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Abstract—Multi-modal transport refers to multiple transporta-
tion means (e.g., car, plane) that can be used to transport
people or goods. Classifying the mode of transportation can
have multiple usages towards sustainable transport solutions,
such as optimizing routes, reducing transit times, having efficient
logistics operations, reducing transportation costs by strategically
combining different modes, or understanding how people move
within cities for migration studies. Multi-modal transport clas-
sification has traditionally relied on data collected from various
movement sensors (e.g., accelerometers, pedometers, gyroscopes);
yet, with the opening of the access to raw Global Navigation
Satellite Systems (GNSS) data on mobile devices, new avenues
of multi-modal analysis have been created, when GNSS signals
alone (without additional sensors) could be used to classify the
mode of transport. This paper introduces a novel pseudorange-
based approach for multi-modal transport classification, where
only the instantaneous raw navigation data from two strong
satellites in view is used to classify the user transportation mode
at that instant. We validate our concept based on Machine
Learning (ML) algorithms with data collected with four Android
devices (three smartphones and a smartwatch) in 24 scenarios,
encompassing five different transportation modes.

Index Terms—Global Navigation Satellite Systems; Machine
Learning (ML); multi-modal transportation; pseudoranges

I. INTRODUCTION AND STATE-OF-THE-ART

Although efforts to reduce transport emissions have been
ongoing for several decades, European cities have seen limited
progress, particularly given the urgent climate issues. It is thus
important to comprehend the current mobility trends of people
and goods in order to enable future sustainable transport solu-
tions [1]-[3]. To the best of our knowledge, no work has been
reported in the literature so far that classifies the transportation
mode solely based on pseudorange GNSS data; previous works
(as described in what follows and summarized in Table I) have
built various classifiers based on tracking the user location and
extracting statistics based on user velocity and acceleration
estimates, relying thus on the availability of sufficient number
of satellites to allow a position fix. Nevertheless, in many sce-
narios, such as deep urban, indoors, or underground tunnels,
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the visibility of GNSS satellites can be very low, due to strong
path losses caused by buildings and other absorbing materials
[4], [5]. However, with a rich constellation of four GNSS
systems and several satellite-based augmentation systems, it
is logical to assume that at least one or two satellites could be
visible at most moments along any user track. It is therefore of
interest to develop algorithms that can estimate or detect the
transportation mode solely based on 1—2 visible satellites and
the measurements from them (e.g., code pseudoranges, C'/ N,
Doppler shifts). Before describing in more detail the research
problem, we provide in Table I an overview of the state-of-the-
art algorithms used for multi-modal transport classification and
their reported accuracy. We also discuss the main drawbacks
and limitations of these studies. The researchers in [6] studied
a multi-modal classification using Bayesian network inference
and based on smartphone location data collected via five
transportation modes (walk, bike, e-bike, car, and subway).
The study claims that the user location was computed via GPS,
but the users provided in fact location traces collected via their
Android and i0OS smartphones. Thus, the study in [6] requires
a position fix to be available (e.g., the algorithm proposed in
[6] would not work when less than 4 satellites are visible,
unlike our study). The average accuracy over the five modes
was reported to reach 92% in [6], yet the validation was based
on a prompted recall survey by telephone, which might have
introduced some memory bias and might have affected the
reliability of the validation results; as data collectors in [6]
changed the transportation mode during the day and as during
the phone interviews only the most frequent transportation
mode was recorded, the authors used Bayesian inference to
also label the data, thus ground-truth labels were inferred
via user recall or post-survey inference, which introduces
labeling uncertainty not present in [6]. The data used in
our paper has been collected by a single person, equipped
with multiple devices, and using one transportation mode at
a time, thus the data labeling in our case does not rely on
approximating the mode via inference. The authors in [§]
proposed a Multi-Normal Logistic (MNL) classification of
four modes (walk, bike, car, and transit/bus) using GPS-based
position estimates and hip-worn accelerometer data, and they
reported an average accuracy of 90% over the four modes
of transportation. Similarly with [6], the validation in [8] was
done by email, where users who collected the data were asked



