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[bookmark: _Toc92459189]Abstract
Current methods for inputting Hieroglyphs into a computer are slow and may have compatibility issues with current hardware.  This work investigates the different methods to improve the quality of Egyptian hieroglyph character recognition.
Information gathered in the literature review outlines current research in Optical Character Recognition (OCR) and how well it can read the different languages and how it can be adapted for hieroglyphs. A range of topics covering Machine Learning and how they could be used for classification of different hieroglyphs is discussed. 
The overall aim of this research was to generate software that can successfully recognise images of hieroglyphs. This involved the application of character recognition using the deep learning method of Convolutional Neural Networks (CNN). This project used an Adaptive Feature Driven Development agile methodology to develop the final software.  A baseline model was developed to assess and analyse a dataset consisting of multiple images of 85 different hieroglyphs. These images needed to be pre-processed and sorted before applying the model to test images. Code was written to find the optimal model that efficiently identified the parameters that were needed in the model. This process identified four parameters for evaluation, they were: optimisers, number of dense layers, activation functions and number of hidden layers. To find the best combination of these parameters, Tensorboard (a collection of Python libraries to use alongside TensorFlow and Keras) was used for analysing the models’ efficiency and accuracy as well as the model loss and validation graphs. 
The overall result was a piece of software that successfully identified 10 different hieroglyphs. 
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[bookmark: _Toc92459190]1 – Introduction
The author has chosen to do this research as previously the author worked on deep learning for a third-year project, which was to create a registration system using facial recognition. Currently it is a difficult and slow process to enter hieroglyphs into a document. This is done by using hieroglyph look up lists and then importing them into a document. As there are many more Egyptian hieroglyphs than there are keyboard keys, it makes sense to use a more efficient method. The aim of this project is to use character recognition, to significantly improve the process. 
[bookmark: _Toc92459191]1.1 – Scope of the research 
In this project, the author looks at the current research and literature to determine ways of identifying hieroglyphs and looking at the current research that uses scanning technologies to identify hieroglyphs. The project is to look at producing software to recognise hieroglyphs using machine learning techniques. This system replaces software like Jsesh, a manual process of storing and recording hieroglyphs in a file. Some current issues can arise when using these systems; currently, with the state-of-the-art technologies of machine learning, certain methods can be used to recognise hieroglyphs such as Google creating the project called Fabricus. These methods can include machine learning libraries such as convolutional neural networks. In this report, the author finds and discusses the methods used to identify hieroglyphs in classification. 
Character recognition is important as it is used for transforming printed material into digital text files. An example of transforming written texts into digital text is OCR, this can be a method of improving accessibility for people. 
Egyptian text is generally regarded as highly important as it was a primary means of communication and recording of information on for example, religion and government of the Egyptian era, a key period in human history. With these hieroglyphs Egyptians were able to tell stories of ancient Egyptian life, hence the importance of preserving and understanding this language. 
The introduction of character recognition for Egyptian hieroglyphs could eliminate manual data entry using contemporary software, replacing it with software that can automatically recognise hieroglyphs creating improved productivity for the user. 

[bookmark: _Toc92459192][bookmark: _Hlk88381779]1.2 – Aim
To create an application to recognise hieroglyphics using machine learning techniques and store the hieroglyphics in a text form in a database. 
[bookmark: _Toc92459193]1.3 – Objectives
· To investigate current machine learning state of the art technologies used to recognise hieroglyphics.
· To investigate the different methods used for object recognition and machine learning techniques such as convolutional neural networks. 
· Design a piece of software that can classify different Hieroglyphs
· To analyse how successful the models are recognising the hieroglyphs and analyse the system's accuracy. 
· To recommend a suitable model based on the accuracy results 


[bookmark: _Toc92459194]2 – Literature Review
[bookmark: _Toc92459195]2.1 – Introduction
In this project, the author investigates different character recognition methods that could read and convert the hieroglyphs into Unicode to allow the user to copy the characters. This project looks at a small sample set of hieroglyphs to be scanned and classified to store in a text file. 
[bookmark: _Toc92459196]2.2 – History of Ancient Egypt 
It is essential to preserve history to understand the Egyptian culture in the times. People who lived in Egyptian times thought it was an essential and reliable way of recording information to communicate with regions. The hieroglyphs allowed the government to share information with the people. These Egyptian hieroglyphs help us to understand and learn about society and the culture and how they lived their lives, additionally, these hieroglyphs would have been able to tell stories of how the Egyptians worked and lived. Hieroglyphs are a visual system to write information using symbols. 
[bookmark: _Toc92459197]2.2.1 – Hieroglyph History
[image: A picture containing text, old, building material, stone

Description automatically generated]Hieroglyphs were often carved onto a stone and then painted. They are found on papyrus which is an early form of paper. Hieroglyphs are dated from around the 4th millennium BC [1]. With the discovery of the Rosetta Stone in 1799, hieroglyphs could be translated. The stone was found by members of the Napoleon army [2]. On the stone, there were three types of inscriptions, including Hieroglyphs, Demotic and Ancient Greek. Before the Rosetta stone, historians thought hieroglyphs were artforms rather than a language of the times. There are two types of hieroglyphs, Ideograms and phonograms [3]. Ideograms are concepts with meaning, and phonograms are symbols that represent a particular sound. Hieroglyphs are segregated into four main categories; alphabetic, syllabic, word and determinative [4]. If hieroglyphs are encased in an oblong, this indicates a pharaoh’s name. They can be read in both directions. This will need to be taken into consideration when using character recognition. There are also some cases where the scripters ran out of room to carve the hieroglyphs shown in Figure 1, where the characters run on to a second line (top left).  [bookmark: _Ref92392043][bookmark: _Toc92280365][bookmark: _Toc92459683]Figure 1 - Example of stone with hieroglyphs - [2]

In Egypt, there have been many objects and monuments that have been covered in writing and are important to preserve. There have been means to preserve the accidental discovery of the Rosetta stone [5]. 
Some sections of material in this report were previously submitted in the project proposal [6].
	Gardiner No.
	Hieroglyphs
	Description 
	Details 

	A1
	𓀀
	Seated man
	Det. of man, names; Pronoun1st sing. i, wi, ink, kwi. “I,” “me,” “my.”

	A2
	𓀁
	Man with hand to mouth
	Det. of eat, drink, speak, think

	A3
	𓀂
	Man sitting on heel
	Det. of sit.

	A4
	𓀃
	Man with arms raised
	Det. adoration, hide

	A5
	𓀄
	Man hiding
	Det. hide


[bookmark: _Ref91945604][bookmark: _Toc92455669]Table 1 First five Egyptian Hieroglyphs of the Gardiner’s code sign list

Currently, there are over 8000 known different Egyptian hieroglyphs looking at the Gardiner sign code list shown in Table 1 [7]. In the Gardiner subset of common signs, there are 763 different Egyptian Hieroglyphs. The Gardiner sign code list is an important reference to study Egyptian hieroglyphs and only lists the common forms of Egyptian hieroglyphs, in which they are assigned a letter to correspond to a group. 
[bookmark: _Toc92459198]2.3 – History of character recognition
Optical character recognition (OCR) can be used for reducing the labour cost and to save many hours of employees. OCR can be considered to solve a key component, but OCR can still be a problem for handwriting character recognition and Hieroglyphs. For handwriting there are many different variants, and this is the same for Egyptian Hieroglyphs 
[bookmark: _Toc92459199]2.4– Current Technologies for working on Hieroglyphs 
There are different kinds of software that are used to store hieroglyphs. These software’s include Jsesh [8], Fabricus[9] and winglyph [10]. 
[bookmark: _Toc92459200]2.4.1 - Jsesh
JSesh is a piece of software that the user can search for the type of hieroglyph to manually place in a text file. However, this can be a lengthy process for the individual to enter the hieroglyphs in a text file. With this software, the user can copy and paste the Unicode into a document. This process can become time consuming, as the user will have to look through the whole Gardiner’s code sign list to find image shown in Figure 2[8]. 
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Description automatically generated]
[bookmark: _Ref92392001][bookmark: _Toc92459684]Figure 2 - Jsesh Software [8] 
[bookmark: _Toc92459201]2.4.2 – Fabricus 
[image: A picture containing letter

Description automatically generated]There are currently many pieces of commercial software available that can be used to store the hieroglyphs or convert them from a picture. For example, there is a piece of software from Google called Fabricus which uses machine learning to recognise a drawing that the user draws and shows a similarity check to what has been drawn by the user.  This is seen as a semi-automated process. Figure 3 shows an example of a user drawing a water wave and then outputting a result. This will then be saved into a document, but it is quite a lengthy process. 
[bookmark: _Ref92392079][bookmark: _Toc92280367][bookmark: _Toc92459685]Figure 3 - Google Fabricus project – [9]


[bookmark: _Toc92459202]2.4.3 – WinGlyph
[image: Graphical user interface, application

Description automatically generated]WinGlyph is the preferable method for scanning Egyptian hieroglyphs and printing hieroglyphic text. This software was developed by the university of Utrecht, Department of Religion. Winglyph is a specialist tool for processing hieroglyphic text on a computer. An example of it is shown in Figure 4.
There are currently some issues with this software regarding the compatibility of using the software on modern operating systems. [bookmark: _Ref92392210][bookmark: _Toc92280368][bookmark: _Toc92459686]Figure 4 - WinGlyph Software

From all the editors that are used for hieroglyphic texts, WinGlyph seems to be the favourite among people who use them. Maravelia thinks that Jsesh is not as productive and intuitive as Winglyph[10].
[bookmark: _Toc92459203]2.5 – Deep learning
There are three main sections in deep learning supervised, semi-supervised and unsupervised learning. Supervised learning uses label data to help classify patterns. These are only really used when the subject matter is unsure of the common properties. There are multiple different types of machine learning systems that can be useful for classifying broad objects together based on specific criteria. Machine learning algorithms are based on whether the algorithms are trained with human supervision. Supervised, and unsupervised learning show how much supervision they get while being trained. Appendix A shows classification for emails. There are many real-world examples that use machine learning. These examples include the alpha go which was developed by Google [11]. Deep learning methods require a higher performance pc compared to machine learning. There are some differences between deep learning and machine learning. Deep learning requires many parameters and mean that it can take some time to train the network. With image recognition the computer has to identify and categorise different elements in an image. 
Text recognition in an image could have numerous functional applications such as helping and giving assistance to visually impaired people, for recognition of vehicle licence plates and evaluating street signs. Machine learning can be used to accomplish a task like this.
Finding a text in an image can be more difficult as the detector must find the edges to the boundaries that contain all of text within an image.
[bookmark: _Toc92459204]2.5.1 – Machine Learning Algorithms
There are many machine learning algorithms that could be suitable for object recognition. Some examples include convolutional neural network (CNN), you only look once (YOLO), and Recurrent Neural Networks (RNN). These are some examples of machine learning algorithms that could be suitable for character recognition[12]. Machine learning looks at structured data that is labelled so that it can make predictions from the data [13]. 
[image: Body text - Wikipedia]Image classification is the simplest form of machine learning algorithms for computer vision. There are several kinds of image classification. One is CNN classification, and another is K-nearest neighbour algorithm. With binary classification you can check for a single class within a given image and get a result based on the type of object in the image. When analysing an image OCR could solve a problem in recognising text in an image. However, with OCR there are some challenges that arise such as having complex background, common knowledge, lighting, and geometric distortions in an image. OCR is great when the images contain dense texts as shown in Figure 5 [14].[bookmark: _Ref92392945][bookmark: _Toc92280369][bookmark: _Toc92459687]Figure 5: Book containing dense text


