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Abstract—Humans have the natural capabilities to perceive
and anticipate actions of objects they interact with, including
incidents happen within their neighborhoods. These days, this
important aspect of human perception has been widely incorpo-
rated into computer vision framework to perform human action
detection task. However, little attention is paid to the problem
of detecting ongoing human actions as early as possible, which
is crucial in a number of important applications ranging from
video surveillance to health-care. In this paper, we propose a
framework for detecting ongoing human actions as early as
possible, i.e. detecting an action as soon as it begins, but before
it completes. This is make possible with the used of Fuzzy
Bandler and Kohout’s sub-triangle product (BK subproduct)
inference mechanism, utilizing fuzzy capabilities in handling the
arisen uncertainties during the human action recognition stage
for reliable decision making. Experimental results with publicly
available dataset illustrate the effectiveness of the proposed
method.

I. INTRODUCTION

As a result of limitless real-world applications such as
video surveillance [1], [2], sports analysis [3] and health-care
monitoring [4] systems, research in human action recognition
has gained a lot of interests. However, it is still far from
being a solved problem since not much attention is given to
the problem of detecting ongoing human actions as early as
possible, i.e. detecting an action as soon as it begins but before
it completes. In the real-world environment, it is essential to
recognize the ongoing human action at the earliest possible,
specifically in critical situations such as criminal acts, patients’
fall etc. The earliest a system can detect the ongoing action, the
faster subsequent response can be carried out. As an example,
it is very crucial for a monitoring system in the hospital to
accurately and rapidly detect the falling down action of their
patients’ so that necessary medical care attention or emergency
can be arranged in a timely manner.

In this paper, we propose a novel framework for early
human actions detection. Our proposed method is based on
Bandler and Kohout’s (BK) sub-triangle product (subproduct),
as shown in Fig. 1. Bandler and Kohout [5] stated that the
relations between two indirectly associated sets can be studied
with relational products. In the literature, these relational
products are known as BK relational products. A BK relational
product defines the relationship between the elements within
two indirectly associated sets as the overlapping of their images
in a common set. In our context, we are interested in studying
the indirect relationship between humans, and the performed
actions so that the inference mechanism can be modeled to
make a decision as soon as possible. Specifically, we model

Fig. 1. Overview of BK subproduct. Element a in set A is in relation with
element c in set C if its image under R (i.e. aR) is a subset of image Sc.

human actions sequentially (frame-by-frame manner) to train
the BK subproduct inference engine, and learn a detector
to be capable of accurately and rapidly performing action
classification with only partially observed action sequences.
We would like to highlight an important constraint imposed
on our detector - “monotonicity”. It is a non-decreasing
function where the membership degree of a partial action
cannot exceed the membership degree of an encompassing
partial action. This idea was inspired by the work of [6] where
the monotonicity constraint was imposed on their detection
score function. Whereby in our case it will be modeled on the
fuzzy membership values, resultant from the BK subproduct
inference engine.

To the very best of our knowledge and at the same time
supported by a recent fuzzy human motion analysis review
paper [7], this is the first work in the fuzzy community dealing
with early detection of human actions. It bonds the benefits
from both the computer vision point of view and fuzzy set
theory. The selection of the fuzzy BK subproduct inference
mechanism is in the interest of its flexibility and efficacy in the
real-world environment. We also noted it able to imitate how
human perceive in real-world situation, i.e. the modus-ponen
way [8]. The modus-ponen way refers to our interpretation
in solving real-life problems, for example if A implies B, A
is asserted to be true, therefore B must be true. Preliminary
experiments with standard human action dataset illustrate the
strength of this proposed method to perform reliable early
detection of human actions.



