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ABSTRACT 

Deep learning has recently attracted attention in image processing and signal 

processing. It shows great potential in downsampling high dimensional data while 

abstracting key information from within this data. This characteristic makes deep 

learning very powerful in content-based image retrieval (CBIR) and speech 

enhancement (SE), because both of them need high quality and low dimensional 

semantic features. By using the code layer in a deep autoencoder (DAE), which is a 

fully connected deep learning model, the CBIR and SE systems can get good results. 

For CBIR, our newly designed multiple input multiple task DAE (MIMT-DAE) using 

wavelet coefficients can even get better performance than the single input single task 

DAE using fewer trainable parameters.  

However, for image processing, a fully connected neural network structure 

exhibits limitations, and therefore a hybrid design building upon a locally connected 

structure called the convolutional neural network (CNN) is proposed in this 

dissertation. The CNN works as a preprocessing stage for the autoencoder in order to 

provide better input features than the raw images due to its locally connected 

weighting. The hybrid structure boosts the retrieval performance substantially in both 

grayscale and color image retrieval. 

For the SE system, the fully connected DAE trained only on the mask 

approximation (MA) function does not present desired performance. We design a 

multiple task structure adding a signal approximation (SA) function during training for 

the SE system to reduce false positive. Training on both cost functions simultaneously 

gives much better performance than training only on the MA function or even the 

latest model that is fine tuned on the SA function. We also explored the long-short 

term memory structure and propose it as future work.  
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CHAPTER 1 INTRODUCTION 

 

1.1 Machine Learning and Deep Learning 

 

As the amount of data available in myriad applications has exploded, 

management and utilization of that data has become more and more difficult. Because 

individual humans cannot keep up with the growth in knowledge and entertainment, 

the desire to use computers to mimic human abilities to classify, cluster and annotate 

massive data sets is high. Machine learning is one of the best methods to accomplish 

this function, and it has attracted significant attention, as shown in figure 1-1.  

 

Figure 1-1 Machine learning shows the highest expectations as of 2016 [38] 

 

In order to process the incredible number of different potential data types, 

researchers try to find machine learning algorithms that offer both high capacity and 

flexibility. Deep learning, which is also known as the deep neural network or 

hierarchical learning, is starting to gain popularity [40]. Deep learning is a machine 

learning algorithm that can model high-level features in data using multiple hidden 
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layers. It has proven very powerful in image and audio signal processing applications 

and has been shown to produce state-of-the-art results for various tasks because it 

requires much less data pre-processing compared with other machine learning 

algorithms. The multiple hidden layers inside the deep learning structure give a deep 

neural network (DNN) the ability to adapt to the needs of other algorithms, which 

provides a highly flexible tool. 

Figure 1-2 shows the popularity of usage for different machine learning 

algorithms. In this figure, we can see from the red curve that neural networks have 

been increasingly used since 2005. In 2006, the pre-training method for a deep 

structure (more than two hidden layers in a neural network) was invented, and the 

usage of the neural network has since increased exponentially. Due to its powerful 

hidden layer, the DNN structure requires much less pre-defined knowledge than 

previous machine learning algorithms such as decision trees, etc. DNN also gives 

outstanding performance as a machine learning algorithm. In [41], Yann LeCun, 

Corinna Cortes and Christopher J.C. Burges compare the image recognition results of 

deep neural networks to a lot of other popular machine learning algorithms such as 

Linear Classifiers, KNN, Boosted Stumps, PCA and SVM. The results clearly show 

that DNNs get the lowest error rate of all tested models. Because of these 

characteristics, deep learning has become a standard learning algorithm in recent 

artificial intelligent (AI) research.     

http://homepage.mac.com/corinnacortes/
http://research.microsoft.com/en-us/people/cburges/
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Figure 1-2 Usage of different machine learning algorithms [20] 

1.2 Content-Based Image Retrieval  

 

One of today’s applications for deep learning is information retrieval systems. 

The information explosion has led to tremendous growth in published data and 

increasing demand for effective techniques to search for information, making high-

performance Information Retrieval (IR) systems necessary. An Information Retrieval 

system is usually used to find material of an unstructured nature that satisfies an 

information need from within large online collections [27]. One of the most 

challenging IR topics is image retrieval. Two image retrieval application domains 

have been developed: text-based image retrieval and content-based image retrieval 

(CBIR). While text-based image retrieval works effectively in a database of patent 

images with pre-existing associated text, it cannot deal with the massive quantities of 

new images generated every day because of the requirement for human annotation of 

every image. CBIR is an attractive and intensive area for research because it uses self-

generated low-level features such as color, texture, and shape [28] instead of high-
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level human annotation. To retrieve specific relevant images within a large and 

growing collection [29], CBIR is the only solution domain capable of absorbing 

millions of new images every day. 

1.3 Speech Enhancement 

 

An important application of the deep learning algorithm is in speech 

enhancement, where it is used to analyze a noisy audio signal in order to separate the 

speech signal from the background noise. A good speech enhancement system should 

suppress the noise and output clear speech to the user regardless of noise types in the 

input data. For natural language processing (NLP) and automatic speech recognition 

(ASR), the inevitable noise in the speech signal will significantly affect performance. 

Because audio signals are usually time-continuous, the rich learning capacity of the 

DNN gives the training procedure much more flexibility to deal with large data sets. 

Recent developments in recurrent neural networks that can explore the relationship 

between signals on different timelines shows a lot of potential for processing speech 

signals [36]. 

1.4 Computational Network Toolkit (CNTK) 

 

Typically, the effort level to build a non-standard neural network is very high 

[11]. Researchers must design the network, derive all the equations, optimize the 

complete structure, implement the algorithm, and then train the network. During these 

steps of this time-consuming process, the researchers can easily make mistakes or sub-

optimal decisions. In order to implement the researchers’ ideas quickly and accurately, 

a deep learning framework is required. A deep learning framework is a software 

package that allows researchers to implement their algorithms using the framework’s 

internal functions to deploy the full deep learning structure. Most modern deep 

learning frameworks can also use a GPU to provide parallel computing in order to 

reduce the running time for a deep learning structure. 
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In this dissertation, our deep learning framework will be the Computational 

Network Toolkit (CNTK) from Microsoft Research. CNTK was first designed for 

audio processing and has now become a unified deep learning framework with very 

powerful image processing capabilities. It treats every parameter as a computational 

node and uses a computational operator to connect the nodes together [12]. Figure 1-3 

shows a neural network structure with two hidden layers and its operations in CNTK. 

The following code shows the set-up structure of Figure 1-3 in CNTK: 

DNNFirstLayer(inDim, outDim, x, parmScale)  

{  

W = Parameter(outDim, inDim, init = Uniform, initValueScale = 

parmScale)  

b = Parameter(outDim, init = Uniform, initValueScale = parmScale)  

t = Times(W, x)  

z = Plus(t, b)  

y = sigmoid(z)  

} 

DNNLastLayer(LabelDim, hiddenDim, x, parmScale)  

{  

W = Parameter(LabelDim, hiddenDim, init = Uniform, initValueScale = 

parmScale)  

b = Parameter(LabelDim, init = Uniform, initValueScale = parmScale)  

t = Times(W, x)  

z = Plus(t, b)  

} 
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Figure 1-3 Node structure in CNTK 

 

CNTK has many desirable characteristics compared with other deep learning 

frameworks: 

• CNTK is a general purpose deep learning framework for many 

different types of DNN structures. 

• CNTK is flexible and easy to operate on both Windows and Linux OS 

systems (Shown in figure 1-5). 

• CNTK supports GPU computing and the CUDA programming 

environment. Currently, CNTK is the fastest deep learning framework 

available and the only one that can support training on more than 4 

CUDA GPUs (Shown in figure 1-4) 
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• CNTK can automatically calculate all the derivatives required to 

efficiently perform the necessary optimizations.  

• CNTK can easily be extended by adding customized C++ code for 

necessary blocks, which makes it more flexible than competing deep 

learning frameworks. 

 

 

Figure 1-4 Training speed for CNTK compared with other frameworks [12] 
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Figure 1-5 Flexibility vs performance for three different deep learning frameworks [12] 

 

1.5 Structure 

 

This dissertation will be separated into the following parts: 

• In chapter 2, we will introduce a new deep learning model called the 

multiple-input multiple-task deep autoencoder (MIMT-DAE), which 

will outperform the traditional single-input signal-task deep 
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autoencoder (SIST-DAE) as a content-based image retrieval (CBIR) 

system while requiring fewer internal trainable parameters. 

• In chapter 3, we will use a convolutional neural network (CNN) as the 

pre-processing algorithm, replacing the traditional discrete wavelet 

transformation (DWT) from the multiple-input multiple-task model to 

provide the feature abstraction. We will show that convolutional neural 

networks can dramatically boost the deep autoencoder’s performance 

as a CBIR system.  

• In chapter 4, we will use color images to test the performance of our 

hybrid CNN+DAE structure as a CBIR system. Because the 5 layer 

CNN structure does not give good performance on the color image 

database, we use a much deeper convolution structure called the 

residual network (ResNet) with batch normalization (BN) to extend the 

CNN structure to more than 100 hidden layers and achieve very good 

performance for the CNN+DAE CBIR system. 

• In chapter 5, we will use a multiple-task DAE (MT-DAE) structure to 

do a speech enhancement (SE) task with a recursive neural network 

(RNN), using both long and short term memory (LSTM) on the 

neurons. We will show that with help from the MT-DAE, our structure 

will get better performance than the traditional de-noised autoencoder 

structure trained on two cost functions. 

• In chapter 6, we will summarize all the topics and disscuss further work 

for this dissertation. 
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CHAPTER 2 CONTENT-BASED IMAGE RETRIEVAL SYSTEM 

USING WAVELET TRANSFORMATION AND MULTIPLE 

INPUT MULTIPLE TASK DEEP AUTOENCODER 

 

In this chapter, we design a content-based image retrieval (CBIR) system using 

wavelet transformation pre-processing and a multiple-input multiple-task deep 

autoencoder (MIMT-DAE). We will show that compared with the single input single 

task autoencoder (SIST-DAE), our model gets better performance while requiring 

fewer trainable parameters, which will dramatically reduce the training time and 

computation complexity.  

