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Abstract
Human gesture recognition plays an important role in automating the analysis of video material at a high level. Especially in sports videos,
the determination of the player’s gestures is a key task. In many sports views, the camera covers a large part of the sports arena, resulting in low
resolution of the player’s region. Moreover, the camera is not static, but moves dynamically around its optical center, i.e. pan/tilt/zoom camera.
These factors make the determination of the player’s gestures a challenging task. To overcome these problems, we propose a posture descriptor
that is robust to shape corruption of the player’s silhouette, and a gesture spotting method that is robust to noisy sequences of data and needs
only a small amount of training data. The proposed posture descriptor extracts the feature points of a shape, based on the curvature scale space
(CSS) method. The use of CSS makes this method robust to local noise, and our method is also robust to signiﬁcant shape corruption of the
player’s silhouette. The proposed spotting method provides probabilistic similarity and is robust to noisy sequences of data. It needs only a
small number of training data sets, which is a very useful characteristic when it is difﬁcult to obtain enough data for model training. In this
paper, we conducted experiments spotting serve gestures using broadcast tennis play video. From our experiments, for 63 shots of playing
tennis, some of which include a serve gesture and while some do not, it achieved 97.5% precision rate and 86.7% recall rate.
䉷 2007 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction
The development of high-speed digital cameras and video
processing technology has resulted in increased attention being
given to automated video analysis such as surveillance video
analysis, video retrieval and sports video analysis. In particular, applying this technology to sports video creates many
potential applications: automatic summaries of play, highlight
extraction, winning pattern analysis, adding virtual advertisements, etc. There is some interesting research on ball tracking,
player tracking and stroke detection for tennis, baseball, soccer,
American football, etc, [1–3].
Although there has been much discussion in the literature
on automatic sports video annotation and gesture recognition
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in a restricted environment, there has been little research into
the detection/recognition of a player’s gestures in standard offair video, due to the low resolution of the player’s region, the
fast motion of the player, and camera motion [3,4]. In sports
video, the player’s region often has low resolution because the
audience wants to watch a broad view of the scene in order
to understand the persons’ situation and relative position in
the ﬁeld. The same is often true in surveillance video where
ﬁxed cameras are used. The camera motion can also make the
process of tracking players and extracting players’ silhouettes
difﬁcult, and low resolution makes the determination of the
player’s posture unreliable. Hence, because of the unreliable
determination of postures, recognition and detection of gestures
can also be a difﬁcult task to accomplish.
In this paper, we suggest a new type of posture descriptor to
represent the player’s silhouette, together with a novel gesture
spotting method. Because of the problems of noise and low
resolution, the player’s silhouette is often signiﬁcantly corrupted. Therefore, we propose a posture descriptor that is robust to noise and corruption. However, in practice, obtaining a
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large set of training gesture data in low resolution video is very
difﬁcult to achieve. The proposed spotting method can work
very well with a small number of gesture sequences to train it,
and is robust to noise. We found the combination of the posture
descriptor and spotting method to be efﬁcient and robust to
the problems of noise and low resolution that we encountered
using standard off-air video.
2. Related works
Sullivan et al. proposed a method of detecting tennis players’ strokes, based on the qualitative similarity, which computes
the point-to-point correspondence between shapes by combinatorial geometric hashing [4]. They demonstrated that speciﬁc
human actions can be detected from single frame postures in a
video sequence with higher resolution than that typically found
in broadcast tennis video. Although they presented interesting
results for their video sequence, the method has some shortcomings. The outline of the player will not be extracted accurately in low resolution environments. Often, we can see only
the player’s back while he or she is playing, so we cannot use
the information of the player’s arm because of self-occlusion.
