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Vision Laboratory, Dept. of Electrical Engineering, Linköping University, SE-581 83 Linköping, Sweden
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Abstract—The Thermal Infrared Visual Object Tracking
(VOT-TIR2015) Challenge was organized in conjunction
with ICCV2015. It was the first benchmark on short-term,
single-target tracking in thermal infrared (TIR) sequences.
The challenge aimed at comparing short-term single-object
visual trackers that do not apply pre-learned models of
object appearance. It was based on the VOT2013 Challenge,
but introduced the following novelties: (i) the utilization
of the LTIR (Linköping TIR) dataset, (ii) adaption of the
VOT2013 attributes to thermal data, (iii) a similar evaluation
to that of VOT2015. This paper provides an overview of the
VOT-TIR2015 Challenge as well as the results of the 24
participating trackers.

I. I NTRODUCTION
Visual tracking is a challenging task that has attracted
significant attention in the past two decades, e.g. [1], [2],
[3]. The number of accepted motion or tracking papers
in high profile conferences, such as ICCV, ECCV, and
CVPR, has been consistently high (∼40 papers annually), summing up to a few hundred relevant papers in
the field. However, the lack of established performance
evaluation methodology combined with this large number
of publications makes it difficult to assess and understand
the advancements made in the field. Several initiatives
have attempted to establish a common ground in tracking
performance evaluation, starting with PETS [4] and more
recently with the Visual Object Tracking (VOT) challenges [5], [6], [7] and the Object Tracking Benchmark
[8], [9].
In recent years, thermal cameras have improved in
image quality and resolution while decreasing in both
price and size. This development has opened up new
application areas [10]. Historically, thermal cameras have
delivered noisy images with low resolution, used mainly
for tracking small objects (point targets) against colder
backgrounds and have mainly been of interest for military
purposes. Today, they are commonly used in various applications, e.g., cars and surveillance systems. Increasing
image quality allows exploration of new application areas,
often requiring methods for tracking of extended dynamic
objects. Further, for some applications, the methods can
not be restricted to stationary platforms. The main advantages of thermal cameras are their ability to see in
total darkness, their robustness to illumination changes
and shadow effects, and reduced privacy intrusion.

This paper gives an overview of the first thermal
infrared (TIR), short-term tracking challenge, the Visual
Object Tracking TIR (VOT-TIR2015) challenge, and the
results obtained. The results were first presented in [11].
Like the VOT challenge, the VOT-TIR challenge considered single-camera, single-target, model-free, causal
trackers, applied to short-term tracking. It was featured
as a sub-challenge to VOT2015, organized in conjunction
with ICCV2015. The challenge enabled participants not
only to evaluate their results on visual data, but also to
benchmark their trackers on thermal infrared sequences.
Available datasets for evaluation of tracking in thermal infrared had become outdated [12]. This caused
researchers to evaluate their methods on proprietary
datasets, which made it difficult to get an overview of
advancement made in the field. Inconsistent performance
measures across different papers contributed to this difficulty. The Visual Object Tracking challenge, provides an
established evaluation methodology for data in the visible
spectrum. The main idea of VOT-TIR2015 was to carry
these ideas to the area of TIR data, based on a recently
collected dataset [12].
A. Related work
A large number of benchmarks exist in the area of
visual tracking, but far fewer for TIR tracking. Among
visual spectrum (RGB) tracking, the most closely related investigations to the approach presented here is the
VOT2015 challenge [7], as well as those of previous
years [5], [6]. The online tracking benchmark (OTB)
by Wu et al. [8], [9] contains 100 sequences and is a
widely used tracking benchmark. In the OTB, trackers
are compared using a precision score and a success score,
without restarting a failed tracker. The precision score is
the percentage of frames where the estimated bounding
box is within some fixed distance to the ground truth,
while the success score measures the area under the
curve of number of frames where the overlap is greater
than some fixed percentage. This area has been shown
to be equivalent to the average overlap [13], [14]. For
further discussion on OTB we refer to [8], [9] and for
comparisons with the VOT evaluation to [15], [16].
The series of workshops on Performance Evaluation
of Tracking and Surveillance (PETS) [4] have organized
thermal infrared challenges on two occasions. The first

