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Abstract 
For the last few years, smart devices have begun to occupy an essential place in the life of children, by allowing 
them to access a variety of language activities and books. Various studies are being conducted on using smart 
devices for education. Our study extracts images and texts from kids’ book with smart devices and matches the 
extracted images and texts to create new images that are not represented in these books. The proposed system 
will enable the use of smart devices as educational media for children. A deep convolutional generative 
adversarial network (DCGAN) is used for generating a new image. Three steps are involved in training 
DCGAN. Firstly, images with 11 titles and 1,164 images on ImageNet are learned. Secondly, Tesseract, an 
optical character recognition engine, is used to extract images and text from kids’ book and classify the text 
using a morpheme analyzer. Thirdly, the classified word class is matched with the latent vector of the image. 
The learned DCGAN creates an image associated with the text. 
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1. Introduction 

Generally, childhood education institutions, books, or language areas have been developed for young 

children to have access to a variety of language activities and books. In this area, preschoolers can read 

the books themselves or teachers can read the books to the children. Kids’ book reading activity is 

frequently used and is considered important by early childhood education institutions [1]. However, in 

recent years, digital kids’ book on tablet PCs and smartphones have begun to replace physical books [2]. 

Academia has determined that smart devices affect children lives and development. 

According to a study, 90.3% and 21.9% of infants under seven years of age have used smartphones 

and tablet PCs, respectively. In addition, studies have also shown that the use rate of smart devices among 

children aged 4 to 6 years is approximately 95%. Such studies suggest that smart devices have already 

become a familiar medium for most children. Currently, research is being conducted on the use of smart 

devices for children in both the fields of special education and general education. In terms of educational 

effects, smart devices can increase synesthesia and communication with Internet access, voice, video, 

text, etc., and increase creativity through app-based language activities. Fig. 1 illustrates a photograph 

that uses the kids’ book and smart device to educate children. 
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Fig. 1. A kid is being educated using smart device. 

 

In 2014, Goodfellow et al. [4] proposed a generative adversarial network (GAN), wherein generators 

replicated texts that were classified such that they became hostile toward each other, thus, promoting 

learning and enhancement of performance. This differentiated the tendency of machine learning research 

from supervised learning, such as a convolutional neural network (CNN) and recurrent neural network 

(RNN), to semi-supervised learning and unsupervised learning [5]. 

The security of datasets is complex in machine learning. In case of vast data in supervised learning, 

classifying the dataset is complex and meaningful learning is often difficult owing to noise. Sorting 

secured data and removal of noise can be time consuming and costly. Conversely, for small data, it is 

difficult to avoid overfitting. 

This issue can be addressed with the use of a GAN, which transforms and creates an image through 

random noise; and the classifier learns its classification probability through a comparison with the 

original and the replication probability of the generator through the minimax algorithm. A GAN is a 

model for simultaneous learning by the classifiers and generators, and it solves the problem of generation 

and classification, while existing machine learning methods solve classification, recognition, and 

prediction problems. These characteristics are utilized or studied in various fields such as reproducing 

ink paintings [6] and producing music [7]. 

This study proposes the extraction of images and texts from kids’ book with the use of smart devices 

and creation of new images for text in kids’ book by matching images and text. Such a system will be of 

significant importance when using smart devices as an educational media for children. For text extraction, 

the image and text are obtained from the kids’ book, and the text is extracted from the captured image 

using optical character recognition (OCR). The extracted text is classified into nouns and verbs by using 

a Natural Language Toolkit (NLTK) morpheme analyzer, and it teaches by matching objects, actions, 

and images using a discriminator. It considers the images of texts from kids’ book that have no images 

and designates the noun and verb of the photographed text as the latent vector of the generator. The 

learned generator creates a similar image that fits the text. 
 

 

2. Related Work 

2.1 OCR 

OCR, also known as optical character reader, is the electronic or mechanical conversion of images of 

typed, handwritten, or printed text into machine-encoded text, either from a scanned document, a photo 
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of a document, a scene-photo, or subtitle text superimposed on an image. The OCR service allows the 

conversion of scanned images, faxes, screenshots, portable document format (PDF) documents, and 

eBooks to text. OCR is designated as the beginning of research in the fields of machine learning and deep 

learning. Previously, OCR and digital character recognition were considered to be different domains; 

however, at present, the term optical character recognition includes digital character recognition as well. 

OCR uses optical techniques such as mirrors and lenses, and digital character recognition performs 

character recognition by using scanners and algorithms. Although most of the font styles can be converted 

with high probability, the initial system requires training to identify the font style for text readability. 

Modern systems can generate document files that closely match text images from the read images. Some 

of them are properly recognized even if they contain parts that are not present in the document, as shown 

in Fig. 2 where text is being read from an image using OCR [8,9]. 

 

 

Fig. 2. Reading text from an image using OCR. 

