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Abstract

Tidal-flats buffer coasts support biodiversity and are changing rapidly, yet reported global
declines contrast with local expansions, leaving managers uncertain about the direction
and drivers of change. Here we investigate this tension by systematically reviewing how
monitoring by remote sensing has been used to observe, extract, validate, and interpret
tidal-flat dynamics. We considered the literature from January 2000 to March 2025 and
screened 951 records related to 339 research articles, classifying 63% (215/339) predomi-
nantly focused on tidal-flat extraction and area change, while 37% (124/339) emphasized
the analysis of driving factors. Publications surged after 2019, and three tidal-flat extraction
families dominate practice: waterline methods (most widely applied), image classification,
and composite/optical–Synthetic Aperture Radar (SAR) fusion. Across studies, the prevail-
ing trend is net decline in tidal-flat extent, attributed to reduced riverine sediment supply,
sea level rise, and reclamation; however, robust local counter-examples exist (e.g., ~18% ex-
pansion in Germany’s Wadden Sea, 1998–2016), underscoring strong spatial heterogeneity.
Although ~31% of global tidal-flats fall within protected areas, effectiveness is uneven un-
der sustained human pressure. We synthesize common failure modes (tide/scale mismatch,
validation gaps) and outline standards for multimodal data fusion and benchmarking. This
review synthesizes current knowledge on tidal-flat remote sensing methods, identifies key
methodological challenges, and outlines priorities for future research to support reliable
monitoring.

Keywords: tidal-flats; remote sensing; intertidal; waterline; image segmentation; im-
age classification

1. Introduction
Tidal-flats are critical interfaces of land–sea interaction, primarily unvegetated bare

flats located within the intertidal zone (between the highest and lowest tide lines), including
intertidal mudflats, rocks, and sand [1,2]. Tidal-flats possess unique ecological value and
resource potential, serving important functions including biodiversity conservation, coastal
protection, and salt production [3,4]. About 50% of the world’s population lives within
200 km of the coast, making tidal-flats one of the most heavily impacted coastal ecosystems
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by human activities [5]. With climate change and rising sea levels, global tidal-flats are
disappearing at 1.4% annually, losing over 28,000 km2 in 40 years [1]. This has occurred in
tandem with coastal erosion, mangrove decline, leading to international concern [6,7].

In the 20th century, preliminary research on coastal wetlands included tidal-flats as a
component [8]. After the 1960s, tidal-flat research evolved from exploring physicochemical
properties like sedimentation and organic matter distribution [9,10] to deeper studies of
tidal-flat ecological impacts and human influence on tidal-flat organisms [11]. However,
research on monitoring and protection of tidal-flats received little attention for a long
time. Since the 21st century, climate change, aquaculture, and coastal development have
drastically reduced tidal-flats, threatening biodiversity and human safety [7]. However, due
to complex coastal environments, storms, and tidal inundation, tidal-flats undergo dynamic
frequent changes that make extraction difficult [12]. Thus, early tidal-flat conservation
research remained limited in scope and scale [2,13,14].

Rapid developments in remote sensing, management and seamless processing of
big data, using such as Google Earth Engine (GEE), has enabled dynamic monitoring of
tidal-flats [1,15]. For example, Wu et al. (2022) used Landsat images, tidal inundation
frequency and time-series indices to dynamically map changes to Fujian’s coastal wetlands
from 1994 to 2018 [16]. Lee et al. (2011) used Radarsat-1 SAR backscattering to overcome
cloud cover limitations in monitoring changes in tidal-flats on the west coast of Korea [17].
These innovative advances have enabled tidal-flats extraction from multi-source data fusion
for dynamic monitoring.

Current challenges include fragmented methodologies, unclear scale effects, and insuf-
ficient analysis of cause–effect driving forces [18–20]. Existing methods primarily comprise
a variety of shoreline-based classifications methods that lack systematic methodological
comparison [21,22]. Global studies mostly rely on single data sources, resulting in limited
accuracy in characterizing microtopographic features of the intertidal zone [1]. Further,
driving forces and impact mechanisms from natural factors and human activities have
not been fully elucidated [23,24]. These knowledge gaps constrain the scientific basis for
integrating tidal-flat monitoring within coastal zone management.

Here, we conduct a literature review by integrating 339 publications from the Web of
Science Core Collection together with relevant references from other fields. Our review
focuses on the three main aims: tidal-flats extraction methods; assessing changes across
space–time from remote-sensing monitoring; and exploring the drivers of change. Thus,
the analytical framework integrates across the three dimensions of methodological devel-
opments, spatiotemporal dynamics, and driving mechanisms. The specific objectives are
(1) to elucidate the different methods for tidal-flat delineation, (2) to uncover the spatial–
temporal variability of tidal-flat changes at global and local scales, and (3) to evaluate the
natural and anthropogenic drivers of these changes. Together, the results of this study
provide scientific evidence-based methodological support for adaptive management of
coastal ecosystems that considers global tidal-flat conservation initiatives under the Ramsar
Convention framework [25].

2. Materials and Methods
Reference data were sourced from the Web of Science (Core Collection) (https://

www.webofscience.com/ accessed on 1 April 2025). We employed a stepwise refinement
approach to search and screen relevant publications (Figure 1) by applying sequential filters
based on: “Subjects”, “Data”, and “Objectives”. In our search strategy for publications, the
following techniques were used to optimize retrieval effectiveness: (1) Quotation marks (“”)
were used to enforce exact phrase matching, preventing term dissociation; (2) The Boolean
operator (OR) was applied to expand search scope by incorporating synonymous/near-
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synonymous terms; and (3) Wildcard asterisk (*) was utilized to capture morphological
variations and derivative forms of keywords.

Figure 1. Process of searching and screening relevant publications: * was utilized to capture morpho-
logical variations and derivative forms of keywords.

