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Abtract: The recognition of human walking and running actions becomes essential part 

of many different practical applications such as smart video-surveillance, patient and 

elderly people monitoring, health care as well as human-robot interaction. However, 

the requirements of a large spatial information and a large number of frames for each 

recognition phase are still open challenges. Aiming at reducing the number frames and 

joint information required, temporal foot-lift features were introduced in this study. The 

temporal foot-lift features and weighted KNN classifier were used to recognize “Walkin 

and“Running”actions from four different human action datasets. Half of the datasets 

were trained and the other half of datasets were experimentally tested for performance 

evaluation. The experimental results were presented and explained with justifications. 

An overall recognition accuracy of 88.6% was achieved using 5 frames and it was 90.7% 

when using 7 frames. The performance of proposed method was compared with the 

performances of existing methods. Skeleton joint information and temporal foot-lift 

features are promising features for real-time human moving action recognition. 

 

Keywords : Moving action recognition; Skeleton joint data; Foot-lift feature;                     

Smart surveillance system; Human action. 

 

1. Introduction  

 

Today, action-based video retrieval systems, smart video surveillance systems and 

human-robot interaction require intelligent recognition of human moving actions in a 

recorded movie or in real-time capturing images. Among different actions in our daily 

lives, “Walking” and “Running” actions are commonly performed for different 

activities, especially in public places such as shopping malls, hospitals, university 

campuses, public parks, banking and ATM (Automatic Teller Machine), relaxation areas, 

traffic lights as well as condominium residents as shown in Figure 1. In such locations, the 

seamless observation of people actions is essential to provide a good security. It cannot 
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be implemented only by human security and thus the applications of smart video 

surveillance systems are essentially important [1]. In addition, human recognition is 

importantly used in human-robot interaction such as human-following robots, sport-

robot and so on. 

 

 

 

 

 

 

 

                       (a)              (b)                     (c) 

 

Figure 1: Instantaneous human moving actions in different applications  

(a) human-following robot (b) public surveillance system (c) sport-robot 

 

In literature, human action recognition was started using the signal of the LED light bulbs 

attached on different parts of human body [2]. In that approach, the motion vector 

analysis of LED bulb signal was applied to differentiate the “Walking” and“Running

”actions. This approach required dark environment to capture the LED bulb signal. Su 

et al. [3] proposed an automatic gait recognition method based on the motion frequency 

characteristics of three parts of human silhouette; trunk, thigh and shin. The “Running

” action was marked with a high motion frequency and “Walking” action marked 

with a low motion frequency. In the approach proposed by Masoud et al. [4] eigen 

images were used as the features for recognizing“Walk”,“Run”,“Skip”,“March, 

Line-walk”,“Hop”,“Side-walk”,“Side-skip”actions. It required a total of 50 

binary image frames to develop eigen images and eigen vectors. Köse et al. [5] utilized 

Pixel Motion Features (PMI) for recognition six different actions including“Walking” 

and“Running”.  

 

The PMI feature is the cumulative summation of frame difference for a certain number 

of consecutive frames during a time duration. The authors used eight cameras to capture 

eight perspectives of motion and calculate the PMI. The “Running” action resulted in 

large PMI values and the“Walking” action resulted in small PMI values. The 

effectiveness of duty factor for recognizing “Walking”, “Jogging” and “Running”

[6]. Their method consisted of two steps. First, the gait type was classified and then action 

recognition was recognized based on duty factor in the second step. The duty factor is 

the total time when one foot is touching to the ground during one stride. In their 

approach, at least two strides were still needed. These earlier studies have mainly focused 

on learning and recognizing actions using RGB images. However, application of RGB 

video/images have limitations when human body parts are occluded due to self-

occlusion or objects around when performing action. 
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Thus, today the application of RGB-D and 3D skeleton-joint information becomes 

popular for recognition of different human actions . Compared to RGB images, the depth 

information or skeleton joint data can give 3D posture and additional features of human 

body during actions [7], [8]. It realizes the possibility of 3D actions recognition [9], [10], 

[11], [12].  A total of 16 joints features were utilized in the study of Ghazal et al.[13]. Here, 

the displacements of left/right shoulder, left/right hip, left/right knee left/right ankle 

between consecutive frames were calculated as dynamic features. Kim et al. [14]  

proposed weakly-supervised 3D network for recognition of different actions including 

“Walking” and “Running” actions. However, it still requires at least 16 temporal 

frames. 

