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A B S T R A C T

In today's era, increasing access to very high-resolution remote sensing images (VHR-RSIs) has
enhanced building detection and change assessment capabilities. These applications provide ac-
curate urban mapping, facilitate effective land management, and support disaster assessment by
delivering detailed insights into building structures and their temporal changes. This study uses a
two-stage process to present a pioneering approach for generating precise building maps (BMs)
and subsequent building change maps (BCMs) from VHR-RSIs. The primary question addressed
by the research is how to enhance the U-Net architecture to improve its sensitivity to both high-
level semantic features (HLSF) and low-level spatial features (LLSF) in the building detection
task. For this purpose, in the initial stage of the method, a novel deep learning model called dual
attention residual-based U-Net (DAttResU-Net) is introduced. This model incorporates two signif-
icant modifications to the conventional U-Net, enhancing its capacity to yield bi-temporal BMs.
Firstly, each standard convolutional block (CB) is replaced with an optimized CB incorporating a
channel-spatial attention module attuned to the building objects' crucial HLSF. Secondly, an addi-
tional attention module is integrated into the encoder-decoder path of the model, heightening the
sensitivity of U-Net to vital LLSF of buildings while disregarding extraneous background spatial
information during the fusion of HLSF and LLSF. In the subsequent stage, the bi-temporal BMs
generated by the DAttResU-Net are subjected to a box-based class-object change detection
methodology to produce accurate BCMs. The effectiveness of the proposed architecture is rigor-
ously evaluated against state-of-the-art models in both BM and BCM generation contexts, utiliz-
ing the well-established WHU dataset for experimentation. The experimental results indicated
that the DAttResU-Net model, boasting an average of PFN/ PFP value of 2.33/1.34 (%) surpasses
the performance of the state-of-the-art models in generating bi-temporal BMs. Furthermore, the
building change detection outcomes demonstrated the proficient role of the bi-temporal BMs pre-
dicted by the proposed model in leading to the most optimal BCMs, exhibiting average PFN/ PFP
value of 2.63/8.93 (%), outperforming comparative networks. Finally, we concluded that the
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proposed DAttResU-Net architecture is a highly promising and applicable model for producing
reliable BMs and BCMs.

1. Introduction
The rapid pace of urbanization brings many challenges globally, including accelerating the construction of buildings in regions

where populations move rapidly (due to nomadic displacement or migration) (The World Bank, 2023). Hence, automatically creating
building maps (BMs) and building change maps (BCMs) is necessary to demonstrate local environmental improvement, land manage-
ment, disaster assessment, and other geospatial applications (Manno-Kovacs and Sziranyi, 2015; Feng et al., 2020). In this regard, re-
mote sensing images (RSIs) have been broadly used to reduce the necessity for costly field survey operations and speed up the genera-
tion of BMs and BCMs. Particularly, very high-resolution RSIs (VHR-RSIs) contain detailed information about terrestrial phenomena
and have been widely used in BM generation studies (Farnood Ahmadi et al., 2024), coupled with either traditional or modern image
processing methods.

The traditional methods usually employ low-level building features like color, geometrical, and contextual features. In this con-
text, many algorithms have been previously developed based on pixel (Sirmaçek and Ünsalan, 2008; Fuentes Reyes et al., 2023), spec-
trum (Zhang 1999; Sheng-Hua et al., 2008), length, edge (Yong and Huayi, 2007; Ferraioli, 2010; Pirasteh et al., 2019), texture
(Awrangjeb et al., 2013; Li et al., 2021a,b), and shadow (Zhu et al., 2021) information. For example, Farhadi et al. (2023) developed
an unsupervised method for extracting buildings using Sentinel-1&2 satellite imagery and SRTM DEM data. They introduced a novel
radar index (NRI) for primary building extraction and combined it with spectral indices to enhance accuracy. However, these low-
level features are highly affected by seasonal illumination and radiometric changes, reducing their capability in building detection (Ji
and Wei, 2019; Chen et al., 2023). Therefore, traditional methods require a high level of feature engineering where the appropriate
features should be manually designed based on the imaging and atmospheric conditions of the target area. Moreover, these algo-
rithms are less generalizable, and their accuracy also depends more on the expert's expertise. In addition, the complexity of building
objects and their similarity to the non-building classes may lead to many challenges in traditional methods.

Recent advances in computer hardware, algorithmic developments, computational capabilities, and access to big data have en-
abled deep learning (DL) approaches, particularly convolutional neural networks (CNNs), to address the challenges related to tradi-
tional approaches (Uzar et al., 2021; Kaya et al., 2023; Moghimi et al., 2024). Indeed, these techniques have great potential to auto-
matically extract complicated features from spectral-spatial-temporal data (Khankeshizadeh et al., 2022, 2024) and have recently
been proven efficient in building detection from VHR-RSIs. Notably, fully CNNs (FCNNs) have recently optimized CNNs by replacing
fully connected layers with CLs layers throughout the entire network. Especially, newly developed Encoder-Decoder FCNN-based net-
works like SegNet (Badrinarayanan et al., 2017), DeconvNet (Noh et al., 2015), and U-Net (Ronneberger et al., 2015) models have at-
tained exceptional outcomes in the BM generation field (Chen and Lu, 2019; Ivanovsky et al., 2019; Naanjam and Farnood Ahmadi,
2024). Of these, U-Net-based architectures have been broadly used to detect buildings due to their fast, precise response, rapid train-
ing phase, and inexpensive hardware requirements (Ronneberger et al., 2015). Hence, several studies have employed U-Net variants
for building detection, leveraging its ability to handle complex and high-resolution satellite imagery. For instance, Alsabhan et al.
(2022) used the U-Net model for automatic building detection from VHR satellite images. They found that U-Net, especially with a
VGGNet backbone, achieved high accuracy (84.9%) even with limited training data, outperforming existing models for similar tasks.
Xu et al. (2018) and Wang and Miao (2022) combined ResNet residual block with U-Net to advance the model in building extraction
by avoiding the gradient vanishing issue in the learning stage. Kang et al. (2019) also proposed the EU-Net model, which can use a
dense spatial pyramid integration to achieve better detailed building information at different scales.

