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ANNOTATION
This thesis deals with the application of deep neural networks in the processing of static two­
dimensional image data. The aim is to investigate the extraction and classification of key 
features of images and apply this knowledge for object recognition, classification, localization 
and detection in image data. The research focuses on testing the hypothesis of the ability of 
deep neural networks to efficiently process and interpret image data, with an emphasis on 
designing and optimizing appropriate neural network architectures. The work also includes the 
development of a methodology for generalizing object detection by transforming features into 
probabilistic maps. The outcomes of this work also include a set of applications where the 
proposed transformation methods can be effectively utilized, such as tracking individuals in 
public spaces or the precise detection of key points on objects for robotic grasping and 
manipulation.

KEYWORDS
Deep neural networks, image processing, object detection, probabilistic maps.

NÁZEV
Aplikace hlubokých neuronových sítí při zpracování obrazu.

ANOTACE
Tato práce se zabývá aplikací hlubokých neuronových sítí v oblasti zpracování statických 
dvourozměrných obrazových dat. Cílem je zkoumat extrakci a klasifikaci klíčových vlastností 
obrazů a aplikovat tyto poznatky pro rozpoznávání, klasifikaci, lokalizaci a detekci objektů v 
obrazových datech. Výzkum se zaměřuje na ověření hypotézy o schopnosti hlubokých 
neuronových sítí efektivně zpracovávat a interpretovat obrazová data, přičemž klade důraz na 
návrh a optimalizaci vhodných architektur neuronových sítí. Práce dále obsahuje rozvoj 
metodiky pro zobecnění detekce objektů transformací vlastností do pravděpodobnostních map. 
Výsledkem práce je také soubor aplikací, kde lze efektivně využít navržené transformační 
metody, jako je sledování osob ve veřejném prostoru nebo přesná detekce klíčových bodů na 
objektech pro robotické uchopování a manipulaci.

KLÍČOVÁ SLOVA
Hluboké neuronové sítě, zpracování obrazu, detekce objektů, pravděpodobnostní mapy.
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Objectives
The main objective of this dissertation was to develop and apply a method based on 

deep neural networks for specific image processing applications. The work was focused on 
detection, localization and classification of people and objects in image data, which presented 
significant challenges and opportunities in various application domains. The goal was to 
develop a robust algorithm capable of analyzing image data and providing reliable results in 
achievable time. To achieve this goal, it was necessary to define and implement metrics to 
evaluate the performance of the proposed methods. These metrics included classical indicators, 
but also specific metrics focused on detection and classification tasks in the context of image 
processing. Comparison of the proposed solutions with classical and state-of-the-art methods 
played a key role in assessing their effectiveness.

The selected problem was specified and restricted to static data, i.e., images taken at a 
well-defined and fixed angle. These constraints also included a low number of object classes 
with defined variance of the object distance from the sensor. A general sensor system scheme 
was developed to provide suitable data for these specific tasks. The camera system was placed 
over the sensed area at a defined distance, which minimized perspective distortion and ensured 
consistent sizes of objects of the same class in different images.

In the initial stages of the research, the detection problem was limited to a single class 
of objects, namely the detection of people. This approach allowed focusing on optimizing the 
algorithms for one specific class, which facilitated tuning and evaluation. Gradually, the 
research was extended to multiple object classes, increasing the complexity and practical 
applicability of the system. The thesis consists of a total of six thematically related publications, 
in which the author was a co-author, that mapped the solution procedure of the detection 
problem presented in this dissertation.

Article 1 (Annex 1) was focused on the classification of people in image data, 
investigating different combinations of feature extraction techniques and classification 
algorithms. This research was followed by the Article 2 (Annex 2), dedicated to testing different 
settings of the best performance methods of the first paper in comparison with conventional 
convolutional neural network topologies.

Paper 3 (Annex 3) presented an innovative approach of transforming objects into a 
centroid using a segmentation neural network. This approach used an encoder-decoder scheme 
and allowed more accurate head detection, based on transforming the input image into a 
probabilistic map of head occurrence. Article 4 (Annex 4) was focused on extending the idea 
of paper 3, to the detection of persons by predicting the pixel-accurate centroid positions using 
fully convolutional networks.

Article 5 (Annex 5) extended the idea of detection to other objects of non-symmetric 
shapes and to detect selected parts of them. In particular, a new system for grasping point 
detection for industrial robots using a custom-designed fully convolutional ASP U-Net was 
presented.
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Introduction
Currently, there is a growing effort to interpret the world around us based on the 

perceptual systems that people possess. One of such systems is the visual system, which 
provides humans with up to 80% of the information about their surroundings (Saj dikova, 2018). 
Due to the importance of this system for human perception, image processing methods, 
specifically digital image processing methods, are intensively studied. This interest in image 
processing is derived mainly from two main application areas. The first area is by improving 
the interpretation of image data, and thus improving human understanding of this data. The 
second area involves the direct processing of image data for further analysis or use; especially 
in autonomous systems that rely exclusively on machine perception. Machine perception is 
certainly related to the capabilities of the perceptual system and the types of signals that such a 
system can detect. From this perspective, it is necessary to define how image data is represented 
by signals. The image data is understood as a two-dimensional signal that is realized at each 
point by the amplitude distribution of the individual color components (Chakravorty, 2018). 
The actual observation of colors depends on the wavelength of the electromagnetic radiation 
that falls on the sensor of the perceptual system.

In the case of human perception (through the visual apparatus), electromagnetic 
radiation can be observed exclusively in the visible spectrum, which corresponds to 
wavelengths from approximately 400 nm to 800 nm (Bohren, 2006). Machine vision systems 
have a much wider range of observable wavelengths, with technologies allowing for the 
observation of infrared, ultraviolet, or X-rays, for example (Gonzalez, 2002). Depending on the 
technological capabilities, it is also common to measure other variables, such as magnetic 
properties, and then display them as two-dimensional image data, as seen in magnetic resonance 
imaging (Hoult, 1997). For digital image data processing it is essential to capture these 
variables. In addition to the sensors themselves, it is also necessary to define the region of 
interest, which can be a single image point (pixel), a two-dimensional region of pixels (image), 
or a multidimensional representation of the image data. This multidimensional representation 
may depend on time, where it includes a sequence of individual frames (video), or space, where 
the intensity of individual image pixels describes the distance from the sensor (depth maps or 
point clouds).

In addition to capturing image data, it is also important to interpret it and extract further 
insights from it. When digital devices are used, such a process is referred to as digital image 
processing (Silva, 2005). Digital image processing methods are now widely used in human 
daily life. A common example of the implementation of image processing methods is the mobile 
phone, which commonly integrates methods for various brightness correction, color 
temperature, noise, or automatic pixel correction in low light conditions (Thabet, 2015). In 
addition to these direct methods, there are also built-in methods for detecting or locating people 
or objects in the image, or identifying the user through facial recognition (Guillaume, 2015).

The use of image processing methods can be classified according to the application 
domain or the requirements for accuracy, speed, or reliability of processing. Industrial 
applications require relatively high standards of accuracy and reliability in image processing, 
for example, when dealing with the problem of selecting an object from a storage space (bin 
picking) or moving objects between different spaces (pick and place) (Carvalho, 2012). In
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addition to robotics, another important application area is area-of-interest monitoring. This 
includes remote sensing, airspace surveillance systems and detection, counting and tracking of 
people. These applications range from optimizing the use of transport links to analyzing 
trajectories and improving public spaces with regard to bottlenecks and evacuation safety.

Person detection is the first step in any tracking or counting system. Accurately tracking 
the number of passengers entering and exiting vehicles is essential for public transport safety, 
passenger movement forecasting, transport planning, vehicle utilization monitoring, station 
management and operations, and cost optimization (Olivo, 2020; Siebert, 2020). Camera 
systems are increasingly being installed in private and public spaces for security and 
surveillance reasons. As image acquisition becomes more affordable, more image processing 
methods are being tested. Systems for tracking, counting, or detecting people are often 
implemented using computer vision techniques and video processing algorithms. Various 
image and video processing methods are widely used, including methods based on shape 
features, pattern learning, or area estimation (Wu, 2014). Often, an additional sensing system 
is added to standard cameras to provide information in the form of depth maps which improve 
the overall accuracy of the detection system (Fu, 2012).

The ethical implications of installing a detection system in public spaces should also be 
considered and consequently the identification of persons (especially faces) should be avoided. 
This problem can be solved naturally by installing sensing systems orthogonally over the 
monitored area. Given the focus of this dissertation, this sensing principle will be described in 
detail in the following chapter.

This dissertation will address the following areas:

• Accurately defining the initial detection problem and obtaining the necessary 
data to perform experiments in the problem area.

• Description and application of standard image processing methods for detecting 
people in image data and presentation of results leading to further testing.

• Presentation of the hypothesis, the methodology for its testing and a series of 
experiments along with their results.

• Comparison of results with other competing approaches based on convolutional 
neural networks.

• Presentation of the extension of the method to detect more types of shapes and 
objects.

• Discussion and summary of the results, including considerations on future 
directions for improving the proposed methods.

The work presented in this dissertation is built upon previously published articles in 
which all detailed information can be found. These articles are summarized and critically 
discussed in the relevant sections of the dissertation.
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1 Problem Definition and Data Collection
There is a wide range of research possibilities in the field of object detection in image 

data. For the possibility of partial development, it is necessary to specify the selected problem 
in more detail. For the purposes of this dissertation, the detection problem was restricted to 
static data (evaluated from an image), captured at a well-defined and constant angle, with a 
small number of classes of objects detected, and with only a relatively low variable distance of 
the objects from the sensor (camera system). For these tasks, the camera system is positioned 
directly above the captured area at a defined distance, resulting in only a small perspective 
distortion. The detection problem is principally limited to a single class of objects, specifically 
the detection of people. For person detection, two possible configurations were used based on 
the needs of possible applications.

In the context of these conditions, the applications relate to the assessment of indoor 
environments such as shopping malls, airports, office buildings and public transport areas 
where the movement of people on flat surfaces or stairways needs to be monitored. 
Consequently, two primary configurations for person detection were considered.

1.1 Flat-Floor Configuration
This configuration involves detecting people on a flat surface, such as an interior floor. 

The vertical positioning of the camera over a flat surface offers a clear and undistorted view of 
objects, which facilitates detection and subsequent image processing. This configuration is 
suitable for methods based on sliding windows (Arrora, 2020), where detection is performed 
using cutout classification combined with localization based on the position of the cutout in the 
image. A schematic representation of the configuration of the system for detecting people on a 
flat floor is shown in Figure 1.

Figure 1 -  Architecture of the system for tracking people on the flat surface (side view).
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1.2 Staircase Configuration
This scenario is more complex due to the greater variability of distances from the 

sensing system. This applies to public transport access staircases as well as staircases in 
buildings, where the distance variability naturally increases with the size of the staircase. 
Detection on stairs is not ideally performed using sliding window methods due to their 
computational complexity with variable window size (Ferrari, 2008; Bosch, 2008). Instead, 
more general methods, usually based on artificial neural networks, are recommended. 
A schematic representation of the system configuration for detecting people on a defined 
staircase is shown in Figure 2.

Figure 2 -  Architecture of the system for tracking people on the staircase (side view).

However, to achieve greater consistency of observed head sizes within the acquired 
image data, imaging from greater distances using a camera system with a narrower field of view 
was also considered. This approach minimized the variation in head sizes, allowing the use of 
sliding window approach for processing. Overall, this resulted in several datasets for the person 
classification and detection problem, which are described in the following section.

1.3 Data Collection
Several datasets were created in total. The first group of datasets was created for testing 

standard approaches based on sliding window methods with normalized window sizes. These 
included three datasets of object images suitable for evaluating object classification methods.

The first dataset was created in an indoor public space under various lighting conditions. 
Video sequences of people walking on a staircase were captured using a monocular camera. 
Frames with significant movement of the individuals' head positions between consecutive 
frames were then selected. From the selected frames, uniform size images containing heads and 
other objects (not heads) were progressively cropped. In total, 736 original object images 
of normalized size were obtained. The second dataset was created in the staircase areas of public
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transportation. From several video recordings taken in the doorway areas of a tram, a total of 
6 020 images of normalized size were obtained. These images were divided into two classes 
of approximately equal size. Examples of object images from mentioned datasets are shown 
in Figure 3.

Figure 3 -  Examples of object images.

For the second group of datasets, the images were captured in the same locations and 
under the same conditions as the first group. However, during the processing method, visible 
parts of the heads were labeled in the entire images, and the positions of the head labels were 
recorded. This approach made these datasets suitable for testing detection methods. In total, 
1 173 images were captured on a staircase in a public building, along with an additional 7 000 
images from various areas, other staircases within the same public building, and from boarding 
corridors of trams. The aim was to ensure high variability in background, lighting conditions, 
and staircase inclines to enhance the robustness of the detection system. Images from various 
locations are illustrated in Figure 4.

