G Model

ARTICLE IN PRESS

JOCS-572; No. of Pages 10

Journal of Computational Science xxx (2016) xxx–xxx

Contents lists available at ScienceDirect

Journal of Computational Science
journal homepage: www.elsevier.com/locate/jocs

Heterogeneous visual features integration for image recognition
optimization in internet of things
Fangming Zhong a , Zhikui Chen a,b,∗ , Zhaolong Ning a,b , Geyong Min c , Yueming Hu d
a

School of Software Technology, Dalian University of Technology, Dalian 116620, China
The Key Laboratory for Ubiquitous Network and Service Software of Liaoning Province, Dalian 116620, China
College of Engineering, Computing & Mathematics, University of Exeter, Exeter EX4 4QF, UK
d
College of Natural Resources and Environment, South China Agricultural University, Guangzhou 510642, China
b
c

a r t i c l e

i n f o

Article history:
Received 12 August 2016
Received in revised form 30 October 2016
Accepted 10 November 2016
Available online xxx
Keywords:
Multimodal integration optimization
Deep learning
Internet of things
Image classiﬁcation
Stacked autoencoders

a b s t r a c t
Recently, a large number of physical devices, together with distributed information systems, deployed in
internet of things (IoT), are collecting more and more images. Such collected images recognition poses an
important challenge on optimization in internet of things. Specially, most of existing methods only adopt
shallow learning models to integrate various features of images for recognition limiting classiﬁcation
accuracy. In this paper, we propose a multimodal deep learning (MMDL) approach to integrate heterogeneous visual features by considering each type of visual feature as one modality for image recognition
optimization in internet of things. In our scheme, we extract the high-level abstraction of each modality
by a stacked autoencoders. Furthermore, we design a back propagation algorithm with shared weights
learned from a softmax layer to update the pretrained parameters of multiple stacked autoencoders
simultaneously. The integration is performed by concatenating the last hidden layers of the multimodal
stacked autoencoders architecture. Extensive experiments are carried out on three datasets i.e. Animal with Attributes, NUS-WIDE-OBJECT, and Handwritten Numerals, by comparison with SVM, SAE, and
AMMSS. Results demonstrate that our scheme has superior performance on heterogeneous visual features
integration for image recognition optimization in internet of things.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Big data is a new phenomenon with the emergence of new technologies such as internet of things and a large number of physical
devices, together with distributed information systems are collecting an increasing volume and variety of data in internet of
things [1,2,34]. Furthermore, images collected from cameras comprise the main part of big data in internet of things. Such collected
images recognition poses an important challenge on optimization
in internet of things [35,36]. Recently, a number of researches
focus on image categorization with machine learning techniques in
computer vision community, such as the multi-class image classiﬁcation problem [3–6]. In order to address the image representation
issue, a slice of visual descriptors have been presented, such as
SIFT, Color Histogram, and Local Self-Similarity [7]. They are used
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to describe the various visual features of images, such as depth,
color, shape, texture, etc. Some of them carry the global information, while others carry local information only. Different visual
descriptors carry their contributions to a complementary information result. However, in content-based image classiﬁcation, most
researches focus on data correlations within single image descriptor, while ignoring the combination of different visual features of
images and limiting the image classiﬁcation accuracy in internet of
things. Since different descriptors denote different aspects of the
visual characteristics, their combination can provide complementary information to help identify images of certain circumstances
in internet of things. Considering each type of visual feature as
one modality, how to integrate these heterogeneous modalities
has become a challenging as well as attractive task of optimization nowadays. Furthermore, the quality of the images collected
from internet of things are much lower than from other sources.
To improve the effectiveness of image recognition in internet of
things, it needs a more ﬂexible model or extracting much better
features. It is interesting and crucial to ﬁnd a multimodal learning
method which is effective for image classiﬁcation optimization in
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internet of things on heterogeneous visual features in internet of
things.
An important requirement for further progress in this challenging task is the development of novel optimization approaches
for multiple modalities fusion. The Sparse Multimodal Learning (SMML) [8] approach, by utilizing mixed structured sparsity
norms, has been employed to integrate heterogeneous image visual
features for image classiﬁcation task. However, such model concatenates all raw visual features of one image as its feature vector
for model input initially. It ignores the correlations across raw data,
and redundant information often results in the low performance.
A graph based semi-supervised learning model has been applied
to integrate multiple modalities with learning the weight of each
feature modality [9]. However, most of the existing methods have
mainly studied elementary feature vectors like colors and shapes.
When the raw data are redundant and noisy, such methods probably lead to low robust results. Therefore, it would decrease the
accuracy of multi-class image classiﬁcation without learning of
high-level abstraction from visual features extracted from images.
To solve the high-level semantic image classiﬁcation problem,
we resort to multimodal deep learning, which takes advantage
of the combination of different visual features or modalities. In
this paper, we propose a novel multimodal stacked autoencoders
learning architecture to extract features over multiple modalities.
Especially, we concentrate on learning a joint representation for
multiple modalities. Then a simple logistic classiﬁer, i.e., softmax is
trained for supervised classiﬁcation.
The overall task can be divided into four phases: unsupervised
multimodal feature learning, multimodal fusion, supervised training of softmax, and testing. Stacked autoencoders network is used
for multimodal feature learning. In the fusion phase, we concatenate the low-dimensionality outputs of multiple deep networks
together as the input of softmax. In the testing phase, we consider
two experimental settings: a liner classiﬁer only, and multimodal
deep learning. We provide different inputs for these models with
single modality and multiple modalities. In particular, in order to
evaluate the model robustness in the absence of other modalities,
only data from a single modality is provided. We choose to use
image classiﬁcation to validate our method, and apply the proposed
multimodal deep learning model to integrate the heterogeneous
visual features. Our method views the multiple visual features,
which describe the image content from different perspectives, as
multiple modalities. The performance of our approach is evaluated
on three popularly benchmark datasets. The various experimental results have shown that the investigated multimodal stacked
autoencoders learning approach is able to improve performance in
image classiﬁcation. Compared with the traditional classiﬁcation
method such as Support Vector Machine (SVM) and softmax, our
approach invariably achieves superior performance with regard to
classiﬁcation accuracy. In terms of visual features integration, the
proposed method achieves the superior results to the state-of-theart method adaptive multimodal semi-supervised learning method
(AMMSS) [9].
The major contributions of this work is summarized in two
aspects:
First, we propose an approach for heterogeneous image features
integration based on multimodal stacked autoencoders feature
learning model. The multiple visual features, which are considered as multiple modalities, are used to learn a high level shared
representation by our multimodal deep structure.
Second, we integrate the multiple visual features for multimodal
image classiﬁcation and achieve superior performance compared
with unimodal approaches and existing multimodal approaches.

