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Abstract 
 
The project focuses on a Computer Vision application, which aims to help automation in the analysis of infant behaviors in order to 
help in the early diagnosis of neurological developmental disorders. The analyzed dataset corresponds to a set of videos of infants 
aged between 15 and 18 months, free to move inside a fixed multi-camera indoor environment, in an individual free play area with 
close interaction with the educator and other children outside the free play area. The context of this application is to help the doctors 
examine how infants use some specific toys to detect neurological developmental disorders. This task is mostly performed manually 
by the experts who monitor each video and make annotations, but is a time-consuming task. This application is designed to help 
experts automate this task. Infants are not aware of the cameras; they explore and interact with the environment and the adult. The 
video data is not collected for a Computer Vision application, the child can move freely and do whatever he or she wants. Unlike most 
State of Art studies, where the environment and the subject are in function of skeletal extraction to obtain a qualitative sample, nothing 
was done here to limit the external noise during the environmental preparation. In my work I focus on the detection and tracking of a 
generic infants in a noisy environment, extract and stabilize the skeleton. I exploit the skeleton to infer human activity. The generic 
tracker works quite well, but it is not always robust enough to follow the child like a human all the time. Even with a perfect track, 
skeletons extracted may have problems estimating the specific position of the child's skeleton due to the camera angle and perspective. 
A large variance of skeletons for the same action leads to a poor performance of the classifier. 
With this work we demonstrate per potential of using computer vision technologies for anonymizing videos, and for automatically 
perform a mobility analysis which provide a precious support in the diagnosis of neurodevelopmental disorders in infants. 
 
The project was divided into three main phases: 

- The first phase is to track a generic infant in a delimited free play area, where it plays with specific toys and/or explore the 
environment. I built a tailored Machine Learning Tracker to address the problem of aliasing introduced by the adult on the 
ground within the free play area.  

- The second phase is to generate the skeleton with OpenPose technology and stabilize it with a Linear Kalman filter.  
- The third step is to extract the skeleton, encode the information of the three cameras within an image and infer the actions 

with a tailored CNN architecture classifier. 
 

Riassunto 
 
Il progetto si concentra su un'applicazione di Computer Vision, che mira ad aiutare l'automazione nell'analisi dei comportamenti dei 
neonati per aiutare nella diagnosi precoce dei disturbi dello sviluppo neurologico. Il dataset analizzato corrisponde ad un insieme di 
video di neonati di età compresa tra i 15 e i 18 mesi, liberi di muoversi all'interno di un ambiente interno fisso multi-camera, in un'area 
di gioco libera individuale con una stretta interazione con l'educatore e gli altri bambini al di fuori dell'area di gioco libera. Il contesto 
di questa applicazione è quello di aiutare i medici ad esaminare come i neonati utilizzano certi specifici giocattoli per rilevare i disturbi 
dello sviluppo neurologico. Questo compito viene eseguito per lo più manualmente dagli esperti che monitorano ogni video e fanno 
annotazioni, ma è un compito che richiede tempo. Questa applicazione è stata progettata per aiutare gli esperti ad automatizzare 
questo compito. I neonati non sono consapevoli delle telecamere, ma esplorano e interagiscono con l'ambiente e con l'adulto. I dati 
video non sono stati raccolti per un'applicazione di Computer Vision, il bambino può muoversi liberamente e fare tutto ciò che vuole. 
A differenza della maggior parte degli studi di stato dell'arte, dove l'ambiente e il soggetto sono in funzione dell'estrazione dello 
scheletro per ottenere un campione qualitativo, qui non è stato fatto nulla per limitare il rumore esterno durante la preparazione 
ambientale. Nel mio lavoro mi concentro sul rilevamento e il tracciamento di un neonato generico in un ambiente rumoroso, estraggo 
e stabilizzo lo scheletro. Sfrutto lo scheletro per dedurre l'attività umana. Il localizzatore generico funziona abbastanza bene, ma non 
è sempre abbastanza robusto per seguire il bambino come un umano per tutto il tempo. Anche con una traccia perfetta, gli scheletri 
estratti possono avere problemi a stimare la posizione specifica dello scheletro del bambino a causa dell'angolo di ripresa e della 
prospettiva. Una grande varianza di scheletri per la stessa azione porta ad una scarsa prestazione del classificatore. 
Con questo lavoro dimostriamo il potenziale dell'uso delle tecnologie di Computer Vision per rendere anonimi i video e per eseguire 
automaticamente un'analisi della mobilità che fornisce un prezioso supporto nella diagnosi dei disturbi dello sviluppo neurologico nei 
neonati. 
 
Il progetto è stato suddiviso in tre fasi principali: 

- La prima fase consiste nel tracciare un neonato generico in un'area di gioco libera delimitata, dove gioca con giocattoli 
specifici e/o esplora l'ambiente. Ho costruito un Machine Learning Tracker su misura per affrontare il problema dell'aliasing 
introdotto dall'adulto a terra all'interno dell'area di gioco libera.  

- La seconda fase consiste nel generare lo scheletro con la tecnologia OpenPose e stabilizzarlo con un filtro lineare Kalman.  

- La terza fase consiste nell'estrarre lo scheletro, codificare le informazioni delle tre telecamere all'interno di un'immagine e 
dedurre le azioni con un classificatore di architettura CNN su misura. 
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Chapter 1 

1 Introduction 

1.1 Description 

The AutoPlay project aims to develop a system capable of detecting atypical development, such as 
autism, in the first months of childhood. The children taken into consideration are between 9 and 15 
months. AutoPlay can have a high social impact, if it is able to detect autism. The negative consequences for 
the children affected could be reduced through targeted and qualitative intervention. The aim of the project 
is to understand the way children use toys in order to detect behavioral patterns. Inside the toys inertial 
unit of measure (IMU) sensors have been inserted, which capture acceleration, magnitude and inclination. 
The environment in which the data is collected consists of two kindergartens. Every week, one or more 
children are involved in an individual play session, with the educator in a reserved space. The toys used 
are a ball, a toy car, three elephants (red, green and blue), a spoon and a doll. The activities are filmed, in 
order to map out register sensor and child activity. To figure out which data log samples are related to which 
action, videos are used to detect in which frame an activity begins and ends. This method provides a Ground 
Truth for the video experience. Every week the sensors are taken from the technology department's 
laboratory and taken to the kindergartens, where the synchronization movement is made, in order to find 
the characteristic movement in the data logs and align Ground Truth with the sensor log data. 
Synchronization is necessary because the video timestamp is not synchronized with the sensor timestamp, 
this introduces a small delay between the video and the sensor data logs. The problem of synchronization 
between the Ground Truth of video and the sensor log was studied in a previous project and the results 
were presented on paper [16]. In this thesis we focus on the video as main source of data, and in particular 
in the video of weeks 12, 13, 14, 16 and 17 of the “Culla Baby Start” (CBS) kindergarten. 
The main objective of this thesis focuses on automation in the analysis of infant behaviors in order to help 
in the early diagnosis of neurological developmental disorders. The infants, aged between 15 and 18 
months, are free to move inside a fixed multi-camera indoor environment, in an individual free play area 
with close interaction with the educator and other children outside the free play area. Infants are not aware 
of the cameras; they explore and interact with the environment and the adult. With this type of data, I extract 
the skeleton and make the inference of the child's activity on video. 
A secondary objective is the automatic analysis between the AutoPlay toys and the child, detecting and 
tracking the AutoPlay toys in the video, adding additional information to the skeleton extracted from the 
image to the classifier. 

1.2 Technical requisites 

The reader should be competent in classic Computer Vision tasks such as image classification, semantic 
segmentation, object localization and deep learning architecture for Computer Vision. 
In addition, Data Mining, Machine Learning and Deep Learning knowledges should be solid, as well as a 
good understanding of Digital Image Processing, Pattern Recognition and Digital Signal Processing 
should be clear. A basic knowledge of IMU sensors and IoT could be useful. 
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1.3 Technical specifications 

It follows a list of functional requirements: 
- Develop a reusable software solution, parameterizable 
- Provide technical documentation 

 
It has been chosen python to analyse data and develop a software solution. 
It follows a list of software used: 

- Python v3.5.4, https://www.python.org/  
- Numpy v1.17, http://www.numpy.org/  
- Pandas v0.20, https://pandas.pydata.org/  
- Matplotlib v2.0.2, https://matplotlib.org/  
- Keras v2.2.4, https://keras.io/ 
- Tensorflow-gpu v1.12.0, https://www.tensorflow.org/ 
- Scikit-learn v0.22, https://scikit-learn.org/stable/  
- Cuda v9.0.176-1, https://developer.nvidia.com/cuda-downloads 
- Opencv-contrib-python v4.2.0.32, https://pypi.org/project/opencv-contrib-python/ 

 
It follows the details of environment: 

- Laptop (Protype) 
o Model: Acer Aspire F15 
o RAM: 16 GB DDR4 
o GPU 

 Quantity: 1 
 Model: NVIDIA GeForce 940MX 
 Memory: 2 [GB] 

 
- Server (Production) 

o CPU 
 Quantity: 64 
 Intel(R) Xeon(R) Gold 6142 CPU 

o GPU 
 Quantity: 2 
 Model: NVIDIA Tesla T4 
 Memory: 16 [GB] 
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Figure 1- 1 Server CPUs 

 

 
Figure 1- 2 Server GPUs 

1.4 Main View 
Figure 1-3 shows the high level of the developed application. In the first block the video is the child is 
tracked (Chapter 3), in the second block the skeleton is extracted (Chapter 4) and in the last block the 
skeleton is used to derive the activity recognition (Chapter 6). 
 

  
Figure 1- 3 High level application view 
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Chapter 2 

2 Analysis state of the art 
In this chapter I compare different object recognition technologies to understand which one is better. I 
describe the state of the art for articulated human pose estimation and give an overview of recent studies 
on infant activity detection. Finally, I describe the problem of state estimation in tracking and describe the 
recent approach to visual object tracking. 

2.1 Object detection technologies  
In the appendix B can be found a detailed description of YOLO, SSD, Faster R-CNN and R-FCN models. 

2.1.1 Comparative study for object detection technologies 
Table 2-1 below summarizes a comparative study done with Tensorflow, taken from the website [3]. Below 
follows a description of how they evaluate the different models implemented. 
“model speed --- we report running time in ms per 600x600 image (including all pre and post-processing), 
but please be aware that these timings depend highly on one's specific hardware configuration (these 
timings were performed using an Nvidia GeForce GTX TITAN X card) and should be treated more as relative 
timings in many cases. Also note that desktop GPU timing does not always reflect mobile run time. For 
example Mobilenet V2 is faster on mobile devices than Mobilenet V1, but is slightly slower on desktop GPU. 
[…] detector performance on subset of the COCO validation set or Open Images test split as measured by 
the dataset-specific mAP measure. Here, higher is better, and we only report bounding box mAP rounded 
to the nearest integer.” [3]  
A good description of the mAP (mean Average Precision) metrics could be found here [4]. 
 

Model name Speed [ms] COCO mAP Outputs 

ssd_mobilenet_v1_coco 30 21 Boxes 

ssd_mobilenet_v1_0.75_depth_coco 26 18 Boxes 

ssd_mobilenet_v1_quantized_coco 29 18 Boxes 

ssd_mobilenet_v1_0.75_depth_quantized_coco 29 16 Boxes 

ssd_mobilenet_v1_ppn_coco 26 20 Boxes 

ssd_mobilenet_v1_fpn_coco 56 32 Boxes 

ssd_resnet_50_fpn_coco 76 35 Boxes 

ssd_mobilenet_v2_coco 31 22 Boxes 

ssd_mobilenet_v2_quantized_coco 29 22 Boxes 

ssdlite_mobilenet_v2_coco 27 22 Boxes 

ssd_inception_v2_coco 42 24 Boxes 

faster_rcnn_inception_v2_coco 58 28 Boxes 



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

13/148
 

faster_rcnn_resnet50_coco 89 30 Boxes 

faster_rcnn_resnet50_lowproposals_coco 64  Boxes 

rfcn_resnet101_coco 92 30 Boxes 

faster_rcnn_resnet101_coco 106 32 Boxes 

faster_rcnn_resnet101_lowproposals_coco 82  Boxes 

faster_rcnn_inception_resnet_v2_atrous_coco 620 37 Boxes 

faster_rcnn_inception_resnet_v2_atrous_lowproposals_coco 241  Boxes 

faster_rcnn_nas 1833 43 Boxes 

faster_rcnn_nas_lowproposals_coco 540  Boxes 

mask_rcnn_inception_resnet_v2_atrous_coco 771 36 Masks 

mask_rcnn_inception_v2_coco 79 25 Masks 

mask_rcnn_resnet101_atrous_coco 470 33 Masks 

mask_rcnn_resnet50_atrous_coco 343 29 Masks 

   
Table 2- 1 Comparative study 

 
Another complete comparative study can be found at link [5]. Figure 2-1 shows an overview of the different 
technologies. 
“It is not wise to compare the results of different documents. These experiments are done in different 
contexts, which are not made for a comparison between apples and apples. However, we decide to draw 
them together, so that we have at least an overview of where they are approximately. But I warn you that 
we should never directly compare those numbers. […] For the result presented below, the model is trained 
with both PASCAL VOC 2007 and 2012 data. The mAP is measured with the PASCAL VOC 2012 testing set. 
For SSD, the chart shows results for 300 × 300 and 512 × 512 input images. For YOLO, it has results for 288 
× 288, 416 ×461 and 544 × 544 images. Higher resolution images for the same model have better mAP but 
slower to process.” [5] 

 

 
Figure 2- 1 Overview 
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“* denotes small object data augmentation is applied. ** indicates the results are measured on VOC 2007 
testing set. We include those because the YOLO paper misses many VOC 2012 testing results. Since VOC 
2007 results are in general performs better than 2012, we add the R-FCN VOC 2007 result as a cross 
reference.” [5] 
It summarizes the results of a comparative Google Research result [6] made on Faster R-CNN, R-FCN and 
SSD. The study is about the compromise between speed and accuracy. Figure 2-2 provides a main view. 
Clearly, SSD is suitable for real-time applications at the cost of accuracy. If time is not a constraint, you can 
opt for more accurate models at the cost of a comparison run. Other important information is the impact of 
feature extraction technology on the overall mAP (Figure 2-3), the impact of different models on memory 
usage (Figure 2-4), the time taken by the GPU for each model (Figure 2-5). 
 

 
Figure 2- 2 Speed vs Accuracy 

 
Figure 2- 3 Feature extraction impact 
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Figure 2- 4 Impact of memory usage 

 
Figure 2- 5 GPU time 

 
According to the website [5], the choice of the model depends on your application needs. If real time is 
needed, SSD is more likely to be chosen, while if accuracy is needed, faster RCNN is preferable. 
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2.2 Articulated Human Pose Extraction 
From paper [8] “Estimating human pose in static images is challenging due to the influence of numerous 
real-world factors such as shading, image noise, occlusions, background clutter and the inherent loss of 
depth information when a scene is captured onto a 2D image”. Moreover, AutoPlay videos can have one or 
two people, who can interact with each other and with the environment, toys and objects inside. The 
methods for doing Articulated Human Pose Extraction can be divided into three main categories: image 
processing based, machine learning based and deep learning based. Appendix C contains earlier methods 
that have several limitations, while this section describes the recent deep learning approach to the 
estimation of the human pose. 
 
OpenPose 
The reference paper is [18], while the improved version is described in paper [19]. 
“Human 2D pose estimation—the problem of localizing anatomical keypoints or “parts”—has largely 
focused on finding body parts of individuals. […] Inferring the pose of multiple people in images, especially 
socially engaged individuals, presents a unique set of challenges. First, each image may contain an unknown 
number of people that can occur at any position or scale. Second, interactions between people induce 
complex spatial interference, due to contact, occlusion, and limb articulations, making association of parts 
difficult. Third, runtime complexity tends to grow with the number of people in the image, making realtime 
performance a challenge.” [18] 
The paper compares the two common approaches for the people detector: top-down approach and 
bottom-up approach. The top-down approach involves detecting a single person, but if the detector fails, 
there is no way to recover the person. The bottom-up approach is the opposite, that means detecting a 
single body part and recovering the main person from it. 
OpenPose is “bottom-up representation of association scores via Part Affinity Fields (PAFs), a set of 2D 
vector fields that encode the location and orientation of limbs over the image domain. We demonstrate that 
simultaneously inferring these bottom-up representations of detection and association encode global 
context sufficiently well to allow a greedy parse to achieve high-quality results, at a fraction of the 
computational cost.” [18] 
 
Figure 2-6 shows the pipeline of OpenPose is “Our method takes the entire image as the input for a two-
branch CNN to jointly predict confidence maps for body part detection, shown in (b), and part affinity 
fields for parts association, shown in (c). The parsing step performs a set of bipartite matchings to 
associate body parts candidates (d). We finally assemble them into full body poses for all people in 
the image” [18] 
 

 
Figure 2- 6 OpenPose Pipeline 

 
Figure 2-7 shows how to generate Confidence Maps, which are the confidence for each part of the boy 
within the image, and Part Affinity Fields, which are the vectors that encode the position and orientation 
of each limb, features are extracted from the image. The first 10 layers VGG-19 are exploited as feature 
extractor. The output of this is used to feed the two CNN branches, which output the Confidence Maps 
and Part Affinity Fields. The concept of intermediate supervision, drawn from experience with the 
Convolutional Pose Machine, is also used in this architecture. 
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Figure 2- 7 Generation of Confidence Maps and Part Affinity Fields 

 
Figure 2-8 shows the main formulas. F is the feature extraction from VGG-19, Si is the confidence map for a 
specific limb I, Li is a Part Affinity Map i. “W is a binary mask with W(p) = 0 when the annotation is missing 
at an image location p. The mask is used to avoid penalizing the true positive predictions during training.” 
 

 
Figure 2- 8 Main formulas for two-branch CNN 
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Figure 2-9 shows how to generate body part candidates, which are generated from individual confidence 
maps aggregated with max operator and applying non-maxima suppression. 
 

