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PROF. DR. JÖRG CONRADT

2015-10-01

A D V A N C E D S E M I N A R

Spiking neural networks for vision tasks

Problem description:

Neural networks have achieved striking results in object recognition tasks lately. However, most
networks, like standard convolutional networks, work on full images/frames and are expensive with
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and limits of spiking neural nets for machine vision tasks and compare them to traditional approaches.
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• Compare them with regular CNNs in terms of performance, areas of use etc.
• Give examples for applications
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Abstract

In the past few years, convolutional neural networks had tremendous suc-
cess in computer vision tasks such as object detection or face recognition.
Despite their success, high computational complexity and energy consump-
tion are limiting their usage for mobile applications and robotics. Therefore,
scientists are working on the next generation of neural networks which use
event-based spikes to encode information. Spiking neural networks seem to
be more efficient in terms of power consumption and algorithmical complex-
ity, but what are the capabilities and limits of this type of networks and how
do they perform in comparison with regular convolutional neural networks?

To answer this question, this work gives a rough overview on regular
neural networks, the basic neuron models and the benefits of a convolutional
architecture. It then proceeds with an introduction to spiking neural net-
works. Both network types are compared in terms of availability of training
data, technology readiness level, speed and efficiency.

At last, the most relevant examples of spiking neural network applica-
tions in computer vision are presented and literature for further reading is
proposed.
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1 Regular Neural Networks

1.1 Introduction

Even if neural networks are known for over 50 years, their widespread use began
only in the last few years. Although they achieved impressive results in simpler
computer vision applications like handwritten digits recognition [1] they where
believed to be unsuitable for more complex problems like object detection. It was
not before 2012 when A. Krizhevsky et. al [2] proposed a deep convolutional neu-
ral network at the ImageNet Large Scale Visual Recognition Challenge(ILSVRC)
which outperformed its competitors by far. Since then, CNNs are successfully
used to solve various computer vision problems like object detection or face recog-
nition.

1.2 Generation and neuron models

Figure 1: Example of a fully con-
nected neural network with 3 lay-
ers1

In figure 1 we can see, a neural network with
three layers. In the conventional architecture,
all neurons are connected to all the neurons of
an adjacent layer. When zooming in on a sin-
gle neuron, like it is done in figure 2. We see
the edges of the neurons of the proceeding layer
which are weighted and summed to form the
input to the neurons activation function. It is
important to note that every neuron has only
one output value, which then may be weighted
independently by every proceeding neuron. The
choice of the activation function has a critical
impact on the behavior of the neural networks
and defines its generation.[8]

Neurons of the first generation have only two
possible outputs (0 and 1), this made the net-
works unstable because a very small change
near the threshold could have a huge influence
on the whole network. The neurons of the sec-
ond generation have continuous output which solves this problem.[5]. Figure 3
shows the activation function of first generation neurons and two examples for
continuous activation functions. While sigmoid activation functions where very
popular, due to the advantage of the learning behavior,[5] the trend shifted back

1https://en.wikipedia.org/wiki/File:Colored_neural_network.svg
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Figure 2: Overview of the elements in a classical neuron model.2

to rectified linear activation functions when networks grew bigger. The reason
is, that gradient based learning methods, such as the error backpropagation al-
gorithm, are multiplying gradients of the activation functions of many connected
neurons and as sigmoid activation functions have a gradient in between 0 and 1,
their product becomes infinitely small. This effect is known as the vanishing gra-
dient problem[3] and can be avoided by using linear activation functions with a
gradient of 1.

