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Abstract 

Detection and tracking of human body key points in a multi-person video is the focus of this research article. In 

this, we use the most recent developments in video-based human-key point identification. Our technique uses key 

point estimate in frames or short video clips that include numerous people. Human position estimate and tracking 

is a newer method for locating a person's most important physical features. Human body language may be 

deciphered by computers using posture detection and tracking. It also aids in estimating the positions of human 

body parts and joints in photos and films, which is a huge benefit. It is Move Net, which uses temporal information 

from short video clips to anticipate quick and reliable outcomes that are utilized to estimate posture at the frame 

level. There are 17 critical points in an individual's movement that the Move Net model of motion estimation 

algorithm can identify. It is a highly quick and accurate model. Individual key points, and sometimes the affinities 

between them, are identified in a bottom-up model known as Move Net and then the predictions are aggregated 

into instances, which also employs heat maps to precisely locate key points on a human body. A feature extractor 

and a group of prediction heads make up this system's design. Multi-person video pose estimation, or MPII, is a 

technique we use to test different aspects of our model. 
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INTRODUCTION 

Recently, visual understanding like object recognition, has observed a deep visual 

representations. Understanding of human behavior in normal images has been the control 

center of visual tasks due to its significance in the practical application. Usually, person and 

pose detection and estimation from a single image have emerged as a leading and challenging 

visual recognition problem because it is a bit complex task to work on. Initially, single image 

understanding was a very difficult and complex task ,so later on video understanding made a 

slower improvement compared to image recognition i.e; they grew into more complex task 

compared to image recognition because a video is that which contains different number of 

frames . Combination of many frames is equal to video it may be a short video or long video. 

In this, we point on the issue of human pose tracking in multi-person videos which tracks and 

estimates the pose of a person or human over time. In this there are many challenges which are 

occurred including the pose changes of a person throughout the video and also presence of 

multiple overlapping of instances over time. The tracking optimization is only managed for 

linking the frame -level predictions whereas the system has no capability to improve the location 

of key points on the frames. So, the key points are said to be imperfectly localized in a particular 

frame which leads to motion blur, occlusions also .To remove this limitation we use a model 
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Move Net which is an ultra- fast and accurate estimator model which detects nearly 17 key 

points on the given frame i.e; on a human body which is especially designed for sports, 

exercises etc. It even helps in identifying the person who is 6 meters far away from the camera. 

In this model we have two variants such as thunder and lighting. Thundering Move Net variant 

is used when we need highest accuracy for the output and lighting is used where we want some 

accurate results. In this work, we will be using lighting variant which helps in detecting the key 

points more accurately and also can work on any application .It will detect key points with an 

accurate value and produces the required output. In this we will also implement GPU which is 

used to set the memory growth to limited in order to get rid of the memory error. 

 

We provide training and evaluation for our approach on the MPII dataset which hold real time 

videos of people in different positions and scenes like when performing yoga, workouts, 

jogging and etc locates the key points in the frames and produces the result in the form of 

frames. 

  

LITERATURE SURVEY 

The title of the reference paper is Real time Multi-Person 2D Pose Estimation using Part 

Affinity Fields. The authors of this paper are Zhe Cao, Tomas Simon, Shih-En Wei,Yaser 

Sheikh. The methodology used in this is that it takes the complete image as  input and part 

confidence maps and affinity fields and by using Bipartite and greedy bottom-up parsing 

technique, matching poses are tracked with high accuracy. The advantage of this work is that 

it detects the 2D pose of multiple people in an image and produces the result correctly. The 

demerits of this paper is that if there is any rare pose or if the appearance of an image is not 

good it does not provide the correct output. Also if there is any missing part it provides false 

detection i.e; it doesn’t provide correct key point prediction of the body .So, these demerits are 

overcome by our work as we are using move net model it helps in providing fast and accurate 

results. 

For multi-person pose estimation, we used a technique called Deep Cut: Joint Subset Partition 

and Labeling. These researchers are: Eldar Insafutdinov; Siyu Tang; Bjoern Andres; Bjoern 

Andres; Mykhaylo Andriluka; and Peter Gehler. Partitioning and labeling a collection of body-

part hypotheses produced by CNN-based part detectors is the approach adopted here. An 
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integer linear programme formulation of joint detection and pose estimation is a virtue of this 

study.  Coming to the demerits overall Accuracy and Performance are less in 3D pose tracking 

of multi-person videos. As the accuracy is less we use a 3D model to gain the accuracy in the 

present work in tracking multiple pose of persons in videos. 

Joint multi-person posture estimation and tracking is the next resource to consult. Umar Iqbal, 

Anton Milan, and Juergen Gall are the books' writers. In multi-person posture estimation and 

tracking, a Spatio-temporal network may be built together and optimized using integer linear 

programming. Pose estimation and tracking may be accomplished using this method even when 

the view is severely obstructed or truncated. These findings are noteworthy for their ability to 

address a hard problem: joint pose estimation and tracking of an undetermined number of 

individuals in unconstrained films; there may be any number of persons in a frame of a video 

for example a frame may contain five members where as another frame may contain ten to 

twelve members or another frame may contain more than that in this work it is easy to identify 

the pose of a person although there are uncountable persons in a frame. The demerits are that 

it is used for only non-commercial purpose, real-time performance may be difficult to achieve 

on CPU. So, in the present work we will be adding GPU also which helps in making the 

memory error free and also giving it to access for a limited space which avoids that error. 

