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Abstract

In recent decades, there has been a rapid development of computer vision techniques that
have found applications in various engineering fields such as automation and robotics.
This topic can also be developed and further explored in servosystems, a field dominated
by physical sensors and transducers. This study proposes the development of a closed-loop
control architecture with optical feedback starting from an already existing test bench. It
suggests replacing the potentiometric transducer used for position feedback with a camera-
based system. A primary contribution of this work lies in the selection of components for
the development of the system and the creation of a customized dataset for training the
object detection algorithm using the YOLOv8 neural network.

Keywords: yolo-based object detection; servosystems; machine vision; embedded systems

1. Introduction
Emerging in the early 1960s, machine vision has undergone rapid development in re-

cent decades, driven by the advent of increasingly advanced sensors and high-performance
devices. With the integration of deep learning and artificial intelligence algorithms, it has
been widely applied in fields such as robotics, automation, autonomous driving, video
surveillance, inspection, and quality control. In robotics, various computer vision tech-
niques are employed for robot guidance in industrial environments, such as stereo vision,
photogrammetry, light coding, structured light, and laser triangulation [1]. Technological
advancements have led to the development of cobots capable of interacting with humans in
work environments. Some cobots have simply integrated vision systems based on cameras
into their end effectors, in a configuration known as eye-in-hand, for tasks such as pick
and place and inspection [2], while others focus on quality control using multiple cameras
and a more complex architecture [3,4]. In Human–Robot Collaboration (HRC), the most
widespread sensing modality, capable of transmitting the most information, is vision [5].
Thanks to its precision, machine vision is also employed in defect detection [6] and reman-
ufacturing [7]. An interesting review discussing the advancements and main techniques
used in industrial inspection is available at [8].

Most of these applications rely on machine learning algorithms, which have gained
significant attention in recent years due to their ability to ensure real-time performance. The
use of neural networks for tasks such as object detection, object segmentation, and image
processing is continuously evolving. A key advancement that has enabled the integration
of these networks into contexts requiring short response times has been the transition from
two-stage to one-stage detection algorithms. While two-stage object detectors generally

Machines 2025, 13, 1085 https://doi.org/10.3390/machines13121085

https://doi.org/10.3390/machines13121085
https://doi.org/10.3390/machines13121085
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/machines
https://www.mdpi.com
https://orcid.org/0000-0001-8950-5272
https://orcid.org/0000-0001-5163-9945
https://doi.org/10.3390/machines13121085
https://www.mdpi.com/article/10.3390/machines13121085?type=check_update&version=1


Machines 2025, 13, 1085 2 of 18

preserve higher accuracy, their one-stage counterparts provide shorter inference times.
A comprehensive review of the evolution of object detection algorithms can be found
in [9]. YOLO (You Only Look Once), first introduced in [10], is of paramount importance
in this context. Unlike other algorithms, YOLO reformulates the object detection task
as a single regression problem that, starting from the image pixels, directly predicts the
bounding box coordinates and the corresponding class probabilities. From an architectural
perspective, YOLO employs a single convolutional network capable of simultaneously
predicting multiple bounding boxes and their associated classes. The model is trained on
full images and optimized directly for detection performance, without the need for complex
processing pipelines. A detailed description of the evolution of the algorithm over the past
years, highlighting how YOLO has become the standard for real-time object detection, can
be found in [11,12]. In particular, the analysis also addresses its industrial applications and
its current role in defect detection, automotive systems, and safety. YOLO has achieved
accuracy and response times adequate for use in a wide range of contexts. In robotics, it is
employed for recognition tasks to accelerate and automate processes [13] or to enhance the
hand-eye coordination of robotic manipulators [14]. Furthermore, it is utilized in scenarios
that involve the identification and classification of multiple objects simultaneously, under
various environmental conditions, and over extended ranges from the targets [15,16].

The introduction of such solutions into the domain of servosystems is particularly
interesting for several technical and practical reasons. The aim of this work is not to
compare transducers and camera modules, but to discuss their substitution within a servo
system, as it offers several significant advantages.

