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a b s t r a c t
Early detection of human actions is essential in a wide spectrum of applications ranging from video
surveillance to health-care. While human action recognition has been extensively studied, little attention
is paid to the problem of detecting ongoing human action early, i.e. detecting an action as soon as it begins,
but before it ﬁnishes. This study aims at training a detector to be capable of recognizing a human action
when only partial action sample is seen. To do so, a hybrid technique is proposed in this work which
combines the beneﬁts of computer vision as well as fuzzy set theory based on the fuzzy Bandler and
Kohout’s sub-triangle product (BK subproduct). The novelty lies in the construction of a frame-by-frame
membership function for each kind of possible movement. Detection is triggered when a pre-deﬁned
threshold is reached in a suitable way. Experimental results on a publicly available dataset demonstrate
the beneﬁts and effectiveness of the proposed method.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Human action recognition has been widely studied over the
years with real-time applications in video surveillance [1–3],
health-care monitoring [4–6], sport analysis [7,8], etc. However,
detecting ongoing human action early, i.e. as soon as it begins but
before it ﬁnishes has not received much attention in the recent past.
Most of the methods dealt with detection of the action after its completion. On the contrary, for early detection it is essential to detect
partial action [9–13]. Early detection of human action is essential in
several situations such as monitoring criminal activities, patients’
fall detection, etc. Consider the example of an elderly care system
in a hospital, it is crucial to accurately and rapidly detect the falling
activity of the elderly patients as soon as possible, so that necessary
medical care can be provided in a timely manner.
Early detection of human action is a daunting task given the
vast amount of uncertainty involved therein. The conventional
computer vision solutions often fall short of providing efﬁcient
solution as they are not robust enough to handle issues such as
uncertainty, imprecision and vagueness. Hybrid techniques are
believed to address these issues to a considerable extent by exploiting the strengths of one technique to alleviate the limitations of
another [14,15]. Therefore, in this paper a hybrid technique for
early detection of human action is proposed as the synergistic
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integration of computer vision solutions and fuzzy set theory. It
is believed that computer vision methods and fuzzy approaches
do not behave in a conﬂicting manner, but rather complimenting
one another [16]. The fusion of these techniques towards performing human action recognition as early as possible can be achieved
through proper hybridization. To this end, the relationship between
a human and the action being performed is studied using the
Bandler and Kohout’s (BK) sub-triangle product (subproduct) [17],
efﬁciently integrated with computer vision techniques including
feature extraction and motion tracking to perform human action
recognition effectively.
To the best of the authors’ knowledge, this paper is the ﬁrst
attempt towards providing a solution to early human action
detection using a hybrid technique, combining the beneﬁts from
computer vision and fuzzy set theory. Fuzzy BK subproduct is chosen in this work due to its ﬂexibility and efﬁcacy to be employed
in real-world applications [18–21], and also its capability to imitate the natural human behavior, i.e. modus-ponen way [22].
Modus-ponen refers to our interpretation of available information
while solving real-life problems, for example if A implies B, and
A is asserted to be true, therefore B must be true. Another issue
addressed by the proposed method is to handle the cumulative
tracking errors and precision problem using a set of overlapped
fuzzy numbers known as fuzzy quantity space, where individual
distance among them is deﬁned by a predeﬁned metric [23,24].
We intend to provide a solution for early human action detection closest to natural human perception. The novelty lies in the
hybrid based learning formulation to train the early detector such
that once the detector has been trained, it can be ﬂexibly used in
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several ways depending upon the application. Experiments on a
standard human action dataset illustrate the capability of the proposed hybrid technique to make reliable early detection of human
action. The partial human action is modeled, where the fuzzy membership function provides the basis to detect an action before it is
completed when a certain threshold is attained in a suitable way.
To summarize, our main contribution is one of the ﬁrst attempts
to employ hybrid technique, a fuse between computer vision and
fuzzy sets approaches for early detection of human action. Most
of the classical solutions [16] had been focusing on human action
recognition.
A preliminary version of this work was presented earlier [25].
The present work adds to the initial version in signiﬁcant ways.
Firstly, we improve the early human action detection framework by
introducing fuzzy quantity space in the tracking stage to handle the
cumulative tracking errors. Secondly, considerable new analyses
and intuitive explanations are added to the original results. We also
extend the original experiments from using a partial Weizmann
dataset to a full Weizmann dataset.
This paper is structured in the following way. Section 2 provides
the background on human action recognition from the ﬁelds of
computer vision and fuzzy set theory. The BK subproduct approach
is revisited in Section 2.2.1. Section 2.3 reviews early event detection. The proposed hybrid technique for early detection of human
action is described in Section 3. Section 4 provides an analysis of
the experimental results and assesses the effectiveness and beneﬁts
of the proposed method. Finally, Section 5 concludes the paper.

2. Background
This section gives an overview of the background of human
action recognition, with reference to computer vision methods
and fuzzy set oriented approaches with a short description of
the BK subproduct inference mechanism. Fig. 1 represents a general framework for human action recognition, where for an input
video, ﬁrstly, the human object is detected as low-level vision task,
followed by human motion tracking in the mid-level processing.
Furthermore, the literature on early detection of human action is
reviewed with highlight on the state-of-the-art methods along with
their limitations.

2.1. Human action recognition in computer vision
There exist several surveys of human action recognition in
computer vision literature [26–29], focusing on various methods
employed in the analysis of human body motion. Some of the recent
works on human action classiﬁcation includes [30–33], and for
human activity recognition includes [34–37]. However, they are
only capable of detecting complete human action. In the case of
early human action detection, it is essential to detect partial action,
as the concern is to recognize the activity being performed as soon
as possible. Another limitation of these works is their inability to
handle the uncertainties that exist in a real-world environment,
which is taken into account by fuzzy approaches.

Fig. 2. Overview of BK subproduct: element a in set A is in relation with element c
in set C if its image under R (aR) is a subset of image Sc.

