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Abstract

In this paper, we address the problem of learning an
adaptive appearance model for object tracking. In partic-
ular, a class of tracking techniques called �tracking by de-
tection� have been shown to give promising results at real-
time speeds. These methods train a discriminative classi�er
in an online manner to separate the object from the back-
ground. This classi�er bootstraps itself by using the cur-
rent tracker state to extract positive and negative examples
from the current frame. Slight inaccuracies in the tracker
can therefore lead to incorrectly labeled training examples,
which degrades the classi�er and can cause further drift.
In this paper we show that using Multiple Instance Learn-
ing (MIL ) instead of traditional supervised learning avoids
these problems, and can therefore lead to a more robust
tracker with fewer parameter tweaks. We present a novel
onlineMIL algorithm for object tracking that achieves su-
perior results with real-time performance.

1. Introduction

Object tracking has many practical applications (e.g.
surveillance, HCI) and has long been studied in computer
vision. Although there has been some success with building
domain speci�c trackers (e.g. faces [6], humans [16]), track-
ing generic objects has remained very challenging. Gener-
ally there are three components to a tracking system: image
representation (e.g. �lter banks [17], subspaces [21],etc.),
appearance model, and motion model; although in some
cases these components are merged. In this work we fo-
cus mainly on the appearance model since this is usually
the most challenging to design.

Although many tracking methods employ static appear-
ance models that are either de�ned manually or trained us-
ing the �rst frame [16, 8, 1], these methods tend to have
dif�culties tracking objects that exhibit signi�cant appear-
ance changes. It has been shown that in many scenarios
an adaptive appearance model, which evolves during the
tracking process as the appearance of the object changes,
is the key to good performance [17, 21]. Another choice in
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Figure 1. Updating a discriminative appearance model:(A) Using a
single positive image patch to update a traditional discriminative classi�er.
The positive image patch chosen does not capture the object perfectly. (B)
Using several positive image patches to update a traditional discriminative
classi�er. This can confuse the classi�er causing poor performance. (C)
Using one positive bag consisting of several image patches to update a MIL
classi�er. See Section 3 for empirical results of these three strategies.

the design of appearance models is whether to model only
the object [5, 21], or both the object and the background
[18, 14, 19, 4, 3, 24, 7]. Many of the latter approaches have
shown that training a model to separate the object from the
background via a discriminative classi�er can often achieve
superior results. Because these methods have a lot in com-
mon with object detection they have been termed �tracking
by detection�. In particular, the recent advances in face de-
tection [22] have inspired some successful real-time track-
ing algorithms [14, 19].

A major challenge that is often not discussed in the liter-
ature is how to choose positive and negative examples when
updating the adaptive appearance model. Most commonly
this is done by taking the current tracker location as one
positive example, and sampling the neighborhood around
the tracker location for negatives. If the tracker location is
not precise, however, the appearance model ends up getting
updated with a sub-optimal positive example. Over time
this can degrade the model, and can cause drift. On the
other hand, if multiple positive examples are used (taken
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learning approaches, where a single example is considered
independent from other examples [1]. This opens interest-
ing questions of how to effectively exploit the information
in the video during learning.

The second contribution of the paper is the new learning
paradigm called P-N learning. The detector is evaluated in
every frame of the video. Its responses are analyzed by two
types of “experts”: 1) P-expert—recognizes missed detec-
tions, and 2) N-expert—recognizes false alarms. The
estimated errors augment a training set of the detector,
and the detector is retrained to avoid these errors in the
future. As with any other process, the P-N experts are also
making errors themselves. However, if the probability of an
expert’s error is within certain limits (which will be
analytically quantified), the errors are mutually compen-
sated, which leads to stable learning.

The third contribution is the implementation. We show
how to build a real-time long-term tracking system based on
the TLD framework and the P-N learning. The system tracks,
learns, and detects an object in a video stream in real time.

The fourth contribution is the extensive evaluation of the
state-of-the-art methods on benchmark data sets, where our
method achieved saturated performance. Therefore, we
have collected and annotated new, more challenging data
sets, where a significant improvement over state of the art
was achieved.

