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This thesis investigates the use of Siamese neural networks in matching digital veneer sheet
images. It reviews the literature on the present use of SNNs in image analysis and their
effectiveness in capturing similarity. The thesis then presents an SNN model based on the
architecture proposed by Jalonen et al. (2021), using the publicly available Veneer21 dataset
(Jalonen, 2021), which consists of 2579 pairs of Dry and Wet veneer sheets. Compared to
the benchmark study by Jalonen et al. (2021), which employed an identical dataset and SNN
model, this thesis study realized an improved accuracy of 100%, surpassing the previous
study’s 84.93% with 50 pairs of veneer sheets. This improvement is primarily due to the
augmentation of the dataset in training and a reduction in dense layers in the architecture that
had previously resulted in overfitting. Results from this study will be vital in the development
and further research of product tracking, especially in the wood industry.
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1 INTRODUCTION

Tracking of physical products in industrial processes is a problem that has been studied for
decades. While many industries employ technologies like RFIDs, barcodes, and tags to track
their products the wood industry faces a predicament. Veneer sheets change during produc-
tion; they may develop defects and holes or even undergo alterations in color and size. This
poses dif culties when attempting to track and match them using conventional methods and
tools. Hence, this thesis centers on employing Siamese neural networks (SNNs) in matching
images of veneer sheets on the production line based on RGB imaging without prior physical
marking for identi cation. The proposed SNN model will take in as inputs digital images of
veneer sheets captured by cameras at both the beginning and end of the production line, and
then perform a similarity test on the pairs of images and output a probability of the inputs
being a matching pair.

1.1 Background and Motivation

On production lines that handle mass production, various challenges arise. These include
guaranteeing product quality, cost-effectiveness, and operational ef ciency. To curb such
challenges, many industries and factories have resorted to automating their production pro-
cesses, which later necessitates real-time product tracking and tracing on the production line.
Industry 4.0, is de ned by many scholars as a digital transformation of manufacturing, smart
manufacturing, and to some, a fourth industry revolution (Culot et al., 2020). One of the key
features of its emergence is the creation of highly automated industries, (Erboz, 2017) but
whatever its true description is, since its conceptualization it has led to the creation of smart
factories that utilize data from various types of computer vision mediums such as sensors,
cameras, robots, and drones to optimize the production line process. Computer vision is
a key component of smart manufacturing, that enables computers to retrieve, comprehend,
and analyze data from visual inputs (Bokhan, 2020). Computer vision applications have
been transforming business solutions across industries, in retail and inventory management,
predictive maintenance in manufacturing, and waste management. Also, evolving customer
trends such as customization of products, sustainability, Eco-conscious practices, augmented
and virtual reality, and advancements in arti cial intelligence have made computer vision
more competitive in manufacturing.

Computer vision allows for the real-time data extraction of images and videos collected by
xed cameras, robots, phones, and drones on the production line, stores, and warehouses;
and using machine learning algorithms, products are tracked, damages and deviations from
desired speci cation detected, analysis and forecasts done. Through this visual analysis, ir-
regularities in shape, color, texture, or size are done to make sure that the required standard



is met. This ability to perform precise visual analysis and inspection in real-time allows
manufacturers to detect potential aws early in the production process, reducing waste and
preventing faulty items from reaching customers(Thomas, 2023). By ensuring consistent
product quality, computer vision and machine learning algorithms enhance customer satis-
faction, brand reputation, and overall competitiveness.

Products have been identi ed and tracked on the production line, and Information is re-
trieved and processed in real-time (Makris, Michalos and Chryssolouris, 2012). With such
processes, operators know exactly at which stage of the production line the product is and in
which quality batch it has been stacked. A failure in traceability results in inef ciency in the
production and overall supply chain (Fernandez-Carames and Fraga-Lamas, 2018).

