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To meet the changing real-time edge engineering application requirements of CNN, aiming at the lack of universality and
flexibility of CNN hardware acceleration architecture based on ARM+FPGA, a general low-power all pipelined CNN hardware
acceleration architecture is proposed to cope with the continuously updated CNN algorithm and accelerate in hardware
platforms with different resource constraints. In the framework of the general hardware architecture, a basic instruction set
belonging to the architecture is proposed, which can be used to calculate and configure different versions of CNN algorithms.
Based on the instruction set, the configurable computing subsystem, memory management subsystem, on-chip cache
subsystem, and instruction execution subsystem are designed and implemented. In addition, in the processing of convolution
results, the on-chip storage unit is used to preprocess the convolution results, to speed up the activation and pooling
calculation process in parallel. Finally, the accelerator is modeled at the RTL level and deployed on the XC7Z100
heterogeneous device. The lightweight networks YOLOv2-tiny and YOLOv3-tiny commonly used in engineering applications
are verified on the accelerator. The results show that the peak performance of the accelerator reaches 198.37GOP/s, the clock
frequency reaches 210MHz, and the power consumption is 4.52w under 16-bit width.

1. Introduction

With the development of deep convolutional neural net-
works, various new convolutional neural network algorithm
structures emerge endlessly. Compared with traditional
image processing and analysis algorithms, such as SIFT,
SVM, and KNN, the key parameters of DCNN-based pro-
cessing algorithms are obtained based on specific data set
training, which shows better robustness and algorithm accu-
racy. Therefore, DCNN-based processing algorithms are
now widely used in various directions and related fields of
image processing and analysis, such as target detection and
recognition, video surveillance, automatic driving, assisted
driving, and damage detection. In some areas where the
development is lagging, such as in the more special deep-
sea exploration field, due to the lag in the development of
image processing and analysis technologies and computing
platforms for landers, AUVs, ROVs, and live video landers
in deep-sea scenes, at present, most signal processing is still
based on manual control and centralized calculation of

surface mother ship, and acoustic information is mainly
used as the main information source of environmental per-
ception. The existence of these problems, on the one hand,
makes the optical image information unable to directly serve
the environment perception of underwater equipment,
which limits the intelligent process of underwater equip-
ment; on the other hand, the transmission bandwidth is
occupied by a large amount of invalid data, which limits
the three-dimensional deployment of the detection system
in a large area and a wide range. Nowadays, the rapid devel-
opment of the DCNN algorithm and edge computing can
bring new ideas to solve these problems, so that optical image
information can better serve the intelligent and large-scale
deployment of deep-sea equipment. However, the continu-
ous update of the DCNN network structure promotes the
continuous improvement of the algorithm performance, but
this is at the cost of a substantial increase in the network
calculation scale, resulting in many algorithms not entering
the actual engineering application stage. Therefore, research
on network lightweighting is also developing rapidly, such
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as MobileNet, YOLO-tiny series, and other algorithms. Com-
pared with ordinary DCNN algorithms, some lightweight
DCNN algorithms have a greatly reduced amount of calcula-
tion, and the accuracy can also meet the requirements of
engineering applications.

However, compared with traditional algorithms, these
lightweight algorithms are still computationally consuming
algorithms, and at the same time, they are in the stage of
rapid iteration. Therefore, studying how to provide sufficient
computing power for a suitable network to meet the com-
puting requirements of actual edge engineering tasks and
the rapid adaptation requirements of different algorithm
structures has become the key to whether deep convolu-
tional neural network algorithms can be applied to specific
engineering applications. At this stage, the mainstream deep
convolutional neural network computing platforms mainly
include CPU, GPU, ASIC, and FPGA.

As the first processor to deploy deep learning, the CPU
has strong generality, but it is executed sequentially. When
faced with parallel deep convolutional neural networks
among channels, CPU computing efficiency is not high.
With the increase in the scale of convolutional neural net-
works, whether it is an embedded CPU or a desktop CPU,
their computing power is not enough to support the needs
of algorithm engineering applications, and they cannot pro-
vide efficient data operations and memory access require-
ments for computationally intensive tasks. Therefore, both
the academic circle and the industry have turned their atten-
tion to high-performance computing platforms such as GPU
and FPGA. GPU is good at floating-point arithmetic and
parallel arithmetic due to its high parallel computing unit
and large memory bandwidth [1, 2]. The convolutional neu-
ral network’s various computing channels are parallel, so it is
very suitable for using GPU for computing. Coupled with its
supporting parallel computing software architecture, such as
CUDA, it can greatly reduce the algorithm development
cycle. However, GPU’s high energy consumption and large
area characteristics make it unable to undertake edge com-
puting tasks [3, 4]. Even for embedded GPUs, its uncertain
delay and large power consumption will bring difficulties
to practical applications and cannot provide high-speed
serial communication, real-time processing, and low power
consumption at the same time [5, 6]. Therefore, neither
CPU nor GPU can meet the needs of scenarios such as
underwater unmanned submersibles, underwater live broad-
cast systems, buoys, AUVs, and ROVs. Besides, the design
and verification cycle of ASIC is too long, the capital invest-
ment is too large, and the flexibility is insufficient. In
contrast, FPGA has the advantages of fixed delay, low power
consumption, high flexibility, low R&D cost, real-time
processing, and low-latency communication, making it one
of the best solutions for real-time edge computing scenarios
[7]. However, FPGA bandwidth and on-chip storage
resources are limited, and large-scale convolutional neural
networks cannot be fully deployed on it. As a result,
advanced algorithms based on convolutional neural net-
works cannot be directly deployed on real-time embedded
vision systems. Therefore, to make up for the limited mem-
ory and computing resources, more and more researchers

are researching FPGA-side convolutional neural network
acceleration architecture. However, it is very difficult to
design complex calculations using FPGAs, which are more
suitable for parallel computing scheduling. Therefore, there
are more and more researches on heterogeneous acceleration
schemes, using RISC CPU for system access control and
FPGAs for convolution neural networks accelerate research.

The main challenges of deploying DCNN on FPGA are
parallel optimization of convolutional computation, optimi-
zation of on-chip and off-chip memory access, and optimi-
zation of generality. The former two are the main factors
that affect the forward inference time of DCNN, and the
latter is mainly because the algorithm deployment on FPGA
is too difficult to reduce the cycle of accelerator adaptation to
different algorithms and accelerate application landing. To
solve these problems, many researchers have made efforts
in three aspects: algorithm pruning, quantification, and
hardware architecture design. [8–11] mainly start from
model quantization and pruning, reduce the parameter bit
width and the number of parameters, to achieve the purpose
of reducing the amount of calculation, making the algorithm
more suitable for hardware implementation. [12, 13]
designed special accelerators for convolutional neural net-
works from the perspective of computational parallelism,
computational unit structure, and memory access optimiza-
tion. These accelerators have one of the following character-
istics: insufficient circuit optimization of the accelerator
leads to low calculation frequency; insufficient generality of
the accelerator can only provide adaptation for a fixed
algorithm; the input size of the accelerator and other related
calculation parameters are fixed, and the flexibility is not
high; frequent access to off-chip memory or consumption
of a large amount of on-chip storage increases power
consumption. Based on HLS, [14] designed a dedicated
accelerator for the YOLO series of algorithms, which has a
certain improvement in generality and development cycle.
However, due to the insufficient optimization of the circuit
by HLS, its computing performance cannot meet the needs
of low-latency engineering applications. Therefore, for
FPGA, it is necessary to study the dynamic balance among
algorithm inference performance, power consumption, and
flexibility according to different application requirements
[15]. To alleviate the above problems, this paper proposes
a reconfigurable and versatile DCNN acceleration architec-
ture, which not only satisfies high computing performance
but also improves the configurability and scalability of the
accelerator. We perform Verilog modeling and critical path
optimization based on the AXI protocol standard. The accel-
erator is currently able to adapt to the computing require-
ments of the mainstream DCNN algorithm and at the
same time can achieve a better energy efficiency ratio and
computing efficiency. The main contributions of this article
are as follows:

(1) According to the structural characteristics of the
DCNN algorithm, a reconfigurable and scalable gen-
eral CNN acceleration workflow is proposed, and the
accelerator is modeled at the RTL level. This work-
flow can easily perform model extraction and
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memory planning for the target DCNN algorithm
and map it to the target device for accelerated calcu-
lation. Its characteristic is that it can dynamically
balance the relationship among the DCNN algo-
rithm scale, on-chip computing and storage
resources, computing performance, and power con-
sumption according to specific scene constraints.
Compared with the existing DCNN accelerated
workflow, the workflow proposed in this article has
been further optimized and improved in four
aspects: computing core, control instructions, on-
chip cache architecture, and off-chip memory access
management. The generality and processing band-
width of accelerators reduce the power consumption
of accelerators, which is embodied in the improve-
ment of computing density and energy efficiency
ratio

(2) In terms of computing core, this paper divides the
classic convolutional neural network algorithm into
the hardware design, and according to the method
of loop unrolling, combined with the instruction
set design, the scheduling rules are designed for the
layers of the convolution neural network and among
the layers. Under the scheduling rules, the calcula-
tion requirements of a single convolutional layer
can be completed by repeatedly scheduling the con-
volution core, and then, the calculation of the entire
network is completed, achieving the purpose of
hardware parallel acceleration of the convolutional
neural network at the edge

