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Abstract: In coastal regions, the combined effects of natural processes, human activity, and climate
change have caused shoreline changes that may increase in the future. The assessment of these
changes is essential for forecasting their future position for proper management. In this context,
shoreline changes in the Gulf of California (GC), Mexico, have received little attention and no
previous studies have addressed future forecasting. In this study, the researchers assessed the
historical shoreline changes to forecast the long-term shoreline positions. To address this, shoreline
data were obtained from Landsat satellite images for the years 1981, 1993, 2004, 2010, and 2020. The
Net Shoreline Movement (NSM), Linear Regression Rate (LRR), End Point Rate (EPR), and Weighted
Linear Regression (WLR) geo-spatial techniques were applied to estimate the shoreline change rate
by using a Digital Shoreline Analysis System (DSAS) in the GIS environment. A Kalman filter model
was used to forecast the position of the shoreline for the years 2030 and 2050. The results show that
approximately 72% of the GC shoreline is undergoing steady erosion, and this trend is continuing in
the future. This study has provided valuable and comprehensive baseline information on the state
of the shoreline in the GC that can guide coastal engineers, coastal managers, and policymakers in
Mexico to manage the risk. It also provides both long-term and large-scale continuous datasets that
are essential for future studies focused on improving the shoreline forecast models.

Keywords: shoreline changes; coastal erosion; remote sensing; forecast; Gulf of California

1. Introduction

Shoreline analysis is essential for coastal zone monitoring and environmental protec-
tion, as well as for sustainable development. This is an ecological environmental zone of
relative fragility and with ecosystems of great importance (for its high productivity and
rich diversity) [1]. Currently, about 2.5 billion people (40% of the world population) live
within 100 km of a coast, adding a further threat to coastal ecosystems [2]. In Mexico,
approximately a quarter of the population lives on coastal plains. However, the rapid
expansion of economic activities has caused a chaotic growth in coastal and city regions as
well, as environmental struggles that have affected the shorelines [3].

The world’s coasts, as well as that of GC, are governed by both anthropogenic and
natural factors [4]. These processes have been present since the second half of the 20th
century, generating critical erosion and accretion points. Intense anthropogenic effects have
caused significant changes in the sediment and runoff, altering coastal systems and setting
off coastal erosion of the largest deltas in the world [5]. Factors such as dams, irrigation,
and land use practices have reduced the number of river sediments reaching the coast.
Over the last 50 years, the construction of dams has become the predominant factor in the
reduction in sediment reaching the coasts of the world [6].

Another major impact on coastal areas is the sea level rise. This mainly affects low-
lying coastal areas because of the intensification of flooding, coastal erosion, and saltwater
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intrusion in estuaries and coastal aquifers. In addition, the number of people affected are
expected to increase by the end of this century [7]. According to data from the AVISO+
Satellite Altimetry Data, the global mean sea level increased at a rate of 3.41 mm/year in
March 2020 compared to the rate of 3.37 mm/year recorded in 2015. It is predicted that
an increase in the rate of the sea level rise will cause a worsening of the existing coastal
erosion problem [8].

Mapping out, forecasting, and keeping tabs on shorelines are imperative for the
administration of their natural resources. Support with environmental studies, sustainable
development, coastal environmental protection, and planning are needed [9,10]. This
study of the shoreline variation plays an important role in coastal zone management and
becomes crucial in the context of climate change and sea level rise [11]. The monitoring of
shoreline changes over time is essential for anticipating future coastal alterations, useful
for recognizing coastal ecosystems, and provides vital data for understanding the coastal
reactions to environmental fluctuations, climate change, and human-caused actions [12].

Two of the most important concepts for the monitoring of the coastal zones are
Coastline [13], which is used to describe the boundary between the land and water at
large regional scales, is unlike Shoreline, which refers to the intersection of water and land
surfaces at a specific time [14]. That geographical line/object between the sea and the land
at an instant in time [12], is used in this research.

The shoreline is considered unique in that it is one of the most dynamic and temporary
geographic features in response to one or more factors, such as geology, geomorphol-
ogy, wave action, periodic storms, sea level rise, sediment transport, and anthropogenic
actions [15–17]. Causing the shoreline to constantly change results in (1) erosion, or (2)
accretion [18]. The first describes the land being eroded because of a sediment reduction,
while the second denotes land being built up because of sediment accumulation [19].

The coastal maps were created through the process of land surveying from 1807
to 1927, and the potential of aerial photographs to supplement coastal mapping from
1927 to 1980 was understood, being the only source available to produce such maps [20].
Estimates of the coast change can now be very accurate using field surveys, high-resolution
aerial photography, periodic overflights, light detection and ranging (LiDAR) technology,
synthetic aperture radar (SAR) imagery, and video skills. However, these techniques
continue to be time-consuming, costly, and labor-intensive [21]. Currently, there are also
free satellite images that offer higher temporal frequency, resolution, and global coverage,
such as Landsat images, which have contributed significantly to the understanding of the
environment [22]. In this way, remote sensing plays an important role in monitoring coastal
zones, as shoreline variations have a direct impact on the economic development and land
management [23,24].

