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1.4 Cyclone Tracking and Clustering Methodology

Existing Methods

Various tracking and clustering algorithms have been used to track and cluster cyclone trajectories (Le Treut and Kalnay 1990; Murray and Simmonds 1991; König et al. 1993; Hodges 1994; Blender et al. 1997; Schubert et al. 1998).  The work of Blender et al (1997) is illustrative of conventional techniques. First, a cyclone is identified as a mean sea level pressure (SLP) minimum that reaches some minimum intensity threshold. Second, a nearest-neighbor tracking algorithm (forward in time, with some spatial distance constraints) is used to connect up the minima in successive 6-hourly maps and determine trajectories, selecting only those trajectories that last 3 days, and reach a specified minimum intensity at least once during the life-cycle.  

Blender et al. (1997) have clustered cyclone trajectories by building a fixed-dimensional vector for each cyclone that contains the sequence of relative geographical positions of the SLP minimum over a 3-day interval. This vector defines a single point in a multi-dimensional phase space, that characterizes one entire trajectory. The set of points derived from the set of trajectories generated over multiple winters are then clustered using the K-means algorithm. Blender et al require their cyclone trajectories to be exactly 3 days in length, resulting in 12 (x,y) pairs which are converted to a 24-dimensional vector, one per trajectory. Based on subjective analysis of the data, K=3 clusters are chosen and fit in this 24-dimensional space. Despite the somewhat ad hoc nature of the approach the resulting clusters demonstrate three preferred track types over the North Atlantic from four winters of observed data (Blender et al. 1997), i.e. that cyclones in the North Atlantic clearly cluster into different types of trajectory paths.

Nonetheless there a number of significant limitations to all of these approaches:

· The tracking of cyclones is suboptimal: the nearest-neighbor and distance transform methods are based on heuristics rather than on a systematic methodology for tracking.  Rather than using a forward-only search, a more systematic approach is to use both forward and backward information in time (since the estimation is being performed off-line). Given the noisy and sampled nature of the data, there are likely to be significant gains from explicitly modeling uncertainty (i.e., using a probabilistic representation) in the tracking algorithm.  For example, the probabilistic framework provides an objective and optimal framework for determining the best trajectory to “explain” the observed data, allowing for “off-grid” estimates of the likely ETC path. This eliminates the problem of physically implausible “jagged paths” which result (as in Blender et al (1997)) by constraining the ETC centers to be aligned with grid points.

· Forcing the trajectories into a fixed-dimensional vector representation necessarily throws away information about the inherent smoothness in (x,y) space of the underlying trajectories as well as ignoring the fact that cyclones may have different durations and may evolve at different time-scales. A more natural approach here is to represent and model the cyclone trajectories in (x,y) space directly.

· Additional information such as cyclone-shape, intensity, vorticity, and other attributes cannot easily be accommodated (unless one were to “concatenate” this information as additional 12-dimensional feature vectors to the 24-dimensional x,y information, which again is somewhat unnatural). One would like to be able to systematically model the interdependence of the cyclone's spatio-temporal evolution with the temporal evolution of its features. 

· The choice of K=3 clusters is subjective. From a scientific viewpoint a more objective approach to determining the optimal number of clusters is highly desirable.

We note that work of Hodges (1994, 1998) is somewhat of an exception in terms of prior work on this. For example, he uses the notion of finding the best ETC globally in time (using a relatively objective global distance metric) as well as allowing “off-grid” path interpolation. Our proposed approach can be viewed as generalizing the work of Hodges to provide a more coherent and systematic probabilistic framework for trajectory tracking and modeling, for example, by explicitly allowing model-based clustering of ETC trajectories.

(ANDY:  YOU MAY WANT TO CHECK THIS PARAGRAPH ABOVE AND EDIT FURTHER: ALSO I CHANGED THE FIRST BULLET ITEM ABOVE A BIT, SEE IF “OFF-GRID” TRACKING MAKES SENSE TO YOU: IF NOT, THEN THE REVIEWERS CERTAINLY WON’T GET IT!)

