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Abstract

Autism spectrum disorder (ASD) is a chronic childhood-onset neurodevelopmental con-

dition with effects on adaptive functions throughout life [1]. The worldwide population

prevalence for autism is 1%, increasing in the last decades. The underlying reasons for

this increase are not fully understood [2].

The growing interest in ASD is due to the severe invalidation of affected subjects but

also of the great conditioning of the relatives’ lives which are the real caregivers for the

autistic. The cost of autism, over the lifespan, is about double for an affected subject

w.r.t. a person without this kind of disability [3]. The economic burden of ASD in US

is of hundreds billion dollars projected to nearly double by 2025. People more able to

communicate, care for themselves and participate in the workforce at greater levels, will

need less financial support in their lives [4]. The average age for ASD diagnosis in the

United States (US) stands at 5.7 years and the 27% of the subjects with autism remains

undiagnosed at 8 years. ASD should be diagnosed in the early years of life because the

affected subject, with a personalized therapy, shows encouraging improvements. This

outcome has led the study of ASD in several fields, from genomics to biochemistry

and physiology, passing through food science and psychology. Nowadays, the ASD

diagnosis is based on assessing answers given by the subject’s relatives during interviews

focused on 3 developmental domains: communication and social interactions, restricted

interests and behaviors, and stereotypical behaviors. Other approaches try to extract

stereotypical motor movements patterns ASD-related from accelerometric signals, or
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by video observation to analyze eye-gaze movements, the level of engagement and the

emotional state of the children which can be associated to ASD syndrome.

In this context, the application of novel learning algorithms has gained a role in

analyzing and infer over one or more types of information acquired by traditional

methods to reduce the time requested for the autism assessment. These algorithms can

extract more informative content from available datasets. Examples are: alternating

decision tree (ADTree) [5, 6] and support vector machine (SVM) [7] in evaluating

diagnostic interview (ADI); Naïve bayes and random forests [8] to determine ASD traits

like developmental delay, less physical activity; neural networks, SVM and random

forest to identify ASD patients using brain imaging; SVM [9] to analyze eye movements;

convolutional neural networks(CNN) used to recognize stereotypical motor movements

from accelerometric signals [10]. The applied behavioural analysis (ABA) is a science

dealing to shape an individual’s behavior [11], and is a standard in ASD therapy. In this

work, a deep learning(DL) approach is proposed to evaluate the autonomy of autistic

children in performing daily life activities, namely the hands-washing action. To the

scope, a dataset of videos was acquired during the sessions of the ABA therapy at the

facilities of ”Il faro”. The selected frames, have been annotated as belonging to class

no-aid or to class aid, then used as input to the algorithms. The goal is to provide to the

professionalities involved in the therapy, a tool that easily, rapidly and correctly gives

them a picture of the subject’s condition, reducing the assessment time and customizing

the therapy. The proposed archictectures are 2 CNN, VGG16 and ResNet50. Both

the nets were used in a from scratch version and in a pretrained version to achieve

better results thanks to the knowledge acquired during the training on the ImageNet

dataset [12]. Encouraging results were obtained even if the dataset was limited to 9700

frames. The fine-tuned ResNet50 was the best model with an accuracy of 0.83. To

conclude, this work has shown that the use of DL methods with a simple acquisition

setup, makes the evaluation faster and objective, allowing the therapy personalization.
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Chapter 1

INTRODUCTION

In this chapter, it will be introduced autism showing the clinical background on this

neurodevelopmental disorder, its etiology and epidemiology. Then are reported the

direct and indirect economic burden of the disease on the national healthcare systems.

After the impact of this disorder on the lives of the affected subject and its family,

the importance of an early diagnosis of ASD will be explained. The chapter ends with

a description of the principal pharmacological and non pharmacological treatments

actually used to alleviate symptoms and improve the overall autistic condition.

1.1 Clinical background on autism

In the World Health Organization (WHO) International Classification of Diseases

eleventh edition (ICD-11), autism is reported as a neurodevelopmental disorder with

this definition: “Autism spectrum disorder is characterized by persistent deficits in the

ability to initiate and to sustain reciprocal social interaction and social communica-

tion, and by a range of restricted, repetitive, and inflexible patterns of behaviour and

interests”. Deficits are sufficiently severe to cause impairment in personal, familiar,

social, educational, occupational or other important areas of functioning. Individuals

along the spectrum exhibit a full range of intellectual functioning and language abili-

ties. Since the first accepted definition of autism, in the XXth century, many updates

have followed. In the 5th edition of diagnostic and statistical manual of mental disor-
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Chapter 1. INTRODUCTION

ders (DSM–5, American Psychiatric Association), four of the previous five pervasive

developmental disorder were grouped under the definition of spectrum excluding the

Rett’s syndrome, now considered a discrete neurological disorder, and including the

Asperger’s syndrome (AS). Additionally, severity level descriptors were added to help

categorize the level of support needed by an individual with ASD. Many studies re-

port increased specificity and decreased sensitivity in the diagnosis using the DSM-5

respect to the DSM-IV criteria [1]. Respectively these terms refers to the percentage

of healthy and sick people correctly identified as such. Then is higher the number

of children whose ASD diagnosis is missed, particularly older children, adolescents,

adults, or those with a former diagnosis of Asperger’s disorder or PDD-NOS (pervasive

developmental disorder-not otherwise specified). People diagnosed under the DSM-4,

but not confirmed under the new DSM-5 appears to be declining over time, likely due

to increased awareness and better documentation of behaviors [13]. The onset of the

disorder occurs during the developmental period, typically in the early 3 years of age,

but symptoms may not become fully manifest, until social demands exceed limited ca-

pacities. The economic impact associated with ASD is substantial and includes direct

medical, direct non-medical and indirect productivity costs [14]. The lifetime cost of

caring an individual with ASD and intellectual disability (ID) is $2.2 million in the

US, and £1.5 million in the United Kingdom (UK), dropping to $1.4 million in the US

and £0.92 million in the UK without co-morbid ID [15]. If unrecognized or untreated,

ASD can contribute to poor educational attainment and difficulty with employment,

leading to negative economic implications. The total economic impact of ASD in the

US in 2015 (direct medical, non-medical and productivity costs combined) is $268 bil-

lion, from 0.9 to 2% of gross domestic product (GDP), expected to rise to $461 billion

(from 0.99 to 3.6% of GDP) by 2025 [16]. Numbers comparable to diabetes, stroke and

hypertension, separately considered.

The causes of ASD are not totally clear, but evidence suggests that a number

of environmental and genetic factors are at play. A recent genetic analysis, combin-

ing several large population-based sources (more than 38,000 subjects), found genetic

links between ASD and typical variations in social behavior and adaptive functioning

[17]. This suggests multiple genetic risk factors as influencing the continuum of be-
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Chapter 1. INTRODUCTION

havioral and developmental characteristics, with the extreme end of the continuum

resulting in ASD. About 10% of children with ASD also have Down’s syndrome or

fragile X syndrome [18]. Parental history of psychiatric disorders (schizophrenia and

affective disorders) has been linked to an increased risk for ASD. Other investigated

risk factors are: parental age, premature born (before 33 week of gestation), low birth

weight (<2500 g), fetal exposure to insecticides (chlorpyrifos) causing reduction in

infant bodyweight and length, delayed psychomotor development, exposure of preg-

nant mothers to viral or bacterial infections promoting maternal immune activation

(MIA, by 13%). MIA has been linked to increases in neuroinflammatory cytokines,

abnormalities in synaptic protein expression and aberrant developments in synaptic

connectivity, all of which underlie the pathophysiology of ASD. Exposure of pregnant

mothers to psychotropic medication, to antiepilectics and anti-depressants (serotonin

reuptake inhibitors) causes an 8-fold increased risk of developing ASD in the infant.

Even after adjusting for maternal depression [19].

Neurobiological findings of behavioral functioning, report altered brain connectivity

as a key feature of ASD pathophysiology. ASD is hypothetized as a disorder in long

distance cortical and subcortical under-connectivity, with compensatory poorly formed

shorter circuit over-connectivity. This altered connectiviy leads to the enhanced at-

tention to simple stimuli with impairment in the sensory integration, of these stimuli,

into a more complex perceptual representation. Children with ASD perform better

than aged match peers in identifying the number of triangles in an Embedded Figure

Test (EFT), but struggle when asked to identify the larger figure represented by the

triangles. This dichotomy is reported also for auditory stimuli such as absolute pitch,

a phenomenon that enables to replicate a single tone without any external reference.

When trying to link singular pitches to form a melody, ASD individuals demonstrate

poorer rhythmic entrainment when compared to non ASD controls. This reflects in

language impairment of ASD because rhythm is a complex auditory perceptual skill,

necessary for the discrimination of normal speech patterns. Sensory information forms

the building blocks for higher-order social and cognitive functions and deficits in mul-

tisensory integration are critical for characterizing and understanding ASD [20]. This

suggests that aberrations in successfully integrating multisensory processing are not

Development of a deep-learning algorithm for autonomy evaluation in children with autism from RGB-D videos 3



Chapter 1. INTRODUCTION

merely a feature of ASD, but the foundation upon which the other core symptoms

develop. This inability to synthesize various sensory inputs, alters the ability to form

metaphors and complex cognitive representations, necessary to effectively abstract,

grasp language and respond to social cues, all representing the core symptoms of ASD.

Over the 70% of autistic subjects presents another comorbid disorder:

• Psychiatric, attention-deficit hyperactivity disorder (ADHD), anxiety, bipolar

disorder, obsessive-compulsive disorder (OCD), schizophrenia, irritability, ag-

gressive behaviors, mood symptoms (depression), epilepsy, gender dysphoria,

non-verbal learning disorder, sleep disorders.

• Neurological, inflammatory bowel disease, fragile X syndrome, intellectual dis-

ability, neuroinflammation and immune disorders, sensory problems, tuberous

sclerosis, and Tourette syndrome, tic disorders [21, 22].

The prevalence of ASD has been steadily increasing in the past two decades. Starting

from 1 in 2000 eight-year-old children in 1988, in 2000, the Center for Disease Control’s

Autism and Develop mental Disabilities Monitoring (ADDM) Network estimated the

incidence of ASD to be 1 in 150 children. Further increasing has been recorded in

2006 (to 1 in 110 children), in 2008 (to 1 in 88), in 2012 (to 1 in 68 children), in 2016

(to 1 in 36 children) [23, 24]. This ratio is thought to be the same across all racial,

ethnic or socioeconomic backgrounds, however, gender variations exist since males are

affected 4-5 times more frequently than females. Increased ASD screening frequency in

children and adults, better diagnostic criteria and more accurate behavioral and neu-

ropsychological scales may, all, have contributed to the steady rise in the prevalence of

ASD. In 2020 the estimated worldwide affected population is approximately 1%, ap-

proximately 70 million people living with ASD worldwide, the 85% living in developing

countries. These data are underestimated due to insufficient population awareness, se-

lection of studies and diagnostic capabilities, as well as cross-cultural appropriateness

and comparability of the ASD screening, measurement and epidemiological data. The

limited detection and screening of developmental delays in home, primary healthcare

and education settings derive from:
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• Parents not aware of the presence of developmental delays. Knowledge of ASD

was also associated with a higher education level and school type [25, 26].

• Cultural stigma around neurodevelopmental disorders which discourage parents

from seeking attention and delays the screening, even when suggested by a med-

ical professional [27].

• Lacking knowledge among educators and primary care clinicians about ASD and

how to assess them and the benefits of the therapies. Therefore, developmental

delays may go unnoticed and not picked up at early signs [28].

• Limited number of clinical providers in pediatrics, psychiatry, neurology and

psychology having the expertise to diagnose children with ASD.

• Challenges in widespread use of standardized diagnostic instruments which can

be very expensive, require extensive and costly training (i.e. thousands of dollars

per trainee), and be lengthy to administer [29, 30].

These aspects are particularly important in some low-resource and rural settings [31].

The ASD condition affects the quality of life for those with ASD as well as their

families. Although some people with neurodevelopmental disorders can lead indepen-

dent lives, for many, the impact of these conditions is severe. The disorder interferes

with the productivity of their parents [32], who may experience increased anxiety and

depression, and may need to decrease the worked hours outside due to their child’s con-

dition [33]. As such, evaluating the effects of ASD is a complex exercise that should

include investigation of the effects on family members and caregivers, as well as on

those people with the condition. It is possible to state, nowadays, that using a pru-

dential approach to screen and eliminate other medical conditions, sufficient diagnostic

tools are available to confirm an ASD diagnosis. Currently there is no cure for autism.

The aim of current interventions is to affect developmental trajectories to lead children

toward a more neurotypical outcome. This approach requires to coordinate services

across health, education and social sectors [34].

Development of a deep-learning algorithm for autonomy evaluation in children with autism from RGB-D videos 5
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1.2 Diagnosis and importance of early detection and

intervention

In many cases, ASD is not identified until after four years of age, despite the 87% of

these children had noted developmental concerns before age of three [23]. A major

issue in screening for ASD is that it is a broad-spectrum condition [35]. The symptoms

included marked impairment in non-verbal behaviors such as eye-to-eye gaze, facial

expression, body postures, as well as stereotyped repetitive behaviors and loss of in-

terest in social functions, communications and activities. Based on these criteria, a

patient diagnosed with autism would have exhibited at least 3 deficits in the domain

of social communication and, at least, 2 symptoms of restricted interests and repet-

itive behaviors. Social communication and interaction criteria, include problems in

reciprocal social or emotional interaction, severe problems in maintaining relationships

and nonverbal communication problems. Restricted and repetitive behaviors criteria

include stereotyped or repetitive speech (repeated use of short, out of context, phrase),

motor movements (repetitive hand motions) or use of objects, excessive adherence to

routines, ritualized behavior, or excessive resistance to change, highly restricted inter-

ests, hyper or hypo-reactivity to sensory inputs or unusual interest in sensory aspects

of environment. These symptoms must cause functional impairment for a diagnosis to

be made [36]. High variability exists within the spectrum regarding to, for example,

language or cognitive abilities, and severity of core symptoms. This heterogeneity is

relevant for intervention planning and long term outcomes [37].

