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Autonomous Selective Parts-Based Tracking
Maria Cornacchia, Student Member, IEEE, and Senem Velipasalar, Senior Member, IEEE

Abstract— Object tracking from videos is still a challenging
task due to various changes throughout a video sequence includ-
ing occlusions, motion blur, scale and other deformation changes.
In this paper, we propose a selective parts-based approach, using
correlation filters, that makes choices based on a consensus of
the parts and global tracking. Moreover, we further enhance
our parts-based approach by introducing a segmentation-assisted
parts initialization. In addition, we present a genetic algorithm-
based method to autonomously select various parameters of
the tracking algorithm, as opposed to the common practice of
manually tuning those parameters. In contrast to existing part-
based methods, the proposed method does not dilute accurate
tracking by averaging results over multiple parts at every frame.
Instead, we take a selective approach based on the relative weight
of the responses across parts. Moreover, we only make location
corrections when a part diverges, and rely on these location
corrections to maintain an accurate appearance model. In the
case of occlusions, which are among the main reasons for using
a parts-based approach, our proposed approach consistently
achieves the best performance. It is due to the ability to handle
occlusion and not dilute decisions with incorrect parts, that
our proposed approach enables state-of-the-art performance. The
proposed approach was evaluated on videos from three different
challenging benchmark datasets. Our approach has resulted in
better overall precision and success rates for three different base
tracking approaches.

Index Terms— correlation filters, parts-based, tracking, video,
genetic algorithm

I. INTRODUCTION

Object tracking from videos is an important and challenging

task with wide-ranging application areas. Occlusions, scale

changes in the targets, fast motion and other deformation

changes make continuous tracking a difficult task. Even with

the use of deep neural networks, visual tracking still remains

a challenge. One of the reasons that convolutional and deep

networks have not necessarily addressed problems in the visual

tracking arena, is the fact that target tracking needs to be

performed based off of a single example. This is in contrast

to the requirement to have large amounts of training data

for deep neural networks. While several Convolutional Neural

Network (CNN) approaches have been proposed, these still

require offline training based upon large amounts of data.

In order to perform tracking based on a single example, we

leverage the recent surge and favorable accuracy of correlation

filters. However, correlation filters still suffer from the same

issues with partial occlusion and blur caused by fast motion

as any other technique that uses hand-crafted features. To

address this, we propose a selective parts-based approach

using correlation filters. Our results demonstrate that updating
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the estimate of the target at every frame based on a linear

combination of all parts can lead to the losing of a track on

an object. Thus, instead, we selectively update inaccurate track

estimates based on a linear combination of accurate tracks

at a given frame. This accuracy is measured based on two

metrics of normalized and variance of confidence of each

track. Further, unlike most parts-based approaches, we do not

choose a static distribution of the parts around the center.

Instead, we propose a segmentation parts-based initialization.

Finally, we propose a means for autonomously tuning the

parameters of our approach based on the application of a

Genetic Algorithm. This tuning is traditionally done manually

through a tedious process, as all the trackers that we employ

have numerous parameters, such as learning rate and search

area.

In the following section, we will describe some related work

and highlight further how our proposed method is novel and

different from existing work.

II. RELATED WORK

Over the years, there have been a number of different target

tracking approaches that attempt to follow an object based

on an initialization performed on a single frame [1], [2].

Some target tracking approaches fall into a category known as

tracking-by-detection methods. Tracking-by-detection meth-

ods treat the tracking problem as a classification task [3], [4].

This includes trackers such as STRUCK [5] that estimates

object transformations between frames in order to better

handle adaptations in an object appearance. Gao et al. [6]

also propose a tracking-by-detection method of training an

exemplar-based linear discriminant analysis (ELDA) classifier.

Gao et al. [6], however, only train on a single positive example,

whereas other tracking-by-detection methods typically perturb

the positive samples. Additionally, Song et al. [3] and Wang

et al. [7] propose an adversarial neural network to augment

positive samples by adaptively dropping out features to create

examples that are representative of appearance changes. Wang

et al. [7] also employ deep reinforcement learning to create

hard positive examples with occlusions.

In recent years, new methods have been proposed incor-

porating CNNs and Correlational Filtering. End-to-end CNN-

based approaches require offline training before being applied

to specific videos. These approaches were largely adapted

due to the success of CNNs in the image classification and

object detection domains. Hong et al. [8] developed the CNN-

SVM, which uses a pre-trained CNN to extract features and

create discriminative saliency maps. Nam and Han [9] use a

tree structure of CNNs, re-training the fully connected layers

for the video specific sequences. Multi-Domain Networks

(MDNets) [9] and the work of Wang et al. [10] were some
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of the first few works to employ offline pre-training across

numerous video examples instead of simply using pre-trained

networks on static images. Both [9] and [10] employ the

idea of domain adaptation. Similarly, others have since trained

variations of neural networks offline and then adapted these

networks for online tracking [7], [11]–[23]. Jung et al. [14]

enhance the MDNet approach by proposing a region of interest

alignment layer and a loss term crafted to more accurately

distinguish foreground across multiple domains. Lu et al. [19]

propose a novel shrinkage loss so that easy examples do

not contribute as much to network learning as more difficult

examples. Song et al. [17] train a one layer CNN and update

the network online using residual learning. Several works

employ Siamese based architectures [15], [20]–[23]. Li et al.

[15] train a Siamese region proposal network, whereas Dong

et al. [20] train a Siamese network with a new triplet loss.

Zhang et al. Kosiorek et al. [11] train an attentive recurrent

neural network. The authors of [12], [13], [16] employ deep

reinforcement learning based approaches. Yet, despite the

power of CNN features, these approaches often require large

datasets and offline training, or specialized GPU hardware.

Correlational Filtering (CF) techniques, however, provide a

balance between computational expense and accuracy [24]–

[32]. Additionally, CF-based techniques often employ only

online learning and do not require large quantities of labeled

video or image data. Correlation filters gain their efficiency

by calculating expensive kernel convolution operations in the

Fourier domain. Numerous variants of correlation filters have

been proposed. Kiani et al. [24] propose training a background

aware CF to model the background over time. Mueller et al.

