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Abstract: - Object tracking is a study area of great interest to various researchers whose main objective is to
improve the trajectory estimation for object tracking. In practical applications, the information available that
allows the application of algorithms to improve the tracking process sometimes is missing. One of the main
obstacles is obtaining ground truth, which takes a long processing time. There are manual methods and
applications of reference algorithms. On the other hand, in most cases, the tracking information obtained using
a camera is contaminated with noise during the acquisition process. In this paper, we applied smoothing
algorithms to compute a pseudo-ground truth achieving lower estimation errors and higher precision than the
measurement data. The test results showed that the proposed algorithms with the highest performance are g-lag
UFIR and g-lag ML FIR. These smoothing algorithms can be useful in practical applications in object-tracking
tasks.
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1 Introduction complete information about the video is unavailable,
Many times, the data about the trajectory of an such as frame rate and frame size. _ _
object tracking is obtained through a tracking Also, in the evaluation of object tracking
camera, these data are contaminated by noise in the algorithms, it is necessary to contrast the estimates
tracking process, the factors causing this noise can obtained by the tracking algorithms against the
be the movement of the camera, lighting, occlusion, ground truth to evaluate their performance. Wlth_an
rapid changes of direction, blur, among others. inadequate ground truth, we will have an evaluation
These factors cause the camera not to follow exactly of the algorithms that is further from the truth.
the trajectory of the object, there being variations In this sense, smoothing algorithms are a suitable
between the position measured by the camera and tool to remove noise from data. Therefore,
the true position of the object. smoothing algorithms are useful for reconstructing
When tracking algorithms are implemented, it is pseudo-ground truth, which can be used in the
necessary to know the ground truth trajectory to estimate process for object tracking [1]. _
correctly evaluate the effectiveness of the tracking This article shows the application of smoothing
process.  Estimator  algorithms  require  the algquthms to reconstruct the ground truth and
application of a method to eliminate this noise and derive a pseudo-ground truth that is accurate enough
compute a pseudo-ground truth that should be a to the _ground _truth. The results obtained using
more accurate estimation of the ground truth. smoothing algorithms prove that they are useful for
If a video of the object tracking process is the estimation stage in object tracking. _
available, it is possible to manually annotate each Based on the test results, the smoothing
position of the object. This implies a slow process algorithms provide pseudo-ground truth with lower
and human errors are possible as well when the estimation errors and higher precision than noise-
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contaminated measurement data. Being g-lag UFIR
and g-lag ML FIR the algorithms that exhibit the
best results.

Therefore, the pseudo-ground truth
reconstruction through smoothing algorithms will
have a practical application for those researchers
who work in object tracking, where the ground truth
is unavailable or incorrect, i.e., the measured
tracking data is contaminated with noise.

2 Data of video object tracking

In the video object tracking process, image
processing operations seek to identify the target at
each position throughout the entire trajectory, which
implies recognizing the appropriate features to
differentiate the target from the background of the
scene. The target information can be described
through its properties. One of the most common
methods of containing target information during
object tracking is the bounding box [2].

The bounding box (BB) is a rectangular box that
contains the target object information in a sequence
of frames. The target position information is
included in a BB array. The measurements of each
BB represent the coordinates of the upper left and
lower right corners of the box that encloses the
target [3]. The BB matrix consists of the bounding
box measurements, " x" coordinate, "y " coordinate,
width (xw), and height (yh) for each of the object
positions throughout the trajectory.

According to the measurements of each BB, the
object centroid can be obtained in each position.
This information represents the trajectory followed
by the target object. As previously mentioned, this
information is measured by the tracking camera,
considered as contaminated by measurement noise.
It is necessary to evaluate the performance through
the information provided by the bounding boxes
when using smoothing to reconstruct the pseudo-
ground truth, that is, how accurate the pseudo-
ground truth is compared to the ground truth. The
most common method to evaluate the effectiveness
of smoothing is by estimation error and precision.

3 Ground truth

In the computer vision field in object tracking tasks,
the ground truth (GT) can be interpreted as the set
of true data, that is known to be real or true
positions of the object during the entire trajectory of
the tracking process. These measurements can be
represented through coordinates, bounding box
measurements, camera pose measurements, etc. The
ground truth information can be collected at the
source or can be pre-programmed.
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On the other hand, pseudo-ground truth (p-GT)
can be interpreted as an estimation of the ground
truth, which is used as reference data for the
application of tracking algorithms and their
performance evaluation. This data set can be
obtained through hand annotation by a human
operator or using a reference algorithm.