In previous studies, various attention modules inspired by the human visual system, due to carefully subjecting specific details un-
der scrutiny, have extensively been added to the typical U-Net model at two different structural levels of the model. At the first level,
spatial, channel, or channel-spatial attention modules replaced the simple CLs of U-Net to intensify their attention and sensitivity to
building features (Pan et al., 2019; Li et al., 2021a; Xu et al., 2021). At the second level, another attention module was added to the
model's encoder-decoder (skip connection) path to emphasize critical spatial information while minimizing irrelevant background
objects (Guo et al., 2020; Li et al., 2021b; Yu et al., 2022). Lei et al. (2024) introduced the double hybrid attention U-Net (DHAU-Net)
to improve building detection in VHR remote sensing images. Using dual-parallel hybrid attention modules in their proposed DHAU-
Net model enhances feature extraction while reducing interference.

Although the recently presented attention-coupled U-Net models provided satisfactory performance in the building detection do-
main, some substantial limitations still remain, which need to be well tackled. For instance, the existing BM generation studies solely
use a single attention module at either the first or second level of the model. In detail, on the one hand, the use of an attention mecha-
nism only sensitive to building high-level semantic features (HLSF) allows the irrelevant low-level spatial features (LLSF) to flow with
no restrictions in the encoder-decoder path of the model and be aggregated with HLSF, which can probably degrade sensitivity to the
building features. Furthermore, the existence of many CLs after adding the attention mechanisms to the U-Net model itself disrupts
the gradient descent process, resulting in the gradient vanishing problem. On the other hand, solely relying on an LLSF-sensitive at-
tention mechanism ignores the critical attention to the building HLSF when applying the CLs. Hence, employing attention modules at
either the first or second levels neglects the potential benefits offered by both LLSF and HLSF. The risk of generating subtle differences
between buildings and non-buildings arises by amalgamating these two sources of building information. In some cases, this approach
could lead to the partial or complete omission of buildings within the BMs. This omission underscores the significance of a compre-
hensive approach encompassing the integration of LLSF and HLSF to ensure accurate and robust building detection and representa-



Remote Sensing Applications: Society and Environment 36 (2024) 101336

3

E. Khankeshizadeh et al.

tion within the models. This strategy prevents the potential loss of vital building data and contributes to more precise and reliable
building representations in the BMs.

To cope with the limitations of the attention-based U-Net models and to intensify their sensitivity to building LLSF and HLSF, a
novel DL architecture, named dual attention residual-based U-Net (DAttResU-Net), was proposed in this study. The proposed DAt-
tResU-Net first leveraged the potential of the synergic addition of residual blocks and attention mechanisms to the U-Net network to
produce bi-temporal BMs. These bi-temporal maps were then compared through a box-based approach to reach a BCM. In summary,
the main contributions of this paper are as follows.
1) To amplify the U-Net's concentration on satisfactory building HLSF, a new proposed channel-spatial attention residual

convolutional block (csAttResConvB) replaced simple CLs in U-Net. Moreover, an attention module named attention gate
(AttG) was incorporated into the encoder-decoder path of U-Net in order to increase the sensitivity to significant LLSF.

2) The proposed DAttResU-Net, due to exploiting the two powerful csAttResConvB and AttG modules, is the first U-Net-based
model integrating beneficial both LLSF and HLSF while minimizing the negative impact of non-building information.

3) The current study is the first attempt to explore if the dependable bi-temporal BMs predicted by DAttResU-Net are applicable for
detecting building changes.
The rest of the paper is structured as follows: Section 2 details the proposed DL-based DAttResU-Net used to generate BMs and the

straightforward box-based comparison manner employed to reach the BCM. Section 3 describes the specifications of the datasets used
to conduct the experiments. The numerical accuracy metrics for evaluating the results attained in this research are also mentioned in
Section 4. Then, the analysis and discussion of the quantitative and qualitative outcomes for both building identification and building
change detection are presented in Section 5. Finally, we conclude the key findings derived from this research in Section 6.

2. Methodology
The framework of the proposed method for BM and BCM generation is composed of two main steps, as illustrated in Fig. 1 (a). The

input bi-temporal VHR images are segmented into binary BMs using a proposed attention-based U-Net building extraction network in
the first step. In the second step, any polygon in each BM is bound with a bounding box, and the small noisy non-building boxes
caused by imperfect building extraction are filtered. Finally, corresponding building boxes in the bi-temporal BMs are compared to at-
tain a BCM.

Mathematically, we considered bi-temporal geometrically corrected VHR-RSIs, X t1 = {xt1 (i, j, k) ∣1 ≤ i ≤ r, 1 ≤ j ≤ c, 1 ≤ k ≤ b }
and X t2 = {xt2 (i, j, k) ∣1 ≤ i ≤ r, 1 ≤ j ≤ c, 1 ≤ k ≤ b}, with dimensions of r×c×b. They were collected over identical geographical re-
gions at two different times, t1 and t2, respectively.