First, using a camera-based system as position feedback represents a non-intrusive
and contactless alternative to traditional transducers employed in servosystems. This is
particularly advantageous, as it removes the need for direct contact between the sensor
and the actuator, thereby reducing the systematic errors to which conventional measuring
elements are typically prone. In control and regulation tasks, the use of cameras enables
the development of advanced feedback strategies based on image processing, allowing
real-time adaptation to changing environmental conditions and external disturbances.
Moreover, cameras enable position measurements along multiple spatial directions, unlike
conventional linear transducers. Several works have integrated vision systems into control
applications. In [17], a position control system for an actuator was developed using
feedback provided by a Raspberry Pi Camera Module. Image processing for position
identification and calibration was performed on a Jetson Nano, while the control signals
were transmitted to the motor driver through an Arduino 2. In [18], a machine learning
model was proposed to estimate the position of a mobile robot through a vision system
employing Vicon cameras. Alternative perspectives have been provided by [19], who
proposed a multi-sensor fusion approach for autonomous robot docking, in which position
detection is performed using an RGB sensor based on a YOLO network. A Lidar group-
symmetry mechanism is combined with visual feedback in a hybrid PID controller to
correct angular errors. There are applications in which high accuracy is achieved, and
hybrid control proves robust even under external disturbances, as in [20], where motion
control of gallium-based liquid metal droplets is implemented through an industrial camera
and an AC/DC power supply. There is also an example that does not involve motion
control, but rather force control, with feedback always based on machine vision [21].

Although various approaches have been proposed in the literature, only a few have
addressed the overall configuration and performance of the system. Moreover, all these
developed systems are based on complex architectures involving multiple sensors and
different hardware platforms. The novelty of this research lies in developing a system that
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enables position feedback through a simplified architecture, using only a single camera and
machine learning tools for target recognition.

As shown, machine learning is continuously expanding across different domains,
and most related solutions are often implemented using embedded systems. The selection
criteria for the hardware system and the camera module depend on the application type and
can vary considerably according to the system’s specific requirements. Ref. [22] presents a
comprehensive review of the embedded systems and sensors employed in a wide range
of machine vision applications, highlighting their performance characteristics and the
key specifications to be evaluated when selecting a specific solution. Currently, the most
widespread hardware systems are NVIDIA Jetson and Raspberry Pi. Several examples of
the use of these platforms for object detection can be found in the literature [23–25]. One
study proposes a framework for developing an object detection algorithm on NVIDIA
Jetson, suggesting appropriate trade-offs between accuracy and latency [26]. In general,
however, it is uncommon to find studies in which the system development itself constitutes
an integral part of the research.

To address this limitation, the present work proposes the development of a closed-loop
control architecture with optical feedback starting from an already existing test bench. It
suggests replacing the potentiometric transducer used for position feedback with a camera-
based system, aiming to explore the potential of modern machine vision techniques as
an alternative to traditional feedback. The first contribution of this work concerns the
selection of the components required to develop the system, including the choice of sensors
and hardware platform, justified according to the intended application. This study also
involves the construction of a custom dataset for training a YOLO neural network aimed at
object recognition. A rigorous methodology for dataset development is presented, along
with the results obtained from training in terms of confidence, precision, and algorithm
accuracy. An additional important aspect of this research is inference time, which can
represent a true bottleneck for this type of application. The evaluation of the YOLO
algorithm on single-board computers with limited computational power is a crucial topic
to explore, as it requires finding a trade-off among CPU load, inference speed, memory
usage, and other factors. This topic is of particular interest in the literature, for instance, a
benchmarking analysis comparing different embedded systems—such as Raspberry Pi and
NVIDIA Jetson—and assessing YOLO performance in terms of frame rate, resolution, and
other characteristics is provided in [27]. An additional contribution of this work involves
the evaluation of inference time across different YOLO model export formats, aiming to
provide insight into the delay introduced by the inference process in this context.

This paper is organized as follows. Section 1 provides an introduction, outlining the
context, objectives, and overall structure of the work. Section 2 describes the methodology
adopted for the study, including the system design, component selection, test bench layout,
and YOLO network training process. Section 3 presents the results, focusing on detection
evaluation and inference time analysis for different YOLO model export formats. Moreover,
a simulation study has been conducted to illustrate how the presence of the camera and
the inference process influence the system’s stability. Finally, Section 4 summarizes the
conclusions and outlines future developments of the work.