Studies show that with age (in general) the diagnosis of ASD remains stable, but

adaptive functioning improves and co-morbid behavioral symptoms become less severe,

whereas social functioning, cognitive ability and language skills have more variable

outcomes. A valid, early and time-saving diagnostic process is clinically important for

several reasons:

• To allow to families and children the necessary access to (early) intervention.

• To produce a minimum number of false positives, which avoids unnecessary in-

terventions as well as unnecessary apprehension and fear among parents.
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• To use resources effectively and allow for additional cognitive and language test-

ing as well as diagnosis of co-morbid psychiatric and medical disorders.

1.3 Treatments

The ASD is a disease nowadays diagnosed evaluating dysfunctional behavioural aspects,

as described in Chapter 2. It is already known that symptoms are the effects of under-

lying causes that are yet not completely understood and still investigated. These symp-

toms cover a broad range of areas, from neuropsychiatry to dietology and endocrinol-

ogy. Looking to each different symptom to be faced and reduced, two broad types

of current treatments have been identified, pharmacological and non-pharmacological,

which are the core of the Sec. 1.3.1 and Sec. 1.3.2.

1.3.1 Pharmacological treatments

Pharmacological treatments are beneficial in improving co-morbidities. Showing vari-

able levels of efficacy, this set of treatments provide relief from the disruptive repetitive

behaviors of the ASD condition rather than modify the underlying disease process (i.e.

neurodevelopmental abnormalities) [38, 39]. Moreover, they must be used carefully,

especially with children, because of their side effects (i.e. metabolic deficits and seda-

tion). More common treatments are:

• Psychostimulants drugs (methylphenidate and amphetamines) against hyperac-

tivity and impulsivity.

• Atypical antipsychotic drugs (risperidone, aripiprazole, quetiapine, ziprasidone,

and olanzapine) to reduce irritability and agitation.

• Antidepressant drugs (fluoxetine, sertraline, citalopram, escitalopram, and flu-

voxamine) to reduce repetitive behaviors and improve anxiety and aggression.

• Alpha-2 adrenergic receptor agonists clonidine and guanfacine for treating ag-

gressive behaviors, anxiety disorders, improving sleep disturbances.

Development of a deep-learning algorithm for autonomy evaluation in children with autism from RGB-D videos 7
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• Cholinesterase inhibitors and NMDA receptor antagonists, for irritability and

hyperactivity.

• Antiepileptic and mood stabilizers.

1.3.2 Non-pharmacological treatments

Non-pharmacological treatments refer to a broad domain of healing resources, known

as “complementary and alternative medicine (CAM)”. CAM refers to therapies not

usually taught in medical schools or generally available in hospitals and include a

broad range of practices and beliefs such as acupuncture, chiropractic care, relaxation

techniques, massage therapy, and herbal remedies. It is also known as “complementary

and integrative health (CIH)” and it is used in parallel to traditional medical practices,

to augment traditional therapies outcomes. The National Institute of Health (NIH),

groups CIH interventions into two main categories: natural products (biological ones,

their use relies on a biological mechanism) and mind/body (or non-biological) practices.

Biological CAM treatments usually include dietary interventions, vitamin supplements,

and herbal remedies while non-biological CAM therapies are divided in three groups:

mind-body medicine (i.e., auditory and sensory integration practices such as prayer,

yoga, meditation, music, dance, and art in general), manipulative and body-based

practices (i.e., massage, chiropractic care, and acupuncture), and energy medicine (i.e.

homeopathy) [40, 41].

1.3.2.1 Biological CAM treatments

• Omega-3 fatty acids are essential polyunsaturated acids, derived mainly from

fish (the eicosapentaenoic acid (EPA) and the docosahexaenoic acid (DHA)) or

grains (the alpha-linolenic acid (ALA)). These fatty acids play a central role

in neurodevelopment, including both structural and functional effects on neuro-

transmission, oxidative stress, inflammation and immunity. Few open trials have

provided evidence that oral supplementation of Omega-3 fatty acids improved

social, behavioral and attention deficits in young ASD patients [42]. In contrast,

randomized control trials have found no evidence for the efficacy of omega-3 fatty
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Chapter 1. INTRODUCTION

acid supplementationon improvement of ASD symptoms [43]. While generally

safe, these supplements are associated with gastrointestinal side effects associ-

ated with behavioral symptoms including irritability, hyperactivity, stereotypy

and social withdrawal [44].

• Herbal remedies such as Gingko biloba, Zingiber officinal (ginger), Astralagus

Membranecaeus, Centella asiatica (gotu cola), and Acorus Calamus (Calamus)

may have therapeutic benefits in ASD patients based on their somatic effects

including increasing cerebral circulation, enhancing cognitive functions, exertion

of a calming or sedative effect, and enhancing immune response. One recent sys-

tematic review concluded that while being safe, herbal medicines, when used in

combination with conventional therapy, showed promising results in improving

abnormal behaviors and inattention in ASD patients. Among herbal remedies,

a recent study from Chan et al. [45] investigated the efficacy of intranasally ad-

ministered Borneol and Borax (two herbs which in Chinese traditional medicine

were thought to enhance cognitive abilities) showing a reported higher flexibility

in problem solving, greater attention, and planning capacities. Yokukansan, a

Japanese herbal remedy used for restlessness and behavioral symptoms of demen-

tia, was tested in a 12-week, open label trial [46] on 40 subjects with Asperger

syndrome or PDD-NOS. 90% of the sample showed a clinically significant re-

sponse, and no serious adverse event was reported (only mild nausea in five

patients).

• Nutritional supplements are considered since ASD patients are at an increased

risk of malnutrition due to the very specific food preferences such as too wet/dry,

the color of food, food shape, packaging type and brand, which causes lowered

energy intake. The lower intake of energy is also caused by intestinal dysfunction,

indigestion, and bad absorption of nutrients [47]. The nutritional status should

always be assessed in ASD patients to rule out any nutrient deficiency and to

plan interventions using nutritional supplements to correct evenctual deficiencies.

Biochemical processes involved in ASD symptoms include:

– Vitamin-A (VA) plays a role in regulation of gut microbiota. Except re-
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stricted interests, all the symptoms regarding neurodevelopment deficits

significantly improve following VA supplementation [48].

– Vitamin-C decreases the level of oxidative stress and the severity of stereo-

typed behaviors and other autism symptoms [49].

– Vitamin-D, neuroactive hormone for normal brain homeostasis and neu-

rodevelopment, significantly improved outcome, which was mainly in the

sections of the Child Autism Rating Scale (CARS) and aberrant behavior

checklist subscales that measure behavior, stereotypies, eye contact, and

attention span [50].

– Vitamin-E, an important antioxidant, plays a major role in the protection

and development of the embryo nervous system, supplementation reduces

brain oxidative stress [51].

– Vitamin-B6, B12, whose deficiencies cause symptoms of attention deficit,

hyperactivity, diverse behavioral processes, including sleep, learning, mem-

ory, sensation of pain, epilepsy. Its supplementation improves symptoms of

ASD as the rated Clinical Global Impression Scale of Improvement (CGI-I)

score was statistically significantly better (lower) [52].

– Vitamin-K, has a role in neural development.

– Multivitamins supplement, containing several vitamins, minerals, iron, folic

acid (helps make DNA and other genetic material, it is especially impor-

tant in prenatal health), and antioxidants such as coenzyme Q10 and n-

acetylcysteine) was chosen as active treatment with recorded improvement

in parent-rated scores of irritability.

Even if a recent review of clinical trials assessing their effects failed to provide

convincing evidence for the therapeutic benefits of these agents on ASD core

symptoms, supplementation of nutritional deficiencies may be necessary to over-

come any malnutrition side effects in ASD patients.

• Dietary interventions, consisting in the use of a specific dietary regimen, rely

on the absence of specific food allergen (such as casein or gluten) which could en-
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hance immune response in predisposed subjects or trigger autoimmunity. Several

gastrointestinal abnormalities have been observed in subjects with ASD, such as

increased permeability of the gut barrier and bacterial overgrowth which could

benefit from elimination diets aimed at omitting foods with negative effects on

ASD symptoms. The ketogenic diet is low-carbohydrate (10%), high-fat (90%)

diet which has been successfully administered in children with refractory epilepsy

showing some effect on improving social and communication skills in ASD chil-

dren: this dietary regimen determines a better seizure control and has an effect

comparable to antiepileptic drugs [53, 54]. An elemental formula (containing free

amino acids-Neocate) diet, with exclusion of all milk products, after 4 months,

reported a significant reduction of hyperactivity. Among diets, the Chanyi ap-

proach suggests to decrease the intake of some foods (like meat and fish, eggs,

ginger, garlic, and onion) which are thought to produce higher internal heat and

exert a negative impact on the child’s mood and cognitive functions. A double

blind randomized study in which 24 ASD children were assigned either to a spe-

cific diet modification based on the Chanyi approach or to their usual diet for one

month, have reported a significant improvement in parent-rated social problems

and repetitive behaviors [55]. Dietary approaches may be important contributors

to the increased overall well-being of ASD patients.

• Nutraceutical is defined as “any substance that is food or a part of food and

provides medical or health benefits, including the prevention and treatment of

disease” [56]. Usually consisting of dietary supplements (such as vitamins, miner-

als, amino acids, and herbal substances) or functional food, nutraceuticals could

represent a potential treatment for autism with limited or no side effects. To

date, the only functional food tested in autism is camel milk which contains

less cholesterol and lactose and more vitamins and enzymes, such as the pep-

tidoglycan recognition protein (PGRP), than cow milk. This milk plays a role

in preventing food allergy, modulating the immune system, and has showed sig-

nificant improvement in CARS scores and in antioxidant activity in children

treated either with raw or boiled camel milk for 2 weeks compared to placebo.

L-Carnosine, is another CAM therapy tested in autism, is based on the con-

Development of a deep-learning algorithm for autonomy evaluation in children with autism from RGB-D videos 11



Chapter 1. INTRODUCTION

nection between carnosine and GABA functioning, which seems to be altered in

ASD [57]. Particularly, it could alter neurotransmission by interacting with zinc

and copper at GABA receptor level [58], improving receptive speech and social

behavior, with no side effect (apart from rare hyperactivity which disappeared

after lowering the dose). Natural flavonoids, precisely quercetin and luteolin,

exert a powerful antioxidant activity and have a low redox potential which could

in turn be useful in autism wherein altered redox status and concomitant sub-

clinical inflammation has been reported [59]. Significant changes in adaptive

functioning and aberrant behaviors were observed. The most relevant adverse

event was irritability, which was experienced by half of the sample usually at the

beginning of therapy (1–8 weeks). Probiotics are living microorganisms which

could exert health benefits on the host. Generally, they are bacteria belonging

to two groups, Lactobacillus or Bifidobacterius. In recent years, the gut-brain

reciprocal influence has obtained much relevance in autism since gut inflamma-

tion, or altered microflora, could determine a detriment on brain development

and function [60]. Outcomes reported a significant improvement in core symp-

toms of autism, such as eye contact and correct recognition of human emotion.

Digestive enzymes are another treatment of gut abnormality consisting of

three plant-derived enzymes (peptidase, protease 4.5, papain). In a double blind,

placebo controlled, randomized, crossover trial, enzymes were administered for 3

months [61]. The ASD group receiving digestive enzyme therapy had statistically

significant improvement in emotional response, general impression autistic score,

general behavior and gastrointestinal symptoms, demonstrating the usefulness of

digestive enzymes which are inexpensive, readily available and have an excellent

safety profile [62].

• Homeopathic products come from plants (such as red onion, arnica mountain

herb, poison ivy, belladonna deadly nightshade, and stinging nettle), minerals

(such as white arsenic), or animals (such as crushed whole bees). Homeopathic

products are often made as sugar pellets to be placed under the tongue; they

may also be in other forms, such as ointments, gels, drops, creams, and tablets.

Treatments are “individualized” or tailored to each person so it’s common for
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different people with the same condition to receive different treatments.

• Hyperbaric Oxygen Therapy (HBOT) is generally used to treat carbon

monoxide poisoning or air embolism. The exact mechanism of action is not yet

fully understood but HBOT seems to exert positive effects on different neuro-

logical symptoms [63]. It is of note that both groups seemed to improve from

baseline. A small open label trial reported improvement in several symptoms of

ASD [64, 65, 66, 67].

• Chelation treatment involves administration to an individual of various chem-

ical substances for the purpose of binding and then withdrawing specific metals

from the person’s body [68]. Conducted double blind randomized trials did not

demonstrate any significant evidence supporting the utility of chelation treat-

ment in ASD [69]. An open label trial in which children underwent chelation and

antiandrogen therapy reported significant improvement, but the study design

and the multicomponent intervention refrained to draw solid conclusions [70].

