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Efficient Kernel Cook’s Distance for Remote Sensing
Anomalous Change Detection

José Antonio Padfon-Hidalgo

Abstract—Detecting anomalous changes in remote sensing im-
ages is a challenging problem, where many approaches and tech-
niques have been presented so far. We rely on the standard field of
multivariate statistics of diagnostic measures, which are concerned
about the characterization of distributions, detection of anomalies,
extreme events, and changes. One useful tool to detect multivariate
anomalies is the celebrated Cook’s distance. Instead of assuming
a linear relationship, we present a novel kernelized version of the
Cook’s distance to address anomalous change detection in remote
sensing images. Due to the large computational burden involved in
the direct kernelization, and the lack of out-of-sample formulas, we
introduce and compare both random Fourier features and Nystrom
implementations to approximate the solution. We study the kernel
Cook’s distance for anomalous change detection in a chronochrome
scheme, where the anomalousness indicator comes from evaluating
the statistical leverage of the residuals of regressors between time
acquisitions. We illustrate the performance of all algorithms in a
representative number of multispectral and very high resolution
satellite images involving changes due to droughts, urbanization,
wildfires, and floods. Very good results and computational effi-
ciency confirm the validity of the approach.

Index Terms—Anomalous change detection (ACD), Cook’s
distance, efficiency, influential points, kernel methods, Nystrom
method, random Fourier features, statistical leverage.

I. INTRODUCTION

HE Earth’s surface is constantly changing due to natural
T events and various anthropogenic interventions. Natural
events can be repetitive ones such as seasonal changes as well
as extreme or rare events such as disasters. Newly constructed
man-made structures, urbanization, and agriculture activities
can be given as examples of anthropogenic interventions [1].
However, observing such changes in a timely and accurate
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manner is challenging since the Earths’ surface is very large and
complex, and changes are constantly happening, which may be
pervasive or anomalous. Change detection (CD) using remote
sensing (RS) images is an active field of research with many
systematic methods and procedures to capture the changes on
the earth surface. CD methods that are applied to RS images can
be acquired from satellite or airborne platforms [2].

CD is extremely important because it allows us to improve
predictions and our understanding of events occurring over the
entire surface of the earth, such as floods and droughts [3],
[4], using Landsat 7 images. In addition, the developed CD
methods can help us improve designing and implementing urban
monitoring [5]. However, factors such as seasonal differences,
atmospheric effects, sensor noise, and registration errors create
spurious changes that decrease the performance of the CD
methods [1]. In addition, the Earth’s surface is complex and het-
erogeneous, while obtained images can be multimodal or mul-
tisource with different spectral and temporal resolutions, which
further increase the complexity of the development of robust,
accurate, and fast CD methods. The recent advances in RS sen-
sors, statistical models, and computational power, as well as an
immense amount of data availability, have provided additional
possibilities and challenges in RS image processing [6]—[8].
Most importantly, the increasing spatial and temporal resolution
of globally available satellites such as Sentinel-2 gives a unique
opportunity to monitor regular and extreme events. In addition,
the use of very high-resolution satellite imagery (such as Digital
Globe QuickBird) is becoming increasingly important for RS
applications.

A related field to CD called anomalous change detection
(ACD) is concerned about a slightly different problem [9]: the
ACD setting differs from standard CD because the objective
is to identify only rare (or anomalous) events, ignoring the
regular (or pervasive) ones. These pervasive differences may
be due to calibration, illumination, look angle, and even the
choice of RS satellite. By contrast, the anomalous changes
are assumed to be relatively rare and can be highlighted in a
minor part of the image. Although there were related studies
before, first focused study of ACD was proposed by Theiler and
Perkins using a machine learning approach [9] with many other
subsequent studies of Theiler and his colleagues [10]-[17]. In the
literature, ACD was tackled using distribution-based [9], [12],
distance-based [13], classifier-based [11], and reconstruction-
based [18] approaches. Note that ACD is also closely related
to anomaly detection [16] and novelty detection [19], where
all employ similar approaches. However, most ACD methods
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are linear, which limit their success and applicability to the
real-world problems [20]. Researchers introduced nonlinearity
to overcome this limitation, i.e., using neural networks [21] and
kernel methods [20], [22], [23]. Although kernel methods bring
excellent performance, they are computationally demanding,
so efficient approximations are needed [22]. Interested readers
can read more about ACD in [10], [17], [24], and [25] that
are, respectively, comparison, analysis, review, and tutorial style
studies.

