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Abstract: Remote sensing building extraction is of great importance to many applications, such as
urban planning and economic status assessment. Deep learning with deep network structures and
back-propagation optimization can automatically learn features of targets in high-resolution remote
sensing images. However, it is also obvious that the generalizability of deep networks is almost
entirely dependent on the quality and quantity of the labels. Therefore, building extraction perfor-
mances will be greatly affected if there is a large intra-class variation among samples of one class
target. To solve the problem, a subdivision method for reducing intra-class differences is proposed to
enhance semantic segmentation. We proposed that backgrounds and targets be separately generated
by two orthogonal generative adversarial networks (O-GAN). The two O-GANs are connected by
adding the new loss function to their discriminators. To better extract building features, drawing
on the idea of fine-grained image classification, feature vectors for a target are obtained through
an intermediate convolution layer of O-GAN with selective convolutional descriptor aggregation
(SCDA). Subsequently, feature vectors are clustered into new, different subdivisions to train semantic
segmentation networks. In the prediction stages, the subdivisions will be merged into one class.
Experiments were conducted with remote sensing images of the Tibet area, where there are both tall
buildings and herdsmen’s tents. The results indicate that, compared with direct semantic segmenta-
tion, the proposed subdivision method can make an improvement on accuracy of about 4%. Besides,
statistics and visualizing building features validated the rationality of features and subdivisions.

Keywords: building extraction; GF-2; orthogonal generative adversarial networks; subdivision

1. Introduction

Building, a major artificial pastime closely related to humans, is an important symbol
of human activities. Building information can further be used to research human activities,
land use change, population estimation and prediction, disaster assessment, etc. Build-
ing extraction from remote sensing images has become an important way of acquiring
information. Conventional building extraction methods mainly include traditional ma-
chine learning methods, such as the Normalized Difference Built-up Index (NDBI) [1],
Morphological Shadow Index (MSI) [2], and Adaboost [3].

With the advent of high-resolution remote sensing images, a wealth of detailed infor-
mation is provided, which makes it possible to acquire clear images of small buildings such
as residences and temporary houses. Simultaneously, the complex texture and fragility of
features is also revealed by very high resolutions, so it is often difficult to model building
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features accurately in high-resolution remote sensing images through handcraft features or
traditional shallow classifiers.

Today, deep learning has become a very successful method in many application fields.
With a deep network structure and back-propagation optimization scheme, the classifier can
automatically learn different levels of features and present powerful generalization abilities.
Deep learning was hitherto widely used in the computer version of tasks such as image
denoising [4], scene classification [5,6], target detection [7], and semantic segmentation [8].
With the development of remote sensing big data [9], deep learning is playing more and
more important roles in the information extraction of remote sensing, such as hyperspectral
image classification [6,10] and building extraction [11].

Because of the remarkable performance of feature learning, some architectures such as
FCN [12] and a capsule network [13] were already widely used in the building extraction
of remote sensing images. In current research, to extract the structural features of targets,
at least two improvements were made on deep learning networks. One was to improve
segmentation effects through enhancing edge information. For example, a signed distance
function of building boundaries is introduced as output representation to enable the net-
work to learn hierarchical features for segmenting individual objects [14]. Accordingly,
we propose a class-boundary network to detect a set of scale-dependent class boundaries
and fuse the result into the original image in the final semantic segmentation network [15].
Building outlines were added to the network as additional labels, and it proposed a new
loss function considering building edges [16]. The masked-RCNN model, which adds
post-processing after segmentation, implicitly regularizes noisy building boundaries in
an iterative manner [17]. RiFCN, to achieve accurate boundary inference and semantic
segmentation, a novel bidirectional network is proposed, by using a series of autoregressive
recurrent connections so that boundary-aware feature maps and high-level features are
orderly embedded [18]. The other is to enhance the versatility of the method through data
enhancement or the introduction of external data. In [19], the author converts conventional
binary labels to multi-value maps through an object mask network(OMN) to enhance
robustness to inaccurate object candidates. A Siamese U-Net [20], which comprises two
shared weights of a U-Net using original images, was also extended as a generalization
of semantic segmentation. An original label was converted into a distance map, and an
uncertainty weighted multi-task loss was introduced to improve semantic segmentation
predictions of deep neural networks [21]. Some other studies introduced street view
images [22], index information (e.g., IR, NDVI, and PCA) [11], or space-borne SAR tomog-
raphy data as external information [23].