1.3.2.2 Non-biological CAM treatments

• Music therapy is efficacious in ASD due to its ability to potentially change

both the structure and functional connectivity of the cortex. This changes al-

low for multisensory integration across cortical and subcortical domains in early

developmental stages, the absence of which is the core of aberration in ASD

[71]. The role of music as a treatment for psychiatric conditions (i.e., depres-

sion, schizophrenia, substance dependence and abuse disorder, and dementia)

has been studied for many years, for its effectiveness in physical recovery, cogni-

tive improvement, communication skills, and social and emotional rehabilitation

[72]. Musical improvisation in autism could represent a sort of nonverbal shared

language that could enable both verbal and nonverbal patients to reach com-

munication [73]. In fact, it has been reported that the learning of language in

infants is highly based on the musicality of sounds [74]. ASD children appeared

to respond better to music than to spoken words [75]. The use of songs could help

people with ASD to understand emotion which they have difficulties in detecting
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in words. Several trials outcomes evidence that music therapy may help children

with ASD to improve their skills in areas like social interaction, verbal commu-

nication, initiating behavior, and social-emotional reciprocity. A study showed

significant improvement in several standardized scales (CGI-S, CGI-I, and BPRS)

[76]. The cohort was divided into two groups of severity and the study demon-

strated that while simple music was more effective in severe ASD patients’ joint

attention, complex music was more effective in children with mild or moderate

autism. Patients diagnosed with ASD generally show an activated bilateral tem-

poral brain networks during sung-word perception and functional front-temporal

connectivity, disrupted during spoken-word perception, is preserved during sung-

word listening. There is also synchronization of frontal activity with activity in

posterior and other areas. Both passive listening and active playing, activate

areas of the brain involved in cognitive, sensorimotor and perception-action me-

diation through increasing the oscillation synchrony between these cortical areas.

This sinchrony promotes heightened sensory-integration. Short-term and long-

term music listening and music playing, involve multisensory and motor networks

and create connections between functionally related brain regions with contin-

ued music exposure. Children engaged in long-term instrumental practice have

larger corpus callosum, frontal, temporal and motor areas relative to controls.

Previous evidence demonstrate a change in the volume and fiber density of the

arcuate fasciculus in not only professional musicians but also in adult patients

with Boca’s aphasia. Both, musicians and aphasic subjects demonstrated both

clinical improvement and structural changes in this front-temporal tract follow-

ing an intensive course of music-based speech therapy. Music improve deficits in

the mirror neuron system (MNS) in children with autism priming them to speak.

Music’s ability to modulate emotion and mood in individuals both with and

without ASD is well established: both experimentally and anecdotally. Both,

the ASD and the healthy subjects, show a preserved, and even heightened, sense

of musicality that extends into adulthood, with an ability to interpret and re-

spond to the emotions conveyed in songs or music even when unable to do so in

speech. All the mentioned evidences design a role for music-based therapies to
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recover these deficits.

• Cognitive behavioral therapy (CBT) is a psychotherapeutic intervention

previously evaluated to be effective for ASD patients for targeting core symptoms

improving affective communication, social skills, cognition and facial emotion

perception, but also for comorbid anxiety, depression and obsessive-compulsive

disorder. Anxiety often leads to several other problems including increased ir-

ritability, disruptive behaviors, inattention, and decreased functionality. These

programs always include elements of psychoeducation and social coaching to de-

velop social skills, self-care skills, highly structured worksheets and visual aids.

CBT techniques and protocols have been introduced for ASD patients to address

difficulties arising from their problems in recognizing and understanding both

their own and others’ thoughts and feelings. CBT can be administered individu-

ally, can involve the presence of family members and/or can be done in a larger

group setting. While individual treatment is more effective due to its flexibility

and personalization to needs of the individual patient, group CBT allows for

increased social interaction, sharing of experiences, promotion of self-acceptance

and improved insights of both strengths and impairments related to ASD.

• Social behavioral therapy (SBT) in ASD focuses on functional independence

and quality of life by targeting improvement of emotional regulation, social skills

and communication. Different types of SBT interventions include both specific

targeted approaches focusing on each symptom domain, as well as more complex

and comprehensive approaches. Comprehensive intensive behavioral interven-

tions are based on Applied Behavioral Analysis (ABA), an approach that eval-

uates the impact of environmental events on behavior and employs structured

specific teaching methods focusing on language, cognitive, sensorimotor skills,

social interactions, everyday living skills and specific problem behaviors. This

is nowadays the main used therapy in autism. Such comprehensive ABA pro-

grams include early intensive behavioral intervention (EIBI) in children under

5 years old. EIBI works by decomposing complex skills into more elementary

subskills, teaching them individually, increasing intellectual functioning. Other
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ABA programs include the Learning Experiences: the Alternative Program for

Preschoolers and Parents (LEAP), focuses on integrated teaching with non ASD

peers. SBT also includes developmental intervention models, which conduct an

evaluation based on developmental history, assessment of functioning, and clini-

cal observations of interactions to yield a developmental profile for every patient

and design targeted interventions. Examples of such models include the Denver

Model and the Early Start Denver Model (for toddlers) (ESDM) [77], Responsive

Teaching [78], and the Developmental Individual-Difference Relationship-based

model (DIR/Floortime) [79]. Besides comprehensive programs, there are also

targeted interventions focusing on specific cognitive skills and domains tailored

individually to the existing level of functioning, skills and needs. Such interven-

tions include enhancement of functional communication, emotion recognition,

social skills, and promoting independence [80]. Successful programs include the

Picture Exchange Communication System (PECS) [81], the use of speech gener-

ating devices, self-management [82] or Reciprocal Imitation Training (RIT).

• Oxytocin (OT) and Vasopressin(V) are closely related neurohypophyseal

nine-amino acid peptide hormones, differing in only 2 aminoacids, synthesized

in the hypothalamus and stored in the neurohypophysis. OT and V receptors

are highly expressed in the amygdala, hippocampus, and nucleus accumbens,

and play a role in social behaviors, bonding, and parental care. Several studies

detected lower OT plasma levels and parallel higher levels of its precursors in

ASD patients [83, 84] as well as associations between ASD and genetic variation

in OT receptors. Several randomized clinical trials or open label studies have

evaluated the effects of OT in ASD using various dosing regimens and behavioral

and cognitive outcome measures. One trial reported that acute intravenous ad-

ministration of OT decreased repetitive behaviors and enhanced social cognition

in ASD patients [85], while another trial found that acute intranasal OT adminis-

tration improved social cognition [86]. Functional neuroimaging studies reported

increased activation in brain regions involved in processing of social information

and reward processing in ASD patients after OT administration. An important

limitation of OT treatment is its intranasal vs. intravenous administration routes
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by which only a small fraction reaches the brain, and therefore the majority of

the administered agent can trigger peripheral side effects (nasal discomfort, skin

irritation, diarrhea, irritability and fatigue). Vasopressin enhanced responses to

social communications and interactions suggest that vasopressin V1a receptor

antagonists may exert pro-social benefit for disorders where social and emotional

functions are core deficits. A limited number of clinical trials have evaluated the

efficacy and safety of V1a antagonist in ASD. The Food and Drug Administration

(FDA) in USA has recently granted this compound “Breakthrough Therapy Des-

ignation”, raising the hope for approval of the first pharmacotherapy to improve

core social and communication deficits in ASD.

• Sensory Integration Therapy. ASD affected subjects often display impair-

ments in sensory information processing resulting in overwhelming situations

when they are solicited with lights, sounds, smells, tastes, or textures [87]. Sen-

sory integration therapy commonly uses activities specifically studied to mod-

ulate how the brain responds to sight, touch, sound, and movement [88]. All

studies yielded significant improvement in several autistic core symptoms (com-

munication, social reciprocity and motor activity).

• Dance Therapy. Dance and movement therapies are based on the mirroring of

the movements performed by the therapist, focusing more on “attunement” than

on simple imitation, to achieve a more mature form of social reciprocity [89].

• Acupuncture is a form of traditional chinese medicine widely used also in west-

ern countries and consists in placing needles in the skin and near tissues in specific

points, known as acupuncture points. The needle could convey also electricity

(electro-AP) or laser or heat [90].

• Massage is used because the touch alleviates sensory impairment (hypo/hypersensitivity)

and reduce anxiety [91]. Significant increase in socialization and communication

and a reduction of sensory impairment were observed in different trials.

• Yoga is a movement therapy which could ameliorate behavioral problems and

anxiety. It is of note that yoga appears to increase GABA brain levels, even after
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one session [92]. As GABA is considered to play a key role in autism pathogen-

esis, yoga may represent a potential treatment candidate involving simple body

movements which has to be performed in a relaxed and natural manner. Study

findings reported increased self-control, social interaction, control of disruptive

behaviors and reduced parent-rated autistic symptoms [93].

• Pet Therapy. The use of animals in ASD relies on the hypothesis that animal

movements and behaviors are more predictable and repetitive and could help chil-

dren with ASD to interpret social cues even in more subtle contexts. Traditional

chosen animals are dogs and horses but in 2014, also Guinea pigs were used with

64 children with ASD [94] and the authors reported significant improvement in

social functioning compared to the control situation.

• Chiropractic manipulation is a popular and widely used CAM in ASD, fo-

cused on the relationship between the body’s structure, primarily of the spine,

and function. It makes use of a type of hands-on therapy called manipulation (or

adjustment) as their core clinical procedure [95]. Examples of different types of

chiropractic care are: the Atlas Orthogonal Upper Cervical Spinal Manipulative

Therapy (a form of manipulation involving the instrumental percussion of the

atlas to correct possible misalignments) and the full-spine Spinal Manipulative

Therapy (characterized by high velocity and low amplitude thrusts) in children

with autism. The Atlas Orthogonal Group has showed the major improvement.
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LITERATURE REVIEW

In this chapter a review of the literature on the approaches for ASD evaluation is

presented. Sec. 2.1 describes the methods considered as standards in the clinical

practice of autism diagnosis, while Sec. 2.2 reports the more recent approaches. After a

brief resume of the limitations in the state of the art in Sec. 2.3, the survey prosecutes

with Sec. 2.4, introducing the new paradigm of learning algorithms applied to the

evaluation of autism. The chapter ends explaining the objective of this work with a

brief thesis overview in Sec. 2.5.

2.1 Approaches to evaluate the degree of ASD

ASD are, as a rule, diagnosed by trained clinicians via direct behavioural observation

or interviews with parents/primary caregivers or adult patients, or both. The 3 main

areas of investigation are:

• Communication and language skills, that is child’s history of speech development

and current abilities to sustain the conversation.

• Social interaction issues, how the child interacts with other people and how show

or interpret emotional responses.

• Repetitive and obsessive behaviors, also called stereotypical behaviors such as an

obsession on unusual items, repetitive hand motions, or repeated use of short,
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out-of context phrases.

The behavior is a complex ensemble of more basic gestures, gazes, vocalizations

and postures. Depending on the area under investigation, the autistic patterns are

individuated consequently but the ways (i.e. recorded signals) by which the subjects

are monitored could be the same for more than one area. Nowadays the observation

is accomplished by mean of the direct acquisition of signals such as accelerometric,

audio, gaze tracking, skin impedance, but also using video capturing, offline coding,

and analysis of the children’s condition. These ”signals” are then used to infer about

the behavioral state of the children. The aim of the observation is the understanding

of the level of engagement in social relations and other skills. Novel approaches use

computational methods such as learning algorithms to analyze and infer over one or

more types of information acquired by the above methods to speed up the evaluation

process, making it more objective and allowing for a personalization of the therapy.

2.1.1 Paper-and-pencil rating

Interview based scales are collections of questions, concerning the different ASD symp-

toms and the possible comorbidities, posed to the parents/caregivers. To the received

answers are assigned scores ranging from 0 to 3 (increasing severity) plus additional

scoring possibilities [96]. Scales are different for several developmental stages (from

early childhood to adulthood) and are helpful in differentiating between ASD and

other developmental disorders. They are divided into 4 main categories:

• Interview with parent/primary caregiver:

– 3di - Developmental Dimensional and Diagnostic Interview [97]

– ADI-R - Autism Diagnostic Interview - Revised [98]

– ASDI - Asperger Syndrome Diagnostic Interview [99]

– DISCO - Diagnostic Interview for Social and Communication Disorders [100,

101]

– ASDDA - Autism Spectrum Disorder-Diagnosis Scale for Intellectually Dis-

abled Adults [102]
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– ABI - Autistic Behavior Interview [103]

• Interview with the affected adolescent or adult:

– AAA - Adult Asperger Assessment [104]

• Direct behavioural observation by a trained clinician:

– ADOSG - Autism Diagnostic Observation Schedule - Generic [105]

– ASDOC - Autism Spectrum Disorder - Observation for Children [106]

– BOS - Behaviour Observation Scale for Autism [107]

• Combination of interview and direct observation:

– CARS-2-ST - Childhood Autism Rating Scale - Second Edition -Standard

Version [108]

These rating scales require long time to be acquired and are limited by the subjectivity

of the interviewed subject and, in some cases, of the interviewer that must interpret

the answers.

2.1.2 Direct acquisition of signals

In ASD, anxiety and poor stress management can intensify social interaction difficul-

ties, increase levels of ritualized or repetitive behaviors, and magnify irritability and

aggression. Monitoring the physiological changes, associated with negative emotions,

can give to care-givers insights into the internal emotional changes in a real-time fash-

ion, allowing them to take necessary actions to alleviate the symptoms and to manage

the stress. Due to the multiple ways by which stress is manifested, the evaluating

process makes use of different measurable physiological parameters of the body [109]:

• Heart Rate Variability (HRV) is the oscillation in the interval between consecutive

heart beats.

• Respiration rate (RR) is the total number of respiratory cycles occurring each

minute and is a useful indicator for stress.
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• Electrodermal activity (EDA) refers to measures of the conductance of the skin

surface by using one electrode to injects a small AC current into the skin and

another to calculate the impedance of the skin using Ohm’s Law given a certain

voltage. It can be a useful indicator of stress [110].

• Skin temperature (ST) refers to the temperature measured on the surface of

the skin, including body and peripheral temperature is a parameter of stress,

although this depends on the location of temperature measurement.

• Cortisol is a hormone released by the adrenal gland when the person is exposed to

particular external stimuli that causes stress and can be measured conventionally

from saliva. There are also wearable patches attached to the skin for measuring

cortisol level non-invasively [111].

• Blood pressure can monitor changes in the emotional state due to stress since,

when exposed to a stressful situation, the body produces hormones which increase

the blood pressure.

• Blood Volume Pulse (BVP), measured by photoplethysmography (PPG), indi-

cates dynamic changes in blood volume underneath the sensor. These oscillations

reveal changes in the vascular bed due to vasodilation or vasoconstriction (in-

crease or decrease in blood flow) and to changes in the elasticity of the vascular

walls, both related to stress [112].

