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Did you stand at a door with a bunch of keys and tried to find the right one to unlock the 

door? Did you hold a flower and wonder the name of it? A need of object recognition could rise 

anytime and anywhere in our daily lives. With the development of mobile devices object 

recognition applications become possible to provide immediate assistance. However, performing 

complex tasks in even the most advanced mobile platforms still faces great challenges due to the 

limited computing resources and computing power. In this thesis, we present an object 

recognition system that resides and executes within a mobile device, which can efficiently 

extract image features and perform learning and classification. To account for the computing 

constraint, a novel feature extraction method that minimizes the data size and maintains data 

consistency is proposed. This system leverages principal component analysis method and is able 

to update the trained classifier when new examples become available. Our system relieves users 

from creating a lot of examples and makes it user friendly. The experimental results demonstrate 

that a learning method trained with a very small number of examples can achieve recognition 

accuracy above 90% in various acquisition conditions. In addition, the system is able to perform 

learning efficiently. 
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CHAPTER 1 

INTRODUCTION 

Smartphones and other mobile devices enable significant improvements to image 

acquisition and processing, and these platforms have become practically ubiquitous in our daily 

lives. The onboard sensors in a modern device allow movement to be measured, images and videos 

to be recorded, and many other types of data to be acquired. Data collection is no longer bounded 

by specialized expensive devices and can be done by literally everyone possessing a smart mobile 

device. 

The ease of data acquisition and availability of various types of data motivate the 

development of additional utilities to expand the value of mobile devices, among which object 

recognition is a popular extension. There has been development of mobile device based object 

recognition applications, for example, face recognition [Sohee Park, 2013; Imaizumi, 2013], and 

object recognition [Lameira, 2012; Jung, 2012]. 

The analysis of color images and videos in real-time for object recognition, however, is a 

challenging task, especially when it needs to be achieved with mobile devices. Methods have been 

developed that take advantage of networked computing resources [Ayad, 2014; Imaizumi, 2013] 

to circumvent the hardware limitation of mobile devices. The main function of a mobile device in 

such an application is to serve as a user interface to acquire data and display results. The 

computation is completed on the remote server that is connected via Internet. In contrast to such 

an implementation, data analysis and decision making performed in local device still faces 

challenges. The conventional methods are designed without accounting for the limitations of 
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memory and computational power in typical mobile devices. It requires effective algorithms that 

efficiently utilize the local hardware to be devised [Lameira, 2012]. 

In addition, mobile applications usually require instantaneous response. It is unlikely to 

have user acquiring many samples and preparing these examples to create a robust model. The 

training data set is usually limited, and each class is represented with only a small number of 

examples or even just one example. Hence, new learning method and characteristic features must 

be developed that fit mobile platform. 

In this thesis, we present our system for object recognition in mobile devices based on 

learning from a small set of color imagery examples. We developed novel feature extraction 

methods that extract the contour of objects, which are represented in a concise form to satisfy the 

limited memory space and relatively low computational power. The recognition is based on 

principal component analysis that selects the most prominent features from the small set of training 

examples. Experiments were conducted with color object images. The contributions of this work 

are the following: 

1. A feature extraction method is developed that maps an image into a concise representation

of shape that is robust to the change of scale, reversal, and lighting condition; 

2. A learning method is devised that adopts principal component analysis and nearest

neighbor for object recognition; and 

3. A complete system is developed that is able to acquire images, automatically create a model

of the target object, and recognize the object with high accuracy.  

The rest of this thesis is organized as follows: 
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1) In chapter 2, we review the related work in image feature extraction and object recognition

using mobile devices. Specifically, methods that take into account the resource constraints 

are discussed. 

2) In chapter 3, we present our methods for image processing and feature extraction. Our

novel shape representation is discussed in detail together with pre- and post-processing 

methods to enhance objects and suppress noise. 

3) In chapter 4, we discuss our experimental results of an application to recognize objects

with distinct shape characteristics. We analyze the system performance by evaluating the 

recognition accuracy, robustness, and efficiency. 

4) In chapter 5, we conclude this thesis with a summary of our work and possible future

research topics. 
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CHAPTER 2 

RELATED WORK 

Since mobile phones become computationally powerful devices in the past few years, the 

use of Computer Vision (CV) methods on mobile phones to achieve advanced image and data 

analysis goals has just started to expand recently. There is, however, related work from a number 

of different research areas. Also, since mobile phone hardware is essentially embedded hardware, 

many algorithms have been developed in the embedded Computer Vision community. 

Face detection for example is a popular research topic. More recently some camera phones 

have this feature, since most ordinary cameras have face detection algorithms already built in 

hardware. Theocharides et al. [Theocharides, 2009] proposed the hardware implementation of a 

face recognition system based on neural network algorithm originally developed by Rowley et al. 

[Rowley, 1998]. Rahman et al. [Rahman, 2009] presented an algorithm running in software on a 

TI OMAP3430 platform. The algorithm performed color classification using Gaussian mixture 

models and basically detects skin-like areas as faces. The authors also presented a hybrid system 

combining their original approach with the very popular Viola-and-Jones algorithm in [Rahman, 

2009]. Ng et al. [Ng, 2005] described a system for face verification on mobile phones based on 

minimum average correlation filters. A study on iris detection and verification was conducted by 

Park et al. [Park, 2008]. Smile feature is an important part of face detection, Yang et al. [Yang, 

2011] presented a smile feature extraction algorithm based on improved Gabor algorithm. 

In the field of Augmented Reality (AR) on mobile phones, Wagner et al. [Wagner, 2008] 

presented and evaluated natural features for object tracking in real-time on mobile phones. Klein 

at al. [Klein, 2009] presented a version of their PTAM software on an iPhone TM for small 

workspace self-localization and mapping (SLAM). For the task of outdoor AR, Takacs et al. 
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[Takacs, 2008] suggested an approach using features subdivided into cells called Loxels. An 

approach for self-localization in large-scale environments was presented by Arth et al. [Arth, 2009] 

using point cloud reconstructions of city areas. A system for guiding visually impaired people in 

traffic situations was presented by Ivanchenko et al. [Ivanchenko, 2009]. The system running on a 

Nokia N95 mobile phone detects two-striped crosswalks and guides the user across streets. 

Object segmentation and recognition is the basic element of Computer Vision on mobile 

devices. In this field, Hartl et al. [Hartl, 2010] presented an algorithm to segment and recognize 

objects by combining shape and color features together. To segment and recognize objects from 

complex background, feature extraction is the most important aspect. Chen et al. [Chen, 2007] 

presented an efficient robust image feature extraction method on mobile devices based on Speeded 

Up Robust Features (SURF) algorithm. Yang et al. [Yang, 2008] described an Index Lookup Table 

for image feature extraction on mobile devices. A three-dimensional object recognition method 

was proposed by Jung et al. [Jung, 2012]. This method used a support vector machine for 

classification, 10 to 20 images were used for training. A combination of low-level image features 

with features obtained from interest point detection was used for features extraction. Other 

applications include OCR [Koga, 2005; Zhang, 2002] and museum guidance [Fockler, 2005]. 
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CHAPTER 3 

METHOD 

Object recognition is a systematical task that is composed by several independent but also 

united processes. Firstly, the object images should be captured in a relatively ideal background. 

Then the images will undergo a battery of preprocessing before the feature extraction. A learner 

will receive the extracted features, then converses them to abstract data and save them in a specific 

file, we can call it a database. In the recognition process, the object features will go into a 

recognizer, and the label of the closest feature stored in database will be returned. The overview 

chart is shown as Figure 1 below. 

Figure 1. The overview chart of the proposed method. 

3.1 Segmentation 

Region of interest (ROI) is a sub-region from an image such that it includes nothing a 

dataset for some specific purposes. In this paper, the ROI is a predefined frame marker within the 

camera, which indicates the user to put the object which needs to be recognized into it. 
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The content of an image usually consists of foreground (i.e., the objects we are interested 

in) and background (i.e., everything else). A clean background significantly simplifies the process 

of object delineation and hence recognition, that is, there is little noise to remove and the object 

features are correctly extracted. However, in real-world applications, the background is not as 

clean as we expect. Other objects we are not interested in and also their shadows can be found in 

the image. 

