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a b s t r a c t
Oklahoma contains the largest number of manmade lakes and reservoirs in the United States. Despite the importance of these open surface water bodies to public water supply, agriculture, thermoelectric power, tourism and
recreation, it is unclear how these water bodies have responded to climate change and anthropogenic water exploitation in past decades. In this study, we used all available Landsat 5 and 7 images (16,000 scenes) from 1984
through 2015 and a water index- and pixel-based approach to analyze the spatial-temporal variability of open
surface water bodies and its relationship with climate and water exploitation. Speciﬁcally, the areas and numbers
of four water body extents (the maximum, year-long, seasonal, and average extents) were analyzed to capture
variations in water body area and number. Statistically signiﬁcant downward trends were found in the maximum, year-long, and annual average water body areas from 1984 through 2015. Furthermore, these decreases
were mainly attributed to the continued shrinking of large water bodies (N1 km2). There were also signiﬁcant
decreases in maximum and year-long water body numbers, which suggested that some of the water bodies
were vanishing year by year. However, remarkable inter-annual variations of water body area and number
were also found. Both water body area and number were positively related to precipitation, and negatively
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related to temperature. Surface water withdrawals mainly inﬂuenced the year-long water bodies. The smaller
water bodies have a higher risk of drying under a drier climate, which suggests that small water bodies are
more vulnerable under climate-warming senarios.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Climate change and increased climate variability can strongly impact
surface water resources (Aherne et al., 2006; Ferguson and Maxwell,
2012; Tulbure et al., 2016), causing dramatic intra-annual and interannual water variability (Hall et al., 2014; Mercier et al., 2002), which
has been shown to have wide-ranging consequences on human societies and ecosystems (Bates et al., 2008; Brown and Lall, 2006). Previous
studies using remote sensing approaches have documented strong relationships between water body extent (area and number) with both climate variability and anthropogenic impacts of water resources (Liu
et al., 2013; Pekel et al., 2016; Tao et al., 2015; Tulbure and Broich,
2013; Tulbure et al., 2014).
Water body monitoring with remote sensing techniques has advanced along with an increase in freely available, high-resolution satellite
data. Many approaches were developed primarily based on Landsat spectral bands, water indices and decision tree classiﬁcation algorithms
(Fisher et al., 2016; Mueller et al., 2016; Tulbure and Broich, 2013). First,
many water indices were deﬁned to delineate water bodies with emphases on different features (Bhagat and Sonawane, 2011; Boland, 1976;
Crist, 1985; Gond et al., 2004; McFeeters, 1996; Rouse et al., 1974; Shine
and Mesev, 2007; Xiao et al., 2002; Xu, 2006) (see supplementary online
material 1 (SOM 1)). For example, McFeeters (1996) deﬁned the Normalized Difference Water Index (NDWI) using green and near infrared band
to delineate open water features. Xu (2006) modiﬁed the NDWI into
mNDWI by replacing the near infrared band with short-wave infrared
band to suppress the noise of built-up land. mNDWI is one of the most
widely used water indices due to its good performance in water body delineation across diverse landscapes (Du et al., 2012; Feyisa et al., 2014; Hui
et al., 2008; Ogilvie et al., 2015; Tao et al., 2015).
Second, previous remote sensing approaches have inconsistent capabilities of capturing water body variability. Many surface water bodies have strong intra-annual dynamics, during for example, wet and
dry seasons (Alsdorf et al., 2007; Tulbure and Broich, 2013). But some
studies estimated water body extent from satellite images gathered at
a single time of the year, typically in the wet season (Feng et al., 2011;
Homer et al., 2015; Liu et al., 2013). However, it is difﬁcult to deﬁne
the proper period due to uncertainties in intra-annual variability of climate and anthropogenic effects. Some studies compared the difference
of water body area between the same time of selected years to indicate
the increasing or decreasing trends of water body area among those
years (Du et al., 2012; Homer et al., 2015; Necsoiu et al., 2013; Tao
et al., 2015). However, due to the strong inter-annual dynamics of
open surface water bodies (Hall et al., 2014; Mercier et al., 2002;
Tulbure et al., 2016), the selection of different years for comparison
could lead to very different results and inaccurate inference of trends
in water body area and number. Thus, a comprehensive analysis considering different phases or extents of surface water bodies is important. To
get a more complete picture of water body variability in Oklahoma, USA,
we explored four indicators of surface water body extents based on the
annual water body frequency: 1) the maximum water body extent in a
given year, 2) the persistent year-long water body extent, 3) seasonal
changes in water body area, which is the difference between the maximum and year-long water body extents, and 4) the annual average
water body extent.
Oklahoma is located in a climatic transition zone characterized as
sub-humid in south and east to cold and dry in north and west, which
causes a widely variable seasonal ﬂuctuation in weather (Gibson,
1981). The few natural water bodies in Oklahoma are temporary

