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Abstract 

It is crucial for individuals to keep walking and stay healthy to prevent receiving nursing care. This paper proposes a 

method of recognizing walk motions and analyzing the gait cycle of a human focusing on his/her posture. We use 43 

structural features defined from human joint coordinates obtained using OpenPose and 18 figural features from human 

domain images and their difference images. The feature vector containing these 61 features is used for the recognition 

of walk motion by Random Forest. In the experiment, we applied the method to recognizing six types of motions and 

analyzed the walk gait cycles of five persons, and obtained satisfactory results. 
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1. Introduction 

According to the Ministry of Health, Labour and 

Welfare's ‘Physical Activity Standards for Health 

Promotion’ [1], increasing the amount of daily physical 

activity can reduce the risk of deterioration of life 

functions and other problems. Therefore, it is 

recommended to maintain a certain intensity of physical 

activity (walking or equivalent movements). The purpose 

of this research is to recognize human daily motions and 

analyze the information obtained from them. 

Previous studies include posture and motion 

recognition methods that use a chest-mounted camera by 

the first person viewpoint called MY VISION [2][3], 

gait recognition by integrating the gait silhouette input 

into a CNN [4], and a method that evaluates movement 

based on the skeletal trajectory of the whole body using 

depth data [5]. There is a motion recognition method [6] 

using an extension of Motion History Image (MHI) 

called Triplet Motion Representation Images, with 

Histograms of Oriented Optical Flow. However, 

attaching a measurement device to a person may cause 

unnatural movements. It is necessary to consider an 

actual living environment. 

In this paper, we propose a method of recognizing 

human posture and gait motion based on human joint 

positions and image features, as well as a method of 

analyzing gait motion based on the gait cycle, using a 

random forest classifier [7] based on a 61-dimensional 

feature vector. 

 

 
(a) (b) 

Fig. 1. Figural and structural features. (a) Human 

domain image, (b) joint coordinates 

2. Foreground Extraction 

To recognize a motion from the shape features of a 

human domain image, the human domain is extracted 

from the image as the foreground. In this paper, the 

sequential background estimation method based on the 

Gaussian mixture model [8][9] is used to extract a human 

domain corresponding to background change. Then, the 

noise on the extracted human domain is removed by 

expansion and contraction processing and it is trimmed to 

a rectangle of a specified scale. Figural features are 

extracted from the human domain using the binary and 

frame difference images shown in Fig. 1(a). After having 

the foreground, figural features are extracted by the step 

in 3.1  
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3. Feature Extraction 

We use figural features and structural features to 

recognize human motion and its gait cycles.  

3.1 Figural Features 

Our aim is to extract effective features from human 

posture images. Eight kinds of figural features used in the 

proposed method can be categorized as follows. 

 

1) Image aspect ratio: The ratio of the height to the width 

of the human domain image. 

2) Percentage of a white pixel area in a rectangle: The 

percentage of a white pixel area in the human domain 

image. 

3) Hand swing (upper body width): The difference 

between the rightmost and the leftmost points at 60% of 

the height of the upper body of the human domain image. 

4) Shoulder height: The y coordinate at which the number 

of white pixels per line exceeds a threshold when the 

image is scanned from the upper left to the lower right. 

The threshold was experimentally set at 40 pixels to 

distinguish between a stretch out the back posture and 

others. 

5) Length of the contour line at the bottom of the human 

region image: The length of the contour line at the bottom 

40% of the height of the person area image. 

6) Body asymmetry: The center of gravity of the lower 

40% portion of the person area, and the percentage of the 

area to the left of the center of gravity in the white pixel 

area. 

7) Position of the center of gravity: The distance of the 

center of gravity of the head from the centerline of the 

image. 

8) Number of white pixels of the difference image: The 

number of white pixels in the 25% height area from the 

bottom of the difference image. 

Since features 2), 3) and 5) take periodic values, their 

minimum and maximum values are also extracted and 

used as features. In this way, 18-dimensional figural 

features are obtained from the image of the human 

domain. 

3.2 Structural Features 

We extract the following six structural features (43 

dimensions) using human joint coordinates provided 

from OpenPose [10]. 

