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### R code for working on the Forest 2006 data and generating climate sensitivity PDFs etc, and example results

# The code has been run and tested on a Windows 7 64-bit system with 8Gb memory.

# Acronyms used: F06 = Forest et al. 2006; CSF05 or Curry = Curry, Sanso and Forest 2005; SFZ08 or Sanso = Sanso, Forest and Zantedeschi 2008

#####################################################

### Set up the R workspace and load the required data

#####################################################

### Open a clean R workspace. 

### Manually install (from a CRAN mirror site) and load the following required R packages: ncdf, lattice, Rcolorbrewer, akima and fields

### Create & set working directory to desired path (sub-directories 'data', in which all data is stored, 'plots' in which plots are saved and 'code', in which code can be saved, are also created). A different path can be used.
# Example path - alter as necessary to suit the system disk and directory structure

path="C:/R/Forest06/fin" 
dir.create(path)

setwd(path) 
getwd()
dir.create(paste(path, "/data", sep=""))
dir.create(paste(path, "/data/orig", sep=""))

dir.create(paste(path, "/plots", sep=""))

dir.create(paste(path, "/code", sep=""))
dir.create(paste(path, "/GRL06_reproduce", sep=""))

dir.create(paste(path, "/GRL06_reproduce/data", sep=""))

##########################################################################################################
### Download the following archive files and extract the stated data files to the indicated sub-directory:

##########################################################################################################
## Download the archive file 'brunodata_May23.zip' 

# extract the only file the zip archive contains, brunodata_May23.tgz, to the path/data/orig directory
# brunodata_May23.tgz contains data used in Sanso, Forest and Zantedeschi (2008) 'Inferring Climate System Properties Using a Computer Model' (SFZ08), supplied by Chris Forest to Bruno Sanso (kindly provided by Sanso). This data has been confirmed by Chris Forest to be the same as that actually used in F06. There are two sets of surface data, identical apart from the surface diagnostic control data matrix, the one derived from the HadCM2 model (subsequently extracted and stored as sfc.ctl.sH) being used, as if F06. There was no deep ocean data in the brunodata_May23.tgz archive.
## download the GRL06_reproduce4.zip archive file

# This file contain five files made into a zip file after extracting them from the data directory of GRL06_reproduce.tgz, a 2 GB archive file at http://svante.mit.edu/research/IGSM/data/IGSM_1/GRL06_reproduce.tgz

# extract the Levitus 2005 pentadal 0-3000m heat content data file, the HadCRUT observational and the HadCM2 control run decadal mean surface temperature data file and the ct2.vl4 upper air raw control data file from the GRL06_reproduce4.zip archive into the path/GRL06_reproduce/data directory

# hc5yr-w0-3000m.dat
# obs_dec_9_1896-9_1996.nc
# hadcm2.nc

# gfdl.ctrl.r30.1000.dat
# ct2.vl4
## Download the Lewis2013data.zip archive file 

#extract the following files from Lewis2013data.zip to the path/data/orig directory:
# HadCM3_vol_mean_0-3039m.txt
# hadcrut4_median.nc
# F06_08.pdf.S.Rd
#These files contain HadCM3 6100 year control run deep ocean temperature data (HadCM3_vol_mean_0-3039m.txt); HadCRUT4 surface gridded monthly temperature observational data (hadcrut4_median.nc, downloaded 16 April 2012); digitised data from main results climate sensitivity PDFs per figures in F06 and F08 (F06_08.pdf.S.Rd). 
# extract the following files from the Lewis2013data.zip into the path/GRL06_reproduce/data directory. 
# dto.gsovsv.datGSOVSV 

# mit.mdl.txt 

#the dto.gsovsv.datGSOVSV file is MIT model 0-3000m deep ocean temperature data The file is produced by the following line in pro dto when running the GRL06_reproduce IDL code: # openw,1,'~/GRL06_reproduce/processed_gsovsv/dto.gsovsv.dat'+runlist

# the mit.mdl.txt file is generated from running a modified version of the IDL code in the GRL06_reproduce.tgz archive that generates a text file containing y/e 31Aug1861 to y/e 31Aug2001 annual mean 4 degree latitude band surface temperature MIT model data. 

# The very large HadCM2 surface and upper air annual mean control data (sfc999, sfc1, sfc691 and ua.900) is in a separate archive file HadCM2.zip and is not essential. 
# If wished, download the HadCM2.zip file and extract the following files to the path/data/orig directory:

# sfc999
# sfc1

# sfc691

# ua.900

## Ignore the lines, which are for information only

#Portion of mit2d_diag.pro code:


#; corrected to GSOVSV time period 1995 = yr 134


#t_mit = findgen(135)+1861. ; 1-SEP-1860 to 31-AUG-1995 - per C E Forest email model y/e was 30 Nov not 31 Aug
#Sample journal output when IDL code is running:

#;MIT run, rrr, yy:101.03 101 03


#;running ~/GRL06_reproduce/antsrfzonall


#;anexp, year1, year2, nyt, dty, jm      101.030


#;        1861        2001         141


#;      1.00000


#;          46

########################################################

### Code functions used to perform the main computations

########################################################

### Input all the below code functions, by copying and pasting all the code to the R console
### Utility functions - purpose as described in first line of each
ssq = function(x, na.rm=FALSE) sum(x*x, na.rm=na.rm)# computes sum of squares, ignoring NA values if na.rm=TRUE
repmat= function(X,m,n=1){


  

# tiles matrix X, m rowwise by n columnwise times, as in Matlab, treating a vector as a 1 row (not 1 column) matrix
  if( is.vector(X) ) { X= matrix(X, nrow=1) }


mx = dim(X)[1]

  nx = dim(X)[2]

  matrix(t(matrix(X,mx,nx*n)),mx*m,nx*n,byrow=TRUE)

}

resetPar= function() {





# resets graphical parameters to default values
    dev.new()
    op= par(no.readonly = TRUE)
    dev.off()
    op
}

position= function(x, dims=c(101,81,41)) {

# expresses a linear position x as the dimensioned position in an array of dimension dims


test= array(0, dim=dims)


test[x]= 1


posn=vector()


for ( i in 1:length(dims) ) {
posn[i]= which( apply(test, i, sum)==1 ) }


posn

}

positions= function(x, dims=c(101,81,41)) {

# expresses a vector x of linear positions as the dimensioned positions in an array of dimension dims


n= length(x)


posn=matrix(nrow=n, ncol=3)


posn[,3]= 1 + (x-1) %/% (dims[1] * dims[2])


x= (x-1)  %% (dims[1] * dims[2])


posn[,2]= 1 + x %/% dims[1]


posn[,1]= 1 + x %% dims[1]


posn

}

vecPos= function(x, y, z, dims=c(101,81,41)) {

# expresses a 3D coordinate position x, y, z in an array of dimension dims as a vectorised position 

x + (y-1) * dims[1] + (z-1) * dims[1] * dims[2]

}

deltaCoords= function(coords) {



# gives coordinates of adjacent points to a given point's coordinates with one at a time changed, first +, then -


m= length(coords)


deltaCoords= matrix(coords, nrow=2*m, ncol=m, byrow=TRUE)


delta= diag(m)


delta= rbind(delta, -delta)


deltaCoords + delta

}

save(ssq, repmat, resetPar, position, positions, vecPos, deltaCoords, file='code/utilities.Rd')
# Function to compute 5%, 25%, 50%, 75% and 95% CDF points for a matrix whose columns are PDFs, and to add box plots showing these CDF points to the current graph
plotBoxCIs= function(pdfsToPlot, divs, lower, upper, boxsize=0.75, col, yOffset=0.05, spacing=0.75, lwd=3, whisklty=1, plot=TRUE, points=c(0.05,0.25,0.5,0.75,0.95)) {


range= upper - lower 


cases= ncol(pdfsToPlot)


boxsize= boxsize 


box=boxplot.stats(runif(100,0,1)) 


stats=matrix(NA,cases,5); 

if( identical(points, c(0.05,0.25,0.5,0.75,0.95)) ) { colnames(stats)= c('5%', '25%',' 50%', '75%', '95%') } else { colnames(stats)= as.character(points) }

for (j in 1:cases) {



z= cumsum(pdfsToPlot[,j])



stats[j,1]= which(z > points[1]/divs)[1]*divs + lower - divs



stats[j,2]= which(z > points[2]/divs)[1]*divs + lower - divs



stats[j,3]= which(z > points[3]/divs)[1]*divs + lower - divs



stats[j,4]= which(z > points[4]/divs)[1]*divs + lower - divs



stats[j,5]= which(z > points[5]/divs)[1]*divs + lower - divs



box$stats=matrix(stats[j,], nrow=5)



if( plot==TRUE) { bxp(box, width = NULL, varwidth = FALSE, notch = FALSE, outline = FALSE, names="", plot = TRUE, border = col[j], col = NULL, pars = list(xaxs='i', boxlty=1, boxwex=boxsize, lwd=lwd, staplewex=0.5, outwex=0.5, whisklty=whisklty[j], medlwd=lwd), horizontal= TRUE, add= TRUE, at=boxsize*yOffset+j*boxsize*spacing, axes=FALSE) }

}


stats

}

# function replacing the internal R legend function, which does not implement control over the title font size
legend= function (x, y = NULL, legend, fill = NULL, col = par("col"), 

    border = "black", lty, lwd, pch, angle = 45, density = NULL, 

    bty = "o", bg = par("bg"), box.lwd = par("lwd"), box.lty = par("lty"), 

    box.col = par("fg"), pt.bg = NA, cex = 1, pt.cex = cex, pt.lwd = lwd, 

    xjust = 0, yjust = 1, x.intersp = 1, y.intersp = 1, adj = c(0, 

        0.5), text.width = NULL, text.col = par("col"), merge = do.lines && 

        has.pch, trace = FALSE, plot = TRUE, ncol = 1, horiz = FALSE, 

    title = NULL, inset = 0, xpd, title.col = text.col, title.adj = 0.5, title.cex=cex,

    seg.len = 2) 

{

    if (missing(legend) && !missing(y) && (is.character(y) || 

        is.expression(y))) {

        legend <- y

        y <- NULL

    }

    mfill <- !missing(fill) || !missing(density)

    if (!missing(xpd)) {

        op <- par("xpd")

        on.exit(par(xpd = op))

        par(xpd = xpd)

    }

    title <- as.graphicsAnnot(title)

    if (length(title) > 1) 

        stop("invalid title")

    legend <- as.graphicsAnnot(legend)

    n.leg <- if (is.call(legend)) 

        1

    else length(legend)

    if (n.leg == 0) 

        stop("'legend' is of length 0")

    auto <- if (is.character(x)) 

        match.arg(x, c("bottomright", "bottom", "bottomleft", 

            "left", "topleft", "top", "topright", "right", "center"))

    else NA

    if (is.na(auto)) {

        xy <- xy.coords(x, y)

        x <- xy$x

        y <- xy$y

        nx <- length(x)

        if (nx < 1 || nx > 2) 

            stop("invalid coordinate lengths")

    }

    else nx <- 0

    xlog <- par("xlog")

    ylog <- par("ylog")

    rect2 <- function(left, top, dx, dy, density = NULL, angle, 

        ...) {

        r <- left + dx

        if (xlog) {

            left <- 10^left

            r <- 10^r

        }

        b <- top - dy

        if (ylog) {

            top <- 10^top

            b <- 10^b

        }

        rect(left, top, r, b, angle = angle, density = density, 

            ...)

    }

    segments2 <- function(x1, y1, dx, dy, ...) {

        x2 <- x1 + dx

        if (xlog) {

            x1 <- 10^x1

            x2 <- 10^x2

        }

        y2 <- y1 + dy

        if (ylog) {

            y1 <- 10^y1

            y2 <- 10^y2

        }

        segments(x1, y1, x2, y2, ...)

    }

    points2 <- function(x, y, ...) {

        if (xlog) 

            x <- 10^x

        if (ylog) 

            y <- 10^y

        points(x, y, ...)

    }

    text2 <- function(x, y, ...) {

        if (xlog) 

            x <- 10^x

        if (ylog) 

            y <- 10^y

        text(x, y, ...)

    }

    if (trace) 

        catn <- function(...) do.call("cat", c(lapply(list(...), 

            formatC), list("\n")))

    cin <- par("cin")

    Cex <- cex * par("cex")

    if (is.null(text.width)) 

        text.width <- max(abs(strwidth(legend, units = "user", 

            cex = cex)))

    else if (!is.numeric(text.width) || text.width < 0) 

        stop("'text.width' must be numeric, >= 0")

    xc <- Cex * xinch(cin[1L], warn.log = FALSE)

    yc <- Cex * yinch(cin[2L], warn.log = FALSE)

    if (xc < 0) 

        text.width <- -text.width

    xchar <- xc

    xextra <- 0

    yextra <- yc * (y.intersp - 1)

    ymax <- yc * max(1, strheight(legend, units = "user", cex = cex)/yc)

    ychar <- yextra + ymax

    if (trace) 

        catn("  xchar=", xchar, "; (yextra,ychar)=", c(yextra, 

            ychar))

    if (mfill) {

        xbox <- xc * 0.8

        ybox <- yc * 0.5

        dx.fill <- xbox

    }

    do.lines <- (!missing(lty) && (is.character(lty) || any(lty > 

        0))) || !missing(lwd)

    n.legpercol <- if (horiz) {

        if (ncol != 1) 

            warning("horizontal specification overrides: Number of columns := ", 

                n.leg)

        ncol <- n.leg

        1

    }

    else ceiling(n.leg/ncol)

    has.pch <- !missing(pch) && length(pch) > 0

    if (do.lines) {

        x.off <- if (merge) 

            -0.7

        else 0

    }

    else if (merge) 

        warning("'merge = TRUE' has no effect when no line segments are drawn")

    if (has.pch) {

        if (is.character(pch) && !is.na(pch[1L]) && nchar(pch[1L], 

            type = "c") > 1) {

            if (length(pch) > 1) 

                warning("not using pch[2..] since pch[1L] has multiple chars")

            np <- nchar(pch[1L], type = "c")

            pch <- substr(rep.int(pch[1L], np), 1L:np, 1L:np)

        }

    }

    if (is.na(auto)) {

        if (xlog) 

            x <- log10(x)

        if (ylog) 

            y <- log10(y)

    }

    if (nx == 2) {

        x <- sort(x)

        y <- sort(y)

        left <- x[1L]

        top <- y[2L]

        w <- diff(x)

        h <- diff(y)

        w0 <- w/ncol

        x <- mean(x)

        y <- mean(y)

        if (missing(xjust)) 

            xjust <- 0.5

        if (missing(yjust)) 

            yjust <- 0.5

    }

    else {

        h <- (n.legpercol + (!is.null(title))) * ychar + yc

        w0 <- text.width + (x.intersp + 1) * xchar

        if (mfill) 

            w0 <- w0 + dx.fill

        if (do.lines) 

            w0 <- w0 + (seg.len + x.off) * xchar

        w <- ncol * w0 + 0.5 * xchar

        if (!is.null(title) && (abs(tw <- strwidth(title, units = "user", 

            cex = cex) + 0.5 * xchar)) > abs(w)) {

            xextra <- (tw - w)/2

            w <- tw

        }

        if (is.na(auto)) {

            left <- x - xjust * w

            top <- y + (1 - yjust) * h

        }

        else {

            usr <- par("usr")

            inset <- rep(inset, length.out = 2)

            insetx <- inset[1L] * (usr[2L] - usr[1L])

            left <- switch(auto, bottomright = , topright = , 

                right = usr[2L] - w - insetx, bottomleft = , 

                left = , topleft = usr[1L] + insetx, bottom = , 

                top = , center = (usr[1L] + usr[2L] - w)/2)

            insety <- inset[2L] * (usr[4L] - usr[3L])

            top <- switch(auto, bottomright = , bottom = , bottomleft = usr[3L] + 

                h + insety, topleft = , top = , topright = usr[4L] - 

                insety, left = , right = , center = (usr[3L] + 

                usr[4L] + h)/2)

        }

    }

    if (plot && bty != "n") {

        if (trace) 

            catn("  rect2(", left, ",", top, ", w=", w, ", h=", 

                h, ", ...)", sep = "")

        rect2(left, top, dx = w, dy = h, col = bg, density = NULL, 

            lwd = box.lwd, lty = box.lty, border = box.col)

    }

    xt <- left + xchar + xextra + (w0 * rep.int(0:(ncol - 1), 

        rep.int(n.legpercol, ncol)))[1L:n.leg]

    yt <- top - 0.5 * yextra - ymax - (rep.int(1L:n.legpercol, 

        ncol)[1L:n.leg] - 1 + (!is.null(title))) * ychar

    if (mfill) {

        if (plot) {

            fill <- rep(fill, length.out = n.leg)

            rect2(left = xt, top = yt + ybox/2, dx = xbox, dy = ybox, 

                col = fill, density = density, angle = angle, 

                border = border)

        }

        xt <- xt + dx.fill

    }

    if (plot && (has.pch || do.lines)) 

        col <- rep(col, length.out = n.leg)

    if (missing(lwd)) 

        lwd <- par("lwd")

    if (do.lines) {

        if (missing(lty)) 

            lty <- 1

        lty <- rep(lty, length.out = n.leg)

        lwd <- rep(lwd, length.out = n.leg)

        ok.l <- !is.na(lty) & (is.character(lty) | lty > 0)

        if (trace) 

            catn("  segments2(", xt[ok.l] + x.off * xchar, ",", 

                yt[ok.l], ", dx=", seg.len * xchar, ", dy=0, ...)")

        if (plot) 

            segments2(xt[ok.l] + x.off * xchar, yt[ok.l], dx = seg.len * 

                xchar, dy = 0, lty = lty[ok.l], lwd = lwd[ok.l], 

                col = col[ok.l])

        xt <- xt + (seg.len + x.off) * xchar

    }

    if (has.pch) {

        pch <- rep(pch, length.out = n.leg)

        pt.bg <- rep(pt.bg, length.out = n.leg)

        pt.cex <- rep(pt.cex, length.out = n.leg)

        pt.lwd <- rep(pt.lwd, length.out = n.leg)

        ok <- !is.na(pch) & (is.character(pch) | pch >= 0)

        x1 <- (if (merge && do.lines) 

            xt - (seg.len/2) * xchar

        else xt)[ok]

        y1 <- yt[ok]

        if (trace) 

            catn("  points2(", x1, ",", y1, ", pch=", pch[ok], 

                ", ...)")

        if (plot) 

            points2(x1, y1, pch = pch[ok], col = col[ok], cex = pt.cex[ok], 

                bg = pt.bg[ok], lwd = pt.lwd[ok])

    }

    xt <- xt + x.intersp * xchar

    if (plot) {

        if (!is.null(title)) 

            text2(left + w * title.adj, top - ymax, labels = title, 

                adj = c(title.adj, 0), cex = title.cex, col = title.col)

        text2(xt, yt, labels = legend, adj = adj, cex = cex, 

            col = text.col)

    }

    invisible(list(rect = list(w = w, h = h, left = left, top = top), 

        text = list(x = xt, y = yt)))

}

### Main functions to process and analyse the data

# 1. makeDiag - generates the surface temperature diagnostic from gridded model, observational and control data

# 2. genFineGrid - generates the regular fine parameter values grid used to analyse the data, as used by Forest

# 3. tpsModel - interpolates the MIT model data on the regular fine parameter grid.  This produces very large output objects.  Requires Fields package
# 4. whiteErrs.ssq - whitens the diagnostic errors (discrepancies between interpolated model output from tpsModel and the observed values for each component in the relevant diagnostic) using the covariance information in the specified control data matrix for that diagnostic, using either truncation or Tikhonov regularization to invert the covariance matrix using a range of regularization levels, and returns the sum of squares of the whitened errors and those errors themselves at all points in the fine grid. generates.
# 5. jacobian - calculates the Jacobian matrix for one field with respect to another, on a 3D grid of coordinates in which the second field is uniform. Used by calcMetric
# 6. calcMetric - computes Jacobian of a 3D tangent subspace of whitened errors wrt the 3 gridded parameters at each point on the (fine) parameter grid. Used by truePDF.do/all
# 7. emulateT - emulates a Student's t-distribution by a mixture of 4 normal distributions.  Used by truePDF.all to put the ocean diagnostic data (the observational data's standard deviation of which is estimated with few degrees of freedom) on a comparable basis to the surface or upper air diagnostic data (which have observational covariance matrices estimated using much greater DoF). Used by truePDF.do/all
# 8. truePDF.all - performs statistical analysis of the output of sample.ssq, for either or both of the surface and upper air diagnostics together, optionally, with the deep ocean diagnostic errors.  Many options for how to perform the analysis. Uses calcMetric to transform from a probability density in 3D error space to one in parameter space, and emulateT to emulate a t distribution for the ocean error. Outputs joint and marginal parameter PDFs. Replaces truePDF.do. The main statistical processing occurs in this function.

# 9. genCombPDFs - runs truePDF.all using specified surface and upper air model and control data combined with deep ocean data, for sets of surface, upper air and/or deep ocean model interpolation settings, deep ocean trends and deep ocean trend uncertainties.  Produces multi-case analysis output. Not used in the final version
# 10. parseCombPDFs - parses the output of genCombPDFs into a file of manageable complexity that contains output of truePDF.all varying in relation to only one diagnostic. Not used in the final version
### Naming conventions for objects produced by the main functions
## genFineGrid, standard is: fGrid.SrtKvF
#
S
 = uniform in S: values extrapolated from 0.5 to 0 & truncated at 10 K (per 3.7 W/m^2), at standard equal spacing as per Forest 2006 (0.1 K)

#
rtKv = Kv is expressed as equally spaced values of sqrt(Kv) from 0 to 8 cm/s0.5, at standard equal spacing as per Forest 2002/2006 (0.1 cm/s0.5)

#
Faer = Faer is at standard equal spacing (0.05 W/m^2) from -1.5 to +0.5 as per Forest 2002/2006, direct + indirect aerosol forcing, referenced to the 1980s)

## tpsModel, e.g.: sfc.model.s.SrtKvF.1df128
# 
sfc = sfc for surface, ua for upper air or do for deep ocean

#
s
= Sanso/Forest data; c= Curry/Forest data.  
#
SrtKvF= parameterisation.  Alternatives could be YrtKvF if uniform in 1/S not in S, or SlogKvF if uniform in logKv not sqrt(Kv), etc.
#
1
= multiplicative factor applied to GCV derived smoothing parameters lambda.  Default is 1.  Using, say, 3 requires using 3 x the GCV lambda values constituting the 2nd member of the tpsModel output list from a default GCV run as the input lambda values for the desired run
#
df128= maximum degrees of freedom to be used in the fine grid fit, set by the df input argument.  df=1024 gives same results as df=NA, for the surface data at least.

## whiteErrs.ssq, e.g.: sfc.H2.s.s.r2.SrtKvF.64k:

#
sfc = surface diagnostic (ua= upper air; do = deep ocean)

#
H2 = surface control data matrix, generated from Met Office supplied 1690 years of HadCM2 data

#
Alternatives: sH or sG = Sanso /Forest HadCM2 or GFDL surface control data matrices, respectively

#



 G or G0 = surface control data matrix generated from 500 years of respectively GFDL CM2.1 or CM2.0 runs

#
For upper air data, s = Sanso/Forest HadCM2; c= Curry/Forest HadCM2; numeral after s or c shows pressure weighting type. 2= uses wts=pres2.wt.ua, etc

#
s (after 2nd dot) = Sanso/Forest model data.  (c = Curry/Forest model data)

#
s (after 3rd dot) = Sanso/Forest observational data.  (c = Curry/Forest model data)

#
r2 = output of sample.ssq

#
SrtKvF= parameterisation.  Alternatives could be YrtKvF if uniform in 1/S not in S, or SlogKvF if uniform in logKv not sqrt(Kv), etc
#
64 = interpolation to fine grid was done with restriction to 64 degrees of freedom 

#
k = truncation used in inversion of control data covariance matrix (h = Tikhonov regularization used)

## truePDF.all genPDFs, e.g.: pdfs.H2.s.s.SrtKvF.49FFTTTTFFFTT
# 
pdfs. = output object from truePDF.all, genPDFs or genCombPDFs (rest of name shows which)
#
sH or sG = Forest/ Sanso HadCM2 or GFDL surface control data matrices, respectively

#
s (after 2nd dot) = Sanso (SFZ08/F06) model data. 
#
s (after 3rd dot) = Sanso (SFZ08/F06) observational data. 
#
SrtKvF= parameterisation.  Alternatives could be YrtKvF if uniform in 1/S not in S, or SlogKvF if uniform in logKv not sqrt(Kv), etc

# 
49 = degrees of freedom in the estimation of the surface control data covariance matrix

#
FFTTTTFFFTT = the True or False settings of the following input arguments: deduct.k, CDF, delta.r2, adj.area, adj.metric, proj.deltaErr, delta.whiteErr, rtn.delta.3errs, b.u, surface
makeDiag= function( obs, mdl, ctl, udv=NA, timeAvg=c(1,1,1), latBounds=c(90,-90), latBands=NA, mincov=0, climPd=NA, diagPd=NA, overlap=TRUE, mask=TRUE) {


# Function: creates multi-latitude band, multi-time period surface temperature diagnostic from a set of observational, model simulation and AOGCM control run data, optionally anomalising wrt a specified climatological (reference) period and masking by the availability of observational data, for use in an optimal fingerprint analysis. Emulates relevant functionality of IDL code module mit2d_diag in GRL06_reproduce archive.

# Version control

# 6Mar13: Problem with trimming when climPd=NA fixed (this option is not normally used).

# 8Jan13: Now correctly trims the obs and mdl data to same length as control data segments needed.


# 5Nov12: corrected length of control data segments to conform with control & diagnostic periods


# 30Oct12: original version tidied up and new option for not observationally masking ctl and mdl data


# Inputs arguments: 


#ctl, mdl, obs gridcell arrays. Dimensions = longitude, latitude, time period, run no. (mdl only)


# the start dates of the observational and model data must be identical, as must all lat and lon grids


# The mdl array may optionally be missing the longitude dimension, in which case it will be created


# udv = undefined data value for obs. Default = NA. The mdl and ctl data must have no undefined values.


# timeAvg = time periods over which to average respectively the obs, mdl and ctl data. Default = c(1,1,1)


# this must reflect any differences in the periodicity of the data, to average them all to same time periods


# latBounds = outer extent of first & last grid cell latitudes (must be same, incl order, for all data sets)


# latBands = latitude boundaries where the data is to be averaged over bands; same order as bounds. 


# mincov = proportion of non-missing obs data that a cell must exceed for climatological mean. Default = 0 

# climPd = first and last time periods (post averaging) of total period over which to compute climatological means, to be deducted from data. Dafault of NA means do not compute and deduct climatological means.


# diagPd= time periods (post averaging) within total period to form diagnostic; eg a sequence. NA => use all


# overlap = create control data by incrementing time-averaged control run by 1 (TRUE) or by no. of diagnostic pds (FALSE)?


# mask: if TRUE, the model and control data is set to NA where observational data is missing, their climatology is masked by missing periods for the observational climatology & latitude weighting is masked


# Find data dimensions and create longitude dimension for model data if missing


dim.obs= dim(obs)


dim.mdl= dim(mdl)


dim.ctl= dim(ctl)


if( length(dim.mdl)==3 ) { 
mdl= aperm( array( rep(mdl, dim.obs[1]), dim=c(dim.mdl,dim.obs[1]) ), perm=c(4,1,2,3) ) }


dim.mdl= dim(mdl)


nlon= dim.obs[1]


nlat= dim.obs[2]


ncells= nlon * nlat


nruns= dim.mdl[4]


# Check datasets are compatible


if( !dim.ctl[1]==nlon ) { print('Error: longitude dimensions (1) of ctl and obs differ'); break }


if( !dim.ctl[2]==nlat ) { print('Error: latitude dimensions (2) of ctl and obs differ'); break }


if( !dim.mdl[2]==nlat ) { print('Error: latitude dimensions of mdl and obs differ'); break } 


if( !(dim.mdl[3]/timeAvg[2]==dim.obs[3]/timeAvg[1]) ) { print('Warning: time period dimensions of mdl and obs differ') } 


# Make missing observational values NA if necessary, and count them


if( !is.na(udv) ) { obs[obs==udv]= NA }


nmis= sum( is.na(obs) )


# Create time averaged data, if required - no reason to distinguish periods, so use of a single data point is OK for individual cells if no minimum required, but for the data as a whole there must be no missing periods on averaging


if( timeAvg[1]>1 ) {



if(
dim.obs[3] %% timeAvg[1] >0 ) { print('Warning: number of observational data periods not divisible by time averaging period: partial data at end discarded') }



npds.obs= dim.obs[3] %/% timeAvg[1]



ntim.use=  npds.obs * timeAvg[1]



obs= obs[,,1:ntim.use]



dim(obs) = c(ncells, timeAvg[1], npds.obs)



obs=matrix( aperm( obs, perm=c(2,1,3) ), nrow=timeAvg[1] )



obs= colMeans( obs, na.rm=TRUE )


} else { npds.obs= dim.obs[3] }



dim(obs)= c(ncells, npds.obs)


if( timeAvg[2]>1 ) {



if(dim.mdl[3] %% timeAvg[2] >0 ) { print('Warning: number of model data periods not divisible by time averaging period: partial data at end discarded') }



npds.mdl= dim.mdl[3] %/% timeAvg[2]



ntim.use=  npds.mdl * timeAvg[2]



mdl= mdl[,,1:ntim.use,]



dim(mdl) = c(ncells, timeAvg[2], npds.mdl, nruns)



mdl=matrix( aperm( mdl, perm=c(2,1,3,4) ),  nrow=timeAvg[2] )



mdl= colMeans( mdl, na.rm=TRUE )


} else { npds.mdl= dim.mdl[3] }



dim(mdl)= c(ncells, npds.mdl, nruns)


if( timeAvg[3]>1 ) {



if( dim.ctl[3] %% timeAvg[3] >0 ) { print('Warning: number of control data periods not divisible by time averaging period: partial data at end discarded') }



npds.ctl= dim.ctl[3] %/% timeAvg[3]



ntim.ctl.use= npds.ctl * timeAvg[3]



ctl= ctl[,,1:ntim.ctl.use]



dim(ctl) = c(ncells, timeAvg[3], npds.ctl)



ctl= matrix( aperm( ctl, perm=c(2,1,3) ), nrow= timeAvg[3] )



ctl= colMeans( ctl, na.rm=TRUE )


} else { npds.ctl= dim.ctl[3] }



dim(ctl)= c(ncells, npds.ctl)


# Create the control data segments: they cover periods spanned by ctl.win, which contains spds.ctl periods

if( identical(climPd, NA) ) {



spds.ctl= max(diagPd) - min(diagPd) + 1


ctl.win= diagPd

} else {



spds.ctl= max(climPd[2],diagPd) - min(climPd[1],diagPd) + 1



ctl.win= min(climPd[1],diagPd):max(climPd[2],diagPd)


}


if(overlap==TRUE) {



nctl= npds.ctl + 1 - spds.ctl



temp= array( dim=c(ncells, spds.ctl, nctl) )



for(i in 1:nctl) { temp[,,i]= ctl[,i:(i+spds.ctl-1)] }



ctl= temp


} else { 




nctl= npds.ctl %/% spds.ctl



ctl= ctl[,1:(spds.ctl*nctl)]



dim(ctl)= c(ncells, spds.ctl, nctl)


}

# reduce observational and model data to cover the same period as the control data

obs= obs[,ctl.win]


mdl= mdl[,ctl.win,]

npds= spds.ctl

if( ! identical(climPd, NA) ) { delay= min(climPd[1],diagPd) - 1 } else { delay= diagPd - 1 }

# Apply the observational data mask, if mask=TRUE

missing= NA

if(mask==TRUE) {



missing= which( is.na(obs) )



dim(mdl)= c(ncells*npds, nruns)



mdl[missing,]= NA



dim(mdl)= c(ncells, npds, nruns)



dim(ctl)= c(ncells*spds.ctl, nctl)



ctl[missing,]= NA



dim(ctl)= c(ncells, spds.ctl, nctl)


}


# Compute climatological/reference means for each grid cell with sufficient data and deduct them in each period

# since unwanted data at the start has been removed, the climatological reference period will start with the first period even if climPd[1]>1 (unless the diagnostic period starts before the climatological reference period), so offset it by delay accordingly.

