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Abstract: The tremendous advancement of cities has caused changes to the urban subsurface. Urban
climate problems have become increasingly prominent, especially with regard to the intensification
of the urban heat island (UHI) effect. The local climate zone (LCZ) is a new quantitative method for
analyzing urban climate that is based on the kind of urban surface and can effectively deal with the
problem of the hazy distinction between urban and rural areas in UHI effect research. LCZs are widely
used in regional climate modeling, urban planning, and thermal comfort surveys. Existing large-scale
LCZ classification methods usually use visual features of optical images, such as spectral and textural
features. There are many problems with hyperspectral LCZ extraction over large areas. LCZ is an
integrated concept that includes features of the geography, society, and economy. Consequently, it
makes sense to consider the characteristics of human activity and the visual features of the images to
interpret them accurately. ALOS_DEM data can depict the city’s physical characteristics; however,
images of nighttime lights are crucial indicators of human activity. These three datasets can be used
in combination to portray the urban environment. Therefore, this study proposes a method for
fusing daytime and nighttime data for LCZ mapping, i.e., fusing daytime Zhuhai-1 hyperspectral
images and their derived feature indices, ALOS_DEM data, and nighttime light data from Luojia-1.
By combining daytime and nighttime information, the proposed approach captures the temporal
dynamics of urban areas, providing a more complete representation of their characteristics. The
integration of the data allows for a more refined identification and characterization of urban land
cover. It comprehensively integrates daytime and nighttime data, exploits synergistic information
from multiple sources, and provides higher accuracy and resolution for LCZ mapping. First, we
extracted various features, namely spectral, red-edge, and textural features, from the Zhuhai-1 images,
ALOS_DEM data, and nighttime light data from Luojia-1. Random forest (RF) and XGBoost classifiers
were used, and the average impurity reduction method was employed to assess the significance of
the variables. All the input variables were optimized to select the best combination of variables. The
results from a study of the 5th ring road area of Beijing, China, revealed that the technique achieved
LCZ mapping with good precision, with a total accuracy of 87.34%. In addition, to examine and
contrast the effects of various feature indices on the LCZ classification accuracy, feature combination
methods were used. The results of the study showed that the accuracies of LCZ classification in terms
of spectral and textural were improved by 2.33% and 2.19% using the RF classifier, respectively. The
radiation brightness value (RBV) (GI value = 0.0212) attained the classification’s highest variable
importance value; the DEM also produced a high GI value (0.0159), indicating that night lighting and
landform features strongly influence LCZ classification.

Keywords: hyperspectral remote sensing; local climate zones; multi-classifier; Zhuhai-1 images;
nighttime light
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1. Introduction

Cities are spatial collections of human activities acting on the natural environment
and are vital to the advancement of human society. The advancement of urbanization
has led to changes in the urban substratum. The local climate of cities has significantly
changed, especially the urban heat island (UHI) effect, which has progressively gotten
worse [1,2]. One of the most serious environmental issues brought on by urbanization is
the UHI effect [3-5]. Statistics show that China’s UHI has grown during the past 50 years
by 0.11 °C on average [6]. One of the most used metrics for illustrating the size of an urban
heat island is its intensity. It is calculated by comparing the temperatures in urban and
suburban areas [7,8]. A current challenge is to objectively select representative temperatures
for urban and suburban areas and to establish a universal quantitative evaluation system
for heat islands.

On the basis of the urban climate zone classification system, Stewart and Oke [9]
created the local climate zone (LCZ). The LCZ system allows the division of the regional
climate into local climates according to the substratum type in the city and surrounding
areas. It is used to characterize temperature differences between different land surfaces in
order to improve the understanding of the impact of surface characteristics, urban design,
and human activity on heat distribution and urban thermal environment variability [10-12].
Local climate zones have the same ground cover areas, similar urban structure and building
materials, and similar human activities on a horizontal scale of a few hundred to a few
kilometers [9]. A crucial foundation for the understanding of UHI effects and normative
global temperature observations is provided by the LCZ classification.

Compared to traditional urban heat island research methods, the LCZ provides a new
and relatively more scientific calculation method for quantitatively studying the urban
heat island. In addition, the LCZ approach allows for a good correlation between the
urban environmental and climatic elements, facilitating urban wind and thermal envi-
ronment improvement from an urban planning perspective. The LCZ maps can be used
to extract comprehensive data on habitations, which can help with monitoring, evaluat-
ing, and providing relevant data for the Sustainable Development Goals (SDGs), notably
SDG 11 in particular (sustainable cities and communities) [13]. Using the LCZ paradigm,
Danylo et al. [14] analyzed the availability of suitable and secure housing and the practice
of sustainable urbanization.

The system for classifying LCZs consists of two main types, namely building types
and land cover types. There are ten basic zoning types for the building types, subdivided
according to high, medium, and low building heights, materials for construction, and
human activity. The nature type consists of seven main zoning types [9].

Traditional studies based on the UHI effect have blurred the dichotomy between urban
and suburban areas, which vary considerably by location; these studies fail to provide
information about the surface morphology, physical structure, and local thermal climate.
This problem has been solved by introducing LCZ, which can be used as a common
standard for describing cities worldwide [15]. The World Urban Database and Portal Tool
(WUDAPT) project [8,16] proposes a method for global LCZ mapping using open-source
software and Landsat data based on this background [17,18]. Ren et al. [19] generated LCZ
maps based on site-specific operations adhering to the typical WUDAPT processing flow
for 20 cities and 3 key economic areas in China. WUDAPT is a pixel-based categorization
approach that mostly ignores spatial information and has a low level of accuracy.

