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currents integrate spike trains Pk:

ψm = a
∑

k

Pk(t − τ ) − γψm + Fψm.

For most of the text, however, the author
assumes that we are in the linear regime
S(X) ≈ cX. It seems that the function of
the dendrite compartments is simply to fil-
ter spike trains in an all-to-all connected
network, as each dendrite both receives
spikes trains and synapses onto the input
of each somatic compartment (not just its
own). The author first explores the case of
two neurons, finding synchronized solutions
in response to various inputs. To study sta-
bility, he uses the approximation that a
spike perturbs the phase as a delta function
to essentially come up with a linear set of
equations for the perturbed trajectory. He
then considers the case where there is a de-
lay in spike transmission. This procedure
is repeated in Chapter 6, which extends
these results to a large population. In the
final two sections of this chapter, the au-
thor finds phase-locked solutions for some
limited forms of the nonlinearity S(X). In
Chapters 7 and 8, the author derives simi-
lar results for populations of coupled linear
integrate and fire neurons. Some of these
results appear to be previously unpublished.

Part III surveys other models; Chapter
9 considers the Kuramoto model with sinu-
soidal phase couplings and some interesting
applications to motion coordination. Chap-
ter 10 describes the Wilson–Cowan equa-
tions and a similar development by Haken
and coauthors.

Overall, the book is an interesting read,
and it will be of interest to computational
neuroscientists working in synchrony and
maybe mean-field models. Rather than give
a broad view of current literature, the au-
thor has chosen to give very detailed calcu-
lations (augmented with problems for the
reader) about a particular set of models.
However, I would not necessarily recom-
mend the book to a mathematician new to
neuroscience. The author occasionally uses
nonstandard terminology; for example, in
Chapter 8 he uses “action potential” where I
think he means to say “membrane voltage,”
and he gives a differential equation identi-
fied as the dendritic current in an integrate
and fire model which uses a very specific

choice of synaptic filtering, so I think a be-
ginner could come away with some incorrect
notions.

There is a second version of this text,
with two additional chapters related to pat-
tern recognition, titled Brain Dynamics:
An Introduction to Models and Simulations
(Springer, 2008).

ANDREA K. BARREIRO

University of Washington

Kalman Filtering with Real-Time Applica-
tions. Third Edition. By Charles K. Chui and
Guanrong Chen. Springer-Verlag, Berlin, 2009.
$89.95. xiv+229 pp., hardcover. ISBN 978-3-
540-87848-3.

Although Kalman filters and smoothers
have widespread application, there are
many new areas where they could im-
prove modeling and/or computation. For
example, many existing deterministic ODE
pharamokinetic models could be improved
using a stochastic ODE and constructing a
corresponding Kalman filter model.

The proofs and derivations in the third
edition of Kalman Filtering with Real-Time
Applications lead to a deep understanding
of the linear Kalman filter algorithm as an
optimal estimator for the state sequence
in a system with stochastic dynamics and
measurements. It is a good book for re-
searchers with a strong mathematical back-
ground who will be building Kalman filters
and smoothers. It is also a good text for
teaching a course on linear Kalman filtering
and some of its extensions.

The book provides many interesting ap-
plications of the Kalman filter and derives
specialized versions of the algorithm that re-
duce the amount of computation for these
applications. While these derivations are
straightforward, they involve a lot of alge-
bra and time for careful derivation. This
suggests research in the area of a general-
purpose tool for automated generation of
the computer source code corresponding to
a specific linear Kalman filter.

According to the preface for the third
edition, the difference between it and the
second edition is the inclusion of Chapters
10 and 11, which concern interval Kalman
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filtering and wavelet analysis (see the dis-
cussion of these chapters below).

