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Abstract: (1) Background and objective: Mobility is crucial for healthy aging, and its loss significantly
impacts the quality of life, healthcare costs, and mortality among older adults. Clinical mobility
assessment methods, though precise, are resource-intensive and economically impractical and most
of the existing solutions for automatic detection of mobility anomalies are either obtrusive, or
improper for long time monitoring. This study explores the feasibility of using non-intrusive, low-
cost binary sensors for continuous, remote detection of mobility anomalies in older adults, aiming to
identify both sudden mobility events and gradual mobility loss. (2) Method: The study utilized
publicly available datasets (CASAS Aruba and HH120) containing annotated activity data recorded
from binary sensors installed in residential environments. After data preprocessing—including
filtering irrelevant sensor events and aggregation into behaviorally meaningful places (BMPs)—a
time series forecasting model (Prophet) was used to predict normal mobility patterns. A fuzzy
inference module analyzed deviations between observed and predicted sensor data to determine the
probability of mobility anomalies. (3) Results: The system effectively identified periods of prolonged
inactivity indicative of potential falls or other mobility disruptions. Preliminary evaluation indicated
a detection rate of approximately 77-81% for point mobility anomalies, with a false positive rate
ranging from 12-16%. Additionally, the approach successfully detected simulated gradual declines
in mobility (1% per day reduction), evidenced by statistically significant regression trends in activity
levels over time. (4) Conclusion: The study argues that non-intrusive binary sensors, combined with
lightweight forecasting models and fuzzy inference, may provide a practical and scalable solution for
detecting mobility anomalies in older adults. Although performance can be further enhanced through
improved data preprocessing, predictive modeling, and anomaly threshold tuning, the proposed
system effectively addresses key limitations of existing mobility assessment approaches.

Keywords: mobility loss; binary sensors; anomaly detection; time series forecasting; behaviorally
meaningful places

1. Introduction
1.1. Background of This Study

Broadly defined as “one’s ability to move independently around their environment” [1],
mobility is crucial for healthy aging and for the wellbeing of the elderly [2]. Limited mobility is an
important predictor of hospitalization incidence, disability and mortality, leading to a significant
increase in medical expenses and a decrease in quality of life [3].

Limitations in mobility increase with age, affecting 35% of people aged 70 and the majority of
those over 85 [4].

Mobility is influenced by a range of interconnected factors. As people age, their physical abilities
gradually decline. Changes in gait, balance, strength, and overall muscle function—often associated
with conditions like sarcopenia—can significantly impact mobility. Beyond these physical changes,
neuromuscular alterations also contribute to mobility decline. The loss of motor units, a reduction in
muscle fiber size, and disruptions in nerve-muscle communication all make movement more
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challenging over time. At the same time, cognitive function plays an equally important role.
Executive function, processing speed, and attention are essential for coordinated movement, and
research suggests that cognitive decline can often predict mobility deterioration [5].

Psychological factors further influence mobility, particularly the fear of falling. When
individuals become overly cautious due to this fear, they may limit their activities, unintentionally
accelerating the decline in their mobility. Physical inactivity not only contributes to muscle
weakening but also increases other health risks, further accelerating mobility loss.

In older adults, once mobility limitations occur, reversing them is difficult or even impossible.
Therefore, early detection of mobility anomalies is crucial for effective care management and the
planning of preventive interventions.

Various instruments have been developed to assess mobility in controlled clinical settings,
including the Short Physical Performance Battery (SPPB), Timed Up and Go Test (TUG), Chair Rise
Test (CRT), and gait analysis [6,7]. Although these tools provide valuable data, they are typically
administered during periodic clinical visits and require specialized equipment and trained personnel.
As a result, they may not capture day-to-day fluctuations in mobility or be practical for large-scale,
continuous monitoring.