 
Figure 2- 9 Body part candidates 

 
Figure 2-10 shows how to generate the bipartite match, the k-partite graph problem is broken down into 
a tree structure with a spanning tree skeleton that extends and then made easier the resolution of a set of 
bipartite graphs. The value of each single edge is calculated with an integral on the Part Affinity Field of the 
parts between the two limbs. “(a) Original image with part detections (b) K-partite graph (c) Tree structure 
(d) A set of bipartite graphs” [18] 

 

 
Figure 2- 10 Bipartite graph  
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The bipartite graph problem can be solved as an optimization problem, where z is a Boolean variable 
that signals the connections between the two limbs. The value of edge E is the integral of the Part Affinity 
Fields of the parts between the two limbs, which is approximate. Point p in any Part Affinity Fields of the 
parts between the two limbs, contains the unit vector v of the two limbs. Figure 2-11 shows the formulas. 

 
Figure 2- 11 Bipartite graph optmization problem 

 
Figure 2-12 shows the final stage, the correspondence of adjacent nodes is determined independently. 

 

 
Figure 2- 12 Final stage OpenPose 

 
Figure 2-13 and figure 2-14 show a schematic process of what has been explained. 
 



 

 

 
Figure 2- 13 OpenPose Framework Part 1 
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Figure 2- 14 OpenPose Framework Part 2 
 
 



 

 

Figure 2-15 shows the qualitative results. 
 

 
Figure 2- 15 OpenPose results 

 
In the updated paper [19] the approach to solve the problem is the same. The changes are on architecture, 
which is multi-stage. “Architecture of the multi-stage CNN. The first set of stages predicts PAFs Lt, while 
the last set predicts confidence maps St. The predictions of each stage and their corresponding image 
features are concatenated for each subsequent stage. Convolutions of kernel size 7 from the original 
approach are replaced with 3 layers of convolutions of kernel 3 which are concatenated at their end.” [19] 
Figure 2-16 shows the new architecture. 
 

 
Figure 2- 16 Multi stage CNN 

 
In AutoPlay videos there are more people, who could interact with each other. This method is suitable for 
the needs of AutoPlay. 
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2.3 Recent studies on infants and children 
This thesis focuses on the estimation of human posture and the recognition of activities for infants within 
15 and 18 months. In this section a survey of recent studies on the estimation of human posture in 
the field of infants and children in the area of neuro-developmental problems. 
The papier "Preterm infants’ pose estimation with spatio-temporal features " [28] focuses on the detection 
of the limbs of preterm infants. “Preterm birth is defined by the World Health Organization as a birth 
before thirty-seven completed weeks of gestation. In almost all high-income Countries, complications 
of preterm birth are the largest direct cause of neonatal deaths, accounting for the 35% of the world 
deaths a year. The effects of preterm birth among survivor infants may have impact throughout life. 
In fact, preterm birth may compromise infants’ normal neuro-developmental functioning, e.g., by 
increasing the risk of cerebral palsy. […] The study of body movement suggests important indications, 
for preterm children, on some possible neurological developmental problems. “Clinicians in neonatal 
intensive care units (NICUs) pay particular attention to the monitoring of infants’ limbs, as to have 
possible hints for early diagnosing cerebral palsy” [28] 
Figure 2-17 shows a "Preterm infant’s joint model superimposed on a sample depth frame" [28]. The images 
from the study are taken by a static camera, which uses depth information. The child, due to its young 
age, remains quite static. This study is more focused on the detection of the limbs, instead of the complete 
human skeleton. 
 

 
Figure 2- 17 Preterm infant’s joint model superimposed on a sample depth frame 

 
Although this study is focused on limb detection, it is not appropriate for the AutoPlay case study because 
infants do not move as much as AutoPlay children. In addition, AutoPlay children are within a free play area 
and are aware of the external environment, which can interact with it. The AutoPlay camera does not 
provide depth information. 
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The papier "Enhancement of gross-motor action recognition for children by CNN with OpenPose” [29] 
present affinities to this thesis. “Development of gross motor skills during the preschool period is 
significant not only for physical-psychological benefits but also for social participation. Several tests 
to evaluate gross motor competence in child have been established; however, those are hardly utilized in 
Japan because of staff shortage or time deficit. In order to improve the situation, the present authors have 
been studying a labor-saving AI assessment system based on a gross motor action recognition (GM-
AR). […] Early assessment during the preschool period is particularly important to identify 
developmental delays. Among several aspects of child growth, gross motor skills (GM; the bigger 
movements such as running, throwing, and hitting a ball with a bat) are significant for 
developmental functions relating perceptual and cognitive abilities. In recent years, the importance 
of care for children with developmental coordination disorder, which accounts for five-six percent of 
school-aged children, has attracted attention. […] staffs of such institutes can utilize it easily by popular 
IT gadget like a smart-phone without using special sensor or device such as kinect and/or inertial 
measurement unit.” [29] 
Figure 2-18 shows the main flow of the application, suitable for ordinary kindergarten and elementary 
school children. “the kindergarten staff records video of child’s GM motion and uploads the video file to a 
server (Step 1). The data are classified into each GM type by the GM-AR (Step 2), and are diagnosed at second 
assessment AI (Step 3). The result is reported to staffs, and they discuss individual child by taking the AI 
assessment comments into account (Step 4) and support individual children (Step 5).” [29] 
 

 
Figure 2- 18 GM-AI assessment and its utilization 

 
The focus of the papier is on stage II, where the specific action of a tracked child and its GM's action is 
inferred. For this study, twenty-four pre-school children are taken from ordinary nursery school (4-5 
years old, 15 boys and 9 girls). The AutoPlay children are within 15 and 18 months. Both are inside limited 
defined environments, where some actions are performed by the subjects inside. 
The actions performed by Japanese children are related to the Test of Gross Motor Development 3 (TGMD-
3), which are 13 skills are divided into 6 locomotor activities and 7 object control activities; i.e. running, 
galloping, jumping, kicking, taking, dibble and so on. Unlike from AutoPlay children actions, they have in 
common the interaction of the child with an object within a limited environment. 
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The process to infer the child's action is divided into two phases, first the human pose estimation with 
OpenPose is applied and the specific child is traced. After that the skeleton inside the RoI is extracted and 
normalized. An input of 8 frames image is used to feed a DL classifier and the action is inferred.  
Due to the unknown number of children, a self-organized Particle Filtering algorithm is used to track every 
chidren. The point tracked is “Averaged RGB information of a five-sided polygon region, say (r, g, b) ∈ [0, 
255], were considered (formed by Neck, R&L-Shoulder, and R&L-hip” [29], that represent the person's 
position. Figure 2-19 shows the data processing flow, while figure 2-20 shows example of eight-frame image 
standardized. Figure 2-21 shows the deep learning architecture of GM Activity Recognition. 
In AutoPlay the person within the ROI can be a child and an adult. A simpler tracker can be used based on 
this domain knowledge.   
 

 
Figure 2- 19 Data processing flow 

 

 
Figure 2- 20 Examples of eight-frames image standardized 
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Figure 2- 21 Deep learning architetture of GM Activity Recognition 

 
This study presents a research direction similar to AutoPlay's objective. The older children in AutoPlay, 4-
5 years versus 15-18 months. Similar actions are involved in AutoPlay, especially when the child interacts 
with toys. Because of some babies are infants, AutoPlay's task of AutoPlay's human pose estimation might 
be more difficult, compared to that study, although the paper reports some weakness of OpenPose, i.e. not 
all limbs are detected. The architecture proposed to detect the actions is interesting and could be 
applicable to the case of using AutoPlay.  
The classification based on skeleton information allows to make children in the video anonymized. 
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2.4 Research trajectory of Human Activity Recognition 
Finding something similar to the AutoPlay context is really difficult. This section aims to provide a broader 
view of the evolution of Human Activity Recognition throughout the years and the latest technological 
progress in this field.  
 

Activity representation approaches 
Survey paper [56] gives and interesting main view of the research trajectory of activity representation 
approaches in the last 40 years. This study was published in 2017, so OpenPose is not in the survey. As can 
be seen from Figure 2-22, taken from [56], the representation approaches for the activity focused on global 
representation, to move to local representation and finally to depth-based representation. OpenPose is 
related to the representation of Skeleton, but not created by an RGBD camera. 
 

 
Figure 2- 22 Research trajectory of activity representation approaches 

 
“Global representations extract global descriptors directly from original videos or images and encode 
them as a whole feature. In this representation, the human subject is localized and isolated using 
background subtraction methods forming the silhouettes or shapes (i.e., region of interest (ROI)). […] 
Optical flow is an effective way to extract and describe silhouettes for a dynamic background. Lucas-
Kanade-Tomasi (LKT) feature tracker can be used to obtain the optical flow. […] Instead of extracting the 
silhouette, […] local representations process activity video as a collection of local descriptors. They 
focus on specific local patches which are determined by interest point detectors or densely sampling. […] 
Spatiotemporal Interest Point Detector. An intuitive thought of local representation is to identify those 
interest points that contain high information contents in images or videos. Harris and Stephens [34] 
first proposed effective 2D interest point detectors, the well-known Harris corner detector, which is 
extensively used in object detection. Then, Laptev and Lindeberg [6] proposed the 3D space-time interest 
points (STIPs) by extending Harris detectors. […] Local descriptors are designed to describe the patches 
that sampled either densely or at the interest points. Effective descriptors are considered to be 
discriminative for the target human activity events in videos and robust to occlusion, rotation, and 
background noise.” [56] Examples of local descriptors are SIFT (Scale-Invariant Feature Transform), SURF 
(Speeded-Up Robust Features) and HOG (Histogram of Oriented Gradients). 
“Previous research of HAR mainly concentrates on the video sequences captured by traditional RGB 
cameras. Depth cameras, however, have been limited due to their high cost and complexity of operation 
[74]. Thanks to the development of low-cost depth sensors such as Microsoft Kinect [75], an affordable 
and easier way to access the depth maps is provided. Furthermore, Kinect SDK released the application that 
can directly obtain the skeletal joint positions in real-time. […] Depth maps contain additional depth 
coordinates comparing to conventional color images and are more informative. Approaches presented in 
this section regard depth maps as spatiotemporal signals and extract features directly from them. These 
features are either used independently or combined with RGB channel to form multimodal features” [56] 
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Figure 2-23 shows a color image, its depth map, the skeleton created by Kinect V1 and the skeleton created 
by Kinetic V2. 
 

 
Figure 2- 23 Color image, Depth image, Skeleton from Kinetic 

 

Result for deep learning approaches on Human Activities Recognition 
Paper [56] gives an extensive view of the approaches involves in this field, explaining Template-Based 
Approaches, Generative Models, Discriminative Models and Deep Learning architectures. 
In the last years, the focus has been on deep learning architectures. I give an overview of the recent 
approaches to the recognition of human activities in 2D skeletal extracted from RGB images, without 
having depth information. 
 
Convolutional Neural Network approaches  
An example is the paper "Enhancement of gross-motor action recognition for children by CNN with 
OpenPose” [29], which is described in the chapter 2.3 Recent studies on infants and children. The results of 
the classifier proposed in the document, on their extracted data set, for a cross validation of 8, is an average 
result of 82.3 %. 
 
Feature engineering approaches 
Another example can be found on the paper [57], where the data is in 3D, but the temporal information on 
the junction points of the skeleton are encoded within an image, where the row is the coordinate, while the 
columns are the timestamp. Having 3D coordinates, each channel has the coordinate information relative 
to a space (e.g. x, y and z axis). 
“To map the 3D skeleton video to an image, a natural and direct way is to represent the three coordinate 
components (x; y; z) of each joint as the corresponding three components (R; G; B) of each pixel in an image. 
Specially, each row of the action image is defined as Ri = [xi1; xi2; …; xiN ], Gi = [yi1; yi2; …; yiN ], Bi = [zi1; 
zi2; …; ziN ], where i denotes the joint index and N indicates the number of frames in a sequence. By 
concatenating all joints together, we obtain the resultant action image representation of the original 
skeleton video” [57].  Figure 2-24 shows an example of the flow. The results are on 3D coordinates, so they 
are not interesting for the AutoPlay context. 
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Figure 2- 24 Feature engineering for 3D coordinates with CNN classifier 

 
Paper [58] uses the similar idea of [57], but is made with the OpenPose output. “Methodology used to 
recognize action: input data are RGB video containing individual actions (from NTU RGB+D dataset), the 
skeleton is extracted with Openpose then the sequence of motion is converted into a RGB image before 
going into the neural network which classifies the action” [58]. Figure 2-25 shows an example. 
 
 

 
 

Figure 2- 25 Methodology overview 
 
The use of the data set is NUT RGB+D, where the complete skeleton of the single element performs an 
action. There is additional depth information, but a 2D skeleton can easily be reconstructed from this data 
set. “Skeleton extraction is done using OpenPose, a DNN-based detection system that extracts a 2D skeleton 
of 18 joints for each detected body. Second, motion sequences are converted to RGB images. […] The motion 
parameters are encoded in the three R, G, B channels and an action sequence becomes an RGB image. Finally, 
image classification neural networks can be retrained to recognize actions.” [58] 
With Squeeze Net architecture [60], an architecture ideal for hardware with limited memory, the best result 
is an accuracy of 74.553%, with an encoding of the characteristics of each channel equal to (X,Y,C) and the 
nodes come from parts of the body, but nothing related to the head key points. 
With Dense Net architecture [61], the best result is an accuracy of 82.718%, with an encoding of the 
characteristics of each channel equal to (X,Y,C) and the nodes come from all parts of the body, face included. 
 
NTU RGB+D dataset, described in paper [59] and is used as a reference for the computer vision application. 
The Dataset was created in 2016 and has 56880 samples, from 60 classes of 40 subjects. “RGB videos are 
recorded in the provided resolution of 1920 × 1080. […] Action Classes: We have 60 action classes in total, 
which are divided into three major groups: 40 daily actions (drinking, eating, reading, etc.), 9 health-related 
actions (sneezing, staggering, falling down, etc.), and 11 mutual actions (punching, kicking, hugging, etc.). 
Subjects: We invited 40 distinct subjects for our data collection. The ages of the subjects are between 10 
and 35. […] Each subject was asked to perform each action twice”. [59] 
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Long Short Term Memory approaches  
An alternative approach is described in paper [62], where the coordinates of the skeletal junction points, 
estimated by OpenPose, are encoded within a vector for an LSTM architecture. The dataset is collected by 
Berkeley MHAD [63][64].  “It is a multimodal human action database for 11 different activities performed 
by 12 subjects. The activities are recorded from 10 different views with audio recordings. Each subject 
performs one activity 5 times which results in 82 minutes of recording. The dataset is freely available for 
research purposes. The approach has been implemented with below 6 different activities.” [62] 
The activities are: waving 1 hand, waving 2 hands, jumping jacks, boxing, jumping and clapping. Figure 2-
24 shows examples of actions, where is clear that dataset is focused on maximization of the skeleton 
extraction, without external environmental noise. 
 

 
Figure 2- 26 Examples of Berkely MHAD actions 

 
The result of testing set is an accuracy of 87.12%. 
 
Spatial Temporal Graph approaches 
An alternative approach is described in the paper [65], while the paper [66] exploits the idea and applies it 
to sign language recognition. The mathematical details are described in the map [65], I will give a high-level 
schematic description of the method. 
“The dynamic skeleton modality can be naturally represented by a time series of human joint locations, in 
the form of 2D or 3D coordinates. Human actions can then be recognized by analyzing the motion 
patterns thereof. Earlier methods of using skeletons for action recognition simply employ the joint 
coordinates at individual time steps to form feature vectors, and apply temporal analysis thereon.” 
“The capability of these methods is limited as they do not explicitly exploit the spatial relationships 
among the joints, which are crucial for understanding human actions. […] To move beyond such 
limitations, we need a new method that can automatically capture the patterns embedded in the 
spatial configuration of the joints as well as their temporal dynamics. This is the strength of deep 
neural networks. However, as mentioned, the skeletons are in the form of graphs instead of a 2D or 3D 
grids, which makes it difficult to use proven models like convolutional networks. Recently, Graph 
Neural networks (GCNs), which generalize convolutional neural networks (CNNs) to graphs of 
arbitrary structures […] we propose to design a generic representation of skeleton sequences for action 
recognition by extending graph neural networks to a spatial-temporal graph model, called Spatial-
Temporal Graph Convolutional Networks (ST-GCN) […] this model is formulated on top of a sequence of 
skeleton graphs, where each node corresponds to a joint of the human body. There are two types of 
edges, namely the spatial edges that conform to the natural connectivity of joints and the temporal edges 
that connect the same joints across consecutive time steps. Multiple layers of spatial temporal graph 
convolution are constructed thereon, which allow information to be integrated along both the spatial and 
the temporal dimension. […] The hierarchical nature of ST-GCN eliminates the need of hand-crafted 
part assignment or traversal rules. This not only leads to greater expressive power and thus higher 
performance (as shown in our experiments), but also makes it easy to generalize to different contexts” [65] 
Figure 2-27 shows an overview of the ST-GCN approach. “First, the estimation of individuals’ skeletons 
in the input videos, as well as the construction of space-time graphs based on them. Then, multiple ST-
GCN convolution layers are applied, gradually generating higher and higher levels of feature maps 
for the presented graphs. Finally, they are submitted to a classifier to identify the corresponding 
action.” [66] 
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Figure 2- 27 Overview of ST-GCN approach 

 
Figure 2-28 shows “(a) Sequence of skeleton graphs, denoting human movement in space and time. (b) 
Sampling strategy in a convolution layer for a single frame. (c) Spatial Configuration Partitioning 
strategy”. [66] 
 

 
Figure 2- 28 Sequence of skeleton graphs, Sampling strategy and Partition Strategy 

 
Figure 2-28 (b) is the reference for the Sampling strategy: “When we are dealing with convolutions over 
2D images, it is easy to imagine the existence of a rigid grid (or rectangle) around a central point that 
represents the sampling area of the convolutional filter, which delimits the neighborhood. In the case of 
graphs, however, it is necessary to look beyond this definition and consider the neighborhood of the 
center point as points that are directly connected by a vertex. […] the convolutional filter considers 
only points immediately connected to the central points.” [66] 
Figure 2-28 (c) is the reference for the Partition strategy: “The partitioning strategy is based on the 
location of the joints and the characteristics of the movement of the human body. According to the 
authors, concentric or eccentric movements categorize the body parts, and the points in the sampling 
region are partitioned into three subsets: 

- The root node (or center point, marked green); 
- The centripetal group (blue dots), which are the neighborhood nodes that are closest to the center 

of gravity of the skeleton (black cross); 
- The centrifugal group (yellow dots), which are the nodes farther from the center of gravity. 