Generally, we can establish that there are two
methods to obtain the ground truth. The first is
through manual annotation of the ground truth data
set and the second is a reference algorithm4].

Two of the most common annotation methods
are:

e Bounding annotations. A box is drawn
based on the characteristics of the object
target.

¢ Point annotations. The position of the object
target corresponds to the features extracted
from a single point.

4 Performance evaluation

We used standard metrics for evaluating the
smoothing performance can be done using metrics,
precision, and root mean square error (RMSE).
Precision can be defined as the percentage of the
number of correct predictions over the total number
of predictions [5]-[9].

The RMSE is a measure of the variation between
truth values and estimated values [10]. In the case of
object tracking, it measures the difference between
the truth trajectory and the estimated trajectory. The
equation of RMSE is well known and is shown
below.

T =92
N

Where N is the number of data points, i-th
measurement, y is the truth value and y is the
predicted value.

To calculate the precision, it is necessary to first
calculate another metric, intersection over union
(loU), which indicates the percentage of overlap of
the predicted bounding box over the True Bounding
box (TBB). The variables used in the calculation of
the precision are obtained from the comparison of
the loU result with an established threshold. The
variables used for computing the precision are
obtained from the comparison of the loU result with
an established threshold [5]-[7], [11]. The equations
for calculating loU and precision are (2) and (3),
respectively.

U 14
°Y" (TBB- PBB)-I4

RMSE(y, y) = 1)

)
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TP _ TP
TP +IFP  All detections

Precision = 3)

Where the IA is the area of intersection between
the bounding box of the target object, the true
bounding box (TBB), and the estimated bounding
box (EBB). The TP is true positive, and FP is false
positive.

The IoU metric allows establishing the degree or
percentage of EBB overlap over TBB, for which it
is necessary to establish an loU threshold that works
as the comparison parameter to establish whether it
is a correct or incorrect detection. Usually, the loU
threshold is set to 0.5 and 0.75 [12].

Considering a single object tracking, many
measures to evaluate the performance of the
tracking algorithm are based on the overlap
comparison of the EBB versus the TBB. The
possible qualification of the bounding box overlap
in object tracking compared to a given threshold is
shown below [4][6]:

e True Positive (TP). It is a correct detection
of a bounding box, that is, the loU between
the EBB and TBB is greater than or equal to
the established threshold value.

o False positive (FP). It is an incorrect
detection of an object or an off-site
detection. The loU is less than the given
threshold value but greater than zero.

o False negative (FN). It is an undetected
TBB.

5 State-Space Model

According to the motion of a physical system in
space, the next position of the object can be
calculated using Newton’s equation of motion [13]
as shown below:

(4)

where cx is the object position, cx, is the
object's initial position, v, is the object's initial
velocity, ac is the object's acceleration, and 7 is the
time interval. The state equation is derived from
Newton’s equation of motion. So, we can construct
the dynamic model, the model is represented in
discrete-time state-space using the following state
and observation equations:
Xp = ApXn-1 + Bywy
Yn = CnXp + 1y

1
X = cxo + VT + Eactz,

()
(6)

where x,, € RX is the state vector, y,, € RM is

the observation vector, v, € R™ is the colored
Gauss-Markov noise, and A,, € R¥*K is the state
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transition matrix, B, € RK*? is the gain matrix
model, C,, € RM*K is the measurement matrix.

The zero mean Gaussian noise vectors w, ~
N(0,Q,) € RP and &, ~ V(0,R,) € RM have the
covariances Q,, and R,, and the property E{w,&[} =
0 for all n and k.

We estimated the state of the 4 coordinates of the
bounding box. So, the state-space model is designed
for the 4 measurements of the bounding box: left
lower corner in x-axis (Xc) left upper corner in y-axis
(yc), BB width (xw), and BB height (yn).

For a constant velocity model [14], the state
transition (A) is a block diagonal matrix with:

o 1

where t is the sample time. This block is
repeated for the X, Yc, Xw and yn to build the
complete matrix A.

