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Abstract. We present a deep learning framework for video classification 
applicable to face recognition and dynamic texture recognition. A Deep 
Autoencoder Network Template (DANT) is designed whose weights are 
initialized by conducting unsupervised pre-training in a layer-wise fashion 
using Gaussian Restricted Boltzmann Machines. In order to obtain a class 
specific network and fine tune the weights for each class, the pre-initialized 
DANT is trained for each class of video sequences, separately. A majority 
voting technique based on the reconstruction error is employed for the 
classification task. The extensive evaluation and comparisons with state-of-the-
art approaches on Honda/UCSD, DynTex, and YUPPEN databases demonstrate 
that the proposed method significantly improves the performance of dynamic 
texture classification. 

1   Introduction 

Classification and recognition tasks in different applications have been one of the 
interesting topics in recent years [1-8]. Videos contain dynamic textures which can be 
described as a visual process including a group of elements with random motions. 
Video dynamics widely exist in real-world video data, e.g. regular rigid motion like 
windmill, chaotic motion such as smoke and water turbulences, and sophisticated 
motion caused by camera panning and zooming. The modeling of video dynamics is 
challenging but very important for subsequent vision tasks such as video 
classification, dynamic texture synthesis, motion segmentation, and so on.  

Despite all challenges, great efforts have been devoted to find a robust and 
powerful solution for video-based recognition. Furthermore, it is commonly 
substantiated that effective representation of the video content is a crucial step 
towards resolving the problem of dynamic texture classification. In the past decade, a 
large number of approaches for video representation have been proposed, e.g. Linear 
Dynamic System (LDS) based methods [9], Local Binary Pattern (LBP) based 
methods [10], and Wavelet based methods [11]. Unfortunately, the current methods 
are sensitive to undesirable external phenomena. Coupled with these drawbacks, other 



methods frequently model the video information within consecutive frames on a 
geometric surface so that it is represented by a subspace [12], a combination of 
subspaces [13], a point on the Grassmann manifold [14], or Lie Group of Riemannian 
manifold [15]. This requires prior assumptions regarding specific category of the 
geometric surface on which the samples of the video are believed to lie on.  

A growing body of literature has investigated numerous approaches for video 
classification [11, 16]. Among them, Local Binary Pattern (LBP) based methods [10] 
have been widely used in texture analysis. Zhao et al. [17] extended the LBP to both 
space and time domains and proposed two new variants. Volume Local Binary Pattern 
(VLBP) [17] is an extension which combines both spatial and temporal variations of 
the video. Also, Local Binary Pattern on Three Orthogonal Planes (LBP-TOP) [17] 

computes LBP of three individual , , and  planes to describe the 
video.  

Recently, there is a huge growing research interest in deep learning methods in 
different areas of computer vision [18, 19]. Deep learning methods set up numerous 
recognition records in image classification [20], object detection [21], face 
recognition and verification [22]. Deep models have much more expressive power 
than traditional shallow models and can be effectively trained with layer-wise pre-
training and fine-tuning [18]. Xie et al. [23] represented relationship between noisy 
and clean images using stacked denoising autoencoders. However, deep autoencoders 
are rarely used to model time series data. Despite this, there have been some works on 
using variants of Restricted Boltzmann Machine (RBM) [24] for specific time series 
data such as human motion [25]. Some other deep models have been put forward to 
address video data with convolutional learning of spatiotemporal features [26]. 
Needless to say that learning deep frameworks require huge amount of training data 
and is quite costly in computational demand. As a result, the deprivation of training 
data is indeed an obstacle to deploy a deep model for video classification tasks. 
This paper presents a novel deep learning framework which makes no prior 
assumptions with respect to the underlying geometry and explore automatically the 
structure of the complex non-linear surface on which samples of video are present. 
The proposed method (see the block diagram in Figure 1) first defines a Deep 
Autoencoder Network Template (DANT) whose weights are initialized with an 
unsupervised layer-wise pre-training using Gaussian Restricted Boltzmann Machines 
(GRBM). In order to learn class specific Deep Autoencoder Network (DAN), the 
initialized DANT is then separately trained for each class using all videos of that 
class. Therefore, DANs can represent videos of each class based on the learnt 
structure of the corresponding class. A query video is represented using the learnt 
class specific DANs for classification purpose. The representation errors from the 
respective DANs are then computed and a voting technique is used to decide which 
class the query video shall belong to.  



 

2   Deep Autoencoder Network 

We first define a Deep Autoencoder Network Template (DANT) which will be used 
to learn the underlying structure of the data. The architecture of the DANT is shown 
in Figure 2. For such a deep network, an appropriate parameter initialization is 
mandatory to achieve a good performance. Therefore, we initialize the parameters of 
DANT by performing a pre-training in a greedy layer-wise fashion using Gaussian 
Restricted Boltzmann Machines. The DANT with initialized parameters is then 

separately fine-tuned for each of the  classes of the training videos. We therefore 

end up with a total of  fine-tuned class-specific Deep Autoencoder Networks 
(DANs). The fined-tuned models are then used for video classification. 
 

