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Abstract: Convolutional neural networks (CNNs) have become a primary approach in the field of
artificial intelligence (AI), with wide range of applications. The two computational phases for every
neural network are; the training phase and the testing phase. Usually, testing is performed on high-
processing hardware engines, however, the training part is still a challenge for low-power devices.
There are several neural accelerators; such as graphics processing units and field-programmable-gate-
arrays (FPGAs). From the design perspective, an efficient hardware engine at the register-transfer
level and efficient CNN modeling at the TensorFlow level are mandatory for any type of application.
Hence, we propose a comprehensive, and step-by-step design procedure for a re-configurable CNN
engine. We used TensorFlow and Keras libraries for modeling in Python, whereas the register-transfer-
level part was performed using Verilog. The proposed idea was synthesized, placed, and routed
for 180 nm complementary metal-oxide semiconductor technology using synopsis design compiler
tools. The proposed design layout occupies an area of 3.16 x 3.16 mm?. A competitive accuracy of
approximately 96% was achieved for the Modified National Institute of Standards and Technology
(MNIST) and Canadian Institute for Advanced Research (CIFAR-10) datasets.

Keywords: deep neural network; field-programmable-gate-array (FPGA); re-synthesizable; RTL;
hardware accelerator

1. Introduction

The past decade has witnessed exponential growth in the field of artificial intelligence
(AI) owing to its promising real-time results made possible through convolutional neural
networks (CNNs). CNNs have performed exceptionally well in the field of computer vision,
such as in image classification, object recognition and natural language processing [1-4].
Al though the CNN technique is years old but it cannot gain attention due to its high
computational power requirements and the large number of complex operations involved.
Typically, a CNN is implemented using a graphical processing unit (GPU) because of
advancements in computational capabilities and the development of implementing tools
(e.g., TensorFlow, Matlab). These tools allow users to customize the CNN model according
to application requirements and deployment of multi-devices, central processing units
(CPUs) and GPUs.

Although a GPU outperforms a CPU in terms of throughput, it drains a large amount
of energy, and makes it infeasible for energy-limited resources, such as mobile devices,
embedded systems, and IoT. Contrarily, CNN implementation on field-programmable-gate-
arrays (FPGA) has shown superior results in terms of output and power efficiency, mainly
because of parallel and configurable approaches [5-7].
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Different approaches have different advantages and disadvantages, and FPGA is no
exception. Although the FPGA has numerous advantages, it is difficult to implement in
hardware description languages (HDL). A thorough understanding of CNN architectures,
functionality parameters, and detailed knowledge of register-transfer level (RTL) design
techniques on FPGA is required for both fixed and floating point designs. The efficient
design of a CNN engine requires many considerations, including off-board memory access
latency, on-chip memory re-usability, and high-performance arithmetic circuits [8]. Because
the computational complexity of CNN increases with the availability of reliable data, there
is a need for a re-configurable neural engine design.

There have been several attempts to reduce the gap between FPGA and CNN; how-
ever, the majority of these have focused on efficient algorithm design and performance
optimization. Some effective optimization techniques for CNN implementation on FPGA
have been proposed for creating re-configurable CNN engines. As per [9], a typical CNN
architecture is 90% of its computing convolutional layers; hence, handling convolutional
operations is a major concern. In the literature, there are several proposals for the optimiza-
tion of CNN data paths for FPGA-based designs; a detailed survey is provided in [10]. An
in-depth analysis of loop unrolling, and the loop tiling method was performed by Yufei
Ma et al., in [11]. In the proposed method the throughput of the convolutional layer’s is
improved but at the cost of more hardware. Ma et al. [12] presented an adder tree and
configurable multiplier bank based RTL compiler for various CNN architectures. The same
authors proposed an improved technique in [13] based on their earlier work in [11], using
a loop optimization technique. However, it can be deduced that their focus has been on
compiler throughput optimization in some state-of-the-art CNN models and is limited to
RTL generation by overlooking the comprehensive step from CNN modeling to training
and synthesis.

Various libraries and framework-based approaches have been proposed by several
researchers. Wang et al. [14] presented a scalable deep-learning engine with configurable
tiling sizes; however, their accelerator was designed to infer only feed-forward neural
networks. In [15], a library named Caffe was presented that automatically generates a high-
level synthesis (HLS)-based CNN engine with marginal low-level hardware optimization.
A pre-trained script description-based RTL-CNN generator was presented in [16]. In [17],
an HLS-based framework called fpgaConvNet was proposed. Similarly, a framework
called FP-DNN was proposed in [18], which automatically generates a hybrid RTL-HLS
CNN engine.

