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ABSTRACT

As an inherent property of natural materials, Land Surface Emissivity (LSE) varies across different land
surface materials, serving as an indicator of the composition and changes in land covers. However,
due to the limitations in sensor level, there were few studies on land surface classification based on
LSE. With the development of hyperspectral thermal infrared (TIR) remote sensing, research on land
surface classification using emissivity spectra is expected to be put on the agenda. Therefore, this study
examined the potential of land cover classification using the LSEs of 17 types selected from ECOSTRESS
spectral database. The analysis was conducted using the Spectral Angle Mapper (SAM) method and
the Munn-Whitney U (MWU) test. Results showed that some land cover types had distinct separability
in LSE spectra, particularly for alfisol, entisol, tree, lichen, flower and igneous rock. Moreover, most
of the soil and vegetation used in this study exhibited a significant difference (exceeding 70 %) across
wavelengths. However, some surfaces remain indistinguishable, such as different types of man-made
surfaces. In general, land surface classification using emissivity spectra has great development potential.
Nevertheless, this study only analyzes a subset of land surfaces, which is a limitation. In the future, more
in-depth analysis should be conducted using a wider variety of data types.

1. Introduction

Monitoring and classifying land cover and its dynamic changes are
the foundation of many fields, such as environmental sciences, resource
management, and sustainable development (Andrew et al., 2014; Meng et al.,
2022; Radeloff et al., 2024). Traditional remote sensing methods for land cover
classification mainly rely on the reflectance properties of surface materials.
Specifically, they use reflectance spectra in the visible, near-infrared, and
shortwave infrared bands to classify the surface types. Over the past few
decades, these reflectance-based methods have achieved great success. They
have led to many mature classification algorithms and practical products
(Chen and Chen, 2018; Xie et al., 2019; Zhang et al., 2016). Even so, this
traditional approach has some limitations. On one hand, the same object
may have different spectra and different objects may have same spectra.
For example, different vegetation may exhibit highly similar green spectral
characteristics during the growing season, while man-made construction
materials of varying compositions may be difficult to distinguish in the visible
band. On the other hand, reflectance spectra primarily capture the optical
properties of surface materials. Their ability to reveal the intrinsic material
composition and physical properties of these materials is limited.

As an inherent physical property of surface materials, the spectral features
of land surface emissivity (LSE) in the Thermal Infrared (TIR) band offers
another way to distinguish land cover types (Ni et al., 2020). The shape
of the LSE along with the position and depth of its absorption valleys, is
directly linked to the property of materials. Therefore, LSE spectra can
provide richer information for surface classification studies, especially when
the reflectivity of certain features is relatively similar. For instance, some
minerals, like quartz and feldspar, do not show significant reflectivity features
in the visible to shortwave infrared (VSWIR) range but demonstrate unique
spectral characteristics in the TIR region (Chen et al., 2007; Kruse, 2015). For
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such features that cannot be distinguished by reflectivity spectra, studying
their emissivity spectra can further expand and deepen the related researches
(Hecker et al., 2019; Obrecht et al., 2024; Rock et al., 2016). Specifically, this
approach can help identify the chemical composition and physical structure
of materials, such as some mineral components like silicates and carbonates,
as well as surface roughness, particle size, and porosity. This ability to directly
respond to the intrinsic composition of materials makes LSE spectra valuable
in many fields, including geological surveys, soil analysis, urban impervious
surface material identification, and vegetation stress monitoring.

TIR remote sensing remains the primary way to obtain LSE (Li et al., 2023,
2013). However, the spectral resolution of TIR sensors was relatively low for
a long time in the past. Most sensors could only provide a single emissivity
value or a few discrete spectral points, which limited the study of land cover
classification using LSE (?). In recent years, the advent of hyperspectral TIR
remote sensing has enabled the acquisition of continuous emissivity spectra,
offering great prospects for further advancing research on surface classification.
However, there are few systematic studies that evaluated the feasibility of
land cover classification using emissivity spectra.