On the other hand, as the global population ages, conventional in-person mobility assessments
may become a bottleneck due to limited healthcare resources and the need for specialized personnel.
An automated system could ease this strain by enabling remote monitoring and early detection of
mobility issues. Whether utilizing wearable sensors, computer vision, or smart home devices, such
systems can continuously track mobility in everyday settings. By constantly analyzing movement
patterns, they can detect subtle changes or deviations from an individual’s baseline, potentially
signaling the onset of a mobility disorder or an increased risk of falls.

1.2. Brief Review of the Existing Solutions for Mobility Anomaly Detection

Recent technological advancements opened the way for a range of innovative solutions in the
field of automated mobility monitoring. For example, the progress in sensor technology has enabled
the creation of compact and accurate wearable devices. These devices can measure a variety of
parameters —including acceleration, orientation, step count, blood pressure and oxygen saturation—
and are designed to be seamlessly integrated into everyday clothing or accessories [8-10]. In parallel,
video cameras along with sophisticated computer vision algorithms are now capable of monitoring
gait and other movements [11,12]. When combined with the Internet of Things (IoT), these sensors
can transmit real-time data to cloud-based platforms, for analysis. Furthermore, artificial intelligence
(Al) and machine learning algorithms play a crucial role in processing the vast amounts of data
generated [13,14]. These systems can detect patterns and anomalies that may indicate emerging
mobility issues including falls [15,16], and over time, machine learning models become increasingly
adept at recognizing subtle deviations from an individual’s typical movement patterns [17-19].

Starting from the general definition of anomalies as “patterns in data that do not conform to an
expected or well-defined notion of normal behavior” [20], it is important to recognize that detecting
such deviations in smart homes depends on the data collected from various sensors. Consequently,
existing solutions for mobility anomaly detection can be logically categorized by the type of sensors
used —namely, wearable, ambient, and video sensors—each offering a distinct perspective on
resident mobility and behavior.

Alternatively, existing solutions can be classified according to the specific facet of mobility
anomaly they target. For instance, while many studies focus on fall detection, others are designed to
identify prolonged immobility or detect changes in gait. Based on a brief, nonsystematic review of
the literature, Table 1 summarizes some of the the most frequently addressed mobility anomalies, the
sensor types employed, and the corresponding references.
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Table 1. Summary of the most frequently mobility anomalies addressed in the literature.
Mobility anomaly Sensors used References
Depth sensors [21,22]
Falls Accelerometers, gyroscopes [23]
Passive Infrared (PIR) and accelerometer [24,25]
Video [26]
RGB camera [27]
Gait anomalies Pressure sensors in smart insoles [28]
Pressure/force sensors in smart floors [29,30]
Wandering and erratic ‘ Active infrared sensors [31]
walking in dementia Ambient beacons and wearable transponder [32]
GPS [33,34]
Smartphone sensors [35,36]
Prolonged inactivity Microphone-+accelerometer [37]
Passive infrared (PIR) sensors [38-41]
Slow loss of mobility due to Passive infrared (PIR) sensors [42,43]
chronic conditions Electric power load [44]
Sarcopenia related mobility Smartwatch sensors [45]

anomalies

Data in Table 1 makes it evident that no single sensor can capture every facet of mobility
anomaly. Each sensor type has its strengths and limitations, often stemming from the nature of the
data it produces. For instance, video sensors (e.g., RGB or depth cameras) generally provide highly
detailed information about a person’s posture, movements, and even facial expressions—making
them valuable for tasks like fine-grained gait analysis or precise fall detection. However, these sensors
are also intrusive, raising privacy and ethical concerns, and often require significant computational
resources to process video streams in real time.

In contrast, binary sensors, like passive infrared sensors (PIR), door contacts or pressure/force
sensors in floors or insoles tend to be far less intrusive, yet, the data they provide is much coarser; for
example, PIR sensors merely detect presence or absence of motion, while force sensors can register
weight shifts without capturing detailed limb movements. This more abstract level of information
can suffice for broad anomaly detection (e.g., detecting a lack of movement over time), but it may be
insufficient for identifying subtle changes in gait or for distinguishing between a genuine fall and a
person sitting abruptly.

