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ABSTRACT

Rangelands play an important role in providing a variety of ecological services, such as
biodiversity preservation, carbon storage, animal forage, and social and cultural value.
Rangeland systems are vulnerable and changes can have direct and indirect effects on the
environment and the population. However, worldwide, rangelands have been degrading.
Effective ways to solve problems related to rangeland management and monitoring include
assessing rangelands by using remote sensing. Remote sensing is one methods for evaluating
rangeland degradation in an efficient and accurate manner because it can give spatial and
temporal information on rangeland management and monitoring on a large scale. The overall
goal of this study was to assess the practical usage of remote sensing to identify rangeland
degradation in Khongor soum of Darkhan-Uul province, Mongolia. The study attempted to
detect rangeland degradation based on NDVI (Normalized Difference Vegetation Index) value.
Four classes were identified and mapped, including high-degraded, moderate, low, and non-
degraded areas. According to the results, the low degraded class occupied the largest area. The
practical aspect of this research was designed to function as a pilot study to gather experience
and develop a clearer understanding of the aspects involved in remote sensing of rangeland
areas. This may help in future projects to realise the potential and limitations that remote sensing
has in this field.
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1. INTRODUCTION

Rangelands provide a variety of ecological services, such as biodiversity preservation, carbon
storage, animal forage, and social and cultural value (Archer et al. 2017). However, rangeland
degradation has become a global issue with negative consequences for climate and natural
habitats. According to Harris (2010) and Mariano et al. (2018), increasing climate change and
human activities, as well as land management lacking scientific knowledge and appropriate
policies, have had a significant impact on rangeland condition around the world. Assessing
rangeland degradation can provide decision-makers with information to help them mitigate the
effects of these phenomena.

1.1 Rangeland

Rangeland is defined as uncultivated land that can support both domestic and wild animals
(Holechek et al. 2011). Rangeland consists of native plants (climax or natural potential plant
communities) such as grasses, forbs, and shrubs (USEPA 2017). In Mongolia rangelands refer
to agricultural land with both natural and cultivated vegetation cover for livestock grazing (NSO
2019).

1.2 Rangeland environmental and human roles

Rangeland systems are vulnerable and changes in their condition can have direct and indirect
effects on the environment and the population (FAO 2019). Rangeland is a critical resource for
the preservation of environmental services such as biodiversity conservation and rural
community livelihoods, which is supporting millions of pastoralists, hunters, wildlife, and large
numbers of wildlife (ILRI et al. 2021). Rangelands of Mongolia represent approximately 70%
of the total national territory and are the mainstay of the rural economy, ensuring food security
for the entire country (ILRI et al. 2021). The livelihoods of 200,000 nomadic herder households
(NSO 2020) are directly dependent on the rangeland for livestock production in Mongolia. Most
of Mongolian inhabitants have direct contact with the land and its benefits.

1.3 Environmental stresses on rangeland

Climate change and related natural phenomena, such as droughts and “dzuds”, are increasing
the risk to Mongolia's economic, social, and human development (MNEGD [Ministry of Nature
Environment and Green Development] 2014). The “dzud” is a Mongolian term for when large
numbers of steppe animals die because of severe icy winter condition. If the winter is too severe,
the forage supplies run out, and the animals become weaker, eventually freezing or starving to
death. According to a drought and “dzud” study, the national drought intensity increased by
2% per year from 1940 to 2010, and the incidence of drought in summer and “dzud” in winter
increased by 0.6% per year from 1990 to 2010 (Altanbagana et al. 2015). This indicates that the
drought and “dzud” are intensifying. It is detrimental to pasture yields and food supply, which
harms farmers and herders, impacts the population's livelihood and threatens social stability.
According to observations from 48 meteorological stations, the average annual surface air
temperature in Mongolia increased by 2.07°C between 1940 to 2014, while air temperature in
mountainous areas increased even more (Batjargal et al. 2015). The temperature rises cause soil
dryness and flooding which can lead to soil and water erosion. Since 1961, warm seasonal and
summer precipitation has been decreasing at a rate of 0.1-2.0 mm/year in Mongolia (MNEGD
2014). Seasonal changes in precipitation affects crop yields, species composition, slow down
plant growth, and decrease the number of palatable plants by altering physiological processes,
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primary productivity, plant diversity, water table, and increase natural bushfires and invasion
of pests (Zhou et al. 2017).

1.4 Human stresses on rangeland

In addition to environmental factors, human activities have a negative impact on rangelands.
According to the United Nations (2019), the current global population of 7.7 billion is expected
to increase by more than 1.6 billion, reaching 9.3 billion by 2050. As the world's population
increases, so does the demand for food production. As the number of livestock increases,
pressure on rangeland vegetation significantly increases as well. Rangeland area is limited, and
humans have converted large areas of rangeland to cropland, further reducing their coverage.
Roads in connection to mining and urbanization also reduce rangeland area and have a negative
impact on the rangelands. Due to the many poor roads, the surrounding soil has been severely
damaged, and pasture plants degraded, which makes livestock grazing impossible.

1.5 Rangeland degradation

Rangeland degradation is accelerating on a global scale, resulting in a sharp decline in
rangeland productivity around the world (GEF 2014). Rangeland degradation is characterized
by a decrease in productivity (yield) in some parts of a rangeland ecosystem, species depletion,
and negative soil changes. Plant diversity, height, vegetation cover, and plant productivity all
suffer because of rangeland degradation (Fenetahun et al. 2018). Rangeland degradation is
caused by flooding, soil erosion, overgrazing, livestock husbandry, livestock numbers,
structures, pests, rodents, well water supply, fires, agricultural technology, and poor roads in
Mongolia (MNEGD 2018). Densambuu et al. (2018) found that 57% of Mongolia's total
rangeland was degraded in some way. According to the Jigjsuren et al. (2015) study, which
polled 54% of herders, pasture yields have declined in the last 20 years. In that study 61.3% of
herders reported the number of palatable plants has decreased, while 37.1% reported an increase
in the amount of bare land in pastures. The reason for this was explained as soil deterioration,
increased sand movement (39.5%), and soil erosion (50.8%) (Jigjsuren et al. 2015). It is still
unclear how to effectively avoid the degradation risks. Thus, it is important to assess the
rangeland degradation risk as the first step in predicting the risk of degradation.

