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Abstract—Mel frequency cepstral coefficient (MFCC) features
are widely used in applications such as keyword spotting,
bearing fault detection and heart sound classification. This work
proposes a low power MFCC engine that enables its use for
battery-powered edge applications. Three hardware algorithm
co-optimizations were adopted to achieve energy efficient MFCC
hardware implementation. The approximated MFCC features
due to the optimizations still allows good accuracy when deployed
in several applications such as keyword spotting and bearing
fault detection, reporting negligible accuracy drop of <1.5%.
The proposed MFCC hardware consumes only 128nW at 0.3V
supply and occupies only 0.08mm’ in 40nm CMOS technology,
which are 5x and 2.75x power and area reduction respectively
when compared to the prior arts.

I. INTRODUCTION

Mel frequency cepstral coefficient (MFCC) is a well known
feature used in many sound, speech or time-series data related
applications, such as heart sound classification [1], keyword
spotting [2] and machinery health monitoring [3]. The MFCC
feature extraction involves two key ideas: Mel frequency scale
and cepstrum. The Mel frequency scale is to mimic the human
hearing mechanism [4]. While, cepstrum is the information
extracted from the spectrum generated by the fast Fourier
transform (FFT) [5]. The first use of MFCC features was
demonstrated by Davis and Mermelstein in 1980 where they
reported a high accuracy of 96.5% in word recognition [6].
Recent work such as [7] and [8] also employed MFCC features
with accuracy of over 90% in IoT edge applications.

The MFCC hardware thus has become increasingly im-
portant in supporting ultra low-power edge applications [7],
[8]. The MFCC feature extraction hardware must consume
minimum power to maximize the battery lifetime of such sys-
tems from two aspects. First, the MFCC hardware can support
always-on features to process any input signal. Second, lower
power MFCC hardware contributes to lower system power
because the MFCC hardware takes up significant portion of
25% to 67% of the overall system power as reported in work
[7] and [9]. Various work for energy efficient MFCC hardware
had been reported. For instance, [10] reduced the area and
energy consumption of the MFCC in field programmable
gate array (FPGA). Analog MFCC-like feature extraction
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Fig. 1. MFCC processing pipeline. Input signal is divided into frames.
Each frame is processed through six steps: pre-emphasis, windowing, FFT,
Mel filtering, logarithmic operation and discrete cosine transform (DCT), to
produce MFCC features. The MFCC features are used by a classifier for any
target applications.

[11] was also explored to bypass the need for an analog-to-
digital converter (ADC). Recently, MFCC engines were also
customised and integrated to keyword spotting accelerators for
tiny edge applications [7], [9].

Hence, this work focuses on proposing a fully digital,
compact, and low power MFCC hardware to support not only
the always-on features, but also for multiple applications that
use MFCC features such as keyword spotting, bearing fault
detection and heart sound classification. The output MFCC
features can be directly fed to a classifier for on-chip classi-
fication. The remainder of the paper is as followed. Section
IT presents our key design features. Section III evaluates our
MFCC engine’s performance when compared with the states
of the arts. Section IV concludes our paper.

II. MFCC AND ITS HARDWARE OPTIMIZATION

A. MFCC feature extraction

The MFCC engine processes input signal frame by frame, as
shown in Figure 1. The signal frame is first pre-emphasized
by passing through a high pass filter, to balance amplitude
of both the high and low frequency components, as detailed
in Figure 2(a). Next, Hanning window is applied to the signal
frame to increase the smoothness of the signal between frames,
as illustrated in Figure 2(b). Subsequently, the FFT operation
is performed to transform time domain input into frequency
domain, producing an output vector of N complex elements.
Each vector element is the frequency bin, representing the
amplitude of the corresponding frequency. The FFT output
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Fig. 2. (a) Effect of pre-emphasis, (b) effect of windowing.
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is squared to obtain the magnitude, followed by Mel filter-
ing. In the Mel filtering step, the frequency is mapped to
Mel frequency scale, using Eq. 2, to mimic the human ear
hearing perception [12]. The Mel-filtered outputs are then
passed through a logarithmic function to mimic the human
ear sensitivity. Finally, the discrete cosine transform (DCT)
operation is applied to obtain the MFCC features. The DCT
involves a dot product between the input signal and a set
of cosine coefficients, as shown in Eq. 3. The final MFCC
features is used by a following classifier that executes the
desired tasks.

y(t) = x(t) —a-z(t 1) ey

o
+ 700

X, = WE_I L. 3

For Eq. 1 to 3, z(t) is the input sample, y(¢) is the pre-
emphasized sample, f is the physical frequency, « is the pre-
emphasis coefficient, X, is the MFCC vector element, z,, is
the log Mel output, 5 =1 for m =0, else § =2, for m =1
to (M — 1), E is the number of Mel filters.

Mel(f) = 2595 - log,,(1 ) 2

B. MFCC Hardware Optimization

To enable low power MFCC module, three hardware algo-
rithm co-optimizations are proposed at the pre-emphasis, FFT
and Mel filtering sub-modules respectively. Finally, piecewise
linear (PWL) approximation method is employed to efficiently
implement the logarithmic operation.

