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INTRODUCTION

The idea of worker movement tracking is one 
of the Lean Manufacturing methods, which al-
lows process engineers or specialists to improve 
workplace organization. Of course, in modern 
industrial factories, production lines are de-
signed according to Lean rules. Standard tools 
like Value stream mapping or Single piece flow 
are used to preliminary optimize workplaces, 
during project design stage. Nevertheless, later, 
in real industrial environment, it is necessary to 
adapt and improve workplace organisation, to be 
in line with expected performance. The problem 
of workstation design is discussed in the context 
of Lean production by authors such as Ojo [1], 
Goncalves and Salonitis [2]. Efficiently designed 

workstations are essential to provide both flex-
ibility and mass production in an effective way. 
Unfortunately, it is common to find industrial 
workstations built without a purposeful design. 
The design of the workstation, oriented to both 
users and tasks requirements, allows organisa-
tions to increase their production indicators (less 
time, space and cost) and quality levels. Proper 
organisation of workers area, has significant im-
pact for standardisation, procedures and efficien-
cy. Especially when operators must use differ-
ent tools and equipment or have access to many 
components. As a result of a wrong design, peo-
ple will lose production time. From this point of 
view, the analysis of workers behaviours, move-
ments and other activities, stars to play a key role 
in production efficiency assessment.
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Nowadays, as noted by Li and Lee [3], as 
well as Gavrila [4], it can be observed that the 
traditional methods to measure work activities 
rely upon manual on-site observations which 
are time-consuming and inefficient to address 
these limitations, computer vision techniques 
for worker motion analysis are proposed to au-
tomatically identify movements without on-site 
work interruption [3]. The ability to recognise 
humans and their activities by vision, is key for 
a machine to interact intelligently and effortlessly 
with a human-inhabited environment. Because of 
many potentially important applications, “look-
ing at people” is currently one of the most active 
application domains in computer vision [4]. The 
same approach and usage of vision methods, for 
employee tracking, can be found in the case of 
building constructions, described in the article of 
Roberts et al. [5] and also in the article by Cheng 
et al. [6]. Analysis of construction resources is 
performed by manually observing construction 
operations either in person or through recorded 
videos. Automating this procedure eliminates 
these issues and allows project teams to focus on 
performance improvement [5], especially in large 
areas or sites [6].

This problem analysis and solving proposi-
tions can be found in elaborates and articles by: 
Bian at al. [7], Kitazawa et al. [8] and Stojadinović 
et al. [9]. They proposed implementation of com-
puter vision system, supported by artificial intel-
ligence as a tool, to analyse and assess workers 
movement trajectories. It can be a static images 
classification and detection, like that proposed by 
Mizher et al. [10] or more complex movement 
mapping methods, described in paper of Sawano 
et al. [11]. A similar approach can be found in 
[12] where is proposed vision-based method for 
tracking workers in off-site construction.

According to Bauters et al. [13], the vision 
system used to monitors workstations must have 
two main functions: providing basic performance 
measurements and detecting problems or inef-
ficiencies by recognising abnormal operator be-
haviour. This means that the most difficult thing 
for vision systems designers is to create a device 
and an algorithm, which will be fully automated 
in data processing, assessment and final result. 
This system, must be able to deliver high accu-
rate data and allows user to quick review and op-
timise current production process. In this article, 
authors presented a system, which used a stereo 
camera and U-Net convolutional neural network, 

for tracking designated manufacturing employ-
ees. Following Capelin et al. [14], convolutional 
neural networks have found a lot of applications 
across a variety of different areas, but one of the 
most important aspect is their application for im-
age processing.

The introduction of employee monitoring us-
ing stereoscopic cameras opens new possibilities 
for defining and controlling work zones assigned 
to individual employees or work groups. In the 
context of production organisation, a key aspect 
is maintaining a well-structured division of the 
workspace, which minimises the need for work-
ers to move between different areas. Any unjusti-
fied crossing of predefined zone boundaries may 
indicate improper workstation layout or a mis-
match between the production process and actual 
operational needs.

The use of stereo cameras enables precise re-
construction of worker movement trajectories in 
3D space, allowing for the automatic assignment 
of activities to specific zones and the detection of 
zone boundary violations.

The use of computer vision systems for track-
ing workers enables not only the analysis of indi-
vidual movement paths but also the modelling of 
interactions between operators and the work en-
vironment [15]. Analysing human flow within the 
production setting can reveal hidden patterns of 
inefficiency resulting from frequent movements 
outside of assigned work areas [16]. Identifying 
such behaviours can serve as a foundation for re-
organising workstations and processes in order 
to minimize unnecessary movements and reduce 
collisions between workers – factors that directly 
contribute to shorter production cycle times and 
improved safety.

The literature highlights that traditional ap-
proaches to analysing worker flow – such as 
spaghetti diagrams or time-consuming manual 
observations – are often subject to bias and lim-
ited in precision [17]. In contrast, the integration 
of stereoscopic cameras with artificial intelligence 
algorithms, such as U-Net or re-identification net-
works, enables the automated and continuous gen-
eration of activity maps and zone based heatmaps. 
As a result, it becomes possible to develop a sys-
tem that not only records the movement of indi-
viduals but also analyses, in real time, the compli-
ance of their location with designated work zones.

Such solutions can support the implementa-
tion of Lean Manufacturing principles by reduc-
ing waste in the form of unnecessary movements 
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(MUDA) and enabling the dynamic adaptation of 
the production space layout. Furthermore, motion 
analysis in the context of work zones can help 
identify excessive workload on certain employ-
ees or groups, which contributes to improving in-
dustrial ergonomics.

Ultimately, monitoring activity within desig-
nated work zones can also enhance occupational 
health and safety efforts, as it enables rapid re-
sponse in the event of detecting personnel in po-
tentially hazardous areas or outside their assigned 
work zones [18].

