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Modeling Activity-Dependent Plasticity in BCM Spiking Neural
Networks with Application to Human Behavior Recognition

Yan Meng, Yaochu Jin, and Jun Yin

Abstract—Spiking neural networks are considered to be
computationally more powerful than conventional neural
networks. However, the capability of spiking neural networks in
solving complex real-world problems remains to be demonstrated.
In this paper, we propose a substantial extension of the
Bienenstock, Cooper, and Munro (BCM) spiking neural network
model, in which the plasticity parameters are regulated by a gene
regulatory network (GRN). Meanwhile, the dynamics of the GRN
is dependent on the activation levels of the BCM neurons. We
term the whole model GRN-BCM. To demonstrate its
computational power, we first compare the GRN-BCM with a
standard BCM, a hidden Markov model and a reservoir
computing model on a complex time series classification problem.
Simulation results indicate that the GRN-BCM significantly
outperforms the compared models. The GRN-BCM is then
applied to two widely used datasets for human behavior
recognition. Comparative results on the two datasets suggest that
the GRN-BCM is very promising for human behavior recognition,
although the current experiments are still limited to the scenarios
in which only one object is moving in the considered video
sequences.

Index Terms—spiking neural network, BCM model, neural
plasticity, gene regulatory network, evolution strategy, human
behavior recognition.

I. INTRODUCTION

PIKING neural networks (SNNs) are believed to be

biologically more plausible [9, 44] and computationally
more powerful than analog neural networks [46]. However,
only a small number of successful application examples of
SNNs to real-world problems have so far been reported.

Liquid state machine (LSM) [46] is a computational
framework neural computation using SNNs. LSM contains a
number of randomly connected spiking neurons, which also
receive inputs from outside resources. The state (membrane
potential) of the neurons can be read out and combined as a
target output. Together with the echo state networks [33],
LSMs have now become one of the two main streams in
reservoir computing (RC) [55].

Among different learning algorithms for SNNs, the
Bienenstock, Cooper, and Munro (BCM) model [8] was
proposed for modeling synaptic plasticity of spiking neural
networks, which is believed to be biologically plausible [17, 37,
53], as it has successfully predicted experimental data in the
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visual cortex and the hippocampus. However, a biological
plausible mechanism for synaptic plasticity in the BCM model
for spiking neural networks still remained to be established
[36].

This work aims to model activity-dependent neural plasticity
to enhance the computational power of the BCM model. Our
idea is mainly inspired from biological findings indicating that
both the structure and connecting weights of the neurons in the
brain can change over time depending on the neuronal activities
[34]. Recent evident also indicate that activity-dependent
neural plasticity is resulted from changes in the expression of
relevant genes [22]. To model the interaction between the
dynamics of gene expression and neural activation, a new
model called GRN-BCM is proposed in this paper, where a
gene regulatory network (GRN) is developed to regulate the
synaptic plasticity and meta-plasticity of a BCM spiking neural
network.

To verify the capability of the GRN-BCM model for
temporal information processing, a set of empirical studies has
been performed by comparing the GRN-BCM model with a
few other models for temporal information processing on a
synthetic time series dataset and two datasets for human
behavior recognition.

This paper is a substantial extension of our previous work
[47], where some preliminary results were presented. Major
contributions of this paper can be summarized as follows. First,
a novel GRN-BCM model is proposed for the temporal pattern
learning in human behavior recognition. In this model, the
synaptic plasticity and meta-plasticity of the BCM model, such
as the learning rate, forgetting factor and time-delay, are no
longer a constant, rather a dynamic process regulated by a
biological inspired GRN. The GRN dynamics is also influenced
by the activation levels of the neurons it resides in, resulting in
a coupled dynamic system. Second, the parameters of the GRN
are optimized using an efficient evolutionary algorithm, the
evolution strategy with covariance matrix adaptation (CMA-ES)
[27, 28], which has shown to be efficient for real-valued
optimization. Third, extensive experiments on two widely used
datasets for human behavior recognition have been conducted
using the proposed GRN-BCM model. The recognition
performance of the GRN-BCM model outperforms many other
state-of-the-art algorithms for human behavior detection on
these two datasets.

Whereas the results in this work suggest that the GRN-BCM
model is very promising for spatiotemporal pattern recognition
such as human behavior detection, it should also be pointed that
all scenarios in the two datasets used in this paper have only one
single moving object. Although sophisticated methodologies
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for multiple-object detection and tracking have been reported
[16, 51], the capability of the GRN-BCM model to deal with
multi-object behavior recognition remains to be investigated.
The rest of the paper is organized as follows. Related work is
discussed in Section II. Section III introduces the background
of the BCM model, the GRN model, and the CMA-ES. The
entire GRN-BCM model is described in detail in Section IV.
The convergence property of the GRN-BCM model as well as
its capability for time series data classification is investigated in
Section V. To further demonstrate the computational power of
the model, we apply the GRN-BCM model to human behavior
recognition in Section VI together with a spatial feature
extraction algorithm. For this purpose, a corner-based method
is developed for extracting spatial features. The sequential
frames with these extracted spatial features serve as the inputs
to the GRN-BCM model. Section VII presents comparative
studies on two benchmark problems for human behavior
recognition. The paper is concluded by Section VIII.

II. RELATED WORK

A. Spatiotemporal Feature Extraction

Using machine learning techniques to extract and learn
temporal patterns from large amount of data has attracted
increasing interests in various research areas, such as visual
human behavior recognition, speech recognition and object
tracking. In these real-world applications, temporal information
is inherently embedded within the input data. However, how to
extract and learn the temporal pattern is still a challenging
problem. In computer vision, numerous approaches for
analyzing human behaviours from video sequences, including
human motion capturing, tracking, segmentation and
recognition have been reported in recent surveys [38]. Much
existing work on human behavior detection focuses on
extracting a sequence of spatiotemporal features from the video
sequences first, then employs some standard classifiers, such
as support vector machines (SVM) [31, 56], neural networks
[52], and relevance vector machines (RVM) [60] to classify
these features. However, extracting efficient spatiotemporal
features from video sequences is challenging.

Recently, some recurrent neural networks (RNN) models
have been proposed to deal with temporal information by
adding recurrent connections to the learning models. These
RNN models have been applied to various real-world
applications, such as object tracking and motion prediction [10],
[44], event detection [30], and speech recognition [25]. Efforts
have also been made to learn the temporal relationship between
the sequential features using event-based analysis [68] and
hidden Markov model (HMM) [18, 61, 67].

In human behavior recognition, feature extraction consists of
not only spatial features but also temporal features. Ke et al. [35]
applied spatiotemporal volumetric features that efficiently scan
video sequences in both spatial and temporal dimensions from
optical flow fields. Alternatively, local spatiotemporal patches
of videos can be extracted [20]. Laptev et al. [40] presented a
spatiotemporal interest point detector based on the idea of the
interest point operator in Harris [29], where image values have
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significant local variations in both spatial and temporal
dimensions. This spatiotemporal representation has been
successfully applied to human action recognition combined
with an SVM classifier in [56]. Dollar et al. [15] proposed an
alternative approach to detecting sparse spatiotemporal interest
points based on separable linear filters, and used a nearest
neighbor based classifier for behavior recognition. The above
mentioned approaches demonstrated that local spatiotemporal
patches are useful for extracting semantic meaning from video
events by providing a compact and abstract representation of
patterns.

