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Abstract 

In this paper, we present a novel method to 

classify swimming styles from video sequences 

based on the features extracted from arms and 

shoulders. In our approach, potential body parts 

are first extracted using a simple skin color model. 

Next, the segmented regions are filtered based on 

quantitative measures such as the aspect ratio and 

the area to retain the dominant parts. The resulting 

data is then down-sampled and regression analysis 

is performed to calculate the relative position of 

the constituting body parts. Finally, a decision tree 

is constructed to carry out the classification. 

Experimental results demonstrate the validity and 

efficiency of our proposed approach. 

Keywords: Human motion analysis, swimming 

style classification, linear regression. 

1. Introduction 
The analysis of human motion is a research 

domain that has received considerable attention 

from the computer vision community for the past 

decade [1]. Automatic processing of sports video 

that involves single or multiple players is, in 

particular, a heavily investigated subject due to the 

popularity of sport events. In general, there are two 

distinct purposes for analyzing sports video: 1) to 

organize and segment the raw footage into 

semantic units for easy indexing and retrieval, and 

2) to perform qualitative or quantitative analysis of 

human motion to identify certain weakness and 

provide cues for improvement. The former has 

long been known to be the key step in constructing 

multimedia database, while the latter is usually 

employed by a coach or a professional athlete to 

improve skill and boost performance. 

Our preliminary survey on publications 

related to sports video analysis indicates that the 

research is largely limited to multi-player ball 

games such as football, soccer and baseball [2,3].  

The relatively few studies we have found on 

swimming rely on semi-automatic technique, 

requiring application of explicit markers or manual 

tracking of features. A computerized system that is 

capable of extracting human subject and analyzing 

his/her movement from a swimming video is thus 

quite desirable.   

A major characteristic of sports motion is that 

inherent structure exists as a direct influence of the 

game rule or pre-defined exercise sequence. We 

are not dealing with random movement. Instead, 

domain-specific knowledge can usually be applied 

to aid the analysis. For example, swimming is a 

periodic motion that can be categorized into four 

stroke styles, namely, backstroke, breaststroke, 

butterfly and free style. Each style depicts its 

unique combination of the movement of different 

body parts, including the arms, the legs, and the 

shoulder. A first step toward automatic 

image-based analysis of the kinesiology and 

biomechanics of swimming motion is the correct 

classification of the input video sequence. With 

this goal in mind, we proceed to develop an 

efficient approach to classify the source footage 

with the following constraints: 1) the swimmer is 
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trained in a FINA Olympic standard pool with 

distinct lane ropes, 2) the video is taken with an 

above-water camera looking down as the swimmer 

is approaching, and 3) there is only one swimmer 

within the camera’s field of view. These 

assumptions will simply the processing of the 

video, yet at the same time guarantee satisfactory 

classification results.   

Our proposed approach is consisted of four 

stages, including color-based segmentation, 

connected component detection, regression 

analysis, and motion classification, as depicted in 

Fig. 1. As we are not using underwater images, 

only the arms and the shoulder are visible in most 

video frames. In other words, we have to rely on 

the information carried by these two body parts to 

perform the classification. A single image is 

definitely not sufficient, as different swimming 

styles may exhibit similar arms and shoulder poses. 

Processing of a large video sequence, on the other 

hand, imposes a constraint on the time requirement 

which needs to be addressed to achieve real-time 

performance. 

 

 

 

Figure 1. System framework. 

The rest of this paper is organized as follows. 

In section 2, we present the framework of the 

classification system and elucidate the key ideas 

employed in each stage. Experimental results and 

discussions are provided in section 3. Finally, 

concluding remarks are given in section 4. 

2. System Framework 
In this section, we will describe in detail the 

four components of the proposed classification 

system. A simple but effective segmentation 

method based on the hue value is first introduced. 

Candidate body parts are then isolated using 

heuristics. To accurately and efficiently compute 

the inherent structure of swimming motion, 

regression analysis is performed on the extracted 

points. Finally, a scoring system based on the 

computed data is developed to indicate the type of 

movement.       

