Target Tracking a Non-Linear Target Path
Using Kalman Predictive Algorithm

Abstract

Some forms of motion are measured using passive reflective markers attached to points of interest during
motion capture. Analysis of the motion with quantitative feedback is desired as soon as possible. The goal
of this paper is to present an algorithmic approach that may provide this motion path analysis in real-time.
Some of the problems encountered with real-time analysis are: (a) The ability to calculate target centroid
data in real-time. (b) The ability to estimate a marker/target position even while occluded. (c) The ability
to properly discriminate the markers during the full range of motion. In other words, the goal is to keep the
initial target assignments, whether they are target 1, target 2, or target 3, and so on throughout the range of
motion.

This paper uses a centroid algorithm that calculates the centroid data, making only one pass through the
video picture. Assuming very little knowledge of any of the path motions, and that paths will be non-linear
in their motion, two motion models of the Kalman filter are presented in order to create the ability to track
and estimate target paths so that occluded targets are properly tracked. A use of the Kalman filter output
and the Maximum Likelihood Estimation (MLE) algorithm are presented as a means to maintain proper
target discrimination. The results of this paper are that the marker/target centroid data can be calculated
with one pass through the data. The Kalman filter noisy acceleration model presents the most optimal
solution for target path tracking with the human motion trials analyzed. The Kalman filter, combined with
the MLE algorithm, presents a solution to track both occluded markers and properly discriminate the
markers throughout the range of analyzed motion. Our research lays a foundation for implementing a
real-time target path tracking and discrimination for many application areas for track target movements.

Introduction

The focus of the paper is to provide a robust solution of predicting the path of passive trackers even if the
trackers are occluded for example in the study of human movement or activity by video-based analysis.
Some techniques use active markers (optic based or RF based, etc.) placed on segments of interest. Others
use either passive techniques, such as filming the motion and manually digitizing points of interest, or a
more automatic passive means such as passive markers placed on segments of interest where a computer
finds the markers of interest. Of these, one of the more popular methods is to attach passive reflective
markers to the area that is the subject of the movement of study. This is the technique that this paper is
written to, with the intent being to enhance the ability to capture and display information that is desired by
the measurement system. The markers used in these particular methods reflect the light that is shined upon
the field of motion area and show up in the video as high intensity marks, or targets of interest, such as
shoulder, knee, etc. The motion being analyzed is then captured on video. Each video frame in the
sequence is analyzed to determine the center of mass for each target by either some manual method, or
some signal processing means. Then the target locations are tracked so that some empirical data can be
reported based on the movements of the tracked positions. These techniques are computationally time
consuming and require the data to be post processed.

For example, consider an analysis of a person’s golf swing. Markers are placed on the points of interest
such as: Head of golf club; Midway point of golf club; Hand hold of golf club; Shoulders of golfer; and
Head of golfer. As the golfer takes a swing, the target markers are shown on the video and tracked, and the
motion is analyzed, and empirical data is generated, such as head position during this movement or speed
of golf club head. Multiple cameras might be desirable when the motion of interest is complex and the
markers attached to the points of interest move in a very non-linear path. Often the target will also become
occluded, or the target may move in a curvature path.

This paper investigates a method to calculate a target centroid in one algorithm pass through the video
frame and to create a method based on Kalman filtering that can be used to track targets through a video



sequence. The problem to be solved is that of target discrimination. This is the ability to assign a target to
a particular segment of movement, such as the right shoulder, and always be able to identify the path of this
target even while other targets may cross this path, or in the event that this target may be hidden for a short
period. Target tracking presents the most difficult problem. The targets may undergo acceleration and
deceleration, their paths may be nonlinear (possibly circular), and they might cross paths with other targets.
Many times the tracking algorithm will have no feedback on target locations for short intervals, since some
targets may be occluded for several frames of the video sequence. Much of the work in predictive-path
analysis using Kalman filter techniques has been written assuming a more linear trajectory, such as ballistic
or aircraft target tracking. Maneuvering target prediction is a more complicated area of study and several
approaches have been written about [1][2][3]. But it is the effort of this paper to present a multi—target
discrimination technique that can be used in the biomechanical motion studies. Three main areas of
development that will be addressed in this paper are: centroid calculation, Kalman filtering, and target
discrimination. These are described below.

Centroid Calculation

Since this analysis is based on video, the ability to calculate target centroids within software becomes
computationally intensive. Normally it will take several passes through the two dimensional (2-D) video
picture for an algorithm to find a centroid value. Most of the current approaches might use a 3x3
convolution pass for edge detection, or some other type of algorithm. At a normal National Television
System Committee (NTSC) composite video frame rate of 30 Hz, there exist 30 frames, or pictures, of
video data in which there may be multiple targets for every second of video. This quickly becomes a time-
consuming operation with the standard 2-D approaches. This paper presents an algorithm for going
through the video in one iteration, and having the centroid data immediately available, which significantly
reduces the processing time.