To this end, Barcodes have been widely used in grocery stores as they streamlined inven-
tory tracking and checkout times. QR codes on the other hand, a two-dimensional barcode;
a better alternative to the traditional Barcodes because of its bigger capacity to store more
data have been used mainly in the automotive, pharmaceutical, and aviation sectors (Moss,
Chakrabarti and Scott, 2013). Radio Frequency identi cation (RFID) and Direct Part Mark-
ing (DPM) have also been used in the tracking and identi cation of products. However, in
some industry domains, these methods have limitations that impede the full data retrieval
and thus fail the traceability of the products. For instance, the DPM methods can lead to
permanent damage to the products in the process reducing the product quality. Also, the
products on the production line go through different processes that may alter their shape and
temperature and, in the process, un-enabling the attached tags, markers, and labels. The other
limitation is the considerable nancial investment that makes these methods impractical for
large factories. RFIDs would require more than tags but also label printers and interrogators.
However, after all the investments, there is no guarantee that the labels will be operational in
the traceability and identi cation of the products.

In the wood industry, most especially the veneer and plywood production, another method
has been used in the traceability of sheets on the production line; Digital Imaging. Savolainen,(
2023) discusses that digital imaging has been employed to identify defects on the surfaces of
veneer sheets and categorize sheets into batches of the same grade. However, in this process,
a problem is created. The stacking of sheets in quality batches is simply one aspect of the
process. Jalonen et al. (2021, 2) emphasize that the stacking and batching procedure shuf es
the order of the veneer sheets, necessitating the use of a visual tracking method to match the
wet sheets and dried sheets at the end of the production line. In addition, the fact that the
sheets are in a natural state, their surfaces go through a mutation in terms of color change,
shrinking of size, and occurrence of defects like holes. This therefore creates a problem in
achieving the objective of effective traceability and matching of sheets along the production
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line and in their mutation process. This study therefore takes on a machine learning method
for the product traceability of the veneer sheets along the production process. It focuses on
the SNN for visual tracking and matching of veneer sheets on the production line.

1.2 Data and Methodology

The study makes use of the publicly available dataset Veneer21 (Jalonen, 2021). In it, are
5158 Veneer sheet images making 2579 pairs of wet and dry sheets. The original full-color
images before the drying process have a dimension of 3350 x 3360 and after the drying pro-
cess 4100 x 4100. They also contain a white background and on preprocessing, the images
are resized to a 224 x 224 dimension. The dataset (Veneer sheet pairs) is also randomly split
into training and testing sets that corresponded to 80% and 20% respectively.

The data used in this study was collected by a global market leader in the plywood and LVL
industries. The dataset is made available through:
https://github.com/TuomasJalonen/visual-product-tracking-system

This thesis study makes use of the SNN based system to capture images of the wet veneer
sheets at the start of the production line before they are processed and stacked into different
quality batches and then after the drying process. These two separate images are then fed
into the SNN to nd the exact match among the images. The images of Wet veneer sheets

are captured at the start of the production line and preprocessed. The sheets then go through
preprocessing, and then stacked. This process alters the order of these sheets. From the
drying process, the images of the dried sheets are also captured, they too are preprocessed.

The preprocessed images are passed on to the SNN whose architecture performs a similarity
test on the pairs of images and outputs a probability of the inputs being a pair.

1.3 Research Objective and Question
The thesis study will cover the following questions.

1. How have image matching tasks been implemented using the SNN in the past?

2. What is the optimal way and performance of SNN in matching the veneer sheets of the
Veneer21(Jalonen, 2021) dataset?
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1.4 Structure of the thesis study

This thesis study is comprised of six chapters. Chapter two, the Theoretical Background,
concentrates on the theoretical foundation of the SNN, examining the underlying structure
and principles that govern the SNN. Literature review, Chapter Three, is about other similar
studies that have been conducted on the use of SNN, and other machine learning techniques
that have been used in the visual tracking and marching of products on the production line.
This chapter is therefore critical in providing a knowledge foundation for the study while at
the same time highlighting gaps and limitations of previous studies.