Likewise, wearable sensors such as accelerometers and gyroscopes capture continuous,
individualized data on movement dynamics, but they depend on user compliance (e.g., remembering
to wear the device) and can sometimes be uncomfortable or inconvenient for older adults. Even
among these wearable solutions, battery life, data accuracy, and signal drift can pose additional
challenges.

Hence, the choice of solution for mobility anomaly detection is not merely about technical
feasibility; it also involves practical, ethical, and user-related considerations.

Pavel et al. in [46] identified the following essential constraints and design principles for such
systems:

e  Economical Feasibility — The system should be affordable for at-risk individuals (e.g., seniors
and their families) or covered by the healthcare financing system to ensure accessibility.

e  Scalability — It should be cost-effective and capable of being deployed widely to benefit large
populations.

e  Unobtrusiveness — The monitoring should be as transparent as possible to the individual.

Ideally, no wearable or carried devices should be required, relying instead on passive sensors or

cameras.
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e  Continuity of Sensing — The system should collect data frequently or continuously to track
patient-specific trends and enable just-in-time interventions.

e  Usability — The system should be easy to install, operate, and maintain, requiring minimal effort.
It should have features like portability, long battery life, and self-calibration.

e Adaptability — The system must adjust to individual users, various locations, and changing
environmental conditions.

e  Self-Checking — It should have the capability to monitor and assess its own performance for
reliability.

e  High Sensitivity and Specificity (Low False Alarms) — Accuracy is critical to avoid excessive false
alarms while maintaining effective monitoring and event detection.

e  Privacy and Security — The system must ensure the security and privacy of both individuals and
care teams. This includes authentication, data sharing policies, and protection against
unauthorized access.

e  Workflow Integration — The system must seamlessly integrate into provider and caregiver
workflows without creating additional burdens.

In what concerns the actual methods for anomaly detection, a variety of taxonomies have been
proposed (see [20,47]), but regardless of different sensor-based and anomaly-specific classifications,
it is useful to look at how anomaly detection itself is conceptually structured. Anomaly detection
methods generally follow three main steps:
¢  Defining the norm (i.e., characterizing what “normal” mobility looks like),

e Estimating deviations from that norm (using measures such as distances, probabilities, or
reconstruction errors),

¢  Determining a decision threshold (fixed or dynamically adapted) that marks the boundary
between normal and abnormal behavior.

We synthesized in Figure 1 the methods commonly used in each of these steps.

‘ ANOMALY DETECTION H
ESTIMATE DEVIATION DEFINE THE
PIZANE Uiz L= el FROM THE NORM DECISION THRESHOLD
EXPLICT IMPLICIT ] l DENSITY DYNAMICALLY
PROBABILITY ||[ERROR-BASED||| DISTANCE FIXED
MODEL-BASED || |PATTERN BASED ADAPTED
METRICS THRESHOLD
[NORM H U=-RNNE R MEASURES  |[METRICS METHODS THRESHOLD
v ¥ v v
RULE RECONSTRUCTIO FORECASTING
BASED FET'SLECAL lBASED BASED J
MODELS METHODS METHODS

Figure 1. A framework for analysing the anomaly detection methods.

1.3. Objective of This Study

While binary sensors inherently lack the fine-grained detail necessary to capture subtle nuances
in gait and balance, their low cost, unobtrusiveness, and ease of deployment for continuous, long-
term monitoring present a compelling case for their use. Empirical evidence suggests that these
sensors can reliably detect critical mobility anomalies, such as prolonged periods of inactivity that
may indicate falls or rapid declines in mobility, as well as sudden shifts in the living space occupancy
that disrupt established activity patterns.