Kalman Filtering

This is the filtering scheme that will be used to predict the next state of the motion model used. The
approach taken is to use a third-order kinematic equation to see if an accurate state prediction can provide a
suitable solution to the motion of various targets encountered in these human motion studies.

Target Discrimination

This is the ability to assign a target to a particular segment of movement, such as the right shoulder, and
always be able to identify the path of this target even while other targets may cross this path, or in the event
that this target may be hidden for a short period. The targets undergo positive and negative accelerations,
their paths are nonlinear (possibly circular), and they will cross paths with other targets. The approach for
this paper is to be able to correctly discriminate up to nine targets, even when they cross other target paths,
or become occluded.

The Kalman filters used in this paper are tested on actual trial data captured by motion measurement
software. The company Vicon/Peak [4] offered the following three trials for use in this paper. Figure 1
shows the Walking trial; Figure 2 is the jumping tria. Trial 3 provides more complicated data as shown in
Fig. 3, there are three markers attached to a hand-held wand. The wand is being waved in a random
manner around and back and forth.

The Centroid Algorithm

The first step in performing this tracking work is to locate all of the markers in a video frame that will later
be associated as targets. Then the targets will be assigned a position in order to track and predict the path.
Color images (Figure 4) are converted to binary, scanned from top to bottom (Figure 5) and then



thresholded (Figure 8) to provide good results. The target locations are obtained using centroid block
diagram (Figure 7).

Figure 1 (left): Simple walking example. Figure 2 (middle) Horizontal jump trial. Figure 3 (right)
Wand trial.

Figure 2: Sample video picture used.
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Figure 3: Scanning scheme.

Figure 4: Color and gray-scale image.
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Figure 5: Centroid block diagram.

The centroid algorithm is block diagrammed in Fig. 7 and will be explained in subsequent sections. After a
gray-scale image has gone through a threshold filter (Figure 8) it will have the properties as shown in Fig.
8. Note that the only pixels that exist with a intensity value above the black, or zero, background are the
markers of interest.

Figure 6: Threshold image.

Once a target threshold is exceeded, its address location is stored in a buffer memory. The address simply
comprises two counters: one for X (column), one for y (row), which are incremented as the pixels are
scanned. For example, the addressing scheme is shown in Fig. 9. The addresses that contain all the target
pixels are (3,2), (4,2), (3,3), (4,3)
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Figure 7: Addressing scheme

. Once a target pixel has exceeded a threshold, that address location is saved to a target buffer. The buffer
will add all consecutive pixels that exceed threshold and it will also add the number of pixels that make up
the target, see next section for description of centroid calculation. In the horizontal scan, as long as each
consecutive pixel is above the threshold, the buffer will continue to sum the pixel data. As soon as a pixel
is reached that does not exceed threshold, the summation is ceased and the left side X (horizontal) address
and right side y (vertical) address are used as thresholds that are used for the next scanned row. When the
next consecutive row is being scanned, if any pixel exceeds the threshold value and exists between the left
and right address locations, then these pixels are summed into the previous target data. At this point, once
a target is deemed completed, the summation data is sent to the logic control and calculation block. The
centroid is calculated using equation (1).
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For the example shown in Fig. 10, using the algorithm as described above, the pixel location at (2,3) will
not be acquired in the target data. Using a technique that can join two targets together to form one target
solves this particular error. In the above sample target, once the pixel data at (2,3) is reached, it does not
fall into the search parameters of the target row 2 above it, and so a second target is created; but once the
next pixel at (3,3) is reached, it now falls into both targets, the summation data from these two separate
targets are joined together, and one of the target buffers is erased.

This algorithm, by design, is capable of discriminating targets up to one pixel separation in both the
horizontal and vertical directions. Due to shuttering or smearing, there exist several pixels at the target
edges that may or may not meet the threshold value. These are pixels that border on the edge of the target.
In most cases the target edges dropping in and out present very little error if the number of target pixels is
large. If the number of pixels is small, then the error contribution to the calculated centroid data is larger.
In order to create a measurement error for use in the Kalman filter, we analyzed this further as below.