1) Knee, ankle, and elbow angles: The knee angle 

𝜃𝑘𝑛𝑒𝑒[deg] is calculated using the inner product of the hip 

and knee vectors as follows; 

𝒂 = (𝑥ℎ𝑖𝑝 − 𝑥𝑘𝑛𝑒𝑒 , 𝑦ℎ𝑖𝑝 − 𝑦𝑘𝑛𝑒𝑒) (1) 

𝒃 = (𝑥𝑎𝑛𝑘𝑙𝑒 − 𝑥𝑘𝑛𝑒𝑒 , 𝑦𝑎𝑛𝑘𝑙𝑒 − 𝑦𝑘𝑛𝑒𝑒) (2) 

𝜃𝑘𝑛𝑒𝑒 =
180

𝜋
cos−1

𝒂 ∙ 𝒃

‖𝒂‖‖𝒃‖
 (3) 

where (𝑥ℎ𝑖𝑝 , 𝑦ℎ𝑖𝑝) , (𝑥𝑘𝑛𝑒𝑒 , 𝑦𝑘𝑛𝑒𝑒) , (𝑥𝑎𝑛𝑘𝑙𝑒 , 𝑦𝑎𝑛𝑘𝑙𝑒)   are 

the coordinates of the hip, knee and ankle, respectively. 

Using the same method, the ankle angles 𝜃𝑎𝑛𝑘𝑙𝑒  (the 

inner product of toe and knee)and elbow angle 𝜃𝑒𝑙𝑏𝑜𝑤 

(the inner product of wrist and shoulder) are also obtained. 

2) Ankle-toe, Hip-ankle angle, and Body tilt: The angle 

between the ankle and toe relative to the horizontal line 

is defined as the ankle-toe angle 𝜃𝑖𝑛𝑠𝑡𝑒𝑝  [deg] and is 

given by; 

𝜃𝑖𝑛𝑠𝑡𝑒𝑝 =
180

𝜋
tan−1

𝑦𝑎𝑛𝑘𝑙𝑒 − 𝑦𝑡𝑜𝑒

𝑥𝑎𝑛𝑘𝑙𝑒 − 𝑥𝑡𝑜𝑒

 (4) 

where (𝑥𝑡𝑜𝑒 , 𝑦𝑡𝑜𝑒) is the coordinates of the toe as shown 

in Fig. 1(b). Similarly, we determine the hip-ankle angle 

𝜃ℎ𝑖𝑝−𝑎𝑛𝑘𝑙𝑒  (The angle between the vertical line of the hip-

ankle and the horizontal line of the left and the right hip) 

and the body inclination 𝜃𝑏𝑜𝑑𝑦𝑡𝑖𝑙𝑡  (The angle between the 

neck and the vertical line of the waist center). 

3) Steps, Hip-ankle distance, and Wrist-shoulder 

distance 

(a) Scale transformation: Using the length of a person's 

𝑡ℎ𝑖𝑔ℎ𝑠  [cm], the parameter 𝑠𝑐𝑎𝑙𝑒  [cm/pixel], which 

indicates how many centimeters one pixel corresponds to 

in the current frame, is calculated by the following; 

𝑠𝑐𝑎𝑙𝑒 =
𝑡ℎ𝑖𝑔ℎ𝑠

√(𝑥ℎ𝑖𝑝 − 𝑥𝑘𝑛𝑒𝑒)2 + (𝑦ℎ𝑖𝑝 − 𝑦𝑘𝑛𝑒𝑒)2
 (5) 

(b) Step width, Hip-ankle distance, Wrist-shoulder 

distance: The step width is calculated using the Euclidean 

distance between the left heel and the right heel as 

follows; 

𝑠𝑡𝑒𝑝_width 
= 𝑠𝑐𝑎𝑙𝑒

× √(𝑥𝑅ℎ𝑒𝑒𝑙 − 𝑥𝐿ℎ𝑒𝑒𝑙)2 + (𝑦𝑅ℎ𝑒𝑒𝑙 − 𝑦𝐿ℎ𝑒𝑒𝑙)2 

(6a) 

where (𝑥𝑅ℎ𝑒𝑒𝑙 , 𝑦𝑅ℎ𝑒𝑒𝑙)  and (𝑥𝐿ℎ𝑒𝑒𝑙 , 𝑦𝐿ℎ𝑒𝑒𝑙)  are the 

coordinates of the right and the left heel, respectively. 

Concurrently, the Euclidean distance between hip-ankle 

and wrist-shoulder is calculated as follows; 

∗ _# = 𝑠𝑐𝑎𝑙𝑒 × √(𝑥∗ − 𝑥#)2 + (𝑦∗ − 𝑦#)2 (6b) 
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where  * indicates hip (or wrist), and # indicates ankle (or 

shoulder).  (𝑥∗, 𝑦∗) and (𝑥#, 𝑦#)are the coordinates of hip 

and ankle or wrist and shoulder, respectively. 

