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Object detection plays a crucial role in computer vision applications, ranging from
autonomous driving to facial recognition. Over the years, researchers have developed various
techniques to tackle the challenges of object detection. Among them, feature detection algorithms
and neural networks have emerged as powerful approaches. This paper aims to provide a
comparative analysis of these two methodologies, exploring their strengths and weaknesses.
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Introduction. The task of object detection is widely recognized and challenging within
the industry, and it has been significantly addressed through the advancements in computer
vision (CV) utilizing machine learning (ML) techniques. But robustness and efficiency of
feature detection algorithms still makes them a viable solution for special tasks. Feature
detection algorithms find utility in applications where real-time performance, interpretability,
and limited computational resources are key, such as robotics and embedded systems. On the
other hand, neural networks excel in scenarios where accuracy and the ability to handle
complex visual patterns are essential, including autonomous driving, surveillance, and large-
scale object detection tasks.

The research investigates various methods for detecting and describing key points in
images and their application in machine learning for image recognition. The algorithms under
consideration include SIFT [1], ORB [2], BRISK [3], and FREAK [4], along with a custom
feature-based object detection function utilizing key point coordinates, the SVC [5-7] method
with image descriptors, and the YOLOV5 neural network.

The study aims to compare the speed of key point detection and descriptor computation
among the different algorithms using a specific dataset. Average times will be calculated to
evaluate the performance of each algorithm based on the number of key points detected.

Building upon the comparative analysis of the algorithms, an attempt will be made to
develop a novel object detection function solely based on key point coordinates. The
performance of this function will be assessed to determine its effectiveness.

In addition, a well-established method described in external research [8], the SVC
method, will be employed for object classification using key point descriptors. An SVC model
will be created, trained on the provided dataset, and its performance and computational metrics
will be evaluated in comparison to speed and accuracy performance of YOLOvVS5 neural
network. SVM belongs to supervised learning paradigm of machine learning, so comparisons
between SVM and neural networks are feasible.
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To provide a comprehensive comparison with algorithmic object detection methods, an
alternative approach utilizing neural networks will be employed. Models of different sizes will
be trained and assessed for their speed and performance in object recognition tasks.

By conducting these comparisons and evaluations, the research aims to gain insights into
the efficiency and quality of the various methods for object detection and recognition, shedding
light on their potential applications and performance in real-world scenarios.

Input data collection and preparation. For this research custom made dataset was
created. This dataset consists from 153 images of 4 different soda cans brands. Pictures were
made from different angels and different distance.

W Number of Images

Fig. 1. Dataset composition

For speed comparison of feature detection algorithms the same 140 images form dataset
were used. | was recording next metrics:

1. Number of key points detected.

2. Time to detect key points.

3. Time to compute descriptors

Fig. 3. Example of key point detection with ORB
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Table 1. Computational speed comparison of SIFT, ORB, BRISK and FREAK

Algorithm Average number of | Average time of key Average time of
key points detected | points detection (ms) descriptor
computation (ms)
SIFT 231.32 67 46
ORB 1123.1 3 4
BIRSK 420.8 7 4
FREAK (SIFT) 220.2 72 28

Based on data obtained during tests, we can claim that Oriented FAST and Rotated
BRIEF (ORB) [2, 9] and Binary Robust invariant scalable keypoints (BRISK) [3] algorithms
are the fastest in key points detection and descriptor calculation. But how good are they for
object detection? We will 2 methods for object detection using key points. First it’s self written
solution function based on fingerprint of distances from key points, other one using Support
Vector Classification (SVC).

Fingerprint method consist of next steps:

1. Match of key points between template image (our “perfect” image of object) and

image where we are trying to detect object

2. Calculate matrix of distances between key points on template image and image with

object we are trying to detect

3. Calculate crosscorrelation of matrixes.

4. Calculate sum for each crosscorrelation matrix.

5. Assume that object belongs to class with biggest correlation sum.

Using fingerprint method gave us insufficient results.
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Fig. 4. Results of fingerprint method.
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Such bad results of fingerprint method could be contributed to handcrafted design: the
performance of this method highly depends on the quality and selection of handcrafted
features, which can be challenging and time-consuming. There is room for improvements but if
it is worth it, this question could not be answered in scope of this work.

Support Vector Classification (SVC) is a widely used algorithm in machine learning
that belongs to the family of Support Vector Machines (SVMs). SVC is particularly effective
for binary classification tasks, where it seeks to find an optimal hyperplane that separates data
points belonging to different classes. In this essay, we will explore the fundamental concepts of
SVC, its key features, advantages, and limitations, as well as its applications in various
domains.

