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ABSTRACT
The detection of changes in image sequences often is the
first essential step to video analysis, e.g. for the detection,
classification and tracking of moving objects. As a binary
classification problem, change detection is afflicted by the
trade-off between two class error probabilities, viz. the rates
of false positives and false negatives. In this contribution,
we derive an adaptive two-threshold scheme to improve on
this trade-off. The threshold selection for each pixel in the
current frame is controlled by the previous detection result
for this pixel. Since the test statistics are calculated from
samples comprising several pixels within a local sliding
window, a transformation of the thresholds from the singlepixel observations to decisions based on larger samples is
required. Based on the fact that we can only model the null
hypothesis, i.e., absence of motion, realistically, we suggest
to transform the threshold under the constraint of a constant
false-positive rate, or significance invariance. The resulting
detection algorithm is only marginally more complex than
a straightforward global thresholding procedure, while providing visibly improved results.
Keywords: motion detection, adaptive thresholding,
significance test, significance invariance.
1. INTRODUCTION
Detection of moving objects in image sequences often relies on the detection of temporal grey level changes [1, 2,
3, 4, 5, 6, 7]. The underlying reasoning is that structural
changes in the depicted scene, such as motion of the objects
to be detected, but also background motion or changes in
the viewing angle by egomotion of the camera, induce temporal changes of the 3D world point projected respectively
onto any given point in the image plane, which in turn result in a noticeable grey level change. However, such grey
level variations may also originate from other sources, particularly from illumination changes and camera noise. As-
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suming a static camera or that global background motion
has been compensated, and a temporally only slowly varying scene illumination, the observed grey level changes may
then be attributed to object motion or camera noise [7, 8]. In
addition, if the condition of an only slowly varying scene illumination is not met, the corresponding unwanted temporal
grey level variations can be filtered out to a certain degree
by approaches such as homomorphic filtering [9, 10, 11]
or motion analysis using an intrinsically less illuminationsensitive test statistic based on a total least squares approach
[12, 13, 14].
On the other hand, object motion does not always generate noticeable grey level variations. Motion of, e.g., spatially homogeneous regions with low gradients may result
in only low grey level variations (cf. [15] for analysis of optic flow). Object motion is therefore neither a sufficient nor
a necessary condition for temporal grey level changes to occur. In consequence, we regard the reverse inference from
grey level variations to object motion as a two-class decision
problem. The detection of object motion via temporal grey
level changes is therefore afflicted by the trade-off between
the two class error probabilities, viz. the rates of false positives and false negatives. Moreover, since motion detection
as a binary segmentation problem seeks to infer the underlying structure from observed noisy image data, we added it
[16, 17] to the list of ill-posed problems in computer vision
[18, 19, 20]. When solving such problems, the space of possible solutions is constrained by appropriate regularization
[21, 22, 23, 24], which may also be expressed in a statistical
manner within Bayesian approaches [25, 7]. In the context
of motion detection, this translates into adaptive algorithms,
which considerably improve the above trade-off. Successful
adaptive techniques often rely on an appropriate modelling
of the prior knowledge within a Bayesian framework, e.g.
in terms of Gibbs/Markov random fields (GMRF) [26, 27].
Spatial GMRFs are suitable to express the prior expectation
of compactly shaped moving objects, and consequently sup-

press the emergence of spurious, noise-like detection results
[16].
For some applications, however, such models may overconstrain the detection procedure. An example is the analysis of a bolus of contrast agent flowing through the blood
vessels in digital X-ray angiography. The fine, filigranlike and anisotropic nature of the smaller vessels may not
be appropriately captured by a spatial GMRF. This kind of
overconstraining is vividly illustrated by the almost isotropically compact nature of label fields drawn from GMRFs by
a Gibbs sampler [26, 28].
In this contribution, we therefore restrict ourselves to
modelling the temporal behaviour of the states of a pixel.
An injection of a contrast bolus, for instance, extends over a
certain finite time interval. While flowing through the vessels, the contrast bolus is further diluted. This dispersion
is often described by a convolution of a vessel impulse response with the injection profile. It is therefore reasonable
to assume that, once the moving contrast agent is detected
at a certain pixel, this pixel remains in a moving state for a
certain time interval [29]. This translates into a certain degree of similarity between subsequent change masks, which
is in the following exploited.
2. CONTEXT-ADAPTIVE CHANGE DETECTION
2.1. Statistical Modelling
To assess temporal changes, we calculate the pixel-wise difference image D = {d(k)} between the two grey level
images Gj = {gj (k)}, j = 1, 2, to be compared; these
may be two successive video frames, or one reference and
one current image. In the case of two successive frames,
this differencing corresponds to a temporal highpass which
eliminates slow illumination changes from further analysis.
For each pixel k, the difference is computed as d(k) =
g2 (k) − g1 (k). We assume the camera noise as additive,
zero-mean, Gaussian distributed and spatiotemporally independent. Note that, when processing X-ray images, the
noise is actually Poisson distributed [30], what, for reasonable quantum counts, may be approximated by a Gaussian
pdf with signal-dependent variance [31]. In the current motion mask Q = {q(k)}, we seek to assign to each pixel k
a binary label q(k) ∈ {u, c}, with u denoting unchanged
(null hypothesis H0 ), and c denoting changed (hypothesis
H1 ). Since we process image sequences, the previous motion mask R = {r(k}, r(k) ∈ {u, c} shall also be available. For the decision at pixel i, we observe a sample
di = {d(k)|k ∈ wi } of differences within a small sliding window wi centred at i. Use of an observation window
makes the decision more robust, at the cost, though, of a
slight loss of spatial resolution [8].
In addition, within wi we observe a sample ri =
{r(k)|k ∈ wi } of previous labels. Resorting to the like-

