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h FALLS ARE CONSIDERED to be major health

hazards for both the elderly and people with

neurodegenerative diseases: the World Health

Organization (WHO) reported that 28%–35% of

people aged 65 years and above fall each year

and the rate increases to 32%–42% for those over

70 years of age [1]. Falls are not only the main cause

of the most common fractures (spine, hip, forearm,

leg, ankle, pelvis, upper arm, and hand [2]), which

could later evolve into other diseases, but they are

also the cause of traumatic brain injuries (TBI) [3].

Indeed, many people after falling, even if they are

not injured, develop a pathological fear of falling

that limits their activities and actually increases

their risk of falling [4]. The cost of caring and

curing neurodegenerative condition is

staggering: $36.4 billion today and it is

expected to reach $61.6 billion by

2020 [5]. To mitigate the adverse con-

sequences of falling, a great deal of re-

search has been conducted, mainly

focused on two different approaches:

fall detection and fall prevention.

Many systems have been proposed for fall detec-

tion: detectors for domestic use have been imple-

mented using artificial vision techniques, such as

omni-camera images [4], triaxial gyroscopes and

accelerators [6], Microsoft Kinect’s infrared sensors

[6], and floor vibrations and sounds [7]. Although

some systems use shock absorber for after fall pro-

tection (like airbags [8]), these systems are limited

only to the determination of whether a fall event

has happened; they do not avoid the damage re-

sulting from the fall and are not, in general, wear-

able. Fall prevention is much more challenging: the

goal is to prevent the fall by delivering appropriate

feedback signals before the event occurs.

In this article, we present a wearable, wireless

cyber–physical system to prevent falls for elders

and people affected by neurodegenerative dis-

eases. Being wearable, the system works indoors

as well as outdoors, and it is minimally intrusive

for everyday use. The system (Figure 1) consists

of: 1) a combined electroencephalography (EEG)/

electromyography (EMG) sensory architecture
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complemented by an inertial sensor capable to de-

tect possible unintentional limb motion, as indica-

tors of potential falls; and 2) a computing

subsystem that classifies physical signals, annotates

them in an XML logic-based formalism, and per-

forms semantic-based deductions to effectively rec-

ognize falls and identify causes. As output, the

system generates a feedback signal (electrical stim-

ulation) applied to the limb to avoid the fall in less

than 100 ms from when the movement started.

Comparing the system with the state of the art,

we claim that for the first time our approach yields

an electronic system “preventing” fall via feedback.

In fact, only partial solutions—not suitable for this

application—have been proposed in literature.

Some of them measure standalone EEG or EMG.

Others measure both, but only on a few nodes

without relative synchronization, using an external

clock and delivering filtered data to be postpro-

cessed and not handled in real time. The System

on Chip (SoC) in [9] presents an interesting ap-

proach that uses energy scavenging to eliminate

the need of a battery. In [9], steady-state “simula-

tions” reveal that the input impedance of the ana-

log front–end is few M �s , and this could be

enough for specific (not dry as should be in wear-

able solution but gelled) electrodes and can per-

form EEG, EMG, and even ECG. The energy

scavenging and power management approach pro-

vides ideas on how to improve our design. How-

ever, the limited number (four) of input signals

(our system needs more for EEG motor area sig-

nals and for EMG gait) and the use of just one 8-b

SAR (appropriate for EMG but limiting for EEG)

make the system not applicable to our fall preven-

tion setting.

The remainder of the article is reported in what

follows. First, we describe part 1 of the system. The

cyber component of it, part 2, is what follows.

Then, we summarize time constraints of the overall

detection/actuation chain, and provide an exam-

ple that clarifies the overall approach. Concluding

remarks are offered at the end.

The physical sensory subsystem
The sensory subsystem is based on the combi-

nation of EEG and EMG sensors to perform a pre-

motor pattern detection that identifies the onset of

an involuntary movement that may lead to a fall. It

includes one EEG multielectrode node and eight

EMG electrodes/nodes.