Probabilistic Models

The primary foundation for our proposed approach centers on the use of a coherent probabilistic model for each of the individual problems of modeling, detection and clustering of cyclone dynamics. The primary features of this general probabilistic approach include:

(a) A generative probabilistic model for how the observed data were generated; such a model could shed light on the manner in which cyclones evolve during El Niño versus normal years.

(b) Proper treatment of ambiguity and uncertainty, e.g., the integration of probabilities into the tracking algorithm allows for an optimal estimation scheme for recovering the most likely trajectories given the observed data. In addition, unknown parameters in the dynamic model can be estimated using maximum likelihood or Bayesian techniques given historical data. 

(c) Handling non-homogenous data in a systematic and sound manner. Conventional multivariate modeling techniques (e.g., clustering using the k-means algorithm) are based on the notion of having a fixed-dimensional feature vector of measurements. This fixed dimensional viewpoint is inadequate to handle modeling of  more general dynamic objects such as ETCs. We treat the modeling problem as that of modeling a dynamical system (the ETC) in space and time. This leads to a natural and straightforward framework for handling trajectories of different lengths and incorporation of additional features (shape, intensity, etc) into the model.

(d) An objective framework based on cross-validation for determining the most likely number of clusters given the data (e.g., see Smyth, Ide and Ghil (1999) for a recent application in atmospheric science, and Smyth (in press) for a more general discussion). 

[[PADHRAIC:  WHAT ABOUT IDENTIFICATION OF THE CYCLONE CENTERS AND CONSTRUCTION OF TRAJECTORIES?  E.G., THE REGRESSION MODEL ALREADY ASSUMES WE HAVE A SET OF POINTS.  IT’S NOT CLEAR IN THE FOLLOWING HOW WE COMBINE THE TASK OF IDENTIFYING THE CYCLONES WITH THE TASK OF FITTING THE LARGE SET OF OBSERVED TRAJECTORIES TO A MODEL.  THE REGRESSION MODEL IS ONE SUCH MODEL, THE AR(2) MODEL IS ANOTHER ONE.  PLEASE CLARIFY THE STEP OF GOING FROM SLP MAPS TO TRAJECTORIES, AND HOW WE’LL IMPROVE ON BLENDER!]] 

I THINK THIS IS TAKEN CARE OF NOW: I PRETTY MUCH REWROTE ALL OF THE SECTIONS ON TRACKING AND CLUSTERING: PLEASE LET ME KNOW IF IT IS STILL NOT CLEAR (THE FIRST VERSION CERTAINLY WAS NOT)

Probabilistic Tracking using Spatial Autoregressive Models

The class of non-stationary autoregressive processes, e.g., the AR(1) process of (xt, yt) = f(xt-1, yt-1 ,t) + e , provides a general starting framework for modeling ETC dynamics.).  Let S be a general state-space vector, a relatively low-dimensional parameterization of some combination of position, orientation, scale, and shape of the cyclone. For example, the ellipsoidal nature of cyclone intensity minima suggests a relatively simple parameterization of local shape (PLEASE CHECK WORDING OF THIS). The more flexible AR(2) process explicitly incorporates velocity as well as position in state-space, providing a somewhat more realistic dynamics. There is a relatively simple reparametrization of the original state vector S as an augmented state-vector which allows one to model the process as first-order Markov in the augmented space. Note that for the purposes of tracking and clustering, the model equations need to be realistic enough to capture the basic characteristics of ETC evolution, but need not necessarily detailed enough for fine-scale prediction, i.e., we are seeking a relatively parsimonious yet physically plausible characterization of dynamics. (SOME WORDS HERE FROM MICHAEL ON WHY AR-STYLE DYNAMICS MAY BE REASONABLE? WHAT I AM TRYING TO SAY HERE IS THAT I DOUBT IF THERE MAY BE VERY MUCH TO BE GAINED BY GOING TO MORE COMPLEX MODELS SINCE WE WILL HAVE TO FIT THE PARAMETERS OF THESE MODELS TO A RELATIVELY MODEST AMOUNT OF DATA – FEEL FREE TO INCLUDE THESE WORDS IN SOME WAY).