 
 

Figure 2: The structure of the proposed Deep Autoencoder 
Network (DAN). 

Figure 1: The block diagram of the proposed method. 



2.1. The Deep Autoencoder Network Template 

As can be seen in Figure 2, the proposed DANT is based on an autoencoder which 
comprises an encoder and a decoder. Both the encoder and the decoder have three 
hidden layers, with a shared third layer. The encoder calculates a compact low 
dimensional representation of the input data. We can formulate the encoder as a 

combination of non-linear functions  to map the input data  to a representation 

 given by 

 

 

 

(1) 

where  is the encoder weight matrix for layer  having  nodes, 

 is the bias vector and  is a non-linear sigmoid activation function. 

The encoder parameters are learnt by combining the encoder with the decoder and 
jointly training the encoder-decoder structure to represent the input data by optimizing 
a cost function. So, the decoder can be defined as a series of non-linear functions 

which calculate an approximation of the input  from the encoder output . The 

approximated output  of the decoder is obtained by 

 

 

 

(2) 

We represent the complete encoder-decoder structure by its parameters 

, where  and .   

2.2. DANT Parameter Initialization 
The above defined DANT is used to learn class specific networks. This is done by 
individual training of the DANT for videos of each class in the training set. The 
training is performed through stochastic gradient descent with back propagation [27]. 
The training may fail if the DANT is initialized by inappropriate weights. Thus, the 
parameters of the template are firstly set up by performing unsupervised pre-training. 
For this purpose, a greedy layer-wise approach is adopted and Gaussian RBMs are 
used. 

RBMs [24] are generative undirected graphical models with a bipartite structure 

of two sets of binary stochastic nodes called the visible ( ) and the 

hidden layer nodes ( ). The visible layer’s nodes are symmetrically 

connected with the nodes of the hidden layer through a weight matrix , 

but there are no intra-layer node connections. The joint probability  of the 
RBM is given by 

 
(3) 

where  is the partition function used as a normalization constant.  is the 
energy function of the model defined as 

 
(4) 



where  and  are the biases of the visible and the hidden layers, respectively. In 

order to learn the model parameter  of the RBM, the training is performed 
by the numerical technique of Contrastive Divergence (CD) [28].  

We can extend the standard RBM, which is used for binary stochastic data, to the 
real value data by appropriate modifications in its energy function. Gaussian RBM 
(GRBM) is one of such popular extensions whose energy function is defined by 
changing the bias term of the visible layer.  

 

 

(5) 

where  is the standard deviation of the real valued Gaussian distributed inputs to 

the visible node . It is possible to learn  for each visible unit but it become 
staggering when using CD for GRBM parameter learning. Alternatively, we use 

another approach and fix  to a constant value in the data pre-processing phase. 
Inasmuch as there are no intra-layer node connections, inference becomes readily 

tractable for the RBM to the contrary of most directed graphical models. The 
probability distributions for GRBM are given by 

 
(6) 

 
(7) 

where 

 
(8) 

Since our data are represented by real values, we use GRBMs to initialize the 
parameters of the proposed DANT. Two layers are considered at a time and the 
GRBM parameters are leant. At first, we assume the nodes of the input layer as the 

visible units . Thus, the nodes of the first hidden layer are considered as the hidden 

unit  of the first GRBM and the parameters are tuned. The activations of the first 
GRBM’s hidden units are then used as an input to train the second GRBM. The 
process is repeated for all three hidden layers of the encoder. The weights learnt for 
the encoder layers are then tied to the corresponding decoder layers. 
 

3. Video Classification  
 
In this section, we first introduce the formulation and describe how to classify query 

videos using the representation error. Assume there are  training videos  

with the corresponding class labels . Notice that a video sequence is 

denoted by , where  contains raw pixel values of the frame at time 

. The problem is assigning class  to the query video sequence . 

3.1. Learning Class Specific Network 
In order to initialize the parameters of the DANT using GRBMs, we randomly 

shuffle a small fraction of the training video sequences such that there are video 
sequences from all classes in this subset. We use this subset for layer-wise GRBM 



training of all encoder’s layers. The parameters of the decoder layers are then 
configured with their corresponding tied parameters of the encoder layers. This 
process assures that the proposed network rarely gets stuck in a local minimum point.    

At this point, the DANT structure with the initialized weights is trained to learn 

class specific DANs. Here, the training of a DAN, , is carried out by minimization 

of the representation error over all frames  of the video . 

 
(9) 

where  is the -th reconstructed frame of the video . 
In order to avoid over-fitting and enhance generalization of the learnt model to 

unknown test data, the regularization terms are added to the cost function of DANT. 

A weight decay penalty term  and a sparsity constraint  are added. 

 

 

(10) 

where  and  are regularization parameters.  ensures small values of 

weights for all hidden units. It is defined as the summation of the Frobenius norm of 
all weight matrices. 

 

(11) 

where  and  are the weight matrices of the -th layer of the encoder and the 

decoder, respectively. 

Moreover,  enforces that the mean activation  (over all training samples) 

of the -th unit of the -th hidden layer is as close as possible to a spartisty target  

which is a very small value constant.  is further defined regarding the KL 

divergence. 

