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Abstract: When extract building from high resolution remote sensing image with
meter/sub-meter accuracy, the shade of trees and interference of roads are the main factors of
reducing the extraction accuracy. Proposed a Bayesian Convolutional Neural
Networks(BCNET) model base on standard fully convolutional networks(FCN) to solve
these problems. First take building with no shade or artificial removal of shade as Sample-A,
woodland as Sample-B, road as Sample-C. Set up 3 sample libraries. Learn these sample
libraries respectively, get their own set of feature vector; Mixture Gauss model these feature
vector set, evaluate the conditional probability density function of mixture of noise object
and roofs; Improve the standard FCN from the 2 aspect:(1) Introduce atrous convolution. (2)
Take conditional probability density function as the activation function of the last
convolution. Carry out experiment using unmanned aerial vehicle(UVA) image, the results
show that BCNET model can effectively eliminate the influence of trees and roads, the
building extraction accuracy can reach 97%.
Keywords: High resolution remote sensing image; Convolutional Neural Networks; Full
Convolution Networks; Bayesian Convolutional Neural Networks; building extraction;
conditional probability density function.

1.Introduce
It is of great significance to obtain the detailed distribution map of urban buildings in the
social management and development plan. High resolution remote sensing images contain
lots of object features, including color, size, shape, texture and layout of the relationship
between objects, which makes it possible to accurately extract buildings from high resolution
remote sensing images [1]. The absence of low-cost high resolution multi spectral image with
meter/sub-meter accuracy provided reliable source of data for the building extraction. In
remote sensing image, the outline of the building is characterized mainly by the shape and
distribution of the roof [2]. Because the material, color, shape, size and orientation of the roofs
are diverse, and some of the roofs even shaded by trees or other tall buildings, which makes it
difficult to extract building from high resolution multi spectral remote sensing image.
Because the urban environment is complicated, the spatial pattern of buildings is
relatively complex, object has high spectral variability in remote sensing image. The
phenomenon
of
different
objects
with
the
same
spectrum and the
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same objects with different spectrum is common in the urban remote sensing image. Thus it is
difficult for auto/semi-auto classification base on pixel spectral signature [3]. Studies have
shown that although the 4 multi spectral bands of high resolution remote sensing image can be
able to distinguish the land cover types of town's water, bare soil, vegetation, shadow and
impervious ground [4,5]. But only with these low level spectral statistical characteristics, it is
hard to extract road, parking and building from impervious ground [6]. In recent years,
methods combining spatial and spectral analysis have been put forward. It is considered that
spatial characteristics are complementary information with spectral characteristics [7]. We can
extract building by the use of structural information, context information and spectral
information [2,8,9]. Meanwhile, the object oriented analysis method based on segmentation is
also applied, [10,11] proposed a integration method based on Support Vector Machine (SVM),
which combines object oriented and pixel based methods to classify urban objects. [12] use
improved classification of pixel level and object level remote sensing images to distinguish
different objects. In view of the special form of urban objects, people also put forward some
spatial characteristics calculation methods, such as pixel shape index (PSI) [13], morphological
sequence [14-17], and multiscale urban complexity index(MUCI) based on wavelet texture
[14,15]. In order to enhance the efficiency of automatic extraction of buildings, some new
methods have been proposed [17-21]. The main problems existing in these algorithms are the
extraction mainly based on low-level features or feature combinations, which makes it difficult
for the sheltered buildings to be extracted completely [22].
With the in-depth study of deep learning, the role of Convolutional Neural Networks
(CNN) in image understanding is gradually paid attention to. CNN is a deep neural network
based on convolution operation. Convolution structure can reduce the amount of memory
occupied by deep network, and also reduce the number of network parameters, alleviate the
over fitting problem of the model. In 2012, Krizhevskywin the ImageNet competition image
classification task by the use of a CNN called AlexNet [23], which illustrate the prominent
advantage of CNN in image understanding [24-31]. Especially since Zeiler [32] put forward
the deconvolution network model, people subsequently developed FCN [33-35], UNET
[36,37], Deeplab [38,39], which greatly improved the accuracy of image segmentation.
Due to the existing CNN based image segmentation model belongs to supervised
learning model, sample quality determines the model quality. So in order to improve the
extraction ability of the model, the sample used in the model training process always the
building with complete outer shape. These models are poor in extraction building with shade.
Through in-depth analysis of the model structure and the forward propagation process, found
the root cause of the above problems is that the forward propagation of standard CNN has not
considered the impact of low-layer noise on the high-layer features.
The paper propose an improved CNN, called Bayesian Convolutional Neural Networks
(BCNET）, to improve the extraction ability of buildings with shade. The main works are:
(1) Respectively learn the 3 sample set of building, woodland, road using a 5 layers CNN,
get their own set of feature vector.
(2) Mixture Gauss model these feature vector set, evaluate the conditional probability
density function of mixture of noise object and roofs.
(3) Improve the standard FCN from the 2 aspect: Introduce atrous convolution; Take
conditional probability density function as the activation function of the last convolution.
2. Method
We directly employ the Fully Convolutional Networks (FCN) model proposed by
Jonathan Long et.al[33] as our model. This section will explain the basic structure of FCN and
the parts we need to modify. Based on the quantitative analysis results, we discuss the specific
modification methods, and form a complete effective way to extract shaded buildings.
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2.1 Basic structure of FCN
The power of CNN lies in its multilayer structure can automatically learn the features,
and can learn features of multiple levels: the domain of low convolution layer is small, can
learn some features of local area; the domain of high convolution layer is large, can learn some
abstract features. These abstract features are less sensitive to the size, location, and direction of
the object, which helps to improve the recognition performance. But because of the loss of
details, they cannot get the specific outline of objects.
Jonathan Long et.al [33] proposed FCN to solve this problem. FCN transforms the full
connection layer in the standard CNN into convolution layers. FCN can restore the category of
each pixel from the abstract features, which means further extended from the classification of
the image level to the classification of the pixel level. Figure 1 illustrate the structure of FCN.

