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Abstract

Deep Learning and Image Processing for Handwritten
Style Recognition

Sarah Omar Ismael

Medieval manuscripts provide insights into our history. Understanding and 
analyzing medieval scripts usually require experienced paleographers. Recognizing 
handwritten styles from medieval scripts provides better insights into 
understanding of medieval manuscripts. However, manually investigating the large 
number of scripts is a challenging and time-consuming task. Moreover, machine 
learning and image processing techniques have been applied to address many 
complex recognition and classification problems. Therefore, in this thesis, we 
implemented several image processing techniques and a deep learning model 
called DeepStyleDetector to classify seven handwritten styles in Latin medieval 
scripts. We used e-codices dataset to train and test our model. We 
programmatically curated 8,350 pages from 1,705 Latin manuscripts. To ensure 
reliability of our approach, we used an external dataset that was provided in 
CLaMM competition. It consisted of 5,540 images from twelve different styles in 
Latin manuscripts. To prepare the data, we applied color conversion, padding, 
downsampling, and patch extraction in order to reduce noise in the images. The e-
codices data was randomly separated into three different sets: training set (70%), 
validation set (10%) and test set (20%). Applying DeepStyleDetector to the e-
codices dataset, we got 88% accuracy on the training set, 84% on the validation 
set and 85.02 % on the test set by training the model just in 10 epochs. 
Additionally, when we tested our approach on the CLaMM dataset we got 79.28% 
accuracy on the test set which is more than the accuracy of 76% obtained by the 
winner in the CLaMM competition using deep learning. We conclude that using 
deep learning and image processing techniques are best way to classify styles in 
handwritten manuscripts.
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1. Introduction 
1.1. Background 
Medieval scripts gained popularity between the fifth and the 15th centuries. Understanding these 
scripts is important to obtain historical knowledge of the middle Ages. However, studying 
medieval scripts is very challenging due to the heterogeneity and the age of the documents. In 
response to the requirements of the different regions and time periods, various handwriting styles 
were developed over time. These handwriting styles have often been used as a base for analyzing 
medieval scripts by Paleography, which is the study of localizing and dating medieval scripts [1]. 
Therefore, identifying the handwriting style from medieval scripts is key to get insights about the 
history in Middle Ages. 

However, due to the large number of medieval documents and unclarity of these documents, 
paleography is a challenging and time consuming work. The advances in image processing 
techniques and machine learning methods has made breakthrough in many fields especially in 
analyzing images. Therefore, developing computer model is important for improving the 
readability of medieval documents. Opportunely, several libraries have digitalized the scripts by 
capturing high quality page images which makes applying image processing techniques possible. 

The most common technique used nowadays to process images and analysis is computer 
vision[2]. Computer vision is a scientific field that deals with processing computer images. It is a 
sequence of processing, analyzing and understanding to make decisions. There are many 
applications of computer vision such as video tracking, edge detection and emotion recognition. 
In this project, there were many processes implemented including converting color, 
downsampling, edge detection, padding, patch extraction and noise reduction. Applying these 
techniques was an important part to preprocess the images and prepare them for further analysis. 
However, to use the thousands of images generated by the libraries machine learning methods 
are needed. 

Machine learning technique is the process of learning from data by finding main features or 
patterns for making decisions. It has powered many aspects of society in search recommendation 
for e-commerce websites to many applications in smart devices such as face recognition, speech 
recognition, voice to text transcripts and etc[3]. The most common technique which is used to 
solve these complex problems is called deep learning[3].  

Deep learning model is a representation learning method that has shown highly successful 
especially for image recognition tasks. Its success is mainly due to its ability to handle large 
number of features through several neural network layers. Since, this project is based on 
thousands of images from medieval documents, deep learning is a powerful method in order to 
recognize high purpose features that define the different handwriting styles. Coupling deep 
learning with techniques from computer vision enabled us to build the model that is presented in 
this thesis. 
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1.2. Related Works 
Only a few recent projects have successfully used computer vision and machine learning 
techniques to analyze medieval documents. One of these projects is “Artificial paleography: 
Computational Approaches to Identifying Script Types in Medieval Manuscripts”[4]. The project 
was implemented in CLaMM competition in the task of classifying medieval handwritings in 
Latin Script. The project consisted of 3,540 images in training set and 2,000 unseen images in 
the test set from 12 different handwriting styles. They applied two types of machine learning 
methods, 1) Deep Convolutional Neural Networks (called Deep Script) that is based on VGG16 
model[5]; and 2) Bag of words (called FAU). In the Deep Script model, data augmentation was 
implemented to avoid overfitting and memorizing the model. After applying rotation and 
zooming level augmentation processes, they randomly extracted thirty patches of size 150x150 
from each image. They trained the model in 100 epochs and tested it on the test set by averaging 
the probabilities of all patches per image. The model showed high accuracy of 76.49%. 
Interestingly, the bag of words model (FAU) reached 83.90% accuracy[4].  

In another work, Silmane et al[6] used Gaussian Mixture Models to identify six handwriting 
styles. The model was implanted on German documents belonging to six styles. The authors 
manually extracted 17 features by computing mixed sliding of horizontal and vertical windows. 
In prediction part each GMM outputs a log-likelihood score for an input and the highest score 
was selected. The handwriting style identification rate was 100% using GMM for each of the six 
styles[6]. Although this high accuracy is highly valuable but due to the small number of images 
used in the work, it is difficult to generalize the training model. 

1.3. Project Aims 
The main goal of this project is to develop a deep learning classifier that detects handwritten 
styles from medieval scripts. Our aim is to apply various image processing techniques to prepare 
the data and build a deep learning model to classify thousands of handwritten scripts obtained 
from the E-codices project[7]. We also aim to test our approach on the CLaMM dataset[4].  

More specifically, we try to answer the following research questions: 

1.  How applicable is state-of-the-art machine learning method that is deep learning for 
distinguishing between handwritten styles in medieval scripts? 

2.  How computer vision techniques contribute in improving style classification in 
medieval scripts? 

3.  What are the optimal hyperparameters that prevent the model from overfitting and 
underfitting? 

4.  How valid is our approach on scripts from another dataset? 

5.  Is it possible to equally distinguish all types of styles from each other? 
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1.4. Thesis Structure 
The remaining of the thesis consists of the following. In the Theory section, medieval documents 
and the seven styles that are classified in this project are explained. Next, image processing 
techniques and computer vision processes are briefly presented. In the last part of this section, 
we introduce the concepts of machine learning and deep learning. In the Methodology section we 
describe our project from data collection to model building and its evaluation. In the Results and 
Discussions section, we present the main findings from the project. Finally, the main conclusions 
are demonstrated.  
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2. Theory  

This section consists of three parts. In the first part, we introduce medieval scripts, paleography 
and some scripts styles in Latin and their examples. In the second part, we discuss image 
processing, computer vision and some operations in image processing such as edge detection and 
downsampling. We also introduce some concepts in linear algebra that are used in the second 
and last parts. In the last section, we discuss machine learning which is the main part of this 
project. In this part we also introduce the fundamental concepts in deep learning. 

