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Abstract—An algorithm for visual intent recognition is 

presented, based on two different motions of the hand namely a 

rotation and a vertical motion. The context for which this 

solution is intended is that of wheelchair bound individuals who 

want to use one of their hands freely and without the restriction 

of manoeuvring a joystick, to express their desire to travel in a 

certain direction through hand rotation, and to stop and go 

through hand vertical motion. A vertical symmetry calculation 

combined with a support vector machines (SVM) algorithm is 

proposed for the detection of the hand in rotation, and for 

vertical motion detection, an ellipse shaped mask is proposed. 

The algorithm is tested on video sequences containing subjects 

seated on an office chair to mimic people with physical 

disabilities on a wheelchair, and performing rotations and 

vertical motions of the hand. Results show that the hand in 

motion is a viable intent indicator and can be an alternative to 

traditional motion controllers such as joysticks and pneumatic 

switches. The solution described in this paper intends to 

contribute to the realisation of an enabled environment allowing 

people with severe disabilities and the elderly to be more 

independent and active in society. 

Keywords—Intention recognition, intention curves, symmetry 

curves, support vector machines, ellipse shaped mask 

I. INTRODUCTION  

The main function of an enabled environment is to provide 
a setting in which people with disabilities and the aged can 
function independently, be active and contribute to society. 
One of the challenges facing the task of realizing such an 
environment is to develop systems that can assist them in 
performing the tasks they wish to carry out without other 
people’s assistance [1], [2].  

These assistive systems are required in many cases to have 
an intention detection capability. Formally defined, intention 
recognition, first identified by Schmidt et al. [3], is the 
problem of inferring a person’s intentions from observations 
of that person’s behaviour [4]. Good performance in a team 
environment is heavily conditioned by the awareness of the 
intentions of people within society [5]. As a result, human 
machine interactions (HMI), where the machine plays a 
support role require that the intentions are automatically 
recognisable. HMI is a broad field that includes areas of 
research such as computer vision, psychology, artificial 
intelligence, etc. [6], and many techniques such as manual 
operation, speech, tele-operation and vision [7]. Vision-based 

solutions are human-centred and can be divided according to 
the human body: large-scale body movements, hand gestures, 
and gaze [6]. HMI offers a practical and useful application for 
intention detection, which aims at specifying a set of the goals 
and actions from observed behaviours [8]. One important HMI 
solution can be found in the context of a person with a 
physical disability whose mobility is constrained to a 
wheelchair. Many people who suffer from chronic mobility 
impairments, such as spinal cord injuries or multiple sclerosis, 
use powered wheelchairs to move around their environment 
[9].Traditionally, these powered wheelchairs are controlled 
with a joystick, which has proven to be an intuitive solution. 
Unfortunately to drive both efficiently and safely requires the 
user to have steady hand-control and good reactions, which 
can be impeded by factors such as fatigue, a variety of 
physical, perceptive or cognitive impairments [10], sensory 
impairments etc. Consequently, alternative methods of 
interaction are being investigated. Work has been carried out 
in the fields of speech, vision (gesture and gaze-direction 
recognition) and brain-actuated control [11], but the most 
popular set of approaches are vision-based [12], [13] because 
of the flexibility associated to the use of cameras and the low 
cost of machine vision hardware [14]. 

Vision-based solutions usually focus on head tracking, 
face and facial expression recognition, eye tracking, gaze 
analysis, gesture recognition, human motion analysis and 
lower arm movement detection, where the recognition 
methods are classified using a human-centred approach [6] as 
large-scale body movements, hand gestures or gaze based 
approaches. Hand gestures and poses are extensively 
employed in human non-verbal communication [15], and 
therefore can be used in assistive applications such as 
wheelchair. The primary goal of any automated gesture 
recognition system is to create an interface that is natural for 
humans to operate or communicate with a computerised 
device [16]. There are three main approaches in the hand 
gesture analysis [17]: glove-based analysis, vision-based 
analysis, and analysis of drawing gestures. Vision-based 
analysis of hand gestures is probably the most natural way of 
constructing a human-computer gesture interface, but the most 
difficult to implement in a satisfactory manner. Vision-based 
hand gestures can be divided into static hand gestures, which 
are represented by a single image of the hand, and dynamic 
hand gestures which are represented by a sequence of images, 
each one corresponding to a hand posture within the gesture. 