An important point is that the state vector S is not observed directly, i.e., we only have noisy SLP measurements at specific grid-points. From these observations we must infer the hidden state information (i.e., position of the actual ETC minimum, velocity, shape, etc). A standard assumption in this framework is to assume that the observations are contaminated by additive noise, and that they are conditionally independent of each other given the state vector.  In terms of this generative Gauss-Markov model, the online tracking problem amounts to obtaining the best estimate of St given the history of observed measurements up to time t. The solution is provided by the well-known Kalman filter equations which allow for efficient recursive assimilation of both (1) expected dynamics (via the AR model) and (2) observed measurements (via the noisy measurement model) to arrive at a maximum a posteriori estimate of the state at time t.  

For offline data analysis purposes, since one has access to the entire time-sequence of measurements, there is no need to operate in a forward-only mode of estimation (indeed it is suboptimal to do so) (I NEED TO CHECK THIS: IT IS SUBOPTIMAL FOR DISCRETE-VALUED STATE MODELS, MAY NOT BE THE CASE FOR REAL-VALUED HIDDEN STATES). One can state the ETC tracking problem as that of finding the most likely complete sequence of state vectors, given a set of SLP observations and given the model, i.e., the maximum a posteriori (MAP) estimate of the state sequence. Because of the Markov nature of the model, this MAP estimate can be computed in time linear in T, where T is the length (in time-steps) of the observation sequence (see Smyth, Heckerman, and Jordan (1997) and Smyth (1997) for a general discussion of computational issues involving models of this nature).  Thus, given a probabilistic model the problem of ETC tracking can be addressed in an objective and systematic manner.  

Furthermore, given this probabilistic model structure, one can extend the analysis to allow estimation of all parameters of the model from observational data. This can be achieved by an application of the Expectation-Maximization (EM) algorithm to parameter estimation for dynamical systems (e.g., North and Blake 1998). The EM algorithm is used to obtain maximum-likelihood (or MAP) parameter estimates in estimation problems with missing data (Dempster, Laird and Rubin (1977)). For the ETC problem, the state vectors are in a sense “missing” since they cannot be directly observed, which necessitates the use of EM in this context. The algorithm iterates between probabilistic estimates of the state sequence given current parameter estimates (the E-step), then generates estimates of the parameters given the probability distribution over states (the M-step), and so forth in an iterative manner. The algorithm is guaranteed to attain at least a global maximum of the likelihood function. Note that we can augment the usual maximum likelihood parameter estimation framework by a Bayesian EM algorithm that uses a prior on parameters. For ETC tracking we can generate useful priors from physical constraints on expected velocity, size, etc. Note that this Bayesian approach allows a graceful and mathematically consistent mechanism for introducing prior constraints into the tracking problem (compared to prior work on ETC tracking which used “hard” constraints in a relatively ad hoc manner).

The general AR approach to tracking assumes that only a single ETC is present at any time, that the starting and ending points are known, and that the observational data for the ETC does not extend beyond the spatial extent of the physical SLP grid during the evolution of the storm. In practice, each of these conditions are likely to be violated, and in principle all can be handled in a probabilistic manner. A direct probabilistic treatment of the multiple cyclones (simultaneously) and unknown starting and ending points would likely lead to a combinatorial explosion in the number of potential hypotheses (cyclones) being tracked. A more practical route is to only consider hypotheses of relatively high likelihood and prune the search space in this manner. ETCs that “wander” in and out of the grid, or that enter or exit in “mid-stream” can also be handled appropriately via the  treatment of the unobserved data as missing (and hence to be treated probabilistically in estimation and tracking).

