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Abstract—Deep convolutional neural networks (CNNs) has
been developed for a wide range of applications such as
image recognition, nature language processing, etc. However,
the deployment of deep CNNs in home and mobile devices
remains challenging due to substantial requirements for com-
puting resources and energy needed for the computation of
high-dimensional convolutions. In this paper, we propose a
novel approach designed to minimize energy consumption in
the computation of convolutions in deep CNNs. The proposed
solution includes (i) an optimal selection method for Fast Fourier
Transform (FFT) configuration associated with splitting input
feature maps, (ii) a reconfigurable hardware architecture for
computing high-dimensional convolutions based on 2D-FFT, and
(iii) an optimal pipeline data movement scheduling. The FFT size
selecting method enables us to determine the optimal length of
the split input for the lowest energy consumption. The hardware
architecture contains a processing engine (PE) array, whose PEs
are connected to form parallel flexible-length Radix-2 single-delay
feedback lines, enabling the computation of variable-size 2D-FFT.
The pipeline data movement scheduling optimizes the transition
between row-wise FFT and column-wise FFT in a 2D-FFT
process and minimizes the required data access for the element-
wise accumulation across input channels. Using simulations, we
demonstrated that the proposed framework improves the energy
consumption by 89.7% in the inference case.

I. INTRODUCTION

Deep convolutional neural networks (CNNs) [1], [2] have
achieved tremendous successes in a wide range of machine
learning applications, including image recognition, computer
vision, speech recognition, and natural language processing.
Inspired by biological neural networks, deep CNNs includes
one or more convolutional layers which act as linear filters
to detect the specific features or patterns of the original data
and offers significant improvements in performance over deep
neural networks [2]. However, computations of convolutional
layers requires substantial energy and time, preventing deploy-
ment of deep CNNs on home and mobile devices for future
Internet of Thing (IoT) applications. For instance, AlexNet
[2] a well-known CNN required 1.36 × 109 operations with
60 million parameters for backward and forward propagation
through 5 layers of convolutions, resulting in several days for
training by GPU [3]. To speed up computation of the CNN,
several authors proposed to use Fast Fourier Transform (FFT)-
based convolution method on GPU. FFT has several advan-
tages as compared to other convolution methods, including
rapid element-wise products and re-usability of transformed
feature/filter maps [3]–[5]. However, the applications of FFT-
based convolution still requires large computational resources

and the feasibility of CNN on mobile and home devices
remains unsolved.

In this paper, we propose a software-hardware architecture
designed to minimize energy consumption required to support
computations of high-dimensional convolutions of deep CNNs.
The architecture consists of three major components: (i) an
optimal selection method for FFT configuration associated
with splitting input feature maps, (ii) a reconfigurable hard-
ware architecture for computing high-dimensional convolu-
tions based on 2D-FFT, and (iii) an optimal pipeline data
movement scheduling. The architecture is based on three over-
arching design principles: divide-and-conquer, parallelization,
and optimization. First, we leverage the overlap-and-save
convolution-computing method [6] to split input feature maps
by smaller size. This provides us the possibility of selecting
the optimal FFT size that minimized the total energy con-
sumption. Second, inspired by the direct convolution-based
accelerator introduced in [7] for CNNs, we propose the use of
a processing engine (PE) array, which enabled multiple parallel
flexible-length Radix-2 single delay feedback(SDF) lines to be
constructed for multple 1D-FFT calculations. The length of
the 1D-FFT can be configured by choosing the number of PE
stages and the suitable lengths of corresponding shift registers.
Last, we use a feedback loop with a pipeline data movement
scheduling to optimize the transition between row-wise FFT
and column-wise FFT for 2D-FFT calculation. By this way,
we can compute 2D-FFT without both extra matrix transpose
memory and additional 1D-FFT processor. Furthermore, since
the output of 2D-FFT is sequential, their element-wise product
and accumulation across the input channels are conducted as
soon as they appear. This helps to minimize data movement,
consequently reduced energy consumption.

