variables, including shoreline change, regional elevation, coastal slope, tidal range, wave
conditions, and geomorphology, within GIS-based spatial analysis frameworks to identify
coastal areas with different levels of vulnerability [67]. Accordingly, instantaneous water-
lines can provide dynamic water-land boundary information that may be combined with
DEMs, slope, land cover, and other environmental data to support assessments of coastal
inundation, exposure, and environmental vulnerability. Further application to regional risk
mapping should be validated using field observations, hazard inventories, or finer-scale
local spatial data appropriate to the assessment scale [68].

6. Conclusions

To address spectral confusion and waterline-localization errors at tidal-flat water-land
interfaces, this study proposed TGB-UNet, which integrates dual-scale topographic gating
with topography-guided auxiliary boundary learning, and evaluated it using 44 GF-1 and
GF-6 multispectral images of Hangzhou Bay. The main conclusions are as follows:

(1) TGB-UNet achieved the best mean performance across all six evaluation metrics
over three independent runs with different random seeds. F1, IoU, and BF1 reached
98.44%, 97.17%, and 83.52%, respectively, while ASSD, P90, and WLRE were 50.13 m,
85.67 m, and 5.56%, respectively. Compared with vanilla U-Net, ASSD decreased by
44.41%, demonstrating improved waterline matching and spatial localization alongside
better water-body region segmentation.
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(2) The contribution of terrain information depends on how it is fused and incor-
porated into boundary learning. Direct concatenation of slope and RE330 did not yield
consistent performance gains, whereas dual-scale topographic gating achieved better mean
performance than direct concatenation. Adding conventional auxiliary boundary super-
vision to the topographically gated backbone further improved overall performance, and
the complete model with the topography-guided auxiliary boundary head achieved the
best results. Compared with the configuration that incorporated terrain information only
through the auxiliary boundary branch, the complete model further reduced waterline
distance errors, indicating an additional contribution from encoder-stage terrain fusion.
These findings support using static terrain as auxiliary information to supplement optical
discrimination in conjunction with boundary learning.

(3) In the tidal-level-stratified comparison on the Hangzhou Bay test set, TGB-UNet
outperformed vanilla U-Net across all evaluation metrics in the high-, intermediate-, and
low-tidal-level groups. The largest absolute reductions in ASSD and P90 occurred in the
low-tidal-level group, at 56.76 m and 56.31 m, respectively. Local and full-scene results
further showed that the improvements were mainly reflected in reduced misclassification,
better preservation of structural details, and smaller waterline positional deviations in
some complex water—land interface areas.

(4) In the spatial holdout test, TGB-UNet outperformed vanilla U-Net across all six
metrics in an adjacent coastal sector excluded from training and validation, demonstrating
its ability to generalize spatially to an unseen sector within Hangzhou Bay.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/jmse14211982/s1, Table S1: Per-date full-scene waterline extraction
performance on the main test dataset; Table S2: Paired date-level statistical comparisons of full-
scene waterline metrics between TGB-UNet and the baseline models across the nine test dates;
Table S3: Proportions of reference-waterline length overlapping the GLO-30 shoreline class and
combined water-shoreline domain for each test date; Table S4: Mean full-scene waterline metrics
under one-pixel terrain-input shifts across the nine test dates.
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