The linear Kalman filter model is given
by equation (2.1),

xk+1 = Akxk + Γkξk (k = 0, 1, . . . ),
vk = Ckxk + ηk (k = 1, 2, . . . ),

where Aj−1 ∈ Rn×n, Γj−1 ∈ Rn×p, Cj ∈
Rq×n, for j = 1, . . . , k are known matrices,
the random vectors ξj−1 ∼ N(0, Qj−1) and
ηj ∈ N(0, Rj) for j = 1, . . . , k are unknown,
{v1, . . . , vk} are known measurements, and
the state vector xk is the value to be esti-
mated. The linear Kalman filter algorithm
is given by equation (2.17); for k = 1, 2, . . . ,

Pk|k−1 = Ak−1Pk−1|k−1A
T
k−1

+Γk−1Qk−1Γ
T
k−1,

Gk = Pk|k−1C
T
k (CkPk|k−1C

T
k + Rk)−1,

Pk|k = (I − GkCk)Pk|k−1,

x̂k|k−1 = Ak−1x̂k−1|k−1,

x̂k|k = x̂k|k−1 + Gk(vk − Ckx̂k|k−1),

where x̂k|j is the estimate of xk given
{v1, . . . , vj}, the value x̂0|0 is a known esti-
mate of x0, and P0|0 is the variance of this
estimate.

Chapter 1 reviews some linear algebra
and statistics that are relevant to the
stochastic model above. This includes a
derivation of the optimal weighting ma-
trix for a least squares estimator. Chap-
ter 2 demonstrates that x̂k|k is the least
squares estimator for xk that uses the op-
timal weighting matrix. Chapter 3 demon-
strates that x̂k|k has the minimum vari-
ance when compared to all estimators for
xk that are a linear function of the data
{x0|0, v1, v2, . . . , vk}.

Chapter 4 contains some general results
about the minimum variance linear estima-
tor that are elegant from a mathematical
point of view. These results are used to gen-
eralize the linear Kalman filter to the case
where the noise in the dynamics ξk is cor-
related with the noise in the measurements
ηk. This is a good example of how the
linear Kalman filter model and algorithm
may need to be generalized for a particular
application.

Chapter 5 considers a case where the
noise ξk and ηk are correlated with their
previous values ξk−1 and ηk−1, respectively.
It shows how this can be recast so that it fits

into the original linear Kalman filter model.
Chapter 6 considers the case where the ma-
trices Ak, Ck, Γk, Qk, and Rk do not depend
on k. It derives a limiting form, and rate of
convergence, for matrices Pk|k−1 and Gk in
the Kalman filter algorithm. This enables
one to use the limiting form and reduce the
computation in the algorithm. Chapter 7
considers the case where Rk is diagonal and
derives the “sequential algorithm” for that
case. It also discusses square root filtering,
i.e., using Cholesky factors for the inversion
in the Kalman filter algorithm.

Chapter 8 considers the generalization

xk+1 = fk(xk) + Hk(xk)ξk,
vk = gk(xk) + ηk,

where fk and gk are vector valued functions
and Hk is a matrix valued function. It shows
how to use two successive affine approxima-
tions of fk and gk to obtain a more accurate
Kalman filter. The suggested algorithm is
two iterations of the iterated Kalman filter
update. In the case where the derivative of
Hk is zero, this is a Gauss–Newton method
for optimizing the likelihood of the most
recent measurement.

Chapter 9 presents a method for keeping
track of only a subset of the components
of the state vector (for the case where Ak,
Ck, Γk, Qk, and Rk do not depend on k).
This is very interesting, but the motiva-
tion is not compelling. The chapter also
discusses an “α − β − γ” tracker, which is
an approximation to the limiting Kalman
filter for this case. Chapter 10 considers
the case where the matrices Ak, Ck, and
Γk are uncertain and applies interval arith-
metic to the Kalman filter algorithm. This
mixes worst-case analysis (in the form of
interval arithmetic) with statistical anal-
ysis (in the form of the Kalman filtering
algorithm). It would be more consistent to
have a statistical model for the uncertain
matrices and apply statistical theory to the
estimation problem. Chapter 11 is a brief
review of wavelet analysis as an alternative
to Kalman filtering.

