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Abstract
Handwritten text recognition is one of the most valuable recognition systems because of the unique characteristics of 
each person’s handwriting. Thus, recognition systems need to be more adaptable to recognize same or different charac-
ters with different characteristics. On the other hand, one of the most challenging tasks in handwritten text recognition 
problems is recognizing ancient documents which include several noise within them. While digitizing these documents, 
these noise appear in different types which effects any recognition system. So, digitizing ancient documents, applying 
proper pre-processing techniques and performing effective classifier are the main steps of efficient recognition system. 
In this paper, a complete Ethiopian ancient Geez character recognition system using deep convolutional neural network 
is proposed in order to recognize twenty-six base characters of this alphabet. The proposed system obtained an accuracy 
of 99.39% with a model loss of 0.044 which demonstrates its efficiency.
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1 Introduction

Ethiopia is the only African country with its own indig-
enous alphabets and writing systems which is the Geez 
or Amharic alphabet [1]. Most of the African countries use 
English and Arabic scripts or alphabets.

Geez is a type of Semitic language and mostly used 
in Ethiopian and Eritrean Orthodox Tewahedo churches 
(EOTC). Geez belongs in the South Arabic dialects and 
Amharic which is one of the most spoken languages of 
Ethiopia [2]. There are more than 80 languages and up to 
200 dialects spoken in Ethiopian; some of those languages 
use Geez as their writing script. Among the languages, 
Geez, Amharic, and Tigrinya are the most spoken lan-
guages, and they are written and read from left-to-right, 
unlike the other Semitic languages [3]. There are lots of 
ancient manuscripts which are written in Geez currently in 
Ethiopian, especially in the EOTCs. However, it is not pos-
sible to find a digital format of those manuscripts due to 

a lack of optical character recognition (OCR) systems that 
can convert them.

OCR is the process of extracting characters from an 
image and converting each extracted character into an 
American Standard Code for Information Interchange 
(ASCII), Unicode, or computer editable format. Handwrit-
ten character recognition (HCR) involves converting a 
large number of handwritten documents into a machine-
editable document containing the extracted characters in 
the original order. Therefore, technically the main steps of 
handwritten text recognition are image acquisition, pre-
processing, segmentation, feature extraction, classifica-
tion, and/or possibly post-processing [4].

Generally, there are two types of handwriting text rec-
ognition systems which are offline and online text recog-
nition. Online text recognition is applied to data that are 
captured at present or real-time. For online text recogni-
tion, information like pen-tip location points, pressure, and 
current information while writing is available which are 
not available in the case of offline recognition. Thus, online 
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text recognition is easy when it is compared to offline rec-
ognition [5]. In offline text recognition, a scanned image or 
image captured using a digital camera is used as an input 
to the software to be recognized [6]. Once the images 
are captured, some pre-processing activities are applied 
to them in order to recognize the characters accurately. 
Hence, offline recognition requires pre-processing activi-
ties on the images, and it is considered as a difficult opera-
tion than online recognition.

There are many different kinds of classification meth-
ods which have been proposed in different researches 
[7–9]. Every approach has its own advantages and disad-
vantages, so it is difficult to select a general and efficient 
classification approach [10]. Many researchers proposed 
different systems or approaches in order to improve the 
efficiency of the recognition process. HCR involves many 
relevant phases or stages like data acquisition, pre-pro-
cessing, classification, and post-processing. Each phase 
has its own objectives, and its efficiency defines the accu-
racy of the next phases and finally the overall recognition 
process.

Ancient script or document recognition is far harder 
than the printed character recognition and handwrit-
ten character recognition processes because of aging, 
staining, ink quality, etc. [11]. In [12], the researchers 
conducted an ancient Devanagari document recogni-
tion using different kinds of character classification 
approaches. The approaches used by the researchers are 
ANN, fuzzy model, and support vector machine (SVM). 
They have achieved an accuracy of 89.68% using a neu-
ral network classifier and 95% accuracy using a fuzzy 

model classifier for the numerals and 94% using SVM 
and 89.58% using multilayer perceptron (MLP) for the 
alphabets.

