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Maurice Audin, Vaulx-en-Velin, 69120, France

bExplain, 36 bd des Canuts, Lyon, 69004, France
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Abstract

To continuously monitor mobility flows aboard public transportation, low-
cost data collection methods based on the passive detection of Wi-Fi signals
are promising technological solutions, but they yield uncertain results. We
assess the accuracy of these results in light of a three-month experimentation
conducted aboard buses equipped with Wi-Fi sensors in a sizable French
conurbation. We put forward a method to quantify the error between the
stop-to-stop origin-destination (O-D) matrix produced by Wi-Fi data and
the ground truth, when the (estimated and real) volumes per boarding and
alighting are known. To do so, the error in the estimated matrix is modeled
by random noise. Neither additive, nor multiplicative noise replicate the
experimental results. Noise models that concentrate on the short O-D trips
and/or the central stops better reflect the structure of the error. But only
by introducing distinct uncertainties between the boarding stop and the
alighting stop can we recover the asymmetry between the alighting and
boarding errors, as well as the correct ratios between these aggregate errors
and the O-D error. Thus, our findings give insight into the main sources of
error in the Wi-Fi based reconstruction of O-D matrices. They also provide
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analysts with an automatic and reproducible way to control the quality
of O-D matrices produced by Wi-Fi data, using (readily available) count
data.
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1. Introduction

The past decades have been marked by several transformations such as ur-
ban sprawling, demographic growth and emergence of new transport modes
(self-service bicycles, car sharing...) that have had a well known impact on
mobility behaviors [1, 2]. More specific events such as COVID-19 and the
restrictive measures implemented by the government also disrupted public
transit ridership. Along with these changes, demand for travel has turned
less and less regular and professionals face greater uncertainty when it comes
to modeling them.

In order to embrace uncertainty and propose solutions adapted to the needs
of public transport users, analysts need to capture temporal and spatial
variability of individual mobility behaviors [3] and produce quality Origin-
Destination (O-D) matrices [4]. O-D surveys provide a detailed characteri-
zation of individual mobility behavior on a defined perimeter, but are only
conducted every so often and on a limited sample of the population.

In recent years, the information technology (IT) sector has been growing at
a rapid pace and now offers various opportunities for mobility data collec-
tion. With the spread of portable electronic devices (smartphones, laptops,
smartwatches. . . ) and the growing acceptance of innovations by users [5],
a new horizon for crowdsourced data collection has emerged. This kind of
data are now commonly used in transport planning and intelligent trans-
port systems [6]. This includes GPS data, movement sensors, telephony
data, Bluetooth and Wi-Fi data. Wi-Fi data deserve special attention, as
this technology enables a larger sample of trips to be recorded at a very
low cost [7]. This totally passive [8] data collection method performs rather
well, especially in its ability to provide information about entire trips (not
only the number of boarding and alighting passengers at a stop) in a variety
of modes, and can be used to build stop-to-stop O-D matrices on a regular
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basis.

In a previous work, the comparison of O-D matrices built from Wi-Fi data
collected in buses with those from on-board surveys has shown promising
results [9]. Nevertheless, challenges are still ahead of us. While the error
rate between the two matrices is relatively low overall, this result may hide
a more complex reality (for example, many errors between some O-D pairs
and fewer on others). Then, the evolution of several factors (acceptance of
the technology, characteristics of the connected objects, regulations...) are
likely to alter the availability of passive data. In order to make greater use of
Wi-Fi data in the future and get access to accurate passenger flows, analysts
need a method to evaluate their quality on a regular basis.

To address this challenge, the paper proposes to quantify the error observed
in stop-to-stop O-D matrices reconstructed from Wi-Fi data collected on
a bus network. O-D surveys are implemented every ten years on average,
which is not frequent enough to be used as a benchmark. In contrast, opti-
cal counts are reliable, inexpensive, and continuously available, as operators
equip vehicles with counting cells, but only record the number of passengers
boarding and alighting at a given stop. This paper aims to better appraise
the quality of Wi-Fi-based O-D matrix estimation by investigating the rela-
tion between the error on the aggregate boarding or alighting volumes per
stop (using optical counts as the baseline) and the error on the detailed O-D
trip shares (using onboard surveys as the baseline).

The originality of the method lies in the fact that we do not only compute
the error, but we model its structure by leveraging ideas from stochastic pro-
cesses; we are thus able to infer the main origin of the error and gain insight
into the accuracy of the Wi-Fi sensors. Our approach consists in modeling
the error on the O-D matrix as a random matrix whose properties are to
be ascertained and in focusing on the ratio between the error on boarding
(or alighting) passengers shares per stop and the error on passengers shares
per O-D trip. The structure of the noise matrix controls the expected ra-
tio between these two indicators. This leads to an automatic, reliable and
easily transferable method to estimate the error on O-D pairs when the
error on volumes per boarding and alighting stops is available. The logical
architecture of the proposed methodology is synthesized in Figure 1.

