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Abstract: Automatic passenger counting (APC) systems are an important asset for public
transport operators, allowing them to optimise networks by monitoring lines” utilisation.
However, the cost of these systems is high and the development of alternative devices,
cheaper than the most widely used optical systems, seems promising. This paper aims
at understanding the influence of local factors on the accuracy of a Wi-Fi APC system by
analysing error patterns in a real-world scenario. The APC system was installed on a bus
operating regularly within the public transport network and, in the meantime, ground
truth data were collected through manual counting. The collected data were then analysed
to calculate accuracy and, finally, multilevel modelling was used to identify error patterns
due to local factors. This study challenges traditional assumptions, revealing that factors
like high pedestrian traffic or intense vehicular movement around the bus have minimal
impact on accuracy, if effective received signal strength indicator filters are used. Instead,
the number of passengers within the bus affects Wi-Fi systems significantly, especially
when the bus is carrying more than 10 passengers, which leads to undercounting due
to signal obstruction. This research lays the foundation for strategic error correction to
improve accuracy in real-world scenarios.

Keywords: public transport; automatic passenger counting; APC; Wi-Fi-sensing-based;
RSSI; accuracy

1. Introduction

Mobility pattern analysis can provide a better understanding of flows of people in
both urban and rural areas, leading to more effective planning of public transport networks
and associated infrastructures [1]. Automatic passenger counting (APC) systems are a
valuable resource when analysing the use and the utility of public transport (PT) systems.
There are various technological solutions for automatically counting passengers on a PT
vehicle, ranging from traditional treadle mats to modern video camera-based systems [2].
Since these solutions are often expensive, in recent years, there has also been significant
interest in cheaper alternatives making use of information and communication technology
(ICT) [3].

Automatic passenger counting systems draw upon a wide variety of technologies
that can be used to count passengers. Older, more traditional APC systems used passive
infrared sensors [4,5], or sometimes platform sensors, to calculate the number of passengers
entering and leaving a bus. More recent systems have attempted to leverage ICT for more
cost-effective alternatives [2,6]. Literature points to a wide body of research using ICT,
especially since the advent of the Internet of Things (IoT) [2,7,8].
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The proliferation of smartphones and the widespread availability of Wi-Fi access
points (in and outside the home) have meant that more and more people now carry a
smartphone with continuous Wi-Fi connectivity. According to Cisco’s projections [9], the
number of Wi-Fi hotspots was set to rise steeply from 169 million in 2018 to a previously
unimaginable 628 million in 2023. Smartphone use continues its upward trend worldwide,
with a predicted 7.7 billion active smartphone subscriptions by 2027 [10]. As a consequence,
a previously unavailable way of counting passengers has been gaining prominence, namely
using Wi-Fi sensing as a proxy for vehicle load [2,11]. Because of the increasing ubiquity
of Wi-Fi-enabled devices, there is now a closer correlation than in the past between the
number of detected Wi-Fi devices and the number of actual passengers. The strength of this
correlation varies depending on the detection methodology and the tracked parameters,
with reported values ranging from 0.41 to 0.93 [12,13].

The growing interest in using Wi-Fi sensing for passenger counting is due not only
to the increased use of Wi-Fi but also to the potential cost-effectiveness of Wi-Fi sensing
systems. Oransirikul et al. [14] explored Wi-Fi sensing as a means of counting the number of
devices at a bus stop. Their counting algorithm relied on unique MAC addresses (12-digit
hexadecimal numbers assigned to each device connected to the network, thus being a
unique identifier of the device) and incorporated the time of arrival and departure to
determine the duration of stay. Other studies have used different approaches. Schauer
et al. [13] counted unique MAC addresses, used time information from unique devices,
applied a received signal strength indication (RSSI) threshold, and combined the time and
RSSI criteria. All this enabled them to achieve an average Pearson correlation coefficient of
0.75 between Wi-Fi-sensing-based counting and ground truth, showing the potential for
using Wi-Fi for passenger counting.

Further studies have led to the fine-tuning of the used techniques, helping to identify
the best thresholds for parameters, together with the best testing locations and mechanisms.
Mikkelsen et al. [15] adopted a time interval-based approach and an RSSI threshold-based
approach, similarly to Schauer et al. [13], with a focus on determining the optimal RSSI
threshold and time interval for counting. Their experiments in the Danish city of Aalborg
established that an RSSI threshold of —65 dB and a time interval threshold of 6 min
produced the most accurate results. A study by Reichl et al. [16] employed Wi-Fi probes
to count passengers and monitor their flow within a railway station in Melbourne. The
accuracy of passenger count data was validated using information from a survey and from
the ticketing system.

Unfortunately, for the purposes of device counting, considerations of user privacy
have led device manufacturers to start randomising devices” MAC addresses, which makes
counting them more difficult [17]. To address some of the challenges posed by MAC
address randomisation, Nitti et al. [18] developed a de-randomisation algorithm that could
potentially be of help in counting unique devices, but testing was limited to a moving
car. This algorithm considers tag parameters that remain constant for a family of devices
across multiple probe requests, along with the time of arrival and sequence number of a
probe request, to identify unique devices. However, recent developments, such as Apple’s
randomisation of sequence numbers [19], have posed new, additional challenges.