The study continues with chapter Four, the Methodology. In this section, the study is detailed

in broader terms, where the speci ¢ approach and procedures, and mathematical model for-
mulation are discussed. This chapter serves as a map, to guide other researchers and read-
ers on how the results were obtained, validating the credibility of the study. Chapter ve
documents the results of the study and also details the performance of the proposed SNN
algorithm in matching the veneer sheets, giving meaning to the results, and highlighting the
problems encountered. Chapter Six summarises what has been covered and done in the study
and also recommends the areas that need further research and improvement.
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2 THEORETICAL BACKGROUND

A thorough understanding of how SNN works is essential to build and develop an effective
and ef cient SNN based visual image matching system. In this chapter, therefore, the basic
foundation and structure of the SNN were examined.

2.1 Siamese Neural Network

SNN belongs to a set of arti cial neural networks that are designed to primarily handle
similarity and pattern recognition tasks. The unique structure of the SNN is characterized
by the presence of two or more identical networks also known as Siamese twins, each with
the ability to capture patterns of an input vector. These networks are strategically based on
similarity functions that measure the differences between the pairs of inputs. This, therefore,
means, unlike the traditional neural networks that require large volumes of samples to train,
the SNN learns only the similarity function hence requiring minimal data samples.

Serrano & Bellogin (2023) discuss that these parallel networks joined at the output layer,

share the same set of weights and parameters, which aid in the symmetrical learning. This
weight tying ensures that the similar inputs do not get mapped to very different feature spaces
by each network since they have the same similarity function (Koch, Zemel and Salakhutdi-

nov, n.d). In this way, during the training process, the features extracted from the input pairs

in both networks are computed in parallel and at the same time, then the output is evaluated
for similarity (near to 0) or dissimilarity (near to 1) using the distance metrics.

SNN are categorized into two categories, Pair and triplet Networks. If the input being fed
into the SNN is a pair, then that is categorized as a twin Network and a triplet network if the
input is of three elements (Serrano & Bellogin, 2023).

With the twin network approach, illustrated in Figure 1, the inputs are fed into the network,
and then the system computes the similarity of the pairs based on a learned loss function. The
frequently used loss function for twin networks is the contrastive loss function which unlike
the Binary cross entropy is used to differentiate between input based on visual appearance not
classifying between classes (Raval, n.d). It is a distance-based loss function where similar
input elements have a minimal distance compared to a maximized distance for dissimilar
elements.
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The contrastive loss function is de ned below,

L=(1 Y)%(DW)2+(Y)%f max0;m DW)g? (1)

Where;

L is the contrastive loss

DW is the distance between the anchor and the positive or Negative Image

mis the margin used to determine the minimum distance between similar and dissimilar pair

Figure 1: Siamese Neural Network Structure, Twin Network

The triplet loss function on the other hand is used in the triplet network. Compared to
the twin, it gives a clearer picture of how similar an input is with respect to the others. It
takes in three inputs where it compares the similarity of the anchor input against two other
inputs, where one is from the same class, referred to as the “positive' and then the other, the
"Negative' from another class. The aim of this loss function therefore is to ensure that the
distance between the anchor and the positive, same class, is minimized whereas the distance
between the anchor and the Negative, of a different class is maximized. Figure 2 shows the
triplet network.
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LAPN)= maxif(A) f(P)jj* ji f(A) f(N)j*+a;0) (2)
Where;

L is the triplet loss

f(A) is the anchor image.
f(P) is the positive image.
f(N) is the negative image.

a is the margin, that stretches the distance between similar and dissimilar pairs.

Figure 2: Siamese Neural Network Structure, Triplets Network

If the condition given in Eq.2 is achieved, then the loss function is set to 0. However, if

otherwise, the function parameters and weights are updated until the violation of the margin
constraint is minimized.
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2.2 Image matching problem in data analytics

Image matching, a fundamental and crucial aspect of data analytics, particularly in the realm
of computer vision and machine learning (Jayanthi & Sreedevi, 2018), can extract, identify,
and link similarity between a set of images (Ma et al. 2021).

