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Abstract—The recent local climate zones (LCZ) classification
scheme provides spatially fine granular descriptions of inner-
urban morphology. It is universally applicable to cities worldwide
and capable of supporting various urban studies. Although
optical and dual-pol SAR data continue to push the frontiers
of this task, the potential of quad-pol SAR data for LCZ
classification is not yet explored. In this paper we propose
a novel complex-valued convolutional neural network (CNN),
SAR4LCZ-Net, to tackle this challenge. SAR4LCZ-Net improves
the state of the art by exploiting two facts of this specific task:
the semantic hierarchical structure of the LCZ classification
scheme, and the complex-valued nature of quad-pol SAR data. To
validate the performance of our algorithm, we generate a Chinese
Gaofen-3 quad-pol SAR data set for LCZ which covers 31 cities
around the world. Results show that the proposed SAR4LCZ-
Net improves 2.4% on overall accuracy and 4.5% on average
accuracy compared to the real-valued CNN with same structure.
Gaofen-3 quad-pol SAR data also showed its advantage over the
dual-pol Sentinel-1 data. It enhanced 5.0% on overall accuracy
and 7.2% on average accuracy in LCZ classification, under a
fair comparison with a model trained by Sentinel-1 of the same
area.

Index Terms—Quad-pol SAR, complex-valued convolutional
neural networks, local climate zones, urban land cover.

I. INTRODUCTION

LOCAL climate zones (LCZ) provides an universally
applicable classification system for the urban environ-

ment. The 17 LCZ classes are based on climate-relevant
surface properties on the local-scale, mainly related to the
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3D structure, spatial density of the surface structure, and
covering material of the surface. LCZ depicts 10 built classes
and 7 natural classes [1] as shown in Fig.1, which offer the
possibility to compare different areas of different cities with
trenchant distinctions representing morphological structures
of urban local neighborhood [2]. Apart from an increasing
influence on various climate research such as the cooling
effect of green infrastructure and micro-climatic effects on
town peripheries [1], [3], LCZ can also be used to describe
the internal structure of urban areas, providing information
for infrastructure planning and population assessment [4]–[6].
For instance, compact built areas in LCZ classes 1 to 3 are
normally located in downtown areas with massive population
concentration, while open built area appearing as classes 4 to
6 are usually distributed in suburb areas with less population
density. Therefore, thanks to the described morphological
structure, LCZ maps can act as a valuable source for a wide
variety of studies in urban areas [7]. However, reliable LCZ
classification maps are not available on a global scale, making
it hard to compare and combine their urbanization works.
Because remote sensing data have been routinely used for land
cover research, they have great potential for LCZ classification.
Nevertheless, global LCZ mapping is still challenging due to
the limited number of high quality remote sensing datasets
related to LCZ maps in large scale. Due to the rich charac-
teristics of natural processes and environments, it is rare for a
single acquisition method to provide a complete understanding
of certain phenomenon. It is necessary to explore multi-source
remote sensing data to generate LCZ mapping.

A. Related work

Most studies of LCZ classification mainly focus on us-
ing optical remote sensing data [8], [9]. Among them, the
World Urban Database and Portal (WUDAPT) is a well-
known community-based global LCZ mapping using openly
available Landsat data and software [10]. Within WUDAPT,
almost 100 cities located across the globe have already been
mapped in moderate resolution, providing sufficient details
for a number of applications [11]. Recently researchers are
noticing the potential of synthetic aperture radar (SAR) data
for LCZ classification. The Sentinel-1 mission with a dual-
pol SAR has been studied for LCZ classification in [12]. It
has been proved that the combination of Sentinel-1 dual-pol
SAR data and LandSat-8 data can improve the performance
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of LCZ classification. Large-scale LCZ classification maps [7]
are furtherly attempted to produce for the first time using dual-
pol SAR data. A newly valuable benchmark dataset named
“So2Sat LCZ42” [13], which consists of LCZ labels of about
half a million Sentinel-1 dual-pol SAR and Sentinel-2 optical
image patches in 42 urban agglomerations across the globe
was shared to the community for machine learning LCZ model
development. Normally dual-pol modes simply do away with
one of the transmitted polarizations. Comparing to dual-pol
SAR, quad-pol SAR collect the full polarimetric scattering
matrix and complete polarimetric scattering information. Com-
plete polarimetric information obviously permits better image
classification and analysis in land cover land use. However,
there is no study to our best knowledge utilizing quad-pol
SAR data for LCZ classification. Therefore, this work tries to
comprehensively investigate quad-pol SAR data for the LCZ
classification task.

From the perspective of methodology, several convolutional
neural networks (CNNs) have been applied in LCZ classifi-
cation study due to their feature grasping ability. One CNN
model achieved effective LCZ classification based on So2Sat
LCZ42 dataset [14]. A modified Densenet framework with
SAR and multispectral images as inputs was proposed for
LCZ classification [15]. However, the hierarchical structure
of categories in LCZ classification is seldom considered cor-
responding to CNN. Shallower layers of CNN extract feature
as salient corners and edges [20], which can distinguish coarse
classes in LCZ such as built classes and natural classes.
While deeper layers extract representations that can differ
urban local neighborhood of different morphologies. CNN
outputs multiple predictions ordered from coarse to fine along
the concatenated convolutional layers corresponding to the
hierarchical structure of the target classes, which can be
regarded as a form of prior knowledge on the output. A
CNN with hierarchical layered structure is designed in [21]
to learn internal representations that abstract from the input
data. Hierarchical deep CNN was introduced by embedding
deep CNN into a two-level category hierarchy in [22], achieves
state-of-the-art results on optical benchmark datasets.