2.1. Color-based Segmentation 

In our proposed system, color video is 

employed to enable robust segmentation of the 

human body parts. Many skin color models have 

been proposed to detect and extract human subject 

in complex environments [4]. Some are very 

sophisticated with the ability to compensate for 

illuminator changes [5].  Our constraint on the 

environment has made this stage quite simple as 

we are only required to consider backgrounds with 

limited disturbances caused by water splash, 

shadow, and lane ropes. 

To make use of the color information, the 

digitized images represented by RGB color model 

are first converted into HSV space. Fig.2 shows a 

sample input image with its corresponding hue 

plane. Evidently, initial segmentation can be 

performed with ease in the H-plane. 

Color based segmentation 

Connected component detection 

Regression analysis 

Motion classification 
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(a) Original color image 

 

(b) The hue component 

Figure 2. Sample input image. 

 

As our background is largely blue, it would 

make sense to label the pixels with a hue value 

between 0.3 and 1.5 as the possible skin region, 

which happens to be on the opposite side of the 

blue color in the hue ring, as shown in Fig. 3.  

Applying this criterion to the sample input image 

(Fig. 2) results in the segmented regions shown in 

Fig. 4.  

 
Figure 3. The hue ring and the interval corresponding to 

possible skin pixels. 

 

 

 

 

 

 

 

 

Figure 4. Segmented regions. 

 

We have found this simple technique to work quite 

well for most video clips. It is possible to refine 

the segmentation process by taking into account 

the fact that the lane ropes is usually bright while 

the projected shadow appears dark. In addition, 

morphological filtering can be applied to clean up 

isolated or disconnected regions. In most cases, 

less than 10 blobs are left for processing in the 

next stage.  

2.2. Connected Component Detection 

After detecting regions that could possibly be 

associated with limbs, we need to determine the 

blobs that represent the arms. Depending on the 

swimming style being exercised, one or two 

dominant blobs may exist. We use the algorithm 

documented in [6] to locate connected components. 

Components that cross the left/right boundary or 

have size smaller than a pre-defined threshold (500 

pixels in our experiments) are excluded from 

further consideration. Finally, only the two largest 

blobs are retained for the next stage computation. 

2.3. Regression Analysis 

The proposed mechanism for motion 

classification stems from the observation that the 

angles formed by the limbs, especially the arms, 

are unique for each swimming style. Accurate 

estimation of the position and slope of the arms is 

therefore indispensable. There are many possible 

approaches for carrying out the calculation. For 

0 / 2π 
0.3

1.5 
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example, we can utilize thinning algorithms to 

reduce the blob to a single line and approximate its 

slope. Hough transform seems to be another 

plausible choice due to its robustness. However, 

our main objective is to develop a real-time 

classification system and processing speed is of 

utmost concern. Linear regression analysis turns 

out to be a powerful tool that grants both speed 

and accuracy.   

Linear regression will be performed for each 

connected component detected in stage 2. Suppose 

there are N points in a blob, with coordinates 

denoted as (p1,q1), (p2,q2) to (pN,qN). Let Y be the 

array containing the y-axis coordinates, i.e., 

],,,[ 21 NqqqY K=     (1) 

Similarly, let X be the array containing the x-axis 

coordinates, 

],,,[ 21 NpppX K=    (2) 

Treating X as an independent variable, and Y as 

the dependent variable, we can fit these points with 

a line: 
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The correlation coefficient R can be computed 

according to: 
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We will rely heavily on the calculated slope a to 

perform the classification. The correlation 

coefficient measures how spread out the blob 

appears. It is used mainly to remove regions 

corresponding to the lane ropes, which usually 

possess large R values. Fig. 5 shows the detected 

blobs along with their regression lines. 

 

Figure 5. Detected regions and corresponding regression 

lines. 

 

At this point, we are equipped with one or two 

dominant regions, the regression coefficient(s), 

and the aspect ratio for each region. These features 

will constitute the basis for classification. 

Before proceeding to the next stage, it is 

worth mentioning that linear regression analysis 

can be performed using sub-sampled data. As a 

matter of fact, we have attempted to use only 1/16 

of the original data points and still get correct 

results.  

