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ABSTRACT

Wetland areas are volatile and have high iron content. In this study, through a remote 
sensing approach, especially using Landsat Operational Land Imager (OLI) and Thermal 
Infrared Sensor (TIRS) imagery, we discussed the method to estimate the presence of iron 
oxide in the wetlands of South Kalimantan in 2018, 2019, and 2020. Interpretation of the 
Landsat OLI TIRS was employed in April 2018, August 2018, February 2019, August 
2019, March 2020, and August 2020. The band ratio method was used to determine the 
distribution of samples in this study. The results of the iron oxide index from the image 
were performed regression and correlation analysis with field measurement and laboratory 
test results to validate the oxide index values. The results showed that the iron oxide index 
value in the dry season was higher than in the rainy season. Iron oxide index value in open 
land was higher than in vegetation cover. The wetland was in dry condition during the 
dry season, making it easier to detect iron oxide values. Vegetation cover could reduce 
the iron oxide index value on the soil surface so that the iron oxide value was more easily 
identified in open land. The results of linear regression testing for the wet season sample 

obtained a coefficient of determination R² = 
0.413, while the results of linear regression 
testing for the dry season sample obtained 
a coefficient of determination R² = 0.667. 
Thus, the Landsat image has strong enough 
to estimate the iron oxide index in the 
wetland area of Kalimantan.

Keywords: Iron oxide, Landsat 8 OLI TIRS, wetland 
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INTRODUCTION

Natural wetlands play an essential role in increasing the total dissolved Fe concentration 
(Guan et al., 2020). Iron (Fe) oxide is the most common metal oxide found in the soil. The 
Fe oxide surface is mainly covered with complex organic compounds that determine its 
reactivity and retention to the ions dissolved in the soil (Xing & Niu, 2019). The reactivity 
of Fe is significantly increased in wetland soils (Davranche et al., 2013). Fe2O3 is formed 
by reacting oxygen in the atmosphere and the main Fe2+ mineral in the soil (Guo et al., 
2020). The reduction and oxidation of iron in wetlands occur due to tidal fluctuations, 
especially in tidal swamps (Arisanty, 2017).

Data obtained through remote sensing can be used to investigate the components of 
the wetland ecosystem, one of which is soil data (Guo et al., 2017; Radeva et al., 2019; 
Sulaeman et al., 2020). Remote sensing allows identifying soil conditions by comparing 
the remote sensing data to the soil conditions in the field (Zhai, 2019). Remote sensing 
has been widely used for estimating soil characteristics based on sensors and different 
remote sensing techniques (Zribi et al., 2011). Soil data that can be identified through 
remote sensing is the iron content in the soil surface (Govil et al., 2018; Qing et al., 2019). 

Landsat 8 OLI TIRS is a useful tool for researchers to collect research data (Ridwan 
et al., 2018). Landsat 8 OLI TIRS can be administered in soil mapping and is a crucial 
tool for soil observation, land planning, management, and precision agriculture (Meng et 
al., 2016; Silvero et al., 2021). Landsat imaging has been widely used in observing iron 
oxide content. The spectral response toward iron oxide content in the soil is the basis for 
estimating the distribution of iron oxide content used in estimating the iron oxide content 
in the Gunungsewu Karst area instead of using ALOS (Advanced Land Observing Satellite) 
AVNIR-2 (Advanced Visible and Near Infrared Radiometer type 2) (Nugroho & Purwanto, 
2013). In addition to determining the distribution of iron oxide content in the soil, Landsat 
TM has been found effective in carrying out detections than ALOS AVNIR-2. 