There are many different types of machine learning algorithms. Looking at the current research determines the most suitable for the project.
Supervised learning is a type of machine learning method which looks at the methods for mapping inputs to an output.  It is generally defined by using a labelled dataset that is fed into a model. Then it adjusts the weights accordingly until the model is fitted appropriately. Image and object recognition can be used for location and to categorize objects in an image. Supervised learning can offer some insights. When training a supervised learning model this can take time to learn when there is a large amount of images [11]. 
Unsupervised learning uses a labelled dataset that can be used for clustering. Unsupervised learning is when the algorithm figures out the training on its own [15]. The algorithms will try and cluster data into the different groups to correlate the data this usually works by creating or finding patterns [12]. This is probably not a suitable methods for recognising hieroglyph because the dataset is already labelled [16][17] . 
There is also semi supervised learning if you want the best of both world as it uses the combination of both labelled and unlabelled data in the training data. 
Reinforcement learning has also been used in Multi-Lingual Optical Character Recognition System where a new framework is proposed for recognising a mixture of  English, Chinese and/or Korean languages with some success [18]. There are some other deep learning methods used for recognising Handwritten Devanagari Script [19] with some success. 
2.5.1.1 - Convolutional neural networks (CNN)
Before it is possible to use a machine learning algorithm there are several steps to properly process an image before placing it through a convolutional neural network. Convolutional neural networks are a way of analysing visual data in an image. Convolutional neural networks consists of an architecture that contains an input layer, hidden layers and an output layer in a feedforward network [11] .
[image: Image Recognition with Deep Learning and Neural Networks | AltexSoft]
[bookmark: _Ref91962141][bookmark: _Toc92459688]Figure 6 - Convolutional Neural Network architecture [20]
Figure 6 shows a typical architecture for a convolutional neural network which is a feedforward neural network [20]. CNNs use a 2D convolutional layer. This type of network is most ideal for processing and classifying images. CNNs have a multilayer of perceptron. Convolutional neural network is used for deep learning methods which are becoming dominant in computer vision tasks. There are several different potential uses for CNN for recognising some texts. This can include the detection of Spam and Non-spam emails in Chinese character classification [21] and can be used for handwritten character recognition using convolutional networks [22]. In the research there has also been use of long short-term memory neural networks.
Artificial intelligence uses a network of systems with nodes that are connected to each other to represent a neural network of brains. These networks can be used to solve problems mathematically.
2.5.1.2 - Recurrent neural networks – RNN
Recurrent neural networks are of a similar construction to convolutional neural networks however RNN remembers the previous input it received. This means that the recurrent neural network has an internal memory so that you can predict what is coming next fairly accurately [23]. Recurrent neural network is a type of artificial neural network that uses sequential data and these deep learning algorithms are commonly used for natural language processing speech recognition and image captioning. This is similar to convolutional neural networks. Recurrent neural networks are used in speech recognition and language translation and stock prediction. It can also be used in image recognition for content recognition [16] [17]. 
[bookmark: _Toc92459205]2.6 – Character Recognition Technologies
Character recognition is a process of converting the characters on paper into electronic format, making it easier for data handling. The most basic form of this type of technology is optical character recognition. However, this form is for traditional characters from modern languages. For a user to manually enter all the hieroglyphics into a Word document, for example, would take time to enter and is prone to human errors. 
There is machine learning software called Lobe.ai that is an automated process to train a custom machine learning model with images that you can feed. They include Image classification, object detection and data classification [24]. This has been developed my Microsoft to make it easier to train models.
Hieroglyph character recognition is a specialised form of western character recognition. It uses complex character recognition like those that are used in Japanese and Chinese. Hieroglyphs are a complex form of character recognition. Western character recognition uses simple forms of characters for optical character recognition. Hieroglyphs are more complex and are more like Chinese characters.
The process of an OCR can be used to turn documents into PDF. Optical character recognition is one of the earliest forms of computer vision tasks. Even though there was an early form of optical character recognition some may think that deep learning is not required for recognising texts. Using deep learning can be more accurate. Examples of types of OCR can include reading licence plates and street signs [22]. 
[bookmark: _Toc92459206]2.6.1 – Language Character Recognition
There are several methods for recognising different languages as they all have their different styles. 
2.6.1.1 Chinese Character Recognition
With Chinese character recognition there are some quite complex characters that can be difficult for a computer to recognise. Some characters are too complex for a simple Optical Character Recognition to read. There are some benefits in scanning the image to save the hieroglyphs as an image. However there are some visual challenges to overcome in scanning Chinese characters as outlined in Bai et al article Chinese image character recognition using deep neural networks and machine learning with simulated training examples [25]. Chinese character recognition handwritten examples are typically analysed using linear and non-linear normalisation as shown in the paper by Wang et al [26]. Chinese character recognition has more than 50,000 characters in which 6000 of them are commonly used [27].  
2.6.1.2 Japanese Character recognition 
The Japanese character recognition system is still in the developing field. Some of the characters used in Japanese language can be tricky to recognise. In the Japanese language there are 2,800 common ones that are used with over 50,000 characters in the language. The main problem with the recognition of Japanese characters is that there are simply too many and the characters are far more complex than the English alphabets. Also, there are many different variations in handwritten characters in Japanese. Another issue with character recognition is that there are many different fonts that a character may be written in which is challenging for OCR technologies [28]. 
2.6.1.3 Korean Character recognition
The accuracy for traditional text recognition is significantly better than that of hieroglyph recognition. The Ilyuhin et al article discusses the differences between the image recognition of the two types of texts and a method for recognising Korean characters. The study proposed a method for an embedded neural network for training Korean character recognition where they compared a traditional neural network that is trained from a dataset that uses Korean characters and compared this against a traditional tesseract open-source OCR engine. Ilyuhin et al. found the method they used was produced better accuracy than the open-source method [29] [30]. Current research is to extend the technology into popular native languages [31].

[bookmark: _Toc92459207]2.6.2 – OCR Technologies
Optical character recognition (OCR) is a specialist piece of technology to look at the characters within text as an image. This usually involves converting the text into characters to make it readable by the computer to analyse. Character recognition technology involves image processing and computer graphics with artificial intelligence to produce a readable image [32]. 
Currently there is an optical character recognition software that Google has developed called Tesseract. Tesseract is currently the most popular solution for optical character recognition as it's very robust and open-source [33]. Microsoft has also developed a software called Microsoft OCR which is also used for scanning characters as well as the Google tesseract. Chandar et al looked at the two main open-source OCR engines to see which one was best suited. In terms of time taken they observed and found that Microsoft OCR was indeed quicker and more accurate compared to tesseract OCR technologies. However, they found that tesseract OCR provides better results when looking at images with different backgrounds and fonts that are used with an image. When using both systems they found there were some errors made, which hopefully will be rectified in future.
[bookmark: _Toc92280371][bookmark: _Ref92457513][bookmark: _Toc92459689]Figure 7 - Bengali Language Scripts. 







There has been some research in using Bengali language alphabet which is an alphabet based on scripts. Figure 7 shows some of the letters used in the Bengali language Bangla script [34]. These letters have some similarity to Egyptian hieroglyphs. Open-source Tesseract was used to carry out research for recognising these characters. 
[bookmark: _Toc92459208]2.6.3 - Convolutional neural networks (CNN) 
A convolutional neural network is a part of deep learning. This is a method that is most applied to analysing images. In conventional neural networks, they have three main types of layers which are convolutional, pooling layer and fully connected layers. When there are multiple layers, this increases the complexity [11] [35]. With machine learning, there are datasets that are labelled. 
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Description automatically generated]
[bookmark: _Ref92382104][bookmark: _Toc92459690]Figure 8 - Convolutional Neural Networks processes[36]
Figure 8 shows the processes involved within convolutional neural networks[36]. We have the input image to start off with, which in this project would be the hieroglyphs. The next stage would be to process the image through to the convolutional network which includes using rectified linear units. This is usually repeated, and once it is repeated enough times there will be the classification stage which includes the flattening and Soft Max at the end. The process could be interpreted as two sub networks one learning the features and the other classifying where the two networks are connected to each other. When they are used together, they can perform functions of similar to a human brain that could classify images.
The feature learning segment contains the convolutional layers and the pooling layers. The convolutional layer is solely responsible for the decomposition of features using different kernels. The pooling layer then shrinks the input image to reduce the computational load. This reduces the risk of overfitting. In a CNN there are usually more than one of each layer. Each layer is dependent on the type of classification problem. The more complex the problem is the more layers that are required for the feature extraction. 
The classification segment is responsible for classification of the images based on the features that the images have. The classification layer usually consists of a flatten layer and the fully connected layers. The flatten layer is used to flatten the outputs from the convolutional layer so that the fully connected layer can accept the data as an input. It flattens it to a 1D array. The fully connected layers contain the weights and biases and along with neurons it is used to interconnect the neurons. Finally, there is an activation function that determines what is output.
[bookmark: _Toc92459209]2.6.4 - Activation Functions 
Multi-Layer perceptron (MLP) can be used for classification tasks. For a binary classification problem, only one output is required in combination with an activation function. For multilayer classification one output neuron per class is needed to combine with the activation function to produce a result. There are many different types of activation functions that can be used. Examples of some of the functions used in the project are sigmoid, tanh and Rectified Linear Units (ReLU). These and further functions used are explained below. 
The activation functions are used to decide to either activate or deactivate the neurons to get the desired outcome. The activation functions can be used to reduce computational times. Activation functions can be split up into linear and non-linear. Most convolutional neural networks use nonlinear activation functions, and this allows complex mapping between the networks input and outputs. This can include Images, Video, audio, and data producing high dimensionality. 
Sigmoid – This activation function has been used in the model to look at the different
 hieroglyphs. It has an output value range of between 0 and 1. Figure 9 below is a graph that shows the activation functions.
[image: ]
[bookmark: _Ref92272707][bookmark: _Toc92459691]Figure 9: Sigmoid Activation functions [37].
Softmax – This activation function is a regressive function and has been used to ensure that all estimated probabilities are been 0 and 1 and that the sum of the total is 1.
Hyperbolic Tangent (Tanh) – This activation function is an S shape. It is continuous and differentiable. The output value ranges between -1 and 1. An example of the function is shown in Figure 10.
[image: How to Choose an Activation Function for Deep Learning]
[bookmark: _Ref92452676][bookmark: _Toc92459692]Figure 10: Tanh Activation function [38]
Rectified Linear Units (ReLU) – ReLU is another type of activation function that is commonly used in machine learning models. The rectified linear unit function is the most widely used activation function and ranges from 0 to infinity. All the values that are negative are converted to 0. This is shown in the Figure 11 below. 
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Description automatically generated]
[bookmark: _Ref92393774][bookmark: _Toc92459693]Figure 11:ReLU activation function diagram [39]