However, the pattern recognition models adopted in the
above mentioned approaches are inadequate to handle complex
scenarios where, e.g., dynamic backgrounds and occlusions are
involved. In addition, the above methods often require a large
number of training samples, which is time-consuming and
difficult to meet real-time requirements for online behavior
recognition. To tackle these issues, visual codebooks for
object/human recognition have been investigated [11, 13, 41,
49]. The visual codebook was created by clustering the
extracted feature descriptors in the training set, where each
resulting center was considered as a codeword, and a set of
code-words forms a ‘codebook’. The major limitation of this
“bag-of-words” approach is that the relative position
information of the “words” is lost.

The GRN-BCM model proposed in this work is capable of
learning temporal information, and therefore, only spatial
features need to be extracted for each image frame. Then the
sequential frames with the extracted spatial features are used as
the input to the GRN-BCM model so that spatiotemporal
features can further extracted and classified coherently by the
GRN-BCM model. We will discuss this point in more detail in
Section VI.

B. Learning Algorithms and Biophysical Neural Models

Once spatial features are extracted from the data, the next
step is to learn the temporal relationship between the frame
sequences, which is presumably a very critical step in human
behaviors recognition. Over the past decade, models and
mechanisms for temporal sequence learning have received
considerable research attention. In [42], an online sequential
extreme learning machine (OS-ELM) was proposed for fast and
accurate sequential learning. This algorithm can learn data
either one-by-one or chunk-by-chunk. Tijsseling [59] proposed
a categorization-and-learning-module (CALM) network with
time-delayed connections for sequential information
processing. In the CALM, the module can autonomously adjust
its structure according to the complexity of the application
domain. These methods can be used to explicitly represent
temporal information as an additional dimension together with
the pattern vector.

Spiking neural networks with Hebbian plasticity have been
considered well suited for learning temporal patterns [23].
Arena et al. [3] applied a spiking neural network by using a
causal Hebbian rule for a robot navigation control. Wu et al.
[66] has suggested a motion detection algorithm using an
integrate-and-fire spiking neuron model consisting of two
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intermediate layers. The main idea is to repress the activation of
neurons whose activity does not change over time and to
reinforce those having changed activities. Their model is
limited to motion detection only and cannot be used for
temporal pattern recognition.

In recent years, a few biophysical neural network models
have been proposed, in which temporal sensitivity of the
neurons is exploited in information computation. Bohte et al.
[9] developed an error regression learning rule to train a
network of spiking neurons, which was not based on the
Hebbian approach to synaptic weight modification. Indeed,
many  learning  rules, developed for use on
spike-time-dependent models [24], rely on the Hebbian
correlation as the principal means for synaptic weight
modification. In [54], a single biologically plausible spike-rate
model is used to solve a nonlinear tractable task using
back-propagation learning rules. Shin et al. [57] proposed a
synaptic plasticity activity rule (SAPR) to learn connections
between the spiking neurons for image recognition.

In the BCM model adopted in this work, weight plasticity is
essential for storing temporal information from a sequence of
data. Edelman et al. [19] used a single layer network and a
learning rule based on BCM to extract a visual code in an
unsupervised manner. The role of calcium concentration in the
spike time dependent plasticity (STDP) of the BCM model
neurons was investigated by Kurashige and Sakai [39]. Shouval
et al. [58] revealed evidence for the calcium control hypothesis
by comparing biologically motivated models of synaptic
plasticity. A reinforcement learning STDP rule developed by
Baras and Meir [4] was shown to exhibit statistically similar
behavior to the BCM model. Similarly, Wade et al. [64]
proposed a synaptic weight association training (SWAT)
algorithm for spiking neural networks.

Computational neuro-genetic modeling (CNGM) [7]
describes a class of neural models that take the genetic
influence on neural dynamics into account. In their model [6], a
gene regulatory network (GRN) is used to regulate the
parameters of a classical spiking response model. A simple
one-protein-one-neuronal function CNGM was shown to be
able to reproduce the experimental data on the late long-term
potentiation (L-LTP) in the rat hippocampal dentate gyrus [6].

III. BACKGROUNDS

A. BCM Spiking Neuron Models

Spiking neural networks are believed to be powerful
computational models in that they can deal with temporal
information processing more explicitly. The BCM based
spiking neural model is of particular interest for studying neural
plasticity as it has been shown that the BCM using a sliding
threshold is the most accurate in predicting experimental data
from synaptic-plasticity experiments [17, 37, 53]. This property
makes the BCM model particularly attractive for learning
temporal patterns.

For computational efficiency, we use a simplified,
discrete-time version of the BCM-based spiking neural network
[47], as shown in Fig. 1. The equations governing the behavior

of synaptic weights of the spiking network shown in Fig. 1 can
be described as follows:

w;(t+1) =1, (P (1(0),00)) +(1-e)w, (1) (1)
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where w; denotes the weight of the i-th synapse. 7is a constant
learning rate. x; is the pre-synaptic input of the i-th synapse. y
is the post-synaptic output activity. Both x; and y denote the
spike trains in the spiking neural network. @ is a sliding
modification threshold. ¢() is a non-linear activation function

that swings with the sliding threshold &, and can be defined by
Eqgn. (2). € is a time-decay constant that is the same for all
synapses. The interpretation of 6 in Eqn. (3) clearly shows
that the sliding threshold is a time-weighted average of the
squared post-synaptic signals y within the time interval of A,
where A is a forgetting factor.

The neuron spiking behavior is conceptually simple. If the
weighted sum of the pre-synaptic activation levels is less than
6, or if the neuron has fired in the previous time step, then the
neuron activation level will decrease. Otherwise, the neuron
will fire.
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Fig. 1. The basic BCM-based spiking neural network model. 8,, is the
modification threshold.

B. Gene Regulatory Network Models

When a gene is expressed, information stored in the genome
is transcribed into mRNA and then translated into proteins
[1].Some of these proteins are transcription factors that can
regulate the expression of their own or other genes, thus
resulting in a complex network of interacting genes termed as a
gene regulatory network (GRN). A large number of
computational models for GRNs have been developed [21].

Among others, ordinary or partial differential equations have
been widely used to model regulatory networks. For example,
Mjolsness et al. [48] proposed a GRN model for describing the
gene expression data of developmental processes, where the
dynamics of diffusion and cell-cell signaling has also been



©CoO~NOUTA,WNPE

taken into account:

By g 44 nzg;Wf’ +0, |+D,V? (4)
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where g;; denotes the concentration of j-th gene product

(protein) in the i-th cell. The first term on the right-hand side
of Eqn. (4) represents the degradation of the protein at a rate of

7 j the second term specifies the production of protein g;; , and
the last term describes protein diffusion at a rate of D;. ¢ is

an activation function for the protein production, which is
usually defined as a sigmoid function ¢(z) =1/(1+exp(—uz)).
The interaction between genes is described with an interaction

matrix Wﬂ, the element of which can be either active (a

positive value) or repressive (a negative value). 0/- is a

threshold for activation of gene expression. 7, is the number of
proteins.