if( ! identical(climPd, NA) ) {



nclim= climPd[2] - climPd[1] + 1



discarded= which( rowSums( is.na(obs[, (climPd[1]:climPd[2])-delay]) ) >= nclim*(1-mincov) )



obs.clim= rowMeans( obs[, (climPd[1]:climPd[2])-delay], na.rm=TRUE )



obs.clim[discarded]= NA



obs= obs - obs.clim



mdl.clim= rowMeans( matrix( aperm( mdl[, (climPd[1]:climPd[2])-delay,], perm=c(1,3,2) ), ncol=nclim ), na.rm=TRUE )



dim(mdl.clim)= c(ncells, nruns)



if(mask==TRUE) { mdl.clim[discarded,]= NA }



mdl= aperm( mdl, perm=c(1,3,2) ) - as.vector(mdl.clim)



mdl= aperm( mdl, perm=c(1,3,2) )


ctl.clim= rowMeans( matrix( aperm( ctl[,(climPd[1]:climPd[2])-delay,], perm=c(1,3,2) ), ncol=nclim ), na.rm=TRUE )



dim(ctl.clim)= c(ncells, nctl)



if(mask==TRUE) { ctl.clim[discarded,]= NA }



ctl= aperm( ctl, perm=c(1,3,2) ) - as.vector(ctl.clim)



ctl= aperm( ctl, perm=c(1,3,2) )


} else { obs.clim= mdl.clim= ctl.clim= discarded= NA }


# form longitudinal means, where enough data exists. Note that npds is same as spds.ctl, which this relies on

dim(obs)= c(nlon, nlat*npds)


unused= which( colSums( is.na(obs) ) >= nlon )


obs= colMeans(obs, na.rm=TRUE)

obs[unused]= NA

dim(obs)= c(nlat, npds)


dim(mdl)= c(nlon, nlat*npds*nruns)


mdl= colMeans(mdl, na.rm=TRUE)

# mdl is now vectorised as nlat*npds*nruns; need to apply unused, a vector with values ranging up to nlat*npds


dim(mdl)= c(nlat*npds, nruns)


mdl[unused, ]= NA

dim(mdl)= c(nlat, npds, nruns)


dim(ctl)= c(nlon, nlat*spds.ctl*nctl)


ctl= colMeans(ctl, na.rm=TRUE)

# ctl is now vectorised as nlat*spds.ctl*nctl; need to apply unused, a vector with values up to nlat*npds[spds.ctl]


dim(ctl)= c(nlat*spds.ctl, nctl)


ctl[unused, ]= NA




dim(ctl)= c(nlat, spds.ctl, nctl)


# set up meridional weighting and average over latitude bands, if required


if( !identical(latBands, NA) ) {



latDir= sign(latBounds[2] - latBounds[1])


latSpan= latBounds[2] - latBounds[1] 



latWidth= latSpan / nlat



latWts= cos( pi * ( latBounds[1] + (1:nlat)*latWidth - latWidth/2 ) / 180 )



obs= obs * latWts



mdl= mdl * latWts



ctl= ctl * latWts



usedWts= (!is.na(obs)) * latWts



nbands= length(latBands) - 1



obs.bands= array( dim=c(nbands, npds) )



mdl.bands= array( dim=c(nbands, npds*nruns) )



ctl.bands= array( dim=c(nbands, spds.ctl*nctl) )



for(i in 1:nbands) {




lat1= round( (latBands[i]-latBounds[1])/latWidth, 0 ) + 1




lat2= round( (latBands[i+1]-latBounds[1])/latWidth, 0 ) 




totWts= colSums( usedWts[lat1:lat2,] )




obs.bands[i,]= colSums( obs[lat1:lat2,], na.rm=TRUE ) / totWts




if(mask==FALSE) { totWts= rep( sum(latWts[lat1:lat2]), npds ) }




dim(mdl)= c(nlat, npds*nruns)




mdl.bands[i,]= colSums( mdl[lat1:lat2,], na.rm=TRUE ) / totWts




dim(ctl)= c(nlat, spds.ctl*nctl)




ctl.bands[i,]= colSums( ctl[lat1:lat2,], na.rm=TRUE ) / totWts  



}


obs=obs.bands



mdl= mdl.bands



ctl=ctl.bands


} else {



nbands= nlat


}




dim(mdl)= c(nbands, npds, nruns)

dim(ctl)= c(nbands, spds.ctl, nctl)


# extract periods for diagnostic, allowing for any offset arising if climPd[1]>1

if( !identical(diagPd, NA) ) {



obs= obs[,(diagPd-delay)]



mdl= mdl[,(diagPd-delay), ]



ctl= ctl[,(diagPd-delay), ]


}


dim(obs)= c(1, nbands*length(diagPd))


dim(mdl)= c(nbands*length(diagPd), nruns)


mdl=t(mdl)


dim(ctl)= c(nbands*length(diagPd), nctl)


ctl=t(ctl)


out=list(obs, mdl, ctl, missing, obs.clim, mdl.clim, ctl.clim, discarded, unused, usedWts, npds, npds.obs, npds.mdl, npds.ctl, nbands, latWidth, latWts, udv, timeAvg, latBounds, latBands, mincov, climPd, diagPd, overlap, mask)


names(out)= c('obs', 'mdl', 'ctl', 'missing', 'obs.clim', 'mdl.clim', 'ctl.clim', 'discarded', 'unused', 'usedWts', 'npds', 'npds.obs', 'npds.mdl', 'npds.ctl', 'nbands', 'latWidth', 'latWts', 'udv', 'timeAvg', 'latBounds', 'latBands', 'mincov', 'climPd', 'diagPd', 'overlap', 'mask')


out 

}

genFineGrid= function( lims= matrix(c(0,10,0,8,-1.5,0.5), nrow=2), divs=c(0.1,0.1,0.05) ) {

## Version history and decription of function


# Version 1: unknown date


# Creates fine grid (best is S from 0 to 10 not 15, to reduce computing): dims(S,rtKv,Faer)= c(101,81,41), vectorised


# grid has 3 columns, with values of S, rtKv and Faer and is stacked with S changing fastest and Faer changing slowest


# usage: fine.S0_10.rtKv.Faer=genFineGrid()


fine.S0_10= seq(lims[1,1],lims[2,1],by=divs[1]) 


fine.rtKv= seq(lims[1,2],lims[2,2],by=divs[2])


fine.Faer= seq(lims[1,3],lims[2,3],by=divs[3])


fine.S0_10.rtKv=cbind( rep(fine.S0_10,length(fine.rtKv)), rep( fine.rtKv, rep(length(fine.S0_10),length(fine.rtKv)) ) )


out= cbind( rep( fine.S0_10.rtKv[,1], length(fine.Faer) ), rep( fine.S0_10.rtKv[,2], length(fine.Faer) ), rep( fine.Faer, rep( nrow(fine.S0_10.rtKv), length(fine.Faer) ) ) )

colnames(out)= c('S', 'rtKv', 'Faer')

out

}

tpsModel= function(grid, data, fineGrid, l, m ,n, lambda=NA, m.fit=NULL, df=NA) {

## Version history and decription of function

# 21 July 2011 version, revised Mar 12

# requires fields package to be loaded

# Thin plate spline interpolation of data (model output vector on a 3D irregular rough grid) onto a specified fine grid

# fineGrid is (l x m x n) x 3 matrix of fine grid coordinates 1, 2 & 3 stacked with 1st coordiante changing fastest

# Smoothing parameter lambda can be specified by a vector of length = no. of columns of data matrix 

# default of lambda=NA means vector of GCV estimates thereof is output

# output fine is 4D array of interpolated data; first 3 dimensions cover those of the 3 columns of fineGrid 


if( !(l * m * n == nrow(fineGrid) ) ) { print("fineGrid dimensions wrong") } 


if( !is.matrix(data) ) { data=matrix(data, ncol=1) }


p=ncol(data) 


fine= array(dim=c(l,m,n,p))


lambda.gcv=polyOrder=p.eff=sdMeasErr=vector()


residuals= list() #matrix( nrow(data), p )


for (i in 1:p) {



fit= Tps( grid, data[,i], lambda=lambda[i], m=m.fit)



lambda.gcv[i]= fit$lambda.est[1]



polyOrder[i]= fit$m



p.eff[i]= fit$trace



sdMeasErr[i]= fit$shat



residuals[[i]]= fit$residuals



fine[,,,i]= array( predict(fit, fineGrid, lambda=lambda[i], df=df), dim=c(l,m,n) )


}


out=list(fine,lambda.gcv, lambda, polyOrder, p.eff, sdMeasErr, residuals, m.fit, df)


names(out)=c("fine","lambda.gcv", "lambda", "polyOrder", "p.eff", "sdMeasErr", "residuals", "m.fit", "df")


out

}

whiteErrs.ssq= function( data.list=NA, ctl=NA, model=NA, obs=NA, load.model=NA, trunc=TRUE, reg.list, obs.errs=NA, covr=TRUE, rows= 1, times=1, replace=FALSE, excl.missg=TRUE, leave1out=FALSE, omit.vars=NA, ctl.rows=NA, wts=NA, max.EOFs= NA ) { 


## Version history and decription of function


# 6May12: now computes and returns p.effs vector of effective no. of parameters/ degrees of freedom corresponding to the Tikhonov regularization factors used, if relevant


# 5May12: added max.EOFs to enable limiting the no. of EOFs returned when Tikhonov regularization used.


# 26Apr12. 1st version; replaces sample.ssq, correcting computation of the whitened Model-Obs discrepancy errors


# generates the r-squared values (sum of whitened squared errors) for all sets of m model values (which sets are supplied on a vectorised grid of length n) in relation to a vector of m observed values, using each of a specified list of truncation or Tikhonov regularization parameters to perform regularized inversions of the covariance matrix of a supplied matrix of control data.  


# the function can repeat the calculations with various types of sampling, but this legacy facility is not normally used and has not been fully tested since the function was extended to output the whitened errors themselves


## Basis of computation of whitened errors and their sum of squares (for the case covr=TRUE)


# Defining the input data as matrices M, O and R for the model, observation and control data respectively (repeating the observation vector for the number n of rows in the model data matrix), let E = M - O and C = cov(R) 


# Assuming truncation with a maximum k retained EOFs, let the eigendecomposition of C be V %*% D %*% t(V) where D = diag(d^2) is the control data covariance matrix eigenvalues formed into a diagonal matrix. Define P_k= diag(1/d[1:k]) %*% t(V[,1:k]) , being the first k eigenvectors of the control data covariance matrix weighted by the inverse square roots of its first k eigenvalues.  Then the whitened errors, numbering k, at a truncation level of k are W = E %*% t(P_k), and represent the patterns of successive EOFs.  The whitened errors at a truncation level of j<k are simply the first j columns of the k whitened errors.  Therefore, only one set of k whitened error patterns need be output. If the SVD of original errors is E= U %*% diag(d*) %*% t(V*) where d*[1:k]= d[1:k] and V*[1:k]= V[1:k], that is the first k EOFs of the control data faithfully represent the first k EOFs of the discrepancy errors, then W= U %*% diag(d) %*% t(V*) %*% V[1:k] %*% diag(1/d[1:k])= U[,1:k].


# With Tikhonov regularization there will be a full set of m whitened errors for each regularization factor h, the weightings of which will vary. Replicating h into a length m vector, the vector of weights required is d/sqrt(d^2 + h^2).  Therefore, defining W = E %*% t(P_h) we need P_h= diag(d/sqrt(d^2 + h^2)) %*% diag(1/d) %*% t(V) = diag(1/sqrt(d^2 + h^2)) %*% t(V), so W = E %*% V %*% diag(1/sqrt(d^2 + h^2)).  Therefore, only one set of m unweighted whitened error patterns Z= E %*% V need be output, along with a matrix with columns of the m required weights, 1/sqrt(d^2 + h^2), for each level of regularization.  The maximum no. of error patterns output can be reduced to include only k patterns corresponding to the useful, first k, EOFs.  In terms of the SVD analysis for the truncation case, Z= E %*% V= U %*% diag(d) %*% t(V*) %*% V[1:k], and the regularized whitened error patterns are subsequently recovered as W= Z %*% diag(1/sqrt(d[1:k]^2 + h^2))


# the error sum-of-squares at each regularization level are the rowSums of the whitened errors for that level


## Input arguments


# data.list= list of matrices for a diagnostic: [[1]]=$ctl= control runs; [[2]]=$model= model on-grid runs; [[4]]=$obs= observations.  Alternatively these matrices can be input as separate objects.


# load.model is the path, name+extension of a file containing the saved fine grid interpolated model matrix (item [[1]] of tpsModel output, made into an object named just "model" before saving), if memory considerations have required that object to be deleted from the workspace and loaded directly


# trunc=TRUE => use EOF truncation, FALSE => use Tikhonov regularization to regularize inversion of covariance matrix (for 1D Deep Ocean diagnostic use trunc=TRUE and reg.list=1)


# reg.list= vector of regularization parameter values for which to generate error sums-of-squares for all on-grid runs


# obs.errs= measurement error estimate(s) for the observation(s) to add to diagonal of ctl covariance matrix, or NA


# covr=TRUE => use covariance baasis.  If set to FALSE a correlation basis is used, the errors being standardised


# rows= number of rows to generate in each set of samples of control data: change from 1 to 0 for ocean diagnostic


# the following arguments are only used for special purposes and should normally be left at their default values


# times= no. of sets of control data samples to generate and produce error sums-of-squares for


# replace=TRUE => use random bootstrap; replace=FALSE => sample randomly without replacement (for control data sampling)


# leave1out=TRUE => ignore times and generate all possible samples with one row of data omitted from the control run


# omit.vars= vector of diagnostic variables to omit, or NA to include all of them


# ctl.rows= vector (length>1) of subset of rows of control data to use, or NA to include all rows


# wts= vector of weights to apply to the control data


# max.EOFs= max no. of EOFs returned (= no. of cols of whiteErrs) when Tikhonov regularization used. NA=> all EOFs 


## Output


# Returns a named list with 1 or 2 principal members and several other items:

 
# 1) An array err.ssq whose dimension 1 is the vectorised grid, dimension 2 runs through the various (times) samples of the control data matrix and dimension 3 runs through the sums of the squared whitened errors at each level of trunction or Tikhonov regularization 


# 2) An array white.errs with, if truncation used, with k maximum retained EOFs, an array whose dimensions 1 and 3 are the same as dimension 1 and 2 as for the first output list member and dimension 2 contains the maximum k whitened errors. If Tikhonov regularization is used, dimension 3 contains the principal components of the errors, numbering in total the same as the diagnostic error variables.


# reg.list - vector of regularization parameters


# if trunc=FALSE (=> Tikhonov regularization) white.wts - an array of weighting regularization factors to multiply each of the error principal components by at varying regularization levels, and p.effs - a vector of the no. of effective parameters (degrees of freedom) retained in the inversion of the control data covariance matrix: added 6May12

# if only one sample run (the usual case: times=1), a vector d of the control data covariance matrix eigenvalues and a matrix V of its eigenvectors scaled by the inverse square roots of its eigenvalues


## Define functions used internally


sample.wor= function(X,rows) {



Y= array( dim=c( rows, ncol(X) ) )



z= vector()



i= 1



while (i <= rows) { 




z.t= round(runif( 1, 0.5, nrow(X)+0.5 ), 0)




if (!(z.t %in% z)) { Y[i,]= X[z.t,] ; z[i]= z.t; i= i+1 }



}



Y


}


bootstrap= function(X,rows) {



Y= array( dim=c( rows, ncol(X) ) )



z= runif( rows, 0.5, nrow(X)+0.5 )



for (i in 1:rows) { Y[i,]= X[round(z[i],0),] }



Y


}


p.eff = function(h.list,ctl, max.eofs=NA) {



# gives effective no. of parameters/ DoF for a vector of Tikhonov regularization factors, optionally only using max.eofs EOFs. See, e.g. Hastie, Tibshirani & Friedman, The elements of statistical learning, 2001, Eqn. 3.50


k= ifelse( is.na(max.eofs), min(ncol(ctl), nrow(ctl)), max.eofs )



p.eff=vector()



cov= cov(ctl)



eigvals= eigen(cov,symmetric=TRUE)$values[1:k]



for (i in 1:length(h.list) ) { p.eff[i] = sum( eigvals/(eigvals+h.list[i]^2) ) }



p.eff


}


## Prepare and validate input data


if(!is.na(data.list[1])) { ctl= data.list$ctl; model= data.list$model; obs= data.list$obs }


if(!is.na(load.model[1])) { load(load.model) }


if( is.na(ctl[1]) || is.na(model[1]) || is.na(obs[1]) ) { print("Missing or invalid data.list or ctl, model & obs arguments"); break }


m= length(obs)


if( !is.matrix(obs) ) obs= matrix( obs, nrow=1 )


if( !is.matrix(ctl) ) ctl= matrix( ctl, ncol=m )


if( !is.matrix(model) ) model= matrix( model, ncol=m )


if( !is.na(ctl.rows[1]) ) ctl= ctl[ctl.rows,]


if( !(ncol(obs)==ncol(ctl) && ncol(model)==ncol(ctl)) ) { print("Unequal numbers of columns in control, model or obs matrices"); break }


if( !is.na(wts[1]) ) {



if( !(length(wts)==ncol(ctl)) ) { print("Weights vector has wrong length"); break }



ctl= t( t(ctl) * wts )



obs= t( t(obs) * wts )



model= t( t(model) * wts )


}


if( !is.na(omit.vars[1]) ) { ctl= ctl[,-omit.vars]; model= model[,-omit.vars]; obs=matrix(obs[,-omit.vars], nrow=1) }


missg= which( apply(model, 2, sd)==0 )


if( excl.missg==TRUE && length(missg)>0 ) { ctl= ctl[,-missg]; model= model[,-missg]; obs=matrix(obs[,-missg], nrow=1) }


ctl.len= nrow(ctl)


m= ncol(ctl)


model.runs= nrow(model) 


if(!leave1out && rows>=ctl.len) { print("No. of rows to select exceeds those available -2; setting leave1out=TRUE"); leave1out=TRUE } 


if(replace==TRUE  && times>1) { resample= bootstrap } else { resample= sample.wor }


# set up to match the regularization type specified and the scaling factors if using correlations not covariances


cases= length(reg.list)


eof.no= ifelse( !is.na(max.EOFs), min(m, max.EOFs), m )


k= ifelse(trunc==TRUE, reg.list[cases], eof.no)


pr= rep(1, m)


if(covr==FALSE) { sds=apply(ctl, 2, sd, na.rm=TRUE); pr=1/sds; pr[sds==0]=0; ctl = ctl %*% diag(pr) }


if(leave1out==TRUE) { times = ctl.len + 1 }


## compute the whitened errors and their sums-of squares, and the weighting factors if Tikhonov regularization used


# allocate storage


err.ssq= array( dim=c(model.runs, times, cases) )


white.errs= array( dim=c(model.runs, k, times) )


if(trunc==FALSE)  { white.wts= array( dim=c(k, times, cases) ) }


# compute errors, standardise using the control data inverse standard deviation if relevant, and compute the control data covariance matrix


error= model - matrix( rep(obs, model.runs), ncol=m, byrow=TRUE )


if(covr==FALSE) { error = error %*% diag(pr) }


if(ctl.len==1 ) { cov= ctl^2 } else { cov= cov(ctl) }


# loop through the samples of control data, or if times=1 just use the full length control data covariance matrix


for (i in 1:times) {



if (i > 1) { if(leave1out==TRUE) { cov= cov(ctl[(-i-1),]) } else { cov= cov( resample(ctl,rows) ) } }



# add observational error to the control data covariance matrix if relevant, then eigen-decompose it and compute unweighted whitened error patterns (= the principal components of the errors matrix, divided by the SVD eigenvalues when trunction is used, i.e. giving the SVD U, as in X = U D V)



if(!is.na(obs.errs)) { cov=cov + diag( (obs.errs*pr)^2 , ncol= m ) }



eig= eigen(cov,symmetric=TRUE) 



D= eig$values



V= matrix(eig$vectors[,1:k], ncol=k)



if(trunc==TRUE) { V= V %*% diag(1/sqrt(D[1:k]), ncol=k) }



white.errs[,,i]= error %*% V



if (trunc==FALSE) { 




for(j in 1:cases) { white.wts[,i,j]= 1 / sqrt( D[1:k] + reg.list[j]^2 ) }



}



# compute the squared whitened error principal components and form the error sum-of-squares from them



white.sqErrs= matrix( white.errs[,,i]^2, ncol=k )



for(j in 1:cases) {




if(trunc==TRUE) { 





err.ssq[,i,j]= rowSums( matrix(white.sqErrs[,1:reg.list[j]], nrow=model.runs) ) 




} else {





err.ssq[,i,j]= colSums( t(white.sqErrs) *  white.wts[,i,j]^2 )




}



}


}



errs=list()


errs$err.ssq= err.ssq


errs$white.errs= white.errs


errs$reg.list= reg.list


if(trunc==FALSE) { errs$white.wts= white.wts; errs$p.effs= p.eff(reg.list, ctl, eof.no) }


if(times==1) { errs$D= D; errs$V= V }


errs

}

## truePDF.all and three functions that it uses: emulateT, jacobian and calcMetric, that together compute PDFs from the combined whitened diagnostic errors 

emulateT= function(sd.t=1, DoF.t, sims=4, DoF.f=NA) {


## Version history and decription of function


# 22Apr12: first version; bug occurring when sims=1 fixed 9May12.  DoF.f is not currently used.


# Emulation of t-distribution by a suitable mixture of 4 normal distributions


# if sims=4, provides for emulating a t-distribution with DoF.t degrees of freedom as an inverse gamma weighted mixture of four normal distributions (whose spread varies inversely with DoF.do), numerically integrated wrt variance.  This provides a very close approximation to a t-distribution with >2 df, and not bad at 2 df.  


# if sims=1, returns the standard deviation specified as sd.t and a weight of one, resulting in emulation being by a normal distribution with that standard deviation


# returns a list with vector components: scale- the standard deviations to use for each of the mixture of normal distributions; and weight - the weight to give each of them


out=list()


out$DoF.t= DoF.t


if(sims==1) {



out$scale= sd.t


out$weight= 1


}



if(sims==4) {



vars=c(0.3,0.9,2.7,8.1)^(2/sqrt(DoF.t))



wt=dgamma(1/vars, DoF.t/2, scale=2/DoF.t)/vars^2 



gaps=colSums( rbind( -c(vars[1]^2/vars[2],vars[-4]), vars) )



out$scale= sqrt(vars) * sd.t



out$weight= gaps * wt / sum(gaps * wt)


}




out

}

jacobian= function(newField, oldField, coords=NA, dims=NA, volumetric=FALSE, metric=NA) {


## Version history and decription of function


# 11May12: volumetric=TRUE added to return just the transpose of the Jacobian multiplied by the Jacobian, optionally with square matrix 'metric', having the size of newField's final dimension, interposed


# 7Apr12: returns Jacobian over the full field, and (if old and new fields same dimensions) the determinant thereof


# returns the Jacobian derivative matrix of newField with respect to a gridded oldField at specified coordinates or (if none given) at all internal points of oldField.  The last dimension of oldField and newField gives the respective vector values of the old and new variables; the other (3) dimensions represent their coordinates in a Cartesian space with the dimensionality of oldField. That space must consist of a (not necessarily regular) grid in oldField space, with each component of the vector of oldField values depending only on the position in the corresponding dimension of the space). Each row is the derivative of one component of newField wrt each component of oldField in turn


# Coordinates can be a vector (single point) or a 2 row matrix (hypercuboid), and must be within both fields


# derivatives are taken by decrementing & incrementing field coordinates in the field space and averaging the results, save at the limits (external surfaces) of the fields where only a move into the interior is used


# first check that newField and oldField are arrays and compatible with coords or each other


if( !is.array(newField) || !is.array(oldField) ) { print("Error: newField or oldField is not an array"); break }


ndim= length(dim(oldField))


if( !(length(dim(newField))==ndim) ) { print("Error: no. of dimensions of newField and oldField must be the same"); break }


# if coordinate dimensions of oldField and/or newField are vectorised, convert them to separate dimensions if given


if( !is.na(dims) && dim(oldField)[1]==prod(dims) && ndim==2) { dim(oldField)= c(dims, dim(oldField)[2]) }


if( !is.na(dims) && dim(newField)[1]==prod(dims) && ndim==2) { dim(newField)= c(dims, dim(newField)[2]) }


ndim= length(dim(oldField))


if(!ndim==4) { print("Error: Code currently only works for fields defined in 3 dimensions"); break }


dims.old= dim(oldField)


dims.new= dim(newField)


nvar.old= dim(oldField)[ndim]


nvar.new= dim(newField)[ndim]


dims.max= c(rep(pmin(dims.old, dims.new)[1],6), rep(pmin(dims.old, dims.new)[2],6), rep(pmin(dims.old, dims.new)[3],6))


if( is.na(coords[1]) && !identical(dims.new[-ndim], dims.old[-ndim]) ) {print("Error: fields must have all dimensions except the last identical if no coords given"); break}


# create 2 row marix =giving lowest and highest coordinate values of range to compute the Jacobian for


if(is.na(coords[1])) { 




coords= matrix( c(rep(1, ndim-1), pmin(dims.old, dims.new)[-ndim]), nrow=2, byrow=TRUE ) 


}


if(is.vector(coords)) { coords= rbind(coords, coords) }


if(!ncol(coords)==ndim-1)  {print("Error: coords must specify one fewer dimensions than fields have"); break}


J= array( dim=c(coords[2,]-coords[1,]+1, nvar.new, nvar.old) )


if( nvar.new==nvar.old && volumetric==FALSE ) { detJ= array( dim= coords[2,]-coords[1,]+1 ) } else { detJ= NULL }


if( volumetric==TRUE ) { volRel= array( dim=c(coords[2,]-coords[1,]+1, nvar.old, nvar.old) ) } else { volRel= NULL }


if( volumetric==TRUE && identical(metric, NA) ) { metric= diag(nvar.new) }


if(ndim==4) {



for(k in coords[1,3]:coords[2,3]) {




for(j in coords[1,2]:coords[2,2]) {





for(i in coords[1,1]:coords[2,1]) {






xyz= pmax(1, deltaCoords(c(i,j,k)))






xyz= pmin(dims.max, xyz)






dim(xyz) = c(6,3)






# compute Jacobian, perturbing each dimension of oldField in turn, as the changes in each component of newField relative to the change in the component of oldField being perturbed






for (l in 1:3) { 







J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,l]= (newField[xyz[l,1], xyz[l,2], xyz[l,3],] - newField[xyz[l+3,1], xyz[l+3,2], xyz[l+3,3],])/ (oldField[xyz[l,1], xyz[l,2], xyz[l,3],l]

 - oldField[xyz[l+3,1], xyz[l+3,2], xyz[l+3,3],l])






}






# if new and old field no. of variables are the same & volumetric=F, compute the Jacobian determinant






if(nvar.new==nvar.old && volumetric==FALSE) { detJ[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1]= det(J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,]) }






# if volumetric=TRUE, compute { t(d_new/d_old)  Metric_new  (d_new/d_old) }. When added to metric_old and the determinant taken, the square root thereof gives the volumetric probability ratio of oldField wrt newField, which eqautes to a noninformative prior for inferences about oldField values from measurements of newField values






if( volumetric==TRUE ) { volRel[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,]= t(J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,]) %*% metric %*% J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,] }





}




}



}


}


# define the output list: its 2nd member (detJ) will be NULL if the Jacobian is not square or volumetric=TRUE, while its 3rd member (volRel) will be NULL if volumetric=FALSE


out=list(J,detJ, volRel)


names(out)=c("J", "detJ", "volRel")


out

}

calcMetric= function(errs, k, fGrid, dims, bnd.dims=NA, ord=c(1,2,3), rtn.fGrid=FALSE, surface=FALSE, old.metric=NA, rtn.whiteErrsJ=FALSE) {


## Version history and decription of function


# 1Oct12: now returns volRel whenever surface==TRUE


# 18May12: now also returns volRel, the parameter metric if rtn.whiteErrsJ & surface both TRUE


# 14May12: rtn.whiteErrsJ optionally returns the m x 3 Jacobian used to compute the determinant if surface==TRUE


# 12May12: now computes and returns as the determinant the volumetric ratio of the errs probabilities to those of the parameters on the fine grid, on the parameter surface rather than at its projection onto the tangent plane, instead of the Jacobian determinant in the tangent plane, if surface=TRUE specified  


# 26 Apr 12: now accepts the output either from sample.ssq or its replacement whiteErrs.ssq, or emulations thereof


# 16 Apr 12: now also returns, as delta.errs, the lengths of the 20D delta error vectors for each parameter comb'n


# 8 Apr 12: fixed problem with delta.r2.proj dimension and allowed output of rtn.delta.3errs


# 7 Apr 12: now returns the Jacobian right to the edges of the parameter space, and its determinant


## computes the Jacobian of a 3D tangent subspace of white.errs wrt the 3 gridded parameters at each internal point on the (fine) parameter grid, whose dimensions are given by dims, restricted to lying within the region specified by the first (lower coordinates) and second (upper coordinates) rows of bnd.divs (if not NA).  Mean of + & - cell changes used for Jacobian.  At the exterior of the grid, just one-cell moves into the interior are used. 


## Required functions: jacobian


## Input arguments


# errs is the output of the legacy function sample.ssq, a list whose 2nd/1st members are the whitened errors and their sum-of-squares at vectorised coordinates, or the output of its replacement whiteErrs.ssq, the first member of which is as for sample.ssq, but whose 2nd member is a 3D array with dim[1]=length of fine grid, dim[2]= no. of whitened errors, dim[3]= no. of control data samples used when whiteErrs.ssq was run (must be 1, as per default times=1), and 3rd member is reg.list.  Unlike the output of sample.ssq, whiteErrs.ssq does not produce separate versions of whitened errors for each regularization value.  In either case errs may be synthesised in the relevant format by truePDF.do


# k is the regularization case to work on


# fGrid is a vectorised regular fine grid of the 3 parameter values


# dims is the 3 dimensions of the (non-vectorised) fine grid


# bnd.dims specifies the non-vectorised fGrid coordinate (not parameter value) range over which to compute Jacobian


# ord specifies the order in which the parameters are taken when choosing the 3 orthogonal composite tangent plane (to the best fit vector) error variables (deltaErr basis vectors), with the first deltaErr basis vector maximising the response to the specified first parameter, the second one to the 2nd such parameter (subject to being orthogonal to the first vector), and the 3rd basis vector then being fixed by the orthogonality requirement.


## Output object


# returns a list with members: Jacobian, determinant, delta.3errs, delta.r2, delta.r2.proj, e3, nonOrtho, r2.min, best.errs, best.pars.coord, delta.errs


# rtn.fGrid=TRUE causes the vectorised fine grid, fGrid, also to be output


# surface=TRUE causes the volumetric ratio of probability density in parameter (fGrid) space to that in error space (errs), allowing for any existing density in parameter space, to be output as the determinant.  