 

From this literature survey, two challenges are observed. The first challenge is related to 

the requirement of large spatial information. Using skeleton joint information of the 

whole human body not only increases the computational complexity but also requires a 

larger memory space because there are 15 to 30 joint locations on entire body [11]. There 

will be more than 45 data points in each frame when fifteen 3D joints are considered. 

Thus, when hundreds of frames are used in each recognizing phase, there will be triple 

number of data to be handled in calculation. Sometimes, multiple cameras or multiple 

views are necessary for achieving a good classification performance. It not only increases 

the computational complexity but also requires larger memory space to keep the entire 

database [15].   

 

The second challenge is the requirement of a large number of frames (in other words 

long duration of action) for recognizing human action. In [16], 5-s long video with 125 

frames were required for each recognition phase. In other works [10], [17], [18], [19]  a 

minimum of 300 frames is required to extract spatiotemporal features in conventional 

dual-stream model. In approach of using adaptive energy images [20], a total 70 to 100 

frames must be applied. Even the whole video clip was used in [21]. These two challenges 

motivated us to consider and contribute the concept of temporal foot-lift features using 

a small number of frames for recognizing “Walking” and “Running” actions as 

suggested in a previous work [22]. 
 

In this regard, the objectives of this study are to propose a method for recognizing human 

“Walking” and “Running” actions using temporal foot-lift features extracted from a 

small number of frames and to experimentally evaluate the performance using four 

different datasets. 

 

2. Material and methods 

2.1    Skeleton joint data and foot-lift 

 

Today, the skeleton joint data of human body in actions can be extracted using RGB-D 

camera and Kinet Software [23] . There are a number of skeleton joint information 

datasets of different human actions and freely available for research purpose [24], [25], 

[26], [27]. Depending on the number of capturing locations, there can be many key joint 
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locations from which 3D skeleton joint information are extracted. A sample of skeleton 

joints for in-door“Walking”action from UTKinet dataset is shown in Figure 2. It has 15 

joint locations from head to foot.   

 

This section explains the idea of using foot-lift features. Indeed, people may perform“

Walking”and“Running”as a single action or a combined action together with other 

action. In our daily activities, the upper body part of human can have another activity 

while walking or running. For examples, carrying box while walking, talking on phone 

while walking, carrying pole vault or bag while running as shown in Figure 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Skeleton joint data [24] 

 

When the whole-body information is taken into account, there are two disadvantages in 

training the model. First, a large data must be handled and second the upper body part 

can have many different actions. To avoid these disadvantages and to be able to integrate 

the proposed method in any activity recognition, only foot-lift is considered for 

recognizing fundamental “Walking” and “Running” actions. As shown in Figure 4, 

there are distinct foot-lift characteristics in “Walking” and “Running” actions. It can 

be noticed that foot-lifts in “Running” action are higher than foot-lifts in “Walking” 

action. Therefore, it is considered to extract (predictors) features from foot-lift. Then, 

this concept requires only information of foot joint locations rather than all joints’ 

information. It addresses the first challenge. To address the second challenges, temporal 

foot-lift features are considered. Instead of using a large number of frames, foot-lift 

features can be extracted using a small number of frames.  In this study, 5~7 frames are 

taken for each recognition phase.  
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Figure 3: Some possible human actions while walking and running 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Foot lift in “Walking” and “Running” actions  

 

2.2   Block diagram  

 

Figure 5 shows the process flow diagram of the proposed method. There are two phases 

in which the first phase is video capturing and skeleton joint data extraction for the 

actions.  The first phase was done by previous research works which developed the 

datasets [24], [25], [26], [27]. Today, there are many approaches to extract skeleton 

joint data from recorded images or videos. Some researchers [28] used estimation of 

vertical position of the neck, shoulder, waist, pelvis, knee, and ankle set by a study of 

anatomical data to be 0.870H, 0.818H, 0.530H, 0.480H, 0.285H, and 0.039H, 

respectively. However, it only works for extracting 2D skeleton joints in walking action. 