(3) A set of CNN basic computing instruction set is pro-
posed, which is used for computing flow control, par-
allel computing control, filling control, pooling
control, data and parameter reading and writing con-
trol, memory mapping control, etc., of the general
acceleration architecture. Compared with the existing
reconfigurable computing architecture, the instruc-
tion set designed in this article supplements the
fine-grained instruction set and static instructions,
which solve the dynamic computing configuration
and hardware resource allocation of large-scale algo-
rithms on resource-constrained platforms

(4) A set of on-chip caching strategies is proposed,
which uses on-chip caching to separate the calcula-
tion of convolution and postconvolution processing
and adds ping-pong operation. Compared with the
existing accelerator computing core, the on-chip
buffering method proposed in this paper not only
solves the problem of on-chip storage of intermedi-
ate convolution results but also preprocesses the
convolution results to achieve parallel data stream
acquisition in the postconvolution processing part.
Such processing can not only increase the processing
bandwidth of the computing core but also provide a
high-speed parallel data stream for the postconvolu-
tion processing calculation, which improves the
overall calculation efficiency

(5) At this stage, the existing accelerator system will
basically choose Xilinx official DMA as the memory
access controller, but the resource occupation of
DMA is redundant, and register configuration is
required before using, and it is not compatible with
the accelerator’s unique memory data arrangement
mode. Therefore, this paper proposes a memory
management system and adapts it to the correspond-
ing PC-side python program. The system can flexi-
bly change the arrangement of data in the memory
and flexibly access data and parameters, providing
a data drive for the overall performance of the entire
acceleration system

This article mainly consists of the following sections. The
second section mainly reviews the work related to deep
convolutional neural network algorithms and hardware
acceleration. The third section mainly introduces the basic
theoretical basis of deep convolutional neural network accel-
eration. The fourth section mainly introduces the overall
architecture of the accelerator and the design of each compo-
nent module. The fifth section mainly analyzes and compares
the experiments of the acceleration system. The sixth part
summarizes the work of this paper and introduces future
work.

2. Related Work

The research on deep convolutional neural networks mainly
focuses on the research of data processing and analysis algo-
rithms based on DCNN and the research of computational
acceleration. Regarding algorithm research, it is mainly
divided into two parts, one is the research on the accuracy
of algorithm processing, and the other is the research on
the lightweight of the algorithm. Regarding the research of
computing acceleration, it mainly focuses on the research
of computing architecture, algorithm quantification, algo-
rithm pruning, etc. In other words, the research on hardware
acceleration is about how to make the computing architec-
ture more universal and to further explore the computing
power on the limited hardware resources. Below, let us
review the representative work on algorithm model and cal-
culation acceleration.

2.1. Algorithm Model. With the substantial increase in hard-
ware computing power and the development of big data, in
2012, British computer scientists Hinton, Alex Krizhevsky
released AlexNet et al. with a network depth of 7. Its appear-
ance caused a sensation in academia and industry. Subse-
quently, deep convolutional neural networks began to
develop rapidly. Researchers in various research fields have
applied deep convolutional neural networks to their research
in this field, and a large number of traditional algorithms
have been replaced.

In the field of traditional image processing and analysis,
deep convolutional neural networks have achieved disrup-
tive effects in most directions. Different from the traditional
manual design of feature extraction templates, deep convo-
lutional neural networks can learn features based on data
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sets, thereby automatically extracting features and proceed-
ing to the next step. A lot of advanced work on image classi-
fication, image segmentation, target detection, etc. has
emerged at this stage. In [16], the authors innovatively pro-
posed the YOLO target detection method, which converts
the target detection process into a regression problem, so that
the detection algorithm can be optimized end-to-end. Com-
pared with the two-stage algorithm, the processing speed of
this type of one-stage algorithm is very obvious, and the
accuracy of the algorithm can meet the requirements of prac-
tical applications. Reference [17] is aimed at the problem of
semantic segmentation with limited cross-channel data in
large-scale urban scenes and introduces self-generating con-
frontation network and mutual generation confrontation
network modules into the existing multimodal deep neural
network, to obtain more effective and robust information
transmission. About the disadvantages of single-channel
classification tasks, [18] innovatively proposed a general
multimodal deep learning framework (MDL), which pro-
vides a solution for complex scenes that require fine classifi-
cation. In [19], because of the large amount of calculation
when the traditional graph convolutional neural network is
applied to large-scale remote sensing problems, a method
for training large-scale graph neural networks in small
batches is proposed. After a lot of experiments, it is proved
that this method is better than the traditional graph convolu-
tional neural network.

In more detailed underwater image processing and
analysis, due to the limitations of traditional methods,
the problem of underwater image degradation has not
been properly resolved, which is the main factor that
affects the subsequent analysis results of the image. There-
fore, some researchers apply deep convolutional neural
networks to underwater image preprocessing. Experiments
have proved that this implicit method does bring a rela-
tively better enhancement effect. For example, a research
team from the Institute of Deep-Sea Science and Engineer-
ing of the Chinese Academy of Sciences once developed a
network model for deep-sea image enhancement based on
the U-Net backbone network structure, which eased the
problem of deep-sea image enhancement to a certain
extent. This model not only enhances the visual effect of
underwater images but also improves the performance of
the subsequent image analysis process. Another example
is literature [20], which changed the traditional image
enhancement and detection strategy as two independent
modules without interaction and innovatively proposed a
fusion model of underwater image enhancement and
detection. Its performance exceeds network models such
as UDCP and DUIENet.

In summary, deep convolutional neural networks have
almost ruled most of the directions of computer vision.
However, in the actual engineering system, the requirements
for power consumption, area, and performance often need
to be compromised. Therefore, it is necessary to study the
calculation acceleration model that makes the above three
indicators more balanced. The following is a general intro-
duction to some representative work of current computing
acceleration.

2.2. DCNN Acceleration. With the continuous improvement
of the performance of deep convolutional neural networks,
the structure of the network model is gradually bloated.
The amount of calculation is growing rapidly, and the
amount of parameters is becoming more and more huge.
Although the performance of the network model has been
significantly improved under the increase of these parame-
ters, the problem of inefficiency follows, that is, the number
of parameters of the network model and the speed of the for-
ward inference process of the network model. In response to
this problem, many scholars have done a lot of research on
DCNN computing acceleration.

Ma et al. developed a scalable and extensible training
framework, which can use GPU to accelerate the training
of deep learning models based on data parallelism at the
nodes in the cluster [21]. Both synchronous and asynchro-
nous training are implemented in the framework, and the
parameter exchange among GPUs is based on CUDA-
aware MPI. In [22–25], the team led by Chen Yunji of the
Chinese Academy of Sciences launched a series of ASIC-
based convolutional neural network accelerators. The energy
efficiency of the PuDianNao chip in this series is 60 times
that of the previous most advanced convolutional neural
network accelerator. The power consumption under the
65 nm process is only 320mW, and the area is 4.86mm2,
but it is still about 30 times faster than the high-end GPU.
Meloni et al. proposed a programmable accelerator suitable
for medium- and high-grade FPGA. By programming some
memory mapping controllers, the convolution operation
with different convolution core sizes and steps can be
adapted to different convolutions through software configu-
ration at runtime. It has high execution efficiency when deal-
ing with 3 ∗ 3 small convolution kernels [26]. Zhang et al.
proposed a deep-flowing multi-FPGA computing architec-
ture. This solution maps different layers to different FPGA
development boards through the characteristics of neural
network layer-to-layer computing serialization to solve the
problem of insufficient resources on a single FPGA. Through
multiple low-end FPGAs connected in series, the perfor-
mance is similar to that of high-end GPUs, and the power
consumption is lower than that of GPUs [27].

This paper focuses on creating a reconfigurable deep
convolutional neural network accelerator under the edge
engineering application scenario, using the deterministic
delay and reconfigurability of FPGA, and named it deep-sea.

3. CNN Acceleration Principle

3.1. CNN. The application of CNN in the field of computer
vision is very successful at this stage. It is an important
branch of deep learning and belongs to a supervised learning
algorithm. For the general convolutional neural network, its
application mainly includes two stages: algorithm training
stage and algorithm inference stage. The former is mainly
the process of network learning features, which is different
from the traditional method of manually designing feature
extraction templates, and realizes the autonomous learning
of features. The latter is the key to the application, for a cer-
tain task, and when the training phase is over, the weight
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parameters of its feature extraction will be fixed, and the
remaining work is to input the data of the task to be exe-
cuted into the network for inference. The focus of this paper
is to optimize the task calculation density, energy efficiency,
and deployment efficiency of inference in edge devices. As
shown in Figure 1, it mainly shows the main stages of infer-
ence of deep convolutional neural networks, from the input
of image data to the convolution with weight data, and then
the activation function and pooling. When calculations of all
convolutional layers are completed, classification is per-
formed to obtain the final result. In short, it is the two stages
of feature extraction and classification.

3.2. Related Methods. In recent years, with the continuous
improvement of DCNN performance, the algorithm struc-
ture is constantly changing, and the number of network
layers and the scale of parameters are constantly increasing.
From the original 8-layer, 250M AlexNet, to the later 16-
layer, 500M VGG, and then to the following hundreds of
layers of network scale, the large increase in the number
of calculations and parameters of the network poses new
challenges to the versatility of the computing architecture,
as well as new challenges to the computing performance
and storage bandwidth of edge computing. Therefore, it is
necessary to consider the versatility, parallelism, and band-
width adaptation of the hardware computing architecture.