The pre-emphasis sub-module uses a hardware friendly
coefficients, @ = 27;:1. As « typically ranges from 0.9 to
1, n > 4. Compared to the conventional design, this approach
only requires shift and addition operation, as shown in Figure
4, hence having a 30% reduction in power.

The Hanning windowing sub-module simply consists of
a look-up table (LUT) to store Hanning coefficients and a
multiplier to perform windowing computation.

conventional optimized
(a) Conventional (b) Optimized (c) Power reduction
Fig. 4. (a) Conventional and (b) Optimized pre-emphasis sub-module, as well

as (c) power reduction after optimization.

Radix-2? single delay feedback (R22SDF) for N = 16
Fig. 5. R2SDF and R2%2SDF FFT hardware implementation.

For the FFT sub-module, radix-2? single delay feedback
(R2’SDF) FFT hardware implementation is chosen. Both
R22SDF and conventional R2SDF hardware designs are de-
rived from the re-expression of FFT computation using the
Cooley—Tukey algorithm [13]. The re-expression leads to
the reduction of FFT computation complexity and butterfly
operation that can be implemented using few simple hardware
components. The butterfly structure can be found in both
R2SDF and R22SDF, as illustrated in Figure 5. However,
the unique point of R2?SDF is that it replaces the complex
multipliers in between the butterfly structures because the FFT
is re-expressed using a radix of 4 [14]. As a result, R22SDF
utilizes lesser number of multipliers and adders as compared
to the R2SDF implementation [14]. Therefore, the choice of
R22SDF results in smaller and low power FFT sub-module.

To reduce the power of the Mel-filtering sub-module, trian-
gular Mel filters are replaced by rectangular filters as shown
in Figure 6(b). The rectangular filters of response of 1 not
only save computation by avoiding the multiplication, but
also eliminate the memory storage completely. Despite the
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Fig. 6. (a) Splitting Mel filters into odd and even groups, (b) triangular Mel
filters are replaced by rectangular filters to save memory and computation, (c)
the same FFT bin is used by two Mel filters, and (d) hardware design of the
Mel filtering sub-module.
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Fig. 8. DCT hardware implementation.

rectangular filters affecting the retained information, literature
had showed that it has negligible effect on the classification ac-
curacy [15]. In the hardware implementation, the sub-module
receives the FFT complex output. It is then squared to obtain
the magnitude. Each FFT bin magnitude is used by one odd
and even numbered filter, as shown in Figures 6(a) and 6(c).
Thus, the accumulation occurs in parallel and the result is
stored in the respective registers, as shown in Figure 6(d).

Logarithm operation of base 2 (log,) is used in our proposed
MFCC hardware. In general, there is no specific choice for
the base of the logarithm operation. However, for simpler
hardware implementation, log, is chosen. As log; is a non-
linear function, it is approximated using piecewise linear
(PWL) functions, as shown in Figure 7(a). Each segment spans
from 27 to 271, Thereafter, the gradient and intercept value
of each segment are extracted, as shown in Figure 7(b). The
gradient has an interesting property where the multiplication
between the input and gradient can be simplified by using
right shift operation. The values of right shift for all segments
are encoded in a LUT. Similarly, the intercept values are also
stored in a LUT table. Using the PWL approximation method,
the maximum error is about 0.08. Unlike [7], its approximation
always takes the floor of logarithmic result, which results
in simple hardware implementation but large error. In our
experiment, the large approximation error has an adverse effect
on the application’s accuracy.

The DCT sub-module requires a LUT, a multiplier, an
adder and a set of registers, as depicted in Figure 8. The
corresponding DCT coefficient is read out and multiplied with
the log, output. The result is then accumulated and stored
temporarily in the register. This hardware design directly
realizes the computation.

With the proposed optimization, the MFCC processing
achieves a 1.5x and 1.2x reduction in number of multipli-
cation and additions respectively, as shown in Figure 9. As a
result, the computation power is also reduced by about 1.5x.

Conventional Proposed Reduction
#mults #adds #mults #adds #mults | #adds
Pre-emphasis N N -- N 100% -
Windowing N - N - - —
FFT  [2N1ogN | 6NlogN [ 209N Tsniogn | 25% | 16%
Mel filtering 2N 2N - 2N 100% -
log, - - - N - -
DCT MF MF MF MF - -

N: FFT size F: number of Mel filters M: number of MFCC features Conventional FFT uses R2SDF
Fig. 9. MFCC workload breakdown before and after optimization.