2. Methodology
This section describes the architecture of the position control system and presents

the components selected for the implementation of optical feedback, together with the
reasoning behind their selection. In addition, it details the procedure adopted to create
the custom dataset used to train the neural network based on the YOLOv8n object de-
tection algorithm. By relying on video recordings of the moving carriage, the images
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required for the custom dataset were extracted and sampled. At this early stage, the
algorithm is expected to reliably recognize the target, while subsequent work should es-
tablish a correlation between the detection results and the actual position of the target.
Before the development of the detection algorithm, preliminary activities were under-
taken to configure the hardware and software environment required for camera operation
and control.

2.1. System Description

The controlled variable is the position of the carriage of a standard computer printer.
Motion is provided by a DC motor that drives a toothed pulley coupled to a belt, with
one branch rigidly attached to the carriage. The servo actuator incorporates a position
transducer to continuously monitor the carriage displacement. The analog position control
is housed in a rack that also integrates the function generator, the transducer conditioning
stage, and the armature voltage regulator of the DC motor.

The experimental test bench on which this study is based consists of the following components:

• direct current (DC) motor;
• carriage driven by a toothed belt transmission;
• potentiometric position transducer;
• data acquisition and control system.

The motor used in the test bench is a brushed direct current (DC) motor. As shown in
Figure 1, the motor is powered through two supply wires connected to its terminals. The
motor rotor is rigidly coupled to a toothed pulley with a diameter of 14.5 mm, which drives
the transmission belt. The belt, engaged at the opposite end with an idler pulley, is rigidly
connected to the carriage along one of its branches. Consequently, the rotation of the motor
rotor is converted by the belt into a translational motion of the carriage. The translating
slide has a stroke of approximately 200 mm. The position transducer is a potentiometric
type, model HLP 190/200/8k2 by Penny and Giles, featuring a hybrid track. It consists of a
cylindrical body with one end fixed and the other attached to the carriage. The control unit
is responsible for driving the electric motor and for closed-loop position feedback control.
The command signal can be generated internally through a function generator module, or
it can be supplied by an external generator. Closed-loop position control is implemented
using an analog board with a PID controller, where the gain of each individual component
can be adjusted. The unit also includes the motor driver and the conditioning board for the
transducer signal. The control unit is housed in a standard 19′′ rack, three units in height.
The modules are designed as 19′′ Eurocard plug-in boards with 32 + 32 + 32 connectors,
each performing the following functions:

• electrical power supply module;
• function generator module;
• PID controller module;
• conditioning module for the transducer;
• motor driver module.

A National Instruments MyRio-1900 device (National Instruments (NI), Austin, TX,
USA) and a PC equipped with LabVIEW (LabVIEW 2024 Q3) are employed to evaluate the
performance and control the test bench.
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Figure 1. Test bench.

2.2. Component Selection and Test Bench Layout

The architecture conceived for the development of a closed-loop control system using
optical feedback consists of cameras capable of performing spatial triangulation of the
target, together with a hardware platform dedicated to image processing, object detection,
and the correlation between the images acquired by the camera modules and the position.
This device must also be able to transmit the appropriate signals to the driver of the electric
motor for controlling the carriage.

The most relevant factors in selecting the hardware environment are the CPU clock
speed, the number of GPIOs, and the number of cameras that can be connected. Several
devices were considered, including Arduino R1 GIGA, Raspberry Pi 5, NVIDIA Jetson
AGX Orin, and Renesas EK-RA6M4. After a detailed evaluation of performance and cost,
Raspberry Pi 5 (Raspberry Pi Ltd. (commercial arm: Raspberry Pi Holdings), Cambridge,
UK—specifically the Compute Module version (CM5)—was chosen as the hardware plat-
form for system development. This board offers one of the highest CPU clock speeds
among the solutions analyzed, 2.4 GHz. From the software side, it also represents one of
the most advantageous options, as it can be programmed in Python—an accessible and
effective programming language—and is fully supported by the OpenCV library, which
provides extensive documentation for object tracking and pose estimation. Although the
CM5 provides fewer GPIOs than other platforms, the available pins are suitable for the
needs of this system. Cost considerations also play a crucial role in the choice: Jetson AGX
Orin provides superior performance in terms of pins and camera connectivity, but it is
considerably more advanced and much more expensive than Raspberry Pi 5. Compared
with Renesas and Arduino boards, CM5 offers significantly higher performance and shorter
response times, which makes it preferable over these alternatives. While Renesas and
Arduino provide a high number of pins and support for multiple cameras, they are not
specifically designed for image processing and machine vision applications. Table 1 reports
all the main specifications of the different hardware platforms considered.
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Table 1. Hardware platforms.

