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Abstract: The precise extraction of building footprints using remote sensing technology is increasingly
critical for urban planning and development amid growing urbanization. However, considering the
complexity of building backgrounds, diverse scales, and varied appearances, accurately and efficiently
extracting building footprints from various remote sensing images remains a significant challenge.
In this paper, we propose a novel network architecture called ME-FCN, specifically designed to
perceive and optimize multi-scale features to effectively address the challenge of extracting building
footprints from complex remote sensing images. We introduce a Squeeze-and-Excitation U-Block
(SEUB), which cascades multi-scale semantic information exploration in shallow feature maps and
incorporates channel attention to optimize features. In the network’s deeper layers, we implement
an Adaptive Multi-scale feature Enhancement Block (AMEB), which captures large receptive field
information through concatenated atrous convolutions. Additionally, we develop a novel Dual
Multi-scale Attention (DMSA) mechanism to further enhance the accuracy of cascaded features.
DMSA captures multi-scale semantic features across both channel and spatial dimensions, suppresses
redundant information, and realizes multi-scale feature interaction and fusion, thereby improving
the overall accuracy and efficiency. Comprehensive experiments on three datasets demonstrate that
ME-FCN outperforms mainstream segmentation methods.

Keywords: building extraction; deep learning; multi-scale feature; semantic segmentation

1. Introduction

In urban areas, buildings cover more than 80% of the Earth’s surface and constitute
one of the most critical land cover types. Building information is essential in various
domains, including digital urban planning, smart city development, the detection of illegal
construction, and the monitoring of dynamic urban change [1–4]. Consequently, the
identification and extraction of buildings has remained a central topic in scientific research.

The emergence of large-scale and diverse remote sensing data makes traditional building
extraction methods unable to meet the needs. Methods such as morphology, shape, color, and
texture analysis show limited generalization and accuracy [5–11]. In recent years, Convolu-
tional Neural Networks (CNNs) have shown good results in the semantic segmentation of
remote sensing images due to their strong generalization and self-learning capabilities [12].
Therefore, some scholars have applied semantic segmentation to building extraction tasks
and have achieved good results [13–17]. Thanks to contrastive learning [18,19], emerging
basic models such as SAM [20] and DINO v2 [21] can be trained on large-scale datasets.
Therefore, they show stronger feature extraction and generalization capabilities. However,
training them usually requires a large amount of high-quality data, and the parameters of
these models are much larger than those of CNN-based methods.

Although significant progress has been made in building extraction using deep learning
methods, accurately extracting buildings of complex styles and structures from high-resolution
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remote sensing images remains challenging [22]. Features with large receptive fields lack
detailed information, while local features cannot fully extract buildings. Therefore, most
studies focus on the integration of multi-scale features to improve the generalizability and
accuracy of the network [23–26]. Multi-scale features incorporate both global context and
local details, aiding the network in precise localization and segmentation.

The transformer effectively extracts global context information through the attention
mechanism, enabling the modeling of long-range dependencies [27]. Swin-Unet [28] inte-
grates the Swin Transformer into a U-shaped architecture, achieving self-attention from
local to global contexts in the encoder, which enhances the model’s extraction accuracy.
However, the computational complexity of transformer-based methods grows quadrati-
cally with increasing sequence length. Consequently, some studies [29,30] have proposed
combining CNNs with transformers to improve network performance. TransUNet and
UNetformer combine CNN encoders with transformer decoders to extract multi-scale
features, thus increasing model accuracy [30,31]. However, the accuracy of these models
shows limited generalization ability, and the performance needs to be further optimized.

Pyramid pooling modules are commonly used for multi-scale feature extraction,
providing a larger receptive field [32]. However, excessive downsampling can result in
the loss of local information. Compared with pyramid pooling modules, some studies
introduce atrous convolution to achieve feature extraction on different scales [33,34].
However, the combination of hybrid convolutions causes uneven pixel value utilization
and reduces the accuracy of features. There are also studies [35–37] that achieve multi-
scale feature extraction through cross-layer fusion and greatly improve the accuracy and
flexibility of the network. But does single-scale feature extraction based on the input
features resolution fully mine semantic information? And how to effectively optimize
semantic information?

We designed a powerful Squeeze-and-Excitation U-shaped block (SEUB-N, where
N represents the depth of the module) to extract shallow multi-scale information. SEUB
can extract multi-scale features in stages without reducing the resolution of the feature
map. Additionally, the embedded squeeze-and-excitation (SE) attention modules [38] filter
out redundant information and noise, further purifying the multi-scale features. SEUB
maximizes the mining of semantic information from the input feature map, providing rich
multi-scale information for building extraction. To address the uneven pixel value utilization
caused by the combination of hybrid convolutions, we design an Adaptive Multi-scale feature
Enhancement Block (AMEB). AMEB introduces a novel branch allowing the network to
autonomously assign weights to various receptive field features. This approach reduces
randomness in information utilization and enhances adaptive receptive field selection.