Figure 4 -  Samples of images from individual locations.

Overall, the acquisition was performed using two hardware configurations. In some 
cases, a combination of a Basler acA2500-60uc industrial color camera (Basler, 2020) with a
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high quality Computar M3514-MP lens (Computar, 2020) was used. This offered good light 
sensitivity and therefore only minimal image quality degradation. In other cases, a RealSense 
D435 stereo camera was used. However, only images from one of the stereo sensor color 
cameras were used for dataset purposes. All datasets created are described in Table 1.

Table 1 -  Details of the individual datasets
Dataset Type Fram es count Acquisition HW
Article 1 Classification (cut-outs) 736 Basler acA2500-60uc
Article 2 Classification (cut-outs) 6 020 Basler acA2500-60uc
Article 3 Detection (Full frames) 1 173 RealSense D435
Article 4 Detection (Full frames) 7 000 RealSense D435
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2 Image Classification Methods
This section discusses the traditional image classification methods used in person 

detection using the sliding window technique. Initially, standard approaches that include 
various combinations of feature extraction techniques and classification algorithms were 
evaluated. This evaluation provided insight into the effectiveness of different methodologies in 
extracting relevant information from image data and classifying it accurately. Following this, 
the research was extended by comparing these traditional methods with more advanced 
techniques, namely convolutional neural networks (CNNs). The aim of the comparison was to 
determine the most effective combinations of traditional approaches and to assess their 
performance compared to CNNs. This section describes the methodology and results presented 
in Papers 1 and 2 (Annexes 1 and 2).

2.1 Traditional Image Processing Methods
Image classification is one of the key tasks in computer vision, which involves assigning 

a class or category to a given image based on its content. Traditional image classification 
methods usually rely on feature extraction, which is then used for classification through various 
machine learning algorithms. This approach involves several key steps including image 
preprocessing, feature extraction, and finally classification. A block diagram of a traditional 
classification system is shown in Figure 5.

Figure 5 -  Block diagram of a traditional classification system.

In this approach, for the data collection section, the input to the detector is a grayscale 
normalized image cropped from a real RGB video frame. The output of the detector is the object 
class. Since the detector is designed to distinguish only two classes (Head vs. Non-Head), the 
classification problem can be reduced to a binary classification problem. An illustration of the 
functionality for both classes is shown in Figure 6.

Figure 6 -  Person detector functionality. (Stursa, 2020b)
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To preprocess the object image, grayscale conversion was used along with contrast 
normalization. Well-established and well-known feature extraction techniques were selected 
for testing, specifically feature extraction techniques based on edge and curve detection 
algorithms, blob detection algorithms, binary local patterns, histograms of oriented gradients, 
and pixel intensities. Most of the extractors can be defined by various tunable parameters, where 
for the purpose o f validating the given methods, these parameters were set according to the 
recommended heuristics. Since some extractors return a variable number of extracted features, 
imprinting into a new white image was chosen to normalize them. Specifically, ten feature 
extractors were tested.

Specifically, these were the following edge detectors: the Canny, Sobel, Prewitt, and 
Roberts’ edge detectors, together with the Laplacian of Gaussian, descriptions of which can be 
found in summary articles (Parker 2010; Lim 1990). In addition, blob detectors have been used, 
namely Binary robust invariant scalable key points (KAZE) (Alcantarilla 2012) and Maximally 
Stable Extremal Regions (MSER) (Nister 2008). In terms of other extractors, Histograms of 
oriented gradients (HOG) (Dalal 2005) and Local Binary Patterns (LBP) (Ojala 2002) were 
used. Last, pixel intensities themselves were also chosen, which is basically image information 
without more sophisticated feature extraction. The specific parameter settings can be found in 
the original paper (Stursa, 2020b).

For the purpose of classification, established and widely validated classification 
techniques were selected, including decision trees, support vector machines (SVM), and nearest 
neighbor algorithms. The decision tree group included decision trees, classification trees, and 
regression trees, namely: Fine, Medium, Boosted, Bagged, and RUS Boosted Trees, as 
described in Breiman's book (Breiman, 1984). In addition to trees, the Support Vector Machine 
(SVM) family was represented. This included Linear, Quadratic, Medium Gaussian, and Coarse 
Gaussian SVM classifiers, as detailed in Su's work (Su, 2013). The final classifier chosen was 
Cosine Nearest Neighbor, known for its good accuracy in low-dimensional spaces (Weinberger 
2009). Thus, a total of ten classifiers were tested. The specific classifier parameter settings can 
be found in the original paper (Stursa, 2020b).

2.1.1 Dataset Preparation

As mentioned in the data collection chapter, a total of 736 original object images of 
normalized size were obtained from video footage for the purpose of testing image data 
classification. These images were approximately evenly distributed between the two classes 
(Heads, Not Heads). To expand the dataset, data augmentation was performed by rotating the 
images by 90, 180, and 270 degrees. After augmentation, the dataset comprised of 2 944 
images, which were further divided into training and testing sets. The training set contained 
1 065 images of the 'Head' class and 1 144 images of the 'Not Head' class, while the testing set 
included 355 images of the 'Head' class and 380 images of the 'Not Head' class.

2.1.2 Experiments with Standard Methods

All images of the objects in the dataset have been preprocessed. Various feature 
extraction techniques were then applied to the dataset, resulting in ten groups of data. Each of 
the classification techniques was then learned and applied to each of these groups. In total, all
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the combinations of extractors and classifiers resulted in 100 individual solutions for finding 
the object class. All the extractors and classifiers used are listed in Table 2.

Table 2 -  List of used extractors and classifiers. Adapted from (Stursa, 2020b).

Feature extraction methods Classification methods
Canny edge detector KAZE detector Fine Tree Coarse Gaussian SVM
Sobel edge detector MSER detector Medium Tree Cosine KNN
Prewitt edge detector HOG features Linear SVM Boosted Trees
Roberts edge detector LBP features Quadratic SVM Bagged Trees
LoG edge detector Pixel intensities Medium Gaussian SVM RUSBoosted Trees

Evaluation Metrics

Standard metrics were used for evaluation, based on the correct assignment of predicted 
and actual classes. These assignments result in four possible outcomes:

• True Positive (TP) -  correctly classified positive images.
• False Positive (FP) -  negative images incorrectly classified as positive.
• True Negative (TN) -  correctly classified negative images.
• False Negative (FN) -  positive images incorrectly classified as negative.

From the counts of these groups (TP, FP, TN, and FN), obtained on the testing set, 
standard metrics such as accuracy (1), recall (2), precision (3), and F1-score (4) were 
determined. The definitions of these metrics are provided in the following equations.

accuracy =

recall =

TP + TN
TP + TN + FP + FN 
TP

TP + FN 
TP

precision
TP + FP

(1)

(2)

(3)

F1 — score
2

recall-1 + precision-1 (4)

In addition to these evaluations, the performance of each feature extraction method was 
also evaluated relative to the least efficient (longest lasting) method.

2.1.3 Results and Discussion

For all combinations, the evaluation of the primary parameters (TP, FP, TN, FN) was 
performed on a testing dataset. From these parameters, accuracy, recall and precision values 
were calculated to evaluate the results. These metrics are presented in Table 3 -  Accuracy, 
Recall and Precision results. Taken from (Stursa, 2020b).. For clarity, the success rates in the 
table are highlighted by color shading: lower values are shaded in light yellow, and higher 
values approaching 100% are shown in blue.
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Table 3 -  Accuracy, Recall and Precision results. Taken from (Stursa, 2020b).
Accuracy

Classifier / Extractor Canny Sobel Prewitt Roberts LoG MSER KAZE LBP PI HOG
Fine T ree 56.8% 70.7% 73.6% 74.0% 59.4% 65.9% 58.2%  | 83.7% 74.7% 76.9%

M ed iu m  T ree 59.0% 55.2% 58.3% 58.2% 52.4% 68.5% 60.1%  | 78.7% 75.1% 77.3%

Linear SVM 67.1% 78.9% 80.8% 82.6% 81.5% 78.3% 70.7%  | 85.6% 55.4% 93.9%

Q u a d ra tic  SVM 67.7% 78.9% 81.9% 81.1% 79.1% 77.9% 70.4% 89.9% 85.1% 94.0%

M ed iu m  G aussian  SVM 70.7% 80.4% 80.4% 82.9% 81.8% 79.8% 71.7%  | 90.9% 85.7% 96.2%

C o arse  G aussian  SVM 56.7% 78.0% 78.7% 79.5% 78.4% 77.4% 70.8% 85.9%  | 64.0% 94.8%

C osine KNN 82.1% 82.6% 82.3% 82.2% 82.1% 73.9% 68.9% 87.1% 80.7% 95.5%

B o o ste d  T rees 63.3% 62.5% 65.4% 64.9% 63.7% 76.6% 67.8% 87.9% 81.7% 92.8%

B agged T rees 59.0%  | 79.5% 81.8% 82.3% 70.8% 78.1% 65.9%  | 89.0% 87.9% 93.3%

R U SB oosted T rees 60.3% 64.3% 67.1% 67.5% 57.3% 75.4% 62.8% 80.3% 79.9% 83.0%

Recall
Classifier / Extractor Canny Sobel Prewitt Roberts LoG MSER KAZE LBP PI HOG
Fine T ree 46.2%  | 83.1%  | 84.5% 85.4% 75.2% 71.0% 51.8%  | 82.8%  | 76.6% 76.1%

M ed iu m  T ree 41.7%  | 92.1% 95.5% 96.9% 86.2% 68.7% 55.2% 69.3%  | 84.5% 76.6%

Linear SVM 58.6%  | 84.2%  | 87.6%  | 89.3% 83.1% 76.6% 70.1%  | 87.6% 47.9% 94.6%

Q u a d ra tic  SVM 61.4% 83.1% 86.5% 85.4% 80.8% 76.1% 68.7% 94.1%  | 90.4% 94.4%

M ed iu m  G aussian  SVM 69.3% 80.8% 83.1% 85.6% 79.4% 77.5% 79.2% 95.8% 92.4% 96.9%

C o arse  G aussian  SVM 13.5%  | 90.4%  | 91.8%  | 90.1% 82.8% 67.6% 75.2%  | 89.9%  | 82.3% 96.9%

C osine KNN 71.8%  | 83.4%  | 84.8% 84.8% 78.6% 62.5% 46.2%  | 95.2% 77.5% 93.5%

B o o ste d  T rees 34.6%  | 90.4% 91.3%  || 95.2% 80.8% 82.3% 62.0%  | 87.0% 93.2% 92.4%

B agged T rees 33.8%  | 72.7% 77.2% 79.7% 59.2% 76.9% 59.2%  | 89.0% 87.0% 92.4%

R U SB oosted T rees 49.9%  | 86.2%  | 91.0%  | 92.4% 80.3% 82.8% 57.7%  | 69.6% 89.0%  | 83.1%

Precision
Classifier / Extractor Canny Sobel Prewitt Roberts LoG MSER KAZE LBP PI HOG
Fine T ree 56.4%  | 65.4% 68.3% 68.6% 55.9% 63.0% 57.3% 83.3% 72.5% 76.1%

M ed iu m  T ree 60.9% 52.0% 53.8% 53.7% 50.4% 66.8% 59.2% 83.7% 70.1% 76.4%

Linear SVM 68.6% 75.1% 76.2% 77.9% 79.5% 77.9% 69.4% 83.4% 54.3% 92.8%

Q u a d ra tic  SVM 68.3% 75.6% 78.3% 77.7% 76.9% 77.6% 69.5% 86.3% 80.9% 93.3%

M ed iu m  G aussian  SVM 69.7% 79.1% 77.8% 80.2% 82.2% 79.9% 67.7% 86.7% 80.8% 95.3%

C o arse  G aussian  SVM 80.0% 71.5% 71.8% 73.4% 75.0% 82.5% 67.8% 82.4% 59.1% 92.7%

C osine KNN 88.9% 81.1% 79.8% 79.6% 83.3% 79.0% 81.2% 81.3% 81.6% 97.1%

B o o ste d  T rees 76.4% 57.0% 59.1% 58.4% 59.1% 72.8% 68.3% 87.8%  | 74.9% 92.7%

B agged T rees 64.2%  | 82.7% 83.8% 83.0% 75.0% 77.6% 66.5% 88.3% 87.8% 93.7%

R U SB oosted T rees 60.8% 58.8% 60.6% 60.7% 53.9% 71.0% 62.3% 87.0% 74.4% 81.9%

The results presented in all three tables revealed some interesting findings. In particular, 
the combination of the HOG feature extractor and the SVM mean Gaussian classifier achieved 
the best accuracy, recall and precision. Only LBP and HOG extractors provided accuracies 
above 90%, while most of the remaining extractors achieved accuracies above 80%. However, 
the Medium Tree and RUS Boosted Tree classifiers performed consistently worse in terms of 
accuracy across all feature extractors.