Citation, year | Data type Features Method Modes Average Accuracy
[6], 2015 GPS-equipped smartphone for po- | Mean speed, 95% percentile | Bayesian 5 modes (walk, | 92%
sition, velocity, and acceleration es- speed, mean absolute acceler- network bike, e-bike, bus,
timates ation, travel distance inference subway)
[7], 2018 GPS and accelerometer speed, acceleration, and vari- Random Forest 6 modes (run, 90%
ous statistics based on these walk, sit, stand,
(e.g., mean, min, max) in-vehicle, and
bike)
[8], 2019 Smartphone equipped with GPS | speed, acceleration and vari- | Multi-Normal 4 modes (walk, | 90%
and hip-worn accelerometer ous statistics based on these Logistic (MNL) bike, car, transit/
(e.g., median, min, max, 95% bus)
percentile) as well as GPS
HDOP
[9], 2022 Smartphone equipped with GPS | 39 features associated with | eXtreme 4 modes (walk, | 86% with only-
and GPS data and geographic in- | GPS data and 19 features as- | Gradient bike, car, bus) GPS features;
formation systems (GIS) data, ac- | sociated with GIS data Boosting 90% with GPS +
cessible from open data portals and (XGBoost) GIS features
OpenStreetMap

TABLE T
STATE-OF-THE-ART OVERVIEW OF MULTI-MODAL TRANSPORT CLASSIFICATION SOLUTIONS FROM LITERATURE.

to remember their transportation mode; therefore, a precise
labeling was also absent from the data investigated in [§8]. In
both [6] and [8] the mode estimation is done per segment
and the segment duration is not specified clearly, but it is
typically longer than 5 minutes. In our approach, we estimate
the mode at each second, with a delay of 10s, as the statistics
are computed on overlapping windows of 10s duration. Clus-
tering points in segments introduces some correlations, while
point-wise method may reduce the correlation bias and may
follow faster the real-world signal variability in challenging
environments. Yet, a comparison between segment-wise and
point-wise methods remains an issue of further investigation.
The work in [7] relies also on GPS and accelerometer data
and uses various statistics based on speed and acceleration,
such as min, max, or average values computed over variable
time and distance windows, ranging from 10s to 180 s in time
and from 10m to 200m in travel distance. GPS-related data
such as horizontal dilution of precision (HDOP) information
is also used. The average reported accuracy for the six modes
described in Table I was 90% with a random-forest classifier;
the worst results were obtained in classifying the running
mode (69%), which was often misclassified as biking. The
classification was done per segment (not per point) and the
segment duration varied between 10s and 3 minutes. The
authors in [7] are also reviewing ten other studies conducted
between 2010 and 2018 which address multi-modal transport
classification based on GPS, accelerometer, or combined GPS-
plus-accelerometer data and report a vast range of accuracies,
ranging between 75% for a 4-mode classifier (walk, bike, car,
bus) with GPS data to 99.9% for a 6-mode classifier (Walk,
bike, car, bus, train, subway) with standalone accelerometer
data and a random-forest classifier, but at segment level, not
point by point estimation. The authors in [9] also addressed
the segment-level classifications and used GPS and GIS data
and an XGBoost classifier; they reported an accuracy of
86% when only GPS-related features were used and 90%
when GIS-based features were added to GPS-based features,
for a 4-mode classification. Three other classifiers were also

compared with the XGBoost one: the random-forest-based
classifier gave results very close to the XGBoost classifier,
while the Decision-Tree and Gradient-Boosting-Decision-Tree
classifiers exhibited an accuracy up to 5% worse than the
XGBoost.