SVC aims to find a decision boundary that maximally separates data points of different
classes in a feature space. It achieves this by mapping the original data into a higher-
dimensional space using a kernel function, which enables the identification of a hyperplane that
effectively separates the classes. SVC finds the hyperplane by maximizing the margin, which is
the distance between the hyperplane and the closest data points of each class.

To use SVC for object detection with key points we will train Linear SVM on dataset and
then use calculated model to detect objects on unseen previously images.

For training Linear SVM model we will perform next steps:

1. Calculate key points and descriptors from our dataset (some pictures are excluded

from training dataset, to verify final accuracy with images that were not used in training)

2. Stack all the descriptors vertically in a numpy array

3. Perform k-means clustering

4. Perform Tf-1df vectorisation

5. Perform scaling of our features

6. Train the Linear SVM

To use trained model for object detection we need to perform next steps:

Load pertained model

Calculate key points and descriptors form image
Stack all the descriptors vertically in a numpy array
Perform Tf-Idf vectorization

Perform the predictions

Report predicted class
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Fig. 5. Results of predictions using SVC model with SIFT, ORB and BRISK key points and descriptors
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Fig. 6. Example of wrong prediction with SVC model
Table 2. Comparison of time needed for training and testing of SVC models on different key point
detection algorithms and resulted accuracy
Algorithm of key | Time to | Time to fit | Predicted | Accuracy | Time to|Time to
point  detector | execute train | the model | accuracy | based on | execute | perform
and  descriptor | program (s) | (ms) 20  test| test detection
calculation images program |on  test
(s) images
(ms)
SIFT 35 5 100% 100% 6.0 0.16
ORB 46 10 100% 100% 3.4 0.25
BRISK 45 10 100% 95% 3.4 0.18
FREAK 32 10 100% 90% 5.1. 0.25
(SIFT)
FREAK 17 12 100% 100% 3.3 0.33
(ORB)
FREAK 29 12 100% 100% 3.6 0.15
(BRISK)

To test SVC models for robustness test images with obstructions, different lighting
conditions and different resolution were used.
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Fig. 7. Result of SVC model predictions with SIFT, ORB and BRISK key points and descriptors (from
left to right)

Fig. 8. Result of SVC model predictions with FREAK-SIFT, FREAK-ORB and FREAK-BRISK key
points and descriptors (from left to right)

Table 3. Comparison of time needed for predictions with SVC and resulted accuracy

Algorithm of key point detector Time to execute Time to predict | Accuracy
and descriptor calculation prediction program (s) (ms)

SIFT 35.5 5.7 75%
ORB 6.5 0.15 25%
BRISK 7.9 0.37 50%
FREAK (SIFT) 31.0 2.15 25%
FREAK (ORB) 6.5 0.15 0%
FREAK (BRISK) 8.2 0.34 50%
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Neural networks. For neural network YOLOV5 (You Only Look Once version 5) was
chosen. YOLOVS5 is an advanced object detection framework that builds upon the success of its
predecessors to deliver state-of-the-art performance with efficient architecture, Single-stage
Detection, Anchor-Free Localization and Improved Backbone Network. While YOLOvV5 may
have limitations in small object detection and contextual understanding, its strengths in speed,
accuracy, and real-time inference make it a compelling choice for various computer vision
applications, including autonomous driving, surveillance, and robotics. With ongoing research
and improvements, YOLOV5 continues to push the boundaries of object detection, driving
advancements in the field of computer vision.[10, 11]

I used 3 models with different number of epochs of training:

1. Model S with 32 epochs.

2. Model S with with 128 epochs.

3. Model M with 32 epochs.

All models were trained on VVPS server form Linode with 4 cores and 8 Gb of RAM.

wval/box_loss valicls_loss walfabj_loss

Fig. 9. Train and validation loss of YOLO v5 model S with 32 epochs

Even on this small and fast to train model (0.442 hours) we can see very respective results
for object detection.
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Fig. 10. Results of model S with 32 epochs
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Fig. 11. Train and validation loss of YOLO v5 model S with 128 epochs
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Fig. 12. Results of model S with 128 epochs

In reference to results of model S with 128 epochs and it’s train and validation losses we
can see wast redundancy in training and possible overtraining of neural network.
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Fig. 13. Train and validation loss of YOLO v5 model M with 32 epochs
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Fig. 14. Results of model M with 32 epochs

Table 4. Comparison of time needed for training and prediction for different YOLOv5 models

Model size Number of epochs Train time (h) Average time for
detection (ms)
S 32 0.442 89
S 128 1.621 93
M 32 8.783 246