The center of gravity is taken to be the average coordinate of all joints of the skeleton in one frame. 
During convolution, each point of the body is labeled according to one of the above partitions named 
Spatial Configuration Partitioning. It is through this method that the authors also establish the 
weights of the model, making each partition to receive a different weight to be learned.” [66] 
Figure 2-28 (a) is the reference for the temporal dimension: “To learn the temporal dimension, the ST-
GCN extends the concept of graph convolution shown above, considering this dimension as a 
sequence of skeletons graphs stacked consecutively. With this, we have in hands a set of graphs that are 
neighbors to each other. Let us now assume that each articulation of the body in a graph must be 
connected using a vertex to itself in the graph of the previous neighbor frame and also in the next 
neighbor frame. Given that, if we return to the definition of sampling introduced above, we verify that the 
convolutional filter contemplates those points belonging to the neighboring graphs, that now fit the 
requirements of being directly connected at a distance D = 1. In this way, ST-GCN considers the spatial and 
temporal dimensions and applies convolutions on them.” [66] 
 
  



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

32/148
 

Paper [66] shows an interesting configuration of the environment to collect fine-grained details of 
hand movements. This could be interesting for the next AutoPlay environments. Figure 2-29 shows 
an example. 
 

 
Figure 2- 29 Environment for fine-grained details of hand 

 
What's different from AutoPlay and other studies 
Most applications use OpenPose, but the skeletons are full. The environment is made for a Computer Vision 
application. The subjects are aware of the position of the camera and know that it is a simulation of a 
movement. The focus of the subject is on the action, while in AutoPlay, there is a lot of external information 
influencing the action of the child. There is no external information influencing the way the action is 
performed by the subject. This maximizes the quality of the skeleton and defines the context of the possible 
skeleton associated with a specific action. Although the most similar study of AutoPlay [29], in terms of 
skeletal estimation could have a problem similar to the context of AutoPlay, the subject knows the type of 
action s/he is doing. The subject of AutoPlay will not know in advance what kind of action they are doing, 
because they are infants and most actions are reactions to the environment, to understand the world around 
them. 
 
With CNN and ST-GCN the temporal and spatial variable of the data is taken into account, while LSTM is not 
clear how these data are spatially linked. Even with feature engineering this local skeletal information 
seems to be lost. The paper [66] describe the sign language recognition problem and could be a future 
direction for AutoPlay’s project. The problem is that the child does not do the actions according to the 
camera, because he does not know it exists, but does the actions according to the games, the environment, 
the educator and the other children who are external stimuli. This is what most distinguishes Human 
Activity Recognition in AutoPlay from Human Activity Recognition in other studies and make difficult to 
find good reference paper. 
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2.5 Tracking 
The references are [30][31]. A detailed script can be found in [32]. 
 

Kalman filter 
In the context of video content analysis, the tracking of a moving object can be seen as a state estimation 
problem. When the transition from one state to another could be described by a linear mathematical model, 
the Kalman filter is a powerful algorithm that can be used to estimate and predict the position of a moving 
object under conditions of uncertainty. “Kalman filter takes the current state of your system, and makes a 
prediction based on the current state and current uncertainty of our measurements, and make a prediction 
for the next state of the system with an uncertainty. Then, it compares its prediction with the received input 
and correct itself upon the error.” [30] The Kalman filter is a recursive algorithm, due to the fact that 
samples are processed as they become available, keeping the required computer memory to a minimum. 
The system status can be described by its position (𝑥, 𝑦) and its speed (�̇�, �̇�) at time t, which defines the 
state of the system at time t, described as follows: 

𝑋 =

⎣
⎢
⎢
⎢
⎡

 
𝑥
𝑦
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 ⎦
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The dynamics can be described as follows: 

𝑥 =  𝑥 + �̇� 𝑇 +
1

2
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In matrix form become: 
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𝑎 + 𝑾𝒕 𝟏 

which can be formulated as: 
𝑋 = 𝐴𝑋 + 𝐵𝑢 + 𝑊  

 
where A is the transition state matrix, B is the control input matrix, u is the deterministic control input 
(which could be an external force like acceleration) and W is the process noise. This equation models the 
state of the object, the process that produces it and its error.  
 
In a moving object, only the position is observable. This information is coded with the measuring matrix 
H. 

𝑥
𝑦 =

1 
0

0 
1

0 
0 

0
0

⎣
⎢
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⎢
⎡

 
𝑥
𝑦
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⎥
⎥
⎥
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 + 𝑽𝒕 

which can be formulated as: 
𝑍 = 𝐻𝑋 + 𝑉  

 
where V is the measurement noise, while Z is the measurement vector. That model measurement 
equation and sensor noise.  
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Process noise and measurement noise are supposed to be independent and unrelated, both supposed 
as Gaussian white noise. 
 
Kalman filter has two stages: 
 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛: 

𝑋 = 𝐴𝑋 + 𝐵𝑢 

𝑆 = 𝐴𝑆 𝐴 + 𝑄 

 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛: 

𝐾 = 𝑆 𝐻 (𝐻𝑆 𝐻 + 𝑅)  

𝑋 = 𝑋 + 𝐾 (𝑌 − 𝐻𝑋 ) 

𝑆 = (𝐼 − 𝐾 𝐻)𝑆  
 
where Q is the covariance matrix of dynamics noise, which represents the disturbance during 
transition from one state to another. 
 

𝑄 =
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0 
 

0

   
0

0

    
 

0
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R is the covariance matrix of V, assuming x and 𝑦 are independent, which represent the noise information 
from the sensor. 

𝑅 =  
𝜎 0

0 𝜎
 

 
S is the covariance matrix of the state variables. 
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Robust Kalman Filter 
The reference materials are [33][34]. “The Kalman filter is one of the most important developments of linear 
estimation theory. It is widely used and is also of great theoretical interest. Unfortunately, the 
distribution of the noise arising in applications frequently deviates from the assumed Gaussian 
model, often being characterized by heavier tails and generating high-intensity noise realizations, named 
outliers, in the presence of which the performance of the Kalman filter can be very poor. Thus, there 
appears to be considerable motivation for considering filters that are robustified to perform fairly well in 
non-Gaussian environments, especially in the presence of outliers. Robust statistical procedures provide 
formal methods to spot the outlying data points and reduce their influence. In light of the above 
robustness concepts and the equivalence between the Kalman filter and the linear regression solution, the 
Kalman filtering problem can be considered as a linear regression problem, which can be solved in a 
resistance and efficiency robust manner. This can be done by using the M-estimate, which is defined as the 
minimization problem 
 

𝐽 (𝛽) = 𝑝(𝑦 (𝑘) − 𝑥 (𝑘)𝛽) 

𝛽(𝑘) = arg min 𝐽 (𝛽) 
 
where 𝑦 (𝑘) is the ith element of Y(k), 𝑥 (𝑘) is the ith row of X(k), and n is the dimension of Y (k). Here 𝑝(. ) 
is s robust score function that has to cut off the outliers. Particularly, if one chooses 𝑝(. ) to be a quadratic 
function, the estimate reduces to the least squares or Kalman filter solution.” [33] 
The paper [33] illustrates the algebraic steps to transform the spatial model of the state into a linear 
regression formula. It follows the derived formula: 

𝑌(𝑘) = 𝑋(𝑘)𝛽(𝑘) + 𝜉(𝑘) 
where  

𝑋(𝑘) = 𝑆
𝐼

𝐻(𝑘)
 

𝜉(𝑘) = 𝑆 (𝑘)𝐸(𝐾) 
𝛽(𝑘) = 𝑥(𝑘) 

𝑌(𝑘) =  𝑆
𝑥(𝑘/𝑘 − 1)

𝑥(𝑘)
 

 
The solution to linear regression is: 
 

𝛽(𝑘) = (𝑋 (𝑘)𝑋(𝑘)) 𝑋 (𝑘)𝑌(𝑘) 

𝐸 𝛽(𝑘) −  𝛽(𝑘) 𝛽(𝑘) −  𝛽(𝑘) = (𝑋 (𝑘)𝑋(𝑘))  

 
which leads to the solution of Kalman filter: 

𝛽(𝑘) = 𝑥(𝑘/𝑘) 
𝑃(𝑘/𝑘) = 𝑐𝑜𝑣{𝛽(𝑘)} 
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Multiple Objects Tracking 
Kalman filter can be extended to track multiple objects. This can be done using Hungarian Algorithm with 
Kalman Extension, where [35] is used as reference. The aim is to match the closest observation from one 
frame to the next one. Each point traced is a Kalman filter and at each step the next position is predicted, 
associated with the Hungarian Algorithm, where the cost between two nodes is the Euclidean distance 
between them. In case of absence of association, the prediction is maintained. The characteristics of 
prediction helps with missing samples, in case of occlusion. 
 
Hungarian Algorithm 
The algorithm explained is taken from [35]. The purpose of this algorithm is to optimally assign the initial 
nodes w to the final nodes t, where the cost between all combinations is described by a cost matrix.  In the 
figure 2-30 an example with nodes w and three nodes t. 
 

 
Figure 2- 30 Cost matrix example 

 
 “To find the optimal assignment one uses the following steps on the matrix: 

1. Subtract the smallest entry in each row from all entries in that row. 
2. Subtract the smallest entry in each column from all entries in that column. 
3. Draw lines through the rows and columns so that each zero is covered while  

using the least amount of vertical and horizontal lines possible. 
4. Evaluate whether the algorithm is finished: 

If the minimum amount of lines used is the same as the amount of tasks and workers, in this case 
n = 3, one can optimally assign each worker to a task which corresponds to a zero entry. 
If the minimum amount of lines is less than n the algorithm is not complete. 

5. Find the smallest entry not covered by any line, subtract this number from each 
uncovered row and add it to each covered column. Return to step 3.” [35] 

 
Steps 3, 4 and 5 are not as clear without a step-by-step explanation. A good video is available in the resource 
[41]. 
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2.6 Deep Learning for Visual Object Tracking 
The visual object tracker takes as an input the first frame, where the operator selects where the ROI is 
located. With this information the Visual Object Tracker follows the subject within the image. 
Improvements have been made to the tracker based on Deep Learning. Recent researches exploit the 
advantages of Siamese Networks as a way to take advantage of ROI information in the first frame, selected 
by the operator, to detect the most similar image in the next frame. The tested version (the code used is 
taken from the link [51]) concerns the Siamese Networks Distractor-aware [50]. The previous versions are 
"Fully-Convolutional Siamese Networks" [48] and "Siamese Region Proposal Network" [49].  
“Siamese networks have drawn great attention in visual tracking community because of their balanced 
accuracy and speed. However, features used in most Siamese tracking approaches can only discriminate 
foreground from the non-semantic backgrounds. The semantic backgrounds are always considered as 
distractors, which hinders the robustness of Siamese trackers. […] A core problem of tracking is how to 
detect and locate the object accurately and efficiently in challenging scenarios with occlusions, out-of-view, 
deformation, background cluttering and other variations.” [50] 
Figure 2-31 [50] shows the advantages of this network over a previous version in ROI detection when 
multiple subjects are present. “The target and the background are fully utilized in DaSiamRPN, which can 
suppress the influence of distractor during tracking” [50] 
 

 
Figure 2- 31 Advantage of DaSiamRPN tracker 
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Chapter 3 

3 Child detection and tracking 
In this chapter I’m going to describe the methodology used to create a custom tracker for the child. A first 
attempt has been tried with already existing tools (chapter 2.6 Deep Learning for Visual Object Tracking), 
which only require the selection of the subject in the first frame. These tools proved to be limited to 
occlusion and a custom tracker was developed for the child to address this problem. The custom tracker 
must take advantage of the object detector technologies (chapter 2.1 Object detection technologies) to 
sample humans inside the frame, extract the child with a tailored Machine Learning Classifier. The extracted 
child's tracker is cleaned and interpolated to fill the missing samples. This allows the detection of the child, 
automatically identifying the position of the child on each frame of the video. 

3.1 Visual Child tracker 
Webpage [47] gives a good overview of the different methods based on Machine Learning, implemented in 
OpenCV. The qualitative test shows that all trackers are not robust to occlusion, with the exception of the 
TLD tracker, which resists occlusion, but fails to follow the subject when moving to another location. In 
figure 3-1 an example of ROI selection with blue square, while in figure 3-2 an example of the occlusion 
problem. 
 

 
Figure 3- 1 Operator selection of ROI bounding box 

 



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

39/148
 

 
Figure 3- 2 Occlusion problem 

Figure 3-3 shows a TLD machine learning tracker sequence, showing the strength at occlusion and the figure 
3-4 shows the weakness when the child changes position and moves in another place. 
 

 
Figure 3- 3 TLD tracker robust on occlusion 

 

 
Figure 3- 4 TLD tracker fails in tracking the child 

 
Distactor Aware Siamese Learning Tracker, described in chapter 2.6 Deep Learning for Visual Object 
Tracking, needs as an input of the child's ROI square in the first frame. Unfortunately, this technology is not 
robust enough to follow the baby throughout the video.  
Figure 3-5 shows the problem of having mirror inside the video. The sequence can be made robust by 
making a static mask of the child in the mirror, but if the child is too close to the mirror, there are risks of 
erasing the child's information inside the image. Figure 3-6 shows a problem of tracking lost, due to close 
interaction of child with the adult. Figures 3-7 and 3-8 show the problem when the child is occluded by the 
adult. 
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Figure 3- 5 Sequence with problem of mirror 

 

 
Figure 3- 6 Sequence with problem of close interaction with adult 
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Figure 3- 7 Sequence with problem of occlusion due to adult 

 

 
Figure 3- 8 Sequence with problem of occlusion due to adult 

 
Both Machine Learning and Deep Learning Tracker suffer from occlusion or lack of robustness to follow the 
child in the video. Both trackers have only the first frame information and anything can happen in the 
video and the foreground is noisy because of the interaction with the adult and some problems with 
the mirror. The main problem is that the tracker has no idea what a human is, so it can lose the 
subject and start following something non-human or wrong human. There is little control over the 
tracker process, you feed it with the raw image and you get back the output of the track, if the tracker 
has lost the child, it is finished and the rest of the video is useless. There is no way to recover the 
track. For the reason explained above, these types of trackers are not suitable for AutoPlay data. A 
custom tracker, which uses domain knowledge, must be made to detect the child in the image and 
build a usable track. 
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3.2 Custom Child tracker 
Taking cues from the insights obtained in the comparative study (chapter 2.1 Object detection 
technologies), I applied different techniques of object detection on two videos, in order to identify which 
one could be suitable for my case (in terms of precision, speed and so on). Having found the best technology, 
I use it to sample the child in the picture. Due to an aliasing problem introduced by the adult on the ground, 
who has the box boundary area as a child (detected by the object detector), it is necessary to perform a 
feature extraction in order to feed the classifier a significant input. After detecting the trace of the child, a 
geometric filter is applied in order to remove the local outlier in the trajectory. The final trajectory is 
interpolated to fill the missing samples. 

3.2.1 Qualitative test on AutoPlay videos for Object tracker 
technologies 
 

SSD 
SSD with mobilenet (model ssd_mobilenet_v1_coco_11_06_2017), is very fast and allows real-time object 
detection. The drawback is that it works poorly when detecting children. SSD with resnet 50 (model 
ssd_resnet50_v1_fpn_shared_box_predictor_640x640_coco14_sync_2018_07_03) is fast and greatly 
improves child detection, performing quite similar to Faster RCNN. As reported on the website [5], SSD has 
difficulty detecting small objects, but not the case with the child. 
 

Faster RCNN 
Faster RCNN with inception resnet (model faster_rcnn_inception_resnet_v2_atrous_coco_2018_01_28), is 
slow in processing (more than 2 seconds to process an image) but is accurate. The model 
faster_rcnn_nas_coco_2018_01_28 does not fit the memory (my GPU raises the OOM issue). A difficult pose 
for adults is not detected in Figure 3-9, while a difficult pose for children is detected in Figure 3-10. 
 

 
Figure 3- 9 Difficult adult pose 
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Figure 3- 10 Difficult child pose 

 
Faster RCNN  with resnet 101 (model faster_rcnn_resnet101_coco_2018_01_01_28) behaves faster (about 
one second for the image) than previous faster RCNN models. It fails to detect the difficult poses of adults 
in Figure 3-9, but it does detect the difficult poses of children in Figure 3-10. This model may suffer of 
multiple boxes for the same frame (Figure 3-11), but could be resolved with a simple filter on the size of the 
box boundary area or the nearest center of the previous samples. This model may suffer from a false positive 
human detection such as that of toys similar to human morphology (Figure 3-12), but this problem can be 
solved with a minimum area filter.  
Mask RCNN with resnet 101 (model mask_rcnn_resnet101_atrous_coco_2018_01_28) behaves similarly to 
the faster RCNNN model with resnet. 
 

RFCN 
RFCN with resnet 101 (model rfcn_resnet101_coco_2018_01_28), could introduce a problem of multiple 
boxes for the same frame, when child and adult are close to each other. Figure 3-11 shows this problem. 
 

 
Figure 3- 11 Multiple bounding box problem 
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Figure 3- 12 Little toys like human problem 

As shown in Table 2-1, models with higher mAP are suitable for this application. Based on the quality test 
and figure 2-2 (speed accuracy compromise), figure 2-3 (impact of feature extraction), figure 2-4 (impact 
on memory, based on feature extractor) and figure 2-5 (GPU time), I choose the fastest RCNN models with 
resnet 101. 

3.2.2 Statistical distribution study of the child bounding box area 
The object detector returns different types of information, i.e. coordinates of the detected objects (x,y 
coordinates), coordinates of the bounding box (xmin, xmax, ymin, ymax) and object class (human, sport 
ball, …). Per each frame, I filter samples of the human class and then filter what is not within the child's 
range. To be independent from a specific child body and shape dimension, I sampled frames from three 
videos related to three different children, considering only scenes in which only a child is present. Each 
video range is between 1300-1500 samples. Figure 3-13 shows an example of the child histogram plots. 

