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Abstract
When learning a new classifier, poor quality training
data can significantly degrade performance. Applying
selection conditions to the training data can prevent
mislabeled, noisy, or damaged data from skewing the
classifier. We extend a set of action attributes and apply
training case attribute selection conditions to a
challenging action recognition dataset.
Short-range 3D imagers produce three-dimensional
point cloud movies which can be analyzed for structure
and motion information like actions. We skeletonize the
human point cloud to try to estimate the joint motion, and
this produces a significant number of errors as well as
damaged and misrepresented cases. By selectively pruning
the training cases using the extended action attributes, we
improve the classifier performance on some classes by
over 5% and improve on the state-of-the-art from 85%
accuracy to over 88%.
In addition, discovering attribute inconsistencies in the
subject actions has provided a reason behind the
consistently disappointing performance of multiple
algorithms upon the same data.
1. Introduction
Action recognition has utilized low-level features over
higher-level class attributes and ontologies because they
traditionally have been more effective. In fact, at a recent
Action Classification Challenge at the 2013 international
conference on computer vision (ICCV) there were no
contestants who used the compiled class attributes, and the
top six contestants used only low-level attributes [1].
However, an approach with class-based attributes may
improve the accuracy of methods when traditional lowlevel features do not perform as well as expected.
One of the cases when low-level attributes do not work
well is when the data is mislabeled or corrupted in some
way. The worst case is mislabeling, where the classifier is
trained on the wrong data. Given enough accurate data,

mislabeling of a few cases is not a severe handicap, but on
smaller datasets it can make a significant difference. We
isolated one action dataset that had been of particular
trouble for low-level approaches, the Action Set 2 from
the MSR-Action3D dataset [2] which has eight action
classes with sixty instances of each class. The dataset is
compiled using a time-of-flight depth sensor to capture the
human actions. The 3-D depth maps are skeletonized to
reduce the dimensionality of the data.
This
skeletonization procedure has some failures and some
mistakes. How-ever, the skeletons readily provide
ontologically significant action attributes, such as 'Body
Part Articulation-Arm = One_Arm_Motion' which can be
used to validate the skeletonization.
Instead of learning an attribute ontology from the data,
we apply a knowledge-based approach and utilize a
previously developed model of the attributes and skeletal
relationships for particular activities.
However, we
needed to extend the model to characterize the particular
activities in the dataset. In order to apply a previously
developed human action ontology to the skeletonized
actions, we utilized and extended the action attributes
compiled for the Action Classification Challenge [1] to fit
the different actions in the MSR-Action3D dataset [2]. An
excerpt of some of the attributes for a punching action is
shown in Table 1.
By applying the attribute ontology to the training set,
we could prevent inaccurate, inconsistent, damaged, or
mislabeled cases from damaging the classifier without
reducing the richness of the features. There is the risk of
that an excessively strict ontology would dramatically
reduce the size of the training set and result in
performance degradation, so a preliminary classification
should be per-formed and the effect of applying
knowledge-based ontological restrictions to the training
set can be tested and the final result calculated on an
evaluation dataset. A subset of the action attribute
ontology is shown in Table 1. Using the knowledge-based
ontology, we could identify skeletonization mistakes that
made certain cases ontologically inconsistent.
The next section discusses related work on action
recognition and the application of ontologies to action

recognition. Section 3 describes the dataset. Section 4
describes the ontology, while section 5 describes the
classifier that is improved using a knowledge-based
ontology. Section 6 tabulates the results and Section 7
contains the conclusions.
Table 1. A subset of the action attributes that are present or
absent in the action ‘Punch’

Action Attributes

Punch

Body Part Articulation-Arm = One_Arm_Motion
Body Part Articulation-Arm =
Two_Arms_Motion

1
1

Body Part Articulation-Head = Facing_Up

0

Body Part Articulation-Head = Facing_Front

1

Body Part Articulation-Head = Facing_Sideways

1

Body Part Articulation-Head = Straight_Position

1

Body Part Articulation-Head = Tilted_Position
Body Part Articulation-Torso =
Down_Forward_Motion

1

Body Part Articulation-Torso = Twist_Motion

1

Body Part Articulation-Torso = Bent_Position
Body Part Articulation-Torso =
Straight_Up_Position

