
 
 شبكة المعلومات الجامعية

 التوثيق الإلكتروني والميكروفيلم

                        

 بسم الله الرحمن الرحيم

               
 

  
MONA MAGHRABY 



 
 شبكة المعلومات الجامعية

 التوثيق الإلكتروني والميكروفيلم

 
 

 شبكة المعلومات الجامعية 
  توثيق الالكتروني والميكروفيلمال

 
MONA MAGHRABY 

 



 
 شبكة المعلومات الجامعية

 التوثيق الإلكتروني والميكروفيلم

 جامعة عين شمس
 لكتروني والميكروفيلمالتوثيق الإ

 قسم
 عظيم أن المادة التي تم توثيقها وتسجيلهانقسم بالله ال

 علي هذه الأقراص المدمجة قد أعدت دون أية تغيرات

 

 يجب أن
 حفظ هذه الأقراص المدمجة بعيدا عن الغبارت

 

MONA MAGHRABY 



GANKIN: GENERATING KIN FACES USING
DISENTANGLED GAN

By

Fady Saad Said Ghatas

A Thesis Submitted to the
Faculty of Engineering at Cairo University

in Partial Fulfillment of the
Requirements for the Degree of

MASTER OF SCIENCE
Computer Engineering

FACULTY OF ENGINEERING , CAIRO UNIVERSITY
GIZA, EGYPT

2020



GANKIN: GENERATING KIN FACES USING
DISENTANGLED GAN

By

Fady Saad Said Ghatas

A Thesis Submitted to the
Faculty of Engineering at Cairo University

in Partial Fulfillment of the
Requirements for the Degree of

MASTER OF SCIENCE
Computer Engineering

Under the Supervision of

Prof. Dr. Magda Fayek Prof. Dr. Elsayed Hemayed
Professor of Computer Professor of Computer

Computer Engineering Department Computer Engineering Department

Faculty of Engineering , Cairo University Faculty Of Engineering, Cairo University

Dr. Mayada Hadhoud
Assistant Professor

Computer Engineering Department

Faculty Of Engineering, Cairo University

FACULTY OF ENGINEERING , CAIRO UNIVERSITY
GIZA, EGYPT

2020



GANKIN: GENERATING KIN FACES USING
DISENTANGLED GAN

By

Fady Saad Said Ghatas

A Thesis Submitted to the
Faculty of Engineering at Cairo University

in Partial Fulfillment of the
Requirements for the Degree of

MASTER OF SCIENCE
Computer Engineering

Approved by the Examining Committee:

Prof. Dr. Magda Fayek, Thesis Main Advisor

Prof. Dr. Elsayed Hemayed, Advisor

Prof. Dr. Hoda Anis Baraka, Internal Examiner

Prof. Dr. Khaled Mostafa El Sayed, External Examiner
Professor at Faculty of Computer Science, Cairo University.

FACULTY OF ENGINEERING , CAIRO UNIVERSITY
GIZA, EGYPT

2020



Engineer’s Name: Fady Saad Said Ghatas
Date of Birth: 15/02/1993
Nationality: Egyptian
E-mail: fady@titrias.com
Phone: 01270141715
Address: Maadi, EGYPT 23
Registration Date: 01/03/2015
Awarding Date: / /

Degree: Master of Science
Department: Computer Engineering

Supervisors:
Prof. Dr. Magda Fayek
Prof. Dr. Elsayed Hemayed
Dr. Mayada Hadhoud

Examiners:
Prof. Dr. Magda Fayek (Thesis main advisor)
Prof. Dr. Elsayed Hemayed (Advisor)
Prof. Dr. Hoda Anis Baraka (Internal examiner)
Prof. Dr. Khaled Mostafa El Sayed (External examiner)
Professor at Faculty of Computer Science, Cairo University

Title of Thesis:

GANKIN: Generating Kin faces using disentangled GAN

Key Words:

GAN; Kin Generation; GAN Modularity; CNN;

Summary:
Kin image generation from parents’ images is a high-level prediction and
generation problem. This study presents a new method to predict and generate
a kin face using parents’ faces, i.e. Tri-subject prediction or two-to-one pre-
diction. We use a pipeline of unconditional GANs to overcome mode-collapse
in conditional GANs. The model achieves promising results compared to the
state-of-the-art, our model achieves a retrieval score of 0.19 versus 0.107 by
the state-of-the-art. Our model is validated against SelfKin kinship verification
model and achieved an accuracy of (63 % ± 7 %).
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