
  

 

Abstract—In this paper, we introduce a video-based fall 

detection system for an elderly person in a realhome 

environment. We extract global (ellipse) and local (shape 

context) features from static postures and an improved Directed 

Acyclic Graphic Support Vector Machine (DAGSVM) is 

applied for posture classification. After classifying different 

postures, certain rules are set to detect falls. This fall detection 

system is shown by evaluation on real datasets to achieve a good 

fall detection performance. 

 

Index Terms—Posture classification, improved (DAGSVM), 

shape context, fall detection.  

 

I. INTRODUCTION 

Caring for the aged has attracted increasing public concern 

in recent years. Among the issues of old people‟s care, 

according to [1], falls are the leading cause of death due to 

injury among the elderly and 87%of all fractures in this group 

are caused by falls. Although many falls do not result in 

injuries, 47% of non-injured fallers cannot get up without 

assistance and this period of immobility also affects their 

health. Hence, fall detection is an important problem to solve 

for the betterment of care to the aged. 

Fall detection techniques are divided into three main 

categories: first, accelerometer-based methods, second, 

sound or vibration sensor based methods and third, computer 

vision-based methods. Compared with the initial two 

methods, computer vision-based methods have the 

advantages that they are non-intrusive and not affected by the 

noises produced by some equipment, such as a television. 

There are various ways to detect a fall event using 

computer vision and signal processing techniques. One 

method would be to detect falls by extracting certain features 

and setting a threshold, if the changes of the extracted 

features during a certain interval are larger than the present 

threshold, then a fall is detected. The representative papers in 

this category include: [2]-[4]. But it is always difficult to set 

proper thresholds for achieving universal fall detection 

systems for different people. Considering falls and other 

actions are time-consecutive activities, some researchers 

propose to use hidden Markov models (HMMs) to construct 

models for fall and non-fall activities, for an incoming 

sequence, the likelihood under every modelis calculated to 

determine whether this sequence belongs to a fall ornot. The 

standard methods in this category include: [5]-[7]. 

However, for the fall detection using the HMM model 

strategy, it isimpossible to build the HMM models for all the 
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daily activities ofan old person (actually in [5] only the HMM 

models for falling andwalking are constructed, which is very 

limited), and it is inconvenient to build up the fall model by 

letting an elderly person simulate it. 

To overcome the drawbacks of the previously mentioned 

methods, aposture recognition based method for fall 

detection is proposed and builds upon [8], [9]. Features from 

static postures are extracted, and then an improved version of 

DAGSVM is applied for posture classification.  The 

classification results combined with some rules are used to 

determine whether fall activities occur. The structure of this 

paper is as follows: Section II showsthe extraction of the 

video features. An improved DAGSVM methodfor posture 

classification is introduced in Section III. In Section IV, 

weintroduce some rules to determine when a fall is happen. 

Experimentalstudies and simulations are presented in Section 

V. 

 

II. VIDEO FEATURE EXTRACTION 

Four common postures which occur frequently in elderly 

persons daily life are classified (stand, sit, lie and bending). 

The first step is to extract proper features. For feature 

extraction, „global‟ features (which give the appropriate 

description of the silhouette) and the „local‟ features (which 

give the detailed description) are used. 

A. Global Features Extraction 

Ellipse fitting is used to describe the silhouette obtained 

from codebook background subtraction [10] in a „global‟ way. 

The advantages of using this are: ellipse fitting is robust to a 

poor segment result, and compared with the rectangle, an 

ellipse is less sensitive to outliers (such as the broom shown 

in Fig. 1). 

 

 
Fig. 1. The rectangle fitting and ellipse fitting results. (a) original image for a 

(b) background subtraction result (c) rectangle fitting result and (d) ellipse 

fitting result. 
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The procedure for ellipse parameter calculation is 

described as follows: 

𝑚𝑝𝑞 =  𝑥𝑝
 𝑥 ,𝑦 ∈𝑃𝑖𝑥𝑒𝑙𝑠 𝑦𝑞𝑓 𝑥, 𝑦                (1) 

where, 

𝑝, 𝑞 = 0, 1, 2, ……. 