Landsat 8 OLI TIRS can be used to calculate the correlation between iron oxide 
content in the soil and the possibility of hydrothermal alteration (Aisabokhae & Oresajo, 
2018; Putra et al., 2017). Red/blue band probes 6/7, 5/6 were performed to identify iron 
oxide minerals, clay minerals, carbonate minerals, and ferromagnesian (Pour & Hashim, 
2015). The Landsat 8 OLI TIRS can determine the distribution of iron oxide and hydroxide 
minerals that dominate the alluvium and ophiolite rocky areas (Darmawan et al., 2020). 
The spectral reference, which involves thermal sensors, can also be used in iron oxide 
identification (Haq, 2017). The combination of band ratio and land surface temperature 
method results in sound accuracy in iron oxide identification. Landsat 8 image processing 
methods such as band combination, band ratio, and principal component analysis proved 
accurate for identifying iron oxides (Frutuoso et al., 2021). Landsat data can be used for 
preliminary mapping of iron oxide before detailed fieldwork and before selecting sampling 
sites (D’Arcy et al., 2018).
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The iron oxide content in wetland areas can be analysed using remote sensing 
technology using Landsat 8 OLI TIRS. Landsat 8 OLI TIRS offers an easier way to 
identify the iron oxide content in the soil. The spectral value in the image can determine 
the iron oxide value in wetlands (Demattê et al., 2017). Iron oxide research using remote 
sensing is mostly carried out in dryland with low vegetation cover and mining areas. In 
contrast, in wetlands, especially in the Kalimantan area, it is still limited. Wetlands in the 
Kalimantan region have high vegetation cover and a significant seasonal effect on the land. 
Landsat imagery is easily accessible, available in a short time, temporal support, and the 
combination of band ratio can detect multi-temporal iron oxide, so this study uses Landsat 
8 OLI TIRS imagery. This study estimated iron oxide content in wetlands in two seasons 
(dry and rainy) and different vegetation cover conditions (open and vegetated). Thus, the 
use of this image can be identified in seasonal variations and variations in vegetation cover 
conditions. This study aims to estimate the presence of iron oxide in the wetlands of South 
Kalimantan in 2018, 2019, and 2020.

METHODS

Research Location

This research was conducted in Banjarbaru, South Kalimantan Province, Indonesia. 
Banjarbaru is located on 3°25’40”S-3°28’37”S and 114°41’22”E-114°54’25”E. Wetlands 
in South Kalimantan, as the research area, especially in Banjarbaru, are usually dry in the 
dry season and flooding in the rainy season (Arisanty et al., 2019; Arisanty et al., 2020). 
The map of the research location is presented in Figure 1. 

Data

The Landsat 8 OLI TIRS data used was in 2018, 2019, and 2020. The selected satellite 
imagery was in April 2018 in the rainy season, August 2018 in the dry season, February 
2019 in the rainy season, August 2019 in the dry season, and land fires occur, March 2020 
in the wet season, and August 2020 in the dry season. The consideration in choosing this 
image is that the image condition is relatively clear from cloud cover because Kalimantan 
is often covered by clouds, especially during the rainy season. The study site is usually dry 
in the dry season and inundated in the rainy season. Therefore, two different conditions 
caused the image used to predict iron oxide also in two seasons. The description of the 
dataset is presented in Table 1. The research location is presented in Figure 2.

The number of samples taken in this study was 12 samples. Samples were taken 
randomly to represent open land and vegetation coverage. Sample 1-4 illustrate the value 
of iron oxide on open land, while samples 5-12 are the iron oxide values in the vegetation-
covered sample. The results of the oxide index were performed correlation and regression 
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Figure 1. Map of research location in Banjarbaru

Table 1
The Description of the dataset

Acquisition time Satellite Sensor Sources
2018.04.30 Landsat 8 OLI/TIRS USGS
2018.08.20 Landsat 8 OLI/TIRS USGS
2019.02.28 Landsat 8 OLI/TIRS USGS
2019.08.23 Landsat 8 OLI/TIRS USGS
2020.03.02 Landsat 8 OLI/TIRS USGS
2020.08.09 Landsat 8 OLI/TIRS USGS

Figure 2. Research location: (a) August 2018 (Dry season); (b) February 2019 (Rainy season); and (c) 
August 2020 (Dry season).

(a) (b) (c)



2833Pertanika J. Sci. & Technol. 29 (4): 2829 - 2843 (2021)

Iron Oxide Estimation

analysis with field measurement and laboratory test results to validate the oxide index 
values. The field sampling uses the hand bore to collect the soil sample. Analysis of Fe 
content using analysis of Ammonium Acetate (NH4OAc) extract. 

Imaging Correction 

The imaging correction process allows images to be refined before use. This correction 
improves image quality. The most common correction is a radiometric correction. The 
1T level data had been corrected geometrically and automatically, while atmospheric 
disturbances had been removed. The conversion was carried out based on an algorithm 
proposed by the United States Geological Survey (USGS) (Ihlen, 2019) using the Envi 
4.5 software. 

The algorithm used to convert the DN image into a reflectance value is presented as 
Equation 1:

				    (1)

Remarks:
 = Spectral reflectance, without concerning the sun angle 
 = Multiplicative reflectance-related factors in every band (REFLECTANCE_

MULT_BAND_n on metadata)
 = Additive reflectance-related factors in every band (REFLECTANCE_ADD_

BAND_n on metadata)
 = Image pixel score (DN)

After the image pixel score was converted into a reflectance value, solar angle 
correction was performed based on the equation proposed by USGS as Equation 2. 

