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Abstract: Riparian forest plays a significant role in ecosystems. Also, research on land surface temperature and soil
moisture is essential in earth science and forest studies. Because measuring methods are difficult to apply in large
areas and especially in dense forests, in this study normalized difference moisture index (NDMI) and land surface
temperature (LST) were estimated using the infrared thermal method by data of Landsat 8 and Moderate Resolution
Imaging Spectroradiometer (MODIS) in the Karun riparian forest that is of ecological importance in the Khuzestan
province of Iran. The results showed that the accuracy for estimated NDMI and LST was appropriate (root mean
square error = 3.45). In addition, the used polynomial support vector machine algorithm for classification by four
classes (forest, agriculture, river, and others) and the validity of classification in these areas were suitable (overall
accuracy = 95%, kappa coefficient = 0.93). Also, the NDMI index was dependent on changes in LST and Pearson
coefficients were 0.94 and 0.84 for Landsat 8 and MODIS data, respectively. The average temperature of the area was
obtained as 43.22 and 42.77 for Landsat 8 and MODIS, respectively. Finally, more protection of this forest against

LST enhancement and reduction in soil moisture is necessary.
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According to the phenomenon of global warm-
ing and regional climate change, studies are needed
on the investigation of land surface temperature
and relation between this temperature and other
parameters like soil moisture for forest manage-
ment. Land surface temperature can be effective in
relation to the land use type. Shortwave infrared
and near-infrared (NIR) thermal methods are very
useful in global warming studies (FEIZIZADEH et
al. 2016). Infrared waves have been widely used in
global warming studies because they indicate the
land surface temperature and the exacerbation of
heat islands (HosseINT et al. 2014). Also, the ripar-
ian forest has diverse species, and they play essen-
tial roles in water and landscape planning, biomass
production and impact in natural cycles (NAIMAN,
DEcamps 1997; KozLowski 2002). So the study on

the capability of satellite data images in these areas
is important. EMAMI et al. (2016) validated the data
of Moderate Resolution Imaging Spectroradiometer
(MODIS) and Landsat to estimate the land surface
temperature and the results showed these sensors
have the high accuracy for this evaluation. KHAN-
MOHAMMADI et al. (2015) estimated a normalized
difference moisture index (NDMI) using MODIS
images in the city of Varamin, and they said that the
obtained model was able to estimate soil moisture
in a wide geographic zone with acceptable accuracy.
Also KHERADMAND et al. (2015) evaluated NDMI
and land surface temperature (LST) using satel-
lite imagery in the city of Gonbad-e-Golestan, and
they stated that the obtained soil moisture from
this model was more accurate. VAEZ MousavI and
MOKHTARZADEH (2015) performed LST mapping
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using MODIS data with high accuracy. Considering
that the riparian areas have diverse species and dif-
ferent environmental processes, the assessment of
soil moisture and surface temperature is essential
in order to manage water and soil, especially for the
riparian forest. Natural forests of the Karun River
in Khuzestan province cover a vast area, unfortu-
nately, in spite of their high significance, they have
destructed heavily. The mismanagement, the con-
struction of several dams reducing the water lev-
el, increasing the air temperature, in addition, the
environmental pollution caused that these forests
have been severely damaged. So according to the
ecological importance of riparian forest in this re-
gion and forest management, land surface tempera-
ture and soil moisture were studied using data im-
ages of MODIS and Landsat 8. The aim of this study
was to investigate and estimate LST and NDMI in
Karun riparian forest using MODIS and Landsat
images because the measurement of LST and soil
moisture in this area is of great importance.

MATERIAL AND METHODS

Study area. Karun is the big and famous river
in Iran which flows from the Khuzestan province.
The study area is the riparian forest of Karun near
Kushkkak in the vicinity of the city of Shushtar in
Khuzestan province. The geographic location of the
study area is between 32°1048.0"N, 48°49'17.3"E
and 32°06'51.7"N, 48°52'41.0"E. The indicative spe-
cies are Populus euphratica Olivier, Tamarix sp.,
Ziziphus spina-christi (Linnaeus) Desfontaines,
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Lycium shawii R. Roem. & Schweinfurth, and Cap-
paris spinosa Linnaeus. Fig. 1 shows the study area.

