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Abstract—Accurately extracting buildings from high-resolution
remote sensing images is crucial for human productivity and
livelihood in urban areas. Due to varying scales and indistinct
boundaries of buildings, it is crucial to fully leverage the high-
and low-frequency features in building extraction from remote
sensing images. However, previous studies have solely relied on
either low- or high-frequency features, leading to errors such as
omissions or internal holes in the detected buildings at various
scales. Although some studies have considered the integration be-
tween both high- and low-frequency features, they overlook the
suitability of different network depths for extracting different fre-
quency features. A novel network called Cascaded Inception Conv-
Former Network (CICF-Net) is proposed in this study to solve these
problems. It leverages the parallel combination of convolutional
neural network and Transformer to efficiently extract high- and
low-frequency features for building extraction. In the encoder, as
the network depth grows, we gradually reduce the contribution of
high-frequency branch and enhance the focus on low-frequency
branch. Moreover, a cascaded fusion strategy is employed to ex-
tract and integrate multiscale high- and low-frequency features.
Meanwhile, we propose gated convolution UperNet as the decoder,
which utilizes recursive gated convolution to facilitate multilevel
spatial interactions and better restoration of fine-grained spatial
details for building segmentation. The proposed CICF-Net achieves
competitive accuracies on three public benchmarks: Massachusetts
Building Dataset, WHU Aerial Building Dataset, and Inria Aerial
Image Labeling Dataset, with IoU of 75.17%, 91.45%, and 81.28%,
respectively. This provides strong evidence of its effectiveness in
building extraction, as it can accurately capture spatial details and
context of buildings.

Index Terms—Building extraction, deep learning, high-
frequency feature, high-resolution remote sensing image, low-
frequency feature.

I. INTRODUCTION

THE accurate extraction of buildings from high-spatial reso-
lution remote sensing images holds signiÞcant importance

for urban planning[1], urban dynamic monitoring[2], [3], [4],
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[5], disaster response[6], [7], [8], and other related applications.
However, extracting buildings from high-spatial resolution re-
mote sensing images faces challenges due to substantial differ-
ences among buildings and complex backgrounds. SpeciÞcally,
differences among buildings lie in their various scales as well
as shapes. Various scales refer to the presence of buildings
with different sizes, while diverse shapes indicate the structures
of buildings, including rectangles, irregular polygons, circles,
and so on. Meanwhile, it is difÞcult to distinguish buildings
from complex backgrounds, resulting in imprecise segmentation
boundaries. Therefore, achieving accurate and efÞcient extrac-
tion of buildings from high-spatial resolution remote sensing
images remains a challenge.

When dealing with buildings that vary in scale and shape, it
is important to pay attention to both low- and high-frequency
information. The low-frequency components provide large-
scale patterns, such as the overall shape and structure of the
buildings, while the high-frequency components are needed to
edges and textures providing Þne-grained detail such as building
boundaries[9], [10]. However, while high-frequency features
are naturally correlated with local details and low-frequency
features are inherently linked with global context[11], [12], [13],
high- and low-frequency features are not entirely equivalent to
global and local features. Local regions may also perceive blurry
backgrounds rather than sharp edges and textures.

Therefore, the absence of high-frequency information can
lead to omissions of small buildings and imprecise segmentation
boundaries, while the lack of low-frequency information may
bring out fragmented and discontinuous segmentation masks
for large buildings with internal holes.

In order to tackle these challenges, it is necessary to explore
methods that excel in extracting both high- and low-frequency
features. Traditional methods that focus on high- and low-
frequency features typically employed Fourier transform for
Þltering and processing in the frequency domain[14]. In recent
years, with the development of deep learning techniques, deep
networks have strong capabilities in representation and gener-
alization. Among these, convolutional neural networks (CNNs)
[15] and Transformers[16] are the most widely used. With the
extensive research and applications of these two types of deep
networks, a study decomposes original images into low- and
high-frequency components using the discrete Fourier transform
and evaluates model performance on each component, which
conÞrms that Transformers outperform CNNs on low-frequency
components but underperform on high-frequency components
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Fig. 1. High-resolution remote sensing image with buildings and the corre-
sponding Fourier spectrum of its Þnal output feature map extracted by ResNet50
and Swin Transformer.

