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Abstract Land surface emissivity is one of the most important parameters in thermal infrared
remote sensing and plays a significant role in the quantitative study of thermal infrared remote
sensing, the surface energy balance, and feature mapping. Retrieving the land surface emissivity
from thermal infrared remote sensing data is a challenge because it presents an ill-posed problem. In
this work, a method, which takes advantage of spectral and texture features of many visible channels
available in the moderate resolution imaging spectroradiometer ( MODIS) data and is based on back-
propagation neural network to obtain land surface emissivity pixel-by-pixel, is presented. The
method obtains the land surface emissivity map without the categorization of the land cover and the
analysis indicates that the average error, compared to MODIS emissivity product, is within 0. 002. It
builds a direct relationship between reflectance data and emissivity data, and provides the possibility
of obtaining precise emissivity data through the single channel thermal infrared satellite.
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Land surface temperature ( LST) has significant
effects on resource formation, plant growth, climate

environmental change, disaster monitoring, and

animal and human activities, etc. '''. Nowadays the
acquisition means of land surface temperature map in
large scale is mainly through thermal infrared remote
sensing. However, as shown in Ref. [2] retrieving
LST from thermal infrared remote sensing data is
challenging because it presents an ill-posed problem
that we obtain N spectral measurements of radiance
but need to find NV + 1 unknowns ( N emissivities and
one temperature ). Without prior information, we
retrieve the land surface

cannot accurately

temperature  and  emissivity  simultaneously.

Meanwhile, land surface temperature retrieval is
largely affected by atmosphere and emissivity.
Actually, the error caused by the emissivity

correction is two times that of atmosphere

. 3
correctlon[ ] .

lead to an error on the LST up to 0.4 K. In

One percent error in emissivity can

particular, in urban areas, the natural surfaces are
covered by artificial materials with different thermal
properties. Though, in a small area, it may be
consisted of different materials and the emissivity
varies obviously. Therefore, retrieving the land
surface emissivity precisely is of utmost significance.

With the development of multi-spectral sensors
such as advanced spaceborne thermal emission and
reflection radiometer ( ASTER) , moderate resolution
imaging spectroradiometer ( MODIS ), a mass of
methodologies has been proposed and developed to
retrieve surface emissivity and LST from multi-
spectral data. In general, these methodologies can
be largely divided into two categories; conventional
approach and classification-based approachs ™",
The conventional approach solves the ill-posed
problem through adding empirical formulas or some
assumptions. A typical algorithm of the conventional
approach is the temperature emissivity separation
( TES )" which is the common algorithm for
retrieving LST and emissivity from ASTER data.

However, the accuracy of this algorithm depends on
the empirical relationship between emissivity values
with spectral contrast and atmospheric correction.
Based on a great deal of experiments, the emissivity
error of TES is within +0.015"""". The conventional
approach has a complicated process and a relatively
large deviation. The classification-based algorithms
further categorize the land surface into several
certain cover types and each type is characterized by
normalized
thresholds
method considers that land cover is consisted of
Whereas using the NDVI
threshold method is not capable

a different emissivity value. The

difference vegetation index ( NDVI)

vegetation and soil.
of retrieving
emissivity precisely. Other methods increase the
classification categories. Sobrino et al. '"*' categorize
the city of Madrid land surface into twelve different
cover types based on the maximum likelihood rule,
the error of retrieving bright temperature decreases
by 3.54 °C. However, the number of categories
there should be there to precisely retrieve emissivity
is uncertain and the methods based on classification
use a constant emissivity value for several different
land covers.

With the development of machine learning, a
lot of problem is trying to solve based on machine
learning. Neural network is widely used to obtain

biophysical parameters'™’. 1]

Mao et al' retrieves
land surface emissivity and land surface temperature
based on neural network, and the average error of
emissivity in MODIS band 31 is lower than 0. 008.
Wang' ' uses neural network to predict land surface
and atmosphere parameters. However, these
methods based on neural network use infraed bands,
other model or atmosphere condition. They can not
be applied to retrieve emissivity for single channel
thermal infrared satellite.

Emissivity and reflectance are both inherent
properties of substances. The proposed methods use
reflectance data based on different classification

techniques to categorize land surface into certain
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cover types and each type is characterized by a
certain emissivity value. Hence, we can use multi-
channel reflectance data to obtain emissivity map
directly. Meanwhile, the non-linear relationship
between reflectance data and emissivity can be
solved using the back-propagation neural network

(BPNN) effectively.