[bookmark: _Toc92459210]2.7 – Object recognition
Object recognition is a generalised term to describe a collection of related computer vision tasks to identify objects in a photo.
YOLO (You Only Look Once) is a different approach for object detection for the purpose of classifying. With YOLO it looks at the entire image for the training of the model. Furthermore, it increases the average precision of real time systems [40]. The main reason that this system is quicker than others is that it uses fewer convolutional layers and reduces the number of filters that are involved in the layers. There are many research efforts in YOLO to improve performances in the pipeline [41]. In research by Sadeghi et al. they have managed to make a system that runs in real-time for object detection in 30 frames per second. Currently YOLO is the fastest system for object recognition to still have an impressive accuracy rate. 
You only look once (YOLO) algorithm is based on a convolutional neural network. The stages involved include detecting the objects when the input is zoomed in, and the YOLO method defines the image into segments. As shown by Sarosa et al they have proved that they can train a network to detect natural disasters using these techniques of object recognition. They had a sample of 200 images where 100 of the images were for training. They gained an accuracy score of 89%. It was discovered that there were several factors that influenced the result. These included the background [42]. However, there are some constraints with using YOLO detection. These constraints include difficulty in the detection of small items that are in clustered groups such as a flock of birds [43]. YOLO is based on the loss function which is unlike traditional classifiers.     
Currently there is a vanishing gradient problem when using some activation functions. When there are no gradients, the algorithms are not training [11].
There is also the same problem when using ReLU where the model may not be training any more.  
[bookmark: _Toc92459211]2.7.1 – Edge Detection algorithms 
There are various methods of edge detection that could aid the scanning of the hieroglyphs; it is important when scanning the images to apply filters that could help the machine learning algorithms to correctly identify the correct hieroglyphs. The edge of the image gives a difference in image intensity from the surrounding area. This can be used as a feature to obtain information about the image. The methods used include gradient based ones such as Canny, Sobel, Prewitt and Histogram of Oriented Gradients (HOG) or second-order methods such as Laplacian. It is important to choose the correct edge detection method for the project [44] . HOG is a suitable method for creating a clean image to aid with the training.  
2.7.1.1 – Gradient based Methods
Gradient based methods such as Sobel and Canny look at the changes in image intensities. These can either be gradual or step changes as shown in Figure 12. In a perfect system these would be clearly defined but more usually they occur as a ramp due to smoothing which means the change happens over a small distance rather than instantly [45].
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[bookmark: _Ref92393888][bookmark: _Toc92459694]Figure 12: One dimensional edge profiles [45]
Sobel and Canny are types of edge detection that is used for image segmentation and data extraction. Sobel and Canny edge detection can be used in the image processing stage to identify the clear edge of each hieroglyph. This could help with the optimisation of the algorithms [46].  In edge detection there are several steps. The image needs to be filtered to reduce the amount of noise to enable accurate edge detection. If too much is filtered however there will be a reduction in the strength of the edge. Next the image is detected by using a threshold as not all gradient values are relevant. After this there is enhancement where the pixels involved are magnified to give a stronger signal. The Canny algorithm is multi-stage, and it works with a wide range of edges. It applies a Gaussian kernel to reduce the noise and has a gradient step to detect the intensity and direction of the gradient. The final image has non-maximum suppression applied to it to give thin edge to give better definition. Finally, thresholds are set to determine whether the pixels are relevant or not and the hysteresis step transforms weak pixels between the thresholds that are next to strong ones into strong ones by connectivity analysis. The Canny algorithm has the advantage that it is immune to a noisy environment, but it is computationally and expensive algorithm to implement. It can however be tailored to the images being used as the standard deviation parameter can be altered with a larger standard deviation used for noisier images and a smaller one giving finer detail.
The Sobel algorithm is also used as a filter that can reduce the noise that results in a blurred image. It is simple and easy to implement but there can be a lot of noise in the final processed image. It is not as powerful as the Canny algorithm but can be improved by smoothing first with a filter and then applying the Sobel algorithm.
Another method that can be used is the Prewitt algorithm which calculates the edges in two directions and detects edges and orientation but is not as accurate and is susceptible to noise.
[image: Image obtained by Sobel Edge Detection, using X-kernel
]
[bookmark: _Ref92014505][bookmark: _Toc92459695]Figure 13: Examples of the Sobel detection method used on a tiger[47]
Figure 13 is an example of the Sobel edge detection method being used on a tiger which helps the methods reduce the amount of noise [47]. Sobel edge detection methods are highly dependent on the lighting conditions in an image. The image is first converted to grayscale. It is then convoluted in two directions, horizontal and vertical. Substantial changes in the gradient are scanned for in the horizontal (X) direction and then also in the vertical (Y) direction.
2.7.1.2 – Second Order Methods
A second order derivative can also be used to detect edges. One method for this is Laplacian. A disadvantage of using a second order derivative is that the effect of noise will be increased and no information on direction of the edge is available. The Laplacian algorithm classifies the edges as inward and outward edges. The method works by using positive and negative rather than horizontal and vertical directions. The mask that is applied has zero at the corners rather than down the centres as in the gradient methods. The positive one takes out the outward edges and the negative one is used to take out the inward edges [44].
[bookmark: _Toc92459212]2.8 – Literature review conclusion	
This literature review has investigated some current methods in hieroglyphic character recognition, and stages that are involved in machine learning and algorithms that are used. Assessment of these methods will allow me to use the most appropriate. While looking at the research I concluded that CNN classification appears to be the best method to pursue, however, experimentation is the only way to ensure this. 


[bookmark: _Toc92459213]3 – Methodologies
This section discusses the different research methods that are appropriate to select for this project approach. The project aims are outlined before discussing the philosophy, approaches, and strategies. 
The aim of the project is to investigate different machine learning techniques and algorithms that can be used for recognising Egyptian hieroglyphs. Two methods are developed into a functioning system which is then tested to see how effective each method is in each situation. By the end of the project, the final aim is to produce a programme that uses different approaches for hieroglyphic recognition. There are several experiments carried out to see which system is most effective to use. The final result looks at the percentages to see how correct the machine learning algorithms are. 
[bookmark: _Toc92459214]3.1 – Research Methodology 
This section discusses the diverse types of current research to figure out which approach is taken in the project. The main aim for this project is to investigate the different techniques that could be used to help classify hieroglyphs using CNN methods. There can be different models to find the effectiveness of a system. By the end of this project, the aim is to have a system to correctly classify to see which of the models developed is the most suitable for the project. The result should show the similarity check between the testing and training data. There is also a conclusion that demonstrates which model should be used to select a small sample set. 
[bookmark: _Toc92459215]3.1.1 – Philosophy 
Philosophies are discussed to decide which is to be used to select the right approach for this project. 
There are many philosophies that could be used within the project including Positivism and Phenomenology. Positivism approach would be most suited as the knowledge is based on the observation of these hieroglyphs. The Positivism approach looks at the outcomes of the experiments whereas Phenomenology is based on case studies and surveys. The main purpose of this project is to create an application that can recognise and classify hieroglyphs. The project is about investigating the various aspects of machine learning techniques that could be used for object detection of these Egyptian hieroglyphs and this would be best suited to a deductive approach. 
A deductive approach involves a hypothesis and an experiment to test it.
[bookmark: _Ref92393998][bookmark: _Toc92455670]Table 2 - Research Wall for selecting a methodology
	Positivism
	Phenomenology

	Deductive
	Inductive

	Experiment
	Software Development
	Document review
	Case study
	Survey



looking at Table 2 there are two main approaches for choosing the right strategy for research and development which positivism and phenomenology. The positivism is knowledge based on the real-world observations. For the project observations are made of whether the software can recognise hieroglyphs by showing a percentage. In this research a positivism view is taken as knowledge is based on the observation of the real-world object. Experiments are carried out to observe the accuracy of the machine learning systems.
[bookmark: _Toc92459216]3.1.2 – Strategy 
The strategy for this project contains a mixture of experimental and software development. There will be a mixture of waterfall methodologies and feature-driven development to develop an application for scanning hieroglyphs. The project will consist mainly of feature-driven development. 
[bookmark: _Toc92459217]3.1.3 – Approaches
The approach is to use extensive research to investigate the methods for recognising hieroglyphs. Also, to research the possible machine learning techniques used for object recognition to recognise the hieroglyphs and store them in a Unicode format. At the start of the project, there is a hypothesis and an experiment to test whether the model is suitable to use for the hieroglyphs.
There are experiments to determine which machine learning techniques might be best for recognising the hieroglyphs. Examples of methods that can be used include OCR, CNN, SSD, R-CNN, Fast CNN. Experiments are conducted to check which of the methods is the most efficient for the project. 
By the end of the project the author should have a working piece of software that recognise hieroglyphs. When the software is developed it could be used by the people in the field. 
The approach that is taken is a deductive approach which includes a theory and experiments. 
[bookmark: _Toc92459218]3.1.4 – Risks and limitations 
Some risks that might be involved are as follows. There will be some voluntary participation from users to test the application. The author will comply with the general Data Protection Act regulations and the Data Protection Act. For this project there are no ethical issues or risks involved. Data is always backed up to multiple places to ensure that there is no data loss.
There are minimal risks involved in this project as there are few individuals involved. 
[bookmark: _Toc92459219]3.1.5 – Validity, Reliability we and Generalisability
The reliability of this project is high so that if someone else carried out the same project, the results would be the same. The validity of the project is also high as I will use a dataset that contains only genuine hieroglyphs. Hieroglyph character recognition is a specialised piece of software that will only recognise hieroglyphs, and this means that it has a low generalisability.  I am using datasets from reliable sources as this will help produce reliable algorithms for generalising the results. Also, using a mixture of datasets will help the algorithm to generalise the results. The datasets used are data collected from hieroglyphs from the Pyramid of Uras in Egypt. The data reliability could be improved using both primary and secondary research. The primary dataset is derived from pictures from the Rosetta stone. The secondary dataset was obtained from the Pyramid of Uras to use in the project. 
[bookmark: _Toc92459220]3.1.6 – Data Evaluation methods 
When running the model data evaluation that would be looked in this project the accuracy of a particular model is analysed to see whether the accuracy score is high enough for it to be appropriate to use. When training the models, the accuracy will be looked as well to check if the model is correct.
[bookmark: _Toc92459221]3.2 – Research process
In this project, given that the author has chosen a positivist, deductive approach, the strategies that have been involved are as follows in the flow of the project.
· Literature Review - A literature review has been carried out for the research background of the topic and plans for the right action to complete the software development and experiments. With this research, a piece of software is created, and experiments carried out to compare the results of the strategies that were chosen.
· Software Development – Implementing features identified in the literature review. 
· Experiments – Test the developed software to check for the outcomes for the different algorithms used. 
Any data that is collected will be handled appropriately in accordance and compliance with any laws. 
[bookmark: _Toc92459222]3.2.1 Project planning
[image: Graphical user interface, application, table
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[bookmark: _Ref92450967][bookmark: _Toc92459696]Figure 14: Planning procedure for creating the project
Figure 14 shows the Microsoft project Gantt chart used for planning the project along with Figure 15  that shows the connections and times allocated for each section.
[image: Chart
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[bookmark: _Ref92450996][bookmark: _Toc92459697]Figure 15:Timeline

