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Lithologic indices
ASTER thermal infrared (TIR) data are widely used to detect mafic–ultramafic rock and quartz-rich rock, and sev-
eral rock indices have been proposedbased on emissivity features. However, ASTER TIR bands of radiance data cor-
relate highlywith each other, which indicates that the independent information derived fromdifferent bandsmay
be limited, what's more, ASTER TIR radiance-at-sensor data contain atmospheric effect and temperature informa-
tion, thus interferingwith the availability of these previously proposed indices. In this study, we aim to explain the
correlation using a linear approximation of the Planck function and deduce a linear equation that represents the
relationship of the radiance between two TIR bands. Theoretical difference indices were deduced based on the lin-
ear equation and regression residual characteristics for any twoASTERTIR radiance bands. The study area is located
in Qinghai Province, China, and belongs to the Qinghai–Tibet Plateau, where the average elevation is approximate-
ly 4200 m. A scatter plot of radiance derived from the ASTER image that overlaps the study area indicates that
mafic–ultramafic rock and quartz-rich rock can be distinguished from other surface objects well. Two mafic–
ultramafic rock indices (MI1 = b13 − 0.9147 ∗ b10 − 1.4366 and MI2 = b13 − 0.8945 ∗ b11 − 1.2404) and
two quartz-rich rock indices (QI1 = b13 − 0.9261 ∗ b12 − 1.4623 and QI2 = b14 − 0.844 ∗ b12 − 1.8971)
were proposed; they satisfactorily map these rock units. The atmospheric effect on the indices is weak in arid or
high-elevation region, so itwill not interferewith the indices obviously in these regions. One-way variance analysis
was performed to discuss the stability of the indices with respect to temperature. The mafic–ultramafic rock indi-
ces are found to be independent of temperature, whereas the values of quartz-rich rock indices increase with the
rising of temperature.We thus conclude that the quartz-rich rock indices are suitable for the high-elevation region
only, while the mafic–ultramafic rock indices may be capable of detecting these rocks in regions with different
natural conditions.

© 2014 Elsevier B.V. All rights reserved.
1. Introduction

The logistics of conducting geological survey work are always diffi-
cult in regions of high elevation, such as Qinghai–Tibet Plateau of
China, because of the harsh natural environments found there. Remote
sensing can aid in lithologic mapping at macroscopic scales and guide
further geological surveys in such places. The Advanced Spaceborne
Thermal Emission and Reflectance Radiometer (ASTER) is one of the
most widely used remote sensing datasets for lithologic mapping
because of its multiple bands, high spatial resolution and relatively
low cost. Many methods have been used to detect minerals and rocks
from the visible to near-infrared (VNIR) and shortwave infrared
(SWIR) bands of ASTER (e.g., Amer et al., 2012; Moghtaderi et al.,
2007; Rajendran et al., 2012; Rowan and Mars, 2003; Yamaguchi and
Naito, 2003; Zhang et al., 2007b; Zoheir and Emam, 2012), however, sil-
ica and silicate minerals do not show prominent spectral features in the
86 10 82322095.
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VNIR–SWIR region (Ninomiya et al., 2005; van der Meer et al., 2012;
Yajima and Yamaguchi, 2013). These minerals do, however, show spe-
cific spectral features in the thermal infrared (TIR) region due to the
fundamental vibrations of the Si\O bond (Lyon, 1965). Various studies
have shown the great potential of the TIR region for lithologic mapping
by airborne remote sensing (e.g., Benkhoff et al., 2006; Kahle and Goetz,
1983; Riaza et al., 2001; Sabine et al., 1994; Vaughan et al., 2003).

TheASTER sensor is thefirst satellite-bornemultispectral TIR remote
sensing platform with sufficient spatial (90 m × 90 m), spectral and
radiometric resolutions for geological studies (Ninomiya et al., 2005;
Yamaguchi et al., 1998; Zhang et al., 2007a). The ASTER TIR data are
capable of detecting quartzose, carbonate, mafic–ultramafic and evapo-
rateminerals and rocks. A series of indices have beenproposed based on
the spectral emissivity features (e.g., Bertoldi et al., 2011; Ninomiya,
2002; Ninomiya et al., 2005; Oztan and Suzen, 2011; Rockwell and
Hofstra, 2008; Rowan et al., 2005; Watanabe and Matsuo, 2003;
Yajima and Yamaguchi, 2013).