The complex background of remote sensing images presents another significant chal-
lenge for the accurate extraction of building characteristics [39]. Environmental factors
such as shadows and noise can distort the extracted features. This distortion leads to
inaccuracies in the description of buildings and introduces erroneous information during
the subsequent fusion of features [40,41]. Attention mechanisms can capture global in-
formation and integrate data from various hierarchical levels, making it easier to extract
internal features. Li et al. [42] designed a dual-branch attention mechanism network to
capture both spectral and spatial features, achieving refinement and optimization of feature
maps. Xu et al. [43] utilized attention-guided extraction of high-frequency features to
enrich detail. Yu et al. [44] integrated attention gates and feature pyramid attention into
the U-Net structure to suppress irrelevant information, and expand the receptive field of
high-dimensional features. However, the fusion of features at different scales is challenged
by discrepancies in semantic information. Current attention-based methods struggle to
achieve adaptive interaction and fusion of multi-scale features, and research on multi-scale
attention remains limited. To address this issue, this paper proposes a novel multi-scale
attention module, Dual Multi-scale Attention (DMSA). DMSA first aligns encoder features
with upsampled decoding features using convolutions at three different scales, effectively
preventing semantic confusion caused by scale differences. Furthermore, DMSA employs
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channel and spatial attention mechanisms to capture critical features, further optimizing
the feature and avoiding semantic overlap.

In summary, our work makes the following main contributions:
(1) We introduce an innovative ME-FCN for semantic segmentation of buildings.

ME-FCN adopts efficient multi-scale feature extraction and adaptive feature optimiza-
tion, focusing on the scale correlation of buildings, and achieves accurate building foot-
print extraction.

(2) We design two powerful multi-scale feature extraction modules, SEUB and AMEB.
SEUB and AMEB can adaptively extract and optimize multi-scale features, thus enabling
more accurate extraction of building footprints.

(3) We propose a novel attention module named DMSA, which can capture scale
sensitivity in both spatial and channel dimensions and realize the interaction between
multi-scale features. By adaptively optimizing features, the DMSA module effectively fuses
multi-scale features and enhances building representation.

2. Methodology

This study proposes a Multi-scale feature Enhancement Fully Convolutional Network
(ME-FCN) for extracting building footprints from remote sensing images, as illustrated in
Figure 1.

For each image, we first use the encoder to extract multi-scale features at different
resolutions, employing four different-sized Squeeze-and-Excitation U-blocks (SEUBs) and
two Adaptive Multi-scale feature Enhancement Blocks (AMEBs). The network also in-
tegrates Dual Multi-scale Attention (DMSA) between the encoder and decoder, linking
low-level features with high-level semantic information, thereby enhancing the inference
of global contextual details and enabling a more accurate representation of multi-scale
building features. The decoder, consisting of four SEUBs of different sizes and two AMEBs,
generates six building footprint outputs that are then aggregated and processed through
convolution and activation to produce the final result.

Figure 1. Architecture of the proposed ME-FCN method. (Blue represents the encoder and orange
represents the decoder.)
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2.1. The Proposed ME-FCN Framework

The proposed ME-FCN is a novel and efficient framework for building footprint
extraction, demonstrating robust multi-scale feature extraction capabilities that fully exploit
semantic information on different scales. As illustrated in Figure 1, the ME-FCN architecture
consists of an encoder network, a DMSA feature enhancement module, and decoder blocks.
Unlike previous encoders, our encoder network can extract multi-scale features at arbitrary
resolutions and is equipped with different encoding structures (SEUB-N, AMEB) tailored
for input feature maps of varying resolutions, where ‘N’ represents the depth of the module.
The original image is first processed by the encoder, passing through SEUB-7 to generate
the feature map FE

1 . Subsequently, max-pooling operations reduce the resolution of the
feature map by half, and the output is fed into the next encoding structure, producing
multiple multi-scale feature maps FE

i , where i ∈ {1, 2, 3, 4, 5}.
The extracted multi-scale features are then optimized using the DMSA module, where

they undergo adaptive refinement at both channel and pixel levels, enhancing the inter-
action of multi-scale features. This process suppresses redundant information and noise,
resulting in further purification of the features. The optimized features are subsequently
concatenated with the decoded output FD

i , which has been upsampled and is fed into
the i − 1 decoder block via skip connections. Finally, the network generates six predicted
outputs Fpre

i , which are concatenated, convolved, and activated to produce the footprints
of the building.

2.2. Squeeze-and-Excitation U-Shaped Block

In previous studies on multi-scale feature fusion, there has been a tendency to extract
detailed information from shallow-level feature maps and scale-related information from
deep-level feature maps. Typically, features with a larger receptive field are concatenated
with shallow features through upsampling to enhance the receptive field. However, we
question whether extracting single-scale information at the input feature map resolution
fully leverages the semantic information contained within that feature map. Although
U2-Net [45] enhances the model’s multi-scale feature extraction capabilities, the mined
multi-scale information may contain redundant information and noise, further reducing
the network extraction accuracy.