[30] propose using scene context within a CF, but instead

of training separate CFs for background, the approach is to

reformulate the optimization problem with the addition of this

background context. Other variants of CFs include methods

that look to improve the scale estimation of the basic kernel

correlation filter (KCF) [25], [26], use enhanced feature

representations with CF classification [27], [29], [33], [34],

and so on. He et al. [34] and Ma et al. [27] both use weighted

convolutional features in conjunction with two different CF

based trackers. Sun et al. [31] attempt to improve CFs by

jointly training a discrimination and reliability filter. Tang et

al. [32] develop a multiple kernel CF in an attempt to exploit

different portions of the feature map.

Others have proposed methods that could be considered

hybrid approaches [35]–[38]. Eunbyung et al. [35] demon-

strated by employing neural network based learning algorithm

that meta-learning could assist in the fast adaptation of both a

Correlation Filter and an end-to-end CNN-based method. Heng

et al. [36] demonstrated that a siamese based CNN could be

employed as a verifier for a CF tracker. Huang et al. [37]

propose using hand-crafted features for less difficult frames,

and more expensive deep features for more difficult frames,

assessing this difficulty by using deep reinforcement learning.

Zhang et al. [38] proposed a spatial alignment architecture that

could feed aligned samples to a CF.

In this paper, we propose a new approach to improve track-

ing accuracy by using a selective parts-based approach, which

is especially effective in tracking through occlusions. There

have been other parts-based and ensemble based approaches

[4], [39]–[47]. Liu et al. [39] employ a Bayesian framework to

construct a joint confidence map. Akin et al. [40] also employ a

parts-based approach, Deformable Parts Correlation Filtering

(DPCF), relying on coupling of the global object and local

parts. Yao et al. [42] model parts as latent variables in a

structural SVM tracking-by-detection method. Wu et al. [4]

use and-or-graphs and a latent SVM to learn the structure

and configuration of parts. Du et al. [46] also employ a

graph based approach to capture dependencies of parts across

frames. Sun et al. [45] track deformable patches, instead

of rectangular regions. Gao et al. [41] use an end-to-end

CNN part-to-target (P2T) approach to infer target location

directly from the parts. Kwon et al. [48] attempt to address

tracking challenges through an ensemble of distinct tracking

approaches. Wang et al. [47] also create an ensemble of

trackers that are distinguishable based on the different features

used. Our approach differs from other tracking approaches in

several distinct ways:

1) In contrast to existing parts-based methods, we do not

dilute accurate tracking by averaging results over the

multiple parts at every time-step. Instead, we only make

location corrections when a particular part or the global

tracker’s location diverge from the consensus. Addition-

ally, we rely on the location correction to update the

model appearance.

2) Our proposed approach is less dependent on a particular

base tracking approach. We demonstrate this by present-

ing results with three different base trackers.

3) We present a genetic algorithm-based method to

autonomously select various parameters of a tracking

algorithm, as opposed to the common practice of man-

ually tuning those parameters.

4) In contrast to existing methods, that choose part loca-

tions across all images in a fixed and static way, we

propose an automated and segmentation-assisted part

initialization approach. We show that this new initializa-

tion approach further enhances our parts-based tracking.

While others have proposed parts-based approaches, the ini-

tialization of parts are often fixed or randomly selected around

the object center [40], [49] or some division of the entire

object [41]–[43], [50]–[53]. [54], [55] also use segmentation

based part initialization. However, Cheng et al. [54] randomly

generate parts of various sizes around the object center and

use the overlap with a ground truth segmentation mask to

generate parts to track. Similarly, Huang et al. [55] also use

a manually labeled truth segmentation for initialization. We

do not use the actual ground truth segmentation mask, which

can be tedious to generate and are less abundant in across

datasets. Instead, we require only a bounding box ground

truth and employ an automated color-segmentation algorithm

to generate our parts initializations. Du et al. [46] use a

segmentation based on super-pixels, but then have to rely

on random generation of candidates to refine their estimates

for a final target localization. We use our segment initialized

parts directly and maintain these same parts over the entire

sequence.
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In terms of our proposed genetic based parameter selection

we are the first to propose selecting parameters for corre-

lation trackers in an autonomous way. Typically, the many

parameters are manually set by their respective authors. The

closest related works concerning leveraging training to track

targets would be the end-to-end CNN approaches previously

discussed [9], [10], [15], [20]–[23], where training sets are

required as part of the training approach for visual tracking.

The remainder of the works discussed do not rely on pre-

training.

The proposed approach is less dependent on the selected

base tracking approach due to the fact that we correct the

estimated global location and part locations and do not make

corrections to how a tracker handles the currently learned

model of a part or the global appearance. Additionally, we

selectively make update decisions on locations, particularly in

the case of the global location, only when necessary. Based on

this selective updating, we therefore are less likely to dilute

the global location with an incorrect consensus of parts. This

approach therefore does not make corrections on an already

reliable location. The proposed work is different and improved

compared to our previous work [56] in multiple ways: (i)

different from our earlier work [56], in this paper, we present

an automated segmentation-based parts initialization, (ii) we

propose an autonomous, genetic algorithm-based parameter

selection method in contrast to manually choosing better

performing parameters as done in our earlier work [56], (iii)

we demonstrate that the proposed approach is less dependent

on a particular base tracking approach by presenting results

with three different state-of-the-art base trackers including

Efficient Convolution Operators (ECO) for Tracking. We show

that the proposed approach outperforms the results of the

ECO tracker. Our previous work [56] did not experiment

with different base tracking approaches; (iv) in this paper,

the proposed method is evaluated much more extensively

and different and more comprehensive results are included

compared to our previous work [56]. More specifically, in

our previous work [56], we only focused on tracking through

occlusions and sports-related scenarios. In this paper, we use

10 additional types of challenging tracking scenarios including

illumination variation, scale variation, deformation, motion

blur, fast motion, in-plane rotation, out-of-plane rotation, out-

of-view, background clutter, and low resolution. We have

performed a much more comprehensive and detailed set of

experiments to include 44 additional video sequences, and

demonstrate that the impact of a parts-based approach is even

more significant for a larger set of experiments. Through these

additional video sequences, the experiments in this paper show

that there is a positive impact to accuracies across numerous

challenging tracking scenarios, not just those of occlusion and

fast motion.