					     (2)

Remarks:
 = Reflectant score after solar angle correction 

 = Sun elevation angle (SUN_ELEVATION from metadata)
The relative atmospheric correction using the dark object subtraction (DOS) method 

was then performed to produce an image with a surface reflectance value using ENVI 4.5 
software (Kamal et al., 2012).

Data Extraction Process

In the data extraction stage, the information of remote sensing images was collected. Data 
extraction was carried out through digital image processing using spectral transformation in 
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the band ratio method. In addition, the band ratio method employed an algorithm proposed 
in previous research, arranged, and used as a research mapping unit. The band ratio method 
determined the distribution of the samples of this study.

Strong reflection in the red spectrum, as opposed to strong absorption in the blue 
spectrum, should be highlighted concerning iron fraction minerals using the following 
ratio index (Equation 3).

			   (3)

Given that both the red and blue bands were subject to interference in the form of 
scatters in the atmosphere, where the minimum value that supposed to be zero become > 
0, the following formula for the iron fraction index was used (Equation 4) (Liu & Mason, 
2009):

	 (4)

RESULTS 

The Estimation of Iron Oxide Content at Different Seasons

Table 2 and Figure 3 show the iron oxide content in 2018, 2019, and 2020. The mean value 
of the iron oxide index on April 30, 2018, was 0.980, and the iron oxide index on August 
20, 2018, was 1.072. On February 28, 2019, the iron oxide index value was 0.952, and the 
iron oxide index value on august 23, 2019, was 1.012. On March 02, 2020, the iron oxide 
index value was 0.953, and on August 09, 2020, the iron oxide index value was 0.977. 
Based on the data, identifying iron oxide levels is better done in the dry season than in the 
rainy season because the iron oxide index value is high. In the rainy season, the land is 
inundated, while in the dry season, the land is dry. Therefore, tron oxide values are more 
predictable in the dry season in wetland areas than in a rainy season based on index value 
due to the value of iron oxide in dry season more than rainy season.

The image in the dry season is clearer from cloud cover than the image in the rainy 
season. The Kalimantan region is on the equator so that the cloud cover is very thick during 
the rainy season. The cloud masking process affects the iron oxide index value, which is 
difficult to remove, especially thin clouds. Analysis of iron oxide should be able to use 
images of the month entering the dry season. The clarity of the image coverage from the 
cloud cover also affected the image collection within a specific time. It was challenging 
to obtain clear image coverage without being influenced by the vast cloud cover at the 
beginning of the rainy season. The rainy season usually takes place from October to March. 

Corrections are applied in the image to the surface reflectance level to interpret better 
the appearance of object values on the earth’s surface. The corrected image is then subjected 
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Figure 3. Iron oxide content map.: (a) April 30, 2018; (b) August 20, 2018; (c) February 28, 2019; (d) August 
23, 2019, (e) March 2, 2020; (f) August 09, 2020

(a) (b) (c)

(d) (e) (f)

Value
High: 2

Low: 0.5

Value
High: 2

Low: 0.5

Value
High: 2

Low: 0.5

Value
High: 2

Low: 0.5

Value
High: 2

Low: 0.5

Value
High: 2

Low: 0.5

to spectral transformation using iron oxide index to highlight further the appearance of an 
iron oxide content on the soil surface.

The Estimation of Iron Oxide Content based on Vegetation-Covered Condition

The value of iron oxide on open land was higher than the value of iron oxide on land 
covered with vegetation. In Table 2, samples 1-4 illustrate the iron oxide value on open 
land, while samples 5-12 are the iron oxide values in the vegetation-covered sample. 
The value of iron oxide on the open land is more than 1, while on the land covered with 
vegetation, the value is less than 1.  

The vegetation cover on the soil surface also influences the detection of soil oxide 
content. Based on the observations of the band material, the index value of the oxide content 
is influenced by the vegetation cover in the area. Most high index values were mainly 
found in extremely low vegetation cover areas and those with no vegetation cover. The 
high vegetation cover will block the electromagnetic waves from touching the ground. If 
the waves reach the bottom, it will not be easy to reflect electromagnetic waves through the 
vegetation cover. Therefore, the vegetation cover has an effect on the value of iron oxide 
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in the soil. In open land, iron content is more exposed than vegetated land. Moreover, the 
image interpretation value and the value of the iron content test in open land are higher 
than vegetation covered. Figures 4 and 5 describe the comparison of iron oxide values in 
various seasons and vegetation cover.

