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Abstract: Semantic segmentation of high-resolution remote sensing images plays an important role in
applications for building extraction. However, the current algorithms have some semantic information
extraction limitations, and these can lead to poor segmentation results. To extract buildings with high
accuracy, we propose a multiloss neural network based on attention. The designed network, based on
U-Net, can improve the sensitivity of the model by the attention block and suppress the background
influence of irrelevant feature areas. To improve the ability of the model, a multiloss approach is
proposed during training the network. The experimental results show that the proposed model offers
great improvement over other state-of-the-art methods. For the public Inria Aerial Image Labeling
dataset, the F1 score reached 76.96% and showed good performance on the Aerial Imagery for Roof
Segmentation dataset.

Keywords: building extraction; attention block; multiple losses; semantic segmentation; remote
sensing images

1. Introduction

With the development of remote sensing technology, high-spatial-resolution images provide more
and more semantic and detailed information. Automating semantic segmentation is crucial to the
development of the industry and has also gained the attention of more and more researchers [1].
Extracting information from remote sensing images efficiently and accurately remains a difficult task.
In the past few years, deep learning has enabled remarkable breakthroughs in the field of data and
image processing [2]. Convolutional neural networks have been shown to have great advantages in
image classification, object detection, and semantic segmentation. Although some image segmentation
algorithms have achieved good results, there are still many problems to be solved for remote sensing
information extraction [3–5]. Unlike the segmentation of natural scene images, remote sensing image
segmentation often requires more professional background knowledge [6].

With the continuous improvement in the spatial resolution of optical remote sensing images,
building detection from high-resolution images has attracted increasing attention. There are various
methods for building extraction from remote sensing images including feature extraction based on prior
knowledge such as strong edge, shape design, roof color, shadow, etc. [7]. Some methods are based on
building roof detection techniques such as template matching [8], mathematical morphology [9,10],
and active contours [11,12], and graph theory [13,14], random forests [15], and support vector
machines [16,17] have also been employed. These methods are based on prior knowledge, taking into
account the complexity and diversity of building shape, roof surface, imaging conditions, and spatial
environment, etc., and they are easily confined to specific building shape areas [18].
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In recent years, because of the rapid development of deep learning in computer vision, compared
with traditional building detection or semantic segmentation of remote sensing images, deep learning
methods have been seen as advantageous in automatically extracting high-dimensional features.
The general convolutional neural network (CNN) model cannot produce accurate building contours.
Therefore, in certain circumstances, post-processing of segmented graphs is still necessary [19]. The
use of full convolution networks (FCNs) greatly improves the training and prediction efficiency of
the model. FCNs provide a learning framework for end-to-end image semantic segmentation by
transforming the full connection layer of the CNN into the convolution layer [20]. At present, FCNs
have been used in building detection from aviation and satellite images [21,22]. In addition to FCNs,
there are some methods based on CNNs for semantic segmentation such as instance segmentation and
segmentations based on recurrent neural networks (RNNs).

Instance segmentation is also a pixel-level classification that is specific to individual instances.
There are complex structures and overparameterizations [23] in the models, and sometimes, instance
segmentation exhibits better performance in terms of accuracy and stability. As the regression of the
anchor in the instance segmentation model can better locate the target region, location accuracy is
relatively high. However, the effect of boundary processing is not very satisfactory. Moreover, this
method does not consider the connection between the pixels to be segmented. Meanwhile, as the
network structure is mostly used for the regression of the anchor describing the target location, the area
of interest that is not inside the anchor may not be segmented. Moreover, as buildings are relatively
dense in urban areas, there are some buildings that are not single entities, which means that instance
segmentation is not effective in detecting individual buildings.

In contrast to instance segmentation, with the proposed use of the attention mechanism, the RNN
series has been gradually applied in the segmentation field. This mechanism forms a directed cycle by
using backward connection to improve the segmentation result. In this way, features are treated as
a sequence of time-series structures [24]. Bergado et al. merged recurrent methods into the task of
semantic segmentation when ReuseNet learns the content dependency in the label and redefines the
segmentation result. ReuseNet applied the semantic segmentation operations in Rcycle, in which each
cycle takes the score map of the previous cycle concatenated with the original image as input. The
method based on generative adversarial networks (GANs) optimizes the final result by forcing pixels
to define the relationship between adjacent pixels. The authors in [25] first proposed the use of GANs
to train segmented networks, where the segmentation network is trained with an adversarial network
until the adversarial network cannot distinguish between the output of the segmentation network and
the label image. However, for image segmentation, GAN-trained models are generally less robust than
general learning methods.

