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FPGA Implementation of an Image Classifier Using
Pipelined FFT Architecture

Shafiqul Hai

Abstract—Deep neural network (DNN) belongs to an important
class of machine learning algorithms generally used to classify
digital data in the form of image and speech recognition. The
computational complexity of a DNN-based image classifier is
higher than traditional fully connected (FC) feed-forward NNs.
Therefore, dedicated cloud servers and graphical processor units
(GPUs) are utilized to achieve high-speed and large-capacity
computation tasks in machine vision systems. However, a growing
demand exists for real-time processing of complex machine-
learning tasks on embedded systems. As FC layers consume
the highest fraction of computational power and memory foot-
print, innovating novel power-efficient and low-footprint NN
architecture for embedded systems is crucial. In this letter, a
pipelined and parallel fast Fourier transform (FFT)-based FC-
DNN architecture is implemented on Stratix-10 FPGA using
VHDL. The footprint of the DNN is further reduced using a
folded FFT network. The proposed algorithm is tested using
two benchmark training set examples, the MNIST database of
handwritten digits and the CIFAR-10 database. In both cases,
we achieve > 90% accuracy, while the power consumption of the
2-parallel folded FFT-based network is around 45% less than the
traditional series FFT-based architectures.

Index Terms—Block circulant matrix (BCM), deep neural
network (DNN), machine vision, pipelined and folded fast Fourier
transform (FFT).

I. INTRODUCTION

EEP convolutional neural networks (CNNs) facilitate the

extraction of complex high-level features of an object or
image, which results in higher accuracy in prediction [1], [2].
Deep neural network (DNN) applications are built with the
target to address computational complexity, processing speed,
power, and memory bandwidth for software and hardware
implementation.

DNNs for image classifiers include convolutional layers,
max-pooling layers, and finally, the fully connected (FC)
layers [3]. In an embedded system, the FC layers become
a bottleneck to achieve power-efficient operation with high
computation speed due to the large size of the weight matrix
and input vector created from the extracted image features.
Therefore, it is essential to explore new architectures which
utilize the parameter redundancy techniques to reduce the size
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of the matrix-vector multiplication or simplify the multiplier—
accumulator (MAC) layers in the FPGA, microcontroller,
or ASIC-based accelerators. It is shown in [4], that fast
Fourier transform (FFT)-based convolutions and overlap-add
operations in the CNN layer improve the execution time by
3.36 times compared to direct convolution on the ARM AS53
CPU. A block circulant matrix (BCM) vector multiplication
via FFT operations is implemented in the FC layers of
an optical accelerator [5], which saves 2.2 to 3.7 times
area cost compared to singular value decomposition (SVD)-
based architecture. The BCM-based FFT architecture was
first demonstrated in [6], where the network is trained such
that the weight parameters form a BCM. The BCM facili-
tates circular convolution or elementwise FFT multiplication
between the input vector and weight matrix. The circular
projection-based FFT operation improves power efficiency of
an NN by reducing the space and computation complexity
from O(k*) to O(k) and time complexity from O(k?) to
O(klogk). However, to the best of our knowledge, an FFT-
based DNN has not yet been investigated with the target to
reduce the power consumption and footprint by implementing
pipelined, parallel, and folded FFT architecture. Therefore, to
further improve the power efficiency of the NN, it is vital
to investigate joint algorithms with the target to reduce the
footprint of the circular projection-based FFT network.

This letter describes FPGA implementation of a novel
pipelined-parallel FFT architecture for DNN by exploiting
circular projection. This design is especially suitable for the
power-constrained embedded systems used in autonomous
vehicles, surveillance cameras, drones, and remote sensors
in harsh environments. The proposed architecture reduces
the number of circuit components (multiplier, adders, and
comparators) on an FPGA.