We designed an SEUB module that can simultaneously realize multi-scale feature
extraction and optimization. As depicted in Figure 2, SEUB adopts a simple U-shaped
design, similar to U-Net. Unlike methods that only extract single-scale information at the
input feature map resolution, the SEUB structure captures large receptive field features
in shallow layers, thereby fully leveraging semantic information. The input features first
undergo convolution, batch normalization (BN), and ReLU operations to obtain local
information x1, x2. Subsequently, through operations like downsampling convolution,
different-scale features xi, where i ∈ (3, 4, 5), are obtained.

xi = ReLU(θ(Down(x(i−1)))) (1)

where Down represents downsampling, θ represents convolution and batch normaliza-
tion (BN).

In particular, when obtaining x6, we use atrous convolutions with a stride of 2 to cap-
ture large-scale building features. To fuse multi-scale features, we employ a layer-by-layer
aggregation strategy and improve network stability and noise resistance by incorporating
SE modules into skip connections. The SE module optimizes the noise and redundant
information in the shallow features, making the multi-scale features generated by fusion
purer. The SE module operates in two steps: first, it applies average pooling to capture the
global receptive field of the input feature maps, as illustrated in Equation (2):

z =
1

H × W

H

∑
i=1

W

∑
j=1

Xin(i, j) (2)
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where Xin is the input feature map, H is the height of the feature maps, and W is the width
of the feature map. In this way, we can get the 1-D channel feature z.

In the second step, the SE module employs two fully connected bottleneck struc-
tures to derive channel correlations, which are then mapped to scaling factors using a
sigmoid function.

s = Sigmoid(L2 ReLU(L1 z)) (3)

where L1 is the first fully connected layer, which reduces the input dimension, and L2 is
the second fully connected layer, which completes the operation of dimension recovery,
obtaining the weight s of each feature channel through the sigmoid function. Finally, the
weight s is multiplied by the input feature Xin, as follows:

Xout = Xin × s (4)

After passing through the SE module, the feature map x5 is aggregated with the
feature map x6 of the deep layer. This aggregated feature is then processed through
convolution, batch normalization (BN), and ReLU operations to produce y4. Subsequently,
the aggregated feature yi is combined with the output feature xi of the shallow layer to
generate multi-scale features.

y(i−1) = ReLU(θ(Concat(Up(yi), SE(xi)))) (5)

where Up represents the process of upsampling, SE refers to the SE module, and Concat
denotes channel-wise concatenation.

The SEUB architecture incorporates a residual concept by replacing conventional
single-stream convolutions with a U-shaped structure. It employs a feature representation
of a weight layer instead of the original features:

FSEUB = F1(x) + SEUB(F1(x)) (6)

Figure 2. Overall architecture of the SEUB. SEUB adopts a simple U-shaped structure, with the bottom
layer utilizing atrous convolution to achieve a larger receptive field, while the skip connections
incorporate squeeze-and-excitation attention to enhance network stability.
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As illustrated in Figure 3, the SEUB architecture incorporates a residual concept by
replacing conventional single-stream convolutions with a U-shaped structure. It employs a
feature representation of a weight layer instead of the original features:

FSEUB = F1(x) + seu(F1(x)) (7)

This design allows the network to extract multi-scale features from each residual block.
Unlike multiple expansion convolutions applied to input feature maps at their original
resolution, which demand significant computational and memory resources, our structure
incurs minimal computational costs as most operations are performed on downsampled
feature maps.

Figure 3. Residual structure schematic of SEUB.

2.3. Adaptive Multi-Scale Feature Enhancement Module

In the last two layers of our network, given that the input feature maps to AMEB
have already been downsampled by factors of 16 or 32, we use multi-scale cascaded atrous
convolutions instead of further downsampling. Atrous convolutions are beneficial for
achieving a larger receptive field while maintaining resolution, which is crucial for effective
multi-scale information extraction. However, this approach introduces a challenge: zero-
padding can lead to a checkerboard pattern in the receptive field coverage, especially with
increasing dilation rates, resulting in a loss of semantic information.

To mitigate this challenge, we first use convolution to obtain initial feature maps,
ensuring the preservation of semantic information. Next, we apply a series of atrous
convolutions with varying dilation rates d ∈ {2, 4, 8} to generate feature maps with multiple
receptive fields. Finally, we integrate these feature maps with the initial features.

However, the combination of hybrid convolutions leads to uneven utilization of
feature pixel values, and preset dilation rates result in probabilistic levels of information
utilization. Additionally, the preset dilation rate sometimes leads to excessive interference
with information, thereby reducing the effective utilization of information.