Kopf et al. proposed a shape-based posture and gesture recognition method using a new curvature scale space (CSS) method
in a video recorded by a pan/tilt/zoom camera [5]. Their new
CSS representation can describe convex segment of shape as
well as the concave one. However, their test sequence was of
good quality, with good resolution of the player. They also
recognized postures, rather than gestures. To date, there is a
considerable quantity of literature on human gesture recognition using 3D, but these methods are difﬁcult to apply to lowresolution video which shows the player’s back view; also, they
are not computationally very efﬁcient [6,7].
There are many sequence recognition and matching methods which consider time information, and which have given interesting results in particular environments [8,9]. However, in
special cases such as broadcast sports video, we may not have
sufﬁcient data to train a recognizer such as an HMM. Some
methods, such as dynamic time warping (DTW), which computes the distance between two time series of given sample
rates, provide similarity measures [10]. However, these methods have a high computational cost and do not associate any
probabilities with the results. An extension of DTW, continuous dynamic programming (CDP), was proposed by Oka [11],
which is the baseline algorithm used for comparing the results
of our proposed gesture spotting algorithm. Alon et al. proposed
a gesture spotting CDP algorithm via pruning and sub-gesture
reasoning [12]. Their method showed an 18% increase in recognition accuracy over the CDP algorithm for video clips of two
users drawing the 10 digits, ‘0’ to‘9’, in an ofﬁce environment.
3. Sports player posture determination and gesture
spotting
Our gesture spotting system consists of four parts: foreground separation, posture description of the player’s silhouette, posture determination and gesture spotting. We deﬁne a
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gesture as a set of postures. Therefore, a gesture is analyzed
by using a set of postures. Fig. 1 shows a diagram of our
gesture spotting system used to spot certain gestures using a
posture set.
Firstly, foreground separation is performed to separate the
foreground objects from the original frames using mosaicking [13]. As a result of the foreground separation, silhouettes
of the player, ball and noise blobs are obtained and player’s
position can be tracked. Secondly, posture description is used
to extract features which describe the silhouette of the player.
Thirdly, posture determination is employed to determine which
posture in the database is best matched to the player’s silhouette. Fourthly, gesture spotting is done using a history of the
determined postures, which is represented as a function of the
time domain.
The frames in sports video often have serious motion blur
due to camera motion and the player’s movement. However, the
ﬁelds in a video frame have less motion blur than the frame itself. Therefore, in our system, we extract the ﬁelds from frames
and use them as input images instead of using frames.
3.1. Foreground separation
We assume that a camera moves only around its optical
center, i.e. only pan/tilt/zoom are allowed. This presumption
is reasonable, since most broadcast cameras are located in a
ﬁxed place while panning, tilting and zooming. This assumption makes the use of the mosaic technique feasible. Using the
mosaic technique, each frame is projected into a single coordinate system, and a mosaic is created by the median ﬁltering of
the pixels. Then the mosaic is used as a background image.
The mosaic technique is divided into three stages. The
ﬁrst stage is correcting the camera geometries, which can
be easily solved by projective transform. The second stage
involves registering the images or, in other words, ﬁnding
homographies. In this paper, corner points are used as features for registering the images. The third stage is image
composition, which deals with the problem of how to determine the pixel values on the mosaic image. In order to
remove moving objects from a sequence, median ﬁltering is
applied. This median ﬁltering takes the median value from
all corresponding pixels of the projected images, IM (x, y) =
median(Ip0 (x, y), Ip1 (x, y), Ip2 (x, y), . . . , IpN (x, y)), where
IM and N are a pixel in a mosaic image and total number of
input images, respectively, and Ipn , where 0 n < N, is a pixel
in an input frame projected into the mosaic image coordinate.
From the mosaic image, the foreground image can be obtained by taking the difference between the frame and mosaic
image.
3.2. Posture description
A player’s silhouette obtained from the foreground images is
a posture and is described by the proposed posture descriptor.
The silhouette of a player is extracted from the foreground image obtained in the previous stage. However, because of cam-