The principle
Premotor potential, the � -rhythm, and the

� -rhythm are specific EEG patterns related to

Figure 1. Overall system architecture.
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voluntary movement: the detection of these pat-

terns before the EMG activation shows movement

intentionality. Kornhuber and Deecke (in 1964)

first studied activity preceding volitional movement

in humans discovering a premotion potential,

called “Bereitschaftspotential” (BP), a characteristic

EEG pattern (limited to 1–5-Hz band) that occurs

before a voluntary movement [10]. It is a slow

positive component—in a time-domain analysis—

that increases progressively anticipating the volun-

tary movement onset by approximately 1 s (“early

BP”), reaching its peak about 200 ms before the

EMG activation (“late BP”). Typically, it is more

visible in contralateral hemisphere to limb in-

volved in the movement. According to the inter-

national 10–20 system, the cited positions of

major interest correspond to C3;C4;CZ , and other

midline electrodes recording limb movements.

The BP onset can be significantly different de-

pending on both movement conditions and sub-

jects, i.e., a repeated action has a preparatory

phase longer than a single movement. Moreover,

automatic actions, such as walking, could lead to

less pronounced BP peaks [10]. Figure 2 evi-

dences the result of measurements carried out

with a wired medical equipment on a 28-year-old

man when he started walking: the evidence is of

a brain signal (in red) preceding the beginning

of the movement (EMG in blue) by 1 s. Even ear-

lier (the 1950s) Gastaut et al. [11] reported on

some studies about EEG waves centered in the

frequency band between 7.5 and 12.5 Hz (and

primarily 9–11 Hz) during active intentional

movements of their monitored subjects. These

particular waves, called the � -rhythm, are cen-

tered on the motor cortex and can be defined as

a kind of steady state of motion: the subject sup-

presses the � -rhythm when it performs a motor

action [12]. This pattern, when detectable, occurs

about 1 s before the movement onset. Further-

more, the � -rhythm, appearing in the band

between 13 and 30 Hz, completes the information

about cortical implication during voluntary move-

ments. BP, the �-rhythm, and the � -rhythm, called

evoked potentials, represent a walking pattern of

the voluntary movements.

By leveraging the above results, we aim to

detect automatically and in real time the evoked

potentials to distinguish the voluntary movement

from an unwanted one. Once an involuntary move-

ment is detected, we aim to block it by stimulating

electrically the antagonist muscles.

In normal living conditions, we need a wear-

able wireless system performing EEG on the motor

cortex and at the same time a synchronous moni-

toring of EMG of the leg muscles during walking.

The EEG signals are different in amplitude and fre-

quency band from the EMG ones. However, they

have to be combined and processed in real time

to detect the falling pattern. Moreover, EMG has to

be used as the trigger for EEG processing. Main

novelty of the proposed architecture is in combin-

ing brain and muscular signals: this was not con-

sidered before.

The EEG headset
The selection of the components for the head-

set takes into account power constraints, space oc-

cupied on a wearable mini board, and timing

criteria: real-time data must be obtained and proc-

essed before falling. This means that EEG detection

and processing must be completed in 1 ms from

the trigger given by the EMG. In the following, the

complete headset is considered as a single node

since all the electrode signals will be transmitted

through a single RF module. The EEG node con-

sists of 12 unipolar electrodes (12 dry anodes

referred to a common cathode) with their front–

end circuit along with a transmitting module

(Figure 3a) that acquires the electrical activity

from the brain. All the EEG electrodes are referred

to an additional reference electrode (usually the

Nasion). Another electrode is used as ground

Figure 2. Averaged EEG signals ðC3;CZ ;F3Þ (red); EMG
right Tibialis signal (blue).
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(earlobe). Main design rules

for the electrode preamplifier

are: 1) adequate input resis-

tance to face the electrode-

skin impedance (more than

10 M� with dry electrodes);

2) low noise (G 3 �VRMS) since

EEG signal amplitude can be

lower than 10 � V; and 3) a

common mode rejection ratio

(CMRR) higher than 100 dB to

reject both direct current (dc)

(such as the skin-electrode

contact offset) and alternating

current (ac) input common

mode signals. We selected

the instrumentation amplifier

INA333 from Texas Instruments

(TI) with 100-G� input resis-

tance, a CMRR 9 100 dB up to 1 kHz, and input

noise G 3 �VRMS. A single-pole passive high-pass fil-

ter at 1 Hz is employed for reducing artifacts and

static contributes (i.e., voltage offsets); an active

second-order low-pass filter with poles at 100 Hz

is needed as anti-aliasing filter and out of band

noise. The overall gain is of 5000 V � V�1, allowing

to match the following 24-b analog-to-digital con-

verter (ADC) input range following the multi-

plexer (Figure 3a). The ADC sampling frequency

is 80 kHz. The multiplexer delay is about 0.15 ms.

