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Abstract Automatically detecting and counting cyclists in urban scenarios is a task in intelligent transportation systems
and smart cities that enables the generation of important structured data. This data contributes to understanding the
dynamics of cyclists’ use of the urban space and guides the development of public policies for cycling mobility
and traffic safety. In this study, we propose an embedded system for cyclist detection and counting, aiming to be a
lightweight solution using computer vision and deep learning methods. It is characterized by low energy consumption
and easy handling, based on the Raspberry Pi 4 platform and the Edge TPU Coral accelerator. The developed system
achieved an F'1-score of 0.9137 for processing prerecorded video. In experiments conducted in a real urban setting,
we achieved counting accuracy between 78,3% and 82,2%, a performance comparable to solutions with higher
computational requirements and/or costs. Code is available at https://github.com/leandroAS86/det-cicle
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1 Introduction

Cyclomobility is a mode of active mobility in which the bicy-
cle is used as the primary means of transport, characterized by
its reliance on human power. The practicality and efficiency
for short and medium-distance trips, together with its low
cost, make it a more accessible option for urban mobility,
recreation and sports. Additionally, as it requires movement
and energy expenditure, it also provides health benefits by
directly combating sedentary lifestyles [Piatkowski and Bopp,
2021; Oja et al., 2011].

Like pedestrians, cyclists are vulnerable road users, as they
are unprotected while cycling and an accident can result in
serious injuries or even death [Garcia-Venegas et al., 2021].
Therefore, it is important for public authorities to pay more
attention to making cities safer for cyclists. Automatic cyclist
counting monitors the use of this transport mode, providing
crucial data for creating for creating public cycling policies,
such as the construction and resizing of cycle lanes, and ad-
justing vehicle speed limits [Beitel ef al., 2018].

Pneumatic tube and inductive loop counters are common
methods for automatically counting cyclists. These systems
have an accuracy of around 85% and provide supplementary
information regarding the direction of travel [Ozan et al.,
2021]. However, both methods only perform counting at spe-
cific points. Moreover, inductive loop counters are intrusive
to the pavement and require specialized labor for installation.

The fields of computer vision and deep learning have been
important for the development of intelligent transport systems
and smart cities. Many studies have been proposed for vehi-
cle detection and traffic surveillance [Guindel et al., 2018;
Mhalla et al., 2018; Liu et al., 2021], as well as cyclist de-
tection [Masalov et al., 2018; Garcia-Venegas et al., 2021].

These studies focus on offline analysis of traffic scenarios. In
contrast, other proposals are based on embedded platforms,
which are low-cost, compact, and easy to install, aimed at
local processing [Stahl et al., 2023; Jin et al., 2020].

This paper presents a system for detecting and counting
cyclists in urban settings. Based on the YOLOv8n deep learn-
ing architecture, it performs on-site processing with video
camera capture. To achieve this, the camera was positioned
with an elevated view alongside the road, which allows for an
expanded monitoring area. For improved counting, the sys-
tem employs cyclist tracking, which also enables determining
the direction of travel. The system runs on a Raspberry Pi
4 (RPI4) embedded platform with an Edge TPU Coral USB
accelerator. An overview is shown in Figure 1 '. The equip-
ment can be installed next to the road at a height of 4 to 5
meters, with the camera’s field of view adjusted to a lateral or
longitudinal perspective. Given its low power consumption,
the system can be powered by solar energy.

Local processing is useful for operation in areas without
internet connection for transmitting image data for remote
processing, besides reducing costs by eliminating the need for
storage infrastructure and data security for protection against
unauthorized leaks and to ensure privacy. In locations with
Internet connectivity, this solution enables more agile moni-
toring by sending counting data at regular intervals.

This approach aimed to meet technical recommendations
for cyclist counting, allowing the selection of an appropriate
measurement location on the road, whether on two-way streets
or intersections. It also aimed to protect the count against the
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Figure 1. Cyclist counting system. The device is installed alongside the
road at a height between 4 and 5 meters.

negative effects of dense crowds or severe occlusion, thereby
making the automatic count closer to those carried out by
humans, as shown in Figure 2 2. In on-site counting tests
conducted at locations and times of intense movement in
the city of Curitiba, Brazil, the proposed system showed a
success rate of between 78,3% and 82,2% compared to visual
counting. This result is comparable to solutions with higher
costs [Ozan et al., 2021].
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Figure 2. Suitable locations for counting when performed by humans.

