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Convolutional neural networks have become a popular way to classify images in a variety 

of areas, for example, medicine or industry. Convolutional neural networks can assist 

specialists in giving analyses and increase production performance. This thesis is aimed at 

assisting with the case of a Finnish industrial sawmill, by applying methods that can improve 

performance of a convolutional neural network. The case involves classification of wood 

logs into “good” and “defective” ones by using their x-ray images. The goal is to improve 

the classification accuracy of a convolutional neural network. 

The thesis begins with an introduction, describing the motivation, methodology and research 

aims in more detail. Following that, a theoretical background is given, where key 

information about artificial neural networks is described. Next, an extensive literature review 

is carried out to determine key challenges researchers and practitioners faced in similar fields 

and with similar problems, and to pinpoint the most common methods to deal with these 

challenges. The reviewed fields include medicine, industry (most closely related to the case 

of this thesis) and miscellaneous applications, which dealt with issues like the researched 

case. Finally, the review is summed up, with the most common method of accuracy 

improvement being data preprocessing image augmentation and transfer learning.  

Data augmentation is applied to the real case convolutional neural network based on the 

AlexNet architecture. Overall, by applying this method, it was possible to improve the 

classification accuracy of the neural network from 80.65% to 89.13%, with a baseline dataset 

size of 306 images. The results concur with previous research (see, e.g., Heidari et al. 2020, 

X. Li et al. 2022 and J. Li et al. 2021.).  
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1  Introduction 

X-ray image recognition is a widely studied problem in various industries. The classification 

of images is used to assist in medicine by facilitating diagnosing, in industry by improving 

production efficiency, and other areas. In the recent years, neural networks of various types 

have become a popular way to realize image classification. In this thesis, a way to classify 

defective wood logs from x-ray images is being examined using convolutional neural 

network model. 

1.1  Background and motivation 

Image recognition using neural networks goes back to the 1990s. Some of the earliest 

attempts to analyze pixelated images were done by (LeCun et al. 1989), where the authors 

used convolutional neural networks with back propagation algorithms to recognize hand-

written digits (LeCun et al. 1989).  

Today, image recognition is used in various industries, for example: 

• medicine (e.g. to remove complex noise patterns from x-rays (Kang, Min, and Ye 

2017) and COVID-19 classification in x-rays (Asmaa, Abdelsamea, and Gaber 

2021)),  

• art (e.g. painting media classification (H. Yang and Min 2020) and video processing 

and restoration (Xiaoqin et al. 2022)),  

• and, more closely related to the topic of this thesis, industry (e.g. welding defect 

(Moyun et al. 2023) and casting defect (Jiang et al. 2021) classification and 

detection).  

One of the most common problems with classification is the accuracy. It is desirable to have 

as high of an accuracy as possible, while maintaining flexibility, that is, avoiding over-

fitting. However, there are a multitude of parameters and parts in neural network model 

development that can be tweaked to achieve desirable results. Therefore, it could be a 

challenge to quickly summarize possible solutions to improve model accuracy. Additionally, 

in literature on neural network models, researchers often focus on their own specific models 
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and parameters, which means that various ways to improve models are scattered across many 

articles. 

As such, the motivation for this thesis is to review the existing academic knowledge and to 

create a summary of ways to improve neural networks by gathering a variety of methods and 

techniques of neural network model accuracy improvement in a literature review. This will 

allow for a generalized outlook on model improvement methods. These methods are applied 

to a real-life model for defective wood log recognition.  

1.2  Data and methodology 

The data for this thesis consists of approximately 2100 x-ray images (of which only 306 

labelled images are used for training) of wooden logs from an operating sawmill. The logs 

are photographed sideways, exposing imperfections, such as branches or cracks and their 

qualities are decided accordingly. The images are greyscale, and are of varying resolutions, 

however, for the analysis they are pre-processed to a common resolution of 227x227 pixels. 

Examples of log images for either class are shown in Figure 1, and a more detailed 

description of the data is given in section 4.1.   

 
 

Figure 1. Images of a good-quality log (left) and a defective log (right) 

1.3  Aims and research questions 

For this thesis, the AlexNet neural network architecture is used, which is a convolutional 

neural network designed for image classification. The goal of this thesis is to understand 

different ways to improve the AlexNet neural network model accuracy, by modifying data 

preprocessing methods or adjusting the model structure and parameters. For this purpose, a 

literature review is made to bring together disparate streams of research (see, discussion 

(Webster and Watson 2002)). Based on the literature review, two image augmentation 
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methods of accuracy improvement are selected and applied for the x-ray image wood log 

recognition case.  

The research questions needed to reach the goal can be formulated in the following way: 

1. What methods and techniques have been used to improve neural network models’ 

accuracy in the literature and which of these seem to be the most effective for x-ray 

imaging? 

2. What is the effect of two image augmentation methods when implemented to wood 

log x-ray image analysis for the case data of 306 images? 

1.4  Structure of the thesis 

This thesis will start by providing a theoretical overview (section 2) of artificial neural 

networks (ANNs), their key characteristics and some contemporary techniques applied to 

ANNs. The following section 3 is an extensive literature review. The review will include 

articles where neural networks have been used to reach different goals. The types of neural 

networks, configurations of neural network models, and data pre-processing methods used 

in the articles will be examined. Following the review in section 4, the information from 

section 3 will be summarized and a visual representation in the form of matrix/table will be 

provided. Next, the results of applying techniques extracted from literature to a real-life 

project will be discussed. Finally, a conclusion on the effectiveness of described techniques 

and will propose further implications will be given. 
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2  Theoretical background 

Artificial neural networks are algorithms designed to take an available input data and provide 

an expected output. The inputs and outputs take form of numbers: a simple example 

regarding neural networks would be an array of numbers – greyscale value of every pixel in 

an image – given as an input, and an array of numbers – probabilities of an image belonging 

to each of several given classes – as an output. This way, by normalizing any given image 

to fit the input parameters, a researcher or a practitioner can pass the image through a neural 

network and obtain a quick classification result. 

2.1  Key characteristics 

Neural networks have two key components – neurons and weights. Neurons are the values 

– in an example mentioned above, every greyscale pixel value is a neuron. Similarly, 

probabilities for every class in an output are also neurons. Every earlier neuron is connected 

to every later neuron. How much an earlier neuron affects the value in a later neuron depends 

on the weight of the connection between them. A typical neural network structure consists 

of layers. Each layer represents a categorical step or a structure in the algorithm. This way, 

input array of greyscale values is an “input layer”, and class probabilities are an “output 

layer”. Some layers can describe sub-algorithms, such as convolutions (Mohit Sewak, Md. 

Rezaul Karim, and Pradeep Pujari 2018). 

As mentioned in the previous section, one of the early and very successful neural network 

applications was researched and written by (LeCun et al. 1989). In the article, the authors 

show how a neural network concept together with a backpropagation algorithm create a 

“learning” neural network. In general, this approach can be described as supervised learning. 

The neural network first goes through many training inputs that have correct class labels for 

them. Initially, the model will classify poorly, however, with more training inputs the 

algorithm will constantly adjust the weights (how much neurons in previous layers affect 

neurons in subsequent layers), thus improving classification accuracy.  
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2.2  Convolutions with neural networks 

As the computing power of hardware started to improve dramatically, artificial neural 

networks started to gain popularity. Although the core concepts were described back in the 

1980-1990s, newer algorithmic implementations started to appear, with new methods, 

configurations, and know-how. A very popular and widely applied contemporary network 

architecture – AlexNet – was proposed by (Krizhevsky, Sutskever, and Hinton 2012). The 

authors had to apply a neural network to an extremely large dataset of 15 million images 

(ImageNet) and the images in this dataset belonged to 1000 classes. To tackle the problem, 

the authors applied a convolutional neural network.  

A standout feature of this architecture are the convolutional layers, where the operation – 

convolution – applies a preset small 2D filter to every pixel of an original image, 

transforming it into a different image. An example of a convolution can be seen on Figure 

2. By the end of several convolutions, the resulting images will not resemble anything like 

an original image, however, they will contain information provided by applying the filters. 

The resulting images are called features, and the process is called feature extraction. Another 

typical classification problem that the authors faced was model overfitting. To reduce 

overfitting, the authors used a simple method – label-preserving data augmentation. The core 

idea is to change the images colour balance, scale, rotation, or any other parameter to create 

a relatively distinct image of the same original class. This enlarges the original dataset 

artificially and allows the model to train with better quality. Additionally, the authors used 

a “dropout” technique to further battle overfitting. Dropout is applied by setting output of 

each neuron to zero with a probability of 50%. This way, fewer neurons will participate in 

backpropagation and will influence consequent neurons less, reducing overfitting 

complexity of the model. 