In terms of relative computation time, the edge detectors were found to perform 
similarly to each other. The most computationally demanding method was MSER detection. 
The best performance was offered by the LBP feature extractor. The HOG feature extractor was 
found to be seven times more computationally intensive than LBP.
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2.1.4 Conclusions

In paper 1, a set of feature extraction techniques combined with a set of classifiers for 
person detection was presented, proposed and tested. The results show that feature extraction 
using histogram of oriented gradients (HOG) in combination with classifiers based on support 
vector machines (SVMs) is an effective solution to this problem. It is clear that not only the 
accuracy but also the computational time needs to be optimized in order to develop a suitable 
tool for monitoring the flow of people in real applications. The performance of feature 
extraction is directly affected by the size of the feature vectors, and minimizing their size could 
lead to higher performance.

2.2 Classical and Neural Network-Based Approaches
This section builds on the findings presented in the previous sections, where the analysis 

concludes that the histogram of oriented gradients (HOG) and support vector machine (SVM) 
approach is worthy of further investigation. In addition, experiments with convolutional neural 
networks (CNNs) were conducted for comparison. As before, classification of the people in the 
images was considered for this research. The proposed system focused on the use of cameras 
in the visible spectrum, emphasizing both efficiency and anonymity of the occupants by placing 
the sensing cameras orthogonally to the ground plane. Two basic recognition techniques have 
been investigated: the CNNs and the HOG approach along with SVM. CNNs are widely 
recognized for their high accuracy in object recognition tasks, but they are associated with 
significant computational requirements. In contrast, the HOG approach together with SVM 
provides a more balanced solution that offers efficiency and reasonable performance, which is 
particularly suitable for real-time applications where computational resources are limited 
(Stursa, 2020a).

To address the classification problem, a comprehensive analysis of these methods has 
been performed to compare their performance and time complexity in practical settings. 
Experimental evaluations, based on an extended dataset, further elucidate the strengths and 
limitations of each approach. The aim was to identify the most practical and efficient solutions 
for implementation in public transport systems, following on from the work carried out in the 
previous sections.

Given the specific focus on public transport applications, a staircase configuration was 
used (see 1.2 ) that considers the specific parameters related to the placement and imaging 
capabilities of camera systems in public transport vehicles. In this context, the distance of the 
heads from the sensor was considered to range from 0.2 to 1 meter, with a sensing area of
2.4 x 2 meters. As discussed in the data collection section, normalized images of objects, 
including those containing heads and other objects or body parts (the 'Not Head' class), were 
cropped for use with standard methods and convolutional networks.

In terms of processing using conventional computer vision methods, the process of 
object classification in images consists of three sequential steps: image preprocessing, feature 
extraction, and classification. In this case, the HOG descriptor and SVM classifier were 
employed, with the process illustrated in Figure 7.
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Figure 7 -  Classification systems with HOGs and SVM. Taken from (Stursa, 2020a).

The second approach was classification using convolutional neural networks. 
Convolutional neural networks (CNNs) are a specialized type of artificial neural network that 
utilize a discrete two-dimensional convolution operation in certain layers, instead of the 
traditional matrix multiplication. This unique feature gives them the name "convolutional." 
In a convolutional layer, the network sequentially performs convolution on individual sections 
of the previous layer using a convolutional kernel, gradually generating a new layer known 
as the feature map. Subsequent layers are applied to these feature maps to select the most 
relevant parameters and act as feature extractors. As a result, when using convolutional 
networks, the need for preprocessing and individual feature extraction can be eliminated. Then, 
in CNNs designed for classification, multilayer feed-forward networks are used to classify the 
extracted features. This reduces the total number of steps required. This classification process 
using convolutional neural network is shown in Figure 8.

Figure 8 -  Classification system based on CNN. Taken from (Stursa, 2020a).

2.2.1 Dataset preparation

As mentioned in the data collection section, a total of 6 020 original object images of 
normalized size were extracted from the video data for the purpose of testing image 
classification. These images were approximately equally divided between the two classes. To 
ensure robustness, data were collected at different locations and under different lighting 
conditions. Specifically, 1 720 images were taken in outdoor areas with strong natural light. In 
addition, images were taken indoors with natural light, with 1 700 images taken in sufficient 
lighting and 1 400 in low lighting. Finally, 1 200 images were taken indoors with artificial 
lighting.

The dataset was then typically split for training and testing purposes. The training set 
consisted of 2 008 images of the 'Head' class and 2 012 images of the 'Not Head' class, while 
the testing set consisted of 1 000 images of the 'Head' class and 1 000 images of the 'Not Head' 
class. Since the classification performance of the classifiers depends on the composition of the 
training sets, a random split of the training set into training and validation subsets was further 
performed with a ratio of 85:15.
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2.2.2 Experimental Procedure

The aim of the experiments was to evaluate the accuracy and performance of two 
different passenger recognition methodologies: the classical HOG and SVM approach and 
modern convolutional neural networks (CNNs). The main objective was to assess the 
classification accuracy, time complexity and practical applicability in real-time scenarios.

HOG and SVM: Traditional Approach
The HOG descriptor encodes local shape information from regions in the image into 

a feature vector (Dalal, 2005). The descriptor has five parameters: number of bins, orientation 
binning, cell size, number of cells in blocks, and number of overlapping cells between adjacent 
blocks. Since cell size significantly affected the final performance of image recognition systems 
(Skrabanek, 2017), the effect of this parameter on the classification performance of HOG based 
passenger recognition systems was investigated. Specifically, the effect of cell sizes of [6, 6], 
[8, 8], ..., and [16, 16] pixels can be seen in Figure 9. For the other parameters, a conservative 
setting was used, which can be found in the original paper (Stursa, 2020a).

Figure 9 -  Images with highlighted HOG features for different cell sizes. Taken from (Stursa, 2020a).

Training an SVM classifier involves solving an optimization problem to find the 
hyperplane that maximizes the difference from the training data (source). In cases where the 
data is not linearly separable, it needs to be transformed into a linearly separable problem using 
an appropriate kernel function. For strongly nonlinear problems, the choice of kernel function 
is crucial. With this in mind, the effect of different kernels on the performance of a passenger 
recognition system was tested. Specifically, the focus was on the best performing linear, 
Gaussian radial basis function (RBF), and polynomial kernel functions with polynomial kernels 
of order 2 and 3. The system has been trained and verified on the corresponding subsets (see
2.2.1 ). This training and validation process was repeated hundreds of times for every possible 
combination of kernel function and cell size. A detailed setting can be found in the original 
paper (Stursa, 2020a).

Validation was performed on the corresponding validation subsets using a loss function 
defined as the sum of the misclassified observations in the following equation (5), in which n 
is the number of images in the training subset, / is the indicator function, yj and y} are an actual 
and a predicted class of the j-th  object image.

n

Esvm =  ^  i{yj ^  (5)
i=i
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Convolutional Neural Networks
To verify the classification capability of CNN, the most-commonly used state-of-the-art 

architectures were considered. The main disadvantage of state-of-the-art deep convolutional 
network architectures is their high computational complexity. Passenger recognition can be 
implemented using a CNN of a suitable custom architecture. Due to the importance of low 
computation time, the performance of five CNN architectures with different complexity was 
tested.

The simplest architecture, Net1, consisted of one convolutional layer, one max-pooling 
layer, and two fully connected layers. Classification was performed using the softmax function. 
In the second simplest architecture, Net2, the single convolutional and max-pooling layers were 
replaced by a sequence of layers. Thus, in total, Net2 contained a sequence of 2 convolutional 
layers with a max-pooling layer, where this sequence was inserted 2 times in a row leading to 
two fully connected layers. Both architectures used the ReLU activation functions in the 
convolutional and fully connected layers. To mitigate overfitting, dropout layers were added 
after each max-pooling layer and the first fully connected layer in both networks. The remaining 
three architectures considered were the well-known LeNet-5 (Lecun, 1998), AlexNet 
(Krizhevsky, 2017), and VGG-16 (Simonyan, 2015) networks, sorted by complexity. LeNet-5, 
the pioneering CNN, has a relatively simple architecture. AlexNet is one of the most cited deep 
CNNs with numerous industrial and technical applications. VGG-16 is a very deep 
convolutional network with 13 convolutional layers and 3 fully connected layers. Despite its 
depth, the VGG-16 can process data in adequate time.

All these networks were trained from scratch with randomly initialized weights 
according to a normal distribution. In addition, transfer learning was applied to the AlexNet and 
VGG-16 networks to test potential performance improvements, where for both architectures 
the last three layers of the pre-trained networks were fine-tuned. Due to the stochastic nature of 
the training process, training was repeated hundreds of times for each network and training 
strategy. At each training, the training set was randomly divided into training and validation 
subsets as mentioned in 2.2.1 . Training was performed in batch mode for 100 epochs with 
batches of 32 images. The data in the training subsets were randomly shuffled for each epoch. 
The adaptive moments estimation method was used as the optimizer. The choice of optimizer 
and hyperparameter settings resulted from a pilot study. All specific parameters can be found 
in the original paper (Stursa, 2020a).

For learning, the binary cross-entropy loss function (6) was minimized, in which n is 
the number of images in the training subset, yj and y} are an actual and a predicted class of the 
y-th object image.

1 n
Ecnn = - n Z  ^  ' lnf o )  +  t 1 -  ) ' ln( X -  (6)

i=i
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2.2.3 Results and Discussion

For all methods used, the resulting loss functions were evaluated and consisted of 100 
experiments for each method. Box plots were used to present the validation results, where the 
center lines represent the medians of the loss functions, the box edges indicate the 25th and 
75th percentiles, and the whiskers indicate variability outside the upper and lower quartiles. 
Data were grouped by training methods and strategies (x-axis), with values on the y-axis 
corresponding to loss function values. These results for the convolutional networks tested are 
shown in the following Figure 10, in which TL stands for transfer learning.

Figure 10 -  Loss function values shown in box plots. Taken from (Stursa, 2020a).

The methods with the best results were further used to obtain the primary parameters 
(TP, FP, TN, FN) on the test dataset. From these parameters, the values for precision, recall, 
accuracy, and F1 -score were calculated to evaluate the results. The numerical results for 
accuracy, precision, recall, and F1-score for the best-trained convolutional networks, along with 
the three best-performing and two worst-performing HOG and SVM, are presented in Table 4. 
To highlight the values, a color scale gradient from light yellow to deep blue is used, with the 
highest values indicated by the deepest blue.

Table 4 -  Selected results of tested approaches. Taken from (Stursa, 2020a).
Classifier Accuracy Precision Recall F l-sco re

N e t l 0 .9 4 9 0.950 0 .9 4 8 0 .9 4 9

N et2 0 .9 5 3 0 .9 4 7 0 .9 6 1 0 .9 5 4

LeN et-5 0.956 0 .9 4 6 0 .9 6 6 0.956

A lexN et 0 .9 4 7 0 .9 2 1 0.977 0 .9 4 8

VGG_16 0 .9 2 8 0 .9 0 3 0 .9 5 8 0 .9 3

SVM w ith  RBF k ernel fu n c tio n , cell size [6, 6] px 0 .9 4 9 0.957 0 .9 4 1 0 .9 4 9

SVM, po lynom ia l d e g re e  = 3, cell size [10, 10] px 0.959 0.957 0.961 0.959

SVM, po lynom ia l d e g re e  = 3, cell size [12, 12] px 0 .9 5 0.957 0 .9 4 2 0 .9 4 9

SVM w ith  lin e a r  kernel fu n c tio n , cell size [14, 14] px 0 .9 1 9 0 .9 2 5 0 .9 1 3 0 .9 1 9

SVM, po lynom ia l d e g re e  = 3, cell size [14, 14] px 0 .9 2 1 0 .9 2 0 .9 2 3 0 .9 2 2
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Box plots of the error functions for HOG and SVM, along with all the results for 
precision, recall, accuracy, and F1 score, can be found in the original article (Stursa, 2020a). 
Since the computational complexity of each method was also tested, Figure 11 shows a 
comparison of the relative time with the worst method along with the F1-score as a robust 
indicator for evaluating the accuracy of person detection.

Figure 11 -  Relative computational times of the passenger recognition systems in 
comparison with F1-score of each system. Taken from (Stursa, 2020a).

