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Abstract: Development and its expansion in dryland environments are experiencing climate warming and land-use/land cover
change, impacting ecosystems and their sustainability and resiliency. Remote sensing (RS) and Geographic Information
Systems (GIS) technologies provide opportunities to analyze land use/ landcover (LULC) change trends at local to regional
scales over the past few decades. This study applied RS and GIS techniques to identify and measure land-use/ land-cover
change in the Middle Rio Grande River Basin. A novel classification process is applied to assess land use and land-cover
change between 1994 and 2015 in the Middle Rio Grande Region (MRGR) on the US- Mexico border, between San Antonio,
New Mexico and Presidio, Texas, and Ojinaga, Chihuahua, which includes the cities of El Paso, Texas, Ciudad Juarez,
Chihuahua, and Las Cruces, New Mexico. Results show that the native land cover has declined and is being replaced by urban
development and agricultural expansion. Metropolitan areas across the region increased by 45 % from ~1.59 percent of the
total study area in 1994 to more than 2.9 percent in 2015. The majority of expansion occurred around the major metropolitan
areas of El Paso, Ciudad Judrez, and Las Cruces. Other land-use changes included a decrease in agricultural land cover and a
loss of wetlands, possibly as a result of a reduction in streamflow. Possible impacts of these land-use/ land-cover changes on
water resources include a shortage of water allocations for agriculture and ecosystems and the transfer of some water
allocations to city land developers, as Hargrove et al. [ 1] demonstrated. Metropolitan planners, farmers, and other stakeholders
will likely find the study valuable for planning water conservation measures, preparing for future water supply and treatment
infrastructure growth, and monitoring groundwater availability and quality as urban populations grow.
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1. Introduction which occupy about one-third of the global land [2, 3].
Landcover degradation, soil erosion, water depletion,

Land resources encounter severe challenges and ecosystem deterioration are some land resource
worldwide, especially in arid and semi-arid regions, changes [4-13]. A range of change drivers influences
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land resource changes at different space and time
scales, such as population growth, human activities,
and climate change. These drivers put massive
pressure on land resources and create uncertainty in
these resources ‘availability, long-term sustainability,
and resiliency [14-18].

Land use and land cover (LULC) are two terms
used separately to describe the earth’s surface features
and human interactions with these [19-25]. While land
use states how humans have used the land, land cover
indicates the biophysical characteristics of the earth’s
surface [19, 21-24, 26, 27]. The LULC change is
possibly the most significant challenge to land
resources and sometimes the most rapid in many
places [28-31]. The LULC change carried various
consequences on local, regional, and global scales.
Amongst the intensive consequences of the LULC
change is the extinction of native species when land
use is changed from a comparatively undisturbed state
to more intensive uses such as farming, livestock
grazing, and selective tree harvesting [28, 29, 32-35].
The LULC changes result from the interaction of a
wide variety of factors like human activities,
agriculture, deforestation, animal grazing, and
urbanization [32, 35-40]. Also, many indirect factors,
such as technological, political, economic, cultural,
demographic, and social factors, cause land use/ land
cover change [36, 32, 37, 41]. Extensive data on the
Earth’s surface is required to monitor and analyze land
use/land cover changes. Earlier, this information was
created worldwide, mostly by conventional land
recognition methods such as field surveys and on-site
human-made observations, which required time, cost,
and effort [42-44].

Modern LULC change studies typically use
remotely sensed imagery, which provides excellent
data sources from which information about LULC can
be extracted and analyzed with various techniques and
datasets [15, 30, 45-47]. Chang et al. [48] and Mubako
et al. [49] demonstrated that remote sensing data and
geographic  information systems are valuable
transboundary information sources and can be used to
implement proficient cross-border studies. Remote
sensing and geographic information technologies can
help stakeholders map where changes occur,
understand development patterns and seasonal land
changes over time, and assess current activities and
policies. They can also help expect and plan for future
changes. Zhang et al. [9] demonstrated that medium
spatial resolution imagery such as Landsat images are
still the most significant data sources for urban
land-cover classification, especially considering the
free availability of this imagery, suitable spectral
resolutions, and swath extent.