In most current research (e.g., [21,24]) and open data sets (e.g., UCMerced LandUse
and WHU-RS19), buildings have small intra-class variations, and boundaries are accurately
labeled so their research is to extract more accurate building boundaries. Conversely, in our
study area, buildings have large intra-class variations and sometimes are coarsely labeled.
Consequently, the purpose of this paper is to reduce the impact of intra-class variation.
Intra-class difference is a common problem in the field of computer vision, and the usual
solution is to subdivide with traditional computer vision techniques such as spectrum,
texture, and shape [25–27].

In recent studies, different divide-and-conquer strategies are implemented on labels
using the deep learning method, such as directly annotated targets or scenes in more
diverse categories according to the backgrounds of land features [28]. OpenStreetMap
data is used as a coarse approximation from the ground truth to produce a coarse to fine
solution for the semantic labeling of satellite images [29] and correcting rural building
annotations in OpenStreetMap through the alignment of the original annotations, removal
of incorrect annotations, and addition of new annotations of buildings that appear for the
first time in the updated imagery [30]. In this paper, we choose subdivision, which requires
an effective image feature extraction method since a convolutional neural network can pro-
duce image representations that capture hierarchical patterns and attain global theoretical
receptive fields. A deep learning network itself can provide plenty of incomprehensible
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image features through the high-dimensional semantic representation of intermediate layer
output. Previously, many studies have investigated intermediate layer interpretation or
analysis [31–33].

In addition, in the field of deep learning, fine-grained image classification is a con-
ventional way to resolve intra-class variance problems through features obtained from
deep learning networks. Therefore, an important step of these methods is to integrate the
features of the target from the deep network, which is similar to obtaining low-dimensional
feature embedding with an anchor point using deep metric learning [34]. For example,
a smooth network with a channel attention block and global average pooling is proposed
to select more discriminative features [35] since a convolutional layer can express a neigh-
borhood spatial connectivity pattern and it can be flexibly stacked into various structures.
Owing to the concise and extensible structure, convolutional neural networks can easily
implement feature extraction or analysis and outperform many traditional computer vision
approaches marginally [36].

However, for deep architecture, the labeled samples may be often so insufficient
that the advantages of deep learning [37] are decreased if we subdivide them further. A
generative network meets such needs since it models real data distribution through training
data. Currently, generative networks are mainly divided into two categories: The first is an
auto-encoder (AE), which uses pointwise loss as an explicit measurement method. An AE
can encode images well, but the generated image is usually fuzzy. The second is generative
adversarial networks (GAN) [38], an implicit adaptive model that measures the distribution
distance of different datasets through confrontation training. It generates high-quality data,
and its intermediate results can be used for feature extraction. In addition, a large class of
methods combined VAE with GAN, such as VAE-GAN [39], BIGAN [40], and O-GAN [41].
They can generate high-quality images in various scenarios.

For the building extraction problem, the complexity of backgrounds and large intra-
class variance for targets coexist. Only one GAN cannot accurately model the relationship
between backgrounds and targets. In this paper, inspired by the idea of O-GAN, we
proposed a new architecture that consists of two connected GANs. The two GANs are
separately responsible for generating backgrounds and buildings, and they exchange
information by introducing a correlation loss function into their discriminator. Correspond-
ingly, the building samples with large intra-class variance are augmented. Simultaneously,
the differences between background and building can be well maintained, even enhanced,
for the generated samples. For the features generated by O-GAN, we used the idea of fine-
grained image classification, such as SCDA [42], to extract subtle differences in key parts of
buildings through neural networks’ hidden layers of discriminators. Finally, the proposed
frame is applied to some conventional semantic segmentation architectures to validate its
effectiveness. We will address the proposed method in detail in the following sections.

2. Method

In this paper, we mainly focus on the problem of too large intra-class variations in
building semantic segmentation. As shown in Figure 1, the proposed method included
four parts: There are two GANs, one for the background, and the other, for the building
target. First, the two GANs are alternative trained, and their information is exchanged by
adding the correlation terms into their loss function. Second, by using the SCDA method,
we select an intermediate layer in the target GAN to form a convolutional activation tensor.
Each channel of the intermediate layer is analyzed to screen out specific channels with
large feedback values and large differences between the feedback value for the building
and the background. Third, the feature vectors of building targets are clustered into
different subdivisions, and then we give subdivisions new labels to form sub-classes.
Finally, we train the semantic segmentation network using the samples with sub-class
labels. In the testing stage, the prediction results are merged into building targets based
on the subdivided labels. In the following subsections, each parts of the method will be
addressed in detail.
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Figure 1. Flow chart of the proposed method.