The gain matrix model (B) and observation
matrix (C) are defined as shown below:

(1)

—TZO 0 0_
2
T 0 0 O
OTZO 0
2
0 = 02 0’ ®)
0 OT—O
2
0 0 = O
0 0 OT2
2
0 0 0 7
(9)
10 0 00 0 0O
C=00100000
0 0001 O0O00O0
0 000 0 0 1DO

6 Smoothing algorithms

6.1 Fixed-lag Kalman smoother

With equations (4) and (5) the Kalman filter (KF)
estimates the state through observation of input and
output. The KF can estimate the state dynamics of
the system iteratively [15], [16], and consists of two
steps: predict, where the optimal state X,, previous
to observing y, is calculated, and update, where
after observing y, the optimal posterior state x,, is
calculated. Additionally, it computes the prior
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estimation error €, =x, —X,, the posterior
estimation €, = x,, — X, the a priori estimate error
covariance P, = E{e;e;T}, and the posterior
estimate error covariance P, = E{e,€el}.

The prior state estimate is computed by (10), and
the prior error covariance matrix is estimated by
(12).

(10)
(11)

%7 = ARp_y + Bywy,
P = A,P,A + B,Q, BT

Then, in the update phase, the current prior
predictions are combined with the current state
observation to redefine the state estimate and the
error covariance matrix. The combination of the
prediction with the current observation is used to
calculate the optimal state estimate and is called the
posterior state estimate. The measurement y, is
corrupted by colored measurement noise v,. The
measurement residual is (12).

Yn=Cxn_1+ Uy (12)

The residual covariance matrix is calculated as

follow:

S, =CpP;CY + R, (13)
The optimal gain for Kalman is given by:
K, =P;CIs;?t (14)
A posteriori state estimate:
R = 27 + Koy — c27) (15)
A posteriori matrix of error covariance:
B = - K, OB, (16)

For the fixed-lag Kalman smoother, first it is run
the standard Kalman filter and initialize the update
of fixed-lag smoother for i =1, ...,q + [[17],[18],
as follows:

Ln =Py Cr(Sp)7" (17)

Py =By VT - RUTIGERAL (19)
By = P Ay = LioCal' (19)
Zn+1-i = Xntz2-in + Lni(n — Caky) (20)
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6.2 g-lag ML FIR smoother

We used a batch g-lag maximum likelihood (ML)
Finite Impulse Response (FIR) smoother, g-lag ML
FIR, for full covariance matrices. The g-lag ML FIR
smoother can be derived from the ML estimate at
k — g [20]. We use the (4) and (5) and extend them
on [m, k] in the conventional forms shown below.

Xmk = Am,kxm + Dm,k Wm,k
Ymk = Cm,kxm + Gm,ka,k + Uk

The state x;_, can be defined at k — g for u;, =
0 as

(21)
(22)

m+1

xk_q = Ak—q Xm + D_rl:,l‘_qum,k (23)

Where a matrix D_ffl__kq can be represented with

AN—q _
Dm,k -

(24)
[A;cn—-'-qle A;cn—-'-qum+1 Allg—qu—l AﬁtclIBk

Rearranging the terms in equation (23), we
represent the initial state as

-1 -1 _-_N-—
Xm = (Agcnqu) Xk—-q — (A;cnqu Dm,qum,k (25)

The g-lag ML FIR estimate and estimation error
in batch forms are calculated in the following.
Substituting equation (25) in (23), which separates
the regular terms and the random terms.

Yink — Hgl,kxk—q = Vmk (26)

Where  (H,) = Ch Wik + Vi and the
random term

Nm,k = Cm,k(Dm,k - Hz;,kDm,kxk—q (27)
The likelihood of x;_, can be written as
p(Ym,k | xk—q) X
| T (28)
expl|—= oL (..
p 2 (Ym,k _ Hr(r?}{xk_q ) m,k( )

We determine the g-lag ML FIR estimate %,_,
and 2, o = E{N; x NVik 1} as

Xg—q = arxg min
k—q

(29)
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1 T __
{_ E (Ym,k - nyi?gxk—q) Zm,lk(--- )}
Setting the derivative equal to zero

a
axk_q

T T
= B, St (Vs — H, X—q) = 0,

T
(Yomse = HDxe—q) S C-)
(30)

We derive the g-lag ML FIR smoothing estimate
in the canonical maximum likelihood form.

. (@ -1 @\ ! @ g1
Xk—-q _<Hm,k Zm,ka,k) Hpp e Zimk

Y,
ML(q) m (31)
=H, . DYk

This leads to the g-lag ML FIR smoother gain.

ML T ._ -1 T ._
o ® = (B, St HD ) HO 578 (32)
6.3 g-lag UFIR smoother

The g-lag Unbiased Finite Impulse Response
smoother, g-lag UFIR smoother, can be designed to
satisfy the unbiasedness condition.