The Middle Rio Grande Region (MRGR) is a
dryland ecosystem situated in the southwestern
US-Mexico borderlands (50-52]. This region covers
the area from southern New Mexico to far west Texas
in the US and northern Chihuahua in Mexico. This
region encompasses the three fast-growing cities of
Las Cruces, New Mexico, El Paso, Texas, and Ciudad
Juarez, Chihuahua, and is populated by more than two

million people [49, 53]. The Rio Grande region faces
enormous challenges with its resources, which
significantly pressure these resource uses because of
competition between stakeholders in areas such as
agriculture, livestock raising, municipalities, industry,
and wildlife [54, 49]. The Rio Grande River is the
fourth largest river in North America and runs through
the region from north to south. This river starts as a
snow-fed stream high in the San Juan Luis Valley in
southern Colorado and ends in the Gulf of Mexico.
The Rio Grande River comprises the main surface
water reservoirs in southern New Mexico, the
Elephant Butte Reservoir and Caballo Reservoir. The
Rio Grande River is one of the most significant water
sources in southern New Mexico, far west Texas in the
US, and northern Chihuahua in Mexico. It provides
intensive agriculture practices for their irrigation
needs. It also supplies the human communities and the
ecosystems throughout the basin with their water
needs [51, 55-58].

This MRGR contains various land use/ land cover
features and practices and experiences massive
changes over time due to disruptive human activities
and natural conditions [57]. Urbanization is one of the
region's most influential contributors to land use/ land
cover change. It continues to grow, especially near the
urban centers of Las Cruces, New Mexico, El Paso,
Texas, and Juarez, Mexico [55]. A study conducted by
Mubako et al. [49] on 4288 km? (1655 sq. miles) in the
MRGR that included most areas of the three main
cities in the region (Las Cruces, El Paso, and Ciudad
Juarez) stated that the urban areas grew about 8 % in
this area of interest in the 25 years 1990-2015 by
taking important areas from agricultural lands and
other vegetation. The agricultural lands and other
vegetation areas decreased by about 11 % in
this period.

The central aim of this study is to identify and
measure LULC change in the MRGR. The study uses
Landsat-based remote sensing and land cover
classification to measure changes in the land use
practices and land cover features in this region for
21 years from 1994 to 2015 (Fig. 1).

2. Data and M ethodology
2.1. Study Area

This study’s selected area of interest lies along the
US — Mexico border. It includes the Middle Rio
Grande basin from Magdalena and San Antonio, New
Mexico, in the north to the entrance of the Rio
Conchos from Mexico in the south. The area of
interest is located between north latitudes
34.06000000 and 29.38166667 and west longitudes
107.85694444 and 104.21555556 (Fig. 1). The total
study area is ~36,988 km? (14281 sq. miles) and
includes six water sub-basins. The study area consists
of different terrain features. This region covers the
area from southern New Mexico to far west Texas in
the US and the northern Mexican state of Chihuahua.
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The region encompasses the three fast-growing cities
of Las Cruces, New Mexico; El Paso, Texas; and
Ciudad Juarez, Chihuahua, with a population of more
than two million [18, 49].
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Fig. 1. The Study Area.

2.2. Materialsand M ethods

The following workflow is shown in Fig. 2 reflects
the remote sensing and geographic information system
procedures applied in this study to perform the work
and get the best results.

The processes started with downloading and
preparing Landsat data. Atmospheric data correction
is applied, imagery is clipped to the extent of the study
area, and minimum noise fraction transforming is
completed to reduce the inherent spectral
dimensionality and noise within multispectral data.
After data preparation processes had been
accomplished, image classification was performed
using several applications and tools. The classification
was performed using ArcGIS 10.8.1, ArcGIS Online,
ENVI 5.4, Microsoft Excel, and Google Earth
Professional.