Clustering using Mixtures of Dynamic Models

Given that we can obtain a set of ETC trajectories using the probabilistic tracking methods of the previous section, the next question to address is the clustering of these trajectories. The use of probabilistic model-based clustering using finite mixture models is a well-established technique for clustering vector data in a probabilistic framework (see Titterington, Smith and Makov (1985) and Banfield and Raftery (1993)).  The probabilistic mixture model framework provides a relatively objective framework for clustering problems. For example, it allows one to objectively determine number of cluster components that best explain the data. The model that assigns the highest probability to out-of-sample data points can be shown (from a Bayesian standpoint) to be the best model within the class of models considered. Smyth, Ide, and Ghil (1999) describe a recent application of this approach using mixtures of Gaussians to clustering of Northern hemisphere geopotential height fields, and Smyth (in press) provides a more detailed description of the methodology.

 However, as argued earlier, mixtures of multivariate (vector) data are inappropriate for clustering dynamic objects such as ETCs, since “vectorization” necessarily loses this inherent information.  Gaffney and Smyth (1999) recently developed a general framework for probabilistic model-based clustering of dynamic objects which avoids any ad hoc “vectorization” steps by modeling the sequence information directly. The key idea is again based on a mixture model, here a mixture of dynamic models. Specifically, Gaffney and Smyth (1999) developed a general EM framework based on mixtures of regression models and maximum-likelihood principles. A set of trajectories is modeled as individual sequences of points being generated from a finite mixture model consisting of K regression model components, i.e., (xt, yt) = fk(t) + et, where et is random additive noise and fk is the kth deterministic regression function, k = 1,…K. No parametric assumption is needed about the functional form of the trajectories; the shapes are “learnt” from the data itself.  The expectation-maximization (EM) algorithm is again used to cope with the hidden-data problem which arises in this case because the cluster memberships for each trajectory are unknown. 

Figure 4 shows an example of the method applied to synthetic-data trajectories constructed from second-order polynomials perturbed by noise. The upper-left panel shows a subset of the synthetic trajectories. The lower-right panel shows the final cluster locations (solid), as well as the locations of the true data-generating trajectories (dotted). Gaffney and Smyth (1999) have also shown the method to work on real two-dimensional data of tracking a person's hand in a sequence of video images. The algorithm was accurately able to recover five basic hand movements form the video data given no prior knowledge that five different types of hand movements were present. In addition, the empirical results demonstrated the superiority of the mixtures of regressions in terms of predictive power, when compared to vectorization followed by either a straightforward K-means clustering, as used by K. Fraedrich and colleagues (Blender et al. 1997; Schubert et al. 1998) or clustering using Gaussian mixture models.


In theory the mixtures of regression models can be extended straightforwardly to mixtures of dynamical (linear) systems, such as mixtures of the AR(2) processes discussed earlier (e.g., Ghahramani and Roweis, 1998). However, these generalizations have only been tested on relatively small toy problems and it is not yet known how reliable they may be when applied to noisy real-world data such as ETC trajectories. There are other interesting questions that arise in a clustering context. For example, which variables should be included in the clustering? Will inclusion of shape, vorticity, etc, yield different clustering results? Furthermore it is intriguing to speculate that the optimal approach is to combine tracking and clustering within a single probabilistic framework, rather than as two separate steps. Our initial analysis indicates that this may be quite non-trivial, but nonetheless will be considered if possible (PERHAPS THIS SHOULD BE IN PROPOSED WORK?). Again, an important feature of the probabilistic approach is that all of these different approaches can be systematically compared using out-of-sample probabilistic predictions, e.g., cross-validation across sets of trajectories or time-periods, or simple one-step ahead trajectory prediction.

   .