Indeed, amounts of land cover land use classifications have
already adopted quad-pol SAR image as data source and
CNNs as methodology. Terrain classification framework [16]
used a novel quad-pol SAR based on deep CNN. In order to
classify all pixels in a patch of urban area simultaneously, a
fixed-feature-size CNN was used in [17]. A deep self-paced
CNN [18] was employed for river area classification, which
retains mutual information between channels and texture in-
formation from the raw quad-pol SAR data. For building
and vegetation classification [19], a quad-pol SAR image
classification method based on residual network (ResNet) and
deep autoencoder was proposed. Therefore, the application
potential of quad-pol SAR image in LCZ classification is
anticipated.

In aforementioned CNNs for image classification, input
features of those CNNs are mainly real-valued amplitude. As
quad-pol SAR dataset is in complex-valued domain, several
researches have been focusing on complex-valued CNN for
quad-pol SAR image classification. In [23], amplitude and

phase of complex-valued quad-pol SAR data are extracted
as the input for the first time to maintain the integrity of
original information while avoiding complex-valued opera-
tions, then a multi-task CNN architecture is proposed to match
the improved input form and achieve better classification
results. Differently, a complex-valued CNN uses real part and
imaginary part of quad-pol SAR images as input features [24]
for land cover classification. All elements of CNN including
input and output layer, convolutional layer, activation function,
and pooling layer are extended to the complex domain.

There exist different strategies to work with complex-valued
PolSAR data. The elements of the covariance matrix and
the coherence matrix with the most abundant polarization
information were selected in [25]. Feature combinations [26]
were selected rather than individual features for quad-pol
SAR image classification. The polarization features from the
complex coherency matrix and the spatial features of the Pauli
image were extracted for quad-pol SAR image classification
in [27]. In addition to the input features, activation functions
are also important for complex-valued CNN. The phase infor-
mation can be easily influenced by the activation layer. Some
complex-valued CNN adopt CReLU and ZReLU as activation
functions in the network [28], and some use Cardioid [29]
to scale the input magnitude but retain the input phase. For
output layer, previous complex-valued CNNs output real units
and imaginary units directly then use the least-squares loss
function [30].

B. Main Contributions

In this work, a complex-valued CNN named SAR4LCZ-
Net was developed. SAR4LCZ-Net is designed to fully utilize
the information in quad-pol SAR data for LCZ classification.
Main contributions of this work are as follows:

(1) Shallower and deeper representations of CNN layers
were associated to hierarchical semantic meaning of LCZ
classes and formulated them into loss functions.

(2) Spatial features and polarimetric features were combined
to feed into the network, activated by CReLU complex-valued
activation function in convolutional layers and complex-valued
softmax in output layer.

(3) Gaofen-3 quad-pol SAR images covering 31 cities
around the world were collected to validate the feasibility of
proposed network.

The rest of the paper is organized as follows. Section II
demonstrates the principle of selecting a study area and de-
scribes the Gaofen-3 quad-pol SAR data and its data prepara-
tion. Section III elaborates on the proposed CNN architecture,
SAR4LCZ-Net, and the strategy of hierarchical structure of
LCZ classification. Section IV introduces the baseline CNNs
to be compared, and the experimental setup. The classification
accuracy of LCZ is evaluated and LCZ results for several test
scenes are visualized. Lastly, Section V concludes this work.

II. STUDY AREA AND DATASET

In this section, we show Gaofen-3 mission and the corre-
sponding LCZ patches, the global scale coverage, as well as
the setup of training and testing dataset.
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Fig. 1. Illustration of LCZs [1] and corresponding SAR images. Bottom row is Gaofen-3 quad-pol mode Pauli RGB image.

Fig. 2. The location of 31 cities covered by Gaofen-3 quad-pol mode in global scale (those cities are included in So2Sat LCZ42 list), the complete list of
the 31 cities is in the Appendix. The background world map comes from ArcGIS ArcMap.

A. Gaofen-3 mission

Gaofen-3 is a spaceborne multi-polarization imaging radar
mission in C-band [31]. The satellite is in a sun-synchronous
dusk-dawn orbit at a 755 km altitude. The repeat cycle of orbit
is about 29 days. In order to meet the technical requirements
from various types of users, Gaofen-3 have twelve observing
modes. The resolution varies from 1 m to 500 m, and the
swath varies from 10 km to 650 km. The SAR payload
can operate in single-pol (HH or VV), dual-pol (HH+HV
or VH+VV), and quad-pol (HH+HV+VH+VV) modes. The
quad-pol mode works in time-division operation architecture.
Gaofen-3’s quad-pol mode has 8m nominal resolution both in
range and azimuth directions, which is the mode we use in this
work. Its parameters are included in Table I. As Sentinel-1’s
dual-pol mode is adopted as the comparison setting, Table I

also list the parameters of Sentinel-1’s dual-pol mode.