oxbows and playas (Johnson and Luza, 2008), but N 200 large reservoirs
have been built in Oklahoma to meet current and projected water demand for human society and ecosystems (OWRB and ODWC, 2015). Between 1985 and 2010, 47% of the total annual water withdrawals in
Oklahoma came from these open surface water bodies (U.S. Geological
Survey, 2010). Some water-use sectors rely more heavily on open surface water bodies as a percentage of their total water use than others,
especially thermoelectric power (99%), public water supply (82%) and
livestock (65%) (U.S. Geological Survey, 2010). From 1980 to 2009,
Oklahoma's soil moisture continuously declined due to decreased precipitation and increased land surface net radiation and temperature
(Lin et al., 2013). The prevailing climate models have predicted more
frequent and intense droughts in the Southern Great Plains due to
changes in precipitation intensity and frequency (Shafer et al., 2014).
In the context of climate change and variability, changes in water
body area and number would undoubtedly affect human society and
ecosystems. However, these questions have not been well addressed
because studies on this subject are limited in Oklahoma. It is still unclear
how open surface water bodies, mostly manmade, have and will respond to a changing climate.
The objective of this study was to investigate the spatial-temporal dynamics of open surface water bodies and analyze their relationship with
climate variability and anthropogenic water exploitation in Oklahoma.
We used all of the Landsat 5 and 7 surface reﬂectance images and a
water index- and pixel-based algorithm to detect surface water body
changes from 1984 through 2015. Four water body extent maps (maximum, year-long, seasonal, and average) for each year were generated
based on annual water body frequency at the pixel level, which better
represented water body status in a more comprehensive way. We analyzed the trends and variations of both water body area and number of
four different water body extents. With a continuous long record of
water body area and number in a climatic transition zone of widely
variable weather, the relationship between water body variability,
climate factors (precipitation and temperature) and anthropogenic
water exploitation (surface water withdrawals) were analyzed. This
study aimed to develop a systematic approach for monitoring changes
in the area and number of water bodies in Oklahoma using remote
sensing, and to understand the effects of climate change and water
exploitation on water bodies. This study provided useful implications
for future adaption to climate change in agricultural, industrial, and
environmental protection sectors.

2. Materials and methods
2.1. Study area
Oklahoma is located in the south central United States (SOM 2),
with an area of ~ 181,000 km2 (U.S. Census Bureau, 2010). Its altitude
decreases gradually from the high plains in the west to the forest
dominated landscape of the east. Oklahoma's temperature decreases
from south to north while its precipitation decreases from east to
west. The statewide long-term annual average temperature and annual total precipitation are 15.4 °C and 857.8 mm respectively
(Oklahoma Climatological Survey, 2016). The 147 most imperative
lakes and reservoirs, featured in Lakes of Oklahoma (OWRB and
ODWC, 2015), were built between 1902 and 1997. Ninety-four percent of these water bodies existed before the beginning (1984) of
our study period. Oklahoma has approximately 3000 lakes,
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reservoirs, and ponds that are 4 ha or more in size. Of these, there are
53 lakes that span N400 ha (OWRB and ODWC, 2015).
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and 1984 through 2015 were shown in supplementary online
material 3 (SOM 3).
2.3. Methods

2.2. Data
We made use of the Landsat 5 and 7 surface reﬂectance data archive in Google Earth Engine (GEE) (Google Earth Engine, 2017),
which is about 16,000 images of our study area. These datasets
were computed from the Landsat standard Level 1 Terraincorrected (L1T) images in USGS using Landsat Ecosystem
Disturbance Adaptive Processing System (LEDAPS) algorithms
(Department of the Interior U.S. Geological Survey, 2012). Observations of unacceptable quality, caused by invalid pixels, cloud, and
snow, were excluded in our calculation based on the corresponding
masks in the 8-bit quality band in each image. The availability of
high quality observations was crucial to the generation of the annual
water body maps. Landsat tiles and the total image number of each
tile in the last 32 years were shown in Fig. 1a. The numbers of available images in each year are shown in Fig. 1b, and the distribution of
average annual good observations of all pixels from 1984 through
2015 are shown in Fig. 1c. More than 99.9% of the pixels had 14 or
more good observations per year. On average, there were about 25
good observations per pixel in a year. Total observations, total good
observations, and percentage of good observations by pixel in 2015

