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Traditionally the Perception Action cycle is the first stage of building an autonomous
robotic system and a practical way to implement a low latency reactive system within a
low Size, Weight and Power (SWaP) package. However, within complex scenarios, this
method can lack contextual understanding about the scene, such as object recognition-
based tracking or system attention. Object detection, identification and tracking along
with semantic segmentation and attention are all modern computer vision tasks in which
Convolutional Neural Networks (CNN) have shown significant success, although such
networks often have a large computational overhead and power requirements, which
are not ideal in smaller robotics tasks. Furthermore, cloud computing and massively
parallel processing like in Graphic Processing Units (GPUs) are outside the specification
of many tasks due to their respective latency and SWaP constraints. In response
to this, Spiking Convolutional Neural Networks (SCNNs) look to provide the feature
extraction benefits of CNNs, while maintaining low latency and power overhead thanks to
their asynchronous spiking event-based processing. A novel Neuromorphic Perception
Understanding Action (PUA) system is presented, that aims to combine the feature
extraction benefits of CNNs with low latency processing of SCNNs. The PUA utilizes
a Neuromorphic Vision Sensor for Perception that facilitates asynchronous processing
within a Spiking fully Convolutional Neural Network (SpikeCNN) to provide semantic
segmentation and Understanding of the scene. The output is fed to a spiking control
system providing Actions. With this approach, the aim is to bring features of deep learning
into the lower levels of autonomous robotics, while maintaining a biologically plausible
STDP rule throughout the learned encoding part of the network. The network will be
shown to provide a more robust and predictable management of spiking activity with
an improved thresholding response. The reported experiments show that this system
can deliver robust results of over 96 and 81% for accuracy and Intersection over Union,
ensuring such a system can be successfully used within object recognition, classification
and tracking problem. This demonstrates that the attention of the system can be tracked
accurately, while the asynchronous processing means the controller can give precise
track updates with minimal latency.

Keywords: spiking, convolution, segmentation, tracking, STDP, neuromorphic, neural network, asynchronous

Frontiers in Neurorobotics | www.frontiersin.org 1

October 2020 | Volume 14 | Article 568319


https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org/journals/neurorobotics#editorial-board
https://www.frontiersin.org/journals/neurorobotics#editorial-board
https://www.frontiersin.org/journals/neurorobotics#editorial-board
https://www.frontiersin.org/journals/neurorobotics#editorial-board
https://doi.org/10.3389/fnbot.2020.568319
http://crossmark.crossref.org/dialog/?doi=10.3389/fnbot.2020.568319&domain=pdf&date_stamp=2020-10-19
https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neurorobotics#articles
https://creativecommons.org/licenses/by/4.0/
mailto:paul.kirkland@strath.ac.uk
https://doi.org/10.3389/fnbot.2020.568319
https://www.frontiersin.org/articles/10.3389/fnbot.2020.568319/full




























Kirkland et al.

Perception Understanding Action

second movement, (C) third movement.

FIGURE 6 | Overlapped Segmentation output over the complete event stream, showing the triangle of movements over the three saccades, (A) first movement, (B)

feature were reset to initial parameters, and (C) shows the newly learned features.

FIGURE 7 | Features from the second convolution layer during training highlighting the pruning process. (A) Highlights the features prior to pruning, (B) shows which

removed as it lacks any real structured shape, but the distractor,
Garfield, remains and progresses onto Conv 2. During this layer
though, due to its low saliency with any of the learned features for
the classes of Face or Motorbike the distractor is removed from
the processing pipeline. This leaves only the two known classes,
which then progress onto the Conv3 layer, then through the
decoder layers to the output where they are successful segmented.
When testing the multi-stream input without any noise the
accuracy and IoU value is identical to the single stream instance
at 96.8 and 81%. Then with added noise this value sees a slight
reduction to 95.1 and 79% for accuracy and IoU, these results
are also shown in Table 1. The decreases being attributed to
the noisy pixels directly contacting or occurring within the class
boundary, as the network has no real way to discern this noise
from actual data. This is clearly shown within the segmented
output comparisons shown in Figure 10, where the noiseless

output (A) and the noisy (B) show considerable difference in their
respective segmentations with far more diagonal lines present in
the noisy output (B) in comparison to (A). This outcome could
have been predicted and will be highlighted in section 4.3 as the
first layer of the network has a larger feature representation for
the diagonal line when compared to the horizontal and vertical
lines, with more pixels allocated to representing the diagonal lines
rather than horizontal and vertical, due to the larger variety of
edges this feature had to represent. Meaning relatively with the
same threshold the diagonal feature is more likely to be activated
than the horizontal and vertical.

