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Abstract Advances in real-time speech recognition have led to an increasing demand for compact as well
as energy-efficient MFCC hardware capable of generating accurate and consistent speech features with
low computational latency. Conventional MFCC solutions frequently necessitate specialized processing
resources and several math operations, resulting in increased size, power consumption, and hardware
complexity. To address these restrictions, this paper proposes a modified MFCC architecture that
incorporates dual window operation, a Radix-2 Time Division Multiplexed FFT (TDM FFT), and an
Approximate Radix-4 Distributed Arithmetic (DA) multiplier. The proposed framework utilizes shared
computational abilities for speech framing, dual window operations, FFT calculation, magnitude prediction,
Mel filter bank analysis, logarithmic conversion, as well as MFCC coefficient generation. A Xilinx KV260
Zynq UltraScale+ FPGA is used to implement the standard architecture, and 45 nm CMOS ASIC synthesis
is used for further assessment. The MFCC coefficients produced by MATLAB are compared with the
appropriate Verilog outputs to perform functional validation. In comparison to the standard architecture,
experimental results show a 50% reduction in LUT/ALM utilization, a 60% reduction in DSP resource usage,
and a 45% reduction in power consumption. ASIC synthesis achieves a roughly 50% reduction in core
silicon area while further reducing processing latency from 1024 to 320 clock cycles, or a 69% reduction.
Time-division multiplexing, approximate distributed arithmetic processing, and efficient computing
resource sharing all contribute to these gains. The findings show that the suggested architecture strikes a
good balance among MFCC feature characteristics, processing speed, power consumption, as well as
hardware efficiency. Thus, for low-power, low-latency, along with resource constrained real-time voice
recognition applications, the proposed architecture offers a feasible and scalable approach.

Keywords Approximate Radix-4 DA Multiplier, Feature extraction, low latency, MFCC, TDM FFT

l. Introduction

Smart automation, surveillance, adaptive systems, and
human-machine interaction all make extensive use of
speech recognition, which necessitates low-latency
and energy-efficient processing. Speech processing
research using FPGAs and ASICs has increasingly
focused on attaining real-time operation while reducing
computational along with hardware costs. Liu [1], Haq

Individual computing blocks were also improved,
such as resource-constrained FFT processing [13],
lightweight speech recognition processes [14], low
power MFCC-driven detection [15], Booth encoding
[18], approximate multiplication [19], programmable
speech segmentation [20], lightweight hardware
analysis [21], and hybrid neural networks [22]. Similar
research has been done on FPGA-driven feature

[2], Khamlich [3], and Bibin [4] illustrated hardware-
driven speech recognition with Zynq/FPGA platforms,
MFCC DTW, SVM/MLP, and then pipelined MFCC
processing, respectively. Studies [5]-[8] examined
speech feature characterization and computationally
efficient MFCC  extraction, whereas [9]-[12]
investigated real-time FPGA interpretation, machine
learning-driven speech analysis, including hardware
software co-design.

extraction [23], frame selection [24], approximation
arithmetic [25], feature training and ranking [26], [27],
robust voice recognition [28], standard imputation
optimization [29], and efficient feature extraction [30].
While most of this research optimizes a particular
algorithmic and architectural component, taken as a
whole, they show significant advancements in speech
processing technology. Also, some hardware designs
[16], [17] require many resources or don't scale well,
making them less useful for speech recognition.
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Existing MFCC architectures [33-35] based on
FPGAs [36], [37] have a number of drawbacks. While
TDM FFT minimizes resource redundancy at the
potential expense of scheduling and latency overhead,
parallel FFT implementations offer great throughput but
demand significant hardware resources. While
approximation multipliers minimize area, latency, and
power at the expense of numerical accuracy,
distributed arithmetic minimizes the multiplication
complexity but can increase memory needs. Therefore,
rather than focusing on resource utilization, latency,
power, and feature accuracy, previous techniques

typically optimize separate components. Existing
methods vary significantly in terms of FPGA/ASIC
platform [38-40], FFT setup, arithmetic precision, and
MFCC parameters, as Table 1 summarizes. Three
main gaps remain in the literature. First, traditional
parallel MFCC increases hardware consumption.
Second, resource sharing is not paired with efficient
pipelining. Third, although approximate multipliers can
lower power consumption along with arithmetic
complexity, little research has been done on how they
integrate with TDM based MFCC processing and how
this affects feature quality.