2.2. Fuzzy human action recognition
In recent times, the fuzzy approaches such as type-1 fuzzy
inference system [38,39], fuzzy HMM [40] and hybrid techniques
[14,15],have proven to be beneﬁcial in human action recognition. Fuzzy human action recognition techniques can be efﬁciently
used to distinguish the human motion patterns, and recognize
the human activities with their capability to model the uncertainties involved therein. Nonetheless, fuzzy vector quantization [41]
and qualitative normalized template [24,42] provide the capability to handle the complex human activities occurring in everyday
life. However, these approaches are tailor-made for human action
recognition and classiﬁcation tasks only, and lacking in ability to
detect an action early.
BK relational products have been successfully employed in
developing the inference engine for several applications such as
in the medical expert system [43], information retrieval [44],
autonomous underwater vehicles’ path navigation [19], land evaluation [20], scene classiﬁcation [21,45], etc. In this paper, a hybrid
technique of fuzzy BK subproduct and the computer vision solutions is employed for human action recognition. In order to provide
a better understanding of the concept, the following section revisits
BK subproduct.

2.2.1. BK subproduct revisit
Bandler and Kohout [17] proposed that the relationship between
two indirectly associated sets can be studied with the BK relational
product that deﬁnes the relationship between the elements within
the two indirectly associated sets as the overlapping of their images
in a common set. Fig. 2 gives an overview of the BK subproduct
for crisp relations. Let us assume that there exist three sets: set
A = {ai |i = 1, · · · , I}, set B = {bj |j = 1, · · · , J} and set C = {ck |k = 1, · · · , K}.
If a relation R is deﬁned between A and B such that R ⊆ {(a, b)|(a,
b) ∈ A × B}, and a relation S is deﬁned between B and C such that
S ⊆ {(b, c)|(b, c) ∈ B × C}, then the BK subproduct can be deﬁned as:
R  S = {(a, c)|(a, c) ∈ A × C

Fig. 1. A general framework for human action recognition.

and aR ⊆ Sc}

(1)
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Fig. 3. An example of human motion image.

BK subproduct ﬁnds all (a, c) couples such that the image of a
under relation R in B (aR) is among the subset of c under the converse relation of S in B (Sc ), as illustrated in Fig. 2. As an extension to
crisp BK subproduct, [17] proposed fuzzy BK subproduct to handle
the uncertainty issues that exist in the real-world. Observing Eq. (1),
it can be seen that aR ⊆ Sc is the main element to retrieve the relationship between a and c. Therefore, the fuzzy subsethood measure
was developed in [46] based on the fuzzy implication operators ‘→’.
Let P and Q be the fuzzy subsets in the universe X, such that
x ∈ X. Then the possibility that P is a subset of Q is given as:
(P ⊆ Q ) =





x∈X

(P (x) → Q (x))

(2)

where
represents the arithmetic mean in mean criterion or the
inﬁmum operator in harsh criterion; P (x), and Q (x) represents
the membership function of x in P and Q respectively; while → is the
fuzzy implication operator. Utilizing Eq. (1) and (2), BK subproduct
as the composition of relations between ai ∈ A and ck ∈ C is deﬁned
as follows [17]:
R  S(a, c) =



b∈B

(R(a, b) → S(b, c))

(3)

where, R(a, b) represents the membership function of the relation
R between a and b; and S(b, c) represents the membership function
of the relation S between b and c.
BK subproduct is a ﬂexible approach that can be applied in
real-life applications. Consider an example of a human motion
image, as illustrated in Fig. 3 where an actor performs an action.
Given an input video of action sequences, the human object is ﬁrst
detected for each image frame. This is followed by feature extraction. Features are the elements to be modeled and represented in a
meaningful manner to signify the action. A popular feature extraction approach is to represent the image window by a covariance
matrix of features [47], where the concept of covariance implies
how much two variables vary together.
Let fi denote the features extracted from image frames i = 1,
· · · , I of the video describing the human action ak , for k = 1, · · · ,
K action classes. The features extracted can be associated directly
with the pixel coordinates. Therefore, the pixel-wise features fi =
[x y I Ix Iy Ixx Iyy ] can be extracted as represented in Fig. 3. By constructing the covariance of different features of a human image
window (e.g. color, gradient, motion, edge etc.), the information
from the histograms and the appearance models can be extracted.
And by using bag of covariance matrices, the detection of actions,
poses and shape changes can be taken into account efﬁciently [47].
To detect human action in a given image, a BK subproduct classiﬁer is ﬁrst trained. The indirect relationship between the features
representing the human image and the actions being performed
can be deduced using fuzzy BK subproduct. This is conditional on
the presence of an intermediate set that is in relation with both fi
and ak , such as the human body part-based model mj for j = 1, · · · ,

