Exploring Motion Information for Distractor Suppression in Visual Tracking
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Abstract
In the past few years, Siamese networks have achieved
outstanding improvements in visual object tracking. However, visual distractors with similar semantics can be easily
misclassified as the target by Siamese networks and may
consequently result in the drift problem. Besides, the Hanning window penalty, which is generally used to suppress
distractors, could fail in many challengeable scenes. Notably, most failures violate the assumption of motion continuity. Thus, in this work, we explore motion information to
mitigate the drift problem in visual tracking. First, we introduce a simple linear Kalman filter to predict the bounding box of the target in the current frame, which acts as
a reference for decisions. Second, an IoU-Guided penalty
is assembled in the post-processing to suppress distractors
effectively. It’s worth mentioning that our method is almost cost-free. We conduct numerous experimental validations and analyses of our approach on several challenging sequences and datasets. Our tracker runs at approximately 40 fps and performs well on those sequences which
include the Background Clutter attribute. Finally, by simultaneously integrating the IoU-Guided penalty and the Hanning window penalty with a strong baseline tracker TransT
[7], our method achieves favorable gains by 69.1→71.5,
65.7→66.7, 64.9→65.9 success on OTB-100 [32], LaSOT
[12], NFS [18].

1. Introduction
Generic visual object tracking is a significant and fundamental task in computer vision. Given the initial state,
this task involves estimating or predicting the state of the
†
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Figure 1. Drift problem due to ignoring the motion information.
The green bounding boxes imply the target. The orange curves
imply the trajectories of the target. The red bounding boxes imply
the prediction generated based on the motion information. The
blue bounding box implies the wrong decision that violates the assumption of motion continuity. The arrows represent the velocities
of different objects.

target object. Most prior researches concentrate on designing a robust appearance model to differentiate the target and
the background. The two currently dominating paradigms
are Siamese networks [19,28,41] and discriminative appearance models [4, 10]. The former aims at learning to construct a feature embedding space that is optimal for template
matching. The latter focuses on learning robust discriminative features usually equipped with online learning. Although these researches achieve remarkable improvements
on numerous benchmarks, the robustness of the tracking algorithm is still far from perfect, especially on the challengeable attributes and the occasions of the open world. For example, the drift problem caused by visual distractors with
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similar semantics is a tough nut to crack.
Drifting is a common phenomenon in visual tracking. It
seriously weakens the robustness of the tracking algorithms
and causes continual failures of subsequent frames. Generally, it may be related to many difficult attributes, such as
illumination variation, background clutter and similar objects, etc. However, it is worth noting that most drifts essentially violate the assumption of motion continuity. As
demonstrated in Fig 1, the predicted bounding box marked
as blue drifts to the distractor at the 88th frame due to ignoring the motion information. If we exploit the motion
information to predict a reference box like the red bounding box in Fig 1, we can select the right target marked as
green and solve the drift problem. Nevertheless, the current
Siamese tracking algorithms have ignored this significant
prior knowledge but adopted a Hanning window penalty as
an implicit spatial constraint.
The Hanning window penalty was first proposed in
SiamFC [2]. It has been generally integrated by most of the
Siamese networks. However, this penalty has the following
disadvantages.
1. The Hanning window penalty passively trusts the
previous prediction but ignores the motion information. The maximum of the Hanning window is
fixed at the center of the previously predicted bounding box. When the previous decision actually drifts
to distractors, this penalty is likely to suppress the real
target in the current frame. It would prevent the system
from correcting the output.We name this phenomenon
winner-take-all.