C. Evolution Strategy with Covariance Matrix Adaptation

The evolution strategy with covariance matrix adaption
(CMA-ES) [27, 28] is a stochastic, population-based search
algorithm, which belongs to a class of evolutionary algorithms.
In CMA-ES, the covariance matrix of the multivariate normal
distribution used by the evolution strategy for mutation is
adapted based on the search history. CMA-ES is well-known
for its high efficiency and robustness for solving real-valued
optimization problems. An up-to-date tutorial of CMA-ES can
be found online [26].

IV. THE EVOLVING GRN-BCM MODEL

A. The Whole Framework

The diagram of the evolving GRN-BCM model is shown in
Fig. 2. The whole framework consists of different dynamics,
i.e., the evolutionary search process, the gene regulation
process and the neural dynamics. The dynamics of the BCM
model can be described by Eqns. (1)-(3). The main challenge
here is how to couple the neural dynamics with that of the gene
regulatory network so that the plasticity parameters of the BCM
model can be influenced by the activity of its neurons with the
help of the gene regulatory network.

To this end, we make the following assumptions based on
biological findings in gene regulated neural plasticity [50, 65].
First, we assume that the value of the plasticity parameters in
the BCM model corresponds to an expression level of one gene,
which directly determines the protein concentration that
mediates the neural plasticity. Second, we assume that, through
some chain of biochemical mechanisms, the concentration of
the relevant proteins can be deduced from the sodium ion
and/or calcium ion concentrations that reflects the neuronal
activity level. Finally, we assume that the sodium ion

concentration (represented by ¢, . ) is proportional to the input

current, and the calcium ion concentration (represented by
Cp,p2+) 1s proportional to the activation threshold. Therefore,

the inputs of the GRN that regulates the plasticity of the BCM
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Fig. 2. The diagram of the evolving GRN-BCM model

The GRN that regulates neural plasticity can be described
using a set of ordinary differential equations (ODE) similar to
that in Eqn. (4). In the GRN model, several parameters need to
be defined. In this work, we propose to employ the CMA-ES to
evolve these parameters of the GRN model to optimize the
performance of the entire model. As shown in Fig. 2, the
CMA-ES will only be applied for optimization during the
training phase, thus, it is an offline optimization. Once the
parameters of the GRN model have been optimized during the
training phase, these parameters will be fixed during the testing
phase.

One important issue in coupling neural and gene regulatory
dynamics is that neural dynamics and regulatory dynamics
have different time scales. The timescale for electrical spike
based neural dynamics is typically at the millisecond order. In
contrast, gene regulation involves biochemical processes that
can last seconds or even longer. Therefore, the neural dynamics
should be updated at a higher frequency than that of the gene
regulation dynamics. Since no theory can be used for choosing
the timescales of the two systems, we conducted a few
empirical studies to determine a ratio between the two
timescales that is optimal to the behavior recognition
performance. Refer to Section VI for more details.

B. The GRN Model

The gene expression levels that correspond to the three
plasticity parameters (1, €, A) in the BCM model are defined as
follows:

e+ ==y 0 +a,f (e (t)scqe (1) )
5(t+1)=(1—7g)5(t)+agg(cNa+ (t),cCap (t)) (6)
M+ ==y )AO+ah(cy. ().een (1) D

Meanwhile, the protein expression levels for sodium ion and
calcium ion concentration (¢, . , €2 ) are also influenced by

the synaptic weights and weight plasticity of BCM model by
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the following equations:
ey () =(=7, ey D+, Txow@ @)
Copr () =(1- Ve o ) (D) + A, a(t) (9)
where 7,757 157 ,and}/CaH are decay factors and
a’l’ Cca*
f(),g(.), and A(.) are defined as the following sigmoid functions:

Qyy Oy Oy s and o are coefficients. Functions
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N
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g(cNa+,cCaz+)=[1+e Tt e ] (11)

-1
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where k,, k,, k3, ky , ks, and kg are coefficients.

C. Evolving the GRN-BCM Model
In this GRN-BCM model, 16 parameters in total, namely,
7/7]’7/5’7//197/Na+’7ca2+ > aqaagaa/laa a

ki, ky, ks, ky , ks, and kg need to be defined, whose optimal

2
Na* >~ Ca™* >

value may be problem-specific. Fine tuning these parameters
manually for optimal performance is tedious and
time-consuming. For this reason, we use CMA-ES to optimize
these parameters in this work.

In CMA-ES, k offspring are generated from u parents (
1 <k ) by mutating the current best solution with a random
number sampled from a normal distribution:

& @ L5 ON(0,C®)  fori=1,....k (13)
where “~” denotes the same distribution on the left and right

side. xl-(g”) is the 7 -th candidate solution for generation g +1,
and x is a vector xe R" , which consists of five gamma
(P VesVasV g s Ve )» five alpha (a,,a,05,ay a0 00),
and Ky, ky, ks, ky , ks,and kg . The m'® e R"
represents the favorite solution at generation g , which is the
(

vector

mean of the k parents at generation g. o' is the step-size

which controls the severity of mutations atg . C (@) denotes the

covariance matrix at generation g and N,(0,C (g)) is the i-th
multivariate normal distribution with zero mean and covariance

matrix C'¢). Both the step-size and the covariance matrix are
subject to adaptation based on the search history.

A fitness value that reflects the performance of the solution
will be assigned to each of the k offspring. Here, the fitness
value is defined as the classification error on the training data
between the actual output and the desired output. u offspring
will be selected from £ offspring based on their fitness values
and passed to the next generation as parent individuals. This
process continues until a stopping condition is met.

V. EMPIRICAL STUDY OF GRN-BCM ON SYNTHETIC DATA

To verify the convergence property of the GRN-BCM model
trained using the CMA-ES and the computational power of the
GRN-BCM for temporal information process, we first
employed the GRN-BCM model for the exclusive-or (XOR)
classification problem. Then, the GRN-BCM model is
compared to the standard BCM spiking neural network, a
HMM and a reservoir computing model on a synthetic time
series classification problem.

A. Convergence of the Evolving GRN-BCM Model

To empirically verify if the proposed model can converge in
learning, we apply the proposed model to solving the XOR
classification problem that has been widely studied in training
spiking neural networks. For simplicity, the spiking neural
network consists of 2 input neurons, 5 hidden neurons and 1
output neuron. Similarly to [9], the input and output values are
encoded by time delays, associating the analog values with the
corresponding “earlier” or “later” firing times. The input
neurons with a higher value “1” is given an early spike time,
while a lower value “0” with a later spike time. The firing times
for encoding the XOR problem are presented in Table I. The
numbers in the table represent the spike times in one
millisecond. For example, 0 and 6 represent the respective input
spike times. The two output classes are represented by a spiking
time of 8 and 15 milliseconds, respectively. As described in the
previous sections, the synaptic plasticity of spiking neurons is
regulated by the GRN, and CMA-ES is used to evolve the
parameters of the GRN-BCM model. Fig. 3 illustrates the mean
squared errors obtained on the XOR problem. We can see from
Fig. 3 that the whole model converges gracefully within
approximately 400 generations.