In a comprehensive study, Mccarthy et al. [2] compared various IoT-based automatic
passenger counting (APC) solutions, including a Wi-Fi-sensing-based APC system. Notably,
they disregarded MAC address randomisation based on their observations and claimed
that MAC address randomisation had a negligible impact on accuracy. Their methodology
incorporated thresholds for time intervals and travelled distances, in addition to RSSI-
based filtering. Ground truth data were collected through manual counting on two buses
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over a one-week period, which showed the accuracy of their technique to be 16% during
weekdays and 61% on weekends.

Wi-Fi-based passenger counting systems reported in the last few years [2,12,18,20]
have shown varying levels of accuracy. To the best of our knowledge, most of the validation
of such Wi-Fi-based counting systems has been performed either in controlled environments
or in real-world scenarios over short time periods [14,18]. This type of validation can give
general insights into the accuracy of a system but may fail to reveal possible patterns in the
counting error. Understanding the accuracy of Wi-Fi-based systems in a real environment
over a sustained period of time is essential for identifying any underlying patterns that
cause systematic errors or result in reduced accuracy. Knowledge of these patterns can help
to produce strategies for error correction that can improve the accuracy of a Wi-Fi-sensing-
based APC.

The state of the art of the development of Wi-Fi-based systems, independently of the
limitations mentioned above in relation to their validation, points to levels of accuracy
below what is deemed necessary. It is unsurprising that transport operators and transport
authorities seek levels of accuracy of at least 95%, when they see companies marketing more
expensive optical systems boasting accuracies between 98% and 99% [21-26]. However,
when we undertook in-field manual counting to explore the reliability of these claims, we
found much lower accuracies than those reported by the companies [27]. This prompted us
to carry out an in-depth comparison of performance and reliability as a way of determining
whether new developments based on Wi-Fi can constitute a credible alternative to optical-
based systems.

This paper analyses error patterns in APC systems using Wi-Fi sensing in a real-
world scenario. Wi-Fi-sensing-based APC data and ground truth data were collected
over a period long enough for patterns to be observed in the data and in the error with
respect to ground truth data caused by local factors. Our results provide insights into
how far it may be possible to increase the accuracy of Wi-Fi-based systems with a view to
offering transport companies a cheaper alternative to some of the well-established products
currently being sold.

This paper is organised as follows: The Section 2 presents the methodology used to
collect, evaluate, and analyse the data using statistical methods. The Section 3 presents
the results of the manual count, the collected datasets, and our statistical analysis that was
performed to reveal potential error patterns. The Sections 4 and 5 discuss the potential for
improving the accuracy of Wi-Fi systems, relates our findings to the existing literature, and
presents our conclusions.

2. Materials and Methods

This research was conducted in the metropolitan area of Asti (Figure 1), located in
the Piedmont Region, in the northwest of Italy, 40 Km from Turin (capital of region), in
collaboration with the local public transport company Asti Servizi Pubblici (ASP) (Asti,
Italy). The goal was to understand error patterns that affect the accuracy of a Wi-Fi APC
system. To this end, a Wi-Fi APC system was tested in one bus with help from the start-
up Mobyforall (MFA), which has developed a system that listens to Wi-Fi probe request
packets transmitted by smartphones. The system ensures complete anonymity by hashing
MAC addresses on the IoT device using SHA-256, transmitting them securely via MQTT
over TLS, and further securing them on the server with PBKDF2-HMAC-SHA256 using
dynamic daily salting and high iteration counts, following OWASP recommendations.
This design ensures that the system cannot track users, let alone a random third party,
reflecting a strong ethical commitment to privacy and security by design. Furthermore, this
hashing operation is no longer strictly necessary due to recent MAC address randomisation
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by device manufacturers, which has made user tracking extremely difficult but has also
reduced sensing and counting accuracy—a challenge the proposed method seeks to address.

SYIZZERA

VALLE
D*AOSTA

FRANCIA

EMILIA
ROMAGHNA

LIGURIA

Figure 1. Localisation of the province of Asti (left), in the Piedmont Region (top right).

The company agreed to make the collected data available to the authors for the
purposes of this study. Within this framework, our research involved investigating the APC
system to determine possible ways of improving the performance of Wi-Fi-based methods.
The three-step methodology comprised (1) an experimental protocol for data collection;
(2) accuracy calculation; (3) statistical analysis using multilevel modelling to identify error
patterns due to local factors.

