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ABSTRACT Neuromorphic vision sensors provide low power sensing and capture salient spatial-temporal
events. The majority of the existing neuromorphic sensing work focus on object detection. However, since
they only record the events, they provide an ef cient signal domain for privacy aware surveillance tasks.
This paper explores how the neuromorphic vision sensor data streams can be analysed for human action
recognition, which is a challenging application. The proposed method is based on handcrafted features.
It consists of a pre-processing step for removing the noisy events followed by the extraction of handcrafted
local and global feature vectors corresponding to the underlying human action. The local features are
extracted considering a set of high-order descriptive statistics from the spatio-temporal events in a time
window slice, while the global features are extracted by considering the frequencies of occurrences of the
temporal event sequences. Then, low complexity classi ers, such as, support vector machines (SVM) and
K-Nearest Neighbours (KNNs), are trained using these feature vectors. The proposed method evaluation uses
three groups of datasets: Emulator-based, re-recording-based and native NVS-based. The proposed method
has outperformed the existing methods in terms of human action recognition accuracy rasd&tyl®3%,

and 2561% for E-KTH, E-UCF11 and E-HMDB51 datasets, respectively. This paper also reports results for
three further datasets: E-UCF50, R-UCF50, and N-Actions, which are reported for the rst time for human
action recognition on neuromorphic vision sensor domain.

INDEX TERMSNeuromorphic vision sensing (NVS), event cameras, dynamic vision sensing (DVS), human
action recognition (HAR), local features, global features.

I. INTRODUCTION 120
Neuromorphic vision sensing (NVS), also known as dynamic
vision sensing and event camera sensing, which has
emerged recently, is capable of capturing fast spatio-temporal
spikes (changes) in a scene with low power consumption L
[1] [8]. Such data is of the form of a continuous stream e
of spatio-temporakventsor spikes as opposed to regularly gy, ~ %, 2 4 5 ° ! ’
uniformly spatio-temporal sampled values traditions imag- * Timestamp 10

ing systems, as in active pixel sensing (APS). This allowsFIGURE 1. Representation of the events of a running action using an
NVS to measure changes in intensity at each pixel a‘Syl,]_emulator to generate the events. Green/Red points are for visualisation

. . . . 1 of ON and OFF events.
chronously, instead of acquiring the intensity of that pixel,

i.e, non-uniformly sampling temporally leading to a render- 3D points, referring to the spatial location (in terms ©fyj

ing frame rate up to 2000 fps with consuming low power. coordinates and the time of the event. An event is recorded

It encodes the intensity change at each pixel in the form ofeither as an initiation (ON) and a termination (OFF), shown

aneventor aspike FIGURE1 shows an example of a stream jn green and red points, respectively in FIGUREEach

of events for a person running. This stream is represented asvent in this gure has potentially valid information that can

be explored to understand the scene, in terms of object and

The associate editor coordinating the review of this manuscript andaction recognition. Although success has been reported in

approving it for publication was Alessia Saggese visual content understanding using traditional imaging in the
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literature, in order to optimally use event or spike data fromneeded for the advancement of usage of NVS devices in real
NVS, novel algorithms for processing and learning such dateapplications. In this work, we present a novel methodology
are needed. In this work, we explore how NVS data can beor ef cient understanding of NVS data for HAR applica-
analysed for human action recognition (HAR). tions. The main contributions of our work include

HAR from video sequences captured using conventional
APS imaging systems primarily detect and model motion
patterns to learn important features of an action to train a
classi er [9] [22]. The features can be either handcrafted or
learned by deep learning approaches. Although these have
shown very high accuracy rates for benchmark datasets, 2)
such conventional vision systems often suffer from many
limitations, such as, limited frame rate, high redundancy
within the successive frames and motion blurring, affect-
ing the performance of action recognition [22], [23]. Also,
pre-processing steps, such as estimating motion from video
pixels (block matching, optic ow or phase correlation)
are computationally expensive. Furthermore, conventional
video-based HAR has also caused privacy issues in the con-
text of assisted living [24] [26]. Exploration of NVS data 4)
for HAR also enables to overcome some of these limita-
tions intrinsic to conventional imaging-based HAR. As NVS
encodes the intensity change at each pixel and samples
at non-uniform sampling rates, events with high frequency
of occurrences correspond to high motion present in the The rest of this paper is organized as follows: Sectlon
scene, which is a solution for motion blurring due to high reviews the related work on exploring the NVS domain for
speed motion as often seen in conventional APS camerad!AR. In Sectionlll, we present the proposed methodology
Such a high motion response means that NVS based camef@r understanding NVS data for HAR. Sectitvi shows the
is regarded as a data-driven sensor since the output Nv$&Xperimental evaluation of the performance of the proposed
depends on the magnitude of the apparent motion in thénethoq and discussion followed by the concluding remarks
scene [23]. These advantages combined with low power conl SectionV.
sumption and low throughput for streaming have emerged
NVS as a suitable vision sensor for robotics and mobile-basedl. RELATED WORK
applications [27] [29]. The existing work on neuromorphic vision sensing in

Although NVS-based vision applications have seencomputer vision can be grouped into three themes: object
emerged fast recently [23], it has not resulted in many worksdetection [47] [49], pedestrian detection [50], [51] and hand
in human motion analysis. Most recent works exploring NVS gesture recognition [33] [35]. There is only a little work
data for human motion analysis consists of low semanticon exploring the neuromorphic data beyond object detection
tasks, such as, hand or nger movement analysis [30] [37] addressing highly semantic applications, such as, multi class
and human fall detection [38]. However, exploring NVS data action recognition, which still poses an important challenge.
for higher-level semantic tasks, such as, multi-class HAR,As mentioned in Sectioh, work on using NVS data for
is still in early stages [39] [43]. One reason for this slow HAR is still in early stages [39] [43]. Most of these methods
progress of NVS domain HAR is the high cost of NVS start with temporally aggregating the polarities into a collec-
devices compared to the conventional APS cameras [8] leadion of NVS data frames by considering a non-overlapping
ing to insuf cient annotated NVS domain HAR training time window corresponding to the frame rate of conven-
datasets [41], [44]. Recently emerged software-based emuional APS cameras. This is followed by using these NVS
lators for converting APS data into NVS data [45], [46] were frames for either extracting handcrafted motion features
also found useful for generating test data. or learned features for representing the actions in the test

