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Trend analysis of the decadal variations of water bodies
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ABSTRACT
Water is a primary element for human life on Earth. Fresh water, which includes rivers, lakes,
streams, and ponds, contributes less than one thousandth of a percent of the total water on Earth,
but it is critical for the environment and human life. Change in land use and land cover (LULC) is a
foremost concern in global environment change. Rapid changes in LULC lead to the degradation of
ecosystems and have adverse effects on the environment. There is an urgent need to monitor
changes in LULC and evaluate the effects of these changes in order to inform decision makers on
how to support sustainable development. This study used Moderate Resolution Imaging
Spectroradiometry images to detect and investigate changes in LULC patterns in Gilgit-Baltistan,
Pakistan, between 2008 and 2017. Six types of LULC were used to explain the major changes of LULC
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in the study area. The results showed that there was a reduction of barren lands and an increase of
urban areas. It also showed an inconsistent behavior of water bodies during the study. Snow area,
which also increased, needs further investigation.
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Comprehensive overview of six different LULC (barren, snow, urban, forest, water bodies, and
wetlands) in Gilgit Baltistan were studied.
Representation of the variation in spatial, temporal, compositional, and conﬁgurational patterns
of different LULC were assessed using MODIS data.
Trend analysis of LULC changes over the last decade was measured using the Mann–Kendall test
and Sen’s Slope Estimator.
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GRAPHICAL ABSTRACT

INTRODUCTION
Freshwater resources are a primary necessity for human life

study of changes in land use at the Stockholm Conference

on Earth; however, comprehensive evidence about variations

on the Human Environment in 1972, and the second meet-

in freshwater bodies and the capacity to store the water from

ing was held 20 years later in 1992 at the United Nations

these water bodies is surprisingly limited (Khandelwal et al.

Conference on Environment and Development. In the

). Despite the signiﬁcance of research into long-term vari-

meantime, the International Human Dimension Programme

ations and trends of freshwater sources, the current global

and International Geosphere and Biosphere Programme

awareness is surprisingly inadequate (Döll et al. ).

(IGBP) have established a group to organize a research pro-

Water ﬂows on the Earth’s surface, water storage on the

gram and encourage research activities into LULC changes

land surface, and water storage under the Earth’s surface

(Fan et al. ).

have key roles in sustaining human life and maintaining the

In recent years, the continuous monitoring of water

ecological system. They have been gradually transformed by

resources with respect to natural and man-made changes

human activities including urbanization, deforestation,

has been a concern all over the world. Study of spatio-

greenhouse gase production changes in land use, and the con-

temporal dynamic of surface water, conﬁgurational and

struction of dams and barrages, many of which cause severe

compositional features of water areas and their link with

and rapid ﬂooding and can affect atmospheric processes,

different LULC types are vital for managing and protecting

sea level increment, and global biogeochemical cycles.

ecosystems of speciﬁc types because these type a are often

These transformations affect whole ecosystems across most

highly vulnerable to human activities like tourism and

regions of the world, and rapid development by humans is

urbanization. Zhichao Li and Yujie Feng recently presented

leading to water scarcity. Surface water observation is a func-

a study about the monitoring of water body patterns in a

tional necessity to study the processes of ecology and

Mediterranean lagoon using remote sensing techniques.

hydrology (Huang et al. ). It is important to characterize

The spatio-temporal dynamics of water surface by water fre-

the natural and human component of freshwater systems for

quency index was studied on a yearly basis (Li et al. ).

environmentally friendly land and water management systems and for a better ecosystem.

Remotely sensed data using satellites has been widely
adopted to determine the amount of LULC change across

One of the major issues of global environmental change

the world (Ehlers et al. ; Treitz et al. ; Harris &

is land use and land cover (LULC) change. The scientiﬁc

Ventura ; Xia ; GAR-ON YEH & LI ; Weng

research community ﬁrst met for the purpose of productive

).
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Resolution Imaging Spectroradiometer (MODIS) have

However, the spatial and temporal dynamics of surface

been extensively used to study large-scale areas over a

water over a long period in this area of research has not

long time period (Hu & Zhang ; Mertes et al. ).

