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River deltas support human settlements, sustain ecosystems, and form hydrocarbon reservoirs in
ancient sedimentary basins. Their morphologies are shaped by a complex interplay of environmental
factors, posing challenges for predicting their evolution. Here we show that characteristics of delta
shoreline and distributary channels are antagonistically influenced by rivers and waves. We analyzed
morphologies of 1344 global deltas using a convolutional autoencoder, an unsupervised machine
learning model, to encode their characteristics into 70-dimensional feature vectors serving as
quantitative morphological metrics. The X-means clustering of these metrics revealed eight distinct
delta morphotypes, adding a complementary perspective on their conventional classification
schemes.We then performedmultiple regression analyses to predict the relative sediment fluxes from
rivers, tides, and waves from the morphological metrics. The results exhibited that shoreline
protuberance and well-developed distributary channels are promoted by stronger fluvial influences
and inhibited by stronger wave influences. In contrast, tidal influences were less clearly associated
with these morphological features. This data-driven framework contributes to a better understanding
of how specific delta morphologies respond to both natural variability and anthropogenic
disturbances, offering additional avenues for sustainable management and future research.

River deltas are essential environments for human habitation, hosting
diverse ecosystems, and serving as hydrocarbon reservoirs1–3. The
morphologies of deltas are influenced by various fluvial and coastal envir-
onmental factors, which control the sediment transport processes shaping
the deltaic landforms4–6. Since recent global climate change and human land
use have considerably affected the fluvial and coastal environment, it has
become increasingly critical to predict the morphological changes of deltas
in response to future environmental changes7–9.

The diversity of delta morphologies is primarily controlled by fluvial
sediment input and sediment redistribution by tidal and wave processes.
Galloway4 proposed the three fundamental end-member morphotypes
depending on the relative dominance of these forcings: river-, tide-, and
wave-dominated deltas. Fluvial-dominance develops channel distributions
and enhances shoreline seaward protrusion10,11. Tide-dominated deltas are
distinguished by well-developed mouth bars, wide river mouths, and
upstream-to-downstream trends in channel depth and sinuosity12–15. Wave
processes promote longshore sediment transport and the formation of
shoreline-parallel beach ridges, which disrupt the development of mouth
bars11,16,17. These delta morphologies are expected to reflect the relative
influences of environmental factors. However, due to their morphological

diversity and complexity, challenges remain in quantitatively evaluating
morphologies and connecting them to environmental factors.

Previous studies have attempted to quantify the Galloway ternary
diagram4 from both morphological and process-based perspectives.
Various morphological metrics have been proposed to characterize delta
morphology, often relying on fundamental length scales such as channel
width, longitudinal length, and depth6,11,14,18. Other metrics have focused
on analyzing channel distributary patterns or shoreline morphologies19–22.
From a process-based perspective, global sediment flux datasets have been
introduced as proxies for fluvial, tidal, and wave energy, providing the
first-ever quantified Galloway diagram9. These sediment flux dataset have
also been combined with morphological metrics to support quantitative
predictions of future deltaic changes. For instance, previous studies21,23

have analyzed the correspondence between the sediment fluxes and
morphological metrics such as shoreline geometry, number of channel
mouths, channel widening or the presence of spits, contributing to future
predictions of delta morphology.

However, existing morphological metrics are often limited to quanti-
fying specific components of deltas. For instance, the morphologies of
distributary channel patterns, barrier islands, and elongated sand bars—
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features thatmaybe strongly influencedby environmental factors12,16,24—are
not thoroughly evaluated21–23. A more comprehensive feature detection
approach becomes especially valuable when the influence of environmental
forcings on delta morphology is not well understood. Therefore, it is
essential to develop amethod capable of comprehensively quantifying delta
morphologies, including features overlooked by conventional metrics, to
better elucidate the relationships between environmental drivers and del-
taic form.

