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            Background
            Infants differ from adults in their distribution of body proportions and spontaneous movements. An appropriate video frame environment is required to estimate infant and toddler movements. This study presents the feasibility of developing a deep-learning-based motion estimation system that predicts the musculoskeletal key points of infants and toddlers and recognizes motion using the Kinect system.

          

          
            Design
            A Feasibility study

          

          
            Methods
            This study investigates implementing an infant and toddler motion estimation system based on infant and toddler motion observation data captured using the Kinect system.

            A total of 26 infants aged between 8 weeks and 24 months will observed using the Kinect system over 20 days for one hour at a time, and data will be collected. In addition, YOLO Pose, which integrates RGB and depth data, is used to predict and detect information on infant musculoskeletal key points in the video. The infant movement observation data include movement observations according to the developmental period and data of postures such as prone, supine, creeping, sitting, standing, and walking. For infant motion estimation, information regarding the infant motion and positional range in the image is stored in an annotation file, and deep learning is performed. The accuracy of the artificial intelligence (AI) is periodically evaluated using verification data. A PC-based software program is used to analyze the motor development of infants and toddlers. This application provides information such as image registration, infant motion analysis screens, previews, and AI analysis result screens for AI image analysis.

          

          
            Conclusion
            This study explored the possibility of using information from key points in infants to develop a motion estimation system that can monitor infant motor development at different stages
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      Ⅰ. Introduction
      According to the World Health Organization (WHO), in 2020, an estimated 13.4 million preterm infants (born before 37 weeks of gestation) were recorded and the prevalence rates ranged from 4% to 16% across different countries. Preterm infants are at a significantly increased risk of various neurodevelopmental challenges, including impairments in cognition, language, and learning as well as motor developmental disorders. Cerebral palsy is the most common motor developmental disorder affecting preterm infants (Zwicker, 2014).

      The early diagnosis of motor developmental delay is challenging; however, neurodevelopmental disorders such as cerebral palsy and autism spectrum disorder can be predicted one month after birth through observations of spontaneous movements (Novak et al., 2017; Einspieler et al., 2019). Identifying children who are at risk for developmental disorders early allows for the timely initiation of appropriate therapeutic interventions, which can lead to improved outcomes and minimize long-term disabilities (Støen et al., 2017).

      Various methods are available for the early diagnosis of motor developmental delays or disabilities. General Movement Assessment is a tool that evaluates abnormal movement patterns in infants through clinical observation by assigning scores based on the complexity and abilities demonstrated during specific movement milestones. However, the variability and complexity of infant movements make it challenging to apply this method without extensive expertise. Consequently, there is a growing demand for quantitative measurement methods that provide more objective assessments of infant movements (Nakajima et al., 2006).

      Motion analysis systems use markers attached to the body to track major skeletal structures and joints. These markers are monitored by optical systems that provide information regarding the position and orientation of body segments. Such a system minimizes the subjective bias in the evaluation, making it effective for objectively assessing infant movements. However, limitations include the need for marker attachment, reliance on specialized laboratory settings, and high costs (Mousavi Hondori et al., 2014). In contrast, the Kinect system, which is based on depth imaging, offers a cost-effective, portable, and user-friendly solution for capturing body movements. Its application extends to the home environment, making it valuable in rehabilitation settings (Tolgyessy et al., 2021). Motion estimation involves detecting body movements, reconstructing them into three-dimensional (3D) scenes, and evaluating related movements. While traditional motion estimation systems mainly rely on two-dimensional images, the depth sensors of Kinect enable 3D skeletal tracking. This technology provides detailed information on joint positions and orientations, allowing for more precise detection of even subtle movements (Andriluka et al., 2014; Groos et al., 2022).

      Despite the differences in body proportions and spontaneous movements between infants and adults, most existing human motion estimation systems have primarily focused on adult postures. Prior studies on infant motion estimation have revealed the diversity of the video frame environments used, highlighting the need for further research in this area (Adde et al., 2021). Therefore, this study aims to validate the development of a deep-learning-based motion estimation system utilizing the Kinect system to predict musculoskeletal key points and recognize movements in infants.