2.1. Experimental Protocol for Data Collection

The public transport company of Asti, ASP, permitted us to carry out tests using a Wi-
Fi-based system developed by MFA. An APC system including two sensors was installed
on one of the buses operating regularly within Asti’s public transport network on different
lines, with one sensor at the front of the bus and the other at the rear. The bus is 12 metres
long and has three doors—one at the front, a central door halfway along its length, and
one at the back. The experimental protocol involved six manual human counters working
in rotation (recruited by MFA), with at least two counters being present in the bus during
the counting exercise. The passengers boarding and alighting, together with the vehicle
load between stops, were manually counted over 19 days (between 18 October 2021 and 12
November 2021) during which no malfunctioning of the doors ever occurred. They used a
form to record the data, which was then digitised at the end of the day. The data were then
checked and cleaned to address any manual errors or device malfunctions arising from
issues aboard the bus. Table 1 shows the data sources and the variables collected as part of
the counting.

The variable apc_count represents the number of passengers on the bus, as estimated
by the APC system, between two successive stops. It corresponds to the mean of vehicle
load assessed at various time instances using MFA's proprietary algorithm. MFA employs
a variety of data processing algorithms to estimate passenger count from Wi-Fi data.
However, for this study, apc_count is the passenger count obtained from the company’s
simplest data processing algorithm. The rationale behind this choice was to analyse
underlying error patterns that might be found in data from Wi-Fi-based APC systems,
particularly focusing on aspects relating to the data collection setup and to factors affecting
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accuracy during the data collection stage rather than during the subsequent data processing
stage. The specifics of the algorithm used by MFA for estimating passenger count from
Wi-Fi data used cannot be disclosed, although we are able to state that RSSI (received signal
strength indication) filters were used to eliminate potential signals from outside the bus.

Table 1. Description of passenger count (APC and manual count) fields received from MFA.

Data Source Field Name Field Description
MFA’s APC system timestamp_dt Date and time of data collection as reported by the APC system
MFA's APC system vehicle_or_asset_ID ID of the vehicle—unique O’cfl :icekﬁi\:lzgi.cle (our data features only
Vehicle load (i.e., number of passengers) on the bus at the time

MEASAPCn | apccouns clettedby MEKS APCoyser, Average of ulipleeport

mean_apc_count.

MFA’s APC system coordinates Location of the vehicle with longitude and latitude.
Manual count exercise timestamp_dt_mc Date and time of data collection as reported by manual counters.
Manual count exercise Linea Line on which the bus was running.

Trip ID on that day for that bus and that crew. Used in
Manual count exercise Corsa combination with Linea and date information to uniquely
identify a trip.
Manual count exercise ID_Fermata Unique bus stop ID cod:;}’;f;; ifst stop at which the bus
Manual count exercise stop_name Extended name of the bus stop—the last stop at which the bus

stopped.

Manual count exercise

Sequence number of a stop for the specific Linea (line) and Corsa
(ride).

Numero fermata

Manual count exercise

Did the bus stop at this specific stop? 1 = Yes; 0 = No (as

Fermata effettuata reported by manual counters).

Manual count exercise

Totale_pass_porte_richiuse

Vehicle load as reported by manual counters—considered as
ground truth.

Manual count exercise

Number of passengers who boarded bus at the previous stop (as

Boarding_manual
per manual counters).

Manual count exercise

Number of passengers who alighted from the bus at the

Alighting_manual previous stop (as per manual counters).

The Identification of Local Factors

We looked at local factors that might potentially influence the accuracy of the APC
system. These factors include traffic conditions around the bus and the specific location
of the bus stop within the city, distinguishing between urban and suburban areas. To
investigate these potential associations, a supplementary dataset was created, covering all
the stops in the city of Asti serviced by the bus lines equipped with MFA’s APC system—
a total of 261 stops. These stops were classified based on their relative location and
traffic intensity.

The supplementary dataset was generated by combining a quantitative and a qual-
itative analysis of each stop’s characteristics and location. Regarding the categorisation
of stops according to their relative location, a qualitative approach was employed. This
involved dividing the stops into four categories, informed by the considerations mentioned
above and by relevant literature [28,29]:

e  Centre (1): the centre is characterised by high commercial and moderate residential
building density, accompanied by very high pedestrian traffic.
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e Urban (2): urban areas have moderate commercial and high residential building
density, with moderate pedestrian traffic.

e  Suburban (3): suburban areas feature low commercial and moderate residential build-
ing density, along with moderate pedestrian traffic.

e  Extra-urban (4): extra-urban areas have low commercial and residential building
density, with low pedestrian traffic.

A mixed approach was employed to assess traffic intensity. Initially, typical traffic
speeds near the stops were identified for each day of the week and across different time
windows. This was achieved by consulting data available on Google Maps [30] regarding
typical traffic levels around the stop at different times of the day. We divided the day into
eight time windows, determined through discussions with ASP as well as an analysis of
local data such as school hours, opening hours for shops, and office hours. The eight time
windows or time-sections (TSs) are as follows:

TS1—00:00 AM to 06:59 AM,;
TS2—07:00 AM to 08:59 AM,;
TS3—09:00 AM to 10:59 AM,;
TS4—11:00 AM to 12:59 AM,;
TS5—01:00 PM to 02:59 PM;
TS6—03:00 PM to 04:59 PM;
TS7—05:00 PM to 06:59 PM;
TS8—07:00 PM to 11:59 PM.