Device Language Number of Cameras Clock Speed GPIOs

Raspberry Pi 5 (Raspberry Pi Ltd.,
Cambridge, UK)

Python, C++, Java,
Rust, Scratch 4 2.4 GHz 40

NVIDIA Jetson AGX Orin (NVIDIA
Corp., Santa Clara, CA, USA)

Python, C, C++,
Scratch, Rust 6 2.2 GHz 40

Renasas EK RA6M4 (Renesas Electronics
Corp., Tokyo, Japan) C++, Python, Rust 4 200 MHz 144

Arduino R1 Giga (Arduino AG,
Turin, Italy) C++ 4 480 MHz 103

Apart from NVIDIA Jetson, all the evaluated solutions are reasonably affordable,
and all are compatible with MATLAB and Simulink, which could be used to integrate
additional models if needed. The final decision was strongly influenced by the need to
develop a system with short response times and by the availability of a solution already
widely adopted in object tracking applications, namely the Raspberry Pi platform.

The camera serves as a primary device for acquiring information about the target’s
position, with key parameters such as frame rate and sensor resolution directly influencing
the accuracy of position estimation and the system’s bandwidth. Other important factors
include the sensor type (Global or Rolling Shutter), color mode, field of view (FOV), and
the maximum number of cameras supported by a given hardware environment. Several
camera models compatible with the evaluated hardware environments were considered.
In line with the hardware platform evaluation, different solutions were analyzed with
respect to their technical specifications, leading to the final selection. All the evaluated
solutions are summarized in Table 2, where the main features relevant to the final selection
are highlighted. The entry number of cameras refers to the maximum number of cameras
that can be connected to a given platform, also considering the use of accessories such as
multiplexers. Since the cameras support different video modes with variable resolutions
and frame rates, the FPS column reports the maximum number of frames per second
achievable in a specific mode. FOV is, in most cases, the horizontal field of view, except for
multi-camera solutions, where the diagonal FOV is provided. For MEGA cameras, frame
rate is not specified in the technical documentation.

The analysis shows that, among the cameras, the most capable option in terms of tech-
nical specifications is the one associated with the NVIDIA Jetson platform. MEGA cameras,
on the other hand, offer limited performance, especially in terms of resolution and frame
rate, since the FPS of the individual units cannot be determined. All the evaluated cameras
rely on a Rolling Shutter sensor, with the only exception being OG02B10, which—despite
its lower resolution—offers faster sensor dynamics. IMX477 sensor demonstrates excellent
performance, with the only drawback of a relatively narrow field of view compared with
the other options. Finally, the Quad Camera solution for Raspberry Pi 5 achieves the
highest resolution, although it should be noted that the value reported in Table 2 refers to
the combined output of the four sensors, each featuring 16 MP.
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Table 2. Camera sensors.