given much attention to the researchers. In addition, studies

MODIS have great potential for consistent large-area

have not yet been conducted on the linkage of surface

land surface monitoring because of its frequent revisit

hydrodynamics with the types of LULC. In this regard,

times and wide swaths. Nearly daily observations have

this study focuses on a comprehensive overview of surface

enabled reliable spatial analyses of land surface phenol-

water dynamics in Gilgit-Baltistan, Pakistan, as well as the

ogy more reliable (Ganguly et al. ). Multi-temporal

diagnosis of the effects of natural and human activities on

MODIS normalized difference vegetation index (NDVI)

frequency of water changes during the period 2008–2017,

composites and a standard normal distribution statistical

including the following:

approach was applied to detect land cover changes on a

•

yearly basis. Successful results were achieved for detection of changes in non-agricultural areas using a 4-year
MODIS time series from 2002 to 2005 (Lunetta et al.
). Annual mapping of LULC changes using MODIS

•

time series for Inner Mongolia for 2000–2011 was carried
out successfully (Yin et al. ). LULC maps for the
Lower Mekong Basin were developed using MODIS imagery, which showed an 87% accuracy for this area (Spruce

•

Monitoring all frequency maps on a yearly basis using all
MODIS (MCD12Q1) images available from 2008 to
2017.
Studying the variation in spatial, temporal, compositional, and conﬁgurational patterns of water areas
using MODIS data.
Analyzing the connection between different LULC types
and yearly surface water dynamics based on maps created by MCD12Q1.

et al. n.d.).
However, the spatial resolution of MODIS is not great
for detecting small patches of water. Satellite images with
high spatial resolution have been useful in such cases to

METHODS AND DATA

obtain detailed geographical information about LULC.
However, their resolution does not have great temporal res-

The MODIS Land Cover Type MCD12Q1 uses six land

olution and they cannot perform a continuous observation

cover legends to deliver an annual collection of science

at a comparatively large spatial scale. Fast and simple

data sets (SDS) for global land cover with a spatial resol-

extraction of water bodies from remote sensing images

ution

are often done by multi-spectral thresholding methods. It

classiﬁcations of spectro-temporal features data obtained

is especially useful for large-scale and long time series

of

500 m.

Data

were

provided

based

on

from MODIS (Sulla-Menashe & Friedl ).

studies. In general, to extract the water body by MODIS

In this study, MODIS Land Cover Data MCD12Q1 v.6

imagery, single band thresholds or index methods cannot

and the IGBP classiﬁcation layer (which is a yearly compo-

efﬁciently handle the effect of cloud shadows and moun-

site at spatial resolution of 500 m) is used. A total of 20 tiles

tains, and the spectral relationship method will cause the

from 2008 to 2017 (the latest data is available at the end of

reduction of spatial resolution of data (Huang et al. ).

manuscript) was used to extract land cover information for

Water patches are important for wildlife because they
offer a food source, breeding areas, a safe refuge and they

Gilgit-Baltistan (downloaded from https://earthexplorer.
usgs.gov; Yao et al. ().

harbor many animal and plant species that would not survive in the adjacent landscape. Obviously, monitoring the
surface

water

dynamics

for

water

management

Data-preprocessing

is

very important. However, the monitoring of water bodies

Covers a large area of ground, from which a subset of Gilgit-

dynamics is also important for ecosystem valuation

Baltistan images was extracted. MODIS land products are pro-

(Ahamad et al. ) and biodiversity preservation over a

vided by the U.S. Geological Survey in hierarchical data

long period of time (Li et al. ).

format, and the projection of this data is a sinusoidal (SIN)
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projection. Conventional data-processing software cannot

sea level (ASL)–approximately 90% is situated above

handle storing this format and projection, and therefore, for

3,000 m above ASL and 12% is above 5,500 m ASL (Bin

further use, each scene is re-projected as a more commonly

& Yinsheng ). The Indus River Basin water catchment

used projection known as Universal Transverse Mercator

relies on Gilgit-Baltistan, and the, majority of Pakistan is

(UTM, WGS84) (Huang et al. ). The study area consisted

dependent on the area for hydroelectrically and for irriga-

of two tiles from the MCD12Q1 images and so preprocessing

tion. The high mountain region is dominated by winter

of the data involved the seamless combination of the mosaic of

rain and is the backbone for water in Pakistan (Raza et al.

tiles and the preparation of the subsets from the full scenes.