B. Study area

In order to study the potential of quad-pol SAR data
in LCZ classification, we collected Gaofen-3 quad-pol SAR
data for cities in the So2Sat LCZ42 dataset [13]. So2Sat
LCZ42 contains labeled data of 42 cities cross the world.
This geographical distribution ensures that regions of interest
include transcultural, transnational, and cross-environmental
areas. While selecting these cities, population was another
criteria under consideration. Among all cities, the population
of each city is at least one million and is expected to grow
in the future according to UN statistics. In total, 31 cities
were selected in our Gaofen-3 study area. The other 11 cities
were not covered by Gaofen-3 quad-pol mode. Fig.2 shows the
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Fig. 3. For each city in the 31-cities list, we split the labels of each LCZ class into the west and east parts of the city, comprising the training and testing
dataset. Then we get 200k patches of training dataset and 40k patches of testing dataset, which are geographically separated.

TABLE I
RADIOMETRIC ACCURACY AND SPECS BETWEEN GAOFEN-3 AND SENTINEL-1

SAR satellite
Absolute

radiometric
accuracy(dB)

Relative
radiometric

accuracy(dB)

Radiometric
resolution(dB)

Spatial resolution in
range direction(m)

Spatial resolution in
azimuth direction(m)

Sentinel-1 1.0 0.1 3.0 3.0 22.0

Gaofen-3 1.5 1.0 3.5 8.0 8.0

geographic location of the 31 cities. The complete list of the
31 cities is in the Appendix. Considering Gaofen-3’s average
swath width of 30km in the quad-pol mode, we need 6 non-
overlapping images to cover the whole urban and suburb area
for most cities. In total, 179 quad-pol Gaofen-3 SAR images
were collected for this study.

C. Training and testing dataset production

We employed the LCZ label in the So2Sat LCZ42 dataset
to produce training and testing LCZ patches. The So2Sat
LCZ42 labels determine the distribution of LCZ patches.
So2Sat LCZ42 labels have been balanced by label post-
processing procedures. Because the percentage of nonurban
areas is naturally larger and results in many more samples for
nonurban classes. To balance the number of samples among
all of the LCZ classes, for each city, the samples of each
nonurban classes are reduced [13]. By the way, the impact of
LCZ imbalance has been analyzed based on Sentinel-2 dataset
in So2Sat LCZ42 which uses the same ground truth as this
paper. Experimental results by using class weights did not
show obvious benefits [32]. This indicates that the imbalance
problem in the So2Sat LCZ42 dataset has been addressed to
some extent during the data preparation process. For one city,
we split the labels of each LCZ class into the west and east
parts, comprising the training and testing dataset respectively.
Therefore, the training and testing dataset were geographically
separated from each other.

In order to crop out Gaofen-3 patches by the corresponding
So2Sat LCZ42 labels, we adopted orthorectification using RPC
(Rational Polynomial Coefficient) in ENVI (The Environment
for Visualizing Images) software to geocode each Gaofen-3
quad-pol SAR Single Look Complex (SLC) image. SRTM
(Shuttle Radar Topography Mission) DEM was used in the
geocoding. The data was then re-sampled to a 5-m GSD
WGS84/UTM coordinate system by nearest-neighbor interpo-
lation. In total, 200,000 training samples and 40,000 testing
samples were generated. The patch size is 64× 64 pixels. The
distribution of LCZ classes in training and testing dataset are
visualized in Fig.3. The postprocessed So2Sat LCZ42 labels
controlled the number of patches of most the classes to be
on the same order of magnitude. It is true that there still
exists class imbalance after the label postprocessing. However,
the imbalanced number of samples of different LCZs accords
with land cover distribution. For instance, compact high-rise,
lightweight low-rise and bare rock are comparatively less than
other LCZ classes on the global scale.

Fig.1 shows the cropped patches from Gaofen-3 Pauli RGB
image of different LCZ classes. According to the scattering
mechanism of Pauli decomposition, RGB channel represents
double bounce scattering, volume scattering and surface scat-
tering, respectively. As double bounce scattering often reflects
from dihedral angle, compact high-rise Gaofen-3 patches
contain more red pixels than compact midrise and compact
low-rise ones. For lightweight low-rise and sparsely built,
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Fig. 4. Architecture of SAR4LCZ-Net: the loss function of SAR4LCZ-Net is a weighted summation of all output prediction losses, from coarse prediction
to medium prediction and to fine prediction. The loss function takes all levels’ loss into account to make sure the structure prior can play a role of internal
guide to the whole model and make it easier to flow the gradients back to the shallow layers.

they are almost flat area and reflect as surface scattering
in blue color. Oil collector of heavy industry are obvious
red as double bounce scattering. It can be expected that the
additional polarimetric information in the Ganfen-3 quad-pol
data brings advantage in distinguishing certain land uses over
single polarization or dual polarization data.

