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Abstract 
 

This thesis project aimed to design and develop an AI system able to recognize the 

development of certain actions in video about residential internal context carried out by 

elderly people. 

This system allows to estimate several parameters of two domains, specifically Activities 

of Daily Living and the Instrumental Activities of Daily Living, that form the 

Multidimensional Prognostic Index (MPI), a predictive index of mortality not linked to a 

specific disease, widely accepted and validated at international level and built on data 

obtained through a Multidimensional Valuation (VMD) of the elderly subject. 

The proposed solution involves the creation of neural network models, in particular 

Convolutional Neural Networks that are trained on data obtained from the "Moments 

in Time" dataset, which includes a collection of one million labeled 3 second videos. 

Moments is a research project in development by the MIT-IBM Watson AI Lab. 

 

 

 

 

Abstract in Italian 
 

In questa tesi, viene progettato e sviluppato un sistema di riconoscimento di 

determinate azioni in filmati acquisiti all’interno del contesto abitativo. Questo sistema 

permette di stimare diversi parametri che compongono due dei domini che formano il 

MPI: l’Activities of Daily Living e l’Instrumental Activities of Daily Living. 

L’MPI (Indice Prognostico Multidimensionale) è un indice predittivo di mortalità non 

legato ad una malattia specifica, ampiamente accettato e validato a livello 

internazionale e costruito su dati ottenuti mediante una Valutazione Multidimensionale 

(VMD) del soggetto anziano. 

La soluzione proposta vede la realizzazione di modelli di reti neurali, in particolare di 

Convolutional Neural Networks che vengono allenate su dati ricavati dal dataset 

“Moments in Time”, il quale contiene 1 milione di video di azioni classificate di 3 secondi. 

Moments è un progetto di ricerca supportato dal MIT-IBM Watson AI Lab. 
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1 Introduction 
 

Because of the rising aging of population and overstretched healthcare resources, 

technology-driven healthcare delivery to support independent living has attracted 

increasing amounts of attention both from research as well as from the business 

perspective. 

In this context, the concept of Smart Home emerged as a viable mainstream approach 

to achieve this goal. A Smart Home system is a residential home setting augmented with 

a diversity of multimodal sensors, actuators, and devices along with Information and 

Communication Technologies (ICT)-based services and systems. By monitoring 

environmental changes and inhabitant's activities, an assistive system in a Smart Home 

can process perceived sensor data, make timely decisions, and take appropriate actions 

to assist an inhabitant perform Activities of Daily Living (ADL), thus extending the period 

of time living independently within their own home environment. [1] 

Currently, there are a number of Smart Home projects being developed for the purpose 

of proof-of-concept demonstration in addition to the establishment of systems in real 

living environments. Those projects address simple monitoring scenario to advanced 

forms of assistance. For example, advanced ADL systems intend to provide just-in-time 

activity guidance for elderly people and those suffering from cognitive deficiencies such 

as Alzheimer's disease, in completing their ADLs. 

In all cases, a key task of all those systems is concerned with the ability to recognize ADL 

in a residential context. ADL are basic activities in a typical human life such as “cooking” 

or “cleaning the house”. So an action can be considered like a sequence of primitive 

actions that fulfil a function or simple purpose. 

Along the time, multiple solutions have been proposed to support ADL recognition that 

leverage various kinds of technologies. The problem is inherently multimodal and it 

provides a great baseline to apply AI methods. 

In this thesis we explored the ADL recognition problem by focusing on video-based 

observations. 

Specifically, vision-based human action and activity recognition are becoming 

increasingly relevant among the computer vision community with multiple applications 

including visual surveillance, human-computer interaction, autonomous driving and 

several more. 

Making the recognition from video can be particularly effective in assisted living and 

smart home contexts, as behavioural and lifestyle profiles can be constructed through 

the recognition of ADLs over time. Moreover, starting from visual data, this creates a 
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useful tool for unobtrusive home environment monitoring, doing temporal localization 

of those actions in videos.  

If the system recognizes ADL properly, for instance, it is applicable to nursing services, 

rehabilitation, lifestyle habit improvements and monitoring.  

Action recognition in a residential context presents several challenges. Individuals have 

different lifestyles, habits, or abilities and as such have their own way of performing 

ADLs. Though ADLs usually follow some kind of pattern, there are no strict constraints 

on the sequence and duration of the actions. For example, to prepare a meal one can 

first turn on the cooker and then place a pan on the cooker, or vice versa. The wide 

range of ADLs and the variability and flexibility in the manner in which they can be 

performed require an approach that is scalable to large scale activity modelling and 

recognition. 

In addition, it is of particular interest, as videos of a person's daily life cannot be 

effectively parsed by human operators due to their huge volume and the fact that they 

often contain long segments with uninteresting content. 

This project thesis concentrates in the context mentioned above, focusing on ADL 

recognition task and proposing as a technical solution to the problem the adoption of 

deep learning (machine learning) methods. 

For what is concerned the training material, the availability of various large video 

datasets is playing a key role in the increasing level of interest on vision-based human 

action recognition. In recent years, several new specific datasets have been created for 

action recognition, so there is a variability introduced by various actors performing the 

actions and different modalities of interactions with the environment scenes around the 

actors.  

The use of publicly available datasets has two main advantages. On one hand, they save 

time and resources because there is no need to record new video-sequences or pay for 

them, so it becomes possible to focus on the particular algorithms and implementations 

instead on data generation. On the other hand, the use of the same datasets facilitates 

the comparison of different approaches and gives insight into the abilities of the 

different methods.  

Due to advances in deep learning (machine learning) most of the Computer-Vision 

applications are now using deep learning to get better accuracy. Even then, Computer 

Vision’s low level tasks are being used for image pre-processing, before feeding into 

deep learning networks. 

Next sections provide a more detailed description about the business problem as well 

as about the technical solution designed and developed by this project. 
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1.1 Business problem description 
 

The main business problem that this thesis project focus on, is concerned with the 

design and implementation of a non-invasive system to support the estimate of the 

Multidimensional Prognostic Index (MPI) about an elderly person that lives in its 

residential context.  

In particular, the Multidimensional Prognostic Index (MPI) is a prognostic tool based on 

a standard Comprehensive Geriatric Assessment (CGA) that predicts short- and long-

term mortality in elderly subjects in order to define the severity grade of mortality risk: 

low, moderate and severe.  

The MPI is a derived index based on six commonly used geriatric assessment scales 

exploring cognitive, functional, nutritional and clinical status, as well as on information 

about drugs taken and patient’s social support and was carried out using six 

standardized scales and information on medications and social support network, for a 

total of 63 items in eight domains. 

Its long-term predictive value has been established in the overall hospitalized population 

as well as in older subjects hospitalized for specific clinical conditions including 

pneumonia, dementia, heart and renal failure, and transient ischemic attack. [2] 

Several studies showed that the prognostic accuracy of the aggregated MPI was 

significantly greater than the prognostic accuracy of its individual components 

considered singularly. Thus the multidimensional approach can be successfully used in 

elderly patients for both clinical and administrative purposes. [3] 

It is possible to see an MPI in the Appendix A. 

So, estimating the MPI index is a crucial tool from a geriatric practice perspective. 

According to the geriatric team which I worked with during this thesis project, several 

items of the MPI can be estimated in advance, directly at the patient's home, before 

entering in hospital, and this is crucial to have more effective treatments. 

In this thesis project we focused on two CGA domains such as Activities of Daily Living 

(ADL) and Instrumental Activities of Daily Living (IADL) and trying to estimate them using 

a vision-based action recognition system. 
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1.2 Technical objective of the thesis project 

 
This thesis project designed and developed a solution to the business problem described 

in the previous section that leverages Convolutional Neural Networks (CNNs) to create 

a Deep Learning model that is able to detect different Activities of Daily Living in a non-

invasive way, through the video provided by an RGB camera inside a room in a home 

environment. 

Building a deep learning model capable of doing action recognition based on the 

integration of spatial, temporal and audio components is very complex in terms of 

model construction and necessary resources, so it was decided to create a proof-of-

concept using the videos provided only considering the spatial component without 

taking into account the other 2 components during the deep learning model developing. 

To train the model we leveraged a recent open-source video dataset produced and 

released by the MIT-IBM Watson AI Lab initiative that includes a collection of one million 

labeled 3 second videos, many of them in relation to the actions to be recognized, so 

this data source will be analysed and used. 

To develop deep learning models, multiple approaches were explored and carried on 

during the thesis project.  

Specifically, three different ADL action recognition models was developed: the first using 

an Auto ML (Auto Machine Learning) approach, while the other two using a transfer 

learning approach starting from different pre-trained models. 

For the Auto ML approach, it has been utilized a tool called "NeuNetS" which allows to 

automatically synthesize deep neural network models, by only providing data. This 

allows non-expert users to build neural networks for specific tasks and datasets in a 

fraction of the time would take a more experienced figure. 

Eventually, the thesis project aimed also to build a web-application with a dashboard in 

order to allow users to interact with the model by giving the possibility to upload a video 

and see in real time which Activities of daily living are predicted. 

 

 

 

 

 



11 
 
 

 

1.2      Outline of contents 
 

This thesis is structured as follows: 

 Chapter 2 introduces the datasets used to train Action Recognition models, 

focusing on the “Moments in Time” dataset. It also highlights all data 

management and data pre-processing activities carried on to prepare the 

training dataset.  

 

 Chapter 3 provides an overview of the deep learning technologies that are 

utilized by this thesis to implement the ADL action recognition models. 

 

 In Chapter 4 it is described in details how the training data is retrieved and pre-

processed from the original dataset. 

 

 Chapter 5 reports the deep learning models developed. 

 

 Chapter 6 describes the web-based application interfacing the deep learning 

models developed, by scoring uploaded images and video. 

 

 Chapter 7 provide conclusions and highlights for possible future works. 

 

 The Appendix A shows a Multidimensional Prognostic Index 
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2 Sources of data to train machine learning models 
 

To train the ADL action recognition model we evaluated multiple options and eventually 

ended to select a data sources already ready and validated, because otherwise it would 

have been very time consuming to generate the data. 

This chapter provides a review of the dataset we evaluated and details the “Moment in 

Time” dataset adopted by this project. 

 

 

2.1  Action recognition datasets 
 

There are multiple datasets that can provide a good source of data to train an action 

recognition model that has been released recently. For instance, there are datasets 

about to train model to detect abandoned objects, recognition of activities of daily living 

(ADL), crowd behaviour, detection of human falls, gait analysis, or pose and gesture 

recognition. [4] 

Action recognition task involves the identification of different actions from video clips 

(a sequence of 2D frames) where the action may or may not be performed throughout 

the entire duration of the video. 