[13]. We can observe this pattern from Fig.1, where the Fourier
spectrum of the output feature map from the Swin Transformer
exhibits signiÞcantly more low-frequency components com-
pared to ResNet50. Given the understanding of the role of
high- and low-frequency features in remote sensing images, it
is imperative to explore how CNNs and Transformers address
these features differently.

CNNs have been proven to excel in extracting high-frequency
features[13], [17], which have been introduced to various remote
sensing tasks, especially for building extraction[18], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30], [31],
[32], [33], [34]. Some multiscale networks based on CNNs
have been proposed to extract building contours and precise
boundaries at different scales, some of which follow HRNet
for building segmentation and change detection tasks, achieving
good results[18], [22], [35], [36], [37]. Several studies employed
postprocessing strategies to reÞne the building segmentation
map from coarse to Þne, enhancing building contours through
polygon regularization or using direction maps that indicate the
direction of each pixel to the center of the nearest object it might
belong to[23], [24]. Li et al. [34] have employed a strategy
of multitask learning which employs CNN to simultaneously
predict distances and directions, effectively improving the accu-
racy of building segmentation and boundary delineation. These
studies have shown that CNNs excel at capturing details and
local context in building extraction[38], [39]. But the Þxed-size
convolutional kernels impose limitations on capturing overall
information, as they only have limited receptive Þelds, thereby
lacking the capability to model long-range dependencies[40],
[41], [42]. Hence, dilated convolutions have been designed to
expand the receptive Þeld, enabling models to capture a broader
range of context information[20], [21], [22]. The atrous spatial
pyramid pooling method has been applied to extract dense and
multiscale features simultaneously[20], [27], [28], [29], [30].
However, these studies still encounter obstacles in capturing
low-frequency features and global context.

In contrast to CNNs, Transformers utilize self-attention mech-
anisms for feature extraction and show exceptional proÞciency
in capturing global context and extracting low-frequency fea-
tures [43], [44], [45], [46]. Vision Transformer (ViT)[47]
and its variants have shown remarkable performance in image
processing[48], [49], [50], [51]. General large models based
on Transformers are highly-sought-after and yield strong per-
formance, which leverage a vast number of parameters and

progressive training to fully exploit remote sensing images and
other multimodal data[52], [53]. But Transformers often have
substantial computational requirements and are less effective
in extracting high-frequency features compared to CNNs[54],
[55]. Therefore, there are currently efforts in remote sensing
image segmentation tasks that combine CNNs and Transformers
to construct deep networks to complement their shortcomings
and harness their advantages[56], [57], [58], [59]. The U-
Net architecture is commonly utilized, either by combining a
CNN-based encoder with a Transformer-based decoder[44] or
incorporating a Transformer-based encoder, such as Swin Trans-
former for feature extraction[57]. However, most studies that
incorporate Transformers into the CNN framework only utilize
pure Transformers either in the encoder or decoder, neglecting
the potential of combining the strengths of both methods in
feature extraction.

On the other hand, there have been efforts to integrate CNN
and Transformer within encoder or decoder. For instance, CNN
just serves as a means to obtain tokens required for self-attention,
while the primary feature extraction is accomplished through
the Transformer in building extraction tasks[58]. Some meth-
ods employ independent Transformer and CNN branches for
extracting features[59], [60], [61], which are fused and uti-
lized in the decoder. An extension of U-Net in[44] designs
a Transformer-based decoder with a global-local dual-branch
attention module for contextual information across scales. These
approaches either adopt two parallel and independent branches
with intersections occurring only at the Þnal fusion module,
or solely employ CNN for preliminary feature extraction as a
preparatory step for the Transformer. However, they overlook the
hierarchical nature of the features in the network: shallow or deep
layers of networks are more adept at capturing high-frequency
(corners or edge/color conjunctions) or low-frequency features
(overall patterns such as shapes and tone of objects) which are
both essential for each respective layer[10], thereby failing to
fully exploit the combined advantages of both methods. Addi-
tionally, there is a lack of continuous fusion of the two types
of features throughout the process. A more effective multiscale
feature fusion strategy should be applied to integrate the high-
and low-frequency features obtained at different depths for
handling the diverse scales of buildings.