In this context, the objective of the present study is to explore the feasibility, usability and
adaptability of a solution for long-term monitoring and detection of mobility loss based exclusively
on non-intrusive, low-cost, binary sensors, compatible with nearly any living space and offering
maximum usability and adaptability.
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2. Method and Datasets
2.1. Assumptions

The first assumption underpinning this study is that human mobility is, to a certain extent,
predictable. This premise is supported by the seminal work [48], which demonstrated that the
theoretical upper limit of predictability for outdoor human mobility is as high as 93%, and by the
findings reported in [49], who predicted the next sensor event in the context of indoor mobility
tracking with an accuracy of 79-82% in single-resident households.

It is likely that prediction accuracy in real-life applications is lower than the figures cited above,
owing to individual variability, sensor noise, and inherent randomness. Nonetheless, human daily
activities exhibit significant regularity, which can be learned and predicted, and can serve as a
baseline for anomaly detection algorithms.

The second assumption underlying this study is that even a gradual decline in mobility can be
detected by monitoring daily activity levels. Studies using in-home sensor networks have
demonstrated that reduced daily movements—such as fewer room transitions and longer periods of
inactivity —often correlate with declines in clinical measures of mobility. For example, the authors of
[50] monitored seniors” activity over extended periods and found that decreases in sensor-recorded
activity were associated with lower scores on standardized assessments of instrumental activities of
daily living (IADL), a proxy for functional mobility.

2.2. Datasets and Preprocessing

To assess the feasibility of the solutions proposed in this study, we employed two publicly
available datasets—specifically, the Aruba and HH120 testbeds from the CASAS dataset [51]. Both
testbeds use binary sensors for monitoring the activity of a single resident and feature partial
annotations. Aruba dataset contains data recorded over a period of 220 days, while HH120 contains
data for only 64 days of monitoring. The raw data are provided as a text file, with each line
representing a sensor event structured as follows:

For the Aruba testbed: Timestamp, Sensor_ID, Sensor_Event, Activity

For the HH120 testbed: Timestamp, Sensor_ID, Location, Sensor_Event, Activity

Data from temperature and light sensors, not directly related with the mobility of the resident
were filtered out from the raw dataset during the preprocessing phase. Additionally, at this stage, we
filtered out all OFF-type events recorded by the motion sensors and all CLOSE-type events recorded
by the door contact sensors. To mitigate sensor noise, if two successive events recorded by a given
sensor were separated by less than one minute, we eliminated the second event in the sequence.
Finally, we considered one-hour time intervals and counted the events recorded by each sensor
within each interval. This resulted in a CSV file with the following structure:

Date, Hour, Events_count_MO001, Events_count_MO002, ..., Events_count_D003

2.3. An Abstraction of the Residential Space

In our previous works [42,52], we argued that, when describing residential living space, a
distinction should be made between ‘locations” and “places’, where places are defined as locations
imbued with meaning by users, according to their needs, preferences, habits, or values. Rather than
being mere physical coordinates, places are shaped by human activity and the intentional decisions
behind why people occupy them and for how long. Building on this idea, residential living spaces
can be abstracted as a collection of behaviorally meaningful places (BMPs)—such as the living room,
bedroom, kitchen, bathroom, and circulation areas - each reflecting the user's daily activities and
routines. By omitting details like the particular layout of the living space, the arrangement of
furniture and appliances, and the precise positioning of sensors —this model establishes a framework
for monitoring the activities of daily life (ADLs) in nearly any residential setting.

With this abstraction, the set of sensors associated with a specific BMPs can be treated as a single
compound sensor reporting all the events recorded in the respective place. For example, for the
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sensor layout in the Aruba house from the CASAS dataset, we defined five BMPs and assigned the
sensors as shown in Figure 2.
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Figure 2. Floorplan with sensor layout and the assignment of sensors to BMPs in Aruba testbed from the CASAS

dataset. Mxxx are PIR motion detectors and Dxxx are magnetic door contacts.