In summary, neural networks have made great progress and development in processing the
semantic segmentation of remote sensing images. To extract buildings from complex features accurately,
there are many semantic problems such as the blocking of buildings by trees, the similarity of roads
and some buildings in spectral characteristic curves, and the cover of shadows caused by topography,
all of which will lead to the absence of segmentation results [26]. There are two main problems in
the segmentation module at the present stage. The first is that the high-dimensional features are
insensitive to the response of background information and the target region. Some methods cannot
accurately distinguish background information from the target region, which results in the loss of
spatial information in the extraction process of high-dimensional features. In the process of upsampling,
due to insufficient spatial information, the results of segmentation become grids at the pixel level
and salt-and-pepper noise occurs. As the model only classifies at the pixel level and ignores the
relationship between pixels, spatial discontinuity of the segmentation results appears. The second
aspect is boundary ambiguity. Conventional segmentation methods only consider the intersection
ratio (IoU) between the target image and the output result. Although the prediction accuracy of the
model is improved, the boundary of the output result will become fuzzy and irregular.
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For semantic segmentation, top-down architectures such as UNet [27], SharpMask [28], SegNet [29],
and the Feature Pyramid Network (FPN) [30] have been proposed to further improve the efficiency
and performance. Generally, the development of these models is driven by the reduction of spatial
information input to the image after passing through several convolutional sum aggregation layers,
which will lead to blurring of the boundary or poor edge precision of segmentation results. The
network structure does not perform well in the semantic segmentation of buildings, mainly because
the high-dimensional features are pooled or stride-convolved, and the spatial information of local
and regions of interest is lost. Therefore, some scholars compensate for local information [31–33] by
designing a highway. However, because of the unexplainability of features, the selection of the number
of feature channels is a major problem. In addition, the DeepLab series network [34–36] model was
designed by Google, where the feature extraction of images by atrous convolution achieves a larger
receptive field and a good generalization effect for multiscale problems in the region of interest.

In this study, a multiloss-based UNet model with an attention block (AMUNet) is proposed.
The attention block mainly aims at enhancing the sensitivity of extracting high-dimensional feature
information from the model and controls each pixel of the feature map by using a gate to suppress
the influence of background information. By considering the lower dimension of information and
compensating for less information of the high-dimensional features, we designed the attention block.
Therefore, it is necessary to use a large-scale convolution feature map to obtain local information in
a larger range of receptive fields, so that it can compensate for the lost spatial information by the
high-dimensional features. Concurrently, we also propose a multiloss method to solve the problem
that the boundary of the segmentation region is not clear. In this work, we used a loss function based
on the pixel level to constrain the amount of segmentation information first, and then an IoU loss
function was used to constrain the output result at the pixel level.

2. Methodology

In this work, we explored the structure of the network to overcome the insensitivity problems
to the region of interest, adopted a gate control mechanism based on the attention mechanism, and
designed an end-to-end feature map processing method (Figure 1). The designed model mainly
involved three modules: downsampling, attention, and upsampling. Inspired by multitasking, we
designed a structure with multiple losses to optimize the binary results, which made full use of the
features as much as possible to ensure segmentation accuracy. However, as there are many types of
ground objects in remote sensing images, in the case of three bands, many targets will exhibit certain
similarities. This will cause the boundary of the segmentation target area to be blurred and there will be a
lot of noise. Based on the multiloss, we proposed an attention mechanism (see Section 2 for details) to
solve these problems. Although attention mechanisms have been applied in the field of remote sensing,
in this article, inspired by SE-Net, we developed the attention mechanism aimed at the buildings’ features
in remote sensing imagery. The main improvement was modifying the position of Resampler to enhance
the sensitivity of the gate to the feature map. This improvement not only solves the problem that the
segmentation model is not sensitive to small buildings, but it also adopts the structure of GAP, which can
effectively suppress the background information and optimize the segmentation details.
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Figure 1. Module structure design based on attention. In the coding encoder part of the network, each
scale of the input image is filtered and sampled by two factors, step by step.
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2.1. Gate Control Based on the Attention Mechanism