We can obtain the centroid 𝑥 , 𝑦  of the ellipse by:𝑥 =
 𝑚10 𝑚00  and 𝑦 =  𝑚01 𝑚00 . After obtaining the 

centroid,we can compute the central moment in the following 

way: 
 

𝑢𝑝𝑞 =    𝑥 −  𝑥  𝑝
 𝑥 ,𝑦 ∈𝑃𝑖𝑥𝑒𝑙𝑠  𝑦 −  𝑦  𝑞𝑓 𝑥, 𝑦        (2) 

 

With the aid of central moments, the orientation of the 

ellipse can be calculated as: 

 

𝜃 =  
1

2
arctan 

2𝑢11

𝑢20− 𝑢02
                             (3) 

 

And the major semi-axis a and the minor semi-axis b of the 

fitted ellipse can be can calculated as: 𝑎 =   4 𝜋  1 4 and 

𝑏 =   4 𝜋  1 4  
 𝐼𝑚𝑖𝑛  3

𝐼𝑚𝑎𝑥
 

1 8 

, where 𝐼𝑚𝑎𝑥 and 𝐼𝑚𝑖𝑛 are the 

 

𝐽 =   
𝑢20 𝑢11

𝑢11 𝑢02
                                   (4) 

 

After calculating the parameters, we can fit an ellipse to the 

foreground silhouette. And we use the ratio between the long 

and the short axis and the orientation angle as global features. 

B. Local Features Extraction 

Ellipse features are not enough to distinguish four different 

postures (considering for example the ratio and orientation 

for sitting and crouching are similar). In order to overcome 

this problem, „local‟ features are introduced which can 

represent the detailed information of different postures. 

Shape context [11], is a novel approach for a shape‟s 

similarity measurement and recognition and it can describe 

the shape‟s detail information. Given its wide applicability, 

we introduce shape context in our posture recognition 

problem and the features obtained from shape context are 

ascribed as the „local‟ features which describe the detail 

information for posture. 

 

 
Fig. 2. Diagram of log-polar histogram used in computing the shape 

contexts. 

For a particular 𝑘-thbin of the log-polar histogram, the 

value can be calculated as: 

 

ℎ𝑖 𝑘 = # 𝑞 ≠  𝑝𝑖 ∶   𝑞 −  𝑝𝑖 ∈ 𝑏𝑖𝑛 𝑘                  (5) 

 

where # represents the cardinality operation. Considering a 

point𝑝𝑖  on the first shape and a point 𝑞𝑖on the second shape, 

we denote𝑐𝑖𝑗 =  𝑐 𝑝𝑖 ,𝑞𝑗  
as the cost of matching these two 

points. Theformula to calculate this value is: 

 

𝐶 𝑝𝑖 ,𝑞𝑗  
=  

1

2
 

 ℎ𝑖 𝑘 −ℎ𝑗 (𝑘) 
2

ℎ𝑖 𝑘 + ℎ𝑗 (𝑘)

𝑘
𝑘=1                           (6) 

 

where  ℎ𝑖 𝑘  and ℎ𝑗  𝑘  denote the  𝑘 -bin normalised 

histogram at 𝑝𝑖  and 𝑞𝑗 [11].  

 

  

From shape context analysis, we can obtain the difference 

betweentwo shapes, and the concept of the dissimilarity 

feature could then be introduced. By applying the RandomC 

method in [13], different posture „prototypes‟ are chosen 

from the training dataset. For each incoming posture, it is 

compared with the chosen prototypes to obtain a dissimilarity 

feature, which is used together with the ellipse features for 

posture classification purpose. 