Table 1: Comparison of Hardware Architectures for MFCC Feature Extraction

Ref  Architecture/ Platfor FFT/Bit MFCC Resource/ Pow Approx Major Limitation
Approach m Width Config  Frequency / er imatio
uration Latency n
[1] FPGA based Zynq — MFCC  Hardware — No Focuses mainly on
voice control FPGA based accelerated system level voice
framework control
[2] MFCC+DTW FPGA — MFCC — — No Limited
recognition + DTW arithmetic/hardware
optimization
[4] Pipelined FPGA FFT MFCC Low latency — No Hardware resource
MFCC based optimization is limited
extraction
[13] Single butterfly FPGA FFT Applic Reduced — No Does not optimize
FFT based ableto FFT complete MFCC
MFCC  resources arithmetic
[15] MFCC + Binary FPGA — MFCC Lowpower Low Binary Recognition architecture
CNN /ASIC + CNN compu rather than MFCC
tation optimization
[18] Booth multiplier FPGA — — Reduced — No Limited to multiplier
optimization arithmetic architecture
resources
[19] Approximate FPGA — DSP Reduced Redu Yes Not specifically
multiplier /ASIC applica latency ced optimized for MFCC
tions
[25] Approximate FPGA — — Reduced Redu Yes Accuracy complexity
multiplication complexity ced trade off not evaluated
for MFCC
[29] Optimized FPGA — DSP Reduced — — Focuses on multiplier
FPGA multiplier applica delay rather than complete
tions MFCC pipeline
Pro TDM FFT + FPGA Radix-2 Dual Reduced Red Yes Integrated
po  Approximate TDM windo resources uced optimization of FFT,
sed Radix-4 DA + FFT/ w and multiplication,
dual window fixed MFCC latency memory reuse, and
MFCC point windowing
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To address such constraints, this paper offers an
FPGA-based modified MFCC architecture that includes
a Radix-2 TDM FFT, an Approximate Radix-4
Distributed Arithmetic multiplier, with dual window
processing. The suggested architecture for real-time
speech processing utilizes computational reuse,
improved arithmetic, and optimum memory utilization to
attain a balanced improvement in hardware efficiency,
latency, power consumption, along with MFCC feature
quality. The remaining sections of this paper are
organized as follows. The detailed construction and
design of the suggested MFCC feature extraction
framework are presented in Section 2. The simulation's
outcomes and the hardware synthesis analysis are
discussed in Section 3. The work is concluded in
Section 4, which also discusses future research
opportunities.

Il. Method

The Mel Frequency Cepstral Coefficient (MFCC)
method is a popular way to get speech features
because it shows how the human ear perceives sound
and gives an outline of the speech spectrum. Fig.1
shows that the input speech signal goes through
several steps of processing to get useful acoustic
features, as follows.

A. Pre emphasis
A high-pass filter is used to improve and regulate the
input signal to the spectrum in Eq. (1) [2].

An)=i(n)—axi(n—1) (1)

Where A(n) is amplified signal of input signal i(n)of the
pre-emphasis. Assuming a = 0.95, 95% of any given
sample.

B. Framing

To ensure quasi-stationary, the amplified signal is
segmented into small frames, usually lasting 20 to 30
milliseconds.

Xm(m) =x(mMR+n),0<n<N (2

0= (1 - i) « 100% 3)
Ny

The continuous/discrete speech signal x(n) is divided
into short time frames by Eq. (2) [20], where m is the
frame count, R is the frame shift or hop size, and N, is
the number of samples that exist in each frame. The
percentage of overlap O among successive speech
frames is determined by Eq. (3) [24]. For a given
speech duration, a lower hop size results in more
overlap and, hence, more frames. The FFT/MFCC
engine gets fresh frames at a pace determined by the
overlap.
C. Dual Windowing
Each frame is windowed to minimize spectral leakage
using dual windowing. It has the option of choosing the
windowing method based on user preference, as shown
in Fig. 2. If user preference is 0, then the feature
extraction process uses a Hamming window wy (n) as
given in Eq. (5) [7], and if it's 1 then it will be processed
with a Hanning window wy, (n) as given in Eq. (6) [7].