The results indicated that the HOG based system with a polynomial kernel function of 
third degree and cell sizes of [10, 10] px outperformed CNN based systems in most metrics, 
including lower computational complexity. While CNN architectures such as AlexNet and 
LeNet-5 demonstrated competitive classification performance, the high learning capacity of 
VGG-16 led to overfitting, and its high computational cost makes it less suitable for this task. 
The advantages of transfer learning were evident, as it resulted in lower variability and smaller 
loss function values compared to training from scratch.
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2.2.4 Conclusion

In conclusion, although deep convolutional networks are often the first choice for 
developing image recognition systems, traditional computer vision methods can achieve 
equally good classification performance. These traditional methods, if  properly designed and 
configured, can outperform CNN-based solutions in terms of time efficiency, which is crucial 
for real-world applications. Specifically, a HOG-based passenger recognition system using 
HOG features combined with an SVM classifier has demonstrated both time efficiency and 
high accuracy. However, it is important to note that these methods were validated on normalized 
object image sizes and in more complex applications with non-normalized cutouts, the method 
would suffer reduced computational efficiency.

2.3 Summary
The previous chapters explored both classical and advanced image classification 

methods for person detection. The research focused on traditional methods which include 
feature extraction and classification using various algorithms such as SVM and decision trees. 
Techniques like edge detection, HOG, LBP, and others were used for image features extraction. 
The results demonstrated that the combination of HOG and SVM with a polynomial kernel 
achieves high accuracy and is computationally efficient.

Additionally, traditional methods were compared with convolutional neural networks 
(CNNs), known for their high accuracy but also for their computational demands. The 
experiments showed that although CNNs provide high accuracy, traditional methods can offer 
comparable performance with lower computational resource requirements. The research 
highlighted the importance of selecting an appropriate method depending on the specific 
application.

It should be noted, however, that the methods investigated so far are primarily 
classification-based, meaning they rely on the sliding window method. This technique involves 
scanning the entire image in sections (windows), which are then passed to the classifier for 
evaluation. To achieve accurate detection, it is often necessary to create cutouts in various sizes, 
resulting in thousands of object images to classify. This process is computationally intensive 
and can significantly burden the system, creating a bottleneck for real-time applications. 
For these reasons, methods that allow processing of the whole image were further considered. 
This approach increases efficiency and allows for faster system response, which is essential in 
applications such as security systems and public transport monitoring.

In this dissertation, new methods, including advanced deep neural networks, are 
presented in detail in the following chapters. These chapters are focused on the implementation 
of these methods, their experimental validation, and comparison with state-of-the-art neural 
network-based detection approaches. A thorough analysis of their performance and practical 
applicability is performed to provide a comprehensive overview of their potential for real-world 
deployment.
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3 Advanced Object Detection Techniques
The next subchapters focus on advanced methods for object detection in images, 

specifically the use of segmentation neural networks and one-stage and two-stage object 
detectors. A chapter based on Paper 3 (Annex 3) presents an innovative approach to 
transforming objects into centroids using a segmentation neural network that employs an 
encoder-decoder architecture. This approach enables more accurate head detection by 
transforming the input image into a map of the probability of head occurrence. Article 4 
(Annex 4) extends this concept to person detection and predicts the location of center points at 
a pixel-accurate level using fully convolutional networks. In addition, Article 5 (Annex 5) 
extends this detection idea to other objects with asymmetric shapes and the detection of selected 
parts of them. Specifically, a new system for detecting the grip points of industrial robots was 
presented that uses a custom-designed fully convolutional network called ASP U-Net. Before 
discussing the contribution of each paper, traditional methods for object detection in images are 
introduced.

Conventional Approaches in CNN-Based Object Detection
Traditionally used methods for detecting objects in images using neural networks have 

been based on two-stage detectors. Two-stage object detectors first create a map of similar 
regions, known as regions of interest, and then use this map to detect objects in the image. One 
of the most well-known two-stage detectors is the region-based convolutional neural network 
(R-CNN), which uses selective search to select exactly 2,000 regions from an image and 
performs classification on them using a standard convolutional network (Girshick, 2014).

A more recent popular alternative is single-stage detectors. Single-stage object detectors 
work by directly predicting bounding boxes and their classes in a single step. This approach 
makes single-stage detectors generally faster, although they may achieve lower detection 
accuracy compared to some two-stage detectors. One of the earliest and most well-known 
single-stage detectors is the Single Shot MultiBox Detector (SSD), which combines the 
prediction of multiple differently scaled bounding boxes with classification in a single step, 
making it suitable for real-time detection applications (Liu, 2016). Another popular single-step 
detector is You Only Look Once (YOLO) (Redmon, 2016), which uses fixed-size anchor boxes 
as candidate regions. One major drawback of most anchor-based detectors is the need for ad- 
hoc heuristics to determine the number and size of anchor boxes (Law, 2020).

Object detectors based on deep neural networks typically provide object localization in 
the form of a bounding box around the detected instance, to which a class label is assigned 
(Redmon, 2017). However, other geometric shapes, such as polygons (Zhou, 2019) and circles 
(Nguyen, 2022), can also be used for this purpose.

3.1 Centroid-Based Person Detection
Given the visual similarity of individual heads captured from the top-down view and the 

trend of using segmentation methods for object detection, a transformation of the data from the 
input color image to a segmented image containing a mask of detected heads was considered. 
This approach shifted the problem from finding a bounding box to identifying approximately
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circular clusters of pixels with uniform intensity. By focusing on a single object type, the 
transformation was further refined to a probabilistic map, where pixel intensity indicates the 
probability of an object belonging to a particular class. Figure 12 shows the various detection 
outputs discussed, including bounding boxes, clusters of pixels with the same value 
corresponding to a class (segmentation mask), and clusters with values that decrease 
progressively with distance from the object's center (probabilistic map).

Original image Segmentation Probabilistic
+ bounding box mask map

Figure 12 -  Various detection outputs.

The resulting transformation of the objects into a probability map was defined by a 
circular pattern around the center of each head (centroid), where the pixel at the center of the 
head had the highest value and the values decreased with distance from the center according to 
the following formula (7)

X R UX

hx =  0 for dUx > R,

where hx is the current pixel value, d0x is distance between current pixel and the head center, 
and R is the radius of the head. Due to the conversion to a probabilistic map, it is necessary to 
locate individual centroids to obtain the positions of individual heads. The overall scheme of 
the detection system is shown in Figure 13.

Figure 13 -  Diagram of a detection system employing a transformation to a probability map.
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This presented transformation was implemented with fully convolutional networks 
using an encoder-decoder scheme. For comparison with high-performance methods, testing was 
conducted with several topologies from the YOLO family. Methods of both types will be further 
described in the following section.

3.1.1 Methods

In the process of testing the transformation method, several iterations of experiments 
were conducted to create probabilistic maps using modified CNNs for object classification. The 
modifications to the CNN topologies for detection consisted of adding a "decoding" part after 
the standard classifiers. The classifiers tested included two custom architectures (Net1 and 
Net2) and two well-known architectures AlexNet, and LeNet-5, which were separately attached 
to the same decoding part. The decoding part was designed as a combination of a feedforward 
neural network (FFNN) and a convolutional neural network (CNN), and it converted the 
extracted information into an output schematic image in the form of a probability map. (Stursa, 
2021b). The complete overview of the architectures used in the encoder-decoder method is 
shown in Figure 14.

Figure 14 -  Diagram of the Encoder-Decoder Approach

The encoder topologies were chosen based on previous experience and have already 
been described (see Convolutional Neural Networks). In addition to custom networks based on 
the encoder-decoder scheme, the U-Net topology was also used. U-Net inherently utilizes the 
same principle and is specifically designed for image data segmentation (Ronneberger, 2015).

Comparisons were further made with three topologies from the YOLO family using 
different backbone networks to ensure variability in testing. Specifically, the second version of 
YOLO (YOLOv2) was tested with the following backbone networks: SqueezeNet (Iandola, 
2016), ShuffleNet (Zhang, 2018) and MobileNetV2 (Sandler, 2018) . These networks were 
selected due to their excellent performance at the time of testing. Detailed description can be 
found in original paper (Stursa, 2021b).
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3.1.2 Experimental Procedure 

Dataset Creation
Person detection using the described methods required specific datasets. These datasets 

were created keeping in mind that both methods are based on neural networks, with each dataset 
containing a series of input-output pairs for use in supervised learning. The inputs for both 
methods were two-dimensional matrices with three layers representing RGB images. 
The staircase configuration was considered (see Staircase Configuration). Due to the 
differences between the tested methods, two types of outputs were prepared. The output of the 
YOLO architectures is assumed to be an annotated image. Therefore, the annotation of the 
image was done using the Image Labeler tool in MATLAB. The output from Image Labeler 
was then modified into the appropriate structure required for YOLO training. A special training 
set was prepared for the proposed method. Specifically, the output images were created using 
the Image Labeler data by applying equation (7) (Stursa, 2021b).

Experimental Setup
Overall, 1 173 frames were extracted from the captured video (see 1.3 ) . These frames 

were size-normalized, making them ready for input into both methods. Then, a corresponding 
expected output was created for each frame. The datasets were divided into two groups in a 3:1 
ratio. The first group, consisting of a total of 881 input-output pairs, was randomly selected 
from the dataset for training the neural network. The second group, containing the remaining 
292 pairs, was reserved for testing.

The YOLO architecture is well-known. The pre-trained model was conducted using 
modifications on the specific data according to the authors' recommendations (Redmon, 2017). 
For the topologies considered in the new approach, experimental parameter settings and training 
were required. Each of the five topologies was trained 10 times due to the stochastic nature of 
the training process. For comparison, the best-performing models were selected based on the 
minimum value of the total mean squared error. All specific parameters can be found in the 
original paper (Stursa, 2021b). To further illustrate the configuration and complexity of the 
neural network topologies used in the experiments, Table 5 provides a detailed comparison of 
the depth, size, and number of parameters for each network. These parameters showed the 
computational demands and potential performance of each architecture.

Table 5 -  Relative sizes of models. Taken from (Stursa, 2021b).
A rc h ite c tu re B ackbone D epth Size (MB) P a ra m e te r s  (m illions)
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o
>-

sq u e e z e n e t 18 4 .6 1 .24

sh u ff le n e t 50 6.3 1.4

m o b ile n e tv 2 53 13 3.5
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er A lexN et 12 2 2 7 61

N et1 8 285 24 .9

N et2 10 535 4 6 .8

LeN et 8 153 13 .4

U -N et 24 355 31
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Evaluation Metrics

As this method differs from pure classification methods, it is necessary to add evaluation 
criteria. For detection methods, in addition to the accuracy of the predicted class, it is also 
necessary to determine whether the position of the predicted object is sufficiently close to the 
actual position of the object in the image (ground truth). This is usually evaluated using the 
intersection over union (IOU) metric, which assesses the overlap between the predicted and 
ground truth bounding boxes. A representation of this process is shown in Figure 15.

Area of overlap

Area of overlap
IOU = ------------------ -

Area of union

Area of union

---- L
h_

Figure 15 -  Illustrative description of the IOU. Taken from (Stursa, 2021b)

Based on the thresholding of this IOU value and class matching, the classification into 
the primary parameters (TP, FP, TN, FN) is determined and other metrics such as precision, 
and recall can be evaluated (see 2.1.2 ).

3.1.3 Results and Discussion

The best topology of each structure was tested on a test dataset. Subsequently, IOU 
(accuracy), precision, and recall values were calculated with a defined threshold of 0.75. The 
resulting values of all selected metrics evaluated over the test set are summarized in Table 6. 
(Stursa, 2021b)

Table 6 -  Resulting values of all the selected metrics. Taken from (Stursa, 2021b).

M e tric A le x N e t L e N e t N et1 N e t2 U -N e t
Y O L O v 2

(sq u e ez e n e t)
Y O L O v 2

(sh u fflen e t)
Y O L O v 2

(m o b ile n e t.v 2 )

IO U 0 .7 5 5 0 .1 1 5 0 .1 2 2 0 .1 6 5 0 .9 0 8 0 .7 3 7 0 .7 9 1 0 .7 8

P re c is io n 0 .8 2 9 0 .1 1 8 0 .1 2 6 0 .3 1 4 0 .9 4 9 0 .9 4 2 0 .9 3 6 0 .9 5 4

R e ca ll 0 .8 8 7 0 .1 9 5 0 .1 7 8 0 .1 8 3 0 .9 6 0 .9 4 9 0 .8 3 3 0 .9 0 2

The results obtained in the previous table clearly showed that U-Net is the most accurate 
detection technique in terms of IOU, accuracy, and recall. However, the other architectures 
(LeNet, AlexNet, Net1, Net2) used as encoders could not outperform the YOLOv2 architecture, 
which is a widely accepted standard for object detection using deep learning. Moreover, Table 
5 clearly showed that the number of learning parameters and the memory required to store the 
detector were large in the case of U-Net. As a result, the detectors used in the YOLOv2 approach 
are simpler and arguably more computationally efficient. (Stursa, 2021b)
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3.1.4 Conclusion

Considering the results, it can be seen that the memory size and computational 
complexity for topologies based on encoder-decoder scheme should be optimized. Furthermore, 
it is clear that U-Net achieved significantly better results than the other topologies investigated. 
In this section, the proposed person detection method based on a deep convolutional neural 
network using transformation into probabilistic map was verified. However, this work was only 
one step in the development of a comprehensive and robust person flow monitoring system. 
Future work included optimization of the neural network architecture, computational testing, 
and of course, testing under operational conditions.