There are few studies conducted about Ethiopic docu-
ment recognition [13] and Geez manuscript recognition 
[14], but these researches did not consider ancient Geez 
document recognition.

In this paper, we have proposed an offline ancient 
Geez document recognition system using deep convolu-
tional neural network in which the convolutional neural 
network integrates an automatic feature extraction and 
classifications layers. The proposed system includes the 
pre-processing stage of digitized ancient images, the seg-
mentation stage to extract each character, and the fea-
ture extraction within the convolutional neural network 
architecture.

2  Image preparation

In general, many character recognition systems either 
handwritten or printed recognition follow common steps 
with a little variances with some exceptional researches 
[15, 16]. These variances may include a difference in the 
processes, techniques, and implementation strategies. 
In the proposed system, basic steps are followed during 
the development phase with some relevant changes and 
modifications. General diagram that shows the most com-
mon steps of character recognition systems and the pro-
posed system can be seen in Fig. 1.

Fig. 1  Steps of handwritten character recognition systems
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2.1  Image acquisition and pre‑processing

Image acquisition phase is the first step for any image 
recognition system, also for character or text recognition 
systems. Digital scanner can be an effective tool for digitiz-
ing documents with high resolution. However, it is impos-
sible to use digital scanners in ancient documents, while 
touching is forbidden to these documents because it can 
be harmful to them. Thus, digital camera is used to capture 
and digitize ancient documents.

During this process, several types of problems occur 
on the images and thus they should pass through the 
pre-processing stages. The purpose of these stages is to 
remove irrelevant pixels to form a better representation 
of the images and make them ready for the subsequent 
stages. This stage involves different sub-processes such 
as grayscale conversion, noise reduction, binarization, 
smoothing, and skew detection and correction.

2.1.1  Grayscale conversion and denoising

Captured RGB images are converted to grayscale in 
order to decrease the intensity dimension of image. This 
provides more efficient input data for post-steps and 
decreases computational time which is one of the com-
mon steps in all character or text recognition steps.

After grayscale conversion, it is an essential process to 
apply denoising step while dealing with handwritten doc-
ument recognition, especially conducting ancient docu-
ment recognition, since the documents are highly noise 
and degraded. After several experiments, most accurate 
results are obtained by non-local means denoising [15]. It 
works by finding the average of similar pixels and updat-
ing the pixel value with the calculated average pixel value. 
The whole image is scanned for finding pixels having simi-
lar intensity with the pixel to be denoised. Denoising is 

basically done by computing this average value of the pix-
els having similar values. The similarity is obtained by Eq. 1.

where d(B(p), B(q)) is an Euclidean distance between p and 
q in which they are patches of the image. Also, C(p) and f 
are the normalization and decreasing functions, respec-
tively, and B(p) and B(q) are representing neighborhoods 
centered at p and q, a pixel size of (2r + 1) × (2r + 1).

Figure 2 presents original image, grayscale conversion 
and denoising operation, respectively.

2.1.2  Binarization and skew detection

After denoising process, it is required to binarize docu-
ment image in order to prepare it for segmentation or 
feature extraction process. This is one of the vital part of 
document recognition that effects recognition efficiency 
of the system.

Several binarization methods have been proposed as 
global [17, 18] and local [19–21] to enhance or to segment 
document images. It is a crucial part to determine which 
method is superior, and different researches have been 
conducted to determine superior method for document 
images [22]. But it is mentioned that local methods have 
more disadvantages than global ones, especially because 
of the determination of their kernel size. Small kernel size 
adds additional noise, and large kernel size acts as global 
methods. Thus, global methods are preferred in document 
image binarization [23]. Commonly, Otsu method [24] was 
suggested as the most stable and accurate method and 
determined to be used in this step of proposed system 
[22].

The Otsu method is intended to find a threshold value 
that can separate the foreground of the image from 

(1)NLu(p) =
1

C(p) ∫ f (d(B(p), B(q)u(q)dq))

Fig. 2  Original image, gray-
scale conversion, and denois-
ing process
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background so that it can minimize the overlap that occurs 
between the white and black pixels. It used discriminant 
analysis to divide the foreground and background.

Then, image negatives are applied in order to get the 
characters’ pixels as white and the background as black.