y(m) = x(m).w(n) “)
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Fig. 1. Proposed MFCC hardware architecture integrating Radix-2 TDM FFT and an approximate Radix-4

distributed arithmetic multiplier
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Fig. 2. Dual window selection flow between
Hamming and Hanning window functions

wy(n) = 0.54 — 0.46 * cos(2nn/(N —
1);0<n<N-1 (5

Wya(n) =0.5—=0.5%*cos(2nrn/(N — 1)) ;0 <
n<N-1()

w(n) € {wy(n), wya(n)} (7)
Here the y(n) is output as given in Eq. (4) [2] after
applying the windowing sequence w(n) to the input
sequence x(n), n is the measure of the sample, and N
is the total amount of samples in the window. At both
ends, the Hanning window gradually tapers to zero,
guaranteeing that w(0)=w(n — 1)=0. By minimizing
discontinuities at the signal borders, this feature
lessens spectral leakage, which usually results from
sudden boundary transitions. The dual windowing
characteristic is expressed in Eq. (7) as the author's
implementation. Depending on the chosen operating
mode, the hardware can select between Hamming and
Hanning coefficients. The equation should only be
applied when both options are employed in the RTL.
Different trade-offs between frequency selectivity and
spectrum leakage are offered by the Hamming and
Hanning windows. While the Hanning window has a
wider main lobe with efficient leakage reduction and
smooth spectral features, the Hamming window often
offers lower side lobe levels, providing greater
suppression of spectral leakage. The choice of window
influences the practical separation and graphical
representation of spectrum components. Both windows
are included in the suggested architecture to offer
flexibility in MFCC feature extraction under various
speech signal conditions.

D. Fast Fourier Transform (FFT)

Y(K) = FFT (y(n)) (8)
Y(K) = XnZg y(m)e ™V 0 < k <
N —1(9)

WK = e=12mk/N = cos (%) —jsin(%) (10)

FFT converts a time-domain signal y(n) to frequency
domain Y(K) as given in Eq. (8) [2]. This discrete
Fourier transform serves as the FFT's mathematical
foundation in Eq. (9) [13]. Instead of doing the
summation directly, the hardware TDM FFT performs
the equivalent transformation using a series of Radix-2
butterfly operations. The standard FFT twiddle factor is
W,(f is given in Eq. (10) [13]. For every butterfly
function, the complex input is rotated.

1. TDMFFT

Each speech frame is subjected to an FFT to extract
spectral information for MFCC computation. For
hardware implementations, a TDM FFT provides an
extremely resource-efficient option, particularly on

[ TDM FFT Controller ]

(FSM & Address Logic)

(X, x¢) l l e yi)

Butterfly TDM Unit (Complex Multiply)

(W, W)
X:-W*Y = Outl
X W*Y = Out2

Buffer [0] Buffer [1]
Real, Imag Real, Imag

I J

Fig. 3. Radix-2 TDM-FFT architecture using a
shared butterfly processing unit

Twiddle Factor ROM
‘ (W values: W, W', . w¥)

FPGA systems.
L =1log,(N) =log,(256) =8 (11)

N, = (g) log,(N) = 128 8 = 1024 (12)

Eight steps L are needed for a 256-point Radix-2 FFT
proposed formulations as given in Eq. (11) [13]. Until
the full 256-point transform is achieved, each step splits
the transform into smaller two-point combinations.
Each of the eight phases of a 256-point Radix-2 FFT
uses 128 butterflies, for a total of 1024 butterfly
operations N, proposed formulations as given in Eq.
(12) [13]. By time-sharing these operations via a shared
butterfly data path, the TDM architecture minimizes
redundant  arithmetic  hardware. By reusing
computational units over time, the TDM Radix-2 FFT
architecture, depicted in Fig. 3, computes the FFT with
minimal hardware overhead for a four-point transform.
The architecture comprises the following components:
1. Input Register Bank: Temporarily holds incoming
real or complex signal samples.
2. Radix-2 Butterfly Unit: Executes the core arithmetic
operations required for FFT computation.
3. Twiddle Factor ROM or Generator: Provides the
right complex exponentially varying weighting.
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4. Multiplexers: Use shared hardware to make it
easier to dynamically route intermediate data
among stages.

5. Control FSM (Finite State Machine): Sets the order,
timing, as well as memory addresses for the flow of
data during the computation.

Outo

Out 1
Output

Memory

Out N-1
Butterfly Unit u

I Control

[ ‘TDM Controller ]

Fig. 4. Four point TDM FFT architecture
illustrating sequential butterfly processing

The 4-point Time Division Multiplexed (TDM) FFT
framework in Fig. 4 shows that processing begins with
Stage 1, where input parameters are grouped into
(x0,x2) and (x1,x3) to do two butterfly computations.
The outputs of these butterfly operations are either
stored in temporary registers or utilized again right
away to save memory. In Stage 2, the outcomes from
Stage 1 are integrated by adding the necessary twiddle
factors. This lets butterfly calculations run one after the
other, which saves a lot of hardware and power.