In addition to the WUDAPT project’s standard output, optical remote sensing data
have been the primary focus of LCZ classification research [20-22]. Xu et al. [23] proposed
using Landsat and ASTER to generate excellent LCZ classification outcomes. The proposed
method, which combines spectral and textural information, achieved superior outcomes
compared to the conventional LCZ mapping technique, which relied solely on the spectrum
information of Landsat data, according to experimental findings in two high-density cities
in China. Hu et al. [24] first attempted to map local climate zone classifications globally
using the freely accessible Sentinel-1 dual-Pol dataset. Feature importance analyses revealed
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that the features linked to VH polarization data were the most influential in producing the
final classification results. He et al. [25] proposed a coupling method to combine the Landsat
remote sensing data-based WUDAPT method with a road network classification method
based on parcel delineation; the proposed method was validated with actual land use and
construction survey data from Xi’an city, and the outcomes demonstrated the method’s
respectable accuracy. Sentinel-2 and Landsat-8 pictures, as well as nighttime light (NTL)
data from the Visible Infrared Imager Radiometer Suite (VIIRS), were used by Qiu et al. [26]
to categorize LCZs. They discovered that NTL could improve the classification precision of
LCZs with only a small number of samples.

The classification of LCZs plays a crucial role in understanding and analyzing urban
climate and has important implications for urban planning, environmental management,
and human well-being. The existing studies have mainly used satellite images, such
as Sentinel-2 multispectral images, to classify LCZs using machine learning techniques.
These approaches have provided valuable insights into urban climatology. However,
they often face challenges in accurately distinguishing between urban and rural areas,
especially in areas with hazy atmospheric conditions. To address this limitation, we
explored the potential of using Zhuhai-1 hyperspectral imagery, which provides higher
spectral resolution than conventional multispectral imagery. The finer spectral bands
provided by Zhuhai-1 can capture more detailed information about the urban surface,
allowing us to extract relevant features for LCZ classification. By using the feature indices
derived from the hyperspectral data, we aimed to improve the classification accuracy and
the distinction between urban and rural areas [27]. In addition to the hyperspectral images,
we also incorporated ALOS_DEM data. Elevation data can provide valuable insights into
the topographic features of an area that influence local climate patterns. Incorporating
ALOS_DEM data into our classification approach allowed us to consider topographic
variations and their effects on the formation of different LCZs [24,28]. In addition, we
incorporated nighttime light data from Luojia-1 into our approach. Nighttime light data
provide information on the intensity and distribution of artificial lighting, which is closely
related to urbanization and land use patterns. By incorporating nighttime light data, we
aimed to capture the spatial patterns in urban areas and their impact on local climatic
conditions. This additional data source enhances the distinction between different LCZ
classes, especially in areas with hazy atmospheric conditions where it may be difficult to
distinguish effectively between urban and rural areas with traditional daytime images [26].

Our approach surpasses the limitations of existing models and achieves excellent
quantitative results in terms of accuracy, precision, and other relevant metrics. By fusing
multiple data sources, including daytime Zhuhai-1 hyperspectral images, derived feature
indices, ALOS_DEM data, and nighttime light data from Luojia-1, our model significantly
improves the classification and characterization of urban LCZs. Unlike traditional meth-
ods that rely on single-source data or ignore temporal variations, our approach includes
both daytime and nighttime information. This integration captures the diurnal dynamics
of urban areas, resulting in a more accurate and comprehensive understanding of LCZ
patterns. By considering a broader range of factors, our model achieves a higher level of
accuracy and provides greater reliability for urban LCZ classification. In direct comparison
with state-of-the-art models, our approach shows significant quantitative improvements.
Our model outperforms the existing methods through meticulous data fusion and ad-
vanced modeling techniques and demonstrates its ability to produce more accurate and
detailed LCZ maps. These improvements advance the LCZ mapping field and open new
possibilities for urban planning, environmental monitoring, and related applications.

This study proposes a method for fusing daytime hyperspectral imagery and nighttime
light data for LCZ mapping, i.e., fusing daytime Zhuhai-1 images and their derived feature
indices, ALOS_DEM data, and the nighttime lighting data of Luojia-1, to construct 16 LCZ
classifications for Beijing’s fifth ring road area; these classifications can support urban
climate planning and design. The study’s goals are as follows:
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e  Toincorporate many machine learning techniques and features extracted from satellite
observation, including spectral, red-edge, textural, and landform features and NTL,
for LCZ mapping;

o To explore the potential of using hyperspectral images and their derived feature
indices, DEM data, and nighttime lighting data in LCZ classification;

e  To assess the variable importance of multiple features on LCZ classifications.

2. Study Area and Datasets
2.1. Study Area

Figure 1a presents a description of the research field in the central part of Beijing,
China, within the 5th ring road area (116°10'-116°40" E and 39°40'-40°10" N), covering
approximately 850 km?. Beijing is recognized as the economic, political, and cultural center
of China. Beijing’s urban area is encircled by ring roads that go around the forbidden
city. The area’s western, northern, and northeastern sides encompass mountains, while the
southeastern side slopes gently toward the Bohai Sea.
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Figure 1. (a) The location of research area in Beijing; (b) RGB composition of the hyperspectral images
(656 nm, 566 nm, and 480 nm); and (c) Luojia-1 image.

