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A robust estimation method for target scale using median absolute
deviation (MAD) for reducing outlier motion vectors is proposed. To
remove outlier motion vectors, the proposed method first uses normal-
ised cross-correlation (NCC) and forward–backward (FB) filters. Then,
the MAD filter removes the remaining outlier motion vectors. After fil-
tering, inlier motion vectors are used to estimate a scale change ratio of
the target. The estimated scale change ratio is evaluated by the MAD of
scale change ratios to guarantee reliability of estimation.
Introduction: In object tracking, scale estimation of a target is one of the
major issues. Usually, the tracker based on the optical flow estimates the
scale change ratio of the target using motion vectors calculated by
optical flow. Although optical flow calculates motion vectors, errors
of optical flow may increase because of blur, illumination change,
camera motion and target motion. Therefore some motion vectors
contain serious errors and are classed as outliers. These outliers
disturb an accurate scale estimation of the target and it causes a
gradual drift in tracking. To overcome this problem, Kalal et al. pro-
posed the median flow tracker [1], which is the main tracker of the
tracking-learning-detection (TLD) [2], which is one of the
state-of-the-art trackers. Median flow tracker filters out outliers by nor-
malised cross-correlation (NCC) and forward–backward (FB) filters
effectively. Sometimes, however, rapid target motion or sudden illumi-
nation change significantly increases optical flow calculation errors. In
this case, the median flow tracker fails to filter out outliers sufficiently
and the remaining outliers cause an incorrect estimation of target
scale, resulting in a gradual drift.

In this Letter, we propose a robust estimation of target scale using the
median absolute deviation (MAD) [3]. The proposed method is com-
posed of an outlier removal and evaluation of estimated scale change
ratios. Outlier removal is performed using NCC and FB filtering, fol-
lowed by MAD filtering. The proposed method first removes outlier
motion vectors using two filtering phases and estimates the scale
change ratio of the target. Finally, the reliability of the estimated scale
change ratio in the bounding box is estimated. Fig. 1 shows the flow-
chart of the proposed method.
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Fig. 1 Flowchart of proposed method

Novelty of proposed method: The framework of the proposed method is
Park’s method [4]. Reference [4] measures the motion vector error and
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the scale change ratio error to estimate the scale of the target. Reference
[4] imitates the Kalal method, median flow tracker. However, the pro-
posed method is based on MAD which has a mathematical basis [5].
MAD has been studied for a long time and verified by many researches.
The logical explication of the proposed method is not only simpler than
[4], but also guarantees the reliable estimation stochastically because of
the proven study of MAD.

Outlier removal: All motion vectors are calculated by optical flow. An
outlier motion vector means a motion vector that has a different direc-
tion or magnitude against the target motion. Outlier removal is per-
formed by NCC and FB filtering and MAD filtering. NCC and FB
filtering is the same as the Kalal method [1]. It filters out most outliers.
However, some outliers still remain after the filtering.
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Fig. 2 Cropped images of tracking results in Biker sequence

Top row: Kalal’s method; bottom row: proposed method

MAD filtering is performed after NCC and FB filtering to remove the
remaining outliers. MAD is a robust measure of the variability of uni-
variate samples of quantitative data. MAD is calculated as

M (xi) = m(|xi − m(xi)|), 1 ≤ i ≤ N (1)

whereM(·) is the MAD function; xi is an element of univariate data; m(·)
is a median function and N is the cardinal number of xi. MAD is defined
as the median of the absolute deviations from the median of a set. The
MAD filter classifies inlier motion vectors from motion vectors filtered
by NCC and FB filters. The MAD filter is designed as

fM(vi) = |vi − m(vi)|
M (vi)

, 1 ≤ i ≤ N (2)

where fM(·) is the MAD filter and vi is the motion vector filtered by NCC
and FB filters. If fM(vi) is ≤1, the proposed method decides that vi is an
inlier motion vector; otherwise, it is an outlier motion vector. In Fig. 1,
most of the motion vectors filtered by NCC and FB filters have consist-
ency in terms of direction and magnitude; however, some motion
vectors have dissimilar direction and magnitude. The MAD filter classi-
fies dissimilar motion vectors as outliers and removes them.