After traffic flow information was obtained from Google Maps for each of these time
windows, manual validation and adjustment of the values were performed based on
local knowledge to finalise the traffic intensity values for each stop during the specified
time periods.

2.2. Accuracy Calculation

The accuracy of the system was calculated using SMAPE—symmetric mean absolute
percentage error [31,32]. SMAPE was chosen for two reasons:

e Itisan error expressed as a percentage.
e Ithasa clear upper and lower bound, and with the specific version of SMAPE used,
the bounds are 100% and 0%, respectively.

SMAPE can be represented as in the following equation (Equation (1)):

100 n  [Fe— Al
SMAPE = — —_— 1
n =1 A +|Fy @

where:

e  Atis the actual value—in this case, manual count values at each stop;
e  Ftis the forecast value or estimate—in this case, the estimate by the APC system.

Accuracy is obtained using the following relation (Equation (2)):
Percentage accuracy = 100% — SMAPE )

where:
e  SMAPE is the error calculated from Equation (1).

The accuracy of the estimated vehicle load was calculated after each stop. Initially,
the estimated vehicle load was compared directly with the manual count, but, for further
analysis, a variable, occupants_count, indicating the actual number of passengers in the bus
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at each stop, was obtained by adding 3 (corresponding to the driver and the two persons
counting manually) to the number of manually counted passengers.

O. = TPPR + 3 3)

where:

e O is the vehicle load that can be compared with the APC estimated count;
e TPPRis the Totale_pass_porte_richiuse (number of passengers inside the bus when
the doors close) as reported by the manual counters.

The variable of interest, delta (d), was then calculated as the difference between the
average number of passengers counted by the APC system between two stops (apc_count)
and the number of people actually in the bus after each stop (occupants_count), as shown
in Equation (4):

0 = apc_count-O_c 4)

where:

e  Delta (9) is the difference between apc_count and the occupancy count;
e apc_count is the average of the apc_count values between stops;
o O is the vehicle load (Equation (3))

This variable d was used for the numerator component of the SMAPE formula reported
in Equation (1) to calculate the accuracy of the APC system as shown in Equation (2).

2.3. Multilevel Modelling

After accuracy verification, descriptive statistics were used for an initial investigation
of the data. As a first step, to understand the general trend of the crowding level in the
bus, passenger counts were segmented into discrete intervals (0-3, 4-5, 6-10, etc.) and
the frequency of occurrences within each interval was converted into a percentage and
plotted. Subsequently, the frequency of occurrence of stops in different relative locations
was plotted as percentages. Similarly, the distribution of traffic intensity classifications
for the recorded time and stop locations was also represented as percentages. In addition
to the accuracy calculated using SMAPE, the frequencies of different d values were also
plotted to give a better understanding of the range of errors.

Multilevel analysis models [33,34]—which are very useful in identifying recurring
patterns—were used to investigate a possible association between the observed differences
(9) in the count and the number of people actually on board the bus. An estimate of
the average delta (9) between apc_count and Oc with a confidence interval of 95% was
calculated. The supplementary dataset was used to check for correlations between delta
values and the location of stops or traffic flow intensity, to determine whether these local
factors have an impact on the accuracy of the APC system. After this initial analysis, an
analysis of sub-groups was done to identify any patterns in the data. In order to investigate
whether the presence of possible patterns in the data could have influenced the results
of the initial statistical analysis, the 210 vehicle trips analysed were separated into four
sub-groups as follows.

e Negligible differences (Pattern 1): vehicle trips with all d values between —5 and +5;

e  Significant differences (Pattern 2): vehicle trips not belonging to the Pattern 1 sub-
group and where all d values are between —10 and +10;

e  Significant and predominantly positive differences (Pattern 3): vehicle trips with a
minimum d value greater than —10 and a maximum d value greater than +10;

e  Significant and predominantly negative differences (Pattern 4): vehicle trips with a
minimum d value less than —10 and a maximum 0 value less than +10.
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The use of a fifth sub-group where the minimum delta value is <—10 and the maximum
delta value is >+10 was also explored, but there were no trips belong to this sub-group in
the dataset. A statistical analysis identical to the initial analysis was performed on each
pattern, to ascertain potential differences and thus possible influences on the results of the
initial analysis.

Data from vehicle trips with large differences in counts, whether positive or negative,
were investigated visually, using graphs, to check whether these differences may have been
due to device malfunctioning or manual counting or data entry errors. After excluding the
runs identified as being outliers from the data, the statistical analyses were repeated to see
if the presence of those runs could have influenced the results of the statistical analyses.

3. Results

The results are first presented with some information about the experimental protocol
process, and then the accuracy of the system is reported, before we move on to the statistical
analysis to look for error patterns.