1126

M.-C. Roh et al. / Pattern Recognition 41 (2008) 1124 – 1137

Frames

Foreground Separation

Mosaic Image

Posture Description

Posture Model Database
Posture Determination

Trained Gesture

Gesture Spotting
Gesture
Fig. 1. Player’s gesture annotation system.

Fig. 2. Corrupted foreground images.

era movement, motion blur and low-resolution images, it is
difﬁcult to obtain a clear foreground image. The foreground is
frequently corrupted by wrongly separated foreground. Fig. 2
shows some foreground images of a player. Therefore, a posture descriptor that is robust to corruption is needed. In this
section, we introduce a well-established shape descriptor, CSS,
which is robust to noise, and the proposed descriptor, which is
based on the CSS, and is robust to corruption.

3.2.1. Curvature scale space
CSS is a well-established technique for describing shapes
used in image retrieval, and is one of the descriptors used in

the MPEG-7 standard [14]. We outline the CSS method here,
paraphrasing the description in Ref. [14]. The CSS image of
a planar curve is computed by convolving a path-based parametric representation of the curve with a Gaussian function of
increasing variance 2 , extracting the zeros of curvature of the
convolved curves, and combining them in a scale space representation for the curve. These zero curvature points are calculated continuously while the planar curve is evolved by the
expanding Gaussian smoothing function. Let the closed planar
curve, r, be represented by the normalized arc length parameter, u:
r(u) = {(x(u), y(u)|u ∈ [0, 1]}.

(1)
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Fig. 3. Examples of foreground silhouette images and CSS images: (a) a silhouette image, (b) a posture model, (c) CSS image of (a), and (d) CSS image of (b).

Then, the evolved curve is represented by  :
 (u) = {(u, ), (u, )},

(2)

where
(u, ) = x(u) ⊗ g(u, ),
(u, ) = y(u) ⊗ g(u, ),
where g denotes a Gaussian function of width , and ⊗ is the
convolution operator.
1
2
2
g(u, ) = √ e−u /2 .
 2
Then curvature of  is deﬁned as
(u, ) =

u (u, ) − uu (u, ) − uu (u, ) − u (u, )
(u (u, )2 + u (u, )2 )3/2

,

(3)

j
(x(u) ⊗ g(u, )) = x(u) ⊗ gu (u, ),
ju

uu (u, ) =

j2
(x(u) ⊗ g(u, )) = x(u) ⊗ guu (u, ),
j2 u

u (u, ) = y(u) ⊗ gu (u, ),
uu (u, ) = y(u) ⊗ guu (u, ).
Then, CSS image Ic provides a multi-scale representation of
zero crossing points by
Ic = {(u, )|(u, ) = 0, u ∈ [0, 1], 0}.

3.2.2. Proposed posture descriptor
The proposed posture descriptor is robust to corruption and
distortion as well as local noise. A contour can be characterized
and described by some points on the contour. The proposed
descriptor describe a contour by feature points which derived
from the CSS which characterize the contour by curvature.
Given a threshold, t, a new feature set, F , of a silhouette is
deﬁned by:
F = {(x, y)|(x, y) = r(u), (u, t) ∈ Ict },

where
u (u, ) =

player’s silhouette which is corrupted by noise blobs due to the
low-quality of a video sequence and a posture model which is
extracted manually, respectively. Figs. 3(c) and (d) shows CSS
images of a foreground silhouette (a) and a posture model (b).
Because there is signiﬁcant corruption of a part of the silhouette,
these two CSS features are not likely to be considered to be
the same. Although the CSS descriptor is robust to noise, it
is less reliable when describing shapes including signiﬁcant
corruption.

(4)

The CSS image representation is robust to similarity transformation and (to a lesser extent) afﬁne transformation, so signiﬁcant peaks in CSS shape representation are considered suitable features for similarity-based retrieval. However, the drawback of this representation is that the zero crossing points of
CSS are not reliable features, if some parts of the shape are
signiﬁcantly corrupted. Figs. 3(a) and (b) shows examples of a

(5)

where Ict = {(u, )|(u, ) = 0,  = t} and u ∈ [0, 1]. The parameter t is determined from experiment and experiences. Although the value of t is not critical, according to our experience,
the optimal value depends on the image quality and size of the
contour. If t is too low, the computational cost for matching
two contours will be increased because of the greater number
of feature points. If t is too high, there will only be few feature
points which will not be adequate to represent characteristics
of the contour.
Fig. 4 shows a brief description of the process of extracting
features where the squares indicate selected points. An input
silhouette is represented by the CSS. Then, by selecting the
threshold t, feature points are determined and transformed back
into image space. Fig. 5 shows examples of the feature sets
from a silhouette image and posture extracted manually. We
can see that many of the feature points correspond very well.
The exceptions are the feature points on the wrongly detected
part (left part of the left image).
The standard CSS method involves ﬁnding zero crossing
points of an input image (ﬁnding the peaks in the CSS image)
and comparing them with those from a reference image. Thus,
if there is a corrupted part, the peaks appeared in different locations. The heights of the peaks are used as weights of the
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Fig. 4. The proposed feature extraction method.