2. Approximate Distributed Arithmetic (DA) based
Radix-4 multiplier

The TDMFFT layout, that utilizes an approximate

Distributed Arithmetic (DA) based Radix-4 multiplier, as

shown in Fig. 5, has resulted in a lot of important

enhancements. As described in Eq. (13) [23], distributed

arithmetic has a way to utilize the inner product y(n).

y(n) = X5 wi(n). x;(n) (13)
Within this formulation, x;(n)relates to the input
samples, and this can change over time or stay the

Table 2. Radix-4 Booth encoding and
corresponding partial product operations
Bit groups (3bits)  Booth digit Operation

000 0 OxM
001 +1 +1xM
010 +1 +1xM
011 +2 +2xM
100 -2 2xM
101 -1 -1xM
110 -1 -1xM
111 0 0xM

same, and w;(n) represent the coefficients. This

Table 3: Numerical error characterization of the
proposed approximate Radix-4 multiplier

Metric Proposed
Approximate Radix-4
Multiplier
Operand precision 16 % 16 bits
Product precision 32 bits
Radix 4
Approximation 4 L.SBs
threshold
Number of test cases 100,000
Erroneous cases 93,742
Error Rate 93.742%
Mean Error Distance 119,606

Normalized Error 5.56957 x 107°

Distance

Worst Case Error 163,778

results in m memory lookups (implemented as LUTSs)
and m additions for every output sample computed.
While this architecture avoids costly multipliers and
simplifies hardware, it leads to increased memory
access, higher power consumption, and greater delay
and area requirements, especially when higher
precision (larger m) is needed. Radix-4 Booth encoding
groups three bits at a time, consisting of two newer bits
and one overlapping bit from the already existing
group, and encodes them into a single Booth digit as
given in Table 2 where M denotes Multiplicand. The
overlapping bit ensures accurate recoding of the
multiplier segments. The first step in deriving the
Booth-based Distributed Arithmetic (DA) equation is to
define the most important parameters: let m is the

entire number of bits in the coefficient, wij(n) denote
the jt* bit of the coefficient w;(n) and express it in 2's
complement form as given in Eq. (14) [23].

w;(n) = —w/" 1 (n). 2" + XA wl (n). 20
(14)
This equation shows how to break down a signed
number into its standard binary form. By applying radix-
4 Booth encoding, every 2 bits of the coefficient are put
together with 1 bit from the previous segment that
overlaps, which lets us rewrite the coefficient as shown
in Eq. (15) [23].
m.
-1
win) =32,
where the recoded Booth digit wilj(n) is calculated by
Eq. (16) [23]:

w (n). 22 (15)
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Wi1] (n) = —Zwi2]+1(n) + Wl.ZJ (n) + WiZJ_l(n)

(16)

This recoding decreases the number of sufficient partial

products by around half, which makes the multiplication

process in DA implementations more efficient. The

coefficient bit w;*(n) is set to zero, as shown in Eq.
(17)[23].

w;t(n) =0 (17)

This makes sure that everything is lined up correctly
during Booth recoding. Every single Booth recoded
digit w;’/(n) obtained from the radix-4 encoding
process can take on whole numbers from the set as
wi“ (n) €{-2,-1,0,1,2}. The Booth dependent DA
Multiplier decreases the amount of partial products by
almost half compared to regular multipliers, as shown
in Fig. 6. To generate partial products, Booth digits
have been multiplied using input samples, after that
barrel shifters are used to scale them, and finally an
adder tree or just accumulator adds them all together.
Table 3 shows the numerical error characterization of
the proposed multiplier with 100,000 randomly selected
signed 16-bit operand combinations. Even though the
approximate multiplier has a 93.742% erroneous case
rate, the error rate by itself does not indicate
application-level degradation; the measured MFCC
level error metrics show the error magnitude and its
propagation.

E. Mel Filter bank Processing

The power spectrum passes through a sequence of
nonlinearly spaced triangular filters using the Mel scale.
Next, the Mel for the selected frequency f in Hz Mel(f)
has been calculated using Eq. (18) [2]. Eq. (19) [17]is

Approximate Radix-4
DA Multiplier

e 1 21 Mux | i
¢ Radix-4 Booth | / =t
‘ encoder ‘ :
! Xy ‘ —
| |
R e X < === Counter
' Partial product ‘ Yi L
" generator | l A
' Operand Tnputs !
) Register i
i Py Py sece Popyy :
b : :
! XY —— Adder :
Shift [ '
Accumulator ‘ ‘ :
Register i
'
l '
'

OMPIEINEG ~ ==~ <==csesssssassdosmans +

Fig. 5. FPGA architecture of the proposed
approximate Radix-4 distributed arithmetic
multiplier

the Mel transformation in reverse.The Mel filter exceed
points are M., M,in Uniformly distributed throughout
the Mel domain by Eq. (20) [17]. The number of Mel
filters is indicated by B.