dict a reference bounding box in the current frame, we explore two common methods (the Kalman filter and the optical flow). On the one hand, we follow the classical algorithms SORT [3] and DeepSORT [31] in multi-object tracking to design our Kalman filter. Notably, We just adopt a
simple linear Kalman filter to predict a reference bounding
box of the target in the current frame. On the other hand, we
follow the previous research MedianFlow [16] based on the
optical flow for prediction. We compare these two methods
and find that the simple linear Kalman filter performs more
effectively than the complicated MedianFlow [16]. Secondly, in order to construct an explicit spatial constraint,
we use the prediction of the motion model (the Kalman filter) as a reference box. We calculate the intersection over
union (IoU) between the reference box and all of the regressed bounding boxes exported by the Siamese networks.
We name this novel penalty IoU-Guided Penalty. Then, we
combine the classification scores with the calculated ious
and select the bounding box ranked first as the final prediction. Finally, numerous qualitative and quantitative experiments are organized to verify the effectiveness and universality of our method. Our method effectively mitigates the
drift problem and performs well on several benchmarks.
The main contributions of this work are threefold.
• We analyze the causes of the drift problem in visual
tracking and the disadvantages of the current Hanning
window penalty.
• We explore and compare two common methods for
motion prediction and select a cost-free scheme to predict a reference box to approximate the ground truth
box in the current frame.

2. The Hanning window penalty only has effects on
constraining the center positions of the regressed
bounding boxes rather than the overlaps (generally
evaluated by IoUs) between the regressed bounding
boxes and the ground truth box. The value of the
Hanning function is determined by the 2D coordinate
(x, y). Thus, it cannot guarantee the motion continuity.
Therefore, we infer that this penalty acts as an implicit
penalty which may not be optimal and may aggravate the
drift problem. Hence, it is natural to raise two corresponding questions:
1. How can we actively exploit motion information to
generate a new reference box rather than use the previously predicted bounding box?
2. How can we use the reference box to construct an explicit IoU constraint rather than the implicit center position constraint?
In this work, we explicitly exploit the motion information to construct a direct penalty and mitigate the drift problem. Firstly, in order to use the motion information to pre-

• We propose a novel IoU-Guided penalty and explore a
suitable way to combine the classification scores with
the calculated ious for the final decision. By integrating the IoU-Guided penalty into the baseline tracker
TransT [7], it achieves remarkable performance gains
with neglectable time cost running at 40 fps and successfully mitigates the drift problem.

2. Related Work
In this section, we review the related work about the drift
problem and distractors in visual object tracking, as well as
introduce the ways to exploit motion information of traditional methods before deep learning era.

2.1. The Drift Problem and Distractors
In visual tracking, appearance models are the most significant components of the whole pipeline. Most prior researches have focused on the design of robust appearance
models and appearance features to locate the target object
in each frame. However, it may be impossible to only use
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Figure 2. Overview of the proposed tracking framework, consisting of an appearance model (top) and a motion model (bottom). The
appearance model may be anchor-based models (SiamRPN++ [19]) or Transformer- based models (TransT [7]). The motion model can be
a linear Kalman filter or MedianFlow [16].

appearance features for decisions, especially when there are
other similar objects in the scene. The two currently dominating paradigms are Siamese networks and discriminative
appearance models. While Siamese networks [2, 19, 20] exploit a Hanning window penalty to suppress distractors, discriminative appearance models [4, 10, 14] aim to mitigate
drifting by integrating background information when learning the target classifier online. Although these methods enhance the robustness of the output bounding box, the capacity for distinguishing different objects is limited. Thus,
a few approaches have been proposed to deal with distractors. Xiao et al. [33] describe the positions of distractors
and design a few hand-crafted rules to differentiate similar
objects. DaSiamRPN [41] tackles distractors by subtracting corresponding image features from the target template
during online tracking. SiamRCNN [28] refers to the classical data association ideology of multi-object tracking using dynamic programming and a hand-crafted association
score to form short tracklets. It also resorts to hard example
mining to improve its robustness. KYS [5] uses a RNN to
transfer information about the scene across frames. It maintains learnable state vectors to record the context. KeepTrack [22] introduces a learnable graph embedding network
that explicitly associates target candidates from frame to
frame. In contrast, we describe motion information to predict a reference bounding box for decisions.