Overall, the method of transforming the input image into to a probabilistic map 
demonstrated significant potential. Then, the principle of transforming an image into a 
probability map using image segmentation was subjected to further investigation, according to 
the original Article 4 (Annex 4). This principle is described in the following section.

3.2 Pixel-Accurate Person Detection
In the original paper (Stursa, 2022), a centroid-based person detection technique was 

proposed that focuses on orthogonal scanning of a scene with variable head-to-object distance 
to match the staircase configuration (see 1.2 ) . This technique introduced an efficient approach 
to transform scene images into localization maps, where the positions and sizes of the persons' 
heads were encoded into gradient ellipses that provided centroid positions for each head. The 
localization maps also accounted for heads partially represented in the scene. In addition to the 
presented method itself, topologies from the YOLO family as well as CenterNet (Duan, 2019), 
were used to compare the performance of the detection problem. Moreover, a new metric 
suitable for evaluating both centroid and bounding box predictions was proposed to account for 
inaccuracies in head positioning as well as false positive and false negative detections.

3.2.1 Methods

Bounding Box-based Object Detection

As mentioned, two methods that use bounding rectangles to predict the detected object 
were used for comparison. First, the YOLOv2 architecture using several different backbone 
networks were used, namely GoogLeNet (Szegedy, 2016), MobileNet-v2 (Sandler, 2018), and 
SqueezeNet (Iandola, 2016). The input is an expected grayscale image, and the output is a list 
of bounding box predictions £ consisting of a 5-tuple of elements according to the following 
formula (8)

bi =  (x f, yt, Wt, hi, q ) , (8)

where xf and are x  and y  coordinates of the prediction of left-top rectangle corner 
respectively, vq and h  are width and height of the predicted rectangle respectively, and q  is 
the prediction of the class of the object.

CenterNet architecture with two different backbone networks, namely ResNet101 
(Zhang, 2022) and EfficientDET D0 (Tan, 2020), was selected as the second topology using a
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bounding box. Compared to YOLO, these topologies use different bounding boxes consisting 
of 7-tuples defined by equation (9)

k  =  (x t, ÿi, Xi, ÿi, %, y  i, Ci), (9)

where x t and y t are x  and y  coordinates of the prediction of right-bottom rectangle 
corner respectively, and % and y t are x  and y  coordinates of the prediction of the object 
centroid.

Advanced Centroid-based Object Detection

This section expands on the idea from the previous chapter of assigning importance to 
each pixel separately. Additionally, the asymmetry of heads, as well as heads with coverings 
that increase their length, were considered. Due to this, a transformation into a centroid with an 
ellipsoidal spread was explored. For the purposes of centroid-based detection, topologies based 
on the U-Net architecture and reduced variant working with smaller image sizes were used; 
given previous testing (Stursa, 2021b).

When converted to probabilistic maps, false detections of objects graphically similar to 
human heads often occurred. Therefore, in addition to modifying the centroid detection method, 
the method was extended with a module that evaluates false detections and refines the final 
localization. This extended method is shown in Figure 16.

Figure 16 -  Extended centroid-based object detector. Taken from (Stursa, 2022).

Figure 16 shows several apparent variables representing the individual outputs. The total 
output of the system is a prediction of a list of individual centroids f , where each centroid y  is 
defined by the following equation ( 10)

Vi = (Xi, yt, ct), (10)

where x t and y t are pixel coordinates of the z-th centroid and q  is the object class.

The localization map generator assigns a value corresponding to the probability of the 
object's occurrence to each pixel of the input image I. The location map L is defined by the 
following equation (11)

L (x v c) = ( A(X’y ’C)’ for (x’y) of c*  class object’ ( 11)
' y ’ (0, otherwise,  ̂ '

where X • L ^  (0 ,1 ) ,L(x, y, c) =  1 indicates presence of the centroid of an object of 
the c-th class at the location (x, y), and the values decrease towards 0 with increasing distances 
of the elements from their centroids. The predicted localization map L is further processed by
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the Centroid counterpoint module to obtain a predicted centroid map S, where the functionality 
of this module will be further detailed. The centroid map S is then defined by equation (12)

S (x ,y, c)
0 ,

if a centroid of cth class is a t (x,y) coordinates, 
otherwise.

(1 2)

The predicted centroid map S is then converted by the localization module into a 
predicted list of individual centroids f  defined as follows (13)

r  =  G r , ZT, 1 ) °  arg max(S(x, c )}  (1 3)U e wE /  (x,y,c)eSE V ’

where O  denotes the product of elements and SH =  XE x  YE x  CH, ht and wt are height 
and width of an original image I, and hE and ws are height and width of a centroid map.

The Centroid counterpoint module was introduced to evaluate false detections and refine 
the final localization. This module emphasizes centroids and suppresses false detections 
through a series of operations. Initially, each layer of the localization map is processed using a 
maximum filter with a kernel size of hK x  wK, resulting in a refined map M defined by 
equation (14)

M (x, y, c) =  max [£(s, t, c)}, (1 4)
(S,t)E5xy  ̂ '

where Sxy is a set of spatial coordinates in a rectangular sub-window of size hK x  wK, 
centered at point (x, y). Then, to highlight the local maxima, the predicted refined map M 
is compared with the predicted localization map L . Where the values are equal, the resulting 
pixel is retained; otherwise, it is set to zero. The resulting map is labeled as Mx. The map M1 
contains the centroids as well as local maxima caused by noise of background. To suppress 
irrelevant regions in the map M±, the mask ¿2 (15) is used.

fi (x, y, c) 1, if L (x, y, c) =  0 , 
0 , otherwise.

(15)

To suppress artifacts in the map M1 caused by the local maxima filter, each layer of the 
mask H is extended by a rectangular structuring element of a defined size starting at its center, 
which creates an extended mask (Iq . Applying an exclusive disjunction between the extended 
mask (2q and the M1 map creates a new Mn map. This map is used to identify centroids among 
the maxima highlighted in the map by considering their values in the predicted localization 
map L . Each element of the predicted localization map L associated with a centroid must be 
greater than or equal to a threshold value tm, where tm E (0,1). This operation results in the 
centroid map prediction S defined by following equation (16)

S (x, y, c) 1, if Mn (x, y, c) =  1 A L(x, y, c) > tm, 
0, otherwise. (16)
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The setting of tm depends on the problem and must reflect the quality of the location 
map predictions (Stursa, 2022). To better understand these individual processes, the principle 
of the module is illustrated in Figure 17.

Figure 17 -  Diagram of the processes in centroid counterpoint module. Taken from (Stursa, 2022).

3.2.2 Experimental Procedure 

Dataset Creation
In order to evaluate the effectiveness of the proposed person detection techniques, 

a large dataset containing 8000 annotated images was created, which are characterized by high 
variability in terms of lighting conditions, background complexity, image quality, and scene 
height profile. Images were captured at eight different locations using an orthogonally 
positioned RealSense D435 camera. The acquired videos captured adults walking in a variety 
of environments, including stairwells, hallways, and public transportation boarding areas. 
The dataset was divided into a training set, a normal test set, and a blind test set. The training 
set consisted of 6000 images from seven different locations, which were used for both training 
and validation of the detectors. The normal test set De  consisted of 1000 images from the same 
seven locations. The blind test set Db  consisted of 1000 images from the eighth location, which 
were used to evaluate the real-world capabilities of the proposed detection techniques. All 
images in the datasets were resized to 288 x 288 pixels (Stursa, 2022).

Annotation Process
The annotation process involved creating bounding boxes and centroid maps for the 

images. For detection based on bounding boxes, each head in the images was bounded by a 
rectangular boundary. For centroid-based detection, head positions were represented as gradient 
ellipses that provided the location of centroids and also accounted for heads partially visible in 
the scene. To create centroid maps, rectangles were drawn around the heads, which also 
estimated the shapes of the heads protruding from the image edges. These rectangles were then 
used to create gradient ellipses, with regions of the ellipse filled with values that decreased 
linearly from the centroid towards the edge. This method allowed the creation of a detailed
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localization map for each image (Stursa, 2022). An example of this annotation process for 
location maps is shown in Figure 18.

Scene image Localization map

Figure 18 -  Image annotation example. Taken from 
(Stursa, 2022)

Experimental Setup
The experimental setup compared two primary detection approaches: bounding box- 

based detection and centroid-based detection. The architectures for transforming input images 
into localization maps used the U-Net architecture and were trained from scratch while 
minimizing the binary cross-entropy function. A normal distribution with zero mean and a 
standard deviation of 0.05 was used for initialization. During training of the reduced U-Net, the 
maps were scaled to 72 x 72 pixels. Both U-Net variants rescaled the image and location map 
values to the range [0, 1]. In the centroid counterpart module, the threshold was set to 0.65 and 
the maximum hK x  wK filter size was set to 10 x 10 pixels. These values were determined 
experimentally, and the filter size was chosen based on the most common head sizes in the 
images.

To train the YOLO detector on the person detection task, models pre-trained on 
ImageNet were used. Specifically, the layers in the GoogLeNet, MobileNet-v2, and SqueezeNet 
networks were replaced by the last YOLOv2 layers. In addition, since these backbone 
architectures expect three-channel RGB images as input, a convolutional layer with three 
trainable filters (3, 3) was added to transform single-channel inputs into three-channel ones. 
The overlap threshold at non-maximum suppression was set to 0.75, and 7 anchor fields were 
used, balancing performance and processing time. The widths and heights of the anchor fields 
were estimated using the k-means clustering algorithm and the IoU distance metric. To train 
the CenterNet detector for the person detection task, the ResNet-101 and EfficientDET D0 
backbones were used, pre-trained on the COCO dataset. The backbones were modified to 
handle 288 x 288 pixels images like the YOLO detector, and the CenterNet outputs were 
modified for single-class detection.

Five training sessions were performed for both centroid-based and bounding box-based 
detectors. In each session, the localization map generators and all variants of bounding box- 
based detectors were trained on an identical training subset. The dataset was randomly split into 
training and validation subsets in a 17:3 ratio. For training, minibatches of 8 samples were used, 
with map generators trained for 300 epochs and bounding box-based detectors trained for 30 
epochs. The models were stored and validated on a validation subset at each epoch, with
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samples shuffled at each epoch. Full specifications of all parameters are provided in the original 
article (Stursa, 2022).

Evaluation Metrics

In order to accurately assess the performance of centroid-based object detectors, it is 
necessary to measure the distances between the predicted centroids and the nearest ground truth 
centroids. This process ensures that each prediction is paired with exactly one ground truth label 
and vice versa. In cases where the number of predictions does not match the number of ground 
truth labels, additional virtual predictions or ground truth labels are added to balance the 
number, and these virtual points are assigned coordinates at infinity. Overall localization error 
is a key metric used to evaluate detector performance. It is calculated as the average localization 
error over all images in the dataset. For each image, the localization error et is determined by 
summing the smallest relative distances between each ground truth centroid and its nearest 
predicted centroid. This process involves assigning each prediction to one ground truth label 
and simultaneously assigning each ground truth label to one prediction. This evaluation process 
is illustrated in Figure 19.

Figure 19 -  Examples of calculation of image localization error. Taken from (Stursa, 2022).

The calculation involves several steps:

• For each image in the dataset, the ground truth centroids and the predicted centroids 
are determined.

• If the number of predictions differs from the number of ground truth labels, virtual 
points are added to make the counts equal.

• The relative distances between each ground truth centroid and the nearest predicted 
centroid are calculated.

• The sum of these distances for each frame provides the localization error for the 
frame.

• By averaging the localization error over all frames, the total localization error is 
obtained.

Mathematically, the total localization error Ze for a dataset with N  frames is given by 
the relation (17)

i
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where ej represents the localization error for the /-th image. The relative distance 
between a ground truth centroid and a predicted centroid is normalized using the image 
dimensions. This normalization ensures that errors are consistent and comparable across images 
of varying sizes.

