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Abstract

Many expert users of particular software, e.g. Adobe
Photoshop regularly post instructional videos online, im-
parting knowledge on how to perform certain tasks. An im-
portant feature that can be used to understand the instruc-
tor’s actions in an instructional video, is to detect and track
the mouse cursor throughout the entirety of each video. De-
spite recent progress of object detection and tracking, iden-
tifying the mouse cursor in such videos is a unique and dif-
ficult problem since the mouse cursor typically occupies a
very small percentage of the entire frame (0.05-1%), ex-
hibits fast movement, and is prone to instant appearance
changes and background clutter. In this paper, we propose a
novel three-step tracking-by-detection approach for mouse
cursor detection and tracking - unsupervised cursor discov-
ery, multi-scale template matching, and optimal spatiotem-
poral path search. Our approach is completely unsuper-
vised and is able to handle instant appearance changes and
fast movements of the mouse cursor. We present evaluations
on a dataset of annotated Adobe Photoshop instructional
videos, and show that our method beats conventional online
tracking methods such as TLD, MIL and CSRT trackers by
a large margin. For a more fair comparison, we also com-
pare our results with Faster-RCNN, a deep learning based
object detector, and show comparable success rates.

1. Introduction

Object detection and tracking has been an active area of
research in computer vision for several decades. However,
most object tracking methods are developed with real-world
scenarios in mind and track objects such as people, cars and
faces. These objects can be viewed from different camera
angles and viewpoints, and exhibit gradual pose change.
We choose to address the problem of detecting and track-
ing mouse cursors in instructional videos, a unique problem
that differs in several ways from conventional detection and
tracking scenarios. This problem is important because it is
one of the first few steps in understanding the instructor’s
actions, which can pave the way for higher level tasks such

as video indexing, video recommendation systems and user
behavior modeling. Other tasks that can benefit from mouse
cursor detection and tracking include command classifica-
tion, command tube prediction and command recognition
[71.

Conventional tracking methods are generally developed
to track objects in real-world environments, and suffer from
problems such as drastic changes in illumination, occlu-
sions, and incremental pose variations. However, the mouse
cursor detection and tracking problem is a small-object
tracking problem that suffers from its own set of issues,
such as fast motion, background clutter, scale changes, in-
stant appearance changes and effects resulting from window
zooms and pans. Some of these challenges are highlighted
in Figure 1.

Also, in our problem, the location of a cursor to be
tracked should be initialized in the first frame of a video.
Object detection is commonly used for this purpose. Deep
learning based approaches [29, 14, 28] have achieved sig-
nificant performance improvement for general object detec-
tion. However, they still have difficulty in detecting small
objects due to the lack of visual details [0, 10, 12, 20, 22].
The situation could worsen when they are applied to detect
mouse cursors in instructional videos, as the mouse cursors
usually appear to be very tiny compared to the high res-
olutions of these videos. Furthermore, it requires a large
amount of training data to train a deep convolutional net-
work. It is difficult to collect a set of videos covering all
kinds of mouse cursors as they could have large appearance
variations.

To address these issue, we propose a method that can
discover mouse cursors in an unsupervised manner and ro-
bustly track mouse cursors which could exhibit large ap-
pearance change and fast movement in instructional videos.
Our method consists of three stages, unsupervised cursor
discovery, multi-scale template matching and optimal path
search. We utilize simple background subtraction and blob
detection to obtain potential mouse cursor templates; per-
form template matching to obtain possible cursor locations
and then use a variant of the MaxPath [32] algorithm to ob-
tain the optimal spatiotemporal path of cursor detections
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Figure 1. Challenges observed in the detection and tracking of mouse cursors: background clutter in the form other cursor-like objects;
small cursors with an average area ratio of 0.05%; fast cursor movements of over 200 pixels observed between consecutive frames in some
videos (bottom left); and instant cursor appearance changes between frames (bottom right).

for the entire video. For the purposes of evaluation, we
collect a small dataset for this problem consisting of 8 la-
beled video segments, and compare our approach with on-
line tracking methods (TLD [18], MIL [1], CSRT [24]) and
Faster-RCNN, a deep-learning based detection method and
summarize the results.