    

    

  
    
      Ⅱ. Method
      
        1. Participants
        The sample size required for this study was calculated using G*Power Version 3.1.9.7 (Franz Faul, University Kiel, Germany, 2020) through statistical evaluation. For correlation analysis (one-tail, correlation p H1: 0.5, α error: 0.05, power: 0.8), a total of 23 participants will be used. Considering a dropout rate of 10%–15%, 26 participants will be recruited. The study will involve 26 infants aged 8 weeks to 24 months recruited from two hospitals in Gyeonggi Province: C Women’s Hospital and M Women’s Hospital. Recruitment will be conducted via public announcements. Infant movement data will be collected through motion observation. The guardians of the participants will receive a detailed explanation of the research process from the principal investigator and provide written informed consent prior to participation.

        The inclusion criteria for the participants in this study require obtaining written consent from the guardians of the infants. Eligible participants are full-term infants born at 37 weeks or later through normal delivery. The exclusion criteria include preterm infants born before 37 weeks of gestation, infants born with a birth weight below 2.5 kg, and infants with congenital diseases such as congenital heart defects, congenital pulmonary conditions, or musculoskeletal deformities. Participants will also be excluded if written consent from their guardians cannot be obtained.

      

      
        2. Method
        
          1) Procedure
          This study aims to develop an infant motion estimation system based on the observational data of infant movements recorded using the Kinect system. Before the experiment, the general characteristics of the participating infants, including sex, age (in months), height, and weight, will be collected. Written informed consent will be obtained in advance from the guardians of the infants who meet the inclusion criteria. Motion observation data will be gathered by conducting 20 days of one-hour observation sessions using the Kinect system. To accommodate the feeding schedules, sleep patterns, and general condition of the infants, the home visit schedule for data collection will be coordinated with their guardians. During the observation, the Kinect camera will be securely mounted on the infant's crib or installed using a tripod. To ensure safety, the camera will be placed at a secure distance to prevent it from falling or becoming displaced. All data collection will be conducted by the same researcher to maintain consistency, and repeated data collection sessions will always occur in the same location. This approach will ensure uniformity and reliability in the data acquisition process.

          
            
            

            Figure 1. 
				
            

            
              Data collection using Azure Kinect camera
            
            

            

          

        

        
          2) Collection of infant movement recording data
          To collect observational data on infant movements, this study employs the Microsoft Azure Kinect DK (Microsoft, USA, 2020). The Azure Kinect DK is a high-performance camera equipped with a 12 MP RGB sensor, depth sensor, and 360-degree microphone array, enabling precise tracking and monitoring of motion and overall body structure.

          For this study, a YOLO Pose-based model named InfantPose has been developed to integrate RGB and depth data to predict musculoskeletal key points and to detect relevant information within infant motion videos. To train and validate this system, motion data corresponding to various developmental stages will be collected in postures such as prone, supine, creeping, sitting, standing, and walking. This approach will ensure comprehensive coverage of infant movements across key developmental milestones.

          
            Table 1. 
				
            

            
              The variables of body segment during action analysis in infants
            
            

          

          
            
              
                	
                	Activity
                	ROM
                	Velocity
              

            
            
              	
              	Prone, Supine, Creeping, Sitting, Standing, Walking
              	Wrist
              	Wrist Peak Velocity
            

            
              	Wrist Peak Acceleration
            

            
              	Elbow
              	Elbow Peak Velocity
            

            
              	Elbow Peak Acceleration
            

            
              	Shoulder
              	Shoulder Peak Velocity
            

            
              	Shoulder Peak Acceleration
            

            
              	Hip
              	Hip Peak Velocity
            

            
              	Hip Peak Acceleration
            

            
              	Knee
              	Knee Peak Velocity
            

            
              	Knee Peak Acceleration
            

            
              	Ankle
              	Ankle Peak Velocity
            

            
              	Ankle Peak Acceleration
            

          

          

        

        
          3) Model validation
          Using the infant movement data collected from the Microsoft Azure Kinect DK camera for supervised learning, training, validation, and test datasets are established for supervised learning. The data are collected through video recordings, from which frames are extracted for further analysis. In supervised learning, labels corresponding to the expected outcomes are crucial. For infant motion recognition, information regarding the infants' movements and their spatial range from the images will be saved in labeled files. These labeled files will indicate the specific actions and positions of the infants, which are essential for accurate motion estimation and model training.