In the following sections, we ﬁrst review the previous work. We
then present the multimodal deep learning architectures. Finally,
we report experimental results and conclude our work.
2. Related work
The issue of multimodal integration has attracted much attentions from a sea of researchers. As an approach to improve the
image classiﬁcation accuracy, heterogeneous image visual features
integration has been extensively studied [7,8,9,10]. In this work we
propose a multimodal deep learning approach to integrate different
image features. We now brieﬂy introduce the relevant researches in
the corresponding areas as well as relate and contrasts our method
to them.
Recently, deep learning has become a widely used model in
areas such as pattern recognition, computer vision, and multimedia [11–14]. The high-level abstraction of visual features can be
extracted by deep learning architectures. It is suggested that deeper
networks enable better classiﬁcation results [15,16]. Nevertheless,
most prior researches take advantage of the high level semantics
extracted from a single modality only.
Later work such as [17–20], attempted to learn joint features by
multimodal deep structures. These approaches allowed for cross
modality feature learning and shared representations learning
across texts, images, audios, etc. Most of them focused on addressing multimodal retrieval and classiﬁcation [21–23]. The models in
these literatures involve deep autoencoders [18], [24], deep Boltzmann machines [17], CNN [25], and MKL [26,27]. Although an army
of multi-modal deep learning approaches have been presented to
integrate the multimodal data, there is no deep learning structure
to integrate heterogeneous image visual features to the best of our
knowledge.
Several recent approaches have also attempted to integrate heterogeneous visual features to improve the performance of image
classiﬁcation [7], [9], [8]. SMML [8] utilized the joint structured
sparsity norms to learn feature weights from multiple modalities, by raw concatenating all visual features of one image as its
feature vector. Two structured sparsity regularizers are used to
select important features from different modalities. SMML has
been demonstrated to outperform the existing approaches utilizing either single modality or multiple modalities. Recently, AMMSS
[9] achieves superior performances with regard to both macro and
micro classiﬁcation accuracy on ﬁve features integration benchmark datasets. It’s a graph based multimodal semi-supervised
learning method. To integrate the heterogeneous visual features,
each modality (image feature) has been constructed as a graph, then
the weight factor for each modality is adaptively learned as well
as the predicted labels for the unlabeled images are learned. The
method also exploited the optimization algorithms of the objective
function with the proof of convergence. However, these approaches
ignore the high level semantics of image features.
Due to the drawbacks of the abovementioned literatures, we
propose a novel multimodal deep learning approach, which enables
raw image features to be fused at high level representations. Additionally, most of these approaches require multimodal inputs in
the testing phase, inputs composed of all training visual features.
An important requirement is to improve the input adaptability of
one modality with absence of other modalities.
In spired by [9], [8], [18], we integrate the multiple visual features with a multimodal feature learning approach, and extract
high level abstraction on each raw image features to provide better
image representation. This representation uses a shared fusion features to perform image classiﬁcation at a higher level of abstraction
than simple and raw image vectors.
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Table 1
Important notations used in this paper.
Notations

Description

m
K
k
l
c
dk
xi

The number of instances in X(k)
The number of modalities
Indicating the k-th modality
Indicating the l-th layer of the proposed deep structure
The number of classes,
The dimensionality of the k-th modality
The feature vector of sample i

X (k) =



(k)

(k)

x1 , · · ·, xm



yi ∈ {0,1}c
Train
T(k) ,
Ytrain
Test(k)
Ytest
nl
(l)

A collection of m feature vectors in k-th modality, X(k) ∈ Rdk ×m
The ground truth vector, if xi is classiﬁed into the j-th class, yi (j) = 1, and 0 otherwise
The training dataset
The k-th modality training data
The label set of training data
The k-th modality testing data
The label set of testing data
The number of hidden layers of deep autoencoder

Wk

The weight of the l-th autoencoder in the k-th stacked autoencoder

ˇ



The bias of the l-th autoencoder in the k-th stacked autoencoder, respectively
Weight of the sparsity penalty term
Sparsity parameter, which speciﬁes our desired level of sparsity
Weight decay parameter.