This technique has been used to nd similitude in a variety of applications such as facial
recognition, object detection, and image retrieval. Bellavia et al. (2022) argue that image
matching has also been used in photogrammetric applications where archaeologists have
compared and analyzed artefacts over time. Despite its importance, progress, and extensive
use, now on the production line to identify products, Image matching poses challenges both
on the practical and technical front (Bellavia et al. 2022).

Convolutional neural networks (CNNs), a type of deep neural network outstanding in han-
dling image classi cation, computer vision, and other machine learning tasks (Albawi, Mo-
hammed and Al-Zawi, 2017), are complex to apply to sparse point data for image matching
because it is hard to extract the spatial relationship from inputs using a deep convolutional
approach when the inputs to be matched are considered unstructured data. Ma et al. (2021)
continue that techniques, especially those that rely on pixel intensity similarity measure-
ments, are susceptible to illumination variations, and image distortion and need a signi cant
amount of processing power. It is also dif cult to identify and extract a large proportion

of features in the same position in a 3-D space to assure matchability using feature-based
approaches.
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3 LITERATURE REVIEW

Under this chapter the thesis study examines the application of the Siamese neural network
in image analysis. SNNs, which are part of the deep learning models have over time gained
signi cant popularity for their ability to capture correspondence in paired images, image
classi cation, and object tracking and detection. Mainly, peer-reviewed scienti ¢ papers
were used to get an understanding of how the SNNs have been used in past applications. The
Keywords that were used to nd relevant research papers incli&lathese Neural Networks
(SNNs), Image matching, Image recognition, Image similarity, and Image tracHihi
chapter will therefore review how SNNs have been used in other projects discussing their
success and overall impact on image analysis.

In a recent work by (Melekhov, Kannala and Rahtu, 2016), an image matching system is

proposed to handle image similarity tasks. The proposed system constitutes capturing cor-
respondence between a set of images from 5 different landmarks including the London Eye
(6856), San Marco (7580), Tate Modern (4583), Time Square (6361), and Trafalgar (6802).

This was achieved through the feature vectors obtained from neural networks that have been
learned through a contrastive loss function in a Siamese neural network. The SNN-based
system, was successful in image matching as through evaluation, mainly ROC, it had an

image matching accuracy of Tate Modern being 0.926, London Eye at 0.849, San Marco at
0.826, Time Square at 0.850, and Trafalgar at 0.857.

The objective of the study was to create a model to learn a similarity loss function for image
matching on a sHybrid CNN to accurately match images from a dataset of crowd-sourced
landmark images. sHybrid CNN is based on a Hybrid CNN that is AlexNet trained on a

combination of ImageNet and Places databases (Zhou et al. 2014).

The proposed system of Melekhov, Kannala and Rahtu, (2016) consists of three fully con-
nected layers with a total of 58 million parameters. The training dataset consists of images
from 4 landmarks and the remaining one for the test. For preprocessing, they converted the
RGB images into grayscale, performed normal orientation, and then resized images to 227 *
227 pixels without cropping.

The study of Melekhov, Kannala and Rahtu, (2016) therefore demonstrates the successful
application of SNN in image matching and retrieval tasks and its high accuracy predictions
underline SNN's potential in enhancing Image matching performance.
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Livieris et al.(2023) discuss the importance of Image similarity models in the real-world
setting and our everyday workings. Livieris et al.(2023) argue that the incorporation of sim-
ilarity models with image retrieval systems would not only enable users to retrieve relevant
images faster but also precisely. These models would also be employed in copyright in-
fringement efforts, in the medical realm mainly through diagnosis and pattern recognition
for abnormalities and the development of image search engines with reduced reliance on
text-based systems.

