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Abstract 

This study presents the results of soil moisture estimation using Landsat˗8 for the Karshi Steppe territory 

(Uzbekistan). Soil moisture estimation was carried out using the soil moisture index (SMI) calculated based 

on surface temperature (LST) and the normalized difference vegetation index (NDVI).  Thermal Infrared 

Sensor (TIRS) and Red, Near-Infrared (NIR) bands of Landsat˗8 were used to calculate LST and NDVI. 

Observation shows that NDVI and LST are considered essential data to obtain SMI calculation. The study 

made it possible to categorized 4 class results of SMI from very wet to very dry of the soil edge. The final 

result is obtainable with the values range from 0 to 1. The results indicate that this method from Landsat 

images is valuable for monitoring agricultural drought and flood disaster assessment. It is shown that the 

method can efficiently be applied to estimate soil moisture using remote sensing, which has some advantages 

over traditional methods and can be effectively used to monitoring soil moisture in agricultural areas of the 

Karshi Steppe. 

 

 

1. Introduction 

Soil moisture is a dimensionless quantity that 

characterizes the moisture content in the soil. 

Numerous studies (Choi et al., 2011 and Berg et al., 

2014) have shown that soil moisture affects the 

interaction between the Earth's surface and the 

atmosphere. Soil moisture is the level of saturation 

in the upper soil layer relative to the soil field 

capacity. Soil moisture depends on precipitation, 

potential evaporation, temperature, soil 

characteristics (Eltahir Elfatih, 1998). Soil moisture 

plays an important role in many environmental 

phenomena include agricultural and hydrological 

applications (Ahmad et al., 2011 and Lakshmi, 

2013). 

Many soil moisture datasets have been produced 

from various spaceborne instruments using different 

algorithms (Owe et al., 2001, Njoku et al., 2003 and 

Naeimi et al., 2009). Some of these datasets, 

obtained from both active and passive microwave 

remote sensing, have been combined (Liu et al., 

2011) to form a global soil moisture dataset. In 

(Srivastava et al., 1997) the method for assessing 

soil moisture content, depending on the amount of 

electromagnetic energy reflected and radiated from 

the Earth's surface. The amount of water is 

determined using the maximum and minimum 

values of the thermal and daily soil properties. They 

are measured in the thermal infrared and microwave 

ranges. The active and passive microwave takes into 

account the measurement of the radar backscatter 

coefficient and the brightness temperature, 

respectively. 

There are many studies on estimating soil 

moisture using both passive (Sadeghi et al., 2017), 

and active remote sensing satellites (Srivastava et 

al., 2009, Şekertekin et al., 2016). Passive methods 

retrieve soil moisture information independently 

even when there is a vegetation canopy available 

and it provides information about land properties, 

such as surface temperature and Normalized 

Difference Vegetation Index (NDVI). Passive 

methods provide Land Surface Temperature (LST) 

and Normalized Difference Vegetation Index 

(NDVI) information regardless of the presence of 

vegetation cover. Studies confirm that there is a 

correlation of about 95% between soil moisture with 

the LST and NDVI (Entezari et al., 2019). In the 

paper (Trinh et al., 2018) presented the estimation of 

soil moisture was carried out using the temperature-

vegetation index (TVDI), calculated based on the 

surface brightness temperature and NDVI.   

This study presents the results of soil moisture 

estimation using Landsat˗8 for the part of the Karshi 

Steppe territory (Kashkadarya, Uzbekistan) (Figure 

1).  
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Figure 1: Location the part of the study area Karshi Steppe, Kashkadarya, southern Uzbekistan 

 

2. Study Area  

The Karshi Steppe is plain in Uzbekistan, located at 

the west of the Zeravshan and Gissar ranges. The 

Steppe is covered with river deposits of constant 

water flows. The waters of the Kashkadarya River 

and the Karshi main canal are irrigating the Steppe. 