The LCZ classification system categorizes the study area with 2 primary categories
and 17 sub-categories. While LCZs A to G are sparsely populated areas that are generally
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defined based on the type of ground cover, LCZs 1 to 10 are built-up areas that are mostly
categorized based on their spatial morphological characteristics. The 17 LCZs meet the
minimum categories for the global urban—-rural study environment. It is possible to add or
subtract from the LCZ classification when considering the local characteristics and to adjust
the parameter ranges of some of these categories based on the local spatial morphology of
the city. With regard to the urbanization process and characteristics of the study area, the
16 LCZ types employed in this investigation are listed in Table 1 below [9].

Table 1. Table of LCZ classification systems.

LCZ Type Schematic LCZ Type Schematic
LCZ-1 LCZ-9
compact high-rise sparsely built
LCZ-2 LCZ-A

compact mid-rise

LCZ-3
compact low-rise

LCZ-4
open high-rise

dense trees

LCZ-B
scattered trees

LCZ-C
bush or scrub

LCZ-5 LCZ-D
open mid-rise low plants
LCZ-6 LCZ-E

open low-rise

bare rock or paved

LCZ-F
bare soil or sand

LCZ-7
lightweight low-rise

LCZ-G
water

LCZ-8
large low-rise

2.2. Datasets

The Zhuhai-1 and Luojia-1 satellites collected, respectively, the day hyperspectral and
night light pictures used in this investigation. Table 2 displays the main parameters of the
Zhuhai-1 image and the Luojia-1 image.

The Zhuhai-1 image has 32 bands with coverage from 400 to 1000 nm and a resolu-
tion of 10 m. They provide rich spectral information for LCZ classification and help to
distinguish ground features better. The cloud-free Zhuhai-1 images were acquired on 9
September and 1 November 2020, as shown in Figure 1b.
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Table 2. Zhuhai-1 and Luojia-1 satellite parameters.

Zhuhai-1 ALOS Luojia-1
Spatial resolution (m) 10 12.5 130
Orbital altitude (km) 500 691.65 634
Weight (kg) 67 4000 20
Imaging range (km?) 150 x 2500 35 x 35 260 x 260
Number of spectral bands 32 4 1
Spectral range (nm) 400-1000 520-770 480-800
Operational orbit (°) 98 98.16 /

The DEM data source was made using a resampled 12.5 m resolution DEM that was
formed based on ALOS satellite data.

The Luojia-1 satellite carries a high-sensitivity nighttime light camera with a 130 m
ground resolution accuracy and a 260 km wide light imaging capability for the precise
identification of roads and neighborhoods [29]. The Luojia-1 imagery used was collected in
2018, as shown in Figure Ic.

The road network was acquired in 2021 from the Open Street Map (OSM). We repre-
sented block boundaries using the network, with blocks considered the basic unit of the
LCZ mapping [30,31]. As LCZs in parcels directly delineated by the OSM can be heteroge-
neous and mixed, we further divided the mixed zones into purer sub-blocks in order to
label the attributes of the blocks. Finally, 7070 sub-districts were generated based on the
road network. In order to manually interpret the ground reference of the LCZs based on
the field survey, open-source geographic data sources such as sites of interest and street
view pictures were used [32].

3. Methodology

Figure 2 depicts the six essential processes that make up the research workflow.
(1) multi-feature extraction, including spectral, red-edge, textural, and landform features
and nighttime lighting; (2) sample selection, categorized as training and validation datasets;
(3) feature optimization, the optimal combination of variables for LCZ classification was
selected using an average impurity reduction approach; (4) classifier use, in which the best
combination of variables for LCZ classification was selected from two machine learning
methods, namely random forest (RF) and XGBoost algorithms, in order to select the best
classifier for LCZ classification; (5) experimental design, in which seven scenarios using
different input features were designed; and (6) accuracy evaluation and the results of
the analysis.

3.1. Multi-Feature Extraction

Feature extraction enables the full use of the Zhuhai-1 images’ rich spectral and spatial
information. Table 3 lists the features employed in this investigation, including spectral,
red-edge, textural, and landform features and nighttime lighting, for the subsequent LCZ
classification. As shown in the table, the original bands were the Zhuhai-1 data original
bands (OBs) 1-32; the spectral features included NDVI, NDWI, RVI, DVI, EVI, and GCI. The
red-edge features included NDVIre, Clre, and MSRre. The health of the plants is frequently
evaluated using NDVIre, while the amount of chlorophyll in the canopy is determined
using Clre. The distinct indicators of the gray-level co-occurrence matrix (GLCM) reflect
distinct textural properties. On the Zhuhai-1 images, we ran a principal component analysis.
To obtain the eigenvalues of the 32 principal components, we next used the covariance
matrix approach. The first principal component was selected to calculate the GLCM, namely
the mean, variance, homogeneity, contrast, dissimilarity, entropy, angular second moment,
and correlation [23,33]. In particular, the landform feature DEM data source was made
using a resampled 12.5m resolution DEM, formed based on ALOS satellite data. Finally,
we extracted the nighttime lighting features, i.e., the radiometric brightness values (RBV)
of Luojia-1 [34].
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Figure 2. Proposed workflow of the LCZ mapping.
Table 3. Detailed characterization of the indicators for this study.
Category Feature Input Band Output Number of Features Reference
Original band Spectral information B1,B2...... B32 32 [23]
Normalized Difference Vegetation NIR: B23-B29
Index R: B11-B14 28 [35]
(NDVI) ’
Normalized Difference Water Index NIR: B23-B29 35 136]
(NDWI) G: B3-B7 -
Ratio Vegetation Index (RVI) N ba3- B2 28 [37]
Spectral features NIR: B23-B29
Difference Vegetation Index (DVI) R: B11-B14 28 [38]
NIR: B23-B29
Enhanced Vegetation Index (EVI) R: B11-B14 56 [39]
B: B1, B2
Green Chlorophyll Vegetation Index NIR: B23-B29 35 [40]
(GCI) G: B3-B7
Red-edge
Normalized i
Difference %%{152533;32209 42
Vegetation : [41]
Red-edge features IndﬁxéNdDVIre)
Chlorophyll NIR: B25-B29 0
Index (Clre) ’
Modified Red-edge Simple Ratio NIR: B23-B29 0
Index (MSRre) RE: B15-B20
Gray-level The first principal
Textural features Co-occurrence component of the 8 [23]
Matrix (GLCM) Zhuhai-1 images
Landform features Digital Elevation Model (DEM) ALOS data resampling 1 /
Nighttime lighting Radiation Brightness Value (RBV) Luojia-1 Image 1 [32]
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3.2. Sample Collection