• Search query

TOPIC: (“tidal flat*” OR “intertidal zone” OR “coastal wetland*” OR “tidal wetland*”
OR “intertidal flat*” OR “inter-tidal*” OR “mudflat*”) AND (“remote sensing imag*” OR
“Landsat*” OR “Sentinel*” OR “WorldView” OR “SAR*” OR “MODIS” OR “satellite imag*”)
AND (“classification” OR “mapping” OR “extract*” OR “distribution*”)

• Document types: article
• Publication date: January 2000 to March 2025
• Citation count > 0 (only for publications published before 2023)

The initial search retrieved 951 publications published between 1 January 2000 and
31 March 2025, including 836 research articles, 102 proceeding papers, and 13 review
articles. We focused exclusively on research articles and conducted an initial screening
of the 836 publications based on their titles and abstracts to efficiently exclude clearly
irrelevant records. Two reviewers independently evaluated the titles and abstracts of the
836 publications. For publications where relevance could not be determined from the title
and abstract alone, the full text was retrieved and assessed. Disagreements between the
two reviewers were resolved through discussion, with a third reviewer consulted when
necessary. Following this, 497 articles were excluded as they addressed topics unrelated to
tidal-flat extraction and change monitoring, including: (1) Coastal biological distributions,
(2) Sediment physical and chemical properties, (3) Land use or landscape pattern changes,
(4) Channel changes and hydrologic connectivity, and (5) Other unrelated studies, e.g., oil
field monitoring, sea surface temperature changes, etc. The remaining 339 articles were
then retrieved and thoroughly reviewed in full text to confirm relevance and extract key
information for our systematic analysis. Ultimately, these 339 articles were included in the
final synthesis (Supplementary Materials: Table S1).

Additionally, we conducted cross-validation in the Scopus database (https://www.
scopus.com/ accessed on 17 July 2026). Due to Scopus’s limitations on the number of
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Boolean operators, the search string is adjusted to: (“tidal-flat” OR “mudflat” OR “inter-
tidal flat”) AND (“remote sensing”) AND (“classif” OR “extraction” OR “distribut”) NOT
(TITLE-ABS-KEY (“mangrove” OR “aquaculture”)), with a time range of 2000–2025. The
initial search retrieved 668 research publications, and after manually removing 114 pub-
lications published after March 2025, 554 publications remained. Through screening by
research domain, title, abstract, and preliminary content review, 477 irrelevant publications
were excluded (e.g., coastal biological distribution, sediment physical and chemical proper-
ties, land use changes, channel changes and hydrologic connectivity, oil field monitoring,
sea surface temperature changes, etc.). The remaining 77 publications were validated
against the original 339 Web of Science publications from our review in Zotero (version
9.0). The results showed that 41 publications (53%) were duplicates across both databases.
After further evaluation, the 36 unique publications were not included in the final analysis
set, primarily for two reasons: (1) the publications published before 2023 had zero citations
and had already been excluded during the initial Web of Science screening criteria; and
(2) the research content primarily focused on coastline and saltmarsh-related studies, which
deviates from the thematic focus of our review on tidal flat extent dynamics monitoring.

3. Bibliometric Analyses
Bibliometric analysis was conducted using VOSviewer (version 1.6.20). For the journal

analysis, citation data from the 339 included publications were imported into VOSviewer.
Journals with at least two published articles were included in the analysis and were
automatically grouped into 14 clusters by VOSviewer’s default clustering algorithm. In
Figure 2, node size represents the total number of publications in each journal, and the
background heatmap color also reflects journal publication volume, with colors ranging
from light to dark indicating increasing numbers of publications.

Figure 2. Distribution of journals for publications.

The selected 339 research articles were published in 118 journals, with Remote Sensing
having the largest number of publications, followed by Estuarine Coastal and Shelf Science
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(Figure 2). On research content, the 339 publications were classified into two mutually
exclusive categories using a method-priority rule. A total of 215 publications discuss
methods for tidal-flat extraction, while 124 publications focus on tidal-flat changes and
driving factors, including 52 publications that primarily address geomorphological changes
in tidal-flats.

Geographically, these 339 research publications originated from 36 countries (Figure 3):
177 from China, 84 from USA, 82 from Europe, 57 from Asia (excluding China and Republic
of Korea), 29 from Republic of Korea, 23 from Oceania, 23 from South America, 12 from
North America (excluding USA), and 8 from Africa. Among them, the same publication
may come from multiple countries. These 36 countries are almost all coastal nations, with
mid-latitude countries contributing more publications.

Figure 3. Country distribution and yearly statistics of publications: (a). The 339 publications from
36 countries, with statistics on publication counts for each country. (b). Annual publication and
citation statistics for the 339 publications from January 2000 through March 2025.
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Trends in publications and citation numbers increased from January 2000 to March
2025, with a sharp upturn occurring after 2019 (Figure 3). In 2019, Murray et al. (2019)
published the first global tidal-flats distribution dataset, setting a precedent for large-scale
tidal-flats extraction using GEE [1]. This significantly promoted large-scale, long-term
time-series research on monitoring tidal-flats changes (Figure 3).

4. Extracting Tidal-Flats from Remote Sensing
Traditional field-based tidal-flat mapping mainly relies on photogrammetric tech-

niques such as LiDAR and stereoscopic measurements which offer higher reliability but
are limited by onsite accessibility, weather conditions, and costs [26]. Current extrac-
tion of geographical location and environmental characteristics of tidal-flats typically use
segmentation and classification. The main methods fall into three categories: waterline
extraction, classification-based and composite methods. Among 215 publications on tidal-
flats extraction, 122 publications were on waterline extraction methods: 75 publications on
threshold segmentation, 23 publications on edge detection, 13 publications on deep learning
semantic segmentation, and 11 publications on water frequency methods. Classification-
based methods appear in 90 publications: 81 publications used supervised classification,
and 9 publications used unsupervised classification. In addition, three publications used
composite methods.