The ACD settings can be properly framed in statistical terms.
However, the concept of anomalousness is elusive and diffi-
cult to define concretely. Nevertheless, identifying influential
points in multivariate data distributions is an active field of
research in statistics, information theory, and machine learning.
Main applications involve characterizing distributions, detecting
anomalies, extremes and changes, and assessing robustness [14],
[15]. Detection of such influential points also have relevant
applied implications for climate, health, and social sciences,
and in a wide diversity of engineering and computer science
problems. It is important to remark that we aim to detect anoma-
lous (extreme) changes, i.e., not pervasive changes related to,
for example, illumination conditions. Therefore, we will refer
to anomalies among two images, leverage points, or changes
interchangeably.

The interest to find anomalous changes is very broad, and
many methods have been proposed in the literature, ranging
from equalization-based approaches that rely on whitening prin-
ciples [26] to multivariate methods that extract distinct fea-
tures out of the change (difference) image [27] and that rein-
force directions in feature spaces associated with noisy or rare
events [28], [29], as well as regression-based approaches such
as in the chronochrome [30], [31], where a regression model
approximates the next incoming image and big residuals are
associated with anomalies. In this article, we build our nonlinear
ACD method on this latter chronochrome approach based on
Cook’s distance [32], where our initial efforts can be seen in [22].
Among other measures, we preferred Cook’s distance since it
allows robust fitting despite data are being contaminated by
outliers (or anomalies). Many diagnostic measures have been
introduced other than the seminal work of Cook such as linear
regression [33], [34], penalized (ridge) regression [35], sparse
regression models like LASSO [36] as parametric models, spline
smoothing [37]-[39] and polynomial regression [40] as non-
parametric models, and longitudinal regression [41], general-
ized linear, and Cox proportional hazard models [42]-[44] as
semiparametric models.

For ACD, an adequate model assumption and specification
is crucial and has many theoretical and applied implications.
The main problem is to select a flexible model that can capture
nonlinear relations while also providing high detection power
and computational efficiency. All these are relevant aspects to
consider for the diagnostic measure, for which many methods
have been proposed. However, Cook’s distance models only lin-
ear relations, which limit its applicability to complex real-world
data. In recent years, kernel methods have been widely adopted
as an appropriate framework for nonlinear model development
in machine learning for classification, regression, hypothesis
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testing, and dimensionality reduction [45], [46]. Kernel meth-
ods allow one to derive flexible nonlinear and nonparametric
models, are intrinsically regularized, and are endorsed with
solid mathematical properties. This has allowed us to define
diagnostics based on leveraging the kernel ridge regression
(KRR) method [47]. However, despite the excellent modeling
performance of KRR, the direct definition of leverage scores
based on KRR implies a huge computational cost and the lack
of a practical out-of-sample estimates [48]-[50]. This hampers
its adoption and usefulness in real practice.

In this article, we introduce the Cook’s distance for the
KRR model in a reproducing kernel Hilbert space (RKHS)
for ACD. Noting the high computational cost, we introduce
random Fourier features [51] and the Nystrom method [52], [53]
for improved efficiency. Both approaches allow us to compute
residuals [54] and leverage the KRR explicitly in RKHS, while
the Nystrom method also provides implicit regularization capa-
bilities. Essentially, the Nystrom method approximates the large
kernel matrix by a much smaller low-rank matrix. Although
the best low-rank approximation is obtained by singular value
decomposition (SVD), it is computationally expensive. On the
contrary, the Nystrom method achieves low-rank approxima-
tion with considerably higher computationally efficiency [55],
[56]. The proposed methods are simple, computationally very
efficient in both memory and processing costs, and achieve
improved detection compared to standard approaches. We show
results in a set of real ACD problems with pairs of large-
scale multispectral satellite images acquired by different sen-
sors (Quickbird, Sentinel-2) and involving different changes of
interest (floods, wildfires, urbanization, and droughts).

