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Given the increasing number of mobile platforms, a key technical challenge is how to 

provide an optimal photo browsing experience given the limited screen size available on 

mobile devices. This paper proposes a novel technique for intelligent mobile image cat-

egorization to reduce computation complexity on the Android mobile platform. In this 

technique, captured images are analyzed directly in JPEG format and then classified in 

real-time based on the gender of the human subjects appearing in the image. To increase 

system robustness in various light conditions, DC coefficients are discarded. In addition, 

to reduce complexity while effectively differentiating subject gender, a set of AC coeffi-

cients are automatically selected based on a three-step dimensionality reduction, in 

which evaluation of the coefficients’ significance is conducted by an LDA-based ap-

proach. Experimental results obtained using extensive datasets captured under uncon-

trolled conditions show the proposed system effectively manages photo on re-

source-limited mobile platforms. 
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1. INTRODUCTION 
 

While innovative and light-weight applications have been developed for mobile platforms, 

the relative lack of computing power on mobile devices still poses an important obstacle 

to tasks related to multimedia processing, such as image recognition and detection. The 

increasing maturity of mobile device hardware and newly developed operating systems 

(e.g. Android) have put a new focus on this issue. At the same time, many smart phone 

users have abandoned their single-purpose digital cameras for the convenience and in-

creased quality of the cameras built into their phones, but the photo browsing experience 

is hampered by the limited screen size available in the device. Increasing photo browsing 

efficiency would allow smart phone users to save time and reduce battery use. To this end, 

we have developed an intelligent photo management system for use on resource-limited 

mobile platforms. Photos are analyzed directly in a compressed format (e.g., JPEG) and 

then classified according to the human subject’s gender.    

Chen and Lin [2] selected color and edge features to construct a robust gender recogni-

tion system. Ramesha et al. [3] applied Posteriori Class Probability on gender classifica-

tion according to the texture and shape of facial images. Kekre et al. [4] applied Principal 

Component Analysis (PCA) to evaluate the Euclidian distance of test images taken from a 

database. Most approaches to automatic gender recognition have focused on 

high-resolution images of a complete frontal face. However, while higher resolution allow 

for more features to be extracted, processing these images entails a higher computation 

cost. Most smart phones store images in JPEG format, thus our primary concern is to 
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conduct feature extraction process on compressed images. Kim et al. extracted features in 

the DCT domain for image retrieval [5]. Qing and Jiang [6] showed that DCT features 

under JPEG compression could be trained to provide good classification results for 

frontal faces with low-dimensionality. Research has also been conducted into DCT-based 

gender recognition, with Mozaffari et al. [14] employing both appearance-based features 

and geometric-based features in their gender recognition system, using DCT and LBP to 

identify appearance features. Sun et al. [15] applied PCA to reduce image dimensions to 

a feature vector, using the genetic algorithm (GA) to select gender-representative subset 

features from the reduced dimensions. Their results compared favorably with four differ-

ent classifiers: linear discriminate analysis (LDA), support vector machines (SVM), neu-

ral network (NN), and Bayesian decision making. However, the previously proposed ap-

proaches have difficulty extracting features given uncontrolled environmental conditions 

(e.g., highly variable luminance and background clutter) and limited photo resolution. 

Attempts have been made to extract features from internal and/or external facial zones. In 

[7], features are computed from both external and internal face zones. The internal fea-

tures are composed of the eyes, nose and mouth while the external features are located in 

the head, ears and chin. This fragment-based extraction of facial features shows that the 

external facial zone can provide rich information for gender recognition. However, per-

formance is affected by a lack of clear definition between the external zones and the 

background, which could result in extracted features including some of the background 

regions. Therefore, the proposed approach focuses on the internal facial zone.  

Prior to processing, a feature set requires a training dataset and an effective training ap-

proach. Mayo and Zhang [8] collected an extensive dataset and added deliberately misa-

ligned faces to improve the accuracy of gender recognition. Several well-known training 

approaches include support vector machines (SVM) [9-10], Adaboost [11-12], and neural 

networks, with the Adaboost classifier proving to be the most efficient [13]. Since re-

al-time performance is an important concern in our proposed approach, Adaboost ap-

proach is adopted in our work, and the Viola-Jones face detector [1] is used for prepro-

cessing work prior to the gender recognition process. 

 

The rest of the paper is organized as follows. Section 2 introduces the proposed gender 

recognition method for compressed images. Section 3 presents and discusses experi-

mental results, and conclusions are drawn in Section 4. 
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2. GENDER RECOGNITION IN COMPRESSED IMAGES 

Facial recognition is a necessary precondition for gender recognition. The Viola-Jones 

face detector is adopted due to its relatively light computation loading, without which 

real-time processing would be difficult, especially when computing weak features via 

integral images. For robust gender recognition, an important concern is reducing the in-

terference from the regions transitioning between the subject’s hair and the background; 

thus the proposed method focuses on the internal facial zone. The internal facial zone gM 

is obtained by normalizing the gray-scale image g with a mask M the same size as g by 

 

),(),(),( jiMjigjigM  ,                               (1) 

 

where  is the and operator. Figure 1 shows an example of a general mask, a frontal face 

and its corresponding masked face. 