Recently, indicators have emerged from satellite image processing techniques to extract
a proxy of the shoreline that does not perforce to be visible to the human eye, as the
absorption of the infrared wavelength of water and its strong reflectance by vegetation
and soil make these images an ideal combination for mapping the spatial distribution of
land and water [25–27]. On a global scale, the analysis of the spatiotemporal variations
of the shoreline in research is addressed, e.g., [4,9,10,12,15–17]. Most coastal researchers
use geospatial techniques as a method for shoreline determination and analysis, relying
primarily on satellite imagery.

Among the most widely used methodologies by coastal researchers and national
government institutions, has been the Digital Shoreline Analysis System (DSAS) to support
unstable coastal decision-making and development activities [28]. Meanwhile, to represent
a rate of change, the two most-used methods in research are EPR [4,29], because of its
simplicity with obtaining results with only two shorelines, and LRR. The LRR method
is more complete because it considers all shorelines in the observed time [19] and it is
therefore more accepted as it is based on more rigorous statistics.

There is a variety of research on the exchange rate analysis on the coast. For exam-
ple, [30] this method was used in Kenitra, the Moroccan Atlantic coast that is 10 km long,
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for a period of 78 years (1936–2014), obtaining the shoreline from different data sources
(topographic maps, aerial photographs, and field measurements). Daud, S. et al. [14]
analyzed the trend of the shoreline change in Selangor of approximately 213 km with
the support of Landsat satellite imagery for the years 1990–2015. Masria, A. et al. [23]
applied the DSAS methodology, using Landsat images to obtain the shoreline for the years
1984–2004 northwest of the Nile delta on the Rosetta promontory coast of approximately
44 km. Dewidar, K. et al. [31] also applied the same methodology by obtaining the shoreline
using Landsat imagery from 1972 to 2018 to monitor the fluctuation of erosion and accretion
over 280 km of the Nile Delta shoreline. Yan, D. et al. [10] analyzed the temporal and spatial
variation in the 530-km-long shoreline from 1983 to 2020 taken from Landsat imagery for
the Yancheng shoreline using DSAS and forecasted the position of the shoreline for the
years 2019 and 2020 based on the 1983–2009 and 1983–2010 position, respectively. However,
despite the number of investigations using DSAS and satellite imagery, there have been
few studies that address it for long stretches and that also forecast the future position of
the shoreline.

The objectives of this study were to assess the shoreline changes between 1981 and
2020, and to forecast the shoreline position for the years 2030 and 2050. For evaluation, the
assessment of the shoreline changes was based on a range of time scales using the shoreline
extracted from Landsat satellite images of the years 1981, 1993, 2004, 2010, and 2020, and
included geo-spatial techniques including the NSM, LRR, and WLR by using DSAS in the
GIS environment. In addition, for the first time, the long-term shoreline position along
the GC forecasted with the Kalman filter model was incorporated in DSAS. Given the
resolution of the Landsat satellite images and the dynamic nature of the shoreline, this
study should provide baseline information on the state of the shoreline in the GC and not
the precise quantification and forecast of the shoreline.

Following this introduction, this paper was divided as follows: Section 2 illustrates the
data and methods, and Section 3, the results and associated discussions. The conclusions of
study the presented in Section 4.

2. Data and Methods
2.1. Study Area

The GC coast (31◦30′ N, 114◦48′ W to 22◦00′ N, 105◦40′ W) located in Northwestern
Mexico extends along 4 states, Sinaloa, Sonora, Baja California, and Baja California Sur
(Figure 1). The approximate length of the GC shoreline is 3370 km and provides important
ecosystem services such as fisheries, tourism, and agriculture, which is why the population
density along its coasts is increasing in the main ports. The GC has been integrated by
RAMSAR sites and recognized since 2005 as a World Natural Heritage Site by the United
Nations Educational, Scientific and Cultural Organization (UNESCO) [32].

Gulf ecosystems provide sufficient services to humanity and play a key role in achiev-
ing Sustainable Development Goals (SDGs). Achieving sustainability in coastal devel-
opment comprises a combination of ecological, economic, and social elements [33]. The
sustainability of gulf ecosystems worldwide is in a perilous state because of climatic and
human-induced stresses [34], particularly in the GC.

The GC is not known for its powerful waves and strong currents [35], however, it is
susceptible to tidal action, mainly in the upper Gulf, as it presents a shallow bathymetry,
there are also mixed semi-diurnal tides, and there is one of the largest tidal ranges on earth
at more than 3 km horizontally and 9 m vertically long [36]. Therefore, their coasts are
highly variable even for short periods. On the coast of Baja California Sur, the beaches are
of reduced extension, usually cut by cliffs and exposed to a low energy swell, except in the
southern part where the energy is increased by the influence of the Pacific Ocean [37].

