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ABSTRACT Urban mobility worldwide is seeing an increasing use of micromobility vehicles such as
bicycles and e-scooters. However, accurate methods for measuring their traffic parameters remain limited,
which could result in outdated infrastructure planning practices. Conventional sensing technologies such as
pneumatic tubes, computer vision, and inductive loops struggle with the small dimensions, lowmetal content,
and high maneuverability of micromobility vehicles. This work presents an experimental classification
method based on magnetic signatures, which is designed for micromobility traffic monitoring in smart
city applications. A sensor array consisting of 11 magnetic field sensors installed across a bicycle path
was used to collect 236 real-world vehicle signatures. Fourteen temporal, spatial, and frequency-domain
features were extracted from each signature and evaluated using multiple machine learning models. Gradient
Boosting model achieved the highest performance with a cross-validation accuracy of 82%, demonstrating
that magnetic field signatures contain sufficient information to differentiate bicycles, e-scooters, and heavy
micromobility vehicles. Even with a limited dataset, results demonstrate the feasibility of micromobility
traffic monitoring based on magnetic signatures. Expanding the dataset and implementing additional signal
processing algorithms is expected to further enhance classification accuracy and support safe and accessible
mobility in smart cities.

INDEX TERMS Micromobility, smart cities, traffic monitoring, magnetic sensors, machine learning.

I. INTRODUCTION
Urban mobility worldwide is undergoing a transforma-
tion directed towards addressing ecological challenges and
improving the efficiency and accessibility of everyday travel.
First- and last-mile travel as a transport mode gap has been
recently addressed by micromobility vehicles – light (up to
350 kg), low-speed (up to 45 km/h) powered or unpowered
vehicles often designed for single users [1]. Their adoption
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is growing fast: large European cities are building almost
1500 km of bicycle paths per year [2], while the number of
sharedmicromobility trips in North America has increased by
20% from 2022 to 2023 [3]. However, urban infrastructure
design still primarily targets bicycles, instead of accommo-
dating for the wider range of powered micromobility vehicles
such as e-scooters [2], resulting in potentially outdated plan-
ning practices.

Successful smart city planning requires accurate measure-
ments of traffic parameters, including aggregate statistics
(traffic density, predominant directions), individual vehicle
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parameters (type, length, etc.) and user behavior parameters
(speed, route choice, etc.) [4]. In this regard, the effect of
micromobility vehicles is significant - research has shown
that the increasing traffic flow of light vehicles (such as
bicycles andmopeds) alters traffic flowdynamics of the entire
city [5]. Real-time data of technical parameters such as traf-
fic flow, composition of different vehicle types and driving
speeds can be used for optimizing technical infrastructure [6],
road capacity and safety [7] and other areas.

While such parameters are easily monitored for con-
ventional traffic, there is a lack of methods applicable
to micromobility vehicles (Table 1). Conventional sensors
are often unsuitable due to small vehicle dimensions, high
maneuverability, low clearance and low amount of metal
parts [8]. For example, contact measurement methods such as
pneumatic tubes or piezoelectric sensors are simple to use and
inexpensive, however, the lower clearance of micromobility
vehicles may impact measurement device selection, while
reduced degree of physical protection of micromobility users
can cause safety concerns [9]. Video based methods can
offer high accuracy for traditional vehicles, e.g. 92% [10],
but the accuracy for micromobility is often much lower –
e.g. 44% for skateboards, 66% for scooters [11]. In addition,
the accuracy of visual methods depends on the time of day,
lighting and weather conditions [12]. Magnetic field sensors
offer a promising alternative: they are cost-efficient, resistant
to environmental factors, and are relatively simple to install.
Methods using magnetic field sensors can also be easily
adapted to accommodate small, maneuverable micromobility
vehicles, as earlier studies have shown that vehicle movement
induces measurable magnetic field disturbances [13].
In the context of magnetic field sensors, the type (class)

of a vehicle is the most difficult parameter to measure of
all listed previously, compared to linear parameters such
as driving direction or speed. The task is further compli-
cated by the ambiguity of definitions – multiple classification
types are available. For example, SAE International excludes
unpowered vehicles and classifies the rest by vehicle config-
uration [14], while the International Transport Forum report
includes unpowered vehicles and classifies by speed and
weight [15]. For specific applications, the defined classes can
be adjusted based on the properties of the local micromobility
traffic.