II. BACKGROUND

There are several human action recognition methods dis-
cussed in the computer vision literature [9], as well as in the
fuzzy literature [7]. Almost, if not all these solutions have
been focused on detecting an action after it’s completion.
Whilst work on early action detection is barely found [10]–
[14]. In [10], an extension of the bag-of-words paradigm was
proposed to model how histogram distribution changes over
time, enabling early recognition of ongoing human actions.
However, it assumed that activities within the same class
always have identical speed and duration, which is not true
in most of the cases. Another limitation is the ignorance of
bag-of-words model in spatial-temporal relationships among
the interest points. This leads a poor discriminative model
to describe the human actions. To address these issues, the
Spatial-Temporal Implicit Shape Model was proposed in [11],
capable of modeling the relationships between local features,
and at the same time predicting multiple activities. [12] studied
early recognition problem in first-person videos, and consid-
ered pre-activity observations (frames ‘before’ the starting time
of the activity) for recognition. [13] proposed the ARMA-
HMM based approach for early human action recognition.
Unfortunately it is based on the HMM, requiring building
separate HMMs for each activities, making it computationally
very expensive.

A commendable work was done by Hoai and De la Torre
[6], [14] where Max-Margin Early Event Detector (MMED)
was proposed for early detection of events. It is based on the
Structured Output SVM (SOSVM) [15] and hence requires
extensive labeling on each of the training samples. In terms
of timeliness and detection accuracy, MMED performs fairly
well. However, early detection of human actions is a complex
task because uncertain situations can arise in a real-world
environment. Even the minutest level of uncertainty is required
to be taken care of by the system to enable reliable decision
making. In this regards, we believe that fuzzy approaches (such
as the fuzzy BK subproduct) can provide a better solution with
their inherent capability of providing a degree of belongingness
to a human action using the fuzzy membership function.
As a matter of fact, the BK relational products have been
successfully employed in developing inference engines for
several applications such as in medical expert systems [16],
autonomous underwater vehicles’ path navigation [17], land
evaluation [18], scene classification [19], and so on. To the
best of our knowledge at the time of this paper is prepared,
there is no work on the application of the fuzzy BK subproduct
approach for human action recognition.

In the following subsections, we review the learning mech-
anism for early event detectors, followed by a short revisit on
the BK subproduct in order for a better understand of our
proposed framework.

A. Review of the learning mechanism for early event detectors

In order to detect events as early as possible, partial
events are used as positive training examples [6], instead of
a complete event. Therefore, for a training set Xi, of length
li, for time t = 1, 2, · · · , li; and yit = yi ∩ [1, t] (where yit is
part of an event yi that has either partial actions or sometimes
possibly empty), the output of the detector at time t is a partial

event represented as:

g(Xi
[1,t]) = yit = arg max

y∈Y (t)

f(Xi
y) (1)

where, g(Xi
[1,t]) is the output of the detector on subsequence

time series Xi (not the entire set) and f(Xi
y) is the detection

score function. The notion of the score function is that the
score of the partial event yit should be greater than the score
of any segment y ends before the partial event, i.e.

f(Xi
yit

) > f(Xi
y) + ∆(yit, y)∀y ∈ Y (t) (2)

where ∆(yit, y) is the loss detector for y when the desired
output was yit.

Constraint in Eq. 2 is enforced for all t = 1, 2, · · · , li
and the learning formulation for the early event detector is
obtained as in [6] and [14], an extension of SOSVM with
the modification on setting t = 1, 2, · · · , li instead of t = li

(because we are training partial events instead of a complete
event), as represented in Eq. 3-4. An additional slack variable
is added as a rescaling factor to correctly detect the occurrence
of an event at time t.

min
w,b,ξi>0

1

2
‖w‖2 +

C

n

n∑
i=1

ξi (3)

so that

f(Xi
yit

) > f(Xi
y) + ∆(yit, y)− ξi

µ

(
|yit|
|yi|

)
∀i,∀t = 1, ..., li,∀y ∈ Y (t)

(4)

Examining Eq. 3-4, it is noticed that the learning formu-
lation contains a large number of constraints that need to
be optimized using an efficient algorithm. Also, it requires
training time series Xi, where i = 1, 2, · · · , n (n is the
number of segments) of length li for time t = 1, 2, · · · , li
and this implies that large number of time series data with
varying lengths are required to train every events that need to
be detected.

B. Revisiting BK subproduct

The BK subproduct, first proposed in [5], studied the
composition of relations between the elements within two
indirectly associated sets. In this section, we revisit the BK
subproduct in terms of crisp and followed by fuzzy relations.

