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Abstract: In this study, we present the Ensemble Convolutional Neural Network (ECNN),
an elaborate CNN frame formulated based on ensembling state-of-the-art CNN models, to identify
village buildings from open high-resolution remote sensing (HRRS) images. First, to optimize and
mine the capability of CNN for village mapping and to ensure compatibility with our classification
targets, a few state-of-the-art models were carefully optimized and enhanced based on a series of
rigorous analyses and evaluations. Second, rather than directly implementing building identification
by using these models, we exploited most of their advantages by ensembling their feature extractor
parts into a stronger model called ECNN based on the multiscale feature learning method. Finally, the
generated ECNN was applied to a pixel-level classification frame to implement object identification.
The proposed method can serve as a viable tool for village building identification with high accuracy
and efficiency. The experimental results obtained from the test area in Savannakhet province, Laos,
prove that the proposed ECNN model significantly outperforms existing methods, improving overall
accuracy from 96.64% to 99.26%, and kappa from 0.57 to 0.86.

Keywords: Ensemble Convolutional Neural Networks; remote sensing; building detection; village
mapping; multiscale feature learning

1. Introduction

Given that accurate building maps are often unavailable or are outdated in undeveloped
village areas, building identification in such areas has become a significant research field in remote
sensing [1]. Insufficient building information in village leads to inconvenience and has several negative
consequences [2]. First, in the event of a catastrophe, building maps are indispensable [3]. For instance,
during catastrophic events such as the aftermath of the 2011 Tohoku earthquake and tsunami [4],
land conditions change rapidly with secondary disasters such as landslides, tsunamis, and continual
aftershocks [5]. To save victims and provide disaster relief in a convenient way, it is important
to swiftly update the locations of residential buildings and information about other land features.
Furthermore, in village planning, which aims to benefit village inhabitants, public facilities need
to be developed based on information about the distribution of residential buildings [6]. In this
study, we define village buildings as any settlement spread out over a length of 2 km. In contrast
to densely packed urban buildings, village buildings have distinct characteristics, for instance, they
are sparsely scattered, change arbitrarily owing to the lack of regulation, and do not have distinct
architectural features. Moreover, village buildings are usually mixed with complex and diverse land
features such as agricultural lands, mountains, and rivers [7]. Such complexity of spatial and structural
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patterns makes village building identification a fairly challenging problem, and the usage of building
maps ensures that the tools used for building identification provide rapid, accurate, efficient, and
time-sequenced results.

With the rapid development of remote sensing satellite imaging techniques in recent years,
a considerable number of highly spatially resolved images are available [8-10]. Owing to the high
price—performance ratio, many remote sensing image classification studies are performed using open
high-resolution remote sensing (HRRS) data [11-13]. In this study, three-band HRRS images from
Google Earth (GE) [14] and Bing Maps [15] are used as the data source and applied to village building
mapping in a large rural region.

Recently, deep convolutional neural networks (CNN) have been successfully applied to many
pattern-recognition tasks [16]. Compared with most existing classification methods, which can only
generate low- or middle-level image features with limited representation ability, CNN does not
require prior manual feature extraction [17,18]. A large volume of abstract features can be extracted
automatically based on gradient descent and back propagation algorithms, thus resulting in higher
accuracy and efficiency [19,20].

CNN-based pixel-level classification is one of the most important and popular topics in the
geoscience and remote sensing community, and it can be used to efficiently identify individual land
features in greater detail, and significant progress to this end has been achieved in recent years [21-23].
Related works have been introduced in our previous work [24]. In this study, we focus on the use of
CNN for pixel-level [25] classification via HRRS images according to our previous work, according to
which, pixel-level village building identification is implemented based on a shallow CNN structure
that can achieve relatively high accuracy when using GE images compared to other machine learning
methods. Although the previous CNN structure proved to be very useful for exploring features and
classification, the unstable performance in some study areas indicates that it might be inadequate for
exploiting the full potential capability of CNN.

Identification performance depends highly on the structure of the CNN model [26]. To adapt
CNN for village building identification with high accuracy, we can apply state-of-the-art models such
as AlexNet [27], VGGNet [28], GoogLeNet [29], SqueezeNet [30] achieved in ImageNet [31] Large-Scale
Visual Recognition Challenge (ILSVRC) [26]. The high feasibility of applying the aforementioned
models has been proven by many studies in different fields [32-36]. To make the most
of these mentioned state-of-the-art models and to ensure compatibility with our experiment,
we optimized and enhanced their architectures into four self-designed structures named AlexNet-like,
VGGNet-like, GoogLeNet-like and SqueezeNet-like via rigorous experiment while fully considering
the characteristics of the input HRRS images and identification targets. The identification capability
of an individual optimized CNN model is limited. To make the most of the single feature extraction
capability, a promising solution would be to create an ensemble of several CNN models. In this study,
we employ multiscale feature learning [37] to achieve the goal.

Multiscale feature learning schemes such as recurrent neural networks (RNNs) [38] and scene
parsing using CNNs [39] have been showing tremendous capabilities in different tasks. In multiscale
feature learning, several paralleled CNN models of varying contextual input size are implemented
to extract features, and thereafter, the output of each CNN is ensembled and concatenated into
a classifier. In practice, Martin et al. [40] implemented multi-class land feature classification by
using four stacked CNN models. To improve and smooth semantic image segmentation, Marmanis
et al. [41] and Farabet et al. [42] implemented multi-scale segmentation-based parallel CNN architectures.
Richard et al. [43] and Pedro et al. [44] achieved multiscale feature learning by stacking multiple shallow
networks with tied convolution weights on top of each other. Ding et al. [45] combined deep CNN with
multiscale feature for intelligent spindle bearing fault diagnosis. In the case of medical image processing,
Kiros et al. [46] utilized stacked multiscale feature learning for massive feature extraction and Tom et al. [47]
for a deep 3D convolutional encoder. Many studies have used RGB-D images to implement classification
and segmentation, [48-51], rather than inputting a four-dimensional image into a single CNN in a
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directed way; features of information in RGB and depth bands are usually extracted based on well
designed parallel CNNs respectively. Finally, the obtained features are merged in a fully-connected
layer for implementing different tasks. The multiscale feature learning method can be used effectively
not only in the computer vision field but also in other fields such as recommender systems [52],
in which different features of data types such as text, image, social relationship, and user information
are extracted using parallel CNNSs; the final recommendation is provided based on classification of the
ensembled features [53-55].

In this study, we present an elaborate formulated CNN model called Ensemble Convolutional
Neural Networks(ECNN). Different from related works, ECNN achieves multiscale feature learning
by ensembling the feature extractor part of four optimized state-of-the-art models, and we apply it to
implement the pixel-level village building identification task.

The main contributions of this study can be summarized as follows:

o We explored how to construct CNN architecture that can adapt to the village building
identification task based on insightful and in-depth analysis.

e  We optimized state-of-the-art CNN models by using rigorous principles to explore their potential
for pixel-level building identification via HRRS images.

o  We presented a novel CNN frame called ECNN based on multiscale feature learning by
emsembling parallel optimized state-of-the-art CNN models.

e  We implemented the proposed method for village building identification and found that it
outperforms the existing state-of-the-art methods, achieving an overall accuracy and kappa
coefficient of 99.26% and 0.86 respectively.

The remainder of this paper is organized as follows. In Section 2, we describe the study area and
the experimental dataset. Details about the methods are presented in Section 3. In Section 4, we present
the experimental results and discuss the capability of the proposed method in comparison to existing
methods. Finally, we present our conclusions and a few proposals for future work in Section 5.