 

Figure 1 Examples of classes in a Datasets for Action Recognition [5] 
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This task looks similar to the image classification problem, but in this case, the task is 

extended to multiple frames with further aggregation of the predictions from each 

frame. And we know that after the introduction of the ImageNet [6] dataset, deep 

learning algorithms are doing a pretty good job in image classification, but there are 

several things that turn action recognition into a much more challenging task. This 

includes huge computational cost, capturing long context, and of course, a need for 

good datasets. [5] 

Some of the most popular dataset for Action Recognition are: 

 KINETICS-600 (year 2018) 

It’s a dataset introduced by Google’s DeepMind team. This is a large-scale, high-

quality dataset of YouTube URLs created to advance models for human action 

recognition. Its last version includes around 500,000 video clips that cover 600 

human action classes with at least 600 video clips for each action class which last 

around 10 seconds each. 

 

The clips have been through multiple rounds of human annotation using a single-

page web application for the labeling task, in order to use this signal later during 

model training. 

 

The actions cover a broad range of classes including human-object interactions 

such as playing instruments, arranging flowers, mowing a lawn, scrambling eggs 

and so on. 

 

 Moments in Time (year 2018)  

It is another large-scale dataset, which was developed by the MIT-IBM Watson 

AI Lab. With a collection of one million labeled 3-second videos, it is not 

restricted to human actions only and includes people, animals, objects and 

natural phenomena, that capture the gist of a dynamic scene. 

The dataset has a significant intra-class variation among the categories. For 

instance, video clips labeled with the action “opening” include people opening 

doors, gates, drawers, curtains and presents, animals and humans opening eyes, 

mouths and arms, and even a flower opening its petals. 

 

There are 339 different action classes in the dataset and each video is labeled 

with only one action class. 

 

 Sparsely Labeled ACtions Dataset - SLAC (year 2017) 

It is introduced by the group of researchers from MIT and Facebook. The dataset 

is focused on human actions, similarly to Kinetics, and includes over 520K 

untrimmed videos retrieved from YouTube with an average length of 2.6 
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minutes. 2-second clips were sampled from the videos by a novel active sampling 

approach. This resulted in 1.75M clips, including 755K positive samples and 993K 

negative samples as annotated by a team of 70 professional annotators. 

 

The distinctive feature of this dataset is the presence of negative samples and 

includes 200 action classes taken from the ActivityNet dataset, but is still not 

available for download. 

 

 VLOG (year 2017)  

The VLOG dataset contains 114,000 videos and differs from the previous 

datasets in the way it was collected. The traditional approach to getting data 

starts with a laundry list of action classes and then searching for the videos 

tagged with the corresponding labels. However, such an approach runs into 

trouble because everyday interactions are not likely to be tagged on the Internet. 

The people tend to tag unusual things like for example, jumping in a pool, 

presenting the weather, or playing the harp. As a result, available datasets are 

often imbalanced with more data featuring unusual events and less data on our 

day-to-day activities. 

 

To solve this issue, the researchers from the University of California suggest 

starting out with a superset of what we actually need, namely interaction-rich 

video data, and then annotating and analysing it after the fact. They start data 

collection from the lifestyle VLOGs – an immensely popular genre of video that 

people publicly upload to YouTube to document their lives. 

 

As the data was gathered implicitly, it represents certain challenges for 

annotation. The researchers decided to focus on the crucial part of the 

interaction, the hands, and how they interact with the semantic objects at a 

frame level. Thus, this dataset can also make headway on the difficult problem 

of understanding hands in action. [7] 

 

 Something something (year 2017) 

It is a database of video prediction tasks whose solutions require a common 

sense understanding of the depicted situation, providing detailed physical 

aspects about actions and scenes. The database currently contains more than 

100,000 videos across 174 classes, which are defined as caption-templates.  
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2.1.1  Dataset specialized in Activities of Daily Living 
 

Wanting to deepen the search for datasets for action recognition, and in particular for 

the ADL, we come across three main types of datasets, which contains: 

 data retrieved from sensors, for example acceleration data coming from a wrist-

worn wearable device or using a wireless sensor network, with the associated 

label that expresses the action performed [8] [9] 

 videos taken in first-person camera views [10] 

 videos acquired by a camera in a certain position in the room [11] 

In all these cases, the specific datasets for the recognition of the ADL are very specific 

for the objective to be achieved. 

Since the environment and the subjects taken as end-user in this thesis are very different 

from each other, there is the needs to have a set of actions that is varied in order to 

generalize as much as possible, the “Moments in Time dataset” was therefore the best 

candidate to support our specific need. 

 

 

 

 

2.1.2 The “Moments in Time” dataset 
 

The “Moments in Time” dataset is a large-scale human-annotated collection of one 

million short videos corresponding to dynamic events unfolding within three seconds, 

developed by the MIT-IBM Watson AI Lab. 

Temporal events of such length correspond to the average duration of human working 

memory, which is a short-term memory-inaction buffer specialized in representing 

information that is changing over time. Additionally, three seconds is a temporal 

envelope which holds meaningful actions between people, objects and phenomena (e.g. 

wind blowing, objects falling on the floor, shaking hands, playing with a pet, etc.). 

Compound activities that occur at longer time scales can be represented by sequences 

of three second actions. 

This dataset, designed to have a large coverage and diversity of events in both visual and 

auditory modalities, can serve as a new challenge to develop models that scale to the 

level of complexity and abstract reasoning that a human processes on a daily basis. 
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The dataset has a significant intra-class variation among the categories. For instance, 

video clips labeled with the action “opening” include people opening doors, gates, 

drawers, curtains and presents, animals and humans opening eyes, mouths and arms, 

and even a flower opening its petals.  

 

 

Figure 2 Intra-class variation among the categories. For example, car engines, books, 
and tulips can all open. [12] 

 

The action classes in Moments in Time dataset are chosen such that they include the 

most commonly used verbs in the English language, covering a wide and diverse 

semantic space. So, there are 339 different action classes in the dataset and each video 

is labeled with only one action class. [12] 

It is not restricted to human actions only and includes people, animals, objects and 

natural phenomena, that capture the gist of a dynamic scene. it is important to consider 

that visual and auditory events can be symmetrical in time ("opening" is "closing" in 

reverse), and either transient or sustained. Nevertheless, this thesis is considering 

mostly data related to people because the end-user are elderly people and the video is 

pre-processed in order to extract a frame that convey the action, so only the spatial 

component is taken into account, without considering the temporal and auditory parts.  
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2.2 Video pre-processing 
 

Given the dataset, it is common to come across lots of raw data which is not fit to be 

readily processed by machine learning algorithms. We need to pre-process the raw data 

before it is fed into various machine learning algorithms.  

While doing any kind of analysis with data it is important to clean it, as raw data can be 

highly unstructured with noise or missing data or data that is varying in scales which 

makes it hard to extract useful information. Data Preprocessing is the process of 

preparing the data for analysis. This is the first step in any machine learning model. 

 

 

Figure 3  Data preprocessing is nothing but the readying of data for experimentation, 
transforming raw data for further processing [13] 

 

For achieving better results from the applied model in Machine Learning projects the 

format of the data has to be in a proper manner. Some specified Machine Learning 

model needs information in a specified format, for example, Random Forest algorithm 

does not support null values, therefore to execute random forest algorithm null values 

have to be managed from the original raw data set. 

Having in this case the dataset downloaded on the PC, a way of interacting with the files 

in filesystem is necessary. One of the widely used programming languages in order to 

do that is Python.  

Python is a general-purpose high level programming language that is widely used in data 

science and for producing deep learning algorithms, mainly because is an interpreted, 

dynamically-typed language with a precise and efficient syntax. 
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In chapter 4 the code that performs the described part will be shown in more detail, 

using Python library as: 

 MoviePy for video editing, which can be used for basic operations (like cuts, 

concatenations, title insertions), video compositing (a.k.a. non-linear editing), 

video processing, or to create advanced effects. 

 OpenCV (Open Source Computer Vision Library) is an image and video processing 

library available in different high level programming languages which includes 

several hundreds of computer vision algorithms.  

It is used for all sorts of image and video analysis, like facial recognition and 

detection, license plate reading, photo editing, advanced robotic vision, optical 

character recognition, and a whole lot more.  

 os is an inbuilt python package that allows the interaction with files in the 

computer, providing a portable way of using operating system dependent 

functionality. It can be used to display content in directories, create new folders 

and even delete folders 

 

Another very powerful tool used is FFmpeg (fast forward MPEG), which is not a python 

library, but it is a free software project consisting of a vast software suite of libraries and 

programs for handling video, audio, and other multimedia files and streams. It is 

designed for command-line-based processing of video and audio files. It has to be 

invoked in python via os.system, because this allows to execute shell commands. 
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3 Technology overview 
 

This chapter will cover the concepts, theories and technologies that will be referred to 

further in this thesis. First of all, deep learning will be introduced, analysing the types of 

networks that will be used in the models. Afterwards an overview of the computational 

resources necessary for the creation of deep learning models will be provided. Then an 

IBM Cloud tool that allows non-expert users to build neural networks is introduced. 

Finally, the Python library “Flask” that allows to create web-applications will be 

described.  

 

 

 

3.1 Deep Learning and neural networks 
 

Deep learning is a collection of algorithms involved in machine learning, used to model 

high-level abstractions in data through model architectures, which are composed of 

multiple nonlinear transformations. It is part of a broad family of methods employed 

for machine learning that are based on learning representations of data. 

 

 

Figure 4 Since an early flush of optimism in the 1950s, smaller subsets of artificial 
intelligence – first machine learning, then deep learning, a subset of machine learning – 

have created ever larger disruptions. [14] 
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Most deep learning methods use neural network architectures, which are considered 

highly promising decision-making nodes. 

To make sense of observational data (like photos or audio), neural networks pass data 

through interconnected layers of nodes. When information passes through a layer, each 

node in that layer performs simple operations on the data and selectively passes the 

results to other nodes. Each subsequent layer focuses on a higher-level feature than the 

last, until the network creates an output.  

 

 

Figure 5 Basic structure of a Neural Network 

 

The term “deep” usually refers to the number of hidden layers in the neural network. 