 

Figure 2. A hand-written digit “7” after several convolutions, each picking out different 

features from the original image (Hao et al. 2022). 
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2.3  Residual learning 

Given how every transformation and array of neurons must be a separate layer, it is easy to 

see that with more complex models come more layers, that is, the networks become 

“deeper”. This could be problematic as with the transformations to initial information, the 

value of training may decrease, and the errors may increase. This problem is pointed out and 

addressed by (He et al. 2015). The authors approach this problem by hypothesizing that a 

layer approximates not a regular function, but a residual function instead. This way, the 

original function becomes a 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 + 𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦. Therefore, the authors hypothesize that 

by adding the identity neuron values to neuron values several layers after, the neural network 

will both keep the initial information and will be trained to recognize meaningful patterns. 

The steps of taking an input, passing it through several layers, and then adding the identity 

back again make up a so-called residual block. It is important for the residual block to have 

the same dimensions for both input and output. This technique is called residual learning and 

the particular architecture proposed by the authors obtained the name of ResNet. 

Convolutional neural networks (CNNs) became very popular in image recognition. The key 

elements of image recognition using CNNs are: 

1) feature extraction, which is done by applying convolutions to an original image and 

other convolution results, and 

2) data augmentation, which is done by applying scale, colour, contrast, rotation, and 

other changes to images in order to increase an often-limited dataset for better 

classification performance. 

As mentioned above, the key element of neural networks in general are the weights. They 

determine how values in neurons influence values in subsequent neurons. The main goal of 

training is to adjust the weights to get the most accurate results. This is also the most 

computationally intensive part of the process. To simplify the training process, it is possible 

to copy the weights from a network that was already trained by somebody else. For example, 

one can take weights from an AlexNet model that was trained on ImageNet meaning that also 

the input parameters will need to be the same as the original model. This process is called 

transfer learning, and it has become a nearly-default method to carry out CNN research along 

with data augmentation.   



13 

 

3  Literature review 

The literature review will focus on articles related to neural networks and image recognition 

(x-ray images or otherwise) in areas of medicine, industry, or any other area that applied 

relevant methods and technology. For every article, its main goal, methodology, data 

processing, neural network configurations and results (in terms of model accuracy 

improvement) will be explained. Finally, the methods and techniques for model accuracy 

improvement will be summarized into a table. 

3.1  Methodology  

The literature review was conducted online. The primary tool to find literature was LUT 

Primo, which provides access to electronic resources: articles, journals, textbooks and more. 

In turn, resources found via LUT Primo are uploaded online by publishers such as 

ScienceDirect, ProQuest, IEEE and others. Additionally, some sources were found using 

Google Scholar. The literature for this review needed to be as contemporary as possible, 

containing real, practical application examples and, ideally, novel and efficient solutions. 

The topics and areas of research needed to be relevant to the topic of this thesis, that is, 

containing classification of industrial defects (such as wood, welding), classifying via x-ray 

or computed tomography images, or modifying and improving performance of convolutional 

neural networks. Therefore, the focus in this review was on articles and conference papers, 

and sources like textbooks were excluded. The queries in LUT Primo were as follows: 

• Any field contains "convolutional neural network" AND Any field contains accuracy 

AND Any field contains "pre-process" OR "pre process" 

• Any field contains x-ray AND Any field contains "neural network" AND Any field 

contains "defect" 

• Any field contains x-ray AND Any field contains "neural network" AND Any field 

contains "accuracy improvement" 

• Any field contains "convolutional neural network" AND Any field contains 

"rectangular image" 
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The query in Google Scholar was the following: 

• Neural network accuracy improvement 

Initial query results contained over 100 results, however, many of those could be discarded 

immediately due to being completely unrelated to the subject at hand, having irrelevant 

methodologies or being very outdated. Finally, the choice was narrowed down to 20 sources 

that most closely address the relevant problems of the practical study in this thesis. 

3.2  Results of the Literature review 

Industrial applications 

Gao et al. (2021) used a deep neural network model to detect wood knot defects. The goal 

of the article was to propose and demonstrate the efficiency of a new ReSENet-18 neural 

network structure. They started by describing the data, which is: 448 wood knot defect 

images, where 7 different kinds of wood defects are present. The dataset was split as 6:2:2, 

referring to training, verification and testing respectively. Importantly, images were 

additionally pre-processed. In this stage, changes in angle of image, noise and tree species 

were simulated by rotating, mirroring images, adjusting image colour, and adding Gaussian 

noise effect. This amounted to 7 times increase in dataset size (from 448 to 3136). Following 

the pre-processing stage, the authors augmented an existing ResNet-18. This original model 

has 17 convolutional layers, a max-pooling layer, and a fully connected layer. To augment 

this, the authors added a “squeeze and excitation” (SE) basic block to the residual basic block 

of the network. Additionally, the authors introduced a transfer learning approach due to a 

limited size of the dataset. This was done by pre-training the network using ImageNet. To 

simplify classification and avoid overfitting, global average pooling (GAP) was used instead 

of a fully connected (FC) layer. GAP summarizes a whole feature map and provides a 

meaningful output, similar to an FC layer. Overall, the authors reached an impressive 

accuracy of classification at 99.02%. When compared to other models, their proposed model, 

ReSENet-18, performed better than LeNet-5, AlexNet, VGGNet-16, GoogLeNet and 

MobileNet V2. 

In a similar study Kiliç and Özcan (2023) applied an AlexNet network to process and classify 

images with wood defects. The purpose of this article was to focus on classification of perfect 
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wood surfaces from imperfect ones. Authors started with data description: the dataset has 

20276 images of wood surfaces, where only 1992 images contain perfect surfaces. The 

dataset was split as 70%, 15%, 15%, referring to training, verification and testing 

respectively. Additionally, the images were pre-processed using zooming, warping, and 

lighting augmentations. This allowed for more image diversification and the network 

training stage. The network model used in the article is AlexNet. It is a convolutional neural 

network that has 3 FC layers, 5 convolutional layers, 2 rectified linear unit (ReLU) activation 

layers, and 3 max-pooling layers. This architecture was improved using transfer learning 

approach. In the training stage, the authors introduced a variable – number of epochs: 25 and 

50. Overall, the authors reached an accuracy of, at most, 96.87%. This was reached in the 

experiment, where both data augmentation and a larger epoch size were used. Authors 

emphasized, that generally, in their study the accuracy improved with more epochs. 

Qi et al. (2010) utilized a Hopfield neural network in combination with mathematical 

morphology to detect edges of wood defects in x-ray images. The purpose was to introduce 

an optimized way to detect wood defect edges. Authors used a Hopfield neural network, 

which utilizes a recurrent connection of a single layer of neurons, where every neuron has 

connection to all other neurons, but not to itself. It is proposed to use the Hopfield network 

for edge detection in an x-ray image. However, first the edge detection had to be initiated 

using another method, like a Canny detector. As a final step, mathematical morphology 

erosion method was used to de-noise the image in areas near the defect. This produced an 

image with a clear and identifiable edge that the defect produced. Overall, the authors 

proposed a new combination of methods to process an x-ray image which produces an image 

with better feature standout than other edge detection methods, like Sobel, Roberts, Prewitt, 

Log and Canny operators. 

Ergun (2024) employed deep learning neural networks to identify wood type by microscopic 

images. The purpose of the article was to propose a lightweight neural network model that 

produces a level of accuracy comparable to larger, established models. The dataset for the 

study contained 800 images per each of the 10 wood species for a total of 8000 images for 

training and 2221 images for testing. For a neural network model, the author used a 

convolutional neural network that is pre-trained using ImageNet. However, to adjust this 

model to the task, the author replaced the last learnable and the last classification layers. In 

these layers, the weights are trained on the new dataset. The model itself was ShuffleNet, 
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which utilizes channel shuffle – a process of reshaping an output of one layer and feeding it 

into a next layer. This allowed the model to have fewer parameters and less computational 

power, while achieving better accuracy. To apply transfer learning to ShuffleNet, several 

models were used: RestNet18, GoogLeNet, VGG19, Inceptionv3, MobileNetv2, 

DenseNet201, InceptionResNetv2, EfficientNetb0 and unmodified ShuffleNet. Overall, the 

modified ShuffleNet performed better than 6 out of 9 other models. Additionally, the author 

suggested that model performance could be improved through different feature extraction 

methods, multi-task learning and large and diverse data sets. 