The proposed set of computer vision meth-
ods, combined with artificial intelligence tools 
allowed observing and analysing people behav-
iour, without any interaction with them, and with-
out any disturbance in their work. Stereoscopy 
and programmable functionalities, executed in 
real time, requires proper computational power, 
which can be available by customized software 
and hardware architecture [19]. Utilisation of 
dedicated cameras, supported by artificial intel-
ligence algorithm, allowed building trajectory 
maps of operator’s movements, and presence in 
specific zones of production areas. In effect, a 
set of data, which allows identifying most time-
consuming moments in process, to rearrange or 
eliminate them, was obtained.

Stereoscopic cameras, by utilising two lenses 
placed at a fixed distance from each other, en-
able depth reconstruction of a scene through the 
analysis of disparity between the images captured 
by the left and right optical channels. This pro-
cess mimics human spatial perception, in which 
the brain interprets differences between the views 
from both eyes to estimate the distance of objects 
from the observer. This technology is widely ap-
plied in autonomous navigation systems, where 
precise spatial mapping is critical for obstacle 
avoidance and trajectory planning [20].

In industrial environments, the use of stereo 
cameras enables accurate monitoring of the po-
sitions of workers, machinery, or components, 
thereby supporting the optimisation of manufac-
turing processes and enhancing workplace safety. 
Stereo cameras also offer high distance measure-
ment accuracy at relatively low implementation 
costs compared to alternative technologies such 
as LiDAR systems. An additional advantage lies 
in the ability to perform precise calibration using 
known patterns or feature-based methods, which 
improves the quality of 3D reconstruction even 
under varying lighting conditions.

High image resolution and frame synchroni-
sation capabilities make stereo cameras suitable 
for the dynamic observation of fast-moving ob-
jects. Moreover, compatibility with deep learning 
algorithms – particularly convolutional neural 
networks – enables automated object detection, 
segmentation, and tracking in 3D space. This sig-
nificantly enhances the applicability of the tech-
nology within Industry 4.0 contexts [21].

Proposed stereo camera is a device with two 
separate lenses, which can simulate human bin-
ocular vision with ability to create 3D images and 
visions. Following Imam et al. [22] in recent de-
cades, stereo cameras have become a significant 
technology in robotics, autonomous vehicles, and 
augmented reality devices. A wide range of appli-
cations and digital interface, which allows intro-
ducing digital signal processing operations, causes 
that stereo cameras are currently typical range 
sensors, which provide distance measurements, 
among sensors that can be mounted on mentioned 
above platforms and systems [23]. Another advan-
tage of stereoscopic cameras is the ease and ac-
curacy of their calibration [24]. For these reasons, 
stereo cameras are the best devices to use in the 
manufacturing environment, especially in combi-
nation with neural network algorithms.

As a second, software part of the tracking 
system, the authors proposed the usage of con-
volutional U-Net type neural network for clas-
sifying moving objects and localise them in 3D 
space. Currently automatic image processing, 
supported by methods of classification, which 
are based on neural networks is one of the most 
prospective directions. Especially these, using U-
Net architecture [25–27] The article provided an 
in-depth analysis of the AI model, based on U-
Net neural network, to monitor and optimize em-
ployee’s movement around production lines and 
work centres. The results of algorithm included 
construction of optimal Worker’s trajectories and 
paths. On its basis, it will be possible to rearrange 
production lines layouts and process steps. It will 
be useful in the stage of existing process improve-
ment and new technologies design. This approach 
allows process engineers and technology special-
ists to increase production efficiency and adjust 
workstation locations, according to Lean rules 
implemented into algorithm.

The use of an optimisation system, build 
from stereo camera device and Artificial Intel-
ligence U-Net algorithm allows improving op-
erations, fully automatically. Analysis of various 
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parameters in long period of time, plus the possi-
bility of work with a large set of data will give in 
result discover of hidden potential, which cannot 
be detected using standard Lean Manufacturing 
tools and methods.

The proposed optimisation system, based on 
stereo camera technology and the U-Net algorithm, 
enables fully automated improvement of produc-
tion processes through continuous monitoring and 
analysis of spatial data. A key component of this 
approach is the long-term analysis of parameters, 
which allows for the identification of employee 
behaviour patterns and recurring inefficiencies in 
the spatial arrangement of workstations. The col-
lection and processing of large-scale datasets is 
essential for obtaining statistically significant in-
sights into process dynamics, thereby minimising 
the influence of random or incidental events [28].

Large volumes of data also enable the training 
of more complex machine learning models capable 
of capturing subtle dependencies and correlations 
between worker movements and production per-
formance. Real-time data analysis, combined with 
long-term archiving, allows for the verification 
of implemented changes and their impact on pro-
cesses over time. This approach supports not only 
ongoing optimisation efforts but also facilitates 
forecasting of potential production bottlenecks.

Systematic monitoring of extensive datasets 
further fosters the development of adaptive pre-
dictive models that can dynamically adjust the 
layout of the workspace in response to changing 
production conditions [29]. As a result, it becomes 
possible to transition from reactive production 
management to proactive process improvement 
in line with Lean Manufacturing principles. Ul-
timately, the implementation of such solutions 
enhances decision-making accuracy and supports 
the development of a data-driven culture of con-
tinuous improvement.

In this article, the authors present an innova-
tive method that combines stereo imaging with 
advanced neural network techniques, particularly 
U-Net, to track the movements of manufacturing 
employees and optimise production processes. 
The proposed system not only offers a signifi-
cant improvement in the accuracy of object iden-
tification, surpassing existing methods, but also 
demonstrates exceptional performance in 3D 
spatial localisation. By enabling the use of low-
resolution images with an accuracy comparable 
to that of stereo camera systems with wider lens 
baselines, the approach achieves a high level of 

precision without the need for high computa-
tional resources. The results presented in this 
study clearly demonstrate the effectiveness and 
practical applicability of the method, making it 
a groundbreaking tool for automatic monitoring 
and optimisation in industrial settings. The inno-
vative integration of stereo vision and machine 
learning paves the way for future advancements 
in the field of Lean Manufacturing, offering new 
opportunities for continuous process improve-
ment and enhanced operational efficiency.