2.2.1. Landsat Data Preparation

Eight multispectral Landsat scenes cover the study
area shown in Fig. 1. (Path/Row): 031/039, 031/040,
032/038, 032/039, 033/037, 033/038, 034/036, and
034/037. As shown in Fig. 1 these images were
downloaded from the U.S. Geological Survey (USGS)
GloVis website (http:/GloVis.usgs.gov/) for 1994,
2000, 2005, 2010, and 2015. Each scene had less than
10 percent cloud cover. The scenes used for the study
area were chosen from Landsat 5 Thematic Mapper
(TM) and Landsat 8 Operational Land Imager (OLI),
as shown in Appendix (1). In fact, Landsat 5 Thematic
Mapper (TM) and Landsat 8 Operational Land Imager
(OLI) collect data with a spatial resolution of
30 meters in the visible, near-IR, and SWIR
wavelength regions [59]. The scenes were acquired
between the second half of May and the first week of
July, considered the “leaf-on” season in this area
[18, 49, 60-62]. Substantial procedures were
performed on the scenes to prepare them for
classification, including mosaicking the eight scenes
in one image and clipping a final image to the study
area boundaries.

; 1994, 2000,
Data Collection > 2008 2910, aed 2015
(USGS GloVis)
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Perform fast line-of- Atmospheric Correction
sight atmospheric
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— transform
Produce minfmum Perform band mathto § Perform inverse Perform MNF
B valucs B Eigen images)
i i Mossic the Landsat Make color
Data Mosaic and clip "
Define training sites . . ) .
for each land cover {l Image classification / Clip datato study &
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Classify image and | Conduct ground check | Calculate final
Create final maps
m!'ﬂl::‘ Lnd“m "’fﬂ‘* cover .

Fig. 2. The flowchart shows the RS&GIS proposed methods used in the study.
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2.2.2. Atmospheric Correction

Kumar et al. [63] tested log residuals, flat field
correction, IARR (Internal average relative
reflectance), QUAC (Quick atmospheric correction),
and FLAASH (Fast Line-of-Sight Atmospheric
Analysis of Spectral Hypercubes) atmospheric
correction methods. The results showed that FLAASH
is the most efficient atmospheric correction method
compared to the other methods.

Chakouri et al. [64] tested two physical
atmospheric corrections, FLAASH and ATCOR
(Atmospheric & Topographic Correction), compared
to the DOS (Dark Object Subtraction) image-based
method. The researchers found that the FLAASH
provided the most accurate Bottom of Atmosphere
BOA reflectance estimation.

Mruthyunjaya et al. [65] applied ATCOR and
FLAASH atmospheric correction modules. The
FLAASH provided the most accurate Bottom of
Atmosphere BOA reflectance estimation. They found
that the variation in aerosol optical depth AOD using
the FLAASH method did not impact the identification
of bare soil pixels coverage, which corresponded to
82.4 % of the study area, while a variation in water
vapor using the ATCOR method provided a variation
of bare soil pixels coverage from 75.04 to 84.04 %.
They recommend using the FLAASH AC method to
provide BOA reflectance values from Earth
Observing-1 Hyperion Hyperspectral data before soil
organic carbon mapping while using the ATCOR
module needs careful selection of water vapor
parameter before applying the method.

Therefore, we have chosen the FLAASH method
to perform the atmospheric corrections. Specific steps
were implemented in the ENVI 5.4 application for the
five years chosen for the study. These steps included
radiometric calibration to determine reflectance at the
top of the atmosphere, fast line-of-sight atmospheric
analysis of spectral hypercubes (FLAASH) for water
vapor, and moisture correction to determine surface
reflectance.

2.2.3. Minimum Noise Fraction Transform

To reduce the number of bands for processing
hyperspectral remote sensing data and to improve
processing efficiency, a minimum noise fraction
(MNF) linear transformation process was used to
transform the study area images for all analysis years
[66-68]. This technique, widely applied in remote
sensing, is implemented in ENVI 5.4 software [67]
and reduces the inherent spectral dimensionality and
noise within multispectral data. The final minimum
noise fraction Landsat images were approved for
classification based on both eigenvalue plots of the
ground objects and visual inspection of the images.