The remainder of this article is organized as follows. Section I1
sets the notation, introduces the Cook’s distance, briefly reviews
the concept of influential points and leveraging in statistics,
and introduces the direct kernel Cook’s distance. Section III
elaborates further on our proposed fast implementations and
provides a comparison of space and time complexity in all
methods. Section IV presents the performance of the proposed
fast Cook’s chronochrome method for ACD on synthetic and
real-world data. Finally, we conclude in Section V with some
remarks and prospective future work.

II. KERNELIZED COOK’S DISTANCE
A. Notation and the Chronochrome Approach

Let us define two consecutive d-band multispectral images in
matrix form X,Y € R™*¢ composed of n pixels x;,y; € R?,
i=1,...,n. Assume that a set of changes have occurred in
between, and that such changes do not alter the image distri-
bution significantly. The “chronochrome” approach [30] builds
on this idea and fits a model to predict the second image Y
from the first one X and decides that a point is anomalous (i.e.,
it has changed) if, for instance, the corresponding residual is
significantly large. The prediction function f : x — y is learned
from the observations. The task is now to assess the significance
of the obtained residuals, e = y — ¥, that is to derive a sensible
diagnostic measure.
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B. Cook’s Distance

Cook’s distance comes from the definition of leverage, which
measures how distant are the independent variable values (of
a particular observation) from those of the other observations.
The highest leveraged points are those observations that could
be considered as extreme or outlying values of the independent
variables. Cook’s distance measures the effect of removing
a given observation. Therefore, the aim is to find out which
elements from the sample set are more relevant to the model.

The standard Cook’s distance assumes a linear model for
prediction of the second image from the first one, i.e., Y = XW,
where W € R(4T1>4 and X is the augmented design matrix
with a column of ones to account for the bias term, X = [X|1,,].
The solution to this least squares problem is given by the Wiener—
Hopf normal equations, W = (X" X)~'X Y. The predictions
can be expressed as Y = XW = X(X'X)'X'Y = HY,
where H is known as the projection matrix, and we define the
leverage score of the ith observation as

hi = x; (XX) !x;. (1)

Similarly, the ith element of the residual vectore =y —§ =
(I — H)y is denoted as e;. The Cook’s distance D; for observa-
tion x;,7 = 1,...,n, is defined as the sum of all the changes in
the regression model when the ith observation is deleted

S (3 -y
d MSE?

where y; means to predict the jth sample through the model
trained with all the samples and ¥ ;\; is the fitted response value
obtained when ¢ is excluded, and MSE is the mean square
error of the regression model with all samples, i.e., MSE =
= (¥~ y;)?. Cook’s distance can be equivalently ex-
pressed using the leverage

D, = ()

o 612 hl
~ dMSE?(1 — h;)?’
Cook showed that this estimation can be obtained using incre-

mental rank-1 updates of covariances, without even needing to
recompute each model when the ith sample is removed [32].

3

%

C. Kernel Cook’s Distance

The kernel Cook’s distance can be easily derived by departing
from (3). For that, we need to compute both the errors and the
leverage scores as a function of the input data only. Let us first
recall the KRR prediction formula, y = K(K + AI) 'y, where
A is a regularization parameter, and K is the kernel matrix. The
residuals are thus e = (I — H")y, where the (kernel) projection
matrix H? = K(K + AI)~!, and the (kernel) leveraging scores
become

hit = diag(H™), i=1,...,n. (4)

From here, one can readily compute e!* and the kernel Cook’s
distance as

Ho_ (e})? ht

! d MSE? (1 — hlt)?’

&)
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Note that the inversion of a large K matrix in H* has a cost
of cubic time complexity and quadratic space (memory) com-
plexity. One could think of computing the leverage scores using
an SVD, but the exact computation is as costly as solving the
original problem since the cost is also cubic. Unlike the linear
case, the recursive solution of (5) is cumbersome, and one has
to recompute each model after sample deletion, thus involving
a cascade of costly inverse operations.