If {Pi} is the set of sensor events recorded in the place P, and {Sj} is the set of events generated by
sensor S;, then:

{P1} = {M001} LU {M002} U {M003} U {MO005} U {M006 U {M007} LU {M023} U {M024}

(P2} = {M004} U {M029} U {M031}

{Ps} = (M014} U {M015} U {M017} U {M018} U {M019} 1)
{P4} = (M009} U {M010} U {M012} LU {M013} U {M025} U {M026} U {M027} U {M028}

{Ps} = (D001} U {D002} L {D003} L {D004} L {M008} U {M011} L {M021} U {M022} L {MO030}

Similarly, for the HH120 testbed the sensor-to_BMP assignemnt is:
{P1} = {M009} U {M010} LU {M011} U {MAO016}

{P2} = {M008} U {M018}

{Ps} = (MAO17} @)
{P4} = (M003} U {M004} U {M005} U {M006} L {M007} U {M026} U {MAO015}

{Ps} = {D002} U {D004} LU {M001} U {M002} U {MO11}

2.4. Encoding the Activity Starting from Sensor Data

Considering that all sensors have binary output, if |[{P;}| is the cardinal of the set of events {Pi}
recorded in the place Pi within a specified time slice tx, then the overall activity in the entire space is
described by a vector in a 5-dimensional space

A(t) = [I{P, 1P}, P33, [{P}, 1{Ps}] (©)

and the intensity level of the activity (AL) can be estimated by the L2 norm of this vector:
@)

For simplicity, we defined the duration of the time slices, t«, as one hour. The successive values
of A(tk) constitute a time series that synthesizes the spatiotemporal distribution of the monitored
individual's activity over the entire observation period.

2.5. Detecting Mobility Loss

The data processing flow for detecting mobility loss is shown in Figure 3.
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Figure 3. Data processing flow for detecting mobility loss according to the proposed method.

Having the data on the spatiotemporal activity of the monitored person structured as a time
series A(t1), A(t2), ... A(tn), it is possible to forecast values of the series for the next time slice PA (tn+1).
By comparing these values with the observed data for the respective time interval OA(tn1), for
example by means of the Euclidean distance:

5
Dist = Z(OAi — PA;)? )
i=1

we get a measure of the deviation of the current distribution of activities across BMPs from the
learned activity routine. Since we are only interested in potential mobility loss, i.e. deviations towards
lower intensities of activities, we compute the observed activity level OAL as:

OAL = AL (6)
" HAL

where AL is calculated with (3) and HAL is the average of the values of AL for the corresponding
hour of the day across the entire training dataset. Using OAL and Dist as input variables, we
implemented a simple fuzzy reasoning module with three fuzzy domains and linear membership
functions as shown in Figure 4.

Fuzzy domains and
membership functions for OAL and Dist

4 A
Hoa l"'Disr

LOW DIUM HIGH

» OAL P Dist
o1 .2 3 5 6 7 91 0f 35 1215 25 35

Figure 4. Fuzzy domains and membership functions for OAL and Dist.

The output of this modules is the probability of a mobility anomaly (PA), estimated according
to the rule base shown in Table 2.
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Table 2. The rule base of the fuzzy inference module used to estimate the probability of mobility anomaly.

Euclidean distance between

Observed activity level (OAL) the observed and predicted Probability of mobility

vectors (Dist) anomaly (PA)
LOW LOW MEDIUM
LOW MEDIUM MEDIUM
LOW HIGH HIGH
MEDIUM LOW LOW
MEDIUM MEDIUM MEDIUM
MEDIUM HIGH MEDIUM
HIGH LOW LOW
HIGH MEDIUM LOW
HIGH HIGH LOW

If PA is higher than a tunable threshold, an alert flag is set.
Algorithm 1 listed below synthesizes the entire data processing workflow for detecting sudden
mobility loss.