This study contributes to the field by proposing and evalu-
ating a lightweight, practical, autonomous system that lever-
ages advances in computer vision and deep learning for urban
scene analysis, achieving performance comparable to other
available approaches [Stahl et al., 2023; Jin et al., 2020].
In addition, we propose a post-processing step that assists
counting based on the quantity of detections and the distance
between detections obtained from the frame sequence by cy-
clist tracking.

The rest of the paper is structured as follows. Section
2 describes the state of the art in this research area, while
Section 3 outlines the development process of the proposed
system. Section 4 presents the obtained results, and Section
5 outlines our conclusion and points to future work.

2 Related Work

Traditional computer vision systems for object detection em-
ployed methods such as SIFT, HOG and LBP for feature
extraction and k-NN, SVM and AdaBoost for classification
[Boukerche and Hou, 2021]. In recent years most approaches
are based on deep learning architectures and convolutional
neural networks. Deep learning approaches enable extract-
ing features with greater representational power, which is

2Report Cyclist Counts — Technical Recommendations and Mon-
itoring — Institute for Transportation and Development Policy (ITDP):
https://itdpbrasil.org/wp-content/uploads/2018/10/Conta
gens-de-ciclistas_ITDP_out2018_v04.pdf
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important for the detection task, and have become the main
mechanism currently used [Zou et al., 2023].

Deep learning methods are classified into two-stage — e.g.
Faster R-CNN [Ren ef al., 2017], and single-stage — e.g.
SSD [Liu et al., 2016], YOLO [Redmon et al., 2016] and
EfficienteDet [Tan et al., 2020]. Two-stage architectures first
generate candidate regions for the presence of objects and
then perform classification, while single-stage architectures
perform both tasks in a single network pass. Each archi-
tecture varies in network size, accuracy, processing speed,
among other characteristics. The choice of which one to use
must take into account matters such as available hardware,
training datasets, inference time and the desired accuracy.
Studies have analyzed the application of deep learning based
approaches in urban scenarios [Boukerche and Hou, 2021]
and their use with embedded devices for image object detec-
tion and classification [Rodrigues Moreira et al., 2025]. Other
research has evaluated the performance of various architec-
tures for cyclist detection [Liu ef al., 2021; Garcia-Venegas
etal., 2021].

Table 1 summarises the characteristics of the state-of-the-
art, highlighting the similarities and differences with this
study. The generation of data for application in public policies
aimed at urban planning and improving bicycle mobility has
been addressed in Stahl ez al. [2023]; Jin et al. [2020] and Liu
etal. [2021].

Embedded systems using lightweight detectors through
classical artificial intelligence models are described by Stahl
et al. [2023] and Jin et al. [2020]. These studies aimed to
achieve characteristics such as low cost, power consumption,
compactness, ease of installation and non-invasiveness to the
traffic flow of cars and pedestrians.

The system for classifying and counting cyclists proposed
by Stahl et al. [2023] was based on thermal images captured
by a long-wave infrared sensor, with a pre-processing stage
running on the RPI4 platform to extract features, and the
NMS500 processor being responsible for classification. This
solution is susceptible to the environment temperature, which
poses challenges in situations of occlusions and similarity
in this type of image. In addition, low-resolution thermal
sensors tend to be an alternative to the higher costs of better
quality sensors, which limits the system’s coverage area.

Employing a millimeter-wave (mmWave) sensor-based
approach and the Nvidia Jetson Nano embedded platform, Jin
et al. [2020] proposed a system for recognizing pedestrians
and cars applied to scenarios involving intersections. By be-
ing able to process high-resolution images, it was possible to
overcome problems related to adverse weather conditions and
distance, being effective in recognizing objects at distances
of up to 30 meters. A multivariate Gaussian mixture (GMM)
model was developed and used as a classifier. Although the
system was only tested for these two classes, the authors men-
tion the possibility of including new classes in future work,
allowing for the detection of cyclists as well as the use of
deep learning models.

Automotive applications were the focus of studies by
Garcia-Venegas et al. [2021]; Allebosch et al. [2020]; Guin-
del et al. [2018] and Masalov et al. [2018]. These studies
describe systems for object detection using moving cameras.
Furthermore, they were only tested on pre-recorded videos
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Table 1. Similarities and differences between related works.

