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Abstract—Optical flow is one of the key components in com-
puter vision research area. Since the seminal work proposed
by Horn and Schunck [1], numerous advanced algorithms have
been proposed. Many state-of-the-art optical flow estimation
algorithms optimize the data and regularization terms to solve
ill-posed problems. However, despite their major advances over
last decade, conventional optical flow methods utilize a single
or fixed data terms without concerning scale changes in two
consecutive frames of images. In this paper, we propose scale-
change aware block matching data terms fused with locally
adaptive models to establish dense correspondence between
frames containing objects in different scales. We observed that
taking scale variations into account in matching has a positive
effect on optical flow accuracy.

I. INTRODUCTION

As a key topic in computer vision research area, optical
flow estimation has attracted considerable attentions from
the community. In addition, high-quality datasets such as
KITTI dataset [2] and MPI-Sintel dataset [3] emersed aiming
to mimic real-world scenes. Among such datasets, KITTI
dataset [2] captures real-world traffic scenes which consist
of relatively similar forward or backward motions of moving
objects. In such traffic scenes, objects moving fast towards or
away from the camera undergo scale variations in consecutive
frames of images. To address this problem, modern optical
flow methods adopt adequate regulariztion into the energy
minimization formulation as follows:

E = Edata(u) + λEreg(u), (1)

where u = (u, v)T denotes the horizontal and vertical optical
flow field between two frames respectively.

However, conventional optical flow estimation methods of-
ten fail to consider errors arise due to scale changes of objects
in determining pixel-wise or patch-wise similarity between two
frames. As a result, errors in matching are likely to cause errors
in estimating optical flow vectors. Especially in the real-world
traffic scenes which consist of relatively similar forward or
backward motions of moving objects, adopting scale variations
in matching is required to reduce possible errors in optical flow
estimation.

Moreover, many approaches have tried to improve the
optical flow results by designing robust data terms. Black and
Anandan [4] applied a robust statistic estimator, and Zach. C
, Thomas. P, and Horst B [5] used L1 data penalty function.
Subsequently, many robust functions have been explored [6],
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Fig. 1: Optical flow estimation example. Black colored regions
indicate invalid pixels (i.e. no ground truth flow vector avail-
able).

[7], [8]. However, conventional optical flow frameworks only
use a single or fixed data model. In contrast, the work of TH
Kim, HS Lee, and KM Lee [9] proposed optical flow frame-
work which allows to utilize fusion of multiple complementary
data models to improve the optical flow accuracy. The work of
TH Kim, HS Lee, and KM Lee [9] outperformed state-of-the-
art methods and ranked second in Middlebury dataset [10] at
the time of its publication. Throughout the paper, data models
and cost functions are used interchageably.

In this paper, we propose scale-change aware block match-
ing data terms fused with locally adaptive framework. First we
discover all scale variations from the publicly available optical
flow dataset. We then select the most representative scale
candidates among all discovered scales. After selecting the
most representative scales, we adopt the selected scales into
the block maching procedure. In addition, we propose a locally



adaptive data model very analogous to the work [9]. Through
experiment, we observed increase in optical flow accuracy by
combining scale-change aware block matching cost function
with locally adaptive framework. Therefore, we showed that
adopting scale variations into the data term reduces the error
in optical flow results.

II. LOCALLY ADAPTIVE FUSION OF DATA COSTS

First, let us begin by briefly explaining the framework of
locally adaptive fusion of data costs [9] which is our baseline
framework. In contrast with the conventional optical flow
methods, our baseline framework uses weighted sum of the
multiple data models. Designing a robust single data model,
that is reliable on the entire image domain, is almost impos-
sible. Thus, designing a framework which assigns appropriate
locally adaptive data models to each pixel of the image is
desirable. The proposed framework is formulated as follows:

E = Edata(u,w) + µEreg(w) + λEreg(u), (2)

where w denotes a set of continuous weight variables which
has constraints, wl(x) ≥ 0 and

∑M
l=1 wl(x) = 1 where M

denotes the number of data models to consider. First term in
(2), Edata(u, w), measures the data fidelity or matching costs
coupled with the flow vectors and weight variables. Ereg(w)
and Ereg(u) enforce regularization of weights and flow vectors,
respectively. The constants µ and λ controls the strength of
both regularizers. In the following subsections, each discussed
terms, which are the data terms, and regularization terms, are
provided.

A. Data Term

This section describes an optical flow estimation data term
that combines multiple conventional data models by adopting
appropriate scales defined in Section III. As mentioned previ-
ously, designing a single robust data term is near impossible
since it can not give reliable solutions on the entire image
domain. Therefore, designing a data term that adequately
combines multiple data models is desirable.

The data term is defined as

Edata(u,w) =
∑
x

M∑
l=1

wl(x) · ρl(x, u), (3)

where x denotes the indices of the discrete locations in the
image domain and ρ(·) denotes a data cost function. This
design allows to construct pixel-level best suited data model.