1. Proposed Work

2.1 Hypotheses


Our main hypothesis is that the evolutionary information of storm life cycles can be used to gain a more precise understanding of North American regional climate anomalies associated with ENSO, in terms of their seasonal means as well as daily distributions and extremes. For instance, how do changes in tropical heating influence cyclogenesis, how do SST anomalies influence a storm's rate of development and trajectory? We also hypothesize that the distribution of cyclone tracks and attributes is fundamentally multimodal, and that the underlying regimes can be identified by clustering cyclone-track trajectories, leading to a better description of the atmosphere’s intrinsic circulation regimes.

2.2 Tasks

Year 1

· Obtain and preprocess data: Storms will be tracked in time from 6-hourly data using the spatial location of the low-pressure center.  We shall focus on the extended boreal winter season from November to April, during which time the influence of El Nino is strongest, and extratropical cyclones are most active.  The NCEP/NCAR Reanalysis dataset (1958-present) will be our primary source of data.  It is given on a 2.5-degree latitude-longitude grid.  Comparisons can be made with the ECMWF Reanalysis dataset which has a higher 1-degree resolution.  Simulations made by general circulation models (GCMs) will be used to develop the tracking algorithms.  These simulated storm trajectories are likely to be smoother than those in reanalyzed datasets which receive a “shock” every 6 hours when new observations are assimilated, making them inherently noisy on short timescales (K. Hodges, Pers. Comm.).  In order to separate cyclone-scale variability from the planetary scales, the latter can be removed in the spectral domain by zeroing the spherical harmonics with total wavenumber less than or equal to 4 or 5.  An additional spectral smoothing (Hoskins 19xx) can also be introduced at this time.  By removing a measure of the mean field, anticyclonic centers can also be tracked.
Besides SLP, we will explore the use of other variables for identifying cyclone position, such as vorticity or potential vorticity (PV).  For example, upper tropospheric vorticity can identify a cyclone well before it comes visible at the surface (K. Hodges, pers. comm.).  Different types of cyclones may be identified may be better identified by one variable than another.  For example, cyclonic development has been classified into two distinct types according to the evolution of the PV field (Simmons and Hoskins 1979, Throncroft et al.).  We will explore these issues in the context of the ENSO teleconnections.
· Construct trajectories using Blender’s method: As a benchmark, we will construct trajectories using the technique of Blender et al. (1997) over the North Pacific-North American sector for selected winters. This method should be relatively straightforward to implement has shown good agreement with subjective analysis (Schubert et al. 1998). 

· Cluster trajectories using K-means: A benchmark clustering of fixed-length trajectories, following Blender et al.

· Cluster using regression mixture models: Here we will apply the finite mixture model of regression components, developed by Gaffney and Smyth (1999), and compare with the K-means results.  We will test the sensitivity of the results to the length of the time series (up to 50+ winters: 1948/9–present) and to the sampling rate (6-hourly, 12-hourly, or daily).  To validate our models we will calculate predictive accuracy (e.g., log probability scores) on out-of-sample data and/or using cross-validation (e.g. Smyth, Ide, Ghil 1999) The method allows one to objectively test whether a more complex model outperforms a simpler one.

