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Abstract. This study focuses on the spatiotemporal dynamics of land use
and land cover (LULC) in the Tselinograd district, which is a peri-urban
area (PUA) of the metropolis Nur-Sultan. The analysis of LULC dynamics
in PUA was carried out based on a supervised classification in the twenty-
year interval (1998, 2008, and 2018). During the study period, noticeable
changes occurred in the structure of LULC. At the border with the city, the
built-up area increased dramatically. In the PUA the area of arable land and
forests has grown steadily and pasture land has been declining. That is,
there is an intensification of land use due to an increase in the share of
arable land in the study area. The main drivers of LULC change in PUA
are urban expansion and population growth of the Nur Sultan metropolis.
In general, as a result of reasonable economic and legislative measures, the
influence of the Urban sprawl of the capital of Kazakhstan on the PUA is
still accompanied by a slight effect on its sustainable development. Our
approach by using Geo-Information Techniques is useful for the rapid
detection of phenomena and processes that can lead to the unstable
development of PUA.

Keywords: land use, land cover; geo-information techniques, change
detection, driving forces, Tselinograd district.

1 Introduction

Urban sprawl often challenges the sustainable development of PUA [1]. One of the main
drivers of this process is the growth of the city population and the associated expansion of
PUA lands or changes in land use intensity [2-4]. As a rule, the study of changes in the
PUA is mainly carried out by assessing changes in LULC using Geo-Information
Techniques (GIT) [5-7]. Therefore, instrumental systems for tracking the development of
LULC using GIT [8] are being created. In recent years, special attention has been paid to
the influence of Urban Sprawl on the LULC structure in PUA, as evidenced by an increase
in the number of scientific studies in this direction [9].

Land use and land cover are two different terms that are usually evaluated in
combination since the former (physical properties of surface elements) and the latter
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(human use of land cover) cannot be considered independent of each other [10]. Thus,
LULC is the result of human interaction with the environment, which is affected by
changes in socio-economic processes. By assessing changes in the long-term structure of
LULC and by focusing on the main processes, it is possible to determine the drivers of
these phenomena and take effective measures for the sustainable development of the Area
of Interest (AOI) [11,12].

Of considerable interest is the assessment of the impact of the capital of Kazakhstan -
the city of Nur-Sultan (former Tselinograd, Akmola, Astana) on the PUA, since over the
past 20 years (1998-2018), it has turned from a provincial city into a large metropolis and
has become a political, economic and cultural center of the republics [13]. It is only natural
that the most promising method for assessing the impact of a metropolis is to study long-
term changes in LULCs in PUAs using GIT.

In Kazakhstan, intensive land use studies using GIT were started in the 1990s [14-19].
In the initial stages, these studies were mainly aimed at preliminary assessments of damage
from ineffective land use during the Soviet era, which led to serious environmental
consequences, for example, the Aral Sea, the former Semipalatinsk nuclear test site, the
Baikonur cosmodrome, and the development of minerals and hydrocarbons, etc. [14-23].

There are currently studies underway using GIT to study long-term changes in LULC in
individual regions of the country. These works are devoted to the study of land-use changes
outside the direct influence of urban sprawl [24-27]. At the same time, a comprehensive
assessment of the impact of large cities of Kazakhstan on the surrounding agricultural areas
using long-term spatiotemporal data series remains open for determining sustainable
development approaches for both cities and PUAs.

Therefore, our main goal was to identify drivers that affect LULC change in the
Tselinograd district, which borders the Nur-Sultan metropolis. The objectives of the study
were to evaluate the changes in LULC in the AOI based on the use of 20-year-old RS data
(1998, 2008, 2018), as well as assess the degree and consequences of the influence of these
drivers on the sustainable development of this PUA.