Viewing Fig. 15, the centroid is calculated to be (3.5, 4). However, if the two pixels shown in blue were
missing due to simply being under the threshold value, then the centroid would still be (3.5, 4). If just the
two pixels shown in red were missing, the centroid would be (3.64, 4.21).
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Figure 8: Sample target
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Figure 9: A 16 pixel target size.
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Figure 10: An 8 pixel target size

Viewing Fig. 16 above, with all pixels shown, shows that the centroid is (3.5, 3). With the red pixels
missing, the centroid is now (3.8, 3.17). With a smaller number of pixels, the error may be greater in
calculating the centroid; however, the error is not on the scale of a whole pixel but on the order of tenths of
a pixel. The threshold value was chosen to keep the number of pixels close to a mean of 18-22 pixels in
size per target. In tracking the targets within the image field and not in “real” dimension space, the error
contribution of the image sensor is on the sub-pixel level as well; therefore, the error contribution chosen
for the Kalman measurement error was chosen to be +0.5 pixels, which should be more than an adequate
model of the possible error contribution due to both the centroid algorithm and the camera imaging errors.



The Kalman Filter

The Kalman filter is introduced as the estimator used to estimate the position of the targets being tracked.
A discussion of the state-space model form used to model the differential equation for motion is given. The
operation of the five step recursive Kalman filter is explained. The acceleration and jerk models used to
model the target motions of the system are described. The time step update variable is discussed and a
derivation of the standard deviation of movement noise is described. The operation and performance of the
Kalman filter is shown on the walking, jumping and wand trials. The Kalman filter, introduced by R.E.
Kalman as a solution to predictive problems [5], is used to estimate the target position in this paper. The
Kalman filter is a predictive algorithm based on a linear quadratic estimation problem, which is used to
estimate the instantaneous state of a linear dynamic system [6]. The state X(t,) of a system at time t, is the
information at t, that, together with the input u(t), for t > t,, determines uniquely the output y(t) for all t>t,
[7]. Because the state of a system is being estimated the model for the system will be a state-space model.
A state-space model is simply a representation of a differential equation, and can be shown in the following
example for a simple first order differential equation. Equation (2) below, is a first order kinematic
equation of motion stating that the X position of a particle at the next sample of time, k+1, is the previous
location plus the velocity times the time increment:

Xeo = X +TXy (2)

X, = Velocity

This may be represented as a state-space, or state equation, model the following form as follows:

X1 LT X
= . ©)
Xk+1 0 1 Xk
. T . X«
In this example 0 1 represents the system matrix. The vector | = | represents the state vector of the
X«
X
model, and vector .kH is the state vector being estimated at the next sample time.
Xk+1

In this paper, the targets being tracked could follow a nonlinear path. In other words, the trajectory and
velocities cannot be assumed to be linear or constant. However, because the motion can be modeled by the
second- and third-order kinematic linear equations, described in more detail later, the model is represented
as a linear equation. Expanding on the state-space model, the Kalman filter is based on the estimation of the
state by using the state and the variance of the state; or in other words, how much the state is expected to
change. By viewing a simple one-dimensional model of constant velocity target motion, the components of
the Kalman filter will be shown.

Equation (2) represents a simple constant velocity model. However, in most tracking scenarios the target
undergoes varying velocity, which is manifested as an acceleration component. Equation (4) represents a
tracking target undergoing a change in velocity, which in this case is modeled as a noise input.

2 2
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Xio = X +TX, +U,, 4)



= Velocity, X, = Acceleration

In this paper, a random motion is assumed in which the noise U, ~ N(0,0.). N denotes a Gaussian

random variable of mean 0 and variance J\f,. Putting equation (3) into state space form results in the

following equation:

Pt = AP + Bu,,
s, =Cp, + Du, ®)

Because the variables X and y are being used for target locations, the variable p is used to denote the state
variables, and s is used to denote the measured position; see Sections 4.5.1 and 4.5.2. The term U, , which

is defined as U, ~ N (0, O'v2 ), is used to denote measurement noise, or in other words the degree to which

Vv
the measurement is unknown. Therefore, Eq. (5) represents a state equation for a simple one-dimensional
noisy acceleration model of target motion. It is this model that the Kalman filter will build upon. The
covariance of the state error is calculated and is represented by X, . It is also further defined, that in order
for the Kalman filter to be optimum, the Gaussian movement noise and the Gaussian measurement noise
must be uncorrelated. It is through recursive operations that the Kalman filter becomes an optimum
solution to the prediction of the next step. The Kalman filter becomes optimum because it minimizes the
expected squared-error of the state, which is the uncertainty of the state. It operates by calculating a new
gain, (K), at each measurement update state [8][9] and does not rely on one constant gain as in a
steady-state system. The Kalman filter’s calculations correspond to either a movement or measurement
update, as shown in Table 1 [10]. Table 1 shows the steps in implementing the Kalman filter [11] and the

order in which they are calculated in this paper. The terms X, and Zg are used to denote the covariance

of the state error before the measurement update, (X, ), and after the measurement update, (Z: ). Steps 1-

5 are processed recursively throughout the target tracking trial.