In their article, Norlander, Grahn, and Maki (2015) leveraged a convolutional neural network 

to detect wood defects in images of wood surfaces. The purpose of this article was to propose 

a new detector model that outperforms a histogram of oriented gradients (HOG) model with 

a kernel support-vector machine (SVM) classifier. The authors used a maximum F1 score of 

a model to compare the models. Additionally, the authors discussed the Kullback Liebler-

divergence (KL-divergence) changes during model fine-tuning. The data used by authors is 

a dataset of 3235 images with annotated wood knots and 918 annotated hard negatives. The 

data was split 60%, 40%, referring to training and test parts respectively. In the training 

stage, the authors used a pre-trained Caffe Reference ImageNet Model, which they modified, 

thus carrying out a transfer learning approach. The modification was as such: 2 last layers 

were replaced by 2 ReLU layers and 1 softmax layer. As a result, the model had 1 mean 

removal layer, 5 convolutional layers, 3 FC hidden layers and 1 FC softmax layer. 

Additionally, to test whether transfer learning played a significant role, another model was 

trained from scratch. Overall, the authors observed an increase in accuracy when using a 

model with transfer learning (about 91%) as compared to no transfer learning (about 88%). 

However, authors emphasized that KL-divergence worsened significantly in a pre-trained 

model, indicating overfitting. Authors noted that this could be corrected by applying 

probability calibration to the outputs. Finally, the proposed model indeed outperformed the 

HOG with SVM model, according to the F1 score metric.  

Khazem et al. (2023) used deep learning to detect semantic features in x-ray computed 

tomography images of trees. The purpose of this paper was to propose various effective 

methods of performing different tasks in semantic feature detection using convolutional 

neural networks. The dataset used in training had 2504 images of trees, and the data was 

split 90%, 10% for training and validation respectively. Additionally, the data was 
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augmented using shifting, scaling, color changes, flipping and rotations. The authors had 2 

objectives: tree center detection and tree contour detection. For the center detection, the 

baseline model used by the authors was ResNet34. Its hyperparameters were Adam 

optimization, 1e-3 learning rate, learning rate decay of 0.1, batch size of 256, 40 epochs and 

mixed precision training. Additionally, the model was pre-trained using ImageNet. For 

contour detection UNet was used as a model, with RMSprop optimization, 1e-3 learning rate 

with 0.1 learning rate decay, 0.9 momentum, 100 epochs and batch size of 8. For the 

performance metrics, the authors used mean absolute error (MAE) for center detection and 

mean Dice/F1 score for contour detection. Overall, the authors managed to reach 1.1px 

MAE, which was highest when all image augmentation methods were applied. The contour 

detection mean Dice/F1 score was 0.878, when flip and rotate augmentation were applied. 

In their study, Zhang et al. (2024) utilized a convolutional neural network to detect weld 

defects in x-ray images of welding seams. The purpose of the article was to propose an 

algorithm for defect detection and size measurement based on neural network self-

optimization and a strategy to figure out the best hyperparameters via adaptive optimization. 

The dataset consisted of 483 x-ray images of different kinds of welding defects, totaling 5 

defect categories. The authors used a YOLOv5 model as baseline, augmenting it with a deep 

feature extraction module (DFEM, based on VisionTransformer architecture and consisting 

of a convolutional layer, transformer layers and fusion layer), group convolutional space 

pyramid pooling module (GCSPPF), layer aggregation feature pyramid (ACEA-FPN) and a 

scale change adaptive detection head (SCA-Head). The authors also utilized a convolutional 

optimization algorithm (COA) and propose its improved version (HCOA) to apply the 

optimization to the CNN. This way, the authors managed to optimize 29 key 

hyperparameters, like initial learning rate, coefficient of weight decay, etc., including 

hyperparameters of image augmentation, like saturation and hue levels, translation and 

flipping values, etc. The model training was set with batch size 32 and an SGD optimization. 

The authors used a mAP@0.5 metric to measure the performance. Overall, the authors 

proposed method outperformed other tested models like Faster RCNN, Cascade RCNN, 

YOLOv7 and others and reached a mAP@0.5 value of 61.8%. 

Similarly to the previous article, Long-fei et al. (2021) applied a deep learning network to 

detect weld defects in x-ray images. The purpose of this article was to propose a neural 

network based on the principle of simulated visual perception. The training data consisted 
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of x-ray images of suspected defect regions (SDFs). The model was a convolutional neural 

network set up by the authors in a following way: input layer, 2 convolutional layers, 2 

pooling layers, 2 FC layers and an output layer. The training and forecast were carried out 

using TensorFlow in Python programming language. Overall, the authors’ model managed 

to reach accuracy rates of over 97% in 10 tests that the authors carried out. 

 

Medical field applications 

Heidari et al. (2020) leveraged several techniques to improve COVID-19 classification in x-

ray images. The purpose of this article was to improve the accuracy of a convolutional neural 

network that is used to classify COVID-19 cases in patients’ chest x-rays. The authors began 

with describing the dataset, which consists of 415 images with confirmed COVID-19, 5179 

images with pneumonia from other sources, and 2880 normal cases, split as 90%, 10%, 10%, 

referring to training, verification and testing respectively. The needed images (confirmed 

COVID-19) were low in numbers. To compensate for that, authors used flipping, shifting, 

zooming, and rotating to increase the image quantity. Additionally, a class weight technique 

was used to counteract the imbalance in images. The authors focused the improvement on 

classification towards data pre-processing. First, the unnecessary elements were removed 

from the image (in this case, the diaphragm, leaving only the lungs). Second, this altered 

image was de-noised using a bilateral low-pass filter. Third, the altered image from step 1 

was normalized in terms of contrast and brightness using a histogram equalization method. 

Although an initial x-ray started out as greyscale, these steps produced 3 images, which 

could be combined into a pseudo-3-channel image that could be fed into a neural network, 

suited to work with red-green-blue (RGB) images. The authors selected a VGG16 neural 

network architecture. It contains 13 convolutional layers, 5 max-pooling layers, and 3 FC 

layers. Additionally, they utilized a transfer learning approach, where the VGG16 was pre-

trained using ImageNet (ILSVRC specifically). The authors pointed out that during the 

training phase, there was a risk of partition bias. To reduce it, data partition and subsequent 

training, validation and testing were done 3 times. Overall, the authors emphasized that 

without using data augmentation the model accuracy is only 82.3%. Using only original x-

ray images with no pre-processing yielded 88.0% accuracy. Image pre-processing and 

pseudo-RGB filtering increased the accuracy up to 91.2%. Authors note that transfer 
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learning further improved the accuracy up to 94.5% when classifying all 3 classes, and up to 

98.1% when classifying COVID/non-COVID classes. 

In their study, Rahimzadeh and Attar (2020) employed a deep convolutional network to 

detect COVID-19 cases in x-ray images. The purpose of this article was to propose a way to 

improve COVID-19 classification using a neural network model based on 2 existing models. 

The dataset consisted of 180 images of COVID-19 cases, 6054 images of pneumonia cases 

and 8851 images of normal cases. The authors proposed a way to classify these cases by 

using 2 separate network architectures, Xception and ResNet50V2. The models were pre-

trained via ImageNet, therefore, transfer learning had been used. The models extracted 

features from the same datasets separately and in parallel, afterwards, the extracted features 

were concatenated, convoluted, flattened and classified in the following layers set up by the 

authors. To compensate for a significant imbalance in data (low number of COVID-19 x-

rays), the authors modified the training stage by doing it in 8 phases. During each phase, a 

small portion of pneumonia and normal x-rays were taken and used to train with all the 

COVID-19 x-rays. This way, the neural network trained using different non-COVID cases 

opposite COVID cases in a more proportionate ratio. The authors pointed out that this should 

improve the ability of the model to differentiate between COVID and non-COVID cases, 

which is the primary metric. Overall, the authors reached an impressive average accuracy of 

99.5%, with an 80.53% sensitivity for COVID cases.  

Sreelakshmi and Anoop (2023) used a neural network for classification in computed 

tomography images. The purpose of this paper was to propose a framework that combines 

enhanced feature extraction techniques with convolutional neural networks. The authors 

used a dataset of 3000 tomography images, splitting the data into 70%, 10%, 20%, referring 

to training, validation and testing respectively. The images were pre-processed with an 

adaptive median filter. Additionally, noise was removed, and contrast was improved for the 

dataset. Further, the images were passed through the particle swarm optimization (PSO) 

algorithm, which segmented lung areas from the image. Segmentation allowed the following 

convolutional network to train better by emphasizing regions of interest. Next, the images 

were passed into the convolutional neural network, which consisted of several convolutional 

layers and ReLU functions, followed by max-pooling layers, followed by several fully 

connected layers and finally, a classifier into 2 classes. Authors pointed out that the proposed 

model gave consistently good accuracy, precision and recall numbers and outperformed 
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several other models used in contemporary articles. Overall, the authors’ method reached 

98.91% accuracy, meanwhile other state-of-the-art networks were behind at 93%-97% 

accuracy. 