Another limitation of previous studies including theGalloway diagram
is that their morphological classification of deltas was restricted to pre-
determinedmorphotypes associated only with specific forcings that govern
delta geomorphology. For instance, multiscale shoreline structures were
systematically quantified, categorized deltas into process-informed mor-
photypes, and analyzed their relationship to relative sediment fluxes from
rivers, tides, and waves22. However, their method does not assess the extent
to which each of these forcings contributes to the formation of the mor-
photypes. By predefining morphotypes and assuming controlling factors
beforehand, this approach inherently excludes the possibility of identifying
morphotypes influencedbyunrecognized factors, suchas variations in grain
size or sea-level fluctuations5,6,24,25.

This study proposes an innovative approach that integrates data-
drivenmorphological characterizationwithmachine learning techniques to
address these limitations. We employed a neural network model to extract
quantitative morphological metrics that capture diverse aspects of the delta
form beyond those measurable using conventional methods. Using these
metrics, an unsupervised clustering analysis was conducted to identify
emergent delta morphotypes without predefining their number or asso-
ciated controlling factors. This integrated approach enables a quantitative
assessment of the extent to which each environmental forcing influences
delta morphology, while also allowing the discovery of previously unrec-
ognizedmorphotypes that could be shaped by factors such as grain size and
sea-level changes. In addition, regression analyseswereperformed topredict
relative sediment fluxes from fluvial, tidal, and wave processes based on the
extracted metrics. Ultimately, our findings provide a predictive framework
for anticipating deltaic responses to ongoing and future environmental
changes, both natural and anthropogenic.

Results
Quantification of delta morphologies and cluster analysis
This study developed a convolutional autoencoder (CAE) model to
compress themorphological features in delta images into 70-dimensional
latent codes as morphological metrics (Fig. 1). Here, 1344 delta regions
were sampled from a database based on satellite images20,26, producing a
standardized dataset of delta morphology for the training dataset (see
Methods for details). The CAEmodel was trained on the image dataset for
100 epochs (SupplementaryFig. 1). The decoder of the trainedCAEmodel
was able to reconstruct images consistent with the input delta images
(Supplementary Figs. 2 and 3). The reproduced images restored the
general geometries of the shoreline and major distributary channels, as
well as shorelinebarriers (theApalachicola andEbrodeltas) and elongated
mouth bars (the Fly delta).

TheX-means clusteringmethod indicated that the deltamorphologies
were classified into eightmorphotypes (Morphotypes 1–8) (Supplementary
Table 1). The method was applied to the latent codes to quantitatively
categorize the deltamorphologies, and the optimal number ofmorphotypes
for categorizing was determined based on the Bayesian Information Cri-
terion. The average number of morphotypes across 50 trials of the same
clustering was 7.86, with a standard deviation of 0.66. The t-distributed
Stochastic Neighbor Embedding (t-SNE) visualization27 indicated that each
class occupied a different region in themorphological feature space (Fig. 2).

The deltas were primarily categorized based on shoreline and channel
morphology. Morphotypes 1, 2, and 3 (Flat I–III) include the Eel, Tronto,
and Senegal deltas, which are consistently characterized by flat shorelines
and poorly developed distributary channels. Morphotype 1 (Flat I) deltas
exhibit relatively well-developed (wider) channels. Morphotypes 2 (Flat II)
and 3 (Flat III) are distinguished by subtle differences in shoreline concavity.
Morphotypes 4 (Cuspate) and 5 (Arcuate) consist of deltaswith cuspate and
arcuate shoreline geometries, respectively. Morphotype 6 (Elongate)
includes the Huanghe and Mississippi deltas, which are notable for their
pronounced seaward shoreline protrusions.Morphotype 7 (Distributary) is
defined by highly irregular shorelines resulting from extensively developed
distributary channels, including the Flyand Mekong deltas. Morphotype 8
(Bayhead) is characterized by embayed shorelines or planforms laterally

Fig. 1 | Schematic of the procedures to quantify delta morphologies. The network
architecture of the convolutional autoencoder (CAE) model was constructed to
output images similar to the input images, which indicates that the model com-
pressed the input image into a 70-dimensional latent code at the middle of the

network. Examples of the original and predicted delta images are shown on the left
and right sides of the CAE model, respectively. The darker color in the predicted
images indicates a higher probability that the pixels are classified into land regions.
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confined by surrounding landmasses, as seen in the Dnieper and Yenisei
deltas.