There exist several different models for estimating the movement of the target being estimated. References
[12], [13], [14], [15] and [16] provide excellent sources of examining the different motion models. The
model in this paper uses the basic kinematics of motion model. Two models as discussed below, were
chosen.

This model simply uses noise as the acceleration component driving the movement. The two-dimensional
noisy acceleration state space model is given in Eq. (11) below.
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Equation (11) is the two-dimensional state-space representation of the second-order motion Eq. (12).

T2
Xeo = X +TX +E X, (7

Table 1: Kalman filter steps

. >.C’
Measurement Update 1. Compute the Kalman gain. K= 5 (8)
CZ.C +o
Measurement Update 2. Update the error covariance. . =(1-KC)x, 9)
Measurement Update 3. Update estimate with the B. = B +K(P-CP)  (10)

measurement p.

Movement Update 4. Project the error covariance ahead. | X = AX' AT + o7 (11)

Movement Update 5. Project the state ahead. p-=Ap” (12)




Table 2 provides a definition of the symbolic terms used in this paper.

Table 2: Kalman filter terms

Terms Definition
A The movement state matrix of the targets. How the targets will move from one state
to the next.
B The noise matrix state of the input noise. This determines in what manner the noise
will affect the target position.
C The measured position matrix, which of the position matrix states are measured.
Uy The Gaussian movement noise input.
o The standard deviation of the movement noise.
w
o2 The covariance of the movement noise.
w
Uy The Gaussian measurement noise.
o The standard deviation of the measurement noise.
\
o2 The covariance of the measurement noise.
e
p The variables of the state position estimate.
u . .
p=[p,,Py,> Py, Py, | for the noisy acceleration model.
T .
pP=[py,Py,> Py s Py, > Pa, P, ] for noisy jerk model.
pxk = horizontal target position, pyk = vertical target position,
P, = horizontal velocity, P, = vertical velocity,
Xk Yk
P, = horizontal acceleration, P, = vertical acceleration
Xk Yk
p The only measured output is the X (for 1-dimensional) and y (for 2-dimensional)
position of the target
S The measured position output matrix.
Noisy Jerk Model

This model is using the change of acceleration, or jerk, as the component driving the motion. The two-
dimensional noisy jerk state space model is given in Eq. (13).
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P, | |00 0 0 0 1| Pa, 0 T
- - _ _ - - N (13)
Py,
pyk
S| [1 0 0 0 0 OfP,
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This equation is derived from the third-order motion Eq (14).
2 3
Xe =X +TX, +— X +T—x (14)
k+1 k k 2 k 6 k

The terms of the above equations are:
X, = target X (horizontal) position, X, = X (horizontal) velocity, X, = x (horizontal) acceleration,

X, = x (horizontal) jerk

Using the above models and the covariance of the movement noise G\f, X |, where | denotes the identity
matrix, and measurement noise (75 X 1, the Kalman filter has all the requirements to implement a recursive

solution. The first equation in the Kalman equation (6) depends on an initial covariance estimate X, . This

initial estimate is assigned a small value, because there is no knowledge of the actual uncertainty of the first
estimate. In this paper the value selected is 1.0 times the identity matrix, meaning that the uncertainty of
the first target assignment is one pixel. The next equation that requires an initial estimate is Eq. (8). The
initial estimate of the position is assigned the initial measured value. With these two values defined, the
Kalman filter can then be implemented. Another point of discussion is the value of the sampling interval
(T) used in the algorithm. The algorithm uses T = 1, even though the video frame rate being examined is 30
frames/second, or sample time = 33.3 ms. In this case, the targets are being tracked and estimated within
the pixel field of the sensor plane, meaning that the pixel location is what is being used to track the targets.
With this relative pixel position, the sample time can simply be normalized to a period of 1. It does not
change the performance of the tracking, except that it may alleviate the possibility of some round-off errors
that might exist as the Kalman equations are used, and perhaps make real-time implementation more
feasible since many numerical multiplies are reduced to a multiply by 1.

If the prediction tracking was done in “real” space, or in other words, if the estimation and location
calculations were being performed based on the field of motion distances, then the sample time of 33.3ms
would have to be used for this calculation to be correct. As an example, if a target is being tracked and it
moved 22 pixels to the right, using a value of T = 1 would track and calculate an estimate of that target to



be approximately 22 pixels to the right. If, however, that same 22 pixel movement was in reality 10 feet, in
the motion space, to the right in the actual motion space, in order for the estimation to correctly
approximate a movement of 10 feet the actual sample time would have to be used in order to show an
estimate of 10 feet. However, in most cases all that is desired is to accurately track in the sensor plane,
which in this case is the pixel space. This means that in most cases the time (T) can be normalized to 1.