          During the training of the deep learning model, the validation dataset will be used to evaluate the performance of the model periodically in terms of its accuracy and the selected hyperparameters. The model architecture and hyperparameters will be adjusted and modified iteratively to enhance the model performance. The model will undergo multiple iterations, each time adjusting the hyperparameters, to generate the final deep learning model with high validation accuracy. Once the model is optimized, the learned weights and relevant hyperparameter information, along with other artifacts, will be saved for future use. The developed infant motion estimation system is implemented using PyTorch and CUDA version 11.8, and the model will undergo 150 training repetitions to ensure sufficient learning and performance evaluation.

          
            
            

            Figure 2. 
				
            

            
              Infants skeletal key points in motion estimation system
            
            

            

          

        

        
          4) Implementaion of motion analysis software
          To analyze and monitor the normal motor development of infants based on their age, the extracted musculoskeletal key point data will be utilized with a PC-based application. This program will provide various functionalities for AI-assisted video analysis, including video registration, motion analysis screens, preview options, and AI-generated results.

          
            
            

            Figure 3. 
				
            

            
              Screen of AI motion analysis 
            
            

            

          

        

      

      
        3. Data Analysis
        The Azure Kinect DK Software Development Kit (SDK) 1.4.1 was used to develop the camera software for data collection in this study. The data preprocessing software and deep-learning-based computer vision models were implemented using Python 3.10 and the PyTorch 2.3.1 (CUDA 11.8) deep learning framework. The statistical hypothesis testing will utilize SPSS version 18.0 to calculate the means and standard deviations. Descriptive statistics will be applied to analyze the general characteristics of the study participants. The sample group consists of four types of video input: (1) RGB video, (2) RGB + depth video, (3) RGB + IR video, and (4) RGB + depth + IR video. These video samples train two deep learning-based models for infant pose estimation and behavior recognition using feature extractors based on CNN and Transformer architectures.

        A comparison of these models will be conducted using evaluation metrics such as the mean average precision and intersection over union with a threshold of 0.5. The performance differences between the models will be analyzed using a custom-built validation dataset, and the statistical differences between the models will be tested using a t-test. To analyze the intra- and inter-rater reliabilities of the motion recognition results obtained from the experimental and home cameras, the intra-class correlation (ICC) will be calculated. The ICC values will be interpreted as follows: 0.0–0.40 indicates "poor" reliability, 0.40–0.59 denotes "fair" reliability, 0.60–0.74 is considered "good," and 0.75–1.0 is categorized as "excellent" reliability.

      

    

    

  
    
      Ⅲ. Discussion
      This study proposes the feasibility of developing a deep-learning-based computer vision model for predicting musculoskeletal key points and recognizing motions in infants using smart home cameras. This study aims to construct a learning dataset, design a learning and inference pipeline, and develop a motion estimation system to support the validity of these approaches.

      Infants have distinct physical characteristics and spontaneous movement patterns that differ from those of adults. However, the existing benchmark datasets are based on adults, making them unsuitable for accurately capturing the physical traits of infants. The RGB-depth camera, which is based on depth imaging technology, is highly reliable for capturing body movements, portable, and easy to use. The depth sensor of the camera provides critical 3D surface distance information, enabling skeleton estimation. This allows for precise tracking of joint positions and orientations, making it easier to access and monitor small movements. Using a depth camera in addition to RGB imaging is particularly beneficial in the context of infant monitoring. Most baby surveillance cameras are positioned above infant beds, and analyzing the height differences in the crib can be essential for applications such as detecting falls. To train the deep learning model, data are collected using devices that capture both RGB and depth information. After preprocessing, the dataset is divided and verified using both existing RGB-only models and the newly developed models. Further performance analyses will be conducted through model optimization and lightweight techniques to ensure the effectiveness of the system.

    

    

  
    
      Ⅳ. Conclusion
      This study aims to develop a robust infant pose estimation model that can handle various environmental changes, such as night mode, by constructing a comprehensive dataset beyond the limitations of existing models that rely solely on RGB data. The model development incorporates different algorithms, such as those for detecting inverted positions, with the potential to contribute to the prevention of infant-related accidents, including suffocation and falls. In addition, the information obtained from key infant points can be utilized to monitor developmental milestones, providing a valuable tool for tracking normal growth and ensuring that infants progress appropriately at various stages. These findings can contribute to the development of systems that support early detection and intervention in developmental monitoring.
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