In an article by X. Li et al. (2022), several popular deep neural networks were exploited to 

classify lung disease. The purpose of the article was to propose a way to classify cross-

domain images without using data from the target domain. The authors used several datasets 

with chest x-rays (CXR), and the number of images totaled over 37000, split into 60% for 

training and 40% for testing. To make use of these datasets, the authors suggested 

implementing a feature-standardization block (FSB). This way, domain adaptation could be 

improved by making large numbers of varying images more like each other. In the pre-

processing stage, the brightness and contrast of images were adjusted. As part of the FSB, 

the authors used (1) a trainable image normalization block (INB), implemented like Unet, 

(2) a gray-level co-occurrence matrix (GLCM) to find most similar images, (3) contrast 

enhancement and (4) boundary detection. Before passing the images into the convolutional 

neural networks, they were also augmented using cropping, zooming, mirroring, and adding 

noise to increase the number of images. The authors used VGG-16, Xception and DenseNet 

to test the effects on 3 different architectures. The convolutional networks were trained using 

20 epochs, with 0.001 initial learning rate, 32 batch size and Adam optimization. The dataset 

for training was only from one source (26000 from 37000 images), other sources were used 

for testing only. The authors noted that using standardization methods improved 

performance in all networks, by 0.3% to 7%. Overall, the best model and standardization 

combinations managed to reach nearly 90% accuracy. 

Hussein et al. (2020) predicted seizure from electroencephalogram (EEG) images using a 

convolutional neural network. The purpose of this article was to propose a convolutional 

module that allows for classification between normal brain activity and pre-seizure brain 

activity in EEG images. The authors used data from American Epilepsy Society Seizure 

Prediction Challenge and the Melbourne University Seizure Prediction Challenge. The 

images were wide, with 100x6000 dimensions. To tackle the issue, the authors proposed a 

semi-diluted convolution, where for every pixel within a square kernel, a more spread-out 

kernel is applied. The model used by the authors consisted of three 3x3 semi-dilated 

convolutional blocks, three 5x5 semi-dilated convolutional blocks, 2 fully connected layers 

and a Sigmoid activation function. Some hyperparameters were Adam optimization and a 
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learning rate of 0.001. Overall, by applying semi-diluted kernels, the authors managed to 

achieve a seizure prediction sensitivity metric of 88.45%-89.52% in both datasets. 

Song et al. (2022) converted computed tomography images into ultrasound images to 

facilitate transfer learning in image classification. The purpose of this article was to propose 

a transfer learning technique that leverages cycle generative adversarial network 

(CycleGAN) to convert images from computed tomography into a transition dataset. This 

new dataset helped mitigate a low number of training images, and improved neural network 

performance. Afterwards, the authors pre-trained Unet, Ures, PSPNet and DeepLabV3+ on 

the transition dataset, and transferred the result onto real data. The real ultrasound dataset 

contained a total of 391 images, and the transition dataset contained 6078 images. To further 

test the performance, the authors carried out 5 experiments with different training 

techniques: (1) trained the model only on real data from scratch, (2) used breast ultrasound 

images for pre-training, (3) used kidney computed tomography images for pre-training, (4) 

used ImageNet for pre-training and (5) used CycleGAN converted images for pre-training. 

The hyperparameters for CycleGAN were as follows: generator and discriminator with 

normal distribution and Adam optimization, and for the convolutional networks: 0.1 learning 

rate, SGDM optimization, momentum term of 0.9, StepLR as a learning rate scheduler, 16 

batch size for pre-training and 8 on the real dataset, and 200 epochs. The authors used Dice 

Similarity Coefficient (DSC) as a performance measure. The proposed method outperformed 

the ImageNet pre-training in Ures and PSPNet networks and was comparable in DeepLab 

network. Overall, the authors noted that the improvement in performance is seem not only 

in segmentation accuracy, but also in generalization ability. 

In their study, Zhao et al. (2022) applied deep learning networks to classify pulmonary 

nodules in computed tomography images and tuberculosis in x-ray images. The purpose of 

the article was to propose a neuro-probabilistic reasoning algorithm for medical diagnosis. 

The data used contained a total of 2557 images for pulmonary nodules and 14200 images of 

CXR for tuberculosis diagnosis. The authors’ algorithm consisted of several stages: (1) 

Backbone – feature extraction using a convolutional neural network (ResNet and 

EfficientNet), (2) Reasoning – construction of marginal posterior distributions and enhanced 

features using a Bayesian network (BN) and graph convolutional network (GCN) 

respectively and (3) Second BN Module – to reinforce causality of a hybrid algorithm (i.e. 

BN+GCN). The authors noted that importantly, in the Reasoning stage the compatibility 
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between the BN and the neural parts of the hybrid network significantly affected overall 

performance. All models for nodule classification were trained for 160 epochs, with Adam 

optimization, 1e-3 initial learning rate with reduction by a factor of 10 every 30 epochs, 6 

batch size and weight decay at 1e-4. For tuberculosis classification, the Backbone stage 

models were pre-trained on ImageNet, with other hyperparameters being Adam 

optimization, initial learning rate at 1e-3, training for 60 epochs with learning rate reduction 

by a factor of 10 at 20 and 40 epochs, and 32 batch size. Overall, the authors managed to 

reach an accuracy 95.36% in nodule classification and a 97.13% accuracy in tuberculosis 

classification. 

Tanzi et al. (2020) employed deep learning to classify broken femur bones in x-ray images. 

The purpose of the article was to propose a convolutional neural networks solution for easier 

classification and diagnosis of bone fracture types. The dataset consisted of 2453 manually 

annotated images with bone fractures in proximal femur, split into 80%, 20% for training 

and testing respectively. The authors used a simple InceptionV3 network, pre-trained on 

ImageNet, with the softmax layer replaces to classify into 3 (unbroken, type A fracture, type 

B fracture) and 5 (unbroken, type A1 fracture, type A2 fracture, type A3 fracture, type B 

fracture) classes. The most performant configuration was: 32 batch size, Adam optimization, 

learning rate of 0.0001, 0.9 and 0.999 beta values respectively and 150 epoch via 

EarlyStopping with 10 epochs patience. VGG16 and ResNet50 networks were also tested but 

did not provide satisfying performance. The authors also experimented with a different 

approach: a cascading classification with several convolutional networks, starting with (1) 

classifying broken and unbroken, then (2) classifying broken bones into type A or type B 

fractures, and finally (3) classifying type A fractures into A1, A2 and A3 type fractures. 

Overall, for the standard classification method the authors reached an average accuracy of 

87% for 3-class classification and 78% accuracy for 5-class classification. For the cascading 

multistage method, the authors reached a 91% average accuracy for broken-unbroken 

classification, 87% average accuracy for A-B classification and 61% average accuracy for 

A1-A2-A3 classification. 

J. Li et al. (2021) used a convolutional neural network for diagnosis of COVID-19 cases in 

computed tomography and x-ray images. The purpose of the article was to provide a 

contrastive multi-task convolutional neural network (CMT-CNN), which is capable to 

mitigate variance in images (which happens due to rotations, zooming, noise, etc.) and 
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provide accurate classification. The tomography dataset contained a total of 4356 images of 

COVID, pneumonia and normal cases. The x-ray dataset consisted of a total 5821 images. 

The images are further augmented using a variety of methods: (1) Distortion – Hounsfield 

transformation, local pixel shuffling and Poisson noise, (2) Painting – in-painting and out-

painting, (3) Perspective – rotation and flip. Having clear categories of image augmentation 

allowed the authors to take advantage of a contrast learning technique, which is implemented 

into the convolutional networks. The authors used 3 popular networks: VGG19, ResNet50 

and EfficientNet. The models were trained with a learning rate of 1e-3, Adam optimization 

and batchsize 8 (tomography images) and 64 (x-ray images). Overall, the authors’ results 

show that EfficientNet was the most performant, reaching 93.46% accuracy in binary 

classification, and 91.45% accuracy in ternary classification for computed tomography 

images. For x-ray images, the accuracy was 97.23% (binary classification) and 93.49% 

(ternary classification). 

 

Miscellaneous applications 

Ismail et al. (2019) applied a convolutional neural network to classify images. The purpose 

of this article was to analyze the performance of a neural network classification by 

introducing various methods. The authors used a miniVGGNet convolutional neural network. 