Figure 3: The three most common activation functions for neurons. From the
left, to the right Step function for neurons of the first generation, rectified linear
function and sigmoid function for neurons of the second generation.3

1.3 Convolutional Architecture

At the end of the 1990 one of the most important limitations for neural networks
was still the computational complexity of learning with lots of variables.[6] Even if
CPUs and GPUs got faster, the convolutional architecture of neural networks was
the key to their success. The key contribution of the convolutional architecture

2https://en.wikibooks.org/wiki/Artificial_Neural_Networks/Activation_
Functions

3http://chem-eng.utoronto.ca/∼datamining/dmc/artificial_neural_network.htm
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is the dimensional reduction. In a convolutional layer, neurons are connected
section-wise to the next neuron. These sections overlap partially like in figure
4 and the edges of every section share the same weight. Another layer which is
part of the convolutional architecture is the so called pooling layer. The pooling
layer, example shown in figure 5, summarizes information of a number of input
neurons into one single output neuron. Commonly used pooling functions are the
maximum or the mean function.

Figure 4: Shows the connection of neurons in a convolutional layer. The inputlayer
is connected section wise to the neurons of the next layer. The overlapping of these
sections is similar to a mathematical convolution which named this layer. Edges of
the same section share the same weight which also reduces the number of variables
in a network.4

Figure 5: shows an example of a pooling layer. The main goal of a pooling layer is
to reduce the complexity of a network. Therefore the inputs are summarized using
a pooling function such as choosing the maximum of the inputs or calculating their
mean. In this figure, the input is a 2x2 matrix and the output is the maximum
value of the matrix. The grid is then moved by the stride. 5

4http://neuralnetworksanddeeplearning.com/chap6.html
5http://cs231n.github.io/convolutional-networks/#pool
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2 Spiking Neural Networks (SNN)

2.1 Introduction

The name spiking neural network as well as the term neural network of the third
generation applies to the deployed neuron model which uses spike formed impulses
instead of a constant time invariant value as output. Unlike conventional neurons,
spiking neurons do not operate on a discrete time basis but will fire a spike when-
ever their membrane potential crosses the firing threshold. This can be seen in
figure 6a, where the membrane potential is increasing due to incoming spikes (also
called events) until the the firing threshold is crossed. The membrane potential
then drops and a spike, as seen in figure 6b, is fired to all connected neurons.
The incoming spike will then increase their membrane potential depending on the
weight of the connection.

While the information in conventional neuron models is encoded in the amplitude
of the output, the amplitude of a spike is constant. There are different ways
to encode information using spikes, examples are spike-rate dependent coding or
spike-timing dependent coding. The way information is encoded in the brain is
still an open research topic and not in scope of this work. If interested, the reader
can get a quick overview in [8] or find detailed information in [9].

a: Membrane potential of a leaky in-
tegrate and fire neuron

b: Simple example of an output spike

Figure 6: a) shows the curve of the membrane potential of a Leaky-Integrate-and-
Fire neuron. Incoming spikes increase the membrane potential,depending on how
they are weighted. Membrane potential decreases over time over time (dashed line
shows the curve if there would have been no new input). If the potential crosses
the firing threshold, a spike, as shown in b), is released. Spikes may be released at
moment whenever the threshold is crossed.6

6http://neuralnetworksanddeeplearning.com/chap6.html

6

http://neuralnetworksanddeeplearning.com/chap6.html


2.2 Motivation

Even if the convolutional architecture manages to reduce the complexity of neural
networks significantly, the trend towards bigger and deeper networks is steadily
increasing the needed amount of computational power. As this demand increases
faster then the advance in hardware development, regular CNNs are unsuitable for
mobile applications. Therefore research is looking for new, more efficient meth-
ods to implement neural networks. Inspired by the brain, which is able to solve
complex tasks with very low power consumption, research goes towards biological
more plausible neuron models which operates event-based and are therefore more
efficient in terms of energy consumption and computational complexity [7]

2.3 Spiking neuron models

Similar to the neurons of the second generation, there are different artificial neuron
models which model different parts of the biological neuron. Choosing a neuron
model is usually a trade-off between biological plausibility and complexity which
can be seen in figure 7. Following is a short overview over the most common neuron
models.

Figure 7: Figure from [10], ranks different neuron models by biological plausibility,
which is defined by the number of different spiking behaviors or features a model
can reproduce and by the computational complexity which is needed to simulate
a model

Hodgkin-Huxley
Presented by A. L. Hodgkin and A. F. Huxley in 1954 and awarded with the
Nobel price in medicine in 1963, this model is one of the most known neuron
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models. Its key feature is the accuracy with which it models the biological
behavior of real neurons. The price for this accuracy is a high complexity
which disqualifies the model for usage in bigger networks. It is nevertheless
important, as it can be used to derive simpler model.

