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Abstract

Nonnegative sparse coding (NSC) is widely utilized as an image representation model.
However, conventional NSC methods usually cause large representation errors, lack of
spatial information and weak discriminative. In order to overcome these drawbacks, this
paper proposes an unsupervised deep discriminative feature learning framework for
aerial image classification which is based on Fisher Discriminative Nonnegative Sparse
Coding (FDNSC) and Deep Belief Network (DBN). First, image features are extracted by
using scale-invariant feature transform (SIFT). Then fisher discriminative analysis is
added to construct a NSC with fisher discriminative criterion constraint, thus to obtain
the discriminative sparse representation of images. Finally, DBN is combined to perform
aerial image classification. The proposed method is applied to OT data set and UC
Merced data set. Experimental results show that the proposed method efficiently utilizes
spatial information of images and can promote the spatial separability of sparse
coefficients, thus improves the classification performance and is more suitable for aerial
image classification.

Keywords: Aerial Image Classification; Nonnegative Sparse Coding; Fisher
Discriminative Criterion; Deep Belief Network

1. Introduction

Aerial images have been widely used in city planning, coastal surveillance, military
tasks, etc. It is important to understand the contents of the aerial image and study the
scene types. However, aerial images contain many objects of different sizes and have the
characteristics of large range, wide viewing angle, high resolution and large data, which
bring great challenges to study.

One of the important problems to be solved in the aerial image classification is the
representation of the image. At present, the most widely used method of image
representation is bag of visual words (BoVW) [1]. First extract the local features of the
image such as the scale invariant feature transform (SIFT) feature and then quantize the
local feature into visual words. Finally represent the number of visual words in the form
of histogram. Subsequently, Lazebnik et al. proposed a spatial pyramid matching (SPM)
method for image scene classification and recognition [2]. First divide the image into
different levels in space and then calculate the similarity between each layer of Pyramid.
Finally get the total image similarity by weighted sum of each similarity. Yang and
Newsam have computed the co-occurrence of the visual words and combined this with the
bag-of-visual-words (BoVW) method, and they reported higher classification accuracy
than the traditional BoVW and the spatial pyramid matching kernel (SPMK) for their
extended spatial co-occurrence kernel (SPCK++) method [3]. Combining probabilistic
latent semantic analysis (pLSA) and SPM, Ergul et al. proposed SPM-pLSA image scene
classification algorithm and achieved good results [4]. However, these methods are easy
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to produce large quantization errors in the construction of visual words, which leads to the
decrease of the classification performance.

With the development of sparse coding (SC) [5], the image representation method has
changed greatly. Sparse coding simulates the activity of the neuron's sparse type. Use a
set of basis functions to obtain the input image encoding where only a small amount of
the coefficient is large, while the others are small or close to zero. Yang et al. quantized
local image feature by using SC method [6] and proposed sparse coding based on spatial
pyramid matching (SCSPM) for image classification. Zhang et al. extended Laplasse
sparse encoding and proposed kernel Laplasse sparse encoding, which reduced the feature
guantization error and enhanced the performance of sparse encoding [7]. However, all the
SC models are based on the objective of minimizing the signal reconstruction error and
ignore the category attribute and discriminate representation of the image, which is not
conducive to image classification.

In recent years, deep learning has been widely used in various fields of machine vision
as a new method. Deep learning network has a hierarchical structure, which can
effectively learn the features from a large number of input data. One of the representative
deep networks is deep belief network (DBN) [8]. Qi Lu et al. proposed a remote sensing
image classification method based on DBN model which can outperform support vector
machine (SVM) and traditional neural network (NN) [9]. This paper takes DBN as an
important tool for aerial image classification.

Aiming at the problem that the aerial image feature is difficult to extract and
nonnegative sparse coding (NSC) methods usually cause large representation errors, lack
of spatial information and weak discriminative, this paper proposes an unsupervised
discriminative feature learning algorithm. On the basis of NSC, this algorithm adds the
Fisher Discriminative criterion, which makes the same type of image sparse
representation coefficient distance closer and the sparse representation of different types
of images distance farther. Thus, it enhances the discrimination of the extracted features.
In order to enhance the classification ability of aerial image, this paper also proposed an
aerial image classification method based on Fisher Discriminative Nonnegative Sparse
Coding (FDNSC) and DBN. The method is applied to OT data set and UC Merced data
set and is compared with other methods. Experimental results show that our method can
promote the spatial separability of sparse coefficients and improves the classification
performance.