Relative inference time is another evaluation metric that measures the efficiency of the 
detector. This metric is defined as the ratio of the total inference time of the evaluated detector 
to the inference time of the baseline detector, which was chosen to be the reduced U-Net 
topology. The relative inference time allows comparison of the computational performance 
with different detectors under similar conditions.

Using these evaluation metrics - total localization error and relative inference time - it 
is possible to comprehensively assess the accuracy and efficiency of centroid-based object 
detectors. These metrics facilitate a thorough understanding of how effectively different 
detection methods can localize objects, while accounting for their computational complexity. 
A detailed description of evaluation metrics is provided in the original article (Stursa, 2022).

3.2.3 Results and Discussion

The performance of the centroid-based detectors along with competing bounding box- 
based detectors was evaluated using the datasets described in Dataset Creation Section, 
according to the experimental procedures presented in the Experimental Setup. To assess the 
performance of these detectors, Table 7 summarizes the resulting values of the evaluation 
metrics as described in Evaluation Metrics Section. A color scale was selected to highlight the 
best values, consistent with the other evaluation tables.

Table 7 -  Evaluation results. Taken from (Stursa, 2022)
Measure Ee Ee T - F ,  FPS

Dataset D e D b I  x 1000 I  x 1000

Full resolution U-Net 0,1472 0,3712 1,4148 8,62

Reduced U-Net 0,1352 0,3378 1,0000 12,19

CenterNet-D0 1,4659 1,7200 3,9260 3,10

CenterNet-ResNet101 1,2080 1,7090 4,0215 3,03

YOLO-GoogleNet 0,6755 1,2159 1,2074 10,10

YOLO-M obileNetv2 0,3497 1,0016 1,4378 8,48

YOLO-SqueezeNet 1,9441 1,5899 0,9355 13,03

Table 7 shows a comparison of the best models in various metrics. The overall 
localization errors are given for both the test dataset (De ) and the blind dataset (Db ). The relative 
inference times and frame rates, which indicates the number of evaluated frames per second 
(FPS), are evaluated over 1000 images. Additionally, the absolute frequencies of differences 
between the number o f ground truth labels and the number o f detector predictions were 
demonstrated for the test dataset (Table 8) and for the blind dataset (Table 9).
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Table 8 -  Absolute frequencies for the test dataset Dt. Taken from (Stursa, 2022)
Absolute frequencies < -2 -2 -1 0 1 2 >2

Full resolution U-Net 0 9 95 876 19 1 0

Reduced U-Net 0 4 84 885 24 3 0

CenterNet-D0 97 101 148 328 179 50 97

CenterNet-ResNet101 55 68 159 385 218 55 60

YOLO-GoogleNet 27 75 259 503 124 10 2

YOLO-M obileNetv2 1 22 172 700 97 8 0

YOLO-SqueezeNet 317 194 223 248 18 0 0

For each detector, the frequencies of multiple detections (represented by negative 
numbers in the first row), misses (represented by positive numbers in the first row) and correct 
detections (represented by zero in the first row) are displayed. The highest value of correct 
detections is highlighted in bold and indicates the best performing detector.

Table 9 -  Absolute frequencies for the blind dataset Db. Taken from (Stursa, 2022)
Absolute frequencies < -2 -2 -1 0 1 2 >2

Full resolution U-Net 1 27 195 692 83 2 0

Reduced U-Net 2 14 157 719 104 4 0

CenterNet-D0 18 28 80 171 266 276 161

CenterNet-ResNet101 34 43 104 173 277 235 134

YOLO-GoogleNet 20 70 161 266 275 156 52

YOLO-M obileNetv2 51 96 260 343 201 40 9

YOLO-SqueezeNet 182 197 232 238 124 25 2

The results of the evaluation clearly confirm the superiority of the centroid-based person 
detection method over bounding box-based methods. Both variants of the centroid-based 
detector exhibited significantly lower localization errors on both test and blind datasets 
compared to the best performing YOLOv2 detector with the MobileNetv2 backbone. In 
particular, the reduced U-Net variant showed errors that were 2.6 to 2.9 times smaller. In 
addition, the reduced U-Net demonstrated excellent generalization capabilities with a high 
number of correct detections even on lower quality images. This variant also offered faster 
inference times, so that it was approximately 40% faster than YOLOv2-MobileNetv2 while 
maintaining accuracy. In contrast, the YOLO detectors, especially those with the SqueezeNet 
and GoogleNet backbones, showed a tendency for multiple detections and misdetections, 
contributing to higher localization error rates. CenterNet detectors exhibited similar problems 
with even higher errors, indicating a tendency to miss people in the images.

Reducing the map resolution in the centroid-based detector led to a slight improvement 
in detection performance, further improving generalization without compromising detection 
accuracy. Overall, these findings confirm the benefits of centroid-based detection, especially
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with a reduced U-Net, in providing efficient and accurate person detection in real-time 
applications. Full results are available in the original article (Stursa, 2022).

3.2.4 Conclusion

The paper (Stursa, 2022) demonstrated that determining the position of head centroids 
using a fully convolutional network (U-Net) combined with a simple sequence of image 
processing operations (centroid counterpart module) is an effective method for fast and accurate 
detection of people in orthogonally acquired images. The centroid-based person detector not 
only satisfies the edge computation requirements, but also exhibits strong generalization 
capabilities and maintains low localization errors even on low-quality images. It performs 
effectively in a variety of environments, including those with significant variability in elevation 
profiles. The use of quarter-size localization maps instead of full-resolution maps resulted in a 
40% reduction in detector inference time, with the side benefit of a slight improvement in 
detection performance. Furthermore, the use of bounding box-inspired annotation for dataset 
preparation facilitated a simplified process that allowed simultaneous annotation of images for 
both centroid-based and bounding box-based detection.

Based on these results, further work was done with detection based on transforming the 
input images into location maps. Specifically, this involved extending the original method to 
include multi-class localization, where the classes did not represent the objects themselves, but 
rather their regions of interest, which were labelled with different shaped gradients. A 
description of this approach is given in the following section reflecting Article 5 (Annex 5).

3.3 Detection of Significant Features in Complex Objects
Given the success of the transformation technique, its ability to encode different parts 

of objects into different gradient shapes was considered. These gradients represent desirable 
grasping points for robotic manipulation. Thus, the original paper (Stursa, 2021a) focused on 
the development of an efficient grasp point detection technique for robotic manipulation of 
complex objects. This proved to be a task of major industrial importance. Based on the 
successful use of the U-Net architecture in previous experiments, the network was modified to 
meet the specific needs of this application. The proposed method utilized a perception system 
based on RGB data and a fully convolutional neural network architecture, specifically an 
attention squeeze parallel U-Net (ASP U-Net). This neural network transformed the RGB image 
of the scene into a grayscale scheme where the positions of the grasping points were highlighted 
using gradient geometric shapes. The method was particularly effective in identifying grasping 
points on objects that offered multiple edges and planes suitable for manipulation by different 
end-effectors, such as parallel grippers and vacuum cups.

The ASP U-Net architecture was designed with computational efficiency in focus, 
allowing it to run on single board computers such as NVIDIA Jetson NANO while maintaining 
high accuracy and fast response. The performance of the network was compared to competing 
architectures using metrics such as generalized intersection over union and mean absolute error. 
The method was tested in scenarios involving complex object arrangements, including 
overlapping and occluded objects. The results demonstrated robustness in detecting grasping
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points in challenging conditions. The results highlighted the potential of ASP U-Net for real­
time industrial applications where both speed and accuracy are critical.

3.3.1 Methods 

Problem Formulation

Robotic manipulation of non-trivial objects that provide different types of grasping 
points is a complex task. A typical industrial scenario involves multiple objects that are 
randomly positioned and oriented on a conveyor belt (see Figure 20). While the shapes of the 
objects are known in advance, their positions and orientations are not. The perceptual system 
of the robotic manipulator must allow for rapid decision making about the position of the 
grasping point while allowing for automatic replacement of the appropriate end effector. The 
proposed solution consists of an RGB data-driven perceptual system that detects the grasping 
points based on a single RGB scene image and provides all the necessary information for an 
end effector with 3+1 degrees of freedom.

Figure 20 -  Example of a robotic workplace with a perception system. Taken from (Stursa, 2021a).

Due to standard end-effector scenarios and technologies, the experiments were limited 
to two types of end-effectors: parallel gripper and vacuum cup. It should be noted that the 
method focused on objects spread out in a single-layer manner. An obvious advantage of this 
arrangement is the absence of the need for depth information, since all the grasping points occur 
at a similar vertical distance from the sensor. Therefore, the RGB data can be considered as a 
sufficient source of information. The non-trivial object to be manipulated has been defined and 
so has its possible positions on the conveyor belt. The object provided two kinds of grasping 
points - an edge and a plane - for manipulation by a parallel gripper or a vacuum cup depending 
on the position and orientation of the object. According to the possible stable positions of the
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objects on the conveyor belt, five different positions with different accessibility of the grasping 
points of the two end effectors were considered. The following requirements were set for the 
grasping points to be considered feasible. A free circular area of at least 12 mm in diameter had 
to be available for the vacuum cup (planes). For the parallel gripper, an edge of at least 12 mm 
in length had to be available. In addition, for the parallel gripper, a free rectangular area of at 
least 10 mm on each side of the edge was required to allow the object to be grasped securely 
(Stursa, 2021a). The object positions considered, together with a representation of the grasping 
points, are shown in Figure 21.

Figure 21 -  Grasping points of the object at considered poses. Taken from (Stursa, 2021a).

Given these well-defined positions and the availability of grasping points, the different 
arrangements that may occur for objects randomly placed in a single layer on the conveyor belt 
were considered subsequently. These arrangements included irregular contacts between objects, 
including overlapping. In some cases, the space available for gripping points was reduced, while 
in extreme cases the gripping points were obscured and thus eliminated completely 
(Stursa, 2021a). Selected examples of object arrangements are shown in Figure 22.

Figure 22 -  Examples of object arrangements. Taken from (Stursa, 2021a).

As a result of the mentioned arrangements, the proposed perception system was 
expected to successfully detect only the available grasping points.
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CNN for Grasping Point Detection

Based on previous research, the U-Net architecture and custom modifications were 
chosen as the most suitable option. Given the requirement to localize two types of grasping 
points, it was necessary to determine how these grasping points would be transformed for image 
processing purposes, in particular for segmentation.

The first transformation, specifically for the gripper points of the vacuum dish, was 
identical to the previous detailed localization of the human heads as described in Centroid- 
Based Person Detection and specifically in equation (28).

The second transformation considered was for the parallel gripper, which had to 
consider the angle of the planar orientation and was thus included in the labels of the 
surrounding pixels. Therefore, the label of each pixel was determined by considering the 
parallel gripper as a function of the distance of the pixel from the two endpoints of the abscissa. 
This approach defined both the grasping point and the angle of the parallel gripper. 
Specifically, for pixel x, the label hx was defined by equation (18)

d12 a 1

* Vdix +  d2X) 1 +  bd0xc ’  ̂ ^

where d12 is the length of the abscissa, i.e. the distance between the points that define 
the gripping point; d1x is the distance between the current pixel and the first endpoint of the 
abscissa; d2x is the distance between the current pixel and the second endpoint of the abscissa; 
d0x is the distance between the current pixel and the midpoint of the abscissa. The parameters 
a, b, and c affect the size of the shape and need to be set according to the features of the scene. 
Using the above transformation, a spatial representation of the grasping point for the parallel 
gripper was obtained, where the optimal position was labelled with value 1 and the value of the 
label decreased with distance from it. The steepest decrease occurred perpendicular to the 
abscissa, while the decrease in label value was more gradual parallel to the abscissa 
(Stursa, 2021a). An example of the marking of the grip points for both types of end effectors is 
shown in Figure 23.

Figure 23 -  Grasping point representations. Taken from (Stursa, 2021a).

With respect to the presented transformations, the neural network was required to 
transform the original RGB image of the scene into two grayscale schematic images where the 
grasping points are highlighted as previously described gradient shapes. These shapes 
effectively provided all the necessary information for the robotic manipulator.
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ASP U-Net Architecture
The introduced ASP U-Net neural network was based on a CNN topology capable of 

performing the transformation shown in Figure 24. Moreover, since the perception system was 
designed for real-time industrial applications using single-board computer architectures, the 
size of the neural network and the resulting computational power requirements were also taken 
into account. To achieve this, the previously introduced U-Net was used as the initial 
architecture. The U-Net has been very successful in semantic image segmentation, especially 
when only small training datasets are available (Bardis, 2020). This feature has been very 
beneficial for embedded applications (Stursa, 2021a).

Figure 24 -  Schematic representation of network outputs. Taken from (Stursa, 2021a).