1.6 Rangeland monitoring and evaluation

Existing rangeland evaluation strategies are classified into two types: traditional field
methodologies based on fieldwork and surface cover measurements, and remote-sensing
methodologies characterized by non-observations with restricted fieldwork (Svoray et al.
2013). Remote sensing is the process of detecting and monitoring an area's physical features
from a distance by measuring its reflected and emitted radiation. Remote sensing data collection
appears to be the most logical approach to obtaining appropriately data and information over
large areas in short time periods and at random positions far from easy surface access (Booth
& Tueller 2003).

Mongolia currently has two national monitoring programs in place to assess condition of
rangelands, which rely on networks managed by the National Agency for Meteorology and
Environmental Monitoring (NAMEM) and the Administration of Land Affairs, Geodesy, and
Cartography (ALAGAC). At the national level, NAMEM provides long-term trends in
vegetation and rangeland condition, whereas ALAGAC assesses the impacts of grazing
management at the local level (Densambuu et al. 2018). Nonetheless, by conducting ground
surveys, these approaches to rangeland assessment necessitate a significant investment of time,
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money, and labour. Rangeland areas are generally large and inaccessible, making ground
surveys difficult to determine the condition of the ecosystem. These monitoring systems are
intended to assess the current state of the rangeland. However, there are currently very few
studies in Mongolia that examine where there is risk of rangeland degradation. Although the
current national rangeland monitoring and assessment system should provide accurate data on
rangeland condition, there is still a need for a more cost-effective system that meets the higher
time and cost-effectiveness criteria. This was the primary motivation for conducting the current
study: to conduct a practical exercise using geographic information system (GIS) and remote
sensing (RS).

Remote sensing is one method that can be used for evaluating rangeland degradation in an
efficient and accurate manner because it can give spatial and temporal information on rangeland
management and monitoring on a larger scale. GIS and RS have been widely used for rangeland
evaluation, including assessing rangeland and pasture condition (Vanderpost et al. 2011),
indicating vegetation deterioration (Karneili et al. 2013), investigating variations in vegetation
dynamics (Hilker et al. 2014), and assessing pasture manufacturing capacity (Boschetti et al.
2007).

1.7 Remote sensing approach for rangeland evaluation

The availability of remotely sensed data provided a long-term and large-scale opportunity
because it is strengthened by the ability of the data sets to present vegetation and land surface
at large spatial and temporal extents (Tong et al. 2019). As a result, remote sensing is a well-
known and effective method for assessing rangeland (Matongera et al. 2021). Because of their
low cost and constant availability across large and remote areas, time series of remote sensing
data are frequently used to estimate the extent and intensity of rangeland degradation (Eddy et
al. 2017). The most common satellite data sources include Landsat (Tomaszewska et al. 2020;
Nguyen et al. 2020), AVHRR (Advanced Very High-Resolution Radiometer) (Fontana et al.
2008), MODIS (Moderate Resolution Imaging Spectroradiometer) (Cao et al. 2015), Sentinel-
2 (Vrieling et al. 2018). However, the applications of each of these data sources present various
challenges and opportunities in research. For example, early sensors like AVHRR and MODIS
have a high temporal resolution that allows them to detect subtle changes in vegetation
development, but they have a low spatial resolution which makes it difficult to detect plant-
specific changes (Shen et al. 2015). Medium and high spatial resolution sensors, such as
Sentinel-2 and SPOT, with a temporal resolution of 3—10 days, on the other hand, do not provide
adequate time series data for characterization of vegetation changes, particularly in areas with
constant cloud cover (Misra et al. 2020).

Landsat data is available for free. It is compatible with ArcGIS and widely used. It is also
comparatively easy to learn how to use it and a lot of supporting reading material about previous
research projects using this data exists. For these reasons it was decided to use Landsat data for
this study.

Landsat satellites have sufficient ground resolution and spectral bands to track land use and
report land change due to global warming, drought, biomass variations, fires, and a variety of
all other natural and human-made changes (USGS 2020). The Landsat-8 imagery used in this
study has a moderate resolution (30 m) and can be acquired repeatedly (every 16 days) from
the earth's surface. A main aspect of Landsat Collection 2 is the significant improvement in the
absolute geolocation accuracy of the worldwide ground reference dataset. It also includes
upgraded global digital elevation modelling sources, as well as calibration and validation

3
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updates (USGS 2020). Landsat sensors offer Level-1 data as their standard output (Pinto et al.
2020). Also, level 1 of Landsat-8 data has units of Digital Numbers (DNs) that are easily
established to the top of the atmosphere (TOA) reflectance and spectral radiance. Due to these
advantages, collection 2 level 1 data were chosen for this study. Landsat 8 satellite data collect
values of spectral bands such as Near-Infrared-band 5 (0.85-0.88 um), RED-band 4 (0.64-0.67
um), as was the case in this study. Furthermore, the NIR band detects a healthy reflect of
vegetation, terrestrial plants and dry soil which are highly reflected. RED band is more widely
used for vegetation. Therefore, these two bands were chosen due to rangelands being
characterised by both soil and vegetation areas.

The NDVI (Normalized Difference Vegetation Index) is the most widely used index in various
rangeland zones around the world (Colombo 2012; Karneili et al. 2013; Unal et al. 2014). The
NDVI is used to identify changes in land cover caused by natural and human activity (Hashim
et al. 2019).

The benefits of satellite data include the fact that it is in digital format and is simple to integrate
into a geographic information system (GIS). Furthermore, the use of satellite remote sensing
data to carry out land and vegetation change is relatively inexpensive when compared to
conventional methods which mostly involve physical data collection on the ground for the
whole area. Against this background, this case study used remote sensing to detect rangeland
degradation in the Khongor soum.

1.8 Overall goal and objectives

The overall goal of this study was to assess the practical use of remote sensing to quantify
rangeland degradation in Mongolia forest steppe zone.

The following objectives were developed based on the research goal:

1. To study a remote sensing approach for rangeland evaluation.

2. To evaluate the applicability of this methodology by carrying out a case study on the
forest-steppe zone in Mongolia.

3. To identify and map degraded areas.

2. CASE STUDY AREA

2.1 Description of case study area

Mongolia is a landlocked country in Central Asia between Russia and China (Figure 1). It has
a total area of 1,564 million square kilometres. Mongolia has a continental climate with major
daily and annual temperature fluctuations. Because of the geographical location, mountainous
terrain and climate, winters are long and cold with little precipitation, while summers are hot. Nearly
80% of the annual precipitation falls during in the growing season. The precipitation ranges from
50 mm in the desert to more than 300 mm in the Khangai and Khentii mountain regions. Mongolian
rangelands account for 70% of the country's total land area (NSO 2019). The Mongolian plateau
is divided into six natural zones: mountain, taiga alpine, forest-steppe, steppe, “gobi” and
desert.