• Blood Oxygen Saturation refers to the extent to which hemoglobin is saturated

with oxygen which is altered by stress.

• Electromyography (EMG) records electrical activity in response to a nerve’s stim-

ulation of the muscle. Muscle activity of certain body parts such as face, shoulder,

and lower back exhibit increased EMG activity during stress [113].

Recently developed stress monitor solutions have been implemented which exploit both

physiological data and other additional informations such as physical activity, and

sleep data for a comprehensive assessment of stress and the associated activities [114].

The emergence of wearable assistive technologies provides a mean to detect emotional
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arousal and corresponding changes in the autonomous nervous system non-invasively.

Imani et al. [115] have developed a wearable sensor that includes, in a patch, sensors

monitoring physical exertion (via a lactate sensor), and electrocardiogram. This hybrid

device misses the algorithms to recognize the emotional states from such signals. Yoon

et al. [116] have developed a flexible patch detecting skin conductance, temperature,

and arterial pulse wave. The sensor has a small contact area (25 mm×15 mm) and

flexible material. It is useful for people with ASD as they have hyper-sensory issues.

The device should be embedded into their clothing or by wearable technology (e.g.,

wristbands and smart watches).

A smart scarf has been developed by Guo et al. [117] which uses a heart rate sensor

and a Electrodermal Activity (EDA) sensor to recognize emotional information. It

responds to negative emotions when detected, by changing its color and emitting an

odor to promote positive emotions. The authors did not develop the algorithms to

recognize relevant affective emotional states.

A smart glove that is designed for ASD population was developed by Koo et al.

[118]. The glove included an EDA sensor and pulse oximeter sensor (heart rate/heart

rate variability). The EDA sensor was made of conductive thread sewn into the glove

to make electrical contact with the skin. The glove incorporated a wireless module

enabling a remote monitoring and notification for individuals with ASD and their

parents.

More recently, solutions are under development that utilize advanced artificial intel-

ligence technologies such as machine learning and deep learning for emotion recognition

to make meaningful information out of the collected physiological data.

Another device that is still under development and targeted for people with ASD

is reported in [109]. This device collects heart rate, electrodermal activity and skin

temperature data. The solution integrates a patented technology, called Anxiety Meter,

to assess anxiety level in a natural setting and can notify the caregiver when anxiety

levels start to elevate. By applying data analytics techniques, the device allows to

make “smart” clinical decisions.

Another class of solutions aim monitor stress level but also manage and reduce

stress utilizing stimulating electrical pulses. This solution uses a patented technology
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named Bi-lateral alternating stimulation–tactile (BLAST) [119]. Muaremi et al. [120]

have included contextual information such as voice, physical activity, and sleep data

for comprehensive assessment of stress and the associated activities. A new generation

of stress management and stress relief devices uses two neuro-stimulation technologies,

namely Transcutaneous Electrical Nerve Stimulation (TENS) and Transcranial Direct

Current Stimulation (tDCS) [121]. This technology is currently being validated for

humans. As can be seen, some technologies are in their early stage of testing and not

thoroughly validated and will require extensive validation to show their usefulness in

clinical studies. In some of the cited studies there is the lack of a proper algorithm

that uses the recorded signal to predict the emotional state and, by this information, is

able to evaluate the presence of ASD. Other of these studies lack of a methodologically

reliable experimentation. Anyway, adopting such wearable devices can potentially

carry enormous benefits for people with ASD and their caregivers.

Screening for ASD has evolved recently from subjective clinical assessments to ob-

jective metrics acquired from sensing devices such as gaze-tracking, motion sensors,

and speech analytics. One domain in which autistic people behave unusually relates to

oculomotor behavior, including low levels of eye contact during communication, and

low levels of directional signaling via eye gaze [122]. A study conducted by Frazier et

al. [123, 124] confirmed that an ASD child avoids looking at the faces, and specifically,

the eyes. Aggregating gaze dwells time to social and non-social Region of Interests,

strongly discriminated children with ASD from those without ASD. More researches

have been conducted using variety of commercially available eye tracking systems with

similar experimental setups and procedures. Using visual stimuli (e.g., still images

or dynamic videos) with predefined Region of Interests such as face, eyes and mouth.

Tracking the target’s gaze patterns through a device, atypical patterns in the gaze

behavior are expressed using the subject x and y coordinates of gaze fixations with

respect to time. Approaches used in these studies ranged from facial viewing patterns

to video viewing patterns. There are three main types of eye tracker: screen-based

(also called remote or desktop), glasses, (also called mobile) and eye tracking within

virtual reality headsets.

The display of stereotypical body movements is a symptom of ASD and the iden-
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tification of movement patterns has been focusing on data from accelerometer sensors.

The accelerometric signals are used to detect hand-flapping movements, body rocking,

fingers flapping, hand on the face and hands behind back. Even coarser movement

indices (including, for instance, gesture indices or general movement patterns) also

provide meaningful information for the identification and differentiation of autistic

behavioral markers.

Prosody collects those elements of speech that are not individual phonetic segments

(vowels and consonants) but properties of syllables and phrases, including intonation,

tone, stress, and rhythm. Prosody may reflect various features of a subject: its emo-

tional state, the form of the utterance (statement, question, or command), the presence

of irony or sarcasm, emphasis, contrast, and focus. It is usual to distinguish between

auditory measures (subjective impressions of the listener) and acoustic measures (phys-

ical properties of the sound wave). In auditory terms, the major variables are:

• The pitch of the voice (varying between low and high)

• Length of sounds (short and long)

• Loudness, or prominence (soft and loud)

• Timbre (quality of sound)

In acoustic terms, these correspond closely to:

• Fundamental frequency (hertz, or cycles per second)

• Duration (time units such as milliseconds or seconds)

• Intensity, or sound pressure level (measured in decibels)

• Spectral characteristics (distribution of energy at different parts of the frequency

range)

In the context of autism, researchers focused on deficits in vocal emotional com-

munication and pointed out that these deficits tend to affect voices exactly as faces

and body movement. Deficits in verbal communication may also affect vocal identity

perception, and vocal expression of autistic people in communication could be affected
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beyond emotional expressions. Detecting auditory markers for autism in voices is

linked to the symptom of vocal stereotypies. Usually differentiation is done between

vocal stimming (a nonverbal vocalization often observed in autism) and other noises

using dedicated dictionnaires. ASD children lacking verbal communication present vo-

cal stimming and frustration. For verbal children, other potential vocal markers could

include prosody [125]. Marchi et al. [126] created an evaluation database in three

languages with ASD and typical developing (TD) children’s emotionally toned voices

recordings during an imitation task for sentences with different intonations (e.g., rising,

falling). The major drawbacks of the methods described in this section is that they

are invasive and conditionating the spontaneous behaviour of the subject. In some

cases the described methods require the accomplishment of unusual actions such as,

for example, looking to a monitor for a prolonged time.

2.1.3 Video-based methods

The use of videos in autism belongs to two broad categories:

• Video based ASD identification. In many cases it has been demonstrated low

agreement between parent report and more objective measures of ASD symp-

toms, togheter with a lower reliability for screening instruments when used in

rural, low income, less educated, and racially diverse samples. This is due to

bad comprehension and interpretation problems of the queried constructs or in-

adequate knowledge of developmental milestones. The Video-referenced Infant

Rating System for Autism (VIRSA) is a complementary tool employing a large

library of video clips depicting a wide range of social-communication ability and

relying solely on video in the ratings, with no written descriptions of behavior.

Video segments were rated by 9 clinical research staff on a scale from 1 (least

socially competent) to 10 (most competent). The semantic clarity of the videos

and their grouping per age, improve early discrimination of infants at highest

risk for ASD, allowing for a few minutes for the test completion (7 to 10) and

concurrent symptoms indexing.

• Video based ASD interventions [127], facilitate the participant with a definitive

26 Simone Salvoni



Chapter 2. LITERATURE REVIEW

appropriate model, and appropriate set of desired behaviours without additional

stimuli causing confusion. Its use is based on the fact that human learning often

comes from observing and imitating a skilled person or ‘model’, proficient in

performing the skill adequately. Children with ASD have specific problems with

this type of learning due to poor motor imitation, reduced interactions with peers,

inappropriate ‘frame of reference’, lack of attention and eye contact that cause

misunderstanding of how and when it is appropriate to apply the behaviour. VBI

include:

– Video feedback (VF), the individual is recorded and can review appropriate

or inappropriate behaviours while the experimenter provides direction and

assistance in the modification. VF aims to develop self-perceptions and

improve peer interactions and behaviours.

– Video modelling (VM), desired behaviours are acquired by watching a video

demonstration of the desired behaviour by a correct model and then imi-

tating the behaviour.

– Video self-modelling, to the ASD subject is asked to self-critique watching

itself filmed during the target action execution after the experimenter has

edited out all the undesirable behaviours.

– Point-of-view modelling, the camera is pointed to embrace the scene as the

participant would see it, directed at a specific set of hands performing the

desired task reducing irrelevant stimuli and optimising the focus on the

specific task.

– Video prompting (VP), presenting the learner with a subjective viewpoint,

it is not a fluid clip, like the VM procedure, but many mini clips based on

a task analysis of the entire task, allowing the subject to perform each step

in time with the video. VP is more effective in teaching daily living skills

to adults with learning disabilities than VM, even if it is slower and more

difficult to administer than VM.

– Computer-based video instructions present a variety of media, text, music,

pictures and video footage. Computers use have positive effects on students,
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due to higher attention rates, recreational associations of media files and

increased successful performance.

In [128], VIRSA demonstrates that videos can be used to clarify developmental phe-

nomena improving parent reporting of early development and allowing for web-based

screening. The sensitivity of the VIRSA at 18 months is comparable to existing mea-

sures, suggesting that it is useful in identifying toddlers with ASD. Anyway, its specific-

ity and positive predictive value, were lower than recommended standard and do not

support the use of the VIRSA as a stand-alone ASD screener but only as an initial step

in a screening process. Despite these limitations, the VIRSA demonstrates that it is

possible to develop a parent-report instrument for identifying ASD risk in the first year

of life. It also demonstrates that video can be used to clarify the developmental state.

An innovation of the VIRSA is its web-based, mobile-optimized application deploy-

ing the smartphones diffusion even in lower income, rural, and minority communities.

The VIRSA, with its low-burden, quick, online ratings, has the potential to reduce

disparities in communities with limited access to screening and provide the possibility

of initiating intervention before the symptoms set of ASD have emerged.

Many evaluations of the efficacy of VBI do exist. An individual’s progress under

VBI can be influenced by external factors such as preexisting social skills, the pa-

tient’s age, mental ability and the duration and intensity of the program. In Bellini

and Akullian (2007) [129] is reported that the obtained results suggest video mod-

eling as an effective intervention strategy for addressing social-communication skills,

functional skills, and behavioral functioning in children and adolescents with ASD.

Results also indicate that these procedures promote rapid skill acquisition and these

skills are maintained over time and transferred across persons and settings. Based on

these results, video modeling intervention strategies meet criteria for designation as

an evidence-based practice. A limitation of the video-based approach could be the

perceived presence of the acquisition setup, causing inhibition of the natural behavior.

Another one is that the methods requiring an offline evaluation are affected by the

subjectivity, knowledge and experience of the operator.

In [130] the children interact with mobile, non-humanoid robots in whatever po-

sition they prefer (e.g., lying on the floor, crawling, standing). They are also free to
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choose how to interact with the robot (touching, approaching, watching from a dis-

tance, picking it up, etc.). Interference by adults is only necessary when the child is

about to damage the robot, or when the child switches off the robot. The robot is used

to guide the children towards more ‘complex’ forms of interaction, as found in social

human-human interactions. A purely reactive robot engages children with autism in

simple, imitative, interaction games, based on elements of turn-taking. The robot’s

behaviour is guided by a small set of rules making it more predictable and less com-

plex than human behaviour. The same ‘approach child’ behaviour is never repeated

precisely but performed in variations to avoid perpetuating stereotypical and repeti-

tive behaviour. The authors show that most children responded very well and with

great interest to the autonomous robot. For a group of 18 children with autism, the

statistical results showed a significant increase in the interaction levels of the children

with the robot when considering the amount of eye gaze and attention directed at the

robot. These results support the robots use in education and therapy of children with

autism. However, given the nature of autism, one issue in this project, is the role of

the affective aspects in child-robot interactions. There are ethical issues of encouraging

the development of affective attachment of a child with autism with a robot that is not

more than a machine without emotions.

2.2 Novel approaches

All the methods reported in Sec.2.1 use parameters derived from the clinical assessment

of the presence and severity of ASD. Even if the use of digital technologies has moved

the measure of such parameters toward a more objective and reliable level, the amount

of data these methods provide has increased the needs of computational methods to

speed up the evaluation process. Novel approaches to accelerate the diagnosis process,

use learning algorithms for analyze and infer over one or more types of information

acquired by the above methods [10]. The applications usually belong to two main

categories which are the behavioural observation and the physiological signal analysis.

Examples of applied learning algorithms are:

• In [131] a decision tree is fed with fractional anisotropy (FA), radial diffusivity
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(RD), and cortical thickness from magnetic resonance data as features to perform

classification between ASD and typical development children.

• Bone et al. (2016) trained and cross-validated an SVM classifier to differentiate

ASD from other developmental disorders (DD) based on data from two stan-

dardized assessments, the Autism Diagnostic Interview, Revised (ADI-R) and

the Social Responsiveness Scale (SRS) [132].

• Voice prosody was examined by Nakai et al. (2017), comparing the performance

of an SVM classifier with cross-validation on 24 features vs the clinical judgment

of speech therapists in classifying children with ASD and children with typi-

cal development (TD) based on single-word utterances. The SVM proved more

accurate than the 10 speech therapists [132].

