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SUMMARY 
 

The detection of objects and texts as well as the extraction of them from images 

has been an enormous challenge that we are still trying to perfect for the past three 

decades. The current progress in deep learning and machine learning techniques in 

image classification and object localization particularly for images ,which has a lot of 

information as sales flyers, has been a topic of discussion in the last half-decade and 

we have seen some brilliant advancements in recent times which try to solve at least 

one of these sub-tasks text and object localization and recognition from images and 

digital documents as sale flyers.  

In this thesis we presented an automatic learning algorithm for information 

extraction from sales flyers, which consists of 3 steps: the first is, the detection of 

objects (Products) in the sales flyers inspired by the faster region convolutional neural 

network (Faster RCNN) framework and Residual Neural Network as feature map. The 

second step is, the detection and extraction of the text in the sale flyers by optical 

character recognition and finally the merge algorithm to merge each product with its 

information such as price and description. We presented three different merge 

algorithms and compared them: The function algorithm (1) (merge by distances 

between object and text) achieved a precision 74%, Recall 64%, F1 Score 69% and 

Accuracy 67%. The function algorithm (2) (merge by distances between Object, text 

and text on the object) achieved a precision 76%, Recall 70%, F1 Score 73% and 

Accuracy 71%. The main contribution of this thesis been the combination of 

Convolutional neural network (CNN) and Multilayer Perceptron (MLP) achieved a 

precision 85%, Recall 80%, F1 Score 82% and Accuracy 81%. 
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ÖZET 
 

Nesnelerin ve metinlerin algılanması ve bunların imgelerden çıkarılması, son 30 

yılda hala mükemmelleştirmeye çalıştığımız büyük bir zorluk oldu. Görüntü 

öğreniminde Derin Öğrenme ve Makine Öğrenimi tekniklerindeki mevcut ilerleme ve 

özellikle satış broşürleri gibi birçok bilgiye sahip olan görüntü için amaç 

lokalizasyonu, amaç son yarım on yılda bir tartışma konusu olmuştur ve son 

zamanlarda çok parlak gelişmeler görmüştük. bu alt-görevlerden en az birini çözmeye 

çalışmakta ve yerelleştirmeyi ve resimlerden ve dijital belgelerden satış broşürleri 

olarak tanınmasını hedeflemektedir. 

Bu tezde, satış broşürlerinden bilgi çıkarımı için 3 adımdan oluşan otomatik bir 

öğrenme algoritması sunduk: birincisi, daha hızlı bölge evrişimsel sinir ağı (Faster 

RCNN) çerçevesinden ilham alan satış broşürlerinde nesnelerin (Ürünler) tespiti ve 

Özellik haritası olarak Artık Sinir Ağı. İkinci adım, satış broşürlerindeki metnin Optik 

karakter tanıma yöntemiyle algılanması ve çıkarılması ve son olarak her bir ürünün 

fiyat ve açıklama gibi bilgilerle birleştirilmesi amacıyla birleştirme algoritmasıdır. Üç 

farklı birleştirme algoritması sunduk ve bunları aralarında karşılaştırdık: İşlev 

algoritması (1) (nesne ve metin arasındaki mesafelerle birleştirme)% 74,% 64 Geri 

Çağırma, F1 Puanı% 69 ve Doğruluk% 67 kesinliğe ulaştı. İşlev algoritması (2) 

(Nesne, metin ve nesne üzerindeki metin arasındaki mesafelerle birleştirme)% 76,% 

70'i Geri Çağırma, F1 Skoru% 73 ve Doğruluk% 71 kesinliğe ulaştı ve ana katkımız 

Convolutional sinir ağı CNN'in birleşimi oldu. ve Çok Katmanlı Perceptron (MLP)% 

85, Geri Çağırma% 80, F1 Skoru% 82 ve Doğruluk% 81'i buldu. 
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1. INTRODUCTION 

 

In present years text and object localization from images and digital documents 

as sale flyers is an interesting task that finds applications in several commercial areas 

where autonomous systems could replace human tasks by performing tedious 

repetitive data entry tasks[1]. 

Nowadays, the increase in market competition both physical and online has 

generated for years the massive use of sales flyers[2] which are an excellent means to 

increment the perceivability of physical supermarkets, being an advertising tool used 

very often due to its low production cost and easy distribution as well as generating an 

easy interaction between the customer and the supplier of products, this way they can 

frequently announce a new product or new offers[3]. Everything has to do with 

transmitting information to the customer otherwise, the unstructured offers showing 

up on those documents can't be effectively contrasted neither  be easily comparable 

with  online offers, making it difficult for a client to understand if it is more appropriate 

to buy a product online or in the physical store, also another drawbacks is that, usually 

in recommendation systems customers are only interested in a specific product but the 

sales flyers have more than one product therefore, the way is to give the user the 

specific  recommendation of a product,  the exact product they are looking for or what 

they previously were interested in, therefore,  it increases the need for an automatic 

learning algorithm for information extraction from sales flyers to be used. 

Reading [4] and text extraction in commercial images has been a task that has 

generated broad interest in deep learning and machine learning [5]. such as an image 

on OCR, translation of language, etc. Thus, there are many different models of neural 

networks which have been used previously for object detection such as CTPN 

(Connectionist Text Proposal Network)[4], Faster R-CNN[5], YOLO [6], SSD [7], 

Maximally Stable Extremal Regions (MSER) have been modified to detect scene texts 

and those methods had been proposed to deal with this issue. However, because texts 

in sales flyers have various colors, font, and size, it is difficult to detect all kinds of 

text[8]. 

Correspondingly, the detection of objects has had a massive growth during the 

past years, starting with the classification of a simple image, until locating or detecting 

multiple objects in the same image is a more challenging labor that demand more 
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complex process to work out because detection requires the precise location of objects 

that exist in processed number of candidate objects and these candidate objects put up 

just approximate location that has to be refined to obtain precise localization[5]. 