(l)
bk

(l)

Sk
 multimodal
 softmax
Vk
Vfusion

The size of layer l in stacked autoencoder k
The parameters set of multimodal deep autoencoders
The parameter set of softmax regression layer
The learned high level feature of the k-th modality
Integrated heterogeneous visual features in a high level abstraction

Although AMMSS and MSSL are similar with our method to
some extent, as it can integrate different visual features. There are,
however, several crucial differences. Firstly, we propose a multiple
stacked sparse autoencoders for multimodal feature learning. Secondly, we perform unimodal experiments on multimodal trained
architecture. Furthermore, the experimental results on the same
benchmarks show that our multimodal stacked autoencoders
approach is competitive with AMMSS, while also being much more
compact.

3. Our approach
In recent research, deep learning has been widely investigated
and applied into various computer vision tasks. The stacked autoencoders is a typical learning structure, which can capture the high
level abstraction existing in raw feature vectors. In this section, we
introduce our approach for the task of multimodal features integration, where the visual features input to the model are raw vectors
of different image descriptors. To motivate our multimodal stacked
autoencoders learning model, we begin with a description of sparse
autoencoder and stacked autoencoders. We then present our multimodal deep learning model and training algorithm. Important
notations used in this paper are shown in Table 1.

Here, W1 and W2 are weight matrices, b1 and b2 are the bias vectors. These model parameters are denoted as , which is trained to
minimize the reconstruction error L(x,z) stated as in Eq. (3) [14].

m

 = arg minL (x, z) = arg min1⁄2




Lsparse (x, z) = L (x, z) + ˇ

y = h(W 1 x + b1 )

(1)

z = h(W 2 y + b2 )

(2)

2

(3)

s2

j=1



KL 
ˆj



(4)

where ˇ denotes the weight of sparsity penalty term, s2 is the number of units in hidden layer (layer 2),  is a sparsity parameter,
typically a small value close to zero,
 which speciﬁes our desired



 m

level of sparsity, 
ˆ j = 1/m

i=1

(2)

aj



x(i)



is the average acti-

vation
 ofhidden unit j over x, and Kullback-Leibler (KL) divergence
KL 
ˆ j is imposed here as penalty term, deﬁned as:







An autoencoder maps its input to a hidden representation using
an encoder, and then attempts to reconstruct the input from the
hidden representation by a decoder. Given a set of data points {x(1) ,
x(2) , x(i) , . . ., x(m) }, where i = 1, 2, . . ., m, x(i) ∈ Rd , an encoder encodes
x to a hidden representation y(i) ∈ Rd as given in Eq. (1), where h is a
non-linear function such as the sigmoid function f (z) = 1 (/1+ exp(x)). y is then decoded back into a reconstruction as demonstrated
in Eq. (2) [28].

x(i) − z (i) 

However, in the case that if the size of hidden layer equals to the
size of input layer, the autoencoder will learn the identity function.
In order to learn better inherent features when the number of hidden units is greater than the input, we impose a sparsity constraint
on the hidden layers. This is the motivation of sparse autoencoder,
in which the sparse representation of hidden layer is considered.
Therefore, the reconstruction error of sparse autoencoder can be
written as [28]:

KL 
ˆ j =  log
3.1. Sparse autoencoder

i=1




1−
+ (1 − ) log
ˆj

ˆj
1−

(5)

ˆ j = 0 if  = 
ˆ j.
where KL 
In this work, we use stacked autoencoders as the deep structure
of feature learning. A stacked autoencoders model consists of multiple layers of sparse autoencoders, in which the outputs of each
layer are wired as the inputs of the successive layer.
We apply stochastic gradient descent approach to optimize each
autoencoder [29] in a greedy layer-wise unsupervised fashion in
turn. In this way, the weights of the deep network can be pretrained
hierarchically. An illustration of the training procedure is shown in
Fig. 1.
After the pretraining of a stacked autoencoders, we need to
ﬁne tune the parameters of all layers to learn better weights for
improving the performance of a stacked autoencoders. Here, the
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...

y(3)
W1(3)
y(2)
W1
y(1)
W1

...

...

z(3)

...

...

z(2)

...

...

z(1)

(2)

(1)

x

Fig. 1. Layer-wise training of stacked autoencoders.

3) Iterate as in 2) to learn the weights of each layer until to the
desired layer.
4) Concatenate the last hidden layer of each modality for heterogeneous visual features integration.
5) Utilize the concatenated features as the input for the softmax
regression layer, to train a supervised softmax classiﬁer.
6) Fine tune the learned parameters of each modality simultaneously based on the shared weights learned from softmax layer
with back propagation approach.
3.3. Multimodal integration optimization algorithm

back propagation algorithm is applied for ﬁne tuning the pretrained
parameters by connecting a softmax regression layer to the top of
the stacked autoencoders.

This part formulates the multimodal stacked autoencoders
learning approach for heterogeneous visual features integration.
In the unsupervised feature learning phase, given a collection of m
images, each image is described in K types of visual features (i.e.