With this motivation, we propose a novel network named
Cascaded Inception Conv-Former Network (CICF-Net) for
high-spatial resolution building extraction. Inspired by Incep-
tion Transformer[55], we designed an Inception Conv-Former
(iConvFormer) Block to effectively combine the strengths of
CNN and Transformer in extracting high- and low-frequency
features at different depths. As the network depth grows, we
gradually reduce the contribution of high-frequency branch
and enhance the focus on low-frequency branch, resembling
a frequency ramp, which ensures each depth level receives an
appropriate allocation of channels. In addition, we also adopt
a cascaded feature fusion strategy. Unlike the commonly used
lightweight multiscale fusion module strategy (such as the fea-
ture pyramid network[62], [63], [64]), the cascaded framework
allows our feature fusion module to have more parameters
and occupy a more important weight in the model, which has
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Fig. 4. Details of MHSA. Queries, keys, and values all refer toXmhsa, which undergoh sets of distinct linear projections and yield transformed vectors denoted
asQi , K i , andVi (i = 1 , 2, . . . , h ) . Theh sets ofQi , K i , andVi are then fed into self-attention heads to execute self-attention operations. The outputs ofh
individual self-attention computations are concatenated and transformed through another learnable linear projection to generate the Þnal output.

These sets ofQi , Ki , andVi undergo self-attention operations
when fed into their corresponding self-attention heads as(4).
The dot-product result obtained through matrix multiplication
(MatMul) needs to be divided by a scaling factor

√
dk i (dimen-

sion ofKi ) prior to applying softmax, which typically regulates
the range of attention weights and mitigates the risk of gradient
explosions. Then, the results of theh self-attention computations
are concatenated and transformed through an additional linear
projection for the ultimate output of MHSA as(5).

headi = SelfAttention(Qi , Ki , Vi )= Softmax

(
Qi Ki

T√
dk i

)
Vi

(4)

MHSA (Q , K , V )= Concat(head1, head2, . . . , headh ) W o.
(5)

Subsequently, we adopt upsampling to restore the original
resolution ofX low after MHSA and obtain the output of the low-
frequency branchY low . Here, we select bilinear interpolation
as the upsampling method.

After extracting the high-frequency featuresY high 1 Y high 2

and low-frequency featuresY low , the iConvFormer aggregator
Þrst concatenates the three features along the channel dimension
to obtainY c as(6). It then applies a depth-wise convolution with
residual connection followed by a linear layer to produce the Þ-
nal outputY o as(7). As a result, the Þnal outputY o incorporates
the complementary high- and low-frequency features extracted
by different branches.

Y c = Concat(Y high 1, Y high 2, Y low ) (6)

Y o = Linear(Y c + DW Conv (Y c) . (7)

Within each iConvFormer Block, the iConvFormer aggrega-
tor, along with residual connections, extracts high- and low-
frequency features. And a multilayer perceptron (MLP) is then
used to align the channel dimensions between adjacent blocks.

Omid = X raw + ICF A (LN (X raw )) (8)

O = Omid + MLP (LN (Omid )) (9)

where X raw denotes the input of the current iConvFormer
Block, ICFA represents the iConvFormer aggregator, and LN
stands for the layer normalization which is beneÞcial for stabi-
lizing and accelerating the training process. Finally, we obtain
the output of an iConvFormer BlockO. In addition, the core
idea of iConvFormer involves creating high- and low-frequency
branches as well as regulating the channel ratios ofX high

and X low . Common image processing models capture basic
local context by utilizing high-frequency details in shallower
layers, while gradually shifting their focus toward capturing
low-frequency features in deeper layers, enabling a global
understanding of the input feature map. Therefore, we adopt
a frequency ramp structure that incrementally allocates more
channels to the low-frequency branch to fully leverage the
capabilities of the high- and low-frequency branches at different
depths of the network. SpeciÞcally, our encoder consists of four
stages with different channel and spatial dimensions. For each
stage, a pair of channel ratios (Chigh

Craw
and Clow

Craw
) are deÞned to

balance the proportion of high- and low-frequency branches,
where Chigh

Craw
+ Clow

Craw
= 1 . Chigh

Craw
decreases gradually from

shallower to deeper layers, whileClow
Craw

increases.