The main calculation process of DCNN includes convo-
lution, pooling, activation, and normalization. Suppose that
m is the number of batches, n is the number of output chan-
nels, r and v are the size parameters of the feature map, C is
the depth of the input feature map, and J and L are the size
of the convolution kernel, respectively. The following will
analyze each calculation process, as shown in Equation (1),
which expresses the convolution calculation process of fea-
ture map and weight. From the expression, it can be seen
that the three-dimensional summation process can be proc-
essed in parallel, plus the convolution process is performed
in parallel, so it can be processed in parallel from at least
four dimensions. This also constitutes the most basic parallel
acceleration principle of the DCNN accelerator. It is also
worth noting that the convolution process of each pixel is
closely related to the number of input and output channels,
pixel location, and feature map size. Therefore, these param-
eters are a key part of constructing a general architecture
instruction set.

Y m, n, r, v½ � = B n½ � + 〠
C

c=1
〠
J

j=1
〠
L

l=1
X m, c, r + j, v + l½ � ⋅ K n, c, j, l½ �:

ð1Þ

Equations (2)–(4) are, respectively, activation function,
pooling operation, and batch normalization operation. It
can be seen from its expression that the activation operation
and batch normalization operation are direct operations on
the convolution results of a single output channel, so fine-
grained pipeline operations can be performed after the con-
volution results are completed to achieve the purpose of
high-performance computing.

R m, n, r, v½ � = Relu X m, n, r, v½ �ð Þ, ð2Þ

Y m, n, r, v½ � = X m, n, r, v½ � − μ
ffiffiffiffiffiffiffiffiffiffiffiffi

σ2 + ε
p γ + β: ð3Þ

Equation (4) is the expression of the pooling operation,
and its area of action is within the scope of the K domain.
The hardware architecture design of most systems for this
operation is still a pipeline method. This method is obvi-
ously for discontinuous data flow, which is not the best
choice. Therefore, in the subsequent architecture design, this
paper uses on-chip storage resources to preprocess the fea-
ture map to achieve the purpose of accelerating the parallel
processing of the four-domain convolution results.

P m, n, r, v½ � = Max
t,i∈ 1:K½ �

X m, n, r + t, v + i½ �ð Þ: ð4Þ

The above is an analysis of accelerated parallelism, and
to achieve the purpose of a general architecture, it is also
necessary to extract the union of the instruction set from
the above algorithm expressions to guide the calculation.
In addition, in terms of bandwidth optimization, this paper
uses convolution kernel multiplexing, feature map multi-
plexing, window multiplexing, and on-chip caching strate-
gies to greatly increase the data multiplexing rate on-chip
and ease the bandwidth pressure of off-chip storage. These
specific design ideas will be embodied in the following
discussion.

4. Accelerator Design

Affected by the huge amount of calculation of the convolu-
tional neural network, the on-chip computing and storage
resources of the FPGA have become the main limiting fac-
tors for the reconfigurable accelerator. The best solution is
to reuse limited on-chip resources and replace space with
time to complete the convolutional neural network calcula-
tion. In this case, the versatility and efficiency of the sys-
tem architecture are particularly important, so this part
will focus on the design thinking applied in the deep-sea
design phase.

4.1. System Architecture. The system architecture has a very
large impact on the overall performance of the system, and
the main factors that affect a system architecture are the
design of the computing architecture, memory access archi-
tecture, and instruction architecture. The system architec-
ture proposed in this paper is a heterogeneous computing
architecture. A fully pipelined, partially parallel reconfigur-
able computing architecture is composed of CPU and FPGA.
Figure 2 shows the block diagram of the heterogeneous sys-
tem architecture. On the whole, the architecture is mainly
divided into a CPU part and an FPGA part. The CPU is
the overall control unit of the entire system architecture
and is mainly responsible for calculations or operations that
require little computing performance and are difficult to
implement in hardware. FPGA is mainly responsible for
the computational consumption part of the entire system
architecture.
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The above discrete subsystems are configured by their
respective local controllers for work-mode configuration
and complete specific work tasks in the form of pipeline
under the scheduling of the global controller. The workflow
of the entire system architecture is as follows:

(1) Extract the target convolutional neural network
parameters through the PC software, and use python
program to customize the arrangement of the
parameters and image data to the memory parame-
ter format under the target parallelism. Then, load
the parameters and image data into the off-chip
memory for the accelerator to call

(2) Under the control of the CPU, the image is scaled to
adapt the size of the image to the input size of the
convolutional neural network, and the calculation
instructions of each convolutional layer are sent to
the FPGA side through the AXI-lite bus. The sent
instructions will be stored in the instruction buffer
unit on the FPGA side. Finally, the DDR physical
base address and start instruction are sent through
the AXI-lite bus

(3) When the instruction decoding module sends the
decoded calculation and memory access instructions
of a certain convolutional layer to the global control-
ler, the global controller will automatically call the
computing kernel repeatedly and configure the
instructions as control information required by the
computing core, off-chip memory access, and on-
chip cache

(4) RCFM (Read Configuration and Forwarding Mod-
ule) will be the first to receive read commands from
the global controller, and it will configure the config-
uration information required for the read operation
according to these commands, including base
address and transaction length. Then, this control
information will be fine-grained and transmitted to
RHPM, and then, RHPM will read off-chip parame-
ters and data through the AXI bus

(5) After CFCC (computational flow and computation
configuration controller) receives the reorganized
data from the memory control system, it will first
analyze the reorganized instructions and data. At
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Figure 1: The structure diagram of YOLOv2-tiny algorithm.
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the same time, the corresponding channel informa-
tion is generated, and the data are transmitted to
the corresponding channel buffer through the AXI-
STREAM bus

(6) The intermediate results of each output channel will
be preprocessed and stored in the on-chip storage
unit. When the output channel calculation under a
certain degree of parallelism is completed, the single
output channel will be divided into four channels for
data-parallel processing, and finally, the intermediate
processing results will be written back to the DDR

(7) The calculation of every layer will be completed
through continuous iteration of (4-6). The final cal-
culation result will be sent back to the CPU through
the AXI-lite bus for processing

4.2. Instruction System. According to the characteristics of
CNN calculation and parameter storage, this paper extracts
two sets of instructions. The first set is a dynamic instruction
set that can be dynamically configured after FPGA synthesis.
It mainly deals with the adaptation of different convolutional
neural network structures on the system architecture. The
second set is the static instruction set used for the configura-
tion before FPGA synthesis, which is used for the adaptation
of the system architecture on the hardware platform with
different resource constraints. The deep combination of the
two can well solve the reconfigurable problem of the hetero-
geneous acceleration system of the convolutional neural
network.

4.3. Coarse-Grained Dynamic Instruction. The coarse-
grained dynamic instruction set is used to guide the calcula-
tion and memory access of a complete convolutional layer,
and it is mainly oriented to the calculation and control of
different convolutional neural network architectures under
a fixed system architecture. The advantage of the coarse-
grained dynamic instruction set is that the channel informa-
tion is added to the instruction, and the calculation core can
be repeatedly scheduled through the global controller to
complete the convolutional layer calculation through one
instruction configuration.

As shown in Figure 3, it is the coarse-grained dynamic
instruction designed in this paper. [0-106] is used for mem-
ory access control, including AXI bus read and write base
address and read and write length control. [89-106] is used
for the automatic conversion of on-chip channels to achieve
the purpose of controlling the base address of the memory
access and the calculation mode. [107-117] is used for calcu-
lation control, used to control the convolution size, pooling
step size, filling mode, and filling type.

4.4. Fine-Grained Dynamic Instruction. The fine-grained
dynamic instruction set is used when the input feature map
is too large, and a certain data block needs to be calculated
and controlled finely. It is a supplement to the coarse-
grained dynamic instruction set, which optimizes the adapt-
ability of the same system architecture for different algorithm
structures.

As shown in Figure 4, the fine-grained dynamic instruc-
tion set is mainly composed of four types of instructions:
command type instructions, addressing, calculation, and
control. Among them, there are three types of commands:
parameter loading, data loading, and data writing back.
[2:0] is responsible for the characterization. It mainly refines
the process of automatic channel control of the coarse-
grained dynamic instruction set into manual channel con-
trol. Addressing instructions are mainly composed of
[76:3]. Calculation instructions are mainly composed of
[85:77], including configuration instructions required for
three calculations: convolution, pooling, and filling. Finally,
there is a control instruction composed of [87:86], which
mainly controls whether the output channel under the fixed
output parallelism of a single data block has completed the
calculation and whether all the data blocks constituting the
input feature map under the fixed input parallelism have
been input.