Building on existing classifications, this paper introduces
a method for micromobility vehicle classification using
magnetic field sensor arrays, which has not been explored
previously. The approach aims to improve the accuracy and
reliability of micromobility traffic parameter measurement,
supporting the infrastructure planning, traffic management
and urban mobility optimization in smart cities.

II. RELATED WORKS
In modern research, micromobility is increasingly framed
as a critical system for transitioning towards the new gen-
eration of smart city models and creating the digital urban

commons [16]. From a policy perspective, micromobility is a
tool for smart urban growth, sustainably increasing density
and providing essential first-and-last mile connectivity to
public transit hubs [17], [18] by providing a price-efficient
alternative to car ownership and supporting the Avoid-Shift-
Improve triad (a shift from private motorized transport to
more sustainable travel modes) [18], [19].

More specifically, the monitoring of micromobility traf-
fic is essential in sustainable urban planning frameworks
such as the CalmMobility paradigm, which advocates for
a deliberate pace and sequencing of change over disrup-
tive implementation [19]. Reliable micromobility detection
and classification systems provide high-granularity data
needed for ‘‘go/adjust/stop’’ gates in pilot projects that are
evidence-based and reversible [19], [20]. Such systems allow
for targeted implementation of road safety measures and
ultimately result in calmer and safer urban environments [17],
[19], [20].

A. MICRMOBILITY VEHICLE PARAMETER MEASUREMENT
METHODS
Despite its importance for urban planning, research onmicro-
mobility traffic parameter measurement remains limited; the
number of papers published within the last three years does
not exceed ten [21]. Most existing research focuses computer
vision approaches (most commonly YOLO models) with
mixed results.

A 2021 study using 229 images of naturalistic scenes
achieved an accuracy above 91% for binary classification
(‘‘e-scooter rider’’ and ‘‘non-rider’’) but occlusions remained
a significant limitation [22]; a 2024 study employing a
substantially larger dataset demonstrated that accuracy for
certain micromobility classes can be as low as 44% [11].
Another research direction involves active micromobility
identification, where, in which micromobility riders are
equipped with, for example, backscatter tags compatible with
automotive radar systems [23]. However, such approaches
require large-scale regulatory adoption before becoming uni-
versally applicable.

The feasibility of using magnetic field sensors to measure
micromobility vehicle parameters does not depend on recent
technological advancements. In 2014, the US Federal High-
way Administration reported that a pair of magnetic field
sensors separated by 0.9 m can detect a bicycle from 1.2 m
distance [24]. However, there are no commercial or published
experimental systems which would use this type of sensor.

Magnetic field sensors have been successfully used for
conventional vehicle detection. For example, researchers
have achieved a vehicle counting accuracy of 92-95% using
such sensor type [25]. While a single sensor is not enough
to detect driving direction or perform classification, meth-
ods using several sensors have achieved a speed estimation
accuracy of 7.5 km/h for 90% of vehicles and a classification
accuracy of 87% [26]. Even better accuracy has been achieved
by using a time-synchronized sensor array. Such system is
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TABLE 1. Summary of vehicle parameter measurement methods potentially usable for micromobility.

also capable of re-identification of vehicles (recognizing the
same vehicle from a pool of candidates) with 90% accu-
racy [27]. Still, this technology has not yet been evaluated
in a micromobility context.