C. Cascaded Multiscale Feature Extraction

A cascaded structure is implemented to connect iConvFormer
Blocks within each stage for multiscale feature extraction and
fusion. Moreover, we ensure that a greater proportion of pa-
rameters allocated for feature fusion can achieve improved
performance. Feature extraction along with multiscale fusion
are no longer independent but continuously interact with each
other in the context of the structure.

This structure comprises two types of iConvFormer Blocks
with different scales, a Focal Block, and a Transition Block.
The high-resolution feature map of theith stage is fed intoni

1

iConvFormer Blocks to obtain featureC3. After downsampled
by a 3 × 3 convolution with a stride of 2, the featureC4 is



CHEN et al.: CASCADED NETWORK WITH COUPLED HIGH-LOW FREQUENCY FEATURES FOR BUILDING EXTRACTION 10395

Fig. 5. Diagram of the Focal Block, where the second depth-wise convolution
(orange) is a dilated convolution with the dilation rate ofr = 3. The block utilizes
inverted bottleneck layers with channel expansion operations (fromd to 4d and
then back tod).

Fig. 6. Diagram of the Transition Block. The blue boxesC3, C4, andC5
represent feature maps at different scales. The yellow boxes represent the channel
reduction using a 1× 1 convolution to achieve the desired dimensionDim ,
whered4 andd3 represent the number ofC4 channels and the number ofC3
channels, respectively. Upsampling is performed using bilinear interpolation
with a scale factor of 2.

obtained viani
2 iConvFormer Blocks. Following another round

of downsampling, the feature map is then fed intoni
3 Focal

Blocks, generatingC5. Finally, we can inputC3, C4, andC5

into the Transition Block for multiscale feature fusion.
The Focal Block is a variant of the required block structure and

our iConvFormer Block is based on the bottom high-frequency
branch. Thus, similar to ConvNeXt, the internal structure of
a Focal Block includes a depth-wise convolution with a large
kernel size and two 1× 1 convolution layers (Fig.5). And the
former 1× 1 convolution implements a channel expansion oper-
ation, increasing the number of feature channels by four times.
In addition, the Focal Block adds a 7× 7 dilated convolution
with a dilation rate of 3 and incorporates two skip connections in
the middle. The design of Focal Block allows Þne-grained local
features to interact with coarse-grained global features again.

In a Transition Block, features of different scales, namely
C5, C4, and C3, gradually upsample and fuse (Fig.6). This
design is similar to the fusion module in FPN, but without
extra convolutions to transform the summed features. The fused
features produced by the Transition Block are the Þnal output
of each stage.

D. Gated Convolution UperNet

Capturing spatial interactions at different levels and scales is
crucial in building extraction, such as the interactions between
buildings and backgrounds, as well as among different buildings.
Therefore, we consider incorporating the decoder module used
for image segmentation in UperNet[10]. It can facilitate the
interaction of features at different scales, enabling effective
representation of spatial interactions in building extraction.

The original UperNet used for segmentation is based on
the design principles of pyramid pooling module (PPM)[74]
and feature pyramid network (FPN)[62]. However, the orig-
inal UperNet only employs single-order convolutional layers

(order= 1), limiting its ability to capture simple spatial inter-
actions at each level. Although decoders based on Transformers
can achieve spatial interactions through multihead attention,
they tend to have a large number of parameters and lack the
inductive bias of convolutional operations, making it relatively
more challenging to capture complex spatial interactions. There-
fore, we introduce the recursive gated convolution (gn Conv)
as an improvement to UperNet, yielding the gated convolution
UperNet (GCUperNet) as the decoder (Fig.7). gn Conv can
realize multilevel spatial interactions using a highly efÞcient
implementation with gated convolutions and recursive designs.

