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ABSTRACT 
 

Action recognition has many practical applications, but the task still faces significant 

challenges. A major challenge is the variation in human action poses across different 

viewpoints, which complicates determining the ideal pose for action recognition. To 

address these viewpoint-invariant issues, we propose a pose normalization approach 

combined with object-based action recognition to classify actions in videos. In this method, 

the normalized pose is compared with a reference pose to identify the action being 

performed. The objective of this research is to develop a three-dimensional (3D) object-
associated action recognition framework that leverages the stereo camera’s ability to 

capture accurate distance information. This approach offers three main advantages: (1) 

action recognition that incorporates object context, (2) resolving occlusion problems, and 

(3) improving recognition accuracy through precise distance information. Experimental 

results show that our proposed approach achieves 70% classification accuracy across ten 

selected action categories, independent of viewpoint or camera angle. 
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1. INTRODUCTION 
 
In recent years, Artificial Intelligence (AI) has been considered in various fields, with significant 

research and development focused on its integration into image recognition. Among them, 

behavior recognition has attracted attention. Human action recognition has not only been studied 
to understand human behaviors for safety and surveillance applications but is also important for a 

number of other applications such as video retrieval [1,2], [3], human–robot interaction [3], 

sports [4], and entertainment [5]. 
 

The behavior recognition technology Actlyzer [6] Fig.1, developed by Fujitsu Ltd., is one of the 

well-known behavior recognition systems. Actlyzer captures the characteristic points of body 

joints from an estimated skeleton, enabling the recognition of approximately 100 basic actions, 
such as ”bending an arm” or ”stretching a knee”. Furthermore, by combining these basic actions, 

it is possible to recognize more complex human behaviors. As a practical example, Actlyzer has 

been implemented in a surveillance camera in front of a door, as shown. From the camera’s 
footage system, the system can detect a person crouching in front of the door and peering into the 

door hole, recognizing this as suspicious behavior. Such technology can be used not only for 

crime prevention but also for various other purposes. 

 

https://airccse.org/cscp.html
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However, existing behaviors/action recognition approaches that utilize human skeletal 
information have been developed primarily based on a large amount of 2D image data. 

Consequently, extensive image data are required for re-training to account for variations in the 

position and orientation of a person captured by the camera. Furthermore, determining the 

position of objects and whether a person is interacting with or holding an object is inherently 
challenging when relying solely on conventional 2D image-based approaches. By normalizing the 

position and orientation of human pose data and object data obtained from 3D information, we 

aim to achieve behavior recognition that is robust to positional and orientational variations. In 
particular, we hypothesize that by considering not only human 

 

 
 

(a) Standing in front of the door (b) Sitting in front of the door 

 
 

(c) Looking at the doorknob (d) Touching the doorknob 

 
Fig.1: Four stages in the Actlyzer suspicious person detection process. The suspicious person depicted 

through various stages from standing, sitting, looking and touching a door knob. 

 

behavior but also object behavior, it is possible to achieve more accurate human behavior 

recognition. Many actions can look similar based purely on pose for example reaching vs 
pushing), but the object (its location, affordance, size, etc.) and how it is associated with body 

parts (hands, grasp, etc.) helps disambiguate. Knowing which object(s) is involved helps narrow 

down where and when in the video the action occurs, supports detecting active object interactions 

vs mere presence. Therefore, in this study, we propose a behavior recognition method that is 
robust to position and orientation and determines behaviors based on object associations with 

specific critical poses. our main contributions in this research work are summarized as follows: 

 
1. develop a normalized pose which is invariant to the viewpoints 
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2. pose and object-based association for action recognition. 
 

1.2. Related Works 

 
Action recognition is gaining some much popularity in diverse fields due to its versatility in 

distinguish activities that are being carried by people and animals [7]. One of the reason for this 

popularity Every human action, no matter how trivial, is done for some purpose [8]. For example, 
in order to prepare meal, a chef is interacting with and responding to the environment using 

his/her fingers for grasping utensils, hands and arms lifting utensils,legs for moving to and fro in 

the kitchen, etc. 