4.5. Static Instruction. The static instruction set design is
mainly to solve the deployment problem of the system
architecture on platforms with different resource con-
straints. The stage it guides is mainly the presynthesis
stage, which is used for the scale expansion of the system
architecture so that the system architecture can be adapted
with hardware platforms with different resource constraints.
A complete system architecture includes storage architecture
and computing architecture. Therefore, the static instruction
set designed in this paper also includes two parts of static
instructions for calculation and storage, and these instruc-
tions exist in the parameter configuration file in the form of
local parameters. The instruction bit width is 32 bits.
Figure 5 shows the design of the static instruction set. Its core
instructions are composed of six subinstructions. Among
them, channel_in controls the hardware mapping dimension
of the input channel in the system architecture, and channel_
out controls the hardware extension of the output channel in
the system architecture. On different hardware platforms, it
is not only necessary to configure reasonable computing
resources for a computing architecture but also to set up
matching on-chip storage resources for it. Therefore, this
paper configures four storage instructions for the allocation
of on-chip storage resources. Among them, BRAM_size
and BRAM_count are used for the size and quantity config-
uration of the intermediate result on-chip cache module,
corresponding to the output parallelism. Line_size and
line_count are used for the input feature map buffer configu-
ration, corresponding to the input parallelism and the input
feature map size.

4.6. Instruction Execution Module. After the dynamic
instruction set is sent from the ARM to the FPGA through
the AXI-GP port, it needs to be decoded and reorganized
by a specific instruction receiving, decoding, and reassembly
module on the FPGA. Figure 6 shows a block diagram of the
instruction execution system, which is mainly composed of
an instruction generation part and an instruction execution
part. The entire instruction execution logic is as follows.
First, INST_RECV communicates with CPU through AXI-
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Figure 3: Coarse-grained dynamic instruction.
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Figure 4: Fine-grained dynamic instruction.
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Figure 5: Static instruction.
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Figure 6: Instruction execution system.
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lite and receives instruction data from the CPU. Then,
through the command transmission bus, the command is
buffered into the command buffer and predecoded. When
the instruction buffer receives the instruction configuration
of the last convolutional layer in the convolutional neural
network, the module will start to send the predecoded
instructions to the instruction decoder and decode them into
commands that can be directly executed by each functional
module. After decoding an instruction, it will send a feed-
back signal to the instruction buffer module and let the
buffer send the next instruction that has been predecoded
to the decoder. Then, the decoder sends memory access
instructions such as addresses to the memory access instruc-
tion control unit and sends instructions related to the convo-
lutional neural network calculation configuration to the
calculation instruction control unit at the same time. Finally,
the memory access instruction control unit and the calcula-
tion instruction control unit distribute different instructions
to different calculation execution modules and memory
access execution modules. The entire instruction parsing
process is carried out in the form of a pipeline, and the next
batch of instructions will be parsed within the time of this
calculation, to achieve the purpose of time reuse.

4.7. Computing Architecture. To make full use of on-chip
storage resources and computing resources and reduce the
delay of computing critical paths as much as possible, it is nec-
essary to optimize the design of the computing architecture.
This paper proposes a fine-grained full-pipeline parallel com-
puting architecture. Under this framework, this paper also
designs a configurable convolution array for it to meet the
requirements of computing performance and architectural
expansion. In addition, the framework also provides ideas
for parallel output data for postconvolution processing
through the clever design of on-chip cache preprocessing,
which improves the running speed of postconvolution pro-
cessing operations such as pooling. The core of full-pipeline
parallel computing is based on the full-pipeline computing
architecture. By designing different scalable functional mod-
ules, the computational mapping of the convolutional neural
network is completed. As shown in Figure 7, from the perspec-
tive of module design, the full-pipeline parallel computing
core is mainly divided into six modules from left to right,
which is responsible for data and parameter caching, convolu-
tion calculation, convolution intermediate result caching,
batch normalization, activation, and pooling operations.

4.8. Convolution Array. The configurable convolution array
is the core module in the full-pipeline parallel architecture,
which is mainly used to undertake multidimensional convo-
lution operations. The convolutional array designed in this
paper makes full use of the structural characteristics of
convolutional neural networks, multiplexing weight parame-
ters, input feature maps, etc., using convolution kernel paral-
lelism, output channel parallelism, and input channel
parallelism to accelerate calculations, reducing the required
bandwidth of computing system and improving the parallel-
ism of computing. It has the characteristics of scalability, low
critical path delay, and high throughput.

Figure 8 shows the overall data flow diagram of the con-
figurable convolution calculation array, which is mainly
composed of a configurable input line buffer module, a con-
figurable weight buffer module, a configurable 2D-PE, and a
configurable TPOCM. The line buffer module can complete
data line buffering and data padding for input feature map of
different sizes. Each data buffer can meet the buffering
requirements of one input channel. As shown in Figure 8,
under the premise of fixed hardware architecture, the pixel
bus will be filled with pixel data required by all input chan-
nels, and at the same time, there will be several line buffer
modules corresponding to the input channels mounted on
the pixel bus. This paper also designs the weight buffer mod-
ule corresponding to the pink part in Figure 8. This module
is mainly composed of a weight distribution module and a
3D weight bus. Each weight distribution module corre-
sponds to the weight distribution of an output channel.
When the weight distribution module receives the channel
selection signal, it will be enabled to receive the weight
parameters that it deserves. At this point, all the parameters
involved in the calculation are prepared, and the focus of the
computing system operation is the convolution calculation
array. The convolution calculation array is composed of a
two-dimensional PE array composed of two-dimensional
PE, which can complete all three-dimensional convolution
operations. The design purpose is to calculate the multiple
output channels of the convolutional neural network in
parallel. Among them, the scale of the two-dimensional PE
array can be flexibly expanded before synthesis through
static instructions, and the design purpose of the two-
dimensional PE is to independently complete the calculation
of a single input channel of the convolutional neural
network. At this point, the data preparation and calculation
of the entire convolutional array can be carried out accu-
rately. But due to the access bandwidth and memory access
delay of the off-chip storage, the computing performance
of the entire system will be severely hindered. This needs
to consider the on-chip buffer of intermediate results in
the output channel, so this paper designs TPOCM. This
module is mainly responsible for providing temporary
storage and accumulation of intermediate convolution
results in the output channel. In addition, it also prepro-
cesses the convolution results and provides parallel data
streams for postconvolution processing.

To better explain the scheduling behavior of the convo-
lutional array in the calculation of the convolutional layer,
we assume that the hardware architecture configured by
the static instruction is a convolution calculation array with
4 channels of input and 16 channels of output. Now we use
the convolutional array under this parallelism to calculate
the 16-channel input and 32-channel convolutional layer.
The scheduling diagram of the convolutional array is shown
in Figure 9. First, the input channel and output channel of
the hardware architecture are smaller than the number of
channels to be calculated in the convolutional layer, so mul-
tiple calls to the convolutional array are required to complete
the calculation process of the entire convolutional layer. As
shown in Figure 8, each blue part represents the system’s
scheduling of a convolutional array with 4 inputs and 16
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outputs. Each scheduling will first obtain the corresponding
characteristic data and parameters from the off-chip DDR,
then configure the calculation mode of the convolutional
array, and finally send the parameters and data to the convo-
lutional array in parallel for calculation. Since the input size
of the convolutional layer is 16 inputs, the hardware archi-
tecture with 4 inputs must be repeatedly scheduled four

times to complete the accumulation of 16 input channels,
that is, the completion of 16 outputs at one time. Also,
because the output size of the convolutional layer is 32 chan-
nels, and the output size of the convolutional array is 16, it is
necessary to call the convolutional array with 4 inputs and
16 outputs 8 times to complete the calculation requirements
of the convolutional layer. The 4 independent blue schedules
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shown in the figure form independent 16-input-16-output
channel calculations, and the abovementioned 16-input-32-
output convolutional layer calculation can be completed by
repeating the scheduling process. At this point, the convolu-
tional layer calculation can be completed by scheduling the
convolutional array. If you configure different convolutional
layers through dynamic instructions as shown in Figure 3,
then the fixed convolutional array structure can completely
handle different structures of CNN. The following is an
introduction to the ingenious design ideas of the cache and
calculation module from a more detailed perspective.

4.9. PE. The configurable PE is the most basic arithmetic
unit that composes the convolution array. After optimizing
design, the PE unit designed in this paper adopts a configur-
able structure of parallel multiplication and pipeline addi-
tion, which can independently complete the convolution
operation with convolution kernel size of 3 or 1.

Each PE contains nine multipliers and eight adders, and
its pipeline has a passing time of five clock cycles, after which
each clock cycle can produce a convolution result. Compared
with the similar streaming PE structure, it has stronger versa-
tility and higher utilization of resources and can better
achieve different computing goals by reusing existing
resources, which is reflected in the resource-constrained plat-
form more obvious. As shown in Figure 10, the figure shows
a data flow diagram of a convolutional neural network with a
configured convolution size of 3 ∗ 3. The calculation logic
shown in the figure is as follows: Firstly, the master control
unit will receive an instruction from the CCFM to configure
the size of the convolution calculation which will be com-
pleted by the PE. Secondly, the weight buffer in the figure will
obtain nine weight parameters belonging to the specific input
channel from the weight bus, and the pixel window bus pro-
vides pixel data for nine parallel DSP multipliers.

4.10. 2D-PE. 2D-PE array is an important component of
the convolutional array. This module can independently
complete the calculation of an output channel, which
means if time efficiency is not considered, it can undertake
all the convolution calculations of the convolutional neural
network.