However, rather than extending conventional HAR sequences.
approaches used in classical computer vision, new paradigms In [41], 8-bit gray-scale frames are constructed from the
are need to be explored for ef ciently understanding NVS events. Pixels of these frames are initialised with 128 and
data for HAR and other applications. Some of the challengeshen either are increased or decreased considering the polar-
in NVS data include presence of noisy events, understandingies of the events recorded at each spatial location (pixel)
true motion, lack of clarity of contexts in object boundaries by considering the time interval corresponding to an actual
due to lack of intensity data, high sparsity of data andframe. This is followed by extracting motion event features
missing spatio-temporal connectivity in NVS data. Therefore,(magnitude and direction of motion) considering stacked
effective NVS-domain feature extraction algorithms are event frames with variable stack sizes depending on the

1) A methodology for pre-processing NVS data includ-
ing a new algorithm for de-noising NVS datieg., to
remove the noisy events that may have been resulted
in due to certain acquisition parameters used in NVS
devices;

A methodology for extracting a new set of global tem-
poral features to model the global (long term) motion
patterns considering a long duration NVS event data
stream;

3) A methodology for extracting a new set of local
spatio-temporal features to model local (short term)
motion patterns considering a shorter durations of con-
nected events in short durations of an NVS event data
stream; and

Fusion of features for training a classi er and evalua-
tion of the proposed method for various types of NVS
data (real data, emulated data and recorded NVS from
an RGB playback) covering various types of actions.
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FIGURE 2. The pipeline of the proposed method for NVS domain HAR.

motion level in the activity. Finally, these motion information events followed by either handcrafted feature learning or
is fed into a convolution neural network (CNN) for feature deep learning. In either way, they do not take the full advan-
learning for HAR. They demonstrate the usability of eventtage of NVS event data, which can be considered as motion
data in HAR compared to conventional camera-based visiorninformation. Following the approach of frame creation or
systems, where complex optic ow estimation is required. motion parameter estimation has added complexity similar
A similar approach was followed in [40] by using two CNNs to conventional cameras based vision algorithms. Therefore,
to learn features from event frames and corresponding optiin our present work, we focus on extracting features on the
ow from the original RGB. Converting the events into NVS event domainj.e., exploring the events directly, for
frames is also applied in [43] to classify the actions of the HAR. Accordingly, we propose a new method that explores
neuromorphic version of UCF11 dataset. A time stamp aggrethe NVS domain alone by considering the temporal patterns
gation algorithm is used to create the frames from the eventspf ON and OFF events locally and globally to extract robust
where these frames are fed into CNN for classi cation with a description for HAR. The proposed method analyses the
92:90% of accuracy. In [39], three 2D motion maps (¥, patterns of the polarities using only NVS domain events
x-z andy-z planes) and Motion Boundary Histogram (MBH) and avoids converting the events into other domains without
are constructed from the events. Speeded Up Robust Fedosing the essence of neuromorphic computing.
tures (SURF) are extracted through grid search on the 2D
motion maps followed by k-means clustering to create alll. THE PROPOSED NVS DOMAIN FEATURE
Bag of visual vocabulary (BoVV) of k words from motion LEARNING
maps and MBH. Finally, the feature vectors constructed fromThis section presents the proposed method for NVS domain
BoVV are used to train the linear SVM. Also Graph CNN HAR including the novel contributions on noise removal
based methods were reported for NVS-domain object recogand constructing local and global spatio temporal event
nition, with case studies on HAR in [42]. descriptors. FIGURE 2 depicts the block diagram of the
The existing work that uses hand-crafted features hagroposed method with the pipeline of operations. The pro-
achieved an accuracy rate of:I78% [39], while the works  posed method is divided into ve main steps: pre-processing
that have used deep learning have achieved accuracy ratésr noisy event removal, NVS domain local feature extrac-
ranging from 515% to 929% [40][43] as detailed in  tion, NVS domain global feature extraction, feature fusing,
SectionlV-B. It can be also observed that the accuracy ratesand classi cation. We start this section by introducing the
of these methods depend on the quality of the constructetNVS operation and the notation followed by the description
event frames. The choice of time intervals plays a signi cantof the main steps of the proposed method in subsequent
role in this. All these methods create motion maps from NVSsubsections.
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A. NVS OPERATION AND OUR NOTATIONS each of nine spatial coordinates; ¢) of the window over

In contrast to the standard pixel-domain based camera, wheride total time of the slice is counted. This is followed by
the sensors record the information of pixels at a constantomputing the total number of events in the 3D window-
frame rate, the NVS acquires the change of luminance wittslice,S, and the maximum events over the slice length,

a variable sampling rate at each pixel. Accordingly, an event@s follows/

is triggered if the luminance at a pixel changes, the log %»C1l WC1

intensity exceeding a prede ned threshold is suf cient to be S D C (2)
considered as an event. This mechanism is performed inde- iDx 1jDy 1

pendently and continuously for each pixel in the chip's array iDx C1;jDy-C1

in NVS cameras, and the pixel is set to idle in case there is no m D m ®3)

oy e G-
X i iDx 1,jDy- 1

luminance change has been detected, leading to temporally ) ) )
and spatially adapted independent and non-uniform temporal Finally, & is processed to obtain new polarify, of the

sampling for each pixel. event as follows
We denote an everdy, a_lcquire_d at the coordinateg,and 0 p ifS<(k 3 3 m)
Yk, corresponding to a pixeRy, in the sensor array and at p°D 0 otherwise 4)

the timestampty, with the polaritypy, i.e., the orientation

of the shifted log intensityl. Py D log(lk), wherek is the  wherefk 2 RCjk < 1gis a user de ned parameter for
event index andy is the intensity aPx. Thus, an event is  controlling the number of events to be removed. We present a
represented a& D .xk; Yk; tk; Px/ as soon as the magnitude discussion on the choice of the paramétam SectionlV-A .

of L (Px) is shifted since the last event recordedPati.e.,

1L X Vot DL.xoviotd  Loxcyicote 1t/ (1) C. LOC_ZAL SPATIO-TEMPORAL FEATURE EXTRACTIQN .