ITI. BLOCK CIRCULANT MATRIX COMPUTATION

A circular projection on the weight matrix is implemented
in structured neural networks (SNNs) to reduce computational
complexity [6]. In an SNN with zn-input and m-output in any
layer /, the complete weight matrix, C(/) € R™*" is partitioned
into p x g numbers of submatrices, each being a k x k BCM,
W(I). Therefore, the output from layer [ is: y(I) = C(l) x
a(l-1) + b(l), where, a(l—1) is the output from layer /-1 and
b(l) is the m x 1 bias vector. The output can be calculated in
terms of BCM as

Y40 Woiha(l — 1)

Y()(? =9
Ly (Dai (= 1
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In (1), each of the input-segments (a;(/—1)) is a k x
1 vector, where, n = gk. The BCM (W(l)) is one of the
segments of the full weight matrix (C(l)). Ak x k BCM W ¢
R**k is defined by a column vector w = (wo, wi, ..., Wk—1)
which contains all independent parameters in W and the
subsequent columns represent circularly shifted versions of the
first column by one element, as shown in

wo Wi—1 -+ Wi
W= . . . .- 2)
Wi—-1 Wi—2 -+ W

In (1), the matrix-vector multiplication can be efficiently
calculated using FFT and element-wise multiplication, and
therefore the forward pass computation can be performed with
reduced O(klogk) complexity. Next, we focus on the BCM
multiplication with the input vector a(l—1) to demonstrate the
algorithm for forward and backward propagation. In layer /
with BCM W(I) € R®K, the forward-propagation computation
can be performed using

a(l) = ReLU[y()]
= ReLU[W(I) x a(l — 1) + b(])]. 3)

In (3), a(l) and a(l—1) are segmented output and input
vector of size k x 1, respectively. We use the ReLU operation
for the nonlinear activation function.

The matrix-vector multiplication in (3) is basically a circular
convolution (®), and can be efficiently performed by FFT
(%) element-wise multiplication (o), followed by inverse FFT
(1) operation:

y) =Wl xa(l—1)+b()
=w(l) ®a(l — 1) +b())
= Z ' FwD) o F@li—1)]+bd). @)

To demonstrate backpropagation, we need to update the
network parameters, starting from the last layer (L) using
gradient descent, where E is an error vector and « is the
learning rate constant

wi(L) =wi(l) —a here i,j: 0 to k— 1

E

dwi(L)’
dE da;(L) dy;(L)

daj(L) 0y;(L) ow;;(L)

= wij(L) — ae o [ReLU'{y;(L)} ® s flip{a;(L — 1)}].

)

In (5), ReLU'{yj(L)} =1 if yj(L) > 0, otherwise the
differential of the ReLU function is zero.

As mentioned before, the circular convolution operation in
(5) can be achieved using FFT and inverse FFT. The weight
parameters are calculated during backpropagation or training
phase to form the BCM W(I) which is required in the forward
propagation stage.

In both the forward and backward propagation stages the
element-wise multiplication reduces the computational com-
plexity. In addition, if a pipelined-parallel and folded FFT
architecture can be designed, this will further reduce the chip
footprint and increase power efficiency. We will describe this
procedure in the next section.

=wi(l) —a

Fig. 1.

DFG of a Radix-2 16-point DIF FFT before folding method.

III. FOLDED FFT ARCHITECTURE FOR BCM-BASED DNN

If an m(= 512) x n(= 1024) weight matrix C(l) of an
NN is partitioned into p (= 32) x ¢ (= 64) submatrices or
BCMs, then each of the BCM, W(/), will be of dimension
k(= 16) x k(= 16). Therefore, a 16-point FFT will be required
in the forward and backward propagation stages. If a large
dimension weight matrix is required in the NN, then the same
design process can be extended to increase the FFT size. A 16-
point FFT requires 8 butterfly units (BFUs) at each of the four
stages. Fig. 1 shows the data flow graph (DFG) of a radix-2
16-point decimation in frequency (DIF) FFT. The nodes A,
B, and C represent the BFU computation, where each of the
BFU consists of two adders and one multiplier.

The flow graph in Fig. 1 can be pipelined or retimed,
and folded to design a radix-2 multipath delay commutator
(R2MDC) architecture. Pipelined and folded FFT architectures
have been investigated in the past to reduce the number of
BFUs [7], [8]. For example, by applying folding transforma-
tion with folding factor = 8/2 = 4, all BFU’s on a same
column can be mapped onto a single BFU. Therefore, a
2-parallel architecture can be generated using this technique.
The folded 16-point FFT architecture requires 32 registers
from BFU-A to BFU-B. Therefore, we apply the lifetime
analysis technique, derive the register allocation table and the
required control signals (s; to s3), to minimize the number of
registers.