2 Materials and methods

2.1 Study Area

The research area selected was the Tselinograd district, Akmola oblast, which surrounds the
capital of the Republic of Kazakhstan, the city of Nur-Sultan. Previously, Nur-Sultan was
called Tselinograd, Akmola, and Astana and now this metropolis AOI divides into two
parts (Figure 1). The digital elevation model is based on the Shuttle Radar Topography
Mission (SRTM) data [28].

The study area is located within the Kazakh Uplands, with low mountainous relief
transition to a slightly wavy plain. The climate of the study area is continental and is part of
the dry steppe zone. Winters are cold and lengthy, with an average temperature of —17-
18°C in January; summers are moderately warm, with an average temperature of 20 °C in
July. The average annual rainfall is 300-350 mm. Seven rivers flow through the district.
Most of the small river tributaries dry up in the summer. There are many large and small
lakes, the water mirrors of which are subject to seasonal changes. Tselinograd district is one
of the main agricultural regions of the Akmola region. The main agricultural activity of the
district is grain production. The railroads Nur-Sultan - Karaganda, and Nur-Sultan -
Pavlodar pass through the territory of the AOI. Well-developed road network. According to
official figures, the Tselinograd district covers an area of 7.8 thousand km2 and has 18
settlements [29-30].
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Fig. 1. Location and digital elevation map of the study area.

2.2 Data

Landsat 5 and 8 multispectral data obtained from the United States Geological Survey
website [31] were used to study changes in LULC in the AOI. The main reason for using
Landsat images is the availability of Earth observation data for a long period - from the
mid-seventies of the last century and its sufficiently high spatial resolution (30 m) [32].
That is, Landsat is ideal for LULC analysis from 1998 to 2018. For example, the same free
Sentinel-2 data for the territory of Kazakhstan is available only since the mid-twenties of
our century [33]. Landsat images, geometrically corrected to UTM (Universal Transverse
Mercator), zone 42 to the north, and WGS-1984 (World Geodetic System), were used. As
shown in Table 1, each satellite dataset has information about four spectral bands that
correspond to blue (B—blue), green (G-green), red (R—red), and near-infrared (near-
infrared—NIR).

Table 1. Satellite images and their characteristics

Satellite [Sensor Year/ Metadata No. Spectral | Wavelength
Month/\Day of Bands |Compositi (um)
on
Landsat5 | TM 1998/09/17 |LT51540241998260BIK00 1 Visible | 0.45-0.52
1998/09/17 [LT51540251998260BIK00 2 Blue 0.52-0.60
1998/09/24 |LT51550241998267BIK00 3 Visible | 0.63-0.69
1998/09/24 |LT51550251998267BIK00 4 Green 0.76-0.90
Visible
Red
NIR
Landsat 5 | TM | 2008/04/12 [LT51540242008208KHCO01 1 Visible | 0.45-0.52
2008/04/12 |LT51540252008160KHCO1 2 Blue 0.52-0.60
2008/05/05 |LT51550242008103BJCO1 3 Visible | 0.63-0.69
2008/06/08 |[LT51550252008103BJCO1 4 Green | 0.76-0.90
2008/07/26 |LT51560242008126KHCO1 Visible
Red
NIR
Landsat 8 | OLI 2 Blue 0.45-0.51
2018/08/14 |LC81550242018226LGN0OO 3 Green 0.53-0.59
2018/08/14 [LC81550252018226LGNO0 4 Red 0.63-0.67
5 NIR 0.85-0.88
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We used the false color composite (FCC), consisting of the four channels B, G, R, and NIR,
received from the Landsat 5 and 8 satellites, as well as color-balanced mosaics based on
them from two unclouded images that cut along the border of the district. Images were used
to identify and classify agricultural land and built-up areas in the study area in the multi-
time period of 1998, 2008, and 2018.

To compile basic maps and interpret RS data, thematic maps were used by the
Automated Information System of the State Land Cadastre [34]. Based on them,
geodatabases were compiled. The geodatabase was used to collect training samples,
ground-truthing, evaluate the accuracy of the classification and determine the real
ownership of land.

