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Abstract. Emergence of novel techniques devices e.g., MS Kinect, enables reliable extraction of
human skeletons from action videos. Taking skeleton data as inputs, we propose an approach to
extract the discriminative patterns for efficient human action recognition. Each action is considered
to consist of a sequence of unit actions, each of which is represented by a pattern. Given a skeleton
sequence, we first automatically extract the key-frames, and then categorize them into different
patterns. We further use a statistical metric to evaluate the discriminative capability of patterns, and
define them as local features for action recognition. Experimental results show that the extracted
local descriptors could provide very high accuracy in the action recognition, which demonstrate the
efficiency of our method in extracting discriminative unit actions.

Keywords: Discriminative Patterns; 3D Skeletons; Local Descriptor; Improved TF-IDF; Action
Recognition.

1. Introduction

Action recognition has been widely researched and applied in many domains, including visual surveil-
lance, human computer interaction and video retrieval. Given a motion sequence, we expect the program
∗Address for correspondence: School of Information Science, Japan Advanced Institute of Science and Technology, Japan
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to automatically identify the actions being performed by the human subject. There are some difficulties
to perform action recognition, not only because of the highly similar actions, but also due to the necessity
of processing the highly correlated spatial-temporal representation of action sequences. When capturing
the action sequences, we also need to handle the noise. Most of the state-of-the-art methods solve these
problems in three steps: feature extraction, feature refinement (e.g. via dimension reduction, clustering
or feature selection) and pattern classification. In this work, we especially focus on feature extraction and
refinement, by proposing a method for extracting action discriminative representations for high accurate
action recognition with lower computational complexity.

Recent advances in capturing devices, especially Kinect, allow us to easily collect accurate skeleton
data at low cost. Hence, we start our discussion based on captured sequences of skeletons. We compute
histograms of the 3D skeleton sequences from different actions, and perform time-warping to extract
the key-frames from the sequences of those histograms. Each key-frame is defined as a central frame
with the neighborhood size it represents. We define patterns from extracted key-frames and then use
a statistical approach to evaluate the discriminative level for each pattern. Inspired by ideas in natural
language processing, we regard the list of patterns as a document, and consider each pattern as a word.
The problem of recognizing an action is then turned into a problem of classifying the document into the
right category.

The main contribution of this work is the extraction of discriminative patterns as local features and
the utilization of a statistical approach in text classification to recognize actions. In text classification,
documents are presented as vectors where each component is associated to a particular word from the
code book. Traditional weighting methods like Term Frequency Inverse Document Frequency (TF-IDF)
are used to estimate the importance of each word in the document. In this work, we use the improved
TF-IDF weighting method [1] to extract discrimination patterns which obtain a set of characteristics
that remain relatively constant to separate different categories. This weighting defines the importance
of words in representing a specific categories of documents. It not only reduces the number of feature
dimension compared to the original 3D sequence of skeletons, but also reduces the viewing time of
browsing, bandwidth, and computational requirement of retrieval.

The remainder of this work is organized as follows. In section 2, we review some related works on
representative features from action data. We describe the extraction and refinement of discriminative
patterns in section 3. From skeleton sequences, we first automatically extract the key-frames, then group
them into different patterns as unit actions. After using a statistical metric to evaluate the discriminative
capability of each pattern, we further define the bag of reliable patterns as local features for action
recognition. The action recognition is described in section 4. Section 5 presents our experimental results.
We conclude the paper and explain some future works in section 6.