• Functional near-infrared spectroscopy (fNIRS) optical brain imaging modality,

providing time-series of oxygenated hemoglobin (HbO2) , deoxygenated hemoglobin

(Hb), and total hemoglobin (HbT = HbO2CHb), used in a multilayer convolu-

tional neural network (CNN) for predicting ASD [133].

• Body-worn sensors (three axis accelerometer and a two-axis gyroscope) collected

time series used for human activity recognition in a CNN to provide a higher

level abstract representation [134, 135].

• Using curated lists of genes known to be associated with ASD and intellectual

disability (ID), Kou et al. (2012) used two network-based classifiers and one

attribute-based classifier, to classify known and predict new genes linked to these

diagnoses. Finally, 10 SVM classifiers were employed using positive gene sets (i.e.

genes associated with ID) and negative sets (i.e. genes associated with ASD),

which were randomly generated with 200 genes in each set. The SVM performed

better than both network-based classifiers [132].

• To accelerate the diagnostic process, Wall et al. (2012a, b) tried to identify a

subset of ADI-R and of ADOS items that could be used to accurately classify

ASD. An ADTree classifier was found to perform best with an accuracy of 99.9%

in both cases.
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• Support Vector Machine classification algorithm exploring patterns of eye move-

ments during face recognition tasks used to differentiate children with ASD from

children with typical development [9].

• Two CNN have been used to analyze speech dialog of autistic children in 3 stages

[136]:

– Thresholding for silence detection and Vocal Activity Detection for vocal

isolation.

– The 1st neural network with frequency domain representations classifies ut-

terance for the isolated vocals.

– The 2nd neural network recognizes autistic traits in speech patterns of the

classified utterances.

• Neural networks have also been implemented by Linstead et al. (2015, 2017) in a

task to find the relationship between treatment intensity and learning outcomes

in the context of applied behavior analysis (ABA) treatment for ASD. Compared

to simple linear regression, neural networks were more accurate. Even if the used

neural networks had a single hidden layer and considered patients only within the

early intervention age range, this work highlighted the capacity of the networks

to learn non-linear relationships without any prior knowledge of the functional

form of those relationships [132].

• Patnam et al. (2017) tried to identify behaviors that precede meltdowns and

self-injurious behavior, in children with ASD. The authors used a recurrent

CNN trained on video and images collected from various databases and Internet

sources. On average, the model was trained in 30 to 60 min and tested on video

recording of five individuals with 92% accuracy. The gestures were identified in

less than 5 s and used to implement an alarming mechanism to alert caregivers

in real time.
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2.3 Limitations in the state of art

The main limitations in the current state of the art are:

• Subjectivity affecting the procedure. Be it a parent answering the questionnaire

or the operator conducting the evaluation, the different knowledge of the ASD

aspects and development milestones, even between two professionals, can lead

to different diagnosis or to the missing of relevant aspects in the assessment.

This subjectivity can be found also in the feature engineering process in case of

handcrafted features and can cause poor discrimination and generalization.

• Invasivity of the devices used to record physiological signals. Even if it is a

wearable device, the tools adopted to the scope introduce a disturbing element

that isn’t present in real life thus conditioning/biasing the observed behaviour

or signal. The operator could be conditioning the natural response of the child.

On the other hand, signal acquisition (MRI, functional MRI, electroencephalog-

raphy) require the subject to be still for 5–10 min or longer. It is not an easy

task for conscious (not sedated) children, especially for children with ASD.

• Complexity of the behaviour and heterogeneity in symptoms presentation of the

different children. The autism is a spectrum of many disorders each of which

can be present with a variable severity degree and manifested in a very great

variety of manners. This aspect is worsen by the fact that each child has its

own sets of repetitive behaviours, vocalizations, disruptive behaviours, stress

and engagement response, what makes difficult the standardization and the hard

coding of the evaluation process.

• The lack of specific datasets for autism makes the evaluation process affected by

poor generalization power and less objective. This cause a delay in the stratifica-

tion of subtypes within the ASD population, in the development of more targeted

and effective therapies and drugs, and in evaluating their success remediating the

core symptoms.

• Perceived engagement, as many other behaviours, displays cultural differences

among children with ASD and there is still little research examining ASD char-
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acteristics in cross-cultural settings. Cross-cultural analyses are important to

provide better insights into the perception of symptoms and expression of differ-

ent behaviors. [137, 138].

• Assessment is time consuming failing to provide quicker access to health care

services.

• Diagnostic reliability and validity, without tools able to manage big amount of

data to identify the most diagnostic features in ASD, are, in many cases, reduced.

2.4 How to go beyond the state of the art

A central problem in ASD is the assessment of the condition of the subject, be it for a

first potential diagnosis or for evaluating the progresses of an already diagnosed subject.

Still lacking ASD biomarkers, actual evaluation approaches are based on observation

of the subject and in finding patterns in various types acquired signals related to the

disease symptoms. The increase in data acquisition, has led to a broad application

of computational algorithms, known as machine learning, in many fields, included

ASD. Looking to the previous works in which the learning algorithm is focused on

the ABA therapy, in one of the cases the therapy has been evaluated using supervised

learning to assess the intensity of the therapy (i.e. the amount of therapy hours) with

respect to the objective reached by the child. In brief a statistical approach which

does not provide improvements to the therapy. Instead, the second reported case,

points to understand and to signal an incoming crisis of the child from video recorded

during the ABA therapy. Even if it is useful for preserving the child from stressful

situations, also in this case there are no improvements for the therapy itself. Based

on the limitations listed in Sec. 2.3 and on the examples in Sec. 2.2, it is possible to

search for an approach allowing for a less invasive observation and a more reliable and

fast evaluation of the ASD children. The core objective of the new approach should

be to provide significant insights in the therapy, lightening the economic burden both

for families and healthcare systems. Such an approach should be based on the video

recording of the children during the sessions of ABA therapy aiming to classify their
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progresses and to customize the therapy for each child based on their condition. This

can be achieved by feeding a DL algorithm with the frames extracted from the acquired

videos to obtain a classification of the autonomy level in performing actions. Such an

approach is beneficial to the scope for several reasons:

• CNN architectures are widely used for image analysis tasks and easy to imple-

ment.

• The setup to acquire data is cheap and easy to build and use.

• Previous application of deep learning algorithm to behavioural observation reveal

good accuracy in detecting patterns hidden in the images without relying on

predetermined knowledge of the operator. The discovered hidden patterns will

help so in find other relevant features to the diagnosis and assessment.

• Observation accomplished in this way allows for a more natural response of the

child that is free from the constrains of the wearable sensors, and can be ex-

tended to the acquisition and analysis of other important markers (i.e. speech

analysis, stereotypical motor movements detection, emotional state evaluation

via face/eye-gaze recognition).

• The diffusion of smartphone applications joined with the high memory capabil-

ities of the devices could move the detection of the ASD symptoms from health

facilities towards the home environment also in lower income countries.

2.5 Aim of the work and thesis overview

The presented project, “Come a casa”, has been developed by the Università Politecnica

delle Marche and ”Il Faro” Società Cooperativa Sociale in partnership with Azienda

Ospedaliera Ospedali Riuniti Marche Nord, Clementoni S.p.A., SixS, Elicos S.R.L.,

Human Foundation. It consists in the development of a CNN algorithm from video

monitoring of the behaviour of the guests of the “Il Faro”, at the Centro Orizzonte,

during their daily life activities, gaming and simple movements, and evaluate their level

of autonomy. The acquired material is used as input to the algorithm that provide real
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time results useful to define the therapy and measure the improvements in relation to

the performed therapy. In this work, two different algorithms have been implemented

to compare their performances and choose the best in accomplishing the task. After a

description of the relevant aspects of the disorders, a review of the literature on the cur-

rent state of the art and its limitations is reported, followed by a description of the most

used learning algorithms. Then are described the protocol used in data acquisition, the

chosen implemented algorithms and the used performance metrics, to conclude with a

report of the obtained results and a discussion of the future perspectives.
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METHODS

In this chapter, starting with Sec. 3.1 that introduce the world of artificial intelligence,

will be done an overview of the more diffused learning algorithms, the machine learning

family in Sec. 3.1.1 and the deep learning in Sec. 3.1.2. Then, after the description of

the architectures used in this work in Sec. 3.2, the adopted data acquisition protocol

will be explained in Sec. 3.3. The chosen training strategy, experimental settings and

performance metrics are reported in Sec. 3.4. The chapter ends exposing the reliability

test implemented using the Grad-Cam technique in Sec. 3.5 and the used programming

language for the algorithms implementation in Sec. 3.6.

3.1 Overview on machine and deep learning

Artificial intelligence is a science which studies ways to build intelligent programs

and machines that can solve problems as humans do. Machine learning is a subset

of artificial intelligence providing different algorithms able to learn and improve by

experience. A computer program is said to learn from experience E with respect

to some class of tasks T and performance P, if its performance at tasks in T, as

measured by P, improves with experience E [139]. Experience means from the data

processed, the task describes how the data’s examples have to be processed and the

performance is the measured quantity (metric) used to evaluate the goodness of the

achieved results (output) in executing the task. The learning is the mean by which
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the ability to perform the task is gained. These algorithms take the crude data and,

after a basic preprocessing step, return the natural patterns hidden in the data. This

approach helps in classification decisions but also in make predictions on unseen data.

Deep learning (DL) is a subset of machine learning that has gain increasing interest

in the last years. Traditional machine learning algorithms work on a wide variety of

important problems but cannot solve problems, such as recognizing speech or objects,

because the mechanisms used to do this are insufficient to learn complicated functions

in high-dimensional spaces. Such spaces, often, impose high computational costs. ML

techniques, listed in Sec. 3.1.2, only transform the input data into one or two successive

representations spaces, via simple transformations such as high-dimensional non-linear

projections (SVMs) or decision trees. But complex problems require more refined

representations, meaning the necessity to manually engineer good representations for

the data, what is called features engineering. DL completely automates this step,

learning all features in one pass rather than let the programmer to do it. This has

greatly simplified the learning workflow, replacing sophisticated multistage pipelines

with a single, simple, end-to-end DL model. Everything is controlled by a single

feedback signal (the error). When ”learning”, a ML algorithm explores only a subset

of all the infinite functions f : R(d) → T , and chooses the best representing function

among the subset it can select, its hypothesis space H. “Learning” means selecting

“good” values for the parameters of the function so that these values are able to produce

low values of the chosen error function, the loss function L. Parameters are then the

values that control the behaviour of the system [140]. The two essential characteristics

of how DL learns from data are:

• An incremental layer-by-layer way to develop more complex representations.

• The joint learning of the intermediate incremental representations, during which,

each layer is updated to follow the representational needs of the layer above and

the needs of the layer below.

3.1.1 Machine learning algorithms

There are two main categories of algorithms:
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• UNSUPERVISED LEARNING (UL), used to find internal patterns based only

on input data (clustering tasks without labeled samples).

• SUPERVISED LEARNING (SL), based on inputs and their associated labels, is

used for classification into categories and regression for continuous variables such

as temperature forecasting. Can be considered function-learning algorithms. In

SL, the dataset presented to the algorithm is composed of input features and the

corresponding label of the membership class. The term supervised means the

view of the target (label) being provided by an instructor showing the system

what to do. In unsupervised case the algorithm must learn to make sense of the

data without this guide.

Examples of (UL) are:

• K-means

• Apriori algorithm

• Principal component analysis (PCA)

• Singular value decomposition (SVD)

• Indipendent component analysis (ICA)

While belong to the SL:

• Decision trees (DT)

• Naïve bayes classification (NBC)

• Support vector machines (SVM)

• Random forest (RF)

• Linear regression (LR)

• Ordinary least square regression (O-LQR)

• Logistic regression

• Ensemble methods (EM)
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3.1.2 Deep Learning models

DL fundamental algorithms are known as neural networks and their structure is de-

rived from the human neural system even if this link is only figurative. Their basic

mathematical units, the neurons, are organized in successive layers. The number of

these layers determines the depth of the model which can range from few to hundreds

of layers (from which the term “deep”) which increase the complexity of the learned

features. The layers between the input (1st layer) and the output (last layer) are called

hidden layers. A neuron represents a linear transformation of the input followed by

a chosen nonlinear activation function. X, the input, could be time series, images,

sequence of data which are all represented by numbers and this extend the field of ap-

plication of this type of algorithms to almost all the domains, from health informatics

to energy, passing through economy, bioinformatics, psichology and mechanics.

Figure 3.1: Mathematical representation of a neuron’s output

Passing through the net, a sequence of data transformations, parameterized by

the weights (w and b) of each neuron, are accomplished. The number of parameters

can reach several millions and the modification of one parameter affects the behavior

of the others. The summation output passes through an activation function F, that

is a Heaviside step function, providing the network’s output. Such learning systems

are trained, meaning that they are fed with examples from which the most frequent

patterns are extracted and used for the same classification task on new data. The

loss function computes then the distance score between the output of the network and

the true target (i.e. the training error) and uses it as the feedback signal to adjust

the weights. The parameters update is starts using the backpropagation algorithm
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(computation of the gradients of the loss w.r.t. the parameters w and b using the chain

rule and storing till the call to optimizer). Once the update is done, in the optimization

step, involving learning rate and momentum, the gradients are discharged and a new

step of train (epoch) is performed in order to minimize the loss [141].

Figure 3.2: Schematization of the learning process

A good trained algorithm makes the training error small and the gap between

the training and test error small. When the training error is too big, the algorithm

is underfitting the training data. When the gap between the training error and the

test error is too large, the algorithm is overfitting the training data and it is unable

to generalize over new data samples. Loss trends and overfitting are shown in Fig

[139, 142].

