
Multi-frame motion detection for active/unstable cameras

Mirko Ristivojević and Janusz Konrad
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Abstract—Network cameras, extensively used in video
surveillance, often allow pan-tilt-zoom functionality and are
also subject to wind load and mount vibrations, thus causing
video frame misalignment. Although algorithms for motion
detection, a basic block of most visual surveillance systems,
are relatively mature for fixed cameras, they usually perform
poorly for active and/or vibrating cameras. The issue is
particularly severe for algorithms using multiple video frames
jointly. In this paper, we extend our earlier work on multiple-
frame motion detection to the case of active and unstable
cameras. Our method accounts for spatially-affine, inter-frame
transformations that can vary in time, uses a variational
formulation and applies a level-set solution. We present ground-
truth and real-data experimental results and show significant
improvements over earlier methods.
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I. I NTRODUCTION

Network camera has become a sensing device of choice
for airport, urban, and highway surveillance. The dramatic
reduction of its cost and size in recent years is likely
to continue in the near future thus leading to a further
proliferation of network cameras but also to the emergence
of new challenges in their use [1], [2], [3], [4]. One challenge
that is already apparent is related to camera movements.

Many network cameras are mounted outdoors and are
subject to wind load and/or mount vibrations, thus caus-
ing camera sway and jitter. Furthermore, some cameras
include pan-tilt-zoom (PTZ) functionality. In either case,
the captured video frames are misaligned with respect to
one another due to camera movements. While algorithms
for motion detection, a key tool in visual surveillance, are
relatively mature for fixed cameras (e.g., background sub-
traction [5], [6], [7], active contours [8], [9], [10], Markov
models [11], [12], [13]), they do not perform accurately
for active or vibrating cameras. The issue is particularly
serious for motion detection methods using multiple frames
jointly; a single misaligned pixel in one frame may affect
the detection result in several neighboring video frames.
However, such methods are of great interest since it has been
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shown that they outperform equivalent two-frame methods
(see [14], [10] for examples). One should note at this point
that although background subtraction methods often use
many past frames, this is done recursively rather than jointly,
i.e., while past frames impact the current detection result, a
current frame does not affect past detection results.

Although, in principle, camera motion can be estimated
first and then image sequence can be compensated for
camera motion prior to object motion detection, such a two-
step approach does not permit mutual interaction between
compensation and detection steps; once a compensation
error is committed, no recovery is possible. An alternative
is to embed camera motion compensation into the motion
detection algorithm. We adopt the latter approach here and
extend our recent multi-frame, level-set motion detection
method [10]. In particular, we incorporate a spatially-affine
transformation applied to consecutive video frames in order
to account for the misaligned background. The affine model
is accurate under orthographic projection (i.e., for far away
backgrounds) for camera zoom, pan, tilt and roll (in addition
to track and boom) [15]. Furthermore, we allow the affine
parameters to change in time thus permitting time-varying
zoom and motion of the camera. We present experimental
results on ground-truth and real data confirming usefulness
of the proposed approach. In particular, we demonstrate a
significant reduction of the detection error vis-à-vis recent
methods using other frame alignment models [16].

This paper is organized as follows. In Section II, we
present the case of motion detection for static cameras.
In Section III, we extend the static-camera approach by
incorporating a time-varying affine motion model. We show
experimental results in Section IV, and draw conclusions in
Section V.

II. M ULTI -FRAME MOTION DETECTION FOR STATIC

CAMERAS

Let I(x, t), wherex is spatial position andt is time, be a
continuous dynamic image, and letΩ × T be its spatio-
temporal domain, i.e.,x ∈ Ω, t ∈ T . Also, let ~ς be a
parametrized surface defined onΩ × T that delineates a
moving object through time (often referred to as object
tunnel or object tube). Since the camera is static, we assume
that intensity of the background remains approximately
constant over time, i.e.,I(x = x0, t) ≈ const. We also



assume that the surface~ς is smooth, for example that its
areaS is small.