II. CNN BACKGROUND AND FFT-BASED CNN

A. Convolution neural network

At a convolution layer, M images with K channels and size
H ×W are convoluted with F filters with K channels and
size R × C. Denote image elements by Im,k,Sx+i,Sy+j and
filter elements by Gf,k,i,j . One element of convolution layer
output is calculated by:

Om,f,x,y = Bf +
K∑
k=1

R∑
i=1

C∑
j=1

Im,k,Sx+i,Sy+j ×Gf,k,i,j ,

0 ≤ x ≤ X, 0 ≤ y ≤ Y, 0 ≤ f ≤ F, 0 ≤ m ≤M
(1)



where X = (W − C + S) /S and Y = (H −R+ S) /S with
stride size S. Bf is the bias corresponding to the filter f .
Without loss of generality, the output of a convolution layer
is expressed by:

Om,f =
∑K

k=1
Im,k ⊗Gf,k, (2)

where ⊗ represent 2D convolution operator.

B. FFT-based 2D convolution

Circular convolutions in spatial domain is computed by
inversely transforming the element-wise products in Fourier
domain, i.e., I⊗G = F−1 (F (I)� F (G)). In addition, us-
ing the linearity property of Fourier transform, Eqn. (2) is
expressed by

Om,f =
∑K

k=1
F−1 (F (Im,k)� F (Gf,k))

= F−1
(∑K

k=1
F (Im,k)� F (Gf,k)

)
.

(3)

Obviously, the convolution based on Fourier Transform with
3D feature and filter maps provides not only the reuse element-
wise products and transformed feature/filter maps but also
low computation complexity for inverse Fourier transforms.
The reason is that instead of computing the inverse Fourier
transforms for each (F (I)� F (G)), only one inverse Fourier
transform for the point-wise products sum is needed, see (3).

The FFT and the inverse FFT (IFFT) can be used to
implement the convolution in Eqn. (3). Classically, to avoid
aliasing of the cyclic convolution effect due to using FFT,
we need to perform zero-padding both feature and filter
maps to (H +R− 1)× (W + C − 1) 2D-FFT. The entire
procedure of convolution computation using FFT is then done
as follows. Step 1 - computes (H +R− 1)× (W + C − 1)
2D-FFT of both F filters and M image/feature maps with
K channels. This requires (M + F )K times of 2D-FFT
with (H +R− 1) × (W + C − 1) points. Step 2 calcu-
lates (H +R− 1)× (W + C − 1) point-wise products of
the corresponding filter and feature maps and accumulate
the computed values across K channels. This step needs
MKd(H +R− 1) /2e(W + C − 1) complex multiplications
and M(K−1) (H +R− 1) (W + C − 1) complex additions.
Step 3 computes IFFT of the accumulated maps to yield the
convolution results. This step includes MF times of 2D-FFT
with (H +R− 1)× (W + C − 1) points.

III. 2D-FFT HARDWARE ARCHITECTURE

A. Single-path Delay feedback 1D-FFT

An N -point Discrete Fourier Transform (DFT) of an input
sequence x[n] is defined as [6], [8]

X [k] =
N−1∑
n=0

x [n]W kn
N , k = 0, 1, · · · , N − 1, (4)

where WN = e−j2π/N is the twiddle factor (phase factor or
N th primitive root of unity), and k is the frequency index.
Direct implementation of (4) requires the order of operations

O(N2). In order to efficiently compute the DFT, FFT al-
gorithms are used by decomposing the input sequence into
smaller-size DFTs [8], which reduce the order of operations
to O(N log2(N)). In the high performance and real-time
applications, widely used architectures for the FFT transform
of length N = rv , where r is called radix, are pipelined
hardware architectures [9] since they provide high throughput
and low latencies suitable for real time, as well as a reasonably
low area and power consumption.
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Figure 1. Hardware architecture of radix-2 Single-path Delay Feedback (SDF)
Decimation In Frequency (DIF) pipeline FFT.