Several factors shape the dimensional or geometric characteristics of shorelines in
the GC, one of the most important being increasing wave action [4], bathymetric changes,
climate trends, and sea level rise. In addition, land use change and resource grabbing are
alarming on the Gulf coast, as well as real estate development that has increased which has
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eroded urbanized beaches. Breakwaters and jetties add to the modification of the shoreline.
Therefore, adequate scientific and technical knowledge is required to preserve this great
marine ecosystem [33].
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Figure 1. Study area location. Northwest Mexico, Gulf of California shoreline.

2.2. Methodology

Currently, remote sensing data are widely used depending on the purpose of use, as
there are different satellite systems with a wide range of resolutions and other characteristics
to be considered depending on their application. Commonly used Landsat satellite imagery
is used in in coastal change studies because of its synoptic and repeatable coverage, high
resolution, multispectral capabilities, and cost-effectiveness compared to conventional
techniques [38]. This article follows the scheme shown in Figure 2 to evaluate the rate of
coastal change and its forecast for 2030 and 2050, for which Landsat satellite images from
five periods (Table 1) were acquired to extract the coasts of the GC between 1981 and 2020.

Table 1. Specifications of the satellite data.

Satellite Data/Sensor Year of Acquisition Spatial Resolution (m)

Landsat 3-Multi-Spectral Scanner 1981 60

Landsat 5-Multi Spectral Scanner and Thematic Mapper 1993 30

Landsat 5-Multi Spectral Scanner and Thematic Mapper 2004 30

Landsat 7-Enhanced Thematic Mapper 2010 30

Landsat 8-Operational Land imager and Thermal Infrared Sensor 2020 30
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2.3. Remote Sensing Image Preprocessing

This research used satellite images from the Landsat constellation (MSS, TM, ETM+,
OLI), which were collected over approximately 40 years. The assessment of the shoreline
variability started with the oldest year, 1981, which covered the entire coastal area of
the GC, this being one of the fundamental requirements. Subsequently, the years with
periods longer than ten years corresponding to 1993, 2004, and 2020 that also covered the
GC coastal zone were selected, and the year 2010 was added to run the model with the
forecast to 2020 and validate the results. To obtain cloud-free data and avoid other types of
atmospheric and tidal errors, pre-monsoon satellite data for the months of March–April
or after the September–October monsoon season worked [38]. Therefore, satellite images
corresponding to October were downloaded, rectified, and projected to the World Geodetic
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System (WGS 84), and the Universal Transverse Mercator (UTM) system [39], from the
Earth Explorer website (https://earthexplorer.usgs.gov/, accessed on 21 March 2022) of
the United States Geological Survey (USGS).

This study considered five shorelines, as the consideration of over two annual shore-
lines maintains greater accuracy in the calculation of the rates of change [40]. As stated in
Goal 14 of the SDGs, accurate and continuous information on coastal positions is essential
to coastal conservation [41]. However, reference changes, distortions from uneven contrac-
tion, stretching and folding, different topography and publication standards, projection
errors and partial revision, etc., are potential errors associated with coastal mapping [42].
Mapping the shoreline with the lowest percentage error is always uncertain because of its
variable and dynamic nature [8].

Radiometric correction of the images was required, i.e., converting digital numbers
to reflectance values to compensate for the difference in the calibration of sensors from
different satellites [39], subtracting inherent errors, and preparing a suitable image [21].
Therefore, the images were radiometrically and atmospherically corrected using ENVI
5.3 software by applying the Reflectance Radiometric Calibration module that combines
the effects of the sun and the angle of view. Furthermore, sensor calibration with atmo-
spheric correction [23] using the FLAASH module was used to correct for any atmospheric
interference [43].

2.4. Shoreline Extraction

The following methods were used: (1) the single band threshold method, and (2) the
Normalized Difference Water Index (NDWI), to obtain the shoreline following the method
implemented by [29,39]. Minimal modification was made to the line taken by visual
interpretation supported by the resulting NDWI images, which was taken as a support to
define the line representing the wet–dry boundary as an approximation to the HWL [44–46],
since it highlighted the upper limit of coastal wetting caused by the last high tide before
the date of acquisition of the satellite image [46–48]. To improve the accuracy provided by
the pixel size, this index used the Landsat green and NIR bands, expressed through the
following equation:

NDWI =
λg − λn

λg + λn
(1)

where λg = green band of Landsat data, λn = red band of Landsat data.
Finally, the shoreline was extracted by separating the land and water entities in the

ArcGIS binary threshold tool [49]. The segmented binary image was converted to a vector
image using the ArcGIS conversion tool and the shoreline boundary was extracted and
converted to a shape file for further analysis.

2.5. Digital Shoreline Analysis System

DSAS v.5.1 was developed by the USGS in the early 1990s. This algorithm allows for
obtaining change statistics from multiple historical shorelines, as well as a forecast of future
shorelines [28]. It generates good performance results based on input features, such as
the date and shape files from the shoreline. It is considered one of the most efficient and
effective, as it provides a higher performance in the analysis of shoreline changes compared
to other traditional tools and methods [38].