This paper proposes an alternative vision-based dynamic 
hand gesture solution that infers a person’s intentions by 
detecting micro-events such as a hand in rotation and vertical 
motion, in a well-defined setting. The context for which this 
solution is intended is that of wheelchair bound individuals 
who want to use micro-operations performed by the hand to 
express their desire to travel in a certain direction and to go or 
stop. It uses a vertical symmetry-based approach and a support 
vector machines (SVM) algorithm for direction intent 
recognition and an approach based on the geometric 
constraints on a hand’s contour through an ellipse shaped 
mask for go/stop intent. 

II. PRE-PROCESSING STEPS: HAND DETECTION AND 

TRACKING 

The data used are video sequences comprising 576×768 
image frames captured from a charge-coupled device (CCD) 
camera (Hi-Resolution Dome Camera - 1/3" CCD, 470 TV 
lines, 0.8 lux, 3.6mm (F2.0) Lens) and a ‘25 frames per 
second’ E-PICOLO-PRO-2 frame grabber. The object of 
interest is the dorsal view of the hand in rotation and vertical 
motion, and is the intent indicator according to Table 1. Hand 
detection and tracking in each sequence is performed using a 
very popular feature invariant approach known as skin colour 
detection. The HSV colour space is used and skin colour is 
learned using a histogram [18].  

TABLE 1. MAP OF THE HAND MOTION TO CORRESPONDING INFERRED 

DIRECTION INTENTION 

Motion of the hand Inferred Intention 

Left motion Intent to go left 

Right motion Intent to go  right 

Down motion Intent to go forward 

Up motion Intent to stop 

  Hand in centred position Intent to go straight 

A. Histogram-based skin colour detection 

Typically skin colour is modelled using a histogram, a 
single Gaussian or a mixture of Gaussians, though other 
approaches can be found. Among those three principal skin 
colour models however, the authors in [19] have demonstrated 
that the histogram model is superior to the others, it is easier to 
implement and it is computationally efficient. The different 
colour spaces used in skin colour detection include HSV, 
normalized RGB, YCrCb, YIQ and CIELAB. According to 
the work in [20] the HSV (Hue-Saturation-Value) colour 
space, a very common cylindrical-coordinate representation of 
values in the RGB colour space, gives the best performance 
for skin colour pixel detection. The removal of the V 
component takes care of varying lighting conditions. H varies 
from 0 to 1 on a circular scale, that is, the colours represented 
by H=0 and H=1 are the same. S varies from 0 to 1, 1 
representing 100 percent purity of the colour. The training 
stage consists in forming the skin colour histogram: H and S 
scales are partitioned into J = 100 levels bj, where j Є {0,…,J-
1}. Consider the set �� ⊂ ��of length J with pairs of elements 
that represent the probabilities (Pj,H,Pj,S) that the H and S 
components of a skin colour pixel It (in the training set) is in 

one of these J partitions bj in the histogram: Pj,c = p(
c
nI Є bj), 

where c represents the colour component (H or S). Fig. 1 
shows the histogram for the H and the S components 
separately, obtained using 69 601 skin colour training pixels, 
spanning 10 different subjects with different skin colours. To 
classify a new pixel In as skin colour or non-skin colour, a 
threshold λ common to both components is chosen empirically 
such that: 
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skin colour classification.  

B. Hand detection and localisation  
After classifying skin colour pixels in a given image, 

dilation is used to enhance the detected skin region as a single 
object (refer to Fig. 2 (Part c)). The assumptions for the 
proposed solution offer a constraint within the detected skin 
colour region in which only the hand and a part of the arm are 
skin colour regions and where the camera is positioned at a 
fixed distance from the hand. A prior knowledge of the length 
of a typical hand is used for hand segmentation from the arm 

as follows: Consider the skin colour region: �� ⊂ ��:	�� 

��� , �����,�∈��,…,���� , and N is the number of pixels in the 

region, that is the number of detected skin colour pixels. Two 
sub-regions, the left and right extremities in �� are defined: 
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j = {0, J-1}, and I, J ≤ N.   

 
Fig. 1. Skin colour histograms for H and S components in the HSV colour 

space 



 

Fig. 2. Skin-colour based hand detection 

From these two sub-regions, two pixel points, one at left limit 
of the region and the other at the right (assumed to be tip of 
the fingers in the present application) are chosen as: 

���� , �#*�� � and ��#$ , �#*��� � where �#*�� 
 �
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%-� . These two points define a line representing 

the orientation θ of the hand with respect to the horizontal:  
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If the hand is not horizontal, that is if / < 0,	its length is 
measured on that line containing the hypotenuse of the 
resulting right triangle. The segmentation that separate the 
hand from the arm, is hence performed using the right limit of 
the skin colour detected region, since it is assumed to be the 
tip of the finger and therefore the end of the hand from which 
the fixed distance 30 pixels, that is the average length of the 
hand, is measured. Note that the tracking phase is 
implemented by repeating skin colour detection as well as 
localisation as shown in this section, on a smaller search 
window slightly bigger than the detected hand in the previous 
frame. Fig. 2 (Part d) depicts the resulted hand detection for 
two different subjects. 