J (where J denotes the number of models), obtained as a result of
covariance tracking. The BK subproduct classiﬁer is invoked at each
candidate image window to determine the target human action.
The detection is triggered at frame i when the detector obtains the
segment having the highest membership value.
For testing image sequences, this entails ﬁnding the features
that signify the desired human action. There exists several popular
methods to perform this task e.g. using the well-known classiﬁers
such as SVM, KNN and so on, but the employability of these algorithms depends on the desired application and its requirements.
Although BK subproduct is not a popular classiﬁer, but it can be
efﬁciently used for classiﬁcation tasks with the ability to provide
a solution closer to how human interpret a situation in real life.
For example, the relationship between a set of features and the
action classes can be established if there exists an intermediate
element that is in relationship with both, such as a human body
model generated as a result of human motion tracking.
Furthermore, the introduction of fuzzy subsethood measure
in the BK subproduct simpliﬁes the classiﬁcation process in the
sense that the crisp BK subproduct allows an action to belong to
a single class only i.e. mutually exclusive classiﬁcation approach.
Whereas, fuzzy BK subproduct provides ﬂexibility where an action
can belong to a particular class with a certain degree of belongingness deﬁned using fuzzy membership functions, and therefore
offers non-mutually exclusive action classiﬁcation. This is very crucial for early detection of human actions, because initially there is
no information available about the action being performed. As the
video progresses, the membership function values generated using
BK subproduct vary following a certain trend (e.g. monotonically
increasing or decreasing), enabling frame-by-frame action classiﬁcation.
2.3. Early event detection
In general, there exist several human action recognition methods in literature [16,48]. Most of the methods dealt with detection
of action after its completion. For early detection it is essential to
detect partial human action [9,49,10,50,11–13,51]. The following
subsection discusses the pros and cons of the existing methods for
early human action detection, followed by a short review on the
learning mechanism for early event detectors in Section 2.3.2.
2.3.1. Pros and cons of the existing methods
Most of the existing work dealing with early detection of human
actions aims at detecting unﬁnished activity. [9] proposed the
integral bag-of-words and dynamic bag-of-words approaches as
an extension to the bag-of-words paradigm for early recognition of ongoing human activities, and delivered promising results.
However, the model learned for activity recognition may not be
representative if the action sequences of the same action class
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have large appearance variations. Also, it was found to be sensitive to outliers. The solution to these two issues was provided
in [49] where the action models were built by utilizing sparse
coding to learn the feature bases, and using the reconstruction
error in the likelihood computation. Other limitations of [9] include
the assumption made that the activities within the same action
class always have identical speed and duration which is not true
in most cases. Also, the poor discriminative model generated to
describe human action, ignoring the bag-of-words model in spatialtemporal relationships among the interest points. This issue was
taken into account in [10] where a spatial-temporal implicit shape
model was proposed to model the relationship between the local
features, and at the same time predict multiple activities. The
method proposed in [50] incorporated an important prior knowledge that as new observations are available when the action video
progresses, the amount of crucial information about the action also
increases. However, the methods [9,49,10] did not utilize this prior
knowledge. In addition, [50] modeled the label consistency of segments, which provides discriminative local information, as well as
implicitly captures the context-level information that is useful for
predicting actions. Moreover, [50] captured the action dynamics in
both global as well as local temporal scales, unlike [9,49] where
the dynamics in single scale were captured. In spite of the advantages these methods offer, they lack in the ability to handle the
uncertainties that exist in a real-world.
The early recognition of human action for the dynamic
ﬁrst-person videos was studied in [11], where the pre-activity
observations were considered that includes the frames ‘before’
the starting time of the activity. However, this work is different from the goal of this paper. ARMA-HMM based approach was
employed in [12] which integrates both the predictive power of
sequential model HMM (Hidden Markov model) and the time series
model ARMA (Autoregressive-moving-average). Unfortunately, it
requires building separate HMMs for each activity and therefore
is computationally expensive. Max-Margin Early Event Detector
(MMED) was proposed for early detection of events in [13,51]
which is based on the Structured Output SVM [52] and requires
extensive labeling on each of the training samples. In terms of timeliness and accuracy, MMED performs efﬁciently. However, early
detection of human action is a complex task given the vast amount
of uncertainty involved therein. An efﬁcient algorithm should be
able to handle even the minutest level of uncertainty for a reliable
decision making.
The
conventional
computer
vision
solutions
[9,49,10,50,11–13,51] often fall short of providing an effective solution as they are not robust enough to handle issues such as
uncertainty, imprecision and vagueness that arise in a real-world.
The fuzzy approaches are well-known in offering an effective
solution with the inherent capability of assigning a degree of
belongingness to a human action using the fuzzy membership
function. The problem of early human action recognition can be
efﬁciently addressed by integrating computer vision solutions with
fuzzy set oriented techniques in a way that the strength of fuzzy
set theory can alleviate the limitation of computer vision solutions.
In the following section, the learning mechanism for early event
detectors is reviewed, which forms the baseline for designing the
learning formulation for early human action detector.
2.3.2. Review on learning mechanism for early event detectors
For early event detection, partial events are used as positive
training examples [13], instead of a complete event. For a training
set Xi of length li and time t = 1, 2, · · · , li , the output of the detector
at time t is a partial event represented as:
i
g(X[1,t]
) = yti = arg maxf (Xyi )
y ∈ Y (t)

(4)

where, yti = yi ∩ [1, t] is the part of event yi that has already hapi
pened and is possibly empty; g(X[1,t]
) is the output of detector on
the subsequence of time series Xi , not the entire set; and f (Xyi ) is the
detection score function. It is required that the detector score function is a monotonic and non-decreasing function. This means that
the score of the partial event yti should be greater than the score
of any segment y ending before the partial event, which has been
seen in the past, i.e.
f (X i i )  f (Xyi ) + (yti , y)∀y ∈ Y (t)
yt

(5)

where (yti , y) is the loss of detector for outputting y when the
desired output was yti .
The constraint in Eq. (5) is enforced for all t = 1, 2, · · · , li . The
learning formulation for early event detector is obtained as [13]:
C i
1
w2 +

n
w,b, i 0 2
n

min

(6)

i=1

so that
f (X i i )  f (Xyi ) + (yti , y) −
yt

i

 
yti 
  
y i 

(7)

∀i, ∀t = 1, ..., li , ∀y ∈ Y (t)
where w is a weight vector, b is a scalar bias term, C is the cost
parameter, and n denotes the number of instances of the training data. This is an extension of Structure Output SVM, with the
alteration on setting t = 1, 2, · · · , li instead of t = li , because partial
events are trained instead of a complete event. An additional slack
variable  i is added as a rescaling factor for correctly detecting the
occurrence of an event at time t.
3. Hybrid technique for early detection of human action
Human action recognition is a high-level computer vision problem, which involves human detection in the low-level processing
and human motion tracking in the intermediate level. However,
vast amount of uncertainty, imprecision and vagueness issues may
exist that are required to be dealt with using an efﬁcient algorithm (e.g. fuzzy approaches). Therefore, a hybrid technique for
early detection of human action is proposed in this work as the
integration of computer vision solutions as well as fuzzy set theory, where the hybridization is performed on the tracking output
generated and the fuzzy BK subproduct. Fig. 4 highlights the overall pipeline of the proposed hybrid solution and will be discussed
step-by-step in this section.
3.1. Feature extraction
Given an input video action sequences, the object window is represented as a covariance matrix of features following the method in
[47]. The covariance matrix is a symmetric matrix where the diagonal represents the variance of each feature in the image, and their
representative correlations is represented by the non-diagonal. The
covariance matrix is scale-invariant and efﬁciently combines multiple features without the need to normalize features or blend
weights. The reason for choosing this method is to capture the
spatial as well as statistical properties along with their correlation
within the same representation. Let F be the W × H × d dimensional
RGB feature image of an image I, such that F(x, y) = (I, x, y) where
the function  can be any mapping such as image gradients, color,
edge magnitude or orientation. Let fii=1..I be the d-dimensional feature vector inside a rectangular window R where R ⊂ F. A feature