Santos et al. 2026

Authors Actions Characteristics Hardware

Stahl et al. [2023] Counting Embedded hardware RPI4 + NM500
Urban planning Smaller coverage area LWIR
No travel direction Low-resolution thermal sensor (160 x 120)

Jin et al. [2020] Counting Embedded hardware Nvidia Jetson Nano
Urban planning Not tested for cycling class xWR1843BOOST

Traffic monitoring at intersections

Liu et al. [2021] Counting Prerecorded videos Nvidia Titan Xp

Urban planning Based on fixed urban monitoring system

Garcia-Venegas ef al. [2021]

Allebosch ef al. [2020]

Masalov et al. [2018]

Guindel et al. [2018]

Ours

No travel direction
Automotive applications
Detection and risk evaluation

Cycling competitions application
Detection and drafting violation
Automotive applications

Automotive applications
Viewpoint estimation
Counting

Travel direction

Urban planning

Prerecorded videos

Camera at cyclist’s level
Lightweight deep learning
Camera at cyclist’s level
Lightweight deep learning
Prerecorded videos

Camera at cyclist’s level

Based on cycling jersey patterns
Prerecorded videos

Embedded hardware
Lightweight deep learning

Larger coverage area

Local processing

Adjustable site characteristics

Higher image resolution (416 x 416)

Nvidia RTX 2070

Nvidia GTX 1060

Intel Core 17

Nvidia Titan Xp

RPI4 + Edge Tpu Coral
12 megapixel Sony IMX708
Camera

and did not address data generation.

The study by Masalov et al. [2018] proposed a lightweight
system for detecting cyclists in videos, exploiting the charac-
teristics of sports jerseys, for which a specialized dataset was
created. Their algorithm relies on knowing a wide variety
of patterns found in these outfits, which limits the system’s
applicability, as this type of clothing is not always part of the
local culture, and patterns can vary over time and location.

The study by Garcia-Venegas et al. [2021] aimed at im-
proving cyclist safety, based on assessing the risk of accidents.
The study emphasized that the SSD MobileNetv2 achieved
the best average precision (AP) and inference time. Liu et al.
[2021] used Faster R-CNN for detecting and counting cy-
clists and pedestrians, achieving good results in detecting
small objects and in heavy traffic conditions. They employed
YOLOV2 and SSD for detecting other vehicles due to the
lower inference time. Guindel et al. [2018] also used Faster
R-CNN for cyclist detection and viewpoint estimation, while
Allebosch et al. [2020] used YOLOV3 to detect cyclists in
cycling competitions and perform drafting detection, success-
fully detecting cyclists at distances greater than 20 meters.
All of these studies rely on GPUs with superior processing
capabilities to run the deep learning models on which they
are based.

Studies involving deep learning models often focus on off-
line processing, whereas those based on embedded platforms
tend to use classic computer vision models. This study is
distinct because it focuses on running lightweight deep learn-
ing models on embedded platforms for local processing of
images captured in real time. In addition, we apply tracking
to enhance counting accuracy and determine travel direction.
Our system can be easily adjusted to different types of lo-
cations, such as intersections, two-way roads, bicycle lanes,
squares, and parks. To achieve this goal, we proposed a pat-

tern of specialised datasets and created a database that, to our
knowledge, has no counterpart with similar characteristics in
the literature. Another point to be highlighted in this study
is that we evaluated the feasibility of the system’s autonomy
through solar power and conducted practical on-site testing.

3 Materials and Methods

In this section, we describe the equipment and methods ap-
plied to develop the proposed system.

3.1 Devices and equipments

The Raspberry Pi 4B (RPI4) platform is equipped with a
quad core Cortex A72 CPU running at 1.5 GHz. Although it
offers a good cost versus processing power ratio, the RPI4 has
high latency for processing deep learning architectures, so we
decided to integrate it with the Edge TPU Coral coprocessor,
which incorporates an Application Specific Integrated Circuit
(ASIC) designed for models based on the TensorFlow library
and performs up to 4 trillion operations per second (TOPS),
with 0.5W per TOPS.

With maximum processing using the CPU’s 4 cores, the
RPI4 consumes 6.5mW, making it possible to use a portable
solar panel to power the system. The used solar panel provides
a voltage of 5V and an output current of 2A when operating at
full power. This panel has 260 x 160 x 30mm and weights 0.4
kg, preserving the equipment’s easy handling requirements.
Figure 3a shows the RPI4 connected to the Coral via USB
and the solar panel fixed above the equipment. Figure 3b
shows how the equipment was positioned alongside the road
using a 4-meter tall tripod for conducting tests.