In the proposed method, two primary goals are pursued: (1) using the DAttResU-Net model to generate optimal bi-temporal BMs,
BM t1 = {bmt1 (i, j) ∣1 ≤ i ≤ r, 1 ≤ j ≤ c} and BM t2 = {bmt2 (i, j, k) ∣1 ≤ i ≤ r, 1 ≤ j ≤ c}; bmt1/2 (i, j) ϵ {0, 1} (i.e., ‘no-building = 0’ and
‘building = 1’), (2) creating a reliable binary BCM CM = {cm (i, j) ∣1 ≤ i ≤ r, 1 ≤ j ≤ c}; cm(i,j)ϵ{0,1,2} (i.e., 'negative change = 0′, 'no
change = 1′ and 'positive change = 2′) by correspondingly comparing the building boxes previously extracted in the BMt1 and BMt2.

2.1. BM generation using the proposed DAttResU-Net (step 1)
2.1.1. DAttResU-Net architecture

A general overview of the proposed DAttResU-Net architecture is shown in Fig. 1 (b). In this study, DAttResU-Net was designed af-
ter making two major improvements to the structure of the ordinary U-Net model. As the first improvement, a channel-spatial atten-
tion module alongside a residual unit replaces the simple CLs in the original U-Net structure's encoding and decoding parts. In this
way, the network's attention and sensitivity to sparse buildings are intensified. As the second improvement, AttG is added to the skip-
connection path of the original U-Net structure to balance the aggregation of the same-scale LLSF and HLSF maps. Consequently, this
module suppresses irrelevant and unreliable non-building information. Each improvement made to the typical U-Net model is de-
tailed in the following.

2.1.1.1. Channel-spatial attention residual convolutional block (csAttResConvB) architecture. In the original U-Net architecture, CLs re-
sponsible for multi-level feature extraction have a limited receptive field and cannot model complex correlations between buildings
and non-building objects such as soils and roads. Thus, in order to effectively highlight the target building features, inspired by
(Woo et al., 2018), a csAttResConvB including the channel attention module (cAM), spatial attention module (sAM), and the resid-
ual unit was designed according to Fig. 2 (a) and replaced simple CLs in U-Net.

As shown in Fig. 2 (a), suppose x ∈ ℝH×W×C is an arbitrary input to the convolutional block (CB), FN ∈ ℝH×W×N are the feature
maps extracted by CB, Mc ∈ ℝ1×1×N is a 1D channel attention map, and Ms ∈ ℝ1×H×W is a 2D spatial attention map. The values H,W,
and N also respectively denote the number of rows, columns, and the number of channels or CB filters in a layer of interest. The over-
all process of csAttResConvB can be summarized as follows:
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Fig. 1. (a) The workflow of the DAttResU-Net-based building detection and the box-based comparison change detection method; (b) The architecture of dual attention
residual-based U-Net (DAttResU-Net).

FN
=


x × g1 + d + b + r

2
,

FN′

= Mc


FN


⊗ FN

,

FN′′

= Ms


FN′


⊗ FN′

,

x′ =

x × g2 + b + r


+ FN′′

.

(1)

where, g1 and g2 are the convolutional kernels with different dimensions. Moreover, d, b, and r respectively signify the dropout
(Drop), batch normalization (BN), and the rectified linear unit (ReLU) activation function layers. It is worth noting that, drop layer as
a regularization technique is used to prevent overfitting by randomly deactivating neurons during training phase, promoting model
generalization. In this study, a drop layer with a rate of 0.5 was applied. Also, × and ⊗ represent the convolution and element-wise
multiplication operators, respectively. Furthermore, FN′ and FN″ are the channel-enhanced and channel- and spatial-enhanced feature
maps. Lastly, x′ as the final output of csAttResConB is achieved after the features extracted using channel and spatial attention mecha-
nisms are refined and combined with the input by a residual block. The proposed csAttResConvB structure is demonstrated in detail in
the following steps.

(a) Channel attention module (cAM)
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Fig. 2. (a) Diagram of the channel-spatial attention residual convolutional block (csAttResConvB); (b) The architecture of the attention gate (AttG) module.

After the initial feature maps (FN) were extracted by the CB, the cAM process was here conducted to estimate some coefficients,
called channel attention coefficient (Mc

(
F

N
))

, which determine how important initial maps are individually in terms of compris-
ing beneficial building information (e.g., edge, texture, geometric, and shape). As seen in Fig. 2 (a), to reach the Mc(FN) in the
cAM procedure, the pooling operations, including average-pooling and max-pooling were first used as information aggregators to
specify the key information in each channel of the FN and respectively generate FavgN ∈ R1×1×N and FmaxN ∈ R1×1×N according to Eq.
(2):

FN
max

= Max ( Fn (i, j))

FN
avg

=
1

H × W

H∑

i=1

W∑

j=1

Fn (i, j)

1 < n < N, 1 < i < H, 1 < j < W

(2)

where, Max(.) is the 'Maximum' operator and Fn(i,j) also indicates the pixel value at a position of interest (i,j) in the n th feature map.
Secondly, the previously produced FavgN and FavgN were forwarded to a share-weighted multi-layer perceptron (MLP) network with two
fully connected layers to refine the descriptors. A reduction ratio of 16 was selected for the shared MLP. This choice ensured that the
CBAM implementation could efficiently enhance features at the channel level while keeping the number of parameters and computa-
tional demands within a manageable range.

The descriptors were then combined with the channel-wise summation operator to produce a new single descriptor (i.e., coeffi-
cient map), and the sigmoid activation function was used to rescale the values of the output coefficient map between 0 and 1 and
reach the final coefficient map (Mc(FN)). Briefly, the cAM is computed as follows:

Mc


FN


= 𝜎


W1


W0


FN

max


+ W1


W0


FN

avg


(3)
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where, σ denotes the sigmoid function and W0 and W1 represent the shared-weights of the fully connected network. Finally, Mc(FN)
were applied to the FN by the ⊗ operator to highlight the valuable building feature maps and suppress useless ones.