). This region hosts the world’s three longest glaciers outside the polar regions: the Biafo Glacier, the Bartoro

Study area
This paper covers the high elevation region of Gilgit-Balti-

Glacier, and the Batura Glacier. It also has the world’s
second highest mountain, K-2, and several high-altitude
lakes (Figure 1).

stan in northeast Pakistan and includes the mountain
ranges of Karakorum, Hindukush, and Himalayas (Bilal
). Gilgit-Baltistan has a small geographic range which

METHODOLOGY

covers an area of 68,601.28 km2 (75 080 48.1200 E & 37
000 47.3300 N to 77 410 11.8200 E & 35 270 26.0600 N).

Several change detection techniques have been used by

Elevation range of Gilgit-Baltistan is 950–8,538 m above

researchers to identify differences in phenomenon or in

Figure 1

|

Study area with shuttle radar topography mission, digital elevation model values.
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the state of object at different times (Fan et al. ; Bengal

unsigned data with valid range 1–17 and ﬁll value is 255

), such as principal component analysis, rationing of

(Table 1).

images, image differencing, change vector analysis, semiautomated

classiﬁcation,

vegetation

index

differencing,

unilabiate image differencing, direct multi-date classiﬁcation,
and so on (Fan et al. ; Hu & Zhang ). Generally,
change detection methods are categorized into two different
groups. In the ﬁrst one, multiple images obtained at different
times are classiﬁed and the results compared and evaluated

Water bodies and LULC detection
This annual composite data shows effectively and accurately
the spatial and annual variations of surface water and LULC
change during 2008–2017. The mosaicing and reprojection

(i.e. classify and compare scheme) to detect increment or
decrement in water areas. In the second, there is a direct com-

Table 1

|

Information of the IGBP band value used in this study

parison of images obtained at different times, and the results

Band

are classiﬁed into different change levels (i.e. compare and

Class name

value

Class description

classify scheme). Classify ﬁrst and then compare is the most

Forest with needle
leaf trees

1

The canopy is greater than 2 m
of evergreen conifer trees, the
tree cover is greater than 60%
area.

Forest with broadleaf
trees

2

The canopy is greater than 2 m
of evergreen with broad leaves
and palmate trees, the tree
cover greater than 60% area.

Forest with deciduous
needle leaf trees

3

The canopy is over 2 m and the
trees cover more than 60% of
the deciduous needle leaf
(larch) trees.

Deciduous broadleaf
forests

4

The canopy is over 2 m and the
trees cover more than 60% of
the deciduous broad leaf trees.

Forest with mixed
trees

5

Neither deciduous nor evergreen
(40–60%) tree type, canopy
more than 2 m and tree
coverage of more than 60%.

Wetlands with
permanent water

11

Always swamped lands with 30–
60% water cover and vegetal
cover greater than 10%.

Built-up lands and
urban areas

13

Minimum 30% impervious
surface area should have
asphalt, other building
materials and vehicles as well.

Area with permanent
snow and ice

15

60% area should be covered
with snow and ice for at least
10 months of the year.

Barren lands

16

At least 60% of barren areas
made up of rocks, soil, and
sand. The area of vegetation
less than 10%.

Water bodies

17

Stable water bodies covered the
minimum 60% of area.

Unclassiﬁed data

255

These are missing inputs and do
not have map labels.