Traditional neural networks only contain 2-3 hidden layers, while deep networks can 

have as many as 150. [15] 

Between the input layer and the output layer there are several hidden layers. And here’s 

where users typically differentiate between neural networks and deep learning: a basic 

neural network might have one or two hidden layers, while a deep learning network 

might have dozens or even hundreds. For example, a simple neural network with a few 

hidden layers can solve a common classification problem. Increasing the number of 

layers and nodes can potentially increase the accuracy of your network. However, more 

layers means your model will require more parameters and computational resources 

and is more likely to become overfit. 
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Figure 6 The data scale versus the model performance. 

Another key difference is deep learning algorithms scale with data, so they often 

continue to improve as the size of your data increases, whereas shallow learning 

converges. Shallow learning refers to machine learning methods that plateau at a certain 

level of performance when you add more examples and training data to the network.  

Deep learning models are trained by using large sets of labeled data. The more data you 

train it on, the more accurate your deep learning model will be. Training means that 

you’re feeding data to the model, getting an output, and then using that output to make 

adjustments. For example, if a model is trained on a bunch of pictures of cats and then 

feed it new cat photos it has never seen before, it should be able to pick out the cats in 

the new photos. If it doesn’t, you can change the way the network’s nodes are weighing 

certain characteristics of the images (the presence of whiskers and a tail, for instance). 

Weight, in this case, is a number that represents the importance of a characteristic. The 

higher the weight, the higher the influence that characteristic has on the nodes. 

But how did the model even know to look for whiskers? Typically, a data scientist will 

engineer features for the model to consider and feed it labeled data during the training 

process (e.g., a series of labeled photos of cats). But one of the amazing thing about 

deep learning is that you don’t necessarily have to complete this step.  

A machine learning workflow starts with relevant features being manually extracted 

from data in order to create the model. With a deep learning workflow, features are 

directly learnt from the data without the need for manual feature extraction. In addition, 

deep learning performs “end-to-end learning” – where a network is given raw data and 

a task to perform, such as classification, and it learns how to do this automatically. 
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Figure 7 In machine learning, you manually choose features and a classifier to sort 
images. With deep learning, feature extraction and modelling steps are automatic. 

 

Deep learning removes the manual identification of features in data and, instead, relies 

on whatever training process it has in order to discover the useful patterns in the input 

examples. This makes training the neural network easier and faster, and it can yield a 

better result that advances the field of artificial intelligence. 

Deep learning is a key technology behind driverless cars, enabling them to recognize a 

stop sign, or to distinguish a pedestrian from a lamppost. It is the key to voice control in 

consumer devices like phones, tablets, TVs, and hands-free speakers. Deep learning is 

getting lots of attention lately and for good reason: it’s achieving results that were not 

possible before, because models can now achieve state-of-the-art accuracy, sometimes 

exceeding human-level performance.  
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3.1.1 Convolutional Neural Networks 

 
One of the most popular types of deep neural networks is known as Convolutional 

Neural Networks (CNN or ConvNet). A CNN convolves learned features with input data, 

and uses 2D convolutional layers, making this architecture well suited to processing 2D 

data, such as images. 

Convolution is a mathematical operation on two functions, here referring to an 

operation between two matrices. The convolutional layer has a fixed small matrix 

defined, also called kernel or filter. As the kernel is sliding, or convolving, across the 

matrix representation of the input image, it is computing the element-wise 

multiplication of the values in the kernel matrix and the original image values. Specially 

designed kernels can process images for common purposes like blurring, sharpening, 

edge detection and many others, fast and efficiently. 

CNN is a type of feed-forward artificial neural networks, in which the connectivity 

pattern between its neurons is inspired by the organization of the visual cortex system: 

 The primary visual cortex (V1) does edge detection out of the raw visual input 

from the retina.  

 The secondary visual cortex (V2), also called prestriate cortex, receives the 

edge features from V1 and extracts simple visual properties such as 

orientation, spatial frequency, and colour.  

 The visual area V4 handles more complicated object attributes. All the 

processed visual features flow into the final logic unit, inferior temporal gyrus 

(IT), for object recognition.  

 The shortcut between V1 and V4 inspires a special type of CNN with 

connections between non-adjacent layers: Residual Net (He, et al. 2016) 

containing “Residual Block” which supports some input of one layer to be 

passed to the component two layers later. 

 

Figure 8 Illustration of the human visual cortex system [16] 
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Convolutional Neural Networks have a different architecture than regular Neural 

Networks. Regular Neural Networks transform an input by putting it through a series 

of hidden layers. Every layer is made of a set of neurons, and each layer is fully 

connected to all neurons in the layer before. Finally, there is a last fully-connected 

layer — the output layer — that represent the predictions. 

Convolutional Neural Networks are a bit different. First of all, the layers are organised 

in 3 dimensions: width, height and depth. Further, the neurons in one layer do not 

connect to all the neurons in the next layer but only to a small region of it. Lastly, the 

final output will be reduced to a single vector of probability scores, organized along the 

depth dimension. 

CNNs eliminate the need for manual feature extraction, so it is not needed to identify 

features used to classify images. The CNN works by extracting features directly from 

images. The relevant features are not pre-trained; they are learned while the network 

trains on a collection of images. This automated feature extraction makes deep 

learning models highly accurate for computer vision tasks such as object classification. 

 

 

Figure 9 Example of architecture of a CNN 

Convolutional and pooling (or “sub-sampling” in Fig. 4) layers act like the V1, V2 and V4 

visual cortex units, responding to feature extraction. The object recognition reasoning 

happens in the later fully-connected layers which consume the extracted features. 

CNNs learn to detect different features of an image using tens or hundreds of hidden 

layers. Every hidden layer increases the complexity of the learned image features. For 

example, the first hidden layer could learn how to detect edges, and the last learns 

how to detect more complex shapes specifically catered to the shape of the object we 

are trying to recognize. 
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3.1.2 PyTorch and Keras 
 

With the increasing demand in the field of Data Science, there has been an enormous 

growth of Deep learning technology in the industry. 

PyTorch and Keras are both very powerful open-source tools in Deep Learning 

framework. These are some of the favourites among Data Scientists as well as 

beginners in the field of Deep Learning and both frameworks have gained quite a lot of 

popularity. 

 Keras is a high-level API capable of running on top of TensorFlow, CNTK, Theano, 

or MXNet. Since its initial release in March 2015, it has gained favour for its ease 

of use and syntactic simplicity, facilitating fast development. Keras has a simple 

architecture and it is designed to enable fast experimentation with deep neural 

networks. It’s supported by Google. 

 

 PyTorch, released in October 2016, is a lower-level API focused on direct work 

with array expressions. It has gained immense interest in the last year, becoming 

a preferred solution for academic research, and applications of deep learning 

requiring optimizing custom expressions. It’s supported by Facebook. 

 

There is no absolute answer to which one is better. The choice of the framework usually 

depends on: Technical background, Requirements and Ease of Use. 

Keras is most suitable for: making readable code, Rapid Prototyping, Small Dataset, 

Multiple back-end support 

PyTorch is most suitable for: Flexibility, Short Training Duration, Debugging capabilities, 

high performance models and large datasets that require fast execution. 

 

Keras is without a doubt the easier option if you want a plug & play framework: to 

quickly build, train, and evaluate a model, without spending much time on mathematical 

implementation details. 

Knowledge of the core concepts of deep learning is transferable. Once you master the 

basics in one environment, you can apply them elsewhere and hit the ground running 

as you transition to new deep learning libraries. 
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3.1.3 “Moments in Time” pre-trained models 
 

When the dataset “Moments in Time” was published, the researchers included baseline 

results of several known models trained and tested on the dataset, addressing 

separately, and jointly, three modalities: spatial, temporal and auditory. 

To do so they generate a training set of 802,264 videos with between 500 and 5,000 

videos per class for 339 different classes and evaluate performance on a validation set 

of 33,900 videos with 100 videos for each class. They additionally withhold a test set of 

67,800 videos consisting of 200 videos per class which will be used to evaluate 

submissions for an action recognition challenge held at CVPR'18 jointly with the 

ActivityNet Challenge 2018. 

Top-1 and top-5 classification accuracy was used as the scoring metrics. Top-1 accuracy 

indicates the percentage of testing videos for which the top confident predicted label is 

correct. Top-5 accuracy indicates the percentage of the testing videos for which the 

ground-truth label is among the top 5 ranked predicted labels. This is appropriate for 

video classification as videos may contain multiple actions. 

For the spatial modality, an experiment was made with a 50 layer resnet (Resnet50) 

trained on randomly selected RGB frames from each video with networks trained from 

scratch, initialized on a scene dataset called Places, and initialized on ImageNet. In the 

testing phase, an average of the predictions from 6 equi-distant frames was taken. 

Among these models the best in terms of accuracy is the one trained after being 

initialized on ImageNet (dataset that contains about 1.4 million labeled images and 1000 

different categories including animals and everyday objects), which reach a 27.16% top-

1 accuracy and a 51.68% top-5 accuracy, by only considering the spatial component. 

This pre-trained model based on CNNs has been published on GitHub with some sample 

Python scripts which are using the PyTorch framework because the model was trained 

using that framework. This model is used for the creation of one of the action 

recognition model presented in this thesis. [17]  
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3.1.4 Transfer Learning 
 

To train a deep network from scratch, for example an Image classifier that will achieve 

near or above human level accuracy on Image classification, a massive amount of data 

is needed, large compute power, and lots of time on hands (days or weeks). 

So due to time restrictions or computational restraints, it’s not always possible to build 

a model from scratch which is why pre-trained models exist. Pre-trained model can be 

used as a benchmark to either improve the existing model, or test another model against 

it. Several researchers built models, trained on large image datasets like ImageNet, 

COCO, Open Images, and decided to share their models to the general public for reuse. 

Transfer learning It is a popular approach in deep learning where a model developed for 

a task is reused as the starting point for a model on a second task. This has the advantage 

of needing much less data (e.g. processing thousands of images, rather than millions), 

so computation time drops to minutes or hours. 

 

Figure 10   A neural network learns to detect objects in increasing level of 
complexity. 

 

Transfer learning works for Image classification problems because Neural Networks 

learn in an increasingly complex way. In fact, going deeper in the network the more 

image specific features are learnt. For example, in a neural network trying to detect 

faces, it was noticed that the network learns to detect edges in the first layer, some basic 

shapes in the second and complex features as it goes deeper.  

A typical CNN has two parts: a “Convolutional base” which is generating features from 

the image and a “Classifier”, which classifies the image based on the detected features. 