Algorithm 1.

Hardware Oriented MFCC

Processing
Input: speech_sample[n], sample_valid, reset
Output: MFCCJ0:12], mfcc_valid

1.

w

®© N o g k&

11.
12.

13.

14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.

27.
28.
29.
30.
31.

Initialize registers, memories, counters, FSM,
and valid flags

if sample_valid = 1 then

frame_memory[sample_count] =
Quantize(speech_sample)

sample_count = sample_count + 1
if sample_count = 255 then
frame_valid = 1
sample_count=0
end if
end if
if frame_valid = 1 then
forn:=0to 255 do

windowed_data[n] = frame_memory[n] x
Hamming_ROMI[n]

FFT_memory[BitReverse(n)] =
FixedPointScale(windowed_data[n])

end for
end if
for stage =0to 7 do
for butterfly = 0 to 127 do
Read A, B, and twiddle factor W
T = FixedPointMultiply(B, W)
X_A=FFT_Scale(A+T)
X_B=FFT_Scale(A-T)
Write X_Aand X_B to FFT_memory
end for
end for
fork =0to 127 do

magnitude[k] =
ComputeMagnitude(FFT_memory[k])

end for
form =0to 25 do
mel_accumulator[m] = 0
for k = FilterStart[m] to FilterEnd[m] do

product =
Approx_Radix4_Multiplier(magnitudelk],
MelCoefficient[m][k])
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Mel(f) = 2595 * log;o(1+ L) (18)
Mel

£ =700« (106sss) — 1) (19)

M; = My + 1 (M2 = 0, B +1(20)

F. Discrete Cosine Transform (DCT)

Changes the log mel spectrum towards the cepstral
domain to separate the features, which gives a small
set of coefficients (usually the first 12—13) that show the
speech's spectral envelope. By compressing the
dynamic range of the Mel filter energies E;, the
logarithm improves the representation's suitability L; for
speech feature extraction as given in Eq. (21) [2]. When
the energy is zero, € avoids an undefined logarithm.
The DCT utilized to explicate the logarithmic Mel filter
bank energies is defined by the Eq. (22) [2]. The MFCC
feature vector is formed by the resultant coefficients C,,
Where q=0,1,..., 12.

32. mel_accumulator[m] =
mel_accumulator[m] + product
33. end for

34. mel_energy[m]
=FixedPointScale(mel_accumulator[m])

35. end for
36. form=0to 25do

37. log_energy[m] =
Log_Approximation(mel_energy[m])

38. end for

39. forc=0to12do

40. DCT_accumulator= 0
41. form =0 to 25 do

42. DCT_accumulator =DCT_accumulator
+FixedPointMultiply(log_energy[m],
DCT_Coefficient[c][m])

43. end for

44, MFCCIc] =
FixedPointScale(DCT_accumulator)

45. end for

46. Apply pipeline delay and valid signal
propagation

47. mfcc_valid =1
48. Output MFCCJ[0:12]

49. Update counters, memory addresses, FSM
states, and prepare the next frame

50. End Algorithm

Partial Product from PPG output

P, P, P,

P[m 2]-1
! ! »
Shifter Shifter Shifter
<<2 <<4 <<2([m/2]-1)
Wallace Tree

Adder

l Register
Product

Fig. 6. Partial product generation and accumulation
structure of the proposed Radix-4 multiplier

Table 4: Classification and contribution of individual
components in the proposed MFCC hardware
architecture

Component Classifi Contribution in this
cation paper
Pre emphasis  Adapted Speech preprocessing
Frame Adapted/ Stores 256 sample speech
buffering impleme frames
ntation
TDM FFT Adapted/ Time shared FFT
modified computation for reduced
hardware
256 point FFT  Impleme FPGA realization of the
architecture ntation MFCC spectral analysis
specific stage
Radix-4 Adapted/ Used to reduce
multiplier modified multiplication complexity
Mel filter bank  Adapted 26 channel spectral feature
extraction
Log Adapted/ Hardware oriented
computation impleme  logarithmic approximation
ntation
DCT Il Adapted Generate 13 Coefficients
TDM FFT + Main Hardware co-design of the
Radix-4 contribut two computational
multiplier ion optimizations within one
integration MFCC engine
Resource Original/  Coordinates the TDM FFT
sharing/control  modified and Radix-4 arithmetic
organization architect while producing MFCC
ure coefficients
Complete System End to end hardware
FPGA MFCC level implementation from
accelerator contribut  speech frame to C0-C12
ion
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The suggested MFCC architecture is to make
streaming processing more efficient while keeping the
hardware simple and the contribution of the proposed
work is given in Table 4. Algorithm 1 shows how data
flows in a sequence and points out the hardware-

oriented tasks that the architecture uses.
Li = ln(Ei + E) (21)