It thus depends on the desired output of the model. If actual distances are not of concern at the output, but
rather the ability to track and discriminate a target in a field of view, the sample time T can be normalized
to 1. If the actual output distances of and rate of travel distances of the target need to be known, then the
actual sample time may be used. In both cases the Kalman filter and discrimination algorithms work just
the same.

Selection of Movement-Noise Covariance Matrix

An estimate of the standard deviation of the movement noise could be selected by recursively selecting a
value and measuring the error. Based on this experimental approach, an appropriate estimate as to this
value may be derived. This paper chooses a few targets and the standard deviation of both the horizontal
and vertical accelerations and jerk were calculated in order to get more of an empirical starting point for the
selection of the movement standard deviation. A single target was chosen from each of the three trials:
walking (Fig. 17), jumping (Fig. 19), and wand trial (Fig. 21). This was performed in order to assign an
initial estimate as to the noise expectation driving the motion. Because two models are being utilized, one
is driven by a Gaussian “acceleration” component, and the other is driven by a Gaussian “jerk” component.
The velocity, acceleration and jerk output plots of these models are shown in the Figs. 18, 20 and 22. Table
3 contains the measured data of the three components, velocity, acceleration, and jerk for the single
selected target within each of the three trials.
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Figure 11: First target trajectory plot of walking trial
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Figure 12: x and y velocity, acceleration, and jerk plots
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Table 3 shows the measured data from these graphs.
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Figure 16: x and y velocity, acceleration, and jerk plots

Table 3: Dynamic Parameter Data

Horizontal data

Vertical data

Mean Velocity 3.7667 pixels/time -0.0167 pixels/time
o, 1.1503 pixels 0.5769 pixels
) ) Mean Acceleration 0.2031 pixels/time’ 0.0019 pixels/time’
Walking trial . 0.9014 pixels 0.4339 pixels
Mean Jerk 0.1528 pixels/time’ 0.0261 pixels/time’
o 1.0840 pixels 0.7851 pixels
Mean Velocity 3.5231 pixels/time 2.2305 pixels/time
o, 2.1128 pixels 5.1589 pixels
) ) Mean Acceleration 0.0972 pixels/time” -0.3568 pixels/time”
Jumping trial o, 0.5334 pixels 0.5139 pixels
Mean Jerk -0.0033 pixels/time’ -0.0398 pixels/time’
o 0.8424 pixels 0.6437 pixels
Wand trial Mean Velocity -1.9963 pixels/time -0.8100 pixels/time
o, 11.1543 pixels 11.6927 pixels
Mean Acceleration 0.9538 pixels/time” -0.6066 pixels/time”
o, 1.2290 pixels 2.5838 pixels
Mean Jerk -0.0249 pixels/time’ 0.0814 pixels/time’




Table 3: Dynamic Parameter Data

Horizontal data Vertical data

o 0.6116 pixels 0.9709 pixels

Using this data as a starting point, the initial o, for the noisy acceleration model was chosen from the

horizontal walking trial to be 0.90. The walking trial represents the medium value between the three trials
and the horizontal value is the greater of the two values and therefore the initial starting value is 0.90. The
starting standard deviation for the noisy jerk model was also chosen in the same manner and was selected
as 0.85 from the Jumping trial.

Operation of the Kalman Filter

The Kalman filter noisy acceleration state—space model, Eq. (11), operations for all three trials are shown in
Figs. 23-25. The error was calculated by measuring the vector distance from the measured position to the
estimated position. Equation (15) gives the algorithm used:

CITO i tance = \/(X - )?)2 + (y - 9)2 (15)

This is performed for every target within every video frame. Note how well the estimation of the target is
tracking the true target trajectory. Each target that is being tracked has a Kalman filter buffer assigned to it.
What this means is that there is a Kalman calculation performed on every target that exists. The second
plot within each figure shows the actual tracked target motion within each trial. The true, or measured
target is shown as a blue circle, and the predicted, or Kalman estimated position is shown as a red asterisk.
Note how well the prediction follows the measured value. Further empirical analysis is examined in
subsequent sections. The Kalman filter noisy jerk model, Eq. (13), operation for all three trials is shown

below in Figs. 26-28. The o, for the noisy acceleration and noisy jerk model, were iteratively chosen to
present the best results as far as error is concerned. However, due to the fact that these models operate in a
manner that the measurement is “trusted;” in other words, the o', may be quite large but will correct to the
measured data; this leads to the fact that although the &, may be quite large, it will correct to the
measurement after the first few iterations. If the measurement noise were made greater, a larger value for
o,, would have a greater effect. In fact using o, = 0.900, and o, = 0.0833