28 
 
 

 

Applying the transfer learning approach starting from a pre-trained model leads to 

removing the original classifier and adding a new classifier that fits the purposes, then 

depending on data size and similarity between models, it is possible to adjust how much 

of CNN convolutional base to train by freezing certain layers, according to prevents its 

weights from being modified or not. There are three possibilities in order to fine-tune 

the model:  

 Train the entire model: using the architecture of the pre-trained model and train 

it according to your dataset. You’re learning the model from scratch, so you’ll 

need a large dataset (and a lot of computational power). 

 

 Train some layers and leave the others frozen: choosing how much to adjust the 

weights of the network. Usually, if there is a small dataset and a large number of 

parameters, it is advisable leave more layers frozen to avoid overfitting. By 

contrast, if the dataset is large and the number of parameters is small, it is 

advisable to train more layers to the new task since overfitting is not an issue. 

 

 Freeze the convolutional base: so the pre-trained model is used as a fixed feature 

extraction mechanism, which can be useful if there is limited computational 

power, the dataset is small, and/or pre-trained model solves a problem very 

similar to the one to solve.  

 

 

Figure 11  Fine-tuning strategies 

 

In case of working on convolutional base it’s required to be careful with the learning rate 

used, because is a hyper-parameter that controls how much to adjust the weights of the 

network. Using a pre-trained model based on CNN, it’s smart to use a small learning rate 

because high learning rates increase the risk of losing previous knowledge. Assuming 
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that the pre-trained model has been well trained, which is a fair assumption, keeping a 

small learning rate will ensure that you don’t distort the CNN weights too soon and too 

much. [18] 
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3.1.5 GPU in Deep Learning 
 

A GPGPU (General-Purpose computing on Graphics Processing Units) is a parallel 

programming setup involving GPUs & CPUs which can process and analyse data in a 

similar way to image or other graphic form. GPGPUs were created for better and more 

general graphic processing, but were later found to fit scientific computing well. This is 

because most of the graphic processing involves applying operations on large matrices. 

The use of GPGPUs for scientific computing started back in 2001 with implementation 

of Matrix multiplication. At this time, researchers had to code every algorithm on a GPU 

and had to understand low level graphic processing, but in 2006, NVidia came out with 

a high level language CUDA, which helps writing programs from graphic processors in a 

high level language. This was probably one of the most significant change in the way 

researchers interacted with GPUs. [19] 

Deep learning is a field with intense computational requirements: with no GPU this 

might look like months of waiting for an experiment to finish, or running an experiment 

for a day or more only to see that the chosen parameters were off and the model 

diverged. With a good, solid GPU, one can quickly iterate over designs and parameters 

of deep networks, and run experiments in days instead of months, hours instead of days, 

minutes instead of hours.  

In order to train a deep learning model, two main operations have to be performed:  

 Forward pass: in which the input is passed through the neural network and after 

processing the input, an output is generated.  

 Backward pass: for updating the weights of neural network on the basis of error 

got in forward pass. 

Both of these operations are essentially matrix multiplications. 

For example, the architecture VGG16 (a convolutional neural network of 16 hidden 

layers which is frequently used in deep learning applications) has around 140 million 

parameters (weights and biases). So considering all the required matrix multiplications 

in order to pass just one input to this network, it would take years to train this kind of 

systems using traditional approaches. GPU allows to do all the operations at the same 

time instead of doing it one after the other. This is why is preferred instead of a CPU 

(central processing unit) for training a neural network. 
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3.2 GPU in Cloud – Google Colab and Kaggle Kernel 
 

One of the biggest hurdles of democratizing deep learning has been the need of a GPU 

accelerated environment. If we want to spend our time efficiently testing and learning 

across problem statements, we need to have GPUs in our machine or in a GPU based 

server. But these GPU based environments across platforms (Google Cloud Platform, 

AWS, Azure, …) cost at least around 0.5 dollars per hour and often the training phase 

requires the processing of large amounts of data using high-end GPU clusters for many 

hours, so the costs can be really high. 

Google has two products called Colab and Kaggle kernel which offer a free Jupyter 

notebook environment that requires no setup and runs entirely in the cloud, providing 

a free GPU usage. This services support Python and all major libraries are pre-installed 

and ready to be imported. It’s also possible to share Jupyter notebook among each other 

without having to download, install, or run anything other than a browser.  

Not only is this a great tool for improving your coding skills, but it also allows absolutely 

anyone to develop deep learning applications using popular libraries such as PyTorch, 

TensorFlow, Keras, and OpenCV. Those libraries are always updated, as well as the 

computational resources, in fact as of early March 2019, Kaggle has upgraded its GPU 

chip from a NVidia Tesla K80 to a NVidia Telsa P100, so for example image classification 

task can train definitely faster. Colab still gives a K80. 

So working with an intensive PyTorch project, it could be worth developing on Kaggle to 

receive a speed boost. [20] 

Both Colab and Kaggle are great resources to start deep learning in the cloud, other 

few differences are: 

 Colab provides more flexibility to adjust your batch sizes 

 Kaggle offer an execution time of maximum 6 hours, while Colab 12 hours. 

After this time the session restarts. 

 Colab stores notebooks in Drive. Kaggle stores notebooks in its own data store. 

Sharing and commenting in Colab Drive notebooks work like Docs. 

 Tensor Processing Unit (TPU) are available only in Colab 

 Colab supports loading and saving notebooks in GitHub, instead Kaggle has its 

own versioning system. 

 Kaggle supports preloaded data sets. In Colab, data sets need to be loaded 

from somewhere else like Drive or Google Cloud Storage. 

 Colab supports local Jupyter backends running on your local machine or GCE / 

AWS Virtual Machines. Kaggle execution all happens on Kaggle service 

backends. 
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3.3 IBM Watson OpenScale – NeuNetS 
 

NeuNetS is an automated Neural Network Synthesis engine for custom neural network 

design that is available as part of IBM’s AI OpenScale’s product since December 2018. 

NeuNetS is available for both Text and Image domains and can build neural networks 

for specific tasks in a fraction of the time it takes today with human effort, and with 

accuracy similar to that of human-designed AI models. 

Every business has unique challenges to solve, and the range of use-cases for AI is 

constantly expanding. While pre-built AI models exist for certain scenarios, to try and 

meet the constraints that are unique to each application, AI teams will need to think 

about developing custom AI models of their own.  

Artificial neural networks are arguably the most powerful tool currently available to 

data scientists and businesses. However, only a small proportion of data scientists 

have the skills and experience needed to create a neural network from scratch, and 

the demand far exceeds the supply. As a result, getting a new neural network that is 

architecturally custom designed to meet the needs of that application, even to the 

proof-of-concept stage, requires a level of investment that most enterprises struggle 

to afford.  

NeuNetS helps reduce the complexity and skills required to build AI models by 

automatically designing the architecture of neural networks for a given data, making 

data scientists more productive and enabling them to scale AI across their workflows.  

Overall, NeuNetS has two main stages:  

 Coarse-grained synthesis automatically optimizes and determines the overall 

architecture of the network: How many layers there should be, how they are 

connected, different architectural features like convolution layers and so on.  

 

 The unique and novel step of fine-grained synthesis enables NeuNetS to take a 

deeper dive into each layer and optimizes the individual neurons and 

connection. For example, what kind of convolution filter should be applied, and 

which neurons and edges should be optimized. One of the critical 

breakthroughs that have enabled this capability is a very high-fidelity approach 

to performance estimation, which allows to bypass real-time training and 

analysis and design neural networks automatically in a matter of hours 

compared to the weeks or months that it might take a data scientist to train 

and optimize the AI model.  
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The data science teams can then further fine tune the model, leading to greater 

productivity and cost-efficiency. NeuNetS is a novel tool for augmenting human 

expertise with powerful, AI-driven optimization capabilities. 

NeuNetS runs on a fully containerized environment deployed on the IBM Cloud with 

Kubernetes. The architecture is designed to minimize human interaction, automate 

user workload, and improve over usage. Users do not need to write code or have 

experience with existing deep learning frameworks: Everything is automated, from the 

dataset ingestion and pre-processing, to the architecture search training and model 

deployment.  

The NeuNetS algorithm portfolio includes enhanced versions of recently published 

works, for o addressing fundamental problems such as dataset generality and 

performance scalability. Such as: 

 TAPAS is an extremely fast neural-network synthesizer, performing close to 

transfer-learning approaches by relying on pre-generated ground-truth and 

smart prediction mechanisms. [21] 

 

 NCEvolve synthesizes top-performant networks, minimizing the amount of 

training time and resource needs. [22] 

 

 HDMS combines an improved version of hyperband with reinforcement 

learning to synthesize networks tailored for the less common datasets.  

 

 Fine-grain synthesis engine uses an evolutionary algorithm for building custom 

convolution filters, leading to low-level fine-tuning of the neural architecture. 

 

So the user has only to upload the data in order to make image or text classification, 

then the whole process is automatic. NeuNetS leverages existing IBM assets, such as 

DLaaS, HPO, and Watson Machine Learning (WML). Neural Networks models are 

synthesized on the latest generation NVIDIA® Tesla® V100 GPUs. 

NeuNetS algorithms are designed to create new neural network models without re-

using pre-trained models. So a wide space of network architecture configurations is 

explored and at the same time the model is fine-tuned for the specific dataset 

provided by the user. 

When the synthesis finish, the user can see statistics on the uploaded data and the 

confusion matrix. Furthermore, it’s possible to download a Keras pre-trained model or 

deploying it to Watson Machine Learning in order to interact with the model through 

an API REST. 
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3.4 Flask Web-Application with Python  
 

For building dynamic websites, one of the important and the most frustrating tasks is 

choosing a web framework. There are more than thousands of web frameworks in 

several programming languages, usually based on different use cases.  

A web framework (WF) or web application framework (WAF) is a software framework 

that is designed to support the development of web applications including web services, 

web resources, and web APIs. 

Flask is a micro level web framework written in Python. It is classified as a 

microframework because it does not require particular tools or libraries. It has no 

database abstraction layer, form validation, or any other components where pre-

existing third-party libraries provide common functions. However, Flask supports 

extensions that can add application features as if they were implemented in Flask itself. 

Extensions exist for object-relational mappers, form validation, upload handling, various 

open authentication technologies and several common framework related tools. 

Extensions are updated far more regularly than the core Flask program. In fact, it’s built 

with a small core and easy-to-extend philosophy. 

Flask is based on Werkzeug (Utilities and Requests), Jinja2 (Templating). 