Inductive loops, another method commonly used in con-
ventional vehicle parameter measurement, have recently
been adapted for micromobility. Researchers in Valencia [4]
announced their work on a double 0.5 m loop working at
400-800 kHz frequency, which captures the micromobility
vehicle’s inductive profile, calculates the profile’s parameters
and estimates the vehicle’s parameters. More recently, other
researchers [8] described their own differently sized inductive
loops (100 cm width, 22-92 cm length), which are measured
at 1 MHz frequency and achieve significant signal-to-noise
ratio. A commercial solution is available as well – the ZELT
range by Eco-Counter includes bicycle counters which can
distinguish two classes (bicycles and scooters) with accuracy
of 95% using 13 differentiation criteria [28].
However, inductive loop measurements have significant

disadvantages compared to magnetic field sensors. The size
of the loop is relatively large, which results in a large area
of the road surface excavated during installation. It also leads
to significantly worse spatial resolution perpendicular to the
driving direction. Moreover, the mechanical construction of
the loop wears out over time due to road deterioration or
heavy vehicles [29].

Magnetic field sensors offer advantages in smaller foot-
print and increased spatial resolution, which can improve
the accuracy and reliability of the traffic parameter mea-
surement devices. In addition, these sensors are easier to
deploy and maintain – unlike inductive loops (which may
need to have their sensitivity adjusted on changes in the
environment, and a large road area maintained for mechanical
damage) and unlike video-based methods (which need ROI
selection and lens cleaning), magnetic field sensors offer
automatic self-calibration, adapt to changes in the environ-
ment (temperature, nearby metallic or magnetic objects) and
only require maintenance of a small strip of road surface.

B. MAGNETIC VEHICLE SIGNATURE PROCESSING
After capturing a vehicle’s magnetic signature, processing is
required to estimate vehicle parameters. One such method
is rule-based classification - one of the most straightforward
techniques. For example, direct rules were used to classify
cars according to their signature lengths [25]. However, the
accuracy was poor - less than 8% for some classes. A more
effective approach combines multiple features – for example,
one system used three features (normalized magnetic length,
averaged energy and number of peaks in hill pattern) fed into
a hierarchical tree with manually configured thresholds [30].
This resulted in an implementation suitable for a resource-
constrainedmicroprocessor, while achieving 80.9% accuracy.
However, micromobility vehicles are smaller and more vari-
able, thus more difficult to detect. For such signals, a small
number of features is likely to result in poor performance,
while a tree with many features is impractical to optimize
manually.

Machine learning (ML) models are the modern solu-
tion for improving accuracy. To achieve stable and accurate
results, features such as peak amplitudes, relative positions
or signature length are extracted from magnetic signa-
tures. The process of feature selection can either be done
manually or automatically, using dimensionality reduction
techniques [31].

Various ML models have been used for conventional
vehicle classification. Since simple probabilistic models
like Naïve Bayes and Logistic Regression perform poorly
for nonlinear problems and correlated features [31], they
are usually not used for magnetic signature process-
ing. Decision trees have achieved over 80% accuracy in
some signature classification studies [32], [33] but suf-
fer from overfitting and poor performance with large
datasets [31]. Support Vector Machines (SVM) have also
shown good performance. For example, SVM models
using just two magnetic-based features (amplitude ratio
and signature length) reached 83% vehicle classification
accuracy [34].
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Ensemble methods such as Random Forests, Gradient
Boosted Trees, and AdaBoost generally outperform indi-
vidual models in classification tasks [31] - for example,
AdaBoost model with an SVM core achieved up to 94.6%
accuracy for conventional vehicle classification [35]. Com-
parative studies suggest that ensemble-based approaches
provide the best trade-off between accuracy and robust-
ness for magnetic-signature-based vehicle classification [35],
[36], while deep neural networks require significant compu-
tational resources, large amounts of training data and long
training times [31].
In summary, magnetic field sensors have been tested and

proven effective for conventional vehicle detection and clas-
sification but remain unexplored for micromobility vehicles.
Addressing this gap could lead to more accurate monitoring
of micromobility traffic, better infrastructure planning for
smart cities, and improved safety for users of these light,
highly maneuverable vehicles.

III. METHODOLOGY
The main classification principle described in this paper is
based on collecting magnetic signatures of micromobility
vehicles driving along a bicycle path and passing over a tem-
porarily installed measurement system. The overall structure
of the system used for experiments is presented in Fig. 1.
It consisted of:

1) 11 magnetic field sensors spaced in 10 cm intervals
across the bicycle path (spacing obtained from initial
simulations).