MATERIALS AND METHODS

The issue of tracking an employee’s move-
ments was divided into two stages. The first stage 
involved the automatic identification of a charac-
teristic element of the employee’s clothing and its 
extraction from the image. The second stage was 
concerned with determining the position of the 
extracted element.

To enhance the effectiveness of the classifi-
cation algorithms, it was assumed that the em-
ployee would wear a brightly coloured baseball 
cap. This choice was made deliberately. On the 
one hand, such an article of clothing stands out 
in the image, which facilitates identification. On 
the other hand, it has highly variable geometry, as 
the presence or absence of the visor depending on 
the viewing angle significantly alters the shape of 
the object. The images required for the identifica-
tion and localisation of objects were captured us-
ing a stereo camera. The Waveshare Dual Camera 
Base module was employed in conjunction with 
a Raspberry Pi Compute Module 4. This type of 
setup constitutes an energy-efficient and suffi-
ciently powerful platform for stereoscopic image 
acquisition under industrial conditions.

The applied stereo camera module includes 
two IMX219-160 cameras based on the Sony 
IMX219 sensor, which offers a resolution of 8 
MP (3280 × 2464) and a 160° field of view. The 
cameras are connected via the CSI (Camera Se-
rial Interface).

The selection of this camera module was dic-
tated by its capability to capture synchronous im-
ages from the left and right channels, its compact 
form factor, low power consumption, and the po-
tential for deploying this type of solution in mo-
bile environments, such as robots or drones.

A drawback of the module may be the lack of 
native support for simultaneous data transfer from 
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both cameras. However, in this case, the sampling 
time is not a critical parameter. Additionally, the 
absence of a hardware shutter synchronisation 
mechanism between the cameras results in slight 
temporal offsets. Nevertheless, this does not sig-
nificantly affect the performance of the algorithm.

The cameras and image acquisition process 
are controlled by the Raspberry Pi CM4, which is 
equipped with a quad-core ARM Cortex-A72 pro-
cessor (64-bit, 1.5 GHz) and 4 GB of RAM. Ow-
ing to its Ethernet interface (1 Gbps) and Wi-Fi 
capability (Wi-Fi 802.11 b/g/n/ac), the device can 
communicate with the central system in two ways.

The camera module and the Raspberry Pi CM 
are connected to a central control system located 
on a server, which initiates and coordinates the 
operation of the cameras. After each image pair 
is captured, the images are stored locally in the 
appropriate format and subsequently transmit-
ted to the central server via a REST API inter-
face. Further processing takes place on the server 
with higher computational capacity, where im-
age matching, depth map generation, and object 

position estimation are performed. This separa-
tion of acquisition from processing enables the 
use of an energy-efficient mobile device in the 
field while leveraging the computational resourc-
es of the central server to execute complex image 
analysis algorithms.

In Figure 1a, a colour image with a resolution 
of 256 × 192 pixels is presented, depicting an em-
ployee wearing a cap. For the purpose of analysis, 
the image resolution was intentionally reduced to 
better reflect production conditions. This decision 
is justified by the fact that industrial cameras in-
stalled on production floors often deliver images 
at relatively low resolutions.

Another motivation for the resolution reduc-
tion was the decrease in image processing time, 
which is expected to enable the implementation 
of the employee trajectory estimation process us-
ing relatively limited computational resources.

Figure 1 also presents a decomposition of 
the colour image into six of the most commonly 
used channels in computer vision methods. The 
first three channels (b, c, and d) originate from the 

Figure 1. Example of the distribution of a colour 256 × 192 image across 6 most popular channels: (a) colour 
image, (b) blue, (c) green, (d) red, (e) hue, (f) saturation, (g) value
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BGR colour space, while the remaining three (e, f, 
and g) are from the HSV colour space. These sub-
sets of channels were tested to identify the most 
efficient method for detecting the target element.

The decomposition clearly demonstrates that, 
despite the presence of a distinctive clothing ele-
ment, detecting it based on a single channel could 
be highly challenging.

A convolutional neural network based on 
a five-level U-Net architecture [25–27, 30] was 
employed for the identification of the cap. The 
network was trained in a supervised manner. The 
input to the model consisted of images with a res-
olution of 256 × 192 pixels, with the number of 
input channels being configurable.

The training process involved optimising the 
network parameters based on input tensors and 
their corresponding output tensors. The inputs 
were images decomposed into selected channels, 
while the outputs were masks representing the tar-
get element within the image. A set of examples 

input and output tensors is presented in Figure 2. 
Figure 3 presents the schematic of the network, 
which accepts three input channels (e.g., the three 
channels of the HSV or BGR colour space) and 
produces a single output channel with the same 
resolution as the input.

The network is composed of five encod-
ing levels and four decoding levels, arranged in 
a characteristic U-shape specific to this architec-
ture. Each encoding level consists of two con-
volutional layers, each followed by a nonlinear 
ReLU activation function. Subsequently, each 
image dimension is halved using the MaxPooling 
method, after which the image is forwarded to the 
next lower level, where the number of channels 
is doubled. During decoding, encoding channels 
from the same level are combined with encoding 
channels from a lower level. Due to dimensional 
discrepancies, the lower-level encoding chan-
nels are scaled to the appropriate dimensions us-
ing linear interpolation. Consequently, the first 

Figure 2. Example of 3 channels input tensor: (a) hue, (b) saturation, (c) value, and 1 channel output tensor:
(d) mask

Figure 3. A schematic of a convolutional neural network based on the U-Net architecture designed for object 
identification in images
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convolutional layer of the decoder operates on 
three times the number of channels compared to 
the encoding layer at the same level. The decod-
ing step at each level concludes after two convo-
lutional layers, each terminated with a nonlinear 
ReLU activation function.