We identified sixteen LCZ categories based on the spectral data from the Zhuhai-1
images and the field assessment of the research area. By using the high-resolution Zhuhai-1
images and Google Earth images with comparable imaging times, we classified the sample
classes. The eigenvalues were obtained according to their properties from the respective
sample blocks. Finally, the samples were split into 80% training and 20% validation using
random sampling. Table 4 shows the number of samples selected for the sixteen LCZ types.

Table 4. Number of samples selected from the 16 local climate zones.

Type Number of Training Samples Number of Validation Samples
LCZ-1
compact high-rise 104 22
Leza 172 m
compact mid-rise
LCZ-3 . 20 o
compact low-rise
LCZ4
open high-rise 760 196
LCZS 806 19
open mid-rise
LCZ-6 . w4 106
open low-rise
LCZ-7
lightweight low-rise 35 19
LCZ-8 . 301 o
large low-rise
LCZ-9
sparsely built 370 76
LCZ-A o 58
dense trees
LCZ-B
scattered trees 55 11
LCZ-C
bush or scrub 48 12
LCZ-D 394 -
low plants
LCZ-E
bare rock or paved 852 230
LCZ-F
bare soil or sand 599 159
LCZ-G 215 5
water

3.3. Feature Optimization

Feature optimization makes it possible to better comprehend the significance of the
features and is essential to the avoidance of computational inefficiencies and to the im-
provement of the classification accuracy of high-dimensional data. We use the Gini index
(GI) (i-e., the average reduction in impurities) to evaluate each variable’s significance [42].
The average error reduction for each feature is represented by the GI, which is calculated
using the RF classifier’s structural data [43].

GI(P) =Y, P(1-P)=1-Y, P} 1)

where Py is the likelihood that the sample belongs to class k, k stands for the kth class,
and GI(P) represents the GI value. Generally, a higher GI value denotes that the relevant
variable has a significant influence on the classification. All the sample variable values were
first extracted via the feature optimization stages. Secondly, the RF classifier was trained
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using the samples. Thirdly, the variable with the least importance was determined by
ranking all the variables according to their GI values. Fourthly, the variables with the least
importance were eliminated from the input parameters. The feature values of the newly
combined variables for the sample were then retrieved and re-input into the RF classifier
for training. The procedure was repeated until there were no more input variables. The
variable terms and classification accuracies for each RF training were recorded during the
iterative process. Finally, all the recorded accuracies were ranked to discover the optimal
classification results and their corresponding variable terms, and the optimal variable
combinations were output.

3.4. Classifiers
Two classifiers label LCZs, including Random Forest [44] and XGBoost [45].

(1) Random forests have been extensively employed for categorization [46-48] and regres-
sion [49-51] in remote sensing. The recursive bifurcation method is used by the RF
algorithm, which is based on categorical regression trees, to reach the tree structure’s
final node [44]. Different decision trees can be used to train samples and forecast re-
sults in the RF classifier, which comprises many decision trees. Every tree generates its
own prediction. The RF then integrates its votes to anticipate the result by computing
the votes in each decision tree [52]. As a result, as compared to individual decision
trees, the RF model can greatly enhance the classification results. Furthermore, the RF
does well with outliers and noise, successfully avoiding overfitting [12]. Numerous
fields have successfully used this technique with positive outcomes. The RF method
is superior to many other methods in that it records full data with high accuracy,
minimal grading, and no parameters [53].

(2) The XGBoost (extreme gradient boosting) classifier is a tree-integration-based machine
learning algorithm for binary or multiclassification problems. It is a gradient boosting
framework that trains multiple weak classifiers and combines them into a single strong
classifier to improve prediction accuracy. XGBoost uses an optimization algorithm that
continuously adds new weak classifiers during training and optimizes the predictive
power of each weak classifier using gradient boosting methods to minimize the
loss function [45]. It can carry out multiple weak assessments of data collecting by
condensing the modeling outcomes of the weak assessments. In addition, the XGBoost
approach effectively handles classification and regression issues to produce more
data than individual methods [54,55]. XGBoost also has an adaptive regularization
capability to prevent overfitting and improve generalization ability [56]. Due to its
efficiency and accuracy, one of the most widely used machine learning algorithms
is XGBoost.