2. Relevant Theory

2.1 Nonnegative Sparse Coding

Barlow’s effective encoding hypothesis proposed that the response of the optic nerve
cells to the external environment in the primary visual cortex is consistent with the
characteristics of sparse encoding. Sparse coding is to make a few nerve cells activate on
the basis of a complete representation of the input stimulus pattern. In 1996, Olshausen et
al. used a linear superposition method to further study the relationship between the nature
of simple cell receptive fields and sparse encoding and proposed a sparse encoding model
[10]. He used a linear superposition of basis functions to represent input image. Under the
condition of minimum mean square error, the result of linear superposition is similar to
the original image as much as possible. Meanwhile, he used sparse penalty function to
make the representation of the feature as sparse as possible. This paper use | and S to
represent the original image and sparse vector. The linear superposition model and
optimization criteria are expressed as follows:

| =AS )
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where A is basis function matrix, ¢; is the i response value of the column vector S and

@ (X,y) is the icolumn vector in A. The first item in formula (2) is information

preserving degree of reconstructed image calculated by error sum of squares. The second
item is the sparse characteristics of the encoding, which is to use fewer basis functions to
represent the original image.

Neurophysiologic studies show that primary visual cortex VI area receives the
nonnegative data from lateral geniculate nucleus and the stimulation of neurons in VI
region can not be negative, which indicates that it is not accurate to use SC to simulate the
receptive field of simple cells. The non negative of the image input data can better
simulate the receptive field behavior of mammals [11]. In 2002, Hoyer proposed NSC
algorithm which can not only reflect the statistical characteristics of the data but can also
obtain the local feature representation of the interested object [12]. Hoyer uses the method
of iterative updating dictionary A and sparse efficient S. First, fixing A, consider the
optimization of S and then fixing S, update dictionary A. Due to the good expression
ability of NSC, it has been successfully applied to face recognition, image retrieval and
other areas of computer vision.

2.2 Fisher Discriminative Analysis

The main idea of Fisher discriminative analysis [13] is to establish a new
discriminative criterion for the linear combination of multiple observations and minimize
the ratio of variance within group to variance between groups. Assume that

X =[X,%X,,-*+, %, Xc] is a collection of training samples that contain C classes, where
X, is class | training sample and each training sample contains N, feature

points X (k =1,2,---,N,) . The total number of feature points for all types of samples
is N . The Fisher discriminative is

F(xX)= Sw /SB (3)
where S, is within-class scatter of X and S is between-class scatter of X.
1 &b ok T ok
Sw :WZZ(XI — 1) (X =) 4)
1=1 k=1
18 T
Se :WZNl(M — 1) (1 — ) 5)
1=1

where g is the sample mean of class land # is the sample mean of all class.
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2.3 Deep Belief Network

Deep learning network has a hierarchical structure, which can automatically learn high-
level features from low-level features. This paper uses deep belief networks to represent
the relationship between low-level features and high-level semantics of aerial image and
then perform image classification.

In 2006, Hinton et al proposed a model of DBN and successfully applied it to the
recognition of handwritten font. The basic structure of DBN is restricted boltzmann
machine (RBM), as shown in figure 1:

visible
layer

Figure 1. RBM Model

RBM is a type of two layer neural networks comprised of a visible layer that represents
the observed data and a hidden layer that represents the hidden variables. Connections
only exist between the visible layer and the hidden layer.

RBM is an energy based model, and its energy function is defined in formula (8):
| J | J
E(v,h) =2 > vhw, —> av,-> bh, (8)
i=1 j=1 i=1 j=1
where Wis weight matrix, b are visible unit biases and @ are hidden unit biases.

Based on the energy function, the definition of the joint distribution is in formula (9):

exp(—E(v,h))

P(v,h) = 9
(v,h) z 9)
where Z is called the partition function and

Z =Y exp(-E(v,h)) (10)

v h
Conditional probability distributions are as follows:
|

p(h, =1jv) =5(b; + D _vw;) (11)

i=1
J

p(v, =1jh) =5(a +D_h,w;) (12)

j=1

where 6(X) is sigmoid function.