0.7976 0 0.8447 0 0.0754 0 0.0799 0
0 0.7976 0 0.8447 s 0 0.0754 0 0.0799

X, = > e
0.8447 0 1.1698 0 0.0799 0 0.3598 0
0 0.8447 0 1.1698 0 0.0799 0 0.3598

If o, =329,




4.6874 0 7.1860 0 0.0819 0 0.1255 0

s _ 0  4.6874 0 7.1860 i 0 00819 0  0.1255
© 71860 0 12.4725 0 |7 ]0.1255 0 1.6484 0
0  7.1860 0 12.4725 0 0.1255 0  1.6484

This shows that the correction covariance Z: is quickly corrected in the measurement update by the

Kalman gain, which is calculated using 2, . The Kalman filter implementation explained in this section

utilizes some data that is generated from the discrimination algorithm for its measurement update. The
discrimination algorithm is described in greater detail in the next section.

The Kalman filter is used as the optimal estimation algorithm in this paper in order to predict the trajectory
path of the targets being measured or tracked. The state-space representation of the second- and third-order
kinematic model is utilized as the linear equation to model the non-linear trajectory of the targets.
Operation of the Kalman filter occurs in five recursive steps, which involve calculating the optimum gain,
state and state covariance of the current step and propagating to the next time step. The first target model
chosen to model the trajectory/movement of the targets is a second-order differential model of motion
called the noisy-acceleration model, which models the driving input as a Gaussian acceleration noise. The
second model is a third-order differential model of motion called the noisy-jerk model, which models the
driving input as a Gaussian jerk noise. The sample time of 33.3ms can be normalized to 1. The selection

of o, was empirically derived so that a reasonable starting value can be selected. Operation of the two

models was shown, as well as the very good prediction performance from the Kalman filter in both models.
The best results were achieved by using the noisy-acceleration model.

Target Discrimination

Target discrimination is the ability to assign a target to a particular segment of movement, such as the
right shoulder, and always be able to identify the path of this target even while other targets may cross
this path, or if it is hidden for a short period. This presents the most difficult problem in tracking the
target. These targets, as mentioned above, undergo positive and negative accelerations; their paths are
non-linear, they may be circular, and they might cross paths with other targets. Many times a target
may become obscured and the true target position data may be unavailable for several video frames
until the targets become distinguishable again. Much of the work in predictive path analysis using
Kalman filter techniques has been written assuming a linear trajectory, such as ballistic or aircraft
target tracking [17]. Maneuvering target prediction is a more complicated area of study and several
approaches have been documented, but they provide tradeoffs based on target dynamics. In other
words, they work well if the type of movement is known beforehand. However, in the area of
biomechanical studies presented here, each target may undergo a wide variety of positional maneuvers.

The approach used in this paper to assigning an estimated target position to a measured target position
with discrimination between the targets is based on the maximum likelihood estimation (MLE)
algorithm. As is shown in Eq. (8), the estimate of the state, the update requires that a target position
already be assigned to this estimated position in order to correct the estimate. It is necessary that the
target discrimination already be assigned to this position estimate before this step can be performed.
The result is that the estimated target position for the next picture is assigned to a target before the
update of the position estimate. The target discrimination step is taken right before the Kalman filter
equations, except for the first picture, in which the targets are first being assigned. This means that the

propagation estimates, P~ and 2, are used for determining which estimated target is assigned to a

measured target for the next picture, P ., .
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Figure 17: Acceleration walking trial - Error plot and trajectory plot
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Maximum Likelihood Estimation

The method of target discrimination is based on performing a two-dimensional maximum likelihood
estimation on all the measured target positions and estimated positions, and then choosing the
maximum likelihood of an estimated target to be assigned to a measured target position. To illustrate,
Fig. 29 shows a hypothetical scenario where the measured target values are known and the assignment
of the estimated target position is described. In this scenario the two ® symbols represent a position in
one frame in time t, and the next time, t+1, is where the two O and x symbols which represent
measured and estimated positions.

As an example, see Fig. 29. In this example, there exist two targets with the trajectory as shown'.
Note that the estimates for the next two positions of target #1 and #2 (X, and X;) are both adjacent to
measured target #1 (O;). The question to answer is: Which estimate will be assigned to target #1 and

target #2? If a simple radius measure is used such as I_,, = \/ (f)x - le)z +(f)y - pyl)z , and

Nn,= \/(fJX - px2)2 +(f)y - pyz)2 , it is clear to see, in this example, that both x; and %, are the

same distance from Oy; so the question is still, “which one should be assigned to the measured target

0,2’

1

2 ®,

3

4 4 ®,
5 x| Oy | o
6 x, ¥

7 O,

8

9

O = Measured target
x = Estimated target position
® = target and estimate same location