The study was motivated by the emergence of image-based applications and the actual need
for the incorporation of similarity models to these applications to navigate through the prob-
lem of clarity and inaccurate image matching and classi cation. (Livieris et al. 2023) pro-
pose an explainable image similarity model whose backbone is the SNN which according to
the study was viewed as effective and has been used in many image similarity models.

In the study (Livieris et al. 2023), the SNN is used to compute and determine the correspon-
dence between the paired input images by encoding them into xed-size feature vectors and
then evaluating the similarity deriving from distance metrics. The architecture adopted by
(Livieris et al. 2023) is two like networks with shared weights and pretrained ResNet50 for
feature extraction. It utilizes three different datasets to create real case scenarios. First is
a ower dataset containing 4242 images sized 320 by 320 grouped into ve. Skin Cancer
dataset of 1400 skin condition samples categorized as Malignant and Benign condition for
the same number. Then lastly the AirBnB dataset comprises 864 images of houses from
three cities.

The heterogeneity of the dataset was crucial in showing how the image similarity models
could be ef ciently utilized in image classi cations in varied scenarios and for each scenario,

80% was used for training the SNN while 20 was reserved for the testing. From the initial
prediction accuracy of 76% for the ower dataset, 78.1% for the skin cancer, and 51.6% for
the AirBnB, the model was netuned by applying cropping, especially on the ower dataset

which led to an improved prediction accuracy of 88%.

The SNNs were also employed by Wiggers et al. (2019) in their image retrieval and pattern
recognition in document image collection project. Their motive arises from the complexity
surrounding the automatic retrieval of digital images from a pool of digital information based
on their content. Wiggers et al.(2019) argue that despite the stride and progress made with
Content-Based Image Retrieval (CBIR) in which candidate images are matched based on
information or patterns available it quarried against it, it is limited in image retrieval in the
situation of lack of contextual information about the image in question. The variability in
scale, color, and patterns in these documents makes the task even more complex.
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Wiggers et al.(2019) therefore suggest a deep learning method that outmaneuvers manual
feature extraction and matching through learning a similarity-based function using a Siamese
Neural Network trained on an ImageNet data set. They use a publicly available Tobacco800
(Doermann, 2019) document image dataset. It is comprised of 1,290 document images, 412
with logo images, and 878 without. Structured with 8 layers with 5 convolutional layers and

3 fully connected layers, their neural network structure is based on an AlexNet architecture
that was proposed by Krizhevsky, Sutskever, and Hinton,(2017). With the image data set split
into training (70%) and testing (30%) subsets, they employ the Sigmoid Cross entropy loss
function whose objective is to reduce the difference of the probability distribution between
the predicted label and ground truth labels.

In the evaluation of the performance of the model, the proposed approach of the SNN based
model succeeds favorably in image retrieval and pattern recognition with an accuracy of

0.94 and 0.83 of Mean Average Precision (mAP) and generalizing well with new unseen

data (Doermann, 2019).

The medical industry has also exploited the image matching ability of the SNN. Huang et
al.(2023) highlight the challenges of medical image recognition, particularly in situations of
insuf cient data samples and thin differences in the images. In this regard, they introduce
a composite deep learning model combining an attention-based mechanism with a SNN to
address the problem at hand. Their model with shared weights to reduce over tting on small
samples was tested on COVID-19 lung samples and was successful in identifying small
sample sets and improved feature extraction.