The rest of the paper is organized as follows: Section 2
reviews the work related to the long-term tracking. Section 3
introduces the TLD framework and Section 4 proposes the
P-N learning. Section 5 comments on the implementation of
TLD. Section 6 then performs a number of comparative
experiments. The paper finishes with contributions and
suggestions for future research.

2 RELATED WORK

This section reviews the related approaches for each of the
component of our system. Section 2.1 reviews the object
tracking with the focus on robust trackers that perform
online learning. Section 2.2 discusses the object detection.
Finally, Section 2.3 reviews relevant machine learning
approaches for training of object detectors.

2.1 Object Tracking

Object tracking is the task of estimation of the object motion.
Trackers typically assume that the object is visible through-
out the sequence. Various representations of the object are
used in practice, for example, points [2], [3], [4], articulated
models [5], [6], [7], contours [8], [9], [10], [11], or optical flow
[12], [13], [14]. Here, we focus on the methods that represent

the objects by geometric shapes and their motion is estimated

between consecutive frames, i.e., the so-called frame-to-

frame tracking. Template tracking is the most straightfor-

ward approach in that case. The object is described by a

target template (an image patch, a color histogram) and the

motion is defined as a transformation that minimizes

mismatch between the target template and the candidate

patch. Template tracking can be either realized as static [15]

(when the target template does not change) or adaptive [2],

[3] (when the target template is extracted from the previous

frame). Methods that combine static and adaptive template

tracking have been proposed [16], [17], [18] as well as

methods that recognize “reliable” parts of the template [19],

[20]. Templates have limited modeling capabilities as they

represent only a single appearance of the object. To model

more appearance variations, the generative models have

been proposed. The generative models are either built offline

[21] or during runtime [22], [23]. The generative trackers

model only the appearance of the object and, as such, often

fail in cluttered background. In order to alleviate this

problem, recent trackers also model the environment where

the object moves. Two approaches to environment modeling

are often used. First, the environment is searched for

supporting the object motion, which is correlated with the

object of interest [24], [25]. These supporting objects then

help in tracking when the object of interest disappears from

the camera view or undergoes a difficult transformation.

Second, the environment is considered as a negative class

against which the tracker should discriminate. A common

approach of discriminative trackers is to build a binary

classifier that represents the decision boundary between the

object and its background. Static discriminative trackers [26]

train an object classifier before tracking, which limits their

applications to known objects. Adaptive discriminative

trackers [27], [28], [29], [30] build a classifier during tracking.

The essential phase of adaptive discriminative trackers is the

update: The close neighborhood of the current location is used

to sample positive training examples, distant surrounding of

the current location is used to sample negative examples, and

these are used to update the classifier in every frame. It has

been demonstrated that this updating strategy handles

significant appearance changes, short-term occlusions, and

cluttered background. However, these methods also suffer

from drift and fail if the object leaves the scene for longer than

expected. To address these problems, the update of the

tracking classifier has been constrained by an auxiliary

classifier trained in the first frame [31] or by training a pair of

independent classifiers [32], [33].
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Fig. 1. Given a single bounding box defining the object location and extent in the initial frame (LEFT), our system tracks, learns, and detects the
object in real time. The red dot indicates that the object is not visible.
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image to localize all appearances that have been observed
and learned in the past. As with any other detector, the
detector makes two types of errors: false positives and false
negative. Learning observes the performance of both tracker
and detector, estimates detector’s errors, and generates
training examples to avoid these errors in the future. The
learning component assumes that both the tracker and the
detector can fail. By virtue of the learning, the detector
generalizes to more object appearances and discriminates
against background.

4 P-N LEARNING

This section investigates the learning component of the TLD
framework. The goal of the component is to improve the
performance of an object detector by online processing of a
video stream. In every frame of the stream we wish to
evaluate the current detector, identify its errors, and update
it to avoid these errors in the future. The key idea of P-N
learning is that the detector errors can be identified by two
types of “experts.” P-expert identifies only false negatives,
N-expert identifies only false positives. Both of the experts
make errors themselves; however, their independence
enables mutual compensation of their errors.