2) Sensor hub, which sampled magnetic field sensors
at 500 Hz, removed temperature-dependent offset drift,
performed simple threshold-based vehicle detection
(signature start and end detection) and stored captured
signatures in memory.

3) Computer, which connected to the hub, downloaded
collected signatures for asynchronous processing and
captured camera footage for evaluation. Time synchro-
nization was achieved using a public NTP server.

Examples of captured micromobility vehicle signatures are
shown in Fig. 2.
Based on the local vehicle type distribution in local traffic,

the micromobility vehicle classes used in this paper (Table 2)
were adapted from SAE International [14]. The bicycle and
e-scooter classes were kept, while the heavy micromobility
class was created to group less common vehicles - powered
bicycles (e-bikes) and seated scooters.

The typical signatures of different vehicle classes (Fig. 2)
have distinctive features. For example, the bicycle signa-
ture has two narrow peaks (wheels), the e-scooter signature
includes the internal battery (between the wheels) and the
heavy micromobility signature has a relatively large spatial
width.

Captured signatures were processed using the pipeline out-
lined in Fig. 3. First, the stored data was cleaned to remove

FIGURE 1. Data collection system.

TABLE 2. Adapted micromobility vehicle classification.

incorrectly recorded signatures. Afterwards, signatures were
manually labelled using recorded camera footage.

A time-domain signal was extracted from each signature
for feature calculation. Since the measurement system can be
oriented in any compass direction and the Earth’s magnetic
field has a horizontal component (the magnetic inclination
is not 90◦ except for the poles), the x and y axis data of
the captured signatures depend on the sensor orientation.
To reduce the system’s sensitivity to orientation, the z axis of
the magnetic field Bz was selected instead of the magnitude.

To prepare for signature classification, the center sensor of
each signature with index c was selected according to

c = argmax
j

(
max
i

(
|zi,j|

))
, (1)

where zi,j is the magnetic field value at time i and sensor
index j, resulting in the sensor which has the largest absolute
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FIGURE 2. Typical magnetic signatures of micromobility vehicles.

FIGURE 3. Data processing pipeline.

maximum of its time series data. It is visible in the middle
column of Fig. 2.

Each selected signal was filtered with a low-pass filter
before performing feature extraction. The filter parameters
(cutoff frequency fc = 30 Hz) were selected experimentally,
based on the spectral contents of collected vehicle signatures.

The features used for machine learning (Fig. 4) were
selected iteratively. Starting from a list of 35 features, the
feature with the lowest cross-validation importance was
recursively eliminated. The process was repeated to remove
the maximum number of features until the accuracy started to
drop. The best performing features were extracted from the
signal Bz of the center sensor (except for spatial features).
The feature set included both features from existing

research and original features (Table 3).
The temporal, spatial and frequency features were selected

to capture the main noticeable differences between signatures
of different vehicle classes, while more complex features
(ratios) were designed to aid in classifying atypical signa-
tures.

Lastly, the extracted feature vectors were passed to selected
machine learning models (Gradient Boosting, Random

Forest, support vector machine, k-Nearest Neighbors (KNN),
Naïve Bayes and Logistic Regression) for training and vali-
dation. Stratified 10-fold cross-validation was used to reduce
the evaluation bias and obtain accurate results.

IV. RESULTS
236 valid micromobility vehicle signatures were collected
under real traffic conditions (Table 4). The overall traffic
density (including valid and discarded samples), measured in
15-minute intervals, ranged from 20 to 76 vehicles per hour,
with an average of 31.3 vehicles per hour. Most discarded sig-
natures resulted from vehicles not passing correctly over the
temporarily installedmeasurement system. A smaller number
of signatures (predominantly bicycles) were discarded due
to micromobility users travelling in groups and crossing the
measurement device in short succession, resulting in a multi-
vehicle signature.

Most of the valid data (59.7%) consists of bicycle signa-
tures, 26.3% - e-scooters, 14% - heavy micromobility signa-
tures. Other discarded signatures include mobility scooters,
lawn mowers, etc. This dataset represents real-world condi-
tions, as it was collected from actual campus micromobility
traffic rather than simulated or artificial traffic.