The emissivity products (Level-2B, hereafter L-2B) are derived from
the TIR radiance data (Level-1B, hereafter L-1B) using the temperature/
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emissivity separation algorithms; however, the algorithms are generally
complicated and problematic and are still in the validation phase of
development (Cheng et al., 2008; Gillespie et al., 1998; Li et al., 2013;
Ninomiya, 2002; Peres and DaCamara, 2004). The L-1B product lacks
the uncertainties that arise from the atmospheric correction and tem-
perature/emissivity separation algorithms (Ninomiya et al., 2005).
Because it is relatively easy to access these data, the indices are widely
applied to the L-1B radiance data (Aboelkhair et al., 2010; Matar and
Bamousa, 2013; Ninomiya, 2002; Ninomiya et al., 2005; Rajendran
et al., 2011). Nevertheless, the indices are essentially defined depending
on the emissivity features of theminerals, despite the interference from
the surface temperature and atmosphere. We believe that the indices
directly derived from L-1B radiance data should be more effective and
accurate than the emissivity based indices when using L-1B radiance
data for the detection of specific minerals and rocks.

Another problem is the high degree of correlation between any two
ASTER L-1B TIR bands, which implies that the independent information
provided by different bands may be limited (Chen et al., 1999). The
most widely used decorrelation algorithms are principal component
analysis (PCA) and decorrelation stretch (DS), and PCA is the theory
basis of DS (Gillespie et al., 1986). PCA algorithm is essentially a dimen-
sion reduction method; it is to say that the original information provid-
ed by the data will be recombined (Reid and Spencer, 2009), so it may
sometimes conceal the spectral features which are useful to detect spe-
cific minerals and rocks.

In this paper, we attempt to explain the correlation by a linear
approximation to the Planck function and then take advantage of the
correlation and regression residual theory to deduce several rock indi-
ces for mafic–ultramafic rock and quartz-rich rock from ASTER L-1B
TIR data. These methods will be suitable for detecting these rocks in
regions of high elevation.

2. Materials

2.1. Study area

The study area (Fig. 1) is located in northern Qinghai Province,
China, on the northern edge of the Qinghai–Tibet Plateau. Vegetation
overlaps the quaternary strata in July and August because of the plateau
continental climate in this area. The average elevation of this area is
approximately 4200 m, so there are snow and ice during much of the
Fig. 1. Geographic map
year, with minimum snow cover occurring in July and August (Zhao
and Chen, 1999).

The study area was chosen based on field work and remote sensing
image, and site where the rocks are relatively well exposed, but there is
still vegetation in the area, as shown in Fig. 3. Study area A is the primary
region interest of study. The lithology of the region A is mainly mafic–
ultramafic and quartz-rich rocks (Fig. 2 (a)). The major components of
mafic–ultramafic rocks are serpentinite and gabbro. There are minor
mafic rocks distribute in lower volcanic groups of Ordovician age. The
quartz-rich rocks mainly distribute in the lower Ordovician
sandstone-slate group. The major component of quartz-rich rocks in
this area is sandstone. There is almost no carbonate rock exposed in
this area.

Study area B was chosen for the purpose of extracting carbonate
rock formations. The predominant exposed geological formation of
this area is Precambrian gneiss group in which the carbonate rocks
mainly distribute (Fig. 2(b)). Marble, dolomite and limestone are the
major type of carbonate rocks. Moreover, the other rock types of the
area are mainly gneiss, sandstone, slate and quartzite. The band ratios
(band6 + band8) / band7 of ASTER SWIR data and band13 / band14
of ASTER TIR emissivity data were used to detect carbonate rock. The
above remote sensing methods detected some exposed carbonate
rocks (Fig. 4(c) and (d)) though the 1:200,000 scale of the geologic
map is not detailed enough to depict these carbonate rock outcrops.

2.2. Data collection and processing

The ASTER L-1B data used in this study were acquired on August 12,
2004. The data were radiometrically and geometrically corrected and
radiation-calibrated. The weather that day in the study area was clear,
with atmospheric temperature ranging from 7 °C to 17 °C (http://
www.cma.gov.cn/2011qxfw/2011qsjcx/). The L-2B temperature and
emissivity data were derived from the L-1B TIR radiance data using
the atmospheric correction and the emissivity normalization algorithm
(NEM). The NEM hypothesizes that the emissivity in a band arrives at a
knownmaximum value εmax (generally 0.99 or 0.96, 0.99was chosen in
this study), and use the gray body radiance whose emissivity is εmax to
calculate brightness temperature Ti of each pixel at different bands.
The temperature TNEM=max(Ti) is substituted into the Planck function
to calculate an initial emissivity εi, and then the ratio method and the
maximum and minimum difference method (MMD) were used to
of the study area.

http://www.cma.gov.cn/2011qxfw/2011qsjcx/)
http://www.cma.gov.cn/2011qxfw/2011qsjcx/)