2. Related Work

In this section, we briefly review the previous methods and their representing features from action data.
A key issue of feature extraction is to identify the spatially and temporally significant characteristic of
an action. Some dimension reduction methods use spatial-temporal interest points or global statistics,
which are reviewed in [2]. Previous methods can be roughly divided into two categories, i.e., holistic
features and local descriptors.
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Holistic features [3-7] represent the shapes of objects in given time period as the global information.
These approaches often use the concept of “motion graphs” and the nearest-neighbor-search as a central
searching tool. They include methods using joint angles[8], principal components[9] or point clouds[10]
as the distance metrics to create the motion graph from the sequences of 3D joints for each action. By
using joint angles as the distance metric, Alla et al. [6] represent the desired motion as an interpolation
of two time-scaled paths through a motion graph. The graph is constructed to support interpolation
and pruned for efficient searching. For each motion, they synthesize optimal or sub-optimal motions that
include various behaviors. TheA∗ search is used to find a globally optimal solution in graphs that satisfies
the users specification. This approach not only retains the natural transitions in the motion graphs, but
also has ability to synthesize physically realistic variations provided by interpolation. Forbes et al. [5]
project sequence of 3D joints in motion data into the PCA space, wherein weights can be applied to both
subsections of individual frames, and to entire frames. The motions are modelled by high-dimensional
parametric curves, with each sample point representing a single pose. The geometric operations such
as scaling and translating are used to modify motions. Their retrieval algorithm is based on a weighted
PCA-based pose representation that allows flexible and efficient computation of pose-to-pose distance.
The query clip and database are projected into a user-specified PCA space to find the characteristic points.
By using sorted data structure, they find the indices of all similar poses in the database, and use Dynamic
Time Warping (DTW) to warp the database sub-regions surrounding to match the query clip. Kovar et al.
[3] use point cloud distance measure on a normalized window. They build “match webs” based on dense
distance matrices. They perform numerical and “logical” similarity searches on collections of captured
motion data. Their construction of “match webs” is O

(
n2
)

where n is the number of frames included in
the database.

The searching methods on graphs or DTW on matrices have been used for classifying the query clip.
Muller et al. [7] use binary geometric features and index structures to address the problem of content-
based retrieval on large motion database. These binary geometric features are well suited for defining
notions of logical similarity of motions and for coming up with matrices as “motion templates”. They
use subsequence DTW in searching for the query clip with the complexity in O (mn) where m is the
size of the query. Recently, Krüger et al. [4] described and analyzed medium dimensional feature sets
for human actions. These can be used with naturally occurring Euclidean distance measures in standard
spatial data structures - specifically kd-trees - to perform fast exact and approximate similarity searches in
large motion capture databases. By avoid using ad-hoc heuristics, it gives similar results to subsequence
DTW in practical scenarios and is more general and robust than “match webs”. Their novel method is
only O (m log n) for construction graph.

There are two problems need to be solved in this approach. Firstly, in order to create the motion
graphs, it requires optimizing the weights for specific joints to generate the transitions (graph nodes) for
each action. However, for different actions there are different parameters to create the transition points.
To have a high-quality transition, the users have to manually set the threshold to pick an acceptable
trade-off between having good transitions (low threshold) and having high connectivity (high threshold).
Secondly, finding paths in the motion graph that satisfy the hard constraints and optimize soft constraints
involves a graph search are also difficult. For even a small collection of motions, the action graph has a
large number of edges and straightforward search of this graph is computationally prohibitive. The main
reason is the need to enumerate too many paths. In general, there are many perfectly satisfactory motions
that satisfy the constraints equally well.
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Local descriptors [11-12] extract the information from a limited neighbourhood of interest points
and thus focus more on local motions. These features are the crucial elements of the actions. Their
distribution is then used to represent the entire sequence as global representation. There are only a few of
researches considering 3D skeletons as local descriptors, mainly due to the difficulty of reliable skeleton
extraction. Kilner et al. [11] use an appropriate feature descriptor and distance metric to extract action
key-poses in 3D human videos. They used a key-pose detector to identify each key-pose in the target
sequence. The Markov model is used to match the library to the target sequence and estimate the matched
action. Andreas et al. [12] proposed a novel key-frame-based method for automatic classification and
retrieval of capturing motion data. They label individual frame from a set of relational features which
describe geometric relations between specified points of poses, then use them to extract key-frames.
They proposed algorithms to measure the hits and matching between two sequences of key-frames for
retrieving. By this way, however, it is hard to minimize the set of relational features for different actions
because different actions should have different sets of relational features.