To address this issue, we introduce a large-scale feature extraction module called the
Adaptive Multi-scale feature Enhancement Block (AMEB). AMEB, as shown in Figure 4,
employs a cascading strategy of multi-scale atrous convolutions. The AMEB introduces a
novel branch that enables the network to autonomously assign weights to different recep-
tive field features, thereby reducing randomness in information utilization and enhancing
adaptive field selection. After Global Average Pooling (GAP), the feature map F is pro-
cessed through two fully connected layers and ReLU for adaptation. The Softmax layer
then calculates two scaling factors, λ1 and λ2, which are applied to the multi-scale feature
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maps. Finally, the refined high-level feature map is concatenated with the initial feature
map to produce the output

FAMEB = λ1 · F1 + λ2 · F2 (8)

With AMEB, information utilization is autonomously optimized based on the rela-
tionship between high-level feature maps and initial features. The expansion of receptive
fields avoids introducing confounding information and supports the accurate represen-
tation of large building structures. Additionally, the process of aggregating multi-scale
features ensures that obtaining features with a large receptive field does not compromise
detailed information.

Figure 4. Schematic diagram of the Adaptive Multi-scale feature Enhancement Block. The AMEB con-
sists of atrous convolutions with multiple dilation rates and introduces an auxiliary branch, allowing
high-level feature maps to autonomously select information utilization, reducing the randomness of
feature utilization.

2.4. The Dual Multi-Scale Attention Module

The U-shaped structure decodes features directly fused with encoder output features
through upsampling to create multi-scale features. However, while the resolutions of
decoding and encoding features match, there are inherent scale differences in feature maps
from different scales, which can lead to semantic confusion during direct fusion. To address
this issue, we developed the Dual Multi-scale Attention (DMSA) module, as illustrated in
Figure 5. DMSA first extracts features at three different scales and aligns the two multi-scale
features through spatial and channel dimensions. It then optimizes these features based on
attention mechanisms, effectively mitigating scale differences and enhancing the features
of the region of interest. Specifically, the DMSA module employs a parallel structure to
separately extract multi-scale features at both channel and spatial levels.

In the channel attention component, feature maps are first processed through convolu-
tional layers at three different scales to produce multi-scale feature maps along the channel
dimension. Each branch operates at channel dimensions of (2C, C, C), corresponding to
scale sizes of (1, 3, 5). This approach allows each branch to independently learn multi-scale
spatial information and generate corresponding feature maps:

Fi = Conv2d(k, d)(X) (9)

where k denotes the kernel size of the convolution, and d represents the dilation rate. Multi-
scale features are generated by concatenating feature maps with different kernel sizes and
dilation rates:

Fi = Concat(F0, F1, F2) (10)
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Next, Efficient Channel Attention [46] is applied to generate attention maps for these
feature maps. Channel attention weights are extracted from feature maps, yielding weight
vectors for different scales. These attention weights can be represented as

attch
i = ECA(Fi), i = 0, 1, 2 (11)

We concatenate and fuse the attention weights attch
i to obtain multi-scale channel

attention weights Att:

Att = Concat(attch
0 , attch

1 , attch
2 ) (12)

Finally, we multiply the multi-scale channel attention weights with the multi-scale
feature maps to obtain the feature maps Fch containing channel attention:

Fch = Att ⊙ F (13)

In the spatial attention component, the feature maps Fx and Fg are used as inputs,
where Fx represents the output of the encoder and Fg is the upsampled output of the
decoder. These feature maps undergo convolutional operations at three different scales,
enabling multi-scale spatial position interaction and providing finer pixel-level attention for
multi-level features. The corresponding feature maps Fms

x and Fms
g are obtained by adding

the two feature maps to enhance the regions of interest. Subsequently, the ReLU function is
introduced to increase network sparsity. Following this, convolutional layers compress the
regions of interest into a single channel, and the sigmoid function quantifies these regions,
producing pixel-level attention coefficients:

f add
x = Fms

x + Fms
g (14)

attsp
x = Sigmoid(Conv(ReLU( f add

x ))) (15)

Finally, the feature map Fch, which includes channel attention, is element-wise mul-
tiplied with the spatial attention map to produce a new feature map that incorporates
pixel-level attention weights:

Fdmsa = attsp
x ⊙ Fch (16)

Figure 5. Dual Multi-scale Attention structure. DMSA performs feature alignment at three scales to
alleviate semantic differences and achieve feature interaction and fusion.

3. Experiment
3.1. Datasets

To assess the building extraction performance of ME-FCN, three different datasets
were used in this study: the WHU aerial building dataset [47], the Massachusetts building
dataset [48], and the GF-2 building dataset.

The WHU aerial building dataset exhibits a complex distribution, including buildings
with different materials, sizes, and shapes. The WHU aerial building dataset covers an
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area of approximately 450 km² in Christchurch, New Zealand, and includes approximately
220,000 individual buildings. The ground resolution of the aerial images is 0.3 m. The
images in the dataset were cropped into 512 × 512 pixels image patches. All cropped
images were divided into 4736 training set images, 2416 test set images, and 1088 validation
set images.