A recent work published in [10] surveys 15 research papers
in the field of multi-modal transport classification, but 14
of them are based on sensor (non-GNSS) data, such as
accelerometers, gyroscopes, magnetometers, and barometers,
and the paper using GPS data relies on simulated data, not
measurements. Detection accuracies reported in the survey
table in [10] widely vary between 70% and 99.8%, and the
classifiers providing the best accuracies were the Random
Forest and Support Vector machines (SVM).

The research question we address in this paper is to what
extent one can classify the transportation mode based only on
raw observation data collected from the strongest GNSSsatel-
lites in view on an Android device (or on any device equipped
with a GNSS receiver and ability to store raw observation
data). By raw observation data we understand the raw code
pseudoranges (i.e., uncorrected from atmospheric or clock
effects) from all satellites in view, the estimated carrier-to-
noise ratios (C'/Ny) per satellite, and the Doppler shifts. As
in many scenarios, such as trains going under bridges or inside
tunnels or deep urban canyons, less than four satellites may
be available to the user, the user receiver may be unable to
compute its GNSS-based position. Yet, as long as at least one
satellite is visible in the sky, the user receiver can measure
its code pseudoranges, Doppler shifts, and C'/Ny and can
use those as inputs to a classifier. Our proposed classification
approach has been based on the following hypotheses:

o Depending on the transportation mode (e.g., car, walk,
bike, plane, train), the signal reflections are expected to be
different from one mode to another and these reflections
remain as hidden features in the raw observables, such
as signal pseudoranges, carrier-to-noise ratios, or Doppler
shifts. Such hidden features could be extracted by various
transforms applied to the measurements (e.g., first and



second order derivatives, kurtosis, skewness, etc.)

o The mode of transportation can be identified based on
the combination of various features computing over a
small observation window; for example, with observa-
tions stored every second, an observation window of
three seconds would be enough to compute the first and
second-order derivatives of the parameters of interest, but
expanding the observation window to 10-20 seconds and
taking the average statistics could enhance the detection;

o When applying first and second-order derivatives on the
code pseudoranges, one can remove the common errors
during the observation window, e.g., clock errors, at-
mospheric (ionospheric and tropospheric) errors, satellite
hardware errors, but some errors remain uncorrected after
differentiating the raw pseudoranges (such as errors due
to Earth rotation and relativistic effects); however, if we
preserve a constant observation window for the training
and testing phases with all the data, it is assumed that
such uncorrected errors do not affect the hidden features
which depend only on the transportation mode and which
we try to capture via the ML algorithms.

II. ANDROID RAW-GNSS-MEASUREMENT DATA
DESCRIPTION

In this research, we focus on classifying the transportation
modes solely based on raw pseudorange GNSS data collected
by a single user, equipped with multiple Android devices,
via GNSSLogger app. The collected observation data was
used as input for our classifiers. We collected several datasets
across five transportation modes: Bike (4 scenarios), Car (6
scenarios), Plane (4 scenarios), Train (2 scenarios), and Walk
(8 scenarios). A ’scenario’ corresponds to a certain place
and time, but several tracks can be available per scenario,
as the datasets were recorded using multiple GNSS-enabled
devices, namely three Android phones (Samsung AS52, A54,
Google Pixel 7) and one smartwatch (Google Watch), to ensure
also the variability across the hardware. The data collection
took place over multiple days during the period October
14th—23th, 2024, capturing 104 unique GNSS log files (across
24 scenarios and with 1 — 4 devices per scenario). When
multiple devices per scenario were used, they were in tandem
(i.e., starting and stopping around the same moments, with
half-a-minute error). For training and testing, we used a file-
wise approach, where one unique scenario was reserved for
testing across all devices, while all other scenarios were used
for training. This ensured the model was tested on unseen
data while being trained on a diverse dataset. The available
raw GNSS pseudorange-related data (i.e., C'/Ny, Doppler
shifts and code pseudoranges) were extracted with an in-house
Python parser and they were available with a time step of 1 s
between any two consecutive track points. A total of 118213
track points were collected.