2.3 Methods for classifying and accuracy assessment

For the first level of classification, the following five LULC classes were used according to
CORINE [33], as seen in Table 2: arable land, pastures, water, forest, and built-up areas.

Table 2. Land use and land cover classes of the study area.

Level 1 Level 2
Arable land Wheat, barley, sunflower, alfalfa, a different type of fallows
Pasture Pastures, meadows, haymaking, deposits,
Water Lakes, reservoirs, rivers
Forest Deciduous, coniferous, mixed, forest nurseries, forest plantations
Built-up area Settlements, industrial zone

We used the supervised classification of the LULC, the task of which was to detect
objects of already known types in the images, which required some preliminary knowledge
about the studied area of the Earth's surface. The maximum likelihood classifier (ML) was
used for the supervised classification in this particular study. The ML classifier is one of the
most widely used, extremely simple, and easily implemented algorithms. Moreover, ML is
very well known and has already been successfully applied to a broad range of remote
sensing problems [36,37]. Therefore, in this particular study, supervised classification was
conducted using the image processing software ArcGIS (version 10.6.1) for LULC
classification [38]. After initial supervised classification, the LULC map was edited based
on ground verification of doubtful areas, and some classes were recoded into their
respective classes. Ground truthing/verification was done on those particular areas that
were not clear in the classification. In this process, land use and land cover maps were
prepared initially, and the confusing spots were identified. For each class, i.e., arable land,
pastures, water, forest, and built-up areas, at least twelve points were marked. An
exhaustive ground-truthing of the study area was carried out, and some corrections were
subsequently made. The ground reference data used for the image classification were
further applied for accuracy assessment.

After ground-truthing, an accuracy assessment was carried out, which is the most
important way to assess the reliability of a map. No image classification is said to be
complete unless its accuracy has been assessed. To determine the accuracy of classification,
a sample of pixels was selected on the classified image, and their class identities were
compared with the ground reference data. In this study, the classification error matrix (or
confusing matrix) was used, which is a common means of expressing classification
accuracy. In the error matrix, the overall classification confidence indicator is defined as the
number of correctly classified points located along the diagonal of the table (in %). This
number may be random. To take this fact into account when summarizing the results, the
so-called coefficient or K (Kappa) index, which corrects for randomness, is often used.
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Kappa analysis is a discrete multivariate technique that calculates the producer's and user's
overall accuracy as well as the Kappa accuracy level.
The Kappa index is calculated by the following formula [39]:

K = (d-q)/(N-q) W

where d is the number of cases where the result is obtained correctly (the sum of the
values on the diagonal of the error matrix); q is the number of random results calculated in
terms of the number of random results in rows nc and true results in columns nr of the
correspondence matrix, calculated as
q =Y. ncnr/N ?

where N is the total number of points.

For absolutely accurate results (all N points on the diagonal), Kappa is 1, and for a
purely random hit, Kappa is 0.

After accuracy assessment and correction, the class-wise areas of 1998, 2008, and 2018
mosaics were calculated. In LULC classification, change detection is a very important
process, which was done after the completion of the calculation and analysis of the land use
land cover classes from the 1998, 2008, and 2018 mosaics. By using the change detection
option in ArcGIS software, the differences between the three mosaics of the Tselinograd
district for all five LULC classes were computed. The integral structure of the
methodological approach that we used is shown in the block diagram in Figure 2.

Thus, the methodological approaches we used to classify LULC and evaluate its
accuracy were repeatedly tested and found reliable enough to be able to automate these
processes.

Editing of initial LULC. Accuracy Assessment.
CATEGORIZED

Area calculation. Analysis. SET

—-——'/\
Using of historical land use maps.

CLASSIFICATION

Ground verification of doubtful areas. STAGE

/"—\
Assessment of the quality of the training samples.

