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Abstract. Tracking of 3D objects based on video information has become
an important problem in the last years. We present a tracking algorithm
based on rotation-invariant HOGs over a data structure of circular win-
dows. The algorithm is also robust to geometrical distortions. The per-
formance of the algorithm achieves a perfect score in terms of objective
metrics for real-time tracking using multicore processing with GPUs.
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1 Introduction

Among image processing problems, tracking has become popular, and it is
expected to be further upraised in the next decade owing to revolutionary
technology such as intelligent TVs, Oculus Rift1, Google Project Glass2, and
Microsoft HoloLens3. These vision technologies need reliable tracking algorithms
to automatically control various objects such as eyes for positioning or hands for
different gestures.

Tracking systems can be classified by the type of descriptor [1] as follows:
template trackers [2–4] use histograms and other data structures to describe
objects; silhouette trackers [5–7] use shapes and edges of objects; feature trackers
[8–10] extract interest points of targets.

In this paper we deal with the tracking problem based on iterative match-
ing algorithm and position prediction. First, we extract a data structure contain-
ing circular windows (CWMA) [11] with histograms of both oriented gradients
1 Oculus VR, Oculus Rift, http://www.oculusvr.com/.
2 Google, Project Glass, http://www.google.com/glass/.
3 Microsoft Corporation, Microsoft HoloLens, http://www.microsoft.com/microsoft-

hololens/.
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(HOG) [12] and radial gradients [13] to provide rotation invariance. After finding
the object in the first frame, kinematic prediction model [14] is utilized to fol-
low the target across the video sequence. In order to achieve real-time processing,
the proposed algorithm is implemented with GPUs. Such implementation takes
advantage of multicore and SIMD technologies to process multiple histograms and
to achieve 30 FPS rate of tracking processing.

The performance of the proposed algorithm in a test database is compared
with that of other trackers based on matching algorithms such as SIFT [15], SURF
[16] and ORB [17] in terms of success rate percentage and processing time.

The paper is organized as follows. Section 2 describes noise removal pre-
processing. Computation of radial HOGs in circular windows is presented in
Sect. 3. Section 4 introduces object descriptors. Sections 5 and 6 present the pro-
posed tracking algorithm. Finally, computer simulations and discussion are given
in Sect. 8.

2 Noise Removal

The first step in common tracking algorithms is suppression of additive sensors
noise by a Gaussian filter. In order to adaptively remove additive noise first it
is necessary to estimate its parameters in each frame. We assume that an input
frame contains additive white noise. The autocorrelation function of the noise is
the Kronecker delta function. Suppose the additive noise model given as

f ′ (x, y) = f (x, y) + n (x, y) , (1)

where f ′ is the observed noisy image, f is an original image, and n is white noise.
Since the image signal and noise are statistically independent, the autocorrela-
tion function of the observed image consists of the autocorrelation function of
the original image and the noise variance added only to the origin. Assuming
that the autocorrelation function of the original image is a monotonic function
in the vicinity of the origin, the signal variance can be estimated as the differ-
ence between the value at the origin of the autocorrelation function of the noisy
image and the value obtained by linearly extrapolating to the origin with other
values of the autocorrelation function of noisy image. It is illustrated in Fig. 1.

The estimated noise standard deviation (σn) is used as parameter for the
Gaussian filter. Note that white noise affects the orientation of pixel gradients.
The number of quantized directions Q for the histograms can be chosen as a
function of the noise standard deviation as follows:

Q =
⌈

360
σn

⌉
. (2)

3 Radial HOGs on Circular Windows

Let R be a closed disk with radius r and center point c = (x, y), and let pi =
(xi, yi) be a point within the disk. At each point pi we define two orthogonal
vectors relative to the origin [13]. If (ui, vi) = pi − c and ψi = atan(ui, vi), then
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Fig. 1. Estimation of white noise variance.

radi = (cosψ, sinψ) , tani = (−sinψ, cosψ) , (3)

where radi and tani are the radial and tangential directions at pi − c. Figure 2
shows the angles ψi ∈ R.

Fig. 2. Mask of radial angles R.

