
Data Processing with Spiking Neural Networks for Electronic

Skin Applications

1 Overview

Devices that can mimic properties of human skin, such as stretchability and tactile sensing, are
referred as electonic skin or e-skin. E-skin devices have a broad range of applications including
wearable devices, robotics and prosthetics. This project focuses on sensing with electronic skin
using neural networks, in particular spiking neural networks. The project is a collaboration between
researchers from Uppsala University (UU) and Ericsson Research.

2 Background

We now provide background information on the two main components of the project, electronic skin
applications and spiking neural networks:

Electronic Skin: E-skin facilitates a large breadth of applications in robotics, such as enabling
a sense of touch, and hence enhanced interactions with the surroundings; and prosthetics where
e-skin can be even envisioned to compensate for the damage to human skin or used to exceed human
tactile capabilities [1]. In our recent work, we have reported an adaptive, self-powering sensory
hardware with high sensitivity and promising latency properties [2], see Figure 1. To enable the
vision of mimicking human-level sensing and response, the development of such hardware must be
complemented with fast, real-time data processing methods [1]. The project focuses on this gap.

Spiking Neural Networks (SNNs): Artificial neural networks (ANNs), in particular deep
neural networks or equivalently deep learning, have been the main enabler for most of the unprece-
dented successes of artificial intelligence (AI) methods in the recent years. Nevertheless, there is an
important difference between how computation is done in biological agents and the current ANNs:
biological neurons transfer information with asynchronous spikes with temporal encoding in contrast
to the activation functions in the current popular ANNs which typically apply a static, continuous
transformation to their inputs. Consequently, spiking neural networks have emerged as a framework
to bridge the gap between the current popular ANN structures and brain-like computing [3]. More-
over, together with implementation on neuromorphic hardware, SNNs exhibit promising features for
fast, massive, event-driven data processing while reducing the energy cost, which is an increasing
concern within the AI community. In the recent years, these benefits of SNNs have led to extensive
research activity on SNNs by researchers from a large array of fields including neuroscience, machine
learning, embedded system design and neuromorphic chip design [3].

Figure 1: Illustration of a biologically inspired artificial skin and nervous system [2].

1



3 Motivation and Project Aims
Motivation: E-skin applications typically require event-driven, real-time processing of data

with low computational power and memory requirements. Motivated by SNNs’ promising features
from these aspects, together with the connections to biological computing, we propose a SNN-based
data processing framework for e-skin applications.

Project Aims: The main aims of the project are as follows:

(A) to develop real-time, event-driven data processing methods using spiking neural networks;

(B) to reveal the fundamental performance trade-offs between the accuracy, the computational
power and memory requirements of the developed methods;

(C) to customize the developed solutions for e-skin applications and reveal the application specific
performance trade-offs therein;

(D) to contribute to scalable, energy efficient, real-time sensing by e-skin with the developed data
processing solutions.

The data processing methods developed by the PhD student, together with the hardware designed
by the SSE group, are envisioned to create a system that can answer the following type of questions in
real-time: “ Is the material touched cold/warm?”, “What kind of texture does the material have?”,
“What is the pattern on the surface that is touched, such as in the case of reading Braille?”.

4 Methodology
The project focuses on data processing and will be led by researchers from Signals and Systems (SoS)
at UU. We will first focus on Aim (A), and hence the development of the underlying basis for data
processing with SNNs. During these investigations, the sensory hardware developed for e-skin by
Solid State Electronics (SSE), will be used to evaluate the suitability of the methods for tactile
sensing and further develop the data processing methods. Researchers from Ericsson Research will
provide regular input on technical aspects, including software-hardware co-design, ANN hardware
accelerators, neuromorphic computing, as well as applications and use cases. In the below, we
provide further details on the fundamentals of the data processing aspect of the project.

Scalable training, hence learning, is a central challenge for efficient data processing with SNNs [3].
In a SNN, data is represented with spikes leading to non-differentiable activation functions, which
prevent straightforward application of stochastic gradient descent, the standard approach for training
of non-spiking ANNs. Accordingly several strategies, such as transformation of already trained
standard ANNs to SNNs [3], smoothing the activation function [4], using surrogate gradient functions
[5], have emerged. Here, the information coding scheme heavily affects the learning algorithm, where
most of the existing algorithms are only applicable to a specific information coding scheme, such as
rate coding or time-to-first-spike coding. Despite these advances, there is still no well-established
strategy for efficient learning in SNNs. In this project, this learning problem will be tackled using
insights from different methodologies in addition to standard optimization tools. We highlight some
of the key aspects of these approaches below.