The rest of the paper is organized as follows: The proposed

approach is described in detail in Section III. As part of

this proposed approach, Section III-A.1 reviews the three

base tracking approaches employed. Next, Section III-A.2

discusses our proposed selective parts-based tracking. Exper-

imental results are presented in Section IV, with Section IV-

A showing state-of-the-art results obtained by the proposed

method for a 50 sequence benchmark dataset, Section IV-B

showing additional improvement on a larger 100 sequence

benchmark dataset, and Section IV-C showing results on a

60 sequence dataset.

III. PROPOSED APPROACH

Our proposed approach is generic, and can be applied

together with any base tracking approach that can generate

a confidence measure on the current location of an object.

To demonstrate that our approach is not base-tracker specific,

we apply our approach together with three different base

tracking approaches, which have different levels of accuracy.

These three approaches are a scale adaptive multi-feature

(SAMF) kernelized correlation tracker [25], a Hierarchical

Convolutional Feature Correlation Tracker (CF2) [27], and the

Efficient Convolution Operators for Tracking (ECO) [57].

A. Overview of the Base-Tracking Approaches

1) Scale Adaptive Multi-Feature (SAMF) Kernel Correla-

tion Tracker: The first base tracking method that we employ

is a scale adaptive version of the kernelized correlation filter

(KCF) tracker [25]. The KCF tracker solves the following

minimization problem:

min
w

n
∑

j

( f (x j ) − y j )
2 + λ||w|| (1)

where x j are all cyclic shifts of the training examples,

y j are the labels of x j , w are the learned weights, and

f (z) = wT z =
∑n

j α j κ(z, x j ). kx = κ(z, x) is a kernel cor-

relation between a learned target appearance and the current

observation window, z. This objective minimizes the squared

distance between the true labels and a function of the training

examples. The coefficients, α can be written as:

α = F−1(
F(y)

F(kx + λ)
) (2)

where F and F−1 denote the Fourier transform and inverse

Fourier transform, respectively. To detect the learned appear-

ance, the patch z, at the same location in the next frame, is

used to compute the following confidence score:

α = f̂ (z) = F−1(F(κ(z, x̂)) ⊙ F(α)) (3)

where ⊙ is the element-wise product and x̂ is the learned target

appearance. The scale adaptive variant of the KCF enhances

the base variant of KCF by applying a scale search technique

and adding multiple channels to the learned features [25].

The SAMF base tracking approach employs Histograms of

Oriented Gradients (HoGs) [58] as the features in combination

with a pyramid search over multiple scales.

2) Hierarchical Convolutional Feature Tracker (CF2): The

second base tracking approach is a slight modification from

the first base tracking approach. That is, the differences are in

the features used and the method by which scale is estimated.

In other words, the above Kernelized Correlation Approach

is still used in the CF2 tracking approach. The CF2 tracker,

in contrast to the SAMF approach, performs translation and
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scale filtering separately, as proposed in [26], [59]. That is,

the scale estimation step is performed after the estimated

target position is provided by the translation correlation filter.

The assumption is that the feature representation is powerful

enough to estimate translation despite a small difference in

scale.

The second difference between the CF2 and SAMF trackers

is in the features used to track the objects. CF2 [27] uses

Hierarchical Convolutional Feature, instead of HoG features.

Unlike previous CNN-based approaches, Ma et al. [27] use

more than the last layer of a CNN network, and argue that the

last layer is too coarse for localization. The approach proposed

in [27] exploits the spatial information from earlier layers of a

CNN classifier. The approach taken to combine features from

multiple different layers of a CNN is to interpolate the feature

maps. The outputs of the responses are then combined using

a weighted combination from each feature layer.

3) Efficient Convolution Operators for Tracking: The third

base tracking approach that we employ with our selective

parts-based tracking approach is Efficient Convolution Oper-

ators (ECO) for Tracking. The ECO makes efficient and

accurate approximations based on the approach used for the

Continuous Convolution Operator Tracker (C-COT) [28]. The

contribution of the C-COT was the ability to use multiple

features of differing resolutions by performing convolutions

in a continuous domain. In other words, HoG features may

be employed with a CNN feature and prediction scores can

achieve accurate sub-grid localization.

The contribution of the ECO tracker was to maintain accu-

racy while improving efficiency and preventing overfitting.

The ECO approximation to the C-COT first reduces the

parameters of the C-COT by creating a factorized convolution

operator. In this factorized convolution operation, a set of base

filters are learned across feature channels. That is instead of

learning D filters for each feature channel, a smaller set C of

basis filters are learned. Then the filter, ed for feature layer d

can be constructed from these sets of basis filters, ec by a linear

combination. The weights, pd,c of this linear combination can

be learned. The loss in the Fourier domain for ECO is derived

as:

E( f, P) = ||ẑT Pê − ŷ||2
l2 +

C
∑

c=1

||ŵ ∗ êc||
2
l2 + λ||P||2F (4)

where ∗ is the convolution operator, P is the compact

representation of the filter weights as a D × C matrix, z are

the coefficients of each interpolated feature map, ŷ are the

labeled detection scores, and ŵ is a spatial penalty, and λ

is a weight parameter to control the regularization term. The

method employed to optimize the above is a Gauss-Newton

and Conjugate Gradient method. The ECO method also further

increases efficiency by using a probabilistic generative model

to describe the sample set. Along with reducing redundancy by

treating the appearance model as a Gaussian mixture model,

the ECO tracker also uses a sparse updating scheme by not

updating the filters every frame, updating every Ns frames.

Danelljan et al. [57] argue that this update should only occur

if change in the objective has occurred, but state that this is

Fig. 1. Example of decisions made by our approach and a summed consensus
approach; (Left) Four part responses, (Right Top) Our approach chooses
most confident response; (Right Bottom) Summed consensus takes 3 weak
responses and chooses the location despite individual responses that are
approximately one-third as strong as part-1

expensive to evaluate.