TRAINING

Selection of the training samples STAGE

Fig. 2. Methodology for LULC Map Generation
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3 Results and discussion

3.1 Results

3.1.1 Overall LULC Changes

The results of the classification of the LULC change showed that the area of agricultural
Land (arable land, pastures), as well as water bodies, forests, and built-up areas, over the
years of the research underwent relative changes, as shown in the LULC maps of 1998,
2008, and 2018 (Figure 3).

X (1998)

Crop

Pasture
Water
Forest
Built-up area

mnJu | I | Kilometers
0255 10 15 20

(2018)

Fig. 3. LULC map of Tselinograd district after classification of Landsat mosaics in 1998, 2008, and
2018 into five classes: arable lands, pastures, water, forest, and built-up areas.

Agricultural lands (arable lands, pastures) occupy the main part of the study area
(~95%), water ~ 3.6%, forests ~ 0.6%, and built-up areas ~ 0.5-0.7%.

Examples of changes in the LULC class areas from 1998 to 2018 are shown in Figure 4.
The results of the LULC classification for the 1998-2018 period are shown in Table 3,
which indicates that during the years of observation, about 95% of the area was occupied
by arable land and pastures. For example, in 1998 and 2008, they were 95.3%, and in 2018
- 95.0%.
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We found a tendency to steadily increase the area of arable land mainly due to the
plowing of pastures and an increase in the area of built-up territory. A strong increase in the
share of arable land occurred from 1998 to 2008. The territories occupied by arable land
over the years have increased by 0.4% or 19.9 km2. Between 2008 and 2018, the rate of
development of arable land decreased and amounted to only 0.1% or 11.0 km2. For the
entire observation period, from 1998 to 2018, the total area of arable land increased by
0.4% or 30.9 km2. At the same time, the rangelands of the region from 1998 to 2008
decreased by 0.3% or 23.1 km2, and from 2008 to 2018 - by 0.4% or 29.6 km2. Over the
entire observation period, the area of pastures decreased by 0.7% or 52.7 km2, of which
30.9 km2 was developed for arable land. A typical example of expanding the area under
crops due to the plowing of pastures is shown in figure 4A. We found a tendency to steadily
increase the area of arable land mainly due to the plowing of pastures and an increase in the
area of built-up territory. A strong increase in the share of arable land occurred from 1998
to 2008. The territories occupied by arable land over the years have increased by 0.4% or
19.9 km2. Between 2008 and 2018, the rate of development of arable land decreased and
amounted to only 0.1% or 11.0 km2. For the entire observation period, i.e. From 1998 to
2018, the total area of arable land increased by 0.4% or 30.9 km2. At the same time, the
rangelands of the region from 1998 to 2008 decreased by 0.3% or 23.1 km2, and from 2008
to 2018 - by 0.4% or 29.6 km2. Over the entire observation period, the area of pastures
decreased by 0.7% or 52.7 km2, of which 30.9 km2 was developed for arable land. A
typical example of expanding the area under crops due to the plowing of pastures is shown
in figure 4A. The area of water bodies that united many small and medium shallow lakes
and rivers amounted to 3.6%. Decreases in the water mirror in these reservoirs were noted
at the end of summer and the beginning of autumn, which is seen in Figure 4B. But, then
they again restored to their previous level, therefore, over the years of research, the total
area of water bodies remained constant.

Forest areas in the district occupied less than one percent (0.6%). At the same time, we
found that the area used for growing trees has increased markedly, mainly due to the
expansion of the land of previously existing forestry, which was previously used as pasture.
For example, in 2008, the area of land occupied by forests, compared with 1998, increased
by 0.1% or 2.1 km2. From 2008 to 2018, forest areas continued to increase. An example of
increasing the area of forest stands can be seen in figure 4C. By 2018, the total area of
forest stands increased by 5.8% or 2.8 km2 compared to 1998.