) ) An action event stream can be represented considering the
exceeds a temporal contrast thresholdIAjis the ime when  oyerall spatio-temporal patterns appear in the overall action
the pixelPy is idle since the last event &. When the log  sequence, as well as considering the local variations corre-
intensity atPy exceeds thes is triggered with the polarity,  sponding to the actions. In this section we address how to
P 2 f 1,1g i.e, the orientation of log intensity change, exiract local features from the events stream, considering the
1L. It can be noticed that Eql)is similar to nding the  eyents in partitioned time slice,. Since each action results
pixel difference between successive frames in conventionaj gifferent spatio-temporal patterns of events at each time
cameras based computer vision. This pixel differenes,  \indow, the local descriptors aim to recognise these patterns
log intensity, is evidence of the presence of motion in thejeaging to representing discriminating features for speci ¢
scene. Therefore, this allows us to infer the implied motion g¢tion streams.
in the scene by exploiting the events statistics rather than The process is started wity at Ty, by sorting alle in
going through computationally expensive motion estimationpe ascending order of thecoordinate followed by grouping
algorithms often used in computer vision applications. these events ifiy into 1 g G , wheresy de nes

events that are successive and have the same polarity, such
B. PRE-PROCESSING THE NOISY EVENTS that

Depending on the threshold magnitude, some events are _ _
recorded in isolation without leading to any semantic s Dfeje D (x;yi;ti;p);andl i g (5)
meaning. We denote such events as noisy events and Wherexici % andpic: D pi 8i. According to Eq. §),

pre-processing step for removing such events (de-noising) ig)| events ins, represent a pattern of log intensity change.
applied on the. EvVents stream. , Processing such patterns of polarities contributes to tracking
LetE D fenjén D (niynitaipn); @and1 n Ngisa  yne gynamic changes for each action and capturing the local
stream Of_ events, Whe_m IS the length of thg event stream. gy cture of the events. This is achieved by modelling these
E is partitioned into time slicesT D fT,jl1 w Wg changes in terms the relationship of horizontal and vertical

whereT,, is the time slicew. This partitioning is based on locations,i.e., (x;y) coordinates of the events in each sgt,
the principle of the frame rate that one would expect for a;, tarms of the following quantitias

conventional camera video sequence. For example, if we have

an NVS stream for 5 seconds, we generate 150 event slices mg D x(sg)  y(sy) (6)

assuming a 30 frames per second frame rate. vg D XZ(Sg) 2(59); (7)
After partitioning the stream into event slices, for each slice du D Yol 8

letEy D feje D (x;y;t;p); andl ° Lg bethe gD X&) (S ®)

event stream in slice, whereL is the length of the total event  where , 2and are the mean, variance and the standard

stream in a slice, the following operations are applied. Fordeviation of the spatial coordinatesndy of the events irg,

each evene at spatio-temporal locatiox( y;t),a3 3 respectively. This gives us three data vectbtg, D fmgjl

window onxy plane centered on the event locatian - ; t-) g GgVwDfvwjl g GgandDy D fmyjl g Gg

is considered and the number of eveﬁ:t%;y) recorded on for each T,,. Then these data vectors are transformed

VOLUME 9, 2021 82689
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Algorithm 1 RLE of Polarities in a Stream of Events With o Feature vector elements of F} for different classes
Events ‘ ‘ ‘ ‘ ‘ ‘ ‘

1: Initialize Count 0. or « vondaving | |

2: Initialize RunLengths  []. o e T 1

3: for doi 1toN o g . i

4 if pi D pic1 then g wp s

5 Count  CountC1, Pt .

6: else g ol i . :

7 RunLengths  [RunLengths Couit € .l ’ ..

8 Count  O. ol

o: end if ol :
10: end for

11: ReturnRunLengths °L :

1 2 3 4 5 6 7

Feature index

(@) F1
into 3 vectors containing higher order statistics of the data Feature vector elements of F for different classes
vectors as follows R ‘ ‘ ‘ ‘ ‘
90 | ® handwaving
F1, D[ (Myw); maxMy); min(My); (Myw);::: sof | o nosppine | .
i AMw); (Mw) (Mu)l; (9) of |+ vatmg | :
Fo, D[ (Vw); maxtVw); min(Vw); (Mw);::: i% 60 .
V)i (V)i (VW (10) 2 I
F3, D [ (Dw); maxDw); min(Dy); (Dw);::: 3 T !
;0 %Dw); (Dw); Ow); (11) l .o
where and denote the skewness and the kurtosis, respec- 1or *
tively. Then for each element in feature vectdts,, F»,, and o ‘ ‘ ‘ ‘ ‘
F3, the average over allV slices are computed to get the 8 0 R
average feature vectorBy, F» andF3, respectively. These Feature index
three vectors are concatenated to get the local feature vector, (b) I
FL D fFy; Fo; Fsg with 21 feature elements for the event Feature vector elements of F3 for different classes
streamE. As an example, mean values of these feature vector erT—— ‘ ‘ ‘ ‘ ‘
elements for six sequences of one of the datasets (E-KTH) in D81 pandwaving .
FIGURES. or| D e .
00 ke |

D. GLOBAL FEATURE EXTRACTION £ e, . . :
Global features are extracted by considering the event stream f sof
for an action as a whole without resorting it into time-based % ot : .
slices. On the spatio-temporal event space, for each spatial B g : . :
coordinate X; y), all temporal events are stacked into tempo- ol ¢ ° ‘
ralgroupsHe D f hj1 h Hg whereH is the total num- ol : :
ber of temporal groups for the givex; ). A group is de ned o

as the continuous occurrence of events (eifheD C1 or

L L L L L L L
15 16 17 18 19 20 21

pi D 1) at user-speci ed temporal sampling periods. The Feature index
minimum events for a group is considered as 2, while just the © Fs

isolated single events are disregarded as noise. For all events _ o

. h ti imilar polarity counts recorded asFIGURE 3. Local fe_aturv_as ( F ) for six human a_ctlons in E-KTH dataset.

N h, the COI"ISG(.:U ve simi p . y. . (Values are normalized in the 0-100 region for visualization).

run-length encoding (RLE) as detailed in AlgoritHmRLE

keeps only the counts of consecutive occurrences withouthe discriminative features froR. Then the global temporal
keeping the magnitudes of the polarities. Run lengths of allfeature vectorf: (E) consisting of the 5-biki and four other
HE for all spatial locations are collected as a e, global features considering bathandE for the whole event

The rst part of the global feature vector represents the spa-stream as followsE g(E) D fH; F4; Fs; Fe; F7g where
tial locations,R, by computing the histogram of run-length

encoded polarities (HRLEPH. Our experiments have found Fa D maxR); (12)
that partitioning HRLEP into 5 bins is suf cient to capture Fs D maxW); (13)

82690 VOLUME 9, 2021
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(b) Fy4, F5, Fg, Fy features

FIGURE 4. Global features ( F ) for six human actions in E-KTH dataset.

(Values are normalized in the 0-100 region for visualization).

Fs andF7 are the number of ON and OFF eventsHn

Vn

(b) NVS device re-recording-based (R-UCF50)

FIGURE 5. Two examples for the same frame from a fencing sequence in
UCF50 dataset explaining the amount and the distribution of the events
in each frame: (a) PIX2NVS emulator has been used to generate the
stream of the events and (b) The DVS240C camera has been used to
acquire the events. For visualisation, the ON and OFF events are plotted
with green and red colours, respectively.

respectively. The global features extracted from six sequences

of the E-KTH dataset are shown in FIGURE as an

example.