 
The growth trend of action recognition using human pose or skeletons have been phenomenal and 

the influences that depth sensing have also provides cannot be ignored. Earlier developments 

focusing on handcrafted features in controlled lab environments using approaches such as 
silhouettes as motion templates, optical flows and 2D joint estimation using geometric model. 

This approaches are sensitive to background clutter, lighting and occlusion. The next phase saw 

emergence of depth sensing for action recognition techniques such as 3D skeleton extraction, 
skeleton-based action recognition via hand crafted features such as joint angles and velocities, 

and template matching with the hidden Markov models (HMM) [9] for temporal modeling.This 

also suffers from view dependencies and required fixed setups as well. Even though the era of 

deep learning brought a lot of excitements and successes using CNN and RNN for spatial feature 
extraction and temporal dynamics respectively. Large computation demands and performance 

drops in unconstrained environments makes it difficult to attained high precisions in recognition. 

Combining SpatialTemporal Deep Networks and Transformers [10] are recent approaches to 
tackle issues such as cross-view, cross-dataset generalization. 

 

There are several data modalities for performing action recognition: RGB color image [11], 3D 

Skeleton (Human Pose) [12], Depth data [13], Infrared Sequence [14], Pointcloud [15], Event 
Stream [16], Audio [17], Acceleration [18], Radar [19] and WiFi [19]. Difference in modalities 

can be attributed various sensing devices and the data captured. This data provide information 

from which features that can be extracted, features then classify or identify certain actions being 
performed. Different modalities provide advantages and disadvantages based on the sensing 

mode and the feature extraction, classification techniques. 

 
Before, deep learning approaches offer end-to-end solution to recognition and detections tasks. 

 

In our research, we focus on the 3D human pose and the objects that are being used in the 

performance of the action. We believe that normalized pose with object-association can provide 
rich information for classifying actions into various categories. In Fig. 2 we illustrated the steps 

in obtaining the dictionary information of the reference pose for various poses considered for the 

actions. 
 

2. THE PROPOSED METHOD 
 

2.1. Problem in the Conventional Method 

 
In action recognition, changes in camera viewpoint can significantly alter the apparent shape of a 

detected human pose, even when the underlying action remains the same. Consider an observed 

person performing an action, where an initial image I1 captures the person at position (x1,y1,z1). A 
subsequent image I2 is taken after the camera has moved and rotated by an angle θ relative to the 

original viewpoint. Due to this viewpoint change, the projected human pose in I2 may differ 
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substantially from that in I1, despite both depicting the same action. The view-invariant action 
recognition task seeks to develop representations or transformations of pose features that remain 

consistent across different viewpoints, thereby enabling robust action recognition regardless of 

camera position or orientation. 

 
 

 

2.2. Our Approach 
 

In order to solve the problem described in 2.1, we propose a viewpoint invariant approach where 

the trajectory of human pose for an action is normalized to a key skeleton pose (front view facing 
the camera) and an association with an object to determine the action being performed by a 

person. The proposed method is divided into two sections, where the first part creates a dictionary 

data based on the 3D skeletal data on the recognized person in action and the object of reference. 

The object of reference is determined by how they are attached or closed to the person in action. 
For the second part, the determination of the behavioral data based on the dictionary information 

created. 