has taken place in 2005 and the second in 2015, where the
challenge was detection, multi-camera/long-term tracking
and behavior (threat) analysis. In contrast to VOT-TIR,
the challenges concerned multiple research areas while
VOT-TIR focused on the problem of short-term tracking
only. The lack of further related work within the area of
thermal infrared tracking challenges motivates the VOTTIR initiative.
B. The VOT-TIR2015 challenge
The VOT-TIR2015 challenge targeted a specific set
of trackers. All participating trackers were required to
be: (i) Causal – sequence frames had to be processed
in sequential order; (ii) Short-term – trackers were not
required to handle reinitialization; (iii) Model-free – prebuilt models of object appearances were not allowed.
Performance of participating trackers was automatically
measured using the VOT2014 evaluation kit [6]. The
toolkit performs a standardized experiment and stores
resulting bounding boxes. If the tracker fails, it is reinitialized. Participants were required to integrate their
trackers into the toolkit. Tracking results were analyzed
using the VOT2015 evaluation methodology [7].
Participants were expected to submit a single set of
results per tracker as well as binaries for result verification. A different set of parameters does not constitute
a new tracker. Tracker parameters set by the participant
is required to be equal for all test sequences. Detection
(by the tracker) of a specific test sequence in order to set
hand-tuned parameters was not permitted. However, the
tracker itself was allowed to internally change parameters
using, e.g., the bounding box size. Further details regarding participation rules are available from the challenge
homepage1 .
Differences from the visual spectrum challenge: Compared to the visual equivalent, VOT2015 [7], there are
some differences in annotation as well as acquisition and
evaluation procedure. The annotated bounding boxes were
not allowed to rotate. Further, due to the limited amount of
freely available thermal infrared datasets and sequences,
sequence selection could not be done as in VOT2015.
A new dataset, LTIR (the Linköping Thermal IR dataset)
[12], was created for this purpose. Seven different sources
were asked to contribute with data and the provided data
that contained sufficiently challenging tracking events
were included in the dataset. A more detailed description
can be found in Section II.
The VOT-TIR2015 challenge applied the same evaluation methodology as VOT2015 [7], except for the practical
difference evaluation. This evaluation requires multiple
annotations, which were not (yet) available for the LTIR
dataset.
C. Outline
The dataset used in the VOT-TIR2015 challenge is
described in Section II. Section III briefly summarizes
the performance measures and evaluation methodology
1 http://www.votchallenge.net/vot2015/participation.html

used in the challenge. Analysis and results are presented
in Section IV and, finally, conclusions are drawn in
Section V.
II. T HE VOT-TIR2015 DATASET
The dataset used in VOT-TIR2015 was LTIR, the
Linköping Thermal IR dataset [12]. Sequences included
in the dataset were collected from seven different sources
using eight different types of sensors. The included sequences originate from industry, universities, a research
institute and an EU FP7 project. Resolutions range from
320 × 240 to 1920 × 480 pixels and the average sequence
length is 563 frames. Some sequences in the LTIR dataset
are available with both 8- and 16-bit pixel values, however, for this challenge, only 8-bit sequences were used.
The main reason for this restriction is that several of the
submitted methods cannot deal with 16-bit data. There
are sequences from indoor and outdoor environments,
and the outdoor sequences were recorded in different
weather conditions. Example frames from four sequences
are shown in Fig. 1.
All benchmark annotations were in accordance with the
VOT2013 annotation process [5] and were done manually.
One object within each sequence is annotated in each
frame with a bounding box that encloses the object
throughout the sequence. The bounding box was allowed
to vary in size but not to rotate. In addition to the bounding box annotations, global attributes were per-sequence
annotated and local attributes per-frame annotated.
a) Global attributes: The per-sequence global attributes from VOT had to be adapted to the properties of
TIR in order to be useful. Below, the global attributes have
been arranged according to similarity to VOT-attributes.
• Attributes different from VOT: Dynamics change and
temperature change have been introduced instead
of illumination change and object color change.
Not all cameras provide the full 16-bit range, instead, an adaptively changing 8-bit dynamics are
sometimes used. Dynamics change indicates whether
the dynamics is fixed during the sequence or not.
Temperature change refers to changes in the thermal
signature of the object during the sequence
• Attributes similar to VOT: In TIR, Blur indicates blur
due to motion, high humidity, rain or water on the
lens.
• Attributes equal to VOT: Camera motion, object
motion, background clutter, size change, aspect ratio
change, object deformation, and scene complexity.
b) Local attributes: The local, per-frame annotated
attributes are: motion change, camera motion, dynamics
change, occlusion, and size change. The attributes are
used in the evaluation process to weigh tracking results.
They can also be used to evaluate the performance of the
method on frames with specific attributes.
III. P ERFORMANCE MEASURES AND EVALUATION
METHODOLOGY

The performance measures as well as evaluation
methodology for VOT-TIR2015 are equal to the ones for

(a) running rhino

(b) quadrocopter

(c) crowd

(d) street

Fig. 1: Snapshots from four sequences included in the LTIR dataset. The annotated bounding box is marked in yellow.