Figure 23: Discrimination example

The approach taken in this paper is to use the MLE algorithm given as [17] [18]:

likelihood = ((p-07 5,) " (p-0)12)

1
e

Equation 16 calculates the likelihood of each prediction/target pair. Then the pairing with maximum
likelihood is chosen to be the assignment. Using a simple data example for Fig. 29 above, the data is
presented for the purposes of showing the functionality of an MLE calculation:



. Ly {1 0.5} . [ 1 —0.5}
arget I 2, = , larget 2: 2., =
105 2 > 1-05 2
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wettons, ~—on [H-[2] o %] ([2H2])2-os0
likelihood, = mexp(ﬂﬂ - [ZD [_ (1).5 - gs}l(ﬂ - ED/z) =0.3034

The maximum likelihood of which likelihood value is assigned to target O; would be likelihood,,
which has the greatest likelihood parameter. Therefore x; will be assigned to O; consequently x, will
be assigned to O, by using this algorithm. This is how the discrimination algorithm chooses which
target estimate to be assigned to which target.

Operation of Algorithm

The algorithm used in this paper operates in the following manner: A measured target is used as the
P in Eq. 16 above, and then a likelihood is calculated on all estimated target positions in a picture

against this current measured target and is loaded into a matrix. The next measured target is loaded
and again a likelihood is calculated for all estimated targets in the picture against this second target,
and this is loaded into the matrix, see Table 4.

Estimated targets
Measured 1 2 3 4 5
targets
1 likelihood;; | likelihood;, | likelihood;; | likelihood; | likelihood; s
2 likelihood,; | likelihood,, | likelihood,; | likelihood,s | likelihood, s
3 likelihoods; | likelihood;, | likelihoods; | likelihoodss | likelihood; s
4 likelihood,; | likelihoods, | likelihoods; | likelihoodss | likelihood, s
5 likelihoods; | likelihoods, | likelihoodss | likelihoodss | likelihoods s

Table 4: MLE matrix example

All the likelihood data points are scanned for the maximum value and an assignment is made based on
the location of the value. As an example, suppose that likelihoods ; is the greatest value; this results in
target estimate # 2 being assigned to measured target # 3, and so on until all estimated targets have
been assigned to a measured target. Once a measured target has been assigned to an estimated target,
the measured target row is deleted as well as the estimated target column, so that another likelihood
value that was calculated for that target cannot be assigned to another, see Table 5.



Estimated targets
Measured 1 2 3 4 5
targets

1 likelihood;; | likelihood;, 0 likelihood, 4 | likelihood, s
2 likelihood, | likelihood,, 0 likelihood, 4 | likelihood, s
3 0 0 0 0 0
4 likelihood,; | likelihoods, 0 likelihoodss | likelihood, s
5 likelihoods; | likelihoods, 0 likelihoods 4 | likelihoods s

Table 5: MLE matrix example continued

Note that all target # 3 likelihood values have been set to zero, so that only those likelihood values
associated with a particular measured target can be assigned to that target.

This results in the ability of the algorithm to have an initial assignment of targets and to keep that
assignment throughout the trial regardless of where the target is within the video field. Note
previously in Chapter 4, that the video is scanned from top to bottom. If a target exists on the head and
the hands, with the hands at the side target # 1 is the head. However, once the hands are raised above
the head, target # 1 would now become the hands and target # 2 would be the head. The goal is to
keep target # 1 as the head and target # 2 the hands regardless of their position. The discrimination
part of the algorithm now has the ability to perform this function with all the previous functions being
performed. As an example, see Fig. 30, in this figure a green color target is assigned to the fifth target
being plotted on the jumping trial. Targets four and five are being shown in the following figures
because they represent the most difficult discrimination problem in these trials.
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Figure 24: Target # 5 with uncorrected discrimination
Note that for the first eight frames target # 5, wrist (see Fig. 24), is correctly assigned as the fifth

target. But on frame # 9 the hand goes above the hip and now the hip is the target # 5. The goal is to
make the hand remain target # 5 throughout the trial.
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Figure 25: Target # 5 with the correct discrimination applied

Note, in Fig. 31, that with the correction of the discrimination algorithm target, number 5 is always
being displayed as target # 5, even when it becomes the third target towards the end of the trial.
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Figure 26: Target # 4 with both uncorrected and corrected discrimination

The same scenario is again shown in Fig. 32, where target # 4 is always shown correctly when the
corrected discrimination is applied.