2. Data Source
2.1. Study Area

To test the feasibility of the proposed method in different regions and by using different data
sources, we selected rural areas in developing countries such as Laos and Kenya. One of the study areas
is located in Kaysone, Savannakhet province in Laos. Its longitude and latitude range from E104°47'22"
to E104°49'54” and from N16°34/28" to N16°3626”, respectively, and it measures approximately
12.08 km?. The study area was a complex rural region with many different types of landscape, including
abundant natural components such as mountains, rivers, and vegetation cover, as well as artificial
areas such as villages, roads, and cultivated land, which are typical of rural areas. The other study area
was Kwale, a small town in the capital of Kwale County, Kenya. It is located at around S4°10'28” and
E39°27/37", 30 km southwest of Mombasa and 15 km inland, and it measures approximately 30.20 km?2.
The area was mainly covered by forest and other desolate landscapes, and the buildings were rather
scattered. A few samples from the study area are shown in Figure 1.
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Figure 1. Study area example (a), located in Savannakhet Province, Laos, shows abundant land
features; Study area example (b), located in Kwale Province, Kenya, with relatively desolate land
features. The resolution of all images is 1.2 m.

2.2. Data

The remote top-view RGB image of Kaysone and Kwale, both with a resolution of 1.2 m,
were captured from Google’s satellite map in February 2016 and Bing Maps in January 2016,
respectively. As the training dataset for Laos, we deliberately selected a few typical village/non-village
areas from the data source. In village areas, the training dataset mainly showed land features such
as buildings, roads, rivers, and cultivated lands, while in non-village areas, mountains, forests, and
vegetation cover are the main features. The ground truth map of the village buildings was manually
drawn beforehand by using a polygon-based interaction tool. This ground truth map contained
accurate information of the land categories and was chiefly used for sampling and result detection.
Similar to Laos, the training dataset in Kenya was also selected considering the characteristics and
the diversity of the landscape. The test dataset contained the entire testing area of Laos and Kenya,
and several different types of landscape were shown; the land features in different countries and areas
showed distinctive characteristics. As shown in Figure 1, land features in Laos (Figure 1a) are more
abundant than those in Kenya (Figure 1b). The diversity and complexity of the images also makes
the identification task difficult. This, in turn, warrants that the classification model incorporate all
these conditions.

3. Methods

Figure 2 shows details of the workflow employed in our experiment. First, as introduced in
Section 2.2, the training dataset in our experiment contains two parts: three-band RGB HRRS images
and the corresponding ground truth labels. Importantly, both the complexity and characteristics of
the identification target, and the diversity of land features need to be considered when preparing the
dataset [56]. Second, to optimize and mine the capability of CNN for rural environmental building
identification and ensure compatibility with our classification targets, a few state-of-the-art CNN
structures were carefully optimized and enhanced based on a series of rigorous testing results. Then, we
generated the ECNN model from the ensembling based on the identification capability of the CNN
models. Third, depending on the back propagation and the gradient descent algorithms, the proposed
ECNN structure can learn from the training dataset patterns that map the variables to the target
and output a trained ECNN model that captures these relationships and can identify buildings in
rural environments. Thereafter, cross validation [57] was implemented to verify the feasibility and
performance of the CNN models; here, to evaluate the accuracy and reliability of the result, we used
the confusion matrix [58], kappa coefficient [59] and overall accuracy. Finally, the generated ECNN
model was applied to the prepared testing HRRS dataset to identify village buildings.
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Figure 2. Workflow.

3.1. Convolutional Neural Networks

The CNN method is more robust and yields better performance than other machine learning
methods in image pattern recognition owing to its capability in mining deep representative information
from low-level inputs [28]. A single CNN model performs the steps of convolution [60], non-linear
activation [61], and pooling [62]. With multilayer networks trained by gradient descent and
back propagation algorithms, CNN can learn complex and nonlinear mapping from a high- to
low-dimensional feature space [63].

In this experiment, the input dataset x € R"*®*€ refers to multichannel HRRS images, where each
dimension represents the height, width, and number of channels. The output classification result
yE RF xw'xc! generated by y = H(x, ®), where ® denotes a set of parameters called kernels.

In the convolution layer, the input x with bias « € R is computed by convolutional kernels

@ € R"@xx¢’ This computation can be formulated as follows:

@
}/i’j/k’ =H (lxk! + Z Z 2 ®i]'dk’ X xi/+i,j’+j,d> (1)

i=1j=1d=1

where H(-) denotes a nonlinear function to generate the hypothesis; instead of saturated activation
methods, here, we use the rectified linear unit (ReLU):

Yije = max{0, xjj } )

To implement the subsampling operation, the max-pooling layer [64], which computes the
maximum response of each image channel in a & x @w subwindow;, is used, and it is calculated as follows:

yl'/]'/k = ) n}ax' ~xi/+l-,]-/+]-,k (3)
1<i<h1<j<w

Finally, the classification result can be generated using the softmax function [65]:

exp(x;;k)

—_ 4
Yg—1exp(xija) @

Yijk =
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3.2. Model Optimization

In our previous study [24], the identification task was implemented using a simple CNN structure,
in which, the sample window size was 18 x 18, and two convolutional layers followed by average
pooling were implemented with 6 and 12 filters, respectively. Compared with other machine learning
methods, although the preceding CNN structure is very feasible for the purposes of feature exploration
and classification, it might not be effective for mining the complete capability of CNN. In this section,
we aim to optimize the CNN model to achieve better results.

ILSVRC is an annual competition held by ImageNet since 2010, in which research teams
submit programs that classify and detect objects and scenes. It is important to note that in 2012,
AlexNet reduced the error rate to 16% from the previous best of 25%, and in the next couple of years,
more accurate pattern recognition results were obtained using popular models such as GoogLeNet,
VGGNet, SqueezeNet and ResNet [66].

To make the most of these aforementioned state-of-the-art models, we optimized their
architectures by considering the characteristics of the input HRRS images and our identification
targets. Here, we propose self-designed structures called AlexNet-like, GoogLeNet-like, VGGNet-like
and SqueezeNet-like based on rigorous experiments and theories; thereafter, we ensemble these CNN
models into ECNN.

The principle of optimizing CNN architecture is highly based on analyzing the learning curves of
both the training and the cross validation results [67]. In addition to accuracy, two other important
indexes need to be pointed out: bias and variance [68].

In this experiment, both bias and variance lead to severe problems. High bias can cause an
algorithm to miss the relevant relationships between features and target outputs. Here are some ways
to solve this challenge:

e  Optimize the accuracy of the input training data. This means the training HRRS images and the
corresponding labels of buildings and other land features must be as accurate as possible.

e Decrease the regularization coefficient A [69], because doing so can solve
under-fitting-related problems.

e  Add number of features, such as implementation of higher-level CNN structures, which could
extract more features

When facing high variance, which leads to over-fitting [70], the problem can be solved by:

e Adding more training samples would be helpful. Data augmentation such as adding more
training HRRS images to the dataset considering the diversity.
Increase the regularization coefficient A, which can solve over-fitting problems.

o  Decrease the number of features, by using a method such as Dropout [71].