Figure 11 shows the data flow diagram of a configurable
two-dimensional PE array with an input parallelism of 4.
From a structural point of view, it is still mainly composed
of the input buffer, output intermediate result buffer, and
calculation module. For the 2D-PE array, the main focus is
on the structure of the calculation part in the box shown
in Figure 11. The number of PEs in the figure is 4, which
means the module has four-input parallelism and can com-
plete the partial sum of one output channel in one round of
calculation. Assuming that the input channel of a certain
convolutional layer is N, then the 2D-PE array needs to be
repeatedly called for N/4 rounds to complete the calculation
of all the sums of one output channel of the convolutional
layer. The input parallelism of the hardware architecture in
this design can be configured based on on-chip resources
through static instructions. Therefore, the number of PEs
in a single 2D-PE array is configurable, and the correspond-
ing addition operations are also scalable. As for the 2D-PE
weight bus, the weight bus is filled with weight parameter
groups corresponding to the number of PEs. They are
arranged on the bus in the order from low to high with data
bit width as the unit so that each PE unit can obtain weight
parameters from the bus in parallel, which meets the
requirements of the PE internal calculation logic. So to meet
the requirements of such parameter acquisition, this paper
designs a parameter acquisition system as shown in
Figure 12. The design thinking is briefly introduced below.

This paper accesses the DDR of CPU through the AXI
bus. Due to the limitation of the number of on-chip high-
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speed access interfaces and bandwidth required to access the
DDR, interface resources need to be multiplexed. However,
the weight parameters of the convolutional neural network
need to be sent to the weight buffers corresponding to differ-
ent input and output channels. Therefore, this paper designs
a special parameter distribution mechanism that can accu-
rately send the parameter data from the MMU to the corre-
sponding weight buffer. Figure 12 shows the parameter
distribution system designed in this paper. The MMU will
store the data obtained from the memory in the weight
buffer in the form of a ping-pong operation, and then, the
CFCC module will read the parameters in the weight buffer
and generate the ID of the output channel corresponding to
the parameter. Furthermore, the system will strobe the out-
put channel corresponding to the ID and store weights in
the on-chip BRAM corresponding to each input channel
through the weight address generating unit.

4.11. Postconvolution Processing. The postconvolution pro-
cessing module is mainly responsible for processing the
convolution results of part of the output channels of a cer-
tain convolution layer completed by the convolution array.
The overall schematic diagram is shown in Figure 13. The
postconvolution processing module is mainly composed of
TPOCM (partial sum and preprocessing on-chip memory
module), AP (activation and pooling module), and post-
processing module.

4.12. TPOCM. TPOCM is mainly responsible for two parts
of work. The first part is the temporary storage of the inter-
mediate results in the output channel of the convolutional
array and the accumulation for the output channel. The con-
volution results are preprocessing during the temporary stor-
age to facilitate subsequent reading in parallel. The second
part of the work is mainly to read the on-chip output feature
map of the completed operation according to the instruction
configuration requirements and provide a high-speed paral-
lel data stream for activation and pooling operations.

As shown in Figure 14, the modules responsible for these
two parts are mainly divided into two parts: the control
module and the on-chip storage block. First, focusing on
the control module, from the perspective of composition,
the control module is mainly composed of CORDG (image
coordinate generation module), TSADG (data on-chip tem-
porary storage address generation), SAMPLE (instruction
sampling module), PPADG (preprocessing address genera-
tion module), and timing alignment and accumulation mod-
ules. The workflow is as follows: First, the sample module
will sample the instructions distributed from the CFCC,
mainly to obtain the feature map size, and distribute the
instruction information to the CORDG module and the
PPADG module. The CORDG module is mainly responsible
for the calculation of pixel coordinates in the feature map
and transmits the calculated pixel coordinates to the TSADG
module. The TSADG module divides the feature map into
blocks with four areas as a basic unit and generates the same
addresses according to the odd and even rows (columns) of
the four-neighborhood pixels after the block. At this time,
the global controller will determine whether the calculation

of the output channel of the current convolutional layer is
completed. If it is completed, the pixels with the same parity
row and column in each of the four areas are written into the
corresponding on-chip BRAM according to the address and
then handed over to the enable PPADG for readout opera-
tion. The pixels in the four areas of the corresponding
BRAM are output to the AP module in parallel for subse-
quent processing. If not completed, the result is first output
to the accumulator, and the intermediate result of the corre-
sponding output channel is read from the BRAM and trans-
mitted to the other input port of the accumulator to
complete the update of the intermediate result. In summary,
the most critical idea of the entire control module and cache
structure is to preprocess the feature map data of the four
fields to achieve the purpose of accelerating the processing
parallelism of the AP module.

4.13. AP. AP is the main calculation module for postconvo-
lution processing. It is mainly responsible for the activation
function and pooling operation. Its basic structure is shown
in Figure 15, using a full pipeline structure. The inside is
mainly composed of the control unit CTL, the activation cal-
culation part, and the configurable pooling calculation part;
the outside is mainly composed of the TPOCM module.

As shown in Figure 16, the workflow is as follows:
First, the internal control module receives the control
instructions and parameters from the CCFC and generates
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module.
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the corresponding pooling stride size control instructions to
control the data address generation and internal pooling after
the internal convolution of the TPOCM module. Then, the
system will change the stride length control and at the same
time put the received parameters into the corresponding
multiplier input. The TPOCM module will pass the output
data corresponding to the stride length to AP in parallel
according to the address, block selection, and chip selection
signals. After the AP undergoes activation calculation, the
corresponding result will be bridged or sent to the compara-
tor according to the stride size control signal for pooling of
different stride lengths. Finally, AP finishes the postproces-
sing of convolution.

4.14. Memory Management System. The memory manage-
ment system provides data and parameters for the entire
heterogeneous acceleration system. The memory manage-
ment system is a collection of a series of operations and
methods related to the arrangement of data and parameters,
address division, memory division, arrangement, and
address mapping access. So the design of the entire system
includes front-end planning and design and back-end execu-
tion unit design. Specifically, first of all, the memory man-
agement system designed in this paper has a methodology
for dividing parameters such as data and weights in mem-
ory. According to this methodology, this paper designs a
set of python codes to rearrange the data and parameters
into a form suitable for the hardware architecture. Secondly,
based on the memory mapping theory, this paper designs a
complete set of memory management execution modules
for FPGA. Compared with the traditional DMA IP, this
module has a greater degree of freedom and is compatible
with different versions of the AXI bus. These two parts are
introduced in detail below.

4.15. Memory Division and Address Design. The addressing
method of heterogeneous systems is unified addressing, that
is, all IO registers and main memory units are unified into
the memory system. This paper uses this technology to
divide the memory space of the entire heterogeneous system
into the structure shown in Table 1 which is mainly divided
into six areas, namely, the parameter storage area, the image
storage area 1/2, the convolutional layer buffer area 1/2, and
IP register area. Among them, the parameter storage area is
mainly used to store weights, batch normalization parame-
ters, etc. The image storage area is mainly used to store
image data from the camera or PC, and ping-pong opera-
tions are running at the same time; the convolutional layer
buffer is mainly stored outputs results of the middle layer
of the convolution accelerator from the FPGA. The IP regis-
ter area mainly corresponds to the internal configuration
registers and information feedback registers mapped by the
AXI-GP interface of the convolution accelerator. In addi-
tion, this paper also designs the memory address corre-
sponding to the memory space of the heterogeneous
accelerator according to the divided memory system.

4.16. Data and Parameter Division. How to propose a set of
workflows for the division of data and parameters based on

the resource changes of different platforms is very critical for
the entire system. Starting from the bandwidth limitations of
heterogeneous platforms, the following discusses the estab-
lishment of the overall workflow.

This paper takes XC7Z100 as an example and uses static
instructions to configure the hardware architecture of 4IN-
32OUT. The architecture under this parallelism is the result
of fully considering the DSP resources and on-chip storage
resources under a specific heterogeneous platform. This het-
erogeneous platform is equipped with 4 DDR3 memory
cores. The data bit width of a single memory core is 16 bits,
two of which are connected to the PS side, and the other two
are connected to the PL. The maximum data frequency of
the memory is 1066MHz, so the maximum data bandwidth
can be 1066 ∗ 32 ∗ 106 bit/s = 4:164GB/s. Correspondingly,
the highest working frequency of the AXI bus of this hetero-
geneous platform is 250MHz, so for the four-way AXI-HP
interface, the overall access bandwidth can reach 4 ∗ 250 ∗
64 bit/s = 7:8125GB/s. Therefore, it can be determined that
the access bandwidth of the AXI bus can completely cover
the physical access bandwidth of DDR. Returning to the het-
erogeneous acceleration architecture, the memory access
structure originally designed in this paper contains three
AXI-HP interfaces, which are responsible for the data path,
parameter path, and write-back path. The bit width is 64 bits
and works at 210MHz. When the three channels work
together, the total access bandwidth is 3 ∗ 210 ∗ 64 bit/s =
4:921875GB/s at this time. This access bandwidth has
exceeded the maximum access bandwidth of PS-DDR, so
this solution is not advisable. Through the research and
improvement of the scheme, we find that the access mecha-
nism of the parameter path is prefetching, that is, the next
access of the parameter path overlaps with the current data
path access. The period of the data path is much longer than
that of the parameter path, so the access frequency of the
parameter path can be reduced to 100MHz. The overall
access bandwidth obtained at this time is reduced to 2 ∗
210 ∗ 64 bit/s + 100 ∗ 64 bit/s = 4:0625GB/s. Now, the over-
all access bandwidth is less than the upper limit of the PS-
DDR access bandwidth. If the subsequent ARM’s demand
for PS-DDR bandwidth increases, the AXI-HP interface
bandwidth may be compressed. Since the data path provides
real-time computing data streams, its computing bandwidth
must be consistent with the overall system bandwidth, so at

Table 1: Memory space division and address range.