3.1. Data Collected Through the Experimental Protocol

After cleaning and removing data errors and other issues relating to occasional device
malfunctions, there were a total of 210 journeys with data for 4926 stops. During this
period, the bus operated on five different lines within the urban network (linesn° 1, 2, 3,
4, 7) (Figure 2). On the left side, all the public transport network is depicted in orange,
showing in green only the analysed five lines. These lines are then presented in detail in
the right part of the figure with different colours for a better visualisation.

Asti Municipality
—  PTnetwork
— PTlines analysed

 Asti RSN

Asti

Figure 2. Map of the analysed public transport lines in Asti.

A supplementary dataset with bus stop categorisation in terms of relative location and
traffic flow speed during different time periods of the day was prepared for a total of 261
stops. The stop categories range from 1 to 4, where 1 denotes the historic and commercial
centre of the city, and 4 denotes extra-urban locations. Regarding traffic flow, 1 corresponds
to slow-moving traffic, 2 to medium traffic, and 3 to fast-moving traffic. A sample extract
from the dataset can be seen in Table 2.
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Table 2. Extract of bus stop categorisation data from supplementary dataset.
Stop id Stop Name Stop Cat Traffic ts1 Traffic ts2 Traffic ts3 Traffic ts4 Traffic ts5 Traffic ts6 Traffic ts7 Traffic ts8

P P P (0-6) (7-8) (9-10) (11-12) (13-14) (15-16) (17-18) (19-23)

1 San Marzanotto Piana-278 4 3 3 3 3 3 3 3 3

2 San Marzanotto-276 4 3 3 3 3 3 3 3 3

3 San Marzanotto-Strada 4 3 3 3 3 3 3 3 3
Boccanera

4 Strada PrO\{mc.lale—Rocca 4 3 5 3 3 3 3 5 3
Schiavina

5 Corso Savona-Boana 4 3 2 3 3 3 3 2 3

6 Corso Savona 461-Muraneira 4 3 2 3 3 3 3 2 3

7 Corso Savona-Ponte Tanaro 4 3 2 3 3 3 3 2 3

8 Corso Savona-Via Pio 3 3 2 3 2 2 2 2 3

9 Corso Savona-Via Cirio 3 3 2 3 2 2 2 2 3

10 Corso Savona-80 2 3 3 3 2 2 2 2 2
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3.2. APC Accuracy

Based on the data provided by MFA for the entire period of 19 days, the accuracy of
vehicle load estimation by the Wi-Fi-based APC system was measured at 65.87% using the
formula described in Equation (2). The accuracy of the system for each weekday and the
overall accuracy is shown in Table 3. The different number of records depends on the use
of the equipped bus on the different lines along the week, according to the exploitation of
the service.

Table 3. Accuracy of Wi-Fi-based APC system with simple data processing algorithm.

Accuracy % No. of Records
Monday 64.55% 1023
Tuesday 65.65% 1044
Wednesday 65.50% 1164
Thursday 69.45% 1077
Friday 62.90% 618
Overall 65.87% 4926

3.3. Statistical Analysis and Multilevel Modelling

First, the results of the descriptive analysis of the manual count are presented. Bus
occupancies (O.) are plotted as percentages (Figure 3), showing that vehicle load is between
4 and 15 for about 80% of the records in the database, with the most common range being
6-10.

50%

40%

Percentage
W
=}
R

2,019

20% 40.99%

1,053

10% 848 21'38%
17.21%
o 5o
0% 4.53% 3.69% 2.92%

3 4-5 6-10 1115 16-20 21-25 >25
Bus occupants

Figure 3. Frequency of occurrence of bus occupancies (manual count).

As regards the comparison of manual count with the Wi-Fi-based APC data, the
two datasets were merged based on time, and then delta (d) was calculated as shown in
Equation (4). The frequencies of occurrence of the delta values are plotted as percentages in
Figure 4. Negative values correspond to undercounting by the APC system, and positive
values correspond to overcounting.
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50%
40%
Q
.
2 30%
o
o
B
(]
o 20%
10%
0% - : ——

<20 -20to-11 -10to-6 -5to-1 0 1t05 6to10 111020  >20
Difference between mean APC count and bus occupant count

Figure 4. Distribution of divergence between APC count and actual bus occupancy.

From the graph, it can be seen that 68.06% of the counts estimated by the Wi-Fi-based
APC system fall within the range of negligible error (-5 to +5). It can also be noted that
there are more d values that are negative, 65.76% of the records having delta < 0, and 24.33%
with delta < —5. This implies that the APC system tends to undercount the actual number
of passengers more often than it overcounts.

In terms of the distribution of locations of stops of the five lines, the most common
category of stops traversed was ‘urban’ (40.15%), as shown in Figure 5. However, it can
also be seen that the overall distribution of stops across the different categories is relatively
balanced, with the least common location category, ‘extra-urban’, accounting for 14.27%.

50%

w IS
S S
B B3

Percentage

N
=]
3

10%

0%

Central Urban Suburban Extra-urban
Stop type

Figure 5. Distribution of stop types.