2.1 Autoencoder 

 

An autoencoder [21] is one example of a deep neural network (DNN) with two 

components (shown in figure 2-1): encoder and decoder [22]. By applying 

unsupervised learning, a DAE maps the input data x ∈ Rn into its code layer 

representation a ∈ Rr  through its encoder, where n is the dimension of the input, and r 

is the size of the code layer. The autoencoder tries to recover original data using the 

decoder and applying target output values in the training equivalent to those of the 

input data. Training of the autoencoder includes two stages: forward propagation and 

back propagation. 
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Figure 2-1 Structure of DAE 

 

2.2 Forward Propagation  

 

In forward propagation, the autoencoder computes its output �̂�  ∈ Rn from the 

input data x. In the autoencoder, every neuron in layer l is fully connected to all 

neurons in the next layer l+1. A weight matrix Wl and bias vector bl are assigned to 

layer l for forward computation: 

 𝑧𝑙+1 =  𝑊𝑙𝑎𝑙 + 𝑏𝑙 (2-1) 

 𝑎𝑙+1 =  𝜎(𝑧𝑙+1) (2-2) 

where zl+1 is the input of layer l+1, and al+1 is its activated output. The activation 

function σ() is usually non-linear. In this dissertation, we use the sigmoid() function 

(shown in figure 2-2) 
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𝜎(𝑥) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) =

1

1 + 𝑒−𝑥 
 

(2-3) 

the tanh() function (shown in figure 2-3) 

 
𝜎(𝑥) = tanh(𝑥) =  

𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
 

(2-4) 

or the rectify linear function (shown in figure 2-4) 

 𝜎(𝑥) = 𝑅𝑒𝐿𝑈(𝑥) = max(0, 𝑥) (2-5) 

Thus, the estimated output �̂� is computed as 

 �̂� = 𝑎𝐿 =  𝜎(𝑊𝐿−1 … (𝜎(𝑊1𝑥 + 𝑏1) + 𝑏2)) +  𝑏𝐿−1) (2-6) 

where L is the total layer count of the DAE. 

After computing the output estimation �̂�, a cost function will be added to 

assess the error between �̂�  and the output target x. A quadratic function is usually 

used for unsupervised learning. Because the output target is actually the input data, the 

autoencoder minimizes the following cost function: 

 
< 𝑊, 𝑏 >= 𝑎𝑟𝑔𝑚𝑖𝑛𝑤,𝑏

1

2
∑ |𝑥 − �̂�|2 

(2-7) 
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Figure 2-2 Sigmoid activation function 

 

Figure 2-3 Tanh activation function  
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Figure 2-4 ReLU activation function 

 

 
𝐸 =

1

2
∑ |𝑥 − �̂�|2  

(2-8) 

where W = [W1;W2; …W L-1] and b = [b1; b2; …; bL-1] are weights matrix and bias 

matrix, respectively. 

 

2.3 Back Propagation  

 

Back propagation is a training algorithm that tries to update W and b matrices 

to minimize the error from the cost function. In order to do this, first the error of the 

output layer must be defined: 

 
𝛿𝐿 =

𝜕𝐸

𝜕𝑎𝐿
𝜎′(𝑧𝐿) 

(2-9) 

where E is the cost function. Then, the error is propagated back from the 

autoencoder’s output layer to its input layer: 
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𝛿𝑙 =

𝜕𝐸

𝜕𝑎𝑙
𝜎′(𝑧𝑙) = ((𝑊𝑙+1)𝑇𝛿𝑙+1)𝜎′(𝑧𝑙) 

(2-10) 

Finally, the weight and bias matrices can be updated using their partial derivatives and 

the equations (2-9) and (2-10): 

 
𝑊𝑙 = 𝑊𝑙 +  ∆𝑊𝑙 = 𝑊𝑙 +

𝜕𝐸

𝜕𝑊𝑙
= 𝑊𝑙 + 𝑎𝑙+1𝛿𝑙 

(2-11) 

 
𝑏𝑙 = 𝑏𝑙 +  ∆𝑏𝑙 = 𝑏𝑙 +

𝜕𝐸

𝜕𝑏𝑙
= 𝑏𝑙 + 𝛿𝑙  

(2-12) 

 

2.4 Mini Batch Stochastic Gradient Descent 

 

Stochastic gradient descent (SGD), which is also called line gradient descent, 

is a stochastic approximation to discriminative learning of the gradient descent in 

order to minimize a cost function that is written as a sum of differentiable functions.  

There are some advantages for stochastic gradient descent: 

• SGD is very efficient. 

• SGD is easy to implement and can offer many opportunities for 

code tuning. 

There are also some disadvantages for stochastic gradient descent: 

• SGD requires a number of hyperparameters, such as the 

regularization parameter and the number of iterations. 

• SGD is sensitive to feature scaling. 

Because SGD has been successfully applied to large-scale and sparse machine 

learning problems, it has become a standard learning method for deep neural 

networks.  

 For standard stochastic gradient descent, equation 2-13 is used to update after 

each single sample  

https://en.wikipedia.org/wiki/Gradient_descent_optimization
https://en.wikipedia.org/wiki/Objective_function
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 𝑊𝑡+1 =  𝑊𝑡 −  𝜇∆𝑊 (2-13) 

where µ is the learning rate.  

The SGD to scan the complete database is shown in Algorithm 2-1: 

Algorithm 2-1 Stochastic Gradient Descent 

 

Although computing the gradient descent and updating the trainable 

parameters inside the model through SGD according to each training sample will 

theoretically give the best performance, this approach is not efficient, especially for 

large training data sets, because it uses only one sample at each iteration. On the other 

hand, if all the samples are used at each iteration as in the batch gradient descent 

(BGD), finding the true gradient is difficult. 

In order to solve this problem and parallelize the training process, a mini-batch 

SGD is used in our training as in Algorithm 2-2: 

 

Randomly initialize all trainable parameters inside the machine learning model 

Repeat until the learning reaches its global minimal or the user stops  

 Shuffle all the training samples 

  For i = 1 to sample number 

Update trainable parameters according to equation (2-13) 

  End For 
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Algorithm 2-2 Mini-batch based stochastic gradient descent 

 

With the correct learning rate, mini-batch SGD can get better performance 

with a smoother convergence curve. Equation (2-14) shows the mini-batch SGD 

adjustment. 

 
∆𝑊 =  

1

𝑚
∑ ∆𝑊𝑖

𝑚

𝑖=1

 
(2-14) 

where m is the mini-batch size.  

2.5 Momentum 

 

If the cost function has the form of a long shallow ravine leading to the 

optimum with steep walls on the sides, standard SGD will tend to oscillate across the 

narrow ravine because the negative gradient will point more strongly down one of the 

Randomly initialize all the learnable parameters in the model (W; b) 

For i = 1 to maxepochnumber do 

Pick a task T randomly 

Pick a mini batch randomly for task T 

For j in range of minibatchsize do 

Use forward propagation to get output �̂� for 

sample j in this mini batch 

Use back propagation to compute the gradient for this sample 

end for 

Compute the average gradient for the complete mini-batch. 

Update the weights and biases according to equation (2-11) and (2-12) 

end for 
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steep sides rather than along the ravine towards the true optimum. The objectives of 

deep architectures cause this ravine to form near local optima, and thus standard SGD 

can lead to very slow convergence, particularly after the initial steep gains. 

Momentum is one method used to push the objectives more quickly along the shallow 

ravine. The momentum update is given by 

 𝑊𝑡+1 =  𝑊𝑡 − 𝜇((1 − 𝛽) ∆𝑊𝑡 +  𝛽∆𝑊𝑡−1) (2-15) 

where β is the momentum that is used to stabilize the training during the back 

propagation.  

2.6 Our Model  

 

To input multiple features into a neural network, such as MFCC and FBANK 

coefficients for speech recognition [17], one method is to concatenate the two inputs 

to create a single larger dimensioned input. This method works when the two inputs 

are highly correlated with each other and can be perfectly aligned (like gain and 

spectrum for audio signal). However, this requirement is not met in most cases, 

especially for wavelet coefficients [19]. Thus, in our CBIR system, we design a 

multiple input multiple task deep autoencoder (MIMT-DAE) that treats different types 

of input features separately but recovers them simultaneously (shown in figure 2-5). 

2.6.1 Structure of Our Model 

 

For the CBIR system under study in this chapter, images first go through Haar 

wavelet transformation. The approximation coefficients (CA - low spatial frequency) 

and diagonal coefficients (CD - high spatial frequency) are connected to the two 

separate inputs of the MIMT-DAE. Before these two coefficient sets go into the neural 

network, scalers are applied such that the CA coefficients are in the range of [0, 1] and 

the CD coefficients are in the range of [-1, 1]. After passing through their first 

individual layers, the two branches are added together and then connected with the 

first shared layer: 
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 𝑧𝑠ℎ𝑎𝑟𝑒
2 =  𝑊𝑠ℎ𝑎𝑟𝑒

2 (𝜎(𝑊𝐶𝐴
1 𝑥𝐶𝐴 + 𝑏𝐶𝐴

1 ) + 𝜎(𝑊𝐶𝐷
1 𝑥𝐶𝐷 + 𝑏𝐶𝐷

1 ))

+ 𝑏𝑠ℎ𝑎𝑟𝑒
2  

     (2-16) 

where equation (2-3) is used as the activation function. Inside the shared layer, highly 

dimensioned inputs will be compressed, and their common features will be coded in 

the coder layer [23]. After the shared layers, the remaining layers are split into the 

multiple tasks [24], which simultaneously reconstruct the CA coefficient and the CD 

coefficient. Because the CA coefficient is positive, a sigmoid() function is used as the 

activation function in the CA reconstruction branch, while the tanh() function is used 

in the CD reconstruction branch, because the CD coefficient can be negative. The cost 

functions for these two tasks are: 

 
𝐸𝐶𝐴 =  

1

2
∑ |𝑥𝐶𝐴 − �̂�𝐶𝐴|2 

(2-17) 

 
𝐸𝐶𝐷 =  

1

2
∑ |𝑥𝐶𝐷 − �̂�𝐶𝐷|2 

(2-18) 

The final cost function is the weighted sum of the cost function of the two tasks: 

 𝐸 =  𝛼𝐸𝐶𝐴 + 𝛽𝐸𝐶𝐷 (2-19) 

 𝛼 + 𝛽 = 1 (2-20) 

The weights for different cost functions change the image retrieval performance 

significantly, as we will discuss in section 2.7. 

2.6.2 Model Parameters 

 

Figure 2-5 shows the topologies for our MIMT-DAE. The DAE has 5 layers. 

Two of the layers have parallel branches of size 98. In the center of the MIMT-DAE 

are three shared layers of sizes 49-25-49. The complete MIMT-DAE structure has   

98, 490 trainable parameters. 
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Figure 2-5 MIMT-DAE structure 

 

We train the MIMT-DAE through a mini-batch based SGD using Algorithm 2-

2 with an initial learning rate of 0.1 for each mini batch. The mini-batch size is 32 for 

our training. To avoid the gradient vanish problem, a discriminative pre-training is 

added into our training procedure [25]. The momentum in this model is 0.9. The 
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complete model is trained on a NVIDIA GTX970 GPU with 1664 CUDA cores and 4 

GB memory. 