E. Vats, C.S. Chan / Applied Soft Computing 46 (2016) 953–966

957

Fig. 4. Overall pipeline of the proposed hybrid technique. The hybridization is performed on the tracking output from computer vision solutions and the set B of fuzzy BK
subproduct which includes a set of human body part-based models obtained from the human motion tracking. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)

vector fi is constructed using: (i) spatial attributes based mapping
- obtained from the pixel coordinates values, and (ii) appearance
attributes based mapping - e.g. gradient, color or infrared. The
features extracted may be associated directly with the pixel coordinates (fi = [x y I(x, y) Ix (x, y) . . .]), or can be arranged in a radially
symmetric relationship (fir = [(x , y ) I(x, y) Ix (x, y)...]).
3.2. Covariance tracking

of the objects tracked, and has shown remarkable detection accuracy for the moving objects in non-stationary camera sequences.
Covariance tracking is performed as follows.
For a given object region R , a d × d covariance matrix of features
CR is computed as the model of the human object:
1 
T
(fi − R )(fi − R )
MN
MN

CR =

(8)

i=1

Tracking is important in ﬁnding the correspondences between
the previously detected objects in the current image frame. A common approach in tracking is to employ predictive ﬁltering where
the object’s location in the distance calculation and color attributes
are used to update the model [53]. When the measurement noise
is assumed to be Gaussian, the Kalman ﬁlter offers an optimal solution. Whereas Markovian ﬁlters can be applied for tracking when
the state space consists of a ﬁnite number of states. Another wellknown approach is to employ particle ﬁlters which are based on
Monte Carlo integration methods. In particle ﬁltering, the current
density of the state (i.e. speed, size, location) is represented using
a set of random samples with associated weights. Further, the new
density is computed utilizing these samples and weights. However,
the main disadvantage of particle ﬁltering is that it is based on random sampling, and therefore suffer from the problem of sample
degeneracy and impoverishment, especially for the higher dimensional representations [47].
In order to ﬁnd a global optimal solution, the covariance tracking
method [47] is employed. It is a simple algorithm used to track nonrigid objects using covariance based object description. A model
update mechanism is incorporated using Lie algebra to adapt to the
undergoing object deformations and appearance changes. Unlike
other tracking methods, covariance based tracking does not make
any assumption on the measurement noise as well as the motion

where, R is the vector of the mean of the corresponding features
for the points in region R . A single covariance matrix extracted from
a region is sufﬁcient to perform matching of the region in multiple
views and poses. In the current image frame, the region having
the minimum covariance distance from the model is located and
assigned as the estimated location.
Furthermore, the covariance tracking algorithm is modiﬁed to
perform part-based human motion tracking. Human body is segmented into three parts: head, torso and leg, and the covariance
tracking is performed on each of the part, resulting in a part-based
model m. Five distinct models were generated: (i) head distance –
model the head movement from start to end frame, (ii) body distance – model the position changes of the human body from the
ﬁrst frame, (iii) leg distance – model the distance between both
legs, (iv) hand distance – model the hand movement from start to
end frame, and (v) ground distance – model the distance of the
human body from the ground. In order to adapt to variations, a set
of previous covariance matrices are kept and an intrinsic mean is
extracted using Lie algebra [47].
It is crucial for the tracking algorithm to not suffer from problems such as tracking precision issue due to the position changes
of each body part (head, torso and leg) evolving over time, or the
cumulative errors generated because of the uncertainties arising
due to different height, size and step size of each human. These

958

E. Vats, C.S. Chan / Applied Soft Computing 46 (2016) 953–966

Fig. 5. (a) Description of the Cartesian translation in the conventional unit circle replaced by the fuzzy quantity space. (b) Element of the fuzzy quantity space for translation
(X, Y) in the fuzzy qualitative unit circle as a ﬁnite and convex discretization of the real number line [24].

problems can directly affect the performance of the higher level
task. Therefore, the tracking output is fuzziﬁed using fuzzy qualitative quantity space as discussed in the following section.
3.2.1. Fuzzy qualitative quantity space
The fuzzy qualitative quantity space can be deﬁned as a set of
overlapped fuzzy numbers whose individual distance among them
is deﬁned by a predeﬁned metric [23,24]. Four tuple fuzzy numbers
[a, b, ˛, ˇ] are employed to describe each state in the fuzzy qualitative unit circle (Fig. 5(a)) that is a ﬁnite and convex discretization
of the real number line. In this paper, the main motivation behind
employing the fuzzy qualitative unit circle is to model the accumulated errors due to the position changes of each body part (head,
torso and leg) evolving over time. Besides that, this approach can
help in dealing with the tracking errors and precision problem
because of the uncertainties arise due to different height, size and
step size of each human.
In the proposed method, the rigid motion of each body part is
represented using the fuzzy qualitative translation states. A fuzzy
qualitative unit circle as shown in Fig. 5 is constructed using Eq. (9),
following the approach in [23,24]:
lim Ct (s) = QS(qpl )

s→s0 =10

(9)

where the translation component in the conventional unit circle
is replaced by the fuzzy qualitative quantity space and s denotes
the number of states representing the x − y translation employed
in the quantity space to represent the fuzzy qualitative unit circle.
Empirically, the translation was selected as s = 10. The fuzzy qualitative quantity space Q consists of the translation component Qd
represented as:
Q d = QS d (lj ), forj = 1, 2, ..., n

(10)

where QSd (lj ) denotes the state of a distance lj , and n represents
the number of elements in the translation component. The ﬁnal
output generated is the fuzziﬁed tracking result, normalized using
the fuzzy qualitative quantity space with values between 0 and 1.
3.3. Hybrid model
The output from the human body part-based covariance tracking, normalized using fuzzy qualitative quantity space is integrated

with the fuzzy BK subproduct with proper hybridization process to
perform human action recognition as presented in Fig. 4.
Given an input action video, let A = {fi |i = 1, · · · , I} denote the set
of features extracted from image frames i of the video describing
the human action. Let set C = {ak |k = 1, · · · , K} be the set of human
action. A has no direct relation with C, since there is no information
about which action is being performed and by whom. However, if
there exists an intermediate set B, which is in relation with both
A and C, the indirect relationship between A and C can be derived
using fuzzy BK subproduct, and utilize this information to detect
an action as early as possible. Therefore, let set B = {mj |j = 1, · · · , J}
constitute the human body part-based model, obtained as a result
of covariance tracking. Using this intermediate set, the relationship
between image features f in set A and the action a in set C can be
therefore obtained by rewriting Eq. (1) as:
R  S = {(f, a)|(f, a) ∈ A × C and fR ⊆ Sa}