Storage area
Start

address
End address

Storage
space

Parameter storage 0x1000000 0x20400000 500MB

Image storage 1 0x30000000 0x30FFFFFF 16MB

Image storage 2 0x31000000 0x31FFFFFF 16MB

Convolution layer
cache 1

0x32000000 0x32FFFFFF 16MB

Convolution layer
cache 2

0x33000000 0x33FFFFFF 16MB

IP register 0x40000000 0x7FFFFFFF 1024MB
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this time, the standard can only be achieved by reducing the
bandwidth of the write-back path. However, this processing
may cause the next batch of calculation results to overwrite
the previous batch of calculation results. If this happens,
we can also use ping-pong operations to improve this
situation.

Under the fixed 4IN-32OUT hardware architecture, the
limitation of access bandwidth was discussed, and the overall
access bandwidth was finally limited to 4.0625GB/s. In fact,
under this hypothetical hardware architecture, the form of
parameter access is also fixed. Taking the weight parameter
as an example, in the calculation process of the convolu-
tional layer, 4 ∗ 32 ∗ 9 = 1152 weight parameters are
required each time, so the space of the on-chip ping-pong
buffer of the weight parameters is predetermined. If the
parameter quantization bit width is 16 bits, the storage size
occupied is 18Kb. Specifically, as shown in Figure 15, what
is described is the data division method of a certain convolu-
tional layer. There are a total of N convolution kernel groups
shown in the figure. Each convolution kernel group corre-
sponds to the calculation parameters required by an output
channel. Each convolution kernel group is composed of j
convolution kernels, which also means j input channel cor-
responds to it. When the input channel of the computing
architecture is i and the output channel is M, all weight
parameters required for each round of calculation are shown
in the colored squares shown in Figure 15. These parameter
groups will be obtained by the acceleration peripheral on the
FPGA through the AXI-HP interface and sent to the desig-
nated computing core register. When this round of calcula-
tion is completed, the global controller will change the
interactive address to obtain the operation parameters of
the next i input channel in the M convolution kernel groups,
until the system finish traversal in units of i for all the con-
volution kernel groups of the M channels. Then, through
address conversion, the traversal target is converted to the
next set of M output channels, until the traversal of N output
channels finishes in units of M. At this point, the acquisition
of all the parameters required for the calculation of the con-
volutional layer has also been completed. Then, according to
the above acquisition rhythm, in the specific off-chip mem-
ory, the weight parameters need to be arranged according
to the above rules. Therefore, this paper designs a special
python program to solve the arrangement of parameters
under different input and output channels.

The above is mainly the analysis of parameter layout and
parameter acquisition. For the data path, the demand for the
on-chip cache is mainly concentrated on the input channel
data buffer and the output channel convolution calculation
intermediate result buffer under a certain hardware architec-
ture. For example, the 64-bit AXI-HP interface aforemen-
tioned works at 200MHz. If the input parallelism is
increased, it means that this bit width cannot meet the
parallel input of characteristic data at 200MHz, and the
bandwidth requirements will be greatly increased. Therefore,
the method selected in this paper is to give priority to the
increase of output parallelism. Limited by the size of the
input feature map, especially the large-size feature maps of
the first few layers, we cannot cache the complete calculation

results on the chip. Assuming that our input feature map is
416 ∗ 416 and the quantization bit width is 16 bits, then the
storage of a single output channel requires 2704Kb. Then, if
the 32 output channels mentioned above are implemented, a
total of 86528Kb is required, which is much larger than the
27180Kb on-chip storage resources of the XC7Z100 hetero-
geneous platform. Therefore, when facing large-size input
feature maps, the feature maps cannot be input into the
entire system as a whole. As shown in Figure 17, we split
the input feature map with T as the block constant and split
it into input data blocks with H/T as height, W/T as width,
and i as the input depth, which we call the 2D block division
of input data. Similarly, the whole process of traversing the
entire input 3D feature map is shown in the input feature
map in Figure 15, first traversing the depth direction, then
traversing the horizontal direction, and finally traversing
the vertical direction.

4.17. MMU. The previous section mainly discussed the
division of the memory system and the design of data
arrangement. For the entire heterogeneous acceleration
system, these designs also require a specific execution sys-
tem. Therefore, according to the protocol requirements of
the AXI bus and the characteristics of the memory system
of the heterogeneous acceleration system, this paper designs
a memory mapping unit as shown in Figure 17, which is
mainly responsible for the mergence of system memory
access and on-chip communication data. According to
Figure 17, the entire memory mapping unit is mainly com-
posed of a configuration and data forwarding unit (CFU)
and a high-performance memory access unit (HPM). The
CFU is mainly responsible for the coarse-grained configura-
tion of reading and writing tasks, fine-grained memory
access information reorganization, and on-chip communica-
tion mergence and forwarding. HPM is the main access
terminal for accelerator access to DDR, which is mainly
responsible for the configuration of fine-grained burst trans-
mission, data receiving, and sending buffer. As shown in
Figure 17, buffers for different purposes are equipped with
a set of memory mapping units for active access to DDR
and internal command configuration, as long as the com-
bined access bandwidth of these buffers is not greater than
the highest transmission bandwidth of DDR.

As shown in Figure 18, we take the read memory map-
ping unit as an example. The workflow is as follows: First,
GBCTL (global controller) will fetch the memory access
addresses and related instructions designed according to
the memory division from the instruction buffer and submit
them to the RCFU. RCFU adjusts the base address and burst
information according to the task instruction information
and, in the meanwhile, reorganizes them and generates
address information used by RHPM. RHPM will receive
the base address and burst information under the transmis-
sion task and automatically adjust the burst information to
change the access address to complete a burst of the trans-
mission task. At the same time, RHPM will forward the
received data to RCFU, and the handshake signal will enable
RCFU to readjust the task information for the next burst
information configuration. In addition, the RCFU will

16 Wireless Communications and Mobile Computing



reorganize and merge the received data with the calculation
instruction information and finally forward it to the com-
puting core.

5. Results and Discussion

The convolutional neural network workflow proposed in
this paper is oriented to the classical convolutional neural
network at this stage. Each component subsystem has the
characteristics of configurable instructions and reconfigur-
able while system maintaining high energy efficiency and
computational density. In addition, for relatively niche net-
works, the accelerator can quickly meet network computing
requirements by adjusting the corresponding subsystem
architecture parameters or cascading new computing mod-

ules, which also reflects the advantages of the full pipeline
architecture.

We choose the classic YOLO series of algorithms to ver-
ify the core of the universal convolutional neural network
acceleration. This is related to the following research in this
paper. This research is dedicated to applying this general
convolutional neural network acceleration core to specific
real-time engineering processing, so the YOLO series of
algorithms with high real-time performance are selected
for the verification of the acceleration core. After a joint
evaluation of the amount of calculation and existing hetero-
geneous platforms, this paper finally chose YOLOv2-tiny
and YOLOv3-tiny as the verification algorithms of the gen-
eral convolutional neural network acceleration core and
finally adapted them on the XC7Z100. Another reason for
choosing the YOLO algorithm is that its backbone network
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Figure 17: Schematic diagram of memory mapping unit.
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Figure 18: Internal schematic diagram of RCFU.
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is a very classic convolutional neural network at this stage,
and its convolution size, pooling stride size, and other char-
acteristic parameters are typical representatives of the cur-
rent convolutional neural network, which can be very
perfect algorithm to verify the feasibility of the universal
acceleration core in this paper.

5.1. Scalability and Reconfiguration. First, let us analyze the
scalability of the convolutional neural network acceleration
computing core. As shown in Table 2, we select YOLOv2-
tiny to perform reconstruction experiments under three
different acceleration architectures. When the algorithm
does not require much computing performance, we can
select a reconfigurable platform with few resources and low
cost; when the on-chip storage and computing resources of
the reconfigurable platform are abundant, we can add PE
and 2D-PE to achieve higher accelerator computing power.
Making full use of the scalable model of this static architec-
ture also allows us to flexibly use hardware resources to
replace accelerator performance. Specifically, as shown in
Table 2, driven by different architecture parallelism, it
shows the consumption of on-chip storage and computing
resources under different PE-2DPE configurations, as well
as the time-consuming and performance of the accelerator
during the inference. These results are obtained after we
deploy the accelerator on the XC7Z100, which has 277,000
LUTs, 755 BRAMs, and 2020 DSPs. It can be observed from
this table that DSP resource consumption increases fastest
with the expansion of PE-2DPE and is also the closest to
the upper limit of the device. This is because DSP resources
directly affect computing performance, and high computing
performance must have high DSP consumption. On-chip
BRAMmainly limits the complexity of instruction configura-
tion. Therefore, in the case of low BRAM consumption, it
means that fine-grained dynamic instructions will be config-
ured complexly, and the scheduling of the memory manage-
ment system will be relatively frequent. When the PE-2DPE
architecture configuration reaches 4IN-32OUT, the PL infer-
ence speed of the entire accelerator can reach 31.27 FPS. In
the case of adding part of the postprocessing on the PS side,
this maximum throughput will be reduced to a certain extent,
which is caused by the data interaction between the PS and
the PL and the computing architecture of the PS.