2.7 Test Results 

 

To test our proposed CBIR system, we use the MNIST database [7] to train 

and test our MIMT-DAE. The MNIST is a database of handwritten digits. It has 

60,000 training samples and 10,000 test samples. In this paper, we train our neural 

network with the first 50,000 training samples, using the remaining 10,000 samples as 

the cross-validation data set. The performance is tested on MNIST’s 10,000 test 

samples.  

During the retrieval, the MNIST test data set is used for both query images and 

retrieval database. We use every individual image in MNIST’s test data set as a query 

image to retrieve similar images from the remaining test database.  

2.7.1 Evaluation Parameters 

 

In our CBIR system, the code layer values for each image will be used as its 

semantic vector. To retrieve similar images corresponding to a query image, the 

semantic gaps between the query and all images in the database will be computed and 

sorted.  

To compute the semantic gap, we use the Minkowski-type metric [27] as 

defined in equation 2-21: 

 
𝐺(𝒒, 𝒑) =  (∑ |𝑞𝑖 − 𝑝𝑖|

𝑟

𝑁

𝑖=1

)
1
𝑟 

(2-21) 

where q = (q1; q2; … ;qN) is the semantic vector for the query image and p = (p1; p2; 

… ; pN) is the semantic vector for each reference image in the retrieval database. N is 

the dimension for the coder layer in the autoencoder, which is 25 in our model. When 

r = 1, equation (2-21) is the L1 distance, and when r = 2, it is the L2 distance. In this 
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chapter, we use the L2 distance to compute the semantic gap between the query image 

and the images in the retrieval database. 

To evaluate the performance of our CBIR system, parameters Precision and 

Recall are used. The definitions of these two measurements are given by the two 

following equations: 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑁𝑟

𝑁𝑎
  

(2-22) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑁𝑟

𝑁𝑑
 

(2-23) 

where Nr is the number of relevant images retrieved, Na is the total number of images 

retrieved, and Nd is the number of relevant images in the database. 

Typically, to plot or compare the Precision or Recall, a threshold is defined to 

control the number of images returned [18]. In our test, we use Nr  = 500 as the 

threshold. 

2.7.2 Tuning Weights in Cost Function 

 

We defined two parameters α and β in the final cost function (equation (2-19)). 

These two parameters control the weights for the two tasks in our image retrieval 

system. In order to find the optimal combination for best performance, we scan 

different combinations of α and β using the cross-validation data set. 

Figure 2-6 shows the precision performance for different α and β 

combinations. In this figure, α : β = 7 : 3 gives the best performance. Given equation 

(2-20), α is set to 0.7, and β is set to 0.3 in our CBIR system to test the retrieval 

performance on the test data set. 
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Figure 2-6 Precision for different α:β ratios 

 

2.7.3 Retrieval Performance 

 

In this section, the test database is used to evaluate our model’s performance. 

In order to assess the performance of our MIMT-DAE structure, a single input single 

task deep autoencoder (SIST-DAE) is used as the baseline. The SIST-DAE has a 

hidden layer structure of sizes 98-49-25-49-98. The baseline model has 165,718 

trainable parameters. Discriminative pre-training is also used in the baseline training. 

Table 2-1 shows the performance difference between our MIMT-DAE and the 

SIST-DAE. The MIMT-DAE structure achieves 60.32% in Precision and 30.00% in 

Recall. Performance results are 2.16% and 1.12% higher, respectively, than those of 

SIST-DAE, while using 40.57% fewer trainable parameters. The reduction of trainable 

parameters makes the full size of the MIMT-DAE model only 0.69 MB, while SIST-

DAE requires 1.34 MB. The result proves that with the help of the Haar wavelet 



Texas Tech University, Xiangyuan Zhao, March 2017 

 

24 

 

transformation, our MIMT-DAE can find common features and use neurons inside the 

DNN more efficiently than a SIST-DAE using raw data. Figure 2-7 shows some 

retrieval results for our MIMT-DAE. The first column on the left shows the reference 

images, and the remainder are the retrieved images.  

Table 2-1 Performance for SIST-DAE and MIMT-DAE 

 Precision Recall Trainable 

Parameters 

SIST-DAE 58.16% 28.88% 0.165 M 

MIMT-DAE 60.32% 30.00% 0.098 M 

 

  

Figure 2-7 Retrieval result for test data set 

 

2.8 Conclusion   

 

In this section, we create a content-based image retrieval model using the 

multiple-input multiple-task deep autoencoder structure. Our MIMT-DAE uses the 
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approximation coefficients and diagonal coefficients of the Haar wavelet transform as 

its two inputs. We tune the deep autoencoder’s cost function to recover both CA and 

CD coefficients at the same time and assess different weights to try to get the best 

retrieval results. Our experiment shows that compared with a conventional deep 

autoencoder that has only single input and single task and uses an unprocessed image 

as the input, our new MIMT-DAE system can get better performance with a smaller 

model and fewer trainable parameters. Our MIMT-DAE [19] can be trained more 

rapidly and can be implemented on devices with severe memory constraints, such as 

smartphones and embedded systems. 

 

 

 

 

 

 

 

 

 

 

 

 

 



Texas Tech University, Xiangyuan Zhao, March 2017 

 

26 

 

CHAPTER 3 CONTENT-BASED IMAGE RETRIEVAL SYSTEM 

USING CONVOLUTIONAL NEURAL NETWORKS AND DEEP 

AUTOENCODER 

 

3.1 Hybrid CBIR System 

 

In chapter 2, we proposed a multi-input, multi-task deep autoencoder as an 

image retrieval system. In the MIMT-DAE system, we use the discrete wavelet 

transformation (DWT) as the pre-processing algorithm to generate multiple input 

visual features for the unsupervised DAE. Though MIMT-DAE achieves better 

performance than SIST-DAE, its precision rate is only a little above 60%. Part of the 

reason that MIMT-DAE’s precision rate is not any higher is because the quality of the 

visual features given to the DAE is low. To improve the CBIR system’s performance, 

we need to find a better feature abstraction algorithm than Haar wavelet transform. 

In this chapter, we propose a hybrid CBIR system using a convolutional neural 

network for visual feature extraction and the deep autoencoder for semantic coding. A 

convolutional neural network (CNN) will replace the DWT of chapter 2 to provide the 

feature abstraction for the DAE. We will show that with the help of the CNN, our 

hybrid CBIR system gets much better performance than is achieved using a traditional 

DWT algorithm. 

The idea of using CNN as an adaptive algorithm to learn features follows from 

the fact that real world images have the property of stationarity. Thus, each image 

should share similar statistics with others, and the features that we learn from some 

images can be applied to other images. The usual means of abstracting features from 

data is using a sparse autoencoder. However, with a fully connected neural network as 

discussed in the previous chapter, we have a very computationally expensive structure 

to do feature abstraction for images. We need to develop a new model to find image 

features. 



Texas Tech University, Xiangyuan Zhao, March 2017 

 

27 

 

The convolutional neural network (CNN) applies biological reasoning to 

simplify the fully connected neural network. From research of the cat’s visual cortex 

[1], we know that, while not fully interconnected, it nevertheless contains a 

sophisticated arrangement of cells. Those cells are individually sensitive to a specific 

sub-region within the visual area. When the cat tries to identify objects, its visual 

cortex will scan every sub-region in the full visual area, and the cell array inside works 

as a local filter over the input image that is good at exploiting the strong spatially local 

correlation present in the input image. 

3.2 Propagation for a CNN 

 

Unlike the fully connected structure of MIMT-DAE, the CNN uses a locally 

connected structure and pooling during forward propagation, which makes a CNN 

behave differently in the propagation process. We will discuss them in this section. 

3.2.1 Convolution in a CNN 

 

CNN is a state of the art model that exploits spatially local correlation by using 

locally connected structures instead of a fully connected structure. In the CNN, the 

neurons in layer l are connected with only a subset of the neurons in previous layer l-1, 

as shown in figure 3-1.  
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Figure 3-1 Fully connected structure versus locally connected structure 

 

 

 

Figure 3-2 Convolution used in CNN 

 

In order to perform convolution inside a CNN, we need both the locally 

connected neurons and the shared weights between them. Figure 3-3 shows a non-zero 

padding convolution structure, so the output is smaller than the image. The kernel 

passes through the complete image in order to extract its features. Figure 3-4 shows a 
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CNN structure with a 3x1 kernel. The same color weight vectors (red, green and 

black) show the shared weights in this structure.  

 

Figure 3-3 Convolution 

 

 

Figure 3-4 Shared weights structure in CNN 
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In the CNN, usually the input data for a convolution has many channels: for 

example, color images have R, G and B channels. The convolution kernel usually 

becomes not a 2D matrix but a 4D tensor. As shown in Figure 3-2, the input layer l-1 

has four channels, and the output layer l has two channels. The convolution kernel has 

a dimension 2x2x4x2. During the convolution, a filter that has dimension 2x2x4 will 

go through all the input data, and the result of the convolution will be summed and 

used as the blue W1 in the output layer l. Then, a second filter will perform the same 

convolution computation with a different kernel, and thus the complete output data set 

is generated.  

The forward propagation in CNN is computed as: 

 𝑧𝑙 = 𝑊𝑙 ∗ 𝑎𝑙 + 𝑏𝑙 = ∑ ∑ 𝑊𝑎,𝑏
𝑙

𝑏

𝜎(𝑧𝑥−𝑎,𝑦−𝑏
𝑙 ) + 𝑏𝑥,𝑦

𝑙  

𝑎

 (3-1) 

where a is the kernel width and b is the kernel height. 

 

3.2.2 Pooling 

 

Theoretically, after the convolution, all the features abstracted can be used to 

perform the image retrieval task. However, this concept is computationally costly. For 

example, for an image of size 128x128 and convolution kernel of 5x5x3, a zero-

padding convolution will produce 49,152 output features. Training a CBIR system that 

has more than 49K input features will be time-consuming and will be very susceptible 

to overfit.  

To solve this problem, a pooling layer will be used. Because a natural image is 

stationary, it is reasonable to aggregate statistics of features near to each other. Max 

pooling and average pooling can be used to aggregate. The pooling will down sample 

the feature dimensions and make the CNN less inclined to overfit. The max pooling 

and average pooling rules are shown in equations 3-2 and 3-3: 

 𝑂𝑚𝑎𝑥𝑝𝑜𝑜𝑙𝑖𝑛𝑔 = max (𝑥𝑖𝑗)   (3-2) 
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𝑂𝑎𝑣𝑔𝑝𝑜𝑜𝑙𝑖𝑛𝑔 =

1

𝑖×𝑗
∑ 𝑥𝑖,𝑗

𝑖,𝑗

 
  (3-3) 

Traditionally, the neighborhoods summarized by adjacent pooling units do not 

overlap [2, 3]. However, recent research shows that overlapping pooling units will 

give much better performance, especially in feature abstraction [4]. In this research, an 

overlapped maximum pooling without zero padding will be used for all the pooling 

layers. 