(11)

where fR ⊆ Sa is the main element in retrieving the relationship
between f and a, and is obtained from the covariance tracking. The
composition of relation between fi ∈ A and ak ∈ C can be deﬁned
using the fuzzy subsethood measure as follows:
BK :

RBK S(f, a) =

1
(R(f, m) → S(m, a))
J

(12)

m∈B

where, R(f, m) represents the membership function of the relation
R between f and m, and S(b, c) represents the membership function
of the relation S between m and a. Therefore, Eq. (12) represents the
hybrid model mathematically. The hybrid model performs the integration of the models obtained from human motion tracking into
the intermediate set B of BK subproduct. As a result, set B includes
ﬁve distinct models m1 − m5 generated from the covariance tracking, i.e. head distance, body distance, leg distance, hand distance,
and ground distance.
For each image frame, the membership function values generated from Eq. (12) are modeled for early detection of human
action. For example, for an action video with n number of frames,
invoking BK subproduct inference engine for each frame will yield
a membership function value for each frame as an output. The
early detector models the frame-by-frame membership function
values generated from BK subproduct and triggers an action when
it exceeds a pre-deﬁned threshold monotonically. Even if a single
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action is being continued, the membership grades are constructed
using BK subproduct (Eq. (12)) frame-by-frame, and the early
detector detects the action in a similar manner. When the membership function value attains the desired threshold value at a certain
frame, the detector stops, and triggers the action at that particular
frame number. Section 3.4 explains the overall process in detail.
3.4. Early detection of human action
Early detection of human action involves processing in realtime. The detector reads from a stream of input video and keeps a
sequence of observations in the memory, continuously monitoring
the occurrence of the target action. If the target action is detected,
the frame number at which the detector triggers is returned.
However, in order to detect an action as early as possible, partial
actions are used as positive training examples, instead of a complete action sequence. Let (X1 , y1 ),· · ·,(Xn , yn ) be the set of a series
of actions performed by a human and the associated ground truth
annotations for the action of interest such that yi = [si , ei ], where si
denotes the start of the action and ei denotes the end of the action
in the time series of action Xi . Let t0 denote the beginning of the
action video, and the length of the partial and complete action that
the detector needs to detect be bounded by lmin and lmax . Let Y(t0 ,
t) denote the set of length-bounded time intervals from time t0 to
time t. Also, for a time series of action X of length l, let Y(l) denote
the set of all possible locations of an action in a video. For an interval y = [s, e] ∈ Y(l), let Xy denote the subsegment of X from frame
s to e inclusive. Then, the output of detector that is the segment
having the highest membership value (degree of belongingness to
an action) is represented as:
D(X[ti

0 ,t]

) = yti = arg max(Xyi )

(13)

y ∈ Y (t0 ,t)

i
) denotes the output of detector on the subsequence
where, D(X[1,t]

of Xi from the initial frame to the tth frame only, instead of entire Xi .
If D(X[ti ,t] ) = {∅}, no action is detected. (Xyi ) represents the mem0

bership function of the segment Xyi belonging to the time series of
action Xi . Similarly, the detector’s output at t + 1 can be computed
as:
D(X[ti

0

i
) = yt+1
=
,t+1]

arg max

(Xyi )

(14)

y ∈ Y (t0 ,t+1),y(2)=t+1

i
is the segment that attains the maximum membership
where yt+1
function at t + 1. The overall computational cost involved for the
detection is O(l), where lmin ≤ l ≤ lmax .
For early human action detection, it is desirable for the membership function (Xyi ) to be monotonic and non-decreasing as
presented in Fig. 6, using the example of bend action. This means
that the membership function of the partial action yti should always
be higher than the membership function of any segment that ends
before the partial action [13]. Therefore, Eq. (13) must hold with
the desired property:

(X i i )
yt



(Xyi )∀i, ∀t

= 1, ..., l , ∀y ∈ Y (t)
i

(15)

The constraint shown in Eq. (15) is enforced for all t = 1, 2, · · · , li ,
instead of t = li as the partial actions are being trained instead of a
complete action. The learning formulation for early human action
detection is obtained as in Eq. (13)-(15), where the membership
function (Xyi ) is learned using the proposed hybrid technique. In
this paper, the target action of multiple classes is detected. Therefore, the detectors are trained and used separately for each of the
target action classes. The challenge is to study the indirect relationship between the actor and the action being performed in the video,
modeling the frame-by-frame arrival of data, and subsequently perform action classiﬁcation on the basis of the membership function
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values generated from the hybrid model. Therefore, Eq. (12) can be
re-written as:
(Xyi ) = RBK S(f, a) =

1
(R(f, m) → S(m, a))
J
m∈B

(16)

∀i, ∀t = 1, ..., li , ∀y ∈ Y (t)
where Eq. (16) yields the desired membership function required for
early detection of human action. When the membership function
value monotonically exceeds a pre-deﬁned threshold, the detector
triggers the action.
Early detection of human action can also be deﬁned in terms of
the semantic relationship between human and the action. Given
an input set of training time series of action sequences X1 , X2 ,...,
Xn performed by a human and the associated ground truth annotations y1 , y2 , · · · , yn for the action of interest, it is assumed that
each training action sequence contains at most one action of interest, as a training sequence containing several actions can always be
divided into smaller subsequences of a single action. Therefore, yi =
[si , ei ] consists of two numbers that indicate the start and end of the
action in the time series of action Xi respectively. Early detection
of human action aims at ﬁnding the semantics (human – action)
in a set of series of actions (X1 , y1 ), · · ·, (Xn , yn ) where yi ⊂ [si , ei ].
However, the semantics (human – action) remain invariant if all
the frames have been used. If so, a Silico DNA based computing is
considered to serve the purpose effortlessly. For example, in [54] a
DNA based computing approach for understanding complex shapes
have been proposed where the authors have shown that whatever
may be the outlook of the image frames, they underlie the same
semantics (fern-leaf).
However, the method in [54] is applicable to two-dimensional
image data only. Our proposed method is well-equipped to handle
these issues, in the sense that there cannot possibly exist a situation
where all the frames have been used to detect an action as then
it will be same as the conventional classiﬁcation problem which
requires seeing a complete action. Instead, our early detector is
trained to detect partial actions. This means that for an interval y =
[s, e] ∈ Y(l), where Y(l) denote the set of all possible locations of an
action in a video, and Xy denote the subsegment of X from frame
s to e inclusive, the detector D(X[ti ,t] ) outputs the segment having
0