 

 
Figure 3- 13 Single camera – one child example 

 
It is clear from the plots that different types of false positives are present. The false positives are the error 
in detecting human class from object detector. Let's analyze the possible roots that introduces false positive 
samples. 
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From camera 1, there is a bar referred to a single value, this is related to a toy, which is like a little human 
with legs, arms and a head. Figure 3-14 shows an example. 
 

 
Figure 3- 14 Little human False Positive 

 
From camera 2, there could be problem introduced by a couple of pillows classified as human. Figure 3-15 
shows an example. 
 

 
Figure 3- 15 False Positive pillows 
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From camera 3, there could be other false positives sampled by the object detector (i.e. the mirror and the 
big human area). Figure 3-16 shows examples out of range samples. 
 

 
Figure 3- 16 Out or range samples 

 
From the histograms, in Figure 3-13, it can be seen that the distributions of children share common regions. 
It’s not correctly aggregates this type of information, because each camera has a different angle, 
position and distance. But this shortcut allows to reduce the number of parameters, instead of 
creating a lower and higher child statistical threshold for each camera, there is the need to create 
only two parameters for the three cameras. This type of reasoning could not be done if the camera 
does not share common regions. This shortcut worked in this specific application, but for other 
applications a lower and upper threshold is recommended for each camera. 
To preserve an equal number of samples for each distribution, a random draw was made for each of them, 
where the number of samples was the minimum between the length of all the original distributions. 

 

 
Figure 3- 17 Aggregated histogram Child Region 

 
To limit false positives, based on images 3-14 and 3-16, I decide to set the lower threshold to 15000 and 
higher threshold to 70000. The thresholds are needed to define that what is outside this region is statistical, 
it is not a child. 
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3.2.2 Child tracking 
In order to track the position of a child within a video, I need to remove any unwanted source of aliasing. 
There are aliasing cases related to a specific camera and perspective: an example is shown in figure  
3-18, where there are other children outside the ROI, which can visually interact with the child and influence 
its action. This can be solved with a fixed mask; Figure 3-19 shows an example. 

  
Figure 3- 18 Outside children 

 
 

 
Figure 3- 19 Mask out outside children 
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There are other cases of aliasing related to specific cameras and perspectives, shown in figure 3-20, 
where it is not possible to insert a fixed mask, because it could potentially occlude the child. The aliasing 
due to the presence of a mirror becomes a problem when the child is very close to the mirror: this results 
in two samples close together (the child sample and the sample of the reflection), generating a problem not 
for the object detector but for the skeleton estimation. Figure 3-16 shows an example of a partial body in 
front of a mirror, which could be easily filtered. 
 

 
Figure 3- 20 Mirror aliasing 

 
There are aliasing cases related to specific camera, perspective and video experience. This is due to 
the environment had been prepared for the study of sensor analysis, so the attention is on how to make the 
task of the sensor easier and not influenced from the children outside. The fact that another child was inside 
the ROI, but was sleeping, did not affect the sensor sampling. The same reasoning for pillows and human-
like objects. Example shown in Figures 3-21, 3-22 and 3-23. Depending on the situation, most of the object 
remains fixed and, unlike the mirror case described above, can be easily masked out. 
 

 
Figure 3- 21 False positive pillows 
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Figure 3- 22 False positive puppet 

 

 
Figure 3- 23 False positive unexpected child in ROI 
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There are aliasing cases related to the adult. Due to the adult may move without constraints, this could 
cause problems when the adult is on ground. Figures 3-24 and 3-25 show the adult when is out of statistical 
child range, while figure 3-26 shows when the adult is within the statistical child range. 
 

 
Figure 3- 24 Adult on ground, outside child range 

 

 
Figure 3- 25 Adult on ground, outside child range 2 



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

51/148
 

 
Figure 3- 26 Adult on ground, inside child range, extreme case 

 
The adult bounding boxes area distribution could overlap with child bounding boxes area distribution when 
adult in on ground, as seen in figure 3-26, so the alias introduced by the adult cannot be handled with a 
statistical filter; this create a false positive zone between the child and the adult. The other cases of 
aliasing are deterministic in space (they do not move) and in time (they are always present) and do not 
evolve in the video. The adult can be seen as a stochastic aliasing type, in space (it could appear 
everywhere), in time (it could appear and disappear, it not knows how long it will last the position) and it 
evolves in time (the adult can move and interact with the child and with the external environment, only 
the child remains inside the ROI for most of the time); moreover, there are different adults so the way to 
interact with child is different from adult to adult (they are as a different processes which cause the 
same problem). 
 
There could be three cases of occlusion problems: 

- missing sample from the object detector, due to some strange position of the child.  
- physical occlusion by the adult, covering the child in front of the camera.  
- the child is outside the camera's view, due to the environment. 

 
These three situations cause missing samples. This could be solved by knowing where the child was before 
and after the missing samples. With this information, I could interpolate missing samples. 
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In order to solve the problem of trajectory construction, the deterministic outliers could be masked, while 
the problem of adult aliasing has to be managed with a machine learning and heuristic approach based on 
children's behavior. 
 
In order to discriminate a child from an adult on the ground, let’s list the constraints of the problem 
domain: 

- [1] Only one child and one adult can be in the same ROI for the video experience, 
o But there could be none of them 
o The child could be alone inside the ROI 

- [2] The child is always in statistical zone, while the adult can enter inside the upper part of the zone, 
called false positive zone. 

o The child has similar area between one frame and another 
- [3] The child doesn’t fly; he can only move from an expected number of pixels from frame to frame. 
- [4] The sample of the child is near to the other samples of child, but far from most samples of adult. 
- [5] Most of the adult samples can be filtered out by statistical approach, only a little of them needs 

to be handle, due to are in false positive zone. 
 
For the constraint [3], I studied the distribution of the expected step from one frame to the next. The 
samples are always the same as the childhood sampling used to study the child distribution. The data are 
from the three children in the different experience, recorded by the three cameras. Only consecutive steps 
are taken into account. 
 
Figure 3-27 shows the distribution of Euclidian distance, from one sample to another. Some values are 
larger, this is due to the presence of false positive. 
 

 
Figure 3- 27 Euclidian step distribution 
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The maximum step expected by a child can be seen with a focus on the lower part of the histogram, which 
in my case is 15. Figure 3-28 shows the threshold. 
 

 
Figure 3- 28 Expected step detection 

 
For the definition of false positive zone, constraint [5], I study the aggregate distribution of children's 
experience, I decide that samples above 40000 and below 60000 are my false positive zone, while the 
sample between 60000 and 70000 is definitely an adult (figure 3-29). This is needed as a statistical 
reference for a classifier, not as a definitive Ground Truth. 

 
Figure 3- 29 Aggregated histogram Child Region for statistical classifier 

  



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

54/148
 

To create a dataset for the classifier, I filter out what is outside the area of statistical child, and I assign the 
label according to the distribution of children. Each observation, based on the area detected, could be a 
child, an adult or a human (which is an observation within a false positive zone). I extract features, 
measuring the mean Euclidian distance and mean area difference, using an empirical window of 
previous 14 frames and next 15 frames. Inside this range I collect the observations statistical classified as 
child observation. I want my classifier to take only samples with a minimum distance and a minimum area 
difference, which are those that should be related to the child's path. Figure 3-30 shows a difficult trajectory 
in feature space. 

 
Figure 3- 30 Trajectory in features space 

 
To create a trajectory, the classifier is trained on samples from children and adults. After that, all samples 
are reclassified in order to avoid aliasing. Only samples classified for children are taken, while samples 
classified for adults are discarded. To handle multi sample per frame, only the one sample per frame is 
taken, it should be taken based on the nearest preceding two samples, based on Euclidian distance. Figure 
3-31 shows a visual example. 

 
Figure 3- 31 Multiple samples per frame 
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As a post-processing filter, a dynamical radius filter is used to remove anomalous observations, which 
could be inserted from alias samples. That filter expected a maximum step from one sample to the next one 
of 15, based on I found in figure 3-28. The first check is to control if the next sample exist, if so check if is 
inside a delta Euclidian distance of 15 from the actual sample. If is it inside, accept observation and update 
the current position of actual sample. If not, remove the proposal and check the next one, now with the 
radius of filter large as number of missing intermediate sample multiply by the expected maximum 
expected step size. To make the concept clearer, I iterate with the help of the figure 3-32. The green circle 
is the first zone in which the filter searches, if the next samples are inside it, accepts it and updates the real 
sample. The first three steps of the iteration find the next sample closer to them, while iteration 3 starts 
looking for sample 4, but it is not inside its radius, so it discards it and looks for sample 5 if it is inside its 
blue circle, discarding it because it is outside. Do the same for sample 6 with the orange circle, and find the 
next sample accepted with the 7. Once the next sample is found, the radius is returned to normal size, and 
in the next iteration sample 8 is accepted because it is inside the green circle. The red straight lines are part 
of the wrong trajectory path caused by local outliers, introduced by residual aliased samples. 

 
Figure 3- 32 Eights visual iteration of filter radius algorithm 

 
As a final step, an interpolation procedure is applied in case of missing sample problem. 
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Qualitative evaluation of classifier 
In order to choose the best classifier, I evaluate result on difficult trajectory shown in figure 3-30. For each 
classifier, there is an output of the classification of all samples, the output of the trajectory using only the 
child samples, the output of the square filter and the output of the interpolated trajectory. In each trajectory, 
the red point is the beginning and the blue point is the end. The other colors are intended to facilitate the 
reading of trajectory plot. For each classifier, standard parameter provided by scikit-learn libraries 
has been used. 
 
Quadratic Discriminant Analysis 
Figure 3-33 shows the output of QDA, where only the red samples will be used for trajectory building. In 
figure 3-34, QDA did a good job, but some outliers are still present (blue arrow). Figure 3-35 shows the 
trajectory after the filter and figure 3-36 shows the interpolated trajectory. 

 
Figure 3- 33 QDA samples classification 

 

 
Figure 3- 34 Trajectory with QDA 
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Figure 3- 35 Trajectory with QDA and radius filter 

 

 
Figure 3- 36 Trajectory with QDA and radius filter interpolated 
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Support Vector Machine 
In figure 3-37 the output of SVM, where only the red samples will be used for trajectory building. In figure 
3-38, SVM did a less accurate job compared to QDA, more outliers are still present (blue arrow). In figure 3-
39 the trajectory after the filter and in figure 3-40 the interpolated trajectory. In this case the filter corrects 
some errors left by the classifier. 
 

 
Figure 3- 37 SVM samples classification 

 

 
Figure 3- 38 Trajectory with SVM 
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Figure 3- 39 Trajectory with SVM and radius filter 

 

 
Figure 3- 40 Trajectory with SVM and radius filter interpolated 
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Random Forest 
In figure 3-41 the output of Random Forest (RF), where only the red samples will be used for trajectory 
building. In figure 3-42, RF did a less accurate job compared to QDA, more outliers are still present. In figure 
3-43 the trajectory after the filter and in figure 3-44 the interpolated trajectory. In this case the filter doesn’t 
corrects some errors left by the classifier. 

 

 
Figure 3- 41 Random Forest samples classification 

 

 
Figure 3- 42 Trajectory with Random Forest 

 
  



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

61/148
 

 
Figure 3- 43 Trajectory with Random Forest and radius filter 

 

 
Figure 3- 44 Trajectory with Random Forest and radius filter interpolated 
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Multi-Layer Perceptron 
In figure 3-45 the output of Multi-Layer Perceptron (MLP), where only the red samples will be used for 
trajectory building. In figure 3-46, MLP did results similar to SVM. In figure 3-47 the trajectory after the 
filter and in figure 3-48 the interpolated trajectory. 
 

 
Figure 3- 45 MLP samples classification 

 

 
Figure 3- 46 Trajectory with MLP 
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Figure 3- 47 Trajectory with MLP and radius filter 

 

 
Figure 3- 48 Trajectory with MLP and radius filter interpolated 
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Bagging 
In figure 3-49 the output of Bagging, where only the red samples will be used for trajectory building. In 
figure 3-50, performs similar to Random Forest. In figure 3-51 the trajectory after the filter and in figure 3-
52 the interpolated trajectory. 
 

 
Figure 3- 49 Bagging samples classification 

 

 
Figure 3- 50 Trajectory with Bagging 
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Figure 3- 51 Trajectory with Bagging and radius filter 

 

 
Figure 3- 52 Trajectory with Bagging and radius filter interpolated 

 
 
Ensemble models, such as Random Forest and Bagging, behave badly because they are based on trees, which 
divide the feature space orthogonally. MLP and SVM behave better than ensemble models because of their 
ability to handle non-linear decision boundaries (SVM has a radial-based kernel of functions). QDA gets 
better results, thanks to its strength to learn the covariance of each class. In case the children's class is all 
concentrated in the corner, this feature is useful to remove unwanted aliasing samples. For the preceding 
reason, QDA has been chosen as the default classifier.  
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Each sample returns a bounding box, which may not always be accurate and too focused on the human. A 
heuristic bounding box with a size of 375x375 has been found for all three cameras. Figure 3-53 shows an 
example of ROI image extraction. 
 

 
Figure 3- 53 Heuristic Bounding Box and ROI 

 
To evaluate the trajectory, a GT was created using Multiple Object Tracking. The maximum number of 
samples allowed are two, one for child and one for adult, to avoid creating multiple useless tracking. A 
reference is given in theory part 2.5 Tracking. The code has been adapted starting from [42], extended to 
handle with closer collision between child and adult. The limit of this methodology is that every video 
has to parametrized, which is cumbersome to do for each video. Ten video-camera experiences were 
used to compare the GT with the ML-based tracker in order to understand how different the results are. The 
metrics are the overlap between the Ground Truth bounding boxes and the ML-based bounding boxes. This 
is the measurement when the overlap area between then is 70%, 80% and 90%. It also measures the 
number of frames that the ML-based tracker and GT have lost at the beginning and end of the video. The 
overlapping has two values, the first is the percentual, the second is the same but expressed in frames. The 
compared frames are in the overlapping zone, where ML-based track and GT are present with samples. 
According to the results of Table 3-1, on the overlapping frames, the ML-based bounding box tracking area 
overlaps 90% of the GT bounding box area in 73.91% of the average cases, while 80% and 70% of the 
overlapping area are 81.31% and 84.33% of average cases. GT tracker start with a mean delay of 42.1 
[frames] (~ 2 [seconds]) and averagely lost the last 61 [frames] (~ 2-3 [seconds]). ML based tracker starts 
with a mean delay of 67.2 [frames] (~ 3 [seconds]) and averagely lost the last 502.5 [frames] (~ 20.1 
[seconds]).  
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Table 3- 1 GT vs ML based tracker 

 
 
  

Video Overlapping percentual area 
on common frames 

Frame range 
GT 

Frame range  
ML-based 

Tot 
Frames 
video 

 >90% >80% >70% Start End Start End Frames 

vi_20180321_092449_002007_Cam1 0.8887 
2756/3101 

0.9780 
3033/3101 

1 
3101/3101 

5 3613 14 3114 3688 

vi_20180321_092449_002007_Cam2 0.7750 
2826/3646 

0.9385 
3422/3646 

0.9942 
3625/3646 

5 3681 14 3659 3688 

vi_20180321_092449_002007_Cam3 0.9439 
3298/3494 

0.9819 
3431/3494 

0.9974 
3485/3494 

8 3680 17 3510 3690 

vi_20180322_155405_002007_Cam1 0.5587 
3929/7032 

0.6862 
4826/7032 

0.7396 
5201/7032 

133 7169 68 7164 7331 

vi_20180322_155405_002007_Cam2 0.9586 
6676/6964 

0.9961 
6937/6964 

0.9978 
6949/6964 

128 7165 165 7128 7331 

vi_20180322_155405_002007_Cam3 0.5818 
4201/7220 

0.6945 
5015/7220 

0.7308 
5277/7220 

5 7286 14 7233 7331 

vi_20180323_105103_002007_Cam1 0.5172 
2967/5736 

0.5962 
3420/5736 

0.6642 
3810/5736 

5 5771 14 5749 5778 

vi_20180403_090056_002007_Cam1 0.7600 
5373/7069 

0.8013 
5665/7069 

0.8244 
5828/7069 

5 8335 14 7082 8342 

vi_20180405_150821_002007_Cam1 0.7284 
2683/3683 

0.7325 
2698/3683 

0.7344 
2705/3683 

122 4583 338 4020 4707 

vi_20180405_150821_002007_Cam3 0.9910 
2869/2895 

1 
2895/2895 

1 
2895/2895 

5 4699 14 2908 4706 

Mean results >90% >80% >70% Delay 
start 

Delay 
end 

Delay 
start 

Delay 
end 

 

 0.7391 0.8131 0.8433 42.1 61 67.2 502.5  
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3.2.3 Improved version of tracker 
When the child crawls, the object detector may not detect the human, but may detect like a cat or 
dog. If the child does this for a while, it means losing a good sample. In order to avoid this problem, the dog 
and cat class were added as additional classes other than human type. Figure 3-54 shows an example of this 
kind of problem in some key sequences, where the blue samples are human class, the green are cat, while 
the red are the dog type. 
 

 

 
Figure 3- 54 Crawling child example 

 
The tracker works well, but there are regions inside camera 1 and camera 3 where the child is temporarily 
lost when the child enters. This problem is due to the fact that the child is closer to the camera and the 
perspective makes its effect, making the child bigger. This means that the distribution of the child is 
shifted. The samples in these regions, due to the perspective, are mostly in green and blue areas, with 
a small number of red samples isolated, if any. This means that when the features extractor extracts 
the sample window, it will not find a sufficient number of red sample types to compare the observation 
and extract features. The samples will be discarded. This will create an unwanted gap zone, which means 
that the tracer has lost the child for a while before recovering it. Figure 3-55 shows an examples of normal 
child size, while figures 3-56 shows examples of a perspective effect, where the child is larger. 
 

 
Figure 3- 55 Child inside its distribution area 
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Figure 3- 56 Regions where child is bigger due to perspective 

 
According to what I saw from the video tracks, focusing on gap regions, camera 1 and camera 3 have this 
kind of problem. Figures 3-57 and 3-58 show the defined regions where the area of the bounding box child 
is larger. 
 