In the original UperNet, PPM is appended after the last layer
of the backbone network and then fed into the top-down branch
of FPN. We replace the original convolutional layers in UperNet
with gn Conv, including those in the bottleneck layers of the
PPM Head and FPN module. Meanwhile, a 1× 1 convolution
layer is applied to ensure consistent feature dimensions across
all feature maps for subsequent fusion. All layers generated
by downsampling in FPN are concatenated, followed by the
bottleneck layer of FPN to yield the fused feature map, which is
then input into the segmentation head with a convolutional kernel
size of 1. We employgn Conv with order= 2 to fulÞll the spatial
interaction requirements for building extraction (Fig.7). The
input ofgn Conv (n = 2) with a dimension ofC undergoes an
initial projection through a 1× 1 convolution and is divided into
two parts along dimension:2C Š C

2 and C
2 . The former applies

a depth-wise convolution of which result is split into two parts
with dimensions ofC2 andC, while the latter is multiplied with
the part with a dimension ofC2 from the depth-wise convolution
and then projected into an outcome with a dimension ofC.
This outcome is further multiplied by the remaining part of the
depth-wise convolution and projected into the Þnal output of
gn Conv (n = 2) with a dimension ofC as well. This module
enables us to capture spatial interactions between backgrounds
and buildings, as well as among different buildings.

E. Loss Functions

We introduce four loss functions and adopt a joint loss formu-
lation to constrain the training process of CICF-Net. The joint
loss function, denoted asL, can be deÞned as follows:

L = a · LCE + b · LDice + c · LLovasz + d · LBF 1 (10)

whereLCE refers to the cross-entropy loss;LDice denotes the
dice loss[75]; LLovasz corresponds to the Lovasz loss[76];
andLBF 1 represents the boundary loss[77]. The Þrst three loss
functions are all based on intersection over union (IoU) and
are designed to address the signiÞcant class imbalance between
background and building samples in semantic segmentation
tasks. Meanwhile, the Lovasz loss prioritizes the shape of ob-
jects, aiding in capturing the geometric structure and continuity.
It incorporates a certain level of boundary control by considering
the pixel order along the object boundaries, ensuring Þne bound-
aries for building extraction to a certain extent. In addition, we
introduce the boundary loss, which measures the accuracy of
building boundary detection using the Euclidean distance from
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Fig. 7. Overview of GCUperNet.gn Conv (green blocks) is employed in the bottleneck layers of the PPM head and FPN, utilizing gated convolutions and
recursive designs for efÞcient spatial interactions in building extraction (order= 2). A 1× 1 convolution operation (yellow blocks) is applied to downsampled
features before being fed into FPN.

pixels to boundaries. As a result, the incorporation of boundary
lossLBF 1 can effectively penalize boundary misalignment.

III. EXPERIMENTAL RESULTS

A. Experimental Setup

1) Datasets: We conduct experiments to evaluate the per-
formance of CICF-Net, using three publicly available building
datasets: the Massachusetts Building Dataset, the WHU Aerial
Building Dataset, and the Inria Aerial Image Labeling Dataset.
These datasets provide a diverse set of building images that
can be used to assess the performance of our model in building
extraction tasks.

Massachusetts Building Dataset: The dataset consists of 137
aerial images with a spatial resolution of 1 m. Each image has a
size of 1500× 1500 pixels, covering a total area of 2.25 km2. The
dataset includes images from both urban and suburban areas of
Boston, featuring buildings of varying sizes, shapes, textures,
and roof colors. It is split into a training set of 137 images, a
validation set of 4 images, and a test set of 10 images, each with
pixel-level ground truth labels. Following the ofÞcial dataset
partition, we crop the training and validation images and their
labels into 512× 512 pixels with a stride of 256 pixels, resulting
in an overlap rate of 0.5 for both the training and validation sets.
The testing set does not have any overlap, with a size of 512×
512 pixels as well. As a result, we obtain 3425 tiles for training,
100 tiles for validation, and 90 tiles for testing.