1

Body Part Articulation-Feet = Touching_Ground

1

Body Part Articulation-Feet = In_Air

0

0

1

2. Related Work
Human activity recognition has already been explored
using images and video. Activity recognition techniques
can be grouped into data-driven [3] and knowledge-driven
[4] approaches. Data-driven techniques use machine
learning approaches to discern an activity from the
training data. Space-time methods such as space-time
volumes, spatio-temporal features, and trajectories have
been successful. For classification, generic approaches like
support vector machines and hidden Markov models have
done well.
Space-time approaches treat video as spatial (x,y) and
temporal (t) axes [5-10]. An action can be described as a
3D shape in space-time and compared to labeled actions
[11,12] with extensions [5-7]. For video, the spatial
dimensions are x and y. By including the z value from
depth images, reasonable recognition can be achieved [9].
Improvement can be achieved in recognition accuracy by
including the third spatial dimension [6]. An action graph
approach on a bag-of-3D-points can encode actions and
produce an improvement in recognition accuracy [10].

Random occupancy patterns (ROP) from the 4D video
volume were tested on MSR-Action3D dataset, and
achieved 86.2% accuracy [13]. Three-dimensional joint
positions were used to develop a view-invariant posture
representation [14]. Combining features from RGB
images, depth maps, and skeleton joints to recognize
human activities has also been done [15].
HMMs are often applied for classification of activities
with real-time performance. Body joints can be obtained
[15] and the temporal patterns of the joint feature vectors
were tested on the MSR-Action3D dataset [2], achieving
88.2% recognition accuracy [17] across all classes. NaïveBayes-Nearest-Neighbor was also used to achieve similar
accuracy, [18] demonstrating that many classifiers would
work given a thoughtful choice of features. The same
work observed that the actionlet mining method was
effective to handle noise and errors in skeleton joint
positions. Recurrent neural networks [19], dynamic
temporal warping [20], and hidden Markov models have
also been used [21].
An action ontology provides a description of the
activity using well-structured terminology with a number
of properties that are measureable. A well-built ontology
could be used, understood, and shared between humans
and computers [22-24]. A human action ontology was
developed [1] that was used and extended for this work.
3. Dataset
The MSR-Action3D dataset [2] is a benchmark dataset
for 3D action recognition that provides sequences of depth
maps and skeleton joints. It includes 20 actions performed
by 10 subjects performing each action 3 times. An
example is shown in Figure 1 for “high wave”, where the
motion of the arms, legs, head, and torso are shown with
the depth dimension removed.

Figure 1: Example action of “high wave” from the MSRAction3D dataset.
On datasets like MSR-Action3D, the inter-class
variability is going to be somewhat small due to the
similarity of the activities such as “hammer” and “forward
punch” as well as the presence of composite activities
such as “pickup and throw” versus “overhand throw” and
versus “bend over”. Since the activities to recognize are
very similar to each other, the classifier will have to

handle this robustly. In many approaches to this dataset, it
is the composite action of “pickup and throw” which is
often misclassified because most of the motion is identical
to the “bend over” action or the “throw” action. In order
to perform better classifications, many authors have
broken the dataset into groups as shown in Table 2.
Although this reduces the number of potential confuser
actions, many similar pairings are still present in the
subgroups. Researchers have had particular difficulty with
Action Set 2, having an average of 6-10% reduction in
performance.
Table 2. Two subsets of actions used for the MSR-Action3D
dataset
Action set 1 (AS1)
Horizontal wave (2)
Hammer (3)
Forward punch (5)
High throw (6)
Hand clap (10)
Bend (13)
Tennis serve (18)
Pickup throw (20)

Action set 2 (AS2)
High wave (1)
Hand catch (4)
Draw x (7)
Draw circle (9)
Two hand wave (11)
Forward kick (14)
Side boxing (12)
Draw tick (8)

The activities in this dataset are defined by pose, such
as “forward punch” and “side boxing” defined to be
separate classes of “punch” as well as “forward kick and
“side kick” which are only defined in the reference frame
of the individual’s pose. Since the activities are defined in
pose-relative terminology, the data to utilize should be
extractable in the subject’s pose reference frame.

