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Abstract

We observe that in many applications, the motion present
in a scene is well characterized by a small number of (rigid)
motion hypotheses. Based on this observation, we present
rigid multi-motion optical flow (RMM). By restricting flow
to one of several motion hypotheses, RMM produces more
accurate optical flow than arbitrary motion models.

We evaluate an algorithm based on RMM on a novel syn-
thetic dataset, consisting of 12 photo-realistically rendered
scenes containing rigid vehicular motion and a correspond-
ing, exact, ground truth. On this dataset, we demonstrate
a substantial advantage of RMM over general-purpose al-
gorithms: going from 36% outliers with the DiscreteFlow
algorithm, to 26% with ours, with a mean error reduction
from 8.4px to 6.9px. We also perform qualitative evaluation
on real-world imagery from traffic cameras.

1. Introduction
Computing optical flow, a dense pixel-wise correspon-

dence field between a pair of successive video frames, is a
fundamental problem in computer vision. It provides low-
level and rich description of scene motion and many higher-
level image understanding applications rely on its accurate
estimation. In general, computing optical flow from a pair
of images is an under-constrained problem. One widely
used additional constraint is that the flow must be smooth:
it does not change abruptly from one pixel to the next.

We introduce an additional constraint: the underlying
motion in the scene consists of translation and rotation of
rigid objects. Specifically, we introduce a multi-motion
model, consisting of several distinct fundamental matrices
[6, 9]. The multi-motion model is taken as input, and could
be determined in several ways. For example, it may be pro-
vided by a human user, estimated from long term statistical
processing, or estimated from feature matching on a frame-
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pair basis. Below, we show that restricting the optical flow
solution space to this multi-motion model improves perfor-
mance on conforming scenes.

Road traffic is a common type of scene that is well char-
acterized by rigid multi-motion. We use this scenario as
the focus of our evaluation efforts. Applications of optical
flow in traffic surveillance video include enforcement, sta-
tistical studies, signal control optimization, and more. We
hypothesize that leveraging epipolar geometry constraints
will result in more accurate optical flow than that offered
by general purpose algorithm, while keeping computational
complexity low. Moreover, we believe that projective ge-
ometry approaches toward estimating optical flow for dy-
namic scenes have not been sufficiently explored in previ-
ous work, a gap which we seek to fill here.

For evaluation, we introduce a new dataset containing
rendered traffic monitoring scenes. Starting from 3D mod-
els of a street scene, we use Blender, a freely available im-
age rendering engine, to produce photorealistic imagery of
moving vehicles. Through modifications to Blender, we
produce precise optical flow ground truth, including areas of
occlusion. Evaluation is then a simple matter of comparing
the output produced to the precise ground truth provided.
Our primary contributions are as follows:

• We present a novel optical flow algorithm that per-
forms joint motion (rotation+translation) segmentation
and epipolar flow estimation.

• We contribute a novel synthetic imagery dataset with
photorealistic features and precise ground truth.

• We quantitatively compare the performance of our al-
gorithm to that of several existing state-of-the-art algo-
rithms, on the synthetic dataset.

• Finally, we qualitatively illustrate the performance of
our method on real imagery, and compare it to several
state-of-the-art algorithms.

Below, §2 briefly describes the related work, followed
by a description of the optical flow problem in §3, our algo-
rithm §4, and the evaluation §5 before we conclude in §6.
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2. Related Work
Until recently, the top performing optical flow algo-

rithms have usually originated from the family of varia-
tional methods, which aim to formulate a robust differen-
tial at each pixel. The inclusion of geometry constraints as
part of the variational approach was explored in [17] and
[14] which address the joint problem of optical flow and a
single fundamental matrix estimation. [18] also uses a pre-
determined fundamental matrix to steer the flow solution
to be consistent with the epipolar geometry. While varia-
tional optical flow algorithms tend to be very accurate on
scenes with small pixel movement, they usually rely on a
sub-sampling pyramidal scheme to handle large displace-
ments. We design an algorithm suitable for large (in our
case 256px) displacements without using image pyramids.