Fig. 2. Generalized lithologic maps of the study areas. (a) Generalized lithologic map of the study area A.Modified from Geology of the Jiahai Region 1:50,000 scale, 1994; Yeniutai Region
1:200,000 scale, 1969; and Wawusi Region 1:200,000 scale, 1986. The numbers in the legend represent geological formations and the predominant rocks of the formation are shown in
brackets after the geological formation name: 1, Gabbro; 2, Serpentinite; 3, Felsic rocks; 4, Antimony(Sb)-Lead(Pb) alteration zone; 5, Lower Ordovician Lower Volcanic Group (andesite,
breccia and slate); 6, Lower Ordovician Yingou Group (limestone, phyllite and spilite); 7, Lower Ordovician Sandstone–Slate Group (sandstone and slate); 8, Lower Proterozoic (quartzite,
schist and gneiss); 9, Precambrian (schist and marble); 10, Upper Carboniferous (sandstone and limestone); 11, Permian (gritstone, quartzose sandstone and batt); and 12, Quaternary.
(b) Generalized lithologic map of the study area B.
Modified from Geology of the Yeniutai Region 1:200,000 scale, 1969; and Wawusi Region 1:200,000 scale, 1986.
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improve the NEM to estimate emissivity and surface temperature more
accurately (Gillespie et al., 1998; Tian et al., 2006).

There are a total offive typical categories of surface objects discussed
in this paper:mafic–ultramafic rock, quartz-rich rock, felsic rock ormin-
eral, carbonate rock, and vegetation. These rocks and minerals are all
widely distributed in the earth's crust; we do not address minerals
and rocks, such as sulfate and phosphateminerals, that are less common
in the earth's crust (Tang, 2007). The choice basis of reference samples to
the study is listed in Table 1.We selected somepoints ofmafic–ultramafic
rock and quartz-rich rock in study area A as samples from the

image of Fig.�2


Fig. 3. ASTER L-1B false color composite images (R:G:B= b14:b12:b10)with the boundary of outcrops. (a) Remote sensing image of study area A. The legend numbers are corresponding
to that in Fig. 2 (a), and can be referred as in Fig. 2 (a). (b) Remote sensing image of study area B.
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ASTER L-1B TIR data based on both the geologic map and remote
sensing indices images. We also chose points of vegetation based
on an NDVI image of study area A. Sample points of carbonate
rock were extracted using the (b6 + b8) / b7 and b13 / b14 images
of study area B. The remote sensing images used to choose samples
are shown in Fig. 4. All the indices images were classified into two
categories by a threshold value ti = μ + σ, where μ and σ are the
mean and standard deviation value of the indices, separately
(Zhang et al., 2003), and the minimum threshold of NDVI was set
as 0.15 (Raynolds et al., 2006), as shown in Table 1. The white re-
gions in Fig. 4 represent the detected results for corresponding sur-
face objects. The points were chosen based on the white regions
and/or geologic map. About 400 points of felsic rock were chosen
based on geologic map (1:50,000 scale), and made sure that these

image of Fig.�3


Fig. 4. The remote sensing indices images developed and used to choose points. (a) The b12 ∗ b143 / b134 images with the lithologic map for choosing mafic–ultramafic rock samples.
(b) The b13 / b12 images with the lithologic map for choosing quartz-rich rock samples. (c) The (b6 + b8) / b7 images for choosing carbonate rock samples. (d) The b13 / b14 images
for choosing carbonate rock samples. (e) The NDVI images for choosing vegetation samples. (f) The chosen samples of felsic rock based on lithologic map.
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Table 1
The choice basis of the samples.

The usage of geological map The usage of remote sensing indices
image/minimum threshold (t)

Level of remote sensing data Number of points

Mafic–ultramafic rock Yes b12 ∗ b143 / b134 L-2B 820
(Ninomiya et al., 2005) Emissivity data
/t = 1.03

Quartz-rich rock Yes b13 / b12 L-2B 642
(Rowan et al., 2005) Emissivity data
/t = 1.03

Felsic rock Yes – – 402
Carbonate rock No b13 / b14 L-2B 315

(Ninomiya et al., 2005), Emissivity data
/t = 1.01
(b6 + b8) / b7 L-2B
(Rowan and Mars, 2003) Reflectance data
/t = 1.87

Vegetation No NDVI L-2B 493
/t = 0.15 Reflectance data
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points do not distribute in the white regions of the indices images.
All these points record the radiance values of all the five ASTER TIR
bands and temperature information, and their spatial distributions
are approximately uniform.