The case study area is Khongor soum of Darkhan-Uul province, which is in the Khentii mountain
range (Fig. 1), which is characterized by mountains covered in forest-steppe zone. The forest-
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steppe zone is the major area of Mongolian rangelands type, accounting for 25% of Mongolia's total
territory (Bayaraa 2019). The study area is in the valley of the Kharaa river, a low hill between
the mountains of the Khentii mountain range. The main vegetation forms are mountain steppe
and steppe variants shrub, and grass. The case study area contains low-lying slopes, flat plains,
and a few rivers. The total territory of Khongor soum is 263,957 ha, with 193,690 livestock
(horse, cattle, camel, sheep, and goat) grazing during all four seasons of the year (Fig. 2).
Between 2011 and 2020, the number of livestock increased by 71.27% (NSO 2020). One of the
causes of this increase was an influx of herders from remote provinces to Darkhan-Uul province

to get closer to the market, because Darkhan-Uul province is close to the capital city.

Figure 1. Map of case study area: A. Location of Mongolia on the world map; B. Location of
case study area on the map of Mongolia; C. Map of case study area Khongor soum. (USGS

2021).
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Figure 2. Livestock numbers of Khongor soum in 2011-2020 years. (Source: NSO 2020).

Darkhan-Uul province is a central part of Mongolian agricultural zone, which is in central part
of Selenge province in the middle of the Khangai and Khentii mountain regions. Darkhan-Uul
province is a significant agricultural area in Mongolia. The Khongor soum is the largest district
in Darkhan-Uul province, approximately 230 km northwest of capital city Ulaanbaatar, close
to the southern border of Russia.

2.2 Soil

The soil type of Khongor soum includes the Khangai-Khentii region’s soil. The dominant soil
type of the province is brown soil of the dale steppe in Darkhan, and meadow soil spread over
the valley of the River Kharaa (Narmandakh 2009). The mountainous and forested areas are
dominated by mountain Histosols. The soil cover is thin and lies on top of a layer of gravel.
The Chernozem and Kastanozem soils are found in mountainous areas and areas without
forests. The Chernozem is a soil with a high level of fertility. The foothills are dominated by
thin Leptic Kastanozem soils. The Gleyic Kastanozem soils are mainly stabilized in the river
valleys between the mountains. The Gleyic Kastanozem soils have a high level of fertility and
are used for agricultural production.

2.3 Meteorological information

The case study area has a harsh natural climate due to the area's characteristics, patterns, and
differences in depressions and convexities, with large differences in the four seasons of the
year, high temperature fluctuations, and low precipitation. The wind blows from the north,
north-east, and north-west. The annual wind force is calm for 60.8% of the year, but it rises to
10-25 m/s in early March and can reach 28-32 m/s. The case study area has a hot dry summer
and cold winter. However, the cold winter can go on for a long time with ground frost. During
the summer, the daytime can be very hot, but while cooling at midnight, and the wind speed is
higher during the daytime and lowering at night, usually resulting in poor precipitation. These
are the features of a harsh continental climate that affect the growth of specific plant species
and vegetation. The annual rainfall averages 250-300 mm in the mountain’s region, and 150-
200 mm in the steppe region. Most of the precipitation falls during the vegetation growing
season. The region's summer average temperature ranges between 15-20°C. According to
estimates there is, little change in precipitation in the case study area, the average temperature
in the summer months decreased by 1.0-3.0°C, and in the winter months by 1.4-3.6°C in the last
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decade (IRIMHE 2021). Precipitation and temperature data were obtained from the nearest
meteorological station of Darkhan and were acquired from the Mongolian Information and
Research Institute of Meteorology, Hydrology and Environment. The annual average temperature
is 0.6°C, with the summer average temperature +17.8°C (1981-2010 years’ average) in June,
July, August, and the winter average temperature -19.7°C (1981-2010 years’ average) in
December, January, and February (IRIMHE 2021). The daily average temperature +19.6°C
from July 10 to August 19, 2020 (Figure 4). In the study period average temperature was 1.9°C
higher than the average summer temperature, which was a relatively hot period.

Daily average temperature in July and August
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Figure 3. Daily average temperature from July 10 to August 19, 2020. (Source: IRIMHE 2021).

In Mongolia, approximately 85% of the total precipitation falls between April and September, with
the majority of precipitation falls in July and August, accounting for 50-60% of total precipitation
(Batima et al. 2005). The annual precipitation is 301.2 mm with the highest precipitation 77-86
mm in July and August, and the lowest precipitation 2.8-2.9 mm in February and March. During
the study period, from July 10 to August 19, 2020, there was less precipitation, the total
precipitation was 107.6 mm, and the study period average precipitation was 2.5 mm (Figure 4).
It was lower than the summer average precipitation. The highest rainfall 49 mm was registered
on the 1% of August 2020. The temperature and precipitation showed that it was a hot and dry
summer.
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Figure 4. Precipitation from July 10 to August 19, 2020 in case study area. (Source: IRIMHE
2021).
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3. THE BASIS OF REMOTE SENSING RESEARCH WORK
3.1 Image pre-processing

Every unprocessed remotely sensed image contains errors. Pre-processing is the process of
correcting such errors before the data are used (Shankar et al. 2020). The term derives from the
fact that pre-processing is required for proper processing to occur. Pre-processing is commonly
considered in the context of digital analysis of remotely sensed data by two forms of data
correction (Matongera et al. 2021): (1) radiometric pre-processing, which addresses pixel
intensity differences (DN- digital number); (2) geometric correction corrects pixel-relative
position errors caused primarily by sensor viewing geometry and terrain variations. Landsat-8
data originate from two sensors; these are the Operational Land Imager (OLI) and the Thermal
Infrared Sensor (TIRS). The OLI and TIRS sensors are combined to develop a single product. The
single product is radiometrically and geometrically corrected, co-registered with correction and
called the Level 1 product (Matongera et al. 2021). In this case study, Landsat 8 data is utilized due
to the availability of radiometrically and geometrically corrected data images.