An alternative way of imposing geometry constraints ap-
peared in the work of [12] who observe that general optical
flow algorithms frequently contain a smoothness term to en-
courage flow similarity among neighboring pixels. This of-
ten results in unnecessary penalization of any deviation of
neighboring flow estimates even though such deviation can
often be well explained by the true rigid motion appearing
in the 3D scene. As a remedy, the paper proposes to over-
parametrize the solution space at each pixel by also adding
per-pixel (affine, rigid, or pure translation) motion param-
eters and, in the variational framework, to impose smooth-
ness constraints on those higher-level parameters. The work
in [8] also advocates for the use of over-parametrization
but goes a step further and adds a per-pixel homography to
model the motion. The high-dimensional energy function
is then optimized using a faster variant of a particle belief
propagation algorithm.

The seminal work of [2] focused on the problem of in-
terpreting an optical flow generated by independently mov-
ing rigid objects. The method computes the joint segmen-
tation and rigid motion model estimation for each indepen-
dent segment. A set of experiments then showed the fea-
sibility and advantages of simultaneously solving for seg-
mentation and rigid multi-motion parameter estimation in
order to reason about motion in 3D. On the other hand, our
paper focuses on computing the optical flow itself with the
assumption of having a small set of pre-estimated motion
hypotheses available.

In the context of modern optical flow algorithms, our
scenario is closely related to [10] which also focuses on
solving for optical flow applied to traffic imagery. Their al-
gorithm is designed for the autonomous driving application
and hence it accepts input from a pair of stereo cameras at
two time instants for a total of four images. The algorithm
then estimates jointly the stereo disparity and optical flow
(i.e. the scene flow). The traffic scene is assumed to be com-
posed of rigidly-moving piece-wise planar segments where
each pixel moves according to the estimated homography

of the segment which it is assigned to. The stereo pairs are
used to initialize the rotation and translation of the planar
segments and therefore a stereo camera is required to solve
for optical flow. In contrast, our algorithm only assumes as
input two images taken at different times.

The work of [19] is closer to ours in the sense that they
too process images from a monocular camera. They quan-
titatively demonstrate the advantages of using epipolar con-
straints to compute optical flow. However, with their main
application focus being on autonomous driving, they esti-
mate epipolar flow with respect to a moving camera as it
observes a static scene. In our work, we focus on the sce-
nario of a single static camera and moving vehicles.

The recent successful approaches of [13] and [11] fol-
low a two-step process: first they perform sparse matching
to produce high-quality matches which they subsequently
interpolate at each pixel to produce a dense result. This in-
terpolation step is locally aware of edges and prevents over-
smoothing. However, the first step to this pipeline is to pro-
duce accurate matches which are free of outliers and our
algorithm aims to produce such semi-dense initial matches.

3. Problem Description
To tackle the problem of optical flow estimation for traf-

fic, we leverage the fact that our objects of interest, i.e.
cars, trucks, or buses, are non-deformable and their motion
is governed by geometrical rigid-body motion constraints.
This observation allows us to take full advantage of the
algorithmic approaches developed in the computer vision
sub-area of stereo estimation and structure-from-motion. To
better understand the connection between estimating stereo,
epipolar and optical flow, we begin with a brief comparison
while [6, 9] offer more details.

3.1. Stereo

In stereo, we assume a static scene is observed by a pair
of left and right cameras (C

L

, C

R

) whose centers of projec-
tion are horizontally separated by a non-zero baseline trans-
lation T = (t

x

, 0, 0). Without loss of generality, we may
designate the world origin coordinate system to coincide
with C

L

and we are interested in deducing the 3D-world
coordinates X

i

of each pixel x
i

observed in image I

L

. This
setting results in a pair of images (I

L

, I

R

) where pixels x
i

in I

L

are horizontally shifted (toward left) as observed at
corresponding pixel locations x

0
i

1 in I

R

. The fact that the
corresponding pixel x0

i

is to be found on the same image row
as x

i

is due to the geometry of the camera pair which guar-
antees the pixel correspondences to lie on the same epipolar
line. Thus, each pixel in I

L

is displaced toward the negative
x-direction by a certain positive disparity value d

i

which

1We use the (.)’ notation to represent an entity in the second frame with
respect to the argument in parentheses that appears in the first frame



results in the correspondence field (x

i

, x

0
i

) for each pixel,
where x

0
i

= x

i

� d

i

. Because d

i

is inversely proportional
to the depth of the corresponding 3D point X

i

, estimating
d

i

along with the knowledge of the baseline translation T

and the focal length of the cameras allows us to deduce the
3D-coordinates X

i

using triangulation.