Prediction of fluvial, tidal, and wave forcings
This study conducted regression analyses to quantify the influence of
environmental factors on delta morphology. Because the preceding clus-
tering analysis was based solely on morphological features, it remained
unclear how delta morphologies are influenced by environmental forcings,
such as fluvial, tidal, and wave processes. Therefore, as an independent
analysis, three regression models were developed to predict the logit-
transformed relative sediment fluxes of rivers (Q̂river), tides (Q̂tide), and
waves (Q̂wave) based on principal component (PC) scores derived from the

latent codes (seeMethods for details). Thesemodelswere applied to 97deltas
out of 1344 global deltas.

The regression coefficients of the models indicated the morphological
responses to the three environmental factors. In particular, delta geometries
reflect wave and river processes. The R2 values of the regression models to
predict Q̂river and Q̂wave were 0.377and0.426, respectively,whichwere larger
than 0.203 for Q̂tide (Fig. 3 and Table 1).

Based on the regression coefficient values, fluvial- and wave-induced
sediment transport exhibited contrasting influences on delta morphology.
The directions ofmaximum change in Q̂river and Q̂wave were visualized in
themorphological feature spacedefinedby the secondand seventhprincipal
component (PC2 and PC7) scores (Fig. 4a). The direction of maximum

Fig. 2 | Delta morphotypes resulted from the X-
means clustering applied to the latent codes. 1344
global deltas were classified into eight morphotypes
(visualization using the t-distributed Stochastic
Neighbor Embedding method). Example deltas of
each morphotype are shown in the insets.
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Fig. 3 | Observed and predicted values of the relative sediment fluxes in the
regression analysis. The regression models were applied to 97 global deltas to
predict (a), Q̂river. (b), Q̂tide. and (c), Q̂wave, based on their morphological features.

The deltas are colored by their morphotypes. The observed data are standardized.
The solid blue lines indicate the 1:1 lines.
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change in Q̂riverwas oriented toward the region characterized by lowerPC2
and higher PC7 scores, where Morphotypes 5–8 are located. These mor-
photypes are distinguishedbypronounced shorelineprogradation andwell-
developed distributary channels (Morphotypes 5–7), in addition to
embayed configuration (Morphotype 8). In contrast, the direction of
maximumchange in Q̂wave pointed toward the regionwithhigherPC2and
lower PC7 scores, predominantly occupied by Morphotypes 1–4 (Flat and
Cuspate).

The deltaswere also plotted in a ternary diagramdefined by the relative
sediment fluxes of rivers (~Qriver), tides (~Qtide), and waves (~Qwave), (see
Methods for details), comparing with the Galloway diagram4 quantified by
Nienhuis et al.9. For fluvial and wave forcings, the diagram aligns with the
regression results, as Morphotypes 5–8 and 1–4 are generally distributed in
regions of higher ~Qriver and ~Qwave, respectively (Fig. 4b). The deltas dis-
tributed in the region with high ~Qtide values had no clear trend with the
morphotypes in this study (Fig. 4b).