Camera Number of Cameras FPS FOV Resolution

Quad camera Kit RP5 4 120 120◦ 64 MP

MEGA 4 / 90◦ 5 MP

Arducam IMX477 4 120 78◦ 12 MP

Arducam OG02B10 4 120 110◦ 2 MP

Pi camera module 3 4 120 66◦ 12 MP

Multi-camera Kit JN 6 60 120◦ 12 MP

The camera modules employed for the system development are: Arducam IMX477,
Arducam OG02B10, and Pi camera module 3. The reasons behind this selection are manifold.
One relevant factor is the use of a Global Shutter sensor: among the evaluated solutions,
OG02B10 is the only camera module equipped with this feature, making it an attractive
option as it ensures faster sensor dynamics and shorter image processing times. Another
consideration concerns the differences in sensor characteristics. OG02B10 offers a wide
field of view and faster image processing, whereas IMX477 provides higher resolution at
the expense of a narrower FOV. Raspberry Pi Camera Module 3 represents a reasonable
trade-off between these two extremes, although its wide-angle version introduces image
distortion, which ultimately led to the adoption of the standard model. This approach
highlights the rationale for selecting cameras with different specifications, so that each
module provides distinct advantages in specific contexts: the IMX477, with its higher
resolution, enhances accuracy, whereas OG02B10, with its Global Shutter and high frame
rate, enables faster system dynamics despite its lower resolution. In this way, it becomes
possible to evaluate different camera placements depending on the sensor characteristics,
ultimately identifying the most effective configurations. Finally, some limitations emerged
when considering multi-camera kits, such as those available for Raspberry Pi or Jetson Nano.
While these solutions are advanced and capable of achieving excellent performance, they are
less suitable for the present work. The main limitation is that the cameras within each kit are
identical, leading to low flexibility in sensor selection; moreover, they considerably increase
the overall system cost. Two camera modules were purchased for each selected type, in
order to enable a broader analysis and to combine them by exploiting the strengths of each
device. The development of the system also requires additional accessories, including a
cooling system to handle the significant computational load sustained by the board, as
well as a mouse, keyboard, and Raspberry Pi HDMI cable to allow programming through
an external monitor. An SD card must be provided for Raspberry Pi Compute Module
5 (CM5), since, unlike Raspberry Pi 5, it does not include a built-in microSD slot or any
default accessible storage system. In addition, an Analog-to-Digital Converter (ADC)
module is required whenever analog signals need to be acquired using a digital system
such as Raspberry Pi, which lacks native analog inputs.

2.3. Customize Dataset Construction for YOLOv8 Object Detection

The methodology adopted for custom dataset construction for the object detection
algorithm is described in this section. To improve robustness, a custom dataset was built
from video acquisitions of the carriage under its operating conditions. This dataset is
intended for training the YOLO neural network to enable the recognition of moving objects.
During the preliminary phase, the goal is to validate the proposed method; therefore,
a single camera module was selected and installed facing the object so it can capture
all its possible configurations. Among the available options, Pi Camera Module 3 was
chosen. The carriage can operate under different reference signals, while the camera
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module has several video modes. For this reason, video acquisitions were carried out under
different commands and frame rate settings. For each command type, two recordings were
performed: one at the minimum frame rate of 60 FPS and one at the maximum frame rate
of 120 FPS. All videos were recorded in MP4 format with a duration of 25 s per acquisition.
The reference signals consist of a sinusoidal waveform at 1 Hz and a step input. Figure 2
shows the setup used to perform the video recordings.

 
Figure 2. Video acquisition setup.