For training the deep learning models, we used a PC with
an Intel Core 17 processor, 32 GB of RAM, and an NVIDIA
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(a) All devices connected and the camera tilted at an angle of approximately 25°.

(b) Equipment positioned at the sidewalk using a 4-meter tall tripod.
Figure 3. The cyclist counting hardware and equipments.

RTX 3070 TI GPU with 8 GB of RAM. The used software
libraries were TensorFlow 2.11.0 and PyTorch 1.13.0 for
Python 3.9 running on Linux Ubuntu 22.04 64-bit.

3.2 Datasets

Public image datasets are highly important in the field of
computer vision. For studies involving urban scenes, the
KITTI [Geiger ef al., 2012] and Cityscapes [Cordts ef al.,

Santos et al. 2026

2016] datasets are among the most widely used, while for
cyclist detection the CIMAT-Cyclist [Garcia-Venegas ef al.,
2021]and TDCB [Li et al.,2016] datasets stand out. However,
due to the great difference between the images in these sets
and the real scenario in which the system is applied, it is
necessary to supplement them with data that better represents
the considered scenario, improving detection performance.
In this study, the CIMAT-Cyclist and TDCB datasets were
supplemented with images from the intended field of view.

To create our own dataset, 185 minutes of video were
recorded at a resolution of 1280 x 1080 and 30 FPS, from
which we extracted 18,330 images containing cyclists and
1,706 containing only the background, annotated with the
RoboFlow software. These videos were split into 145 minutes
for training, 20 minutes for validation, and 20 for testing.
Splitting the setsbefore extracting the images guarantees the
same instance of a cyclist does not appear in multiple sets.
Data was collected between August and September 2023 at 5
points in the urban scenarios with heavy pedestrian, bus, and
car traffic in varying weather conditions.

While the developed dataset shares an urban environment
focus with the CIMAT-Cyclist and TDCB datasets, it differs
in its field of view. The developed dataset contains images
of cyclists of varying sizes and perspectives with multiple
cyclists often visible from different angles within a single
image. This allows for a more comprehensive representation
of the proposed real-world application scenarios. To the
best of our knowledge, no other dataset has these features.
Figure 4 shows six representative images from the dataset
that illustrate these features. The images were captured using
a Wide NolR camera, which has an infrared filter that alters
the color palette during the day.

Figure 4. Example of images present in the developed datasets.

Table 2 describes the composition of the dataset, with a
total of 44,801 images divided into training, validation, and
test sets.
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Table 2. Characteristics of datasets for cyclist detection.

Base Train Validation Test Total
TDCB 9,741 1,019 2914 13,674
CIMAT 7,104 1,776 2,211 11,091
Ours 16,874 1,781 1,381 20,036
Total 33,719 4,576 6,506 44,801

3.3 Evaluation Metrics

The most commonly used metric for evaluating the perfor-
mance of detection approaches whose output is given by rect-
angular regions is the Intersection over Union ({oU), calcu-
lated by the Equation 1, which measures the overlap between
each expected bounding box (B,) and its corresponding pre-
diction by the system (B5,). The expected bounding boxes
are those labeled in the test set. An object is considered to
be successfully detected if the JoU measured for its labeled
region exceeds a given threshold. In competitions like COCO
[Lin et al., 2014], a threshold of 0.5 is typically considered,
the same value adopted by this work.

area(B, N By)

IoU =
¢ area(B, U By)

(1)
A detection will be considered:

* True positive (TP): if the object is detected with an ToU
greater than or equal to the threshold;

+ False positive (FP): if the detection does not contain a
corresponding object;

+ False negative (FN): if the IoU is below the threshold.

From these definitions, it is possible to obtain precision
and recall metrics according to Equation 2 and 3, respectively.
The F'l-score is then obtained from these metrics, as per
Equation 4. The Average Precision [Li et al., 2014] (AP)
is obtained as the area under the curve formed by recall and
precision, calculated by varying the threshold, which controls
the sensitivity of the detector.

TP
P=_—
TP+ FP )
TP
R_TP—i—FN 3)
2x PxR
F1- = 4
score PR 4

For the complete system, including tracking across frames,
we also consider a single rate, which represents the proportion
of cyclist instances that were successfully counted.