The other approach is using various RGB-D sensors such as Microsoft Kinect, Intel 

RealSense, OrbbecAstraPro and so on. In this approach body parts segmentation is 

performed in RGB images using readily available deep learning models. Then, the dept 

information is extracted from depth-image and used to develop 3D posture and skeleton 

joint data.  The other approach is using optical motion capture system based on retro-

Walking 

Running 
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reflective markers attached to the actor’s body. This approach was used in MoCap 

dataset [27]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Block diagram of proposed method  

 

The second phase was conducted in this study. Based on the proposed method, the 

temporal foot-lift features were calculated using skeleton joint information. The detailed 

procedure for foot-lift feature calculation is explained in the next section. A half of the 

observations was used for training and developing KNN classification model. Then, the 

other half of observations was used for testing and evaluating the model. 

 

2.3   Foot-lift features  

 

Before discussing foot-lift features, it is necessary to understand what foot-lift is. The foot-

lift is the perpendicular height of the foot from the moving path (e.g, floor, ground) 

during walking or running as shown in Figure 6. To calculate the foot-lift features, foot-

lifts of both feet must be firstly calculated. In this proposed method feet are assigned as 

lower foot and higher foot but not left and right. It makes calculation more flexible and 

independent of moving direction.   

 

Figure 6 depicts the concept of calculating foot-lift in an image frame. From a skeleton 

joint data in an image frame, the coordinates [(xf1, yf1, zf1), (xfh, yfh, zfh)] of feet locations 

were taken. Here, (xf1, yf1, zf1) is lower foot location and (xfh, yfh, zfh) is the higher foot 

location. 
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Figure 6: Moving path and foot-lift in a movie frame 

 

First it needs to find a short moving path on the ground/floor. Since it is a short path 

during a small number of frames, it is considered as a linear line. Thus, straight line 

equation was used.  To find the moving path equation, the coordinate (xf1, yf1, zf1) was 

used. At least three coordinates are required to develop a linear equation. Therefore, at 

least three consecutive frames are required to find moving path equation. Here, only 2D 

(XY or ZY, XY in Figure 6) path line is considered because each recognition phase is 

implemented during a very short time.  

 

α α= +fl 1 fl 2y x                                                       (1)    

 

where, xfl=[xfl1, xfl2, xfl3,…, xfln], yfl= [yfl1, yfl2, yfl3,…, yfln] are vectors of coordinates of 

lower foot from n consecutive video frames. In this work, the number of frames (n) is set 

as 5 and 7. After calculating 1 and 2 by means of linear regression method, yp on the 

moving path can be calculated at any xp.    

 

α α= +p 1 p 2y x
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where, yp is y-coordinate on moving path at any foot location xp (it should be xfh for 

higher foot location, xfl for higher foot location), yl is lower foot lift,  yh is higher foot-

lift, Hm is human height, and Rfl is normalized lower foot-lift, Rfh is normalized higher 

foot-lift. For example, when n is set as 5 or 7, Rfl and Rfh become vectors as [Rfl1, Rfl2, Rfl3, 

Rfl4, Rfl5] and [Rfh1, Rfh2, Rfh3, Rfh4, Rfh5] respectively.  

 

After calculating foot-lifts for both higher and lower feet, first three foot-lift features were 

calculated by means of the following equations.  

 

Δ fh flfmR R R= −                                   (7)   

 

fmax fhR max([R ])=                                  (8) 

 

( )
2n

rms fhi fli
i 1

1
E R R

n =

= −                            (9)  

 

where, Rfm is difference of means of normalized lower foot-lifts and normalized higher 

foot-lifts, Rfmax is maximum normalized foot-lift, Erms is root-mean-square error between 

lower foot-lifts and normalized higher foot-lifts.  