widely used methodology in the study of spatio-temporal monitoring surface water (Huang et al. ).
Supervised classiﬁcation with the maximum likelihood
algorithm is also a widely used methodology to classify
MODIS images. In addition, comparison of different classes
after classiﬁcation in change detection technique was used
to evaluate the changed types. Maximum likelihood classiﬁcation works on the assumption that the facts for each class
in each band are normally distributed and computes the
probability that a speciﬁc pixel belongs to a speciﬁc class.
Each pixel is assigned to the class that has the maximum
probability (Hu & Zhang ).
The MODIS Land Cover Type Product (MCD12Q1)
delivers land cover at global scale on an annual basis. This
data is available from 2001 to present date. Supervized
classiﬁcation of MODIS reﬂectance data was used to
create the MCD12Q1 product (Friedl et al. ). A C4.5
decision tree algorithm was used to create the IGBP
scheme in Collection 5 MCD12Q1 that incorporated a full
year of 8-day MODIS Nadir bidirectional reﬂectance distribution function-adjusted reﬂectance data (MCD43A2 and
MCD43A4) (Schaaf et al. ). Substantial changes to the
algorithm to classify and preprocess the data, and to the
input features used in the classiﬁcations in Collection 6
were made to the MCD12Q1 SDS. Primary among these
changes was the advancement of a new legend based on a
nested set of classiﬁcations (Sulla-Menashe & Friedl ).
Another advancement was the gap-ﬁll technique to enhance
the quality of data. The IGBP full name for the SDS is Land
Cover Type 1, and its short name is LC_Type1. It is 8-bit

Downloaded from http://iwaponline.com/ws/article-pdf/21/2/927/860524/ws021020927.pdf
by guest

932

Z. Zafar et al.

|

Trend analysis of water bodies and LULC through MODIS imagery

of downloaded tiles were performed using an Modis repro-

Water Supply

|

21.2

|

2021

and test statistics X are:

jection tool. Tiles were reprojected to WGS 1984 UTM
zone 43N projection system. A shape ﬁle from a survey of
Pakistan was used to extract the study area as a mask in

U¼

In MS Excel, the following formula was used to calculate the percentage of different LULC types:
LULC (T)% ¼ ST/ ΣS × 100

(1)

sig (Yl  Ym )

(2)

m¼1 l¼1

ArcMap 10.3. For further analysis, each image’s pixel
values were transferred to Microsoft Excel.

j
i1 X
X

8
< þ1 if
sig (Yl  Ym ) ¼ 0
if
:
1 if

(Yl  Ym ) > 0
(Yl  Ym ) ¼ 0
(Yl  Ym ) < 0

"
#
b
X
1
i (i  1)(2i þ 5) 
vb (vb  1)(2vb þ 5)
VAR(U) ¼
18
a¼1

where T ¼ type of LULC, S ¼ pixel count value, and ΣS ¼ total
number of pixels. Total six types of LULC (forest, permanent
wetlands, built-up and urban area, permanent snow and
ice, water bodies, and barren lands) was extracted for this
paper.
Forest was extracted with an IGBP band value of 1–5 as

(3)

(4)
8
U1
>
>
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ if
>
>
>
< VAR(U)
X ¼ 0
if
>
>
Uþ1
>
>
> pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ if
:
VAR(U)

U >0
U¼0

(5)

U <0

a combination of all types of forest in this study area. Permanent wetlands with a band value of 11, Urban with a value of
13, permanent snow with a value of 15, barren lands with a
value of 16, and water bodies with a value of 17 were
extracted and converted to the shape ﬁle for further processing. These types of LULC were extracted every year from
2008 to 2017. In this study, continuous changes in LULC
types and their effect of water bodies have been monitored
using percentage and pattern changes of each type for

where YI and Ym are the observations of time series in the
form of occurrence order; i is the time series length i, vb represents the number of given ties for bth value, and b is the
representation of number of tied values. Statistically signiﬁcant trend existance is estimated through the value of X. A
positive value of X denotes an upward trend in the time
series data; negative value of X denote a downward trend
in time series data.

each year.

Trends analysis

Sen’s slope estimator

Mann–Kendall test

To measure the magnitude of trend the non-parametric
Sen’s slope method was used (Wang et al. b; Ye et al.