[bookmark: _Toc92459223]3.3 - Development Methodology
For this project, feature-driven development is used for developing the software. I feel this is a suitable model to work as it is developing the overall model. With this, you can build a feature list and then once a feature list is created the programmer designs and builds by the features. 
The software development method that is suitable for this project is an Agile implementation of feature-driven development. Feature-driven development was chosen because it allows the ability to focus on specific parts of the project. This makes sure that the feature is fully implemented before moving on to the next section. Feature-driven development has the advantage of separating a large problem into smaller manageable for the user. The feature-driven development requires a list of features that can be worked on individually.
[bookmark: _Toc92459224]3.3.1 - Feature Driven Development
Feature-driven development is usually a development methodology that is used when working as a team where there are developers and testers working alongside each other. However, this project has been completed individually. In the first step of feature-driven development, it is important to get an accurate understanding of the context and content of the project. During this stage, everyone learns what they can from the project, so then they can understand who the project is for. Feature-driven development is a very client-centric and pragmatic approach in software development. 
The structure of feature-driven development is a straightforward model.
1) Develop the overall model
2) Build a feature list
3) Plan by feature
4) Designed by feature 
5) Build by feature
The feature-driven development is used as the feature-driven development methodology allows for testing alongside the development of the project.
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[bookmark: _Ref91173764][bookmark: _Ref91173758][bookmark: _Toc92459698]Figure 16 - Feature Driven Development diagram
Figure 16 shows the diagrammatic process of Feature Driven Development. This project's aim is to produce and address a single hieroglyph as a prototype and a proof of concept. Then build upon the model to increase the number of hieroglyphs.  The adaption of Feature Driven Development is used for developing the project. 
[bookmark: _Toc92459225]3.4 – Resources  
This section discusses in greater detail all the resources used with the project.
[bookmark: _Toc92459226]3.4.1 – Hardware Resources 
Initially the development was conducted in Windows 10 with a NVidia graphic card to run TensorFlow and Keras for deep neural networks. For this project the graphic card was a GTX 1060 6GB card on the PC. This is sufficient to use for the project as a small dataset was used. For the testing of the models to be speeded up Ubuntu Linux was used in to run TensorFlow on the GPU instead of the CPU.
[bookmark: _Toc92459227]3.4.2 – Software Resources
Visual Studio code was used to develop software using Jupiter notebook. Python kernel was used in a Python virtual environment so that libraries were managed, and the correct versions were installed.
[image: ]
[bookmark: _Ref92291785][bookmark: _Toc92459699]Figure 17 - Versions of Tensor flow and Keras
Figure 17 shows the software running Keras at Version 2.4.0 and TensorFlow at 2.3.0. Anaconda was used to manage packages. 
There is a data set of hieroglyphs that consist of some files for most hieroglyphs that can be found in the Gardiner sign code list [48]. 
TensorFlow and Keras were the machine learning libraries that were used in the project.
Git hub was used also to manage the code and for version control. 
Office – The report was written using MS Word.
[bookmark: _Toc92459228]3.4.3 – Human Resources 
Several people were involved in this project. Along with myself they are Dr Nik Whitehead, Dr Katharina Zinn and the university student support services including David Williams.
[bookmark: _Toc92459229]3.4.4 - Research Resources
The author found research articles from the university using the library resources, which looks at IEEE, ACM, and other site for information. 
[bookmark: _Toc92459230]3.4.5 – Physical Resources 
For this project the physical resources that are used was a PC and library space. All the work has been done remotely from the university. 
[bookmark: _Toc92459231]3.4.6 – Data Resources
The data set that the author has used contains images of several different hieroglyphs that was useful for classification and creating the model. In Morris’s paper, their approach was to automatically recognise Egyptian hieroglyphs and to determine the reading order. They have used a dataset that consists of hieroglyphs that were taken inside the sarcophagus in the pyramid of Uras [49]. 
Not all classes had images for appropriate training and testing. There were some classes that had no instances at all and some only had 5. This meant that there was insufficient data to make use of in the experiments. 
[bookmark: _Toc92459232]4 - Development 
There are numerous several types of hieroglyphs. In the first stage of programming, it was important to have a baseline so that you know the programme is working correctly. Currently, the bottleneck for hieroglyphs character recognition in deep learning was the lack of a data in some of classes within the dataset used. Therefore, the best method is image segmentation [50]. Image classification will also be used to classify the two different hieroglyphs to start off with. Once the classification is successful, then the number of different hieroglyphs to classify was increased. 
[bookmark: _Toc92459233]4.1 Sample Dataset
The dataset was difficult to find as there were many broken links. Table 3 are sample images from the dataset that was used. The dataset that has been used for the program was a  dataset that was compiled by Morris Ranken [48]. In this dataset, there are a total of 4210 images with a total of 171 classes. The hieroglyphs are found in 10 different pictures from the book that were taken on 10 different pages to include different perspectives  
[bookmark: _Ref92018462][bookmark: _Toc92455671]Table 3: Table consisting of sample images from dataset 
	Image Class 
	Sample 1
	Sample 2 
	Sample 3
	Sample 4

	N35
	[image: ]
	[image: ]
	[image: ]
	[image: ]

	M17
	[image: ]
	[image: ]
	[image: ]
	[image: ]

	S29 
	[image: ]
	[image: ]
	[image: ]
	[image: ]



Table 3 shows a sample of three classes in the chosen dataset. In the table, N35 shows that there are many different variations of the same hieroglyph. Some have a light shade where the hieroglyph blends into the background. 
[bookmark: _Toc92459234]4.2 Software Design
Currently there are many different methods that could be used in the project. The first step in the project was to classify a simple Neural Network to see if this could be used to simply classify different hieroglyphs in a system. 
[bookmark: _Toc92459235]4.2.1 – Requirements
The minimum viable product for this project is to create a system that can correctly classify four different hieroglyphs for feature extraction, which can be used to compare from the test image to the training image. Additional features to include for this project is to correctly store the Unicode version of the hieroglyphs that's in the classified image. Also, to use different types of machine learning classification algorithms. 
For the minimum viable product to be met, the following requirements are
a) Sort dataset
b) Create a data set to use for the system
c) Input an image so that it can be processed
d) Process the image so that it can be easier for the system
e) Training a model to find the optimal system for recognising a Hieroglyph. 
f) Identify the correct hieroglyph
g) Show a similarity for the testing data. 
h) Be able to classify the different shapes
All of these can be broken down further into a small subset of tasks. Some examples can include 
· Finding the best method for recognising the hieroglyphs 
· Sorting the dataset 
· Converting the images into grayscale
· Performing methods that might clean up the images to make it easier for the algorithms to recognise the hieroglyphs. 
· Increasing the hieroglyphs set from 4 to a larger number. 

[bookmark: _Ref92295324][bookmark: _Toc92280379][bookmark: _Ref92295281][bookmark: _Toc92459700]Figure 18 - Proposed algorithms for scanning Hieroglyphs
Image Acquisition

Image segmentation
Finding False Positives
Region of interest Matching
Region of interest Sequence 
Find Matching Hieroglyphs Unicode 

Figure 18 is a flow diagram of the proposed algorithms for matching Hieroglyphs and then printing the result. 
[bookmark: _Toc92459236]4.3 – Software Implementation
This section of the document shows the software implementation process and the testing of an illustration and then the development of the code is discussed. 
The dataset that was used was unsorted. The first thing was to pre-process the data set to collect all the similar images into one folder. As the file names had the Gardiners code within it so that the files could be easily sorted. 
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[bookmark: _Ref91864943][bookmark: _Toc92459701]Figure 19: Sample of pre-processed data from the dataset
Figure 19 is a screen shot of the sample dataset that was used. There was a mixture of Images, some of which had a Gardiner code such as ‘N35’ and some files that were labelled Unknown. 
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[bookmark: _Ref91866423][bookmark: _Toc92459702]Figure 20: Sorted Hieroglyphs into their own folders

Figure 20 shows that the code was successful in sorting the files into their appropriate folders. From this the images can be chosen for placing in the training model. 
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[bookmark: _Ref91867199][bookmark: _Toc92459703]Figure 21: Number of Files in each Folder
Figure 21 shows the number of images in each of the sorted groups. From looking at the image N35 is the most common image in this dataset and W11 is one of the least common hieroglyph images. From this image the first 10 hieroglyphs were chosen to carry out the experimentation on as they were the most common ones.
[bookmark: _Ref92037690][bookmark: _Toc92455672]Table 4: Most common hieroglyph in dataset:
	Gardiner code
	Hieroglyph Unicode
	Glyph name
	Total in folder
	Image in Dataset 

	N35
	𓈖
	Water Wave

	448
	[image: ]

	M17
	𓇋
	Reed Leaf

	364
	[image: ]

	S29
	𓋴
	Folded Cloth
	265
	[image: ]

	X1
	𓏏
	Small Loaf of Bread

	232
	[image: ]