III. EFFICIENCY IN KERNEL COOK

In this article, we will exploit both random Fourier features
and Nystrom approximation of the leverage scores and the errors
for Cook’s distance approximation.

A. Randomized Cook’s Distance

Let us first approximate the kernel matrix with random Fourier
features [51]. Formally, we now use a linear regression model
expressed on data explicitly projected onto g random Fourier
features. Let us define a feature map z(x) : R? — C9, explicitly
constructed as z(x) := [exp(iw{ x), ..., exp(iw, x)] ", where
i =+/—1, and w, € R? is randomly sampled from a data-
independent distribution [51]. The prediction model is now de-
fined as Y = R{ZW}, where Z = [z, - -- z,,]T € R"*, with
the weight matrix W € R%*?, The randomized leverage of a
particular sample is now expressed

hE = R{z(x;)(Z"Z + A1) 'z(x;)} (6)

which is then plugged into (3) owing to the linearity of the model
where e = (I — H)y and then leads to

r_ (e)? A
© T dMSE? (1 - hR)?’

)

This allows us to control the memory and computational
complexity explicitly through ¢, as one has to store matrices of
n x g and invert matrices of size ¢ x ¢ only. It is worth noting
that, in practice, a low number of random Fourier features are
needed, ¢ < n. This is not only beneficial in computation time
and memory savings but also has a regularization effect in the
solution.

B. Nystrom Cook’s Distance

The Nystrom method selects a small set of r < n sam-
ples to make a low-rank approximation of an n X n kernel
matrix K ~ K/ K- 'K,, [52], where K., € R™" contains
the kernel similarities between X € R™4 and X € R™*4 and
K, € R™" is a kernel matrix containing data similarities be-
tween the points in X. By exploiting the Nystrom method in the
Woodbury—Morrison formula, we obtain

(K+AD) ' =211 -K, 0K, + K| K,,.) 'K (8)

and now defining Q = AK,.. + K'

nr Knr, the projection matrix
approximation is defined as

HY =2 'KI-K,,Q 'K, ) 9)
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TABLE I
SPACE AND TIME COMPLEXITY FOR ALL METHODS

[Method [T [C [C'[W [L [ACD]O() |
| Space |
L-Cook | — d? | d?  |n n O(nd)
R-Cook | ng | ¢° q° q° n n O(nq)
N-Cook | n? | r? r2 — n n O(n?)
K-Cook | nZ [ nZ | n? — n n O(n?)

[ Time |
L-Cook | — nd? | d® nd? | nd? | nd? O(nd?)
R-Cook | ngd | ng® | ¢ ng® | ng® | ng? 0O(ng?)
N-Cook | n?d | nr? | r — n?r | n%d O(n?r)
K-Cook | n?d | n® | n3 — n3 | n%d O(n?)

T is transformation of image into a nonlinear space, C is for covariance/kernel
matrix, W is for regression weight, L is for leverage, ACD is the Cook’s distance,
and O(.) is the overall complexity.

with Nystrom leverage scores
hY = diag(H") (10)
and eV = (I - HY)y; thus, the Nystrom Cook’s distance
becomes
N _ (e]')? hY
! d MSE? (1 — hV)2’

(11)

C. Memory and Computational Cost

Space (memory) and time (computational) efficiency of the
linear and nonlinear versions are presented in Table I. In this
study, the linear version is named as L-Cook, while the nonlinear
versions are named Randomized Cook (R-Cook), Nystrom Cook
(N-Cook), and Kernel Cook (K-Cook). Note that d is the spectral
dimension, and it is around 10 for multispectral images and
around 100 for hyperspectral images. Although ¢ and 7 can have
similar values, generally ¢ < r. Since large images are used, n
is much larger than r, ¢, and d. Therefore, in general, d < ¢ <
r < n.