2.1. O-GAN Encoding for Target and Background Data

In building extraction for remote sensing images, there are two obvious difficulties:
the complexity of the background and the diversity of the building target. Furthermore,
in most study areas, image labels are insufficient, especially if we categorized them into
subdivisions. It is necessary to generate more samples identically distributed as the statisti-
cal characteristics of both the background and building target dataset. With the generated
datasets, a fine-grained classification method can be applied to analyzing intermediate
layers of a deep learning network, so we can select the appropriate features to model the
complexity of the background and the diversity of the building target.

In this paper, we promote GAN to generate the samples for semantic segmentation.
We did not adopt VAE [41], which is also an effective method for generating samples, be-
cause the image quality generated by VAE often is not very high, while GAN can generate
high-quality simulated images. We proposed that the features in the discriminator of GAN
can be used as the input of a sub-division before the training of segmentation network.
However, conventional GAN is not good at separately representing the relationship be-
tween complex backgrounds and diverse building targets. Furthermore, the discriminator
of conventional GAN is at risk of degradation, so it is inappropriate to directly analyze its
intermediate layer features for subdivision.

Therefore, we proposed a new architecture with two GANs, which are connected
and can exchange information with their introduction into an orthogonality loss function
(O-GAN). By making modifications to the loss function, the two connected GANs can well
represent the complex background and diverse building target. Meanwhile, the two dis-
criminators as coders will supervise each other so there is no degradation during training.

Before addressing O-GAN, we first review the object function of conventional GAN.
Without a loss of generality, the loss function of conventional GAN is denoted as

D = arg min
D

Ex∼p(x),z∼q(z)[ f (D(x) + g(D(G(z)))]

G = arg min
G

Ez∼q(z)[h(D(G(z)))]
(1)

where x ∈ Rnx is the real data and z ∈ Rnz is the noise data. Function p(x) is the
distribution of real data, and q(z) is the distribution of noise data. (In this paper, we set
q(z) as Gaussian distribution with a zero mean and variance 1). G(z) : Rnz → Rnx , which
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is the generator, and D(x) : Rnx → R, which is the discriminator. If we let f = log(x) and
g = h = log(1− x), there are

D = arg max
D

Ex∼p(x)[log(D(x))] + Ez∼q(z)[log(1− D(G(z)))]

G = arg min
G

Ez∼q(z)[log(1− D(G(z)))]
(2)

It is also denoted as

arg min
G

arg max
D

Ex∼p(x)[log(D(x))] + Ez∼q(z)[log(1− D(G(z)))] (3)

From the perspective of network structure functioning, a discriminator is very similar
to an encoder, and a discriminator can be regarded as the decomposition of two parts, as in
Equation (4).

D(x) , T(E(x)) (4)

where T(·) function is a relatively simple function, and E(·) function is an encoder. A good
decoder E(·) means that the output of E(x) will be as similar as possible to the correspond-
ing latent variable z. In [41], the author proved that, when measuring the correlation of
decoding in GAN, we can discard T(·) and use D(x) directly as E(x). It was guaranteed
that the GAN model has the function of an encoder and decoder at the same time. For the
problem of building sample generation, we hope that the target and background would
be as discriminative as possible. However, it is not easy to generate build images and
background images at the same time with only one GAN. In this paper, we proposed
to use two GANs: one for builds and the other for backgrounds. Inspired by the idea
of O-GAN [41], the encoder part for targets should be unrelated to the encoder part of
backgrounds. Therefore, we need to add a new term to the loss function of the two GANs,
which can represent the relationship of encoded features between buildings and back-
grounds. We also called the proposed two GANs O-GAN, although they are different
from the structures as in reference [41]. The object functions of the proposed O-GAN are
defined as

arg min
G1

arg max
D1

Ex1∼p(x1)
[log(D(x1))] + Ez1∼q(z1)

[log(1− D1(G1(z1)))− λρ(z2, D1(G1(z1)))] (5)

arg min
G2

arg max
D2

Ex2∼p(x2)
[log(D2(x2))] + Ez2∼q(z2)

[log(1− D2(G2(z2)))− λρ(z1, D2(G2(z2)))] (6)

where D(x1) and G1(z1) are the discriminator and generator for building images, D2(x2)
and G2(z2) are the discriminator and generator for background images, and ρ is the
correlation coefficient as