Leaky Integrate-and-Fire (LIF) neuron
The Leaky Integrate-and-Fire is one of the most common spiking neuron
models used. It is Its main advantage is its simplicity. The LIF neuron
integrates all input spikes which increases the membrane potential until it
reaches the firing threshold, then it drops and the neuron sends a spike as
output. If no input event occurs, the membrane potential slowly decreases
(leaking) to zero[7]. An example of a LIF neuron is shown in figure 6.

Izhikevich neuron
In 2003 E. Izhikevich presented a simple neuron model [10] which is able to
reproduce most of the biological spiking behaviors without being particularly
complex. Due to the fact that this model seems to be both, efficient and
plausible, it has attracted lots of attention. Today it is not yet widely used in
neural networks, as more complex spiking behaviors are not yet controllable
for learning and information coding. [13]

3 Comparison of regular convolutional neural networks and
(convolutional) spiking neural networks

3.1 Availability of suitable training data

While frame based neural networks are widely used, spiking neural Networks are
still in their infancy. One point that slows down the research on SNNs is a lack
of available datasets.[11] While there are millions of ground truth annotated Im-
ages available, the number of labeled, event-based, frame free datasets is small.
Especially big, event-based benchmarking datasets, which would encourage com-
petition, are rare. One of the reasons for this deficit is the difficulty of annotating
event-based video data.[11] Until real event-based benchmarking datasets are avail-
able, a compromise is to transform frame-based datasets into frame-free ones, like
it is done in [12]. These transformations allow to develop first applications for
SNNs but it can only be an interim solution as it is unlikely that SNN will be
able to show their full potential in terms of speed and mobility without datasets
which are tailored to their needs[11][12]. Another problem is, that those datasets
are often flawed like it is shown in figure 8, where the monitor refresh rate is seen
in the event-based dataset.
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3.2 Technology readiness level

Figure 8: Shows a problem that occurs
when transforming frame-based datasets
into frame-free datasets by filming them
with a DVS camera is that the tem-
poral resolution of the DVS camera is
higher than the discrete refresh rate of
the screen. Here we can see a Fourier
analysis of the MNIST-DVS dataset. We
can observe a significant peak at 75Hz
which is refresh rate of the monitor.[12]

The understanding of spiking neural
networks is not yet as broad as of regu-
lar neural networks. Reasons are, that
the focused research on spiking neu-
ral networks began recently after reg-
ular neural networks have become suc-
cessful and that biological inspired neu-
rons are more complex and more diffi-
cult to understand than neurons of the
first two generations. This low technol-
ogy readiness level makes working with
spiking neural networks more difficult,
efficient learning algorithms are for ex-
ample still an open research problem.
[13]

3.3 Speed, energy efficiency and
computational complexity

A big difference in between regular neu-
ral networks and spiking neural net-
works is the speed with which informa-
tion can be processed. While regular
NNs process information synchronized,
that means that every neuron in a layer is evaluated before the information can
progress to the next layer, SNNs process information in an asynchronous, event-
based way. Event-based processing has several advantages, first of all, a neuron is
only activated, when it is addressed by an event. This allows the spiking neural
network to be much more energy efficient. An example for a very energy efficient
implementation is presented in [18], where a processor was build based on spiking
neurons. It consumes up to 1000 times less energy than common processors. That
a neuron is only activated when a event occurs, means also, that the neuron needs
only to be evaluated in this case, while in a conventional neural network all neu-
rons have to be evaluated in every time step. This makes SNNs less computational
demanding.