 

2.2 NLTK 

The NLTK is a library and program for symbolic and statistical natural language processing (NLP) for 

English written in the Python programming language. It was developed by Steven Bird and Edward Loper 

in the Department of Computer and Information Science at the University of Pennsylvania. The NLTK 

supports research and teaching in NLP or closely related areas, including experiential linguistics, 

cognitive science, artificial intelligence, information retrieval, and machine learning. It has been 

successfully used as an educational tool, a separate learning tool, and a platform for building research 

systems. It supports classification, tokenization, morpheme analysis, tagging, parsing, and semantic 

reasoning. Fig. 3 shows the morphemes of the text “at least nine-tenths of the students passed” in a tree 

form using the Treebank. 

 

 
Fig. 3. Display a parse tree. 
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2.3 GAN 

A GAN consists of two models, which are a generative model G that approximates the distribution of 

data and a differential model D that distinguishes between real and false. When creating an image using 

GAN, D learns ways of identifying a real image as real and a forged image as a fake image. From the 

latency vector, G learns to create a forged image that is identical to an actual image to deceive the 

identifier. Fig. 4 shows the GAN structure. 
 minܸ݉݅݊(ܦ, (ܩ ൌ	ܧ௫~௣೏ೌ೟ೌ(ೣ)ሾ݈(ݔ)ܦ݃݋ሿ ൅	ܧ௭~௣೥(௭)ሾlog	(1 െ  ሿ                         (1)(((ݖ)ܩ)ܦ

 

When learning with an actual image, ܦ must maximize ܸ(ܦ, (ೣ)௫~௣೏ೌ೟ೌܧ .(ܩ  means sample ݔ in the 

actual data distribution where ݈(ݔ)ܦ݃݋ is maximized when (ݔ)ܦ is 1.  ܧ௫~௣೏ೌ೟ೌ(ೣ) denotes a sample of 

the potential vector ݖ  in the Gaussian distribution. Here, log	(1 െ (((ݖ)ܩ)ܦ  is maximized when  ((ݖ)ܩ)ܦ	is zero. If training with a fake image, the only right part of Eq. (1) is used. On the left part where ܩ must minimize ܸ(ܦ, (1	is 1, log ((ݖ)ܩ)ܦ is not needed; thus, when ܩ ,(ܩ െ  is minimized (((ݖ)ܩ)ܦ

[10,11]. 
 

 
Fig. 4. Principle of learning process of GAN. 

 

2.4 DCGAN 

A deep convolutional GAN (DCGAN) was used to overcome the GAN instability. A DCGAN 

incorporates convolutional structure into the GAN, as shown in Fig. 5. The DCGAN generator structure 

CNNs are often used in the field of computer vision but are less frequently used in the area of unsupervised 

learning. The generator learned with DCGAN facilitates vector arithmetic operations, thereby allowing  
 

 
Fig. 5. DCGAN generator structure. 
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the generation of images at the semantic level [12,13]. For instance, as shown in Fig. 6, in terms of image 

generation using DCGAN, “glassed woman” is generated as a result of “man with glasses” – “man” + 

“woman.” The learning model learned glasses, men, and women [14,15]. 
 

 
Fig. 6. Image generation using DCGAN. 

 

 

3. Method 

This system included DCGAN training, image-text matching, and the create image process, as shown 

in Fig. 7. This study system. The DCGAN training step helped in learning the images. The image learning 

process proceeded to a dataset in ImageNet. The matching title and image using 1,164 images were  

 

 
Fig. 7. System design flow chart. 
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categorized into 11 titles. The image size was 64×64×3, basic learning rate was 0.0002, mini-batch size 

was 64, epochs were 600, and generator noise was sampled at a 100-dimensional normal distribution. In 

this process, it learned an alternator between the generator and discriminator. 

The image-text matching step matched the text and images from the kids’ book. Tesseract, an OCR 

engine, extracted the images and text from the kids’ book. The text additionally underwent morphology 

analysis to extract nouns and verbs. The discriminator matched the image and text by learning the 

extracted image as input data and the extracted nouns and verbs as output data. 

The image step generated an image. Tesseract extracted text from the kids’ book, and it extracted nouns 

and verbs through morphological analysis. The generator input the extracted text into a latent vector and 

generated a new image [16,17]. 

 

3.1 Dataset 

ImageNet is a large visual database designed for visual object recognition software research. It contains 

more than 20,000 categories, including general categories, which consist of hundreds of images. This 

study collected bear images with the keyword “bear” for image learning purpose. The wnid “n02131653” 

in the bear category was used as the key value and downloading was performed using the URL of the 

images, as shown in Fig. 8. It took 50 minutes to download and receive 1,434 image files. Among these, 

1,164 files were used as datasets, while 270 files, which failed to open owing to downloading errors, were 

excluded. 
 

 
Fig. 8. ImageNet Bear dataset. 

 

3.2 Data Training 

A DCGAN subject is trained in terms of the text function encoded by the verb and noun extracted from 

the kids’ book. The generator network G and discriminator network D conditionally perform feed-

forward estimation of the text features. The generator is represented as ࡳ:ℝࢆ ൈ ℝࢀ → ℝࡰ and the 

discriminator is represented as ࡳ:ℝࢆ ൈ ℝࢀ → ℝࡰ.	Here, ࢀ is the size of the part-of-speech, ࡰ is the size 

of the image, and ࢆ is the amount of noise input to ࡳ. Fig. 9 shows the DCGAN structure discussed in 

this study. 