 

III. IMPROVED DAGSVM 

A support vector machine (SVM) is a recently emerging 

classification technique. An SVM [14] is based on statistical 

learning theory and it has good generalisation performance 

compared to traditional classification methods. For a two 

class classification problem with the training dataset: 

 

 𝐱𝑖  , 𝑦𝑖 , 𝑦𝑖  ∈  −1, 1 , 𝐱𝒊  ∈  𝑹𝑑                                      (7) 

 

If we use an SVM, we have to solve the following 

quadratic problem: 

 
1

2𝜔 ,𝜉

𝑚𝑖𝑛
 𝜔 2 +  𝐶  𝜉𝑖𝑖                                (8) 

 

subject to𝑦𝑖 𝜔 , ∅ 𝐱𝒊 −  𝑏 ≥ 1 −  𝜉𝑖  , 𝜉𝑖 ≥ 0 

By introducing Lagrange multipliers and using 

theKarush-Kuhn-Tucker conditions [12], the original 

problem is transformed to: 

 

 𝛼𝑖 −  
1

2

𝑛
𝑖

𝛼

𝑚𝑖𝑛
 𝛼𝑖𝛼𝑗𝑦𝑖 𝑦𝑗  𝑘 𝐱𝑖 , 𝐱𝑗                       (9) 

 

         

Here 𝑘 𝐱𝑖 , 𝐱𝑗   represents a kernel function which is equal 

to∅ 𝐱𝑖 . ∅ 𝐱𝑗   the most commonly used kernel function is 

the Gaussiankernel, which has the form of  𝑘 𝐱𝑖 , 𝐱𝑗  =

 𝑒𝑥𝑝 −𝛾 𝐱𝑖−𝐱𝑗 
2
   because it can map the original data into an 
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For an image 𝑓(𝑥, 𝑦), the moments are given by:

larger and smaller eigenvalues of 𝐽, where:

For one shape, we sample 𝑛points on it and for each 

pointon the 𝑝𝑖 shape; we calculate a coarse histogram ℎ𝑖of 

the relative coordinatesof the remaining 𝑛 − 1points. The 

diagram of a log-polar histogram is shown in Fig. 2.

subject to 𝛼𝑖 ≥ 0,  𝛼𝑖𝑦𝑖𝑖 = 0

Finally, given the set of costs 𝐶𝑖𝑗 between all pairsof points 

𝑝𝑖 on the first shape and 𝑞𝑖on the second shape, the totalcost 

of matching with respect to an optimal matching relation 

𝜋 forpoints on two shapes, namely, 𝑚𝑖𝑛𝜋  𝐶 𝑝𝑖 ,𝑞𝜋(𝑖) 𝑖 is 

taken as thedifference between two shapes. To obtain the 

matching relation, dynamic programming is applied [12].



  

infinite dimensionalfeature space and thus can increase the 

two classes separability.The Gaussian kernel is used 

throughout this paper. 

A traditional two-class SVM can only solve the two-class 

separationproblem and other schemes are applied to solve the 

multi-class classificationproblem, the representative ones are 

1-v-r [14] and 1-v-1[15]. Compared with these two methods, 

the proposed DAGSVM[16] used in this paper is efficient 

and has a good generalisation performance.  

The structure of DAGSVM is shown in Fig. 3. The 

DAGSVM has a tree-like structure and for an in coming test 

sample, the decision process just follows the structure and a 

decision is made when one leaf node is reached. 

 

 

 

A major disadvantage is that the structure for the 

DAGSVM is fixed and chosen randomly, so sometimes the 

least separable pair of classes may be put on the top and this 

degenerates the generalisation performance. In order to solve 

this problem, an improved DAGSVM is proposed. 