Let us assume there exists 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 and aR ⊆ Sc} (5)

The BK subproduct finds all (a, c) couples such that the
image of a under relation R in B is among the subset of c
under Sc, the converse relation of S in B, as illustrated in Fig.
1. As an extension to the crisp BK subproduct, [5] proposed
fuzzy BK subproduct to handle the vagueness or uncertainty



TABLE I. SOME FUZZY IMPLICATION OPERATORS WITH THEIR
SYMBOLIC REPRESENTATIONS AND DEFINITIONS.

S.No. Implication operator Symbolic representation Definition

1. Standard Sharp (S#) p→S# q

{
1 iff p 6= 1 or q = 1
0 otherwise

2. Standard Strict (S) p→S q

{
1 iff p ≤ 1
0 otherwise

3. Standard Star (S*) p→S* q

{
1 iff p ≤ q
q otherwise

4. Gaines 43 (G43) p→G43 q min(1,
p

q
)

5. Modified Gaines 43 (G43’) p→KD q min(1,
p

q
,
1− p
1− q

)

6. Kleene-Dienes (KD) p→KD q max(q, 1− p)
7. Reichenbach (R) p→R q 1− p+ pq = min(1, 1− p+ q)
8. Łukasiewicz (Ł) p→Ł q min(1, 1− p+ q)
9. Early Zadeh (EZ) p→EZ q (p ∧ q) ∨ (1− p)

issues that exist in the real-world. Observing Eq. 5, we noticed
that aR ⊆ Sc is the main element to retrieve the relationship
between a and c, indicating the importance of the subsethood
measure for the fuzzy BK subproduct. Therefore, the fuzzy
subsethood measure was developed in [20] based on the fuzzy
implication operators (as listed in Table I).

For two fuzzy subsets P and Q in the universe X , such
that x ∈ X , the possibility of P being a subset of Q is given
as:

π(P ⊆ Q) =
∧
x∈X

(µP (x)→ µQ(x)) (6)

where
∧

represents the infimum operator in harsh criterion
or the arithmetic mean in mean criterion; µP (x) and µQ(x)
denotes the membership function value of x in P and Q
respectively; → represents the fuzzy implication operator.

Utilizing Eq. 5 and 6, the composition of relations between
ai ∈ A and ck ∈ C was defined as follows in [5]:

R / S(a, c) =
∧
b∈B

(R(a, b)→ S(b, c)) (7)

where, R(a, b) represents the membership function of the
relation R between a and b; S(b, c) represents the membership
function of the relation S between b and c.

As shown in Table I, there are several fuzzy implication
operators. It was found in [21], [22] that amongst all the
fuzzy implication operators, the Reichenbach fuzzy implication
operator delivers the most desired values in the subsethood
measurements. However, [23] discovered that, if a = a′ has no
image under relation R in set B, a′ is still in relation R/S with
all the c ∈ C, since ∅ ⊆ Sc. This limitation was studied and
further improvised by reinforcing the non-emptiness condition
such that:

R /K S = {(a, c)|(a, c) ∈ A× C and ∅ ⊆ aR ⊆ Sc} (8)

R /K S(a, c) = min
( ∧

b∈B

(R(a, b) → S(b, c)),∨
b∈B

τ(R(a, b), S(b, c))
) (9)

where ∨ represents the supremum operator and τ represents
the t-norm. In order to employ Eq. 9 in real-world applica-
tions, [24] developed a number of inference structures using
operators such as ∧, ∨ and t-norm. However, [8] proved that
not all of these inference structures are reliable and presented

that only the inference structures K7 and K9 have good
performance. The K7 and K9 are defined as follows:

K7 : R /K7 S(a, c) = min
( 1

J

∑
b∈B

(R(a, b)→ S(b, c)),

OrBot
(
AndBot(R(a, b), S(b, c))

))
(10)

K9 : R /K9 S(a, c) = min
( 1

J

∑
b∈B

(R(a, b)→ S(b, c)),

OrBot
(
AndTop(R(a, b), S(b, c))

))
(11)

where AndTop, AndBot and OrBot are the logical connectives
defined as:

AndTop(p, q) = min(p, q) (12)

AndBot(p, q) = max(0, p+ q − 1) (13)

OrBot(p, q) = min(1, p+ q) (14)

The inference structures instantiated from the original BK
subproduct:

BK : R /BK S(a, c) =
1

J

∑
b∈B

(R(a, b)→ S(b, c)) (15)

along with the combination of K7 and K9 were applied in
scene classification problem [19], [25] and showed promising
performance.