3.2. Epipolar Flow

The problem of epipolar flow estimation is a generaliza-
tion of stereo. In this setting, we assume an observer can be
represented by a single camera which moves within a static
environment and where the pair of images I

t

L

and I

t+1
L

is
acquired at times t and t + 1 (for brevity, we can denote
this image pair simply as I0 and I1). Unlike in stereo, here
the ego-motion of the camera is in general not constrained
to be represented by horizontal displacement (translation)
with 1 degree of freedom (d.o.f) only. Instead, the camera
can move freely in space where this rigid-body motion can
be concisely described using the translation vector T 2 R3,
with 3 d.o.f and a rotation matrix R 2 R3⇥3, also with 3
d.o.f. For illustration, this type of motion can arise for in-
stance when a person captures images while walking and
holding a camera in hand. Nevertheless, despite the added
motion complexity compared to the stereo case, the forma-
tion of images is also governed entirely by epipolar geom-
etry. As a consequence, each pixel location x

i

induces an
epipolar line l

0
i

along which the correspondence x

0
i

is to be
found and where the pair (x

i

, x

0
i

) is also separated by dis-
parity d

i

. However, unlike in stereo, the pencil of epipolar
lines does not generally follow the horizontal lines (image
rows) but instead each line intersects a single point in the
image plane (the epipole) while each line also changes its
direction (smoothly) with respect to its neighbors. Thus,
when a camera moves approximately forward toward the
direction of its optical axis, the epipole often resides in the
neighborhood of the image center and the epipolar lines
pass through the epipole.

To ensure that both x

i

and x

0
i

lie on l

0
i

, as was the case
in rectified stereo, it may be necessary to first estimate R

in order to remove the effect of the rotational motion ob-
served in the image planes. The images I0 and I1 can then
be transformed to simulate the simpler case when both im-
age planes are parallel. Consequently, the correspondence
field can be parametrized as x

0
i

= x

i

� d

i

e

u

where e

u

is
the unit-direction vector at x

i

toward the epipole. Note that
when the observer moves forward the disparity values are
positive in the above equation because all pixels appear to
be moving away from the epipole.

3.3. Optical Flow

The challenge with estimating optical flow is that in this
scenario the scene can no longer be assumed to remain
static because multiple independently moving dynamic ob-

jects can appear in the scene, in addition to the possible
ego-motion of the camera itself. On the other hand, it is im-
portant to notice that the epipolar constraints still hold, and
this is the case even in the scenario of static observer (static
camera) and a moving object. It can be helpful to imag-
ine the scenario in terms of estimating the epipolar flow as
before, with the difference that all pixel movements would
now correspond to the inverse of what we would expect in
the moving camera with static object case. However, this
simple trick enables us to leverage epipolar constraints as
before and to reason about optical flow corresponding to
rigid-body motion in 3D even with a static camera.

Continuing with the description of the most general sce-
nario of moving camera with multiple moving objects we
can see that the different objects’ motion(s) can be assumed
to be specified entirely using a small set of rigid-body mo-
tion models {(T1, R1), . . . , (TK

, R

K

)} with K correspond-
ing to the number of different models. Note that K can
be less than the number of objects in the scene because
multiple objects’ motions can possibly be specified using
a single motion model. This many-to-one relation can arise
for example when multiple cars share the same direction of
movement or when the ego-motion of the camera is close
enough to any of the objects’ motions, for instance when
the observer moves forward while a car ahead moves in the
opposite direction toward the camera. Finally, in contrast
to stereo and epipolar flow where the pixel correspondence
field was constrained by the epipolar geometry of a single
motion model across all the pixels in the image plane, here
the pixel flow at different regions of the image can be gov-
erned by possibly different motion models. Consequently,
before estimating the disparity for each pixel, one must as-
sign a motion model to each pixel, and as such segment the
image based on the provided motion models.

