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Available online: 30 June 2024 design of the ReL.U activation function and mean pooling layer. The CNN

model is initially implemented in MATLAB and trained on the MNIST

dataset. The hardware architecture, designed using Verilog HDL for an

Intel Cyclone IV E FPGA, successfully replicates the MATLAB outputs, as

Deep learning, CNN digit recognition,  verified through rigorous simulations with ModelSim. The hardware

hardware CNN, pooling layes, FPGA,  implementation demonstrates significant performance improvements,

hardware accelerator notably reducing execution time from 104,458s in software to 8.05us
in hardware. The designed hardware exhibits a 2.60GHz frequency,
4,457 logic elements, 2,522 registers, 409,600 memory bits, and
71.73mW  thermal power dissipation, showcasing superior
computational efficiency.
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1. Introduction

In the realm of image processing, computer vision and pattern recognition are a key emerging field. One of the
key areas in pattern recognition is the handwritten digit recognition system [1]. Machine learning is all about
developing and implementing algorithms that make these conclusions and predictions easier to recognize and
less time-consuming [2]. In recent years, one of the most important tasks has been Handwritten Digit
Recognition for various purposes, including bank checking of handwritten digits and conversion into machine-
readable formats, vehicle number plate recognition for efficient monitoring and identification, NID (National
Identification) verification, etc [3]. In the previous two decades, research has been ongoing in deep learning.
Deep learning algorithms like CNN are broadly used for recognition [4]. CNN architecture is proposed to achieve
accuracy even better than that of ensemble architectures, along with reduced operational complexity and cost
[5]. A specialized artificial intelligence technique primarily used for image classification is the Convolutional
Neural Network (CNN) [6]. CNNs, a subset of deep learning, are widely utilized for image categorization due to
their processing efficiency and accuracy. The convolution and pooling layers may consist of more than one and
transmit the data to the fully connected layer [7]. FPGA offers reprogramming ability and, when its hardware
architecture is well designed, provides adequate energy efficiency. FPGA can satisfy power and size constraints,
emerging as a design alternative. It has both pipeline parallelism and data parallelism, so it provides lower
latency for processing tasks, becoming a high-performance and flexible accelerator for CNN inference [8]. The
Modified National Institute of Standards and Technology (MNIST) handwritten digit database, one of the most
important areas of research in pattern recognition, has excellent research and practical value [9]. The study
specifically addresses the challenges of software implementation, such as slow computation with a single
arithmetic logic unit (ALU) and high-power consumption for CNNs with numerous nodes [10].

The work outlines objectives, including creating an optimized hardware architecture, verification through
software comparison, and benchmarking performance metrics. The scope encompasses the implementation of
the CNN model in MATLAB, focusing on the ReLU and mean pooling layers, recognizing digits zero to nine in
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28x28-pixel images. The software implementation will be in MATLAB, while the hardware design will use Intel
Quartus Prime with Verilog HDL. Simulation using ModelSim will validate hardware results against MATLAB
outputs, emphasizing speed, logic elements, and power consumption as performance metrics. The report
concludes with the expectation of improved computational efficiency in the proposed hardware design
compared to the software implementation.

2. Methodology

Fig. 1 shows the overall work for the duration of this work. There are two phases; where phase one is focused on
designing the CNN digit recognition in MATLAB, and Phase two focuses on the hardware implementation of digit
recognition using FPGA.
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Fig. 1 Methodology

2.1 Designing the CNN Digit Recognition in MATLAB (Phase 1)

Table 1 CNN digit recognition model summary

Layer Remark Activation Function
Input 28x28 nodes -
Convolution 20 convolution filter ReLU

(9x9)
Polling 1 mean pooling (2x2) -
Hidden 100 nodes ReLU
Output 10 nodes Softmax
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In this section, a CNN model based on Table 1 is designed using MATLAB. In this model, it has 28x28 nodes in
the Input layer, 20 convolution filters (9x9) in the Convolution layer, ReLU activation, one mean pooling (2x2) in
the pooling layer, 100 nodes with ReLU activation in the Hidden layer, and 10 nodes with SoftMax activation in
the Output layer. The model of CNN digit recognition is shown in Fig. 2.
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The input will be from the MNIST dataset. The MNIST dataset comprises 60,000 images of handwritten
digits (all grouped into one file. Each image is gray-scaled and positioned in a fixed size of 28 * 28 pixels,
representing a number shown in Fig. 3. MATLAB, known as software implementation, extracts data at different

stages of the CNN. Fig. 4 shows the overall operation in MATLAB.
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Fig. 3 28 * 28 pixels image