III. EARLY DETECTION OF HUMAN ACTIONS USING
FUZZY BK SUBPRODUCT

Human action recognition is a high-level computer vision
task, which involves feature extraction in the low-level pro-
cessing steps, and human motion tracking in the intermediate
level. In this section, we detail our proposed framework and
the capability of BK subproduct in performing these tasks. The
overall pipeline of our proposed method is illustrated in Fig.
2.

1) Feature Extraction: For each video sequence frame,
firstly a feature image is constructed following the method
in [26]. For an image I , let F be the W ×H × d dimensional
feature image (RGB), such that

F (x, y) = Φ(I, x, y) (16)

where the function Φ can be any mapping e.g. color, image
gradients, edge magnitude or orientation, etc. Let {fi}i=1..I′ be
the d-dimensional feature vectors inside a rectangular window
R′ (where R′ ⊂ F ). A feature vector fi is constructed
using two types of mappings i.e. 1) spatial attributes based
mapping that is obtained from the pixel coordinates values, and
2) appearance attributes based mapping (e.g. color, gradient,
infrared, etc.). These feature vectors form the set A in our
proposed method and is denoted as A = {fi|i = 1, · · · , I ′}.



Fig. 2. Overall pipeline of the proposed framework. For a given video, BK subproduct inference engine is invoked sequentially and action classification is
performed. When the membership function values of BK subproduct exceed a predefined threshold (i.e. 0.7, 0.8), an action will be classified accordingly. This
classification process usually completes before the video finishes (early detection).(Image best viewed in colors.)

2) Covariance Tracking: For a given object region R′, a
d × d covariance matrix of features CR′ is then computed as
the model of the human such that:

CR′ =
1

MN

MN∑
i=1

(fi − µR′)(fi − µR′)T (17)

where µR′ is the mean vector of the corresponding features
for the points in region R′. The covariance matrix is basi-
cally a symmetric matrix where the diagonal represents the
variance of each feature in the image and the non-diagonal
values represent their representative correlations. The reason
for using covariance matrices as region descriptors is due
to the covariance matrix able to combine multiple features
without the need to normalize features or blend weights, and
the advantage of the scale invariance property [26]. In general,
a single covariance matrix extracted from a region is sufficient
to perform matching of the region in multiple views and poses.
The noise in the images is filtered out with an average filter
during the covariance computation. In the present image frame,
we locate the region that has the minimum covariance distance
from the model, and assigned it as the estimated location
(covariance tracking). In order to adapt different variations,
a set of previous covariance matrices is kept and an intrinsic
mean using Lie algebra is extracted (refer [26] for details on
the covariance tracking method).

Next, we segmented the human body into three parts: head,
torso and leg, and performed covariance tracking on each of
the parts, resulting in a part based model m, which forms set B
in our proposed method, denoted as B = {mj |j = 1, · · · , J}.
In general, set B constitutes three main models (i.e. J = 3):
(i) head distance - model the head movements from start to
end frame, (ii) body distance - model the position changes of

the human body from the origin, and (iii) leg distance - model
the distance between both legs.

3) Human Action Recognition: The ultimate goal of our
proposed method is to perform human action recognition as
early as possible. Therefore, set C = {ak|k = 1, · · · ,K}
constitutes the actions being performed by human (e.g. bend,
jump and skip). A (image features) has no direct relation with
C (as we don’t know which action is performed). However, if
there exists an intermediate set B (model), which is in relation
to both A and C, we can then derive this indirect relationship
between A and C using the fuzzy BK subproduct (Eq. 15),
and employ it to perform early action detection.