3.4 Selection of deep learning architecture

Training a CNN from scratch is a computationally expensive
task that requires a large amount of data to produce an ef-
fective model. To overcome these difficulties, the transfer
learning technique is widely used. This involves applying a
generic detector, trained on a large and varied dataset, to solve
a problem in a specific domain, based on a fine-tuning stage
on a smaller base, representative of this domain. This tech-
nique was used to train and evaluate three architectures in this

Santos et al. 2026

study: EfficientDet-D0, SSD-MobileNetv2, and YOLOvS8n.
The models were selected for their suitability for edge com-
puting, which requires lightweight architectures [Rodrigues
Moreira et al., 2025; Rodriguez-Conde et al., 2021]. At the
time of prototype implementation, YOLOvV8n was the latest
version available for our target platform.

The Edge TPU Coral device runs models with the network
weights in 8-bit integer format, requiring a quantization pro-
cedure to convert the weights of the model trained in 32-bit
floating point format. This makes the model smaller and
faster without significantly affecting the network’s inference
accuracy [Ma et al., 2023]. Figure 5 illustrates the training
procedure to obtain the model in the compatible format.

TensorFlow
model
PyTorch model

RPI4 / Coral

EfficientDet-DO
SSD-MobileNetv2
32 bit float

TensorFlow Lite
8 bit int

Convert

YOLOv8n
32 bit float

Figure 5. Activity diagram for training EfficientDet-D0, SSD-MobileNetv2
and YOLOVS8n and obtaining the quantized model in the 8-bit format sup-
ported by the Edge TPU Coral device.

For an initial evaluation of the architectures, the models
were initialized with pre-trained weights and fine-tuned for
10 epochs and with batch size 64, using only the public cyclist
datasets. The F'1-score was computed from a small set of 109
images collected from the Flickr social network and brazilian
web page called Cicloativismo®, containing 155 instances of
cyclists. Processing speed was measured on the RPI4 + Edge
TPU Coral. Table 3 shows the results.

Table 3. Performance of the tested models for 109 images from
Flickr and the Cicloativismo page.

Model Resolution F1-score FPS
EfficientDet-DO0 320 x 320 0,9085 16
SSD-MobileNetv2 320 x 320 0,9459 10
YOLOv8n 320 x 320 0,9484 40
YOLOv8n 416 x 416 0,9579 31

The YOLOvV8n model had significantly lower processing
time compared to EfficientDet-D0 and SSD-MobileNetv2.
This allowed for an increase in the input image resolution of
the network (416 x 416), while still keeping the frame rate
higher, contributing to improving network performance and,
consequently, enhancing results, making it more suitable for
the proposed objectives. Further increasing the resolution did
not improve the results.

Given the variety and amount of images in the dataset
and the fact that there is a single target class — the cyclist
class — common data preprocessing techniques, like data
augmentation and balancing were not employed, as they are
recommended to address issues with limited data or class
imbalance. As it is important to prevent the same cyclist from
appearing in both the training and test sets in order to ensure

3https://wuw.cicloativismo.com/
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training quality, no cross-validation was performed, which
could lead to the results being overestimated.

3.5 Cyclist Counting System

For the final system, the inputs for the network are the frames
captured by the camera, pre-processed so that only a central
region of interest, where cyclysts may appear, is kept. This re-
gion is defined manually, according to the camera positioning,
as shown in Figure 6.

(a) 1280 x 1080 pixel.

Figure 6. Pre-processing and selection of the region of interest. Original of
the 1280 x 1080 frame reduced to 1080 x 800.

(b) 1080 x 800 pixels.

Tracking is an efficient way of improving the performance
of a detection system against false negative and positive re-
sults [Garcia-Venegas ef al., 2021; Allebosch et al., 2020],
as well as helping to count objects [Liu et al., 2021]. In this
study, tracking is also used to obtain additional information
about the cyclist’s direction of travel. The BoT-SORT track-
ing algorithm [Aharon ef al., 2022], which is based on the
Kalman filter, was selected based on its satisfactory perfor-
mance when combined with YOLOv8n on the Raspberry Pi 4.
Other approaches in the literature include ByteTrack [Zhang
et al., 2022] and StrongSORT [Du et al., 2023]. However,
the primary objective of this study was to demonstrate the
feasibility of integrating a tracking technique into the sys-
tem to enhance its robustness and completeness. A detailed
comparative analysis between different tracking algorithms
is beyond the scope of this study.