Therefore, based on the ECOSTRESS spectral library, this study quantita-
tively analyzes the differences and similarities in emissivity spectra between
different surface types. The primary objective is to identify which types possess
great separability in the hyperspectral TIR dimension. Furthermore, machine
learning method was integrated to verify the classification accuracy based on
LSE spectra, thereby empirically testing the accuracy level achievable in land
cover classification using hyperspectral emissivity data

2. Materials and Methods
2.1. LSE from ECOSTRESS spectral library

The emissivity data utilized in this study were obtained from the
ECOSTRESS spectral library. To investigate the separability of some common
land cover types, a total of 95 spectra belonging to 17 land cover categories
were selected. The samples consist of four soil types (Alfisol, Aridisol, Entisol,
and Inceptisol), water body type, five vegetation types (Grass, Tree, Shrub,
Lichen, and Flowers), three rock types (Igneous rocks, Metamorphic rocks,
and Sedimentary rocks), and four manmade surface types (Concrete samples,
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General construction material samples, Road samples, and Roofing material
samples).

The emissivity spectral shapes of different land cover types are illustrated
in figure 1. For the four soil types, their spectral shapes are relatively similar. All
of them exhibit absorption valleys between 8-8.5 um and 9-9.5 um, a reflection
peak between 8.5-9 um. However, certain differences exist among them. For
instance, Alfisol and Inceptisol have a narrower range of emissivity values,
while Aridisol and Entisol show more significant fluctuations between valleys
and peaks. These differences may serve as bases for distinguishing between
different soil types. The emissivity spectral curves of different vegetation
types vary considerably. Among them, the spectral shapes of grass and trees
are relatively similar, with grass exhibiting more serrated fluctuations. In
contrast, the emissivity spectra of shrubs, lichens, and flowers are relatively
flat. The emissivity spectral shape of water bodies mainly shows a trend of
first increasing and then decreasing, with the overall emissivity value range
between 0.98 um and 0.99 um Notablely, some of rock and manmade types
(e.g., sedimentary rocks, concrete, and road surfaces) exhibit spectral shapes
similar to those of soils, which may lead to misclassification of data.
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Figure 1: The spectral shape of selected LSE samples.

2.2. Methods

A. Spectral Angle Mapper

Spectral Angle Mapper (SAM) was used to test the similarity among
different LSE spectra. SAM is a supervised classification algorithm based on
spectral waveform similarity (Hecker et al., 2008; Meerdink et al., 2019). Its
core principle involves calculating the angle between the spectral vectors of
two surface features. A smaller angle indicates a higher spectral similarity
between the two features, meaning that they are more likely to belong to the
same category. SAM computes the angle 6 between two spectral vectors using
the cosine law, with the formula given as follows:

n
in}’i
i=1

0 = arccos| ———— (@8]

where, 0 represents the spectral angle between two emissivity spectra. xi
and yi(i=1, 2, ... , n) are the emissivity spectra of n TIR bands.

B. Mann-Whitney U Test

In this study, the Mann-Whitney U (MWU) test was employed to calculate
the differences between emissivity spectra. The MWU test is one of the
most commonly used non-parametric statistical methods, primarily applied
to compare whether there are significant differences in the population
distributions of two independent samples (Bin Othman and Heng, 2014;
Kasuya, 2001; Korneev and Krichevets, 2011). This method can be used for
analyzing ordinal categorical data or continuous data. Based on the results
of MWU test, separability was evaluated from two aspects (Meerdink et al.,

2019). Firstly, the proportion of bands with significant differences between
each pair of spectra relative to the total number of bands was calculated.
This proportion was used to assess the separability between two LSE spectra.
Secondly, the number of surface types that could be distinguished from a
given surface type at a specific band was counted. This count can help to
identify the characteristic bands of the given type.

C. Land Cover Classification

In this study, random forest (RF) classification was employed for land cover
classification based on emissivity spectra. RF classification is a supervised
learning algorithm rooted in the concept of ensemble learning (Sparey et al.,
2024; Zhang and Roy, 2017). Its core lies in constructing multiple decision
trees and integrating their prediction results to enhance classification accuracy
and stability. This method can effectively address the shortcomings of a single
decision tree, such as proneness to overfitting and weak generalization ability.
To better simulate current retrieval accuracy of emissivity, Gaussian white
noise with a standard deviation of 0.02 was added to each emissivity spectrum
for 1000 times. The error level was determined with reference to the accuracy
of existing emissivity retrieval methods and products (Hulley et al., 2014; Li
et al., 2024; Malakar and Hulley, 2016; Sobrino et al., 2008). Subsequently,
the dataset was divided into the training set (accounting for 70 %) and test set
(accounting for 30 %). Furthermore, based on this sample set, the accuracy
of land cover classification using emissivity spectra was explored.