2.1. Medieval Scripts  
The handwriting styles used in medieval documents have been investigated mainly based on the 
features of the characters found in the scripts. There are mainly two methods that are used: 

● The quantitative method, which applies a statistical approach, is measuring significant 
features of handwriting and visualizing the results. A simplified model that was proposed 
by Anscari Mundo in 1981, uses a table to compare features of undated manuscript with 
parallel features of dated codics of about the same date[1]. 

● The morphological method that studies principle of graphs of specific type and 
investigates distinctive features of a given one and other features that are already 
identifiable[1]. 

2.1.1. Paleography 
Paleography is defined as studying medieval handwritten script to specify its history, 
development, script type, identification, localizing, dating and its scribes. Paleography compares 
unspecified script with examples that are dated and localized according to some common 
features[8].  

2.1.2. Medieval Handwritten Styles 
The styles that were considered in this project are presented in Figure 1. The definitions below 
are based on the works of A. Derolez and J.J. Marcos[1], [9].   

2.1.2.1. Carolingian Minuscule 

Carolingian minuscule is a script style that was used between 8th to 12th centuries. Education 
and religious materials were written in Carolingian minuscule. It became a standardized script 
and spread rapidly within Western Europe, from Spain to Scandinavia, and from England to 
North Italy[9]. 

Carolingian minuscule is uniform, legible, having space between words and clear capital letters 
make the script more clear and standardize[1]. Sentences start with a capital letter and end with 
points or semicolon. Words are separated clearly from each other.  
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The clarity and good forms of Carolingian minuscule letters makes it easy to read the scripts. 

These are some of the features of Carolingian minuscule: 
- In Carolingian minuscule tall letters such as b, l, h, p, etc are thickened in their limbs. 
- The shape of the letter “a” varies. In the beginning of the empire, it was opened round 

similar to “u” form and latter the round was more closed. 
- Tall letters such as  “b”,”d”,”l” and “h” are club shaped of the ascenders at the top 
- Letter “g” forms as bow opens and it is more like a numeral 3. 
- Tall “s” is frequently used. 
- The letter “i” often goes below the line and sometimes it is dotted. 
- “m” and “n” letters are little tuned at the end[9].  

The following lines show particular characters in  "Carolingian minuscule" font: 

Upper case letters: 

 

Lower case letters: 

2.1.2.2. Gothic Minuscule 

Between the twelfth and thirteenth centuries the level of latency increased and many universities 
were founded. Books were produced in many fields such as language, law, science, etc. Caroline 
minuscule became a time consuming style and laborious because of having a lot of space. The 
demand for having a style which is more compressed and has less space became a reason to 
invent gothic style. Sometimes it is known as blackletter script because the pages appear dark 
since they have little white space and more letters are in the page. 

In this script it is noticeable that it has thicken letter and thickness is added in the top of 
ascenders in left side. When minims letters “m”,”n”,”u” and “i” are written together they touched 
each other and increase the chance of confusion. However, a stroke over “i” which was small 
slash and later changed to dot helped to decrease this confusion. Also, some letters are difficult 
to distinguish between them such as “u” and “v”, also “i” and “j”. Finally, Letter “s” was shaped 
long s in the beginning and middle of words. 

Below are examples of gothic capital letter:
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2.1.2.3. Textualis

Textualis, which is derived from the Gothic minuscule, was more used in France, England, 
Germany and the Low Countries. Its main characteristics are tall and narrow letters compared to 
Carolingian minuscule. The letters are also sharp, straight, and angular lines opposite to 
Carolingian minuscule that uses rounded and smooth letters. Letters (b, h and d) have sharp 
bottom. Letter “a” has back straight stroke and the loop is more closed, it resembled number 8. 
Some letters (b, d, p and q) are followed by bow letters such as (be or po). The bows are 
overlapped and the two letters are joined (known as biting bows).  

 

Some letters such as “i”, “u”,”m” and “n” are difficult to distinguish when they appear next to 
each other specially in one word because they look as one stroke. Just “I” is distinguished by 
having a narrow slash or dot on top. 

=INIMICUS 

2.1.2.4. Textura 

Textura is a subtype of gothic script that means letter of forms. It has sharp corner letters and the 
letters direction touch and overlap. The script is easy to read because it is clear, elegant, well-
separated and well-formed script. Some minims letters such as “i”, “m”,  “n”, “s” and “f” are cut 
off in baseline horizontally. Highly decorative letters are shown such as cruel in the end of 
“g”,”h”,  ”y” and end of form “s”. Also “i” has diagonal dash in top. 

Letter “s” has two forms            

Letter “r” has two forms            

Upper case letters: 

 
Lower case letters: 
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2.1.2.5. Cursiva 

Cursive script is developed from the Textualis style at the end of the thirteenth century[9]. It 
refers to a large variety of forms in the gothic script. The cursive script was changing according 
to different purposes for instance Cursiva was developed when paper was introduced because it 
was easy to write fast on paper than on parchment.  

Cursiva is an interconnected script which has a lot of loop in the letters. It is also written without 
lifting a pen. The ascender letters are more frequent specially letter “f” and “s”. The descended 
letters are curved instead of sharp virtual (it appears more in letter “d”). Letter “a”, ”g”, and “s” 
are resembled forms in Carolingian minuscule. 

Uppercase letters: 

Lowercase letters: 

2.1.2.6. Bastarda Gothic (Hybrid) 

It is the last development of gothic style which is dated to late fourteenth and beginning of the 
fifteenth century[1]. 

Bastarda is a mixed style between base or informal cursive and formal Textura. It is a 
combination of two forms of the gothic style. Bastarda borrowed vertical ascenders in Textura. It 
borrowed long “s” and “f”, single-looped in “a” and “g”, and open descender as in Carolingian 
minuscule.  

Uppercase letters: 

Lowercase letters: 
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2.1.2.7. Spaetcar

Spaetcar is used by the e-codices project to represent the German version of Carolingian 
minuscule named as Späte karolingische Minuskel. 

Figure 1 
Examples of the seven handwriting styles in Latin medieval scripts 
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2.2. Digital Image processing 
Digital Image is a two or more dimensional function. Images consist of a finite number of 
elements. Each element has its value and location and they are called pixels. Each pixel has x and 
y coordinates denoting its location in the image. The value of f (x, y) is an intensity or gray level 
of the pixel which is discrete or finite value, hence it is called digital image. Image processing 
uses computer systems to process digital images by applying computation algorithm. Processing 
digital images has more advanced than processing analog images in avoiding noise and 
distortion[10]. Images have an important role in human visual system, however the complexity 
in processing images has increased demand for development in image processing[10]. 