Here, we optimize our model based on the preceding principles. We take the VGGNet-like
(introduced in Section 3.4) structure as an example to explore how to configure the CNN architecture
based on the characteristics of VGGNet. The final promising structure is generated by gradually
enhancing and optimizing a simple initial CNN. Considering the experimental requirement, the three
parameters to be evaluated in our experiment are number of filters, depth of architecture, and input
sample window size. These parameters are connected in a way that determines the total number of
units and the weight values of the entire structure.

The initial architecture is based on the basic CNN model utilized in our previous work. To enhance
the architecture, the number of filters is configured by multiplying the original number of filters by
f=13925100200]. The number of added convolutional layers is donated by y, and it ranges from 2
to 12 in steps of 2; the window size s is the area surrounding the pixel to be classified and is set to
be between 14 and 50 with an interval of 2. We evaluated the effects of each parameter in terms
of accuracy, efficiency, and learning curve; then, we integrated all the optimal settings to obtain a
promising VGGNet-like architecture.
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3.2.1. Influence of Filter

In general, the greater the number of filters, the greater the number of features that can be extracted.
Here, we gradually increase the number of features from the original to f = [3, 9, 25, 100, 200] times in
each convolutional layer. As shown in Table 1, when the number of filters reaches 25 times, the best
training and testing results can be generated, and the model can achieve 98.98% and 0.83 in terms of
testing accuracy and kappa value, respectively. Moreover, from the learning curve (Figure 3), until
200 and 300 times, the model does not encounter the challenge of over-fitting, which means that the
number of features has not saturated yet. Upon adding more filters, the model tends to converge faster.
However, when considering both accuracy and efficiency, the number of filters that can obtain a good
enough result would be suitable.

Table 1. Relationship between number of filters and accuracy.

Training Testing
Structure Para  Acc(%) Kappa Epoch(s) Total(min) Acc(%) Kappa Total (s)
Ori 1669 95.31 0.86 1.41 7.06 97.29 0.60 1.59
x3 11917 98.94 0.97 1.57 7.85 98.15 0.72 1.93
X9 97957 99.19 0.98 2.29 11.46 98.22 0.73 3.31
%25 0.73M 99.73 0.99 7.09 35.44 98.98 0.83 10.16
x100 11.57M  99.69 0.99 83.09 415.46 98.79 0.80 88.00
%200 46.18M  97.54 0.92 299.06 1459.27 98.14 0.70 5.67

Although high accuracy could be achieved, the model continued to suffer from unstable
convergence, and it was not stable even after adding 200 times the original number of filters.
The influence of depth of architecture will be explored in the next section.

Training and Cross validation loss_error
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Figure 3. Influence of number of filters.
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3.2.2. Influence of Depth

CNNs constitute a very important branch of deep learning. The preponderance of CNNss is highly
based on the depth of architecture. By mining deeper and more abstract features and information from
an identification target, usually, a very deep network can achieve higher accuracy. In recent years,
owing to the improvement in the computational capability and hardware, it has become possible to
construct and compute very deep networks. Recent state-of-the art architectures such as VGGNet and
ResNet make the most of this principle.

In this experiment, to explore the effect of depth on the CNN model for identification of buildings
in rural environments, we increased the number of convolutional layers from the original 2 to 14 in
steps of 2. Both the training testing settings and the results are shown in Table 2.

Table 2. Relationship between depth and accuracy.

Training Testing

Structure  Para  Acc (%) Kappa Epoch(s) Total (min) Acc(%) Kappa Total (s)

Ori 1669 93.02 0.79 1.49 74.29 94.58 0.42 1.73
+2 Conv 4891 96.30 0.89 2.06 103.16 96.84 0.58 2.60
+4 Conv 8133 96.21 0.88 2.73 136.93 98.06 0.68 3.55
+6 Conv 11,335 97.45 0.92 3.44 172.09 98.18 0.70 4.65
+8 Conv 14,557 97.54 0.92 4.16 208.19 98.14 0.70 5.67
+10 Conv 17,779 97.80 0.93 494 247.03 97.67 0.65 6.73
+12 Conv 21,001 78.97 0.00 6.18 308.87 97.53 0.00 7.81

At the outset, model accuracy increases as the network depth increases. However, when the
number of convolutional layers is higher than 12, the network becomes stocked and even loses
its identification capability. After rigorous analysis, we found that this problem is caused by
gradient vanishing [72]. As we know, CNN is based on gradient descent and back propagation.
When implementing the gradient descent algorithm, the input signal will be activated by activation
function in the saturated or diverged region. Thereafter, with propagation processing, this phenomenon
will be propagated in the entire model and will cause the corresponding gradient to vanish and explode.

This challenge can be overcome in several ways. For instance, we can use unsaturated activation
such as Relu to relieve the problem to a certain degree. Moreover, the batch normalization [73] method,
in which feature scaling is performed after convolution can be used; with this method, the result falls
into the vanishing and exploding region can be avoided. In this experiment, we selected the simplest
solution of adding depth to the most suitable degree, which can yield promising results while avoiding
the gradient vanishing problem. Considering efficiency and accuracy, here, we added six convolutional
layers into the original structure; as a result, we obtained testing accuracy and kappa value of 98.18%
and 0.70 respectively.

3.2.3. Influence of Window Size

The size of the input sample is a very significant factor that influences identification capability.
Considering the image resolution and the characteristics of village buildings, the ideal window
size must be slightly bigger than that for ordinary buildings, while information about a building’s
surroundings must be included as well. The input window size of our original basic architecture
is 18 x 18, which might be too small to extract enough valuable features.

Herein, we change the window size from 14 to 50 with intervals equal to 2; the parameter amount
increases along with the increasing window size. For comparison, the experiment is conducted using a
basic and a complex CNN structure, which is constructed based on the previous optimization principle.
In particular, we focus on comparing the effect of window size on multiple relations, such as size 14
with 28, 16 and 32, etc., because a double-sized window contains the same information as a small one.
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From the testing result (Figure 4a), by implementing a simple structure, a double-sized window
could yield better results, because it contains more abundant information that a small-sized window.
However, if we implement a complex structure, although a double-sized window contains more
information, we cannot always obtain better results (Figure 4b).

Kappa Variety Kappa Variety

09— [l Small [l Double 091 [l Small [l] Double

14 16 18 20 22 24 Size 14 16 18 20 22 24 Size

(a) (b)

Figure 4. Window size in multiple relations. (a) with a simple structure; (b) with a complex structure.

With the same CNN structure, bigger window size can obtain more features and parameters,
but other methods such as adding filters and depth can also increase the amount of features. If the
feature extraction capability of the model is weak, the big-size samples would help it to obtain more
information than small-size ones, which would lead to good results. However, when we use a complex
structure which can extract sufficient features, bigger window size can no longer yield good results,
and extremely big window size might yield redundant and useless features, which lead to bad results.
In this experiment, we choose a window size that is 50% bigger than in the ordinary architecture,
with an adaptive number of kernels and depth. If the model suffers from over-fitting, herein, we also
implement Dropout to address the problem.

In conclusion, to take full advantage of state-of-the-art CNN models, we optimized and enhanced
them into new ones that match the village building identification task based on rigorous principles and
experiments. Furthermore, we also visualized the representation of each layer to evaluate the feasibility
of the model; here, take features extracted by VGGNet-like as an example. In later sections, we will
introduce the self-designed models: AlexNet-like, VGGNet-like, GoogLeNet-like, and SqueezeNet-like.

