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Abstract. The recognition of activities plays an important role as part
of the analysis of human behavior in video sequences. It is desirable that
monitoring systems may accomplish their task in conditions different to
the training ones. A novel method is proposed for activity recognition
on variable lighting. The method starts with an automatic segmentation
procedure to locate the person. It takes the advantage of Harris and
Harris-Laplace operators of capturing information in spite of extreme
changing lighting to locate corners along the human body. Corners are
followed through the images to generate a set of trajectories that rep-
resent the behavior of the human. The method shows its effectiveness
recognizing behaviors by a comparison procedure based on dynamic time
warping, and also working well with examples of activities under different
lighting.

1 Introduction

The analysis of human behavior has taken great importance in modern surveil-
lance systems, due to its application for video analysis, elderly care, video re-
trieval, among others.

In the last decade, the demand for systems capable of interpret human behav-
ior in video sequences and capable of operating correctly under variable lighting
conditions has been an unsolved challenge.

This capability depends directly on the performance of an algorithm to de-
termine the location of a person on the scene and to follow it through the next
images in the video sequence. This tracking information is not enough for deter-
mining what the person does at the place. If the algorithm can obtain consistent
information, we need after that a learning phase that defines how the informa-
tion will be represented, and how a model will be constructed to represent the
individuals’ activities, and in later steps to identify similar activities.

A big effort has been dedicated, and a lot of works have been proposed to
accomplish this work. Some of the methods involve to determine activities based
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in the human body’s form, principally based on silhouettes, to determine what
the person did at the place of analysis [15,8,1], or if the activity is normal or
not, [12,6]. These approaches do not work on scenes with variable lighting.

Other works like [16,2,5] are able to recognize activities according to the per-
son’s movements and consider gradual changes in environment lighting. However,
these approaches consider the tracked person as a whole region. As a consequence
of this simplification, they cannot distinguish activities where articulations as
individuals are involved. Considering both trends, our work can do the recogni-
tion of activities based on the human body articulations taking into account a
scene with variable illumination.

The method use local feature operators as a tool to segment and follow the
person inside a scene. From these operators, we calculate space-time information
derived from the tracking of interest points. After that the algorithm builds an
activity model using the tracked points in a compact form. We choose b-splines to
represent the trajectories over the scene. Once the models have been constructed,
the activities are evaluated with a test set of activity sequences taken in different
lighting conditions. The results show that the method can be used to recognize
activities in this kind of environments.

The organization of the paper is as follows. In the section 2, the method
of feature extraction and the segmentation used are described. In the section
3, we detail the representation of the trajectories obtained based on b-splines.
The generation of the model and how to recognize the activities are explained
in section 4. Experiments and results are presented in section 5, and conclusions
are exposed in section 6.

2 Feature extraction method

2.1 Features

Follow a person under changes of illumination in a scene represents a challenge
for tracking algorithms. In spite of this, there are algorithms that can be used
for this purpose. These approaches works by taking into account the spatial
information of the object of interest in an initialization step. Then, in subsequent
frames, the algorithms calculates the new object position in the scene using data
from the previous frame.

Finding out the location in the scene of the tracked person is not a hard
task if we need only to know where the person is situated [16,2]. However, if we
need to make an analysis based on the human body parts is essential not only
to know its position in the environment but also to determine the area that it
occupies in the scene with the purpose of obtaining information from different
parts of its body. With these data it is possible to make an analysis using the
pose of the person.

Taking into account the idea explained above,and knowing the complexity
involved to do this on variable lighting conditions. We perform an exhaustive
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evaluation of some interest points algorithms reported in the literature. We eval-
uate SIFT, Hessian-Laplace and Harris-Laplace algorithms under different de-
grees of illumination; the results have been showed in the table 1. According with
the results, we have proposed the use of Harris-Laplace detector [11] to obtain
a set of points located on several parts of the human body, and capture motion
information of these. This can be seen in figure 1. An analysis about the detec-
tor Harris-Laplace allows us to know that some corners have been removed by
the operator because they do not pass the selection criteria for multiples scales
—[11]— therefore there is information not considered that may be helpful. As
a result, to compensate this loss, we propose to use the original Harris detector
[7] for getting a greater number of points on the region of interest.