 

Then, the dynamic features are referred as the ones for which a time duration is required 

in calculation. In this work, the video recording frame rate is 30 fps. Therefore, the time 

duration is 0.167 s for 5 frames and 0.233 s for 7 frames. For this work, two dynamic 

features were considered as follow. To find the fairness among different physical 

structures of actors, the normalized values are calculated. These features can be expressed 

in mathematical forms as follow. 

 
n

y fl fl fh fh
i 1m

1
PMI y (i) y (i 1) y (i) y (i 1)

H =

= − + + − +                                                  (10) 

 
n

x,y,z fl fl fl fl fl fl fh fh fh fh fh fh
i 1m

1
PMI x ,y ,z (i) x ,y ,z (i 1) x ,y ,z (i) x ,y ,z (i 1)

H =

= − + + − +                          (11) 

 

where, PMIy is pixel motion feature in Y-direction and PMIx,y,z  pixel motion feature in x, 

y, z directions. Since only two feet locations are required, there is no effect of the number 

of joints available. It is a new version of pixel motion feature (PMI). Originally, the PMI 

can be developed using binary image difference. The larger PMI values represent running 

action and lower PMI values represent walking action. Here, since RGB images are not 

used, joints coordinate differences are used. The first one is the cumulative sum of 

absolute vertical displacements of feet during n frames (5, 7 frames or 0.167 s, 0.233 s).  

The second one is the cumulative sum of absolute 3D displacements of feet during n 

frames (5, 7 frames or 0.167 s, 0.233 s).  
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Sample features for “Running” and “Walking” are shown in Figure 7. It can be seen 

that typically the foot-lift features of “Running” action are higher than the features of 

“Walking”.  It supports in classification.  The step-by-step procedure for calculating 

temporal-foot-lift features is described in Table 1. 

 

 

       

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Sample features of “Walking” and “Running” actions  

 

Table 1: Step-by-Step Procedure for temporal-foot-lift feature calculation 

 

Step-by-Step Procedure 

- Let the number of frames =5 or 7 or n 

- Collect lower coordinates of lower foot for 5 frames xfl=[xfl1, xfl2, xfl3,…, xfln] and 

yfl= [yfl1, yfl2, yfl3,…, yfln]  

- Calculate α1, α2 using Equation (1) 

- Calculate yp using Equation (2) and X-coordinate of higher foot, 

 xfh=[xfh1, xfh2, xfh3,…, xfhn] 

- Calculate higher foot-lifts (yh) using Equation (3) and Y-coordinate of higher foot 

yfh=[yfh1, yfh2, yfh3,…, yfhn] 

- Calculate lower foot-lifts (yl) using Equation (4) and Y-coordinate of lower foot 

yfl=[yfl1, yfl2, yfl3,…, yfln] 

- Calculate normalized lower foot-lifts, Rfl=[Rfl1, Rfl2, Rfl3, Rfl4, Rfl5] and higher foot-lifts 

Rfh= [Rfh1, Rfh2, Rfh3, Rfh4, Rfh5] using Equation (5) and Equation (6) 

- Calculate foot-lift features, Rfm, Rfmax, Erms using Equations (7), (8) and (9) 

- Then, calculate PMIy and PMIx,y,z using Equations (10), (11)  
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2.4   Weighted KNN classifier  

 

Today, KNN and SVM classifiers are popularly used in human action recognition. In 

previous works [16, 24, 25], the Neural Network, KNN, Decision Tree as well as Naïve 

Bayes were used for classification of human actions. According to the performance 

comparison in previous studies, KNN have shown its promising accuracy compared to 

other classifiers. Therefore, weighted KNN with K value of 10 was used in this study. The 

distance between trained features and test features was calculated using Euclidean 

distance.   