2.2.4. Combined Classification

A newly developed object-based classification
method was tested in combination with a pixel-based

classification method [69, 70]. The object-based
method has been shown to have greater accuracy and
produce a more robust classification than the
pixel-based method when using high-resolution
imagery [71-76]. Object-based techniques create an
image object via image segmentation and classify the
images according to objects rather than pixels [77].
However, it has been shown that pixel-based land
cover classification may sometimes outperform the
classification accuracy results for specific land cover
categories [77, 78]. Combining both methods
produces optimal results [70].

The combined classification method comprises
many steps that start with supervised or unsupervised
classification and infiltrate the results based on the
homogeneity of surface features to segment and attain
the boundaries of surface features into more authentic
products [75, 77] This study adopted such a
generalized approach and started by implementing a
supervised classification utilizing a maximum
likelihood format [79-83]. Supervised classification
uses the spectral information contained in individual
pixels to generate land cover classes. The method
requires the collection of training samples created in
the study area, which are then used to derive spectral
signatures of pixels in an image. It requires, therefore,
prior knowledge of LULC types in the study area.
Pixel signatures are generated and stored in signature
files, and each pixel's digital numbers (DN) are
converted to radiance values [49, 84, 85]. The
interactive supervised classification module used to
classify the minimum noise images is found in ArcGIS
10.8.1 software. The module was applied for the five
years of analysis, 1994, 2000, 2005, 2010, and 2015,
using the six broad land use categories defined in
Table 1. Spectral signatures of the training samples
were first analyzed using statistical methods.

According to Gao and Liu [86], a satisfactory
spectral signature minimizes confusion between
different land-use categories that need to be mapped.
The whole region of interest was classified by
assigning each image pixel to the training sample
category of the match's highest probability. On
average, 150 training samples were created for each
land use category using the Landsat 1994 TM
imagery since this was the year with the least
developed land. A minimum of 500 pixels for each
training sample category was used.

After producing the preliminary classified maps,
field visits were made to designated features and
places in the study area to find similarities and
differences between the classified features on maps
and their actual appearance and locations on the
ground. Coordinates and information about the visited
locations were collected. Other inquiry points were
assigned to places familiar to our team. They were
checked through high-resolution images downloaded
for New Mexico and Texas states from their websites
and used historical image visualization in Google
Earth Professional. The chosen points were matched
with the classified maps, and the misclasses were
assigned to be recognized at the ultimate classification
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step. Reclassification procedures were processed to
correct the misclassified sites depending on the
object-based features of these sites shown on the
high-resolution images. Therefore, final classified
maps that carried more accurate results have been
created. These procedures were applied to the five
maps created in the study: 1994, 2000, 2005, 2010,
and 2015.

Table 1. Description of Land use/ Land cover classification
categories used in the study.

Land use/

Land cover Description

Agriculture Cultivated crops, trees, plants, and
pastures

Developed Sports fields and courts, parks, picnic

Open space | areas, and building yards

Developed Urban development constructions,

area buildings, concrete, and roads
Open waterbodies in natural and human-

Water .

made surface waterbodies
Evergreen Green trees on mountains and hills in the
Forest study area

Barren land, mountains, grass, and
Shrubs ’ » 8TasS,

scrub/shrub features in the areca

2.2.5. Finalizing Classification M apping

Finalizing classifications of remotely sensed
imagery is a balance between achieving outstanding
quality classified final maps and the potential loss of
essential map details through the unnecessary use of
generalization tools [49, 87]. Therefore, the majority
filter procedure was not applied to protect the isolated
and small regions in the reclassified maps, which are
real features in the study area. In addition, a boundary-
cleaning filter was applied to these maps to smooth the
boundaries and improve their layout. These steps were
done through a series of geoprocessing tools in the
Spatial Analyst Extension of ArcGIS 10.8.1.

2.2.6. Accur acy Assessment

The validity of classifications was confirmed by
calculating multiple metrics indicative of the mapped
accuracy of the classification. Classification accuracy
was performed for individual land use categories and
the total classification by creating a confusion matrix
[29, 45, 49]. Six statistics were calculated: (1) overall
accuracy, which represents the proportion of all
correct classifications; (2) Kappa coefficient, a
measure of the agreement of accuracy in classification
assessment; (3) user accuracy, which calculates the
probability that a classified pixel is correct on the
ground; (4) producer accuracy, which 1is the
probability that a pixel of a particular land-use type is
assigned the correct land use category; (5) omission
error, which represents specific categories that were
omitted when they exist on the ground; and
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(6) commission error, which represents categories that
were identified as existing on the ground when in fact
they do not [45, 49].