There are also some researches [13-14] that combine both holistic features and local descriptors to
further improve the performance. Our work belongs to the second category. Furthermore, we extract
local features from skeleton sequences rather than the appearance data, due to the following two reasons:

• Compared to appearances, skeleton information is more suitable in describing the humans action,
in the sense that they are less affected by personal features;

• Thanking to the significant improvement of the skeleton extraction algorithms/devices, e.g., the
Kinect, reliable skeleton data become available.

Various shape descriptors have been proposed to represent the 3D skeleton: Shape Distribution, Spin
Image, Shape Histogram, Spherical Harmonics, etc. In this work, we use shape histograms to represent
3D skeletons instead of 3D surface meshes. The 3D shape histogram was first introduced by Ankerst[15].
There are different properties between 3D surface meshes and 3D skeletons. With the same position of
body parts, two surface meshes could be different due to their clothes or body shapes while two skeletons
are nearly the same. Huang et al. [16] presented a performance evaluation of shape similarity metrics for
3D video sequences of people with unknown temporal correspondence. They used optimal parameter
setting for each approach and compared different similarity measures. By evaluating the self-similarity
for a list of actions, they concluded that the Shape Histograms with volume sampling, which is also used
in this work, consistently give the best performance for different people and motions in measuring 3D
shape similarity with unknown correspondence. In this paper, we extract key-frames automatically based
on self-similarity matrix, then group and refine these key-frames to get discriminative patterns. We then
regard each action sequence as a document of action “words”, and use the text classification concept to
classify different actions.

3. Extraction of Discriminative Patterns

In this section, we describe the extraction and refinement of discriminative patterns. From skeleton
sequences, we first automatically extract the key-frames then label them as different patterns for unit
actions. We further use a statistical metric to evaluate the discriminative capability of each pattern, and
define the bag of reliable patterns for representing each sequence. For a testing sequence of frames, we
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Figure 1: Skeleton histogram computes the distribution of joint points in different divisions.

convert it into the sequence of nearest patterns. We then calculate the spatial and temporal values for
testing, and evaluate the confidence of this sequence belong to a specific action category.

3.1. Three-Dimensional Skeleton Histogram

In order to perform effective 3D object retrieval, it requires a proper mathematical representation of 3D
object actions. 3D video data has no hierarchical structure in each frame and no correspondences between
successive frames, which makes motion analysis difficult and computationally expensive. On other hand,
a 3D video data provides strong geometric information which allows us to compare a pair of frames
by measuring their geometric similarity. The good similarity measure has to satisfy some conditions:
1)Dissimilar shapes have the different descriptors and the similar shapes have the same descriptors. 2)The
descriptor should be unchanged if we apply different rotations to the different frequency components of
a spherical function.

As mentioned in the related works, we use the shape histogram to represent the 3D skeleton data. A
3D skeleton is defined as a set of bone segments that lie inside the model. Around the skeleton center of
the model, the 3D space of this skeleton is transformed to a spherical coordinates system (see Figure 1).
A skeleton histogram is then constructed by accumulating the points at each bin. The shape histogram of
a point is thus a measure of the distribution of relative positions of neighboring points. The distribution
is defined as a joint histogram. Each histogram axis represents a parameter in a polar coordinate system.
Bins around each point are spatially defined. The number of the neighboring points in these bins is
assimilated as a context to the point. Since it is computed on the gravity center of the skeleton, this
histogram is translation invariant.

Along the radial direction as described in Figure 1, bins are arranged uniformly in log-polar space
increasing the importance of nearby points with respect to points farther away. If there are X bins for
the radius, Y bins for the azimuth and Z bins for the elevation, there are X × Y × Z = L bins for the
3D shape histogram in total. In our experiments, we use (X = 8, Y = 8, Z = 8).

For any two skeletons A and B, let their shape histograms be denoted by hA(l) and hB(l), where l =
1,2,3,...,L. The similarity between these two histograms is computed by using the χ2 distance:

d(A,B) = 2
L∑
l=1

(hA(l)− hB(l))2

hA(l) + hB(l)
(1)
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Figure 2: Illustration of automatic key-frames selection

which evaluates the normalized difference at each bin of two histograms. A lower distance value between
two histograms means a higher similarity between two skeletons.