We introduce an automatic learning algorithm, shown in figure 3.1 that detects 

products and its information such as description, price and extracts them, finally 

classifies them by location. On our implementation, we will be focused on information 

extraction from sales flyers, which consists of three parts: the first is the detection of 

objects (Products) in the sales flyers inspired by the faster region convolutional neural 

network (Faster RCNN) framework and Residual Neural Network as feature map. The 

second step is the detection and extraction of the text in the sale flyers by optical 

character recognition. The text detection and extraction are more challenging than the 

recognition task carried on word images where the main challenge is the different text 

patterns backgrounds of the extracted text. For carrying out the text detection task on 

sales flyers we applied Connectionist Text Proposal Network (CTPN) implemented by 

[4] with VGG16 model that accurately localizes and recognizes text sales flyers. The 

Text Network detects the text in a string of fine-layover text proposals in convolution 

feature maps and even for some task we applied an extract text with OCR from a sales 

flyer by using Computer Visions API Microsoft. Towards Object Detection on sales 

flyers, we applied a Deep Residual Learning[9]. Towards Image Recognition 

implementation for Faster-RCNN [11] architecture. This method allows training of 

deep networks [10] accuracy and reduces computational cost and finally the merge 

algorithm to merge each product with its information such as price and description. 

Finally, after obtaining the Object (the Product) and its information we presented 

the merge algorithms intending to join each product with its respective description and 

price. We presented three different merge algorithms and compared them: (1) merge 

by distances between Object and text, (2) merge by distances between Object, text and 

the text on the object and our main contribution is the combination with (3) 

Convolutional neural network CNN and Multilayer Perceptron (MLP). 
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2. BACKGROUND 

 

In this section, we reviewed works that relate to our representation: objects 

recognition, localization, and text detection and extraction methods and discussed in 

detail solution performances which will be an essential guide for the solution of 

extracting important information from sales flyers.  

Diverse papers have proposed ways to use deep networks and have employed 

machine learning techniques for locating specific bounding boxes for texts and objects. 

The initial usability of Deep Convolutional Neural Networks was handwritten in the 

1990s but it was not possible to remain fashionable when SVM appeared. The interest 

in the convolutional neural network was revived by [10] showing a considerable 

improvement in image classification accuracy [11] [12].  

Some text recognition approaches [13] [4] [14] [12] [15] treat text as a set of 

characters, thus they first localize the characters and then group characters into a text 

line. There are several methods for dealing with texts indifferent orientations, like [16] 

[17] [18] grouping of multi-oriented lines is done through rule-based methods or a 

more complex graphical model. Generally, all systems for performing recognition of 

image-text use two processes[19]. The first is from the input to detect regions of text 

and extract these regions of interest. Second, are recognition of the text and return of 

the extracted text [20] [21] have proposed using an artificial neural network as Faster 

R-CNN for locating text bounding boxes. In the method [22], proposed a text instance 

by two forms: text center block and word stroke region. These objects are detected by 

two FCN. Finally, the detections of texts are produced by the text region as a 

surrounding box.  

Fortunately, [3] [2] presented a method that is a bit similar to our approach, they 

introduced a Content Extraction from Online flyers by the next steps: Step(i) single 

tokens are extracted from the processed marketing flyer; step(ii) each token gathered 

is classified using an adequately trained CNN classifier from AlexNet 

architecture[21]; step(iii) neighboring words having the same outcome are merged into 

semantically interrelated paragraphs; step(iv) paragraphs representing associated 

product titles, descriptions and prices are further merged all together to identify the 

deals contained within the processed sales flyer. 
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2.1. Approaches Used in the Thesis 
 

In this section, an overview is given about the important findings from literary 

research on machine learning and deep learning approaches used in this thesis. The 

worldwide increment of machine learning and deep learning use and applications 

brings up the issue: Which method should be used for our specific application?  To 

answer that question, the section deals with types of machine learning and deep 

learning algorithms, followed by techniques as well as a detailed elaboration in 

general. 

 

2.1.1.Constrained Clustering 

 

In a semi-supervised grouping setting constrained clustering is a class of semi-

supervised learning algorithms. Typically, constrained clustering incorporates either a 

set of must-link constraints, cannot-link constraints, or both, with a Data clustering 

algorithm. Both a must-link and a cannot-link constraint define a relationship between 

two data instances. 

 

2.1.2.Convolutional Neural Network 

 

Convolutional Neural Networks (CNN) are very similar to ordinary Neural 

Networks which were inspired by biological processes. They are made up of neurons 

that have learnable weights and biases. Each neuron receives some inputs, performs a 

dot product and optionally follows it with a non-linearity. CNN architectures make the 

explicit assumption that the inputs are images, which allows us to encode certain 

properties into the architecture which makes the forward function more efficient to 

implement and vastly reduce the number of parameters in the network. Once the 

desired characteristics have been extracted after applying a suitable number of 

convolutions and pooling, the last pooling layer output is connected to a CNN to 

perform a classification of the image. 
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2.1.3.Convolution Layer 

 

Convolution is an essential linear filtering operation in computational vision, 

which uses different filters or kermes which are applied for tasks such as blurring, 

sharpening, accentuating relief or edge detection in an image[27]. 

When speaking of convolution, there are three main concepts to consider: the 

input, usually an image which will be represented as 𝐼, the kernel, which is represented 

by the letter 𝐾 and the output, the feature map. The convolution of a kernel 𝐾 of size 

𝑚𝑥𝑛 placed in the pixel (𝑖, 𝑗) of an I image is represented by the following expression: 

  

(𝐼 ∗ 𝐾)(𝑖, 𝑗) = ∑ ∑ 𝐼(𝑖 + 𝑚, 𝑗 + 𝑛)𝐾(𝑚, 𝑛)

𝑛𝑚

 

 

 

     (2.1) 

 

The convolutional layers of the networks usually apply several convolutions in 

parallel at different points (𝑖, 𝑗), this can be better understood by visualizing a kernel 

as a sliding window that runs through the whole image and calculates the resulting 

feature map in each jump.  