2.2.1. Computer Vision 
Computer vision has two goals. First is a biological perspective. Computer vision aims to find 
the computation that occurs in the human visual system. Second, in engineering perspective, 
computer performs some tasks that human visual system performs i.e. how the computer vision 
benefit from the human visual system to recognize specific features in a high dimensional data. 
Computer vision suffers from many issues, for instance humans can recognize faces in different 
situations but in computer vision lots of data and many computations are needed to recognize 
these faces in deferent situations[2]. Therefore, some algorithms work well in some cases but not 
in others. To overcome these issues two criteria should be satisfied: 1) the model should be able 
to interact with humans to obtain data such as audio, signal, etc. 2) it should have tolerance for 
mistakes. 

2.2.2. Image Representation in Computer Vision 

2.2.2.1. Matrix 

Image is represented as a matrix in computer vision. In case of gray-scale images, a two-
dimensional array of numbers is to represent the density of each pixel in the image (Figure 2). 
The matrix has two indices, the horizontal index, known as row, and vertical index, known as 
column[11]. Each row or column defines as a vector. A vector is a one-dimensional array of 
numbers. The elements or numbers in the vector are called scalar[11]. Scalar is synonymous with 
variable term in computer programs that is used to store unknown quantity or a value[12]. In the 
context of computer vision, a pixel in an image is a scalar. 

  
  

 

 

 
Figure 2: Image representation as a matrix 
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2.2.2.2. Tensor

When elements in matrices or images are linearly mapped to other sets of algebraic objects extra 
dimensions are needed to represent the mapping information. Representation of multi-
dimensional axes is achieved using tensors[11]. We can see vector as subclass of tensor[12]. A 
tensor can have multiple ranks such that: rank zero tensor is a scalar, a rank one tensor is a 
vector, rank two tensor is a matrix, rank 3 tensor is a 3-tensor and n tensor is a n- Tensor. In the 
machine-learning context, tensors are widely used to process images and their mapping 
information in a multiple neural network layer form. Figure 3 is an example of Tensor 
architecture. 

 
Figure 3 

Tensor[13] 

2.2.3. Canny Edge detection 
Generally, in addition to the main information that is represented in an image lots of other 
irrelevant or noise data is found. For instance, in a handwritten document, in addition to the main 
text written there is a lot of white space around the text. Identifying the main objects in the image 
and separating them from the noise makes it easier to analyze the main objects. 

For this purpose, edge detection techniques are used in computer vision to find object boundaries 
in an image. Canny's edge detector is a widely method for this purpose[14]. Canny determines 
edges by classifying each pixel according to gradient magnitude and compare it with both 
neighbors of it sides. The pixel is classified as an edge if gradient magnitude of this pixel is 
larger than the gradient magnitude of both its neighbor in the direction of maximum intensity 
changes. 

Canny is an accurate defined operator. It determines edges by optimal processes and proposed an 
approximation to optimal detector by finding gradient magnitude of gaussian smoothed image. 
The three criteria that specify the optimality of canny detection and makes it more popular are: 
good detection, good localization and single response to an edge. 

The following steps are applied in the implementation of Canny[14]:  
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● Noise reduction 

Edge detection is sensitive by noise in the image[15]. The first step is to remove noise by 
Gaussian filter. It is important to choose the filter size properly because it affects 
performance of the detector. Larger filter size decrease sensitivity of the detector to noise 
while a small filter size increases sensitivity. A good size of filter is 5x5 in most cases. 

● Finding intensity gradient of image 

The smoothed image is filtered by Sobel kernel horizontally and vertically to get first 
derivative of horizontal direction (Gx) and vertical direction (Gy). Edge gradient and its 
direction is found by:

● Non-maximum suppression 

After finding gradient magnitude and direction, all image pixels are scanned to remove           
unwanted data. It happens by checking each pixel with both pixel sides. If its gradient 
magnitude is larger than both sides, it is marked as edge otherwise it is neglected[15]. 

● Hysteresis Thresholding 

This stage decides if the edges found are real edges. It checks the edges by two thresholds 
that are maxval and minval. Any gradient intensity above maxval is marked as sure-edge, 
those that are below minval marked as non-edge. Edges that have gradient intensity 
between maxval and minval are marked as edges when they have connectivity with a 
sure-edge. 

 
Figure 4 

Gradient Intensity Thresholding[15] 
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For example, in Figure 4 edge A is above maxval therefore it is a sure edge. Edge C is an 
edge because it has connectivity with sure edges and it is above minval. B is not edge 
although it is in the same region as edge C but it does not have connectivity with sure 
edges[15].  

2.2.4. Image downsampling 
Compression transmission is used widely in image analysis. It reduces the spatial resolution of 
images and keeps the 2-dimensional image representation[16]. It is typically utilized to reduce 
storage and time computation. There are many ways for downsampling an image such as resize 
and downscale. Image downscale uses a factor of nxn to rescale the image. In each block it takes 
the mean of these elements and replaces the block with its mean.   
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2.3. Machine Learning 
Machine learning (ML) is a branch in AI develops computational algorithms from data by 
extracting features. Instead of manually specifying the pattern recognition rules in a computer 
program, ML tries to learn these rules from the data. The algorithms developed in ML are called 
models[12]. Thus, it can be said that ML is inspired by the human brain system for learning and 
implements it in digital computer.  In figure 5 as shown the relation between AI, ML, and Deep 
learning 

 
Figure 5 

Relation between AI, ML, and Deep Learning[12]

There are two main strategies of learning:  

● Supervised learning: the model is built based on labeled data, the input training data 
should have known labels specifying the class of each record from the input data[11]. For 
instance, in order to learn the rules of a particular handwriting style, script examples of 
that style should be given as input to the model. The performance of algorithms in this 
type are largely affected by the credibility of the labeled data. 

● Unsupervised learning: in this strategy the model is built based on unlabeled data. The 
training input data are grouped based on patterns extracted from the features or the 
distance between the elements. The learned patterns are used to predict the group of 
unseen data.  

In this thesis project, a powerful method in supervised machine learning that is based on artificial 
neural networks has been applied. Below, the details of the method are presented. 
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2.3.1. Artificial Neuron (AN) 
In order to understand the details of Artificial Neural Networks, we first need to understand the 
basic concept of Artificial Neurons. ANs resemble human brain neurons. AN receives input 
signal from the environment or another neuron and computes output by multiplying each input 
signal with an associated weight, the weight is adjusted to strengthen or weaken the input 
signal[17]. Figure 6 is the architecture of one neuron: 

  
Figure 6 

Architecture of AN (Artificial Neuron)[17] 

z = (z1,z2,z3,....,zI), where z is a vector of inputs and v = (v1,v2,v3,....,vI), where v is a vector of 
weights. 

