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1. Introduction

In this supplementary material we provide additional
evaluations of the BACF tracker as following.

Online adaptation rate: We evaluated our tracker on
OTBS50 [2] using different adaptation rates (1) varying from
0.01 to 0.02 with an step of 0.001. We set the image region
area of training samples to 52 times the object area. The
result in Fig. 1 shows the best success rate is achieved by
n = 0.0125. We fix the adaptation rate to 0.0125 over all
evaluations in this paper.

Spatial size of training samples: We evaluated the per-
formance of our tracker over a range of different spatial
support sizes on the OTB50 dataset, as shown in Table 1.
We set the spatial size of training samples to be N? times
bigger than the target, where N € [2,...,5]. This exper-
iment shows that increasing the support size improves the
overlap precision, since more background patches are used
for learning the tracker. However, since the tracking speed
is linearly related to the support size, runtime performance
suffers. We set the spatial support of training samples to be
five times bigger than that of the target, N = 5 to trade-off
between the accuracy and speed of our tracker.

Full attribute based evaluation: The complete compari-
son on all 11 attributes of OTB100 [3] is illustrated in Fig. 2,
showing the superior performance of our method compared
to all other HOG based trackers for all attributes.

Detailed comparison of CCOT [1] and BACF: CCOT and
BACEF are compared in Table 2 and Table 3, in terms of ac-
curacy (success rate, IoU > 0.50), and time to track (in min-
utes). This result details the comparison provided by Fig. 6
in the main manuscript of the paper. This evaluation shows
that in terms of number of videos one tracker outperforms
another one, both trackers show very competitive accuracy.
In terms of time to track, however, this comparison shows a
big difference between BACF and CCOT. In average, BACF
needs ~1.3 minute to track each video (varying respect to
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Figure 1. Learning rate selection. The best result is achieved by
1 = 0.0125, which is used for all experiments in this paper.

Table 1. Evaluating our method respect to different spatial size
of training samples on OTB50 dataset. Results are reported as
success rate at IloU > 0.50. We set N = 5 for all experiments.
N 2 3 4 5
Succ. rate (%) 59.92 75.01 79.51 85.4
FPS 60.2 51.3 437 341

the videos’ length), while for CCOT, the average time is sig-
nificantly higher, around 230 minutes for each video. Please
refer to the Tables and Fig. 6 in the main paper for more de-
tails.

Code and results: Some tracking videos, the MATLAB
implementation of BACF and tracking results (predicted
bounding box on all four datasets- mat files) can be found
on www.hamedkiani.com.
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Figure 2. Attribute based evaluation. Success plots compare BACF with state-of-the-art HOG based trackers on OTB100. BACF outper-
formed all the trackers over all attributes. AUCs are reported in brackets. The number of videos for each attribute is shown in parenthesis.



Table 2. Detailed comparison of BACF and CCOT on OTB100 Table 3. Detailed comparison of BACF and CCOT on OTB100
videos, accuracy (success rate at loU > 0.50) and time to track (in videos (cont.)

minutes, amount of time each tracker needs to track each video). Time to track

Red rows: BACF outperforms CCOT, Blue rows: CCOT and BACF CC BACF CCOT
BACEF perform equally, Green rows: CCOT outperforms BACF.

Accuracy Time to track

BACF CCOT | BACF CCOT




