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Abstract 
Data Enhancement, or Data Augmentation (DA), is a method of obtaining new labeled 
data by transforming the existing data while retaining the label. It is widely used in many 
fields such as face recognition, speech recognition, image classification. DA can 
effectively solve the overfitting problem of CNNs caused by insufficient data, thereby 
enhancing the effectiveness of CNNs. BO-Aug, a new automated DA method, is able to find 
the most appropriate DA strategy by using Bayesian optimization and thus reduce the 
corresponding evaluation cost. This paper will compare the image classification 
accuracy of the three modified BO-Aug’s algorithms which have different acquisition 
functions, i.e. PI, EI and GP-LCB respectively in CIFAR-10 and SCHN datasets. The 
experimental results show that the respective algorithm possesses variations when 
employed in image contents with contrasting characteristics. 
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1. Introduction 

In recent years, Deep Neural Networks (DNNs) have developed rapidly and applied widely in many 
areas such as face recognition [1], speech recognition [2], image classification [3] and object detection. 
Under DNNs, Convolutional Neural Networks (CNNs) are commonly used to analyze visual images. 
However, they are prone to overfitting when the labeled training sets are small, therefore undermining 
the effectiveness of CNNs [4,5]. Though several solutions like batch normalization and dropout [6,7] 
have been proposed to address the shortcomings [4, 5], they are not effective when faced with 
inadequate training data and high cost of the collection of additional data. One state-of-the-art 
approach, Data Augmentation (DA) [8,9], is developed to solve overfitting by utilizing the existing 
insufficient training data. It is used to generate more labeled data through artificial transformations 
of the available labeled samples. It has been used to compute tomography [10] and facial expression 
recognition [11]. However, it is challenging to decide the best DA strategy manually for different 
datasets as the seeking process requires much expertise. Although a complementary method, Auto-
Augment [12], can be used to determine the DA strategy, the particular strategy obtained is highly 
specific for each problem set and cannot be reused, raising the time and computational costs. 

A recent study proposed an automatic DA method called BO-Aug [13]. It can automatically search 
for the most ideal DA strategy for a specific image classification task. Comparing to other methods, 
it requires fewer actual evaluations, therefore lowering the computational costs and leads to a higher 
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classification accuracy. The search algorithm of BO-Aug incorporates Bayesian Optimization (BO), 
which is efficient in solving complex global optimization problems. Understanding that the ultimate 
results in image classification tasks vary with different acquisition functions of BO, we are motivated 
to study the individual impacts of these functions in the BO-Aug algorithm. 

We employ three acquisition functions, namely Probability of Improvement (PI), Expected 
Improvement (EI) and Gaussian Process Confidence Bound (GP-LCB) separately in the BO-Aug 
algorithm and run the modified algorithms in CIFAR-10 and SVHN datasets. The end results are 
compared horizontally and vertically in terms of their identification accuracies and experiment 
duration. The potential relationship between the types of image and the acquisition functions are also 
deduced from the results. 

This paper is structured as follows: Section II provides some background knowledge of the Bayesian 
Optimization; Section III outlines our experiments; Section IV concludes the experiments; Section V 
presents our insights for potential direction for future research. 

2. Related Work 

2.1 Bayesian Optimization 

BO is a powerful strategy for solving complex global optimization problems which have a black-box 
function f(x). BO incorporates a prior belief about f and updates the prior with samples obtained from 
f to get a posterior that can better estimates f [14]. The model used to estimate the objective function 
is called the surrogate model. In our experiment, we use Gaussian Processes (GPs) as our surrogate 
model. An acquisition function is then used to examine the predicted mean and variance generated 
from the GPs and directs the search to areas where a possible improvement can be made. 

2.2 Acquisition Functions 

For effective sampling, BO uses an acquisition function to confirm the next sampling position. 
Generally, the problem is formulated as argmax u(x | D) where u(.) represents an acquisition function 
[14]. Acquisition function is a technique to guide the search and it also performs well in settings 
where the objective function has multiple local maxima [14]. Several popular acquisition functions 
are illustrated as follows. 