Identification of the correct element within 
the image constitutes the initial step in the lo-
calisation process. Thus, features are extracted 
from the binary mask obtained through the U-
Net network to determine the spatial position of 
the object in three-dimensional space. Assuming 
that the system simultaneously captures two im-
ages using the left and right cameras, two binary 
masks – the left and the right – are consequently 
obtained. For each mask, the centroid of the ob-
ject is calculated using the following equations:
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𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (4) 

 

(
𝑢𝑢∗,𝑖𝑖
𝑣𝑣∗,𝑖𝑖
1
) = (

𝑝𝑝∗,1,1 𝑝𝑝∗,1,2 𝑝𝑝∗,1,3
𝑝𝑝∗,2,1 𝑝𝑝∗,2,2 𝑝𝑝∗,2,3
𝑝𝑝∗,3,1 𝑝𝑝∗,3,2 𝑝𝑝∗,3,3

 
𝑝𝑝∗,1,4
𝑝𝑝∗,2,4
𝑝𝑝∗,3,4

) ∙ (
𝑋𝑋𝑖𝑖
𝑌𝑌𝑖𝑖
𝑍𝑍𝑖𝑖
1
) (5) 

 

(

 
𝑢𝑢𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,1
𝑣𝑣𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,2
𝑢𝑢𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,1
𝑣𝑣𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,2)

 ∙ (
𝑡𝑡1
𝑡𝑡2
𝑡𝑡3
𝑡𝑡4
) = (

0
0
0
0
) (6) 

 

ℒ1 = −
1
𝑁𝑁∑[𝑎𝑎𝑖𝑖 ∙ 𝑙𝑙𝑙𝑙𝑙𝑙(𝜎𝜎(𝑏𝑏𝑖𝑖)) + (1 − 𝑎𝑎𝑖𝑖) ∙ log (1 − 𝜎𝜎(𝑏𝑏𝑖𝑖))]
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 (7) 

 

ℒ2 = −
1
𝑁𝑁∑[(𝑎𝑎𝑖𝑖,1 − 𝑏𝑏𝑖𝑖,1)2 + (𝑎𝑎𝑖𝑖,2 − 𝑏𝑏𝑖𝑖,2)2 + (𝑎𝑎𝑖𝑖,3 − 𝑏𝑏𝑖𝑖,3)2]
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𝑢𝑢𝐿𝐿 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (1) 

 

 

𝑣𝑣𝐿𝐿 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
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𝑦𝑦=0
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𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (2) 

 

𝑢𝑢𝑅𝑅 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (3) 

 

𝑣𝑣𝑅𝑅 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0
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𝑝𝑝∗,1,4
𝑝𝑝∗,2,4
𝑝𝑝∗,3,4

) ∙ (
𝑋𝑋𝑖𝑖
𝑌𝑌𝑖𝑖
𝑍𝑍𝑖𝑖
1
) (5) 
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𝑢𝑢𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,1
𝑣𝑣𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,2
𝑢𝑢𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,1
𝑣𝑣𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,2)

 ∙ (
𝑡𝑡1
𝑡𝑡2
𝑡𝑡3
𝑡𝑡4
) = (

0
0
0
0
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ℒ2 = −
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 (8) 

 

	 (3)
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𝑢𝑢𝐿𝐿 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
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𝑦𝑦=0
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𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0
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𝑥𝑥=0
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𝑣𝑣𝐿𝐿 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
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𝑦𝑦=0
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𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (2) 

 

𝑢𝑢𝑅𝑅 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (3) 

 

𝑣𝑣𝑅𝑅 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (4) 

 

(
𝑢𝑢∗,𝑖𝑖
𝑣𝑣∗,𝑖𝑖
1
) = (

𝑝𝑝∗,1,1 𝑝𝑝∗,1,2 𝑝𝑝∗,1,3
𝑝𝑝∗,2,1 𝑝𝑝∗,2,2 𝑝𝑝∗,2,3
𝑝𝑝∗,3,1 𝑝𝑝∗,3,2 𝑝𝑝∗,3,3

 
𝑝𝑝∗,1,4
𝑝𝑝∗,2,4
𝑝𝑝∗,3,4

) ∙ (
𝑋𝑋𝑖𝑖
𝑌𝑌𝑖𝑖
𝑍𝑍𝑖𝑖
1
) (5) 

 

(

 
𝑢𝑢𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,1
𝑣𝑣𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,2
𝑢𝑢𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,1
𝑣𝑣𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,2)

 ∙ (
𝑡𝑡1
𝑡𝑡2
𝑡𝑡3
𝑡𝑡4
) = (

0
0
0
0
) (6) 

 

ℒ1 = −
1
𝑁𝑁∑[𝑎𝑎𝑖𝑖 ∙ 𝑙𝑙𝑙𝑙𝑙𝑙(𝜎𝜎(𝑏𝑏𝑖𝑖)) + (1 − 𝑎𝑎𝑖𝑖) ∙ log (1 − 𝜎𝜎(𝑏𝑏𝑖𝑖))]

𝑁𝑁

𝑖𝑖=1
 (7) 

 

ℒ2 = −
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𝑁𝑁∑[(𝑎𝑎𝑖𝑖,1 − 𝑏𝑏𝑖𝑖,1)2 + (𝑎𝑎𝑖𝑖,2 − 𝑏𝑏𝑖𝑖,2)2 + (𝑎𝑎𝑖𝑖,3 − 𝑏𝑏𝑖𝑖,3)2]

𝑁𝑁

𝑖𝑖=1
 (8) 

 

	 (4)

where:	x and y denote the width and height coor-
dinates of each pixel, respectively, while 
mL  and mR indicate the pixel colour (0 – 
black, 1 – white). The four numerical val-
ues thus determined serve as the starting 
point for reconstructing the spatial coor-
dinates (X, Y, Z).

The reconstruction process was implemented 
using two approaches. The first is an analytical 
method based on the known projection matrices 
PL, PR ∈ ℝ3×4 for the left and right cameras, re-
spectively. The second approach involves utilis-
ing a neural network trained on an appropriately 
selected dataset. Both methods were implemented 
using a set of vectors S = (uL,i, vL,i,, uR,i, vR,I, Xi, Yi, 
Zi), which relates the position of the marker in the 
images to its actual spatial location in 3D space.