Numerous variational formulations have been proposed to
date for motion detection and segmentation from two video
frames [17], [18], [19]. As for variational formulations of
multi-frame motion detection, there are two types: boundary-
based and volume-based. Boundary-based formulations [20],
[16] rely on a motion characteristic, such as the normal
velocity component, being sufficiently distinct at a moving
object boundary. Clearly, the positive vote counts only at
the boundary that usually occupies a small fraction of the
domain. Volume-based formulations [21], [22], [9] rely on
a motion characteristic, often the temporal intensity gradi-
ent, being sufficiently different between moving object and
(static) background. Since the positive vote counts for all
pixels inside the object, not only on its boundary, volume-
based approaches tend to be more reliable. This is the
approach we will pursue here.

Let ξ(x, t) and ξ̄(x, t) be measures of temporal activity
in a dynamic image at space-time location(x, t) inside
and outside of~ς, respectively. Then, the surface~ς can be
computedvia volume competition, i.e., by minimizing a
functional balancing cumulative activity measure (insideand
outside of~ς), and surface roughness expressed as follows:

min
~ς

∫∫∫

V

ξ(x, t)dxdt+

∫∫∫

V̄

ξ̄(x, t)dxdt+

λ

∫∫

S

d~ς,

(1)

where~ς = ∂V, V is the inside of~ς, V̄ is the outside of~ς, and
λ associates a cost with the Euclidean area elementd~ς. The
first term above measures temporal activity inside the surface
~ς (object tunnel), whereas the second term – outside of~ς.
The third term assures a minimum-area (smooth) surface~ς.
Thus, the minimization above seeks as smooth a surface as
possible that divides the domainΩ × T into suchV and V̄
that they are most compatible withξ and ξ̄, respectively.

A simple, yet efficient, model uses a fixed costα within
the moving object, and absolute frame difference in the
background [21]:

ξ(x, t) = α,

ξ̄(x, t) = |I(x, t) − I(x, t − 1)|.
(2)

In order that a point be labeled as background (i.e., not
moving or in V̄), its temporal intensity variation̄ξ must be
small as otherwise it would be more optimal to assign it
to the object due to its fixed costα. On the other hand,
in order that this point be labeled as object (i.e., inV), its
intensity variation must be large as otherwise it would be

more optimal to assign it to the background. The balance
between such assignments is controlled by the parameterα.

Considering the above model, the minimization (1) re-
duces to:

min
~ς

∫∫∫

Ω×T

h(I)dxdt + λ

∫∫

S

d~ς, (3)

where

h(I) =

{

α if (x, t) ∈ V,
|I(x, t) − I(x, t − 1)| if (x, t) ∈ V̄.

and leads to the following evolution equation [9]:

∂~ς

∂τ
= [α − |I(x, t) − I(x, t − 1)| + λκm]~n, (4)

whereτ is theevolutiontime (the time in the video sequence
is denoted byt), κm is the curvature of surface~ς, and~n is
the inward unit normal vector of~ς.

Implementation of evolution (4) using level-set method-
ology has become popular in the last decade for its flexi-
bility (topology independence) and stability. Employing this
methodology, evolution (4) can be shown to be equivalent to
the following evolution of a (higher-dimensional) level-set
surfaceφ:

∂φ

∂τ
= [α − |I(x, t) − I(x, t − 1)| + λκm]‖∇φ‖.

This equation can be implemented using standard discretiza-
tion as described in [23]. In a full implementation, one
usually calculates the evolution force at zero level-set points,
extends this force, e.g., using the fast marching algorithm,
updates the surfaceφ, and re-initializes it. Alternatively, one
can use a recently-proposed fast implementation [24], [25]
although at a slight loss of precision.

Clearly, the above approach performs well on sequences
void of camera motion, however when camera moves either
intentionally (pan-tilt-zoom) or unintentionally (vibrations,
wind load) the background between frames becomes mis-
aligned thus causing errors.

III. M ULTI -FRAME MOTION DETECTION FOR

ACTIVE /UNSTABLE CAMERAS

In order to account for camera motion in the volume-
competition formulation (1), the temporal activity measures
ξ and ξ̄ (2) need to be modified.