Cq=XFg L * cos[(%q) * (i + %)] (22)

lll. Results

A. Implementation of Hardware MFCC
Architecture

The proposed framework, which combines TDM FFT
and MFCC processing, is being developed and tested

the Xilinx Virtex 6 XC6VLX240T device showed a
significant reduction in resource utilization compared
with traditional FFT MFCC implementations. The
architecture was also synthesized on the Xilinx KV260
to show that it can be used in different situations. Fig.
7 shows the full data flow through the MFCC
processing pipeline. The simulation waveform shows
how the whole MFCC extraction pipeline works. As
shown in Fig. 8, the RTL schematic presents a
hardware-efficient implementation of the MFCC

architecture. The conventional architecture s
characterized in terms of an RTL based MFCC
computational unit with conventional arithmetic

operators. The proposed layout uses the same MFCC
configuration along with arithmetic precision, but adds
the Radix-2 TDM FFT data pipeline and Radix-4

. multiplier to improve resource allocation and
on both Xilinx and Altera FPGA platforms to assess P . P .
e : . performance in computation.
performance and portability. Experimental synthesis on
- Wave = o
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Fig. 7. RTL simulation waveform of the proposed MFCC processing architecture
det13:DCT
-—-—-D? tﬁ : 015.0)
tdm_FEFFT =20 ™ 15,0
H mel_filter:MEL log_block:LOG =™ 4[15.0]
dki 0l valid_out mag2:MAG E E k[ 15,01 D oiss.0]
le[15.0 din(15.0] 15,0 o SR el31.0)_dn(31,0) S 15,01 i1 0USNNS15.0) 1, (115
sample rle st Bk | 2150108 g mag(d e ol mel_valid i rst 715,01 D C?{lS..OJ]
" . valid xi[15.0 ‘ valid 815
valid [ - — ! - -% <B[15..0]
— "” > c9[15..0]
=™ ciof15.0]
=TS aif15.0]
S ALLO™ c12[15.0]
g [ miec_valid

Fig. 8. RTL schematic of the proposed hardware MFCC processing pipeline
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Table 5: ASIC synthesis comparison between
conventional and proposed MFCC architectures
using 45 nm CMOS technology

Table 6: FPGA implementation comparison of
conventional and proposed MFCC architectures on
the AMD/Xilinx KV260 Zynq UltraScale+ platform

Parameter Conventio  Proposed Improv Parameter Conventional Proposed
nal MFCC MFCC ement MFCC MFCC
Technology 45 nm 45 nm — FPGA AMD/Xilinx AMD/Xilinx
CMOS CMOS Device KV260 (Zyng KV260 (Zynqg
Area (mm?) 1.85mm?  0.92 mm? 1 50% UltraScale+) UltraScale-)
FFT Size 256 point 256 point
Gate Count 182K 96 K 147% P P
FFT Conventional .
Power 425mW  21.3mW | 49% Architecture Radix-2 Radix-2 TDM
Frequency 180 MHz 265 MHz 1 47%
Input 16 bit 16 bit
Latency 1024 320 cycles | 69% Precision
cycles MFCC
- 13 13
Throughput 15k 48 k 1 3.2x Coefficients
samples/s  samples/s Mel Filters 26 26
A MATLAB model is made to test how well the LUTs 18,500 9,200
suggested fixed-point MFCC framework works. Fig. 9 FFs 22,300 11,800
demonstrates high consistency across MATLAB and DSP Sli 120 48
Verilog MFCC outputs, with R*2=1.0000 and practically 1ces
zero frame-wise MAE. Minor coefficient differences are BRAM 32 18
due to fixed-point quantization, truncation, plus pipeline Max 160 MHz 245 MHz
effects, demonstrating the functional consistency with Frequency
the proposed design. Even though there are some small Power 38W 21 W

differences, the overall deviation is still within acceptable
limits, which shows that the proposed architecture is
correct and reliable. ASIC and FPGA analyzes
comprise the hardware evaluation. The AMD/Xilinx
KV260 Zynq UltraScale+ FPGA implementation is
shown in Table 6, the 45 nm CMOS ASIC synthesis is
reported in Table 5, and a reference comparison with
Virtex-6 FPGA implementations is given in Table 7.
Results from multiple platforms are not directly
integrated; improvement percentages are only
computed for designs assessed using the same platform
and configuration.