E. FEATURE FUSION AND CLASSIFICATION

Finally, both F| (E) and Fg(E) are fused to construct an

overall feature vectok(E), as

F(E) DfFL(E); Fe(BE)g

their ef ciency, therefore, it is easy to compare with the
existing work.

IV. PERFORMANCE EVALUATION

This section reports the extensive experiments conducted
using challenging datasets to evaluate the performance of the
proposed methodology for using NVS data for human action
recognition.

ThisF(E) is a 30 dimensions feature vector to represent the
action inE, and itis used to train the classi er for recognising A. DATASETS AND EXPERIMENTS SET UP

the actions.

The publicly available and widely used NVS datasets can be

We conducted our experiments with several classi ers categorised into three main groups: Emulator based datasets
and found that the best results are obtained with KNN andgenerated from the commonly used RGB datasets; datasets
QSVM. On one hand, from the complexity perspective, theseof NVS devices based re-recording of RGB video displayed
classi ers have less complexity, especially KNN, comparedon a monitor and datasets of actions acquired by native
to other classi ers. On the other hand, these classi ers areNVS devices. In our naming of datasets we identify these
commonly used in the applications of computer vision for three groups with the pre xes E-, R- and N-, respectively in

VOLUME 9, 2021
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FIGURE 6. An example of pre-processing considering 0.03s time slice and three different user defined values; (b)

(d) k D 0:5 applied on four actions: Column 1 walking; Column 2 waving; Column 3 throwing; and Column 4 get-up.

(e) De-noising with k=0.125

(a) Before pre-processing

(b) Before pre-processing

(f) De-noising with k=0.125

(i) De-noising with k=0.25 (j) De-noising with k=0.25

(c) Before pre-processing

(g) De-noising with k=0.125

(k) De-noising with k=0.25

(d) Before pre-processing

(h) De-noising with k=0.125

(1) De-noising with k=0.25

.
(3
Ee)
Pt

A

(m) De-noising with k=0.5 (n) De-noising with k=0.5

(o) De-noising with k=0.5

the dataset names. More details about these datasets are as
follows:

1)

82692

Emulator-Based:n this group of datasets, the neu-
romorphic data for corresponding RGB sequences is
generated by using an emulator. There are several
emulators, such as, PIX2NVS [46], pyDVS [45] and
ESIM [52], that are designed to simulate the native
DVS cameras. In our experiments, PIX2NVS emula-
tor was used to generate the events from the video
sequences since the work in the literature is based
on PIX2VNS. We used four datasets, KTH [53],
UCF11 [54], UCF50 [55] and HMDB51 [56] and con-
verted them into the neuromorphic datasets, E-KTH,
E-UCF11, E-UCF50 and E-HMDB51, respectively.
E-KTH dataset contains 597 sequences showing

2)

o
300 350 o 50 10 150 200 00 350

(p) De-noising with k=0.5

k D 0:125, (c) k D 0:25, and

6 action classes performed by 25 different subjects and
4 different camera views. E-UCF11 dataset contains
11 action classes, while E-UCF50 contains 50 different
classes in 6681 sequences. E-HMDB51 dataset, which
is one of the largest datasets used in HAR, contains
6766 clips distributed in 51 action classes. The action
categories of this dataset can be grouped into ve types
based on the body movements. The RGB version of
this dataset is considered challenging due to containing
clips collected from the Internet and YouTube.
Re-Recording-Basedh this group, we used R-UCF11
and R-UCF50 datasets, which have been acquired by
playing the original RGB versions of UCF11 and
UCF50, respectively on the monitor and positioning
the DAVIS240C vision sensor camera in the opposite

VOLUME 9, 2021
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Detailed statistical information of the datasets used in the
experiments. boxing 2.0 0 0 0 0
Dataset No. of No of No. of clips Dataset handwaving 2.1 2.1 0 1.0 0
atase sequences | actions per action source
E-KTH 597 6 10 — handclapping 0 6.7 1.0 0 0
E-UCFI11 1576 11 100 PIX2NVS 2
E-UCF50 6681 50 100 emulator [46] < -
E-AMDBST | 6766 5T T0T logging | 0 0 0 nro 87
R-UCF11 1576 11 100 DAV[ESALOC running 0 0 0 7.5 1.1
DAVIS240C
R-UCF50 6681 50 100 [44] walking 0 0 0 0 2.4
R DAVIS346red
N-Actions 450 10 30 O ) ) ) ) )
-Color [57 N S S S & N
olor [57] o . & g R \o@ &é\ 4\,§b
& &
of the monitor to record the events [44]. R-UCF11 and Predict
R-UCF50 datasets contain the same number of video Confusion matrix of the proposed HAR on E-KTH dataset using

. - . : 1149
clips and the classes as the original RGB versions con®S/M™ (Overall accuracy: 93:14%).

vert_ed to the NVS_domain with 240 180 spatial res- shooting 075 0 o7 o o o7 o o o o
olution. More details about these datasets can be found biking | 3.40 0 0 0 068 408 0 0 0 0
in [54], [55]_ diving| 0 443 127 190 0 063 0 0 0 0
3) Native NVS-Basedin these datasets, NVS devices ool 067 0 40 e
are used to acquire real NVS data. We used the s ™" ° ™ 10 00 S S
. . . . 5 juggle | 0.65 0 1.30 0 1.95 0 0 0 0 0
dataset in [57] which was acquired by recording < | o o o o o o o o o
10 real human actions in an of ce environment using emis| 0 0 o058 0 0 0 0 407 0 0
DAVIS346redColor camera. Herein, we refer to this jumpng| © 0 0 0 0 0 08 179 0o 179
dataset as N-Actions dataset. N-Actions dataset con- spking| 00 0 0 0 0 0 08 164 656
H - H walkdog| O 0 0 0 0 0 1.63 0 244 407
tains 10 action classes captured in 450 NVS sequences 8
. . . O O RS N <O @ RS N ) O )
with 346 260 spatial resolution. ST 8 & & & &
) N
The statistical details of all these datasets used in the Predict
experiments reported in are summarized in TABLE Confusion matrix of the proposed HAR on E-UCF11 dataset

The native NVS-based datasets show a high presence @fing QSYM (Overall accuracy: 94 :43%).
noisy events compared to the other groups of datasets. As an
example, FIGURE5 compares a time slice of an action many noisy events leading to generating inaccurate features.
sequence from E-UCF50 dataset and the corresponding slicEhus, the value ok aims to remove the majority of the
from R-USCF50 dataset. They show presence of variousoisy events while retaining the events corresponding to the
amounts of noisy events. Sometimes, the number of noisyaction. This can be observed in the third row in FIGURE
events is much higher than the number of events related tavhen the best ltering result is presented wikhD 0:25.
the action. Although NVS data can be intrinsically noisy With k D 0:25, we demonstrate that the Itering algorithm
depending on the threshold used for an event determinatiorkeeps the most important events that represent the action.
we have noticed that the noise can be as high as 70% of thin this case, the pre-processing step has resulted in removing
overall captured events for data streams in N-Actions datasefapproximately 70% of events in each slice and retaining the
In such cases, application of our proposed pre-processingelevant events of the action. This representation is impor-
presented in Sectiorll-B is helpful in removing such tant in our method because it aims to model the dynamics
noise. of the action instead of measuring the speed of the action.