With the segmentation successfully output the spiking
controller now has less spiking activity so should find it easier
to be able to track a given class. The tracking starts once the user
has made a selection of which class is to become the attention
of the network. Experimentally this was tested by selecting the
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initial location of the inputs.

FIGURE 8 | Example of input for the Multi-Stream Input without noise (A) and with noise (B), both with extra gridiines indicating the 3 x 3 grid which determines the

attention after two successful multi class segmentation examples
where the stream inputs were repositioned. Figure 11 displays
the outputs of the three inputs (A-C) with their subsequent
paths to segmentation. Figure 11 shows that for inputs (A,B)
the network is correctly segmenting the input and displaying an
output with a highlighted segment displayed in the 3 x 3 grid.
It is only in Figure 11C that the guided attention mechanism
is triggered causing the inhibition of the other class in the
propagation between layer Conv 3 and T-Conv 3. This feature
is highlighted with the red circle showing which neurons are
now no longer represented in the subsequent layer and thus no
longer computed out to the segmentation, highlighting part of
the efficiency in SNN. The last section of the diagram in Figure 11
highlights the attention of the network being drawn to the face
located on the bottom left of the grid, which in the spiking
controller would result in an output of left and down to ensure
the face is located within the central region. The arrow within
the Figure 11C also indicated the movement of the track update,
which is based off the central region as within the previous two
sequences the multiclass attention doesn’t give a control output.
This attention-based tracking update is delivered within 34 ms
or 34 input steps, which with the 11 ms processing lag with
each layer to propagate through the network results in a 31 ms
delay within the 300 ms input stream. This may seem like a
considerable amount of time, but as shown in both Figures 2,
9 due to the way the N-Caltech dataset was recorded, the first
30 ms of the recording contains very little information due to
the lack of movement with the main concentration of spiking
activity during the middle of each of the saccade movements.

To test this the first 30 ms of events were removed from all the
input streams which result in a reduction in track update to 15
ms and with the offset of 11 ms to progress through the network
means a 4-5 ms latency to get from input to a control output
if the processing could be done in real-time. However, even this
latency is mainly from the initial delay in spiking activity within
the network first layer, suggesting once running the latency would
decrease. This would make it a highly competitive alternative or
efficient middle ground between highly precise CNNs and low
latency edge detection systems. Furthermore, the total number of
average calculations represented by the images seen in Figure 11
is only ~9% of the total available calculations (equivalent CNN)
due to the sparse nature of both the features and the SNN
thresholding processing. Approximately 10% of capacity is used
in the encoding process and ~5% in the decoding process, which
is visualized in both Figures 9, 11.

4.2.2. Tracking From Handheld NVS

For this section, the SpikeSEG network was retained to be
able to identify a panda desk ornament and aims to better
highlight the control and tracking aspects of the PUA system.
The input stream recorded from DVS346 NVS has the panda
start on the far left in the field of view then the camera pans
to the left resulting in the panda being on the far right, with
an example of the input images shown in Figure 12A. The
results detail how well the segmentation would work within this
example, with the extra complexity of 3D shapes and natural
indoor lighting conditions. Overall the results of the 1 s test
stream, show that only 60 ms (6%) of streaming footage failed
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FIGURE 9 | Full Layer-wise spiking activity for the system, showing the progression of spikes through the network encoding then decoding section into the
segmentation output.

to produce a segmentation output. This also occurs at the points
where the least amount of movement of the camera happens,
the turning points, subsequently producing fewer output spikes.
Nevertheless, this results in no actual loss in tracking accuracy
as the panda object stayed within the previous segmentations
IoU bounding box. Furthermore, the IoU for this test stream
was 75%, shown in Table 1, perhaps lower than expected given
the high level of accuracy within the classification/segmentation

process. This is illustrated in Figure 12A where the middle
section of the panda is not well-resolved by the sensor, meaning
on occasion the segmentation output was only of the top
or bottom section. Figures 12B-D also show the full system
process for the two different control outputs of moving left (D)
and right (C), that is when the segmentation area enters the
proximity of the spike counter at the edges of the output image.
Within Figure 12D there is also an example of how the system
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FIGURE 10 | Segmentation overlays for the (A) Multi-Stream Input and (B) Multi-Stream Input with noise, including the classes Face, Motorbike, and Garfield from the

overcame a background object that could have affected simpler
approaches, as originally the input image had a background
object on the right hand side of the image. Due to the feature
extraction and segmentation, the background object was unable
to influence the controller which without the Understanding-
based segmentation would have had spiking activity in both left
and right spike counters.

