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Abstract—Convolution serves as a foundational component
enabling Deep Neural Networks (DNN) to extract meaningful
features from input data. This paper focuses on the real-time
architecture of a high-throughput processing unit (PU) designed
for 2D convolutions. Three distinct PU topologies are presented:
(a) a non-pipelined Multiply-Accumulate (MAC) based PU, (b)
a 2-stage pipelined MAC based PU, and (c) a S-stage pipelined
MAC-based PU, which significantly reduces convolution process
delay. These proposed architectures are implemented on Field
Programmable Gate Arrays (FPGAs) using the Xilinx Vivado
tool. Resource utilization and latency are thoroughly assessed and
compared across various PU topologies on Artix-7 and Zynq-7
FPGA chips. Additionally, throughput is estimated and compared
for different kernel and image sizes, revealing a substantial
average improvement of 96.36% achieved by the pipelined MAC
with its five-stage design compared to the non-pipelined MAC-
based processing unit.

Index Terms—Deep Neural Network, 2D convolution,
Multiply—accumulate (MAC) unit, Pipelining, Pipelined MAC,
Field Programmable Gate Arrays (FPGAs).

I. INTRODUCTION

In recent years, the utilization of deep learning and deep neural
networks (DNNs) has rapidly increased across various domains,
such as object detection, object recognition, semantic segmentation,
medical imaging, and more. This surge is attributed to their ability
to achieve greater accuracy in less time than human expertise.
However, this superior performance comes at the cost of significant
computational complexity, memory use, and power consumption
due to the billions of parameters in the network. In that complex
process, convolution is the most significant process, which is done
several times to get accurate results. However, convolution alone
requires significant memory use, power consumption, and complexity.
Convolution is the process of producing an output vector/matrix using
an input kernel/filter vector and input data vector. The current work
presents the implementation of a high throughput process unit for 2D
convolution in FPGA. We have studied how a pipeline technique [1]
can be used to provide high throughput and maximize performance
in the process unit of convolution by partitioning the critical path.
Increasing the throughput utilizing pipelining in the convolution
process unit (PU) differs this study from other former studies. The
main contributions of this work are as follows:

o This paper explored various convolution techniques that
are used for CNN accelerators. Based on our analysis,
Multiply—accumulate (MAC) has been used for the design of
convolution architecture. Thus, this paper proposes a multi-
staged MAC that can be used to construct a faster processing
unit for 2D convolution.
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o Multiplier has a more significant delay than adder in MAC. To
address this issue, we have proposed a multi-phase signed mul-
tiplier method, wherein the delay at each stage is significantly
lower than that of the adder.

o Finally, the proposed MAC with other MACs is implemented in
FPGA boards. Those MACs are compared in terms of latency
and throughput parameters to distinguish which MAC is the best
suited for the convolution layer.

II. BACKGROUND AND RELATED WORKS

Convolution is the pivotal process in the field of Deep Neural
Networks. It is used for many applications like reducing the image
size, edge detection of the objects in an image, sharpening an image,
blurring the image, etc., in many image processing applications of
Deep Neural Networks. This image processing is the basic process
for many DNN applications like object recognition, face recognition,
medical imaging, etc., thus proving that 2D convolution is the basic
process for many DNN networks.
2D convolution involves sliding a small matrix called filter (or kernel)
over an input image, performing element-wise multiplication between
the overlapping kernel and image regions, summing the results to get
an output value, and moving the kernel across the image and repeating
the process to get an output processed matrix. This process extracts
features, filters, or detects patterns. Optional padding maintains input
size, and the stride controls kernel movement. The result is an output
feature map that summarizes the convolved features. By taking the
consideration of stride and zero padding, the output size can be
determined as shown below:

A+2*Zp—f

Output_size = (
str

)+1 )
where A denotes the input image size, Zp is the Zero padding,
f is the filter/kernel size and str is stride. These types of similar
operations can be seen in Dilated convolution, deconvolution [2]
and fully connected Neural Network layers From [3], its concluded
that FPGA has better memory usage and performance than GPU
and CPU for 2D convolution. Thus, this paper selected the FPGA
implementation of the proposed architecture, which consists of MAC,
a best-suited process block for convolution. [4] MAC, called multiply-
accumulate, is a block that does multiplication and accumulates the
multiplied result. Thus, one MAC operation produces one output
value. But producing every output value takes a finite number of
clock cycles. We use the pipeline method to reduce the cycle required
and the clock period to reduce this. We witnessed extensive research
on the effective implementation of 2D convolution architecture. [2],
[5], [6], [7] are the different types of implementations of this 2D
convolution architecture. These have their structure to implement
the convolution using Multipliers and adders. Compared to that, this
paper only uses one multiplier and adder to achieve efficiently less
area, power and high throughput.
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Fig. 1. (a) Proposed architecture for 2D convolution. (b) Topologies of MAC
used in Process Unit(PU)

III. PROPOSED ARCHITECTURE

The proposed architecture mainly consists of datapath and the
controller. The datapath contains memory and processing units, as
shown in the figure. The memory is designed to store picture, filter,
and convoluted output data. The memories have row and column
addresses, and the size is enough to do zero padding. The PU is
designed only for the convolution process, and a controller is used
to control this process. Here, we make use of three topologies of
MAC for the processing unit for convolution, as shown below. The
MAC is made up of a modified signed Dadda multiplier [8] and the
Carry Select Adder (CSELA) with 4-bit Carry Look-ahead Adder.
Dadda Multiplier is used because it can be pipelined with minimum
no. of stages compared to other multipliers, and it is in 8x8 Dadda
multiplier; it takes four independent process stages as in [8] which
makes it 4-stage pipeline system. 4-bit CLA is the fastest 4-bit adder,
and CSELA with 4-bit CLA is a faster adder. Address generator
contains row, column address and stride generator used to access
data from the memory or to the memory. A status is generated from
the status generator by comparing row, column address and strides
with its predefined limiters of address. Coming to the controller, it
increments the row and column address and stride accordingly by
considering stride and also activates the memories accordingly using
memory select. The algorithm of the controller is given below.

IV. EXPERIMENTAL RESULTS

All the proposed hardware structures are implemented using Ver-
ilog HDL (hand-coded) and with the memory sizes for pic, filter
and output as 6x6, 3x3 and 4x4 with word size of 8 bits. The
code verified and simulated in Xilinx Vivado Design suite. Then the
synthesis of this architecture is done in the Artix7-AC701 Evaluation
Platform (xc7a200tfbg676-2) and ZYNQ-7-ZC702 Evaluation Board
(xc7z020clg484-1) and the results are shown Table-I and Table-II.
Compared to the non-pipelined PU, the PU based two-stage pipelined
MAC (MAC-I) had a 9.58% improvement in throughput whereas
the proposed PU based on 5-stage pipelined MAC (MAC-II) has a
98.7% improvement for the Artix-7 board. For the Zyng-7 board, the
improvement in throughput is 9.31% and 94.02% for PU based on
MAC-I and MAC-II respectively.

V. CONCLUSIONS

This article presents a real-time implementation of a high through-
put PU that performs 2D convolution on Artix-7 and Zynq-7 FPGA
boards. The proposed convolution PU is mainly constructed by
MAC, which uses a five-stage Dadda multiplier and CSELA adder
components. It empowers the throughput by reducing the delay
of the multiplier. The proposed 5-stage MAC-based PU performs
significantly better compared to the PU based on non-pipelined MAC
and the two-stage pipelined MAC.

TABLE 1

DELAY AND UTILIZATION OF EACH MODULE USED IN THE PROCESS UNIT

Module Artix-7 Zynq-7
Name (xc7a200tfbg676-2) | (xc7z020clg484-1)
Delay Slices Delay Slices
(in ns) (LUT) (in ns) | (LUT)
Adder 6.6 41 79 41
Dadda Multiplier 8.8 102 10.3 102
5-stage Dadda Multiplier 1.4 100 1.8 100
TABLE II

UTILIZATION OF DIFFERENT TOPOLOGIES OF MAC USED IN PU

Design type Artix-7 Zynq-7
Slice Slice Slice Slice
registers | registers | registers | registers
(Out of (Out of (Out of (Out of
134600) 269200) 53200) 106400)
PU using non-
pipelined MAC 531 779 531 779
PU using
Pipelined MAC 515 796 515 796
PU using Proposed
pipelined MAC 517 962 517 962
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Fig. 2. Comparison of latency and throughput for different MAC used in PU
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