FIGURE 6 shows an example for de-noising a sampledIn the experiments, we have used the noisy event removal
slice from walking action acquired by a native neuromor- pre-processing witk D 0:25.
phic camera from the dataset N-Actions. Using different Since the last two groups of datasets were captured using
values for the parametérin the pre-processing noisy event real NVS devices, there is no notion of temporal frame rate
removal algorithm. On one hand, it can be observed that thdor these datasets. Therefore, a time window for extracting
highest value fok, e.g, k D 0:5, as shown in the fourth local features needs to be determined. In order to correspond
row in FIGURESG, removes the majority of the noisy events with the rst group of sequences, which were emulated using
as well as a large portion of events corresponding to thethe conventional RGB video with 30 frames per second frame
action. Removing this amount of events can lead to the lossate, for these experiments, we have de ned the size of the
of important features of the action representation. On thewindow, w, to beT,, D 3—10 D 0:033 seconds.
other hand, choosing a small value fare.g, k D 0:125, In this section, we report the human action recogni-
as shown in second row in FIGUR& can result in retaining  tion performance of the proposed algorithm using the two
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The overall recognition accuracy percentages using the

E-UCF50, R-UCF50, R-UCF11 and N-Actions for the proposed features were evaluated individually (as local only

17

0
0

in the literature. The corresponding confusion matrices are
shown in FIGURE/, FIGURES, FIGUREY, FIGURE 10,

our proposed method with that of the existing algorithms
TABLE 2 shows the overall recognition accuracy percent-FIGURE 11, FIGURE12and FIGURELS, respectively.

KNN and QSVM. TABLE 3 compares the performance of
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Confusion matrix of the proposed HAR on E-HMDB51 dataset using QSVM (Overall accuracy: 87

HAR accuracy rates(%) of the proposed method.

local and global features (F)+ KNN
local and global features (F)+ QSVM

run| 0
sit| 0
situp| 0

shake hands| 0

sword| 0
talk| 0
throw| 0
tun| 0
walk| 0
wave| 0

stand| 0
sword exercise| 0

push| 0

smile| 0

smoke| 0
somersault| 0
swing baseball| 0

punch| 0
pushup| 0

ride bike | 0
ride horse| 0
shoot ball| 0
shoot bow| 0
shoot gun| 0

B. PERFORMANCE OF THE PROPOSED HUMAN ACTION

classiers, KNN and QSVM. KNN classier is set up proposed algorithm with various feature variants. It shows
RECOGNITION METHODOLOGY

with K D 1 neighbour and Mahalanobis distance measuringthe performance of the handcrafted local and global fea-
The reported results were generated using the 5-fold crossures separately and together using two different classi ers:

validation.
ages for the seven datasets, E-KTH, E-UCF11, E-HMDB51,
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Basebal [ 06 0 0 0613 0 06 0 0 13 0 0 0 0606 0 0 13 0 0 0 0 0 0 0 0 0 0O 0 06 0 060606 0 0 1313 0 06 0 1906 0 19 0 31 06 19
Basketbal | 0.7 007 021 021 00714 0 00714 0 0 0070707 007 0 1407 0 0 07 0 0 07 0 0 2914 0 14 1407290721 0 0 0 0 36 2107
BenchPress 1.0 0 0 0 0051505101515050521 0 0 0 010 0 0050 0050 0 0 0 0 0 0 0 05150 2610 0 2105 0 0 0 26 1021 0 0

Biking| 0 15 07 0 00707 007 0223060007 0 007220 0 0 0 0070 0070 00 0 0 0150 0715301522 0 07 0 07 0 07 60 07
Billards| 0 14 0 0 070714 0 007 0070 0 0 0 0 0070 00 0070000 00 O 007140 0 0140070140 0 0 0 0 0 0
BreastStroke| 0 1.1 0 33 0 0220 0 0 0113311 011220110110 0 0 0 0 0 0110 0 11 0 0 99 0 223322 0 111111 0 2211 0 22 0
CleanAndJerk | 0 0.8 0.8 08 31 08 2315 0 15 0 1508080808 0 0 0 0 08 0 0 0 0 0 0 08 0 0 0 0 23082308 0 08082308 0 08 0 23 0 38 08 08
Diving|20 14 0 07 07 20 27 07 0 27 1434 070714 0 0 0 14 0 0 14 0 20 0 0 0 07 0 0 0 07 0 0720 0 0 14 14 14 07 14 1407 0 0 34 20 0
Drumming| 0 0 0 06 06 0 0 06 00 0130 0 0130 0060 0 0 0 0 0 00 00 0 0 0 006130 0060 0130 0 0 0613 0 1306
Fencing [06 0 12 12 0 0624 18 06 24364242 0 06 0 0 0 180606 0 0 0 0 0 0 06 0 0 0 0 0 061218181806 0 2406 0 0 12 0 36 30 18
GolfSwing| 0 16 0 0 08 0 0816 0 0 0 0 008080 00820 080808 0240 0 0 0 0 16 0 0832 0 16 0 0816 0 0 032 0 0 08 0 08 16 0
Highdump| 0 15 07 22 0 0 07 37 07 07 0 15600730 0 0 007 0 1515 0 0 07 0 0 0 0 0 0707 0 0722 0 5222 0 0 22 0 07 0 1507 22 07 0
HorseRace| 0 1.0 1.0 40 20 30 0 20 0 10 10 0 811020 0 0 300 0 0 0 0 0 0 0 0100 10 0 101020 0 20302010 0 20 0 0 20 0 20 0 10
HorseRiding[ 0 05 0 59 0 05 0 14 0 05 05 23 45 009050 0540 0050 0 0 0 0090505050 0 0 14097241450523 0 0 050 09 0 54 0
HulaHoop (0.8 1.5 23 0 08 08 0 23 0 15 0 15 0 0 15 008150 150 0 0 08 0 0 08 0 08 0 0 0 08 0 08 0 08 0 0815 0 0 1515 0 1508 0
JavelinThrow |08 0 0 0 0 08 0 17 0 08 33 41 17 25 08 0 0 0580817 0 0 0 0 0 008 0 0 0 0 008 0 0502517 033 0 0817250 0 0 0
JugglingBalls| 0 0 15 0 0 0 0 0 08 0 0 08 0 08 08 0 0 0 0 0 0 0080 0 0 0 0080 0 0 01500 00 0150 0 0 0 0 0 0 0 38
JumpRope | 0 0 06 13 0 06 0 0 0 0 0 0 0 0 0 0 06 0060 0 0130 0 0 0 0 0 0 0 0 0060 0130 0060 0 06 006 0 06 0
JumpingJack[16 0 0 0 0 0 0 0 0 0 0 080816 0 0 0 0 0 0 0080 0080 0 0 0080 0 0080 02080080 0 0080160 0 008
Kayaking| 0 0.8 16 39 0 0 08 08 08 08 08 16 39 54 0 70 0 0 0 08 0 0 0 0 0080 0 0 0 0 0 03923164731231647 0 0 16 0 0 08 16 08
Lunges| 0 07 0 0 0 0 0 0 0 0 0 0 007 0 0 07 0 0 210 007 0 0 14 0 0714140714 0 0 0 0 00707 0 0 0 0 0 0 0 0 0
MiltaryParade | 0 0 0 0 0 0 0 0 0 0 0 0 00110 0 0110 0 0 0430 07421110 0210 0 0 0 0 0 0 0 0 0 0 0 0 0210
Mixing| 0 0 0 0 0 07 014 0 007 0 0 0 021 0 007 0 007 142121 0 07 0 0 28140707 0 0 0 0 0714 0 0 0 0 0 0 0 0 07 0