points when two contours are compared. Therefore, if there is
a signiﬁcant shape corruption, such as Fig. 3(a), the matching
is distorted. However, the proposed descriptor samples the silhouette and match the points with those from the reference silhouette. The proposed sampling method is much more efﬁcient
than many other sampling methods, because the sampling of the
feature points is based on CSS which is itself robust to noise.
The weights of the points are same. Therefore, although points
on signiﬁcantly corrupted part are also sampled, the matching
is successful because most of the points correspond correctly.
It has also low computational cost to match two shape images
with small number of feature points.
3.3. Posture determination
A posture model database is generated from the silhouette images extracted manually from representative image sequences
among several play shots. Hereafter, we refer to the silhouette
images extracted from the test frames as input images and the
postures in the database as models. To determine the input image’s posture by comparing it with the models in the database,
and measure the similarity, the transformation between them
must be estimated. We use the RANSAC algorithm to ﬁnd the
transformation between the two sets of feature points, because
of its power and simplicity [15]. We consider afﬁne transformations in this paper, but extensions to other geometric transformations can be made easily. Apart from the translation parameters, the parameter values are assumed to be small on the
grounds that there are a sufﬁcient number of images in the
database to match shape and size variations. We assume that
a large enough proportion of the shape of the input image is
preserved well enough to be matched to one of the models.
The afﬁne transform between the model and the input image
is computed in two steps: ﬁrstly, we calculate the translation,
and secondly, we ﬁnd the remaining parameters of the afﬁne
transform. The algorithm used for ﬁnding the transformation is
shown in Table 1.
After estimating the transformation, B, the corresponding
feature point can be found by selecting a pair of feature point
for which the distance between the input image’s feature point
transformed by B and the feature point in the model is smallest. We deﬁne a distance metric D as the distance between the

Fig. 5. The proposed features marked by squares.

feature points in the input image and those in the model. However, the inverse function which maps the feature points from
the model to their corresponding points from the input image,
and the function, which maps the feature points from the input
image to their corresponding points of the model, are not the
same. Therefore, we deﬁne a symmetric distance metric, M, as
follows:
D = Dim + Dmi ,
Dim =

(6)

1 
min Bx − y,
y∈M
|I |

(7)

1 
min x − B−1 y,
x∈I
|M|

(8)

x∈I

Dmi =

y∈M

where M and I are the sets of feature points of the model
and the input image, x and y are homogeneous coordinates of
the feature points, and |I | and |M| are the numbers of feature
points in I and M, respectively. The posture of the input silhouette is determined by selecting the model that has the lowest M among the posture models in the database. Fig. 6 shows
some examples of input images and their corresponding posture models (yellow contour) determined among the database
models. In Fig. 6, the contours of the foregrounds are not extracted accurately because of the shadow and white lines of the
court. Nevertheless, the posture (yellow contour) using the proposed features is achieved very successfully, even though the
contours are not good enough to match using the standard CSS
matching method.
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Table 1
The procedure to ﬁnd transformation between the features of input image and the model
1.
2.
3.
4.
5.
6.
7.

Pick one feature point from the feature set of the input image and another feature point from the feature set of the model.
Estimate translation, t, by calculating the vector difference between the two feature points.
Count the number of inliers between the input image and the model with the translation, t.
Select the t which maximizes the number of inliers.
Iterate the above steps a given number of times or until the number of inliers with the t selected above step has converged.
Initialize the other parameters of the afﬁne transformation: if we denote the afﬁne matrix as [A|t], then initialize A as a unit matrix.
Estimate the precise afﬁne transform matrix, B, from the inliers using the Levenberg–Marquardt algorithm.