3. Results and Discussion

3.1. Land Use/ Land Cover M easurement
and Change Trends

After producing the final classified maps, the areas
of individual classes were calculated for the study
area. This process was executed through the feature
attributes related module in ArcGIS 10.8.1 for the five
sample years. The final results are given in Table 2
and Fig. 3.

Table 2. Land use / land cover change 1994-2015.

Land use/ land cover category area (km?)
Z 8o o m
< «Q =]
8 | = 822|552 | 2
) = Qa =
S o 8 o = 8 = c
= 83 S @ § g
a |8 8 8
1994 | 1245 | 29 | 589 | 241 1663 33221
2000 | 1190 | 33 768 | 185 | 1749 33063
2005 | 1125 | 36 | 933 | 122 | 2126 32646
2010 | 1111 40 1022 | 135 2155 32525
2015 | 1091 40 1078 | 106 1148 33825

The Middle Rio Grande Region Land Use Land/
100000 Cover Change 1994-2015
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Fig. 3. The Middle Rio Grande Region LULC change
1994-2015.

The results showed many changes in the study
area's land use/ land cover classes. Agriculture lands
decreased from 1245 km? (3.37 percent) of the total
study area in 1994 to 1091 km? (2.97 percent) in 2015.
This is attributed mainly to the intensification of
developing activities and the reduction of cultivation
practices related to water use, and a shift from cotton
and alfalfa production, with some production of chili
peppers, vegetables, vineyards, and orchard crops to
more profitable crops such as pecans for the analysis
period [1]. The open space areas, including parks,
sports fields and courses, and green areas, in cities and
considered human-friendly development increased
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following the wurban growth from 29 km?
(0.08 percent) in 1994 to 40 km? (0.11 percent) in
2015. The proportion of developed areas, including
urban areas and other types of construction within the
study area, increased over time from 589 km?
(1.59 percent) in 1994 to 1078 km? (2.94 percent) in
2015. The increase happened primarily around the
central three urban cities of cities El Paso (Texas,
USA), Las Cruces (New Mexico, USA), and Ciudad
Juarez (Chihuahua, Mexico). However, many along
the Middle Rio Grande Region scattered minor cities,
towns, communities, and neighborhoods, contributing
to the urban expansion through the growth of
urbanization in these cities, towns, communities, and
neighborhoods.

The areal extent of surface water decreased from
241 km? (0.65 percent) in 1994 to 122 km?
(0.33 percent) in 2005. Surface water increased in
2010 to 135 km? (0.36 percent). In contrast, surface
water decreased to 106 km? (0.29 percent) in 2015, a
total decrease of the surface water area of over
56 percent for the 21 years 1994-2015. Elephant Butte
and Caballo's large reservoirs comprised the majority
of the surface water extent and were located in the
northern part of the study area. They are also
considered the primary source of surface water in the
southern part of the region.

Evergreen forest cover is restricted to some
marginal zones in the region and almost in the
northern part of the Magdalena Mountains, San Mateo
Mountains, and Black Range. The areas of evergreen
forests increased from 1663 km? (4.5 percent) in 1994
to 2155 km? (5.83 percent) of the total area in 2010.
However, these areas decreased to 1148 km?
(3.1 percent) in 2015 due to fires that burned
significant parts of these forests. Records indicated
several fires, the largest silver fire in 2013, which
burned about 138,705 acres in the Black Range, New
Mexico. Also, the San Mateo Mountains fire in 2015
burned 17,843 acres [88, 89]. Shrublands covers were
the most dominant land cover in the study area for
each of the time periods studied. The shrublands class
lost important lands in many parts across the region.
The results showed that shrublands covered
33221 km? (89.82 percent) in 1994 and shrunk to
32525 km? (78.93 percent) in 2010. This component
gained some areas to 33225 km? (90.56 percent) in
2015 due to forest fires and surface water area
reduction. The changes in LULC 1994-2015 are
shown in Figs. 4-8.