RF transmission is achieved by the TI-CC2540 de-

vice. This module has an embedded microcontrol-

ler (8051-CPU) that drives both the external ADC

and the multiplexer. The antenna is embedded in

the chosen Bluetooth low-energy (BLE) 2.4-GHz

module (2450AT43B100E-JT) having size 7 mm�
2 mm� 2 mm. The module provides a 1-Mb/s data

rate in a minimum range of 10 m.

A single Bluetooth packet consists of 20 B

(240 b) of information. The EEG signal is sam-

pled at 500 Hz with 24-b resolution. Considering

12 channels, the overall bits of information per sec-

ond are given by: 12�24 b/Sa
�500 Sa/s ¼ 144 kb/s.

Using the shortest connection interval achievable

(7.5 ms), 133 connection events are performed in

1 s and assuming that seven packets (1680 b) are

transmitted on each event, a data throughput of

133 events/second �7 packets/ event�1680 b/packet
¼223.4 kb/s is achievable with this setting. Thus, a

single module CC2540 is sufficient for transmitting

EEG data. The eight EMG channels are sampled at

500 Hz with 16 b of resolution, so 8�16 b/Sa
�

500 Sa/s ¼ 64 kb/s of information is needed.

However, eight BLE modules are used for EMG

(one for each EMG channel) thus a data through-

put of 8 kb/s for each module is necessary, and it

is easily covered by BLE bandwidth. The total

amount of information to be transmitted is 208 kb/s

by nine CC2540 modules. The overall power con-

sumption of the headset is G 3 mW/b (dynamic

power) and 5 mW (static power). The system is

expected to work for 35 h continuously with a

standard battery.

The EMG network
The EMG network includes eight independent

nodes, which contact the main muscles of the

legs and communicate wirelessly with the gate-

way. Each of them features two bipolar electrodes

for differential reading (each anode has its own

cathode) and a reference. The three electrodes

compose an independent smart node not imped-

ing the movements of the leg. The EMG node in-

cludes the conditioning circuit, the transmission

module (CC2540), and the BLE module with an-

tenna (see Figure 3b). The EMG front–end archi-

tecture is similar to the EEG one, but, due to the

different features of the signal, the overall am-

plification is 500 V � V�1 and the filtering band

is 10–500 Hz. The 16-b ADCs with sampling fre-

quency of 2 ks/s (one for each node) are used.

Figure 3. Details of (a) the EEG headset; and (b) the single EMG node.
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Power consumption is essentially due to the wire-

less data transmission from the nodes to the gate-

way (i.e., �20 dBm).

The inertial sensor
As explained later, the inertial sensor is the way

to detect earlier the starting instant of a possible

fall. Hence, we use it to activate the cyber sub-

system (see the following section) and comple-

ment the information provided by the EMG

sensors. The inertial sensor is embedded in a

belt placed at the waist and identifies even po-

tential falls due to other mechanisms than wrong

muscle contractions.

Experimental results
Measurements were performed on nine healthy

subjects (age between 23 and 28). EMG signal

powers from limb muscles were compared with dy-

namic thresholds to generate a trigger each time

the muscle was activated. The EMG power was dy-

namically calculated over M samples (M ¼ 500 in

our processing) and was used as threshold. The in-

stantaneous power was computed on a smaller

number N of the previous samples ðN ¼ 100Þ in or-

der to eliminate the albeit small noise. Then, it was

compared to the dynamic threshold: the trigger

was set to 0 if the instantaneous power was less

than the dynamic threshold, whereas it was 1 and

remained so, as long as it was greater. In our trials,

on a total of 410 steps, the generated trigger

showed two undesired activations (0.48%) and

26 undesired de-activation (6.34%) with N ¼ 100

and M ¼ 500.