Each two hidden layers constitute a RBM network and the top layer is back
propagation (BP) neural network, as shown in figure 2:
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Figure 2. DBN Structure

The lower layer of the RBM extracts and abstracts the input data and put it as the high
layer input. The DBN is trained by the combination of pre-training and fine tuning. First,
the unsupervised training of each layer of RBM is carried out in a bottom-up way and
then the supervised BP neural network is used to fine tuning the whole model in a top-
down way.

After training DBN, this paper put the sparse feature of the image as input and the
category of image as output to train a new neural network structure, which is suitable to
classify aerial images.

3. Proposed Method

In order to enhance the discrimination of sparse representation vectors, this paper adds
the Fisher discriminative criterion based on NSC and proposes nonnegative Fisher
discriminative sparse coding (FDNSC) algorithm. Combined with DBN, this paper also
proposed an aerial image classification method based on FDNSC and DBN.

3.1 Fisher Discriminative Nonnegative Sparse Coding (FDNSC) Algorithm

In general, image representation based on SC can be divided into dictionary learning
and sparse decomposition. This paper uses FDNSC to learn dictionary and on this basis to
construct visual word library and generate image sparse representation vector.

3.1.1 The Model of FDNSC

This paper added fisher discriminative criterion into the objective function of the
dictionary learning and proposed FDNSC model. For the convenience of description, this
paper divide the original image blocks into n dimensional column vector |I.

I.(i=1...,N) represents each pixel point. The reconstructed image block is represented
byY,(i =1,..., N). The objective function of FDNSC is

min E(A!S)zi(li_Yi)2+ﬂ1‘ln F(x)+@.is(ﬁ) 13)
AS — i
where A, and A, is weight coefficient, F(X) is shown in formula (3) and S (¢ /o;)

is sparse penalty function. The first and the third item are consistent with SC model. The
first item is the error sum of squares of the reconstructed image and the original image
and the third item is the sparsity of the function. The second item is a judgment used to
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enhance the discriminative of sparse representation coefficients X and make X have better
class discrimination. For the convenience of calculation, this paper uses In F(X).

The over complete dictionary A and the sparse representation coefficient S can be
obtained by solving the optimization problem of the formula (13). To ensure the non
negative characteristics of sparse coding, this paper uses a learning algorithm similar to
NSC, which is to solve one variable by fixing another variable.

Step 1 Fixing A, the optimization problem of formula (13) can be rewritten as
N M
minE(AS)=> (1, =Y’ +4-INF(0+ 4> 5(2) (14)
i=1 i=1 Gi

Use gradient optimization algorithm [14] to solve sparse representation coefficients S.
The iterative formula is

_6E(A,S)__ N _ (Si_ﬂl)_ (14— 1) v o
VE() == =2 (YAt AT ARV S )
where 4, :W , A =w . @ is the element in basis function
N

matrix A. S,, and S;are shown in formula (4) and (5). £ and 4 are shown in formula
(6) and (7).
Step 2 Fixing S, the optimization problem of formula (13) can be rewritten as

MinE(AS) =3 (1 -Y)* + 4, 3 5(%) a5)

Use incremental codebook optimization algorithm [15] to solve over complete
dictionary A.

To sum up, the FDNSC learning algorithm is:
Step 1 Initialize dictionary A by randomly sampling feature set Y.

Step 2 Fix A and use gradient optimization algorithm and formula (15) to generate
sparse representation coefficient S.

Step 3 Fix S and use incremental codebook optimization algorithm to generate over
complete dictionary A.

Step 4 If E (A, S) < threshold &, end iteration or turn to step 2.

3.1.2 Visual Words Library Construction

In this stage, this paper is going to find a set of basis functions and corresponding
sparse weights that can be used to reproduce the original feature matrix X with least
reconstruction error.

To construct a basis function (dictionary), first, randomly sample low-level features
from the entire data set to generate matrix X =[x, X,,...,X.]. Next, given the feature
matrix X , this paper learn the basis functions by finding best solution for a minimization
problem which is similar to the sparse coding framework. The basis function D is learned
using alternate minimization of formula (17):

ngisn Z”Dsi —X ”2
S 2
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subject to||D, |, =1, V]
and||s,[|, <k, Vi (17)

where s, is the number of nonzero elements in column vector s, .