These two vectors are multiplied and then subtracted from 𝛳 that is referred to as bias. Then it is 
passed through transfer function that is also called activation function to get output o[17]. 

2.3.2. Artificial Neural networks (ANN) 
One neuron can perform a simple processing information function. However, to perform a 
complex task as pattern recognition and memorizing a system we need more neurons and 
connections. ANN has hundreds or thousands of neurons that are connected by weighted inputs. 
Although the purpose is to resemble the human brain system but it is still far from that which has 
about 100 billion neurons. In Figure 7, the network is a simple feedforward network which is 
composed of one input layer, one hidden layer and one output layer.  
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Figure 7 

ANN Architecture[18] 

Various types of ANNs have been designed based on the degree and type of connections 
between the neurons, activation function and learning rule. Feedforward and feedback networks 
are widely used types of ANNs. These two networks are distinguished based on their 
connections. In feedforward networks, each neuron receives input from previous layer and 
forwards it through the network without looking back to adjust the model parameters. In 
feedback networks, the input is received from previous layers or sometimes from the next layer 
or even the same layer to reduce training error and adjust model parameters to minimize training 
error[18]. Adjusting parameters based on previous layers is also called back propagation. Figure 
8 displays the architecture of both networks.

 
(a) FeedForward Network                       (b) FeedBack Network 

Figure 8 

Neural Networks Types[18] 

One of the most popular networks that have been used for prediction and classification is fully 
connected network with back propagation[18]. 
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2.3.2.1. ANN Functions 

Activation Function  

Activation function is applied by each AN to process its input signal and bias. There are several 
different types of activation functions that are either based on linear or nonlinear functions. 
Linear function is monotonically increasing and it’s value is between  [0,1] or [-1,1]. 

The following are the main types of activation functions 

● Sigmoid function 

It is a sigmoid transform that reduces input signal range from infinite value to a 
probability between 0 and 1[17]. 

 variable is used to increase slope of function and usually its value is equal to one[12]. 

 
Figure 9 

Sigmoid function[17] 

Sigmoid function is used in output layer if the categories or classes of input signals are 
independent on each other such as object recognition. 

● ReLU function 

It is a nonlinear function and its value is between 0 and a constant. When the input value 
is below zero the output is zero, which means the relation between input and output is 
linear[12]. 
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f(x) = max(0, x) 

In practice ReLU function has better results than sigmoid function. ReLU is the most 
used activation function especially in convolutional neural networks[19]. 

● Softmax function 

It is an activation function frequently used in the output layer. It returns the probability 
distribution of all classes that an input belongs to. Taking argmax of softmax value we 
get highest probability class that the input belongs to[12]. 

 
Loss Function 

The loss function which also known as objective function is used to find the error between the 
true label values and predicted label values. The model tries to decrease the loss function value.  

In a multi-class model, the categorical cross entropy is used as a loss function. In categorical 
cross entropy, if the model has ten classes then the output will be a vector of ten columns.  
 
Optimization Methods 

Optimization functions help to avoid getting stuck during training stage by finding a local 
minimum or a global minimum. Adam optimization function, which is a widely used method, 
finds the global minimum[20]. 
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2.3.3. Deep learning 
Many applications of deep learning implement Feed Forward Neural network architecture[3]. It 
is the next generation of neural networks that uses more neurons and more parameters. This leads 
to explosion in computing and more complex connections between layers and neurons. Deep 
learning is capable of extracting features in an intelligent fashion which reduces the need for 
engineering skills for manual feature extraction[12].  

These properties make deep learning a good approach for solving complex problems in 
commercial, scientific, and other areas such as face recognition, object detection, speech 
recognition, etc.  

In this project we have implemented a deep learning model known as CNN that we describe 
below. 

2.3.3.1. Convolutional Neural Networks (CNNs) 

CNN is biologically inspired by the visual cortex in the human vision system to find sub-regions 
from an input image. CNN is a structured version of a multilayer neural network that is based on 
convolution operation. In fully connected networks, a very large number of parameters are used 
to learn from the input data. For example, color (RGB) images with width 300 pixels, and height 
300 pixels would generate a network of 270,000 parameters at the learning stage. Such networks 
have a massive structure. However, the convolution operation enables CNNs to reduce the 
number of parameters significantly by using a kernel or filter window that is applied to the input 
images[12]. 

 

Major structure of CNN consists of three parts 
1. Input layer 

The input data is represented at the input layer as a tensor of four dimensions 
representing: number of images, image width, image height, and number of channels. 
Where the number of channels is one for gray scale images and three for color images. 
 

2. Learning layer or convolutional layer  
Convolutional layer is the core in CNN structure. The layer performs a dot product 
between a region of neurons from the input layer with a matrix of weights, which is 
designed in a grid called filter or kernel, and produce one output value for the region[12]. 
Usually, several convolution layers are interconnected to learn different types of features 
at the learning stage. As shown in figure 10  
 

3. Classification layer 
It is a fully connected layer that has a neuron for each class. It outputs the probability that 
this input belongs to this class. 
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Figure 10 

Convolution layer[12] 

CNN may also contain other layers in its learning layers and output layer, this include: 

Pooling layer 
Pooling layers are added between successive convolution layers. It reduces the spatial size (width 
and height) of the data representation. It is a technique used to avoid overfitting in the network. It 
also performs downsampling of data representation. The common size of pooling is 2x2 with 
stride 2. Max pooling and average pooling are two main types of pooling. In max pooling, the 
max value of a block is used whereas in average pooling the mean of the block is used. 

Dense layer or fully connected layer 

Dense layers are used at the end of learning layers after convolutional and other layers. It is also 
used to compute class scores in the output layer where the output would be [1x1xN]; N is the 
number of classes. This layer has input volume and normal parameters (weights and bias) to 
compute each neuron.  

There are several CNN architectures built for image classification based on different 
combination of the above layers, this include VGG16[5], ResNet[21], Xception[22], and 
others[23]. 
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2.3.3.2. VGG16 Model Architecture 

The architecture of this model uses a very large number of layers with small kernel sizes. As 
shown in below, it combines multiple convolutional layers and two dense layers for the learning 
stage in addition to input and output layers. 

 

 
Figure 11 

VGG16 model architecture (source: https://neurohive.io/)[24] 

 

2.3.3.3. CNN Operations 

 

Convolution 

Convolution is a mathematical operation that merges two sets of information. Convolution 
operation is defined as a feature detector in CNN. It makes multiplication between a region from 
input image or neurons from the previous layer with a grid of weights which is known as kernel 
and produces convoluted features as output[12]. 
The operation of multiplication between a region of input data with a kernel window is shown in 
figure 12: 
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Figure 12 

Convolution operation[12]  

Kernel or filter 

It is a three dimensional tensor that contains weights used in the convolution operation. Its values 
are updated during the learning stage. The kernel size is chosen based on the feature details that 
are wanted in the images. If the aim is to look for localized features the small kernel sizes are 
used such as 3x3 or 5x5 whereas for generalized features big size of kernels is used such as 9x9 
or 11x11. 