Attention can be viewed, broadly, as a tool [37–41] to bias the allocation of the available processing
resources toward locating the target during multitasking and perform well. Research shows that the
attention mechanism has obvious advantages in image feature extraction and edge detection [42,43]. It
is a light channel selection mechanism that simulates the relationship between channels by calculating
the efficiency [44,45], thereby enhancing the feature extraction ability of basic modules in the whole
network. While the building extraction processing occurs in the decoder stage, the model’s ability to
interpret high-dimensional features will be weakened by the need for upsampling. Different scholars
have different views on this issue, of which there are two main perspectives. The first is the pyramid
scene parsing network (PSPNet), which is composed of feature pyramids by sampling high-order
features at different scales, and after spatial information fusion, the upper sampling stage is carried
out. For the upsampling stage, there is enough high-dimensional information, so no other information
compensation is needed, but multiple loss is needed to constrain the segmentation results. The second
is the skip connected approach, which is represented by UNet. In this approach, it is necessary to
compensate for the branch information of the feature in the process of upsampling. Based on this,
we proposed the attention module. The module is mainly composed of two parts: a gate control process
of high-dimensional features and information processing and statistics based on the gate mechanism.

2.1.1. Merging of Features at Different Scales

As the semantic information of features in different stages is a top–down context relationship
in space, so far, for semantic information fusion of different scales in space, we can use dense
upsampling [46] to fuse high-dimensional information or directly use upsampling to fuse additive
features. The former will lead to an exponential increase in the number of parameters, and the model
becomes very large. The latter does not make good use of the differences of different dimensional
features [47,48], resulting in a hackly boundary. The method proposed maps the features of two stages
to the same dimension through the convolution of unsynchronized amplitude for semantic information
fusion. For features in different dimensions xl

c1 and xl+1
c2 , the final output is as follows:

xi = σr
(
xl

c1 ∗ kc1,i + xl+1
c2 ∗ kc2,i

)
(1)

where ∗ represents convolution; c1, c2, and i represent the dimensions of feature space, if the feature
sizes are different, convolution needs to unify the feature sizes in steps greater than one; and σr

represents a rectified linear unit (ReLU). As shown in Figure 2, the above formula can fuse different
scale map features (xl

c1 and xl+1
c2 ) to a unified dimension (i, i = min (c1, c2)).
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2.1.2. Gate Control

Gate control can extract high-dimensional information and suppresses background information
by using a gate mechanism. The convolution layer gradually represents the representation of the
high-dimensional image (xl) by local information layer by layer. Finally, pixels are separated according
to the differences of target feature semantics in high-dimensional space. Through the continuous
change process, the model prediction is based on the information collected in a small-to-large receiving
field. Therefore, the feature map xl is obtained by a linear transformation and a nonlinear activation
function at the output of layer l, and the activation function is as follows: σ (xl

i,c) = max (xl
i,c, 0), where

c represents dimensions. Therefore, the output of the feature can be expressed as the convolution
operation represented by ∗ in the formula xl

c = σ1(
∑

xl−1
c−1 ∗ kci−1,c), and k is the convolution kernel size.

To capture a large enough receiving domain and obtain context-dependent information, features are
gradually downsampled in the standard CNN architecture, taking into account both global information
and local information. However, it is still difficult to accurately predict small objects with large
differences. To improve the accuracy, most semantic segmentation frameworks [47,48] rely on the
following segmentation steps. We prove that the same goal can be achieved by integrating the attention
gate (AG) into the standard CNN model, which does not need to train multiple models nor require
many additional model parameters. Compared with the multistage CNN localization model, AGs
gradually suppress the feature response of the irrelevant background area and do not need to cut
regions of interest in the network, and the attention coefficient αi ensures that the prominent area
and the suppressed background information are realized through the activation function. Figure 3
shows a schematic diagram of the attention module. We realized the compensation of low-dimensional
information to high-dimensional information through concatenating attention mechanism features
and upsampling features. By default, each pixel of the feature map Fl needs to be scalar scaled, so the
attention of the multihead needs to be used for processing in the case of multiple categories. Each gate
will focus on the corresponding feature map, so the modification of the attention mechanism is

qatt
(
xl

i, xl−1
g

)
= Sq

(
HT

x

(
WT

x xl
i + WT

g xl−1
g + bg

)
+ bH

)
= Sq

(
HT

x

(
Fi + bg

)
+ bH

)
(2)

αl
i = σ2

(
qatt

(
xl

i, xl−1
g

))
(3)

where Sq represents global average pooling; σ2 is the sigmoid activation function; and xl−1
g and xl

represent upsampling the feature maps and they are mapped into the same dimension space with
convolution coefficient matrix WT

x , WT
g , and HT

x .
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Figure 3. Attention module. The input feature (x) and activation feature maps are calculated. The
selection of the spatial region is based on the activation coefficient and context information provided by
the sigmoid to collect multiscale information. In the resampling stage, deconvolution is adopted to
conduct coefficient resampling of the feature maps.