3.2. Results Validation
3.2.1. Accuracy Assessment

For the study area, five maps were classified for
1994, 2000, 2005, 2010, and 2015. An accuracy
assessment was applied using several extension tools
in ArcGIS 10.8.1 to validate the classification results,
focusing on analysis years 2005, 2010, and 2015. We
got their high-resolution images these three years from

Texas and New Mexico. 2005, 2010, and 2015 images
support in-ground checks of classification results.
Also, field visits were made to New Mexico and Texas
areas to support the ground check of classification
results. However, Google Earth was used in the
ground check in Mexico, the part that I could not check
in the field because of the restrictions on border
movement. The classification quality is oriented in a
confusion matrix that is widely used to present
accuracy assessment information in remote sensing
[49, 88]. About 520 points were used for each
classified map (year). A stratified random sampling
method was applied for validation. The method
assigned sampling points according to the proportion
area of each class in the study area. An overall
accuracy of 99 percent was obtained in 2005, 2010,
and 2015. Subjectivity in interpreting classification
results, fuzzy boundaries between land use categories,
and uncertainty in the supervised -classification
algorithm in assigning land use categories to mixed
pixels are all possible sources of intrinsic uncertainty
and error that could have been propagated in this type
of study. Calculating the Kappa statistics, which
account for classification agreements owing to chance,
is an alternative approach to measuring classification
accuracy. The Kappa coefficient was 0.96 for three
years, statistically supporting the classification's
overall accuracy. For all land use/ land cover
categories, the producer accuracy ranged from
88.2 percent to 100 percent for the three years, and
user accuracy went from 90 to 100 percent. Detailed
assessment results are presented in Tables 3, 4, and 5.
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Table 3. Confusion matrix showing classification accuracy for the 2005 map.

Ground truth
m
O < Cc Q
> | o | @ Q g g | §d
Q S ol Q = . 2
. = s = ] L o | 3@
Classified 3 8 18| s 3 oo | =@
=3 3 2 o8 g c Q °\ 8 B =
c ) Q T g e = S Q
® 8 | 2 9 3 2 | =2
8 ] g | =
Agriculture 14 0 0 0 0 1 15 | 9333 6.67
Open space 0 10 0 0 0 0 10 100 0
Developed area 1 0 12 0 0 0 13 92.31 7.69
Water 0 0 0 10 0 0 10 100 0
Evergreen Forest 0 0 0 0 26 3 29 89.66 | 10.34
Shrubs 0 0 0 0 1 440 | 441 | 99.77 | 0.23
Total classified 15 10 12 10 27 444 | 518
Producer accuracy % 93.33 | 100 | 100 | 100 | 96.30 | 99.1
The error of omission % 6.67 0 0 0 3.70 0.90
Overall accuracy % 98.84
Kappa coefficient 0.96
Table 4. Confusion matrix showing classification accuracy for the 2010 map.
Ground truth
m
) c Q
> |o| @ 3 S g8 | S5
Q S o Q = . 2
i = = = () L » 3@
Classified 5 8| 8 S g 2 ° = Q
c =3 c Q 8 B =
= |8 8 @ S o o] 50
c o) M 7] c = 5 =
o 8 2 =) a2 o) e S
8 2 8 |3
Agriculture 15 0 0 0 0 1 16 93.75 6.25
Open space 0 9 0 0 0 0 9 100 0
Developed area 0 0 14 0 0 0 14 100 0
Water 0 0 0 10 0 0 10 100 0
Evergreen Forest 0 0 0 0 29 3 32 90.625 | 9.375
Shrubs 0 1 0 0 0 436 437 99.77 0.23
Total classified 15 10 14 10 29 440 518
Producer accuracy % 100 | 90 | 100 100 100 99.09
The error of omission % 0 10 0 0 0 0.91
Overall accuracy % 99
Kappa coefficient 0.96
Table5. Confusion matrix showing classification accuracy for the 2015 map.
Ground truth
m
O < C |a
> | o | & o g =
.. <Q ° D Q g - @
Classified = | 2 o = 2 @ 2 A
g 4 -§_ 2 § c Q 8 1) S
c D ® by ? = g g8
o 3 = g a 2 © S
8 2 < |°
Agriculture 15 0 0 0 0 0 15 100 0
Open space 0 10 0 0 0 0 10 100 0
Developed area 0 0 14 0 0 1 15 93.33 | 6.67
Water 0 0 0 10 0 0 10 100 0
Evergreen Forest 0 0 0 0 15 1 16 93.75 | 6.25
Shrubs 0 0 1 0 2 451 454 | 99.34 | 0.66
Total classified 15 10 15 10 17 453 520
Producer accuracy % 100 | 100 | 93.33 | 100 | 88.24 | 99.56
The error of omission % 0 0 6.67 0 11.76 0.44
Overall accuracy % 99
Kappa coefficient 0.96
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As Mubako et al. [49] mentioned, overall
classification accuracy and accuracy for all classes
greater than 75-85 percent is acceptable. That
accuracy assessment compromises the ideal and the
affordable [18, 49]. Wickham et al. [89] recommended
an acceptable overall classification accuracy between
84-85 percent for most satellite data classification
studies to evaluate the National Standard Land Cover
Database (NLCD) classification system. The coarse
30 m spatial resolution of the Landsat images utilized
in the study also contributed to classification errors.
Two or even more spectral classes were frequently
recorded inside one pixel using this low-resolution
data, which obviously influenced classification
accuracy. Errors were experienced when performing
the accuracy assessment with some pixels for some
classes. Therefore, our results classification errors are
partly due to impure training samples that captured
mixed land use categories. Accurate reference data is
essential for testing classification accuracy [90].
Therefore, accuracy errors were calculated as part of
the assessment. The results showed that commissions'
errors were not over 10 % for some classes, and the
errors of omissions were not over 12 % for some
individual classes.