Zero-padding 

It is implemented in convolution layer. It Adds zero values around input tensor It also enables 
dot product between all pixels from the input and the kernel[12]. 

Stride 

It specifies how the kernel window moves per convolution operation. When stride equals to 1 the 
kernel window is moved one per unit and so on. When the stride value is low overlapping 
between columns in the output layer increases therefore larger output is produced. In contrast, 
when a higher stride is used overlapping is reduced and the size of output becomes smaller. 
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2.3.4. Regularization 
One main problem in the machine-learning field is how to generalize the model to not only 
perform well on training set but also on the unseen data. Regularization is a strategy used to deal 
with model generalization issues[11]. Regularization attempts to reduce test error that may also 
increase error in the training set. Regularization’s objective is to decrease variance without 
increasing bias too much[11]. For example, when weights of a deep learning model become too 
large, regularization reduces the weights by applying prior functions (L1 or L2 norm)[12]. 

2.3.4.1. Overfitting and underfitting 

Overfitting and underfitting are two challenges in machine learning. Underfitting occurs when 
the model cannot obtain low error values in training set. Overfitting occurs when the gap 
between training error and test error is too large. In overfitting, the model memorizes the 
properties or features of the data in training set and may not serve well in the test set[11] (as 
shown in figure 14[11]). 

Figure 13 

Underfitting and Overfitting in ML[12] 

It is important for any machine learning model to be generalizable and perform well on training 
set and test set without having a big gap between them[12]. As shown in figure 13 

 

Figure 14: Capacity of model 
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There are many methods for regularization. Below we discuss early stopping and drop out that 
are frequently used methods for regularization in deep learning applications. 

2.3.4.2. Early stopping 

Early stopping is a simple hyperparameter that is specified during model development. The 
parameter forces the training process to stop when the validation error does not decrease after the 
specified number of iterations[11]. This technique avoids overfitting the model.  

Figure 15 
Learning curves[11] 

Figure 15 shows training error and validation error are decreased. However, the training process 
should stop when validation error stops to decrease. 

In practice we evaluate validation set to find best hyperparameters during training the model[11]. 

2.3.4.3. Dropout 

Dropout is a process to avoid using all neurons in the network so that the model does not 
memorize all the features. It is achieved by multiplying some randomly selected neurons in the 
output of previous layers by zero[11].To avoid removing parts in the original input dataset, using 
dropout in input layer is not recommended[12]. 
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2.3.5. Model Evaluation  
It is the process to understand how well the model performs for the classification task by 
measuring prediction metrics. A method used for model evaluation is confusion matrix. 

2.3.5.1. Confusion matrix 

It is a table that consists of rows and columns where the true classes are represented row-wise 
and the predicted class are represented column-wise. It shows prediction and actual outcomes of 
the classifier by counting number of: true positives (TP), false negatives (FN), false positives 
(FP) and true negatives (TN) (Figure 16). 

  
Figure 16 

Confusion matrix[12] 

Based on combination of these four components we can calculate the evaluation metrics 
presented below. 

Accuracy 

Accuracy is a measure that shows how the model performs in predicting correct classes based on 
the following equation: 

Accuracy = (TP + TN) / (TP + FP + FN + TN) 

Accuracy is not a good measurement when there is imbalance in the number of samples per class 
in the dataset[12]. This metric is misleading when a class has a large number of samples and the 
others have lower number of samples. The accuracy metric might have high value if the model 
performs well in the large class even if it performs bad for the other classes. Therefore, it is 
important to show the accuracy of the model for each class instead of just the average or overall 
accuracy. 
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Precision   

Shows the performance of the model on predicting the true labels for a given class. It is also 
known as positive prediction value. Sometimes it used interchangeably with accuracy 
measurement.  

Precision = TP / (TP + FP) 

It is important that this metric and accuracy are both valid to consider them[12]. 

 

 

Recall   

It measures the model’s sensitivity. It represents how the model performs in finding true classes. 
It is called True Positive rate or hit rate: 

Recall = TP / (TP + FN) 

F1-score 

It is the mean of recall and precision showing the overall performance of the model. It considers 
both true positive and false positives in relation to true positives per class: 

F1 = 2TP / (2TP + FP + FN) 

In machine learning, F1-score is used as an overall score to measure the model performance and 
it is a value between 0.0 and 1.0. Score of 0.0 means the worst score and 1.0 is the best 
score[12]. 
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3. Methodology 
3.1. Data Collection
The dataset that was used in this project was collected from the e-codices web resource. E-
codices is a Virtual Manuscript Library of Switzerland project. The project collects medieval 
manuscripts and modern collections around all regions in Switzerland. It also has free online 
access. The e-codices project started in 2003 and is continuing by collaborating with many 
libraries for transforming medieval manuscripts to a digitally copy. The library contains 
manuscripts and documents from many different languages, centuries, types and styles. In this 
project, we used manuscript written in Latin language from seven different handwriting styles. 
Our selection of the Latin language and the styles was based on availability of scripts in the e-
codices project. Our aim was to obtain a dataset with the largest number scripts. Overall, there 
were 1,705 manuscripts in Latin. From each Latin manuscript, we programmatically obtained a 
maximum of 20 image pages. All images were extracted from the manuscripts that had fewer 
than 20 pages. In order to avoid including cover pages, we took scripts starting from page 10 of 
each manuscript, if any. These images were downloaded using the OAI programming interface. 
We first loaded the metadata linked to each manuscript in XML format and parsed the XML file 
to extract the page URL, date and style. 

We also used an external dataset to test the reliability of our approach. The dataset was used in 
the CLaMM 2017 competition for style recognition and manuscript dating[4]. We downloaded 
the data from the CLaMM project website. The class label for each image file was readily given 
in a comma-separated file and the data was split into training and testing sets. 

3.2. Dataset Specifications 
The e-codices dataset consisted of 8,354 images. Each image represents a page in a Medieval 
Latin manuscript. The linked XML files contain description for each script such as style type, 
dating, localization, scribe, author and etc. In the dataset we have images belong to these seven 
different styles: Carolingian: 3,056, Bastarda: 1,240, Gotica: 1,078, Textualis: 885, Spaetcar: 
727, Textura: 710, Cursiva: 658.  

 

 

 

 

 

Figure 17 

Number of images in 
each style before pre-
processing 
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As it can be seen from Figure 17, there is imbalance between the classes especially Carolingian 
style. This class imbalance means any machine learning model directly applied will learn the 
pattern of one class better than the others. This causes ambiguity in results especially the 
accuracy metric. There are many ways to decrease this issue. To deal with this issue, we have 
implemented some preprocessing techniques that leads to better balance between the class sizes. 