4.1. Waterline Extraction

Identifying the highest and lowest tidal land–water boundary is key to extracting
tidal-flats [15]. Thus, the core concept of the waterline method is to use remote sensing
imagery to extract land–water boundaries during different tidal cycles [27]. The waterline
method was first proposed by Mason et al. (2010) [13] and has undergone significant
improvements to become one of the most common methods for extracting tidal-flats [28,29].
The main techniques used in this process include edge detection and image segmentation.

4.1.1. Edge Detection Methods

Edge detection uses image gradients or other features of sharp changes to distinguish
the land–water boundary [30]. Detection can be divided into visual interpretation, semi-
automatic detection, and automatic detection (Table 1) [31,32]. Visual interpretation is
mainly used for extracting boundaries in small-scale areas where visual differences are
obvious [33]. For example, Liu et al. (2024) used high-resolution imagery to extract
revetment dikes as artificial shorelines [34]. For waterlines with low visual contrast in
images, semi-automatic or automatic detection methods are commonly used [32,35,36].
Semi-automatic methods include the edge proxy method and shoreline digitization [35,37].
Edge proxy methods generally use other feature boundaries that roughly coincide with the
waterline as the water boundary. For example, Martins et al. (2023) used the vegetation edge
as a proxy for the coastline to significantly improve the stability of shoreline extraction [37].
But the proxy edge is not the actual waterline. Therefore, its reliability and potential
errors still need further validation. Thus, Jin et al. (2022) adopted an automated marsh-
edge detection based on Normalized Difference Vegetation Index (NDVI), using Landsat
imagery to calculate the NDVI and extracting locations with significant NDVI changes as
marsh edges [35]. By quantitatively distinguishing water and land through spectral indices,
it avoided subjective judgment and ensured repeatable results. However, the intertidal
mixing of land and water can interfere with geomorphic status—tidal residual water bodies
may produce false “water” signals, thus affecting extraction accuracy.

Automatic edge detection uses edge detection operators to extract the waterline.
Common operators include the Sobel and Canny operators [32,38]. The Sobel operator is a
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gradient-based method. It uses convolution to calculate the changes in pixel values in both
horizontal and vertical directions, giving the gradient’s magnitude and direction. The Sobel
operator typically uses two 3 × 3 convolution kernels: one for the horizontal gradient, and
the other for the vertical gradient [32]. The calculation formulas are as follows:

G = G2
x + G2

y (1)

θ = arctan
Gy

Gx
(2)

where G and θ are the gradient magnitude and direction respectively. Gx and Gy are the
horizontal and vertical gradients, respectively. This method performs well in detecting
edges at regions of sharp grayscale variations. Its dependence on small neighborhood
information, however, leads to complex small-scale edge variations that fails to represent
broad coastline continuity and structures beyond the convolution scale.

The Canny edge detection algorithm achieves more coherent edge extraction through
complex multi-stage processing and parameter adjustments that challenge real-time pro-
cessing [39]. Additionally, the influence of image noise and edge pixels results in discontin-
uous shoreline definition, indicating a need for improvements [40,41]. Song et al. (2024)
improved the Canny edge detection method by enhancing task partitioning, vector memory
access, and NDRange optimization [40]. These modifications improved computational
efficiency by nearly four times.

Overall, visual interpretation methods are generally suitable for high-precision local
studies but are difficult to apply for large-scale monitoring. Semi-automatic detection
methods balance automation with manual intervention and can work well for multi-
temporal data comparison and large-area intertidal zone extraction, though they require
careful pseudo-change filtering and parameter adjustment. Automatic detection methods
offer advantages in full automation, consistency, and real-time performance. The Canny
operator typically provides refined edge localization but requires high computational
resources, whereas the Sobel operator is computationally efficient but may be less robust in
complex coastal settings (Table 1). It should be noted, however, that method performance
also depends on factors such as image resolution, coastal setting, filtering, and validation.

Table 1. Comparison of edge detection methods.

Type Name Description Advantages Limitations

Manual Detection Visual
Interpretation

Direct image observation
to determine edge

positions based on visual
differences

Accurate and
reliable

High workload,
low efficiency,

strong subjectivity
[23,33,42,43]

Semi-automatic
Detection

Edge Proxy

Uses direct line fitting and
other methods to select

stable parts in edge
transition areas for fitting

Good stability, less
interference from
single-point noise

Low accuracy due
to uncertainty in

threshold
definition

[37]

Coastline
Digitization

Combines spectral indices
with automatic threshold

algorithms to extract
water boundaries as

coastline sources

High automation,
convenient for
multi-temporal

change
comparison

Affected by
pseudo-changes

(shadows, waves,
etc.), high
parameter
adjustment

requirements

[35,44,45]
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Table 1. Cont.

Type Name Description Advantages Limitations

Automatic
Detection

Sobel Operator

Calculates horizontal and
vertical gradients of

images, detects gradient
changes through

convolution kernels

Simple calculation,
good real-time
performance,
certain noise

resistance

Rough edges,
insufficient detail

capture
[32,46,47]

Canny
Operator

Calculates gradients after
Gaussian filtering

preprocessing, then
performs non-maximum

suppression and
dual-threshold detection

to extract fine edges

Precise edge
localization, good
noise suppression

Complex
algorithm, high
computational

load, parameter
sensitive

[40,41,48]

4.1.2. Image Segmentation Methods

With the enrichment of spectral band and polarization information in remote sens-
ing imagery, threshold segmentation based on band values and spectral indices has been
widely applied in tidal-flat extraction [49–51]. SAR imagery offers advantages of all-weather
capability and high revisit frequency, enabling waterline extraction even under cloudy
conditions [29]. Lee et al. (2011) extracted waterlines through C-band backscatter variations
in SAR imagery [17]. Wan et al. (2021) extracted water bodies based on full polarimetric de-
composition of SAR data, compensating for the accuracy limitations of single-polarization
methods [52]. However, SAR backscattering signals are directly influenced by tidal water
and surface conditions. In particular, speckle noise is inherent to SAR imaging, surface
roughness modulates backscatter intensity, and suspended sediments contribute to volume
scattering, all of which complicate waterline delineation [15]. Moreover, open-source radar
data is limited, and acquisition costs are significantly higher than optical imagery [53].
Therefore, more researchers prefer tidal-flats extraction based on optical imagery [15,54,55].