There have been many methods for object recognition in complex environments [Wu, 

2012; Xue, 2010]. However, due to the limited computational resources, especially memory 

constraint, these methods are facing difficulties in mobile platforms. The method proposed in [Wu, 

2012] is a system which could recognize and track vehicles regardless of climatic circumstances, 

traffic conditions, and lighting impact. It performs well but the computing-intensive requirement 

restricts its practical application on mobile devices. Another method presented in [Xue, 2010] is 

based on artificial object mark. This method is like the barcode for commodity we can see in 

supermarkets. This method is easy to utilize but is not very compatible in our cases. 

3.2 Contrast Enhancement 

The brightness and contrast of images captured by mobile devices vary in different 

circumstances. In case of strong foreground and background contrast, moderate noise distortion 

has little impact to the image feature extraction; however, in low contrast or inhomogeneous 

background, the existence of noise poses significant challenge to get the correct object extraction 

and image features. 
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To ensure the quality of features extracted from the objects, contrast enhancement is an 

important step. Conventional means of contrast enhancement include histogram stretching and 

histogram equalization. 

Histogram stretching is a straightforward way to expand the color distribution across the 

entire range of the gray levels. It is mostly useful when the color range of the original image is 

compressed in a narrow range. However, when there exist extremely bright pixels or extremely 

dark pixels, the effect of histogram stretching is minimal. 

Histogram equalization, on the other hand, is highly effective to deal with such cases. It 

suppresses the difference between less frequent colors while enlarging the distance between more 

frequent colors. Ideally, the resulted histogram approximates an even distribution across the entire 

color range. In real-world applications, especially one with follow-up automatic processing steps, 

the contrast enhancement is far from satisfactory. Figures 2(c) and 3(c) depict examples of contrast 

enhancement using histogram equalization. Despite visually smooth background, the images after 

histogram equalization appear grainy and hence cause erroneous feature extraction. 
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(a) (b)  (c) 

(d)      (e)         (f) 

Figure 2. Comparison diagrams of different contrast enhancement method and their histograms. 

(a) the original image in grayscale. (b) the image enhanced by piecewise histogram 

stretching method. (c) the image enhanced by histogram equalization method. (d) the 

gray histogram of the original image. (e) the gray histogram of the image enhanced by 

piecewise histogram stretching method. (f) the gray histogram of the image enhanced 

by histogram equalization method. 

To address the aforementioned problem, we propose a piecewise histogram stretching 

method to enhance the contrast of images that maximizes the brightness difference between the 
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foreground objects and the background. Without loss of generality, we assume the background is 

of bright color, e.g. white. We assume that an image can be roughly segmented into two parts: the 

background and the foreground object that needs to be recognized. To characterize the foreground 

objects, we adopt image shape as feature. However, other features, e.g. color and texture, can also 

be employed. To accommodate the limited resource in mobile platforms, a simplified shape feature 

is proposed. 

As we are interested in the object contour, we need to suppress the color range of the 

background and stretch the color range of the foreground object. This will not only increase the 

contrast of the foreground objects w.r.t. the background, but also achieve a smoothed background. 

The diagram of the piecewise linear histogram stretching function is shown in Figure 4. 

Following this idea, the enhanced gray value of an image pixel at coordinates (x, y) is 

computed as follows: 

𝐼′(𝑥, 𝑦) =
𝐼(𝑥,𝑦)−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
(255 −

𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝛿
), 𝐼(𝑥, 𝑦) < 𝐵𝑚𝑖𝑛or (𝑥, 𝑦) > 𝐵𝑚𝑎𝑥 , (1) 

𝐼′(𝑥, 𝑦) =
𝐼(𝑥,𝑦)−𝐵𝑚𝑖𝑛

𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝛿
+ (255 −

𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝛿
),  𝐵𝑚𝑖𝑛 ≤ 𝐼(𝑥, 𝑦) ≤ 𝐵𝑚𝑎𝑥, (2) 

where I(x, y) and I’(x, y) are the original and modified value of the pixel at (x, y). 𝐼𝑚𝑖𝑛 and 𝐼𝑚𝑎𝑥 

are the minimum and maximum gray value of the original image. 𝐵𝑚𝑖𝑛 and 𝐵𝑚𝑎𝑥 are the estimated 

minimum and maximum gray value of the background of the original image. The suppressed range 

of the background is represented with 𝑟, 𝑟 = 255 −
𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝛿
, and 𝛿 represents the suppression

ratio. 
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(a)       (b)       (c) 

(d)    (e)        (f) 

Figure 3. Comparison diagrams of different contrast enhancement method and their histograms. 

(a) the original image in grayscale with reflection part. (b) the image enhanced by 

piecewise histogram stretching method. (c) the image enhanced by histogram 

equalization method. (d) the gray histogram of the original image. (e) the gray histogram 

of the image enhanced by piecewise histogram stretching method. (f) the gray histogram 

of the image enhanced by histogram equalization method. 
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Figure 4. Piecewise linear histogram stretching function. 

Although the transformation function might consist of three linear pieces, there are 

essentially two cases. If the gray value of a pixel is less than 𝐵𝑚𝑖𝑛or greater than 𝐵𝑚𝑎𝑥, we treat 

this pixel as part of the foreground object and Equation (1) is used to compute the new value for 

this pixel. 

In Equation (1), 
𝐼(𝑥,𝑦)−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
normalizes the pixel’s value to the range of 0 to 1 and the 

stretching factor 255 −
𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝛿
 rescales its value to the range of 0 to r. If the gray value of a 

pixel is in the range of [𝐵𝑚𝑖𝑛, 𝐵𝑚𝑎𝑥] , this pixel is considered as part of the background, and 

Equation (2) is used. Similarly, in Equation (2), 
𝐼(𝑥,𝑦)−𝐵𝑚𝑖𝑛

𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛
 normalizes the gray value of a pixel to

the range of 0 to 1, which is rescaled by 
𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝛿
 based on the suppression ratio 𝛿. The second 

term 255 −
𝐵𝑚𝑎𝑥−𝐵𝑚𝑖𝑛

𝛿
 translates the new value to the brighter end of the grayscale. That is, after 

contrast enhancement, the background is always mapped to white color. 

By simplifying Equations (1) and (2), we have the following piece-wise histogram mapping 

function: 

𝐼′(𝑥, 𝑦) =
𝐼(𝑥,𝑦)−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
𝑟, 𝐼(𝑥, 𝑦) < 𝐵𝑚𝑖𝑛or 𝐼(𝑥, 𝑦) > 𝐵𝑚𝑎𝑥, (3) 
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 𝐼′(𝑥, 𝑦) =
𝐼(𝑥,𝑦)−𝐵𝑚𝑖𝑛

𝛿
+ 𝑟, 𝐵𝑚𝑖𝑛 ≤ 𝐼(𝑥, 𝑦) ≤ 𝐵𝑚𝑎𝑥. (4) 

To estimate the background color range, we assume that the object is located in the center 

of the field of view. Therefore, the pixels close to the boundary of the image are most likely part 

of background. We select three narrow regions at the right, left, and bottom of the image for 

background samples. These regions should be narrow enough so that any part of the object does 

not include it; yet, a large enough number of background samples is necessary for statistical 

significance and accuracy. The maximum and minimum gray values of the pixels in these 

background samples are identified for 𝐵𝑚𝑖𝑛 and 𝐵𝑚𝑎𝑥, respectively. 

 

3.3 Feature Extraction 

For object recognition, the object’s features and properties should be extracted. Typical 

image features and properties include size, shape, color, texture, etc. In this work, we adopt object 

contour and color as the dominant features to account for the limited computational capacity of 

mobile devices.  

The edge of the object is detected by Canny edge detector [Canny, 1986]. An example is 

shown in Figure 5 (a) and (b).  

 

3.3.1. Object Shape Representation 

The pixels on the contour are represented by the distance to the side of ROI as shown in 

Figure 5(c). In a typical edge map (no obvious noise) shown in Figure 5(c), we traverse the image 

from the top to the bottom to find the leftmost and rightmost pixels representing edge in each row. 

These leftmost pixels will be represented by the distance to the left and right sides of ROI, e.g. L1, 
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L2 … Ln as shown in Figure 5(c). Then one array representing the left side of the contour will be 

built to contain them as components. The rightmost pixel array will be built likewise. 

(a)    (b) 

Figure 5. Representation of the object as data. (a) the contour image of the ROI; (b) The 

representation of the boundary of the object. The reference point in (b) is the very bottom 

point of the contour image of the item. 