However, there are software libraries that facilitate research on Al and DL (TensorFlow,
Keras, and PyTorch). Thanks to researchers and developers, they uploaded the datasets
MNIST [19], and CIFAR-10 [20], which can be used with high-level programming languages
such as Python. The performance and energy requirements for deep learning are major
constraints, particularly in embedded systems. Hence, instead of using GPU-based energy
expensive solutions, it is important to design a power and energy-efficient re-synthesizable
hardware engine.

Building high-performance custom hardware is challenging in terms of the design
process [21-23]. The hardware architecture for such complex algorithms using low-level
HDL requires considerable time and effort. By reviewing the related literature, time
and effort can be seen in [24]. While some studies have focused on generating built-in
coefficients [25], others include training phase in hardware [26,27]. In [28], an accelerator
was designed a using Vivado HLS to speed up the analysis phase in memory which was
implemented on zynq-7000 FPGA.

This study presents comprehensive steps for designing an FPGA-based reconfigurable
CNN engine using the latest libraries and tools in an optimized manner. The main contri-
butions are as follows:

e A compact and accurate TensorFlow-based CNN model was developed using Python
which can simulate a variety of datasets.
e Implemented a step-by-step reconfigurable CNN engine on FPGA from scratch.
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e  The RTL design of the CNN model was synthesized using 180 nm CMOS technology
and post-layout verification was carried out. The results of the FPGA and 180 nm
testing were compared with the software model for validation.

e A graphical user interface (GUI) is designed for the loading and testing of data sets.

The rest of the paper is organized as follows: Section 2 presents the design flow of
the proposed study. The details of the TensorFlow /MATLAB implementation are given
in Section 3. The RTL implementation and sub-blocks are presented in Section 4. The
synthesis, place and route, layout and simulation results are presented in Section 5. Finally,
the conclusions are presented in Section 6.

2. Proposed Design Flow

The complete design process consists of two main phases and several sub-phases as
shown in Figure 1. The two main phases are the CNN architecture modeling and training
in TensorFlow and the hardware implementation system based on the register-transfer
level (RTL) compiler. In TensorFlow, the following two major operations are performed:
(1) CNN architecture is modeled, trained, tested, and trained weights and bias data are
saved in a .txt file; (2) input feature map data is converted into binary data, which can be
recognized by hardware tools and saved as a .txt file for further processing.
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Figure 1. Top structure of CNN hardware implementation.

Once the modeling was completed in TensorFlow, the RTL design is implemented
in Verilog/VHDL. The synthesis follows the place and route (PnR) process, where the
proposed design is comprehensively checked, optimized as per the target application, and
finally implemented. Figure 2 shows the major steps involved in the design process from
scratch to the final implementable design. For testing purposes, a customized graphical
user interface (GUI) is developed for loading datasets, trained model weight files, and
output display.

A detailed design flow chart of the CNN engine generator is shown in Figure 2. As
mentioned earlier, the CNN model is initially trained using TensorFlow. Weight and Bias
value files are imported and these are further tuned as per the application requirements.
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Once the requirements of the specification are achieved, RTL design is implemented in
Verilog/VHDL. There is no need of implementing everything from scratch, as an initially
highly optimized model is implemented and tested. For re-usability, necessary changes
need to be done depending on the requirements of the application. After RTL mapping, a
netlist file is imported for synthesis following the place and route (PnR) process, where the
proposed design is comprehensively checked, and optimized as per the target application
and a final design is ready for deployment, either on FPGA or ASIC. The final design is
tested with the help of a customized GUI developed for loading datasets, trained model
weight files and output display.

Pre-trained
Model (TensorFlow)

Performance Design
Optimization Specifcations

Parameter and
Hyper-parameter
tuning

[ Mapping to RTL ]

1SIIPN

Logic Synthesis
(Place n Route)

Final Design

Figure 2. Flow chart of proposed CNN engine design.
3. CNN Opverall Operation

The core of any hardware implementation starts with software modeling. In deep
learning the selection of the correct CNN architecture, dataset and parameters are crucial
The design complexity, computational power, accuracy, and ASIC implementation area
depend on the chosen CNN model.