3.4. Parametrization

To be able to solve for optical flow leveraging the
epipolar geometry constraints, one must derive a suitable
parametrization for the optical flow solution space. In this
paper, we will represent each motion model as it appears in
the image plane (in pixel units). This can be accomplished
using a fundamental matrix F 2 R3⇥3 which is a matrix en-
compassing the camera’s calibration matrix K 2 R3⇥3 and
the vehicle’s motion parameters T and R. Here K and K

0

contain the focal length and the optical axis offset (in pix-
els) of the camera for each image pair in the sequence. We
can write F = K

0�>
[T ]⇥RK

�1 where K = K

0 in case
our camera does not change its intrinsic parameters (e.g. by
zooming) when capturing I0 and I1. Moreover, the oper-
ator [.]⇥ in the previous equation converts the argument in
the brackets into its skew-symmetric matrix representation
suitable for expressing a vector cross product.

The parametrization for the correspondence field nat-



urally follows from the fundamental matrix constraint
x̃

0>
i

F x̃

i

= 0. Here, we have used the bold-face nota-
tion x

i

= (x

i

, y

i

)

> to represents the full pixel coordi-
nates, while the operator (̃.) transforms the argument in
parentheses into its homogeneous coordinate representation
by simply appending the constant 1 to the vector to form
x̃

i

= (x

i

, y

i

, 1)

>. For each pixel location x

i

in image I0,
the fundamental matrix induces a line in the next frame I1:

l

0
i

= F x̃

i

(1)

where l0 2 R3 is the parametrization of the line, and the cor-
respondence x

0
i

is guaranteed to lie somewhere along that
line. On the other hand, it is important to note that because
F can contain the rotational component R, the source point
x

i

will in general not lie on l

0
i

. As a consequence, a point
of origin needs to be established on line l0

i

so that the corre-
spondence x

0
i

can be parametrized with respect to it. There
is an obvious difficulty with the naive approach of desig-
nating the point of intersection of l0

i

with one of the image
borders because, in the worst case, we would need to en-
sure a large search space up to the length of the image di-
agonal to ensure that x0

i

can be parametrized. To keep the
search space small and hence an inference procedure quick,
a heuristic approach should be employed.

The method in [3] uses the set of sparse matches pre-
viously used to pre-estimate a given F as the heuristic to
find the initial guess for the location of x0

i

. First, a similar-
ity transformation is fit to the sparse matches which trans-
forms x

i

to a point in I1 and that point is designated as the
point of origin where x

0
i

is parametrized with respect to it.
However, this approach explicitly requires the knowledge
of the sparse matches for each F which may not always be
available or practical as we will observe in a later section.
Therefore, in this paper we will develop a different heuristic
which is simpler and more general.

First we calculate the closest point from x

i

that lies on
l

0
i

. This is accomplished by a simple perpendicular projec-
tion P(., .) where the arguments in parentheses specify the
source point and the fundamental matrix (FM) and where
we utilize Eq. 1. Thus,

x

p

i

= P(x

i

, F ) (2)

where x

p

i

is the heuristic point of origin. This new point of
origin yields the parametrization for the correspondence,

x

0
i

= x

p

i

+ d

i

e

0
u

(3)

where d

i

2 R and e

0
u

2 R2 is the unit-directional vector
from x

p

i

toward the epipole e0. This vector also corresponds
to the unit-direction of the line l

0
i

, however in our imple-
mentation we first extract the homogeneous coordinates of
the epipole e

0
2 R3 (which is constant for a particular F )

and then calculate the unit vector from x

p

i

toward e

0. The

epipole corresponds to the right null-space of F because
F

>
e

0
= 0 and hence can be calculated from the singular

value decomposition (SVD) of F>.
Both the heuristic for finding x

p

i

and the parametrization
for the correspondence field have the advantage that they
also naturally cover the earlier cases of stereo and epipolar
flow. To see this, first we can observe that both stereo and
epipolar flow typically process rectified imagery, where the
rectification pre-processing step removes the possible rota-
tional motion component observed in the images and hence
in F . As a consequence, Eq. 2 reduces to x

p

i

= x

i

and the
parametrization for stereo and epipolar flow follows from
Eq. 3, where e

0
u

= (�1, 0)

> for the stereo case. Therefore,
our heuristic and parametrization can be used in all three
cases for stereo, epipolar flow, and optical flow.