The camera projection matrices PL, PR were 
determined using the Singular Value Decompo-
sition (SVD) method [31] applied to a selected 
subset of S. Generally, if P* denotes one of the 

projection matrices (PL or PR), the following re-
lationship holds between the coordinates of the 
vectors in set S:

	

1 

 

𝑢𝑢𝐿𝐿 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (1) 

 

 

𝑣𝑣𝐿𝐿 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (2) 

 

𝑢𝑢𝑅𝑅 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (3) 

 

𝑣𝑣𝑅𝑅 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (4) 

 

(
𝑢𝑢∗,𝑖𝑖
𝑣𝑣∗,𝑖𝑖
1
) = (

𝑝𝑝∗,1,1 𝑝𝑝∗,1,2 𝑝𝑝∗,1,3
𝑝𝑝∗,2,1 𝑝𝑝∗,2,2 𝑝𝑝∗,2,3
𝑝𝑝∗,3,1 𝑝𝑝∗,3,2 𝑝𝑝∗,3,3

 
𝑝𝑝∗,1,4
𝑝𝑝∗,2,4
𝑝𝑝∗,3,4

) ∙ (
𝑋𝑋𝑖𝑖
𝑌𝑌𝑖𝑖
𝑍𝑍𝑖𝑖
1
) (5) 

 

(

 
𝑢𝑢𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,1
𝑣𝑣𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,2
𝑢𝑢𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,1
𝑣𝑣𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,2)

 ∙ (
𝑡𝑡1
𝑡𝑡2
𝑡𝑡3
𝑡𝑡4
) = (

0
0
0
0
) (6) 

 

ℒ1 = −
1
𝑁𝑁∑[𝑎𝑎𝑖𝑖 ∙ 𝑙𝑙𝑙𝑙𝑙𝑙(𝜎𝜎(𝑏𝑏𝑖𝑖)) + (1 − 𝑎𝑎𝑖𝑖) ∙ log (1 − 𝜎𝜎(𝑏𝑏𝑖𝑖))]
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ℒ2 = −
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𝑁𝑁∑[(𝑎𝑎𝑖𝑖,1 − 𝑏𝑏𝑖𝑖,1)2 + (𝑎𝑎𝑖𝑖,2 − 𝑏𝑏𝑖𝑖,2)2 + (𝑎𝑎𝑖𝑖,3 − 𝑏𝑏𝑖𝑖,3)2]
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𝑖𝑖=1
 (8) 

 

	 (5)

If |S| > 6, these equations lead to an overdeter-
mined system of equations, where the unknowns 
are the coefficients of the projection matrix. This 
system can be solved, among other methods, by 
decomposing the system’s matrix into a product 
of rotation, scaling, and rotation matrices using 
the Singular Value Decomposition (SVD) tech-
nique. Given the coefficients of both projection 
matrices PL and PR, it becomes possible to deter-
mine the real-world coordinates (X, Y, Z) based on 
the coordinates of the object (uL, vL) and (uR, vR)  
localised in the images taken by two independent 
cameras. These coordinates are computed as X = 
t1/t4, and Z = t3/t4, where t1, t2, t3, t4  are solutions to 
the following system of equations:
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𝑢𝑢𝐿𝐿 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0
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𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (1) 

 

 

𝑣𝑣𝐿𝐿 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0

255

𝑥𝑥=0
) (∑∑𝑚𝑚𝐿𝐿(𝑥𝑥, 𝑦𝑦)
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𝑦𝑦=0

255

𝑥𝑥=0
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𝑢𝑢𝑅𝑅 = (∑∑𝑥𝑥 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
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𝑦𝑦=0
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𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)

191

𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (3) 

 

𝑣𝑣𝑅𝑅 = (∑∑𝑦𝑦 ∙ 𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
191

𝑦𝑦=0
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𝑥𝑥=0
) (∑∑𝑚𝑚𝑅𝑅(𝑥𝑥, 𝑦𝑦)
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𝑦𝑦=0

255

𝑥𝑥=0
)⁄  (4) 

 

(
𝑢𝑢∗,𝑖𝑖
𝑣𝑣∗,𝑖𝑖
1
) = (

𝑝𝑝∗,1,1 𝑝𝑝∗,1,2 𝑝𝑝∗,1,3
𝑝𝑝∗,2,1 𝑝𝑝∗,2,2 𝑝𝑝∗,2,3
𝑝𝑝∗,3,1 𝑝𝑝∗,3,2 𝑝𝑝∗,3,3

 
𝑝𝑝∗,1,4
𝑝𝑝∗,2,4
𝑝𝑝∗,3,4

) ∙ (
𝑋𝑋𝑖𝑖
𝑌𝑌𝑖𝑖
𝑍𝑍𝑖𝑖
1
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𝑢𝑢𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,1
𝑣𝑣𝐿𝐿𝑃𝑃𝐿𝐿,3 − 𝑃𝑃𝐿𝐿,2
𝑢𝑢𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,1
𝑣𝑣𝑅𝑅𝑃𝑃𝑅𝑅,3 − 𝑃𝑃𝑅𝑅,2)

 ∙ (
𝑡𝑡1
𝑡𝑡2
𝑡𝑡3
𝑡𝑡4
) = (

0
0
0
0
) (6) 

 

ℒ1 = −
1
𝑁𝑁∑[𝑎𝑎𝑖𝑖 ∙ 𝑙𝑙𝑙𝑙𝑙𝑙(𝜎𝜎(𝑏𝑏𝑖𝑖)) + (1 − 𝑎𝑎𝑖𝑖) ∙ log (1 − 𝜎𝜎(𝑏𝑏𝑖𝑖))]
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where:	PL,i and PR,i are the i-th rows of the projec-
tion matrices PL and PR, respectively.

The second approach involved utilising the 
set S as a training dataset for a neural network 
designed to reconstruct the coordinates (X, Y, Z)  
based on the centroid coordinates of the marker 
(uL, vL, uR, vR) identified in the images from the left 
and right cameras. For this task, an MLP (Multi-
layer Perceptron) [32, 33, 34, 35] network with an 
input dimension of 4 and an output dimension of 
3 was selected. Each hidden layer was separated 

Figure 4. Diagram of a network based on MLP 
architecture designed for determining the position of 

objects in 3D space
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by a nonlinear ReLU activation layer. Several 
models of such a network were developed for this 
study, differing in the number of hidden layers 
and the number of neurons per layer. An example 
scheme of such a network with 5 hidden layers is 
presented in Figure 4.