For the creation of the custom dataset used to train the network, the Roboflow platform
was employed. Roboflow is an online tool widely adopted in computer vision projects, par-
ticularly for object detection and classification tasks. Its purpose is to streamline the entire
workflow, from image collection to model training and deployment, thereby reducing both
the time and the specialized expertise typically required for these activities. The platform
provides several key functionalities that proved valuable in this work. It allows the upload
and selection of images and videos in different formats to support the construction of
custom datasets. Through an intuitive graphical interface, users can annotate objects of
interest by creating bounding boxes of various shapes, including rectangular, polygonal,
or user-defined. In addition, Roboflow offers preprocessing and augmentation, enabling
adjustments to parameters such as brightness, exposure, and saturation within user-defined
ranges. These transformations not only increase the size of the dataset but also enhance
network robustness, allowing the model to recognize objects under a variety of conditions
rather than being restricted to those present in the original images. Another important
feature is dataset splitting, which enables the images to be separated into training, valida-
tion, and test subsets according to either predefined or user-specified percentages. This
guarantees that the model is trained on one set of data while being evaluated on previously
unseen examples. The platform also supports dataset export in standard formats, fully
compatible with all YOLO versions up to the most recent, and provides the option of
training and deploying the model directly in the cloud without the need for local execution
through environments such as Python.
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In this study, the dataset was constructed using frames extracted from video recordings.
Once a video is uploaded, Roboflow allows the user to select the frame rate at which images
are sampled. Since several video recordings were available for dataset construction and the
free version of Roboflow restricts the dataset to 500 images, the frame rate was reduced to
keep within this limit. The supported formats are MP4 and MOV. A baseline of 200 images
was selected to construct the dataset, excluding preprocessing and augmentation steps,
which eventually increased the dataset size to 500 images. Once the images were uploaded,
labeling was carried out. Afterward, preprocessing and augmentation can be applied to the
annotated images. Preprocessing ensures that the images are transformed into a coherent,
standardized format compatible with the network. For example, YOLO algorithms operate
with an input size of 640 × 640 pixels, which requires the selected images to be resized
accordingly. Augmentation, on the other hand, introduces artificial variations into the
dataset in order to simulate a broader range of real-world conditions than those originally
captured. This step is essential to mitigate overfitting, a phenomenon in which the network
memorizes the limited examples provided and fails to generalize effectively to unseen
images. The next step is data splitting. Although there is no strict rule for selecting the
division percentages, standard ratios are commonly adopted. A typical split, also suggested
by Roboflow, is 70% for training, 20% for validation, and 10% for testing. When the dataset
is relatively small, it is recommended to increase the training percentage, thereby increasing
the amount of information available to the network during training. The dataset consists of
500 labeled images, split into 350 for training, 100 for validation, and 50 for testing. After
dataset splitting, the images were exported for YOLO-based training. Although all versions
up to YOLOv12 are supported, YOLOv8 was selected, given its optimization for platforms
such as Raspberry Pi. The network was trained for 50 epochs with input image dimensions
of 640 × 640, implemented through a Python script with Ultralytics.

After training, the PyTorch model files required for inference on the Raspberry Pi
were converted into NCNN format. This format enables significantly shorter inference
times compared with PyTorch, making it suitable for real-time applications such as the one
addressed in this work.

3. Results
This section presents the evaluation of training results, describing the precision and

accuracy of the object detection algorithm. Focus is also on inference time analysis based
on several export formats and a closed-loop simulation, which highlights the influence of
the vision system and how latency affects the loop’s stability.

3.1. Detection Evaluation

To assess the robustness of the network after the training phase, several tools are
provided, including charts, matrices, and collages, which offer key information for evalu-
ating the quality of the process. YOLO assigns each class a specific ID number; since this
work involves a single class to be detected, the ClassID number is 0. In the bounding box
corresponding to the object, the class name is displayed along with the probability of the
object belonging to that class. The carriage is successfully identified with high confidence
scores. Figure 3 shows examples of detection, highlighting how effectively the network
recognizes the target.
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Figure 3. YOLOv8 detection results. (In blue there is the bounding box with his detection
confidence score).

Figure 4 presents the Precision–Recall (PR) curve, which shows that the model
achieved excellent performance in terms of precision and recall for the target class, with an
average precision of 0.995. The results are consistent with training performed in a single
context. The focus was on demonstrating the feasibility of detection rather than creating a
robust dataset capable of generalizing recognition across different environments and under
varying exposure and lighting conditions. The results show a high confidence score for
detection. On the other hand, it should be noted that the system does not generalize well,
and when inference is performed in different contexts, the detection performance drops
significantly. Future work will address this limitation.

Figure 4. Precision–recall curve of the YOLOv8-based object detection model.

The Precision–Confidence curve is also reported in Figure 5, showing a confidence
threshold value of 0.986. Confidence represents the probability that a given bounding box
assigned by the network contains an object of the predicted class, while precision refers to
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the percentage of correct predictions made by the model. Such a high threshold value arises
because training was performed using video acquisitions always recorded in the same
scenario; as a result, the model reliably recognizes the object in that environment. Since
the network never encountered conditions leading to false positives, this curve captures
a limited aspect of the network’s performance and does not provide an evaluation of its
capability to correctly discriminate object-free scenarios. Unlike other applications, in this
case, the algorithm is designed to operate within that specific configuration. Precision,
therefore, reflects the model’s capability to minimize false positives, and it remains at a
high level across the entire confidence range, confirming the robustness of the network in
performing correct detections.