3.5. Model

We assume a set of FM hypotheses F = {F1, . . . , FK

}

is initialized (we will discuss an alternative approach for
pre-estimating F in §4.2). To represent the important spe-
cial case where an image region is stationary and hence
no well-conditioned motion parallax occurs, we include the
special no-motion FM into F and define a binary label
f

k

2 {�

mo

, �

nm

} to specify whether a given F

k

represents
the motion or no-motion hypothesis. This results in the bi-
nary vector f = (f1, . . . , fK)

> corresponding to F .
We model the task of joint motion segmentation and

optical flow disparity estimation as a discrete labeling
problem. Here, the labels consist of the pairs (m

i

, d

i

),
where m

i

2 M = {1, . . . ,K} assigns pixel x
i

to follow
motion hypothesis F

mi and d

i

2 D = (�

min

, . . . , �

max

)

and where integers �
min

 �

max

define the ordered set.

Data Cost: this energy term expresses the quality of the
(x

i

,x

0
i

) match parametrized by Eq. 3. We assume that the
photometric properties of the match locations among im-
ages I0 and I1 should be similar to constitute a good match.
Here, we measure the difference in edginess expressed by
computing the L2 norm among DAISY descriptors [16].
This descriptor is robust to illumination changes and was
originally designed as a dense descriptor similar to SIFT
but much faster to compute.

The match quality among two points is measured as

 (x

i

,x

0
i

) = � log

✓
1�

k�0(xi

)� �1(x
0
i

)k2

Z

◆
(4)

where the function �
t

(.) computes the descriptor vector at
the location in parentheses in image I

t

, and Z is a normal-
ization constant to ensure the argument of the logarithm is in
range [0, 1]. In practice we can estimate Z as the maximum
value of the L2 norm of the difference among the descrip-
tors �0 and �1 observed across all pixels whose explored
matching point hypotheses fall within the image boundary.



We can specify the data cost energy term as

E

data

(x

i

,m

i

, d

i

| I0, I1,F , f) =

8
>>><

>>>:

 (x

i

,x

0
i

) if f
mi = �

mo

and kx
i

� x

0
i

)k � ⌧

mo

and
x

0
i

is within I1 boundary
 (x

i

,x

i

) if f
mi = �

nm

1 otherwise
(5)

where x

0
i

= x

p

i

+ d

i

e

0
mi

from Eq. 3, xp

i

follows from Eq.
2 and e

0
mi

is defined by F

mi and is the unit direction at xp

i

toward the epipole e

0
mi

. The scalar threshold ⌧
mo

specifies
the minimum displacement for a match to be considered
to follow any other than the stationary background (no-
motion) hypothesis.

Smoothness Cost: we encourage the disparities among
neighboring pixels to change smoothly if both pixels follow
the same motion model. In addition, we also prefer neigh-
boring pixels to remain in the same motion model. Both
conditions can be encoded concisely as

E

smo

(d

i

, d

j

,m

i

,m

j

) =

8
><

>:

�1|di � d

j

| if m
i

= m

j

and |d

i

� d

j

|  2

�3 if m
i

= m

j

and |d

i

� d

j

| > 2

�

mch

if m
i

6= m

j

(6)

where 0  �1  �3 and �
mch

 �3 are positive scalars.
Here, �1 is the small penalty proportional to 0, 1 or 2

levels of disparity change while �3 is the cost of changing
disparity by 3 or more levels. Furthermore, �

mch

repre-
sents the constant penalty for changing motion assignment
among neighboring pixels. The piece-wise linear form
of the smoothness function makes it robust to outliers
and this type of function (and its variations) is often used
in the stereo literature to prevent over-smoothing across
motion boundaries which is another important property for
estimating accurate optical flow. Notably, both the works
of [7] and [3] also use a similar smoothness term.