5 Nunchucks| 0 0 0 0 0613 0 0 0 0 06 0 06 0 0 0 0 0 0 0 0 1319 1306 0 13 0 130613 0 0 0 06 0 0 0 0 0 0 06 0 0 0 0 0 0 06

3 PlayingPiano[10 0 0 10 1010 0 1010 0 19 0 0 0 0 0 0 0 0 1010 0 10 0 10 0 2919 0 10 0 0 291910 0 1019 0 10 0 10 0 0 0 0 0 0 0

o PizzaTossing [17 08 0 0 0 25 0 0 0 08 0 17 0 0 08 0 0 0 0 08 08 66 08 17 17 0 5008 0 0808 0 008 02508 0 0 0 0 0 00808 0 0 08

< PlayingGuitar| 0 0 0 0 0 0 0 0 0 0000000 0 01806060 0 1812 006060 0 0120 0 0 0 0 0 0 006060 0 0 0 0 0
PlayingTablal 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 08 0 0808 0 08 0 0 0 00841080 0 0 0 0 0 0 0 0 00 00 00
PoleVault| 0 0.6 0 0 0606 0 06 0 0 0 0 0606 0 0 0 0 0 0 066206 0 0 31 0 0 06 062506060606 012 006 0 0 0 0 0 0 0 0 0 0

PommelHorse [0 0 0 0 0 0 0 0 0 0 080 0 0 0 0 0 0 0 0 4116 0 08 0 08 0 0 08 0410250 0 008080 0 0 0 0 0 0 0080 0
Pulup [15 08 0 0 0 15 0 0 0 08 15 0 0 0 0 0 0808082308080823 0 0 0 0 08080823 0 0 0080808 0 0 0 02080 0 0 08
Punch| 0 0 0 0 0 0 06 0 0 0 0 0606060 0 0 0 0 0 2506 0 06 0 0606 0 19 31 06 0 00 01300 0000000000
PushUps| 0 0 0 0 0 0 0 0 0 0 10 0 0 0 0 0 0 0 0 0 0 1020 10 10 10 0 0 1010 000 0200000000000 00

RockClimbinglndoor| 0 0 0 0 0 0 0 0 0 08 0 0 150 0 0 0 08 0 0 0 0 15 0 15 0 0 080808 0 0 0 0080 0150 0 0 0 0 0 0 0 0 0 08

RopeClimbing| 0 0 09 0.9 0.9 18 0 09 18 0 0 091809 1809 0 0 0 73 0 09 0 0 0 0 27 0 0 0 0 09 0 0 18 0 2736 0 0909 0 0 0 0927 0 0 09
Rowing/| 0 0 0 21 0 53 0 14110 0 0 0 0 0 0 0 0 02111110 0 0 0 0 0 0 11 0 0 0 0 11 0430210 0 0 0 0 0110 0 11
SalsaSpins| 0 0.6 0 06 0 06 13 0 31 0 0606061906 0 0 0 0 19 0 06 0 0 0 06 0 0 06 0 0 0 06 0 1306 0619060606 0 0 0 0 1906 0 19

SkateBoarding [1.1 14 0 34 0 23 0 23 0 0 0 114557 0 57 0 0 0 68 0 23 0 0 0 11 0 0 0 0 11 0 23 0 11 34 14 4523 11 23 11 23 1.1 23 11 0 23 34
Sking|13 0 0 13 0 39 0 0 0 26 0 0 26 0 0 39 0 13 0 26 0 0 26 0 0 0 0 0 130 0 0 0 0 0 26 0 0 0131326 0 0 0 0 26 13
Skijet| 0 20 10 10 10 101010 0 0 10103051 0 0 0 0 0 40 0 0 10 0 0 10 0 0 1010 0 10 0 0 2030 0 10 10 30 10 20 1.0 20 10 10 0 0 0

Soccerduggling [ 0 14 0 07 0 0 0 0 0 0 00707 0070 007210 0 0 0140 0 0 0 0 0 0 0 00721 0 072107 0 2128 14 07 0 07 07 21
Swing [0.6 19 0 19 0 12 1206 0619 0 252543 1206 0 0 0 56 0 0 0 0 0 06 0 0 0 0 0 06 0 0 2506 0 2519 12 06 0 0 1231 0 0 3125
TaiChi| 0 10 0 101919 0 0 0 0 481029 0 0 0 0 0 0 10 0 19 0 0 10 0 0 0 0 1010 0 0 19 10 10 10 0 19 10 10 0 0 0 48 0 0 2910
TennisSwing| 0 40 0 0 0 050530 0 0 20051005 0 10 0 0 0 0 0 0 15101005 0 05 0 0 0 0 050 0 05 0 0515 0 30 0 15 1005 0 20 05 0