The Massachusetts building dataset was introduced by Mnih in 2013. It contains a
total of 151 RGB remote sensing images of the Boston area, with each remote sensing image
having a size of 1500 × 1500 pixels and a spatial resolution of 1 m. The labels consist of two
categories: buildings and nonbuildings. The images were randomly cropped into 512 × 512
for training, testing, and prediction, resulting in 2430 training set images, 72 test set images,
and 180 prediction set images.

The GF-2 building dataset was created by selecting high-resolution satellite images
from the GF-2 satellite for the years 2017, 2019, and 2021, covering the Qingdao city area.
The ground resolution of this self-made dataset is 0.8 m, and the original images were
cropped into 512 × 512 pixels data for training, testing, and prediction. The dataset consists
of 891 training set images, 297 test set images, and 371 prediction set images.

3.2. Implementation Details

ME-FCN was conducted in PyTorch using NVIDIA GeForce RTX 3060Ti. During the
training phase, ME-FCN used the Adam optimizer, the initial learning rate was set to 0.001,
and the epoch was set to 100. To avoid model overfitting, ME-FCN used the early stopping
strategy. Specifically, if the accuracy of the validation set did not improve significantly
within five epochs, we stopped training. Considering the 8GB GPU memory limitation, the
batch size of ME-FCN was set to 4.

3.3. Evaluation Metrics

To evaluate the performance of ME-FCN, five metrics were used to evaluate the
accuracy of building extraction: overall accuracy (OA), recall, Precision, F1 score (F1), and
IoU. These metrics are defined as follows:

OA =
TP + TN

TP + TN + FP + FN
(17)

IoU =
TP

TP + FP + FN
(18)

Precision =
TP

TP + FP
(19)

Recall =
TP

TP + FN
(20)

F1 =
2 × Precision × Recall

Precision + Recall
(21)

OA is the percentage of correctly predicted samples from the total samples. Precision
is the probability of true positive samples among all samples predicted as positive. Recall
represents the probability that a true positive sample is predicted as positive. The F1 score
comprehensively considers the relationship between Precision and recall to simultaneously
maximize and balance them. IoU measures the extent to which target features are captured,
maximizing the overlap between predicted labels and ground truth annotations, and
assessing the model’s accuracy.

3.4. Experiment with the WHU Aerial Building Dataset

To demonstrate the effectiveness of SEUB, AMEB, and DMSA and explore the superior-
ity of ME-FCN, we conducted extensive experiments. Our network was compared with a va-
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riety of methods, including the CNN-based approaches FCN [49], U-Net [36], PSPNet [32],
HRNet [50], MANet [51], UNetformer [31], and CMTFNet [29], which are based on the
fusion of transformer and CNN, and the transformer-based method DC-Swin [52]. FCN
uses the VGG-16 backbone network. HRNet uses HRNet-w18 backbone network. U-
Net, PSPNet, MANet, UNetFormer, CMTFNet, and ME-FCN use the Resnet50 backbone
network. DC-Swin uses the Swin-S backbone network.

Table 1 illustrates the comparative analysis of various semantic segmentation methods,
with our proposed ME-FCN showing a noteworthy lead over its counterparts. U-Net
procures feature maps at multiple scales through a downsampling process and amalga-
mates these into multi-scale feature maps via cascade fusion. This strategy is effective in
preserving both local characteristics and global context, facilitating the accurate delineation
of building structures, and securing a commendable second-place ranking. MANet dis-
tinguishes itself by leveraging multiple efficient attention modules to extract contextual
dependencies, thereby bolstering the semantic comprehension of building footprints, and
achieving an IoU score of 88.80%. The accuracy of CMTFNet is close to that of MANET.
CMTFNet uses an integrated approach of CNNs and transformers for multi-scale feature
extraction, culminating in an IoU score of 88.24%. In contrast, ME-FCN adopts a more
powerful multi-scale strategy, which can fully extract the semantic information of the
input feature map. In addition, in the feature fusion part, the scale difference of seman-
tic information at different scales is taken into account, and DMSA is designed to align
multi-scale features, while retaining key local information, so that our model has excel-
lent anti-interference ability and extraction effect. On the WHU aerial image dataset, our
method outperforms U-Net, PSPNet, HRNet, MANet, CMTFNet, and DC-Swin by 1.44%,
9%, 2.85%, 1.81%, 2.37%, and 4.29%, respectively. We also tested the foundation-model
method SAM-RSIS [53] on the WHU aerial building dataset; however, it only achieved an
IoU of 77.40%. This is because SAM-RSIS is designed for instance segmentation tasks and
has disadvantages in pixel-level evaluation indicators. Given that the parameter number of
the SAM backbone network is significantly higher than that of other comparative methods,
we believe this comparison is not entirely fair. Consequently, we only evaluated SAM-RSIS
on the WHU aerial building dataset. We used FPS to measure models’ inference speed,
indicating how many images can be processed per second. Generally, a higher FPS means
that the model can make inferences faster. Compared with CMTFNet based on the CNN-
Transformer method, ME-FCN has significantly better inference speed than CMTFNet.
Although UNetFormer maintains a fast inference speed, the extraction accuracy is very low.
DC-Swin uses a lightweight backbone network, and the model inference speed is better
than ME-FCN, but the extraction accuracy is much lower than ME-FCN.