3.2 Image enhancement

The goal of image enhancement is to enhance visual interpretability of an image by increasing
the obvious contrast between the features of the scene (Thomas & Ralph 2000). The goal of
visualizing digitally enhanced imagery is to maximize the combined abilities of the human mind
and the computer. The mind is good at defining spatial attributes on an image and can
differentially define unclear or subtle features selectively. The human eyes are incapable of
distinguishing subtle spectral or radiometric differences that may characterize such attributes.
The goal of computer enhancement is to visually enhance these minor differences so that they
can be seen (Thomas & Ralph 2000). Image enhancement examples include removing noise
from images, sharpening images, adjusting image intensity, and making object detection easier
(Petros 2005).

3.3 NDVI - Normalized Difference Vegetation Index

NDVI is calculated by subtracting the maximum absorption of radiation in the red (R) spectral
region from the maximum reflection of radiation in the near infrared (NIR) region. Because
green vegetation easily reflects infrared light, it appears brighter. If a plant is subject to stress,
it decreases or cease chlorophyll production and will decrease reflects infrared light energy.
The vegetation absorbs the red band but reflects the near-infrared band. Natural materials, such
as water and carbon content, pigment, and nitrogen, influence reflection and absorption. The
NIR band is highly reflected and, hence, detects a healthy reflection of vegetation and dry soil.
If the NDVI is close to 0, it may indicate that there is no vegetation cover, however, if it is
negative, it may indicate non-vegetation surfaces such as water, asphalt roads, and bare soil.
Furthermore, NDVI values are higher in healthy vegetation. But on the other hand, stressed
plants might have lower NDVI values (Hashim et al. 2019). NDVI maps that refer to vegetation
rate changes based on spectral reflections should be reclassified, the NDVI implementation
value range of -1 to 1 is used. Using the NIR and Red bands, the NDVI uses to calculate the
balance of energy emitted and obtained by earth objects (Hashim et al. 2019). The NDVI was
expressed as follows:

(NIR — RED) (1)

NDVI=-——— <
(NIR + RED)

NIR: Near Infra-Red
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According to the methodology used for assessing changes in pasture condition, pasture
vegetation surveys are conducted after flowering and germination at the highest yields. To do
this, the Landsat 8 image was selected after the end of plant growth, on 18 August 2020.

3.4 Image classification

The goal of the image classification process is to automatically classify all pixel values into
land cover types or themes (Thomas & Ralph 2000). One or more spectral or structural
characteristic can be used to develop the categorization law. There are two kinds of
classification methods: unsupervised and supervised (Shinozuka & Mansouri 2009). The
unsupervised classification method is a fully automatic process that does not require any ground
truth data. At the image processing step, the defined characteristics of an image are detected in
a systematic manner using a suitable algorithm (Shinozuka & Mansouri 2009; Thomas & Ralph
2000). The supervised classification method refers to the process of optically selecting samples
within an image and classifying them to pre-selected categories in order to generate statistical
measurements that can be associated with a given image (Shinozuka & Mansouri 2009). One
of the most widely known supervised classification method is maximum likelihood
classification (Shinozuka & Mansouri 2009), that is based on Bayes' theorem and Gaussian
distribution. The Bayesian classification algorithm employs two factors to assess the
probability. The factors could explain a primary probability for each class or be equivalent to
the amount of pixels (Lillesand et al. 2008). When each cell is assigned to one of the classes
indicated in the signature file, the tool calculates both the means and covariances of the class
signatures. With the assumption that the distribution of a class sample can be described by the
mean module and the covariance matrix. The statistical likelihood for every class is computed
based on these two characteristics for each cell determining cell membership in the class (ESRI
2021).

3.5 Accuracy assessment

Accuracy assessment is a tool for reviewing classification results by using a describing error or
confusion matrix. Each class in the confusion matrix is defined by a comparing of classification
results and ground training data (Lillesand et al. 2008). There are several parameters that can be
used to determine the accuracy of the classification, such as overall accuracy, user and producer
accuracy, and commission (inclusion) and omission (exclusion) errors (Lillesand et al. 2008). The
pixels in the training dataset that are correctly classified as land cover run along the massive
diagonal of the confusion (error) matrix (Thomas & Ralph 2000). The nondiagonal elements of the
matrix are all errors of commission or omission. Nondiagonal column elements correlate to
omission errors. Nondiagonal row elements represent commission errors (Thomas & Ralph 2000).
The overall accuracy is determined using the total number of correctly classified pixels divided by
the total number of reference pixels. To calculate producer accuracy, the correctly classified pixels
are divided in each class by the number of training dataset pixels in that category. This parameter
indicates how well pixels in the training dataset of the specified cover type are classified. To
calculate user accuracies, the number of correctly classified pixels in each class is divided by the
total number of pixels classified in that category. This parameter is a measure of commission error
and demonstrates the possibility that a pixel categorized into a specific category on the ground truly
represents that category (Thomas & Ralph 2000). Table 1 displays the confusion matrix. All the
equations are explained in detail below.
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Table 1. Error and confusion matrix. (Source: Story & Congalton 1986).

Ground truth data Total Omission  User’s accuracy

A B C (%)
© a 20 1 2 Ya=23 0.13 87
& b 4 32 6 Sh=42 0.24 76
£ c 3 7 50 Se=60 017 83
2 Total YA=27 YB=40 Y=58 N=125
'z Commission 0.41 0.2 0.14
] Producer’s 59 80 86
© accuracy (%)

Overall accuracy = 82%

_aA+bB+cC

A
0 N

= (20 + 32 + 50)/125 =~ 0.82 (2)

Equation 2: OA - Overall accuracy, N- total number of ground truth data, bB, aA, and cC —
corresponding values

_(aB + a(l)

OE
Ya

= (1+2)/23 ~0.13 (3)

Equation 3: OE - Omission error, Y a- total number of class pixels in the classified image, aC
and aB — values of the class omission,

(DA + ch)

CE
YA

= (4+7)/27 ~ 0.41 (4)

Equation 4: CE- Comission error, Y A- total number of pixels in the ground truth data, cA and
bA — values of the class commission

UA=1-0E (5)

Equation 5: OE- omission error, UA — user’s accuracy

PA=1-CE (6)

Equation 6: CE- commission error, PA — producer’s accuracy

10
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4. METHODOLOGY
4.1 Project flow chart

Rangeland degradation mapping consisted of the steps described in the following practical
exercise flowchart (Fig. 5). Each step of the analysis is described in detail below.