This architecture has several convolutional layers followed by ReLU activation functions, 

with occasional dropouts, and it is finished with a softmax layer that classifies images into 

10 classes of animals and vehicles, such as airplane, cat, truck, etc. MiniVGGNet is based 

on a popular neural network VGGNet. The dataset was CIFAR-10, which has 60000 images, 

50000 of which were used for training and 10000 of which were used for testing. The 

baseline classification accuracy was near 80%. The authors used two methods to improve 

accuracy: batch normalization and learning rate decay. Batch normalization normalizes 

activations of a layer before moving the process to the next layer. Using this method, the 

authors managed to improve the accuracy by 2% from 80% to 82%. The second method: 

learning rate decay, mitigates the overfitting effect during the learning stage. The learning 

rate changes epoch-to-epoch, reducing loss and training time, and increasing accuracy. 

Using various learning rate decay values, the authors managed to achieve accuracies of 79% 

(0.25 decay), 81% (0.5 decay) and 83% (0.75%). Overall, the authors showed that 
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amplifying a convolutional neural network with batch normalization and learning rate decay 

factor improves classification accuracy. 

Addressing a similar classification problem, Badshah et al. (2019) leveraged a discriminative 

convolutional neural network for feature-based speech emotion classification in spectrogram 

images. The purpose of this article was to test the application of rectangular kernels during 

the convolutions. The dataset consisted of over 10000 spectrogram images that had a total 

of 7 emotion classes to be recognized. The data was split 75%, 25% for training and 

validation respectively. The model was based on AlexNet and was tuned to have 30 epochs, 

128 batch size, 0.01 learning rate with a decay factor of 1 every 10 epochs. The key challenge 

in this article is that the spectrograms have rectangular dimensions and are 16x256. They 

needed to be square for neural network input, and the authors resized the images to 256x256. 

However, to test how using a rectangular kernel, stride and maxpooling may affect 

classification performance, the authors did a test using both conventional square kernels and 

rectangular kernels. Overall, the results showed that for some classes, the square kernels did 

not manage to catch important features, resulting in poor accuracy. However, the rectangular 

method showed improvements for poorly classified classes, while maintaining a comparable 

or better performance with other classes. 

Abu Al-Haija (2022) employed a ShuffleNet network architecture to classify handwritten 

characters. The purpose of this article was to propose an accurate model based on ShuffleNet 

architecture for recognition of offline written (i.e. scanned from paper) letters of English 

alphabet and digits. The dataset for this model was taken from Intelligent System Group Lab 

dataset. The total training samples amounted to 3918, and total testing samples – to 690. The 

ShuffleNet model has several convolutional layers, a max-pooling layer, global-pooling layer 

and a FC layer. Additionally, ShuffleNet performs a channel shuffle, which cuts down on 

computing resources, while maintaining a good accuracy rate. In this study, transfer learning 

was utilized, and the ShuffleNet model was pre-trained. The network parameters and the 

output layer were fine-tuned to fit the study goal. Overall, the author’s model reached a high 

classification accuracy of 99.6%. Moreover, after comparison done by the author, it 

outperformed other models such as GoggLeNet, AlexNet, various SVM models and various 

Multi-Layer perception and feed-forward neural networks. 
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3.3  Analysis of review results 

The reviewed literature has many similarities between articles, in both issues that the authors 

had to deal with, and the methods by which they tackled the problems. As mentioned in 

section 3.1, the articles needed to be related to x-ray imaging, defect detection or 

convolutional neural network modifications and improvements. Therefore, the found articles 

were split into three major categories: industrial applications (containing methods to detect 

defects), medical field applications (containing classification using specifically x-ray, 

computed tomography and similar images) and miscellaneous applications (containing 

interesting and novel methods of classifications not directly related to x-rays or industrial 

defects). 

The most common issues when dealing with accurate image classification are the following: 

1. Small datasets. This directly affects how well the model can train and subsequently 

classify the required images. However, in rare cases too much data can also be 

detrimental, causing overfitting. 

2. Unbalanced data. This is caused by having too few representations of a certain class 

in comparison to other classes. As a result, the accuracy of classifying an 

underrepresented class is worse. 

3. Computing time and training complexity. With more complex network architectures 

and larger datasets comes longer computing time for training. This is a disadvantage 

since most efficient hardware for network training is not always available. 

To tackle these problems, the most commonly used solutions are the following (respective 

to the relevant issue): 

1. Data augmentation during pre-processing stage. This is done by taking the images, 

and applying flipping, rotating, color and contrast changes, noise application and 

scaling. The method allows to quickly expand the dataset for training, since the labels 

are already known for augmented images. This method has improved classification 

accuracy in several papers and provides a good boost for a low effort. It is used 

almost as a default, whenever the dataset is not too large. 

2. Similarly to the previous solution, data augmentation can be applied to only the 

underrepresented class. 
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3. Transfer learning can be applied to simplify network training. In this case, most of 

the computing work is already done, and it only remains to fine-tune the model to 

the required data. This method additionally helps with problem (1), by already having 

been trained on most common examples from large datasets. 

These are not the only solutions to the described issues. In some cases, the ways to solve 

these issues will be tied to the tool available at hand. As such, small dataset size can be 

mitigated by generating a transitional dataset that looks like images from a required small 

dataset, out of a large dataset of images obtained in a different way (Song et al. 2022). 

Underrepresentation in classes can be mitigated by training the network in stages, taking the 

full underrepresented dataset together with only a part of overrepresented class at each stage, 

thus balancing out the training at each stage (Rahimzadeh and Attar 2020). The 

computational time can be reduced by using smaller, lighter and newer convolutional neural 

network architectures (Abu Al-Haija 2022; Ismail et al. 2019). 

Some issues are fairly specific and don’t occur very often. In case of the practical study for 

this thesis, as well as for some authors in researched literature, the images that need to be 

classified have rectangular dimensions. This poses a problem, since, most commonly, neural 

network architectures are designed to work with square dimensions, square kernels for 

convolutions, etc. It is possible to resize the image to fit an already accepted format. This is 

an advantage since it allows to use a pre-trained model (transfer learning). However, there 

is a disadvantage: squeezing the image to size results in a loss of information. This particular 

problem can be solved by modifying the architecture of the network: either by applying 

rectangular kernels, strides and maxpooling in rectangular areas (Badshah et al. 2019) or 

using a method called semi-dilated convolution (Hussein et al. 2020). 
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Table 1. Literature review summary table. Large version in Appendix 1-3. 

 

№ Year Author Dataset Method Standout features Available hyperparameters Findings

1 2021 Gao et al.
448 images of wood 

knot defects

ReSENet-18 

(proposed by 

authors), transfer 

learning

Squeeze and Excitation basic 

block added to residual basic 

block

Learning rate 1e-4, 128 batch size, 200 epochs

Great accuracy (99.02%), outperforming 

other models like LeNet-5, AlexNet, 

VGGNet-16, GoogLeNet, MobileNetV2

2 2023
Kiliç and 

Özcan

20276 images of 

wood surfaces with 

and without defects

AlexNet, transfer 

learning, image 

augmentation

Experimentation with image 

augmentation and training epochs 

number

Experiments with 25 and 50 epochs

Data augmentation and epoch number 

increase improve accuracy, reaching 

96.87%

3 2010 Qi et al.
Wood defect x-ray 

images

Hopfield neural 

network

Defect detection using edge 

detection methods. De-noising 

using mathematical morphology

-

Clear image with standing out edge 

features, better than other methods like 

Sobel, Roberts, Prewitt, Log and Canny

4 2024 Ergun

10221 images of 

microscopic wood 

surfaces of different 

species

ShuffleNet, transfer 

learning

Fine tuning is done through last 

learnable and last classification 

layer replacements

64 batch size

Compared to ResNetV2, EfficientNetb0, 

GoogLeNet, VGG19, Inceptionv3, 

MobileNetv2, DenseNet201, 

InceptionResNetb0, unmodified 

ShuffleNet, author's model outperformed 6 

out of 9 models

5 2015

Norlander

, Grahn, 

and Maki 

4153 images of 

wood knots and 

clear wood surfaces

Caffe Reference 

ImageNet, transfer 

learning

Model modification by replacing 

last 2 layers with 2 ReLU layers 

and 1 softmax layer

Learning rate 0.001, 0.9 momentum, 50% 

dropout for 1st FC layer, 80% dropout for 2nd 

and 3rd FC layers

Transfer learning increases accuracy, but 

also introduces overfitting. Can be 

potentially mitigated by applying probability 

calibration to the outputs

6 2023
Khazem 

et al.