Ryu et al. (2002) proposed a waterline extraction method based on Landsat single-band
reflectance density slicing [27]. It was the first application of threshold segmentation for
waterline extraction. Various spectral indices have subsequently been developed to enhance
the accuracy and robustness of waterline and tidal-flat extraction [49]. For example, Sagar
et al. (2017) used Normalized Difference Water Index (NDWI) to distinguish water from
non-water [56]. Tang et al. (2022) proposed an Improved Water Index (IWI) combined with
the Otsu algorithm to extract muddy coastlines from Landsat optical imagery [57]. However,
seawater erosion and sediment deposition reduce spectral differences between tidal-flats
and water, affecting single spectral index performance. Therefore, Wang et al. (2020) first
applied the water frequency method to obtain annual tidal-flat maps along China’s coast
from long-term Landsat imagery [55]. The core principle of the water frequency method is
to delineate water and tidal-flat boundaries based on the frequency differences in tidal-flats
submersion under different tidal states using long-term remote sensing image series [55].
The main formulas [55] are as follows:

water =

{
1 EVI < 0.1 and (mNDWI > EVI or mNDWI > NDVI)
0 other values

(3)

Fwater =
∑ Nwater

∑ Ntotal − ∑ Nbad
(4)

where water = 1 indicates water pixels and 0 indicates non-water. Fwater is the frequency
of water inundation. Nwater is the number of times a pixel is identified as water, Ntotal is
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the total number of observations, and Nbad is the number of poor-quality observations.
Water and non-water pixels are determined based on the frequency of water occurrence
at pixel locations. The highest and lowest tidal lines are identified through water fre-
quency thresholds.

The water frequency method uses multiple spectral indices and threshold segmenta-
tion for different land covers, effectively avoiding misclassification from single spectral
indices. It also solved the dependence on tidal data when extracting highest and lowest tidal
lines from optical imagery, representing a major advance in optical image-based tidal-flat
extraction [58]. However, the water frequency method often requires calculating spectral
indices and frequency values for numerous images individually [55]. Additionally, the
manual selection of frequency thresholds lacks unified standards, resulting in considerable
uncertainty in classification results [16,55]. Subsequently, Jia et al. (2021) proposed the
Maximum Spectral Index Composite and Otsu algorithm method (MSIC-OA) based on
Sentinel-2 imagery [15]. They generated the first 10 m resolution tidal-flat map of China
with 95% overall accuracy through the GEE platform. This method rapidly synthesizes high-
est and lowest tide images using modified Normalized Difference Water Index (mNDWI)
and NDVI spectral indices. It avoided tedious image calculations and manual threshold
selection, and enabled efficient acquisition of large-scale tidal-flat distributions [15,26].

Threshold segmentation methods demonstrate high efficiency in large-scale tidal-flat
extraction. However, under complex tidal conditions, the extracted waterlines are prone to
breaks or scattered noise, and extraction accuracy is sensitive to threshold values.

For ambiguous water–land boundaries in intertidal zones, it is difficult to interpret
them through a single threshold. Deep Convolutional Neural Networks (DCNN) signifi-
cantly improve semantic segmentation accuracy [59]. Many studies now combine semantic
segmentation with remote sensing tidal-flats extraction. For instance, Zhang et al. (2022)
proposed WENet, a semantic segmentation model for tidal-flats using Sentinel-1 SAR
imagery that automatically and accurately extracts tidal-flat waterlines and constructs
tidal-flats DEM [60]. Such deep learning models maintain strong generalization capabilities
and high recognition accuracy even under complex imaging conditions. However, their
powerful feature learning ability requires extensive annotated training data that is both
expensive and time-consuming [61]. Additionally, model training and inference demand
substantial computational resources, posing constraints for applications with stringent
real-time requirements [62–64].

Overall, threshold segmentation has an obvious advantage in quickly obtaining a
large range of preliminary results. Deep learning-based semantic segmentation methods
provide higher refinement of segmentation results at higher task requirements and complex
scenarios (Table 2).

Table 2. Comparison of images segmentation methods.

Type Name Description Advantages Limitations

SAR Image
Segmentation

Single-
Polarization

SAR
Segmentation

Segmentation based on
differences in

backscattering intensity of
a single polarization

All-weather
observation,

simple
implementation

Limited information,
sensitive to noise,

difficult to
determine threshold

[29,65]

Full-
Polarization

SAR
Segmentation

Segmentation using
multi-polarization

decomposition and joint
classification algorithms to

extract rich
scattering features

High accuracy,
good robustness,

adapts to complex
backgrounds

High data acquisition
and processing costs,
complex algorithms

and high
computational

resource requirements

[52,66,67]
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Table 2. Cont.

