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application considered basically provides an illustration of how the above- 
mentioned nonlinear filtering techniques work in the  temporal  case. It 
would be  very interesting to illustrate their performance with a more com- 
plex model involving spatial- temporal  interaction. For example, in the 
context (C2) considered, the incorporation of the spatial- temporal  interac- 
tion between weapons to the s ta te  model  for the definition of the damage 
potential and the danger field would be of interest. In the definition of 
the observation model, an interesting extelxsion would be to consider the 
opt imum design of the placement of observation devices, possibly moving 
over tim% jointly with the t ime sampling frequency. 

In our opinion, some interpretations derived from the application, which 
are used to establish the conclusion in the paper  on the outperfornmnce of 
UPF,  are not strongly supported by the results obtained. For ii~stance, one 
can see that  UPF-based  estimate.s of position (see Figure 4) and danger 
(see Figures 7 and 8) are sometimes better~ sometimes worse than EKF- 
based or UKF-ba.sed ~ t imates .  Furthermore,  we cannot  agree with the 
appreciation on the UPF-based  estinmtes being advantageous for 'showing 
evidence of danger earlier', since by- the  same way of thinking one would 
be led to say that  1 minute sampling gives bet ter  results than 1/4 minute 
sampling (see Figure 9), which would be  paradoxical. Further ctarificatiot~s 
on these aspecks would be appreciated. 

R o n g  C h e n  
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We congratulate the authors for an excellent review of some Sequential 
Monte Carlo (SMC) algorithms for nonlinear filtering and a very inter- 
esting application using SMC. It has been shown that  SMC is a powerful 
tool in handling nonlinear and non-Gauss[an dynamic systems. This paper 
provides another evidence in this regard. Here we would like to make one 
general comment and discuss two issues, one general and one specific. 

S i S  v e r s u s  M C M C :  It is commonly believed that  SMC and its varia- 
Lions are jtLst cheap (and inferior) alternatives to the more computat ional ly 
demanding MCMC procedures. This is true to a certain extent, especially 
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for a class of the state-space inodel.s. However, the extreme flexibility of 
SMC methods sometimes make them the primary choices for certain prob- 
lems, with efficiencies far exceeding tha t  of the s tandard MCMC procedure. 
Two dra.ma.tic exa.mptes in this direction a.re the counting a.nd inference of 
zero-one tables with fixed margins (Liu (2001, ~3.4.2 and w and the 
sinmla.tion of long-cha.in polymers (Zha.ng and Liu (2002)). These exa.m- 
ples dem.or~strate that  innovative SIS designs can outperform, most M.CMC 
schem~ in certain difficult problems where the  involved variables (or part  
of which) are highly correlated (or interlocked). It has a.lso been shown that  
using MCMC steps in SMC and, conversely, using SMC in MCMC can be 
beneficia.1 (Liu (2001)). 

T h e  u s e  of  t h e  c u r r e n t  o b s e r v a t i o n  Zt: The au tho~  advocate  the 
use of information in the current observation Z~ to construct  the sampling 
distribution, first proposed by Liu a.nd Chen (1998). In UPF,  significa.nt 
a.niount, of computat ional  resources a.re devoted to a.chieve this, tLsing the 
scaled unscented tra.nsforma.tion. It should be noted tha.t the efficiency of 
SMC is not solely measured by the variance of the weights. The amount  
of conlputation is also an impor tant  issue. A good m e ~ u r e  should be 
the accuracy of the final estim.ate given the same amount  of computat ional  
time. For exa.mple, if U P F  uses 10 times of eomputa.tion as a simple particle 
filter (SPF) that  uses only the s ta te  equa.tion, then one should compare the 
accuracy of the  fina.1 estima.te between a U P F  tLsing rt~, samples a.nd a. SPF  
using 10m samples. The key here is actually how much information the 
current observation Z~ brings in. Let  t~s examine two extreme situatioils: 
(1) If the  observa.tion noise is very la.rge, then there is virtually no benefit 
to include Z~ in the sampling. In this case, a SPF with 10 times more 
samples would probably work better .  (2) If the observa.tion noise is ve~; 
smatl, or the s ta te  equation is not adequate (e.g. one sample per 3 minutes 
for the bat t le  field example), then Z~ becomes vea~ important.  In fact, 
in this case one can do the complete opposite of the SPF - using only 
the observation equa.tion for sa.mpling a.nd the sta.te equa.tion for updat ing 

the weight. One way of doing this is to generate Z} j) Zt + el j)~. and 

cor~struct X} j) ~, inverting the observation equation rising Z} J). , if it is not 
too difficult. Procedures such as U P F  may show significant benefit, when 
the information fi'om both  the observa.tion equa.tion and the sta.te equa.tion 
are compa.rabte. 
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T h e  M o v e m e n t .  M o d e l :  The movement  model used in the example 
does not have a maneuvering component.  A very simple nmttilevel model 
(e.g. Bar-Shalom and For tmann (1988, p. 125-127), Chen and Liu (2000)) 
can be very useful in cases like this. Figure 3 in the  paper shows that  
the current system has some difficulties tracking the target after a maneu- 
vering at the pathway. It may be partially due to the fact that  the  filter 
':trt~sts" the movement  model  more than the observation model  (due to 
the relatively large observation measurement  error), even at  the t ime the 
movement  model is not  true. With  a multilevel model which assumes sev- 
eral levels of uncertainty in the  movement model, the  filter may be able 
to detect  persistent one-,sided deviations between the est imated states and 
the observations, hence engage a maneuvering mode to increase the uncer- 

taint?, in the movement  model. Then the filter will weight more on the 
observations and allows to track the maneuvering better.  

M o n t s e r r a t  F u e n t e s  

North Carolina State University, USA 

Irwin, Cressie and Johannesson (ICJ) have provided an interesting review of 
several generalizations of the Kahnan-filter algorithm for nonlinear prob- 
lems. ICJ  compare the pel~i'ormance of two recent methods of filtering, 
Unscented Particle filter (UPF)  and Unscented I{atman filter (UKF) to 
the traditional Extended Kahna.n filter (EKF) in a Command and Control 
(C2) setting. This article is Bayesian in the sense that  the main focus is on 

currently upda ted  posterior distributions. 

I certainly agree that  the Bayesian perspective on the Kalman filter is 
the most  natural  wa.y of viewing this sequential estimation procedure that  
predicts the dynamically changing configuration of objects in a C2 setting. 
My specific comments are of two Wpes: First, regarding the movement 
model in the C2 setting presented by the authors, and secondly regard- 
ing the estimation of relevant parameters.  I present here an alternative 
model of the the movement and suggest a different danger potent ia l  In 
the illustration to the C2 sett ing that  ICJ present, the s ta te  parameters 
are fixed and treated as known. I suggest here a procedure to est imate 
parameters  and take into account the  uncertainty about  these parameters 
in the subsequent  prediction. 