DSAS estimates the rate of change statistics for a time series of shorelines in vector
format obtained from aerial photos, satellite imagery, or in situ measurements of shoreline
positions. According to [28], the following is required:

(1) Creating a geodatabase within a Geographic Information System environment.
(2) Extracting the shorelines stated in Section 2.4.
(3) Constructing the baseline (Figure 3) in this study generated from the smoothing of

the oldest line displaced 300 m offshore using the damping method. This method is
the most reliable and accurate method for baseline demarcation [50].

https://earthexplorer.usgs.gov/
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(4) Generating transects perpendicular to the baseline. Creating 33,225 transects at 100 m
intervals and a smoothing distance of 3000 m for Sonora and 2000 m for the rest of the
states (Figure 3).

(5) Calculating the rates of change of the shoreline for which DSAS runs statistical models
based on different measures between the historical positions of the shorelines for each
of the transects, and generating different rates of change depending on the selected
statistical methods [21].
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The statistics used in this research are:

• Net Shoreline Movement (NSM) is the distance between the first and last shoreline.
A statistical parameter calculated for each transect launched perpendicularly to the
coast, [28] and represented by the following equation, where D is the distance in meters:

NSM = Dnew − Dold (2)

• End Point Rate (EPR) is obtained by dividing the distance of the shore motion (NSM)
by the time (T) elapsed between the oldest and most recent measurements in equation
3. The EPR is suitable for short-term coastal analysis between only two coasts [21,51].

EPR(m/yr) =
NSM

T
(3)
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• Linear Regression Rate (LRR) comprises fitting the fewest squares regression line
to multiple shoreline position points for a specific transect [28]. It is calculated by
plotting the points where the coasts are intercepted by transects and calculating the
linear regression, an equation:

Y = a + bx (4)

where Y is the distance in meters from the baseline, x is the coastal date interval
in years, and b is the slope of the fitted line (m/year), i.e., the rate of change of
the LRR shoreline, and as is the intersection. LRR is the line slope suitable for the
long-term analysis of the shoreline change [51,52] and is based on accepted statistical
concepts with satisfactory accuracy [38]. The next positions of the shoreline change
were forecasted using this method [53].

• Weighted Linear Regression (WLR) determines a line of a better fit than the LRR, as
it gives more weight to reliable data with a 95% confidence interval [54]. According
to [54], the weight ω is defined as a function of the variance in the measurement
uncertainty (e), and the weighting value ω is linked to the shore data before examining
its rate of change [21].

ω =
1
e2 (5)

• WLR considers ambiguity at each shoreline position when calculating a trend line.
The weight assigned to each shore position is the inverse of the squared positional
uncertainty. Therefore, the shorelines with higher uncertainty have less influence on
the trend line than data points with higher uncertainty [38].

The selected statistics provide an understanding of the changes in the shoreline over
the years, such as NSM representing the distance the shoreline has advanced/receded
over, while the EPR, LRR, and WLR represent erosion rates. This method was selected to
determine the long-term rates of change and represent the results, as they can effectively
simulate the spatial and temporal rates of change on the coast [10].

The coasts are dynamic, and present changes in coastal erosion or accretion. The
classification proposed by [4] was used to represent the rates of change. All positive values
represent a seaward movement of the coast (accretion), and negative values show landward
movement (erosion) [38,51].

The rates of change were classified considering that the Landsat images used to have
a resolution of 30 m per pixel. Considering this and the period analyzed, a margin of error
was obtained for the units of the rates of change (m/year) [55].

Uncertainty Estimation

The accuracy of the shoreline position, as well as rates of change, can be influenced
by several sources of error, such as the tide level position, digitizing error, resolution, and
image registration [21,38]. Unc, the uncertainty value of each of the shorelines considers
these positional and measurement errors, expressed by the equation:

Unc =
√(

E2
s + E2

td + E2
d + E2

r + E2
p (6)

where E2
s are seasonal errors, E2

td is the tidal fluctuations error produced by the HWL error,
E2

d is the digitizing error, E2
r is the rectification error, and E2

p is the pixel error. This approach
assumes that the component errors are normally distributed [56]. These uncertainties were
used as weights in the change rate calculations. The value was annualized to provide an
error estimate (EEPR) for the rate of shoreline change at any given [21,28,38,57] transect
using the following equation:

EEPR =

√
Unc2

1 + Unc2
2 . . . Unc2

n

Daten − Date1
(7)
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where Unc1, Unc2, and Uncn denote the total uncertainty of the shoreline position for the
various years analyzed, Daten is the year of the latest shoreline, and Date1 is the year of the
oldest shoreline.

2.6. Shoreline Forecast (2030, 2050) and Model Validation

For forecasting, the Kalman filter model [58] incorporated in DSAS used required
historical shoreline position data [28] to combine the observed lines with the model-derived
positions and forecast a future shoreline position [59]. This Kalman filter is statistically
based and requires a set of linear regression rates to initialize the values in the model
and accurately forecast the future position of the coast. This filter is run to minimize the
observed error between the model and shore positions when running the forecast [28,59].