III. SAR4LCZ-NET DESCRIPTION

SAR4LCZ-Net is a complex-valued CNN that cooperates
the hierarchical semantic meanings of the LCZ classification
scheme. Shallower layers in the CNN capture textural fea-
tures such as lines and corners whereas deeper layers extract
features with more semantic meanings. Correspondingly, as
shown in Table II, the 17 LCZ classes can be first grouped into
two coarse classes: built area and nature area. In the second
level of classes, the definition relies on areas where semantic
meaning becomes more decisive, such as compact built and
open built. Finally, the 17 LCZ classes are extracted explicitly.

A. SAR4LCZ-Net architecture

Fig.4 is the SAR4LCZ-Net architecture. As this work
mainly focuses on validating the potential of complex-valued
CNN using quad-pol SAR images for LCZ classification, three
sequential convolutional blocks instead of sophisticated struc-
ture are embedded in SAR4LCZ-Net. It is also reported in [32]
that, in LCZ classification, CNN with a simple architecture can
be very competitive to the ones with complicated structures.

The size of input patches is 64× 64. SAR4LCZ-Net con-
tains three convolutional blocks (Block1, Block2, Block3).
Each of the 3 blocks consists of three consecutive complex-
valued convolutional layers and one complex-valued batch
normalization layer, where all convolutional kernel sizes are
3× 3. Block1 has convolutional layers with 128 kernels,

features are downsampled by average pool layer with a pooling
size of 2× 2 and stride of 1. The output feature maps size is
32× 32 from Block1. Each convolutional layer of Block2 have
256 kernels. After batch normalization and average pooling,
feature maps have size of 16× 16. The number of kernels in
each convolutional layer in Block3 is 512.

SAR4LCZ-Net has three hierarchical predictions. Coarse
prediction comes from Block1, after connecting one global
average layer and 2-class softmax. Medium prediction flows
out from Block2, after connecting one global average layer
and 10-class softmax. Fine prediction is from Block3, also
downsampled by one global average layer and activated by
a 17-class softmax. The global loss function is a weighted
average of all levels’ loss.

The core components of SAR4LCZ-Net include complex-
valued convolutional layer, complex-valued batch normaliza-
tion layer, average pool layer, global average pool layer and
complex-valued softmax output layer. We will describe them
in the following subsections.

B. Complex-valued components of the network

1) Complex-valued convolutional layer. A complex kernel
W = A+ iB is convolved by a complex vector h = x+ iy
where A and B are real matrices and x and y are real vectors.
As the convolution operator is distributive, convolution of the
vector h with the filter W is obtained:

W ∗ h = (A ∗ x−B ∗ y) + i(B ∗ x+A ∗ y) (1)

Considering a typical real-valued 2D convolutional layer
that has N feature maps such that N is divisible by 2. To
represent these as complex numbers, the first N/2 feature
maps are allocated to represent the real components and the
remaining N/2 to represent the imaginary ones. Then the
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TABLE II
HIERARCHICAL STRUCTURE IN LCZ CLASSIFICATION

Coarse Prediction Medium Prediction Fine Prediction

Compact high-rise

Compact built Compact mid-rise

Compact low-rise

Open high-rise

Built area Open built Open mid-rise

Open low-rise

Lightweight low-rise Lightweight low-rise

Large low-rise Large low-rise

Sparsely built Sparsely built

Heavy industry Heavy industry

Dense trees

Scattered trees

Vegetation Bush, scrub

Nature area Low plants

Bare rock or paved Bare rock or paved

Bare soil or sand Bare soil or sand

Water Water

weight tensor size of complex-valued convolution layer can
be reduced to half of that in real-valued convolution layer.

2) Complex-valued activation function. Three complex-
valued activation functions having good performance in other
reported experiments are investigated in this work. Complex
ReLU (CReLU ) [28] is a complex activation that applies
separate ReLUs on both of the real and the imaginary part
of a neuron:

CReLU(z) = ReLU(Re(z)) + iReLU(Im(z)) (2)

ZReLU [28] is similar to CReLU and is defined as
follows:

ZReLU(z) =

{
z, if θz ∈ [0, π/2]

0, otherwise
(3)

Cardioid is proposed in [33], which is sensitive to the input
phase rather than the input magnitude. The output magnitude
is attenuated based on the input phase, while the output phase
remains equal to the input phase. The complex cardioid is
defined as:

cardioid(z) =
1

2
(1 + cos(φz))z (4)

3) Complex-valued batch normalization. Standard mean
variance normalization does not ensure equal variance in both
the real and imaginary components. In order to guarantee
that the resulting distribution is circular, we scale the data by
the square root of their variances along each of the real and
imaginary components [28]. This can be done by multiplying
the zero-centered data by the inverse square root of the
covariance matrix V .

x̃ = (V )−
1
2 (x− E[x]) (5)

where the covariance matrix V is

V =

(
Vrr Vri
Vir Vii

)
=

(
Cov(Re(x), Re(x)) Cov(Re(x), Im(x))
Cov(Im(x), Re(x)) Cov(Im(x), Im(x))

) (6)

4) Complex-valued softmax output layer. In real-valued CNN,
the output layer is usually a softmax classifier predicting
the probability distribution over different classes. Then, the
entire network is learned by minimizing the cross-entropy loss
function. Softmax [34] is hardly applied to complex-valued
CNN directly, previous complex-valued CNN uses softmax
on the amplitude of complex-valued input and adopts the
least-squares loss function. In this work, softmax classifier is
adopted in real units and imagery units separately. The output
is the mean value of the real and imagery softmax classifier.