# Function used internally - determinant of a n 3 x 3 matrices, where n may be either a dimensioned or vectorised array, via expressing them as a n x 9 matrix


det3= function(x) {



dims=dim(x)



dim(x)= c(prod(dims)/9, 9)



a= x[,1]; b= x[,2]; c= x[,3]; d= x[,4]; e= x[,5]; f= x[,6]; g= x[,7]; h= x[,8]; i= x[,9]



det= a * (e*i - f*h) + b * (f*g - d*i) + c * (d*h - e*g)



dim(det)= dims[1:(length(dims)-2)]



det


}


## Parse and prepare the error data, truncating the whitened errors or multiplying them by the correct weights


error.ssq= errs[[1]][,1,k]


# test to see if errs is the output of whiteErrs.ssq (contains reg.list) or sample.ssq, and extract accordingly


# if errs[[2]] is a matrix, it will be composite whitened errors prepared by truePDF.all and is usable directly


if( is.matrix(errs[[2]]) ) {



white.errs= errs[[2]]


} else {



if( is.null(errs$reg.list) ) {





white.errs= errs[[2]][,1,k,]
 



} else {




if( is.null(errs$white.wts) ) {





white.errs= errs[[2]][,1:errs$reg.list[k],1]




} else {





white.errs= t( t(errs[[2]][,,1]) * errs$white.wts[,1,k] )




}



}


}


if( !is.matrix(white.errs) || dim(white.errs)[2]<3 ) { print("Error: Whitened errors must be a matrix with at least 3 columns"); break }


## locate best fit point, define related errors, find dimensional info, then rearrange data and grid into arrays


r2.min= min(error.ssq) 


best.pars= which( error.ssq==r2.min ) 


best.errs= white.errs[best.pars,]


m= ncol(white.errs)


n= nrow(white.errs)


if(!n==dims[1]*dims[2]*dims[3]) { print("error matrix length incompatible with dims"); break }


if(!length(error.ssq)==n) { print("error sum-of-squares length incompatible with dims"); break }


if(!nrow(fGrid)==n) { print("grid size incompatible with dims"); break }


if( !identical(old.metric,NA) ) {



if( length(old.metric)==3*n ) { 




dim(old.metric) = c(dims,3)



} else { print("specified old.metric (=prior probability/likelihood) has incorrect size"); break }


}


dim(error.ssq)= dims


dim(white.errs)= c(dims,m)


best.pars.coord= position(best.pars, dims)


dim(fGrid)= c(dims,3)


## find the (mean) Jacobian at the best fit point and derive from it the 3 orthonormal composite error vectors


J= jacobian(white.errs, fGrid, coords=best.pars.coord)$J[1,1,1,,]


# the 1st 3-error basis vector is in the direction which maximises change in the ordered first parameter for a given movement in 3-error space; the 2nd is likewise for the 2nd ordered parameter, minus the projection thereof onto the first 3-error variable (to make it orthogonal); the 3rd is likewise but with the projections onto the 1st and 2nd 3-error vectors substracted.  All 3-error basis vectors are normalised.


norm= sqrt(colSums(J^2))


e3= t(t(J)/norm)


e3[,ord[2]]= e3[,ord[2]] - sum(e3[,ord[1]]*e3[,ord[2]]) * e3[,ord[1]]


e3[,ord[2]]= e3[,ord[2]]/sqrt(sum(e3[,ord[2]]^2))


e3[,ord[3]]= e3[,ord[3]] - sum(e3[,ord[1]]*e3[,ord[3]]) * e3[,ord[1]] - sum(e3[,ord[2]]*e3[,ord[3]]) * e3[,ord[2]]


e3[,ord[3]]= e3[,ord[3]]/sqrt(sum(e3[,ord[3]]^2))


# compute the degree of non-orthogonality of each of the tangent plane basis vectors to the best fit error vector


nonOrtho=colSums(e3*best.errs/sqrt(ssq(best.errs)))


## having estimated tangent plane basis vectors using the parameter surface Jacobian, make them exactly in the tangent plane and orthogonal


# make the 3D errors lie exactly in the tangent plane, by deducting from each 3D error the outer product of the 20D best fit error and the projection onto it of the 3D error


e3= e3 - (best.errs/sqrt(ssq(best.errs))) %o% colSums(e3*best.errs/sqrt(ssq(best.errs)))


# renormalise and then reorthogonalise the 2nd and 3rd 3D errors to the first one and renormalise again


e3= t(t(e3)/sqrt(colSums(e3^2)))


e3[,ord[2]]= e3[,ord[2]] - sum(e3[,ord[1]]*e3[,ord[2]]) * e3[,ord[1]]


e3[,ord[2]]= e3[,ord[2]]/sqrt(sum(e3[,ord[2]]^2))


e3[,ord[3]]= e3[,ord[3]] - sum(e3[,ord[1]]*e3[,ord[3]]) * e3[,ord[1]] -sum(e3[,ord[2]]*e3[,ord[3]]) * e3[,ord[2]]


e3[,ord[3]]= e3[,ord[3]]/sqrt(sum(e3[,ord[3]]^2))


# define the full (eg, 20) dimensional delta errors wrt the best fit point, with squared lengths delta.errs, and the 3D errors that are their projections onto the tangent plane basis vectors


dim(white.errs)= c(n,m)


delta.20errs= t(t(white.errs) - best.errs)


delta.errs= rowSums(delta.20errs^2)


delta.3errs= delta.20errs %*% e3


# define the 1D delta squared error from the best fit point to the point in parameter space and its projection onto the 3D tangent plane at the best fit point.  


delta.r2= error.ssq - r2.min


delta.r2.proj= rowSums(delta.3errs^2) 


# if surface=FALSE, take the Jacobian J of the 3D errors wrt the parameters at each (fine) grid point. |J| relates the metrics of the 3D error space and the parameter space and gives their volumetric element ratio (=joint PDF transformation factor).  If surface=TRUE, take the square root of determinant of the sum of the prior parameter metric density and volRel computed by jacobian.


dim(delta.3errs)= c(dims,3)


jaco= jacobian(delta.3errs, fGrid, coords=bnd.dims) 


if(surface==TRUE) {



dim(white.errs)= c(dims,m)



J.sfc= jacobian(white.errs, fGrid, coords=bnd.dims, volumetric=TRUE)



if( identical(old.metric,NA) ) {




jaco$detJ= sqrt( det3(J.sfc$volRel ) )



} else {




jaco$detJ= sqrt( det3(J.sfc$volRel + old.metric ) )



}


}


out= list(jaco$J, jaco$detJ, delta.3errs, delta.r2, delta.r2.proj, e3, nonOrtho, r2.min, best.errs, best.pars.coord, delta.errs, J)


names(out)= c("Jacobian", "detJ", "delta.3errs", "delta.r2", "delta.r2.proj", "e3", "nonOrtho", "r2.min", "best.errs", "best.pars.coord", "delta.errs", "best.J")


if(rtn.fGrid==TRUE) { dim(fGrid)= c(n,3); out$fGrid= fGrid }


if(surface==TRUE) { out$volRel.sfc= J.sfc$volRel }


if(surface==TRUE && rtn.whiteErrsJ==TRUE) { out$J.sfc= J.sfc$J }


out

}

truePDF.all= function(errs, k, DoF, error.ssq.do=NA, sdInfo.do=NA, errs.ua=NA, k.ua=NA, DoF.ua=NA, dims=c(101,81,41), limits= c(0,10,0,8,-1.5,0.5), bounds=NA, prior.likelihood=NA, Y.grid=FALSE, ord=c(1,2,3), deduct.climProp=0, adj.DoF=0, d=NA, rtn.whiteErrsJ=FALSE, deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=TRUE, delta.whiteErr=FALSE, rtn.delta.3errs=TRUE, b.u=FALSE, surface=FALSE, ref=FALSE) {


### Version history and decription of function


ver='13Nov12' # fixed error (newlike undefined) when no do or ua data. Also default now ref=FALSE


#7Oct12: introduced ref=TRUE option to compute reference priors and use them to compute marginal PDFs in addition to using a Jeffreys' prior (which is what adj.metric==TRUE implements). Also extended implementation of bounds so that the likelihood and Jacobian etc. computations are carried out with the error.ssq, whitened error and any other input data trimmed from limits to bounds, with such other input data (if any) being accepted in either trimmed or untrimmed form. Also now outputs 'like'. On 12Oct modified to use two-group reference priors as well; no change of version date.


# 15Jul12: (no change to version date) replaced substitution of TRUE for FALSE for adj.area when adj.metric=TRUE with a warning that the results would be invalid


# 1Jul12: fixed some descriptions, reordered input arguments; removed default for delta.r2 and added warning about not using it when surface=TRUE


# 27May12: major revision to compute the m-error space density using separate distributions for each of the diagnostic r2's even when the whitened errors are combined to compute the metric adjustment. Also allows for partial df of whitened errors when Tikhonov regularization used, so that the effective number of df is less than their actual no. On 23Jun12 added r2.min.main to output list, without changing version date


# 18May12: now returns volRel, the parameter surface induced metric, as well as the whitened errors, if surface=TRUE and rtn.whiteErrsJ=TRUE


# 14May12: implemented 'surface' option,, to estimate parameter PDFs correctly in the presence of parameter curvature, optionally using an input prior.metric and/or outputting the Jacobians used. Also changed the dimensionality of the whitened error array passed to calcMetric to conform with new version. Now returns best fit Jacobian(s).


# 12May12:fixed a bug applying when calcmetric called with surface and upper air but no ocean data. And corrected k to m (total no. of whitened errors) in non delta.r2 F-dist


# 9May12: fixed a bug applying when run on Tikhonov regularized errors data


# 6May12: added p.eff output argument: requires 6May12+ version of whiteErrs.ssq to have been used to produce errs and errs.ua in order to work


# 3May12: implemented Bayesian updating (b.u=TRUE) 


# 2May12: developed from truePDF.do, which could only work with either the surface or upper air data (+ ocean data)


# This is the function that carries out all the statistical inference from the diagnostic whitened errors


### Purpose and overview


# computes, for the three 'diagnostics' used in Forest 2006 etc., the joint likelihood/joint PDF for all combinations of the 3 climate parameters, then integrates out parameters to give, for each climate parameter in turn, first the bijoint marginal PDF with one of the other two parameters (e.g., rtKv when S is specified) and then the marginal PDF for the parameter.


# works from the output of whiteErrs.ssq, the first member of which is a 3D array with dim[1]=length of stacked 3D regular fine grid of dimensions dims; dim[2]= no. of control data samples used containing the sum-of squares of the whitened errors (r2) computed for each control data sample (normally only one, the full matrix) and dim[3]= no. of truncation or other regularisation levels; and whose 2nd member is a 3D array with dim[1]=length of fine grid, dim[2]= no. of whitened errors, dim[3]= no. of control data samples used when whiteErrs.ssq was run (must be 1, as per default times=1).  Unlike the output of sample.ssq, whiteErrs.ssq does not produce separate versions of whitened errors for each regularization value.


# errs is normally the ouput of whiteErrs.ssq run on surface data, which is required for useful inference about the parameters.  The ouput of whiteErrs.ssq run on deep ocean and/or upper air data can optionally be used as well.


# the current version works whether, when generating errs, whiteErrs.ssq has used truncation or Tikhonov regularization


# the joint likelihood is computed, on the basis specified by optional arguments, from a vector of stacked error sums-of-squares (error.ssq or r2) over a fine regular grid with dimensions given by dims (for S, rtKv or Faer respectively), the stacking being with S varying most rapidly and Faer least. The grid may alternatively have S replaced by the climate feedback parameter Y ~ 1/S. Provided CDF=FALSE, smooth.pdf=FALSE and adj.area=TRUE, the likelihood should be a valid PDF for the 3 whitened delta-errors (if delta.r2=TRUE and surface=FALSE and the parameter surface is flat) or for all the whitened errors (if delta.r2=FALSE and surface=TRUE). If the parameter surface is modestly curved then setting delta.WhiteErr=TRUE or proj.deltaErr=TRUE should be more accurate when using delta.r2=TRUE (see below).  delta.r2=TRUE gives Forest and Allen's delta-r^2 method, based on a F_3,v distribution.

# when adj.metric=TRUE, the joint probability density for the parameters is computed from the joint likelihood using a conversion factor that equates to using a noninformative joint prior for the parameters.

# the probability densities for the parameters are only valid if adj.metric=TRUE (which forces CDF=FALSE and adj.area=TRUE)


# the probability densities are normalised, the necessity of which reflects the possibility of some probability weight lying outside the grid


### Statistical basis of the computations 


# (a) error.ssq/k should be distributed according to an F-distribution with degrees of freedom (DoF) k and v, where v and k are the nos. of DoF in respectively the estimation of the noise (natural internal variability of the observational data for the diagnostic involved, as estimated from AOGCM control run simulations) covariance matrix, and in the regularized /truncated inversion of that matrix.  This is per Allen & Tett (1999) equation 20 (noting that m=0 here since no climate parameters have been estimated when computing error.ssq) and the alternative, slightly modified, version thereof in Curry (2007) equation 3.17 (the LHS of which is missing a division by n). If the control data covariance matrix has been inverted using Tikhonov regularization rather than EOF truncation, k is replaced by the effective no. of parameters/ degrees of freedom retained in the regularized inverse: p.eff=sum(D/(D+h^2)) where D is the p long vector of the covariance matrix eigenvalues and h is the regularization factor. 


# (b) the excess of error.ssq over min(error.ssq), being delta.r2, is distributed according to an F-distribution with DoF 3 and v.DoF respectively, per Forest (2000) and Forest (2001) equation 7.  This appears to come from linear regression theory, where the parameters have a planar intersection with the m variate discrepancy error space. Selecting the closest point on the parameter plane to the origin of the m-variate space as a delta error origin, the hyperplane will be normal to the minimum discrepancy error vector (it will be the tangent plane to a hypersphere centered on the origin of m-space), and at any point in the parameter plane the squared length of each of the m whitened discrepancies will equal the sum of the squares of their length projected onto the minimum error vector (which is constant) and onto the parameter hyperplane.  The latter lengths, as 3 variate linear combinations of the m discrepancies, will have a 3-variate normal distribution (Mardia, 1979, Theorem 3.1.1).  Distributions in the m variate space are IID  (isotropic) so the delta error normal distributions on the parameter hyperplane will be IID with zero mean.  They will also have unit variance since the m discrepancy errors do so and the projection vector has unit length (Mardia, 1979, Theorem 3.2.1). Hence the sum of the squares of the delta errors will have a Chi-sqd 3 distribution. Given the uncertainty in the variances of the m discrepancy errors, estimated with v df, this will translate into a {3 F(3,v)} distribution.


# (c) the F-distribution PDF doesn't directly give a joint likelihood for the three climate parameters, at least for the surface and upper air diagnostics, since it does not represent, as it would need to, a joint probability density for the observables that are a function of those parameters. It represents the probability density for the unidimensional, squared sum of 3 assumed independent (mutually orthogonal in the 3D error space) N(0,σ) error variables (with σ estimated to be 1) representing the uncertainty distribution of the location of the true parameter combination relative to the best fit combination, not the 3D joint PDF of those variables.  


# (d) The F-PDF can be converted into a joint PDF for the error variables by a simple geometric correction, which is done if adj.area=TRUE and CDF=FALSE. The requisite correction is made when adj.area=TRUE. But that does not adjust for the non-linear relationship between the parameters and the 3 error variables.  adj.area=TRUE ensures that all points in parameter space that have a delta.r2 lying between two adjacent CDF levels, and hence a particular PDF level that when adjusted for area gives the correct mean volumetric density in this delta CDF shell, are in aggregate given the correct total probability.  adj.metric (see below) then allocates the overall probability for each shell correctly between its constituent parameter combinations.


# (e) The density in joint parameter space is obtained from that in the 3-error space by multiplication by the absolute determinant of the Jacobian of the 3-errors wrt the parameters [Sivia, 2006, p70]. Equivalently, in Bayesian terms, use of the Jacobian determinant as the joint prior distribution - which should be the correct noninformative prior - would produce the same result.  Multiplication by the absolute determinant of the Jacobian, which can be viewed either as as a conversion the joint PDF from 3-error space to parameter space, or as the substitution of a noninformative joint prior for a uniform joint prior, is effected if adj.metric=TRUE.

# (f) To compute the Jacobian of the 3-error space on the parameter space, knowledge of delta.r2 is insufficient; the excess of the error at each point on the parameter surface over the error at the best fit point (the delta error) as a vector in the 3-error space is needed. This is obtained by projecting the delta error onto 3 orthogonal unit basis vectors in the 3-error space, all of which will also be orthogonal to the best fit error vector in the full dimensional error space. The Jacobian determinant is independent of the particular basis vectors in 3-error space that are chosen.

  
# (g) To the extent that the parameter surface in the full dimensional error space is curved and moves away from the tangent 3D plane to the error at the best fit parameter combination, the statistical model ceases to be accurate. The main problem is that since the delta error then no longer lies exactly in the 3D tangent hyperplane, part of it is not constrained to 3D and hence is not subject to the F(3, v) error distribution.  This error will be insignificant near the best fit point, where the probability density is highest.  If computation is to be carried out on the 3D tangent hyperplane, then a conservative approach is to use only the projection of the delta error onto that 3D plane when computing the probability using the F(3,v) distribution and to ignore the further reduction in probability arising from the component of the delta error that is orthogonal to the 3D tangent plane.  Setting proj.deltaErr=TRUE uses that projected error only, rather than the full length of the delta error. However, testing indicates that the difference between the length of the (20D or 24D for surface data) delta error vector and the length of its projection onto the 3D tangent plane is small, at least for areas where probability is non-negligible. The difference between those two lengths and delta.r2 (r^2 - r^2_min) is considerably more significant.  Setting delta.WhiteErr=TRUE, when proj.deltaErr=FALSE, uses the length of the delta error vector.  If both proj.deltaErr and delta.whiteErr are false, delta.r2 is used, as in Forest 06, when delta.r2=TRUE. Set, instead, surface=TRUE to allow properly for curvature.

# (h) if errors from the deep ocean and/or upper air diagnostics are input in addition to data in errs from the surface diagnostic, all the error variables are all treated as independent of each other and accordingly all are added together to get the error sum-of-squares and all are included in a single larger dimensioned set of whitened errors.  


# (i) Alternatively, setting b.u=TRUE with adj.metric=FALSE results in a separate F-distribution being computed for each diagnostic separately (= a t-distribution for the deep ocean errors) and the resulting probability densities being treated as likelihood functions for the parameters, and multiplied together to implement Bayesian updating.


# (j) If b.u=TRUE and adj.metric=TRUE, the metric adjustment is carried out as normal but the likelihood is computed by multiplying the separate diagnostic joint parameter likelihoods, as in Bayesian updating. 

# (k) Since ocean errors have a t-distribution with a much smaller DoF than the F-distribution DoF for the main diagnostic, a t-distribution is emulated by a mixture of up to 4 normal distributions.  That being the case, matrices rather than vectors are returned for best.pars.coord and best.errors, one column for each mixture component


# (l) Since the upper air control data covariance matrices are estimated with degrees of freedom of the same order of magnitude as for the surface diagnostic, being ≫3, and the upper air diagnostic contains much less constraining information than does the surface data, only one DoF parameter is used for both diagnostics when data from both are used. That parameter should be the DoF for the estimation of the surface control data matrix, with the surface error data being input as errs. (DoF.ua is only used if bayesian.updating=TRUE)


# (m) The function can be run with the upper air rather than surface diagnostic as the source of main data in errs.  For the unitary deep ocean diagnostic, r2 has 1 DoF, so there is only 1 DoF in the F-dist'n (=T-dist'n) even though there are 3 parameters; delta.r2 must not be used in this case, and it is impossible to derive a metric-adjusted joint PDF for the parameters based purely on this diagnostic since a Jacobian determinant cannot be computed.  The deep ocean errors should instead be input as error.ssq.do and processed together with the surface (or upper air) errors. 


# (n) Curvature of the parameter surface also affects the relationship between the (volumetric) probability density in error space and that in parameter space.  Working in the 3D tangent hyperplane enables a simple 3D to 3D transformation of variables approach to be taken, using the determinant of the Jacobian of 3D delta errors on the parameters. However, this approach is inaccurate where the parameter surface has curved away from the tangent hyperplane. Instead, the induced metric on the subspace of the full m dimensional whitened discrepancy error space consisting of the parameter surface needs to be computed. That is, the probability density needs to be adjusted by the ratio of the volumetric density of whitened errors at the relevant point on the parameter surface to the parameter density there, rather than at the projection of that point onto the tangent hyperplane. This requires computing the m x 3 Jacobian of whitened errors on the parameters, pre-multiplying that Jacobian by its transpose and taking the square root of the determinant thereof. That is exactly the same as converting the PDF in the full dimensional whitened error space to a PDF for the parameters on the embedded parameter hypersurface. See Mardia, 1979, Theorem 2.5.6. 

# (o) When Tikhonov regularization has been used to invert the climate noise covariance matrix and compute the whitened errors, they will all have fractional effective degrees of freedom, equal to their expected variance.  The whitened errors for each diagnostic will have in aggregate p.eff d.f., where p.eff= sum(1/(1+h^2/d)), h being the regularization parameter and d the covariance matrix eigenvalues. Several whitened errors whose effective degrees of freedom add to unity, being independent, could be added together to give a single whitened error with the usual unit variance. Therefore one should use p.eff both as the divisor for the error sum-of-squares in the F distribution and for its first DoF.  When computing the subspace metric each whitened error is already treated as having its influence reduced pro rata to its effective d.f., through being weighted thereby prior to the Jacobian being calculated; no further adjustment is needed. The deep ocean normal distributions emulating a t-distribution should be treated as having d.f. equal to one, not 1/scale^2, since the basis of the emulation is that each element of the simulation will in fact correctly whiten the deep ocean error (whose variance is ver uncertain) to unit variance in the appropriate proportion of instances. 


### Required functions: calcMetric (requires jacobian); emulateT


### Input arguments


# errs - see description of this list above.  In addition to the first two members already decribed, it will have: errs$reg.list, errs$d and errs$V (neither used here) and, if Tikhonov regularization was used, errs$white.wts


# dims is a 3-vector specifying the fine grid dimensions (no. of points) for S, rtKv and Faer in that order (which is also the order of rapidity in which those dimensions change in the stacked grid format in which sample.ssq supplies the errors). The lower and upper parameter limits for each dimension are set by 'limits'.


# prior.likelihood: the computed likelihood function is multiplied by an optional joint prior.likelihood (=PDF using uniform priors) stacked over same grid.  This may be a list with two components each of which is such a likelihood, using their product. prior.likelihood, if supplied, must be a joint prior PDF for the three parameters, at vectorised fine grid positions, or a list the product of the first two members of which is such a PDF. if prior.likelihood=NA then uniform prior distributions within the bounds are in effect used for all parameters if adj.metric=FALSE, and a noninformative joint prior if adj.metric=TRUE.  See also prior.metric, for use when surface=TRUE.


# k is the regularization parameter, which must be a member of the list of regularization parameters at which whiteErrs.ssq was run.  If truncation was used in whiteErrs.ssq, k equates to the number of retained EOFs in the control data matrix inversion, and only the first k of the whitened errors will be used. For the 1D deep ocean diagnostic, set k=1. 


# DoF is the effective degrees of freedom in the estimation of the diagnostic covariance matrix (being v)


# deduct.k: if TRUE then both the error ssq and the F DoF are adjusted as per Curry 2007 eqn 3.17 (with a missing divisor of n inserted in the LHS). The default is FALSE, in accordance with Allen & Tett 1999 Eq.20 (m=0 here), on the basis that k only has to be deducted if the noise covariance matrix is estimated using the same data from which the errors being whitened are derived, which is not the case in Forest 2006.


# delta.r2: if TRUE then Allen & Forest's delta r^2 method is used - min(error.ssq) is deducted from all error.ssq and the F-dist numerator DoF is set to 3 (# of parameters in the model). ONLY USE IF error.ssq is of >3 VARIABLES. Not intended to be used in conjunction with surface=TRUE. When it isn't, but adj.metric=TRUE, delta.r2 should not be used with b.u=TRUE since the metric adjustment is based on a single best fit parameter combination, not one for each diagnostic as occurs when delta.r2=TRUE with separate likelihoods 


# proj.deltaErr: if delta.r2=TRUE & proj.deltaErr=TRUE (or is a vector of projected 3D delta error lengths) then delta.r2 is replaced by the calculated or supplied length of the projection of the (20D) delta errors onto the 3D tangent plane to the best fit.  proj.deltaErr must be T, F or a length prod(dims) vector of supplied values


# delta.WhiteErr: if delta.r2=TRUE & proj.deltaErr=FALSE & delta.WhiteErr=TRUE then delta.r2 is replaced by the calculated or supplied lengths  of the (20D) delta errors. delta.whiteErrs must be either T, F or a vector of length prod(dims)


# CDF: if TRUE, uses F-distribution CDF to compute likelihood & confidence volumes, otherwise uses its PDF 


# smooth.pdf: if TRUE (and CDF==FALSE) sets PDF to peak thereof where error is below the PDF peak 


# adj.area: if TRUE, and CDF=FALSE, then the F-PDF is converted from a density on delta.r2 space to a density on the space of the underlying three independent N(0,1) error variables that create the Chi-sq(3) distribution forming the numerator of the F(3, v.DoF) distribution.  The Chi-sq(3) PDF in terms of delta.r2 is proportional to sqrt(delta.r2) * the joint PDF of those 3 errors, so the conversion involves dividing the F-PDF by sqrt(delta.r2) [Sivia, 2006, p71].


# adj.metric: if TRUE, and adj.area=TRUE, the joint PDF is converted from the above density on the space of the underlying three independent N(0,1) error variables to a joint density for the 3 parameters by reference to the ratio of the respective volumetric elements of the metrics of the two spaces, as given by the determinant of the Jacobian of the error wrt the parameter space. If that determinant is supplied as the value of adj.metric it is so used, otherwise the Jacobian and its determinant is computed using the matrix of all (not 3) error variables given as the 2nd member of error.ssq


# b.u: if set to TRUE this causes separate likelihoods to be computed for deep ocean and/or upper air data and these multiplied with the main surface likelihood, as in Bayesian updating, rather than merging all the data sets. If both surface (or adj.metric, or proj.deltaErr, or delta.whiteErr) and b.u are true, the metric is correctly adjusted, surface used, etc, in the same way as when b.u=FALSE (single step inference), but separate likelihoods are computed. b.u is copied as b.u.llhd and then b.u is changed to FALSE


# surface: if TRUE, the metric is adjusted by the ratio of the volumetric density of whitened errors at the relevant point on the parameter surface to the parameter density there, rather than at the projection of that point onto the tangent hyperplane (the closest alternative).  When surface=TRUE, delta.r2 should logically not be used.



# prior metric, if supplied as the second member of a list version of prior.likelihood, is (when surface=TRUE) applied as a prior metric for the parameter space when calculating the volumetric density ratio, with the first member of prior.likelihood alone being used to multiply the current likelihoods computed by truePDF.all.



# rtn.whiteErrsJ (when surface=TRUE) returns as J.sfc the Jacobian of the combined whitened errors on the parameters at all points in parameter space.  This is a large array.


# Y.grid: if TRUE then computations are carried out in Y space (Y~1/S) and converted to S-space at the end


# rtn.delta.3errs: if TRUE, when adj.metric is used, outputs the computed 3D errors at each grid point. 


# limits: should correspond to the pairs of lower and upper grid coordinates, for each parameter in turn, in errs, error.ssq.do, errs.ua and prior.likelihood. 


# bounds: if not NA, set (in same format as limits) the lower and upper grid coordinates for each parameter to compute likelihoods etc and to integrate over/estimate a PDF 


# error.ssq.do: optional - if used it must be an output list object from whiteErrs.ssq run on the deep ocean diagnostic data: error.ssq.do[[1]] is a 3D array with dim[1] the squared errors (of same length as error.ssq), dim[2]=1 and dim[3]=1 ; error.ssq.do[[2]] is a 3D array with dim[1] (of same length as errs) containing the signed errors, dim[2]=1 & dim[3]=1



# sdInfo.do:  only needed if error.ssq.do is input.  It is a vector whose components are: 1) the degrees of freedom available when making that estimate; and 2) the number of normal distributions (1 -in which case the t-distribution is treated as a normal distribution - or 4) to be used to emulate a t-distribution with that DoF. If the (optional) 3rd element of sdInfo.do is TRUE and the 2nd element is 4, a copy of all 4 joint likelihoods will be output as prob.t4, and detJ, volRel, delta.errs, delta.r2.proj and delta.3errs will be output without averaging them.


# errs.ua: optional - if used it must be an output list object from whiteErrs.ssq run on the upper air diagnostic data.  NB In order to keep memory usage reasonable, truncation needs to be used when running whiteErrs.ssq on the upper air diagnostic data.


# k.ua: if errs.ua is supplied this should be the desired regularization parameter for the upper air data, being a member of errs.ua$reg.list, the vector of regularization parameters at which whiteErrs.ssq was run on the upper air diagnostic data


# ref: if TRUE, implements computation of one-at-a-time (separately grouped parameters) reference priors treating each parameter as being of interest in turn, with both possible orderings of the remaining (nuisance) parameters, and for each computes resulting joint reference posterior and marginal PDF for the parameter of interest.


## The following input arguments are for experimental purposes only and should be left at their default values.  Use of some or all of them is incompatible with the current version of this function.


# if deduct.climProp >0, the 2nd DoF of the F statistic(s) is reduced by that number (intended to be set equal to the no. of climate parameters being estimated, here 3)


# if adj.DoF>0, the F-distribution 2nd DoF is scaled, currently by a fixed factor. Can't affect DoF.ua.


# d is the complete vector of eigenvalues of the noise covariance matrix: only required if adj.DoF>0


# ord, a permutation of (1,2,3), controls the parameter order in which the 3D error basis vectors are chosen and orthogonalised, when adj.metric is used.  It has no effect on the computed probability distributions.


### Output list consists of the following named components


# pdf.S, pdf.K, pdf.F: normalised estimated marginal PDFs for respectively S, rtKv and Faer


# bijoint.S, bijoint.K, bijoint.F: normalised joint marginal PDFs for respectively S & rtKv, rtKv & Faer, Faer & S 


# like: estimated joint likelihood for all parameters, before metric adjustment or multiplication by prior likelihood or by reference prior or prior.likelihood 


# new.like: normalised estimated joint PDF for all parameters (=likelihood post metric adjustment).  


# totProb: total computed joint probability prior to normalisation.  Likely to be <1 due to omitted probability lying beyond the grid boundaries


# limits, CDF, delta.r2, adj.area, adj.metric, smooth.pdf, k, proj.deltaErr, delta.whiteErr: copies of corresponding input arguments


# if Tikhonov regularization used for errs, p.eff, the effective no. of degrees of freedom in the inversion of the main (errs) diagnostic control data covariance matrix


# bounds: copy of that input argument, or computed version (same as limits) if not specified

 
# divs: a vector of the grid divisions (spacing) for S, rtKv and Faer


# ver: the version (last revision date) of the function 


# which of the following items are included in the output list depends on whether Bayesian updating has been used:


# b.u: if TRUE, uses Bayesian updating to compute the final joint parameter PDF, as in Forest 2006. 


 # sim.dat: if deep ocean data has been input, the standard deviations and weights of the normal distributions to be used to emulate the t-distribution, and the specified t-distribution d.f. used to compute them 


 # if deep ocean data is input and b.u=FALSE, r2.wtd is the sum of the weighted mean r^2 from the deep ocean emulated t-distribution, r^2 from 'errs' and (if upper air data also input) r^2 from 'ua.errs' 


 # when deep ocean data is input, the following are based on the t-distribution emulation but (except if sdInfo.do[3]=TRUE) are weighted averages, not copies at each standard deviation case used for the emulation


 # detj: the absolute Jacobian determinant of the 3D errors at each grid point, used to adjust the PDF on transforming from the 3D error space metric to the parameter space metric


 # delta.errs: the squared length of the vector, in full dimensional error space, from the best fit coordinates to the coordinates of each grid point (all grid points lying on the 3D parameter surface).  Used if delta.whiteErrs=TRUE


 # delta.r2.proj: squared length of the projection on to the 3D tangent plane at of the vector, in full dimensional error space, from the best fit coordinates to the coordinates of each grid point.  Used if proj.deltaErr=TRUE


 # delta.3errs (if requested): the projections, of the vectors whose squared lengths are delta.errs, onto a set of orthogonal basis vectors in the 3D tangent hyperplane to the vector from the error space origin to the best fit point


# when deep ocean data is input, the following are arrays with an extra final dimension and one component of the t-distribution emulation per last dimension index:


 # e3: three 3D basis vectors - 3 columns x one row per error in the diagnostic(s) used (incl. for ocean, if input)


 # best.coord: vector of grid coordinates of best fit point


 # best.errs: vector of errors in the diagnostic(s) used (incl. for ocean, if input) at the best fit point


# r2.min and r2.min.main: the minimum r^2 for the augmented comined error data and for the main 'errs' data respectively; will be the same if only one diagnostic used


# indpt.errors: the number of whitened errors used in analysing the main 'errs' data as possibly augmented by deep ocean and/or upper air data


# if upper air data is input: copies of the input arguments k.ua and DoF.ua; r2.min.ua, the minimum r^2 for the ua data; and if b.u=TRUE the separate likelihood computed from the ua data


# if Tikhonov regularization used for errs.ua, p.eff.ua, the effective no. of degrees of freedom in the inversion of the upper air diagnostic control data covariance matrix


# if ref or surface is TRUE, volRel.sfc, which is the model parameter metric (=Fisher's information matrix for the parameters)


# if ref is TRUE, pdf.S1/K1/F1 and pdf.S2/K2/F2 being the marginal reference posteriors for S, K and F with for S1/K1/F1 respectively F, F and S as the lowest priority order parameters, and for S2/K2/F2 respectively K, S and K as the lowest priority order parameters. Also refPr.S1/K1/F1 and refPr.S2/K2/F2 being the corresponding reference priors used to derive these posteriors.