B. Proposed Selective Parts-Based Tracking

Existing parts-based methods, such as [39] and [40], use a

consensus of parts to locate an object, and correct the location

of tracked objects at every frame. While these other methods

weigh the parts, the location can drift due to inaccurate parts.

Fig. 1 depicts three weak responses selecting a location over

that of a single strong response. The scenario of Fig. 1 can

occur when an object goes through an occlusion and the part

appearances are not updated. In other words, one of the parts

may have correctly tracked the object, (part 1 in Fig. 1).

However, when employing a summed consensus, the three low

responses will have the majority vote over the correct part with

higher response. It is for this reason, that we employ a selective

approach that corrects locations and employs a measure of the

relative strength of the part responses, as described in the rest

of this section.

In contrast to existing parts-based consensus methods, we

take a selective approach that requires the determination of

when to correct the location of a part, and how to correct

the location. We take the approach that when the tracking of

a part or the whole is reliable based on the original tracker,

then there is no need for a correction. Thus, our approach

does not attempt to fix a location that is already reliable. We

take corrective action on parts only when a drift is indicated

based on the consensus, and use a consensus in the correction

of the location of all parts, and not just the global solution

to the entire location of an object. We will discuss the part

initialization in more depth in the next section.

To determine when to correct a location, our approach

uses two factors based on the consensus of the parts being

tracked. The first factor is based on the normalization of

the maximum response of each respective part, max{ f p(i)
t}.

When no correction for a tracked part is performed, this

maximum response location is the estimated location of a part.

Each of these maxima are normalized against each other as

follows:

wp(i)
t =

max{ f p(i)
t }

∑N
i=1 max{ f p(i)t }

, (5)
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N is the number of parts and wp(i)
t is a part’s normalized

confidence. We normalize the responses within each part and

global confidence map. To get a relative confidence with

respect to each global and local tracker, this normalization

is performed across the confidence of each part. The nor-

malization is informative, as it indicates which parts are

reliable at time t and/or the parts that may no longer be

accurately tracking the target at time t . The value of wp(i)
t

lies between 0 and 1. With the number of parts known, it

can be determined when each tracker is equally confident. For

example, in our scenario with five parts, if the value of wp(i)
t

is 0.20 then each part would be equally as confident. While

wp(i)
t provides one measure of current track integrity based

on inter-track comparison, the model of an object can drift

over time, resulting in a high value for wp(i)
t but the track

on a part to be lost. Hence, we also compute an intra-track

statistic based on the unnormalized maximum response of each

global and local track. These response values may vary across

videos, with some videos having higher or more confident

response, however the variance within a video and across the

frames of the same video should be low. In other words, the

responses that are spatially and temporally coherent should be

quantitatively close. To measure this closeness, the following

value is measured:

� f p(i)
t = max{ f p(i)

t } −

N
∑

i=1

max{ f p(i)
t−1}

N
. (6)

Using these two measures (wp(i)
t and � f p(i)

t ), it is deter-

mined if the parts are reliably tracking at time t . While we

propose these two measures of track reliability, there are other

potential measures that could be explored, such as entropy. We

leave this exploration for other measures as future work. The

decision to re-locate or correct a part is made based on Eq. (5)

and (6). To determine how to correct a part that has drifted or

no longer agrees with the rest of the tracked parts, the weights

of the parts for a correction are computed as below:

ŵp(i)
t =

{

wp(i)
t , if i ∈ R

0, otherwise
(7)

where R is a set of part indices that fulfill crite-

ria on (wp(i)
t and � f p(i)

t ). Specifically, R is the set

{m|wp(m)t > γ ∧ � f p(m)t < α)}, where m is the mth part,

γ represents the comparative confidence of the part and

global trackers, and α represents the distance from the

mean confidence over the part and global trackers. If set

{m|wp(m)t > γ ∧ � f p(m)t < α)} is empty, meaning no parts

exist that fulfill this stringent set of criteria, then we relax the

conditions and set R equal to the set the set {m|wp(m)t > γ }.

R is then guaranteed to be non-empty as we know the ideal

relative confidence is N
100

and hence provides a known upper

bound for γ . This upper bound means that all trackers are

performing equally well. However, γ is relative confidence,

therefore α enforces that the confidence values do not spread

too far from the mean confidence. Different from our earlier

work [56], we propose a new method in Section III-D for

autonomously setting the parameters γ and α. As will be

discussed in Section III-D, our automated method may also

be employed for other parameters related to the base tracking

approach. A vector Cp(i)
t , containing estimated center loca-

tion and size information based on each part are computed

using layout constraint matrices Mi . Example matrices used

for our approach with the SAMF base tracker are:

M1 =

⎡

⎢

⎢

⎣

1 0 0 0

0 1 0 0

po 0 sr 0

0 0 0 1

⎤

⎥

⎥

⎦

, M2 =

⎡

⎢

⎢

⎣

1 0 0 0

0 1 0 0

−po 0 sr 0

0 0 0 1

⎤

⎥

⎥

⎦

M3 =

⎡

⎢

⎢

⎣

1 0 0 0

0 1 0 0

0 po 1 0

0 0 0 sr

⎤

⎥

⎥

⎦

, M4 =

⎡

⎢

⎢

⎣

1 0 0 0

0 1 0 0

0 −po 1 0

0 0 0 sr

⎤

⎥

⎥

⎦

M5 =

⎡

⎢

⎢

⎣

1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

⎤

⎥

⎥

⎦

where po is the position offset of a part and sr is the ratio of

the size of the entire object to the part. For our results with

the SAMF base-tracking approach, we set po equal to 1/8 and

sr equal to 3/2. In other words, the size of the part is 2/3 the

size of the entire target. For the CF2 and ECO base-tracking

approaches, we set sr equal to 1. This is due to the features

employed in each of the base trackers. For the HoG based

tracker, in order to describe a particular part of the image and

accurately track this region, the part of the image must be

the portion from which the features are extracted. In the case

of SAMF, if sr were set to 1, like in the case of CF2 and

ECO, the parts would have contained too much background

for the SAMF, HoG only tracker, to follow. However, in the

case of approaches that employ CNN features, or in our case

ECO and CF2 base trackers, these features are extracted as

a larger region surrounding the location of the part to be

tracked. It is also important to note that CF2 and ECO in

general both handle location estimation and scaling similarly,

whereas the SAMF tracker handles scaling by a pyramid

search involving a search for both optimal response based on

scale and translation jointly. In the case of CF2 and ECO,

the translation of the region being tracked is determined first.