E{Fr-qu} = E{x—q}) (33)
where the g-lag estimate can be defined as
Xp—q = Xp—qik = ff,(,f,lYm,k (34)

The state model is represented by the (N — q)
the row vector of the extended state equation (35)
on [m, k] as

X—q = AR X + Dy Wi (35)
pN=-a) ; _ i
where D, " is the (N —g) th row vector in
D k-
The batch forms of g-lag UFIR smoother are
given by the following equations. Applying the
condition (33) to (34) and
(35) gives two unbiasedness constraints, the UFIR
smoother gain f(fnq,)( is given by.
A -1
Hfrff ;)( = ‘A;cn—*-ql(cr’[rvl,kcm,k) Cr’gl,k (36)
_ -1
Referring to AL = (Af 9"") " AP, then
we transform (36) to
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. ke -1,
Fope = (AT) Fine (37)

Where Hpx = cﬂkqul(crfl,kcm,k)_lcﬁk is the
UFIR filter gain and it gives the homogeneous
smoothed estimate.

-1

~h _ k—q+1 'y

xk—q - ("qk ) }[m,kym,k
-1

(38)
= (AT

Where %, is the UFIR filtering estimate. In this
work we use a system without input, u; = 0, so the
smoothing estimate is obtained by simple projection
of (38) as described in [19], [20].

It is significant to mention that the g-lag UFIR
and g-lag ML FIR are of FIR type, i.e. FIR filtering
structures are bounded input bounded output
(BIBO) stable by design [19]. On the other hand, the
Fixed-lag Kalman is a Kalman filter structure, and it
is known to be asymptotically stable even when the
initial state is unknown [21].

7 Ground truth approximation tests
7.1 Numerical simulation tests

We conducted a computer simulation using the
moving object tracking model. In this case, the
simulation only represents one possible trajectory
followed by an object. The dynamic model
corresponds to a constant velocity. The moving
object model can be described by (4) and (5). A
discrete constant velocity model is simulated where
acceleration is a zero-mean Gaussian white noise
process. The dynamics of simulated movement
correspond to a trajectory in the x and y plane with
the following matrices.

TZ

17 00 - 0
o1 00| ,_|z o
4=10 0 1 |87 |
000 1 0 =
lo 7l

1 00 0

C‘[oo1o]'

In addition to computing the actual trajectory of
the object tracking, the ground truth, we created a
trajectory that simulates the tracking data by a
camera in the presence of noise that affects the
tracking measurement. We called this trajectory the
measurement data and we used it as input data for
the smoothing algorithms. The purpose of this was
to prove that the pseudo-ground truth obtained by
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the smoothing algorithms is suitable in cases where
the ground truth is unknown.

The numerical stability of the simulation was
verified on the basis that a numerical method is
stable if small changes in the initial data cause small
effects in the final numerical solution. On the other
hand, it is numerically unstable if it produces large
errors in the final solution [22]-[24]. We used the
measurement data, where we perturbed the initial
state Xo, and it was compared to the RMSE obtained
between the estimate calculated by g-lag UFIR and
the actual trajectory with the original initial state xo.
The results are shown in Table 1, which
corroborates that small disturbances to the initial
state generate small changes in the solution obtained
by the UFIR g-lag algorithm. So, we can establish
that the simulation method used is stable.

Table 1 Simulation stability.

Initial state Xo di?flt\a/srlf ce
0.1 0.0103
0.3 0.0600
0.5 0.0020
0.7 0.0111
0.9 0.0469

For the first simulation we consider that an
object target is disturbed by white Gaussian
acceleration noise with a standard deviation of g, =
5m/s?. The data noise originates from white
Gaussian with gz =3 m. The simulation of the
trajectory was 500 points with sample time T =
0.05s seconds, Py = 0, Q = 02, R = o2.

The RMSE results assessed from smoothing
algorithms, fixed lag Kalman, g-lag UFIR, and g-lag
ML FIR, and measurement data are presented in
Table 2. For the computed RMSE with the g-lag
UFIR and g-lag ML FIR, the N,,, was 4. The
results show that g-lag UFIR smoother presented a
higher performance since the value is lower than the
other algorithms, followed by ML FIR, which was
only surpassed by a small value of 4~7. Fixed-lag
Kalman presents a higher RMSE value compared to
the other smoothing algorithms. However, it reduces
the estimation error of the measurement data.