This paper briefly reviews the state of the art on emerging data sources for
transportation and the assessment of their relevance (section 2). Section 3
details the model used to identify the link between the error on O-D pairs
generated from Wi-Fi data and the errors on boarding and alighting shares
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Figure 1: Workflow of the computation of boarding and alighting shares and of the con-
struction of stop-and-stop O-D matrices based on different sources of data. The main
contribution of the paper is the additional dark-red arrows that quantify the error on
(continuously available) Wi-Fi based O-D matrices in light of continuously available data.

using noise matrices. The Wi-Fi data and the methodology used to collect
them and create O-D pairs are presented in section 4. Then, the paper
presents how the error on O-D pairs behave with respect to the error on
boarding or alighting passengers shares (section 5). Finally, we discuss the
results and get insights for an enhanced use of Wi-Fi data in understanding
mobility behavior (section 6).

2. Related work

In recent years, the development of passive data collection and processing
methods has attracted growing interest from both the scientific community
and transport professionals [10, 11, 12, 13, 6]. Whether it’s GPS data,
movement sensors, smart-card data, telephony and mobile applications’ data
or several kinds of sensors, like optical, infra-red, Wi-Fi and Bluetooth, each
emerging data source has its own characteristics (Table 1). Note that several
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of these methods target only a specific group of travelers (e.g., those who
own a smartphone and use its Wi-Fi, or those who have a smart card, to the
exclusion of fare evaders), which could introduce bias in some circumstances,
unless the group is representative of the whole population.

Table 1: Advantages and drawbacks of different data sources.

Surveys GPS
Movement sen-
sors

Smart-card Telephony
Sensors (op-
tical, infra-
red)

Wi-Fi/
Bluetooth

Passive ✗ ✗ ✗ ✓ ✓ ✓ ✓
Multi-modal ✓ ✓ ✓ ✗ ✓ ✓ ✓
Continuous ✗ ✗ ✗ ✓ ✓ ✓ ✓
Transport ori-
ented

✓ ✓ ✓ ✗ ✗ ✓ ✓

Origin + Destina-
tion

✓ ✓ ✓ ✗ ✓ ✓ ✓

Link between O
and D

✓ ✓ ✓ ✗ ✓ ✗ ✓

Fraud/Non-
validation

✓ ✓ ✓ ✗ ✓ ✓ ✓

Exhaustive ✗ ✗ ✗ ✗/✓ ✗/✓ ✗/✓ ✗

Among them, smart-card data and optical sensors give a good picture of mo-
bility behaviors. They are both easy to get, since they are passively collected
too, as in Deschaintres et al. [1] or Wang et al. [14], but present significant
disadvantages. Optical counts are informative about the number of people
getting on and off at a given stop, but they do not give the link between the
origin and the destination of the trip. Smart-card data provide ticket valida-
tion information upon boarding only [15], even if researchers have developed
algorithms to retrieve the alighting stops thanks to trip chains [16] or more
recently with probabilistic models [17]. So, these two data sources cannot
be used to construct O-D matrices. Telephony data could give information
about the origin and the destination of a trip [18, 19], but they are the
property of telecom operators and are very expensive to get [20]; however,
they allow one to target a variety of transport modes, and not only pub-
lic transportation. Wi-Fi and Bluetooth data seem particularly promising,
since they are collected passively and continuously. Most of all, they provide
the link between the origin of a trip and its destination. Wi-Fi or Bluetooth
sensors are embedded in vehicles or positioned along the roads and can de-
tect connected objects, without identifying them personally. Devices can
be uniquely identified using Media Access Control (MAC) ID under short-
range communication protocols [21, 22, 23]. By using information from a
GPS, it is then possible to build O-D matrices. Some experimentation stated
that Wi-Fi is a better candidate than Bluetooth to gather individual trips in
buses because of a quicker detection and a greater field of action [24, 25, 26].
This study is therefore restricted to Wi-Fi sensors.
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The use of Wi-Fi data in transport planning tends to democratize, and there
are already a few studies working with them to represent trips along a trans-
port network [27, 28, 23, 29, 22, 30]. Among the most recent ones,[8, 31, 32]
focus on the number of passengers boarding or alighting at a stop or on bus
loads. Pu et al. [5] estimate O-D matrices by using Wi-Fi sensors to collect
data in buses and machine learning to retrieve stop-to-stop O-D matrices.
The results are compared with manual counts, and the authors mentioned
the good quality of Wi-Fi data despite the non-exhaustive representation of
passenger mobility on the network. Algomaiah and Li [33] go a little bit fur-
ther in the use of Wi-Fi data to understand mobility behaviors by optimizing
the detection radius of Wi-Fi sensors and most of all by inferring transfer
activities to passengers of the bus. Finally, Chang et al. [34] developed
an online ridership estimation algorithm using Wi-Fi sensors as entry data.
Comparison with manual counts and with other algorithms confirmed the
”feasibility of estimating online ridership through passive Wi-Fi sensing”.
Similarly, Fabre et al. [9] as well as Wang et al. [35] use machine-learning
and other algorithms to build O-D matrices from Wi-Fi data and prove the
reliability of the latter with a comparison to ground truth data. Results
are promising and encourage the use of these kinds of sensors. This Wi-Fi
based technology could be used to probe travel behaviors with a fine tempo-
ral granularity, out of the reach of conventional surveys, but at present the
uncertainty about their true accuracy would obscure the distinction between
the part of the variations over time due to actual mobility changes and that
due to detection and reconstruction error.