Research method. Remote sensing methods, like
methods of estimation of temperature changes on
the land surface, can be effective in responding to
climate changes in the region (BHAMARE, AGONE
2011). Land surface temperature is a function of pure
energy at the surface of the earth that depends on the
amount of energy reaching the land surface, as well as
on the emissivity, humidity, and atmospheric airflow
(FE1zizADEH et al. 2016). For preprocessing a quick
atmospheric correction method was applied (BERN-
STEIN et al. 2012). In order to obtain a high spec-
tral and spatial resolution image, the Gram-Schmidt
spectral sharpening method was used for fusion
bands (LATIFI et al. 2007). To obtain training samples,
200 ground truths were taken and then the training
data was selected. Class separation was done using
the Jeffreys-Matusita distance. This method improves
classification accuracies (LALIBERTE et al. 2012). The
classification was performed based on support vector
machine (SVM) methods, because this algorithm is
better evaluated for similar riparian forests (TORAHI
etal. 2017). The SVM method is a non-parametric su-
pervised learning statistical method and in this study
the polynomial kernel was applied (MOUNTRAKIS et
al. 2011) by four classes (forest, agriculture, river, and
others). Eq. 1 shows the kernel function for the poly-
nomial kernel of the SVM method:

k(X,y)=(Xxy+1)" (1)

For the accuracy of classification kappa coefficient
and overall accuracy were calculated (CONGAL-
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Fig. 1. Riparian forests in the study area
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TON, GREEN 1999). The LST mapping was based on
the infrared thermal method and determination of
spectral radiance, brightness temperature, normal-
ized difference vegetation index (NDVI) and emis-
sivity. NDVI index was calculated by Eq. 2:

B,.—B
NDVI = BNIR " Brcd (2)
NIR red

where:

B,z — near-infrared band,

B, —red band.

Then the LST map was obtained by using Eq. 3:

LST=B—1T+W><(EJ><ln(e) (3)
p

Table 1. The characteristics of Landsat 8

Band, type  Bandwidth (um) Resolution (m)
1, coastal 0.43-0.45 30
2, blue 0.45-0.51 30
3, green 0.53-0.59 30
4, red 0.63-0.67 30
OLI 5, NIR 0.85-0.88 30
6, SWIR 1 1.57-1.65 30
7, SWIR 2 2.11-2.29 30
8, pan 0.50-0.68 15
9, cirrus 1.36-1.38 30
TIRS 10, TIRS 1 10.6-11.19 30 (100)
11, TIRS 2 11.5-12.51 30 (100)

OLI - operational land imager, TIRS — thermal infrared
sensor, NIR — near-infrared, SWIR — shortwave infrared

Table 2. Data layer characteristics of MOD11A1

where:

BT - brightness temperature,
w — wavelength,

p = 14,380.

To measure the linear correlation between LST
and NDMI Pearson coefficients were used.

Spectral data used. In this research products of
operational land imager (OLI), thermal infrared
sensor (TIRS) data, MOD11A1 and MODO09A1
(KHANMOHAMMADI et al. 2015; KHERADMAND et
al. 2015) were used in July 2018. Landsat 8 satellite
characteristics are shown in Table 1. MOD11A1
has a pixel size of 1,000 (Table 2) and MOD09A1
provides MODIS band 1-7 surface reflectance at
500 m resolution (Table 3).

RESULTS

After classification with four classes (forest, agri-
culture, river, and others) and determination of accu-
racy (overall accuracy = 95%, kappa coefficient = 0.93)
(Table 4), the map of the region was obtained (Fig. 2).
The maximum, average and minimum temperature
achieved was 51.32, 42.77, and 37.62°C for MODIS,
and 56.72, 43.22, and 35.11°C for Landsat, respective-
ly. LST mapping obtained from MODIS and Landsat
data is shown in Figs 3a, b [root mean square error
(RMSE) = 3.45, mean absolute error (MAE) = 2.09].