 

2.1.4.Pooling Layer 

 

It is common to periodically insert a Pooling layer in-between successive Conv 

layers in a ConvNet architecture. Its function is to progressively reduce the spatial size 

of the representation to reduce the amount of parameters and computation in the 

network, and hence to also control overfitting. The Pooling Layer operates 

independently on every depth slice of the input and resizes it spatially, using the MAX 

operation. The most common form is a pooling layer with filters of size 2x2 applied 

with a stride of 2 down samples every depth slice in the input by 2 along both width 

and height, discarding 75% of the activations. Every MAX operation would in this 

case be taking a max over 4 numbers (little 2x2 region in some depth slice).[28].  

 

 

 

 

 



  

6 

2.1.5.Fully-Connected Layer 

 

Neurons in a fully connected layer have full connections to all activations in the 

previous layer, as seen in regular Neural Networks. Their activations can hence be 

computed with a matrix multiplication followed by a bias offset. See the Neural 

Network section of the notes for more information. 

 

2.1.6.Resnet 

 

Residual Network developed by [18] was the winner of ILSVRC 2015. It 

features special skip connections and a heavy use of batch normalization. The 

architecture is also missing fully connected layers at the end of the network. 

 

2.1.7.Multilayer Perceptron 

 

A multilayer perceptron (MLP) is a feedforward artificial neural network model 

that maps sets of input data onto a set of appropriate outputs. An MLP consists of 

multiple layers of nodes in a directed graph, with each layer fully connected to the next 

one. Except for the input nodes, each node is a neuron (or processing element) with a 

nonlinear activation function. MLP utilizes a supervised learning technique called 

backpropagation for training the network. 

 

2.1.8.Dropout Regularization 

 

Dropout refers to ignoring neurons during the training phase of certain set of 

neurons which is chosen at random. By “ignoring”, I mean these units are not 

considered during a particular forward or backward pass. More technically, at each 

training stage, individual nodes are either dropped out of the net with probability 1-p 

or kept with probability p, so that a reduced network is left; incoming and outgoing 

edges to a dropped-out node are also removed. Dropout regularization is useful to 

prevent of overfitting in deep networks due a fully connected layer occupies most of 

the parameters, and hence, neurons develop co-dependency amongst each other during 
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training which curbs the individual power of each neuron leading to over-fitting of 

training data [24]. 

 

2.1.9.Cross-Validation 

 

In this technique, known as cross-validation, the original corpus is subdivided 

into k subsets called folds. For each of these subsets, we train a model using all the 

data except the data belonging to that subset, and then the model is tested with the data 

of the subset in question. The choice of the value k will depend on the size and 

characteristics of the data set. 

 

2.1.10. Optical Character Recognition (OCR) 

 

OCR, also referred to as text recognition, is technology that transforms 

characters such as numbers and letters from printed or written documents into an 

electronic form more easily recognized and read by computers and other software 

programs. OCR allows to extract information from images, which splits the letters on 

the image, and then puts them in words and the words in a sentence, which allows us 

to access and extract and edit text. 

 

2.1.11. Common Evaluation Metrics 

 

The metrics that you choose to evaluate your machine learning algorithms are 

very important. Choice of metrics influences how the performance of machine learning 

algorithms is measured and compared. They influence how you weight the importance 

of different characteristics in the results and your ultimate choice of which algorithm 

to choose. In this section, we discuss basic evaluation metrics commonly used for 

classification problems.  

 

• Accuracy measures the percentage of entries in the evaluation set that the classifier 

correctly classifies.  

• The confusion matrix is a handy presentation of the accuracy of a model with two 

or more classes. This table presents predictions on the x-axis and accuracy 
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outcomes on the y-axis. The cells of the table are the number of predictions made 

by a machine learning algorithm. 

 

To define Precision, recall and F-score measures, we will consider the following 

groups of elements in which an instance can be classified: 

 

• True Positives (TP) - This shows that a model correctly predicted positive cases as 

positive. 

• True Negatives (TN) - This shows that a model correctly predicted Negative cases 

as positive. 

• False Positives (FP) This shows that a model incorrectly predicted negative cases 

as positive. 

• False Negatives (FN) This shows that an incorrectly model predicted positive cases 

as negative. 

•  Precision is the measure that indicates how many of the elements we have 

identified are positive. Precision can be empirically calculated using [25]: 

 

   
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

(2.2)      

 

• Recall is the measure that indicates how many of the positive elements we have 

identified. Recall can be empirically calculated using [25]: 

 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

(2.3)      

 

• F1 score is the weighted average of precision and recall. Therefore, this score takes 

both false positives and false negatives into account. Intuitively it is not as easy to 

understand as accuracy, but F1 is usually more useful than accuracy, especially if 

you have an uneven class distribution. F1 score can be empirically calculated using 

[25]: 

 

 
𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

 

(2.4)      
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2.1.12. Word2Vec 

 

Word2vec is a two-layer neural net that processes text. Its input is a text corpus 

and its output are a set of vectors: feature vectors for words in that corpus, the 

usefulness of Word2vec is to group the vectors of similar words together in vector 

space. That is, it detects similarities mathematically. Word2vec creates vectors that are 

distributed numerical representations of word features, features such as the context of 

individual words. Word2Vec is seemingly the most famous of the word embedding 

models. Word embeddings are a sort of word representation that allows words with 

comparative importance to have a similar representation and words are represented in 

a predefined vector space. Every word is mapped to just one vector and the values of 

the vector are in a manner that is a resemblance to a neural system. In any case, 

Word2vec's applications reach out past parsing sentences in nature. It tends to be 

applied similarly also to qualities, code, likes, playlists, web-based life charts and other 

verbal or emblematic arrangement in which examples might be observed. So, in single 

word gene2vec, like2vec and devotee 2vec are all possible.  Word2Vec can be 

implemented utilizing multilayer perceptron (MLP), RNN's, long short-term memory 

(LSTM's). 

 

2.2. Alternative Approaches for Object Recognition 

 

This section explains those alternative techniques that could be used to carry out 

the extraction of information from sales flyers and we refer to the region-based 

strategies for object detection. 