 

(a)   (b)   (c)  

Fig. 1. (a) A size-normalized mask M, (b) original frontal face g and (c) the correspond-

ing masked face gM. 

 

To extract useful features from the masked face, the significant DCT coefficients 

should be evaluated and selected based on their response in the specific facial position. 

However, the level of complexity of feature extraction under the DCT domain is still 

largely determined by the resolution of the source images. Therefore, a novel three-step 

approach is proposed for reducing dimensionality. 

 

2.1 Potential Visual Patterns in Significant Local Blocks 

 

To determine the potential visual patterns for a given facial image, we first identify the 

significant local blocks that could potentially contribute to gender classification, and then 

choose reasonable visual patterns in each block. This is accomplished by evaluating the 

variations between coefficients for male and female. The average coefficient set for each 

class (i.e., the matrix C) is first computed using the training dataset by 
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where Gn is a coefficient matrix in the coordinate (u, v) under the DCT domain, (1/Nm) 

and (1/Nf) are the normalization factors, and m and f represent male and female. The var-

iance matrix  is obtained by 

 

),(),(),( vuCvuCvu fm  .                                (4)  

 

A local block is considered significant if there exists any value  larger than a threshold 

in that block. Figure 2 illustrates the identification of the significant local blocks. Subse-

quently, for each selected block, parts of DCT coefficients are retrieved as our training 

data for further dimensionality reduction in the feature space. Based on JPEG image 

compression, an image is divided into 88 blocks, each of which invokes DCT and quan-

tization, yielding a coefficient matrix where a sub-block has 1 DC coefficient and 63 AC 

coefficients. The source data in the particular sub-blocks can be represented by the linear 

combination of the product of these coefficients and their corresponding frequencies. 

However, some of the sub-blocks do not appear in facial images. Thus we choose the 

reasonable visual patterns for each local block based on facial appearance. In Fig. 3, the 

most relevant patterns are selected to approximate the content of a certain block. Eventu-

ally, a map of representative visual patterns is obtained, as shown in Fig. 4. Note that, in 

this step, the selection of visual patterns implicitly indicates that the complexity of the 

proposed approach is further reduced. 

 

(a)     (b)  

Fig. 2. Significant local blocks measured by the proposed approach are marked by dots. 

The masked faces shown in (a) and (b) are male and female, respectively. 
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Fig. 3. The relevant patterns in each significant local block are selected from DCT bases 

for the further selection of a coefficient set. 

 

 

 

Fig. 4. Map of representative visual patterns, demonstrated in an image with 6×6 

sub-blocks, where the gray areas had previously been discarded according to the variance 

matrix . Potential visual patterns are selected for each significant local block to form α 

coefficient candidates. 

 

 

2.2 LDA-based Coefficient Set Selection 

 

Representative coefficients are automatically selected from the obtained potential coeffi-

cient set using linear discriminant analysis (LDA) [16], which not only further reduces the 

dimensionality, but also obtains an optimal solution (i.e., an input coefficient set that 

yields extreme performance).  
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Our goal is to find the between-class scatter and within-class scatter between male and 

female facial images. First, let X be one element in a set of classes to be classified (e.g., 

}'','{' fmX  , where m and f represent male and female,  is the number of classes, and 

i is the i-th class). Considering an input coefficient set  having a number of N coeffi-

cients, we use X

ki ),(  to denote the k-th coefficient value of the i-th sample in X, where 

k{1, 2, …, N} and i{1, 2, …, NX}, given a number of NX samples and a total number 

of N samples. Note that ),(),( vuC XX

ki  , where u and v are the corresponding coordi-

nates in the DCT domain.  

To determine the set of representative coefficients, we estimate the effectiveness of a 

given coefficient set  by finding the ratio of the between-class scatter and within-class 

scatter between male and female image data, yielding an objective function . That is,  

                                   (5) 

 

where the goal is to maximize Sb and minimize Sw to eventually obtain the extreme value 

of , where the between-class scatter Sb is be determined by 

 

                           (6) 

 

and the within-class scatter Sw is obtained by  

 

                           (7) 

 

It should be noted that  with different number of coefficients maps to different extreme 

values according to the input data set. Thus, considering the application platform, a 

smaller feature space dimensionality is preferred. Finally, based on LDA, the representa-

tive coefficient set is obtained while the representative coefficient of all the training data 

is further trained by the Adaboost algorithm for a two-class learning process. 