Discussion
This study developed a method for quantifying delta morphology from
image data using a CAE model. The proposed method overcomes the
challenges associated with comprehensive feature detection of delta mor-
phology. Previous studies have proposed various metrics to evaluate delta
morphologies, but these metrics are often limited to specific delta
components11,15,20–22. In contrast, the CAE model in this study compre-
hensively summarized the delta morphologies in the image data. The
consistency between the input and output images from the trained CAE
model implies that the model effectively captured the image features within
the latent codes (Supplementary Figs. 2 and 3). This ability enabled the
quantification of shoreline morphologies, channel developments, and del-
taic components segregated from the mainland, such as shoreline barriers
(theApalachicola and Ebro deltas) and elongatedmouth bars (the Fly delta)
that are supposed to reflect the influences of rivers, tides, or waves12,16,28,29.
Thus, latent codes can be considered appropriate descriptors of the diverse
morphologies of deltas. Although the CAE model in this study considers
only satellite imagery, its ability to identify features could be further
improved by integrating additional datasets, such as topographic, bathy-
metric, and lithological information, which would enhance the detection of
different landforms and anthropogenic structures.

The clustering analysis revealed that the global population of river
deltas can be divided into eight distinct clusters, based purely on delta
morphology.Hereweprovide the correspondenceof the eightmorphotypes
and the process-based categorizetion in previous studies4,9,22. Morphotype
1–3 (Flat I–III) are categorized into wave-dominated deltas. Morphotype 6
(Elongate) is typical river-dominated form, while Morphotypes 4 and 5
(Cuspate and Arcuate) are often considered as transitional morphologies
between river- and wave-dominated deltas. Morphotype 7 (Distributary) is
classified into tide-dominated morphology. Morphotype 8 (Bayhead) is
rather interpreted as an estuarine component30, although, due to their
embayed geometries, Vulis et al.22 classified thosedeltas into tide-dominated
deltas.

The identification of the eight morphotypes based on the Bayesian
Information Criterion implies the possible existence of quasi-stable mor-
phological states of deltas. In other words, delta morphologies were not
distributed continuously but instead occupied densely concentrated regions

within each cluster in the multidimensional morphometric space (Fig. 2).
Previous studies have considered delta morphology a continuum between
the three end-members. While this study does not refute the existence of
three end-member concept, the clustering analysis indicated that the
intermediate morphologies of global deltas exhibit a discrete set of mor-
phological states. The morphotypes could be related to unique combina-
tions of interacting boundary conditions and forcing parameters, as seen in
the relationship between meandering and braided rivers31,32 or bedforms
[e.g., see ref. 33]. The investigation of possible conditions leading to the
emergence of each morphotype will be an important future research
direction.

The regression analysis indicated notable links between processes and
the delta geometries categorized into the eight morphotypes, facilitating the
construction of predictive models for relative sediment fluxes from delta
morphology. Based on the R2 values, the analysis suggested the best pre-
dictive ability of the relative sediment flux of waves (Q̂wave) compared with
those of rivers (Q̂river) and tides (Q̂tide) (Table 1 andSupplementaryTable 2).
The deltas in Morphotypes 1–4 (Flat I–III and Cuspate), which are char-
acterized by flat or cuspate shoreline geometries and poorly-developed
distributary channels, are associated with higher Q̂wave (Fig. 4). This trend
alignswith the existingunderstanding that such characteristics reflect strong
wave influences4,16,17,34.

On the other hand, the intense fluvial influence, indicated by higher
river sediment flux values (Q̂river), was estimated in Morphotypes 5–8
(Arcuate, Elongate, Distributary, and Bayhead) (Fig. 4). Previous studies
have suggested that convex shorelines or well-developed distributary
channels are characteristic of intense fluvial forcing4,10,11,35, which is con-
sistent with the results. Also, the bayhead deltas are known to experience
strong fluvial influence due to their landward position, limiting sediment
redistribution by tides and waves30. In this study, despite of the morpho-
logical differences between bayhead deltas (Morphotype 8) and convex
shoreline deltas (Morphotypes 5–7), the regression model successfully
identified specificPCscores as themorphologicalmetrics that correspond to
higher Q̂river values (Table 1).