2.2. Motion Information in Tracking
In visual tracking before deep learning era, motion models [36] act as important prior constraints and enhance the
robustness of the output in many constrained scenes. Besides, estimating the trajectory and the state of the target
object is another vital process. In Point Tracking, the deter-

ministic methods [27] use qualitative motion heuristics to
constrain the correspondence problem while the statistical
correspondence methods [6] use the state space approach to
model the object properties such as position, velocity, and
acceleration. In Kernel Tracking [9, 24, 26], the object motion is generally in the form of parametric motion (translation, conformal, affine, etc.) or the dense flow field computed in subsequent frames. In Silhouette Tracking [1, 15],
the object state is defined in terms of the shape and the motion parameters of the contour. Moreover, the Kalman filter has been extensively used in the vision community for
tracking. SORT [3] and DeepSORT [31] describe a linear
Kalman filter to predict the bounding box of the target object and use it as a reference to finish object association. In
addition, the optical flow is another regular method to build
the correspondence of pixels across frames. In this work,
we use these two regular methods to achieve our goal, predicting the motion of the target object.
By the way, there are two similar works [30, 40] that attempt to integrate the Kalman filter with Siamese networks.
However, these works concentrate on croping a more appropriate searching window rather than selecting the best
sample when using motion information. Meanwhile, our
method performs better with strong universality.

3. Methodology
Here, we describe our tracking approach, which actively
exploits the motion information to predict a reference box
and uses it to construct a novel IoU-Guided penalty. Firstly,
we introduce the pipeline of our tracking method. Secondly,
in order to predict a reference box, we explore two common
motion methods (the Kalman filter and MedianFlow [16]
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based on the optical flow). We compare these two methods
and summarize the differences between them. Finally, we
analyze the disadvantages of the current Hanning window
penalty and propose a novel IoU-Guided penalty to better
exploit the predicted reference box and construct an explicit
spatial constraint.

matrix. Q represents the process noise uncertainty. P implies the uncertainty of the state.
Update:
1. Compute the Kalman Gain.
Kn = Pn,n−1 HT (HPn,n−1 HT + Rn )−1
2. Update the measurement.
x̂n,n = x̂n,n−1 + Kn (zn − Hx̂n,n−1 )

3.1. Overview
Firstly, we give an overview of our tracking pipeline,
which is shown in Fig 2. The submodule in the red dashed
box is the same as typical Siamese Tracking algorithms. We
employ a Siamese network to extract appearance features
and export the classification scores map and corresponding regression boxes. The Siamese network may not be restricted to a specific architecture. We name this characteristic model-free. Besides, The submodule in the blue dashed
box is the core motion module which can be set as one of
the above modules, the Kalman filter or MedianFlow [16].
The output of the motion module is a reference bounding
box. Then, we use it to calculate IoUs with the regression
bounding boxes exported by the appearance model. We
combine the IoUs with the classification scores and select
the maximum value together with its corresponding regression bounding box as the final prediction. In the end, we
use the final output bounding box to update the state of the
target which is a vital step for the motion model. Notably,
our method works with no need for training. Both the
motion model and the IoU-Guided penalty act as an effective post-processing to suppress distractors.

3.2. Motion Model
Secondly, in order to answer the first question mentioned in the Introduction, we introduce two common motion methods, the Kalman filter and MedianFlow [16].
The Kalman filter is an efficient recursive filter, which
can estimate the state of a dynamic system with noise.
We follow SORT [3] and DeepSORT [31], assume that
the state noise has a Gaussian distribution and describe
a linear Kalman filter to predict the next state. The
state of the target is modelled as eight dimensional vector
[x, y, γ, h, ẋ, ẏ, γ̇, ḣ] that contains the bounding box center
position [x, y], aspect ratio γ, height h, and their respective
velocities in image coordinates. The typical Kalman filter
contain two steps, Predict and Update.
Predict:
1. Extrapolate the state.
x̂n+1,n = Fx̂n,n
2. Extrapolate the uncertainty.
Pn+1,n = FPn,n FT + Q
x̂n+1,n represents the predicted state vector about the
reference bounding box. F represents the state transition