Year 2

· Refine trajectory identification:  Revisit and improve the trajectory identification algorithms by developing and testing pre-specified AR models (no parameter estimation) for tracking ETCs. Compare the detected ETCs for any systematic differences with the Blender and Hodges methodologies. The main hypothesis to be tested here is whether or not the probabilistic approach provides better detection of the shorter and more noisy ETC paths (and thus, increases the overall number of detected ETCs as well as the quality of their estimated trajectories). This hypothesis can be quantified by out-of-sample prediction performance of the different algorithms. (THIS COMPARISON WOULD ACTUALLY BE QUITE TRICKY TO DO FAIRLY, BUT I FELT ITS IMPORTANT TO SAY THAT WE WILL TRY TO QUANTIFY DIFFERENCES).
· Incorporate feature vectors into both tracking and clustering: systematically investigate probabilistic models which incorporate features such as intensity, shape, vorticity into the tracking and clustering algorithms. Systematically test whether inclusion of shape (for example) makes the tracking algorithm more robust under noisy conditions. Also investigate the effect of different probabilistic dependence models, e.g., whether the features have Markov dependence, or are conditionally independent of past values given other state variables. Test these hypotheses using the cross-validation methodology.
· Analyze cyclones during ENSO events: We will compute cyclone trajectory statistics as well as conventional eulerian eddy statistics and stratify them according to the distribution of tropical heating anomalies on both interannual and intraseasonal timescales. Mo and Higgins (1998) have documented a relationship between tropical convection and precipitation regimes in the western United States on intraseasonal timescales.  We will consider the baroclinic wave life cycle—cyclogenesis, growth, and decay—in terms of the amplitudes and rates of change, and examine the 3-dimensional structure and diabatic processes.  We will initially test whether, indeed, storm evolution is objectively different during El-Nino years from those in La-Nina and neutral years.  If so, we will characterize mid-latitude anomalies in El Nino vs. La Nina years in terms of the differences so detected. 

Year 3 

· Estimation of autoregressive models for tracking:  Extend the hand-crafted models from Year 2  to incorporate a learning algorithm to integrate both the Kalman filtering and parameter estimation within a single framework. We will use the EM algorithm framework of Blake and North (1998) as the basis for our approach here, extended to allow for Bayesian estimation. Evaluate the quality of the tracks compared to the hand-crafted AR model and compared to Blender et al and Hodges approaches.

· Merge trajectory identification, modeling and clustering steps: . We will attempt to integrate the tracking, estimation, and clustering into a single unified algorithm for an optimal solution.  We will develop a scalable version of the overall algorithm to ensure that massive data sets which are too large to fit in main memory can be handled in as computationally efficient a manner as possible. (I THINK THIS IS AMBITIOUS (I.E., THERE IS A LOT TO DO IN YEAR 3 HERE!) SO WE COULD LEAVE IT OUT – OR PERHAPS INCLUDE IT AS A MORE “SPECULATIVE” BULLET? THE SECOND SENTENCE HERE CAME FROM MY LLNL PROPOSAL AND MAY NOT BE SO RELEVANT HERE)

· Construct tracks and clusters for MRF model:  We will investigate the predictability of storm trajectories in medium-range weather forecasts from the operational NCEP prediction model. Seventeen-member ensembles of 0-14-day forecasts are being archived for the period 1996-present at Scripps as part of the California Applications Project (M. Dettinger, pers. commun.) and will be available to us. The large size of the ensembles is ideal for trajectory predictability studies encompassing both a strong El Nino and strong La Nina winter.

· Merge cyclone-track regimes with LFV regimes:  We will make a straightforward application of the method of Gaussian mixtures (Smyth et al. 1999) to daily planetary-scale SLP fields, isolated using their leading empirical orthogonal functions. This method represents the PDF as a mixture of overlapping Gaussian bumps, and uses the maximum-likelihood principle to estimate their parameters; cross-validation is then applied to provide an objective answer to the question of how many clusters underlie the data.
Once we have compared the trajectory clusters with the clusters derived from the mixture model of the planetary-scale circulation patterns, we will examine what can be done to merge the two methodologies, so that regimes can be identified using information from both the planetary-scale flow configuration and ETC trajectories. 
Gaffney and Smyth (1999) suggest that shorter time series will be adequate for reliable identification of clusters of trajectories, as compared to planetary-scale flow regimes, which require several decades of data to be estimated reliably (Smyth et al. 1999). A rough lower limit would be 3–4 trajectories per cluster, provided cluster-overlap is not too severe; this would correspond conservatively to less than 10 winters. The difference in data requirements stems from the additional temporal-sequence information that is inherent in a trajectory. The best number of trajectory clusters will be determined objectively using cross-validation.