3. EXPERIMENTAL RESUTLS 

This section further discusses some current issues with mobile platforms, and describes 

experiments conducted on the Google Nexus One with a 1GHz CPU and 512 MB of 

RAM, running Android 2.3.4. 

 

3.1. System Overview 

 

Figure 5 illustrates the system framework. To increase system friendliness and compati-

bility with current applications, a camera intent and gallery intent are called when needed, 

and real-time processing (i.e., facial detection and gender recognition) is then performed 

on the partially-decoded photos. Similarly, the gallery intent allows users to import pho-
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tos from external sources. 

 

 

Fig. 5. Proposed structure on the Android mobile platform. 

 

Following facial recognition, the resulting data is written into an XML file which of-

fers advantages in its flexibility and tree-like structure. The XML analyzer has two tasks: 

first to find the photos to be displayed in the album’s entrance page which features 6 

pre-defined categories, and second to determine the corresponding list of photos for a 

given category. Each category is related to an ImageButton in the GUI bearing a repre-

sentative photo. Touching this button allows users to efficiently browse the correspond-

ing photos. Figure 6 shows the layout of an empty album, while Fig. 7 shows the entire 

workflow.  
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Fig. 6. Layout of an empty album. Each category is defined as follows: (1) 2 people who 

are close (2) single male (3) single female (4) 1 male and 1 female (5) small group (3~5 

people) (6) large group (6 or more people) 

 

 

Fig. 7. Demonstration of the proposed working process. 

 

1    2   3    4 
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3.2. Proper Resolution for Facial Detection 

 

To maximize computation efficiency, a photo should be resized prior to facial detection. 

A single photo may provide different facial detection results depending on image reso-

lution. Thus, performance depends on image resolution and the number of faces in an 

image. The proper resolution is defined as one which provides improved overall score 

performance and stability for multiple faces.  

 

For a set of faces denoted by , the scores for a given resolution are calculated by 
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where S (n) is the score (i.e., number of faces detected) given n faces actually appearing 

in the photo. Figure 8 illustrates the results, with the number of faces appearing in the 

test photo set ranging from 2 to 14. The photos are then resized to 4 commonly-used 

sizes (640×480, 800×600, 1024×768 and 1280×960 pixels), with 800×600 generally 

providing the best results. 

 

We collected 100 photos with different lighting conditions, scales of facial images and 

number of faces (with a maximum of 14 faces in a single photo). In all, 720 faces ap-

peared in the photos. The detection process was run 10 times on each photo at each res-

olution, with Table 1 showing the average processing time required per photo and per 

face for the different resolutions. 

 

The 800×600 images provided best overall performance in terms of computation effi-

ciency and effectiveness, and were thus adopted as the standard resolution for facial 

detection. The resolution 800×600 outperforms other resolutions since the facial sizes in 

common real life photos meet the facial size of training dataset and the requirement of 

face detector [1]. Figure 9 presents the facial detection and gender recognition results 

for some sample snapshots. 
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Fig. 8. Cumulative scores obtained with different photo resolutions. 

Table 1. Computation time for facial detection on 100 test photos under different condi-

tions. 

Resolution 640×480 800×600 1024×768 1280×960 

Average time 

per photo (sec) 
0.848 1.360 2.246 3.321 

Average time 

per face (sec) 
0.118 0.189 0.312 0.461 

 

  

  
Fig. 9. Sample results of facial detection and gender recognition. The gender of each 

detected face is indicated by the color of the rectangles, with blue for male and red for 

female. 

 

3.3. Performance Evaluation of Gender Recognition 

 

The performance of the proposed gender recognition system was evaluated by measur-

ing precision with respect to different sets of coefficients based on 846 faces collected 

from 300 real-life photos. Given the requirement to reduce complexity, coefficients 

greater than 32 were discarded.  

 

We begin by examining how -value serves as an indicator of precision given different 

numbers of coefficients (N). As shown in Table 2, each group N  has 4 coefficient 

sets obtained from different significant visual patterns in the coefficient set selection. 

It’s clear that peak performance for a certain N could be achieved as the coefficient set 

with the maximum -value is obtained, as illustrated in Fig. 10. 
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Table 2. Results of 16 sets of test coefficients, where the asterisk indicates a maximum 

value in a given group. 

N No.  Precision 

4 

1 0.00395 62.3% 

2 0.06335 65.6% 

3 0.13916 68.9% 

4 *0.49891 73.8% 

8 

5 0.00252 63.9% 

6 0.08000 66.0% 

7 0.13900 73.8% 

8 *0.57016 82.0% 

16 

9 0.00620 65.0% 

10 0.03320 75.4% 

11 0.10113 78.7% 

12 *0.38565 90.2% 

32 

13 0.00101 73.8% 

14 0.02379 75.4% 

15 0.10249 78.7% 

16 *0.23457 88.5% 
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(d) 

Fig. 10. Performance with respect to different -values under a given N. This illustrates 

that the -value could serve as an indicator of precision for the proposed scheme. (a) 

N=4, (b) N=8, (c) N=16, and (d) N=32. 