3. Update the uncertainty.
Pn,n = (I − Kn H)Pn,n−1 (I − Kn H)T
+ Kn Rn KT
n
zn represents the final bounding box which is determined by our method. Kn represents the Kalman Gain. H
implies the observation matrix. R implies the measurement
uncertainty. These above-mentioned two steps are running
iteratively. Although assuming simple linear property, the
filter has acceptable prediction accuracy and can stabilize
the prediction. Notably, the Kalman filter predicts the reference box as a whole. By contrast, MedianFlow [16] predicts
the reference box based on the pixels rather than a whole
box.
MedianFlow [16] is a classical tracker based on optical
flow which has been incorporated in the OpenCV tracking
library. The well-known TLD [17] tracking algorithm employs MedianFlow as its base tracker. Given a pair of images It , It+1 , and a bounding box bt , this tracker outputs the
predicted bounding box in frame t + 1. Concretely, a set of
points is initialized on a rectangular grid within the bounding box bt . These points are marked as reference points and
tracked using the Lucas-Kanade optical flow method which
generates the new predictions. Then, we calculate FB errors and NCC errors used in MedianFlow [16] as a quality
indicator and filter out 50% of the worst predictions. The
remaining predictions are used to estimate the displacement
of the bounding box. Estimation of the bounding box displacement from these predictions is performed naively using median over each spatial dimension.
In summary, the Kalman filter can model the motion pattern based on the motion history and estimate the state of the
target as a whole even if with noise. By contrast, MedianFlow [16] can predict the displacement based on the motion
of the pixels. It only requires two adjacent frames, an initial
box and reference points as inputs but may fail due to some
noise. Both of these two methods can exploit the motion
information to generate a reference box.

3.3. IoU-Guided Penalty
After generating a reference bounding box, there remains the second question mentioned in the section 1. It is
worth noting that the intersection over union (IoU) acts as
a significant indicator which has been widely ignored during inference. When training Siamese networks, the regres-
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struct the spatial constraint. Concretely, we calculate IoUs
between the reference box and all of the regressed boxes exported by Siamese networks. Besides, we use the results as
a new penalty score and name our novel spatial constraint
IoU-Guided Penalty. In Experiments, we verify the effectiveness of our new penalty for solving the drift problem
and suppressing distractors.

4. Experiments
4.1. Implementation Details

Figure 3. Hanning window penalty located at the purple center
of the reference box. The magenta point implies the center of the
search region. The dark blue box is the reference box. The three
orange boxes centered at the red square are corresponding to three
aspect ratios in anchor-based tracking algorithms. The red and
black squares represent two different positions that possess identical Hanning window penalty scores but different IoUs with the
reference box.

We adopt the anchor-based tracker SiamRPN++ [19] or
the Transformer-based tracker TransT [7] as the appearance
model due to their outstanding performances. The appearance model is fixed and only the Hanning window penalty is
changed. We copy the parameters of the Kalman filter from
DeepSORT [31]. For MedianFlow [16], we set the window
size as 3, the pyramid levels as 5. Our method works with
no need for training.