ρ(z, ẑ) =
∑nz

i=1(zi − avg(z))(ẑi − avg(ẑ))/nz

std(z)× std(ẑ)
(7)

where avg(z) is the mean value and std(z) is the standard deviation.
To verify the effectiveness of the proposed O-GAN in generating building and back-

ground samples, 1000 samples with more than 70% of building area are selected to train
building target GANs, and 1000 background samples without building are selected to train
the background GANs. The structure of the discriminator (encoder) of the target-GAN is
shown in Table 1. The architecture of O-GAN is shown in Figure 2.
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Table 1. Layers of discriminator (encoder) of building target generative adversarial network (GAN)
in orthogonal GAN (O-GAN).

Layers of O-GANs Output Shape

input_1 (None,256,256,3)
conv2d_1 (None,128,128,64)

leaky_re_lu_1 (None,128,128,64)
conv2d_2 (None,64,64,128)

batch_normalization_1 (None,64,64,128)
leaky_re_lu_2 (None,64,64,128)

conv2d_3 (None,32,32,256)
batch_normalization_2 (None,32,32,256)

leaky_re_lu_3 (None,32,32,256)
conv2d_4 (None,16,16,512)

batch_normalization_3 (None,16,16,512)
leaky_re_lu_4 (None,16,16,512)

conv2d_5 (None,8,8,1024)
batch_normalization_4 (None,8,8,1024)

leaky_re_lu_5 (None,8,8,1024)
conv2d_6 (None,4,4,2048)

batch_normalization_5 (None,4,4,2048)
leaky_re_lu_6 (None,4,4,2048)

flatten_1 (None,32768)
dense_1 (None,256)

Figure 2. The Architecture of O-GAN.

After the alternative training of the O-GAN, the two types of generated samples
will be encoded by D1(G1(z)) and D2(G2(z)). As in Table 1, the feedback values of
three intermediate layers (conv2d-1, conv2d-2, and conv2d-3) are selected to validate
the relationship between targets and buildings. The Structural Similarity Index(SSIM),
a commonly used image similarity calculation method, is used to measure the similarity
of the outputs of the two GANs. The structural features of the image signal can present a
similarity in more specific situations [43]. The SSIM values between different buildings and
SSIM values between buildings and backgrounds are calculated and shown in Figure 3.
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Figure 3. Structural Similarity Index (SSIM) result of interior buildings (red) and building back-
grounds (blue).

As in Figure 3, the feedback value SSIMs of three intermediate layers of O-GAN
indicate that the similarity between building and building is obviously larger than between
buildings and the background. This phenomenon is more obvious on layer conv2d-1 and
conv2d-2. Except for quantity comparison, we also validate the effectiveness of O-GAN by
visualizing feature layers. Figure 4 visualizes the representative channels in intermediate
layers on the building GAN. For each layer, there is a representative channel with higher
feedback in the building area and lower feedback in the background area. We can observe
that layer conv2d-1 and conv2d-2 show larger feedback values. Therefore, in the next
section, layer conv2d-2 is selected for feature analysis and subdivision.

Figure 4. Response of convolutional layers of different shapes on two training samples.
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2.2. Feature Extraction and Sub-Division

Not all features of building in the discriminator are suitable for subdivision, al-
though they are generated by building GAN. The information exchange between building
GAN and backgound GAN can only tell the two types of features apart but not produce
subdivision for buildings. In this paper, for subdivision, building features in the decoder
are extracted through SCDA [42]. It provides an efficient feature extraction method through
analyzing the intermediate outputs of a deep neural network.

The original SCDA directly locates targets through extracting the relatively high
feedback value of certain channels on one or several intermediate layers of a trained deep
network. There are usually three steps: first, acquire the convolutional activation tensor
through the feedback value of convolutional layers; second, take the largest connected
component of each channel as a descriptor; finally, obtain the SCDA feature through
aggregating these descriptors.

In our research, the n-dimensional building features reflecting different locations
and scales are obtained for the result. With the help of labels in the training dataset,
the building target area of the intermediate layer output can be accurately determined.
For this scenario, on one hand, appropriate channels can be selected according to building
feedback values. On the other hand, labels enable building features to be compressed
into a one-dimensional feature in the spatial domain. In addition, the original SCDA did
not specify which architecture of neural network they used. In this paper, the features
of a discriminator in O-GAN are selected as the input of the SCDA scheme. The feature
integration process is shown in Figure 5.

Figure 5. Building feature extraction process.

