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Abstract—We present a novel approach to change detection
from a moving camera, a task normally complicated by the
nonuniform apparent motion of complex 3D environments. By
combining methods for visual odometry and rendering from light
fields, we derive what is, to our knowledge, the first closedform approach to 3D change detection. No depth estimation
is required – apparent motion is disregarded by exploiting the
geometry implicitly encoded by the light field. The method has
constant runtime and is suitable for real-time implementation on
parallel hardware including FPGA and GPU. We show qualitative
and quantitative results for Lytro-captured imagery, with our
method significantly outperforming a naive 2D per-pixel method.
We discuss a generalization of the derivation to other traditionally
still-camera-only methods.

I. I NTRODUCTION
Having a static camera simplifies a wide range of computer
vision problems: change / motion detection, object tracking,
segmentation, isolation and removal, and a range of spatiotemporal filtering techniques [1]–[4]. If the camera is moving,
however, nonuniform apparent motion complicates matters,
necessitating costly structure-from motion approaches.
We show that light field cameras [5], [6] offer a simplification by allowing a virtual, stationary camera to be rendered
from a dynamic light field sequence. This effectively reduces
moving-camera problems to stationary-camera problems. The
process begins by forming an estimate of camera motion,
which is then used to render a novel view from a virtual,
stationary camera.
This framework, depicted in Fig. 1, can be applied to
generalize a wide range of classically still-camera methods,
but we specifically demonstrate motion detection implemented
as simple frame differencing. By employing closed-form solutions for each step of the framework, we arrive at the
surprising result that change detection can be carried out with
a single closed-form expression. To our knowledge this is the
first closed-form solution to change detection from a moving
camera in a 3D environment.
II. R ELATED W ORK
Change detection from dynamic platforms is nontrivial due
to the apparent motion of the environment. This apparent
motion is nonuniform in the case of non-planar 3D scene

Fig. 1. Camera motion between times τ0 and τ1 (left) causes apparent motion
in static scene elements like the tree (top insets), making them difficult to
disambiguate from genuinely dynamic elements, like the Kiwi. We render a
novel view L̃(τ1 ) showing scene content from time τ0 as seen from the point
of view of the camera at τ1 (bottom right). Static elements now appear static,
opening a family of dynamic-camera problems to static-camera solutions. In
the case of change detection, this process yields a closed-form solution.

geometry, and so methods based on pixel-level statistics are
insufficient.
For camera motion restricted to rotation, the lack of parallax
has been exploited to simplify change detection [7]–[9]. Similarly, approximately planar scenes with camera motion parallel
to the plane – such as in aerial surveillance – present little or
no parallax, and so similar techniques apply [10].
In the case of a freely moving camera and nontrivial
scene geometry, more complex methods have been proposed,
based on occlusion detection, or iterative camera motion and
boundary estimation [11], [12]. Other approaches yield nondense results or rely on feature extraction [13], [14].
Our method requires no feature tracking, no explicit 3D
scene model is formed, no iterative optimization is required,
and a dense result is produced directly. This is behaviourally
and computationally simpler than existing methods, yields
results in constant runtime, and is suitable for parallel implementations including FPGA and GPU.
This work builds on the concept of plenoptic flow [15],
introducing a framework for simplifying moving-camera problems, deriving closed-form rendering from plenoptic flow,
and providing a simple closed-form expression for change
detection. A more detailed treatment can be found in [16].

III. C HANGE D ETECTION FOR M OVING C AMERAS
A. Closed-Form Camera Motion Estimation
Plenoptic flow and its precursors were first introduced to
estimate camera motion [15]–[17]. This operates much like
motion estimation from 2D optical flow, but generalizing to
six-degree-of-freedom motion.
The equation of plenoptic flow expresses the temporal
light field derivative Lτ in terms of the spatial and angular
derivatives Ls , Lt , Lu and Lv , and the camera’s translation
(qx , qy , qz ) and rotation (wx , wy , wz ). Partial derivatives are
estimated using the first difference. The resulting linear system
can be written compactly as
Av = Lτ ,
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(c)
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(f)

(1)

where A is constructed from the spatial and angular derivatives, and v is the change in pose, concatenating translation
and rotation. A least-squares solution to this overdetermined
system yields an estimate of the camera’s motion ṽ [15], [18].
In the following sections we will use this motion estimate to
render a novel view which aligns two input light fields.
B. Closed-Form Rendering
Each of the columns of the matrix A can be interpreted
as the change in the light field in response to one of six
separate motion components. We will refer to these components as Lx , Ly , Lz , Lωx , Lωy and Lωz , respectively. One of
the immediate applications of this decomposition is that novel
views can now be synthesized via the weighted addition of
these six motion components to the original light field. Note
that this approach breaks down for large camera motions and
where non-Lambertian behaviour, e.g. specular reflection and
occlusion, dominate.