Fig. 1 shows a hardware architecture of the radix-2 Single-
path Delay Feedback (SDF) DIF pipeline FFT [10]. This
architecture consists of log2(N) stages with 2log2N complex
adders and (log2N−1) complex multipliers [11]. The detail of
each stage is illustrated in Fig. 2. It encompasses three basic
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Figure 2. Detail architecture of the ith stage in the radix-2 SDF FFT.

modules: Butterfly (BF), Shift Registers (SRs) and complex
multiplier.

Assuming that the input samples appear sequentially,
x(0), x(1), etc, the principle operations of each stage consists
of three phases explained as follows. In the first phase, the first
half (N/2) of input samples are stored in the SRs. The SRs
provide a time arrangement of samples for the corresponding
stages. In the second phase, the reaming half of input samples
are combined with the samples stored in SRs to execute the
plus and minus operations in the BF module as

s [i] = x [i] + x
[
i+ N

2

]
s
[
i+ N

2

]
= x [i]− x

[
i+ N

2

] , i = 0, 1, . . . ,
N

2
. (5)

The adding result s[i] is sent to the next stage without the twid-
dle factor multiplication meanwhile the result of difference
s[i+N/2] is eventually stored in the SRs. In the third phase,
the results of difference previously stocked in the SRs will be
multiplied with twiddle factors and then are sent to the next
stage via a Multiplexer (MUX) as illustrated in Fig. 2. Note
that at (N+1)th clock cycle, the first SR of the first BF stage
is released and is re-used to store samples for column-wise
1D FFT computation described in Section III-B. The twiddle



factors are pre-computed and stored in an array or Read-Only
Memory (ROM). The complex multiplier with the twiddle
factors is efficiently performed by COordinate Rotation DIgital
Computer (CORDIC) algorithm. The MUX in this architecture
is controlled by a controller and sends the sample values to the
next stage in the specific clock cycle. The operation of the next
stage is similar, except that the datum combination is executed
by replacing N/2 with N/4 in (5) for BF computation. The
entire procedure is completed after (2N − 1) clock cycles.

B. Hardware architecture of the 2D-FFT

A proposed hardware architecture of 2D FFT is shown in
Fig. 3. There are two phases for the hardware architecture:

iFIFO / oFIFO

Global
Buffer

PE ARRAY

Off-Chip
DRAM

Twiddle Factors 
ROM

iFIFO / oFIFO

......

PE ARRAY

A
ccelerato

r C
hipPE PE PE PE PE

PE PE PE PE PE

PE PE PE PE

PE PE PE PEPE

PE

BF

PE
RF

p
FI

F
O

+

RF

BF

PE
RF

p
FI

F
O

+

RF

BF

PE
RF

p
FI

F
O

+

RF

Figure 3. Hardware architecture of 2D FFT.

FFT phase and element-wise accumulating phase. In the FFT
phase, the components required for a PE to compute the row-
wise and column-wise 1D FFT are:
• 1 Register File (RF) which has a variable length and

consists of SRs.
• 2 Adders with 16 bits precision-complex number for

establishing a BF
• 1 multiplier with 16 bits precision-complex number for

performing twiddle factors multiplication.
In element-wise accumulating phase, the components re-

quired for a PE are:
• 1 multiplier with 16 bits precision-complex number for

implementing dot product
• 1 Adders and 1 RF for accumulating through input

channels.
This hardware architecture contains a global buffer,
iFIFO/oFIFO/pFIFO, ROM containing twiddle factors,
and a PE array of a size r × c. Each row of PE array is a
flexible-length Radix-2 SDF line which is able to compute up
to 2c-point FFT. r rows working parallel enables to compute
row-wise and column-wise 1D FFT, hence generating the 2D
FFT results. By doing that, this architecture is formed by r

parallel c-stage SDF lines. Note that the combination of rows
and stages is flexible to construct many other sizes adapting
several computational requirements. For an example, with an
array of 16× 10 PEs. One can construct 2× 16 lines 5-stages
SDF which allow us to compute 2D-FFT for input size of
32 × 32. But we can also establish 2 blocks of 16 lines
4-stages SDF which allow us to compute simultaneously two
2D-FFT for input size of 16 × 16. Similarly, we can select
several other combinations.