### Carry out preliminary checks


#Check on and store k and k.ua (regularisation levels to use); obtain p.eff & p.eff.ua (if Tikhonov regularization)


if( !is.element(k, errs$reg.list) ) { print("Error: errors data was not computed for specified regularization parameter k, which must be a member of errs$reg.list"); break }


k.in= k


p.eff.ua= NULL


case= which(errs$reg.list==k)


p.eff= errs$p.effs[case]


if( !identical(errs.ua, NA) ) {



if( !is.element(k.ua, errs.ua$reg.list) ) { print("Error: if upper air squared errors are input, a regularization parameter that is a member of errs.ua$reg.list must be given as k.ua"); break }



case.ua= which(errs.ua$reg.list==k.ua)



p.eff.ua= errs.ua$p.effs[case.ua]


}


if(!length(limits)==6 | limits[2]<limits[1] | limits[4]<limits[3] | limits[6]<limits[5]) { print("arg limits invalid") }


if( is.na(bounds[1]) ) { bounds=limits }


trim= ifelse( identical(bounds,limits), FALSE, TRUE )


if( !length(bounds)==6 | bounds[2]<bounds[1] | bounds[4]<bounds[3] | bounds[6]<bounds[5] ) { print("arg bounds invalid") }


if(Y.grid && !bounds[1]>0) { print("bounds[1]>0 required if Y.grid specified; setting it to exclude zero"); bounds[1]=(limits[2]-limits[1])/(dims[1]-1) }


p=length(d); if( adj.DoF>0 && p<k ) { print("Must supply full eigenvalue vector if adj.DoF>0") }


if( delta.r2 && ifelse( is.null(p.eff), k, p.eff ) <= 3 ) { print("delta r^2 method must not be used when <= 3 DoF in diagnostic used to give r^2; setting delta.r2=FALSE"); delta.r2=FALSE }


if(surface==TRUE && adj.metric==FALSE) { print("surface=TRUE is ineffective if adj.metric=FALSE; setting adj.metric to TRUE"); adj.metric=TRUE }


if( delta.r2==FALSE && surface==FALSE && (adj.area==TRUE || adj.metric==TRUE)) { print("Cannot adjust area or metric if delta.r2=FALSE and surface=FALSE; setting adj.area=FALSE and adj.metric=FALSE"); adj.area= adj.metric= surface= FALSE }


if(adj.metric==TRUE && adj.area==FALSE) { print("WARNING: adj.area should be TRUE for adj.metric to work correctly, in order to adjust from density on r2/delta.r2 space to density on full whitened error/3-error space when converting from the latter metric to the parameter space metric. Results with adj.area=FALSE will be invalid.") }


if(adj.area==TRUE && CDF==TRUE) { print("Must use F PDF not CDF if adj.area=TRUE; setting CDF=FALSE"); CDF=FALSE }


if(adj.area==TRUE && smooth.pdf==TRUE) { print("Can't use smooth.pdf if adj.area=TRUE; setting smooth.pdf=FALSE"); smooth.pdf=FALSE }


b.u.llhd= b.u


if( surface==TRUE || adj.metric==TRUE || !identical(delta.whiteErr,FALSE) || !identical(proj.deltaErr,FALSE) ) { b.u = FALSE }


if( (surface==TRUE || adj.metric==TRUE || !identical(delta.whiteErr,FALSE) || !identical(proj.deltaErr,FALSE) ) && b.u.llhd==TRUE) { print("Note: b.u=TRUE setting changed to FALSE but provided delta.r2=FALSE separate likelihoods will be computed for each diagnostic and multiplied as per Bayesian updating. Conversion from either the full dimensional or 3D error metric to the parameter space metric will be used as specified. If delta.r2=TRUE, delta.whiteErr or proj.deltaErr will be used as specified but a single, combined, likelihood will be used.  NB delta.r2=TRUE should NOT be used with surface=TRUE: they are logically inconsistent.") }

if( ref==TRUE && identical(error.ssq.do, NA) ) { print('Error: ref=TRUE requires deep ocean whitened error data; changing ref to FALSE since no such data provided'); ref=FALSE }

if( ref==TRUE && adj.area==FALSE ) { print('Error: ref=TRUE requires a geometric correction to the F-distribution to be valid; changing ref to FALSE since adj.area=FALSE => no such correction'); ref=FALSE }


## Compute total size of grid (no. of grid points) and for each parameter divs (grid spacing) to limits, and upper and lower grid points of bounds


size.lim= prod(dims)


dim(bounds)= dim(limits)= c(2,3)


bnd.dims= array(dim=c(2,3))


divs= ( limits[2,] - limits[1,] ) / (dims-1)



for (j in 1:3) { bnd.dims[,j]= c(round( (bounds[1,j]-limits[1,j])/divs[j], 0) + 1, round( (bounds[2,j]-limits[1,j])/divs[j], 0) + 1) }


trimmed= as.vector( array(1:size.lim, dim=dims)[ bnd.dims[1,1]:bnd.dims[2,1], bnd.dims[1,2]:bnd.dims[2,2], bnd.dims[1,3]:bnd.dims[2,3] ] )


dims.lim= dims


dims= c(bnd.dims[2,1]-bnd.dims[1,1]+1, bnd.dims[2,2]-bnd.dims[1,2]+1, bnd.dims[2,3]-bnd.dims[1,3]+1)


size= prod(dims)


## Check that any specified prior likelihood/density has the correct length and if a list convert it to vector(s)


prior.metric= NA


if( is.list(prior.likelihood) ) { 



if( !( length(prior.likelihood[[1]])==length(prior.likelihood[[2]]) && (length(prior.likelihood[[1]])==size || length(prior.likelihood[[1]])==size.lim) && is.vector(prior.likelihood[[1]]) && is.vector(prior.likelihood[[2]]) ) )  { print("Specified prior density/likelihood is a list the first and/or second member of which has length incompatible with the dims of either the specified limits or bounds or differ in length or is not a vector"); break } 



if(surface==TRUE) {





prior.likelihood= prior.likelihood[[1]] 




if(trim==TRUE) {
prior.likelihood[[2]]= prior.likelihood[[2]][trimmed] }




prior.metric= prior.likelihood[[2]] 



} else {




prior.likelihood= prior.likelihood[[1]] * prior.likelihood[[2]] 



}


} else { 



if( !identical(prior.likelihood, NA) && ( !is.vector(prior.likelihood) || (!length(prior.likelihood)==size && !length(prior.likelihood)==size.lim) ) ) { 




print("Specified single prior likelihood has length incompatible with dims of either the specified limits or bounds"); break 



} else {




if(trim==TRUE) {
prior.likelihood= prior.likelihood[trimmed] }



}


}


## Select / test / generate data, including if required the Jacobian determinant and/or projected errors


# Parse and extract/process errors data, depending on if from sample.ssq or whiteErrs.ssq, and check its dimensions. Then reduce size from spanning limits to spanning bounds, if required


r2= errs[[1]][,1,case]


r2.min.main= min(r2)


if( !size.lim==length(r2) ) { print("Specified dims incompatible with length of squared errors per errs"); break }


if( is.null(errs$white.wts) ) {



white.errs= errs[[2]][,1:k,1]


} else {



white.errs= t( t(errs[[2]][,,1]) * errs$white.wts[,1,case] )


}


m= m.orig= dim(white.errs)[2]


if( !is.matrix(white.errs) || m<3 ) { print("Error: Whitened errors must be a matrix with at least 3 columns"); break }


m.eff= ifelse( is.null(p.eff),  m, p.eff )


if(trim==TRUE) {
r2= r2[trimmed]; errs[[1]]= array( errs[[1]][trimmed,,], dim=c(size, dim(errs[[1]])[2], dim(errs[[1]])[3]) ); white.errs= white.errs[trimmed,] }


## If ocean errors data are input, check and extract it and related auxiliary information, and update m


if( !identical(error.ssq.do, NA) ) {



if( length(sdInfo.do)<3 || sdInfo.do[2]==1 ) { sdInfo.do[3]= FALSE }



if( !length(sdInfo.do)==3 ) { print("Error: if deep ocean squared errors are input, degrees of freedom used for that estimate, and number of normal distributions to be used to emulate a t-distribution with that DoF (1 [i.e., treat t-distribution as if a normal distribution] or 4), with an optional 3rd element set TRUE if extra diagnostic output is required, must be given as sdInfo.do vector"); break }



if( !is.list(error.ssq.do) || !length(error.ssq.do[[1]])==size.lim || !length(error.ssq.do[[2]])==size.lim )  { print("Error: if deep ocean errors are input, must be as a list whose first two members are the error sums-of-squares and the whitened errors - an output object from whiteErrs.ssq, run using the same fine grid (including as to parameter limits) as errs"); break }



error.ssq.do[[2]]= as.vector(error.ssq.do[[2]])



DoF.t= sdInfo.do[1]



if(b.u==FALSE) { 




m= m + 1




m.eff= m.eff + 1 




# get specifications of deep ocean estimated standard deviation, DoF thereof and no. of emulation components




sims= sdInfo.do[2]




if(!(sims==1 || sims==4)) { print("Deep ocean simulation no. invalid: setting to 1"); sims= 1 }




# derive the standard deviations and weightings of the normal distributions to be used to emulate a t-distribution for the errors in the ocean diagnostic, then compute accordingly rescaled versions of the ocean errors




sim.dat= emulateT(sd.t=1, DoF.t, sims)




errs.do= matrix( nrow=size.lim, ncol=sims )




for (i in 1:sims) {
errs.do[,i]= error.ssq.do[[2]] / sim.dat$scale[i] }



}



if(trim==TRUE) {
errs.do= errs.do[trimmed,] }


}


## If upper air errors input, check and extract tham and related auxiliary information, and merge with main data


if( !identical(errs.ua, NA) ) {



if( !is.list(errs.ua) || !dim(errs.ua[[1]])[1]==size.lim || !dim(errs.ua[[2]])[1]==size.lim )  { print("Error: if upper air errors are input, must be as a list whose first two members are the error sums-of-squares and the whitened errors - an output object from whiteErrs.ssq, run using one sample (times=1) and the same fine grid (including as to parameter limits) as errs"); break }



r2.ua= errs.ua[[1]][,1,case.ua]



if( is.null(errs.ua$white.wts) ) {




white.errs.ua= errs.ua[[2]][,1:k.ua,1]



} else {




white.errs.ua= t( t(errs.ua[[2]][,,1]) * errs.ua$white.wts[,1,case.ua] )



}



if(trim==TRUE) {
r2.ua= r2.ua[trimmed]; white.errs.ua= white.errs.ua[trimmed,] }



if(b.u==FALSE) { 




m= m + dim(white.errs.ua)[2]




m.eff= ifelse( is.null(p.eff.ua),  m.eff + dim(white.errs.ua)[2] , m.eff + p.eff.ua )




r2= r2 + r2.ua




white.errs= cbind(white.errs, white.errs.ua)



} else { 




if(is.na(DoF.ua)) { print("Warning: DoF.ua needed but not specified; setting equal to DoF"); DoF.ua= DoF }



}


}


# set flags so can test if required data has been input and whether the Jacobian is to be or has been computed


detJ= NA


fGrid= NA


jaco=NA


# test value of proj.deltaErr to see if valid


if(!(proj.deltaErr[1]==TRUE || proj.deltaErr[1]==FALSE || length(proj.deltaErr)==size.lim || length(proj.deltaErr)==size)) { print("proj.deltaErr value invalid; must be FALSE, TRUE, or a length prod(dims) or prod(dims.lim) vector of delta.r2.proj from calcMetric"); break }


if( length(proj.deltaErr)==size.lim ) {
proj.deltaErr= proj.deltaErr[trimmed] }


if( length(delta.whiteErr)==size.lim ) {
delta.whiteErr= delta.whiteErr[trimmed] }


if( length(adj.metric)==size.lim ) {
adj.metric= adj.metric[trimmed] }


# if input arguments appear to be appropriate data, utilise them


if((!proj.deltaErr[1]==FALSE) && length(proj.deltaErr)==size ) { delta.r2.proj= proj.deltaErr }


if((!delta.whiteErr[1]==FALSE) && length(delta.whiteErr)==size ) { delta.errs= delta.whiteErr }


if( is.numeric(adj.metric[1]) && length(adj.metric)==size ) { detJ= adj.metric; adj.metric= TRUE }



# prepare, if needed, the fine grid required to compute the metric Jacobian and related error variables


if( (adj.metric[1]==TRUE && is.na(detJ)) || proj.deltaErr[1]==TRUE || delta.whiteErr[1]==TRUE || rtn.delta.3errs==TRUE || surface==TRUE || ref==TRUE) { 



fine.S= seq(bounds[1,1], bounds[2,1],by=divs[1])



fine.rtKv= seq(bounds[1,2], bounds[2,2],by=divs[2]) 



fine.Faer= seq(bounds[1,3], bounds[2,3],by=divs[3])



fine.S.rtKv= cbind( rep(fine.S,length(fine.rtKv)), rep( fine.rtKv, rep(length(fine.S),length(fine.rtKv)) ) )



fGrid= cbind( rep( fine.S.rtKv[,1], length(fine.Faer) ), rep( fine.S.rtKv[,2], length(fine.Faer) ), rep( fine.Faer, rep( nrow(fine.S.rtKv), length(fine.Faer) ) ) )


}


# call calcMetric to compute the Jacobian if required


if( !identical(fGrid,NA) && b.u==FALSE) {



#if deep ocean errors used here, get scale factors that emulate a t-distribution and compute Jacobian for each



if( !identical(error.ssq.do, NA) ) {




# allocate storage, find no. of non-ocean diagnostic errors, and compute details of t-distribution emulation




new.error.ssq= list()




detJ= delta.r2.proj= delta.errs= matrix( nrow=size, ncol=sims )




delta.3errs= array( dim=c(size, 3, sims) )




best.coord= matrix( nrow=3, ncol=sims )




best.errs= matrix( nrow=m, ncol=sims )




e3= best.J= array( dim=c(m, 3, sims) )




if( surface==TRUE || ref==TRUE ) { volRel.sfc= array( dim=c(size, 3, 3, sims) ) }




if( surface==TRUE && rtn.whiteErrsJ==TRUE ) { J.sfc= array( dim=c(size, m, 3, sims) ) }




# carry out emulations, computing the appropriate augmented error ssq arrays and the Jacobians using them




# since the ocean error was scaled by dividing it by its estimated standard deviation, if the true standard deviation was higher (corresponding to sim.dat$scale in the t-distribution emulation being larger), the whitened error should be smaller, which is achieved by dividing it by sim.dat$scale




for (i in 1:sims) {





new.error.ssq[[1]]= r2 + errs.do[,i]^2





dim(new.error.ssq[[1]])= c(size, 1, 1)





new.error.ssq[[2]]=cbind(white.errs, errs.do[,i])





jaco= calcMetric(new.error.ssq, k=1, fGrid, dims, ord=ord, surface=surface, old.metric=prior.metric, rtn.whiteErrsJ=rtn.whiteErrsJ)





detJ[,i]= as.vector(jaco$detJ)





delta.r2.proj[,i]= jaco$delta.r2.proj





delta.errs[,i]= jaco$delta.errs





best.coord[,i]= jaco$best.pars.coord





best.errs[,i]= jaco$best.errs





delta.3errs[,,i]= matrix(jaco$delta.3errs, ncol=3)





e3[,,i]= jaco$e3





best.J[,,i]= jaco$best.J





if( surface==FALSE && ref==TRUE ) { volRel.sfc[,,,i]= t(jaco$J) %*% jaco$J }





if( surface==TRUE ) { volRel.sfc[,,,i]= jaco$volRel.sfc }





if( surface==TRUE && rtn.whiteErrsJ==TRUE ) { J.sfc[,,,i]= jaco$J.sfc }




}



} else {




# if no deep ocean errors, use white.errs as they are to compute Jacobian




jaco= calcMetric(list(array(r2, dim=c(size, 1, 1)), white.errs), k=1, fGrid, dims, ord=ord, surface=surface, old.metric=prior.metric, rtn.whiteErrsJ=rtn.whiteErrsJ)




detJ= as.vector(jaco$detJ)




delta.r2.proj= jaco$delta.r2.proj




delta.errs= jaco$delta.errs




delta.3errs= matrix(jaco$delta.3errs, ncol=3)




best.coord= jaco$best.pars.coord




best.errs= jaco$best.errs




e3=  jaco$e3




best.J= jaco$best.J




if( surface==FALSE && ref==TRUE ) { volRel.sfc= t(jaco$J) %*% jaco$J }




if( surface==TRUE ) { volRel.sfc= jaco$volRel.sfc }




if( surface==TRUE && rtn.whiteErrsJ==TRUE ) { J.sfc= jaco$J.sfc }



}


 }


# where data was input for proj.deltaErr or delta.whiteErr instead of TRUE, set relevant flag to TRUE


if(!proj.deltaErr[1]==FALSE) { proj.deltaErr= TRUE }


if(!delta.whiteErr[1]==FALSE) { delta.whiteErr= TRUE }


## Compute relevant DoFs


v = DoF - deduct.climProp


DoF.F = ifelse(deduct.k, v-m.eff, v )


DoF.new = ifelse(adj.DoF>0, v * DoF.F / (v +  (p - m) * sum(d) / sum(d[1:m]) - m), v )


### Compute the appropriate F distribution for the main, possibly augmented, errors on the specified basis and other distributions and reference priors as required, then compute joint probability densities


## Case 1: if no deep ocean errors used OR pure Bayesian updating method used


if( identical(error.ssq.do, NA) || b.u==TRUE ) {



peak= 0



# define error and k. If b.u=TRUE (and not changed to FALSE due to, eg, surface=TRUE or adj.metric=TRUE) then r2 and m.eff will be for the main diagnostic only



error= r2



k= m.eff



if(delta.r2==TRUE && proj.deltaErr==FALSE && delta.whiteErr==FALSE) { r2.min= min(r2); error= r2 - r2.min; k=3 } 



if(delta.r2==TRUE && proj.deltaErr==FALSE && delta.whiteErr==TRUE) { error= delta.errs; k=3 } 



if(delta.r2==TRUE && proj.deltaErr==TRUE)  { error= delta.r2.proj; k=3 }



if(CDF==TRUE)  { like= pf((error/k) * DoF.F/DoF.new, k, DoF.F, lower.tail=F) }



if(CDF==FALSE && smooth.pdf==TRUE) { 




peak= which.max( df((1:1000)/400, k, DoF.F) ) * DoF.new /(400*DoF.F)




like = df( pmax(error/k, peak) * DoF.F/DoF.new, k, DoF.F ) 



}



if(CDF==FALSE && smooth.pdf==FALSE) { 




# if b.u.llhd=TRUE and other settings are compatible with, and only with, separate likelihood functions being updated, compute the likelihood functions separately and combine them 




if(b.u.llhd==TRUE && delta.r2==FALSE && !identical(errs.ua, NA)) { 





m.eff.main= ifelse( is.null(p.eff), m.orig, p.eff )





m.eff.ua= ifelse( is.null(p.eff.ua), dim(white.errs.ua)[2], p.eff.ua )





v = DoF - deduct.climProp





v.ua = DoF.ua - deduct.climProp





DoF.F = ifelse (deduct.k, v-m.eff.main, v)





DoF.F.ua = ifelse (deduct.k, v.ua-m.eff.ua, v.ua)





like.ua= df( (r2.ua/m.eff.ua) * DoF.F.ua/v, m.eff.ua, DoF.F.ua ) 





like= df( (errs[[1]][,1,case]/m.eff.main) * DoF.F/v, m.eff.main, DoF.F ) * like.ua




} else {





# otherwise just use the combined diagnostic errors. If no ua diagnostic errors entered, this will use only sfc diagnostic data, since no do errors input





like= df((error/k) * DoF.F/DoF.new, k, DoF.F) 




}



}



# if adj.area=TRUE & delta.r2=TRUE (=> CDF=FALSE & smooth.pdf=FALSE), correct area from delta.r2 to 3-error space, avoiding division by zero, then set the probability density at the best fit point (where df=0) to the maximum. The conversion divisor is the ratio of the F(3,DoF) PDF to the joint PDF of the 3 orthogonal unit variance errors that, when delta.r2=TRUE, are taken to be reflected in the F(3,DoF)-PDF. The factor of 3 converts the density of a F(3, DoF) distribution (whose variate = squared-error-sum/3 ) to the same basis as that of a chi-squared(3) distribution (whose variate = squared-error-sum ) .  The {2 pi sqrt(error)} factor converts from the density of a chi-sq distribution (of a variate representing the sum of squares of three IID N(0,1) variates to the joint density of those three variates (being the 3-errors).



# if adj.area=TRUE but delta.r2=FALSE (eg since surface=TRUE) a similar adjustment is required, from r2 to the m-error space. The chi-squared_k PDF has a factor of x^(k/2-1), so generalising from m=3 the required division to reflect the volume of a thin shell of a k dimensional hypersphere is by (pi^(k/2) / gamma(k/2)) * error^(k/2-1), and the factor of 3 is replaced by k



if(adj.area==TRUE) {





# if the likelihood functions have been computed separately, adjust their volumes/areas separately 




if(b.u.llhd==TRUE && delta.r2==FALSE && !identical(errs.ua, NA)) { 





af= ( pi^(m.eff.main/2) / gamma(m.eff.main/2) ) * m.eff.main





af.ua= ( pi^(m.eff.ua/2) / gamma(m.eff.ua/2) ) * m.eff.ua





error= pmax(errs[[1]][,1,case], 1e-12)





error.ua= pmax(r2.ua, 1e-12)





like= like / ( af * error^(m.eff.main/2-1)  *  af.ua * error.ua^(m.eff.ua/2-1) )





like[which(error==1e-12)]= max(like)





like[which(error.ua==1e-12)]= max(like)




} else {





af= ( pi^(k/2) / gamma(k/2) ) * k





error= pmax(error, 1e-12)





like= like / ( af* error^(k/2-1) )





like[which(error== 1e-12)]= max(like)




}



}



# if adj.metric=TRUE (=>adj.area+delta.r2=TRUE and CDF=FALSE, or surface=TRUE), correct metric from 3-error space (or, if surface=TRUE, full dimensional combined diagnostic whitened error space) to parameter space. Then multiply by the fine grid divisions to get, in the 3D to 3D case, the actual probability attributable to each fine grid cell.



if(adj.metric==TRUE) { like= like * abs(detJ) * prod(divs) }


}
# end of Case 1


## Case 2: if deep ocean errors used, carry out calculations for each part of the t-distribution emulation & merge results. (Not necessary if b.u=TRUE since no emulation in that case, hence case 1 only)


if( !identical(error.ssq.do, NA) && b.u==FALSE) {



like= matrix( nrow=size, ncol=sims )



if(ref==TRUE) { post.ref= refPr= array( dim=c(size, 9, sims) ) }



for (i in 1:sims) {




peak= 0




error= r2 + errs.do[,i]^2




k= m.eff




if(delta.r2==TRUE && proj.deltaErr==FALSE && delta.whiteErr==FALSE) { r2.min= min(error); error= error - r2.min; k=3 } 




if(delta.r2==TRUE && proj.deltaErr==FALSE && delta.whiteErr==TRUE) { error= delta.errs[,i]; k=3 } 




if(delta.r2==TRUE && proj.deltaErr==TRUE)  { error= delta.r2.proj[,i]; k=3 }




if(CDF==TRUE)  { like[,i]= pf((error/k) * DoF.F/DoF.new, k, DoF.F, lower.tail=F) }




if(CDF==FALSE && smooth.pdf==TRUE) { 





peak= which.max( df((1:1000)/400, k, DoF.F) ) * DoF.new /(400*DoF.F)





like[,i] = df( pmax(error/k, peak) * DoF.F/DoF.new, k, DoF.F ) 




}




# now for the correct unsmoothed F-distribution PDF case, where other options apply




if(CDF==FALSE && smooth.pdf==FALSE) { 




# if b.u=TRUE and other settings are compatible with, and only with, separate likelihood functions being updated, compute the surface, deep ocean) and the upper air likelihood functions separately.  First compute the main likelihood from the surface and deep ocean errors; due to t-distribution emulation the latter has a N(0,1) density




if(b.u.llhd==TRUE && delta.r2==FALSE) { 





m.eff.main= ifelse( is.null(p.eff), m.orig, p.eff )





v = DoF - deduct.climProp





DoF.F = ifelse (deduct.k, v-m.eff.main, v)





# if ocean temperature trend uncertainty not by 4-Normals emulation of t-distribution, use t-distribution





if(sims==1) {






like.do= dt( errs.do[,i], DoF.t )





} else {






like.do= exp(-errs.do[,i]^2/2) / sqrt(2*pi)





}





# combine multiplicatively the surface and deep ocean likelihoods (=Bayesian updating)





like[,i]= df( (errs[[1]][,1,case]/m.eff.main) * DoF.F/v, m.eff.main, DoF.F ) * like.do






if(!identical(errs.ua, NA)) {






# keep upper air likelihood separate until after the area adjustment, due to singularity at zero error






m.eff.ua= ifelse( is.null(p.eff.ua), dim(white.errs.ua)[2], p.eff.ua )






v.ua = DoF.ua - deduct.climProp






DoF.F.ua = ifelse (deduct.k, v.ua-m.eff.ua, v.ua)






like.ua= df( (r2.ua/m.eff.ua) * DoF.F.ua/v, m.eff.ua, DoF.F.ua ) 





}




} else {





like[,i]= df((error/k) * DoF.F/DoF.new, k, DoF.F) }




}




if(adj.area==TRUE) {






# if the likelihood functions have been computed separately, adjust their volumes/areas separately 





if(b.u.llhd==TRUE && delta.r2==FALSE) { 






# first compute the adjustment for the main (usually surface) errors; none needed for the 1D deep ocean error likelihood (already included in like)






af= ( pi^(m.eff.main/2) / gamma(m.eff.main/2) ) * m.eff.main






error= pmax(errs[[1]][,1,case], 1e-12)






like[,i]= like[,i] / ( af* error^(m.eff.main/2-1) )






like[which(error==1e-12),i]= max(like[,i])






# now compute the upper air adjustment, if required, and combine the likelihoods to get the likelihood including all diagnostics






if( !identical(errs.ua, NA) ) {







af.ua= ( pi^(m.eff.ua/2) / gamma(m.eff.ua/2) ) * m.eff.ua







error.ua= pmax(r2.ua, 1e-12)







like.ua= like.ua / ( af.ua* error.ua^(m.eff.ua/2-1) )







like.ua[which(error.ua==1e-12)]= max(like.ua)







like[,i]= like[,i] * like.ua






}





} else {






af= ( pi^(k/2) / gamma(k/2) ) * k






error= pmax(error, 1e-12)






like[,i]= like[,i] / (af* error^(k/2-1))






like[which(error== 1e-12),i]= max(like[,i])





}




} else { 





# if adj.area=FALSE (no area/volume adjustment) combine the main (surface + deep ocean) and upper air likelihoods here 





if( b.u.llhd==TRUE && delta.r2==FALSE && !identical(errs.ua, NA) ) { like[,i]= like[,i] * like.ua }




}




# Now compute the reference priors and joint reference posteriors if required




if(ref==TRUE) {





tempPr= refPriors2(volRel.sfc[,,,i], dims=dims, both=TRUE)





refPr[,1,i]= tempPr$priors[[1]]





refPr[,2,i]= tempPr$priors[[2]]





refPr[,3,i]= tempPr$priors[[3]]





refPr[,4,i]= tempPr$priors2[[1]]





refPr[,5,i]= tempPr$priors2[[2]]





refPr[,6,i]= tempPr$priors2[[3]]





refPr[,7,i]= tempPr$priors1[[1]]





refPr[,8,i]= tempPr$priors1[[2]]





refPr[,9,i]= tempPr$priors1[[3]]





post.ref[,1,i]= tempPr$priors[[1]] * like[,i]





post.ref[,2,i]= tempPr$priors[[2]] * like[,i]





post.ref[,3,i]= tempPr$priors[[3]] * like[,i]





post.ref[,4,i]= tempPr$priors2[[1]] * like[,i]





post.ref[,5,i]= tempPr$priors2[[2]] * like[,i]





post.ref[,6,i]= tempPr$priors2[[3]] * like[,i]





post.ref[,7,i]= tempPr$priors1[[1]] * like[,i]





post.ref[,8,i]= tempPr$priors1[[2]] * like[,i]





post.ref[,9,i]= tempPr$priors1[[3]] * like[,i]




}




# Compute like= pre-prior-likelihood posterior using the metric adjustment (=Jeffreys' prior)




if(adj.metric==TRUE) { like[,i]= like[,i] * abs(detJ[,i]) * prod(divs) }



}  
# end of for(i in 1:sims) loop in Case2 



# merge |Jacobian|, joint probability and squared error sum vectors, and 3-error matrices, as weighted averages



if( sdInfo.do[3]==TRUE ) { prob.t4=like }



apWt= function(x, weights) { sum(x * weights) }



like= apply( like, 1, apWt, sim.dat$weight )



if(ref==TRUE) {




post.ref= apply( post.ref, c(1,2), apWt, sim.dat$weight )



if( sdInfo.do[3]==FALSE ) {
refPr= apply( refPr, c(1,2), apWt, sim.dat$weight ) }



}



r2.wtd= r2 + colSums( t(errs.do^2) * sim.dat$weight ) 



if( !identical(jaco, NA) ) {




if( sdInfo.do[3]==FALSE ) {





detJ= colSums( t(abs(detJ)) * sim.dat$weight )





delta.r2.proj= colSums( t(delta.r2.proj) * sim.dat$weight )





delta.errs= colSums( t(delta.errs) * sim.dat$weight )





if( rtn.delta.3errs==TRUE ) { 






dim(delta.3errs)= c(size * 3, sims) 






delta.3errs= matrix( colSums( t(delta.3errs) * sim.dat$weight ), ncol=3 )





}





if( surface==TRUE || ref==TRUE ) { 






dim(volRel.sfc)= c(size * 3 * 3, sims) 






volRel.sfc= array( colSums( t(volRel.sfc) * sim.dat$weight ), dim=c(size, 3, 3) )





}





if(surface==TRUE && rtn.whiteErrsJ==TRUE ) {







dim(J.sfc)= c(size * m * 3, sims) 







J.sfc = array( colSums( t(J.sfc) * sim.dat$weight ), dim=c(size, m, 3) )





}




}



}


}
# end of Case2


## If pure Bayesian updating used (not just multiplicative updating of separate likelihoods), compute auxillary t &/or F distribution based likelihoods and update 'like' by them 


# First, compute the t-distributed deep ocean likelihood and update 'like' by it. At this point, like is just based on the main (usually sfc) diagnostic errors


# Unlike an F distn, a 1D t distribution uses discrepancy errors not their squares & needs no area/volume adjustment


if( !identical(error.ssq.do, NA) && b.u==TRUE ) {



like= like * dt( error.ssq.do[[2]], DoF.t )


}


# Then compute the upper air likelihood, first deriving the degrees of freedom for the F-distribution, and update


if( !identical(errs.ua, NA) && b.u==TRUE ) {



v = DoF.ua - deduct.climProp



DoF.F = ifelse (deduct.k, v-k.ua, v)



peak= 0



error= r2.ua



if(delta.r2==TRUE) { r2.min.ua= min(error); error= error - r2.min.ua; k.ua=3 } 



if(CDF==TRUE)  { like.ua= pf( (error/k) * DoF.F/v, k.ua, DoF.F, lower.tail=F ) }



if(CDF==FALSE && smooth.pdf==TRUE) { 




peak= which.max( df( (1:1000)/400, k.ua, DoF.F) ) * DoF.new / (400*DoF.F)




like.ua = df( pmax(error/k.ua, peak) * DoF.F/v, k, DoF.F ) 



}



if(CDF==FALSE && smooth.pdf==FALSE) { like.ua= df( (error/k.ua) * DoF.F/v, k.ua, DoF.F ) }



if(adj.area==TRUE) {





af= (2 * pi) * 3




error= pmax(error, 1e-12)




like.ua= like.ua / (af* sqrt(error))




like.ua[which(error== 1e-12)]= max(like.ua)



}



like= like * like.ua


}


## Multiply joint PDF/likelihood by any given prior joint likelihood/PDF, at each grid point; normalise and create separate output copy


if( !is.na(prior.likelihood[1]) ) { 



new.like= like * prior.likelihood 


} else {



new.like= like


}


totProb= sum(new.like)


new.like= new.like2= new.like/totProb


## Compute bijoint and then marginal PDFs for each climate property; if relevant change from Y to S space 


# rebase bnd.dims to trimmed size


bnd.dims[1,]=1; bnd.dims[2,]=dims


for (ii in 1:3) {



## Integrate out unwanted parameters by taking the means across their grid points with end ones half weighted, and normalise the marginal posteriors for S, K and F to sum to 1/divs[i]



jj= ii%%3 + 1 ; mm= jj%%3 + 1



dim(new.like)= dims



if( Y.grid==TRUE ) { new.like= new.like / seq((bnd.dims[1,1]/divs[1]), (bnd.dims[2,1]/divs[1]), by=divs[1])^2 }



new.like=aperm(new.like, perm=c(ii,jj,mm) )



dim(new.like)= c( dims[ii]*dims[jj], dims[mm] ) 



if( bnd.dims[1,mm] < bnd.dims[2,mm] ) {




bijoint= rowMeans( cbind(new.like[,bnd.dims[1,mm]: bnd.dims[2,mm]], new.like[,(bnd.dims[1,mm]+1):(bnd.dims[2,mm]-1)] ) ) 




} else {




bijoint= new.like[,bnd.dims[1,mm]]



}



bijoint= bijoint / ( sum(bijoint) * divs[ii] * divs[jj] )



dim(bijoint)= c( dims[ii], dims[jj] )



if( bnd.dims[1,jj] < bnd.dims[2,jj] ) {




pdf= rowMeans(cbind( bijoint[,bnd.dims[1,jj]: bnd.dims[2,jj]], bijoint[,(bnd.dims[1,jj]+1):(bnd.dims[2,jj]-1)] ) )




} else {




pdf= bijoint[,bnd.dims[1,jj]]