Type Name Description Advantages Limitations

Threshold
Segmentation

Single-Band
Density Slicing

Grading and color
assignment based on
single-band grayscale

distribution for
initial segmentation

Simple
implementation,
high computa-

tional efficiency

Weak adaptability to
complex features,

susceptible to noise
and shadow
interference

[27,51,68]

Spectral Index
Threshold

Segmentation

Determining the
segmentation threshold of

spectral indices for
extracting water or
tidal-flats based on

land-cover reflectance

High efficiency
and low cost,
suitable for
large-scale

tidal-flat extraction

Low robustness in
complex scenes, and
susceptible to cloud
cover and seawater

coverage interference

[69–71]

Water
Frequency

Method

Using multi-temporal data
to statistically analyze

water occurrence
frequency to achieve
long-term distinction
between water and
non-water bodies

Captures dynamic
tidal-flat

characteristics,
reduces accidental
mis-segmentation

Requires large
amounts of data,

subjective threshold
selection, complex

data processing

[16,55,72]

MSIC-OA

Combining spectral
information to synthesize
high-quality tidal images
and segmenting based on

automatic Otsu
thresholding

Efficient and stable.
Able to extract

tidal-flats covered
by seawater,
obtaining a

relatively complete
tidal-flat range

Single threshold
makes it difficult to
accurately separate
blurred water–land

boundaries, and
thresholds are easily
disturbed by noise

[15,73,74]

Deep Learning
Methods

Deep
Convolutional

Neural
Network
Semantic

Segmentation

Using multilayer
convolutional neural

networks to automatically
learn multi-scale image
features for end-to-end

segmentation

Automatic feature
extraction, high
segmentation

accuracy, strong
adaptability to

complex
backgrounds

Requires large
amounts of labeled

data and
high-performance

computing hardware,
limited transferability

[62,75,76]

4.2. Image Classification Methods

Classification methods use spectral, textural, or polarimetric features to separate
tidal-flats from other landscapes [54]. These include both supervised and unsupervised
techniques [54,77]. Recently, machine learning has significantly boosted the efficiency and
accuracy of tidal-flat mapping through classification-based approaches [1].

4.2.1. Supervised Classification

Supervised classification uses manually selected training samples and classifiers. It
automatically classifies tidal-flats and surrounding features based on spectral and textural
characteristics [78]. Common supervised classification methods for tidal-flats extraction
include statistical classification, decision boundary classification and decision-tree classifi-
cation [1,50,79].

Statistical-based classification methods were one of the first techniques applied to
remote sensing images [80]. It is based on probabilistic statistical models, the most common
being maximum-likelihood classification (MLC) [80,81]. MLC assumes Normal distribution
for classes and calculates the probability of samples belonging to classes, with assignment
to the class with the highest probability [81]. However, the actual probability distribution
of feature values directly affects class selection by MLC [80,81]. Targeted improvements are
needed in practical applications as intertidal ground features have similar characteristics
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and non-normal distributions. Statistical classification typically performs worse than
decision boundary and decision-tree classification methods [82].

Decision boundary and decision-tree classification methods do not directly rely on the
probability distribution of features [83]. They are more robust to imbalanced samples and
noisy data, and widely used in tidal-flats and shoreline extraction [1,83]. Among commonly
used decision-based classifiers, both Random Forest (RF) and Support Vector Machine
(SVM) have demonstrated strong performance in land-cover classification, with reported
average accuracies of 85.81% and 85.19%, respectively [84]. SVM is effective for handling
mixed pixels and complex textural features in specific areas [50]. RF uses random sampling
and feature subset selection to reduce overfitting and improve classification stability [1].
The accuracy of decision-based methods depends on image quality and feature selection,
and they perform well in classifying distinctly different land-cover types [50]. They are
suitable for large-scale and multi-type tidal-flat classification combined with tidal data [21].
Moreover, the abundance of multi-source remote sensing imagery, spectral indices, and
other feature parameters provides favorable conditions for classification [85]. For example,
Murray et al. (2019) calculated the NDWI, Automated Water Extraction Index (AWEI),
mNDWI, and NDVI based on Landsat images to enhance the contrast between tidal-flats
and water bodies, facilitating subsequent classification [1]. Zhang et al. (2023) captured the
complex temporal dynamics and spectral heterogeneity of wetlands by integrating Landsat
imagery and Sentinel-1 SAR imagery [86].

Overall, different supervised classification methods show varying applicability in
tidal-flat extraction. Traditional statistical methods exhibit reduced effectiveness when
dealing with highly heterogeneous and noisy remote sensing data. In contrast, SVM and RF
can compensate for the shortcomings of traditional methods by constructing more nuanced
decision boundaries and ensemble models. However, parameter optimization and data
preprocessing tailored to specific problems are required in practical applications (Table 3).

Table 3. Comparison of supervised classification methods.

Type Description Advantages Limitations

Statistical Method

Based on the assumption
that each class follows a
normal distribution in

multidimensional spectral
space, calculates probability

values for each pixel and
assigns it to the class with

highest probability

Solid theoretical
foundation; high

classification
accuracy for

normally
distributed data

Sensitive to data
distribution; obvious

mixed pixel issues;
reduced

classification
accuracy for
non-normal
distributions

[80,81,87]

Decision Boundary
Classification

Constructs optimal
hyperplanes to maximize
inter-class margins, uses

kernel functions for
nonlinear mapping to

handle
high-dimensional data

Effectively handles
nonlinear and

high-dimensional
data; suitable for

complex textures and
mixed pixel areas

Requires extensive
parameter tuning

and computational
resources; sensitive

to noisy data;
complex kernel

function selection

[52,88,89]

Decision-Tree
Classification

Based on decision tree
ensemble, constructs

numerous decision trees
through random sampling

of data and features,
determines final class using

voting mechanism

Simple parameter
tuning, easy

implementation;
strong robustness
against redundant
features and noise;

can evaluate
feature importance

Poor interpretability;
may exhibit bias
toward majority

classes when training
samples are severely

imbalanced

[1,83,90]
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4.2.2. Unsupervised Classification

Unsupervised classification automatically groups image data without training sample
data. Commonly used methods include clustering algorithms and dimensionality reduc-
tion methods [91,92]. Traditional clustering algorithms, such as K-Means and ISODATA,
perform preliminary segmentation of images and automatically classify different feature
classes based on similarity within classes and dissimilarity across classes [91,93]. However,
the spectral similarity between tidal-flats and turbid water bodies limits the effectiveness of
this algorithm. Kang et al. (2007) found that ISODATA clustering had difficulty distinguish-
ing tidal-flats from adjacent water bodies in Landsat imagery, with extraction accuracy
lower than that of land and ocean [93]. Chen et al. (2023) extracted tidal-flats of Chongming
Dongtan based on K-means clustering, integrated unmanned aerial surveys, and satellite
images [94]. They found that spectral similarity between intertidal features and complex
radar backscattering made it challenging to accurately delineate instantaneous waterlines
with very high sediment concentrations. These findings show that traditional clustering
algorithms are suitable for highly heterogeneous features.