lihood ratio as a most powerful test statistic [32], a possible
decision approach is
p(di , ri |H1 )
p(di , ri |H0 )

c
>
<
u

(1)

t

with this notation indicating that q(i) = c if the left quantity
exceeds the right-hand side, and q(i) = u if the left-hand
side is less than the right-hand side. The fixed threshold t
depends on the chosen criterion, such as maximum a posteriori estimation, and the global prior probabilities of the two
hypotheses.
It is reasonable to assume that the statistical properties
of the observed grey level difference vector di depend only
on the underlying hypothesis (or “state”) H0 or H1 . In other
words, given the state, the old label constellation ri does
hence not influence the probability density function (pdf) of
di , i.e. p(di |Hj , ri ) = p(di |Hj ), j = 0, 1. The observations di and ri are thus conditionally independent:
p(di , ri |Hj ) = p(di |Hj , ri )p(ri |Hj ) = p(di |Hj )p(ri |Hj ) .
(2)
Decision (1) can then be written as
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Here, t̂(ri ) is an adaptive threshold depending on ri . Let the
variance of the differences d(k) under the null hypothesis be
σ 2 , which be known from calibration measurements (a simple but in many cases sufficient model is that σ 2 is twice the
camera noise variance). Under the assumption that given
H1 , the observed grey level differences obey another zeromean Gaussian distribution with considerably larger variance σc2 [16], we obtain from (3)
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Here, ∆i = 1/σ 2 k∈wi d2 (k), and N is the number of
pixels in wi (practically, N = 25...49). With σc2 >> σ 2
(measurements showed that typically, σc2 ≈ 100σ 2 ), and
taking the logarithm, (4) becomes
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The decision threshold adapts to the label constellation ri
in the previous image. The first part of the sum corresponds
to a fixed threshold ts , which, due to σc2 being unknown,
cannot be directly evaluated. Given H0 , p(∆i |H0 ) is a
χ2 -distribution with N degrees of freedom. Setting an acceptable false alarm rate or significance α, we determine ts
from Prob(∆i > ts |H0 ) = α. For the adaptive part of the

threshold, however, there are 2N different label constellations possible in wi , which, even for small windows, result
in impracticably many parameters. In the next section, we
show how the number of adaptive thresholds can be reduced
to two, which depend only on the previous detection result
r(i).

α
5 · 10−4
αu
10−5

ts
11.9
αc
0.1

t̃1 (u)
19.6
t̃25 (u)
67.5

t̃1 (c)
2.7
t̃25 (c)
34.3

Table 1. Threshold transform based on significance invariance.

2.2. Threshold Transform by Significance Invariance
We start from a window wi with just one pixel, i.e., N = 1.
The observed vectors di and ri reduce to a scalar difference
d(i) and a single previous label r(i). The fixed threshold
part ts is then determined from a χ2 -distribution with only
one degree of freedom for a given significance α. From
the four “reverse” transition probabilities p(r(i) = u|H1 ),
p(r(i) = c|H1 ), p(r(i) = u|H0 ), p(r(i) = c|H0 ), only
one per hypothesis needs to be estimated or set from experience, the other two are easily determined from the total probability. Evidently, because of temporal coherence,
p(r(i) = u|H0 ) > p(r(i) = c|H0 ), and p(r(i) = c|H1 ) >
p(r(i) = u|H1 ). For r(i) = u and r(i) = c, the threshold
pair is from (5)
t̃1 (u) = ts + 2 log

p(r(i) = u|H0 )
> ts
p(r(i) = u|H1 )

(6)

t̃1 (c) = ts + 2 log

p(r(i) = c|H0 )
< ts
p(r(i) = c|H1 )

(7)

and

In this notation, the subscript “1” of the threshold variables
t̃1 (r(i)) reflects the validity of these thresholds for a window wi of size 1 × 1.
To transform this threshold pair towards being used with
larger window sizes N , we determine the significance for
each threshold by
Prob(d2 (i) > t̃1 (u)|H0 ) = αu

(8)

and
Prob(d2 (i) > t̃1 (c)|H0 ) = αc

(9)