The climate of the region is arid; the amount of 

precipitation is 200-400 mm per year. The soil cover 

of the steppe is varied. Typical and light serosem are 

widely developed. Soils of the Karshi Steppe are 

subdivided into intact and altered soils during 

irrigation, and also soils differ by texture and degree 

of salinization. A significant part of the land in the 

Karshi Steppe is used for cereal crops and cotton 

(Chembarisov et al., 2015). The population is 

engaged in agriculture. The limiting factor for its 

further development is water since the flow of rivers 

flowing into the steppe is almost entirely spent on 

irrigation. That is why it is necessary, firstly, from 

time to time to revise the information on water 

resources based on the latest hydrological 

information, and secondly, further for methods to 

develop soil moisture estimation. 

 

3. Data and Method 

For this study were used images of the Landsat˗8 

images with 30 m resolution from the United States 

Geological Survey (USGS) Earth Explorer website 

were obtained for June, July, August, and 

September 2020. Cloud-free images were used. In 

this study were used Red and Near-Infrared (NIR) 

for the NDVI calculation and thermal infrared (TIR) 

bands for the LST calculation. One method for 

estimating soil moisture is called the triangle 

method. The triangle method is based on the 

empirical relationship between soil moisture, 

surface temperature, and vegetation cover. The 

triangle method was used in several studies to 

estimate soil moisture, notably Carlson et al., (1994) 

and Sandholt et al., (2002). The method considers 

the interrelation of temperature with vegetation, 

based on which the soil moisture is estimated. The 

maximum dry edge of the soil is equal to 1, and the 

minimum wet edge equals 0. The soil moisture 

index is based on the relationship between LST and 

NDVI. In the first step, we have to convert Digital 

Number (DN) to the Top of Atmosphere (TOA) 

spectral radiance to used equation (1) (Landsat 8 

(L8) Data Users Handbook, 2019).  

 

calL M Q A  = +  

Equation 1 

 

Where Lλ is TOA spectral radiance (Watts/ 

(m2*srad*μm)), ML is band-specific multiplicative 
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rescaling factor from metadata, AL is band-specific 

additive rescaling factor from the metadata, Qcal is 

quantized and calibrated standard product pixel 

values (Digital Number). Now we are calculating 

Brightness Temperature using the thermal constant 

(Landsat 8 (L8) Data Users Handbook, 2019): 
 

2

1

273.15
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K
T

K
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= −
 
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Equation 2 

 

Where T is the top of atmosphere brightness 

temperature (K), Lλ is TOA spectral radiance 

(Watts/ (m2*srad*μm)), K1, K2 are bands-specific 

thermal conversion constant from the metadata.  

And finally step is calculating LST (Jeevalakshmi et 

al., 2017): 

1 ln

T
LST

T




=

+

 

Equation 3 

 

Where T is the top of atmosphere brightness 

temperature, λ is the wavelength of emitted 

radiance, ρ is constant (1.438*10-2 m K), ε is the 

emissivity. In (Valor and Caselles, 1996) the 

emissivity ε is determined based on the NDVI and 

can be applied to heterogeneous areas and various 

types of surfaces: 

 

(1 )SP P    = + −  

Equation 4 

 

Where εv, εs is the emissivity of the vegetation and 

soil, Pv is the value of the vegetation in a specific 

pixel. 

Here Pv can be determined using values of the 

NDVI: 
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Equation 5 
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Equation 6 

 

Where NIR is the reflectance values of the Near 

Infrared band, RED is the reflectance values of the 

Red band, NDVImin, max represents the maximum and 

minimum value of the NDVI pixel. 

NDVI values range from –1 to 1. High 

photosynthetic activity leads to lower reflectance in 

the red region of the spectrum and higher values in 

the near infrared. The ratio of these indicators to 

each other makes it possible to clearly distinguish 

vegetation from other natural objects. The index 

only takes positive values. NDVI values cannot be 

less than 0 for vegetation. And the final step is 

calculating SMI: 

 

max

max min

LST LST
SMI

LST LST

 −
=  

− 

 

Equation 7 

 

Where LST max, min represents the maximum and 

minimum surface temperature. 