Evaluation of estimated scale change ratio: Scale change ratio is calcu-
lated as
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(3)

where vi is the inlier motion vector of the MAD filter; psi is a start point
of vi; pei is an endpoint of vi and Rij is the scale change ratio between vi
and vj. D(·) is a distance function and (xi, yi) is the coordinate of pi as
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�����������������������
(xi − xj)

2 + (yi − yj)
2

√
, (xi, yi) [ pi (4)

The proposed method calculates the median of scale change ratios
and the median is used as an estimated scale change ratio of the
target. The estimated scale change ratio is evaluated by the MAD of
scale change ratio as in (5) because the MAD filter may fail to
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remove enough outliers when heavy outliers occur abruptly:

G(Rij) = M (Rij)

T
, i = j, 1 ≤ i, j ≤ K, 0 , T , 1 (5)

where G(·) is an evaluation function of the estimated scale change ratio
and T is a threshold. T is a real number and used to measure the
reliability of the estimated scale change ratio. We fix T at 0.1 in the
whole experiment. If G(Rij) is <1, the estimated scale change ratio is
used to calculate target scale at the next frame. Otherwise, the proposed
method keeps the scale of target at the current frame to the next frame.

frame 57 frame 58

Fig. 3 Cropped images of tracking results in Shaking sequence

Top row: Kalal’s method; bottom row: proposed method
Experimental results: We compare the performance of the proposed
method with Kalal’s method [1], which is a tracker based on the
motion vector, similar to the proposed method. Kalal’s method is
known to be the state-of-the-art tracker TLD [2]. We use video
sequences with rapid motions and dynamic illumination change
because rapid motions and dynamic illumination change cause a con-
siderable increase of incorrect motion vectors.

Table 1: Comparative results of tracking performance
Sequence name
 Number of frames
 Kalal’s method
(frame number)
EL
Proposed method
(frame number)
Animal
 71
 11
 71
Biker
 180
 91
 180
Bolt
 293
 54
 125
Jumping
 313
 96
 313
Kitesurf
 84
 84
 84
Shaking
 365
 58
 365
Fig. 2 shows the frames when the biker is jumping. The biker head
moves up rapidly and the bounding box indicates the position and
scale of the biker head at those frames. At frame 86 in Fig. 2, it is
shown that the sizes of the bounding boxes for the two methods are
almost the same. Kalal’s method (top row of Fig. 2) estimates the
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centre of the target correctly. However, the scale of the target is esti-
mated to be much larger than the correct scale because of incorrect
motion vectors caused by the rapid motion. On the other hand, the pro-
posed method (bottom row of Fig. 2) estimates the size of the target
stably because the MAD filter filters out incorrect motion vectors and
the scale is estimated using only inlier vectors.

Fig. 3 shows the result of scale estimation when the illumination
changes. The target is the head of a singer. At frame 58, both the
methods have heavy outlier motion vectors. As a result, Kalal’s
method estimates an incorrect scale of the target. On the other hand,
the proposed method keeps the scale of the target because the result
of the evaluation function is more than 1. It means that the estimated
scale change ratio at frame 58 is significantly changed over the
threshold; therefore the estimated result is not reliable.

Table 1 shows the last frame that each method succeeded to track the
target correctly for six popular sequences (jumping [2], biker, bolt, kite-
surf [6], animal and shaking [7]). The bounding box at the first frame is
initialised manually. If the target area covers more than 50% of the
bounding box, we decide a tracking success. The proposed method
tracks the target correctly for longer than the conventional method.

Conclusion: In this Letter, we have proposed a robust estimation
method for target scale using MAD. The proposed method filters out
motion vectors that have a high distance error using the MAD filter.
For an accurate estimation of the scale change ratio, the proposed
method calculates the MAD of scale change ratio errors and uses this
MAD to guarantee the accuracy of the scale change ratio for the next
frame. Experimental results show that the proposed method achieves
better performance of target tracking than the conventional method.
The first contribution of the proposed method is a robust filtering
when heavy inconsistent motion vectors occur and the second is a
stable estimation of the scale change of a target in video sequences.
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