applying ontological reasoning. Some of the heuristic tests
that discovered aberrations from the extracted skeletons
are shown in Table 3. 'Body Motion = Twisting' found that
one subject would consistently twist his body to the side
when performing ‘One Hand Catch’ (A4S2E1-3) which
was inconsistent with the class attributes for the rest of the
subjects and is shown in Figure 2. 'Body Motion =
Twisting' also found that 2 of 10 subjects did not perform
measurable twisting when performing ‘Side Boxing’.
The attribute 'Body Part Articulation-Arm = One Arm
Raised Over Head' found that two cases of ‘Side Boxing’
kept their hand above their head for an extended period of
time (A12S4E1 and A12S3E3) which was inconsistent.
Attribute 'Body Part Articulation-Arm = Two Arms
Raised Over Head' found that one case of ‘High Wave’
used both hands (A1S2E3) which could create confusion
with ‘Two Hand Wave’ as shown in Figure 3. ‘Body Part
Articulation-Arm = One Arm Open To The Side’ found
that one case of ‘Side Boxing’ did not actually extend the
arm to the side (A12S2E1) as shown in Figure 4. We
extended the attribute ‘Body Part Articulation-Leg = Up
Down Motion’ to create “Body Part Articulation-Hand =
Up Down Motion’ which found that two cases (A7S2E1
and A7S6E3) of ‘Draw X’ and one case (A8S6E3) of
‘Draw Tick’ had significantly more up and down hand
motion than the rest of the cases.

4. Ontology and Attributes for Actions
An ontology for action recognition [1] was evaluated
for the smaller set of actions Action Set 2 of the MSRAction3D dataset [2]. Attributes that were useful in
separating classes were used, like 'Body Motion =
Twisting' which only is in the majority of ‘Side Boxing’
cases and 'Body Part Articulation-Arm = Two Arms
Motion' which only is in the majority of ‘Two Hand
Wave’ cases. We also ex-tended the ontology to include
'Body Part Articulation-Arm = One Arm Raised Head
Level' and 'Body Part Articulation-Arm = One Arm
Extend Side' to help evaluate the ‘Side Boxing’ and ‘High
Wave’ classes.
The implementation of heuristics to test for ontological
aberrations in the training data was simplified by utilizing
the extracted skeletal joints. For example, testing for the
percentage of time that the 'Body Part Articulation-Arm =
One Arm Raised Head Level' was a simple check on
whether the location of the hand was above the location of
the neck. The check was whether [(P13(3) > P3(3) & P12(3)
< P3(3)) | (P12(3) > P3(3) & P13(3) < P3(3))] was true for an
extended percentage of the time.
We found that the MSR-Action3D dataset is well-suited
for developing quick checks on attributes and then

Figure 2: Incompatible motion for A4S2E1 meant to be ‘Hand
Catch’.

Figure 3: Damaged skeletal extractions for A1S2E3 meant to be
‘High Wave’ often has two hands in the air.

Figure 4: Damaged skeletal extractions for A12S2E1 meant to
be ‘Side Boxing’ does not extend his arm for most of the action.

Some of the aberrant cases found were poor skeletal
extractions while others were subjects interpreting the
action differently or repeating the action multiple times.
5.

Classification Approach

The 3D joint velocities are used to recognize the motion
of the human body. Our key observation is that
representing the human movement as joint velocities
results in effective features that can be represented in the
pose reference frame and which are invariant under time
dilation. In other words, motions done more slowly or
quickly can be robustly compared by time-dilating the
extracted velocities using Dynamic Time Warping [25]. In
some sense, the actions can be stretched in the time
domain to compare to other actions.
For this work, 20 joint positions are tracked using a
skeleton tracker [15] and compiled into a time series of
joints i depicted as pi(t) = (xi(t); yi(t); zi(t)) at a frame t.
The coordinates are then normalized to reduce
dependencies on height, initial body orientation and
location. Examples of the extracted skeletons are shown
in Figures 2, 3, and 4.
For each joint i, we extract the normalized posereferenced velocity features by taking the difference
between the position of joint i(t) and that of joint i(t-1) and
dividing by the time step dt. The resulting velocity vector
is:
vi(t) = ((xi(t)-xi(t-1))/dt; (yi(t)-yi(t-1))/dt; (zi(t)-zi(t-1))/dt)

(1)

for each joint i in the skeletonized action. Note that the
normalization has left the extracted velocities in the initial
pose reference frame of the subject, which means that the
extracted velocities should be able to distinguish posedefined activities. The actions can be visualized by
looking at the velocities over time. There are 20 joint
velocities with three dimensions each tracked over time as
shown in a Figures 5 and 6 for subjects 2 and 3,
respectively.

Figure 5: The joint-velocity magnitude heatmap for high wave
by subject 2.

Figure 6: The joint-velocity magnitude heatmap for high wave
by subject 3.