F (n) =
1

2
[SoftMAX(Re(F (n− 1)))

+SoftMAX(Im(F (n− 1)))]
(7)

The SoftMAX is defined as:

pc(x) =
exp(ac(x))

C∑
i=1

exp(ai(x))
(8)

where ai denotes the activation in the i th feature channel,
C is the number of LCZ categories which are 2 in the
coarse prediction, 10 in the medium prediction and 17 in the
fine prediction. pc(x) is the approximated maximum function,
which represents the probability for each category. The cross-
entropy calculates the loss function:

L = −
C∑
i=1

pl(x)log(pc(x)) (9)

where pl(x) is the ground truth label and pc(x) is the predicted
label.

IV. EXPERIMENTS AND DISCUSSIONS

A. Input features

Quad-pol SLC image pixel is expressed by a complex
scattering matrix:

S =

{
SHH SHV

SV H SV V

}
(10)

where H , V denotes the orthogonal horizontal and vertical
polarization bases. Spatial features in SAR images are not ob-
vious when real and imaginary parts are represented separately.
The amplitudes of four elements in scattering matrix can better
describe spatial textures: |SHH |,|SHV |,|SV H | and |SV V |. In
order to fit the complex-valued input of SAR4LCZ-Net, spatial
features are rebuilt as:

Sc =

{
Sc1
Sc2

}
=

{
|SHH |+ j ∗ |SHV |
|SV H |+ j ∗ |SV V |

}
(11)

Fig.5 shows the complex-valued spatial features, it can be seen
that phase value of Sc1 and Sc2 show clear spatial pattern.

In monostatic case, SHV and SV H are often assumed
identical under the reciprocity theorem. Thus, the matrix can
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Fig. 5. Equation (11) Combines spatial features into complex-valued input for SAR4LCZ-Net: Sc1 consists of |SHH | and |SHV |, Sc2 consists of |SV H |
and |SV V |. Spatial pattern in phase image show that the combination is feasible for SAR4LCZ-Net. (a) |SHH |,(b) |SHV |,(c) phase of Sc1 (in radians), (d)
|SV H |,(e) |SV V |,(f) phase of Sc2 (in radians).

be reduced to a 3-D scattering vector K. Using the Pauli
decomposition, K can be expressed as:

K =
1√
2

{
SHH + SHV , SHH − SHV , 2SHV

}T
(12)

The coherency matrix of K is obtained as:

C = KKH =

C11 C12 C13

C21 C22 C23

C31 C32 C33

 (13)

The superscript T denotes the transpose and H denotes the
conjugate transpose. The coherency matrix C is a Hermitian
matrix whose diagonal elements are real number. The off-
diagonal complex elements are the polarimetric features. In
order to reduce the speckle on quad-pol SAR images, the
coherency matrix is filtered by a sequential approach [35].

Combination of features extracted from scattering matrix
and coherency matrix in quad-pol SAR data have been verified
effective for terrain classification [27], [36]. We also assemble
polarimetric features and spatial features as input features for
SAR4LCZ-Net. Here, polarimetric features are up-diagonal
complex-valued elements from the polarimetric coherency
matrix as shown in the last paragraph. The scattering matrix
is not filtered in order to retain the original spatial textures.

In short, the input features consist of the denoised polari-
metric features C12, C13, C23, and the original spatial features
Sc1, Sc2.

B. Experimental Settings and Implementation Details

In order to validate the effectiveness of the proposed
SAR4LCZ-Net, we set a series of comparative experiments.
The baseline setup is a Random Forest experiment. We also

would like to affirm if complex-valued CNN can have better
performance with less learning parameters in LCZ classifica-
tion. Therefore, the second setting is a real-valued CNN with
the same structure. The number of learning parameters of the
real-valued CNN are twice of those in complex-valued CNN.

In addition, we also set some ablation experiments to verify
the feasibility of SAR4LCZ-Net. They are listed as follows.

1) Complex-valued softmax output layer: In order to know
the effectiveness of designed complex softmax output, we
set two identical complex-valued CNNs, except their output
layers. One uses output without activation by softmax layer
and applies MSE as loss function, and the other uses designed
complex softmax output as shown in Formula (7) and makes
use of cross-entropy as loss function.

2) Complex-valued activation function: We set three
complex-valued activation functions for convolutional layer:
CReLU, Cardioid and ZReLU. This setting is to confirm if
CReLU is the most suitable activation function for LCZ clas-
sification. We also analyze the heatmaps from the intermediate
convolutional layer to explain the experiments, which was not
present in other applications using complex-valued CNN and
the above mentioned activation functions.

3) Combination of spatial and polarimetric features: Most
complex-valued CNNs for quad-pol SAR image classification
only use polarimetric features. In this work, we combine
spatial features with the polarimetric features as a comparative
experiment to demonstrate the effect of our proposed input
feature.