3.5. Experimental Design

We used the GI approach to optimize the features and then chose the top features for
LCZ mapping. To further investigate how certain features affect LCZ classification, based on
the outcomes of the feature optimization, we created seven alternative variable combination
tests. The seven feature combination schemes were created to examine how different input
feature variables performed in LCZ mapping. The feature combination schemes are detailed
in Table 5. As shown in Table 5, Experiment 1 only used the original band as an input
feature to assess how it affected LCZ mapping. Experiments 2 to 6 combined spectral,
red-edge, textural, and landform features and nighttime lighting with the original bands to
analyze and compare the roles of the added features in improving LCZ mapping accuracy.
Exp. 7 included optimal variables for all feature classes, i.e., the original bands, spectral,
red-edge, textural, and landform features and nighttime lighting, to explore the impact of
multi-feature combinations on LCZ mapping.
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Table 5. Seven feature combination schemes for LCZ classification.

Original Spectral Red-Edge Textural Landform  Nighttime

Experiment Band Features Features Features Features Lighting
1 v
2 v v
3 v v
1 v v
5 Vv Vv
6 v v
7 Optimal variables combination

3.6. Accuracy Evaluation

In order to properly analyze remote sensing image classification, accuracy evaluation is
a crucial step which provides an important basis for analyzing the classification results [57].
To assess the precision of the LCZ classification, we used the confusion matrix [58]. A
common method for evaluating accuracy, the confusion matrix primarily compares the
level of misunderstanding between categorization results and actual measurements [59].
It has been widely used in studies on the classification of remote sensing images [60,61].
The confusion matrix displays the overall sample count for each category as well as the
number of ordered and unreturned samples. The producer accuracy (PA), user accuracy
(UA), overall accuracy (OA), and kappa coefficient, which show categorization accuracy
from various perspectives, are the evaluation metrics of the confusion matrix. The overall
classification accuracy is represented by the OA and kappa. The OA measures how many
samples have been correctly identified out of all the samples. The kappa coefficient consid-
ers every component of the confusion matrix. With the UA commission error assessment
and the PA omission error measurement, higher UA and PA indicate the categorization
accuracy of specific categories [62].

4. Results
4.1. Results of Feature Optimization

We tested the varied OA values linked to various input variables, and Figure 3 shows
the trend of OA with the input variables. The highest classification accuracy (OA = 87.34%)
was achieved when the number of input variables was 73. OA increased rapidly as the
input variables increased from 0 to 16. This indicates that with fewer input variables, the
correlation between variables was negligible and that there was less redundancy when the
classifier had higher classification efficiency and accuracy. As the number of input variables
increased from 17 to 73, a slowly growing trend of OA was observed. The increase in the
number of input variables from 74 to 378 caused the OA to stabilize. Due to increased data
redundancy and correlation between factors, the performance of the classifier declined with
an increase in the quantity of input variables. The efficiency and accuracy of classification
also declined.

Table 6 reveals the distribution of the 73 ideal variables, which included 4 original
bands, 56 spectral features, 3 red-edge features, 8 texture features, 1 landform feature, and
1 nighttime light. Therefore, 73 variables were selected for the subsequent LCZ mapping.

4.2. Results of LCZ Classification

Table 7 displays the LCZ classification accuracy using the RF and XGBoost classifiers.
The table shows that with an OA value of 87.34% and a kappa coefficient of 0.86 the RF
classifier produced the highest level of accuracy. The XGBoost classifier had slightly lower
classification accuracy (OA value of 86.07% and a kappa coefficient of 0.85). In conclusion,
the RF classifier outperformed the XGBoost classifier in terms of accuracy and had a clear
advantage in recognizing LCZs.
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Figure 3. Trend of OA with the quantity of input variables. The red circle indicates the number of
variables that reach the highest accuracy.
Table 6. Distribution of 73 optimal variables.
Feature Optimal Variable Selection Number
Original band B2, B16, B30, B31 4
NDWI23_5, DVI23_13, EVI23_11_1, EVI23_11_2,
EVI23_12_1,EVI23_12_2,EVI23_13_1, EVI23_13_2,
EVI23_14 2,EVI24_11_1,EVI24_11_2,EVI24_12 1,
EVI24_12_2,EVI24_13_1,EVI24_13_2,EVI24_14_1,
EVI24_14 2,EVI25_11_1,EVI25_11_2,EVI25_12_1,
EVI25_12 2,EVI25_13_1,EVI25_13_2, EVI25_14 1,
Spectral featu EVI25_14_2,EVI26_11_1,EVI26_11_2,EVI26_12_2, 56
pectral features EVI26_13_1, EVI26_13_2, EVI26_14_1, EVI26_14_2,
EVI27_11_1,EVI27_11_2,EVI27_12_1,EVI27_12_2,
EVI27_13_1,EVI27_13_2,EVI27_14_1,EVI27_14_2,
EVI28_11_1,EVI28 11_2,EVI28_12_1, EVI28_12_2,
EVI28_13_1,EVI28_13_2,EVI28_14_2, EVI29_11_2,
EVI29_12_2,EVI29_13_1,EVI29_13_2,EVI29_14_1,
EVI29_14 2, GCI23_5, GCI23_7, GCI28_4
Red-edge features NDVIre24_19, Clre24_20, MSRre24_19 3
Mean, Variance, Homogeneity, Contrast,
Textural features Dissimilarity, Entropy, Second moment, Correlation 8
Landform features DEM 1
Nighttime light RBV 1
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Table 7. Results of LCZ classification accuracy of RF and XGBoost algorithm.
Type RF XGBoost