To satisfy the requirement for both FFT and element-wise
accumulation purposes, each PE is constructed as shown in
Fig. 3. The multiplier can be used for multiplying either twid-
dle factor or coefficients from FFT-transformed filters/feature
maps. The following adder and SR are used to perform
accumulation through multiple channels for the convolution
(with 4D) given in Eqn. (1).

IV. DATA FLOW AND FFT CONFIGURATION
OPTIMIZATION

In general, the data flow dissipates much more energy in the
hardware architecture. Therefore, the data flow optimization
is needed, i.e., i) transition optimization between row-wise
FFT and column-wise FFT in 2D-FFT process, ii) data access
optimization for element-wise accumulation, and iii) optimal
sizes of input segments which are associated with the optimal
size of 2D-FFT.

A. Pipeline multiple-path delay feedback (MDF) 2D-FFT

As presented in Section III-A for the operation principle of
the N-FFT radix-2 SDF line, the first output element appears
at the clock N , and the first SR of the first BF stage is
released at the clock N +1. Therefore, by inserting one clock
delay, the SDF line can be reused for computing the next FFT
step. In order to both transpose and feedback seamlessly, the
following input rows must be delayed an amount which is
equal to the order of the row, i.e., the row n is delayed n
clocks. The addresses of both row and column of the final
output are bit-reversed. However, due to the purpose of using
FFT in which the 2D-FFT output is the intermediate for other
computation processes, we do not need to implement bit-
reversed permutation at this time. Instead, the permutation will
be only performed before conducting IFFT.

Fig. 4 presents an example of executing 2D-FFT for an
input matrix 4 × 4 by the proposed method. The hardware
architecture includes 4 SDF lines containing two consequence
BF stages and corresponding twiddle factor multipliers. The
SR associated with the first BF stage includes 2 registers while
the second one needs only 1 register.

B. Element-wise accumulation

Performing convolution based on FFT requires an element-
wise multiplication step following the FFT step. Classically,
this process is separately implemented after finishing FFT cal-
culation. Fourier coefficients of image and filter are saved and
reloaded to feed into multipliers. In order to reduce the energy
for saving and reloading data, the multiplication is executed
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Figure 4. Data flow example of the 2D MDF FFT.

as soon as the sequences of final FFT coefficients appear
at the output of SDF lines. The outputs of the multipliers
are accumulated and kept in registers for implementing the
convolution with 3D input images. The final FFT coefficients
at the outputs of SDF lines are also be preserved for a future
reuse. In that case, the input of the element-wise accumulator
is loaded directly from memory and hence FFT computation
energy is saved.

After completing the FFT coefficient product accumulation
throughout input channels, the resulting elements are permuted
based on bit-reversed address method before feeding back into
SDF lines for computing IFFT to obtain the final convolution
result.

C. Flexible-size FFT-based convolution

Using a fixed-size FFT hardware for computing the convo-
lution requires a pre-padding process to adjust the image and
filter size so that they are in accordance with the size of the
hardware. This leads to redundancy in computation and data
access. Therefore, the energy consumption for these process
could be reduced by adopting a flexible-size FFT hardware.
The flexibility of the hardware enables computing FFT with
the size which is associated with the size of the input.