Fuzzy C-Means (FCM) uses fuzzy clustering theory to assign data points to multiple
cluster centers with different weights. This fuzzy assignment makes FCM more robust
to noise and outliers than clustering algorithm such as K-means. Chen et al. (2015)
used FCM with fuzzy factors to improve wetland classification accuracy based on SAR
imagery [67]. However, intertidal spectral features are highly similar and have fuzzy
boundaries, requiring the use of ancillary data to enhance feature comparison, such as
topographic parameters [95].

Dimensionality reduction methods such as Principal Component Analysis (PCA) com-
press high-dimensional spectral data into low-dimensional space, reducing computational
effort and highlighting heterogeneity to provide a clearer feature space for tidal-flat classifi-
cation. Kwon et al. (2016) used a two-step PCA transformation to extract heterogeneous
conditions from saturated conditions and highlight inter-class differences [96].

Deep neural networks have automatic unsupervised feature extraction capability.
Huang et al. (2023) proposed a spatiotemporal-spectral weighted adversarial domain adap-
tation (SSWADA) network for cross-scene wetland mapping using hyperspectral images
(HSI) [53]. Compared with the best deep-subdomain adaptation networks, this approach
improved wetland classification accuracy by 5.7%. However, deep neural networks require
high-performance computing devices and have limitations such as long computation times
and complex parameter tuning [53].

In summary, traditional clustering and FCM are easy to implement but struggle
with complex or non-spherical data. PCA reduces dimensionality well but is limited
with nonlinear patterns. Deep neural networks extract features automatically but require
significant resources and lack interpretability (Table 4).

Table 4. Comparison of unsupervised classification methods.

Type Description Advantages Limitations

Traditional
Clustering

Hard clustering based on
Euclidean distance, assigning

data points clearly to
designated clusters (e.g.,

K-means, ISODATA)

Simple and efficient
algorithms, suitable
for large-scale data

Sensitive to noise and
outliers; struggles with

complex or
non-spherical data

[77,91,93]
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Table 4. Cont.

Type Description Advantages Limitations

FCM Fuzzy
Clustering

Distributes data points
among multiple clusters
using fuzzy membership,

iteratively updates by
minimizing an

objective function

Handles fuzzy
boundaries; reveals

intrinsic data
structure; more
robust to noise

Strongly affected by
initial center selection;

higher computa-
tional complexity

[67,95]

Principal
Component

Analysis (PCA)

Maps high-dimensional data
to a lower-dimensional space
using covariance matrix and

eigen decomposition,
retaining main information

Eliminates
redundancy, speeds

up subsequent
computation,

intuitively shows
main data variability

Only suitable for linear
structures; sensitive

to outliers
[92,96,97]

Deep Neural
Networks

Extracts complex features
using multilayer nonlinear

transformations,
autoencoders, GANs, etc.

Strong feature
representation,

adapts to various
domains, high classi-

fication accuracy

Time-consuming
training, high
computational

resources required,
complex

hyperparameter
tuning,

poor interpretability

[53]

4.2.3. Composite Methods

The waterline method using edge detection and segmentation captures land–water
boundaries well but struggles to separate complex features within the intertidal zone.
Classification methods differentiate land-cover types using spectral and terrain features
but may misclassify mixed boundary pixels. Composite methods have recently emerged
as an effective strategy because they integrate the geometric strength of waterline-based
methods with the thematic discrimination capability of classification algorithms. In general,
these approaches can be divided into two main types. The first is boundary-constrained
classification, in which waterline extraction or water-frequency segmentation is used to
define the intertidal zone before classification is performed within this extent. It improves
boundary accuracy and reduces misclassification outside the intertidal zone. For example,
Yan et al. (2021) combined a waterline method with RF in Jiaozhou Bay and achieved an
overall accuracy of 96.7%, higher than that of RF alone (94.8%) and the waterline method
alone (91.7%) [98].

Hydroperiod-assisted classification represents another major category of hybrid ap-
proaches. It incorporates temporal inundation metrics derived from multi-date imagery
into the classification process, so that tidal dynamics can be used alongside spectral informa-
tion to improve class discrimination. This is particularly valuable for separating land-cover
types with similar spectral signatures but different inundation regimes. For instance, Liu
et al. (2022) integrated hydroperiod- and water-frequency-related metrics from Sentinel-2
time series into an RF classifier to map tidal-flats and other coastal wetlands in Vietnam,
achieving an overall accuracy of 82.07% [99]. The complementary strengths of the waterline
and classification methods offer a new approach for accurate tidal-flat extraction.