From the perspective of dynamic reconfiguration, the
accelerator designed in this paper can adapt to different
convolutional neural network algorithm structures through
the configuration of dynamic instructions. This paper
selects YOLOv3-tiny for comparison experiments. After
adding the upsampling module, the reconfigurable heteroge-
neous accelerator is fully capable of YOLOv3-tiny’s comput-
ing requirements. In addition, the accelerator can also be
adapted to the calculation of some convolutional neural net-
works such as VGG through fine-tuning, which greatly
decreases the period for heterogeneous accelerators to adapt
to different algorithm structures. As shown in Table 3, when
the architecture is fixed at 4IN-16OUT, the frame rate of
YOLOv2-tiny can reach 20.44 FPS, while the frame rate of
YOLOv3-tiny is 21.29 FPS. This result is still the result of
serializing YOLOv3-tiny’s prediction branch. Later, some

on-chip resources will be used to implement the calculation
of YOLOv3-tiny’s prediction branch for parallel computing
to further optimize the throughput of heterogeneous
accelerators.

5.2. Result. This paper uses Verilog to model and implement
the designed accelerator architecture and uses Vivado 2017.4
for comprehensive layout and wiring. This heterogeneous
device also contains a dual-core ARM core. The finally dem-
onstrated architecture is a 4-16 parallel architecture, which
runs on the PL side.

Table 4 shows the resource consumption table of the
accelerator’s computing core on the PL. Table 4 divides the
computing core into a computing part, a cache part, a control
part, and a memory management part. As shown in Table 4,
the convolutional array in the calculation part consumes
about 80% of the accelerator DSP resources. This is because
the main calculations in the convolutional neural network
are concentrated in the convolutional layer, which leads to
the high computing density in the computing core. In addi-
tion, the TPOCM module in the on-chip cache part
consumes 128 BRAM resources. This is because a TPOCM
module needs to store the intermediate calculation results
of the entire feature map to achieve the goal of increasing
the calculation density. In addition, various subsystem con-
trollers mainly consume LUT resources, which is the result
of a large number of state machines for scheduling. The
global controller also consumes some BRAM resources for
buffering calculation parameters. The memory management
system mainly consumes LUT and BRAM resources, because
the memory management system involves protocol conver-
sion and data access buffering.

In addition, the heterogeneous accelerator under the 4-
16 architecture will eventually run on the XC7Z100 at a
frequency of 210MHz. At this frequency, Vivado estimates
the power consumption of the accelerator computing core
to be 4.515W, of which static power consumption accounts
for 0.292W, and dynamic power consumption accounts for
4.222W. Under the operating frequency of 210MHz, the
whole computing performance of the heterogeneous acceler-
ator under the 4-16 architecture implemented in this paper
under ideal conditions is 98.01GOP/s. Table 5 shows the
various parameters and inference performance of each
convolutional layer of the YOLOv3-tiny network. Through
observation, it can be found that a large increase in convolu-
tion depth will cause a large increase in inference time. This
is because a substantial increase in the convolution depth
will not only increase the amount of calculation but will also
intensify the repeated scheduling of the accelerator’s com-
puting core. The accelerator implemented in this paper is
based on the standard AXI protocol for communication to
take universality and rapid scalability into account. There-
fore, a part of the time will be spent on data handshaking
and transmission. For the initial large-scale feature map
input, there is no significant inference delay for the acceler-
ator. This is because the on-chip BRAM resources of
XC7Z100 are relatively abundant. Therefore, this paper uses
the static reconstruction function of the heterogeneous
accelerator to increase the resources of the TPCOM module,
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thereby greatly reducing the data transmission time con-
sumption for the block calculation of large feature maps.
At the same time, since the number of blocks is reduced,
fine-grained dynamic instructions do not require a large
amount of configuration, which also simplifies the complex-
ity of instruction configuration.

5.3. Accelerator Optimization Strategy and Gain Analysis. In
the research of digital high-speed circuits, performance,
power consumption, area, and generality are the four key
indicators. The relationship among the four is mutually
restricted. People often hope to find a balance among the
four in the corresponding application scenarios. Therefore,
the design and optimization of hardware accelerators are
comprehensive, including critical path optimization of digi-
tal circuit design, optimization of computing resource utili-
zation, optimization of memory access efficiency of
memory resources, optimization of circuit generality, and
instruction execution efficiency. The accelerators shown in
this paper have been optimized in various degrees in the
above aspects, and what they ultimately reflect is the increase
in computing density, energy efficiency ratio, and generality.

Specifically, first, from the perspective of critical path
optimization, the shortening of the critical path is a key con-
dition for the increase of the main frequency of the digital
high-speed circuit, and the increase of the main frequency
means the increase of the calculation bandwidth of the sys-
tem. This paper mainly optimizes the main frequency of dig-
ital design from two aspects. First of all, based on the timing
report, this paper constantly adjusts the length of the critical
path and finally limits the critical path to the length of a sin-
gle DSP hard core. Secondly, in further timing analysis, we
found that the delay of the net was too large. After research,
this was caused by the excessive fan-out of the data bus.
Therefore, we used the method of logic replication to
shorten the net delay and further shorten the critical path
length. In the end, the main frequency is maintained at a
higher level. Second, from the perspective of computing
resource utilization and computing efficiency, this paper

fully incorporates the classic ideas of digital hardware archi-
tecture design such as parallel, pipelining, time-sharing mul-
tiplexing, and folding in the design, which improves the
utilization of computing resources and computing efficiency.
Specifically, as shown in Figure 7, we have added a parallel
multiplication and pipeline addition calculation architecture
to the convolution calculation, which improves the passing
time of the calculation path and reduces the critical path
time. In the subsequent postconvolution processing, the cir-
cuit is universally controlled, so that different functions of
the same circuit are scheduled at different times, which
improves the multiplexing of hardware resources. Third, in
terms of memory access efficiency, this paper makes full
use of the low latency and low power consumption charac-
teristics of on-chip storage resources and designs the corre-
sponding on-chip storage module TPOCM. On the one
hand, the on-chip cache module reduces the access require-
ments of the entire accelerator for off-chip storage, which
improves the memory access efficiency of intermediate
results and reduces power consumption. On the other hand,
through ping-pong operation, the computing bandwidth of
the overall computing core is increased. And at the same
time, a high-speed parallel data stream is provided for post-
convolution processing. Fourth, this article reduces the
redundancy of the original DMA scheme by customizing
the memory management unit for the accelerator, which
reduces the on-chip area and improves the overall off-chip
memory access efficiency. The direct effect of these four-
point optimizations is the comprehensive improvement of
calculation density and energy efficiency ratio.

Because the RTL-level modeling of the DCNN hardware
acceleration system is very complicated, once the system is
determined, the cost of system RTL-level changes is very
large. In addition, the influence of design and optimization
on the acceleration result is comprehensive, so the final
acceleration system performance and other evaluation index
improvement factors are relatively complicated. Therefore,
for hardware acceleration systems, the differences between
different acceleration systems and the corresponding bene-
fits are difficult to accurately locate and limit, and it is more
to compare the overall performance indicators of different
acceleration systems. That is, this paper is difficult to directly
give precise ablation experiments like the research in the
field of deep learning. However, it is critical to show the
performance benefits of modules that are different from
existing work. Therefore, we carried out the following two
tasks. From the perspectives of computing resources, main
frequency, on-chip storage resources, and computing bit
width, we selected work very close to this article (if the opti-
mized main frequency has a certain multiple difference, we

Table 2: Analysis of system resources and performance under different architecture reconfiguration.

Architecture Slice LUT Slice LUT logic DRAM BRAM DSPs Processing time (ms) FPS

4-4 21757 8632 20285 1472 59 181 149.94 5.67

4-16 64391 25105 59034 5357 155 673 48.92 20.03

4-32 120593 46332 110119 10474 283 1329 31.98 31.27

Table 3: System performance analysis under different
convolutional neural network algorithm structures.

CNN Architecture
Input
size

Processing
time (ms)

FPS

YOLOv2-
tiny

4-16 416 ∗ 416 48.92 20.44

YOLOv3-
tiny

4-16 416 ∗ 416 46.95 21.29
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perform linear estimation of performance parameters).
Then, we divided these works into four parts: instruction,
on-chip buffer, computing architecture, and memory access
to discuss the estimation, showing the reader a relatively
quantitative module evaluation. Finally, we analyze the cal-
culation density, calculation energy efficiency, and generality
of the acceleration system to contrast with the work of this
paper.