Similarly, the distribution of the intensity of traffic or speed of movement of traffic
around the bus when the data were recorded can be seen in Figure 6.

In most cases (and across different locations), traffic is categorised as ‘fast-moving’.
Only a marginal 2.38% of the recorded instances indicate conditions of ‘slow-moving’
traffic around the bus. This may be because Asti is not a major city, and it is possible
that traffic intensity patterns would be different if the data were collected in a major
urban conurbation.
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60%

Percentage
5
o
S

20%

Slow moving/High Traffic Medium traffic Fast Moving/Low Traffic
Traffic Intensity

Figure 6. Distribution of traffic intensity as percentage.

However, we note that the data contain enough records in each category to allow a
comprehensive analysis to determine the potential impact of these factors on the accuracy
of Wi-Fi-based APC systems.

This study’s multilevel statistical analysis provides important insights into factors
affecting the delta value. There was no discernible connection between the delta value and
the type of stop or traffic intensity, implying that these variables do not significantly impact
the accuracy of Wi-Fi-based APC systems.

Interestingly, the analysis shows the number of passengers to be the sole analysed
variable significantly linked to the delta value. This unexpected finding suggests that
vehicle occupancy might exert a more substantial impact on the accuracy of the Wi-Fi-based
APC system than previously assumed.

As shown in Table 4, when the vehicle contains only the driver and the two manual
counters, the Wi-Fi-based APC system (with the chosen filters) reported on average 1.25
more people than the actual number of people in the bus, with a 95% confidence of counting
between 0.54 and 1.95 more people if this study is repeated.

Table 4. Estimate of the average delta between the count performed by APCs (95% CI) and the bus
occupants.

Number of People in the Bus Estimated Averages of Delta (95% CI)
3 1.25 (0.54; 1.95)

4-5 0.40 (—0.08; 0.89)

6-10 —1.17 (—1.61; —0.73)

11-15 —3.38 (—3.87; —2.90)

16-20 —6.10 (—6.67; —5.52)

21-25 —9.32 (—10.07; —8.57)

>25 —14.83 (—15.82; —13.84)

When there are 4-5 people in the vehicle, there was no significant divergence between
the APC count and the actual number of people. This conclusion is drawn from the fact
that the confidence interval includes zero, meaning that there is a 95% probability that,
when 4 or 5 people are present in the vehicle, the difference between the APC count and
the actual count will be zero if the study is repeated. The divergence tended to increase
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as the number of people increased. For example, where there were between 6 and 10, the
APC counted, on average, 1.17 fewer people (95% CI: —1.61; —0.73), and where there were
more than 25, the APC counted, on average, 14.83 fewer people (95% CI: —15.82; —13.84).

Figure 7 shows the average delta across the entire dataset, by successive stop numbers
in a trip (horizontal axis) and by bus occupancy (the coloured lines represent vehicle trips
with different occupancy levels). The delta between the various stops is minimal when
the vehicle is carrying from 3 to 10 passengers (blue, green, and brown lines), while the
divergence increases with the number of passengers.
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Figure 7. Estimate of the average delta, by consecutive number of stops and number of people in
means of transport.

The data were divided into four sub-groups or patterns, each representing a different
pattern as described in the Methodology section above. Figure 8 shows the percentage of
trips in the different sub-groups.

100

Number of vehicle trips

Negligible differenc Significant differences Positively skewed Negatively skewed
(between-5and5 (between-10and 10) (deltaMinz-10, (deltaMin<-10,
deltaMax>10) deltaMax = 10)

Pattern

Figure 8. Distribution of the vehicle trips based on patterns derived from delta values.



Information 2025, 16, 459

14 of 21

The highest percentages of trips are those with significant (40.2%) or significant and
mainly negative (35.9%) delta values; in 14.8% of the vehicle trips, the delta values are neg-
ligible, and only in 9% of trips are they significant and mainly positive. This means that in
76.1% of the vehicle trips the APC device overcounted by 10 or fewer while undercounting
by more than 10, indicating a clear bias towards undercounting.

The statistical analysis performed on the four sub-groups confirms the results found
with the initial analysis of the data. In particular, the results for Patterns 1, 2, and 4
confirm that with 3 people, the APC device tended to count accurately; with 4-5 people,
it overcounted by approximately 1; with 6-10 people, it undercounted by approximately
1; and with more than 10 people, undercounting continued to increase with the number
of passengers.

Regarding Pattern 3, which corresponds to the 9% of journeys in which the APC
tended to count more people than the actual number, the divergence tended to decrease
as the number of passengers increased, and where there were more than 20, the APC also
counted, on average, fewer people than the actual number (Table 5).

Outliers in Data

Some vehicle trips had very large discrepancies, whether positive or negative. A
visual investigation was therefore performed to identify outliers and to determine whether
eliminating them would affect the observed patterns.

An example of a negative difference is shown in Figure 9, relating to Line 22, vehicle
trip 2.