RESULTS

The training process for cap recognition was 
performed using 346 images captured with a 
worker in standing and sitting positions, as well 
as without any worker present. All images were 
scaled to a resolution of 256 × 192 pixels. To 
avoid the issues related to model overfitting, it 
was decided that images simultaneously captured 
by both cameras would form inseparable pairs. In 
practice, this implied that both images from such 
a pair were assigned either entirely to the training 
set or entirely to the validation set. Additionally, 
each image was vertically flipped, horizontally 
flipped, and rotated by 180°. Consequently, the 
training procedure was conducted using 1384 im-
ages along with their corresponding masks. The 
entire dataset was partitioned into training and 
validation sets according to a 3:1 ratio.

A total of 15 object identification models 
were subjected to effectiveness analysis. The loss 
function for each model was defined using Bina-
ry Cross Entropy with Logits Loss, which is ex-
pressed by the following formula
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where:	N denotes the number of model outputs, 
ai is the i-th expected output value, bi is 
the corresponding predicted output value, 
and σ(bi)  is the Sigmoid activation func-
tion applied to bi: σ(x) = (1 + e-x)-1.

The analysed models differed in their selec-
tion of input channels and the number of channels 
in the first level of the model. These two param-
eters uniquely identified each model, since every 
subsequent level contained twice as many chan-
nels as the previous one. Simultaneously, each 
level reduced the image resolution by halving 
both spatial dimensions.

Accordingly, the models were labelled using 
identifiers indicating the chosen input channels: 

B (Blue), G (Green), R (Red), H (Hue), S (Satu-
ration), and V (Value), along with the number of 
channels in the first layer. For example, the label 
BGR-04 refers to a model fed with three BGR 
channels and using 4 channels at the first level. In 
contrast, the label RS-08 denotes a model using 
the Red and Saturation channels with 8 channels 
at the first level.

The training results for the selected 15 mod-
els are presented in Table 1. It should be empha-
sized that all models demonstrated very high ef-
fectiveness. The training time largely depended 
on the specific set of model parameters randomly 
initialised at the beginning of the training process. 
The behaviour of the ADAM optimisation algo-
rithm used for training was highly influenced by 
these initial parameter values. Nevertheless, the 
applied method exhibited consistent and predict-
able convergence, and after a sufficient number of 
epochs, the model parameters stabilised at values 
yielding satisfactory results.

The obtained results clearly indicate that even 
the smallest models can achieve high performance, 
provided that their parameters are appropriately 
selected. Figure 5 presents exemplary images with 
overlaid masks generated by the BGRHSV-08 
model. The highly accurate results in cap identifi-
cation enabled progression to the next stage of the 
study, which involved the evaluation of 3D spatial 
localisation methods. In this phase, two approach-
es operating on the same sets of binary masks were 
compared. The first method relied on determining 
the projection matrices for both cameras, followed 
by the reconstruction of 3D coordinates through 
analysis of the cap’s coordinates in the images 
captured by the left and right cameras. The second 
method involved employing a neural network to 
predict spatial coordinates.

To compare both approaches, the same loss 
function was applied—namely, the Mean Squared 
Error (MSE), defined by the following formula:
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where:	N is the number of model outputs,  (ai,1, 
ai,2, ai,3 denotes the i-th expected 3D spa-
tial location, and (bi,1, bi,2, bi,3) represents 
the i-th predicted spatial location (with 
individual components corresponding to 
the X, Y and Z axes, respectively).
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To illustrate the impact of image resolution on 
localisation accuracy, experiments were conduct-
ed using masks of four different dimensions: 256 
× 192, 512 × 384, 1024 × 768, and 2048 × 1536 
pixels. A total of 308 masks were analysed, each 
depicting the cap positioned at a specific location 
within the observed space.

Table 2 presents the results of 3D real-world 
coordinate reconstruction using the projection 
matrices of the left and right cameras. The ob-
tained results clearly indicate that reconstruction 
accuracy strongly depends on image resolution. 
For a resolution of 256 × 192, the mean squared 
error reaches 1.434 m2, which corresponds to a 
root-mean-square error in distance estimation of 
approximately 1.197 m. This is relatively high, 
especially considering that the analysed work-
space was a rectangle measuring 3 × 5 m. This 
error decreases significantly with higher resolu-
tions. For instance, at a resolution of 2048 × 1536, 
the error drops to 0.424 m. Such precision enables 
meaningful conclusions regarding the worker’s 

movement within a given workstation. Howev-
er, this increase in accuracy comes at the cost of 
significantly larger image/mask sizes, which in 
turn leads to higher computational complexity. 
The time required to compute object parameters 
at a resolution of 2048 × 1536 is approximately 
16 times longer than at 256 × 192.

Considering that many industrial systems 
provide image resolutions around 640 × 480, 
such high-resolution approaches offer limited 
practical feasibility for accurate localisation. It 
is also worth noting that the computed projection 
matrices for both cameras were found to be very 
similar. This is due to the fact that the applied 
stereo camera model uses lenses spaced only 60 
mm apart. As the analysis shows, this distance is 
insufficient for accurate localisation of objects 
situated several meters away from the cameras. 
The most effective camera setup in such scenarios 
would involve placing the cameras on two mutu-
ally perpendicular walls of the workspace. This 
configuration would significantly improve the 

Table 1. Summary of training times and memory requirements for 15 U-Net neural network model variants for 
image recognition

Model RAM [MB] Epoch training time [s] Epochs to train end Final loss [%]

HSV-04 0.469 19.918 46 0.0611

HSV-08 1.873 33.181 11 0.0580

HSV-16 7.486 68.316 46 0.0571

RS-04 0.469 20.511 50 0.0728

RS-08 1.873 33.415 37 0.0549

RS-16 7.486 67.459 50 0.0519

RHSV-04 0.469 21.018 47 0.0597

RHSV-08 1.873 34.136 41 0.0546

RHSV-16 7.486 70.035 38 0.0557

BGR-04 0.469 19.541 20 0.0541

BGR-08 1.873 33.765 14 0.0722

BGR-16 7.486 68.962 49 0.0504

BGRHSV-04 0.469 20.634 41 0.0574

BGRHSV-08 1.874 33.770 43 0.0526

BGRHSV-16 7.488 70.716 45 0.0540

Figure 5. Example of cap detection on test images using the BGRHSV-08 model
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accuracy of coordinate reconstruction, particular-
ly along the X and Y axes.