Algorithm 1. Data processing workflow for detecting point mobility anomalies

BEGIN
// === Step 1: Data Preprocessing ==—
// Load raw sensor data (each record: Timestamp, Sensor_ID, Sensor_Event, etc.)
raw_data — LOAD_SENSOR_DATA("raw_sensor_file.txt")
// Filter out sensors not related to mobility (e.g., temperature, light)
filtered_data « FILTER(raw_data, sensor_type NOT IN {"temperature", "light"})
// Remove unwanted events:
// - Exclude OFF events for motion sensors.
// - Exclude CLOSE events for door sensors.
filtered_data < FILTER(filtered_data,
(sensor_category = "motion" AND event_type # "OFF") AND
(sensor_category = "door" AND event_type # "CLOSE"))
// Mlitigate sensor noise:
// For each sensor, if two successive events occur within 60 seconds, remove the second.
debounced_data « DEBOUNCE(filtered_data, time_threshold = 60 seconds)
/| Aggregate events:
// Count the number of events per sensor in one-hour intervals.
hourly_counts <~ AGGREGATE(debounced_data, interval = "1 hour")
// == Step 2: Abstract Residential Space into Behaviorally Meaningful Places (BMPs) ===
// Define sensor-to-BMP mappings:
BMP1_sensors «— {M001, M002, M003, M005, M006, M007, M023, M024}
BMP2_sensors < {M004, M029, M031}
BMP3_sensors «— {M014, M015, M017, M018, M019}
BMP4_sensors «— {M009, M010, M012, M013, M025, M026, M027, M028}
BMP5_sensors < {D001, D002, D003, D004, M008, M011, M021, M022, M030}

// For each time interval, sum events per BMP.
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FOR each time_interval IN hourly_counts DO
P1 « SUM_EVENTS(hourly_counts[time_interval], sensors IN BMP1_sensors)
P2 < SUM_EVENTS(hourly_counts[time_interval], sensors IN BMP2_sensors)
P3 «— SUM_EVENTS(hourly_counts[time_interval], sensors IN BMP3_sensors)
P4 «— SUM_EVENTS(hourly_counts[time_interval], sensors IN BMP4_sensors)
P5 « SUM_EVENTS(hourly_counts[time_interval], sensors IN BMP5_sensors)
/] Construct the activity vector A(tk) for this interval
activity_vector[time_interval] « [P1, P2, P3, P4, P5]
END FOR
// == Step 3: Encode Activity Level ===
// Compute the overall activity level (AL) as the L2 norm of the activity vector.
FOR each time_interval IN activity_vector DO
AL[time_interval] < SQRT( (P1)*2 + (P2)"2 + (P3)"2 + (P4)"2 + (P5)"2 )
END FOR
// === Step 4: Predict and Compare Activity for Mobility Loss Detection ===
/] Assume a predictive model is available, trained on historical activity data.
FOR each new time interval t DO
// Predict the activity vector for the next interval
predicted_vector «— PREDICT_ACTIVITY (activity_vector, current_time = t)
/] Retrieve the observed activity vector for the next interval
observed_vector « activity_vector[t + 1]
// Compute Euclidean distance (Dist) between predicted and observed vectors
Dist «— SQRT( SUM( (observed_vector[i] - predicted_vector[i])*2 fori=1to5))
// Compute Observed Activity Level ratio (OAL)
// HAL is the historical average AL for the corresponding hour (from training data)
HAL «— HISTORICAL_AVERAGE_AL(hour =t +1)
OAL « AL[t+1]/HAL
/[ === Step 5: Fuzzy Inference for Mobility Anomaly ===
// Use OAL and Dist as input to a fuzzy reasoning module.
// The module applies linear membership functions (LOW, MEDIUM, HIGH) and a rule base.
PA — FUZZY_INFERENCE_MODULE(OAL, Dist)
// Output the estimated probability of mobility anomaly for this interval
OUTPUT(time = t + 1, anomaly_probability = PA)
IF (PA>ALERT_THRESHOLD) THEN ALERT_FLAG=TRUE
END FOR
END

To detect gradual mobility loss, we employed a statistical approach: we first computed the daily
average of the values of AL given by (4), then performed a linear regression on these averaged values
over a 21-day period, and analyzed the slope of the regression line.
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3. Results
3.1. Selecting the Forecasting Model