𝐿 =  {𝐿1, 𝐿2, . . . . . . , 𝐿𝑛}, (5) 

𝑅 = {𝑅1, 𝑅2, . . . . . . , 𝑅𝑛}, (6) 

where L is the array representing the left side of the contour, R is the array representing the right 

side of the contour, and n is the number of rows of the ROI. We use the mean value of each array 

to fill the empty part, which is, as shown in Figure 5(c), the area from the reference point to the 

bottom edge of the ROI. 
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3.3.2. Normalization of the Boundary Profile 

The item will have different appearances in the boundary profile diagram if its position 

changed in different images, see Figures 6 (b) and (e). This difference will create different principal 

components in the following learning and recognition phase, and the different principal 

components probably should be the first principal component, which impact the recognition result 

largely. 

      (a)        (b)  (c) 

      (d)        (e)  (f) 

Figure 6. The different data appearances of the same object in different position of the images. 

(a),(d): the same item in different position of the image. (b) Boundary profile of (a); (c) 

Normalized boundary profile of (a); (e) Boundary profile of (d); (f) Normalized boundary 

profile of (d). 
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To minimize the recognition error due to object misalignment induced by the variation of 

object location within an image, the two arrays representing the left and right side of the contour 

have to be normalized respectively. 

𝐿𝑖
′ = 𝐿𝑖/𝐷𝑙𝑒𝑓𝑡, (7) 

𝑅𝑖
′ = 𝑅𝑖/𝐷𝑟𝑖𝑔ℎ𝑡, (8) 

𝐿′ = {𝐿1
′ , 𝐿2

′ , . . . . . . , 𝐿𝑛
′ }, (9) 

𝑅′ = {𝑅1
′ , 𝑅2

′ , . . . . . . , 𝑅𝑛
′ }, (10) 

where 𝐷𝑙𝑒𝑓𝑡 is the distance from the reference point to the left edge of ROI, likewise, 𝐷𝑟𝑖𝑔ℎ𝑡 is the 

distance from the reference point to the right edge of ROI. Generally, 𝐷𝑙𝑒𝑓𝑡and 𝐷𝑟𝑖𝑔ℎ𝑡 should be 

the longest distance of the two directions respectively. Although, this could be incorrect in some 

special cases, we use them to represent the longest distance here. The elements in the two arrays, 

L and R, will be normalized to the range from 0 to 1 and recompose two new arrays, 𝐿′ and 𝑅′.

3.3.3. Combination of the Two Sides of the Object 

The same object will have different boundary profile if the left side and the right side are 

switched, see Figures 7 (b) and (d). This difference will lead to the same problem discussed in the 

previous phase. The increasing number of learning samples could resolve it in some degree. 

However, small data set learning requires the minimum number of learning samples. In order to 

keep the minimum number of learning samples and avoid recognition error on account of lack of 

sample, we introduce standard deviation to estimate the left and right part of the object: 
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(a)    (b) 

 

(c)     (d) 

Figure 7. The comparison of object profile. 

 𝜎 = √
1

𝑁
∑ (𝑥𝑖 − 𝜇)2
𝑁
𝑖=1  , (11) 

where σ is the standard deviation; N is the amount of elements stored in the array; 𝑥𝑖 is the element 

of the array at the index i; and μ is the mean value of the array. 

 The σ represents the fluctuation intensity of the object’s edge. We calculate σ of the two 

arrays separately and then compare them. We set the array with greater σ as left array and the other 

one as right array. The arrays representing left and right parts of the object will be merged into one 

array eventually as the feature of the object. The left array will be the first part of the merged array 
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and right array will be the rest. The merged array will be the input feature in the following learning 

and recognition steps. 

3.4 Object Recognition Using Principal Component Analysis 

Principal Component Analysis (PCA) is a statistical method that reduces the 

dimensionality of a data set which contains a great amount of inter-correlated variables. At the 

same time, the variation present in the data set should be retained as much as possible. PCA is 

probably the most popular multivariate statistical technique [Abdi, 2010]. PCA aims at identifying 

the most prominent variation among the data. 

In short, PCA computes new variables called principal components which are obtained as 

linear combinations of the original variables. The first principal component has the largest 

variance. The second component is computed under the constraint of being orthogonal to the first 

component and to have the largest possible inertia. The other components are computed likewise. 

The values of these new variables for the observations are called factor scores, and these factor 

scores can be interpreted geometrically as the projections of the observations onto the principal 

vectors. 

To get the principal components, assume that we start with a data set that is represented 

with an m by n matrix X, in which the n columns represent samples and the m rows are the 

variables. We linearly transform X into another matrix, denoted with Y, which is of the same 

dimension of X. That is, for an m by m matrix P we have 

Y = PX. (12) 

A change of basis is shown by this equation. We can represent the rows of P by row vectors 

𝑝1, 𝑝2, . . . , 𝑝𝑚, and the columns of X by the column vectors x1, x2, . . . , xn, then Equation (12) 

can be interpreted in the following way. 
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 𝑃𝑋 = (𝑃𝑥1 𝑃𝑥2 𝑃𝑥3. . . . . . 𝑃𝑥𝑛) = (

〈𝑝1𝑥1〉 〈𝑝1𝑥2〉 … 〈𝑝1𝑥𝑛〉

〈𝑝2𝑥1〉
⋮

〈𝑝2𝑥2〉
⋮

…
⋱

〈𝑝2𝑥𝑛〉
⋮

〈𝑝𝑚𝑥1〉 〈𝑝𝑚𝑥2〉 … 〈𝑝𝑚𝑥𝑛〉

). (13) 

Note that 𝑝𝑖, 𝑥𝑗 ∈ 𝑅𝑚, and 〈𝑝𝑖𝑥𝑗〉 denotes the inner product. That is, X is projected to the 

column vectors of P. Thus, the rows of P, { 𝑝1,  𝑝2, . . . ,  𝑝𝑚} represent a new basis for representing 

the columns of X. The rows of P will later become our principal directions.  

The variance of the data in the original basis is considered when PCA defines 

independence. It tries to find the directions in which variance is maximized in the original data and 

then uses these directions to define the new basis. Recall the definition for the variance of a random 

variable, Z with mean µ. 

 𝜎𝑍
2 = 𝐸[(𝑍 − µ)2]. (14) 

Suppose we have a vector of n discrete measurements, �̂� = (𝑟1̂, 𝑟2̂, . . . , 𝑟�̂�), with mean µ. 

We will have a translated set of measurements r = (𝑟1,𝑟2, . . . , 𝑟𝑛) by subtracting the mean from 

each of the measurements, which has a zero mean. We can obtain the variance of these 

measurements by the relation 

 𝜎𝑟
2 =

1

𝑛
𝑟𝑟𝑇. (15) 

Then suppose that we have another vector of n discrete measurements, s = (𝑠1, 𝑠2, . . . , 

𝑠𝑛), with zero mean, the covariance of r and s will be obtained by the generalization of this idea. 

Generally, we can consider the covariance as a measure of how much two variables change 

together. Therefore, when the two variables are identical, the variance can be thought as a special 

case of covariance.  

Now we can extend this idea to the m by n data matrix. As aforementioned that m represents 

the number of variables, and n is the number of samples. We will have this matrix X in terms of m 

row vectors, each of length n. 
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 𝑋 = (

𝑥1,1 𝑥1,2 … 𝑥1,𝑛
𝑥2,1
⋮

𝑥2,2
⋮

⋯
⋱

𝑥2,𝑛
⋮

𝑥𝑚,1 𝑥𝑚,2 … 𝑥𝑚,𝑛

) = (

𝑥1
𝑥2
⋮
𝑥𝑚

) ∈ ℝ𝑚×𝑛,        𝑥𝑖
𝑇 ∈ ℝ𝑛. (16) 

As we obtain the row vectors for each variable, a particular variable of all the samples is 

contained in each of these vectors. For instance, 𝑥𝑖 is a vector the 𝑖𝑡ℎ variable of all the samples. 

Then the following equation makes sense. 

 𝐶𝑋 =
1

𝑛−1
𝑋𝑋𝑇 =

1

𝑛−1

(

 

𝑋1𝑋1
𝑇 𝑋1𝑋2

𝑇 ⋯ 𝑋1𝑋𝑛
𝑇

𝑋2𝑋1
𝑇

⋮
𝑋2𝑋2

𝑇

⋮

⋯
⋱

𝑋2𝑋𝑛
𝑇

⋮
𝑋𝑚𝑋1

𝑇 𝑋𝑚𝑋2
𝑇 … 𝑋𝑚𝑋𝑛

𝑇)

 ∈ ℝ𝑚×𝑛. (17) 

From the Equation (17), we can see that all the possible covariance pairs between the m 

variables have been computed. Specifically, we have the variances on the diagonal entries, and we 

have the covariance on the off-diagonal entries. Covariance can be considered to be a measure of 

how well the two variables are correlated.  