3. Theory and methods

We attempt to deduce the correlation equations of two ASTER TIR
L-1B bands using a linear approximation to the Planck function. We
next propose theoretical lithologic indices by integrating the correlation
equations with regression residual analysis. The theoretical basis and
steps of the derivation are shown below.

3.1. Linear approximation to the Planck function

The total amount of radiance emitted by a blackbody at
wavelength λ and temperature T can be described by the Planck func-
tion as:

B λ; Tð Þ ¼ 2hc2

λ5 � 1
ehc=λkT−1

ð1Þ

where h is the Planck constant, c is the speed of light, and k is the
Boltzmann constant.

The Planck function is at the heart of the radiation transfer Equation.
A linear approximation to the Planck function is the premise for retriev-
ing the land surface temperature from the radiation transfer
equation (Mao et al., 2006). First- or second-order Taylor expansions
of Eq. (1) are generally used for the approximation. The first two
terms of Taylor expansion of the Planck function will achieve a high ac-
curacy (Gao and Qin, 2007; Han and Westwater, 2000; Janssen, 1993;
Lipton et al., 2009, Qin et al., 2001). The Taylor expansion of the Planck
function at temperature T = T0 ≈ 300 K can be expressed as

B λ; Tð Þ ¼ B λ; T0ð Þ þ T−T0ð Þ ∂B λ; T0ð Þ
∂T0

: ð2Þ

We defined

γ λð Þ ¼ B λ; T0ð Þ−T0
∂B λ; T0ð Þ

∂T0
;φ λð Þ ¼ ∂B λ; T0ð Þ

∂T0
; ð3Þ

then Eq. (2) can be simplified as

B λ; Tð Þ ¼ φ λð Þ � T þ γ λð Þ� ð4Þ
However, because most natural surface objects can't be seen as
blackbodies, the radiance is better described as

L λ; Tð Þ ¼ ε � B λ; Tð Þ; ð5Þ

where ε is the emissivity. For remote sensing thermal infrared data, the
radiance at sensor Lisen(T) in band i is expressed by

Lseni ¼ εi � Bi Tð Þ � τi þ 1−εið Þ � L↓ai � τi þ L↑ai: ð6Þ

where εi is the mean of ε and Bi(T) is the mean of B(λ,T) in band i, τi is
the atmospheric transmittance, and Lai

↑ and Lai
↓ are the atmospheric

upwelling path radiance and atmospheric downwelling irradiance, -
respectively. In order to facilitate the operation, we defined

Lai ¼ 1−εið Þ � L↓ai � τi þ L↑ai: ð7Þ

By substituting Eqs. (6) and (7) into Eq. (4), we deduced

Ti ¼
1

εiτiφi
� Lseni − γi

φi
− 1

εiτiφi
� Lai; ð8Þ

where φi and γi are the mean of φ(λ) and γ(λ) in band i, separately.
A linear equation that represents the relationship between the
brightness temperature Ti and land surface temperature Ts of band
i was deduced as:

Ts ¼
Ti−wi

Bi þ Ciεiτi þ Diεiτ
2
i

; ð9Þ

here Bi, Ci and Di are coefficients, wi is offset constant term (Mao
et al., 2006). We defined

ρi ¼
1

Bi þ Ciεiτi þ Diεiτ
2
i

; ð10Þ

thus

Ts ¼ ρi � Ti−wið Þ: ð11Þ

For different bands i and j, the following equation was applied:

Ts ¼ ρi
1

εiτiφi
� Lseni − γi

φi
− 1

εiτiφi
� Lai−wi

� �

¼ ρ j
1

ε jτ jφ j
� Lsenj −

γ j

φ j
− 1

ε jτ jφ j
� Laj−wj

 !
:

ð12Þ
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Through a series of conversions, we finally obtained a linear function:

Lseni ¼ εiτiφiρ j

ε jτ jφ jρi
� Lsenj þ Lai−

εiτiφiρ j

ε jτ jφ jρi
� Laj

þ εiτiφi

ρi

ρiγi

φi
þ ρiwi−

ρ jγ j

φ j
−ρ jwj

 !
:

ð13Þ

This linear function gives the relationship between the radiances of
bands i and j of the remote sensing data.

The function is exclusive for specific surface objects and may also be
suitable for identifying objects. However, the emissivity is generally
difficult to confirm, especially for large categories of rocks, because the
emissivity is influenced by multiple factors, such as the composition,
structure and physical state (e.g., surface roughness and surface temper-
ature) of the surface objects (Tian et al., 2006). Uncertainty in the atmo-
spheric parameters presents another problem. Inversion of these
parameters is complicated, whichmakes the application of this function
to reality problematic.

As an alternative, we seek to compute the slope and intercept in
Eq. (13) using statistical regression models fitted to samples acquired
from ASTER TIR L-1B data to obtain indices of specific rock types.