Urban areas occupied only 0.5%-0.6% of the entire AOI. However, the proximity of the
capital of the republic had a significant impact on the change in urban areas. The most
profound changes occurred near the border of the capital, the city of Nur-Sultan (figure
4D). From 1998 to 2008, the area of urbanized areas of the district increased slightly - they
became the largest by 3% or 1.1 km2. Dramatic

changes occurred from 2008 to 2018, when the area of built-up territories increased by
49.6% compared

to 1998, or by 17.9 km2. For the entire period from 1998 to 2018, the total area of
settlements increased by 52.6% or 19.0 km2 compared to the beginning of our
observations. These changes occurred mainly due to the seizure of agricultural land, more
precisely - grazing land.
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s N ;
Fig. 4.. Examples of changes in the LULL classes areas from 1998 to 2018:
A — Arable lands, B — Water body, C — Forest, D — Built-up area
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3.1.2 Classification Accuracy.

The overall accuracy and Kappa coefficient show that the classification results are quite
reliable (Table 3). Thus, the overall classification accuracy varied between 92.7% and
94.4%. The kappa coefficient for the classified images of 1998 was 0.88, for 2008 it was
0.87, and for 2018 it was 0.90.

Table 3. LULC area, area difference, classification accuracy, and Kappa statistics

Area Area difference (km?)
LULC 1998 2008 2018 1998- | 2008- | 1998-
Classes km® % km’ % km’ % 2008 | 2018 | 2018
Arable land | 3922.2 50.2 | 3942.1 50.5 | 3953.1 50.6 19.9 11.0 30.9
Pasture 3523.6 45,1 | 3500.5 44.8 | 34709 444 -23,1 | -29.6 -52.7
Water 283.4 3.6 283.4 3.6 283.4 3.6 0.0 0.0 0.0
Forest 47.9 0.6 50.0 0.6 50.7 0.6 2.1 0.7 2.8
Built-up 36.1 0.5 37.2 0.5 55.1 0.7 1.1 17.9 19.0
area
Total 7813.2 | 100.0 | 7813.2 | 100.0 | 7813.2 | 100.0
Overall 93.5 92.7 94.4
accuracy
(%)
Kappa 0.88 0.87 0.90

For each classified group, the difference in the accuracy between the producers and the
users was relatively small (Table 4).

Table 4. Producer’s and User’s Accuracy and Commission and Omission errors of LULC
classification of the study area

*LULC **Producer’s and User’s Accuracy, % ***Errors
classes 1998 2008 2018 1998 2008 2018
*HP U P U P U ***C | O C (0] C (0]
1 938 | 93.6 | 92.1 | 935 | 939 | 953 6.3 64 |79 | 65| 62| 77
2 928 | 929 | 928 | 91.2 | 946 | 93.0 7.2 71| 73 | 88 | 54 | 7.0
3 98.6 | 99.2 | 99.5 | 99.5 | 99.5 | 99.5 1.4 08 | 06 | 0.6 | 0.6 | 0.6
4 95.1 | 983 | 953 | 939 | 954 | 954 33 1.7 | 47 | 62 | 46 | 4.6
5 957 | 957 | 93.8 | 91.8 | 958 | 95.8 4.4 44 | 63 | 82 | 42 | 42

*1 — Arable land, 2 — Pasture, 3 — Water, 4 — Forest, 5- Built-up area
**P - Producer’s, U - User’s,
***%C — Commission, O - Omission

For example, for arable land, producer accuracy varied from 92.1% to 93.9%; for
pastures from 92.8% to 94.6%; for water from 98.6% to 99.5%; for forest from 95.1% to
95.4%; and for the built-up area from 93.8% to 95.7%. User’s accuracy was found in even
smaller intervals, and for all classified groups varied from 91.2% to 99.5%. Since the
overall accuracy exceeded 90%, the research results could be considered quite acceptable
for both the user and the producer.