Figure 5. Precision-confidence curve of the YOLOv8-based object detection model.

The Recall–Confidence curve illustrates the network’s ability to minimize false neg-
atives. As shown in Figure 6, the curve remains close to 1.00 across a wide range of
confidence values. This highlights the model’s ability to detect the object even under
varying conditions, while avoiding the generation of false negatives.

Figure 6. Recall-confidence curve of the YOLOv8-based object detection model.
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The F1 curve illustrates the balance between precision and recall achieved by the
trained network. As shown in Figure 7, the network provides high precision and reliability
in identifying the target across different confidence thresholds.

Figure 7. F1 curve of the YOLOv8-based object detection model.

Finally, additional metrics can be examined to assess the robustness of the network
during training. Figure 8 shows that the mean average precision (mAP50–95) increases
progressively throughout training before stabilizing at a high value. Since the dataset
always depicts the same scenario, the mAP50 metric remains constant at a value close
to 1, as the model quickly learns to recognize the objects in that specific context. In
contrast, mAP50–95 serves as a tougher benchmark than mAP50, and its improvement
during training is therefore more indicative of the network’s actual progress. These results
validate the reliability of the YOLOv8 model as an object detection algorithm for the system
under study.

Figure 8. Training results.
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3.2. Inference Time Evaluation

To evaluate the inference time of the network, data was collected directly from the
platform and processed to estimate the delay introduced into the system. Ultralytics allows
the YOLO model to be exported in several formats, including PyTorch, TorchScript, ONNX,
OpenVINO, TF SavedModel, TF GraphDef, TF Lite, PaddlePaddle, MNN, and NCNN,
each associated with different values of mean average precision (mAP) and inference
time. Among these, NCNN proved to be the most suitable format for applications on
embedded systems such as Raspberry Pi, as it provides a good trade-off between accu-
racy and short inference time. On the other hand, PyTorch is considerably slower and
unsuitable for the development of this system. Figure 9 presents two probability density
histograms of inference times for PyTorch and NCNN formats. As reported, both dis-
tributions are asymmetric, with markedly different inference time values. The PyTorch
format introduces a delay of at least 400 ms, whereas NCNN achieves inference times in the
range of 10–20 ms.

Figure 9. Probability density of inference time for the object-detection model deployed with NCNN
and PyTorch.

Figure 10 shows the box plot of inference times obtained during the validation of
the object detection algorithm for the two export formats. As shown, 50% of NCNN’s
inference times (between the first and third quartile) fall in the range of 6 to 20 ms, whereas
with PyTorch, the times exceed 400 ms. In the latency analysis, only the inference time is
considered, as it represents the most significant contribution. It is worth mentioning that
the preprocessing and post-processing times range between 1 and 2 ms per inference. The
presence of outliers in both formats cannot be attributed to changes in the scenario or to
target motion, since the data was collected with the object stationary and correctly detected
by the network. Instead, these anomalies are likely due to hardware-related issues.
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Figure 10. Box plot inference time for NCNN and Pytorch formats. (The red crosses represent the
outliers of the distribution, while the black line indicates the upper whisker).

The obtained results highlight a clear difference between the two formats: the NCNN
implementation achieves p95 and p99 latencies of 53 ms and 123 ms, respectively, whereas
the PyTorch version reaches 481 ms and 494 ms. Overall, the results provide insight into
the delays introduced by inference and indicate which export format is more suitable for
developing this system using Raspberry Pi.

Although the results are promising, the inference times show significant variability,
leading to an unstable frame rate that is clearly undesirable for this type of application. This
aspect requires further investigation and optimization to improve the effectiveness of the
solution. In every selected format, inference introduces a delay into the system that cannot
be neglected and represents one of the most critical factors of this work. Nevertheless, the
results confirm the feasibility of the proposed approach and enable additional steps aimed
at developing the complete system by introducing the correlation with the position.

3.3. Closed-Loop Simulation Results

In this subsection, the results of a closed-loop simulation are presented to quantify
how typical latencies affect the closed-loop frequency response of the system in terms
of phase and bandwidth margins. This approach is useful to justify the feasibility of the
proposed system.