Another problem, related to the training of the model, is that of the gradient which

can explode or vanish after some iterations. To make the model performing well in

both training and test phases, many regularization techniques are used. By Dropout,

for example, it is possible to prevent complex co-adaptations on the training data and

so overfitting. In the presentation of each training case, each hidden unit is randomly
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Figure 3.3: Loss trends in training and validation phases and overfitting

omitted from the network with a probability of p (usually 0.5). In this way a hidden

unit cannot rely on other hidden units being present. During the test time, a scale

of the output of each node by a value p is performed since each node is activated

only p times [143]. Another regularization technique is the Batch Normalization (BN)

and is based on the same concept on which relies the input normalization [144]. By

normalizing the inputs, all the inputs features values are brought to the same scale.
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This magnitude reduction avoids the updates, associated with the backpropagation, to

be large and the learning algorithm to oscillate in the plateau region before it finds the

global minima. The network can so train faster thanks to the managing of lower values.

Similarly, the activation values for ‘n’ number of hidden layers present in the network,

need to be computed. The activation values will act as an input to the next hidden

layers present in the network and would vary a lot going deeper into the network, based

on the weight associated with the corresponding neuron. To bring all the activation

values to the same scale, the mean and standard deviation from a single batch are

computed. BN is done individually at each hidden neuron in the network. In order to

maintain the representative power of the hidden neural network, BN introduces two

extra parameters, Gamma and Beta. Once normalized the activation, one more step

to get the final activation value that acts as the input to another layer, is needed.

hnorm
ij =

hij − µj

σj

(3.1)

hfinal
ij = γj ·hnorm

ij + β
j

The parameters Gamma and Beta are learned along with other parameters of the

network. If (γ) is equal to the mean (µ) and (β) is equal to the standard deviation

(σ), then the activation hfinal is equal to the hnorm, thus preserving the representative

power of the network. With BN the loss of the network reduces much faster than the

normal network because of the covariate shifting of the hidden values for each batch of

input. This, along with the reduced magnitude of the scalars, helps in faster converge

of the network, and reduces the training time.

The most popular DL methods are:

• Feedforward neural network (FNN)

• Convolutional neural network (CNN)

• Recurrent neural network (RNN)
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• De-noising autoencoder (DAE)

• Deep belief networks (DBNs)

All the listed models are based on the concepts of neuron and layers but the have

different topology and peculiarities. CNN’s characteristics will be discussed in Sec.

3.1.2.1. Feedforward networks (a.k.a. multilayer perceptrons, MLP) is a class of net-

works consisting of multiple layers of neurons connected in a feed-forward way. The

width of scope of applications of FNN comes from their ability to approximate com-

plex functions and to modeling non-linear relationships. Each neuron in one layer has

connections to all the neurons of the subsequent layer and use an activation function

to determine the value feeding the following neuron in the connection. The learning

techniques used by MLP are various but the most diffused is the back-propagation

one, in which the outputs are used to compute the value of an error function, and

the gradient of this error function respect to the weights is used for adjusting these

weights and to decrease the error function. Back-propagation can only be applied on

differentiable activation functions.

Figure 3.4: Feedforward network example
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Figure 3.5: Neuronal process in a perceptron

Recurrent neural networks are a type of artificial neural network used in speech

recognition and natural language processing (such as Apple’s Siri and Google’s voice

search). These RNNs in fact are designed to recognize sequential characteristics and

use the extracted patterns to predict the next likely scenario. RNNs differ from other

types of artificial neural networks for the use of the feedback loops to process a sequence

of data. The loop informs the final output, which can also be a sequence of data.

These feedback loops allow information to persist and this characteristic is described

as memory.

Figure 3.6: Recurrent neural network

Autoencoders are neural networks (for language translation tasks) used to learn a

representation (encoding), to reduce the dimensionality (i.e. cut the noise), and to
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generate an output, from this reduced code, closer to the original input. Between the

encoding and decoding parts there is a hidden layer (code) which must have the number

of nodes lower or equals to the number of input nodes to avoid an output perfectly

equal to the (eventually corrupted) input. In DAE the input corruption by noise is

made on purpose, setting a fixed percentage of input nodes to zero in a random way.

Deep belief networks are probabilistic models producing all possible values which

can be generated for the case at hand. They are used as nonlinear feature learners,

formed by a set of binary hidden units h. The variables in h are meaningful, not

observable but inferred from other directly measured. Then there is a set of (binary

or real-valued) visible units v, and a weight matrix W associated with the connections

between the two layers.

3.1.2.1 Convolutional neural networks

Convolutional neural networks (CNNs) are a kind of neural network for processing data

arranged in a grid-like topology such as time-series (form 1-D grid taking samples at

regular time intervals), image data (are 2-D grid of pixels). The term “convolutional”

indicates that the network employs the convolution mathematical operation (a kind of

linear operation) in place of the general matrix multiplication. In the raditional neural

networks layers every output unit interacts with every input unit, while CNNs have

sparse interactions (also referred to as sparse weights) since they use a kernel (or filter)

that is smaller than the input. For example, when processing a digital image, the input

image might have thousands of pixels (i.e. pitcure elements), but we can detect small,

meaningful features, such as edges, with kernels that occupy only tens or hundreds

of pixels. This means storing fewer parameters, reduced memory requirements and

computational costs, improved efficiency. Convolution consists of adding each pixel

of the input image to its local neighbors, weighted by the elements of a kernel (i.e.

a matrix of smaller dimensions with respect to the image), in order to create a new

output image. Each pixel, in fact, store a scalar representing the intensity of the color

(or grayscale for black and white pitcures). Scalars are coded with different numerical

precision types (8-bit, 16-bit integers or floating) depending on the type of image, its

resolution and quality. These are organized in a grid structure with height and width.
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Coloured images are composed of 3 grids, referred to the intensity level of red, green

and blue respectively, by which almost all the spectrum of visible colors is reproducible.

Images can so be represented with tensor of dimensions, for example, of

Figure 3.7: Typical image channels composition

In case of a depth image (RGB-D), the channels will be 4 (one more channel for

the depth value). Software implementations usually work in batch mode to optimize

the computational effort, so RGB images are transformed in 4-D tensors, with the first

axis indexing a number of examples equal to the the batch dimension.

Figure 3.8: Convolution and kernel
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 = (1 · a) + (2 · b) + (4 · d) + (5 · e) (3.3)

Figure 3.9: Convolution, kernel, features extraction in a classification task

If there are m inputs and n outputs, then matrix multiplication requires m x n

parameters (per example). Limiting the number of connections each output may have

to k, then the sparsely connections require only k × n parameters. In a deep convo-

lutional network, units in the deeper layers indirectly interact with a larger portion of

the input (field of view). This allows the network to efficiently describe complicated

interactions, between many variables, by constructing such interactions from simple

building blocks, each describing only sparse interactions. Parameter sharing refers to

using the same parameter for more than one function in a model in such a way that

the network performs convolution operation on the image. In a traditional neural net,

each element of the weight matrix is used exactly once when computing the output of

a layer. It is multiplied by one element of the input and then never revisited. It is the

same to say that a network has tied weights, because the value of the weight applied to

one input is tied to the value of a weight applied elsewhere. In CNNs, each member of

the kernel is used at every position of the input (except perhaps some of the boundary

pixels, depending on the design decisions regarding the boundary). In this way, the

parameter sharing allows to learn only one set of parameters rather than learning a

separate set of parameters for every location. This does not affect the runtime of the

forward pass, but it does further reduce the storage requirements of the model to k

parameters. Convolution is thus dramatically more efficient than dense matrix mul-

tiplication in terms of memory requirements (not every “layer” has parameters) and

statistical efficiency. The parameter sharing causes the layer to have a property called
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equivariance to translation, meaning that if the input changes, the output changes in

the same way. Convolution creates a 2-D map of where certain features appear in the

input. If we move the object in the input, its representation will move the same amount

in the output. This is useful when we know that some function of a small number of

neighboring pixels can be applied to multiple input locations (in edges detection the

same edges appear practically everywhere in the image). Convolution is not naturally

equivariant to some other transformations, such as changes in the scale or rotation of

an image. Other mechanisms are necessary for handling these kinds of transformations

[140]. In a CNN, the operations performed can be said to be a three stages procedure.

In the first stage, the convolutional layer performs several convolutions with a set of

K kernels in parallel each generating a new feature map XK . In the second stage,

each feature map is given as input to an element-wise nonlinear activation function f,

such as the rectified linear activation function. In the third stage, a pooling function

modifies the output of the layer replacing it with a summary statistic of the nearby out-

puts. For example, the max pooling reports the maximum output within a rectangular

neighborhood.

Figure 3.10: Max pooling

Other popular pooling functions include the average of a rectangular neighborhood,

the L2norm of a rectangular neighborhood, or a weighted average based on the distance

from the central pixel. In all cases, pooling helps to make the representation invariant

to small translations of the input meaning that translating the input by a small amount,

the values of most of the pooled outputs do not change. This can be a useful property if

a concern is whether some feature is present than exactly where it is. In other contexts,

it is more important to preserve the location of a feature. For example, if we want to

find a corner defined by two edges meeting at a specific orientation, we need to preserve

Development of a deep-learning algorithm for autonomy evaluation in children with autism from RGB-D videos 49



Chapter 3. METHODS

the location of the edges well enough to test whether they meet. Pooling is also useful

to reduce memory requirements for storing the parameters. The dot product between

the kernel and the overlapping region of the input is computed at each new location

of the kernel. At each layer, the output volume size is controlled by two parameters:

the depth of the layer and the stride. The depth is the number of kernels used, each

learning to look for something different in the input (edges, colors, etc.). The stride is

a step size with which the kernel is slipped over the image, namely the number of pixels

skipped at each convolution. It controls the output volume in its width and height.

Finally, after several convolutional and pooling layers, the CNN ends with one or more

fully connected layers, that produce non-spatial output. Fully connected layers are

one-dimensional layers with full connections to all activations in the previous layer.

3.2 Proposed architectures

To perform the frames classification task, two different network types have been cho-

sen: VGG16 and ResNet50. Both architectures were tested in the from scratch and

pretrained version, for a total of 4 models, to find the one which performs better. Using

the pretrained versions, the fine-tuning methodology has been adopted to migrate the

knowledge, learned by the two models, during the training on Imagenet. In sections

3.2.1 and 3.2.2, will be explained the details of each model and how them have been

adapted to the goal of this work.

3.2.1 VGG-16 Neural Network

The first chosen model is a convolutional network called VGG16. The number in

the name means that the layers with weights to be updated in training are 16. The

dimensional input requirement is 224x224 pixels. Its layout comprises specifically:

• 13 convolutional layers (the feature extraction part of the net)

• 3 fully connected layers

• 5 max pooling layers
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The size of the filters receptive field of the convolutional blocks is 3x3 pixels and is

activated by a rectified linear unit (ReLU) activation function. Every two or three

convolutional blocks (depending on the network depth), max pooling layers are used

to progressively reduce the spatial size of the feature map. Specifically, the Max-

Pooling 2D is placed after the 2nd, 4th, 7th, 10th, 13th convolutional layers. After

the last max pool operation, 3 fully connected layers in series end the net. The 3

fully connected layers with 4096, 4096, and 1000 neurons, respectively, are separated

by dropouts to reduce the effects of overtraining of the neural network (training set

tracking). The last fully connected layer is followed by a softmax layer, which returns

the probability of the image to belong to each class of the Imagenet dataset, the dataset

of images used to train originally the pretrained version of the VGG16. To accomplish

the binary classification task, the last fully connected layer has been replaced with a

fully connected layer with 2 neurons 3.11.

Figure 3.11: Vgg16 layers composition
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3.2.2 ResNet-50 Neural Network

Using deeper networks, the level of features can be enriched by the number of stacked

layers (depth). A not negligible hinderance to their applicatioin is that, during the

application of Back-Propagation and chain rule methods (to find the gradients and

send back to hidden layers for weights update), the gradient could assume low values

or even become null. Consequently, this nullity of the gradients causes unchanging

weights and no effective learning. ResNet50 is another type of convolutional network

which solves the problem. It makes use of residual connections to add the value of the

input x at the beginning of the block to the end of the block (F(x)+x). This connection

doesn’t pass through the convolutional layers, so the derivatives are not reduced but

result in a higher overall derivative of the block. With the help of residual blocks,

it can be increased the number of hidden layers as much as is wanted. The residual

function creates a duplicate of the given input to preserve the previous output from the

possible disastrous transformations without introducing neither extra parameter nor

computation complexity [145]. After storing the original value of x, it undergoes a series

of convolution operations as it tries to maximize the learning. Since the original weights

of x are preserved (shortcut), they are finally added (element-wise channel by channel)

with the transformed x to eliminate the possible negative effects of transformations.

The weights act as an identity function. Gradients propagating through the identity

connection path does not encounter any weight so doesn’t change. Otherwise, the newly

learnt weights are summed to what the network has learnt. The number of hidden layers

is not a concern now for the neural network architecture, since using a ResNet, we will

take care of the maximum learning of weights possible without over-fitting or negative

deviation of accuracy through means of vanishing or exploding gradients problem.

ResNet50 has the same types of building layers (convolution, pooling, activation and

fully connected layers) with a different layout and in higher number:

• Initial Convolutional layer (kernel 7x7), Batchnorm, ReLU and Maxpool (kernel

3x3).

• Then starts a series of 4 blocks (or stages) each one hosting a different number of

residual blocks stored in the layers vector (dimension 4, a value for each block)
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A residual block contains:

• 3 convolutional layers

• Skip connection that can be:

– Identity Shortcut (input/output dimensions are equal)

– Projection Shortcut (a convolution operation to match the volumes sizes to

sum - dotted line in the diagram)

Figure 3.12: Shortcut connection scheme

To reduce the training time, the building block has been modified as a bottleneck

design. For each residual function, it has been used a stack of 3 layers, 1x1, 3x3, and

1x1 convolutions, where the 1x1 layers are responsible for reducing and then increasing

(restoring) dimensions, leaving the 3x3 layer a bottleneck with smaller input/output

dimensions. The parameter-free identity shortcuts are particularly important for the

bottleneck architectures. Using instead the projection type, the time complexity and

model size are doubled, as the shortcut is connected to the two high-dimensional ends.

