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Abstract—Hand signal recognition is investigated in this report to 

enable automatic picture taking. We propose a method of hand 

signal recognition consisting of two phases, static face detection 

and hand gesture detection. Face detection is based on the Haar-

like features algorithm. The hands are detected via skin-color 

matching. Region labeling is then used to recognize some specific 

hand gestures. Once the predefined hand signal is found, picture 

taking can be triggered automatically.  
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I.  INTRODUCTION  

Automatic group picture taking has always been an 
inconvenience in daily life. When we want to take a group 
picture (using a tripod for example) and there is no one around 
to help, the camera operator needs to set the timer on the 
camera and quickly run into the view of the picture to be taken. 
If multiple shots are wanted, the camera operator will have to 
make multiple trips back to the camera, which is very 
troublesome. Some cameras support remotely controlled 
picture taking, but the infrared controller is an extra gadget that 
needs to be carried around, and it can easily be misplaced. 
Thus, it is very desirable to have more efficient automatic 
picture taking techniques. 

In this report, we propose a hand signal recognition 
algorithm to trigger the automatic picture taking. Our hand 
signals are some predefined gestures made in a certain area 
under the face. First, we conduct face detection to get the 
position of the faces. Relative static face positions are the first 
criteria. Then, in predefined area under the face, hand gesture 
recognition will be performed to look for the specific hand 
signal indicating ready to take the picture. We attempted to 
implement this automatic picture taking application on the 
Motorola Android phone.  

The remaining part of the report is organized as following. 
In Section II, we review some prior work on automatic picture 
taking and feature detection algorithms. In Section III, our 
proposed automatic picture taking via hand signal detection 
will be introduced in more detail. In Section IV, simulation and 
experiment results from Matlab and the real-time Android 
implementation will be discussed. Finally, the report will be 
concluded in Section V.  

II. PRIOR AND RELATED WORK 

Hand gestures can be classified as macro gestures and 
micro gestures. Macro gestures vary with different positions of 
the hands relative to the human body. Micro gestures vary with 
the relative position of the fingers of the hand. Various 
algorithms to detect hand gestures have been proposed in 
research [1-7].  

Macro hand gestures can be detected by a vertical or 
horizontal histogram of the preview image [1]. This method 
assumes a static background. When a person enters the view, a 
binary mask of the person is obtained and its vertical histogram 
is analyzed. When one or both hands are raised to different 
positions, the peaks in the histogram change. Different 
histogram patterns correspond to different hand gestures. This 
algorithm is easy to implement but it only works for a few 
persons with a static background. 

One way to detect micro hand gestures is employing the 
local orientation histogram by Freeman and Roth [2]. This 
algorithm depends on the feature vector orientation histogram 
used in pattern recognition systems by McConnel [3]. It forms 
a histogram based on the orientation of edges in an image. The 
major limitation of this algorithm is that the object should 
occupy a considerable amount of area in the image because 
small objects have little impact on the orientation histogram.  
Another representative approach is the use of Adaboost with 
SIFT by Wang and Wang [4]. The discrete Adaboost learning 
algorithm with Lowe’s scale invariant feature transform (SIFT) 
is employed. Bretzner also proposed a hand gesture recognition 
scheme using multi-scale color features, hierarchical models 
and particle filtering [5]. Fang and Wang used scale space 
feature detection such as Blob and Ridge detection to recognize 
certain hand gestures [6]. MacLean and Herpers used skin-tone 
blobs around the face area to detect the hands and the number 
of fingers to differentiate gestures [7]. For our application, 
these algorithms were either too complex to implement in real-
time on the Android phone, or were only limited to specific 
training gestures. 

III. METHODOLOGY 

In order to be implemented in real-time systems, the hand 
gesture detection algorithm for automatic picture taking has to 
meet certain criteria, such as fast processing time and low 
computation complexity. The recognition also should be robust 
to some easy-to-follow gestures.   



Two phases of feature detection are conducted to trigger the 
picture taking automatically as illustrated in Figure 1. The first 
phase is static face detection as described in Part A in detail. 
The algorithm first looks for faces in the preview image. Then, 
several consecutive images are compared until the relative 
positions of the faces are approximately the same. Static face 
position is the first indicator that people are ready to take the 
pictures.  The second phase is to detect the hand gesture in a 
certain area under the face as discussed in Part B. The hands 
are first detected using a skin-color filter. Then the gesture will 
be analyzed to determine whether it fits the predefined pattern. 
Once the hand gesture is detected, the picture taking will be 
triggered automatically. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Flowchart of the automatic picture taking algorithm 
 