III. HAND-BASED DIRECTION RECOGNITION  

C. Vertical symmetry-based direction intent recognition 

The underlying assumption is that the dorsal view of a 

human hand exhibits different symmetry properties for 

different positions (for the hand in rotation) when the 

symmetry is calculated vertically rather than horizontally: A 

particular symmetry signature is given when the hand is 

centred, and that symmetry signature changes when the hand 

is moved from this centred position. This gives the indication 

of a motion from the initial centred position to a new position 

(right or left). The symmetry curve is calculated vertically as 

follow: 
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The symmetry-value )(yf is evaluated ]1[ kYky −+∈∀  

where y is a pixel-row in the image, by taking the sum of the 
differences of two pixels at a variable distance w: 1 ≤ w ≤ k 
from it on both sides making the pixel-row the centre of 

symmetry.  This process is repeated for each column and the 
resulting symmetry-value is the summation of these 
differences. It was established empirically that the value of the 
maximum distance k that gives a more discriminative 
symmetry curve among the different positions is given by k = 
35. Fig. 3 depicts the three different positions of the hand for 
three subjects and Fig. 4 displays their corresponding 
symmetry curves. The mean and standard deviation of the 
resulting symmetry curves are then calculated and Fig. 5 
illustrates the scatter plot of the feature points given by xi = 
(µi,σi) ∀ i = {1,2,3}, the symmetry curve’s statistics for the 
three different categories ω1, ω2, ω3 corresponding to the 
centre, right and left hand position, respectively. Hand pose 
classification in a single frame is performed using SVM. 

 
Fig. 3. Three different positions of the hand (dorsal view) in rotation for 

three different subjects 

 
Fig. 4. Symmetry curves corresponding to the different positions of the 

hand in rotation in Fig. 3 



 

Fig. 5. Feature space representing different positions of the hand in 

rotation 

D. Support Vector Machines 

As an increasingly popular tool in data mining tasks such 
as regression, novelty detection and classification [21], an 
SVM algorithm can be used for the classification problem at 
hand. Note that SVMs are binary classifiers, and consequently 
for the three classes’ problem described in this paper a “one 
against one” decomposition of the binary classifiers is used. 
Consider a labelled training set consisting of N data points

),( , jii yx , where
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and j = {1,2,3} the indices of ωj that represent the classes 
associated to the centre, right and left position respectively. 
The discriminant function is given by  

                                       bwxxg += ,)(                             (4) 

where w and b are the weights (giving the shape of the 
hyperplane) and the offset from the origin, respectively, and x 
is the datum. The value of w and b that maximizes the margin 
between the hyperplane and the support vectors is obtained 
using: 
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where αi is the i
th

 Langrange multiplier and NSV is the numbers 
of support vectors which are found to be 63, 253 and 122 for 
the centred class, the right class and the left class, respectively. 
Since this is a non-linear problem (refer to Fig. 5), the kernel 
trick is used to map the data into a different space, and to 
construct a linear classifier in that space. Classification of a 
new data sample x is performed according to the sign of

∑
∈

+=
SVi

iii b)x,x(Ky)x(g α , where the polynomial kernel 

K(x,y) = (1 + x
T 

y)
d
 is used: 
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E. Hand rotation detection: Direction intent recognition 

Direction intent recognition is achieved by mapping a 
sequence of 10 frames with the hand in rotation as the object 
of interest in a set of two intention curves (V1,V2), consisting 
of the means V1 of the symmetry curves and the set of output 
V2 from single frame hand pose classification using SVM 
(refer to Section D). Consider a set E = {Ii : Ii is the i

th
 frame 

and 1 ≤ i ≤ 10}, representing a sequence of 10 consecutive 

frames: ∀>� ∈ ?	, V1 = 
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where fi is the symmetry 

curve (refer to (3)) associated with frame Ii. The resulting 
intention curve V1 is depicted for the three different scenarios 
for rotation in Fig. 6 and it can be observed that rotation from 
the centre to either side (right or left) exhibits the same 
patterns while rotation from either side to the centre also 
exhibits the same patterns, but different from that of the 
previous scenario. It is therefore possible using V1, to 
distinguish between a rotation from the centre position to 
either side and a rotation from either side to the centre 
position. For training, the intention curves V1,n associated to 
class ωn are used to calculate δn as follow: 