Each time a trigger rising edge occurred, the

evoked potentials in EEG were computed on the

base of the acquired data. In particular, differ-

ences between motor cortex (T 3;C3;CZ ;C4; T 4 ,

etc.) and occipital data (i.e., O1;O2 ) were per-

formed to reduce common artifacts such as

blinking or jaw muscles contraction. Motor-cortex

EEG signals were processed by a short time

Fourier transform (STFT) in sliding windows of

256 samples (500 ms) to compute the power

density spectrum for the differential signals.

When the EMG trigger enabled the analysis, the

EEG power levels in the band of interest (BP:

1–5 Hz, � : 7–12 Hz, � : 13–30 Hz) were compared

with thresholds generated by the algorithm de-

scribed in the Decision algorithm section to as-

sume whether the movement was voluntary. In

Figure 4, the average power in the BP band (in

red) is outlined at the trigger positive edge (in

blue). The limit value above which a movement

was considered as voluntary (cyber subsystem de-

activation) is the green horizontal line. On the con-

trary, BP power under the limit means there is a

critical condition between the movement per-

formed and the cortical activity. Similar results

were obtained for both � - and � -rhythms. This

leads to further computation

devoted to fall classification

and feedback generation: it is

in charge on the cyber subsys-

tem described hereafter.

The cyber subsystem
The hardware described

above enables continuous data

gathering and the subsequent

transmission to a gateway unit

interfacing the sensory subsys-

tem with the computing one.

The cyber subsystem receives

the EEG, EMG, and inertial sen-

sor data. Subsequently, signal

analysis is performed to iden-

tify possible “falling signatures”

and to generate a feedback

signal.

Figure 4. BP analysis during gait: in blue, the trigger signal from right
Gastrocnemius; in red, the BP power level calculated on the rising edge
of the trigger and referring to 500 ms before the muscle contraction
(for premotor potential evaluation). In the circle, below threshold
BP levels are underlined indicating a critical situation.
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The architecture
The collecting unit is a PDA (tablet/smart-

phone) with wireless communication interfaces for

a body area network (BAN) with a wide-area com-

munication link. It includes an efficient real-time

operating system with domain-specific extensions

(RTXI), a light-weight implementation of the com-

munication protocols for the BAN (where the gate-

way acts as a controller), and low delay access to

storage and computational cloud services. Strict

real-time constraints call for maximum parallelism;

high reliability and low-power consumption re-

quire management/self-diagnostic functions. Data

synchronization is ensured by the master coordina-

tor, which manages the communication with the

nine slave nodes via time division multiple access

(TDMA). In addition, the gateway must perform

data analysis and run the algorithms for early de-

tection of fall conditions and fall-type classification

(e.g., fall direction and fall dynamics) as well as

fall context determination (e.g., static position,

walking, running, getting hit, and crushing into an

obstacle). For multimodal signal processing and

feature extraction, tools such as kernel canonical

correlation analysis (kCCA) and multimodal

source power correlation analysis (mSPoC) are

used to compensate for noninstantaneous cou-

plings and relate nonlinear functions of the EEG

and EMG time-domain signal.

Decision algorithm
The decision algorithm is based on the following:

1) the annotation of both EMG and EEG wireless

wearable electrodes signals;

2) the application of logic-based inferences to:

a) classify fall patterns;

b) calculate a response for feedback delivery.

EMG signals are very relevant for both detection

and correction since the activity during an unex-

pected free fall is found in lower limb muscles: af-

ter a silent period of about 80 ms, an initial peak

lasted approximately 200 ms after release. In falls of

more than 20 cm, a second peak of activity occurs

before landing. If a system could detect whether

the fall is the result of an unwanted movement, it

would be able to collect the EMG signal features

needed for a corrective signal polarization on the

muscles involved in the particular kind of fall. In-

deed, the detected BP [12] gives a path for achiev-

ing this result.

The software architecture is shown in Figure 1.

The presence of an inertial sensor is used as a sim-

ple threshold detector to distinguish when a fall is

starting and to trigger the further processing steps.

From literature analysis and initial tests, an angular

velocity above 0.52 rad/s and an acceleration ex-

ceeding � 3 m/s2 were considered as fall condi-

tions, with a lead time between 375 and 70 ms

before impact. In this time span, the system acti-

vates three concurrent tasks:

• verification of the lack of premotor signal;

• interpretation of the EEG/EMG signals to

classify the kind of fall as well as general char-

acteristics of the ongoing event (e.g., environ-

mental information and subject monitoring

parameters);

• determination of an appropriate feedback signal

[13], [14] according to the above interpretation.