Moreover, these manuscripts have been collected by different resources or libraries therefore the 
size of each images is different depending on the library that has captured the images and what 
type of manuscript its. It means that separating between the manuscripts is challenging 
even though they have the same styles of handwriting. Generally, image width is larger than 
image height. Approximately their sizes are between 1,000 to 4,000 pixels. Despite their high 
resolutions, presence of white spaces, drawings and large borders makes accessing text content 
within them difficult. Below is an example of a script in our dataset. 

 
Figure 18: An example of a script in e-codices dataset[25] 
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The CLaMM dataset that was used to test our approach consists of 3,540 in the training set and 
2,000 images in the test set. The images belong to 12 styles: Caroline, Cursiva, Half- Uncial, 
Humanistic, Humanistic Cursive, Hybrida, Praegothica, Semihybrida, Semitextualis, Southern 
Textualis, Textualis, and Uncial. 

Figure 19: Number of images per style in (a) training set and (b) test set from the CLAMM project. 

(a) (b) 
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3.3. Image Pre-processing 
In order to handle the noise in the script images, we applied image preprocessing techniques 
prior to applying any machine learning method. In the beginning of the project, we only applied 
image resizing and color conversion to the images but the model was unreliable because the 
difference between accuracy of training set and validation set was too large. Therefore, we 
investigated several ways to preprocess the data. Finally, we concluded that these operations are 
the best for our purpose:  

- Color of the images was converted from three channels of RGB to one channel grayscale.  

- We observed that the images are surrounded by a lot of white space. To neglect these 
white spaces, 20% of the boundaries where cropped from all sides (left, right, top and 
bottom) in each image. 

- Next, we detected edges and suppressed noise in each image using a multi-step algorithm 
known as canny edge detection. Edges with intensity gradient above 200 were marked as 
sure edges. Others with intensity gradient between 100 and 200 that were connected with 
sure edges were also marked as edges. The remaining points were marked as no edges 
thus neglected. This process makes more important features remain in the images and the 
others were avoided.  

- To handle the large size of the images, we rescaled them by applying Downsampling. 
The downsampling method was used with a factor of 2x2. As a result, the images were 
half sized both row-wise and column-wise.  

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 20: A sample script before applying image-processing techniques and after[26]. 
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3.4. Patch Generation 
We increased the number of input images of our machine learning model by extracting patches 
from the original images. The e-codices dataset included 8,354 samples, which is not enough for 
training a deep learning model. Therefore, we used patch extraction. 100 patches were randomly 
extracted from each image. Size of each patch was 150x150 in the first implementation after that 
the size of the patches was increase to 224x224 because of implementing the VGG16 model that 
has been developed on images of 224x224 pixels. Also, this larger size means more features are 
represented in the training model.  

For instance, the patches that were extracted from script image shown in Figure 20 represent a 
good separation of the text from the background noise (Figure 21).  

 

 
 

Figure 21 

Six patches extracted from a script. 
 
However, in the CLaMM dataset due to smaller sizes of the images we extracted patches of 
150x150 pixels per image.  
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3.5. Noise removal 
We also benefited from the results of the patch generation technique for noise reduction. Some 
patches are empty and increase wrong samples for the model. To avoid this case, empty patches 
were removed. First, the number of white pixels and black pixels were counted separately. 
Patches that had 10% or more of its pixels as white were kept. We used the threshold of 1 for 
white pixels. In this strategy, some data values or parts of the images were lost but this was 
needed to prevent the model from miss classification. However, even after removing empty 
patches, noise still remains in the dataset because some patches may contain drawings and music 
scripts. 

Importantly, the patch generation process enabled us to get a better-balanced dataset especially in 
the e-codices dataset. As shown in Figure 22, Carolingian that had at least double number of 
images than all other classes has become more balanced because empty patches were removed. 
Overall, the new e-codices dataset after patch extractions contained 224,155 entries, which is a 
good number to train a deep learning model. 

 

 

Figure 22 

Number of patches in e-codices per class after preprocessing and empty removal 
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3.6. Data Separation and Loading 
The images from the e-codices dataset were divided into three sets: 70% as Training set, 10% as 
Validation set and the remaining 20% as Test set. The training set was used to learn the features 
that distinguish the styles. The validation set was used to check the model accuracy during 
training, and the test set was used as unseen data by the model to test performance and accuracy 
of the model. After that, the patches were extracted from each image (Figure 23).  

 

Figure 23 

Number of patches in training, validation, and test set before loading to train and test the model 

 

In order to train the machine-learning model all the patches had to be loaded from disk. 
However, due to the large number of patches and their size loading them all to the main memory 
was not possible. This was the issue when we tried to use numpy arrays for training, validation 
and test sets.  

Therefore, instead of that we used Data Generators for loading the dataset. Directories were 
created for each of the three sets. Data Generator requires the data of each class to be in a sub 
directory (Figure 24) therefore the patches for each of the seven styles were stored individually. 
This way, the Data Generator solved the lack of memory problem. 
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Figure 24 

Directory structure for loading data in Data Generator (source: Keras Documentation[23]) 

3.7. Deep Learning Model Generation 
We created a deep learning model called DeepStyleDetector using the Keras framework and the 
Tensorflow backend. Our model was based on the VGG16 model[5]. We made some essential 
modifications to the VGG16 model to fit the medieval documents dataset. 

Our designed model is Sequential that means all layers are added and trained sequentially. The 
input to the model was all patches from the entire training set. Using the data generators enabled 
loading the data in batches. We used batch size 32. Thus, the input layer has a tensor of 32 
patches of 224x224 pixels and one channel per batch in case of the e-codices dataset. But in case 
of the CLaMM dataset, the input layer has tensor of 32 patches of 150x150 pixels and one 
channel per batch. The learning layers consisted of 10 CNN layers.  

Each block of CNN layers that consists of two or three CNN layers were followed by one 
AveragePooling layer and one Dropout layer except the last block that does not have Dropout 
layer. The number of kernels set to 32 for the first block and it was doubled in each following 
block. The CNN layers were used as a feature detector. Our aim was to enable the model to find 
the general features such as edges in the first CNN blocks, more specific features such as 
connective edges in subsequent blocks followed by very specific features such as characters in 
the last blocks. The reason for increasing the number of kernels in each block was to achieve this 
aim. Also, we used kernel size 3x3 because we wanted the model to look for localized features 
that are represented text in the image.  

The ReLU activation function was used in all the CNN layers. The reason for this is that ReLU 
works faster than the other equivalent activation functions such as tanh function in deep 
convolutional networks. 
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Furthermore, for regularization purposes that is to prevent the model from overfitting, Dropout 
layers were added after each block of CNNs except the last one. In our model we set the dropout 
rate to 0.25 in order to drop 25% of the input units. 