(b) Spatial attention module (sAM)
After the feature maps were independently recalibrated, the sAM process was performed to estimate a number of coefficients

called spatial attention coefficients (Ms(FN′)), which was adopted to find some spatial positions of the FN′ that contain important active
building information. To do so, both average and maximum pooling operations were used here to determine the spatial importance
level of the feature maps. However, the maximization or averaging calculations in this module were carried out at a spatial position of
interest (i,j) along the depth of FN′ (C) to achieve Fmaxs ∈ RH×W×1 and Favgs ∈ RH×W×1 according to Eq. (4).

Fs
max

(i, j) = Max
(

Fn′ (i, j)
)

Fs
avg

(i, j) =
1

N′

H∑

i=1

W∑

j=1

Fn′ (i, j)

s = 1, 1 < n′ < N′
, 1 < i < H, 1 < j < W

(4)

where, Fn′(i,j) indicates the pixel value at the specified position (i,j) in the n′ th FN′.
Next, according to Fig. 2 (a) and Eq. (5), to produce an optimal descriptor, the two previously obtained single-channel descriptors

(i.e., Fmax
s and Favgs ) were stacked, and a 1 × 1 CL was then applied to the stack to determine the spatial importance level of the fea-

tures based on neighboring locations and also to generate a single descriptor from the Fmax
s and Favgs . Using a 1 × 1 convolution oper-

ation greatly lowers computational complexity compared to a 7 × 7 operation (as used in (Woo et al., 2018)) while maintaining the
effectiveness of the attention mechanism. The output was next rescaled between 0 and 1 using the sigmoid activation function. Ulti-
mately, the estimated Ms(FN′) were multiplicated to the FN′ by the ⊗ operator to accentuate the critical spatial feature locations in fea-
ture maps and weaken ineffective ones.

Ms

(
FN ′

)
= 𝜎

(
f

[
Fs

max
;Fs

avg

])
(5)

where, the stacking procedure is signified with [(.); (.)] and f [.] is also the convolution operator.
(c) Residual block
While the cAM and sAM modules offer benefits in enhancing sensitivity to building features both spatially and in terms of chan-

nels, their incorporation into the first level of the standard U-Net architecture presents two noteworthy challenges in BM generation.
The first issue is that the gradient vanishing problem arises due to the remarkable increment of CLs after adding the two aforemen-
tioned modules. In other words, the gradient values in the gradient descent process gradually damp during the backpropagation
phase so that they reach almost zero. As a result, the network learning is not completely carried out. Moreover, the abundance of CLs
introduces a second challenge: the potential loss of intricate building features, leading to the inadvertent propagation of inaccurate
building information across the network during the training process. To cope with the two aforementioned challenges, the residual
block as another part of the csAttResConvB was embedded after both cAM and sAM, as shown in Fig. 2 (a). This modification creates
another independent gradient estimation path to the initial layers in order for the backpropagation stage to be fully completed. Addi-
tionally, the residual block avoids the loss of valuable building features and allows them to properly propagate in the proposed model.

2.1.1.2. Attention gate (AttG) architecture. The ordinary U-Net integrates the LLSF that contains useless non-building information
extracted in the encoder part with the HLSF obtained in the decoder part. Integrating the LLSF and HLSF with no restriction in the
model's encoder-decoder (skip-connection) path disrupts properly discriminating building objects from the heterogenous back-
ground. To minimize this limitation, an AttG inspired by Oktay et al. (2018) was designed according to Fig. 2 (b) and placed in
the skip-connection path to simultaneously emphasize the satisfactory spatial information of LLSF while minimizing background
non-building information.

To carry out this AttG-based refinement process, a gating signal (gϵℝhg×wg×n), incorporating beneficial HLSF was first attained. Af-
terwards, the attention coefficients (αϵ[0,1]) was applied to n-layer LLSF (xϵℝhx×wx×n) using the ⊗ operator in order to compute the
refined LLSF signified by x′. The entire AttG procedure can also be formulated as follows:

Q = 𝜙
(
𝜎1

(
Wgg + Wxx + bg

))
+ b𝜙

𝛼 = 𝜎2 (Q)

x′ = 𝛼 ⊗ x

(6)

where, σ1 and σ2 respectively denote the sigmoid and ReLU activation functions, and Wg and Wx signify the linear transformation
weights of g and x, respectively. Further, ϕ is the convolutional operation and bg and bϕ are also the bias parameters.

2.1.2. Data preparation, training parameter setting, and experimental environment
In the present study, to increase the amount of the available data and expedite the training processing, all the training/validation,

testing, and their labels were partitioned into square patches of size 512 × 512 pixels without any overlaps. Additionally, 20% of the
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training/validation patches were used for the model validation. Also, in order to increase the training data and prevent the overfitting
problem, training patches were augmented with left/right, up/down, and angular rotations. Consequently, the shape of the training
and testing datasets came out as (2852,512,512,3) and (20,512,512,3), respectively. To train the proposed DAttResU-Net with the
prepared data, the adaptive moment estimation (ADAM) optimizer was utilized for gradient descent optimization.

Moreover, the class imbalance problem may arise in regions where the buildings typically cover only a small part of the image
scene compared to the non-building background. To prohibit this issue, the combined loss function introduced in (Zhang et al., 2022),
comprising both binary cross-entropy and Tversky loss (Salehi et al., 2017) functions, was employed to alleviate the effects of the im-
balanced samples. Furthermore, an early stopping parameter for reducing the training time was used here to stop learning if no train-
ing improvement is observed after 5 consecutive epochs. The initial learning rate was also set as 0.001, and the ReduceLROnPlateau
parameter was employed to reduce the learning rate by a factor of 0.33 when the performance improvement is negligible after 5
epochs. Finally, it is worth noting that all the training and testing procedures were performed using the Google Colaboratory Pro
Python environment with 16 GB GPU (i.e., NVIDIA Tesla V100) and 25 GB of RAM.