 

2.2.1.R-CNN 

 

R-CNN is one of the state-of-the-art CNN-based deep learning object detection 

approaches, was first introduced by Ross [13] in 2014. This type of convolutional 

network is forced to focus on a single region at a time, that way interference is 

minimized because it is expected that only a single object of interest will dominate in 

a given region. The regions in the R-CNN are detected by a selective search algorithm 

followed by resizing so that the regions are of equal size before they are fed to a CNN 



  

10 

for classification and bounding box regression. The general procedures are:  First, R-

CNN uses selective search to generate about 2K region proposals, i.e. bounding boxes 

for image classification, Then, for each bounding box, image classification is done 

through CNN.   Finally, each bounding box can be refined using regression. 

 

2.2.2.Fast RCNN 

 

Fast R-CNN moves one step forward. Instead of applying 2,000 times CNN to 

proposed areas, it only passes the original image to a pre-trained CNN model once. 

Search selective algorithm is computed based on the output feature map of the previous 

step. Then, ROI pooling layer is used to ensure the standard and pre-defined output 

size. These valid outputs are passed to a fully connected layer as inputs. Finally, two 

output vectors are used to predict the observed object with a SoftMax classifier and 

adapt bounding box localizations with a linear regressor[26]. 

Faster R-CNN makes further progress than Fast R-CNN. Search selective 

process is replaced by Region Proposal Network (RPN). As the name revealed, RPN 

is a network to propose regions. For instance, after getting the output feature map from 

a pre-trained model (VGG-16), if the input image has 600x800x3 dimensions, the 

output feature map would be 37x50x256 dimensions [19]. 

  

2.2.3.YOLO (You Only Look Once) 

 

Yolo is yet another neural network designed for object detection. The object 

detection task consists of determining the location on the image where certain objects 

are present, as well as classifying those objects. Previous methods for this, like R-CNN 

and its variations, used a pipeline to perform this task in multiple steps. This can be 

slow to run and also hard to optimize because each component must be trained 

separately. YOLO does it all with a single neural network. 
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3. MULTIMODEL FUSION 

 

This section presents details of an algorithm dedicated to the automatic 

extraction of information from sales flyers. The algorithm detects product information 

such as their descriptions and prices. This information can be in text as well as in 

pictures. The algorithm has three parts: the first two involve text and the product’s 

picture detection whiles the third part merges these text and pictures to identify each 

item in the given sales flyer. The whole system is summarized in Figure 3.1. In the rest 

of this section, each of these components are described in detail. 

 

Figure 3.1: Architecture of aalgorithm dedicated to automatic extraction of 

information from sales flyers, the right side represents the process for product. 

detection and the left side represents the process for extracting text, both are joined 

by an algorithm. 
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3.1. Product recognition and location: Faster R-CNN 

 

Our product detection neural network is inspired by the original Faster R-CNN, 

the algorithm takes the full image as the input. Following this, the input is propagated 

through all the convolution layers of the network (Deep Residual Learning [18]). The 

main improvement of the technique is that the region proposed network (RPN [27]) is 

placed on top of the convolution network. Faster RCNN could just ‘look’ at the last 

convolutional feature map and produce the region proposals. It then classifies the input 

as ‘object’ or ‘not object’, using binary classification loss. Finally, if recognized as an 

‘object’, the classification decision and the bounding box for the object is produced 

[7].  

 

Figure 3.2: Faster-RCNN Architecture, It is composed of three parts, (1) 

ResNet Convolutional Neural Network, (2) Region Proposal Network and (3) Two 

Fully Cconned Layers. 
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3.1.1.Region Proposal Networks on Faster RCNN 

 

The region proposal network (RPN) in the faster region-based convolutional 

neural network (Faster R-CNN) is used to decide “where” to look in order to reduce 

the computational requirements of the overall inference process. The RPN quickly and 

efficiently scans every location in order to assess whether further processing needs to 

be carried out in a given region. It does that by outputting k bounding box proposals 

each with 2 scores representing probability of object or not at each location [10]. The 

anchors boxes are just referencing, they are selected to have different aspect ratios and 

scales in order to accommodate different types of objects, elongated objects like buses, 

for example, cannot be properly represented by a square bounding box. In Faster R-

CNN they used k = 9 representing 3 scales and 3 aspect ratios. Each regressor in the 

RPN only computes 4 offset values (w, h, x, y) to the corresponding reference anchor 

box. 

 

3.1.2.Classifier Fast-RCNN 

 

The RPN uses a 3x3 window that slides over a high-level conv feature map, the 

effective size of that small window is actually 177x177 when reprojected back to the 

input layer, so the RPN is actually using a lot of context when making the proposals. 

This 3x3 window is resampled to a 256-dimensional vector before feeding into two 

fully connected layers, a box regression layer (reg), that computes the box offsets, and 

the box classification layer (cls) that computes the confidence scores that are related 

to probability of objectness. The regression layer has 4k outputs while the cls layer has 

2k outputs making the total RPN output per position to 4k + 2k. 

 

3.1.3.Training Result and Data Details for Product Detection  

 

Since our aim was to use the state-of-the-art Faster RCNN framework for 

product recognition, we needed a dataset that was suitable to use in it. The Faster 

RCNN framework requires a dataset with images with bounding box information for 

localization of object in the image, and a label for the object inside the bounding box. 
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Hence, images with just the label(s) of its content and no bounding box information 

was not useful for our purposes.  

To evaluate the proposed approach, we prepared our own data set, because many 

of products that the system needs to detect are not available on the internet. A total 

number of 10.000 images with approximately a total number of 25.000 products have 

been obtained from commercial marketing flyers. The collected sales flyers come from 

different domains of industries e.g. electronic, foods and present different design 

styles. Each product has been manually labelled by us using software called LabelImg 

which is a graphical image annotation tool, that allows us to draw a bounding box for 

each item on the sales flyers and it provides XTML document with bounding boxes 

coordinates. 

 

Figure 3.3: Total loss: The orange line shows the values applied to the training 

examples and represents the cost on the training data, where it can be seen that the 

loss function has a great decrease in the 5k interaction then it becomes a bit stable. 
 