The detailed procedure is shown in Figure 3. The implementation of the CNN model
starts with the selection of built-in frameworks. Different frameworks provide different
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data handling, mathematical, and graphical libraries, which are publicly available under
different licenses. For example, NumPy is the best for dataset handling, whereas Matplotlib
deals with plotting verities of graphs. For deep learning, there are three main frameworks:
Keras, PyTorch and PyCharm. This study was conducted on Keras and TensorFlow at the
backend. Once the right frame is selected, the dataset is prepared. Dozens of well-prepared
open-source datasets are available, which are good for testing purposes. Classified data,
must be prepared for the CNN. Data are not always well managed, and the accuracy of any
CNN model is highly dependent on the dataset. It is also important to have a sufficient
number of samples. A dataset that is too small, may result in over-fitting or under-fitting of
the model. Generally, a data set is split into two parts in a ratio of 80/20, where 80% of the
data are used for training and 20% are saved for testing and validation.
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Figure 3. Implementation flow of the proposed CNN engine.

Once the data are ready, the next step is model training which is the most crucial
step. Training is an iterative process, which involves complex mathematical computations.
Training has two major operations: forward propagation and backpropagation. In forward
propagation, starting from the input data, the weight and bias values are convolved and
forward propagated to the next operational layer, adding weight and bias values untill
the final SoftMax layer. Forward propagation involves several layer-wise operations; that
is, convolutional, pooling (max or average), activation, and dense layers. Each layer-wise
operation is discussed in detail in the following section. Forward propagation is followed
by backpropagation.

Back-propagation computes the gradient of the loss function with respect to weight
using the chain rule. In supervised learning, the output vector is generated from input
vectors, and an error/loss is generated if the desired output is not achieved. The parameters
(weights/bias) values are adjusted to achieve the best output results. Computing the
gradient layer-by-layer, and iterating backward from the last layer to avoid redundant
computation of intermediate terms in the chain rule.

Backpropagation error = achieved output — targeted output

Each stage is explained in detail, in the following steps.
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3.1. Uploading the Dataset

The MNIST/CIFAR10 and other open datasets are available for learning. In this study,
we used the MNIST dataset. Once the dataset is successfully loaded, 4 random samples are
printed for confirmation purposes shown in Figure 4.

Downloading data from L
11493376/11490434 [ ==] - @s Bus/step
11501568/11498434 [ ] - ©s Bus/step

66000 train samples
18000 test samples

Figure 4. Dataset download and printing of random samples.

3.2. Divide the Dataset into Test/Training Dataset

Once the dataset is loaded /downloaded, it must be split into two sets: the training
and test datasets. Usually, the 80/20 ratio is used. Figure 5 shows the divided datasets.

Xtrain = pd.read csv( X
ytrain = pd.read csv(
Xtest = pd.read csv(

ytest = pd.read csv(

Xtrain = np.array(Xtrain)
Xtest = np.array(Xtest)
ytrain = np.array(ytrain)
ytest = np.array(ytest)

Figure 5. Dividing the dataset into Training and Test datasets.

3.3. Define the CNN Architecture

The definition of the CNN architecture contains comprehensive details of the param-
eters and hyper-parameters. Information on the number of convolutional layers, fully
connected layers, number of kernels, kernel size, pooling type, pooling size, stride window,
activation function, number of epochs, batch size, learning rate, and use of bias information
is provided. The selection of parameters is shown in Figure 6.

3.4. Output Accuracy Optimization

Once the CNN architecture is selected, it is compiled before the training starts. In this
step, we define the loss function, optimizer and metrics. After the fit function measures,
the performance of CNN model is determined. Fitting refers to adjusting the parameters in
the model to improve accuracy, as shown in Figure 7.

3.5. Saving the Trained Model and Weight Values

The model can be saved after and during the training. This means that we can resume
if it is left incomplete for any reason. A replica of the model can be created using the saved
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model and weight file. In this study, we loaded the saved weight values for hardware
processing. The saving commands are shown in Figure 8.

batch size = 28
number epoch

img rows

Pa RJ A

img cols =
kernel size =

learning rate start = 8.883
learning rate end = &.884
epsilon = le-6

momentum = 8.9

Figure 6. Definition of parameters.

compile(loss 10 ", optimizer="adam", metrics=[
model . summary ()

1r_scheduler = LearningRateScheduler( e: learning_rate_start * learning_rate_decay ** e)
history = model.fit(X train, Y_train,
batch_size=batch_size, epochs=epochs,
» validation_data=(X_test, Y_test),
callbacks=[1r_scheduler])

Figure 7. Selection of optimizer and loss function for output accuracy tuning.

model . save( "MDPL

tile path =

Figure 8. Commands for saving trained model and weight files.