Occluded Targets

Another function being performed by the discrimination MATLAB function is to assign an estimated
P to a target that has been occluded or hidden. In this manner a hidden target will continue to be
estimated until the target comes back into view. This is performed in the following manner. First all
likelihood values are assigned as described above; then if there is an likelihood value that is left
unassigned, the P horizontal and vertical positional value is now assigned to that target as the
measured value. The target continues to propagate into the future by using the last calculated values

for velocity and/or acceleration. In this manner, an occluded target is still being estimated by its last
calculated velocity and acceleration values until it is seen again. Figure 27 below shows a real



example of a target that becomes occluded and then reappears. This example is taken from the
walking target trial where the hip is occluded by the arm for a number of frames.
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Figure 27: Occluded target example

This is a close up of target number four of the walking target trial, which shows pictures 1-13. The
movement begins on the left side and is progressing to the right. In the first picture, the estimate is
assigned the target measured target value. Once picture number 4 is calculated, the estimate continues
to track the estimate parameters until the target re-appears at picture # 10, at which time the estimate is
correcting toward the target.

The result is that targets, which are occluded or hidden, can still be estimated; and once the target
reappears, the algorithm will correct to the target once again.

Discussion and Conclusion

Examine the performance output of the two models in Chapter 4, “Kalman filter,” Figs. 23-28, and note
that the error of the jerk model is greater than the error offered by the acceleration model. Both models had

their noise standard deviation, 0, , chosen for maximum tracking capability by recursively going through
the trials with different values chosen for 0, and measuring the error. Even with an optimum selection of

o, , the jerk model still results in a greater error. By viewing Figs. 18, 20, and 22, note that the

acceleration and jerk both appear to be noise models of the motion being measured. This is actually born
out in Figs. 23-28, which plot the performance of the two models. If acceleration has the properties of
white Gaussian noise, then the model, which is driven by the noisy acceleration, would be the appropriate
model. Therefore, the noisy acceleration model is the most appropriate because the Kalman filter is being



used to estimate the state, which is composed of the position and velocity, both of which are parameters
that can be estimated because they are not noise.

If, on the other hand, the noisy jerk model is being used, the noise component of the jerk driving the motion
within the Kalman filter is estimating a system that has position, velocity, and acceleration as state
variables. If acceleration is itself a white Gaussian noise, the model cannot estimate a Gaussian noise
distribution within the state, which therefore leads to the error of the noisy jerk model being greater than
the noisy acceleration model.

The human movement being measured in this paper presents a white Gaussian acceleration factor. If the
movements within the biomechanical trials were to exhibit an acceleration parameter that did not exhibit a
white noise component, it would be expected that the noisy jerk model would perform better than the
acceleration model. However, in this paper, the biomechanical motion, which does not contain motion fast
enough to model with the jerk as a driving parameter, is best modeled by using the noisy acceleration as the
input driving force.

With the proper model chosen, the ability to discriminate the targets throughout the range of motion
measurement is possible. Because the centroid algorithm and video sensor are very accurate, the model can

tolerate a large spread of values for o, thereby making the system less sensitive to o, selection, and

therefore easier to tune.

One purpose of this paper was to calculate the centroid of targets within one scan or pass through the video.
Another problem was the attempt to use the Kalman predictive algorithm to predict the path of each target
being tracked in order to continue to track targets when they are occluded for several frames of video. The
third problem addressed was the use of the MLE algorithm as a means to properly discriminate the targets
throughout the range of motion; in other words, keeping the initial target assignments, whether they are
target 1, target 2, or target 3, and so on throughout the range of motion.

In regard to the first goal of finding centroid within one scan or pass of the video data, the algorithm
presented in this paper does calculate a 2-D centroid with only one scan of the video data.The Kalman filter
algorithm presented two models, noisy acceleration and noisy jerk, that were used in order to find the most
accurate model to be used on these trials. Between the two models the noisy acceleration model was the
better motion model used for these human-based biomechanical motions. Occluded targets were predicted
and tracked while they were not in the video picture.The use of the MLE algorithm provides a means to
properly discriminate the different targets that are being tracked, resulting in targets being tracked
throughout the range of motion by the correct assignment given at the beginning of the trial. We conclude
that the ability to track and discriminate targets or markers attached to human motion can be reliably
accomplished, even though very little information may be known about the motion beforehand.

Future Work

The algorithm worked well enough that the next stage would be an effort to implement this algorithm in
hardware for real-time target tracking without relying on a post processing system. Another area of interest
is to use this algorithm with multiple cameras, using the prediction and discrimination techniques to create
and successfully model three-dimensional models of the human motion being observed in a much faster
manner than is currently available. Another possibility of applied study is to use different target
identification methods such as limb segmentation, or another form of electrical sensing that might aid in
robotic measured systems. This could enable a robotic-based system to more quickly identify and track
certain objects or areas of interest within the sensor input parameters. Finally, another area of future work
might be using other sensor system inputs for target prediction and discrimination so that a faster system
could be developed for another field that has a goal of faster target position calculation and tracking.
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