H s 3 s . E

1| 1.Degradation definition analysis — Rangeland degradation definition i

S J ._ o i

P — - —

e mm e e memmmmmmemmmmmme= %
e A s N i
I . . was . H
i | 2.Image data selection and acquisition ~ p— Download Landsat image :
i _ - . i
A ———— - |
s R ' \ |
i | 3.Field data processing — Generate training samples :
i \ J \ J 1
e B —t
— N —_— N
[ - - . :
E 4. Image pre-processing —— Preparation for analysis i
HIAS J - J
e ——
— N —_——m o N |
i | 5. Calculation of NDVI —— Calculate NDVI :
E L& J \ J E
P ——— |
— N — N
i | 6.Image classification ) Maximum Likelihood classification :
:r \ J . J i
l= — B R R R R R R R R R R O R R R e R R R R R R eI eI —
I—__ ______________________________________________________________________________________________________ -
Vo N - ~N |
. . ]

i 7. Validation and accuracy assessment — Accuracy assessment E
i \_ J \_ J
L]

Figure 5. The practical exercise flowchart.
4.2 Degradation definition analysis

Sainbayar et al. (2014) identified the rangeland degradation in Bulgan province, which
neighbours the study area and is in same natural zone. Sainbayar et al. (2014) classified rangeland
degradation into 4 classes: non-degraded, low, moderate, and high-degraded. In addition,
Mongolian rangeland recovery capacity is classified into 4 classes (Densambuu et al. 2018).
According to these 2 approaches, in this study the training samples were divided into 4 classes
based on NDVI value using ArcGIS Pro 2.6 software. The NDVI values were calculated using
Landsat 8 satellite imagery. This is a practical remote sensing approach study done without ground
truth measurements with degradation classifications divided into 4 equal intervals of the spectral
range based on the calculated values of NDVI, namely non-degraded, low, moderate, and high
degraded (Table 2). 150 training samples were generated for each of the 4 classes, making a total
of 600 training samples. The high values indicate healthy pasture where degradation has not
occurred, and the low values indicate unhealthy pasture or degraded areas. Degradation condition
was then classified in descending order from the maximum NDVI values to the low (negative
values), starting with healthy or non-degraded followed by slightly degraded, then moderately
degraded, and finally severely degraded. Rangeland degradation conditions are described in Table
2.

11
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Table 2. Classification of rangeland degradation.

Degradation NDVI value Description
condition range

Non degraded 0.39-0.64 Healthy rangeland.
The condition of the main pasture has not changed.

Low 0.32-0.39 Slight changed.
Sub-dominant species have changed

Moderate 0.22- 0.32 Moderate changed.
Main-dominant species have changed

High -0.11-0.22 Severely degraded.
All species have changed, unpalatable plants have predominated

4.3 Image data acquisition

In this study, Landsat-8 data for the 18 August 2020 was utilized. Landsat 8 OLI multispectral
image (path 132, row 26) in Landsat Collection 2, Level 1 was selected and downloaded for the
purpose of this study from the website http://earthexplorer.usgs.gov. The imagery acquisition
time was selected for 18 August 2020 and the whole research area image (almost not affected by
clouds) then downloaded (Figure 6). Land cloud cover of this image was 3.29%, deemed suitable
for differentiating rangeland degradation classes and mitigating the effects of NDVI changes.
As shown in Table 3, spectral characteristics of Landsat 8 satellite data were used in this
study.

Table 3. Spectral characteristics of Landsat 8 OLI satellite data.

Bands Wavelength Resolution
(micrometre) (meter)
Band 1 - Coastal aerosol 0.43-0.45 30
Band 2 - Blue 0.45-0.51 30
Band 3 - Green 0.53 -0.59 30
Band 4 - Red 0.64 - 0.67 30
Band 5 - Near Infrared (NIR) 0.85-0.88 30
Band 6 - SWIR 1 1.57 - 1.65 30
Band 7 - SWIR 2 2.11-2.29 30
Band 8 - Panchromatic 0.50 — 0.68 15
Band 9 - Cirrus 1.36 - 1.38 30
Band 10 - Thermal Infrared (TIRS) 1 10.60 - 11.19 100
Band 11 - Thermal Infrared (TIRS) 2 11.50-12.51 100

12
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Legend

[:l Case study area boundary

Figure 6. The raw data of case study area in 2020.
4.4  Vector data acquisition

The vector data including research area boundaries, roads, settlement areas, herders’ winter-spring
camp location points, mines, agricultural areas, forests, rivers, and streams within the selected area
was acquired. The data was acquired from the “Darkhan-Uul province unified land territory
registration” data, generated by the Land Administration office of Darkhan-Uul province.

4.5 Field data processing

A field measurement is used to conduct rangeland vegetation surveys for ground truthing but
due to time restraints, in this study these were not conducted.

In ArcGIS Pro 2.6 software, training samples were generated using the training sample manager
tool for classification and accuracy assessment. A total of 800 samples were prepared to
calibrate classification and accuracy assessment. The samples were then separated into two
groups: the first group was for classification calibration while second for validation and
accuracy assessment. In the first group, 75% (n=600) of the total training samples were
computed for calibration of image classification using the maximum likelihood classifier in
ArcGIS Pro software. The distribution of the training samples for classification is shown in
Figure 7.

In this case study, accuracy was calculated in ArcGIS Pro 2.6 software using on second group

training samples (n=200) that were randomly selected to ensure accuracy of the results. In the
validation section, accuracy assessment was quantitatively evaluated based on 25% of the total
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training samples. The distribution of the training samples after accuracy assessment is shown

in Figure 8.

Training sample

[ Case study area boundary H_+_+_+_'_+_*_,I

Figure 7. Distribution of training sample data for classification in case study area.
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[ Case study area boundary 0 375 75 15 km
¢ Training sample I—f—H—'—'—i—i‘—'

Figure 8. Distribution of training sample data for accuracy assessment in case study area.
4.6 Image pre-processing

The pre-processing step was conducted after selecting and downloading satellite imagery to
prepare the image for analysis. First, the satellite image boundary of the research area was cut
out. In this case study, only rangeland area was investigated, so other categories of land, such
as forest, waterbodies, roads, agricultural areas, mines, and settlement areas were removed from
the total area. The boundary cut out was done in ArcMap 10.8.1 software while the removal of
the other land class areas was done using the mask tool in the image analysis section using
vector data from the basic raw image data. Figure 9 shows a pre-processed Landsat 8 satellite
image ready for analysis.