The R2MDC architecture is shown in Fig. 2. The two-
parallel architecture process two inputs in one clock cycle
(i.e., one each from the set yg,y2, V4, Y6, Y1, Y3, ¥s,y7 and
Y8, Y10, Y12, Y14, Y9, Y11, Y13, as shown in Fig. 2). The folded
circuit requires only log, N = log, 16 = 4 complex BFUs,
3 complex multipliers and 3N/2 — 2 = 22 registers (R] to
R>1). The 2-parallel R2MDC architecture facilitates reducing
the clock frequency (f) by half compared to traditional
Radix-2 Single-path delay feedback (R2SDF) architecture [7].
Therefore, theoretically the dynamic power (CV?f) consump-
tion by the 16-point R2ZMDC is less compared to the R2SDF
architecture. However, the actual power consumption can
only be verified though a hardware implementation, which is
described in the next section.
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Fig. 2. Pipelined 2-parallel 16-point FFT architecture for BCM multiplication computation in the proposed image classifier.

TABLE I

COMPARISON OF INFERENCE ACCURACY
Case No. Configuration Accuracy
1. MINST | (28x28)-784-1024-512-10 97.55%
2. MNIST | (28x28)-784(16)-1024(16)-512(16)-10 97.07%
3. CIFAR | (32x32x3)-3072(16)-1024(16)-512(16)-10 51.4%
4. CIFAR | (32%32x3)-CNN-592-2048-1024-512-10 92.6 %
5. CIFAR | (32x32x3)-CNN-592(16)-2048(16)- 92.2%

1024(16)-512(16)-10

IV. ANALYSIS AND EXPERIMENTAL RESULTS

To find the weight parameters, we train the proposed BCM-
based FC-DNN, using the scripts written in MATLAB. Next,
we implement the forward propagation layers on the FPGA
to evaluate the pipelined-parallel and folded FFT architecture.
In both the training and evaluation phase we set Q1.15 and
05.11 fixed point number format for the weight parameters
and output vector, respectively.During the training phase, we
set the learning rate, « = 0.1, and define the error function as
E = 0.5|[r—y(L)||%. Table 1 lists the layer sizes of the NN, with
different configurations and inference accuracy. For example,
configuration (28 x 28) — 784(16) —1024(16) —512(16) —10
indicates a 2-layer FC-NN to classify a 28 x 28 MNIST
image, where the first layer has 784 input channels, 1024
output channels with size-16 BCM partition, and so on. The
first three NN models in Table I are trained for five epochs
with a mini-batch size of 10. Cases 1 and 4 are set as
benchmarks where no FFT-BCM partitions were applied to the
weight matrices. Comparing cases 1 and 2 and 4 and 5, we
observe that the BCM and pipelined-parallel FFT technique
degrades the training accuracy by only 0.5%. Using other NN
architectures with more convolution and FC layers, such as
LeNet and AlexNet, ~99% accuracy can be achieved. The
proposed approach can improve these NNs by reducing the
power consumption in the matrix-vector multiplication blocks.

Fig. 3 plots the mean square error (MSE) as a function of
the number of batches for each case listed in Table I. Inference
accuracy of more than 90% is achieved for MSE < 0.05. For
the CIFAR-10 dataset (case 3 in Table I), we observe that the
MSE begins to plateau at approximately 0.3. This is expected
as the CIFAR-10 colored images are significantly more com-
plex than the MNIST datasets. Therefore, we implement two
convolution layers with six kernels of size 3 x 3 at each of the
layers, followed by pooling and FC layers to achieve > 90%
training accuracy (cases 4 and 5 in Table I). For these two
cases, we train the NN for 20 epochs or 120000 batches (n = 5
in Fig. 3) to obtain MSE < 0.05. Cases 2 and 5 require more
iterations toward convergence during the first epoch due to the
reduced number of weight parameters in the BCMs.

For the functional verification, we write VHDL scripts using
the Modelsim software to implement the forward propagation
layers of the NN models listed in Table 1. Fig. 4 shows the

0.5
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Fig. 3. Training MSE as a function of number of batches.
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Fig. 4. Functional verification result. Here, the subscript i and j denote the
top and bottom eight values of the parallel architecture, respectively.

final output values for one specific image (from case 2 in
Table I) in hexadecimal format. Here, the output vector (y)
is obtained by applying the nonlinear ReLU operation on the
addition result of bias (BIAS) and weight-input multiplication
(sum) values.