 

 

Table 3. Results of 32 sets of coefficients with different values for N. Each -values is 



DUAN-YU CHEN AND JENG-TSUNG TSAI 

 

12 

 

the maximum values in its group. 

N  Precision N  Precision 

1 0.28521 75.4% 17 0.40603 86.9% 

2 0.41300 75.4% 18 0.43238 83.6% 

3 0.42605 72.1% 19 0.38883 83.6% 

4 0.49891 73.8% 20 0.34580 82.0% 

5 0.51349 72.1% 21 0.32841 82.0% 

6 0.54141 75.4% 22 0.31997 80.3% 

7 0.58044 80.3% 23 0.30376 80.3% 

8 0.57016 82.0% 24 0.29115 80.3% 

9 0.61224 80.3% 25 0.28391 80.3% 

10 0.53963 80.3% 26 0.27855 80.3% 

11 0.51098 80.3% 27 0.27490 83.6% 

12 0.48778 80.3% 28 0.27217 83.6% 

13 0.47785 80.3% 29 0.26815 83.6% 

14 0.41256 82.0% 30 0.24564 83.6% 

15 0.40131 85.2% 31 0.24211 85.2% 

16 0.38565 90.2% 32 0.23457 88.5% 
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Fig. 11. Performance with respect to different numbers of coefficients considering their 

-value. 

 

Through the proposed approach, overall recognition precision exceeds 80% with dif-

ferent settings of N. However, achieving optimal recognition rates requires that all cases 

of N be covered. Thus, a suitable number of coefficients is determined according to Ta-

ble 3, resulting in recognition rates of about 90% given a feature vector with 16 signifi-

cant coefficients selected by the proposed approach. It should be noted that the number of 
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coefficients is still the dominant factor in determining the adequacy of information pro-

vided by the feature vector, and too few N results in unacceptably low recognition rates. 

Table 4 presents gender recognition performance for an image with one face under dif-

ferent clock rates. The average running time for three clock rates commonly found in 

mobile phones indicates that our proposed system can achieve acceptable real-time per-

formance. As shown in Fig. 12, the proposed approach was run on two extra datasets with 

a total of 1300 frontal facial images, evenly divided between male and female, under the 

same resolution settings as in previous experiment to evaluate performance for frontal 

faces. The proposed approach clearly works well for staged photos. For performance 

comparison, using the settings and SUMS dataset adopted in Nazir et al. [17] for gender 

recognition in compressed images, the proposed approach outperforms Nazir’s results 

with a 99.5% recognition accuracy rate with fewer DCT coefficients. The results obtained 

better than [17] since the coefficients employed in our approach are systematically se-

lected based on their discrimination ability. Therefore, with fewer but more representative 

DCT coefficients, our proposed approach achieves promising results.  
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(a) 

 
(b) 

Fig. 12. Additional datasets for performance evaluation. (a)ID photos (b)Stanford medi-

cal student face database. 

 

Table 4. Computation time to obtain gender for single-face images under different clock 

rates, where the asterisk indicates the native clock rate. 

 

Clock rate (approx.) 1 GHz* 800 MHz 500 MHz 

Average running time 

per face (sec) 
0.211 0.294 0.434 

 

Table 5. Performance comparison between different datasets. 

 

Proposed 

approach 

Dataset Precision 

Real-life Photos 90.2% 

SUMS 99.5% 

ID Photos 99.6% 

Nazir et al. [17] SUMS 99.3% 

 

3.4. User Interface Layout 

 

Figure 13 presents the proposed system GUI, featuring a representative photo for each of 

the 6 categories, along with one additional male photo as the input sample. All photos are 

real-life images, and the intelligent photo management system is expected to classify each 

photo to the correct categories. Though it’s not displayed in the album entrance page, the 

additional male photo will be shown after clicking the representative photo in the 

ImageButton of 1M (i.e., category No. 2). Figure 13 also indicates that the recognition 

process works well on input photos captured under different environmental conditions 

(e.g., number of people and illumination). 
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Fig. 13. Demonstration of the system GUI and resulting 6 categories. 

4. CONCLUSION 

A novel technique is proposed for automatically managing images on mobile devices. 

Images captured on mobile platforms are analyzed directly in JPEG format for real-time 

classification based on the human subject’s gender. To increase system robustness in 

various lighting conditions, DC coefficients are ignored and a set of AC coefficients are 

selected automatically. Principal components of faces in the DCT domain used for gender 

discrimination are also investigated to reduce complexity. Experimental results obtained 

by using extensive datasets captured under uncontrolled conditions show the proposed 

system effectively and reliably categorizes photos on resource-limited mobile platforms. 
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