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Abstract: An appropriate detection network is required to extract building information in remote
sensing images and to relieve the issue of poor detection effects resulting from the deficiency of
detailed features. Firstly, we embed a transposed convolution sampling module fusing multiple
normalization activation layers in the decoder based on the SegFormer network. This step alleviates
the issue of missing feature semantics by adding holes and fillings, cascading multiple normalizations
and activation layers to hold back over-fitting regularization expression and guarantee steady feature
parameter classification. Secondly, the atrous spatial pyramid pooling decoding module is fused
to explore multi-scale contextual information and to overcome issues such as the loss of detailed
information on local buildings and the lack of long-distance information. Ablation experiments and
comparison experiments are performed on the remote sensing image AISD, MBD, and WHU dataset.
The robustness and validity of the improved mechanism are demonstrated by control groups of
ablation experiments. In comparative experiments with the HRnet, PSPNet, U-Net, DeepLabv3+
networks, and the original detection algorithm, the mIoU of the AISD, the MBD, and the WHU dataset
is enhanced by 17.68%, 30.44%, and 15.26%, respectively. The results of the experiments show that
the method of this paper is superior to comparative methods such as U-Net. Furthermore, it is better
for integrity detection of building edges and reduces the number of missing and false detections.

Keywords: machine vision; remote sensing images; building detection; SegFormer; atrous spatial
pyramid

1. Introduction

A building is a key artificial ground object with a roof and walls and is the central
place of human habitation. Building information is essential to carry out various urban and
regional activities such as city planning [1], disaster monitoring [2], traffic management [3],
and scientific planning of the eco-environment [4]. Accurate extraction of building informa-
tion from remote sensing images is difficult due to the complexity of building features and
surrounding ground objects such as buildings, vegetation, roads, and bare areas. Building
features can be diverse due to differences in the material and configuration of ground
objects [5]. A great deal of unnecessary, non-building information can be confounded
in the detection network when the spatial distribution of surface features is complex, re-
sulting in poor classification detection effects. Traditional image processing with manual
selection of design features is time-consuming and labor intensive. Consequently, it is
difficult to satisfy real-time latest requirements and to apply on a large scale. At present,
there is a large gap between intelligent judgment and drawing technology research and its
practical applications.

In recent years, research on the extraction of building information has been conducted
using a high-resolution remote sensing image classification method based on the convo-
lutional neural network (CNN) [6]. These studies reviewed the semantic representation
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capacity of the neural network for road network extraction, building detection, and crop
classification [7]. The feature extraction module presented by a fully convolutional network
(FCN) is widely used for the semantic segmentation of buildings [8]. The U-Net network
proposes the idea of skip connections based on the encoder-decoder. These skip connections
in the U-Net network are used to fuse deep and shallow features to elevate the precision of
semantic segmentation. The U-Net network can extract more intact features compared with
the FCN network [9,10]. By cascading multi-scale-resolution features, a high-resolution
network (HRNet) can effectively decrease the feature information loss, make the extracted
multi-scale features more abundant, and result in the pixel-level extraction of building
information [11,12]. The pyramid scene parsing network (PSPNet) aggregates the multi-
scale features of distinct areas through the pyramid pooling module and the pyramid
scene parsing module, thereby elevating the integrity of building edges [13]. A DeepLab
series network can acquire a preferable edge perception effect by introducing depthwise
separable convolution aggregating multi-scale information features [14,15]. The SegFormer
network can ameliorate the extracted invalid non-building features to a certain degree by
cutting off the positional encoding and utilizing multi-layer perception (MLP) for feature
extraction [16]. Although the above-mentioned feature extraction networks have high de-
tection precision, the issue related to information loss has not been adequately ameliorated.
Additionally, these detection networks have not focused on extracting building features in a
complex environment and suppressing the effect of the extracted non-building information.
Consequently, the extraction of building features in an intricate environment needs to be
further strengthened.

In existing research, the convolutional neural network model has been directly applied
to the remote sensing field [17]. The high-resolution remote sensing building extraction
method based on deep learning has both advantages, as evidenced by multiple experiments,
as well as some problems. For one thing, the network model specially constructed for the
detection or classification of buildings in remote sensing images is relatively lacking [18].
For another, it is necessary to investigate more efficient ways to acquire semantic infor-
mation and detail features of buildings because buildings on remote sensing images are
influenced by factors such as data acquisition, different scales, imaging conditions, intricacy
terrain, building shadows, and building inclination.

The objective of this study is to address the poor applicability of the existing models
on building extraction from remote sensing images. This study presents a novel approach
for building detection in remote sensing images based on the SegFormer network structure
and thereby optimizes and improves the above issues. In this study, the transposed
convolutional network [19] is coupled with the sampling module to correlate semantic
feature information better. This coupling results in the efficacious screening of feature
categories and reinforces the construction of network models for building features. Issues
such as loss of building semantic and detail features and missing and false detections are
addressed by using strongly supervised datasets. The atrous spatial pyramid pooling [20]
decoding module is fused to capture lucid building edge information to address the above-
mentioned issues resulting from factors such as building inclination and shadow shading.

2. The Building Extraction Network of Improved SegFormer
2.1. SegFormer

SegFormer [21], a semantic segmentation network, was developed by combining
Transformer with visual classification and was co-launched by the Nvidia Corporation and
the University of Hong Kong in 2021. It has the following improvements in addition to the
potential of high processing efficiency and dense prediction of Transformer series.

1© A lightweight decoder is constructed, and MLP is issued for feature aggregation [22].
2© The hierarchical structure design is adopted. The multi-layer feature map is attained

via the hierarchical Transformer Encoder [23] without positional encoding. The
high-resolution shallow features and low-resolution fine features are obtained at
multiple scales.
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SegFormer stresses robustness and validity in Transformer series networks. While
having challenges against image interference, the semantic segmentation task is completed
efficiently and with higher precision. Issues of building detection in remote sensing images
can be solved better due to the improvements made based on SegFormer.