Next, once the location is estimated, the size is then estimated.

Therefore, we track part center locations independent of their

scale, the part center estimate is then translated back to the

expected center of the object and scale is then estimated.

Therefore, for ECO and CF2 we can estimate the scale of

the entire object, and hence sr set to 1, due to the fact that

translation and scaling are handled separately for these base-

trackers. In the case of SAMF, setting sr to 1 would result

in poor results, as translation and scaling are handled jointly.

Further details of these matrices, which are set based upon

part initialization, will be discussed in the Section III-C. The

estimated location and size of the entire object based on each

part is:

Cp(i)
t = cp(i)

t ∗ Mi (8)

where cp(i)
t = [pi1; pi2; tszi1; tszi2]. pi1, and pi2 are the x

and y locations of the i th part, respectively, and tszi1 and tszi2
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are the width and height estimates of the i th part at time t ,

respectively. The center location and size of the entire object

is then estimated as:

ct =

N
∑

i=1

Cp(i)t ∗ ŵp(i)
t . (9)

Finally, the location and size of a part at time t is:

cp(i)
t =

⎧

⎪

⎨

⎪

⎩

ct ∗ M−1
i , if(wp(i)

t < β

∨� f p(i)
t >= κ)

cp(i)
t , otherwise

(10)

where β and κ are bounds on the normalized confidence and

variance of the confidence over the part and global trackers.

These bounds on β and κ determine when to correct the

estimate of the parts and global trackers. In other words,

our selective parts-based approach adds four parameters to

any base-tracking approach. However, as will be discussed in

Section III-D, we propose a novel method for autonomously

selecting these parameters, as well as other parameters that

might be important to the base-tracking approach. The top line

of Eq. (10) includes the re-assigning of unreliable parts based

on the center location and size determined by the consensus

for time t . While previous techniques use reliability to weigh

the estimation of a center location, the correction for these

other parts-based approaches re-assigns the global location at

every frame. Our results show that this can gradually cause

corruption of both the location estimate and the appearance

model of the global and local parts. This was also a similar

finding, as was observed by [57], and the reasoning behind

not optimizing every frame. With our correction approach

specified in Eq. (10), our entire parts-based approach is

presented in Algorithm 1. While our approach accounts for

translation and scaling, it is important to note that our parts-

based approach could be improved with rotation estimation.

However, not accounting for rotation in our center location

estimation and updating of our parts does not mean that the

approach will not work in rotation based scenarios, as we

only update when there are tracking failures. An approach for

estimating rotation will be explored in future work to account

for a revised correction during rotation.

Fig. 2. (a) Example of rectangular part initialization (b) Example of diamond
part initialization

C. Initialization of Parts

Our first attempt at initializing the location of each part

was static or fixed [56]. That is, there was no consideration of

whether or not the initialized part was actually on the object to

be tracked, outside of whether the center location was within

the provided bounding box of the object. As can be seen in

Fig. 2(b), in the case of SAMF we statically initialized the

parts in a diamond shape around the object center, and for the

other two base tracking approaches, the fixed initialization was

in a rectangular pattern around the center of the object as seen

in Fig. 2(a). Once again, the reason for this difference, is that

in the case of HoG the parts needed to be at a more central

location on the object. As explained previously, the estimation

of location and scale for SAMF is performed differently than

for ECO and CF2, also making the requirements of a part to

be a region closer to the center of the object. The rectangular

pattern tended to be closer to the edges of the object. The

diamond pattern was more central as all the ground truth boxes

are oriented as shown in 2.

In order to avoid this fixed way of initialization, and make a

smarter overall decision on part initialization, we implemented

an approach that leverages the use of image segmentation. The

idea is that using segmentation would not only enable location

diversity of the parts, but also appearance diversity when a part

is initialized per each distinct segment.

The segmentation used is the efficient graph-based image

segmentation proposed by Felzenszwalb et al. [60]. Felzen-

szwalb et al. [60] consider the segmentation of an image as

a graph, where the vertices are the pixels, and the weight

of an edge is a measure of dissimilarity between the pixels

connected by an edge. Each pixel initially starts as its own

component or segmented region. The magnitude of a weighted

edge is defined as the absolute intensity difference between

the pixel intensities at each pixel. The internal difference of

a segment can then be defined as the maximum weighted

edge that is in the minimum spanning tree of the component.

Components are then iteratively merged using the greedy

decision that if the weight of two vertices connecting two

disjoint components is small compared to the the internal

difference of these components. If the images are color images,

then this approach is performed separately in each of the red,

green, and blue channels, and the intersection of the three

components is taken as the final segmentation.

With this segmentation, the segments are now analyzed

based on whether these segments intersect the bounding box
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Fig. 3. First two cols are resulting bounding boxes on select frames for the same video; The third and fourth cols are the precision and success rate a plots
for each of these videos respectively; The bounding box colors and plot colors are Green: Ours Red: STAPLE Black:SDRCF Blue:SAMF Brown: ECO Teal:
CF2 Pink: DeepSRDCF Yellow:Truth; The sequences are human2, panda, sylvester, and woman;

Fig. 4. Example centroid not within segment; (Left) Original Image, (Middle)
Segmentation, (Right) Circle is the centroid of the segment and star is the
mean of the points along the ray that intersect the segment

of the object. If the segment intersects the bounding box of the

object, then the centroid of the segmentation is computed. This

centroid, which is the mean of the pixel values of a segment,

is rounded to the nearest whole integer value. If the centroid

is within the segment and within the bounding box, then this

is considered a potential initialized part. If the centroid is not

within the segment, as shown in Fig. 4, then further processing

is done to find the closest point that is within the segment. To

determine whether or not a centroid is within the segment

we test whether the pixel value of the centroid is within the

segment pixel list. To do this, we compute the closest point

on the edge of the segmented region, and create a linear ray

through this point and the segment. Next, we compute all

the points along the ray that intersect the polygon and take

the mean of these points, as shown in Fig. 4. We now check

that this potential centroid is within the object bounding box.