B. Regularization on u

As optical flow estimation is an ill-posed problem, regu-
larization term is neccessary to obtain reliable solution by
enforcing smoothness on the flow vectors assuming that the
flow fields vary smoothly. Moreover, flow vectors are likely to
have sparse discontinuities on the edges or the boundaries of
objects. Therefore, the edge map [11], [12], [13] is employed
to penalize large flow vectors passing through edges. The
edge map is given by the maximal color difference among
neighboring pixels as follows :

Fig. 2: Scale density graph of KITTI training dataset [2]. A
majority of scales are concentrated near a point which shows
that the most of objects share similar forward or backward
motions.

g(x) = exp(−max(|∇IR|, |∇IG|, |∇IB |)κ), (4)

where ∇ controls the magnitude of the difference between
edge and homogeneous region. ∇IR, ∇IG and ∇IB represent
the pixel-wise derivatives of the RGB color channels, respec-
tively. Thus, the final regularization term for the flow vector
is defined as

Ereg(u) =
∑
x

g(x) · |∇u|. (5)

C. Regularization on w

In addition to regularizing the flow vectors, regularizing the
weight variables is also an important aspect in adaptive data
fusion model. The abnormally low matching costs compared
to those of its neighboring pixels from the same data model are
not likely to represent the true matching costs. Thus, regulariz-
ing weight variables is necessary. The designed regularization
of the weight variables is formulated as follows :

Ereg(w) =
∑
x

M∑
l=1

|∇wl|. (6)

III. PROPOSED METHOD

A. Representative Scale Extraction

In order to understand amount of scale changes the objects
undergo in two consecutive frames, we first need to analyze
given frames. In this paper, we analyze scale variations in
two consecutive frames by computing affine transformations.
For given two consecutive frames, a reference frame and a
target frame, we extract patches from the reference frame and



(a) Average end-point error measured using census matching costs (b) Average end-point error measured using SAD matching costs

Fig. 3: Evaluation of the proposed method on the KITTI training dataset [2]. Average endpoint error(AEE) is used as an
evaluation metric.

their correspoinding patches in the target frame using ground-
truth flow vectors. We then compute the affine transformation
between those extracted patches. By doing so, we can obtain
all possible scale candidates in two consecutive frames. Repeat
the same procedure for all consecutive frames in KITTI
training dataset [2] to obtain scale variations in the enitre
dataset. Fig. 2 shows the density map of all scale variations
in KITTI training dataset [2]. It can be seen clearly from Fig.
2 that scales are concentrated near a certain point. This tells
us that majority of objects share similar forward or backward
motions having scale values around 1.

However, it is impossible to use all scales discovered in
computing matching costs as the computational complexity
rises linearly with respect to the number of data models
we consider. And we made an observation that majority of
scales are concentrated. Thus, acquiring the most represen-
tative scales among all variations is desirable. Therefore, We
propose to use K-means clustering algorithm to obtain K most
representative scales.

B. Scale-chage Aware Locally Adaptive Model

We now present our scale-change aware locally adaptive
optical flow that blends scale-change aware block matching
into the locally adaptive framework. We can generalize (2) by
employing the most representative scales we selected in the
previous subsection. Therefore, the proposed method can be
formulated as follows:

E = Edata(u,w, s) + µEreg(w) + λEreg(u), (7)

where s = s denotes a set of K scales, where we set the value
K previously when extracting the most representative scales
from the dataset. Since we added new variable s to the data
term in our final formulation, we also need to modify (3) as,

Edata(u,w, s) =
∑
x

M∑
l=1

wl(x) · ρl(x, u, s). (8)

IV. EXPERIMENTAL RESULTS

A. Dataset

To evaluate the proposed method, an experiment is con-
ducted on KITTI training dataset [2] which consists of 194

pairs of two consecutive images with their corresponding
ground-truths. The dataset is diverse, capturing real-world
traffic situations and it ranges from freeways over rural areas
to innercity scenes with many static and dynamic objects. It
includes non-lambertian surfaces, different lighting conditions,
a large variety of materials and large displacements. More than
16% of the pixels have motion over 20 pixels.

B. Qualitative & Quantitative Results

To evaluate our proposed scale-change aware locally adap-
tive optical flow, we tested our method using 3-by-3, 5-by-
5 and 7-by-7 census and SAD(Sum of Absolute Difference)
block matchings [14]. In our experiment, we set K = 3
to extract three the most representative scales via K-means
clustering algorithm. Extracted scales via K-means clustering
are as follows:

s = {1.0171, 1.2586, 2.9689}. (9)

For a fair experiment, we evaluated our method on four
conditions for each of census and SAD block matchings:

(i) Unscaled, s = {1}
(ii) 1 Scale, s = {1.0171}
(iii) 2 Scales, s = {1.0171, 1.2586}
(iv) 3 Scales, s = {1.0171, 1.2586, 2.9689}

to every 3-by-3, 5-by-5, and 7-by-7 block matching
cost functions.

Fig. 3 shows the evaluation results of our proposed method
using census and SAD block matchings measured in average
endpoint error metric. As we can observe from the graph,
taking additional scales into account reduces the endpoint error
of the optical flow vectors. Thus we showed that considering
scale variations in matching is desirable in enhencing the
performance of optical flow estimation. Fig. 4 shows some
examples of our proposed method tested on KITTI dataset
[2]. The proposed algorithm is implemented in CUDA.

V. CONCLUSIONS

We proposed a scale-change aware optical flow estima-
tion method which considers scale variations of objects in



(a) overlay of two consecutive frames (b) our optical flow result (c) ground-truth

Fig. 4: Evaluation of the proposed method on some of the KITTI training dataset [2].

matching. In addition, our proposed method utilizes locally
adaptive data fusion [9] in order to allow our model to use
mutliple data terms with different scales. The experimental
results demonstrate that taking scale variations into account
leads to increase in optical flow accuracy as we expected.

However, several future work remains. Although proposed
method takes the scale variations into account, a set of scale
candidates has to be determined as a preprocessing step. This
approach may not be adequate for real-time applications if the
scales are not determined adaptively on-line. Therefore, it is
desirable to re-formulate energy function in such a way that the
scales can be determined automatically in optimization step.
In addition, taking rotation variations into account may also
boost the performance of the optical flow results.
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