                           δn= ∑
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i
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However, insufficient information is given to distinguish 
between rotation to the left and to the right. To address this 
problem, a preliminary step is implemented that consists of 
using the other intention curve V2 consisting of the output 
class from SVM classification. For a centred motion, 10 
consecutive 1s are expected, while 10 consecutive or at least a 
majority of 2s and 3s are expected for right and left motions, 
respectively. A majority vote scheme is used that counts the 
number of 1s, 2s and 3s in V2, using a 3 elements vector d

’
, 

where d’(n) =∑ == = 1012 ,...,))(( iniV , ∀ n = {1,2,3}. For 

classification, consider {V1(i),V2(i)}i={1,…,10} the intention curve 
to be classified into classes ω1,…,ω5 corresponding to the 
centre, right (from centre-right), left (from centre-left), left 
(from right-centre) and right (from left-centre) intentions, 
respectively: The decision rule h1 is then defined as follows:  

                   



 

Fig. 6. Intention curve V1 consisting of symmetry curves’ means 
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where n’ = 
n

maxarg (d’), ||d nn µδ −= and λ ≥ 0. 

IV. HAND-BASED ‘STOP/GO’ RECOGNITION  

The proposed approach for vertical motion recognition of 

the hand is based on the position of the detected hand’s 

contour with respect to the horizontal line evaluated using a 

mask in the shape of an ellipse whose major axis’ length is 

equal to the length (determined empirically) of a typical hand 

at a fixed distance from the camera. As illustrated in the binary 

image in Fig. 8 (Part a), the detected skin colour region R 

corresponding to the hand has a shape similar to that of an 

ellipse. The centre (xc,yc) of R is found and an ellipse centred 

at that point (xc,yc) is used as a contour mask. Subsequently, a 

search is performed by rotating the ellipse mask around that 

point until the maximum number of skin colour pixels within 

the ellipse is reached. The rotation ranges from –π/6 to π/6, a 

practical range for a hand in vertical motion: Consider the set 

θ = {θi: –π/6 ≤ θi ≤ π/6} of angles between the line containing 

the major axis of an ellipse E  with (xc,yc) as the centre, and the 

horizontal line y = yc through the centre (refer to Fig. 7 

showing θ for three different positions of the ellipse 

corresponding to the three different positions of the hand):  

S = 

θθ
θ

∈
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Fig. 7. Three different positions of an ellipse used as a mask for the skin 

colour region associated to three different positions of the hand  

pixel in the ellipse rotation. ∈∀ iθ θ (S is therefore a function 

of θi) the inclination corresponding to the vertical position of 
the hand is given below:  

                                 )(maxarg iS
i

θϕ
θ

=                              (11) 

The resulting angle ϕ between the ellipse’s major axis and the 

horizontal corresponds to the vertical position of the hand 
represented by class ωi ∀ {1,2,3} for centre, up and down 
position respectively, according to the decision rule h2 defined 
as:             

                               h2(ϕ )= 
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where λ1 > 0. Fig. 8 (Part b) depicts the binary image 
containing the detected skin colour region corresponding to 
the hand for three different vertical positions, and the ellipse 
mask associated to it. The inclination angle φ (in radian) 
between the major axis of the ellipse mask approximating the 
skin colour detected region and the horizontal axis y = yc 
determines the single frame hand pose and varies differently 
for the different motions (centre, up and down).  

For ‘stop/go’ intent recognition, the intention curves for 
each motion are represented by the changes in angle values: 
Consider the set Φ = {φi}i={1,…,10} of the angles representing a 
sequence of single frame hand pose in 10 consecutive frames. 
δ is defined in (13) as the constant, increasing and decreasing 
tendencies of the successive values of a sequence Φ that 
exhibit different patterns for the different motions as portrayed 
in Fig. 9. h3 is used to classify between classes ω1,…,ω5, 
corresponding to the centre, up (from centre-up), down (from 
centre-down), down (from up-centre) and up (from down-
centre) intentions, respectively:   
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Fig. 8. Ellipse mask used to determine the vertical position (inclination) θ 
of the hand: Part (a) illustrates skin colour region and Part (b) illustrates the 

ellipse mask associated to them and the inclination θ is given in radian 

                       h3(Φ)=














>∧>

<∧<

<∧>

>∧<

≤∧≤

2115

2114

2113

2112

2111

,

,

,

,

||||,

λδλϕω

λδλϕω

λδλϕω

λδλϕω

λδλϕω

               (14) 

where λ1, λ2 > 0 

V. RESULTS 

Experimental results are obtained using 20 different subjects, 

and for each of them 5 long video sequences are collected, and 

divided into several 10-frame sequences. The hold-out method 

[22] is used for performance evaluation, where the data set 

(hands in rotation and hands in vertical motion) is divided into 

two mutually exclusive parts; one for training and the other is 

held out for testing.  