Pros — Flask provides extreme simplicity, flexibility and fine-grained control. It 

implements bare-bones and leaves the rest of the customization to add-ons or the 

developers. Routing URLs is simple. Required database connections can be synced 

explicitly. It’s easier to learn and implement and hence could be a good starting point 

for all the people out there who’re craving to start their web development journey. 

Cons — Non-Asynchronous. Lack of database and ORM (Object Relational Mapping — It 

is a programming technique in which a metadata descriptor is used to connect object 

code to a relational database). But it does support MySQL, PostgreSQL, MongoDB and 

other few databases and based on the use case we need to choose the most suitable 

database. 

Finally, Flask is one of the best choice in order to start from the scratch and for building 

minimalistic web applications. Using Flask is possible to integrate Python based machine 

learning algorithms within the functions with ease for making applications more 

intelligent and cognitive.  

This web framework is widely used to build: blogs, chats, dashboards, REST applications 

and so more. As a matter of fact, applications that use the Flask framework include 

Pinterest, LinkedIn, and the community web page for Flask itself.  
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It makes the process of designing a web application simpler. Flask lets us focus on what 

the users are requesting and what sort of response to give back. [23] 
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4 Building Training & test dataset for the ADL recognition task 
 

In order to build a good deep learning model that is able to recognize actions, it is very 

important to provide the right data during training. Otherwise, if the whole process 

starts with incorrect data, the model will also be incorrect. 

For this thesis the dataset "Moments in Time" is used as a source of data to work on, 

because the actions to be identified are represented by many videos and above all the 

majority of these are very similar to videos that would have been filmed within a home. 

Furthermore, since the model will take into account the spatial component, without 

considering the temporal and audio component, frames from the videos will be 

extracted. "Moments in Time" is well suited to this because the action is short and 

usually present during all 3 seconds, so it is quite easy to extract a meaningful frame 

with respect to what could be working with video of variable length. 

During this phase the possibility of adding a class that was not present in the "Moments 

in Time" dataset was taken into consideration, for example the action of “setting the 

table”. This would have involved the need to recover a few hundred videos showing the 

action "set the table", so it was chosen not to invest time in generating the data source 

for a class but to use only the classes within "Moments in Time" because each one 

contains at least a few thousand videos. 

 

 

 4.1 Selection of classes 
 

The "Moments in Time" dataset contains 339 classes, some of which describe very 

generic actions such as working and pulling, while others are fairly specific such as 

surfing and hammering. 

There are actions within "Moments in time" such as opening, closing, jumping that make 

sense only if the frames are also evaluated on the time component: for example, by 

analysing a single frame it is not possible to understand if a door is opening or by closing, 

or if a man is walking or standing. So these classes were discarded a priori during this 

project because they would need another type of model. 

The same kind of reasoning was applied to the classes of action for which the audio 

component is fundamental, such as those that identify whether a man or a woman is 

talking, shooting or knocking. 
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4.1.1 Matching the Multidimensional Prognostic Index (MPI) with the 

“Moments in time” classes 
 

Since in this project we want to estimate action in order to create a support system for 

the compilation of the MPI, a first analysis was carried out to try to identify which are 

the relevant classes for the domains of MPI and then generate the training and test 

dataset starting from those classes. 

In order to do that, all the classes of “Moments in Time” were listed in a simple excel file 

and then for each element were provided: 

 the Italian translation, generated using Google Translate and considering the 

first translation, to facilitate a quick reading at the time of consulting the 

spreadsheet. 

 

 if the action falls within a residential context, both in an indoor or outdoor 

environment. 

 

 if the action could trigger an alert because it is a dangerous situation. This was 

done only to identify actions that future developments could also integrate for 

the alert. 

 

 Finally, if that the action must be taken into consideration because it is useful 

for compiling the MPI. 

 

 

Figure 12 A screenshot of the created excel. 
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Starting from this overall vision, a filter has been applied over the classes that are 

relevant for estimate items of the MPI. Subsequently, it emerged that some of these 

classes can be merged in order to generate a larger set of data and avoid errors given 

by the wrong prediction got by the similarity of some actions. 

Consequently, it was decided to represent the categories resulting from the union of 

several categories with a simple and explanatory name. For example, the union of 

dusting, mopping and vacuuming has been called "housekeeping", in fact the section 

“E” of the IADL has this name. 

 

 

Figure 13 The filtered categories were merged if the action was similar. 

 

As it can be notice all these actions are related to only two of the eight domains, the 

Activities of Daily Living (ADL) and the Instrumental Activities of Daily Living (IADL). 

This because the remaining domains have elements for which the recognition of 

actions through video fails to be supportive. Such as body measurements, questions 

about how the patient health or the ability to answer or not to personal questions. 

At the end 11 categories were selected on which to build the model: calling, cooking, 

eating, dressing, drinking, housekeeping, reading-writing, sewing, smoking, socializing, 

standing. 
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4.2 Pre-processing 
 

Once the classes have been chosen it is necessary to retrieve the data. To do this, 

different Python scripts were needed in order to deal with: interaction with the zip file 

that contains the data, interaction with the filesystem (moving and saving files), 

interaction with the video and interaction with the images. 

Several scripts have been created, each with a specific function, which together form a 

pre-processing pipeline. In this way it is possible to vary parameters (such as the list of 

categories to be extracted) without affecting the operation of the others and ensuring 

modularity between the various scripts. 

 

 

 

 

4.2.1 Video extraction 
 

After filling out a form relating to the “Terms of use” on the website where is possible 

to download the dataset “Moments in Time”, what is obtained is a zip file of around 

75.5GB which contains within the training and validation folders, both containing 339 

folders that correspond to the folders that contain the videos for that class. 

Working with a zip file of that size on a laptop is not comfortable because of the size 

that would become more than double if everything was extracted, so the first script 

performs the extraction only of the classes listed in a file, using the Python’s zipfile 

module for performing the extraction. 

In fact, the list generated in column A of the excel in Figure 13 is fundamental in this 

phase, because it is copied and inserted in the file to which the script refers to know 

which classes to extract.  

Then, the folders extracted from the training and test of the zip file are merged into a 

single folder because the split will be made directly inside the code later. 
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4.2.2 Video resizing and splitting 
 

All the videos extracted from the “Moments in Time” dataset have the same 

specifications, they are: in .mp4 format, large 256x256, at 30fps (frames per second) and 

3 seconds long. 

As was anticipated at the beginning of chapter 4, the possibility of adding a new class 

was taken into consideration, by downloading the videos from external sources. So it 

was necessary to pre-process videos to get them to have the same specifics of the video 

taken from moments. 

 

Figure 14 Script that execute the ffmpeg command over all files in a folder 

 

The script in Figure 14, using ffmpeg to scale the video to a size of 256x256 keeping the 

proportions, placing the video in the centre of the dial and putting a black band padding 

in case it is necessary. 

 

 

Figure 15     Avoiding image distortion by maintaining the original ratio 
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Videos obtained from external sources can have variable length, usually greater than 3 

seconds. In trying to generate data for a new class, it was necessary to keep only 3-

seconds videos that correctly express that action. For example, in a video of a few tens 

of seconds it is possible that during a scene change a few seconds pass without that 

action having occurred. The following script took care of reading the duration of the 

video and dividing it into 3-seconds chunks, so after it is possible to manually intervening 

to decide which chunk to discard.  

 

 

Figure 16   Split videos into 3-seconds chunks 
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4.2.3 Frame extraction 
 

Now that the videos have all been standardized with the same specifications, frames 

can be extracted more easily from them. At this point, a set of 18 folders corresponding 

to the classes selected in column A of Figure 13, each of which contains all the videos of 

the actions belonging to that category. 

The purpose of the following script is to replicate the structure of the folders and insert 

within these the frames extracted from each video. Inside the code we wanted to leave 

parameterized the possibility of choosing which frames to extract from the video. 

We initially evaluated the possibility of extracting the frames evenly spaced at 25%, 50%, 

and 75% of the video duration, following the approach described in the" Moments in 

Time" papers in chapter 3.4 [12]. 

But since the extracted frames became too many if all 3 were kept and above all they 

were very similar between themselves, it was decided to continue by extracting only the 

central frame, the one at 50% of the duration of the video. The choice to take only the 

central frame comes from an observation of when the frames were extracted at 25%, 

50%, 75%. In fact, in most cases the middle frame was generally the most representative 

of the action. 

It will be explained in the following chapter how it was assessed whether the frame was 

representative of the action and therefore could be considered, or vice versa was a 

useless data. 
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Figure 17 Frames extraction using OpenCV Python library 

 

The position in which to extract the frame is determined considering the number of 

frames in the video, ensuring to be as precise as possible. The solution accepts a variable 

number of percentages in the frames_to_extract variable. 
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4.2.4 Manual data cleaning 
 

After extracting frames from the videos and merging some classes as foretold in chapter 

4.1.1, it is necessary to get an idea of how the images are distributed inside folders. 

Using a simple script, taking in input the root folder that contains all the class-folders 

with the related videos, the list of classes is shown with the number of videos present 

and some statistics related to folders. 

 

 

Figure 18   A brief overview of stats in folders 

 

As can be seen in Figure 18, the number of videos is very varied among the classes 

formed, the class with the highest number of videos is about 9 times the one with the 

least number of elements. 

It is possible to say that dataset is currently unbalanced, so the classic approaches can 

be used to bridge this gap, such as: 

 collecting more data for the classes that have less 

 doing oversampling, by randomly increase the number of observations which are 

just copies of existing samples. This ideally gives us sufficient number of samples 

to play with, but may lead to overfitting to the training data 

 doing undersampling, by randomly delete the class which has sufficient 

observations so that the comparative ratio of two classes is significant in our 

data. Although this approach is really simple to follow but there is a high 
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possibility that the data that we are deleting may contain important information 

about the predictive class. 

 Doing data augmentation, so generating new data by flipping, rotating, scaling, 

cropping, translating, adding Gaussian noise the original data, or even using 

Advanced Augmentation Techniques as Conditional GANs [24] 

But there is another problem, probably more relevant than that of the number of data, 

that is the one related to data quality. 

In fact, many of the videos that were extracted are not representative of the action 

within the defined type of problem, that is the action recognition to estimate the ADL 

of an elder person inside a home. 