The regression analysis also revealed that the fluvial and wave influ-
ences act antagonistically. The maximum change directions orient oppo-
sitely between Q̂river and Q̂wave in themorphological feature space definedby
PC2 and PC7 scores (Fig. 4a). The contrasting characteristics between
Morphotypes 1–4 (Flat and Cuspate) and 5–8 (Arcuate, Elongate, Dis-
tributary, and Bayhead) represent the influences exerted by the wave and
fluvial processes, respectively (Fig. 4). In general, fluvial processes promote
progradation of deltas (i.e., constructive forcing), whereas marine processes
(tides and waves) rework the sediment supplied from upsteram (i.e.,
destructive forcing)36. Specifically, it has been suggested that the dominance
of fluvial processes promote shoreline protrusion and the development
distributary channel networks, whereas wave process inhibits these mor-
phological features11,17,35,37. This study quantified this antagonistic interac-
tions between river and wave processes exerting a critical control on the
overall delta configuration.

In contrast, the relationship between delta morphology and tidal
influence was not well captured compared to those of rivers and waves.
Morphotype 7 (Distributary), which are supposed to be typical tide-
dominated deltas, do not fully align with higher relative sediment flux of
tides (~Qtide) (Fig. 4b). This misalignment may occur because the deltas have
not reach the equilibrium states under the present sediment flux
conditions22.Also, it has beenpointedout that the estimated sedimentfluxes
has uncertainty, which may be reflected in the misalignment with the
observed delta morphologies22,23,38. Especially for tidal sediment flux, the
prediction error may be accessed by improved numerical simulations with
longer time scales and incorporating with field observations23. While
Caldwell et al.37 indicated that the tidal effect is less pronounced than the
wave effect in suppressing of shoreline protrusion and distributary channel
development, tidal influence is nevertheless reflected in upstream to
downstream trends of channel morphologies such as width, sinuosity, and
depth15. Although the CAEmodel can analyze the shoreline geometries and

Table 1 | Multiple regressionmodels for predicting Q̂river, Q̂tide,
and Q̂wave

Objective Variable R2 Independent Variable

Q̂river
0.377 PC2, PC4, PC7, PC9, PC14, PC15

Q̂tide
0.203 PC1, PC2, PC6, PC8, PC13, PC17

Q̂wave
0.426 PC1, PC2, PC5, PC6, PC7, PC9

Model selection was performed using the Akaike Information Criterion.
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development of distributary channels, it remains difficult for the model to
capture the precise morphologies of distributary channels due to the reso-
lution of images (Supplementary Fig. 3). Thus, the predictive ability of the
regression model may also be improved by increasing the resolution of the
delta image data or integrating the upstream channelmorphologies into the
analysis.

Still, this study highlights the necessity of incorporating additional
controls to predict the delta’s response to future environmental changes

instead of the conventional process-informed delta classification.While our
analysis revealed that the relative sediment fluxes of rivers and waves par-
tially represent themorphological variation of deltas, there is still dispersion
in the trends (Figure 3 andTable 1).Thedispersion in the regressionanalysis
should have occurred because our analysis lacked other substantial pro-
cesses, such as sea-level changes, grain sizes, and scales of depositional
systems5,6,39. Our approach, which quantitatively captures the morphologi-
cal diversity of deltas and links them to processes, will also contribute to

Fig. 4 | Relationship between delta morphology
and relative sediment fluxes of 97 global deltas.
a Delta morphological responses to changing Q̂river

and Q̂wave. Themaximum change directions of Q̂river

and Q̂wave are ploted on the morphological featurec
space defined by PC2 and PC7. The regression cof-
ficients of PC2 and PC7 are ( −0.44, 0.22) and
(0.53, −0.21) for Q̂river and Q̂wave, respectively
(Supplementary Table 2). PC2 and PC7 exhibited
the first and second lowest p-values for both
regression models for Q̂river and Q̂wave (Supple-
mentary Table 2). b Distributed delta morphotypes
in a ternary diagram defined by ~Qriver, ~Qtide, and
~Qwave. The deltas are colored by their morphotypes.
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detecting unexplored environmental factors and developing predictive
morphodynamic models.