3.2. Theory of the regression residual analysis

Assuming that two variables x and y conform to the linear regression
model

y ¼ β0xþ β1 þ α; Eα ¼ 0;Dα ¼ σ2
; ð14Þ

the unknown parameters β0 and β1 are the regression coefficients. The
error α is a random variable. We use the observational data to estimate
β0 and β1, producing the respective estimated values β̂0 and β̂1. Thus,
the regression equation can be written as

ŷ ¼ β̂0xþ β̂1; ð15Þ

where ŷ is the fitted value of y. The residuals of the ith time observation
(α̂i) can be expressed as

α̂i ¼ yi−ŷi ¼ yi− β̂0xi þ β̂1

� �
� ð16Þ

The standardized residuals αi
∗ can be expressed as

α�
i ¼ α̂i=σ ≈ α̂i=σ̂ ; ð17Þ

where σ̂ is the root mean square error (RMSE). Using the characteristics
of residuals, we can express the following derivation from Eq. (17):

−2bα̂i=σ̂b2: ð18Þ

Plugging Eq. (16) into Eq. (18), we can obtain a relational expression
as

−2 � σ̂byi−β̂0xi−β̂1b2 � σ̂ : ð19Þ

If the statistics of an observation (xi,yi) fit Eq. (19), then ŷi is within
the 95% confidence interval of y.

3.3. Derivation of the lithologic indices

Different surface objects generally have different linear relation-
ships between two bands of ASTER L-1B TIR data. If we set the radi-
ance of either of two ASTER TIR bands of a specific rock or mineral as
the dependent variable Li (the radiance of band i), and the radiance
of other band as the independent variable Lj (the radiance of band j),
and assume that they conform to the linear regression model, then
the relationship between Li and Lj, based on Eq. (19), can be
expressed as follows:

−2 � σ̂bLi−β̂0Lj−β̂1b2 � σ̂ : ð20Þ

Surface objects that conform to Eq. (20) are inferred to be the specif-
ic rock or mineral that the equation describes. Thus, a rock index can be
deduced and expressed as

I ¼ Li−β̂0Lj−β̂1; ð21Þ

and the thresholds tI of that index can be defined as

tI ¼ �2 � σ̂ : ð22Þ

4. Results and discussion

4.1. Determination of sensitive spectral band

To show the distribution and correlation of the radiances of typical
rock types, a scatter plot (Fig. 5) was generated using the radiances of
the samples in any two ASTER L-1B TIR bands. The plot exhibits the fol-
lowing information.

(1) All the surface objects showobvious linear relationships between
any two ASTER TIR bands, as we expected based on the explana-
tion in Section 3.1. It is worth noting that the distributions of sur-
face objects are approximately parallel in the plot. The slope a in
Eq. (13) is expressed as

a ¼ εiτiφiρ j

ε jτ jφ jρi
: ð23Þ

The slope of a specific surface object is determined mainly by εi/εj.
The approximately parallel distributions may be because the dif-
ferences in emissivity of different objects are relatively small, caus-
ing similar values of εi/εj for different objects. For this reason, we
suggest that the intercept in Eq. (13) can be used as the primary
quantity to discriminate surface objects from one another.

(2) Fig. 5 (a), (b), (e) and (j) indicate that adjacent L-1B TIR bands gen-
erally cannot distinguishwell amongdifferent categories of surface
objects because the objects show similar distribution in these
figures. We emphasize that bands 12 and 13 should not be
considered as adjacent TIR bands because they have a promi-
nent wavelength gap (b12:8.925–9.275 μm, b13:10.25–
10.95 μm). It was demonstrated that bands 10, 11, and 12 con-
tain information about both spectral emissivity and surface
temperature, with the influence of surface temperature dom-
inating in bands 13 and 14 (Yajimai and Yamaguchi, 2013).
Therefore, bands 10, 11 and 12 are in one spectral group,
while bands 13 and 14 are in a different group. Although the
reliability of the carbonate rock index CI = b13 / b14 using
L-1B radiance data has been demonstrated, we note that it
will be easily disturbed by other surface objects because
their distributions in Fig. 5 (j) are very close.

(3) In Fig. 5 (c) and (f), quartz-rich rock and mafic–ultramafic
rock appear distinct, but the distribution of vegetation, car-
bonate rock and felsic rock overlaps with each other and
with quartz-rich rock and mafic–ultramafic rock. The band
combinations are suitable for detecting mafic–ultramafic
rock because the degree of interference from other surface
objects is relatively low.