Most studies compare Wi-Fi O-D matrices and ground truth matrices through
the lens of performance measures. In most of the previously cited studies,
performance is measured with global metrics (R2, RMSE, MAPE) to give
an order of magnitude of how close to the reality O-D matrices from Wi-
Fi data are. Only O-D flows are compared, and no attention is paid to
the structure of the error. Claiming that studying O-D matrix structural
information is necessary to validate the relevance of the methods used to
compute O-D matrices, some studies tend to assess structural similarities
between estimated and reference O-D matrices. Djukic et al. [36] intro-
duced a new quality measure that takes into account structural similarities
and Behara et al. [37] proposed the ”normalized Levenshtein distance for
OD matrices (NLOD)”. They both demonstrated the method robustness in
giving a metric for structural comparison of O-D matrices. On the other
hand, some studies, mostly using traffic count data to generate O-D matri-
ces, succeeded in bounding the error between estimated and reference O-D

6



matrices depending on the number and positions of sensors used [38, 39].
Most of these works are limited to the use of metrics to estimate how close a
measurement is to reality. They provide interesting avenues of research for
estimating the error between an O-D matrix calculated from passive data
and the ground truth, but do not identify or model the error on the esti-
mated matrix. Analysts therefore lack insight into the uncertainty of these
estimates.

Accordingly, there is a gap in the state of the art when it comes to real-
time evaluation of the error in Wi-Fi-based O-D matrix estimation, in the
absence of the ground truth O-D matrix.

3. Data & Methods

3.1. Optical counts

To gauge the boarding and alighting volumes at every stop, we resorted
to optical counts, namely, Automatic Passenger Counts systems (APC) ob-
tained from sensors placed on-board buses. They reportedly provide very
”accurate estimates of the vehicle on-board loads” [40]. Ref. [41] reported
a 95% and 97% accuracy for boarding and alighting passenger counts re-
spectively when including a variance of plus or minus one passenger. Other
studies have also reported good matching between APC and ground truth
[42]. The drawbacks of these sensors, besides the fact that it does only give
the number of passenger boarding or alighting at a bus stop without provid-
ing information on the O-D trips, is the small number of vehicles equipped
(10% to 20% in France) [40]. Nonetheless, they fulfill their role in our study,
since we concentrate on buses equipped with both Wi-Fi sensors and opti-
cal sensors, and the latter are necessary complements to Wi-Fi data to get
information on O-D trips (see below).

3.2. Wi-Fi signals

Principle

The sensor used in this study is called Laflowbox. It measures mobility us-
ing an electromagnetic wave sensor, which detects the signals emitted by
connected objects which are seeking a Wi-Fi point to connect to (Figure 2)
(smartphone, smartwatch. . . ). The sensor does not interact with the con-
nected objects, which makes the data collection completely passive. The
Wi-Fi file collected with this set-up is made of (encrypted) MAC addresses,
the latter being considered personal data by the General Data Protection
Regulation (GDPR) (Article 4(1)). However, this data collection complies
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with the French laws, as the MAC addresses are pseudonymized [43]. More-
over, posters displayed in the bus warn passengers that some sensors are
active. Laflowbox is also capable of recording the precise coordinates of con-
nected objects every second, thanks to a GPS module. GPS and Wi-Fi data
are then linked by a common timestamp.

Figure 2: Laflowbox device aboard buses and an example of a op-up that appears on
connected objects when they search for a Wi-Fi connection.

Context of the data collection campaign

Data were gathered in Rouen, a large city in the Normandy region (North
of France). With a bit more than 111,000 inhabitants Rouen is the largest
city of the Métropole Rouen Normandie (70 cities, 494,000 inhabitants) and
a rather important economic hub at the national scale, mainly thanks to its
seaport, the fifth largest in France. Laflowbox sensors were placed in buses
of the TEOR (Transport Est Ouest Rouennais) network, which gathers 30%
of the traffic flow and observes a constant increase since its implementation.
This attractive network is composed of 4 lines, covering 65 stops and serving
7 other cities. The first line, T1, holds 15 stops and is about 8 km long.
The T2, is much longer with 30 stops for over 30 km and the T3 holds 27
stops and is about 14 km long. These three lines share a common section of
10 stops in the city center.

From November 1, 2019, to January 30, 2020 two boxes were placed on
buses driving along lines T1, T2, and T3 alternatively. These two buses
were also equipped with cameras for optical counts to facilitate comparison
of the results of the two data sources.

Data processing

Considering the optical counts as a reference, the Wi-Fi sensors might be
able to detect up to approximately 35% of the passengers. However, among
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the millions of signals detected, many are spurious signals that need to be
removed.

Accordingly, the raw data were preprocessed to build the O-D matrix, fol-
lowing the methodology detailed in [9, 44]. First, a large number of variables
are computed to enrich the database (related to the signal, the device...).
Then, we have to distinguish the signals emitted by real bus passengers from
the interfering signals (people waiting or passing near the bus stops but not
in the vehicle, people cycling on the road, people in their cars behind the
bus...), which are removed from the database. To filter the signals and to
retain only those emitted by actual bus passengers, a clustering algorithm
is used, as described in Fabre et al. [9, 44]. It uses the K-means algorithm
to separate the signals detected by the Wi-Fi sensor into several groups,
based on the principal components derived from numerous features related
to the number of detections of the same connected object, the homogeneity
of the detections of the same object, and so on. Each group formed by the
K-means has unique characteristics. According to them, some clusters are
defined as passenger signals and others as unwanted signals. The latter are
eliminated. Finally, three stop-to-stop O-D matrices (one for each line of the
network, ) are constructed from the passenger signal clusters, representing
the number of passengers detected for each O-D pair of the corresponding
line. The Wi-Fi estimated O-D matrices are aggregated over the entire data
collection period (approximately three months) in order to obtain enough
observations. The temporal aggregation is also a way to represent an aver-
age day over the data collection period to be comparable to O-D surveys,
which are known to represent trips over a network on an average day.