2.  Relevance to CLIVAR and Linkages

Contribution to understanding predictability

Benefits to scientific community and general public

Expected products of the project will be a classification of storm tracks over the Pacific-North American sector, and of their impacts on regional weather over the Western U.S.  
Relationship to NOAA or other climatic assessments

The proposed work will complement a storm-trajectory study being undertaken as a diagnostic subproject of the AMIP atmospheric GCM intercomparison. This is a rapidly developing area of study and our algorithms and results are likely to be quite different those used and obtained by AMIP. 

[[PADHRAIC:  PLEASE ADD LINKAGES TO YOUR PROJECTS]]

[OK: I INCLUDED RELATIVELY LITTLE HERE SINCE I NOTED THAT THE HEADING INDICATES THAT WORK IS SUPPOSED TO BE RELATED TO NOAA OR OTHER CLIMATE WORK]

This work will also complement the ongoing basic research of PJS funded by an NSF CAREER award for development of probabilistic clustering techniques for large-scale scientific, engineering, and medical data sets. This NSF grant supports the systematic development of the underlying theory and algorithms for EM-based clustering of dynamical systems, including the derivation of the relevant EM estimation framework, implementation and testing of the methodology on both simulated and other real-world data sets involving temporal dynamics (e.g., in tracking human movements in computer vision, and clustering of gene expression data), and extension of the existing cross-validated likelihood framework (Smyth, in press) to handle spatio-temporal data analysis.

[I CAN ADD MORE HERE IF NECESSARY, NOT EXACTLY SURE WHAT IS NEEDED]

3. Personnel, Readiness and Workplan

Personnel: We propose a 3-year project and request funding for one graduate student, for the PI (AWR) at 3 months/year, and PJS at 1 month/year. MG will participate at no cost. The graduate student will be based at UCLA and will work primarily under the hands-on guidance of AWR on the meteorological aspects and PJS on the algorithm development.  The PI (AWR) will perform some of the ENSO-related tasks, while PJS will actively participate in the modeling work.  MG will …

Readiness: The basic computer algorithms for the regression mixture model have already been coded by P. Smyth and his collaborators.  An initial implementation of Blender’s algorithm has also been completed.  Several different algorithms for constructing weather regimes have been developed or implemented by the co-Pis and are available for use.

Workplan:. The estimated completion date is 36 months after start of funding, with the distribution of tasks given above.

4. Facilities

A small computer workstation is requested to carry out the proposed analyses.  [[PADHRAIC:  WHAT DO YOU THINK WOULD BE NEEDED?  I THINK IT’S REASONABLE TO REQUEST SOMETHING FOR A 3-YR PROJECT.  SUN ULTRA OR LINUX PC?  HAVE YOU AN IDEA OF THE COST?  I THINK SUN IS MUCH PREFERRED BY UCLA.]]

I RECOMMEND THAT YOU GET WHATEVER YOUR SYSTEMS SUPPORT FOLKS ARE HAPPY TO SUPPORT (RATHER THAN SOMETHING STRANGE). A NEW SUN SHOULD BE FINE: MAKE SURE IT HAS PLENTY OF RAM MEMORY (E.G., 512 Mb or even 1 Gbyte of RAM) AND PLENTY OF DISK. I WOULD IMAGINE THAT 5K WOULD BE PLENTY BUT I HAVE NOT BOUGHT ONE RECENTLY. UCLA SHOULD HAVE AN ACADEMIC DISCOUNT, IF YOU HAVE TROUBLE FINDING A PRICE LET ME KNOW AND I’LL TRY TO GET SOMEONE HERE TO PRICE ONE OUT. MY STUDENTS GENERALLY USE PCS NOW, BUT SINCE EVERYTHING IS CODED IN MATLAB OR C (OR C++) IT IS RELATIVELY PORTABLE.
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