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Abstract
Enabling artificial systems to recognize human actions
is a requisite to develop intelligent assistance systems that
are able to instruct and supervise users in accomplishing
tasks. In order to enable an assistance system to be wearable, head-mounted cameras allow to perceive a scene visually from a user’s perspective. But realizing action recognition without any static sensors causes special challenges.
The movement of the camera is directly related to the user’s
head motion and not controlled by the system. In this paper
we present how a trajectory-based action recognition can
be combined with object recognition, visual tracking, and a
background motion compensation to be applicable in such
a wearable assistance system. The suitability of our approach is proved by user studies in an object manipulation
scenario.

1. Introduction
Manipulations of objects and their utilization to accomplish certain tasks play a major role in everyday human life.
Thus, computer systems that are able to classify and interpret manipulative gestures are subject to research for quite a
long time and play a major role in different scientific fields
like human-machine interaction, interactive learning, and
intelligent assistance, to mention only a few. Especially the
latter – research on artificial systems that can assist in object
manipulation tasks – potentiate a great variety of applications. A system that is able to supervise a user in performing a task can help to detect failures and assist in complex
constructions in terms of context-dependent instructions.
The recognition of object manipulations or other human
activities from visual cues is a well studied subject in recent research. Most approaches found in literature analyze
the trajectory of the manipulating hand to classify activities.
The trajectory is acquired by segmenting and tracking skin
color regions or special markers attached to the hand. Most
approaches for visual trajectory-based classification either

(a) AR gear with cameras.

(b) View of the user.

Figure 1. The wearable assistance system.
use a static camera for, e.g., surveillance [10] or interaction [9], or have direct control of their visual sensors [8]. In
previous works we already presented how hand trajectories
captured by a static camera can be combined with contextual information about the manipulated objects to allow a
robust classification of human’s actions with a probabilistic
framework [4].
In this paper we present an extension and improvement
of this approach and its integration in a wearable assistance
system. As a challenge in this particular use case of a wearable system, activities are recognized based solely on video
input captured from the user’s perspective using a headmounted camera without any additional sensory. Thus, the
system has no control of the camera’s motion itself. Accordingly, we introduce a novel combination of visual tracking with a background motion compensation and a probabilistic classification framework for the recognition of actions in a wearable assistance system.
The paper is structured as follows: In section 2 our approach for action recognition on a wearable platform is presented and involved algorithms are outlined. After presenting some results on visual tracking accuracy and system
performance in section 3 the paper concludes with a summary and an outlook.

2. System Architecture and Implementation
The action recognition presented in this paper is developed as part of an integrated cognitive assistance system
dealing with one-handed object manipulations [15]. This
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Figure 2. Architectural sketch of the system.
system utilizes an augmented reality setup (AR gear) as
depicted in Fig. 1(a) which comprises all (vision) sensors
to perceive the scene from a user’s perspective. The two
helmet-mounted cameras capture images at a rate of 15Hz.
By redisplaying the captured images in the display of the
user, a video see-through loop is realized (Fig. 1(b)). The
image stream of the left camera is used as monocular visual
input for the action recognition presented in the paper.
Enabling action recognition on a wearable device implies special requirements. In the proposed system manipulation of objects are classified based on the contextual information about the object’s type and its trajectory when being
manipulated. It is assumed that due to the absence of any
static cameras, the user has to keep the manipulated object
in focus of his field of view. This appears to be a reasonable constraint since humans usually follow their hand to
verify the manipulation consecutively especially when carrying out more complex tasks.
To realize action recognition based on these assumptions, the conceptual system architecture shown in Fig. 2
has been designed. Objects focused by the user are recognized by a module for view-based object segmentation and
recognition [6] (displayed shaded in Fig. 2), which however
is not subject to this paper in detail. Its functionality is to
provide a label and the bounding box of the object which
is used to initialize the visual Region Tracking module. As
the scene is perceived via the head-mounted camera only
the trajectory acquired by this visual tracking component
computes the relative motion Tr of the object with respect
to the user’s view. To obtain the absolute trajectory Ta it is
necessary to estimate the user’s or camera’s motion Tb , respectively. The responsible module for Background Motion
Estimation is detailed in section 2.2. The module Absolute
Trajectory Estimation computes the absolute trajectory Ta
by compensating Tb .