The counting procedure takes into account the number of
detections of the same cyclist and the Euclidean distance of
travel, in pixels, since the first detection. These two measures
are obtained by updating the history of detections of each
cyclist through the frame sequence, thus allowing the count
to be incremented for each cyclist who reaches 10 detections,
with a minimum distance of 100 pixels. These values were
defined empirically. Figure 7 shows a sequence of frames
illustrating this process. Five cyclists are tracked and counted
as long as they appear in the field of view.

4 Results and Discussion

This section presents the results of the study. First, the per-
formance of the model on single images is shown, followed
by the performance of the complete system on video, in line
with the on-site results. Some qualitative observations and
comparisons regarding state-of-the-art are also presented.

Santos et al. 2026

(a) The system starts tracking when the cy- (b) Cyclists are counted if they meet the
clists appear in the image, highlighted in minimum requirements, which are high-
red. lighted in green.

(¢) The system continues to detect as long (d) New cyclists appear, travel in the oppo-

as the cyclist remains in view. site direction, and begin to be tracked.

(e) The system increments the count. (f) All cyclists were accounted for.

Figure 7. Sequence of frames illustrating the detection of five cyclists.

4.1 Model Performance on Single Images

The chosen architecture, YOLOv8n, was trained on our full
dataset (Table 2) for 30 epochs. The performance on the
test set for F'1-score was 0.8201 with a threshold of 0.346,
as shown in Figure 8a, and for AP was 0.8240, as shown in
Figure 8b. The smaller F'1-score, compared to those reported
for a small public dataset in Table 3, is a consequence of
including images from the real-world scenario, where the size
of the cyclist is reduced in the field of view above the road, as
shown in Figure 9a, compared to the images from the public
dataset, as shown in Figure 9b.

The better AP values reported by other studies focused
on cyclist detection are presented in Table 4. Allebosch
et al. [2020] tested their sports competition dataset only
with YOLOv3 model. Garcia-Venegas et al. [2021] and Li
et al. [2016] evaluated several deep learning models using
the CIMAT-Cyclist and TDCB datasets, respectively. With
the dataset developed in this study, integrated with these two
datasets, it was possible to achieve better AP performance,
even with a lightweight deep learning model, compared to
the two-stage architectures in those studies.

Table 4. AP performance reported in the literature.

Study Better AP Model
Garcia-Venegas et al. [2021] 0.8190 Faster R-CNN
Allebosch et al. [2020] 0.7719 YOLOV3
Lietal. [2016] 0.7460 SP-Fast R-CNN
Ours 0.8240 YOLOv8n
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Figure 8. YOLOvVS8n performance on the test set.

4.2 System Performance on Videos

The complete system was tested on the 20 minutes of the test
videos we captured for our own test dataset, which contain
103 instances of cyclists. The system’s performance is shown
in Table 5, considering different detection criteria. Com-
bining the pre and post-processing stages shows a gradual
increase in the F'1-score. Although more rigorous detection
led to a small increase in false negatives, there was a more
significant reduction in the number of false positives. Crop-
ping the borders of the frame helps to improve the detector’s
performance, and consequently improves tracking.

To count moving objects in Liu et al. [2021], a virtual
line was drawn as a reference in the image, and the object is
counted whenever it crosses this line. The approach in the
present study is better suited for the scenarios we consider,
where the cyclist’s movement is unpredictable and the choice

398 7gpgi W

(b) Detections in the public test dataset.
Figure 9. Detections in the test set.

Table 5. I: Full frame 4+ number of detections, II: full frame +
distance, III: full frame + number of detections + distance, IV:
cropped frame + number of detections + distance.

Criteria TP FP FN Fl-score
I 92 19 11 0.8591
11 90 14 13 0.8695
111 89 9 14 0.8856
v 90 4 13 0.9137

of the locations may include intersections between avenues,
making it difficult to define a region in the image to draw a
reference line.

After the offline tests, we evaluated the system’s perfor-
mance on site. The solar panel was connected to a UPS
(Uninterruptible Power Supply) charging module. The mod-
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ule, equipped with two 3.7 V cylindrical rechargeable Li-Ion
18650 batteries, provided sufficient power for the system.
Three tests were carried out in real scenarios, each lasting
one hour. For these tests, we considered a single metric that
represents the proportion of cyclists successfully counted.
The number of cyclists was recorded both manually through
human visual count and automatically by the system. The
chosen locations connect the city center to populated neigh-
borhoods, having a constant flow of cyclists, pedestrians,
buses and automobiles. These locations are distinct from
those used for the database’s image collection. Tests 1 and
2 were conducted on weekdays, and Test 3 on a weekend,
with all trials taking place under sunny conditions. Figure 10
shows the camera’s view at these sites.