Implementation 

Pose detection is one of the open-source real-time pose detection library which helps in 

detecting person poses in particular given images or videos. It's a tensor flow's-based pose 

estimator architecture that can identify joints including the elbows, hips, wrists, knees, and 

ankles for a single posture or a series of poses. The Pose detection package includes models 

like Move Net, which operate well on lightweight platforms like browsers or mobile phones. 

Detecting 17 points and running more than 50 frames per second are the main features of this 

model. The Lightning and Thunder models are the two available variations of the model. 

 

From the above images the first two images are those points found with a traditional detector 

and the last two images are that with a move net detector which provides better result than the 
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original detector. Lightning is mainly made for critical applications. Thunder is mainly used 

for applications requiring high accuracy. 

Move Net is a model used for pose-detection very quickly. It is common for this model to be 

trained in various fitness, dance, and yoga stances. A technique that uses heat maps to identify 

critical spots in the human body has been developed. The architecture of this model consists of 

two components: Retrieval of features it’s a MobileNetV2 that's also connected to the internet. 

It has a high resolution, which may be utilized to get the best possible results. This is a 

collection of skulls that can foretell the future: Person centre heat map, Key point regression 

field, Person key point temperature and 2D per-key offset field are all predicted by four 

prediction heads linked to feature extractor. 

Fig: Move net Architecture 

 

The below are the steps used to compute the predictions in parallel: 

Step-1: The person’s heat map process is accustomed to get the centers of all individual person 

in the obtained frame. Highest Score location is selected initially. Weight the object center 

from the person center heat map and compute the value of the heat map. 

Step-2: Key point regression output which gives all the set of key points of a person is used 

for center - out-prediction, which means slice out the key point regression vector at the peak 

center location. 

Step-3: Key points contains pixels and these pixels are multiple by a weight science weight is 

inversely proportional to the distance. So we are not taking the background people key 

points. This reduces the scores of the background people key points which concentrates on the 

single person. 

Step-4: We need to find the location of heat map value and add the local 2D offset at that 

location which is used by the subsequent pixels. The above figure illustrates all the four points. 
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DATASETS: 

MPII 

The full form of MPII is Max Planck Institute Informatik. This dataset represents Mykhaylo, 

Leonid, Peter and Bernt which consists of MPII human pose dataset. It consists of 2D pose 

estimation which consists of 25K videos in which 40K people have body joints annotated on 

it. It nearly consists of 410 actiities of human which are being performed. Most of the videos 

are taken from YouTube video with unannotated frames. It even helps in providing the better 

results in 3D pose test also. 

  

RESULTS 

Input A video or an image is given as input to the model which is represented as a tensor of 

int32 of three dimensions i.e 1x H x w x3 where H and W are the height and width of an image 

and these are if needed resize to be a maximum size of 256, since the channel order of RGB is 

[0,255]. 

Output 

The float32 tensor of shape [1, 6, and 56] is the output tensor from the Move Net model. 

The tensor    is illustrated as follows: 

1) The first dimension initially is batch size which is always set to value 1. 

2) The second dimension is the maximum number of instance detections in the video. The 

Move Net can detect up to 6 people in the image. 

3) The   third    dimension    is    the    predicted    bounding    box    key points    and    

scores. The key points on the body used are nose, left eye, right eye, left ear, right ear, 

left shoulder, right shoulder, left elbow, right elbow, left wrist, right wrist, left hip, right 

hip, left knee, right knee, left ankle, right ankle.  

 

The above are the results obtained after using the Move Net model detecting all the key points 

of a person in any pose. The 17 key points are used and the confident score of each instance is 

also predicted. 
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CONCLUSION AND FUTURE WORK 

In this approach we implemented a simple yet effective approach to human body key points 

tracking in videos. In this we combined the frame-level pose estimation with a quick and 

effective person level tracking to connect key points over instance of time using Move Net 

model. The model Move Net has shown better results by providing good accuracy over the 

whole video. In this we have implemented GPU work which helped in removing the memory 

error and also helped in setting the memory growth limitedly. In this work the input is given 

as video and then the video is divided into different number of frames and the output is obtained 

by providing key points on the person on frames. So, in the future work we believe that the 

output can be obtained as video rather than frames with key points and also can use both 

lightning and thunder models at a similar time to the multi-person domain. 

Applications 

Human pose estimation is the upcoming and the trending topic in computer vision, it is used in 

many applications worldwide. Some of them include human-computer interaction, motion 

analysis, augmented reality and robotics. This is normally used in many different applications 

in many domain. Some of the most commonly used applications which are used in development 

fields are 

1) Human Activity and movement estimation 

2) Some of the human activity applications are sitting gestures detection, cricket umpire 

signal detection, dance techniques detection etc. 

3) Robotics 

4) Animation & Gaming 

5) Sports 
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