Fig. 6. Foreground (red) and determined posture model (yellow).

for  3

3.4. Gesture spotting
In this section, we will introduce the CDP algorithm and
the proposed gesture spotting algorithm. In Section 3.4.1, we
review the CDP method which is used as a baseline algorithm
for the purpose of comparison to the proposed method.
The CDP is an extension of the DTW algorithm [10]. The
traditional DTW is a method for ﬁnding the optimal matching between a reference model and input sequence based on
dynamic programming. It is a matching algorithm for isolated
data rather than a spotting algorithm. One of the successful extension methods of the DTW for the purpose of spotting is the
CDP. It has been used in hand gesture spotting, speech segmentation and so on. Thus, we use the CDP as a reference method
for comparison.
3.4.1. Continuous dynamic programming
Let f (t) and Z() be variables used to represent inputs which
are functions of time t in the input image sequence space and
time  in the reference sequence space, respectively.
Thus, t is unbounded and  ∈ {1 . . . T }, where T is the
length of the reference pattern. The local distance is deﬁned by
d(t, ) = |f (t) − Z()| and the minimum accumulated value of
local distances P (t, ) is initialized by P (−1, )=P (0, )=∞.
Then, iteration (t = 1, 2, . . .) is:
for  = 1
P (t, 1) = 3 · d(t, 1),

(9)

for  = 2
⎧
⎨ P (t − 2, 1) + 2 · d(t − 1, 2) + d(t, 2),
P (t, 2) = min P (t − 1, 1) + 3 · d(t, 2),
⎩
P (t, 1) + 3 · d(t, 2),
(10)

⎧
P (t−2, −1)+2 · d(t − 1, )+d(t, ),
⎪
⎪
⎪
⎨ P (t − 1,  − 1) + 3 · d(t, ),
P (t, 3) = min
⎪
P (t − 1,  − 2) + 3 · d(t,  − 1)
⎪
⎪
⎩
+3 · d(t, ),
(11)

A section of an input sequence is ‘spotted’ if the value of
A(t) gives a local minimum below a threshold value, where
A(t) is given by
1
P (t, T ).
(12)
3·T
How different a spotted sequence is from a reference sequence
is dependent on the threshold value.
A(t) =

3.4.2. Proposed sequence matching algorithm
We propose a new method of sequence matching, which
is simple, works with a small amount of training data, and
provides a probabilistic output. The need for a small amount of
training data is clearly important, as the need for large training
sets for the neural networks or hidden Markov models can make
these methods unattractive. Also, the typical template matching
methods such as DTW, or CDP do not provide probabilistic
output measurement. Therefore, these methods are sensitive to
variations in the threshold.
The proposed algorithm represents a gesture as a curve in
a model index versus input image time sequence space. Let
G = {g1 , g2 , . . . , gN } represent a gesture which is an ordered
set by time index and the index of the model is also ordered,
i.e. G = {1, 2, . . . , N}. The kth element gk represents an index
of a model or a cluster that has similar shapes as measured
by the proposed shape descriptor. The indexes point to their
corresponding models. Let the model of interest be gk where
1 n N .
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Fig. 8. Examples of line ﬁtting for training a gesture.

Given a curve, C, the re-aligned index, G , can be represented
by

Then, we deﬁne likelihood L of the interval for the trained
curve as follows:

G = {h1 , h2 , . . . , hn , (hn+1 ), (hn+2 ), . . .},

L(v(s)) = La (a  (s)) × Lb (b (s)).

(13)

where
hi = C(gi ),

i n.