TABLE I
THREE APPLICATION SCENARIOS USING MFCC FEATURES
Applicati Keyword Bearing fault | Heart sound
pphication spotting detection classification
PhyisoNet
Dataset GSCD [16] CWRU [17] 2016 [18]
Classifer 10 keywords 13 faults 2 classes
output
LSTM CNN CNN
Classifier! (1-layer of 64 | (2 CONVs + | (2 CONVs +
nodes + 1 FC) 1 FCs) 3 FCs)
Feature MFCC MFCC MFCC
Accuracy
(Ideal MFCC) 92.8% 96.3% 80.1%
Accuracy
(Optimized MFCC) 92.6% 96.0% 78.6%

I CONV: convolutional layer, FC: fully-connected layer

C. Pipeline stages of proposed MFCC module

The proposed MFCC module processes an input signal
frame and produces an output via three pipeline stages, as
shown in Figure 10. Each signal frame consists of /N samples.
Each frame sample of n-bit wide serially enters the pipeline
stages. The first pipeline stage produces the FFT result of
the input frame. The second stage produces the Mel filtering
result. The output data from the second stage is 2n-bit wide to
prevent data resolution loss. The third pipeline stage produces
the final MFCC output of m-bit long. The number of clock
cycles of the first and second stage is N. While, the third
stage requires M F' clock cycles, which is independent of FFT
size, N. The operating frequency of the proposed hardware is
related to the sampling frequency, FFT size and the number of
clock cycles of all pipeline stages. For example, assume that
an input signal is sampled at 8kHz and the FFT size, N =128,
operating frequency of 16kHz is sufficient for real time MFCC
processing.

III. PERFORMANCE EVALUATION
A. Impact on classification accuracy

The proposed MFCC module is verified in three application
scenarios to evaluate the impact of quantization and approx-
imated MFCC due to the optimizations described in Section
II-B on classification accuracy, as shown in Table I. For the
keyword spotting task, a long short term memory (LSTM)
network is trained with the Google Speech Commands dataset
[16]. For the bearing fault detection, a convolutional neural
network (CNN) is trained using the CRWU bearing dataset
[17]. Another CNN is trained to classify normal and abnormal
heart sound from the dataset of the PhysioNet Computing in
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TABLE II
Windowing COMPARISON TABLE
Windowing 3.4% 0%
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Fig. 12. (a) Dynamic and static power and (b) total power vs voltage, of the
proposed MFCC hardware.

Cardiology Challenge 2016 [18]. All networks are trained and
tested using both ideal (i.e. floating point in software) and
the approximated MFCC. As compared to the pure software
MEFCC implementation, the approximated MFCC incurs negli-
gible (<1.5%) accuracy drop. This confirms the suitability of
the proposed design for hardware-based edge Al applications.

B. Power and Area Efficiency

To demonstrate the benefits of the proposed optimization,
a MFCC engine, which is targeted for keyword spotting
task reported in Section III-A, is implemented. Our MFCC
hardware is configured to have FFT size of 128, 16 Mel filters,
11 MFCC features and operating frequency of 16 kHz. At this
frequency, the engine can operate down to 0.3V using 40nm
CMOS process.

Figure 11(a) shows area breakdown of the proposed MFCC
engine. The FFT sub-module takes up most of the silicon area
(60%), followed by Mel-filtering (20%) and DCT (16%) sub-
modules, mainly due to registers to store intermediate results.
Figure 11(b) shows the power consumption of the proposed
hardware. The Mel-filtering sub-module consumes the most
power (50%), followed by the FFT (32%) and DCT (12%).

Figure 12(a) shows the static and dynamic power of the
proposed MFCC module. Since the proposed MFCC module
runs at very low frequency, the static power becomes domi-
nant. To further reduce the power consumption, our design is
re-synthesized using the high threshold voltage (Vr) standard
cells (HVT cells), and the total power is further reduced by
about 30%. Figure 12(b) shows the power of our design that
is simulated at different Vpp using Cadence Virtuoso AMS.

At 0.3V, the proposed design attains the lowest power among
other Vpp despite the low gain in power reduction.

Table II compares the proposed MFCC engine with existing
works. For a fair comparison, the area and power data are
normalized to 40nm. Both area and power are multiplied
with the same scaling factor of s%, where s = ﬁ,
as suggested in [20] and [21]. The post-synthesis power
estimated using Cadence Virtuoso AMS simulation is reported
for our proposed MFCC engine. It achieves 128nW of power,
which is at least 5x lower power compared to all digital
MFCC hardware designs [7], [9]. Also, the proposed MFCC
hardware has 2.75x smaller area when compared to the digital
MFCC hardwares listed in Table II. Furthermore, the proposed
MFCC engine derives at least about 8 power reduction at
comparable silicon area as the mixed-signal MFCC hardware
reported in [11] and [19]. The proposed MFCC engine there-
fore demonstrates great potential to be deployed on low power
and low cost edge devices.

IV. CONCLUSION

This work proposes a low power MFCC hardware by
adopting various optimizations at all MFCC processing steps.
Our optimized MFCC processing is tested with three appli-
cation scenarios showing negligible or no accuracy drop. Our
implemented MFCC hardware is configured for a keyword
spotting task. The resulting MFCC hardware achieves 128nW
at 0.3V based on a 40nm technology node. The hardware
performance achieves 5x power reduction as compared to the
relevant digital MFCC implementation.
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