Figure 3-5 shows a complete structure for a convolution layer with pooling. 

The size of the convolution kernel is k x k x D, and the pooling kernel size is p x p.  

 

Figure 3-5 3D convolution with pooling layer [5] 

 

3.2.3 Back Propagation for CNN 

 

In order to use the back propagation to update the weights in the convolutional 

neural network, we first need to define a cost function. CNN uses supervised learning 
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to train the neural network, and a cost function can be used to control the training. We 

will use the cross-entropy function as our cost function, as shown here: 

 

𝐸(𝑻, 𝒀) = ∑ −𝑙𝑜𝑔

|𝐷|

𝑖=1

𝐿(𝜃|𝑡𝑖 , 𝑦𝑖) = − ∑ ∑ 𝑡𝑖𝑗 ∙ 𝑙𝑜𝑔

𝐶

𝑗=1

|𝐷|

𝑖=1

(𝑦𝑖𝑗) 

  (3-4) 

In equation 3-4, 𝜃 is the parameter for CNN, |D| is the complete training 

database, and C is the number of classes. T and Y are the correct labels and the 

training results from CNN after the soft-max function, respectively. The soft-max 

function is defined as 

 
𝐲𝐢 = τ(h) =

𝑒ℎ𝑗

∑ 𝑒ℎ𝑗𝐶
𝑗=1

 
  (3-5) 

where h is the C-dimension vector from the output layer of the CNN.  

After the error is computed using these two functions, the CNN is trained, and 

all the parameters are updated using back propagation. In back propagation, we 

modify the function that was used in chapter 2. For the convolution, we need to rotate 

the weight matrix in the back propagation by 180 degrees to compute the error 

propagated back from layer l to its previous layer l-1 by inverse convolution. The back 

propagation equation for CNN is shown here: 

 𝛿𝑙 = 𝛿𝑙+1 ∗ 𝑅𝑂𝑇180(𝑊𝑙+1)𝜎′(𝑧𝑙)  (3-6) 

  

3.3 Convolutional Neural Network Based CBIR System 

 

In this chapter, we propose a hybrid content-based image retrieval system 

using a convolutional neural network and a deep autoencoder to improve the 

performance of the MIMT-DAE in last chapter. In the hybrid model, the CNN will 

replace the DWT to abstract the visual features from the raw images, and the 

autoencoder will map these features to its semantic domain. We use the output 

features of the final pooling layer as the input for our autoencoder. We do not use 
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lower convolutional layers’ output features because they are unlikely to contain richer 

semantic representations than higher layers [37]. In our hybrid system, we use the 

code layer from the autoencoder as the semantic vector. We do not use the features 

from the fully connected layer in the CNN as the semantic vector for two reasons. 

First, the feature size of the fully connected layer is still large enough to make both the 

expense to store and time to retrieve the correct images excessive. Second, the fully 

connected layer’s features are strongly associated with the label of every image. 

However, the label is not the only identifier that a CBIR system should evaluate. It 

should also consider other descriptors like shape, color, texture and so on. In addition, 

the query image may be very complicated or unlabeled, so that using the fully 

connected layer to retrieve images for this query could cause generalization problems. 

Compared with MIMT-DAE model, the hybrid model shows substantial improvement 

in the retrieval results. 

3.3.1 Proposed CNN Model 

 

Figure 3-6 shows the convolutional neural network that we use in our hybrid 

CBIR system. Our CNN model has two convolution layers, two pooling layers, and 

two fully connected layers.  The activation function used in the convolution layers is 

the rectify linear function, and the activation function used in the fully connected 

layers is the sigmoid function. The input images are from the MNIST database, which 

has 28x28 resolution and only one intensity channel. 

When forward propagation starts, the input images are first scaled to ensure 

that their pixel values are within [0,1]. After the scaling, input images will go through 

the first convolution layer. The first convolution layer uses a 5x5 convolution kernel 

with 16 channels and stride 1. Zero padding is added for the first convolution layer. 

The output data’s dimension for the first convolution layer is 28x28x16, and it will go 

through the first pooling layer. The first pooling layer will use a 2x2 kernel to perform 

max pooling. It will generate output data with dimension 14x14x16. 
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The new output will then go into the second convolution layer, which also uses 

a 5x5 convolution kernel. In the second convolution layer, the kernel’s channel size is 

32, and the stride size is also 1. After the convolution, another max pooling layer is 

used to downsample the data to 7x7x32. 

After the convolution and pooling layers, two fully connected layers are added 

into the CNN. The output data of the last pooling layer will be vectorized into a vector 

with dimension 1568 that goes into the fully connected layer. The first fully connected 

layer’s output dimension is 128, and the last fully connected layer’s output dimension 

is 10, the same dimension as the original label. 

 In training convolutional neural networks, the mini-batch size that we use is 

100. The full CNN is trained for 15 epochs. For the first 5 epochs, the learning rate is 

set as 0.1, and for the remaining epochs, it is set to 0.3. The momentum for the first 10 

epochs is 0, and for other epochs, it is set as 0.7.  All the trainable parameters are 

initialized using Gaussian distribution with a range between [-0.01, 0.01]. The 

following code shows the set-up of a convolution layer in CNTK: 

 

 

 

ConvReLULayer(inp, outMap, inWCount, kW, kH, hStride, vStride, wScale, 

bValue) 

 {  

convW = Parameter(outMap, inWCount, init = Gaussian,  initValueScale = 

wScale)  

conv = Convolution(convW, inp, kW, kH, outMap, hStride, vStride, 

zeroPadding = true)  

convB = Parameter(outMap, 1, init = fixedValue, value = bValue)  

convPlusB = Plus(conv, convB) 

act = RectifiedLinear(convPlusB) 

} 
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Figure 3-6 Structure of the CNN 

 

3.3.2 Proposed Autoencoder Model 

 

We use the features after the second max pooling layer in the CNN as the input 

for our deep autoencoder (DAE). Because the input data dimension is 512, we use 

hidden layer sizes 128-64-25-64-128. The code layer that is used to achieve image 

retrieval has the same size as in the MIMT-DAE structure. 
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3.4 Test Results 

 

In order to test our proposed CNN-DAE CBIR system, we use the same 

MNIST database used to test the earlier DAE models. Figure 3-7 shows the 

convergence curve for the system around the optimal point. 

 

Figure 3-7 Convergence curve for the CNN-DAE CBIR system around the optimal point 

 

Table 3-1 shows the Precision and Recall performance. The CNN-DAE boosts 

the performance substantially compared with the MIMT-DAE structure. The CNN 

structure shows very good potential in feature abstraction for CBIR systems compared 

with wavelet transformation.  
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Table 3-1 Performance of the CNN-DAE CBIR system 

 Precision Recall Trainable 

Parameters 

SIST-DAE 58.16% 28.88% 0.165 M 

MIMT-DAE 60.32% 30.00% 0.098 M 

CNN-DAE 85.72% 42.90% 0.2358 M 

 

3.5 Conclusion  

 

In this chapter, our experiments show that the feature abstraction algorithm is a 

key component for a CBIR system and that the adaptive CNN structure will provide 

better-generalized features and boost the retrieval precision compared with the unified 

DWT algorithm. These findings make our hybrid structure an excellent choice for a 

content-based image retrieval system. 
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CHAPTER 4 CONTENT-BASED IMAGE RETRIEVAL SYSTEM 

USING RESIDUAL NETWORKS AND DEEP AUTOENCODER 

 

In this section, we test our CBIR system using a color database, CIFAR-10. 

We will show that the CNN structure we used in chapter 3, which is good for gray 

level image retrieval systems, does not demonstrate good performance for a color 

image database. To get better feature abstraction performance for color images, we 

implement the latest residual structure to form a much deeper CNN for CBIR. We will 

show that the new CBIR system with our residual network (ResNet) structure is easy 

to train even with many more layers and can get a very good retrieval rate compared 

with the relatively shallow CifarNet [39], which has similar structure to the CNN in 

chapter 3, and a very deep plain neural network that tends to explode during training. 

4.1 Our Hybrid CBIR System 

 

Convolutional block 1 abstracts the low-level features from the raw images, 

convolutional block 2 abstracts the mid-level features from the low-level, and 

convolutional block 3 abstracts the high-level features from the mid-level. The fully 

connected layer and the soft-max function provide the recognition function for the 

supervised training for the CNN. The trained high-level features are used as the input 

for the deep autoencoder. 
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Figure 4-1 Hybrid CBIR system 

 

We do not use lower convolution layer output features for the DAE input 

because they are likely to contain less rich semantic representations than those 

produced by the higher layer [30]. We also don’t use the features from the fully 

connected layer in the CNN as the input for the autoencoder or the semantic vector 

directly because they provide the recognition function and are highly related to the 

annotations of the training data set. Using the fully connected layer would make the 

system more like a text-based image retrieval system than a content-based image 

retrieval system. 

In this section, we set the output feature’s dimension to 64 for all CNN models, 

and the DAE uses the divide by two protocol, so that the hidden layer dimensions are 

64-32-25-32-64. We again use the code layer dimension of 25 as the semantic vector 

dimension.  
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4.2 Existing Models Used In the Hybrid Structure 

 

To measure the effect of the convolution structure in our CNN on the CBIR 

system’s performance, first, we use two widely uses CNN structures: CifarNet-DAE 

and PlainNet-DAE. 

4.2.1 CifarNet 

 

CifarNet is the state-of-the-art image recognition model for the CIFAR-10 

database [39]. It has three convolution layers, a pooling layer following each 

convolution layer, and two fully connected layers. In the convolution layer, a 5x5 

convolution kernel is used. In the pooling layer, stride 2 max pooling is implemented. 

Each convolution layer and its pooling layer represent a convolutional block as shown 

in figure 4-2. 
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Figure 4-2 Structure of CifarNet 

 

4.2.2 Plain Neural Network 

 

 

In this chapter, we use a very deep neural structure called the plain neural 

network (PlainNet). The most important advantage of PlainNet is its convenience in 

constructing the deep structure. The PlainNet structure that we used is shown in figure 

4-3. We modelled PlainNet with 14, 20, 32, 56 and 110 layers. 
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Figure 4-3 Structure of PlainNet 

4.2.3 Standalone Deep Autoencoder 

 

We also compared our hybrid system with the SIST-DAE structure following 

Krizhevsky’s model [32]. The divide by two protocol is applied in all of these models. 

The complete structure in Krizhevsky’s model is 1536-768-384-192-96-48-25-48-96-

192-384-768-1536. Because this model has 13 fully connected layers inside, we apply 

layer-wise pre-training to prevent over-fitting.  