2.2. Improvement Strategy

The improved network structure presented in this paper is shown in Figure 1. The
improvement has two main aspects:

(1) The structure of the detection network is optimized, and the sampling of semantic
and detailed features of buildings is reinforced to address the poor applicability of the
existing models for building extraction from remote sensing images. The transposed
convolutional network is coupled with the sampling module to correlate semantic fea-
ture information, fuse high and low-layer feature information, and cascade inter-layer
receptive fields. This can lead to receding the impact of spatial heterogeneity and
intricate ground object background and intensifying the establishment of a detection
network model for building features. Multiple normalization activation layers are
fused [24]. The screening efficiency of building semantic information is enhanced by
reducing the quantity of the parameters, inhibiting the disappearance of the gradient,
and speeding up the convergence. To efficiently gain the semantic information fea-
tures for buildings, the effective screening and classification of the intra-class feature
information are realized by embedding the activation layer [25].

(2) The decoding output part of the model is optimized, and the atrous spatial pyra-
mid pooling (ASPP) decoding module is used to address issues such as excessive
interference, loss of semantic and detailed feature information of buildings, and miss-
ing and false detection of building features extracted from remote sensing images.
Multi-scale contextual information is explored by applying multi-sampling rate atrous
convolution [26] and multi-receptive field convolution on the input feature map. A
sufficient amount of contextual information is captured by pooling operations at
different resolutions, and lucid target boundaries are captured by gradually recov-
ering spatial information. The semantic fusion module is used in the output part to
aggregate rough information in the shallow layer and fine information in the deep
layer. The interaction of feature information from different layers is achieved by using
the shuffle [27]. The shuffle is applied to address issues such as the partial loss of
building information and the lack of long-distance information. It is also helped to
efficaciously relieve the loss of feature information resulting from the difference in
image resolution due to miscellaneous data sources. Consequently, issues such as the
loss of edge details of multi-scale buildings and the missing and false classification of
tiny buildings can be addressed.

2.2.1. Sampling Module Based on the Transposed Convolutional Network

The information of remote sensing images is intricate, with many interferences. The
higher the distinction degree between detected ground objects and background information,
the easier the identification of stable features with strong anti-interference. Therefore, in
this paper, we design the enhancement extraction mechanism for interlayer features. This is
based on transposed convolution from the angle of reinforcing the expression of enhancing
features and inhibiting futile background information. The learning is intensified in the
training iteration to acquire the optimum sampling parameters by establishing an adaptive
learning model.



Sensors 2023, 23, 1258 4 of 17

Sensors 2023, 23, x FOR PEER REVIEW  3  of  17 
 

 

and the University of Hong Kong in 2021. It has the following improvements in addition 

to the potential of high processing efficiency and dense prediction of Transformer series. 

① A lightweight decoder is constructed, and MLP is issued for feature aggregation 

[22]. 

② The hierarchical structure design  is adopted. The multi‐layer feature map  is at‐

tained via  the hierarchical Transformer Encoder  [23] without positional encoding. The 

high‐resolution shallow features and low‐resolution fine features are obtained at multiple 

scales. 

SegFormer stresses robustness and validity  in Transformer series networks. While 

having  challenges  against  image  interference,  the  semantic  segmentation  task  is  com‐

pleted efficiently and with higher precision. Issues of building detection in remote sensing 

images can be solved better due to the improvements made based on SegFormer. 

2.2. Improvement Strategy 

The improved network structure presented in this paper is shown in Figure 1. The 

improvement has two main aspects: 

 

Figure 1. Schematic diagram of the network structure. 

(1) The structure of the detection network is optimized, and the sampling of semantic 

and detailed features of buildings  is reinforced to address the poor applicability of the 

existing models for building extraction from remote sensing images. The transposed con‐

volutional network  is coupled with  the sampling module  to correlate semantic  feature 

information, fuse high and low‐layer feature information, and cascade inter‐layer recep‐

tive  fields. This  can  lead  to  receding  the  impact of  spatial heterogeneity  and  intricate 

ground  object  background  and  intensifying  the  establishment  of  a  detection  network 

model for building features. Multiple normalization activation layers are fused [24]. The 

screening efficiency of building semantic information is enhanced by reducing the quan‐

tity of the parameters, inhibiting the disappearance of the gradient, and speeding up the 

convergence. To efficiently gain the semantic information features for buildings, the effec‐

tive screening and classification of the intra‐class feature information are realized by em‐

bedding the activation layer [25]. 

(2) The decoding output part of the model is optimized, and the atrous spatial pyra‐

mid pooling (ASPP) decoding module is used to address issues such as excessive interfer‐

ence, loss of semantic and detailed feature information of buildings, and missing and false 

detection of building features extracted from remote sensing images. Multi‐scale contex‐

tual information is explored by applying multi‐sampling rate atrous convolution [26] and 

Figure 1. Schematic diagram of the network structure.

Transposed Convolution

The size of the feature map gradually lessens following the convolutional operation of
the images several times. Transposed convolution can efficaciously couple the feature infor-
mation of the high layer and the low layer, and cascade the receptive fields between layers.
This will address the issue of over-flow of non-building information due to inconsistent
image resolution or due to different scales in the feature map.

In convolution operation C, the convolution Y output for the n-dimensional vector X
can be expressed as CX = Y, and its transposed convolution can be expressed as X = CTY.
The purpose of transposed convolution is to add holes and fillings to restore more semantic
information via rearranging the input and kernel. The specific implementation pattern of
transposed convolution is as follows:

By overlooking the number of channels, it is hypothesized that the stride is s and
the padding is p. The shape of the input tensor is nh×nw, the shape of the convolution
kernel is kh × kw, and the transposed operation yields nh × nw intermediate results. Each
intermediate result is a tensor of (nh + kh − 1) × (nw + kw − 1) (The parameter is initialized
to 0). The approach to calculating the intermediate tensor is as follows: Each element in
the input tensor is multiplied by the convolution kernel; thereby, the tensor of kh × kw is
attained, which replaces a part of the intermediate tensor. The position of the replaced part
of each intermediate tensor corresponds to the position of the element in the input tensor.
In the end, all intermediate results are added to obtain the final result. Computational
Formula (1) of the intermediate tensor is as follows