Section 4.1 formulates the P-N learning as a semi-
supervised learning method. Section 4.2 models the P-N
learning as a discrete dynamical system and finds condi-
tions under which the learning guarantees improvement of
the detector. Section 4.3 performs several experiments with
synthetically generated experts. Finally, Section 4.4 applies
the P-N learning to training object detectors from video and
proposes experts that could be used in practice.

4.1 Formalization

Let x be an example from a feature space X and y be a label
from a space of labels Y ¼ f�1; 1g. A set of examples X is
called an unlabeled set, Y is called a set of labels, and L ¼
fðx; yÞg is called a labeled set. The input to the P-N learning
is a labeled set Ll and an unlabeled set Xu, where l � u.
The task of P-N learning is to learn a classifier f : X ! Y
from labeled set Ll and bootstrap its performance by the
unlabeled set Xu. Classifier f is a function from a family F
parameterized by �. The family F is subject to implemen-
tation and is considered fixed in training, the training
therefore corresponds to estimation of the parameters �.

The P-N learning consists of four blocks.

1. A classifier to be learned.
2. Training set—a collection of labeled training examples.

3. Supervised training—a method that trains a classifier
from a training set.

4. P-N experts—functions that generate positive and
negative training examples during learning. See
Fig. 3 for illustration.

The training process is initialized by inserting the labeled
set L to the training set. The training set is then passed to
supervised learning, which trains a classifier, i.e., estimates
the initial parameters �0. The learning process then
proceeds by iterative bootstrapping. In iteration k, the
classifier trained in previous iteration classifies the entire
unlabeled set, yk

u ¼ fðxuj�k�1Þ for all xu 2 Xu. The classifi-
cation is analyzed by the P-N experts, which estimate
examples that have been classified incorrectly. These
examples are added with changed labels to the training
set. The iteration finishes by retraining the classifier, i.e.,
estimation of �k. The process iterates until convergence or
other stopping criterion.

The crucial element of P-N learning is the estimation of the
classifier errors. The key idea is to separate the estimation of
false positives from the estimation of false negatives. For this
reason, the unlabeled set is split into two parts based on the
current classification and each part is analyzed by an
independent expert. P-expert analyzes examples classified
as negative, estimates false negatives, and adds them to
training set with positive label. In iteration k, P-expert
outputs nþðkÞ positive examples. N-expert analyzes examples
classified as positive, estimates false positives, and adds
them with negative label to the training set. In iteration k, the
N-expert outputs n�ðkÞ negative examples. The P-expert
increases the classifier’s generality. The N-expert increases
the classifier’s discriminability.

Relation to supervised bootstrap. To put the P-N learning
into broader context, let us consider that the labels of set Xu

are known. Under this assumption it is straightforward to
recognize misclassified examples and add them to the
training set with correct labels. Such a strategy is commonly
called (supervised) bootstrapping [56]. A classifier trained
using such supervised bootstrap focuses on the decision
boundary and often outperforms a classifier trained on
randomly sampled training set [56]. The same idea of
focusing on the decision boundary underpins the P-N
learning with the difference that the labels of the set Xu are
unknown. P-N learning can therefore be viewed as a
generalization of standard bootstrap to an unlabeled case
where labels are not given but rather estimated using the P-N
experts. As with any other process, the P-N experts also make
errors by estimating the labels incorrectly. Such errors
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Fig. 3. The block diagram of the P-N learning.Fig. 2. The block diagram of the TLD framework.

Authorized licensed use limited to: University of Washington Libraries. Downloaded on November 26,2021 at 00:59:19 UTC from IEEE Xplore.  Restrictions apply. 

example. N-expert identifies a maximally confident patch
(denoted by a red star) and labels all other detections as
negative. Notice that the N-expert is discriminating against
another car and, in addition, corrected the error made by
the P-expert in time t þ 2.