The constructive process of the visual words library based on FDNSC is as follows:

Step 1 Randomly select a number of images from the training image and extract SIFT
features F={f, f,,..., f,} , where N is the number of SIFT feature vectors.

F={f,, f,,..., fy}is corresponding to training set Y ={Y,, ¥,,..., Yy }in formula (13).
Step 2 Solve the sparse representation coefficient S and the visual words library V of

the SIFT feature vector set by using the iterative algorithm in section 3.1.1. The visual
words library V is corresponding to the over complete dictionary A.

3.1.3 Sparse Representation

After the construction of visual words library V, the sparse representation of the image
can be made. The process is as follows:

Step 1 Input image | and visual words library V.
Step 2 Extract SIFT features and generate SIFT feature vector set F ={f, f,,..., f,,},
where M is the number of SIFT feature vectors.

Step 3 According to visual words library V, use gradient optimization algorithm to
solve formula (14) and generate sparse feature vector ¢ :

f Vo (18)

Step 4 Get all sparse feature vectors ¢ ={e;, }(i =1,2,...,M).

After sparse representation, the new feature representation for an image scene will
usually have a very high dimensionality. For computational efficiency and storage
volume, it is standard practice to use a pooling strategy to reduce the dimensionality of

the image representation. With the sparse features vector &; computed for an image patch,
this paper estimate the final feature representation as follows:

P= ﬁ iai (19)

At this point, the sparse feature representation of aerial image P is got. P is used as the
input vector of DBN to complete the high-level image classification.

3.2 Aerial Image Classification Algorithm Based on FDNSC

After sparse representation of the image, this paper combine DBN to complete the
classification. The flow chart of the algorithm based on FDNSC is shown in figure 3.
From the flow chart, the aerial image classification algorithm includes training stage and
testing stage.
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Figure 3. Framework of the Proposed Aerial Image Classification

The training stage includes feature learning and DBN training. First, extract SIFT
features and generate SIFT feature vector set F ={f,, f,,..., f,} where N is the number

of SIFT feature vectors and then construct visual words library V and sparse feature
vector S. Finally use sparse feature vector S to train DBN. The training steps of DBN are
as follows:

Step 1 Input sparse feature vector S.

Step 2 Train the first layer of RBM.

Step 3 Use the output of the first layer RBM as the input of the second layer RBM and
train the second layer RBM.

Step 4 Repeat step 2 and step 3 until training all RBM.

Step 5 Use BP algorithm to fine tuning the parameters of the whole network.

The testing stage includes SIFT feature extraction, VW library construction, sparse
representation, pooling and DBN classifying. First, extract SIFT features and generate

SIFT feature vector set F={f,f,,..., f,,} where M is the number of SIFT feature

vectors and then generate sparse feature vector o ={;}(i=12,..., M) according to

visual words library V and generate sparse feature representation P by mean pooling.
Finally, put P into DBN to identify and get the final classification results.

4. Experiment

4.1 Experimental Setup

This paper uses dense-SIFT algorithm [16]. First, divide the image into image blocks
with the size of 16x16 pixels and interval of 8 pixels. Then divide the image block into
4x4 sub regions and calculate the gradient histogram of 8 directions in each sub region as
the seed point. Finally, the seed points are connected to the 128 dimensional feature
vectors.

In order to verify the effectiveness of the proposed algorithm, this paper compare it
with the BoVW method reported in [1], the SPM-PLSA method reported in [4], the
SCSPM and the BHM method proposed in [17], the NSLLC method proposed in [18],
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the SPMK method described in [19] and the SC+SVM method described in [20]. The
SCSPM method use pyramid structures to extract SIFT features and the layer of the
pyramid is set to 3. The nearest neighbor parameter k of the NSLLC is set to 5. The
semantic subject number of the BHM method is set to 40. The pyramid layer of the SPM-
PLSA issetto 1X1, 2X2, 4x4,

This paper validate the aerial scene classification on two data sets, OT data set and UC
Merced data set. With OT data set and UC Merced data set, randomly select 80% samples
from each class to initialize the training set and the remaining 20% as the testing set.
Repeated 10 classification experiments on each data set and the classification accuracy of
the 10 experiments were averaged as the final classification accuracy.