Obviously, not all features need to join SCDA feature integration. We need to select
a number of significant channels to perform SCDA. As mentioned in the latest section,
layer conv2d-2 usually activates more building features. A visualized feedback map of
typical feature channels of layer conv2d-2 is shown in Figure 6. For the two sample
images, the 0th channel is suitable for the feature layer of the upper image, the 67th layer is
suitable for the lower one, and the 112th layer does not perform well on both of the two
images. The feature maps indicate that, for each type of building, there is a corresponding
channel with a high value on building areas. Meanwhile, some channels are not suitable
for extracting building features.
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Figure 6. Values in different convolutional channels of building images.

For many building samples, there are still small areas of background. We also need
to avoid their influences in feature selection. To select appropriate layers for SCDA in-
tegration, feedback maps of each channel are divided into building area M ∈ Building
and non-building M /∈ Building areas with the help of label information. With average
feedback values within the building area avg(M ∈ Building) > Tavg and the difference
of feedback values between building and non-building areas WD(hist(M ∈ Building),
hist(M /∈ Building)) > TWD, the layers will be selected as candidates for SCDA, where
WD is the Wasserstein Distance [44], hist is the value distribution, and Tavg and TWD are
thresholds. In this paper, take 0.6 and 0.006, respectively.

Figure 7 is the frequency statistic of 5000 training samples, where the x axis is the
channel’s serial number and the y axis counts the number of samples that meet the criteria.
The results indicate that about 20 channels can fit more than 10% of the samples. Moreover,
due to the complexity of buildings in the study area, there is no single channel suitable
for all samples. To reduce parameters and avoid a dimension disaster, 20 high-frequency
channels are selected as feature channels.

Figure 7. Statistics of samples that meet the criteria in each channel.

Figure 8 exhibits the average feedback value of the building mask (avg(M ∈ Building))
of each sample in channels 70(x axis) and 0(y axis), which are the two most representative
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channels of building features. To exhibit the effects of subdivision, points are marked in
four colors corresponding to four categories. We can observe that intra-class variations
are obvious; however, features become separable after feature integration. After feature
selection and SCDA for all samples (both original and generated), they are projected onto a
new feature space with relatively low dimensionality. In this situation, the SCDA building
feature can be clustered into several new subdivisions. In this paper, we use k-means to
produce a new sub-class and give each sub-class a new label. The trainings of building
extraction are based on the new sub-classes with new labels, but not old labels. In the next
section, we will introduce the subdivided result into conventional segmentation networks.

Figure 8. Average feedback value on building mask of each sample on channel 70th (x-axis) and 0th
(y-axis).

2.3. Introducing the Subdivided Schemes into Semantic Segmentation

Conventional semantic segmentation has been successfully applied to plenty remote
sensing applications, including building extraction. However, in our study area, buildings
have large intra-class variations and are often imperfectly labeled without fine-grained
class labels. In this situation, the accuracy of the conventional segmentation model would
decrease or even cause non-convergence. Therefore, in the previous two sections, we
generated more samples with two orthogonal GANs to solve the problem of intra-class
variations and an insufficient sample. At the same time, the features of the building and
the background are well separated by O-GANs, and we integrate features with SCDA for
building and cluster them into different subdivisions.

In this section, we train the semantic segmentation network with new subdivision
labels for building extraction. We selected three types of semantic segmentation models,
specifically as FCN, Unet, and Deeplab-V3. Among them, the structures of FCN and Unet
are similar; both consist of a network with convolution, pooling, and deconvolution layers.
The core feature of FCN is a skip architecture procedure and upsampling pooling layers to
restore them to the size of input data.

In Unet, the semantic segmentation result is extracted directly through two convo-
lutional processes after the last copy-and-crop operation. When facing large intra-class
variation, the result of Unet may be unstable. Some specifics like small buildings will not
be extracted. For Deeplab-V3, the most distinctive feature is the Atrous convolution, which
allows us to effectively enlarge the field of view to incorporate multi-scale information.
However, the edge of the segmentation result of Deeplab-V3 may be vague due to the
enlarged field of view. In this paper, to accurately extract building areas, these seman-
tic segmentation networks are trained on subdivision labels generated by the proposed
method. After performing an initial building prediction, the subcategories are merged to
obtain final results.