Table 1. Quantitative comparison of various methods on the WHU aerial building dataset.

Method Precision (%) Recall (%) OA (%) F1 (%) IoU (%) FPS

FCN 69.50 87.23 95.12 77.36 63.08 12.11
U-Net 93.32 92.34 98.21 92.83 89.17 14.21

PSPNet 90.53 89.23 98.08 89.88 81.61 18.71
HRNet 93.72 93.24 98.76 93.48 87.76 18.86
MANet 93.97 94.17 98.87 94.07 88.80 41.66

UNetFormer 89.75 87.42 97.84 88.57 79.48 89.13
CMTFNet 95.07 92.48 98.82 93.75 88.24 8.34
DC-Swin 93.62 91.71 98.61 92.66 86.32 17.54

SAM-RSIS 96.27 79.79 97.45 87.26 77.40 -
ME-FCN 95.55 94.61 99.06 95.07 90.61 14.27
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Figure 6 presents a visual comparison of our proposed ME-FCN against other state-of-
the-art methods, qualitatively underscoring ME-FCN’s superior performance. Rows 3 and
4 distinctly showcase ME-FCN’s prowess in capturing large buildings, where it markedly
surpasses its counterparts. The depiction of large buildings is more holistic, and the clarity
of the overall output is enhanced. This achievement is credited to our multi-scale extraction
module, which extends the model’s capacity to encompass larger receptive fields. Despite
MANet and CMTFNet achieving multi-scale information extraction based on attention
mechanism, the absence of robust supervision in their fused multi-scale information intro-
duces uncertainty, leading to incomplete building extraction. Row 2 exemplifies ME-FCN’s
proficiency in extracting small buildings with precision, accurately delineating building
edges. In contrast to U-Net’s straightforward multi-scale fusion, ME-FCN’s DMSA module
substantially mitigates interference in shallow features. This refinement of shallow fea-
tures yields more precise boundary and positional information, aligning building contours
more closely with the actual ground truth. Rows 1 and 3 highlight ME-FCN’s capacity to
discern non-building objects within complex backgrounds. While methods such as FCN,
MANET, PSPNet, HRNet, UNetformer, DC-Swin, and CMTFNet exhibit varying degrees
of false positives, ME-FCN’s comprehensive feature capture and subsequent optimization
significantly bolster the network’s recognition capabilities, effectively circumventing false
detections.

Figure 6. The set of predicted results obtained from different algorithms on the WHU aerial dataset
(blue indicates the number of false negatives, red represents the number of false positives, white
indicates the correct identification of positive samples, and black shows the correct identification of
negative samples).

3.5. Experiment with the Massachusetts Building Dataset

The Massachusetts building dataset, characterized by lower resolution and predomi-
nantly small, densely distributed buildings, presents challenges in segmenting the shapes
of these small structures. The dataset also features similar foreground and background
textures and colors, along with shadow occlusions that hinder the completeness of large
building extraction. Compared to other methods, ME-FCN excels in optimizing building
extraction while preserving the original shapes to the greatest extent, demonstrating strong
applicability to both large and small buildings.

Table 2 quantitatively demonstrates the outstanding performance of ME-FCN across
various metrics. The significant improvement in IoU by 3.67% compared to the second-best
method, even in complex environments with small buildings, highlights the method’s
excellent generalization capability.
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Table 2. Quantitative comparison of various methods on the Massachusetts building dataset.

Method Precision (%) Recall (%) OA (%) F1 (%) IoU (%)

FCN 67.30 51.75 86.19 58.51 41.35
U-Net 85.21 78.18 93.34 81.54 68.84

PSPNet 67.26 70.31 87.97 68.75 52.38
HRNet 79.70 76.91 91.97 78.28 64.31
MANet 84.74 77.73 93.17 81.08 68.18

UNetFormer 82.41 59.73 90.02 69.26 52.97
CMTFNet 83.50 78.17 92.98 80.75 67.71
DC-Swin 79.97 69.37 90.97 74.29 59.10
ME-FCN 87.09 81.25 94.20 84.07 72.51

Figure 7 showcases the remarkable extraction capability of ME-FCN in challenging
environments affected by factors such as shadows. Firstly, when extracting small buildings
from low-resolution images, as demonstrated in rows 1 and 3, ME-FCN effectively rec-
ognizes and accurately reconstructs the shapes of these structures. Secondly, in scenarios
where large buildings suffer from incomplete extraction due to shadow occlusions, as illus-
trated in rows 2, 4, and 5, ME-FCN successfully restores the original shapes to a high degree.
Compared to other methods, the buildings extracted by ME-FCN are more complete and
exhibit clearer boundaries. While SEUB and AMEB utilize large kernel convolutions to
capture features with extensive receptive fields, the incorporation of the DMSA module in
ME-FCN better preserves locally relevant information and filters out redundant features,
enabling the accurate restoration of buildings of varying sizes during the decoding process.