4) Walk speed: The feature 𝑤𝑎𝑙𝑘_𝑠𝑝𝑒𝑒𝑑 [cm/s] indicates 

how long the coordinates of the waist center (𝑥𝑐0, 𝑦𝑐0) in 

the current frame have moved from  (𝑥𝑐𝑛 , 𝑦𝑐𝑛)  in the 

previous 𝑛  frames, and is given by the following 

equation; 

𝑤𝑎𝑙𝑘_𝑠𝑝𝑒𝑒𝑑
= 𝑠𝑐𝑎𝑙𝑒

×
√(𝑥𝑐0 − 𝑥𝑐𝑛)2 + (𝑦𝑐0 − 𝑦𝑐𝑛)2 × 𝑓𝑟𝑎𝑚𝑒_𝑟𝑎𝑡𝑒

𝑛
 

(7) 

where  (𝑥𝑐0, 𝑦𝑐0), (𝑥𝑐𝑛 , 𝑦𝑐𝑛)  are the coordinates of the 

center of the waist between the current frame and 

previous 𝑛 frames, whereas the frame_rate is a unit that 

indicates the number of the images makeup in one second 

in a video. 

5) Direction of motion: The direction of motion in the 

horizontal (x-axis) and in the vertical (y-axis) is obtained 

by vectorizing the displacement of the coordinates of the 

waist center during 𝑛 frames and multiplying it by 𝑠𝑐𝑎𝑙𝑒. 

𝑥 = (𝑥𝑐0 − 𝑥𝑐𝑛) × 𝑠𝑐𝑎𝑙𝑒 

𝑦 = (𝑦𝑐0 − 𝑦𝑐𝑛) × 𝑠𝑐𝑎𝑙𝑒 
(8) 

6) Difference of the foot joint heights and wrist height: 

The height of the knee, and heel  ℎ𝑒𝑖𝑔ℎ𝑡_∗  [cm] is 

calculated by the difference between the heights of the 

right and the left ℎ𝑒𝑖𝑔ℎ𝑡_∗, as follows; 

ℎ𝑒𝑖𝑔ℎ𝑡_∗ = |(𝑦𝑅∗ − 𝑦𝐿∗)| × 𝑠𝑐𝑎𝑙𝑒 (9) 

where * indicates knee, or heel, (𝑥𝑅∗, 𝑦𝑅∗) and  (𝑥𝐿∗, 𝑦𝐿∗) 

are the coordinates of the right and the left knee, or heel, 

respectively. Moreover, the height from floor to toe and 

the height from floor to wrist are calculated in the same 

way. 

Features such as knee and ankle angles are calculated 

with the left and the right foot, respectively. The feature 

values 1), 3), and 6) are then repeated for similar values 

in each gait cycle (e.g., in the walking motion, a person 

repeatedly bends and extends his/her knees). Therefore, 

in addition to the features 1) to 6) above in the current 

frame, the minimum and maximum values of these 

features in the past 𝑛  frames are included as features. 

This results in 43 dimensional features. 

Finally, from the figural and structural features, we 

represent a human posture using a 18+43=61-

dimensional feature vector. 

4. Learning and Identification 

The proposed method uses Random Forest [7] as a 

discriminator. 

Table 1. The number of frames in the video. 
Motion The number of frames 

A B C D E 

Normal 2351 2101 1878 2124 2192 

Forward leaning 3577 2830 2214 2290 2512 

Fall 400 407 405 309 278 

Help 394 327 511 375 565 

Sit 1322 1039 1336 877 849 

Sleep 1141 712 991 649 860 

Total 9185 7416 7335 6624 7256 

 

  
(a) walk (b) fall and sleep 

Fig. 2. Direction of the motion 

5. Experiment 

5.1. Experimental Method 

One fixed camera is set up at a height of 90 cm from an 

indoor floor to simulate a real-life situation. A person 

appears in the video, and the whole body is taken a video. 

The experiment was conducted on five subjects (22-23 

years old). They are referred to as A, B, C, D, and E. 

Table 1 shows the number of frames contained in each 

video. 

Six types of motions: Normal walking, forward leaning 

walk, falling, asking for help (beckoning to the camera), 

sitting, and sleeping are captured on video. Fig. 2 shows 

the direction. 