In Huang et al.(2023) approach to building an attention-based neural network, they take
into consideration two classical neural networks for assessment; that is InceptionV3 and
Resnetl8. The data used is a COVID-19 Radiography dataset (Chowdhury et al. 2020).
While it's being actively updated, the database initially had 219 COVID-19, 1341 normal
lung, and 1345 Viral pneumonia images. The data set also exhibited an insuf ciency of data
samples during the initial stages of the outbreak. For the loss function, the contrastive loss
function was used in the model whose objective was to reduce the distance between similar
iImages and maximize it with dissimilar images. In the analysis and evaluation, the attention-
based Siamese composite neural network was prone to over tting, and improved feature
extraction, classi cation accuracy, and computational ef ciency even after being tested on a
small sample set of COVID-19 images.
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He et al.(2018) also discuss the use of the SNN in matching remote-sensing images with
complex background variations. The motivation for its use stems from the failure and unre-
liability of the traditional feature-based methods to accurately capture correspondence and
match images with complex backgrounds and variations. Their approach is based on a two-
layered convolutional Siamese neural network with identical weights that learns to differen-
tiate between similar and dissimilar images from a labeled training set. In the output layer
of their architecture, is a Sigmond function that computes the probability of the similarity
against the input pairs. They also use a Gaussian pyramid coupling quad-tree to ef ciently
aid the search of candidate images.

In evaluation, the proposed model had improved performance results in matching remote
sensing images with complex backgrounds compared to traditional methods. The Siamese
Neural Network based model proposed by He et al.(2018) can be considered a breakthrough
in image analysis especially in instances where images of the same area may differ due to
factors like seasonal changes, weather conditions, and time of day.

In another academic research study, Figueroa-Mata & Mata-Montero, (2020) attempt to solve
the taxonomy research problem using the Convolutional Siamese Network. Figueroa-Mata
and Mata-Montero (2020) acknowledge that despite the well-documented success of deep
learning techniques with scoring high prediction accuracies in various elds, itis still dif cult
when dealing with smaller datasets. They argue that in the realm of species identi cation, it's
challenging to collect, build, and maintain datasets of samples as it's a task that is expensive
to undertake and one that demands time. Therefore, they proposed a convolutional Siamese
network as a solution to complexities faced in applying deep learning techniques in scenarios
where datasets are limited, which are common in the domain of plant species identi cation
motivated this study.

Figueroa-Mata and Mata-Montero (2020) stress the siamese network-based approach as a
promising solution for plant species identi cation, particularly in tasks that have smaller
datasets. Their approach offers an alternative to traditional deep learning techniques by
leveraging the computation ability of the Siamese network to learn similarity easily to dif-
ferentiate between plant species. The Model is designed to learn to minimize the Euclidean
distance for similar pairs and maximize for dissimilar pairs.

The architecture used in the study features a twin network of input blocks with shared

weights, three convolutional blocks, global average pooling layers, and a fully connected

layer. The twin network design which converges at their outputs is a characteristic of Siamese
neural networks enabling them to easily compare inputs and determine similarity.



20

The training and Validation data used in the study were obtained from the FLAVIA dataset
which comprises 1907 images of 32 species sized as 1600 * 1200 pixels. Additionally,
20 randomly selected species from the CRLEAVES dataset were also used to augment the
training set. The model's overall performance was evaluated by comparing the convolu-
tional Siamese network with the traditional Convolutional Neural Network against the same
dataset, and from the results, the SNN-based model performed better than the traditional
convolutional Neural Network for datasets with less than 20 images per species. This com-
parison underscores SNN's effectiveness in plant species identi cation tasks.

In the manufacturing domain, the study of Jalonen et al.( 2021) that uses the same dataset
Veneer21 (Jalonen, 2021) as this thesis study proposes an SNN-based visual product track-
ing system that can effectively match products on a production line based on visual images
captured by cameras. The system tries to address the limitations of the existing traditional
tracking system that are unreliable and prone to failure with small visual and positional ap-
pearances in the products. They chose the SNN to address these drawbacks with an approach
that does not require any physical interference with the production line and manufacturing
process.

By leveraging the computational abilities of the SNN, Jalonen et al.(2021) proposed a sys-
tem that learns and adapts to random variations in products' physical appearances on the
production line, offering low-cost and non-intrusive solutions for product tracking in the
manufacturing environment.