Once processed, the trips estimated using Wi-Fi sensors are in good agree-
ment with those from other ground truth data sources (O-D surveys and
optical counts), with R2 values going up to 0.97 in the best case. To illus-
trate this result, figure 3 shows the distribution of trip start (resp. end)
points for Wi-Fi data and optical counts (for line T3, direction 1).

3.3. O-D surveys

The last available stop-to-stop O-D survey in this territory was conducted
onboard the T1, T2 and T3 lines, on 11th, October 2018, approximately
one year before Wi-Fi data collection. Considering the average periodicity
of O-D surveys (ten years), we can reasonably assume that the results of
this survey can be used as a benchmark to assess the quality of the Wi-Fi
matrices described above.
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Figure 3: Distribution of trip start stops – T3 direction 1 – 2019/2020, in %; (b) Distri-
bution of trip end stops – T3 direction 1 – 2019/2020, in %.

The shares per O-D pair obtained from Wi-Fi data match reasonably well
those with those from the survey, with 98% of the observations for bus lines
T2 and T3 having a difference between Wi-Fi and O-D survey shares of
less than 0.005% (it is 91% for T1); the percentages are given as a function
of the global volume. The magnitude of these differences are shown on
Figure 4.

3.4. Errors on O-D trips and on alighting or boarding volumes

To refer to boarding/alighting stops, we will use the transparent notations i
(for in) and o (for out). The stops will be labelled from i = 1 (or equivalently
o = 1) to i = N (o = N), where the number of stops N depends on the
transit line.

Let [Tio] and [T̂io] be the reference and estimated matrices of O-D shares:
Tio is the share of travelers going from O to D, among all travelers, so that∑N

i=1

∑N
o=1 Tio = 1, and similarly for [T̂io]. We assume that the surveys give

a good enough reflection of this ground truth; they are thus used as reference
([Tio]), while the estimated matrix [T̂io] is based on Wi-Fi data

We denote by [δTio] = [T̂io−Tio] the error matrix and we use the shorthand
Ti• =

∑
o Tio for the reference boarding share at stop i (i.e., the total number

of passengers boarding at stop i over the total number of passengers) and
T•o =

∑
i Tio for the reference alighting share at stop o. T̂i• and T̂•o are
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Figure 4: Histograms of the errors in passenger share per O-D, calculated as the difference
between the survey results and the Laflowbox estimates (in %) per O-D pair, for the 3
TEOR lines: T1, T2 and T3.

the estimated counterparts of Ti• and T•o, and δTi• and δT•o the differences
between reference and estimate.

In our efforts to quantify the error [δTio], we will calculate the root-mean
square (RMS) error on O-D shares (hereafter called O-D error),

Err ≡

√√√√ 1

N2

N∑
i=1

N∑
o=1

(δTio)
2, (1)

but also the RMS errors on boarding and alighting shares (hereafter called
boarding and alighting errors, respectively)

Err(in) ≡

√√√√ 1

N

N∑
i=1

(δTi•)
2 (2)

Err(out) ≡

√√√√ 1

N

N∑
o=1

(δT•o)
2 (3)
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and the error ratios defined by

err(in) ≡ Err(in)

Err
and err(out) ≡ Err(out)

Err
. (4)

3.5. Synthetic random noise matrices

To model the structure of the estimation error (using the 2018 O-D survey as
reference), we will describe the error matrix [δTio] as a random noise matrix
using minimal models for the noise. Generally speaking, noise encompasses
everything that cannot be described or modeled deterministically.

The simplest noise model assumes that the errors are uncorrelated between
O-D shares, independent of the O-D share Tio, and uniformly distributed
(in the same range for all io), i.e.

δTio ∼ ξ
(add)
io = ξio − Z(add)[ξ] (5)

where the ∼ operator means that two random variables follow the same
distribution and the normalization function Z(add)[ξ] = N−2

∑N
i=1

∑N
o=1 ξio

is introduced to conserve the sum of shares,
∑N

i=1

∑N
o=1 T̂io = 1. Here and

henceforth, the random variables ξio will always be independent and iden-
tically distributed (i.i.d), following a uniform distribution on the segment

[−σ, σ], with σ > 0. We will refer to ξ
(add)
io as additive noise.