2504 x-ray 

computed 

tomography images 

of trees

ResNet34, Unet, 

data augmentation, 

transfer learning

Usage of data augmentation 

methods to expand the training 

dataset, usage of different CNN 

architectures for two different 

tasks

Center detection: Adam optimization, 1e-3 

learning rate, 0.1 learning rate decay, 256 batch 

size, 40 epochs. Contour detection: RMSprop 

optimization, 1e-3 learning rate, 0.1 learning 

rate decay, 0.9 momentum, 100 epoch,8 batch 

size

The applied neural networks and 

hyperparameters allowed for good 

performance in center detection with 1.1px 

mean absolute error and good contour 

detection performance with 0.878 mean 

Dice/F1 score

7 2024
Zhang et 

al.

483 x-ray images of 

welding defects, 5 

categories total

YOLOv5 model

Convolution optimization 

algorithm (HCOA) used to obtain 

the best hyperparameters. The 

CNN model was augmented with 

DFEM, GCSPPF, ACEA-FPN 

and SCA-Head

32 batch size, SGD optimization

With a mAP@0.5 metric at 61.8%, the 

authors' model outperformed Faster 

RCNN, Cascade RCNN, YOLOv7 and 

other models

8 2021
Long-fei 

et al.

X-ray images of 

suspected weld 

defect regions

CNN
Trainings and forecast done 

through TensorFlow in Python

Learning rate 0.01, batch size 64, 20 epochs, 

Adam optimization
Authors' model reached 97% accuracy

9 2020
Heidari et 

al.

8474 x-ray images 

of COVID-19, 

pneumonia and 

normal cases

VGG16, transfer 

learning, image 

augmentation

Image filtering to create pseudo-3-

channel image for a CNN input

Learning rate 1e-5, batch size 4, 200 epochs, 

learning rate decy factor of 0.8 every 5 epochs, 

Adam optimization

Data augmentation, 3-channel filtering and 

transfer learning all improve accuracy for 

an approximate total of 12%

10 2020

Rahimzad

eh and 

Attar

15085 x-ray images 

of COVID-19, 

pneumonia and 

normal cases

Xception, 

ResNet50V2, 

transfer learning

Usage of 2 CNNs in parallel, 

followed by proposed 

concatenation, convolution, 

flattening and classification of 

their outputs

Learning rate 1e-4, 20 batch size, 100 epochs 

for each of the 8 training phases, Nadam 

optimization

Taking smaller portions of different classes 

to counteract imbalance in data can help 

with accuracy. Average accuracy reached 

by authors' method was 99.5%

11 2023

Sreelaksh

mi and 

Anoop

3000 computed 

tomography images

CNN, image pre-

processing

Noise in images was removed, 

and image contrast was 

improved. Images were passed 

through a PSO algorithm

-
Authors' model reached 98.91% accuracy, 

outperforming state-of-the-art models

12 2022
X. Li et 

al.

37000 images of 

chest x-rays of 

healthy patients and 

patients with lung 

disease

VGG16, Xception, 

DenseNet, image 

augmentation

Images were taken from different 

dataset, but standardized using 

authors' proposed method: 

Feature Standardization Block 

(FSB)

20 epochs, 0.001 initial learning rate, 32 batch 

size, Adam optimization

Using the proposed FSB, the accuracy of 

model improved by anywhere from 0.3% 

to 7%. The best model reached nearly 90% 

accuracy

13 2020
Hussein 

et al.

Electroencephalogra

m images of brain 

activity

CNN

Application of semi-dilated 

convolutional kernels to process 

wide rectangular images

Adam optimization, 0.001 learning rate

The semi-dilated convolution approach 

allowed the prediction sensitivity to reach 

up to 89.52%

14 2022
Song et 

al.

391 ultrasound 

images of kidneys, 

6078 computed 

tomography images 

of kidneys 

converted into a 

transition dataset

Unet, Ures, 

PSPNet, 

DeepLabV3+, 

transfer learning

Conversion of tomography 

images to ultrasound images via 

Cycle Generative Adversarial 

Network (CycleGAN). This 

produces a large transition dataset 

for training

200 epochs, 16 batch size (pretraining), 8 batch 

size (real dataset), 0.1 initial learning rate, 

momentum term 0.9, StepLR learning rate 

scheduler, SGDM optimization

Authors' method improved segmetation 

accuracy and model generalization ability. 

The proposed method outperformed 

ImageNet pre-trained Ures and PSPNet 

networks and was comparable to DeepLab 

network

15 2022
Zhao et 

al.

2557 images of 

pulmonary nodules, 

14200 images of 

chest x-ray images 

for tuberculosis 

diagnosis

ResNet, 

EfficientNet

Construction of marginal 

posterior distributions using 

Bayesian Network and enhanced 

feature extraction using Graph 

Convolutional Network, 

improving classification process

Nodule diagnosis: 160 epochs, 1e-3 learning 

rate, 6 batch size, Adam optimization. 

Tuberculosis diagnosis: 60 epochs, 1e-3 learning 

rate, 32 batch size, Adam optimization

Authors' method reached 95.36% accuracy 

in nodule classification and 97.13% 

accuracy in tuberculosis classification

16 2020
Tanzi et 

al.

2453 x-ray images 

with femur bone 

fractures and 

healthy femur bones

InceptionV3, 

VGG16, ResNet50, 

transfer learning

Along with conventional 

classificaition, a cascading 

approach was used: classifying 

types in several stages using 

differently trained networks

150 epochs (EarlyStopping, 10 epoch patience), 

0.0001 learning rate, 0.9 and 0.999 beta values 

respectively, 32 batch size, Adam optimization

Regular method: 87% accuracy for 3 

classes, 78% accuracy for 5 classes. 

Cascading method: 91% accuracy at stage 

1 (2 classes), 87% accuracy at stage 2 (2 

classes), 61% accuracy at stage 3 (3 

classes)

17 2021 J. Li et al.

4356 computed 

tomography and 

5821 x-ray images 

of COVID-19, 

pneumonia and 

normal cases

VGG19, ResNet50, 

EfficientNet, image 

augmentation

Contrastive learning was used to 

augment selected CNNs. 

Additionally, images were 

augmented using distortion, 

painting and perspective methods

1e-3 learning rate, Adam optimization, 8 batch 

size (tomography images), 64 batch size (x-ray 

images)

EfficientNet had the best accuracy: 93.46% 

(tomography, 2 classes), 91.45% 

(tomography, 3 classes), 97.23% (x-ray, 2 

classes), 93.49% (x-ray, 3 classes)

18 2019
Ismail et 

al.

60000 images of 

various aminals and 

vehicles

miniVGGNet

Improved accuracy and reduced 

overfitting using batch 

normalization and learning rate 

decay factor

-

Classification accuracy improves with 

bigger learning rate decay factors. Applying 

batch normalization also improves 

accuracy by a small amount

19 2019
Badshah 

et al.

10500 spectogram 

images of speech

AlexNet, transfer 

learning

Application of rectangular 

kernels, strides and maxpooling 

within rectangular regions

30 epochs, 128 batch size, 0.01 learning rate, 

learning rate decay factor of 1 every 10 epochs

Usage of rectangular kernels allowed for 

better classification accuracy in more 

complex classes, while retaining high 

accuracy in simpler ones

20 2022
Abu Al-

Haija

4608 images of 

handwritten 

characters: digits 

and letters of the 

English alphabet

ShuffleNet, transfer 

learning

Fine tuning is done through 

classification layer and model 

parameters

Learning rate 0.01, momentum 0.9, batch size 

16, shuffle every epoch, 30 epochs, SGDM 

optimization

With an accuracy of 99.6%, ShuffleNet 

outperformed GoogLeNet, AlexNet, 

various SVM models and various Multi-

Layer perception and feed-forward neural 

networks
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The reviewed literature has been summarized in Table 1. It contains key information: the 

datasets used in the articles, baseline methods used for classification, standout features that 

set the particular articles apart from others, hyperparameters of convolutional neural 

networks (if provided by the authors) and the findings derived from the experimentations. A 

larger table in better resolution can be found in Appendix 1-3. 
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4  Empirical results 

This section contains information about the empirical part of the thesis. The following 

subsections will describe how the CNN is set up: what is the baseline model, the 

hyperparameters, and the data, and how the CNN was modified considering findings from 

section 3: what methods for accuracy improvement were chosen, applied and how they 

affected the model performance. 

4.1  Convolutional neural network model description 

The convolutional neural network in this study is based on AlexNet. The network takes in a 

227x227 pixel greyscale image and outputs a classification into one of two classes (good-

quality or defective wood log). To classify logs into defective and good, a convolutional 

neural network is used. To train the network, the ~80% of the data is used. The other ~20% 

of the data is used for accuracy verification. There are 306 labelled logs, equal parts defective 

and good-quality.  

Several convolutional layers are used and the activation function throughout the network is 

Rectified Linear Unit (ReLU). The process from the input to the output is done in main 4 

stages: feature extraction (via convolutions and maxpooling), average pooling, flattening and 

classification. A detailed diagram of the network architecture can be found in Figure 3. 