Using the features described previously, machine learning
models were trained and evaluated using cross-validation.
The mean accuracy for all models (Table 5) was similar
(0.7 to 0.82), but the standard deviation varied up to 2.5 times
(0.04 to 0.11). Simple models based on assumptions about
the data (Logistic Regression, Naïve Bayes) performed worse
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FIGURE 4. Examples of features extracted from vehicle magnetic signatures.

than more complex models due to the classification problem
being complex (nonlinear) itself.

For all models, the accuracy was higher than the random
uniform prediction baseline of 0.33 and majority class (bicy-
cle) prediction baseline of 0.60 (with p-values significantly
below α = 0.05), which proves the value of application of
the evaluated models.

The best cross-validation accuracy of 0.82 ± 0.04 was
achieved with the Gradient Boosting model. The result is
sufficient for an experimental model with a limited dataset.
The best-recognized class (Fig. 5) was bicycles with recall
of 0.89 and precision of 0.83, followed by e-scooters with
recall of 0.76 and precision of 0.83. The main issues were
related to the low number of heavy micromobility samples –
the model reached a recall of only 0.64 and precision of 0.75.
The macro-average F1 score is 0.78 (with each class given an
equal weight).

The other two best-performing models (Random Forest
and SVM) achieved similar results, but the per-class metrics
varied. According to McNemar’s tests comparing all models
against the Gradient boosting model, Random Forest is the
only model with no significant statistical difference in clas-
sification results (all other p-values significantly below α =

0.05). The Random Forest model performed worse in clas-
sifying heavy micromobility, lowering recall to 0.45. SVM
improved heavy micromobility classification to an accuracy

of 0.73 at the cost of reducing other class accuracies to a
similar level.

The results of the best performing model (Gradient
Boosting) were analyzed in more detail. One important
observation was that dataset augmentation (increasing the
amount of heavymicromobility samples through signal inver-
sion) achieved marginal improvement (accuracy of 0.84) but
increased standard deviation by almost 40% (to 0.06). Since
only two of the used features are asymmetric, signal inversion
did not substantially increase the variability of the heavy
micromobility class. As a result, the model improved its
performance on samples similar to those already observed,
while becoming more sensitive to fold-specific variations in
the training data.

Other imbalance handling techniques such as class
weight adjustment or majority class undersampling achieved
results similar to those of the SVM. Increasing the
weight of the heavy micromobility class improved its
accuracy (up to a maximum of 0.77) but reduced the
overall accuracy and increased standard deviation across
folds for the same reason observed with the inversion
augmentation.

On the other hand, increasing the number of real heavy
micromobility samples should improve model accuracy
because the learning curve (Fig. 6) did not reach its plateau
for validation data.

55646 VOLUME 14, 2026



E. Kasperavičius et al.: Micromobility Vehicle Classification for Smart City Infrastructure

FIGURE 5. 10-fold cross-validation confusion matrix of the three best performing classifiers, normalized to number of true samples.

It is important to note that the training accuracy curve
reached saturation when 25% of the training data was used.
This indicates overfitting, which arises because the Gradient
boosting model quickly memorizes patterns in the limited
set (N=236). However, the cross-validation accuracy, eval-
uated on signatures not seen during training, is relatively
high and continues to increase, showing that the model can
classify unseen vehicles. The overfitting primarily reflects
the small dataset rather than a fundamental flaw in the
model, since experiments with simpler models did not result
in improved performance. Adding more samples, partic-
ularly for the heavy micromobility class, would improve
generalization.

Based on the underlying data of the learning curve, it was
estimated that the heavy micromobility class recall would
plateau at 0.7 with at least 1000 total samples (keeping the
existing class proportions), while the overall accuracy would
plateau at 0.88 with 500 total samples. This is confirmed
by existing research – Gradient Boosting models need at
least 20-30 samples per feature, depending on the complex-
ity of the data [38]. Moreover, it is likely that additional
heavy micromobility signatures would allow for the extrac-
tion of more informative features, which would improve the
accuracy further. The accuracy needed for practical deploy-
ments varies, but is usually 90% to 95% in commercial
systems [28].
The feature list described previously was selected from

a broader feature list by evaluating the accuracy curve
(Fig. 7). The maximum accuracy point before the plateau is
14 - increasing the number of features further did not improve
the accuracy but reduced model stability.