For example: 

 among the videos of the "smoking" action there were also erupting volcanoes, 

smoke coming out of pans during cooking or fires that produced a lot of smoke. 

 the “feeding” videos also showed an animal eating grass, or a bird feeding small 

birds. 

 some extracted frames are not representative of the action because the 

extracted instant in the middle of the video showed an object but not the action, 

or just a scene change or even a black screen 

 

In order to deal with those problems, it was decided to create a script that is supportive 

in the data cleaning phase, it consists in the creation of a set of images for each action 

that is representative of the action, manually avoiding incorrect data. 

it was chosen to hold 500 images for each class, in fact this number is less than the 

minimum number of images between classes, so every class can afford to reach this 

quota, in fact taking a look at the complete set of images it was noticed that no more 

than a 10% can be considered “not representative”.  

Then the script creates, by replicating the folder structure, a random selection of 500 

images, afterwards by manually exploring the folders and looking at the retrieved 

frames it is possible to delete those that are considered invalid. 

Later re-executing the script, a number of missing images are randomly inserted into the 

folder to reach the 500 quota. Obviously it is an iterative process that requires more 

steps to reach the goal. 
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Figure 19  A script which is supporting during the data cleaning phase 
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5 Building Deep learning models 
 

In this chapter an analysis is carried out on how to build deep learning models that 

perform action recognition starting from images, in order to estimate the Activities of 

Daily Living of an elderly person in a residential context. 

The previous chapter described how the dataset of images is created, now it will be 

reported how to build the neural networks that will take in input this data. 

By analysing and studying state-of-the-art solutions to create a deep learning model, 

several questions emerged, regarding: 

 first of all, if it is necessary to train a model from scratch or a transfer learning 

approach could be taken into account 

 

 then, where to find computational resources and how much time it is needed to 

create a model 

 

 consequently, what should be the total number of images to be taken into 

consideration, in order to guarantee the right trade-off between accuracy, 

computational resources and timing 

 

 finally, it was wondered about what could be the accuracy that the model could 

achieve in order to know if it’s performing well 

Starting from these questions it was studied how to deal with the various problems. 

What emerged was that the training of the model from scratch would require: a much 

larger dataset of images than the one we created in the previous chapter and a lot of 

computational resources, as described in Section 3.1.4. 

Furthermore, as described in Section 3.1.3, there is a pre-trained model on “Moments 

in Time”, which is already able to recognize those actions, so it was decided to use 

Transfer Learning starting from that model, maintaining the "Convolutional Base" and 

going to train only on the "Classifier", so it can specialize in our 11 classes. 
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Figure 20  Decision map for fine-tuning pre-trained models [18] 

 

This solution is applicable because there is a high dataset similarity (the data is actually 

coming from the same source) and the dataset size is small, also if all the pre-processed 

images are taken into account. This is the cheapest solutions in terms of computational 

costs, so it was decided to carry out the transfer learning using Kaggle Kernel, because 

it offers a free GPU usage inside the notebook, accessible in a really simple way. For 

example, enabling internet access at the notebook and activating the GPU usage is a 

matter of clicks. 

 

The last question to which an answer has not yet been given, it’s the one asking what 

accuracy it is possible to achieve, in order to set an objective. So what is an accuracy 

value for which it is possible to say that a good job has been done? 

To try to get an idea of the attainable accuracy an Auto ML tool from IBM called NeuNetS 

was used. 
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5.1 Building three different ADL action recognition models 
 

At first, NeuNetS has been used to create a model following the auto ML approach, 

because by only supplying the input data, it is received in output a ready-to-use model 

in Keras, which was automatically synthesize and trained, so there's no need of worrying 

about the processing times because it takes maximum a few hours, and about the 

resources because the service is hosted for free in the IBM Cloud. 

In this way it is possible to examine the results returned by NeuNetS, then consider the 

model and its relative accuracy as a reference point for the performance of those models 

that will be constructed through transfer learning, so then having all models it can be 

selected the one with best performance. 

During the creation of the models built through the use of transfer learning, it will be 

analysed how the performances vary by comparing the model built starting from the 

ResNet50 network trained on "Moments in Time" (which started itself from a pre-

trained model on ImageNet) and the one trained only on the ImageNet dataset. 

The second starting model has never seen the data inside the "Moments in Time" 

dataset nor even actions in general, since ImageNet is not a dataset designated for 

action recognition. It is reasonable to suppose that this model will have worse 

performance than the first one. 

 

To compare the models, a set of images has been created retrieving 10 extra images for 

each class, different from those used during training, which have been taken from 

various sites and are all related to the elderly in a domestic environment, in this way the 

evaluation is done on images related to what the system will see during its use. 

In addition to general accuracy, we also want to assess the accuracy in relation to each 

class, to see if there are differences between the models on performances over classes. 

 

 

 

 

 

 



50 
 
 

 

5.2 Auto ML approach – NeuNetS 
 

To start using NeuNetS it is sufficient to create a free account on the IBM cloud [25] and 

create an instance of Watson OpenScale, which provides a company-wide environment 

for applications based on artificial intelligence (AI) that offers companies the 

opportunity to learn how to create and use AI to increase ROI, in line with your business. 

[26] 

 

Within this environment there is the NeuNetS tool, which offers a graphical interface, in 

which no line of code is required, which guides the user (even if it’s not an expert) in a 

few steps to create a neural network for a specific problem starting from his data. 

 

 

5.2.1 Creating synthetize models 
 

Entering Watson OpenScale, in the NeuNetS section the first screen, instructions for 

using this service are shown. The service has reduced interaction with the user to a 

minimum, in fact it is summarized in two steps: uploading the data and letting NeuNetS 

do the rest. 

 

 

Figure 21 Landing page NeuNetS 
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Continuing by clicking on "synthesize a model" a screen is shown in which it must be 

supplied: 

 a name and an optional description related to the project 

 

 the data type, which can be images or text, in fact at the moment NeuNetS can 

automatically generate systems of neural models for the classification of images 

or text 

 

 connection to an instance of the Watson Machine Learning [27] service which 

allows the deployment of the created model, in order to being able to invoke 

and request predictions through REST APIs, thus providing the possibility to keep 

the model in the cloud and not having to download and load it locally. This can 

be very convenient if the model is used on several projects at the same time and 

therefore the option to keep the "local" version is impractical if changes are 

made as they should be replicated on each model within the various projects. 

 

 connection to the IBM Cloud Object Storage [28], which provides a space in 

which the data that will be supplied to NeuNetS must be loaded and where the 

resulting model with the related metadata will be saved after the model 

generation. 

 

 

 

Figure 22 NeuNetS project details and connections 
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The data on the basis of which NeuNetS synthesize the model must be contained in a 

zip file called "train.zip" and in support of this a file "labels.csv" must be provided that 

contains the relative path of the files inside of the zip and the class that the image is 

expressing, separated by a comma. To generate the "labels.csv" file, a script has been 

created which taking in input the folder generated in the previous chapter fill the file 

with that information. 

Two different synthesis have been launched in order to compare performances in 

relation on the data used: 

 in the first case, it was provided a dataset containing 500 images pre-processed 

and filtered thanks to the manual data-cleaning phase described in section 4.2.4, 

so in total there were in total 5500 images divided equally into the 11 selected 

classes. This NeuNetS project was called “moments-11-500”. 

 the other synthesis was launched without performing data cleaning on the data, 

so all the available frames were provided for each class. The total number of 

images is 42875, divided as shown in Figure 18. This NeuNetS project was called 

“moments-11-all”. 

 

 

 

 

 

 

 

 

5.2.2 Analysis of synthesis results 
 

Both synthesis took about 2 hours and the results page shows: model evaluation metrics 

of the model, the data distribution of the various classes, the confusion matrix, the 

possibility to download the importable Keras model and the possibility of deploy the 

model on Watson Machine Learning [27]. 
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Figure 23 Result page after the synthesis 

 

NeuNetS randomly divides the dataset into 80% for training and the rest 20% is set aside 

to be used as validation data (for measuring performance). Based on the score of the 

model on validation data, the metrics shown on the results page are calculated. 

For the “moments-11-500” model an accuracy of 27.8% was reached, while for 

“moments-11-all” the accuracy was 45.5%. 

The data that have been used for validation are not shown and above all they will 

certainly be different between the two synthesis created, so it is not correct to compare 

this two value because those are relying on different data. 

For this reason, it is necessary to check the performance of the models on the test 

dataset that has been created, containing for each class 10 images, which were created 

from external sources and which were therefore not used during the model’s training. 

In this way the accuracy of the two models is calculated using the same images. 
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5.2.3 Models score on test dataset 
 

To evaluate the accuracy of the models, a script has been developed in order to provide 

those chosen metrics: 

 Top-1 accuracy which evaluates the percentage of successes in identifying the 

action through the prediction that generated a higher score 

 

 Top-2 accuracy which evaluates the percentage of successes in identifying the 

action through the first or second class predicted (assuming to have scores in a 

descending-ordered) 

 

 The accuracy related to each class, so with what percentage the class has been 

correctly predicted 

 

To do this, the Keras (Tensorflow) model which was designed and trained using 

NeuNetS, was downloaded. This download produces the file neunets_output.tar.gz. This 

compressed file contains two objects, keras_model.hdf5, and metadata.json. 

The metadata file contains information necessary for pre- and post-processing input 

images to be compatible with the Keras model. Since Keras requires that classes have 

integer labels, this file contains the mapping necessary to find the actual label 

corresponding to the predicted class. 

So by importing into the script the model and a library composed by some module 

provided in the NeuNetS documentation (in order to deal with pre-processing, post-

processing and predictions of input images), all the images in the test dataset were 

scored and a better result was certainly obtained for the "moments-11-all" model. 
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Figure 24  Performance on "moments-11-500" (top) and "moments-11-all" (bottom) 

       

What can be noticed is that the model that has been synthesized with having all the 

images in input has a Top-1 accuracy of the double of the other which had 500 images 

per class. Furthermore, they have in common that the "dressing" and "sewing" classes 

are those that have the most difficulty in being identified. 

This is very likely the consequence of the fact that having only 500 elements per class is 

too little in the case of a model synthesized using NeuNetS.  

An interesting thing to note is that during the execution NeuNetS build the architecture 

of the neural network, in this case the generated architectures have 86 layers in the case 

of "moments-11-500a" and 44 layers in the case of "moments-11-all ". 

The model “moments-11-all” is already a good starting point with an accuracy of 36.36% 

and can be improved by continuing to work on it, but it is not the subject of this thesis 

project, in fact what we wanted to achieve is a quick result to understand what is the 

reachable accuracy by using an Auto ML approach. 
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5.3 “Moments in Time” pre-trained model usage with PyTorch 
 

As anticipated in section 3.1.3, there is a pre-trained model (ResNet50 pre-trained on 

ImageNet) on the "Moments in Time" dataset released in a GitHub repository [17] 

together with sample code successfully tested in PyTorch 1.0 + Python 3.6. 