One of the key contributions of this work is the training
of the ML model with only raw pseudorange data extracted
from the two strongest satellites that are visible at least 70%
of the time. In the remaining 30% of the cases, fewer than

two satellite signals met the 70% visibility criterion. In such
cases, those windows were excluded from the training and
testing datasets. The strength was measured via the average
carrier-to-noise ratio (C/Np) in L1-E1-B1-G1 frequency band
over the observation period, enabling its operation even in
environments with limited satellite visibility and without re-
quiring precise location information. As all the mobile devices
used capture data from the four GNSS systems (GPS, Glonass,
Beidou, and Galileo), the two strongest satellites were selected
among all four GNSS systems in each scenario. Fig. 1 illus-
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Fig. 1. Distribution of the GNSS system to which the two strongest visible
satellites belong; the strength is computed according to Carrier-to-Noise Ratio
(C/Np) and the condition that the satellite has been visible at least 70% during
the track duration.

trates the distribution of satellite systems from which the two
strongest satellites were picked as inputs to the ML classifier.
Fig. 2 shows four examples of mode-to-mode comparisons of
the C//Ny distributions. All the available data was split into
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Fig. 2. C/Ny distributions for 2 pairs of multi-modal transportation.

72.8% training data and 27.2% testing data. As each track was
always corresponding to a single mode of transportation and
we used the full points available in a track, the distribution
across modes was not uniform: the percentages of data points
with the five considered travel modes were 33.6%, 32.5%,
14.8%, 10.2%, and 8.9% for car, walk, plane, train, and bike,
respectively in training data and 13.1%, 67.5%,5.7%, 7.3%,
and 6.4% for car, walk, plane, train, and bike, respectively, in
testing data.



III. PROPOSED ML-BASED CLASSIFIER
A. Feature extraction

The raw data extracted from Android devices at navigation
level include the carrier-to-noise ratio C/N (()z) per visible

satellite s and at ¢-th time instant, its Doppler shift fl(:ft) and

raw pseudorange pgs). The raw pseudoranges pts) for each

satellite, at instant ¢ can be written as

s s),ion s),tro s),cl
i = e p N e e AR
i CATtSagnac + CATtrel + Egs)’mltp + 7]158)

where py is the receiver 3D position vector at time instant ¢
(in Earth-Centered Earth-Framed (ECEF) coordinates), pis) is
the 3D position vector of the s-th visible satellite on the sky
at time instant ¢ (also in ECEF coordinates), sis)’ion, sgs)’t"'o,
and £{*"™""P are the ionospheric, tropospheric, and multipath
errors corresponding to the wireless channel between s-th
satellite and receiver position at time instant ¢, c is the speed
of light, ATt(S)’Cl is the clock error between the receiver clock
and the satellite clock, Ttsag"‘w is the clock error due to Earth
rotation during the time the signal propagates from the satellite
to the receiver (also known as Sagnac effect), A7/ el is the
clock error due to relativistic effect, and 77,55) is an additive
noise comprising all other noise sources, such as interferences,
hardware effects, and background noises, which, by virtue
of central-limit theorem can be assumed an additive white
Gaussian noise.

The single-differential (SD) pseudorange, which removes
common satellite biases, is calculated per satellite s as:

Sngw = p1(55) - Pgi)l )

where pgs) and pgi)l are pseudorange measurements from
the satellite s at two consecutive receiver positions. Clearly,
for small time steps (e.g, 1 s in our measurements), the

atmospheric effects remain constant and cancel out during
(s),ion ___(s),ion

the single-differential process, i.e., &; = &1 and
efﬁ”m = agi)f“’. The SD pseudorange is also directly

correlated with the relative speed between the receiver and
the satellites.