Five Activities

SIFT|Harris-Laplace|Hessian-Laplace
Morning|168.6 274.4 209.6
Evening| 34.8 175.4 53.6

Night |12.4 109.2 16.2

Table 1: Points number average calculated for each detector under three lighting
conditions.

Fig. 1: Example of Harris-Laplace points calculated with the proposed method.

2.2 Segmentation

For exploiting the robustness of the Harris points to extreme lighting, we use
them in the segmentation procedure to locate the person in scene. The method
starts by applying the detectors of Harris and Harris-Laplace on the first frame,
to obtain a set of points.

After that, we examine the behavior of this collection of points during the
next nine frames, with the purpose of finding regions with high movement.
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To do this, we work with tracking methods based on predictions capable of
operating with variable lighting. In this direction, the algorithm initially pro-
posed by Lucas and Kanade in [10], which was later fully developed by Tomasi
and Kanade in [14], is used as our tracking module.

It allows the tracking of multiple points in a sequence of images as shown in
[14]. There are several variants of the Kanade-Lukas-Tomasi tracker (KLT'), and
we use in this work its pyramidal implementation.

Once the points have been tracked, we need to determinate the regions of
interest. In this case we define a threshold « to identify zones with high motion.
During the frames, the algorithm accumulates the displacement calculated by
the KLT tracker for each point obtained in the initial stage. If the points dis-
placement is higher or equal to the threshold « after ten frames, then they are
considered in the next phase as moving objects in the scene.

Next, to situate the person on the scene and discriminate it of others objects
in movement, we employ the basic idea of the traditional segmentation methods.
We suppose a minimum size § of the person as a new threshold to eliminate
regions below it. After that, we can know where the person is. The general idea
of segmentation procedure can be seen in the figure 2.

Fig. 2: Example of the segmentation procedure. First row: Motion of the points
over the 1,3,5,7 frames. Second row: Points higher or equal to threshold « for
1,3,5,7 frames. Third row, left: Region of interest after ten frames (three rect-
angles box) and right: set of points higher or equal to threshold « after ten
frames.
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2.3 Tracking

Once the person position and size are determined, the next is to determine which
strategy is useful to capture the motion of the body of the person being tested.

On the same line, the KLT algorithm uses Harris points calculated at the
initial step to find the new location of these points on the next frames, after
a period of time. This results in a set of trajectories that are taken as motion
information of the human body parts. In this way, the trajectories can reflect
what the person performs in the scene. The behavior of the points along the
sequences is depicted in figure 3.

3D View 2D View

o " 200 400 500
X

Fig. 3: Example of Harris points trajectories in the “Walk” activity. Left: spatio-
temporal view for tracked points with KLT algorithm, and right: 2D projection
to x and y components for tracked points.

Notice that the number of trajectories obtained from this approach may
contain redundant information of different areas of the body. For this reason, we
established three major regions of analysis on the size of the person, top, middle
and bottom. These regions are defined at the beginning of the algorithm.

Defined the three regions, we need to determine the points that are within
the limits of these to create three sets of points, Top = {Pi,..., Pr}, Middle =
{Pr+1,..., Py} and Bottom = {Ppr+1,...,Py}. Where N is the total of Harris
points calculated when the algorithm starts.