4.2. Schemes for Generation and Combination
sion losses are always formulated using the IoU between the
predicted bounding box and the ground-truth bounding box.
However, there is only a fixed Hanning window penalty to
suppress distractors during inference. The formula of the
Hanning function is demonstrated below:
 h(u) = \left [0.5-0.5cos\left (\frac {2\pi u}{M - 1}\right )\right ] \\ w(x, y) = h(x) \cdot h(y) \\ \forall 0 \le x,y \le M - 1

M represents the output size of the final feature map. (x, y)
represents the coordinate in this feature map. Apparently,
this function only has effects on constraining the center positions of the regressed bounding boxes rather than the IoU
with the reference box. In order to demonstrate the drawbacks of the Hanning window penalty, we visualize it in
Fig 3. The dark blue dashed box refers to the reference
bounding box. In anchor- based Siamese methods, the three
orange dashed boxes are corresponding to three different
aspect ratios centered at p1 . Apparently, these three bounding boxes possess different IoUs with the reference box but
identical Hanning penalty scores. Besides, the red square
p1 and the black square p2 represent two positions which
have an identical penalty score. In TransT [7], the regressed
bounding boxes centered at p1 and p2 probably possess different IoUs with the reference box.
Based on the above observation, we conclude that the
Hanning window penalty is an indirect way to build the
spatial constraint. It cannot evaluate and distinguish the regressed bounding boxes with different IoUs but identical
penalty scores. Therefore, it is natural to use IoUs to con-

Firstly, in order to generate the reference bounding box
mentioned above, we adopt and compare four different
methods named Prev, KF, FlowKF, FlowPrev. Prev means
using the last previous final output box as the current reference box. KF implies using a linear Kalman filter to predict
the reference box. FlowKF means using MedianFlow [16]
for prediction and switching to KF when failed. FlowPrev
implies using MedianFlow [16] for prediction and switching to Prev when failed. Meanwhile, in order to combine
the calculated ious with the classification scores, we explore
three different ways named Add, Multiply, NonLinear respectively.
• Add: (1 − w) × s + w × ious
• Multiply: s × ious
• NonLinear: ious + s × (2 − s)
s represents the classification score and ious represents the
calculated ious. w represents the weight of the calculated
ious and is set to 0.5. The NonLinear function changes
more smoothly than the Multiply style which can reserve
more proposals with high ious.
Then, we use TransT as the base model and compare different combinations between the ways to generate the reference box and the ways to combine the calculated ious with
the classification scores. The results are shown in Table 1.
On the one hand, KF surprisingly achieves the best performance even if we only adopt a simple linear Kalman filter. By contrast, FlowKF and FlowPrev perform unsatisfactorily even if with complicated designs. We infer that
the inferior performance of MedianFlow [16] results from
the drastic motion of the camera or the target and it would
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Method

Prev

KF

FlowKF FlowPrev

0.694 0.709

0.690

0.693

Multiply 0.694 0.691

0.680

0.685

Nonlinear 0.678 0.681

0.688

0.689

Add

Table 2. Comparison of four different penalty methods. Dc
implies whether to apply distance constraints like Hanning window. Mo implies whether to apply the motion model. Ic implies
whether to apply IoU constraints.

Base

Penalty

Dc Mo Ic

Np

4.3. Effectiveness and Universality
Secondly, we compare four penalty methods, Np, Hanning, HanningWM, and our novel IoU-Guided penalty respectively. Np means that the original Hanning window
penalty is removed. It acts as a baseline about penalty
methods. HanningWM is another penalty that we fix the
Hanning window at the center position predicted by the
Kalman filter. For our IoU-Guided penalty, we select the
best scheme determined in the above section. Then, we
compare these four methods on LaSOT [12] and OTB-100
[32] using SiamRPN++ [19] and TransT [7] respectively.
As shown in Table 2, SiamRPN++ [19] with IoU-Guided
penalty increases 8.8% relatively compared with no penalty
on OTB-100 [32]. Besides, TransT [7] with IoU-Guided
penalty increases about 4% relatively on OTB-100 [32] and
LaSOT [12]. Notably, our IoU-Guided penalty achieves the
best AUC and precision score when based on TransT [7].

Figure 4. Visualization of results comparison on Background Clutters attribute, OTB-100 [32]

LaSOT

0.643 0.833 0.498 0.492
!

Hanning

0.696 0.905 0.495 0.488

HanningWM ! !