B. Speech Recognition Validation

To determine the efficiency of the proposed MFCC
framework for speech recognition, the resulting
MATLAB MFCC features have been compared to the
NOIZEUS speech dataset by implementing an LSTM-
based classifier. Speech signals were evaluated in both
clean and noisy situations, with noisy signals handled
using the suggested GQPSO [31] noise cancellation
phase before MFCC extraction. 200 NOIZEUS audio
samples across various speakers, including babbling
noise at 5 dB SNR, were used for speech recognition
evaluation. We used 20% of the dataset for testing and
the remaining 80% for training. With the help of the
Adam optimizer, a batch size of 1 as well as a maximum
total of 200 training iterations, the collected MFCC

features were transferred to an LSTM classifier featuring
one hidden layer plus 128 hidden units. To provide a fair
comparison, both MATLAB-generated and FPGA-
generated MFCC features used the identical classifier
architecture and test samples. The extracted MFCC
features were fed into the trained LSTM-based
classification algorithm [32], and the predicted speech
labels were then compared to their corresponding
ground truth labels.

IV. Discussion

Table 5 illustrates the findings of the ASIC synthesis,
which compares the suggested MFCC architecture to a
standard MFCC deployment that uses 45 nm CMOS
technology. The standard MFCC design takes up 1.85
mm? of silicon and needs almost 182K logic gates. In
contrast, the proposed architecture reduces the area to
0.92 mm?, achieving nearly 50% area reduction. This
improvement is obtained by employing a TDM FFT
structure that enables hardware reuse and by using a
DA-based radix-4 multiplier, which reduces the
dependency on conventional multipliers. The hardware
is even less complicated because the number of gates
goes down from 182K to 96K, which is about a 47%
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Fig. 9. MATLAB-Verilog validation of the proposed MFCC architecture: (a) correlation between MATLAB
and Verilog MFCC outputs; (b) frame wise comparison of MFCC coefficients; and (c) frame wise mean

absolute error/bit accurate validation

drop. The proposed design also uses a lot less power,
going from 42.5 mW in the standard architecture to 21.3
mW, which is almost 50% less power. This decrease is
mostly due to less switching activity, a decrease in active
logic elements, and less need for DSP blocks because
of the DA-based computation and TDM processing
scheme. The proposed design has a highest frequency
of 265 MHz in the ASIC synthesis platform, whereas the
conventional architecture has a highest frequency of 180
MHz. This means that the proposed design is about 47%
faster. The latency has also been reduced from 1024
clock cycles to 320 cycles, which is about a 69% cut. The
whole framework throughput goes up from 15,000
samples per second to 48,000 samples per second,
which means it can process almost 3.2 times more data.
Table 6 indicates that the proposed MFCC architecture
uses almost 50% less LUT and flip-flop space, about
60% less DSP slice space, and about 45% less power.

The architecture also raises the operating frequency by
over 50%, which shows that it is good for FPGA-based
real-world speech processing applications. The results
show that the suggested MFCC architecture makes
hardware more efficient for real-world speech
processing.

Table 7 shows how the proposed MFCC architecture
stacks up against a few other FPGA-based
implementations. To make it fair, all of the comparisons
are done on a normalized Xilinx platform. Wassi et al.
(2015) [16] designed a pipelined MFCC that runs at 150
MHz and uses about 14,000 LUTs as well as 50 DSP
blocks. Dao et al.'s [17] MFCC IP core performs at 120
MHz and utilizes about 15,000 LUTs and 64 DSP blocks,
which shows how much it relies on multiplier-driven
computations. Using LUTs, DSPs, frequency, latency,
power, FFT size, precision, FPGA generation, and
MFCC configuration, the suggested architecture is
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Fig. 10. Comparison of operating frequencies for the proposed and previously reported MFCC FPGA
architectures on/normalized to the Xilinx Virtex-6 XC6VLX240T platform

contrasted with FPGA-based MFCC implementations
documented in [3], [4], [9], [16], [17], and related
research. However, these factors cannot be compared
separately because they depend on the target FPGA,
synthesis technique, and architectural structure. In order
to reduce hardware duplication through resource reuse,
the suggested architecture employs a 256-point Radix-2
TDM FFT with a shared butterfly datapath at the
expense of more processing cycles. A speech system
based on Zynq utilizes [1] about 13,000 LUTs along with
48 DSP blocks at a speed of about 130 MHz. It combines
MFCC with classification; however, it still uses traditional