PA (%) UA (%) PA (%) UA (%)
1 72.73 100.00 84.21 88.89
2 81.82 100.00 74.47 100.00
3 77.78 100.00 78.46 100.00
4 89.29 81.02 87.98 80.90
5 83.67 83.67 89.83 85.95
6 84.91 90.91 81.82 86.09
7 100.00 100.00 100.00 100.00
8 88.89 93.33 83.33 87.30
9 89.47 85.00 89.80 84.62
A 89.66 89.66 76.79 82.69
B 100.00 100.00 100.00 100.00
C 100.00 100.00 100.00 100.00
D 87.96 95.96 82.80 82.80
E 92.17 84.13 88.99 82.55
F 83.65 81.10 86.67 89.14
G 92.16 100.00 84.31 87.76

OA (%) 87.34 86.07
Kappa 0.86 0.85

Figure 4a,b display the results of the LCZ categorization utilizing the ideal combination
of the RF and XGBoost classifier variables. Two sub-regions were chosen in order to show
their differences in spatial classification detail (Figure 4c,d). The red rectangle shown
in Figure 4c is LCZ-A (dense trees), and the black rectangle gives an example of LCZ-8
(large low-rise). We found that the two blocks were well identified using the RF classifier;
however, the XGBoost classifier misclassified them as LCZ-5 (open mid-rise). Similarly,
the red circle in Figure 4c gives an example of LCZ-2 (compact mid-rise) and shows that
the RF classifier could accurately classify that location; however, the XGBoost classifier
incorrectly classified it as LCZ-4 (open high-rise). In addition, the red rectangle in Figure 4d
shows LCZ-D (low plants). The RF classifier identified the block well but used the XGBoost
classifier to incorrectly classify it as LCZ-4. In Figure 4d, the red circle shows LCZ-6
(open low-rise), which the RF classifier identified correctly. Still, the XGBoost classification
incorrectly identified the block as LCZ-5 and LCZ-8. An example of an LCZ-5 is given in
the black rectangle in Figure 4d, showing that the XGBoost classifier could identify the
block well. Still, the RF classification incorrectly misclassified it as LCZ-8. Therefore, based
on the above analysis, the RF classifier is better suited to LCZ classification.

4.3. Classification Results for Multi-Feature Combinations

In this study, Zhuhai-1 images, a fresh supply of high spectral resolution data, and
the feature indices that were produced from them, i.e., spectral features, red-edge features,
and textural features, fused with ALOS_DEM images and Luojia-1 nighttime light data,
were used for the LCZ classification study. To examine the impact of various the feature
indices on the precision of the LCZ classification, six unoptimized schemes were developed
(Table 6). Figure 5 shows the OA of seven feature combinations using both RF and XGBoost
classifiers. Expl used only the original bands as input features, and the RF and XGBoost
algorithms achieved OAs of 82.96% and 80.83%, respectively. Exps 2 to 6 combined spectral,
red-edge, textural, and landform features and nighttime lights with the original bands,
respectively. The OA improved for both classifiers when the original bands were combined
with the additional features. Compared to the original bands alone, the OAs of the RF
algorithm increased by 2.33%, 1.34%, 2.19%, 1.91%, and 1.91%, respectively, and the OAs of
XGBoost increased by 4.60%, 4.17%, 4.38%, 1.98%, and 2.26%, accordingly. These findings
demonstrate how the accuracy of LCZ classification was considerably increased by the
spectral and textural data. Landform features and nighttime lighting were effective in



Remote Sens. 2023, 15, 3351

13 of 23

(d)

enhancing the LCZ classification accuracy. These results are consistent with those of earlier
research [27,32,63]. Exp7 included optimal variables for all feature classes, i.e., original
band; spectral, red-edge, textural, and landform feature DEM; and NTL. Both classifiers
achieved the highest accuracies of 87.34% and 86.07%, respectively. It can be concluded
that multi-feature fusion improves LCZ mapping accuracy.
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Figure 4. LCZ classification results for different classifiers. (a,b) denote the RF and XGBoost classifiers,
respectively. (c¢,d) Expansion of the regions in (a,b). The black text refers to the ground reference.

Combining OBs and spectral features produced the most accurate results out of the
six unoptimized techniques (Figure 5). Spectral features are an important indicator for
vegetation monitoring as they identify vegetation and non-vegetation and capture different
vegetation types. Furthermore, combining optimized variables solved the data redundancy
problem and significantly improved the classification accuracy of the LCZ (Figure 5). The
classification accuracy was highest with a kappa coefficient of 0.86 and an OA of 87.34%.
Figure 6 shows a zoomed-in view of the LCZ results for the seven scenarios using RF
classifiers. Among the six unoptimized schemes, the LCZ mapping of Exp2 performed well
(Figure 6b), while Exp7 outperformed the others (Figure 6g).
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Figure 5. Overall classification accuracy using different feature combinations of RF and
XGBoost algorithms.
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Figure 6. Enlargement of LCZ classification results for the seven schemes of the RF algorithm: (a-g) LCZ
mapping of Experiments 1 to 7; (h) reference model; (i) Zhuhai-1 true color composite image.
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The classification outcomes for the six studies utilizing the RF classifier are displayed
in Figure 7. The classification accuracy results for the six systems are illustrated in detail in
Figure 8. Figure 5 shows the extent of the OA from 82.96% to 85.29%, indicating that the
input features influence the accuracy of LCZ classification.

0 4 km

Figure 7. The RF classifier’s classification outcomes for six experiments are as follows. The results of

the classification are (a—f) for Exp1 to Exp6, respectively.