TABLE I: ENCODING OF XOR PROBLEM
Input Pattern Output Pattern
15
8
8
15

(o)} ko) Ko} ]
(o)} K==} Ko ) K]

30

error rate

. . . h )
0 50 100 150 200 250 300 350 400 450
generation number

Fig. 3. Convergence of the XOR problem.

B. GRN-BCM for Time Series Classification

To demonstrate the strength of the proposed GRN-BCM
model compared to alternative models which can also handle
time-series data, such as the traditional BCM model, reservoir
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computing models, and hidden Markov model (HMM), we
conducted some experiments on a synthetic data. The
time-series data is similar to the one used in [32] and is
generated by triple interleaving generators, i.e., tent map, sine
wave, and random constant value. One generator produces the
chaotic iterated tent map [12], the second one produces a
constant period sine wave (0.5sin(0.8¢)+0.5) within [0, 1],

and the last one generates a random value between 0 and 1.
A one-dimensional signal x(¢) of length 6000 is generated

by randomly switching between three different generators, in
which 3000 data are used for training and the rest 3000 for
testing. At each time step, the current generator is switched to
another one with a probability of 0.05. Then, every 6
consecutive one-dimensional signals are coded into one
sequence as the input using the following triangular
membership functions:

x(i) = Tri(5%(t) —t +1)  (t=1,---,6)
Tn,:u'_){l, if abs(u)>1 (14)
) else

Where T7i:u means that u is a parameter of the function 77i.

Since the HMM model is not suited for the time series
prediction problem, we have converted the time series
prediction problem in [32] into a time series classification
problem. To this end, the output of the time series is categorized
into four patterns as follows:

3
. 1, if Yabs(x(t))/3>1
=1 RO

0, else

(15)

. 6 ~
(i) = L, if E4abs(x )/3>1

0, else

The proposed GRN-BCM model, a traditional BCM spiking
neural network, a LSM model, and a hidden Markov model
(HMM) are applied to this synthetic time series classification
problem. Both the proposed GRN-BCM model and the
traditional BCM model adopt spiking neural networks, which
consist of one input, 15 hidden neurons and two outputs. The
BCM model is defined as in Eqns. (1)-(3), where three
plasticity parameters (1, €, A) are directly evolved by the
CMA-ES without being regulated by the GRN.

Since finding an optimal setup of the parameters and
structure of LSM is itself a challenging research topic, we
adopted the parameterization suggested in [45], with which
very good performance has been reported. The reservoir
consists of 60 internal neurons, and the probability of an
existing connection between two neurons a and bin the

reservoir is defined by P(a,b) = C-exp(— Dz(a,b)/ /12) , where
D(a,b) is the Euclidean distance between neurons a and b,

C=0.3 and A=2 control the reservoir connectivity and
dynamics. A simple linear projection is adopted as the readout
function that linearly maps the states into the outputs. In
addition, a supervised learning algorithm, called ridge
regression, is applied to adapt the readout weights of the LSM
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model in an offline manner.

For the HMM model, we adopt the first-order HMM, which
has three hidden states and six possible observations for each
time-series sequence. Specifically, each state is assigned a
probability of distribution from one state to another (i.e., state
transition probability) and each observation is also assigned a
probability at states (i.e., observation symbol probability). In
general, the HMM parameters (i.e., state transition and
observation symbol probabilities) are estimated by the
expectation-maximization (EM) method[5, 14]. Moreover, the
Viterbi algorithm [62] is used to find the most probable
sequence of hidden states called Viterbi path for recognition.

The comparison results from the compared models on the
synthetic data are listed in Table II. Both training and testing
errors are listed Table II. From Table II, we can see that the
GRN-BCM model outperforms other models for the considered
time series classification problem.

TABLE II: COMPARATIVE RESULTS FOR SYNTHETIC DATA

Methods Training Error Testing Error
GRN-BCM 0.6% 2%
BCM 3.8% 7.8%
LSM 3.2% 6%
HMM 8.2% 11.4%

In the following, we discuss briefly the computational
complexity of the compared models. The computational
complexity of the GRN-BCM model is O(({ + H +J)NT) ,

where J is the number of inputs, H is the time interval (Eqn.
3), I is the number of pre-synapses, N is the number of
neurons and 7 is the length of input sample. Since the
traditional BCM model does not take the mechanism of GRN
into account, the complexity for BCM is O(({ + H)NT) . LSM

consists of a random fixed reservoir which is a recurrent
structure. The complexity of the LSM is O(N ’T ). In general,

the Viterbi algorithm is used for recognition when applying
HMM. The complexity of HMM is based on the Viterbi

algorithm, i.e., O(S2T ), where S denotes the number of

states. In general, the computational cost of GRN-BCM is
slightly higher than that of the traditional BCM, and lower than
that of LSM model. Meanwhile, depending on the number of
states used in the HMM model, the computational cost of the
GRN-BCM model may or may not be higher than that of HMM
model, but the performance of the GRN-BCM model is much
higher than the HMM model (from Table II).

VI. GRN-BCM MODEL FOR HUMAN BEHAVIOR RECOGNITION

A. The System Framework

To evaluate the learning performance of the GRN-BCM
model on real-world applications, human behavior recognition
is adopted for case study since extracting temporal patterns is
critical for the success of human behavior recognition. The
system framework for human behaviors recognition from
sequences of visual data using the evolving GRN-BCM based
spiking neural network model is shown in Fig. 4.
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When a new video arrives, it often consists of a sequence of
image frames. Each frame will be preprocessed to extract
spatial features. The details of how to extract spatial features
will be discussed in Section VI. B. We assume that there are
three layers in the GRN-BCM model, which consists of middle
layer 1, middle layer 2 and the label layer. Given each image
frame with a size of HxW , a sequence of frames with the
extracted spatial features are fed into the middle layer 1 as the
inputs. The temporal relationships between the extracted spatial
features are encoded in the sequence of frames, which will be
explicitly taken into account by the three-layer GRN-BCM
model, together with the extracted spatial features on each
frame. In this way, the behavior pattern can be recognized by
the proposed model. Please be noted that we do not have
explicit model for the behavior representation in this system
because both the spatial and temporal patterns are handled
within the whole system coherently. The details of how to
construct this SNN and how to learn the temporal information
using the proposed GRN-BCM model will be discussed in
Section VI.C and Section VI.D, respectively.

_A T Label Layer

(Middle Layer 2)

(Middle Layer 1)

Preprocessed
frame with
spatial features

Spatial Features
(with sequential
temporal
information)

T ////7 ////7/ Input Frames

—
Fig. 4. The system framework using the GRN-BCM based SNN model
as the classifier for visual human behavior recognition.