WHU Aerial Building Dataset: The dataset is an aerial image
subset of the WHU Building Dataset[78], which includes an
aerial subset and a satellite subset. The original aerial data comes
from the New Zealand Land Information Services website and
covers an area of 450 km2, including 220000 independent
buildings. The dataset comprises a vast majority of original aerial
data, containing 8189 tiles of RGB aerial images, each with 512
× 512 pixels and a spatial resolution of 0.3 m. The dataset is
further divided into a training set (4736 tiles, 1 30 500 buildings),
a validation set (1036 tiles, 14 500 buildings), and a test set (2416
tiles, 42 000 buildings). The dataset partition follows the ofÞcial
guidelines for experiments.

Inria Aerial Image Labeling Dataset: The dataset comprises
360 aerial images collected from Þve cities (Austin, Chicago,
Kitsap, Tyrol, and Vienna), spanning a total area of 810 km2,

TABLE I
NETWORK PARAMETER SETTINGS FOR THEENCODER IN THEMAIN

EXPERIMENTS OFCICF-NET

with half allocated to the training set and the other half to the test
set[79]. The images capture diverse urban landscapes, ranging
from highly densely populated metropolitan Þnancial districts to
alpine towns. Due to the unavailability of labels for the test set,
our experiments solely rely on the original training set, where
each city consists of 36 images with a size of 5000× 5000 pixels
and a spatial resolution of 0.3 m. Following the ofÞcial partition
of the original training set, the 1Ð5 images from each city are
selected for testing, while the remaining 31 images from each
city are used for training and validation. We crop these large
images and their labels into 512× 512 pixels. The ratio of the
numbers of the training tiles to the validation tiles is 4:1. In
the end, we obtained 12400 tiles for training, 3100 tiles for
validation, and 2500 tiles for testing.

2) Network Settings: The hyperparameters of the proposed
CICF-Net include the network depth and the channel ratio be-
tween the low- and high-frequency branches in the iConvFormer
Block. The network depth is determined by the number of
iConvFormer Blocks and Focal Blocks in each stage. The depth
of stagei is the sum ofni

1, ni
2, andni

3. We set the number
of total heads and the overall width (number of embedding
dimensions) for each stage based on the base scale of general
models. As for the channel ratio setting in the iConvFormer
Block, we conduct an experimental analysis in SectionIII-C. We
control the channel ratio between the low- and high-frequency
branches through the number of Òheads,Ó with a total of (3, 6,
12, and 16) heads for the two branches in the four stages. The
main experimental parameter settings are presented in TableI.

The ratio between the number of attention heads and the num-
ber of total heads determines the proportion of the low-frequency
branch. SpeciÞcally, the low-frequency branch ratios for the
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Fig. 9. Visualization comparisons of different methods for building extraction on the WHU Aerial Building Dataset.

TABLE VII
QUANTITATIVE COMPARISONSWITH THE STATE-OF-THE-ART METHODS ON

THE WHU AERIAL BUILDING DATASET

in delineating the boundaries among the three buildings within
the red box, consisting of two buildings with blue-green roofs
and one building with a white roof.

Furthermore, quantitative comparisons and visualization of
the segmentation results on the Inria Aerial Image Labeling
Dataset show that CICF-Net consistently demonstrated superior
performance (TableVIII ). In the red box of the Þrst row in

TABLE VIII
QUANTITATIVE COMPARISONSWITH THE STATE-OF-THE-ART METHODS ON

THE INRIA AERIAL IMAGE LABELING DATASET

Fig.10, DeeplabV3+ and CICF-Net stand out as the only meth-
ods that detect two small concealed buildings. Moving to the
two red boxes in the second row, CICF-Net showcases the most
precise segmentation boundaries and shapes. In the third row, all
methods identify the holes within the bottom red box though the
ground truth incorrectly labeled the green space in the central
hole as building pixels. Regarding the upper red box, UNet fails
to perceive the dark gray roof, while DeeplabV3+ produces
incomplete segmentation results. The red box in the bottom row
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Fig. 10. Visualization comparisons of different methods for building extraction on the Inria Aerial Image Labeling Dataset.

encompasses two groups of buildings. While CICF-Net does not
fully extract the small buildings on the right, it presents the most
direct and nonrounded building boundaries. As for the other
group, CICF-Net accurately segments its shape. This leads to a
clear and precise segmentation result.