Remote Sens. 2021, 13, 475 11 of 21

In summary, we proposed a building feature extraction and subdivision method us-
ing a discriminator of O-GANs. With the value feedback of the O-GAN discriminator,
the feature extraction process was analyzed, and the subdivision schemes were developed
statistically. Finally, we introduced the subdivision scheme into different semantic segmen-
tation algorithms. The algorithmic steps of the proposed building extraction method are
summarized as Algorithm 1.

Algorithm 1 Sematic Segmentation with O-GAN

Input: Original Image:x

1: Training the two orthogonal GANs with building samples and background samples.

2: Generating a feedback value map of a building with the discriminator of building

GANs.

3: Extracting the feedback values of 20 channels according to the threshold Tavg and

TWD.

4: Averaging the spatial dimension of SCDA and obtaining the final building feature.

5: Unsupervised clustering of the final building feature and obtaining subdivided labels.

6: Training the semantic segmentation network on a subdivided dataset from step 5.

7: Processing semantic segmentation on a predication dataset.

8: Merging subcategories to obtain final results.

3. Study Area and Experimental Data

The study area is on the southern Qinghai-Tibet plateau, including China, India,
Bhutan, and Nepal, as shown in Figure 9. Influenced by southwest monsoons in the Indian
Ocean, the southern Qinghai-Tibet plateau belongs to a subtropical and tropical monsoon
climate that has high rainfall and is warm and humid all year round, with excellent
hydrothermal conditions. This area is the best natural area on the Qinghai-Tibet plateau
and contains one of the most densely populated and economically developed areas, virgin
forests, and border guard posts.

Figure 9. Research area of this paper.
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Due to the influence of climate, topography, economy, and culture, the style, mor-
phology, area, distribution, and surrounding environments of buildings are quite different.
As the data obtained by satellite sensors, these differences are also reflected in remote
sensing images. Buildings in the study area are as follows: From the view of the surround-
ing environment, the backgrounds include wasteland, woodland, near farms, and towns.
From the view of morphology and distribution, some are in a wasteland, separately or
sporadically distributed, some of them are in a village with sparse distribution, some of
them are in new urban area where the buildings are dense and neat, and some of them are
in old urban areas where the buildings are denser and messy. In addition, buildings have
various styles and areas such as large, small, and regular with clear outlines or a fuzzy
boundary, as is shown in Figure 10. In this paper, we separately carried out experiments on
different categories with different styles.

Figure 10. Variety of building types in the study area: (a) buildings in a forest, (b) buildings in
wasteland, (c) buildings in an urban area, (d) buildings separately distributed, (e) buildings dense
and neatly organized, (f) buildings dense and messy, (g) small buildings with a fuzzy boundary,
and (h) large buildings with a clear boundary. We suggest that they should be further subdivided
because of their complex composition.

Experimental data in this paper is GF-2 imagery [45], with a resolution of 0.8 m in
panchromatic and 3.2 m in multi-spectrum. These remote sensing images were all obtained
from the China Centre for Resources Satellite Data and Application (CRESDA) [46]. In the
experiments, a visible light data product with a resolution of 0.8 m is obtained after
orthorectification [47] and image fusion. We labeled approximately 8000 samples and
generated 8000 samples using O-GANs as the dataset for training and validation.

4. Experimental Results

In this paper, the O-GAN model is implemented on Keras (Version 2.2.4) and an
NVIDIA RTX 2080Ti GPU platform. During training, the Root Mean Square Prop (RM-
Sprop) optimization method was used. The initial learning rate was set to 0.0001, and then
in the fine tuning, the learning rate was set as 0.00001. While the parameter ε was set to
0.000001, and the batch size was set to eight for images with a size of 256 × 256 and a total
of 100 epochs were trained.
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All semantic segmentation implementations are based on Tensorflow (Version 1.14)
and an NVIDIA RTX 2080Ti GPU. In the procedure, the Adaptive Moment Estimation
(Adam) optimization method was used. The original learning rate was set to 0.00001,
and the decay was set to 0.000001, while β1 and β2 were correspondingly 0.9 and 0.999.
The batch size was set to eight for images with a size of 256 × 256, and a total of 50 epochs
were trained. All models used pretrained weights. Specifically, we used Deeplab with the
weight of ResNet50, Unet with the weight of the VGG16, both of them are from the model
library of Tensorflow and FCN with weights of the ADE20K from MIT.

4.1. Training Result of O-GANs

As can be seen from Figure 11, the image generated by O-GAN is very similar to the
real image. Therefore, in addition to extracting building features, complementary building
images are also generated by O-GAN to alleviate the problem of the reduced sample size
of each sub-category after subdivision.