 

Figure 3. Architecture of the convolutional neural network. 
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The hyperparameters that the experiment was carried out with were as follows: Adam 

optimization, 50 epochs, 1e-4 initial learning rate. Additionally, the AlexNet model was not 

trained fully from scratch, instead, pre-trained coefficients (from ImageNet training) were 

used as initial weight values. During training on the wood log dataset, all weights were 

trained fully, with no frozen or added layers. The only modifications were a switch to 

greyscale input rather than a 3-color RGB input, and the output classification into two 

classes. 

4.2  Experimental results 

The experiment took place in two stages. In the first stage, the model was trained and tested 

using only the original dataset images. In the second stage, the images were additionally 

augmented to expand the dataset, after which the model was trained and tested too. 

First stage 

The training set consisted of 244 labelled images. The images were normalized using the 

mean and standard deviation. During the training, the train loss was decreasing, reaching 4e-

5 by the final 50th epoch. The graph of the train loss during the epochs is plotted in Figure 4. 

The testing was conducted over 62 labelled images. The network gave 50 correct predictions, 

resulting in an 80.65% accuracy of the CNN. The accuracy is based off a single testing 

iteration. 

Second stage 

According to the results of the literature review, e.g. Heidari et al. 2020; X. Li et al. 2022; J. 

Li et al. 2021, one of the most common and potentially effective way to improve model 

accuracy is to apply image augmentation to the dataset. Given that the dataset for this 

experiment is limited to a relatively small number of images, this method can help. The 

dataset has 50% representation for each of the two classes, so class disbalance is not a 

problem.  

Two image augmentation methods were chosen: horizontal and vertical flipping, as those 

methods are easy to implement, preserve the labels on individual data images and potentially 

provide a boost to classification accuracy. For every image, a horizontally and vertically 
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flipped copy was created. This was done via PyTorch methods RandomHorizontalFlip and 

RandomVerticalFlip with a probability of 1 (p=1). This way, meaningful diversity can be 

introduced into the dataset with already known labels. By applying these data augmentations, 

the dataset was expanded from 306 images to 918 images. The images were normalized 

using the same mean and standard deviation as in the previous experiment stage.  

Afterwards, the dataset was split like in the previous stage, 80% for training and 20% for 

testing. During the training, the train loss was decreasing, reaching practically zero by the 

final 50th epoch. The graph of the train loss during the epochs is plotted in Figure 4. Out of 

the 184 testing images, the model correctly labelled 164, resulting in an 89.13% accuracy 

of the CNN. The accuracy is based off a single testing iteration. 

  

Figure 4. Train loss during CNN training process in the first stage with 306 non-augmented 

images (left) and the second stage with 918 images produced via augmentation (right) 

4.3  Results Analysis 

Key takeaway from this experiment is that, when applied to a small initial dataset, data 

augmentation provides an improvement to classification accuracy. The performance was 

improved due to training the model on a larger dataset with meaningfully augmented images 

that still retained their labels and similarity to the original dataset. Dataset size is important 

to performance: as Song et al. 2022 point out, a small dataset can negatively influence 

classification accuracy, and therefore, it’s important to increase the dataset by means of 

image augmentation, synthesis or acquisition of additional samples. 

Similar results can be found in articles by Heidari et al. 2020; X. Li et al. 2022; J. Li et al. 

2021, where the authors note that the accuracy in their experiments improved via application 

of various methods, including data augmentation in all three articles. Generally, data 



32 

 

augmentation was used in most of the reviewed articles, suggesting that the technique is 

relatively effective and easy to implement.  
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5  Conclusion and discussion 

In this thesis, convolutional neural network classification accuracy improvement was 

attempted by applying a data augmentation technique derived from the literature review to a 

neural network. A literature review was conducted including twenty recent articles, mainly 

from medical and industrial fields. The problem of insufficient data was dealt within this 

thesis by data augmentation. An AlexNet architecture convolutional neural network was 

utilized in a two-stage experiment – first, without the data augmentation and second, with 

data augmentation (horizontal and vertical flipping). The classification results showed that 

CNN without augmentation was 80.65% accurate, while a CNN with augmentation was 

89.13% accurate. Similar finding were also reviewed in recent articles (Heidari et al. 2020; 

X. Li et al. 2022; J. Li et al. 2021) 

5.1  Answering the research questions 

To answer the first research question on methods of accuracy improvement, accuracy of 

CNN models was improved by a variety of ways, including data preprocessing methods, 

model hyperparameter tweaks and model architecture modifications. The most common and 

effective methods were data augmentation and transfer learning. 

As for the second research question about application of two data augmentation methods to 

a real case, in the case of wood log classification using x-ray images, implementing one of 

the accuracy improvement methods: image augmentation using horizontal and vertical 

flipping, it was possible to improve classification accuracy by 8.48% points compared to the 

case without the augmentation. 

5.2  Verification and validation 

However, some limitations and considerations also exist. First, the dataset was augmented 

before splitting the data. Although the augmentation was not strongly transformative (just 

flipping, no color changes or rotations), the testing images, ultimately, were similar to 
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training images. This means that the model accuracy might not be entirely representative of 

how the model will perform on future unlabeled unmodified data. Secondly, the 

classification accuracy was improved due to expansion of the training dataset. However, that 

could bring in a problem of overfitting. The AlexNet architecture combats this using the 

dropout method during model training, however, potential overfitting is still worth 

considering. Finally, the model accuracy testing was done only in one iteration per each 

experiment stage. This suggests that the accuracy number, although based on 62 and 184 

testing images respectively for each experiment stage, may not be as robust as an accuracy, 

if it was an average of several testing iterations. 

5.3  Future Research 

The future research may focus on confirming the effectiveness of data augmentation in 

different areas, such as medicine and general image recognition. Additionally, different 

ANN architectures can be tested, since the architecture also affects performance accuracy 

(in the reviewed literature, some models performed better than others: Ergun 2024; Song et 

al. 2022; Abu Al-Haija 2022).  

In this thesis, only a small number of data augmentation methods was used. In future 

research, more data augmentation methods, such as painting, rotating, color, brightness and 

contrast adjustments (J. Li et al. 2021) can be experimented on. Moreover, other common 

accuracy improvement techniques’ effectiveness, such as that of transfer learning, could be 

tested. 
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Appendix 1. Literature review summary table (sources 1-6 out of 20) 

  

№ Year Author Dataset Method Standout features Available hyperparameters Findings

1 2021 Gao et al.
448 images of wood 

knot defects

ReSENet-18 

(proposed by 

authors), transfer 

learning

Squeeze and Excitation basic 

block added to residual basic 

block

Learning rate 1e-4, 128 batch size, 200 epochs

Great accuracy (99.02%), outperforming 

other models like LeNet-5, AlexNet, 

VGGNet-16, GoogLeNet, MobileNetV2

2 2023
Kiliç and 

Özcan

20276 images of 

wood surfaces with 

and without defects

AlexNet, transfer 

learning, image 

augmentation

Experimentation with image 

augmentation and training epochs 

number

Experiments with 25 and 50 epochs

Data augmentation and epoch number 

increase improve accuracy, reaching 

96.87%

3 2010 Qi et al.
Wood defect x-ray 

images

Hopfield neural 

network

Defect detection using edge 

detection methods. De-noising 

using mathematical morphology

-

Clear image with standing out edge 

features, better than other methods like 

Sobel, Roberts, Prewitt, Log and Canny

4 2024 Ergun

10221 images of 

microscopic wood 

surfaces of different 

species

ShuffleNet, transfer 

learning

Fine tuning is done through last 

learnable and last classification 

layer replacements

64 batch size

Compared to ResNetV2, EfficientNetb0, 

GoogLeNet, VGG19, Inceptionv3, 

MobileNetv2, DenseNet201, 

InceptionResNetb0, unmodified 

ShuffleNet, author's model outperformed 6 

out of 9 models

5 2015

Norlander

, Grahn, 

and Maki 

4153 images of 

wood knots and 

clear wood surfaces

Caffe Reference 

ImageNet, transfer 

learning

Model modification by replacing 

last 2 layers with 2 ReLU layers 

and 1 softmax layer

Learning rate 0.001, 0.9 momentum, 50% 

dropout for 1st FC layer, 80% dropout for 2nd 

and 3rd FC layers

Transfer learning increases accuracy, but 

also introduces overfitting. Can be 

potentially mitigated by applying probability 

calibration to the outputs

6 2023
Khazem 

et al.