As can be seen in Table I, the L-Cook method provides
superior space and time efficiency. However, the L-Cook method
is only limited to rare linear scenarios, where the real-world non-
linear transformation between multitemporal images are formed
due to various reasons. However, space and time complexity of
the K-Cook method is proportional to the number of pixels in
the image, respectively, quadratic in space and cubic in time.
Thus, the use of the K-Cook method is not feasible for large
images, which is the common scenario nowadays. Note that,
for the N-Cook method, kernel matrix K is still used in (9),
but there is no inversion operation on it. Therefore, N-Cook has
same space complexity with the K-Cook method as we need to
store kernel matrix K. However, time complexity of N-Cook is
still superior to the K-Cook method, since only an X r matrix
is inverted.

IV. EXPERIMENTAL RESULTS

This section analyzes the performance of the proposed linear
and nonlinear Cook’s distance methods for ACD. In order to test
the robustness of the proposed methods, we performed tests in
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both simulated and real scenes with changes. We evaluate the
detection performance of the methods quantitatively through the
area under the curve (AUC) of the receiver operating characteris-
tic (ROC) and qualitatively by inspection of the detection maps.
We have performed two experiments with different complexities
of difficulty while controlling the analyzed changes. The first ex-
periment is designed over a real scenario and synthetic changes.
The second set of experiments deals with both real scenes and
natural changes related to floods, fires, and urbanization. In order
to ease the reproducibility, we provide MATLAB implementa-
tions of the methods. Moreover, we made available a database
with the labeled images used in the second experiment.'

A. Experiment 1: Real Scene With Simulated Changes

The aim of this experiment is to show and analyze the
performance of the proposed methods when the change be-
tween images is nonlinearly distributed. In this example, we
can analyze how nonlinear methods fit the regression model to
the data well and how they detect the influential points in the
Cook’s distance approach. The experiment involves representing
anonlinear relation between two images in order to demonstrate
the limitations of the linear algorithms in this situation.

Fig. 1(a) and (b) shows an aerial scene taken over the Im-
age Processing Laboratory from Google Earth in the R band.
Fig. 1(a) represents the image at time ¢; (no change class), while
Fig. 1(b) represents the image at time ¢5 (change class). All the
values of the second image (¢2) were modified by applying a soft
nonlinear function (an inverted parabola) to simulate nonanoma-
lous changes. In order to introduce the anomalous changes, we
interchanged square patches of 4 x 4 pixels randomly selected.

Since kernel Cook’s distance is computationally very de-
manding, we have selected a portion of the full image in order
to have a comparison of all proposed methods together. In
particular, we used the region of interest shown in Fig. 1(c) and
marked in a red box in Fig. 1(b); the anomalies are highlighted
in a black rectangle and the anomalous class represent 0.016%.
Fig. 1(d) represents the scatter of original image z-axis against
transformed image y-axis; the points in yellow color are the
change pixels, but the points in blue color ideally would not be
detected as an anomalous change pixels. Fig. 1(e) illustrates how
a linear model does not fit the distribution well and the inferred
values lead to false-positive errors (in the tails) and true negative
errors (green color). Fig. 1(f) shows how a nonlinear model over
distribution fits well and both avoid the false positives and detect
the changed pixels in the images. These results are confirmed
visually through the prediction maps in Fig. 2, where the kernel
Cook’s distance excels in detection.

In contrast, Table II showcases how efficient the proposed
efficient methods can be, achieving better values of AUC com-
pared to the kernel one in less time. Therefore, because of the
huge computational cost involved in its calculation, one cannot
use it in standard images (even as small as the one in Fig. 1), so
efficient algorithms for computing Cook’s distances in nonlinear
kernel settings are strictly necessary.

![Online]. Available: http://isp.uv.es/code/kcook
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Fig. 1. (a) Image (R band) at time ¢; and the region of interest (red box).
(b) Image (R band) at time ¢2 and the region of interest (red box). We apply
background color distortion and added square patches of 4 x 4 over ¢o simulating
the anomalies, (c) region of interest (red box in £2) and the corresponding label is
surrounded and highlighted in black, (d) scatter plots between ¢1 and ¢2 pixels in
R band, blue dots represent the non-change class and the yellow dots correspond
to change class. Panel (e) shows how mis-specification of the linear regression
model cannot detect anomalies, while a nonlinear Cook’s distance can in (f). In
both (e) and (f), the dots color specify how much anomalous the point is for the
model (blue less, yellow more).