Refer to Eq. 15, the relation between A and B is defined
by relation R, and S defines the converse relation between B
and C. The BK subproduct gives all (f, a) couples such that
the image of f under relation R in B is among the subset of
a under Sa in B as illustrated in Fig. 1. Therefore, Eq. 15 can
be re-written as:

BK : R /BK S(f, a) =
1

J

∑
m∈B

(R(f,m)→ S(m, a)) (18)

where, R(f,m) is the membership function of the relation
R between f and m; S(m, a) is the membership function
of the relation S between m and a. For each image frame,
the membership function values generated from Eq. 18 are
modeled for early detection of human actions.

4) Early detection of human actions using BK subproduct:
Let (X1, y1),· · · ,(Xn, yn) be the set of a series of actions
being performed by a human. The associated groundtruth
annotations for the actions of interest such that yi = [si, ei],
where si denotes the start of the action and ei denotes the end
of the action in series of actions Xi. Let the duration of an



action is bounded by lmin and lmax, and Y (t) denote the set
of duration-bounded time intervals from the 1st frame to the
tth frame in an action video represented as:

Y (t) = {y ∈ N2|y ⊂ [1, t], lmin 6 |y| 6 lmax} ∪ {∅} (19)

Also, for a series of actions X of duration 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 sub-segment of X
from frame s to e inclusive. Then, the output of the detector,
the segment that has the highest membership value (degree of
belongingness to an action) is represented as:

D(X) = arg max
y∈Y (t)

µ(Xy) (20)

The detector finds from lmin to lmax. If D(X) = {∅}, no
action is detected. µ(Xy) is the membership function repre-
senting the membership degree of the segment Xy belonging
to the series of actions Xi. For early action detection in Xi, it
is important to model the detector using partial action frames.
Therefore, Eq. 20 is modified as:

D(Xi
[1,t]) = yit = arg max

y∈Y (t)

µ(Xi
y) (21)

where, D(Xi
[1,t]) denotes the output of the detector on the

subsequence of Xi from the initial frame to the tth frame only,
not the entire Xi. However, for early action detection, it is
desirable for the membership function µ(Xi

y) to be monotonic
and non-decreasing. This means that the membership degree
of the partial action yit should always be higher than the
membership degree of any segment that ends before the partial
action. This is also stated in [14]. When the membership value
exceeds a predefined threshold, the detector will trigger an
event. Therefore, Eq. 21 must hold in terms of:

µ(Xi
yit

) > µ(Xi
y)∀i,∀t = 1, ..., li,∀y ∈ Y (t) (22)

Note that the constraint in Eq. 22 is enforced for all t =
1, 2, · · · , li, instead of t = li (because we are training partial
actions instead of a complete action).

The learning formulation for early human action detection
is obtained as in Eq. 21-22, where the membership function
µ(Xi

y) is learned using the fuzzy BK subproduct inference
engine. The main motivation behind to use the fuzzy BK sub-
product to train the detector D(X) is because we hope to make
our solution closest to how humans anticipate actions in a real-
world (i.e. modus ponens way), along with the advantageous
from fuzzy sets theory. In order to do so, our challenge is
to study the indirect relationship between the human and the
actions being performed in the video. We model the video
frame-by-frame, and subsequently perform action classification
on the basis of membership function values generated from the
BK relational products.

Therefore, replacing R/BK S(f, a) in Eq. 18 with µ(Xi
y),

∀i,∀t = 1, ..., li,∀y ∈ Y (t), yields the desired membership
function (Eq. 23) required for early detection of human actions.
When the membership function value monotonically exceeds
a certain threshold, the detector indicates an action.

µ(Xi
y) = R /BK S(f, a) =

1

J

∑
m∈B

(R(f,m)→ S(m, a))

(23)

Fig. 3. Example of image frames from the Weizmann human actions dataset
[27]. Three actions: Bend (top row), Jump (middle row), and Skip (bottom
row) were used to test the proposed framework.