Since the model has been trained using PyTorch and therefore the code also uses it, this 

framework will be used during this part of project. 

In fact, it is not possible to import the model directly into other frameworks, for example 

Keras, but to do so you should perform a conversion of the model using Python libraries 

as pytorch2keras to do so. 

The pre-trained model doesn’t deal with the spatial components, but since the video is 

formed by a sequence of frames, an example script was provided in which an input video 

is accepted and the prediction is nothing but the average of some equally spaced frames 

(extracted using ffmpeg). 

It will be shown in more detail how the prediction of a video occurs in the next chapter, 

when the interaction dashboard with the model will be shown. 

Following, will be shown the steps required to predict an image using the pre-trained 

model: 

1. First of all, the libraries used in the script are imported and categories are 

loaded from a file that list all the 339 classes, because the output of the model 

will be de index that has to be mapped to the corresponding row in the file.  

  

 

Figure 25 Step 1 - Importing libraries and loading categories 

 

2. After that, if the file which contains weights does not exist, the curl command 

invoked by os.system will download it.  

Then it is loaded in the variable model the definition for the ResNet50 model 

architectures. If the “pre-trained” parameter is set to True, it returns a model 
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pre-trained on ImageNet, but it will not be used in this case, because the weights 

in the file will be loaded. 

 

 

Figure 26 Step 2 - Loading model 

 

3. Then, the input image as to be resized and normalized to make them as ResNet50 

likes them (224 x 224 px, with scaled colour channels). 

Unsqueeze(0) change the size of the tensor, from torch.Size([3, 224, 224]) to 

torch.Size([1, 3, 224, 224]), because in the next step they will expect a 4-

dimensional input 

 

 

Figure 27  Step 3 – Resizing and normalizing the input image 
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4. Finally, a single feed-forward operation is performed, then the Softmax 

function is applied to the tensor so that the elements lie in the range (0,1) and 

sum to 1. 

 

 

Figure 28  Softmax formula 

 

The scores are sorted in a descending order and the Top-5 are showed.  

 

Figure 29 Step 4 - scoring the image 

 

 

Below is an example of the predictions received by supplying an input image. 

 

 

Figure 30 Prediction on an image using the model pre-trained on "Moments in Time" 
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5.4 Transfer learning approach on Kaggle Kernel 
 

Now using Kaggle Kernel and starting from pre-trained models transfer learning will be 

performed. 

In fact, as Andrej Karpathy said: “In practice, very few people train an entire 

Convolutional Network from scratch (with random initialization), because it is relatively 

rare to have a dataset of sufficient size. Instead, it is common to pretrain a ConvNet on 

a very large dataset (e.g. ImageNet, which contains 1.2 million images with 1000 

categories), and then use the ConvNet either as an initialization or a fixed feature 

extractor for the task of interest.” [29] 

Transfer learning is the process of making tiny adjustments to a network trained on a 

given task to perform another, similar task.  

Initially, transfer learning will be performed starting from the "Moments in Time" pre-

trained model, then in order to make a comparison with a model created starting from 

a dataset not specialized in recognizing actions, it will be used a model trained on 

ImageNet. 

These starting models are enough to learn a lot of textures and patterns that may be 

useful in other visual tasks, even as actions. That way, we use much less computing 

power to achieve much better result. 

So, a folder was prepared with the images of each of the 11 classes splitted into training 

(80% of the dataset) and validation (remaining 20%) and loaded into Kaggle Kernel. So 

being 500 images per class, in total 4400 images are dedicated to training and 1100 to 

validation. 

It is indicated as “validation” to differentiate it from the test dataset intended as one 

formed by 10 images (obtained from external sources, without taking those inside the 

"Moments in Time" dataset) for each class. 

In Kaggle Kernel both the data and the pre-trained model on "Moments in Time" were 

loaded. 

In the following section it will be described the code, inserted in the Jupyter Notebook 

hosted in Kaggle Kernel, that will freeze the weights for all of the network except that of 

the final fully connected layer. This last fully connected layer is replaced with a new one 

with random weights and only this layer is trained. 
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5.4.1 Transfer learning from ResNet50 pre-trained on “Moments in Time” 
 

The model taken into account here, is a 50 layer resnet (Resnet50) trained on randomly 

selected RGB frames from each video in “Moments in Time” with networks initialized on 

ImageNet (ResNet50-ImageNet) [12].   

ResNet-50 is a popular model for ImageNet image classification (AlexNet, VGG, 

GoogLeNet, Inception, Xception are other popular models). It is a 50-layer deep neural 

network architecture based on residual connections, which are connections that add 

modifications with each layer, rather than completely changing the signal. 

 

The steps performed are summarized as follows: 

1. Import dependencies and define variable that will be useful in the script as: the 

name of the directory containing the data, the names of classes and the number 

of classes. 

This script used the PyTorch 1.0 version and Python 3.6 

 

 

Figure 31 Defining useful variables 
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Figure 32 Importing libraries 

 

2. Create PyTorch data generators, because usually the images can’t all be loaded 

at once, as doing so would be too much for the memory to handle. At the same 

time, there is a benefit from the GPU’s performance boost by processing a few 

images at once. So images are loaded in batches (in this case 4 images at once) 

using data generators. Each pass through the whole dataset is called an epoch. 

 

Here, data generators are used also for pre-processing: resizing and normalizing 

images to make them as ResNet-50 likes them (224 x 224 px, with scaled colour 

channels) and to randomly perturb images on the fly during training in order to 

do data augmentation. 

Data augmentation is useful to show a neural network which kinds of 

transformations don’t matter and for training on a potentially infinite dataset by 

generating new images based on the original dataset. 
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Figure 33  Data generators in PyTorch 
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3. Create the network, by importing a ResNet-50 model and loading the weights 

provided after the training on “Moments in Time”. 

Then by iterating on model’s parameter, all the ResNet-50’s convolutional layers 

are freezed, and only train the last two fully connected (dense) layers. As our 

classification task has only 11 classes (compared to 339 classes of the “Moments 

in Time” pre-trained), we need to adjust the last layer. 

 

In PyTorch, it should be explicitly specified if the GPU has to be load using 

.to(device) method. It is necessary have to write it each time we intend to put an 

object on the GPU, if available.  

 

 

 

Figure 34  Checking the available device: CPU or GPU 

 

 

 

Figure 35  Loading the “Moments in Time” pre-trained model 

 

 

 

Figure 36  Freezing all convolutional layers and add then modify the last layer 
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4. Train the model, so we need to pass data, calculate the loss function and modify 

network weights accordingly. The loss function (log-loss) and accuracy are 

measured for both training and validation sets. 

 

In PyTorch everything is explicit. In the defined training function there are nested 

loops, iterating over: epochs, training and validation phases and batches. 

The epoch loop does nothing but repeat the code inside, while the training and 

validation phases are done for three reasons: 

 Some special layers, like batch normalization (present in ResNet-50) and 

dropout (absent in ResNet-50), work differently during training and 

validation. We set their behaviour by model.train() and model.eval(), 

respectively. 

 

 There are different images for training and for validation, of course. 

 

 we train the network during training only. The magic commands 

optimizer.zero_grad(), loss.backward() and optimizer.step() (in this 

order) do the job. 

 

During the epochs iteration the model that performs better is saved. 

The training took about 25 minutes, so on average one epoch per minute 
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Figure 37  Training the model 
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5. Once the network is trained, often with high computational and time costs, it has 

to be saved for later reuse. There are two types of savings: 

 saving the whole model architecture and trained weights (and the 

optimizer state) to a file 

 

 saving the trained weights to a file (keeping the model architecture in the 

code) 

 

PyTorch creators recommend saving the weights only. They discourage saving 

the whole model because the API is still evolving. 

 

Loading models is as simple as saving, the only thing to remember is which saving 

method has been chosen and the file paths. 

 

In Kaggle Kernel by launching an execution of the whole notebook, you get a 

"Output" section in which there are all the files saved inside the notebook 

 

 

 

 

Figure 38 Saving and loading model 
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6. Make some predictions on sample test images, in order to rapidly checking if the 

model is working correctly and how the model is performing. In this case  

 

Since we are using PyTorch the code that makes the prediction is practically 

identical to the one described in section 5.3, even the input pre-processing part 

is the same. 

The only difference is that in this case there are 11 classes instead of 339. 

 

 

Figure 39  Predictions on sample test images 

 

 

7. Analyse performance on the test dataset. 

As can be seen from the screenshot in Figure 37, the saved model (the one with 

the best accuracy during the various eras) has an accuracy of 62.6%. 

 

But to be able to compare the performances of the various models, as was done 

in section 5.2.3, the model was used to calculate the predictions on the test 

dataset created. And the result is very similar to the one calculated in Kaggle 

Kernel on validation, in fact we have a Top-1 accuracy of 64.6%. 
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Figure 40  Performance on model created using Transfer Learning, starting from 
"Moments in Time" pre-trained model 

 

 

 

5.4.2 Transfer learning from ResNet50 pre-trained on ImageNet 
 

In this case, it will be used a ResNet-50 model trained to classify images from the 

ImageNet dataset.  

ResNet-50 is a popular model for ImageNet image classification (AlexNet, VGG, 

GoogLeNet, Inception, Xception are other popular models). It is a 50-layer deep neural 

network architecture based on residual connections, which are connections that add 

modifications with each layer, rather than completely changing the signal. 

To do this, exactly the same code as in the previous section was used, with the only 

difference in point 3 when loading the model, because in this case the parameter “pre-

trained” is set to True, so a pre-trained model on ImageNet is returned. 

 

 

Figure 41  Loading the ResNet-50 Model trained on ImageNet 

 

Execution times continue to be around one minute per era, but this time the accuracy is 

lower, being 48.6% on validation. 
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It has also been tested on the test dataset and the accuracy remains in line with that 

calculated on the validation, in fact it is 48.18%. 

 

 

Figure 42 Performance on model created using Transfer Learning, starting from 
ResNet-50 model trained on ImageNet 

 

 

5.5 Model comparison 
 

By looking at results obtained by comparing all the models accuracy (Figure 24, Figure 40, Figure 

42) on the test dataset created, it can be noted that there are classes that are difficult to 

recognize in all models, for example "standing". 

This problem is probably given by the fact that in this model the contemporary execution of 

actions is not considered, in fact there could be many images that show a person "cooking" while 

"standing". 