B. Spatial Feature Extraction

Generally, each video sequence consists of a set of sequential
frames, which is the input of the bottom layer as shown in Fig.
4. 2D interest point detectors are adopted for detecting spatial
features, which model the geometric relationships between
different parts of the human body. These spatial features of the

Middle Layers

co-occurrence of motion pixels represent the low-level visual
features, which are fairly reliable in a video sequence.

One of the most popular approaches to interest spatial point
detection is based on the detection of corners. In this paper,
corners are defined as regions where the local gradient vectors
are in orthogonal directions. The gradient value at pixel (i, j)is
denoted by L(i, j,o) and can be obtained by taking the first

order derivative of a smoothed image as follows:

L, j,0) =1, j)* g(i, j,0), (16)
where (i, j) denotes the pixel value at position (i, j) in an
input image, g(i, j,o0) is the Gaussian smoothing kernel, and

o controls the spatial scale where corners are detected. The
gradient difference between the previous frame and the current

frame is denoted by R(i, j,0) = (Ly,, (i, j.0) = L, (i, j,0))
where L, (i,j,0)and L,,(i, j,0) denote the gradient values

of the current frame and the previous frame, respectively.

To identify the spatial features based on this gradient
difference value, we define a relative threshold. For example,
we only need to extract 20 spatial features for each frame.
Therefore, the pixels whose gradient difference value is within
the highest top 20 will be treated as the location of the spatial
features. Then, based on the locations of the extracted spatial
features, we convert the original input frames into binary
images as the inputs of the GRN-BCM spiking neural network,
where all the pixel values of the extracted spatial features are
set as 1 and the rest as 0 in the binary images for each frame.
Fig. 5 shows one example of extracting the spatial features of
“hand-waving” behavior from a video sequence, where the red
shaded areas represent the extracted spatial features.

L.~

Fig. 5. An example of extracting the spatial features of a “hand-waving”

behavior. The bottom row shows the detected spatial features
(represented by red blocks) from original frames in the video.

After collecting the spatial features, the goal of our model is
to classify a testing video sequence into one of the trained
patterns from the training set. If all the activities performed in
the training set are in the middle of the video frames, even if the
activity in a testing video is not performed in the middle of the
frames, the corresponding pattern can still be recognized since
the most similar pattern to the current video will be selected
from the trained patterns. As we mentioned in Section VI A,
there is no explicit model to represent the behavior patterns
because both the spatial and temporal patterns of the behaviors
are handled coherently by the whole system, as shown in Fig. 4.
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C. The Spiking Neural Network

For computational efficiency, it is assumed that each neuron
is only connected to its local neighboring neurons within and
across the layers. Here, we elaborate how the neurons in the

three-layer SNN are connected. Let S((}ll? W) (h=0,1,...,H+1;

wi=0,1,..., W+1) and S((,i),Wz) (hy=1, .. Hyw=1,..,W)

denote the neurons in middle layer 1 at location (/;, w;) and
middle layer 2 at location (%, w,), respectively. The neuron

§@

(h, w,) Can connect up to 8 intra-layer local neighboring

- (2) (2) (2) (2)

neurons, i.e., Si' 1 s SG) gy Sttty > Sty ws-1) 2
(2) (2) (2) (2) thi i
(hy,wy +1) 2 S(h2+1,w2) ’ S(h2+l,w2) and S(h2+1,w2+1) within middle

layer 2, and up to 9 inter-layer neighboring neurons, i.e.,

1) 1) 1) 1) 0]
Stha-tovs=1) > Sthy-tw) > Sthy-Luws+1) > Sthywy-1) > Sthywy) >
© (0] (0] 0 . .
S(hz,w2+1)’ S(h2+1,w2)’ S(h2+l,w2) and S(h2+1,w2+1) in middle

layer 1 in a bidirectional way. It is noted that only the neurons
in two middle layers can have intra-layer connections. In our
model, all the connections between neurons within the SNN are
bidirectional, except for the ones from the input layer to the
middle layer which are unidirectional.

Based on extracted spatial features, we convert the original
input frames into binary images as the inputs of network, where
each extracted feature is represented with the pixel value of 1 in
the binary image, and the rest is represented with the pixel
value of 0. As a result, the extracted features in each frame
correspond to spikes fed into the middle layer 1 of SNN. Due to
the assumption that connections only exist within local
neighbors within each layer, the features at the border of the
image have fewer connections than those in the center. To
maximally deliver the input information into the network, the
size of middle layer 1 is set to be (H +2)x (W +2). The size of

middle layer 2 is set to be H x W , which is the same as the input
layer. The top layer is the label layer and is fully connected in a
bidirectional way to the neurons at middle layer 2 (Fig.4).
When a new video sequence comes, the strongest strength will
be generated on one label neuron that corresponds to the given
behavior at the label layer. In other words, each label neuron
represents one type of human behavior pattern.

Here, each video sequence will be fed into the network frame
by frame sequentially. Specifically, each frame with spatial
features is discretely considered as one individual time step
described in Eqns. (1)-(9). For example, if the frame frequency
of a real-time video sequence is 30 frame/second, then the time
step in Eqns. (1), (5), (6), (7), (8) is (1/30) seconds.

Given the input of a preprocessed frame with the size of
H x W pixels, each pixel on the image frame is associated with

an adjustable weight. Let @; ; denotes the weight from the input

x;, j to the neuron S((,RV) at middle layer 1. Here, the input x; ;

includes all the local neighboring neurons from the input layer
(using pixel values), middle layer 2and middle layer 1 (using
the membrane potentials, which is termed neuron values
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thereafter). Therefore, the neuron value of S((th)v) at middle layer
M

u,v

1
s =f( Z“) wi,jxi,j]’ (17)
(i,/)eR

(u,v)

1 is denoted by y, | and can be calculated by

where f{.) denotes the activation function, which is defined as
the same as in Eqn. (10), and R((}Zv) is the receptive field of

neuron S((i),v) which includes all the local neighboring

neurons(from the input layer, middle layer 1 and 2) that are
connected to neuron S((;),V). The neuron value of S((li)v) at
(2)

u,y

middle layer 2 is denoted by y,~) , which can be calculated by

o :f[ . w,-,_/y;};], (%)

()R
where R((f,)v) contains all the input neurons to neuron S((i)v)

with the same rule as R((}Zv) . y,ﬁzv) is rearranged into a column

vector, and used as the input to the label layer as follows:
Wi [ =1 Hysv =1 Woy =y [ m =1 Hy x W}
(19)

For the label layer, let @,, , denotes the synaptic weight from

neuron m in middle layer 2 to neuron 7 in the label layer. The
neuron value of the label neuron at the label layer is denoted by

¥, which can be calculated by

HyxW,

Vo = f[ z wm,nyf,?] : (20)
where each label represents one type of the human behaviors.