4.3 Residual Networks 

 

In deep convolutional neural networks, recent research shows that for an end to 

end model, deeper structures with additional hidden layers can get better performance 

in abstracting features [13].  However, training a deeper neural network is much 

harder than training a shallow network structure because the gradient vanish and 

gradient explode problems will exponentially enlarge every misstep of the neural 

network [14], which makes convergence difficult. Even if a neural network with a 

very deep structure starts converging, a degradation problem can be exposed that 

saturates the neural network [15]. 

In this chapter, we introduce a residual network (ResNet) structure to address 

these problems for very deep convolutional neural networks. Instead of allowing the 

neural network to learn and create its own output for each convolution layer, we use a 
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bypass loop in which the input to the residual network block has one path directly to 

its output as shown in figure 4-4. The bypass loop will create an identity mapping that 

will be added directly into the output of the block to force the neural network to 

include the residual in the output of the residual block as in equations 4-1 and 4-2: 

 

 𝑦 =  𝑥 + 𝐹(𝑥, 𝑊) (4-1) 

 𝑦𝑛𝑒𝑤 =  𝜎(𝑦) = 𝑅𝑒𝐿𝑈(𝑦) (4-2) 

  

where the function F() in equation 4-1 indicates the two convolution layers in the 

residual block. The input data x and the output F(x, W) in the residual block must have 

the same dimensions. The rectify linear function (ReLU) is the activation function 𝜎() 

used in the block. The residual block not only makes the training in a deeper CNN 

feasible but also creates sparsity in the learning data; in a very deep neural network, 

the outputs between the neighboring layers tend to be similar. The bypass loop and 

identity mapping will carry significant information, which will give most output 

neurons of the residual block a zero value. This sparsity is going to substantially 

improve the neural network training time.  
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Figure 4-4 ResNet block structure 

 

In our residual network, we use the structure shown in figure 4-5. The input 

data has a resolution of 32x32 and 3 channels (R, G, B). It will first pass through a 

convolution layer, with a convolution kernel of size 3x3x3 with 16 channels. The 

output dimension of this convolution layer will be 32x32x16. This output will then go 

into the first residual CNN block, convolutional block 1. Convolutional block 1 has 

several ResNet blocks. Figure 4-4 shows a ResNet blocks structure with three ResNet 
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blocks. In each ResNet block, we use a 3x3 convolution filter. Every ResNet block 

generates an output that has the same dimensions as its input. Thus, after 

convolutional block 1, the output data has the same dimension (32x32x16) as its input 

data. The output then goes into convolutional block 2. In convolutional block 2 

(shown in figure 4-7), the input data with dimension 32x32x16 goes into a ResNet 

block and a convolution layer. Both the ResNet Block and the convolution layer use a 

stride 2 convolution to downsample the input data’s frame dimension by 2. The kernel 

size for these two structures is 32x32x16 with 32 channels. Thus, the output data’s 

dimension for the convolution layer and the first ResNet Block is 16x16x32. In this 

structure, the convolution layer has a similar function as the bypass loop in a standard 

ResNet Block. For the residual computing function 4-1, F(x, W) is the output of the 

residual block, and the identity mapping x is the output of the convolution layer. After 

computation of the residual of the first convolution, the output data will go through 

two standard ResNet blocks, and the output data’s dimension of the complete 

convolutional block 2 will be 16x16x32.  
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Figure 4-5 ResNet structure 
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Figure 4-6 Structure for convolutional block 1 in ResNet 
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Figure 4-7 Structure for convolutional blocks 2 and 3 in ResNet 

 

After the second convolutional block, the 16x16x32 output data goes into 

convolutional block 3, with the same structure as convolutional block 2, and is again 

down sampled in the frame dimension and upsampled in the frame channel. The 

output data’s dimension of convolutional block 3 in figure 4-5 is 8x8x64. 

An average pooling layer is used after the last of the residual structures. The 

function for average pooling is shown in equation 3-3. In this average pooling layer, 

we use a pooling window with size 8x8. After the average pooling, the data dimension 

is 1x1x64. This data goes into a fully connected layer and then the output layer, with 

dimension 10.  
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4.3 Adjusting Depth of ResNet 

 

In the previous section, we introduced the structure of the Residual Network. 

The use of block structures in ResNet helps us enlarge the size of the ResNet and 

easily add more layers. In this section, we test ResNet models with different depths as 

shown in table 1. 

Table 4-1 ResNet depths 

Model Name Layers in each 

convolution block 

Layers in the complete 

model 

ResNet14 4 14 

ResNet20 6 20 

ResNet32 10 32 

ResNet56 18 56 

ResNet110 36 110 

  

The first column of table 4-1 gives the model’s name, the second column 

shows the number of layers in each convolution block, and the third column gives the 

total depth of the model. The largest model that we test in this chapter is 110 hidden 

layers due to the memory capacity of our graphic card. The following example code 

shows the set-up of the ResNet block in CNTK. 
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4.4 Batch Normalization 

 

In this section, we will discuss a new algorithm called Batch Normalization 

(BN) to help the training of our very deep ResNet structure. 

To train the ResNet, we still use the mini-batch based SGD because it offers 

three main advantages: 

• Using mini-batch is a better method to estimate the gradient descent 

over the full training data set.  

ResNetNode2Inc(inp, outMap, inWCount, wCount, kW, kH, wScale, bValue, 

scValue, bnTimeConst, Wproj) 

{ 

c1 = ConvBNReLULayer(inp, outMap, inWCount, kW, kH, 2, 2, 

wScale, bValue, scValue, bnTimeConst) 

c2 = ConvBNLayer(c1, outMap, wCount, kW, kH, 1, 1, wScale, 

bValue, scValue, bnTimeConst) 

 

c_proj = ProjLayer(Wproj, inp, outMap, 2, 2, bValue, scValue, 

bnTimeConst) 

c_proj = Convolution(Wproj, inp, 1, 1, outMap, 2, 2, zeroPadding = 

false, imageLayout = $imageLayout$) 

p = Plus(c2, c_proj) 

y = RectifiedLinear(p) 

} 

 

ResNetNode2(inp, outMap, inWCount, kW, kH, wScale, bValue, scValue, 

bnTimeConst) 

{ 

c1 = ConvBNReLULayer(inp, outMap, inWCount, kW, kH, 1, 1, 

wScale, bValue, scValue, bnTimeConst) 

c2 = ConvBNLayer(c1, outMap, inWCount, kW, kH, 1, 1, wScale, 

bValue, scValue, bnTimeConst) 

p = Plus(c2, inp) 

y = RectifiedLinear(p) 

} 
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• The quality of the mini-batch performance increases when the mini-

batch size increases. 

• Computing the gradient over a mini-batch will be much easier to 

parallelize and much more efficient to train for a large data set. 

 

However, using mini-batch based stochastic gradient descent (MN-SGD) will 

change the data distribution for the input data of each layer according to each specific 

mini-batch. This problem is called covariate shift [16]. It is not significant for 

relatively shallow neural networks but will dramatically affect the training of a very 

deep neural network because it will allow the gradient to much more easily enter the 

vanishing zone and saturate. To solve this problem, a neural network usually needs a 

very careful initialization for the weights matrix of every hidden layer.     

However, for a much deeper structure, specific initialization doesn’t work well 

because even a small initialization error will be exponentially influential in the output 

layer. In order to solve this problem, we use an internal covariate shift method called 

batch normalization. 

To add batch normalization in the training procedure, we will first apply a 

normalization of mean and variance for each mini-batch during forward propagation: 

 
𝜇𝑀𝐵 =

1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1

  
(4-3) 

 
𝜎𝑀𝐵

2 =
1

𝑛
∑(𝑥𝑖

𝑛

𝑖=1

−  𝜇𝑀𝐵)2 
(4-4) 

 �̃�𝑖 =
𝑥𝑖 − 𝜇𝑀𝐵

√𝜎𝑀𝐵
2

 (4-5) 
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where 𝑥𝑖 is the ith sample inside a mini-batch with n samples. 𝜇𝑀𝐵 is the mean for the 

mini-batch, and 𝜎𝑀𝐵 is the standard deviation. Finally, �̃�𝑖 is the new sample after 

normalization. 

After the mini-batch has been normalized, we scale it and shift the distribution: 

 𝑦𝑖 = 𝜂�̃�𝑖 +  𝛾 (4-6) 

where 𝜂 is the scaler parameter, and 𝛾 is the shift variance for the new distribution. 

Both 𝜂 and 𝛾 are learnable parameters. 𝑦𝑖 is the output mini-batch data after batch 

normalization.  

To implement batch normalization inside our ResNet structure, we will add the 

BN structure after every convolution layer. Figure 4-6 shows the BN structure 

implementation in the ResNet structure. 
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Figure 4-8  ResNet with batch normalization 
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4.6 Test Results  

 

To test our hybrid CBIR system, we use the CIFAR-10 database. The CIFAR-

10 database consists of 60,000 32x32 color images and 10 object classes; each class 

has 6000 images. The 10 classes of database are airplane, automobile, bird, cat, deer, 

dog, frog, horse, ship, and truck. Examples are shown in figure 4-9. The database is 

separated into a training data set of 50,000 images and a test data set of 10,000 images. 

To train the CNN for visual feature abstraction, we use a mini-batch stochastic 

gradient descent to deploy the training on a GPU. For CifarNet, the mini-batch size is 

64. Momentum is set to 0.9. The learning rate starts at 0.01 and is divided by 10 at 10 

epochs and again at 20 epochs. We stop the training at 30 epochs. To prevent over-

fitting in the training process, a 0.03 L2 regularization weight is added for all epochs, 

and a 50% dropout rate is also added after the fifth epoch. For PlainNet and ResNet, 

the mini-batch size is 128. The learning rate starts at 1 and is divided by 10 at 80 

epochs and again at 120 epochs. The training is terminated at 160 epochs. To create a 

richer training data set for PlainNet and ResNet models, we apply data augmentation, 

which increases the size of the training data set. To do the data augmentation, 4 rows 

and columns are padded on each side of the image using zero padding. A random 

32x32 crop is sampled from the padded image for training, while a center crop is 

sampled for feature extraction. In training, a 0.0001 L2 regularization weight is added 

to prevent overfitting. We don’t apply dropout with PlainNet and ResNet because it 

loses effectiveness when used with Batch Normalization [33]. 
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Figure 4-9 Class example for CIFAR-10 database 

4.6.1 F-score  

 

Although Recall and Precision measure the accuracy of image retrieval 

relevant to the query image and database, these two measurements do not provide 

complete assessment of the effectiveness of image retrieval [34]. To solve this 

problem, the F-measure, also called the F-score, is used for the performance 

measurement in this chapter. The F-score is a combined measurement that uses both 

Recall and Precision: 

 
𝐹(𝑞) = (1 +  𝑡2)×

𝑃×𝑅

𝑡2×𝑃 + 𝑅
 

(4-7) 

In this chapter, we evaluate our system using 𝑡 = 2, which is also called the F2 

measurement,  𝑡 = 1, which is called the F1  measurement and 𝑡 = 0.5, which is called 

the F0.5  measurement. The F0.5 measurement emphasizes Precision over Recall, while 

the F2  measurement emphasizes Recall over Precision, and the F1 treats them equally. 