Fig 1. presents the trajectories reconstructed
through the smoothing algorithms, as well as the
measurement data. It describes the resulting
smoothing of measurement data as observed,
reducing the noise and calculating a pseudo-ground
truth that closely follows the ground truth. Results
of the g-lag UFIR and the g-lag ML FIR smoothers
are similar, as mentioned above UFIR is slightly
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better than ML FIR, which is consistent with the
RMSE results.

Table 2 RMSE results of simulated data 1.

RMSE results of
algorithms
s RMSE Performance
Value ranking
Measurement data 3.0353 4
Fixed-lag Kalman 2.6938 3
g-lag UFIR 2.1054 1
g-lag ML FIR 2.1054 2
\
.“‘.‘,,‘r’ ]
e
g U N
2 | m,ﬂ‘ | 11 F» 'f’.; ¥ |
g W" Hi" I | \ | L i
a I ) \ ) f
i N | bl i
| ] i' | | I
I ' |

Fig. 1 Smoot'hing and measurement trajeétdries of
simulated data 1.

Fig.2 presents separately ground truth,
measurement data, and the smoothed estimates to
clarify the smoothing algorithms' performance. The
tracking measurement data, which represents the
measurements obtained by a tracking camera under
noise conditions, presents large estimation errors.
Fixed-lag Kalman smooths the estimates, which is
similar to the ground truth; However, the behaviour
pattern differs. On the other hand, g-lag UFIR and
g-lag ML FIR perform higher at smoothing the
estimates, computing a pseudo-ground truth close to
the ground truth.

To corroborate the effect of smooth we
performed another simulation test. For this test, the
moving object model is the same as the example
above with the same matrices. The model was
developed with a standard deviation of ¢, =
10 m/s?, and the data noise with o, = 30 m. The
simulated trajectory with 500 points with a sample
time T = 0.05 seconds.
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Fig. 2 Smoothing and measurement trajectories
(separated) of simulated data 1.

The RMSE results obtained by smoothing
algorithms, fixed-lag Kalman, g-lag UFIR, and g-
lag ML FIR, and measurement data are shown in
Table 3. For the computed RMSE with the g-lag
UFIR and g-lag ML FIR, the N,,; was 6. In the
same way, as in the previous simulation test, g-lag
UFIR smoother presented a higher performance
with a lower value than the other algorithms,
followed by ML FIR, which was only surpassed by
a small value of 1.177. The UFIR and ML FIR
obtain an estimation error equivalent to half that
generated by measurement data. In this case fixed-
lag Kalman with a higher RMSE value compared to
the other smoothing algorithms. However, it reduces
the estimation error of the measurement data.

Table 3 RMSE results of simulated data 2.

RMSE results of

algorithms
DEIR RMSE Performance

Value ranking
Measurement data 9.7477 4
Fixed-lag Kalman 7.1000 3
g-lag UFIR 4.8168 1
g-lag ML FIR 4.8168 2

Fig 3 shows the trajectories reconstructed using
the smoothing algorithms and the measurement
data. As in the previous test, the measurement data
represents data measured by a tracking camera,
which explain the observed high estimation errors.
The smoothing algorithms reduce estimation errors
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providing a pseudo-ground truth more similar to the
ground truth. Results of the g-lag UFIR smoother
and the g-lag ML FIR smoother are similar, as
mentioned above UFIR slightly performs higher
than ML FIR. In this case, fixed-lag Kalman shows
poor performance, reducing the estimation errors to
a lesser extent.

Coordinate y

o 100 200 300 400 500
Coordinate x

Fig. 3 Smoothing and measurement trajectories of
simulated data 2.

For a broader visualization of the smoothing
algorithms' performance, in Fig. 4 ground truth,
measurement data, and the smoothed estimates are
shown separately. Fixed-lag Kalman smoothing with
poor performance, although pseudo-ground truth has
similarities with ground truth, the pattern of
behaviour is different. While g-lag UFIR and g-lag
ML FIR perform better in obtaining a pseudo-ground
truth whose behaviour is more similar to the GT.

Ground truth

e

x-axis
Measurement data

@ 40} W | ‘“‘ ™ O T AL ‘A,‘ “\ y ,““,‘-' WA Y
-';‘.JM"\."M"’?f’u“""ﬁ"” "-"},|‘. M:’ SR W Wy i | LRI :
ot ! ‘ i
) " x.axis
P-Gg-lag UFVIN smoother

AN M/

X-axi5
_P-GaLag ML FIR smoother

200

x-axis
P-G Fixed-lag Kaiman smoother

Fig. 4 Smoothing and measurement trajectories
(separated) of simulated data 2.
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According to the results of the simulation data,
the performance of the g-lag UFIR and g-lag ML
FIR show great capacity to reduce disturbances,
providing a smoothed pseudo-ground truth with
fewer estimation errors. This gives another proof
that these smoothing algorithms are suitable for
obtaining a pseudo-ground truth when the ground
truth is unavailable.