2.4. Motion Classification 

We use the decision tree depicted in Figure 6 

for classifying the motion sequence. These rules 

are mainly derived from the characteristics of the 

upper body movements. For example, in certain 

subsequence of the backstroke style, the arms will 

be held in the vertical direction. Therefore, the 

calculated slope a will be large and the aspect ratio 

tends to be very small. On the other hand, the arm 

movement in free style swimming usually displays 

shallow entry/exit angles, resulting in a smaller 

slope and a larger aspect ratio than those of the 

backstroke style.  

The decision-making mechanism is 

augmented with a scoring system. Score 

assignment is based on the measure of proximity 
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to the prominent features of a specific style. For 

instance, backstroke style is normally associated 

with large slope (a) and small aspect ratio (AR). 

Therefore, a score of 10 is assigned to the frame if 

a>3 and AR <0.4. The score is computed for each 

frame in the video sequence and accumulated 

continuously. At this moment, we are setting the 

parameters empirically. It is speculated that with a 

large collection of data and a well-devised 

machine learning system, a set of more precise 

decision rules and boundaries can be discovered. 

.  

Figure 6. The decision tree and scoring system. 
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Figure 7. The swimming style classifier user interface. 

 

3. Experimental Results 
In this section, we describe the 

implementation details of the proposed motion 

classification system and present experimental 

results of processing video clips in real-time. 

Our swimming style classifier software is 

implemented with Borland® C++ Builder 5.0. 

The user interface is depicted in Fig. 7. The 

system can accept live DV input through the 

IEEE 1394 interface. In addition, the user can 

open an existing video clip for analysis. In either 

of these two cases, the system is capable of 

processing the input data at a rate over 20 frames 

per second using a computer with a Pentium 4 

1.7 GHz CPU. The accumulative score for each 

swimming style is listed at the lower central 

panel and the one with the highest score, i.e., the 

currently perceived swimming style, is 

highlighted in red. It is possible for this assertion 

to change during the course of processing as 

partial sequence might not produce the correct 

result. Table 1 summarizes the scores 

accumulated for the first 9 frames of a typical 

input video clip. 

Since we are congregating information 

across multiple frames, it would not be possible 

for the current system to handle video clips with 

mixed styles unless the ‘turn’ movement can be 

identified to reset the accumulator. We are not 

attempting to detect a subsequence that defines a 

single period of motion, either. The advantage of 

our approach is that the starting frame is not 

required to be the first in a specific motion style 

sequence. 

We have tested our system with a collection 

of about 50 video clips. We obtain correct 

classification results for all the video clips that 

satisfy the constraints discussed in Section 1. We 

experienced difficulties with video clips that are 

either too short or contain medley (mixed styles). 

Interested readers are welcome to download the 

program at: http://vision.cs.nccu.edu.tw/SSC/ 
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Table 1. Accumulated scores for a segment of 9 frames. 
 Original image Skin regions Butterfly Backstroke Breaststroke Freestyle 

1 

 

0 0 0 0 

2 

 

0 0 3 0 

3 0 0 3 0 

4 

 

10 0 3 0 

5 

 

18 0 3 0 

6 

 

26 0 3 0 

7 

 

26 0 6 0 

8 

 

26 0 6 0 

9 

  

26 0 6 0 
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4. Conclusions 
In this paper, we have presented an 

efficient method to classify swimming style 

using features extracted from the upper body 

parts. Based on the slope and aspect ratio of each 

candidate blob, the characteristics of various 

motion styles can be captured. The proposed 

decision tree and scoring system prove to work 

well for video clips satisfying proper constraints. 

The research reported in this paper marks 

one of the first few attempts to classify/analyze 

swimming motion entirely based on image 

sequences.  Possible improvements include the 

development of better decision rules, detection 

of the ‘turn’ movement to enable analysis of 

mixed swimming modes. The ability to identify 

the beginning and ending of a motion cycle 

would further enhance the performance of the 

classification system. 
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