(a) (b) ()

Fig. 2. (a) Prediction map (labels). (b) Change prediction map detected by
the linear method. (c¢) Change prediction map detected by the nonlinear Cook’s
distance.

B. Experiment 2: Real and Natural Changes

In this section, we report experiments in several real satellite
images. We aim to detect changes that can be found naturally
in a real environment. The dataset is composed of five different
scenes with natural changes, including urbanization, wildfires,
droughts, and flooding.

1) Data Collection: We collected pairs of multispectral im-
ages acquired at different times over the same location. We
selected the images in such a way that a noticeable change hap-
pened between the two acquisition times. We photo-interpreted

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 13, 2020

TABLE II
AUC AND THEIR RESPECTIVE TIME VALUES (IN SECONDS) PER METHOD

[Methods [ L-Cook | R-Cook [N-Cook [ K-Cook]

AUC 0.55 0.93 0.93 0.92
Time 0.01 0.03 2.64 6.32
TABLE III
IMAGE ATTRIBUTES USED IN THE EXPERIMENTATION DATASET
[ Images | Sensor | Size [ Bands | SR |

Argentina | Sentinel-2 381 x 500 | 12 10-60m
Denver Quickbird 101 x 101 4 0.6-2.4m
Arizona Cross-Sensor | 201 x 201 7 30m
Texas Cross-Sensor | 301 x 201 7 30m
Australia Sentinel-2 201 x 501 12 10-60m

and manually labeled all the image pixels affected by a change of
interest. This step is critical and delicate since we could fall into
many false alarms due to, for instance, shadows, illumination
changes, or natural changes in the vegetation. All images contain
changes of a different nature, which allows us to study how the
different Cook’s distance algorithms perform in a diversity of
realistic scenarios.

A brief summary of the images and change events is as fol-
lows. The Argentina dataset represents an area burned between
the months of July and August 2016. Denver Region Urbanized
Project Area describes the stereo-compiled building roofprints
feature of Denver Regional Council of Government. The Texas
wildfire dataset is composed of a set of four images acquired
by different sensors over Bastrop County, Texas (USA) and
is composed of a Landsat 5 TM as the pre-event image and
a Landsat 5 TM plus an EO-1 ALI and a Landsat 8 as postevent
images. This phenomenon is considered the most destructive
wildland—urban interface wildfire in Texas history. The Arizona
dataset corresponds to the decline of Lake Powell in the USA.
The first image was taken by Landsat-5 and shows its highest
water level. The second was taken by Landsat-8 following a
period of drought that began in 2000. When the water volume
was measured five months later, it was less than half of the
maximum lake capacity. The Australia dataset shows the natural
floods caused by Cyclone Debbie in Australia 2017. Storm
damage resulted from both the high winds associated with the
cyclone, and the very heavy rain that produced major riverine
floods. Table III gives some descriptors of the images in the
database, while Fig. 3 shows the RGB composites of the pairs
of images and the corresponding reference map.

2) Numerical Comparison: We selected the hyperparame-
ters using 1000 randomly selected pixels for cross-validation.
Each method implies a different set of parameters. For both the
randomized and Nystrom methods, we have cross-validated the
r and g parameters by exploring values between 1 and 400,
particularly r, ¢ € {1, 5,10, 25, 50, 100, 200, 300, 400}. In this
work, we used the standard radial basis function (RBF) kernel
function, k(x, x') = exp(—|x — x’||?/(20?)). The RBF kernel
shows good theoretical properties (universal kernel, smoothness,
and robustness), convenience (only the lengthscale parameter o
needs to be tuned), and good performance in practice. The RBF
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Argentina (1)

Denver (t1)
o

“,I' ) &

Australia (t1) Australia (t2)

Fig. 3.