2.1

Visual Tracking

Action recognition in the presented approach is based on
trajectories of manipulated objects. To obtain this trajectories visual tracking techniques are applied. Several different
approaches can be found in literature, each having different
benefits and drawbacks [3]. For the task of online action
recognition, two different algorithm have been integrated

Figure 3. Frame It with absolute trajectory.
and evaluated that are able to perform in (soft) real-time.
Hyperplane Tracking The first realized tracking algorithm utilizing the approach of hyperplanes [5] (a templatebased technique) allows tracking according to different motion models. It can be designed to either track only translational object motions as well as more complex motion
model like affine or projective transformations. Basically,
this approach assumes the change of intensities I of a set of
pixels in the tracked region R to be explained by a transformation F at a given time t. In the training phase of the
algorithm a linear Transformation Ah which is independent
of t is estimated. This can be used to compute the motion
parameters

δTr = Ah I(F (R, Tr ), t) − I(F (R, Tr∗ ), t)
from the difference of pixel intensities. Tracking based on
this approach is fast and allows to track also rotating objects, but requires the tracked object to be textured and is
quite sensitive to occlusion.
Kernel-based Tracking To overcome the limited robustness of the Hyperplane Tracker, another approach which is
much more robust to occlusion and requires no time consuming training phase has been integrated. The kernelbased tracking proposed by Comaniciu et al. [2] uses color
histograms as features to compute the similarity between
the reference model and a candidate model. The mean shift
algorithm is applied for an iterative minimization of this distance by optimizing the motion parameters. The approach
is admittedly restricted to translational motion models, but
provides a very good tradeoff of high accuracy and robustness.

2.2

Background Motion Model

As mentioned before, computing the absolute trajectory
requires the estimation of the user’s motion to subtract it
from the relative trajectory obtained by the visual tracking
module. Various approaches for the estimation of threedimensional egomotion from image sequences are known
in the literature [13, 14]. We utilize an approach to track
the background according to an affine motion model of the
global image based on tracked patches [12, 16]. For each
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of these patches the affine motion estimation is computed
and Least Median of Squares (LMedS) regression [11] is applied to estimate the global background transformation Tb .
LMedS copes well with outliers and thus allows to compute the global image movement neglecting local deviations
caused by the performed action itself.
Figure 3 displays the estimated absolute trajectory of a
“pouring” action. Note that the complete trajectory is not
visible in the current frame It , but has been estimated using
the background motion model.

2.3. Activity Recognition
For the recognition of actions the fast and robust
Condensation-based Trajectory Recognition method (CTR)
described by Black and Jepson [1] is applied. This approach
is an extension of the Condensation algorithm by Isard and
Blake [7]. For details of the algorithm used and manipulations in context of objects refer to [4].
This Particle Filtering algorithm compares several models µi – each describing an action – with the observed feature vector Ta (t) using a sample set of size N . In this
notion, µi (φ) denotes the model feature vector at time step
φ = t − t0 . A model is propagated starting at t0 and
evolves over time. To cope with variance in the execution
of the action the model µi is scaled in time αi and amplitude ρi as shown in Fig. 4(a). The quality of the match
of such a scaled model – the sample n with its parameter
vector sn – and the measurement Ta (t) is expressed in a
(n)
weight πt (see Fig. 4(b)). The temporal characteristics
of an action is included by using the data in a time window
w of several previous steps.
Recognition of actions is performed by calculating the
end probability pend (µi ) for each model by summing up
(n)
the weights πt of all samples with a matching position in
the last 10% of the trajectory length. A model is recognized
when the threshold for the end probability pend (µi ) for
this model is reached. Hereby, an implicit rejection is given
as only complete actions are detected.
The characteristics of actions manipulating objects is the
movement of the object as well as its orientation. Depending on the features offered by the tracking algorithm the
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Figure 5. Absolute tracking errors.
CTR uses the velocity ∆x and ∆y of the object or its
rotation ∆γ additionally. The stochastic approach allows
robust and fast recognition even on noisy input data.