4) Hierarchical structure in LCZ classification: To prove
that the designed LCZ hierarchical structure in SAR4LCZ-
Net is valuable, we set a same complex-valued CNN without
the hierarchical structure as an ablation experiment.
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Fig. 6. The element C12 of the polarimetric coherency matrix as input element: (a) amplitude image, (b) original phase. After 5 complex-valued convolution
layers activated by different functions: (c) cardioid, (d) ZReLU, (e) CReLU. CReLU has the most significant phase pattern comparing to those from other
functions. The contour of built area is clearly outlined in CReLU phase pattern. Although all three activiation functions distorted the phases as expected, our
main point is not to preserve the phases, but to extract high level features that are suitable for the classification task.

As for the implementation details, all models were trained
from scratch following the same training settings in order to
have fair comparisons. Keras was employed as the experi-
mental software platform. All networks employed the Adam
optimizer. We used a batch size of 128 patches. The initial
learning rate was 10−4 and was decreased by half after every
fifth epoch, and was kept as 10−5 after total 20 epochs. To
control the training time and avoid overfitting, early stopping
was activated based on the validation loss with a patience of
15 epochs. Model weights with the highest validation accuracy
were saved. The distribution of the loss weights indicates the
importance of each block. This can play a role as an internal
guide to the whole model, which made the gradients easier to
flow back to the shallow layers. [0.8, 0.1, 0.1] was assigned
as the initialization loss weights, lower layers were frozen
after 10 epochs at loss weights of [0, 0.9, 0.1], and medium
layers were frozen after 60 epochs at loss weights of [0, 0,
1]. Metrics used for performance assessment include overall
accuracy (OA), average accuracy (AA), and Kappa coefficient.

C. Results and Discussions

Table III summarizes the performances of SAR4LCZ-Net
and some comparative experiments. Firstly, the OA of real-
valued CNN (RV-CNN) (64.8%) is much higher than that
of Random Forest (48.2%), which validates the excellent
feature grasping ability of CNN. Besides, results show that
complex-valued CNN (CV-CNN) can get 1.2% improvement
in OA compared to RV-CNN with the same architecture and
double the number of learning parameters. This can support
that choosing CV-CNN as the backbone of SAR4LCZ-Net

is beneficial. In the following paragraphs, we will analyze
designed features in SAR4LCZ-Net.

1) Impact of complex-valued softmax output layer: In CV-
CNNs with CReLU as activation functions, the improvements
of applying complex-valued softmax output layer are evident.
OA and AA both rise 4.0%, which is remarkable in LCZ
classification. This proved the feasibility of proposed complex-
valued softmax output layer.

Compared to the MSE as loss function adopting output with-
out activation by softmax layer, cross-entropy using designed
complex-valued softmax output are better loss function for
17-category classification. Cross-entropy typically optimizes a
surrogate loss function instead, which acts as a proxy but has
advantages. The negative log-likelihood of the correct class is
typically used as a surrogate for the 0-1 loss. The negative
log-likelihood allows the model to estimate the conditional
probability of the classes, then the model can pick the classes
that yield the least classification error in expectation. A
surrogate loss function actually results in being able to learn
more. When the expected 0-1 loss is zero, one can improve
the robustness of the classifier by further pushing the classes
apart from each other, obtaining a more confident and reliable
classifier, thus extracting more information from the training
data than would have been possible by simply minimizing the
average 0-1 loss on the training set.

2) Validation on complex-valued activation function: Re-
sults from different kinds of complex-valued activation func-
tion show that CReLU achieves the best performance. To illus-
trate the effectiveness of complex-valued activation function,
we visualize the phase pattern after complex convolution using
those activation functions. Fig.6 shows the phase pattern of
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(a) RV-CNN (b) CV-CNN(CReLU+Complex softmax)

(c) CV-CNN(CReLU+Complex softmax+Combine spatial features) (d) SAR4LCZ-Net

Fig. 7. Confusion Matrixes of SAR4LCZ-Net and the comparison networks based on the test dataset of Gaofen-3 quad-pol SAR patches.

C12 from the polarimetric coherency matrix in Formula (13)
after 5 convolution layers. It is obvious that CReLU can grasp
the phase pattern more effectively, which produces the most
significant phase pattern comparing to those of other functions.
The contour of built area is clearly outlined in the phase pattern
of CReLU. Although all three activiation functions distorted
the phases as expected, our main point is not to preserve the
phases, but to extract high level features that are suitable for
the classification task. Therefore, CReLU was selected as the
activation function of SAR4LCZ-Net, and employed in the

experiments hereafter.
3) Effectiveness on the combination of spatial and po-

larimetric features: When combining the designed spatial
features, the AA was improved by 1.3% which is decent
for 17 classes. This comparison validates the effectiveness of
the proposed combination of spatial features and polarimetric
features for LCZ classification.