3.2. Multimodal learning architecture

in K modalities). Let X (k) =

(k)

(k)

x1 , · · ·, xm

be a collection of m fea-

ture vectors in k-th modality, where
∈ dk ×m , dk indicates the
dimensionality of the k-th modality, and k = 1,. . ., K. Let Y = {y1 ,. . .,
ym } ∈ c×m be the labels for the m images, where c indicates the
number of classes, yi ∈ {0,1}c represents the ground truth vector,
thus if xi is classiﬁed into the j-th class, yi (j) = 1, and 0 otherwise. In
this paper, the subset of X and Y are applied to train and test the
multimodal deep learning structure.
Given a training set T = {T(k) ,Ytrain }, which consists of K modalities and their corresponding label set, T(k) ⊆ X(k) . Ytrain ⊆ Y, we
ﬁrstly pretrain the multimodal stacked autoencoders for learning
X(k)

To integrate heterogeneous visual features, a direct and simple
approach is to concatenate the raw feature vectors mensioned in
[30]. While this approach jointly models the distribution of different visual features, it is limited as a shallow model. In this paper,
we introduce a multimodal deep learning approach to aligning each
feature modality (visual feature) with a separate stacked autoencoder, which leads to a high level abstraction of the raw feature
vectors.
This allows the proposed model to learn the high level features
before they are fused. As illustrated in Fig. 2, the multimodal deep
learning network learns a shared representation of different modalities [18]. The outputs of the last layer in each stacked autoencoder
are concatenated for further computer vision tasks. By representing the raw visual features through learned high level abstraction,
it can be easier for the structure to learn the high-order correlations
across different modalities.
In order to validate the effectiveness of the high level integrated
features, we add a softmax classiﬁer on top of the fusion layer for
supervised image classiﬁcation. The training procedure of the multimodal stacked autoencoders is similar to a separate one, which
can be summarized as follows:
1) Train the ﬁrst layer of each modality with given image visual
features as model input in a parallel way.
2) Train the next layer of each modality by taking the output of last
layer as the model input in a parallel way also.

Output Labels

...
Softmax Classifier

...
...
...
Input Modality 1

S
A
E
s

...

(l)

Wk , bk

of each layer in each modality
(l)

(l)

in a greedy layer-wise training fashion. W k and bk represent
the weight and bias of the l-th autoencoder in the k-th stacked
(l)
autoencoder, respectively. Let sk be the size of layer l in stacked
(1)

autoencoder k, sk

represents the number of visible units (input

sl+1 ×sl
k
k

(l)
Wk

layer),
∈
. Assume the deep structure has nl hidden layl +1) denotes the size of last layer of the k-th
ers, l = 1,. . ., nl ., s(n
k
stacked autoencoder, then let Vk represent the learned high level
feature of the k-th modality. We can integrate the heterogeneous
visual features in a high level abstraction stated as:
V fusion = [V1T , ..., VKT , ..., VKT ]

(6)

After the pre-training of the multimodal stacked autoencoders,
we obtain the fused features through the feed forward autoencoders. We then train a softmax layer with the fused features as
its input, thus we can obtain the parameter of the softmax model
 softmax . The objective function of this step is stated as:
1
J(softmax ) = −
n

⎡
⎤
T V (i)
c
n 


 (i) 
e softmax j fusion
⎣
⎦
1 y = j log 
T
c

x(i)
e softmax q
q=1

i=1 j=1

...

Fused Features

(l)

the parameters  k =


softmax 2ij
2
c sfusion

S
A
E
s

...
...
...
Input Modality K

+

K

where sfusion = k=1 sk(nl +1) represents the dimension of high level
joint representation. The gradient of Eq. (7) is as follows:
∇ softmax j J(softmax )
1
=−
n

n


i=1

Fig. 2. Multimodal deep learning architecture for heterogeneous visual features
integration. Stacked autoencoders are used to extract high level features from raw
feature vectors, and a softmax regression layer is applied for classiﬁcation.

(7)

i=1 j=0



(i)
Vfusion (1



y

(i)

=j



−

e

(i)
fusion

softmax T V

c

q=1

j

e

softmax Tq x(i)


)

+ softmax j

(8)

In order to obtain better performance from the prerained deep
networks, ﬁne tuning of the parameters is needed. To ﬁne tune the
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multiple deep networks, back propagation is used in a top-down
fashion. Particularly, in the supervised training in softmax layer,
different modalities share the learned parameter  softmax , which can
be split to each modality given as:
(1)

(k)

(k)

softmax = [softmax · ··, softmax, · ··, softmax ]

(9)

(k)

where softmax , denotes the intermediate parameters for the k-th
modality in the ﬁne tuning procedure. In this way, we ﬁne tune
all the parameters simultaneously, thus the learned parameters in
different stacked autoencoders carry the high order correlations
across different modalities. Thereby, the proposed multimodal
deep learning model can be useful in heterogeneous visual features
integration.
Conventionally, in mathematical equations variables and anything thatrepresents a value appear in italics. You are encouraged
to use equation-editing tools such as mathtype to edit equations.
Please make use of the numbering and referencing functions.
Algorithm 1.
1:
2:
3:

4:
5:
6:
7:

Multimodal integration optimization algorithm.
Input: Train = {T(k) ,Ytrain }; Test = {Test(k) ,Ytest }; k = 1,. . ., K;
T(k) ∈ dk ×n , Ytrain ∈ c×n , Test(k) ∈ dk ×m , Ytest ∈ c×m , nl
(l)
(l)
Output:  multimodal ,  k = {W k , bk },  softmax , Vfusion , accuracy
In itialization: initialize  k ,  softmax randomly, set the weight of
sparsity ˇ, sparsity parameter , weight decay , and hidden
(l+1)
in each modality k, l = 1,···, nl , options.
layer size S k
Method = ‘L-BFGS’
for each modality k ∈ {1,···, K}
(1)
V k = T(k)
while l ≤ nl do
(l)

(l)

(l+1)

 k = minFunc (Sk , Sk
(l+1)

(l)

(l)

, , , ˇ, V k , k , options)
(l)
( k ,

(l+1)

(l)

(l)

13:
14:
15:
16:
17:
18:
19:

V k = feedForwardAutoencoder
Sk , Sk , V k ,)
update l = l + 1
end while
end for
//obtain the learned high level abstraction of raw visual
features
for each modality k ∈ {1,···, K}
(n+1)
Vk = V k
end for
//calculate the fused features by Eq. (6)
Vfusion = [V T1 ,···,V Tk ,···, V TK ], sfusion =Kk=1 Sk(nl =1)
softmaxModel = softmaxTrain(sfusion , c, , Vfusion , Ytrain , options);
softmax = softmaxModel.optTheta(:);

20:

//calaulate  softmax , split  softmax by Eq. (9)

21:
22:
23:
24:

 softmax = [ softmax , ···,  softmax , ···,  softmax ]
//Fine-tuning multiple stacked autoencoders with BP algorithm
for each modality k ∈ {1,···, K}
(k)
(1)
S netconfig = [Sk , ···, Sk(nl +1) ] //k-th netconﬁg

8:
9:
10:
11:
12:

25:

(k)

(1)

(k)

(K)

(1)

(k)

k = minFunc(Sk , Sk(nl +1) , c, S netconfig , , T(k) , Ytrain ,
(k)
[ softmax ;k ],

. . . options) ;

26:

end for

27:
28:
29:
30:

 multimodal = {[ softmax ; 1 ], ···,[ softmax ;K ]}
//Test the proposed model
(1)
(1)
(1)
sinput = [S1 ; ···; Sk ;···; SK ]
shidden = [S1(nl +1) ; ···; Sk(nl +1) ;···; SK(nl +1) ]

(1)

(1)

(K)

(k)

(K)

31:

snetconfig = {Snetconfig , . . ., Snetconfig ,. . ., Snetconfig }

32:

accuracy = Predict( multimodal , sinput , shidden , c, snetconfig , Test);

3.4. Complexity analysis
The computational cost of our approach mainly contains
three parts, which are for pre-training, ﬁne-tuning and softmax training, respectively. From Algorithm 1, we can see that
the cost for pre-training scales as O(T1 nW). For ﬁne-tuning,
the cost scales as O(T2 nW). The cost of training a softmax
classiﬁer with stochastic gradient descent optimization scales
O(T3 nsfusion ). Therefore, the cost of our approach scales as
O(T1 nW + T2 nW + T3 nsfusion ), where n is the number of samples,
W represents the sum of weight matrix size in each layer,

Fig. 3. The demonstration of different visual features extracted from the AWA
dataset. Considering each visual feature as a single modality, these six different
modalities are used to evaluate the proposed multimodal deep learning approach
as its training and testing inputs.

K



(1)

(2)

(2)

(3)



i.e. ˙ k=1 sk × sk + sk × sk + . . . + sk(nl ) × sk(nl +1) , sfusion is the
dimensionality of joint representation, K is the number of modalities, and T1 , T2 , T3 are the iteration times of optimization.
4. Experiments
In this section, the proposed multimodal deep learning approach
is evaluated on three datasets. The datasets used in the experiments
are ﬁrst described in subsection 4.1. We then introduce the implementation details and model parameters of the multimodal stacked
autoencoders. Several representative methods are compared to the
proposed model in both multimodal and unimodal manners. Extensive experiments are conducted to validate the robustness of the
learned multimodal deep architecture where only one modality is
present during testing.
4.1. Datasets
Animal with Attributes1 (AWA) [31] is a collection of 30,457
images of animals that include 50 classes. It is widely used in
attribute-based classiﬁcation. The datasets are described in six different feature descriptors including RGB color histograms (CQ),
local self-similarity histograms (LSS), PHOG, SIFT, SURF and rgSIFT.
Each image in the AWA dataset corresponds to six visual features
as illustrated in Fig. 3.
NUS-WIDE-OBJECT2 (NUS) [32] consists of 30,000 images from
31 real world object categories, which are described in 5 types
of low-level features extracted from these images, including color
moments (CM55), color histogram (CH), color correlogram (CORR),
wavelet texture (WT), and edge direction histogram (EDH). Since
we are concerned with single-label multi-class image classiﬁcation,
we select to use the single-label subset of NUS in our experiments.
Handwritten numerals3 (HW) [33] contains 2000 binary
images for the digits 0 to 9, where each digit has 200 patterns
in binary code. The 2000 patterns of ten digits are represented in
six types of features including Fourier coefﬁcients of the character
shapes (fou), proﬁle correlations (fac), Karhunen-Love coefﬁcients
(kar), pixel averages in 2 × 3 windows (pix), Zernike moments (zer),
morphological features (mor).

