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Abstract. We present a biologically inspired iterative algorithm for motion estimation that combines the integration of multiple temporal and
spatial scales. This work extends a previously developed algorithm that
is based on mechanisms of motion processing in the human brain [1]. The
temporal integration approach realizes motion detection using one reference frame and multiple past and/or future frames leading to correct
motion estimates at positions that are temporarily occluded. In addition, this mechanism enables the detection of subpixel movements and
therefore achieves smoother and more precise flow fields. We combine
the temporal integration with a recently proposed spatial multi scale approach [2]. The combination further improves the optic flow estimates
when the image contains regions of different spatial frequencies and represents a very robust and efficient algorithm for optic flow estimation,
both on artificial and real-world sequences.
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Introduction

The correct and complete detection of optic flow in image sequences remains a
difficult task (see [3] for an overview of existing technical approaches). Exact
knowledge about the movements of the surrounding is needed in many technical applications, e.g., in the context of autonomous robot navigation, but the
need for real-time computation in combination with reliable motion estimates
further complicates the task. Common problems of optic flow detection are the
generation of smooth optic flow fields and the detection of independently moving objects at various speeds. This task has the difficulty of motion detection
at temporarily occluded regions. Humans and animals solve these problems in
every-day vision very accurately and fast. Neurophysiological and psychophysical
research revealed some basic processing principles of the highly efficient mechanisms in the brain [4, 5]. We will here present extensions of an algorithm derived
from a neural model [6, 1] based on these research results. The integration of
different temporal scales improves the quality of the detected optic flow in case
of temporal occlusions and leads to a more precise representation. In addition,
a combination with a multi scale approach makes the algorithm more robust in
image sequences containing regions with different spatial frequencies.
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Biologically Inspired Algorithm

For optic flow estimation different approaches like regularization, Bayesian models or spatiotemporal energy models have been developed to compute globally
consistent flow fields [7–9]. Another way is to build a model that simulates the
neural processing in the primate visual system. We previously presented such a
neural model for optic flow detection based on the first stages of motion processing in the brain [6], namely the areas V1 and MT, including feedforward as well
as feedback connections [10]. In model area V1 raw motion is initially detected,
model area MT estimates the optic flow of larger regions.
To reduce both computing and memory requirements we derived an efficient
algorithm from the neural model (see Fig. 1(a), details for implementation in
[1]). For the fast extraction of motion correspondences the algorithm uses a similarity measure of the class of rank-order approaches: A variation of the Census
Transform [11] provides an abstract representation for directional derivatives of
the luminance function. Accordingly, correspondences between two frames of an
image sequence can be extracted at locations with the same Census values. Each
motion correspondence (called hypothesis) includes a weight which indicates the
likelihood of a particular velocity at a certain position. The recurrent signal
modulates the likelihood of predicted hypotheses in the first module, enhancing
existing motion estimates by (1). To improve the estimations, the hypotheses
are integrated in space and velocity (2). In this feedforward integration step hypotheses that are supported by neurons adjacent in position and velocity have
an advantage in comparison to isolated motion hypotheses. The likelihoods are
modified by a normalization via lateral shunting inhibition (3). The computation of a likelihood representation of motion estimation in module MT utilizes
a homologue architecture on a coarser spatial scale (V1:MT ratio is 1:5).
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Temporal Integration

In the algorithm presented in the last section, the initial motion detection is only
calculated for two successive frames (the reference t0 and its previous frame t−1 ).
If an image sequence contains temporal occlusions, e.g., an object moving in front
of a background, this procedure will fail to calculate the correct optic flow for
some of the image regions. The previous frame t−1 contains areas where parts of
the background are occluded, while they are visible in frame t0 . In the standard
algorithm this leads to wrong or missing motion estimates in such occluded regions. This problem can be solved by using motion cues of additional frames for

Fig. 1. (a) Iterative model of optic flow estimation: V1 and MT-Fine represent the
standard algorithm. The dashed box marks the extension added for the integration of
multiple spatial scales where a coarse initial guess of the optic flow is calculated in
V1 and MT-Coarse that supports the subsequent creation of hypotheses in V1 and
MT-Fine. (b) Temporal integration of multiple frames. When using more than two
input frames for the motion detection, the motion cues from the different combinations
are calculated and the most reliable subset of these is used as input to V1. As the
temporal distances between the frames vary, the velocities need to be scaled to the
largest temporal distance. (c) Motion detection in sequences with occlusion can be
solved using an additional temporally forward-looking step (future step).

