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Summary:
Neuromorphic signal processing can enhance the efficiency of IoT sensors and support edge compu-
ting solutions. However, the preprocessing of the encoded signals, to be transferred to a spiking neu-
ral network, requires high computational power. In this work, we propose an energy-efficient hard-
ware-based solution for the analysis of rapidly changing vibration or acoustic signals. This was in-
spired by the human cochlear implant, which exploits the plasticity of the human brain to enable clear 
speech recognition even on a very limited number of frequency channels (16-22). Our proposed hard-
ware consists of a 16-channel frequency-selective MEMS cantilever array, and a VO2 memristor 
nanogap based oscillator for amplitude sensitive spiking signal generation. To test our solution, we
used Google Command Speech benchmark database.  
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Motivation and Objective
For quite some time, it has been evident that 
biological systems surpass electronic counter-
parts in terms of energy efficiency, highlighting 
a significant gap. Therefore, the development of 
neuromorphic auditory hardware systems holds 
promise for achieving greater efficiency and 
performance in future hardware audio solution
[1].

Fig. 1. Proposed SNN-based vibration source classi-
fication method using piezo-MEMS frequency sensi-
tive cantilever array and memristor to encode ampli-
fied analogue signals into neural spikes.     

In this paper, we propose a solution for FFT
free neuromorphic encoding of acoustic and 
vibration spectrograms. It is based on our pre-
vious work, where similar cantilever arrays were 
used for a fully implantable cochlear implant [2]. 
Fig. 1 shows an application example of an 
Acoustic Vehicle Detection system. Specifically, 
MEMS cantilevers serve as sensors to detect 
the sound or seismic vibrations emitted by dif-
ferent vehicles. These cantilevers are tuned to
specific resonant frequencies. Subsequently, 
the harmonic motion of each piezoelectric canti-
lever generates voltage outputs, which are pro-
cessed by oscillatory circuitry to produce 
spikes. These circuits incorporate VO2-based 
memristors, which play a crucial role in spike 
generation. The resulting spikes serve as inputs 
to a Spiking Neural Network (SNN), enabling 
the classification.

Description of the new method
For a concise SNN network, we have chosen 
the speech2spikes pipeline [3], which consists
of blocks that initially utilize the Mel Spectro-
gram, followed by their Step-Forward and even-
tually by Cumulative Sums, to produce the input 
spikes to the SNN.

To achieve higher accuracy in hardware system 
design, we modeled our existing hardware ele-
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ments in two distinct steps. Our models are 
based on the fabricated cantilever and memris-
tor along with its experimental signals (Fig. 2) 
Initially, we aligned the data of our 4x4 spiral 
cantilevers to the parameters of the mel-
spectrogram, changing the number of bins from 
20 to 16, and reducing the frequency range to a 
minimum and a maximum frequency of 200 and 
700 Hz [4].  

 
Fig. 2. Fabricated spiral shaped piezocantiver having 
tuned resonant frequency (a), the VO2 nanogap 
memristor (b), and the measured signal conversion 
(c).    

Subsequently, we modeled the memristive os-
cillatory circuit, omitting the use of step-forward 
and cumulative sum pipeline algorithms. We 
summarized this two-step hardware design 
approach in the rows of the Table 1 below, 
marked as version 1 and 2 for clarity. Emulation 
of hardware is emphasized by the light blue 
background of the cells. The number of input 
neurons in the SNN network, determined by the 
bin numbers of the mel-spectrum or the count 
of spiral cantilevers designed for various natural 
frequencies. Each layer of the SNN network 
consists of 256 LIF neurons. Efficiency is 
measured in terms of accuracy. 

 Ver-
sion Bins Frequencies Methods 

0 20 20…20.000 
Hz 

step-forward 
and cumulated 
sum algorithm 1 

16 200…700 Hz 
2 

emulated oscil-
latory circuit on 
measurements 

Table 1. Co-deisgn of preprocessing MEMS and 
SNN with emulated hardware models. Cells in light 
blue denote the emulated components.  

Results 
We succeeded in achieving a 40% accuracy 
with the first version, which may signify a good 
result in our work. Although this represents 
promising progress, further optimization and 
refinement are needed to advance accuracy. 
Training and modeling of version 2 are still in 
progress. Unfortunately, the accuracy of the 
zeroth version during training fell short of ex-
pectations, showing only 70%. However, if we 
manage to find the appropriate training condi-

tions, we believe that the accuracy will improve 
in version 2, following the published 88%.  

Fig. 3. (a) The preprocessing pipeline signals. Initial-
ly, the 'backward' GSC audio data (a) enters the 
pipeline and undergoes processing by the Mel Spec-
trogram algorithm with 16 bins (b). Eventually, the 
Step-forward and cumulative sums algorithm feeds 
64 neurons of the SNN with its generated spikes (c). 
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