2. Related Work

Template-based tracking is a well-researched problem
that dates back to the Lucas-Kanade algorithm [23]. In
this type of tracking, a sample image of the target object
(a template) is extracted in the first frame, and the image
patch closest in similarity with the template is selected in
all consecutive frames. Other extensions to this approach
have been proposed. [2] deals with parametric transforma-
tions of the template and [5], [13] allow for linear appear-
ance changes. Template tracking relies on the assumption
that the appearance of the object does not change during the
entirety of the video. This assumption fails eventually as
the appearance model of the template is no longer similar to
the template extracted in the first frame. [25] proposes an
update algorithm that does not suffer from template drift,
when new templates are extracted at every nt" frame. Al-
though our approach is based on template matching, it is
quite different from other template-based approaches, be-
cause we track a variety of rigid templates after automati-
cally discovering cursors present in a video. Other online
tracking approaches, OLB [4], MIL [I] aim to solve the

problem by learning to differentiate between the target and
background, while trying to avoid the tracker drifting prob-
lem; whereas the TLD tracker separates the problem into
tracking, learning and detection. Our approach is an of-
fline algorithm and is different from those mentioned above
as it draws connections between detections in consecutive
frames to determine the path with the highest cumulative
template matching score. It is loosely related to the TLD
tracker which also uses a detector to correct the tracker
when necessary.

Owing to the success of deep convolutional networks
(CNNs, [19]) for computer vision tasks, there has been
considerable improvement in object detection performance.
Despite its challenges, small object detection has seen ad-
vances in the past few years. The authors in [22, 6] aim
to solve multi-scale object detection by constructing feature
pyramids, [20, 12] improve performance further by building
top-down architectures with lateral connections, and [10]
compensates for the weak semantic information contained
in low-level features by fusing high-level features with low-
level features via a deconvolution fusion block.

More recently, tracking algorithms that rely on CNNss,
MDNet [26], GOTURN [16], SiamFC [3] have become
popular. Both GOTURN and SiamFC are Siamese network-
based trackers which use a similarity function learned of-
fline, whereas MDNet performs online fine-tuning. As
discussed previously, deep learning methods require large
amounts of training data, and may have difficulty detect-
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ing mouse cursors due to the vast differences between gen-
eral, real-world objects and mouse cursors. They are also
restricted by a predefined set of object labels and cannot
discover previously unseen cursors during test time.

Our work is also closely related to unsupervised ob-
ject discovery in videos. Previous work has tried to ad-
dress the discovery and localization of objects from weakly-
annotated or unlabeled datasets [9, 8, 11, 30, 31], but the
task is difficult and most approaches perform worse than
strongly supervised methods. Other approaches [17, 27, 33]
address similar problems in videos and show that exploiting
motion information (absent in static images), may be cru-
cial for weakly supervised object discovery. Whereas pre-
vious work deals with general objects that occupy sufficient
area in the scene, we are interested in discovering and locat-
ing mouse cursors that occupy only 0.05-0.1% of the frame
area. For these reasons, we adopt a simple method based on
background subtraction and blob detection for unsupervised
cursor discovery.

3. Algorithm

Our algorithm takes as input a video and outputs a se-
quence of mouse cursor locations. It is assumed that in each
frame there is at least one mouse cursor. The approach can
be divided into three phases - unsupervised cursor discov-
ery, template matching, and optimal path search.

3.1. Unsupervised Cursor Discovery

Successful template matching relies on a template that
has a similar appearance and size to the object being
matched. Manual collection and annotation of generic cur-
sor templates is an inadequate solution, as cursors exist in
a plethora of types and variations, as shown in Figure 4.
Moreover, content creators often use custom cursors that are
specific to the software they use. To ensure that our tech-
nique generalizes well, we need a method to discover cur-
sor templates appearing in a particular video. We achieve
this by exploiting unique motion characteristics exhibited
by mouse cursors. Instructional videos are prone to back-
ground changes from events such as pop-up windows, drop-
down menus and other events on the screen. However, they
also contain temporal sections in which the background re-
mains unchanged except for cursor motion. Potential tem-
plates are obtained by observing such temporal sections.

We denote a frame sequence by S = {Fy, Fs, ..., Fx},
where F; is the i*" frame in the sequence, and is of size
w X h. We represent a cursor template 7; by a four-tuple
(F}, 8¢, we, ht), or its encapsulating frame, scale, width and
height, respectively.

We make a first pass through the video and compute
background difference images D, for each frame F; by us-
ing the mixture-of-gaussian (MOG) approach described in
[34]. We apply morphological dilation and perform simple

blob detection by discovering contours in the binary images
D,, and grouping cluster centers close to each other. A blob
is defined as a region of connected white pixels in a binary
image.

We denote the number of blobs obtained in D; by B(D;)
and define an indicator function for D;, representing the oc-
currence of a single blob, given by:

1, ifB(D;)=1,

1(D;) =
(D:) 0, otherwise.