D. Supervised Learning using the GRN-BCM Model

A sequence of frames with the extracted spatial features on
each frame is fed into the GRN-BCM model as input. Now the
GRN-BCM needs to extract the temporal relationship of the
extracted spatial features between frames. The major
advantage of the GRN-BCM is that the temporal information is
naturally embedded into the model through dynamic plasticity
parameters of the GRN-BCM model. Therefore, the temporal
feature extraction can be spared in the feature extraction phase,
which considerably reduces the computational complexity and
thus improves real-time performance.

To further improve the convergence speed of the GRN-BCM
for video processing, a scalable training algorithm is adopted.
The computational cost for neural network training depends
heavily on the number of neurons in the network. In other
words, the frame size in video directly determines the
computational complexity. To reduce the computational cost
while maintaining satisfactory performance, a scalable training
algorithm is developed, as sketched in Fig. 6. We begin with
the training set, defined at a higher resolution (in this case,
32x32). Each exemplar is coarsened by a factor of two in each
direction using a simple grey scale averaging procedure. 2x2
blocks of pixels where all four pixels are mapped to a pixel, and
those where three of the four are mapped to a 3/4 pixel, and so
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on. In this way, each 32x32 exemplar is mapped to a 16x16
exemplar to preserve the large scale features of the pattern. The
procedure is repeated until a suitable coarse representation of
the exemplars (8%8) is reached.

The training begins with 8x8 pixels exemplars. These input
vectors are fed into the neural network for training. After being
trained for a predefined number of iterations, the network is
“boosted” by manipulating the weights between the first and
second layers. Each weight from the lower layer to the upper
layer is split into four weights, where each one is 1/4 of the
original size. The resultant network is trained for a few
additional iterations by feeding in 16x16 pixels exemplars.
Again, the trained network is boosted for the next training
session. Similarly, the boosted network is fed in with 32x32
pixels exemplars for a number of iterations until convergence
of the training error is achieved. The boosting and training
process is repeated until the desired network is achieved.

Start Results
—= Train
‘ 32X 32 Exemplar .:d 32X32 Net ‘
Average Boost
— Train
‘ 16X 16 Exemplar .:w 16X 16 Net ‘
Average Boost

Train
8X8 Exemplar 8X 8 Net

Fig. 6. A flowchart of the scalable training algorithm

In the supervised learning phase, the GRN model is used to
regulate three plasticity parameters, i.e., (, €, 1) of the
BCM-SNN model to learn specific behavior patterns using the
training pairs of input video frames and output labels. More
specifically, each label neuron will produce a response with
respect to a new video sequence and the one having the
maximum response activity corresponds to the behavioral
pattern to which the new video belongs. So the architecture of
the SNN must be constructed in a layered feed-forward way.
To make it clear, the pseudo code of the learning process using
the GRN-BCM model is given as follows:

Update
(D-3);
Calculate the outputs y, of the BCM according to
Eqns. (17), (18) and (20);
End
End
End
Perform mutation, recombination and selection according
to CMA-ES
End
The parameters encoded in the best solution of the final
generation are adopted for the GRN-BCM model to be used
for testing

w, @¢()and 8 of BCM according to Eqns.

Create the initial population 20 individuals each encoding 16
parameters of the GRN model, namely, 7,,7,.7,. Ve e

a,,0,,a;,a

A os and k., k,,k;,k,, ks and kg

Nat’
For generation /=1to L
For individual k=1 to K
Fori=1to M (M is number of training samples, i.e. video
sequences) do
Forj=1to T (T is number of fames in each sample) do
Update GRN model including sodium and calcium ion

concentration (¢, ., ¢ 2 ) according to Eqns. (8) , (9),

and three plasticity parameters (1, €, 1) of BCM
according to Eqns. (5)- (7);

Please be noted that this is an offline learning process.
During the testing phase, the synaptic weights and weight
plasticity of the BCM model are dynamically tuned by the GRN
model with fixed parameters evolved using the CMA-ES
during the training phase.

E. Computational Complexity of the Supervised Learning
using the GRN-BCM Model

In this section, we analyze computational complexity of this
learning algorithm. First, one epoch of the training process is
defined as the time period needed to process one video
sequence, which consists of a number of frames and represents
one type of behaviors. For each epoch in the training phase,
only one video sequence is fed into the network, and then the
CMA-ES is applied to optimize the parameters for the GRN
model. We have observed that the evolutionary search of the
parameters will converge within a few generations.

In the following, we discuss the computational complexity of
the proposed framework in one generation. Basically, five
main factors need to be considered: the number of spiking
neurons (i.e., the frame size), the number of time steps needed
for training (i.e., the number of fames in a video sequence), the
number of training samples, the dimension of the objective
parameters and the population size (i.e., candidate solutions) in
CMA-ES. As mentioned in previous section, there are P =16
parameters need to be evolved and K =20 individuals in the
CMA-ES are used in our model. Assuming the number of
training sample is M, the average number of time steps for each
training sample is 7', and the number of input spiking neurons
is N, then the average computational complexity of the learning

algorithm within one generation is O(K(MNT +P2)). If the

CMA-ES converges in L generations, the overall
computational complexity for the training the GRN-BCM

model is O(LK(MNT + P?)) .

For instance, 450 video sequences are picked from the KTH
dataset as training samples, where each video sequence lasts
about 18 seconds and the frame rate is 25 frames per second.
Running the E-GRN-BCM on a PC with a CPU of the Intel
Core 2 Duo Processor P8600 (2.4GHz, 4GB memory), the wall
clock time for training is roughly672 seconds for one
generation. If the evolutionary training converges within 10
generations (which is typically observed), the time for off-line
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training of the GRN-BCM model is about 2 hours in total.

VII. RESULTS ON HUMAN BEHAVIOR RECOGNITION

A. Configuration of the BCM-based Spiking Neural Network

To evaluate the performance of the proposed GRN-BCM
based SNN model, several experiments on different scenarios
have  been conducted on the KTH  datasets
(http://www.nada.kth.se/cvap/actions/) and Weizmann human
motion datasets [68]. The effectiveness of the framework is
measured by two criteria: recognition accuracy and robustness
of the recognition performance in the presence of uncertainties
in the images. In the training process, 4-fold cross-validation is
applied to test the efficiency of our model in behavior
recognition, where the original video sequences are randomly
partitioned into 4 subsamples. For each run, 3/4 videos are used
for training and the rest are used for test and validation. The
cross-validation process is repeated for four times so that each
of the subsamples is used once as the validation data.

For these two datasets, the video is usually captured in a
resolution of 320x240 pixels per frame. If we use the
pixel-level input to the spiking neural network, the overall
computational cost for evolutionary optimization would be
very expensive due to the large number of neurons. Therefore,
as shown in Fig. 6, in the features layer, the inputs are reduced
to 32x24 in size, which is proportional to the original
pixel-level inputs. That is, the size of the input layer in Fig. 4is
320x240, and the size of the features layer is 32x24. As a result,
middle layer 1 is composed of 34x26 neurons, and middle
layer2 is composed of 32x24 neurons. The label layer is fully
connected to middle layer 2.Since CMA-ES does not require a
large population, we set k = 20 in the experiments. The initial

step-size of the CMA-ES is set to ¢ =10.