4.3. Robustness and Interpretability

This section highlights two key features of utilizing an SNN
approach for this framework, the first is system robustness,
especially that pertaining to Perception and Understanding (the
sensor and processing) and how that affects the Actions of the
system. The second feature is that of interpretability something
that is not often not associated with CNN type approaches.

4.3.1. Robustness

The added robustness of the PUA approach comes from
the Understanding section within the PEAT (Pre-Empt then
Adapt Thresholding) mechanism. As mentioned in section
3.3.2, the buffering of input spikes allows a spike counter to
be implemented, allowing a pre-emptive rather than reactive
approach to the thresholding within the network. Permitting
synaptic scaling homoeostasis to increase the threshold values

on all layers, ensuring noisy or adversarial inputs are mitigated
first. Subsequently, if the spike level persists the threshold levels
using an intrinsic homoeostasis may be adapted. An example
of this system at work is illustrated within Figure 13, with (A)
showing a multi-stream input with no noise, then the input is
corrupt with noise in (B-D) showing the resulting effects of
the noise throughout the system with and without the PEAT
mechanism active. The PUA framework implements the regime
that no output is better than an incorrect output, especially
when the input is degraded due to noise or adversarial sensor
values. This robustness features is highlighted in the output of
Figure 13B which is incorrect and if passed to the controller
could cause an undesired response, meanwhile in Figure 13C the
PEAT is seen to allow the network to threshold the noise level
resulting in no segmentation output. Incidentally, Figure 13D
could be the adaptive outcomes of both approaches (B,C), it is
just intermediate control output suppression that adds an extra
level of robustness to the system.

4.3.2. Interpretability

The interpretability of a system is often overlooked when values
of accuracy or precision appear to be high. But understanding or
gaining some insight into how the system got to an answer could
be a valuable advantage for SCNN compared to conventional
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FIGURE 11 | Image showing three separate multi input data streams. (A,B) both representing the full system layer-wise computations when no attention is selected,
while (C) shows the layer-wise computation after the Face class has been selected as the attention of the network, thus enabling a simplification of the output and
activating the action part of the system with a tracking controller update.
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FIGURE 12 | (A) Panda Input Image, (B) Panda being in the middle in the field of view, (C) Panda reaching rightmost boundary triggering a control action, (D) Panda
reaching leftmost boundary triggering a control action.
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FIGURE 13 | Highlighting the Robust noise suppression with the Pre-Empt then Adapt Thresholding mechanism. (A) Showing no noise input as reference, (B)
Showing noisy input without PEAT active, resulting in noisey output, (C) Pre-Emptive Thresholding causing over suppression of neurons resulting in no output, (D)
Shows the input to output with PEAT active, suppressing the noise but allowing the useful data to pass through.

CNNs. As SCNN trained using STDP happen to produce a
sparse feature variation of typical CNN outputs, the SCNN
results in features that are more akin of those from contour
matching papers (Barranco et al., 2014) while CNNs typically
take on features that resemble textures (Olah et al., 2017). These
texture maps are often hard to interpret, although modern
approaches have found ways to highlight the most salient parts
of an input with reference to these texture maps. Nevertheless,
it is still often difficult to predict how the system might react
to an unknown input. The features that were learned for
the testing of the N-Caltech dataset used within this work
is shown in Figure 14. Figure 14A, illustrates the differences
between the previous version of the model and the current
implementation with PEAT and pruning improving the feature
extraction, using the same Conv-1 features representing simple
edge detection structure of horizontal, vertical and two diagonal
lines. Figure 14A then shows the mapping those features onto
the weights of the Conv-2 resulting in the features that resemble
shapes and objects before the classification stage in Conv-3.
It can be seen that half of the 36 features in Conv-2 relate

to the Face class and the other half the Motorbike, with
these features helping to build up the classification layers with
two features either Face or Motorbike. This image helps to
explain what the network has learned and how it appears
to be looking for contour like shapes to help it distinguish
between inputs. Along with this insight into how the network
operates, it also allows the user to perhaps understand why
it might not always give the correct answers. Similar to how
if creating a system using hand-crafted contours features,
you would understand the limitation this allows a similar
understanding to be had. This could allow manual manipulation
of features or manual pruning throughout the training if the user
happens to have expert knowledge of the task, bringing neural
networks closer to known computer vision-based techniques,
which could provide an interesting overlap, especially in the
robotics domain.