The model used the oldest shoreline to forecast the position of the subsequent shoreline
and found the sequential step repeated until the next shoreline position. Each time it
reached a new shoreline position, it performs the validation process between the modeled
and the observed shoreline by updating the rate and uncertainties to improve the forecast
model. The updated rates worked and were repeated until the chosen forecast date was
reached [21]. The model builds estimation areas, performs rate calculations providing
factual information to assess the robustness of the rates, and incorporates a beta model
of the shore determination with ambiguity bands [28]. However, it should be noted that
the Kalman filter model applies a quantitative analysis of the long-term migration pattern
of the coast to forecast the future position of the coast, considering that the same factors
would be involved as in the past.

The shoreline forecasted for the years 2030 and 2050 used the historical shoreline
positions from 1981 to 2020. Since this model incorporated in DSAS requires validation,
validation was performed by comparing the forecasted line to the year 2020 using the
historical shoreline position from 1980, 1993, 2004, and 2010. Subsequently, the position of
the extracted and forecasted 2020 shoreline was compared to calculate the RMSE error of
the positional difference between them by:

RMSE =

√{
(X p − Xr

)2
+ (Y p −Yr

)2
}

(8)

where Xp and Yp are the forecast model coordinates of the coast, and Xr and Yr are the
actual coordinates of the shoreline.

In addition, the value of the regression coefficient was calculated using a scatterplot
based on the LRR output of the actual and model-derived shorelines.

3. Results and Discussions
3.1. Shoreline Change Analysis between 1981 and 2020

The analysis of the shoreline over the 40 years using geospatial and statistical tech-
niques contributed to a better understanding of the coastal variability along the GC. The
performance of the shorelines for the years 1981, 1993, 2004, 2010, and 2020 were incorpo-
rated in the geodatabase, as well as the baseline and a total of 33,225 transects along the
GC, of which 5937 were for Sinaloa, 10,906 for Sonora, 6293 for Baja California (BC), and
10,089 for Baja California Sur (BCS). All transects were cut from the baseline to the farthest
line, as shown in (Figure 4).
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The statistical models NSM, EPR, LRR, and WLR were obtained for a better under-
standing of the movements of the shoreline up to the present time. Considering the
resolution of the image and the period analyzed, an uncertainty range for the rate of change
in units of 0.75 m/year resulted. Because of the uncertainties, the results were obtained
from the rate of change of the coast from the LRR with a confidence level of 95%.

The results of the shoreline movement revealed that there was significant landward
(erosion) and seaward (accretion) movement in different sectors of the GC, and this can
differ greatly between the coastal stretches, which can range from more than 1 km to tens of
kilometers [55]. Table 2 details the displacements in terms of the NSM and provides detailed
information on the movements that occurred. Along the coasts, there were 22,295 transects
with landward movement and 10,930 seaward movements. The longest landward distance
was −2880.39 m on the coast of Sonora, while the longest positive seaward distance was
1325.71 m on the coast of Sinaloa.

Table 2. Shoreline changes by NSM.

Statistics Sinaloa Sonora BC BCS GC

Number of transects 5937 10,906 6293 10,089 33,225
Average distance (m) −39.61 −176.9 −105.46 −4.32 −81.57

Number of transects with a negative distance 4417 9558 2749 5571 22,295
Maximum negative distance (m) −515.90 −2880.39 −1650.21 −176.94 −2880.39

Average of all negative distances (m) −105.48 −210.54 −281.73 −30.95 −157.17
Number of transects with a negative distance 1520 1348 3544 4518 10,930

Maximum positive distance (m) 1325.71 747.76 278.6 318.92 1325.71
Average of all positive distances (m) 116.424 65.2 37.64 29 62.06

The EPR statistical analysis revealed that the changes were significant throughout the
GC, which presented a rate of change of 2.16 m/year (Table 3), similar to that reported
by [4], who analyzed the shoreline variability with EPR in the GC. The EPR does not
consider the variability between all the shorelines since it considers only the oldest and
the current line. Therefore, in this research, we discuss the results in terms of the LRR
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to account for all shorelines in the analyzed period and compared them with the results
of WLR.

Table 3. Shoreline change rates by EPR.

Statistics Sinaloa Sonora BC BCS GC

Average rate (m/year) −1.32 −4.56 −2.69 −0.09 2.16
Maximum value erosion (m/year) −26.54 −118.36 −42.83 −29.93 −118.36

Average of all erosional rates (m/year) −3.23 −5.44 −7.39 −0.76 −4.20
Maximum value accretion (m/year) 66.09 40.25 7.21 16.58 66.09

Average of all accretion rates (m/year) 4.24 1.63 0.97 0.74 1.89

The LRR results (Table 4) indicate an overall rate of change of −2.20 m/year. A total
of 72% percent of coasts with landward advancement with an erosion rate of 3.86 m/year,
while 28% demonstrated seaward gain with a rate of 2.05 m/year.

Table 4. Shoreline change rates by LRR.