 
Figure 3- 57 Critical regions Camera 1 

 

 
Figure 3- 58 Critical regions Camera 3 
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To understand how shifted the original distribution boundaries are from the original one, I sampled in these 
regions and aggregated the results of three videos from camera 1 and one video from camera 3, with three 
different children. From the distribution, figures 3-59, I decide to move all the statistical boundaries by 
20000 when the child is within the critical regions. The displaced child statistical zone is up to 60000, 
the human zone is from 60000 to 80000, while the adult zone starts at 80000. 
 

 
 

 
 
 
 

 
Figure 3- 59 Aggregated area distribution for critical regions 

 
With the advantages of knowing the critical regions and sampling the child while crawling, the new tracker 
improves its predecessor. Looking at Table 3-2, as expected, camera 1 and camera 3 make improvements, 
some in terms of track length, others in terms of percentage, and others both. The previous tracker lost the 
last 502.5 [frames] (~ 20.1 [seconds]) on average, while the last 154.3 [frames] (~ 6[s]). This big gap is 
strongly influenced by each video measurement, which are only ten, but what is certain is that there is an 
improvement over the two versions. 
 

Shifted Child 
statistical zone 

Shifted Human 
statistical zone 

Shifted Adult 
statistical zone 
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Video Overlapping percentual area 
on common frames 

Frame range 
GT 

Frame range  
ML-based 

Tot 
Frames 
video 

 >90% >80% >70% Start End Start End Frames 

vi_20180321_092449_002007_Cam1 0.8769 
3157/3600 

0.9722 
3500/3600 

1 
3600/3600 

5 3613 14 3659 3688 

 0.8887 
2756/3101 

0.9780 
3033/3101 

1 
3101/3101 

5 3613 14 3114 3688 

vi_20180321_092449_002007_Cam2 0.7750 
2826/3646 

0.9385 
3422/3646 

0.9942 
3625/3646 

5 3681 14 3659 3688 

 0.7750 
2826/3646 

0.9385 
3422/3646 

0.9942 
3625/3646 

5 3681 14 3659 3688 

vi_20180321_092449_002007_Cam3 0.9436 
3414/3618 

0.9925 
3591/3618 

0.9969 
3607/3618 

8 3680 17 3634 3690 

 0.9439 
3298/3494 

0.9819 
3431/3494 

0.9974 
3485/3494 

8 3680 17 3510 3690 

vi_20180322_155405_002007_Cam1 0.9064 
6379/7037 

0.9650 
6791/7037 

0.9944 
6998/7037 

133 7169 68 7222 7331 

 0.5587 
3929/7032 

0.6862 
4826/7032 

0.7396 
5201/7032 

133 7169 68 7164 7331 

vi_20180322_155405_002007_Cam2 0.9586 
6676/6964 

0.9961 
6937/6964 

0.9978 
6949/6964 

128 7165 165 7128 7331 

 0.9586 
6676/6964 

0.9961 
6937/6964 

0.9978 
6949/6964 

128 7165 165 7128 7331 

vi_20180322_155405_002007_Cam3 0.8990 
6491/7220 

0.9707 
7009/7220 

0.9821 
7091/7220 

5 7286 14 7233 7331 

 0.5818 
4201/7220 

0.6945 
5015/7220 

0.7308 
5277/7220 

5 7286 14 7233 7331 

vi_20180323_105103_002007_Cam1 0.7184 
4121/5736 

0.8329 
4778/5736 

0.9271 
5318/5736 

5 5771 14 5749 5778 

 0.5172 
2967/5736 

0.5962 
3420/5736 

0.6642 
3810/5736 

5 5771 14 5749 5778 

vi_20180403_090056_002007_Cam1 0.7382 
6133/8307 

0.7618 
6329/8307 

0.7848 
6520/8307 

5 8335 14 8320 8342 

 0.7600 
5373/7069 

0.8013 
5665/7069 

0.8244 
5828/7069 

5 8335 14 7082 8342 

vi_20180405_150821_002007_Cam1 0.9810 
931/4007 

0.9985 
4001/4007 

1 
4007/4007 

122 4583 338 4344 4707 

 0.7284 
2683/3683 

0.7325 
2698/3683 

0.7344 
2705/3683 

122 4583 338 4020 4707 
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Table 3- 2 GT vs ML based tracker improved vs ML based tracker 

 
 
  

vi_20180405_150821_002007_Cam3 0.9637 
940/4088 

0.9792 
4003/4088 

0.9870 
4035/4088 

5 4699 14 4101 4706 

 0.9910 
2869/2895 

1 
2895/2895 

1 
2895/2895 

5 4699 14 2908 4706 

Mean results >90% >80% >70% Delay 
start 

Delay 
end 

Delay 
start 

Delay 
end 

 

 0.8681 0.9289 0.9544 42.1 61 67.2 154.3  

 0.7391 0.8131 0.8433 42.1 61 67.2 502.5  
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3.2.4 Improved masking technique 
Hard masking, which means making the pixels all black to remove deterministic aliasing information, can 
have limitations. The first is that every time a mask is added after sampling, the sampling has to be redo, 
resulting in a waste of time. The second is that not all regions can be masked without losing important 
information. To sample only once and reduce the influence of annoying deterministic aliases, soft 
masking has been implemented. This means that a filter is done before statistical discrimination, if a 
box sample delimitation center is within a defined region, this sample is removed, leaving the pixel 
information as the original form. Figure 3-60 shows an example where static soft mask could be useful. 

 

  
Figure 3- 60 Soft mask example, where aliasing mirror wrongly influence the tracer 
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3.2.5 Fuse the three cameras information 
In this section I’m going to study whether it is possible to use the information in one camera to derive 
information for other cameras. Roughly speaking, the central question is: "If you know the position of the 
child in camera 1, could you know where the child is in another camera?". 
Like a first step I exploited the samples collected for the statistical study of the child bounding box. These 
are the samples from three videos of three different children, in which only a child is present. Every video 
range is between 1300-1500 samples. I pose the problem like a classic robust regression problem: given 
the coordinate points within all cameras are correctly mapped, you will find an approximation function that 
can map the coordinates x or y depending on the coordinates of the other cameras. When I ran a qualitative 
test on video, I found that there are regions where the relationship between the coordinates is linear, while 
others are not so linear. This could be caused by the angle and perspective of each camera, which creates a 
kind of distortion because the child moving near the camera is bigger than the child moving far away from 
the camera. Figures 3-61, 3-62 and 3-63 show examples of a linear mapping zones, with the blue square 
being the sample and the green square being the mapped point. Figures 3-64, 3-65, 3-66, and 3-67 show 
examples of nonlinear zones where the mapping between coordinated leads to incorrect results. 
 

 
Figure 3- 61 Linear zone - example 1 
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Figure 3- 62 Linear zone - example 2 

 

 
Figure 3- 63 Linear zone - example 3  
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Figure 3- 64 Nonlinear zone - example 1 

 

 
Figure 3- 65 Nonlinear zone - example 2 
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Figure 3- 66 Nonlinear zone - example 3 

 

 
Figure 3- 67 Nonlinear zone - example 4 
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Looking at the previous step, a possible cause of incorrect model estimation could be the low number of 
points. To create a good model, I added more points to the image space and collected more data from videos. 
Figures 3-68, 3-69, and 3-70 show that some regions are densely mapped while others are not so well 
represented. This could lead to a problem called extrapolation problem, where the prediction of the point 
is outside the range of the trained model. The model is fitted with ExtraTree regressor ensemble model, 
with 100 estimators. A qualitative test on video shows that the prediction is less stable than a robust linear 
regression, and Figure 3-71 shows an incorrect prediction, where the blue square is the sample from camera 
1, while the red square is the prediction. 
 

 
Figure 3- 68 Sample space - Cam1 and Cam2 

 

 
Figure 3- 69 Sample space - Cam1 and Cam3 

 

 
Figure 3- 70 Sample space - Cam3 and Cam2 
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Figure 3- 71 Example of wrong prediction with extra tree model 

 
The strategies tried to map one point to another lead to unsatisfactory results. Unfortunately, the camera 
introduces non-linear regions that make mapping between the points of each camera really difficult. 
 

3.3 Conclusion 
In chapter 3.1 I tested the limits of the task Distractor Aware Siamese Network for Visual Object Tracker in 
AutoPlay-Video. Unfortunately, this technology does not work well with occlusions. In chapter 3.2 I built a 
custom tracker for the child. I sample the humans exploiting the object detector Faster RCNN, moreover I 
added the classes dog and cat, in order to handled when the child crawls on the floor and the object detector 
fails in detects it like a human. To discriminate a child from an adult I use the statistical distribution of the 
bounding box area of children, but an aliasing problem remains when an adult is sitting on the floor. To fix 
it, I extract features from a sliding window and use a classifier to remove aliasing. Some post-processing is 
used to remove local outliers and interpolate missing samples. I measure the quantitative performance of 
the tracker with a reference ground truth. 
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Chapter 4 

4 Skeleton extraction 
OpenPose technology is used to sample the skeleton from every image. Details can be found in Chapter 2.2 
Extracting Articulated Human Pose. Initially some qualitative tests are performed to understand the limits 
of this technology. Using the tracker, built on chapter 3, the region of interest (ROI) of the child's image is 
extracted and the skeletons within it are sampled. Only the most likely skeleton is taken as a proposal, 
looking at the closest to the center of the tracker's boundary box. The skeleton is stabilized with a Kalman 
linear filter and the child's path in the image is estimated. 

4.1 Skeletons extraction 
Although OpenPose works well, it may generate some artifacts, due to the complexity of the environment. 
Figure 4-1 shows examples of good results, figure 4-2 and 4-3 show examples false positive skeletons and 
shared limb problem, while Figure 4-4 shows an unwanted side effect of the mirror. The problem of the 
shared limb is caused by the superimposition of the first subject on the second, which causes a wrong 
association during the construction of the skeleton. 
 

 
Figure 4- 1 Qualitative good outputs 

 

 
Figure 4- 2 Ghost skeleton example 
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Figure 4- 3 Shared limb error 

 

 
Figure 4- 4 Unwanted skeleton in the mirror 

 
Because of my interest only in the child's skeleton I can exploit the tracker's ROI (Region of Interest). 
Moreover, having only the ROI image reduces the complexity of skeletal inference in images due to the 
reduced presence of human subjects. 
  



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

82/148
 

 

4.2 Child skeleton estimation 
There may be a situation where more than one skeleton is present in the image. To choose the correct one, 
I calculate the center of each skeleton proposal and then take the one near the traker's bounding box. Figure 
4-5 shows an example, where the center of each skeleton is a red dot, while the center of the tracker is the 
blue dot. 
 

 
Figure 4- 5 Multiple skeleton proposals 

 
Figures 4-6, 4-7 and 4-8 show good examples of pre and post processing, where skeleton is correctly chosen. 
 

 
Figure 4- 6 Pre and post processing mirror correction 

 

 
Figure 4- 7 Pre and post processing interaction correction example 1 
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Figure 4- 8 Pre and post processing interaction correction example 2 

 
Depending on the camera, there may be occlusions, creating unwanted or missing skeletons. Figures 4-9 
shows examples. 
 

 
Figure 4- 9 Occlusion problem with skeleton estimation 
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Depending on the camera, there may be interaction too close between child and adult, creating 
unwanted skeleton artifact. Figures 4-10 shows example. 
 

 
Figure 4- 10 Wrong skeleton estimation 

 
Another problem is that the tracker is not always perfect. This could cause to temporary lose the baby, 
which means there is no skeleton sample. Figure 4-11 shows an example. 
 

 
Figure 4- 11 Temporal lost child 
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4.3 Child skeleton correction 
Because every frame is different, every skeleton created is different, which means that part of the 
skeleton may be missing from one frame to another. This is because OpenPose has no memory of 
previous skeletons. From the OpenPose estimate, I extracted the connection points between the limbs 
and used that point to estimate the next one. Each point is a Kalman filter, in case no point is detected, until 
the next five points are estimated. This is useful in case the junction connection sample is missing. A 
reference is given in theory part 2.5 Tracking. The code has been adapted from [43]. Figure 4-12 shows an 
example of skeleton estimation, while 4-13 shows an example of skeleton correction. 
 

 
Figure 4- 12 Kalman filter skeleton estimation 

 
 

 

 
Figure 4- 13 Kalman filter skeleton correction 
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4.4 Child path estimation 
Exploiting the center of the skeleton, a plot of the path of the child can be build, using a robust version of 
Kalman filter. A reference is given in theory part 2.5 Tracking. The code has been adapted from [44]. Figure 
4-14 and 4-15 show examples of child path. 

 
Figure 4- 14 Child path example 1 

 
 

 
Figure 4- 15 Child path example 2 

 
It is important to note that the output of the tracker is strongly influenced by the skeleton estimate, which 
depends on the quality of the tracker. If one of the above makes an error, the error affects the next steps. 
Figures 4-16 and 4-17 show an example of wrong section of estimated path. In this case the tracker was 
correct, but the skeleton chosen was that of the adult next to the child. This could happen when OpenPose 
do not sample the child's skeleton, due to the difficult position, but sample part of the adult's skeleton. The 
skeleton chosen will be that of the adult, because the child's proposal will not be sampled. Note the skeleton 
deformation in image 4-17, due to the proposed skeleton change immediately as well as the key points. 
Although there is a post-processing to avoid the anomaly at every single key point estimated by its Kalman 
filter, there is no procedure to detect if it is a plausible skeleton. This is not so easy, because it is an 
articulated estimate of the human pose and OpenPose may produce some artifacts or fail to detect the 
complete skeleton due to occlusion, difficult laying or interaction. Figure 4-18 shows the path loss, where 
the actual point of the tracker (the black point), made a long jump.  
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Figure 4- 16 Good child skeleton proposal 

 

 
Figure 4- 17 Wrong skeleton proposal due to missing skeleton sample 

 

 
Figure 4- 18 Wrong track position example due to missing sample of child skeleton proposal 
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4.5 Post processing 
In order to improve the quality of the skeleton, some post-processing tests were carried out. Unfortunately, 
the more filters you add to solve a specific problem, the more complexity you add with the risk of 
removing good samples. Therefore, the cost of these filters outweighs the benefits they bring, so they 
are not applied in the final pipeline. 
 

Next skeleton proposal 
The default option is to extract the skeleton from the heuristic bounding box in order to limit the influence 
of external skeletons, which are artifacts introduced by OpenPose. Figure 4-19 shows an example of artifact. 
 

 
Figure 4- 19 Skeleton's Artifact 

 
Because the tracker is not always perfect, another type of skeleton association has been tried. Instead of 
sampling only the skeleton inside the heuristic bounding box, you sample all the skeletons inside 
the image (as in Figure 4-19) and connect the skeleton proposal to the more similar of the previous 
skeleton, in terms of average limb distance. The results are really video dependent, for some videos work 
well, while for others there is a problem introduced by other skeletal artifacts. The main problem is that, 
depending on what happens in the video, the proposed skeleton may move to an artifact if the child's 
skeleton is not inside the image for a while. As a result, the skeleton of the new child becomes the artifact 
until the center of the skeleton becomes the center of the child (due to the fact that the artifacts are not 
constant, but stochastic over time during the video and are dependent to the configuration of the 
environment). A possible improvement is the removal of the artifact by exploiting the liveness of the 
Artifact's skeleton, which has a very low, almost stable delta pixel movement (no movement). For the 
reasons explained above, the default method for associating the skeleton to the one closest to the bounding 
box has been retained. 
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Adult skeleton rejection 
By default, there is no filter to remove incorrect skeleton associations, such as those of an adult. Two filter 
attempts have been made, each with its own drawbacks and too many skeletons of good proposals are 
removed. For these reasons, no post-processing has been adapted in the final filter for the anomalous 
skeleton proposal. 
 
Adult skeleton rejection based on average delta limbs 
In order to detect whether the next skeleton is suitable as a next skeleton, a filter based on the average 
movement of the delta limbs was tested. The filter works in the sense of removing the adult's proposal when 
performing an occlusion, but if the child moves behind the adult, his average delta limb will be really 
different from the one before the occlusion. The average delta jump allowed, is the same as a measurement 
from the expected delta pixel movement (Figure 3-28) This limit will result in a rejection of all subsequent 
skeletons within the video, until the child is in a similar skeletal situation. Figure 4-20 shows an example of 
this problem. 
 

 
Figure 4- 20 Wrong rejection of skeleton 

 
Adult skeleton rejection based on key length limbs distribution 
Another approach has been attempted to remove the adult skeleton proposal. Based on skeletal 
observation, some key parts are more robust and less subject to a wide range of lengths. Key parts are the 
connection of the limbs between the neck and shoulder and the connection of the limbs between the knee 
and foot. The connection between the knee and foot is important, because when the adult is on the ground, 
depending on the camera and perspective, the distance between the neck and shoulder should be the same 
as the child's limb of the same limb. It is different for the length between the knee and the foot, which might 
even be visible only one, but it is really different from the child. For the reason explained above, if one of 
these parts is longer than the intended size, the skeleton is discarded. Figure 4-21 shows an example. These 
limbs were measured on three children, on three cameras and the measurements were aggregated. I did 
not choose a minimum, for the fact that the estimate of some body parts could be really little or nothing in 
case of partial occlusion, while for the maximum length I choose a threshold of 50. Figure 4-22 shows the 
aggregated distribution. 
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Figure 4- 21 Example of limbs dimension 

 
Figure 4- 22 Aggregated limbs distribution 

 
This method works well in removing the skeleton within the complete image of the sampled skeleton, but 
is less effective when the skeleton is sampled by a heuristic ROI, due to part of the adult skeleton may not 
be sampled. Also, it removes too much good skeleton proposal, due to the fact that the child is a free play 
area and could move in any direction he wants, this distribution-based filter is too strong. Figure 4-23 shows 
an example where the filter removes a good skeleton proposal (in the top right video the output). 
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Figure 4- 23 Good skeleton rejection 

 
The methods developed does not apply well to filter the bad skeletons proposal, due to too many good 
skeletons are removed. This results in a higher cost than the benefits of these filters. To provide corrective 
information, I will use information from other cameras, creating aggregate skeleton information. 