In order to perceive how the additional classes affects the
interpretability of the system Figures 14B,C highlights a sub-
selection of the features within the 5 and 10 class models. This
highlights how the interpretability is still there for some of the
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FIGURE 14 | (a) Features map representations of the convolution layers, with coloring to match the latent space representation from the two class experiment,
showing prior and current results of the Conv-2 features and Class features. The Figure also shows a selection of features from both the Five Class (b) and Ten Class
(c) experiments. Top half showing the Conv-2 features and the bottom showing the Class Features. (a) Classes shown in Class Features are Motorbike-Face then
Face-Motorbike for the previous and current results. (b) Classes shown in Class Features order are: Face, Motorbike, In-line Skate, Stop Sign, and Watch. (c) Classes
shown in Class Features order are: Stegosaurus, Watch, Cup, In-line Skate, Motorbike, Revolver, Camera, Face, Stop Sign, and Windsor Chair.

features while others have become more difficult to understand,  is not without its drawbacks, as there is an overall decrease
perhaps due to overlapping features from two classes. Overall,  in accuracy associated with this adding of extra classes. That
Figures 14B,C highlight how reviewing of the features within  perhaps indicates the limitation with this unsupervised method
a Spiking Neural Network can help to gain understanding in terms of problem scaling. For instances with the 100
about parts of the network, with the classification layers features  classes available within the N-Caltech dataset, the system would
representing each of the 5 and 10 classes. The visualizations help ~ only be able to learn the most common features that occur
to explain why certain classes might struggle vs. others due to  within each class, but only if they present a large enough
similar sub classification features. variance. That is it will only learn common class features as

long as they look different enough from the other classes.

Which is essentially what can be seen happening with the
5. DISCUSSION 5 and 10 class experiments visualized in Figures 14, 7C.

Figure 7C highlights that even with a high inter class variance
The understanding method shown in this work details an  the kernels sometimes learn differentiating features from all
unsupervised STDP approach. To fully utilize the spiking nature  other classes, while other times learns features that are an
of the processing it is paired with the perception method of  amalgamation of two or more classes. The 5 class experiment
spiking input sensor. Together this perception understanding  displays this most prominently with the Bike and In-Line Skate
pair can successfully semantically segment up to 10 classes of the  classes, as there are similarities between the outline shape of
N-Caltech dataset. The output of this process is a spiking grid  both objects.

indicating the location of the class within the scene, which can Nevertheless, this ability to find most common features
be interpreted by the action system to allow the objects to be  that express the highest variance from others, is both the
followed if attempting to leave the field of view. limitation and strength of this STDP approach. Limiting in

The full PUA process is completed in a spiking and  that this approach might not scale to larger datasets, but a
fully convolutional manner. This ensures all calculations are strength in that it made the network asynchronous, adaptable,
either spiking or spike counting. Allowing the network to  computational sparse and visually interpretable. This highlights
maintain the temporal and processing advantages, along with  that the STDP method used might not be suitable for all
the asynchronicity associated with neuromorphic vision sensors,  problems, but serves as a indication of the benefits if the
from input to output. However, this method of processing  problem is appropriate. This work demonstrates that STDP
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alone can be used to find the most common features of a
dataset. Which in turn, can be used to successfully perform
image classification and semantic segmentation. However, a
further learning rule to help focus on more discriminative
features, such as R-STDP (Izhikevich, 2007; Legenstein et al.,
2008; Mozafari et al., 2018) would be a useful extension. This
could help in tackling the main issue of inter to intra class
variance differentiation. This could allow not only the most
common feature to be discovered, but the most common
discriminative feature.

6. CONCLUSION

We proposed a new spiking-based system, the Perception
Understanding Action Framework, which aims to exploit the
low latency and sparse characteristic of the NVS in a fully
neuromorphic asynchronous event driven pipeline. Using the
understanding gained through the SpikeSEG segmentation, the
network is able to detect, classify and segment classes with
high accuracy and precision. Then from this understanding,
the system makes a more informed decision about what action
is to be taken. In this context, the framework was able to
show a semantic class tracking ability that combines feature
extraction capability of CNNs and low latency and computation
throughput of line and corner detection methods. The framework
also explores the unique benefits that can be gained through
utilizing SNNs with interpretability and robustness, with the use
of thresholding algorithms and sparse feature extractions. The
PUA framework also shows off the unique attention mechanism,
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emphasizing how simple local inhibition rules when combined
with an encoder decoder structure; this can help reduce the
computation overhead of the semantic segmentation process.
This research highlighted the series of benefits when utilizing
a fully neuromorphic approach with a pragmatic engineering
and robotics outlook, looking at the biologically inspired
mechanisms, features and benefits, then combining them with
modern deep learning-based structures.
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