@

@

®)

Exp1, which used only the original bands as an input feature, showed the lowest
classification accuracy (Expl: OA = 82.96%, kappa coefficient = 0.81). Most LCZs had
PA values above 80%, except for LCZ-1 (compact high-rise), LCZ-3 (compact low-rise),
and LCZ-F (bare soil and sand). The UA of LCZ-2 (compact mid-rise) and LCZ-G
(water) exceeded 90%.

With regard to the six scenarios, Exp2’s original bands and spectral properties had the
best classification accuracy (Exp2: OA = 85.29%, kappa coefficient = 0.84). Aside from
that, LCZ-5 (open mid-rise) had the highest PA compared to the other experiments.
The UA of Exp2 reached 100% in LCZ-1, LCZ-2, LCZ-7 (lightweight low-rise), LCZ-B
(scattered trees), LCZ-C (bush or scrub), and LCZ-G. Similarly, the accuracy of the
original bands combined with the textural features as input features in Exp4 was
second only to Exp2 (Exp4: OA = 85.15%, kappa coefficient = 0.83). The GLCM helped
to improve the PA of LCZ-A (dense trees) and LCZ-E (bare rock or paved). The UA of
Exp4 reached 100% in LCZ-7, LCZ-B, and LCZ-G. In conclusion, the accuracy of the
LCZ classification was greatly increased by spectral and textural features.

Exp5 used a combination of original bands and landform feature DEMs as input
features for classification (Exp5: OA = 84.87%, kappa coefficient = 0.83). The DEM
in Exp5 helped to improve the PA of LCZ-1, LCZ-6 (open low-rise), LCZ-A, LCZ-F,
and LCZ-G. The UA of Exp5 reached 100% in LCZ-1 and LCZ-B. Similarly, Exp6 used
original bands combined with nighttime lights as input features; only Exp5 had the
same accuracy. However, the RBV in Exp6 helped to improve the PA of LCZ-4 (open
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high-rise), LCZ-9 (sparsely built), LCZ-D (low plants), and LCZ-G. The UA of Exp6
reached 100% in LCZ-2, LCZ-B, and LCZ-C.

(4) Exp3combined the original bands and red-edge features as input features with slightly
lower classification accuracy (Exp5: OA = 84.30%, kappa coefficient = 0.83). The UA
of Exp3 reached 100% for LCZ-2, LCZ-B, and LCZ-C.
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Figure 8. For various feature combinations, the classification accuracy (a) of the producer and (b) of
the user using the RF algorithm.
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5. Discussion
5.1. Variable Importance Analysis

It was necessary to investigate the significance of factors for the LCZ classification
due to the high spectral resolution of the Zhuhai-1 images. In order to analyze the variable
relevance of each feature class, we used the Gini index approach. Figure 9a—e illustrate the
top five significant variables for the original bands, spectral features, red-edge features,
textural features, and all input variables. Of the original bands, the NIR bands B30, B31, B32,
and B23 and the blue band B1 were the most crucial factors in LCZ classification, indicating
that the NIR bands played a crucial role in LCZ classification. GCI23_7, calculated from the
green band B7 and the NIR band B23, was the key factor affecting the spectral characteristics.
The key variables in the red-edge features were MSRre23_15, Clre24_19, and NDVIre23_20.
In addition, the GLCM was ranked in order of importance as mean > correlation > variance
> entropy > second moments. The first five input variables are shown in Figure 9e. The
variation in textural features, the three EVIs, and RBV were the three most crucial variables.
Each classification scheme had a different set of correlations between its variables since
two or more feature variables made up the input variables. The relative importance of
the variables was ranked in this manner in this study. The mean, for instance, is the most
crucial variable in Figure 9d’s texture feature, whereas Figure 9f’s variance is the variable
that performs the best overall.
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Figure 9. Variable order of importance using the Gini index. (a—e) are the top five important variables
related to the original band, spectral features, red-edge features, textural features, and all input
variables, respectively.

Figure 10 shows the importance ranking of the 73 optimal variables in the LCZ
classification. First, RBV (GI value = 0.0212) attained the classification’s highest variable
importance value, indicating that night lighting strongly influences LCZ classification.
GCI23_7 had a GI value of 0.0211, and DVI23_13 also produced a high GI value (0.0198),
demonstrating the importance of vegetation indices for LCZ mapping. The DEM also
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produced a high GI value (0.0159), indicating that landform features strongly influence
LCZ classification. The original bands had better classification performance (they all had
GI values above 0.016); the textural features had relatively low GI values (most of them
had GI values below 0.015). In summary, the variables in descending order of importance
are nighttime lighting > original bands > landform feature > red-edge features > spectral
features > textural features.
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Figure 10. Ranking the importance of the 73 variables.

5.2. Comparison with Existing Methods

LCZ classification using remotely sensed data has been the subject of numerous prior
studies, and many researchers have concentrated on introducing new data sources or
classification techniques [23,24,26,64-66]. Furthermore, the accuracy of LCZ classification
can be greatly improved by using the specific measurements that the derived features offer
to identify features. Because of this, it is essential to investigate the potential and worth
of novel remote sensing data sources and their derivation features in LCZ classification
applications. This study combined a new multi-source remote sensing data combination
approach; Zhuhai-1 images, ALOS_DEM data, and Luojia-1 images with their derived
feature indices, i.e., spectral features, red-edge features, textural features, landform features,
and nighttime lights, were used in the LCZ classification studies. While previous studies
have only enabled features such as spectral and textural features for LCZ classification, our
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approach considered the potential of red-edge features, landform features, and nighttime
lights, i.e., NDVIre, CIre, MSRre, DEM, and RBV for LCZ classification, as different LCZs
essentially produce heterogeneity. Our results confirm that adding new features can
significantly improve the OA value of the LCZ.