 

 
 

Fig.2: Illustrated data processing pipeline for obtaining the skeleton keypoints and making the 
reference keypoints for the action recognition 

 

Data Processing For our action recognition, we process the data for ten (10) action categories 
with reference human pose. We obtain the trajectory of 3D joint coordinates using a The human 

skeletal coordinate acquisition method uses the Body Tracking module in the ZED SDK 

(Software Development Kit)Fig.3. It consists of 38 joint coordinate points and the bones 

connecting them. The trajectory of 3D joint coordinate points is acquired as data for 100 frames, 
and recorded to a file for each joint coordinate point. The recorded data is represented by frame t, 

human skeletal coordinates k, and action data a, where a1 = action1,a2 = action2,...,an = action 

where n is the number of actions being considered (n = 0,1,2,...,n) . Let p be known or reference 
pose the data to be prepared in advance given by: 

 

p(an,k,t) = (xp(an,k,t),yp(an,k,t),zp(an,k,t)) 

 
and i be the actual data, and acquire during the action recognition as follows: 

(1) 

i(an,k,t) = (xi(an,k,t),yi(an,k,t),zi(an,k,t)) (2) 

Using (1), we obtained the reference data which is the dictionary data. The behavioral data is 
captured during the action recognition and it represented in (2). 
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Fig.3: ZED camera 

 

Pose Normalization To ensure that the human pose is detection is not affected by the viewpoint 
or the angular movement of the camera. The pose normalization requires both position 

normalization and orientation normalization. First, position normalization is achieved by 

replacing the chest coordinate points with local coordinates based on the reference point. Next, 
orientation normalization is performed by calculating the cross product. This allows us to obtain a 

normal vector that specifies the orientation of the human body, and then calculate a rotation 

matrix to align it with the reference vector and it is illustrated in Fig. 4 
 

 
 
Fig.4: An illustration of the shoulder keypoints used in the cross vector rotation for the pose normalization 

v(an,t) = (x(an,k11,t),y(an,k11,t),z(an,k11,t)) 

 

 − (x(an,k10,t),y(an,k10,t),z(an,k10,t)) (3) 

w(an,t) = (x(an,k2,t),y(an,k2,t),z(an,k2,t)) 
 − (x(an,k3,t),y(an,k3,t),z(an,k3,t)) (4) 

 

The actual vectors obtained are shown in Fig 2. Let vn be the vector from the left clavicle to the 
right clavicle which is obtained in (3), and wn be the vector from the lower spine to the upper 

spine in (4). The calculation is based on the difference between each coordinate points. The 

rotation matrix R is calculated using the obtained normal vector and the reference vector c0 where 
c0 = (0,0,1). Normalization is performed by applying the calculated rotation matrix R to the data. 

The rotation matrix R is calculated using the obtained normal vector and the reference vector c0 

where c0 = (0,0,1). Normalization is performed by applying the calculated rotation matrix R to the 

data. Given a reference 
 

c0 = R · c(an,k,t) (5) 

  

c(an,t) = v(an,t) × w(an,t) (6) 
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p′(an,k,t) = R · p(an,k,t) (7) 

i′(an,k,t) = R · i(an,k,t) (8) 

 

Object Recognition Object recognition is important for our action recognition for differentiating 
actions with similar poses, knowledge of the objects offers information about the spatial and 

temporal locality of the actions being performed. For the detection of objects being considered 

for our action classification, we trained a YOLOv8 [20] model for detecting objects that are 
involved in the actions we do want to detect. The objects that are associated with the actions we 

are trying to recognize. The object present in the action being provide vital information for 

association with actions being performed. Therefore an accurate recognition of objects will 
improve the recognition of the actions being performed. The closes of the center of the detected 

objects to the pose point of attachment is determine from the center coordinates of the detected 

object to be considered as the object involved in the action. 

 

 
 

Fig.5: A bar graph representation of the data with objects instance 

 
To determine object retention, the determine threshold euclidean distance th1 is the between 

object’s center coordinates and the closest skeleton coordinate point k to the object are used. Let 

the object’s center coordinate point be o. The eight (8) vertex of the 3D bounding box are denoted 

as bm = (xm,ym,zm), where m represents each vertex m = 1,2,...,8 . These are obtained by applying 
the following calculation formula. 