The proposed approach of Jalonen et al.(2021) involves feeding the image input pairs; Image
A captured at the start of the production line and Image B captured after processing into
the SNN architecture. The pairs are then preprocessed, that is, resized and normalized to
a xed 224 x 224-pixel size. The VGG-16 (Simonyan and Zisserman, 2015) pretrained
with the ImageNet dataset is then used to extract features from the input pairs for pair-wise
probability computation. In the two-layered network structure, feature extraction takes place
in the ve convolutional sections, each containing two or three convolutional layers together
with a max-pooling layer. The extracted features are then attened and combined using the
dot product to calculate the pair-wise probabilities for the plywood tracking problem.

2579 image pairs of wet and dry veneers from the dataset Veneer21 (Jalonen, 2021) were
used. The images were captured by a high-resolution camera and manually labeled as match-
ing and non-matching. The data set was divided into training (80%) and testing (20%). The
performance of the proposed approach is evaluated in a realistic test scenario using two
ground decision rules: the Hungarian Decision rule and the Greedy Decision rule. Both
mathematical algorithms used in decision-making procedures, the Greedy rule, simple and
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intuitive chooses the best immediate option from among a set of alternatives at each step
without regard for the overall impact, thus, a good tool for real-time applications, and the
Hungarian decision rule, an optimal solution method, seeks the best match possible while
taking into account the overall impact of the decision. The predicted matches are compared
with the ground truth labels for the products and this process is repeated multiple times with
randomly created clusters. Through this evaluation, the proposed visual product tracking
system of (Jalonen et al., 2021) achieves a desirable accuracy of 98.54% in a real-world test
situation.

This method therefore offers a low-cost and non-intrusive solution for product tracking,
with potential applications beyond manufacturing environments. The thesis study therefore
adopts this method and strategy to implement an image tracking and matching system for
veneer sheets that is based on the SNN.

3.1 Summary of the Literature review

The reviewed research works of Melekhov, Kannala, and Rahtu, (2016), Wiggers et al.(2019),
Livieris et al. (2023), Huang et al.(2023), He, H. et al.(2018), Figueroa-Mata and Mata-
Montero, (2020) and Jalonen et al. (2021) collectively underline the growing consensus on
the effectiveness of the SNN in the realm of Image matching.

Melekhov, Kannala and Rahtu, (2016) reported an image matching accuracy of 0.926, 0.849,
0.826, 0.850 among the 4 landmark cities, Wiggers et al. (2019) achieved an accuracy of
0.94 in their image retrieval and patter recognition task, Jalonen et al. (2021) achieved
a 98.54% accuracy in a real-world test scenario. Additionally, Figueroa-Mata and Mata-

Montero, (2020) document that their SNN-based model outperformed the traditional neural
networks in the plant species identi cation study together demonstrating the SNN's capabil-

ity in image matching.

In the above discussed research works, the reliance on SNNs and their extensive application
across varied elds is well documented. In areas where data samples are insuf cient, hard,
and expensive to collect such as the medical and plant species identi cation sectors, SNN
has emerged as an effective tool. For instance, Huang et al.(2023), and Figueroa-Mata and
Mata-Montero, (2020) demonstrate the effectiveness of SNN in addressing the image match-
ing challenges in medical and plant species identi cation sectors respectively. Their works
punctuate the potential of SNN in performing with pristine accuracy in image matching tasks,
even in the absence of abundant data samples relevant in cases where precise discrimination
between closely related images is crucial.
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On the production line, particularly in wood processing, this study also reviewed the works
of Jalonen et al.( 2021) which highlighted the robustness of the SNN in the matching of
iImages of veneer sheets on the production line even when they undergo physical surface
changes such as developing hole and alterations in color in real-time.