3.3. AlexNet-Like

AlexNet is a revolutionary CNN architecture [27]. The parallel and merged structure of this
architecture makes it suitable for extracting two sets of features while sharing information between
the two sets. Deep CNN can be formulated elaborately with very high accuracy. Moreover, by
running the model on GPUs implemented in CUDA, it becomes feasible to train the CNN model on
large-scale datasets.

There are a few tricks of AlexNet in terms of both structure and processing. First, image
preprocessing is conducted by only subsampling and feature scaling. Then, instead of the saturated
activation method, AlexNet implements Relu, which is very efficient and six times faster than tanh [74],
and it can avoid gradient vanishing and exploding to a certain degree. Third, given its parallel structure,
AlexNet can be efficiently trained on multiple GPUs, and every GPU shares half kernels. To reduce
over-fitting, AlexNet also employs tricks such as data augmentation, Dropout, and overlapping pooling
structure. Finally, the stochastic gradient descent (SGD) method [75] is used with configurations such
as weight decay, and gradually reducing momentum and learning rate.

In this experiment, we rigorously optimized AlexNet into the AlexNet-like architecture as shown
in Figure 5. To this end, we reduced the input size to 30 x 30, and optimized internal settings such
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as quantity of filter and kernel size based on the optimization principle, which increased the model’s
efficiency by reducing the total number of parameters from about 60 million to 67,665.

FC2
(M2] (D1 ] (Output]

SN
'S
kS

Figure 5. AlexNet-like architecture.

3.4. VGGNet-Like

VGGNet is short for Very Deep Convolutional Networks. As its name suggests, VGGNet addresses
the important aspect of CNN architecture design. The depth of this architecture makes it suitable for
mining very deep and abstract features [28]. The architecture steadily increases the depth of networks
by adding convolutional layers, and the quantity of filters gradually increases from the start to the end.
Very small convolutional filters of size 3 x 3 are used in all layers, and the 1 x 1 filter can be seen as a
linear transformation of the input channels. Other layers such as Zeroppading, Maxpooling, Flatten,
Dense and Dropout also increase its identification capability. To avoid over-fitting, we must eliminate
redundant features by using Dropout.

We propose the VGGNet-like architecture (Figure 6) in this experiment, which is very effective for
identifying buildings in rural environments based on HRRS images. VGGNet-like is optimized by
decreasing the depth quantity and filter size while retaining its original architecture. After optimization,
the number of parameters decreases from 140 M to 70,453, which makes the model easy to train.
The detailed settings are shown in Table 3.

(Input] (c1 ] [c2] [c3]
" L) (e (e ) (e [Pz ]
777777777 : '£> —»l
30’ 7y © E
0 648

3 10 10

Figure 6. Very Deep Convolutional Network (VGGNet)-like architecture.
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Table 3. VGGNet-like architecture

11 0f 22

Layer Output Shape Kernel Size Scale Para Connectto
Input (30, 30, 3) - - - -
Conv 1 (30, 30, 10) (5,5) - 760 Input
Conv 2 (30, 30, 10) (5,5) - 2510 Conv 1
Conv 3 (26, 26, 10) (5,5) - 2510 Conv 2
Pooling 1 (13,13, 10) - 2,2 0 Conv 3
Conv 4 (13,13, 18) 4,4) - 2898  Pooling 1
Conv 5 (13, 13,18) 4, 4) - 5202 Conv 4
Conv 6 (10, 10, 18) 4,4) - 5202 Conv 5
Pooling 2 (5,5,18) - 2,2 0 Conv 6
Flatten (648) - - 0 Pooling 2
Output 1) - - 649 Flatten

Total Parameters: 19,731

To intuitively understand the CNN activations for village buildings, we visualize the
representations of each layer by reconstructing features from simple patterns to complex ones with the
technique proposed in [76] using VGGNet-like, shown in Figure 7.

Convl

Original

Conv2

Conv3

Pool1l

Convb

Conv6b

Pool2

Figure 7. Reconstruction of Convolutional Neural Network (CNN) activations from different layers of

VGGNet-like.

Due to the limitation of resolution, the external characteristics of village buildings cannot be shown

clearly in some regions. However, the features extracted by convolutional layers still characterize
village buildings well and can be reconstructed to images similar to the original image with more
abstract information and blurriness as one progresses toward deeper layers. The visualization results
also indicate the feature extraction capability of our self-designed models.

3.5. GoogLeNet-like

The main innovation of GoogleNet is its use of an architecture called Inception [29]. In general,
Inception is a network in network structure, and the optimal local sparse structure of a vision network
is spatially repeated from the start to the end. Three Inception structures used in different circumstances
are introduced: typically, 1 X 1 convolution is used in Inception to compute reductions before the
expensive 3 x 3 and 5 x 5 convolutions.
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GoogleNet provides us with an inspiration of how to build a high-capability architecture. Most of
the identification capability progress relies not only on more powerful hardware, large datasets and
bigger models, but also and mainly on new ideas, algorithms, and improved network architectures.

By learning from GoogleNet, in this experiment, we built a GoogleNet-like structure as shown
in Figure 8. We established the Inception architecture, while optimizing the number and sequence of
layers and filters.

Incepti
(ps ] (M)  [Fc]

—f

80

Figure 8. GoogleNet-like architecture.

3.6. SqueezeNet-Like

Compared with other architectures, SqueezeNet has very few parameters while retaining similarly
high accuracy [30]. It can achieve AlexNet-level accuracy with 50 times fewer parameters and <0.5 MB
model size, in addition to identifying patterns by using very few parameters while preserving accuracy.

40
6,
o} g e~

Figure 9. SqueezeNet-like architecture.

There are some tricks associated with its structure. First is the structure called fire, which
appears like a fire blazing through a matchstick. Instead of the 3 x 3 convolutional core used in
GoogLeNet, SqueezeNet uses 1 x 1 filters in a few layers, because 1 x 1 filters have one-ninth the
number of parameters compared to 3 x 3 filters. The fire module comprises a squeeze convolution
layer (consisting of only 1 x 1 filters), and the aforementioned layer is fed into an expanded layer
comprising a mix of 1 X 1 and 3 x 3 convolutional filters. Then, the number of parameters can be



Sensors 2017, 17, 2487 13 of 22

decreased by decreasing the quantity of input channels. Third, downsampling is performed at a late
stage in the network so that convolutional layers can have larger activation maps, which leads to
higher classification accuracy. Finally, the output is directly generated by the pooling layer instead of
the fully-connected layer, which can decrease the number of filters dramatically. For instance, the final
convolutional layer obtains features of size 13 x 13 x 1000, and the pooling layer subsamples these
features into size 1 x 1 x 1000, yielding 1000 possibilities in the process.

In this experiment, we designed a SqueezeNet-like architecture (Figure 9) starting from a
standalone convolutional layer; then, we employed four fire modules. Emulating the original
SqueezeNet structure, we gradually increased the number of filters per fire module from the start to
end. Maxpooling (overlapping pooling) with stride was implemented after Conv1 and Merge2, and the
final average pooling layer divides the output into two categories, namely, building and non-building.

3.7. Ensemble Convolutional Neural Networks

Very deep CNN structures with strong feature extraction capability are typically used for larger
images measuring at least 200 x 200 pixels [31]. In the case of pixel-level village building identification,
as analyzed in Section 3.2, small HRRS images are used to avoid redundant noise and information,
while very deep structures and a large number of filters are not suitable owing to the problems of
efficiency, accuracy, and robustness. Although the optimized state-of-the-art models can mine several
features, a few important ones are inevitably lost. The feature extraction capability of an individual
model is limited, and a promising solution is ensembling several CNN models into a stronger model
by using the multiscale feature learning method.