3. Results
3.1. Spectral Angle of different LSEs

Using the SAM method, the shape differences in the emissivity spectra
were analyzed. The results indicated that the spectral angles between
most land cover types were relatively small, suggesting a certain degree
of difficulty in classification. Among these types, alfisol, entisol, igneous rocks,
sedimentary rocks, and concrete sample exhibited relatively larger spectral
angles compared to other land cover types, demonstrating better spectral
separability (Figure 2).
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Figure 2: The SAM for different land cover types.

3.2. Species difference across various wavelengths

MWU method was employed to assess the separability between each two
land cover types. The results indicated that some land covers have obvious
spectral differences in LSE spectra, particularly for alfisol, entisol, water, tree,
lichen, flower and igneous rock. Moreover, most of the soil and vegetation
show a significant emissivity difference of more than 70 % in wavelength.
But the species difference between the selected rock and man-made surfaces
was relatively small. Especially, the subspecies were even more difficult to
distinguish (Figure 3).
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Figure 3: The proportion of bands with significant differences between each pair of
spectra.

Moreover, the MWU test was employed to assess the species difference
across various wavelengths. As the results, alfisol, entisol, water, tree, lichen,
flower, igneous rock and construction showed obvious spectral differences
in TIR spectra from other species. These distinctions can be attributed to the
physical properties of these land cover types. For instance, water and lichen
exhibit high emissivity in the TIR region, with values approaching 0.985. Alfisol
and Entisol soils show fluctuating absorption peaks and valleys in the 8-9.5 pm
range, and their emissivity values are below 0.9. Igneous rocks display a broad
absorption valley in the 9-10 pm, where emissivity values drop below 0.85.
It can be observed that the band-specific separability of land cover types is
primarily influenced by their spectral absorption characteristics and emissivity
value ranges. In contrast, the distinguishability of shrub, metamorphic rock,
concrete and road were slightly lower compared to other feature, which may
be due to overlapping emissivity values and similar shapes in certain TIR
sub-bands. (Figure 4).
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Figure 4: The species difference across various wavelengths.

3.3. Land cover classification using the retrieved LSE

Based on RF classifier method, land cover classification was performed
using the LSE samples. As the result, the overall accuracy of the model was 87
%. The selected rock and manmade exhibited the best performance, while the
selected soil and water showed moderate results. The poorest performance
was observed in the vegetation samples (Table 1, Figure 5). This may primarily
because emissivity spectra of different vegetation types generally have similar
shapes and value ranges, which reduces their separability.

4. Conclusions

In this study, the spectral separability of LSE was evaluated using the SAM
method and the MWU test. The results demonstrated that certain classes
exhibited relatively high spectral separability, like alfisol soil, entisol soil,
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Figure 5: The confusion matrix of land cover classification.
Table 1
The accuracy of land cover classification.
Type Precision Recall Fl-score  Support
Soil 0.86 0.91 0.88 5487
Water 0.89 0.87 0.88 606
Vegetation 0.80 0.98 0.88 3416
Rock 0.99 0.81 0.89 2665
Manmade 0.93 0.69 0.79 2076
Accuracy 0.87 14250
Macro Avg 0.90 0.85 0.87 14250
Weighted Avg 0.88 0.87 0.87 14250

water, tree, flower, igneous rock, and construction sample. Based on the LSE
spectra, land cover classification was subsequently conducted employing the
RF method, which achieved an overall accuracy of 87 %. Overall, the use
of emissivity for land surface classification showed considerable potential.
Specifically, emissivity spectra have good separability across categories like
minerals and artificial surfaces, making its application in research areas
such as mineral mapping and urban material identification highly promising.
However, it is notable that the sample size used in this study remains
limited. This small sample size may restrict the robustness of our findings. For
instance, it could reduce the reliability of the statistical relationships observed
between emissivity features and land cover types. It may also compromise the
generalizability of the results, as the used spectra might not fully represent
the spectral variability of all target land cover types across different regions
or environmental conditions. Therefore, future works should further expand
the sample set to include more spectra from diverse study areas and land
cover types, which will help enhance the robustness and generalizability of
the research conclusions. Moreover, the feasibility of obtaining continuous
emissivity spectra based on satellite TIR data and then applying them to the
study of land cover classification also needs further discussion and verification.
Simultaneously, analysis tailored to specific applications is also recommended,
such as assessing the separability of different mineral types.
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