A second model relies on the idea that the share error could be all the larger
as the O-D share is large, which we describe with multiplicative noise

δTio ∼ ξ
(mult)
io = ξio Tio − Z(mult)[ξ], (6)

where Z(mult)[ξ] = N−2
∑N

i=1

∑N
o=1 ξioTio

Note that, while the foregoing synthetic noises conserve the sum of shares,
they may entail that some shares become negative (T̂io < 0) (or larger than
1), which is impossible in reality. This can be remedied by bounding all
random realizations of ξio that give rise to negative shares T̂io < 0. Then,
in these cases, T̂io is set to zero, and the normalization function Z[ξ] is
adjusted accordingly. When these safeguard operations are performed, we
will say that the noise is clamped ; in practice, this clamping has no incidence
on the results that we will present, except for the noise models concentrating
on short and/or central O-D pairs (see below).
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Anticipating on the remarks we will make below, we also introduce a noise
model which concentrates the error on short O-D trips, i.e.,

δTio ∼ ξ
(short)
io = ξioΘ(2− |i− o|)− Z(short)[ξ], (7)

where Θ is the Heaviside function (Θ(x) = 1 if x ⩾ 0 and 0 otherwise)
and Z(short)[ξ] = N−2

∑N
i=1

∑N
o=1 ξioΘ(2− |i− o|), as well as a noise model

which concentrates the error on geographically central stops, which happen
to correspond to labels i and o between N/8 and 3N/8 (other choices can
be made, without altering our conclusions),

δTio ∼ ξ
(central)
io = ξio · 1c(i) · 1c(o)− Z(central)[ξ], (8)

where 1c(x) = Θ(x− N
8 ) ·Θ(3N8 −x) is the indicator function of the segment

[N8 ,
3N
8 ], and Z(short)[ξ] = N−2

∑N
i=1

∑N
o=1 ξio · 1c(i) · 1c(o).

Finally, we define noise structures that operate on the boarding stop and
the alighting stop separately. More precisely, the following noises mimic
uncertainties regarding the boarding stop and the alighting stop, respec-
tively,

δTio ∼ ξ
(in)
io = ξi − Z(in)[ξ] (9)

δTio ∼ ξ
(out)
io = ξo − Z(out)[ξ], (10)

where the ξi ∈ [−σ, σ] and ξo ∈ [−σ′, σ′] are independent and uniformly
distributed, Z(in)[ξ] = N−1

∑N
i=1 ξi, and Z(out)[ξ] = N−1

∑N
o=1 ξo.

Of course, all these noise models can be combined additively, yielding inter
alia a combined additive and multiplicative noise

δTio ∼ ξ
(add−mult)
io = ξio + ξ′io Tio − Z(add)[ξ]− Z(mult)[ξ′], (11)

where ξ′io ∼ N (0, σ′2).

3.6. Tests using a synthetic O-D matrix

Inferring a suitable noise structure directly from the data is difficult, because
of the limited data at our disposal: our experimental data only cover three
bus lines and the O-D survey was performed on a specific day only. Taking
inspiration from the creation of artificial noisy data used in machine learning
algorithms assessment, as in Khayrallah and Koehn [45] and Xu and Koehn
[46], we resort to an intermediate step relying on synthetic O-D matrices.
Figure 5 summarizes the process.
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The first step was to generate a matrix that will play the role the reference
O-D matrix, but for an arbitrary number of stops N . For that purpose,
we simply fill the N × N matrix with random scalar entries drawn from a
uniform distribution over [0, 1] and eventually rescale these random terms
so that they sum to unity. Adding a noise model for the error [δTio] yields a
(synthetic) analogue of the estimated O-D matrix. On this basis, the trends
of the O-D error, boarding error, and alighting error as a function of the noise
model can be determined for any number of stops N (typically, between 1
and 100), and ultimately compared to our somewhat limited empirical data.
This extension of the possible numbers of spots will facilitate regression
analysis.

Figure 5: General methodology used to relate the errors on the O-D trip shares to the
errors on boarding or alighting passenger shares. Comparison of the reference matrix (or
its synthetic analogue) to the estimated matrix allows us to measure the mean O-D error
and the mean boarding and alighting errors, whose dependence on the number of stops N
is plotted in a graph.
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4. Results

4.1. Empirical observations on the structure of the estimation error

Figure 6 presents the O-D structure of the estimation error for the three bus
lines under study, T1, T2 and T3, i.e., the difference δTio between the Wi-
Fi-based estimate of the share T̂io of passengers boarding at i and alighting
at o, and the reference represented by the survey (assimilated to the ‘ground
truth’). Let us now comment on the most salient features, which point to
biases in the estimation.
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Figure 6: Differences δTio of O-D pair shares (in % of the total) for the three TEOR lines:
T1, T2 and T3. Red and blue denote large positive and negative deviations, respectively;
the color scale saturates at the minimum and maximum values that are shown.

Firstly, the error per O-D share seems to be greater for short O-Ds (along
the diagonal) than for larger ones, and it tends to be positive: red hues
can consistently be observed along the diagonal of the error matrix, on both
sides, in Figure 6, pointing to overestimated traffic shares on these O-D. This
may seem counterintuitive. Indeed, one can rightly argue that it is difficult
to track the signals emitted by a connected object that does not travel long
enough on the bus. In this case, those emitting at low frequencies are very
likely not to be detected; on the contrary, it is easier for the sensors to detect
several signals with a regular gap when the trip duration is long. However,
irregular, infrequent, or poorly detected Wi-Fi emissions also result in the
impression that trips are shorter than they actually are, notably producing
a glut of very short trips.

Secondly, the error is also larger (more positive) in central locations. This
also makes sense. Indeed, at downtown stops and densely populated areas,
it is reasonable to suppose that there are many connected devices emit-
ting numerous Wi-Fi signals. That being said, note that an interference
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phenomenon is also sometimes reported in the literature, advocating for re-
duced performance of Wi-Fi sensors when the surrounding crowd is high
[47, 48].