Subsequently, the algorithm creates a central point. It can be viewed like an
average of all points in each one of the sets, according to each new prediction of
the tracking algorithm until the time 7" in which the activity ends. It is calculated
through the following expressions:

L
topCP (s, ye) = ( max . ;w/L) (1)
M
middleCP(eoy) = ( max  z, S /(M - L) 2)

i=L+1,...,.M
i=L+1
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N
bottomC P (xy,y:) = (Z_:Mnﬁx T Z yi/(N — M)) (3)
i=M+1

Note that in the expressions (1,2,3). ¢ = 1,...,T, the position z; is the
coordinate farther in the z axis. This is the direction in which the person is
moving. This is done to preserve as much detail in the trajectory generation as
possible. The y; position is the simple average of the y-coordinates of the points
within each set.

Once a sequence of T frames was analyzed, we obtain three resulting curves
that encode the trajectories generated by the tracking algorithm to this instant,
see figure 4. In this way, the information of the different parts of the body can
be processed. Based on this information we can determine the activity that the
person is carrying on.
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Fig. 4: Example of the central points for “Walk” activity after T"= 100 frames.
Left: spatio-temporal view for tracked points with KLT algorithm, and right: 2D
projection to x and y components for tracked points.

3 Representation of trajectories

As shown in figure 4 there are variations in the resulting paths due to errors in
the predictions of the tracking algorithm as a consequence of changes in lighting.
Therefore, in order to have consistent information and somehow eliminating
these variations in the curves produced, we propose the use of uniform cubic b-
spline curves [3]. In this way we can generate a compact model based on curves,
avoiding the storing of all information corresponding to the trajectories.

According to its definition, a b-spline can approximate and smooth a col-
lection of points with the combination of a set of size P of basic polynomial
functions and a collection of size P of coefficients. The b-spline provides an
adjustment for the original curves.

In our study, each of the curves is parameterize by time. The algorithm
generates a b-spline for all X components with respect to ¢ and a b-spline for
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Y with respect to t. At the end, the information is combined to generate the
resulting curve that encodes the trajectory of each of the zones established for
the analysis. As an uniform b-spline is used, we need a knot vector -[3]- evenly
distributed to make the adjustment.

The procedure can be summarized as follows: The central points of each
area identified -top, middle and lower- are stored in the curves TopCurve,
MiddleCurve and BottomCurve, respectively.

Each of these curves is then approximated and smoothed with b-spline, as
previously established. In this way models are built for the top, middle and
bottom zones of the person for each of the activities by eliminating the effects
of different lighting conditions on the scene. The resulting curves can be seen in
figure 5a.

Once patterns of activity are generated and the effects of lighting changes
are eliminated, see figure 5, we must define how a new activity will be identified
with respect to the activities stored.

4 Recognition of activities

Each activity consists of a set of three curves, resulting from the approximation
to b-spline of the components X y Y of each curve. Due to the nature of the
people’s activities, an activity can be re-executed at diverse speeds either by
the same person or by a different person. Therefore we must use a method that
allows us to compare the shape of two curves which have different proportions.
It should determine a degree of similarity between them. In this case, we use the
dynamic time warping algorithm (DTW) [13] to do this comparison.

The DTW was developed for comparing two time series of different lengths
and find out the similarity grade between them [13]. This technique is widely used
in mathematical field [4,9]. Using these algorithms is possible to find similarities
between signatures and person activities based on sensors.

It is worth to mention that it is necessary to follow the same procedure that
was used for the generation of the stored models in the moment of the comparison
of an unknown activity with the stored activities models. This means that we
need to generate a model with three curves that represents the new behavior.
For a better adjustment in the comparison step, the models and the activities
to be evaluated are moved to one common point that we will call origin.

Then, we compare one by one the curves corresponding to each zone of the
person. We compare the top curve of the activity that we attempt to recognize
with each of the top curves of the activities that were stored as models using
DTW. With this action, we obtain a degree of similarity between them. The
procedure is the same for middle and lower curves.