 

( )
m

2

i trained,j test,j
j 1

d F F
=

= −                     (12) 

 

i

i

1
w

d
=                               (13) 

 
K

i i
i 1

pr K

i
i 1

w C

C

w

=

=

=



                            (14) 

 

where, Ftrained trained feature, Ftest tested features, m is the number of features (j=[1, 2, 3

….m], m is 5 in this case), di is Euclidean distance for ith observation, wi is weight factor, 

Ci is the actual class trained, Cpr is the predicted class, and K is the number of nearest 

distance (K=10 in this study). 

 

2.4   Trained and tested data 

 

For evaluating the performance of proposed method, it was trained and experimentally 

tested by using four different datasets available in the literature. These datasets are KARD 

dataset, UTKinet dataset, G3D dataset, CMUMoCap dataset. These datasets were chosen 

because they include various “Walking” and “Running” actions such as walking in 

office, walking in building and in-place walking and running.  

 

The number of trained data and test data are shown in Table 2. In KARD dataset and 

G3D dataset, there are 10 different subjects (persons) who repeat each action 3 times. 

Then, UTKinet contains dataset for 10 subjects (persons) who repeat each action 2 times. 

In CMUMoCap dataset, 5 subjects performed “Running” action and 29 subjects 

performed “Walking” action. However, only “Walking” actions of some subjects 

were used. “Running” actions are variable only from G3D dataset and CMUMoCap 

dataset. Both female and male actors are included in performing actions. The 
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demographic range of actors are 25~40. The participants have given informed consent 

to use their information in this study. 

 

From each video clip of action, multiple observations can be extracted because only 5 

frames or 7 frames were used for each recognition phase. In training the classification 

model, 50% of each dataset was used and the other 50% of each dataset was used for 

testing the classification model. Over-fitting can happen when using a large number of 

observations in training and under-fitting can occur when using a small number of 

observations in training. Therefore, half-by-half scenario was chosen. In both training 

and testing, the number of observations for “Walking” action are larger than the 

number of observations for “Running” action due to availability. The calculations 

were conducted using MATLAB software. 

 

Table 2: Number of trained and tested observations 

 

3. Results and discussion 

 

The test results for both “Walking” and “Running” actions from all datasets are 

shown in Figure 8 (a)-(c) and Figure 9 (a)-(b). In the experimental tests, CMUMoCap 

dataset has 41 joint locations, G3D dataset has 21 joint locations, UTKinet dataset has 20 

joint locations and KARD dataset has 15 joint locations. However, the number of the 

joints has no effect since only feet joints (two locations) from every dataset were used in 

this study. The results shown in Figure 8 and Figure 9 are achieved using 7 frames in each 

recognition phase.   

 

From the results shown in Figure 8 and Figure 9, it can be seen that the subjects 

performed the actions in different environments and the recordings were conducted 

from different perspectives. Also, it can be noticed that different subjects have different 

physical structures and different moving nature. Since the features are normalized using 

human height, the structure of subjects has no significant effect on the results. The subjects 

in G3D dataset performed in-place “Walking” and “Running” actions which are 

Dataset 

5 Frames in each observation 7 Frames in each observation 

Trained data Test data Trained data Test data 

Run Walk Run Walk Run Walk Run Walk 

KARD - 48 - 48 - 35 - 34 

UTKinet - 206 - 206 - 147 - 145 

G3D 210 213 209 213 150 149 147 155 

CMU 

MoCap 
511 498 512 497 357 356 357 355 

Total 

721 965 721 964 507 687 504 689 

1688 1685 1194 1193 

3373  2387 
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different from normal moving actions. It is like “Walking” and “Running” action in 

treadmill. The proposed method still works for these conditions since it is based on foot-

lift features.  The proposed method gives a relatively high accuracy for recognition “

Walking” action.  However, there are still a few incorrect predictions for “Walking” 

action. Here, the reasons for incorrect predictions can be explained as follows.  
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(b) 

 

 

 

 

 

 

 

 

 

 

(c) 

  

Figure 8: Recognition results for “Walking” action (a) KARD dataset  

(b) UT Kinet dataset (c) CMUMoCap dataset 

 