Here, we present ECNN, shown in Figure 10, an elaborate CNN frame formulated based on the
ensembling of optimized state-of-the-art CNN models, followed by three layers of neural networks and
softmax to implement classification. Instead of varying the contextual input size, multiscale feature
learning can be achieved by inputting HRRS images of the same size to all CNNs. This would also
help preserve integrated building information.

L
e

( Feature Extractor ]

> | AlexNetlike | >
? ‘ VGGNet-like ‘ .
‘ GoogLeNet-like ‘__> Merge |—»
| SqueezeNet-like | — >
3

Figure 10. Ensemble Convolutional Neural Networks.
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By taking full advantage of the different optimized state-of-the-art models’ feature extraction
capabilities, the proposed ECNN structure can achieve better classification results. Moreover, it can
solve the problem of remaining small input image size, while avoiding the serious problems caused by
very deep CNNS, such as gradient vanishing. To the best of our knowledge, there is no existing related
CNN structure to identify village buildings by using HRRS images, and the feasibility of ECNN will
be evaluated in the following sections.
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4. Result and Discussion

We defined the CNN model utilized in our previous study [24] as basic CNN structure, and it
cannot achieve a stable, high kappa value in many testing areas. Moreover, the building identification
capability of the corresponding model is relatively limited. As shown in the previous chapter, based
on the rigorous CNN model optimization and construction principle, we formulated four types of
self-designed structure by using state-of-the-art networks and ensembled them into the ECNN model.

In this chapter, to compare and discuss the village building identification capability of different
models, we first employ the same dataset and study area used in [24]. Thereafter, we use the models
to implement village building identification in practice. We discuss and evaluate the feasibility of
the model in terms of kappa coefficient, overall accuracy, confusion matrix, standard deviation, and
computation efficiency.

4.1. Comparison of Different Models

Here, we set the experimental parameters as follows: number of iterations = 300, window
size = 30 x 30, learning rate = 0.03, activation Relu, and Softmax. In terms of dataset, 50,655 and 12,664
images were selected as the training and cross validation samples respectively. Because the land feature
information of non-building areas is much more abundant than building areas in villages, 13,319
are positive samples and 50,000 are negative samples. For the sake of comparison, we selected the
same testing area as in our previous study in Laos. The number of filters and depth information were
different for each architecture. The employed parameter details and the training results are listed
in Table 4.

Table 4. Training result by different CNNs.

Parameter Training
Structure Original New  Acc(%) Kappa Epoch (s)

ECNN - 506,288  99.78 0.99 31.21
AlexNet-like 60.97M 51,249 99.77 0.99 5.42
VGGNet-like 143.67M 70,453 99.78 0.99 13.81
GoogLeNet-like ~ 7.00 M 37,589 99.71 0.99 6.62
SqueezeNet-like  1.25M 39,941 99.73 0.99 7.23
Basic - 4349 96.48 0.90 98.22

The training results show that all proposed self-designed CNN models outperformed the
basic ones and achieved very high accuracy of over 99% with much higher efficiency. Thereafter,
we implemented the trained models for testing, and the results in terms of overall accuracy, kappa
value, and confusion matrix are given in Table 5.

Table 5. Testing result by different CNNs.

Testing Confusion Matrix
Structure Acc Kappa Total (s) TN FP FN TP
ECNN 99.15 0.85 56.22 522,162 4519 56 13,263

AlexNet-like 98.95 0.82 16.72 521,048 5633 37 13,282
VGGNet-like 98.95 0.82 25.77 52,1058 5623 50 13,269
GoogLeNet-like 9891 0.81 12.19 520,837 5844 63 13,256
SqueezeNet-like  98.89 0.81 17.93 520,713 5968 45 13,274
Basic 96.64 0.57 180.70 509,295 17,366 799 12,540

From the testing results, the self-designed models performed much better than the basic structure,
and the accuracy and kappa coefficient increased by about 2.5% and 0.3, respectively. The confusion
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matrix shows that TP and TN increased substantially, while FP and FN decreased, which means
misclassification in the cases of building and non-building areas was solved to a certain degree.
In particular, ECNN, which can achieve a kappa coefficient of up to 0.85, outperformed other methods.
The testing results indicate the feasibility of the model optimization method and the strong capability
of the proposed ECNN method, which is based on ensembling the feature extraction parts of the
state-of-the-art models for village building identification.

4.2. Implementation of CCNs

In this section, we present the building identification results obtained in the study areas in Laos
and Kenya. These results were obtained using the optimized state-of-the-art CNN models and ECNN.
In addition, we discuss their feasibility in terms of accuracy, stability, and efficiency.

To evaluate and compare the robustness of different CNN models, here, we deliberately selected
several representative and typical small-segment areas, where land features and buildings present
different characteristics in terms of color, external structure, and texture. The concrete numerical results
are presented in terms of kappa coefficient, standard deviation, and mean average overall accuracy,
while the intuitive classification results are presented in terms of different colors, where green refers
to true positive, that is, the actual buildings are classified correctly as buildings; blue indicates the
non-building areas that were incorrectly labeled as buildings; red indicates the buildings that were
marked incorrectly as non-buildings; and black indicates true negative, which denotes the correctly
classified non-building areas.

Because villages along river banks are representative of the landscape in many countries [77],
we selected a few related regions, as shown in the top row of Figure 11. Notably, the regular outline of
the bank in some regions is quite similar to buildings, which makes identification very challenging
in many cases. The testing result obtained using the proposed different CNNs (Figure 11, second
row to the final row) shows the models’ excellent identification capability in such regions, and the
majority of buildings are correctly identified, while other land features such as river bank are also
well classified. However, in Figure 11c,fh, some regions with vegetation cover are misclassified
as buildings, and buildings near the boundary are marked as non-building areas by the optimized
state-of-the art models, while ECNN correctly classified these regions and identified buildings with
higher accuracy. In Figure 11b, there is a region where non-building areas are misclassified by ECNN;
after carefully analyzing the original image, we believe that this was caused by imperfect ground truth.

As shown in Table 6, the proposed ECNN model outperformed the other models, achieving an
average kappa of 0.82 and overall accuracy of 98.34% in regions (a-h). In terms of standard deviation,
ECNN is slightly better than a few other models, but the kappa can be relatively unstable when the
density of buildings is high in a given region.

Table 6. Testing results in bank regions with different CNNs.

Structure a b c d e f g h Mean Std Acc_Mean (%)
ECNN 086 0.76 0.83 091 0.76 0.78 086 0.84 082 0.05 98.34
AlexNet-like 072 074 080 079 073 073 082 069 075 0.04 98.06
VGGNet-like 074 073 082 076 073 077 081 053 074 0.08 98.00
GoogLeNet-like 080 076 083 080 076 076 084 077 079 0.03 98.30
SqueezeNet-like 0.69 0.68 065 063 068 070 082 061 068 0.06 97.49

The complex and mixed-type village regions that contain an abundance of terrestrial features
such as streams, pools, vacancies, vegetation, and crops were selected for conducting the comparison.
As shown in Figure 12, ECNN could identify buildings in all cases, and it yielded the least false positive
results compared to the other models.
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Figure 12. Identification results of eight small segments in mixed-type regions.
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The detailed results are given in Table 7. ECNN not only achieved the highest average kappa
of 0.77 and overall accuracy of 98.13%, but also the best standard deviation of 0.02. By contrast,
the individual optimized state-of-the-art models yield unstable performance with average kappa
values ranging from 0.67 to 0.74. This indicates that the proposed ECNN offers higher robustness and
better feasibility within complex testing regions compared to individual CNN models.