TrampolineJumping | 0 13 0 33 0 0 0 13 0 070713130707 0 0 0 0 33 0 0 0 07 007 0 0 0 0 0 0 07 0 26 0 0720 13 07 07 13 0 07 33 07 26 20 13
ThrowDiscus [24 0.8 16 08 0 24 24 16 0 0 0808 0 393116 0 0 2408 0 08 0 0 0 08 0 0 0 0 0 0 16 0 08 0 0 2424 0 2408 0 16 08 063 0 08
PlayingViolin |10 0 0 10 10 1029 0 1010 0 0 101010 0 0 10 0 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 38 0 101019 0 0 10 0 0 0 10 10 0 10

VolleyballSpiking |25 17 0 17 17 0 17 83 0 08 17 42 0 085025 0 0 0 25 0 0808 0 0 0 0 0 08 0 0 0 0 0 2517 0 1717 0 0 08 0 08 08 50 0 08 0

WalkingWithDog | 0 1.7 0 41 0 08 0 1717 0 25 0 3350 0 08 0 0 0 41 0 0 0 0 0 0 0 0 0 0 0 0 0 0 410808 17 58 08 08 41084125 0 0 0 0
YoYo| 0 09 0 0 0 0 0 0 009 0 00918 0 0 0 0 027 0090 0 0 0 0 0 0090 0 0 027180 0927090909090 0 3509 0 0
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Predict
Confusion matrix of the proposed HAR on E-UCF50 dataset using KNN (Overall accuracy: 69  :81%).
HAR accuracy rates(%) of the proposed method comparison with the existing work.

[ Method [ E-KTH [ E-UCF11 [ E-HMDB51 [ E-UCF50 [ R-UCF11 [ R-UCF50 [ N-Actions ]
Existin handcrafted features — 75.13 [39] — - — - -
wofk & CNN 92.6 [41] — 51.5[42] — 92.90 [43] — —

RGB + CNN — — 62.0 [40] - — — —
Proposed local and global features (F)+ KNN 80.27 93.36 86.38 69.45 81.68 68.96 53.29
method local and global features (F)+ QSVM 93.14 94.43 87.61 65.07 82.61 65.32 61.94

and global only) and as a combined feature vector. It isby 0:54%, 193% and 25%61% for E-KTH, E-UCF11 and
evident from the results in TABLR that using the con- E-HMDB51, respectively, as observed in TABLE There
catenated local and global feature vector has resulted in this no reported previous work for HAR using the E-UCF50,
best averages for each of the datasets. It has achieved thiR-UCF50, and N-Actions datasets to our best knowledge.
best average recognition accuracy rates of 93.14%, 94.43%;urthermore, we summarize the comparison between our
87.61%, 69.45%, 68.96%, 82.61% and 61.94% for E-KTH, proposed method and deep learning based work on neuro-
E-UCF11, E-HMDB51, E-UCF50, R-UCF50, R-UCF11 and morphic sensing data in the domain of HAR in TABLE
N-Actions respectively. For all datasets apart from E-UCF50Note that the reference [43] is not peer reviewed at the
and R-UCF50 datasets, QSVM classier has performedtime of preparation of the present article. For the datasets
better than the KNN classi er. The proposed method haveof E-HMDB51 and E-KTH, our proposed handcrafted fea-
outperformed the accuracy rates achieved by the state of thieire based method has outperformed the deep learning
art on exploring the neuromorphic data streams for HARbased methods.
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Baseball 06 0 0 0613 0 06 0 0 13 0 0 00606 0 0 13 0 0 0 0 0 0 0 0O 0 0 O 06 0 060606 0 0 13 13 0 06 0 19 06 0 19 0 31 06 1.9
Basketball [0.7 0 07 0 21 0 21 0 07 14 0 0714 0 0 0 070707 0 07 0 1407 0 0 07 0 0 07 0 0 29 14 0 14 14 07 29 07 21 0 0 0 0 36 21 07
BenchPress |10 0 0 0 0 05150510 15 15 050521 0 0 0 0 10 0 0 050 0050 0 0 0O 0O 0 0 0 0515 0 2610 0 2105 0 0 0 26 1021 0 0
Biking| 0 15 07 0 00707 0 07 0 223060 0 07 0 0 0722 0 0 0 0 0 07 0 007 0 0 0 O O 0 15 0 07 1530 1522 0 07 0 07 0 07 60 0.7
Billiards [ 0 14 0o o 070714 0 007 007 0 0 0 0 0 007 0 0O 0 007 0 0 0 0 0O O O 00714 0 0 0 14 0 07 0 14 0 0 0 0 0 0 0
BreastStroke | 0 1.1 0 33 0 0220 0 0 0113311 0 1122 0 11 0 11 0 0 0 0 0 0 0 11 0 0 11 0 0 99 0 223322 0 11 11 11 0 22 11 0 22 0
CleanAndJerk | 0 0.8 08 08 3.1 08 2315 0 15 0 1508 080808 0 0 0 0 08 0 0 0O O O 0 08 0 0O O O 23082308 0 0808 2308 0 08 0 23 0 38 08 08
Diving [20 14 0 07 07 20 27 07 0 27 14340707 14 0 0 0 14 0 0 14 0 20 0 0 0 07 0 0 0 07 0 07 20 0 0 14 14 14 07 14 14 07 0 0 34 20 0
Drumming |0 0 0 06 06 0 0 06 0 0 0130 0 013 0 0060 0 0 0 0 0 0 0 0 O O 0 0 0 0613 0 0 06 0 0 13 0 0 0 06 13 0 13 06
Fencing (06 0 12 12 0 06 24 18 06 24364242 0 06 0 0 0 180606 0 0 0 0 O 0 06 0 0 0 O O 06 1218 18 1.8 06 0 24 06 0 0 12 0 36 30 18
GolfSwing [0 16 0 0 08 0 08 16 0 0 0 0 0 0808 0 0 08 0 080808 0 24 0 0 0 0 0 16 0 0832 0 16 0 0816 0 0 0 32 0 0 08 0 08 16 0
HighJump| 0 15 07 22 0 0 07 37 07 07 0 15600730 0 0 0 07 0 1515 0 0 07 0 0 0 0 0 0707 0 0722 0 5222 0 0 22 0 07 0 15 07 22 07 0
HorseRace | 0 1.0 1.0 40 20 30 0 20 0 10 1.0 0 811020 0 0 030 0 0 0 0 0 0 0 0 O 10 0 10 0 10 1.0 20 0 20 30 20 1.0 0 20 0 0 20 0 20 0 10
HorseRiding [ 0 05 0 59 0 05 0 14 0 05 05 23 45 0 09050 0540 0050 0 0 0 0 090505050 0 0 1409 7241450523 0 0 05 0 09 0 54 0
HulaHoop 08 15 23 0 08 08 0 23 0 15 0 15 0 0 15 0 0 0815 0 15 0 0 0 08 0 0 08 0 08 0 0 0 08 0 08 0 08 0 0815 0 0 1515 0 15 08 0
JavelinThrow (08 0 0 0 0 08 0 17 0 08 33 41 17 25 08 0 0 0580817 0 0 0 0 0O 0 08 0 0 0 0 0 08 0O 0 502517 0 33 0 081725 0 0 0 0
Jugglm Balls 0 0150 0 0 0 008 0 0 08 0 0808 0 0 0 0 0 0O 0080 0O 0 0 0080 0 0 0150 0 00 0150 0 0 0 0 0 0 0 38
0 00613 0060 0 0 0 0 0 0 0 0 0 06 006 0 0 0130 0 0 0 0 0 0 0 0 0060 0130 0060 0060 006 0 06 0
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Confusion matrix of the proposed HAR on R-UCF11 dataset