Fig. 7 shows simple examples of some typical gesture curves.
Fig. 7(a) shows a simple gesture such as the raising up of a
right arm and (b) and (c) show a repetitive gesture, such as
writing ‘w’, and a mirroring gesture, such as the raising up and
down of a right arm, respectively.
If the line equation, C(gk ) = ag k + b, is used (in the case of
Fig. 7(a)), then G will be aligned linearly and there are only
two parameters (a, b) to be trained. The variances (a , b ) and
means ( a , b ) of a and b are determined from some training
sequences and are used for estimating the likelihood of the
input sequence. Given the size, l, of the interval, let v(s) be an
interval v(s)=[s, s +l] in the input sequence and s be a starting
frame of a sliding window. For each interval, v(s), a  (s) and
b (s), such that C  (gj ) = a  (s)gj + b (s) where gj ∈ v(s), are
calculated using a data ﬁtting algorithm. Then the likelihoods
La (s) and Lb (s) are calculated as follows:
La (a  (s)) =
Lb (b (s)) =

1
√

e−(a (s)−



2
2
a ) /2a

1
√

e−(b (s)−



2
2
b ) /2b

a 2
b 2

,

(14)

.

(15)

(16)

Spotting is done by using the likelihood, L. By ﬁnding the
maximum peak value of L(v(s)) for the interval, where
L(v(s)) > Lmin_threshold , the gestures can be spotted. The
threshold value, Lmin_threshold , can be roughly estimated,
because the performance is not sensitive to it. In our experiments on serve detection in a tennis video, the difference of
the peaks in the serve and the non-serve gesture sequences was
nearly 1. The maximum likelihood for the non-server gestures
among the correctly spotted sequences was 0.75 × 10−8 . Various speeds of gestures can be absorbed by the variance of b
determined from the training sequences.
For a robust estimation of C  , we need to choose only the
inliers of the estimated line parameters, because there are some
mis-determined postures in the posture matching, although
most are determined correctly. Basically, only those posture
indexes that are of interest in estimating C  are used, while
those indexes which are of no interest are ignored. The line
equation is estimated using a least squared method. Other robust methods of rejecting outliers can be easily adopted. If the
number of interesting postures in the interval, v(s), is smaller
than a given threshold, it means that the sequence in the interval has little information to be matched to a gesture, in which
case we ignore the interval. Fig. 8 shows examples of the lines
that are ﬁtted by the least square ﬁtting method, to train a and
b using two sets of sequence data.
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Fig. 9. Examples of input frames.

the input frames, respectively. Fig. 11 represents the foreground
images of Fig. 9 by subtracting the mosaic image (which is
the background image) from the input frame transformed into
a mosaic coordinate. The mean width and height of the player
regions are about 53 and 97 pixels, respectively.
4.3. Posture determination
Fig. 10. Mosaic image.

4. Experimental results
In the experiments, the proposed method is used to detect
serves in standard off-air tennis videos. Serve gesture spotting and recognition play important roles in understanding and
annotating tennis videos. In contextual analysis of tennis video,
there are several cues to annotate the play, such as trajectories
of ball and players, court lines, strokes and serves. The serve is
the most useful cue to indicate the start of a play shot. The ball
tracking and other annotation modules are launched at the start
of the annotation, as well as segmentation of the play shots.
In this paper, we focused solely on the detection of the serve
gesture, among the other cues needed in annotating a tennis
video.
4.1. Environment
An off-air interlaced sequence from the 2003 Australian open
tennis tournament video was used to evaluate the performance
of the proposed posture matching and gesture spotting method.
Our target player is the near/bottom player. Initialization of the
player’s location was conducted using a background subtraction method and by analyzing blobs. To get the posture model
database, a single play shot was chosen from the whole collection, and the player’s postures are extracted manually from
foreground images. Then, the serve gesture was trained using
three play shots of this same.
4.2. Foreground separation
Mosaic images are created for each play shot. Figs. 9 and 10
represent the input frames and the mosaic image created from