Figure 7. The set of predicted results obtained from different algorithms on the Massachusetts dataset
(blue indicates the number of false negatives, red represents the number of false positives, white
indicates the correct identification of positive samples, and black shows the correct identification of
negative samples).

3.6. Experiment with the GF-2 Building Dataset

To validate the versatility of our method, we used GF-2 satellite imagery for building
extraction. There are several differences compared to the two building datasets mentioned
earlier. These differences include a greater variety of building roof colors and increased
image noise.
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As shown in Table 3, on the GF-2 building dataset, ME-FCN outperforms all other
methods, further validating its ability to ensure the completeness of building extraction
even in the presence of noise and various complex roof materials. CMTFNet achieves
feature optimization by integrating CNN and attention, which increases the stability and
noise resistance of the network. HRNet and U-Net struggle to adequately manage noise in
shallow features, resulting in error-prone fused features that produce high recall but low
IoU. In contrast, ME-FCN accounts for the impact of noise during feature fusion, with the
SE attention mechanism in the SEUB module effectively suppressing noisy elements. Fur-
thermore, our proposed DMSA module enhances the effectiveness of features at different
scales by removing redundant information through both channel and spatial dimensions,
thereby improving the network’s resistance to noise. As a result, ME-FCN achieves an
IoU of 88.78% on the GF-2 dataset, which is 0.68% higher than the second-best method.
DC-Swin achieves an IoU of 85.67 with the transformer architecture, which is lower than
the ME-FCN.

Table 3. Quantitative comparison of various methods on the GF-2 building dataset.

Method Precision (%) Recall (%) OA (%) F1 (%) IoU (%)

FCN 69.06 61.94 88.31 65.31 48.49
U-Net 91.96 91.20 97.02 91.58 84.46

PSPNet 86.97 87.04 95.39 87.00 77.00
HRNet 89.40 89.32 96.23 89.36 80.77
MANet 92.36 89.40 96.81 90.86 83.25

UNetFormer 91.79 72.14 94.47 80.79 67.77
CMTFNet 94.00 93.36 97.76 93.68 88.10
DC-Swin 94.84 89.86 97.33 92.28 85.67
ME-FCN 94.65 93.47 97.90 94.06 88.78

To test the stability of the model, we conducted three experiments on the GF-2 building
dataset. As shown in Table 4, ME-FCN maintains stable extraction accuracy in the three
experiments, with an IoU of 88.78%, 89.01%, and 88.69% respectively, and a standard
deviation of 0.134%.

Table 4. The quantitative results obtained from repeated experiments on the GF-2 building dataset.

Precision (%) Recall (%) OA (%) F1 (%) IoU (%)

1 94.65 93.47 97.90 94.06 88.78
2 94.71 93.55 97.99 94.12 89.01
3 94.65 93.21 97.67 93.92 88.69

Figure 8 displays the extraction results of ME-FCN on the GF-2 building dataset.
In scenarios where the edges of large buildings are affected by shadow occlusions, as
shown in rows 1 and 4, ME-FCN effectively distinguishes shadows from building edges,
preserving the regularity of building boundaries. The extracted building boundaries are
nearly comparable to manual extractions. In situations where noise might cause false
positives, such as in rows 1, 2, and 3, ME-FCN demonstrates minimal false positives overall.
The SEUB and DMSA modules exhibit strong noise resistance, enabling our network to
effectively disregard the impact of noise. Regarding the challenge of edge loss for small
buildings, as illustrated in rows 1 and 2, the AMEB module facilitates the extraction of
large receptive field features while preserving local features, ensuring that the edges of
small buildings are well maintained.
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Figure 8. The set of predicted results obtained from different algorithms on the GF-2 building dataset
(blue indicates the number of false positives, red represents the number of false negatives, white
indicates the correct identification of positive samples, and black shows the correct identification of
negative samples).

3.7. Ablation Experiment

We conducted ablation experiments on the WHU aerial building dataset to evaluate
the contributions of different modules within the network.

We evaluated the effectiveness of the proposed module, with the quantitative results
presented in Table 5. Using U-Net as the baseline, the incorporation of the SEUB module in
the network model results in improvements in all metrics, notably enhancing IoU by 0.76%.
This indicates that extracting single-scale semantic information from the input feature map
resolution does not fully exploit the relevant semantic information. The SEUB module
enables multi-scale feature extraction on the input resolution feature map. The embedded
SE module within SEUB strengthens pertinent semantic information while suppressing
redundant features and noise, ensuring the purity of the extracted semantic features. SEUB
facilitates the extraction of multi-scale semantic information, providing richer multi-scale
data for subsequent feature fusion, thereby reducing the information disparities between
different decoding features. In the first row of Figure 9d, the SEUB module enables the
complete extraction of the building. The SEUB module significantly enhances the model’s
multi-scale feature extraction capabilities, providing richer scale semantic information. In
the second row, compared to the false detection observed in the baseline network, the
SEUB module effectively considers multiple scale features, greatly improving the model’s
accuracy in recognition and extraction.