3.1.4.Performance Evaluation Metrics for Object Detection 

 

In object detection, evaluation is not trivial, because there are two distinct tasks 

to measure:  Determining whether an object exists in the image (classification) and 

determining the location of the object (localization, a regression task). 

Furthermore, in a typical data set there will be many classes and their 

distributions are non-uniform. So, a simple accuracy-based metric will introduce 

biases. It is also important to assess the risk of misclassifications. Thus, there is the 

need to associate a “confidence score” or model score with each bounding box detected 

and to assess the model at various level of confidence. 
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In order to address these needs, the Average Precision (AP) was introduced. To 

understand the AP, it is necessary to understand the precision and recall of a classifier. 

 

• Intersect Over Union (IoU) 

Intersect over Union (IoU) is a metric that allows us to evaluate how similar our 

predicted bounding box is to the ground truth bounding box. The idea is that we want 

to compare the ratio of the area where the two boxes overlap to the total combined area 

of the two boxes. The formula for calculating IoU is as follows: 

 

Figure 3.4: The formula with which the Intersection of the Union (IOU) which 

represents  the areas of intersection and union in the pair detection-ground-truth. 

 

• Interpreting IoU scores 

IoU is quite intuitive to interpret. A score of 1 means that the predicted bounding 

box precisely matches the ground truth bounding box. A score of 0 means that the 

predicted and the true bounding box do not overlap at all. 
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Figure 3.5: Sample IoU scores: the bounding box with the green border 

represents ground truth and the red one represents the predicted bounding box. 
 

• Precision x Recall curve 

The Precision 𝑥 Recall curve is a good way to evaluate the performance of an 

object detector as the confidence is changed by plotting a curve for each object class. 

An object detector of a particular class is considered good if its precision stays high as 

recall increases, which means that if you vary the confidence threshold, the precision 

and recall will still be high. Another way to identify a good object detector is to look 

for a detector that can identify only relevant objects (0 False Positives = high 

precision), finding all ground- truth objects (0 False Negatives = high recall). 

 

• Average Precision 

Although the precision-recall curve can be used to evaluate the performance of 

a detector, it is not easy to compare among different detectors when the curves intersect 

with each other. It would be better if we have a numerical metric that can be used 

directly for the comparison. This is where average precision (AP), which is based on 

the precision-recall curve, comes into play. In essence, AP is the precision averaged 

across all unique recall levels. 

 

 

𝐴𝑃 = ∑(𝑟𝑖+1 − 𝑟𝑖) 𝑃𝑖𝑛𝑡𝑒𝑟𝑝(𝑟𝑖+1)

𝑛−1

𝑖=1

 
(3.1)      

 

 

 

• Mean Average Precision 

The calculation of AP only involves one class. However, in object detection, 

there are usually 𝐾 > 1 classes. Mean average precision (mAP) is defined as the mean 

of AP across all 𝐾 classes: 
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𝑚𝐴𝑃 =

∑ 𝐴𝑃𝑖  𝑘
𝑖−1

𝐾
 

(3.2)      

 

 

• Average Recall 

Like AP, average recall (AR) is also a numerical metric that can be used to 

compare detector performance. In essence, AR is the recall averaged over all 𝐼𝑜𝑈 ∈

 [0.5,1.0] and can be computed as two times the area under the recall-IoU curve: 

 

 
𝐴𝑅 = 2 ∫ 𝑟𝑒𝑐𝑎𝑙𝑙(𝑜)𝑑𝑜

1

0.5

 
(3.3)      

 
 

where o is IoU and recall(o) is the corresponding recall. 

 

• Mean Average Recall 

Mean average recall is defined as the mean of AR across all K classes: 

 

 
𝑚𝐴𝑅 =

∑ 𝐴𝑅𝑖  𝑘
𝑖−1

𝐾
 

(3.4)      

 

 

• Coco Detection Metrics 

This metric report additional statistics such as mAP at IOU thresholds of .5:.95, 

and precision/recall statistics for small, medium, and large objects. 

 

• Weighted PASCAL VOC Detection Metric 

The weighted PASCAL metric computes the mean average precision as the 

average precision when treating all classes as a single class. 

 

3.1.5.Evaluation Results of Object Detection. 

 

In this section we presented model evaluation, for this purpose we used 

exclusively two Precision-Recall curves obtained from the Weighted PASCAL VOC 

detection metric and we used the COCO detection metrics that generate a table that 

contains the average metrics of precision and recall for different sizes of objects. 
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Figure 3.6: Precision-Recall curve for a product classifier with an IOU used for 

our system. This precision-recall curve was determined by considering all objects 

above a model score threshold as a positive prediction. 
 

 

Figure 3.7: Precision-Recall curves calculated at various IoU thresholds. 

Dashed lines correspond to equally spaced recall values where the AP is calculated. 
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The most common IoU threshold for detection systems is IoU = 0.5. but as the 

main tasks are to locate the product and draw a very precise bounding box, it is 

therefore necessary in our case to use detections with an overlap of IoU> 0.7 as it 

acquired a good accuracy as shown in Figure 3.6. 

In figure 3.7 Seven precision and recall curves have been drawn, one for each 

IoU threshold, first taking the standard IoU threshold, that is, 0.5 to 9.5. As it can be 

seen in the figure, the Faster RCNN model with the Resnet 101 extractor shows a good 

precise localization. 

 

Table 3.1 Accumulating evaluation results  

  

Average Metrics IoU Area Maximum 

Detections 

mAP 

Average Precision (AP) 0.50 - 0.95 all 300  0.675 

Average Precision (AP) 0.50 all 300 0.856 

Average Precision (AP) 0.75 all 300 0.704 

Average Precision (AP) 0.50 - 0.95 small 300 -1.000 

Average Precision (AP) 0.50 - 0.95 medium 300 0.029 

Average Precision (AP) 0.50 - 0.95 large 300 0.766 

Average Recall (AR) 0.50 - 0.95 all 300 0.431 

Average Recall (AR) 0.50 - 0.95 all 300 0.634 

Average Recall (AR) 0.50 - 0.95 all 300 0.651 

Average Recall (AR) 0.50 - 0.95 small 300 -1.000 

Average Recall (AR) 0.50 - 0.95 medium  300 0.075 

Average Recall (AR) 0.50 - 0.95 large 300 0.745 

. 