 

(12) 

So, a class specific model  is obtained by optimizing the regularized cost 

function  over all frames of the class . Since the sigmoid activation functions 

are non-linear and a number of layers are joined together, the autoencoder structure is 
capable of learning very intricate non-linear structures. 

 
(13) 

3.2. Classification 

Given a query video sequence , we separately reconstruct it from all 

class specific DANs , , using Equations (1) and (2). Suppose  is the 

-th frame of the reconstructed query video sequence  based on the -th class 

model . After computing the reconstruction errors for all  classes, the vote  is 

assigned to the class whose network has reconstructed the frame  with the 
minimum reconstruction error.  

 
(14) 



The votes casted by all frames of  are then counted and the candidate class 

which achieves the maximum number of votes is declared as the class  of the query 

video sequence . 

4. Experimental Results 
 
The performance of the proposed method is evaluated on three databases for the tasks 
of video-based face recognition and dynamic texture classifications. For video-based 
face recognition, the performance evaluation is conducted on the Honda/UCSD [29] 
database. The DynTex [16] and the YUPPEN [30] databases are used for dynamic 
texture classification. For the Honda/UCSD the faces are detected, cropped, and 
resized using the same procedure as in [31].  

4.1. Results on the Honda/UCSD Database 
The Honda/UCSD database [29] contains 59 video sequences of 20 different subjects. 
The video sequences are recorded in an indoor environment for at least 15 seconds at 
15 frame per second. Similar to [29], we use 20 video sequences for training and the 
remaining 39 for testing. We repeat our experiments ten times with different random 
selections of the training and testing sets. 

The experimental results in terms of average recognition rates and the standard 
deviations of DAN and the state-of-the-art benchmark methods are summarized in 
Table 1. The results demonstrate that the proposed method achieves 100% 
classification on the Honda/UCSD dataset. 

Table 1: Comparison of average recognition rates ± standard deviations (%) and equal error 
rates (%) on the Honad/UCSD dataset [29]. 

Method 
Avg. Recognition Rate (%) ± Standard 

Deviation 
EER (%) 

VLBP [17] 77.94±1.00 23.15 
VLBP+AdaBoost [32] 88.80±0.60 4.02 
MMD [13] 95.55±1.84 3.51 
MDA [33] 96.44±1.37 2.74 
CDL [15] 98.97±1.32 0.63 
SANP [31] 99.36±0.10 0.22 
RNP [34] 95.90±2.16 3.08 
DAN 100.00±0.00 0.00 

4.2. Results on the DynTex Database 
The DynTex database [16] is a standard database for dynamic texture analysis 
containing high-quality dynamic texture videos such as windmill, waterfall, smoke, 
etc. It contains over 650 videos recorded in PAL in different conditions. Each video 
has 250 frames length with the frame rate of 25 frame/sec. Table 2 compares the rank-
1 recognition rates of the proposed DAN and the benchmark approaches. Following 
the standard protocol, we use Leave-One-Out (LOO) cross validation in the next 
experiments on the dynamic texture data. 

Table 2: Comparison of the rank-1 recognition rate (%) of the 
proposed method with benchmark approaches on the DynTex 
database [16]. 

Method Recognition Rate (%) 

VLBP [17] 95.71 



LBP-TOP [17] 97.14 
DFS [35] 97.63 
BoS Tree [36] 98.86 
MBSIF-TOP [37] 98.61 
st-TCoF [19] 98.20 
DAN 99.07 

 

4.3. Results on the YUPPEN Database 
The YUPPEN database [30] is a stabilized dynamic scene dataset. This dataset was 
introduced to emphasize scene-specific temporal information. YUPPEN consists of 
14 dynamic scene categories with 30 videos per category. The sequences in the 
YUPPEN dataset have significant variations, such as frame rate, scene appearance, 
scaling, illumination, and camera viewpoint. We present the experimental results on 
this database in Table 3. It can be observed that the DAN outperforms the state-of-
the-art benchmark methods. The results confirm that the proposed DAN is effective 
for dynamic scene data in a stabilized setting.   

 

Table 3: Comparison of the rank-1 recognition rate (%) of the 
proposed method to benchmark approaches on the YUPPEN 
database [30]. 

Method Recognition Rate (%) 

LBP-TOP [17] 84.29 
BoSE [11] 96.19 
SOE [11] 80.71 
SFA [38] 85.48 
CSO [39] 85.95 
st-TCoF [19] 99.05 
DAN 99.16 

 

5. Conclusion 
 
In this paper, we presented a novel deep learning framework for video classification. 
A multi-layer deep autoencoder network was designed which was first pre-trained for 
appropriate weight initialization and then used for learning class specific networks. 
The class specific network is capable to capture the underlying non-linear complex 
structure of videos. In order to classify a given query video, we adopt a voting 
strategy based on the minimum reconstruction error. The proposed Deep Autoencoder 
Network (DAN) are evaluated on three standard video datasets and achieved the best 
performance among the competing methods.  
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