the initial motion detection (see Fig. 1c and 3). A similar mechanism was proposed by [12] for ordinal depth segmentation of moving objects. The integration
of additional frames for motion detection does not only provide an advantage in
the case of occlusions. Consider subpixel movement, e.g., in the center of an expanding flow field or for slowly moving objects, where common correlation based
approaches are not able to resolve the motion. Utilizing additional frames with
larger temporal distance rescales the small velocities to a detectable speed. This
leads to a higher resolution of direction and speed and hence provides smoother
flow fields (see Fig. 4). The mechanism of integrating motion correspondences of
multiple frames used in our algorithm is depicted in Fig. 1(b). One future step
is sufficient to solve the temporal occlusion problem whereas multiple past steps
increase the accuracy of motion estimates. All hypotheses are scaled according
to the maximum temporal distance and a subset with the largest likelihoods at
each position is selected as input for V1.
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Integration of Multiple Spatial Scales

A limitation of the standard algorithm is that movements in spatially lowfrequency areas may not be detected on a fine scale due to the ambiguity of

motion cues (background of example in Fig. 2). In contrast, using the same
algorithm on a coarse version of the input images will detect this movement.
However, small moving objects are overlooked on a coarse scale, as they disappear in the subsampling and the motion integration process. In our algorithm,
we use a coarse and a fine scale in a way that combines the advantages of both
[2] (see Fig. 1a). In general, algorithms using multiple scales are realized with
image pyramids where motion estimation of coarser scales influences the estimation at finer scales as initial guess [13, 14]. While the processing of the input
image in resolutions of different spatial frequencies provides more information
for the motion estimation, combining the different scales is a problem: How can
the estimations of a coarse scale be used without erasing small regions detected
in a finer scale? We only consider the motion estimation of the coarse scale
if the estimation of the fine scale is highly ambiguous. In addition, the coarse
estimation has to be compatible with one of the motion correspondences of the
fine scale. This avoids small objects from being overlooked.

Fig. 2. If the input image contains regions with a spatially low-frequency structure
(background), an algorithm working on a single scale that can detect the movement
of the object (small rectangle labeled by the black circle) will miss large parts of
the movement in the background (fine scale). Using an additional processing scale
solves this problem (two scales). Black positions are positions where no movement was
detected, white positions indicate movement to the left, gray positions to the right.
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Integration of Multiple Temporal and Spatial Scales

To take advantage of both temporal integration and processing at multiple scales,
we implemented a version of the algorithm that comprises these two extensions
in one approach. The calculation of motion within the coarse scale is effected
only on the initial estimation of two frames whereas the fine scale uses multiple
frames for temporal integration to keep the computing time as low as possible.
Census Transformations of the image sequence are kept for the following steps
and the size of the chosen subsets of hypotheses used as input to V1 is limited
to ensure constant computational time in further processing.

6

Results

In the first experiment, we tested the advantages of the algorithm with temporal
integration in the case of occlusion. As shown in Fig. 3, the sequence contains

a rectangular object moving in front of a non-static background. Using only
two frames t0 and t−1 for the initial motion detection, the resulting optic flow
represents many wrong velocities in the area temporarily occluded by the object.
In contrast, the extended algorithm with one additional frame t+1 successfully
integrates the motion at all positions of the background as well as of the object.

Fig. 3. A rectangular object is moving to the right in front of a textured background
moving to the left (see Input and Ground truth). Without temporal integration, the
temporarily occluded region behind the object contains many wrong motion cues as no
corresponding regions can be found (motion bleeding in third image). If an additional
future time step is added to the initial motion detection, the correct corresponding
regions can be matched for every position (fourth image). The correct position of the
object is indicated by the black box.

In a second experiment, improvements by temporal integration and one additional spatial scale are investigated using the Yosemite Sequence. Since in an
expanding flow field direction and speed of neighbouring positions change continuously, the higher resolution of velocities leads to a smoother flow field and
less outliers (see Fig. 4). Multiple spatial scales further improve the results, as
after only one iteration every position of the image contains motion estimates
while it takes 3 frames to complete this in single scale conditions. The median
angular error rate of the algorithm using temporal integration is considerably
lower compared to the standard algorithm.
The algorithm is tested in a third experiment with a real-world sequence acquired
with a camera mounted in a moving car. This car is turning around a corner,
while another car is crossing the street in front of it (Fig. 5). The optic flow
calculated with the standard algorithm correctly detects the combination of
rotational and expanding flow field as well as the car approaching from the
left. Nevertheless, due to the coarse structure of the street and the occlusions
generated by the moving car, the region behind the car shows wrong or no
velocities and the car movement is propagated into the surrounding area. Using
the combined version of the algorithm the results are improved: In the standard
algorithm, the region representing car movements is overestimated by 48% of the
original size of the car versus 22% in the extended version (mean of 6 successive
frames, Fig. 5(g)).