4.2 Experiment On OT Data Set

OT data set contains 8 aerial scene categories. (1) Forest. (2) Mountain. (3) Open
Country. (4) Coast. (5) Highway. (6) City. (7) Tall Building. (8) Street. This paper select
100 images per class. Figure 4 shows some of the images in the OT data set.

Figure 4. Few Example Images form the OT Data Set

In order to study the sensitivity of the sparsity parameter on OT data set, this paper
varied their values over a wide range. Figure 5 shows the classification performance with
different sparsity parameter values. The results showed that there was a wide range of
sparsity values for which the classification performance was consistent, and the best
classification performance was obtained at a sparsity value close to 0.4. Based on this
analysis, this paper set the sparsity value as equal to 0.4 to generate sparse features.

o1 02 _03 04 05 06

Sparsty

Figure 5. Effect of the Sparsity Parameter Value on the Classification
Accuracy with the OT Data Set

To test the effects of different layers of DBN and different iterations of RBM on the

classification performance, this paper verify the classification accuracy of three different
layers of DBN as shown in figure 6.
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Figure 6. Effect of the Layer of DBN and Iterations of RBM on the
Classification Accuracy

From figure 6, in the initial stage, the classification accuracy is significantly improved
with the increase of the number of iterations. When the number of iterations is greater
than 1000, the classification accuracy is almost unchanged. So the number of iterations is
set to 1000. Besides, the 2-layers DBN outperforms the single-layer DBN and 3-layers
DBN. So this paper select 2-layers DBN.

To evaluate classification performance under different feature sizes, this paper
measured the overall classification accuracy with the OT data set for values of dictionary
sizes ranging from 100 to 2000 as shown in figure 7. From figure 7, the classification
accuracy improves with the increase of feature sizes. When the number of feature sizes is
greater than 600, the classification accuracy tends to be gentle. The experimental analysis
shows that values of feature sizes around 1300 produced excellent accuracy across all the
data sets.
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Figure 7. Effect of Feature Sizes on the Classification Accuracy with the OT
Data Set

To evaluate the classification performance of our proposed method, this paper
compared it with seven other methods with the OT data set. Of the eight strategies, our
method produced better performance, as shown in table 1. This paper also compared the
classification performances with and without the Fisher Discrimination. The results
illustrated that using Fisher Discrimination is an efficient way to increase the scene
classification accuracy. The reason is that sparse representation provides a simple
representation of redundant information and represent features in a more concise and
effective way.

Table 1. Comparison with the Previous Reported Accuracies on OT data set

SPM- Non With
Methods | SCSPM | NSLLC | BovWw | BHM PLSA SPMK | SC+SVM ED FD

Accuracy | 65.5% 74.2% | 75.5% | 76.3% 76.5% | 78.3% 84.7% 83.9% | 85.3%
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In order to find out the wrong classification, this paper made the confusion matrices
which are reported in figure 8. The confusion matrix generated for the proposed method
in figure 8(b) shows that the classification errors were mainly from scenes that share
similar structures, such as street and highway. The overall accuracies of OT data set are
reported in figure 9. From figure 9, the highest accuracy for the classification is forest,
coast, and tall building, which have a regular textural and spatial structure.

(a) (b)

Figure 8. Confusion Matrix Showing the Classification Performance with the
OT data set: (a) non Fisher Discrimination (b) with Fisher Discrimination

Accuracy
& 8 8 3 8 8

Oas

Figure 9. The Overall Accuracies with the OT Data Set for the Proposed
Method

4.3 Experiment On UC Merced Data Set

UC Merced data set contains manually extracted images from the USGS National Map
Urban Area Imagery collection. UC Merced data set consists of 256 x 256 color images
from 21 aerial scene categories. (1) Agricultural. (2) Airplane. (3) Base-ball diamond. (4)
Beach. (5) Buildings. (6) Chaparral. (7) Dense residential. (8) Forest. (9) Freeway. (10)
Golf course. (11) Harbor. (12) Intersection. (13) Medium residential. (14) Mobile home
park. (15) Overpasses. (16) Parking lot. (17) River. (18) Runway. (19) Sparse residential.
(20) Storage tanks. (21) Tennis court. The data set contains highly overlapping classes
and has 100 images per class. Figure 10 shows some of the images in the UC Merced data
set.
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Figure 10. Few Example Images form the UC Merced Data Set

This paper first compared the classification accuracies for varied sparsity parameter
values on the UC Merced data set. Set the sparsity from 0 to 0.6 and measure the
classification accuracy in the same way as before, which is shown in figure 11. The
results showed that a sparsity value close to 0.3 generated the best accuracy. Based on this
analysis, this paper set the sparsity value equal to 0.3 to generate the feature extractors.