Table 7. Testing results in mixed-type regions with different CNNs.

Structure i j k 1 m n o P Mean Std Acc_Mean(%)
ECNN 079 081 075 073 076 076 0.77 0.78 0.77 0.02 98.13
AlexNet-like 079 079 072 069 074 075 074 075 074 0.03 98.00
VGGNet-like 070 072 062 067 064 070 071 067 068 0.03 97.25
GoogLeNet-like 0.63 074 0.68 0.67 0.67 0.66 068 065 067 0.03 97.63
SqueezeNet-like 074 079 065 070 072 071 070 0.66 071 0.04 97.50

As shown in Figure 13, finally, we selected typical areas containing plenty of human-built land
features such as roads, agricultural fields, and pounds. Owing to the similar textures and external
structures to the buildings, artificial land features are prone to misclassification, leading to decreased
accuracy of the results along with a large number of false positives. According to the testing results
in Figure 13 (second row to the final row), although ECNN can achieve better performance than
the other models, a few artificial land features such as roads and yards are inevitably identified as
buildings. It indicates that the ECNN model still needs to be enhanced by training it using a more
diverse training dataset.

Alex-like ECNN Original

VGG-like

Google-like

Squeeze-like

Figure 13. Identification results of eight small segments in artificial land regions.
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The results in Table 8 infer that in regions with complex artificial land features, ECNN can achieve
a very high kappa of 0.80 and overall accuracy of 98.38%, while the SqueezeNet-like model can achieve
a kappa of only 0.72.

Table 8. Testing results of different CNNs in artificial land regions.

Structure q r s t u v w X mean std Acc_mean

ECNN 084 078 087 084 0.81 076 078 079 080 0.04 98.38
AlexNet-like 082 070 081 075 075 075 073 072 075 0.04 98.25
VGGNet-like 081 078 075 078 072 075 076 077 077 0.03 98.32

GoogLeNet-like 0.81 074 077 078 073 073 077 075 076 0.03 98.04
SqueezeNet-like 0.77 065 081 072 069 068 070 070 072 0.05 98.30

It should be noted that a comparison of the models’ feasibility in all cases and other regions that
are not included in these study areas is very difficult because they differ in terms of resolution,
data acquisition methods, reference datasets, and class definitions. However, from the testing
results, it can be concluded that the optimized state-of-the-art models, especially ECNN, can achieve
comparably efficient village building identification results to the previous best result in the tested
study areas. Moreover, the proposed ECNN model has considerably better accuracy and robustness
than the individual optimized CNN model structure in the village building identification task.

5. Conclusions

In this study, we proposed a novel CNN frame called ECNN for village building identification
using HRRS images. First, we constructed four self-designed CNN structures based on state-of-the-art
CNN models and a rigorous optimization principle. Then, to extract most of their identification
capabilities, we ensembled the feature extractor parts of each individual optimized model and
concatenated them into ECNN based on the multiscale feature learning method. Finally, the generated
ECNN was applied to a pixel-level village building identification task in developing countries.

The experimental results show the potential and the capability of the proposed ECNN model
and the optimized state-of-the-art models in village building identification. The models achieved
considerably higher accuracy than the previous best methods. In particular, the proposed ECNN
model achieved considerably higher accuracy, and the kappa value improved from the previous best
of 0.57 to 0.86 and overall accuracy from 96.64% to 99.26%. It outperformed the individual optimized
CNN models as well, which indicates the feasibility of our proposed method.

More detailed exploration of the method is required in the future. First, to test the robustness of
the method, regions of different resolution, as well as various data acquisition methods and reference
datasets, need to be tested. Second, multi-class village landscape classification needs to be implemented
using the proposed method. Finally, in case there are any limitations in the training data source, transfer
learning [78] and the generative model [79] will be applied to enhance the proposed ECNN model.
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Abbreviations

The following abbreviations are used in this manuscript:

HRRS High Resolution Remote Sensing

GE Google Earth

CNN convolutional neural networks

ECNN ensemble convolutional neural networks

SGD Stochastic Gradient Descent

GIS Geographic Information System

SAR synthetic aperture radar

ILSVRC ImageNet Large Scale Visual Recognition Challenge
AlexNet CNN architecture developed by Alex Krizhevsky
VGGNet very deep CNN architecture developed by Simonyan

GoogLeNet  CNN architecture developed by Christian Szegedy
SqueezeNet CNN architecture developed by Forrest

RNN recurrent neural networks
References
1. Younan, N.H.; Aksoy, S. Foreword to the special issue on pattern recognition in remote sensing. IEEE ]. Sel.

Top. Appl. Earth Obs. Remote Sens. 2012, 5, 1331-1333.

2. Choi, J.; Lee, J.; Kim, D.; Soprani, G.; Cerri, P; Broggi, A.; Yi, K. Environment-detection-and-mapping
algorithm for autonomous driving in rural or off-road environment. IEEE Trans. Intell. Trans. Syst. 2012, 13,
974-982.

3.  Xing, H.; Xu, X. M8. 0 Wenchuan Earthquake; Springer: Berlin/Heidelberg, Germany, 2010; Volume 123.

4. Mori, N.; Takahashi, T.; Yasuda, T.; Yanagisawa, H. Survey of 2011 tohoku earthquake tsunami inundation
and run-up. Geophys. Res. Lett. 2011, 38, doi:10.1029/2011GL049210.

5. Davies, ].].; Beresford, A.R.; Hopper, A. Scalable, distributed, real-time map generation. IEEE Pervasive
Comput. 2006, 5, 47-54.

6.  Gallent, N.; Juntti, M.; Kidd, S.; Shaw, D. Introduction to Rural Planning; Routledge: Abingdon, UK, 2008.

7. Davidson, J.; Wibberley, G. Planning and the Rural Environment: Urban and Regional Planning Series; Elsevier:
Amsterdam, The Netherlands, 2016.

8.  Lillesand, T,; Kiefer, RW.; Chipman, ]. Remote Sensing and Image Interpretation; John Wiley & Sons: Hoboken,
NJ, USA, 2014.

9. Richards, J.; Jia, X. Remote Sensing Digital Image Analysis: An Introduction; Springer: Berlin/Heidelberg,
Germany, 1999.

10. Schowengerdt, R.A. Remote Sensing: Models and Methods for Image Processing; Academic Press: Cambridge,
MA, USA, 2006.

11. Romero, A.; Gatta, C.; Camps-Valls, G. Unsupervised deep feature extraction for remote sensing image
classification. IEEE Trans. Geosci. Remote Sens. 2016, 54, 1349-1362.

12. Maggiori, E.; Tarabalka, Y.; Charpiat, G.; Alliez, P. Convolutional neural networks for large-scale
remote-sensing image classification. IEEE Trans. Geosci. Remote Sens. 2017, 55, 645-657.

13.  Wang, Q.; Shi, W.; Atkinson, PM.; Pardo-Igtizquiza, E. A new geostatistical solution to remote sensing image
downscaling. IEEE Trans. Geosci. Remote Sens. 2016, 54, 386-396.

14. Holt, J. Using Google Earth™: Bring the World into Your Classroom Level 6-8 (ePub 3); Shell Education:
Huntington Beach, CA, USA, 2017; Volume 1.