The postures are described by the proposed posture descriptor and determined by comparison with the models in the
database. The feature set is extracted from the input image and
the distance to the posture models in the database is measured.
Fig. 12(a) shows a good example of posture determination in
the case where the player’s silhouette is corrupted signiﬁcantly.
Although the contours of the foregrounds are not extracted accurately, they are correctly matched (yellow contour). Other
good examples are also shown in Fig. 6. Fig. 12(b–d) shows
some examples of incorrectly matched postures. Although some
of the postures are not correctly determined, the gesture spotting is sufﬁciently robust to determine most of the serve gesture
postures correctly.
Fig. 13 represents the normalized similarity values for two
serve gestures of two players. The higher the value (red), the
more similar it is to the model in the database. The model
index corresponds to the model of the serve gesture in the
database. For the model index, the models and postures should
be matched well because both sequences are serve gestures;
this is seen in the ﬁgure. Signiﬁcant peaks in the diagonal
are observed, indicating that the proposed posture descriptor is
reliable.
Fig. 14 represents postures that are the serve gestures spotted
from the test video sequence, using proposed method. The yellow contours represent the determined posture models. When
the player is different form the one used for training, most of
the postures are also determined correctly, although there are
some errors caused by the different serve postures and wrongly
separated foreground.
4.4. Serve gesture spotting
We tested the proposed method using 63 sequences, some
of which include a serve gesture, while some do not. The sequences are also partitioned by the players’ identity (‘A’ and
‘B’) and the position of the player on the court (‘left’ and
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Fig. 11. Foreground images of Fig. 9.

Fig. 12. Foreground(red) and determined posture model(yellow)
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Fig. 13. Normalized similarity matrix for two serve gestures (The higher the red, the more similar it is to the model in the database.)

‘right’). Fig. 15 represents postures plotted onto the framemodel index. For training, we use a single shot, in which
one of the players is serving on the right-hand side of the
court.
Fig. 15 represents postures plotted onto the frame-model index space, where P represents the index of the posture in the
training database. The indexes below the red-dotted line are
postures of serve gestures. Therefore, the posture index of interest ranges from 0 to 22, i.e. N = 22 in Eq. (13). The indexes

above the red-dotted line are outside the interesting postures,
and are referred to as garbage postures. These garbage postures
are treated as outliers and do not contribute to the calculation
of the line parameters for the serve gestures spotting.
Fig. 16 shows the likelihoods of serve gesture for the input
sequences corresponding to Fig. 15, where L represents the
likelihood. We can see signiﬁcant peaks in Fig. 16 when there
are serve gestures. Figs. 15(a) and 16(a) show results of a short
play. The play ended shortly due to fault while a player was
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Fig. 14. Foreground and determined postures among the serve gestures for two players.

serving. In Figs. 15(b) and 16(b), the player was bouncing the
ball for a while before making a serve, therefore serve gestures
are spotted after 16th frame. In Figs. 15(c) and 16(c), there were
two serve sequences (starting at the ﬁrst and 548th frames) in
one play shot. The player served twice because the ﬁrst serve
was a fault in the play shot. Figs. 15(d) and 16(d) show the
result on one of the play shots used for training.
Table 2 shows the results of the serve gesture spotting. In
this table, true positive (TP), true negative (TN), false positive
(FP) and false negative (FN) values indicate the cases where
a serve gesture is detected in the correct location, where no
serve gesture is detected when there is no serve, where a serve
gesture is detected when there is no serve and where no serve
gesture is detected when there is a serve, respectively. The proposed method generates 90.5% correct results (TP+TN) and
7.8% incorrect results (FP+FN), while the corresponding results for the baseline algorithm, CDP, are 61.9% and 36.7%,
respectively.
Since we trained the data on just one serve sequence in which
player ‘A’ is serving on the right side of the court, the results in
the ‘left’ columns are lower than those in the ‘right’ columns.
In fact, the silhouette of a gesture when a player serves on the
right side of the court is different from the that of a gesture

when a player serves on the left side of the court. The spotting
result shows that our method is substantially better than CDP.
Since the evaluation afforded by Table 2 could be vague in
this kind of spotting application, we introduce another evaluation method which is usually used to evaluate the detection algorithms. Eqs. (17) and (18) represent the evaluation
measurements of the precision and recall rates, respectively.
Table 3 represents the gesture spotting results evaluated by the
precision and recall rates. According to the results in this table,
the proposed method has a much higher value for both measurements.
P recision =
Recall =

Number of correctly spotted sequences
Number of spotted sequences as serve

Number of correctly spotted sequences
.
Number of serve sequences as serve

(17)
(18)