5 IMPLEMENTATION OF TLD

This section describes our implementation of the TLD
framework. The block diagram is shown in Fig. 8.

5.1 Prerequisites

At any time instance, the object is represented by its state.
The state is either a bounding box or a flag indicating that
the object is not visible. The bounding box has a fixed aspect
ratio (given by the initial bounding box) and is parameter-
ized by its location and scale. Other parameters such as in-
plane rotation are not considered. Spatial similarity of two
bounding boxes is measured using overlap, which is defined
as a ratio between intersection and union.

A single instance of the object’s appearance is repre-
sented by an image patch p. The patch is sampled from an
image within the object bounding box and then is
resampled to a normalized resolution (15 � 15 pixels)
regardless of the aspect ratio. Similarity between two
patches pi; pj is defined as

Sðpi; pjÞ ¼ 0:5ðNCCðpi; pjÞ þ 1Þ; ð5Þ

where NCC is a Normalized Correlation Coefficient.
A sequence of object states defines a trajectory of an object

in a video volume as well as the corresponding trajectory in
the appearance (feature) space. Note that the trajectory is
fragmented as the object may not be visible.

5.2 Object Model

Object model M is a data structure that represents the object
and its surrounding observed so far. It is a collection of
positive and negative patches, M ¼ fpþ

1 ; pþ
2 ; . . . ; pþ

m; p�
1 ;

p�
2 ; . . . ; p�

n g, where pþ and p� represent the object and
background patches, respectively. Positive patches are
ordered according to the time when the patch was added
to the collection. pþ

1 represents the first positive patch added
to the collection, pþ

m is the positive patch added last.
Given an arbitrary patch p and object model M, we

define several similarity measures.

1. Similarity with the positive nearest neighbor,
Sþðp; MÞ ¼ maxpþ

i 2MSðp; pþ
i Þ.

2. Similarity with the negative nearest neighbor,
S�ðp; MÞ ¼ maxp�

i 2MSðp; p�
i Þ.

3. Similarity with the positive nearest neighbor con-
sidering 50 percent earliest positive patches,
Sþ

50%ðp; MÞ ¼ maxpþ
i 2M^i<m

2
Sðp; pþ

i Þ.
4. Relative similarity, Sr ¼ Sþ

SþþS� . Relative similarity
ranges from 0 to 1, higher values mean more
confident that the patch depicts the object.

5. Conservative similarity, Sc ¼ Sþ
50%

Sþ
50%

þS� . Conservative

similarity ranges from 0 to 1. High value of Sc mean

more confidence that the patch resembles appear-

ance observed in the first 50 percent of the positive

patches.

Nearest neighbor classifier. The similarity measures
ðSr; ScÞ are used throughout TLD to indicate how much
an arbitrary patch resembles the appearances in the
model. The Relative similarity is used to define a nearest
neighbor classifier. A patch p is classified as positive if
Srðp; MÞ > �NN; otherwise the patch is classified as negative.
A classification margin is defined as Srðp; MÞ � �NN.
Parameter �NN enables tuning the NN classifier either
toward recall or precision.

Model update. To integrate a new labeled patch to the
object model we use the following strategy: The patch is
added to the collection only if the its label estimated by NN
classifier is different from the label given by the P-N
experts. This leads to a significant reduction of accepted
patches at the cost of coarser representation of the decision
boundary. Therefore, we improve this strategy by also
adding patches where the classification margin is smaller
than �. With larger �, the model accepts more patches
which leads to better representation of the decision
boundary. In our experiments, we use � ¼ 0:1, which
compromises the accuracy of representation and the speed
of growing of the object model. Exact setting of this
parameter is not critical.

5.3 Object Detector

The detector scans the input image by a scanning window
and for each patch decides about the presence or absence
of the object.

Scanning-window grid. We generate all possible scales
and shifts of an initial bounding box with the following
parameters: scales step ¼ 1:2, horizontal step ¼ 10 percent

KALAL ET AL.: TRACKING-LEARNING-DETECTION 1415

Fig. 7. Illustration of the examples output by the P-N experts. The third
row shows error compensation.