The purpose is to map pixels that are not in the stage to the same dimension for information
processing and exchange. To improve the accuracy of feature response to small target information,
a resampler is placed in front of the activation function to provide more accurate and sensitive door
control information for the feature map. The output of the AG is processed based on pixel-level change
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as follows: x̂l
c = αi · xl

c, where x̂l
c represents the attention result, αi represents the gate coefficient, and xl

c
is feature maps.

2.2. Multiloss Approach Based on Pixels

To further improve the accuracy of the network, we proposed a multiloss approach to optimize
the results of semantic segmentation. Bischke proposed the multitask loss method to enhance the
final semantic segmentation results and used different data functions to constrain the data results
in different aspects to achieve a good result of constraining the model output. However, before the
feature is activated, if the dimension of the feature is large, the network model will not converge,
and the accuracy will fluctuate. At the same time, many unnecessary parameters will be introduced,
resulting in a higher accuracy of the output of the loss 1 stage than that of the loss 2 stage. To solve
this problem, we proposed a multiloss method to optimize the results. Figure 4 shows a structural
diagram of the multiloss method. For the last two convolutions, the semantic segmentation results
are optimized through different losses, which means that the output of the model is constrained by
two loss functions, and the final convolution layer plays the role of fine-tuning the results. In terms of
loss function composition, we used the sum of the basic loss and the offset loss to form the final loss.
The first is the basic loss. We used pixel-based loss, which mainly measures each pixel value in the
upsampling and is divided into two parts. The first part is the total amount of information carried by
the pixel and is represented by the binary cross entropy; the second part is based on the pixel value
gap measurement, which compares the difference between the segmentation result and the artificially
produced label in pairs [49–52]. Pixel-based loss is a function that changes the edge probability index
(the probabilistic Rand index, PRI) to segmentation statistics. Let I (lsi = lsj) be a binary function defined
between the label and the segmented pixel pair (xi, x j). Then, PRI can be defined as

PRI(S, Sk) =
1(
N
2

) ∑
i, j,i, j

[
I
(
lSi = lSk

j

)
pi j + I

(
lSi , lSk

j

)
pi j

]
(4)

where N represents the number of pixels; Sk represents the set of segmentation labels and S represents
the set of ground truth; and pi j represents the probability. According to experience, pi j is calculated
from the average of all the divided pixel pairs and the PRI is between 0 and 1, where 0 indicates that the
segmentation result is opposite to the segmentation label, and 1 indicates that the segmentation result
is completely correct and each pixel is accurately classified. This measure appropriately improves the
measurement of pixel classification results because it is from the perspective of human observation. A
standardized random probability index (NPR) index extends the PRI metric, allowing for a comparison
of segmentation between different images. Specifically, it uses the expected value of the input image to
normalize the NPR, so the average NPR is 0 and the range is greater than the PRI. We define the loss as
the pixel-based loss (PBL):

losspbl = 1− PRI (5)

In the selection of biased loss for loss 1, the main purpose of lossdice and lossce is to extract the
information step by step and make a preliminary evaluation and impose a constraint on the segmented
edge information and total accuracy information. Loss2 mainly uses loss jacaard to refine the output of
the previous phase. The formulas are as follows:

loss1 = α1lossce + β1lossdice (6)

loss2 = α2losspbl + β2losss jaccard (7)

where α1, α2, β1, and β2 are bias parameters; and αi + βi = 1, which is used to determine the sensitivity
of the control segmentation boundary. lossce represents the cross-entropy loss function, lossdice represents
the dice coefficient loss function, and losss jaccard represents the Jaccard coefficient loss function. If the
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boundary information is more complex, then the value of α needs to be increased; in contrast, if the
boundary information is more regular, then the value of β needs to be increased.Remote Sens. 2020, 12, x FOR PEER REVIEW 7 of 18 
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an activation function.

In terms of the general structure of the network, the attention block was adopted based on Unet.
Given the parameter problem, adding random deactivation was chosen to increase the richness of the
network parameters in the network. At the same time, the deactivation rate is gradually reduced with
the process of the decoder; that is, the deactivation rate is inversely proportional to the level of the
decoder. In the initial stage of the decoder, a higher deactivation rate is selected; as the decoder stage
progresses, a lower deactivation rate is gradually selected. When the feature is in the high-dimensional
stage, the information related to the building needs to be compensated for, so the network needs to
randomly filter out some information unrelated to the building. With the progress of the decoder, the
number of channels of the feature map is gradually reduced, and the location information carried by
the feature in the process of upsampling needs to be compensated for, so the deactivation rate needs to
be reduced to yield the real location information.