As you can see Table 3.1, reports mAP at IOU thresholds of .5:.95, and 

precision/recall statistics for small, medium, and large objects, where small and 

medium objects had a very bad mAP score because, in our system the images of 

training and testing do not contain small or medium objects, everything is considered 

large. On the contrary, in large objects the results vary depending on the value of the 

IOU, we can see that when the IOU value is 0.5 the mAP value is much better than the 

rest for all objects of different sizes. 
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Figure 3.8: Product Detection Results of Faster R-CNN with our data, which 

contains 1 sales flyers with different styles and all products have been detected 

correctly. 
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3.2. Text Location and Extraction  

 

This section puts up two distinct algorithms proposed for text extraction. One is 

a Novel Connectionist Text Proposal Network (CTPN)[4] that directly localizes text 

sequences in convolutional layers. We leverage the advantages of strong deep 

convolutional features and sharing computation mechanism and on the other hand, we 

presented the Microsoft API application for text extraction and compared the results. 

 

3.2.1.Neural Network for Text Localization 

 

Similar to Region Proposal Network RPN [5], the CTPN[4] is essentially a fully 

convolutional network that allows an input image of arbitrary size. It detects a text line 

by densely sliding a small window in the convolutional feature maps, and outputs a 

sequence of fine-scale text proposals.  

We take the very deep 16-layer VGG16 [4] as an example to describe our 

approach, which is readily applicable to other deep models. We use a small spatial 

window, 3×3, to slide the feature maps of last convolutional layer. The size of conv5 

feature maps is determined by the size of input image, while the total stride and 

receptive field are fixed as 16 and 228 pixels, respectively. Both the total stride and 

receptive field are fixed by the network architecture. Using a sliding window in the 

convolutional layer allows it to share convolutional computation, which is the key to 

reduce computation of the costly sliding-window[4]. In the end we applied OCR [28] 

for each text proposal. 

 

3.2.2.OCR with API Microsoft 

 

The Computer Vision API provides state-of-the-art algorithms to process images 

and return information. Optical Character Recognition (OCR) detects text in an image 

and extracts the recognized characters into a machine-usable character stream. The 

OCR results in the hierarchy of region/line/word. The results include text, bounding 

box for regions, lines and words. Bounding box of a recognized region, line, or word, 

depending on the parent object. The four integers represent the x-coordinate of the left 
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edge, the y-coordinate of the top edge, width, and height of the bounding box, in the 

coordinate system of the input image. 

 

3.2.3.Result of Text Location and Extraction  

 

The Neural Network for Text Localization for training on GTX1070 for 20k 

interactions on ICDAR 2013/2015 data. It takes about 4s per iteration. So, it will take 

about 3.5 hours to finished 30k iterations obtaining precision 0.74, recall 0.52 and    F-

measure 0.61. This method is efficient when text is in a line sequence. But for our case 

it could not work perfectly because this method detects text sequentially and can unite 

some products and price descriptions in places that do not correlate, see result in Figure 

3.9. Therefore Microsoft API for text recognition and extraction has a better 

result,shown in Figure 3.10, which recognizes word by word and for each of them 

generates its limited box evading the previous problems. 
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Figure 3.9: Text Detection Result with CTP Network, our case, it could not 

work perfectly because this method detects text sequentially and can unite some 

products and price descriptions in places that do not correlate. 
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Figure 3.10: Text Detection Result with API Microsoft has the better result, 

this method recognizes word by word and for each of them generates its bounding 

box. 
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3.3. Function Algorithms 

 

In this section, we presented in detail the three different algorithms dedicated to 

automatic extraction of information from sales flyers. Our algorithms started with a 

general procedure. This procedure consists of generating a new bounding box for the 

entire description of the products since the detection and extraction of text generates a 

text separated by words as shown in Figure 3.10 and it is necessary to unite each 

product description in a single text set. To generate this new bounding box for each 

product description, we used clustering task that collects text based on similarity 

distances. 

 

3.3.1.By distances Between Object and Text 

 

To merge each product with its respective text information which are prices and 

the description, this algorithm uses the outputs of both products and texts location 

coordinates generated for both Faster RCNN and API Microsoft as shown in Figure 

3.10. The algorithm starts by selecting the bounding box of a random product and 

merge it with its closest description bounding boxes to form a set of offers.  The Same 

process is repeated for all the remaining bounding boxes in the sales flyers to form a 

finite set of products with its descriptions, this whole process is repeated multiple times 

for each item number that has the sales flyer and finally, we paint a new bounding box 

which contains the product, price and description, as shown in Figure 3.10. 

This algorithm has a good performance when the products are separated by a 

considerable distance, but when there are many products in the sale flyers and they are 

very close together the algorithm tends to get confused and merge some product with 

the incorrect description. 
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Figure 3.11: Result of Merge algorithm by distances between Object and text; 

On the right side is the text extracted by each item on the sales flyer, but this 

algorithm has a bad classification when the products are very close.  
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3.3.2.By distances Between Object, Text and Text on the Object 

 

This algorithm is similar to the previously explained one, unlike the previous 

algorithm, before merging the product with the text, a new procedure is added that 

consists of detecting and extracting the text on the object (generally the text that is on 

the product is the product’s name) and then comparing by distances that text with 

product descriptions, in case its similar it immediately considers that the product 

description corresponds to the product, on the other hand, if the algorithm cannot 

extract or calculate the similarity matrix enters the product descriptions and the text 

that is on the product, we proceed to return to the previous algorithm calculating the 

similarity matrix between the bounding boxes of both the description and the product. 