The double-differential (DD) pseudorange, which further
highlight short-term variations, is computed as:

DDPiS) = SDpﬁ,b') - SDPEi)l = PES) - 2/)1(55—)1 + P£S—)27 3)

The DD pseudorange is also directly correlated with the rela-
tive acceleration between the receiver and the satellites. Thus,
both SD and DD are implicitly related to the transportation
mode, which depends on the speed and acceleration of the
mobile receiver. In addition, in a dynamic environment, the
multipath errors are not canceled out through SD and DD
operators, and it is our assumption that their fluctuations are
influenced by the transportation mode (e.g., different reflec-
tions on windows and ceiling of a bus compared with a walk
or bike in an outdoor scenario), and they will thus contribute
as intrinsic features towards the multi-modal classification.

By applying SD and DD on pseudoranges, we also aim to
make the extracted features more robust against location dis-
closure (i.e., pseudoranges are not used as inputs to our algo-
rithms, only SD and DD applied on pseudoranges), while still
capturing signal characteristics critical for the transportation-
mode detection.

To analyze GNSS signal variations without revealing ab-
solute positioning information, we extract statistical features
from the following observables: single-difference pseudorange
(SD,), double-difference pseudorange (DD,), Doppler shift
(fp) and carrier-to-noise ratio (C/NO). These features capture
signal fluctuations while mitigating location disclosure.

The dataset is first sorted by Timestamp and C/NO in
descending order, ensuring that only the strongest satellite
vehicle (SV) signals are retained. Each observation is then
mapped to discrete N-second overlapping windows (with 1 s
time step), from ¢; to t;4, ¢ being the current time index.
We took N = 10 in our measurement analysis, based on trial-
and-error empirical adjustments.

| X
m=ﬁg&, )
X
ox = | 37 2 (X = ux)?, (5)
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Xax/min = max/min(X17X27 ey XN)7 (6)
1 N 3
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1 N 4
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Kurt(X) = & iz ; Hx)’ ®)
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Within each time window and vector X of interest, several
statistical features are computed for single differences SD,,
double differences DD,, Doppler shift fp, and carrier-to-
noise ratio C/Ny, including mean px, standard deviation
o x, minimum Xy, maximum X, skewness Skew(X), and
kurtosis Kurt(X), defined in eqgs. (4) to (8). These statistical
measures provide insight into the signal distribution and varia-
tions within each time segment. Fig. 3 shows two examples of
boxplots for median SD and mean DD, which were among the
top 20 features based on the SHAP [11] analysis. A boxplot
shows the inter-quartile range (IQR) between the first and
third quartiles of a distribution, while the “whiskers” in the
boxplot extend to the minimum and maximum values within
1.5 times the IQR from the quartiles. The median SD has
larger variations across the five modes compared to the mean
DD, but both have, most of the time, distinguishable shapes
across the mode of transport.

B. Random Forest-based classifier

Random Forest [12] is an ensemble learning method that
aggregates multiple decision trees to enhance predictive per-
formance while reducing variance. This approach is par-
ticularly beneficial for small datasets, where deep-learning
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Fig. 3. Examples of boxplots for two strong features, based on SHAP analysis,
and five transportation modes.

models often struggle due to their reliance on extensive
training data for generalization. By leveraging bootstrapping
and feature randomness, Random Forest effectively balances
model complexity and robustness, making it a suitable choice
for classification tasks where dataset size is a constraint.
Furthermore, its ability to provide feature importance insights
enhances interpretability, aiding in dataset refinement and pre-
processing. In addition, as overviewed in Section I, Random
Forest classifier has been one of the algorithms giving the
best multi-modal classification results in other research works
as well [7], [10], [13]-[15].

To optimize performance, the key hyperparameters were
tuned, including the number of estimators (n_estimators),
maximum tree depth (max_depth), and minimum samples
required for a split (men_samples_split). The model was
tested with n_estimators = {50,100}, where 100 trees
provided greater stability and reduced variance. The tree depth
was adjusted between 10 and 20, with deeper trees capturing
complex patterns more effectively while maintaining general-
ization. Additionally, min_samples_split was varied between
{2,5} to control overfitting, ensuring that splits occurred only
when a sufficient number of samples were available.