Figure 11. Fake images generated by O-GAN (a) and real images in the study area (b). O-GAN can
generate simulated images similar to real images.

4.2. Building Extraction Results and Accuracy

In this section, building samples are subdivided into four, five, and eight categories
though the proposed method for subsequent training and prediction. The mean intersection
over union (MIOU), a widely used accuracy metric in the field of semantic segmentation,
is adopted to measure results. Subcategories are merged when calculating the MIOU of the
final results. Due to the complexity of experimental data, other than evaluating all types
of scenes, three types of samples (forest land, dense buildings, farm or waste land) were
selected to test all methods and show the subdivision results. In addition, the complex
environment and imperfect marking would inevitably reduce the overall MIOU to make
the accuracy of the evaluation more comprehensive. The results of some typical local
regions and corresponding accuracy indexes are also exhibited.

In terms of the control group, the results of the dichotomy ofeach semantic segmenta-
tion method are retained. Deeplab-V3, FCN, and Unet are used to validate the effectiveness
of the proposed subdivision method by O-GAN. Besides, BRNet [16], a cutting-edge, open-
source method, is also compared with the proposed method. It uses building outlines as an
auxiliary label and performs well on conventional building dataset such as Aerial Imagery
for Roof Segmentation(AIRS).

Figure 12a–c are the results of Deeplab-V3 for three type of buildings. Since Deeplab-
V3 uses the Atrous convolution to obtain large-scale information, it is easily affected by
local conditions. Consequently, the accuracy of the dichotomy method is lower than that
of FCN and Unet, as in Table 2. We can observe that, when the number of subdivision
categories is four or five, it can identify more building targets, and the overall accuracy
is also improved. When the number of categories reaches eight, the subdivisions would
mislead the classifier so the accuracy is often higher than the dichotomy but lower than
that of four or five categories.
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Original Label Deeplab Deeplab 4 Deeplab 5 Deeplab 8
Image Dichotomy Classes Classes Classes

(a)

(b)

(c)

Figure 12. (a–c) The segmentation results of Deeplab-V3.
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Table 2. Detailed mean intersection over union (MIOU) Result of Each Method.

MIOU Overall Forest Dense Buildings Farm and Wasteland

Deeplab Dichotomy 67.8% 68.9% 66.7% 79.1%
Deeplab 4 categories 69.5% 69.9% 65.1% 81.3%
Deeplab 5 categories 71.3% 72.4% 63.6% 82.3%
Deeplab 8 categories 68.6% 69.0% 57.0% 78.4%

FCN Dichotomy 71.3% 66.2% 75.6% 82.3%
FCN 4 categories 74.3% 69.5% 79.1% 85.3%
FCN 5 categories 76.0% 72.6% 78.6% 86.3%
FCN 8 categories 73.5% 68.8% 78.0% 85.8%
Unet Dichotomy 68.2% 65.4% 70.3% 77.7%
Unet 4 categories 68.4% 64.1% 70.0% 78.3%
Unet 5 categories 72.0% 66.6% 73.6% 80.3%
Unet 8 categories 68.6% 65.8% 71.0% 79.9%

BRNet 66.3% 69.1% 60.2% 68.9%

Figure 13a–c are the results of FCN for three type of buildings. In this scenario,
for almost all types of scenes, FCN is shown higher than Deeplab-V3 of Figure 12. We
can observe that subdivision methods can help FCN to identify more building targets.
This advantage is more obvious when buildings are grayish white, a farm or wasteland,
or densely placed. When the number of categories reaches eight, the accuracy is decreased,
but it is still higher than the dichotomy method.

Original Label FCN FCN 4 FCN 5 FCN 8
Image Dichotomy Classes Classes Classes

(a)

(b)

Figure 13. Cont.
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(c)

Figure 13. (a–c) The segmentation results of FCN.

Figure 14a–c are the results of Unet for three type of buildings. Since the structure of
the Unet is similar to that of FCN, the effectiveness of subdivision for Unet is also similar
to that of FCN. Relatively speaking, the impact of the number of sub-categories on Unet is
smaller than that of FCN. We can observe that the proposed method benefits FCN, Unet,
and Deeplab-V3.

Original Label UNet UNet 4 UNet 5 UNet 8
Image Dichotomy Classes Classes Classes

(a)

(b)

Figure 14. Cont.
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(c)

Figure 14. (a–c) The segmentation results of Unet.