Figure 4. (a) Database Arcmap images; (b) Iron oxide transformation images on April 30, 2018; (c) Iron 
oxide transformation images on August 20, 2018; (d) Iron oxide transformation images on February 28, 
2019; (e) Iron oxide transformation images on August 23, 2019; (f) Iron oxide transformation images on 
March 02, 2020; (g) Iron oxide transformation images on August 9, 2020. Comparison between the effects 
of open land and vegetated land on the spectral transformation of iron oxides.

(a) (b) (c) (d)

(e) (f) (g)

Figure 5. (a) Image true colour composite; (b) Iron oxide transformation images on April 30, 2018; (c) Iron 
oxide transformation images on August 20, 2018; (d) Iron oxide transformation images on February 28, 
2019; (e)Iron oxide transformation images on August 23, 2019; (f) Iron oxide transformation images on 
March 02, 2020; (g) Iron oxide transformation images on August 9, 2020. Comparison between the effects 
of open land and vegetated land on the spectral transformation of iron oxides.

(a) (b) (c) (d)

(e) (f) (g)
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As shown in Figures 4 and 5, the land cover in open land detected iron oxide content 
in the soil easier, the season when the coverage for the images was very influential on 
changes in the index value. Figures 4 and 5 illustrate the land covered in August, which 
coincided with the dry season (Figures 4c, 4e, 4g, 5c, 5e, & 5g), in which the iron oxide 
was more clearly seen in open land areas with no vegetation cover. As a result, the colour 
of the open land becomes yellow-red, which indicates a high index value. Meanwhile, on 
vegetated land, the colour is green, which indicates a lower index value. In addition, the 
coverage image during the rainy season (Figures 4b, 4d, 4f, 5b, 5d, & 5f) was correlated 
to the lower index value compared to the other images in the dry season. Based on those 
insights, it is highly recommended to conduct studies on iron oxide content through images 
during the dry season and open land. However, several factors should be considered in 
detecting the iron oxide content in the soil. 

The Validation of Iron Oxide Index Value

The results of regression and correlation analysis were carried out on the samples from the 
iron content test. The samples tested were field samples in February 2019 and in August 
2020. The data are tested for regression and correlation with the Landsat 8 image coverage 
in February 2019 and in August 2020. The Landsat 8 image was previously carried out by 
a spectral transformation process using the iron oxide index to highlight the appearance of 
iron oxide on the soil surface. The validation of the iron oxide index is presented in Table 3.

The results of linear regression testing for the February 2019 sample obtained a 
coefficient of determination R² = 0.413 with a correlation of r = 0.565 and P-value 0.0178. 

Table 3
The validation of the iron oxide index

No.
February 2019 (Wet season) August 2020 (Dry season)

Field Survey (ppm) Images Field Survey (ppm) Images
1 2200.74 1.181 6394.23 1.254
2 105.36 1.279 3822.12 1.101
3 150.11 1.166 2826.92 1.555
4 2200.74 1.217 1971.15 1.660
5 265.45 0.808 1793.27 0.729
6 305.89 0.814 1514.42 0.723
7 332.53 0.842 1471.15 0.788
8 344.78 0.823 1250.00 0.791
9 30.39 0.812 967.31 0.703
10 105.36 0.859 279.81 0.758
11 150.11 0.820 231.73 0.830
12 30.39 0.800 153.37 0.832

Source: Laboratory test and interpretation Landsat 8 OLI TIRS (2021); (Arisanty et al., 2020)
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The P-value < α, 0.0178 < 0.05, means that image interpretation results can be used to 
predict the value of iron oxide in the wet season. The results of linear regression testing for 
the August 2020 sample obtained a coefficient of determination R² = 0.667 with a correlation 
of r = 0.530 and P-value 0.00066. The P-value < α, 0.00066 < 0.05, means that the image 
interpretation results can be used to predict the value of iron oxide in the dry season. The 
regression value of iron oxide content is presented in Table 4.

Based on the test results, the sample in February 2019 and August 2020 has a strong 
enough influence and relationship with the image of the iron oxide index. It shows that the 
Landsat 8 image with the iron oxide index spectral transformation process can match the 
iron oxide content test results, especially the image in the dry season. Some things that must 
be considered in applying the image are the condition of cloud cover during image coverage, 
especially when entering the rainy season. In addition, the level of vegetation cover when 
determining the sample needs to be considered so as not to obstruct the monitoring of the 
iron oxide content found on the soil surface.