Again, the probabilities are evaluated based on a χ -pdf
with one degree of freedom. Requiring these significances
to be valid for other window sizes N as well (significance
invariance), the threshold pair t̃N (u), t̃N (c) can be obtained
by reversing (8) and (9), now based on a χ2 -pdf with N degrees of freedom. Table 1 illustrates this threshold transformation for N = 25, α = 5 · 10−4 , p(u|H0 ) = 0.99, and
p(c|H1 ) = 0.98.

pair are determined off-line in the beginning, and stored in
a LUT. Before processing pixel i, we only check its previous label r(i) to extract the corresponding threshold from
the LUT. Since checking on r(i) is done before actually deciding on the current label q(i), r(i) can be overwritten by
q(i), additional storage for the previous change mask R is
therefore not needed. Also, the algorithm can be fully parallelized.
2.4. Initialization of the Two-Threshold Algorithm
Obviously, when computing a motion mask, the threshold
selection is only applicable if a previous motion mask is
indeed available. For the first motion mask of an image sequence, though, a predecessor mask does not exist. The
initial mask can therefore only be determined by a nonadaptive algorithm with a global threshold, which is reasonably taken from the set {t̃N (u), t̃N (c)}. The probably best
choice appears to be the lowest of these, viz. t̃N (c). This
results in a high number of false positives in the first mask.
These vanish, however, quickly, since they are caused by
outliers of the camera noise, the statistical bindings of which
extend over only a short temporal interval determined by the
length of the differencing operation. Alternatively, initialization by the high threshold t̃N (u) would result in a high
false negative rate (i.e. “holes” in moving objects). Since
these false negatives are caused by spatially homogeneous
regions of moving objects, their correlation length is much
longer. The rate of decay is therefore slower.
3. RESULTS
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2.3. The Two-Threshold Algorithm
The above strategy can be implemented as a two-threshold
algorithm, which is only marginally more complex than a
global, non-adaptive algorithm: the values of the threshold

Fig. 1 compares two nonadaptive thresholding results with
the dual-threshold method. Fig. 1 b) shows a nonadaptive
thresholding using the higher threshold t̃25 (u) in the entire image, resulting in a low false positive rate, while c)
shows the same using the lower threshold t̃25 (c), resulting
in less false negatives, but at the cost of a higher false positive rate. The dual-thresholding result in d) combines the
low false positive rate in b) with the low false negative rate
in c). Despite the lack of explicit modelling of spatial compactness, the detected objects appear smoothly shaped. A
similar observation holds for the digital angiogram showing
a contrast bolus flowing through vessels in Fig. 2. While
in Fig. 1, the comparison was carried out between two suc-

cessive frames, in Fig. 2 the algorithm was always applied
to the current frame and the first frame, which served as a
reference without contrast agent showing up. Fig. 3 shows
a moving car recorded by a static camera, and the detection results. Here, the square-shaped detection errors result
from outliers caused by digitization errors of the originally
analog sequence, which are amplified by the squaring operation. As in Fig. 1, the algorithm was applied to successive
frames. In all examples, the window size was N = 25; all
other parameters were as in table 1. The variances σ 2 were
estimated prior to the detection procedure from calibration
measurements. Fig. 4 shows the adaptation behaviour of the
algorithm after initialization with the lower threshold t̃25 (c).
Evidently, the high false-positive rate in the first mask drops
swiftly over the next few frames.

a)

b)

c)

d)

Fig. 3. a) Frame 10 of a traffic scene, b) non-adaptive result,
α = αu = 10−5 , c) non-adaptive result, α = αc = 0.1, d)
dual-threshold result.
a)

b)
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Fig. 1. a) Frame 20 of a video sequence, b) non-adaptive result,

α = αu = 10−5 , c) non-adaptive result, α = αc = 0.1, d)
dual-threshold result.

a)

b)

c)

d)

Fig. 2. a) Frame 11 of a digital angiography, b) non-adaptive
result, α = αu = 10−5 , c) non-adaptive result, α = αc = 0.1 ,
d) dual-threshold result.

We have described an adaptive dual-threshold motion detection algorithm. The algorithm is non-iterative, and only
marginally more complex than a non-adaptive algorithm,
but provides a visibly improved trade-off between the class
error probabilities. The algorithm can be fully implemented
in parallel, and, once the (camera) noise variance σ 2 for the
null hypothesis H0 is estimated, needs only four parameters, viz. the window size N , the initial significance level
α, and two transition probabilities. Decision thresholds are
calculated based on error probabilities and transition probabilities. For the results shown in this paper, the transition
probabilities were determined experimentally. Essentially,
the transition probabilities determine how different the two
thresholds are. Thus, though their values are not quite uncritical, our results show that they do not depend strongly
on the type of image sequences they are applied to. One
next step would be to compare the values used in the experiments with transition measurements from sequences of
motion masks.
When deriving the decision rule (5) from the general expression in (3), we have assumed independent Gaussian distributions in the difference images. Alternative models taking into account correlations [33] or other marginal distributions, such as a Laplacian pdf to describe frame differences,
have been put forward. Our earlier experiments show that
exploiting correlations in the test statistics for motion detection has only a minor influence, if at all, on the result [7,

probabilities p(ri |Hj ) appropriately.
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