An important consideration to take into account in Eq. 23
is which implication operator ‘→ ’ to be employed to infer
the relation ‘R(f,m) → S(m, a)’. A numbers of implication
operators exist in the literature (Table I), however they are
tailor-made for specific applications only. For human action
recognition, a third dimension - ‘time’ or also known as
the temporal information plays a crucial role in determining
how human movements changes according to it. Therefore, a
refinement to the existing implication operators is performed
to accommodate the ‘time’. Łukasiewicz (Eq. 24) and Kleene-
Dienes (Eq. 25) implication operators are the most widely used
operator in the literature (see Table I).

p→Ł q = min(1, 1− p+ q) (24)

p→KD q = max(1− p+ q) (25)

With these implication operators, each inference yields an
interval in the range of [0, 1]. The upper bound of an inference
is given by →Ł, whereas the lower bound is given by →KD.
Modifying Eq. 24 and 25 to accommodate the time t, the new
implication operator is represented as in Eq. 26 and Eq. 27,
where t = 1, · · · , li take partial actions frame-by-frame, for
the duration of an action bounded by lmin and lmax. The
implication operator must follow the constraint in Eq. 22 for
reliable detection.

p→new q = min(1, 1− pt + qt),∀i,∀t = 1, ..., li (26)

p→new q = max(1− pt + qt), ∀i,∀t = 1, ..., li (27)

The effectiveness of our proposed detector is supported
through experimental study and analysis that will be presented
in the following section.

IV. EXPERIMENTS

In order to test the efficiency of our proposed framework,
we performed preliminary experiments on the Weizmann hu-
man action dataset [27]. From the dataset, we selected three
actors, and three actions (a1 = bend, a2 = jump, and a3 = skip)
as presented in Fig. 3. The main reason behind selecting these
three actions is that bend is distinctive compared to the other



(a) Bend (full body)

(b) Jump (full body)

(c) Skip (full body)

(d) Bend (Head)

(e) Jump (Torso + arm)

(f) Skip (Leg)

Fig. 4. Sample tracking results in three different action sequences. (a) -
(c) provide the tracking results using full body, while (d) - (f) highlight the
tracking results in different body parts: head, torso+arm, and leg respectively.
(Image best viewed in colors.)

two; while jump and skip are very similar in their movement
patterns. The preprocessing of images and covariance tracking
were performed using the method in [26]. We modified the
method to generate a part-based human body model and per-
formed covariance tracking. Sample tracking results are given
in Fig. 4. Next, for B, we computed the Euclidean distance by
modeling the changes in the head positions with respect to the
time of start to end frame (m1), the position changes of the
human body from the origin (m2), and the distance between
legs (m3), as seen in Fig. 5. The membership function values
were generated for the relation between image features and
the models (m1, m2, m3), by normalizing the results obtained
from the covariance tracking. Table II gives a few examples
(out of total 576 frames) of the membership function values
(R) generated from the one-to-many relationship between set
A and set B. The membership function S was obtained by
studying the relationship between the models and the actions
being performed. Table III represents the membership degree
S generated for the relation between set B and set C, with
each model has a degree of belongingness to an action (one-
to-many relationship).

Obtaining R and S frame-by-frame, the BK subproduct in-
ference engine was invoked and using Eq. 23, 26 and 27 (where
p and q are synonymous to R and S respectively), human
action classification was performed. As we are modeling partial

(a) m1 for Bend action

(b) m2 for Jump action

(c) m3 for Skip action

Fig. 5. Set B defines the three models used, where m1: models the changes
in the head positions from start to end frame; m2: models the position changes
of the human body from the origin; m3: models the distance between legs.
(Image best viewed in colors.)

TABLE II. EXAMPLE OF MEMBERSHIP DEGREE R(f,m) GENERATED
FOR RELATION BETWEEN SET A AND SET B.

Frame no. m1 m2 m3

1 0.9856 0 0
20 0.7318 0.6055 0
25 0.4296 0.9976 0
30 0.1592 0.6964 0
39 0 0.2604 0
50 0.4001 0.3723 0
55 0.7512 0.2094 0
67 1 0.0358 0
75 0.9852 0.0572 0
152 0.2418 0 0.4615
156 0.3634 0.0494 1
162 0.3465 0.1613 0.7692
172 0.6104 0.3442 0.3077
193 0.8549 0.7118 0
200 0.3603 0.8025 0.9231

TABLE III. EXAMPLE OF MEMBERSHIP DEGREE S(m,a) GENERATED
FOR RELATION BETWEEN SET B AND SET C .