3. Materials and Results

3.1. Datasets

In this section, two databases were used for the experiments: the Inria aerial image labeling
dataset for buildings [21] was used to demonstrate the effect of the model and the Aerial Imagery for
Roof Segmentation [53] dataset was used to verify the effect of the model.

3.1.1. Inria Aerial Image Labeling Dataset

The Inria aerial image labeling dataset for buildings is a dataset that automatically labels pixels
including a coverage area of ~810 km2, of which 405 km2 is used for training and the other 405 km2 of
data is used for testing. The data mainly include 360 high-resolution remote sensing images including
several different countries, particularly, Austin, Chicago, Kitsap County, West Tyrol, and Vienna. The
terrain and landforms in these areas have obvious differences. The spatial resolution of the images is
0.3 m and the size of each image is 5000 × 5000 pixels. Only 180 images are provided with labels in this
dataset, and the other 180 images are only provided for testing the generalization ability of an online
test. In this paper, we not only used the first five images of five cities as routine tests, but also used
180 images without labels as the basis of the model generalization test. In fact, on the official website of
the Inria Aerial Image Labeling dataset, there is a clear introduction that the first five images of each
city are used as test samples, and the remaining images are used as training samples. The data for
the five regions are each highly representative. In Austin, there are many trees around buildings, the
edges of the building are covered, and the distribution is not very dense. In Chicago, the building scale
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is large, but some buildings are small and the distribution is dense. Kitsap County has more green
space and the buildings are unevenly distributed. In Vienna, the buildings are very numerous with
complex shapes, and the distribution is dense. These remote sensing images cover urban land use
in different areas, from densely populated areas (such as San Francisco) to towns in high mountains
(such as Lienz in the Austrian Tyrol).

3.1.2. Aerial Imagery for Roof Segmentation Dataset

The Aerial Imagery for Roof Segmentationdataset is a very high-resolution public dataset for
building detection. The dataset comprises a data image of the entire city of Christchurch in the southern
part of New Zealand. The ortho image covering 457 km2 includes ~220,000 buildings with a resolution
of 0.075 m and is an orthographic image.

Comparing the Aerial Imagery for Roof Segmentationdataset with the Inria aerial image labeling
dataset for buildings, although the spatial resolution of the image has been improved, it can be seen
that the regional span is not very large. The ability to test the model alone is not strong, so during
the experiment, we mainly used the Inria aerial image labeling dataset for buildings to perform the
generalization test for large-scale images and the details of subsequent ablation-based experiments. We
used the Aerial Imagery for Roof Segmentationdataset to supplement the description of the processing
power of the model for large-scale buildings and the processing of boundary details when segmenting
ortho-resolution images.

3.2. Results

In this paper, the experiments were divided into three stages. The first stage was to make a
comparison to the UNet model itself. The second stage entailed improving the accuracy and robustness
of the model after adding the improved attention module. The third stage was to verify the proposed
model and determine how much of the final accuracy could be achieved in the test set.

A few simple model simplification tests were performed to test how much effect the AMUNet
module had on segmentation. The 180 samples with real data from five cities were divided into two
parts according to a 31:5 ratio. The first part used the training set (where the training set still needs to
be allocated according to a ratio of 4:1) as the model training work. The second part was the test set to
take the first five remote sensing images of each city as test images.

Figure 5 shows a schematic diagram of the results made on the evaluation set. Training was
performed using 30 images; five images were evaluated to obtain a model for evaluation, and the
final output was the result graph. The result maps were from four regions (Chicago, Kitsap, Tyrol,
and Vienna), and their distributions and geographic spatial layouts were significantly different. The
picture size was 512 × 512. The AMUNet model has shown good generalization effects on different
distributions. It can be clearly seen from the results that, after adding the attention module and a
multiloss module, its prediction accuracy was significantly improved, the boundary and shape of the
region of interest had been qualitatively improved, and the model also well suppressed salt-and-pepper
noise and background information. In terms of the overall effect, the AMUNet model also exhibited
a very good generalization ability. It can be seen from the figure that, whether for the dense and
concentrated environment of Chicago, or in many large areas that require larger and wider receptive
fields such as Kitsap, or in suburbs where the buildings are more regularly distributed, the AMUNet
model exhibited very good robustness to the building information that could be accurately extracted
under different scales and different distributions.