Gait cycle [11]: Gait cycle (seven periods) recognition 

is performed for normal walking, i.e. when walking from 

the right to the left, the target of the gait cycle is left foot, 

whereas when walking from the left to the right, the target 

of the gait cycle is right foot. So we simply call it left- 

right foot. We manually select seven periods of the 

normal walk and put the selected periods into seven 

classes for training. The seven classes (periods) are 

Loading Response (LR), Mid Stance (MSt), Terminal 

Stance (TSt), Pre swing (PSw), Initial Swing (ISw), Mid 

Swing (MSw), Terminal Swing (TSw). In the gait cycle, 

58 of the 61-dimensional features mentioned in section 3 

are used for training. However, posture Initial Contact at 

the start of the cycle is omitted. 

5.2. Method of Evaluation 

Leave-one-out cross-validation was applied to the 

experimental data. The percentage of correct frames to all 

frames is used for evaluation. In the gait cycle analysis, 

left-right balance is evaluated by determining the left-

right difference in the percentage of each period to the 

full video. 
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Table 2. Result of motion recognition 
Motion Precision [%] 

A B C D E Ave 

Normal walk 97.0 99.4 93.8 99.6 98.8 97.8 

Forward leaning 91.5 98.4 89.6 98.9 95.6 94.7 

Fall 81.3 75.2 87.7 87.7 78.4 82.0 

Help 79.7 82.0 95.1 99.2 99.3 92.1 

Sit 100 100 92.5 100 100 98.2 

Sleep 92.3 96.1 99.0 93.1 90.6 94.2 

 

Table 3. Result of gait cycle recognition  

Phases 
Periods 
(class) 

Precision [%] 

A B C D E Ave 

Stance 

phase 

LR 45.0 61.4 63.9 76.8 67.4 62.4 

MSt 88.7 90.7 90.8 94.5 85.3 89.9 

TSt 97.4 93.6 79.0 98.0 81.2 89.6 

PSw 55.8 77.6 77.3 68.5 67.8 67.8 

Swing 
phase 

ISw 87.9 90.4 86.8 87.4 75.2 85.4 

MSw 84.7 83.0 81.6 80.4 82.5 82.6 

TSw 91.8 81.0 66.1 90.9 78.5 81.9 

6. Results and Discussion 

6.1. Results 

Tables 2 and 3 show the motion and gait cycle 

recognition results, respectively. Note that, help and sit 

motion are recognized without considering the direction. 

Fig. 3 shows some of the images of the recognition results. 

The upper left of the image shows the motion and gait 

cycle recognition results. Table 4 shows the different 

ratios of each period of the gait cycle of walking from the 

right to the left (the gait cycle of left foot) and the left to 

the right (the gait cycle of right foot) of each subject. 

6.2. Discussion 

Motion Recognition: The overall average accuracy was 

95.2%. As shown in Table 2, Fall was less accurate than 

other motions, and the variation among subjects was 

greater than others. In fact, there are individual 

differences in the way the subject falls and shifts 

diagonally. Collecting more training data is needed. 

Gait cycle: The overall average accuracy was 82.4%. In 

many cases, the gait cycle class was recognized as the 

class before or after the class. This is because walking is 

a continuous motion and the before and after postures are 

similar. From Table 4, it is expected that subject A's Mst 

is shorter than that of the left, indicating a slight decrease 

in the muscle strength of the right leg. Since analysis of a 

subject gait cycle is dependent on the recognition rate, the 

recognition accuracy  in each class needs to be improved. 

7. Conclusion 

In this paper, we proposed a motion recognition and 

gait cycle analysis method using 61 features representing 

human posture and Random Forest as a discriminator. It 

was applied to the recognition of 6 motions and the 

analysis of 7 periods of gait cycles. Further study is 

needed to obtain more accurate values, such as step width,  

 
Fig. 3. Normal walk and the result of recognition 

 

Table 4. The difference of left-right foot. 

Phases 
Periods 

(class) 

left-right foot differences  [%] 

A B C D E 

Stance phase 

LR 0.3 -5.4 -2.4 2.0 2.5 

MSt 4.4 -0.3 0.3 0.8 -1.3 

TSt -1.9 1.4 0.7 0.9 0.8 

PSw -2.1 2.3 1.0 -1.1 1.1 

Swing phase 

ISw 0.6 -4.3 1.0 -3.7 0.4 

MSw -0.4 1.4 0.1 2.7 0.7 

TSw -0.8 4.8 -0.7 -1.7 -4.2 

for human health, and to identify the cases where multiple 

movements and directions are mixed. If we can provide 

accurate and appropriate advices to individuals, we will 

be able to offer better health services. 
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