6]
A template T' is added to a pool of potential templates
H(S), if a single blob is observed for Np consecutive
frames (Figure 3) starting at I; and ending at F;4 . _1, Or
more formally

(5) S o)
H(S)UTn,, if 1(Dg)} = Nr,
H(S) = ’ P
H(S), otherwise.
@)
Initially, H(S) = @. Some cursor templates discov-

ered in this step are shown in Figure 4. It is possible that
some invalid cursor templates are discovered through this
process. However, we observe that the number of valid cur-
sor templates is far greater than the number of false pos-
itives. Furthermore, we may discover several similar cur-
sors obtained in different temporal sections of the sequence.
This increases the computational complexity of the template
matching phase, as we are doing repeated work. As de-
scribed in next section, we deal with this problem by select-
ing only the cursors discovered within the temporal vicinity
of the frame being considered for template matching. This
makes a trade-off between time complexity and tracking ac-
curacy. Another way to reduce the number of duplicate cur-
sor templates could be to use an algorithm such as k-means
clustering to cluster similar templates together. Since we do
not have prior knowledge about the number of cursor types
present in the video, it is difficult to decide beforehand the
number of clusters for the clustering algorithm. We thus
use the entire pool of cursors H(.S) obtained in this step as
candidate cursor templates for the template matching phase.

3.2. Template Matching

We make a second pass through the video, and each
frame is pre-processed in two steps. The dilated background
difference image computed in the previous phase, D;, acts
as a motion mask for the current frame F;; to remove back-
ground clutter, and the laplacian-of-gaussian filter is applied
to this image to extract structural information. If no back-
ground motion is observed, i.e. > 371 Di(j, k) = 0,
the motion mask is not applied and the entire image is
searched for the cursor template. We make an assumption
that the target cursor in frame F; can be determined from
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Figure 2. An illustration of the blob detection method used in the unsupervised cursor discovery stage. The blob present in the N7 = 5
frame (shown in red) is stored as a potential template in the pool of templates, H (S) used in the next stage.

templates observed within a temporal vicinity, i.e. from
frame F;_4 to F;y4 for some vicinity parameter d. We
perform multi-scale template matching with template can-
didates discovered in frames ¢ — d through i 4 d, where each
template is convolved across frame F; to obtain a similarity
map R where R(z,y) stores the similarity score of a patch
with its top-left location at (z,y). We use the normalized
correlation coefficient for the similarity metric, as shown in
Equation 3, where F' denotes the frame, 7" denotes the tem-
plate, and R denotes the resulting similarity map. The sum-
mation is done over ' = 0...(w; — 1), ¥’ = 0...(hy — 1),
where w; and h, are the width and height of the template
and/or image patch respectively.

Loy (T y).Fla+a' y+y'))
\/Zm/yy/T(LL‘/, y’)Q.Ey_’y/F(x + 'y + y/)2
3)
We obtain a set of cursor proposals u € U; (interchange-
able with the bounding box representation defined earlier)
for frame Fj as

Ui = {ulu(zu, yu, vor, yor) & M(u) >= 0.5}  (4)

R(x,y) =

where each v is a cursor proposal represented by its top-left
corner (x4, yy) and bottom-right corner (-, yp) and is
associated with a similarity score M (u) = R(xy, yu). Fur-
ther, we apply non-maximum suppression to discard over-
lapping proposals in U;, and retain the remaining proposals.
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Figure 3. Our proposed method can be divided into three phases - cursor discovery, template matching and cursor tracking. We use blob
detection to obtain a pool of templates P(S), perform template matching, and determine the optimal path in S, using the MaxPath algorithm.
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Figure 4. Examples of cursor templates obtained in the unsuper-
vised cursor discovery stage.

3.3. Optimal Path Search

We perform mouse cursor detection by searching for an
optimal spatiotemporal path in the video. A path p in a
video, i.e. a frame sequence .5, is defined by a sequence of
cursor proposals {u1, us, ...uy}, one for each frame in S.
The confidence score of a path, M (p) is given by

N
M(p) = M(u,),foru; € U; (5)

=1

We denote the set of all possible paths leading to the last
frame Fy by P. Since there are Uy cursor proposals in
F'y, the total number of possible paths leading to the final
frame in the video sequence S is |Uy|. We are interested in
locating an optimal path p* with the maximum cumulative
confidence score given by:

p* =pepr M(p) (©6)