2.3.1. Algorithms to identify open surface water bodies
Despite the advantage of mNDWI over NDWI in the remote sensing
of water bodies (Feyisa et al., 2014; Ji et al., 2009; Xu, 2006), the mNDWI
approach still has commission error in those mixed pixels of water and
other land cover types. In particular, vegetation over a wet surface is one
of the major causes for commission error in open surface water body
mapping (Santoro et al., 2015). In this study, we combined mNDWI
and vegetation indices (NDVI and EVI) to reduce the effects of vegetation on water body mapping algorithm (SOM 4), which has been addressed in our previous studies (Dong et al., 2015; Xiao et al., 2006;
Xiao et al., 2005). Speciﬁcally, we detected only pixels with water signal
that was stronger than the vegetation signal as actual water pixels
(mNDWI N NDVI or mNDWI N EVI). In order to further remove the
noise caused by vegetation, EVI was applied to exclude the wetland
pixels with vegetation (EVI b 0.1). Therefore, only those pixels that
met the criteria ((mNDWI N NDVI or mNDWI N EVI) and (EVI b 0.1))
were classiﬁed as open surface water body pixels. The remaining pixels
were classiﬁed as non-water pixels (SOM 5). Two case studies showing
water detection in built-up land and vegetated area were included in
the supplementary online material 6 (SOM 6). This method was

Fig. 1. Landsat data. (a) Landsat tiles and total Landsat 5 and 7 image numbers of each tile from 1984 through 2015, (b) total Landsat 5 and 7 images of the study area in each year,
(c) distribution of the average annual good observations from 1984 through 2015, including pixel number percentages of good observations in red bars and cumulative percentages in
black curve.
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validated using 1 m spatial resolution images as ground reference data
in the platform of ArcMap 10.3.1, and the resultant maps of open surface
water body had reasonable accuracy (SOM 7).
We used these mapping methods and GEE cloud-computing platform to identify open surface water bodies on all of the 16,000 Landsat
images during 1984–2015. For each pixel, we counted the number of
observations within a year it was identiﬁed as open surface water
body, and then divided it by the total number of good observations in
that year. We termed the resultant ratio as water body frequency.
When the pixel had an annual water body frequency greater than or
equal to 0.25, it was classiﬁed as effective open surface water pixels.
This ≥0.25 frequency limit was chosen because we need to reduce the
potential error from the uncertainty in image data quality ﬂags and
other small probability problems in image preprocessing (SOM 8). All
of the effective open surface water pixels in a year formed the maximum
water body extent. Water pixels with an annual water body frequency
greater than or equal to 0.75 were classiﬁed as year-long water pixels
since they have water most of the year. The remaining water pixels,
with a water body frequency spanning from 0.25 to 0.75, were classiﬁed
as seasonal water pixels. For each year, we generated annual maps of
maximum water bodies (water body frequency ≥ 0.25%), year-long
water bodies (water body frequency ≥ 75%), and seasonal water bodies
(25% ≤ water body frequency b 75%) respectively, and then calculate the
areas of maximum, year-long and seasonal water bodies correspondingly. Annual average water body area is calculated as a product of all the
effective water body pixels and the length of water body (water body
frequency) (SOM 9).
We also compared these resultant maps with previous studies for
the purpose of inter-comparison. Since most of the available water
body data and maps were static or in a speciﬁc year (Lehner and Döll,
2004; Verpoorter et al., 2014), we used the annual maximum water
body extent in 2000, 2001, 2006, and 2011 to compare with the Global
Inland Water (GIW) dataset of 2000 (Feng et al., 2016), National Land
Cover Database (NLCD) of 2001 (Homer et al., 2004; Homer et al.,
2007; Vogelmann et al., 2001), NLCD of 2006 (Fry et al., 2011), and
NLCD of 2011 (Homer et al., 2015) (SOM 10).
2.3.2. Analysis of inter-annual variations and trends of open surface water
bodies
The area of maximum, year-long, seasonal, and annual average
water body extent in all years (1984–2015) were calculated. Their
inter-annual variations during 1984–2015 were analyzed using anomaly analysis while their changing trends were analyzed through linear regression analysis. Water pixels adjacent to each other in the maximum
and year-long water body raster maps were merged and converted into
vectors respectively. The number of maximum and year-long water
bodies in each of the last 32 years was counted and their inter-annual
variations and changing trends from 1984 through 2015 were also analyzed through anomaly and linear regression analysis.
2.3.3. Effects of climate and water exploitation on the numbers and areas of
open surface water bodies
Multiple linear regression analyses were conducted to explore the
relationship between climate, anthropogenic water exploitation, and
the variability in the number and area of water bodies. The dependent
regression variables of the six regression models were maximum
water body area and number, year-long water body area and number,
seasonal water body area, and annual average water body area from
1985 through 2015. The climate factors included statewide annual
total precipitation and annual average temperature from the Oklahoma
Climatological Survey (McPherson et al., 2007). The water exploitation
was represented by the statewide annual surface water withdrawal,
data on which is gathered every 5 years by U.S. Geological Survey
(U.S. Geological Survey, 2010). This surface water withdrawal data
was interpolated into annual water withdrawal data spanning from
1985 through 2015 (SOM 11). Water body condition of current year