Both the kind of fall and the event characteristics

are annotated using a threshold classifier. The sys-

tem associates a set of raw data of a given type

(collected by the gateway in a time span) to a

specific semantic-based description. By minimizing

the geometric distance between detected values

and proper thresholds, the most probable class

the values belong to can be determined (a set

containment operation). Finally, each class corre-

sponds to a logic-based annotation in a semanti-

cally rich formalism grounded on the attributive

language with unqualified number restrictions

(ALN) description logics [15]. A properly devised

ontology provides the needed conceptualization

(vocabulary) for the particular domain. The abstrac-

tion from raw data to semantic annotations

allows the application of a logic-based matchmaking

algorithm. Thus, a fully automatic decision-making

process is applied to the actions to undertake the

subject considering the context where s/he is.

In a general knowledge-based framework, given

request R , semantic matchmaking allows finding

and ranking the best matching resources Si through

nonstandard inference procedures, concept con-

traction and concept abduction [13], implemented

by the Mini-ME embedded reasoning engine [14].

This was adapted to the problem of discovering fall

types and devising countermeasures. A request is

defined by a semantic description expressed as log-

ical conjunction of information about the subject

profile and the context where the subject is, while
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each resource represents the different kinds of falls

and is associated with corrective actions. Concept

abduction can be used to discover the most suit-

able corrective actions for a given patient in a

given context. In fact, if R does not match Si

fully, concept abduction extracts which hypothesis

H should be made about S in order to obtain a

full match. In the particular setting of fall pre-

vention, by properly modeling both ontology

and annotations, the hypotheses return the cor-

rective factors which should be taken to prevent

an impending fall through electric impulses ap-

plied to the subject. See [16] for an extensive

description of the modeling approach and the

following section for an example describing how

the proposed framework works. The basic idea

is to model the general vocabulary we adopted

(ontology) so that the patient conditions are an-

notated as sequence of “symptoms” as in a med-

ical diagnosis problem. The system can exploit

the nonstandard inferences described above to

determine the most probable “diagnosis” ex-

pressed as sequence of elements to be corrected

and a “therapy” intended as sequence of correc-

tive actions. The environmental conditions and

the medical history of the patient are taken

into account.

Timing of the overall chain
Since the action–reaction chain is designed to

avoid the fall, time delays need to be accurately es-

timated to prove the time compliance of the sys-

tem. According to [17] where a fall-predictive

model is described according to a study of 125

subjects (45 “fallers” and 80 “nonfallers” with

74 year average age, 45 men and 80 women, 69-kg

average weight, and 160-cm average height), a

550-ms reaction time can be considered the limit

that discriminates the ones with very high fall pre-

disposition from the ones with no falling history.

Tests from [17] showed the correctness of the esti-

mate on 83% of those with a fall history as well as

on 86.7% of those individuals who have yet to sus-

tain a fall. In addition, the study demonstrated that

a reaction time of 300 ms or lower has a probability

0 ðp G 0:01Þ that a fall occurs. Consequently, we as-

sume 300 ms as the upper time limit in which a cor-

rective action has to be taken to prevent the fall.

We actually consider a margin of tolerance of

Figure 5. Timing diagram of the overall chain. The loop chain is completed in 168 ms.
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around 100 ms. The system we designed is able to

deliver the corrective action in 168 ms well within

with margins we set. To validate our hypothesis, we

consider the time needed for each step (Figure 5).

The actions that the system performs are as

follows.

1) Data collection: The analog front–end has ap-

proximately 1-ms delay due to channel data

multiplexing. The measured latency of the

node-gateway transmission is 14 ms. The mean

of the measured delay for the EMG trigger gen-

eration is approximately 40 ms because of

group acquisitions.

2) Data processing: As soon as the rising edges of

the EMG generated trigger are detected, the

FFTs of the interested EEG channels and the

computation for EMG co-contraction are per-

formed concurrently. Using an 8-MHz clock for

FFT computation, a 256-point 24-b resolution

FFT takes approximately 112 �s. Consequently,

we can consider 1 ms for the power density

spectrum computation. Thus, after 56 ms, all

the computed indexes are available for the

semantic-based algorithm.