15.  Available online: https://www.bing.com/mapspreview?cc=de (accessed on 27 October 2017).

16. LeCun, Y. Lenet-5, Convolutional Neural Networks. Available online: http://yann.lecun.com/exdb/lenet/
(accessed on 27 October 2017).

17.  Bouvrie, J. Notes on Convolutional Neural Networks. Available online: http://cogprints.org/5869/1/cnn_
tutorial.pdf (accessed on 27 October 2017).

18. Nestler, E.G.; Osqui, M.M.; Bernstein, ].G. Convolutional Neural Network. U.S. Patent 15/379,114,

14 December 2016.


https://www.bing.com/mapspreview?cc=de
http://yann.lecun.com/exdb/lenet/
http://cogprints.org/5869/1/cnn_tutorial.pdf
http://cogprints.org/5869/1/cnn_tutorial.pdf

Sensors 2017, 17, 2487 20 of 22

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

LeCun, Y.; Boser, B.E.; Denker, ].S.; Henderson, D.; Howard, R.E.; Hubbard, W.E.; Jackel, L.D. Handwritten
digit recognition with a back-propagation network. In Advances in Neural Information Processing Systems;
Morgan Kaufmann Publishers Inc.: San Francisco, CA, USA, 1990; pp. 396—404.

Kim, P. Convolutional neural network. In MATLAB Deep Learning; Springer: Berlin/Heidelberg, Germany,
2017; pp. 121-147.

Zhang, L.; Zhang, L.; Du, B. Deep learning for remote sensing data: A technical tutorial on the state of the
art. IEEE Geosci. Remote Sens. Mag. 2016, 4, 22-40.

Ma, X.; Geng, J.; Wang, H. Hyperspectral image classification via contextual deep learning. EURASIP ].
Image Video Process. 2015, 20, 2015.

Chen, X,; Xiang, S.; Liu, C.; Pan, C. Vehicle detection in satellite images by hybrid deep convolutional neural
networks. IEEE Geosci. Remote Sens. Lett. 2014, 11, 1797-1801.

Guo, Z.; Shao, X.; Xu, Y.; Miyazaki, H.; Ohira, W.; Shibasaki, R. Identification of village building via google
earth images and supervised machine learning methods. Remote Sens. 2016, 8, 271.

Yu, K,; Lin, Y.; Lafferty, ]. Learning Image Representations from the pIxel Level via Hierarchical Sparse
Coding. In Proceedings of the 2011 IEEE Conference onComputer Vision and Pattern Recognition (CVPR),
Colorado Springs, CO, USA, 20-25 June 2011; pp. 1713-1720.

Russakovsky, O.; Deng, J.; Su, H.; Krause, J.; Satheesh, S.; Ma, S.; Huang, Z.; Karpathy, A.; Khosla, A.;
Bernstein, M.; et al. ImageNet Large Scale Visual Recognition Challenge. Int. ]. Comput. Vis. 2015, 115,
211-252.

Krizhevsky, A.; Sutskever, I.; Hinton, G.E. Imagenet Classification with Deep Convolutional Neural
Networks. In Proceedings of the Neural Information Processing Systems 2012, Stateline, NV, USA,
3-8 December 2012; pp. 1097-1105.

Simonyan, K.; Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXiv
2014, arXiv:1409.1556.

Szegedy, C.; Liu, W,; Jia, Y.; Sermanet, P; Reed, S.; Anguelov, D.; Erhan, D.; Vanhoucke, V.; Rabinovich, A.
Going deeper with convolutions. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, Boston, MA, USA, 7-12 June 2015.

Iandola, EN.; Han, S.; Moskewicz, M.W.; Ashraf, K.; Dally, W.J.; Keutzer, K. Squeezenet: Alexnet-level
accuracy with 50x fewer parameters and <0.5 mb model size. arXiv 2016, arXiv:1602.07360.

Deng, J.; Dong, W.; Socher, R; Li, L.-].; Li, K,; Li, E-F. ImageNet: A Large-Scale Hierarchical Image Database.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Miami, FL, USA,
20-25 June 2009.

Dai, J.; He, K.; Sun, J. Convolutional feature masking for joint object and stuff segmentation. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA, USA, 7-12 June 2015;
pp- 3992-4000.

Guo, S.; Luo, Y.; Song, Y. Random forests and vgg-net: An algorithm for the isic 2017 skin lesion classification
challenge. arXiv 2017, arXiv:1703.05148.

Hu, F; Xia, G.; Hu, J.; Zhang, L. Transferring deep convolutional neural networks for the scene classification
of high-resolution remote sensing imagery. Remote Sens. 2015, 7, 14680-14707.

Sercu, T.; Puhrsch, C.; Kingsbury, B.; LeCun, Y. Very deep multilingual convolutional neural networks for
Ivesr. In Proceedings of the 2016 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Shanghai, China, 20-25 March 2016; pp. 4955-4959.

Sun, Y,; Liang, D.; Wang, X.; Tang, X. Deepid3: Face recognition with very deep neural networks. arXiv 2015,
arXiv:1502.00873.

Audebert, N.; le Saux, B.; Lefevre, S. Semantic segmentation of earth observation data using multimodal and
multi-scale deep networks. In Asian Conference on Computer Vision; Springer: Berlin/Heidelberg, Germany,
2016; pp. 180-196.

Hochreiter, S.; Schmidhuber, J. Long short-term memory. Neural Comput. 1997, 9, 1735-1780.

Farabet, C.; Couprie, C.; Najman, L.; LeCun, Y. Scene parsing with multiscale feature learning, purity trees,
and optimal covers. arXiv 2012, arXiv:1202.2160.

Langkvist, M.; Kiselev, A.; Alirezaie, M.; Loutfi, A. Classification and segmentation of satellite orthoimagery
using convolutional neural networks. Remote Sens. 2016, 8, 329.



Sensors 2017, 17, 2487 21 of 22

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.
61.

62.

63.

Marmanis, D.; Schindler, K.; Wegner, J.; Galliani, S.; Datcu, M.; Stilla, U. Classification with an edge:
Improving semantic image segmentation with boundary detection. arXiv 2016, arXiv:1612.01337.

Farabet, C.; Couprie, C.; Najman, L.; LeCun, Y. Learning hierarchical features for scene labeling. IEEE Trans.
Pattern Anal. Mach. Intell. 2013, 35, 1915-1929.

Socher, R.; Huval, B.; Bath, B.; Manning, C.D.; Ng, A.Y. Convolutional-recursive deep learning for 3d
object classification. In Proceedings of the Neural Information Processing Systems 2012, Stateline, NV, USA,
3-8 December 2012; pp. 656-664.

Pinheiro, P.; Collobert, R. Recurrent convolutional neural networks for scene labeling. In Proceedings of the
International Conference on Machine Learning, Beijing, China, 21-26 June 2014; pp. 82-90.

Ding, X.; He, Q. Energy-fluctuated multiscale feature learning with deep convnet for intelligent spindle
bearing fault diagnosis. IEEE Trans. Instrum. Meas. 2017, 66, 1926-1935.

Kiros, R.; Popuri, K.; Cobzas, D.; Jagersand, M. Stacked multiscale feature learning for domain independent
medical image segmentation. In International Workshop on Machine Learning in Medical Imaging; Springer:
Berlin/Heidelberg, Germany, 2014; pp. 25-32.