This study employs a data-driven framework to capture the intricate
complexity of deltamorphology and investigate its connections withfluvial,
tidal, and wave influences. The proposed method allows for the identifica-
tion of various morphotypes and their potential controlling factors, thereby
offering an unconventional perspective on the examination of deltaic sys-
tems. Although further research is required to incorporate additional
environmental variables, the findings presented provide a foundation for
developing more comprehensive models of delta morphodynamics. This
approach can enhance our understanding of how deltas evolve in response
tobothnatural andanthropogenic changes and support futuremanagement
and conservation efforts.

Methods
Development of delta morphological metrics
This study obtained 1344 delta images from a satellite-based database to
generate a delta morphology dataset. Global Surface Water dataset26 was
used in this process, which was derived from a water occurrence dataset
representing the probability of water being present observed by satellites in
1984–2018 at each 30m grid cell. The delta regions were sampled from the
dataset with a square window ranging from approximately 4 km to 200 km
in width, determined based on previously identified delta regions40. The
sampling procedure was described by Vulis et al.22. The dataset was con-
verted to binary images, where the values of 0 and 1 in each image corre-
spond to land andwater areas, respectively. In this conversion, the threshold
was set to 50%, so that pixels with water probability smaller than this
threshold were classified as land, and other pixels were classified as water.
The imageswere thenmanually rotated to align themain channel directions
and were resized to 224 × 224 pixels (Supplementary Fig. 2). R, Python 3.9,
and Google Earth Engine were used in these procedures.

This study used a data-driven approach to quantify delta morphology.
The convolutional autoencoder (CAE) model, which is an unsupervised
machine learningmethod, cancompresshigh-dimensional inputdataand is
often designed for categorization tasks without the need for labeled input
data41–43.Neural networkmodelswith convolutional layers are renowned for
their robust capability in feature detection from image data and have been
widely applied in image recognition44–46. In theCAEnetwork, the features in
the input data are reduced to their minimum dimension at the center of the
network, which can be treated as a compressed representation of the input
data41–43.

The CAE model was trained to compress delta morphologies into a
feature vector with limited dimensions. The model architecture comprises
13 convolutional and two fully-connected (dense) layers with a symmetrical
network comprising an encoder and decoder (Fig. 1). The encoder reduces
the data size and compresses the features via convolution processing,
whereas the decoder expands the data size and reproduces the image data.
The CAE model was trained to minimize the difference between the input
and output images. The categorical cross-entropy loss E was adopted as a
loss function to train the CAE model, which takes the form:

E ¼ �
X

c

X

i

ti;c log yi;c ð1Þ

where yi,c is an output of the CAEmodel, indicating a probability that the i-
th pixel is classified into the c-th class. The parameter ti,c was set to 1 when
the i-th pixelwas classified into class c in the input image and0otherwise.As
the CAE training progressed, the weight coefficients of the network were
optimized to minimize the loss function value, i.e., to output similar image
data from the decoder to that given to the encoder. The number of latent
code dimensions was set to 70 according to the loss function values (Sup-
plementary Fig. 4). The Adam method47 was adopted as the optimization
algorithm in this study, consistent with its application in a previous study42.
The learning rate was set to 0.00011 and optimized using the Bayesian
optimization method with the Python library, Optuna48. Among the

prepared delta images, 1075 images were randomly selected for the training
dataset and 269 for the validation dataset. TheCAEmodel used in this study
was built and trained with reference to the network in Guo et al.42 using
Python 3.9 with Tensorflow 2.8.249 and Keras 2.8.050.