4.7 Calculation of NDVI

The main purpose of this case study is to identify and map degraded rangeland area by NDV1 levels
and to determine the degree of degradation. In this study, ArcGIS Pro 2.6 software was used to
calculate NDVI of the pre-processed image (Figure 9), using Equation 1 to assess rangeland
degradation. NDVI calculation was done using Near-Infrared and Red bands in the NDVI tool
found in the imagery toolbox which is also found in the Indices tool. The pre-processed image (Fig.
9) file is selected and NDVI parameters calculated with the output file shown in Figure 11.
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Figure 9. The raw image for NDVI calculation.
4.8 Image classification

The pixel-based maximum likelihood classification was supervised using ArcGIS Pro 2.6
software. Maximum likelihood classification assumes that the statistics for every class in every
band are equally distributed and computes the likelihood that a given pixel belongs to a
particular class. Before classification, training samples were generated for each 4 classes. The
training sample manager tool in ArcGIS Pro 2.6 was utilized for preparation of training samples.
The training sample manager tool is the mechanism for managing training samples to create
and edit class names or values, save, and evaluate. A training sample was generated based on
Landsat-8 satellite data of 18 August 2020 for each 4 classes. A total of 800 samples were
prepared to calibrate classification and accuracy assessment, of which 600 training samples
were computed for the classification. This means that 75% of the total training sample was used
for classification. The 150 points were created manually in each 4 classes using the generate
training sample tool in ArcGIS Pro 2.6 software (Table 4).

Table 4. Training samples for classification.

Classification Training Pixel percent
sample %
Non-degraded 150 23.6
Low 150 39.9
Moderate 150 19.6
High degraded 150 16.9
Total 600 100
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Maximum Likelihood Classification was performed by the maximum likelihood classifier tool
found in the segmentation and classification menu in the spatial analyst toolbar. Next, the
calculated NDVI1 image (Figure 11) was selected as the input file, and the training sample data
selected in the input signature file generated a classified image (Figure 13).

4.9 Validation and accuracy assessment

Accuracy assessment was performed using the classified image (Figure 13) and accuracy
assessment points (n=200) performed by accuracy assessment point tool in image analyst tool.
This was followed by calculation of the confusion matrix in the Excel software. The overall
accuracy including producer’s and user’s accuracy values were calculated using Equation 2, 5
and 6. Omission and commission errors were calculated using Equation 3 and 4. Each 4 classes
were used in the validation section.

5. RESULTS
5.1 NDVI analysis

The maximum NDVI value for this study was 0.64 while the minimum value was -0.10. From
the results, the highest NDVI values indicated high and healthy rangeland area, and a negative
and low NDVI values indicated low or severely degraded rangeland areas. According to the 4
classes the NDV1 values were between 0.64-0.39, 0.39-0.32, 0.32-0.22, 0.22 and -0.10 for non-
degraded, low degraded, moderate degraded and high-degraded class, respectively, see
Table 5and  Figure 10. Figure 11 shows the distribution of NDVI values in the case study
rangeland area.

Table 5. NDVI values.

Classes Max Min Mean Standard deviation
Non degraded 0.64 0.39 0.52 0.18
Low 0.39 0.32 0.36 0.05
Moderate 0.32 0.22 0.27 0.07
High degraded 0.22 -0.11 0.06 0.23

0.65 ®

0.55
0.45
0.15
0.05 }

-0.05

[ ]
-0.15

non-degraded low moderate high-degraded

® max ® min ® mean

Figure 10. Variation of NDVI value in rangeland degradation classes.
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NDVI value
[ High: 0.64

L Low: -0.10

Legend

[ case study area boundary

0 3.256.5 13 km
—=——————

Figure 11. NDVI value of the rangeland in the case study area.

NDVI value e  Winter, spring camp
I High: 0.64 [ waterbody
. Lo Settlement area
-

- Mining area
- Forest

l:l Cultivated area
0 22545 9 km

: Case study area boundary '_;_}_,_‘

Figure 12. Map showing NDVI values and other land categories in the case study area.
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5.2 Image classification

The classified rangeland degradation map of the 18 August 2020 is shown in Figure 13, and the
classification results are summarized in Table 6. The results of image classification showed that
35.6% of the total area was in non-degraded, 43.2% in a low degraded, 17.3% in a moderate
and 3.9% in a high degraded class in case study area. Basing on the results, the largest
proportion of the case study area was in low degraded class followed by non-degraded and the
lowest proportion in highly degraded class.

Table 6. Statistical results of rangeland degradation classification.

Rangeland degradation Rangeland area
class sg.km ha %
Non degraded 497.29 49729 35.6
Low 603.20 60320 43.2
Moderate 241.92 24192 17.3
High degraded 54.36 5436 3.9
Total 1396.77 139677 100

Classification
Il High degraded Low [ Case study area boundary

Moderate - Non degraded 0 325 65 13km

Figure 13. Map of rangeland degradation classification.
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Legend
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Figure 14. Map of rangeland degradation classification and other land categories.
5.3 Accuracy assessment

The achieved overall accuracy of the supervised Maximum Likelihood classification of the case
study area on 18 August 2020 was 69%. The results of the classification accuracy assessment
are shown in Table 7.

According to the findings, the highest producer accuracy was associated with the non-degraded
class. For this class the producer’s accuracy was 74%. The producer’s accuracy fell into the low
degraded class with 70%, moderate class 68%, and high-degraded class 25%. The value of the
user’s accuracy was observed to be 80% in non-degraded class, 79% in low degraded class,
50% in moderate class, and 11% in high-degraded class.

Commission and omission errors per class were calculated for specific rangeland degradation
classes. The identified commission errors in the maximum likelihood analyses were found at a
rate of 75% in the high-degraded class, 32% in the moderate degraded class, 30% in the low
degraded class, and 26% in the non-degraded class. Omission errors from the classes high
degraded, moderate, low, and non-degraded class were 89%, 50%, 21%, and 20%, respectively.
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Table 7. Confusion matrix obtained with Maximum Likelihood Classifier for the 2020
rangeland degradation classification in the Khongor soum of Darkhan Uul province.