changes from the water body condition of the previous year because
of the legacy effect. Thus, the dependent variable in the previous year
of each model was used as an independent variable of the subsequent
year, serving as the base of water body change in the subsequent year.
3. Results
3.1. Characterizing spatial pattern of open surface water bodies in 2015 and
1984–2015
There were 3.3 million water pixels in both the annual water body
frequency map of 2015 and the cumulated water body frequency map
of 1984–2015, which represented a maximum water body extent of
2980 km2 and accounted for ~ 1.6% of the entire state of Oklahoma
(Fig. 2a–b). The distribution of different water body frequency levels
of 2015 and 1984–2015 (Fig. 2c–d) showed that about 70% of the
water pixels had a water body frequency greater than or equal to 0.75.
These water pixels formed the interior portions of large lakes, water reservoirs, and major rivers that were able to maintain water throughout
the year. However, water at the shallow edges of these large water bodies would dry up at times due to ﬂuctuations in the water level. For example, the center of Keystone Lake (Fig. 2a–b insets) had water body
frequency values close to 1, which meant that it always had water in
the deepest part of the lake. The upper part of the lake had water
body frequency values around 0.7, which indicated that portion of Keystone Lake could dry up at times and was not very deep. The water body
frequency values where the river joined the lake were below 0.5, which
indicated that this area only had water during periods of high precipitation and that these portions of the lake were shallow. A large number of
small water bodies had a low water body frequency, meaning that they
only existed for several months during the wet season or became so
small that they could not be detected. The number of water pixels observed in each of the last 32 years was distributed across 8 water body
frequency levels in Fig. 2e. The majority of water body pixels had a
high water body frequency. There were also some inter-annual variations among different water body frequency levels.
Out of the 3.3 million water pixels in 2015 (SOM 12), there were
about 2.3 million year-long water body pixels, which formed the central
part of large lakes, reservoirs, and major rivers. The remaining
1.0 million pixels indicated seasonal water bodies, which were
comprised of small ponds, minor rivers, and the edges of large water
bodies. In 2015, the maximum water body area was 70% year-long
and 30% seasonal.
3.2. Inter-annual variation of open surface water bodies during 1984–2015
The maximum, year-long, seasonal and average water body areas
showed similar patterns of variation from 1984 through 2015, which
were also similar to the variability of precipitation (Fig. 3). The annual
maximum water body area from 1984 through 2015 varied between
2548 and 3224 km2, which was 14% below to 9% above its average
value (~ 2966 km2). The year-long water body areas varied between
− 12% and 9% of its average value (2302 km2), while the seasonal
water body areas had the largest variability, from 23% below to 34%
above its average value (665 km2). The annual average water body
area best described the average water body extent within one year
since it considered the length of water existence of all effective water
pixels. The annual average water body area in the last 32 years varied
between 2205 and 2758 km2, which was 12% below to 9% above its
mean value (2520 km2). Statistically signiﬁcant downward trends
were found in the maximum water body areas (R2 = 0.29, p =
0.001), year-long water body areas (R2 = 0.28, p = 0.002), and annual
average water body areas (R2 = 0.37, p b 0.001) in the last 32 years
(Fig. 3). These downtrends indicated shrinkage of total, statewide
water body area. According to the linear regression model, the
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Fig. 2. Water body frequency distribution in Oklahoma. Water body frequency map of 2015 (a) and 1984–2015 (b). The distribution of different water body frequency levels with a bin of
0.05 in 2015 (c) and 1984–2015 (d). Distribution of different water body frequency levels with a bin of 0.1 in 32 years (e).