Y[i : (i + h), j : (j + w)]+ = X[i, j]× K (1)

when n and k are 2, s = 1, p = 0, and the input parameters are {0, 1, 2, 3}; the calculation
form is shown in Figure 2:
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Based on the aforesaid theory, the transposed convolutional network designed in
this paper is shown in Figure 3: Multi-layer perception output channels of 4C, two 3 × 3
2D convolution layers, two 4 × 4 2D transposed convolution layers and one 1 × 1 2D
convolution layer are embedded in the subsampled part by following the characteristic
map. Through the transposed convolution operation, some information can be efficaciously
recovered while the fuzzy boundary is retained, thereby outputting more targeted detailed
information and semantic information features.
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Multiple Normalization Activation Layers

The convolution operation abstracts the local features of the building images; however,
it neglects the interrelationship between pixels. This can lead to inter-class inconsistency,
dramatically affecting the reliability and integrity of building edge segmentation. The
addition of the extra normalization and activation layers upon convolution operation can
result in a stable selection of feature parameters by holding back over-fitting regularization
expression and simultaneously averting the influence of outliers and extremes. Further-
more, the addition of both layers can inhibit noise interference, strengthen the expression
capacity of the network, and can increase the focus on feature channels and spatial positions
with strong significance and enormous information. As a result, the internal correlation
of images or features can be acquired easily; thereby, the issue of precise extraction of
inter-class differences of buildings can be solved.

The normalization layer is set based on the introduction of the transposed convolu-
tional network, and the setting mode is shown in Figure 4.
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2.2.2. Spatial Pyramid Pooling Decoding Module Fused Atrous Convolution

The fusion approach of absolute skip connection of semantically dissimilar features
is unable to address the semantic gap resulting from the lack of multi-scale features in
the design of the network. As a consequence, the extraction capacity of the network will
be severely restrained to large-scale building edges and tiny building objects. Based on
this, this paper designs a spatial pyramid pooling decoding module fused with the atrous
convolution. Firstly, the deep-layer network features are dilated according to distinct
dilation rates, the contextual information of multi-scale features is captured by the atrous
spatial pyramid pooling module, and the global average pooling module is introduced to
supplement, thereby refining the contextual information. Secondly, in light of the semantic-
guided fusion module, the corresponding relationship between feature pixels at different
layers is established, and the deep-layer semantic information is fused into the shallow
image details in a bottom-up way. The input feature maps are dilated and divided into
groups according to the dilation coefficient, the features at different scales are extracted
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by adopting distinct dilation kernels, and the shuffle of extraction features is conducted
to achieve information about the interaction of different layers and to strengthen global
semantic information expression.

Atrous Convolution (Dilated Convolution)

In contrast to the traditional convolution layer and pooling layer, the atrous convolu-
tion possesses the following advantages: 1© After the replacement of the atrous convolution,
the training of reasonably dilated new parameters can be avoided when the calculation pa-
rameters are increased, and the performance can be continuously optimized in the training
process. 2© The feature maps at different resolutions can be attained by setting different
atrous rates to alter the size of the receptive field, which decreases the loss of position
information in the subsampled process.

In this paper, the conventional convolution is replaced by the atrous convolution,
and the receptive field in the pooling process is altered by changing the atrous rate of the
atrous convolution. The experiment discovers that distinct dilation rates have a certain
influence on the performance of the model as well. The atrous convolution mode with
a reasonable dilation rate is shown in Figure 5. The authors of [28] show that: 1© the
use of atrous convolution with the identical dilation rate can result in the discontinuity
of the convolution kernel, leading to the “Gridding Effect”, as shown in Figure 6; 2© the
dilation rate combinations cannot contain the common divisor greater than 1, and the
dilation rate Ri must satisfy Formula (2) as follows; 3© it is hypothesized that the dilation
rates corresponding to n atrous convolutions with the convolution kernel size of k × k
are [r1, . . . , ri, . . . rn], respectively, and R2 ≤ k should be satisfied, where ri represents the
dilation rate of the ith atrous convolution, Ri represents the largest dilation rate of the ith
atrous convolution, and the default is Rn = rn. Based on the above conclusion, this paper
designs the atrous convolution combination with the dilation rate of 1, 3, 11, 17

Ri = max[Ri+1 − 2ri, Ri+1 − 2(Ri+1 − ri), ri] (2)
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Atrous Spatial Pyramid Pooling

The atrous spatial pyramid pooling module consists of a series of atrous convolutions
and spatial pyramid pooling structures with different dilation rates. Multi-scale information
of the image is extracted through the parallel connection of multiple atrous convolutions
with distinct dilation rates. The global information of the image is gained by introducing
global average pooling (GAP). When using single atrous convolution, the ASPP module
can overcome the disadvantages of local information loss and long-distance information
deficiency due to the Gridding Effect. The feature information of different scales and clear
high-resolution building edge information can be acquired without using a pooling layer.

Firstly, the ASPP module dilates the input feature F into i groups, which are denoted
as ASPPi (i = 1, 2, 3, 4) (Figure 7). Input calculations of different groups can alter the
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dense connection mode between the original feature channels and can gain the gridding
parameters of different corresponding positions. Secondly, the multi-scale object context
information of each grouping feature of ASPPi is attained by conducting the F pooling,
upsampling, and then fusing with the corresponding feature ASPPi’.
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Semantic-Guided Fusion Module

This paper puts forward an idea of using the Semantic Fusion Module (SFM) (Figure 8).
In this module, the detailed information obtained by rough feature extraction in the shallow
layer is fused with fine semantic information in the deep layer gained by the ASPP multi-
scale atrous pyramid pooling network operation. Then, the channel shuffle of fusion
information is conducted (Figure 9). The feature channel sequence of the original grouping
is disarranged and rearranged by “remodeling-transposition-remodeling.” The “semantic
flow” information between features with different resolutions is forecasted by network
autonomous learning. Rough features are rectified to fine features with higher resolution,
and pixels between features with different resolutions are “aligned.” The feature layer
with abundant multi-scale information is obtained by shuffling information from different
channels, reconciling multi-scale information, and intensifying the information exchange
between feature channels of different groupings. This will effectively transmit semantic
information from the deep layer to the shallow layer and the efficacious fusion of features
with different resolutions.
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3. Experiment and Analysis
3.1. Experimental Dataset

The effectiveness and generalization of the method presented in this paper are val-
idated by the multi-method tests. The results are compared with the Aerial Image Seg-
mentation Dataset (AISD) [29], the Massachusetts Buildings Dataset (MBD) [30], and the
Wuhan University (WHU) aerial remote sensing image dataset [31].
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(1) The AISD contains four ground object labels—buildings, roads, water systems, and
vegetation. In this paper, building labels are only used for the analysis. The dataset
covers areas of Berlin, Chicago, Paris, Potsdam, and Zurich, and the images have
a resolution of 0.3 m. This dataset includes 1672 images with 3328 × 2816 pixels
deriving from Google Earth and pixel-level label of Open Street Map.