The concept of DBTC [15], which represents the (distance 

between two classes) is introduced. The calculation of DBTC 

in a feature space with 𝑛1and 𝑛2samples for two classes is 

defined as follows: 

𝐷𝐵𝑇𝐶 =   𝐦1
∅ −  𝐦2

∅ 
2
 

= (𝐦1
∅ −  𝐦2

∅)𝑇  (𝐦1
∅ −  𝐦2

∅) 

=  
1

𝑛1
2   𝑘 𝐱1,𝑖  , 𝐱1,𝑗  

𝑛1

𝑗=1

𝑛1

𝑖=1

+ 
1

𝑛2
2   𝑘(𝐱2,𝑖  , 𝐱2,𝑗 )

𝑛2

𝑗=1

𝑛2

𝑖=1

 

−  
2

𝑛1𝑛2
  𝑘(𝐱1,𝑖

𝑛2
𝑗=1

𝑛1
𝑖=1 , 𝐱2,𝑗 )                         

(10)

 

where 𝑘(𝑥, 𝑦) is the kernel function and 𝐦1
𝜑

 , 𝐦2
𝜑

are the 

means of the two classes in the feature space: 𝐦1
𝜑

=

 
1

𝑛1
 ∅

𝑛1
𝑖=1 (𝐱1,𝑖)  and 𝐦2

∅ =   ∅(𝐱2,𝑖)
𝑛2
𝑗=1 . For the Gaussian 

kernel, the followingequation holds: 

 

𝐷𝐵𝑇𝐶 = (2 −  
2

𝑛1𝑛2
  𝑘 𝐱1,𝑖 , 𝐱2,𝑗  )

𝑛2

𝑗=1

𝑛1

𝑖=1

 

− (1 −  
1

𝑛1
2   𝑘(𝐱1,𝑖

𝑛1
𝑗=1 , 𝐱1,𝑗 )

𝑛1
𝑖=1                (11) 

− (1 −  
1

𝑛2
2   𝑘(𝐱2,𝑖

𝑛2

𝑗=1

𝑛2

𝑖=1

, 𝐱2,𝑗 ) 

=
𝑑(𝐶1, 𝐶2)

𝑛1𝑛2
−  

𝑑(𝐶1, 𝐶1)

𝑛1
2 −  

𝑑(𝐶2, 𝐶2)

𝑛2
2  

 

 

𝑑 𝐶𝑖 , 𝐶𝑗  =     ∅ 𝑥 −  ∅(𝑦) 𝑥∈𝐶𝑗𝑥∈𝐶𝑖
            (12) 

 

It can be seen that a large DBTC value means a 

largeinter-distance value 𝑑(𝐶1, 𝐶2)and small intra-distance 

values and𝑑(𝐶1, 𝐶1)and𝑑(𝐶2, 𝐶2). It has been proved in [17] 

thatDBTC shows the separation between two classes and it 

can be usedas a criterion to tune the Gaussian kernel 

parameter–𝛾. 

After introducing the concept of DBTC, we come to the 

training anddecision procedure of the improved DAGSVM: 

For the training procedure, all pairs of classes are used to 

train twoclassSVMs, the kernel parameters are tuned to 

maximise the DBTCvalues and the penalised parameter „C‟s 

are tuned according to the10-fold validation. 

The decision process of the improved DAGSVM for an 

n-class classificationproblem could be summarised as 

follows:  

Initially, wehave the DBTC values and the trained SVMs 

for all pairs of the nclasses, we denote them as: 

 

𝐷𝐵𝑇𝐶𝑙𝑖𝑠𝑡  

= 𝐷𝐵𝑇𝐶1,1,…, 𝐷𝐵𝑇𝐶1,𝑛 ,…, 𝐷𝐵𝑇𝐶𝐼,𝑖+1,..., 𝐷𝐵𝑇𝐶𝐼,𝑛 ,…, 𝐷𝐵𝑇𝐶𝑛−1,𝑛  

 

𝑆𝑉𝑀𝑙𝑖𝑠𝑡

= 𝑆𝑉𝑀1,1,…, 𝑆𝑉𝑀1,𝑛 ,…, 𝑆𝑉𝑀𝑖 ,𝑖+1,…, 𝑆𝑉𝑀𝑖 ,𝑛 ,…., 𝑆𝑉𝑀𝑁−1,𝑁 

 

1) The largest value in the 𝐷𝐵𝑇𝐶𝑙𝑖𝑠𝑡  is chosen and denoted 

as 𝐷𝐵𝑇𝐶𝑥 ,𝑦 , then 𝑆𝑉𝑀𝑥 ,𝑦  is used to make a decision. 