The Simulink model includes the camera within the feedback loop, specifically the
IMX477 camera module, which is modeled as a measurement device capable of sampling
the signal according to its frame rate and quantizing it based on the pixel resolution
provided by the sensor. The inference process is represented as a transport delay before
closing the position loop. The inference time considered refers exclusively to the NCNN
format, as simulations with the PyTorch format would not be meaningful due to the
excessive latency that prevents the system from operating properly.

The simulations allow deriving the frequency response of the system by reporting
both the magnitude (in dB) and phase (in degrees) as a function of a simulation parameter.
In particular, the first simulation aims to assess the control feasibility. By considering a
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constant inference time equal to the median value of the NCNN format (10 ms, including
pre- and post-processing times), it is possible to obtain Bode diagrams of the closed-loop
response for different values of the proportional gain Kp. Figure 11 shows the magnitude
and phase of the closed-loop transfer function as Kp varies. Since this is a position control
system, only a proportional gain is acceptable, while the other control gains are set to zero.

Figure 11. Effects of varying Kp on the closed-loop Bode diagrams.

As we can see, increasing Kp leads to a higher gain crossover frequency and a wider
system bandwidth, but it also reduces stability by decreasing the corresponding margins.
With Kp = 2, the response is slow and highly attenuated, whereas for Kp = 5, the system
shows a prompt response at low frequencies. With a properly tuned proportional gain, the
system bandwidth reaches approximately 3–4 Hz.

The second simulation highlights how the latency introduced by the inference process
affects the system’s stability and control performance. In the transport delay of the model,
different latency values were considered, namely the NCNN median value (10 ms), the
value corresponding to the 75th percentile (20 ms), and the upper limit of the distribution
(40 ms). The proportional gain Kp is set to 5.

Figure 12 shows how the delay introduced by the inference process affects the closed-
loop frequency response, particularly its magnitude and phase. Considering the median
value of the NCNN format’s distribution, the system remains stable with an acceptable
phase margin. As the delay increases, the phase margin decreases, and a noticeable peak in
the magnitude diagram appears near the gain crossover frequency. For a latency of 40 ms,
the system operates close to instability. Peaks can be observed in the magnitude diagram
as the latency increases, while the phase, as expected, drops much more rapidly.
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Figure 12. Effects of varying latency on the closed-loop Bode diagrams.

Simulation results indicate that the system responds effectively at frequencies match-
ing those of the reference signals used during the video acquisitions (1 Hz). These results
demonstrate the feasibility of the proposed system, highlighting the range of latency values
that can be considered acceptable to ensure system stability.

4. Conclusions
This paper presents a preliminary study on the development of a closed-loop control

system using optical feedback, introducing a new layout for an already existing test bench.
The replacement of the potentiometric transducer with a vision-based system employing
camera modules was investigated.

One of the main contributions of this work lies in the selection of hardware components
for the development of the system, among several possible solutions, with the choice
motivated by the performance provided by each option. In addition, a methodology was
outlined for the development of the object detection algorithm based on a YOLO neural
network. A custom dataset was constructed to enhance the robustness of the network
used for object recognition. The detection results demonstrated a highly accurate network
capable of recognizing the object with high confidence scores, as long as the camera module
captures it in configurations included in the training set.

A key focus of this study was the inference time and the delay it introduces into
the system. The YOLO model can be exported in several formats, each with different
mAP values and response times. NCNN proved to be the most suitable format for the
development of the system on Raspberry Pi. In this work, an indication of the delay
introduced by inference has been provided. The simulations highlighted the range of
latency values within which the system remains stable.

Although the outcomes are promising, the work presents some limitations. In terms of
component selection, the proposed system represents a proof-of-concept prototype, while
more advanced and efficient solutions may involve different costs and performance levels.
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Thanks to the NCNN export, the inference time of the object detection algorithm is suitable
for real-time performance; however, inference itself remains an aspect to be improved, as it
produces a variable frame rate that requires stabilization.

Future work could focus on stabilizing the frame rate or improving dataset construc-
tion, enabling recognition under different camera configurations, and further enhancing
robustness. A key issue that still needs to be addressed is the correlation with the position
in order to finalize the development of the system.
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