(2) The MBD covers the cities and suburbs areas of Boston and contains 151 images with
1500 × 1500 pixels. The occupied area of each image is 2.25 km2, with a resolution of
1 m.

(3) The WHU includes 204 images with 512 × 512 pixels in Satellite Dataset(Global Cities),
and the coverage area is the global urban satellite images, with a resolution of 0.3 m.

Samples of different datasets have been shown in Figure 10.

Sensors 2023, 23, x FOR PEER REVIEW  8  of  17 
 

 

The effectiveness and generalization of the method presented in this paper are vali‐

dated by the multi‐method tests. The results are compared with the Aerial Image Segmen‐

tation Dataset (AISD) [29], the Massachusetts Buildings Dataset (MBD) [30], and the Wu‐

han University (WHU) aerial remote sensing image dataset [31]. 

(1) The AISD contains four ground object  labels—buildings, roads, water systems, 

and vegetation. In this paper, building labels are only used for the analysis. The dataset 

covers areas of Berlin, Chicago, Paris, Potsdam, and Zurich, and the images have a reso‐

lution of 0.3 m. This dataset includes 1672 images with 3328 × 2816 pixels deriving from 

Google Earth and pixel‐level label of Open Street Map. 

(2) The MBD covers the cities and suburbs areas of Boston and contains 151 images 

with 1500 × 1500 pixels. The occupied area of each image is 2.25 km², with a resolution of 

1m. 

(3) The WHU includes 204 images with 512 × 512 pixels in Satellite Dataset(Global 

Cities), and the coverage area is the global urban satellite images, with a resolution of 0.3 

m. 

Samples of different datasets have been shown in Figure 10. 

 

Figure 10. Samples of (a) the AISD, (b) the WHU dataset, and (c) the MBD. 

The division of datasets is shown in Table 1: 

Table 1. Datasets used in this paper. 

Dataset  Category  Number  Resolution 

AISD  train  1504  2611 × 2453 

Figure 10. Samples of (a) the AISD, (b) the WHU dataset, and (c) the MBD.

The division of datasets is shown in Table 1:

Table 1. Datasets used in this paper.

Dataset Category Number Resolution

AISD train 1504 2611 × 2453
val 168 2611 × 2453
test 168 2611 × 2453

MBD train 135 1500 × 1500
val 16 1500 × 1500
test 16 1500 × 1500
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Table 1. Cont.

Dataset Category Number Resolution

WHU train 183 512 × 512
val 21 512 × 512
test 21 512 × 512

3.2. Experimental Environment and Parameter Setting

The experimental operating system is Windows 11, the CPU version is 12th Gen Intel(R)
Core(T.M.)i9-12900H, the GPU is NVIDIA GeForceRTX3080TI, and the deep learning
framework is torch 1.11.0 + cu115. The experiment adopts the transfer learning strategy,
and the pre-training weights in the ImageNet-1K dataset are used for training. The accuracy
of the detection results is enhanced by the network model by carrying out transfer learning
and by depending on its capacity of unsaturated continuous learning. The training process
is divided into the freezing stage and the unfreezing stage. The training configuration
information is shown in Table 2:

Table 2. Training configuration of the dataset.

Item AISD MBD WHU

Input size 2611 × 2453 1500 × 1500 512 × 512
Train size 512 × 512 512 × 512 512 × 512
Test size 512 × 512 512 × 512 512 × 512

Freeze epoch 50 50 50
UnFreeze epoch 500 600 200

Batch size 8 16 4
Optimizer Sgd Sgd Sgd

Learning decay Cos Cos Cos
Weight decay 0.0005 0.0005 0.0005
Learning rate 1.00 × 10−5 1.00 × 10−5 1.00 × 10−5

3.3. Ablation Experiment

Ablation experiments are performed on the AISD, the MBD, and the WHU dataset
with SegFormer as the baseline system to validate the improved mechanism presented in
this paper. The settings of experimental parameters are consistent with the experimental
environment, and the results are shown in Table 1.

3.3.1. Ablation Experiment with Different Mechanism Modules

To validate the improved mechanism, the ablation experiments are conducted on the
AISD, the MBD, and the WHU dataset, and SegFormer is used as the baseline system. The
promotion effect of model performance is assessed through the evaluation indicators of
mean Intersection over Union (mIoU), F1 score, precision, and recall. Therein, mIoU is
referred to the percentage mean of intersection-over-union of predicted building pixels and
actual building pixels; the F1 score is taken into account the influence of precision and recall;
precision is meant by the percentage of pixels of the building correctly predicted by the
model to the actual building; recall is referred to the percentage of the correctly predicted
building to the actual building. Suppose that the predicted building is represented as T,
the non-building as F, the actual building as P, and the non-actual building as N, then
Formulas (3)–(6) of the four evaluation indicators are as follows. The network training
process is visualized, and a comprehensive analysis of the effect of the improved network
is conducted.

mIoU =
1

k + 1

k

∑
i=0

TP
FN + FP + TP

, (k = 1) (3)

Precision =
TP

TP + FP
(4)
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Recall =
TP

TP + FN
(5)

F1 = 2 × Precision × Recall
Precision + Recall

(6)

(1) Ablation experiments with different improved mechanisms

The original network model and the network model with different mechanisms are
tested on three datasets, and the comparison of the evaluation indicators is shown in Table 3.