E. Visualization of Feature Maps

We visualize the feature maps of the four stages of CICF-Net
on the Massachusetts Building Dataset, providing a more intu-
itive depiction of the combination of high- and low-frequency
features. All visualization heatmaps are generated using Grad-
CAM [83], a gradient-based deep network visualization method.
GradCAM can visualize feature maps from any layer, which can
show the differences in features at different stages. The heatmaps
can not only intuitively demonstrate the receptive Þelds captured
by the model but also reßect the differences in high- and low-
frequency features extracted at different stages of the model,
since the receptive Þeld correlates with the frequency charac-
teristics of the feature heatmaps. The colors in the heatmaps
from red to blue represent perception from strong to weak. It
can be observed that the feature maps from the four stages
follow the logic designed in our CICF-Net: progressing from
shallow to deep layers, our method shifts from perceiving small
sharp high-frequency features to broader low-frequency features
(Fig. 11). In the initial two stages, feature extraction primarily
emphasizes local areas with intense changes, capturing sharp
high-frequency information such as lines and edges. However,

it encounters challenges in paying attention to larger buildings
within shallow layers. Typically, CICF-Net becomes more adept
at positioning these large buildings accurately by the third stage,
as demonstrated inside the red boxes in Fig.11. As the depth
increases, the boundaries of the feature maps become smoother
and rounder, with a more global receptive Þeld. At this point,
the low-frequency branch of our method plays a more crucial
role, allowing better attention to low-frequency information
such as overall spatial range and structure. The perceptual areas
and contours of large buildings inside the red boxes become
complete and more distinct.

Removing the base maps of the feature heatmaps and present-
ing their Fourier spectrums, we can intuitively observe the differ-
ences in frequency characteristics of feature extraction across the
stages (Fig.12). We select examples that align with Fig.11 for
demonstration. The bright areas are more dispersed, with many
horizontal and vertical stripes in the Fourier spectrum of feature
maps in shallow stages, reßecting the presence of more sharp
edge features (such as building and street boundaries), which
indicate typical high-frequency features in the spectrum. On the
other hand, the contrast between bright and dark areas becomes
more pronounced in the Fourier spectrum of feature maps in
deep stages. The bright areas are smaller in size, and there are
fewer stripes that are concentrated. These characteristics indicate
typical low-frequency features in the spectrum.

Besides, the heatmaps of other methods have also been shown
for comparison on two typical test images, each featuring a larger
building surrounded by numerous smaller ones (Figs.13and14),
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Fig. 11. Visualization of the feature maps across the four stages of CICF-net on the Massachusetts Building Dataset. The Þrst column demonstrates theoverlay
of prediction results (buildings depicted in white) onto the original image (serving as the base map). The colors in the feature maps from red to blue represent
perception from strong to weak.

which emphasize the advantages of CICF-Net in extracting and
combining high- and low-frequency features.

We select Deeplabv3+ (pure convolutional method), and
Swin Transformer (pure Transformer method) for comparison.
Deeplabv3+ exhibits limited receptive Þelds. Although it grad-
ually focuses on larger buildings, it fails to achieve the expansive
receptive Þeld for this size of images as the other three meth-
ods including Transformers. Swin Transformer presents more
fragmented and irregular features in the focus of shallow layers
compared to CICF-Net, which lacks the Þne positioning of high-
frequency features. It shows some instability and abruptness,
potentially leading to the loss of features that have been attended
to in the shallow layers, possibly associated with its shifted win-
dow operation. The two methods struggle to extract and integrate
both high- and low-frequency features. It can also be seen from
their stage-by-stage Fourier spectrograms that DeeplabV3+
focuses more on high-frequency features at all four stages
compared to CICF-Net, while Swin Transformer extracts more
low-frequency features. The heatmaps and Fourier spectrograms
of CICF-Net conÞrm that the four stages gradually transition
from emphasizing high- to low-frequency information, realizing
the stage-by-stage gradual fusion of high and low-frequency
features, which contributes to accurate building extraction.