A. Static Face Detection 

Haar-like feature detection proposed by Viola and Jones is 
selected for the static face detection phase due to its fast 
processing time [8, 9].  A Haar-like feature considers adjacent 
rectangular regions at a specific location in a detection window, 
sums up the pixel intensities in these regions and calculates the 
difference between them. This difference is then used to 
categorize subsections of an image. In the detection phase of 
the Viola-Jones object detection framework, a window of the 
target size is moved over the image. For each subsection of the 
image, the Haar-like feature difference is calculated and 
compared to a learned threshold that differentiates the face 
from other objects. To detect the face with sufficient accuracy, 
a large number of Haar-like features are cascaded to form a 
strong classifier. The key advantage of Haar-like feature 
detection is its fast computation time; the complexity is a 
constant despite the size of the feature. 

Face detection is performed for the preview image frames 
of the camera. Once faces are detected, their locations are 
stored and compared with the previous frame. The difference 
between the face locations from one frame to another is 
measured by the root mean square (RMS) difference of the 
position coordinates of the face locations. If the RMS values 
are below a certain threshold and the locations of faces are 
approximately the same for several consecutive frames, then 
the people in the preview image are assumed to be almost 
ready to take the picture. Finally, the hand gesture detection 
algorithm will be triggered.  

B. Hand Gesture Detection 

This phase contains two steps, hand detection and gesture 
recognition. Hand gestures are assumed to be made in front of 
the chest to narrow down the window to detect the hands and 
allow the algorithm to be more efficient. The ready-to-take-
picture gesture is predefined as follows: an area of non-skin, 
surrounded by an area of skin. An example of two hands 
forming this enclosed area is shown in Figure 2. This gesture 
will give users enough flexibility as they can make any shape, 
as long as they enclose a region of non-skin. It also enables 
relative easy implementation of the robust gesture recognition. 

 

Figure 2: An example of a ready-to-take-picture hand 
gesture 

 

Hands are detected by skin-color filtering. First, a skin-
color MAP detector is obtained via training. Group images 
with different skin tones are used as training images. Skin areas 
on these images are manually masked to serve as reference 
images. These images can be used to train a multidimensional 
MAP detector to differentiate between skin and non-skin 
pixels. Then, this MAP detector can be employed to detect the 
skin-tone pixels in the area below faces. After some post 
processing to remove small region noise, a binary mask of the 
hand regions is obtained. If desired, some dilation of the hand 
regions can also be performed to obtain a more distinct region 
for the gesture detection. 

As previously mentioned, the ready-to-take-picture gesture 
must result in an enclosed area of non-skin surrounded by skin 
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in the obtained binary mask. This enclosed area can be 
recognized via region labeling. If the gesture is assumed to be 
made at the center of the chest area being observed by the 
algorithm, then the regions above and below the hand region 
(regions at the top edge and bottom edge of the detection 
window) can be ignored or grouped as one large background 
region. Once this is done, all that is left to do is to search for a 
region that is neither the background region nor the hand 
region. If such a region exists, then it must be a non-skin region 
enclosed by skin, and the picture taking algorithm is triggered.  

IV. SIMULATION AND EXPERIMENTAL RESULTS 

Simulations were conducted in Matlab for skin (face and 
hands) detection as well as for hand gesture recognition. An 
automatic picture taking application for the first phase of the 
criteria—the static face detection phase—was developed on the 
Android phone. The second phase of the criteria—hand gesture 
recognition—was not implemented on the Android due to time 
limitations. In this section, we will show the simulations and 
experiment results for both phases: static phase detection and 
hand gesture recognition. 

A. Static Face Detection 

The skin-color MAP detector was first considered for face 
detection. However, this algorithm has a computation 
complexity of O(n) and takes a longer time to execute for 
larger images. It takes about 1 second to filter an image of size 
640x480 pixels in Matlab on a computer. It is expected to take 
a much longer time to process in the Android phone. Thus, the 
skin-color MAP detector is not a good choice for face 
detection. 

Using the Haar-like features for face detection, in contrast, 
has a constant time computational complexity and thus is much 
more efficient than the skin-color MAP detection. Moreover, 
there are built-in APIs for the Haar-like feature face detection 
implemented in OpenCV and available for public use. 
Therefore, this algorithm is chosen for the face detection phase 
in our approach. Experiments show that it takes about 1 second 
to run the face detection algorithm for a single frame of size 
640x480 pixels on an Android phone. This speed is reasonable 
for our automatic picture taking purpose. 