Figure 1. The Structure of FCN

2.2 Analyse of FCN
FCN use standard convolution, in this way the feature of higher level is the aggregation
and abstraction of the lower level features. As the layers of convolution increase, the domain is
getting larger and larger, so the effect of a noise pixel block on the high layer features must be
smaller and smaller (Figure 2). This is consistent with the way of observation of the real world,
when we are close with the observed object, we can get the details, otherwise, the details are
less influence.

Figure 2. The influence of a noise pixel block on the high layer feature

The impact of a noise pixel block on high layer feature is not only related to size, but also
related to location. When the noise block is in the middle of the object, as the domain becomes
larger, the number of positive sample pixels is increasing, and the proportion of noise will be
reduced rapidly. But when the noise block is at the edge of the object, as the domain becomes
larger, positive sample pixels and noisy pixels increase together, and the proportion of noise
will be reduced slowly.
So when consider the impact of noise block, we should consider the size, position of the
noise block and depth of convolution together. We will get the estimated value of the influence
degree of the noise pixel block on the feature by quantitative experiment, use it to design the
new activation function, and improve the accuracy of pixel judgement.
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2.3 BCNET Model
First quantitative analysis the impact of pixel size on different layers of abstract features.
Then improved standard FCN from the following 2 aspects: (1) Introduce new convolution
method to reduce the effect of noise on the features (2) Take the quantitative analysis results as
a priori knowledge, introduce the idea of probability judgment, construct new activation
function, improve the accuracy of pixel classification. Through the above improvement, the
BCNET model that can be used to extract shaded buildings is established. Figure 3 illustrate
the structure of BCNET.