Of all the used features, two were significantly more
important than others (Fig. 8): low/high frequency energy
ratio at 19% (suggesting that heavy micromobility signatures
are likely to have fewer high frequency components than

FIGURE 6. Gradient Boosting model cross-validation learning curve,
shaded area – standard deviation.

bicycles or e-scooters) and spatial width at 12% (suggesting
that magnetic field disturbances caused by heavy micromo-
bility have a greater area of effect than those of smaller,
lighter vehicles). The rest of the feature importances grad-
ually drop off to just above 3.5%.

In summary, the results demonstrate that magnetic signa-
ture features, used as inputs for a Gradient Boosting model,
are sufficient for micromobility vehicle classification. How-
ever, a larger and more balanced dataset is needed to reach
performance sufficient for urban planning applications.

V. LIMITATIONS
While the proposed micromobility classification method
avoids many drawbacks of alternative sensing technologies
(e.g., it is not sensitive to pedestrians ormicromobility vehicle
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TABLE 3. Used features.

tire composition), it has its own limitations. In addition
to the experimental constraints already discussed, such as
the small dataset, the system cannot detect micromobility

TABLE 4. Collected data.

FIGURE 7. 10-fold cross-validation accuracy dependence on the number
of features used, shaded area – standard deviation.

FIGURE 8. Gradient Boosting model feature importances and their
standard deviations.

vehicles lacking metal or magnetic components. This
includes devices such as kids scooters or rollerblades,
which are generally not a significant part of micro-
mobility traffic (less than 1% of all micromobility
observed in this study). Moreover, the system’s perfor-
mance in extremely dense traffic, where riders maintain
less than 10 cm of separation, remains uncertain, and
it is unclear whether individual signatures could still
be distinguished. Finally, the method cannot account for
anomalous behaviours, such as riding a bicycle on one
wheel.
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TABLE 5. 10-fold cross-validation comparison of ML models (N=236).

VI. CONCLUSION
• The study demonstrated a proof of concept for micro-
mobility vehicle classification using an array of 11 mag-
netic field sensors installed across a bicycle path. A total
of 236 magnetic vehicle signatures were captured under
real traffic conditions and classified into three classes
(bicycles, e-scooters and heavymicromobility vehicles).

• A set of 14 features (temporal, spatial, frequency domain
and others), combined with a Gradient Boosting model,
resulted in the highest cross-validation accuracy of 82%.
The most important features were the low/high fre-
quency energy ratio and spatial width.

• This level of performance indicates that magnetic field
sensor arrays have the potential to improve micromo-
bility traffic parameter measurement compared with
video-based methods (which report scooter detection
accuracy as low as 66% due to sensitivity to weather and
lighting, compared to 76% achieved in this study) and
inductive loops (which achieve higher accuracy but only
distinguish two classes and require more complicated
deployment and maintenance).

• The main limitation of this study is the size and balance
of the dataset, particularly the small number of heavy
micromobility vehicle samples. Expanding the dataset
to include a greater variety of vehicles is expected to
improve classification performance and model general-
ization.

FUTURE WORK
Future work will focus on collecting a larger, more diverse
dataset to improve model generalizability and address
two key challenges observed during testing: (1) sepa-
ration of overlapping vehicle magnetic signatures using
neural networks for vehicle count estimation and signa-
ture segmentation or mix source separation techniques, and

(2) re-alignment of signatures produced by vehicles crossing
the sensor array diagonally using a vehicle axis estimation
and rotation correction algorithm, or sensor fusion meth-
ods with gating mechanisms. Finally, before a measurement
system based on this method is ready for deployment, its
installation andmaintenance procedures, scalability, and inte-
gration into smart city infrastructure must be addressed.
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