The images in Figure 5 and 6 show the log of the
absolute value of the joint-velocity. The total collection
time for each signature is different, with the collect on
subject 2 lasting longer than the collect on subject 3.
We did not try to pick out the relevant features using
PCA as had been done in other work [26] though this may
be done in future work for comparison. Since the other
work kept 85% of the eigenvalues, the dimensionality
reduction is not great, and the eigenvectors may be less
intuitive than the original skeletal joint velocities.
To classify a signature, the joint-velocity heatmap is
compared to a known database of joint-velocity heatmaps.
The comparison utilizes a Dynamic Time Warping [25] of
the joint-velocity heatmaps as a distance function between
signatures. A large measured distance between signals is a
measure of the difference between signals, while a small
measured distance is indicative of the similarity of two
signals.
The classification of a test action with the database is
performed using the smallest distance in a nearest
neighbors approach. The advantage of this approach is that

the most similar action in the database will be selected as
the probable for the test case. When there is high intraclass variability in a small database, finding multiple cases
for k-nearest neighbors may not work well. However, a
nearest neighbors classifier can be highly sensitive to
mislabeled training cases as one bad training case can
propagate out to many test cases. To reduce the influence
of poor training data, an action ontology is applied to
prune damaged or inaccurate cases from the training data.
6. Experimental Results
Several initial experiments were run on the MSRAction3D dataset without ontological improvement to the
training set. The initial results on Action Set 2 is shown in
a confusion matrix in Figure 7. The results are similar to
other published work, as shown in Table 3. The
refinement using an action ontology has not yet been
applied, but already the classification is above 87%.

this dataset.
The classification of a test action with the database is
performed using the smallest distance in a nearest
neighbors approach. The advantage of this approach is that
the most similar action in the database will be selected as
the probable classifier for the test case. When there is
high intra-class variability in a small database, finding
multiple cases for k-nearest neighbors may not work well,
while a simple nearest neighbors will find the correct
class. However, a nearest neighbors classifier can be
highly sensitive to mislabeled training cases as one bad
training case can propagate out to many test cases. To
reduce the influence of poor training data, an action
ontology is applied to prune damaged or inaccurate cases
from the training data.

Figure 8: The similarity measure between ‘High Throw’ A1S1E1
and the rest of the ‘High Throw’ cases. This case is correctly
classified.

Figure 7: The initial results on action set 2. The predicted class
number is in the y-axis while the actual class is on the x-axis.

Table 3. Performance versus method for Action Set 2 crosssubject MSR dataset

Method
Li et al [4]
Lu et al [11]
Yang et al [15]
Chen et al [16]
Initial Method
Initial Method with Ontology

Accuracy
71.9%
85.5%
84.1%
83.3%
87.2%
88.6%

One reason that this approach might work well is shown
in Figure 8. The similarity metric between subjects
performing the same action is remarkably bad for most
cases, but for one case it does surprisingly well. This
signature variability may help explain the challenges on

Figure 9: The results on action set with ontological training
class validation. The predicted class number is in the y-axis
while the actual class is on the x-axis.

The performance of the classification after the
ontological pruning is done to the training data is shown in
Figure 9. Slightly better performance can be achieved by
utilizing the ontology to isolate and prune poor examples
from the training set. However, those damaged examples

are still present in the test set since we are using leaveone-subject out cross-validation.
In addition to improving classification, a better
understanding of the limitations of the dataset have been
acquired. The recognition of invalid or damaged training
set data gives additional information on why those cases
are incorrectly classified when they are used as test cases
in cross-fold validation. For example, case A4S2E1 is
misclassified using this approach. This case will probably
be misclassified in every approach because it has attributes
that are nearly identical to the attributes of side boxing by
other subjects, with both twisting of the body and an arm
extending out to the side. Since many methods have been
applied to this particular dataset and all have performed
relatively poorly on this particular set of actions, it may be
more of a dataset issue than a classifier issue.
The performance in the literature on this particular set
of actions from the MSR Action dataset has been
consistently lower than other action sets from the same
database [2, 14, 18, 26]. The attribute inconsistencies in
multiple actions of this subset found by this work may be
a large part of the explanation of why presumably sound
methods may be failing.
7. Conclusions
This work has shown that recognition of human actions
can be improved using ontological models to remove
inconsistent, mislabeled, or damaged data from the
classifier training set. By incorporating human knowledge
about action attributes into the ontology, cases which are
inconsistent can be pruned from the training set.
However, this work also showed additional information
about the dataset. By applying ontologically based
heuristics to the data we are able to isolate reasons why
performance is limited. Of special note was the discovery
of the twisting motion that was expected in the ‘Side
Boxing’ class but was only there 80% of the time, and it
was not expected in the ‘Hand Catch’ class but was
discovered in 10% of the data. The inconsistent attribute
link between classes helps explain why there exist
significant cross terms in the confusion matrix between the
two classes in the work of multiple researchers.
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