To analyze the ability of the proposed method, a series experiments was conducted done. In the
experiments, we evaluated and measured whether the designed model has an enhanced effect on
accuracy. The main focus was on how much accuracy could be improved from the basic model to the
AMUNet model. It can be seen from Table 1 that once attention was added, accuracy was increased by
1.98% and that of IoU was increased by 17.31%. This was due to the increase in the diversity of location
information. The field strengthened the model’s generalization ability, increased the recognition
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accuracy, and enhanced model performance. The accuracy improvement from UNet to attention UNet
was very large, especially the improvement of IoU. It can be seen from the results that the ability of
attention to suppress noninterest areas was very strong and enhanced the robustness of the model.
After adding the multiloss module, the result performed better. With the addition of the multiloss
module, the prediction accuracy of the model further increased by 1.68%, and the segmentation result
reached a relatively high accuracy compared with the current model. The overall accuracy of IoU
increased by 9.78%, which indicates that the multiloss module improved the results.

Remote Sens. 2020, 12, x FOR PEER REVIEW 9 of 18 

 

    
(a) Input (b) Label (c) Unet (d) AMUNet 

Figure 5. (a) Original image selected to process the data into four regions (Chicago, Kitsap, Tyrol, and 

Vienna) and (b) ground truth. (c) UNet processing results. (d) AMUNet processing results. 

To analyze the ability of the proposed method, a series experiments was conducted done. In the 

experiments, we evaluated and measured whether the designed model has an enhanced effect on 

accuracy. The main focus was on how much accuracy could be improved from the basic model to the 

AMUNet model. It can be seen from Table 1 that once attention was added, accuracy was increased 

by 1.98% and that of IoU was increased by 17.31%. This was due to the increase in the diversity of 

location information. The field strengthened the model’s generalization ability, increased the 

recognition accuracy, and enhanced model performance. The accuracy improvement from UNet to 

attention UNet was very large, especially the improvement of IoU. It can be seen from the results that 

the ability of attention to suppress noninterest areas was very strong and enhanced the robustness of 

the model. After adding the multiloss module, the result performed better. With the addition of the 

multiloss module, the prediction accuracy of the model further increased by 1.68%, and the 

segmentation result reached a relatively high accuracy compared with the current model. The overall 

accuracy of IoU increased by 9.78%, which indicates that the multiloss module improved the results. 

Figure 5. (a) Original image selected to process the data into four regions (Chicago, Kitsap, Tyrol, and
Vienna) and (b) ground truth. (c) UNet processing results. (d) AMUNet processing results.

From the model accuracy and IoU of UNet, attention UNet, and our method in Figure 6, it can be
seen that the accuracy of the three models was not very different: the overall accuracy was not only
significant, but the IoU improvement was very significant. While maintaining the accuracy of the
model, the model improved signal suppression in the noninterest area and the significantly improved
semantic information compensation of the contour. Figure 7 shows a schematic diagram of the test
segmentation results of our model. Here, Figure 7a–f are the prediction results on the dataset: blue
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indicates true positive pixels, white indicates true negative pixels, magenta indicates, false positive
pixels, and cyan indicates negative pixels. It can be seen that the blue area was large and very regular,
and had a good segmentation performance on various terrains, while missed and misdetected cases
rarely occurred. At the same time, we also validated the generalization ability on the Aerial Imagery
for Roof Segmentationdataset and performed fine-tuning based on the original model to verify the
generalization effect of the model on ultra-high-resolution remote sensing images. As shown in
Figure 8, it can be clearly seen that, when the scale of the image became larger, clearly large blurred
areas and unclear borders appeared in the segmentation results, but our model still performed well.

Table 1. Model generalization capability tests on Inria aerial image labeling (Inria Aerial Image
Labeling) test datasets.

Austin Chicago Kitsap Tyrol-w Vienna Overall

UNet IoU 79.95 70.18 68.56 49.38 54.82 49.69
UNet accuracy 97.10 92.67 99.31 84.44 96.11 93.07

Attention UNet IoU 64.58 63.54 66.17 68.44 70.69 67.18
Attention UNet accuracy 96.29 96.45 95.83 89.83 97.28 95.05

AMUNet IoU 84.43 81.22 68.13 79.97 85.05 79.76
AMUNet accuracy 97.29 96.45 93.83 98.83 97.28 96.73
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Figure 8. Predicted results on Aerial Imagery for Roof Segmentation data of extracted buildings.
(a,d) represent original image, (b,e) represent the results of Unet and (c,f) represent the results of
AMUnet Blue indicates true positive pixels, white indicates true negative pixels, magenta indicates
false positive pixels, and cyan indicates false negative pixels.