4.6 Conclusion 
OpenPose technology is used to sample the skeleton from images. Using the tracker, the region of interest 
(ROI) of the child's image is extracted and the skeletons within it are sampled. Only the most likely skeleton 
is taken as a proposal, looking closest to the center of the tracker boundary box. The skeleton is stabilized 
with a Kalman linear filter and the child's path in the image is estimated. The post-processing filter to 
improve the skeleton proposals fails, in fact it removes the bad samples for the specific scenarios, but tends 
to remove too many good proposals.  
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Chapter 5 

5 AutoPlay Toys detection 
AutoPlay Toys are not in the classic classes of the COCO dataset. In order to detect custom objects, I created 
a custom dataset manually labeled with the observation of elephants and balls. I extracted videos from over 
ten weeks of children's experiences, labeling the image from 60 video-experiences, which means 180 video-
camera experiences. From each video I extract 10 evenly distributed images. This is to avoid many repetitive 
observations, due to the fact that some toys remain little used during the video, depending on the activities 
of the child. The software use is LabelImg [45]. Figure 5-1 shows an example of labelled image. 
 

 
Figure 5- 1 Example of labelled image 

 
The final dataset is about 1852 images, with 1697 balls and 4847 elephants. The technology used for fine-
tuning custom objects is GluonCV [46]. Figure 5-2 shows the loss function, which shows no overfitting 
problems, while Figures 5-3, 5-4 and 5-5 show the qualitative outputs. 

 
Figure 5- 2 Loss curves 
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Figure 5- 3 Qualitative result 1 

 

 
Figure 5- 4 Qualitative result 2 

 

 
Figure 5- 5 Qualitative result 3 
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I tried the custom object detector on new videos and works well when the object is fully visible, but it fails 
when the object is partially covered when manipulated by the child. Other difficulties arise when the object 
is partially covered and has a strange angle to the camera. The same test done in another environment leads 
to a total failure to detect the same object in a new context. This means that a new data set is needed for 
each new environment, because the object detector has been trained to find the object in a specific 
environment. From the qualitative results it can be seen that the custom object detector can identify the 
object well when it is fully visible, in case of partial occlusion (from the child's hands) or at a 
particular angle to the camera, the object detector fails. Difficulties in tracking the object when it is 
partially covered pose problems in tracking them, because it is when the child uses them that I need to know 
where they are, while the object becomes invisible for a long time. To solve this problem, I need to build a 
data set more representative of the partially covered object, due to the failure of the case object 
detector. This is a time-consuming task and must be done for each new environment. This limitation 
makes this approach unsuitable to make a software of an unknown environment generalizable, because of 
the long work of image labeling, specific for the environment. 
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Chapter 6 

6 Children action detection 
For the recognition of human activity, I use the skeleton information collected. To mitigate problems related 
to occlusions or artifacts, I combine the information from the three skeletons of the three cameras (details 
in chapter 2.3 Recent studies on infants and children). First, I perform an explorative data analysis to 
understand how balanced the data set is. I only keep the classes that are sufficiently represented in the data 
set. Due to OpenPose limitations, it is not possible to create an unsupervised data set with skeleton video, 
so a supervised data set is created with good skeleton samples. Each sample is a composite image with 
different skeletons from the three cameras within one large image. These images are used to train a CNN 
classifier. 

6.1 Exploratory Data Analysis on Activities 
I have extracted 25 videos. In table 6.1 the distribution of the videos per week, while figure 6-1 shows the 
distribution of video per child. 

Week Video Child 
   

12 
  

 
vi_20180320_184528_002009 009  
vi_20180321_092449_002007 007  
vi_20180321_093718_002002 002  
vi_20180321_104056_002010 010  
vi_20180321_183357_002009 009  
vi_20180322_152058_002010 010  
vi_20180322_155405_002007 007  
vi_20180323_092455_002003 003  
vi_20180323_104256_002010 010  
vi_20180323_105103_002007 007 

13 
  

 
vi_20180327_134949_002010 010  
vi_20180328_083201_002007 007  
vi_20180328_175118_002003 003  
vi_20180328_175618_002004 004  
vi_20180329_102818_002010 010  
vi_20180329_104525_002008 008  
vi_20180329_110144_002007 007 

14 
  

 
vi_20180403_090056_002007 007  
vi_20180403_090833_002010 010  
vi_20180404_102605_002010 010  
vi_20180405_150821_002007 007 

16 
  

 
vi_20180418_110419_002002 002  
vi_20180420_105734_002010 010 

17 
  

 
vi_20180423_091309_002008 008 
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vi_20180423_093005_002010 010 

Tot   
 25 [video] 7 [Children] 

 
Table 6- 1 Distribution of video per week 

 
 

 
Figure 6- 1 Video per child 

 
To understand how much data, I have for each action, I explore how much my datset are balanced. Table 6-
2 shows details about each activity, while figure 6-2 shows a radial chart to help visualize proportions. 
 

Activity Count Percentual Min length Mean length Max length 
Lower 126 9.24431401 1 12.37 41 
Grab 2 0.14673514 35 35.50 36 
Lay 58 4.25531915 2 20.05 49 
Hit 119 8.73074101 1 8.84 48 
Turn 86 6.30961115 3 16.20 48 
Throw 41 3.00807043 2 18.14 48 
Let it fall 83 6.08950844 1 12.42 43 
Bite 7 0.513573 23 31.57 40 
Pick 177 12.9860602 2 13.58 45 
Overturn 28 2.054292 1 16.42 46 
Roll over 43 3.15480558 1 23 47 
Shake 21 1.540719 1 22.85 49 
Lift 221 16.2142333 2 15.57 49 
Push 41 3.00807043 1 12.85 44 
Shift 111 8.14380044 1 14.57 49 
Hold in hand 167 12.2523844 1 21.61 49 
Drag 32 2.34776229 3 13.90 35 
 1363 100 1 15.56 49 

Table 6- 2 Activities details 
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Figure 6- 2 Radial chart with proportion for each activity 

 
Looking at the percentage in Table 6-2, it is clear that some classes are poorly represented, which means 
that the classifier has lower samples to learn the data. In order to create a representative data set, I only 
keep classes with a percentage above 4%. Table 6-3 shows the accepted classes and figure 6-3 the final 
Radial Chart. 
 

Activity Count Percentual Min length Mean length Max length 
Lower 126 10.9756098 1 12.37 41 
Lay 58 5.05226481 2 20.051 49 
Hit 119 10.3658537 1 8.84 48 
Turn 86 7.4912892 3 16.20 48 
Let it fall 83 7.22996516 1 12.42 43 
Pick 177 15.4181185 2 13.58 45 
Lift 221 19.2508711 2 15.57 49 
Shift 111 9.66898955 1 14.57 49 
Hold in hand 167 14.5470383 1 21.61 49 
 1148 100 1 15.04 49 

Table 6- 3 Accepted activities details 
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Figure 6- 3 Radial chart with proportion for each accepted activity 

 
It is clear from Figure 6-3 that the data set is more balanced than before. 
 
The distributions of the selected activities follow. It may notice that some tasks are more focused on the 
lower part of the histogram, which means they are more likely to be faster, while others are more evenly 
distributed, which means they may be fast or slow. 
 

 
Figure 6- 4 Lower distribution 
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Figure 6- 5 Lay distribution 

 

 
Figure 6- 6 Hit distribution 
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Figure 6- 7 Turn distribution 

 

 
Figure 6- 8 Let it fall distribution 
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Figure 6- 9 Pick distribution 

 

 
Figure 6- 10 Lift distribution 
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Figure 6- 11 Shift distribution 

 

 
Figure 6- 12 Hold in hand distribution 
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Figure 6- 13 Aggregated distribution 

 
From the aggregate distribution (Figure 8-13) it is clear that most of the duration of the activities is 
concentrated between 3 and 10 frames. 

 
AutoPlay pilot study focused on the interaction of the child with the IMU sensor. The sensor used to infer 
activities is not the IMU sensor, but the skeleton, which means that it collects information about the 
child interacting with the sensor, but has other information about when the child does not interact with 
toys. The child could walk, run, interact without AutoPlay objects, interact with children out of the 
fence and with the adult. This means that when the Ground Truth says "no action", it means that the 
IMU sensor is not being used by the child, but the child is not doing anything. In the “no-action phase”, 
there may be a lot of different skeletal information, so it is a macro category that contains other actions. 
For the preceding reasons, the samples of the non-activity class have been removed. 
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6.2 Supervised dataset creation 
Due to the weakness of OpenPose, not all skeleton samples are correctly estimated for the action involved. 
Skeleton may be missing, totally wrong or missing limb that does the action. For this reason, the data set 
created is composed only of skeleton supervised to ensure correctness with the Ground Truth class. This 
supervised dataset doesn’t have enough sample for the “Pick” class. The proportion for each class for each 
extracted composite image follows, while on the next page the video-dataset type assignment. 
 

Class Number 
Turn 824 
Lift 1455 
Hit 497 
Hold in hand 1062 
Let it fall 387 
Lay 805 
Lower 879 
Shift 1374 
 7283 

Table 6- 4 Train Dataset 
 

Class Number 
Turn 523 
Lift 762 
Hit 574 
Hold in hand 1168 
Let it fall 286 
Lay 388 
Lower 422 
Shift 490 
 4613 

Table 6- 5 Validation Dataset 
 

Class Number 
Turn 160 
Lift 560 
Hit 67 
Hold in hand 1619 
Let it fall 132 
Lay 259 
Lower 220 
Shift 81 
 3098 

Table 6- 6 Test Dataset 
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Week Video Child Dataset 
    

12 
  

 
 

vi_20180320_184528_002009 009 Train  
vi_20180321_092449_002007 007 Train  
vi_20180321_093718_002002 002 Train  
vi_20180321_104056_002010 010 Train  
vi_20180321_183357_002009 009 Val  
vi_20180322_152058_002010 010 Val  
vi_20180322_155405_002007 007 Val  
vi_20180323_092455_002003 003 Val  
vi_20180323_104256_002010 010 Test  
vi_20180323_105103_002007 007 Test 

13 
  

 
 

vi_20180327_134949_002010 010 Train  
vi_20180328_083201_002007 007 Train  
vi_20180328_175118_002003 003 Train  
vi_20180328_175618_002004 004 Val  
vi_20180329_102818_002010 010 Val  
vi_20180329_104525_002008 008 Test  
vi_20180329_110144_002007 007 Test 

14 
  

 
 

vi_20180403_090056_002007 007 Train  
vi_20180403_090833_002010 010 Train  
vi_20180404_102605_002010 010 Val  
vi_20180405_150821_002007 007 Test 

16 
  

 
 

vi_20180418_110419_002002 002 Train  
vi_20180420_105734_002010 010 Train 

17 
  

  
vi_20180423_091309_002008 008 Val  
vi_20180423_093005_002010 010 Test 

Table 6- 7 Association video to dataset 
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6.3 Human Activities Recognition 
I train classifier for Human Activities Recognition using deep learning as an automatic extraction of 
characteristics. The encoding of available data can be image timeseries type, multivariate timeseries type 
and graph timeseries type. To avoid an overly optimistic estimate of each class, I avoid mixing the same 
video sample. I only mix video, not frames inside. To avoid being too penalized by the lack of a sample or by 
the wrong association of the skeleton by an adult occlusion, I aggregate the three cameras information 
within a single sample. This should be more robust and add information when a camera does not have it. 
There are different levels of granularity of classification, depending on how I aggregate the data. The first is 
binary type, the second is coarse-grained type and the third is fine-grained type. Figures 6-14, 6-15, 6-
16 and 6-17 show different types of classification level.  
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6- 14 Binary classification 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 6- 15 Coarse grained classification 
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Figure 6- 16 Fine grained classification 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 

 
Figure 6- 17 Binary fine-grained classification examples 

 
 
  

Aggregated 
observation 

Classifier 

Lower 

No activity 

Lay 

… 

Turn 

Aggregated 
observation 

Classifier 

No Lower activity 

Lower 

Aggregated 
observation 

Classifier 

No Hit activity 

Hit 



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

108/148
 

6.3.1 Convolutional Neural Network classifier 
Convolutional Neural Networks are good at exploiting image features, but to encode temporal information 
I need to create an aggregate that are robust to missing sample and adult occlusion. Looking at the 
distribution in figure 6-13, I decide to test variable window size in order to detect the optimal size. The 
window sizes chosen are: 3, 5, 7 and 9 frames, where the central frame is the observation interested. To 
detect movement, I extract a skeleton window to encapsulate the variation within the image. Figure 6-18 
and 6-19 show examples with a 9 frames window. 
 

 
Figure 6- 18 Example composite skeleton image 1 – Hold in hand an AutoPlay toy 

 

 
Figure 6- 19 Example composite skeleton image 2 – Pick up an AutoPlay toy 
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Figure 6-20 shows the architecture details, which the same ideas of the architecture used in paper [29], but 
it's designed for three dimensions of camera image aggregation. In addition, I added after each layer of Max 
Pooling Layer a Dropout Layer and a L2 regularization. The reason is that, without this modification, the 
network suffers from an overlap with the input data type of AutoPlay. The parameters of the network are 
784’072, while the non-trainable are 704. 
 

 

                           
Figure 6- 20 CNN architecture details 

 
I resize the dimension from 375x375 to 100x100 for each image extracted before aggregation. The final 
composite image is resized to 180x60 to limit the number of network parameters. Due to the fact that the 
image datasets do not fit into memory, the CNN classifier is trained on batches of 128 images each, 
loaded from disk. A good number of epochs are 10 and the optimizer is Radam. Details about this 
optimizer can be found in paper [52], which is an improved version of Adam optimizer [53]. The Keras 
implementation can be found at the GitHub page [54] and addiction installation tips can be found on [55]. 
During training, with this kind of complex and noisy dataset, the network could have two main 
problems: It could always predict the main classes represented in the training dataset or it could 
overfit the training dataset. Both problems could be addressed by increasing the default value of the 
L2 regularize from default value of 0.01 to a stronger value than 0.3. 
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The windows tested are 3, 5, 7 and 9. The classifier performs poorly on fine-grained classification. When 
the window enlarges, the results get worse. Figures from 6-21 to 6-24 show the results for the classification 
of fine-grained tasks. From the confusion matrices, you can see that as the window widens, the classifier 
tends to predict only one class, ending with 9 frames with meaningless prediction. From the confusion 
matrices, you see that the classifier with three frames learn something. 

 
Figure 6- 21 Window 3 - fine grained 

 
Figure 6- 22 Window 5 - fine grained  
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Figure 6- 23 Window 7 - fine grained 

 

 
Figure 6- 24 Window 9 - fine grained 
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I tested another classification task with a window of 3, due to the fact that it seems that the classifier learns 
something useful. Looking at figure 6-21, I tried 'Lift' against 'Hold in hand' (figure 6-25). The result is worse 
than fine grained. I tried with only one camera with a window of 3 (figure 6-26, 6-27, 6-28), but the 
aggregation of three cameras is better than one camera, due to with one camera the classifier tends to 
predict only one class over the others. The number of samples is different, because in the aggregation I need 
all three camera intersection regions to create the aggregated image, while on a single camera this is no 
longer a problem and more samples are available. 
 

 
Figure 6- 25 Lift vs Hold hand 

 
Figure 6- 26 Single Camera - fine-grained – window 3 – cam 1 
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Figure 6- 27 Single Camera - fine-grained – window 3 – cam 2 

 

 
Figure 6- 28 Single Camera - fine-grained – window 3 – cam 3 
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6.4 Conclusion 
The video ground truth of the actions is associated to the actions only with some specific toys, while all 
actions outside of this context are not mapped. Actions with these toys can be made according to the specific 
toys, the environment and/or the influence of external agents (adults and other children). Even selecting 
the good skeleton regions of each video and analyzing only the action well represented in the dataset, this 
huge variance of skeletons for the same action leads to a poor performance of the classifier. Due to time 
constraints, not all deep learning classifiers can be tested. ST-GCN, a variation of graph-based deep learning 
classifier could be used to exploit the natural structure of the data within the skeleton. 
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Chapter 7 

7 Portability to others environments 
 
Thanks to the experience gained with AutoPlay data, some tips are needed to help the work of tracking and 
extracting the skeleton from child. 
 
Light Conditions 
Strive to create a homogeneous light environment (like AutoPlay) 
 
Clean Environment 
Unfortunately, AutoPlay video has inherited many problems, due to the fact that the environment was not 
prepared, before data collection, for a computer vision application. A better preparation of the environment 
will be really useful for the final quality of the track and skeleton. 
 
Remove any unwanted source of aliasing  
Just provide the AutoPlay toolkit and do not add any visual information about the toys in the room inside 
the image (make a clean environment). Let only the child touch the Toys during the experience to limit 
the variability of the skeleton when the child is not doing anything (don’t add noise to skeleton). Remove 
mirrors or other reflective surfaces (avoid aliasing). Put the child in a separate environment, outside of the 
interaction with other children (don’t add noise to skeleton). Remove any pillows or anything else 
unnecessary (avoid aliasing). Avoid human-like toys and remove any source of unwanted occlusion for the 
camera (avoid wrong skeleton information). Put as many cameras as possible if occlusions are not 
avoidable and strive to make child full visible in all place of you room (avoid lost skeleton information). 
Study the correct camera perspective and distance, in order to avoid shift of child area distribution (help 
tracker make it job). 

 
Clean protocol of interaction 
Define guideline to interact with the child and avoid to let child to be too close to adult (limits the 
interaction). Avoid to generate aliasing from adult by sitting on ground.  
 
Rethinking AutoPlay Toys detection 
Difficulties arise due to object are manipulated and partially covered. If possible, based the ball and elephant 
detection on colour-based tracker. The environment needs to be clean from this colour. 
 
Rethinking Tracker, simpler and more robust 
Let the child wears a colour specific dress, and let the adult wears a colour specific dress. Avoid to use these 
colours inside the free area zone. 
 
Camera calibration 
Study camera calibration as a tool to make easier to configure program parameters, letting the program 
independent by the type of the camera (resolution, distance, ….). 
 
Skeleton quality and variability 
Consider recording the subject in front of the camera when the subject is fully visible (avoid to collect 
partial skeleton). In the case of the child, the variability of the skeleton associated with an action is high, 
because the child could do the same action in different contexts. It is important that the child performs 
only the specific action without external influences, in specific context situation (avoid the high 
variability skeleton for the same action).  
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Chapter 8 

8 Software Architecture 
 
It follows the main program flow with the three key components. The first process concerns the tracker, the 
second the extraction of the skeleton, while the third concerns the inference of infant activity. 
 