Derived from satellite image data
Classes i Total | Omission User's
Non- Low Moderate ngh- error accuracy
degraded degraded
Non- 49 9 3 0 61 0.20 80%
o & | degraded
E ° Low 10 67 6 2 85 0.21 79%
I E- Moderate 4 16 21 1 42 0.50 50%
= % [High- 3 2 1 1 9 0.89 11%
degraded
Total 66 96 31 4 200
Commission 0.26 0.30 0.32 0.75
error
Producer's 74% 70% 68% 25%
accuracy
Overall accuracy: 69%

6. DISCUSSION
6.1 Definition of degradation

In this study NDVI values were important for analysing rangeland classification and accuracy
assessment of classification. To start with, non-degraded (0.39-0.60), low degraded (0.32-0.39),
moderate degraded (0.22-0.32) and high-degraded (-0.11-0.22) classes helped to classify non-
degraded areas (35.6%), low degraded areas (43.2%), moderately degraded areas (17.3%) and,
high-degraded (3.9%). However, to date, no study has generated NDVI values from an area in
Mongolia of similar agroecological zone, land uses and soils. Therefore, the classifications used
in this study could be a basis for a more extensive study that incorporates ground truthing. One
study by Badrakh (2019), that also used only NDVI calculation, was conducted in a
neighbouring area under the same agroecological zone. According to that study, without ground
truthing, the NDVI value range was 0.4-0.7 and categorised as 0.4-0.5 for degraded and >0.5
for non-degraded areas. The NDVI values in this study differed from the Badrakh (2019) study
values, since the NDV1 value for non-degraded areas was >0.39. This difference could probably
be due to the difference in the data time line. The Badrakh study was made in 2019, and it is
likely that precipitation and air temperature could have been different from this study period.
On the other hand in the Badrakh (2019) study area, mining is the main land use which could
also probably contribute to the vegetation degradation, while in this study the area consisted of
alternating cropland where grazing is the main land use and cropping is in August. Also when
this study was compared to Bayaraa (2019) whose study included ground truth data from
Bornuur soum, Tuv province, in the same agroecological zone but with grazing as the main
land use, the NDV1 value was —0.39-0.91 with high overlap compared to this study. Therefore,
it may be advantageous to classify degradation based on NDVI values without external or
human intervention.

6.2 Field data

Due to the lack of ground truth data survey, it was not reliable to classify rangeland degradation.
Badrakh (2021) conducted a study on land use and land cover changes without ground truth
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data survey, which identified changes in land use and land cover changes in three time periods.
Perhaps this study could have been better at detecting changes in rangeland degradation if data
sets from more than one year had been used. Furthermore, longitudinal data sets should be
complimented with establishing several control points for each class to monitor the study area
(ground truthing). If ground truth data survey is conducted with appropriate equipment,
experienced specialists and, availability of logistics, reliability is ensured. However, it is time
consuming and costly to process the aggregate these two methods. In this study, however, due
to time constraint and because a main goal was to acquire skills in GIS and remote sensing, it
had to be done quickly and at low cost.

6.3 NDVI - Normalized Difference Vegetation Index

The results showed that the area in Khongor soum is a rangeland with alternating cropland and
grazing as the main land uses. During the study period, the NDV1 values ranged between -0.10
and 0.64 with an average of 0.34. Sainbayar et al. (2014) on the other hand identified an NDVI
average of 0.56 for rangeland in the northern part of Mongolia, close to the study area for this
study, for the period 2000-2014, while employing the same method but with ground truthing.
This study had a lower NDVI mean value than the study of Sainbayar et al. (2014). Although
the classification used in this study is like the above-mentioned research, it is not possible to
compare the values of the two studies because Sainbayar et al. (2014) performed ground
truthing which could account for the differences in the two studies.

The results of this case study demonstrate that the low and moderate classes were difficult to
differentiate due to spectral overlapping of NDVI values. The NDVI value chart ( Figure 10)
shows that the spectral range of the high-degraded class overlapped slightly with the moderate
class, though it could still be significantly distinguished. Between the low and moderate classes,
spectral values highly overlapped. As such, spectral overlaps between the classes could not be
significantly distinguished.

According to meteorological data during the study period, the precipitation was lower than the
average summer precipitation and the air temperature 1.9 degrees higher than the average
summer temperature (IRIMHE 2021), which may also have affected the NDVI values (Hao et
al. 2011). However, it is not possible to make a detailed comparison, because the data for this
study did not account for more than one year.

6.4 Classification

The expectation of the study was that the high-degraded and moderate degraded areas would
be larger than the low and non-degraded classes’ areas. Instead, the findings revealed that low
and non-degraded classes’ area were larger than the other classes. The reason for this might be
related to the spectral overlapping or image processing errors. The 150 training samples were
obtained for each 4 classes for the classification because the training samples were assumed to
be the same number in each class while varying the pixels number in each class and may have
influenced the classification. For instance, the percentage of training samples in the low
degraded class was the highest for pixel size (39.9%) while the low degraded rangeland was
the largest area 43.2% from classification, out of the total rangeland study area. However, the
training samples with the smallest pixel number was also the smallest area out of total rangeland
study area. Training samples that are insufficient in number, are not representative of the
features of interest, or have multimode distributions frequently result in poor classification
results (Bayaraa 2019).
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6.5 Accuracy assessment

The overall accuracy achieved from the supervised classification was moderate at 69%.
However, it is believed to have been more likely to occur because the number of points used
for accuracy assessment were relatively small (200 points) compared to the size of the study area
(139,677 ha). Another reason could be that the number of points used for the accuracy
assessment was unbalanced for each class.

6.6 General evaluation of study findings

This study demonstrated that remote sensing is a time-efficient method of evaluating large areas
in a short period of time. However, studies identifying rangeland degradation through remote
sensing and moderate resolution images have limitations because of the complication of the
rangeland systems.

The results of this case study demonstrated that the classes were difficult to differentiate due to
overlapping in the training sample generation. As a pilot study with the objective of acquiring
GIS and remote sensing skills for further training the exercise has, however, served its purpose.

The high-degraded class had a low user’s accuracy, but high producer’s accuracy, which may
result in overall low classification accuracy. Additionally, the validation points were too small
in high-degraded class. The main reason for the high commission and omission errors in high-
degraded class was due to the small and unbalanced sample size.

To achieve good results in this study, 200 points were planned for validation and classification
accuracy assessment. However, these have demonstrated that they were not enough number of
points in each class for accuracy in classification. Therefore, increasing the number of training
samples and keeping the balanced number of points in each class would improve the accuracy
of classification in future studies.