Given our list of potential centroids, we now take the potential

points to track as the centroids of the four largest segments

with centroids that are within the bounding box of the object.

If there are not four centroids, then the remaining parts are

initialized using our static scheme. The size of a part remains

as described in Section III-B.
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TABLE I

OOTB CHALLENGES SUCCESS RATE OVERLAP(AUC) / OOTB CHALLENGES SUCCESS RATE IMPROVEMENT COMPARED TO BASE-TRACKER (AUC)

TABLE II

OOTB CHALLENGES PRECISION(AUC) / OOTB CHALLENGES PRECISION IMPROVEMENT COMPARED TO BASE-TRACKER (AUC)

TABLE III

TB-100 CHALLENGES SUCCESS RATE AT OVERLAP (AUC) / TB-100 CHALLENGES SUCCESS RATE PERCENTAGE IMPROVEMENT COMPARED TO BASE-
TRACKER (AUC)

D. Autonomous Parameter Selection via a Genetic Algorithm

As shown by the experimental results, while our selective

parts-based approach improves the tracking performance, it

also adds four new tracking parameters to any base tracker.

While these four parameters, λ, α, β, κ , induced by our pro-

posed approach, can be hand-tuned by the existing works for

the tracking parameters of the base-trackers, we propose a

novel approach for autonomously setting these parameters.

The approach that we propose is a genetic algorithm-based

search of these parameters using the quality of results on

a very small subset of a given video dataset. There have

been other works proposing such offline training as well. For
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TABLE IV

TB-100 CHALLENGES PRECISION (AUC) / TB-100 CHALLENGES PRECISION IMPROVEMENT COMPARED TO BASE-TRACKER (AUC)

instance, MDNet [9] also performs offline training using video

sequences from the Visual Object Tracking (VOT) dataset. In

contrast to the 50 sequences used in MDNet [9], we only use

ten or fewer sequences to autonomously select our tracking

parameters for our results. Furthermore, we use a higher level

evaluation of how well a specific set of parameters performs

than on a frame-based level. This tuning of the parameters

of a tracking algorithm has so far been tediously done by

hand by the respective authors of each of the base trackers we

compare to. To the best of our knowledge, we are the first to

propose this approach of automated tuning for base tracking

parameters to include learning rate and search region of the

image, as well as for selecting the best parameters for our

selective parts-based approach.

To model our parameter search as a problem to be addressed

by a genetic algorithm, we consider genes that are composed

of potential values related to our tracking approach. In our

case, we employed this technique for the ECO tracker, and

argue that this approach would extend to our other selective

parts-based tracking with different base tracking approaches

as well. The gene is composed of potential values for the

parameters of our selective parts-based approach (α, β, λ,

κ), as well as the ECO learning rate (lr ) and search area

multiplier (sm). The initial population of genes is set based

on randomly selected values for the parameters within the fol-

lowing ranges:0.1 ≤ α ≤ 0.2,0.1 ≤ β ≤ 0.2, 0.1 ≤ γ ≤ 0.2,

0.1 ≤ κ ≤ 0.2, 0.001 ≤ lr ≤ 0.1, 0.1 ≤ sm ≤ 0.2. We employ

a genetic algorithm with crossover and mutation. Mutation is

performed by randomly selecting which element of a gene

to select and then randomly choosing a possible value in

the initialized ranges. Crossover is implemented by randomly

selecting a location in the genome at which to combine two

genomes. We tested two different fitness functions within our

experiments. The first fitness function was composed solely of

the average success rate at 0.5 bounding box overlap over a

set of ten or fewer sequences. This first fitness function was

successful in achieving the best overall results for all but the

VOT-2016 dataset. For the challenging VOT-2016 dataset we

present results with two experiments. The first experiment is

where the fitness function is optimized only for success rate or

overlap. The second experiment is where the fitness function is

composed of both the average success rate at 0.5 bounding box

overlap and the average precision at an error of center location

of 20 pixels over ten or fewer sequences. The combination

used for the second fitness function was the average of the

precision and overlap metrics. The genetic algorithm is then

optimized over this sequence-based criteria in order to find

the best parameters to select for our tracking approach. The

population size includes 10 potential sets of parameters. We

iterate over 10 possible generations of the population. At each

generation, the algorithm chooses the best genes to combine

and mutate into offspring in the next generation. This method

gradually focuses in on the parameters that yield the best

results in terms of our fitness function. As will be shown in

Section IV, even with randomly initialized genome values,

this approach results in a set of tracking parameters providing

higher accuracy than the manually-tuned values.

IV. EXPERIMENTAL RESULTS

To evaluate our approach we use three visual tracking

benchmarks [66], [67], and [68]. As part of these benchmarks,

two main metrics are used. The first is precision or a measure

of accuracy based on the location error of the center of the

detected object. The other metric used is a success rate metric

or a measure of the accuracy based on an overlap threshold.

This overlap threshold is computed, as in the object detection

area, as the area of intersection of the ground truth and

detected bounding box divided by the area of the union of

the ground truth and detected bounding box (intersection over

union (IOU) metric).

The first benchmark dataset we use is the CVPR2013

dataset [66]. This dataset will henceforth be referred to as

the OOTB (online object tracking benchmark) 50 dataset,

which contains a total of 50 video sequences. Another dataset

we will evaluate against is the CVPR2015 [67] dataset that

contains a total of 100 sequences and referred to as the TB-100
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TABLE V

NON-ENSEMBLE APPROACHES: OOTB (50 SEQS), TB-100 (100 SEQS),
VOT-2016 (60 SEQS) CHALLENGE PRECISION AND OVERLAP (AUC);

FIRST 6 RESULT COLUMNS ARE RESULTS WITH GENETIC ALGO-
RITHM OPTIMIZED ON SOLELY OVERLAP; THE VOT-2016

EXP. 1 RESULTS COLUMNS REPRESENT RESULTS OPTI-
MIZED SOLELY ON OVERLAP; THE VOT-2016 EXP.