Figure 15 is the segmentation result of BRNet, since it used a building outline as
auxiliary labels. In our imperfectly labeled dataset, it cannot accurately extract the building
outline as in previous high-quality datasets. The MIOU of this BRNet method is slightly
lower than other methods.

Original Image Label BRNet Original Image Label BRNet

Figure 15. The segmentation results of BRNet.

Figure 16 is the quantitative results of overall MIOU for three type of scenes. For
subdivision, it obviously improves the extraction accuracy of Deeplab and FCN, whereas
the improvement of Unet is relatively small. Among them, buildings in the farm or
wasteland display low intra-class variation so they are relatively easy to extract and
obtain higher accuracy. The number of subdivision categories has a certain impact on
accuracy. For our study, for most scenes, five sub-categories are often the best number for
subdivision, based on the results in Figures 11–14 and the statistics in Figure 15. Moreover,
over-classification occurs when the number of categories reaches eight, but it still improved
the overall accuracy compared with no subdivisions.
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Figure 16. Mean Intersection over Union (MIOU) Result of Each Method. A proper segmentation
improves MIOU results in many scenarios.

The results in Figures 12–15 indicated all methods can identify most buildings, but due
to imperfect labels and the complexity of experimental data, they cannot accurately extract
the building’s outline. Furthermore, due to the complexity of backgrounds and targets and
the interference of coarse labels, the overall accuracy of total areas could not be very high.
Nevertheless, in some local areas, the method proposed in this paper can achieve high
extraction accuracy. As in Figure 17, the result of FCN with five categories’ subdivision is
shown. In this area, the footprints of most buildings are accurately extracted. MIOU and
the pixel accuracy of this area are 88.9% and 92.2%, respectively. Specific statistical results
are shown in Table 2.

Figure 17. Result of FCN with five sub-categories.

5. Discussion

Since a convolutional neural network can construct informative features by aggre-
gating spatial and channel-wise information within local receptive fields at each layer,
the research on fine-grained image classification and explainable neural networks indicated
that the information can be extracted. To improve the building extraction performance
of conventional semantic segmentation, a subdivision method using intermediate layer



Remote Sens. 2021, 13, 475 19 of 21

output as a feature is proposed to reduce the intra-class variation of a building. The core of
the method is to analyze the intermediate output of O-GAN based on fine-grained image
classification. Currently, the method shows good performance, whereas such a method
still requires several annotated labels. There are also human factors in the process of data
analysis. Therefore, in subsequent research, the attention mechanism would be involved,
such as SeNet [48], a new architectural unit composed of a pooling and full connection layer,
which aggregates feature maps across spatial dimensions. Such a simple structure can be
easily embedded into the continuous convolution structure of O-GAN. In this way, since
interdependencies between channels can be modeled explicitly through the direct output
of SeNet, an automatic and objective layer analysis method can be realized. Moreover,
SeNet can also be used as the part input of the next convolution layer, so that when going
further than preprocessing, a feature learning network that can adaptively recalibrate can
be proposed.

In the future, the proposed method can be applied to the building extraction with
complex backgrounds and different forms. Large numbers of building images are hard to
extract because their forms vary due to cultures, climates, terrains, and even local politics or
economies. Usually, we only label them as buildings of one class; however, their intra-class
variations seriously decrease the generalization of the training. The proposed method
considered intra-class variations so we can partly avoid labelling too many fine-grained
subclasses in a training dataset. In the future, the proposed method can also be extended to
other datasets with large intra-class variations, such as car classification, boat classification,
clothes classification, etc. In the case of complex background and intra-class variation,
the advances of the proposed method will be manifested.

6. Conclusions

In this paper, to improve the performance of building extraction in buildings with high
intra-class differences, subdivision preprocessing is proposed. Specifically, two GANs are
connected by an orthogonal decomposition loss function and used to extract a convolutional
activation tensor. By compressing the space domain and screening layers and channels,
an N-dimensional building feature vector is obtained and clustered into subdivisions to
enhance segmentation networks.

To better evaluate the performance of building extraction and the effectiveness of sub-
division preprocessing, we implement four typical segmentation methods on three types
of scenes. In addition, the process and results of building feature extraction are analyzed
through statistics and visualization results. Experiments indicated that a proposed subdivi-
sion method with O-GAN leads to a visible improvement over such dichotomous work,
which is especially obvious for extracting white buildings on wasteland. The statistical
results also indicate that when the number of subdivisions is four or five the building
extraction method will obtain higher accuracy in most cases in this study area.
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