Objective Function: the quality of a particular motion
model and disparity assignment at each pixel is measured
using the sum of the data and smoothness energy terms.
Hence, the full objective function to be minimized is

m

⇤
,d

⇤
= argmin

(
X

i

⇣
E

data

(x

i

,m

i

, d

i

) +

X

j2N8(i)

E

smo

(d

i

, d

j

,m

i

,m

j

)

⌘)
. (7)

Method fg fg bg bg comb comb
(%) (px) (%) (px) (%) (px)

1280x720
MMSGM-fGT 26.4 8.87 2.30 1.80 6.96 3.45
MMSGM-fGT+EF 26.1 6.91 1.23 0.46 5.92 1.89
DISCFLOW+EF [11] 36.3 8.41 1.53 0.44 8.08 2.14
DM+EF [13] 49.4 12.7 2.26 0.42 11.2 3.05
FLOWNET [5] 71.3 13.5 10.6 2.31 22.1 4.59
CNL [15] 68.1 29.4 13.0 6.12 22.8 10.7
320x180 (QR)
MMSGM-fGT 14.8 2.91 4.92 1.09 7.11 1.54
MMSGM-fGT+EF 21.3 3.06 2.48 0.33 5.76 0.79
MMSGM-f64 19.7 3.77 5.97 1.35 8.90 1.93
MMSGM-f64+EF 18.8 2.35 3.71 0.41 6.79 0.83
DISCFLOW+EF 22.6 3.26 2.66 0.39 6.30 0.89
DM+EF 29.1 3.40 1.26 0.18 6.79 0.86
FLOWNET 76.0 7.64 17.3 1.95 27.0 3.05
CNL 46.2 7.57 5.71 0.77 13.5 2.20

Table 1. Top: algorithms were tested on full resolution FlowTruth
testing dataset where both the % outliers above 3px threshold mea-
sure and the end-point error (px) for non-occluded pixels w.r.t
ground truth is averaged over the 6 photo-realistic scenes. Bot-
tom: same as above with input images resized to quarter size.

Here, m

⇤ and d

⇤ represent the optimal vectors m =

(m1, . . . ,mn

)

> and d = (d1, . . . , dn)
> of motion and

disparity assignment (m

i

, d

i

) at each pixel i, with n =

width ⇥ height being the number of pixels. Furthermore,
the operator N8(i) represents the 8-pixel neighborhood in-
dices centered around pixel i. We will discuss our method
for optimizing the objective function next.

4. Algorithm
The optimization of Eq. 7 can be viewed as an inference

problem in a pairwise Markov random field (MRF). This is
an NP-hard problem in general and to make the inference
procedure tractable we can only seek an approximate solu-
tion. However, qualitatively comparable (but still approxi-
mate) solutions can be reached using general inference pro-
cedures with different time complexity. For instance, the
method of [3] minimizes a similar objective function using
the multilabel graph-cut alpha-expansion procedure. This
method produces good results, but tends to suffer from a
higher runtime. In their experimental setup, they report a
runtime of 10-20 minutes on image resolution of 320x240
pixels with few motion models of 40 disparity labels each
and with two image pyramid levels. In contrast, we explore
a quicker inference procedure, which accomodates the big-
ger search space needed for large displacement optical flow
without pyramidal sub-sampling.

We draw inspiration from the stereo literature and in par-
ticular we seek to adapt the recently very popular method of
Semi-Global Matching (SGM) [7] for the multi-motion op-
tical flow task. In that method, the full image is traversed
over multiple canonical directions starting from the image
borders. Often only 8 directions (north, northeast, east,



Algorithm 1 Multi-Motion Semi-Global Matching
Require: I0, I1,F , f

1: for all pixel i, motion m 2M, disparity d 2 D do
2: C[i,m, d] 0

3: end for
4: for all directions r 2 {n, ne, e, . . . , nw} do
5: for all unique line l in direction r do
6: for all m 2M, d 2 D do
7: C

prev

[m, d] 0

8: end for
9: for all pixel i in l do

10: for all m 2M, d 2 D do . Eq. 5, 6
11: C

cur

[m, d] E

data

(x

i

,m, d+ �

min

)+

min{min

j|2|{Cprev

[m, d+ j] + �1|j|},

min

k2D{Cprev

[m, k]}+ �3,

min

n2M\m,k2D{Cprev

[n, k]}+ �

mch

}

12: end for
13: for all m 2M, d 2 D do
14: C[i,m, d] C[i,m, d] + C

cur

[m, d]

15: end for
16: C

prev

 C

cur

17: end for
18: end for
19: end for
20: for all pixel i do
21: m

⇤
i

, d

⇤
i

 argmin

m,d

{C[i,m, d]}

22: end for
23: return m

⇤
,d

⇤

etc.) are sufficient for good coverage. The method uses dy-
namic programming for efficient energy minimization and
path traversal, and averages the accumulated cost at every
pixel from all directions equally. As a consequence, the
method produces smooth result without streaking artifacts
or staircase-like appearance which other stereo methods of-
ten suffer from.