Conclusion. Comparison of feature detection algorithms and neural networks is tough.
It’s two completely different fields of computer science. In our case, when key points are used
as a crucial part of object detection program which relies on Support vector machine (SVM) we
can compare its performance to neural networks. Only fair metrics to compare are accuracy
and speed. In this case, in training category we have clear winner, Support vector classifier in
conjunction with key paints from one of algorithms (SIFT, ORB, BRISK) is at least 45 times
faster then training of YOLOV5 network. Average time for detection also is smaller in SVC, but
this difference is not so significant. For real-time applications this could make a huge
difference, especially in embedded solutions where computational power is limited. Both
methods (SVC and neural networks) have excellent accuracy, when tested on previously
unseen images. YOLOVS5 should perform better in case it sees image of different scale because
of its convolutional layers and other operations to extract semantic information from the image
at various scales and levels of abstraction. Time for detection with limited computational
power is not great, but could be easily improved this graphics accelerators.
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BusiBiieHHs 00'€KTiB € OTHUM i3 BXXJIMBUX 3aBJIaHb y raly3i KOMII'TOTEPHOTO 30py, a porpec
y PO3BUTKY SK TpPaIHLiHMX aIrOpUTMIB BHSBJIEHHS OCOOJMBHX TOYOK, TaK i HeHlpomepex
3HAQUYHO CHpHsAE HOTro BJOCKOHAIEHHIO. Y poOOOTI TOPIBHIHO Ta OIIHEHO e(eKTUBHICTH
BUKOPHUCTAaHHS MeTORy OMOpHUX BekTopiB (SVC) pasoM i3 TpaaumiHHUMH alropUTMaMu
BUSBJICHHS 0coOnmBHX To4OK, 30kpeMa SIFT, ORB, BRISK, FREAK, i3 HallHOBIIIMM ITiX010M
Ha OCHOBI HelpoMepex, 30kpema YOLOVS. 3a 10omoMororo KOMIIIEKCHOTO aHAI3y 3'SCOBAHO
nepeBark Ta HEMOJIIKU X METO/IiB, BAOKPEMIICHO IXHii MOTEHIIaN /ISl TOYHOTO Ta €(PEKTHBHOTO
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BUSIBIICHHS 00'€KTiB. J{1 MOPIBHSAHHS €(EeKTUBHOCTI BOX IIJXOIIB IO PO3Mi3HaBaHHS 00’€KTiB
Ha 300pa)XEHHSIX IIPOBEICHO CEpil0 eKCIIEPHMEHTIB i3 BU3HaUeHUM HabopoM 300paxkens. I1ig gac
eKCIIepUMEHTy BHOpaHO JeKinbka mapaMeTpiB Uil crocTepekeHHs. CroyaTtky OIiHEHO
mBuakoniro anroputMie SIFT, ORB, BRISK, FREAK na nHabOopi maHux, IpoaHaji30BaHO Ta
MOPIBHSHO KIJBKICTh OCOONMBHX TOYOK, 3HaliieHMX Ha 300pakeHi. CTBOpPEHO BIacHY
BUpIIANbHY GYHKIIIO I PO3Mi3HABaHHs 00 €KTIB Ha 300pa)KeHHI, BXiJHUMH JaHUMH VIS SKOT
OynM KOOpAWHATH OOpaHHX OCOOJIMBHX TOYOK. Takok CTBOpEHO MoAenb KiacugikaTopa, II0
0azyeThcsl Ha METOJI OIIOPHHUX BEKTOPIB i3 BUKOPHCTAHHSIM OCOONMBHUX TOYOK. J{JI HMOpIBHAHHS
pe3ynpTaTiB KiacudikaTopy Ha METOJI ONOPHHX BEKTOPIB HATPEHOBAHO MOJENb HEHPOHHOI
Mepexxi Ha oOpaHoMmy Habopi 300pakeHb. {1 edekTHBHOI penpe3eHTamii MOMXJIMBOCTEH
HEWPOHHOI Mepeki BHKOPHUCTAaHO 3 MOJENi 3 PIi3HUM pPO3MIpPOM Ta PIi3HOI KUIBKICTIO €moX
TpeHyBaHHs. 3Ba)KalOUM Ha Te, IO METOJ OMOPHUX BeKTOpiB (SVM) HanexuTh 0O MapagurMu
KOHTPOJIBOBAHOTO MAIIMHHOTO HaBYAaHHS, BCTAHOBJICHO DPI3HHIIO B €(EKTHBHICTH i IIBUIKICTH
pobort i3 Monensamu Helipomepexi YOLOVS, a Takox dac, MOTpiOHUI U1l HABYaHHS MOJIEINICH.

Kniouosi cnoga: KI0M0BI TOYKH, METO/ OMOPHUX BEKTOPiB, HelpoHHi mepexi, SIFT, ORB,
BRISK, FREAK, YOLOvV5
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