Figure 3.The structure of BCNET

2.3.1 Atrous convolution
The repeated combination of pooling and striding at consecutive layers significantly
reduces the spatial resolution of the resulting feature image. For high resolution remote
sensing image classification tasks, such operations lead to a serious loss of spatial information.
Liang-Chieh Chen et al. [40], inspired by the Wavelet Transform, proposed the "atrous"
convolution for generating dense feature maps. Compared with the standard convolution, the
atrous convolution generates a high resolution feature map, while keeping the size of
receptive field. Besides, there is no extra parameter involved.
2.3.2 Design of activation function
When the building is shaded by trees or other tall buildings, the pixels of shaded part are
hard to classify, which reduce the extraction accuracy. Proposed a judgment method based on
Bayesian, transform the pixel judgment problem to the maximum posterior probability
estimation problem, improve the extraction accuracy of the shaded part.
We will establish a judgment method based on the Bayesian, in order to transform the
pixel judgment problem to the maximum posterior probability estimation problem, and
improve the accuracy of the partial pixel class attribution. The transformation steps are as
follows:
1. In the urban image, trees are the main objects that shade the buildings, and the roads are
close to the top of the roof in the spectrum and texture. They are easily confused, and are
the main sources of noise. So take building with no shade or artificial removal of shade as
Sample-A, woodland as Sample-B, road as Sample-C. Take Sample-A as positive sample,
Sample-B and Sample-C as noise, train the model.
2. Respectively learn the 3 sample set of building, woodland, road using a 5 layers CNN, get
their own set of feature vector.
3. Mixture Gauss model these feature vector set, evaluate the conditional probability density
function of mixture of noise object and roofs. Due to the density function of Gauss's
mixed distribution can approximate any continuous probability density function with a
finite break point, so we can assume that conditional probability density distribution of
feature vector set conforms to the Gauss distribution. Set number of mixed components is
r, and its probability density model can be expressed as:
p(x|ω) = ∑

z f (x)

(1)

In which, zi is weight factor of the ith Gauss distribution component, and satisfy the
normalization condition:
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fi(x) is the density function of the ith Gauss component, ui is the mean vector, Ʃi is the
covariance matrix, d is the dimension of the feature vector x. The parameters of the mixed
Gauss probability density model can be calculated by EM algorithm. ω indicate that this pixel
is a class of noise, x indicate that this pixel is a class of building roof. Take the probability
density function as activation function.
3.Experimental results and analysis
As the shortage of FCN in extracting urban building from high resolution remote sensing
image with meter\sub-meter accuracy. The main target of BCNET is to solve the problem of
shelter of tree and road, to improve the accuracy of extraction. In this section carry out
experiment to validate the performance of BCNET.
3.1 Experiment scheme
Around the experimental target, this section expounds the experimental scheme from the
aspects of data source selection, sample mark, test case and so on.
3.1.1 Data source selection
The experiment site are selected in Zhangqiu city of Shandong Province Mingshui town,
there is a certain interval between different residents. The buildings in the residential area are
mostly flat or two storeys buildings, as a result of the implementation of the unified planning
of villages and towns, the structure of the building is basically unified. This experiment site
has lots of big trees, these big trees have a different coverage of the house. Some buildings are
shaded only at the edge, and some of the shaded percentage is up to 30%. The road of the
experiment site is hardened road, which is basically the same as the material of the urban road.
We got 17 images from the UAV (2017.5.14-2017.6.10), take 2 of them as test data of BCNET,
the rest as samples.
Besides UAV images, we also obtained 4 GF2 remote sensing images and 1 GF1 remote
sensing images of the same period. The spatial resolution of GF2 panchromatic band is 0.8m,
and the spatial resolution of GF1 optical image is 2 meters.
3.1.2 Sample labeling
The sample labeling is the key step of the model operation, and the quality of the label
determines the effect of the test directly. Unlike other sample labeling method, we use JX5
photogrammetry software. JX5 can auto or semi auto extract linear features such as roads,
buildings, waters. Combined with manual operation, subtle information at the corner can be
accurately depicted. Then the extracted vector data is converted into grid data by GIS software
to form a label.
The UAV image can be labeled directly. For GF images, first use ENVI to fuse the total
color band of GF2 and the RGB band of GF1, obtain the remote sensing image of 0.8m spatial
resolution, then label the fused image. The labeled categories are mainly: building, road,
woodland, farmland. For the shaded building, after the process of JX5, use the station survey

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 January 2018

doi:10.20944/preprints201801.0019.v1

data to complete the outer shape of the building, get the label. Then use PS, render the shaded
part. Figure 4 shows a labeled image.

Figure 4. A labeled sample

3.1.3 Testing Samples
One of the image for testing is shown in Figure 5. In this testing sample, there are road,
building, farmland, tree. Some of the building are shaded, the biggest shaded area reaches
30%.