Another confirmation of the reliability of image classification is the low values of the
errors of omission (Commission) and omission (Omission) (Table 4). So, for the 1998
image, omission errors in different LULC classes ranged from 1.4 to 7.2; for the image of
2008 - from 0.6 to 7.9; and for 2018 - from 0.6 to 6.2. The values of skipping errors
fluctuated around the same limits: in 1998, from 0.8 to 7.1; in 2008 from 0.6 to 8.8 and in
2018 from 0.6 to 7.7.
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That is, the results of evaluating the classification accuracy and their errors
convincingly showed the reliability of the work we performed and paved the way for
automating thematic mapping processes for LULC classification results.

3.2 Discussion

Urbanization is primarily associated with an increase in the number of urban residents [40],
and is usually accompanied by the expansion of the city into agricultural land [41,42].
Kazakhstan is no exception [43]. During the 1996-2015 period, the urban population
increased by 16.6%. One of the points of migration attraction was the city of Nur Sultan. As
the capital, it forms the supporting spatial framework of the country [44] and is the center
of the settlement, which is accompanied by urban expansion. For example, instrumental, to
the use of GIT, a strong land expansion by the city of Nur Sultan from 1990 to 2016 was
shown [45]. So, the area of land occupied by this metropolis only from 1998 to 2018
increased almost threefold - from 258 km2 to 797.3 km2 [13], and this happened as a result
of the seizure of lands that were previously used for the most part for agricultural purposes.
Along with the land expansion, there was an increase in the population of the capital, which
also grew more than three times [46].

Economic growth is one of the main drivers [40] that push urban expansion into the
PUA. For example, affordable land in the PUA attracts new immigrants. The expansion
process in the PUA is very beneficial when the price of the converted land (from agriculture
to buildings) is several times higher than the price of the same agricultural land. Besides,
almost all agricultural land in the PUA is available for market transactions, so agricultural
land is relatively easy to buy and sell [47]. For these reasons, land speculation is very
common in these areas. The same is true for the study area [48].

On the other hand, since urban expansion into agricultural land is officially limited [49],
the government of the republic cannot speed up planning procedures to manage urban
expansion in the PUA [50]. In addition, at the level of the country's government, a system
of measures was adopted aimed at the sustainable development of the Astana (Nur-Sultan)
agglomerations along with their PUAs, including the Tselinograd district [51]. These
measures are aimed at restraining the growth of the city and improving the environment,
including the creation of a green framework around urban agglomerations in the form of
forest stands [52], which explains the increase in the forested area in the AOL.

4 Conclusions

We studied the spatiotemporal changes of LULC of the Tselinograd district, which is
within the PUA of the fast-growing metropolis Nur-Sultan. Using multi-temporal Landsat
images for 1998, 2008, and 2018, five categories of land were classified (arable land,
pastures, water bodies, forest, and built-up areas). As a result, the main trends of the
influence of the fast-growing large city on the change in the structure of the LULC in the
agricultural district were identified.

From 1998 to 2018 the following observations were made: there was a significant
increase in arable land and a decrease in pasture land; the area of water bodies varied within
the seasons, but no general trend of their increase or decrease was found; a steady increase
in the area occupied by forest stands was noted; the most active increase in built-up areas is
observed at the border of the AOI with the capital of the republic. The results obtained were
reliable and characterized by fairly high accuracy.

The analysis of factors influencing the sustainable development of the PUA showed that
the most powerful drivers of the impact of the Nur-Sultan metropolis on the Tselinograd
district are the expansion of agricultural land, city population growth, and the systems of

10
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economic and legislative measures aimed at preventing the spontaneous development of
urban sprawl. On the other hand, the increase in the area of cultivated land in the AOI is
due to their abandonment after the collapse of the former USSR, which was caused by the
economic recession. In general, the system of measures adopted at the state level was aimed
at the sustainable development of the Tselinograd district.

The results of our research, based on the use GIT, are of considerable value. They
contribute to the detection of changes in the composition of LULC in a semi-automatic
mode and are extremely useful for the rapid identification and assessment of phenomena
and processes in PUAs that do not correspond to the sustainable development of the study
area.
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