An attractive framework for investigation of performance of ANNs is random matrix theory,
which has been successfully applied for various ANN performance results [6]. These arguments rely
on the properties of a Gram matrix of the form ZTZ where Z = σ(WX) or Z = σ(W ) where
the matrix W represents the weights connecting two layers in the network, X represents the input
data matrix for the given layer and σ(·) is a non-linear component-wise transformation representing
the activation function. Eigenvalue properties of such matrices have been also investigated in other
contexts, such as our previous work in sparse recovery [7, Thm. 6.1-6.2], [8, Lemma 3.3]. Building
upon both of these lines of work, we will investigate the performance of SNNs.

Interpreting the signals created by the neurons as spike trains, and hence sparse binary vectors
in discrete-time, connections to sparse recovery becomes evident, see for instance the discussions in
[9, Section 1.2.3]. This connection to sparsity, hence our earlier work on sparse recovery [7], [8], will
be another important part of our methodology.

Another important point of view is the dynamical systems framework. A neuron in a SNN can
be understood as a dynamical system. In particular, in discrete-time, the state of the neuron i
in a SNN evolves according si(t + 1) = f(si(t), ui(t),Wi) where Wi represents the weights, ui(t)
represents outputs of the neurons from the previous layer connected to this neuron and si(t) is
the state of the neuron and f(·) governs the state-transitions [10]. Hence, the output signal yi(t)
can be expressed as yi(t) = g(si(t)) where g(·) creates a spike (possibly randomly in the case of
stochastic SNNs), when the state si(t) is in a certain region of the state space. This is in contrast
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to a standard ANN where the output yi(t) can be directly expressed as yi(t) = ḡ(ui(t),Wi) for some
function ḡ(·), i.e. is a static transformation of ui(t) and Wi. Moreover, using the same point of view,
SNNs can be interpreted as recurrent neural networks as illustrated in [5]. Hence, existing results on
the performance of RNNs [11, 12] which typically use state-space models provide promising starting
points for our investigations. Overall, these lines of arguments provide another important framework
for our work: state-space models, which are the starting points of various fundamental results in
signal processing and control.

5 Further Information
Advisors: The hosting institution for the student is the Dept. of Electrical Engineering (EE) at

Uppsala University. The student will be supported by researchers from Signals and Systems (SoS)
division, Solid State Electronics (SSE) division and Ericsson Research.

Main Advisor: Ayça Özçelikkale (SoS).
Co-Advisors: Saeed Bastani (Ericsson Research), Zhi-Bin Zhang (SSE), André Teixeira (SoS).
The student will be further supported by Shi-li Zhang (SSE) and Anders Ahlén (SoS).
Interdisciplinary Nature of the Project: The project brings together researchers working on

developing hardware for e-skin at SSE, researchers working on signal processing and control from SoS
and researchers from Ericsson Research working on algorithms, device hardware and architecture.
It is envisioned that through the close collaboration of these research groups, it will be possible to
enable fast, large-scale, energy-efficient sensing by e-skin that is required for real-world applications.

Ericsson Research will be collaborating with the project on technical aspects as well as applica-
tions and use cases. Dr. Saeed Bastani will facilitate the contact with a group of researchers with
expertise spanning from algorithms and hardware architectures for machine learning to embedded
systems, computer architecture, and data science. The group is actively involved in projects fo-
cused on hardware-software co-design for efficient neural processing architectures targeting resource-
constrained devices, based on the competitive paradigms of ANN hardware accelerators as well as
brain-inspired SNNs and neuromorphic computing.

Financing: The centre for interdisciplinary mathematics (CIM) will cover 50% of the research
salary. The rest of the salary costs will be divided among the divisions of the advisors.

The Ph.D. Candidate: This project will allow the candidate to gain knowledge on an emerging
research area in machine learning, i.e. spiking neural networks, as well as an interesting application
area, i.e. electronic skin. Throughout the PhD, the candidate will be expected to i) develop the level
of mathematical maturity to be able to advance the theory for SNNs and provide the associated
performance guarantees, ii) develop computer programming skills for implementations of SNNs, iii)
gain knowledge on computing hardware and architecture for SNNs for practical implementations of
SNNs, and iv) gain application specific knowledge for electronic skin applications.
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