 

Android System Performance 

Scale 

Factor 
2 5 8 10 

Face 

Detection 

Range 

40cm to 

220cm 

40cm to 

170cm 

40cm to 

115cm 

40cm to 

90cm 

Algorithm 

Runtime 
4s 3s 2s 1s 

Table 1: Face detection performance on the Android phone 
 

Table 1 shows the results for a few of our tests. The scale 

factor is the factor by which the search window is scaled 

between subsequent scans. A value of 1.1 for example, means 

that the window size is increased by 10%. As the scale factor 

increases, the approximate time taken to process a single 

640x480 sized image frame decreases as expected. The 

tradeoff is a decrease in the face detection range—the distance 

from the Android phone in which the algorithm successfully 

detects that a face is present in the image. For our 

implementation, we used a scale factor of 5. 

B. Hand Gesture Recognition 

The first step of our hand gesture recognition algorithm is 
to locate the skin areas under the face. Assume that the 
positions of the faces have been obtained from previous phase. 
Apply the skin-color MAP detector in RGB-space to the 
rectangular subsection of the image below the face. Then, use 
post processing techniques such as small region removal and 
image dilation to obtain a finer hand skin mask. 

This process is simulated in Matlab. The MAP detector was 
tuned to be able to detect most skin areas. For each RGB pixel 
value, we count the number of times this pixel falls in the skin 
area and number of times that it is non-skin in the training 
images. Then, we set the MAP centroidclass as: 

��������	
��� = ����������3� > �������������3� × � 

The threshold parameter � was tuned to make the MAP detect 
recognize most skin area as shown in Figure 3. � was chosen as 
0.2 for best performance. False detection is allowed since the 
false detected area can be excluded using other techniques. 

Figure 3: MAP detector Parameter Tuning 

Both the faces and the hands were detected using our skin-
color MAP detector. In an actual real-time implementation, the 
face areas can be ignored because the detection window will 
likely not enclose any face area. Some results of this process 
are shown in Figure 4 and Figure 5 for different distances from 
the camera on the Android phone. In Figure 4, some dilation of 
the hand regions were performed. Clearly in the final frame in 
Figure 5, an unenclosed region results in no gesture 
recognition. 

 



 
Figure 4: Hand gesture detection by the skin-color MAP 

detector 
 

It is important to note that there are limitations to this 

approach of hand gesture recognition. The algorithm’s success 

depends heavily on the skin-color MAP detector. Our 

experiments show that the detector will sometimes falsely 

detect clothing as skin, especially when the clothes are of a 

very similar color to the skin. This could be a problem, but as 

our focus is on taking group pictures, we would hope that 

there would be a variation of clothing color worn by the 

people in the picture, which would allow for at least one 

positive detection among all the people making the gesture for 

the camera to take a picture. Another issue is that the lighting 

conditions—indoor, outdoor, etc.—can affect the classification 

of the skin. One approach to perhaps overcome this situation is 

to re-implement the skin-color MAP detector in the HSV color 

space instead of the RGB color space. The HSV space has 

information about color in only the Hue channel. The 

Saturation and Value channels can perhaps be thought of as 

representing the “quality” of the color as well as the 

“brightness” of the color, and thus can be ignored to reduce 

the dependency upon the current lighting conditions. 
 

 
Figure 5: Hand gesture recognition 

 

V. CONCLUSION 

In this report, we proposed an algorithm to recognize hand 
signals to automatically take pictures. The algorithm contains 
two phases of criteria that needs to be satisfied before it will 
take a picture: static face detection and hand gesture 
recognition. The simulations in Matlab have shown the 
functionality of the MAP skin detector to locate the skin areas 
of the hands. The region labeling algorithm used to recognize 
the enclosed area formed by the hands has also been shown to 
work relatively well. We have also implemented the automatic 
picture taking application in the Android phone using the first 
phase of feature detection—static face detection. In future 
work, the skin-tone MAP detector can be further improved to 
detect the skin areas of the hands more accurately, perhaps by 
using a larger, more representative set of training images. The 
second phase—the hand gesture recognition—can also be 
implemented on the Android phone, although it remains to be 
tested if the algorithm can be run fast enough to be reasonably 
used in real-time. 

 

 



ACKNOWLEDGMENTS  

We would like to thank Professor Bernd Girod, David Chen 
and Derek Pang for their help and guidance for this project. We 
also appreciate our mentor, Sherif Halowa’s support.  

APPENDIX 

Team Work Distribution 

Jing Ma 

Explored various face and gesture 

detection algorithms and techniques. 

Designed and tuned the skin-color 

MAP detector. Implemented Java 

code for the Android application. 

Worked on the report and poster. 

Thung Han Hee 

Explored various face and gesture 

detection algorithms and techniques. 

Wrote the Matlab implementation of 

the skin and non-skin region 

labeling for gesture detection. 

Implemented OpenCV code for the 

Android application. Worked on the 

report and poster. 
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