4. Discussion

4.1. Comparison to State-of-the-Art Methods

In the current model comparison, we selected the following mainstream remote sensing image
segmentation models for horizontal comparison: SegNet multitask loss, 2-level UNet, MSMT,
GAN-SCA, and other models, as these networks are very representative. The SM network is
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representative of multi-task image segmentation; 2-level Unet and MSMT are representatives of
deepened network structure models for image segmentation; and GAN-SCA represents the use of
adversarial training segmentation network. Following a common practice, 180 tiles images were
divided into a training set and test set. We followed data partitioning in deep learning methods where
80% were used to train the model and 20% were used to valid the model. Therefore, the remote sensing
images were divided into a training set (155 tiles) and a test set (25 tiles). The dataset was enhanced to a
certain extent, and 125 pieces of 5000 × 5000 clips were expanded to 200,000 pieces of 256 × 256 datasets
and 30 pieces of evaluation set data were enhanced to 8000 pieces of 256 × 256 pictures. The remaining
25 pieces were used for the test. The batch size was eight, the optimizer was the stochastic gradient
descent, and the input image size was 256 × 256 pixels.

Accuracy and IOU are indicators that can show the accuracy of the semantic segmentation of
images. As the IAIL dataset is public and has already been divided into training dataset and testing
dataset by the official website, therefore, it can better reflect the performance of the model during a
comparison with other state-of-the-art methods. From the data in Table 2, we can see the test results
of the generalization ability of the network in the Inria aerial image labeling dataset for buildings.
AMUNet performed well not only in Chicago and Vienna, but also in densely populated areas such
as Austin.

Table 2. Generalization ability of AMUNet on the Inria Aerial Image Labeling test dataset.

Austin Chicago Kitsap Tyrol-w Vienna Overall

SegNet + multitask loss [54], IoU 76.76 67.06 73.30 76.68 66.91 73
SegNet + multitask loss accuracy 93.21 99.25 97.84 91.71 96.61 93.07

2-level UNet IoU [55], 77.29 68.52 72.84 75.38 78.72 74.55
2-level UNet accuracy 96.69 92.4 99.25 98.11 93.79 96.05

MSMT [56], IoU 75.39 67.93 66.35 74.07 77.12 73.31
MSMT accuracy 95.99 92.02 99.24 97.78 92.49 96.06

GAN-SCA [53], IoU 81.01 71.73 68.54 78.62 81.62 77.75
GAN-SCA accuracy 97.26 93.32 99.30 98.32 94.84 96.61

AMUNet IoU 84.43 81.22 54.13 79.97 85.05 76.96
AMUNet accuracy 97.29 96.45 93.83 98.83 97.28 96.73

The SegNet + multitask method introduces a multi-task structure based on Segnet to improve
performance. Although SegNet + multitask achieved the highest accuracy in Chicago, the overall IOU
was not high. The 2-level U-Nets and MSMT had similar accuracy, with the former being superior to
the latter in terms of IoU in all regions. This is mainly because the 2-level U-Net is based on U-Net,
and its architecture is deeper than that of MSMT. GAN-SCA mainly resorts to the strategy of row
training, so most of the indicators were better than the second-level Unet, but the network structure of
GAN-SCA became deeper than that of AMUNet. At the same time, as the adversarial training method
was used in training, it was more difficult to train the model. Therefore, compared with other models,
AMUNet has great advantages. AMUNet has two obvious advantages: first, the attention mechanism
and multilosses can segment buildings under different terrains accurately and suppress background
information effectively. Second, the designed model has good scalability and can easily be further
enhanced by enhancing the encoder structure.

4.2. Ablation Study

In this section, we conducted a model simplification experiment. In the simplified experiment,
we tried to ensure that the experimental conditions were the same, except when comparing the loss,
where we used the cross-entropy loss function to compare with the multiloss module proposed.