A fundamental assumption that the variables in the transformed matrix should be as 

uncorrelated as possible has been made by the PCA method. On the other hand, large variance 

values interest us, since they correspond to interesting dynamics in the system. Zero is minimum 

possible covariance, ideally, we are looking for a diagonal matrix 𝐶𝑌 . Our objective will be 

achieved if we can choose the transformation matrix P in such a way that 𝐶𝑌 is diagonal. 

Now we suppose that the vectors in the new basis 𝑝1, 𝑝2, . . . , 𝑝𝑚 are orthogonal. Consider 

the formula for the covariance matrix, 𝐶𝑌 and our interpretation of Y in terms of X and P. 

 

𝐶𝑌 =
1

𝑛−1
Y𝑌𝑇 =

1

𝑛−1
(𝑃𝑋)(𝑃𝑋)𝑇 =

1

𝑛−1
(𝑃𝑋)(𝑋𝑇𝑃𝑇) =

1

𝑛−1
𝑃(𝑋𝑋𝑇)𝑃𝑇, 

 i.e.𝐶𝑌 =
1

𝑛−1
𝑃𝑆𝑃𝑇 , 𝑤ℎ𝑒𝑟𝑒 𝑆 = 𝑋𝑋𝑇, (18) 
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where S is an m by m symmetric matrix, since (𝑋𝑋𝑇)𝑇 = (𝑋𝑇)𝑇𝑋𝑇 = 𝑋𝑋𝑇 . A well-known

theorem from linear algebra that every square symmetric matrix is orthogonally diagonalizable is 

invoked here. We can thus write: 

𝑆 = 𝐸𝐷𝐸𝑇. (19) 

Note that E is an m by m orthonormal matrix whose columns are the orthonormal eigenvectors of 

S, and D is a diagonal matrix which has the eigenvalues of S as its diagonal entries. r is the rank 

of S. It is also the number of orthonormal eigenvectors that S contains. If D is rank-deficient, which 

means that r is less than m, the size of the matrix, then we just need to create m − r orthonormal 

vectors to fill the remaining columns of S. Now we can choose the rows of the transformation 

matrix, P, to be the eigenvectors of S, to ensure that P = 𝐸𝑇and vice-versa. Therefore, substituting

this into Equation (18) for the covariance matrix, 𝐶𝑌 gives: 

𝐶𝑌 =
1

𝑛−1
𝑃𝑆𝑃𝑇 =

1

𝑛−1
𝐸𝑇(𝐸𝐷𝐸𝑇)𝐸. (20) 

We know E is an orthonormal matrix. Thus we have 𝐸𝑇𝐸 = 𝐼, where I is the m × m identity

matrix. Therefore, the special choice of P gives: 

𝐶𝑌 =
1

𝑛−1
𝐷. (21) 

The variances indicate the information of the relative importance of each principal 

component. The first principal component corresponds to the largest variance, the second largest 

to the second principal component, and so on. A method, which organizes the data in the 

diagonalization stage, is shown here. We sort and place the eigenvalues in descending order on the 

diagonal of D, once we have obtained the eigenvalues and eigenvectors of 𝑆 = 𝑋𝑋𝑇. Then, the
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orthonormal matrix, E will be by placing the associated eigenvectors in the same order to form the 

columns of E. 

In this paper, one application of PCA is used for object learning and recognition. The basic 

idea behind the algorithm is that object images are "projected" into a low dimensional space in 

which they can be compared efficiently. We hope that the intra-object distances (i.e. distances 

between images of the same object) are smaller than the inter-object distances (i.e. the distance 

between pictures of different object) within the projected space. Fundamentally, this projection of 

the image is a form of feature extraction. In this algorithm, we actually have to "learn" the feature 

extractor from the image data. Once we have extracted the features, classification can be performed 

using any standard technique, although 1-nearest-neighbour classification is the standard choice 

for this algorithm. 

The lower dimensional space used by this algorithm is actually learned through the process 

of PCA. The PCA algorithm finds a set of orthogonal axes that best describe the variance of the 

data such that the first axis is oriented along the direction of highest variance. It turns out that 

computing the PCA boils down to performing a well-known mathematical technique called the 

Eigen decomposition on the covariance matrix of the data. 

 Formally, the Eigen decomposition factorizes a matrix, A, into a canonical form such that 

Av = λv, where v is a set of vectors called the eigenvectors, and each vector is paired with a scalar 

from λ called an eigenvalue. The eigenvectors form a mathematical basis, a set of right-angled 

vectors that can be used as axes in a space. By picking a subset of eigenvectors with the largest 

eigenvalues, it is possible to create a basis that can approximate the original space in far fewer 

dimensions. 
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By controlling the number of principal components of PCA, we are able to balance the 

calculating efficient and recognition accuracy. The balance is important especially when the 

method is implemented on mobile devices. 
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CHAPTER 4 

EXPERIMENTAL RESULTS 

In this section, we analyze the performance of our methods, which includes the recognition 

accuracy, robustness to complex scenarios such as lighting conditions (bright and dark), and the 

training efficiency. The experiment contains several human factors as that the object has to be held 

by tester during the process of imaging. The unavoidable hand shaking and the camera being out 

of focus will bring unexpected results, even though we try our best to reduce the number of 

occurrence. 

Our tests were performed with an Apple iPod touch 5th generation device. It has an iOS 

platform with 1000 MHz Dural-core ARM Cortex-A9 central processing unit (CPU) and 512 MB 

random access memory (RAM). Each image has a size of 598×800 with the format of RGB PNG, 

and the size of the image after processing is 125×320 with the format of GRAY PNG. 

The light meter used in this experiment is a Digital Illuminance/Light Meter LX1330B 

manufactured by Dr. Meter. The normal lighting sources in the lab where the experiments were 

performed are composed by multiple 2 by 18 tube arrays. The tubes are Philips Lighting 

F32T8/ADV841/EW/ALTO II 28 Watt 1L Energy Advantage with color temperature of 4100 and 

2725 lumens. In Sections 4.1 and 4.2, the experiments are under normal lighting conditions. The 

illumination intensity on each object will be 458 to 517 lux. This value varies according to the 

angle of the plane of object to the light ray. In the low-light or shading scenario of Section 4.3, the 

illumination intensity on each object will be 80 to 97 lux. By comparison, the illumination intensity 

of an area exposed to direct sunlight at noon in October in North Texas will be 1300 to 1350 lux. 

Four parts of experimental results are discussed in the following sections. The number of 

principal components is evaluated in Section 4.1. In Section 4.2, we obtain the recognition 
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accuracy from different number of samples with different number of training images. Section 4.3 

shows the effect of different scenarios such as reflection and shade. At last, we discuss the training 

efficiency and the practicability of the application. 

4.1 Accuracy with Different Number of Principal Components 

The PCA is the core of this object recognition method. It works throughout the whole 

process of training and recognition. The principal components are the most important element of 

PCA. A great number of principal components will represent the distribution very well but increase 

the computational task correspondingly. On the other hand, a small amount of principal 

components enhances the computing efficiency, in the meanwhile, may lose accuracy. 

This section focuses on the recognition accuracy with different number of principal components. 

After analyzing the results, we are going to confirm an appropriate number of principal 

components for the following sections. 

In this section, the experiment result is recorded in 2 tables. The total test count (TTC) of 

each set is 20, which is in order to make sure that each image has been tested at least 2 times. Table 

1 has 5 different objects with 1 or 3 training images. Similarly, Table 2 has 10 different objects 

with 1 or 3 training images. In Table 2, there are 2 groups of experimental results with 1 or 3 

training images. However, the objects used in these two groups are totally different. The range of 

the number of principal components is 3, 5, 10, 20, 40, 60, 80, 100, and 120. Notice that we choose 

the number of PCs as low as 3 due to the fact that in some circumstances, the accuracy does not 

vary significantly with large number of principal components. Therefore, we extend the range of 

number of principal components until relative significant variation appears. A relative 

homogeneous background is required for the testing images. We record the recognition count (RC) 

of each term in Tables 1 and 2 to calculate the accuracy. 
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Table 1.    Recognition accuracy with different number of principal components for 5 different 

objects with different number of training images. 