Statistics Sinaloa Sonora BC BCS GC

Average rate (m/year) −1.58 −4.57 −2.35 −0.31 −2.20
Percent of all transects that are erosional (%) 78.64 88.05 47.83 66.14 72.19

Percent of all transects that have statistically significant erosion (%) 33.54 36.36 3.91 10.14 21.91
Maximum value erosion (m/year) −20.87 −118.02 −46.27 −5.92 −118.02

Average of all erosional rates (m/year) −3.33 −5.42 −5.88 −0.83 −3.86
Percent of all transects that are accretion (%) 21.36 11.95 51.17 33.86 27.62

Percent of all transects that have statistically significant accretion (%) 5.12 1.84 5.13 3.14 3.46
Maximum value accretion (m/year) 55.21 18.34 6.54 6.43 55.21

Average of all accretion rates (m/year) 4.89 1.75 0.89 0.7 2.05

With WLR, it assigns a higher weight to transect the intersection points with lower
uncertainty values to obtain the line of best fit. However, the WLR values (Table 5) differ in
centimeters from the LRR in the study. The overall rate of change for the WLR for the Gulf
was −1.78 m/year, demonstrating a difference of 0.42 concerning the LRR. For this reason
and the forecast of the futuristic position of the coast obtained from the LRR results, this
research discusses the results mainly in terms of the LRR.

Table 5. Shoreline change rates by WLR.

Statistics Sinaloa Sonora BC BCS GC

Average rate (m/year) −1.12 −3.69 −1.89 −0.45 1.78
Percent of all transects that are erosional (%) 68.87 77.84 53.54 69.38 69.06

Percent of all transects that have statistically significant erosion (%) 18.41 22.14 1.57 7.54 13.21
Maximum value erosion (m/year) −32.27 −130.32 −37.74 −28.1 −130.32

Average of all erosional rates (m/year) −2.91 −5.32 −2.77 −1.02 −3.00
Percent of all transects that are accretion (%) 31.13 22.16 46.46 30.62 30.93

Percent of all transects that have statistically significant accretion (%) 5.51 1.12 2.19 1.71 2.32
Maximum value accretion (m/year) 64.04 60.61 6.20 36.13 64.04

Average of all accretion rates (m/year) 3.74 2.06 0.82 0.82 1.86

Among the main factors that change the shoreline are tidal currents, wave patterns,
bathymetric changes, climate trends, sea level rise, land use change, and resource grabbing,
as well as other anthropogenic elements such as breakwaters, jetties, among others, that
add to the modification of the shoreline [60]. Human interference in the natural process
with agricultural and aquaculture activities involving the construction of tide gates and
the dredging of channels is also important [26]. Another relevant factor to consider is the
decrease in sediments that reach the sea because of the damming of rivers that change
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the natural channel, producing changes that affect sedimentation rates or loss because
of coastal transport and generate changes to the shoreline [61,62]. Therefore, the results
of erosion or accretion in this research cannot be attributed to a specific factor or only to
environmental processes (seasonal, interannual, and decadal climate variability), climate
change, and anthropogenic processes, in agreement with [4,26,55]. Currently, this problem
is not only present on the coast of the GC in Mexico, but throughout the world, in countries
such as China, Japan, Chile, the United States, Argentina, and Russia, where more than half
of the coast has transformed because of erosion and land use, which has had a significant
impact on the coastal processes and sediment supply.

3.2. Analysis by State

Along the coast of Sinaloa, 4417 transects have negative distances and 1520 positive.
The largest landward movement was 515.90 m, and the greatest seaward movement was
1324.71 m (Figure 5a and Table 2).
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The result of the LRR statistic (Figure 5b and Table 4) shows that Sinaloa presented
with constant erosion with an overall rate of change of −1.58 m/year along its coast.
Seventy-eight percent of the shoreline is eroding at an average rate of −3.33 m/year. The
rest of the shoreline is accreting at an average rate of 4.89 m/year. A maximum erosion
and accretion rate of −20.87 and 55.21 m/year, respectively, were observed. Though WLR
presented with an overall rate of change of −1.12 m/year (Table 5), lower than that of LRR,
it followed a similar trend to the LRR (Figure 5c).

A large portion of Sinaloa is shoreline that has experienced erosion, largely attributed
to the construction of dams on a majority of its rivers, which has resulted in a retention of
sediments that would have otherwise reached the ocean [61]. This phenomenon has eroded,
occurring predominantly at the mouths of these rivers. Another reason that the Sinaloa coast
is highly eroded is that it is subjected to constant meteorological phenomena because it is in
a natural tropical cyclone corridor. This situation increases the variability in the shoreline,
resulting in short-term erosion caused by these phenomena, which sometimes remain
permanent, affecting both the coastal system and the infrastructure near the shoreline.

Sinaloa has anthropogenic activities along the shoreline that directly and indirectly
affect the contribution of sediments, such as breakwaters, jetties, and dams, besides the
construction of protection and productive activities, since 80% of the state population is
near these coastal environments. The impact of these structures makes the coastal zone
more vulnerable to erosion, a fact that coincides with the research conducted by [62].