using QSVM (Overall accuracy: 82 :61%).

resulted in some confusion among them in the classi cation,

Confusion matrix of the proposed HAR on N-Actions dataset

using QSVM (Overall accuracy: 61 :94%).

to the similar temporal changes in the action are obtained.

In some cases, the confusion matrix shows that it is hard foiThese actions have similar global features due to the similar
the classi er to discriminate between the actions accuratelytemporal changes in the action. This is evident from the global
using the NVS data. For example, some very high similarityfeatures depicted in FIGURE, as those features are very
actions like, jogging, running and walking in EKTH have close to each other for these three classes.

This issue of high rate of similarities can also be observed

as can be seen in FIGURE This is because our proposed in the confusion matrix of E-UCF11 dataset in FIGURE
method focuses on modelling the dynamic patterns of the~or example, the spiking action archived a high rate of sim-
actions instead of their speed. Since these actions have simildarity with both jumping and walking actions, since there
patterns during the time, similar description features dueare similarities in the dynamics of these actions in some
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ROC Curve
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(a) E-KTH dataset.
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(c) R-UCF11 dataset.
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(b) E-UCF11 dataset.
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(d) N-Actions dataset.

ROC curves and their corresponding AUC values for E-KTH, E-UCF11, R-UCF11, N-Actions datasets.

situations. The biking also provides another example of astreams captured by the actual NVS devices, compared with
high rate of similarity with swing activity since they have the emulator based datasets, where most events are concen-
similar instants of motion. Other cases can be found clearlytrated around the pixels correspond to the human actions in
in FIGURE 9, where the eat action shows a rate of 12% of the sequences, as shown in FIGURE
similarity with drink action since these two actions include a  For the further justi cation of the classi cation results,
similarity in performing these actions. the Receiver Operating Curve (ROC) plots for each class
N-Action dataset shows more examples of similaritiesin the smallest datasets (E-KTH, E-UCF11, R-UCF11, and
among the actions since this dataset contains several actioméActions) are shown in FIGUREL4. The correspond-
that have the same dynamic in achieving these actions, sucing Area Under Curve (AUC) values are also shown in
as kicking, which has a similarity with most of the actions in FIGURE 14. The minimum and the maximum AUC values
this dataset. The lower accuracy rates in these cases are parflyr the classes in all datasets are shown in TABLEThe
due to the non-uniform temporal sampling in neuromorphicmajority of the classes show large AUC values. However,
sensing failing to capture the speed differences in some simthe classes that are highly similar with the other classes show
ilar actions. The presence of a large number of noisy eventtower AUC values. As an example, the jogging action in
also plays a part in this issue. E-KTH dataset, which has the lowest accuracy rate, shows
We notice in TABLE 2, the HAR accuracy rates of N- the lowest AUC with 0.964 compared to the other actions
Actions, R-UCF50 and R-UCF11 datasets are much loweiin the dataset. This lowest AUC value correlates with the
compared to those of most of the emulator-based datasetfowest accuracy rate of the same action appeared in the con-
This is likely to be due to the generation of a high proportion fusion matrix in FIGUREL4. The tennis action in R-UCF11
of unnecessary events (so called noisy events) in the datdataset also shows the lowest AUC value for that dataset. This
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AUC for the classification of the seven datasets used in the
proposed method.

[1]
[ [Dataset | min AUC [ max AUC |
E-KTH 0.964 0.999 [2]
E-UCFI1 0.986 0.999
E-HMDB51 0.958 0.999 [3]
E-UCF50 0.612 0.993
R-UCFI1 0.911 0.999
R-UCF50 0597 0.964 4]
N-Actions 0.818 0.958

corresponds to showing a high rate of similarity with other
actions in this dataset as evident from the accuracy rate of

this action shown in FIGURE2. (51

(6]
(7]

C. COMPUTATIONAL COMPLEXITY OF THE PROPOSED
METHOD

All experiments in this paper were implemented using Matlab
R2018a on a PC with Intel processor, CPU@3.6GHz and
RAM 16GB. The proposed feature extraction algorithm con-
sists of three main steps: De-noising, local feature extraction
and global feature extraction. The computational complexity [©]
for each of these steps@(N), whereN is the number of the
events in an action. Thus, leading to the total computationaf10]
complexity for including all three steps in the orde@{3N).

(8]

[11]

In this work, we have presented a new methodology
for learning the data streams from emerging neurmorphiélz]
vision sensing devices. Our proposed method consists of a
pre-processing step followed by the generation of a featur

13]
vector to capture local and global features correspond to th
underlying human action. The local features were extracted
considering a set of high-order descriptive statistics from[14]
the spatio-temporal events in a time window slice, while the
global features were extracted by considering the frequen-
cies of occurrences of the temporal event sequences. The#®!
a classi er was trained using these feature vectors. The pro-
posed method was evaluated using three groups of datasefss]
Emulator-based, re-recording-based and native NVS-based.
The proposed method has outperformed the HAR accuracy, 7
rates of the existing methods bys@%, 1942% and 25%1%
for E-KTH, E-UCF11 and E-HMDB50 datasets, respectively.
This paper also reported the results for three further datasetél,sl
which were used for the rsttime in the literature for human
action recognition on neuromorphic vision sensor domain.[19
It was also noted that the re-recording-based and native
NVS-based datasets were providing lower rates of HAR accuf20]
racy compared to those for emulator-based datasets, due to the
presence of a high number of noisy events in the sequences;;
directly captured by the NVS devices.

[22]

Salah Al-Obaidi and Hiba Al-Khafaji like to thank the Uni-
versity of Babylon and the Ministry of Higher Education [23]
and Scienti ¢ Research (MOHESR) in Iraq for their Ph.D.
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