Number 

of PCs 

NTI RC TTC Accuracy 

 3 17 20 85% 

5 17 20 80% 

10 19 20 95% 

20 18 20 90% 

40 1 19 20 95% 

60 19 20 95% 

80 20 20 100% 

100 20 20 100% 

120 20 20 100% 

3 18 20 90% 

5 19 20 95% 

10 19 20 95% 

20 20 20 100% 

40 3 20 20 100% 

60 20 20 100% 

80 20 20 100% 

100 20 20 100% 

120 20 20 100% 

Table 2.    Recognition accuracy with different number of principal components for 10 different 

objects with different number of training images. 

Number 

of PCs 

NTI RC TTC Accuracy Number 

of PCs 

NTI RC TTC Accuracy 

3 

1 

15 20 75% 3 

1 

15 20 75% 

5 17 20 85% 5 17 20 85% 

10 16 20 80% 10 17 20 85% 

20 18 20 90% 20 17 20 85% 

40 18 20 90% 40 16 20 80% 

60 17 20 85% 60 18 20 90% 

80 19 20 95% 80 18 20 90% 

100 19 20 95% 100 19 20 95% 

120 19 20 95% 120 19 20 95% 

3 

3 

18 20 90% 3 

3 

18 20 90% 

5 17 20 85% 5 20 20 100% 

10 19 20 95% 10 18 20 90% 

20 20 20 100% 20 20 20 100% 

40 20 20 100% 40 20 20 100% 

60 19 20 95% 60 20 20 100% 

80 20 20 100% 80 20 20 100% 

100 20 20 100% 100 19 20 95% 

120 20 20 100% 120 20 20 100% 
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In Tables 1 and 2, the first column indicates the number of principal components used in 

each test. The second column is the number of training images (NTI), which indicates the number 

of training images for each object. The third and fourth columns record the recognized count (RC) 

and the total test count (TTC). The last column indicates the recognition accuracy.  

Tables 1 and 2 show that the recognition method works properly. In each table, we notice 

that the recognition accuracy is rising along with the increase of the number of principal 

components. Comparing the recognition accuracy inside each table, the number of training images 

impacts the result significantly. Then we see that even though the number of principal components 

is not the principal factor to improve the recognition accuracy, the more principal components 

used, the better accuracy could be obtained. 

Because this method is implemented in mobile devices, we have to take the limited 

computational capability into consideration. Tables 3 and 4 indicate the average training time for 

Tables 1 and 2. In Tables 3 and 4, the average time records the range of the time of training process. 

More accurately, the training process of each test will be completed within the time frame shown 

in Tables 3 and 4. For example, the training process of 10 objects with 3 training images and 20 

principal components will be completed within 5 seconds. The training process of 10 objects with 

3 training images and 120 principal components will not be completed within 5 seconds, but within 

6 seconds.  

Tables 3 and 4 cannot support very accurate CPU running time, but it demonstrates the fact 

that the training time is extending along with the increase of number of principal components. 

Considering the limited computational capability of mobile devices, we should choose a specific 

number of principal components to balance the recognition accuracy and average training time.  
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Table 3.    Average training time used in different scenarios with 5 different objects. 

Number 

of PCs 

NTI Average 

Training time(s) 

3 1 

5 1 

10 1 

20 1 

40 1 1 

60 1 

80 1 

100 1 

120 1 

3 2 

5 2 

10 2 

20 3 

40 3 3 

60 3 

80 3 

100 3 

120 3 

Table 4.    Average training time used in different scenarios with 10 different objects. 

Number 

of PCs 

NTI Average 

Training 

time(s) 

Number 

of PCs 

NTI Average 

Training 

time(s) 

3 

1 

2 3 

1 

2 

5 2 5 2 

10 2 10 2 

20 2 20 2 

40 2 40 2 

60 2 60 2 

80 2 80 2 

100 2 100 3 

120 3 120 3 

3 

3 

5 3 

3 

5 

5 5 5 5 

10 5 10 5 

20 5 20 5 

40 5 40 5 

60 5 60 5 

80 5 80 5 

100 6 100 6 

120 6 120 6 
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Figure 8 comes from the Tables 1 and 2, it shows that the method could obtain reasonable 

performance at the 80 principal components in the most scenarios. Meanwhile, the Tables 3 and 4 

indicates that the increase of the average running time at 80 principal components is in an 

acceptable level. Therefore, we chose 80 as the number of principal components in the following 

experiments after analyzing the data obtained from the experiment. 

 

Figure 9. Accuracy with different number of PCs. 

 

4.2 Recognition Accuracy 

4.2.1 Recognition Accuracy in Normal Lighting Scenario 

The result of previous section indicates that: 

1. This method works properly under 10 different objects. 

2. The number of principal components slightly influences the recognition accuracy, but it is 

not the primary element. 
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4. The recognition accuracy decreases along with the increase of the number of objects. 

5. The number of training images is the leading cause for increasing recognition accuracy. 

6. The increase of the number of training images will raise the computational consumption 

significantly. 

Based on the above conclusions, the experiment of recognition accuracy contains two 

important elements, the number of different objects and the number of training images of each 

object. The number of principal components we used here is predefined as 80 in Section 4.1. This 

section has been composed of 4 sets. Each set has different number of objects. 

Table 5.   Accuracy of 3 objects with different number of training images for each object 

(Number of PCs: 80). 

NTI RC TTC Accuracy 

1 20 20 100% 

2 20 20 100% 

3 20 20 100% 

4 20 20 100% 

5 20 20 100% 

1 19 20 95% 

2 20 20 100% 

3 20 20 100% 

4 20 20 100% 

5 20 20 100% 

Table 6.   Accuracy of 10 objects with different number of training images for each object 

(Number of PCs: 80). 

NTI RC TTC Accuracy 

1 17 20 85% 

2 19 20 95% 

3 20 20 100% 

4 20 20 100% 

5 20 20 100% 

1 18 20 90% 

2 19 20 95% 

3 19 20 95% 

4 20 20 100% 

5 20 20 100% 
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Table 7.   Accuracy of 15 objects with different number of training images for each object 

(Number of PCs: 80). 

NTI RC TTC Accuracy 

1 26 30 86.67% 

2 28 30 93.33% 

3 30 30 100% 

4 30 30 100% 

5 30 30 100% 

1 24 30 80% 

2 30 30 100% 

3 30 30 100% 

4 29 30 96.67% 

5 30 30 100% 

Table 8.   Accuracy of 20 objects with different number of training images for each object 

(Number of PCs: 80). 

NTI RC TTC Accuracy 

1 34 40 85% 

2 34 40 85% 

3 39 40 97.5% 

4 39 40 97.5% 

5 39 40 97.5% 

 

Tables 5, 6, 7, and 8 indicate that the number of training images significantly affects the 

result of experiment. And this phenomenon is getting more and more obvious along with the 

growth of the number of testing objects.  

In Table 5, the number of testing objects is 3. We can see that the recognition accuracy is 

very good even if the number of training images is 1, and the recognition accuracy varies slightly 

with the growth of the number of the training images. This is due to the fact that similar items have 

fewer opportunities to appear in a small number of testing objects. In the small number of testing 

object scenarios, a small number of training images like 1 or 2 is enough.  

As we go through Table 6 and Table 7, the tendency that more training images introduce 

higher accuracy becomes remarkable. In these tables, we can observe that the test with 1 training 
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image has the lowest recognition accuracy, and the test with 5 training images has the highest 

recognition accuracy, most of the time, it is 100%.  

Meanwhile, we notice that the recognition accuracy will not increase with the growth of 

the number of training images when the number of training images reaches a specific number. Take 

the last set for example, the test results are the same as 97.5% when the number of training images 

are 3, 4, and 5. This phenomenon could be observed in all sets of this experiment even in Table 5 

though it is not so obvious. The only exception is the lower part of Table 7, which has 15 testing 

objects with 4 training images for each object. Its recognition accuracy is less than the previous 

test, which has 15 testing objects with 3 training images for each object. Considering it occurs only 

once within this section, and as mentioned in the beginning of this chapter that there are several 

human factors in this experiment, we can take it as an error coming from operational error.  

Thus, we learn from this section of experiment that the increase of the number of training 

images for each testing object could enhance the recognition accuracy. The increase of the 

recognition accuracy will stop when the training images reach a specific number.  

 

4.2.2 The Effect of Reflection and Low-light (LL)/Shadow to the Accuracy 

Table 9. Recognition accuracy in low-light (LL)/shade scenario with 3 objects. 