The SNN application in the document image collection projects was also examined. Its
effectiveness in Image retrieval and pattern recognition tasks was highlighted in the works of
Wiggers et al.(2019). By leveraging the computation abilities of SNN, Wiggers et al.(2019)
overcame the limitations faced by CBIR Models and achieved high image matching accuracy
in their study advancing the frontiers of the image matching knowledge with SNN.

He, H. et al.(2018) also reported that their SNN-based model outperformed traditional meth-
ods in matching remote sensing images with complex background variation. Collectively,
these positive reviews highlight SNN's versatility and ef cacy across varied applications
reinforcing its signi cance in the eld of image matching.

However, the general idea of the success of the SNN in all these cases is heavily dependent
on several factors that are not limited to the complexities within the datasets, optimization
techniques, or the hypertuning parameters used in the training, and network architecture
used. The accuracy of these models also varies depending on the evaluation matrices used.
All this in uences the overall performance of the SNNs.

Over traditional approaches P ugfelder, (2018) discusses that SNNs are much simpler to use
and boost with a high computation ef ciency. He also emphasizes SNN's ability to learn
features and similarities directly from the data, providing a probability calculation for each
pair whose result can be comparable with other networks and easily understood by humans.
Similarly, Gleize et al. (2019) stress that the SNNs are ef cient and can unlike the traditional
approaches be updated in the image matching eld.

To further underscore the computational ef ciency of the SNN over traditional approaches
(Tao et al., 2021) point out its effectiveness in establishing associations between the paired
images. This comparative method from which it generates a correlation matrix is very signif-
icant in image matching. Additionally, its network architecture is designed to easily handle
variations in illuminations and scale within the images, addressing major challenges in image
matching.
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Table 1: Reviewed research works that applied SNN

Year Field and Title Author

2023 Application of attention-based Siamese composite neukilang, Z. et al
network in medical image recognition

2023 Explainable Image Similarity: Integrating Siamese Netwaorksvieris, |.E. et al.
and Grad-CAM

2021 Visual Product Tracking System Using Siamese Neural Né&lonen, T. et al
work

2020 Using a CSN for Image-Based Plant Species Identi catidfigueroa-Mata, G
with Small Dataset and Mata-Montero

E

2019 Image Retrieval and Pattern Spotting using Siamese Neuvdliggers, K.L. et al.
Network

2018 Matching of Remote Sensing Images with Complex Batke, H. et al.
ground Variations via Siamese CNN

2016 Siamese network features for image matching Melekhov, 1., Kan-

nala, J. and Rahtu,
E.
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4 DATA AND METHODOLOGY

4.1 Data Preprocessing.

The data that was used in this thesis study is a publicly available dataset, Veneer21 (Jalo-
nen, 2021). The dataset is comprised of 5158 veneer sheet images that are grouped into
categories- Dry and Wet; where the Dry represents the sheets that have gone through the
drying process, labeled Dry_0 to Dry_2578, and the wet, which represents the sheets that
are at the start of the production line, labeled Wet_0 to Wet_2578. The images in the Dry
Category are of size 4100 * 4100 at 9.4 MBs each while those in the Wet Category are 3300
* 3300 at 11.2 MBs each. Additionally, the sheets have a white background that runs all
sides of the images, with some bearing a significant red ink mark on them. Figures 3 and 4
illustrate a wet veneer sheet before and after data preprocessing and a veneer sheet through

a physical mutation respectively.

(a) (b)

Figure 3: Wet veneer sheet through data preprocessing. (a) with white background (b) resized
veneer sheet

It should be noted that during the initial data analysis phase, this study followed the method-
ology outlined in the benchmark study by Jalonen, T. et al. (2021). Among the 5158 veneer
images categorized into two conditions (Dry and Wet), 15 incorrect pairs (2321, 2278, 2486,
910, 2345, 163, 1954, 2569, 2092, 2022, 2131, 2276, 1889, 1890, and 374) and 4 defec-
tive images (2149, 1958, 2018, 712) were identified and it was deemed necessary to exclude

these images from further analysis in the thesis study.
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