We adapt SGM to enable the efficient minimization of
our objective function. In our scenario, we seek the joint
minimum cost of assigning every pixel to a motion model
and a disparity while minimizing Eqs. 5 and 6 semi-
globally. We call this adaptation of the basic SGM proce-
dure toward the more difficult, larger label-set space prob-
lem of joint multi motion segmentation and disparity esti-
mation Multi-Motion Semi-Global Matching, or MMSGM.
The full procedure is summarized in Algorithm 1.

An efficient implementation can avoid the unnecessary
re-computation of the large inner minimum costs appearing
in line 11. This can be accomplished for example by keep-
ing track, in a separate lookup array M

prev

of size |M|,
of the overall minimum cost across all disparities in C

cur

for each motion model m during the process of populat-
ing C

cur

. Alternatively, the same lookup array can be pop-
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Figure 1. Angular sampling of the the half circle to produce
the general fundamental matrix set F . The runtime using 64-
threads on 320x180 image with 129 disparities includes all post-
processing steps except for EpicFlow.

ulated at a small (linear) computation cost just before the
code reaches line 10. In addition, using M

prev

we can pre-
compute for a given motion m the minimum cost w.r.t all
the other-than-m costs in M

prev

in a computational time
which is proportional to |M|. This key additional lookup
value M

n

enables the efficient computation of the minimum
min

n2M\m{C

prev

[n, ⇤]} appearing in line 11 when opti-
mizing over a large number of motion models with large
sets of disparities.

4.1. Post-processing

After the MMSGM algorithm computes an estimate of
the optimal assignment of m

i

and d

i

for every pixel, we can
solve for the optical flow using Eq. 3. As a simple noise
reduction technique, we perform the standard consistency
check, i.e. computing the optical flow also from I1 toward
I0 and mark a pixel in I0 occluded if the error among the
corresponding flow vectors exceeds a threshold ⌧

occ

. In ad-
dition, we further investigate all isolated connected compo-
nents w.r.t each motion assignment and label the segment as
occluded if its size falls below a minimum threshold ⌧

cc

.
In order to fill the gaps generated by occluded pixels, we

use the EpicFlow interpolation algorithm described in [13]
to produce a smooth and dense result. We denote when this
last interpolation step is performed in all our experiments.

4.2. General Motion Models

As a proof-of-concept for the general case, where no pre-
estimated set of fundamental matrices F is supplied as in-
put, we observe that our algorithm can leverage a canoni-
cal set of directional fundamental matrices. This set is pre-
populated using simple angular sampling of the half-circle
from 0 to 180 degrees, in sufficient granularity, and ex-



pressing each corresponding F with the directional epipole
(at infinity) defined by the angle. Figure 1 illustrates the
algorithm performance as a function of the angular sam-
pling interval. A granularity of 3 degrees, which roughly
corresponds to 64 directions, achieves a reasonable perfor-
mance while keeping the computational time within accept-
able bounds. Below, we use f64 to refer to this proof-of-
concept approach.

5. Evaluation
We measure the performance and runtime of MMSGM,

providing quantitative and qualitative results on synthetic,
as well as qualitative results on real-world, imagery. The
quantitative evaluation shows MMSGM substantially out-
performing the state of the art when accurate motion models
are provided, and outperforming or remaining competitive
when using uniformly sampled motion models.

5.1. Image Dataset and Ground Truth

We evaluate MMSGM on a novel synthetic dataset, con-
sisting of 12 photo-realistically rendered scenes containing
rigid vehicular motion, which we split into 6 training and
6 testing subsets. The scenes were created using 3D mod-
eling and rendering software Blender [1], starting from 3D
models of street environments. In contrast with real im-
agery, this synthetic imagery is accompanied by an exact
ground truth, showing the actual movement of the object
represented by each pixel of the image. This was produced
through a modification to Blender similar to [4].