We leverage the extendable structure of SDF lines using
Radix-2, which allows us to perform any 2N -FFT by adding or
removing the number of BF stages N , for establishing flexible
size 2D-FFT. The flexible length is a power-of-2 number, i.e.,
8,16,32,64,128, etc. When H+R−1 < 2dlog2(H+R−1)e, where
H and R are the image and filter sizes, zero padding up to
2dlog2(H+R−1)e is needed.

Due to the limitation of hardware, the input size images
can be larger than the maximum FFT length of hardware
architecture. In that case, an overlap-and-save method for 1D

convolution proposed in [6] is used for computing the 2D
convolution. Fig. 5(a) and (b) show the operation principle
of this method for 1D and 2D convolution, respectively. For
1D convolution, let us assume taking convolution between an
3H-point input vector with a filter of length R using the FFT
of length (H + R − 1). The input vector is split into three
segments of length H+R−1 in which the first vector contains
(R − 1) zero-padding points, and the second and the third
vectors contain (R − 1) repeated points of the previous one.
The three achieved vectors can be independently proceeded
by FFT, element-wise multiplication, and IFFT to perform
convolution. And the convolution is completed by removing
R− 1 premier points of each output vectors and merging the
results. Analogously to 2D convolution, an original image is
split into smaller partitions with the size approximating FFT
size. The upper and left parts of a consecutive image partition
are overlapped with the previous one or zero-padded in a roof
tile pattern.
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Figure 5. Overlapping split examples: (a) 1D and (b) 2D

D. FFT configuration optimization

To build up a tool for optimizing designed parameters for
energy efficiency, we consider the computational complexity
and the number data flow, which are the main consumption of
the total energy. To simplify the analysis, hereafter, we assume
that M feature maps and F filters are fed into the accelerator
and the size of feature maps and the size of filters are H ×H
and R × R, respectively. Both of them have K channels. In
classical technique using the FFT in linear filtering in [6], the
length of FFT is

L = 2dlog2(H+R−1)e, (6)

that is sufficient to present all output images in frequency
domain [6]. However, on the energy efficiency aspect, there
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Figure 6. Data flow for computing the convolution of M images K channels
and F filters K channels.

is no warranty that this FFT size is optimal. In practice, the
hardware resource of the proposed flexible length radix-2 2D
FFT is limited by CMOS technology. It means that the size
of the input image is much larger than the 2D-FFT size in
hardware. In such the case, we can divide the input image into
tiles of size (h+R−1)×(h+R−1), where (R−1) elements
are overlapped with the neighbor tiles as shown in Fig. 5(b)
and h = L − R + 1. This constructs T = dH/he2 tiles for
each channel of input image. In order to achieve the minimum
energy dissipation, a novel method splitting the input image
into L × L input segments is proposed. In other words, the
optimization problem to find the optimal value L is developed
as follows.

The computation energy for computing 2D-FFT/IFFT and
point-wise product are computed by:

EFFT
com = EIFFT

com = (2Llog2L)E
(+) + (Llog2L)E

(×) (7)

and
E� = (L2/2)E(×), (8)

where E(+) and E(×) are the consumption energy of com-
puting one complex addition and computing one complex
multiplication, respectively. The total energy at SDF matrix
is given by:

ESDF = EFFT
com + EFFT

mov . (9)

The energy for computing accumulation over K channel is
computed by:

EAcc
com = (K − 1)L2E(+). (10)

The energy for data movement in SDF pipeline 2D-FFT is
calculated by:

EFFT
mov =

(
L2log2L

)
ERF + L2EArray, (11)

where ERF and EArray are the consumption energy for one
write and read RF and PE array. The energy for data movement
in accumulator is given by:

EAcc
mov = (K − 1)L2ERF . (12)

Basing on the data flow in Fig. 6, the total energy consumption
for implementing the convolution is computed by:

E = EFFT
imageMK+EFFT

filterFK+(E�&Acc+Einv)MF, (13)

where

EFFT
image = H2EDRAM

read + ESDF + L2EBuffer
write ,

EFFT
filter = R2EDRAM

read + ESDF + ESave&Load
filter ,

Einv = 2L2EArray + ESDF + S2EDRAM
write ,

E�&Acc = K
(
L2EBuffer

read + E� + 2L2ERF
write

)
+ (K − 1) 2L2E(+),

with S = H −R+ 1, and

ESave&Load
filter = 0, M = 1

ESave&Load
filter = L2EDRAM

write + (M − 1)L2EDRAM
read , M > 1.