2.2. Change map generation by comparing the bi-temporal building boxes (step 2)
In order to use the bi-temporal BMs derived from the proposed DAttResU-Net for the first time in the application of building

change detection, this research generated BCMs through the widely used "class-object change detection (COCD)" (Chen et al., 2012)
approach where radiometric differences in bi-temporal VHR-RSIs have no adverse impact on the produced BCMs. The COCD process
in the present study was carried out in three main steps. In detail, in the first step, any building polygon in each predicted BM was
bound with a bounding box in a way the box was considered to be the nearest neighbor of each polygon (Fig. 3 (a)). In the second
step, the overlapping (intersection) area between the two matching building boxes in BMt2 and BMt1 was determined by calculating
the intersection over the union (IoU) parameter according to Fig. 3 (b) and Eq. (7).

IoU =
(Building Box Time1 ∩ Building Box Time2)

(Building Box Time1 ∪ Building Box Time2)
=

(area)

(area1 + area2 − area)
(7)

In the last step, in order to generate the BCM and identify the changed buildings, a specific threshold was applied to the IoU para-
meter. In this case, if the IoU value for two corresponding bounding boxes is greater than 60, the building is considered unchanged;
otherwise, it is labeled as changed.

3. Dataset description
In order to assess the feasibility of the proposed DAttResU-Net in both BM and BCM generation, the WHU building change detec-

tion dataset (Ji et al., 2019) was used in this research.
These datasets contain bi-temporal aerial VHR images and their corresponding buildings/changed buildings labels with a spatial

resolution of 0.2 m/pixel and a size of 15354 × 32507 acquired over Christchurch, New Zealand, in 2011 and 2016. The dataset it-
self was partitioned into four training and two testing sub-datasets.

In Fig. 4, the four training datasets chosen for 2011 and 2016, namely TVA-A, TVA-B, TVA-C, and TVA-D, are bolded in red,
whereas the two testing areas signified as TA-A and TA-B are highlighted in yellow. The details of the sub-datasets are also listed in
Table 1.

4. Evaluation metrics
To assess the proficiency of the proposed approach in generating both BM and BCM, a rigorous evaluation was conducted. This in-

volved a thorough comparison between the polygons outlining the predicted buildings or changed buildings and those representing
the corresponding reference buildings or changed buildings as documented in the reference BMs and BCMs. This meticulous examina-
tion aimed to quantify the method's effectiveness across both BM and BCM generation aspects. In this regard, the false negative rate
(PFN), false positive rate (PFP), overall accuracy (OA), precision, recall, and f-score (Fs) measures were calculated as follows:

Fig. 3. (a) An example of creating bounding boxes for a binary BM; (b) Intersection over Union (IoU) calculation for corresponding bounding boxes.
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Fig. 4. The six sub-datasets selected from the WHU building dataset. The red boxes signify the training/validation sub-datasets, and the yellow boxes show the test sub-
datasets.

Table 1
The details of the selected sub-datasets used in this research.

Datasets GSD (m) Area (km2) Tiles Pixels Box Color (Fig. 8)

TVA-A 0.2 20 361 512 × 512 Red
TVA-B 0.2 7.2 121 512 × 512 Red
TVA-C 0.2 20 361 512 × 512 Red
TVA-D 0.2 5.9 99 512 × 512 Red
TA-A 0.2 0.5 10 512 × 512 Yellow
TA-B 0.2 0.5 10 512 × 512 Yellow

PFN =

(
NFN

NFN + NTP

)
× 100 % (8)

PFP =

(
NFP

NFP + NTP

)
× 100 % (9)

OA =

(
NTP

NTP + NFP + NFN

)
× 100 % (10)

Precision =

(
NTP

NTP + NFP

)
× 100 % (11)

Recall =

(
NTP

NTP + NFN

)
× 100 % (12)

Fs = 2 ×

(
Precision × Recall

Precision + Recall

)
(13)

where, true positives (NTP), false negatives (NFN), and false positives (NFP) signify the number of correctly detected buildings/changed
buildings, the number of missed buildings/changed buildings, and the number of false buildings/changed buildings, respectively.
These three metrics are achieved with a confusion matrix defined in Table 2 in which the 'Actual labels' refer to the labels of the
ground-truth BM/BCMs, and 'Predicted labels' characterize the labels of the generated BM/BCMs.

Table 2
The confusion matrix.

Predicted labels

Actual labels Category Building/changed Non-building/unchanged
Building/changed NTP NFN

Non-building/unchanged NFP NTN
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5. Experimental results and discussion
In the present study, in order to reveal how robust proposed DAttResU-Net is in both BM and BCM extraction tasks, its perfor-

mance was quantitively and qualitatively compared with five state-of-the-art semantic segmentation architectures, including tradi-
tional U-Net (Ronneberger et al., 2015), residual U-Net (ResU-Net) (Zhang et al., 2018), and LinkNet (Chaurasia and Culurciello,
2017). Furthermore, three ablation experiment scenarios were designed to establish how the attention mechanisms and the residual
block align contribute to improving the typical U-Net model. In the first scenario, adding AttG to the encoder-decoder path (i.e., sec-
ond level) of the U-Net structure, signified by encoder-decoder attention U-Net (EDAttU-Net), was evaluated to see if it could improve
U-Net. In the second scenario, using cAM and sAM along with the residual block rather than the simple CLs in the U-Net structure (i.e.,
first level), indicated by residual convolutional block attention U-Net (ResCBAttU-Net), was inspected. In the last scenario, the perfor-
mance of simultaneously using the first and second scenarios as the proposed architecture (i.e., DAttResU-Net) was investigated in BM
generation.