3.4. Discussion

The US-Mexico border Middle Rio Grande Region
is dryland covering ~36988 km? (14281 sq miles). We
studied this region to measure land use/ land cover and
find their changes for 21 years (1994-2015) by using
remote sensing and geographic information systems.
The study divided the period into five years: 1994,
2000, 2005, 2010, and 2015.

The results showed significant changes in land use
/ land cover features during the study period
1994-2015. The open space areas increased by about
27 percent. The developed area across the area of
interest increased by 45 percent in 21 years between
1994-2015 by winning important extents from
agricultural and shrublands, and the most growth
occurred around the metropolitan areas of El Paso
(Texas, USA), Las Cruces (New Mexico, USA), and
Ciudad Juarez (Chihuahua, Mexico). The shrublands
increased by about 1 percent. On the other hand, the
agricultural land decreased by about 12 percent.
Surface water decreased by more than 55 percent in
this period. The evergreen forests decreased by about
30 percent.

The study results presented that the MRGR, like
other drylands, faces serious challenges, such as water
reduction and competitive demand growth amongst
sectors such as agriculture and domestic use. Shrubs
and native plants are disturbed naturally during
climate change, such as temperature increases, and
human activities, such as urbanization growth and
construction expansion. However, there are
similarities and differences in changes between the
MRGR and the other drylands. The effect of the
change on the area depends on the location and
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management of this area. A study in the Kathmandu
Valley, Nepal, for the period 1989-2016 showed
similarities in LULC changes with the MRGR. The
results showed that urban areas expanded up to 412 %
in the last three decades, and most of this expansion
occurred with the conversions of 31 % of agricultural
land. The majority of the urban expansion happened
during 1989-2009, and it is still growing along the
major roads in a concentric pattern, significantly
altering the cityscape of the valley [91]. Another study
in the Zayandehrood ecologic sub-basins of Central
Iran Asia also showed similarities in LULC changes
with the MRGR. The results revealed that from 1985
to 2016, residential areas doubled, and industrial areas
increased at the expense of rangelands. The study also
revealed cropland expansion at the expense of
rangelands, cropland abandonment, and contraction of
croplands due to residential and industrial
development [92]. Also, a study focused on Palapye, a
predominantly dryland agricultural region in eastern
Botswana, Africa, aimed to analyze LULC change and
divided the period into two intervals (1986-2000,
2000-2014). This study showed similarities in LULC
changes with the MRGR. The results showed that
cropland was a vibrant losing category in the first time
interval, while it was a clear gaining category during
the second time interval. Cropland expanded into
shrublands in the southwestern part of the study area.
The built-up category was active in gains during the
second time interval as it targeted grasslands and
shrublands [93]. On the other hand, and through good
management, a study in Karoo drylands, South Africa,
revealed that more than 95 % of the Karoo is
comprised of land classified as Natural, which has
been relatively stable since 1990. An analysis of repeat
photographs shows that vegetation cover has either
remained unchanged or has increased at most
locations. However, the Karoo drylands appear less
degraded than they were in the mid-twentieth
century [94].