the highest membership degree of belongingness to an action i.e.
(Xyi ), which is a partial segment yti instead of a complete action
y. Furthermore, Eq. (15) can be modiﬁed by adding an additional
variable (yti , y) which is the loss of detector for outputting y when
the desired output is yti , represented as follows:
(X i i )  (Xyi ) + (yti , y), ∀i, ∀t = 1, ..., li , ∀y ∈ Y (t)
yt

(17)

where (yti , y) handles the exception where all the frames have
been used and the detector fails to detect the occurrence of an
action early.
3.4.1. Impact of fuzzy implication operators
An important property of Eq. (16) to be taken into consideration
is which implication operator ‘→’ to use to infer the relation ‘R(f,
m) → S(m, a)’. There exists a number of fuzzy implication operators
in the literature (Table 1), but are tailor-made for speciﬁc applications. A third dimension ‘time’ plays a crucial role in human action
recognition to determine how human movement changes over
time. Therefore, a small modiﬁcation on the popular implication
operators i.e. Łukasiewicz (p → Ł q) and Kleene-Dienes (p → KD q)
operators was done to accommodate ‘time’ as an additional dimension as follows:
p→newŁ q = min(1, 1 − pt + qt ), ∀i, ∀t = 1, ..., li

(18)

p→newKD q = max(qt , 1 − pt ), ∀i, ∀t = 1, ..., li

(19)
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Fig. 6. Monotonicity requirement: the membership function of the partial action should always be higher than the membership function of any segment that ends before
the partial action.

Table 1
Some fuzzy implication operators with their symbolic representation and deﬁnitions [18].
Implication operator

Symbol

S# - Standard Sharp

r → S# s

S - Standard Strict

r → Ss

G43 - Gaines 43
KD - Kleene-Dienes
R - Reichenbach
L - Łukasiewicz
Y - Yager
EZ - Early Zadeh

r → G43 s
r → KD s
r → Rs
r → Łs
r → Ys
r → EZ s

Deﬁnition



1 iff r =
/ 1 or s = 1
 0 otherwise
1 iff r ≤ 1
0 otherwise
min(1, rs )
max(s, 1 − r)
1 − r + rs = min(1, 1 − r + s)
min(1, 1 − r + s)
sr
(r ∧ s) ∨ (1 − r)

K9 :

RK9 S(a, c)

= min (

1
(R(a, b) → S(b, c)), OrBot(AndTop(R(a, b), S(b, c))))
J
b∈B

where AndTop(p, q) = min(p, q), AndBot(p, q) = max(0, p + q − 1) and
OrBot(p, q) = min(1, p + q) are the logical connectives. Furthermore,
the inference structures instantiated from the original BK subproduct (Eq. (22)) along with the combination of K7 and K9 were applied
for scene classiﬁcation in [21,45].
BK :

RBK S(a, c) =

1
(R(a, b) → S(b, c))
J

(22)

b∈B

li

where t = 1, · · · ,
taking partial action frame-by-frame, for the
length of an action bounded by lmin and lmax . With these set of implication operators, each inference yields an interval in the range [0,
1]. The upper bound of an inference is given by Eq. (18), and the
lower bound is given by Eq. (19). The implication operators must
follow the constraint in Eq. (15) for reliable detection.

(21)

However, in order to ﬁnd the suitable inference structure for human
action recognition, the detector performance is tested using the
classical inference structures: K7, K9 and original BK. The comparison results are shown in Section 4.1.
4. Experiments

3.4.2. Study on the inference structures
There exists a number of inference structures developed using
operators such as ∧, ∨ and t-norm [43] that are employed in various applications. For example, the inference structures K7 and K9
delivered good performance for the medical expert system in [22].

K7 :

RK7 S(a, c)

= min (

1
(R(a, b) → S(b, c)), OrBot(AndBot(R(a, b), S(b, c))))
J
b∈B

(20)

In order to test the effectiveness of the proposed method, preliminary experiments were performed on the Weizmann human
action dataset [55]. Ten natural actions such as: ‘run’, ‘walk’, ‘skip’,
‘jack’ (jumping-jack), ‘jump’ (jump-forward-on-two-legs), ‘pjump’
(jump-in-place-on-two-legs), ‘side’ (gallop-sideways), ‘wave2’
(wave-two-hands), ‘wave1’ (waveone-hand), and ‘bend’ were performed by nine different people. The preprocessing of images,
feature extraction and covariance tracking were performed using
the method in [47], further modifying it to generate the part-based
human body model with separate tracks for full body, head, torso
(arm included) and legs. Sample tracking results are shown in Fig. 7.
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Fig. 7. Sample tracking results: From top to bottom row represents the part-based covariance tracking results for run, walk, skip, jack, pjump, jump, wave2, side, bend and
wave1 action.

Utilizing the results obtained from Fig. 7, ﬁve models were constructed: m1 – model the head movement from start to end frame,
m2 – model the position changes of the human body from the ﬁrst
frame, m3 – model the distance between both the legs, m4 – model
the hand movement from start to end frame, and m5 – model the
distance of the human body from the ground. Fig. 8 presents the
model which forms the set B for BK relational product. The membership function R(f, m) is generated by normalizing the results
obtained from the model-based covariance tracking using the fuzzy
qualitative quantity states (s = 10). As can be seen in Table 2, R(f, m)
represents the one-to-many relationship between the images (set
A) and the models (set B) describing the degree of belongingness
between an image and several models. The membership function

S(m, a) represents the relationship between the model (set B) and
the action (set C) being performed. Table 3 highlights the membership function values generated for the one-to-many relationship
between model and action, with each model having a degree of
belongingness to the action classes. Generating R and S for each
image frame, BK subproduct inference engine is invoked. Utilizing
Eqs. (16), (18) and (19), human action classiﬁcation is performed.
Since the partial human action is modeled instead of the complete
action, the detector is capable of detecting an action early, before
its completion.
The proposed detector detects an action when the membership
function value exceeds the pre-deﬁned threshold monotonically. It
was observed that automatic thresholding doesn’t provide optimal
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Fig. 8. Part-based human body model generated from human motion tracking: m1 − m5 for ﬁve example action sequences.
Table 2
Example of membership function R(f, m).