The selection of FFT size is the solution of the following
optimization problem:

min
i

E (M,H,F,R,K,L)

s.t. L = 2i, L > R
(14)

The optimal value of FFT size, i.e., solution of (14), can be
easily found by a simple offline grid searching algorithm.

V. SIMULATION RESULTS

In order to show the efficiency of the proposed method,
we adopt the same normalized energy cost used in [7], i.e.,
EDRAM = 200×, EBuffer = 6×, EArray = 2× and ERF =
1×. For the computational costs, the detailed values depend
considerably on many technical aspects. Thus, without loss of
generality, we assume that E(+) = 1× and E(×) = 2×. The
parameters of convolutional layers using in our simulation is
based on the configuration of those of AlexNet [2] given in
Table I. The optimal FFT length for hardware (or optimal size



Table I
CONFIGURATION OF CONVOLUTIONAL LAYERS IN ALEXNET [2]

Layer K H R F
CONV1 3 227 11 55
CONV2 96 27 5 256
CONV3 256 13 3 384
CONV4 384 13 3 384
CONV5 384 13 3 256
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Figure 7. Optimal FFT sizes for layers of Alex Net (a-CONV2 and b-CONV3)
with different values of input maps M

of input segments) is determined by minimizing the energy
dissipation in Eqn. (14). Fig. 7 shows the estimated energy
cost for executing CONV2 and CONV3 in AlexNet with four
cases of the number of input feature maps (M = 1,M =
10,M = 25, and M = 50). We can observe that there is a
certain optimal FFT size depending on the number of input
feature maps. When the number of input features is small, the
size of FFT should be also small. The reason is that using large
FFT size require higher computational cost while the reusing
times of transformed filters are small in this case. Therefore,
there is a tradeoff between computational and reusing cost
which leads to the existence of an optimal choice minimizing
the total energy cost. Another interesting point is that for the
considered cases, the optimal size of FFT is not large (≤ 16).
The reason is due to the filter size which is not too large.
Obviously, zero-padding the filter coefficients for large FFT
can cause much more energy cost.

For a further view of evaluation, we compare the estimated
energy cost in the cases of using our proposed optimal FFT
size and the classical approach where the FFT size is deter-
mined by (6). It can be seen that, throughout the convolutional
layers of AlexNet, our proposed method always has lower
energy cost than the classical one. In total, the energy saving
ratios are 40% and 89.7% for the cases of M = 10 and
M = 1, respectively as shown in Fig. 8. Therefore, the
proposed method is an efficient approach, especially for the
inference case, where only a few of images are fed into.

VI. CONCLUSION

We have presented an integrated method for minimizing
energy consumption in computing convolutions in deep CNNs.
Firstly, we proposed a reconfigurable hardware architecture for
computing high-dimensional convolutions based on 2D-FFT.
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Figure 8. Energy comparison between the classical full-size FFT and the
proposed methods

The hardware architecture contains a PE array, PEs of which
are connected flexibly to form parallel flexible-length Radix-2
single delay feedback lines, enabling us to compute variable-
size 2D-FFT. Secondly, we described an optimal pipeline data
movement scheduling which optimizes the transition between
row-wise FFT and column-wise FFT in a 2D-FFT process
and minimizes the required data access for element-wise
accumulation across input channels. Finally, we proposed an
optimal selection method for FFT size associated with splitting
input feature maps for minimizing energy consumption. The
simulation results have shown a considerable improvement in
energy consumption of the proposed architecture.
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