The same procedure is continued for each text and object. This whole process is 

repeated multiple times for each item number that has the sales flyer and finally, we 

paint a new bounding box which contains the product, price and description. 
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Figure 3.12: Result of Merge algorithm by distances between Object, text and 

text on the object; Each green box represents the classification of the products with 

their respective information.  
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3.3.3.CNN and Multi-Layer Perceptron 

 

Our model is composed of convolutional neural network and multi-layer 

perceptron with multiple inputs, as the structure shown in Figure 3.13. To build our 

combined method which has multi-input, we needed two branches: The first branch is 

composed of an Turkish Pre-trained Word2Vec Model followed by simple Multi-layer 

Perceptron (MLP) designed to handle the input of the product description, the second 

branch is a CNN to operate over the product image data. These branches are 

concatenated together followed by a fully connected layer to form the final output 

which is the probablilty of 0 and 1.  

 

 

Figure 3.13: Our combined method has multi-input + mixed data model has 

one branch that accepts the descriptions of the product’s data (below) and another 

branch that accepts the product’s image (above). 
 

Our model received two inputs of data, the description of the product and the 

image of the product, which have already been obtained previously by Faster RCN; 

each bounding box of the products is cut off from the sales flyer, OCR with API 

Microsoft; each bounding text box is clustered with the closest boxes to obtain the 

complete description of the product as explained in section 3.3, its output is generated 

by the Sigmoid function that gives us the probability between 1 and  0, which 

corresponds if the output is greater than 0.5, otherwise it does not correspond.  

 



  

30 

 

3.3.4.  Evaluation of CNN and Multi-Layer Perceptron Results  

 

We trained our combined method with 8000 products and their descriptions. This 

data is composed of different types of products such as electronics, appliances, 

clothing and accessories, toys, supplies for schools, makeup, perfumes, personal care, 

drinks, detergents, canned goods, cosmetics, etc. 

 To get a better performance, we carried out a heavy sequence argumentation of 

data which consists of crop + horizontal + flips + Gaussian blur, leading to significant 

changes in our data, increasing it to 18000 number of images. To evaluate our method 

in the best way, we resort to the use of the Cross-Validation method in which our 

original data was subdivided into 𝑘 subsets called folds. For each of these subsets, we 

trained a model using all the data except the data belonging to that subset, and then the 

model tested with the data of the subset in question.  

 

 

Figure 3.14: Training measure accuracy over epochs with 3 Cross Validation. 
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Figure 3.14 shows that 3 lines plot are created showing the learning curves for 

the model accuracies on the train sets over each training epoch, we can see that the 

model achieved an average of approximately 75% overall training folds results on the 

training dataset on 300 epochs. 

 

Figure 3.15: Learning Curves of  Model Accuracy on Train and Test Dataset 

over Each Training Epoch with 3 Cross Validation. 
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Figure 3.16:  Model Loss on Training and Validation Data with 3 Cross 

Validation. 
 

As you can see in Figure 3.15 The 3 lines plot represent the learning curves for 

the model accuracy on the training and test sets over each training epoch. In this case, 

we can see that the model achieved an average of approximately 75% accuracy on the 

training dataset, which we know is optimistic, and about 71% on the test dataset, which 

we would expect to be more realistic. 

In Figure 3.16 of loss, we can see that the model has comparable performance 

on both training and validation datasets where there are 3 different Folds, which has 

its respective training loss validation, fold 1 is identified with the black line and the 

same color with a dash-dot line style of the same color represents the loss of validation, 

in the same way fold 2 is red and fold 3 is green.  We can see that our model has good 

fit learning curves in each folds. Both the training and validation loss decrease in an 

exponential fashion as the number of epochs is increased, suggesting that the model 

gains a high degree of accuracy as our epochs are increased. so we can end by saying 

that our algorithm has good loss. 
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Figure 3.17:  The ROC curve of the our model evaluation. 

 

Figure 3.17 is a hypothetical ROC curve demonstrating the tradeoff between 

sensitivity and specificity. Particularly, sensitivity and specificity are inversely related, 

as the sensitivity increases, the specificity decreases, and vice versa. This figure shows 

that our model has excellent discrimination based on the general rule of thumb for 

interpreting AUC because our model is in the 0.85≥AUC>0.7 classification range, 

with a score of AUC 0.83. 
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Figure 3.18: Result of CNN and Multi-Layer Perceptron (MLP); Each product on the 

sales flyer has a green box, which lists the product detected, the price and the 

description. At the top the text strings extracted by each product and their respective 

probability show that the product corresponds to the product description. 
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3.4. Discussion 

 

Our multi-model function involves different steps to carry out automatic 

extraction of information from sales flyers, one of them is product detection with 

Faster RCNN, Table 1 illustrates mAP at IOU thresholds between 5.0 to 9.5, and 

precision/recall statistics for different object sizes, where small and medium objects 

have a very bad mAP score because, our Faster RCNN model images of training and 

testing do not contain small or medium objects, in our model every object is considered 

large. On the contrary, in large objects the results vary depending on the value of the 

IOU as figure 3.7 shows, we can see that when the IOU value is 0.5 for all objects with 

different sizes, the mAP value is much better than the rest. 

On the other hand, text location and extraction part consisted of a neural network 

for text localization getting precision 74%, recall 52% and F-measure 61%. but for our 

case, it could not work perfectly because this method detects text sequentially and can 

unite some product and price descriptions in places that do not correlate as a result, see 

Figure 3.9. Therefore, Microsoft API for text recognition and extraction has the better 

result, as shown in Figure 3.10, which recognizes word by word and for each of them 

generates a bounding box. 

Otherwise, Table 3.2 shows a comparison of the 3 methods developed in this 

thesis from end to end, to obtain this comparison, the 4 most popular evaluation metrics 

were used. Function Algorithm 1 has a good performance when the products are 

separated by a considerable distance, but when there are many products in the sale 

flyers and they are very close together the algorithm tends to get confused and merge 

some product with the incorrect description. 