Generally, due to abruptness in data, the time series is

). Equations (6) and (7) were used to calculate slope esti-

unevenly distributed, making non-parametric tests a better

mate Pt:

choice than parameter tests (Porter et al. ). The nonparametric Mann–Kendall test has been widely used in
time series to test for randomness against trends (Farhan

Pt ¼

Y U  YV
, where U > V
UV

(6)

et al. ; Hasson et al. ; Tahir et al. , ; Azmat
et al. ; Atif et al. ). The Mann–Kendall test is a

where Yu represents the data values at time U and Yv rep-

rank-based non-parametric test for identifying trends in

resents data values at time V. If Yu holds total number of

time series data. To detect signiﬁcant statitical trends in

n values in the time series, we have as many as N ¼ n(n 

this study, the Mann–Kendall test was used. The mathemat-

1)/2 slope estimates Pt. Median of these N values of Pt is

ical equations to calculate the Mann–Kendall Statistics U

Sen’s estimator of slope, where N values of Pt were ranked
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coefﬁcient value suggests a downward trend in the annual

in increasing order, along with the Sen’s estimator.
8
P(Sþ1)=2
>
>
1
>
< 0
P¼ 1 B
C
>
@PS þ PS þ 2 A
>
>
:2
2
2

Water Supply

observation period of 2008–2017. Figure 2 shows the trends
and variation of barren land during 2008–2017.

if S is odd
if S is even

(7)

The second largest landform in this area is snow
and there was a signiﬁcant increase observed during
(2008–2017. The average increase in kilometers was
9,108–9,984 km2 while the percentage increase was 12.48–

An upward trend can be detected by the positive value

13.68%. During 2008–2015, the increase in this landform

of P, while a negative value of P represents a downward

was smooth and constant; however, in 2016 it abruptly

trend in time series.

changed before returning to normal in 2017. In 2016 the
total number of snow patches and total area of snow cover
land was surprisingly high. The Patch sizes are also increas-

RESULTS

ing continuously, which shows the glacier and permanent
snow cover of the area is increasing. Yearly trend analysis

As discussed in Methods, a total of six types of LULC

of snow cover area showed an upward trend during 2009–

(barren land, forest, snow, permanent wetland, urban, and

2018 with the value of X ¼ 3.557 and P ¼ 0.163% per year.

water bodies) were extracted over 10 years using the band

The snow cover trend changes are shown in Figure 3.

threshold method from MODIS (MCD12Q1) data. This

The forests are the third largest landform in the area.

study generated two types of results for the interpretation

During 2008–2017, there was a constant substantial increase

of the LULC changes and their connection with water

in total forest area observed (51.34–55.83 km2). During

bodies from 2008 to 2017. Geographic information system-

2008–2011, the percentage increase remained consistent

based maps were drawn to present a qualitative comparison

(0.07%); in 2011–2014 there was a slight increase (0.08%);

between the change in speciﬁc type of LULC for all 10 years.
Statistical tables were created to give us a quantitative comparison between the changes of any type of LULC for the
last 10 years.
The results showed that barren land is the largest landform in the study area, and over the last 10 years (2008–
2017) there was no signiﬁcant change observed in barren
land, with an average decrease in kilometers of 37,326–
35,999 km2 and percentage of 54.41–52.47%. The decrease
in barren land was very smooth, and no major unexpected behavior change was observed. However, some unexpected

Figure 2

|

Barren land 2008–2017, X ¼ Mann–Kendall value and P ¼ sen’s slope.

Figure 3

|

Yearly snow cover during 2008–2017.

results were found in the total number of land patches.
During 2016, there was a surprising increase of 1,451 patches,
while in years, the change was steady and smooth (1,163–
1,367 patches). This shows that, over time, barren land is
decreasing, but its patches values showed that the barren
land is converting to different types of LULC. In relation to
patch size, the smallest patch pattern had no unexpected
results, but the largest patch size did have some unexpected
values in 2009, 2010, and 2011, and in 2010 it was very unusual. Trend analysis suggests that the barren land in GilgitBaltistan has a decreasing tendency. The Mann–Kendall
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and in 2016–2017 it returned to its normal rate (0.07%).

change. Human activities are limited in the area and did

Overall, the forest area showed a slight and signiﬁcant

not signiﬁcantly affect the LULC. Although urbanization is

upward trend (X ¼ 1.61, P ¼ 0.0015) in Gilgit-Baltistan

increasing, it is in a controlled manner and not alarming.