Time-series forecasting is a well-established research field with many solutions reporting
remarkable forecasting accuracy [53,54]. However, the precision of the predictions often comes at a
cost in terms of computational load and an increased risk of overfitting, and additionally requires
large training datasets. Therefore, in order to identify a lightweight forecasting model aligned with
the usability and adaptability requirements stated above, and suitable for the selected datasets, we
evaluated several models recognized in existing studies as effective for relatively short time series
namely: Seasonal Autoregressive Integrated Moving Average (SARIMA), Support Vector Regression
(SVR), Vector Autoregression (VAR), Random Forest (RF), and Prophet. For this purpose, we
computed the Root Mean Squared Error (RMSE) of the forecasts across the entire test dataset. The
results are shown in Table 3.

Table 3. RMSE values for the forecasting models tested.

Testbed Model Short length train Full length train
dataset (28 days) dataset
Prophet 23.67 19.47
RF 19.03 19.83
Aruba SVR 20.78 20.16
SARIMA 21.36 18.39
VAR 21.28 21.46
Prophet 7.95 7.13
RF 7.44 7.33
HH120 SVR 8.03 7.5
SARIMA 8.9 7.73
VAR 8.53 8.14

Considering these results and the requirement for minimal tuning when switching between
datasets, we selected Prophet as the forecasting model. See Figure 5 for an illustration of the
performances of the selected model.
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Figure 5. Plot of the observed values of L2 (Euclidean norm of the activity vector) versus PL2 (Euclidean norm
of the vector containing the forecasted components of the activity vector) (a) for the Aruba dataset (b) for HH120
dataset.
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3.2. Detecting Point Mobility Anomalies

The datasets utilized in this study were generated by monitoring healthy individuals and thus
inherently lack anomalies. Nevertheless, given that these datasets are annotated, it is possible to
precisely identify intervals characterized by reduced activity, corresponding either to temporary
absences from home (outings) or to relaxation periods explicitly marked in annotations.

By selecting an appropriate threshold for anomaly probability (e.g., PA > 0.7), the proposed
system can effectively detect these inactivity periods as point mobility anomalies. To evaluate the
capability of our proposed method to detect such anomalies, we examined the Aruba test dataset
over a period of 21 days, identifying 60 instances of inactivity lasting longer than one hour. Similarly,
within the HH120 dataset, during an identical timeframe of 21 days, we found 36 periods of inactivity
exceeding one hour.

Nighttime sleep intervals were excluded from the analysis. The results of this evaluation are
presented in Table 4, where TP (True Positives) is the number of actual anomalies correctly detected,
FN (False Negatives) is the number of actual anomalies that were missed by the detector, FP (False
Positives) is the number of normal instances incorrectly flagged as anomalies, and TN (True
Negatives) is the number of normal instances correctly identified as non-anomalous. With these
values, we computed:

Detection Rate = TP (7)
TP+ FN
o FP

False Positive Rate = FPITN (8)

Table 4. Evaluation metrics for point mobility anomaly detection.

Dataset TP FN FP TN Detection Rate False Positive Rate
Aruba 49 11 56 281 0.81 0.16
HH120 28 8 42 295 0.77 0.12

3.3. Detecting Gradual Decline in Mobility

To assess the capability of the described system in detecting gradual loss of mobility, we
calculated the daily mean of hourly activity intensity values (AL) using equation (4) over a period of
21 days. Subsequently, we applied a daily percentage reduction of 1% to the Daily Activity Level
(DAL) values. A scatter plot of DAL values across the 21-day interval was generated, followed by
performing linear regression analysis on the plotted points. The slope of the regression line was then
highlighted to illustrate the mobility trend (see Figure 6).

Gradual Loss of Mobility Trend {Arube Dataset with 1% Reduction) Gradual Loss of Mobility Trend (HH120 Dataset with 1% Reduction}

Adjusted DAL valies 18 @ Adjusted DAL values
50 . — Regression Ine islape=-0.4661) . — Regression line {slope=-0,3335)

\ . - . .
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Day Day
(@ ()

Figure 6. Linear regression of the data on the daily activity levels for the past 21 days with a simulated mobility
loss of 1% per day (a) with Aruba dataset, (b) with HH1210 dataset.
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Besides the slope of the trend line, the system displays additional regression parameters, such
as the coefficient of determination R?, and the p-value that provide insight into the magnitude and
the statistical significance of the observed mobility decline.