50 —— VL_mean_apc_btw_stops
——— VL_manual_count

40 A

30

Mean

20

10

123 456 7 8 9 10 111213141516
StopNum

Figure 9. Example of large differences, which could be due to malfunctioning of the device (Line 22,
vehicle trip 2).
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Table 5. Estimation of the average difference between the count performed by the APC system (95% CI) and the number of people in buses, for each pattern.

Pattern 3: Pattern 4:
Significant and Predominantly  Significant and Predominantly
Positive Differences Negative Differences

Pattern 1: Pattern 2:
Negligible Differences Significant Differences

Number of People in the Bus Estimated Averages (95% CI)

—0.27 (—1.57; 1.04)

3 0.83 (0.03; 1.62) 1.34 (0.583; 2.10) 6.89 (3.16; 10.62)

4-5 —0.11 (—0.54; 0.32) 0.15 (—0.36; 0.65) 6.05 (3.32; 8.78) —0.45 (—1.26; 0.37)
6-10 —1.36 (—1.77; —0.95) —1.49 (—1.93; —1.05) 5.20 (2.66; 7.73) —2.35 (—3.03; —1.67)
11-15 —2.82 (—3.64; —2.01) —3.68 (—4.20; —3.18) 4.11 (1.40; 6.83) —5.02 (—5.72; —4.31)
16-20 —6.05 (—8.60; —3.50) —5.99 (—6.72; —5.25) 1.68 (—1.67; —5.02) —7.77 (—8.54; —7.00)
21-25 —7.82 (—9.34; —6.30) —1.70 (—5.57; 2.20) —11.18 (—12.11; 10.24)

>25 —6.79 (—10.02; —3.57) * —6.17 (—10.48; —1.85) * —17.07 (—18.27; —15.87)

* Inaccurate estimates due to too few cases with more than 25 people.
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For Line 22, during vehicle trips 1 through 4, while the manual count reported a
number of passengers that changed from stop to stop, the APC system appears to have
always counted 1 passenger, except a couple of times during trips 2 and 3, where it counted
2 passengers. These data may be indicative of a malfunction in the APC system for those
vehicle trips.

An example of a positive difference is shown in Figure 10, relating to Line 7, vehicle
trip 13.
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Figure 10. Example of extreme differences, which could be due to data entry error (Line 7, vehicle
trip 13).

Manual counting starts with zero passengers, while the APC count starts with
25 passengers, and manual counting increases to 20 passengers at the next stop. There may
have been a data entry error during manual counting, resulting in the discrepancy at the
first stop.

After excluding vehicle trips with large differences (possibly due to device malfunction
or to manual counting or data entry errors) the statistical analyses were repeated in order
to check for a possible influence on the results of the statistical analyses. Table 6 shows the
results of the analyses.

Table 6. Estimation of the average delta between the count performed by the APC system (95% CI)
and bus occupancy O, after excluding trips with large differences.

Number of People in the Bus Estimated Averages (95% CI)
3 0.78 (0.14; 1.41)
4-5 0.03 (—0.38; 0.44)
6-10 —1.58 (—1.94; —1.21)
11-15 —3.84 (—4.25; —3.43)
16-20 —6.43 (—6.92; —5.92)
21-25 —9.56 (—10.24; —8.88)

>25 —14.36 (—15.29; —13.44)




Information 2025, 16, 459

17 of 21

It can be seen that after excluding vehicle trips with large differences the results of the
statistical analyses remain almost unchanged.

4. Discussion

Wi-Fi-sensing-based automatic passenger counting systems have gained significant in-
terest in the past few years, given their potential for providing reasonable accuracy at a low
cost. But the accuracy demonstrated so far by different studies has been low or inconsistent.
Wi-Fi-based passenger counting systems rarely enjoy the benefit of extensive testing in
real-world scenarios where local factors may impair passenger counting accuracy. Earlier
research on automatic people counting assessed systems on the basis of restricted numbers
of individuals, often no more than 10 [20,35], or as few as 5 within indoor settings [36].
Moreover, most studies have focused on improving the accuracy of the APC system by
addressing problems that are internal to the system, while very little focus is given to local
factors and error patterns.

This study analyses potential error patterns contributing to low accuracy in Wi-Fi-
sensing-based APC systems, with a primary emphasis on local factors, as distinct from
Wi-Fi-system-specific challenges such as MAC address randomisation or probe request
frequency. The aim is to gain a deeper comprehension of the factors impacting accuracy
during the data collection stage. It provides insights into the nature of these factors
and their respective degrees of influence on accuracy, and it aids in the identification of
strategies to mitigate their effects during the design and testing of data collection systems
for Wi-Fi-based passenger counting.

The methodology included a field trial for a period of 19 days in the city of Asti (Italy)
on board a bus in normal scheduled use with passengers. In contrast to previous studies,
such as Oransirikul et al. [14], who collected data for 70 min, of which 60 min were spent
counting people at the bus stop, the current study significantly extends the duration of
ground truth data collection to provide a more comprehensive validation.