7. CONCLUSIONS

The overall goal of this study was to assess the practical use of remote sensing to identify
rangeland degradation in Khongor soum of Darkhan-Uul province in Mongolia. This study
illustrated that remote sensing can be a relatively quick tool for assessing rangeland vegetation
cover changes over large areas in short period of time. Therefore, it was a good learning
experience but there are several areas of interest that would require further analysis and an
improvement in the methodology for better analysis. A future study could be more interesting
if it was based on ground truth data to identify changes in a rangeland over a period of several
years for the implementation of substantial management measures.

In future studies, | recommended an increase in the number of points, taking an equal number

of points for each class, and to generate the training samples based on the compatible pixel
number to improve the quality of the classification.
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APPENDIX

Project: Mapping rangeland degradation: A theoretical and practical exercise in the forest
steppe zone, Mongolia

Date : 18/08/2021
Author: Erdenechimeg Avidsuren

Input:
Data Khongor soum imagery data (Mongolia, Darkhan-Uul
province)
Sensor Landsat 8 (# path: 132 # row : 26)
Data captured 18/08/2020
Corresponding  field data | July 2021 (http://earthexplorer.usgs.gov.)
acquisition
Product type Collection 2, Level 1
Land cloud cover 3.29%
Resolution 30m
Output:

Khongor soum imagery data

Pre-processing | Radiometric Correction

Atmospheric Correction

Masking

Image classification

NERSERN [Ealike

Error assessment

Software: ArcGIS 10.8.1 and ArcGIS Pro 2.6
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Date Step Input and outputs  of | Processing steps and notes
processing
Creating a single raster dataset from multiple bands
Processing step: Input: 1. Open ArcGIS Pro and load raw
Date: Creating a single raster | L8C image data.
18/08/2021 dataset 11 single raster datasets 2. Open the Geoprocessing tool — Data
Output: Management toolbox
Software: L8C_composite 3. Raster toolset- Raster processing
ArcGIS Pro toolset - Composite Bands
Remark: 4. Proceed every band in the input
Landsat 8 OLI has 11 raster section respectively.
single raster datasets 5. Select an appropriate output file
name and folder to save the
composite image.
6. Select Run.
Preparing image for analysis
Date: Processing step: Input: 1. Open Add Data - L8C_composite
18/08/2021 Making a mask raster | L8C_composite 2. Open Add Data — Soum_boundary
dataset to use (shape file)
Output: 3. Arc Toolbox-Spatial Analyst Tools -
Software: L8C_composite_mask Extraction — Extract by mask
ArcGIS Pro 4. Proceed raster dataset in the input
Remark: raster section.
5. Select a raster or feature mask data.
(In this case soum boundary shape
file was used)
6. Select an appropriate output file
name and folder to save.
7. Select Run.
Date: Processing step: Input: 1. Open Add Data -
19/08/2021 Masking out other land | L8C_composite_mask L8C_composite_mask
categories area from total 2. Open Add Data — mining_area (shape
soum area Output: file)
Research_area_image 3. Forest, waterbody, road, agricultural
Software: area, mining, and settlement area
ArcMap 10.8.1 were cut out in separately for each of
Remark: these 6 categories. This operation
In this study only was repeated 6 times.
rangeland area is used 4. Windows menu — Image analysis
5. In Image analysis window select
basic raster dataset
(L8C_composite_mask)
6. Select mask tool
Making a classification
Date: Processing step: Input: 1. Open Add Data -
19/08/2021 Creating  classification | Research_area_image Research_area_image
schema 2. Imagery menu — Classification tool
Output: 3. Open Training samples manager tool
Software: Training_samples 4. Start creating a new classification
ArcGIS Pro schema. Select Create new schema
Remark: tool. This is a new classification
schema for study
5. Move the mouse to the new schema

and right-click to create a new
category. Create 4 classes. In this
window put the name, colour, and
value of the category.
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6. Select Ok.
7. In this way, each of the 4 categories
is repeated and done.
8. Select an appropriate file name and
location to store the training samples
Date: Processing step: Input: 1. Open Add Data -
19/08/2021 Creating training samples | Research_area_image Research_area_image
2. Imagery menu — Classification tool
Software: Output: 3. Open Training samples manager tool
ArcGIS Pro Training_samples_class 4. Select the class to create the training
Remark: samples, select drawing tool
(polygon, circle, rectangle) and create
the training samples.
5. Inthis way, 150 training samples
created for each 4 classes. Total 600
samples
6. Select save. An appropriate file name
and location to store the training
samples.
Calculating NDVI
Date: Processing step: Input: 1. Open Add Data -
20/08/2021 Calculating NDVI Research_area_image Research_area_image
2. Imagery menu — Indices tool
Software: Output: Research_area_NDVI 3. Open NDVI tool
ArcGIS Pro 4. Select a raster data and select an
Remark: appropriate output file name and
folder to save.
Select Run.
Creating classification and validating
Date: Processing step: Input: 1. Open Add Data -
20/08/2021 Creating classification Research_area NDVI Research_area NDVI
Output: 2. Select Analysis menu — Tools
Software: Research_area_classified 3. Spatial Analyst Tools —
ArcGIS Pro Segmentation and classification
Remark: menu — train Maximum Likelihood
Classifier
4. In Geoprocessing section select input
raster, select Input training sample,
select an appropriate output classifier
definition file name and folder to
save.
5. Select Run.
Date: Processing step: Input: 1. Open Add Data -
21/08/2021 Validating classification | Research_area_classified Research_area_classified
2. Select Analysis menu — Tools
Software: Output: 3. Spatial Analyst Tools —
ArcGIS Pro Acc_ass_points Segmentation and classification
Remark: menu
4. Create accuracy assessment points —
select input raster as
Research_area_classified
5. Select as output accuracy assessment
points an appropriate file name and
location to store
6. Number of random points are 200
7. Select Run
Date: Processing step: Input: 1. Open Add Data -
21/08/2021 Validating classification | Research_area classified Research_area_image
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Software:
ArcGIS Pro
Remark:

Output:
Accuracy_ass

N

Select Analysis menu — Tools
Spatial Analyst Tools —
Segmentation and classification
menu

Update accuracy assessment points —
select input raster as
Research_area_classified

Select input accuracy assessment
points as Acc_ass_points

Select as output accuracy assessment
points an appropriate file name and
location to store

Select Run
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