4. Discussion

The results of this study support the feasibility of a long-term monitoring system for detecting
mobility anomalies in older adults using exclusively binary sensors. Such a system offers several key
advantages —including low cost, unobtrusiveness, adaptability, and scalability —that are crucial for
widespread adoption in real-life scenarios.

Although the system’s performance in detecting point anomalies is modest compared to
solutions based on video sensors or wearables, there is considerable potential for improvement in the
following areas:

e The number and placement of sensors have a major influence on system performance.
Interestingly, the presence of additional sensors in the Aruba testbed did not necessarily lead to
better detection outcomes. In fact, when sensors within a single BMP reported a high number of
events per hour, challenging spikes were created that proved difficult to predict, thereby
reducing the overall predictive accuracy as measured by RMSE. Additional filtering methods
during the preprocessing phase could mitigate these spikes, reduce sensor noise, and
consequently improve predictive accuracy. Nevertheless, a minimal redundancy in sensor count
is beneficial, as it ensures remarkable robustness against sensor faults. During testing, we
removed one sensor from each BMP without noticeably affecting anomaly detection accuracy.

e  Prediction accuracy is critical for overall system performance, thus the selection of the Prophet
model not definitive. The Prophet model does demonstrate strong performance in capturing
daily and weekly seasonality and robustness in handling outliers. However, alternative
predictive models capable of managing multivariate inputs might yield even better results.

e  Although the observed detection rate for point mobility anomalies (prolonged inactivity) was
modest (approximately 77-81%), it is important to note that the system outputs a probability of
anomaly (PA) rather than a simple binary flag. The tunable threshold for PA significantly
influences detection performance. For example, lowering the anomaly probability threshold
from 0.7 to 0.65 increased the detection rate to approximately 92% for the Aruba dataset, albeit
with a concurrent rise in the false positive rate to about 20%. Proper tuning, tailored to the
specific routine of the monitored individual and the sensor distribution, ensures an optimal
trade-off between detection sensitivity and false positive rate.

e Another area with considerable potential for improvement is the fuzzy inference system
employed in this study. The current configuration is the simplest possible, comprising only three
fuzzy domains with linear membership functions and minimal tuning. Introducing additional
fuzzy domains and personalized tuning for specific individuals is likely to yield enhanced
anomaly detection outcomes.

e  The selection of a one-hour time interval for constructing time series from sensor events is
arbitrary and directly influences the system's latency. Future research should examine the
impact of opting for shorter time intervals. Alternatively, the possibility of defining variable-
length “behaviorally significant time intervals” (e.g., sleep time, morning routine, peak activity
period, daytime rest, etc.) could be investigated.

The limitations listed above can be relatively easily overcome, and the proposed system remains
noteworthy as it provides a unified framework for detecting both point anomalies and gradual
declines in mobility.

5. Conclusions

This study addresses the growing need for smart home-based health monitoring solutions by
defining a scalable, economical, and non-intrusive approach for detecting mobility loss in older
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adults. The proposed method, which combines binary sensors with a lightweight forecasting model,
offers an efficient solution to overcome the limitations associated with periodic clinical assessments.

Future work should focus on refining the anomaly detection algorithms to enhance specificity,
possibly by integrating contextual data, adopting more sophisticated fuzzy inference mechanisms, or
exploring alternative forecasting models that leverage multivariate inputs. Additionally, real-world
deployment trials involving diverse older populations are necessary to validate the system's
effectiveness and user acceptability in everyday living environments. The potential integration of
complementary sensor modalities, such as wearables for occasional calibration or advanced deep
learning methods for improved forecasting accuracy, should also be considered.
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