Another method used for reconstructing re-
al-world 3D coordinates was the MLP neural net-
work, the architecture of which is illustrated in 
Figure 4. The available set of 308 masks was di-
vided into training and validation subsets in a 3:1 
ratio. The tested models were named according to 
the value of the MLP network parameter N and 
the dimensions of the masks from which training 
data were extracted. A name in the format MLP-
N-WxH denotes an MLP model with architecture 
based on the specified value N, and source masks 
of width W pixels and height H pixels.

In total, 16 configurations were evaluated. 
The results of the training process are presented 
in Table 3. Analysis of the results indicates that, 
for the proposed architecture, the resolution of the 
masks had virtually no impact on the final per-
formance. Notably, all trained models achieved 
lower errors than any of the configurations using 
projection-matrix-based methods.

The model MLP-32-2048x1536 achieved the 
lowest error, suggesting that the average locali-
sation error did not exceed 30 cm. However, it 
should be noted that the computational cost for 
MLP models is significantly higher compared to 
the projection matrix method. Even the smallest 

MLP model required over 8 million multiplica-
tions, whereas the projection matrix method re-
duces to solving a system of four linear equations 
with four unknowns.

DISCUSSION

In terms of object identification, the proposed 
approach based on the u-net architecture has been 
shown to be highly effective. In comparison, 
Cheng et al. [6] present an analysis of the per-
formance of two architectures: ResNet (Residual 
Network) [36] and VGG (Visual Geometry Group) 
[37]. These are used for the identification of the 
workers equipped with a helmet, a vest, as well as 
both a helmet and a vest. The reported identifica-
tion accuracy is highest for workers wearing both 
a helmet and a vest, reaching nearly 97.5% for the 
ResNet architecture and nearly 96.5% for the VGG 
architecture. However, this is clearly lower than 
the method considered in the present article, where 
the accuracy exceeded 99.9% for all examined var-
iants. On the other hand, Bian et al. [7] used the 
YOLO algorithm for object identification, which 
allowed for the identification of the following ob-
jects in a 3D printing process: extruder (99.96%), 
print bed (99.90%), operator’s finger (92.50%), 

Table 2. Projection matrices and localisation error for different image resolutions
Resolution Projection matrix ℒ2[m2] √ℒ2 [m] 

256×192 

𝑃𝑃𝐿𝐿 = 10−2 (
28.38 12.73     −8.15 20.61
3.06 −2.56     −31.48 86.79
0.017 0.123     −0.092 0.468

) 

𝑃𝑃𝑅𝑅 = 10−2 (
29.55 12.47     −7.62 15.64
2.98 −3.10     −31.93 87.35
0.017 0.128     −0.091 0.474

) 

1.434 1.197 

512×384 

𝑃𝑃𝐿𝐿 = 10−2 (
28.46 12.81     −8.10 20.64
3.06 −2.48     −31.37 86.79
0.008 0.062     −0.046 0.233

) 

𝑃𝑃𝑅𝑅 = 10−2 (
29.37 12.44     −7.81 16.08
2.95 −3.01     −31.96 87.31
0.009 0.064     −0.047 0.237

) 

0.454 0.674 

1024×768 

𝑃𝑃𝐿𝐿 = 10−2 (
28.34 12.78     −8.07 20.76
3.03 −2.46     −31.36 86.82
0.004 0.031     −0.023 0.117

) 

𝑃𝑃𝑅𝑅 = 10−2 (
29.35 12.46     −7.724 16.03
2.94 −2.99     −31.92 87.34
0.004 0.032     −0.023 0.118

) 

0.212 0.460 

2048×1536 

𝑃𝑃𝐿𝐿 = 10−2 (
28.35 12.79     −8.06 20.76
3.04 −2.45     −31.34 86.82
0.002 0.015     −0.011 0.058

) 

𝑃𝑃𝑅𝑅 = 10−2 (
29.33 12.48     −7.76 16.14
2.94 −2.97     −31.89 87.33
0.002 0.016     −0.012 0.059

) 

0.179 0.424 
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Table 3. Summary of training times and memory requirements for 16 MLP neural network model variants for 3D 
coordinates determination

Model RAM [MB] Epoch training time [s] Epochs to train end

1 

 
 
 

 
ℒ2 

 
√ℒ2  

 

[m2]

1 

 
 
 

 
ℒ2 

 
√ℒ2  

 

[m]
MLP-32-256x192 0.049 0.025 173 0.126 0.355

MLP-64-256x192 0.191 0.028 186 0.112 0.334

MLP-128-256x192 0.757 0.035 161 0.129 0.359

MLP-256-256x192 3.015 0.053 188 0.110 0.331

MLP-32-512x384 0.049 0.027 196 0.123 0.351

MLP-64-512x384 0.191 0.029 145 0.137 0.370

MLP-128-512x384 0.757 0.035 149 0.110 0.332

MLP-256-512x384 3.015 0.054 177 0.122 0.349

MLP-32-1024x768 0.049 0.027 132 0.126 0.355

MLP-64-1024x768 0.191 0.028 193 0.173 0.416

MLP-128-1024x768 0.757 0.035 189 0.135 0.367

MLP-256-1024x768 3.015 0.055 177 0.128 0.358

MLP-32-2048x1536 0.049 0.027 185 0.084 0.290

MLP-64-2048x1536 0.191 0.029 191 0.150 0.387

MLP-128-2048x1536 0.757 0.035 171 0.140 0.374

MLP-256-2048x1536 3.015 0.055 186 0.168 0.409

and operator silhouette (96.50%). It should be not-
ed that only for the extruder and the print bed were 
the results on par with those presented in this arti-
cle. In contrast, Han et al. [12] utilised the Mask 
R-CNN architecture [38] for object identification. 
Although an accuracy of 96.4% is achieved, this 
result pertains to tracking and identifying multiple 
objects simultaneously.