4) Feasibility of hierarchical structure for LCZ classifica-
tion: In the comparison between SAR4LCZ-Net and CV-
CNN without the hierarchical structure, the OA and AA of
SAR4LCZ-Net can both improve by 1%. The results demon-
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TABLE III
COMPARATIVE EXPERIMENTS

Model Polarimetric
features Parameters Complex

Relu
Complex
softmax

Spatial
features

Use
Hierar-
chical

structure

OA AA Kappa

RF Despeckling 48.2% 35.6% 0.422

ResNet-50 Despeckling 1.40M 52.0% 37.9% 0.466

RV-CNN Despeckling 7.68M 64.8% 54.3% 0.611

CV-CNN Despeckling 3.85M CReLU 62.1% 52.6% 0.582

CV-CNN Despeckling 3.85M CReLU X 66.0% 56.6% 0.626

CV-CNN Despeckling 3.85M Cardioid X 65.0% 53.6% 0.612

CV-CNN Despeckling 3.85M ZReLU X 59.6% 49.7% 0.554

CV-CNN Without
Despeckling 3.85M CReLU X 65.8% 56.2% 0.636

CV-CNN Despeckling 3.85M CReLU X X 66.5% 57.9% 0.630

SAR4LCZ-Net Despeckling 3.85M CReLU X X X 67.2% 58.8% 0.638

Fig. 8. Medium prediction results of SAR4LCZ-Net using Gaofen-3 quad-pol
SAR test dataset: The aggregated classes such as vegetation, compact bulit
and open built, can achieve relatively higher accuracy.

strate the feasibility of applying hierarchical structure for LCZ
classification. The confusion matrixes of LCZ classification
from SAR4LCZ-Net and the comparison networks are shown
in Fig.7. Class 2, 7, 8 ,11, 14, 16 and 17 can achieve accuracy
higher than 65%. The confusion matrix of the medium predic-
tion from SAR4LCZ-Net is shown in Fig.8. Its OA and AA
can reach 74.5% and 65.6% respectively. The classification
accuracies of vegetation and open built can achieve 88% and
70%.

Fig.9 show the intermediate feature maps from SAR4LCZ-
Net and RV-CNN in different stages. It can be seen that the
SAR image covered urban areas in the lower center part and
natural areas in the upper part. The hierarchical feature grasp-

ing ability is demonstrated through the feature maps flowing
from Block1 to Block3, lower convolutional layers obtained
the contour features and higher convolutional layers extracted
abstract semantic features. The effectiveness of hierarchical
structured network design for LCZ classification is verified.
Besides, the feature attention on urban areas from SAR4LCZ-
Net is more constraint, especially in the middle network after
Block2 and deeper network after Block3. This can certify that
SAR4LCZ-Net has better feature grasping ability compared to
RV-CNN.

5) Comparison to Sentinel-1 dual-pol data: We also would
like to compare the LCZ classification results between Gaofen-
3 quad-pol SAR data and Sentinel-1 dual-pol SAR data. A
strict quantitative comparison is not possible, because the cov-
erages of our Gaofen-3 quad-pol SAR image is different from
that of the So2Sat LCZ42 dataset. 11 cities were not covered.
In addition, the spatial resolution, and many other parameters
of the sensors are different. However, this is the best possible
data preparation one could do to bring the comparison as fair
as possible. The large amount of Gaofen-3 data in this study
is sufficient to bring a qualitative comparison to Sentinel-
1 data. Table IV shows the performances of Gaofen-3 and
Sentinel-1. The LCZ classification accuracy from Sentinel-
1 has an OA of 61.0% and an AA of 51.0%. Compared
with Sentinel-1’s results, Gaofen-3’s OA and AA improve
6.2% and 7.8%, respectively. Fig.10 shows the LCZ map
predictions in Beijing, Los Angeles and Zurich. It can be seen
that compared with Sentinel-1, the results from Gaofen-3 are
more spatially continuous and homogenous. In order to have
a more detailed comparison, we zoom in to small areas of
LCZ map predictions, and compare with the corresponding
optical images from Google Earth. This shown in Fig.11. The
small area in the Beijing LCZ map shows a wetland park area,
where the waterbody, dense tree and the compact buildings
around the park are predicted relatively more accurately in the
Gaofen-3 LCZ map than those in the Sentinel-1 LCZ map. The
small area in the Los Angeles LCZ map is a residential area.
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Fig. 9. Intermediate feature maps: Upper row are intermediate feature maps from RV-CNN, lower row are intermediate feature maps from SAR4LCZ-Net.
Stages from left to right: Block1, Block2 and Block3.

TABLE IV
COMPARATIVE ACCURACY BETWEEN GAOFEN-3 AND

SENTINEL-1

SAR satellite OA AA Kappa

Sentinel-1 62.2% 51.6% 0.584

Gaofen-3 67.2% 58.8% 0.638

The compact low-rise areas are predicted more precisely by
the Gaofen-3 LCZ map. The small area in Zurich LCZ map
shows a residential area near forest. The dense trees in forest
and open low-rise areas predicted by the Gaofen-3 LCZ map
are closer to the ground truth.

Apart from Gaofen-3’s generally better performance than
Sentinel-1 primarily due to its higher spatial resolution, we
also believe that Gaofen-3 quadpol data have unique advantage
in distinguishing certain LCZ classes. Examples of the Gaofen-
3 and Sentinel-1 image scenes of 5 LCZ classes are compared
and shown in Fig.12. For compact midrise, the built area
is mainly red in the Gaofen-3 Pauli image which consists
of double bounce scattering. The flatten area in bare soil or
sand appears blue in the Gaofen-3 Pauli image, which means
they are surface scattering. Correspondingly, the classification
accuracy of those 5 LCZ classes improves significantly by
using quad-pol SAR data. Bare soil or sand achieves 52%
higher accuracy in Gaofen-3 dataset compared with that in
Sentinel-1 dataset. Open midrise, compact midrise, lightweight
low-rise and scattered trees increase by 21%, 20%, 20% and

20%. This confirms the effectiveness of quad-pol SAR data
for LCZ classification.