Brosch, T.; Tang, L.Y.W.; Yoo, Y.; Li, D.K.B.; Traboulsee, A.; Tam, R. Deep 3d convolutional encoder networks
with shortcuts for multiscale feature integration applied to multiple sclerosis lesion segmentation. IEEE Trans.
Med. Imaging 2016, 35, 1229-1239.

Couprie, C.; Farabet, C.; Najman, L.; Le Cun, Y. Indoor semantic segmentation using depth information.
arXiv 2013, arXiv:1301.3572.

Eitel, A.; Springenberg, ].T.; Spinello, L.; Riedmiller, M.; Burgard, W. Multimodal deep learning for robust
rgb-d object recognition. In Proceedings of the 2015 IEEE/RS]J International Conference on Intelligent Robots
and Systems (IROS), Hamburg, Germany, 28 September-2 October 2015; pp. 681-687.

Gupta, S.; Girshick, R.; Arbeldez, P; Malik, J. Learning rich features from rgb-d images for object detection
and segmentation. In European Conference on Computer Vision; Springer: Berlin/Heidelberg, Germany, 2014;
pp- 345-360.

Wang, A.; Lu, J.; Cai, J.; Cham, T.; Wang, G. Large-margin multi-modal deep learning for rgb-d object
recognition. IEEE Trans. Multimed. 2015, 17, 1887-1898.

Ricci, F; Rokach, L.; Shapira, B. Introduction to recommender systems handbook. In Recommender Systems
Handbook; Springer: Berlin/Heidelberg, Germany, 2011, pp. 1-35.

Cheng, H; Koc, L.; Harmsen, ].; Shaked, T.; Chandra, T.; Aradhye, H.; Anderson, G.; Corrado, G.; Chai, W.;
Ispir, M.; et al. Wide & deep learning for recommender systems. In Proceedings of the 1st Workshop on
Deep Learning for Recommender Systems, Boston, MA, USA, 15 September 2016; pp. 7-10.

Elkahky, A.M.; Song, Y.; He, X. A multi-view deep learning approach for cross domain user modeling
in recommendation systems. In Proceedings of the 24th International Conference on World Wide Web,
Florence, Italy, 18-22 May 2015; pp. 278-288.

Wang, H.; Wang, N.; Yeung, D. Collaborative deep learning for recommender systems. In Proceedings of the
21th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, Sydney, Australia,
10-13 August 2015; pp. 1235-1244.

Quionero-Candela, J.; Sugiyama, M.; Schwaighofer, A.; Lawrence, N.D. Dataset Shift in Machine Learning;
MIT Press: Cambridge, MA, USA, 2009.

Golub, G.H.; Heath, M.; Wahba, G. Generalized cross-validation as a method for choosing a good ridge
parameter. Technometrics 1979, 21, 215-223.

Davis, ].; Goadrich, M. The relationship between precision-recall and roc curves. In Proceedings of the 23rd
International Conference on Machine Learning, Pittsburgh, PA, USA, 25-29 June 2006; pp. 233-240.
Carletta, J]. Assessing agreement on classification tasks: The kappa statistic. Comput. Linguist. 1996, 22,
249-254.

Lin, M.; Chen, Q.; Yan, S. Network in network. arXiv 2013, arXiv:1312.4400.

Sammut, K.M.; Jones, S.R. Implementing nonlinear activation functions in neural network emulators.
Electron. Lett. 1991, 27, 1037-1038.

Lin, W,; Dong, L. Adaptive downsampling to improve image compression at low bit rates. IEEE Trans.
Image Process. 2006, 15, 2513-2521.

LeCun, Y; Bengio, Y. Convolutional networks for images, speech, and time series. In The Handbook of Brain
Theory and Neural Networks; MIT Press: Cambridge, MA, USA, 1995; Volume 3361.



Sensors 2017, 17, 2487 22 of 22

64.

65.

66.

67.

68.

69.

70.
71.

72.

73.

74.

75.

76.

77.

78.
79.

Giusti, A.; Ciresan, D.C.; Masci, J.; Gambardella, L.M.; Schmidhuber, J. Fast image scanning with deep
max-pooling convolutional neural networks. In Proceedings of the 2013 20th IEEE International Conference
on Image Processing (ICIP), Melbourne, Australia, 15-18 September 2013; pp. 4034-4038.

Heckerman, D.; Meek, C. Models and selection criteria for regression and classification. In Proceedings of
the Thirteenth conference on Uncertainty in artificial intelligence, Providence, RI, USA, 1-3 August 1997;
pp. 223-228.

He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE
Conference on Computer Vision And Pattern Recognition, Las Vegas, NV, USA, 27-30 June 2016; pp. 770-778.
Bishop, C.M. Pattern Recognition and Machine Learning; Springer: Berlin/Heidelberg, Germany, 2006.
Dietterich, T.G.; Kong, E.B. Machine Learning Bias, Statistical Bias, and Statistical Variance of Decision Tree
Algorithms; Technical Report; Department of Computer Science, Oregon State University: Corvallis, OR,
USA, 1995.

Scholkopf, B.; Smola, A.]. Learning with Kernels: Support Vector Machines, Regularization, Optimization,
and Beyond; MIT Press: Cambridge, MA, USA, 2001.

Hawkins, D.M. The problem of overfitting. J. Chem. Inf. Comput. Sci. 2004, 44, 1-12.

Srivastava, N.; Hinton, G.E.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Dropout: A simple way to
prevent neural networks from overfitting. . Mach. Learn. Res. 2014, 15, 1929-1958.

Hochreiter, S. The vanishing gradient problem during learning recurrent neural nets and problem solutions.
Int. J. Uncertain. Fuzziness Knowl. Based Syst. 1998, 6, 107-116.

Ioffe, S.; Szegedy, C. Batch normalization: Accelerating deep network training by reducing internal covariate
shift. In Proceedings of the International Conference on Machine Learning, Lille, France, 7-9 July 2015;
pp. 448-456.

Fan, E. Extended tanh-function method and its applications to nonlinear equations. Phys. Lett. A 2000, 277,
212-218.

Bottou, L. Stochastic Gradient Descent Tricks.  In Neural Networks: Tricks of the Trade; Springer:
Berlin/Heidelberg, Germany, 2012; pp. 421-436.

Zeiler, M.D,; Fergus, R. Visualizing and Understanding Convolutional Networks. In European Conference on
Computer Vision; Springer: Berlin/Heidelberg, Germany, 2014; pp. 818-833.

Liu, Y;; Mei, Y.; Chen, C. Village planning methods under new countryside construction background.
City Plan. Rev. 2008, 32, 74-78.

Pan, SJ.; Yang, Q. A survey on transfer learning. IEEE Trans. Knowl. Data Eng. 2010, 22, 1345-1359.
Bernardo, ].M.; Bayarri, M.].; Berger, ].O.; Dawid, A.P; Heckerman, D.; Smith, A.F.M.; West, M. Generative or
discriminative? Getting the Best of Both Worlds. Bayesian Stat. 2007, 8, 3-24.

@ (© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	Data Source
	Study Area
	Data

	Methods
	Convolutional Neural Networks
	Model Optimization
	Influence of Filter
	Influence of Depth
	Influence of Window Size

	AlexNet-Like
	VGGNet-Like
	GoogLeNet-like
	SqueezeNet-Like
	Ensemble Convolutional Neural Networks

	Result and Discussion
	Comparison of Different Models
	Implementation of CCNs

	Conclusions