L-cook (0.69)
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1)

N-cook (0.94)

Images with natural changes and predictions maps. First row: area burned in Argentina between the months of July and August 2016, anomalous samples

represent 2.7%. Second row: urbanization area over Denver city correspond to roofprints (extension of anomalous pixels represents the 11.5% of the image). Third
row: decline of the Lake Powell in Arizona, USA (16.35%). Fourth row: the most destructive wildland-urban interface wildfire in Texas history (19.5%). Last row:
natural floods caused by Cyclone Debbie in Australia (34%). First column: images without changes, first time of acquisition (¢1). Second column: images with
the anomalous changes and their corresponding labels are surrounded and highlighted with green color, second time of acquisition (¢2). Third column: prediction
map of linear method. Fourth column: prediction map of random Fourier features method. Last column: prediction map of Nystrom approximation method. AUC

value in parentheses.

kernel is used to perform kernel regression, which incorporates
a regularization parameter L. We searched both ¢ and A loga-
rithmic grids between 10~* and 102°.

We optimized the hyperparameters of different methods to
maximize the cross-validation AUC. We compared the ROCs
and precision—recall curves in terms of AUCs for all methods
and images in Fig. 4 . In general, all methods can cope with

the large dimension of the images and can provide reasonable
results, AUC> 0.70 (see Table IV).

The nonlinear versions (randomized and Nystrom approxima-
tions) improve the results of the linear Cook’s distance, revealing
nonlinear changes in all scenes, yet differences are minor for the
Texas scene. The Nystrom Cook’s distance achieves consistently
the best results in all the scenarios, and false or positive rates
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TABLE IV

recall are an understanding and measure of relevance. Here, it
AUC PER METHOD AND SCENE

becomes clear that the Nystrom approach excels in all images.
For each experiment, 1000 runs were made for testing the
significance of the methods based on the ROC profiles. The

[Methods | Argentina | Denver | Arizona | Texas [ Australia

ﬁ__gzgl; 83; 823 8;3 83; 833 mean value of the experimental runs is plotted with the standard
N-Cook 10.93 0.96 1099 10.97 10.94 deviation of each detection algorithm represented by the shaded

region in Fig. 5. In addition, a boxplot is shown in the same
figure to illustrate the standard deviation of each methods with a
better precision. As seen in Fig. 5, N-Cook has always superior
or equivalent performance compared to L-Cook and R-Cook,
i.e., higher detection rate and lower false alarm rate, and higher
AUC value and lower standard deviation.

3) Visual Comparison: A visual comparison of the results
is given in Fig. 3. Differences between the L-Cook and the

The best results are bold faced.

regimes. A average gain of +15.6% over the linear approach and
of +11.8% over the randomized approach, along with the com-
putational efficiency, justify the adoption of this approach. The
double logarithmic plot aims to better appreciate the differences
in very low false positive rate regimes. In addition, precision and



PADRON-HIDALGO et al.: EFFICIENT KERNEL COOK’S DISTANCE FOR REMOTE SENSING ANOMALOUS CHANGE DETECTION

R-Cook are not visually significant either. In general, N-Cook
yields clear and sharper detection maps (last column), especially
in large spatial structures (see, e.g., roofs in Denver, lake in
Arizona) but also exhibits a much lower false alarm rate (see,
e.g., a less amount of spurious detections in Texas wildfires).
This is, however, sometimes compensated with sensitivity to
subtle reflectance changes and misclassified pixels in Australia
due to imperfect labeling of pixels. This is why this problem is
so difficult to solve in an automatic way.

V. CONCLUSION

We introduced the kernel Cook’s distance for ACD settings,
with the particular focus on RS image CD problems. The key in
the proposed methodology is to redefine the ACD problem in an
RKHS where the data are mapped to. This endorses the methods
with improved capacity and flexibility, since nonlinear feature
relations (and hence outliers) can be better identified. However,
the obtained kernelized method encounters huge computational
problems in practice, which hampers its applicability and wider
adoption. To resolve this problem, we proposed computationally
efficient techniques based on random Fourier features and low-
rank Nystrom approximations and compared their capabilities
in a wide range of both simulated and real changes. The Nystrom
approximation excelled over the rest of the implementations in
both simulated and real scenarios and in terms of accuracy and
efficiency. Future work will study other related kernel diagnostic
measures. Extension to online and multichange problems are
also topics of further research.
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