We propose to use a spatially-affine motion model that
is accurate under orthographic projection (i.e., for far away
backgrounds) for camera zoom, pan, tilt and roll [15], and,
therefore, especially useful in outdoor scenes under camera
vibration and operator manipulation. Furthermore, we permit
variation of affine parameters between consecutive video
frames in order to account for the dynamics in camera zoom
or motion.



While keeping a fixed cost within the moving object, we
modify the temporal activity measure in the backgroundξ̄
(2) to account for the camera motion as follows:

ξ(x, t) = α,

ξ̄(x, t) = ρ(I(x, t) − I(x − d~θt

(x, t), t − 1)),
(5)

where d~θt

(x, t) is a displacement vector calculated from

global motion parameters~θt that are time-varying (subscript
t). Clearly,d~θt

describes background motion, resulting from
camera dynamics, between frames at timest− 1 and t. For
motion parameters~θt = (p1

t p2
t ...p

6
t )

T , we use a dynamic
affine model:

d~θt

(x, t) =

[

p1
t

p2
t

]

+

[

p3
t p4

t

p5
t p6

t

]

(x − x0), (6)

wherex0 is a reference spatial coordinate (fixed or depen-
dent on previously-detected background shape, e.g., cen-
troid). Note, that in (5) we use a robust M-estimatorρ
(e.g., absolute value, Lorentzian, Geman-McClure function)
instead of a quadratic in order to improve method’s robust-
ness to outliers [26], [27]. We do so since during iterative
computation of an intermediate segmentation surface its
shape may be different from the true, underlying object
boundary, and thus some points insideV̄ may not belong to
the background and cannot be explained by the background
motion model. Using a robust error measure helps reduce the
impact of such inconsistencies (outliers) on the estimation
process.

With the above definition ofξ̄, the minimization (1)
becomes:

min
{~ς,~θt}

∫∫∫

V

αdxdt+

∫∫∫

V̄

ρ(I(x, t) − I(x − d~θt

(x, t), t − 1))dxdt+

λ

∫∫

S

d~ς.

(7)
A minimum is reached in (7) when the surface~ς partitions
the domainΩ×T in such a way that points(x, t) with small
motion-compensated intensity difference are assigned to the
outside of~ς (i.e., V̄), and those with large difference are
assigned to the inside of~ς (i.e., V). In other words, image
points that can be affine-compensated using camera motion
are assigned to the background, whereas those that cannot
are assigned to the object.

We solve minimization (7) by decomposing it into two
interleaved minimizations: estimation of motion parameters
~θt given a segmentation surface, and estimation of segmen-
tation surface~ς given motion parameters.

Assuming the segmentation surface is known (~ς∗ andV̄∗),

minimization (7) with respect to~θt reduces to:

min
~θt

∫∫∫

V̄∗

ρ(I(x, t) − I(x − d~θt

(x, t), t − 1))dxdt, (8)

because the remaining integrals in (7) are independent of~θt.
Considering motion parameters~θt at different time instantst
to be independent and discretizing the formulation (8), leads
to the following minimization for each~θtk

:

min
~θtk

∑

xi∈R̄∗

tk

ρ(I[xi, tk] − I[xi − d~θtk

[xi, tk], tk−1]), (9)

where R̄∗
tk

is the background region in frame at dis-
cretized timetk, easily computed as the cross-section of
volume V̄∗ at time tk. We solve the above minimization
using the Broyden-Fletcher-Goldfarb-Shanno quasi-Newton
method (fminunc function in Matlab).

Now, that the new motion parameters~θ∗ have been
computed, we solve minimization (7) for~ς:

∂~ς

∂τ
=[α − ρ(I(x, t) − I(x − d~θ∗

t

(x, t), t − 1))

+ λκm]~n,
(10)

using the level-set methodology as follows:

∂φ

∂τ
=[α − ρ(I(x, t) − I(x − d~θ∗

t

(x, t), t − 1))

+ λκm]‖∇φ‖.
(11)

Note that since between consecutive iterations of surface
evolution only small changes in~ς take place, changes in
the corresponding motion parameters are small as well.
Therefore, we estimate parameters~θtk

for each frame pair
by solving (9) only every few iterations of surface evolution
(11), i.e., not until the change in~ς becomes significant. This
procedure is repeated until no further improvement in the
estimated motion and partitioning surface can be obtained.