Fig. 8. Detailed block diagram of the TLD framework.
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example. N-expert identifies a maximally confident patch
(denoted by a red star) and labels all other detections as
negative. Notice that the N-expert is discriminating against
another car and, in addition, corrected the error made by
the P-expert in time t þ 2.

5 IMPLEMENTATION OF TLD

This section describes our implementation of the TLD
framework. The block diagram is shown in Fig. 8.

5.1 Prerequisites

At any time instance, the object is represented by its state.
The state is either a bounding box or a flag indicating that
the object is not visible. The bounding box has a fixed aspect
ratio (given by the initial bounding box) and is parameter-
ized by its location and scale. Other parameters such as in-
plane rotation are not considered. Spatial similarity of two
bounding boxes is measured using overlap, which is defined
as a ratio between intersection and union.

A single instance of the object’s appearance is repre-
sented by an image patch p. The patch is sampled from an
image within the object bounding box and then is
resampled to a normalized resolution (15 � 15 pixels)
regardless of the aspect ratio. Similarity between two
patches pi; pj is defined as

Sðpi; pjÞ ¼ 0:5ðNCCðpi; pjÞ þ 1Þ; ð5Þ

where NCC is a Normalized Correlation Coefficient.
A sequence of object states defines a trajectory of an object

in a video volume as well as the corresponding trajectory in
the appearance (feature) space. Note that the trajectory is
fragmented as the object may not be visible.

5.2 Object Model

Object model M is a data structure that represents the object
and its surrounding observed so far. It is a collection of
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Nearest neighbor classifier. The similarity measures
ðSr; ScÞ are used throughout TLD to indicate how much
an arbitrary patch resembles the appearances in the
model. The Relative similarity is used to define a nearest
neighbor classifier. A patch p is classified as positive if
Srðp; MÞ > �NN; otherwise the patch is classified as negative.
A classification margin is defined as Srðp; MÞ � �NN.
Parameter �NN enables tuning the NN classifier either
toward recall or precision.

Model update. To integrate a new labeled patch to the
object model we use the following strategy: The patch is
added to the collection only if the its label estimated by NN
classifier is different from the label given by the P-N
experts. This leads to a significant reduction of accepted
patches at the cost of coarser representation of the decision
boundary. Therefore, we improve this strategy by also
adding patches where the classification margin is smaller
than �. With larger �, the model accepts more patches
which leads to better representation of the decision
boundary. In our experiments, we use � ¼ 0:1, which
compromises the accuracy of representation and the speed
of growing of the object model. Exact setting of this
parameter is not critical.

5.3 Object Detector

The detector scans the input image by a scanning window
and for each patch decides about the presence or absence
of the object.

Scanning-window grid. We generate all possible scales
and shifts of an initial bounding box with the following
parameters: scales step ¼ 1:2, horizontal step ¼ 10 percent
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Intro Filter Learning Extensions Conclusions

Problem Definition

Learning stage:

Input: example signal(s) x in 1D or 2D

Output: a scoring function f : x′ → R
Detection stage:

Input: Z, a “long” 1D signal or a “large” 2D image

Output: sub-signal z of Z for which f is highest
(size of z is the same as the size of training signal x)
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Details of Template-Matching

Template-matching can be faster in the frequency domain:

1 compute Discrete Fourier Transform (DFT)

of the “big” image: Z
DFT→ Ẑ

2 compute DFT of template: x
DFT→ x̂ (same size as Ẑ)

3 point-wise multiply (taking Hermitian transpose) ŷ = Ẑ� x̂H

4 bring back to spatial domain: y = inverse-DFT(ŷ)
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Approach II: Optimize the Filter

use “many” templates during training

shape the desired filter response

1 “Multivariant Technique for Multiclass Pattern Recognition,”
C. F. Hester et al., J. Applied Optics, 1980

2 “Average of Synthetic Exact Filters,” Bolme et al., CVPR
2009

3 “Accurate Scale Estimation for Robust Visual Tracking,”
Danelljan et al., BMVC 2014

4 “High-Speed Tracking with Kernelized Correlation Filters,”
Henriques et al., PAMI 2015

5 “Zero-Aliasing Correlation Filters for Object Recognition,”
Fernandez et al., PAMI 2015 (one of co-authors in Dayton)
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Formulation as a Regression Problem

f (x;w)
.