Thirdly, specific stops appear to concentrate (negative) errors, hinting at
underestimates of the boarding/alighting volumes at these stops with the
Laflowbox technology.

4.2. Inference of the O-D error on the basis of the boarding and alighting
errors

For developers of the Wi-Fi based technology and for transport analysts,
it would be highly beneficial to know the accuracy of the O-D matrices
estimated on this basis. Of course, this cannot rely on day-to-day exhaustive
O-D surveys (which would anyway make the deployment of the Wi-Fi sensors
pointless). By contrast, boarding and alighting volumes are more easily
accessible (e.g., using optical counts as in the present case). Therefore, one
would like to infer the O-D error Err on the basis of the boarding and
alighting errors Err(in) and Err(out) (see Sec. 3.4), for instance by being
able to predict their ratios, i.e., the error ratios err(in) and err(out). As
we will see, the observations made in the previous paragraphs, although
enlightening, are insufficient to capture these ratios.

4.3. Modeling the O-D errors with simple models of random noise

Additive noise

With the foregoing goal in mind, let us start by describing the structure of
the estimation error δTio with the simplest possible random noise models,
namely the uncorrelated additive noise defined in Eq. 5. Of course, by
playing with the amplitude σ of this noise, one can trivially reproduce the
RMS O-D error Err.

But its relation with Err(in) and Err(out) cannot be replicated in this way,
let alone the structure of the error of Figure 6. To show this, we begin by
considering the synthetic O-D-like matrices we constructed for any number
of stops N (the random uniform matrices defined in Sec. 3.6) and applying

additive noise ξ
(add)
io to their entries Tio. We plot the boarding and alighting

error ratios as empty circles and squares in Figure 7. These error ratios
nicely follow a

√
N law. In other words, the mean absolute errors Err(in)

and Err(out) on the boarding/alighting volumes are greater by only a factor√
N than the mean error Err on O-D share (whereas the volumes are larger

than the individual O-D share by a full N factor, on average). This result is
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Table 2: Summary of the simple noise models used to reflect the O-D estimation error
δTio in this study. ξio, ξ

′
io, ξi and ξo are all i.i.d. random variables uniformly distributed

in [−σ, σ], with σ > 0; the Z[ξ] are renormalization terms merely aimed at conserving the
sum of shares equal to 1. Refer to the defining equations for the other notations.

δTio = −Z[ξ] + . . .
Definition

Additive noise · · ·+ ξio Eq. 5

Multiplicative noise · · ·+ ξio Tio
Eq. 6

Combined additive and
multiplicative noises

· · ·+ ξio + ξ′io Tio
Eq. 11

Noise on short O-D trips · · ·+ ξio Θ(2− |i− o|) Eq. 7

Noise on central O-D stops · · ·+ ξio · 1c(i) · 1c(o)
Eq. 8

Uncertainty on the board-
ing stop

· · ·+ ξi
Eq. 9

Uncertainty on the alight-
ing stop

· · ·+ ξo
Eq. 10

not connected to the structure of the synthetic O-D matrix: Applying the

same additive noise ξ
(add)
io to the entries of the reference O-D matrix yields

identical results (full symbols in Figure 7). This scaling in the presence of
additive noise is easy to grasp; starting from Eq. 2, one calculates

N ·
[
Err(in)

]2
=

N∑
i=1

(δTi•)
2

=
N∑
i=1

( N∑
o=1

δTio

)2

≈
N∑
i=1

N∑
o=1

(δTio)
2 (12)

In the last line, cross-terms of the form δTio · δTi′o′ = ξio · ξi′o′ − Z(add)[ξ] ·
(ξio + ξi′o′) + Z(add)[ξ]2, where i ̸= i′ or o ̸= o′, have been neglected, be-
cause these random uncorrelated contributions will be sometimes positive
and sometimes negative; they will cancel out on average and/or when N
gets very large. Therefore, after recognizing the definition of Err (Eq. 1) in
the last line, one finally arrives at the observed law
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Figure 7: Ratios of the boarding (red) or alighting (blue) errors over the error on O-
D shares. Simulations with an additive noise operating on a synthetic O-D matrix are
represented by empty circles and squares, while full symbols indicate the action of this
additive noise model on the genuine reference O-D matrices. For each number of stops N ,
the results have been averaged over 10 realizations of the noise. The empirical data (O-D
survey and Wi-Fi data) for lines T1 (15 stops), T2 (30 stops) and T3 (27 stops) are shown
as large crosses. The law err = 1√

N
predicted by Eq. 13 is represented as a dashed line.

Err(in) ≈
√
N Err. (13)

Unfortunately, the empirical error ratios, marked as crosses in Figure 7,
significantly deviate from these predictions for all bus lines. For instance,
on the T3 line (N = 27), we observe

Err(in) = 0.018; Err(out) = 0.026; Err = 0.0023

err(in) = 8.08; err(out) = 11.25

Instead, Eq. 13 would predict

err(in) = err(out) ≃
√
N with

√
N ≃ 5.2 (N = 27).

Not only are the empirical error ratios larger than predicted by the additive
noise model, but in addition, quite unexpectedly, they differ significantly

18



between boarding and alighting (the latter is much higher). These discrep-
ancies point to singular characteristics in the detection error structure that
originates from the Wi-Fi-based O-D assignment; additive noise applied to
the O-D matrix entries fails to capture these.