Table 3. Comparison of experimental precision between the improved network and the original network.

Dataset Network
Evaluation Indicator

mIoU F1 Precision Recall

AISD

segf 82.17 90.11 89.93 90.3
segf + Transconv 83.58 90.97 90.9 91.05

segf + ASPP 83.19 91.3 91.8 90.8
This study 88.43↑6.26 93.81↑3.7 93.85↑3.92 93.77↑3.47

MBD

segf 66.09 77.70 82.49 73.44
segf + Transconv 74.23 85.44 87.35 83.61

segf + ASPP 72.74 86.97 92.49 82.08
This study 75.85↑9.76 88.24↑10.54 93.07↑10.58 83.89↑10.45

WHU

segf 79.5 88.23 88.17 88.31
segf + Transconv 80.69 89.01 88.86 89.18

segf + ASPP 81.23 91.16 92.95 89.45
This study 81.69↑2.19 91.09↑2.86 92.46↑4.78 89.76↑1.45

When the experiments are conducted on the AISD, the MBD, and the WHU dataset, the
precision evaluation indicators obtained for the improved network are superior compared
to those obtained for the original network (Table 3). This suggests the validity of the im-
proved network for building extraction suggested in this paper. For the improved network,
the enhancing effects of the precision indicators on the MBD are the best, where mIoU, F1,
precision, and recall indicators increased by 9.76%, 10.54%, 10.58%, and 10.45%, respectively.
However, the applicability of the original network to this dataset is inferior, with a mIoU
of 66.09%. After the optimization, the improved network shows a stronger capability of
feature extraction and fusion. This can improve the focus and recovery of semantic and
feature information of different layers and efficaciously elevate the segmentation precision
of the whole model.

(2) Visualization of the training process

During the training process, variations of the loss value and segmentation precision of
both original and improved SegFormer network models are tested on the MBD and are
shown in Figure 11.

During the training process, the overall training curve shows a gentle tendency, and
the fluctuation of the precision curve of the improved network is smaller than that of the
original network after adding the transposed convolutional network module (Figure 11a,b).
Higher precision of the improved network can be realized in a shorter time compared with
the original network. During the training process, the improved network can dynamically
adjust according to the contextual information, as shown by the contrast of the dynamic
variation curves of precision and loss. Furthermore, the improved network can more
efficiently supplement the detail features and semantic features, possessing preferable
extraction precision, generalization capacity, and universality.
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3.3.2. Ablation Experiment of Multiple Normalization Activation Layers

The multiple accumulations on the MBD are adopted to analyze the improvement
effect of the stacking normalization activation layer. This will increase the understanding
of the availability and contribution of the added modules in the established transposed
convolutional networks, and investigate the promotion effect of cascading multiple normal-
ization activation on the network expression capacity and precision. The addition method
is shown in Figure 4.

The selected evaluation indicators of mIoU, F1, precision, and recall are improved
along with the multiple superpositions of normalization activation layers (Table 4). Among
them, mIoU, F1, precision, and recall increased by 3.11%, 1.27%, 0.58%, and 1.81%, respec-
tively. The precision improvement is reached to the maximum when the four normalization
activation layers are embedded in the convolution network. Experiments validate that
the detection capacity of the improved network can be enhanced after the introduction of
multiple normalization activation layers.
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Table 4. Ablation experiment of the normalization activation layer.

The number of
normalization

activation layers

L = 1 × X X X X

Optimal mechanism
promotion

L = 2 × × X X X

L = 3 × × × X X

L = 4 × × × × X

mIoU 72.74 74.02 74.78 75.42 75.85 3.11
F1 86.97 87.02 87.52 87.54 88.24 1.27

Precision 92.49 92.5 92.74 93.11 93.07 0.58
Recall 82.08 82.16 82.87 82.6 83.89 1.81

3.3.3. Dilation Rate Ablation Experiment of Atrous Spatial Pyramid Pooling
Decoding Module

This paper also verifies the effects of different dilation rate combinations on the
performance of the ASPP module. The comparative experimental results based on the
MBD are shown in Table 5, which demonstrates that the effect of non-identical continuous
convolution is superior. The precision of the combination of 1, 3, 6, 9 is increased by 0.33%
compared with the combination of 1, 2, 2, 2, and the effect of prime number combination
is better with the large dilated kernel. When the combination is 1, 5, 11, 17, the precision
is elevated by 0.27% compared with the combination of 1, 6, 12, 18. The second dilation
rate is not greater than the maximum size of the convolution kernel. However, when the
combination is 1, 3, 11, 17, the precision is enhanced by 2.15% relative to the combination
of 1, 5, 11, 17. Based on this, the discontinuous atrous convolution combination of 1, 3, 11,
17 with the common divisor of 1 and a large dilation rate is chosen. During the experiment,
the precision of this combination is enhanced by 1.96–3.93% relative to other combinations.
The loss of relevant information can be reduced, and the effect of capturing contextual
information of objects at different scales can be advanced at a reasonable dilation rate.

Table 5. Effects of different dilation Rates on the performance of the ASPP module.

Dilation Rate Combination mIoU

1, 2, 2, 2 71.92
1, 3, 6, 9 72.25

1, 2, 5, 11 72.96
1, 6, 12, 18 73.43
1, 5, 11, 17 73.7
1, 3, 11, 17 75.85

3.4. Comparison Experiment

The experimental dataset is obtained from the AISD, the MBD, and the WHU dataset,
and the analysis is based on high-precision pixel-level labels. Therefore, the scope, dis-
tribution, and geometric outline of buildings on images can be precisely shown. In this
experiment, the label information of the original dataset is visualized on images and
compared with the experimental results. The validity of this improved algorithm is demon-
strated using several kinds of classical mainstream deep learning semantic segmentation
algorithms. High-resolution net (HRnet), PSPNet, U-Net, DeepLabv3+, and the original
SegFormer network are selected to compare the algorithm of this paper, and comparative
results are presented in Table 6:
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Table 6. Precision comparison of different methods.