7.2 Results of experimental test

The smoothing algorithms have shown a high
performance capable of reducing estimation errors
by close to 50%. Therefore, we decided to test these
algorithms with true tracking data. For this purpose,
we use the data called "Remotecar” available in
[25]. In this case, we used the bounding box data to
estimate and assess the performance of the
smoothing algorithms.

The experimental test was performed using the
moving object tracking model and matrices
proposed in section V. In the object tracking model,
we considered that the car target is disturbed by
white Gaussian acceleration noise with a standard
deviation of o, =30m/s?. The data noise
originates from white Gaussian ¢, = 20 m. The
sample time T =0.05 seconds, P, =0,Q =
02,R = g, on a short horizon N,pt = 10. The
model of a moving target is completed according to
what is established in section V.

The estimated smoothing trajectories and
measurement data are shown in Fig. 5. In this case,
a more complex trajectory with greater variation
between states is observed. As in the tests with
simulated data, the g-lag UFIR and g-lag ML FIR
present a higher performance with similar results, an
overview of these results indicates that these
algorithms manage to reduce the noise present in the
measurement to a greater degree. Likewise, fixed-
lag Kalman performed with lower performance, but
managed to reduce the noise of the measurement
data.

In Fig. 6 ground truth, measurement data, and the
smoothed estimates are shown separately. It can be
observed that the measurement data contains a high
variation concerning to the ground truth,
representing the measurements obtained by a
tracking camera in noise conditions. Fixed-lag
Kalman had a lower performance. While g-lag
UFIR and g-lag ML FIR smooth the estimates in a
better way. The performance of the smoothing
algorithms will be better analyzed by the precision
metric.

We have the complete information on the object
tracking available for assessing the precision,
therefore we have the measurements of the
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bounding box at each point of the trajectory so we
can evaluate the performance of the smoothing

algorithms.
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Fig. 6 Smoothing and measurement trajectories
(separated) of Remotecar

The precision values of each of the smoothing
filters in the entire intersection over union (loU)
threshold range are shown in Fig.7. The g-lag UFIR
and g-lag ML FIR smoothers presented the best
performance.

Setting the loU threshold equal to 0.5, the
precision of all smoothing algorithms is close to
20%, obtaining a higher precision than the
measurement data which is below 10%. The
average precision over the full range of the loU
threshold of the smoothing algorithms and the
measurement data are shown in Table 4. With these
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results it is confirmed that g-lag UFIR and g-lag ML
FIR generate a pseudo-ground truth reducing the
noise of the measurement data, providing adequate
information to use as a reference in the development
of object tracking tasks when the ground truth does
not is available.

Measuroment data

q-lag UFIR smoother

q-Lag ML FIR smoother
0.8 y Flxag-ag Kalman smoothes

0 L A N L 4 : ——
01 0.2 03 04 05 06 07 0B 09
Threshold

Fig. 7 Smoothing algorithms precision

Table 4 Precision results of Remotecar

Precision results of
Data algorithms
Precision Performance
ranking

Measurement data 27% 4
Fixed-lag Kalman 31% 3
g-lag UFIR 37% 1
g-lag ML FIR 37% 2

4 Conclusion

Smoothing algorithms for deriving the ground truth
from the measurement data proved to be able to
reduce noise, producing pseudo-ground truth with
less estimation error than the measured data.

With both simulated data and truth object
tracking data, the g-lag UFIR and g-lag ML FIR
algorithms exhibited the highest performance, being
able to provide a pseudo-ground truth with higher
precision and lower estimation error.

Since the g-lag UFIR and g-lag ML FIR
algorithms are more robust against measurement
data under noise, they provide a reliable pseudo-
ground truth for use as a reference in object-tracking
research in the field of computer vision. Being
practical and robust methods against the lack of
ground truth information, data noise, and when
complete information on video object tracking is
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unavailable, they can be useful for state estimation
applied with different artificial intelligence
methodologies, neural networks, and machine
learning, among others, to improve the tracking
object process.

Due to the higher robustness of the g-lag UFIR
and g-lag ML FIR smoothing algorithms, we are
currently working on efficient algorithms that use
smoothing and state estimator algorithms for object
tracking and plan to report the results in the near
future.
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