To confirm that the output from functional verification
is correct, we convert the (05.11 fixed-point number from
Modelsim to a decimal floating-point value. From Fig. 4, it is
seen that the only nonzero value of the output vector (y) is
0x0873. The equivalent floating-point number is 4.225. We
obtain the same value from the MATLAB simulation result.
As the order of this nonzero value is 1, the image is recognized
as digit 0.

Next, we implement the NN models on Stratix-10 FPGA
using VHDL. For example, in case 2, we implement three
forward propagation layers, each containing FFT, element-
wise input-weight multiplication (EWM), IFFT, and adder
blocks to generate the output. Fig. 5 shows the register-transfer
level (RTL) schematic of one layer generated from the Quartus
Prime (version 22.3) software. The FFT and IFFT blocks were
implemented based on R2ZMDC and R2SDF architecture to
compare their power consumption. It is important to note that
the FFT of the weight parameters is not evaluated using FPGA.
The FFT of weight-parameters is calculated during the training
phase, and they are loaded to the RAMs in FPGA through
memory initialization files (MIFs). The design of RZMDC and
R2SDF FFT/IFFT blocks on FPGA achieves a clock rate of
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Fig. 5. RTL schematic of one layer in an NN with R2MDC architecture.
TABLE II .
POWER CONSUMPTION, MEMORY, AND ACCURACY required memory, and accuracy for cases 1, 2, 4, and 5 at a
throughput rate of 350 Mb/s. For cases 2 and 5, the parallel
Case no. Power (W) | Memory (Mb) | Accuracy(%) architecture consumes 45% less dynamic power than the series
é (Series ;g; gogg ggg architecture. The accuracy and required memory are the same
€rics . . . . . . . .
2 (Parallel) 139 536 96.8 due to the similar weight and bias vector size.
4 11.72 57.2 92.3
5 (Series) 341 15.6 91.9 V. CONCLUSION AND FUTURE WORK
5 (Parallel) 1.87 15.6 91.9

375 MHz. However, the throughput of R2ZMDC is twice that
of R2SDF, as the former processes two inputs per clock cycle.
Next, we measure the dynamic power consumption using the
power analyzer tool in Qaurtus Prime. By keeping the same
350 Mb/s throughput rate for both architectures, the dynamic
power consumption by the 16-point RZMDC and R2SDF FFT
blocks is 37 and 65 mW, respectively. This result shows that
the power consumption by the RZMDC architecture is not
precisely 50% less than that of R2SDF. This is due to the
excess capacitance from the registers (22 in R2MDC versus
15 in R2SDF).

The FPGA implementation methodology will be explained
using an example. As shown in case 2 (from Table I), an
MNIST image contains 784 input values. In the first NN layer,
the FFT block processes two input samples in each clock cycle
to sequentially implement a 16-point Fourier transform on the
784 samples. Next, the FFT of the input samples enters the
EWM block, where 1024/16 x 784 = 64 x 784 = 50176 x 1
weight vector is stored in the RAM. The BCM technique
reduces the size of the weight vector from 1024 x 784 =
802816 x 1 to 50176 x 1. In this block, the weight vector
(50176 x 1) and 64 sets of input vector (784 x 1) are
element-wise multiplied to produce the 50176 x 1 output
vector. Next, the IFFT block processes two input samples
in each clock cycle to sequentially implement the 16-point
inverse Fourier transform on the 50176 x 1 vector. The fourth
block (uutAdderMatrix in Fig. 5) adds this 64 sets of 784
values in 50176 x 1 vector by a group of 16 to produce
the 64 x 16 = 1024 x 1 vector. This block also adds the
bias to create the 1024 x 1 output vector from the first
NN layer. The bias vector is also stored in the RAM of the
fourth block. We repeat a similar process in the second and
third layers. Table II shows the dynamic power consumption,

We propose a pipeline and parallel FFT architecture-based
NN with 45% less power consumption than the series archi-
tecture. The size of the BCM is limited to 16 x 16 due to the
16-point folded FFT architecture. In [5], a maximum 8 x 8
BCM was implemented using an 8-point radix-2 optical FFT
architecture. However, it is possible to further increase the
BCM size with a larger FFT processor on an FPGA using
techniques, such as radix-3 pipelined SDF [9]. This will further
increase the power and area efficiency of a BCM-based NN.
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