 
Figure 8- 1 Main Program Flow 
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Chapter 9 

9 Conclusion 
The generic tracker works quite well, but it is not always robust enough to always follow the child like a 
human. Some specific videos may have some track of the child delayed in some specific portion of the video. 
It is robust to occlusions, if it has lost the baby it will catch it after a few seconds. For some videos, the adult 
on ground alias is too strong in some specific part of the video and the tracker may lose the child for a few 
seconds. To avoid this, specific masks in the video are set to limit the influence of the specific alias portion 
by filtering them out. 
Even with a perfect track, OpenPose may have problems estimating the specific position of the child's 
skeleton due to the camera angle and perspective. This can lead to incomplete, partial and/or spurious 
skeletons; in the worst cases the skeleton can be totally wrong, missing or missing the specific part of the 
body that performs the action. 
The video ground truth of the actions is associated to the actions only with some specific toys, while all 
actions outside of this context are not mapped. Actions with these toys can be made according to the specific 
toys, the environment and/or the influence of external agents (adults and other children). Even selecting 
the good skeleton regions of each video and analyzing only the action well represented in the dataset, this 
huge variance of skeletons for the same action leads to a poor performance of the classifier. 

 
Next Steps 
Due to time constraints, not all deep learning classifiers can be tested. ST-GCN, a variation of graph-based 
deep learning classifier could be used to exploit the natural structure of the data within the skeleton. 
A further study to remove the anomalous skeleton due to occlusion detection should be done in order to 
extract better samples without human supervision. 

 
Further improvement 
It is clear that the quality of the data influences the quality of the classification. Unfortunately, AutoPlay data 
suffers from the way data is collected. This affects the quality (and complexity) of the tracker, the output of 
the skeleton estimation and introduces enormous variability within the skeleton for the same action. 
OpenPose is strongly influenced by the perspective and angle of the camera and the enormous freedom of 
action and movement left to the child. 
In the future the recording of video problems such as alias, occlusion and wrong skeleton should be avoided 
by taking good care of the environment and by defining a way for the child to interact with the toy, putting 
physical contrasts. Chapter 9 gives important advices for future environments and their arrangements. 



 

 

Working plan 
 

 
 
The State of the Art lasted 6 weeks and involved the acquisition of all the technologies necessary for a computer vision application of this type. I did the first part of the 
tracker in the first half of the thesis, while the improved versions took me another 2 weeks in the second half of the thesis. The skeleton estimation and skeleton 
stabilization went fast, thanks to the adaptation of the existing code, the real work was to connect all the codes in a single coherent flow. I made the post-processing 
attempt to improve the skeleton and the second half. The detection of the custom objects took three weeks, mostly dedicated to image labeling. The production server 
took about 4 weeks to be configured and made fully functional for the needs of the project. In the last month I applied the composite CNN classifier. Throughout the thesis 
period I documented my progress, using the last two weeks to correct and improve documentation. 
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Appendix A – AutoPlay environment 
 
Each child's experience in the AutoPlay context is filmed by 2 or 3 fixed cameras, with a different viewing 
angle. A manual log is produced from each video to create a Ground Truth. This is a rather expensive 
task that requires human resources and time. For a 10-minute video, it takes from 1 hour to 2 hours 
(according to the density of performed actions) to correctly analyze all the important video frames in which 
the child performs activities. This is because of the fact that the operator has to analyze each frame of the 
video in order to compile a consistent Ground Truth log. The images and tables in this chapter were taken 
from my previous work [1]. The AutoPlay toys kit consists of a doll, a car, a spoon and three small 
elephants. IMU sensors take samples with accelerometers, gyroscopes and magnetometers for each of the 
three axes. The sampling rate for all sensors is 100.21 [Hz]. Figure A-1 shows the actual size of the toys 
and IMU sensors. (official sensor manufacturer's page is [2]). 
 

 
Figure A- 1 AutoPlay toy kit 

 
The measuring environment is an area of 2 square meters with toys available for free play. The data 
collected are video recording (25 [HZ]) and inertial measurement. The cameras are fixed and positioned at 
a height of 2 meters. Figure A-2 shows an example of a playing area, while Table A-1 shows the volume of 
available data. 
 

Collected Data 

Total number of infants       25 [infants] 

Total number of recordings     274 [records] 

Average time per recording       10 [minutes] 

Total recording time  2740 [minutes] 

Actual Total play time ~500 [minutes] 

Table A- 1 Collected Data  
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Figure A- 2 Measuring Environment 

 

Data Analysis flow 
Figure A-3 shows the AutoPlay data analysis flow. During the individual play session, children are 
captured by the cameras and recorded the way they use the toy thanks to the IMU sensors. After that, with 
the help of operators, a manual Ground Truth log video is produced, which records in an excel file from 
one frame to another the actions perform by the child. The sensor data must be synchronized with the 
ground truth of the video. When you know which sensor logs correspond to which activity, you could 
develop a prediction model. This aims to automatically detect early detection of ASD. In Figure A-4 we have 
an example of a log of Ground Truth, while in Figure A-5 follows a list of micro-activities identified from 
typical neuro-development infants. 
 

 
Figure A- 3 Data Analysis Flow 
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Figure A- 4 Example of Ground Truth Log 

 

 
Figure A- 5 Micro-activities of typical neuro-development infants 

 
IoT Architecture 
In Figure A-6 follows the architecture of the Internet of Things. The Raspberry Pi3 is the B model, and is 
responsible for video recording. Data is collected through the Shimmer sensor. 
 

 
Figure A- 6 IoT Architecture 

Data Synchronization 
Synchronization between Raspberry Pi devices and the laptop is based on the NTP protocol, while IMU 
sensor nodes are synchronized at the time of configuration. There is no synchronization between the sensor 
nodes and the video LAN registration. To synchronize the data, a posterior data synchronization procedure 
is applied in order to identify the overall time shift, based on the measurement of an ad hoc synchronization 
event. Then a data-time alignment, based on maximizing the similarity of the aggregate signal, is performed 
to correctly match the ground truth and sensor log. More details on this procedure are described in the 
paper [16]. 
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Appendix B – Object detection technologies 
 
In this section the main object technologies are described. 

 
YOLO 
YOLO has three main versions, V1 described in chart [11], V2 or YOLO9000 described in chart [12] and V3 
described in chart [13]. From paper [11] “Our system divides the input image into an S × S grid. If the 
center of an object falls into a grid cell, that grid cell is responsible for detecting that object. Each grid cell 
predicts B bounding boxes and confidence scores for those boxes. These confidence scores reflect how 
confident the model is that the box contains an object and also how accurate it thinks the box is that it 
predicts. […] If no object exists in that cell, the confidence scores should be zero. […] Each bounding box 
consists of 5 predictions: x, y, w, h, and confidence. The (x, y) coordinates represent the center of the box 
relative to the bounds of the grid cell. The width and height are predicted relative to the whole image. […] 
Each grid cell also predicts C conditional class probabilities, Pr(Classi |Object).” 
 

 
Figure B- 1 Yolo Model 

 
Yolo architecture exploits a pretrained convolutional layers on the ImageNet classification task. Figure B-
2 shows the Yolo architecture. “Yolo imposes strong spatial constraints on bounding box predictions since 
each grid cell only predicts two boxes and can only have one class. This spatial constraint limits the number 
of nearby objects that our model can predict. Our model struggles with small objects that appear in groups, 
such as flocks of birds. Since our model learns to predict bounding boxes from data, it struggles to generalize 
to objects in new or unusual aspect ratios or configurations. […] YOLO predicts multiple bounding boxes 
per grid cell. At training time, we only want one bounding box predictor to be responsible for each 
object. We assign one predictor to be “responsible” for predicting an object based on which prediction has 
the highest current IOU with the ground truth. This leads to specialization between the bounding box 
predictors.” [11] 
 



 
 

Infants Activity Recognition based on human pose estimation as a support for privacy-preserving neurodevelopmental disorders 
diagnosis 

125/148
 

 
Figure B- 2 Yolo Architecture 

 
A good summary of the key points of the different versions of YOLO can be found at the following links 
[22][23]. Following the most important improvements in YOLO9000 (YOLOv2) and YOLOv3, some images 
are taken from the previous sites mentioned [22][23]. 
 

YOLOv2 
To improve performances adds batch normalization on all of the convolutional and change the image 
resolution from 224 x 224 to 448 x 448. One of the main problems with YOLOv1 is that it can only provide 
one object per grid, this places a limit when objects share a common grid or with small objects. 
“To solve this, the authors tried to allow the grid cell detect more than one object using k bounding 
box. […] An anchor box is a width and height, which we can predict the bounding box relative to it 
instead of predicting the box relative to the all image. […] YOLOv2 tries to use the idea of anchor boxes but 
instead of picking the k anchor boxes by hand it tries to find at the best anchor boxes shapes to make it 
easier for the network to learn detection (figure B-3).” [23] 
 

 
Figure B- 3 Every cell can predict k bounding boxes 

 
“YOLOv2 predicts location coordinates relative to the location of the grid cell. For example, if we use 
2 anchor boxes the grid cell(2,2) in the image below will output 2 boxes (the blue and the yellow boxes). Let 
the black dotted boxes represent the 2 anchor boxes for that cell. Now consider only the blue box, 
instead of assigning the predicted blue box to the grid cell only as in YOLO, YOLOv2 assigns the blue box 
not only to the grid cell but also to one of the anchor boxes and that will be the one that has the 
highest IOU with the ground truth box.” [23] 
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Figure B- 4 Example anchor box 

 

YOLOv3 
“YOLOv3 also predicts an objectness score(confidence) for each bounding box using logistic 
regression. This should be 1 if the bounding box prior overlaps a ground truth object by more than any 
other bounding box prior. […] Unlike YOLO and YOLO2 which predict the output at the last layer, YOLOv3 
predicts boxes at 3 different scales.” [23] 
YoloV3 enables multi-label prediction and improves performance with small object detection. 
 

Single Shot Detector (SSD)  
The reference paper is [14]. As Yolo, the image is divided in a S x S grid. SSD predicts standard set of 
bounding boxes for each cell and predict offsets of the cell. A good SSD summary is available on [24]. 
Some pictures are taken from that source. SSD use VGG-16 as feature extraction and additional 
convolutional layers are added to help multiple-scale object detection. 
“Prediction for the bounding boxes and confidence for different objects in the image is done not by one but 
by multiple feature maps of different sizes that represent multiple scales” [14]. Figure B-5 shows the 
architecture. 
 

 
Figure B- 5 SSD architecture 

 
Training 

SSD get image with ground truth boxes for each object in image. 
“Multiboxes are like anchors of Fast R-CNN. We have multiple default boxes of different sizes, aspect ratio 
across the entire image as shown below. SSD uses 8732 boxes. This helps with finding the default box that 
most overlaps with the ground truth bounding box containing objects.” [24] 
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Figure B- 6 Multiple boxes for SSD 

 
Matching strategy 
“During training time the default boxes are matched over aspect ratio, location and scale to the ground truth 
boxes. We select the boxes with the highest overlap with the ground truth bounding boxes. IoU (intersection 
over union) between predicted boxes and ground truth should be greater than 0.5. We finally pick up the 
predicted box with maximum overlap with ground truth.” [24] 
Figure B-7 shows an example of two matches bounding boxes. 
 

 
Figure B- 7 Example of two matches bounding boxes 

 
Prediction 
“Each prediction is composed of: 

- Bounding box with shape offset. ∆cx, ∆cy, h and w, representing the offsets from the center of the 
default box and its height and width 

- Confidences for all object categories or all the classes. Class 0 is reserved to indicate absence of 
the object” [24] 
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Faster R-CNN  and Mask R-CNN 
The reference paper is [15]. From paper “Our object detection system, called Faster R-CNN, is composed of 
two modules. The first module is a deep fully convolutional network that proposes regions, and the second 
module is the Fast R-CNN detector that uses the proposed regions”. Figure B-8 shows the schema of system 
and is taken from site [25]. 
 

 
Figure B- 8 Faster RCNN 

 
Region Proposal Network (RPN) “takes an image (of any size) as input and outputs a set of rectangular 
object proposals, each with an objectness score. […] To generate region proposals, we slide a small network 
over the convolutional feature map output by the last shared convolutional layer. This small network takes 
as input an n × n spatial window of the input convolutional feature map. Each sliding window is mapped to 
a lower-dimensional feature (256-d for ZF and 512-d for VGG, with ReLU following). This feature is fed into 
two sibling fully connected layers—a box-regression layer (reg) and a box-classification layer (cls). […] At 
each sliding-window location, we simultaneously predict multiple region proposals, where the number of 
maximum possible proposals for each location is denoted as k.” [25] Figure B-9 shows a multiple region 
proposals example. 
 

 
Figure B- 9 Multiple region proposals example 

 
The model mask RCNN is used for semantic segmentation, but with Tensorflow object detection it can be 
used to predict bounding boxes. “Mask R-CNN has an additional branch for predicting segmentation masks 
on each Region of Interest (RoI) in a pixel-to pixel manner. Faster R-CNN is not designed for pixel-to-pixel 
alignment between network inputs and outputs. Both Mask R-CNN and Faster R-CNN have a branch for 
classification and bounding box regression. Both use ResNet 101 architecture to extract features from 
image. Both use Region Proposal Network(RPN) to generate Region of Interests(RoI).” [21] 
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R-FCN 
The reference paper is [20]. Other useful references are sites [25][26]. R-FCN divides each region proposal 
in 9 subparts and learn to extract features for each of every subpart. This approach is called position-
sensitive score maps and “these score maps are convolutional feature maps that have been trained to 
recognize certain parts of each object” [25]. 
Figure B-10 shows the logical flow of the model for object classification. 
 

 
Figure B- 10 Classification flow of R-FCN 

 
Figures B-11 and B-12 show how the R-FCN acts when the RoI overlaps the child correctly and when the 
RoI does not overlap the child correctly. 
“Simply put, R-FCN considers each region proposal, divides it up into sub-regions, and iterates over the sub-
regions asking: “does this look like the top-left of a baby?”, “does this look like the top-center of a baby?” 
“does this look like the top-right of a baby?”, etc. It repeats this for all possible classes. If enough of the sub-
regions say “yes, I match up with that part of a baby!”, the RoI gets classified as a baby after a softmax over 
all the classes.” [25] 
 

 
Figure B- 11 RoI correctly overlaps the baby 
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Figure B- 12 RoI doesn't correctly overlaps the baby 
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Appendix C – Brief survey on Articulated 
Human Pose Estimation 
 
Image processing approach 
A possible method is described in paper “Extraction of Human Body Skeleton Based on Silhouette Images” 
[7]. This method takes a given silhouette of a single human image, from that apply the Distance 
Transform (DT). It applies the gradient to the DT of the silhouette image. From that processed image, it 
extracts the Local Maximum Points (LMP) of the Distance Transform image, i.e. given a point p and it 8-
connected neighbors of p called Q, the LMP is composed of every point p that has 𝐷𝑇(𝑝) ≥ 𝐷𝑇(𝑞), ⋁𝑞 ∈ 𝑄. 
Point p is a local maximum point of distance transform. From that image, it extracts the Critical Points 
(CP), which are the LMP whose |∇𝐷𝑇| is minimum value point among its connected neighbors. Figure C-1 
shows LMP in yellow and CP in red. 
 

 
Figure C- 1 LMP and CP 

 
The CP are a subset of image skeleton, but the number of CP is too large. It challenging to connect them 
correctly, due to the large set of scatter points. To solve this problem, it needed to extract the Skeleton 
Feature Points (SFP) from the CP. The definition of SFP is “Considering a critical point as the center of a 
circle, we can determine the tangent circle C of silhouette edges for this point. We suppose the cps , which 
𝑐𝑝𝑠 𝜖 𝐶, as meaning of the critical points set within the range of the circle C . Then we will just discard all 
points belong to cps and only remain the center point of C , which will be referred as the skeleton feature 
point. we traverse the rest critical points with the same operation until no overlay regions of tangent circles 
for critical points left. The skeletonization process will benefit from different aspects offered by this 
simplification mechanism, such as reduced critical points”. [7] 
With SFP it possible to them to create the skeleton, connect them that are on the image foreground, with 
the constraint that DT(p) > 0. The root point is the body’s chest, where is the point with the maximum 
DT. “In each skeleton growing step, the algorithm will find the closest skeleton feature point which satisfied 
the constraint condition to the current point.” [7] 
Based on research on anthroponomy, the estimation of the skeleton joints can be made using standard 
human skeleton model. This is possible because the proportions of body parts are approximately the same. 
Figure C-2 shows the standard skeleton model, while in figure C-3 shows Experimental results of human 
motion with different style and different pose. 
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Figure C- 2 The standard human skeleton model 

 

 
Figure C- 3 Experimental results of human motion with different style and different pose 

 
According on paper “the results are unsatisfied and even encounter some mistakes when the joints are 
hidden or kept out”. [7] 
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Figure C-4 shows a schematic flow of the procedure. 
 

 
Figure C- 4 Schematic flow of image processing method 

 
In AutoPlay videos there are more people, who could interact with each other, it could happen that some 
joints are hidden and not always the subject is in front of the camera. This method is not suitable for the 
needs of AutoPlay. This method is designed for single objects, where it is easy to extract the image of the 
silhouette; the foreground of the AutoPlay is too noisy, due to the interaction of people with the 
environment (toys or other objects), for a simple background subtraction. 

 
Machine learning approach 
First approach – Combine high level information with tree-based model 
A first possible method is described in paper “Automatic Detection of 2D Human Postures Based on Single 
Images” [8]. This paper “propose a method to automatically detect human poses in a single image, based on 
a 2D model combined with anthropometric data. Furthermore, we use artificial neural networks to detect 
high level information about the human posture”. 
The first processing step is to create segmented images, figure C-5 shows an example where blue pixels are 
related to the skin, red pixels are about T-shirt and green pixels are for pants.  
 