The outcomes of this research work are presented and discussed in three subsections. As for the first subsection, all the compared
networks were evaluated in the training phase for a number of pre-defined training parameters. In the second subsection, the binary
bi-temporal BMs predicted by the compared networks were analyzed and discussed qualitatively and quantitatively. Eventually, the
BCMs produced by the compared networks were evaluated qualitatively and quantitatively in the last subsection to also compare how
important the qualities of bi-temporal BMs can be to reach an optimal BCM.

5.1. Training performance evaluation of the compared models
In order to peruse whether the overfitting issue occurs during the training stage and also to determine the optimal training epoch

for each DL network, the training and validation accuracy graphs of the model were plotted for different training epochs, as shown in
Fig. 5. Moreover, to ensure the results of all the networks are impartially compared, the same structure and hyperparameters (see
Table 3) were defined for the models.

From Fig. 5, in contrast to the training accuracy graphs exhibiting almost similar behavior against different epochs, the validation
accuracy graph, which is the actual indicator of a DL model's reliability, revealed the least variation for the proposed DAttResU-Net
compared to U-Net, ResU-Net, EDAttU-Net, ResCBAttU-Net, and LinkNet. This indicates the high stability and generalizability of DAt-
tResU-Net on new unseen test datasets.

5.2. Building extraction
To better visualize the BMs produced by the comparative networks, i.e., DAttResU-Net, ResCBAttU-Net, EDAttU-Net, ResU-Net, U-

Net, and LinkNet, the binary maps obtained from the models for the first and second study areas are respectively superimposed on the
original VHR images as seen in Figs. 7 and 8, in which the best and worst qualitative results for each study area are also presented in

Fig. 5. The (a) training and (b) validation data-based accuracy graphs of the proposed DAttResU-Net against ResCBAttU-Net, EDAttU-Net, ResU-Net, U-Net, and
LinkNet.

Table 3
The regularization parameters set for the comparative DL models.

Model Initial Learning rate Batch size Maximum epochs Best Epochs No. of Parameters ( × 106)

LinkNet 0.0001 16 100 82 20.33
U-Net 0.0001 16 100 42 2.165
ResU-Net 0.0001 16 100 87 2.255
EDAttU-Net 0.0001 16 100 39 2.342
ResCBAttU-Net 0.0001 16 100 37 2.284
DAttResU-Net 0.0001 16 100 92 2.658
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addition to the superimposed images. Furthermore, Table 4 and Fig. 6 demonstrate the quantitative results derived by comparing the
obtained binary maps to the reference BMs.

From the quantitative outcomes listed in Tables 4 and it can be perceived that the proposed DAttResU-Net yielded the most satis-
factory BM compared with the other U-Net-based models for both study areas. In detail, for the first study area, at time 1, DAttResU-

Table 4
Quantitative performance evaluation of the comparative DL models in BM generation (the numbers in bold represent the best value in each column).

study area Time Total Building (No.) Model Evaluation Metrics

TP (No.) FN (No.) FP (No.) OA (%) Precision (%) Recall (%) Fs (%)

#1 #1 94 U-Net 67 27 1 70.53 98.53 71.28 82.72
ResU-Net 85 9 3 87.63 96.59 90.43 93.41
EDAttU-Net 86 8 4 87.76 95.56 91.49 93.48
ResCBAttU-Net 87 7 1 91.58 98.86 92.55 95.60
LinkNet 90 4 2 93.75 97.83 95.74 96.77
DAttResU-Net 92 2 1 96.84 98.92 97.87 98.40

#2 130 U-Net 79 51 3 59.40 96.34 60.77 74.53
ResU-Net 119 11 3 89.47 97.54 91.54 94.44
EDAttU-Net 119 11 1 90.84 99.17 91.54 95.20
ResCBAttU-Net 125 5 4 93.28 96.90 96.15 96.53
LinkNet 128 2 3 96.24 97.71 98.46 98.08
DAttResU-Net 128 2 2 96.97 98.46 98.46 98.46

#2 #1 82 U-Net 44 38 6 50.00 88.00 53.66 66.67
ResU-Net 66 16 4 76.74 94.29 80.49 86.84
EDAttU-Net 71 11 4 82.56 94.67 86.59 90.45
ResCBAttU-Net 73 9 4 84.88 94.81 89.02 91.82
LinkNet 77 5 3 90.59 96.25 93.90 95.06
DAttResU-Net 78 4 1 93.98 98.73 95.12 96.89

#2 134 U-Net 90 44 1 66.67 98.90 67.16 80.00
ResU-Net 102 32 4 73.91 96.23 76.12 85.00
EDAttU-Net 110 24 2 80.88 98.21 82.09 89.43
ResCBAttU-Net 110 24 2 91.49 94.85 96.27 95.56
LinkNet 131 3 3 95.62 97.76 97.76 97.76
DAttResU-Net 133 1 2 97.79 98.52 99.25 98.88

Fig. 6. The false negative rate and false positive rate bar graphs for the bi-temporal BMs attained through various DL models: (a) and (b) the results of the first and
second time for the first study area, (c) and (d) the results of the first and second time for the second study area.
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Fig. 7. The best and worst bi-temporal BMs produced for the first study area: (a) DAttResU-Net and (b) U-Net, where the first line for each time represents the binary
BM superimposed on the original image and the second line signify the analyzed and evaluated BM.