Overall, composite methods may be particularly effective in complex coastal settings,
such as estuaries and bays with fragmented tidal-flats, complex creek networks, or aqua-
culture ponds. By combining improved boundary delineation with within-zone class
discrimination, they may provide a more robust and adaptable framework for tidal-flat
mapping than either method used alone.
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5. Tidal-Flats Change Monitoring
5.1. Tidal-Flats Change Trends on Different Scales

Studies at global and regional scales have revealed different trends of change in
tidal-flat distribution along coastlines worldwide. Murray et al. (2019) found that global
tidal-flats cover at least 127,921 km2, mainly in the Northern Hemisphere, with about 44%
in Asia [1]. However, the global area of tidal-flats continues to decline despite formal
protection. Hill et al. (2021) pointed out that 31% of global tidal-flats are within protected
areas, a proportion much higher than that of oceans (6%) and land (13%) [100]. However,
protected tidal-flats are still subject to various pressures and their ecosystems remain
threatened. Especially in some regions of Asia, individual protected areas have seen net
tidal-flats losses of up to 86.4 km2, and most tidal-flats face moderate to very high levels
of human disturbance [100]. This indicates that although the extent of protection has
increased, it is still insufficient to effectively prevent ecological degradation.

At the national level, China holds the world’s second-largest tidal-flat area and has the
highest loss rate, decreasing by about 2.6% per year [55]. From 1984 to 2016, tidal-flats in
South Korea decreased by 30% to 40% due to coastal development and land reclamation [77].
At the local scale, tidal-flat changes show significant regional differences. For example,
although Shanghai has a relatively large tidal-flat area, the rate of tidal-flat loss is much
lower than that in Jiangsu [101]. In contrast to the global trend of tidal-flat loss, Wachler et al.
(2020) found that Wadden Sea tidal-flats in Germany expanded by 18% between 1998 and
2016 [102]. Similarly, increases in tidal-flat elevation have been observed along the coasts
of the Netherlands and France, causing localized “steepening” of regional topography.
However, the expansion and contraction of tidal-flats in these areas show clear cyclical
patterns [103,104]. The tidal-flats area in the Beibu Gulf decreased by 29% from 1897 to 2021,
and fragmentation of the tidal-flats has continued to intensify [26]. In addition, the water
area and tidal-flat area of Zhoushan Island, China, decreased by 6% and 10% from 1985 to
2017 [105]. The tidal-flats of Gomso and Hampyeong Bay in South Korea show significant
seasonal fluctuations in sedimentation and erosion [33]. The rates of sedimentation and
retreat vary considerably due to differences in tides, hydrodynamic conditions, and local
sediment supply [33].

Local changes combine to drive large-scale tidal-flats changes. Thus, the evolution of
tidal-flat area and shape involves multiple factors at both global and local scales.

5.2. Mechanisms Driving Change
5.2.1. Natural Factors

For most terrigenous-dominated tidal-flat systems, sediment supply is key to main-
taining tidal-flats as river sediment input defines their formation and evolution. Globally,
66% of tidal-flat loss is linked to indirect drivers such as sediment supply and wave ero-
sion [106,107]. For example, the Yangtze River’s sediment flow to the sea has dropped by
about 90% over the past fifty years, reducing sediment replenishment [108]. Sedimentation
processes vary by region; Shanghai’s tidal-flats are relatively stable, while Jiangsu’s are dis-
appearing faster due to different sediment environments. Biological factors also influence
tidal-flat sedimentation. Intertidal vegetation can trap sediment with their roots, increasing
deposition, especially in areas with faster water flow or coarser sediment [109]. Periodic
and discontinuous sedimentation leads to a dynamic adjustment in tidal-flat evolution.
Grandjean et al. (2024) shows tidal-flat stability is closely related to turbidity levels [110].

Sea level rise is a global environmental driver that affects tidal dynamics and sediment
processes across all spatial scales of coastal zones. Wachler et al. (2020) found that sea level
rise significantly increased flow velocities in tidal channels, resulting in enhanced tidal
asymmetry [102]. This finding is consistent with the study of [110]. Currently, about 25%
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of estuarine tidal-flats globally are experiencing elevation loss or area reduction due to sea
level rise, particularly in regions like the western European coast, the Yellow Sea, and the
Yalu River estuary [110,111].

5.2.2. Human Factors

Coastal development disrupts the structure of intertidal-flats and alters sediment
conditions. For example, construction of artificial ports caused erosion rates at Freeport,
Texas, to exceed 15 m/yr [112]. In eastern China, modern radiating sandbars have lost
up to 992 km2 of intertidal-flats due to high-intensity reclamation and infrastructure
construction [113]. A range of human-driven mechanisms for intertidal-flat changes exhibits
significant heterogeneity in both temporal and spatial scales but generally trends toward
disrupting the balance between natural deposition and erosion.

Moreover, human activities contribute to the degradation of intertidal-flat areas and
functions while increasing coastal ecological risks. Liu et al. (2018) indicated that from
2000 to 2017, the ecological risks of intertidal-flats in Jiangsu’s coastal regions significantly
increased due to large-scale reclamation, aquaculture, and port construction [114]. It
resulted in the gradual disappearance of low-risk areas and the rapid spread of medium to
high-risk areas, which now account for as much as 71.75% [114].

6. Discussion
6.1. Limitations of Current Research
6.1.1. Data Acquisition and Quality Limitations

Optical and radar imagery serve as important foundations for tidal-flat monitor-
ing [1,115]. Optical imagery has abundant data sources but is sensitive to cloud cover and
phenological changes. Cloud coverage in tidal-flat areas is prominent, making high-quality
image acquisition difficult. Although filtering cloudy images based on cloud coverage
thresholds ensures final data clarity, it simultaneously reduces available data quantity [52].
For regions with year-round cloud coverage, cloud removal processing leads to data gaps,
creating significant uncertainty [15]. For example, Indonesia with the largest area of tidal-
flats experiences persistent cloudiness and rain, and Landsat imagery shows some areas
with more than 90% annual cloud coverage [1,85]. Additionally, tidal-flats frequently
experience seawater scouring and coverage, and satellite revisit cycles make capturing
tidal-flat states under different tidal conditions challenging.