3) Reasoning: The time taken for decision opera-

tions described above is about 12 ms (see later

for details). This action determines the feed-

back to deliver according to the detection and

interpretation of the EEG/EMG signals.

4) Feedback: Depending on the kind of feed-

back, this action ranges from a time on the

order of tens of milliseconds to about 100 ms

fore more effective muscles electrostimulation

of the extensor and of the opposite leg with

respect to the failing one (onset by commer-

cial electrostimulators). Future work will be

devoted to studying and implementing more

and more effective and less time-consuming

feedback actuation.

Case study
Here, a case study is presented with the aim to

clarify the proposed approach and framework. We

use fictional names for privacy. Stan, a 65-year-old

person with chronic heart disease, is strolling in

the hospital park. Unexpectedly his legs give up

and he starts falling. Suppose that the subject is

wearing the EMG/EEG tracking system. The subject

also wears a belt to measure acceleration and

angular velocity to monitor movements and a

smart watch. The smart watch stores his hospital

records and monitors weather conditions and his

indoor/outdoor position. A typical EMG plot of

Stan’s gait is shown in Figure 6. When the fall

starts, the threshold on inertial values triggers the

analysis of the first burst in the EMG signals and

the check for the absence of premotor activity.

Figures 4, 7, and 8 show the performed monitoring.

Figure 7 illustrates the perturbed gait since a rele-

vant overlapping of EMG signals for right Tibialis

and right Gastrocnemius (agonist–antagonist

EMG co-contraction) is recorded. Figure 8 reports

on EMG co-contraction by raw data: the differences

in co-contraction time compared with Stan’s stan-

dard gait (Figure 6) is alarming. The dangerous

co-contraction is automatically detected by a dy-

namically calculated threshold. Figure 4 deals with

the detection of the lack of premotor potentials (BP

power under threshold1) indicating a critical corti-

cal implication (the brain process that generates

the movement is no longer recognized). This infor-

mation identifies a suspected fall in real time. EMG/

EEG signals, information about weather, and pa-

tient’s location are immediately classified and an-

notated with respect to the shared ontology.

Figure 6. Right Tibialis (blue) and right Gastrocnemius
(red) overlapped during a normal walk: co-contraction
is slightly present but generally does not exceed
200 ms during gait.

1This is determined at runtime by the cyber subsystem given the patient’s gen-

eral conditions and the context by means of a scoring function that is inversely

proportional to the semantic distance from a no risk situation. In the example,

it is set to 52 dB.
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The patient situation is expressed in logic-based

formalisms as follows:

S1 : 9 hasEEG mu waveu
8 hasEEG mu wave:Low EEG mu wave u

9 hasCauseu
8 hasCause:Tripping u agonist Muscle:Tibialis

S2 : 9 isLocated u 8 isLocated:Outdoor

S3 : 9 environmentalConditions u 8
environmentalConditions

ðHighTemperature u HighHumidityÞ
The patient medical history is captured as follows:

S4 : 9 hasAge u 8 hasAge:Senior u 9 hasDisease

u 8
hasDisease:Arrhythmia u 9 hasSymptom u 8
hasSymptom:ðPalpitations u DizzinessÞ

Hence, the overall annotation for the subject is

as follows:

S ðStanÞ : S1 u S2 u S3 u S4

Let us also suppose that the knowledge base

(KB) contains the following event definitions:

ðR1Þ Straight Down Fall : hasAge:Age u
isLocated:Areau

hasDisease:ðArrhythmia u
Chronic Heart FailureÞu

reduces:Blood Pressure u hasSymptom:

ðPalpitationsu
Breath Shortness u Constriction ChestÞu

hasCorrectiveAction:Call Emergency

ðR2Þ Forward Fall : hasAge:Age u
isLocated:Areau

hasCause:Tripping u hasSymptom:ðSweaty u
DizzinessÞu

hasDisease:ðVisual ImpairmentÞu
hasCorrectiveAction:EMG Polarizationu

hasEEG mu wave:ð:High EEG mu waveÞu
agonist Muscle:Muscle

The embedded reasoning engine computes con-

cept abduction (see [12] for details) and returns H

as output, which contains an explanation of what is

missing in S to completely satisfy R. The length jH j
with respect to the taxonomy (tree structure) of the

reference ontology gives an indication of the se-

mantic distance (from now on semDist ) between

types of events and detected situation. Intuitively,

semDist ¼ 0 in case of a full match, whereas

semDist assumes the greatest value when compar-

ing R with the most generic concept (top) of the

ontology (root of the taxonomy). Hence, the for-

mula we adopt to calculate the risk of a fall has the

structure of a percentage probability:

RiskiðRi; SÞ¼ 1� ½semDistðRi ; SÞ=semDistðRi; TopÞ�

In the proposed example, which was purposely

simplified with respect to the devised KB with

shorter and less detailed annotations, we derive

the following:

Risk ðStraight Down Fall; StanÞ ¼ 0:57

Risk ðForward Fall; StanÞ ¼ 0:79

A forward fall is the most probable ongoing

event. In addition, concept abduction returns H

that contains the part of the event description

which is missing in the patient annotation in order

to provide indications about possible corrective ac-

tions to medical personnel. In the automatic feed-

back scenario we present, the concept abduction

Figure 8. Right Tibialis (blue) and right Gastrocnemius
(red) overlapping during a perturbed gait: critical
co-contraction of about 600 ms is highlighted in the
circle. EMG amplitude is increased.

Figure 7. EMG co-contraction analysis between right
Tibialis and Gastrocnemius in case of a perturbed gait:
Co-contraction time (y-axis) of about 500–600 ms
indicates unbalance or instability.
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output H is calculated by commuting its arguments

as follows:

H ðStan; Forward FallÞ¼8isLocated:Outdoor u 8
agonist Muscle:ðTibialis

u:Gastrocnemius AnteriorÞ u 8
has Disease:Arrhythmia u 8 has Symptom:

Palpitations u 8
environmentalConditions:ðHighHumidityu
HighTemperatureÞ u 8 hasAge:Senior

In this way, the H expression will contain the

muscles where the EMG tracker is located (ago-

nist) with the related antagonist (denied element

in the annotation).

The cyber system replies in terms of corrective

actions to be addressed to caregivers and antago-

nist muscles where to induce a feedback in less

than 12 ms on average2 considering a kilobyte of

about 5000 concepts and roles. It has been tested

on four subjects five times each, but only the two

runs with the greatest overlapping between Tibialis

and Gastrocnemius EMG signals have been

considered.

After the cyber system intervention, a feedback

stimulus is returned to Stan’s gastrocnemius mus-

cle as somatosensory multilevel electrical stimula-

tion. This procedure should be personalized for

each patient according to intensive data analysis

and setup calibration. The global motor perfor-

mance of patients should be evaluated by means

of clinical scales including activities in daily living

and global neurological and cognitive conditions.

The stimulation protocol is organized in a double-

step procedure. The first stimulation at low fre-

quency (2–4 Hz) is applied to the extensor to relax

the muscle avoiding the movement; the second

one is applied according to the EEG pattern and

inertial sensors data, at higher frequency (up to

12 Hz) to the suitable opposite muscle leg to reac-

tivate and to equilibrate the body in space.

WE PRESENTED A wearable, wireless, and nonin-

trusive cyber–physical system for preventing falls

in elderly and disabled people. The system per-

forms an online continuous monitoring of EMG

and verifies presence or lacking of EEG evoked po-

tentials related to the movement. The system

overcomes the limits of a traditional wired system

for collecting EEG and EMG signals. The hardware

described here performs the synchronous mea-

surements of muscle and brain signals. The total

dynamic power consumption of the proposed elec-

tronics is less than 0.37 �W/b and allows the use

of Lithium 3 V button batteries for a full day of

operation.

The time-frequency analysis on differential sig-

nals for the EEG/EMG signals has been imple-

mented on the body/personal gateway and allows

a real-time detection of the premovement (BP, the

� -rhythm, and the � -rhythm) EEG potentials. We

also proposed and described a logic-based match-

making algorithm, which allows fast (less than

12 ms) classification of the nonvoluntary move-

ment and introduces a feedback action to prevent

falls. The full chain action is accomplished in less

than 168 ms. The sensing nodes are suitable for in-

tegration and the gateway can be a smartphone

making the system wearable and not intrusive dur-

ing every day normal life. The components of the

system have been tested on real-life cases while full

integration is still under way. h
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