statewide annual average water body area shrank 10 km2 each year
over the last three decades (Fig. 3d).
The number of maximum and year-long water bodies showed
similar patterns of variation from 1984 through 2015 (Fig. 4), which
again were similar with those of water body area variations (Fig. 3).
The annual maximum water body number in the last 32 years varied
between 54,000 and 92,000, which was 32% below to 16% above the
average value (79,000). The average year-long water body number
from 1984 through 2015 was 36,000, varying between 24,000 and
45,000, which was 33% below to 25% above its average. Statistically
signiﬁcant downward trends were found in the maximum water body
numbers (R2 = 0.48, p b 0.001) and year-long water body numbers
(R2 = 0.28, p = 0.002) over the last 3 decades. These decreasing trends
in water body number indicated that some water bodies may be
disappearing annually.
All of the water bodies in the maximum water extent of each year
were classiﬁed into 10 ranges based on water body size. The distribution
of water body number and area in different classiﬁcations were shown
in Fig. 5a–b. On average, the number of water bodies larger than
100 ha was only about 138, which made up ~0.18% of the total number
of water bodies. However, these larger water bodies contributed 80% of
the total water body area on average. The inter-annual variation in area
of these large water bodies contributed ~ 68% of the statewide water
body area variation. In comparison, water bodies smaller than 0.5 ha
accounted for 77% of the total number of water bodies on average, but
they comprised only 3.6% of the total water body area. These small
water bodies accounted for ~71% of the statewide inter-annual variation
in the number of water bodies. Therefore, variability in water body area

was inﬂuenced most by the large water bodies, and the variation in the
number of water bodies statewide was mainly contributed by the small
water bodies.
3.3. Effects of climate and anthropogenic water exploitation on the interannual variability of open surface water bodies during 1984–2015
3.3.1. Effects of precipitation, temperature, and water withdrawal on the
variability of open surface water bodies
Multiple linear regression was performed with SPSS Statistics 19
using the “stepwise” method for explanatory variable selection. The variance inﬂation factor (VIF) was used as the collinearity index. The VIFs
for all input explanatory variables of each model were below 2.4
(SOM 13). The results of multiple linear regression analysis were
shown in Table 1. Precipitation had statistically signiﬁcant positive effects on all six analyses. Precipitation is the major water source for Oklahoma open surface water bodies. Basically, more precipitation leads to
more water bodies and a larger water body area. Temperature had statistically signiﬁcant negative effects on the annual average water body
area, year-long water body area and number. Higher temperature will
increase evaporation in addition to other factors, such as higher wind
speed, lower concentration of water vapor in the air, lower air pressure,
larger surface area etc. Higher temperature may also increase agricultural water demands. Thus, higher temperature may reduce water
body area and number. Surface water withdrawal had negative effects
on the annual average water body area, year-long water body area
and number. In Oklahoma, total surface water withdrawal increased
from 707 million gallons per day (Mgal/day) in 1985 to 1140 (Mgal/
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Fig. 3. Inter-annual variations of water body area in different water extents, including maximum (a), year-long (b), seasonal (c), and average (d) water body extents. (e) Statewide annual
total precipitation and annual average temperature.

day) in 2010 (U.S. Geological Survey, 2010). The surface water was
mainly used for public supply (55%), thermoelectric power (18%), irrigation (13%), and livestock (9%). The surface water withdrawal for public supply, irrigation, and livestock increased gradually from 1985 to
2000 and then decreased gradually from 2000 to 2010. In comparison,
the surface water withdrawal for thermoelectric power before 2000
was relatively stable but increased rapidly from 143 (Mgal/day) in
2000 to 384 (Mgal/day) in 2010. Generally, these sectors divert water
from year-long water bodies (large lakes, reservoirs, and major rivers),
thus having more direct effects on the variability of these large yearlong water bodies.

The water body area and number of the previous year had statistically signiﬁcant positive effects on all six analyses, except the seasonal
water body area. The water body extent of one year is gradually
changed from the water body extent of the previous year. The water
bodies that exist through one year will become the water bodies of
the next year, positively affecting the water body extents of the subsequent year. As for seasonal water bodies, they last shorter than
9 months by deﬁnition. Thus, seasonal water bodies in one year may

Fig. 4. Inter-annual variations of the number of (a) maximum water bodies and (b) yearlong water bodies.