	G43
	𓅱 
	Quail chick

	197
	[image: ]

	G17
	𓅓
	Owl

	195
	[image: ]

	D21
	𓂋
	Mouth

	193
	[image: ]

	I9
	𓆑
	Horned Viper

	146
	[image: ]

	V31
	𓎡
	Bowl

	133
	[image: ]

	E34
	𓃹
	Hare

	122
	[image: ]



Once the dataset was sorted, Table 4 shows the top ten hieroglyphs that contain the most common images. Some examples of hieroglyphs can be rotated on the vertical axis.  It might be suitable to augment the data to include some examples of these.
[bookmark: _Toc92459237]4.3.1 Requirements 
The minimum viable product for this project was to develop a system that can classify and recognise hieroglyphs using machine learning techniques using TensorFlow and Keras in python.
Software was written to write two sets of hieroglyph data to a file ready to be trained in the model. The file in the zip folder called ‘1:creatingDataset_base.py’ is the base file to search hieroglyphs in the sorted folder for the categories, the user can then chose the hieroglyphs they want to classify.
[bookmark: _Toc92459238]4.3.2- Image Segmentations 
Pre-processing is an important stage in computer vision and image processing. The main detection methods that can be used are the histogram of oriented gradient's (HOG) and Sobel and Canny detection, which can be used to scan all the edges in an image. The Canny edge detection utilises each region for segmentation and checks the maximum boundaries for both the height and the width. The data set uses the Gardiner code for the labelling of the data [50]. 
[bookmark: _Toc92459239]4.3.3- Testing
Testing the application is done in stages to see if all the correct data is loaded and also checking the similarity for the CNN network. 
When testing the different classifiers there are many different parameters that you can test. These are described in the experimental plan. 
[bookmark: _Toc92459240]4.3.4 – Development
It is important to set out how the development stage will be structured based on the minimum viable product that has been decided on.  In the first component of the development, it is important to make sure that all the images are in grayscale before placing them into the training model. If the images from the dataset are in colour, then they need to be converted into grayscale. 
The next section of the development is to obtain all the Unicode for the hieroglyphs by looking at different sources as the author was unable to find a simple text file consisting of a list of all the different hieroglyphs for the Gardiner sign code list.  In this stage of development, there are some scripts to clean up all hieroglyphs that were scraped from a website.  The hieroglyphs were scraped from Egyptianhieroglyph.net  website to gather all the Unicode for the hieroglyphs [51]. This can be found in the file of ‘sortingDataset Linux.ipynb’ as shown in the Figure 22 below which saves the website to Alphabet/hieroglyphsTables.html for later use. 
[image: ]
[bookmark: _Ref92451417][bookmark: _Toc92459704]Figure 22: Function to retrieve Gardiner Sign list
Once the dataset was sorted there were some scripts written to find the best optimiser to use in the final model. 
To use Tensor board a command needs to be run and the command used is tensorboard – logdir=logs. This will run tensor board with all the log files in the folder.
[bookmark: _Toc92459241]4.3.5 - Software Overview
Initially the software successfully recognised two different types of hieroglyphs using binary classification. This was expanded using multiple classes to recognise up to six different hieroglyphs. The model was also improved to distinguish between two similar but different hieroglyph images. Python is the programming language that was used. 
[bookmark: _Toc92459242]4.4 – Experiment plan
In the experiment, the general plan was to look at hyper parameters to define how they affect the performance of the model with the aim to optimise the model accuracy. The parameter that was assessed and the levels of types that were investigated are given below.

[bookmark: _Ref92297152][bookmark: _Toc92455673]Table 5: Test Parameters for all the models.
	Parameters
	Values 

	Optimisers
	'SGD', - Stochastic Gradient Decent 
'Adam', Adam 
'RMSprop', Root Mean Squared Propagation
'Adadelta',  SGD method based on adaptibe learning
'Adagrad', Adaptive Gradient Algorithm 
'Adamax',  It is a varient based on Adam infinity Norm
'Nadam', Adam with the Nestrom momentum 
'Ftrl' - Follow the Regualised Leader

	Number of hidden Layers
	1, 2, 3

	Number of Dense Layers
	0, 1, 2



When choosing the optimiser, it was wise to choose as wide a variety of available of optimisers as possible. Table 5 shows the different parameters used when training the models. All parameter combinations were trialled using 217 experiments. Initial experiments consisted of all parameters for the different optimisers, changing the number of hidden and dense layers. Below are descriptions of some of the parameters that were changed in the experiment to determine what was best to use with hieroglyphs. The two activation functions were kept constant which were Rectified Linear Unit (RELU) and Sigmoid. 
'SGD' is the stochastic gradient descent which picks a random instance within the training set and calculates the gradients at that instance. When it is working on a single instance this means the training set works faster as it has small amounts of data to manipulate [11]. The usual expectation is that it approximately estimates using a small set of examples in each iteration an updates according [52]. Stochastic gradient decent (SGD) was introduced by  Robbins and Monro [53]. This was then repopularised for machine learning. SGD maintains a single learning rate. 
The Adam Optimiser algorithm is a replacement for the SGD optimiser [54]. The Adam optimiser is one of the most popular algorithms as it is very quick in nature. Usually, Adam is the default optimiser to use. RMSprop, Adaela and Adam are very similar in nature and they perform in very similar tasks  [54].
The Root Mean Square Propagation is a modification of AdaGrad which performs better in certain situations. This optimiser is used to decrease the number of functions in order to reach the single learning rate. It combines the use of a moving average with the size of the gradient.
AdaGrad is an adaptive learning rate algorithm. This adds an element of scaling by using a sum of the squared gradients to change the learning rate. 
[bookmark: _Toc92459243]4.4.1 - Learning Rate
The learning rate is the hyperparameter that controls how much to change the model each time the weights are updated. The learning rate is considered one of the most important as if the value is too small; this may take time to process. The smaller value could result in taking more time to train the model. On the other side of the coin, if the value is too large the model could be trained sub-optimally, making the training process unstable.  If the learning rate becomes too large the oscillation diverges. With the learning rates you would rather achieve the movement in direction quickly but with gradual gradients. 
[bookmark: _Toc92459244]4.4.2 - Number of Epochs 
The number of epochs is a type of hyperparameter of gradient descent that controls the number of times the algorithm will go through the training dataset. The correct number of epochs are not as important as the validation and training errors. The number of epochs need to be precise. Another way of thinking about this is as a for loop that iterates over the batch [11]. 
[bookmark: _Toc92459245]4.4.3 - Batch sizes 
The batch size is another type of hyper parameters that define the number of samples that get processed before the updating of the internal model parameters. The batch size can be divided into one or more batches. Using the hieroglyphs as an example, since we are using a small sample set. The sample size for the images consists of 850 images and have the batch size to 100. The algorithm will look at 100 items at a time. So as 850 is not divisible by 100 the algorithm may decide not to use the final 50 [11],[55]. 
There are some advantages for using a batch size that is less than the sample size as it uses less memory meaning that overall, the training will use less memory. This is important as some users may not be able to fit the whole dataset in the PC. However, if the batch size is too small the batch is less accurate [56]. 


[bookmark: _Toc92459246]5 – Results and Discussions 
This section covers the testing and results of the programming. 
[bookmark: _Toc92459247]5.1 First Iteration of testing
[bookmark: _Toc92459248]5.1.1 – Pass / Failure rate
The testing data is displayed using 5 columns which are experiment number, expected outcome, actual outcome, Pass or Fail and the evidence from the test. If the expected and actual outcomes are the same then the test passed, but if they are not then an explanation is included in the pass/fail column.
	No. 
	Expected Outcome 
	Actual Outcome
	Pass/Fail?
	Evidence 

	1
	Testing code that’s sorts the 
images from the dataset into folder. 
	The files are sorted into their own folder 
	Pass
	[image: ]

	2
	Choosing the hieroglyphs in the dataset 
	Some of the hieroglyphs that I would have wanted to cover were not in the sorted dataset
	Fail
	[image: ]

	3
	Extract all different hieroglyphs from a website to gather all the relevant hieroglyphs 
	The website extracted all the table from the Egyptianhieroglyph.net to get list of all hieroglyphs  
	Fail – This failed a Linux operating system was being used and the fonts needed to be installed
	Outputted error results of the Unicode for the hieroglyphs were blank. 

	4
	Preview the hieroglyphs read from the html file 
	Once installing the fonts required the code was operational 
	Pass
	[image: ]

	5
	Initial testing for the two classes 
	Initial testing of two different hieroglyphs gave incorrect outcomes
	Fail – error in the constant used.

	[image: ][image: ][image: ][image: ][image: ]

	6
	The order of the hieroglyphs was then changed so that it was S29, G43
With this order change the 
	The results were the inverse of the previous results 
	Fail – same failure as above
	[image: ][image: ]


When predicting the results, the P number in the image is the predicted result. 
After the sixth testing the author has decide to start from fresh to find out where the error occurred. This was later discovered that there was a constant in the program which gave the predicted results always as a 0 so that it always predicted the first image in the list. 

[bookmark: _Toc92459249]5.1.2 – Testing Parameter tuning 
Below is a list of experimental parameters that are being used to test the model to see which is suited for the classification of hieroglyphs
[image: ]
[bookmark: _Ref92395299][bookmark: _Toc92459705]Figure 23: Tested Parameters for all models
The section of code in Figure 23 will iterate through all the different combinations of hyper parameters when testing the model. These are then displayed graphically in Tensor board to look at the effects of parameter tuning and how they affect the model when predicting the hieroglyphs from the test dataset as shown in Table 6.
[bookmark: _Ref92318938][bookmark: _Toc92455674]Table 6 - Optimiser Model Predictions
	No.
	Parameter
	Epoch Accuracy
	Epoch Loss

	1
	SGD
	[image: Chart

Description automatically generated]
	[image: Chart, line chart

Description automatically generated]

	2
	Adam
	[image: Chart

Description automatically generated]
	[image: Chart, line chart

Description automatically generated]

	2a 
	Optimiser- Adam
Conv Layers – 2
Dense Layers - 0
	[image: Graphical user interface, application

Description automatically generated]
	[image: Graphical user interface, application

Description automatically generated]

	2b
	Adam
2 Conv 
0,1,2 layer
 Dense
	[image: Graphical user interface, chart, application

Description automatically generated]
	[image: Graphical user interface, chart, application

Description automatically generated]

	3
	RMSprop
	[image: Chart

Description automatically generated]
	[image: Chart, histogram

Description automatically generated]

	4
	Adadelta
	[image: Chart, diagram

Description automatically generated]
	[image: Chart, histogram

Description automatically generated]

	5
	Adagrad  
	[image: Chart

Description automatically generated]
	[image: Chart

Description automatically generated]

	6
	Adamax
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Description automatically generated]
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Description automatically generated]

	7
	Nadam
	[image: Chart, line chart

Description automatically generated]
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Description automatically generated]

	8
	Ftrl
	[image: Chart

Description automatically generated]
	[image: Chart, histogram

Description automatically generated]


In the table above I think the RMSprop optimiser will be the best optimiser to use in the final model. This is because achieving 100% accuracy is more gradual but within a reasonable time.