We also perform qualitative evaluation on real-world
traffic camera imagery. Here, no exact ground truth is avail-
able for quantitative evaluation. Instead we provide illustra-
tions of the produced flow, for qualitative evaluation.

5.2. Quantitative Evaluation on Synthetic Imagery
with Exact Ground Truth

We show our quantitative performance measurements in
Table 1. Here, we report the performance of our algo-
rithm with accurate motion models provided (fGT), with
uniformly sampled motion models (f64), and both with
and without EpicFlow post-processing (EF). Overall, we
find that MMSGM significantly outperforms the state of
the art, as represented by DISCFLOW+EF (DiscreteFlow
[11]). On the full resolution imagery, the number of out-
liers beyond 3px error was 26% for MMSGM vs. 36% for
DISCFLOW+EF, with a mean endpoint error of 6.9px vs.
8.4px. Similar gains occur on quarter resolution imagery.

On the quarter resolution imagery, we also show results
from the f64 variant, which uses uniformly sampled mo-
tion models instead of accurate provided models as part
of the input. Here, the advantage over DISCFLOW+EF
is smaller, yet still significant, at 19% outliers vs. 23%,
and a mean error of 2.4px vs 3.3px. However, the compu-

resolution FM # disparities 1-thread 8-thread 64-thread
1280x720 2+1 513 593s 194s 125s
320x180 2+1 129 10s 3.2s 2.4s
320x180 64+1 129 313s 96s 58s

Table 2. Runtime measurements. The motion hypothesis count
(FM #) column includes the no-motion hypothesis.

tational complexity of the f64 variant made it impractical
to use on the high-resolution imagery. In Table 2 we re-
port MMSGM runtime including the consistency check and
post-processing described in §4.1, without EF interpolation.

5.3. Qualitative Evaluation

Figures 2 and 3 illustrate the performance of our pro-
posed algorithms vs. other state-of-the-art algorithms on the
synthetic and also real imagery. These illustrative examples
showcase the favorable properties of the discrete optimiza-
tion approach. Overall, the fGT variant of our algorithm
produces crisper edges with less smearing of the flow field
than the competition. The f64 variant remains competitive,
but struggles more perhaps due to the substantial perspec-
tive effect, which is not well represented by the uniformly
sampled motion models. While no precise ground truth is
available for the real imagery in Figure 3, we observe qual-
itatively similar performance vs the synthetic imagery.

5.4. Parameter Settings

In all our experiments we used DAISY descriptors with
5px radius, and each of the radial, angular, and histogram
quantizations set to 4. On our training dataset we empiri-
cally found the constants �1 = 0.6, �3 = 8, and �

mch

= 8

to work well. We used �
min

= �256, �

max

= +256 dis-
parity levels on the full resolution imagery experiments with
⌧

mo

= 1, ⌧

occ

= 16, and ⌧
cc

= 1000, and 8 directions for
the MMSGM cost accumulation.

For experiments with the smaller images, we found that
the parameters for �

mch

, �

min

, �

max

, ⌧

occ

and ⌧

cc

should
be (down-)scaled to achieve best performance. We scale
the selected constants by 0.25 for the synthetic quarter size
(QR) imagery. Furthermore, because the full resolution im-
ages from real traffic cameras are smaller, we scale the con-
stants by 0.5 while the constants used with the half resolu-
tion traffic images (HR) were scaled by 0.25.

6. Conclusion
We have presented and evaluated a novel algorithm

which performs joint rigid multi-motion segmentation and
disparity estimation to produce accurate optical flow ob-
served in traffic scenes. Our evaluation both on a novel
synthetic dataset with vehicular motion, as well as on real
traffic camera imagery, suggests that the proposed approach
using a small set of motion hypotheses achieves substantial
accuracy gains over prior work in general optical flow.



Figure 2. Qualitative evaluation on our novel synthetic dataset. QR denotes quarter-resolution imagery: f64 was not practical to run on the
full resolution images due to memory constraints.

Figure 3. Qualitative evaluation on real-world traffic-camera imagery (top 648x500, bottom 720x576). HR denotes half-resolution.
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