4.1. Comparison with the state-of-the-art

Frame no.

m1

m2

m3

m4

m5

1
10
20
30
40
50
60
70
80
90
100
110
120
130
140
150

1.00
1.00
0.70
0.20
0.00
0.40
1.00
1.00
1.00
0.50
0.40
0.40
0.50
0.20
1.00
0.50

0.00
0.10
0.60
0.70
0.30
0.40
0.10
0.10
0.10
0.10
0.30
0.40
0.60
0.80
0.90
1.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.80
0.80
0.80
0.60
0.30
0.10
0.20

0.00
0.10
0.30
0.90
0.90
0.50
0.10
0.10
0.20
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.20
0.70
0.30
0.00
0.30
1.00
0.00
0.10
0.00
0.00
0.80
0.80
0.50
0.60
0.30

solution for early detection. It is required to set a ﬁxed threshold value for all the actions in order to detect an action early. In
the experiments, results were tested using different threshold values i.e. 0.70, 0.75, 0.80, 0.85 and 0.90. Table 4 presents the results
obtained, where ‘t’ refers to the threshold value and the last column
represents the percentage of frames observed before the detector triggers the action when the threshold was set to 0.70. It was
observed that when the threshold was set to 0.70, the detector is
able to detect all the actions performed upon seeing ∼23% of the
frames on an average. Increasing the threshold to 0.75 misses the
detection for only ‘run’ action, and able to make early detection for
all other actions upon seeing ∼37% of the frames on average. With
the threshold value set at 0.80, the detector successfully detects all
actions except ‘bend’, ‘jump’, ‘run’, ‘walk’ and ‘wave1’, upon seeing ∼60% of the frames on average. Even with the threshold value
0.90, the detector is able to detect ‘jack’, ‘skip’ and ‘pjump’ action
upon seeing ∼33%, ∼23%, and ∼52% of the frames respectively. Fig. 9
highlights the experimental results, qualitatively for the ten action
classes where the proposed detector detects an action upon observing ∼23% of the frames (on average) when the membership function
attains a certain threshold (e.g. 0.70 or 0.80) monotonically.

The conventional computer vision solutions for early detection
of human action includes [9–13,51]. In terms of timeliness and
accuracy of detection, MMED proposed in [13,51] outperforms the
other algorithms. The experiments were performed on the Auslan dataset (Australian Sign Language), the extended Cohn-Kanade
dataset (CK+) and the Weizmann human action dataset. On average, MMED requires seeing ∼37% of the sentence for Australian
sign language recognition. To detect facial expression (CK+), MMED
detects when it completes ∼47% of the expression. For human
action recognition using Weizmann human action dataset, MMED
requires seeing ∼40% of the action (with a score of 0.7). In this
paper, the experiments were performed using the same human
action dataset, and it was found that the detector signiﬁcantly outperforms MMED where the detector requires seeing ∼23% of the
image frames on an average in an action video (with membership function score of 0.7). Nonetheless, the computational cost
involved in MMED is high as it requires extensive labeling on
each of the training samples. Due to the inherent advantages of
the BK subproduct inference mechanism, the computational cost
involved is lower as compared to MMED, i.e. O(l), where l is length
of the action. Moreover, MMED is lacking in in terms of handling
the vague feature data and uncertainty involved in the training
stage. The proposed method is based on fuzzy BK subproduct and
therefore inherits the capabilities of fuzzy theory in handling the
uncertainties involved therein using the fuzzy membership function values generated by invoking the BK subproduct inference
engine.
However, there exists several methods that employ fuzzy logic
for human action recognition. For example, fuzzy inference system
was successfully applied in [38,39] for effectively distinguishing
the human motion patterns using the ﬂexible membership functions and the fuzzy rules with endurance to the vague feature
data. In [41], fuzzy vector quantization incorporated with fuzzy cmeans was used to model the human movements with ﬂexibility to
support complex continuous actions. In spite of the inherent advantages of fuzzy logic in performing human action recognition, these
approaches require seeing the complete action video to detect an
action. Hence, these approaches lack in ability to detect an action
early and cannot be quantitatively compared with the proposed

E. Vats, C.S. Chan / Applied Soft Computing 46 (2016) 953–966

963

Fig. 9. Graphical results for early detection of human action. The detector triggers the action upon seeing ∼23% of the frames on an average when the membership function
attains a certain threshold (e.g. 0.70 and 0.80 here) monotonically.

methodology. To the best of the authors’ knowledge, no paper has
ever employed fuzzy set oriented approaches for early recognition of human action. This claim is supported by a recent survey
paper [16]. The method proposed in this paper utilizes the fuzzy

BK subproduct inference mechanism for early detection of human
action.
Recently, there has been a tremendous growth of research
exploring the fusion of intelligent elements using efﬁcient hybrid
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Table 3
Example of membership function S(m, a).
Model