Multiplicative noise

Turning to multiplicative noise (Eq. 6) or to a combination of additive and
multiplicative noises (Eq. 11) does not remedy the foregoing issue. Nor does
the recourse to clamped or unclamped random noises (see Methods). The
boarding or alighting error ratios simulated under these noise assumptions
still follow a

√
N -law (see Fig. S1 for graphical results). These noises fail

to capture the experimentally observed relation between O-D error on the
boarding or alighting errors.

Noise centered on short and central stops

The foregoing noise models affect the the O-D matrix uniformly. Given their
failure, we turn to heterogeneous noise. In light of our direct observations
about the structure of the O-D error (Sec. 4.1), we consider the introduction
of noise that specifically targets short O-D routes (no more than two stops
apart) or central stops, as proposed in Eq. 7 and Eq. 8. These noise struc-
tures produce error matrices that are less uniform and look more similar
to those of Figure 6. Moreover, they lead to boarding and alighting error
ratios that deviate from the

√
N law found so far, as shown in Figure 8;

in particular, the noise that concentrates on central O-D can yield error ra-
tios somewhat closer to the empirical ones (right panel of Figure 8). Here,
using clamped noises had a marked effect, while making the noise on short
O-D only positive (to get an O-D error matrices that look more similar to
Figure 6)) had no incidence on the error ratios.

However, experimentally, there is always a difference between the ratio
err(in) and the ratio err(out), which the model fails to reproduce: they fall
short of capturing the boarding error ratio and the alighting error ratio at
the same time. Combining these heterogeneous noise models with a resid-
ual additive noise on the rest of the O-D matrix, to account for the fact
that short O-D and central stops are not the only sources of error, was not
fruitful either. Once again, applying these noise models to the reference
O-D matrices produced error ratios comparable to those obtained with our
synthetic O-D matrices.
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Figure 8: Boarding (red) and alighting (blue) error ratios, err(in) and err(out), obtained
for stochastic noises concentrated on short O-D (left) or short O-D and central ones (right).
The noise amplitude σ was set to 0.1. Refer to Figure 7 for the rest of the caption.

Asymmetric uncertainties between boarding and alighting

Therefore, we are led to consider the asymmetry between boarding and
alighting with respect to the Wi-Fi sensor operations. Given that passen-
gers are likely to wait a few minutes at the bus stop before boarding, some
connected objects are likely to be detected as soon as the bus stop enters
the antenna’s field of detection. On the contrary, it is likely that passengers
who get off the bus do not linger as long as boarding passengers at the stop
(unless the passenger is waiting for a transfer, but this remains marginal in
our experience, with a transfer rate of 1.17 in 2019 [49] on the whole network
of Rouen). Their connected objects therefore quickly become undetectable,
and the antenna of the sensor will not receive many signals in the surround-
ings of the bus stop. As connected objects do not emit regularly, it is also
possible for a connected object to leave the bus without having transmitted
a signal for some time (one or two stops previously), making the estimation
of the alighting stop more difficult. Another contributor to the uncertainty
about the alighting stop is the randomization of the MAC addresses that is
operated once in a while by a growing number of smartphones, which ends a
signal detection before the passenger actually alights – but it may also artifi-
cially create a new trip if the MAC changes close enough to a boarding stop.
If no such new trip is generated, a difference appears in the errors made in
relation to boarding vs. to alighting volumes, which should be lower for the
former.

Thus, we introduce distinct uncertainties with respect to boarding vs. alight-
ing, materialized by the boarding and alighting noises of Eq. 9 and Eq. 10.
In matricial format, these noises operate on row or columns of the O-D
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matrix. The results in terms of error ratios are shown on Figure 9, for a
noise amplitude σ = 0.03 for boarding and σ = 0.045 for alighting, together
with an additive noise of amplitude σ = 0.1. Clearly, this model succeeds in
discriminating the error ratio associated with alighting and that associated
with boarding, and in capturing their empirical values.
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Figure 9: Boarding (red) and alighting (blue) error ratios, err(in) and err(out), obtained
by introducing an asymmetric uncertainty between boarding and alighting. The noise
model combines an uncertainty associated with the boarding stop (of amplitude σ =
0.03), an uncertainty associated with the alighting stop (of amplitude σ = 0.045), and a
homogeneous additive noise (of amplitude σ = 0.1). Refer to Figure 7 for the rest of the
caption.

4.4. Practical applications

The foregoing results point to conditions on the noise such that the ratios
err(in) and err(out) match the experimental ones. We now hint at practical
applications of this result.

Knowing the number of stops, the value of this ratio can be computed, so
that it is possible to estimate the error on O-D shares knowing only Err(in)

or Err(out) (which, as a reminder, are readily available if an optical counter
is installed). To illustrate this concretely, we use a locally weighted scatter
plot smoothing (Lowess) which is a non-parametric regression. That gives
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the smoothed curved adjusted to our points of abscissa the number of stops
in the matrix and of ordinate the ratio err(in) or err(out). Using a degree of
smoothing of 20% the regression lines presented in Figure 10 are obtained.
As an example, using this approach err(in) ≃ 7 for N = 22 which will allow
us to get Err knowing Err(in) for a bus line with 22 stops.
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Figure 10: Lowess regression for O-D errors/Boarding shares errors (red) and for O-D
errors/Alighting shares errors (blue).