B.  Evaluation of Multiple Time Scales

As we discussed in the previous section, the timescale of
neural dynamics is much faster than that of the gene regulation
dynamics. To determine the ratio between the two time scales,
we conduct a set of experiments with the ratio of 1:1, 1:5, 1:10
and 1:15, respectively. The parameters (y,,7,,7,) from one

neuron are drawn for each different ratio, as shown in Fig. 7.

It can be seen from Fig. 7 that, although the ratios are various
from 1:1 to 1:15, no significant difference in the dynamics of
the parameters can be observed. In other words, different ratios
in timescale between the SNN and the GRN have no significant
influence on the performance of the proposed model. However,
the neural dynamics stabilizes a bit faster at the ratio of 1:5 than
in other cases. It is noted that the computational cost is also
reduced compared to the case where the same timescale is
adopted for neural and regulatory dynamics.

It is worthy of pointing out that although the values of
parameters for different neurons may be different, overall
behaviors of these parameters from each neuron is just slightly
different given different time scales. Fig. 7 only shows the
parameter behaviors of one neuron (randomly selected) to
demonstrate whether different ratios in timescale will affect the
system performance of the proposed method.
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Fig. 7. The profile of parameters of (y,,7,,7,) from one neuron
arbitrarily chosen for four different ratios. (a) 7, , (b) 7,,and (c) 7, .

t(g) denotes the time with the unit of generation.

C. Behavior Recognition on KTH Dataset

The KTH video database contains image data in which six
types of human actions (walking, jogging, running, boxing,
hand waving and hand clapping) are repeatedly performed by
25 participants in four different scenarios: outdoors (sl),
outdoors with scale variation (s2), outdoors with different
clothes (s3) and indoors (s4), as shown in Fig. 8. We test 599
video sequences of different participants. Fig. 8 demonstrates
the extracted spatial features from the original frames for three
types of behaviors, i.e., walking, hand waving, and boxing.

The recognition rate is defined as the percentage of correctly
recognized behaviors from the number of all samples, which is

R= Ne x100% (21)

N
where R is the recognition rate, N is the number of input
behaviors, and N, is the number of correctly recognized

behaviors. Table III shows the recognition results. From Table
111, we can see that the behavior recognition performance of the
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GRN-BCM model on the KTH dataset is satisfactory with an
overall recognition rate of 84.81%. This indicates that our

proposed model is effective for human behavior recognition.
Running Boxing Hand waving ~ Hand clapping

Fig. 8. Example images from video sequences in KTH dataset
corresponding to different types of actions and scenarios.

TABLE III: BEHAVIOR RECOGNITION RESULTS

Behaviors N Nr R(%)
Walking 100 85 85
Jogging 99 82 82.8
Running 100 82 82
Hand-waving 100 87 87
Boxing 100 85 85
Hand-clapping 100 87 87
Overall 599 508 84.81

TABLE IV: CONFUSION MATRIX FOR THE KTH DATASET

Walk Jog Run Hand- Box Hand-
wave clap
Walk 0.85 0.09 0.06 0 0 0
Jog 0.06 0.83 0.12 0 0 0
Run 0 0.18 0.82 0 0 0
Hand-wave 0 0 0 0.87 0 0.13
Box 0 0 0 0.02 0.85 0.13
Hand-clap 0 0 0 0.07 0.06 0.87

Fig. 9. In the KTH dataset, the original video sequences for behavior
patterns of “walking”, “hand-waving” and “boxing” at top rows, and
the extracted spatial features (represented by the red blocks in the
images) from these behavior patterns at the bottom rows. (a) “walking”
behavior, (b) “hand-waving” behavior, (c¢) “boxing” behavior.

To figure out why some action sequences are misclassified, a
confusion matrix with respect to visual inputs is calculated and
listed in Table IV. The elements of each row in the confusion

11

matrix represent the misclassification rate. From the confusion
matrix in Table IV, we can see that confusions commonly
occurs for similar behaviors, for example, “running” and
“jogging”, which is reasonable since running sometimes may
appear to be jogging and vice versa, even judged by a human
user.

To evaluate the performance of the proposed model, first we
compare it with the traditional BCM model by using the same
spatial features extracted from the videos. In the traditional
BCM model, the structure of the SNN is the same as that in the
GRN-BCM model (as shown in Fig. 4), and the BCM model is
described by Eqns. (1)-(3) where three plasticity parameters (1,
€, A)are directly evolved by the CMA-ES without being
regulated by the GRN. In addition, we also compare the
performance of the GRN-BCM model with a liquid state
machine model (LSM) using the same spatial features. In the
LSM model we adopted here, the reservoir is built from
32x24x2 spiking neurons with fixed random connections. We
adopted the same LSM model used for the synthetic time series
classification problem described in Section V.B. Please refer to
Section V.B for the detailed parameter setup for the LSM
model. For computational efficiency, we stick to the first-order
HMM, which has five hidden states. The experimental results
are listed in Table V. Obviously, with the same spatial features,
the GRN-BCM model outperforms the traditional BCM, LSM,
and HMM models. Moreover, the low recognition rate of the
traditional BCM-SNN clearly indicates that GRN regulated
neural plasticity significantly improve the computational power
of spiking neural networks. It can also be seen that the HMM
model exhibited the worst performance (an accuracy of
43.07%), which is consistent with the experimental results on
the synthetic dataset (as shown in Table II).

TABLE V: Comparison of Different Classifiers on KTH Dataset

Methods Features Ac?): )a «
GRN-BCM Spatial features 84.81
BCM Spatial features 65.28
LSM Spatial features 67.11
HMM Spatial features 43.07

To provide a more complete evaluation of the proposed
method, a few other state-of-the-art algorithms for human
behavior detection [2, 15, 35, 56] have also been adopted for
comparison. The results are listed in Table V, where both the
feature extraction methods and classification methods in each
approach have been listed as well. Note that all the compared
methods use complex and sophisticated spatiotemporal features
during the feature extraction phase except for our model, in

which only spatial features are used.
TABLE VI: Comparison of Different Methods on KTH Dataset

Methods Features Classifier Acz;r)a o
()
GRN-BCM Spatial features GRN-BCM 84.81
Schuldtetal, [s6] | Spatiotemporal SVM 71.83
interesting points
Ke et al. [35] Optical flow Boosting 62.97
Dollaret al. [15] Gabor filters 1-NN 81.17
. . Gentleboost
Antonios et al. [2] B-splines +RVM 80.8
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From Table VI, it can be seen that the proposed GRN-BCM
model posses the highest average recognition rate of 84.81%
among the compared methods even with the much spatial
features only (which are easier to extract), suggesting that the
proposed GRN-BCM model is more efficient and powerful
than the compared methods for the human behavior recognition
from video sequences.