3.2. Key-frames Extraction

Given an action sequence, we first divide it into a series of short temporal segments. From each segment,
we choose one frame as its representative state, which is named as a “Key-frame”. In this paper, we use
the automatic key-frames selection method proposed by Huang [17] to summarize 3D video sequences.
More specifically, the key-frames are extracted by using a graph-based method. We regard each key
frame, denoted by both its index and the neighborhood size it represents, as one node in a graph. Edges
are only inserted between two nodes that could be neighboring key-frames. The weight of each edge
is evaluated by the difference between the key-frames of its two nodes. Since we expect a set of key-
frames that have maximized mutual distances, we can intuitively use the shortest path algorithm to find
the optimal solution. The whole process is illustrated in Figure 2.

Formally, this method first computes the self-similarity matrix of shape histograms between all
frames of a 3D video sequence,

S = (si,j)Nf×Nf
= {d(hi, hj)}Nf×Nf

(2)

where Nf is the number of frames in a video.
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Each possible key-frame is evaluated by a Conciseness Cost, which is defined as a weighted sum of
its representative cost (denoted by its average similarity to its neighbors) and accuracy cost (currently set
to 1).

ci,fi = β + (1− β)

fi∑
k=−fi

si,i+k (3)

where β is the parameter to weight the distortion, i is the index of key-frame and fi is the length of the
local time window for all neighboring frames it represents. A Conciseness Matrix is then formed from
the costs of all frames in a motion sequence under different neighbor sizes.

C = (ci,fi)Nf×neighbourSize (4)

A graph is constructed from the Conciseness Cost Matrix. Each element ci,fi in the conciseness
matrix corresponds to a graph node vi,fi . Two extra nodes vsource and vsink are added to represent the
starting and ending of the sequence. Two nodes are connected with an edge, if they could appear as
consecutive key-frames, i.e. by satisfying the following conditions:

vi,fi to vj,fj :
(
eij = cj,fj

)
∧ (i < j) ∧ (i+ fi ≥ j − fj) (5)

vsource to vi,fi : (esource,i = ci,fi) ∧ (i− fi = 1) (6)

vi,fi to vsink : (ei,sink = 0) ∧ (i+ fi = Nf ) (7)

which require any two neighboring nodes to be temporally overlapped. A list of key-frames is then
created by finding the shortest path on the graph from vsource and vsink. Each node on the shortest path
represents a key-frame. We extract a list of key-frames for each video in the database as:

K = {κ(i, fi)}mi=1 (8)

where κ(i, fi) is a key-frame and m is the number of key-frames extracted from that video. In Figure 3,
the blue circles, in key-frames extraction step, describe the neighborhood that each key-frame represents.

3.3. Patterns Definition

We suppose that each action consists of several unit actions. From extracted key-frames, we need to
further group them into patterns as unit actions. For each pattern, we specify an acceptance threshold,
which means that any key-frames that have a smaller distance than this threshold to a pattern will be
recognized as one sample of this pattern, e.g. in Figure 3, pattern P1 includes key-frame 0, 134 and 426.

A pattern pi = ((hi, fi) , θi) includes all key-frame κ(j, fj), if it satisfies d (hi, hj) ≤ θi. In this
work, the patterns acceptance threshold θi is calculated as

θi = max (d (hi, hi−fi) , d (hi, hi+fi)) (9)

where d(∗) being the distance measure from Eq. (1). From all lists of key-frames, we create a bag of
patterns P , defined as:

P = {pi}
Np

i=1 = {((hi, fi) , θi)}
Np

i=1 (10)

where Np is the total number of patterns.
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Figure 3: The whole sequence of 3D skeleton is divided into unit actions. Each unit action is represented
from a key-frame, which includes the central frame and the period it covers. These key-frames are then
identified as different patterns, according to their poses.

An action sequence is defined as a collection of patterns 1:

S = {pi}
Nps

i=1 (11)

where Nps is the number of patterns in S.
We convert all the lists of key-frames to sequences of correlated patterns. Ck is defined as a set of

sequences:

Ck = {Si}
Nseq(k)
i=1 , k = 1, 2, ..., Ncat (12)

where Nseq (k) is the number of sequences in category Ck, and Ncat is the number of categories.