Detection Network
HRnet PSPNet U-Net DeepLabv3+ SegFormer Methods of

This Paper
Optimal

Promotion (%)Dataset Evaluation
Indicator (%)

AISD

mIoU 77.17 70.75 80.39 76.37 82.17 88.43 17.68
F1 86.95 82.56 89.00 86.42 90.11 93.81 11.25

Precision 86.74 82.68 88.94 86.26 89.93 93.85 11.17
Recall 87.17 82.45 89.07 86.59 90.30 93.77 11.32

MBD

mIoU 55.93 45.41 73.58 53.52 66.09 75.85 30.44
F1 68.71 60.50 83.68 67.64 77.70 88.24 27.74

Precision 76.10 73.05 86.92 78.15 82.49 93.07 20.02
Recall 62.62 51.63 80.67 59.62 73.44 83.89 32.26

WHU

mIoU 75.32 66.43 77.10 72.22 79.50 81.69 15.26
F1 85.41 78.87 86.67 83.21 88.24 91.09 12.22

Precision 85.62 80.60 87.84 84.14 88.17 92.46 11.86
Recall 85.20 77.22 85.54 82.30 88.31 89.76 12.54

The overall experimental precision of the improved method is superior to that of
the original SegFormer model and the other mainstream methods used in the last few
years (Table 6). Therein, on the AISD, mIoU, F1, precision, and recall are up to 88.43%,
93.81%, 93.85%, and 93.77%, respectively; on the MBD, these four indicators are 75.85%,
88.24%, 93.07%, and 83.89%, respectively; on the WHU dataset, the values of corresponding
four indicators are reached to 81.69%, 91.09%, 92.46%, and 89.76%, respectively. On
three datasets, relative to the comparison method, the optimal promotion of mIoU of the
improved method is 17.68%, 30.44%, and 15.26%, and the optimal promotion in precision is
11.17%, 20.02%, and 11.86%.

When diverse extraction methods are used to test the MBD, the experimental precision
of all algorithms is significantly lower than that of the other two datasets (Table 6). This
is because all images in the MBD are large-scale scene images. As shown in Figure 10,
the coverage area of a single image is extremely wide, and there is a significant difference
between the image scale of the MBD and that of the other two datasets. Additionally, when
extracting buildings in wide-range scenes, the building styles, spectral features, and shadow
features of the MBD are more diverse and complicated than those of the other two datasets.
The experimental effect of the segmentation network on the MBD is not ideal. Nevertheless,
after the network optimization, the improved network has efficaciously enhanced the
detection precision of the MBD, among which mIoU, F1, precision, and recall have increased
by 9.76%, 10.54%, 10.58%, and 10.45%, respectively. After the network improvement, the
experimental detection precision has been elevated by the order of magnitude. This is
indicated by the strengthened applicability of large-scale scene images, better performance
on large-scale datasets, and stronger robustness in the face of intricate buildings and
variable environments, validating the effectiveness of the improved algorithmsection.

The model complexity and efficiency of Hrnet, PSPNet, UNet, Deeplabv3+ and the
original SegFormer network are compared with the algorithm in this paper, and the results
are shown in Table 7. In the experiment, the input size is set to 512 × 512 when calculating
GFLOPs. The training time is the time required for one iteration of the MBD. As can be
seen from Table 7, the mIoU of the algorithm in this paper improves greatly when GFLOPs,
parameters and training time increase slightly, which is of high application value while
costing less.
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Table 7. Network complexity analysis.

Network GFLOPS
/G

Parameters
/M

Computation Time
(sec/epoch) mIoU

HRnet 79.539 29.538 14 75.32
PSPNet 5.873 2.377 7 66.43
U-Net 451.94 24.891 20 77.1

DeepLabv3+ 52.846 5.818 7 72.22
SegFormer 13.674 3.72 15 79.5

Methods of this paper 27.17 3.903 18 81.69

Figure 12 shows the experimental prediction results of HRnet, PSPNet, U-Net, DeepLabv3+,
the original SegFormer algorithm, and the algorithm presented in this paper. The performance
of various algorithms is assessed according to the visualization of detection results. Therein,
column (a) is the original image, column (h) is the dataset label, columns (b)–(f) are the detection
results of the other networks, and column (g) is the detection results of the improved network.
According to Figure 12, while testing on the identical image, the detection results of the improved
network are better than those of other networks in the following aspects:

(1) The integrity of the detection edge is better, and the boundary transition is more
regular and smoother: the architectural form of the building is neat. The 1st and 2nd
rows in Figure 12 show that the detection of a single independent building by the
HRnet, PSPNet, and SegFormer is poor, especially depicting the right-angle side of
the building. The U-Net and improved network can exactly locate the sideline of
the building. Nevertheless, in edge detection, the improved network is more intact
and reasonable in the transition of edge detection details than the U-Net network.
The improved network in this study can better differentiate the background from
the building boundary relative to the SegFormer network. The improved network
revises the regular edges of buildings better and obtains apparent enhancement in the
detection effect.

(2) The construction of building feature information is improved, the missing and false
detection due to the inter-class similarity of ground objects is efficaciously inhib-
ited, the multi-scale generalization capacity is strong, and the detection rate of tiny
buildings is enhanced. In the 3rd and 4th rows of Figure 12, when the color of tiny
buildings in the original image is similar to that of the ground objects in surrounding
background and when there is a large-scale difference between tiny buildings and the
surrounding buildings, the phenomenon of missing buildings occurs in the PSPNet
and DeepLabv3+ experiments. In the experiments of HRnet, U-Net, and SegFormer,
though the positioning of some buildings can be realized, they cannot be validly
detected. In contrast, the improved network exactly locates tiny buildings and detects
their distribution range and edges.

(3) The reservation of detailed feature information is abundant and intact, and the dif-
ferentiation capacity for buildings and their surrounding backgrounds is powerful.
According to the 5th and 6th rows in Figure 12, when detecting polygonal buildings
and aiming at the transition of edge texture, the evident edge fitting, the severe loss of
edge details in angle and corner, and the erroneous judgment of building distribution
on a large scale exist in the comparison algorithms. However, the improved network
restores more intact details compared with other networks. There is little difference in
the distribution range and outline when the detection results of the improved network
are compared with the label information.