Figure 5. One of the image for testing

3.2 Experiment Result
The experiment result is shows in Figure 6, in which the green labels represent the
building. For a clearer display, we select 3 regions to zoom in. Figure 7 show the original
figure of the 3 regions. The shape and the size of building in these 3 region are different, and
some of which are shaded by trees. These increase the difficulty of extracting. The BCNET
takes into full consideration of these problems and solves these problems according to the
strategy of the building classification. From figure 8 we can see that the extraction accuracy is
ideal, most of the buildings have been labeled directly. In Figure 6, more than 97% of the
building were fully extracted. But in figure 8 we can see that there still some buildings have
not been extracted (The roofs mark with a red rectangle). Affected by the shelter or light, the
spectral characteristics of these buildings roof changed a lot. In the other testing sample, a
section of road is wrongly classified as a building (shown in Figure 9). The section of road is
shaded by trees, which cause serious fracture in the image. So the BCNET label this section of
road as building.

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 January 2018

doi:10.20944/preprints201801.0019.v1

Figure 6.Label result

(a)

(b)

(c)

Figure 7. The original figure of the 3 selected regions

(a)

(b)

(c)

Figure 8. The labeled result of the 3 selected regions

(a)

(b)

Figure 9. Another testing image: (a) The original image. (b) Labeled result. A section of road
marked in the red rectangle is wrongly labeled as a building

In order to quantitative evaluate the performance of BCNET, compare the extraction
result of BCNET and standard FCN in pixel. Set TP as the number of pixels that have been
correctly classified as buildings; FP as the number of pixels that are mistaken classified as
buildings; FN as the number of pixels that are not properly classified as buildings. According
to [41], set the quantitative evaluation index of building extraction: (1) Branch factor, FP/ TP;
(2) Missing factor, FN/ TP; (3) Integrity(%): TP/(TP +FP +FN); (4)Extraction rate(%), TP/(TP
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+FN). Branch factor and missing factor are mainly related to the performance of the boundary
description of the building extraction. Table 1 illustrate the performance evaluation of BCNET.
Table 1. Performance evaluation of BCNE

BCNET

Standard FCN

Branch factor

0.25

0.37

Missing factor

0.11

0.53

Integrity

73.3%

52.8%

Extraction rate

90.1%

65.5%

3.3 Result analyse
The goal of the BCNET is to eliminate the effects of trees and roads on the extraction of
buildings, and to improve the accuracy of the building extraction. This section analyzes the
reasons why BCNET can improve the accuracy of extraction, and points out problems that the
BCNET has not solved.
3.3.1 The influence of trees
Trees may shade the building roof, which makes the edge of the building incomplete. The
effect of the noise block on the extraction precision depends mainly on 2 factors: (1) The
relative position of the noise block and the building. (2) The size of the noise block. In these 2
factors, the relative position of the noise block and the building is the leading factor. Figure 10
shows the influence degree of the 2 factors on building extraction. In Figure 10, the vertical
axis indicates the degree of influence, cross axis representation block size, blue bar represents
the noise block in the corner, red ones represents the noise block on the border.

Figure 10. The influence degree of the 2 factors on building extraction
When the size are the same, the noise block that lies in corner has a greater impact. For the
corner noise, with the increase in convolution layer, the domain become larger, the pixels of
roof and non-roof are increasing at the same time. This will affect the effect of atrous
convolution, the way to solve the problem is to propose new convolution method.
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3.3.2 The influence of road
The spectral characteristics of the hardened rode are similar to those of the building roof.
Except spectral signature, BCNET also introduce spatial and abstract features. Especially the
introduction of the atrous convolution can quickly enlarge the domain. Because the road is
narrower than the building roof, when the domain become larger, the road blocks will be
mixed into other categories earlier. Therefore, the feature value of the road is easily different
from that of the roof, which increases the separability of these two object. At the same time,
BCNET adopt probability density function as activation function, which further improve the
accuracy of extraction.
4. Conclusion
Extraction building from high resolution remote sensing image is a difficult problem to
be solved. Aim at the problem that the trees (or other tall building) and road may reduce the
extraction accuracy, based on standard FCN, propose BCNET to solve the problem. But
BCNET still has shortcomings, for example, how to get the best value of the parameters of
network. In addition, when the shaded lies in the corner, the extraction accuracy of BCNET is
not ideal. In further study, we need improve convolution way considering the position of
noise block.
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