Model Bend Jump Skip
m1 0.80 0.80 0.90
m2 0.20 0.80 0.90
m3 0.10 0.30 0.70

human actions instead of the complete actions, our detector is
capable of detecting an action before it completes (i.e. early
detection). In our experiments, we tested the action classifi-
cation performance using three classical inference structures:
originalBK was modified to suit for this task (Eq. 23), K7
(Eq. 10) and K9 (Eq. 11), and our new implication operator
(Eq. 26 and 27). It was found that overally, the original
BK subproduct performed the best for all the three action
classes as seen in Table IV. However, for jump and skip,
the originalBK performed better in the initial frames, and
later the originalBK and K9 delivered similar performance.



TABLE IV. RESULTS OBTAINED AFTER APPLYING ORIGINAL BK
SUBPRODUCT, K7 AND K9 INFERENCE STRUCTURES (R→new S).

Action Frame no. OriginalBK K7 K9
BEND 1 0.6774 0 0.0486

10 0.4847 0 0.2967
20 0.4234 0.2481 0.2967
30 0.8798 0 0.2967
40 0.9684 0 0.0818
50 0.5255 0 0.2967
60 0.5742 0.0050 0.2686
70 0.6246 0.0437 0.1150
80 0.6257 0.0404 0.1150
85 0.6281 0 0.1460

JUMP 1 0.4726 0.4166 0.4726
10 0.7386 0 0.2171
20 0.5868 0 0.3116
30 0.4595 0 0.4595
40 0.2150 0.2150 0.2150
50 0.0624 0.0624 0.0624
60 0.1116 0.1116 0.1116
67 0.2295 0.2295 0.2295

SKIP 1 0.7708 0 0.2245
10 0.5329 0.0169 0.5329
20 0.3913 0.3469 0.3913
30 0.1936 0.1936 0.1936
40 0.0361 0.0361 0.0361
48 0.1740 0.1740 0.1740

TABLE V. RESULTS FOR EARLY DETECTION OF HUMAN ACTIONS.

Actor action Total Detect at frame no. Early detection
no. of frames (threshold=0.8) (threshold=0.7) seeing %age of frames

Daria bend 84 36 31 36.90
Denis bend 85 28 25 29.41

Eli bend 63 - 37 58.73
Daria jump 67 - 44 65.67
Denis jump 67 6 10 14.92

Eli jump 45 14 12 26.66
Daria skip 57 13 8 14.03
Denis skip 48 4 14 29.16

Eli skip 60 7 8 13.33

K7 performed poorly on all three action classes.

Our detector detects an action when the membership func-
tion values (as in Table IV) exceeds the threshold monotoni-
cally. In our experiments, we set the threshold values as 0.7
and 0.8, respectively. Table V highlights the results obtained
using the originalBK, and Fig. 6 highlights the experimental
results qualitatively. The following observations were noticed:

(i) When threshold=0.8, the detector detected the bend ac-
tion for the first actor from seeing ∼42% of the frames
duration, and for the second actor is ∼32% of the frames
duration. However, it missed the detection of the third
actor due to the lower numbers of image frames in the
action video. For the jump action, the detector failed
to detect the action in the first actor. However, for the
second and third actor, our detector efficiently detected
the action upon seeing only ∼8% and ∼31% of the
total frames duration respectively. Lastly, for the skip
action, the detector was able to detect the action seeing
on average ∼14% of the frames duration.

(ii) When threshold=0.7, the detector was able to detect all
the actions performed by all the three actors upon seeing
∼32% of the frames duration on an average.

V. CONCLUSION

In this paper, we proposed a novel framework to detect hu-
man actions as early as possible using the fuzzy BK subproduct
inference mechanism. The human action classification prob-
lem was modified into a frame-by-frame level classification
enabling early detection. Our proposed method is capable of

making reliable early detection of human actions by modeling
only partial actions, where the membership values generated
from the BK subproduct inference engine provides the basis to
detect an action before it is completed. The efficiency of our
detector is supported with preliminary experimental results,
where our detector was able to detect an action from seeing
32% of the frames duration on an average. As for the future
work, we aim to extend the experiments to incorporate a
greater variety of human actions, and test them with other
human action datasets. Furthermore, we plan to investigate our
proposed framework by extending the BK subproduct to Type-
2 fuzzy.
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