Compared to the function Algorithms, Function Algorithm 2 has a better 

performance than the function Algorithm 1, due to the new added procedure where we 

get the text that is on the object and generally this text is the products name, which 

allows at the time of merge, for the product and its description to be merged 

correspondingly and not depending only on the distance between the objects and the 

text, consequently decreasing the issue of the previous algorithm, but in the case of not 

being able to extract the text on the product or the case of not having text on it, 

unfortunately, we return to the procedure of the previous algorithm using only the 

distance between text and product. 
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As we can see the two previous methods have a problem with sales flyers when 

there are many products and they are not well separated. To avoid the problem of 

distances presented in the previous algorithms, we combined CNN and MLP with 

multiple inputs. This method provides us with better performance where we carry out 

a heavy sequence argumentation of data which consists of crop + horizontal + flips + 

Gaussian blur, leading to significant changes in our data. we used Cross-Validation 

method in which our original data was subdivided into 3 folds.  

We observed that the model has a comparable performance on both training and 

validation datasets where there are 3 different folds, which has its respective training 

loss validation.  We can also see that our model has Good Fit Learning Curves in each 

of the folds. Both the training and validation loss decrease in an exponential fashion 

as the number of epochs is increased, suggesting that the model gains a high degree of 

accuracy as our epochs are increased so, we can conclude by saying that our algorithm 

has good accuracy. 

In this way, we can realize the differences between the three methods, where the 

similarity of performance is evident when using only the distances to classify the sales 

flyers, on the other hand, it can be seen that the combination method between 

Convolutional Neural Network and Multi-Layer Perceptron has a better performance.  
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Table 3.2 Cross Validation Performance Result of End-to-End Methods. 

N° Fold Method Precision Recall F1 Score Accuracy 

 

1 

Function Algorithm 1 67% 77% 71% 70% 

Function Algorithm 2 70% 79% 74% 73% 

CNN and MLP 78% 85%      81%  80% 

 

2 

Function Algorithm 1 65% 73%      69% 67% 

Function Algorithm 2 70% 80% 75% 73% 

CNN and MLP 80% 86% 83% 82% 

 

3 

Function Algorithm 1 62% 71% 66% 64% 

Function Algorithm 2 75% 66% 70% 68% 

CNN and MLP 76% 84% 80% 79% 

 

4 

Function Algorithm 1 66% 75% 70% 68% 

Function Algorithm 2 68% 77% 72% 71% 

CNN and MLP 80% 86% 83% 82% 

 

5 

 

Function Algorithm 1 67% 77% 71% 70% 

Function Algorithm 2 70% 80% 74% 73% 

CNN and MLP 87% 82% 84% 84% 

 

 

Table 3.3  Average  Performance Result of the  End-to-End Methods using 

Cross Validation. 

Methods  Recall Precision F1 Score    Accuracy 

Function Algorithm 1 65% 74% 69% 67% 

Function Algorithm 2 70% 76% 73% 72% 

CNN and MLP 80% 85% 82% 81% 

 

As shown in Table 3.2, cross validation performance results of end-to-end 

methods is reported. To carry out the calculation of end to end results presented, 100 

flyers were used, which contained a total of 540 items, our original data testing was 

subdivided into 5 subsets called folds, for each of these subsets, we evaluate the 

performance of our model, then proceeded to calculate the variables TP, FP and FN 

where TP is the items correctly classified, that is, each product has been classified with 

their respective description, FP is the items that only the product without the total 

description and FN is the Items that have not been correctly classified, that is, products 
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that have been classified with the wrong description. We calculated each of the 

evaluation matrices shown. 

In Table 3.3 in table 1, we calculated the average of each of the metrices: 

precision, Recall, F1 Score and Accuracy for each of the algorithms with respect to 

the 5 subdivision of the evaluation data used, we can see which CNN method and MLP 

has a better performance in each of the measurements. 
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4. CONCLUSIONS 

 

In this thesis we presented an automatic learning algorithm for the information 

extraction from sale flyers, which consists of 3 steps: The first is the detection of 

objects (Products) in the sales flyers inspired by the faster region convolutional neural 

network (Faster R-CNN) is incorporated of two principal parts. One is a deep fully 

convolutional network that put forward, regions using Deep Residual Learning 101, 

and the other is Fast Regions-CNN detector that uses the proposal regions. The Resnet 

model produres the whole image with several convolutional (conv) and max-pooling 

layers to produce a convolution feature map, then the next process is for each object 

to generate a product proposal region of interest. Each feature vector is fed on a 

sequence of fully connected layers that finally are divided into two output layers: one 

which generates SoftMax probability approximations over 𝑘 product classes and 

another layer which outputs four real-valued numbers for each of the 𝑘 product classes. 

Our product location model provides us a high precise product location on sales flyers 

with an Average Precision of 85.6%. 

 The second step is the detection and extraction of the text in the sale flyers by 

optical character recognition, which generates two data outputs, one is the location 

coordinates of the text on the sales flyer and the other is the text string. OCR API 

provides us a precise detection and high quality in exaction of the detected text. 

Finally, we presented 3 function algorithms with the aim of joining the products with 

its respective description. Both of the steps of detecting objects and extracting text 

from sales flyer provide the inputs for the function algorithms, which are the location 

of the bounding boxes of texts and objects: The performance of the function algorithm 

(1) (merge by distances between object and text) achieved 74%  Precision, 64% Recall, 

69% F1 Score  and 67% Accuracy. The function algorithm (2) (merge by distances 

between Object, text and text on the object) achieved a 76% precision, 70% Recall, 

73% F1 Score and 71% Accuracy whiles our main contribution been the combination 

of Convolutional neural network CNN and Multilayer Perceptron (MLP) achieved a 

precision of 85%, 80% Recall, 82% F1 Score and 81% Accuracy. Although our third 

method has an excellent precision performance for information extraction from sale 

flyers, this method would have limitations when two or more products in the sales flyer 

have the same name and similar descriptions where only the size of the product will 
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be different, in this case our classifier might classify the products incorrectly with their 

respective descriptions, for this reason our future work will consist of recognition of 

patterns of the sales flyers so that our method can recognize and predict the location 

of the products and the side where their respective price and description are located, 

thus avoiding the limitation of lousy classification of the aforementioned method. On 

the other hand, in the third method of merge algorithms we planning to replace 

embedding and multilayer perceptron neural network with Long short-term memory 

(LSTM). 
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