}



pdf= ( pdf[bnd.dims[1,ii]:bnd.dims[2,ii]]/sum(pdf[bnd.dims[1,ii]:bnd.dims[2,ii]]) ) / divs[ii]



if(ii==1) { bijoint.S=bijoint; pdf.S=pdf }



if(ii==2) { bijoint.K=bijoint; pdf.K=pdf }



if(ii==3) { bijoint.F=bijoint; pdf.F=pdf }



new.like=new.like2


}


# Now compute the marginal reference posteriors, if required, half weighting the edge of grid cells, and then normalise each posterior to sum to 1/divs


if(ref==TRUE) {



dim(post.ref)= c(dims,9)



pdf.S1= apply( post.ref[,,,1], 1, sum ) + apply( post.ref[,,2:(dims[3]-1),1], 1, sum ) + apply( post.ref[,2:(dims[2]-1),,1], 1, sum ) + apply( post.ref[,2:(dims[2]-1),2:(dims[3]-1),1], 1, sum ) 



pdf.K1= apply( post.ref[,,,2], 2, sum ) + apply( post.ref[,,2:(dims[3]-1),2], 2, sum ) + apply( post.ref[2:(dims[1]-1),,,2] ,2, sum ) + apply( post.ref[2:(dims[1]-1),,2:(dims[3]-1),2], 2, sum )



pdf.F1= apply( post.ref[,,,3], 3, sum ) + apply( post.ref[2:(dims[1]-1),,,3], 3, sum ) + apply( post.ref[,2:(dims[2]-1),,3], 3, sum ) + apply( post.ref[2:(dims[1]-1),2:(dims[2]-1),,3], 3, sum )



pdf.S2= apply( post.ref[,,,4], 1, sum ) + apply( post.ref[,,2:(dims[3]-1),4], 1, sum ) + apply( post.ref[,2:(dims[2]-1),,4], 1, sum ) + apply( post.ref[,2:(dims[2]-1),2:(dims[3]-1),4], 1, sum ) 



pdf.K2= apply( post.ref[,,,5], 2, sum ) + apply( post.ref[,,2:(dims[3]-1),5], 2, sum ) + apply( post.ref[2:(dims[1]-1),,,5] ,2, sum ) + apply( post.ref[2:(dims[1]-1),,2:(dims[3]-1),5], 2, sum )



pdf.F2= apply( post.ref[,,,6], 3, sum ) + apply( post.ref[2:(dims[1]-1),,,6], 3, sum ) + apply( post.ref[,2:(dims[2]-1),,6], 3, sum ) + apply( post.ref[2:(dims[1]-1),2:(dims[2]-1),,6], 3, sum )



pdf.S0= apply( post.ref[,,,7], 1, sum ) + apply( post.ref[,,2:(dims[3]-1),7], 1, sum ) + apply( post.ref[,2:(dims[2]-1),,7], 1, sum ) + apply( post.ref[,2:(dims[2]-1),2:(dims[3]-1),7], 1, sum ) 



pdf.K0= apply( post.ref[,,,8], 2, sum ) + apply( post.ref[,,2:(dims[3]-1),8], 2, sum ) + apply( post.ref[2:(dims[1]-1),,,8] ,2, sum ) + apply( post.ref[2:(dims[1]-1),,2:(dims[3]-1),8], 2, sum )



pdf.F0= apply( post.ref[,,,9], 3, sum ) + apply( post.ref[2:(dims[1]-1),,,9], 3, sum ) + apply( post.ref[,2:(dims[2]-1),,9], 3, sum ) + apply( post.ref[2:(dims[1]-1),2:(dims[2]-1),,9], 3, sum )



pdf.S0= pdf.S0 / ( sum(pdf.S0) * divs[1] )



pdf.K0= pdf.K0 / ( sum(pdf.K0) * divs[2] )



pdf.F0= pdf.F0 / ( sum(pdf.F0) * divs[3] )



pdf.S1= pdf.S1 / ( sum(pdf.S1) * divs[1] )



pdf.K1= pdf.K1 / ( sum(pdf.K1) * divs[2] )



pdf.F1= pdf.F1 / ( sum(pdf.F1) * divs[3] )



pdf.S2= pdf.S2 / ( sum(pdf.S2) * divs[1] )



pdf.K2= pdf.K2 / ( sum(pdf.K2) * divs[2] )



pdf.F2= pdf.F2 / ( sum(pdf.F2) * divs[3] )


}


out= list(pdf.S, pdf.K, pdf.F, bijoint.S, bijoint.K, bijoint.F, new.like, like, totProb, dims.lim, limits, bounds, divs, CDF, delta.r2, adj.area, adj.metric, smooth.pdf, k.in, DoF, deduct.k, deduct.climProp, proj.deltaErr, delta.whiteErr, Y.grid, ord, sdInfo.do, min(r2), m, m.eff, b.u, b.u.llhd, p.eff, p.eff.ua, surface, ver, r2.min.main, dims)


names(out)= c("pdf.S","pdf.K", "pdf.F", "bijoint.S", "bijoint.K", "bijoint.F", "new.like", "like", "totProb", "dims.lim", "limits", "bounds", "divs", "CDF", "delta.r2", "adj.area", "adj.metric", "smooth.pdf", "k", "DoF", "deduct.k", "deduct.climProp", "proj.deltaErr", "delta.whiteErr", "Y.grid", "ord", "sdInfo.do","r2.min", "m", "m.eff", "b.u", "b.u.llhd", "p.eff", "p.eff.ua", "surface", "ver","r2.min.main", "dims")


if( adj.metric==TRUE ) { out$detJ= detJ }


if( proj.deltaErr==TRUE || !identical(jaco, NA) ) { out$delta.r2.proj= delta.r2.proj }


if( delta.whiteErr==TRUE || !identical(jaco, NA) ) { out$delta.errs= delta.errs }


if( !identical(jaco, NA) ) { out$e3= e3; out$best.coord= best.coord; out$best.errs= best.errs; out$best.J= best.J }


if( rtn.delta.3errs==TRUE && adj.metric==TRUE ) { out$delta.3errs= delta.3errs }


if( !identical(error.ssq.do, NA) && b.u==FALSE ) { out$sim.dat= sim.dat; out$r2.wtd= r2.wtd }


if(!identical(error.ssq.do, NA) && sdInfo.do[3]==TRUE && b.u==FALSE) { out$prob.t4= prob.t4 }


if( !identical(errs.ua, NA) ) { out$k.ua=k.ua; out$DoF.ua= DoF.ua; out$r2.min.ua= min(r2.ua) }


if( !identical(errs.ua, NA) && b.u==TRUE ) { out$like.ua= like.ua }


if( ref==TRUE ) {



out$volRel.sfc= volRel.sfc



out$post.ref= post.ref 



out$refPr.S1= refPr[,1]



out$refPr.K1= refPr[,2]



out$refPr.F1= refPr[,3]



out$refPr.S2= refPr[,4]



out$refPr.K2= refPr[,5]



out$refPr.F2= refPr[,6]



out$refPr.S0= refPr[,7]



out$refPr.K0= refPr[,8]



out$refPr.F0= refPr[,9]



out$pdf.S0= pdf.S0



out$pdf.K0= pdf.K0



out$pdf.F0= pdf.F0



out$pdf.S1= pdf.S1



out$pdf.K1= pdf.K1



out$pdf.F1= pdf.F1



out$pdf.S2= pdf.S2



out$pdf.K2= pdf.K2



out$pdf.F2= pdf.F2


}


if( surface==TRUE && rtn.whiteErrsJ==TRUE ) { out$J.sfc= J.sfc }


if( surface==TRUE && ref==FALSE ) { out$volRel.sfc= volRel.sfc }


if( !identical(error.ssq.do, NA) &&  sdInfo.do[3]==TRUE ) { out$prob.t4= prob.t4 }


out

}

save(truePDF.all, calcMetric, jacobian, emulateT, ssq, repmat, position, positions, vecPos, deltaCoords,file='code/truePDF.all and depends_13Nov12.Rd')

######################

### Plotting functions

######################
#The main plotting functions, which work using output from truePDF.all, are:

# 1. plotJointCDF.all - plots marginal joint CDF for any two climate parameters
# 2. plotDetSK - plots absolute Jacobian determinant of the error space to parameter space transformation (= noninformative Bayesian prior) as S and rtKv varies

plotJointCDF.all= function(pdfs, prop="S", main, sub1=NA, sub2=NA, sub3=NA, slice=NA, scales=NA, cols= c(rgb(red=0,green=.8,blue=1), "white"), col=1, lwd=1, x.lab=NA, y.lab=NA, show95=FALSE, show50=TRUE, show20=FALSE, normalise=TRUE, labels=TRUE, pin=c(8,5), mar=c(6.1,4.1,6.1,2.1), dark=0.07, CDF=FALSE, mult=1) {


# requires lattice and, if mult>1, akima


# 16Jan13: made it able to accept simple PDF (or by setting CDF=TRUE) CDF 3D arrays, producing plots across the first two dimensions and selecting slice (or integrating over) the 3rd dimension; set sub1="", sub2="" when doing so

# 23Aug12: fixed problem with subtitle when surface=TRUE


# 7Aug12: added mult to interpolate the PDF to provide a nicer looking, finer, plot: set mult=2, 4 etc. Now accepts non-list pdf


# 7Jul12: change show20 default & made the 95% contour optional, to match Forest 2002/6, and make the plots lighter. On 18 Jul added col and lwd (for contour lines)


# 1Jul12: changed default pin to (8,5); made axes plot fewer labels


# 23Jun12: added sub2 for when surface=TRUE; also fixed error of 1 in label positions and set x and y limits to make axes exactly match them


# 9May12: developed to work with the output of truePDF, truePDF.all or genCombPDF. Also works with the output of parseCombPDFs.   Requires lattice package.


# plots marginal joint CDF for the correct climate parameters using the output of truePDF.all or genCombPDF (itself or as selected by parseCombPDFs) run with CDF=TRUE, adj.area=FALSE and adj.metric=FALSE


# works by integrating a 2D joint parameter PDF starting from the highest density point, not (like plotJointCDF) from the 2D joint parameter CDF.  The third parameter is eliminated by marginalising over it or integrating it out.


# Plots 2D joint CDF with ≤20% probability regions (80%+ rejection level) shaded, blue by default. Optimised/defaulted for plotting S & rtKv CDF


# pdfs should be the output object of truePDF.all or a 3rd level list member of the output object of genCombPDF or one of the lowest numbered, unnamed, first level list members of the output object of parseCombPDFs


# prop is the principal parameter of interest: 'S' gives plots in the S-rtkv plane; 'K' plots in the rtKv - Faer plane; and 'F' gives plots in the Faer - S plane.


# main should describe the plot; it will depend on which diagnostic errors have been used to produce it as well as on which parameters the plot is for.  An example is: "Joint CDF of Climate Sensitivity S and Ocean Diffusivity sqrt(Kv) per Curry/Forest \n surface diagnostic model, observational and control data, at Faer=-0.5"


# sub, if provided, overrides the subtitle generated automatically using meta data in PDFs


# If slice is given, selects that coordinate for the 3rd climate parameter (default: Faer) from the 3d joint posterior PDF.  Otherwise uses the 2d bijoint PDF, indicating what range that parameter has been integrated over.


# scales overrides the default axes scaling and tick mark labellings: it should normally be left as NA


# If show50=TRUE, 50% CDF contour is drawn (but shading is still only for ≤20% total probability region)


# If show20=TRUE, 20% CDF contour is drawn (but shading is still only for ≤20% total probability region)


# If normalise=FALSE, the normalisation of the joint parameter PDF is reversed, so as to give true CDF contours with no assumptions as to where the missing (off-grid) probability is.  Normalise=TRUE attributes missing probability proportional to calculated probability, as for the marginal and joint PDFs.  Reasonable where it looks from the shape of the plot to be highly likely that almost all the missing probability is close to a single area where the region of high probability hits the grid boundary.


par(mar=mar, pin=pin)


if(show50==FALSE) { show20= FALSE }


# extract or create the required 2D joint parameter PDF, get its dimensions and remove its normalisation


if(prop=='S') { 



if( !is.list(pdfs) ) { pdfs=list(bijoint.S=apply(pdfs,c(1,2),mean), new.like=pdfs) }



xlim=80; ylim=100



dims=dim(pdfs$bijoint.S)



dim3= length(pdfs$new.like) / ( dims[1]*dims[2] )



if( is.na(slice) ) { bijoint= pdfs$bijoint.S } else { bijoint= array( pdfs$new.like, dim=c(dims,dim3) )[,,slice] }


}


if(prop=='K') { 



if( !is.list(pdfs) ) { pdfs=list(bijoint.K=pdfs) }



xlim=40; ylim=80



dims=dim(pdfs$bijoint.K)



dim3= length(pdfs$new.like) / ( dims[1]*dims[2] )



if( is.na(slice) ) { bijoint= pdfs$bijoint.K } else { bijoint= array( pdfs$new.like, dim=c(dim3,dims) )[slice,,] }


}


if(prop=='F') { 



if( !is.list(pdfs) ) { pdfs=list(bijoint.F=pdfs) }



xlim=100; ylim=40



dims=dim(pdfs$bijoint.F)



dim3= length(pdfs$new.like) / ( dims[1]*dims[2] )



if( is.na(slice) ) { bijoint= pdfs$bijoint.F } else { bijoint= t( array( pdfs$new.like, dim=c(dims[2],dim3,dims[1]) )[,slice,] ) }


}


# create a joint CDF from the joint PDF


if( CDF==FALSE) {


bijoint= as.vector(bijoint)  * ifelse(normalise==FALSE, pdfs$totProb, 1) / sum(bijoint)



sorted= sort(bijoint, decreasing=TRUE, index.return=TRUE)



idx= sorted$ix



joint= cumsum(sorted$x)



joint= joint[ sort(idx, index.return=TRUE)$ix ]



dim(joint)= dims

} else {



joint= as.vector(bijoint)


}

m=trunc(mult)


if (m>1) {



newdims=c(dims[1]*m-1, dims[2]*m-1)



x= rep(seq(1,newdims[1],m), dims[2])



y= as.vector(matrix( rep(seq(1,newdims[2],m), dims[1]), nrow=dims[1], ncol=dims[2], byrow=TRUE))



joint= interp(x, y, joint, xo=(1: newdims[1]) , yo=(1: newdims[2]) )$z



dims= newdims


}


if( is.na(x.lab) && prop=="S" ) { x.lab= 'sqrt(Effective Ocean Diffusivity) (cm sec^-0.5)' }


if( is.na(x.lab) && prop=="K" ) { x.lab= 'Net Aerosol Forcing (W m^-2)' }


if( is.na(x.lab) && prop=="F" ) { x.lab= 'Climate Sensitivity (K)' }


if( is.na(y.lab) && prop=="S" ) { y.lab= 'Climate Sensitivity (K)' }


if( is.na(y.lab) && prop=="K" ) { y.lab= 'sqrt(Effective Ocean Diffusivity) (cm sec^-0.5)' }


if( is.na(y.lab) && prop=="F" ) { y.lab= 'Net Aerosol Forcing (W m^-2)' }


if(is.na(scales[1]) && prop=="S") { scales=list( cex=1.2, x=list(at=(0:8)*10*m+1, labels=c('0','','2','','4','','6', '','8'), axs='i'), y=list(at=(0:10)*10*m +1, labels=c('0','','2','','4','','6','','8','','10'), axs='i') ) }


if(is.na(scales[1]) && prop=="K") { scales=list( cex=1.2, x=list(at=(0:4)*10*m +1, labels=c('-1.5','-1.0','-0.5','0', '0.5'), axs='i'), y=list(at=(0:8)*10*m +1, labels=c('0','','2','','4','','6', '','8'), axs='i') ) }


if(is.na(scales[1]) && prop=="F") { scales=list( cex=1.2, x=list(at=(0:10)*10*m +1, labels=c('0','','2','','4', '','6','','8','','10'), axs='i') , y=list(at=(0:4)*10*m +1, labels=c('-1.5','-1.0','-0.5','0', '0.5'), axs='i') ) }


at= c(0,0.04,0.075,0.125,0.175,0.225,0.275,0.325) 


if( length(labels)==1 ) { if(labels==TRUE) { labels= c('','','99%','95%','90%', '80%', '50%', '20%') } else { if(labels==FALSE) { labels=rep('',8) } } }


if(show20==FALSE) { labels= labels[-8]; at= at[-8] }


if(show50==FALSE) { labels= labels[-7]; at= at[-7] }


if(show95==FALSE) { labels= labels[-4]; at= at[-4] }


OK80= which(joint>0.2); OK50= which(joint>0.5); OK20= which(joint>0.8);
OK10= which(joint>0.9);
OK05= which(joint>0.95); 
OK025= which(joint>0.975); OK01= which(joint>0.99)


plotHt=array(0.35, dim=dims)


if(show20==TRUE) { plotHt[OK80]= 0.30 } 


if(show50==TRUE) { plotHt[OK50]= 0.25 } 


plotHt[OK20]= 0.2; plotHt[OK10]= 0.15; 


if(show95==TRUE) { plotHt[OK05]= 0.1; plotHt[OK01]=0.05 } else { plotHt[OK05]= 0.15; plotHt[OK01]=dark }


sub1.old=sub1


if(is.na(sub1)) { sub1= paste("By F-pdf of", ifelse(pdfs$delta.r2==TRUE, "delta error","raw r-squared"), ifelse(pdfs$smooth.pdf==TRUE, "smoothed across best fit.", ifelse(pdfs$b.u==FALSE, ifelse(pdfs$adj.area==TRUE, "transformed to 3D delta-error space.", "without transformation to 3D error space."), ifelse(pdfs$adj.area==TRUE, "with 3D geometrical correction", "without geometrical correction") )  ) ) }


if(is.na(sub2)) { sub2= paste( ifelse(  pdfs$adj.metric==FALSE, "Uniform priors in S over 0 to 10, in sqrt(Kv) over 0 to 8 and in Faer over -1.5 to +0.5", paste("Delta error computed, and joint probability transformed from 3D-error to parameter space, \n using", ifelse( pdfs$proj.deltaErr==FALSE && pdfs$delta.whiteErr==FALSE, "abs|Jacobian| of delta r^2", ifelse(pdfs$proj.deltaErr==TRUE, "abs|Jacobian| of 3D delta-error projection onto tangent hyperplane", "abs|Jacobian| of 3D delta-error") ) ) ), sep=""   ) }


if(is.na(sub3)) { sub3= "Shading shows rejection regions at inner contour confidence levels." }


sub= paste( "\n", sub1, "\n", sub2, "\n", sub3, sep="") 


if( is.null(pdfs$surface) ) { pdfs$surface= FALSE }

if(pdfs$surface==TRUE && is.na(sub1.old)) { sub1= paste("Noninformative prior based on transformation factor from full whitened errors space to\n 3D parameter subspace,", ifelse(pdfs$b.u.llhd==TRUE, "with separate F-distribution likelihoods computed for each diagnostic", "with single F-distribution likelihood for combined diagnostic errors") ); sub= paste( "\n", sub1, "\n", sub3, sep="") }


contourplot(t(plotHt), aspect=0.75, at=at, labels=labels, region=TRUE, colorkey=FALSE, col.regions= colorRampPalette(cols,6), contour=TRUE, cuts=7, main=list(main, cex=1.3), sub=list(sub, cex=1.2), xlab=list(x.lab, cex=1.4), ylab=list(y.lab, cex=1.4), scales=scales, cex.sub=1.4, xlim=c(1,xlim*m+1), ylim=c(1,ylim*m+1), col=col, lwd=lwd)

}

# save(plotJointCDF.all, file='code/plotJointCDF.all_16Jan13.Rd')

plotDetSK= function(pdfs, main, cex.main=1.2, vert.main=6, sub=NA, cex.sub=1.1, vert.sub=12, x.lab=NA, y.lab=NA, z.lab=NA, x.rot=-13, y.rot=59, z.rot=97, cex.x.lab=1.2, cex.y.lab=1.2, cex.z.lab= 1.2, dist.x.lab=NA, dist.y.lab=NA, dist.z.lab=1, fontfamily="", fontface=1, k=NA, Faer=NA, dims=c(101,81,41), prior='JP') {


# Version history and description of function


# 7Oct12: dims specified, and reads dims from 'pdfs'if not specified. Also handles reference priors


# 16Jul12: can now control axis label size, font and positioning. Fontfamily can be sans, serif, mono or HersheySans, etc (see gpar and Hershey in Ref manual). Fontface can be 1 (regular), 2 (bold), etc. The dist.x.lab etc seem to no effect


# 19Jun12: now plots mean prior/sqrt(det) weighted by Faer marginal posterior PDF when Faer=NA, and reports effective degrees of freedom for Tikhonov regularization 


# 29May12: now reports use of surface and Bayesian updating of likelihoods correctly


# 8May12: now also works with the output from truePDF.all (top level list object, leaving k=NA) and parseCombPDFs (setting k as required). Does not work with genCombPDFs


# 30Apr12: first version


# plots absolute Jacobian determinant as S and rtKv varies, at specified Faer and truncation parameter, using a second level list member of the output of truePDF (which specifies the degrees of freedom used in the surface and ocean interpolations and the ocean observational trend and uncertainty (standard deviation) thereof, etc. 


# requires lattice package


# Input arguments


# The pdfs argument should either be a list that is a second level member of the output list object from genPDFs, or an output list object from truePDF.all, or a first level member of the output of parseCombPDFs


# k is the truncation parameter (in pdfs$reg.list) to use; leave at default of NA if run on output of truePDF.all or parseCombPDFs


# Faer is the aerosol forcing level at which to derive the Jacobian determinant in the S-K plane.  The default level of 0.5 is on the original model grid.  At off-grid level, smoothing by interpolation will reduce artefacting


# dims is the dimensions of the x, y and z variables (normally S, K and F), or NA if taken from pdfs


# prior is which prior to plot. The default 'JP' is the Jeffreys prior, which is identical to the metric PDF conversion factor, being abs(|Jacobian|) for the transformation of variables involved since the square of the Jacobian is the Fisher information matrix for the whitened variables. 'S1' and 'K1' select one-at-a-time reference priors for S or K with respectively K and S as the next parameter of interest; S2 and K2 do likewise but with F as the next parameter of interest. Only applies where pdfs is an output list from truePDF.all from 7Oct12 version on.


# When used with the output from genPDFs, main should be a titles list for the relevant pdfs object and degrees of freedom for the interpolations, as used by plotTruePDFs. An example of such a main is: main.pdfs.s.128.sH.128


# Function used internally to reset graphical parameters to default values


resetPar= function() {






    dev.new()

    op= par(no.readonly = TRUE)

    dev.off()

    op

}


# parse pdfs


if(prior=='JP') { if ( is.null(pdfs$reg.list) ) { det= pdfs$detJ } else { det= pdfs[[which(pdfs$reg.list==k)]]$detJ } }


if(prior=='S0') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.S0 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.S0 } }


if(prior=='K0') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.K0 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.K0 } }


if(prior=='F0') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.F0 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.F0 } }


if(prior=='S1') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.S1 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.S1 } }


if(prior=='K1') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.K1 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.K1 } }


if(prior=='F1') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.F1 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.F1 } }


if(prior=='S2') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.S2 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.S2 } }


if(prior=='K2') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.K2 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.K2 } }


if(prior=='F2') { if ( is.null(pdfs$reg.list) ) { det= pdfs$refPr.F2 } else { det= pdfs[[which(pdfs$reg.list==k)]]$refPr.F2 } }


if( !is.null(pdfs$k) ) { k= ifelse(pdfs$k>1, pdfs$k, round(pdfs$p.eff,1)) }


if( is.null(pdfs$surface) ) { pdfs$surface= FALSE }


if( is.null(pdfs$b.u.llhd) ) { pdfs$b.u.llhd= FALSE }


if( identical(dims,NA) ) { dims= pdfs$dims }


if(is.na(Faer)) {



dim(det)= c(dims[1]*dims[2],dims[3])



det= colSums(t(det)*pdfs$pdf.F)/20


} else {



i= round( (Faer+1.55) * 20,2 )


}


if( is.list(main) && !is.null(pdfs$case) ) { 



main0= sub('control', '\ncontrol', sub('\n', '', substring(main$S,44), fixed=TRUE) , fixed=TRUE )



main= paste( 'Required form of probability scaling (=noninformative joint prior) \n\n', main0, ' 0.', pdfs$case[2], ' with sd 0.', pdfs$case[3], ' (mK/yr)', sep="") 


}


if( is.na(x.lab) ) { x.lab= 'Climate Sensitivity (K)' }


if( is.na(y.lab) ) { y.lab= 'sqrt(Effective Ocean Diffusivity) (cm s^-1/2)' }


if( is.na(z.lab) ) { z.lab= '.       Relative volume in data and parameter spaces' }


xlab= list(label=x.lab, cex=cex.x.lab, rot=x.rot, distance=dist.x.lab, fontfamily= fontfamily, fontface=fontface)


ylab= list(label=y.lab, cex=cex.y.lab, rot=y.rot, distance=dist.y.lab, fontfamily= fontfamily, fontface=fontface)


zlab= list(label=z.lab, cex=cex.z.lab, rot=z.rot, distance=dist.z.lab, fontfamily= fontfamily, fontface=fontface)


sub2= paste("Plot is of absolute Jacobian determinant of transformation from parameters to 3D delta-errors corresponding to\n delta r^2 F-pdf. Delta error transformed using ", ifelse( pdfs$proj.deltaErr==FALSE && pdfs$delta.whiteErr==FALSE, "abs|Jacobian| of delta r^2", ifelse(pdfs$proj.deltaErr==TRUE, "abs|Jacobian| of 3D delta-error projection onto tangent hyperplane", "abs|Jacobian| of 3D delta-error") ), sep=""   )


if(pdfs$surface==TRUE) { sub2= paste("Plot is of absolute Jacobian determinant of inverse metric transformation from full whitened errors space to \n3D parameter subspace,", ifelse(pdfs$b.u.llhd==TRUE, "with separate F-distribution likelihoods computed for each diagnostic", "with single F-distribution likelihood for combined diagnostic errors") ) }


if( is.na(sub) ) { 



if(is.na(Faer)) {




sub= paste('Weighted by aerosol forcing PDF. With ',k, ' EOFs retained in surface control data covariance matrix inversion \n', sub2, sep="") 



} else {




sub= paste('At aerosol forcing= ',Faer ,' W/m^2. With ',k, ' EOFs retained in surface control data covariance matrix inversion \n', sub2, sep="") 



}


}


scales=list(arrows=FALSE, distance=1, cex=1.2, x=list(at=(0:10)*10+1, labels=c('0', '', '2','','4','','6','','8','','10')), y=list(at=(0:8)*10+1, labels=c('0','','2','','4','','6','','8')) )


resetPar


plot.new()


if(is.na(Faer)) {



print( wireframe(array(det, dim=dims[-3]), shade=T, scales=scales, xlab=xlab, ylab=ylab, zlab=zlab, screen=list(x=55, y=22, z=168)) ) 


} else {



print( wireframe(array(det, dim=dims)[,,i], shade=T, scales=scales, xlab=xlab, ylab=ylab, zlab=zlab, screen=list(x=55, y=22, z=168)) ) 


}


title(sub=sub, line=vert.sub, cex.sub=cex.sub)


title(main=main, line=vert.main, cex.main=cex.main)


print('WARNING: Do NOT try to copy this plot to the clipboard: doing so may crash the R graphics system. Save the plot or use Print_Screen instead')

}

# save(plotDetSK, file='code/plotDetSK_7Oct12.Rd')
###################################
### Begin computational section ###

###################################
##############################

### Preliminary operations ###

##############################

# Notes on data files

# In the path/GRL06_reproduce/data directory:

# gfdl.ctrl.r30.1000.dat - GFDL R30c model 1000 year unforced control run 0-3000 m ocean temperature data
# hc5yr-w0-3000m.dat - Levitus 2005 pentadal 0-3000m heat content data file

# hadcm2.nc - HadCM2 control run decadal mean surface temperature data 
# obs_dec_9_1896-9_1996.nc - HadCRUT decadal mean observational data, in netcdf file

# model.mit.txt - y/e 31Aug1861 to y/e 31Aug2001 annual 4 degree latitude band surface temperature MIT model data 

# dto.gsovsv.datGSOVSV - 0-3000m deep ocean temperature MIT model data - 499 runs

# In the path/data/orig directory:

# hadcrut4_median.nc - HadCRUT4 gridded monthly surface temperature data, downloaded 16 April 2012, in netcdf file

# F06_08.pdf.S.Rd 
- R data file containing digitised versions of the published F06 marginal parameter PDFs

# HadCM3_vol_mean_0-3039m.txt - deep ocean control data: the volumetric global average temperature 0-3039m Deep Ocean data from the HadCM3control run is used. At 6100 years this control run is by far the longest available, and from a more advanced model than the GFDL R30 model whose 1000 year control run data was used in F06. 
# brunodata_May23.tgz - archive containing observation, model-gsolsv, control and grid-gsolsv files, being data supplied by Chris Forest to Bruno Sanso for use in SFZ08, which was the same as that used in F06. There are two sets of surface data, identical apart from the surface diagnostic control data matrix, being one derived from the HadCM2 model (subsequently extracted and stored as sfc.ctl.sH) and one from the GFDL R30 model (subsequently extracted and stored as sfc.ctl.sG). F06 used the HAdCM2 control data matrix. There was no deep ocean data in the brunodata_May23.tgz archive; Sanso supplied the deep ocean data used in SFZ08 separately.

# sfc1, sfc999, sfc691 and ua900, if hadcm2.zip was downloaded. These are netcdf files of gridded annual mean surface and upper air temperatures from the HadCM2 contol run, converted to netcdf format from native pp files supplied by the UK Met Office. The sfc999 file contains surface data from the main 1000 year control run, except year 911 which failed to be included in the conversion. File sfc1 contains data from the missing year 911. File sfc691 contains surface data from a contiguous 691 year long extension to the main 1000 year control run. The ua900 file contains upper air data from the first 900 years of the main 1000 year HadCM2 control run, at 8 pressure levels. Some of this data is corrupt. 

## Although the below code can be run as one continuous block (save where required manual intervention is indicated, in relation to graphics operations), it is suggested that it be run in segments (by copying and pasting into the R console) so that the results of each segment (in particular, the individual plots) can be observed. The first section (in brown) should be skipped unless the large gridded HadCM2 control data files have been downloaded. 
###############################################################################################################

# The following sections use annual mean HadCM2 control run data, which due to the large file sizes may not be available, in which case they should be skipped. The required files are sfc999, sfc1, sfc691 and ua.900

###############################################################################################################

#########################################################################################################

## Parse 1000 + 691 year HadCM2 control run surface temperature data from the UK Met Office Hadley Centre
#########################################################################################################

#The original 1000 years data was supplied as one Met Office pp format file for each year. It has been converted to Netcdf format using the Met Office Xconv utility program. This should produce a single Netcdf format file containing all 1000 years' data, but year 911 was omitted (it used a different reference date) and so had to be converted separately, resulting in a 999 year and a 1 year NetCDF file.  The additional contiguous 691 years data was supplied later, and is hence in a separate NetCDF file.  NB Longitudes run from 0E, eastwards.

# First, the main 1000 year HadCM2 control run data

temp2=open.ncdf("data/orig/sfc999")

temp2[[8]][[4]]$units













#[1] "days since 1860-09-01 00:00:00" 

which(temp2[[8]][[4]]$vals[2:999]-temp2[[8]][[4]]$vals[1:998]>365)
#[1] 910

temp2[[8]][[4]]$vals[908:912] # [1] 326700 327060 327420 328140 328500 - the 720 jump in day numbers between records 910 and 911, rather than the normal 360 day gap (12 x 30), shows that year 911 is the missing one.

temp2[[8]][[4]]$vals[999]












#[1] 359820

temp1=get.var.ncdf(temp2) 











 
# dim(temp1)  [1]  96  73 999 - only 999 years

# temp1[51:55,1,222]
 [1] 254.8659 254.8659 254.8659 254.8659 254.8659 - band 1 is N pole - all latitudes same temp

# temp1[71:75,73,22]  [1] 224.1595 224.1595 224.1595 224.1595 224.1595 - band 73 is S pole - all latitudes same temp

temp=open.ncdf("data/orig/sfc1") # this is the missing year 911, belonging between positions 910 and 911 in the main 999 years file

temp[[8]][[4]]$units


#[1] "days since 2770-09-01 00:00:00" - 910 years later than the main file reference date 

temp[[8]][[4]]$vals  

#[1] 180 - equates to the 327780 days since 1860-09-01 file, the missing year 911

temp3=get.var.ncdf(temp)

 

dim(temp3)





#[1] 96 73

sfc.96.72.ctl=array(dim=c(96,73,1000))

sfc.96.72.ctl[,,1:910]= temp1[,,1:910] 

sfc.96.72.ctl[,,912:1000]= temp1[,,911:999] 

sfc.96.72.ctl[,,911]=temp3

ssq(sfc.96.72.ctl)






# [1] 539985793559 - checksum

temp3=sfc.96.72.ctl 

dim(temp3)= c(96*73,1000)





# for combining with extra 690 years gridded data

# Verify that HadCM2 data runs from N to S, not S to N

#temp2[[8]][[2]]$name








#[1] "latitude"



#temp2[[8]][[2]]$units








#[1] "degrees_north"

#round(temp2[[8]][[2]]$vals[c(1,1,3,71,72,73)], 1) 
#[1]  90.0  90.0  85.0 -85.0 -87.5 -90.0

# Then the additional 691 years (1 Sep 2860-3550) that continue the main 1000 year HadCM2 control run

# If the Netcdf file sfc691 is not in the directory "C:/R/Forest06/test/data", move it there

temp2=open.ncdf("data/orig/sfc691")

temp2[[8]][[4]]$units









#[1] "days since 1991-09-01 00:00:00"

which(!(temp2[[8]][[4]]$vals[2:999]-temp2[[8]][[4]]$vals[1:998]==360))
# integer(0)  - no missing years

temp2[[8]][[4]]$vals[1]









#[1] 313020 

sfc.96.72.ctl =get.var.ncdf(temp2)[,,1:690] 





# Discard odd year at the end (used in F06?)

# dim(sfc.96.72.ctl)  









# [1]  96  73 690

ssq(sfc.96.72.ctl)



# [1] 372828853244  - checksum (=69.07% of 1000y run checksum)

# Merge the two sets of data

dim(sfc.96.72.ctl)= c(96*73,690)

sfc.96.72.ctl= cbind(temp3, sfc.96.72.ctl)

dim(sfc.96.72.ctl)= c(96,73,1690)

save(sfc.96.72.ctl, file='data/sfc.96.72.ctl.Rd')


# 72 lon x 36 N-S lat x 1690 year HadCM2 control data

sfc.96.36.ctl= 0.25 * sfc.96.72.ctl[,1:71,] + 0.5 * sfc.96.72.ctl[,2:72,] + 0.25 * sfc.96.72.ctl[,3:73,] # wtd average of 3 adjacent lat gridlines gives values for 5 deg latitude cells

# discard unwanted even no. lat cells

sfc.96.36.ctl= sfc.96.36.ctl[, (1:36)*2-1, ]

#now convert longitudinal data from grid lines 3.75 to 5 deg grid cells, starting centered on -177.5.