NTI LL/Shade Accuracy 

RC TTC 

1 20 20 100% 

2 20 20 100% 

3 20 20 100% 

4 20 20 100% 

5 20 20 100% 

1 19 20 95% 

2 20 20 100% 

3 18 20 90% 

4 20 20 100% 

5 20 20 100% 
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Table 10. Recognition accuracy in low-light (LL)/shade scenario with 10 objects. 

NTI RC TTC Accuracy 

1 17 20 85% 

2 19 20 95% 

3 20 20 100% 

4 20 20 100% 

5 20 20 100% 

1 16 20 80% 

2 18 20 90% 

3 19 20 95% 

4 20 20 100% 

5 20 20 100% 

Table 11. Recognition accuracy in low-light (LL)/shade scenario with 15 objects. 

NTI RC TTC Accuracy 

1 23 30 76.7% 

2 27 30 90% 

3 29 30 96.7% 

4 30 30 100% 

5 30 30 100% 

1 24 30 80% 

2 28 30 93.3% 

3 30 30 100% 

4 30 30 100% 

5 30 30 100% 

Table 12. Recognition accuracy in low-light (LL)/shade scenario with 20 objects. 

NTI RC TTC Accuracy 

1 31 40 77.5% 

2 35 40 87.5% 

3 37 40 92.5% 

4 37 40 92.5% 

5 39 40 97.5% 

Table 13. Recognition accuracy in reflection scenario with 3 objects. 

NTI RC TTC Accuracy 

1 8 20 40% 

2 10 20 50% 

3 6 20 30% 

4 11 20 55% 

5 9 20 45% 

1 6 20 30% 

2 7 20 35% 

3 6 20 30% 

4 10 20 50% 

5 9 20 45% 
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Table 14. Recognition accuracy in reflection scenario with 10 objects. 

NTI RC TTC Accuracy 

1 3 20 15% 

2 4 20 20% 

3 5 20 25% 

4 5 20 25% 

5 3 20 15% 

1 4 20 20% 

2 3 20 15% 

3 4 20 20% 

4 5 20 25% 

5 3 20 15% 

Table 15. Recognition accuracy in reflection scenario with 15 objects. 

NTI RC TTC Accuracy 

1 6 30 20% 

2 5 30 16.7% 

3 6 30 20% 

4 7 30 23.3% 

5 8 30 26.7% 

1 5 30 16.7% 

2 6 30 20% 

3 6 30 20% 

4 7 30 23.3% 

5 6 30 20% 

Table 16. Recognition accuracy in reflection scenario with 20 objects. 

NTI RC TTC Accuracy 

1 0 40 0% 

2 0 40 0% 

3 1 40 2.5% 

4 2 40 5% 

5 1 40 2.5% 

 

In this section, we will test the robustness of this method. This experiment runs in two 

scenarios, low-light or shadow and reflection. The light used in the low-light or shadow scenario 

is from multi-point source, and the number of multi-point sources have been cut to half as normal. 

In addition, a shadow is cast on the testing object in order to make it darker. In the reflection 
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scenario, we turn on the flash while capturing pictures. Tables 9, 10, 11, and 12 indicate that this 

method works well in low-light or shadow scenario.  

Comparing the testing result between the normal lighting and low-light or shadow 

scenarios, we find that the recognition accuracy drops in low-light circumstances. However, the 

decrease is within acceptable limits. On the other hand, the performance of this method in the 

reflection scenario is unacceptable. Tables 13, 14, 15, and 16 indicate that the recognition accuracy 

obtained in reflection scenario is generally under 50%. Furthermore, the accuracy is down to 0% 

when the number of testing objects reaches 20.  

This result could be due to the preprocessing method of pictures. In the image 

preprocessing phase, the captured images convert to gray scale images, and then the edge of the 

object is extracted by Canny algorithm. In reflection scenario, the reflection from the object forms 

the white area in the gray scale image. And this white area seriously interferes with the process of 

edge extraction. The edge of the testing object would not be extracted correctly so that the principal 

components of the testing object are falsely picked up. That is why the method performs so badly 

in the reflection scenario.   

 

4.3 Training Efficiency  

In this section, we attempt to figure out the applicability of the method. The applicability 

of this method includes three main aspects, which are running memory usage, CPU occupation 

ratio (OR), and running time.  

Xcode provides a monitoring function named debug navigator, which could observe the 

running memory usage, CPU occupation ratio and rough running time while debugging the app 

via Xcode. All of the information is recorded in Tables 17, 18, 19, and 20.  
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Table 17. Training consumption with 3 objects. 

NTI Accuracy CPU 

OR 

Memory 

Usage (m) 

Average 

training time (s) 

1 100% 76% 19.8 1 

2 100% 91% 28.9 1 

3 100% 114% 29.8 2 

4 100% 119% 31 3 

5 100% 124% 32.1 3 

1 95% 73% 18.9 1 

2 100% 122% 24.2 2 

3 100% 118% 28.1 2 

4 100% 124% 33.7 3 

5 100% 119% 32.9 4 

Table 18. Training consumption with 10 objects. 

NTI Accuracy CPU 

OR 

Memory 

Usage (m) 

Average 

training time (s) 

1 85% 124% 23.2 2 

2 95% 115% 32.1 4 

3 100% 120% 31.8 6 

4 100% 122% 32.9 7 

5 100% 122% 36.7 9 

1 90% 140% 20.9 2 

2 95% 120% 34.3 4 

3 95% 124% 36.1 6 

4 100% 121% 31.6 8 

5 100% 123% 34.2 9 

Table 19. Training consumption with 15 objects. 

NTI Accuracy CPU 

OR 

Memory 

Usage (m) 

Average 

training time (s) 

1 86.67% 120% 22.4 3 

2 93.33% 125% 28.4 5 

3 100% 119% 35.8 8 

4 100% 121% 41.5 11 

5 100% 123% 43.4 13 

1 80% 121% 20.5 3 

2 100% 117% 29.9 6 

3 100% 120% 33.9 8 

4 96.67% 122% 39.2 11 

5 100% 123% 41.8 13 
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Table 20. Training consumption with 20 objects. 

NTI Accuracy CPU 

OR 

Memory 

Usage (m) 

Average 

training time (s) 

1 85% 122% 21.1 4 

2 85% 121% 32.9 7 

3 97.5% 124% 36.1 11 

4 97.5% 120% 41.3 14 

5 97.5% 122% 46.9 18 

 

The average running time in Tables 17, 18, 19, and 20 are the same as the time in Tables 3 

and 4, which record the time range of training process. The memory usage recorded in Tables 17, 

18, 19, and 20 are the peak value of random access memory used while training. The CPU 

occupation ratio in Tables 17, 18, 19, and 20 are the maximum value of CPU occupation ratio 

within the training process. The mobile device used in this experiment is iPod touch 5th generation, 

which has a Dual-core ARM Cortex-A9 chip as the CPU. Therefore, the CPU occupation ratio 

could be over 100%.  

Comparing the random access memory usage in Tables 17, 18, 19, and 20, we can find that 

there is a trend that the RAM usage increases with the growth of the number of training images 

within a set, and the average RAM usage increases with the growth of the number of testing objects 

through different sets. This phenomenon also can be found in CPU occupation ratio in this section, 

but it is not as obvious as that in RAM usage.  

The average training time is the most important element to evaluate the applicability of the 

method due to the fact that the users do not care how much system resource the method occupied, 

but how long they have to wait for the result. The result of this section indicates that the average 

training time is affected by two main aspects, which are the number of testing objects and the 
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number of training images of each object. The more number of testing objects with more training 

images, the longer average training time is needed.  

One conclusion obtained from the previous section is the recognition accuracy will stop 

increasing with the growth of the number of training images when the training images reach a 

specific number. Combining this conclusion with the average training time in Tables 17, 18, 19, 

and 20, we get that in order to balance the training consumption with recognition accuracy, the 

number of training images for each testing object should depend on the number of testing objects. 

For example, 2 training images for each object could be sufficient for providing high recognition 

accuracy when 3 objects need to be recognized. Along with the growth of the number of testing 

objects, the number of training images should rise to guarantee the relative high recognition 

accuracy, 3 training images of each object in the scenario of 20 testing objects for instance.   
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CHAPTER 5 

CONCLUSION 

 

5.1 Summary of This Work 

In this thesis, a PCA-based object recognition method has been proposed and a complete 

system running on mobile devices has been created to recognize objects with a small dataset for 

learning. It has a series of methods to preprocess the captured images so that the system can deal 

with several scenarios like object shifting, overturning, and low-light or shadow circumstances.  