We use a variant of the MaxPath algorithm [32] to
achieve this. Instead of maintaining a 3D trellis of spa-
tiotemporal neighboring locations within a boundary region
around u,; as proposed in [32], we link proposals in U;_1 to
proposals in U; if two path connectivity constraints are sat-
isfied, 1) distance constraint - F(u;—1,u;) <= tg;ss where
E(u;—1,u;) indicates the Euclidean distance between the
centers of object proposals u;_; and u,; and 2) scale con-
straint - wy,, _, /w,, € [L—r,14+7] where 0 < r < 1, and w
is the width of the cursor proposal. The distance constraint
ensures that proposals in consecutive frames are not too far
apart. The scale constraint enforces consecutive proposals
to not drastically vary in size.
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Video | Total Frames | Annotated Frames | Resolution
videol 546 388 1280 x684
video2 500 446 1280 x684
video3 1719 901 1212 x720
video4 1988 359 1212 x720
video5 485 483 1280 %690
video6 491 277 1280 %690
video7 484 234 1132 x720
video8 510 507 1280 x688

Table 1. Statistics of the dataset.

4. Experiments
4.1. Dataset

There are only a few published datasets to assist soft-
ware intelligence algorithms, the most closely related to our
problem being the PSOV dataset [7], a large dataset consist-
ing of 74 hours of annotated video. However, their annota-
tions are acquired for the purpose of command classifica-
tion and recognition, and do not consist of mouse cursor
bounding box information. Therefore, to evaluate our algo-
rithm, we compile a dataset of 8 high-resolution videos, and
compare the results with online tracking ([18], [1], [4]) and
Faster-RCNN [29] detection baselines. We download the
videos from YouTube !, and obtain smaller sequences by
selecting sections that can pose problems for object track-
ers. These sections include fast cursor movements; appear-
ance shifts between different cursor types; zooms and pans
of the editing window; and cursor disappearance and reap-
pearance. Each video is of varying length, with the smallest
video having 234 annotated frames, and the longest hav-
ing 901 annotated frames, forming a total of 3595 anno-
tated frames. The videos are manually annotated frame-by-
frame using labellmg 2, by placing a bounding box around
the mouse cursor (if present), and then assigning an appro-
priate cursor-type label to it. Since our baseline involves
the training of a Faster-RCNN, we choose videos 1 to 5 as
the training set for the Faster-RCNN and use videos 6 to 8
for test comparisons with our detector. Refer to table 1 for
more details about the dataset.

We observed 17 different types of mouse cursors in the
dataset, as shown in Figure 5. Certain cursor types (white-
pointer, whitehand, nib) appear far more frequently than
others (fade, stop, loading2) as seen in Figure 6, making
it harder to train deep-learning-based object detectors such
as the Faster-RCNN [29], which require a sufficient number
of training examples for each cursor type.

lwww.youtube.com

Zhttps://github.com/tzutalin/labellmg

blackdrag blackpointer1 blackpointer2 circle colorpicker crosshair
> > +
nnula
loading1 loading2 nib paint stop
] L3
o gl e

i
whitedrag whitehand  whitepointer write zoomplus

——l

Figure 5. Cursor types present in the dataset.
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Figure 6. Distribution of cursor types present in the dataset.

4.2. Results

We compare our method with conventional online track-
ing methods - MIL [1], TLD [18] and Boosting [4]; and
with Faster-RCNN [29], a deep-learning based object de-
tection algorithm. We evaluate the methods using the video-
intersection-over-union (V;or7) metric which represents the
overlap between the ground truth tube and the predicted
tube in the video, and is defined as:

Zi\’ RN Rgt

(7
Ziv R U Rgt

Viov =

Here, R, and Ry represent the tracked and ground truth
proposal region in each frame, respectively. N and U repre-
sent the intersection and union operators. The intersection-
over-union (IOU) metric is a frame-level evaluation met-
ric widely used in evaluating object detection frameworks
and represents the degree of overlap between proposed and
ground truth object bounding boxes. The Vioy is a similar,
but video-level metric.
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Figure 7. Qualitative comparison between our detector (red), Faster-RCNN (yellow) and ground truth (green) annotations. These results
were obtained on test videos (video6, video7 and video8) from the dataset.

Method ‘ Viou ‘
Faster-RCNN (every 5™ annotation, Train) 0.28 (+0.06)
Ours - Detection only (every 5" annotation, Train) | 0.327 (+0.191)
Faster-RCNN (every 5™ annotation, Test) 0.05 (+0.02)
Ours - Detection only (every 5™ annotation, Test) | 0.427 (£0.112)

Online Tracking (all annotated frames)
Ours-Detection-All
Ours-Tracking-by-Detection-All

0.03 (£0.018)
0.355 (£0.161)
0.365 (+0.146)

Table 2. Viou Scores obtained using Faster-RCNN, online track-
ing, and our detection and tracking methods. Average V;ou across
all videos in each dataset partition are presented along with their
respective standard deviations.