# cell 1 is 0 to 3.75 deg.E

sfc.72.36.ctl= array( dim=c(72,36,1690) )

for(i in 1:24) { 


j= (4*i - 4 + 48) %% 96 + 1



# i=1 =>j=49 i.e. -180 to -176.25 deg.E


sfc.72.36.ctl[i*3-2,,]= sfc.96.36.ctl[j,,] * 0.75 + sfc.96.36.ctl[j+1,,] * 0.25


sfc.72.36.ctl[i*3-1,,]= ( sfc.96.36.ctl[j+1,,] + sfc.96.36.ctl[j+2,,] ) * 0.5


sfc.72.36.ctl[i*3,,]= sfc.96.36.ctl[j+2,,] * 0.25 + sfc.96.36.ctl[j=3,,] * 0.75

}

save(sfc.72.36.ctl, file='data/sfc.72.36.ctl.Rd')


# 72 lon x 36 N-S lat x 1690 year HadCM2 control data

#####################################################################################################################

## Determine the correlation of upper air temperatures with surface temperatures using decadal mean HadCM2 control run data, by pressure level









#####################################################################################################################

# Open the netcdf file produced by converting the 900 annual mean upper air temperature native pp files from the main 1000 year HadCM2 control run supplied by the UK Met Office. Data for years 901 to 1000 was missing. Data for year 301 to 780 was corrupted. Therefore use just data for years 1 to 300 and 781 to 900.

ua.meta.ctl.900=open.ncdf("data/orig/ua900")

ua.96.72.8.900.ctl =get.var.ncdf(ua.meta.ctl.900)

( range(ua.meta.ctl.900[[8]][[4]]$vals) )# 


[1]    180 323820

( ua.meta.ctl.900[[8]][[4]]$units )#



[1] "days since 1860-09-01 00:00:00"

( names(ua.meta.ctl.900[[8]]))#






[1] "longitude" "latitude"  "p"         "t"        

( names(ua.meta.ctl.900[[8]][[3]]) )#

( [1] "name"          "len"           "unlim"         "id"            "dimvarid"      "units"         "vals"          "create_dimvar"

( ua.meta.ctl.900[[8]][[3]][[7]]
)
# [1] 850 700 500 300 200 150 100  50 # the data runs from 850 to 50 hPa

dim(ua.96.72.8.900.ctl)=c(96, 73*8*900)

ua.temp=colMeans(ua.96.72.8.900.ctl, na.rm=TRUE)

dim(ua.temp)=c(73*8,10,90); ua.temp=aperm(ua.temp, perm=c(1,3,2))

dim(ua.temp)=c(73*8*90,10); ua.temp=rowMeans(ua.temp, na.rm=TRUE)

dim(ua.temp)=c(73,8,90)

# now load and parse the surface temperature control data

load('data/sfc.96.72.ctl.Rd')

sfc.temp=sfc.96.72.ctl; dim(sfc.temp)=c(96,73*1690)

sfc.temp=colMeans(sfc.temp)

dim(sfc.temp)=c(73,10,169); sfc.temp=aperm(sfc.temp, perm=c(1,3,2))

dim(sfc.temp)=c(73*169,10); sfc.temp=rowMeans(sfc.temp)

dim(sfc.temp)=c(73,169)

x=matrix(nrow=73, ncol=8) 

for(j in 1:73) { x[j,]= cor(t(rbind(sfc.temp[j, c(1:30,79:90)], ua.temp[j,1:8,c(1:30,79:90)])))[1,2:9]
}


# use all the uncorrupted upper air data

par(pin=c(12,6), mar=c(4.5,4.8,1,1))

lty=c(1,1,1,1,2,2,2,2)

colors=c(rep(1:4,2))

matplot(-(-36:36)*2.5, x, type='l', lty=lty, col=colors, lwd=3.5, xlab='Latitude', ylab='Decadal temperature correlation', cex.lab=2.5, cex.axis=1.8, xaxp=c(-90,90,10), main='', cex.main=1.4)

legend(x=c(-97,-35), y=c(-0.25,-1), c('850 hPa','700 hPa','500 hPa','300 hPa','200 hPa','150 hPa','100 hPa','50 hPa'), ncol=2, lwd=2.5, lty=lty, col=colors, title="Upper air pressure level", box.lty=0, cex=2, title.cex=2.2)

# Save the plot and its data and clean up
savePlot('plots/Fig1.ua-sfc.cor.dec.H.l.png', type='png') 

save(x, file='plots/Fig1.ua-sfc.cor.dec.H.l.data.Rd')

write(t(x), file='plots/Fig1.ua-sfc.cor.dec.H.l.data.txt', ncolumns=8)
rm(temp, temp1, temp2, temp3, sfc.96.72.ctl, sfc.72.36.ctl, ua.meta.ctl.900, ua.96.72.8.900.ctl, ua.temp, sfc.temp, x)
## Extract and parse Sanso archive file

#######################################

untar( 'data/orig/brunodata_May23.tgz', exdir=paste(path, '/data/sanso', sep="") )
# Extract and parse the Sanso surface data

##########################################

sfc.obs.s=scan(file="data/Sanso/obs_z4.dat") # Read 20 items

dim(sfc.obs.s)=c(1,20) # convert from vector to 1 x 20 matrix

sfc.model.s=scan(file="data/Sanso/model_z4_gsolsv.dat") # Read 9980 items

dim(sfc.model.s)=c(499,20)

sfc.ctl.sH=scan(file="data/Sanso/control_z4_hadcm2.dat") #Read 3240 items

dim(sfc.ctl.sH)=c(20,162); sfc.ctl.sH=t(sfc.ctl.sH)

sfc.ctl.sG=scan(file="data/Sanso/control_z4_gfdl.dat") #Read 1820 items

dim(sfc.ctl.sG)=c(20,91); sfc.ctl.sG=t(sfc.ctl.sG)
save(sfc.obs.s, file='data/sfc.obs.s.Rd')

save(sfc.model.s, file='data/sfc.model.s.Rd')

save(sfc.ctl.sH, file='data/sfc.ctl.sH.Rd')

save(sfc.ctl.sG, file='data/sfc.ctl.sG.Rd')

# Extract and parse the model grid and convert Kv to rtKv (=sqrt(Kv))
#####################################################################

grid.rtKv.sanso=scan(file="data/Sanso/run_parameters.dat") # Read 1497 items: Sanso grid is already in sqrt(Kv)

dim(grid.rtKv.sanso)=c(3,499)

grid.rtKv.sanso=t(grid.rtKv.sanso)

grid.rtKv.sanso= cbind( grid.rtKv.sanso[,2], grid.rtKv.sanso )[,-3]
# reorder: was rtKv, S, Fa not S, rtKv, Fa

grid.rtKv= grid.rtKv.sanso 

grid= cbind(grid.rtKv[,1], grid.rtKv[,2]^2, grid.rtKv[,3])

# create grid with Kv not rtKv

colnames(grid.rtKv)= colnames(grid)= c('S', 'rtKv', 'Faer')

rm(grid.rtKv.sanso)









# don't need to keep grid.rtKv.sanso
save(grid.rtKv, file='data/grid.rtKv.Rd')

# Extract and parse the Sanso upper air data

############################################

ua.obs.sanso=scan(file="data/Sanso/obs_ua.dat") # Read 220 items

dim(ua.obs.sanso)=c(1,220) # convert from vector to 1 x 220 matrix

# The Sanso upper air data is only 220 columns: it omits the 7 90S to 35S and the 85N to 90N latitude bands

ua.model.sanso=scan(file="data/Sanso/model_ua_gsolsv.dat") # Read 109780 items

dim(ua.model.sanso)=c(499,220)

ua.ctl.sanso =scan(file="Data/Sanso/control_ua_hadcm2.dat") 
# Read 8800 items 

dim(ua.ctl.sanso)=c(220,40) 







# Changes fastest by latitude NOT pressure level

ua.ctl.sanso=t(ua.ctl.sanso)

# Inspection reveals that 2 of the 220 points have values of -32768, signifying missing data:

which(ua.ctl.sanso[1,]==-32768)  # [1]  81 109   - signifies missing (undefined) data points (in control data only). Set them to zero

ua.ctl.sanso[ua.ctl.sanso==-32768]= 0

temp2=readBin('GRL06_reproduce/data/ct2.vl4', "numeric", n=11520, size=4)

(ua.msk= which(temp2[1:288]==-32768)) # locations where control data missing - being all those where the observational data is missing and in addition 107 and 143 (which become 81 and 109 after removing earlier missing points)

# [1]   1   2   3   4   5   6   7  18  35  36  37  38  39  40  41  42  43  71  72  73  74  75  76  77  78  79 107 108 109 110 111 112 113 114 115 143 144 145 146 147 148 149 150 151 180 181 182 183 184 185 186 187 216 217 218 219 220 221 222 223 252 253 254 255 256 257 258 259 270 288 

107 - (which(ua.msk==107) - 1) 
# [1] 81 

143 - (which(ua.msk==143) - 1) 
# [1] 108

rm(temp2)

## Create 224 variable versions of the SFZ08 control, observation and model data, with level changing faster than lat
# SFZ08 upper air data has latitude changing faster than pressure level (which runs from 50-850hPa, as for CSF05 data). First 7 & final 5 deg. latitude bands (which start from S) are omitted
# Full data is 36 5 degree latitude bands (7 from 90S-55S being missing, as is all of 85-90N) and 8 pressure levels: 50, 100, 150, 200, 300, 500, 700 & 850hPa. 288 variables in all, but only 28 bands have any data = 224 variables

# Note that 50-200 hPa data is missing for the 80-85N band, and 50 and 850 hPa data for the 0-5S band, so 218 data pts

# the SFZ08 UA data varies most rapidly with the 28 latitudes that are not completely missing, running from S to N, 50hPa first.  The missing 50-100hPa points in the final non-wholly-missing 80-85N latitude band will therefore become points 28 and 56. The 150 & 200hPa 80-85N points are not omitted, merely zeroe. The 5-0S 50hPa and 850hPa points are also missing: they need to be inserted, as zeros, before columns 11 and 204 (=207 - missing 5-0S 50hPa and 85-90N 50 & 100hPa points, before padding with the missing 50-200hPa 80-85N data, and will end up as points 11 and 207 -which is followed by 0-85N 850hPa =17 cols, making 224 in total

#The missing points 28 and 56 need to be inserted before column 27 (since 11 is missing) and before column 54 (since points 11 and 28 are missing)

# which(ua.ctl.sanso[1,]==0) [1]  81 109






# 11, 28 and 56 are omitted in the SFZ08 data, so 81 will become 84, which is 150hPa, 80-85N.  Likewise 109 will become 112, which is 200hPa, 80-85N

# Must as per the above insert (with 0s) the missing 80-85N 50 & 100hPa columns just before cols 27 and 54, also the missing 50hPa 5S-0S column before col 11 and the missing 850hPa 5S-0S column before col 204.  Then reorder with pressure level changing faster than latitude.
# Reform the control data (40*220)
# First, insert the missing 80-85N 50 & 100hPa columns between cols 10 and 11; 26 and 27; 53 and 54; and 203 and 204
ua.ctl.s.224= cbind(ua.ctl.sanso[,1:10], rep(0,40), ua.ctl.sanso[,11:26],rep(0,40), ua.ctl.sanso[,27:53], rep(0,40), ua.ctl.sanso[,54:203], rep(0,40),ua.ctl.sanso[,204:220])

dim(ua.ctl.s.224)= c(40,28,8)

ua.ctl.s.224= aperm(ua.ctl.s.224, c(1,3,2))
# make latitude change slower than pressure level

dim(ua.ctl.s.224)= c(40,224)

which(ua.ctl.s.224[1,]==0)


# [1]  81  88 217 218 219 220 - agrees to trimmed 28 latitude band CSF05 data

ua.obs.s.224= c(ua.obs.sanso[,1:10], 0, ua.obs.sanso[,11:26],0, ua.obs.sanso[,27:53], 0, ua.obs.sanso[,54:203], 0, ua.obs.sanso[,204:220])

dim(ua.obs.s.224)= c(1,28,8)

ua.obs.s.224= aperm(ua.obs.s.224, c(1,3,2))




# make latitude change slower than pressure level

dim(ua.obs.s.224)= c(1,224)

ua.model.s.224= cbind(ua.model.sanso[,1:10], rep(0,499), ua.model.sanso[,11:26],rep(0,499), ua.model.sanso[,27:53], rep(0,499), ua.model.sanso[,54:203], rep(0,499),ua.model.sanso[,204:220])

dim(ua.model.s.224)= c(499,28,8)

ua.model.s.224= aperm(ua.model.s.224, c(1,3,2))



# make latitude change slower than pressure level

dim(ua.model.s.224)= c(499,224)

# the 150 & 200hPa 80-85N points are only zeroed in the SFZ08 control data.  For completeness, zero them in the model and observational data as well

which(ua.obs.s.224[1,]==0)










# [1]  81  88 217 218 

which(ua.model.s.224[1,]==0)










# [1]  81  88 217 218

ua.obs.s.224[,219:220]= 0

ua.model.s.224[,219:220]= 0

save(ua.obs.s.224, file='data/ua.obs.s.224.Rd')

save(ua.model.s.224, file='data/ua.model.s.224.Rd')

save(ua.ctl.s.224, file='data/ua.ctl.s.224.Rd')

##  Create objects needed for the analyses
##########################################
# create regular fine grid (S: 0 (extrapolated) to 10 (not 15: reduces computations); rtKv: 0 - 8, Faer: -1.5 - 0.5)

# dims(S,rtKv,Faer)= c(101,81,41), vectorised

fGrid.SrtKvF= genFineGrid()

save(fGrid.SrtKvF, file="data/fGrid.SrtKvF.Rd")
##########################################################################################
## Ascertain deep ocean natural trend variability using HadCM3 6100 year control run data
##########################################################################################
dto.ctl.HadCM3=scan("data/orig//HadCM3_vol_mean_0-3039m.txt",sep="\t",skip=4)

dim( dto.ctl.HadCM3)=c(2,6100)

# strip the year numbers and compute pentadal means
dto.ctl.HadCM3=dto.ctl.HadCM3[2,]
dto.ctl.HadCM3.5=rowMeans(cbind(dto.ctl.HadCM3 [1:6096], dto.ctl.HadCM3 [2:6097], dto.ctl.HadCM3 [3:6098], dto.ctl.HadCM3 [4:6099], dto.ctl.HadCM3 [5:6100]))
# compute trends over successive non-overlapping 37 year periods 

dto.ctl.HadCM3=vector()

for (i in 1:164) {


temp1= dto.ctl.HadCM3.5[(i*37-36):(i*37)]


dto.ctl.HadCM3[i]=lm(temp1~seq(1:37))[[1]][2]

}

# investigate how years of data as model was spun-up - use this. Close to estimate using second 500 years of GFDL R30 control run data.

print('Standard deviations (mK/y) of 37 year trends in HadCM3 global pentadal mean 0-3039 m ocean layer for 1st, 2nd and 3rd thirds of its 6100 year control run, showing that standard deviation is abnormally high in the first such segment of the run. Use final number, the mean of the standard deviations for 2nd and 3rd segments, in mK/y.')

( round(sd(dto.ctl.HadCM3[1:54]) *1000,4) )
  #[1] 0.1517

( round(sd(dto.ctl.HadCM3[55:109]) *1000,4) )   #[1] 0.0914

( round(sd(dto.ctl.HadCM3[110:164]) *1000,4) )  #[1] 0.0913
( do.ctl.h.37= mean( sd(dto.ctl.HadCM3[55:109]), sd(dto.ctl.HadCM3[110:164]) ) * 1000 ) # [1] 9.14164e-02
# Note: the GFDL R30 1000 year 0-3000 m control run data exhibits similar behaviour. The standard deviation of 37 year trends in pentadal means is much lower, at 0.097 mK/y, in the second half of the run than in the first half.

# Now compute trends over successive non-overlapping 40 year periods, from means of the 2nd and 3rd thirds as before 

dto.ctl.HadCM3=vector()

for (i in 1:152) {


temp1= dto.ctl.HadCM3.5[(i*40-39):(i*40)]


dto.ctl.HadCM3[i]=lm(temp1~seq(1:40))[[1]][2]

}

( do.ctl.h.40= mean( sd(dto.ctl.HadCM3[51:101]), sd(dto.ctl.HadCM3[101:152]) ) * 1000 ) # [1] 0.08285992
################################################################################################################

## Ascertain appropriate values for deep ocean observational temperature trend and trend measurement uncertainty 
################################################################################################################

# The standard error of the pentadal estimates reduced substantially over the Levitus 2005 period, so weighted LS regression, as used in F06, is more appropriate. Weight by inverse of variance per formulae in Numerical recipes in C, Section 15.2

# Read the digital Levitus 2005 data from the GRL06_reproduce archive

lev05= read.table('GRL06_reproduce/data/hc5yr-w0-3000m.dat', header=TRUE)
# Set conversion factor from 10^22 J to mK by x37/14.473 per Table 1 Levitus 2005 & no. of years to use (start 1957.5)

e22J_to_mK= (0.037*1000)/14.473 

# First, compute using the first 37 years of data, as in F06, to match the other diagnostic periods ending in 1995

###################################################################################################################

nyr=37

xvals= 1:nyr

S=sum(lev05[1:nyr,3]^-2)

Sx=sum(xvals/lev05[1:nyr,3]^2)

Sxx=sum(xvals^2/lev05[1:nyr,3]^2)

Sy=sum(lev05[1:nyr,2]/lev05[1:nyr,3]^2)

Sxy=sum(xvals*lev05[1:nyr,2]/lev05[1:nyr,3]^2)

delta= S*Sxx - Sx^2
a= (Sxx*Sy - Sx*Sxy)/delta * e22J_to_mK



(b= (S*Sxy - Sx*Sy)/delta * e22J_to_mK)

# [1] 0.6994905

: agrees to GRL06_reproduce IDL output
(SE= sqrt(S/delta) * e22J_to_mK)

# [1] 0.08082858
: agrees to GRL06_reproduce IDL output

# Deep ocean temperature trend also agrees F06 Fig 1b, confirming that F06 also used weighted LS regression

# use this estimate of the observational 37 year deep ocean temperature trend

do.obs.37= b
# Investigate the AR characteristics of residuals from regression on pentadal data - ignored in F06. Assume AR(1) 
 ( r= ar(lev05[xvals,2]*e22J_to_mK - a - b* xvals, order.max=1)$ar ) # [1] 0.8820399 

# The high autocorrelation is to be expected since 80% overlapping pentadal means are used. 
# regress using only every fifth pentadal mean, to eliminate the main cause of autocorrelation, omitting the first (least acccurate) since one data point must be omitted to make the sequence divisible by 5

xvals= seq(-trunc(36/2), trunc(36/2), 5) + 1 

S=sum(lev05[xvals+19,3]^-2)

Sx=sum(xvals/lev05[xvals+19,3]^2)

Sxx=sum(xvals^2/lev05[xvals+19,3]^2)

Sy=sum(lev05[xvals+19,2]/lev05[xvals+19,3]^2)

Sxy=sum(xvals*lev05[xvals+19,2]/lev05[xvals+19,3]^2)

delta= S*Sxx - Sx^2
a= (Sxx*Sy - Sx*Sxy)/delta * e22J_to_mK




b= (S*Sxy - Sx*Sy)/delta * e22J_to_mK


(do.SE.37= sqrt(S/delta) * e22J_to_mK)

# [1] 0.1601091
# Standard error is nearly double. Use this estimate of the deep ocean observational 37 year trend SE
( ar(lev05[xvals+19,2]* e22J_to_mK - a - b* xvals, order.max=1)$ar ) # numeric(0)
# any remaining autocorrelation likely to be due to slow natural variability in ocean temperature rather than to correlation between different years' pure measurement errors. The control data climate noise estimate allows for that source of error, but it also increases the trend SE, likely resulting in a double count of uncertainty from that source, which compensates for any ignored autocorrelation in pure measurement error.

# Effective degrees of freedom in error estimate scales inversely with SE^2. Adjust basic df estimate (no. of data points - 2, since both intercept and trend are estimated) accordingly. Apply to total uncertainty, not just trend estimate, since df estimate is used for a t-distribution that reflects the sum of the two errors.

( do.N.eff.37= (nyr-2) * (SE^2+do.ctl.h.37^2) / (do.SE.37^2+do.ctl.h.37^2)) # [1] 15.33183
# Suppose the trend SE is, for whatever reason, underestimated by 50%. Compute conservative SE and df on that basis

( do.SE.37c= 1.5 * do.SE.37 ) # [1] 0.2401636
( do.N.eff.37c= (nyr-2) * (SE^2 + do.ctl.h.37^2) / (do.SE.37c^2 + do.ctl.h.37^2)) # [1] 7.892079
# compute pentadal means, 37 years trends therein and standard deviation of those trends for the GFDL R30 control data
# read in the gfdl.r30 1000 year control run temperature data for 0-3000m, discarding the 'year' column

gfdl.r30= matrix(scan('GRL06_reproduce/data/gfdl.ctrl.r30.1000.dat'), nrow=1000, ncol=2, byrow=TRUE)[,2]

gfdl.r30.pentads= rowMeans(cbind(gfdl.r30[1:996],gfdl.r30[2:997],gfdl.r30[3:998], gfdl.r30[4:999], gfdl.r30[5:1000]))

gfdl.r30.trends=vector()

for (i in 1:960) { gfdl.r30.trends[i]= lm(gfdl.r30.pentads[i:(i+36)]~seq(1:37))$coefficients[2] }

sd(gfdl.r30.trends)
# [1] 0.0001515452 

sd(gfdl.r30.trends[480:960]) #[1] 9.454555e-05 GFDL R30 trend standard deviation much lower in 2nd half of control run
# Note that the estimated 37 year do trend autocorrelation-adjusted SE of 0.1601091 mK/y, when added in quadrature to the 37 year HadCM3 standard deviation of 37 year trends of 0.0914164, gives a total standard deviation of 0.1844 mK/y. By comparison, the sum in quadrature of the unadjusted trend SE of 0.08082858 mK/y and the standard deviation of 37 year pentadal trends per the GFDL entire control run of 0.1515452 mK/y is 0.1717533 mK/y. Using the higher GFDL trend standard deviation per the GRL06_reproduce code of 0.000173531 gives sqrt(.1735^2+.08083^2) =  0.1914046. So the total deep ocean standard deviation for the main results of 0.1844 mK/y is almost the same as that calculated using GFDL R30 data and no adjustment for autocorrelation, as in F06.

# Now, compute using the full 40 years of data, to better match the extended surface diagnostic period ending in 2001

######################################################################################################################
nyr=40

xvals= 1:nyr  

S=sum(lev05[1:nyr,3]^-2)

Sx=sum(xvals/lev05[1:nyr,3]^2)

Sxx=sum(xvals^2/lev05[1:nyr,3]^2)

Sy=sum(lev05[1:nyr,2]/lev05[1:nyr,3]^2)

Sxy=sum(xvals*lev05[1:nyr,2]/lev05[1:nyr,3]^2)

delta= S*Sxx - Sx^2

a= (Sxx*Sy - Sx*Sxy)/delta * e22J_to_mK

(b= (S*Sxy - Sx*Sy)/delta * e22J_to_mK)


# [1] 0.6793557

(SE= sqrt(S/delta) * e22J_to_mK) 



# [1] 0.07002666
# use this estimate of the 40 year observational deep ocean temperature trend

do.obs.40= b
# regress using only every fifth pentadal mean, to eliminate the main cause of autocorrelation: only 4 years between last two data points to fit the sequence to 40 data points

xvals= c(seq(-17, 18, 5), 22)  

S=sum(lev05[xvals+18,3]^-2)

Sx=sum(xvals/lev05[xvals+18,3]^2)

Sxx=sum(xvals^2/lev05[xvals+18,3]^2)

Sy=sum(lev05[xvals+18,2]/lev05[xvals+18,3]^2)

Sxy=sum(xvals*lev05[xvals+18,2]/lev05[xvals+18,3]^2)

delta= S*Sxx - Sx^2

a= (Sxx*Sy - Sx*Sxy)/delta * e22J_to_mK 

b= (S*Sxy - Sx*Sy)/delta * e22J_to_mK


# [1] 0.7478016

(do.SE.40= sqrt(S/delta) * e22J_to_mK)



# [1] 0.1392933

# SE is nearly double. Use this estimate of the deep ocean observational 40 year trend error

( ar(lev05[xvals+18,2] * e22J_to_mK - a - b * xvals, order.max=1)$ar ) # numeric(0)
# Effective degrees of freedom in error estimate scales inversely with SE^2. Adjust basic df estimate (no. of data points - 2 since both intercept and trend are estimated) accordingly. Apply to total uncertainty, not just trend estimate, since df estimate is used for a t-distribution that reflects the sum of the two errors.

( do.N.eff.40= (nyr-2) * (SE^2+do.ctl.h.40^2) / (do.SE.40^2+do.ctl.h.40^2)) # [1] 17.02583
# Suppose the trend SE is, for whatever reason, underestimated by 50%. Compute conservative SE and df on that basis

( do.SE.40c= 1.5 * do.SE.40 ) # [1] 0.2089399
( do.N.eff.40c= (nyr-2) * (SE^2 + do.ctl.h.40^2) / (do.SE.40c^2 + do.ctl.h.40^2)) # [1] 8.85246
rm(a,b, SE, S, Sx, Sxx, Sy, Sxy, delta, nyr)

#############################################################################################################

### Run the main functions to generate all the required intermediate data and final probability densities ###
#############################################################################################################
#####################################################################################################################

## Generate the surface diagnostics: for the main results: HadCRUT4 data to 2001, 6 dec diag, 9 and 10 dec climatology 
#####################################################################################################################

# Parse model data. Per Chris Forest the GRL06_reproduce annual mean MIT model data is 141 years to 30 November 2001
sfc.mit.model.all= scan('GRL06_reproduce/data/model.mit.txt')
# Read 3236514 items

dim(sfc.mit.model.all)= c(499,46,141)

sfc.mit.model.all= aperm(sfc.mit.model.all, perm=c(2,3,1))# now 46 x 141 x 499
# MIT model data is for latitudinal grid lines spaced at 4 degree intervals, running from S to N. Interpolate it to 5 degree grid cell spacing to match the observational and control data, and reverse direction to N to S.

approx.y = function(y,x,xout) { approx(x,y,xout)$y }

sfc.mit.model.36= apply(matrix(sfc.mit.model.all, nrow=46), 2, approx.y, x=(-22.5:22.5)*4, xout= seq(87.5,-87.5,-5))

dim(sfc.mit.model.36)= c(36,141,499)

save(sfc.mit.model.36, file='data/sfc.mit.model.36.Rd')
# Load HadCM2 decadal mean control data file

y.ctl=open.ncdf('GRL06_reproduce/data/hadcm2.nc') #temp_16 has forcing attribute 'CTL'

z.ctl = get.var.ncdf(y.ctl,'temp_16')
# [72,36,170]

# Load HadCRUT decadal mean data for decades starting 1Sep1896 and ending 31Aug1996

obsGRL06.meta= open.ncdf('GRL06_reproduce/data/obs_dec_9_1896-9_1996.nc')

obsGRL06.meta[[8]][[4]]$units 


# [1] "days since 1896-09-01 12:00:00"

obsGRL06.meta[[8]][[4]]$vals[1:2] 

# [1] 1825 5477 mid points of decadal means

obsGRL06= get.var.ncdf(obsGRL06.meta)

dim(obsGRL06)






#[1] 72 36 10 start on 1Sep1896 (not 1895)

# Parse HadCRUT4 monthly observational data (downloaded 16Apr12)

obs.meta= open.ncdf('data/orig/hadcrut4_median.nc')

names(obs.meta[[8]])


#[1] "latitude"  "longitude" "time"  but ordering of lon and lat reversed!  

obs.meta[[8]][[3]]$units


#[1] "days since 1850-1-1 00:00:00"

obs.meta[[8]][[3]]$vals[c(1,1932)]
#[1]    15.5 58788.5 - 1932 months, ending Dec 2010 = 161 yrs

obs.meta[[8]][[1]]$units


#[1] "degrees_north"

obs.meta[[8]][[1]]$vals


# [1] -87.5 -82.5 -77.5 -72.5 -67.5 -62.5 -57.5 -52.5 -47.5 -42.5 -37.5 -32.5 -27.5 -22.5 -17.5 -12.5  -7.5  -2.5   2.5   7.5  12.5  17.5  22.5  27.5  32.5  37.5  42.5  47.5  52.5  57.5  62.5  67.5  72.5  77.5  82.5  87.5


runs from S to N
obs.meta[[8]][[2]]$units

#[1] "degrees_east"

obs.meta[[8]][[2]]$vals[1:3]
#[1] -177.5 -172.5 -167.5

obs.hc4= get.var.ncdf(obs.meta)

dim(obs.hc4)





# [1]   72   36 1932
 
 161 yrs of monthly mean data - last is 2010

# select period start 1Dec1860, end 30Nov2010; reverse latitude sense to N->S; set dimensions: lon, lat, mth, yr
obs.hc4= obs.hc4[, rev(1:36), (12*10+12):(12*160+11)]


dim(obs.hc4)= c(72, 36, 12, 150)

sum(is.na(obs.hc4)) #  [1] 2409428  
# average into yrs ending 30 November 1861 to 2010

hadcrut4.72.36.yeNov1861_2010= apply(obs.hc4, c(1,2,4), mean, na.rm=TRUE)


# discard years with >4m missing data, by gridcell, to avoid possible bias due to months varying in the characteristics of their anomaly values (results are insensitive to requiring a smaller no. of months)
hadcrut4.72.36.min8.yeNov1861_2010= hadcrut4.72.36.yeNov1861_2010

hadcrut4.72.36.min8.yeNov1861_2010[apply(is.na(obs.hc4), c(1,2,4), sum)>4.001]= NA
ssq(hadcrut4.72.36.min8.yeNov1861_2010, na.rm=TRUE) # [1] 82670.61
save(hadcrut4.72.36.min8.yeNov1861_2010, file='data/hadcrut4.72.36.min8.yeNov1861_2010.Rd')
## compute F06 surface diagnostic from files in GRL06_reproduce.tgz and MIT annual mean gridded model data from them
####################################################################################################################

# This is using model data ending on 30 Nov 1995 not 1996, as in F06. The IDL code shows that decadal/climatological/longitudinal means all only require one period/grid cell with data.

sfc.diag= makeDiag(obs=obsGRL06[,,2:10], mdl=sfc.mit.model.36[,46:135,], ctl=z.ctl, udv=NA, timeAvg=c(1,10,1), latBands=c(90,30,0,-30,-90), mincov=0, climPd=c(1,9), diagPd=5:9 ) 

# check that this does produce the SFZ08 data, thereby verifying the sfc.mit.model.all data
ssq(sfc.diag$obs-sfc.obs.s) 


# [1] 9.893032e-13 - agrees

ssq(sfc.diag$ctl-sfc.ctl.sH)


# [1] 8.431057e-08 - agrees

ssq((sfc.diag$mdl-sfc.model.s)[-404,])
#  [1] 6.106486e-08 - agrees

ssq((sfc.diag$mdl-sfc.model.s)[404,])
# [1] 0.1271833
   - disagrees. MIT model run 404 data has become corrupted
rm(sfc.diag)





# remove the version with corrupted run 404

# The surface diagnostic generated using makeDiag and GRL06_reproduce data agrees to the SFZ08 (=F06) data apart from run 404. Run 404 (S=8, k=0, F=0) difference can be ignored since that combination is totally ruled out by the sfc diagnostic (r2>400) both in the corrupted and uncorrupted form, and so are all neighboring model points.
## Now produce the main results surface diagnostic, using MIT model data and HadCRUT4 observational data 
#########################################################################################################

# This is for the 11 decades to 30 Nov 2001, with climatology based on 9 decades to 1991 and the HadCM2 decadal mean control data
sfc.diag.9dec91.6dec01.hc4.8m= makeDiag(obs=hadcrut4.72.36.min8.yeNov1861_2010[,,32:141], mdl=sfc.mit.model.36[,32:141,], ctl=z.ctl, udv=NA, timeAvg=c(10,10,1), latBands=c(90,30,0,-30,-90), mincov=0, climPd=c(2,10), diagPd=6:11) 

save(sfc.diag.9dec91.6dec01.hc4.8m, file='data/sfc.diag.9dec91.6dec01.hc4.8m.Rd')
# Estimate the degrees of freedom in the estimation of the surface diagnostic control data covariance matrix. This will be the number of control data samples for which the diagnostic periods do not overlap, increased by 50% per Allen & Tett (1999). Compute using only every 6th overlapping control data sample, although in principle every 5th sample could be used since using the same start decade for one sample as the end decade for the previous one does not affect covariance estimation.