 

4. Results and Discussion 

The results of the LST calculations are shown in 

Figure 2 (a), (b), (c) and (d). The LST values are 

measured in °C. As a result of the analysis of the 

results obtained, it was noted that an area with a 

high surface temperature belongs to bare agriculture 

fields. The difference between the maximum and 

minimum surface temperatures for June 2020 was 

38.83°C (Figure 2(a)). This difference was the 

largest among other observations. The difference 

LST values for July 2020, August 2020, and 

September 2020 was 26.31°C (Figure 2(b)), 

23.87°C (Figure 2(c)), 29.45°C (Figure 2(d)) 

respectively. SMI was determined after calculating 

the LST and NDVI (Figure 3 (a), (b), (c) and (d). 

The calculation of the SMI made it possible to 

identify the edge for the territory of the soil, which 

represents aridity and moisture (Table 1). SMI 

values range from 0 to 1. Identified 4 categories: 

Very dry – 0-0.2; Dry – 0.2-0.3; Wet – 0.3-0.5; 

Very wet – 0.5-1. 

Table 2 present analyzes soil moisture areas per 

category for different periods in ha. Results show, 

that the amount of “Very wet” in June was 16907.53 

ha (Figure 3(a)). But here, some part of the territory 

is covered by clouds (23.11% from the metadata 

file). Most of the territory belongs to the category 

“Dry” the amount was 191314.82 ha in June. 

Almost whole the territory “Very dry” belongs to 

bare fields. The maximum amount of “Very dry” 

lands was in June (127588.86 ha). In contrast, July, 

August, and September are periods with fewer area 

“Very dry” fields. We observed that “Very wet” 

fields are increasing in July (Figure 3(b)). It is a 

result of the irrigation works. We observed that 

amount of “Wet” and “Very wet” was higher at 

167203.63 ha and 118497.01 ha respectively in 

September in contrast with other periods (Figure 

3(c)). The entire category of “Very dry” belongs to 

bare fields. 
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а) June 07, 2020 

 

 
b) July 09, 2020 

 
c) August 10, 2020 

 
d) September 11, 2020 

Figure 2: LST maps 
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a) June 07, 2020 

 

b) July 09, 2020 

 

c) August 10, 2020 

 

d) September 11, 2020 

Figure 3: SMI maps 
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Table 1: Soil classification based on SMI 
 

№ SMI value Classification 

1 0 – 0.2 Very dry 

2 0.2 – 0.3 Dry 

3 0.3 – 0.5 Wet 

4 0.5 – 1 Very wet 
 

Table 2: Area of the soil moisture  
 

Classification June July August September 

Very dry 127588.86 62991.36 62123.10 51995.60 

Dry 191314.82 147310.07 121139.68 121457.46 

Wet 123350.97 160831.42 166609.27 167203.63 

Very wet 16907.53 88823.40 109280.20 118497.01 

 

 

5. Conclusion  

 

In this work, we have estimated soil moisture using 

LST and SMI. The results show that the SMI can be 

used according to the triangle method for soil 

moisture estimation in the Karshi Steppe. 

Information obtained in results used satellites 

images allows getting information about the 

condition of the water balance in agriculture and 

bare fields. In results of LST was noted that an area 

with a high surface temperature belongs to bare 

agriculture fields. The calculation of the SMI made 

it possible to identify the edge for the territory. SMI 

values range from 0 to 1. Identified 4 categories: 

Very dry – 0-0.2; Dry – 0.2-0.3; Wet – 0.3-0.5; 

Very wet – 0.5-1.  We observed that “Very wet” 

fields are increasing from July. It is a result of the 

irrigation works. The area of “Wet” and “Very wet” 

was higher at 167203.63 ha and 118497.01 ha 

respectively in September in contrast with other 

periods. Results show that the maximum amount of 

“Very dry” fields in June (127588.86 ha). In 

contrast, July, August, and September are periods 

with less area of “Very dry” fields.  

We can conclude that optical remote sensing is 

still an effective technique for estimating soil 

moisture, due to reflected solar radiation is the 

strongest passive signal available to satellites, and 

therefore observations at optical wavelengths can 

provide data with high spatial resolution. LST and 

NDVI are two important parameters that indicate 

the conditions of soil moisture.  The processing 

technique in this study can be used for operational 

mapping of soil moisture to plan mitigating 

measures for the effects of drought and 

desertification on the environment. 
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