The specific comparison results are shown in Table 6.
We compare the modules added in this article with selected
papers. Among them, the Ref. [19] is a customized accelera-
tor system, which does not have an instruction system, on-
chip cache, and memory management system. At the same
time, the computing architecture also uses a different systolic
array from this paper. Therefore, the calculated density and
energy efficiency ratio is lower than this article. Reference
[28] added the instruction subsystem, and the computing

architecture is also in the form of full pipeline, so its com-
puting density is similar to that of this paper, and it is uni-
versal. But it does not have an on-chip cache subsystem, so
its energy efficiency ratio is far lower than this article. Refer-
ence [14] has an instruction subsystem, an on-chip cache
subsystem, and a pipeline computing architecture. However,
because it is based on HLS for modeling, the optimization of
its full-pipeline computing architecture is not as good as this
article and literature [28], and the architecture design of its
on-chip cache subsystem is worse than this article. There-
fore, the calculation density is slightly lower than that of this
paper and literature [28], and the energy efficiency is higher
than that of the literature without an on-chip cache subsys-
tem [28]. The MMU subsystem added in this article is a cus-
tomization of the general-purpose DMA. On the one hand,
it improves the operating efficiency of the memory access
system and makes a certain contribution to the calculation

Table 4: Accelerator resource consumption statistics under 4-16 architecture.

Name Slice LUTs Slice registers Slice LUT logic DRAM BRAM DSPs

CONV array 24391 43515 15032 20446 3945 0 540

AP array 27065 23280 9106 26495 570 0 80

PE 210 530 218 144 66 0 9

2D-PE 1693 3090 979 1415 278 0 36

TPOCM 1584 2208 1193 1584 0 128 0

Line 555 1573 467 555 0 4 0

TPOCM CTL 2262 2312 1332 1947 315 0 15

AP CTL 1993 242 909 1993 0 0 0

CONV array CTL 304 381 218 304 0 0 0

Global CTL 893 1060 376 893 0 8 0

MEM management 1221 1377 587 1214 7 8 0

Total 64391 81460 25105 59043 5357 155 673

Table 5: Performance statistics of YOLOv3-tiny each layer under 4-16 architecture.

Input FMP Output FMP CONV size Ops Processing time Performance (GOP/s)

416 ∗ 416 ∗ 3 208 ∗ 208 ∗ 16 3 74760192 1.6ms 93.45

208 ∗ 208 ∗ 16 104 ∗ 104 ∗ 32 3 199360512 2.29ms 174.11

104 ∗ 104 ∗ 32 52 ∗ 52 ∗ 64 3 199360512 2.36ms 168.95

52 ∗ 52 ∗ 64 26 ∗ 26 ∗ 128 3 199360512 2.01ms 198.37

26 ∗ 26 ∗ 128 13 ∗ 13 ∗ 256 3 199360512 2.43ms 164.08

13 ∗ 13 ∗ 256 13 ∗ 13 ∗ 512 3 199360512 4.07ms 97.97

13 ∗ 13 ∗ 512 13 ∗ 13 ∗ 1024 3 797442048 16.28ms 97.97

13 ∗ 13 ∗ 1024 13 ∗ 13 ∗ 256 1 44302336 4.67ms 18.97

13 ∗ 13 ∗ 256 13 ∗ 13 ∗ 512 3 199360512 4.07ms 97.97

13 ∗ 13 ∗ 512 13 ∗ 13 ∗ 256 1 22151168 2.34ms 18.93

13 ∗ 13 ∗ 256 13 ∗ 13 ∗ 128 1 5537792 0.58ms 19.10

13 ∗ 13 ∗ 384 13 ∗ 13 ∗ 256 3 149520384 3.05ms 98.05

13 ∗ 13 ∗ 256 13 ∗ 13 ∗ 256 1 11075584 1.2ms 18.46

Total 2300980176 46.95 98.01
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density; on the other hand, it removes the partial redun-
dancy of the general DMA, which contributes to the reduc-
tion of the on-chip area and saves on-chip resources.

5.4. Discussion. Table 7 summarizes the key performance
parameters of different types of accelerators and compares
them with the work in this paper. Among them, the perfor-
mance of [28, 29] is much lower than that of ours. On the
one hand, there are reasons for the limitation of the number
of DSP hard cores. On the other hand, the clock frequency
also has a certain impact. But paying attention to the index
of computing energy efficiency and computing density, it
can be seen that [28, 29] are lower than ours to some extent.
Therefore, the accelerator in this paper is superior to [28, 29]
both in critical path optimization and in the control of com-
putational performance and energy consumption. Focusing
on the performance parameters of [30], its performance
has been greatly improved, and it is better than ours in terms
of computational density. There are two main reasons for
this. On the one hand, it uses more hard-core DSP for calcu-
lations than ours. On the other hand, it uses several times on-
chip storage resources than ours, so it has enough on-chip
space to store computing data, which can greatly reduce
access to off-chip storage and reduce data access time. But
doing so will also greatly increase the system power con-
sumption, so its computational energy efficiency is lower
than the accelerator in this paper. Looking at [31] again, in
terms of the on-chip storage and computing resource con-
sumption, it surpasses ours, but its computing performance
is lower than ours, and its power consumption exceeds ours.
This is because its core utilization is way low. The computing
performance of [14] is almost the same as that of ours, but it
uses UltraScale devices, which have better process and can
achieve higher computing frequencies. However, [20] uses

HLS for modeling, which may lead to its optimization of
computational density not as good as that of RTL level
modeling in this paper. So overall, the optimization of power
consumption in this paper is mainly achieved by reducing the
use of on-chip storage and establishing an independent
memory management system. In this paper, the critical path
is optimized by reducing the logic delay to control the critical
path to the length of a DSP delay. However, when the static
command control computing architecture was expanded, it
was found that the net delay was too large, so the net delay
was further shortened by reducing the fan-out of the single
data bus.

6. Conclusion and Future Research

This paper presents a set of workflows for a deep convolu-
tional neural network accelerator with a certain generality.
First of all, we propose a set of basic operation instruc-
tions based on the calculation characteristics of the classic
convolutional neural network at this stage. These instruc-
tions can guide the accelerator system to scale the archi-
tecture before synthesis and dynamic reconfiguration
after synthesis. Then, this paper proposes a fully pipelined
parallel computing architecture based on the instruction
set. Compared with the current accelerator based on the
reconfigurable platform, it has the characteristics of deep
scalability and reconfiguration, low resource consumption,
and low energy consumption. These features allow our
accelerators to not only accelerate algorithms on resource-
and energy-constrained reconfigurable platforms but also
perform high-performance real-time calculations on
resource-rich reconfigurable platforms. It not only can
provide calculations for a specific algorithm but also can
provide computing requirements for convolutional neural

Table 6: Comparison between different accelerations.

Model Inst. TPOCM Architecture MMU GOPS/DSP GOPS/power Generality

[19] × × × × 0.081 13.84 ×
[28] √ × √ × 0.13 6.22 √
[14] √ √ √ × 0.112 15.04 √
Full √ √ √ √ 0.14 21.68 √

Table 7: Comparison between different accelerations.

Parameter [29] [28] [30] [31] [14] This work

Platform Virtex-7 Zedboard Z7045 Z7045 UltraScale+ Z-7100

BRAM 89 185 486 486 491 155

DSP 565 160 780 771 609 673

Frequency (MHz) 150 - 150 200 300 210

Precision - 16 bits 16 bits 16 bits 16 bits 16 bits

Power - 3.36 9.63 9.3 11.8 4.52

Performance (GOP/s) 20.62 10.45 187.8 62.54 102 98.01 (peak 198.37/layer)

GOPS/DSP 0.036 0.07 0.24 0.081 0.16 0.14

GOPS/W - 3.11 19.50 6.72 8.64 21.68
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networks with different algorithm structures through
dynamic instruction reconfiguration. This also means that
the accelerator designed in this paper can make a dynamic
balance between inference speed, resource usage, and power
consumption.

Finally, we test the accelerator performance on YOLOv2-
tiny and yolov3-tiny. Under the 4IN-16OUT accelerator
architecture, they reached 98.01 GOPs and the peak value
reaches 198.37 GOPs. Among them, YOLOv3-tiny takes
46.95ms to process a picture with an input size of 416 ∗
416 and achieves processing performance of 21 FPS. The
acceleration core is finally implemented on XC7Z100, using
16-bit quantization bit width, which takes up 36% of DSP
resources, 28% of LUT resources, and 21% of BRAM
resources. Finally, compared with the existing equivalent
accelerator design flow, the energy efficiency ratio of 21.68
GOP/W and the calculation density of 0.14 GOP/DSP of
the accelerator in this paper are better than the current accel-
erator to some extent. Although the performance will be
lower than some accelerators, the accelerator in this paper
greatly improves the flexibility of the accelerator while meet-
ing the performance requirements of real-time applications.

Currently, we are working on the specific application of
the accelerator system. We customize a highly integrated het-
erogeneous platform for it so that it can be directly mounted
on our existing deep-sea cameras for real-time edge comput-
ing. The ultimate goal is to apply it to underwater equipment,
such as underwater landers and AUVs, to meet the intelligent
tasks of underwater equipment. Subsequently, we will also
make the following further optimization work on the acceler-
ation system itself. First, the parameters and calculations will
be further quantified, so that the parameters and calculations
can run in a lower bandwidth, which can greatly save on-chip
storage resources and improve computing performance.
Second, the convolution array utilization will be further opti-
mized, specifically to improve the data continuity and multi-
plexing rate on the chip. Thirdly, the computing mode of the
accelerator computing core will be optimized to adapt to
more types of algorithm structures to further improve the
universality of the accelerator.
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