3.4. Extraction of Discriminative Patterns

Although the pattern has been defined, it is not sure to be suitable for classifying the action. In this
section, we intend to include the classification information contained in the training data to filter out
those discriminative patterns. In our understanding, a discriminative pattern should have two major
features: 1) It appears quite often in the target sequence, so as to be considered as a reliable pattern for
representing the action; 2) It appears much more often in one action than in all other actions, so that we
can use it as a clue for identifying the action.

We consider to evaluate the discriminative capability of pi in classifying Ck. Our discriminative
patterns are calculated in a similar way to [2]. We estimate the proportion of sequences containing
pattern p to be:

p̃ =
xp + 0.5z2α/2

n+ z2α/2
(13)

where p̃ is the Wilson proportion estimate [18]; xp is the number of documents containing pattern p in the

collection (category/categories); n is the size of the collection; z2α/2 is a value which makes Φ
(

zα/2

)
=

α/2 and Φ is the t-distribution (Student’s law) function. We assume that the possibility of a pattern

1Note that a sequence is not a set, but a naive collection of patterns, which allows the existence of duplicated patterns
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Figure 4: Visualizations of the selected discriminative patterns from different actions.

belonging to a specification class is a normal distribution. In our experiment, it gets the highest accuracy
with 95% confidence interval, i.e., α = 5% (conf = 1.96), which is calculated as:

p̃± conf
√
p̃(1− p̃)
n+ 3.84

(14)

For a given action class Cj , we denote the set of positive documents as p̃+ and the set of negative
documents in other categories as p̃−. From Eq. (14), we calculate the lower range of the confidence
interval of p̃+, labeled as MinPos, and the higher range of p̃−, labeled as MaxNeg. The strength of
pattern pi as an indicator for class Ck is calculated as:

Str (pi ∈ Ck) =

{
log2

(
2MinPos

MinPos+MaxNeg

)
if MinPos > MaxNeg

0 otherwise
(15)

which means that pattern pi should appear more often in positive documents than negative documents,
and the difference should be as significant as possible.

We calculate the discriminative value of each pattern as:

maxStr (pi ∈ Cj) = max
k=1,2,...,Ncat

(Str (pi ∈ Ck))2 (16)

In each category, the discriminative patterns are the patterns which have the high maxStr values.
We select some high discriminate patterns from different action classes as show in the Figure 4.

3.5. Increasing the discriminative patterns values

Key-frames extracted from all action sequences are able to be grouped into three different sets of patterns:
PD, P S and PC. The PD includes the discriminative patterns which only appear mostly in the sequences
of one action category. The P S is the set of the sample patterns which appear only in one action sequence.
The PC are the common patterns which appear in most of action categories. Accurate and robust action
recognition not only depends on the quality of the discriminative patterns in PD, but also on their amount.
In order to collect more discriminative patterns, we keep the present discriminative patterns, but consider
the possibility of converting patterns in P S and PC into discriminative patterns PD. We increase the
window size of key-frames correlated to P S, so that they become more generic and could be shared by
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Figure 5: Increasing the discriminative patterns values

sequences from the set of action samples. At the same time, we decrease the window size of key-frames
in PC to make the new patterns more action specific. We present this process in the Figure 5.

While keeping the present PD, we update the key-frames correlated to P S and PC until no more
key-frames updated. We check every continuous pair of patterns (pi, pi+1) in PC × P S, P S × PC and
P S × P S. We increase the key-frame window size correlated to P S while decrease the key-frame win-
dow size correlated to PC. For pairs in P S × P S, we increase one pattern and decrease the other. The
processing steps are given in Table 1.