The size of R is the same as that of the sliding window running across the
frame image. Let be a matrix that transforms the Cartesian gradients to radial
gradients, that is,

T =
[

rad
tan

]
=

[
cosψ sinψ

−sinψ cosψ

]
. (4)

First, let us compute the gradient g = (gx, gy) at each point in the window
with the Sobel operator [18], and then the radial gradient can be computed as
follows:

gr = TgT =
[

cosψ sinψ
−sinψ cosψ

] [
gx
gy

]
. (5)

It can be seen that this transform yields rotation-invariant gradients if the
mask and the window have the same size and rotated pixels are at the same
distance from the origin as non-rotated pixels.
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Next, let us compute the magnitude and orientation of pixels in the window,

mag (x, y) =
√

gx2
r + gy2

r , (6)

ori (x, y) = arctan (gyr/gxr) . (7)

Using the gradient magnitudes {mag(x, y) : (x, y) ∈ R} and orientation
values quantized for Q levels {ϕ(x, y) : (x, y) ∈ R},

ϕ (x, y) =
⌊

Q

360
ori (x, y) +

1
2

⌋
, (8)

the histogram of oriented gradients can be computed as follows,

HOG (α) =

{∑
(x,y)∈R δ (α − ϕ (x, y)) , mag (x, y) ≥ Med

0, otherwise
, (9)

where α = (0, , Q − 1) are histogram values (bins), Med is the median of the

gradient magnitudes inside of the circular window, and δ (z) =

{
1 z = 0
0 otherwise

is the Kronecker delta function.
Finally, we compute a centered and normalized histogram, which further

improves the rotation invariance and makes the matching robust to slight scale
change,

HOG (α) =
HOG (α) − Mean√

V ar
, (10)

where Mean and V ar are sample mean and variance of the histogram, respec-
tively.

4 Object Descriptor

Let Wi be a set of closed disks, with distances between disks Dij and angles
between every three adjacent centers of the closed disks γi [11],

Wi =
{

(x, y) ∈ R : (x − xi)
2 + (y − yi)

2 ≤ r, i = 1, ...M
}

, (11)

Dij =
{√

(xi − xj)
2 + (yi − yj)

2
, i = 1, ...,M ; j = i + 1, ...M

}
, (12)

γi =

{
cos−1

[
D2

i,j+1 + D2
i,j+2 + D2

i,j+3

2Di,j+1Di,j+2

]
, i = 1, ...,M − 2

}
, (13)

where (x, y) are coordinates at the center of the disks, r is the radius of the
disks, M is the number of circular disks inside the borders of the target object.
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Fig. 3. Circular disk structure computed from the target object.

The circular disks form a geometric structure that fills inside the target object
as shown in Fig. 3

Histograms of oriented gradient for the target object (HOGO
i ) are computed

from each disk Wi in the structure using the radial mask R as shown in Sect. 3,
and further used for matching. It is interesting to note that at any position of the
structure, each disk contains image area that is unchangeable during rotation.

5 Iterative Matching

In order to locate the target object, we perform a recursive calculation of the
HOG over the frame image by means of a sliding window the size of R as depicted
in Sect. 3. Since the sliding window is symmetric, it can easily move in horizontal
or vertical direction one pixel at the time, as shown in Fig. 4,

Fig. 4. Recursive update of a histogram along columns.

The iterative computation of histograms allows for fast computation of the
frame image as only 2πr pixels in the circular window are processed instead of
πr2 pixels of the circular window area at each iteration.

At any step k of the iterative process we compute a scene histogram HOGS
k .

With both histograms, we correlate the ith circular window at position k in the
frame image by means of the Inverse Fast Fourier Transform,

Ck
i (α) = IFT [HSik (ω)HO∗

i (ω)] , (14)
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where HSik(ω) is the centered and normalized Fourier Transform of HOGS
k (α)

inside of the ith circular window over the frame image, and HOi(ω) is the Fourier
Transform of HOGO

i (α), the (∗) denotes complex conjugate. The correlation
peak is a measure of similarity of two histograms and its calculated as follows,

P k
i = max

α

{
Ck

i (α)
}

. (15)

The correlation peaks are in the range of [−1, 1]. We suggest a M-pass proce-
dure: first perform a matching of the first circular window in the structure; the
objective is to reject as much as possible points in the frame image by applying
a threshold Th to the correlation peaks to conserve the higher valued points and
keep a low probability of miss errors. Second, only accepted points are consid-
ered to carry out the matching with the second circular window of the structure,
taking into account the threshold value and the center to center distance Dij

to the first window, rejecting another set of points; and so on, evaluating the
M windows in the structure. The final decision about the presence of the tar-
get object is taken considering the joint distribution of the correlation peaks for
all windows. In this way, a trade-off between the probabilities of miss and false
alarm errors is achieved.

Matching algorithms in sliding windows can be computationally exhaustive
and time consuming, then, to improve the processing time we use a GPU to
compute a huge set of histograms in the frame and compare them to the target
object HOG in parallel with the multicore approach that GPUs provide [19].