1 MODIS and material

MODIS is designed for the NASA’ s earth
observing system ( EOS) and mission to planet earth

programs[ 7

. The EOS provides global observations
and scientific data of land cover changes and global
productivity, surface temperature and emissivity,
atmosphere and climate changes, etc. MODIS is an
imaging spectroradiometer carrying 490 detectors,
arranged in 36 spectral bands that covers the visible
and infrared spectrum (0.4-14.3 pm). The spatial
resolutions for group 1 which is consisted of band 1
and band 2, group 2 with bands from band 3 to band
7 and group 3 with bands from band 8 to band 36 are
250, 500, and 1 000 m respectively. The reflected
solar bands include bands from band 1 to band 19
and band 26 while the rest are emissive infrared
bands.

The MODIS L1B data is relatively original
data. The MODIS data products produced by the
L1B data are diverse. MODI11 product includes land
surface temperature data and land surface emissivity
data.

Reflectance data (L1B) and its emissivity data
(MODI11) are utilized to train the BPNN in this
paper. Besides, the input of the BPNN is the
reflectance data in bands from band 8 to band 13

and the output is emissivity data in band 31.

2 Methodology

2.1 NDVI thresholds method
The NDVI thresholds

classification based. The method assigns appropriate

method is simply

emissivity value to each pixel of an image based on

[18]

the proportion of vegetation We can calculate

the proportion of vegetation according to Eq. (1).

(1)

v

_ [ NDVI - NDVI_\*

- (NDVIV - NDVIS) '

Where P, is the proportion of vegetation, NDVI can be

obtained from Eq. (2), NDVI, is the minimum NDVI

value which is not less than 0, and NDVI is the
maximum NDVI value which is not greater than 1.

When NDVI value is lower than 0, we assign 0

to P, and when NDVI value is greater than 1, assign

1 to the P,.
(NIR, ., — Red, ..,)
NDVE = (NIR o + Redp)”

is the spectral reflectance in the near

(2)

reflect

Where NIR

infrared region, Red

reflect
eieet 18 the spectral reflectance
in the red region.

Finally, assume that each pixel is composed of
soil and vegetation. The soil emissivity and
vegelation emissivity is set to 0.97 and 0.985'""
respectively. In addition, when P, is equal to 1, the
emissivity of the pixel is set to 0. 99. The emissivity
map can be obtained according to Eq. (3)
e=¢eP, +e (1 -P) +4 <de >P,(1-P,),

(3)
Where & is the emissivity value, g, is the vegetation
emissivity value, &, is the soil emissivity value, and
<dg > is a coefficient and set to 0. 015.
2.2  Back-propagation neural network

method

BPNN method is used to retrieve emissivity
pixel-by-pixel in this paper. The advantage of BPNN
is that we can directly obtain emissivity map from
satellite observation data'"’ without categorizing land
surface into certain cover types.

There are some unavailable pixels ( MODIS
L1B reflectance DN > 32 767 ) in each band.
Meanwhile, with the increase of input bands to the
BPNN, the
increasing rapidly. The purpose of this paper is

number of unavailable pixels is

verifying the feasibility of proposed method.
Therefore, we choose reflectance data in bands from
band 8 to band 13 ( visible port data) and its
emissivity in band 31 from MODIS scene image as
the input and the output of the BPNN respectively.
We obtain 197 959 training samples from the MODIS

scene image ( MODO21KM. A2015275.0210. 005.
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2015278202333. HDF). Each training sample is a
vector consisted of six reflectance values in bands
from band 8 to band 13 and its emissivity value in
band 31. We train the BPNN based on the training
sets and test the trained BPNN through another
MODIS scene image ( MODO21KM. A2015275.
0350. 005. 2015278202816. HDF ). The test scene
image is different from the training scene image in
geographical location and time.

We need to determine four key parameters of
BPNN: the number of hidden layers, the node
number of each hidden layer, the transfer function,
and training termination condition. Taken into
account the non-linear relationship between the input
data and output data, the complexity of the model,
the computational efficiency and empirical structure
design, we set three hidden layers to solve the
problem, and each hidden layer has log2/N nodes,
where N is the number of input layer samples. The
transfer function is ‘logsig’ function. The training
termination condition takes mean square error ( MSE)
as the decision rule, and the MSE is set to 3 x 10 ~°.

To solve the over-fitting problem, the gradient
threshold andvalidation checks are set to 1 x 107’
and 6 respectively. If the gradient decreases by less
than 1 x 1077 in one training epoch or the training
accuracy has not improved for 6 training epochs, we
stop training the BPNN.

Remote sensing image contains abundant
information, including spectral features and texture
features. Texture features are the representations of
local structural information of remote sensing image.
We make full use of the spectral and texture features
to retrieve land surface emissivity map.