IV. DISCUSSION

Our CICF-Net excels in building extraction tasks from high-
spatial resolution remote sensing images as demonstrated by
comparison with existing SOTA methods. By incorporating
key modules such as the iConvFormer Block, the cascaded
fusion strategy, and GCUperNet, we successfully capitalize on
the strengths of high- and low-frequency features at different
depths, as well as achieving efÞcient multilevel spatial interac-
tions among buildings and between buildings and backgrounds.
Consequently, CICF-Net effectively addresses the challenges
of missing-detected small buildings and discontinuous large
buildings. The visualization results on both datasets show ac-
curate and smooth predicted boundaries, thereby conÞrming
the superior performance of our network. The promising results
validate the potential for practical application of our method for
building extraction from high-spatial resolution remote sensing
images.

We have made an initial attempt to explore the combination
of high- and low-frequency branches in the iConvFormer Block,
but we solely use ConvNeXt and sparse ViT as the pairing for the
high- and low-frequency branches. With the rapid development
of deep learning and artiÞcial intelligence, there have been
numerous CNN and Transformer networks, offering countless
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Fig. 12. Fourier spectrum of the feature maps at each stage across the four stages of CICF-net on the Massachusetts Building Dataset. The Þrst column demonstrates
the overlay of prediction results (buildings depicted in white) onto the original image (serving as the base map).

Fig. 13. Visualization of the feature maps and their Fourier spectrograms across the four stages of different methods on the Massachusetts Building Dataset. The
colors in the Þgure from red to blue represent perception from strong to weak.

possible pairs for feature extraction. However, due to limited
computational resources, we have not extensively explored other
combination pairs of high- and low-frequency branches in this
study. In the future, we anticipate that more optimal combination
pairs can be discovered and integrated into our framework,
enabling improved building extraction performance.

Besides, we can further explore the generalization ability of
our model. We have applied the model to our proprietary satellite
dataset. Our dataset is derived from the SuperView-1 satellite,
which fuses panchromatic band with a resolution of 0.5 m and
multispectral bands with a resolution of 2 m. We have applied
CICF-Net trained on the Massachusetts Building Dataset to
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Fig. 14. Visualization of the feature maps and their Fourier spectrograms across the four stages of different methods on the Massachusetts Building Dataset. The
colors in the Þgure from red to blue represent perception from strong to weak.

these unlabeled satellite images, which yields preliminary build-
ing segmentation results. This veriÞes that our model exhibits
a notable degree of generalization, enabling its application in
a wide range of practical scenarios. However, this part of the
experimental results is not currently suitable for inclusion in
this article due to the conÞdentiality of the data. It is possible
to explore the applicability of our model across data of varying
quality or types during the process. Therefore, it could provide
further insights to combine our idea with existing relevant studies
in spectral variability and data noise[84], [85].

V. CONCLUSION

In this study, we propose a novel network CICF-Net for
building extraction from high-spatial resolution remote sensing
images. We focus on the challenges encountered in building
extraction by optimizing both the encoder and decoder parts of
the network. In the encoder, we design the iConvFormer Block
and a cascaded strategy to efÞciently fuse multiscale high- and
low-frequency features. In the decoder part, we propose the
GCUperNet, which can efÞciently extract multilevel spatial in-
teractions. Through the design and integration of these modules,
we have effectively alleviated the issues of omissions of small
buildings and discontinuities in large buildings, enabling precise
and straight segmentation boundaries for building extraction.
Experimental results demonstrate that the proposed method
exhibits outstanding performance, achieving the best result when
compared to other SOTA methods. This solidly proves the
effectiveness and superiority of CICF-Net, which couples high-
and low-frequency features for building extraction.
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