Chapter 12 briefly discusses some other
topics related to Kalman filtering, namely,
Kalman smoothing, the α − β − γ tracker
mentioned above, estimation when the noise
matrices Qk and Rk are unknown, deconvo-
lution, stochastic ordinary differential equa-
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tions and the Kalman–Bucy filter, stochas-
tic optimal control, and efficient implemen-
tation of square root filtering.

Many of the proofs and derivations in
this book can be simplified by considering
the model where Γk is the identity matrix,
and Qk in the new model corresponds to
ΓkQkΓT

k in the original model. One excep-
tion to this is in Lemma 6.6, where the
purpose of Γk is revealed. Another simpli-
fication I use to follow the derivations is
to fix k in the algorithm and rewrite the
Kalman filter algorithm at step k as

P = AP−AT + Q,

G = PCT(CPCT + R)−1,

P+ = (I − GC)P,

x̂ = Ax̂−,

x̂+ = x̂ + G(v − Cx̂),

where the notation above directly corre-
sponds to the Kalman filter algorithm; for
example, P−, P, P+ above are, respectively,
Pk−1|k−1, Pk|k−1, Pk|k in the Kalman filter
algorithm.

BRADLEY M. BELL

University of Washington

A Benchmark Approach to Quantitative
Finance. By E. Platen and D. Heath. Springer-
Verlag, Berlin, 2006. $89.95. xvi+700 pp., hard-
cover. ISBN 978-3-540-26212-1.

A Benchmark Approach to Quantitative
Finance by Eckhard Platen and David
Heath is a comprehensive introduction to
the mathematical foundations of finance.
It is thorough and encyclopedic, provid-
ing a wide range of definitions and the-
orems that are useful in the subject. The
mathematics and finance are self-contained,
and the text does not have the prerequi-
site of probability or stochastic calculus.
The authors begin with an introduction
to probability theory and statistics that
summarizes the essential concepts needed
for the subsequent development. With this
100-page discussion (Chapters 1 and 2) as
background, the authors move on to mod-
eling using stochastic equations. Chapters
3 through 7 present a discussion of con-

tinuous stochastic processes from a mathe-
matical perspective that is general and ap-
plicable beyond finance. In Chapter 3 the
authors introduce discrete and continuous
time Markov chains and Poisson processes.
Also defined in a mathematically precise
way is a Levy process, which is a stochas-
tic process X := {Xt, t ∈ [0,∞)} with
X0 = 0 almost surely, with independent,
stationary increments that are independent
of the past, and such that Xs = limt→s Xt

in probability. A special case is the Wiener
process W = {Wt, t ∈ [0,∞), which has
Gaussian increments and continuous sam-
ple paths for which W0 = 0, E (Wt) = 0
and V ar (Wt − Ws) = t − s. Chapter 4 fo-
cuses on diffusion processes, while Chapter
5 discusses martingales and the Itô inte-
gral. Chapter 6 provides an introduction
to a key idea in stochastic calculus that
provides the mathematical basis for option
pricing equations. This is the Itô formula,
which is the stochastic generalization of the
classical chain rule. The authors provide
both a heuristic discussion and a rigorous
proof of Itô’s formula.

Chapter 8 begins the discussion of the Eu-
ropean option, e.g., the call option, which
gives the owner the right but not the obli-
gation to purchase a security on only the
specified date at a particular exercise price.
Pricing European options is easier than the
commonly traded American options, which
can be exercised at any time before expira-
tion. The Black–Scholes equation is derived
in the usual way but with attention to math-
ematical rigor, as an application of the Itô
formula. By considering a portfolio of one
option and minus δ shares of the asset, one
can determine a ratio δ (depending on time)
that essentially eliminates the randomness
and yields the partial differential equation
known as the Black–Scholes equation. The
text does not treat American options except
to mention that call options on stocks which
do not pay dividends have the same value
as the European option. In other situations
the problem is more complicated, for exam-
ple, the American put option, in which the
option owner has the right to sell a stock at
a particular price at any time before the ex-
piration date. The problem is essentially a
“free boundary problem” since there is the
possibility that the option should be exer-