[image: ]
[bookmark: _Ref92319169][bookmark: _Toc92459706]Figure 24: Code Example to iterate though each model
[image: ]
[bookmark: _Ref91945428][bookmark: _Toc92459707]Figure 25: Base Model
Figure 24 is code that iterates through all types of combinations of parameters to find the best model for recognising hieroglyphs and Figure 25 shows the starting model to work from when looking at parameter tuning. 
[image: Table

Description automatically generated][image: Text

Description automatically generated]Table 6 shows the initial testing of the images being placed in a Convolutional Neural Network. These are then processed through the initial model to train the dataset. [bookmark: _Ref92406820][bookmark: _Toc92459708]Figure 26: First Model Diagram shown in Figure 23
[bookmark: _Ref92319793][bookmark: _Toc92459709]Figure 27:  Initial model tried on the first training dataset

Figure 26 is a visual representation of Figure 27 consisting of Conv2D layers using rectified linear units.  
[bookmark: _Toc92459250]5.1.3 – Testing with N35 and M17
[image: ]
[bookmark: _Ref90990795][bookmark: _Toc92459710]Figure 28 - Two Class Testing with N35 and M17
Figure 28 shows the two classes that were tested, the top image is the N35 (water wave) and bottom image is M17 (reed). These two images were chosen because one is vertical in nature and the other horizontal. These images were used to see if the model could recognise two hieroglyphs that are very different in shape. When running the code on the two hieroglyphs shown, in Figure 28 the initial run didn’t work as it only showed the first category for both images as shown below.

[bookmark: _Ref92319486][bookmark: _Ref91947457][bookmark: _Toc92455675]Table 7: Sample Results for each optimiser for 1 convolution 0 dense layers and 128 Nodes


In Table 7 column header notations are defined as follows H1T1 is Hieroglyph 1 Test 1; H1T2 is Hieroglyph 1 Test 2 etc. Additionally, H1R1 is Hieroglyph 1 Result 1; H1R2 is Hieroglyph 1 Result 2 etc. MH1 is Match Hieroglyph 1, MH2 is Match Hieroglyph 2. These calculate the total of correctly matched hieroglyphs. The final column shows whether all hieroglyphs were correctly identified or not with a pass or fail. 
As shown in Table 7 you can see from the first model, the model assumed both hieroglyphs were N35. However, when the categories were switched so that M17 was first and then N35 the results were the same except the model assumed both hieroglyphs were M17. 
The author investigated to see if there was a problem with the code itself. One working idea was that were a constant in the code. However, investigation showed the issue was not this but in fact there was a rounding error. When predictions were made the code rounded values of ‘0.001’ and 0.999 to 0 giving a constant value. When debugging the code, the number was converted to an integer which meant that any value that was lower than one was automatically set to 0 giving the result that was set in the table above. 
To address this the code was edited from ‘int(predict)‘ to ‘np.round(predict)’ giving accurate predictions for two hieroglyph for M17 and N35.
[bookmark: _Toc92459251]5.2 – Second iteration of testing
[bookmark: _Toc92459252]5.2.1 - Testing CNN neural network for multi-classification 
Once the dataset has been separated into the individual classes the appropriate classes can then be chosen.  Currently the figure below shows two of the most popular hieroglyphs which is the water wave and the reed as shown in Figure 29.
[image: ]
[bookmark: _Ref92278562][bookmark: _Toc92459711]Figure 29: First Part of code to present which glyph to load
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[bookmark: _Ref92320455][bookmark: _Toc92459712]Figure 30: Present image form in bytes and the image shape
All images chosen are then presented as this form ready to be saved to a file as shown in Figure 30.
[image: ]
[bookmark: _Ref92396139][bookmark: _Toc92459713]Figure 31: Resizing of images
 Initially the images were placed in the model as the original size. However, there were problems encountered later on due to the images being in different size and shaped files. All the images were resized to be square in a 50 by 50-pixel array as shown in Figure 31. 
[image: ]
[bookmark: _Ref92451783][bookmark: _Toc92459714]Figure 32:Loading of images into selected dataset
Figure 32 shows the importing of the images into a selected dataset. This is to add all the files from the chosen categories. In this Example with the chosen two categories there are 812 images for the dataset. 
[image: ]
[bookmark: _Ref92396852][bookmark: _Toc92459715]Figure 33 : Dataset randomly shuffled
The dataset is then randomly shuffled as shown in Figure 33
[image: ]
[bookmark: _Ref92320732][bookmark: _Toc92459716]Figure 34: Sample of loaded Dataset
The dataset is labelled with the appropriate categories as shown in Figure 34. 0 is the hieroglyph N35 and 1 is the hieroglyph M17.
[image: ]
[bookmark: _Ref92451855][bookmark: _Toc92459717]Figure 35: code to write images to a file
This segment of code in Figure 35 writes the images that have been collected from the dataset into sorted files.
[image: ]
[bookmark: _Ref92451902][bookmark: _Toc92459718]Figure 36: list of saved datasets to test
There are currently six hieroglyph classifications shown in Figure 36, all consisting of similar shapes to test how good the model is. 
[image: ]
[bookmark: _Ref92450684][bookmark: _Toc92459719]Figure 37: files for creating and running the models
Six different models were created to be tested on the dataset shown in Figure 37. Firstly, the models were run using two hieroglyphs. 
[image: ]
[bookmark: _Ref92450717][bookmark: _Toc92459720]Figure 38: libraries required for the program
These are all the libraries needed to run the code shown in Figure 38. 
[image: ]
[bookmark: _Ref92397261][bookmark: _Toc92459721]Figure 39: Demonstration of converting labels to numbers
Figure 39 is demonstrating the conversion of labels into numbers for 2 classes of hieroglyphs for pre-processing. This is the code to load the models that were saved from the previous file that collected all the images from the dataset. The testing label is randomised and from the data that is read it is split from the training data in the ratio 70:30 with 70 percent used for training and 30 percent for testing. 
[bookmark: _Toc92459253]5.3: Third iteration of testing 
To improve upon the iteration new code was written to create a new dataset while increasing the sample set size and saving the file for later use. 
Here is the created dataset to use shown below. The order is based on the most common hieroglyph that was found in the original dataset used. 


[bookmark: _Ref92450740][bookmark: _Toc92459722]Figure 40: Sample of all the dataset classes used to test the model
With the testing of 14 different hieroglyphs early stopping is applied to prevent the over fitting of the model to become attuned to that dataset shown in Figure 40. 


[bookmark: _Ref92397876][bookmark: _Toc92459723]Figure 41: Code to represent early stopping and using tensor board and early stopping to analyse the models
Figure 41 is the segment of code to use tensor board and early stopping to find the best model and snapshot and save them. 


[bookmark: _Toc92459254]5.4 - Testing Results with selected classes 
Table 8 shows the results for the third iteration trained model tested on testing data to determine the accuracy of the model. 
[bookmark: _Toc92455676]Table 8: Testing multiclass image classification for hieroglyphs
	No 
	Tested
	Epochs
	Successful Images /20 
	Success/ Fail

	1
	Class 2:['N35','M17']
	25
	20
	Success

	
	[image: ]

	
	[image: ]

	
	[image: A black and white photo of trees

Description automatically generated with low confidence]

	
	[image: A picture containing chart

Description automatically generated]
	[image: Chart, line chart

Description automatically generated]

	2
	Class 4:['N35', 'M17', 'S29', 'X1']
	25
	20
	Success

	
	[image: ]

	
	[image: ]

	
	[image: ]

	
	[image: ]
	[image: ]

	3
	Class 6:['N35', 'M17', 'S29', 'X1', 'G43', 'G17']
	25
	20
	Success

	
	[image: ]

	
	[image: ]

	
	[image: ]

	
	[image: ]
	[image: ]

	
	
	

	4
	Class 8:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9']
	25
	20
	Success
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	5
	Class 10:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31', 'E34']
	25
	20
	Success
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	[image: ]

	
	[image: ]

	
	[image: ]
	[image: ]

	6
	Class 10:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31', 'E34']
	25
	20
	Success

	
	[image: ]

	
	[image: Text

Description automatically generated]

	
	[image: A picture containing text

Description automatically generated]

	
	[image: A picture containing line chart

Description automatically generated]
	[image: Chart, line chart

Description automatically generated]

	7
	Class 85[ All hieroglyphs with 5 images]
	25
	3
	Fail – Not enough data in each class to formally recognise the glyphs
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[bookmark: _Toc92459255]5.5 – Summary
Initial training of the model was not successful due to a rounding error in the model and not choosing the most appropriate parameters to vary. In the next iteration there was success in classifying between two hieroglyphs and correctly sorting the data. The third iteration produced may successful classifications. This third iteration was then used on testing data to determine if hieroglyph could be predicted correctly. This worked well when there was sufficient data in a class in the training set but led to large failures when the class data set was insufficient. 25 epochs were used in each training to determine how well the model was trained. A good model would recognise all images in a shorter time with the accuracy reaching 100 percent or close to that with a minimal validation loss.


[bookmark: _Toc92459256]6 – Conclusion & Recommendations 
This section summarises and concludes the project while establishing recommendations for future work and further development 
[bookmark: _Toc92459257]6.1 – Conclusion
In Conclusion, there has been some research carried out into what is currently available for scanning and manually entering hieroglyphs into a system. There are many different avenues for recognising characters using machine learning and potential to create applications. 
 The project has achieved the minimum viable product outlined in the system requirement, namely having a working demonstration that machine learning algorithms can distinguish between the characters of 10 different hieroglyphs. Experiments were performed to find the optimal model using hyperparameter performance tuning when training the images for classification. Potential limitations in these experiments are that dependant on how many images are in each class. The Hieroglyphs were able to be classified using up to 10 hieroglyphs. The extremes were also tested where two hieroglyphs worked. On the other end of the scale 85 classes which consisted of all the collected hieroglyphs from the dataset only had 5% accuracy as some of the classes did not have enough data. 
The tests that were conducted consisted of a fair assessment of all images as the data set used was limited to each class having the same number of data entries therefore when few images were in one class all classes were limited. This was reasonable when the classes had many images but reduced accuracy when fewer images were used.  
The underlying techniques could be transferred to other projects similar in nature with different symbolic languages. However, this particular project, if fully developed could aid archaeologists and Egyptologists in translations of hieroglyphs in the field or the lab quickly and efficiently.  
[bookmark: _Toc92459258]6.2 – Recommendations 
Recommendations for future work is that improvements in the model could be made by finding a dataset that had a larger number of images in each class that also have the images in different orientations to improve the training. In the dataset that was found the largest dataset for a single hieroglyph was the N35 water wave. 
Another section that could be explored would be Google OCR Tesseract as it is an OCR engine for recognising characters. It is possible that Google Tesseract OCR technologies could work with symbolic languages such as hieroglyphs. Also, Microsoft’s Lobe.ai for image recognition could be used to find the best model for a training dataset. 
An improvement to the project would be to extend its use by creating a mobile application to use in the field. 