The most frequent skip connections are identity, which make more efficient the model

for the bottleneck design. From 1 stage to another, the channel width is doubled and

the input size is halved. Finally, there is an Average Pooling layer and a fully connected

layer having 2048 neurons to flatten the dimensionality to 1x1xN (neurons). The last

layer has been changed to 1x1x2 dimension to deal with the task requirements. As in
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the VGG16 model, the last fully connected layer is followed by a softmax layer, which

returns the probability of the image to belong to each class.

Figure 3.13: ResNet50 layers composition

3.3 Data Acquisition Protocol

The aim of this study is to develop a deep learning algorithm able to detect, directly

from video frames, if the observed subject performs the target action by itself or aided

by the operator. The results of the classification will allow the operators to evaluate

the level of autonomy and the achieved progresses during the ABA therapy. Written

informed consent has been obtained from the parents of all participants. The exper-

imental protocol is focused on the hands-washing action observation and videos were

acquired by an RGB-D camera (Astra Mini S-Orbbec®) and a minipc Intel® NUC core

i5, installed to be imperceptible and to not distract the child during the therapy.

Figure 3.14: Workflow of the images classification task
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The acquired videos have a duration of 5 minutes and a frame rate of 25 fps. Each

RGB frame has a resolution of 640x480 pixels. From the collection of frames of each

video, were extracted 1 frame every 6 frames and, among the extracted, only those

frames in which the subject is in the field of view were selected for the successive

annotation phase. The annotation has been done following these rules:

• Subject and operator in front of the sink

• Frames where the subject act by itself are labeled as 0 (NO AID)

• Frames in which the operator helps in performing the action are labeled as 1

(AIDED)

• Physical contact of the operator hands with the arm of the subject is labeled as

0

• Operator standing near or behind the subject without touch is labeled as 0

• Operator mimicking the action is labeled as 0

From a total of 1247 acquired videos, only 46 shows the subject in the field of view

and, among these, only in 30 videos there is a clear execution of the observed action.

A total of 142200 frames has been selected and, after the annotation phase, only 9712

frames have been validated to form the ground truth dataset, 4607 labeled as 0 (NOT

AIDED) and 5105 as 1 (AIDED).

3.4 Training strategy and experimental settings

All the frames formìng the dataset have been resized to a 224x224 resolution to meet

the input requirements of the networks and then transformed to tensors of shape (3,

224, 224) before to load them into 4-D batch tensors of shape (64, 3, 224, 224). To en-

sure a better generalization capability to the developed algorithms, the held-out cross

validation has been accomplished dividing the dataset in training, validation and test

subsets paying attention that the frames coming from one video are present in only one

of the three subsets. This ensure that unseen frames are available for validation and
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testing. The dimensions of the subsets reflect a 65/20/15 percent proportions respec-

tively. These are approximated percentages since the author has tried to maintain a

balance between each class in all the sets to avoid class imbalance affecting the metrics.

Before to insert into each dataset, images have been normalized channel-wise, subtract-

ing and dividing by appropriate values of mean and standard deviation respectively,

as suggested from the best computer vision practices.

Table 3.1: Dataset splitting proportions reported in number of: children, videos and frames

Training set Validation set Test set

No-aid Aid No-aid Aid No-aid Aid

3255 3433 805 960 547 712

26 videos 4 videos

6 children 4 children

Both the architectures types have been trained from scratch and using a pretrained

version on ImageNet dataset (1.4 million images) [12] to transfer the knowledge previ-

ously acquired on such dataset. When trained from scratch, the weights are initialized

using kaiming normal method (He initialization) in “fan out” mode to preserve the

magnitude of the weights variance in the backward pass and to avoid the risk of the

exploding gradient problem and non effective learning that is real using a totally ran-

dom initialization. In both cases of pretrained versions, has been made the load of the

Imagenet weights for the conv blocks and for the connections between neurons until

the last fully connected layer, while this last layer was initialized with the standard

Glorot initialization. The fine tuning has been done retraining the entire net (with

“freezed” layers till the fully connected layers) on the current dataset. In both Vgg16

and ResNet50 architectures, in both the pretrained and from scratch modalities:

• Many trainings have been performed to optimize the hyperparameters (learn-

ing rate, learning rate decay, number of epochs, batch size) to reach the better

configuration of the models.

• Both “stochastic gradient descent” and “Adam” optimizers have been tested to

choose the better for each architecture. Finally, the SGD was chosen for the
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VGG16 and the ADAM for the ResNet50.

• For the SGD case, the initial learning rate is decayed by a factor of 2 every 7

epochs

• For all the architectures, the batch size was set to 64, as a trade-off between

memory requirements and training convergence, while the number of epochs was

set to 30 for the VGG16 models and to 20 for the ResNet50. The decision is

due to the uneffective learning presented by the models after the chosen limit of

epochs.

• The best weights configuration among epochs, for each model, was retrieved

according to the highest accuracy on the validation set.

Table 3.2 reports the final choice of hyperparameters for each model.

Table 3.2: Hyperparameters choice of each model

PARAMETER
VGG

SCRATCH

VGG

PRETR

RES-50

SCRATCH

RES-50

PRETR

Batch normalization YES YES YES YES

Batch size 64 64 64 64

Number of epochs 30 30 20 20

Initial learning rate 0.0001 0.0001 0.0001 0.0001

Optimizer SGD SGD ADAM ADAM

3.4.1 Performance metrics

To evaluate the performances of the models the following metrics have been computed:

• Training and validation losses using “Crossentropy loss” method:

– It measures how well the net behaves after each iteration of optimization.

– It is the distance between the true values of the problem and the values

predicted by the model and should reduce after each, or several, iterations.
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– It is, practically, the sum of the errors made for each example in training or

validation sets.

• Training, validation and test accuracies. Each phase accuracy:

– Is determined after the model parameters are learned and fixed. In training,

this computation is done using the weights of the current epoch.

– Measures the algorithm’s performance in an interpretable way.

– Is calculated in the form of a percentage (correct predictions over the total

of samples) and there is no relationship between loss and accuracy metrics.

• Confusion matrix in test (reported in normalized version):

– Rows represent the instances in a true class, columns represent the instances

in a predicted class (or vice versa). It makes easy to see if the system is

mislabeling the two classes (one as another).

– Classification accuracy is the ratio of the correct predictions to the total of

predictions made, presented as a percentage by multiplying the result by

100.

• Classification report in which are reported the following metrics, the scores of

which correspond to every class and tell the accuracy in classifying in that par-

ticular class compared to all other classes. These metrics can be:

– MACRO AVERAGED, that is metrics are calculated for each label finding

their unweighted mean. This doesn’t take label imbalance into account.

(metric0 + metric1)
2

(3.4)

– WEIGHTED AVERAGED, meaning metrics are computed for each label,

finding their average weighted by the support (the number of true instances

for each label). This alters the ‘macro averaged’ one to account for label

imbalance; it can result in an F-score that is not between precision and

recall.
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(support0 ∗ metric0 + support1 ∗ metric1)
support0 + support1

(3.5)

– Precision (correctly positive predicted observations over the total positive

predicted observations, high precision relates to the low false positive rate).

Precclass−j =
TPj

TPj + FPj

(3.6)

– Recall (or sensitivity, is the ratio of correctly positive predicted observations

to the all observations in actual class, good is above 0.5).

Recclass−j =
TPj

TPj + FNj

(3.7)

– F1-score (weighted average of Precision and Recall, reaches its best value at

1 and the worst score at 0. It takes both false positives and false negatives

into account and is more useful than accuracy in case of unbalanced class

distribution).

F1class−j = 2 ∗ Precclass−j ∗ Recclass−j

Precclass−j + Recclass−j

(3.8)

– ROC curve and AUC are performance measurements for classification prob-

lems at various thresholds settings. ROC is a probability curve, AUC repre-

sents the degree or measure of separability. Both tell how much the model is

capable to distinguish between classes. Closer to 1 the AUC, the better the

model is at predicting 0s as 0s and 1s as 1s. The 0.5 value (represented by

the diagonal) means that the model hasn’t class separation capacity. The

ROC curve is plotted with TPR (Recall) against the FPR (1-Specificity)

where TPR is on y-axis and FPR is on the x-axis.

Specclass−j =
TNj

TNj + FPj

(3.9)

FPR = 1 - Specclass−j =
FPj

TNj + FPj

(3.10)

Development of a deep-learning algorithm for autonomy evaluation in children with autism from RGB-D videos 59



Chapter 3. METHODS

Sensitivity and specificity are inversely proportional to each other. In-

creased sensitivity means decreased specificity and vice-versa. Decreasing

the threshold, leads to get more positive values thus increasing the sen-

sitivity and decreasing the specificity. Similarly, increasing the threshold,

leads to more negative values thus to higher specificity and lower sensitivity.

Since FPR is 1 – Specificity, increase in TPR means also FPR increase and

vice versa in case of decrease.

3.5 Reliability test and visual explanation: Grad-

Cam

Neural networks can be considered as black boxes regarding to how they assign a

class to a processed sample. Grad-Cam is a method allowing to highlight the regions

of the image where the net is focusing when it makes the class choice provided as

output. It is a way to test the reliability of the predictions. Applying the method, it is

generated a heatmap, of the same size of the original image, presenting increasing color

intensities in correspondence of the pixels capturing the net attention. Superimposing

the heatmap to the input image, an observer can argue which are the features of the

image having more importance for the net and which are the patterns the net has

learnt from the dataset. The method is applyied after the training and in evaluation

modality (fixed parameters). The basic concept behind the Grad-Cam is to exploit

the spatial information preserved through the convolutional layers using the feature

maps produced by the last convolutional layer. It is in the last convolutional layer, in

fact, that the authors of [146], expect to have the best compromise between high-level

semantics and detailed spatial information. The part of the network relevant to Grad-

Cam is represented by the feature maps (A1, A2, A3) of a chosen layer as depicted in

Fig. 3.15.

The only requirement is that the layers, inserted after the A1, A2, and A3 feature

maps, have to be differentiable (i.e. gradient computation allowed) so to get a gradi-

ent to use for computing the so called “alpha values” by which the feature maps are

weighted. This makes Grad-CAM applicable to any architecture because, gradients
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Figure 3.15: Feature maps exploited by the Grad-Cam technique to compute the heatmaps

can be computed through any kind of neural network layer. The “Grad” in Grad-

CAM stands for “gradient”. The output of the Grad-CAM is a “class-discriminative

localization map”, a heatmap, in which the red part corresponds to a particular class.

Lc
GradCAM ∈ Ru x v Localization map width u, height v, class c (3.11)

If the classification involves 2 classes, then, for an input image, 2 different Grad-

CAM heatmaps are computed, one heatmap for each class. The steps of Grad-Cam

are:

• 1. Compute the gradient of y c (the output of the neural network for class c)

with respect to the feature map activations Ak of a convolutional layerdyc/dAk

(partial derivative). This gradient depends on the particular image because this

image determines the y k feature maps as well as the final class score y k that is

produced. For a 2D input image, this gradient is 3D, with the same shape as

the feature maps. There are k feature maps, each of height v and width u, i.e.

collectively the feature maps have shape [k, v, u]. This means that the gradients

calculated in 1 are also going to be of shape [k, v, u]. In the pitcure below, k=3

so there are three u x v feature maps and three u x v gradients.
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Figure 3.16: Grad-Cam: computation of the gradients of the scores of a class with respect to the

feature maps of the last convolutional layer. Considered class is the class 2.

• 2. Globally averaging the gradients over the width and height dimensions (i, j)

to obtain neuron importance weights, the alpha values α c
k.

αc
k =

global average pooling︷ ︸︸ ︷
1

Z

∑
i

∑
j

∂yc

∂Ak
ij︸ ︷︷ ︸

gradients via backprop

(3.12)

The alpha value for the class c is going to be used in the next step as a weight

applied to the feature map k Ak. Pooling over the height v and the width u ends

up with shape [k, 1, 1] or just [k]. These are the aimed k alpha values.
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Figure 3.17: Grad-Cam: alpha are values computed via global averaging pooling of the gradients

over the width and height dimensions which will be used to compute a weighted sum of all the feature

maps.

• 3. Compute the final heatmap performing a weighted sum of each feature map

activations Ak multiplied with the corresponding α c
k values and apply a ReLU

operation to turn into 0 all the negative values and emphatising the positive.

Figure 3.18: Grad-Cam: weighted sum of the feature maps using the alpha values and successive

application of the ReLU function to obtain the final heatmap for that class.

• 4. The heatmap is a lot smaller than the original input image size, so up-sample

(using interpolation) is needed before the final visualization.
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3.6 Programming language and Colab environment

The two architectures have been implemented on the Google Colaboratory cloud plat-

form notebooks (Colab notebooks) using Python object-oriented programming lan-

guage. The main reasons for this choice are:

• The Python language offers the PyTorch deep-learning library which is built to

work with tensors by which multidimensional entities (inputs and weights) are

easily representable.

• Even if the operations performed within a neural network are simple, they occur

in huge number and require a lot of time to be accomplished. This time can be

shortened exploiting the higher number of operations per second offered by the

GPUs and TPUs available on Colab.

• Using Pytorch allows to write the code only one time since it can run on CPUs

and GPUs without changing it.

• Pytorch is built around the concept of neural network and offers very powerful

functionalities and alternatives to make transparent and easy all the steps of

training, evaluation and metrics computation.

• A Colab notebook shows itself as a page in the browser through which the code

can be interactively run and executed by a server that send back the results. It

maintains the variables defined during the pre-compiling and the execution of

the code, in memory until the runtime it’s terminated or restarted. Python is an

interpreted language so it uses an interpreter (which is said to pre-compile the

code) rather than a compiler before the execution.