The experiment result shows that the recognition accuracy is acceptable in most scenarios. 

In normal light and low-light scenarios, the recognition accuracy could reach up to and more than 

95%.  

Although we have achieved relatively good recognition accuracy, there still are two main 

drawbacks existing in this system. First the system performs badly in high-light or reflection 

scenario. The recognition accuracy in these circumstances decreases to 50% and lower, even down 

to 0%.  The other is that the training time increases quickly. The average training time is up to 11 

seconds when the number of objects reaches 20. Moreover, the time will increase with the growth 

of number of objects. In the future, we will add other kinds of features to improve the performance 

under high-light or reflection scenario.  

 

5.2 Future Work 

 Small data set learning for local object recognition based on mobile device is restricted by 

the limited computational capacity and embedded hardware of mobile devices. In this section, 

some possible future research orientations that extended from this thesis are discussed. 
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(1) More features could be added into learning method to improve the performance in 

various scenarios, e.g. color, texture, or local structure. Multiple features import will 

lead to incredible rise of resource consumption. The hardware of the mobile device has 

been rapidly developed in recent years, which resolves this problem to some extent. 

For example the latest generation of iPhone is iPhone 6s, it has a 2048 MB random 

access memory (RAM) and 1840 MHz Dual-core Twister 64-bit central processing unit 

(CPU). Apple states that the newest device has 8.5 times more CPU performance than 

the CPU used in this thesis. 

(2) The training time is varying along with the change of the number of training images. 

In this thesis, the average training time is up to 18 seconds when we have 100 training 

images. If the network connectivity is fast, safe, cheap, and stable enough, the cloud 

computing could be considered introducing into our mothed to save training time.  
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APPENDIX A 

OBJECTIVE-C AND C++ HYBRID CODING IMPLEMENTATION OF IMAGE PRE-

PROCESSING 

#include <iostream> 

#include <string> 

#include <sstream> 

#include <fstream> 

#include <opencv2/core/core.hpp> 

#include "opencv2/contrib/contrib.hpp" 

#include <opencv2/highgui/highgui.hpp> 

#include <opencv2/imgproc/imgproc.hpp> 

#include <opencv2/opencv.hpp> 

#include "openCV1.h" 

#import "UIImageCVMatConverter.h" 

using namespace std; 

using namespace cv; 

@interface openCV1(){ 

} 

@end 

@implementation openCV1 

static int ObjHeight = 250; 

static int blackPxl = 19500; 

// Preprocess images 

+ (cv::Mat) contrastEnhance: (cv::Mat) iImg 

{ 

    Mat gImg, oImg; 

    cvtColor(iImg, gImg, CV_RGB2GRAY); 

    NSArray *docPath = 

NSSearchPathForDirectoriesInDomains(NSDocumentDirectory,NSUserDomainMask, YES); 

    NSString *documentsPath = [docPath objectAtIndex:0]; 

    NSString *filePath22 = [documentsPath 

stringByAppendingPathComponent:@"beforeEnhanced.png"]; 

    UIImage *tempImage22 = [UIImageCVMatConverter UIImageFromCVMat:gImg]; 

    [UIImagePNGRepresentation(tempImage22)writeToFile: filePath22    atomically:YES]; 

    //equalizeHist(gImg, oImg); 

 int max=0, min=255; 

    for (int i = 0; i < gImg.rows; i++) { 
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        for (int j = 0; j < gImg.cols; j++) { 

 

            if(max < gImg.at<uchar>(i,j)){ 

                max = gImg.at<uchar>(i,j); 

            } 

            if (min > gImg.at<uchar>(i, j)) { 

                min = gImg.at<uchar>(i, j); 

            } 

        } 

    } 

 

+ (int)median:(int *)intArray sizeOfArray:(int) 

{ 

    int intGet = 0; 

    for (int i=1; i<n; i++) 

    { 

        for (int j=0; j<n-1; j++) 

        { 

            if (intArray[j]>intArray[j+1]) 

            { 

                intGet = intArray[j]; 

                intArray[j] = intArray[j+1]; 

                intArray[j+1] = intGet; 

            } 

        } 

    } 

    intGet = intArray[n/2]; 

    return intGet; 

} 

 

+ (cv::Mat) normImg: (cv::Mat) iImg 

{ 

    Mat oImg, gImg, tImg; 

    // Crop to the middle part 

    int roiLeft = iImg.cols*0.4; 

    int roiTop = iImg.rows*0.2875; 

    int roiWidth = iImg.cols*0.21; 

    int roiHeight = iImg.rows*0.4; 

    tImg = iImg(cvRect(roiLeft, roiTop, roiWidth, roiHeight)).clone(); 

    oImg = [openCV1 contrastEnhance:tImg]; 

 

    NSArray *docPath = 

NSSearchPathForDirectoriesInDomains(NSDocumentDirectory,NSUserDomainMask, YES); 

    NSString *documentsPath = [docPath objectAtIndex:0]; 

    NSString *filePath22 = [documentsPath 

stringByAppendingPathComponent:@"enhanced.png"]; 
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    UIImage *tempImage22 = [UIImageCVMatConverter UIImageFromCVMat:oImg]; 

    [UIImagePNGRepresentation(tempImage22)writeToFile: filePath22    atomically:YES]; 

 

    threshold(oImg, tImg, 0, 255, CV_THRESH_BINARY | CV_THRESH_OTSU); 

    medianBlur(tImg, oImg, 3); 

 

    //calculate the number of white pixels 

    int aa = 0; 

    for (int i = 0; i < oImg.rows; i++) { 

        for (int j = 0; j < oImg.cols; j++) { 

            if (oImg.at<uchar>(i,j) == 0) { 

                aa++; 

            } 

        } 

    } 

    if (aa < (blackPxl-500)) { 

        Mat newImg; 

        float ratio = blackPxl/(float)aa; 

        resize(oImg, newImg, cvSize(oImg.cols*sqrt(ratio), oImg.rows*sqrt(ratio))); 

        int width = oImg.cols*sqrt(ratio); 

 

        int roiLeft = (width - oImg.cols)/2; 

        int roiWidth = oImg.cols; 

        int roiHeight = oImg.rows; 

        oImg = newImg(cvRect(roiLeft, 0, roiWidth, roiHeight)).clone(); 

    }else if(aa > (blackPxl+500)){ 

        Mat newImg; 

        float ratio = blackPxl/(float)aa; 

        resize(oImg, newImg, cvSize(oImg.cols*sqrt(ratio), oImg.rows*sqrt(ratio))); 

        int width = oImg.cols*sqrt(ratio); 

        int height = oImg.rows*sqrt(ratio); 

        Mat image(cvSize(oImg.cols, oImg.rows),CV_8UC1, Scalar(255)); 

        Mat imageROI = image(cvRect((oImg.cols - width)/2, 0, width, height)); 

        newImg.copyTo(imageROI); 

        oImg = image; 

    } 

    NSString *filePath44 = [documentsPath stringByAppendingPathComponent:@"resized.png"]; 

    UIImage *tempImage44 = [UIImageCVMatConverter UIImageFromCVMat:oImg]; 

[UIImagePNGRepresentation(tempImage44)writeToFile: filePath44    atomically:YES]; 

 

    // Detect lines 

    Canny(oImg, tImg, 80, 170, 3); 

    return tImg; 

} 
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APPENDIX B 

OBJECTIVE-C AND C++ HYBRID CODING IMPLEMENTATION OF TRAINING 

CLASSIFIER 

 

// Train the program 

 

+ (int) Train 

{ 

  //http://docs.opencv.org/modules/contrib/doc/facerec/facerec_tutorial.html#eigenfaces-in-

opencv 

    Mat img; 

    vector<Mat> container; 

    Mat edges(2*ObjHeight, 1, CV_32F); 

    vector<int> labels; 

    int label; 

    string imgNameLine; 

    string imgName; 

    NSArray *docPath = 

NSSearchPathForDirectoriesInDomains(NSDocumentDirectory,NSUserDomainMask, YES); 

    NSString *documentsPath = [docPath objectAtIndex:0]; 

    NSString *filePath = [documentsPath stringByAppendingPathComponent:@"test.txt"]; 

    string address=[filePath cStringUsingEncoding:NSUTF8StringEncoding]; 