The online trackers are provided with the ground truth
bounding box in the first frame, and are then applied
to keep track of the target locations for the rest of the
video. We only present the result produced by the best
online-tracking method in Table 2. Although online track-
ing is not strictly comparable with our offline tracking-by-
detection approach, we choose to present these comparisons
to demonstrate the ineffectiveness of existing online track-
ing approaches for the cursor detection and tracking prob-
lem.

We use the Faster-RCNN implementation provided by
Google’s Object Detection API, with a ResNET-50 [15]
base architecture, pre-trained on the MS-COCO dataset
[21]; and then trained on frames from videos 1-5 from our
dataset. We modify the default configurations to include
smaller scales and aspect ratios in the anchor generation
step; and use a binary classification objective, where the
presence of a cursor, irrespective of type, is considered as a
positive example. We evaluate the Faster-RCNN on every
fifth annotated frame in each video. For a fair compari-
son, we present results using only the detection version of
our approach, evaluated at every fifth frame, in which we

discard the phase described in section 3.3, and choose the
object proposal with the highest template matching score in
each frame. We also present the detection and tracking-by-
detection results evaluated on all 8 videos in the dataset us-
ing our approach. These are denoted by Ours-Detection-All
and Ours-Tracking-by-Detection-All in Table 2. Our detec-
tion approach (evaluated on every fifth frame), achieves a
Viov of 0.427 on the test set, thereby beating the Faster-
RCNN counterpart which has a Vo of 0.067. Even the
best online tracking method performs poorly on this dataset
with a V7o of 0.03. It can also be seen that adding the
tracking component (Ours-Tracking-by-Detection-All) re-
sults in an improved and less varying Vioy score of 0.365
for the entire dataset, over pure detection (Ours-Detection-
All), which has a Vo of 0.355 with a higher standard de-
viation. In Figure 7, we can observe better qualitative re-
sults from our detector as compared to Faster-RCNN, as our
method is able to locate the mouse cursor when it undergoes
instant appearance change, and in scenes with high back-
ground clutter. The Faster-RCNN detector is unable to lo-
cate the intended mouse cursor, and classifies similar look-
ing patches in the background. This is because background
clutter can be highly distracting due to occurrences of sim-
ilar icons present in the background that bear resemblance
to the intended mouse cursor, especially with no motion in-
formation to filter out unnecessary regions in the frame.

In the experiments, the consecutive frame requirement in
Section 3.2, N is set to 5; the template selection vicinity, d
and template similarity threshold ¢.emp in Section 3.3 were
set to 150 frames and 0.5 respectively; and the distance and
scale thresholds ¢4;; and £s.q1e in Section 3.4 were respec-
tively set to 150 and 1.3. All experiments were conducted
on a Windows 10 64 bit PC with Core i7-7700HQ @ 2.80
GHz CPU, 16 GB RAM and a 1060 Ti Nvidia GPU, with 6
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GB memory.

5. DISCUSSIONS

In this paper, we proposed a novel offline, single-object
tracking-by-detection algorithm for the purpose of automat-
ically discovering and detecting mouse cursors in instruc-
tional videos. Our method implements tracking by detec-
tion, in three stages - automatic template discovery, tem-
plate matching; and optimal path search - to adaptively dis-
cover and locate cursors appearing in a video. Experimen-
tal results show that our method performs much better than
other online trackers, which are unable to track the cursor
after a few initial frames. Our method is also able to locate
cursors in an unsupervised manner, by using motion in each
video to locate mouse cursors for template matching. Our
pure detection approach outperforms the Faster-RCNN’s
performance on both the training and testing sets. On the
other hand, Faster-RCNN is unable to generalize well to
the test set, and this can be attributed to the small size of the
training dataset, which is inadequate to train deep networks,
despite the use of the pre-trained ResNet [15] architecture
employed during the transfer learning phase. The poor per-
formance of the Faster-RCNN can also be attributed to the
significant differences between our dataset, and the MS-
COCO dataset [21] which is used to pre-train the base
ResNet. Our approach exploits the unique motion charac-
teristics exhibited by the mouse cursor to discover potential
cursor candidates appearing in a particular video. Template
matching is a well-suited approach when we consider rigid
objects with no pose variations, and is much faster during
inference time when compared to Faster-RCNN. The use of
optimal path search improves the tracking accuracy by fil-
tering out unlikely paths with quick movements and drastic
scale transformations, obtaining a spatiotemporal path with
the highest confidence score.
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