Net revealed the highest OA/ Fs values of 96.84/98.40 (%) with improvements of 26.31/15.68, 9.21/4.99, 9.08/4.92, 5.26/2.80, and
3.09/1.63 (%) compared to the U-Net, ResU-Net, EDAttU-Net, ResCBAttU-Net, and LinkNet respectively. For the second study area, at
time 1, the proposed DAttResU-Net with a Recall value of 95.12% could enhance the Recall values of the U-Net, ResU-Net, EDAttU-
Net, ResCBAttU-Net, and LinkNet by 41.46, 14.63, 8.53, 6.10, and 1.22 (%), respectively.

Furthermore, according to Fig. 6, ablation results for the second scenario (i.e., ResCBAttU-Net) showed that the modifications
made to the typical U-Net resulted in degrading PFN values at any time of the two study areas, indicating the combined use of the
residual unit, cAM, and sAM successfully managed to both preserve and accentuate the building objects. As for the ablation outcomes
for the first scenario (i.e., EDAttU-Net), similar to the second scenario, the AttG module improved the PFN in all cases compared to typ-
ical U-Net, and although the module reduced the PFP values only in the second/first time of the first/second study areas, the integra-
tion of the AttG module with the residual unit, cAM, and sAM within the proposed DAttResU-Net totally outperformed both ResC-
BAttU-Net and EDAttU-Net models. Extensively, the DAttResU-Net with an average PFN/ PFP value of 2.33/1.34 (%), over the first and
second times of the two study areas diminished the average PFN/ PFP values of ResCBAttU-Net and EDAttU-Net by 4.17/2.31 (%) and
9.74/1.76 (%), respectively. Moreover, the least difference value between PFN and PFP for the proposed network asserts that DAt-
tResU-Net can make the best trade-off between the two aforementioned metrics compared to both ResCBAttU-Net and EDAttU-Net,
indicating the proposed structure has the highest accuracy, consistency, and reliability when separating the building objects from the
background. At last, the superiority of the proposed DL architecture over the compared structures is that the model exploits two effec-
tive attention modules alongside the residual unit to properly identify the building objects.

In more detail, attention modules embedded at the first and second levels of the U-Net, respectively called csAttResConvB and
AttG, simultaneously not only raise the network's attention to the building information such as edge, texture, shape, and color but also
restrict the non-building features circulation during the training phase. These cases lead to optimal BMs containing maximum TP and
minimum FP, as acknowledged by the quantitative results reported in Table 4.
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Fig. 8. The best and worst bi-temporal BMs produced for the second study area: (a) DAttResU-Net and (b) U-Net, where the first line for each time represents the binary
BM superimposed on the original image and the second line signify the analyzed and evaluated BM.

As depicted in Figs. 7 and 8, the traditional U-Net produced the worst BMs for the two study areas, where many buildings were
lost. Especially according to the zoomed areas, the model either fully missed some buildings or partially extracted them. Additionally,
as can be seen, the first time for the second study area (Fig. 8b, yellow boxes), the U-Net architecture falsely identified some non-
building features as building objects. These issues are mainly because the U-Net lacks effective mechanisms at the different levels of
its architecture. On the one hand, the CBs in U-Net have no attention module to highly emphasize the building features surrounded by
non-building ones.

On the other hand, there is no attention module at the second level (i.e., skip-connection path) of the U-Net structure to concen-
trate on important LLSF and filter irrelevant useless ones. Contrary to the U-Net model, the novel DAttResU-Net structure coincidently
exploits powerful proposed csAttResConvB and AttG at both structural levels. Firstly, the csAttResConvB module used at the first level
puts the detailed important building HLSF under scrutiny, making the model identify the building objects more accurately, as can be
observed in the zoomed regions. Secondly, incorporating the AttG mechanism at the second level prevents the inclusion of extraneous
non-building LLSF alongside the crucial HLSF. This strategic integration minimizes non-building artifacts' presence and significantly
reduces their propagation throughout the network. This enhancement substantially contributes to the production of BMs with a no-
tably higher degree of accuracy and fidelity.

5.3. Building change detection
In order to better visualize the COCD-based BCMs related to various DL models, both the total and binary BCMs for the first and

second study areas are superimposed on the VHR image acquired at time 2 as represented in Figs. 10 and 11. The total BCMs show the
three types of changes, including the negative and positive changes as well as the unchanged buildings, whereas the binary BCMs
solely demonstrate two changed and unchanged categories. Obviously, since the bi-temporal change detection procedure for BCM
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generation is achieved by directly comparing the two BMs previously predicted by a DL model, the quality of the bi-temporal BMs as
inputs to this comparison is of high importance to appropriately characterize the changed and unchanged buildings.

As accordingly expected, the proposed DAttResU-Net based on quantitative results reported in Table 5 yielded the most accurate
BCM in comparison with the other DL models. In detail, in the first/second study area, the BCM derived from the proposed model led
to the highest recall/precision values of 94.74/89.83 (%) enhancing the recall/precision values of the U-Net, ResU-Net, EDAttU-Net,
ResCBAttU-Net, and LinkNet by 60.53/33.53 (%), 15.79/31.65 (%), 18.42/7.61 (%), 2.63/17.37, and 7.24/1.9 (%), respectively.

Moreover, as depicted in Fig. 9, the BCM attained by the proposed model performed best in detecting the changed buildings with a
minimum noise over both study areas compared to the other models. For example, in the first study area, DAttResU-Net-derived BCM
contained the least PFN/ PFP values of 5.26/7.69 (%), substantially improving those of U-Net, ResU-Net, EDAttU-Net, ResCBAttU-Net,
and LinkNet by 60.53/48.98 (%), 15.79/22.54 (%), 18.42/21.58 (%), 2.63/12.76, and 7.24/0.2 (%). As noticed from analyzing these
quantitative outcomes, the quality of BCMs is drastically influenced by the PFN and PFP values of the bi-temporal BMs previously pre-
dicted by the DL models, indicating how effective a BM generation network is in the bi-temporal change detection application. Hence,
due to exploiting strong building-sensitive mechanisms, the DAttResU-Net structure proposed in this study contained minimum errors
in bi-temporal BMs and, subsequently, BCM generation.