Additionally, AveragePooling layers were used for dimensionality reduction. Input units to this 
layer are downsampled by a window. When the window size of 2x2 and stride is equals to 1, the 
output of the previous layer gets halved. In our model, we moved two strides that means the 
output units were quarter size of the input units. 

The last layers in the learning layers are fully connected layers. There are two dense layers each 
with 1,028 units. 

Finally, the output layer was added as a dense layer with 7 units for the e-codices datasets and 12 
units for the CLaMM datasets to represent the corresponding number of classes. We used the 
softmax activation function to score the probabilities of the classes. For error reduction (loss) 
during training, we used the categorical cross entropy in the output layer. 

We used the Adam optimization function to find the global minimum. The learning rate was set 
to 0.001 since we only had 20 epochs. If we have more epochs we should decrease the learning 
rate. We used accuracy and loss as the metrics to be evaluated in each epoch during training. 

 

Figure 25 

Architecture of the DeepStyleDetector model 
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Table 1: Model architecture and number of parameters in DeepStyleDetector trained on the e-
codices dataset. 

Layer (type) Output Shape Param # 

conv2d_1 (Conv2D) (None, 222, 222, 32) 320        

conv2d_2 (Conv2D) (None, 220, 220, 32)       9248       

average_pooling2d_1  (None, 110, 110, 32)       0 

dropout_1 (Dropout)          (None, 110, 110, 32)       0 

conv2d_3 (Conv2D) (None, 108, 108, 64)       18496    

conv2d_4 (Conv2D) (None, 106, 106, 64)       36928 

average_pooling2d_2 (None, 53, 53, 64)         0 

dropout_2 (Dropout)          (None, 53, 53, 64)         0 

conv2d_5 (Conv2D)            (None, 51, 51, 128)       73856      

conv2d_6 (Conv2D) (None, 49, 49, 128)        147584     

conv2d_7 (Conv2D (None, 47, 47, 128)        147584     

average_pooling2d_3  (None, 23, 23, 128) 0 

dropout_3 (Dropout) (None, 23, 23, 128)        0 

conv2d_8 (Conv2D) (None, 21, 21, 256)        295168     

conv2d_9 (Conv2D) (None, 19, 19, 256) 590080     

conv2d_10 (Conv2D) (None, 17, 17, 256) 590080     

average_pooling2d_4 (None, 8, 8, 256)          0 

flatten_1 (Flatten) (None, 16384)              0 

dense_1 (Dense)               (None, 1028) 16843780   

dense_2 (Dense) (None, 1028)               1057812    

dense_3 (Dense)               (None, 7)                  7203 
 

Total params: 19,818,139 

Trainable params: 19,818,139 

Non-trainable params: 0 
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3.8. Model Training and Validation 
We used the Keras fit_generator() function to train the model by giving the train 
dataset as input. The function takes number of steps per epoch as a parameter. Here the step is 
equal to the number of batches, which is 32. The model was trained on the Kebnekaise servers at 
the high performance-computing center (HPC2N). Due to the large number of layers and the data 
size we used GPU nodes on the server that handled the tensors efficiently. The use of GPUs 
made the model training process much faster. It took approximately 20 hours on NVidia K80 
GPU node compared to days on CPU nodes. In order to allow other users to use the trained 
models, we stored the models and all their associated weights using Hierarchical Data Format 
(known as HDF5). HDF5 allows for storing complex objects in a hierarchical format. The output 
of this function is the accuracy and loss of the model on the training data from each epoch. 

For evaluating the trained model from each epoch, we used the evaluate_generator() 
function from Keras by giving the evaluation dataset as input. We use the step size of 1 to run 
the evaluation after every epoch. The output of this function is the accuracy and loss of the 
model on the validation data from each epoch. 

3.9. Model Evaluation 
We used the predict_generator() function in Keras to test the trained model on the test 
set. The function returns the prediction vector for each patch in the test set. The prediction vector 
contains probabilities for each of the classes that were represented in the training set. Using the 
argmax function in Numpy package, we obtained the class that has the largest probability that the 
patch belongs to. In case of multiple occurrences of the largest probabilities, the index of the first 
occurrence is returned. Next, we predicted the class for each input image (the original script 
image) based on the classes predicted for its patches. The probabilities of each class in all the 
patches was aggregated and divided the number of the patches to obtain the average probability. 
The class with the highest probability was assigned as the predicted class for the script image. 
Sensitivity at this point is very important to avoid mixing between patches of different images. 
For this reason, we encoded a unique image ID and the patch number in the name of all the files. 
This approach also helped us to make sure that no patches from the test images are used in the 
training stage.  

3.10. Code and Model Availability 
The source codes for data collection, processing, and modeling are available on GitHub at: 
(https://github.com/SarahIsmael/Deep-Style-Detector). The DataCollection module can be used 
to obtain all the data from E-codiecs based on our strategy. The DeepStyleDetector and 
DeepStyleDetectorCLaMM modules can be used to pre-process the data and re-train our deep 
learning models.  
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The following command can be used to run DeepStyleDetector: 
python DeepStyleDetector.py --nrows 224 --ncols 224 --epoches 10 --batch_size 
32  --images_dir train_images_1Apr/ --output_dir results224nc224 --
output_label test1  --num_patches 100 --nkernals 32 

 
Also, we have uploaded the deep learning models in HDF5 format on the same repository. 
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4. Results 
4.1. Model Performance
DeepStyleDetector that was trained on the e-codices dataset had an overall accuracy of 88% on 
the training set using 10 epochs. The model accuracy started 54% in the first epoch and increased 
rapidly to 76% in the second epoch. In the next epochs it increased the accuracy more gradually 
until reached 88%. Interestingly, the validation accuracy also increased with the training 
accuracy (Figure 26). Similarly, the loss of the model decreased from 1.1 to 0.3. The model had 
accuracy of 84% on the validation set. 

 
Figure 26 

Accuracy and validation accuracy of DeepStyleDetector in 10 epochs 

The decision for training the model in 10 epochs was based on results from another experiment 
where we trained the model in 20 epochs. That experiment had an accuracy of 94% on the 
training set (Figure 27). However, its accuracy on the validation set was only 84% in that model 
and it stopped increased around epoch 10. To avoid overfitting the model, we generated 
DeepStyleDetector using only 10 epochs.  
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Figure 27 

Training and validation accuracy of DeepStyleDetector in 20 epochs 
 

4.2. Style Prediction from Patches 
Based on the test set that contained patches from images that were not used in training the model, 
we obtained an overall accuracy of 84.3%. This result was obtained based on the class that was 
predicted with the maximum probability for each patch.  

In agreement to the overall accuracy of the model, the model also performed well in predicting 
the true class for patches of all the styles. The F1-score of the classes was between 76% and 
90%. Similarly, the classifier had a good balance between sensitivity and specificity for most of 
the classes. The precision of the classes was between 77% to 93% and recall was between 72% 
and 92%. 