 

    ifstream input(address); 

    if (!input.is_open()){ 

        [[[UIAlertView alloc] initWithTitle:@"ERROR:" message:@"Can not open the file. " 

delegate:nil cancelButtonTitle:@"OK" otherButtonTitles:nil] show]; 

        return -1; 

    } else { 

        while(getline(input, imgNameLine)) { 

            if (imgNameLine.length() == 0) { 

                continue; 

            } 

        

            unsigned long start = imgNameLine.find(';', 0); 

            unsigned long end = imgNameLine.find(';', start +1); 

            string labelStr = imgNameLine.substr(start+1, end-start); 

        

            stringstream temp; 

            imgName = imgNameLine.substr(0, start); 

            NSString *imgNameNS = [NSString stringWithFormat:@"%s",imgName.c_str()]; 

            NSString *picPath = [documentsPath stringByAppendingPathComponent:imgNameNS]; 

            UIImage *tempPic = [UIImage imageWithContentsOfFile:picPath]; 

            img = [openCV1 normImg:[UIImageCVMatConverter cvMatFromUIImage:tempPic]]; 
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//save the normalized images 

 

            UIImage *tempImage = [UIImageCVMatConverter UIImageFromCVMat:img]; 

            NSString *tempImgName = [NSString stringWithFormat:@"%@ norm.png", 

imgNameNS]; 

            NSString *tempImgPath = [documentsPath 

stringByAppendingPathComponent:tempImgName]; 

            [UIImagePNGRepresentation(tempImage)writeToFile: tempImgPath    atomically:YES]; 

 

            temp << labelStr; 

            temp >> label; 

            labels.push_back(label); 

            edges = [openCV1 idObjFeature:img]; 

            container.push_back(edges); 

        } 

    } 

 

    if(container.size() <= 1) { 

        string error_message = "Please add more images to your data set."; 

        CV_Error(CV_StsError, error_message); 

    } 

 

    NSString *tempFilePath = [documentsPath 

stringByAppendingPathComponent:@"idObj.yml"]; 

    string ymlFilePath=[tempFilePath cStringUsingEncoding:NSUTF8StringEncoding]; 

    NSString *tempFilePath2 = [documentsPath 

stringByAppendingPathComponent:@"data.yml"]; 

    string ymlFilePath2=[tempFilePath2 cStringUsingEncoding:NSUTF8StringEncoding]; 

    Ptr<FaceRecognizer> model2 = createEigenFaceRecognizer(80); 

    model2->train(container, labels); 

model2->save(ymlFilePath2); 

 

    //save mat 

 

    NSString *tempFilePath3 = [documentsPath stringByAppendingPathComponent:@"mat.txt"]; 

    NSMutableData * bsData = [[NSMutableData alloc] init]; 

    for (int i = 0; i < 2*ObjHeight; i++) { 

        NSString * str =[[NSString alloc] initWithFormat:@"%f ", edges.at<float>(i)]; 

        NSData *temp = [str dataUsingEncoding:NSUTF8StringEncoding]; 

        [bsData appendData:temp]; 

    } 

 

    [bsData writeToFile:tempFilePath3 atomically:YES]; 

    return 0; 

}  
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APPENDIX C 

OBJECTIVE-C AND C++ HYBRID CODING IMPLEMENTATION OF OBJECT 

RECOGNIZATION 

 

 

// Recognizing an object 

 

+ (int) idObjRec: (cv::Mat) iImg 

{ 

    int recObj; 

    double confid=100; 

    cv::Mat tImg; 

    cv::Mat eImg; 

 

    NSArray *docPath = 

NSSearchPathForDirectoriesInDomains(NSDocumentDirectory,NSUserDomainMask, YES); 

    NSString *documentsPath = [docPath objectAtIndex:0]; 

    NSString *filePath = [documentsPath stringByAppendingPathComponent:@"data.yml"]; 

    string address=[filePath cStringUsingEncoding:NSUTF8StringEncoding]; 

 

    if (![openCV1 modelExist: address]){ 

        [[[UIAlertView alloc] initWithTitle:@"ERROR:" message:@"Training not complete. " 

delegate:nil cancelButtonTitle:@"Okay" otherButtonTitles:nil] show]; 

        [openCV1 idObjTrain]; 

    } 

 

    Ptr<FaceRecognizer> model1 = createEigenFaceRecognizer(80); 

    model1->load(address); 

    tImg=[openCV1 normImg: iImg]; 

    eImg = [openCV1 idObjFeature:tImg]; 

    model1->predict(eImg, recObj, confid); 

    NSLog(@"Confid is: %f", confid); 

    return recObj; 

} 

 

+ (cv::Mat) idObjFeature:(cv::Mat)iImg 

{ 

    int r = iImg.rows; 

    int c = iImg.cols; 

    int i,j; 

    int left[r], right[r]; 

    int min, max; 

    int minLeft, minRight, maxLeft, maxRight; 

int flag; 
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    Mat edges(2*ObjHeight, 1, CV_32F); 

    for (i = 0; i < r; i ++) { 

        min = c; 

        max = 0; 

 

        for (j = 0; j< c;  j ++) { 

            if(iImg.at<uchar>(i,j)>150){ 

                if (max<j) { 

                    max = j; 

                } 

                if (min>j) { 

                    min = j; 

                } 

            } 

        } 

        left[i] = min; 

        right[i] = c - max; 

    } 

    flag = 0; 

    for (i = 0; i < 2 * ObjHeight; i++) { 

        edges.at<float>(i) = 0; 

    } 

    for (i = 0; i < r; i++) { 

        if (left[r-1-i] != c || right[r-1-i] != c) { 

            if (flag == ObjHeight) { 

                break; 

            } 

            edges.at<float>(flag) = left[r-1-i]; 

            edges.at<float>(ObjHeight + flag) = right[r-1-i]; 

            flag ++; 

        } 

    } 

    minLeft = c; 

    minRight = c; 

    maxLeft = 0; 

    maxRight = 0; 

    for (i = 0; i < ObjHeight; i++){ 

        if (edges.at<float>(i)>maxLeft) maxLeft=edges.at<float>(i); 

        if (edges.at<float>(i)<minLeft) minLeft=edges.at<float>(i); 

        if (edges.at<float>(i+ObjHeight)>maxRight) maxRight = edges.at<float>(i+ObjHeight); 

        if (edges.at<float>(i+ObjHeight)<minRight) minRight = edges.at<float>(i+ObjHeight); 

    } 

    for (i = 0; i < ObjHeight; i++) { 

        edges.at<float>(i) = edges.at<float>(i) - minLeft; 

        edges.at<float>(i+ObjHeight) = edges.at<float>(i+ObjHeight) - minRight; 

    } 
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    float sumLeft=0, sumRight=0; 

    float avgLeft, avgRight; 

    float stddLeft=0, stddRight=0; 

    for (i = 0; i<ObjHeight; i++) { 

        sumLeft += edges.at<float>(i); 

        sumRight += edges.at<float>(i+ObjHeight); 

    } 

 

    avgLeft = sumLeft/ObjHeight; 

 

    avgRight = sumRight/ObjHeight; 

    for (i = 0; i<ObjHeight; i++) { 

        stddLeft += pow((edges.at<float>(i) - avgLeft),2); 

        stddRight += pow((edges.at<float>(i+ObjHeight) - avgRight), 2); 

    } 

    if (stddLeft<stddRight) { 

        float tempVal; 

        for (i = 0; i<ObjHeight; i++) { 

            tempVal = edges.at<float>(i); 

            edges.at<float>(i) = edges.at<float>(i+ObjHeight); 

            edges.at<float>(i+ObjHeight) = tempVal; 

        } 

 

        for (i = 0; i < ObjHeight; i++) { 

            edges.at<float>(i) = edges.at<float>(i)/(maxRight - minRight); 

            edges.at<float>(i + ObjHeight) = edges.at<float>(i + ObjHeight)/(maxLeft - minLeft); 

        } 

    }else{ 

        for (i = 0; i < ObjHeight; i++) { 

            edges.at<float>(i) = edges.at<float>(i)/(maxLeft - minLeft); 

            edges.at<float>(i + ObjHeight) = edges.at<float>(i + ObjHeight)/(maxRight - minRight); 

        } 

    } 

    return edges; 

} 

// Check if a model exists 

 

+ (bool) modelExist: (const std::string &) name 

{ 

  ifstream modelFile; 

  modelFile.open(name.c_str()); 

  if(!modelFile) return false; 

  return true; 

} 

@end 
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