3. Evaluation
Evaluation of the system follows a two-face strategy. On
the one hand, the different tracking approaches have been
evaluated in terms of accuracy and robustness. On the other
hand, we conducted user studies in a natural scenario.
Absolute Tracking In order to evaluate the different
tracking modules we created synthetic image sequences
containing several patches of different objects that are
moved around on a background image at different speed in
a controlled manner. Additionally, the background image
is shifted randomly to simulate the user’s movement. By
means of this, ground-truth data is available to evaluate the
absolute trajectory estimation separately. Fig. 5 presents results of this quantitative evaluation study. Tracking errors
are measured in euclidian distance in pixel deviation for
each image (640x480 pixel) of the sequences and displayed
in ascending order in the diagram. It can be seen that both
trackers are quite accurate in most cases, but the hyperplane
tracker appears to be much less robust. As expected, for
allowing a more complex motion model (including rotation
and scaling) the price of reduced robustness has to be paid.
Bartender Assistant The recognition performance of the
classification system is evaluated as part of the integrated
system – the bartender assistant, described in more detail
in [15]. The system’s task is to instruct a user wearing
the AR gear to mix beverages. The intelligent assistant supervises the user and inform him or her in case of errors.
It thus has to classify the actions the user is performing.
For evaluation purposes, three different typical actions have
been chosen: “pouring”, “moving”, and “shaking”. For
the evaluation of the action classification sub-system all errors caused by other modules like, for instance faulty object recognition results have been neglected. The results
for the action recognition using the kernel-based tracker is
displayed in Table 1, those for the hyperplane tracker in
Table 2. For each action the total number of actions ‘n’,
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action
pour left
pour right
move left
move right
shake
sum
%

n
9
8
8
6
9
40

c
9
7
5
3
8
32
80.0

s
3
1
4
10.0

d
1
2
1
4
10.0

i
1
1
2.5

ER
0.0
25.0
37.5
50.0
11.1
25.0

action
pour left
pour right
move left
move right
shake
sum
%

n
9
8
8
6
31

c
9
7
7
4
26
83.8

s
2
2
6.4

d
1
1
2
6.4

i
1
1
2
6.4

ER
11.1
12.5
12.5
50.0
19.1

Table 1. Results using kernel-based tracker

Table 2. Results using hyperplane tracker

the correct recognized ones ‘c’, and substitutions ‘s’, deletions ‘d’, and insertions ‘i’ are listed. Based on these values the Error Rate ER = (s+d+i)
is calculated. Due to
n
the high velocity of the object and occlusion by the user’s
hand during the “shake” action, a robust tracking with the
hyperplane tracker could not be achieved (see Table 2). Using the kernel-based tracker causes problems in detecting
“move” actions and in distinguishing these from “pour” actions. Here, the rotation as additional feature reduces the
number of deletions and especially the number of substitutions, e.g, when a “pour left” action was detected instead of
“move left”. The training for the models was done on one
action per model performed by one user. The good recognition results applying only this small training set show the
good generalization ability of the system.
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4. Conclusion and Outlook
We presented an unique approach enabling a wearable
assistance system to recognize human actions from a headmounted camera. The evaluation proved the proposed combination of local visual object tracking and global camera
motion compensation to be appropriate for the classification
of actions using an enhanced condensation algorithm. Both
object tracking approaches yielded good recognition performance, but have different applicability constraints. Hyperplane tracking allows tracking according to more complex motion models, which on the one hand allowed better
discrimination of actions being quite similar in the translational motion. On the other hand, the algorithm was inapplicable for really fast motion and a high degree of occlusion
occurring for instance in “shake” actions. Thus, a future
extension of our system will be to combine both tracking
algorithms to stabilize the translational tracking, but also to
provide information about object rotations. The proposed
approach provides an avenue towards wearable assistance
system that help users in accomplishing everyday task.
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