 
Figure C- 5 Original image and manual segmented image 

 
The segmented images generate projection curves. To generate the design curves, the image is divided 
into two parts: one for the upper part and one for the lower part of the body. For each part and for each 
channel, vertical and horizontal curves are calculated. The curves of each channel are then interpolated. 
Figure C-6 shows an example. 
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Figure C- 6 Computed and fitted curves 

 
In order to determine High Level of information Posture (HLP), Artificial Neural Network (ANN). The 
input of ANN is the sum of pixels for each channel, which derive from the project curves. Figure C-7 shows 
the algorithm for generating the input of ANN. Every ANN, of the family of MLP, is trained to answer on a 
single high-level question related to the image. It follows the list of questions: 

- Type of T-shirt? 0- without T-shirt, 1- without sleeves, 2- short sleeves, 3- long sleeves 
- Right arm is visible? Yes/No 
- Left arm is visible? Yes/No 
- Right hand is visible? Yes/No 
- Left hand is visible? Yes/No 
- Type of pants? 0- without pants, 1- short pants and/or short skirt, 2- medium pants and/or 

medium skirt, 3-long pants and/or long skirt. 
- Right leg is visible? Yes/No 
- Left leg is visible? Yes/No 

The dataset consists of 164 segmented images, each image is scaled and rotated 10 times, generating a 
formation set of 2780 images. 
 
The identification of body parts is performed using heuristic and anthropometry. The first step is face 
detection on the original image. The second step is to extract HLP information by each ANN, in order to 
understand how to process the image, “For instance, if it is defined in the HLP that the right arm is visible, 
but the person has short sleeves, then skin pixels can have the expected area of approximately half arm 
(based on anthropometry). If the right arm is not visible, this specific body part is not searched in the image”.  
The third step is “after having the expected size and channels of each body part (T-shirt in red, skin pixels 
in blue and pants in green), the algorithm tries to detect the most probable projection curve that 
should represent each body part.” “The main idea here is to identify the projection curves as a specific 
part of the body. The legs can be represented using only one projection curve or more. In order to help the 
identification of body parts, we compute the torso direction, which is a vector formed by the center of 
the detected face and the division point between two legs”.  
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Figure C-7 “shows a projection curve (green) in which there is only one curve for the both legs, and the 
separation is clearly visible in the minimum peak.” 
 

 
Figure C- 7 Algorithm used for generation of input layer 

 

 
Figure C- 8 Vertical projection - lower part of body 

 
The skeleton model used is shown in picture C-9, and is based on “average person based on anthropometric 
values”. 
 

 
Figure C- 9 Skeleton model 
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The final step is detection of human posture. “The skeleton starts in the center of the face, and another 
useful information to help in the skeleton detection is the torso orientation vector. […] Neck, torso and 
hips are easily estimated based on the expected size of body parts and torso orientation. Clavicle detection 
is based on neck detection. Arms detection is based on anthropometry. Legs detection is very similar to 
the arms detection. The only difference is concerned with the range of angles used for searching the joints”. 
Figure C-10 shows the phases of skeleton detection. 
 

 
Figure C- 10 Phases of skeleton detection 

 
According on paper “The whole process is based on dominant colors, and given the face captured by a 
face detector. The posture is estimated using a 2D model combined with anthropometric data. 
Experimental results showed that this technique works well in frontal views images and for the upper 
part of the body”. 
Figure C-11 shows qualitative results, where it is clear that the background subtraction and the 
segmentation algorithm play a central role in estimating the final quality of the human pose estimation. 
 

 
Figure C- 11 Qualitative results 

 
In AutoPlay videos there are more people, who could interact with each other, it could happen that some 
joints are hidden and not always the subject is in front of the camera. Moreover, the face of subject isn’t 
always detected by Viola Jones method; that invalidate all procedure described in that paper. This method 
is not suitable for the needs of AutoPlay. This method is designed for single objects, where it is easy to 
extract the face of subject and extract a good segmented image. 
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Second approach – Part Dependent Joint Regressors 
A second possible method is described in thesis “Real Time Detection of Human Body and Face Parts” [9].  
“Recent methods that rely on the pictorial structure framework have shown to be very successful in 
solving this task. They model the body part appearances using discriminatively trained, independent part 
templates and the spatial relations of the body parts using a tree model. […] we introduce parts 
dependent body joint regressors which are random forests that operate over two layers. While the first 
layer acts as an independent body part classifier, the second layer takes the estimated class 
distributions of the first one into account and is thereby able to predict joint locations by modeling 
the interdependence and co-occurrence of the parts. This helps to overcome typical ambiguities of 
tree structures, such as self-similarities of legs and arms.” [9] 
Figure C-12 shows an example of avoid limitation of pictorial framework. From the thesis “Pictorial 
structure (PS) model with independent part templates. Each classifier estimates independently the 
probability that an image region belongs to a specific body part. […] Neither the independent classifiers nor 
the tree structure of the PS model is able to resolve the ambiguities between the left and right leg. […] The 
confidence maps of the regressed points, e.g., nose (red), left hip joint (blue), and left knee (green), are more 
discriminative and resolve the ambiguities between the legs.” [9] 
 

 
Figure C- 12 Avoid limitation of pictorial framework 

 
Unlike the previous method, independent models are trained to predict the position of the junction points 
of body parts instead of training to detect them. “During training, positive (blue) patches are sampled 
around a landmark and negative (gray) patches from the background”.  Figure C-13 shows an example of 
patches extraction. 
 

 
Figure C- 13 Pathes extraction 
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For body part template detectors: the patches are pre-processed to extract the characteristics. From the 
patches, in grayscale the channels of image characteristics, HOG characteristics and skin color characteristic 
channels are extracted. “We train a separate decision forest for each body part, where each forest is trained 
by body part patches sampled from a Gaussian distribution centered at the body part annotation and 
negative patches sampled uniformly from the background of the image.” [9] 
For part dependents joints regressor: “during both training and evaluation, each sampled patch is 
evaluated without taking its spatially surrounding potentials into account. For the task of joint localization, 
this can result in ambiguities. [..] The first layer only calculates independent part potentials. The second 
layer also predicts unary potentials but incorporates the potentials of the first layer and their locations as 
additional feature maps.” [9] The potentials are functions that assign a probability, in our example are 
related to the posterior of decision forests. 
Figure C-14 shows qualitative results, it’s clear that this method is focused of single human pose estimation. 
 

 
Figure C- 14 Qualitative results 

 
In AutoPlay videos there are more people, who could interact with each other, it could happen that some 
joints are hidden and not always the subject is in front of the camera. This method is not suitable for the 
needs of AutoPlay. This method is designed for single objects. 
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Third approach – Pose inference machine 
A third possible method is described in paper “Pose Machines: Articulated Pose Estimation via Inference 
Machines” [10]. The paper describes the problem with recent method based on three structure “State-of-
the-art approaches for articulated human pose estimation are rooted in parts-based graphical models. 
These models are often restricted to tree-structured representations and simple parametric potentials 
in order to enable tractable inference. However, these simple dependencies fail to capture all the 
interactions between body parts”[10]. In their paper “[…] instead of performing inference on a learned 
graphical model, we build upon the inference machine framework and present a method for articulated 
human pose estimation”. They let the machine learn the body structure, instead of provide one. 
The paper illustrates the problem of double counting error, already mentioned in the previous method as a 
problem of self-similarities. Figure C-15 shows the comparison between the pose machine and the tree-
based model in the left leg detection. 
 

 
Figure C- 15 Confidence Maps for Left Leg 

 
Pose inference machine “is a sequential prediction algorithm that emulates the mechanics of message 
passing to predict a confidence for each variable (part), iteratively improving its estimates in each stage. 
[…] it learns an expressive spatial model directly from the data without the need for specifying the 
parametric form of the potential functions. […] Our method bears some similarity to deep learning methods 
in a broad sense of also being a multi-layered modular network. However, in contrast to deep-learning 
methods which are trained in a global fashion (e.g., using backpropagation), each module is trained locally 
in a supervised manner.” [10] Figure C-16 shows the main flow, where a patch image Z is extracted and 
features computed. 

 
Figure C- 16 Main flow pose inference machine 
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Features vector 
Features vector is computed from patch image in location z, i.e. Histogram of Gradients (HOG) features, Lab 
color features, and gradient magnitude. 
 
Predictor g 
The input for the classifier at the first stage takes in input the feature vector xz. while for the next stages 
the input is the feature vector xz and the aggregation of the context features ψ. The output of confidence 
map b is related to the single classifier and is referred to the score the classifier gives for its specific body 
part. The predictor g is a boosted classifier with random forests. 
 
Context features ψ 
Context features ψ is composed by two vector ψ1 and ψ2, which bring the final vector ψ = [ψ1, ψ2]. It “capture 
the spatial correlations between the confidences of each part with respect to its neighbors”. ψ1 is the 
Context Patch Features, that take the feature maps in position z and aggregate all scores in the extracted 
range for all previous confidence maps. “In other words, the context feature is a concatenation of scores at 
location z extracted from the confidence maps of all the parts in each level the hierarchy.” [10] 
Ψ2 is the Context Offset Features, captures the offset information from point z to the higher peaks in 
confidence map. “The context patch features (ψ1) capture coarse information regarding the confidence of 
the neighboring parts while the offset features (ψ2) capture precise relative location information.” [10] 
Figure C-17 illustrates the concept explained above. 
 

 
Figure C- 17 Context features ψ 

 
Training 
From paper [10]: “To create positive samples for training, we extract patches around the annotated 
anatomical landmarks in each training sample. For the background class, we use patches sampled from a 
negative training corpus.”  
 
Inference of Human Pose 
“The final pose is computed by directly picking the maxima of the confidence map of each part after the final 
stage.” [10] 
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Figure C-18 shows qualitative results, it’s clear that this method is focused of single human pose estimation. 
According on paper [10]: “One of the main challenges that remain is to correctly handle occluded poses, 
which is one of the failure modes of the algorithm”. 
 

 
Figure C- 18 Qualitative results of pose machine 

 
In AutoPlay videos there are more people, who could interact with each other, it could happen that some 
joints are hidden and not always the subject is in front of the camera. This method is not suitable for the 
needs of AutoPlay. This method is designed for single objects. 
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Deep Learning approach 
Convolutional Pose Machine 
The concept of Pose Machine [10] has evolved into Convolutional Pose Machine, where features are 
extracted using a deep learning architecture. The reference paper is [17]. Figure C-19 shows the 
architecture, where typical elements are in common with the architecture of the Pose Machine. The 
advantage of such architecture is that "representations of contextual features to be learned directly from 
the data" (Context features ψ). 
 

 
Figure C- 19 Convolutional Pose Machine Architecture 

 
From paper [17] “In practice, to achieve certain precision, we normalize input cropped images to size 368 
x 368, and the receptive field of the network shown above is 160 x 160 pixels. The network can effectively 
be viewed as sliding a deep network across an image and regressing from the local image evidence 
in each 160 x 160 image patch to a P + 1 sized output vector that represents a score for each part at 
that image location.” 
The problem of the vanishing gradients, present in the architecture of deep learning, has been solved with 
an intermediate supervision, instead of using only a final loss function. Figure C-20 shows the Magnitude 
Gradient Histograms during learning with the stochastic gradient descent optimizer. Clearly with 
intermediate supervision, vanishing gradients is no longer a problem. 
 

 
Figure C- 20 Histograms of Gradient Magnitude During Training 
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Figure C-21 shows the qualitative results. It is clear that the machine improves its prediction at all stages. 
 

 
Figure C- 21 Qualitative results convolutional pose machine 

 
According to the paper [17] “we do observe failure cases mainly when multiple people are in close 
proximity. Handling multiple people in a single end-to-end architecture is also a challenging problem and 
an interesting avenue for future work” 
 
In AutoPlay videos there are more people, who could interact with each other. This method is not suitable 
for the needs of AutoPlay. 
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Appendix D – Human Activity Recognition on 
video without skeleton 
 

Architectures  
The reference paper is [27]. Within the document different Action Classification Architectures are 
illustrated. 
 
ConvNet and LSTM 
Using a preformed model for image classification (i.e. Inception-V1), the features are extracted from the 
single frame. To incorporate the time dimension, a recurring LSTM layer has been added. Instead of 
extracting features from each frame, features are extracted every 5 frames. Figure D-1 shows a schematic 
example. 
 

 
Figure D- 1 ConvNet and LSTM 

 
3DConvNet 
Using space-time filters, a hierarchical representation of space-time data is created. This model has more 
parameters than convNet 2D and is more difficult to train. As a previous model, benefit from a pre-trained 
model for extracting features from the image. Figure D-2 shows a schematic example. 

 
Figure D- 2 3DConvNet 
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Two-Stream Networks 
“LSTMs on features from the last layers of ConvNets can model high-level variation, but may not be able to 
capture fine low-level motion which is critical in many cases. It is also expensive to train as it requires 
unrolling the network through multiple frames for backpropagation-through-time” [27]  
The Two-Stream network involves the RGB image and the optical flow of subsequent N-frames. An 
extension is to merge space and flow. Figure D-3 shows a schematic example of the two models. 
 

 
Figure D- 3 Two-Stream and 3D fused Two-Stream 

 
Two-Stream Inflated 3D ConvNets 
“3D ConvNets can directly learn about temporal patterns from an RGB stream, their performance can still 
be greatly improved by including an optical-flow stream.” [27] Figure D-4 shows a schematic example of 
the model. 
 

 
Figure D- 4 Two-Stream 3D ConvNet 
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SlowFast 
The reference paper is [39]. From [38] “SlowFast is a new 3D video classification model, aiming for best 
trade-off between accuracy and efficiency. It proposes two branches, fast branch and slow branch, to 
handle different aspects in a video. Fast branch is to capture motion dynamics by using many but small 
video frames. Slow branch is to capture fine apperance details by using few but large video frames. Features 
from two branches are combined using lateral connections”. 
From [39] “Our model involves a Slow pathway, operating at low frame rate, to capture spatial 
semantics, and a Fast pathway, operating at high frame rate, to capture motion at fine temporal 
resolution. The Fast pathway can be made very lightweight by reducing its channel capacity, yet can learn 
useful temporal information for video recognition. 
 

 
Figure D- 5 SlowFast Main View 

 
For concreteness, let us study this in the context of recognition. The categorical spatial semantics of the 
visual content often evolve slowly. For example, waving hands do not change their identity as “hands” 
over the span of the waving action, and a person is always in the “person” category even though 
he/she can transit from walking to running. So, the recognition of the categorical semantics (as well as 
their colors, textures, lighting etc.) can be refreshed relatively slowly. On the other hand, the motion being 
performed can evolve much faster than their subject identities, such as clapping, waving, shaking, 
walking, or jumping. It can be desired to use fast refreshing frames (high temporal resolution) to 
effectively model the potentially fast changing motion. 
 
Slow pathway 
“The key concept in our Slow pathway is a large temporal stride τ on input frames, i.e., it processes only 
one out of τ frames. A typical value of τ we studied is 16—this refreshing speed is roughly 2 frames 
sampled per second for 30-fps videos” [39] 
 
Fast pathway 
“The two pathways operate on the same raw clip, so the Fast pathway samples αT frames, α times denser 
than the Slow pathway” [39] 
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Fine tuning pre-trained models 
From GluonCV section [36] “Fine-tuning is an important way to obtain good video models on your own data 
when you don’t have large annotated dataset or don’t have the computing resources to train a model 
from scratch for your use case. […] The only thing you need to prepare is a text file containing the 
information of your videos (e.g., the path to your videos), we will take care of the rest.” 
GluonCV provides pretrained Two-Stream Inflated 3D ConvNet (I3D) [37] and SlowFast [38]. Both are 
trained on the Kinetics Human Action Video Dataset [40] 
The dataset contains “400 human action classes, with at least 400 video clips for each action. Each clip 
lasts around 10s and is taken from a different YouTube video. The actions are human focused and cover 
a broad range of classes including human-object interactions such as playing instruments, as well as 
human-human interactions such as shaking hands. […] Some actions are fine grained and require 
temporal reasoning to distinguish, for example different types of swimming. Other actions require more 
emphasis on the object to distinguish, for example playing different types of wind instruments.” [40] 
 
It is clear that the more complex the model is, the more parameters it has and the more memory needs. 
These models don't need any information about the skeleton, but some preprocessing about subject 
who do action could be beneficial (i.e. extracting ROI), due to noisy foreground. 
This project aims to develop a privacy preserved program, so other methodologies based on 
skeleton has to be searched for this project, in order to ensure privacy. 
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Appendix E – Production Server 
 

ISIDE server 
ISIDE is the name of the server available on SUPSI for production code. Details of the server can be found at 
the chapter 1.3 Technical specifications. 

 
Set up 
It follows the steps needed to set up the environment. 

- Load the zip “<Path to the project>/_CleanedForISIDE/1_autoplay_video_analysis.zip” into the 
directory “/home/ssguazza/” with an FTP client (i.e. FileZilla) 

- create/load the directory with the video that you want to analyze 
“/scratch/ssguazza/AutoPlayDataset/Video/CBS/12_sett/analizzati/*.mp4 

- Access to the ISIDE terminal with a SSH client (i.e. Putty) 
- Extract the zip 

o unzip 1_autoplay_video_analysis.zip 
- Enter in the project root directory 

o cd /home/ssguazza/autoplay_video_analysis/0_ChildDetection 
- Give authorization to run files 

o chmod 777 __1_Week_extractor_bb_child.sh 
o chmod 777 __2_Week_extractor_skeleton.sh 
o chmod 777 __3_Week_estimation_skeleton.sh 

 
Workflow 
Usually three tasks are performed on the server: sampling the boundary boxes, sampling the skeleton and 
estimating the skeleton. Scripts __1_Week_extractor_bb_child.sh, __2_Week_extractor_skeleton.sh and 
__3_Week_estimation_skeleton.sh work the same way in terms of parameters. For a complete weekly flow, 
these tasks must be performed in sequential order, but for different weeks, they can be performed in 
parallel. 
 
Below is an example of different parameterization for the skeleton extraction script. 

- Enter in the project root directory 
o cd /home/ssguazza/autoplay_video_analysis/0_ChildDetection 

- Extract skeleton for a week 
o # entire week  

 (from video 1 to video 10, week 12, CBS, lauch every 180 seconds) 
 ./__2_Week_extractor_skeleton.sh 1 10 12 CBS 180 

o # entire video with the three cameras  
 (all the three videos from experience 4, week 12, CBS, lauch every 180 seconds) 
 ./__2_Week_extractor_skeleton.sh 4 4 12 CBS 180 

o # single camera video  
 (Video 7, camera 2) 
 sbatch _2_extract_child_skeleton.sh sett_13_CBS_7 2 

 