Fig. 5. Water body number and area distribution at different water body size levels,
(a) water body number distribution, and (b) water body area distribution.
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Table 1
Multiple linear regression analyses of water body area and number with precipitation, temperature and surface water withdrawal in Oklahoma. The six dependent variables are maximum
water body area (MWBA), maximum water body number (MWBN), year-long water body area (YWBA), year-long water body number (YWBN), seasonal water body area (SWBA) and
annual average water body area (AAWBA). P and T are the statewide annual total precipitation and annual average temperature respectively. SWW is the statewide surface water withdrawal in million gallons per day. MWBAp, MWBNp, YWBAp, YWBNp, SWBAp, and AAWBAp denote the water body status in the previous year. R2 is the proportion of variance in the dependent variable which can be explained by the selected explanatory variables. SEE is the standard error of the estimate. F and Sig. are the F-statistic and the p-value associated with it.
Maximum water body
area

Maximum water body
number

Year-long water body
area

Year-long water body
number

Seasonal water body
area

Annual average water
body area

Variable

Coeff.

Variable

Coeff.

Variable

Coeff.

Variable

Coeff.

Variable

Coeff.

Variable

Coeff.

P
T
SWW
MWBAp
Constant

0.76⁎⁎⁎

P
T
SWW
MWBNp
Constant

29.14⁎⁎

P
T
SWW
YWBAp
Constant

0.26⁎
−57.16⁎
−0.23⁎
0.48⁎⁎⁎
2065⁎⁎⁎

P
T
SWW
YWBNp
Constant

14.65⁎⁎⁎
−3038.99⁎⁎
−9.95⁎
0.29⁎
68535⁎⁎⁎

P
T
SWW
SWBAp
Constant

0.37⁎⁎⁎

P
T
SWW
AAWBAp
Constant

0.37⁎⁎
−55.87⁎
−0.30⁎
0.37⁎
2396⁎⁎

0.55⁎⁎⁎
644

Model summary
0.64
R2
SEE
119
F
24.79
Sig.
0.000

0.64⁎⁎⁎
286

Model summary
R2
0.59
SEE
7160
F
20.49
Sig.
0.000

Model summary
R2
0.72
SEE
81
F
16.75
Sig.
0.000

Model summary
R2
0.79
SEE
2791
F
24.48
Sig.
0.000

321⁎⁎

Model summary
R2
0.36
SEE
78
F
16.30
Sig.
0.000

Model summary
R2
0.73
SEE
89
F
17.79
Sig.
0.000

⁎ p b 0.05.
⁎⁎ p b 0.01.
⁎⁎⁎ p b 0.001.

dry up some time within that year and have no signiﬁcant effects on the
water bodies of the subsequent year.
3.3.2. Variation of open surface water bodies in a dry and wet year
Precipitation is one of the most dominant climate drivers of water
availability (Bates et al., 2008). Therefore, precipitation has strong effects on the water body area and number. Statewide annual total precipitation in 2006 and 2007 was 780 mm and 1150 mm, respectively.
Compared with the average precipitation over the 32 years (934 mm),
2006 was a dry year while 2007 was a wet year. Fig. 6 shows the distribution of statewide water body area and number at the maximum
water body extent for 2006 and 2007. In the wet year of 2007, the
area and number of water bodies were much larger than those in the
dry year of 2006. The number of water bodies in 2006 was about
60,000, which was 27,000 less than that of 2007 (87,000). The additional 27,000 water bodies in 2007 were mainly small water bodies, of
which 21,000 were smaller than 0.5 ha, 3000 were between 0.5 and
1 ha, and 2000 were between 1 and 5 ha. Accordingly, the changes in
total number of water bodies in each year were mainly caused by
changes in the number of small water bodies. The existence and detection of these small water bodies were strongly affected by the amount of
precipitation. The maximum water body area in 2006 was about
2596 km2, which was about 550 km2 less than that of 2007

Fig. 6. Water body number and area distribution of the maximum water body extent in a
dry (2006) and wet (2007) year, (a) water body number distribution, (b) water body area
distribution.