The NDMI mapping was prepared for both MO-
DIS and Landsat data (Figs 4a, b), also the calcu-

SDS name Description Units Data type Valid range Scale factor
Emis_31 band 31 emissivity N/A 8-bit unsigned integer 1-255 0.002
Emis_32 band 32 emissivity N/A 8-bit unsigned integer 1-255 0.002
SDS - scientific data set

Table 3. Data layer characteristics of MOD09A1

SDS name Description Data type Valid range
Sur_refl_b01 surface reflectance band 1 (620-670 nm) 16-bit signed integer -100-16,000
Sur_refl b02 surface reflectance band 2 (841-876 nm) 16-bit signed integer —-100-16,000
Sur_refl_b03 surface reflectance band 3 (459-479 nm) 16-bit signed integer -100-16,000
Sur_refl_b04 surface reflectance band 4 (545-565 nm) 16-bit signed integer -100-16,000
Sur_refl_b05 surface reflectance band 5 (1,230-1,250 nm) 16-bit signed integer -100-16,000
Sur_refl_b06 surface reflectance band 6 (1,628—-1,652 nm) 16-bit signed integer -100-16,000
Sur_refl b07 surface reflectance band 7 (2,105-2,155 nm) 16-bit signed integer —-100-16,000

SDS — scientific data set
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Table 4. Results of the confusion matrix of the support
vector machine method for operational land imager
(OLI) images

Accuracy (%)
Class
producer user
Forest 99.8 87.8
Agriculture 76.19 80.9
River 98.92 97.18
Others 100 98.9

overall accuracy = 95%, kappa coefficient = 0.93
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Fig. 2. Land use mapping with four classes by support vec-
tor machine method

lated Pearson correlations were 0.95 and 0.88 for
both of them. The regression between NDMI and
LST is represented in Figs 5a, b.

DISCUSSION AND CONCLUSIONS

In recent years, air temperature has increased in
the Khuzestan area, and the water level of Karun
River has decreased. This could be due to construc-
tion of several dams, transfer of water and industrial
activity, and the increase in air temperature under
the influence of heat islands, and so temperature en-
hancement has been effective on vegetation changes
(FiIRoozY NEJAD, ZORATIPOUR 2018). The riparian
forest of Karun is substantial for the environmental
sustainability of the region and requires extensive
studies to protect and survive. Also, forest manage-
ment necessitates forest mapping, and remote sens-
ing can make it easier. Observations showed that the
riparian Karun area is covered with dense scattered
trees that are mostly enclosed with Tamarisk trees and
P. euphratica, and so it makes sampling difficult in
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Fig. 3. Land surface temperature mapping using Moder-
ate Resolution Imaging Spectroradiometer — MODIS (a),
Landsat 8 (b) data

the area. After preprocessing, processing and classifi-
cation, it was found that based on the confusion ma-
trix, the accuracy of mapping was appropriate — simi-
lar to the study of FiIRoozy NEjAD (2013). According
to results of RMSE and MAE (RMSE = 3.45, MAE =
2.09), LST mapping provided a good accuracy (over-
all accuracy = 95%, kappa coefficient = 0.93), likewise
VAEZ Mousavi and MOKHTARZADEH (2015). Sub-
sequently by the evaluation of the moisture index a
linear relationship was found between indicators of
temperature and moisture. Due to the high tempera-
ture in the area (51.32°C with MODIS, 56.72°C with
Landsat 8), it was found necessary to more protect
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Fig. 4. Normalized difference moisture index (NDMI) mapping using Moder-
ate Resolution Imaging Spectroradiometer — MODIS (a), Landsat 8 (b) data
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Fig. 5. Regression between normalized difference moisture index (NDMI) and land surface temperature (LST) using
Landsat 8 (a), Moderate Resolution Imaging Spectroradiometer — MODIS (b)

this riparian forest against a reduction in soil mois-
ture. Finally, based on the results, MODIS data are
better than Landsat images to estimate these factors,
but Landsat images can be more useful due to better
spatial resolution in a smaller window than MODIS
images for the study area. Also, after using the fusion
process by the Gram-Schmidt spectral sharpening
method for OLI and MODIS images better resolution
was obtained for both of them, and this result is simi-
lar to the study of FiIRoozy NEJAD et al. (2017).
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