1
2
3

Avaliable at http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm.
Avaliable at http://attributes.kyb.tuebingen.mpg.de/.
Avaliable at http://archive.ics.uci.edu/ml/datasets/Multiple+Features.
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Table 2
The visual feature descriptors of the three datasets utilized in our experiments.
AWA

1
2
3
4
5
6

HW

NUS

AWA

Features

Dim.

Features

Dim.

Features

Dim.

CQ
LSS
PHOG
SIFT
SURF
rgSIFT

2688
2000
252
2000
2000
2000

fou
fac
kar
pix
zer
mor

76
216
64
240
47
6

CM55
CH
CORR
WT
EDH
–

225
64
144
128
73
–

Table 3
The structure of multimodal stacked autoencoders.
AWA

1
2
3
4
5
6

HW

NUS

Layer 2

Layer 3

Layer 2

Layer 3

Layer 2

Layer 3

800
400
100
400
400
400

200
100
50
100
100
100

40
100
40
100
20
6

10
20
10
20
10
6

120
30
110
110
50
–

50
30
40
40
40
–

The different visual descriptors for the three datasets are
demonstrated in detail as shown in Table 2, as well as their dimensions. Only ﬁve visual features are selected for experiments from
NUS-WIDE-OBJECT datasets. We classify the images in the above
three data sets using the proposed multimodal learning approach
by integrating the different visual features of each image. The AWA
and HW datasets are identical to those used in most recent feature integration researches such as [8,9], thereby allowing direct
comparison.
4.2. Experimental setup
We conduct three sets of experiments to evaluate the effectiveness of our proposed multimodal deep learning approach on
heterogeneous visual feature integration. In this subsection, we
describe the experimental design of the three sets of experiments
in detail. Image classiﬁcation accuracy is employed as the performance metric in our experiments.
For all datasets, there are nl = 2 hidden layers in each modality,
and the hidden structure of the proposed multimodal deep learning
architecture is shown in Table 3. The number of layers and layer
size are the empirical selection via many experiments. We set the
weight decay penalty  = 1e-1, 2e-2, 1e-4 for the AWA, HW, and
NUS datasets, respectively. The sparsity weight ˇ = 1 and sparsity
parameter  = 0.1 are used in our experiments. The parameters are
tuned by trying only a few different repeats.
After the determination of the multimodal deep learning structure, we conduct three sets of experiments on the three datasets.
As we know, the results of deep learning algorithms largely depend
on the initial conditions. Therefore, we average 10 iterations in
all experiments to get the average classiﬁcation accuracy of each
method on each dataset. 80% samples randomly selected from each
dataset are for training, the rest are for testing.
4.2.1. Comparison against single modality methods
The aim of the ﬁrst one is to test the feature integration power
of our multimodal deep learning approach. We compare the proposed multimodal approach against SVM method that using only
one modality. LIBSVM4 is used in our experiments. Since a softmax
regression layer is added on top of our multimodal stacked autoen-

4

Table 4
The structure of multimodal stacked autoencoders.

Avaliable at http://www.csie.ntu.edu.tw/∼cjlin/libsvm/.

1
2
3
4
5
6

NUS

Layer 2

Layer 3

Layer 2

Layer 3

64
64
64
64
64
64

32
32
32
32
32
32

120
30
110
110
50
–

50
30
40
40
40
–

coders, we also compare our approach with softmax using single
modality. Due to the proposed model is constructed of stacked
autoencoders, for further illustrating the effectiveness of feature
integration, we compare against single modal stacked autoencoders. The parameters of three competitors are tuned reach the
highest performance in image classiﬁcation.
4.2.2. Comparison of concatenated original features
In order to evaluate how well the deep feature learning and
shared weight ﬁne tuning in improving the feature integration
performance, we conduct experiments on the concatenated raw
features using SVM and softmax. The comparison against SVM and
softmax can reveals the performance increase by our high-level
feature learning and also the by the late fusion rather than early
fusion.
In the experiments of comparing with SVM and softmax using
straightforward concatenation of different raw features, we conduct an early fusion i.e. concatenating the raw features from
different modalities. The concatenated data are used to train a SVM
and a softmax classiﬁer.
4.2.3. Comparison against AMMSS
We then compare the proposed model with the existing stateof-the-art method AMMSS in [9]. The goal of comparison against
AMMSS is to see how well the high level abstraction of raw visual
features in improving the feature integration performance than the
shallow models. To compare the classiﬁcation accuracy and time
consuming with the state-of-the-art method, we conduct experiments on AWA and NUS datasets with reselected data. The AWA
and NUS both consist of more than 30,000 samples in each modality.
Since it is computationally expensive to run AMMSS on such large
scale databases, and for reducing the inﬂuences of class imbalance,
we delete the classes with samples less than 500. Thus, we have
21 classes of images from AWA, and 15 classes from NUS, and for
each class we randomly choose 500 samples. Thus, we have two
data sets of a total of 10500 images for AWA and 7500 for NUS.
To demonstrate the scalability and effectiveness of our approach,
we compare our approach with AMMSS under varied samples randomly selected from 500, which increases from 100 to 500 with
a step of 100. Since the high dimensionality of modality in AWA
increase the running time of all algorithms, we use PCA to encode
the modality into a 128 dimension feature. Thus the multimodal
deep learning architecture for AWA data set is changed. The architecture of our multimodal deep learning network is showed in
Table 4. We obtained the average classiﬁcation accuracy from 10
repeated experiments for each class size value varied from 100 to
500, in which the 80% samples randomly selected are for training, the 20% remain are for testing. To illustrate the differentiation
between the results in this experiment and previous experiments,
here different parameter settings are given. For the parameters in
our approach, the weight decay penalty  = 1e-3, sparsity weight
ˇ = 1.1 and sparsity parameter  = 0.2 are used in this experiment. In
AMMSS, the weights distribution scalar is set to 1e0.5, the number
of k-nearest neighbors is set to 7, and the regularization parame-
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Table 5
Comparison of our approach against representative methods namely SVM, softmax and SAE that using only one modality as their input on three datasets Animal,
Handwritten numerals, and NUS-WIDE-OBJECT.
NUS