 
Fig. 9. Intention curves representing the changes in Φ for each motion 

through a sequence of 10 frames: Part (a) portrays the three intention curves 

for a 10-frame centred, up and down hand motion, respectively, Part (b) 

exhibits intention curves corresponding to back up and down (from down to 

centre, and up to centre) 

As depicted in Tables 2 and 3 the proposed solution yields 

very good results demonstrating the viability of the proposed 

algorithm as an alternative visual hand pose estimation 

methods for direction and ‘stop/go’ intent recognition. It can 

be also noted that centre classification for both single hand 

poses classification and intent recognition yield the best score. 

This has a useful practical advantage because a centred hand is 

the most convenient one to represent a default position. Hence 

what this solution can do best is to recognise the hand in the 

default position, and when it moves away from it. 

Furthermore, the recognition rates for the other positions and 

motions (namely left, right, up and down) are still very 

satisfactory showing the merit of the proposed solution.

 

TABLE 2.  RECOGNITION RATE FOR SINGLE POSE CLASSIFICATION AND INTENT RECOGNITION OF HANDS IN ROTATION 

Methods Class Training 

set 

Testing 

set 

Correct 

classification 

Incorrect 

classification 

(false positive) 

Classification 

rate 

Single hand 

pose 

classification 

 

 

Centre: 

Right: 

Left: 

 

Total: 

450 

450 

450 

 

1350 

450 

450 

450 

 

1350 

450 

409 

379 

 

1238 

0 

41 

71 

 

112 

100% 

90.8889% 

84.2222% 

 

91.7037% 

Direction intent 

recognition 

Centre: 

Right: 

Right (back):  

Left: 

Left (back): 

 

Total: 

600 

600 

600 

600 

600 

 

3000 

600 

600 

600 

600 

600 

 

3000 

586 

548 

526 

563 

564 

 

2787 

14 

52 

74 

37 

36 

 

213 

97.6667% 

91.3333% 

87.6667% 

93.8333% 

94% 

 

92.9% 

 



TABLE 3. RECOGNITION RATE FOR SINGLE POSE CLASSIFICATION AND INTENT RECOGNITION OF HANDS IN VERTICAL MOTION 

Methods Class Training 

set 

Testing 

set 

Correct 

classification 

Incorrect 

classification 

(false positive) 

Classification 

rate 

Single hand 

pose 

classification 

 

 

Centre: 

Up: 

Down: 

 

Total: 

450 

450 

450 

 

1350 

450 

450 

450 

 

1350 

448 

426 

437 

 

1311 

2 

24 

13 

 

39 

99.7% 

94.8% 

97.2% 

 

97.1111% 

‘Stop/go’ 

intent 

recognition 

Centre: 

Up: 

Up (back): 

Down: 

Down (back): 

 

Total: 

600 

600 

600 

600 

600 

 

3000 

600 

600 

600 

600 

600 

 

3000 

600 

549 

489 

556 

581 

 

2775 

0 

51 

111 

44 

19 

 

225 

100% 

91.5% 

81.5% 

92.7% 

96.8333% 

 

92.5% 

VI. CONCLUSION 

This paper proposes a vision-based solution that infers a 
subject’s intention through rotation and vertical motion of the 
hand. The context for which this solution is intended is that of 
wheelchair bound individuals who want to use their hands 
freely and without the restriction of manoeuvring a joystick, to 
express their desire to travel in a certain direction and to stop 
or go. The intent indicator is the motion of the right hand from 
its dorsal view. The main contribution of this work is the use 
of a vertical symmetry calculation of the hand combined with 
an SVM algorithm for the detection of the hand in rotation, 
and a proposed ellipse shaped mask for the detection of the 
hand in vertical motion. Given the results shown in this paper, 
this proposed solution is a useful contribution to the general 
problem of intent recognition applied to assistive living that is 
for support of the elderly and people with disabilities. 
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