(4) Fig. 5 (d) and (g) are similar to each other in that none of the
surface objects are distinguished well. Quartz-rich rock and
felsic rock have similar distributions. Mafic–ultramafic rock,



Fig. 5. Scatter plots of radiances of any two ASTER TIR bands. The radiance of the longer-wavelength band is always shown along the y-axis.
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carbonate rock and vegetation have similar distributions that
are different from those of quartz-rich rock and felsic rock.

(5) Fig. 5 (h) and (i) indicate that the band combinations b13:
b12 or b14:b12 can be used to identify quartz-rich rock.
However, the distribution of felsic rock is close to that of
quartz-rich rock, therefore felsic rock may interfere some-
what with the detection of quartz-rich rock using these two
band combinations.
In summary, the scatter plot indicates that it is possible to map
mafic–ultramafic rock and quartz-rich rock using ASTER L-1B TIR
data.

As discussed above, linear regression analysis was carried out for
four band combinations: b13:b10 and b13:b11 for mafic–ultramafic
rock, and b13:b12 and b14:b12 for quartz-rich rock.

The regression results are displayed in Table 2 and Fig. 6. All the
regression equations have high R2 and low RMSE. Consequently, the

image of Fig.�5


Table 2
Regression analysis results of the four band combinations.

Rock type Band combination Regression equation R2 RMSE

Mafic–ultramafic
rock

b13:b10 ŷ ¼ 0:9147x þ 1:4366 0.9437 0.1607
b13:b11 ŷ ¼ 0:8945x þ 1:2404 0.9425 0.1624

Quartz-rich rock b13:b12 ŷ ¼ 0:9261x þ 1:4623 0.9415 0.1364
b14:b12 ŷ ¼ 0:8440x þ 1:8971 0.9316 0.1352
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results conform with that the linear correlation between two ASTER
L-1B TIR bands is significant.

Fig. 6 shows the regression lines and 95% confidence ellipses of the es-
timated values of the independent variables. Carbonate rock, felsic rock
and vegetation partially distribute at the upper boundary of the ellipses
in Fig. 6 (a) and (b). In Fig. 6 (c) and (d), partial felsic rock distributes at
the lower boundary of the ellipses. A few points of carbonate rock occur
in the ellipses in Fig. 6 (c). All these information demonstrate that the
method may be suitable to detect mafic–ultramafic rock and
quartz-rich rock using these band combinations, however, there is
some interference, primarily from felsic rock and vegetation.

4.2. Development of the lithologic indices

4.2.1. Mafic–ultramafic rock indices
Based on Eq. (21) in Section 3.3, indices for mafic–ultramafic rock

(MI) were defined as

MI1 ¼ b13−0:9147 � b10−1:4366;
MI2 ¼ b13−0:8945 � b11−1:2404:

Mafic–ultramafic rocks generally have low index values, and
accordingly show dark in theMI1 andMI2 grayscale images. The thresh-
old values range from−0.3214 to 0.3214 for MI1 and from−0.3248 to
Fig. 6. Scatter plots of the radiances showing regression lines and 95% confidence ellipses. (a) Reg
rock. There is interference onmafic–ultramafic rock in (a) and (b) fromother surface objects, such
(d) Regression of b14:b12 for quartz-rich rock. There is interference on quartz-rich rock in (c) a
0.3248 for MI2, based on Eq. (22). The results are presented in Fig. 7 (a)
and (c). Thesefigures clearly demonstrate the interference of vegetation
and felsic rock on MI. Another problem is that the ultramafic rock was
not detected well because a component of ultramafic rock cannot be
detected and thus displays as a black color. This is essential because
the undetectable part of ultramafic rock has a lower SiO2 content,
which results in a lower emissivity in b13. The index valuewill decrease
with decreases in SiO2 content in ultramafic rock. Therefore, the threshold
should be adjusted to reduce the interference of vegetation and felsic rock
and containmore ultramafic rock.We ran a series of repeated tests to de-
fine the maximum threshold for MI1 as 0.15 and for MI2 as 0.14. Index
values below these thresholds represent mafic–ultramafic rock. The dis-
tribution of carbonate rock is similar to that of felsic rocks in Fig. 6 (a)
and (b), so we anticipate that these thresholds will eliminate interfer-
ence from carbonate rock. Fig. 7 (b) and (d) show the results with the
adjusted thresholds. Fig. 7 (e) shows the comparison of these results
with those of MI3 = b12 ∗ b143 / b134 with a threshold of 0.89, the
boundary between mafic and felsic rocks (Ninomiya et al., 2005). The
results indicate that the threshold cannot distinguish mafic and felsic
rock well in this area, nor could it eliminate the effects of vegetation.
We adjusted the threshold to decrease the interference with felsic
rock to roughly the same magnitude as in Fig. 7 (b) and (d). The value
was finally determined as 0.93, and the result displayed in Fig. 7 (f) in-
dicates that mafic rock is less detected. Accordingly, we conclude that
MI1 andMI2 aremore suitable to distinguishmafic rock from felsic rock.