Following extensive evaluation, the best-performing model
was configured with n_estimators = 100, maz_depth = 20,
and min_samples_split = 5, striking a balance between
complexity and interpretability. Compared to other classifiers,
Random Forest demonstrated superior accuracy and general-
ization on the given dataset, confirming its effectiveness in
scenarios with limited training data. Moreover, its robustness
to overfitting and its ability to maintain predictive consistency
across variations in data distribution further validate its suit-
ability for classification tasks in small datasets.

C. SHAP analysis

Understanding the importance of different GNSS features in
these models is crucial for ensuring accuracy and robustness.

Feature Importance based on SHAP Values
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Fig. 4. Feature importance analysis using SHAP values in a multi-modal
transport classification model. The x-axis represents the mean absolute SHAP
value, indicating each feature’s contribution to the predictions. Features such
as C/NO skew, C/NO max, and C/NO min exhibit the highest importance.

The SHapley Additive exPlanations (SHAP) [11]-based
analysis in Fig. 4 highlights the most influential GNSS-based
features in the classification of multi-modal transport modes.

The carrier-to-noise ratio C'/ Ny statistics, particularly C'/Ny
skew, max, and min, exhibit the highest feature importance,
most likely because they are correlated with the multipath
profiles, which, at their turn, are related to the type of
transportation vehicle. The C'/Ny parameter reflects the signal
quality and stability, which are crucial in distinguishing differ-
ent transport environments. For instance, underground/metro
systems or tunnels typically exhibit low and fluctuating C'/ Ny
values due to limited satellite visibility, whereas open-road
vehicle transport maintains higher and more stable C/Nj
levels. The significance of Doppler shift variations (min, std,
max) suggests that the speed fluctuations and movement pat-
terns also play a key role in differentiating between different
transport modes. For example, bicycles and pedestrians exhibit
lower Doppler shift, whereas trains and cars have more distinct
speed-related signal patterns. Also, the median values of SD
and DD play a bigger role than the mean of SD and DD,
according to SHAP analysis, pointing out toward the fact that
outliers are not relevant in the classification.

IV. CLASSIFICATION RESULTS AND DISCUSSION

The one-by-one classification accuracy for 10 pairs of multi-
modal classification is given in Table II; columns 2 and 3
show the results where all features are used, while columns
4 and 5 show the results when only the top 20 features, as
identified by SHAP analysis, are used. As expected, there is
very little loss (typically less than 2%) when we use only
the top 20 features compared to using all features from Fig.
4. We can see that, by using only two satellites for GNSS-
based mode classification offers a robust approach, particularly
useful in scenarios where the satellite visibility is limited
(e.g., tunnels, deep urban canyons, etc.). While traditional
GNSS positioning requires at least four satellites to resolve
the three-dimensional position and clock bias, a two-satellite
method can still provide valuable mobility-mode insights. This



TABLE 11

CONFUSION MATRICES FOR MODE COMBINATIONS (ALL FEATURES VS. TOP 20 FEATURES)