VOT2015, except for the practical difference evaluation.
Therefore, only a brief summary is given here, further
details can be found in [7].
Similar to the VOT2015 challenge, the two weakly correlated performance measures, accuracy and robustness,
are used due to their high level of interpretability [13],
[14]. The accuracy measurement measures the overlap
between the predicted bounding box and the ground truth
while the robustness measurement measures how many
times the tracker fails. If a tracker is considered to have
failed, it is re-initialized five frames later. Overlap calculations, re-initialization, definition of a failure and the
rank-based evaluation methodology is further explained
in [7].
IV. A NALYSIS AND RESULTS
A. The VOT2015 experiments
In our evaluation, and in contrast to VOT2014 [6],
we considered the baseline experiment only. We did not
consider the region noise experiment for three reasons:
First, the results of previous experiments hardly differed
[6]. Second, the experiments need significantly more time.
Finally, the reproducibility of results would have required
to store the seed, which has not been foreseen in the
evaluation kit.
B. Submitted trackers
In total, 24 trackers were included in the VOT-TIR2015
challenge. Among them, 20 trackers were submitted and 4
trackers were added by the VOT Committee (3 novel and
1 baseline trackers). The committee have used the accompanying binaries/source code for result verification. For
the baseline trackers, the default parameters were selected,
or, when not available, were set to reasonable values. All
entries are briefly described below and references to the
original papers are given where available. More detailed
descriptions are given in the Appendix of [11].
Twenty trackers participated in both the VOT2015and VOT-TIR2015 challenge while 4 trackers were only
entered in the VOT-TIR2015 challenge.2
One tracker, EBT [17], uses object proposals [18] for
object position generation or scoring. Several trackers are
based on Mean Shift tracker extensions [19], ASMS [20],
PKLTF [21], SumShift [22], and its derivative DTracker.
CMIL is based on online boosting and sPST [23] is
2 Here, we consider SRDCF and SRDCFir being the same, despite the
fact that SRDCFir uses a slightly different feature vector.

based on tracking-by-detection learning. A number of
trackers can be classified as part-based trackers. These
were LDP, G2T, AOGTracker, MCCT, and FoT [24].
A number of trackers come from a class of holistic
models that apply regression-based learning for target
localization. Out of these, one is based on structured
SVM learning, Struck3 . Several regression-based trackers
use correlation filters [26], [27] as visual models. Some
correlation filer based trackers maintain a single model
for tracking, i.e., NSAMF, OACF, SRDCFir [28], sKCF,
STC [29], MKCF+, CCFP, and several trackers apply
multiple templates to model appearance variation, i.e.,
SME, and KCFv2. One tracker, ABCD, applies a global,
generative model exploiting channel representations. Finally, the VOT Committee added a baseline tracker, the
HotSpot tracker, to the set of submitted trackers. Tracking
by detecting hot areas is still state-of-the-art in many TIR
applications, e.g. pedestrian detection [30]. The HotSpot
tracker detects objects by pixel intensity thresholding and
tracks detections using a Kalman filter with a Global
Nearest Neighbour approach to the association problem.
C. Results
The results are summarized in sequence pooled and
attribute normalized AR rank and AR raw plots in Figure 2. The sequence pooled AR rank plot is obtained by
concatenating the results from all sequences and creating
a single rank list, while the attribute normalized AR rank
plot is created by ranking the trackers over each attribute
and averaging the rank lists. Similarly the AR raw plots
were constructed. The raw values for the sequence pooled
results are also given in Table I.
The following trackers appear either very accurate or
very robust among the top performing trackers (closest to
the upper right corner of rank plots): SME, MCCT, sPST,
SRDCFir, ABCD, and AOG. In contrast to VOT2014,
where methods based on correlation filters were largely
dominating [6], top performers in VOT-TIR2015 belong
to several different classes.
The robustness ranks with respect to the visual attributes are shown in Figure 3. The top three trackers
with respect to the different visual attributes are mostly
SRDCFir, sPST, and MCCT. A significant exception is
camera motion, where SME and EBT come second and
third.
3 The

implementation used here is a recent improvement of [25].
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Fig. 3: Robustness plots with respect to the visual attributes. See Figure 2 for legend.

Fig. 2: The AR rank plots and AR raw plots generated by
sequence pooling (upper) and by attribute normalization
(below).
A
0.65
0.66
0.67
0.50
0.63
0.63
0.58
0.64
0.53
0.57
0.61
0.65
0.58
0.54
0.52
0.54
0.48
0.62
0.53
0.41
0.52
0.63
0.52
0.38

R
0.58
2.18
3.34
3.50
8.55
5.81
8.48
9.97
8.33
12.63
9.57
8.76
13.90
14.04
12.61
17.81
13.85
15.67
18.59
19.40
19.30
19.69
20.03
62.27

Φ̂
0.70
0.64
0.55
0.43
0.36
0.34
0.30
0.30
0.29
0.28
0.28
0.27
0.27
0.25
0.24
0.23
0.23
0.19
0.18
0.17
0.16
0.16
0.14
0.04

Speed
3.17
0.61
15.05
1.08
1.03
6.88
2.90
6.67
6.96
10.69
3.22
1.27
255.13
5.31
1.60
14.78
29.92
19.78
0.39
131.57
23.65
11.55
163.42
5.98

Impl.
MC
MC
MC
MC
MC
M
C
MC
MC
M
MC
binary
C
C
MC
M
M
C
MC
C
C
C
C
M

TABLE I: The table shows raw accuracy and the average
number of failures, expected average overlap, tracking
speed (in EFO), and implementation details (M is Matlab,
C is C or C++).