2504 x-ray 

computed 

tomography images 

of trees

ResNet34, Unet, 

data augmentation, 

transfer learning

Usage of data augmentation 

methods to expand the training 

dataset, usage of different CNN 

architectures for two different 

tasks

Center detection: Adam optimization, 1e-3 

learning rate, 0.1 learning rate decay, 256 batch 

size, 40 epochs. Contour detection: RMSprop 

optimization, 1e-3 learning rate, 0.1 learning 

rate decay, 0.9 momentum, 100 epoch,8 batch 

size

The applied neural networks and 

hyperparameters allowed for good 

performance in center detection with 1.1px 

mean absolute error and good contour 

detection performance with 0.878 mean 

Dice/F1 score



 

Appendix 2. Literature review summary table (sources 7-13 out of 20) 

  

№ Year Author Dataset Method Standout features Available hyperparameters Findings

7 2024
Zhang et 

al.

483 x-ray images of 

welding defects, 5 

categories total

YOLOv5 model

Convolution optimization 

algorithm (HCOA) used to obtain 

the best hyperparameters. The 

CNN model was augmented with 

DFEM, GCSPPF, ACEA-FPN 

and SCA-Head

32 batch size, SGD optimization

With a mAP@0.5 metric at 61.8%, the 

authors' model outperformed Faster 

RCNN, Cascade RCNN, YOLOv7 and 

other models

8 2021
Long-fei 

et al.

X-ray images of 

suspected weld 

defect regions

CNN
Trainings and forecast done 

through TensorFlow in Python

Learning rate 0.01, batch size 64, 20 epochs, 

Adam optimization
Authors' model reached 97% accuracy

9 2020
Heidari et 

al.

8474 x-ray images 

of COVID-19, 

pneumonia and 

normal cases

VGG16, transfer 

learning, image 

augmentation

Image filtering to create pseudo-3-

channel image for a CNN input

Learning rate 1e-5, batch size 4, 200 epochs, 

learning rate decy factor of 0.8 every 5 epochs, 

Adam optimization

Data augmentation, 3-channel filtering and 

transfer learning all improve accuracy for 

an approximate total of 12%

10 2020

Rahimzad

eh and 

Attar

15085 x-ray images 

of COVID-19, 

pneumonia and 

normal cases

Xception, 

ResNet50V2, 

transfer learning

Usage of 2 CNNs in parallel, 

followed by proposed 

concatenation, convolution, 

flattening and classification of 

their outputs

Learning rate 1e-4, 20 batch size, 100 epochs 

for each of the 8 training phases, Nadam 

optimization

Taking smaller portions of different classes 

to counteract imbalance in data can help 

with accuracy. Average accuracy reached 

by authors' method was 99.5%

11 2023

Sreelaksh

mi and 

Anoop

3000 computed 

tomography images

CNN, image pre-

processing

Noise in images was removed, 

and image contrast was 

improved. Images were passed 

through a PSO algorithm

-
Authors' model reached 98.91% accuracy, 

outperforming state-of-the-art models

12 2022
X. Li et 

al.

37000 images of 

chest x-rays of 

healthy patients and 

patients with lung 

disease

VGG16, Xception, 

DenseNet, image 

augmentation

Images were taken from different 

dataset, but standardized using 

authors' proposed method: 

Feature Standardization Block 

(FSB)

20 epochs, 0.001 initial learning rate, 32 batch 

size, Adam optimization

Using the proposed FSB, the accuracy of 

model improved by anywhere from 0.3% 

to 7%. The best model reached nearly 90% 

accuracy

13 2020
Hussein 

et al.

Electroencephalogra

m images of brain 

activity

CNN

Application of semi-dilated 

convolutional kernels to process 

wide rectangular images

Adam optimization, 0.001 learning rate

The semi-dilated convolution approach 

allowed the prediction sensitivity to reach 

up to 89.52%



 

Appendix 3. Literature review summary table (sources 14-20 out of 20) 

 

№ Year Author Dataset Method Standout features Available hyperparameters Findings

14 2022
Song et 

al.

391 ultrasound 

images of kidneys, 

6078 computed 

tomography images 

of kidneys 

converted into a 

transition dataset

Unet, Ures, 

PSPNet, 

DeepLabV3+, 

transfer learning

Conversion of tomography 

images to ultrasound images via 

Cycle Generative Adversarial 

Network (CycleGAN). This 

produces a large transition dataset 

for training

200 epochs, 16 batch size (pretraining), 8 batch 

size (real dataset), 0.1 initial learning rate, 

momentum term 0.9, StepLR learning rate 

scheduler, SGDM optimization

Authors' method improved segmetation 

accuracy and model generalization ability. 

The proposed method outperformed 

ImageNet pre-trained Ures and PSPNet 

networks and was comparable to DeepLab 

network

15 2022
Zhao et 

al.

2557 images of 

pulmonary nodules, 

14200 images of 

chest x-ray images 

for tuberculosis 

diagnosis

ResNet, 

EfficientNet

Construction of marginal 

posterior distributions using 

Bayesian Network and enhanced 

feature extraction using Graph 

Convolutional Network, 

improving classification process

Nodule diagnosis: 160 epochs, 1e-3 learning 

rate, 6 batch size, Adam optimization. 

Tuberculosis diagnosis: 60 epochs, 1e-3 learning 

rate, 32 batch size, Adam optimization

Authors' method reached 95.36% accuracy 

in nodule classification and 97.13% 

accuracy in tuberculosis classification

16 2020
Tanzi et 

al.

2453 x-ray images 

with femur bone 

fractures and 

healthy femur bones

InceptionV3, 

VGG16, ResNet50, 

transfer learning

Along with conventional 

classificaition, a cascading 

approach was used: classifying 

types in several stages using 

differently trained networks

150 epochs (EarlyStopping, 10 epoch patience), 

0.0001 learning rate, 0.9 and 0.999 beta values 

respectively, 32 batch size, Adam optimization

Regular method: 87% accuracy for 3 

classes, 78% accuracy for 5 classes. 

Cascading method: 91% accuracy at stage 

1 (2 classes), 87% accuracy at stage 2 (2 

classes), 61% accuracy at stage 3 (3 

classes)

17 2021 J. Li et al.

4356 computed 

tomography and 

5821 x-ray images 

of COVID-19, 

pneumonia and 

normal cases

VGG19, ResNet50, 

EfficientNet, image 

augmentation

Contrastive learning was used to 

augment selected CNNs. 

Additionally, images were 

augmented using distortion, 

painting and perspective methods

1e-3 learning rate, Adam optimization, 8 batch 

size (tomography images), 64 batch size (x-ray 

images)

EfficientNet had the best accuracy: 93.46% 

(tomography, 2 classes), 91.45% 

(tomography, 3 classes), 97.23% (x-ray, 2 

classes), 93.49% (x-ray, 3 classes)

18 2019
Ismail et 

al.

60000 images of 

various aminals and 

vehicles

miniVGGNet

Improved accuracy and reduced 

overfitting using batch 

normalization and learning rate 

decay factor

-

Classification accuracy improves with 

bigger learning rate decay factors. Applying 

batch normalization also improves 

accuracy by a small amount

19 2019
Badshah 

et al.

10500 spectogram 

images of speech

AlexNet, transfer 

learning

Application of rectangular 

kernels, strides and maxpooling 

within rectangular regions

30 epochs, 128 batch size, 0.01 learning rate, 

learning rate decay factor of 1 every 10 epochs

Usage of rectangular kernels allowed for 

better classification accuracy in more 

complex classes, while retaining high 

accuracy in simpler ones

20 2022
Abu Al-

Haija

4608 images of 

handwritten 

characters: digits 

and letters of the 

English alphabet

ShuffleNet, transfer 

learning

Fine tuning is done through 

classification layer and model 

parameters

Learning rate 0.01, momentum 0.9, batch size 

16, shuffle every epoch, 30 epochs, SGDM 

optimization

With an accuracy of 99.6%, ShuffleNet 

outperformed GoogLeNet, AlexNet, 

various SVM models and various Multi-

Layer perception and feed-forward neural 

networks



 

Appendix 4. Classification results, first stage of the experiment, 62 images. Every image is labelled with a given classification, blue text means a 

correct classification, red text means a mistaken classification. 

 

  



 

Appendix 5. Classification results, second stage of the experiment, 1-70 out of 191 images. Every image is labelled with a given classification, blue 

text means a correct classification, red text means a mistaken classification. 

 

  



 

Appendix 6. Classification results, second stage of the experiment, 71-140 out of 191 images. Every image is labelled with a given classification, 

blue text means a correct classification, red text means a mistaken classification. 

 

  



 

Appendix 7. Classification results, second stage of the experiment, 141-191 out of 191 images. Every image is labelled with a given classification, 

blue text means a correct classification, red text means a mistaken classification. 

 