Once the image is denoised and binarized, the skew 
detection and correction method based on Hough trans-
form [25] is applied to the binary image. Skew detection 
is required because of the irregular angle of the digital 
cameras during the image acquisition process. Initially, 
the algorithms find all the pixel coordinates, which are 
part of the foreground. The foreground pixels are all the 
points having a pixel color of white. Then, the rotation of 
the rectangle is calculated based on the collected pixel 
coordinates. The rotation angle is between − 90 and 0. By 
using the rotation, matrix can be found with respect to the 
center coordinates of the image through Eq. 2.

where � = cos r , � = sin r.

2.1.3  Segmentation

Segmentation is a critical step in the handwritten recog-
nition process, and it highly affects the recognition pro-
cess. Usually, the segmentation process involves three 
steps which are line segmentation, word segmentation, 
and character segmentation. For each segmentation pro-
cess, contour analysis plays a greater role in the proposed 
system. Basically, for line segmentation and character 
segmentation, an special technique of adding additional 
foreground colors horizontally and vertically is used. In 
general, filling additional pixel is also called dilation and 
this technique is used for line segmentation. However, the 
word segmentation is not conducted in the segmentation 

(2)

[

� � (1 − �) ∗ center.x − � .center.y

−� � � .center.x + (1 − �).center.y

]

process because of the nature of Geez documents. The 
methods used in the proposed system are described as 
follows.

Text line segmentation is an essential step in which 
every line is cropped out of the image and stored in a 
sorted manner. Thus, using those lines words and char-
acters can be extracted from each and every line with the 
original order. Contour locating algorithm [26] is used for 
finding contours in both line and character segmentation 
processes. Figure 3 presents binarization, skew detection, 
and line detection processes on denoised image.

Contour locating algorithm uses border tracing tech-
nique to find all contours or objects on the image. The 
algorithm finds the borders of each contour and returns 
their location coordinates. The coordinates returned are 
the points of the top-left, top-right, bottom-left, and bot-
tom-right corners of each contour. Then the coordinates 
are used to process the contours or objects. The steps that 
the algorithm follows for finding contours are listed below.

• Scan the binary image while updating P, where P is 
a counted sequential number of the last found outer 
most border.

• Represent each hole by shrinking the pixels into a sin-
gle pixel based on a given threshold value t, where t 
is a minimum perimeter of a character or line in line 
segmentation.

• Represent the outer border by shrinking its pixels into 
a single pixel based on a given perimeter or threshold 
value t.

• Place the shrink outer border pixel to the right of the 
shrank hole pixel.

• Extract the surrounding relations connected compo-
nents, i.e., holes and outer borders.

In Geez, literary words are not separated with spaces, 
rather with a punctuation mark. The word separator has 

Fig. 3  Binarization, skew 
detection, and line detection 
processes
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a colon-like structure, so each word is separated with a 
colon from another word. Since the system can recognize 
some of the punctuation marks, the word separator will be 
recognized in the classification stage. One of the aims of 
recognizing some of the punctuation marks was word seg-
mentation. Thus, there is no need for word segmentation.

Once the lines are segmented successfully, character 
segmentation is carried out. In the proposed system, again 
contour analysis [26] is used. Figure 4 presents line and 
character detection on original image.

3  Feature extraction and classification

After the segmentation process, the system has all of the 
isolated characters and ready to extract the features that 
will uniquely represent the characters.

Convolutional neural networks are composed of two 
parts. The first part contains a number of convolutional 
layers which are a special kind of neural network that is 
responsible for extracting features from the input image, 
and the second part includes dense neural layers which 
are required to classify the features extracted from the 
convolution layers.

On the proposed system, three convolutional layers 
are used for feature extraction and two dense layers for 
classification purpose. The designed convolutional neural 
network architecture has a number of convolutional layers, 

filter kernels, activation function, fully connected layers, 
and pooling specifications as specified in Table 1.

The output of the second convolutional network is the 
features, and they are flattened. Thus, they can be passed 
to the fully connected or dense layers. In Table 2, specifica-
tions of the dense layers that are responsible for using and 
classifying the features extracted from the convolutional 
layers can be seen.