2 RESULTS COLUMNS REPRESENT RESULTS WITH

GENETIC ALGORITHM OPTIMIZED WITH OVERLAP

AND PRECISION.

TABLE VI

ENSEMBLE APPROACHES: OOTB* (49 SEQS) AND TB-100* (94 SEQS)
CHALLENGE PRECISION AND OVERLAP (AUC)

dataset. The TB-100 dataset is an extended version of OOTB,

and contains additional videos. We also evaluate based on

the eleven identified subcategories within each dataset. These

subcategories include illumination variation (IV), scale varia-

tion (SV), occlusion (OCC), deformation (DEF), motion blur

(MB), fast motion (FM), in-plane rotation (IPR), out-of-plane

rotation (OPR), out-of-view (OV), background clutter (BC),

and low resolution (LR). Finally, in our overall comparison

we also use the VOT2016 dataset [68]. We use these datasets,

to leverage results of a larger number of published work for

comparison, and present the results in Sections IV-A and IV-B.

In addition to the base-tracking approaches that we use in

our analysis, we compare our approach with several other

state-of-the-art base trackers. These other trackers to which

we evaluate against include two ensemble based approaches,

namely Deformable Parts Correlation Filtering (DPCF) [40]

and a Diversified Ensemble Discriminative Tracker (DEDT)

[49].

Tables I and II summarize the results comparing our work

using fixed and segmentation based initialization with three

base trackers on the OOTB dataset. Tables III and IV extend

this analysis to the larger TB-100 dataset and provide results

with genetic algorithm based autonomous parameter selection.

Table V then compares our proposed selective parts-based

tracker with segmentation initialization and autonomous para-

meter selection to eight other tracking approaches. Finally,

Table VI compares our approach to two other parts-based

tracking approaches, including one published very recently.

The reason for the differing number of sequences and datasets

across Tables V and VI is that these were based on the openly

available, published results of [40] and [49].

A. 2013 Visual Tracker Benchmark

The first dataset that we evaluate against is the 50 sequence

OOTB dataset [66]. On the OOTB dataset, we compare our

proposed approach with a total of eight trackers in terms of

precision based on the area under the curve (AUC) of pixel

center accuracy and AUC of the overlap accuracy. As can be

seen in Table V, our proposed approach excels overall in both

overlap accuracy and center error accuracy.

As stated in [66], when it comes to performance compar-

ison, taking the success rate at a single point with a certain

overlap value, is not as robust as comparing the area under the

curve (AUC) values. Tables I and II provide the AUC results

on the OOTB dataset for both precision and overlap over the

11 video subcategories mentioned above. To demonstrate the

benefits of our approach, we show both the raw accuracies

in Tables I and II and the amount over which our approach

improved each of the base tracking approaches. It should be

noted that Tables I and II are results obtained with hand-tuned

parameters. The parameters used for the base-tracker were

those prescribed by their respective authors and hand-tuned

by those authors as published. The parts-based parameters

for the results in Tables I and II were for SEL_ECO_SI,

α = 0.10, γ = 0.20, β = 0.175, κ = 0.18, for SEL_ECO_FI

the parts-based parameters were the same as SEL_ECO_SI,

lr = 0.0004, and sm = 3.5, for SEL_CF2_SI, α = 0.08,

γ = 0.20, β = 0.15, κ = 0.25, for SEL_CF2_FI, α = 0.08,

γ = 0.20, β = 0.15, and κ = 0.05, and for SEL_SAMF_FI

α = 0.15, γ = 0.20, β = 0.18, and κ = 0.15. The naming

notation is SEL_{SAMF, CF2, ECO}_{FI,SI} where SEL

refers to our parts-based tracking approach, {SAMF, CF2,

ECO} refers to the base-tracking approach used, FI refers

to fixed initialization, and SI is our proposed segmentation-

aided initialization approach. It can be seen that our proposed

approach outperforms these state-of-the-art trackers in all 11

video subcategories. Moreover, our technique also has the best

overall AUC for both success rate and precision.

Our approach appears to have a significant impact particu-

larly on occlusion and out of view scenarios. In the out-of-view

scenario, our approach improves all base trackers by at least

3% for overlap accuracy. From Tables I and II, we also demon-

strate the positive impact of of our proposed autonomous

approach for parts’ initialization that is based on segmentation.

With all base-trackers, this automated initialization was better

than the fixed initialization counterpart. Finally, these results

as well as the results that will be discussed in Section IV-

B demonstrate that our approach is flexible across numerous

trackers. Ensemble-based approaches such as those shown in

Table VI, rarely demonstrate this flexibility.
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B. 2015 Visual Tracker Benchmark

The second dataset that we use for comparison is the CVPR

2015 visual tracker benchmark. This benchmark contains 50

additional videos, on top of the OOTB baseline. We will call

this dataset the TB-100 dataset. To demonstrate the benefit

of our approach, we show both the raw accuracies in Tables

III and IV, as well as the amount by which our approach

improved each of the base tracking approaches. It should be

noted that to get the results in Tables III and IV, we employed

our automated, GA-based parameter selection approach. The

naming notation is the same as discussed previously, except

to distinguish our autonomous parameter tuning and selection

results, we add _AP to the end of our naming convention. The

parameters used are the same, with the exception of the results

annotated with _AP , as these parameters were selected with

the autonomous genetic algorithm-based parameter selection.

For the SEL_ECO_SI_AP results the parameters are α = 0.19,

γ = 0.06, β = 0.19, κ = 0.17, lr = 0.004, and sm = 3.2,

and for the SEL_ECO_FI_AP the parameters are α = 0.16,

γ = 0.20, β = 0.09, κ = 0.19, lr = 0.01, and sm = 4.2. The

number of videos used to evaluate the genetic algorithm

objective function were only a total of nine.