From Figs. 10 and 11, notably in the zoomed areas, the BCMs indirectly obtained from the ordinary U-Net had some artifacts and
failed to identify many changed buildings. This is due to the buildings partially or fully overlooked in previously U-Net-derived bi-
temporal BMs for the first and second study areas, as the model inherently contains low sensitivity to the building objects. In contrast
to the simple U-Net, since the proposed DAttResU-Net structure leverages two powerful attention modules highly sensitive to build-
ings and thereby leads to accurate bi-temporal BMs, the BCM related to the model well discriminated the changed buildings from the
unchanged ones, revealing the proposed structure can be an efficient choice to produce reliable BCMs.

6. Conclusion
The present study proposed a novel DL U-Net-based approach, namely dual attention residual-based U-Net (DAttResU-Net), to

generate reliable bi-temporal BMs and peruse their applicability to produce a BCM. The network simultaneously exploits two new

Table 5
Quantitative performance evaluation of the comparative DL models in BCM generation (the numbers in bold represent the best value in each column).

study
area

Ground Truth and
Models

No Change
(No.)

Pos. Change
(No.)

Neg. Change
(No.)

Evaluation Metrics

TP
(No.)

FN
(No.)

FP
(No.)

OA
(%)

Precision
(%)

Recall
(%)

Fs
(%)

#1 GT 92 36 2
U-Net 64 56 11 13 25 17 23.64 43.33 34.21 38.24
ResU-Net 78 49 6 30 8 13 58.82 69.77 78.95 74.07
EDAttU-Net 79 44 7 29 9 12 58.00 70.73 76.32 73.42
ResCBAU-Net 78 42 3 35 3 9 74.47 79.55 92.11 85.37
LinkNet 93 30 1 35 5 3 81.40 92.11 87.50 89.74
DAttResU-Net 92 36 2 36 2 3 87.80 92.31 94.74 93.51

#2 GT 81 53 0
U-Net 37 54 13 27 26 22 36.00 56.10 50.94 52.94
ResU-Net 55 85 9 32 21 23 42.11 58.18 60.38 59.26
EDAttU-Net 68 65 5 37 16 8 60.66 82.22 69.81 75.51
ResCBAU-Net 65 59 10 50 3 19 69.44 72.46 94.34 81.97
LinkNet 75 54 3 51 2 7 85.00 87.93 96.23 91.89
DAttResU-Net 74 58 1 53 0 6 89.83 89.83 100.00 94.64

Fig. 9. The false negative rate and false positive rate bar graphs for the BCMs attained through various DL models: (a) first study area and (b) second study area.
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Fig. 10. The best and worst bi-temporal BCMs derived from the comparative DL models for the first study area: (a) the total ground-truth BCM, (b) the binary ground-
truth BCM, (c) the optimal results obtained from DAttResU-Net, (d) the worst results output by U-Net, where the total BCM, binary BCM, and evaluated BCMs all super-
imposed on the original image are respectively represented in the first, second, and third lines.

strong semantic- and spatial-sensitive attention mechanisms at two different structural levels of the U-Net. In the first level, in order
to increase the attention of the proposed model to the building high-level semantic information while preserving them, a channel-
spatial attention residual convolutional block (csAttResConvB) replaced the simple convolutional blocks (CBs) of U-Net. In the second
level, to raise the model's concentration on the valuable building low-level spatial features and filter irrelevant useless ones, another
attention module, called attention gate (AttG), was embedded in the skip-connection path of U-Net. After designing the proposed DAt-
tResU-Net architecture as an application for building change detection, the bi-temporal BMs produced by the model were given to the
broadly used class-object change detection approach to create a BCM for a region of interest. To this aim, building boxes for buildings
in any of the bi-temporal BMs were first extracted, and the BCM was then created by correspondingly comparing the bi-temporal
building boxes. In this paper, the benchmark WHU building change detection dataset was also used to quantitatively and qualitatively
assess the performance of the DAttResU-Net model in the BM and BCM generation domains. As for producing BMs, the experimental
results showed that the proposed architecture, due to leveraging powerful dual csAttResConvB and AttG, sensed the building objects
accurately with a minimum amount of background features. Consequently, the DAttResU-Net could produce the most high-quality bi-
temporal BMs in comparison with the state-of-the-art DL structures. The BCM derived from the proposed architecture resulted in the
most precise exceptional change detection results in both study areas, followed by predicting reliable BMs. Accordingly, the novel
DAttResU-Net revealed a high capability to detect building objects and applicably identify the changed buildings during the time and
is also suggested to be evaluated in other remote sensing applications. While the proposed model shows promising results, several
limitations could be addressed for future research. For instance, the integration of dual attention mechanisms and residual blocks in-
creases the computational load and training time. Exploring optimization techniques or model simplifications could make the model
more efficient. Moreover, investigating the model's performance with other types of remote sensing data, such as synthetic aperture
radar (SAR) or multi-spectral images, could enhance its applicability and utility in different remote sensing scenarios.
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Fig. 11. The best and worst bi-temporal BCMs derived from the comparative DL models for the second study area: (a) the total ground-truth BCM, (b) the binary
ground-truth BCM, (c) the optimal results obtained from DAttResU-Net, (d) the worst results output by U-Net, where the total BCM, binary BCM, and evaluated BCMs all
superimposed on the original image are respectively represented in the first, second, and third lines.
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