Table 1: Algorithm for the expansion process of sample patterns.

incSize = 1
Repeat

Create all sequences of patterns Sj from present sequences of key-frames Kj
Extract PD, P S, PC from Sj
For each pair (pi, pi+1) in sequence Sj :

Get the correlated key-frames κ(i, fi), κ(i+ 1, fi+1)
If
(
pi = PC

)
and

(
pi+1 = PS

)
then

Update (κ(i− incSize, fi − incSize), κ(i− incSize, fi+1 + incSize))
If
(
pi = PS

)
and

(
pi+1 = PC

)
then

Update (κ(i+ incSize, fi + incSize), κ(i+ incSize, fi+1 − incSize))
If
(
pi = PS

)
and

(
pi+1 = PS

)
then

Update (κ(i+ incSize, fi + incSize), κ(i+ incSize, fi+1 − incSize))
incSize = incSize+ 1

Until no key-frames updated.

4. Action Recognization

Given a testing sequence, we first convert it to a sequence of discriminative patterns S. We use the
extracted discriminative patterns to calculate the spatial and temporal confidence of this testing sequence
in belonging to a certain action class.
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Spatial confidence: We define a weight for evaluating the confidence of a sequence belong to a
specific action Ck, given the fact that it contains pattern pi , as:

conf (S ∈ Ck|pi) = TF (pi ∈ S) ·maxStr (pi ∈ Ck) (17)

where

TF (pi ∈ S) =
1

Np

Np∑
j=1

δpi,pj (18)

It in fact defines the frequency of pattern pi in the sequence S, which evaluates the importance of pi

in the sequence. The δpi,pj is the Kronecker delta function, which is defined as δpi,pj =

{
1 pi = pj ,

0 pi 6= pj
From Eq. (17), the spatial confidence of a sequence S belong to a specific action Ck is calculated by

summing up the support of all discrimination patterns:

spatialConf (S ∈ Ck) =

Np∑
i=1

conf (S ∈ Ck|pi) (19)

Temporal confidence: For each action category k, we create the directed graph Gk. The graph nodes
are the discriminative patterns in this category. The edge is from nodeNi toNj if nodeNi appears earlier
than Nj in the training sequences. The temporal confidence of a sequence S belongs to a specific action
Ck is calculated as:

temporalConf (S ∈ Ck) =
1

|Edges (Gk)|
∑

Ni,Nj∈Nodes(Gk)

edgeV alue (Ni, Nj) (20)

where edgeV alue (Ni, Nj) = 1 if there exists a path from Ni to Nj in Gk
From Eqs. (19) and (20), we calculate the confidence of classifying a testing sequence S to action

class Ck as:

conf (S ∈ Ck) = spatialConf (S ∈ Ck) + temporalConf (S ∈ Ck) (21)

If conf (S ∈ Ck) gets the highest value in all action classes {Cj , j = 1, 2, ..., Ncat}, S is classified
to the action class Ck.

5. Experimental Results

Motion capture systems, ranging from marker-based system to the recent Kinect, can be used to re-
construct the action of moving subjects by measuring the 3D skeletons. The skeleton in 3D videos is
a collection of accurate 3D positions of body parts, which is very helpful to extract the hidden action
features. We present some experimental results of using discriminative patterns extracted for action
recognition. We take 25 actions from HDM05 motion capture database [19] as showed in the Table 2.
Each action has twelve 3D videos samples. We randomly sampled two-thirds of the action sequences for
training and used the remaining one-thirds for testing. We repeated the experiment 10 times and report
the averaged results.
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Table 2: List of experiment actions

No. Name of Actions No. Name of Actions

0 kickLFront1Reps 13 standUpKneelToStand
1 lieDownFloor 14 throwSittingHighR
2 punchLFront1Reps 15 turnLeft
3 rotateArmsBothBackward1Reps 16 turnRight
4 runOnPlaceStartAir2StepsLStart 17 clap1Reps
5 shuffle2StepsLStart 18 depositFloorR
6 walk2StepsLstart 19 elbowToKnee1RepsLelbowStart
7 sitDownChair 20 grabFloorR
8 skier1RepsLstart 21 hitRHandHead
9 sneak2StepsLStart 22 hopBothLegs1hops
10 cartwheelLHandStart1Reps 23 jogLeftCircle4StepsRstart
11 squat1Reps 24 jumpDown
12 staircaseDown3Rstart

Figure 6: Confusion matrix for training (A) and testing (B) data sets
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Figure 7: The ROC curve of the true positive rate with respect to false positive rate under various conf .