4.5. Analysis
We proposed a combination of two processes to detect serve
gesture; determination of a posture and spotting a sequence.
The method can be directly applied to other types of spotting
applications. More variation of the speed, starting point and
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Fig. 15. Determined postures on posture-frame domain space for four play shots including whole tennis gestures, such as running and stroke gestures as well
as server gesture. P  s indicate postures.

ending point be accommodated by extending the training stage
(i.e. a and b , respectively, in Eqs. (14) and (15). As we performed the experiment on the player ‘B’, we also got good
result, although it was little bit lower than that of the player
‘A’. Therefore, we can say the variability of players can be reasonably well accommodated in our method. In terms of posture determination, we can apply the proposed method to other
applications which can generate a silhouette feature. From the
experimental results, the combination of processes gave reasonable accuracy in the tennis video.
Since we used a silhouette-based feature to determine a posture in this paper, it may not directly applicable to other kinds of
tennis gestures, such as forehand strokes and backhand strokes.
These gestures have many variations of posture, and do not
have distinctive postures that can characterize such a gesture.
It means that these gestures cannot be analyzed using only silhouettes, and other additional information, such as velocity and
acceleration information, should be considered. These considerations are beyond the scope of this paper.
We conducted an additional experiment using another tennis video to see how the accuracy would vary. Twenty play
shots from the 2006 WTA Tour video are used. The frames
are normalized so that the players have the similar height size

with the model in the database we used in the previous experiment. The frames are normalized to facilitate the computation
of the afﬁne matrix B in Eqs. (7) and (8). Fig. 17 presents
some examples of determined postures. The foreground is separated clearer than the previous videos because there is little
camera movement in each play shot. The proposed method
achieved 65.0% correct and 10.5% incorrect results for the new
video. The spotting results are lower than the previous one because the posture determination is not accurate as the previous
one due to the different video environments and the players’
different characteristics; such as, frame rates, resolutions, camera geometries, types of gesture, height, the lengths of the legs
and so on. Fig. 17(d) shows an example of different body characteristic between the player used in training and the player in
the new video, although the posture determined correctly. The
player in the new video is taller and has longer legs than the
player in the database.
5. Conclusion and further research
We presented a robust posture descriptor based on the CSS
feature and a gesture spotting method that represents a gesture
by a line/curve. The proposed posture descriptor is robust to
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Fig. 16. Likelihood for the play shots corresponding to Fig. 15.

Table 2
Gesture spotting results using continuous dynamic programming and the
proposed method

CDP

Proposed method

Player A
Left
Right

Player B
Left Right

Total

TP
TN

6/12 9/13
11/18

5/9

8/11

61.9% correct

FP
FN

5/12
6/12

4/9
4/9

3/11
3/11

36.7% incorrect

TP
TN

9/12 12/13
18/18

8/9

10/11

90.5% correct

FP
FN

0/12
3/12

1/9
1/9

0/11
1/11

7.8% incorrect

4/13
4/13

0/13
1/13

noise and signiﬁcant corruption of the player’s shape, which
occasionally occur in low-resolution sports video. The proposed
gesture spotting method is also robust to noise which is caused
by mismatched posture. It also needs only a small number of
training sets, which is a very important advantage in practical
applications.
From our experiments, the proposed spotting method
achieved 90.5% correct results and 7.8% incorrect results

Table 3
Gesture spotting results evaluated by precision and recall rates
Method

Evaluation

CDP

Precision rate = 63.6%
Recall rate = 62.2%

Proposed Method

Precision rate = 97.5%
Recall rate = 86.7%

(97.5% precision and 86.7% recall) while the CDP achieved
correct and incorrect results of only 61.9% and 36.7%, respectively (63.6% precision and 62.2% recall). The proposed
spotting method is robust to noise in the sequence data, and its
computational cost is small enough to be calculated in real time.
If the time for posture matching were to be reduced, the whole
system could operate in real time with good performance.
In the future, we intend to improve the posture matching
speed and extend the serve gesture spotting method to cope
with gestures used in daily life, which may contain repeated
and complicated motion. There are many potential applications of posture matching and gesture spotting, including sports
video annotation, surveillance systems, human–robot interactions, etc.
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Fig. 17. Foreground(red) and determined posture model(yellow) in another video sequence.
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