Secondly, a neuron can respond directly to a event and does not have to wait until
all the neurons in a layer are evaluated, nor to the next discrete time step to fire
its response. The ability of an SNN to process information without delay is also
called pseudo simultaneity[13]. This is especially important in combination with
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Figure 9: This figure shows the differences in speed of regular frame-based vision
system connected to a CNN and an event-based vision systems connected to a
SNN. a) shows an abstract view of the architecture and the input. Both systems
get a clubs symbol as input and have 5 processing stages. While the regular
system in b) is dependent on the frame time of 1ms, the event-based system in
c)can process information as it comes. It can be seen that a deeper layer starts
fire spikes when the first stage is not yet done with processing.[13]
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event-based neuromorphic hardware such as DVS cameras. Figure 9 shows the
difference in speed when processing event-based information. The regular CNN
works with discrete time steps and information can only progress one layer in every
time step. On the contrary, information in the SNN is processed as it arrives and
can progress through the network without having to wait for the next discrete time
step.

4 Examples for Spiking Neural Networks applications in com-
puter vision

4.1 Mapping conventional learned CNNs to SNNs with applications to
poker symbol recognition

A method that can simplify the work with SNN was proposed in [13]. While learn-
ing methods are very well developed for frame based CNNs, they are still an open
research problem for frame free spiking neural networks. the presented method
avoids this problem by transforming a regular CNN, trained with conventional
learning methods, into a SNN which is then able to solve the same problem.

The result wished in [13], is a convolutional SNN that recognizes the card symbols
off an event-based dataset. It is build from a DVS recording of hands browsing a
poker deck. An example can be seen in figure 10. To train the regular CNN, the
data has to be frame-based, therefore images are generated by collecting events
during a frame times of 30ms. These images where then used to train the frame
based CNN using error back propagation.

After the learning procedure, a SNN with the same architecture and the same neu-
ron connections is created. In [13] a set of equations to parametrize the LIF neurons
calculate their weights is presented. After the mathematical transformation, sim-
ulated annealing optimization routines are used to fine tune the parameters.

The resulting SNN was fed with the testset and was able to recognize in between
97.3% and 99.6% of the symbols. The approach presented by [13] looks very
promising as it evades the difficulties that directly learning a SNN poses and
allows to use the knowledge from CNNs.

There are similar approaches where fuully learned regular CNNs are transformed
into SNNs but where conventional frame-based datasets are preprocessed into
frame-free event-based datasets. This approach was taken by [16] to recognize
handwritten digits which can be seen in section 4.2 and by [15] and [19] to detect
objects as it is presented in section 4.3.
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4.2 Handwritten digits recognition

Regular CNNs have achieved striking results in computer vision applications,
therefore and because of the attractive combination with event-based DVS cam-
eras, research on SNN is heading towards computer vision applications. Due to
the poor availability of suitable datasets, research is concentrating on the few ex-
isting benchmarking datasets. One of the most commen ones is the MNIST-DVS
dataset. An event-based version of the MNIST, handwritten digits, dataset which
was used in [1]. It is notable, that the MNIST-DVS dataset consist only of 10’000
samples of handwritten digits while the original MNIST dataset consists of 60’000
samples.

In [16] an approach similar to [13] presented in section 4.1 was taken, only here,
preprocessing is used to convert the frame-based dataset into a event-based dataset
by generating Poisson distributed spike trains based on the intensity value of a
pixel. This allows the usage of the whole 60’000 samples for training and testing.
In [16] the prediction error using a deep convolutional SNN was reduced to 0.9%
compared to 0.21% with regular CNNs7. Notable is, that with a comparable
prediction performance, the SNN evaluates the result five times as fast. Another
approach is presented in [17] which uses the tempotron learning rule to directly
learn a SNN from the MNIST-DVS dataset. They achieved a recognition rate of
88.14% but had only the reduced number of samples available.

4.3 Object classification on the CIFAR-10 dataset

In [19] Y. Cao et al. present a method to convert a regular CNN into a con-
volutional SNN which then can be implemented on more efficient neuromorphic
hardware. Unlike the method presented in section 4.1, Y. Cao et al. do not train
their regular network with DVS data which was converted into frames, but they
train their regular network on the original dataset, convert the trained network
into a spiking neural network and use a preprocessing step to convert the regular
input images into frame-free event based input for the SNN.