Besides, the insight obtained into the main sources of error hints at strategies
to aggregate the O-D share estimates in a way that lessens their inaccuracy.
Suppose that one is not interested in the exact boarding or alighting stop,
but in an approximate area. Then, stops may be grouped into aggregates of
n stops, the first aggregate gathering stops from 0 to n− 1, the second one
gathering stops from n to 2n−1, etc. Now, the asymmetry that we unveiled
between boarding and alighting uncertainties implies that we had better ag-
gregate alighting stops than boarding stops, because the uncertainty about
alighting is somewhat larger. This is demonstrated in Figure 11, where
the empirical error on O-D shares is calculated under the assumption that
different numbers n of either boarding or alighting stops have been aggre-
gated. (Since Err is the root-mean square error per matrix entry, Err is
expected to increase with the aggregation number n, because the values of
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the entries then get larger.) The difference between boarding and alighting
aggregations is not huge, but it is clearly visible (with the exception of line
T2).
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Figure 11: O-D error obtained upon aggregation of either alighting stops or boarding stops
(see the legend), depending on the number of successive spots that are bundled together.

5. Conclusion and future research

Collecting mobility data is essential to understand the travel behavior of in-
habitants and to ensure the sustainable development of transport infrastruc-
tures. In recent years, following the increasing cost of travel surveys and the
development of technologies, new data sources are emerging. Among them,
Wi-Fi sensors installed in city buses allow real and continuous collection of
mobility data. This passive method requires no effort from passengers and
represents a marginal cost for the public authority. Some previous works
have compared O-D matrices generated with Wi-Fi and those derived from
ground truth data, and results seem promising. However, the question of
data quality remains. Moreover, O-D surveys are conducted only every
five or ten years and cannot be used regularly to assess the quality of O-
D matrices built from Wi-Fi data. The paper addresses this problem by
proposing a method for estimating the error on the O-D pairs using the er-
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ror on the boarding and alighting passengers’ shares, the latter being readily
and continuously available in all public transportation systems where optical
counting devices are installed.

By applying different noise structures to a stylized (random) O-D matrix
to account for the O-D assignment error, different relations between the
error on the O-D pairs shares and the error on the boarding (or alighting)
passengers shares are obtained. Interestingly, simple noise structures are not
compatible with the empirical error ratios, notably its asymmetry between
boarding and alighting. Instead, based on the hypothesized origin of the
error, a relevant noise structure that reproduces the empirical observations
is identified. This is not a mere calculation of the error, as in the previously
cited works, but a proper modelling of the error.

Our key observations regarding the structure of the estimation error are
thus

• The error made on Wi-Fi O-D estimates compared to the one from
O-D survey is greater on short O-Ds.

• This error is also greater on central stops.

• The error made on estimates of the number of alighting passengers
with Wi-Fi data is greater than that made on estimates of the number
of boarding passengers.

This paper makes both theoretical and operational contributions. From a
theoretical point of view, the proposed method leads to a relationship be-
tween the error on O-D pairs shares and the error on boarding (or alighting)
passengers shares. This way, it is possible to quantify the error on a continu-
ous basis, thus complementing recent work enabling a one-time comparison.
The results highlight the rather complex relationship between the error on
O-D pairs shares and the error on boarding or alighting passengers shares,
and the difference in the structure of the error between boarding and alight-
ing passenger shares. In the end, it is possible to generate, using Wi-Fi data,
an O-D matrix associated with an error structure.

From an operational point of view, this work is of particular interest to
transport practitioners, who can thus learn about the error structure affect-
ing the O-D matrix generated from passive data. At any given time, access
to Wi-Fi data and optical counts (the number of boarding and alighting
passengers) is all that is needed to assess to what extent the O-D matrix
deviates from the actual mobility behaviors. It is then possible to gauge
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the relevance of Wi-Fi data on a continuous basis without needing O-D sur-
veys, by nature expensive, time-consuming and infrequent. Moreover, the
methodology can be used by analysts to assess the reliability of the devices
increasingly used in public transport to produce mobility data from Wi-Fi
data. Finally, the error in the Wi-Fi O-D matrix obtained from this work
could help to improve the Wi-Fi data collectors. Indeed, since the main
errors occur in central zones where many noisy signals are detected, this
suggests that using a shorter range antenna could improve Wi-Fi data col-
lection. This is also consistent with the literature, since [33] found optimal
detection radii shorter than those of the Wi-Fi sensors used in the present
study.

As further works, it would be of particular interest to use this model to
withdraw the estimated noise from Wi-Fi O-D estimates. This would allow
having a picture of trips on the network, as close to the reality as possible.
Also, the work could be replicated on another network to see, first, if the
modeling is easily replicable and also to see if the same relations between the
errors apply. A comparison between the modeled error on different networks
could reveal interesting insights on travel behaviors of each network. It could
also present differences on the structure of the error in Wi-Fi O-D estimates
of each network. That will lead to interesting speculations on the proximity
of O-D surveys with reality.
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Appendix A. Additional figures

This Appendix gathers additional figures to support the findings reported
in the main text.
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Figure S1: Ratio of the errors on O-D errors and on Boarding shares (red) or Alighting
shares errors (blue). Modeling of the error with (a) additive noise; (b) multiplicative noise;
(c) a combination of both noises.
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