6 Prediction

To speed up the tracking process, a movement prediction model is implemented
[14]. In the first frame, we search the object target in the complete frame, as
the position is unknown, and we save the state in time in form of a vector
[x, y, θ], where x and y are the Cartesian position of the object and θ is the
object movement direction. To improve the location of the object in subsequent
frames at time τ , we take into account the state vectors from past and current
frames to predict the state vector at frame τ + 1. A state-space motion model
is implemented. The target object behavior is described by a coordinated turn
model as follows:

xτ+1 = xτ +
sin (θτΔ)

θτ
x̂τ − 1 − cos (θτΔ)

θτ
ŷτ + ax,τ

Δ2

2
, (16)

yτ+1 = yτ +
1 − cos (θτΔ)

θτ
x̂τ +

sin (θτΔ)
θτ

ŷτ + ay,τ
Δ2

2
, (17)

x̂τ+1 = cos (θτΔ) x̂τ − sin (θτΔ) ŷτ + ax,τΔ, (18)
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ŷτ+1 = sin (θτΔ) x̂τ − cos (θτΔ) ŷτ + ay,τΔ, (19)

θτ+1 = θ + aθ,τ , (20)

where, xτ and yτ are the position of the target at frame τ in Cartesian coordi-
nates, x̂τ and ŷτ are velocity components in x and y directions, θτ is the target’s
angular rate, ax,τ and ay,τ are random variables representing acceleration in
x and y directions, and aθ,τ is the angular acceleration. In case that the target
object has an unexpected turn and the predicted position does not coincide with
the actual target position, we take a frame fragment of size equal to 1.5r around
the predicted coordinates for further precise matching. This improves the target
location and makes the algorithm tolerant to a sudden direction change. If the
object is lost, then we search within the frame fragment with increased size of
0.1r for five consecutive frames while the target object remains lost; in case it is
not found, we resume the search in the entire frame.

7 Computer Simulations

This section provides results over a set of computer simulations. The experiments
are carried out over 10 synthetic sequences of 240 frames each one. The objects
are taken from the Amsterdam Library of Object Images (ALOI) [20], each one
contains a structure of two circular windows (M = 2) and variable radius in the
range of r = [28, 32]. The frames are of standard size of 640 × 480 pixels each
one, and are free source landscape photos from the Internet.

Each sequence features the target object with varied deformations such as
rotation in-plane from 0 to 360◦, rotation out-of plane or perspective changes as
high as 35◦, a slight scaling in the interval of [0.8, 1.2] and additive white noise
up to σn = 15. The parameters of the proposed algorithm referred to as CWMA

are as follows: M = 2, Q =

{
�360/σn� , 1.5 < σn < 40
64 , otherwise

and Th = 0.8.

The algorithm was implemented in a standard PC with Intel Core i7 processor
with 3.2 GHz and 8 GB of RAM and a GPU ATI RADEON 6450, using OpenCV
for basic image processing algorithms and OpenCL for parallelization. Trackers
based on matching algorithms SIFT, SURF and ORB were implemented with
the same technologies taking the core implementation from OpenCV.

We test our algorithm in percentage of the success rate of locating the target
object and processing time in terms of Frames Per Second (FPS).

Figure 5 shows the hit rate, as can be seen, the proposed algorithm is the most
stable of the algorithms achieving almost perfect score across all the sequences,
while the other algorithms based on features are more chaotic; we attribute this
behavior to the structure of circular windows and the truly rotation invariant
descriptors that keep the object information and modify gradient directions with
the radial mask.
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Fig. 5. Success rate in percentage of frames by sequence.

Fig. 6. Frames per second achieved at each sequence.

Figure 6 shows the frames per second of the algorithms. Our proposed algo-
rithm and the one based on ORB run at similar peace; however, as the graphic
shows, our implementation is more stable across the sequences. This is caused
by the structure stability, contrary to the feature based algorithms where the
processing time can change drastically depending on the quantity of keypoints
found within the image.

Overall, our algorithm shows a better performance when compared with other
matching based algorithms based on popular descriptors such as SIFT, SURF
and ORB.
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8 Conclusion

In this work we presented a robust tracking algorithm based on rotation-invariant
HOGs over a data structure of circular windows. The proposed algorithm utilizes
a prediction stage based on modeling the kinematic behavior of a target in
two-dimensional space. According to computer simulation results the proposed
algorithm showed a superior performance in terms of tracking accuracy and
speed of processing comparing with similar tracking techniques based on features
matching. Implementation of the proposed algorithm with GPU devices achieves
real-time processing.

Acknowledgments. This work was supported by the Ministry of Education and Sci-
ence of Russian Federation (grant 2.1766.2014K).
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