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ABSTRACT

Designing a robust and accurate object tracker is important in many computer vision applications. The problem
becomes more complicated when additional factors like changing appearance, illumination, and scale are intro-
duced in the sequence. Recently, trackers that are based on the correlation filter method like Sum of Template
and Pixel-wise Learners (STAPLE)1 have shown state-of-the-art short-term tracking performance. STAPLE
consists two major modules: learning correlation filter on HOG features and representing color information us-
ing RGB histogram. In this paper, we propose an improved STAPLE (iSTAPLE) tracker by adding the Color
Names (CN)2 to the correlation part of the tracker. CN complements HOG feature because using only HOG can
lead to tracking failures in some cases where occlusion or deformation is present. As the color information could
be a confusing factor and unreliable in tracking due to the rapid illumination changes, Bhattacharyya distance
is used to measure the color similarity between the target and surrounding area to decide whether the color
information is helpful. Since we use multiple feature cues to improve tracking performance, a robust approach to
fuse multiple features is required. To fully utilize all features and optimize the tracking result, numerous weight
combinations assigned to each feature are tested. We show through comprehensive experiments on the VOT
Challenge 2016 dataset3 that iSTAPLE obtains a gain of 25% in tracking robustness.
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1. INTRODUCTION

Visual object tracking can be defined as the process of detecting and locating a visual object in consecutive
video frames as it moves around a scene. Object tracking is an important task in computer vision and has a
variety of use such as motion-based recognition, automated surveillance, traffic monitoring, human-computer
interaction, and augmented reality. The proliferation of high-powered computers, the availability of high quality
video cameras, and the increasing need for automated video analysis has generated a great deal of interest in
object tracking algorithms.4 Object tracking can be difficult due to scene illumination variation, orientation and
scale changes, full or partial occlusion, and camera motion. Besides, the requirement for real-time processing
adds more complexity to it. Therefore, object tracking has been one of the most active area in computer vision
during the past two decades.

Most of the visual object tracking algorithms follow a similar pipeline that can be divided into two modules:
initialization and update. Initialization is the step before a tracker estimates the trajectory of the object in a
video sequence. Spatial position of the object in the first frame is provided for the tracker. Then the tracker
extracts features and establishes a model for the object. The update module consists of two parts: detection
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and learning. The tracker first detects the object in the following frame by extracting the same features from
image patches cropped at different candidate locations and comparing them with the object model created in
the initialization module. The image patch that contains the most similar features with the object model is the
new position. After the object is located in the new frame, the tracker starts the learning process by updating
the object model with the extracted features from the new frame. It is necessary to update the model because
the object appearance is likely to change from one video frame to other. The learning process makes the tracker
more robust to scene variations.

Correlation filter-based trackers5678 have shown state-of-the-art performances in various tracking evaluation
benchmarks. Some of these trackers ignore color information and rely on features derived from grayscale infor-
mation. Color measurements can change drastically over an image sequence due to variations in illumination
and shadow. Invariance to these factors has been studied in image classification9,10 action recognition,9 and
tracking.11 However, rich chromatic information can be very valuable for object tracking. More recently, the
performance of well known trackers have been improved with incorporation of color information i.e.121113

In this paper, we propose iSTAPLE, an improved STAPLE tracker that utilizes the Color Names (CN)2 in
addition to HOG and color histogram features to characterize the object. Since three features are employed
in iSTAPLE and each feature will generate a feature likelihood map, it is important to use a robust feature
fusion approach. We tested a set of weight combinations to fully utilize all features and optimize the tracking
performance. Experimental results show that iSTAPLE raises the tracking robustness by 25% compared to
the baseline STAPLE when the weight distributions are 0.4, 0.3, and 0.3 for CN, HOG, and color histogram,
respectively.

2. RELATED WORK

STAPLE (Sum of Template And Pixel-wise LEarners)1 is one of the state-of-the-art trackers that are based on
correlation filters using HOG as one of the features. HOG feature is robust to blur and illumination changes
since the distribution of gradients can successfully represent the appearance and shape of an object, but it is
sensitive to object deformation. Therefore, STAPLE introduces color histogram as an independent feature to
generate a score that contributes to the final likelihood map.

1. HOG At frame xt, HOG is extracted from a patch around the object’s location, and then it is used to
update the HOG model. At frame xt+1, HOG feature is extracted again. After that, correlation is applied
between the new HOG feature and the HOG model. A template response is produced which acts as a
likelihood map predicting the location of object.

2. Color Histogram At frame xt, a local patch around the predicted object location is split into two parts:
foreground and background. For both foreground and background area, average color frequencies are
computed and are used for model update. At frame xt+1, object detection is applied using the model. A
score is assigned to each pixel in this local area, and then a histogram likelihood map is generated with
the help of integral image.

respfinal(xt) = wHOG ∗ respHOG(xt) + whist ∗ resphist(xt) (1)

To predict the object location in a new frame, a merging scheme is required to combine the likelihood maps from
HOG and color histogram. Weights have to be assigned to both features beforehand. STAPLE1 indicates that
the best performance is achieved when wHOG is set to 0.7 and whist is 0.3.