The data from each feature is important because it will be used to verify the hardware implementation
functionality. The output data (Convolution + ReLu + Mean Pooling) from the MTALAB and hardware simulation

must be consistent.
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Fig. 4 MATLAB overall operation

2.2 Designing the Hardware Architecture
The overall design of the Hardware Implementation is shown in Fig. 5. The hardware design comprises 20
embedded memories for storing the inputs (Featurel to Feature20), 20 for storing the outputs (Pooll to

P00120), and ReLU and mean pooling block.
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Fig. 5 Top model architecture design

Fig. 6 shows the design of ReLu and mean pooling. The model will check for the most significant bit. If the
data is negative, then the data will be zero else the data passes input through. The Pooling model calculates the
average of the values in registers RO to R3. Summing the pairs of registers (R0+R1 and R2+R3). Adding those
sums together then Performing a right shift by two, effectively dividing the sum by four to get the average. The

mean pooling model is designed based on Equation 1.

(RO + R1) + (R2 + R3)

Mean Pooling = 7 (Bq1)
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Fig. 6 ReLU and mean pooling architecture

3. Result and Discussion

To verify the hardware designed, the output data from MATLAB is compared with the output data in the output
Memory file (Pooll to Pool20). Both output data must be consistent as shown in Fig. 7 and Fig. 8.

[ Memory Data - MeanPool_TB/DUT/RAM 1/al _component/m_default/al 0 0 0 0 0 0
5 0 0 0 0 52
1351 ] Sab : 10 1351 ESA SAB 340 35
0000 0 000 00 00 g 15 0 0 0 0 175
20 3482 3Ca9 3ES6 348 3C77
25 2980 12B5 1FF 288 71B
a0 10D6 DCo AB3 JEC ATF
35 547 A29 0 0 A
40 3DE 117 0 0 0
45 0 0 0 0 0
50 0 7 7C 0 CF
35 1486 co6 0 0 0
60 0 0 0 0 80E
65 12D6 313 0 0 0
70 0 0 0 288 18FD
75 F2D 0 0 0 0
80 0 0 0 S5A EAE
85 205 0 0 0 0
S0 0 318 143D 1488 2B2
95 0 0 0 0 0
Fig. 7 Output stored in embedded memory Fig. 8 Output from MATLAB

(Hardware)

3.1 Performance Comparison

The performances of the software and the hardware are recorded. The software implementation’s maximum
operating frequency is determined by the capabilities of the device used for its execution. The speed for the
hardware implementation is taken from the Quartus stimulation as shown in Fig. 9. The other performances
metrics are taken from the Analysis & Synthesis Summary in Quartus. In Table 2 shows the comparison between
the software and the hardware implementation.

Based on Table 2, the execution in software environment is 104458 ps while for the hardware it is only 8.05
us. The hardware executes the algorithm 13000 times faster than the software simulation. Besides, the
hardware used a small maximum operating frequency compared to the software simulation.

Penerbit
UTHM



J. of Electronic Voltage and Application Vol. 5 No. 1 (2024) p. 35-41 40

I S 1 S B B S R G

E] %

97

B Foutd

B Fouts

B—“a Fouts 00 0

B Fout? 0

B Fouis : 8050.515 ns
P =

P f

. Foutil

B-“. Foutl3
4. Fout14
B4 Foutls
4. Foutls
B-“. Fouti?
E-“. Fout1s
B-“. Foutis
4. Fout2o

20055ns |
Cursor 1 8050.515 ns

Fig. 9 Simulation of the hardware implementation

Table 2 Performance comparison

Performance metrics Software Hardware
Speed 104458 ps 8.05uS
Maximum operating 2.60 GHz 157.41 MHz
frequency

Total logic elements - 4,457
Total registers - 2,522
Total memory bits - 409,600
Total thermal power - 71.73mW
dissipation

4. Conclusion

This work proposes an interesting approach to address the limitations of software implementation for
Convolutional Neural Networks (CNNs), particularly the slow processing speed and high-power consumption
with large datasets and complex networks. By designing a dedicated hardware architecture for the ReLU
activation function and mean pooling layer in CNN digit recognition using an FPGA, the work aims to achieve
faster processing speeds and potentially lower power consumption compared to software implementations.
Bypassing the bottleneck of a single ALU in a general-purpose processor, the custom hardware promises parallel
processing capabilities, potentially accelerating computations. Reducing the overall energy footprint compared
to software implementations could be crucial for battery-powered devices.
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