To calculate the measurements (Recall, Precision, and F-score), we apply the 3-point 
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average calculation, which is a standard information retrieval evaluation method to 

compute the Precision (Pk), F2, F1 and F0.5 at R = 0.2, 0.5, 0.8. 

4.6.2 Test Results 

 

The objective of an image retrieval system is to retrieve images in rank order, 

where the rank is determined by the relevance to the query at hand [35]. To test the 

performance of our CBIR system, we use the CIFAR-10 test data set to provide our 

query images and the training data set as the retrieval database in our experiment. 

During the test, every image in the CIFAR-10 test data set is used once as the query 

image to retrieve its relevant images from the training data set. The experimental 

results of 3-point average (at R = 0.2, 0.5, 0.8) are shown in Table 4-2, Table 4-3 and 

Table 4-4, respectively. Fig 4-10 shows the efficiency curves of different models. 

Table 4-2 Retrieval results for different CBIR systems @ R = 0.2 

 Pk F0.5 score F1 score F2 score 

DAE 0.0987 0.1098 0.1322 0.1659 

CifarNet-DAE 0.4755 0.3728 0.2816 0.2262 

PlainNet14-DAE 0.8056 0.5017 0.3204 0.2354 

ResNet14-DAE 0.7835 0.4948 0.3187 0.2350 

PlainNet20-DAE 0.8449 0.5136 0.3234 0.2360 

ResNet20-DAE 0.8113 0.5035 0.3209 0.2355 

PlainNet32-DAE 0.8689 0.5206 0.3252 0.2364 

ResNet32-DAE 0.8732 0.5219 0.3255 0.2365 

PlainNet56-DAE 0.8405 0.5124 0.3231 0.2360 

ResNet56-DAE 0.8956 0.5282 0.3270 0.2368 

PlainNet110-DAE 0.1888 0.1909 0.1942 0.1977 

ResNet110-DAE 0.8977 0.5288 0.3271 0.2368 
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Table 4-3 Retrieval results for different CBIR systems @ R = 0.5 

 Pk F0.5 score F1 score F2 score 

DAE 0.0980 0.1168 0.1639 0.2747 

CifarNet-DAE 0.3695 0.3899 0.4250 0.4670 

PlainNet14-DAE 0.7164 0.6593 0.5890 0.5321 

ResNet14-DAE 0.6821 0.6358 0.5770 0.5282 

PlainNet20-DAE 0.8015 0.7152 0.6158 0.5407 

ResNet20-DAE 0.7421 0.6766 0.5975 0.5349 

PlainNet32-DAE 0.8524 0.7471 0.6303 0.5451 

ResNet32-DAE 0.8392 0.7389 0.6266 0.5440 

PlainNet56-DAE 0.8228 0.7287 0.6220 0.5426 

ResNet56-DAE 0.8701 0.7579 0.6351 0.5465 

PlainNet110-DAE 0.1631 0.1885 0.2460 0.3538 

ResNet110-DAE 0.8763 0.7617 0.6367 0.5470 

 

 

Table 4-4 Retrieval results for different CBIR systems @ R = 0.8 

 Pk F0.5 score F1 score F2 score 

DAE 0.1027 0.1244 0.1820 0.3393 

CifarNet-DAE 0.2569 0.2973 0.3889 0.5623 

PlainNet14-DAE 0.5530 0.5894 0.6540 0.7344 

ResNet14-DAE 0.5188 0.5580 0.6294 0.7218 

PlainNet20-DAE 0.6956 0.7142 0.7442 0.7767 

ResNet20-DAE 0.6067 0.6375 0.6901 0.7521 

PlainNet32-DAE 0.7858 0.7886 0.7928 0.7971 

ResNet32-DAE 0.7461 0.7563 0.7721 0.7886 

PlainNet56-DAE 0.7302 0.7432 0.7635 0.7850 

ResNet56-DAE 0.8012 0.8010 0.8006 0.8002 

PlainNet110-DAE 0.1365 0.1636 0.2332 0.4056 

ResNet110-DAE 0.8209 0.8166 0.8103 0.8041 
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Figure 4-10 Efficiency curves for different CBIR system 
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Figure 4-11 Efficiency curves of PlainNet14-DAE and ResNet14-DAE 

 

Figure 4-12 Efficiency curves of PlainNet20-DAE and ResNet20-DAE 
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Figure 4-13 Efficiency curves of PlainNet32-DAE and ResNet32-DAE 

 

Figure 4-14 Efficiency curves of PlainNet56-DAE and ResNet56-DAE 
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Figure 4-15 Efficiency curves of PlainNet110-DAE and ResNet110-DAE 

 

Figure 4-16 Efficiency curves for CBIR systems with different depths 
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Several observations can be made from the experimental results. First, the 

hybrid CBIR system achieves a substantial performance improvement compared with 

Krizhevsky’s pure DAE system. The Pk rate for the CifarNet-DAE is 47.55% at Rk = 

0.2, which is far better than the 9.87% of Krizhevsky’s DAE. Even at Rk = 0.8, the 

CifarNet-DAE’s performance of 25.69% is much better than the DAE’s 10.27%. 

These results indicate that with the help of the convolution structure and its ability to 

capture the visual features in natural images, the CNN can provide a deep autoencoder 

with better input features that will lead to better semantic features. 

Second, the deep convolution structure shows significantly better results 

compared with the relatively shallow structure. As shown in tables 4-2, 4-3, and 4-4 

and figure 4-10, both the PlainNet-DAE structures and the ResNet-DAE structures 

outperform the CifarNet-DAE by a large margin at all parameter (Pk, F0.5, F1 and F2) 

even with only 14 hidden layers inside them. This evidence shows that the deeper 

structure can extract visual features with higher quality and better generalization. 

Third, between the Plain-DAE and ResNet-DAE, the deeper structure shows 

better performance, as seen in table 4-2, 4-3, 4-4, and much more stable Precision vs 

Recall curves, as shown in figures 4-11 to 4-16. The deeper structure has better 

efficiency because its performance does not drop significantly when the number of 

retrieved images increases. As shown in figure 4-16, the ResNet110-DAE gives the 

smoothest curve, which means that it has the best efficiency performance out of all 

tested models. 

Fourth, the ResNet structure eventually outperforms the PlainNet structure as 

more layers are added. Figures 4-11 and 4-12 show that when the networks only have 

14 or 20 layers, the PlainNet system achieved better performance than the ResNet 

system. If the size of the convolutional neural network reaches 32, the ResNet32-DAE 

now performs better than the PlainNet32-DAE at Rk = 0.2, while PlainNet32-DAE 

still performs better at Rk = 0.5 and 0.8. However, when the layer size is 56 or 110, the 

ResNet structure offers better retrieval performance in all test results. The PlainNet 
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explodes during training with 110 layer size because it does not have the stabilizing 

identity mapping path inside it. 

In figure 4-16, we compared the winning models from each different layer 

depth. The results clearly show that the ResNet110-DAE has the best retrieval 

performance of all tested configurations. We also plot the first page retrieval result 

from all models (figures 4-17 to 4-28). Each figure shows the model’s first 20 

retrieved images to a particular query image. The 10 query images representing the 10 

classes, shown on the left sides of the figures, are randomly chosen from the CIFAR-

10 test data set. 
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Figure 4-17 First page retrieval performance for DAE model 
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Figure 4-18 First page retrieval performance for CifarNet-DAE model 
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Figure 4-19 First page retrieval performance for PlainNet14-DAE model 
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Figure 4-20 First page retrieval performance for PlainNet20-DAE model 
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Figure 4-21 First page retrieval performance for PlainNet32-DAE model 
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Figure 4-22 First page retrieval performance for PlainNet56-DAE model 
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 Figure 4-23 First page retrieval performance for PlainNet110-DAE model 
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Figure 4-24 First page retrieval performance for ResNet14-DAE model 
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 Figure 4-25 First page retrieval performance for ResNet20-DAE model 
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Figure 4-26 First page retrieval performance for ResNet32-DAE model 
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Figure 4-27 First page retrieval performance for ResNet56-DAE model 
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Figure 4-28 First page retrieval performance for ResNet110-DAE model 
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4.7 Conclusion  

 

In this chapter, we proposed a hybrid content-based image retrieval system 

using both convolutional neural network and deep autoencoder. During the training 

stage, the CNN extracts the visual features from the CIFAR-10 training data set and 

provides these high-quality visual features to the DAE as its input. The deep 

autoencoder will use these features to generate the low dimension semantic vector that 

is used for the retrieval of each image. In our experiments, we compared this hybrid 

system with the previous model that only used DAE. The results show that the CNN in 

the hybrid system helps improves the retrieval performance dramatically. 

We explore the influence of different CNN structures and CNN depths in our 

hybrid system. The test results show that with a carefully designed deeper structure, 

the hybrid CBIR system outperforms the shallow structure. Our tests show that the 

residual networks with very high depth achieved the best results out of all models and 

that the plain network model has advantages when using a relatively shallow structure.  
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CHAPTER 5 SPEECH ENHANCEMENT SYSTEM USING 

MULTIPLE TASK LONG SHORT TERM MEMORY DEEP 

AUTOENCODER 

 

In this chapter, we design a de-noise autoencoder-based speech enhancement 

(SE) system using a multiple-task structure. Compared with the traditional method that 

is trained on only one cost function, our multiple task de-noise autoencoder (DAE-

MT) reduces the false positives by introducing another cost function. We also 

implement a recursive neural network structure named long short term memory 

(LSTM) into our DAE-MT and create a 3-D mini batch training algorithm to boost its 

training speed 30 times. We will compare the results of our system with previous 

speech enhancement systems. We will show that our multiple-task structure has clear 

advantages compared to other structures [6, 7] and that the LSTM model also has 

potential as a good SE system. 

5.1 LSTM Structure 

 

The traditional recursive neural network (RNN), which is trained by 

backpropagation through time (BPTT), usually suffers serious gradient vanish 

problems because BPTT must unfold the recursive layer during training. This problem 

inclines the RNN structure to use mostly recent information. However, due to the gate 

structure in long short term memory (LSTM), RNN can be modified to remember any 

degree of previous information and use it to train the current state. Figure 5-1 shows 

the memory structure for an LSTM system. 
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Figure 5-1 LSTM memory cell 

  

Equations 5-1 to 5-5 are used to perform forward propagation for the LSTM 

recurrent neural network. 𝜎() is the sigmoid function, it, ft, ot, ct and ht are vectors with 

common dimension (because there is one and only one of each in every cell) that 

represent values at time t of the input gate, forget gate, output gate, cell, and cell 

output state, respectively. W are the weight matrices connecting different gates, and b 

are the corresponding bias vectors. 