2) After the decision, one class is eliminated. We assume 

theeliminated class is 𝑥, all the DBTCs and SVMs whose 

indexescontain 𝑥 will be eliminated from 

the 𝐷𝐵𝑇𝐶𝑙𝑖𝑠𝑡  and 𝑆𝑉𝑀𝑙𝑖𝑠𝑡 . 

3) We choose the largest value among the DBTC values 

whoseindex contains y for the remaining elements in 

the 𝐷𝐵𝑇𝐶𝑙𝑖𝑠𝑡 . And the corresponding SVM in the 𝑆𝑉𝑀𝑙𝑖𝑠𝑡  

will be appliedfor the second round classification. 

4) Repeating step 2 and 3, until one element is left in 

𝐷𝐵𝑇𝐶𝑙𝑖𝑠𝑡  and 𝑆𝑉𝑀𝑙𝑖𝑠𝑡 , the final decision is made by the 

last SVM. 

By using this method, it guarantees that for every 

decisionmadeiteration, the two classes used to build up the 

two-classSVM are always the most separable, thus 

guaranteeing goodgeneralisation performance. 

 

IV. RULES FOR FALL DETECTION 

After obtaining the posture class, we determine a fall or 

non-fallactivity if the following three conditions are met: 

1) The posture is classified as „lie‟ or „bend‟. 

2) The posture is inside the ground region. 

3) The above two conditions are kept for a certain time, 

which exceeds a preset time threshold (we use 30s). 

The three conditions are set according to the characteristic 

of fall activity, in most cases, fall activities end up with a „lie‟ 

posture and this „lie‟ posture usually remains for a certain 

time due to the period of immobility of an elderly person after 

the fall. Besides, different from lying on the bed/sofa, the 

posture should be inside the ground region (or at least a large 

part is inside theground region). And considering that an 
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Fig. 3. The decision process for the DAGSVM [16].

where 𝑑(𝐶𝑖 , 𝐶𝑗 )is calculate as 



  

elderly person rarely „bends‟ for a long time in the ground 

region (here we define the „bend‟ class as postures of bending 

to fasten a shoe lace or bending to pick up something, which 

is very common to occur in an elderly person‟s daily life), if a 

„bend‟ posture is detected in the ground region for a certain 

time, we also regard it as abnormal. 

From the above three conditions, we can see that in order 

to detect falls, the ground region needs to be determined 

initially. Before the fall detection phase, floor detection is 

carried out. In this phase, when the posture is classified as 

stand or sit as a person does normal activities, the region 

nearby the lower extreme point of the ellipse (here we use an 

8 × 8 block) is marked as the ground region (Fig. 4 (a) and 

(b)). No marking is performed for lie posture to avoid 

mistaking the floor or sofa regions as floor (Fig. 4 (c)). The 

full floor region is then finally detected after a certain period 

when the person passes through the entire floor (Fig. 4 (d)). 

 

 
Fig. 4. Floor detection results.In (a) and (b), a blue 8 × 8 block nearby the 

lower extreme point of the ellipse is marked as the ground region when the 

posture is classified as stand or sit. For lie posture, no marking is performed 

(c) The final floor detection results after a certain time period is shown in (d). 

 

V. EXPERIMENTS AND EVALUATION 

In the experiments, a volunteer is invited to simulate the 

activities of an elderly person (considering it is not safe for an 

elderly person to simulate some activities, especially falling) 

and a USB PC camera was use for capturing the video 

sequence and a laptop with MATLAB 7.0 for processing. 

Initially, a dataset of different postures was constructed, 

which contained 280 postures from different views and 13 

prototypes were collected by the RandomC method (here, 

one prototype is chosen randomly from a number of postures 

in a particular view). Representative postures are shown in 

Fig. 5. 

 

 
Fig. 5. The chosen prototypes for the posture dataset. 