(c) Test 3.
Figure 10. On-site test fields of view.

The counting accuracy is presented in Table 6. The lower
performance compared to calculations based on test videos,
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as shown in Table 5, was expected. This can be attributed
to the fact that, in addition to the higher processing latency
caused by the limited computational resources of low-cost
embedded platforms [Rodrigues Moreira ef al., 2025], real-
time local processing is more challenging due to adverse
weather conditions. For instance, gusts of wind caused the
structure to sway. These challenges are addressed in recent
literature [Nie and Wang, 2025].

Table 6. System performance with on-site processing.

Site Human System Counting accuracy

1 69 54 78,3%
2 62 51 82,2%
3 94 7 81,9%

When analyzing the results, we noticed the possibility of
reducing the occurrence of false negatives and improve count-
ing performance by adjusting the positioning of the camera,
providing a side view of the cyclist. This can be seen in tests
2 and 3, in which this positioning was adopted, resulting in
a counting performance exceeding 80%. In test 1, the cam-
era predominantly captured the cyclist from a front or rear
perspective, a more challenging situation.

A difficulty in detecting cyclists was observed when they
appear at the corner of the image. In some situations, cyclists
ride on the sidewalk, which compromises the ability to iden-
tify them, because in these circumstances the time the cyclists
remains in the camera’s field of view is not enough to count
them. This difficulty is demonstrated in Figure 11.

Figure 11. Unaccounted cyclist. In the left image, the cyclist appears at the
upper right corner, identified by the red bounding box. This area has been
enlarged in the image on the right.

Another possible improvement is in the dataset. Currently,
it mainly has images in which cyclists appear approximately
at the center of the frame. The inclusion of more images
depicting cyclists on sidewalks can significantly contribute
to improving the detector’s performance in this scenario.

This proposal for the integration of embedded systems and
the deployment of lightweight deep learning models presents
significant technical innovation, achieving results comparable
to those of state-of-the-art and traditional pneumatic tube
counters.

While pneumatic counters identify only two directions of
travel due to point counting, the superior spatial coverage
and the tracking system of the proposed method enable the
identification of various paths taken by cyclists, as shown in
Figure 12, where the green line identifies the tracking.

Based on the Raspberry Pi 4, Coral Edge TPU, and a video
camera, the system requires approximately 6.5 mW of power.
This low power consumption allows for autonomy through
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Figure 12. Directions of travel for cyclists. While three cyclists travel in
one direction, one cyclist converts to another lane.

solar power and makes it compatible with numerous portable
solar panel models currently available.

Regarding the first three studies described in Table 1, which
are closely aligned with this research and share a similar focus
on using embedded hardware for urban planning and cyclist
counting, neither direction of travel nor a solar power supply
is avalible or mentioned by the authors. Additionally, the
proposed system can be integrated into the Artificial Intelli-
gence as a Service (AlaaS) paradigm [Moreira et al., 2024],
which facilitates the deployment of modular and scalable
artificial intelligence on heterogeneous edge infrastructures
while maintaining local processing capabilities.

5 Conclusions and Future Work

This study aimed to present and evaluate an embedded system
designed to automatically detect and count cyclists in an urban
scenario. The system is based on the principles of practical-
ity and low energy consumption (6.5mW). To achieve this
goal, a lightweight deep learning architecture was selected
and trained in accordance with the state-of-the-art for object
detection.

This process involved creating a representative image
dataset for the system’s application context, which enabled
us to surpass the state-of-the-art in Average Precision (AP)
performance for cyclist detection using the YOLOv8n model.
Future work will focus on the creation of a more compre-
hensive dataset. This will be accomplished by expanding its
temporal and spatial scope, including images from various
seasons and time periods, and extending coverage to new
areas within the city and other cities.

Another important improvement, is the classification of
cyclists, since bicycles, when used as a work tool, are often
adapted to carry loads by installing luggage racks and bodies,
differentiating them from ordinary bicycles. Improving the
scope of this practice is crucial due to the diverse ways in
which the population uses bicycles, requiring appropriate
public measures for traffic safety and infrastructure. This
includes the development of appropriate patterns for bicycle
lanes and bicycle parking facilities, aiming to create a city
that promotes high quality access to bicycle mobility.
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