The main reason that we did not apply spatial features for the
state-of-the-art methods in comparison is that in the methods
listed in Table VI, the classifiers are developed based on the
spatial domain and cannot encode the temporal information
directly. As a result, these methods cannot operate on video
sequences only relying on the spatial features. To address this
issue, in these methods the temporal information involved in
the video data must be defined as the third dimension with
respect to two spatial dimensions, and implicitly described as
“special” spatial features. Therefore, those classifiers need to
be provided with spatiotemporal features as the inputs for the
human behavior recognition. From this point of view, the
proposed GRN-BCM model has a clear advantage over the
compared ones since it can considerably reduce the
computational complexity for video processing for the whole
system.

D. Behavior Recognition on Weizmann Dataset

Then we evaluate the performance of the GRN-BCM model
on another commonly used dataset, Weizmann human action
dataset [68]. The corresponding video material can be found at
http: / www. wisdom. weizmann .ac. il /~vision/
SpaceTimeActios. html. This database contains 90
low-resolution video sequences showing 9 participants, each
performing 10 natural actions. Fig. 10 shows some examples of
these 10 behaviors from this database. The individual
recognition rates of all these 10 behaviors and the overall
average recognition rate using the GRN-BCM model are
presented in Table VII.

() (2 (h) ® ()
Fig. 10. The example images from different behavior video sequences
in Weizmann dataset. (a) walking, (b) running, (c) waving2, (d)
pjumping, (e) siding, (f) jack, (g) skipping, (h) wavingl, (i) bending,
and (j) jumping.

From Table VII, it can be seen that the recognition rates are
lower than those on KTH dataset, dropping from 84.81% to
74.44%. The reason might be that the Weizmann dataset has
much fewer training and testing samples compared to the KTH
database. In the KTH dataset, there are about 100 testing
samples for each behavior, while Weizmann dataset only has
about 9 test samples for each behavior although it has more
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categories of behaviors. Therefore, it becomes harder for the
models to achieve a high recognition rate.

TABLE VII: BEHAVIOR RECOGNITION RESULTS

Behaviors N Nr R (%)
Walking 9 7 71.78
Running 9 7 77.78
Waving2 9 7 77.78
Pjumping 9 6 66.67

Siding 9 7 77.78
Jack 9 6 66.67
Skiping 9 5 55.56
Wavingl 9 7 77.78
Bending 9 8 88.89
Jumping 9 7 71.78
Overall 90 67 74.44

TABLE VIII: CONFUSION MATRIX FOR THE WEIZMANN DATASET

ol 2l S 2] w 2lm| 2|2
A B EI IR
zl&|lz|&]°7 Zi N -

Walking 7 0 0 0 1 0 0 0 0 1
Running 0 7 0 0 0 0 0 0 0 2
Waving2 0 0 7 0 0 0 0 2 0 0
Pjumping 0 0 0 6 2 0 0 1 0 0
Siding 1 0 0 1 7 0 0 0 0 0
Jack 0 0 2 0 0 6 0 1 0 0
Skipping 3 1 0 0 0 0 5 0 0 0
Wavingl 0 0 1 0 0 1 0 7 0 0
Bending 0 0 0 0 0 0 1 0 8 0
Jumping 1 0 0 0 0 0 1 0 0 7

In addition, some categories of human behaviors are very
similar to others in Weizmann dataset from the motion features
point of view, which also can cause confusion in recognition, as
confirmed by the confusion matrix given in Table VIII. It can
be seen from Table VIII that confusion mainly comes from
those behaviors with similar motion features, like “wavingl”
and “waving2”, “pjumping” and “siding”, etc. However, the
confusion degrees are relatively small compared to the correct
recognition rate, which means that the proposed approach is
effective in distinguishing similar behaviors.

To compare the experimental results with other alternative
methods, we conduct another set of experiments on the
Weizmann dataset. Similarly to the previous dataset, we first
compare the GRN-BCM with a traditional BCM model and an
LSM model using the same spatial features as input. The
experimental setup for the compared models is the same as that
used for the KTH dataset. The results are listed in Table IX.
From Table IX, it can be seen that the GRN-BCM model has
much better performance compared with the other two models,
which confirms that GRN-based modeling of neural plasticity
enhances the computational power of spiking neural networks.
Again, a few other state-of-the-art methods using different
features have been compared on the dataset and the comparison
results are provided in Table X. The HMM model is excluded
in this comparative study due to its poor performance on the
synthetic data as well as on the KTH dataset.

From Table X, we can see that the performance of the
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GRN-BCM model is much better than that of the methods
reported in [43, 49, 68]. Due to the small samples of Weizmann
dataset, the overall recognition rates of all the compared
methods are relatively low. Again complex and sophisticated
spatiotemporal features are needed in the methods proposed in
[43, 49], whereas only spatial features are required in our
method. Even with the much simpler spatial features, the
proposed GRN-BCM model can outperform other methods and
successfully extract the temporal information from the video
without decreasing the accuracy. These comparative results
further verify the advantage of the proposed GRN-BCM model

over the-state-of-the-art for human behavior recognition.
TABLE IX: Comparison of Different Classifiers on Weizmann Dataset

Methods Features Acf;;: )a e
GRN-BCM Spatial features 74.44
BCM Spatial features 57.78
LSM Spatial features 55.56

TABLE X: Comparison of Different Methods on Weizmann Dataset

Methods Features Classifier Ac:;;r)a <
o
GRN-BCM Spatial features GRN-BCM 74.44
Zelniket al. [68] Histograms Statistical Distance 58.91
Measure
Niebles et al. Spatiotemporal
[49] features SVM 28
. Spatiotemporal K-Nearest
Liuctal. [43] volumes Neighborhood ey

VIII. CONCLUSION AND FUTURE WORK

This paper proposes a new BCM-based spiking neural
network model for temporal pattern learning and recognition,
termed GRN-BCM, where GRN is used to regulate the
plasticity parameters of the BCM model. An evolution strategy,
the CMA-ES is employed to fine tune the parameters of the
GRN model to achieve optimal performance for any specific
task in hands. To evaluate the computational power of the
GRN-BCM model, the proposed model is empirically
compared with other machine learning models both on a time
series classification problem and two human behavior
recognition datasets. Combined with a corner-based spatial
pattern extraction algorithm, the model is shown to be well
suited for learning spatiotemporal patterns. Extensive
experimental results performed on two behavior recognition
datasets have demonstrated that the proposed GRN-BCM
model is very efficient for behavior pattern recognition
compared to other state-of-the-art the methods with the same or
different extracted features reported in the literature.

Extracting visual features is critical for the recognition of
human activity. The spatial features based on the corner
descriptor in our work, however, are relatively simple and have
their limitations. For example, the corner-based spatial feature
extraction algorithm is sensitive to the noise and is not scale
invariant. The proposed feature extraction method may not be
able to be applied to a very complex industrial environment
[63]. Thus, our future work includes developing a more robust
and powerful algorithm for spatial feature extraction to handle
more complex recognition tasks, such as human behavior
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recognition with dynamic backgrounds (i.e., moving objects in
the background), or multi-object human activity recognition
(i.e., several activities are occurring at the same time or
multiple people are conducting different activities).
Furthermore, we will investigate how to improve the
self-adaptation of the proposed model so that the model can
incrementally learn unseen behaviors from the online video
sequences under various complex scenes and backgrounds.
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