Of course such improvement may also be partially due to
other factors such as higher spatial resolution and radiometric
resolution. But it is more likely that polarimetric information
helps the certain LCZ classes, as the image resolution or
radiometric resolution improvements should be the same for
all LCZ classes. The spatial resolution in range direction of
Gaofen-3 quad-pol mode SLC data is 8m, which is lower than
3m of the Sentinel-1 dual-pol mode SLC data. In azimuth di-
rection, Gaofen-3 quad-pol mode’8m is higher than Sentinel-1
dual-pol mode’22m. With respect to radiometric accuracy and
specs, the parameters are listed in Table I and the Sentinel-1
radiometric performance is better. Therefore, the contributions
of spatial resolution and radiometric performance are relatively
balanced. A more thorough analysis shall be conducted to
quantify the improvements caused by higher spatial resolution
and the polarimetric bands.

6) General discussions: We also tried deeper CNN in
this work such as ResNet-50 which is frequently used in
computer vision. But LCZ classification results show that a
properly designed simple CNN leads better performance as
illustrated in Table III. A possible reason is that the patch
sizes in classification tasks in remote sensing especially SAR
images are comparatively smaller than those in computer
vision research. For instance, the patch size in this work is
64× 64 while the patch size of face recognition is normally
256× 256. Therefore, shallower CNN is sufficient to grasp
features from small patches. A deeper network is much easier
to be overfitted and has worse generalizability.
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Fig. 10. LCZ map of Cities: Top row are Gaofen-3 quad-pol SAR Pauli RGB images, middle row are Gaofen-3’s LCZ classification maps, and bottom row
are the corresponding LCZ classification maps from Sentinel-1. Cities from left to right: Beijing, Los Angeles and Zurich.
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Fig. 11. LCZ map of small areas: Top row are optical images, middle row are Gaofen-3’s LCZ classification maps, and bottom row are the corresponding
LCZ classification maps from Sentinel-1. Cities from left to right: the wetland park area in Beijing, the residential areas in Los Angeles and Zurich.

The proposed complex-valued network SAR4LCZ-Net can
be applied to single-channel SAR images for LCZ classifi-
cation. As SAR4LCZ-Net are complex-valued structure with
complex-valued softmax output layer and activation function,
single-channel SAR images can be fed into the network so
long as the input consists of real part and imaginary part.
Besides, the structure associated with hierarchical semantic
meaning of LCZ classes remains effective even though there is
only one channel to flow the features. Therefore, the proposed
SAR4LCZ-Net has ubiquity for LCZ classification when the
adopted SAR datasets are in single channel.

V. CONCLUSION

We propose a complex-valued CNN, SAR4LCZ-Net, which
is designed to take full advantage of the four polarization
channels in quad-pol SAR images for LCZ classification. We
introduced two novel improvements to the conventional LCZ
classification network: hierarchical architecture, and complex-
valued network realized by CReLU activation function and a
complex-valued softmax layer. Comparing to a same network
without hierarchical structure, SAR4LCZ-Net can achieve 1%
improvements on overall accuracy and average accuracy using
the big dataset of Gaofen-3 quad-pol SAR images that covers
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Fig. 12. Representative examples of the Sentinel-1 and Gaofen-3 image scenes of certain LCZ classes. In each example, the upper image is the high resolution
aerial image from Google as a reference, the middle one is the intensity of the Sentinel-1 scene, and the lower image is the corresponding Gaofen-3 scene
in Pauli RGB. This figure shows the typical urban morphology of LCZ classes which scatter more differently in quad-pol SAR images.

31 cities around the world.
Different kinds of complex-valued activation function were

also analyzed in the study. CReLU was validated as the
optimal complex-valued activation function for our task and
adopted in SAR4LCZ-Net. A complex-valued softmax output
layer is invented in order to use cross-entropy loss function
for LCZ classification. This complex implementation also
brings an improvement of overall accuracy by another 3.9%.
In complex-valued CNN, CReLU is recommended to be the
activation function in convolutional layer.

Comparing to most quad-pol SAR classification works
utilizing polarimetric features from the coherency matrix, our
approach combines spatial features from the scattering matrix
with polarimetric features as the input, which improved 1.3%
on average accuracy.

Besides, Gaofen-3 quad-pol SAR data also outperforms
Sentinel-1 dual-pol SAR data in LCZ classification.

APPENDIX

The 31 cities selected in this study: Amsterdam, Beijing,
Berlin, Cairo, Cape Town, Changsha, Cologne, Dongying,
Guangzhou, Hong Kong, Islamabad, Istanbul, Kyoto, Lon-
don, Los Angeles, Madrid, Milan, Moscow, Munich, Nairobi,
Nanjing, Paris, Qingdao, Rome, San Francisco, Shanghai,
Shenzhen, Tokyo, Tehran, Wuhan, Zurich.
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