GLCM ( gray level

algorithm is one of the most widely used methods to

co-occurrence matrix )

texture features n remote

1922]

extract sensing

community" GLCM shows the comprehensive
information of the image. Due to the fact that the
paper obtains emissivity map pixel-by-pixel through
BPNN using visible channel reflectance data in
MODIS, the gray value in the image is associated
surface. The

relationship between a pixel and its neighboring

with the properties of the land

pixels changes due to angular, distance and changed
range and speed with different land surfaces. The
second-order statistical analysis based on GLCM can
achieve a better description of texture features.
Hence, texture features are extracted based on
GLCM in each patch (15 x 15) which is consisted
of one pixel in the center and its neighboring pixels
in bands from band 8 to band 13.

Firstly, use the reflectance data in bands from
band 8 to band 13 to calculate 4 GLCMs in four
directions; 0°, 45°, 90°, 135° respectively. Taken
time consume and complexity into account, image
gray levels are set to 8. For each patch in bands
from band 8 to band 13, four different GLCMs are
calculated. Then, the four parameters: contrast,
correlation, energy, and homogeneity which are
obtained from the gray level co-occurrence matrixes
are final descriptors of texture features. Finally,
each training sample contains 6 reflectance values
(bands 8-13) and corresponding 96 (6 x4 x 4)
texture features. The training process is shown in
Fig. 1.

Input
reflectance
data

'

Extracting texture
feature

!

The BPNN input
layer

The BPNN hidden
layer , determine
the parameters

The BPNN output
layer

Output
emissivity
data

Fig.1 Flowchart of the BPNN method based on

reflectance data and texture features

3 Result and discussion

In the process of training the BPNN, mean
squared error ( MSE) is the decisive criterion of

finishing the training. The MSE threshold is set to
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3 x107°°. Then, we test the BPNN with different
scene images. For the test image, we get emissivity
map via NDVI™ and BPNN methods. The following
three methods are used to analyze the retrieval
results.

To test the performance of trained BPNN and
analyze the influence of texture features, the input
nodes of the BPNN are the reflectance data in bands
from band 8 to band 13 with or without its texture
features. The output of the BPNN is emissivity in
band 31. We get the emissivity maps via NDVI™
and BPNN method and then compare the retrieval
results with MODIS emissivity product. Figure 2
shows the MODIS emissivity product, retrieval
emissivity results, the error distribution and the error
statistics based on NDVI™ and BPNN respectively.
In Fig.2, 2(a) is MODIS emissivity product image,
and 2 (b) is emissivity image retrieved based on
NDVI™ | and 2 (¢) is emissivity image retrieved
based on BPNN (input data are spectral features) ,
and 2 (d) is emissivity image retrieved based on
BPNN ( input data are
features) , and 2 (e) is the error distribution based
on NDVI™ | and 2(f) is the error distribution based
on BPNN (input data are spectral features) , and 2

spectral and texture

(g) is the error distribution based on BPNN (input
data are spectral and texture features) , and 2(h) is
the error statistics based on NDVI™ jand 2 (i) is the
error statistics based on BPNN (input data are
spectral features) and 2 (j) is the error statistics
based on BPNN (input data are spectral and texture
features ) .

MODIS
emissivity product, the retrieval result based on
BPNN method is better than NDVI™ and the average
error of BPNN and NDVI™ is approximately 0. 002
and 0. 008 respectively. The result of BPNN whose

training sets contain texture and spectral features is

After several trials, compared to

better. The detailed comparison is shown in Table
1. The computational complexity of GLCM is O (M
x N), where M and N is the size of patch. We
carried out the experiment using MATLAB on a 3.2

GHz machine with 12 G RAM and i5-3470 CPU.
The training process takes 122 s.

Table 1 Retrieval error based on BPNN and NDVI™

algorithm RMSE average error
1# 0.003 5 0.002 3
24 0.0029 0.0019
NDVI™ 0.009 5 0.007 7

Note: 1# is BPNN (input data contain spectral features) , 2# is

BPNN (input data contain spectral features and texture features) .

4 Conclusion

This paper uses the BPNN method and NDVI™
to retrieve surface emissivity from MODIS image and
tests the trained BPNN. By comparing different
approaches, we find that the accuracy of the BPNN
is better than NDVI™ and the retrieval results are
acceptable. Analysis indicates that the average error
of the BPNN is approximately 0.002, and training
sels containing texture features can improve the
retrieval results. The contributions of this paper lie
in the following three aspects; 1) it provides
possibility of using abundant available reflectance
data to retrieve emissivity map in different scale and
spatial resolution; 2) the method does not need to
categorize the land cover and the retrieval result is
precise; 3) it builds a direct relationship between
reflectance data and emissivity data, and provides
the possibility of obtaining precise emissivity data
through the satellite with a thermal infrared channel.
However, at present, we lack emissivity sets of high
spatial resolution to train the BPNN. Besides, a new
requirement to use as little training sets as possible
to achieve a good performance of BPNN module is

put forward.
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