• The code can be divided in multiple cells that one can run in different times,

allowing the new cells to see the variables created in the already executed cells.

This greatly reduces the code debug times.
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RESULTS

The best configuration of hyperparameters for each used network is reported in table

3.2 which summarizes the results achieved by VGG16 and ResNet50, both fine-tuned

and trained from scratch. Then, for each model, it will be reported: confusion matrix,

classification metrics and the ROC (Receiver Operating Characteristic). At the end

of this section, for the best performing model, images of the heatmaps computed via

Grad-Cam are inserted. The loss recorded in the training phase is reported together

with the loss in the validation phase for the 4 models in Fig. 4.1

The same thing is done for the accuracies in training and validation, reported in

Fig. 4.2

Table 4.1: Metrics

MODEL
PREC REC F1 ACC

No-aid Aid No-aid Aid No-aid Aid

VGG16 scratch 0,68 0,79 0,74 0,74 0,71 0,76 0,74

fine-tuned VGG16 0,78 0,79 0,71 0,84 0,74 0,82 0,74

ResNet50 scratch 0,74 0,82 0,78 0,79 0,76 0,81 0,79

fine-tuned ResNet50 0,95 0,78 0,65 0,97 0,77 0,87 0,83

The best accuracy is showed by the pretrained ResNet50. The two networks trained

from scratch achieved the lowest performance w.r.t. the homologous fine-tuned ones.
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Figure 4.1: Loss in training and validation

The from-scratch versions have unbalanced values of the perclass metrics, exception

made for the recall of the VGG16 from scratch that is equal for both classes. The same

model achieved the worst accuracy. The results highlighted that both the architectures

trained from-scratch are more confident in predicting the aid class with respect to the

no-aid one. The recall is the ability of a model to maximize the true positives. The

only model showing a recall below the 70% is the fine-tuned ResNet50 (65% for the

no-aid class) which, however, shows a 97% recall for the aid class. The precision is the

ability of a model to minimize the false positives. The only model having a precision

below the 70% is the from scratch version of the VGG16 (68% for the no-aid class). All

the other precision percentages are higher than the 74%, with a peak of the 95% for

the no-aid class of the fine-tuned ResNet50 (the best performing model). The F1 score

combines precision and recall into a single metric describing the model performance.

66 Simone Salvoni



Chapter 4. RESULTS

Figure 4.2: Accuracy in training and validation

It determines if a change, in training or of the model, results in an improvement or

not. Moving from the model having the worst accuracy to the model showing the

best accuracy, the perclass f1-score increases at each step (new model), with the only

exception of the aid class passing from the pretrained VGG16 to the from scratch

ResNet50 in which it passes from the 82% to the 81%. This is a negligible difference

considering the good training results defined as having a positive and increasing F1

score. The confusion matrices of the models are shown in Fig. 4.3. In each confusion

matrix are reported the percentages of true positives (TP), false negatives (FN), false

positives (FP) and true negatives (TN), reading in clockwise fashion from the first

quadrant of the matrix.

Besides the AUC for each label of each model, in Tab. 4.1 are reported the macro-

average AUCs (mean of the perclass AUCs) and the µ-average AUCs (mean of the
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Figure 4.3: Confusion matrices of the 4 models used. The upper matrices refer to the VGG16 from

scratch (left) and pretrained (right), the lower ones to the ResNet from scratch (left) and pretrained

(right)

perclass AUCs, weighted by the number of the ground-truth samples of each class).

This last, takes into account the label imbalance and confirms that the dataset is built

ensuring the balance in the number of samples between the 2 classes.

In Fig. 4.4 the ROC curves with the corresponding AUC of the four models are

reported.
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Figure 4.4: ROC curves of the 4 used models and resulting AUCs. Upper graphs are for the VGG16

model, the lower ones for the ResNet50

In the following is reported a series of Grad-Cam output images of the fine-tuned

ResNet50, reporting the heatmap and the perclass classification probabilities.
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Figure 4.5: Grad-Cam heatmap, ground truth is ”No aid”. The output perclass probabilities are:

0-No aid (Pr=0.96713) 1-Aid (Pr=0.03287).

Figure 4.6: Grad-Cam heatmap, ground truth is ”Aid”. The output perclass probabilities are: 0-No

aid (Pr=0.00080) 1-Aid (Pr=0.99920).
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Figure 4.7: Grad-Cam heatmaps showing a too large camera field of view. Ground truth is ”Aid”.

The output perclass probabilities are: 0-No aid (Pr=0.00131) 1-Aid (Pr=Pr=0.99869).

Figure 4.8: Grad-Cam heatmap confirms the too large camera field of view. The presence of

misleading objects causes errors in the correct prediction. This can be solved focusing the camera on

a more restricted region.
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Figure 4.9: Grad-Cam shows the region chosen by the net to classify a no-aid frame with a probability

near the 100%. Ground truth is ”No-aid”: 0-No aid (Pr=0.99999) 1-Aid (Pr=0.00001).

Figure 4.10: Grad-Cam shows the region chosen to classify an aid frame with a probability near the

100%. Ground truth is ”Aid”: 1-Aid (Pr=0.99996) 0-No aid (Pr=0.00004).
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Figure 4.11: Perfect classification with no error. Grad-Cam shows the region chosen to classify

an aid frame with a probability of the 100%. Ground truth is ”Aid”: 1-Aid (Pr=1.00000) 0-No Aid

(Pr=0.00000).

Figure 4.12: Grad-Cam heatmap shows a frame belonging to the class no-aid. It’s clear the impor-

tance of the body pose for the operator. To note the high probability value for the correct class (near

the 100%) and the low one for the remaining class. Ground truth is ”Aid”: 1-Aid (Pr=0.99849) 0-No

aid (Pr=0.00151).
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Figure 4.13: The net recognizes the no-aid class even if the pose of operator could suggest the aid

class. To note the high probability value for the correct class (near the 100%) and the low one for the

remaining class. Ground truth is ”No aid”: 0-No aid (Pr=0.99941) 1-Aid (Pr=0.00059).

Figure 4.14: Another perfect classification with no error. It is visible the wide region on which the

classification is made with a probability of the 100%. Ground truth is ”Aid”: 1-Aid (Pr=1.00000)

0-No aid (Pr=0.00000).
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Figure 4.15: Another correct classification. It is visible the small region on which the classification

is made with a probability near the 100%. The heatmap region is limited but considers at the same

time: pose of the operator, pose of the child, operator arm position, relative distance between the two

subjects. Ground truth is ”Aid”: 1-Aid (Pr=0.99996) 0-No aid (Pr=0.00004).
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Chapter 5

DISCUSSION AND FUTURE

WORK

The ABA therapy is based on experimental behavior analysis with the aim of improving

the dysfunctional behaviours of autistic subjects. During the therapy sessions, the

operators need to constantly observe the child and take paper-and-pencil rating-scales

to evaluate his/her progress and the eventual difficulty in the everyday life tasks. To

support the ABA therapists during their actual practice, in this work, the author

developed a DL-based application to monitor the children hosted in the structures of

“Il Faro” while performing the hand-washing task. By analysing RGB frames, the

implemented models detected whether the child accomplishes the task autonomously

(no-aid class) or supported by the ABA operator (aid class). Two models were chosen,

VGG16 and ResNet50, both trained from scratch and fine-tuned. The results show

that the best performance accuracy has been obtained by the pretrained ResNet50

model (83%), followed by the from-scratch version of the same model (79%), then the

VGG16 versions in the same order (78% and 74%). The best performance ranking is

confirmed by the ROC curves and the corresponding AUCs. This is due to the already

acquired knowledge of the pretrained versions on the huge ImageNet dataset. The fine-

tuning technique allowed to migrate the knowledge of the training on ImageNet dataset

to the presented classification task, improving the networks generalization ability. In

particular, the micro-average AUCs highlight the good performances of all the 4 models
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in classifying both classes. In fact, being preserved the perclass samples balance, a

value of the µ-AUC close to values of the other types of AUC means that the model

is proficient in well predicting both classes. Except the VGG16 from scratch model,

that shows an equally distributed percentage of false positives and false negatives, the

other models report a higher quote of false negatives respect to the false positives. All

the 4 models report a higher percentage of true negatives respect to the true positives.

Correct predictions of both classes are beyond the 70% in 3 models and only in the

pretrained version of the ResNet50, the true positive percentage is of the 65% with

the true negative reaching the 97%. In particular, the VGG16 from scratch has an

equal distribution of correct prediction (positives and negatives) while the remaining

3 models show a true negatives percentage over the 90%. The perclass metrics of the

fine-tuned ResNet50 model require some considerations. The low recall value for the

no-aid class reveals a high number of no-aid frames classified as aid. The high precision

value for the no-aid class tells that a low number of aid frames are classified as no-aid .

In the same way, the high value of the recall for the aid class signals a low number of aid

frames classified as no-aid while the lower value of the precision for the aid class with

respect to the higher precision value for the no-aid class, reveals a consistent number

of no-aid frames classified as aid. All the previous considerations highlight 3 important

things:

• The shift between the same metric of the two classes is present even if attention

has been paid in balancing the two classes in all the 3 datasets.

• The aid class is well labeled and recognized.

• The presence of a set of challenging frames wrongly annotated as no-aid frames

that the net correctly classifies as aid, decreasing the performances of the model.

This kind of frames is that in which the arms of the operator and of the child are

close enough to mislead the net choice, even if there is no contact.

The problem can be solved annotating as belonging to the autonomy class only the

frames in which the operator do not accomplish any movement during the action of

the child. Due to the already challenging task, the author decided to not apply any

data augmentation strategy because he reputed that the costs of this choice would have
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been higher than the benefits in terms of introduced misleading frames. Considering

the absence of overfitting in 3 out of 4 models, and the fact that the overfitting is

under control in the remaining model, the choice demonstrated to be correct. The

best weights per epoch have been saved during the training phase using the lower

validation loss as parameter to do it. The trained models, all show good metrics values

on the testing data, meaning that the task is well accomplished. This is promising for

further applications. Noteworthy is the fact that, despite its deepness, the ResNet50

model has a lower number of trainable parameters respect to the VGG16 model. This

reflects in a short time of training. A not negligible aspect in case of comparable

metrics values. The ResNet50 model shows an overall best performance. This is

probably due to the higher quality of the features extracted exploiting its deepness

which, thanks to the residual connections characterizing this model, does not causes

the vanishing gradient problem. Increasing the dataset size may improve the model

performances. Another possible way to improve the performances of the models could

be the use of a larger batch size coupled with a higher computational capability for

training. In fact, during the several trials of training, only in 1 (not reported) case

it was possible to use a batch size of 128 images, due to the not available memory

and to the computational limits imposed by the used Colab environment. In this

case, the heatmaps showed a larger area of focusing in the more relevant regions of

the images for the task in question. Another noteworthy aspect is represented by

the details used by the networks to make the classification choice. In fact, looking

at the Grad-CAM heatmaps, it is visible the nets’ attention focused on details and

patterns not detected by a human expertise. This greatly support the use of deep

learning because the identified patterns are strictly related to the task, unbiased by

the experience or knowledge of the professional, and provide significant insights to

the evaluation process. This is significant considering that the whole process didn’t

require any previous mathematical modeling or handcrafted features engineering, but

it started from real, near untreated data. The Grad-CAM attention maps also reveal

that the camera field of view should be reduced to include only one sink and the region

where the action is performed. In fact, many classification errors are induced by the

presence of the sink near the objective of the camera or by the fact that the net has
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focused on the mirror in front of the child or on a door far behind the operator. In

some cases, the mirror helped in the right choice but, in other, it confused the net. The

elimination of unuseful zones in the image, choosing a restricted region of focusing when

tuning the setup, will help to perform a more precise cropping of the image to have,

in its center, only the child, the operator and the sink. The time required to make a

classification is heavily reduced. A more satisfying evaluation of the ASD condition and

treatment outcomes, could be achieved observing different actions or aspects of children

behaviour. For example, the pose of both, the child and the operator, revealed to be

another index of autonomy. Namely, the distance between the two subjects, but also

between them and the wall behind the sink, was another feature that the algorithms

used in making the classification. Coupling the images classification task with the

identification of other markers of autism could be another good choice. Useful input

types to train the networks, in this view, could be, for example, speech analysis data.

Interesting could be the development of applications able to automate also the frames

selection phase from videos which would make the screening possible also by the child’s

parents. This would aid the early diagnosis, overcoming the acceptance problem of the

parents due to cultural beliefs in many countries.
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CONCLUSIONS

This thesis presented a learning-based application to monitor already diagnosed ASD

children, aiming to define if they are autonomous in accomplishing a teached daily live

activity such as washing their hands. To the scope, two learning algorithms have been

implemented to recognize patient’s capacity from frames acquired from a camera. The

chosen algorithms showed encouraging results in both the pretrained and from scratch

versions. The best results have been shown by the ResNet50 pretrained version. This

fact can be explained by the transfer of the knowledge acquired in the training on

the million of images of ImageNet dataset. Another reason of the better results is the

deeper structure of the net which allows to learn more refined features, solving the

problem of vanishing gradient by its short-cut connections. However, to better support

the operators in quantifying the progresses achieved by the children who underwent

the ABA therapy, further researches are required. There is the need of building larger

datasets, by further acquisitions, to improve the performances and achieve a higher

generalization capacity. Anyway, the obtained results promote the use of this method

in other ABA activities (i.e., the tooth brushing), looking to a more automated way

of evaluating the ASD condition. The proposed approach can be used in parallel

with a pose-estimation model and a voice pitch analyzer to assess the communication

skills. All the computer aided solutions, relevant to the monitoring of the subjects

affected by autism, could be included in a single framework. Such a framework will

help the operators during their actual practice, especially in lower income countries
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where the autistic syndrome is spreading and not faced at the right time to reach the

best treatment outcomes.
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