( sfc.N.eff.9= round(dim(sfc.diag.9dec91.6dec01.hc4.8m$ctl)[1] / 6 * 1.5, 0) )    
# [1] 40

#####################################################################################################################
## Interpolate the surface model data to the fine grid, restricting to both 128 and 256 degrees of freedom of the fit, to improve smoothness. Only 128 d.f. is used in the actual results; 256 d.f. (a very light constraint) is run to permit manual checking that restricting the d.f. to 128 makes little difference to the results and is consistent with estimated model ensemble variability. Optionally also run at 512 d.f. (= unrestricted) for completeness
#####################################################################################################################
# generate the original F06 diagnostic to 1995 fine grid model data using 128 df restriction

sfc.model.s.SrtKvF.1df128=tpsModel(grid.rtKv, sfc.model.s, fGrid.SrtKvF, 101, 81, 41, df=128)

save(sfc.model.s.SrtKvF.1df128, file='data/sfc.model.s.SrtKvF.1df128.Rd')

# generate the original F06 diagnostic to 1995 fine grid model data using 256 df restriction

sfc.model.s.SrtKvF.1df256=tpsModel(grid.rtKv, sfc.model.s, fGrid.SrtKvF, 101, 81, 41, df=256)

save(sfc.model.s.SrtKvF.1df256, file='data/sfc.model.s.SrtKvF.1df256.Rd')

# generate the original F06 diagnostic to 1995 fine grid model data using 512 df (=no restriction)
sfc.model.s.SrtKvF.1df512=tpsModel(grid.rtKv, sfc.model.s, fGrid.SrtKvF, 101, 81, 41, df=512)

save(sfc.model.s.SrtKvF.1df512, file='data/sfc.model.s.SrtKvF.1df512.Rd')
# generate the 9 decade diagnostic to 2001 fine grid model data using 128 df restriction

sfc.mdl.9dec91.6dec01.hc4.8m.df128=tpsModel(grid.rtKv, sfc.diag.9dec91.6dec01.hc4.8m$mdl, fGrid.SrtKvF, 101, 81, 41, df=128)

save(sfc.mdl.9dec91.6dec01.hc4.8m.df128, file='data/sfc.mdl.9dec91.6dec01.hc4.8m.df128.Rd')

# generate the 9 decade diagnostic to 2001 fine grid model data using 256 df restriction

sfc.mdl.9dec91.6dec01.hc4.8m.df256=tpsModel(grid.rtKv, sfc.diag.9dec91.6dec01.hc4.8m$mdl, fGrid.SrtKvF, 101, 81, 41, df=256)

save(sfc.mdl.9dec91.6dec01.hc4.8m.df256, file='data/sfc.mdl.9dec91.6dec01.hc4.8m.df256.Rd')

## uncomment to generate the 9 decade diagnostic to 2001 fine grid model data using 512 (=no) df restriction

#sfc.mdl.9dec91.6dec01.hc4.8m.df512=tpsModel(grid.rtKv, sfc.diag.9dec91.6dec01.hc4.8m$mdl, fGrid.SrtKvF, 101, 81, 41, df=512)

#save(sfc.mdl.9dec91.6dec01.hc4.8m.df512, file='data/sfc.mdl.9dec91.6dec01.hc4.8m.df512.Rd')

########################################################################################

## Generate the whitened errors and error sum-of-squares for the surface diagnostic data

########################################################################################

## Surface data, Sanso/F06 then MIT/HadCRUT4, interpolated with varying degrees of freedom (NB 512 and NA df are same)
# First, using main SFZ08/F06 HadCRUT diagnostic with observationally-masked HadCM2 control data and 9 month offset
sfc.sH.s.s.r2.SrtKvF.128k= whiteErrs.ssq(ctl=sfc.ctl.sH, model=sfc.model.s.SrtKvF.1df128$fine, obs=sfc.obs.s, wts= NA, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

save(sfc.sH.s.s.r2.SrtKvF.128k, file="data/sfc.sH.s.s.r2.SrtKvF.128k.Rd")

sfc.sH.s.s.r2.SrtKvF.256k= whiteErrs.ssq(ctl=sfc.ctl.sH, model=sfc.model.s.SrtKvF.1df256$fine, obs=sfc.obs.s, wts= NA, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

save(sfc.sH.s.s.r2.SrtKvF.256k, file="data/sfc.sH.s.s.r2.SrtKvF.256k.Rd")

sfc.sH.s.s.r2.SrtKvF.512k= whiteErrs.ssq(ctl=sfc.ctl.sH, model=sfc.model.s.SrtKvF.1df512$fine, obs=sfc.obs.s, wts=NA, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

save(sfc.sH.s.s.r2.SrtKvF.512k, file="data/sfc.sH.s.s.r2.SrtKvF.512k.Rd")

# 6 decade to Nov 2001 HadCRUT4 diagnostic with observationally-masked HadCM2 control data; 9 decade climatology

sfc.H.9dec91.6dec01.hc4.8m.r2.128k= whiteErrs.ssq(ctl=sfc.diag.9dec91.6dec01.hc4.8m$ctl, model= sfc.mdl.9dec91.6dec01.hc4.8m.df128$fine, obs= sfc.diag.9dec91.6dec01.hc4.8m$obs, wts= NA, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

save(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, file="data/sfc.H.9dec91.6dec01.hc4.8m.r2.128k.Rd")

sfc.H.9dec91.6dec01.hc4.8m.r2.256k= whiteErrs.ssq(ctl= sfc.diag.9dec91.6dec01.hc4.8m$ctl, model= sfc.mdl.9dec91.6dec01.hc4.8m.df256$fine, obs= sfc.diag.9dec91.6dec01.hc4.8m$obs, wts= NA, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

save(sfc.H.9dec91.6dec01.hc4.8m.r2.256k, file="data/sfc.H.9dec91.6dec01.hc4.8m.r2.256k.Rd")

# uncomment the below statements if wish to generate 512 df (unrestricted) version
#sfc.H.9dec91.6dec01.hc4.8m.r2.512k= whiteErrs.ssq(ctl= sfc.diag.9dec91.6dec01.hc4.8m$ctl, model= sfc.mdl.9dec91.6dec01.hc4.8m.df512$fine, obs= sfc.diag.9dec91.6dec01.hc4.8m$obs, wts= NA, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

#save(sfc.H.9dec91.6dec01.hc4.8m.r2.512k, file="data/sfc.H.9dec91.6dec01.hc4.8m.r2.512k.Rd")

######################################################################################################################

## Investigate the maximum number of Surface diagnostic EOFs to retain in the control data matrix inversion for the sum of the squared whitened errors (RSS) to be consistent with the statistical model

######################################################################################################################

# Per Allen & Tett 1999 (AT99) the best fit error R^2 divided by its degrees of freedom (= retained EOFs k - 3, the no. m of model parameters being estimated) should have an F_k-m,v distribution where v is the degrees of freedom in the estimation of the control data covariance matrix. The estimate of v is the number of samples from which diagnostic data with non-overlapping diagnostic data periods can be constructed from the control data minus one row (for mean estimation), multiplied by 1.5 to allow for the gain in effective df by using a much larger number of overlapping control data samples, as per AT99. The non-diagnostic part of the climatology period is not counted since correlations of each of those decades with the diagnostic data will be low. AT99 recommend, to be conservative, requiring that the best fit R^2 should lie within the 5% to 95% points of the Chi-squared k-m distribution, a slightly stricter test, although there is no theoretical justification for doing so.

# Compute the Chi-square and F-distribution 5% and 95% points. For F06 5 decade diagnostic period, 9 decade total period case, no. of non-overlapping 5 decade samples (1 + (169-9)/5)  x 1.5 = 49 df. For main results 6 decade diagnostic period, 11 decades in total diagnostic it is (1 + (169-11)/6) x 1.5 = 40 df. Both rounded down slightly.
Use the higher 49 df figure for the F-distribution to be conservative.
n=20-3
v=49
AT99.sfc=matrix(NA, 4, n)

AT99.sfc[1,]= qf(0.05, 1:n, v, lower.tail=TRUE)

AT99.sfc[2,]= qchisq(0.05, 1:n, lower.tail=TRUE) / (1:n)

AT99.sfc[3,]= qf(0.95, 1:n, v, lower.tail=TRUE)

AT99.sfc[4,]= qchisq(0.95, 1:n, lower.tail=TRUE) / (1:n)

round(AT99.sfc,3)

#      [,1]  [,2]  [,3]  [,4]  [,5]  [,6]  [,7]  [,8]  [,9] [,10] [,11] [,12] [,13] [,14] [,15] [,16] [,17]

#[1,] 0.004 0.051 0.117 0.175 0.225 0.266 0.301 0.331 0.357 0.379 0.399 0.416 0.432 0.446 0.459 0.470 0.481

#[2,] 0.004 0.051 0.117 0.178 0.229 0.273 0.310 0.342 0.369 0.394 0.416 0.436 0.453 0.469 0.484 0.498 0.510

#[3,] 4.038 3.187 2.794 2.561 2.404 2.290 2.203 2.134 2.077 2.030 1.990 1.956 1.926 1.899 1.876 1.855 1.836

#[4,] 3.841 2.996 2.605 2.372 2.214 2.099 2.010 1.938 1.880 1.831 1.789 1.752 1.720 1.692 1.666 1.644 1.623
# Create matrix of minimum r^2 values (at best fit) for each combination of model/observational data for k=4 to 20. Use SFZ08/F06 HadCM2 surface control data matrix. 
# Uninterpolated data

r2.min= rbind( apply(whiteErrs.ssq(ctl=sfc.ctl.sH, model=sfc.model.s, obs=sfc.obs.s, wts=NA, reg.list=4:20, trunc=TRUE, covr=TRUE, obs.errs=NA)[[1]][,1,],2,min), apply(whiteErrs.ssq(ctl=sfc.diag.9dec91.6dec01.hc4.8m$ctl, model= sfc.diag.9dec91.6dec01.hc4.8m$mdl, obs=sfc.diag.9dec91.6dec01.hc4.8m$obs, wts=NA, reg.list=4:20, trunc=TRUE, covr=TRUE, obs.errs=NA)[[1]][,1,], 2, min) )
rownames(r2.min)= c('5 dec 1995 9 dec 1995', '6 dec 2001 9 dec 1991')
colnames(r2.min) = c('k=4', 'k=5', 'k=6', 'k=7', 'k=8', 'k=9', 'k=10', 'k=11', 'k=12', 'k=13', 'k=14', 'k=15', 'k=16', 'k=17', 'k=18', 'k=19', 'k=20') 

round(r2.min,2)

#                       k=4  k=5  k=6  k=7  k=8  k=9 k=10 k=11 k=12 k=13  k=14  k=15  k=16  k=17  k=18  k=19  k=20

#5 dec 1995 9 dec 1995 0.70 0.74 1.47 1.77 2.11 2.16 3.51 3.59 8.56 9.48 14.01 15.87 17.26 17.26 17.76 21.86 33.26

#6 dec 2001 9 dec 1991 0.11 0.99 2.06 3.04 3.23 3.54 4.59 5.00 5.02 9.94 11.32 12.28 15.90 20.63 40.42 41.58 42.13
# Use 256 df interpolation so that values are very close to actual run data (results using 128 d.f. are little changed). 
sfc.bestFitRSS= rbind(apply(sfc.sH.s.s.r2.SrtKvF.256k[[1]][,1,],2,min), apply(sfc.H.9dec91.6dec01.hc4.8m.r2.256k[[1]][,1,],2,min))[,4:20]

rownames(sfc.bestFitRSS)= c('5 dec 1995 9 dec 1995', '6 dec 2001 9 dec 1991')
colnames(sfc.bestFitRSS) = c('k=4', 'k=5', 'k=6', 'k=7', 'k=8', 'k=9', 'k=10', 'k=11', 'k=12', 'k=13', 'k=14', 'k=15', 'k=16', 'k=17', 'k=18', 'k=19', 'k=20') 
 round(sfc.bestFitRSS,2)

#                        k=4  k=5  k=6  k=7  k=8  k=9 k=10 k=11 k=12 k=13  k=14  k=15  k=16  k=17  k=18  k=19  k=20

#5 dec 1995 9 dec 1995  0.90 0.91 1.70 1.77 2.19 2.24 3.30 3.33 9.17 9.78 15.26 16.33 17.30 17.81 18.52 22.28 34.83

#6 dec 2001 9 dec 1991  0.08 1.09 2.24 3.54 3.82 4.32 4.87 4.90 5.08 9.77 11.50 11.85 16.84 21.30 45.22 45.39 45.66

round(t((1:17)/t(sfc.bestFitRSS)),2)

#                        k=4  k=5  k=6  k=7  k=8  k=9 k=10 k=11 k=12 k=13 k=14 k=15 k=16 k=17 k=18 k=19 k=20

#5 dec 1995 9 dec 1995  1.12 2.20 1.76 2.26 2.29 2.68 2.12 2.40 0.98 1.02 0.72 0.73 0.75 0.79 0.81 0.72 0.49

#6 dec 2001 9 dec 1991 13.08 1.84 1.34 1.13 1.31 1.39 1.44 1.63 1.77 1.02 0.96 1.01 0.77 0.66 0.33 0.35 0.37

# Retain this data for later plotting of the consistency test graph

######################################################################################################################

## Load the deep ocean model data and interpolate it to the fine grid, restricting to 256 degrees of freedom of the fit, to improve smoothness, and effectively unrestricted [512 df restriction exceeds the number of model runs (499), so has no effect]. Only 256 d.f. is used in the actual results; 512 d.f. (unconstrained) is run to permit manual checking that restricting the d.f. to 256 d.f. makes little difference to the results.
######################################################################################################################

###########################################################################
# load and parse the MIT model ocean temperature data; layer 3 is 0-3000 m. ###########################################################################
do.mdl.mit= scan('GRL06_reproduce/data/dto.gsovsv.datGSOVSV') # Read 211077 items
dim(do.mdl.mit)= c(499,3,141)

do.mdl.mit= t(do.mdl.mit[,3,])

# implement pentadal smoothing for pentads ending in 1959 to 1998 (full Levitus 2005 period), having regard to MIT deep ocean model year ending on 31 Aug not 31 Dec (per Chris Forest email 18 Dec 12). Last pd is 4m from year to 31Aug99 = model yr 139

do.mdl.mit.5.Dec98= ( do.mdl.mit[95:134,]*2/3 + do.mdl.mit[96:135,] + do.mdl.mit[97:136,] + do.mdl.mit[98:137,] + do.mdl.mit[99:138,] + do.mdl.mit[100:139,]/3 ) * 0.2

range(do.mdl.mit.5.Dec98[,470]) # [1] NaN NaN run 470 (S=3, Kv=1, Faer=-0.5): corrupted, as expected
# ssq(do.mdl.mit.5.Dec98[,-470]) [1] 63.94659
# now find the LS regression trend slopes, in K/yr, for both 37 and 40 year data (to Dec 1995 and Dec 1998)
do.mdl.mitTrend.5.Dec95= vector()

for ( i in c(1:469, 471:499) ) { do.mdl.mitTrend.5.Dec95[i]= lm( do.mdl.mit.5.Dec98[1:37,i] ~ seq(1:37) )[[1]][2] }

do.mdl.mitTrend.5.Dec98= vector()

for ( i in c(1:469, 471:499) ) { do.mdl.mitTrend.5.Dec98[i]= lm( do.mdl.mit.5.Dec98[,i] ~ seq(1:40) )[[1]][2] }

# fill in the corrupted data for run 470: take the mean of the two runs with identical S=3, Kv=1 settings and Faer= -0.25 and -0.75, bracketting run 470

(do.mdl.mitTrend.5.Dec95[470]= mean(do.mdl.mitTrend.5.Dec95[c(469,483)]) ) # 0.00087612
do.mdl.mitTrend.5.Dec98[470]= mean(do.mdl.mitTrend.5.Dec98[c(469,483)]) 

######################################################################################################################
# Interpolate deep ocean data to the fine grid for both 37 year to 1995 and 40 yr data to 1998, at both 256 and 512 df

######################################################################################################################
do.mdl.mitTrend.5.Dec95.1df256=tpsModel(grid.rtKv, do.mdl.mitTrend.5.Dec95, fGrid.SrtKvF, 101, 81, 41, df=256)

save(do.mdl.mitTrend.5.Dec95.1df256, file='data/do.mdl.mitTrend.5.Dec95.1df256.Rd')

do.mdl.mitTrend.5.Dec98.1df256=tpsModel(grid.rtKv, do.mdl.mitTrend.5.Dec98, fGrid.SrtKvF, 101, 81, 41, df=256)

save(do.mdl.mitTrend.5.Dec98.1df256, file='data/do.mdl.mitTrend.5.Dec98.1df256.Rd')

do.mdl.mitTrend.5.Dec95.1df512=tpsModel(grid.rtKv, do.mdl.mitTrend.5.Dec95, fGrid.SrtKvF, 101, 81, 41, df=512)

save(do.mdl.mitTrend.5.Dec95.1df512, file='data/do.mdl.mitTrend.5.Dec95.1df512.Rd')

do.mdl.mitTrend.5.Dec98.1df512=tpsModel(grid.rtKv, do.mdl.mitTrend.5.Dec98, fGrid.SrtKvF, 101, 81, 41, df=512)

save(do.mdl.mitTrend.5.Dec98.1df512, file='data/do.mdl.mitTrend.5.Dec98.1df512.Rd')

###########################################################################################
## Generate the whitened errors and error sum-of-squares for the deep ocean diagnostic data

###########################################################################################
# For 37 year period, use calculated observational trend do.obs of 0.6995 mK/yr and calculated trend uncertainty estimates of: measurement error do.SE of 0.1601 mK/yr and internal variability do.ctl.h of 0.0914 mK/yr.

# x by 1000 to convert model trends from K/yr to mK/yr 
# Using 37 year to pentads ending 1995 GRL06_reproduce deep ocean model data
do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256= whiteErrs.ssq(model=do.mdl.mitTrend.5.Dec95.1df256$fine * 1000, ctl=do.ctl.h.37, obs=do.obs.37, rows=0, reg.list=1, trunc=TRUE, covr=TRUE, obs.errs=do.SE.37)  

save(do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, file='data/do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256.Rd')

# Also version using unresticted df interpolation

do.MIT.5.Dec95.70.16.9.r2.SrtKvF.512= whiteErrs.ssq(model=do.mdl.mitTrend.5.Dec95.1df512$fine * 1000, ctl=do.ctl.h.37, obs=do.obs.37, rows=0, reg.list=1, trunc=TRUE, covr=TRUE, obs.errs=do.SE.37)  

save(do.MIT.5.Dec95.70.16.9.r2.SrtKvF.512, file='data/do.MIT.5.Dec95.70.16.9.r2.SrtKvF.512.Rd')

# also conservative estimate with trend SE increased by 50% (do.SE.37c=0.24016 not do.SE.37=0.1601)

do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256= whiteErrs.ssq(model=do.mdl.mitTrend.5.Dec95.1df256$fine * 1000, ctl=do.ctl.h.37, obs=do.obs.37, rows=0, reg.list=1, trunc=TRUE, covr=TRUE, obs.errs=do.SE.37c)  

save(do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256, file='data/do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256.Rd')
# For 40 year period, use calculated observational trend do.obs of 0.6793557 mK/yr and calculated trend uncertainty estimates of: measurement error do.SE of 0.1393 mK/yr and internal variability do.ctl.h of 0.0829 mK/yr.

# x by 1000 to convert model trends from K/yr to mK/yr 
do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256= whiteErrs.ssq(model=do.mdl.mitTrend.5.Dec98.1df256$fine * 1000, ctl=do.ctl.h.40, obs=do.obs.40, rows=0, reg.list=1, trunc=TRUE, covr=TRUE, obs.errs=do.SE.40)  

save(do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, file= 'data/do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256.Rd')

# also conservative estimate with trend SE increased by 50% (do.SE.40c=0.2089 not do.SE.40=0.1393)
do.MIT.5.Dec98.68.21.8.r2.SrtKvF.256= whiteErrs.ssq(model=do.mdl.mitTrend.5.Dec98.1df256$fine * 1000, ctl=do.ctl.h.40, obs=do.obs.40, rows=0, reg.list=1, trunc=TRUE, covr=TRUE, obs.errs=do.SE.40c)  

save(do.MIT.5.Dec98.68.21.8.r2.SrtKvF.256, file= 'data/do.MIT.5.Dec98.68.21.8.r2.SrtKvF.256.Rd')

# Also version using unresticted df interpolation 
do.MIT.5.Dec98.68.14.8.r2.SrtKvF.512= whiteErrs.ssq(model=do.mdl.mitTrend.5.Dec98.1df512$fine * 1000, ctl=do.ctl.h.40, obs=do.obs.40, rows=0, reg.list=1, trunc=TRUE, covr=TRUE, obs.errs=do.SE.40)  

save(do.MIT.5.Dec98.68.14.8.r2.SrtKvF.512, file= 'data/do.MIT.5.Dec98.68.14.8.r2.SrtKvF.512.Rd')

############################################################

### Now incorporate the upper air model data in the analysis

############################################################

######################################################

## Interpolate the upper air model data to the fine grid, using restrictions as to the degrees of freedom of the fit, to improve smoothness

######################################################

# These interpolations take a very long time to run and generate very large files.  By default only the 64 d.f. case (used in the main results) and 512 (unrestricted) d.f. case (used for the AT99 consistency test graph)  is run: 128 and 256  d.f. are commented out and can be run if desired, e.g to check the level of smoothing relative to model noise and see the distorting effect of less smoothing.
ua.model.s.SrtKvF.1df64=tpsModel(grid.rtKv, ua.model.s.224, fGrid.SrtKvF, 101, 81, 41, df=64)

save(ua.model.s.SrtKvF.1df64, file='data/ua.model.s.SrtKvF.1df64.Rd')

rm(ua.model.x.SrtKvF.1df64) 




# remove to reduce memory use
# ua.model.s.SrtKvF.1df128=tpsModel(grid.rtKv, ua.model.s.224, fGrid.SrtKvF, 101, 81, 41, df=128)

# save(ua.model.s.SrtKvF.1df128, file='data/ua.model.s.SrtKvF.1df128.Rd')

# ua.model.s.SrtKvF.1df256=tpsModel(grid.rtKv, ua.model.s.224, fGrid.SrtKvF, 101, 81, 41, df=256)

# save(ua.model.s.SrtKvF.1df256, file='data/ua.model.s.SrtKvF.1df256.Rd')

ua.model.s.SrtKvF.1df512=tpsModel(grid.rtKv, ua.model.s.224, fGrid.SrtKvF, 101, 81, 41, df=512)

save(ua.model.s.SrtKvF.1df512, file='data/ua.model.s.SrtKvF.1df512.Rd')

rm(ua.model.x.SrtKvF.1df512) 




# remove to reduce memory use 

####################################################

## Create mass weightings by area and pressure level 

####################################################

# Assuming no combination of data across latitude bands or pressure levels, weighting is irrelevant to the observations and model data and, if no regularization is used, to the control data.  But, as regularization is used, the regularized inverse is affected by the weighting. 

# Mass in pressure level band= max pressure - min pressure included in the pressure level band
# Pressure levels are 850, 700, 500, 300, 200, 150, 100 and 50hPa, running from 50 to 850.  Per Forest MIT Report 47 1999 (p9), weighting by "mass of the respective layers" was used.  Weighting (if any) used by F06 is presumably the same. But it is not clear how to allocate mass between the pressure levels or beyond their limits. Since the upper air data is presumed to be independent of the surface temperature data, it would be odd to weight the 850hPa level all the way down to the surface. 

# Most logical basis is to weight from mid-point to mid-point, both between each level and adjacent levels and to surface/TOA; US standard atmosphere is 1013.2hPa at surface (Petty, 2008). All weight by area = cos(latitude). Another possibility at the top level would be to weight only to midway between 50 hPa and 30 hPa (=40 hPa), for which poor qulaity, unused, data exists, rather than halway to the TOA (=25 hPa). No indication in F06 or other Forest papers of which was done. It makes a significant difference which is done. The GRL06_reproduce code shows that this method of weighting was used in F06, with a surface pressure of 1000 hPa and weighted midway towards 30 hPa not TOA.
# A third alternative is to weight the top level up as far as 30 hPa, the position of a level that would have been in the datrabase had the data quality been better.
ua.lats= seq(-87.5, 87.5, 175/35)

# upper air data runs in 5 deg bands from S to N



area.wt.ua= cos(ua.lats*pi/180 )*5/180 
# approx area of each 5 deg. ua latitude band centered on grid latitudes
# most logical naïve mass weighting: to midpoints towards adjacent level/ surface (taken as 1000 hPa)/ TOA (=0 hPa)
pres1.wt.ua= rev( c(1000, 850, 700, 500, 300, 200, 150, 100) - c(700, 500, 300, 200, 150, 100, 50, 0) )/2 

# mass weighting adopted in F06: to midpoints towards adjacent level/ 1000 hPa/ 30 hPa
pres2.wt.ua= rev( c(1000, 850, 700, 500, 300, 200, 150, 100) - c(700, 500, 300, 200, 150, 100, 50, 30) )/2 
# alternative weighting:as pres1 but only extending to 30 hPa at top (emulate as halfway from 50 to 10 hPa)
pres3.wt.ua= rev( c(1000, 850, 700, 500, 300, 200, 150, 100) - c(700, 500, 300, 200, 150, 100, 50, 10) )/2 




# Amalgamate the pressure and latutude weightings, noting that latitude bands 1:7 (from S) and 36 are missing.  

area.pres1.wts.ua= as.vector( pres1.wt.ua %o% area.wt.ua[8:35] ) 

area.pres2.wts.ua= as.vector( pres2.wt.ua %o% area.wt.ua[8:35] ) 

area.pres3.wts.ua= as.vector( pres3.wt.ua %o% area.wt.ua[8:35] ) 
###############################################################################
## Generate the whitened errors and error sum-of-squares for the upper air data

###############################################################################
# SFZ08 control data matrix used throughout. d.f. is 39 = n.row - 1
## Using interpolations with 64 degrees of freedom in the fit, at k.ua = 1 to 20. Mass weighting, all levels used
load('data/ua.model.s.SrtKvF.1df64.Rd')




 

ua.s1.s.s.r2.SrtKvF.64k= whiteErrs.ssq(ctl=ua.ctl.s.224, model=ua.model.s.SrtKvF.1df64$fine, obs=ua.obs.s.224, wts= area.pres1.wts.ua, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

save(ua.s1.s.s.r2.SrtKvF.64k, file="data/ua.s1.s.s.r2.SrtKvF.64k.Rd")

ua.s2.s.s.r2.SrtKvF.64k= whiteErrs.ssq(ctl=ua.ctl.s.224, model=ua.model.s.SrtKvF.1df64$fine, obs=ua.obs.s.224, wts= area.pres2.wts.ua, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

save(ua.s2.s.s.r2.SrtKvF.64k, file="data/ua.s2.s.s.r2.SrtKvF.64k.Rd")
rm(ua.model.s.SrtKvF.1df64) 






# remove to reduce memory use

## Interpolation using 512 d.f. in the fit (=unrestricted), at k.ua = 1 to 20. Types 1 and 2 (F06) weighting. 
load('data/ua.model.s.SrtKvF.1df512.Rd')



 

ua.s1.s.s.r2.SrtKvF.512k= whiteErrs.ssq(ctl=ua.ctl.s.224, model=ua.model.s.SrtKvF.1df512$fine, obs=ua.obs.s.224, wts= area.pres1.wts.ua, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

#save(ua.s1.s.s.r2.SrtKvF.512k, file="data/ua.s1.s.s.r2.SrtKvF.512k.Rd")

ua.s2.s.s.r2.SrtKvF.512k= whiteErrs.ssq(ctl=ua.ctl.s.224, model=ua.model.s.SrtKvF.1df512$fine, obs=ua.obs.s.224, wts= area.pres2.wts.ua, reg.list=1:20, trunc=TRUE, covr=TRUE, obs.errs=NA)

#save(ua.s2.s.s.r2.SrtKvF.512k, file="data/ua.s2.s.s.r2.SrtKvF.512k.Rd")

rm(ua.model.s.SrtKvF.1df512) 






# remove to reduce memory use 

######################################################################################################################
## Investigate the maximum number of ua EOFs to retain for the sum of the squared whitened errors (RSS) to be consistent with the statistical model
######################################################################################################################

# Per Allen & Tett 1999 the best fit error R^2 divided by its degrees of freedom (= retained EOFs k - 3, the no. m of model parameters being estimated) should have an F_k-m,v distribution where v is the degrees of freedom in the estimation of the control data covariance matrix (being 39, one fewer than the number of rows of data in each case). They recommend, to be conservative, requiring that the best fit R^2 should lie within the 5% to 95% points of the Chi-squared (k-m) distribution, a slightly stricter test.
Test k.ua = 4 to 18
n=20-3
v=39
test=matrix(NA, 4, n)

colnames(test) = c('k=4', 'k=5', 'k=6', 'k=7', 'k=8', 'k=9', 'k=10', 'k=11', 'k=12', 'k=13', 'k=14', 'k=15', 'k=16', 'k=17', 'k=18', 'k=19', 'k=20') 

test[1,]= qf(0.05, 1:n, v, lower.tail=TRUE)

test[2,]= qchisq(0.05, 1:n, lower.tail=TRUE) / (1:n)

test[3,]= qf(0.95, 1:n, v, lower.tail=TRUE)

test[4,]= qchisq(0.95, 1:n, lower.tail=TRUE) / (1:n)

round(1/test,3)

#        k=4    k=5   k=6   k=7   k=8   k=9  k=10  k=11  k=12  k=13  k=14  k=15  k=16  k=17  k=18  k=19  k=20

#[1,] 251.062 19.470 8.596 5.719 4.466 3.777 3.343 3.046 2.829 2.664 2.534 2.429 2.342 2.270 2.208 2.154 2.107

#[2,] 254.314 19.496 8.526 5.628 4.365 3.669 3.230 2.928 2.707 2.538 2.404 2.296 2.206 2.131 2.066 2.010 1.960

#[3,]   0.244  0.309 0.351 0.383 0.407 0.427 0.443 0.457 0.469 0.480 0.489 0.497 0.505 0.512 0.518 0.523 0.529

#[4,]   0.260  0.334 0.384 0.422 0.452 0.477 0.498 0.516 0.532 0.546 0.559 0.571 0.581 0.591 0.600 0.608 0.616
# Create matrix of minimum r^2 values (at best fit) for each combination of data and pressure weighting for k=4 to 18
# Use 64 df model interpolation, as for main results, since without such smoothing model ensemble variability appears to result in significant artefaction of the upper air whitened errors.
# 3 types of pressure weighting.  
ua.bestFitRSS= matrix(NA, 3, 17)

colnames(ua.bestFitRSS) = c('k=4', 'k=5', 'k=6', 'k=7', 'k=8', 'k=9', 'k=10', 'k=11', 'k=12', 'k=13', 'k=14', 'k=15', 'k=16', 'k=17', 'k=18', 'k=19', 'k=20') 

rownames(ua.bestFitRSS)= c('s1', 's2', 's3')

# Using uninterpolated data

# determine r2 values using leave-one-out samples of the control data matrix, for each weighting

r2= array( dim=c(499,41,17,3) )
wts=list(area.pres1.wts.ua, area.pres2.wts.ua, area.pres3.wts.ua)
for (j in 1:3) { 


r2[,,,j]= whiteErrs.ssq(ctl=ua.ctl.s.224, model=ua.model.s.224, obs=ua.obs.s.224, wts=wts[[j]], reg.list=4:20, trunc=TRUE, covr=TRUE, obs.errs=NA, leave1out=TRUE)[[1]]