[bookmark: _Toc92459259]7 – Personal reflection
Artificial Intelligence and Application of Machine Learning were the two most useful modules in terms of python programming and image recognition algorithms. Agile Development and Software DevOps looking at the Feature Driven Development (FDD) and the different agile methodologies modules has helped. The research methodologies have helped me with the research strategies throughout the literature review. Guidance of my project mentor Dr Nik Whitehead has been most helpful throughout the master’s degree. 
The degree has changed the process of how the project was completed. New skills have been learnt and how to approach a large project. The skills I have acquired during the course will be transferable to any future employment and pursuing a career. At times the Master’s has been challenging because with the Covid situation all the learning was remote so I did not meeting my cohorts as I did in the Bachelor’s degree. 
Run with low-res images and unscalable images. Also taking the dataset images to black and white which would also take further experimentation. Currently with the system is a proof of concepts. In future iteration the system would recognise more and more hieroglyphs rather than a single hieroglyph. 
Lack of computing power to run the applications to covid and remote working has made the project difficult to complete in a timely manner. Using from test images from a different dataset. 
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[11]	A. Géron, Hands-on machine learning with Scikit-Learn, Keras & TensorFlow : concepts, tools, and techniques to build intelligent systems, 2nd ed. Canada: O’Reilly Media, 2019.
[12]	C. Chio, D. Freeman, C. C. Chio, and D. Freeman, Machine Learning and Security Clarence. 2017.
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[bookmark: _Toc92459261]Appendix A
[bookmark: _Toc92459262]Classification for detecting spam for emails
 Géron shows [11] an example of where supervised learning might come into use would be emailed for detecting spam classification. With this, if the user or the programmer what feet an algorithm on what is classified as spam. With this information, the algorithm can predict which phrases in the email are classified as spam so that it does not appear in the users’ inbox. Unsupervised learning is worth the computer has to guess with the twin data given which is unlabelled.  
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IMG_SIZE = 50
new array = cv2.resize(img_array, (IMG_SIZE, IMG_SIZE))
plt.imshow(new_array, cmap='gray")

plt.show()
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training data = []

def create training data():
for category in CATEGORIES:

path = os.path.join(DATADIR, category) # create path to hieroglyph Classes
class_num = CATEGORIES. index(category) # get the classification (6 or a 1). @=dog l=cat

for img in tqdm(os.listdir(path)): # iterate over each image per hieroglyph Classes
try:
img_array = cv2.imread(os.path.join(path,ing) ,cv2.IMREAD GRAYSCALE) # convert to array
new_array = cv2.resize(ing array, (IMG SIZE, IMG SIZE)) # resize to normalize data size
training_data.append([new array, class num]) # add this to our training data
except Exception as
| pass
create training data()

print(len(training_data))
v oas

100% | MMM | 448/448 [00:00<00:00, 2030.04it/s]
100% | | 364/364 [00:00<00:00, 2478.63it/s]
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import random

random. shuffle(training_data) # Training Dataset is then shuffled to not create the bias
€ | v 095
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for sample in training datal:10]:
| print(sample[1])
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1

X_Filename = '-'.join(CATEGORIES)
# X Filename = X Filename.split("-')
X_Filename = f'PreProcessedDatasets/X {X_Filename}.npy"

y_Filename = '-'.join(CATEGORIES)
#y Filename = y Filename.split('-')
y_Filename = f'PreProcessedDatasets/y {y Filename}.npy'

np.save(X_Filename,X) #saving the X values
np.save(y Filename,y) #saving the y values

v 0Ss
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v PreProcessedDatasets
Categories.txt
X_N35-M17-G43-X1-529-G17.npy
X_N35-M17-G43-X1-529.npy
X_N35-M17-G43-X1.py
X_N35-M17-G43.npy
X_N35-M17.npy
y_N35-M17-G43-X1-529-G17.0py
y_N35-M17-G43-X1-529.npy
y_N35-M17-Ga3-X1.npy
y_N35-M17-Ga3.npy
y_N35-M17.npy.
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@ 1-CreateDataset N35_M17.py.

# 1:CreateDataset_N35_M17_G43_X1_529_G17.ipynb.
# 1:CreateDataset_N35_M17_G43_X1_S29.ipynb

# 1:CreateDataset_N35_M17_G43_X1.ipynb.

# 1:CreateDataset_N35_M17_G43.ipynb

B 1iCreatingDataset_Base.pynb

§ 2RunningModelSixipynb
§ 2RunningModelThree.ipynb
@ 2RunningMultiClass_N35_M17_G43.ipynb
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import numpy as np
import matplotlib.pyplot as plt
import cv2

from

PIL import Image

import tensorflow as tf

from
from
from
from
from
from
from

v 03

tensorflow.keras.datasets import cifarlo
tensorflow.keras.preprocessing. image import ImageDataGenerator
tensorflow.keras.models import Sequential

tensorflow.keras.layers import Dense, Dropout, Activation, Flatten
tensorflow.keras.layers import ConvaD, MaxPooling2d

sklearn.model selection import train test split
tensorflow.keras.utils import plot model
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np.load(*X.npy")
y = np.load("y.npy*)
CATEGORIES = ["N35", "529"]

X = X/255.0

X_train, X _test, y train, y test = train_test_split(X, y, test size=0.1, random_state=42)

print(y_test)
1 v 0s
[010110011110101111000111101600000111186
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Class 2:['N35', 'M17']

Class 3:['N35', 'M17', 'S29']

Class 4:['N35', 'M17', 'S29', 'X1']

Class 5:['N35', 'M17', 'S29', 'X1', 'G43']

Class 6:['N35', 'M17', 'S29', 'X1', 'G43', 'G17']

Class 7:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21']

Class 8:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9']

Class 9:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31']

Class 10:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31', 'E34']

Class 11:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31', 'E34', 'O50']

Class 12:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31', 'E34', 'O50', 'V13']

Class 13:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31', 'E34', 'O50', 'V13', 'Q3']

Class 14:['N35', 'M17', 'S29', 'X1', 'G43', 'G17', 'D21', 'I9', 'V31', 'E34', 'O50', 'V13', 'Q3', 

'R8']


oleObject1.bin

image91.emf
NAME = f'logs/Model-Classes-{NumberofClasses}'

tensorboard = TensorBoard(log_dir="logs/{}".format(NAME))

es = EarlyStopping(monitor='val_loss',

                              min_delta=0,

                              patience=25,

                              verbose=0, mode='auto')

checkpoint_filepath  = f'my_best_model_class{NumberofClasses}.epoch.hdf5'

model_checkpoint_callback = tf.keras.callbacks.ModelCheckpoint(

    filepath=checkpoint_filepath,

    save_weights_only=True,

    monitor='val_accuracy',

    mode='max',)


oleObject2.bin
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Mon 19/07/21

Task

Mode ~ Task Name ~ Duration - Start ~ Finish ~ Predeces
» 1 Research Literature 5 days Mon 19/07/21 Fri 23/07/21

» <2 Requirements 10 days Mon 26/07/21 Fri 06/08/21 1
» 2.1 Write the user requirements 3days Mon 26/07/21 Wed 28/07/21

» 2.2 Identify the all the risks and features 3days Thu29/07/21 Mon 02/08/21 3
» 2.3 Create a UML diagram and design system 4days Tue03/08/21 Fri06/08/21 4
» <3 Analysis 5 days Mon 09/08/21  Fri 13/08/21 2
» 3.1 Gather dataset 5 days Mon 09/08/21  Fri 13/08/21

» <4 Design 21.5 days Mon 16/08/21 Tue 14/09/21 6
» 4.1 Design Application 14 days Mon 16/08/21 Thu 02/09/21

» 4.2 Design Database system 5 days 5at04/09/21  Thu09/09/21 9
» <5 Build Application 47 days Mon 20/09/21 Tue 23/11/21

» <5.1Sprint1 15.5 days Mon 13/09/21 Mon 04/10/21

» 5.1.1 Write Code & Research 14 days Mon 13/09/21 Thu 30/09/21

» 5.1.2 Test Code 3days Fri 24/09/21 Tue 28/09/21

» 5.1.3 Document 2 days Fri 24/09/21 Mon 27/09/21

» <5.2Sprint 2 19 days Mon 04/10/21 Thu 28/10/21 12
» 5.2.1 Write Code & Research 11 days Mon 04/10/21 Sat 16/10/21

» 5.2.2 Test Code 3days Mon 18/10/21 Wed 20/10/21 17
» 5.2.3 Document 2 days Fri 22/10/21 Mon 25/10/21 18
» <5.3Sprint 3 16 days Fri 29/10/21 Fri 19/11/21 16
» 5.3.1 Write Code & Research 10 days Tue 26/10/21  Mon 08/11/21

» 5.3.2 Test Code 3days Wed 10/11/21 Fri 12/11/21 21
» 5.3.3 Document 2 days Tue 16/11/21 Wed 17/11/21 22
» <6 Testing 10 days Mon 22/11/21 Sun 05/12/21 11
» 6.1 Perform a system Test 5 days Mon 22/11/21  Fri 26/11/21

- 6.2 correct issues 5 days Mon 29/11/21  Fri 03/12/21 25
» <7 Evaluation & Report 15 days Thu 02/12/21 Wed 22/12/21 24
» 7.1 Evaluation 10 days Sat04/12/21  Thu 16/12/21

» 7.2 Report 5days Thu 16/12/21 Wed 22/12/21 v 28
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1.1- Versions used for Keras and Tensorflow

print('Keras Version: {}'.format(keras._version_)) # Windows 10 - Version is 2.2.4; Ubuntu - Version 2.7.0;
print('Tensorflow Version: {}'.format(tf. version_)) # Windows 10 - Version is 1.1.14; Ubutnu - Verson 2.7.