 𝑖𝑡 = 𝜎(𝑊𝑥𝑖𝑥𝑡 + 𝑊ℎ𝑖ℎ𝑡−1 + 𝑊𝑐𝑖𝑐𝑡−1 + 𝑏𝑖) (5-1) 

 𝑓𝑡 = 𝜎(𝑊𝑥𝑓𝑥𝑡 + 𝑊ℎ𝑓ℎ𝑡−1 + 𝑊𝑐𝑓𝑐𝑡−1 + 𝑏𝑓) (5-2) 

 𝑐𝑡 = 𝑓𝑡 ∙ 𝑐𝑡−1 + 𝑖𝑡 ∙ tanh (𝑊𝑥𝑐𝑥𝑡 + 𝑊ℎ𝑐ℎ𝑡−1 + 𝑏𝑐) (5-3) 
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 𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥𝑡 + 𝑊ℎ𝑜ℎ𝑡−1 + 𝑊𝑐𝑜𝑐𝑡−1 + 𝑏𝑜) (5-4) 

 ℎ𝑡 = 𝑜𝑡 ∙ tanh (𝑐𝑡) (5-5) 

For data flow in the LSTM, the current input data xt , and cell ct-1 and cell 

output state ht-1 at time t-1 will first pass into the forget gate. The forget gate will 

output a weight between 0 (forget completely) and 1 (remember completely) to control 

the amount of information in the cell state ct-1 that will be remembered at time t (as 

shown in equation 5-2). The second step is to determine the amount of new 

information will be used in the cell state ct , applied in two phases. First, the input gate 

value, between 0 and 1, controls the amount of new information that will pass through 

and be stored in the new cell state ct  (shown in equation 5-1). Then, the new data xt 

will go through both the tanh() activation function and the input gate to be stored 

inside the LSTM cell. 

The third step is to update the cell state ct. The cell state will add the incoming 

information from both input gate and the forget gate and store the result (shown in 

equation 5-3). 

The fourth step is to compute the output of the LSTM memory cell.  First, the 

current cell state ct will go through a tanh() activation function. Then, the output gate, 

which takes the input data xt, previous cell output ht-1 and previous cell state ct-1 (as 

shown in equation 5-4), will generate an output weight between 0 and 1 to be 

multiplied with the cell state in order to generate the new memory cell’s output. 

The following code shows the set-up of an LSTM layer in CNTK: 
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LSTMComponent(inputDim, outputDim, inputVal) 

{ 

Wxo = Parameter(outputDim, inputDim) 

Wxi = Parameter(outputDim, inputDim) 

Wxf = Parameter(outputDim, inputDim) 

Wxc = Parameter(outputDim, inputDim) 

bo = Parameter(outputDim, init=fixedvalue, value=-1.0) 

bc = Parameter(outputDim, init=fixedvalue, value=0.0) 

bi = Parameter(outputDim, init=fixedvalue, value=-1.0) 

bf = Parameter(outputDim, init=fixedvalue, value=-1.0) 

Whi = Parameter(outputDim, outputDim) 

Wci = Parameter(outputDim) 

Whf = Parameter(outputDim, outputDim) 

Wcf = Parameter(outputDim) 

Who = Parameter(outputDim, outputDim) 

Wco = Parameter(outputDim) 

Whc = Parameter(outputDim, outputDim) 

delayHI = Delay(outputDim, output, delayTime=1) 

delayHF = Delay(outputDim, output, delayTime=1) 

delayHO = Delay(outputDim, output, delayTime=1) 

delayHC = Delay(outputDim, output, delayTime=1) 

delayCI = Delay(outputDim, ct, delayTime=1) 

delayCF = Delay(outputDim, ct, delayTime=1) 

delayCC = Delay(outputDim, ct, delayTime=1) 

WxiInput = Times(Wxi, inputVal) 

WhidelayHI = Times(Whi, delayHI) 

WcidelayCI = DiagTimes(Wci, delayCI) 

it = Sigmoid (Plus ( Plus (Plus (WxiInput, bi), WhidelayHI), 

WcidelayCI)) 

WxcInput = Times(Wxc, inputVal) 

WhcdelayHC = Times(Whc, delayHC) 

bit = ElementTimes(it, Tanh( Plus(WxcInput, Plus(WhcdelayHC, bc)))) 

Wxfinput = Times(Wxf, inputVal) 

WhfdelayHF = Times(Whf, delayHF) 

WcfdelayCF = DiagTimes(Wcf, delayCF) 

ft = Sigmoid( Plus (Plus (Plus(Wxfinput, bf), WhfdelayHF), 

WcfdelayCF)) 

bft = ElementTimes(ft, delayCC) 

ct = Plus(bft, bit) 

Wxoinput = Times(Wxo, inputVal) 

WhodelayHO = Times(Who, delayHO) 

Wcoct = DiagTimes(Wco, ct) 

ot = Sigmoid( Plus( Plus( Plus(Wxoinput, bo), WhodelayHO), Wcoct)) 

output = ElementTimes(ot, Tanh(ct)) 

} 
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5.2 Our Proposed DAE-MT and DAE+LSTM-MT 

 

Figure 5-2 shows our multiple task de-noising autoencoder (DAE-MT) for a 

speech enhancement system. The input data for the system will be the magnitude of 

the noisy utterances. The DAE-MT has 3 hidden layers. For the MT+LSTM-DAE, 

instead of using fully connected layers for all hidden layers, we implement two LSTM 

hidden layers. All hidden layers in both DAE-MT and DAE+LSTM-MT have the 

same dimension.  

Our multiple task structure has two cost functions. The first cost function used 

in the multiple task structure is the mask approximation (MA) cost function [8]. The 

MA function is defined as: 

 
𝐸𝑀𝐴(�̂�) =  

1

2
∑(�̂�𝑓,𝑡 − 𝑦𝑓,𝑡

∗ )2

𝑓,𝑡

 
(5-6) 

where f means sub-band and t means time frame. The use of the mean square error 

makes the cost function closely related to the signal to distortion ratio (SDR). The 

mask 𝑦𝑡
∗ used in MA cost function is often called ideal ratio mask (IRM) [9]: 

 𝑦𝑡
∗ =

𝑠𝑡

𝑠𝑡 + 𝑛𝑡
 (5-7) 

where st is the clean signal magnitude, and nt is the noise magnitude. 

Even though the MA cost function is discriminative, it does not give the best 

possible reconstruction of the input signal because it does not directly provide source 

separation. In order to improve performance, a signal approximation (SA) cost 

function is used as the second task in the multiple task structure to maximize the SDR 

in the time-frequency domain: 

 
𝐸𝑆𝐴(�̂�) =  

1

2
∑(�̂�𝑓,𝑡 − 𝑠𝑓,𝑡

∗ )
2

𝑓,𝑡

=
1

2
∑(�̂�𝑓,𝑡𝑚𝑓,𝑡 − 𝑠𝑓,𝑡

∗ )
2

𝑓,𝑡

 
(5-8) 
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where mf,t is the mixture in the time-frequency domain. 

 

 

Figure 5-2 Proposed DAE-MT 

 

The final cost function for the DAE+LSTM-MT is: 

 𝐸(�̂�) = 𝐸𝑀𝐴(�̂�) + 𝐸𝑆𝐴(�̂�) (5-9) 

 

5.3 3-D Mini Batch  

 

The training data sets for deep neural networks in modern applications have 

become larger and larger, and the training times for these large-scale deep learning 
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structures have proven to be widely interesting. Jeff Dean [17] gave his views on the 

appropriate training times of deep learning problems as shown in figure 5-3. 

 

Figure 5-3 Jeff Dean’s view on training efficiency [17] 

 

For LSTM, a recurrent neural network, each frame in the training data set 

should be trained individually because it has a unique relationship with its previous 

frame. Generally, mini-batch stochastic gradient descent should not be used in 

LSTM’s back propagation. However, this constraint will make the training very slow. 

In our testing, the anticipated learning time if using only SGD is several months, 

which is problematic.  

One proposed trade-off is to use a small mini-batch size to reduce the training 

time. A small mini-batch can be used because the adjacent frames should share similar 

weights, connection and memory cell information with their respective previous 

frames. As long as the mini-batch size is relatively small, it is safe to train them 

together. The small mini-batch boosted the training speed substantially, and we used 

25 as the mini-batch size during our training. 
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However, even with the small mini-batch training, the anticipated training time 

for our LSTM is still about a month. This is still unacceptable according to Jeff Dean’s 

view and a desire for timely graduation. To further reduce the training time, we 

propose a 3-D mini-batch structure that interleaves several sequences.  

We generated a 3-D mini-batch structure following such a method. First, we 

combined continuous frames in a sequence to form a 2-D mini-batch structure. Then, 

we added several 2-D mini-batches according to the time domain of the frame from 

independent sequences as shown in figure 5-4. The most critical part in forming a 3-D 

mini-batch structure is finding independent sequences. We believe there are two 

methods to accomplish this: 

1. If an utterance in the training data is long and has several sentences in 

it, cut the utterance into multiple sequences by sentences because 

connection between frames from different sentences is usually very 

low. Use these independent sequences to form the 3-D mini-batch. 

2. If an utterance is short or has only one sentence in it, put several 

utterances together to form the 3-D mini-batch. 

In our training, because the utterances are small, we merged about 50 

utterances to form the 3-D mini-batch. The 3-D mini-batch SGD boosts the training 

speed significantly (more than 30 times) so that the training can be completed in about 

24 hours. 
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Figure 5-4 3-D mini-batch Structure 
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5.4 Prepare Data Using STFT 

 

 

Figure 5-5 Hanning window size 512 

 

 

 

Because neural networks tend not to gainfully employ the raw data from a 

source like a WAV file, a popular approach is to use the short-time Fourier transform 

to transfer the raw data into the time-frequency domain. In this chapter, we use a 

Hanning window with size of 512 (as shown in figure 5-5) and a 75% overlap factor in 

the STFT. This time-frequency signal will be used as the input signal for the neural 

network. At the output of the neural network, the gain mask from the neural network is 

multiplied with the spectrum of the noisy input data with its original phase to go 

through the inverse short-time Fourier transform (ISTFT) to determine the filtered 

audio signal from the neural network. 
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5.5 CHIME Database 

 

In our experiments, we use the CHIME database. The CHIME database was 

created for the PASCAL CHiME Speech Separation and Recognition Challenge [10]. 