Bend

Jump

Jack

Skip

Pjump

Run

Side

Walk

Wave1

Wave2

m1
m2
m3
m4
m5

0.60
0.01
0.01
0.70
0.01

0.80
0.80
0.10
0.01
0.25

0.01
0.12
0.82
0.90
0.20

0.80
0.90
0.25
0.15
0.20

0.11
0.20
0.01
0.18
0.30

0.80
0.90
0.85
0.60
0.20

0.70
0.85
0.75
0.65
0.01

0.80
0.90
0.88
0.60
0.01

0.00
0.00
0.00
0.50
0.00

0.00
0.00
0.00
0.90
0.00

techniques. For example, [14,15] effectively integrated fuzzy logic
with machine learning techniques for human action recognition
where optimum membership function and ﬂexible fuzzy rules were
used to infer human behavior. However, the conventional hybrid
methods for human action recognition are not capable of inferring an action early, i.e. before its completion. This paper reveals
the inherent strength of hybridization of computational methods
(computer vision solutions as well as fuzzy BK subproduct) for early
human action detection in a way that the strength of fuzzy set theory can alleviate the limitation of computer vision solutions, where

partial human actions were modeled for early detection, instead of
a complete action. To the very best of the authors’ knowledge, this is
the ﬁrst work in the community that employs hybrid technique for
solving the problem of early human action detection and it stands
out against other conventional methods with good detection rate
where the detector requires seeing only ∼23% of the frames on
average to detect an action.
In order to justify the choice of employing BK subproduct
for human action recognition, the performance of the detector
was evaluated using the classical inference structures: K7, K9

Fig. 10. Graphical results representing the detector performance using K7, K9 and Original BK inference structure (BK) for three example action: bend, jack and wave2
(wave-two-hands).
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Table 4
Results for early detection of human action.
Action

Total no. of frames

t = 0.70

t = 0.75

t = 0.80

t = 0.85

Bend
Jump
Jack
Skip
Pjump
Run
Side
Walk
Wave1
Wave2

84
67
89
57
62
42
53
84
82
81

36
31
25
11
12
4
4
8
20
13

39
32
26
12
13
–
5
9
52
13

–
–
27
12
15
–
5
–
–
14

–
–
28
13
17
–
–
–
–
14

t = 0.90

Frames seen (%)

–
–
29
13
32
–
–
–
–
–

42.85
46.26
28.08
19.29
19.35
9.52
7.54
9.52
24.39
16.04

Table 5
Membership function values for inference structures.
Inference structure

Frame no.

Bend

Jump

Jack

Skip

Pjump

Run

Side

Walk

Wave1

Wave2

K7

1
10
20
30
40

0.60
0.52
0.40
0.19
0.00

0.66
0.50
0.36
0.50
0.50

0.00
0.00
0.05
0.00
0.08

0.00
0.39
0.10
0.37
0.10

0.00
0.00
0.00
0.00
0.02

0.12
0.42
0.23
0.16
0.06

0.00
0.00
0.00
0.03
0.33

0.00
0.00
0.00
0.03
0.00

0.00
0.50
0.00
0.00
0.30

0.00
0.30
0.50
0.30
0.30

K9

1
10
20
30
40

0.60
0.52
0.40
0.20
0.00

0.66
0.60
0.36
0.60
0.57

0.14
0.27
0.27
0.22
0.22

0.55
0.43
0.50
0.38
0.29

0.02
0.17
0.17
0.17
0.17

0.61
0.53
0.23
0.16
0.18

0.29
0.62
0.55
0.52
0.49

0.13
0.75
0.64
0.43
0.43

0.00
0.50
0.00
0.40
0.50

0.00
0.40
0.60
0.40
0.40

Original BK

1
10
20
30
40

0.60
0.52
0.40
0.54
0.76

0.66
0.65
0.36
0.61
0.57

0.87
0.47
0.28
0.94
0.46

0.81
0.43
0.50
0.38
0.29

0.94
0.64
0.70
0.75
0.56

0.79
0.53
0.23
0.16
0.18

0.83
0.71
0.61
0.52
0.49

0.85
0.75
0.64
0.43
0.43

0.82
0.52
0.72
0.54
0.60

0.90
0.55
0.65
0.59
0.67

Fig. 11. NTtoD for bend. (a) Onset frame, (b) NTtoD with threshold 0.70 (our detector ﬁres), (c) NTtoD with threshold 0.80, (d) Peak frame.

and Original BK subproduct (BK). It was found that overall the
original BK performed best for all the action classes as shown
in Table 5. Whereas, K9 delivered comparable results for some
action sequences (e.g. bend, jump, skip, run and walk) and K7 performed fairly poorer for all the action classes. Fig. 10 evaluates the
results qualitatively for the three example action classes: bend, jack
and wave2. It can be observed from the graphical representation
that the membership function values generated using K7 and K9
inference structures are much lower as compared to original BK.
Therefore, it is deduced that original BK subproduct is the most
suitable inference structure to be used in the application under
consideration.
To evaluate the timeliness of detection, NTtoD (Normalized
Time to Detect) was used. Assume for a given action sequence,
where the action occurs from the start frame s to end frame e,
the detector triggers the action at time t. For a successful detect−s+1
tion, s ≤ t ≤ e, NTtoD is deﬁned as e−s+1
i.e. the fraction of action
occurred. When t < s, NTtoD=0 i.e. false detection, and when t > e,
NTtoD = ∞ i.e. false rejection. For the well-known classiﬁers (e.g.
SVM, KNN), the classiﬁcation is performed by observing the complete action sequence and therefore NTtoD for SVM and KNN is 1.
NTtoD for the detector in this work is as follows: bend = 0.42, jump

= 0.46, jack = 0.28, skip = 0.19, pjump = 0.19, run = 0.09, side = 0.07,
walk = 0.09, wave1 = 0.24 and wave2 = 0.16. Fig. 11 highlights the
NTtoD results obtained using the detector for bend action.

5. Conclusion and future research
This paper takes the initiative to fuse the beneﬁts of both computer vision and fuzzy set theory to develop a hybrid technique
capable of performing human action recognition early. Human
action classiﬁcation problem is modiﬁed into frame-by-frame level
classiﬁcation where the partial human actions were modeled to
enable early detection. The membership function values generated
for each human action are utilized to infer an action. Detection
is triggered when the membership function attains a pre-deﬁned
threshold monotonically. The experimental results demonstrate
the capability of the proposed detector to carry out reliable early
human action detection. On average, the detector is able to infer
an action upon viewing ∼23% of the frames for test data under
the experimental settings. For future work, the plan is to introduce
and perform experiments on fuzzy dataset i.e. dataset with fuzzy
ground truths to overcome the limitation of the current datasets
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being mutually exclusive, allowing a data to belong to one action
class only at a time. In view of the encouraging results obtained in
this work, hybridization of deep learning and fuzzy set theory for
human action recognition can also be explored as a future work.
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