 

 k(an,t) = (xn(an,t),yn(an,t),zn(an,t)) (9) 
 

The threshold euclidean distance th1 is obtained by; 

 

 th1 = ||bm − o|| (10) 
 

For the object retention to be considered in the calculated distance between the object center 

coordinates and the closest skeleton coordinate point should be less than the threshold euclidean 
distance Fig.6. 
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 ||o(an,t) − k(an,t)|| < th1 (11) 

 

 
 

Fig.6: Object Holding Calculation Method 

 

Action Recognition This sub section describes the action recognition process. The action 
recognition approach minimizes error distance between the reference pose and the normalized 

pose of the action being performed. To determine, the minimal error distance between the 

reference pose and action being performed, the error in classifying the action E(an) is giving by: 

 

  (12) 
 

 where t is the frame, k is the keypoint, an is the nth action, i is the normalized posed 

 
′ data and the p is the normalized . averaged 

prior data. 

 argminE(an)(anϵA) (13) 
 

With the argminE determined, the actions class with least error is considered the action that is 

being performed. 
 

3. EXPERIMENTS 
 

3.1. Datasets 

 
This section describes the datasets used to evaluate action recognition methods involving specific 

objects. To assess posture- and object-based action detection methods, two datasets were utilized. 

The posture dataset is a custom dataset collected from five subjects performing ten specific 
actions. Human skeleton coordinates were captured using a stereo camera, and a pose estimation 

neural network was employed to extract the poses. The ten actions were selected with an 

emphasis on daily activities, sports, and security related behaviors. For the object recognition 

dataset, we selected objects associated with these ten actions and constructed a corresponding 
dataset from the Open Images Dataset (OID) [21]. This dataset comprises approximately 30,000 

images drawn from OID, which were used to train the object detection model. For action 

recognition, ten (10) short clips of the actions was recorded to recognize the actions being 
performed. 

 

3.2. Experimental Setup 
 

The experimental setup for this research is illustrated in Fig. 8. The setup is performed in two sets. 

Step 1 involves the reference data (dictionary data) which is using the stereo camera to obtain the 
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front view data of all the actions selected in the ten (10) categories. The second step is performed 
by obtaining the data from different angles such as the sides of the subjects while the same action 

is being performed. The steps is illustrated in Fig. 5 where the step one which is the collation of 

the dictionary data or information is 

 

 
 

Fig.7: Experimental Setup 

 

captured and second step is capturing data from different angles or views other than the one use 

in the dictionary data. Using our approach, we perform poses normalization and object 
recognition to obtain the key-pose with its association object. To determine which action being 

performed by comparing them with the reference key-pose and select the best category using the 

minimal error distance. For the action classification, we use precision, accuracy, recall and F1-
score as the metrics. 

 

In another setup, we also evaluated the performance of the approach and its robustness to 

occlusion. In the setup as shown in Fig 8. We considered the drinking action for the robustness 
test. There are four scenarios that were considered to determine the robustness of the approach to 

occlusion in scenario 1 the part of the body or human pose that is not involves in the action 

performance. So we occluded the arm that is not involved in the action. In scenario 2, the object 
is partially occluded with the arm that is not involved in the action. For scenario 3, we occluded 

the arm involved in the action only while scenario for we occluded the arm involved in action and 

then partially occluding the object. 

 

4. RESULTS AND DISCUSSIONS 
 

From our experimentation, we obtained the following results which we presented in three folds; 

the results on our novel pose normalization strategy, the results on the custom training of our 
YOLOv8 models and the classification of the actions using the combined pose and object 

detection approach. 

 

4.1. Pose Normalization 
 

The result of the pose normalization process is presented in the figures below. We demonstrate 
that with a given image Fig. 9 with a detected pose. Fig. 10 the detected pose is presented before 

the transformation of the pose into the front view in Fig. 11. 
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First, position normalization is achieved by replacing the chest coordinate points with local 

coordinates based on the chest. The normalization process transform any viewpoints to the 

reference viewpoint making it easier to compare the keypoints for a particular or relevant pose for 
the action being performed. 