= wTx

wopt = min
w

∑
i

(f (xi )− yi )
2 + λ‖w‖2

Define X such that its i-th row is xi , then :

for real-valued inputs : wopt = (XTX + λI)−1XTy

for complex-valued inputs : wopt = (XHX + λI)−1XHy

Remarks:

Brute-force solution of the linear system is expensive:
a 50x50 image patch yields a 2500 dim vector; if we have 2500
examples, matrix inversion becomes impractical in real time

Need a recipe for getting “good” training samples
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Computationally-Efficient Solution

Recall, the problem we are solving:
find w such that for each example xi , the score f (xi ;w) = yi The

closed-form solution takes the form of

ŵ =
x̂∗ � ŷ

x̂� x̂∗ + λ

Notes:

only point-wise multiplications required

time complexity bound by the cost of DFT, i.e., O(n log n)

compare to kernel ridge regression: O(n3)
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Learned Correlation Filter in Action

now, correlation peak’s shape follows the prescribed pattern

specialized to “our” bison, low response for the rest

low response on the vehicle
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Correlation Filter Extensions

multiple channels, e.g., FHOG

kernelized: linear, Gaussian, etc.

multiple spatial scales

control aliasing (due to finite signal extent)
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From Inner Products to Kernels

Thus far, similarity between vectors x′ and x defined as xTx′

Let ϕ(x) map x into another space (typically higher-dim)

Define kernel function k(x′, x)
.

= ϕ(x)Tϕ(x′)

In practice we want to compute k(x′, x) directly, avoiding ϕ
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Kernelized Correlation Filter

given a kernel k : (x, x′) −→ R,
define kernel correlation vector kxx

′
as

kxx
′

i
.

= k(x′,P i−1x),

where P is a cyclic shift operator
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Kernelized Correlation Filter

Key equations:

w =
∑
i

αiϕ(xi )

f (z) = wTz =
n∑

i=1

αik(z, xi )

α̂ =
ŷ

k̂xx + λ

f̂ (z) = k̂xz � α̂

Notes

Time complexity is again bound by the DFT, hence O(n log n)
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Multi-channel Correlation Filter

Suppose our signal comprises multiple channels c = 1, . . . , cmax

Example: FHOG 31 channels: 3 × 9-bin histograms + 4 texture

Q: How expensive is kernel correlation?

A: Time complexity scales linearly with cmax

For linear kernel:

kxx
′

= inverse-DFT
(∑

c
x̂∗c � x̂

′
c

)
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FHOG Correlation Filter in Action (linear kernel)

FHOG cell is 4x4 pixels, thus x, y are smaller than template

correlation surface is strongly peaked in the training and test
images
unlike standard template matching, response is strong only for
that particular instance
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Practical consideraitons

Note: correlation filters defined thus far only “work” if the test
image has the same size as x

Q: how to correlate a filter with Z of size larger than x?

A:

Transform the filter back to spatial domain, i.e., transform

f̂ (z) = k̂xz � α̂

Modify the learned filter in the DFT domain:
pad with zeros to match the size of Z
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Conclusions

Advantages of correlation filters:

good accuracy out of the box

controlled by a handful of “knobs”

failure modes “easy” to understand

open-source implementations:
1 “Accurate Scale Estimation for Robust Visual Tracking,”

Danelljan et al., BMVC 2014: MATLAB, C++
2 “High-Speed Tracking with Kernelized Correlation Filters,”

Henriques et al., PAMI 2015: MATLAB
3 “Correlation Filters with Limited Boundaries,” Galoogahi et

al., CVPR 2015: MATLAB
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