&

® o1 02 03 04 05 06
Sparsity
Figure 11. Effect of the Sparsity Parameter Value on the Classification
Accuracy with the UC Merced Data Set

To evaluate the classification performance with different feature sizes, this paper
measured the overall classification accuracy with the UC Merced data set for values of
feature sizes ranging from 100 to 2000, which is shown in figure 12. From figure 12, in
the initial stage, the classification accuracy improves with the increase of feature sizes.
When the number of feature sizes is greater than 1200, the classification accuracy is
almost unchanged and the feature size of 1400 produced an excellent accuracy with this
data set.

0% 200 40 60 800 1000 1200 1400 1600 1800 2000
FestureSzes
Figure 12. Effect of Feature Sizes on the Classification Accuracy with the
UC Merced Data Set

To test the classification performance of our proposed method in a larger data set, this

paper measured the classification performance with the UC Merced data set. Compared
with seven other methods, the results are shown in table 2. Our proposed method also has
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a better performance on larger data set. This paper also compared the classification
performance with and without the Fisher Discrimination to validate that sparse
representation is a required step to characterize the scene effectively.

Table 2. Comparison with the Previous Reported Accuracies on UC Merced
Data Set

Non With

Methods | SCSPM | NSLLC | BovW | BHM SPM-PLSA | SPMK | SC+SVM FD FD

Accuracy | 64.3% 70.4% | 71.9% | 73.2% 73.5% 74% 81.7% 80.8% | 81.9%

As before, this paper made the confusion matrices to find out the wrong classification
as shown in figure 13. From figure 13, the classification errors were mainly from scenes
that share similar structures, such as Buildings, Sparse residential and Storage tanks. Also,
the results show that local edge based features lacks the ability to capture distinguishing
shape patterns which are important for discriminating classes such as the airplane,
baseball diamond, and storage tanks. The overall accuracies of UC Merced data set is
shown in figure 14. From figure 14, the highest accuracy for the classification is
Chaparral, Harbor and runway, which have a regular textural and spatial structure.

CRPT S 2E O Gyods s e sl oD VR OT SO P9 yspdy dse aleXo D

(a) (b)

Figure 13. Confusion Matrix Showing the Classification Performance with
the UC Merced Data Set: (a) non Fisher Discrimination (b) with Fisher
Discrimination
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Figure 14. The Overall Accuracies with the UC Merced Data Set for the
Proposed Method
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According to the above two experiments, the proposed method is more advantageous
and have higher classification accuracy compared with other methods. The reason is that
the FDNSC can effectively extract the concise feature of aerial image and can make the
same type of image sparse representation coefficient distance closer and the sparse
representation of different types of images distance farther, which is more conducive to
image classification. Besides, combined with DBN, the proposed method has a stronger
ability to image classification, which makes the image classification accuracy higher.

According to table 1 and table 2, the proposed method does not have obvious
advantages compared with SC+SVM. The reason is the limited training data. There is not
enough data in each category to train a DBN network which can well express the
relationship between low-level features and high-level semantic of aerial image. With the
increase of training data, deep network will have more obvious advantages than shallow
network.

5. Conclusion

In order to overcome the problem of large representation errors, lack of spatial
information and weak discriminative of NSC, this paper added the Fisher Discriminative
criterion into NSC and proposed FDNSC algorithm, which can make the same type of
image sparse representation coefficient distance closer and the sparse representation of
different types of images distance farther. In order to enhance the classification ability of
aerial image, this paper also proposed an aerial image classification method based on
FDNSC and DBN. Experimental results on OT data set and UC Merced data set indicate
that the proposed method can promote the spatial separability of sparse coefficients and
enforce the discrimination and classification capability for aerial images. The proposed
method obtains results that are equal to or even better than the previous results and is
more suitable for aerial image classification. Besides, under the premise of meeting the
amount of data, deep learning will have a greater advantage on image classification and
machine learning. As future extensions, we plan to apply this method to different scale
data set and further optimize feature extraction algorithm and sparse encoding mode.
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