We compared the proposed strategy with the data sources and evaluation results
(i.e., OA values), using current state-of-the art models to demonstrate the benefits of our
approach more clearly (Table 8). Our approach produced more respectable evaluation
results (OA value = 87.34%) compared to those of most strategies. Second, the major
goal of LCZ categorization is to make the most of the variations in spectral properties,
spatial patterns of objects, and textural features among the different LCZs, bearing in mind
that other tactics and metrics could cost more. Our method requires Zhuhai-1 images,
ALOS-DEM images, and Luojia-1 images to be freely available. Based on the foregoing
description, our method, with its higher accuracy and cheaper cost, is ideal for accurate
LCZ classification.

Table 8. Comparison of existing LCZ classification methods.

Overall

Methodology Data Source Study Area Accuracy References
Machine learning random . Guangzhou and o o
forest algorithm Landsat and ASTER data and their GLCM Wauhan, China 66%, 84% [23]
An ensemble classifier Data products for Sentinel-1 Global scale, 29 cities 61.8% [24]
Level-1 Dual-Pol
Residual convolutional neural Sentinel-2 and Landsat-8 images and the AU o
network (ResNet) VIIRS-based NTL data Nine cities in Europe 78% [26]
The semi-automatic algorithm Building mfo'r ma'tlon, land use data, and Chenzhou, China 69.54% [64]
remote sensing images from Landsat 8
Supervised convolutional . . . . - o
neural networks (CNNs) Multi-temporal Sentinel-2 composites Eight German cities 86.5% [65]
WUDAPT (level 0) method Landsat 5 satellite images Hong Kong, China 58% [66]
Our method Zhuhai-1 images, ALOS_DEM data, Beijing, China 87.34% /

Luojia-1 nighttime lighting data

As previously stated, by considering different feature combinations, this study used
an accurate technique for LCZ classification. There are, however, several drawbacks to be
aware of. The importance of additional features in LCZ mapping is first highlighted in this
study. However, more variables are needed to obtain good LCZ classification findings in
cities with complex and varied environments. Second, different activities are often carried
out in diverse LCZs and are connected to socio-economic events. For LCZ mapping, open
social data about human activities are useful. To enable more precise LCZ mapping, future
research must investigate other features that are already available and that include open
social data.

Although spectral, red-edge, and texture features from Zhuhai-1 imagery, ALOS_DEM
data, and nighttime light data from Luojia-1 were incorporated in this study, other relevant
variables may improve the model’s performance. Exploring the inclusion of additional
variables, such as meteorological data, topographic features, or surface temperature, could
provide valuable information to capture local climate features better and improve LCZ
mapping accuracy. The success of the method relies on the availability and quality of
the input data. In some regions or countries, obtaining high-resolution hyperspectral
imagery, accurate DEMs, and reliable nighttime light data may pose challenges. Future
work could focus on addressing data limitations by exploring alternative data sources,
such as open satellite imagery or aerial surveys, and improving data quality through pre-
processing techniques and data fusion methods. Although the method has shown good
accuracy in the central Beijing area, its generalizability to other regions, especially those
with unique climatic and environmental conditions, needs further investigation. Future
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studies should aim to assess the performance of the method in different urban contexts,
considering variations in land cover types, urban forms, and climate patterns. This may
involve conducting case studies in different regions and assessing the transferability of the
method to ensure its broader applicability.

6. Conclusions

In this research, we suggested a brand-new LCZ mapping technique for merging
diurnal data from many remote sensing sources, i.e., fusing daytime Zhuhai-1 hyperspectral
images and their derived feature indices, ALOS_DEM data, and Luojia-1 nighttime lighting
data; we validated the method in Beijing, China and explored the potential of each feature
in LCZ mapping. We considered all possible combinations of bands to obtain features and
enhance LCZ classification to evaluate the full range of useful information from the Zhuhai-
1 images. We devised feature optimization methods to reduce redundancy and improve
LCZ classification accuracy. In addition, to examine and contrast the impacts of various
input features on the LCZ classification accuracy, we created six classification schemes and
used RF and XGBoost classifiers. The following are the study’s principal conclusions.

(1) Our findings demonstrate the method’s superb LCZ mapping accuracy. The RF classi-
fier had a kappa coefficient of 0.86 and the greatest OA (87.34%). The classification
accuracy of the XGBoost classifier was marginally lower (OA value of 86.07% and
kappa coefficient of 0.85). In a word, the RF classifier outperformed the XGBoost
classifier in terms of accuracy and had a clear advantage in recognizing LCZs.

(2) Using only the original bands as input features, the RF and XGBoost algorithms
achieved OAs of 82.96% and 80.83%, respectively. The results of the study showed
that the accuracies of LCZ classification in terms of spectral and textural features were
improved by 2.33% and 2.19% using the RF classifier, respectively.

(3) With a GI value of 0.0212, the variable importance analysis revealed that RBV was
the variable that had the greatest impact on LCZ classification. The DEM also yielded
a high GI value (0.0159). The feature indices were ranked in order of importance as
nighttime lights > original bands > landform features > red-edge features > spectral
features > textural features.

Our study offers a fresh viewpoint on LCZ mapping and emphasizes that NTL and
landform feature DEMs should be considered in future LCZ mapping studies.
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