Radar imaging operates unaffected by weather and lighting conditions, enabling all-
weather, round-the-clock tidal-flat information acquisition [115]. However, open-source
data is limited, and data acquisition and processing costs are relatively high [55]. Further-
more, a major inherent defect of SAR imagery is speckle noise [26]. Although traditional
filtering algorithms such as Lee and Frost filtering can reduce noise to some extent, they
simultaneously eliminate relevant details [116], which affects accurate tidal-flat bound-
ary extraction.

6.1.2. Uncertainty Impacts

We described and analyzed various methods in Section 4 on impacts of uncertainties
including data sources, spatial scales, and result validation. Data source uncertainty is
mainly reflected in image quality (Section 6.1.1) and spatiotemporal resolution [15]. The
exposure and submersion of tidal-flats are controlled by tidal cycles [55]. The specific tidal
phase during image acquisition directly affects the representation of tidal-flats in that scene.
Insufficient temporal resolution may result in critical tidal phases being missed, causing
systematic bias in tidal-flat area estimation. High temporal resolution data can provide
more comprehensive tidal coverage and significantly improve estimation accuracy [15].
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Multi-temporal imagery has obvious advantages over single-temporal imagery, effectively
reducing uncertainties caused by tidal changes and environmental disturbances [117].

Spatial resolution precision directly affects the ability to identify tidal-flat boundaries
and handle mixed pixels. Medium-to-low resolution imagery often experience boundary
blurring and mixed pixel problems in complex tidal-flat areas [105]. High spatial resolution
imagery can more clearly distinguish fine geomorphological structures and reduce tidal-flat
boundary blurring and feature confusion [79]. However, high-resolution imagery typically
involves large data volumes, requiring trade-offs between data acquisition timeliness,
processing efficiency, and monitoring requirements [61].

Spatial scale is a key factor affecting result reliability. Large-scale regional studies
often require coarser spatial resolution data to meet computational and storage demands,
potentially increasing uncertainty in boundary identification [1]. Additionally, spatial
heterogeneity in tidal cycles, geomorphological features, and environmental conditions
within large study areas makes it difficult for unified extraction methods to maintain
consistent accuracy across all regions [1]. In contrast, small-scale studies are able to use
higher-resolution data and employ targeted methods, but their representativeness and
generalizability are relatively limited [38]. Uncertainties are further amplified through error
propagation mechanisms as local findings are aggregated to larger spatial scales.

Validation uncertainty mainly stems from data acquisition difficulties and quality dif-
ferences. Due to the dynamic nature of tidal-flats, field validation data must be temporally
synchronized with remote sensing imagery, but time discrepancies often occur in prac-
tice [15]. Visual interpretation of high-resolution imagery, a common validation method, is
affected by interpreter experience and subjective judgment [1]. Additionally, systematic
differences between validation methods lead to inconsistent accuracy assessments [29].

In addition, the primary analytical sample was derived from Web of Science and that
Scopus was used only for sensitivity analysis or cross-validation.

6.2. Future Prospects

To improve, future monitoring should focus on integrating multi-source data (optical,
SAR, LiDAR, UAV) and using features like spectrum, texture, and elevation for greater
robustness. Developing more efficient and intelligent data fusion algorithms is crucial. For
example, using multimodal fusion networks to automatically learn feature correlations and
complementary information between different data sources [118] achieves more precise
tidal-flat boundary extraction and change monitoring. Meanwhile, dynamic data fusion
algorithms are needed to adjust fusion strategies in real time according to data source
quality and availability, matching tidal-flat monitoring needs across scenarios.

Methodological coupling is currently an important approach for improving tidal-
flat extraction and change monitoring. For example, using threshold segmentation to
quickly screen potential tidal-flats, then employing machine learning models for accurate
classification [119]. Future research should enhance algorithm adaptability, and facilitate
design of reinforcement-learning-based dynamic threshold adjustment algorithms that
automatically optimize segmentation parameters according to seasonal changes. To tackle
resource-intensive training, there is a need for lightweight models for parallel computing
for efficient large-scale data processing. Additionally, Artificial Intelligence (AI) and large
vision models have significant potential to better handle spatial continuity and complex
geometric shapes of boundaries.

In summary, multi-source fusion, geographic intelligence, and big data support will
become important tools for future tidal-flat research in coastal zone resource protection
and management.
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7. Conclusions
In synthesizing 339 studies (2000–2025), this review finds that tidal-flat monitoring

has rapidly matured, with a clear inflection in 2019 following release of the global 30 m
intertidal-flat dataset. Research has expanded from site-specific case studies to regional
and truly global analyses, led principally by teams in China, USA, Republic of Korea, and
European coastal nations.

Methodologically, practice has diversified and become more effective. Waterline
extraction remains the researcher’s workhorse for its robustness and simplicity (122 stud-
ies), while classification-based approaches are frequently employed when fine delineation
is essential (90 studies). Composite methods, though fewer in number, show promise
in complex settings by combining the strengths of multiple techniques. Together, these
trends signal a shift from ad hoc mapping toward more standardized, scalable, and opera-
tional monitoring.

The substantive outcome is unambiguous: despite local exceptions, the total global
intertidal-flats are contracting, with concentrated risk zones emerging under combined nat-
ural and anthropogenic pressures. Yet today’s monitoring still underutilizes multi-sensor
data, lacks seamless method integration, and rarely achieves near-real-time performance.

We conclude that the highest-impact next steps are: (1) routine fusion of optical, SAR,
and LiDAR to ensure all-weather, all-tide coverage; (2) dynamic, quality-aware fusion
that adapts in real time to data gaps and noise; (3) modern learning pipelines (including
transfer and weak supervision) to generalize across coasts and epochs; and (4) open
benchmarks, code, and repeatable workflows to accelerate translation from research to
operations. Prioritizing these directions will convert the current momentum into durable,
global capability for timely assessment and stewardship of tidal-flat ecosystems.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jmse14151368/s1, Table S1: List of the 339 publications included
in the review.
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