However, which minimization, (9) or (11), should be
performed first? Usually it is easier to compute a reasonable
estimate of global frame motion~θt than that of the surface~ς
(object tunnel). Thus, the first step of the overall algorithm
is an initial estimation of global motion with no information
about object location; the minimization (9) must thus be
performed on the whole frameItk

as R̄tk
is unknown.

In order to avoid local minima in this case and handle
large background motion, this minimization should not be
initialized with translation parameters(p1

t , p
2
t ) of the affine

model (6) set to zero. For example, these parameters should
be either obtained by phase correlation or by block matching
applied to the whole frame [15]. With such initial transla-
tions approximated, minimization (9) has a good chance of
finding correct parameters(p3

t , p
4
t , p

5
t , p

6
t ).



(a) (b) (c) (d)

Figure 1. (a) Three frames from natural-texture, synthetic-motion sequenceBean; and motion detection results for: (b) no camera motion model
(α = 100, λ = 1); (c) spatially- and temporally-constant translation (α = 0.9, λ = 0.1); and (c) spatially-affine, time-varying model (α = 0.8, λ = 0.1).
See text for details.

IV. EXPERIMENTAL RESULTS

We have evaluated the performance of our approach on
both ground-truth and real-data imagery using a fast level-set
implementation [24], [25] that affords a significant speedup
over standard implementations.

In order to measure gains offered by the proposed
spatially-affine, time-varying camera motion model we have
compared it directly with two approaches:

1) variational, multi-frame formulation that ignores cam-
era motion [10],

2) variational, multi-frame formulation that uses
spatially-translational, temporally-constant camera
motion model [16].

We implemented all three approachesvia minimization (7)
with temporal activity measures (5) adapted as follows:

• approach ignoring camera motion [10]:d~θt

= ~0,
absolute-value estimatorρ(x) = |x| simplifying (5) to
(2),

• translational model (parametersp1 and p2 are in-
dependent of video timet) [16]: d~θt

derived from
~θt = (p1 p2)T , Geman-McClure M-estimatorρ(x) =
x2/(1 + x2),

• affine model proposed here:d~θt

derived from ~θt =

(p1
t p2

t ...p
6
t )

T , Geman-McClure M-estimatorρ(x) =
x2/(1 + x2).

Note that while we use the spatially-translational,
temporally-constant camera motion model proposed in
[16], we minimize a different cost functional than originally
proposed by the authors in order to avoid mixing the
impact of the model with that of the cost functional and
optimization method. Also, note that since the approach
ignoring camera motion uses different type of estimator
(absolute value), the resulting range ofξ̄ values is also
different and thus the regularization coefficientλ balancing
surface smoothness and segmentation accuracy must be
adjusted. We usedλ = 1 for the approach ignoring camera
motion (absolute value estimator) andλ = 0.1 for the other
two approaches (Geman-McClure estimator).

First, we compared the three approaches on a natural-
texture, synthetic-motion sequence (ground truth sequence)
in which both a bean-shaped object and background undergo
accelerated zoom-in and rotation, each with different param-
eters (Fig. 1). From among many results for different values
of parameterα, we show those with the lowest segmentation
error (symmetric difference between ground truth and actual



0.5 0.6 0.7 0.8 0.9 1

10
3

10
4

α × c

se
gm

en
ta

tio
n 

er
ro

r 
[p

ix
/fr

]

translation (c=1)

affine (c=1)

no motion (c=0.01)

average object size

Figure 2. Average motion detection error [pixels/frame] for experiments
with different values of parameterα, on sequence from Fig. 1. The cross on
each plot (×) marks the error andα for results from Fig. 1. The horizontal
“dash-dot” line shows average object size. The scaling factor c is used only
to overlay the three plots on the same graph.

segmentation) in each case. Note a poor segmentation accu-
racy for the algorithm unaware of camera motion (Fig. 1.b);
the lowest error, atα = 100, corresponds to the detection of
object boundaries only (forα = 20 errors occur in the object
and throughout the background). The result for spatially-
and temporally-constant translational camera motion model,
shown in Fig. 1.c, is far more accurate, but the moving
object still has significant errors and one image boundary
is interpreted as having the same motion as the object (due
to translational camera model used on rotating and zooming-
in background). The proposed method (Fig. 1.d) results in a
more precise object mask than the translational model and
accurately handles the image boundary.