4. CNN: Layerwise Implementation
4.1. Proposed Top CNN Engine

Our aim is to present a power-efficient design implementation technique that does
not compromise the CNN structure and accuracy. The CNN engine is the most frequently
used system for all applications, and thus consumes more power. The top CNN engine is
shown in Figure 9, where the power consumption is reduced by reusing the memory, which
occupies a major portion of the CNN engine. We applied the memory re-use technique, in
which the input feature buffer memory was re-used for storing the updated weights values
after each iteration.

4.2. Convolutional Layer

The convolutional layer is used to identify the primary features in the image by
convolving with a set of learnable filters. Convolution is a linear and simple multiplication
operation of a single or multi-dimensional array vector called filters with an input array.
The filter’s dimensions are significantly small (3 x 3,5 x 5, or 7 x 7) as compared to the
input data dimension. Each filter is convolved horizontally and vertically in a sliding



Electronics 2022, 11, 3883 80of 13

window fashion with input data resulting in an array of feature maps. The number of
features maps is equal to the number of convolved filters. The detailed CNN architecture is
shown in Figure 10. The element-wise multiplication and summation operations are given
in Equation (1).

) e A )
CNN Layer
Data | &
! ]
.
g .
RelLU Poolin >
Input | weight | 9 J | output
Weight T x y Weight
Buffer N r Buffer
& J
4 3\
i Vi
)
o Top Controller o
Ll Ld
— - ~ —
Figure 9. Top architecture of the proposed CNN engine.
2
P.=R*xCi_1XM+B (1)
CONV layer C1 + ReLU Max Pool Layer L2 CONV layer C3 + RelLU Max Pool Layer P4 Flatten
4
4
1 P E— 234 0
u| k[ — 1
4w 3 2
— ““ 3
3 14x14x4 11x11x4 s 5x5x4 &
] 14 1 5 5
3 9
1 i 5 100 16
« Convolutional Layer: E = (H+2xP-R)/S +1 * R: Filter Size « P: Padding
. e C: Number of Channels « B: Bias
Pool L. : E=(H-R)/S+1
* Pooling Layer 5 ( ) o M: Number of Filters « H: Input Image Size
* Parameter: Pc = R°xC.xM+B o S: Stride « E: Output Image Size

Figure 10. Detailed CNN architecture.

During the mathematical operation, a bias term was added to the sum of the weighted
input. The following equation shows the calculation of the output feature map.

Input yigm — Filter?ize +2 % Padding + Bias
Stride

Outputg,, = (2
where padding is the optional number of pixel values added to maintain the optimal
dimension. When an image is convolved with filters, and the stride slides the filters with a
certain number of pixels across the input array, sliding windows are fixed according to the
output results.

4.3. Pooling Layer and Activation Function

The pooling layer works similar to the convolutional layer. This diminishes the spatial
size of convolved features. Moreover, it aids in dimension reduction during dominant
feature extraction to achieve the highest recognition accuracy. Pooling operation can be
performed in two ways: average pooling and maximum pooling. Maximum pooling.
Maximum pooling takes the dominant pixel value from the chosen pooling windows,
whereas, average pooling takes the average of the selected pooling window. Both methods
ultimately result in a dimension reduction.

After calculation the weighted sum and bias values, the activation function determines
whether to fire a neuron, which is the same as checking the threshold. The primary aim
of the activation function is to add non-linearity to the output. A neural network without
an activation function is similar to linear regression problem, which does not support
complex mathematical operations. In summary, an activation function improves the neural
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network by learning and performing complex functions. The most widely used activation
functions are sigmoid, ReLU, and Tanh [29]. These functions optimize the detection rate of
CNN, however, they are rarely used in real world applications, to be exact on hardware, as
memory is limited.

4.4. Fully Connected Layer

The final output from the convolution and pooling operations is followed a by flattened
layer. The fully connected (FC) layer works like a layer of the multi-layer perceptron and
consists of more than one FC layer. The final output of the entire convolutional operation
is saved in a single-column vector. Each value in the column indicates the probability
that the features match the label. The FC layer is used to convert the images into labels
based on the learned features from the convolutional process. Each neuron carries certain
probability value. The neuron with the highest probability value is declared the output,
and the corresponding label classifies that particular class.

5. Synthesis and Results

The design compiler tool is the core of Synopsys synthesis products. It optimizes the
design for the area and power-efficient local representation of given blocks. The design
compiler consists of hardware description language (HDL) design synthesis tools that
optimize gate-level designs. Both combinational and sequential designs can be optimized
for speed, power, and area.