The CHIME GRID is a large multi-talker audiovisual corpus to support joint 

computational-behavioral studies in speech perception. The corpus consists of high-

quality audio recordings of 1000 sentences spoken by each of 34 talkers (18 males, 16 

females). Each speaker speaks 6 words in an utterance in the order of command, color, 

preposition, letter, digit and adverb. In the GRID corpus, each command, color, 

preposition and adverb has 4 different options, with 25 letters and 10 digits. Each 

utterance has been convolved with a set of binaural room impulse responses (BRIRs) 

simulating speaker movements and reverberation. The target speaker is static at a fixed 

position of 2 meters directly in front of the microphone. 

The reverberated utterances in the CHIME database have then been mixed with 

binaural recordings of genuine room noise made over a period of days in the same 

family living room. The temporal placement of the utterances within the noise 

background has been controlled in a manner that produces mixtures for 6 different 

SNR ranges at -6, -3, 0, 3, 6, 9 dB without rescaling the speech and noise signals [31]. 

5.6 Procedure 

 

The training dataset of the CHiME database has 500 utterances. The full length 

of the training dataset is about 5 hours. The test dataset has 600 utterances. All of the 

utterances used in this section are sampled at 16 kHz. 

To indicate the performance of our proposed structure, the signal to distortion 

ratio (SDR) will be used. The SDR will show the difference between the target signal 

and the reference signal. Calculation of the SDR is shown in equation 5-10: 

 
𝑆𝐷𝑅 = 10 log 10(

𝑠𝑟𝑒𝑓
2

(𝑠𝑟𝑒𝑓 − 𝑐𝑠𝑡𝑎𝑟)2
) 

(5-10) 



Texas Tech University, Xiangyuan Zhao, March 2017 

 

88 

 

where sref  is the reference signal, star is the target signal, and c is a scalar to ensure that 

the reference and target lie in the same scaling range.  

5.7 Experiments 

 

We have proposed a generic deep neural network-based speech enhancement 

model called the multiple-task long short-term memory deep autoencoder, which is 

trained by discriminative training criteria on both the mask approximation (MA) cost 

function and the signal approximation (SA) cost function. In the next section, we will 

compare the multiple-task model with a traditional de-noising autoencoder trained on 

the MA cost function and a Weninger’s [36] structure (DAE-MA+SA) trained on the 

MA function and fine-tuned on the SA function. We will also compare the three 

different models using both the fully connected autoencoder and the LSTM 

autoencoder. 

In the fully connected network, the input layer has 257 neurons. For the hidden 

layers, a pipe structure that gives every hidden layer the same size is used. In the fully 

connected autoencoder, each of the three hidden layers has 1024 neurons. For training, 

a 0.9 momentum is included in the cost function. The learning rate starts at 0.001, and 

the mini-batch size is 100. To prevent over-fitting, layer by layer pre-training is 

implemented. In the training process, an early stop strategy is used to evaluate the 

training progress and dynamically adjust the learning rate. The training stops at 100 

epochs or when the learning rate is lower than 1e-10. 

In the LSTM network, the hidden layer size is changed to 256, and only two 

hidden layers is used. The 3-D mini-batch is used to process 50 independent utterances 

with a 25 mini-batch size. The early stop strategy is also used in the LSTM structure. 

5.8 Experiment Results 

 

In this chapter, we compared 6 different speech enhancement models: the DAE 

trained only on the MA cost function (DAE-MA), DAE trained on MA cost function 
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and fine-tuned on SA function (DAE-MA+SA), MIMT using both MA and SA 

functions (DAE-MT), DAE with LSTM structure (DAE+LSTM-MA, DAE+LSTM-

MA+SA) and MIMT with LSTM structure (DAE+LSTM-MT).  

 

Table 5-1 SDR for different models 

SDR (dB)  
Original 

Data 

DAE-

MA 

DAE-

MA+S

A 

DAE-

MT 

DAE+

LSTM-

MA 

DAE+

LSTM-

MA+S

A 

DAE+

LSTM-

MT 

Input 

utterance 

SNR (dB) 

-6 -6.29 -1.39 0.74 0.99 0.39 1.37 0.44 

-3 -4.08 0.74 2.46 2.56 1.96 2.72 2.09 

0 -1.63 3.31 4.80 4.84 4.28 4.81 4.29 

3 0.95 5.85 6.96 6.88 6.31 6.53 6.26 

6 3.52 8.22 8.88 8.78 8.21 8.12 8.01 

9 5.77 10.35 10.57 10.43 9.82 9.43 9.53 

Average SDR 

for different 

SNR 

-0.29 4.51 5.74 5.75 5.16 5.50 5.10 

 

Table 5-1 shows the experimental results for all tested speech enhancement 

models. The average SDR clearly shows that though the traditional DAE-MA 

structure improves 4.80 dB compared with the original data, it gives the worst 

performance of all tested models. The results also demonstrate that even though the 

DAE-MA+SA model improves its average SDR for different SNR significantly (5.74 

dB) compared to the DAE-MA model, our DAE-MT model still outperforms DAE-

MA+SA for 0.01 dB and has much better performance for noisy data (low SNR). 

Thus, the MT structure has more potential than Weninger’s model. 

The LSTM models used in our test have shown some promising results too. 

The DAE+LSTM-MA outperforms the DAE-MA by more than 0.6 dB. The 

DAE+LSTM-MA+SA also outperforms the DAE+LSTM-MA by more than 0.3 dB. 

However, The MT structure with LSTM layers underperforms the MA structure. 

Several potential explanations are offered for this poor performance. First, the 
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utterances in the GRID corpus are not real sentences. Because the LSTM depends on 

the serial relationship between frames, gibberish does not allow training to identify the 

best possible parameters. Second, the size of the training dataset is relatively small 

(about six hours of recordings), so that the LSTM over-fit during training.  As shown 

in the yellow block in figure 5-7 of the spectrogram (horizontal axis is time and 

vertical axis is frequency band), LSTM tends to pay more attention to high frequency 

bands compared with the low frequency bands that contain more speech signal. 

Finally, the test results indicate that the models using LSTM structure give better 

performance for low SNR utterances than high SNR utterances when compared with 

non-LSTM models, which implies that the parameters we used in the DAE+LSTM 

structure are not optimal. We need to further tune them. 
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Figure 5-6 Output of different structure for utterance s1_bgaa9a at 0 dB SNR. 

 

5.9 Conclusion 

 

In this chapter, we applied the de-noise autoencoder to the speech 

enhancement problem. We designed a new approach that uses the multiple-task (MT) 
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structure. The MT structure can be trained simultaneously on both the mask 

approximation (MA) cost function and the signal approximation (SA) cost function. 

The test results show that the MT structure has better performance in separating 

speech from noise than Weninger’s structure especially in low SNR utterances. We 

also design a DAE-MT using LSTM layers instead of the fully connected layer. 

However, currently, the DAE+LSTM-MT structure does not achieve better 

performance than the fully connected DAE structure. Further study is required to 

determine the reasons. 
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CHAPTER 6 CONCLUSION AND FUTURE WORK 

 

In this dissertation, we design a novel content-based image retrieval (CBIR) 

system and speech enhancement (SE) system using the start of the art deep learning 

algorithm. In chapter 2, we design a new multiple-input and multiple-task (MIMT) 

structure for deep autoencoder (DAE) that gives better performance than a traditional 

signal-input signal-task (SIST) structure with fewer trainable parameter.  In chapter 3, 

a new hybrid structure implementing a convolutional neural network (CNN) and DAE 

is designed. The new structure boosts CBIR system performance dramatically 

compared to both MIMT-DAE and SIST-DAE. In chapter 4, in order to improve the 

hybrid system’s performance on color images, we design a very deep residual network 

(ResNet) to replace the CNN in chapter 3 by using the latest residual structure. The 

new hybrid structure shows outstanding performance compared to the structure in 

chapter 3 for color images as a CBIR system. 

In chapter 5, we design a multiple-task (MT) de-noise autoencoder structure 

for speech enhancement that demonstrates solid performance. By using both the MA 

and SA cost functions, the system performs much better than one trained on just the 

MA function. However, the model using the multiple-task structure and LSTM does 

not outperform the MT structure without LSTM. We believe that the cause may be the 

database we used in the experiment. For the training of LSTM, we also create a 3-D 

mini batch algorithm that boost the training speed by about 30 times, which makes 

LSTM training practical.  

6.1 Future Work for CBIR Systems  

 

Some possible improvements can be addressed in future CBIR systems.: 

1. The hybrid CBIR system can be trained on a different database. 

Currently, the training uses the Cifar-10 database. The image resolution 

in this database is relatively small (32x32). Because higher resolution 
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images are more and more popular these days, we plan to train the 

system on images with a resolution 256x256.  

2. Effect of the size of the training database can be compared for the 

hybrid CBIR system. The Cifar-10 database only has 60,000 images. In 

the future, some larger database such as ImageNet with more than one 

million images could be used to train the system. This comparison 

would help us decide if the hybrid system can be generalized to real life 

situations. 

3. Use of end-to-end training instead of sequential training procedures for 

the hybrid system could be a new experimental direction in the future. 

In the current case, the CNN and the DAE are trained separately, which 

makes the hybrid system difficult to fine tune. New structures could be 

proposed to combine the CNN together with the DAE to use just one 

MSE cost function and train them together. This will make the system 

much more robust.  

6.2 Future Work for SE Systems 

 

Additional improvements are necessary for speech enhancement systems. 

1. New data should be used to train the model in the future. Although the 

GRID corpus is readily available, it is an old database and not a good 

simulation for human speech. A more sophisticated corpus such as the 

Wall Street Journal (WSJ0) corpus should be included to fine tune the 

model and enhance the multi-task structure’s performance. 

2. Windows and convolutions can be added to the input layer for the DAE 

in the SE system. In this dissertation, we only use one frame as the 

input data to the DAE each time. In the future, we plan to apply a 

window that may combine about 10 frames together as the input layer 

for the DAE. The window will make the input layer more like a 2-D 
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structure than the current 1-D structure. This arrangement will give us 

more flexibility because we could then add convolution to a 2-D 

structure to treat it like a grayscale image. With the LSTM inside the 

existing model, we could test a new structure named CNN-LSTM-DAE 

to compare its performance with our current model. 

6.3 Summary 

 

In summary, our newly developed MIMT-DAE, hybrid CBIR system shows 

promising performance in image retrieval. The deep learning algorithm helps it 

interpret raw images into their low-dimensional semantic content. The system can run 

automatically without human intervention, giving it the potential to deal with massive 

amounts of data. Our multiple task speech enhancement system can suppress different 

types of noise, helping improve the performance of modern speech-based AI systems 

that rely on clean, high-quality input signals. 

. 
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