At the end of comparison of the zones, the recognized activity will be the
activity with the highest fit, i.e., activity with the highest average measure of
similarity of the three zones. Thus the method can recognize activities through
DTW as a measure of similarity between the models.
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Fig.5: Activity models generated by the b-splines curves. For each image, the
left side shows the spatio-temporal view for b-spline curves, and right side shows
the 2D projection to x, y axis for each b-spline curve.
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5 Experiments and results

This section details the experiments performed to test the proposed method.
In our case, five people were employed with different anatomy and clothing as
objects of study. Five basic activities were carried on in a static background
and a fixed camera with front sight to the scene and three different lighting
changes to test the method were tagged as, Morning, Evening and Night, as can
be seen in figure 6. Finally, every single person reproduced the five activities
under different lighting conditions to generate a total of 15 analysis sequences
for each of the activities.

(a) Walk (b) Crouch (c) Fall (d) Sitting Side- (e) Sitting Front
ways

(f) Walk (g) Crouch (i) Sitting Side- (j) Sitting Front
ways

(k) Walk (1) Crouch (m) Fall (n) Sitting Side- (o) Sitting Front
ways

Fig. 6: Examples of sequences used to test the proposed method. First row: Morn-
ing. Second row: Evening. Third row: Night.

The training phase was done using the morning sequence, and the model base
was generated by showing a single sequence of each activity. The method was
tested using 75 sequences of activities that included sequences of the morning,
evening and night. The thresholds considered in this phase are o = 50 pizels
and B = 45,000 pizels? (150 pizels X 300 pizels).

For the generation of models, interpolations and smoothing by b-spline were
made with a knot vector uniformly distributed according to the interval in which
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each curve was evaluated. We used 10 control points and therefore, 10 basic
functions, and 10 coefficients were used to adjust the curves that were analyzed.

For the purpose of comparison we use other approach. A human operator
localize and establish the area of the person manually in the beginning of the
method.

The results of the proposed method are summarized in the confusion matrix
in table 2. The results of the method assisted by a human operator are concen-
trated in the confusion matrix in table 3, both results show the average score of
repeating the experiment five times.

At the end a recognition rate of 88% in average was reached for all activities
for the proposed method in comparison with a recognition rate of 89.33% for
the manual method.

Walk|Crouch|Fall|SF|SS
Walk | 15
Crouch 14 1
Fall 1 14
SF 141
SS 5 119

Table 2: Confusion matrix with the results from the recognition of activities
using the automatic proposed method.

Walk|Crouch|Fall|SF|SS
Walk | 15
Crouch 14 1
Fall 1 14
SF 14| 1
SS 3 2110

Table 3: Confusion matrix with the results from the recognition of activities
using the method assisted by a human operator.

6 Discussion

The percentage of correct classification of the results presented in table 2 may
seem low compared with other approaches reported in the literature. However,
the proposed method is evaluated in a scenario with different levels of illumi-
nation. Furthermore, compared to other jobs with uncontrolled lighting, this
project, in very similar activities such as “Crouch” and “Sit”, had good results.
But, the activity “Sitting sideways” was confused with the activities of “Crouch”
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and “Sitting front” because sometimes it was impossible to obtain a set of curves
to make a clearer distinction between activities. By contrast, in “Walk” activ-
ity, the method has no problems extracting the curves to make the distinction
between “Walk” and other activities. Comparing the method proposed with the
manual approach, even though we get a better percentage in the correct classifi-
cation with the human assisted method, the results show that only one example
correctly classified in the “Sitting Sideways” activity makes the difference.

7 Conclusions

The proposed method is useful for recognition of activities under different light-
ing conditions, using a simple technique for comparison.

The procedure in the same way, gives evidence that Harris operator can
locate important body parts for the analysis of behavior, in our case, the head,
torso, legs and feet, and these features can be detected even though there is a
change in lighting conditions. The algorithm is also able to recognize activities
based on the human body that are similar and can be easily confused between
them.

As future work, we plan to test the method performance with abrupt changes
in lighting when the activities are performed in outdoor scenarios.
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