
  

 
 

 بسم الله الرحمن الرحيم

 ∞∞∞ 

 مني مغربي أحمد تم رفع هذه الرسالة بواسطة / 

بقسم التوثيق الإلكتروني بمركز الشبكات وتكنولوجيا المعلومات دون أدنى 

  الرسالة.مسئولية عن محتوى هذه 

 

 يوجد لا :ملاحظات
 

 

 

 

                               
  

 



 

 
 

  
 

 

 

 

 

 

 

IMPLEMENTATION OF DEEP CONVOLUTIONAL 

NEURAL NETWORKS (CNN) ON FPGA/CPU 

PLATFORM USING XILINX SDSOC 

 

 

By 

 

Rania Osama Hassan Hassan 

 

 

A Thesis Submitted to the 

Faculty of Engineering at Cairo University 

in Partial Fulfillment of the 

Requirements for the Degree of 

DOCTOR OF PHILOSOPHY 

in 

 Electronics and Communications Engineering 

 

 

 

 

 

 

 

 

 

FACULTY OF ENGINEERING, CAIRO UNIVERSITY 

GIZA, EGYPT 

2022 



 

 
 

Implementation of Deep Convolutional Neural Networks 

(CNN) on FPGA/CPU platform using Xilinx SDSoC 

 

 

 

By 

Rania Osama Hassan Hassan 

 

 

 

 

A Thesis Submitted to the 

Faculty of Engineering at Cairo University 

in Partial Fulfillment of the 

Requirements for the Degree of 

DOCTOR OF PHILOSOPHY 

in 

 Electronics and Communications Engineering  

 

 

Under the Supervision of 

 

Associate Prof. 

Omar Ahmed Ali Nasr 
 

 Associate Prof. 

 Hassan Mostafa Hassan Mostafa  

Associate Professor 

Electronics and Communications  

Department 

Faculty of Engineering, Cairo University 

 Associate Professor 

Electronics and Communications  

Department 

Faculty of Engineering, Cairo University 

 

 

 

 

 

 

 

 

 

FACULTY OF ENGINEERING, CAIRO UNIVERSITY 

GIZA, EGYPT 

2022  



 

 
 

Implementation of Deep Convolutional Neural Networks 

(CNN) on FPGA/CPU platform using Xilinx SDSoC 

 

 

By 

Rania Osama Hassan Hassan 
 

 

A Thesis Submitted to the 

Faculty of Engineering at Cairo University 

in Partial Fulfillment of the 

Requirements for the Degree of 

 DOCTOR OF PHILOSOPHY 

in 

Electronics and Communications Engineering 

 

 

Approved by the 

Examining Committee 

 

 

____________________________ 

Associate Prof. Omar Ahmed Ali Nasr,             Thesis Main Advisor 

__________________________ 

Associate Prof. Hassan Mostafa Hassan Mostafa,  Advisor  

__________________________ 

Prof. Dr. Mohsen Abd El Razik Rashwan,  Internal Examiner 

 

____________________________ 

Prof. Dr. Ahmed Hassan Madian    ,   External Examiner 
- NCRRT, Egyptian Atomic Energy Authority 

 

 

 

 

 

 

FACULTY OF ENGINEERING, CAIRO UNIVERSITY 

GIZA, EGYPT 

2022 

 



 

 
 

Engineer’s Name:  Rania Osama Hassan Hassan 

Date of Birth: 14/4/1988 

Nationality: Egyptian 

E-mail: Rania.osama@eng.cu.edu.eg 

Phone: 01223326553 

Address: El waha Nasr city 

Registration Date: 1/10/2015 

Awarding Date: …./…./2022.  

Degree: Doctor of Philosophy 

Department: Electronics and Communications Engineering 

  

Supervisors:  

 Associate Prof. Omar Ahmed Ali Nasr 

Associate Prof. Hassan Mostafa Hassan Mostafa 

  

Examiners:  

 Associate Prof. Omar Ahmed Ali Nasr   (Thesis main 

advisor)  

 Associate Prof. Hassan Mostafa Hassan Mostafa   (advisor) 

 Prof. Mohsen Abd El Razik Rashwan    (Internal examiner) 

Prof. Ahmed Hassan Madian                (External examiner) 

                                    NCRRT, Egyptian Atomic Energy Authority 

  

Title of Thesis:  

Implementation of Deep Convolutional Neural Networks (CNN) on 

FPGA/CPU platform using Xilinx SDSoC 

  

Key Words:  
Convolutional Neural Networks (CNNs), Alex-Net, GoogLeNet, SDSoC, HLS. 

  

 

Summary:  

 

CNNs are the state-of-the-art systems for image classification due to their high 

accuracy but their computational complexity is very high. Therefore one of the 

challenges in this field nowadays is the hardware acceleration for real time 

applications. FPGAs are the target for HW implementation as they have low power 

consumption and flexible architecture which fits larger CNNs despite the GPUs 

which consumes large power. This work discusses this problem and provides a 

solution that compromises between the speed of the CNN and the limited resources 

of FPGA. This solution depends on using parallelism and pipelining techniques 

inside some layers for implementing CNN using Xilinx SDSoC tool. The 

implementation of the design using high level language enhances the design time. 

In addition, it fits for larger designs compared to using only an FPGA. An Alex-

Net CNN and GoogLeNet CNN are implemented successfully on Xilinx SDSoC 

platform and achieved a very good results. 
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