Mode Combination | Accuracy (All) Confusion Matrix (All) Accuracy (Top 20) Confusion Matrix (Top 20)
129 (61.1%) 79 (38.9%) 0.6984 136 (64.3%) 72 (35.7%)
bike vs car 0.7115 41 (19.7%) 167 (80.3%) 49 (23.6%) 159 (76.4%)
167 (91.2%) 16 (8.8%) 0.9073 158 (86.3%) 25 (13.7%)
bike vs plane 0.9262 11 (6.0%) 172 (94.0%) 14 (7.5%) 169 (92.5%)
187 (89.9%) 21 (10.1%) 0.9246 181 (86.2%) 29 (13.8%)
bike vs train 0.9495 0 (0.0%) 208 (100.0%) 0 (0.0%) 208 (100.0%)
139 (66.8%) 69 (33.2%) 07461 147 (70.7%) 61 (29.3%)
bike vs walk 0.7692 27 (13.0%) 181 (87.0%) 39 (18.7%) 169 (81.3%)
162 (88.5%) 21 (11.5%) 0.8725 154 (84.2%) 29 (15.8%)
car vs plane 0.8962 17 (9.3%) 166 (90.7%) 22 (11.5%) 161 (88.5%)
233 (98.7%) 3 (1.3%) 0.9695 227 (96.1%) 9 (3.9%)
car vs train 0.9936 0 (0.0%) 236 (100.0%) 0 (0.0%) 236 (100.0%)
272 (64.3%) 151 (35.7%) 0.6077 266 (62.9%) 157 (37.1%)
car vs walk 0.6265 165 (39.0%) 258 (61.0%) 173 (40.8%) 250 (59.2%)
174 (95.1%) 9 (4.9%) 0.9517 169 (92.3%) 14 (7.7%)
plane vs train 0.9754 0 (0.0%) 183 (100.0%) 0 (0.0%) 183 (100.0%)
174 (95.1%) 9 (4.9%) 07802 168 (91.8%) 15 (8.2%)
plane vs walk 0.8005 64 (35.0%) 119 (65.0%) 68 (36.4%) 115 (63.6%)
236 (100.0%) 0 (0.0%) 0.9148 230 (97.5%) 6 (2.5%)
train vs walk 0.9386 29 (12.3%) 207 (87.7%) 33 (13.9%) 203 (86.1%)
approach reduces computational demands, making it well- -
suited for low-power applications such as IoT-based mobility 2. o6(42%) 45(246%) 3(Le%  527% BRI
tracking and resource-constrained environments. As seen in - 150
in Table II, an average overall accuracy of 85.9% and 83.7%
for pairwise comparisons was achieved using all features and §- 0000%) [UENECEAN 2(11%)  2(11%) | 70 (38.3%) 155
top 20 features, respectively. The 5-class results are shown in
Fig. 5, where we can see that certain transportation modes, . | 100
such as trains and planes, can be classified with high accuracy g 5 00w oo% RECEERl 1(05%)  0(0.0%)
even based on data from two strongest visible satellites signals, s
due to their distinct movement patterns. The average accuracy c
for the 5-class case is 61%; while it is significantly lower E- oWow 000K 0(0.0%) EEgiuggy O (0.0%) | o
than for pairwise accuracies, it is still significantly higher than
the random-guess accuracy (i.e., 20% for 5 classes), showing - -25
that the proposed pseudorange-based classification idea works 3706 D "%
and has potential for multi-modal classification. For example, e o Jane i i -0

more research is needed regarding the adequate choice of
features, starting from the pseudorange data and this remains
a subject of future investigation. Additionally, integrating
external factors such as road constraints and GIS data could
further enhance classification robustness, compensating for
the reduced satellite count, and also this remains a topic for
future research. Using only two satellites does introduce some
challenges, particularly in distinguishing between modes with
similar speed profiles, such as walking, biking, and slow-
moving cars. The reduced number of observations limits the
accuracy of velocity and acceleration estimates, potentially
leading to higher misclassification rates in complex urban
environments where multipath effects and signal obstructions

Predicted

Fig. 5. Confusion matrix highlighting the misclassification patterns between
the five considered transportation modes when only the measurements from
two strongest satellites in view are used.

are prevalent. As depicted in Fig. 5, confusion between certain
modes remains evident, highlighting the need for additional
signal processing techniques or sensor-fusion strategies. De-
spite these limitations, our proposed GNSS pseudorange-based
approach demonstrates promising potential when combined
with contextual data, offering a balance between efficiency
and performance in mobility-classification tasks.
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