(3143 km2). Of the additional 550 km2 water area in 2007, 68% was attributed to the increase in area of 148 large water bodies (N 100 ha).
Thus, the variability in water body area was mainly caused by variations
in the surface area of large water bodies.
4. Discussion
4.1. Advantages and uncertainties of this study
Oklahoma has a large number of small ponds and lakes, and these
small water bodies tend to have large temporal variability in extent
(i.e., size and water body frequency). In order to characterize the
intra-annual and inter-annual variations of the water bodies, we proposed four water body extent related indicators derived from water
body frequency maps (maximum = sum area of all effective water
body pixels within a year; year-long = pixels covered by water for at
least 75% of the year, seasonal = pixels covered by water between 25
and 75% of the year, and average = all the effective water body pixels,
weighted by the water body frequency). Together, these indicators captured a more complete picture of the variability of surface water bodies.
A recent global water body mapping study provided the time of water
presence and location of water change in terms of seasonality and persistence (Pekel et al., 2016). However, because of the global scale involved, Pekel et al. (2016) didn't include such details as the annual
change in water body area and number of different water extents, nor
any information regarding the annual average water body extent. In addition, our algorithm had a robust performance based on the combined
relationships for mNDWI and EVI/NDVI, instead of a certain threshold.
The constant thresholds in previous studies could be subjective and
time-consuming (Feyisa et al., 2014), and also difﬁcult to extrapolate
to other regions due to their variances in different images and locations
(Ji et al., 2009).
The classiﬁcation error of this study was mainly caused by omission
error (Table S2 in SOM 7). Omission error was reported greater than
commission error in most water indices (Feyisa et al., 2014; Fisher
et al., 2016; Li et al., 2013). Mixed pixels at the edge of water bodies
could be a major reason for water pixel omission (Fisher et al., 2016).
Narrow rivers and streams were often not or only partially detected because of the weak water signal in the mixed pixels (Feng et al., 2016).
The major rivers in Oklahoma often have broad, sand-ﬁlled channels
with active water courses occupying a small portion of the river bed
(Johnson and Luza, 2008). Thus, many rivers and streams had low
water body frequency in our study and appeared in the seasonal
water body maps rather than year-long water body maps. The low
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albedo surfaces, including asphalt roads, shadows of mountains, buildings, trees, and clouds are the major source for commission error in
water classiﬁcation (Feng et al., 2016; Feyisa et al., 2014; Verpoorter
et al., 2012). Although the cloud mask band was applied in data preprocessing, the undetected residual cloud and cloud shadows would still
contribute to commission error. The water body frequency threshold
(0.25) used here could remove most of the temporal noise out of the
water body frequency maps. However, while removing the noise, the
frequency threshold also removed some temporary water signals,
which may have led to the underestimation of water body area.
4.2. Driving factors of water body changes
Before 2011, anytime the maximum water body area had a drop of
N200 km2 (1996, 1999 and 2006), it began to recover in the following
year (see Fig. 3a). However, in 2011, when the maximum water body
area dropped 300 km2, it continued dropping in 2012 and remained
low through 2013 and 2014. The shrunken water body area from
2011 to 2014 was very likely caused by the long-lasting drought in Oklahoma from 2011 to 2014 (Hoerling et al., 2014; Kogan and Guo, 2015).
In 2012, when the statewide annual precipitation was the second lowest (653 mm) in the last 32 years (Fig. 3e), the maximum water body
area was the smallest (2548 km2). The Southern Great Plains of the US
are expected to have more frequent and more intense droughts in the
future (Shafer et al., 2014). Thus, there is a higher probability for the
total water body area to be smaller and a higher chance for the water
body area to decline to a new low record – both issues will pose more
challenges to the human society and the affected ecosystems. In addition to the climate-based driving factors, anthropogenic activities, including agricultural irrigation, energy production, consumptive water
use and water management can also cause changes in open surface
water bodies (Liu et al., 2013; Tao et al., 2015). More analysis regarding
the inﬂuence of human activities on surface water bodies should be considered in future studies.
This study also indicated that smaller lakes or ponds were more vulnerable in comparison with larger water bodies in drought situations.
According to the zonal statistics of the 2015 water body frequency
map, water body size had a signiﬁcant logarithmic relationship with
its average water body frequency (SOM 14). Larger water bodies had
higher average water body frequencies, indicating that they have higher
probabilities to have water throughout the year. On the contrary, smaller water bodies had lower average water body frequencies, meaning
that they had a higher risk to completely evaporate sometime during
a given year.
4.3. Consequences of water body area shrinkage
Statistically signiﬁcant downward trends were found in water body
area and number over the last 32 years, which indicated the shrinkage
of water body area and the gradual vanishing of some water bodies.
Open surface water bodies are the major water source for public supply,
thermal electric power industry, and livestock production in Oklahoma.
The shrinkage of water body area could have a huge inﬂuence on
Oklahoma's socioeconomic systems. The prolonged drought in 2011
and 2012 reduced the water body area of Oklahoma to a great degree.
For example, the water levels of Oklahoma City's Lake Hefner were at
an all-time low and water from other lakes had to be siphoned for public
supply (Campﬁeld, 2013). Thermoelectric plants depend on surface
water for cooling, fuel processing, and emission control. Water withdrawals for thermoelectric power in Oklahoma increased 170% from
2000 to 2010 (U.S. Geological Survey, 2010). The shrinkage of water
area could limit the availability of water for withdrawal, expose the
water intake structures, and increase water temperatures beyond regulations (Argonne National Laboratory, 2012). Similarly, decreased surface water supplies can threaten Oklahoma's 8 hydroelectric projects,
which supplies electricity to about 2 million users across Oklahoma