In Sinaloa, there are some coastal investigations in more specific areas such as those
performed in Las Glorias beach. Data from this research show that it is already highly
eroded, similar to what was reported by [29] where they analyzed the historical changes of
the shoreline to find the main drivers of change and its risk to coastal erosion, finding an
overall rate of change of −5.4 m/year. Jimenez-Illescas et al. [33] found that Las Glorias
Beach has lost up to 300 m perpendicular to the coast along its 4.5 km length and suggested
the use of geo-tubes to lessen the problem. Other beaches such as Mazatlán have suffered
erosion at a rate of −1.9 ± 0.9 m/year during the last decade [63], data similar to those
obtained in this study. Coastal variability also affected the coastal lagoon system such as
that of Topolobampo, because of tidal hydrodynamics at that location, even though this
system exports sediments to the GC [64].

While Sonora presented 9558 transects with negative distances and a maximum land-
ward movement of −2880.39 m, 1348 had positive distances and a maximum seaward
movement of 747.76 m (Figure 6a and Table 2).

The coast of Sonora presented a general rate of change LRR of −4.57 m/year; it was
the state with the most variability on its shoreline. These results show that 88% of its
shoreline is undergoing erosion with an average rate of −5.42 m/year. Meanwhile, the
rest is undergoing accretion with an average rate of 1.75 m/year, and a maximum erosion
and accretion rate of −118.08 and 43.12 m/year, respectively (Figure 6b and Table 4). The
rate of change for WLR was −3.69 m/year (Table 5), with a similar trend to the LRR with a
difference of 0.88 (Figure 6c).

Unlike Sinaloa, Sonora has very high erosion north of its coast. This is attributed
mainly to the damming of the Colorado River, which has the most influence since the
sediments and nutrients that used to reach the sea are now dammed in the reservoirs of
the dams. The Colorado River reduced its discharge to inconsequential volumes after
the construction of Hoover Dam in 1968 and the increase in demand for irrigation [65].
Thus, human intervention in the Colorado River watershed has eliminated water discharge
and almost all sediment supply to the river mouth and delta [66], resulting in sediment
starvation throughout the Northern GC [67]. Agreeing with Laksono F. et al. [62], the
persistent decline in the river sediment supplies due to water harvesting for human and
agricultural use causes the significant loss of beach areas. The marine environment of the
Upper GC has semi-diurnal and diurnal tidal cycles, with wide variations in the sea level
ranging from 6.95 m in San Felipe to about 10 m in the Colorado River delta [36,65]. In this
region, the sediment dispersal, transport, and deposition are now controlled primarily by
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oceanic forcing rather than by fluvial processes, as was in the past [65]. This is in addition
to the anthropogenic effects on coastal areas generated by residential tourism in coastal
destinations in Northwestern Mexico, including Puerto Peñasco [68].
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along Sonora.

In the case off on the coast of Baja California, 2749 transects had negative distances
and 3544 positives. The most landward movement was −1650.21 m, and the maximum
seaward movement was 278.6 m (Figure 7a and Table 2).

The LRR presented an overall rate of change of −2.35 m/year, 47.8% of the coast
presented erosion with an average rate of 5.88 m/year, and 51.2% of the coast presented
accretion with an average rate of 0.89%. The maximum observed rate of erosion and
accretion was −46.27 and 6.54 m/year, respectively (Figure 7b and Table 4). The overall
rate of change WLR was −1.89 m/year (Table 5) with a similar trend to LRR along the coast
(Figure 7c).
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for Baja California.

For Baja California, the results showed that the Upper Gulf coast is dominated by sig-
nificant erosion, which can mainly be attributed to human activities, one of the most notable
being the construction of over 20 dams along the Colorado River since the 1930s [67,69],
reducing the freshwater flow basically to zero. The Colorado River is used to supply fresh
water and silt [69]. Currently, the sediments that reach the coast are minimal, making it
more sensitive to variations in physical conditions [67]. Therefore, the variability in the
shoreline could no longer be attributed to whether sediments arrive, but to its mechanism,
which would already depend on the oceanic forcing in that area [65].

On the other hand, Baja California Sur presented 5571 transects with negative distances
and a maximum landward movement of −176.94 m. A total of 4518 had a positive distance
with a maximum seaward movement of 318.92 m (Table 2).

The results reveal that the coast of Baja California Sur is the most stable, in contrast to
the other states (Figure 8a). Its overall rate of change was −0.31 m/year. The results show
that 66.14% of the shoreline is undergoing erosion with an average rate of −0.83 m/year,
while the rest is undergoing accretion with an average rate of 0.7 m/year, and a maximum
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erosion and accretion rate of −22 and 14.32 m/year, respectively (Figure 8b and Table 4).
The WLR presented an overall rate of change of −0.45 m/year (Table 5) with a trend very
similar to the LRR with a difference of 0.14 (Figure 8c).
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for Baja California Sur.