3. PROPOSED METHOD

In this paper we extend the original STAPLE framework with color information using Color Name (CN) mapping
scheme2 (Figure 1). The goal is to improve the performance of the tracker particularly for video sequences where
there is a variation in term of color between the object and their background. We map RGB color models to
10 color names.2 iSTAPLE uses an adaptive tracking scheme and uses color depending on reliability of color
feature. We use Bhattacharyya distance14 to measure color similarity between target and the surrounding area.
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Figure 1. Workflow for iSTAPLE.

This metric will help the tracker to decide weather color information is reliable in the current frame. Color
information is used in the tracking process only when tracked object and its surroundings have high distinct
color feature ( low metric value). Let Hobj and Hbg be 10 − bin color names histograms for tracked object and
surrounding background respectively. Normalized histogram p(i) and q(i) for for both foreground and background
are computed as follow:

p(i) =
Hobj(i)

nobj
(2)

q(i) =
Hbg(i)

nbg
(3)

Then Bhattacharyya distance between object and background color distributions is computed as:

S =

10∑
i=1

√
p(i)q(i) (4)

Adding or neglecting color feature is determined for each sequence based on the value of S.

4. EXPERIMENTAL ANALYSIS

4.1 Evaluation Methodology

We evaluate iSTAPLE on the VOT2016 dataset.3 The dataset consists of 60 challenging sequences that include
various visual attributes such as object motion, camera motion, clutter, illumination changes, deformation, object
size change, etc. We utilize the evaluation methodology similar to the VOT2016 benchmark. Two measures are
chosen to assess the tracking object localization properties: accuracy and robustness.

1. Accuracy. Accuracy measures the overlapping area between the bounding box from the ground-truth and
the bounding box a tracker predicts. Larger overlapping area leads to higher accuracy. It is computed as
follows:

a =
Bt ∩BGT

Bt ∪BGT
(5)
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Accuracy is measured at each frame, and then average accuracy over a sequence is computed as follows:

ā =
1

Nframes

Nframes∑
i=1

ai (6)

Different from the VOT2016 benchmark where accuracy from only the valid frames in a sequence is counted
towards the average accuracy, our evaluation metrics uses the whole sequence for simplicity.

2. Robustness. Robustness counts the number of times a tracker failed over a sequence. A failure is
detected when there is no overlapping area between the ground-truth bounding box and the tracking
bounding box. As the VOT2016 benchmark is designed for short-term tracking evaluation, the tracker is
reinitialized 5 frames after a failure occurs. The reason there is a 5-frame interval between a failure and
reinitialization is that a tracker is very likely to fail if it is reinitialized immediately. In addition, 10 frames
after initialization (including reinitialization) do not count towards the average accuracy over a sequence
to reduce computation bias.

4.2 Experimental Results

We first evaluate the original STAPLE1 tracker on the VOT 2016 dataset using the metrics described in Sec-
tion 4.1. To summarize the overall performance of STAPLE, we compute the average tracking accuracy and
robustness of all 60 sequences (Table 1). It is worthwhile to mention that it could be misleading to use the
word robustness in VOT challenge to represent the number of failures in tracking process, since people generally
assume that a high robustness value stands for a more robust tracker. While it is exactly the opposite in VOT
evaluation methodology where the lower the robustness the better a tracker is.

Tracker Accuracy Robustness
(# failures)

STAPLE 0.54 1.45
Table 1. Average results of 60 sequences from VOT2016 for STAPLE.

We evaluate the proposed iSTAPLE tracker via the same metrics. To determine the optimal feature fusion
method, we compare the tracking performance of iSTAPLE using various weight distributions for Color Name,
HOG, and color histogram. As can be seen in Table 2, incorporating Color Name does not cause great decrease
in accuracy because the accuracy of each weight distribution basically stays at the same level as the original
STAPLE. When the weight distribution is 0.36, 0.34, and 0.30 for three features, it increases the accuracy by
1% than STAPLE. All of the feature weight distributions significantly improves the robustness of iSTAPLE.
When the weight distribution is 0.40, 0.30, and 0.30, iSTAPLE produces an average robustness of 1.08 over all
60 sequences, achieving a 25% improvement than STAPLE whose average robustness is 1.45. Apart from the
quantitative comparison, the increase in tracking performance can be visually perceived. Tracking examples for
iSTAPLE (weight distribution: 0.40, 0.30, 0.30) and STAPLE are shown in Figure 2.

iSTAPLE Feature Weight Distribution Accuracy Robustness
(CN; HOG; Color Histogram) (# failures)

0.10; 0.60; 0.30 0.53 1.27
0.30; 0.40; 0.30 0.54 1.33
0.36; 0.34; 0.30 0.55 1.13
0.40; 0.30; 0.30 0.53 1.08
0.60; 0.10; 0.30 0.52 1.27

Table 2. Average results of 60 sequences from VOT2016 for iSTAPLE using different feature weight distributions.

5. CONCLUSION

We introduce an improved STAPLE (iSTAPLE) tracker in this paper. iSTAPLE incorporates the Color Name as
an additional feature to complement HOG feature. Since color information could be a distractor in some cases,
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Figure 2. Qualitative results from iSTAPLE(green) and STAPLE(red).

we utilize Bhattacharyya distance to determine the effectiveness of color information by measuring the color
similarity between the target and the background. To optimize the tracking performance, we test iSTAPLE
using various feature weight distribution options on VOT 2016 dataset. Experimental results demonstrate
that adding Color Name feature keep the tracking accuracy of iSTAPLE at the same level as STAPLE while
significantly improves the robustness by up to 25%.
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