However, the U-Net was defined by more than 30 million parameters with a memory 
size of 364 MB. Therefore, inspired by techniques like those used in SqueezeNet 
(Iandola, 2016) and SqueezeSegNet (Nanfack, 2018), the classic convolutional and transposed 
convolutional layers were replaced by layers similar to the Fire and DeFire modules, 
respectively. The Fire and DeFire modules were implemented in the Down sampling and Up 
sampling modules in the encoder and decoder parts of the U-Net. These replacements 
significantly reduced the number of parameters while maintaining accuracy. A detailed 
explanation of these modules is given in the original article (Stursa, 2021a).

Further improvements were based on the requirement of the network to label grasping 
points located on objects of different colors under different lighting conditions. In the decoding 
part of the architecture, an attention mechanism based on attention gates was implemented to 
filter features propagated through the skip connections. Finally, the network was designed to 
generate two images, each providing information about one type of grasping point. To achieve 
this goal, it was advantageous to parallelize the propagation of data through the network at a
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point, allowing separate parts of the architecture to handle the separate processing of edges and 
planes. Therefore, the U part of the original U-Net architecture was replicated and mirrored, 
with the two parallel parts connected in the final section of the network. With this enhancement, 
the network was expected to adjust its parameters to handle edge-relevant elements in one 
parallel branch and plane-relevant elements in the other branch (Stursa, 2021a).

The resulting name ASP U-Net (short for Attention Squeeze Parallel U-Net) refers to 
the integration of attention mechanism, parameter reduction, parallel detection of different 
types of grasping points, and origin - the U-Net. All the details and specific implementations of 
these enhancements are thoroughly described in the original paper (Stursa, 2021a). The overall 
proposed ASP U-Net architecture using the previously mentioned modules is shown in Figure 
25.
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Figure 25 -  ASP U-Net architecture. Taken from (Stursa, 2021a).

Architectures to Compare
To validate the ASP U-Net architecture, its performance was compared with several 

state-of-the-art architectures. Specifically, SegNet (Badrinarayanan, 2017), BiSeNet 
(Yu, 2018), U-Net, and FCN-VGG16 (Shelhamer, 2017) were implemented according to their 
original configurations. In addition, Squeeze U-Net (Beheshti, 2020) and Attention U-Net 
(Oktay, 2018) were included for comparison to match the latest trends in edge computing and 
attention mechanisms. In addition, some semantic segmentation neural networks based on 
classical convolutional neural networks were also considered as backbone networks. 
Specifically, ResNet 101 (He, 2016), DenseNet 121 (Huang, 2017) and MobileNet 
(Howard, 2017), were combined with the FCN architecture. All architectures were modified to 
work with the same data. The input and output layers for each architecture were replaced with 
the same layers used in the ASP U-Net architecture (Stursa, 2021a).
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3.3.2 Experimental Procedure 

Dataset Acquisition

A demonstration robotic stand was prepared to obtain training and test data. A Basler 
acA2500-14uc industrial RGB camera was used as the RGB sensor. This sensor could provide 
up to 14 5MPx RGB images per second. The camera was equipped with a Computar M3514- 
MP lens to view the 300 x 420 mm scanned area from a distance of 500 mm. Initially, a total 
of 716 images were taken for the training set. The resulting image collection contained 0 to 9 
objects of three colors (blue, white, gray) in different positions and poses. Many images 
contained only parts of the objects. The resolution of the images was 288 x 288 RGB pixels 
with 8-bit depth. Each image in the training set had to be labeled to be usable for training the 
neural network. Specifically, the positions of the grasping points were identified, and grayscale 
schematic images were prepared for each image. To simplify this process, a custom labeling 
application (GraspLabeller) was developed to manually prepare the necessary data. The 
GraspLabeller application allowed the grasp points to be marked using a computer mouse and 
provided the resulting pair of greyscale images (Stursa, 2021a), as shown in Figure 26.

Figure 26 -  Dataset labelling using GraspLabeller. Taken from (Stursa, 2021a).

The labelling procedure was carried out in accordance with the minimum dimensional 
requirements of the parallel gripper and vacuum cup. Considering the image resolution and the 
overall scene layout, the parameters in equations (7) and (18) were set as follows: a = 10, 
b = 0.002, c = 2, R = 20 (Stursa, 2021a).

Various data augmentation techniques have been used to augment the data sets. 
Geometric transformations were applied to the original RGB images and the corresponding 
grayscale target images to ensure label preservation. Specifically, each sample was randomly 
rotated by an angle between -10° and 10°. In addition, each sample was shifted by up to ±10 
pixels in both horizontal and vertical directions. This procedure expanded the original dataset 
from 716 images to 2,148 images. A separate data set had to be created to evaluate the 
perceptual system. Instead of extracting a portion of the training data, a new dataset was 
manually created. Additional object arrangements were designed to include all possible 
settings. Emphasis was placed on challenging configurations such as difficult contact positions 
and hard-to-reach grasping points. In total, 54 unique images were collected for testing. These 
images contained 148 objects with 236 grasping points, of which 143 were suitable 
(Stursa, 2021a).
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Networks Training
The ASP U-Net, along with competing state-of-the-art architectures, has been trained 

using the Adam optimizer, which is widely known to provide satisfactory performance. The 
initial weights were set randomly using a Gaussian distribution. The loss function used was the 
binary cross entropy, defined earlier. Thirty percent of the data set was set aside as a validation 
set. Training experiments were performed five times for each architecture to reduce the 
stochastic nature of the training and to prevent the loss function from getting stuck at a local 
minimum. Then, the best instances were evaluated based on the loss function in the validation 
set. (Stursa, 2021a).

Evaluation Metrics

After training all considered architectures, each network was evaluated. The well- 
known intersection over union (IoU) metric was used for accuracy. However, this metric 
usually evaluates detectors based on the ground truth bounding boxes and predicted 
bounding boxes as previously described (see 3.1.2). Since the proposed perception 
system did not provide bounding boxes but instead produced a grayscale image where the 
predicted position depended on the pixel intensity, a generalized IoU (gIoU) metric was 
defined. This metric was modified to evaluate overlap and union of pixel values. Since the 
proposed perception system provided two grayscale images as output, the metric was 
evaluated separately for each output, referred to as gloUe for edges and gloUp for planes. An 
example of this generalized IoU method is shown in Figure 27.

Figure 27 -  Demonstration of the generalized IoU metric. Taken from (Stursa, 2021a).

In addition, a classical mean absolute error (MAE) metric was used to interpret the 
results. This metric measured the difference between the predicted and target outputs. Like 
gIoU, MAE was evaluated for each output separately, referred to as MAEe for edges and MAEp 

for planes. Equally important was the evaluation of the memory size and response time of the 
perception system, as it was designed for real-time industrial applications using single board 
computer architectures. Both the size of the neural network and its response time were evaluated 
on the NVIDIA Jetson NANO. All the details are thoroughly described in the original paper 
(Stursa, 2021a).
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3.3.3 Results and Discussion

The proposed ASP U-Net was trained and evaluated five times with competing 
architectures using the procedure and dataset described earlier. To assess the performance of 
ASP U-Net against competing architectures, the gIoUe, gIoUp, MAEe and MAEp metrics were 
evaluated using the best performing training session for each architecture determined by the 
lowest value of the binary cross-entropy loss function. Next, memory size and response time 
were evaluated for each selected architecture using the Jetson NANO. For evaluation procedure, 
each original input image from the test set was first processed by a neural network. Then, these 
actual outputs were compared with their target outputs and the gloU and MAE metrics were 
determined. After processing all samples from the test set, the overall metrics were calculated 
as the average of the intermediate values. The resulting values were summarized in Table 10.

Table 10 -  Metrics over testing set. Taken from (Stursa, 2021a).
A rc h ite c tu re gIoU e gIoU p MAEe MAEp Size, MB Tn a n o , s

ASP U -N et 0 ,8 6 7 5 0 ,9 0 1 6 0 ,0 0 3 1 9 2 0 ,0 0 1 1 0 3 77 0 ,8 1

A tte n tio n  U -N et 0 ,8 4 2 5 0 ,8 7 3 0 ,0 0 3 8 0 6 0 ,0 0 1 4 4 9 374 1 ,18

B iSeN et 0 ,8 2 0 4 0 ,8 5 3 9 0 ,0 0 3 4 0 7 0 ,0 0 1 4 5 5 463 7 ,3 9

F C N -D enseN et121 0 ,8 2 8 5 0 ,8 6 8 5 0 ,0 0 3 1 4 7 0 ,0 0 1 4 5 1 110 2 ,2 7

FCN-VGG16 0 ,7 8 8 5 0 ,8 0 3 1 0 ,0 0 3 8 9 4 0 ,0 0 2 1 0 2 933 1,83

FC N -M obileN et 0 ,1 8 0 6 0 ,4 9 3 8 0 ,0 1 9 1 1 4 0 ,0 0 6 1 7 7 93 0 ,3 3

FC N -R esN et101 0 ,8 3 4 0 ,8 5 7 3 0 ,0 0 3 6 0 5 0 ,0 0 1 5 8 6 513 1,11

S egN et 0 ,8 5 9 8 0 ,8 8 9 7 0 ,0 0 3 4 1 6 0 ,0 0 1 2 4 3 303 3 ,15

S q u e e z e  U -N et 0 ,8 1 2 4 0 ,7 7 5 1 0 ,0 0 4 2 7 7 0 ,0 0 2 3 2 3 30 0 ,1 9

U -N et 0 ,8 4 9 4 0 ,8 5 8 2 0 ,0 0 3 2 4 3 0 ,0 0 1 5 3 5 364 1,02

In addition to the results table itself, cases where the grasping locations overlap to 
different degrees were also selected to verify the ability of the system to reflect the grasping 
possibilities. The individual detection cases with metric values are shown in Figure 28.

Figure 28 -  Response of ASP U-Net to a scene with a group of randomly situated objects.
Taken from (Stursa, 2021a).
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The proposed perception system, based on the ASP U-Net architecture and a pixel-based 
scene transformation approach, dealt with the problem of detecting grasping points for both 
parallel grippers and vacuum cups. While all possible positions and interactions of objects were 
considered, object occlusion was simplified to a single layer. The system did not directly 
address 3D end-effector orientation, making it more suitable for end-effectors and 
fixed-position industrial robots such as SCARA.

On the test set, the results varied significantly. Considering metrics such as gIoUe, 
gIoUp, MAEe, and MAEp, ASP U-Net provided the best results in three of these categories. 
Although the BiSeNet and FCN-DenseNet121 networks performed better during the training 
stage in terms of the resulting error function; ASP U-Net outperformed them in the testing stage. 
There was a general trend where the grasping points detection metrics for the parallel gripper 
were lower than the metrics for the vacuum cup. U-Net and Squeeze U-Net showed similar 
performance for both types of grasping points. Significant differences were also observed in 
memory usage and response time between the architectures. Memory-efficient architectures 
such as FCN-MobileNet and Squeeze U-Net required much less memory than full-featured 
architectures. The proposed ASP U-Net with a memory requirement of less than 80 MB was 
also considered a memory-efficient architecture. The response time of ASP U-Net on the Jetson 
NANO was favorable and among the best, where it was only surpassed by very lightweight 
architectures. Detailed results are described in detail in the original paper (Stursa, 2021a).

The quantitative results shown in Table 10 and the examples in Figure 24 show that 
ASP U-Net performs well under a variety of spatial object orientations. This architecture 
effectively distinguishes between feasible and not feasible grasping points based on object 
orientation, which is one of the key features of the proposed approach. In addition, the ASP U- 
Net is suitable for real-time applications due to its response time. Overall, the ASP U-Net 
network provided competitive accuracy compared to state-of-the-art full-weight architectures 
while remaining usable for edge computing due to its low memory consumption and excellent 
response time.

3.3.4 Conclusion

In Article 5 (Annex 5), an innovative fully convolutional neural network architecture, 
called ASP U-Net, was proposed for use in a robotic grasping system. ASP U-Net is widely 
applicable for simultaneous detection of grasping points using different types of end effectors 
of robotic arms. The architecture was thoroughly tested for grasping points detection for a 
parallel gripper and a vacuum cup using a pixel-based scene transformation. Specifically, the 
positions and orientations of the gripper points were encoded into gradient geometric shapes 
that effectively capture all the necessary information for the robotic arm to manipulate objects. 
The performance of ASP U-Net was compared with nine competing architectures and the 
results proved sufficient accuracy with effective memory requirements and fast response time. 
The ASP U-Net output provided information about the position of all feasible grasping points 
in the scene. However, some objects may have parts that are more suitable for grasping than 
others. For example, as with a mug, it is better to grasp it by the handle than by a hot surface, 
so choosing the correct point is essential for safe and effective grasping. Thus, the solution

49



showed that this problem can be addressed in data labeling by excluding undesirable areas from 
being labeled as grasping points in the dataset (Stursa, 2021a).