2.2.1. Probability of Improvement (PI): 

𝑃𝐼(𝑥) = 𝑃 𝑓(𝑥) ≥ 𝑓(𝑥 +) + 𝜉 = Φ
𝜇(𝑥) − 𝑓(𝑥 +) − 𝜉

𝜎(𝑥)
 

 

In order to ensure that the points drawn have a higher probability of being infinitely larger than f(x+) 
and possess larger gains and higher certainty, a trade-off parameter ξ ≥ 0 is added. Essentially, PI 
represents the probability of the evaluation of each point in the space to be better than the most 
promising value obtained at the moment. Nonetheless, for each point and sample function of the 
probabilistic model, PI algorithm does not consider how much the point has increased the maximum 
value found [15]. 

2.2.2. Expected Improvement (EI): 

𝐸𝐼(𝑥) =
(𝜇(𝑥) − 𝑓(𝑥 +) − 𝜉)𝛷(𝑧) + 𝜎(𝑥)𝜑(𝑧),           𝑖𝑓    𝜎(𝑥) > 0

                                 0                                                 𝑖𝑓    𝜎(𝑥) = 0
 

 

𝑍 =  

𝜇(𝑥) − 𝑓(𝑥+) − 𝜉,

𝜎(𝑥)
                  𝑖𝑓    𝜎(𝑥) > 0          

     0                              𝑖𝑓   𝜎(𝑥) = 0   
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Similarly, Expected Improvement (EI) ensures the balance between the trade-off of exploitation and 
exploration. Exploration requires a high surrogate variance while exploitation requires a high 
surrogate mean. EI algorithm considers both probability of potential improvement and the expected 
degree of increase in the probability. 

2.2.3. Gaussian Process Lower Confidence Bound: 

 

𝛼   (𝑥; 𝐷1: 𝑡) = −(𝜇(𝑥) + 𝛽𝜎(𝑥))𝑝 

 

Gaussian Process Confidence Bound: in our context, we use a Lower Confidence Bound (GP-LCB). 
It aims to find the minima of the objective function. Generally, it is a sampling algorithm that is based 
on the intuitive Bayesian lower bound confidence boundary which can better balance exploration and 
exploitation [16]. 

3. Experiments  

3.1 Experimental Environment 

We perform our experiments on Unix, 2.3 GHzIntel Core i5, using TensorFlow (TF) deep learning 
framework built by Conda. 

3.2 Datasets and Experimental Setup 

Two datasets, CIFAR-10 1 and SVHN 2, are used to train our final learning model. For each dataset, 
a BO.py file containing the main algorithms improved by Bayesian Optimization is used to search for 
the optimal DA policy. There are 14 image transformation operations from Python Imaging Library 
and they consist of the most widely used processing operations in images. After the DA policy is 
decided, it is tested on the reduced or completed dataset to examine their performance. 

 

Table 1. Datasets Information Summary 

Dataset Name Type of Dataset Dataset size Classes Number Training Batch Size Test Batch Size 

CIFAR-10 Graphical 60000 10 10000 1000 

SVHN Number 99289 10 7325 2603 

3.3 More Details in Bayesian Optimization and Acquisition Function Comparison 

Table 2. Hyperparameters setup of related datasets 

Datasets Model Learning Rate Weight Decay 

CIFAR-10  WRN-28-10  0.1 5e-4 

SVHN WRN-28-10 0.01 3e-2 

 