Table 4
Regression value of iron oxide content

Regression Statistics (February 2019/Wet Season) Regression Statistics (August 2020/Dry Season)
Multiple R 0.642 Multiple R 0.816
R Square 0.413 R Square 0.667
Adjusted R Square 0.322 Adjusted R Square 0.575
Standard Error 0.775 Standard Error 0.620
Observations 12 Observations 12

DISCUSSIONS

Landsat 8 OLI TIRS image can detect erroneous mineral clusters, especially in seasonally 
dry areas (Rockwell, 2013). Therefore, field testing is necessary to improve detection 
quality. Nonetheless, Landsat 8 OLI TIRS images showed good performance for iron 
oxide exploration, even in crowded vegetation areas (Ducart et al., 2016; Zabloskii, 2019). 
Besides, the Landsat 8 OLI TIRS is highly useful for low-cost mapping purposes and use 
in remote areas (Traore et al., 2020). 

The reflection of electromagnetic waves was the basis for oxide content detection in the 
soil. On the surface, soil surfaces containing oxides will show higher reflection values in 
the blue band (400 nm to 500 nm) and the red band (600 nm to 700 nm). Therefore, during 
the field checks, metal roofs were detected to have a high index value in the transformed 
image. Hence, it is necessary to further study the image transformation results from open 
land to be used as the basis for the determination of correlation between index value and 
the soil oxide content.
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The variation in the value of the spectral response shown in the open ground is 
also possible due to moisture content, organic matter, and particle size (Cardoso et al., 
2014). Other vital variables are organic carbon content, particle size, and mineralogical 
composition (Demattê et al., 2017). The use of band 4 (600 nm to 700 nm) and band 2 (400 
nm to 500 nm) appears to be quite effective in identifying iron oxide content in open ground. 

 Iron oxide and vegetation have a similar reflection spectrum in the wavelength region 
of bands 1 and 2 in the Landsat 8 OLI TIRS image and a slight difference in band 3. The 
peak values ​​of vegetation have similar values ​​to goethite minerals in band 3 (Traore et al., 
2020). In contrast, in band 3, the reflectance value of hematite minerals was lower than that 
of goethite and vegetation. Therefore, the three bands are not suitable for identifying iron 
oxide with high vegetation cover in the land. Band 4 in the Landsat 8 OLI TIRS image, 
iron oxide and clay minerals have high reflectance and, conversely, chlorophyll from 
green plants absorbs intense radiation at red wavelengths (band 4). Moist vegetation has 
more radiation absorption in band 7, and high reflectance by plant tissues at near-infrared 
wavelengths (band 5). In the spectral scope of band 5 in the Landsat 8 OLI image, the 
dominant iron oxide shows more radiation absorption. The high value in the 4/2 band ratio 
helps detect the absorption of radiation values ​​for iron oxide in the blue wavelength range. 
The band 4 and band 2 band ratios provide greater sensitivity to iron content even in low 
concentrations. However, the high value of this band ratio only highlights the iron oxide 
associated with the mafic regolith layer, not including the higher quality iron ore content 
(Ducart et al., 2016). 

Mapping of this iron oxide both in open areas and under vegetation cover plays a crucial 
role. The role of iron oxide mapping can estimate the iron oxide deposits in the wetlands. 
Landsat utilisation for iron oxide estimation in wetlands has the highest R2 value (Guo et 
al., 2020). Spectrum values can identify wetland soil pedogenetic associated with variations 
in iron oxide (Demattê et al., 2017). The method can be an alternative for mineral mapping, 
saving costs, risks, and time. Spatial information determines the quality of data in a study. 
Spatial data can make it easier to research at a low cost (Rozpondek et al., 2016).

CONCLUSIONS

The iron oxide index value in wetlands can be estimated using Landsat OLI TIRS imagery. 
The results of this study have proven that this image can estimate the value of iron oxide 
in the wetlands. Estimation of iron oxide in wetland is better done in the dry season image 
because the land is in dry condition, and cloud cover can affect the value of the iron oxide 
index. Besides, areas covered with vegetation also have a lower value than open land, so it 
is better to identify them on open land than under vegetation cover. The recommendation is 
to use this Landsat OLI TIRS with different land conditions and with various land covers 
to determine the ability of Landsat OLI TIRS imagery to estimate the iron oxide under 
multiple conditions.
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