In addition to the scientific contribution, the proposed method has been adapted and 
applied in an industrial environment. This application is briefly summarized in the following 
section.

3.3.5 Practical Implementation

The application dealt with the implementation of a computer system for brick detection 
in an industrial robotic application. In the manufacturing process, interlacing bricks were used 
to prevent fusing of the main bricks during furnace firing. The task was to determine the exact 
position and orientation of these interlacing bricks, which were arranged in several layers on 
pallets to be handled by the robot. An image of the production process in which the system was 
implemented is shown in Figure 29.

Figure 29 -  Production process in which the system was implemented.

A method based on the transformation of image data into gradient ellipses, which were 
then identified using a standard ellipse detector in the image, was chosen as a suitable tool for 
position and rotation detection. This provided information on the position, rotation, and size of 
the objects. An example of the task is shown in Figure 30.

Figure 30 -  Diagram of the image processing for brick positions and rotations.
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For accurate detection, the ASP U-Net architecture was adapted to provide reliable brick 
detection in laboratory and industrial environments. The vision system used a Stereolabs ZED 
2i stereo camera to capture the depth and RGB images themselves in combination with a 
Stereolabs ZED Box edge computing device. This setup allowed the robotic system to detect 
and remove bricks layer by layer with high accuracy. The brick detection system was 
successfully implemented in a real industrial environment where it ensured the efficiency of the 
robotic manipulation process. Despite the challenges of industrial environment variability, the 
system demonstrated the potential of machine vision in industrial automation and opened the 
way for further improvement and adaptation to different manufacturing environments.

Award-Winning Application

Moreover, the application was presented at a Technology Day event hosted by the 
University of Pardubice Technology Transfer and Knowledge Center (CTTZ). This developed 
technology won the first place and was awarded the best innovation at the event. This meeting 
bridged research with industrial partners. The competition evaluated innovative technologies 
on the basis of their potential for real-world application, clarity of presentation, and the 
marketability of the solution.

3.4 Summary
This chapter discussed advanced object detection techniques, focusing on methods that 

have outperformed conventional bounding box detection approaches. These methods included 
segmentation neural networks and one- and two-stage object detectors. The research is built on 
previous work presented in several papers (Appendices 3, 4, and 5), each of which contributed 
to the development of more accurate and computationally efficient object detection methods. 
One significant innovation involved transforming objects into centroids using a segmentation 
neural network employing an encoder-decoder architecture. This method proved particularly 
effective for head detection in top-down views, where input images were converted into 
probability maps that predicted the likelihood of an object's occurrence. Subsequent studies 
have extended this approach to detect other objects, including people and robot grasping points, 
with pixel-level localization accuracy.
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4 Research Impact and Collaborations
The methods and technologies developed in this work have made significant 

contributions to both academia and practical applications. These methods have been 
successfully applied in a variety of projects, highlighting their universality and real-world 
impact. A notable element of success has been the collaboration with an international research 
group, namely the GICAP Group, and participation in cutting-edge projects. The following 
sections summarize the main contributions and describe how these methods have been 
incorporated into collaborations and industrial applications. The methods developed in this 
work have produced several major innovations that have expanded the possibilities in image 
processing.

4.1 Major Contributions of the Developed Methods
4.1.1 Transforming Image Data into Localization Maps

One of the main contributions is the approach and method of transforming image data 
into localization maps. This approach provides a more accurate and differentiated 
representation of objects, which improves detection and localization capabilities. This 
innovative method has proven particularly useful in tasks such as head detection from top-down 
views and robotic manipulation where accurate localization is critical.

4.1.2 Method for Localization Error Evaluation

A new method for localization error assessment has been developed that offers a more 
accurate evaluation of the performance of the detection system. This method focuses on the 
distances between predicted and actual object centroids and provides a fine-grained evaluation 
suitable for tasks requiring pixel-level accuracy. The development of this metric has improved 
the ability to consistently compare different detection algorithms and facilitated further 
improvements to proposed methods.

4.1.3 Centroid Counterpoint Module for Suppressing False Detections

Another new feature is the centroid counterpoint module, a method designed to 
effectively suppress false detections in complex image processing tasks. By filtering out noise 
and irrelevant detections, this module improves the reliability and accuracy of the detection 
process. This method is particularly advantageous in real-time applications where minimizing 
false detections is critical to maintaining system performance.

4.1.4 Development of a Custom ASP U-Net Architecture

The development of the ASP U-Net architecture is another key contribution of this 
work. ASP U-Net is a fully convolutional neural network designed for efficient and accurate 
object detection with an emphasis on resource efficiency. This architecture, which incorporates 
attention mechanisms and parallel processing, has proven highly effective in detecting grasping 
points for robotic manipulators and has been successfully deployed in several industrial 
projects.

52



4.1.5 Ability to Detect Only Relevant Features

The ASP U-Net architecture also excels in its ability to efficiently distinguish between 
feasible and not feasible grasping points based on object orientation. This capability is critical 
in applications such as robotic manipulation, where selecting the most appropriate grasping 
point can significantly impact performance. The architecture's ability to focus on relevant 
features enables it to provide accurate and actionable results, even in complex scenarios.

4.2 Industrial Applications and Real-World Impact
The methods and technologies developed in this work have been applied in many 

industrial contexts, demonstrating their practical value and versatility. These applications are 
included in a variety of sectors including surveillance, public transport, manufacturing, and 
robotics. This demonstrates the broad impact of the research. The following subsections provide 
a detailed overview of these industrial applications and their importance.

4.2.1 Person Tracking Algorithm and Intelligent Image Sensor

One of the key industrial applications of the developed people detection technology was 
its integration into the Research and development o f the next generation o f FareOn NextGen 
intelligent system project. This project was focused on the development of public transport 
systems through intelligent monitoring solutions. Person detection technology was used to 
create a sophisticated algorithm for tracking people's movements -  Person Tracking Algorithm. 
In addition to the software algorithm, the technology has also been adapted into an Intelligent 
Image Sensor Prototype. This sensor was designed to extend the real-time monitoring 
capabilities of the system by providing highly accurate detection of people in different 
environments.

4.2.2 Robotic Grasping and Automated Production Line

Object detection methods developed for the identification of grasping points in robotic 
systems have also found practical applications in industrial automation. These methods have 
been used in contract research described in 3.3.5 . Another application was the project 
Research and development o f a modular automated production line based on innovative robotic 
modules and its application for the production o f medical catheters. The aim of this proj ect was 
to make the production of medical catheters more efficient by use in a modular automated 
production line that uses robotic systems for the precise handling of medical products.

4.2.3 Smart Fencing: Airspace Object Detection

Another important application of the developed detection methods was in the field of 
security, specifically in monitoring the airspace around sensitive areas. The methods have been 
adapted for use in the Smart contactless technology development for smartfencing proj ect. This 
project focused on the development of advanced systems for monitoring and securing airspace 
over critical or restricted zones using non-contact detection technologies to identify 
unauthorized objects or intrusions.
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4.3 Collaboration with GICAP Group
A certain success factor in the research was the collaboration with the GICAP group, a 

leading research team in the field of computer vision and artificial intelligence. This 
collaboration provided valuable expertise and support in developing and improving the 
proposed methods. Through this collaboration, the research has profited from expertise in 
machine learning and computer vision, leading to the integration of advanced techniques such 
as segmentation neural networks and object detection algorithms. This collaboration not only 
contributed to the technical success of the research, but also extended its reach and fostered 
continued innovation.

4.4 New Projects and Future Directions
The author's most recent research involves two projects. Current research has focused 

on several areas in surveillance systems and image processing. A major project, being 
implemented in collaboration with Quantasoft, is the Innovative Intelligent Video Analysis 
System for 3D visualization and monitoring o f perimeter protection status. This project is 
dedicated to improving image processing solutions for security and surveillance and uses deep 
learning techniques to improve real-time detection, tracking, and analysis of objects.

In addition, the author's current research is further performed in a project Multi-sector 
and Interdisciplinary Cooperation in Research and Development o f Communication, 
Information and Detection Technologies for Control and Signalling Systems (CIDET). 
This project addresses problems related to the optimization of detection methods and the 
processing of multidimensional and multispectral data.
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Conclusions
The main goal of this dissertation was to present the developed methods based on deep 

neural networks for specific image processing tasks, in particular for detection, localization, 
and classification of people and objects in image data. The research initially focused on 
traditional image processing methods and gradually incorporated advanced techniques such as 
convolutional neural networks (CNNs). Various methodologies were investigated throughout 
the study, with considerable emphasis on balancing accuracy, computational efficiency, and 
real-time usability.

One of the key findings was the identification of histogram of oriented gradients (HOG) 
feature extraction combined with support vector machine (SVM) classifiers as an efficient 
traditional approach for person detection. Despite the simplicity of these methods compared to 
CNNs, they achieved high accuracy and maintained low computational complexity, making 
them suitable for real-time applications. Research has shown that traditional methods can 
compete with more complex CNN-based solutions in terms of performance after optimization, 
especially in controlled environments with normalized image size.

The research was further developed to explore the potential of CNNs, particularly 
focusing on the use of fully convolutional networks such as U-Net for person detection and 
localization by transforming image data into probabilistic maps. This approach has proven to 
be highly effective, with the U-Net based centroid detection method outperforming 
conventional bounding box-based detectors such as YOLOv2 in both accuracy and 
computational efficiency. In particular, the reduced U-Net version offered a significant 
reduction in inference time without compromising detection accuracy, making it suitable for 
edge computing applications. The ability of the centroid-based method to accurately generalize 
in different environments, including those with different elevation profiles, further highlighted 
its robustness and practical applicability.

Research has further advanced by introducing a pixel-precise person detection technique 
that uses centroid-based localization. This method transformed scene images into localization 
maps and encoded the position and size of the head as gradient ellipses for accurate centroid 
determination. By focusing on centroids instead of bounding boxes, the proposed approach, 
especially when using the reduced U-Net architecture, outperformed traditional bounding box- 
based methods such as YOLO and CenterNet in both accuracy and computational efficiency. 
In addition, this approach has demonstrated strong generalization capability in different 
environments with different elevation profiles. The reduced U-Net variant not only improved 
detection performance, but also achieved a 40% reduction in inference time -  enhancing its 
potential for real-time person detection in edge computing scenarios. These discoveries further 
validated the benefits of centroid-based detection methods in practical applications, which is in 
line with the overall focus of the dissertation on developing robust, efficient, and accurate deep 
learning techniques for image processing tasks.

The final phase of this research was focused on the development of an innovative 
method for detecting the grasping points of complex objects. This is crucial for industrial 
robotic manipulation. Based on the success of previous methods, a new fully convolutional 
network called ASP U-Net was introduced. This architecture efficiently transformed RGB
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scene images into grayscale maps, where grasping points were highlighted as gradient 
geometric shapes. The ASP U-Net was particularly effective in identifying grasping points on 
objects with multiple edges and planes, suitable for a variety of end-effectors, including parallel 
grippers and vacuum cups. The ASP U-Net was optimized for computational efficiency and 
was designed to run on single board computers such as the NVIDIA Jetson NANO, providing 
fast response and low memory consumption. Compared to several state-of-the-art architectures, 
ASP U-Net has demonstrated superior performance in terms of both accuracy and efficiency, 
making it a strong candidate for real-time industrial applications. This final phase of research 
has successfully demonstrated the potential of deep learning techniques in advanced robotic 
manipulation and laid the foundation for future practical implementations in industrial 
environments.

The contribution of this dissertation goes beyond theoretical advances and has 
significant implications for both academia and practical applications. One of the key 
achievements has been the development of methods for transforming image data into 
localization maps that have improved detection and localization tasks such as head detection 
and robotic manipulation. In addition, a new method for evaluating localization errors was 
introduced to enable more accurate evaluations for applications requiring pixel-level accuracy. 
The introduction of the centroid counterpoint module has further improved detection reliability 
by effectively suppressing false positives, a critical feature for real-time systems. Another 
significant contribution was the design of the ASP U-Net architecture, which combined 
attention mechanisms and parallel processing to achieve efficient and accurate object detection, 
especially in the identification of grasping points for robotic systems. The ability of this 
architecture to detect only relevant features has significantly increased its effectiveness in 
industrial applications.

The methods developed in this dissertation have been successfully applied in various 
industries, from surveillance systems to robotic automation and airspace monitoring, 
demonstrating their versatility and real-world impact. Collaboration with the GICAP group has 
also played a significant role, enhancing the research with expertise in machine learning and 
computer vision. In addition, the research covered in the dissertation has set the foundations for 
new projects, including advanced video analysis systems and optimized detection methods, 
which promise further innovations in image processing and detection technologies.
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