The X-means clustering method was employed to categorize the delta
morphologies. This unsupervised method automatically determines the
optimal number of clusters based on the Bayesian Information Criterion
(BIC)51. Starting from a user-specified lower bound on cluster count (here
set to two), X-meansfirst applies standard k-means to partition the data and
compute initial centroids. It then considers each cluster in turn for a
potential binary split: for each candidate cluster, a local 2-means is per-
formed, and the resulting two-clustermodel is compared against the unsplit
model using BIC. If the split yields a lower BIC-indicating that the increase
in model complexity is justified by an improved fit-the cluster is perma-
nently divided. This split-and-evaluate procedure iterates until no further
BIC-improving splits are found, yielding both the final cluster count and
assignment. The latent codes extracted from the CAE model were stan-
dardized to have zero mean and unit variance, and then used as input for
clustering. The analysis was conducted using the Python library
PyClustering52.

To visualize the clustering results, the t-SNE method was applied27.
t-SNE is a nonlinear dimensionality reduction algorithm that first con-
verts pairwise distances in the original high-dimensional space into joint
probabilities-using a Gaussian kernel for the data points and a heavy-
tailed Student’s t-distribution for the low-dimensional map-to capture
local neighborhood affinities accurately. It then seeks an embedding that
minimizes the Kullback-Leibler divergence between these two distribu-
tions, thereby preserving the local structure of the data while allowing
moderate distortion of larger distances. In this study, t-SNEwas applied to
the standardized latent codes derived from the CAE model to project the
clustering results into a two-dimensional space. We used scikit-learn’s
t-SNE implementation53, setting the perplexity to 50 to balance focus
between local and more global relationships, and employing an early-
exaggeration factor of 12 for the first 250 iterations to improve cluster
separation. The learning rate was left at its default value of 200, and the
algorithm was run for 1000 iterations to ensure convergence of the
embedding. These parameter choices produced a clear, interpretable
layout in which points assigned to the same X-means cluster form
compact islands, facilitating intuitive assessment of cluster cohesion and
separation.

Multiple regression models for predicting delta morphological
forcings
Touncover the relationships betweendeltamorphology and environmental
factors, this study proposed three multiple regression models to predict the
relative sediment fluxes by fluvial, tidal, and wave forcings. The relative
sediment fluxes ~Qx were defined as follows:

~Qx ¼
Qx

Qriver þ Qtide þ Qwave
; ð2Þ

where Qriver, Qtide, and Qwave are the sediment fluxes of rivers, tides, and
waves, respectively. The subscript x represents the river, tide, or wave.Qriver

represents fluvial sediment supply, while Qtide and Qwave indicate sediment
fluxes redistributed by tides and dispersed away from river mouths by
waves, respectively. ~Qx ranges from 0 to 1, and is treated as the indicator of
relative dominance of the three forcings, which can locate deltas in the
ternary diagram (Fig. 4b). Then, the logit-transformation was applied to
these parameters, which takes the form:

Q̂x ¼ log
~Qx

1� ~Qx

� �
; ð3Þ

where Q̂x denotes the logit-transformed relative sediment flux. Q̂x ranges
from −∞ to∞, which is appropriate for objective variables in the regression
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analysis. The Qx values were acquired for 97 of 1344 deltas sourced from
previous studies9,21,22 (Supplementary Table 1). Before the regression
analysis, applying the principal component analysis (PCA) to the latent
codes, the morphological parameters were standardized and then
summarized as PC scores (the PCA was performed for the latent codes
derived from 1344 delta images). PC scores were selected as the candidates
of the independent variables based on the cumulative explained variance
over 80% (Supplementary Fig. 5). By examining all possible combinations of
those PC scores, the regression models with the minimum Akaike
Information Criterion scores were employed.

Data availability
The dataset of global delta morphology used in this study is publicly
available at https://doi.org/10.5281/zenodo.17858928.

Code availability
The source code for the CAE model is available at https://doi.org/10.5281/
zenodo.17858928.
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