and 5 bordering states (USACE, 2017). The cattle market is the dominant
livestock industry in Oklahoma, with approximately 5.5 million cattle
and calves on farms and ranches, ranking the state third in the nation
for beef cow production (Oklahoma Water Resources Board, 2011).
Oklahoma accounts for about 9% of the total freshwater withdrawals
for livestock in the US, ranking the state third behind California and
Texas (Oklahoma Water Resources Board, 2011). Sixty-ﬁve percent of
this freshwater in Oklahoma was obtained from open surface water
bodies (U.S. Geological Survey, 2010). Oklahoma's livestock industry is
sensitive to the availability of water resources, as seen after the 2011
drought, when the number of cattle and calves in 2012 decreased
about 20% to 4.2 million compared to 2007 (5.4 million) (USDA-NASS,
2014). Thus, the trends in water variability discovered in this study
should be considered in Oklahoma water resource planning, especially
in the sectors of public water supply, hydroelectric and thermoelectric
power, and livestock.
Oklahoma is one of the most ecologically diverse states in the nation. It
is one of the four states to have more than ten Level III ecological regions
(Woods et al., 2005). The shrinkage of water area could also pose threats
to these diverse ecosystems. The 2011 drought decreased the ﬂow of the
Kiamichi River, Little River, and Mountain Fork River in southeastern
Oklahoma substantially and changed the typical continuous ﬂow to discontinuous ﬂow, resulting in the creation of a series of shallow pools
along the river channels (Atkinson et al., 2014). From 1992 to 2011, the
drought-induced reductions in stream ﬂow and surface water area of
Kiamichi River had led to a N 60% decline in mussel populations
(Vaughn et al., 2015). These changes caused the decrease of mussel density and biomass, and a subsequent loss of mussel-provided ecosystem
services (Atkinson et al., 2014). There are a large number of small water
bodies distributed across the entire state of Oklahoma. A reduction in
the size and number of these small water bodies could lead to the loss
of wetlands and threaten the aquatic species that depend on these small
water bodies for survival. The annual water body frequency map of the
last 32 years and the cumulated water body frequency map of 1984
through 2015 could be used to identify vulnerable aquatic ecosystems
that may be subject to drying in future drought years. Thus, actions
could be taken to protect endangered aquatic species.
5. Conclusions
Oklahoma has the largest number of artiﬁcial lakes in the United
States. Therefore, this water body variation study is helpful to private
and public natural resource managers and improves our understanding
of water resource vulnerability in the Southern Great Plains, which is
experiencing increased variability in climate. In this study, the Landsat
5 and 7 surface reﬂectance archive from 1984 through 2015 was used
to characterize water body variations at 30 m spatial resolution. Using
these data, both the area and number of different water body extent indicators were analyzed to investigate the water body variability and determine trends over the last 32 years. The water body area of the
maximum, year-long, and average water extents showed signiﬁcant
downward trends over the last three decades, indicating that open surface water bodies are gradually shrinking in Oklahoma. Statistically signiﬁcant downtrends were also found in the number of water bodies in
the maximum and year-long water extents in the same period, suggesting that water bodies were vanishing annually. Both the water body
area and number underwent obvious variations over the study period.
The variability in statewide water body area was mainly inﬂuenced by
changes in the spatial extent of large water bodies, while the variability
in the total number of water bodies was mainly inﬂuenced by the small
water bodies. Precipitation had statistically signiﬁcant positive effects
on water body area and number while temperature had negative effects. Surface water withdrawals mainly impacted the year-long water
bodies. The datasets generated by this study can aid planning in the
areas of water resource management, agricultural irrigation, livestock
production, and ecological conservation.
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