100
)
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]
N
=
)
151
ot
)
=¥
95
Accuracy Precision
¥ Series1 97.06 100

exhibits accurate and reliable classification performance
with a level of accuracy of 97.06%, precision of 100%,
and recall of 97.06%. The final F1-score of 98.51%
attests to the excellent balance that exists between
recall and accuracy. The proposed Time Division
Multiplexed (TDM) MFCC architecture reduces both
hardware utilization and processing latency by
combining efficient resource sharing with pipelined
execution.  Although TDM typically  serializes
computations, the proposed scheduling strategy
minimizes idle cycles and enables continuous data
processing, allowing a single FFT processing unit to be

99
98
97
96

Recall Flscore
97.06 98.51

Fig. 11. Speech recognition performance of the LSTM classifier using MATLAB derived MFCC features

processing. Bibin et al. (2021) [4] use an integrated
pipeline framework with about 12,000 LUTs as well as
48 DSP blocks to reach 150 MHz. Vreca et al. (2024)
[11] use hardware-software co-design to cut resources
down to about 8,000 LUTs and 46 DSP blocks, reaching
155 MHz. It only needs about 8,500 LUTs and 32 DSP
blocks, but it performs at a higher frequency of 220 MHz,
which shows that it is more efficient and faster than the
previous one as given in Fig. 10. Recognition efficiency
is evaluated through precision, recall, accuracy, and F1
score as shown in Fig. 11. The proposed approach

reused without significant performance degradation. The
critical path mainly consists of the FFT butterfly
computation,  Approximate  Radix-4  Distributed
Arithmetic multiplier, and accumulation stages, where
pipeline registers are inserted to reduce combinational
delay and improve operating frequency.

Furthermore, shared memory buffers enable efficient
reuse of intermediate data, reducing memory overhead
and bandwidth requirements. While the approximate
multiplier introduces a small computational error, its
impact on MFCC feature quality is negligible, whereas
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Table 7: FPGA synthesis comparison of the proposed MFCC architecture with previously reported
implementations using the Xilinx Virtex-6 XC6VLX240T reference platform

Reference LUTs DSP Frequency (MHz) Architecture
Wassi et al. [16] 14000 50 150 Pipelined MFCC
Dao et al.[17] 15,000 64 120 FFT based MFCC
Zynq Speech System [1] 13,000 48 130 MFCC + classifier
Bibin et al. (2021)[4] 12,000 48 150 Integrated MFCC pipeline
Vreca et al. (2024) [11] 8000 46 155 HW SW co-design
Proposed Work 8,500 32 220 TDM FFT + DA Radix-4

the reductions in logic resources, DSP utilization, power
consumption, and latency are significant. These
architectural optimizations provide an effective tradeoff
between throughput, hardware complexity, and
computational accuracy, making the proposed design
suitable for real-time FPGA-based speech processing
applications.

V. Conclusion

In order to reduce hardware complexity while
maintaining acceptable feature quality, this work
provides a resource-efficient, VLSI-oriented MFCC
architecture that integrates a 256-point Radix-2 TDM
FFT and an approximate Radix-4 distributed arithmetic
multiplier. FPGA synthesis on a Xilinx platform reduces
LUTs by 29-50% when compared to architectures that
use 12K to 15K LUTs and DSPs by 33 to 60% when
compared to designs that use 46 to 64 DSP blocks. The
maximum operating frequency is 220 MHz, which is up
to 83% better than designs operating at 120 MHz and 42
to 47% better than 150 to 155 MHz architectures. By
employing 45 nm CMOS for ASIC synthesis, silicon area
is reduced from 1.85 mm?to 0.92 mm? (50%), gate count
is reduced from 182 K to 96 K (47%), and power is
reduced from 42.5 mW to 21.3 mW (50%). While delay
drops from 1024 to 320 cycles (69%) and throughput
increases from 15 ksamples/s to 48 ksamples/s (3.2x),
operating frequency rises from 180 MHz to 265 MHz
(47%). Overall, depending on the device and synthesis
conditions, the design shows a workable tradeoff
between hardware efficiency and numerical fidelity.
Real-time hardware-in-the-loop validation, larger
datasets, adaptive approximation, parallel/multicore
architectures, low-power optimization, and a methodical
comparison of feature quality and hardware efficiency
are some of the upcoming projects. Despite the
encouraging outcomes, there are a few things to be
aware of. Cross-platform comparison is affected by
differences in FPGA devices, FFT sizes, precision,
synthesis tools, and implementation constraints;

therefore, reported resource, frequency, latency, and
power values are not fully normalized. Speech
recognition validation remains limited, and classification
was performed using MATLAB-derived MFCC features.
Furthermore, complete real-time end-to-end processing
using live speech directly on the FPGA has not yet been
demonstrated. These aspects are identified as important
directions for future hardware-in-the-loop validation.
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