 



ISSN 3047-5473 
Innovation in Engineering, Volume 1, Nomor 1, 2024, pp. 1-20 

13 | P a g e  
 

 

 

 

 

 

 

 

 

 

(a) 

 

 

 

 

 

 

 

 

 

 

 

 

(b) 

 

Figure 9:  Recognition results for “Running” action  

(a) G3D dataset (c) CMUMoCap dataset 

 

In running action, there are some moments when both feet are near to ground action as 

shown in Figure 9(b) and foot-lift features for these conditions are similar to the features 

of walking action. In addition, the persons performed running action as jogging and the 

foot-lifts are not obvious and not much different with walking action. There is another 

reason that when training the video clips running action, there is no obvious foot-lifts in 

starting frames (start of action) and ending frames (end of action).  

 

On the other hand, in walking action, there are some persons whose foot-lifts are higher 

than normal due to their physical structure. For those conditions, all foot-lift features are 

relatively large. Sometimes, in some walking cases, high foot-lifts occur due to inaccurate 

moving path equation. In some cases, the subject moves around at the end to walk back 

to original position which results in higher PMIx,y,z value in walking.  It leads to some 

incorrect predictions. One way to improve the accuracy is to increase the number of 

frames so that observing time is longer and obvious running conditions is captured. The 

performance of the proposed method can be seen from confusing matrices shown in 

Table 3 and Table 4. The confusing matrix shown in Table 3 is the performance of 
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proposed method using 5 frames in each recognition phase. Here, the proposed method 

gives accuracy of 91.8% for “Walking” action and 85.3% for “Running” action.  

 

Table 4 shows the confusing matrix using 7 frames in each recognition phase. It can be 

seen that the performance of proposed method is increased for both “Walking” and 

“Running” actions, 92.1% and 89.3% respectively. The proposed method can give a 

high performance using only 7 frames instead of using hundred frames or the whole 

action video clip for each recognition phase. Thus, it is potential for real-time human-

robot interaction which needs instantaneous and continuous recognition.   

 

Table 3: Confusion matrix using 5 frames 
 

 Walking Running 

Walking 885 (91.8%) 79 (8.1%) 

Running 106 (14.7%) 615 (85.3%) 

 

Table 4: Confusion matrix using 7 frames 
 

 Walking Running 

Walking 635 (92.1%) 54 (8.6%) 

Running 54 (10.7%) 450 (89.3 %) 

 

Table 5 shows the recognition accuracy achieved for each dataset. Here, it can be seen 

that the proposed method is most fitted with MoCap dataset because it has both “

Running” and “Walking” actions. Also, the feature, PMIx,y,z, is obvious for moving 

around action. Here, it can be noticed that the proposed method shows a better 

performance for “Running” action in MoCap dataset than for “Running” action in 

G3D dataset. Since “Running” action in G3D dataset is in-place running, it results low 

PMIx,y,z value compared to “Running” action in MoCap dataset. For “Walking” 

action, the proposed method shows a better accuracy for KARD dataset compared to 

UTKinet dataset. 

 

Table 5: Recognition accuracies for different datasets 

 

Numbe

r of 

frames 

Overall 

Accuracy 

% 

UTKinet 

Dataset 

Test 

Accuracy 

% 

(Walking) 

KARD 

Dataset 

Test 

Accuracy 

% 

(Walking) 

G3D 

Dataset 

Test 

Accuracy 

% 

(Walking) 

G3D 

Dataset 

Test 

Accuracy 

% 

(Running) 

MoCap 

Dataset 

Test 

Accuracy 

% 

(Walking) 

MoCap 

Dataset 

Test 

Accuracy 

% 

(Running) 

5 88.6 90.1 91.5 92.5 81.3 93.1 89.4 

7 90.7 90.2 92.1 92.7 85.3 93.5 93.4 
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Table 6: Comparison with state-of-the-art-methods 

 

Method Dataset used 

Joint 

information 

used 

Number of 

frames used 
Action 

Accuracy 

(%) 