Table III demonstrates that our approach with automated

part initialization improves even the best and state-of-the-art

ECO base tracking approach in terms of success rate. Table

III also shows that this improvement in success rate is over all

categories, with the exception of fast motion. As can be seen

in Tables III and IV with our segmentation-based initialization

and no autonomous parameter selection our proposed approach

improves on the ECO tracker across 10 of 11 challenging

tracking scenarios for success rate and 8 of 11 challenging

tracking scenarios for precision. For the fixed initialization

with autonomous parameter selection the results are similar,

with an improvement across 9 of 11 challenging tracking sce-

narios with respect to success rate and precision. Furthermore,

it is also evident from Tables III and IV that the segmentation-

initialized parts once again excel over the fixed initialization,

especially with respect to precision in the center accuracy.

Therefore, our results show that our selective parts-based

approach enables pro-longed tracking despite different initial-

izations, hence improving the overlap or success rate, and that

segmentation-initialized locations are more robust locations

to track. This statement on the robustness of segmentation-

initialized locations can also be supported by an analysis of the

evaluations done for the automated parameter selection. That

is, for this automated parameter selection, over 100 different

parameter combinations were used on nine separate videos.

The mean success rate across all 100 parameter combinations

at overlap threshold 0.5 for the fixed initialization is 0.42,

whereas the mean success rate observed for the segmentation

initialized parts is 0.52. This would also indicate the robustness

of a segmentation-initialized parts approach versus a fixed

initialization method.

Also in Tables III and IV we show the results of our selec-

tive parts-based approach with our proposed genetic algorithm-

based automated parameter selection. We show results for both

the segmentation initialized parts and fixed initialization. It is

clear that the initial results for fixed initialization were an

artifact of the hand-tuned parameters. That is, with automated

parameter selection, even with fixed initialization for the ECO

base-tracker, we improve the results on average from 79.8%

to 80.8% and from 66.6% to 67.2% for center precision and

success rate, respectively. Overall, the best results are for the

segmentation-intialized parts, once again indicating these parts

are more robust parts to track, compared to parts initialized

based only on relative proximity to the initial centroid location

given in the first frame.

We also demonstrate the stability of our approach in the

overall comparison in Table V, where the overall average

precision is stable across the results for OOTB and TB-100.

Tables V and VI also once again demonstrate the benefit of our

parts based approach compared to state-of-the-art trackers. We

also compared to a 2018 DEDT ensemble based approach and

outperformed this approach in precision by 5.1% and 4.3% for

average precision and overlap, respectively.

C. Visual Object Tracking (VOT)-2016 Data

We also performed a comparison on the Visual Object

Tracking 2016 challenge dataset by using autonomous

segmentation-aided initialization of the parts and autonomous,

GA-based choice of the tracking parameters. This dataset

consists of 60 total videos and the total number of videos

used for the autonomous parameter selection is eight. The

parameter values for the VOT-2016 results are α = 0.20,

γ = 0.07, β = 0.18, κ = 0.1, lr = 0.014, and sm = 3.3.

Table V demonstrates that our approach improves the accuracy

in terms of overlap from 46.8% to 48.0% and precision

from 61.3% to 62.0% over the ECO base tracking approach.

This is the only case in which our genetic algorithm based

parameter selection required our objective to include both

precision and success rate to see improvement on both met-

rics. Additionally, our approach is competitive in terms of

computational comparison. Currently, we run the N parts-

based trackers independently, making the approach a perfect

fit for parallelization. When running N parts-based trackers in

parallel, the overhead introduced by our selective approach to

tracker correction is minimal. This is supported by our results,

with an average of 2 frames per second over all sequences,

when running the five parts-based trackers in a series fashion,

while the base ECO tracker was on average approximately 9

frames per second. Analysis of this speed makes sense, since

our approach does not add a large amount of overhead in the

correction decisions. With a serial implementation, the average

frames per second of our approach is approximately 1/N the

speed of the base tracker. This speed ratio also held true for the

other datasets when running the parts-based trackers in serial.

Thanks to no inter-track dependencies across our parts-based

trackers, with the appropriate hardware, the implementation

would see a negligible speed impact when parts-based trackers

are run in parallel.

To also explore the stability in the autonomous parameter

selection, we have computed the results where optimization

of the parameters is done over three different subsets of

8 randomly selected video sequences. In this scenario, we
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also used the optimization over both precision and overlap.

The average of these three trials are a SEL_ECO_SI_AP

precision of 61.4% and an overlap of 47.6%, improving over

the ECO base-tracker in both precision and overlap. This

demonstrates that the results chosen with our autonomous

genetic algorithm are relatively stable over different video

sequence optimizations.

V. CONCLUSION

In this paper, we have presented a new, selective parts-

based correlation filter tracking approach that exceeds state-

of-the-art performance on overall location precision and over-

lap success rate on three standard benchmark datasets. We

have shown that our proposed selective parts-based tracker

is particularly adept at handling challenging scenarios. Addi-

tionally, we have proposed autonomous segmentation-based

initialization and autonomous genetic algorithm-based para-

meter optimization techniques. Together, our selective consen-

sus tracker, segmentation-based initialization, and autonomous

genetic algorithm-based parameter selection improve the per-

formance across three base-tracking approaches and produces

state-of-the-art performance compared to other trackers. We

have shown that segmentation-initialized parts provide more

robust locations to track. Furthermore, we have shown that

a genetic algorithm-based parameter selection provides an

automated means for optimizing precision and success rate.

Finally, we have demonstrated that a selective consensus

approach is preferred over other parts-based approaches that

use a consensus at every frame. In other words, by relying

on the base-tracker when it is deemed accurate based on the

consensus, instead of diluting tracks at every time step, we are

able to achieve improved results. In the case of occlusions,

one of the main reasons for using a parts-based approach, our

approach consistently achieves the best performance. It is due

to the ability to handle occlusion and not dilute decisions with

incorrect parts, that our proposed approach enables state-of-

the-art performance.
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