Fig. 2. Two frames (top) showing both apparent motion and a dynamic scene
element. The temporal derivative (c) represents a naive pixel-differencing
approach; the plenoptic residual (d) shows significantly less sensitivity to
apparent motion while retaining dynamic elements. The first input frame is
highlighted using each of these results (bottom). Notice that the pen rotated
about its center, thus the pattern of decreasing velocity near its pivot.

C. Rendering a Stationary Virtual Camera
Given two frames, we begin by finding the least squares
solution to the equation of plenoptic flow (1), yielding an
estimate of the camera’s motion ṽ. We then render a novel
stationary view using the additive method described in the
previous section. Again the equation of plenoptic flow gives
us the tool to do this, by allowing us to derive the temporal
derivative due to the estimated camera motion:
L̃τ = Aṽ.

(2)

Rendering the light field measured at time τ0 as though viewed
from the camera’s position at time τ1 can be accomplished by
adding
L̃(τ1 ) = L(τ0 ) + L̃τ .
(3)
D. Closed-Form Change Detection
Finally, we effect change detection through pixel differencing between the measured frame L(τ1 ) and the estimated
stationary frame L̃(τ1 ). By substituting (3) and from the
definition of the temporal derivative, we find
R = L(τ1 ) − L̃(τ1 ) = Lτ − L̃τ .

(4)

In other words, the result of pixel differencing using this
method simplifies to the residual error in the equation of
plenoptic flow. This is a satisfying result, in that dynamic
objects break the rules underlying plenoptic flow, appearing
as areas of high error in the residual. It is also surprising,
in that it shows that a conventionally complex task, change
detection from a moving platform in a 3D environment, has a
closed-form solution.
IV. E XPERIMENTS
We applied the method of plenoptic residuals to pairs
of images captured using a Lytro consumer-grade plenoptic
camera. The camera was calibrated and imagery rectified
using the MATLAB Light Field Toolbox [19]. We applied
a numerically stable form of plenoptic flow, including the
method for directly estimating derivatives from rectified light
field imagery described in Section 5.3.1 of [16]. Finally, we
computed the plenoptic residual (4) to build a map highlighting
dynamic scene elements.
The top row of Figure 2 shows two input frames with a
small inter-frame camera motion and a single dynamic scene

TABLE I
NAIVE PIXEL DIFFERENCE Lτ VS . PLENOPTIC RESIDUAL R
Scene
Jar
Jar
Jar
Pen
Pen
Toothpicks
Toothpicks
Toothpicks
Mean

Lτ (dB)
-31.81
-27.634
-36.452
-23.805
-34.679
-33.064
-30.576
-39.247
-29.684

R (dB)
-35.848
-31.029
-43.197
-28.842
-39.917
-33.55
-32.087
-42.276
-33.439

Ratio (dB)
4.0386
3.3954
6.7448
5.037
5.2385
0.48605
1.5104
3.0284
4.0905

element. The center row shows the magnitude of the difference between frames Lτ as computed after band-limiting for
plenoptic flow (left), and the plenoptic residual R (right). The
bottom row highlights dynamic scene elements in red using
Lτ and R. The results in Figures 2(c) and (e), representative
of naive pixel differencing, show significant sensitivity to
apparent motion. Though imperfect, the plenoptic residual
results in Figures 2(d) and (f) show significant attenuation
of apparent motion, while retaining those elements showing
genuine motion within the scene.
Table I summarizes the signal energy resulting from naive
pixel differencing and the method of plenoptic residuals, and
their ratio. Values are shown for eight pairs of images from
three test scenes. The tabulated values represent signal energy
expressed in dB, for input light fields normalized to a peak
value of one. The mean ratio of 4 dB establishes that the
plenoptic residuals method is more than twice as selective as
naive pixel differencing.
V. D ISCUSSION AND F UTURE D IRECTIONS
We presented a general approach for converting movingcamera problems into stationary-camera problems. By effecting both camera motion estimation and rendering using closedform plenoptic flow, we derived a closed-form method for
change detection from moving platforms.
We showed the proposed method to outperform the naive
2D per-pixel method, which is sensitive to nonuniform apparent motion of the scene. The presented method copes with
nonuniform apparent motion without requiring depth estimation or other complex scene modelling – apparent motion is
disregarded by exploiting the geometric information implicitly
encoded by the light field.
The proposed method is behaviourally and computationally
simpler than previously explored feature-based and nonlinear
methods. It operates in constant time independent of scene
complexity, and is suitable for parallel implementations including GPU or FPGA.
As future work we envision demonstrating the technique
on light field video sequences taken from dynamic platforms
in complex environments. Establishing ground-truth data will
allow a more formal quantitative analysis of the method’s
performance.
Finally, we believe our approach can be generalized to other
forms of video processing which benefit from a static camera,

e.g. noise reduction or object segmentation [2]. The potential
for extension to temporally recursive filtering is especially
interesting.
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