Furthermore, we evaluated the DMSA module, which led to further improvements in
model accuracy, with IoU reaching 90.36%. DMSA is integrated into the skip connection
part of the network, connecting the encoder and decoder. Given the potential semantic
differences between the decoder features obtained by upsampling and the encoding fea-
tures, DMSA first extracts features at three different scales in both spatial and channel
dimensions, facilitating the interaction of features across scales. It then assigns weight
parameters to the encoding features to further optimize them. DMSA mitigates semantic
differences between encoding and decoding features at various scales. Compared to direct
concatenation, DMSA more finely and accurately detects in the region of interest, reducing
the risk of false or missed detections caused by semantic discrepancies across scales. As
shown in Figure 9e, after adding the DMSA module, the false detection phenomenon of
the model is significantly improved. DMSA enables the model to focus on the region of
interest and ignore redundant semantic features.

Lastly, we evaluated the effectiveness of the AMEB module. Given the importance of
receptive fields in understanding building size, we designed cascaded dilated convolutions
to extract semantic information from large receptive fields. As shown in Table 5, the addition
of the AMEB module further improves the accuracy of the model, with the IoU reaching 90.
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66%. This shows that AMEB improves the ability of the model to understand and extract
features from large buildings. However, overemphasizing large receptive fields can result
in the loss of detailed information. To address this, we incorporated an auxiliary branch
that improves the network to learn and determine when large receptive field information
is necessary. AMEB achieves a balance between obtaining large receptive fields and
preserving local information, which is crucial for the model’s generalization capabilities.

Table 5. Ablation experiments of different modules on the WHU aerial building dataset.

SEUB DMSA AMEB Precision (%) Recall (%) F1 (%) IoU (%)

93.32 92.34 92.83 89.17
✓ 93.57 94.72 94.14 89.93
✓ ✓ 95.31 94.56 94.94 90.36
✓ ✓ ✓ 95.54 94.60 95.07 90.66

We conducted a comparative analysis of mainstream attention modules by replacing
the DMSA in the skip connection with the Efficent Channel Attention (ECA) and Attention
Gates (AGs) modules. Table 6 presents the quantitative results of this comparison. The
accuracies of ECA and AGs are similar, but DMSA significantly outperforms both, with an
IoU increase of 0.44% and 0.45%, respectively. Although ECA achieves adaptive feature
optimization from the channel dimension, it does not account for the relationships between
features at different scales. While AGs address semantic differences across scales, their
feature optimization through two branches does not fully enable semantic interaction
between features, limiting model accuracy. DMSA, on the other hand, aligns encoding
and decoding features through three-scale feature extraction, ensuring accurate feature
interaction. It further optimizes features across two dimensions, leading to more precise
building information extraction.

Table 6. Quantitative comparison experiment of different attention modules.

Attention Module Precision (%) Recall (%) F1 (%) IoU (%)

ECA 95.37 94.36 94.86 90.22
AGs 94.96 94.75 94.85 90.21

DMSA 95.54 94.60 95.07 90.66

Figure 9. Ablation experiment results with different module combinations. (a) Image, (b) ground
truth, (c) baseline, (d) Baseline + SEUB (e) baseline + SEUB + DMSA, and (f) baseline + SEUB + DMSA
+ AMEB.

4. Conclusions

This paper proposes a powerful building extraction network, ME-FCN. ME-FCN
retains the overall architecture of the encoder–decoder. In the feature extraction part, two
novel multi-scale feature extraction modules were designed: Squeeze-and-Excitation U-
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Block (SEUB) and Adaptive Multi-scale feature Enhancement Block (AMEB). SEUB uses a
simple U-shaped structure to achieve multi-scale feature extraction, which greatly improves
the upper limit of the network’s information acquisition. It has an embedded SE attention
module to screen and filter noise and redundant information. AMEB focuses on deep multi-
scale feature extraction. Considering the information loss caused by downsampling, AMEB
uses cascaded atrous convolutions to achieve larger receptive field feature acquisition to
ensure complete extraction of building contours. Additionally, AMEB introduces a novel
branch that enables the network to autonomously assign weights to different receptive
field features, thereby reducing randomness in information utilization and enhancing
adaptive field selection. ME-FCN introduces a Dual Multi-scale Attention (DMSA) module
in skip connections. DMSA realizes multi-scale feature interaction and fusion, improves
the accuracy of multi-scale building feature representation, and greatly reduces the mis-
classification of similar features. In three building datasets, the extraction accuracy of
ME-FCN is better than other mainstream semantic segmentation methods, which shows the
excellent generalizability of ME-FCN. In addition, we verified the effectiveness of the SEUB
and AMEB components proposed in this paper in multi-scale feature extraction through
ablation experiments, and DMSA was also better than the mainstream attention module.
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