The main attributed factors responsible for the beach variability in Baja California Sur
are due to climate change, which causes an increase in the wave energy and a more frequent
occurrence of tropical cyclones, generating periods of erosion and accretion, consistent
with the probable causes of coastal erosion in the research conducted on the Pacific coast
of Panama [27]. Although the anthropic impact is locally significant, as in Santa Rosalia,
Loreto, and La Paz, since any modification of the natural sedimentary system can erode
or cause accretion of the shoreline, the impact of the natural sedimentary system can be
significant [37]. There is some research on the analysis of changes to its coasts, e.g., [70],
which estimated the accretion and erosion rates of the Punta Arena in Los Cabos from
Landsat satellite images for 1984–2016. In Puerto Escondido, barrier rock deposits were
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examined that close lagoons as the outcome of lateral transport from adjacent rocky shores
subject to recurrent storm erosion [71].

3.3. Future Shoreline Forecast and Model Validation

This research forecasts the future position of the shoreline for the years 2030 and 2050,
to understand the future dynamics of the coast. The period from 1981 to 2020 was used
to forecast the shorelines, and the linear regression method and the application of the
Kalman filter were chosen. The shoreline forecast with the LRR model showed significant
shoreline setbacks (Figure 9) and revealed the same pattern as the coastline changes between
1972–2020. Such a pattern was also observed along the coast of Catania, Southern Italy [62].
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(c) Baja California, and (d) Baja California Sur.

The results showed that erosion will occur continuously throughout the GC for the
forecasted year, observing mainly significant setbacks at river mouths and in highly urban-
ized coastal areas. This is a consequence of the lack of protection and mitigation measures.
These also coincide with the same factors that are attributed to the coast of Oaxaca, Mexico,
which affect the dynamics of the coast, mainly affecting ports and beaches [21]. Any coastal
activity and development will have an indirect impact on the shoreline changes, and at
the same time, the coastal community would face a serious problem in the future in the
case of continuing with the same growth rate of the erosion. In addition, the biophysical
conditions of the coastal environment would be degraded [26]. The results revealed that
more than 70% of the shoreline will continue to recede along the GC.
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Validation of the model accuracy was performed with the 1981, 1990, 2000, and 2010
shoreline, with which the 2020 shoreline forecasted and compared to the actual 2020
shoreline that resulted in an overall RMSE of ±7.43 m was used to validate, compare, and
estimate the error of the model output and finally forecast the future shoreline. This was
especially important for areas close to rivers and harbors, which are likely to be strongly
influenced by factors such as anthropogenic and fluvial sedimentation as [62] mentions.
In addition, the sea level rise, rainfall, river discharge, storm, wave dynamics, and tidal
dynamics along estuarine and wetland areas are important factors influencing future
shorelines [21]. For the upper Gulf, the forecast appears much more irregular than the
original position. However, in over 90% of the coast, the forecast shoreline is within the
default uncertainty band buffer value, a result comparable to what we obtained in [28].

In addition, a scatterplot and regression diagram was performed based on the data
obtained from the LRR of the real and model-derived shorelines for each state (Figure 10),
where it observed that there is a strong relationship between the LRR, since the R2 was
greater than 0.78 in all four states. This was also performed for the whole GC, obtaining an
R2 value of 0.95. This shows that there is a strong relationship between the actual shoreline
and the forecasted shoreline.
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4. Conclusions

The shoreline changes along the coast of the Gulf of California between 1981 and 2020
were analyzed, and the shoreline positions for the years 2030 and 2050 were forecasted.
Based on the extraction of the shoreline data from Landsat satellite images and the applica-
tion of geospatial techniques and a shoreline forecast algorithm incorporated in DSAS, the
following inferences were drawn.

The results showed that approximately 72% of the Gulf of California shoreline is
undergoing steady erosion, and 28% is subject to accretion. Sonora had 88% of its shoreline
eroding at a rate of −5.42 m/year, with greater retreats on the upper Gulf coast. Seventy-
eight percent of the coast of Sinaloa presented erosion with a rate of −3.33 m/year, while
the coasts of Baja California and Baja California Sur presented erosion in 48% and 66%
of their coasts, with rates of −5.88 m/year and −0.83 m/year, respectively. The coast
that showed the greatest stability was Baja California Sur, with an overall rate of change
of 0.32 m/year, while the most unstable was Sonora, with an overall rate of change of
4.57 m/year.

The model for forecasting the future position of the shoreline indicated that the lines
will continue to recede. The mapping, monitoring, and forecasting changes in the coast
using multi-temporal satellite imagery and the application of the DSAS model along the
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Gulf of California coast could be crucial in formulating mitigation policies and regulations,
as the results provide a better understanding of the historical change that the shoreline has
undergone, as well as its future prognosis.

Although this study did not examine the exact causes of the observed shoreline
changes, they can be attributed to natural processes, human activities, and climate change,
which are compelling the landward movement of shoreline positions. With the forecast of
a spatial and temporal erosion trend in the shoreline changes, there is an urgent need for
follow-up research in coastal areas where significant shoreline retreat is occurring, and for
coastal risk management policies that take this reality into account.
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