(4) Limited by feature similarity: the spectral similarity interferes greatly and the inhibi-
tion of negative features is weak. When the background with similar characteristics
is mixed, the building classification performance is mediocre. There are still great
challenges in the discrimination of detection algorithms.
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4. Conclusions

To obtain high-precision extraction of buildings in remote sensing images, based on
SegFormer, this paper presents a method for building detection in remote sensing images.
This novel method consists of an improved sampling mechanism and a decoding structure,
which ameliorates issues such as missing and false detection of buildings, poor edge in-
tegrity, and poor effects of intelligent interpretation of remote sensing images resulting from
inter-class similarity and intra-class inconsistency of buildings. The main improvements of
the new algorithm are the use of a spatial pyramid pooling decoding module fusing atrous
convolution and the introduction of the transposed convolutional network to optimize
the sampling mode. These improvements make the algorithm efficiently screen positive
information about buildings while inhibiting and filtering negative information and easing
the issue of missing semantic information and detail features. The ablation and contrast
experiments are carried out on the remote sensing image AISD, MBD, and WHU dataset.
The experimental results show that the improved algorithm is more accurate in boundary
segmentation than the other methods, and the false detection of buildings is reduced. It
can be applied to large-scale scene detection and intelligent judgment and drawing, which
provides strong support for surveying and mapping production. In the next step, we will
explore the building detection method to suppress the spectral imaging interference of
remote sensing images.



Sensors 2023, 23, 1258 16 of 17

Author Contributions: Conceptualization, M.L. and J.R.; Methodology, M.L. and J.R.; Validation, S.Y.;
Investigation, S.Y.; Writing—original draft, M.L. and Z.L.; Writing—review & editing, Z.L., L.R., L.M.,
Q.L., X.S. and X.Z.; Project administration, M.L. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data used to support the findings of this study are included in
this article.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Zhou, J.; Liu, Y.; Nie, G.; Cheng, H.; Yang, X.; Chen, X.; Gross, L. Building Extraction and Floor Area Estimation at the Village

Level in Rural China via a Comprehensive Method Integrating UAV Photogrammetry and the Novel EDSANet. Remote Sens.
2022, 14, 5175. [CrossRef]

2. Wang, Y.; Cui, L.; Zhang, C.; Chen, W.; Xu, Y.; Zhang, Q. A Two-Stage Seismic Damage Assessment Method for Small, Dense, and
Imbalanced Buildings in Remote Sensing Images. Remote Sens. 2022, 14, 1012. [CrossRef]

3. Degas, A.; Islam, M.R.; Hurter, C.; Barua, S.; Rahman, H.; Poudel, M.; Ruscio, D.; Ahmed, M.U.; Begum, S.; Rahman, M.A.; et al.
A survey on artificial intelligence (ai) and explainable ai in air traffic management: Current trends and development with future
research trajectory. Appl. Sci. 2022, 12, 1295. [CrossRef]

4. Haq, M.A.; Rehman, Z.; Ahmed, A.; Khan, M.A.R. Machine Learning-based Classification of Hyperspectral Imagery. Int. J.
Comput. Sci. Netw. Secur. 2022, 22, 193–202.

5. Jiang, H.; Peng, M.; Zhong, Y.; Xie, H.; Hao, Z.; Lin, J.; Ma, X.; Hu, X. A Survey on Deep Learning-Based Change Detection from
High-Resolution Remote Sensing Images. Remote Sens. 2022, 14, 1552. [CrossRef]

6. Shafique, A.; Cao, G.; Khan, Z.; Asad, M.; Aslam, M. Deep learning-based change detection in remote sensing images: A review.
Remote Sens. 2022, 14, 871. [CrossRef]

7. Baduge, S.K.; Thilakarathna, S.; Perera, J.S.; Arashpour, M.; Sharafi, P.; Teodosio, B.; Shringi, A.; Mendis, P. Artificial intelligence
and smart vision for building and construction 4.0: Machine and deep learning methods and applications. Autom. Constr. 2022,
141, 104440. [CrossRef]

8. Han, Q.; Yin, Q.; Zheng, X.; Chen, Z. Remote sensing image building detection method based on Mask R-CNN. Complex Intell.
Syst. 2022, 8, 1847–1855. [CrossRef]

9. Chen, F.; Wang, N.; Yu, B.; Wang, L. Res2-Unet, a New Deep Architecture for Building Detection from High Spatial Resolution
Images. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2022, 15, 1494–1501. [CrossRef]

10. Yu, M.; Chen, X.; Zhang, W.; Liu, Y. AGs-Unet: Building Extraction Model for High Resolution Remote Sensing Images Based on
Attention Gates U Network. Sensors 2022, 22, 2932. [CrossRef]

11. Guo, H.; Du, B.; Zhang, L.; Su, X. A coarse-to-fine boundary refinement network for building footprint extraction from remote
sensing imagery. ISPRS J. Photogramm. Remote Sens. 2022, 183, 240–252. [CrossRef]

12. Liu, C.; Sepasgozar, S.M.; Zhang, Q.; Ge, L. A novel attention-based deep learning method for post-disaster building damage
classification. Expert Syst. Appl. 2022, 202, 117268. [CrossRef]

13. Sun, Y.; Zheng, W. HRNet-and PSPNet-based multiband semantic segmentation of remote sensing images. Neural Comput. Appl.
2022, 35, 1–9. [CrossRef]

14. Yang, H.; Xu, M.; Chen, Y.; Wu, W.; Dong, W. A Postprocessing Method Based on Regions and Boundaries Using Convolutional
Neural Networks and a New Dataset for Building Extraction. Remote Sens. 2022, 14, 647. [CrossRef]

15. Yoo, S.; Lee, J.; Farkoushi, M.G.; Lee, E.; Sohn, H.G. Automatic generation of land use maps using aerial orthoimages and building
floor data with a Conv-Depth Block (CDB) ResU-Net architecture. Int. J. Appl. Earth Observ. Geoinf. 2022, 107, 102678. [CrossRef]