during the study period (Figure 4). A constant increase in

The water bodies land form was the ﬁfth largest LULC,

number of land patches has also been observed patches

with a signiﬁcant continuous increase in total number of

from 35 to 40. The increase in total patches shows that the

land patches of 50–61, and a ﬂuctuating percentage increase

forest is being cut down and that large forest patches are

with a ﬁnal increase of 0.022–0.032%. The increase in water

at risk, particularly in 2017 when the largest patch

bodies land area (in km) showed abrupt ﬂuctuations. As we

decreased by 50% – which is alarming. Despite this, the

can see in 2011, 2014, and 2015, the total area of water

total forest area has increased.

increased abruptly (Figure 6). No signiﬁcat trend was deter-

The urban land was the fourth largest landform, and the

mine in the change of water bodies areas. The Mann–

results show a steady increase in that land type. The increase

Kendall trend test showed values of X ¼ 1.61 and P ¼

in total urban land area was 17.83–18.69 km2, the percentage

0.0014 with an upward trend. In 2011, the area of largest

increase was 0.025–0.027% (as shown in Figure 5), and the

patches was more than three times the normal trend in the

number of land patches increased by 17–19. Trend analysis

study area. For the smallest patches, the values were very

also showed an increasing trend in urban area with the

consistent. The increase in water bodies patches showed

Mann–Kendall trend test output values of X ¼ 1.9677, P ¼

that the rain in this area was high–we have already seen

0.000078 showing an upward trend. During 2008–2017, the

the increase in snow cover, which suggests that the increase

increase in all these parameters was very slow. Urbanization

in water bodies is not due to the melting of ice. Other LULC

was slow and consistent, which showed that change is LULC

changes also do not support the area increase of water

types is largely because of natural activities and climate

bodies. Climate change and change in precipitation can be
the major reason for an increase in area of water bodies.
The study area mostly consists of mountain and snow
cover, and so the wetlands was the last contributor to the
LULC. The wetland was smallest land form during 2008–
2017 and showed a gradual increase in total wetland area
of 4.01–20.3 km2, a percentage increase of 0.005–0.02%
(Figure 7), and an increase in the number of land patches
of 14–50. During 2014–2017, the rate of change increased
more than in previous years, but there was no abrupt
change in the smallest or largest patch. Only the total

Figure 4

|

Forest area during 2008–2017.

Figure 5

|

Urban area variations during 2008–2017.
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Water bodies areas during 2008–2017.
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Urban areas are consistent during 2010–2016, or there are
very small changes which cannot be detected from
MODIS resolution, but in the last year (2017) an increase
can be seen in urban area. Snow cover showed a constant
increase, except in 2017 when it showed a very small
decrease. Forests gradually increased up to 2014, but then
it gradually deceased. Wetlands increased in a continuous
pattern, but the growth rate increased after 2014.
Figure 7

|

Figure 8 shows GIS-based maps for the LULC changes

Wetlands during 2008–2017.

for 2008–2017. Maps are combined for all LULC and
Trend analysis of wetlands showed an upward trend in

small LULC contributors are hardly visible in the combined

Gilgit-Baltistan during 2008–2017 with values X ¼ 3.75

map due to the vastness of the study area.

and P ¼ 0.0020% per year. This trend in the wetlands
refers to the total precipitation change during the study

Reference data and validation

years and is related to climate change.
For a better understanding and a clearer view of the

The different LULC can be visually distinguished using high-

trends and results, the study generated tables and used

resolution imagery provided by Google Earth. Google Earth

GIS-based maps. Standard deviation (SD) and mean for all

imagery was therefore used to verify the sample points

LULC area changes for every year are shown in Table 2.

extracted from Landsat7 imagery with a 30-m resolution.

For water bodies in 2011, the mean and SD was abrupt

Google Earth imagery with high resolution is the optimum

with a there was a signiﬁcant increase, barren land had a

platform for verifying sample points (El-zeiny & Hala )

consistent decreasing pattern, and all other LULC had a

for any LULC extracted from Landsat7. MODIS Tera

consistent increasing pattern.