As we can see in Figure 28, Carolingian had the highest precision whereas Bastarda had the 
highest recall. The highest confusion was found between Cursive and Bastarda. 22% of Cursiva 
patches were predicted as Bastarda. Also, 14% of Textura patches were predicted as Bastarda, 
and 11% of Spaetcar scripts were predicted as Carolingian (Figure 29).   
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Figure 28: Classification report per class for all patches in E-codices test set 

 
Figure 29: Confusion matrix showing percentage of predictions per class in E-codices test set 
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4.3. Style Prediction from Images 
The model gave us a higher accuracy (85.2%) in the predicting the images in the test set. The 
predictions were based on the probabilities of the patches. For each image, the probability of all 
its patches for each class was summed. The class with the highest average probability was used 
as the predicted class of the image. We also, tested the maximum number of votes approach but 
the highest average probability was more accurate. 

Also, the model performed well for most of the classes. All the classes had high precision 
(between 75% and 93%). Recall was also good except for Spaetcar (54%) that had the smallest 
number of images in the test set (Figure 30).  

 
 

 
Figure 30 

Classification report per class for all images in E-codices test set 
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Similar to the results of the patch predictions, Cursiva and Bastarda had the largest confusion. 
34% of Cursiva scripts were predicted as Bastarda and 26% of Spaetcar scripts were predicted as 
Carolingian (Figure 31).   

 
 

 
Figure 31 

Confusion matrix showing percentage of predictions per class for all images in E-codices test set 
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4.4. Model Reliability 
Our results from above showed that combining image processing techniques and deep learning is 
a good approach to classify handwritten styles in medieval scripts. To ensure this approach is 
reliable we applied it to a different dataset that was used previously in a large competition 
project, called CLaMM.  

Similar to the e-codices dataset, we trained the method on the CLaMM training set that consisted 
of 3,540 images belonging to 12 classes. The model was retrained because of differences in the 
classes between e-codices and CLaMM datasets (Figure 17 and 19). The overall model accuracy 
was 79.28% on the CLaMM images test set.  

The classifier generally performed well on most of the classes except Semihybrida and 
Semitextualis that had low precision as shown in Figure 32. 

 

 
Figure 32 

Classification report per class for all images in CLaMM test set 

 



 
55 

Similar to our results on e-codices dataset there is a misclassification between some styles from 
same family such as Semihybrida and Cursiva (28%), or from styles that are close to each other 
such as Hybrida and Semihybrida (22%) (Figure 33). 

 

 
Figure 33 

Confusion matrix showing percentage of predictions per class for all images in CLaMM test set  



 
56 

5. Discussion 
Using a combination of image processing techniques and deep learning layers, we generated a 
model that can be generalized to other scripts and be reliable when applied to other datasets.  

Based on basic image preprocessing techniques that were color conversion and image resizing, 
we could obtain a model with accuracy above 90% on the training set but the accuracy on test set 
was under 60%. The gap between the training error and the test error was very high and this 
refers to overfitting in the model. For this reason, we added some other computer vision methods 
in the preprocessing steps including boundary removal, edge detection, empty removal and patch 
extraction. Patch extraction was also useful for increasing the number of samples in training set 
and prevent the model from memorizing the features and make model more generalizable. 

After adding these operations, the model had accuracy under 60% for the training set and the test 
set which refers to underfitting in the model. This means that the model was very simple and it 
could not learn the features well to classify the styles. The model had only three CNN layers and 
one simple Dense layer. This was the reason for underfitting. Choosing parameters and layers in 
generating the model have very important impact on the results. After adding more layers in the 
learning stage and increasing number, we generated a new model known as DeepStyleDetector. 
The model has 10 CNN layers followed by five Average pooling layers and four dropout layers, 
and two Dense layers in the learning stage. This improved the results and increased the accuracy 
for the training and the validation sets similarly. Using the dropout layers after each CNN block 
was important to decrease overfitting that randomly removes neurons in the network. 

When DeepStyleDeector was trained in 20 epochs the accuracy on the validation set was only 
84% while it was 94% on the training set. This was because increasing the number of epochs 
increases the gap between generalization accuracy and validation accuracy that means 
overfitting. We solved this issue early stopping strategy to make the model stop before 
overfitting occurs. The model was trained until 10 epochs to avoid overfitting which gave similar 
results on the training (88%), validation (%84) and test sets (84.3 on patches and 85.2% on 
images).  

Furthermore, in supervised machine learning it is important to have reliable labeled data for 
training the model. However, due to the complexity of old scripts sometimes it is hard to label 
the handwriting style of medieval documents accurately. Although our model could identify we 
well scripts belong to most of the classes. The balance between sensitivity and specificity was 
also very good for most of the classes especially Carolingian and Gotica. 

However, because of mixing scripts between some classes there were confusions in the 
prediction by our model. For example, Crusiva and Bastarda had large confusion. Bastarda is a 
mixed style between Textura and Cursiva that means Bastarda has some features which is 
inherited from Cursiva. Similarly, there were also misclassifications between Textura and 
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Textualis styles. These two styles came from same family which is Gothic style. According to 
some references, they might be the same styles but used in different regions[9]. 

Implementing our method on the CLaMM dataset validated the findings. The accuracy on the 
CLaMM dataset was lower than accuracy obtained from the e-codices dataset mainly because the 
number of classes was larger and the number of images was smaller in the CLaMM dataset. 
However, this result is similar to the one obtained from the CLaMM competition where they 
used a complicated deep learning model and simpler image preprocessing techniques. 

 

6. Conclusions and Future Work 
In this project we found that a model, which automatically finds features from data such as deep 
learning, is a good choice to classify medieval scripts styles. Because these scripts have complex 
patterns and feature that are difficult for a human to distinguish them. However, we observed 
that using image-processing techniques especially edge detection and patch extraction are key to 
improve the model. We concluded that using image processing and deep leaning together is the 
best choice in medieval script classification. Also, changing hyperparameters especially 
decreasing number of epochs from 20 to 10 and increasing number of learning layers up to ten 
enabled the model to avoid overfitting and underfitting, respectively. Applying our approach on 
an external dataset from the CLaMM project showed the reliability of our model (avg. accuracy 
= 79.28% on twelve classes). 

Our results reveled that most styles are distinguishable with high accuracy (avg. accuracy = 
85%) except those styles that are in the same family such as Cursiva and Bastard or Textualis 
and Textura. 

Moreover, some improvements in the steps and the strategies may increase the results and 
provide a better model. Using a dataset that is labeled more clearly would provide a better 
training data. Also, fixing unbalancing between classes may increase the reliability of the model 
such as increasing the number of images for Spaetcar in training will make the model better.  

Finally, using more image analysis techniques especially text recognition methods may improve 
the results and the model because the scripts will then be classified based on the text specifically. 

The results of this project improve analysis of medieval scripts by distinguishing writing styles 
prior to text recognition. 
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