4.2.2. Quartz-rich rock indices
The quartz-rich rock indices (QI) were defined as

QI1 ¼ b13−0:9261 � b12−1:4623;
QI2 ¼ b14−0:8440 � b12−1:8971:
ression of b13:b10 formafic–ultramafic rock. (b) Regression of b13:b11 formafic–ultramafic
as vegetation, carbonate rock, and felsic rock. (c) Regression of b13:b12 for quartz-rich rock.
nd (d) from other surface objects, such as carbonate rock and felsic rock.
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Fig. 7.Detected results of mafic–ultramafic rock by remote sensing indices. (a) Lithologic map of relevant rock units overlaid on an ASTER TIR L-1B false color composite image (R:G:B=
b14:b12:b10). (b) Detected region (red) of MI1 with −0.3214 b MI1 b 0.3214. (c) Detected region of MI1 with MI1 b 0.15. (d) Detected region of MI2 with −0.3248 b MI2 b0.3214. (e)
Detected region of MI2 with MI2 b 0.14. (f) Detected region of MI3 with MI3 N 0.89. (g) Detected region of MI3 with MI3 N 0.93.
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The segmentation results of the grayscale images of QI1 and QI2 using
the thresholds calculated by Eq. (22) are shown in Fig. 8 (a) and (b). Few
points of felsic rock occur in the detection results and points which were
expected to have higher quartz contents are not detected. Therefore, the
thresholds calculated from Eq. (22) required adjusting. We set the mini-
mum threshold for MI1 as −0.2 and for MI2 as −0.17. Fig. 8 (f) and (g)
show the QI3 = (b11 ∗ b11) / (b10 ∗ b12) (Ninomiya et al., 2005) and
QI4 = (b11 ∗ b13) / ((b10 + b12) ∗ b12) (Rockwell and Hofstra, 2008)
images with minimum thresholds 1.038 and 0.549, respectively. Fig. 8
(f) is too noisy to delineate details; in it, some mafic rocks also display
high index value, whichwere contained in the detected results. However,
the alteration zone shows lowvalue in Fig. 8 (f), whereas the values of the
alteration zone in other indices are high and promiscuous with quartz-
rich rock. It's a weakness of these indices compared to QI3. The results
in Fig. 8 (g) are similar to that in Fig. 8 (c) and (e). It is difficult to define
an effective threshold forQI4 because the index values are too aggregated:
the standard deviation is 0.015 in Fig. 8 (g).
4.3. Stability analysis of the indices

The primary factors thatmay affect the validity of the indices are sur-
face temperature and atmospheric effects.
The atmosphere in regions of high elevation is relatively thin, so its
effect is weak during periods of good weather. Thus, the atmosphere
will not significantly interfere with the indices in regions of high eleva-
tion. The following is a further andmore general discussion. Atmospher-
ic downwelling irradiance (Lai↓ ) represents 1% to 3% of the total radiance
(Xu et al., 1998), so its effect can be ignored. The atmospheric upwelling
path radiance can be approximately calculated by

L↑ai ¼ 1−τi θð Þð Þ � Bi Tað Þ; ð24Þ

where Ta is the average temperature of the upwelling atmosphere (Mao
et al., 2006). τi(θ) is mainly determined by the water vapor content of
the atmosphere. Regions where the atmospheric water vapor content
is low have high τi(θ) values and low Lai

↑ values. This implies that the
atmosphere will not significantly interfere with the indices at these
regions.

The temperatures and indices values of the sampled points men-
tioned in Section 2.2 were extracted for mafic–ultramafic rock and
quartz-rich rock. The distributions of temperatures of mafic–ultramafic
rock and quartz-rich rock are shown in Fig. 9 (a) and (b). They appear to
comprise an approximately normal distribution with a mean tempera-
ture near 300 K. The statistical characteristics of the temperature data
are eligible and acceptable. To clarify the relationship between index
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Fig. 8. Detected results of quartz-rich rock by remote sensing indices. (a) Lithologic map of relevant rock units overlaid on an ASTER TIR L-1B false color composite image (R:G:B = b14:
b12:b10). (b) Detected region (red) of QI1 with−0.2728 b QI1 b 0.2728. (c) Detected region of QI1 with QI1 N−0.2. (d) Detected region of QI2 with−0.2704 b QI2 b0.2704. (e) Detected
region of QI2 with QI2 N −0.17. (f) Detected region of QI3 with QI3 N 1.038. (g) Detected region of QI4 with QI4 N 0.549.
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value and corresponding temperature, the temperature was separated
into five levels for mafic–ultramafic rock and four levels for quartz-
rich rock as shown in Table 3, The means of the indices at each level
are shown in Fig. 9 (c), (d), (e), and (f). The mean values of MI1 and
MI2 show slight fluctuations near zero, which can be considered stable
across the different temperature levels; however, the mean values of
QI1 and QI2 increase from −0.0496 to 0.0807 in Fig. 9 (d) and
−0.0499 to 0.0735 in Fig. 9 (f), as temperatures rise.