From this study, local factors such as the type of stop, distinguished by its location
(centre, urban, suburban, or extra-urban), and the traffic intensity surrounding the bus were
found to have no substantial impact on the accuracy of Wi-Fi-based APC systems. This
unexpected finding challenges the assumption that high pedestrian traffic or intense vehicle
movement around the bus might cause discrepancies in passenger counting, especially for
Wi-Fi-based systems. It is important to note that RSSI filters were used to eliminate signals
potentially from outside the bus, so the claim only holds true when effective RSSI filters
are used. Concerns are often voiced that systems might mistakenly count individuals or
devices outside the bus as being inside, even in cases where RSSI filters are used [15]. These
concerns arise because of the many factors that can affect the RSSI returned by a Wi-Fi
device, including the antenna design, hardware design, drivers and the environment [37].
However, the findings of the present study may be seen to refute these concerns. We found
that these local factors do not significantly affect the precision of Wi-Fi-based APC systems,
as long as effective RSSI filters are used.

At the same time, our study identified a crucial factor affecting accuracy, which was
the number of occupants within the bus. Our statistical evidence points to a clear pattern of
error when it comes to bus occupancy. While errors are minimal where the vehicle contains
between 3 and 10 people, in situations where there are over 10 people, an APC device
can have a tendency to count fewer passengers than are actually present, with increasing
divergence as bus occupancy increases. We assume (as other researchers have assumed in
previous studies) that this increase in error is caused by passengers huddling together and
causing the Wi-Fi signals to be blocked by their bodies [2]. This pattern was checked and
confirmed by re-performing the tests with the data categorised into four sub-groups. Even



Information 2025, 16, 459

18 of 21

in the minority of cases where the APC system tended to count more people than the actual
number (Pattern 3), counting differences decreased as the number of passengers increased.

One way of addressing this undercounting is to introduce more sensors or device
detectors close to the areas in buses where crowding occurs. In the case of urban buses
in Asti, the most crowded area is usually close to the central door, where there is more
standing space, although the areas where passengers are likely to congregate will depend
on the model of the bus and on other local factors, such as whether boarding and alighting
are directed through specific doors, and the extent to which rules and guidelines are
actually observed. Analysing these aspects and increasing the number of Wi-Fi sensors
close to crowded areas depending on the bus model and the geographical location could
help improve accuracy, irrespective of the data processing algorithm used. The proposed
solutions are applicable also to other case studies as they are not case-specific.

5. Conclusions and Way Forward

This research has allowed us to find a path for improving the accuracy of Wi-Fi sensing
for passenger counting; however, our analysis is not without its limitations. One of its
shortcomings lies in the qualitative nature of estimating pedestrian traffic around the bus
by classifying the relative location of stops. Qualitative assessments based on observations
made by those doing the counting, while providing some insights, lack the precision of
quantitative data, potentially introducing subjective biases into the analysis. The method
that we employed to gauge vehicular traffic relies heavily on traffic flow speed and fails to
take into account information about the proximity to the bus of other vehicles. This lack of
granularity in the categorisation of traffic conditions is problematic, since the proximity of
other vehicles could potentially influence Wi-Fi signal strength and consequently passenger
counting accuracy. However, our findings concerning the effectiveness of RSSI filters may
also indicate that this limitation is less problematic than might be feared. Further research is
being carried out using the collected data to look for other error patterns and to determine
ways of correcting such errors with a view to increasing the accuracy of Wi-Fi-sensing-based
APCs. At the telecommunication level, different sensors using different non-overlapping
channels for listening to Wi-Fi probe requests could be deployed to increase the chances of
picking up more probe request packets. Another research direction concerns Wi-Fi probe
request-based device fingerprinting, which can be used to identify single devices without
compromising the privacy of passengers. This may be useful in tracking devices present on
board the bus and potentially improving accuracy.

To further investigate the influence of local factors on these systems and address some
of this study’s limitations, potential improvements to the ground truth data collection
method could be considered. This could include incorporating manual counting, between
stops, of vehicles and pedestrians in proximity to the bus, which would be a more direct
means of measuring pedestrian and vehicular traffic. An alternative approach would
involve leveraging datasets containing points of interest (POIs) and their classifications
to estimate traffic around the bus. This is an avenue that the authors are currently in the
process of exploring. Another possibility is to factor in street width along with other data,
as a way of estimating pedestrian and vehicular traffic around the bus, since narrower
streets may result in vehicles and pedestrians coming closer to the bus than they would in
wider streets. These analyses could then lead the way to a more accurate data collection
setup for Wi-Fi-based passenger counting systems, allowing transport operators to obtain
several benefits: determining and providing accurate load data to transport authorities,
key for obtaining subsidies and rewards; better planning and scheduling of the service
as well as forecasting of demand; providing an efficient and quality service, knowing the
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crowding of their lines, and, thus, improving performance (e.g., pax*km), line utilisation,
and maximisation of the effectiveness of each line with consequent cost reduction.
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