General block diagram of deep CNN can be seen in 
Fig. 5.

4  Experimental results

In this section, dataset and performed experiments will be 
explained in details.

4.1  Dataset

For training and testing, a dataset has been prepared that 
contains the base characters and some of the punctuation 
marks of the Geez alphabet. The dataset is prepared from 
a total of 208 pages collected from EOTCs, libraries, and 
private books. The dataset contains 22,913 binary image 
characters which are resized into 28*28 pixels. However, 
the frequency of the extracted characters is varied. The 
frequency varies from character to character and the mini-
mum number of images per class is around 400 and the 
maximum is 1700. Figure 6 demonstrates the most fre-
quently used characters.

Finally, the prepared dataset is separated into three 
parts as training, testing, and validation sets. 70% of data-
set which is 16,038 characters of 22,913 is used for training, 
20% for testing (4583 characters), and 10% (2292 charac-
ters) for validation.

Fig. 4  Line and character detection on original image

Table 1  Convolutional layer 
specifications of the system

Layers Input size Filters F-size Pooling P-size Dropout Activation

Conv1 28*28 32 5*5 Max-pooling 2*2 0.25 ReLU
Conv2 64 3*3 Non Non 0.2 ReLU
Conv3 128 2*2 Non Non Non ReLU

Table 2  Deep layer specifications of the system

Layers Dropouts Input shape Activation function

Dense1 layer 0.2 256 ReLU
Dense2 layer 0.2 256 ReLU
Output layer Non 28 (number of 

classes)
SoftMax
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4.2  Results

For line and character segmentation, the applied algo-
rithm accepts the binary images that have passed through 
all the pre-processing stages. The algorithm has been 
tested by a number of documents images, and its accu-
racy was as expected. However, in some cases when there 
is a connection among the lines the algorithm was unable 
to segment the lines accurately. Basically, the connection 
that exists among the lines was supposed to be removed 
on the noise removal and morphological transformation 
stages.

After training the CNN with the prepared dataset, it is 
observed that when the epoch value increases, the accu-
racy of the system is improved. However, when the epoch 
value is raised to 20, improvement in the convergence of 
model starts to decrease. The highest results obtained 
in 15 epochs with 0.993890 and 0.04442 test accuracy 
and test loss, respectively, and with 0.9895 and 0.0773 
validation accuracy and validation loss, respectively, by 

28 mis-classified characters out of the total 4583 testing 
images. Table 3 presents obtained results of the system 
with different epochs. Bold values demonstrate the opti-
mum results obtained. 

4.3  Comparisons

It is excessively difficult to find related research on ancient 
Geez document recognition. One of the rarely conducted 
research about this subject is by Siranesh and Menore [14]. 
Therefore, obtained results are compared with this results 
obtained in the their research. Table 4 shows the compari-
son results of the proposed system and other research.

5  Conclusions

Ancient document recognition has a variety of challenging 
problems such as noisy images, degraded quality, types 
and characteristics of ink and digitization processes. Thus, 
effective pre-processing phase and adaptive classification 
is required to obtain superior results than other researches. 
This paper focused on the development of ancient Geez 
document recognition system using a deep convolu-
tional neural network. The proposed system involves 
pre-processing, segmentation, feature extraction, and 

Fig. 5  Convolutional neural network architecture of the proposed system

Fig. 6  Most frequently used characters in Ethiopian ancient docu-
ments

Table 3  Obtained results of the proposed system

Eopch Test accuracy Test loss Validation 
accuracy

Validation loss

10 0.992363 0.04781 0.9895 0.0756
15 0.993890 0.04442 0.9895 0.0773
20 0.991708 0.05239 0.9887 0.0508
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classification stages. A dataset was prepared and used for 
training and testing of the proposed system.

Most of the documents were difficult even to recog-
nize through naked eyes; however, the proposed system 
obtained an optimal accuracy with applied pre-processing 
steps by 99.389% and loss of 0.044. This proves that the 
proposed system can be an effective way for document 
recognition and particularly for ancient documents.

More comprehensive dataset may increase this accu-
racy, and future work will include this with implementa-
tion of other deep learning and classification models.
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