HW

AWA

SVM (k = 1)
SVM (k = 2)
SVM (k = 3)
SVM (k = 4)
SVM (k = 5)
SVM (k = 6)
Softmax (k = 1)
Softmax (k = 2)
Softmax (k = 3)
Softmax (k = 4)
Softmax (k = 5)
Softmax (k = 6)
SAE (k = 1)
SAE (k = 2)
SAE (k = 3)
SAE (k = 4)
SAE (k = 5)
SAE (k = 6)
MMDL

0.2871
0.2444
0.2938
0.2834
0.3054
–
0.2720
0.2570
0.3214
0.3364
0.2614
–
0.2791
0.2382
0.2928
0.3192
0.2722
–
0.4605

0.7610
0.2990
0.9450
0.9440
0.2150
0.2630
0.7875
0.9700
0.9600
0.9725
0.8275
0.3125
0.8025
0.9225
0.9072
0.9453
0.7971
0.1000
0.9925

0.0384
0.0420
0.0510
0.0224
0.3003
0.0384
0.1052
0.1969
0.1478
0.1724
0.2275
0.0930
0.1493
0.1624
0.0948
0.1478
0.2054
0.1843
0.3204

ter is set to 0.2. For comparative fairness, the maximum number of
iterations of L-BFGS is set to an identical value to the iterations in
AMMSS. The parameters in our experiments are empirically tuned
to reach the highest performance for one run, and this setting is
ﬁxed for the remaining runs.
4.2.4. Evaluation of scalability
Lastly, in order to further show the power of our multimodal
deep learning approach, we evaluate the proposed model with
only one modality present during the testing phase. The aim of
this experiment is to evaluate the scalability and ability of handling missing modality. We employ the multimodal deep structure
trained by multiple modalities in ﬁrst experiment as our model to
test with only one modality and others are absent. Since we assume
only one modality is accessible and other modalities are missing,
the results should be compared to single modal methods. Therefore, the performance is evaluated through comparing against that
of softmax classiﬁer trained and tested on the same modality with
our approach. We also compare against the single modal stacked
autoencoders.
4.3. Results
4.3.1. Results of comparison against single modality methods
The results of the ﬁrst set of experiments are reported in Table 5,
in which k means the k-th modality, and SAE is stacked autoencoders. The results of our multimodal deep learning approach are
carried out with all the modalities of each dataset. While the other
results show the compared methods with only one single modality
in each run on the three datasets. From Table 5, we can observe that
the proposed multimodal approach outperforms the single modal
methods signiﬁcantly. We notice that the single modal method can
achieve positive performance in several speciﬁc modalities. And
there are modalities always achieve the worse result with different methods such as the 2-th modality in NUS. The results in single
modality show that different modalities contribute differentiated
importance to classiﬁcation task. But with an integration of these
modalities, they can carry their contributions to a complementary
information result. Thus a reasonable result is obtained that our
multimodal approach using the integration of different visual features performs consistently better than the methods using only one
modality.

0.95 0.99

1

SVM
Softmax
MMDL

0.8

Accuracy

Methords

7

0.6
0.42 0.42

0.46

0.4
0.28
0.2

0.32

0.13
0.04

0

NUS

HW
Dataset

AWA

Fig. 4. Comparison of our approach against representative supervised classiﬁcation
methods with a concatenation of all the different modalities on three datasets.