Np
TransT

0.660 0.860 0.504 0.497

! ! 0.700 0.905 0.499 0.493

IoU-Guided∗

cause a lot of failures. Moreover, MedianFlow [16] essentially cannot model the long-term motion pattern. On the
other hand, the simplest scheme Add surpasses others apparently. We infer that weighted summation is suitable to
build the spatial constraint but multiplication and nonlinear operation weaken the importance of the classification
scores.
In summary, we select the KF to predict the reference
box and the weighted summation Add as the final scheme.

OTB-100

Succ. Prec. Succ. Prec.
SRPN++

Table 1. Exploring the best scheme. The different columns represent different ways to generate the reference box. The different
rows represent different ways to combine the classification scores
with the IoU-Guided scores. The values in this table represents the
AUC scores on OTB-100 [32].

0.679 0.873 0.628 0.668
!

Hanning

0.691 0.893 0.649 0.690

HanningWM ! !
∗

IoU-Guided

0.700 0.906 0.650 0.690

! ! 0.709 0.917 0.654 0.691

The results can verify the effectiveness and universality of
our method on the one hand.
On the other hand, in order to verify the effectiveness of
our IoU-Guided penalty for solving the drift problem, we
compare the calculated IoUs with different penalty meth-

Figure 5. Comparisons of four different penalty methods on the
Crowds of OTB-100 [32]. Only the IoU-Guided penalty can always track the target. The other methods fail since the 40th frame.
The yellow box in the bottom left image is the ground-truth box.
The red, blue, green and dashed black boxes correspond to the
items in the legend demonstrated in the top figure.
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ods on the Crowds sequence of OTB-100 [32] and visualize
them in Fig 5. The IoU-Guided penalty can always track the
target even if there are many distractors. On the contrary,
other methods fail since the 40th frame due to distractors
and drift to a distant position which violates the assumption of motion continuity. Meanwhile, we compare these
four methods on the specific Background Clutters attribute
on OTB-100 [32] and demonstrate the results in Fig 4. The
IoU-Guided penalty surpasses other methods apparently.

Table 3. Result comparisons on three tracking benchmarks. The
red and blue indicate performances ranked at the first and second
places.

Method
SiamFC [2]

4.4. Comparison with Baseline and State-of-the-art
Finally, we combine the IoU-Guided penalty with the
Hanning window penalty as the final constraint and compare the performance on several benchmark datasets with
the baseline which only exploits the Hanning window
penalty. As shown in Table 3, the combination of the IoUGuided penalty and the Hanning window penalty achieves
the best performance and runs at approximately 40 fps,
which explicitly satisfies the requirement of real-time tracking. We infer that the combination can simultaneously
constrain the spatial distance and the overlap between
the reference bounding box and all the regression boxes.
Meanwhile, our tracker with IoU-Guided penalty based on
TransT [7] performs well on three benchmarks, achieving
an AUC score of 71.5% on OTB-100 [32], 66.7% on NFS
[18] and 65.9% on LaSOT [12]. The results are demonstrated in Table 3.

5. Conclusion
In this work, we explore the motion information to mitigate the drift problem in visual tracking. Qualitative and
quantitative analyses imply that the typical Hanning window penalty may not be the optimal penalty style to act as
the spatial constraint. We demonstrate the disadvantages
of the Hanning window penalty and propose a novel IoUGuided penalty based on the prediction of the motion. We
find that the prediction of a linear Kalman filter can surprisingly improve the performance. Notably, our method is
cost-free, model-free and with no need for training. Meanwhile, we believe that the post-processing is too simple
to throughly solve the drift problem. In future work, we
will explore more effective post-processing methods (e.g.
RNN), stabilize the output bounding box and improve the
accuracy.
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OTB-100 [32]

LaSOT [12]

NFS30 [18]

Succ.

Prec.

Succ.

Prec.

Succ.

58.7

77.2

33.6

33.9

-

MDNet [23]
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90.9
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-
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91.0
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90.5
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