Jaehyeon Cho and Nammee Moon 

 

J Inf Process Syst, Vol.16, No.6, pp.1437~1446, December 2020 | 1443 

 
Fig. 9. Basic DCGAN structure of this study. 

 

In ܩ, first, sampling is completed from the noise of ऊ ∈ ℝ௓~ࣨ(0,1). By using the text encoder φ, the 

text query ݐ is encoded. φ(t), which contains the part-of-speech, initially compresses the full connection 

layer using a small dimension (which is 128, to be precise), uses a leaky rectified linear unit (ReLU), and 

then, finally, connects to the noise vector ऊ . After this inference, it proceeds like a normal decon-

volutional network. 

Feed-forward is conducted through ܩ and a composite image ݔො is generated through ݔො ← ,ऊ)ܩ  .((ݐ)߮
Image generation corresponds to the feed-forward reasoning of G conditionally applied to the parts-of-

speech and noise samples. In ܦ, several layers are performed with the use of leaky ReLU and stride 2 

along with batch normalization. 

Firstly, improving the accuracy of a class with the classified dataset ߮(ݐ) is ignored as the part-of-

speech is not entered. In the second and third steps, the noun and verb extracted by the text preprocessor 

become ݐ. The same GAN structure is used for all the datasets. The size of the training image is set to 

64×64×3. The text encoder creates a 1024-dimensional embedding projected in 128 dimensions in both 

the generator and discriminator before increasing the depth with convolutional feature maps. 

The generator and discriminator are updated alternatively. With respect to adaptive moment estimation 

(Adam), an initial learning rate of 0.0002 was used along with Adam’s momentum of 0.5. The generator 

noise was sampled at a 100-dimensional unit normal distribution. A minibatch size of 64 was used, and 

the training was conducted for 600 epochs. Fig. 10 shows the feature map created by training bear images. 
 

 
Fig. 10. Training feature map. 
 

3.3 Text Pre-processing 

The kids’ book used in this study was “Bear Stays Up,” which was released on October 5, 2004. As 

shown in Fig. 11, the study involved the use of the word “But the bear stays up”. Further, as shown in 

Fig. 10, the bear images used had the words “But the bear stays up”. The images were photographed 
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using the iPad Pro 10.5-inch second generation. Histogram equalization and sharpening were used to 

improve text and image recognition after photographing. 
 

 
Fig. 11. The kids’ book, “But the bear stays up” 

 

 

Fig. 12. Text recognized in the corrected image. 
 

Histogram equalization is the task of uniformly distributing the histogram of an image because when 

a histogram is significantly concentrated in a specific region, it can result in a low recognition rate. 

Sharpening is the process of sharpening an image using a filter. It was conducted using a Laplacian filter, 

and the filter values were {[-1, -1, -1], [-1, 9, -1], [-1, -1, -1]}. The image on the left of Fig. 11 is the 

original, whereas the one on the right is the corrected version. Fig. 12 shows an image of the letters in 

the corrected image. The Tesseract used for the extraction shows that the image has a high character 

recognition accuracy. 

The morpheme analysis used the NLTK, which is a Python package for natural language processing 

and document analysis developed for educational purpose. It has a variety of functions and examples, 

and it is widely used in practice and research. The two NLTK functions used were tokenization, which 

removes whitespace and newline characters from a character string with the use of word_tokenize and 

tagging, which acquired the parts-of-speech of each word with pos_tag. Fig. 13 shows the parts-of-speech 

of each word from the text (“But the bear stays up”) extracted from Fig. 12. Out of these, the NN (noun) 

and VB (verb) are extracted to be used in DCGAN learning [18]. 

 

 

Fig. 13. Tagging result of character string using NLTK. 
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4. Conclusion 

The study proposed text-image matching and image generation using DCGAN to create images not 

represented in kids’ book. By visualizing the text in kids’ book, the proposed system can help children 

use smart devices as educational media. 

In total, three factors affect image accuracy. The first factor is camera resolution. The sharper the 

picture, the higher is the accuracy. The second factor is image correction. In our study, histogram 

equalization and sharpening were used for easy character recognition in images. 

In addition, several other factors such as font size, color difference of the letters, and background 

required correction of images based on the corresponding situation to obtain good results. The third factor 

is a large amount of quality data. In data learning, the more the training data, the higher is the accuracy. 

In future studies, the data accuracy and object type will be enhanced with the addition of 8,189 flower 

datasets and 6,033 Caltech-UCSD Birds datasets from the Oxford 102 flowers dataset. With an expansion 

in scope, utilization would also expand, which can ultimately lead to the creation of images for school 

textbooks. This would help children and adolescents to understand parts that they cannot comprehend 

based only on the text provided in the books. 
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