MOD09A1 v. 6, which provided surface reﬂectance data

Yearly graphical representation of trends of LULC

set with bands 1–7 with a temporal resolution of 8 days,

changes are shown in the Figures 2–7. The abrupt behavior

was used in this study to verify surface water bodies.

of water bodies change in the area is apparent, while all

MODIS Terra Snow Cover 8-Day with spatial resolution of

other LULC have an overall consistent pattern. The

500 m (MOD10A2) was used to verify the snow cover area

decrease in barren land can be seen and it is very smooth.

as a reference. Water bodies extraction was done using

Table 2

|

Statistics of different LULC

Water bodies

Barren land

Forest

Year

Mean

SD

Mean

SD

Mean

SD

Mean

SD

Mean

SD

Mean

SD

2008

0.304

0.237

32.095

980.362

1.467

3.128

1.049

1.820

9.518

162.619

0.287

0.196

2009

0.266

0.174

30.587

679.273

1.431

3.060

1.049

1.820

9.984

187.434

0.296

0.192

2010

0.275

0.180

30.200

673.104

1.442

3.077

1.015

1.775

10.223

191.919

0.302

0.180

2011

0.532

1.064

29.830

668.633

1.470

3.081

1.015

1.775

9.902

188.442

0.299

0.168

2012

0.343

0.290

28.568

913.466

1.461

3.178

1.015

1.775

9.938

187.619

0.297

0.160

2013

0.358

0.279

28.054

904.258

1.514

3.236

1.015

1.775

10.059

190.266

0.309

0.170

2014

0.355

0.319

26.928

882.537

1.541

3.280

1.015

1.775

9.780

188.718

0.375

0.260

2015

0.351

0.359

25.779

861.275

1.583

3.298

1.015

1.775

9.463

186.056

0.404

0.295

2016

0.289

0.172

24.950

845.103

1.446

3.083

1.015

1.775

8.939

181.690

0.366

0.301

2017

0.364

0.315

26.335

867.427

1.362

1.730

0.984

1.732

9.628

189.137

0.406

0.342
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modiﬁed normalized difference water index from MOD09A1

snow was adopted and 30 sample points were chosen for

and snow cover area was directly extracted from MOD10A2.

visual interpretation. For the urban areas, MODIS showed

Both snow and water were extracted over 8 days and con-

a good accuracy of 94.1%, and for barren lands accuracy

verted to a yearly average. We acquired the MOD09A1 and

was 93.9%. Clear Landsat7 images for July or August were

MOD10A2 data for 2010 and 2016 for whole years and

selected to allow the maximum choice of sample points.

there was a total of 184 images. Results from the reference
data were similar to the actual data, although we only veriﬁed
the results of two LULC. Overall accuracy for snow and

DISCUSSION

water was 87% and 84%, respectively.
Spatial and temporal changes in surface water patches
Accuracy assessment

in Gilgit-Baltistan were monitored using all available
MODIS (MCD12Q1) images during 2008–2017. A quanti-

Accuracy assessment was done with the ready-to-use Land-

tative connection between different LULC types and

sat7 imagery with 30-m resolution. Annual ready-to-use

surface water changing patterns was derived to understand

Landsat7 data with 30-m resolution of enhanced vegetation

the possible factors affecting the changes in surface water.

index, normalized difference vegetation index (NDVI), nor-

This method can be used to map the spatial and temporal

malized difference snow index (NDSI), and normalized

variations of water patches in other similar types of areas

difference water index (NDWI) is available on Google

and could be helpful for evaluating the environmental

Earth. Accuracy for forest was determined using Landsat7

vulnerability caused by human and natural activities.

NDVI data. The simplest technique to evaluate and present

To improve the extraction of surface water dynamics

accuracy is the error matrix. The main goal in the study was

over a yearly basis, MODIS imagery was used. The

overall accuracy from the error matrix. The random selec-

method of extraction for the different LULC is quite

tion technique was used to collect sample locations for

simple and effective for MCD12Q1. The water area results

this study.

were unexpected in the study area, and there was no con-

In total, 30 sample points for every year were examined.

tinuous increase or decrease of water area. Results for

Overall accuracy of forest detection with MODIS was

water area and water patches for 2011, 2014, and 2015

92.3%. NDSI is a well-known method to detect snow, and

were unexpected. In 2011, the water area was more than

the accuracy of MODIS was tested against ready-to-use

twice that in 2010, but the water patches only increased

NDSI images provided by Google Earth. The same

compared to ten. In 2014, the water area also increased

method was applied to snow and 30 samples for each year

compared to 2013, and the water patches count unexpect-

were examined. For snow, the overall accuracy of MODIS

edly increased. In 2015, water patches and water area

was 93%. Water detection accuracy was determined by

were at their highest point of the study duration. Behavior

ready-to-use NDWI Landsat imagery. MODIS did not

of water patches and water area was not normal, which

show a very good accuracy for detecting water in mountai-

showed that climate change affected the area. Climate

nous areas and the overall accuracy was 86.7%. During

change studies should be conducted because this area is

2008–2011, accuracy was above 90%, but after 2013

important to the whole Indus Basin in Pakistan.