To test the generalization ability of the model, we used the data of 180 images of five regions
with ground truth in the dataset and 180 remote sensing images without ground truth of another five
regions (Bellingham, Bloomington, Innsbruck, San Francisco (SFO), and Tyrol) to perform the model
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generalization test online, which was used to verify the generalization ability of the model, as given in
Table 3. It can be seen in the table that both the accuracy and the IoU for the AMUNet model had been
greatly improved. The AMUNet model also had a certain degree of robustness in the case of large
noise interference capabilities. As shown in Figure 9, for the test set data from the Bellingham area
where strong surface reflection was present, UNet produced a very large negative response, but the
AMUNet model did not respond too much, effectively suppressing nontarget areas and improving the
generalization ability of the model. Figure 10 shows a detailed view of the segmentation results of
UNet and our model. It can be seen that, when the color of the building changed, UNet suffered from
very poor segmentation, but the AMUNet model still showed the correct boundary information.

Table 3. Model generalization ability test.

Bellingham Bloomington Innsbruck SFO Tyrol-e Overall

UNet IoU 56.77 49.16 55.90 59.16 59.78 57.10
UNet accuracy 95.71 95.25 94.89 86.67 96.41 93.79

Attention UNet IoU 58.03 53.81 62.86 61.22 64.13 60.47
Attention UNet accuracy 95.56 95.62 95.45 87.29 96.57 94.10

AMUNet IoU 64.46 54.59 68.75 70.78 71.38 67.69
AMUNet accuracy 96.33 95.69 96.20 90.29 97.39 95.18
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Figure 10. Segmentation boundary detail diagram. (a) Original diagram. (b) Ground truth. (c) UNet
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Figure 11 shows the effect on the Aerial Imagery for Roof Segmentation validation set. It can
be clearly seen that the accuracy of the AMUNet model for boundary processing and segmentation
results had been significantly improved. UNet is not strong in information processing in the field and
does not guarantee the correctness of the information control results. In comparison, our model has a
stronger and more prominent generalization ability for the refinement of segmentation results.
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Figure 11. Data results from the Aerial Imagery for Roof Segmentationdatabase. (a) Original diagram.
(b) AMUNet processing result. (c) UNet segmentation result. (d) Ground truth. It is obvious from
the figure that UNet will have serious omissions and suffer from misdetection in the extraction of
large-scale buildings, whereas our model has a certain robustness for this situation.

In summary, in the experiment, we compared the method proposed in this paper with the
state-of-the-art methods, and verified the effectiveness and technicality of the proposed method. After
that, two databases were used for the model simplification experiments, which showed very good
results in the evaluation set and test set. As shown in Table 2, compared with the baseline, the overall
accuracy of five cities in the Inria Aerial Image Labeling dataset was improved by 3.66%, while the
IOU was increased to 30.07%, which shows that AMUNet has a better effect and higher accuracy on
shape constraints in extracting buildings.

5. Conclusions

The experimental results demonstrated that the method proposed had a good generalization ability
on the Inria Aerial Image Labeling and Aerial Imagery for Roof Segmentation datasets. In addition, the
method proposed can also be used in other semantic segmentation applications. The proposed method
takes into account feature selection and channel size in space and optimizes the extraction results by
learning higher order structural features. First, the space and attention mechanisms help enhance
effective information while improving segmentation performance and alleviating oversegmentation.
Second, we proposed a multiloss method to use pixel-based loss to constrain the results to avoid
post-processing of the segmented images. After designing the attention block and multiloss module in
the network structure, the ability to enhance the performance of the network model and optimize the
boundary of the segmentation results could be achieved. Compared with existing models, the method
proposed performed well in terms of both accuracy and IoU. The experiments were performed on Inria
aerial images and on the Aerial Imagery for Roof Segmentationbuilding dataset. The results showed
that the spatial and channel attention mechanisms could selectively increase effective information
and improve the prediction ability of the model; the multiloss module could further optimize the
prediction results in a shorter time.

Furthermore, the attention module did have an information compensation effect on higher order
information, and the segmentation effect under the multiloss constraint was also significantly improved.
To make the experiment more descriptive, although we chose deeper and more complex networks,
the prediction results had higher accuracy. In some current network structures, the decoder structure
is single, so the key is discerning how to provide the decoder with richer semantic information and
location information in limited network results to improve the progress of semantic segmentation.
Due to the need for the model to have some robustness and accuracy guarantee, in the loss function,
an auxiliary loss function that quantitatively evaluates the segmentation results at the pixel level needs
to be selected for correction.

Although the proposed method performs well as a fully supervised method, it relies on numerous
manual label samples. Further research is needed to ease manual annotation. Possible directions that
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can be explored include data augmentation techniques and semisupervised semantic segmentation
for adversarial learning. Data augmentation techniques can increase training. Adversarial learning
of semisupervised semantic segmentation can use unlabeled data to generate self-learning content
signals to subdivide the network.
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