Fig. 4. Results Yosemite Sequence after the first iteration (http://www.cs.brown.edu/
people/black/Sequences/yosFAQ.html). (a) Exemplary input image, (b) Ground
truth. For the motion in the sky we assume horizontal motion to the right as proposed in [3]. (c) Median angular error (degree) of module MT for the three different
versions of the algorithm. After only one iteration, the results of the algorithm with
temporal integration have very low error rates. (d) Standard algorithm: A lot of positions in the sky do not contain a motion hypothesis after the first iteration (black
positions), there are some wrong motion hypotheses in the lower left. (e) Temporal
integration: The flow field contains less errors and appears smoother, but there are
still some void positions in the region of the sky. (f ) The combination of temporal
integration and the multi scale algorithm achieves motion hypotheses at every position
after the first iteration, even in the coarse structure of the sky the movement to the
right is correctly detected. The flow field contains only few errors and is very smooth.

7

Discussion and Conclusion

We presented the advantages of the integration of multiple temporal and spatial
scales in a correlation based algorithm for motion estimation. The extension to
initial motion cues from more than two frames enables the detection of optic
flow in regions of the scene that are temporarily occluded, like in many everyday scenarios (e.g., pedestrian or car moving on a street). Only one additional
temporally forward-looking frame is sufficient to fill these areas with correct
motion cues as represented in the first experiment in the result section. The
idea is similar to the way occlusions are handled in [12]. Nevertheless, while the
processing in their algorithm is the basis for the correct segmentation of moving
objects by using occlusion information in the context of different disparities,
we aim at a complete and correct optic flow field. Furthermore, the temporal
integration of motion cues leads to a higher resolution of the velocity. This
enables the calculation of a smoother flow field in case of continuous changes in
the optic flow, like self-motion sequences. Very slow velocities are only detected

Fig. 5. Optic flow estimation for a traffic sequence (from project LFS BadenWuerttemberg, no. 23-7532.24-12-12). (a) Camera movement, (b) Optic flow calculated with the algorithm using temporal integration and multiple scales: The car moving from left to right can clearly be segmented, in the lower right the gray colour
indicates correctly an expanding flow field whereas the left part of the image is rather
influenced by the rotational movement (white color encodes movement to the left).
We calculated the correctly detected movement in the regions of the car and in the
surrounding region using masks shown in (c) and (d). The standard and the extended
version of the algorithm correctly detect the car movement for about 90% (not shown).
(e) The standard algorithm propagates the motion of the car to the surrounding area
(black regions) and thus overestimates the size of the car considerably. (f ) The extended version can significantly limit the overestimation. (g) Error plot representing
the percentage of pixels overestimating the car size (in relation to its true size).

if more than two successive frames are employed for the inital motion detection.
A comparison of experiment 3 against the most recently proposed optic flow
model by Ogale and Aloimonos [15] showed that our extended algorithm has
less propagation of the car movement to the surrounding (mean of 22% versus
29%), while the correct estimation at the positions of the car only reaches 60%
for their model (versus 90% extended version).
One drawback of the integration of more frames might be a slower response to
motion direction changes. We tested our algorithm with temporal integration
over multiple time steps while changing the object’s direction. The resulting
optic flow was slightly disturbed at time steps with strong direction changes,
but recovered immediately. Furthermore, the approach could be improved by
weighing the likelihood of the estimates of various time steps corresponding to
their temporal distance to the reference frame, e.g., with a Gaussian function.
We combined the advantages of temporal scales with multiple spatial scales as
presented in [2] in one common algorithm. The results for image sequences containing object-background movement and structures of different spatial frequencies were improved. Considering multiple spatial scales allows motion detection
in low-spatial frequency areas like a street. The temporal integration adds the

optic flow for partially occluded areas and very slow movements. This helps to
prevent the propagation of wrong motion cues to surrounding areas. Concerning
the efficieny of the algorithm, the computing time for the initial detection of
motion hypotheses increases linearly with the number of frames used. The limitation of a specific number of hypotheses at each position in V1 assures that the
processing time in V1 and MT remains the same as for the standard version. In
conclusion, our algorithm for optic flow estimation combines temporal information of more than two frames and multiple spatial scales efficiently and achieves
high quality results in real-world sequences with occlusions, slow movements and
continuous direction changes.
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