The latter turns also out to rank well in the overall
criterion expected average overlap, see Figure 4. The
expected average overlap curve is given by the average
bounding-box-overlap averaged over a set of sequences of
certain length, plotted over the sequence length Ns [7].
These curves confirm previous statements on the three top
performing methods MCCT, sPST, and SRDCFir, where
the latter gives the best overall performance. The fact
that EBT is ranked fourth underpins the importance of
robustness for the expected average overlap.
Apart from tracking accuracy, robustness, and expected
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Fig. 4: Expected average overlap curve (above) and expected average overlap graph (below) with trackers ranked
from right to left. The right-most tracker is the topperforming according to the VOT2015 expected average
overlap values. See Figure 2 for legend. The vertical lines
in the upper plot show the range of typical sequence
lengths.

1

Expected overlap scores vs. speed for baseline

0.9

relative VOT-TIR rank

Average expected overlap

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
10 0

10 1

10 2

Normalized speed (EFO)

Fig. 5: Expected average overlap scores w.r.t. the tracking
speed in EFO units. The dashed vertical line denotes
the estimated real-time performance threshold of 20 EFO
units. See Figure 2 for legend.

average overlap at Ns frames, the tracking speed is
also crucial in many realistic tracking applications. We
therefore visualize the expected overlap score with respect
to the tracking speed measured in EFO units in Figure 5.
To put EFO units into perspective, a C++ implementation
of a NCC tracker provided in the toolkit runs with average
140 frames per second on a laptop with an Intel Core
i5-2557M processor, which equals to approximately 160
EFO units.
The vertical dashed line in Figure 5 indicates the realtime speed (equivalent to approximately 20fps). Among
the three top-performing trackers, MCCT comes closest
to real-time performance. The top-performing tracker in
terms of expected overlap among the trackers that exceed
the real-time threshold is at the same time the overall
fastest tracker, sKCF.
D. TIR-specific analysis and results
A particular interesting question in context of VOT-TIR
is the effect of the differences between RGB sequences
and TIR sequences on the ranking of the trackers. For
this purpose, the joint ranking for VOT and VOT-TIR of
the 20 common trackers2 is shown in Figure 6. The only
VOT-TIR trackers that have not been run on VOT are
MCCT, CCFP, ABCD, and the HotSpot detector.
The dashed lines are the margin of a rank-change by
more than three positions. Any change of rank within
this margin is considered insignificant and only 7 trackers
change their rank by more than three positions. The most
dramatic change occurs for ASMS, which ranks 23 in
VOT-TIR, but 20 (out of more than 60) in VOT, corresponding to rank 9 within the set of 20 trackers. Other
trackers that perform significantly worse are SumShift,
and DTracker.
On the other hand, SME, sKCF, STC, and CMIL
perform significantly better on VOT-TIR than on VOT
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Fig. 6: Comparison of relative ranking of 20 trackers in
VOT and VOT-TIR. See Figure 2 for legend.

according to the relative ranking. Similar as for the
overall performance, it is difficult to identify a systematic
correlation between improvement and type of tracking
methods. Tracking methods that do not use color are likely
to perform better on TIR sequences than color-based
methods, such as ASMS, SumShift, and DTracker. Also
the size of targets differ between VOT (larger) and VOTTIR (smaller). It is also believed that the tuning of input
features is more important to maintain good performance
on VOT-TIR, e.g. SRDCFir introduces additional features
beyond HOG and works better on TIR sequences than
SRDCF with features as used in VOT2015.
V. C ONCLUSION
The VOT-TIR challenge received 20 submissions and
compared in total 24 trackers, which we consider a
good success and the results presumably give a good
guidance to future research within TIR tracking. Best
overall performance has been achieved by SRDCFir,
closely followed by sPST and MCCT. However, further
analysis of the results will be required in order to draw
deeper conclusions.
For future challenges, the dataset needs to be extended
to become larger and more challenging. Annotation and
evaluation need to be adapted to the current VOT standard: multiple annotations and rotating bounding boxes.
Also challenges with mixed sequences (RGB and TIR)
might be interesting to perform.
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