The result of the model created through transfer learning starting from the pre-trained dataset 

on "Moments in Time" is definitely the one that performs best. 

An interesting fact is that the model built starting from ResNet-50 trained on ImageNet (on 

which Transfer Learning has been made using a dataset of 5500 images) has obtained better 

performances than the one built with NeuNetS, which was supplied by 42875 images that 

correspond to all the data related to a class, without having been filtered. 
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6 Interaction with models in a web-app 
 

This chapter describes the design and implementation choices for the development of a simple 

web-application that could show the behaviour of the action recognition models created in this 

thesis project. 

The application wants to provide the possibility to upload images or videos and consequently 

offer mainly 2 features related to predictions for a given input: 

 have an overview of the scores of the 3 models in order to compare the scores in output  

 

 use the best model to receive the prediction of the action 

 

A scene usually lasts a few seconds and, unless the video is short, it is very likely that there is a 

transaction from one action to another. 

For this reason, a time chart of the video’s action has been introduced, which splits the video 

into scenes and carries out the prediction for each of them, then shows on a graph how the 

actions have followed. 

For simplicity, the video is subdivided into scenes of 3 seconds, based on the same principle on 

which the "Moments in Time" [12] dataset was built, which considers a window of 3 seconds of 

reasonable time for the correct expression of the action. 

This type of approach may seem a bit forced, because a straight cut does not make evaluations, 

so there could be scenes with unclear scores. But the real use case on which the thesis project 

focuses is aimed at recognizing the actions of an elder person in a residential context and 

estimate the ADL, therefore during very long times, even 24/7 if desired. So a 3 second scene is 

irrelevant, in fact the actions taken into consideration are actions that usually last for minutes. 

 

Afterwards, it was proposed by IBM to exhibit this web-application in a form of demo, inside a 

stand in an exhibition space. 

The exhibition space is inside the Phygital HUB which is a technological showcase with the aim 

of stimulate and facilitate the discovery of new emerging technologies, built together by large 

tech companies and innovative start-ups [30]. 

This exhibition space is located in Casalecchio di Reno (Bologna) and is curated by Gellify, which 

presents itself as an innovation platform that connects high-tech B2B start-ups with traditional 

companies to innovate processes, products and business models through investments and 

thanks to the expertise of enterprise software and SaaS product experts. [31] 
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6.1 Building the Flask app 
 

In order to develop the web-application, a Python web-framework called Flask has been 

chosen because is a Python web framework that allows to create very good solutions 

quickly and it is also possible to deploy this application using a service in the IBM Cloud, 

but this will be deepened later.  

A framework is a software that abstracts complicated ideas away, and basically handles 

all of the business logic of what needs to be in a website, so it remains only to think 

about the code for the bits unique to your specific website. Flask likes to call itself a 

microframework, meaning that it tries to be as minimalist as possible.  

 

The application developed, exposes these endpoints: 

 the homepage 

 

 the upload form and the list of uploaded files 

 

 the page where the score is displayed 

 

Now we will describe in more detail what each of these pages does. 
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6.1.1 Homepage and video recording 
 

The homepage of the application has a purely informative function and in particular it 

shows: a quick description of the project, the figures involved in the project, links to the 

page containing the uploaded files and a list of references to resources used in the 

project. 

 

 

Figure 43 Home page header of the web-application 

 

On the homepage a section has also been inserted in which you can record a video 

directly from the web page, using the Camera of the device that is in use. 

The video is acquired in .mp4 format at 30fps with a size of 640x480, and it’s a feature 

designed to allow a user to record and download a video in a simple way during the 

demo in order to testing the models by performing actions. 

In order to do that HTML and JavaScript were used, in particular RecordRTC.js that is a 

WebRTC JavaScript library for audio/video as well as screen activity recording [32]. 
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6.1.2 Upload Page 
 

On the upload page there is a form through which a file can be selected and uploaded 

to the application. 

The upload is password protected so that only those who are aware of it can upload 

files, since allowing users to upload videos without any control it can generate problems 

in terms of security. 

The file extensions accepted in phase are: png, jpg, jpeg, mp4. A further check is 

performed on the size, allowing the maximum 16MB file. 

 

Initially the possibility of saving the uploaded files within the IBM Cloud Object Storage 

service was evaluated, but since it is a demo that will show only a few dozen files, it was 

chosen to save these files within the application for practicality. 

The management of the requests is shown, in fact if a GET request is made the list of 

uploaded files and the form to upload the files will be returned. While if a POST request 

is made by sending a file (this request is implemented in the file upload form), the 

application prepares to receive and save it. 

 

 

Figure 44  Flask endpoint for upload files and see the list of files 



74 
 
 

 

 

In order to return a web page, and HTML has to be generated, and the best way to do 

it using Flask is using the Jinja2 [33] template engine. To render a template the 

render_template() method has to be used, by providing the name of the template and 

the variables to pass to the template engine as keyword arguments. 

At line 91 of Figure 44, it’s possible to see how a list of information about the files is 

passed to the template. 

 

 

Figure 45  The upload page 
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6.1.3 Score of images & videos 
 

Starting from the list of loaded files, as shown in Figure 45, there are two clickable 

buttons provided to make predictions. 

When a "Comparative prediction" is performed, all 3 models are invoked and their 

scores are returned, while "Fast prediction" uses only the model that performs best, 

the one built using transfer learning starting from the pre-trained model on the 

"Moments in Time" dataset which generated an accuracy on the test dataset of 64.6%. 

What it’s showed on the score page of an image or video is a doughnut-chart for each 

invoked model that shows the scores and in the case of a video a temporal- chart of 

the shares, dividing the video into scenes of 3 seconds. 

The temporal-chart predictions are always made using the model that perform the 

best accuracy on test dataset. 

In case of a video scoring, in order to build the temporal-chart it was decided to extract 

3 frames per second, so for example from a video 13 seconds, 39 frames will be 

extracted. After that, since the video is divided into scenes of 3 seconds each, the first 

4 scenes will provide the prediction by averaging the predictions of the 9 frames 

related to each scene, while for the last scene (1 second long) it will be the average of 

the predictions of the remaining 3 frames. 

Donut-charts, on the other hand, always show information about the entire video 

uploaded, thus averaging all the extracted frames, considering 3 frames per second. 

This information does not make much sense for long videos, but since in the demo 

there will also be short videos and describing only one scene, it was decided to show 

this information. 

Since Flask uses Python as a language, the code within the web-app is composed of the 

same functions described in the previous chapters related to pre-processing (for 

example to extract the duration of a video with moviepy, extract the frames using 

ffmpeg, etc.) and making predictions in PyTorch and Keras. 
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Figure 46  Score page in the web-app showing a “fast prediction” on a video 
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Figure 47 Score page in the web-app showing a “comparative prediction” on an image 
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6.2 Deploy of the web-app as a Cloud Foundry application 
 

To make the application accessible at any time it is necessary to deploy the application 

on which you are working locally on a server. This way you can easily make it accessible 

through a link. 

To do this, it was decided to use a service within the IBM cloud called Cloud Foundry 

[34] which allows the application to be implemented without having to configure and 

manage the servers manually. 

It is necessary to have an IBM Cloud account, the Flask application and insert in the 

project folder the files that are required by Cloud Foundry to deploy, these are: 

 runtime.txt which contains the Python version used, in this case python-3.6.4 

 

 Procfile specifying the command to launch the application 

 

 manifest.yml which contains attributes such as number of instances, disk space 

limit, and memory limit. 

 

 environment.yml in which channels and dependencies to be installed are 

specified 

 

Once the app is ready for deployment, all that remains is to use the IBM Cloud Command 

Line Interface directly from the terminal to authenticate and push the project. 

After these simple steps our app is online, reachable by a link in the form appname.eu-

gb.mybluemix.net. 

During the application “push” phase, we came across problems related to the use of 

resources. In fact, loading the project with PyTorch and Keras, which are very expensive 

in terms of space and therefore overrun the limit of the resources available in a Lite plan. 

The problem was solved by excluding PyTorch and Keras from the deployed online 

application, in fact since it is a demo contains dozens of files, it is convenient to pre-

calculate the scores. In fact, the upload will not be allowed for security reasons, so it 

would only be a waste of resources to re-compute the score every time. 
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7 Conclusions and future works 
 

This thesis project aimed to design and develop an Artificial Intelligence (AI) system able 

to recognize the development of certain actions by analysing video about residential 

contexts carried out by elderly people. 

This system allows to estimate several parameters of two domains, specifically Activities 

of Daily Living (ADL) and the Instrumental Activities of Daily Living (IADL), that form the 

Multidimensional Prognostic Index (MPI), a predictive index of mortality not linked to a 

specific disease, widely accepted and validated at international level and built on data 

obtained through a Multidimensional Valuation (VMD) of the elderly subject.  

To build the system multiple goals were achieved such as:  

 Formalization of a specific business problem in the ADL recognition domain and 

the definition of a set of practical use cases that can be solved using AI 

techniques. 

 

 Review of the literature about the MPI Index, Action Recognition dataset and the 

state-of-the-art of deep learning technologies to build a solution. 

 

 Creation of a task-specific training data set deriving it from the "Moments in 

Time" database produced by MIT-IBM Watson AI Lab, which includes a collection 

of one million labeled 3 second videos, to extract the data that were needed in 

this project. 

 

 Design and development of multiple Deep learning models to support the ADL 

action recogniton task. 

 

 Evaluation of the obtained results by testing the models. 

 

 Development of a web-based dashboard to easily interact and test the action 

recognition models. 

The project produced preliminary satisfactory results regarding the creation of an ADL 

action recognition model from video analysis.  

These results can be further improved by focusing on a number of new research 

activities such as: 

 Extend the computer vision analysis models by considering a larger number of 

classes to have a wider coverage of the actions that can be recognised. 
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 Improve the performance of the model by expanding the training dataset 

collecting more data as well as improving the model accuracy by tuning 

parameters. 

 

 Integrate in the model the ability to manage also the audio and temporal 

components, integrating it with the spatial one. 

 

 Make the model able to recognize multiple overlapping actions that are taking 

the same place and time. 

 

 Integrate object detection solutions that can provide important information 

about the interaction with an object during the course of the action. 

 

 Create a multimodal action recognition environment by integrating vision-based 

systems with IoT systems including for examples wearable sensors and systems 

that allow voice interaction with the elderly person. 

 

 Finally, starting a larger experimental phase in order to collect feedback in the 

field, in this case it will be useful to generate real data to improve models and 

also build new categories. 
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Appendix A - Multidimensional Prognostic Index 
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