To clarify whether the influence of temperature on rock indices is
significant, one-way variance analysis (ANOVA) was performed. The
indicators are displayed in Table 4. The significance criterion of ANOVA
at confidence levels a = 0.05 or a = 0.01 is given as

F≥ Fα s−1;n−sð Þ; ð25Þ

where s is the number of the temperature level and n is the number of
measurements. The Fa values shown in Table 4 were obtained from an
F-value distribution table (Wu et al., 1995). Based on Eq. (25), we con-
firm the significance of the difference between each level as represented
in Table 4. We found that MI1 and MI2 are insensitive to temperature,
while QI1 and QI2 will be affected by temperature variation, however,
QI3 = (b11 ∗ b11) / (b10 ∗ b12) is insensitive to temperature
(Ninomiya, 2002).
This phenomenon may be related to the variation of emissivity with
temperature changes. The variation of the emissivity of quartz-rich rock
in b13 or b14 is more obvious than it is in b10, b11 and b12, while the
variation of the emissivity of mafic–ultramafic rock does not differ
greatly among b10, b11 and b13.

Accordingly, we consider that MI1 and MI2 are suited to detect
mafic–ultramafic rock at regions of high elevation or low atmospheric
water vapor content. The thresholds of MI1 and MI2 may be robust.
However, the thresholds of QI1 and QI2 may not always be accurate
due to its instability to temperature; therefore, we regard these thresh-
olds as reference values only.

5. Conclusions

This study focuses on deducing rock indices from ASTER L-1B TIR
data using a linear approximation to the Planck function. A function
was deduced to explain the linear correlation between two TIR bands.
Two mafic–ultramafic rock indices and two quartz-rich rock indices
were then proposed based on the correlation and regression analysis.
A comparison between these indices with other indices defined using
the spectral curves of emissivity shows the higher utility of the indices
proposed in this study. The primary advantage of these indices is their
applicability to ASTER L-1B TIR radiance data. MI shows the potential
for detecting mafic–ultramafic rock with reliable thresholds in arid
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Fig. 9. The distribution of temperature of different rock types and the distribution of indices value at each temperature level. (a) Histogram of surface temperature for mafic–ultramafic
rock. (b) Histogram of surface temperature for quartz-rich rock. These plots show the characteristics of the temperature distribution for specific rock types. The mean of the temperature
is indicated in the plot. (c), (d), (e), and (f) show the variation of the mean of the index values of MI1, QI1, MI2 and QI2, respectively, at different temperature levels. Error bars show the
standard deviation of the indices value at each temperature level.
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regions or regions of high elevation. However, QI may be only suitable
for regions such as the Qinghai–Tibet Plateau due to its sensitivity to
temperature. These remote sensing indices have the potential to play
a significant role in lithologic mapping of regions where geological sur-
veys are difficult.

Notably, the indices proposed in this study derive from semi-
empirical models. The parameters are determined by a statistical
approach, and the range of application of the indices may be limited.
This study is an attempt to apply quantitative analysis to radiance
data. More accurate measurements of emissivity and atmospheric
Table 3
The range of temperature level of each rock type.

Level 1 Level 2 Level 3 Level 4 Level 5

Mafic–ultramafic
rock

280–290 K 290–295 K 295–300 K 300–305 K 305–315 K

Quartz-rich rock 285–295 K 295–300 K 300–305 K 305–315 K –

Table 4
Evaluation indicators of ANOVA.

F value F0.05 F0.01 P value Significance

MI1 1.65 2.23 3.05 0.16 No
MI2 1.56 2.23 3.05 0.18 No
QI1 14.16 2.39 3.36 6.10e-9 Yes
QI2 15.36 2.39 3.36 1.18e-9 Yes
parameters will help to improve the accuracy of the indices. Further
modification of the indices based on the mechanism of the spectrum
will also improve the capability to detect more categories of minerals
and will push the development of geological remote sensing towards
a more quantitative direction.
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