Reconstructing the position of the cap in spa-
tial coordinates has been found to be associat-
ed with a relatively large error. However, when 
comparing the results obtained for the projection 
matrix with those reported by Imam et al. [22], 
no better results should be expected. In the cited 
publication, the authors reported errors for objec-
tives at a distance of 250 mm ranging from 0.200 
m to 1.000 m for objects placed in the same dis-
tance range as the cap. It should be emphasised 
that this error pertains only to distance estimation 
from the camera. In practice, this means that the 
actual determination of spatial coordinates may 
involve an even larger error. Given that in the 
present article cameras were used with objectives 
only 60 mm apart, the error resulting from the use 
of the projection matrix should be considered ex-
pected. Therefore, it is important to note that the 
estimation of the position using a neural network 
significantly improves the accuracy of the ob-
tained results. Seo et al. [23] conducted a study on 
the effectiveness of stereo vision combined with 

the Monocular Depth method [39] for the camer-
as with lens separations of 50 mm and 120 mm. 
In their approach, the average relative error for 
distances not greater than 10 m was always found 
to exceed 9%. In the context of the present article, 
this corresponds to absolute values ranging from 
0.3 to 0.8 m. It is thus evident that the results ob-
tained by the authors fall within the lower bounds 
of the error reported in other publications.

In the context of position tracking, it is also 
worth referring to the results obtained by Bauters 
et al. [13]. They employed four cameras positioned 
at the corners of the workspace and one camera 
with a fisheye lens at the centre of the workspace. 
This arrangement of cameras allows for relative-
ly precise mapping of the object position in space. 
The space is filled with a virtual cubic grid with an 
edge length of 0.020 m, which the authors suggest 
reflects the precision of object localisation. Unfor-
tunately, the authors did not compare the obtained 
results with the actual position, as the main focus 
of the article was on classifying the trajectories 
along which the worker moves. The method for 
worker identification itself is based on visual back-
ground subtraction techniques [40] and is not very 
robust to the objects appearing around the worker. 
However, in future research, it would be valuable 
to consider the camera placements that will signif-
icantly diversify the perspectives of the captured 
images in the employed method, which should 



295

Advances in Science and Technology Research Journal 2026, 20(2) 284–297

also contribute to improving the precision of ob-
ject localization.

It should be noted that the presented results are 
based on tests carried out in a fully controlled envi-
ronment. The next very important step will be the 
adaptation of the developed methods to real-world 
conditions, which are characterised by much great-
er variability. In particular, the applied methods will 
have to be adjusted to variable lighting conditions 
and the presence of a larger number of workers.

The essence of the presented method is the 
tracking of a worker’s movement at a selected 
workstation. Therefore, identification based on 
a characteristic feature of clothing is considered 
very convenient. However, it should be pointed 
out that the presented approach will not be ap-
plicable in the cases where the characteristic ele-
ment is worn by many workers (e.g., a part of the 
company uniform).

For this reason, the presented approach is not 
adequate for continuous tracking of movements. 
The use of the proposed algorithms should be limit-
ed to strictly defined time frames for the purpose of 
analysing the performance of a specific workstation.

CONCLUSIONS

The method proposed in this article repre-
sents a significant advancement in both object 
identification and spatial localisation within 
manufacturing environments. The results demon-
strate that the proposed U-Net based approach 
for object identification is notably more effective 
compared to other methods tested in similar con-
texts. The identification accuracy achieved by the 
U-Net architecture consistently exceeded 99.9% 
across all examined variants, significantly outper-
forming alternative models, such as those based 
on ResNet and VGG, which reported maximum 
accuracies of approximately 97.5% and 96.5%, 
respectively. This highlights the exceptional per-
formance of the proposed system, making it a 
highly reliable tool for automatic monitoring of 
worker movements.

In terms of localisation, the results show that 
the proposed method for 3D spatial localization, 
using stereo images combined with neural net-
works, allows for accurate positioning even with 
low-resolution images. Despite the relatively low 
image resolution of 256 × 192 pixels, the local-
ization error of the proposed method was com-
parable to the results of other techniques tested 

on stereo cameras with narrow lens baselines. 
This is particularly impressive given that the 
achieved localisation error using the projection 
matrix approach was considerably higher under 
similar conditions. The use of neural networks in 
this context significantly improved the accuracy, 
allowing for reliable 3D localisation even when 
computational resources were limited.

The approach demonstrated in this study of-
fers significant advantages in industrial applica-
tions, particularly where computational efficien-
cy is crucial, and high-resolution imaging is not 
feasible. The system’s ability to work effectively 
with lower-resolution images while maintaining 
high accuracy in object identification and local-
isation makes it an ideal solution for real-time 
monitoring and optimisation of production pro-
cesses. Moreover, the ability to adapt to various 
camera configurations and environments opens 
up additional possibilities for its integration into 
existing industrial systems.

Future improvements could involve testing the 
system with cameras having a wider lens baseline 
to further enhance localisation precision, as well 
as incorporating additional algorithms for colli-
sion detection, activity prediction, and automatic 
classification of worker tasks. These enhance-
ments would expand the functionality of the sys-
tem, making it even more versatile and capable of 
supporting a wider range of industrial applications.

In conclusion, the proposed method presents 
a groundbreaking solution for automatic worker 
identification and trajectory tracking, with re-
markable accuracy even under challenging condi-
tions. The combination of stereo vision and neural 
networks offers an innovative approach to opti-
mising production processes and provides valua-
ble insights for future advancements in industrial 
automation and smart manufacturing systems.
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