[6] KTH Datasets 
The whole 

silhouette 
60 

Walking, 

Jogging 

Running 

92.0 

[22] 
Weizmann, 

KTH Datasets 

The whole 

silhouette 
7 

Walking 

and 

Running 

98.5 

[22] 
Weizmann, 

KTH Datasets 

The whole 

silhouette 
10 

Walking 

and 

Running 

99.6 

[29] KTH Datasets 
The whole 

silhouette 

The whole 

video clip 

Walking 

and 

Running 

93.8 

[30] 
Weizmann 

Datasets 

The whole 

silhouette 
10 

Walking 

and 

Running 

99.6 

[16] 
NTU RGB+D 

dataset 
12, 15, 39 125 Walking 100.0 

Ours  

KARD, 

UTKinet, 

G3D, MoCap 

2  7 

Walking 

and 

Running 

90.7 

 

Table 6 shows the performance of proposed method comparing with existing methods. 

Although most existing methods showed impressive accuracies, they still have challenges 

in joint information and frame requirements. It can be seen that proposed methods in 

[31], [22], [29], [30] were based on RGB images and the information of the whole 

silhouette. Thus, the existing method could result in a high uncertainty in occluded 

conditions. Meanwhile the proposed method in this study requires only two (feet) joint 

information.  

 

In other works [31], [29] [16] the number of frames required is 60, 125 or the whole 

video clip. In [22] and [30] the number of frames required is 7 to 10 to obtain an accuracy 

of up to 99.6%. However, it was based on the whole silhouette information. Also, the 

tested data are from only two datasets. Although the proposed method showed a little 

lower than existing methods, requirements of only feet information and very small 

number of frames are preferable points of proposed method. It is very potential to be 

utilized in real-field applications. The other advantage of the proposed method is that it 

still works with in-place walking or running which are rarely considered in previous 
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studies. Therefore, the proposed methods work well with a wide range of “Walking” 

and “Running” action.  

 

4. Conclusion 

 

In this study, temporal foot-lift features were used to recognize “Walking” and “

Running” actions aiming at reducing the number of frames required for action 

recognition. The skeleton joints data from four popular datasets (KARD, UTKinet, G3D, 

CMUMoCap datasets) were used for both training and testing classification model. The 

weighted KNN classification method was used. The concept of using temporal foot-lift 

feature was introduced. The temporal foot-lift features were calculated by using only 

two foot joint information. The number of frames used in each recognition phase is 5 

and 7. The results showed that the proposed method can give accuracy of 91.8% for “

Walking” action 85.3% for “Running” action using 5 frames in each recognition 

phase. When 7 frames were used, the performance of proposed method was increased 

to 92.1% and 89.3% respectively.  

 

Temporal foot-lift features are very useful for recognizing fundamental moving actions 

without needing the upper body part information. Thus, foot-lifts features can be used 

in recognition of in-door/out-door daily-life activities and sport activities by combining 

with other additional features. The current study has some limitations. There are mixing 

moments of “Running” and “Walking” which cause incorrect recognition.   

 

In future works, the more performance analysis should be done using a a larger number 

of frames. On the other hand, frame dropping strategy should be considered to remove 

similar frames. Thus, the optimum number of frames can be found in further works. Also, 

jogging and standing actions should be taken into account. Then, more features should 

be considered in future works.  
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Nomenclature 

 

C Class 

d Euclidean distance 

E Error (Difference) 

F Feature 

K Number of nearest neighbours  

n Number of frames 

H Height of human 

PMI Pixel motion feature 

R Normalized foot-lift 

w Weight 

x  X-coordinate  

y  Y-coordinate  

z  Z-coordinate  

 

 

Subscripts 

f foot 

h higher 

i, j ith , jth  

l lower 

p moving path,  

pr predicted 

m mean 

max maximum 

rms root-mean-square 

trained trained 

tested tested 

x x-direction 
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y y-direction 

z z-direction 

 

Symbols 

 Coefficeints 

 Difference 

 

 

 