Figure 5 shows the steps to be followed for the synthesis with the design compiler.
These steps include reading the VHDL/Verilog source file in the design, applying the
constraints as per the specification, and design optimization. The reading of HDL design
involved two tasks. First, the command analysis checks the syntactical errors, creates
libraries, and saves the HDL intermediate files at a specified location. The second task is
command elaboration, which translates intermediate files into a technology-independent
design produced during the analysis. In the elaboration report, we can see the number and
types of memory elements. If the elaboration is completed successfully, the next step is the
constraints defining. Constraints are the set of parameters that the designer provides to a
design compiler in order to limit the operations the synthesis tool can or cannot perform
with the design and its behavior.

Figure 11 shows the synthesized layout of the proposed CNN engine, following the
steps presented in this manuscript. It was synthesized for a 180 nm CMOS process using
a design compiler and IC compiler. It occupies a 3.16 mm x 3.16 mm die area. To verify
the proposed design procedure, we tested our design using open-source datasets MNIST,
CIFAR-10, and STL-10, as shown in Table 1. A comparison with other state-of-art proposed
designs is presented in Table 2. Most of the proposed ideas are limited to FPGAs. The
proposed procedure covers both software and hardware implementations, and synthesis
up to the ASIC level.

Table 1. Tested Dataset.

Dataset Type Size Classes
MNIST Gray 28-28 10
CIFAR-10 Color 32 x 32 10
STL-10 Color 96 x 96 10

A customized controller-based GUI was developed for testing, as shown in Figure 12.
It was used to load the pre-trained weight and bias values files, and input data for testing.
This GUI has many other control options, such as enable, reset, read, and write. Using
this GUI, we can verify the output after each convolutional layer. To read and write, the
files must be saved within a particular system path, where they can load to read or save to
write. It reads the test simple pixel value in vector form, and weights values in hexadecimal.
The final output class field is marked as the ANIC Class, which shows the final output
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class after the test. The tensor flow modeling results are shown in Figure 13a, in which
we achieved the precision score of approximately 96. The proposed CNN engine design
procedure was verified at the RTL level as shown in Figure 13b,c. It correctly classified the
data as classified in the GUIL

Table 2. Performance comparison with related works.

Parameters Our Work [18] [21]
Technology CMOS 180 FPGA (Virtex-7) Zynq XC7Z045
Precision 16-32 fixed 16 fixed 16 fixed
Gate Count 323,210 164,100 -
Memory Ultilization 58% 67% 65%
Clock Frequency 250 Hz 150 Hz 150 Hz
GOPS 210 364.4 137.0

&
¢

3.16 mm

3.16 mm

Figure 11. Layout of the proposed CNN engine.
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Figure 12. A customized GUI for testing.
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Confusion Matrix
o 2 4 6 8

01 969 1 1 0 1 3 1 2 1 1

0 1083 1 5 2 2 1 0 41 0

2{ 1 1 983 10 7 3 0 10 17 0

1 0 4 951 3 23 0 10 5 13

a1 0 0 2 0 957 O 5 0 2 16

1 0 1 1 1 878 1 6 2 1

Actuals

s{ 14 4 0 0 5 10 925 O 0 0

0 3 9 1 0 0 0 995 15 5

8{ 9 1 2 3 4 5 1 4 940 5

4 3 1 3 11 9 0 9 5 964

Predictions

(A)

©

Figure 13. (A) Tensor flow result of Proposed CNN. (B) Result of Convolutional Layer. (C) Result of
the proposed CNN engine with controller.
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6. Conclusions

In this study, an SW/HW co-design procedure is presented for designing a CNN
engine to fill the gap owing to its fast growth and lower power re-configurable FPGA-
based applications. This was achieved by proposing a detailed design procedure for a
customizable and re-configurable CNN engine.

Additionally, any user can generate as many FPGA-based CNN models as possible
without starting every time from the very scratch, through slight modifications as per the
application requirements and following the detailed steps. With a given framework, a user
can integrate new layers for modern CNN models and add features to the existing layers.
All RTL blocks are hand-coded in Verilog; thus FPGA (Altera, Xilinx) implementation and
verification are handy. All CNN models can be easily processed for the ASIC implementa-
tions. The design process used TensorFlow and MATLAB to train and test the CNN model
before implementation. The proposed design idea was validated on different data sets
(MNIST and, CIFAR-10) and competitive results were achieved. A customized GUI makes
it easier to perform testing with simple clicks. Furthermore, the proposed design procedure
achieved considerable accuracy.
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