In our experiments, we use BO to optimize the objective functions which are expensive to evaluate 
[14] during the searching process of the optimal policy. In order to increase the image classification 
efficiency and searching performance, we use a proper probabilistic surrogate model and an 
acquisition function to obtain the optimal solutions with fewer training iterations. For the surrogate 
model, the Gaussian-Process is used as it makes a precise trade-off between fitting and smoothing the 
data [13]. A GP is determined by its mathematical expectation and covariance function and inherits 
many properties of the Gaussian distribution. In our experiments, we use the Matern kernel function 
and Markov chain Monte Carlo (MCMC) for the mean function and the covariance function [17,18]. 
The hyperparameters considered in our experiments are the weight decay hyperparameter such as 
model batch size and training epochs which are proven to give the best performance [19,20]. The 
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settings of the model, such as the learning rate and weight decay of the related datasets are shown in 
table 2 [13]. We would like to particularly emphasize three common acquisition functions – EI, GP-
LCB, and PI. 

3.4 Results 

3.4.1. CIFAR-10 Dataset Results: 

 
Fig. 1. The training accs by using the optimal policies which is found by Bayesian Optimization 

 

 
Fig. 2. The increasing rate with time by using three acquisition functions – EI, PI, and LCB. The y-

axis presents the training accuracy. 

 

When running Bayesian Optimization, the increase in the rate of training accuracy by using the three 
acquisition functions is shown in Figure 2. There is no significant difference in training performance. 
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Notably, when training datasets containing graphical image which require more geometry-based 
operations and color-based operations [13], PI always leads to a higher training accuracy comparing 
to the rest. Nonetheless, in certain situations, it also has some limitations such as extremely high 
sensitivity to the choice of the targets. 

3.4.2 SHVN Dataset Results: 

For dataset SHVN, the experimental setup remains unchanged. Similar results are obtained. The 
training accuracy would converge even though less than 800 iterations are executed. The convergence 
of the training accuracy with the number of iterations performing on SHVN is shown in Figure 3. It 
is noteworthy that the number of iterations needed for the training accuracy to converge to a constant 
is less than that of CIFAR. Since the dataset SHVN contains house number images, the main operation 
used in this dataset is geometry-based. The performances of the three acquisition functions are similar 
and the time required to reach the high training accuracy is much shorter. The increase in rate of 
training accuracy using these three acquisition functions in SHVN dataset is shown in Figure 3. 

 

 
Fig. 3. The increasing rate with time by using three acquisition functions – EI, PI, and LCB. The y-

axis represents the training accuracy. 

3.4.3. Overall Comparison of Two Datasets: 

For both datasets, the image classification efficiency has been significantly improved. Depending on 
the nature of the image content, the optimal DA policy varies. The particular DA policy would affect 
the number of iterations and the time taken to obtain the overall accuracy. In image classification, the 
performance of EI, PI, and LCB does not exhibit any significant differences, but the contrast would 
appear when the datasets need more iterations and time to converge to a high training accuracy. 

For CIFAR, we can see from Figure 2 that the PI algorithm performed better than rest. Given that 
CIFAR consists of colored images, it can be deduced that PI may have a certain degree of superiority 
in color recognition. For SVHN, we can see from Figure 3 that there are no significant difference. 
Thus, we can conclude that the number recognition ability of the three algorithm is similar since 
SVHN dataset is made up of house number plate images. 
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4. Conclusion 

Considering the different advantages and disadvantages of each acquisition function based on 
theoretical analysis, we explored the performances of EI, PI, and LCB in image classification 
applications. From the experimental results, the three acquisition functions would all lead to a high 
efficiency by reducing the number of iterations. We also concluded that the training accuracy growth 
rate and the performance for the two datasets vary from each other given the contrasting 
characteristics of the image contents. 

5. Future Work 

We would like to provide some insights into possible future research in the combination of BO and 
DA and its application in the field of image classification. 

For future work, the features of the image contents can be considered and analyzed further and the 
performance of acquisition functions for different types of images, for example, medical X-rays, 
images with facial expressions and images with various plant features can be studied and compared. 

In addition to the classic acquisition functions, some newly developed acquisition functions could be 
applied in DA. Modifications and combinations of the acquisition functions are also possible ways to 
reduce computational cost and processing time. 
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