The average segmentation error per pixel for each se-
quence is shown in Fig. 2 as a function of parameterα
(3). The different range ofα for the model unaware of
camera motion (α close to 100) as opposed to the other
two models (α close to 1) is due to the use of absolute
value instead of a robust measureρ in ξ̄. Note that the
scaling factorc in Fig. 2 is used solely for visualization
purposes (so that the three plots coincide). Clearly, the
method based on the time-varying affine model outperforms
the one based on translation by a wide margin forα < 0.9
(note a log scale on the error axis). Forα ≥ 0.95 the
object cannot be detected, no matter what motion model,
so the segmentation error is close to the size of the object
(horizontal line). The object is very accurately detected if
affine model is used withα between 0.65 and 0.85. Note that
although the method ignoring camera motion outperforms
numerically the translational model, it either cannot detect
the object (Fig. 1.b) or produces a noisy segmentation in the
background (lowerα).

Since the approach ignoring camera motion, as expected,

performs poorly when the background moves, a compari-
son on natural sequences with significant camera pan was
performed on the other two approaches only (Fig. 3).
While the translational model produces significant errors
in the (moving) background, the affine model produces
quite accurate segmentations. The upper body inForemanis
correctly detected although some motion boundaries are not
accurate due to lack of texture, e.g., on the helmet (no matter
what displacement, similar intensity error occurs). Note,
however, that the global frame partitioning into moving
object (upper torso) and differently-moving background is
overall correct. InStefan, the body of a tennis player is
very accurately outlined, unlike in the result obtained by the
constant-translation method where the body is very hard to
discern; most detections in this case occur in the background
(spectators) since the model cannot accurately handle camera
pan.

V. CONCLUSIONS

Motion detection, in case of a non-static camera, requires
global motion compensation as a pre-processing step. Such
a two-step approach, however, does not permit interaction
between global motion compensation and motion detection.
We have proposed a variational formulation that incorporates
global motion compensation based on a spatially-affine,
time-varying model. Experimental results have confirmed
expected improvements in motion detection quality in the
presence of camera motion. An issue to be addressed in
future work is the lag of moving object boundaries behind
the actual object. It is caused by newly-exposed pixels that
cannot be explained by global motion and thus are included
in the object. A correct way of solving this problem is
to model and estimate occlusion and newly-exposed areas
explicitly.
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approach with application to motion detection and lip seg-
mentation in video sequences,”Signal Process., vol. 76, pp.
61–80, 1999.

[13] V. Mezaris, I. Kompatsiaris, and M. Strintzis, “Video ob-
ject segmentation using Bayes-based temporal tracking and
trajectory-based region merging,”IEEE Trans. Circuits Syst.
Video Technol., vol. 14, no. 6, pp. 782–795, Jun. 2004.

[14] F.-M. Porikli and Y. Wang, “An unsupervised multi-resolution
object extraction algorithm using video-cube,” inProc. IEEE
Int. Conf. Image Processing, 2001, pp. 359–362.

[15] Y. Wang, J. Ostermann, and Y.-Q. Zhang,Video Processing
and Communciations. Prentice Hall, 2002.

[16] R. Feghali and A. Mitiche, “Spatiotemporal motion bound-
ary detection and motion boundary velocity estimation for
tracking moving objects with a moving camera: A levels sets
PDEs approach with concurrent camera motion compensa-
tion,” IEEE Trans. Image Process., vol. 13, no. 11, pp. 1473–
1490, Nov. 2004.

[17] C. Stiller, “Object-based estimation of dense motion fields,”



IEEE Trans. Image Process., vol. 6, no. 2, pp. 234–250, Feb.
1997.
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