The results in Table 5 demonstrate that integration of visual
features indeed increases the accuracy of image classiﬁcation task
compared to using single visual feature. Therefore, ﬁnding an integration model which can obtain better fusion features and joint
representation would certainly help to enhance the results of classiﬁcation tasks. Since the proposed model is constructed by multiple
SAEs and softmax, the direct comparison between these two parts
and our model can reveal the importance of each part. However,
from the results of softmax and SAE, we can see that both of
them contribute a little to the ﬁnal results. The major contribution comes from the integration of multiple modalities. In addition,
another interesting result of these experiments is that softmax
obtain higher classiﬁcation accuracy with single modality than SVM
in most cases. Hence, it is possible to achieve better performance by
applying softmax rather than SVM to our multimodal deep learning
structure.
4.3.2. Results of comparison of concatenated original features
Fig. 4 presents the results of the proposed approach against the
representative methods utilizing a simple concatenation of raw features. The comparisons in Fig. 4 indicate the effectiveness of our
features integration method based on multimodal deep learning.
The feature learning on the raw features by sparse autoencoder
does a feature selection procedure that can extract the most signiﬁcant features to image classiﬁcation tasks. Furthermore, a high
level abstraction can be learned with stacked autoencoders. The
results on the three datasets show that the multimodal deep learning approach achieves consistently higher performance over the
two competitors. Speciﬁcally, the results on the Animal dataset
demonstrate that we are able to improve substantially over the
straightforward concatenation of different raw features being 700%
and 14% better than that of SVM and softmax. From Fig. 4, we
can argue that the deep learning process and late fusion indeed
improve the effectiveness of fusion features from different modalities. Therefore, learning the high level abstraction of different
modalities for a joint representation can obtain a promising integration of visual features.
4.3.3. Results of comparison against AMMSS
The results of comparing against the state-of-the-art AMMSS
are shown in Fig. 5, where (a) and (c) are the average classiﬁcation accuracy to varied experimental data size, (b) and (d) are
the average running time in each run. Encouragingly, on both
AWA and NUS data sets, our approach consistently outperforms
AMMSS with varied experimental data numbers in each class. It
demonstrates that our multimodal deep learning approach learns
a better joint representation of different modalities, which leads
to an increased performance in image classiﬁcation. The results
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300
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(c) Average classification on NUS

(a) Average classification on AWA

12000

200
300
400
Number of experimental data in each class

10000
8000
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4000

AMMSS
MMDL

3500
3000
2500
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1500
1000

2000
0
100

500
200
300
400
Number of experimental data in each class

500

(b) Running time on AWA

0
100

200
300
400
Number of experimental data in each class

500

(d) Running time on NUS

Fig. 5. Comparison of our approach against state-of-the-art shallow model AMMSS in heterogeneous visual features integration on Animal and NUS-WIDE-OBJECT.

also showed that more experimental data or training data can
bring better performance in classiﬁcation tasks. With the increasing number of training data, both AMMSS and our approach achieve
higher average accuracy. Despite not exploiting the weights learning mechanism to seek a better modality combination, we still
acquire the comparable (and better in some aspects) results to the
state-of-the-art. However, incorporating weights learning for each
modality into our approach, such as, AMMSS is supposed to further
increase the performance in visual features integration.
From Fig. 5 we can see that, with the increasing of experimental
samples in each class, the running time of our approach increases
gradually in a linear manner, while the running time of AMMSS
grows rapidly in an exponential form. The results demonstrate
that our approach can handle the case of small scale training data,
in which the proposed method obtained better performance than
AMMSS, even though the running time is higher in this case. The
learning of weights in each layer in the proposed model leads to a
higher running time than the AMMSS which uses semi-supervised
graph Laplcian matrix. While with the increasing number of experimental data, the AMMSS need to compute a normalized graph
Laplacian matrix with increasing size which is computationally
expensive. Additionally, due to the large scale of multiple normalized graph Laplacian matrices, the memory requirements of
AMMSS are much higher than our approach, which can easily lead
to out of memory. That is the reason for we reselected data from
the original dataset with 500 samples in each class.
From the complexity analysis we can see that, if we ﬁx the architecture of the whole multimodal deep network and the iteration
times, the computational cost of our approach is proportional to the

experimental data size. It explains the linear variation of running
time to the number of experimental data in each class in Fig. 5.
In the optimization phase of AMMSS, the computational cost
relies on updating class label matrix, it leads to a cost of O(n3 ) with
each iteration, where n is the total labeled and unlabeled samples
in each modality. The computational cost of computing normalized
graph Laplacian matrix of in each modality is O(n2 ). Thus the computational cost of AMMSS is O(T4 n3 + Kn2 ), where K is the number
of modalities, and T4 is the iteration times of optimization. It has
been validated through the experimental results showed in Fig. 5.
Therefore, our approach is much computational efﬁcient with
the increased number of experimental data than the state-of-theart graphed semi-supervised learning AMMSS. Even though the
running time of our approach is higher than the graphed semisupervised learning method in small scale experimental data, while
the ﬁnal performance in classiﬁcation is always superior.
4.3.4. Results of evaluation of scalability
Further analysis of our approach in robustness is illustrated in
Fig. 6, which shows the performance of three methods with only
one modality is present during the supervised testing. It is clear that
the obtained results of softmax, SAE and our approach are comparable in most cases. These results on three datasets demonstrate the
effectiveness of our approach, showing that the multimodal deep
learning architecture is also capable of handling the case with missing modalities and can perform at least as well as the single modal
methods. Effectively, our multimodal deep learning approach can
learn a model that is robust to testing inputs when several modalities are absent, by ﬁne tuning the model with shared weights. On
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back propagation algorithm with learned shared weights to ﬁne
tune the whole multimodal deep architecture and optimize the
model parameters. Extensive experiments potentially validate the
effectiveness of our approach in heterogeneous visual features integration optimization for image recognition in internet of things, and
the results ﬁrmly demonstrate that the proposed model is superior to the competitors. In future work, we would like to use real
images collected from internet of things dataset to validate the
effectiveness of our scheme.
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