 

 
 
Fig.8: Occlusion Test Setup. The images demonstrates four scenarios. In (1) the occlusion is on the left side 

and covering the hand but not the associated object 

 

 
 

Fig.9: A captured frame showing a human posed detected in an image with the human skeleton keypoints 

 

4.2. Object Detection 
 

We presented the results of our customized YOLOv8 model which we trained in this section. Fig 

12 shows the performance of the model to classify objects in the dataset we curated for training 
the model. 

 

The results shows the model was well trained to detect the objects however there was an 
imbalance in the data result in a few of the object not well classified. Mobile phone and knife 
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were mostly misclassified. In order to fix this, we intend to acquire more data of this objects to 
ensure a better classification in the future 

 

4.3. Action Recognition 

 
Table Fig. 13 reports the precision, recall and f1-score for the ten (10) action categories we 

selected. Fig 14 show that most of the classifications were correctly predicted with a 

 

 
 

Fig.10: An illustrated keypoints extracted from 9 for a better presented visualization. 

 

 
 

Fig.11: An illustrated normalized keypoints being visualized 

 
few that were misclassified. Drinking, opening bottle and reading were misclassified. 

 

The accuracies for the actions shows that our approach for detecting the following six (6) actions 

brushing teeth, cleaning floor, opening bottle, throwing, walking with knife, and walking with 
smartphone. However, the drinking action and reading action are misclassified. There is also 

partly misclassified opening bottle and drinking. 

 
The results demonstrated that the approach could be used for human pose with objectbased action 

recognition or complement the deep learning based approach to effectively recognize various 

actions that involves object association. We will compare these approach with existing state of 

the art method for action recognition as well. 
 

 



Computer Science & Information Technology (CS & IT)                                               11 

 

 

Table 1: Prediction results for four Drinking test scenarios 

 
SampleTrue Label Predicted Label Error Distance 

Scenario 1 Drinking Drinking 912.64 

Scenario 2 Drinking Drinking 960.41 

Scenario 3 Drinking BrushingTeeth 935.84 

Scenario 4 Drinking BrushingTeeth 1166.46 

 

 
 

Fig.12: The confusion matrix for the object detection which are associated with the actions we want to 

recognize 

 

 
 

Fig.13: Evaluations of the performance our approach to classify 10 categories action classes 

 

On the test for the occlusion, Table 1 presents the results of the action recognition that was 

performed with four scenarios to demonstrate the occlusion. In the scenarios 1, the drinking 

action was recognized correctly with the object showing with one arm hidden, Also with scenario 
2 the object is also partially covered with one arm was correctly recognized. The remaining two 
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scenarios 3 and 4 which involves covering the arm performing the action and the covering the 
object partially. With the action performing covered the approach 

 

 
 

Fig.14: The confusion matrix for the classification of ten (10) actions categories failed to recognized which 

indicates the importance of the part of the posed involved in the action. 

 
Table 2: Results of the occlusion test performed with the drinking action labels 

 

Action Precision Recall F1-Score 

Brushing Teeth  0.00 0.00 0.00 

Drinking  1.00 0.50 0.67 

 

Table 2 presents the results in terms of precision, recall, and F1-score for the occlusion test.  
 

The accuracy under occlusion was 50% across the four scenarios. The reported precision for the 

drinking action is 1.00, whereas that for brushing teeth—which was misclassified—is 0. The 
approach is not affected when occlusions occur on body parts not directly involved in performing 

the action, or when the object is only partially occluded. However, it misclassifies the drinking 

action as brushing teeth when such occlusions occur. Pose normalization is affected only when 

the occluded body parts are directly involved in the action being recognized. 
 

5. CONCLUSION 
 

In this research, we proposed action recognition approach with object based and 3D information. 
The approach relates the object information and the normalized pose information to detect the 

action being performed. Our approach shows robustness in the viewpoint invariant challenges 

and well adapted to detecting the ten (10) action categories that we selected for experimenting. 

Our results shows an accuracy of 70% in classifying the action classes. In the future, we plan to 
integrate it with a deep learning method to make it an end-to-end deep learning approach. 
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