v 02 Python
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Dataset > Automated » Preprocessed » 9 v o O Search9
Name - Date modified Type Size
(<] 090000_UNKNOWN.prg T6/04/2021 1055 PG Fie 31
(<] 050001_UNKNOWN.prg To/04/2021 1055 PNG File 31
(5] 0%0002_021ng To/04/2021 1055 PNG File 318
(5] 0%0003_U33.n5 To/04/2021 1055 PNG File 318
(5] 090004 MTTng To/04/2021 1055 PNG File 318
(5] 0%0005_050png To/04/2021 1055 PNG File 318
(5] 0%0006_021.ng To/04/2021 1055 PNG File 318
(5] 050007 P8 ng To/04/2021 1055 PNG File 318
(5] 0%0008_E23.n5 To/04/2021 1055 PNG File 318
(5] 0%0008_N35 ng To/04/2021 1055 PNG File 318
(5] 0%0010_E34mg To/04/2021 1055 PNG File 318
(5] 090011_UNKNOWN.prg To/04/2021 1055 PNG File 318
(5] 090012_UNKNOWN.pg To/04/2021 1055 PNG File 318
(5] 090013 MTTng To/04/2021 1055 PNG File 318
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[(N35 448), (M17', 354) (szs zss) 1, zsz) (G43, 197), (m7 195), (D21',183), (19',146),
(V: , (! (R8 , { 57,

G1',35), (G5, 31) (N37 30) (czs 27) (u1 ,zs) (D2, 24), (539 21) (NS 21), (01
20), (N18',19), (034, 19), (NT', 18), (N29', 18), (D28, 17), (N31",17), (Q1’, 17), (U33", 17),
(P8, 16), (N14', 14), (04", 14), (M18', 13), (049', 13), (U15', 13), (V4', 13), (D54, 12), (N30',
12), (W25',12), (G7',11), (211", 11), (E9', 10), (E23',10), (F34', 10), (028, 10), ($34',10),
(G36!

7) (H6', 7) (M44 7) (031 7) (W1E 7) (‘(Z 7) (D60 6) (F‘\S 6) (XS 6) (D1, Si,
‘, , ((M42',5), (P1',5), (VT', 5), ('v24',5), (W11, 5)]





image35.png




image36.png




image37.png




image38.png




image39.png




image40.png




image41.png




image42.png




image43.png
1.2.2 - Function to retrieve the Gardnier Sign list

def FetchSite():
url = "https

/7w egyptianhieroglyphs .net/gardiners-sign-list/"

raw_request = Request(url)
raw_request.add_header(‘User-Agent’, ‘Mozilla/5.0 (Macintosh; Intel Mac 0S X 10.15; rv:78.6) Gecko/20100101 Firefox/78.6')

raw_request.add_header (*Accept’, *text/html,application/xhtnlexal,application/xml;q=0.9, inage/webp, */*;=0.8')
resp = urlopen(raw_request)
raw htnl = resp.read()
soup = Beautifulsoup(raw_html, “htnl.parser’)
print(soup. prettify())
with open("Alphabet/hieroglyphsTables.htl", “w, encoding="utf-8') as file:
file.write(str(soup))
# Fetchsite() # Uncoment this line to retreive site data.
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def Findcollectionofalyphs():
collectedslyphs = (1
allolyphs = ['631°, D58, "D46", ‘19", 'WI2','V28', 'M17", "T14",'V31', 'E23')
print(*Glyph :Count")
for glyph in alllyphs
TocatedGlyphs = FindingGlyphs (glyph, 'Hanual')
print(glyph, ' ", len(Locatedolyphs) )
collectedslyphs.append (Locatedslyphs)

FindCollection0Glyphs()

v oo
Glyph :Count
@10

058 : 36
046 : 50

19 : 146
Wiz ;0

vas 5 36
7 ;364
o
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def Reagutal():

url = *Alphobe, ETORISBISTAONE. b=t

With open(url, encoding="uif-8') as fp:
Beavtifulsoup(fp, htal parser’)

#print (soup.prettify())

table = soup. find_alL(*table’)
dfTable = pd.read_html(str{table)) (6]

d1ALL = pa.DataFrae()

for 1 1n range(o,25):
dfTable = pd.read htal(str(table)) (1]
dTALL = GALL. append (dfTable)

for i in range(8,8):
df = pd.read htal(str{table)) [i]
print(ten(df])
print(dr)

Readhtall]

Output exceeds the size Linit. Open the full output data in a text editor
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denseLayers = [0,1,2]
layerSizes = [32,64,128]
convLayers = [1,2,3]

optimizerL = ['SGD', 'Adam', 'RMSprop', 'Adadelta’, 'Adagrad’, 'Adamax',

activations = ['relu’, 'sigmoid’,] # More to include
N

*Nadam',

Frl']
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B

for optimizer in optimizerL:
for denseLayer in denselayers:
for layersize in layersizes:

for convlayer in conviayers:
t = int(time.time())
NAME = f'{optimizer}-opt-{convlayer}-conv-{layerSize}-nodes-{denseLayer}-dense"
print(NAME)

model = Sequential()

model.add(Conv2D(layersize, (3, 3), input_shape=X.shape[1:1))
model.add (Activation('relu’))
model.add (MaxPooling2 (pool_size=(2, 2)))

for 1 in range(convlayer-1):
model.add (Conv2D(layersize, (3, 3)))
model.add (Activation('relu’))
model.add (MaxPooling2D (pool_size=(2, 2)))

model.add(Flatten()) # this converts our 3D feature maps to 1D feature vectors

for 1 in range(denseLayer) :
model.add (Activation('relu’))
model.add (Dense (layerSize))

model.add (Dense(1))
model.add (Activation('sigmoid'))

tensorboard = TensorBoard(log_dir="logs/{}".format (NAME))
model. compile(loss="binary crossentropy’,
optimizer=optimizer,
metrics=['accuracy’])
history = model.fit(X, y,
batch_size=32,
epochs=20,
validation split=6.1,
callbacks=[tensorboard, es,model_checkpoint callback])

Dr Dy B -

o

Python
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def BaseModel():
model = Sequential()

model.add(Conv2D(64, (3, 3), input _shape=X.shape[1:1))
model.add(Activation('relu’))
model.add (MaxPooling2D (pool_size=(2, 2)))

model.add(Conv2D(64, (3, 3)))
model.add(Activation(* relu’))
model. add (MaxPooling2D (pool_size=

2, 2)))
model.add(Flatten()) # this converts our 3D feature maps to 1D feature vectors
model.add(Dense (64))

model.add(Dense(1))
model.add(Activation('sigmoid'))
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input: | [(None, 50, 50, 1)]
conv2d_input | InputLayer
output: | [(None, 50, 50, 1)]
]
input: | (None, 50, 50, 1)
conv2d | Conv2D
output: | (None, 48, 48, 256)
vy
- - input: | (None, 48, 48, 256)
activation | Activation
output: | (None, 48, 48, 256)
A
input: | (None, 48, 48, 256)
max_pooling2d | MaxPooling2D
output: | (None, 24, 24, 256)
]
input: | (None, 24, 24, 256)
conv2d_1 | Conv2D
- output: | (None, 22, 22, 256)
vy
- | input: | (None, 22, 22, 256)
activation_1 | Activation
= output: | (None, 22, 22, 256)
A
input: | (None, 22, 22, 256)
max_pooling2d_1 | MaxPooling2D |————————— ~= |
output: | (None, 11, 11, 256)
]
input: | (None, 11, 11, 256)
flatten | Flatten
output: | (None, 30976)
vy
input: | (None, 30976)
dense | Dense
output: | (None, 64)
A
input: | (None, 64)
dense_1 | Dense
— output: | (None, 1)
]
. [ input: | (None, 1)
activation_2 | Activation
- output: | (None, 1)
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Model: "sequential”

Layer (type) output Shape
conv2d (Conv2D) (None, 48, 48, 256)
activation (Activation) (None, 48, 48, 256)

max_pooling2d (MaxPooling2d (None, 24, 24, 256)

)
convad_1 (Conv2b) (None,

activation_1 (Activation)  (None,

22, 22, 256)

22, 22, 256)

max_pooling2d 1 (MaxPooling (None, 11, 11, 256)

20)

flatten (Flatten) (None,
dense (Dense) (None,
dense 1 (Dense) (None,

activation 2 (Activation)  (None,

show more (open the raw output data in a text editor)

30976)

64)

1)

1)

590080

1982528

65

Total params: 2,575,233
Trainable params: 2,575,233
Non-trainable params: 0
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ModelName H1T1 H1T2 H1T3 H1T4 H2T1 H2T2 H2T3 H2T4 H1R1 H1R2 H1R3 H1R4 H2R1 H2R2 H2R3 H2R4 MH1 MH2 P/F

Adadelta-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail

Adagrad-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail

Adagrad-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail

Adamax-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail

Ftrl-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail

Nadam-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail

RMSprop-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail

SGD-opt-1-conv-128-nodes-0-dense N35 N35 N35 N35 M17 M17 M17 M17 N35 N35 N35 N35 N35 N35 N35 N35 4 0Fail


Microsoft_Excel_Binary_Worksheet.xlsb
Sheet1

		ModelName		H1T1		H1T2		H1T3		H1T4		H2T1		H2T2		H2T3		H2T4		H1R1		H1R2		H1R3		H1R4		H2R1		H2R2		H2R3		H2R4		MH1		MH2		P/F

		Adadelta-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail

		Adagrad-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail

		Adagrad-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail

		Adamax-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail

		Ftrl-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail

		Nadam-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail

		RMSprop-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail

		SGD-opt-1-conv-128-nodes-0-dense		N35		N35		N35		N35		M17		M17		M17		M17		N35		N35		N35		N35		N35		N35		N35		N35		4		0		Fail
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import numpy as np
import matplotlib.pyplot as plt
import os

import cv2

from tqdm import tqdm

DATADIR = "SortedDatasets/"

CATEGORIES = ['N35','M17']

f = open("PreProcessedDatasets/Categories.txt", "a")
fowrite(* ')
for i in CATEGORIES:
fwrite(f'{i}-")
f.write(*\n")
f.close()

for category in CATEGORIES: # do hieroglyph Classes
path = os.path. join(DATADIR, category) # create path to hieroglyph Classes
for img in os.listdir(path): # iterate over each image per hieroglyph Cla
print(category)
img_array = cv2.imread(os.path.join(path,ing) ,cv2.IMREAD_GRAYSCALE)
plt.imshow(ing array, cmap='gray') # graph it
plt.show() # display!

break # we just want one for now so br
# break #...and one more!

13s

sses

# convert to array