Fig. 6 shows the comparison of global features, local 

features combination ones, and PCA was applied for 

visualisation purposes for the middle and right subfigures. 

One can see intuitively that when using only global or local 

features, the overlapping will be serious, whereas this can be 

clearly ameliorated by using the combined feature. 

 

 
Fig. 6. The comparison for global, local and combined features.(a) Ellipse 

feature, (b) Shape context feature and (c) Combined feature. (red for bending, 

green for crouching, blue for lying, black for sitting, yellow for standing and 

the three axes in the (b) and (c) represent for the three main components of 

PCA). 

 

Two sets of comparisons were carried out, one for features, 

and the other for classifiers, the results are shown in Table I 

and Table II.  
 

TABLE I: THE COMPARISON OF POSTURE CLASSIFICATION FOR DIFFERENT 

FEATURES (UNDER IMPROVED DAGSVM) 

  
Ellipse features 

only 

Shape context 

features only 

Feature 

combination 

96.44%  90.33% 99.29% 

 

TABLE II: THE COMPARISON OF TRADITIONAL DAGSVM AND IMPROVED 

DAGSVM (UNDER COMBINED FEATURES) 

Traditional DAGSVM tested 20 times with random 

structure 

Improved 

DAGSVM 

Min 

98.05% 

Max 

99.28% 

Mean 

99.20% 

 

99.29% 

 

From the comparison results, one can see that combined 

features are better than using the local or global individually, 

and the improved DAGSVM, which can achieve a higher 

classification rate on the combined features dataset (99.29%), 

was better than the traditional one. 

Posture classification results along with the detected floor 

information are used to detect falls according to the three 

conditions in Section IV. To illustrate, we show five cases 

presented in Fig. 7, (a) and (b) show a person does walking 

and sitting activities, the corresponding postures are 

classified as „stand‟ and „sit‟, thus no falls are reported. (c) 

shows a person lies on the sofa, although a „lie‟ posture is 

detected, the human body blob is not in the floor region, so 

the lying on thesofa case is correctly classified as non-fall. In 

(d), a person bends to pick up something and the posture is 

classified as „bend‟, however, the detected „bend‟ posture 

does not hold long  (the posture recovers to „stand‟ posture in 
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a short time), so no falls are detected in this case. For (e), the 

„lie‟ posture is detected and the majority of the human body is 

in the floor region for a long time, a fall is therefore detected. 

 

(a) (b) (c) (d) (e)

Fig. 7. Different types of activities simulated in a real home environment 

(a) walking (b) sitting (c) lying (d) bending and (e) falling. 

 

For a comprehensive evaluationof this fall detection 

system, the volunteer is asked to simulate 32 fall activities 

and 64 non-fall activities.  The 280 postures dataset is applied 

to construct the DAGSVM classifier for posture recognition 

purpose. Final results are given in Table III, which show that 

31 out of 32 (96.88%) falls can be detected while only 3 out 

of 64 (4.7%) non-falls were mistaken as falls; and a high fall 

detection rate is obtained with an acceptable false detection 

rate. 

 
TABLE III: EVALUATION OF THE PROPOSED FALL DETECTION SYSTEM 

 No. of 

 activities 

Detected as 

falls 

Detected as 

non-fall 

Falls 32 31 1 

Walking around 16 0 16 

Sitting on the 

sofa/chair 

16 2 14 

Bending 16 1 15 

Lying on the sofa 16 0 16 

 

VI. CONCLUSION 

In this paper, we have proposed a new fall detection 

method based on posture classification, both local and global 

features applied to better describe of the postures, and an 

improved version of DAGSVM was adopted to enhance the 

classification performance. After posture classification, 

certain fall detection rules were set to determine whether falls 

happened or not, the experimental results show that the 

proposed system is workable in a real home 

environment.However, a common problem in the home 

environment is occlusion, sometimes people will be occluded 

in a camera‟s scene and we have to refer to a multiple-camera 

scheme to solve this problem. The fusion of multiple camera 

outputs to make a final decision will be our next research 

step. 
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