MODIS accuracy decreased. These images were also used

It should be noted that a data comparison of different

to check the accuracy for wetlands, and we used visual

satellite (i.e. Landsat and MODIS) was not performed in

interpretation to differentiate between water bodies and wet-

this study, but different satellite and sensors have different

lands. In case of wetlands, MODIS accuracy was inefﬁcient

level of performances for extraction of surface water using

and overall accuracy was 89.3%. Wetlands in these areas

spectral indices (Zhai et al. ). The relative accuracy

only small patches and so accuracy was not high. For

of each index also depends on the compositional and conﬁg-

barren lands and urban areas, we use Landsat7 land cover

urational features of surface water patches, water typologies,

with a resolution of 30 m. Same method as forest and

and thresholding methods (Fisher et al. ).
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This study was carried out in the Gilgit-Baltistan region

resolution of 10 m could be used for comparison with

of Pakistan where the geography and location is suitable for

MODIS images. Moreover, in such types of study area, satel-

a variety of human and economic activities. To protect the

lite imagery has drawbacks due to vegetation and cloud

environment in Gilgit Baltistan from human activities, it is

cover. Synthetic Aperture Radar images are known to over-

important to understand the connection between LULC

come such limitations. They allow observation of the Earth

types and surface water bodies, particularly the connection

under any condition and can identify the water in areas

between land-use types of different social and economic

with vegetation (Catry et al. ). Data fusion can be used

activities and surface water changes. We tried to establish a

for further studies (e.g. 500-m MODIS and 30-m Landsat)

connection between surface water patches and different

for more appropriate results. Fusion of MODIS and Landsat

LULC types. The complete maps representing the different

data can overcome the temporal and spatial resolution,

LULC were important to help explain the role of LULC

which was not used in this study.

type in the surface water changes (Liu et al. a), especially

This study revealed an increase of snow cover area and

for an area with such complex geographical structure. More-

wetlands, which indicates an increase in precipitation and

over, although there were clear changes in surface water

possibly of temperature in the study area. This uncertainty

bodies for 2011, 2014, and 2015 in the study area, the

needs further research to better understand the ecological

impact of LULC changes on surface water dynamic was

and hydrological system of the study area.

not qualitatively assessed, and this could be considered in
further studies. Many other studies have highlighted climatic
factors for LULC change factors (e.g. temperature, precipi-

CONCLUSION

tation, and evaporation) that could potentially affect the
changes in surface water (Wang et al. a) and the link

This study observed the spatial and temporal variations of

between surface water patches in wetlands (Barbaree et al.

surface water bodies. Both conﬁgurational and compo-

), and this should be taken into account in further studies.

sitional features of the water patches were studied in the

Moderate spatial resolution data (MCD12Q1) was used

Gilgit Baltistan region of Pakistan during 2008–2017 using

to analyze different types of LULC in Gilgit Baltistan.

all available MODIS (MCD12Q1) images. The study investi-

MODIS data is USED extensively to study LULC and related

gated variations of LULC and surface water bodies, and a

environmental impacts OVER a large area BECAUSE rapid

quantitative link was established between different LULC

and convenient processing is possible (Liu et al. b).

types and water dynamic. This study can play a vital role

Using high-resolution imagery like Landsat is very time con-

in managing surface water bodies. It could also be used in

suming for analyzing the impact of the LULC changes on

other similar areas, offer baseline knowledge for the protec-

surface water patches for Gilgit Baltistan. Higher spatial

tion of such areas, and help in environmental management.

resolution satellite data also usually has lower temporal resolution. However, using moderate resolution data may
compromise the accuracy compared to using higher resol-
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