16. Luo, J.; Zhao, T.; Cao, L.; Biljecki, F. Semantic Riverscapes: Perception and evaluation of linear landscapes from oblique imagery
using computer vision. Landsc. Urban Plan. 2022, 228, 104569. [CrossRef]

17. Wang, Y.; Zeng, X.; Liao, X.; Zhuang, D. B-FGC-Net: A Building Extraction Network from High Resolution Remote Sensing
Imagery. Remote Sens. 2022, 14, 269. [CrossRef]

18. Pinto, G.; Wang, Z.; Roy, A.; Hong, T.; Capozzoli, A. Transfer learning for smart buildings: A critical review of algorithms,
applications, and future perspectives. Adv. Appl. Energy 2022, 5, 100084. [CrossRef]

19. Zhou, Y.; Chang, H.; Lu, Y.; Lu, X. CDTNet: Improved image classification method using standard, Dilated and Transposed
Convolutions. Appl. Sci. 2022, 12, 5984. [CrossRef]

20. Ahmad, I.; Qayyum, A.; Gupta, B.B.; Alassafi, M.O.; AlGhamdi, R.A. Ensemble of 2D Residual Neural Networks Integrated with
Atrous Spatial Pyramid Pooling Module for Myocardium Segmentation of Left Ventricle Cardiac MRI. Mathematics 2022, 10, 627.
[CrossRef]

http://doi.org/10.3390/rs14205175
http://doi.org/10.3390/rs14041012
http://doi.org/10.3390/app12031295
http://doi.org/10.3390/rs14071552
http://doi.org/10.3390/rs14040871
http://doi.org/10.1016/j.autcon.2022.104440
http://doi.org/10.1007/s40747-021-00322-z
http://doi.org/10.1109/JSTARS.2022.3146430
http://doi.org/10.3390/s22082932
http://doi.org/10.1016/j.isprsjprs.2021.11.005
http://doi.org/10.1016/j.eswa.2022.117268
http://doi.org/10.1007/s00521-022-07737-w
http://doi.org/10.3390/rs14030647
http://doi.org/10.1016/j.jag.2022.102678
http://doi.org/10.1016/j.landurbplan.2022.104569
http://doi.org/10.3390/rs14020269
http://doi.org/10.1016/j.adapen.2022.100084
http://doi.org/10.3390/app12125984
http://doi.org/10.3390/math10040627


Sensors 2023, 23, 1258 17 of 17

21. Xie, E.; Wang, W.; Yu, Z.; Anandkumar, A.; Alvarez, J.M.; Luo, P. SegFormer: Simple and efficient design for semantic segmentation
with transformers. Adv. Neural Inf. Process. Syst. 2021, 34, 12077–12090.

22. Zhang, J.; Li, C.; Yin, Y.; Zhang, J.; Grzegorzek, M. Applications of artificial neural networks in microorganism image analysis: A
comprehensive review from conventional multilayer perceptron to popular convolutional neural network and potential visual
transformer. Artif. Intell. Rev. 2022, 56, 1–58. [CrossRef]

23. Khan, S.; Naseer, M.; Hayat, M.; Zamir, S.W.; Khan, F.S.; Shah, M. Transformers in vision: A survey. ACM Comput. Surv. (CSUR)
2022, 54, 1–41. [CrossRef]

24. Segu, M.; Tonioni, A.; Tombari, F. Batch normalization embeddings for deep domain generalization. Pattern Recognit. 2022, 135,
109115. [CrossRef]

25. Bingham, G.; Miikkulainen, R. Discovering parametric activation functions. Neural Netw. 2022, 148, 48–65. [CrossRef]
26. Huang, Y.; Wang, Q.; Jia, W.; Lu, Y.; Li, Y.; He, X. See more than once: Kernel-sharing atrous convolution for semantic segmentation.

Neurocomputing 2021, 443, 26–34. [CrossRef]
27. Cui, F.; Jiang, J. Shuffle-CDNet: A Lightweight Network for Change Detection of Bitemporal Remote-Sensing Images. Remote

Sens. 2022, 14, 3548. [CrossRef]
28. Wang, P.; Chen, P.; Yuan, Y.; Liu, D.; Huang, Z.; Hou, X.; Cottrell, G. Understanding Convolution for Semantic Segmentation. In

Proceedings of the 2018 IEEE Winter Conference on Applications of Computer Vision (WACV), Lake Tahoe, NV, USA, 12–15
March 2018; pp. 1451–1460.

29. Abdollahi, A.; Pradhan, B.; Alamri, A.M. An ensemble architecture of deep convolutional Segnet and Unet networks for building
semantic segmentation from high-resolution aerial images. Geocarto Int. 2022, 37, 3355–3370. [CrossRef]

30. Wang, L.; Fang, S.; Meng, X.; Li, R. Building extraction with vision transformer. IEEE Trans. Geosci. Remote Sens. 2022, 60, 1–11.
[CrossRef]

31. Wang, H.; Miao, F. Building extraction from remote sensing images using deep residual U-Net. Eur. J. Remote Sens. 2022, 55, 71–85.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1007/s10462-022-10192-7
http://doi.org/10.1145/3505244
http://doi.org/10.1016/j.patcog.2022.109115
http://doi.org/10.1016/j.neunet.2022.01.001
http://doi.org/10.1016/j.neucom.2021.02.091
http://doi.org/10.3390/rs14153548
http://doi.org/10.1080/10106049.2020.1856199
http://doi.org/10.1109/TGRS.2022.3186634
http://doi.org/10.1080/22797254.2021.2018944

	Introduction 
	The Building Extraction Network of Improved SegFormer 
	SegFormer 
	Improvement Strategy 
	Sampling Module Based on the Transposed Convolutional Network 
	Spatial Pyramid Pooling Decoding Module Fused Atrous Convolution 


	Experiment and Analysis 
	Experimental Dataset 
	Experimental Environment and Parameter Setting 
	Ablation Experiment 
	Ablation Experiment with Different Mechanism Modules 
	Ablation Experiment of Multiple Normalization Activation Layers 
	Dilation Rate Ablation Experiment of Atrous Spatial Pyramid Pooling Decoding Module 

	Comparison Experiment 

	Conclusions 
	References