The average confusion matrices on testing and training datasets are shown in Figure 6. The accuracy
is 95.03 for training dataset and 80.05 for testing dataset. For the training dataset, the strong confusion
occurs between action clap1Reps (No.17) and other actions. We consider that it is due to its short
length, which is from 38 to 44 frames. With the same neighborSize as in Eq. (4) for being applied to all
actions, the number of key-frames for this action is limited. As a result, there are very few discriminative
patterns extracted for this action. For the testing dataset, there are some confusions between similar
actions between turnLeft(No.15) and turnRight (No.16) or hitRHandHead (No.21) and turnLeft
(No.15). These actions share similar skeleton positions. Therefore, the number of overlapped patterns
between them are high, which reduces the classification accuracy. A possible improvement is thus to
further explore the mutual difference between pairs of these similar actions, which is left as one of our
future work.

We evaluate the overall classification rate of categories depend on the conf in Eq. (14). The contri-
bution of a pattern to a given action class is evaluated by whether the strength in Eq.(21) is positive nor
not. We calculate the ROC curve with True Positive Rate (TPR) and False Positive Rate (FPR) under
different confidence interval of each category Ck:

TPRCk
=
NTP

k

NAP
k

FPRCk
=
NFP
k

NTN
k

(22)

In the above equation, Number of True Positive NTP
k is the number of patterns p in sequence S

satisfy (S ∈ Ck) ∧ (Str (p ∈ Ck) > 0). Number of All Positive NAP
k is the number of patterns

p that satisfy Str (p ∈ Ck) > 0. Number of False Positive NFP
k is the number of patterns p satisfy

(Str (p ∈ Ck) > 0) ∧ (Str (p ∈ Ci) > 0, i 6= k), and NTN
k (Number of True Negative) is the number

of patterns p satisfy: (p ∈ Ck) ∧ (p ∈ Ci, i 6= k ). TPR evaluates the average positive discriminative



14 T. Thanh et al. / Extraction of Discriminative Patterns from Skeleton Sequence for Accurate Action Recognition

Figure 8: The accuracy has been improved on both testing and training datasets, by increasing the amount
of discriminative patterns with pattern expansion.

power, while FPR evaluates the average mutual ambiguity of patterns. Hence, a higher TPR with a
lower FPR implies a better discriminative capability of extracted patterns.

The average ROC curve is shown in Figure 7, which is calculated from Eq. (22) for all categories.
In this experiment, we set conf from 0.5 to 2.5. As expected, there is a trade-off between a high classi-
fication rate and a low false alarm rate. From the fact that the curve is higher than the random guess line
and getting better when conf is greater than 1.1, we confirm that our method is effective in extracting
discriminative patterns for classifying the actions.

In Figure 8, we show the overall classification accuracy while increasing the incSize in the algorithm
in section 3.5. In this experiment, we set the maximum of neighbourSize = 4 in Eq. (4). While incSize
increasing, the rate of discriminative patterns is higher which makes the accuracy higher. When incSize
increase from 0 to 3, we have the accuracy increases from 93.11 to 95.03 percent on the training dataset
and from 76.29 to 80.05 percent on the testing dataset. We present the details of parameter setups, sample
database and source codes on our website[20].

6. Conclusion and Future Works

This paper introduces a method to extract discriminative patterns as local features to classify skeleton
sequences in human action recognition. Based on skeleton histogram, we extract key-frames from 3D
videos and define patterns as local features. We use classification concept in information retrieval, i.e.,
the improved TF-IDF method in document analysis, to estimate the importance of discriminative patterns
for a specific categorization. We also propose an algorithm for further increasing the number of discrimi-
native patterns. Experimental results indicate that the action recognition model using these discriminative
patterns gives high accuracy around 80% on the testing dataset.

The behavior of extracted discriminative patterns need to be further studied in future. We will also
consider the inclusion of temporal relationships between patterns. The performance of the proposed
method on the noisy skeletons data should also be discussed.
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