This approach allows them to test their spiking neural network on a wide-range
of available frame-based datasets. They are benchmarking their network on the
CIFAR-10 dataset, which consists of 60’000, 32 x 32 pixel, labeled images from
ten categories ( for examples: Bird, dog, airplane or truck). CIFAR-10 is a well
known classification benchmarking dataset which allows to compare the results of
regular CNNs with SNNs. As regular neural networks achieve error rates below
1% the successor CIFAR-100 was introduced.

7Recent estimation results can be seen under: http://rodrigob.github.io/are_we_there_
yet/build/classification_datasets_results.html#4d4e495354
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Their transformed SNN achieves an error-rate of 22.57% which is worse than the
original network from A. Krizhevsky et al. presented in [2] which achieved 14.63%
and which they used as model. In [15] Hunsberger et al. use a similar approach.
But they present a new way which allows to transform a regular CNN into a SNN
made from LIF neurons. They do this by smoothing the LIF response function
so that rectified linear activation functions from the regular neuron model can be
fitted to the slightly modified LIF neurons. In their paper they present the first
deep convolutional spiking neural network which uses LIF neurons and achieves
an error of only 17.05% which is close to the original result from A. Krishevsky in
[2] which was also the model for them.

4.4 Hand posture estimation

In [14] Q. Liu and S. Furber trained a spiking neural network to recognize simple
hand postures. The network runs on a spiNNaker chip, a computer architecture
for SNNs, and gets input from a DVS camera. They present a big and a small
version of the same network to fulfill this task. Both are tested under real live
condition, where they can recognize hand postures in real time with an accuracy
of 93% for the big one and 86.4% for the smaller network. Notable is, that the
smaller network uses only 10% of the resources while it still achieves 92,9% of the
performance.

4.5 Human action recognition

In [17] a network of leaky integrate-and-fire neurons was successfully used to rec-
ognize human action. The network was trained with the tempotron learning rule
using the AER Posture Dataset, an event-based dataset of small video sequences
which show humans performing simple actions like walking, sitting or bending.
Their network reaches a recognition rate of 99.48% which probably means, that
the dataset is to simple. Nevertheless their work is an interesting example on how
SNNs can be used for event-based video sequences.

4.6 Examples of non-vision applications

There are some other applications of SNNs which might be interesting but are not
in the scope of this work and are therefore only mentioned. A recent example from
robotics is [20] where a SNN is used for the indoor navigation of a robot. Another
area for SNN applications is the analysis of spatio-temporal data such as it was
done in [21] for speech recognition applications or in [22] where a SNN is used
to analyze and understand brain data. Next to the famous research topics there
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Figure 10: The left picture shows the creation of the dataset with a normal frame-
driven camera, the picture on the right shows the same picture from a frame-free
camera obtained by collecting events for 5ms.

Figure 11: Examples of the different hand postures used in [14]. The postures are
from left to the right: Fist,Index Finger,Victory Sign, Full Hand,Thumb up.
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are also some niches like in [23] where a SNN is used to build a biological more
plausible nose which is then used for tea odour classification.
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5 Conclusion

Frame-free spiking networks have important advantages over regular, frame-based
neural networks. They are more energy efficient, less computational complex and
faster. These are important requirements for mobile and robotic applications. But
spiking neural networks cannot compete yet with regular neural networks in terms
of performance. Reasons therefore are a lack of suitable, event-based datasets and
not yet fully developed learning algorithms.

It is possible today to avoid those problems by recording regular datasets with a
DVS camera or by transforming fully learned regular neural networks into spiking
neural networks. This simplifies the application of spiking neural networks for
vision tasks such as handwritten digit recognition or object recognition.

Even though these are good preliminary solutions, it is unlikely that spiking neural
networks can develop their full potential while working with datasets or algorithms
which are tailored for the needs of frame-based neural networks. To explore the
full potential of spiking neural networks, the development of efficient learning algo-
rithms and the creation of real event-based benchmarking datasets is needed.
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