LULC changes in the MRGR have many
implications for the region. Reducing snowpack in the
headwaters of the Rio Grande River causes a growing
water supply deficit and failure to sustain the
competing demands of different sectors even though
these demands for surface water stay the same in
aggregate [1]. It increases the pressure on the
reservoirs of surface water used as a water source for
various uses. For example, this appears clearly in the
Elephant Butte Reservoir, the primary surface water
source in the MRGR. Its capacity since 2011
fluctuated between 3-25 % of the total capacity
[95, 96]. Rising soil and water salinity and growing
constraints on using these resources for agricultural
production, drinking, and various environmental
needs. Relying on the growth of groundwater to
provide the necessary water supplies for various uses
and the pressure and negative impacts on this limited
to nonrenewable water resource also face many
serious problems, such as depletion and quality
deterioration [1]. The loss of grasslands, shrublands,
and forests to urban development can lead to the loss
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of natural habitats and ecological diversity, a higher
risk of flooding due to increased surface runoff in
paved urban areas, and increased water pollution from
point and non-point sources, such as new industries
waste facilities. When considering outdoor recreation,
the loss of natural landscapes may decrease tourism
income associated with water-dependent natural
ecosystems [49].

This change in LULC raises some critical
questions that need an answer, such as what is the
extent of LULC change in this region? What is the
change limit for cities such as El Paso and Ciudad
Juarez? How does this change affect sustainability and
the region's future? Do we need to stop this change,
control it, or adapt to the new situation? What are the
implications of the change?

3.5. Conclusion

Remote sensing and geographic information
systems technologies across boundary tools for
cooperation and research were used to visualize,
measure, and assess LULC change in the MRGR, a
dryland environment in the USA and Mexico
borderlands. This region faces significant natural
consequences associated with LULC change from one
type to another, especially in relation to sustainable
water management.

The results from the study showed many changes
in LULC. For instance, the developed area across the
area of interest increased by 45 percent in 21 years
between 1994-2015, and the most growth occurred
around the metropolitan areas of cities El Paso (Texas,
USA), Las Cruces (New Mexico, USA), and Ciudad
Juarez (Chihuahua, Mexico). Surface water decreased
by more than 55 percent in the period 1994-2015. The
dominant shrublands in the area of interest have
changed and have lost areas and parts to the urban and
agriculture and gained others from forests and a
reduction in surface water cover.

This study’s findings stand as an excellent view for
visualizing and understanding spatial and temporal
environmental change in this region and helping
stakeholders on different levels and responsibilities to
balance development requirements and protect
dynamic ecosystems.

Future research is recommended on monitoring
LULC change in the region on a macro scale that can
cover the cities and the local areas to understand the
effect of development on natural resources such as
shrublands and  forests. = Conservation  of
environmental flows by controlling human actions that
disrupt the resources. This study provides a detailed
assessment of the driving forces behind the trends and
patterns of LULC change.

The study's results reveal the requirement to
change land use policies to include guidelines and
regulations that can help maintain the resources, such
as restricting water consumption and changing
agriculture practices towards less water use produce.
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