}

r2.min= apply(r2, c(2,3,4), min)

r2.where= apply(r2, c(2,3,4), which.min)

dimnames(r2.min) = list(as.character(c('Full', 1:40)), c('k=4', 'k=5', 'k=6', 'k=7', 'k=8', 'k=9', 'k=10', 'k=11', 'k=12', 'k=13', 'k=14', 'k=15', 'k=16', 'k=17', 'k=18', 'k=19', 'k=20'), c('s1', 's2', 's3') ) 

round(t(r2.min[1,,]),2)

#    k=4  k=5  k=6  k=7  k=8  k=9 k=10 k=11 k=12  k=13  k=14  k=15  k=16  k=17   k=18   k=19   k=20

#s1 2.59 2.64 4.25 6.84 8.32 8.35 8.88 9.50 9.69  9.91  9.98 63.70 80.21 88.59 116.08 117.20 128.43

#s2 1.97 1.98 2.70 5.09 6.75 6.75 7.56 7.70 8.03 13.26 20.20 68.49 68.59 81.83  95.89 106.43 109.80

#s3 2.34 2.37 3.66 6.20 7.71 7.72 8.35 8.93 9.05 10.69 10.73 65.56 78.49 88.50 109.76 113.73 123.98
# check the stability of r2.min at k.ua=14

round(t(r2.min[,14-3,]),2)
#    Full     1     2     3     4     5     6    7     8     9    10    11    12    13    14    15    16    17

#s1  9.98 13.17 17.93 55.90 11.82 10.10 10.49 9.81 25.85 16.04 36.82 48.21 11.21 65.44 20.50 10.79 10.43 11.35

#s2 20.20 28.28 20.94 72.12 18.48 19.27 18.35 8.59 16.90 15.46 34.19 54.04 20.65 66.84 14.45 19.80 29.44 20.01

#s3 10.73 15.14 17.75 63.56 11.57 10.35 10.68 8.75 19.93 12.91 34.76 51.24 13.09 63.82 17.70 11.06 12.81 12.30

#      18    19    20    21    22    23    24    25    26    27    28    29    30    31    32    33    34    35

#s1 10.11 12.48 24.41 10.04  9.65 55.77 23.74 11.17 12.14 15.96 62.79 13.55 10.08 13.83 12.27 10.37 13.33 15.86

#s2 22.80 16.88 38.52 17.97 34.83 46.80 19.63 19.83 30.80 20.69 43.80  7.71 29.94 48.05 23.58 17.32 20.01 22.83

#s3 12.05 13.00 25.87  9.80 11.18 50.81 22.19 12.32 14.58 17.26 64.28 11.40 12.98 23.25 13.32 10.04 13.72 17.23

 #     36    37    38    39    40

#s1 21.36 10.63 12.54  9.98  9.98

#s2 18.71 19.56 16.47 20.20 20.20

#s3 19.59 10.44 14.28 10.73 10.73
colSums(r2.min[,14-3,]>qchisq(0.95,11))

#s1 s2 s3 

#11 26 10 

colSums(r2.min[,14-3,]>11*qf(0.95,11,38))

#s1 s2 s3 

# 9 16  8 

# not stable at any weighting 

# check the stability of r2.min at k.ua=12

round(t(r2.min[,12-3,]),2)
#   Full     1     2    3     4     5    6    7    8     9    10   11   12    13   14   15   16   17   18    19

#s1 9.69 10.60 16.25 9.47 10.30 10.02 9.66 9.73 9.57 10.11 12.55 9.27 9.56 10.15 9.26 9.96 9.21 9.69 9.44 10.57

#s2 8.03  8.76 15.27 7.72 10.19  8.37 7.92 7.37 7.76 10.15 12.77 7.87 7.96  9.98 7.50 8.27 7.59 7.95 8.05  9.20

#s3 9.05  9.77 16.12 8.67 10.16  9.25 8.89 8.72 8.82  9.84 12.63 8.69 9.04  9.83 8.70 9.42 8.47 9.18 8.79 10.07

#      20   21   22   23    24   25   26    27    28   29   30   31    32   33    34    35   36   37   38   39

#s1 10.78 9.44 9.61 9.79 12.77 9.62 9.69 12.24 10.65 8.74 9.47 9.48 11.30 9.90 10.13 10.46 9.45 9.55 8.65 9.69

#s2  8.90 7.87 8.26 7.95 11.30 8.16 7.84 10.57  9.18 7.05 7.88 7.92  9.24 8.77  8.07  9.57 8.03 7.88 7.29 8.03

#s3 10.04 8.92 8.94 9.36 12.11 9.20 8.84 11.58  9.96 8.13 8.84 8.78 10.62 9.55  9.49 10.11 9.05 9.00 8.28 9.05

#     40

#s1 9.69

#s2 8.03

#s3 9.05
colSums(r2.min[,12-3,]>qchisq(0.95,11))

#s1 s2 s3 

# 0  0  0
# stable at all weightings

round(t(r2.where[,9,]),2)
# since the first case is k=4, 9 corresponds to k=12
#     [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9] [,10] [,11] [,12] [,13] [,14] [,15] [,16] [,17] [,18]

#[1,]  307  463  319  463  463  463  307  182  307   463   319   463   307   463   307   307   188   307

#[2,]  463  463  355  463  463  463  463  182  463   463   463   463   463   463   463   463   463   463

#[3,]  463  463  355  463  463  463  463  182  463   463   319   463   463   463   463   463   463   463

#     [,19] [,20] [,21] [,22] [,23] [,24] [,25] [,26] [,27] [,28] [,29] [,30] [,31] [,32] [,33] [,34]

#[1,]   307   188   313   307   463   307   307   307   463   182   182   307   307   307   307   313

#[2,]   463   463   463   463   463   463   307   463   463   182   182   463   463   463   463   463

#[3,]   463   188   463   463   463   307   307   307   463   182   182   463   463   463   463   463

#     [,35] [,36] [,37] [,38] [,39] [,40] [,41]

#[1,]   307   463   307   307   307   307   307

#[2,]   463   463   463   463   463   463   463

#[3,]   463   463   463   463   177   463   463

round(t(r2.where[,11,]),2) # since the first case is k=4, 11 corresponds to k=14. The best fit is much more variable
#     [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9] [,10] [,11] [,12] [,13] [,14] [,15] [,16] [,17] [,18]

#[1,]  463  463  355  182  194  463  463  307  182   313   177   203   463   182   307   177   463   463

#[2,]  203  210  203  210  203  203  203  203  203   203   203   210   203   210   201   203   210   203

#[3,]  463  203  355  210  463  463  463  182  463   194   263   210   201   210   182   463   203   201

#     [,19] [,20] [,21] [,22] [,23] [,24] [,25] [,26] [,27] [,28] [,29] [,30] [,31] [,32] [,33] [,34]

#[1,]   463   188   463   307   463   208   307   463   463   182   182   313   463   201   463   313

#[2,]   203   203   210   203   203   210   203   203   210   203    15   463   210   210   203   203

#[3,]   203   463   203   463   203   203   307   463   208   182   195   313   203   203   463   463

#     [,35] [,36] [,37] [,38] [,39] [,40] [,41]

#[1,]   463   208    86   182   307   463   463

#[2,]   203   210   203   203   203   203   203

#[3,]   203   203   463   463    86   463   463

round(t((1:17)/r2.min[1,,]),3)

#     k=4   k=5   k=6   k=7   k=8   k=9  k=10  k=11  k=12  k=13  k=14  k=15  k=16  k=17  k=18  k=19  k=20

#s1 0.386 0.757 0.706 0.585 0.601 0.719 0.789 0.842 0.929 1.009 1.102 0.188 0.162 0.158 0.129 0.137 0.132

#s2 0.508 1.009 1.111 0.786 0.741 0.889 0.926 1.038 1.121 0.754 0.545 0.175 0.190 0.171 0.156 0.150 0.155

#s3 0.427 0.845 0.820 0.646 0.648 0.777 0.838 0.896 0.994 0.936 1.026 0.183 0.166 0.158 0.137 0.141 0.137
#The SFZ08 data with all types of pressure weighting are both consistent with the statistical model up to k=12 (col 11); at k=14 consistency is good with types 1 and 3 but with type 2 (=F06) weighting fails the stricter version of the AT99 test; both types 1 and 2 are strongly inconsistent at k=15 up. 

# Using interpolated data

# For plotting repeat types 1 and 2 weighting using 512 (=unrestricted, since >499) df interpolation Min r^2 values are almost the same using 512 df as using 256 df, or uninterpolated
ua.bestFitRSS= ua.bestFitRSS[1:2,]

for( i in 1:2 ) {


ua.bestFitRSS[i,]= apply(get(paste('ua.',rownames(ua.bestFitRSS)[i],'.s.s.r2.SrtKvF.512k', sep=''))[[1]][,1,4:20],2,min)

}
round(t((1:17)/t(ua.bestFitRSS)),3)
#     k=4   k=5   k=6   k=7   k=8   k=9  k=10  k=11  k=12  k=13  k=14  k=15  k=16  k=17  k=18  k=19  k=20

#s1 0.381 0.761 0.723 0.588 0.616 0.735 0.826 0.898 0.982 1.041 1.141 0.189 0.162 0.156 0.129 0.136 0.131

#s2 0.505 1.001 1.124 0.781 0.750 0.900 0.961 1.090 1.110 0.750 0.543 0.174 0.189 0.170 0.156 0.150 0.154
# now show r2.min values and best fit locations at 512 df using F06 weighting of 50 hPa level, from 40-75 hPa

round(apply(ua.s2.s.s.r2.SrtKvF.512k[[1]][,1,],2, min),3)

# [1]   0.000   0.000   0.543   1.979   1.997   2.668   5.123   6.668   6.670   7.281   7.338   8.107  13.339  20.244  68.814  68.915  82.565  96.350 106.682 110.053
t(positions(apply(ua.s2.s.s.r2.SrtKvF.512k[[1]][,1,],2, which.min))) #best fit S, K and F positions at each value of k 
#     [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9] [,10] [,11] [,12] [,13] [,14] [,15] [,16] [,17] [,18] [,19] [,20]

#[1,]   77  101   76   30   30   29   17   16   16    14    14    14    61    61   101   101    31    61    61    61

#[2,]   37   43    1   51   51   81    5    1    1     1     1     1    51    51    81    81    21    51    51    51

#[3,]   28   32   13   41   41   41   41   41   41    41    41    41    41    41    41    41    41    41    41    41
# best fit position is only stable up to k=12

# repeat r2.min calculations with with no interpolation at all

temp= whiteErrs.ssq( data.list=NA, ctl= ua.ctl.s.224, model= ua.model.s.224, obs= ua.obs.s.224, load.model=NA, trunc=TRUE, reg.list=1:20, obs.errs=NA, covr=TRUE, rows= 1, times=1, replace=FALSE, excl.missg=TRUE, leave1out=FALSE, omit.vars=NA, ctl.rows=NA, wts=area.pres2.wts.ua, max.EOFs= NA )

round(apply(temp$err.ssq[,1,],2, range),2)
# r2.min at ku.ua=14 still rounds to 20.2 - fails stricter AT99 test
#      [,1]  [,2]  [,3]   [,4]   [,5]   [,6]   [,7]   [,8]   [,9]  [,10]  [,11]  [,12]  [,13]  [,14]  [,15]  [,16]  [,17]  [,18]  [,19]  [,20]

#[1,]  0.00  0.00  0.56   1.97   1.98   2.70   5.09   6.75   6.75   7.56   7.70   8.03  13.26  20.20  68.49  68.59  81.83  95.89 106.43 109.80

#[2,] 23.16 51.44 51.99 122.85 126.49 135.98 136.01 136.03 155.28 176.92 185.76 195.89 198.15 198.79 238.37 241.50 329.21 364.97 366.32 427.16
# now show actual r2.min values and best fit locations at 512 df using alternative weighting of 50 hPa level, from 25-75 hPa

round(apply(ua.s1.s.s.r2.SrtKvF.512k[[1]][,1,],2, min),3)

# [1]   0.000   0.000   0.949   2.623   2.630   4.151   6.799   8.112   8.167   8.479   8.906   9.162   9.609   9.639  63.432  80.358  89.981 116.382 118.010 129.511
t(positions(apply(ua.s1.s.s.r2.SrtKvF.512k[[1]][,1,],2, which.min))) #best fit S, K and F positions at each value of k
#      [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9] [,10] [,11] [,12] [,13] [,14] [,15] [,16] [,17] [,18] [,19] [,20]

#[1,]   58   78   64   29   29   27   15   14   15    14    13    13    14    14    24    15    11    14    15    13

#[2,]   62   73    1   52   52   81    3    1    1     1     1     1     1     1    16     1     1     1     1     1

#[3,]   37   36   12   41   41   37   41   41   41    41    41    41    41    41    41    41    41    41    41    41
# best fit position is stable up to k=14.

## Plot the ua and sfc consistency graphs in a single graphic.  
##############################################################

# Note that the ratio of the theoretical RSS (k-m,  where m=3), to the observed minimum RSS, is plotted to be consistent with Allen & Tett 1999
dev.off()








# ignore error message generated if no graphics window is open

par(pin=c(6,4.5), mfcol=c(2, 1), mar=c(4.5,4.5,1,1.2) )

### WARNING: Manual intervention needed here to resize the graphics window to approx 23 cm wide x 30 cm high

#############################################################################################################

## Plot the ua consistency graph as the first panel.  Omit the 50-200 hPa only weightings. Note that the ratio of the theoretical RSS (k-m,  where m=3), to the observed minimum RSS, is plotted to be consistent with Allen & Tett 1999

par(mfg=c(1, 1, 2, 1))

cols=c(4,2,3)

lty= c(1,1,1)

#main= 'Consistency with statistical model of upper air diagnostic\n model-observation discrepancies at best fit (SFZ08/F06 data)'

#sub= 'Variability ratio by dataset and truncation. Consistent region lies between black lines: dotted \nand dashed represent 5% and 95% points of Chi-Sqd and F(k-3,39) distributions respectively'

matplot(x=4:18, (1:15)/t(ua.bestFitRSS[2:1,1:15]), log='y', ylim=c(0.05,20), type='l', col=cols, lty=lty, lwd=3, xlab='', ylab='', asp=0.75, xaxs='i', xaxp=c(4,18,7), yaxs='i', yaxp=c(0.1,10,1), cex.axis=1.33)

matlines(x=4:18, 1/t(test[,1:15]), col=1, lt=c(5,3,5,3), lwd=1.7)

title(xlab='No. of EOFs k retained in the truncated covariance matrix inversion', line=2.8, cex.lab=1.35)

title(ylab='Theoretical/observed variance at best fit', line=2.8, cex.lab=1.33)

#title(main=main, line=2, cex.main=1.7)

#title(sub=sub, line=5, cex.sub=1.2)

legend("topright",c('half way towards 30 hPa (per F06)', 'half way towards 0 hPa'), title="50 hPa pressure level mass-weighting at top:", lty=lty, lwd=3, col=cols, bty='n', cex=1.4 )

legend('topleft','     a', cex=2, bty='n')

## Plot the sfc consistency graph as the second panel.  Note that the ratio of the theoretical RSS (k-m,  where m=3), to the observed minimum RSS, is plotted to be consistent with Allen & Tett 1999

par(mfg=c(2, 1, 2, 1))

#main= 'Consistency with statistical model of surface diagnostic: sum\nof squared whitened model-observation differences at best fit'

#sub= 'Variability ratio by diagnostic data and truncation. Consistent region lies between black lines: dotted and\ndashed represent 5% and 95% points of Chi-sqd(k-3) and F(k-3,40) distributions respectively'

matplot(x=4:20, (1:17)/t(sfc.bestFitRSS), log='y', ylim=c(0.05,20), type='l', col=cols, lty=lty, lwd=3, xlab='', ylab='', asp=0.75, xaxs='i', xaxp=c(4,20,8), yaxs='i', yaxp=c(0.1,10,1), cex.axis=1.35)

matlines(x=4:20, 1/t(AT99.sfc), col=1, lt=c(5,3,5,3), lwd=1.7)

title(xlab='No. of EOFs k retained in the truncated covariance matrix inversion', line=2.8, cex.lab=1.35)

title(ylab='Theoretical/observed variance at best fit', line=2.8, cex.lab=1.36)

#title(main=main, line=2, cex.main=1.7)

#title(sub=sub, line=5.5, cex.sub=1.2)

legend("topright",c('5 to 1995 and 9 to 1995; HadCRUT', '6 to 2001 and 9 to 1991; HadCRUT4'), title="Diagnostic and Climatology decades; Observations", lty=lty, lwd=3, col=cols, bty='n', cex=1.35 )

legend('topleft','     b', cex=2, bty='n')

# Save the plot and underlying data

savePlot('plots/Fig2.best-fit-consistency.1.png','png')

savePlot('plots/Fig2.best-fit-consistency.1.tif','tif')

Fig2.bounds.ua= 1/t(test)

write(t(Fig2.bounds.ua), file='plots/Fig2.bounds.ua.txt', ncolumns=4)

Fig2.bounds.sfc= 1/t(AT99.sfc)

write(t(Fig2.bounds.sfc), file='plots/Fig2.bounds.sfc.txt', ncolumns=4)

Fig2.data.sfc.256= (1:17)/t(sfc.bestFitRSS)

write(t(Fig2.data.sfc.256), file='plots/Fig2.data.sfc.256.txt', ncolumns=2)

Fig2.data.ua.512= (1:15)/t(ua.bestFitRSS[2:1,1:15])

write(t(Fig2.data.ua.512), file='plots/Fig2.data.ua.512.txt', ncolumns=2)

rm(test, temp, n, v, Fig2.bounds.sfc, Fig2.bounds.ua, Fig2.data.sfc.256, Fig2.data.ua.512, ua.s1.s.s.r2.SrtKvF.512k, ua.s2.s.s.r2.SrtKvF.512k)

######################################################################################################################

## Generate the PDFs from whitened errors for differing combinations of surface and upper air model & control data and ocean data, at various regularization levels

######################################################################################################################

## This produces the final probabilistic inference using all three diagnostics.  There are various combinations of  input data to run, some optional and so commented out:

#####################################################################################################################
## F06 results runs: surface data MIT model to Nov 95, HadCRUT to Aug 96; 37 y deep ocean trend to 1995, upper air F06
#####################################################################################################################
##################################################################
##Runs using F06 method: Bayesian updating, delta.r2=TRUE, k.ua=14
##################################################################
## Main version: 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 14 and 16
k=14; pdfs.sH.s.s.128k14.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k14.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k14.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.Rd')

k=16; pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.Rd')
## Uncomment the following statements if wished

## With higher do trend uncertainty at k.sfc=16: 0.70 mK/yr do trend estimate, 0.24 mK/yr trend SE (not run)
#k=16; pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37c,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF.Rd')
## With upper air 50 hPa layer weighted towards 0 not 30 hPa; k.sfc=16 (not run)
#k=16; pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s1.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.Rd')
## With geometrical volume adjustment, upper air 50 hPa layer weighted towards 0 hPa, k.sfc=16 (not run)

#k=16; pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTTFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s1.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=TRUE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTTFFFFTF, file='data/pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTTFFFFTF.Rd')
######################################################################################################################

## Using the objective Bayesian method not assuming parameter surface flatness (delta.r2=FALSE, surface=TRUE); k.ua=14
######################################################################################################################

## Main version: 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 14 and 16
k=14; pdfs.sH.s.s.128k14.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k14.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k14.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT.Rd')

k=16; pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT.Rd')

## With upper air 50 hPa layer weighted towards 0 not 30 hPa; k.sfc=16 (not run)
#k=16; pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s1.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k16.s1.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT.Rd')

######################################################################################################################

## Using the objective Bayesian method but assuming parameter surface flatness (delta.r2=TRUE, surface=FALSE); k.ua=14
######################################################################################################################

# With 150% estimated deep ocean trend uncertainty case at k.sfc=16 (not run)
#k=16; pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.24.9FFFTTTFFFFF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37c,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=14, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=FALSE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.24.9FFFTTTFFFFF, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.24.9FFFTTTFFFFF.Rd')
##################################################################
##Runs using F06 method: Bayesian updating, delta.r2=TRUE, k.ua=12 
##################################################################
## Main version: 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 14 and 16
# Note that the k.ua=14 case object only include .s.s.64k. in their names, but the k.ua=12 ones include .s.s.64k12.
k=14; pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.Rd')

k=16; pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.Rd')
## With higher do trend uncertainty at k.sfc=16: 0.70 mK/yr do trend estimate, 0.24 mK/yr trend SE (150% estimated)
k=16; pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37c,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF.Rd')
## With F06 covariance estimation DoFs (sfc: 24 not 49; do 24 not 15.33; ua 14 not 39

k=16; pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=24, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(24,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=14, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFTFFFFFTF.Rd')
## With upper air 50 hPa layer weighted towards 0 not 30 hPa; k.sfc=16

k=16; pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s1.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.Rd')
## With Higher do trend uncertainty & 50 hPa wtd twds 0 at k.sfc=16: 0.70 mK/yr do trend estimate, 0.24 mK/yr trend SE
k=16; pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37c,4,FALSE), errs.ua=ua.s1.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF.Rd')
## Using Webster 2000 'expert' prior for S; k.sfc=16

expert.prior= dbeta((0:100)/150,2.85,14)/15

sum(expert.prior*(0:100)/10)/sum(expert.prior) # [1] 2.53704

sqrt( sum(expert.prior * ((0:100)/10-sum(expert.prior*(0:100)/10)/sum(expert.prior))^2 ) / sum(expert.prior) ) # [1] 1.330744

expert.prior= rep( expert.prior, times=81*41 ) / (10*20)

k=16; pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.W= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5), prior.likelihood=expert.prior)

save(pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.W, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.W.Rd')

## Uncomment the following statements if wished

## With 512 (unrestricted) df in all interpolations, upper air 50 hPa layer weighted towards 30 hPa, k.ua=12, k.sfc=16

#k=16; pdfs.sH.s.s.512k16.s2.s.s.512k12.MIT.5.Dec95.512.70.16.9FFFTFFFFFTF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.512k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.512, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.512k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.512k16.s2.s.s.512k12.MIT.5.Dec95.512.70.16.9FFFTFFFFFTF, file='data/pdfs.sH.s.s.512k16.s2.s.s.512k12.MIT.5.Dec95.512.70.16.9FFFTFFFFFTF.Rd')

#####################################################################################################################
## Using the objective Bayesian method not assuming parameter surface flatness (delta.r2=FALSE, surface=TRUE); k.ua=12
#####################################################################################################################

# Each run will produce, for information only, the output: "Note: b.u=TRUE setting changed to FALSE but provided delta.r2=FALSE separate likelihoods will be computed for each diagnostic and multiplied as per Bayesian updating. Conversion from either the full dimensional or 3D error metric to the parameter space metric will be used as specified. If delta.r2=TRUE, delta.whiteErr or proj.deltaErr will be used as specified but a single, combined, likelihood will be used.  NB delta.r2=TRUE should NOT be used with surface=TRUE: they are logically inconsistent."

## Main version: 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 14 and 16
k=14; pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT.Rd')

k=16; pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT.Rd')

# With 150% estimated deep ocean trend uncertainty case at k.sfc=16

k=16; pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37c,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFFTTFFFTT.Rd')
# With F06 covariance estimation DoFs (sfc: 24 not 49; do 24 not 15.33; ua 14 not 39)

k=16; pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=24, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(24,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=14, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFFTTFFFTT.Rd')

## With upper air 50 hPa layer weighted towards 0 not 30 hPa; k.sfc=16
k=16; pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s1.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT.Rd')
## Uncomment the following statements if wished
## With 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 18
#k=18; pdfs.sH.s.s.128k18.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.128k18.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.128k18.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT.Rd')

## With 512 (unrestricted) df in all interpolations, upper air 50 hPa layer weighted towards 30 hPa, k.ua=12, k.sfc=16

#k=16; pdfs.sH.s.s.512k16.s2.s.s.512k12.MIT.5.Dec95.512.70.16.9FFFFTTFFFTT= truePDF.all(sfc.sH.s.s.r2.SrtKvF.512k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.16.9.r2.SrtKvF.512, sdInfo.do=c(do.N.eff.37,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.512k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.sH.s.s.512k16.s2.s.s.512k12.MIT.5.Dec95.512.70.16.9FFFFTTFFFTT, file='data/pdfs.sH.s.s.512k16.s2.s.s.512k12.MIT.5.Dec95.512.70.16.9FFFFTTFFFTT.Rd')

#####################################################################################################################
## Using the objective Bayesian method but assuming parameter surface flatness (delta.r2=TRUE, surface=FALSE); k.ua=12
#####################################################################################################################
# With 150% estimated deep ocean trend uncertainty case at k.sfc=16

k=16; pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTTTFFFFF= truePDF.all(sfc.sH.s.s.r2.SrtKvF.128k, k, DoF=49, error.ssq.do=do.MIT.5.Dec95.70.24.9.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.37c,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=FALSE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTTTFFFFF, file='data/pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTTTFFFFF.Rd')
#####################################################################################################################
## Main results runs, MIT model/ HadCRUT4 surface data to Nov 2001, 40 y deep ocean trend to 1998, no upper air data

#####################################################################################################################
#########################################################

##Runs using F06 method: Bayesian updating, delta.r2=TRUE

#########################################################

# 100% estimated deep ocean trend uncertainty case at k.sfc= 14 and 16

k=14; pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF, file='data/pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF.Rd')

k=16; pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF, file='data/pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF.Rd')

# 150% estimated deep ocean trend uncertainty case at k.sfc= 16

k=16; pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFTFFFFFTF= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.21.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFTFFFFFTF, file='data/pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFTFFFFFTF.Rd')

## Uncomment the following statements if wished

## Main version: 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 15

#k=15; pdfs.H.9d91.6d01.hc4.8m.128k15.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.H.9d91.6d01.hc4.8m.128k15.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF, file='data/pdfs.H.9d91.6d01.hc4.8m.128k15.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF.Rd')

## Main version: 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 17

#k=17; pdfs.H.9d91.6d01.hc4.8m.128k17.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.H.9d91.6d01.hc4.8m.128k15.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF, file='data/pdfs.H.9d91.6d01.hc4.8m.128k15.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF.Rd')

## Version including upper air diagnostic: 50 hPa layer weighted towards 30 hPa, k.ua=12
# 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 16

#k=16; pdfs.H.9d91.6d01.hc4.8m.128k16.s2.s.s.64k12.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=TRUE, adj.area=FALSE, adj.metric=FALSE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5))
#save(pdfs.H.9d91.6d01.hc4.8m.128k16.s2.s.s.64k12.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF, file='data/pdfs.H.9d91.6d01.hc4.8m.128k16.s2.s.s.64k12.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF.Rd')

################################################################################################################
## Using the objective Bayesian method not assuming parameter surface flatness (delta.r2=FALSE and surface=TRUE)

################################################################################################################

# Each run will produce, for information only, the output: "Note: b.u=TRUE setting changed to FALSE but provided delta.r2=FALSE separate likelihoods will be computed for each diagnostic and multiplied as per Bayesian updating. Conversion from either the full dimensional or 3D error metric to the parameter space metric will be used as specified. If delta.r2=TRUE, delta.whiteErr or proj.deltaErr will be used as specified but a single, combined, likelihood will be used.  NB delta.r2=TRUE should NOT be used with surface=TRUE: they are logically inconsistent."

# 100% estimated deep ocean trend uncertainty case at k.sfc= 14 and 16

k=14; pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT, file='data/pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT.Rd')

k=16; pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT, file='data/pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT.Rd')

# 150% estimated deep ocean trend uncertainty case at k.sfc= 16

k=16; pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFFTTFFFTT= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.21.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40c,4,FALSE), errs.ua=NA, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

save(pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFFTTFFFTT, file='data/pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFFTTFFFTT.Rd')

## Version including upper air diagnostic: 50 hPa layer weighted towards 30 hPa, k.ua=12 (not run)
# 0.70 mK/yr deep ocean trend estimate with trend SE = 0.16 mK/y (100% estimate) at k.sfc= 16

#k=16; pdfs.H.9d91.6d01.hc4.8m.128k16.s2.s.s.64k12.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=ua.s2.s.s.r2.SrtKvF.64k, k.ua=12, DoF.ua=39, dims=c(101,81,41), deduct.k=FALSE, CDF=FALSE, smooth.pdf=FALSE, delta.r2=FALSE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, delta.whiteErr=FALSE, b.u=TRUE, surface=TRUE, limits=c(0,10,0,8,-1.5,0.5))

#save(pdfs.H.9d91.6d01.hc4.8m.128k16.s2.s.s.64k12.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT, file='data/pdfs.H.9d91.6d01.hc4.8m.128k16.s2.s.s.64k12.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT.Rd')

##############################################################################
## Using the objective Bayesian method but assuming parameter surface flatness (delta.r2=TRUE and surface=FALSE)
##############################################################################
# at preferred k.sfc=16 setting, with standard deep ocean error estimate
k=16; pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTTTFFFFF= truePDF.all(sfc.H.9dec91.6dec01.hc4.8m.r2.128k, k, DoF=sfc.N.eff.9, error.ssq.do=do.MIT.5.Dec98.68.14.8.r2.SrtKvF.256, sdInfo.do=c(do.N.eff.40,4,FALSE), errs.ua=NA, k.ua=NA, DoF.ua=NA, dims=c(101,81,41), deduct.k=FALSE, delta.r2=TRUE, adj.area=TRUE, adj.metric=TRUE, proj.deltaErr=FALSE, CDF=FALSE, smooth.pdf=FALSE, b.u=FALSE, surface=FALSE, limits=c(0,10,0,8,-1.5,0.5) ) 

save(pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTTTFFFFF, file='data/pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTTTFFFFF.Rd')

##################################################################
### Generate the main and ancillary results and from them Figure 3
##################################################################
###############
## Main results

###############
## Generate parameter PDFs graphs and tables of results using old and new methods, using F06 and new diagnostic data
## Load the digitised F06 Fig.2 GSOLSV  - Uniform, f.sfc=16 climate sensitivity marginal PDF data

load(file='data/orig/F06_08.pdf.S.Rd')

# This is a 131 x 6 matrix of digitised climate sensitivity PDFs from Forest papers, over S=0 to 10 at 1/13 K intervals: NOT normalised

colnames(F06_08.pdf.S)# [1] "Sensitivity"       "F06Fig2 Ksfc=16"   "F06Fig2 Ksfc=14"   "F06FigS1b Ksfc=16" "F06FigS1b Ksfc=14"
"F08Fig4 Ksfc=16"

# Interpolate to 0.1 K grid to match generated data

GRL06_S.pdf= approx(F06_08.pdf.S[,1], F06_08.pdf.S[,2], xout=(0:100)/10)$y 

GRL06_S.pdf= GRL06_S.pdf / sum(GRL06_S.pdf) *10

save(GRL06_S.pdf, file='data/GRL06_S.pdf.Rd')

#Input manually digitised data for K and F PDFs measured from enlarged copy of Fig.2 in F06 GRL paper

GRL06_K.pdf= c(0, 17,29,42,58,73, 83,87,88,85,81, 76,70,63,55,46, 38,31,25,20,15.5, 12,9.5,7.5,6,4.8, 4,3,2.5,2,1.7, 1.4,1.1,0.8,0.5,0.3, 0.2,0.1,0.05,0,0, rep(0,40) )

GRL06_K.pdf= 10 * GRL06_K.pdf / sum(GRL06_K.pdf)

save(GRL06_K.pdf, file='data/GRL06_K.pdf.Rd')

GRL06_F.pdf= c( rep(0,10),0.5, 1.6,4,8,16,38, 54,65.5,71,71,85.5, 75.5,64,52,40.5,40.5, 27,17,10,6.5,3.5, 2,1,0.6,0.3,0.1, rep(0,5) ) 

GRL06_F.pdf= 20 * GRL06_F.pdf / sum(GRL06_F.pdf)

save(GRL06_F.pdf, file='data/GRL06_F.pdf.Rd')
## Set up Figure 4 as panels in 3 rows, 2 columns

main.S= main.K= main.F= ""

cex.axis=1.5

cex.lab= 1.8

cex.leg= 1.55

cex.leg.tit=1.7
lty= c(1,1,2,3)

lwd=c(2.8,2.8,2.8,2.8)
col= c(2,3,'royalblue1',1)

box.lwdx=0.6
dev.off()








# ignore error message generated if no graphics window is open

par(pin=c(3.4,2), mfcol=c(3, 2), mar=c(4.5,4.5,1,1.2) )

### WARNING: Manual intervention needed here to resize the graphics window to approx 28 cm wide x 30 cm high

#############################################################################################################

## PDFs using SFZ08/F06 diagnostic data - k.ua=12

#################################################

## Set up the lists of cases using the old (F06) and new (Objective Bayesian) methods and legends for them

casesOld= list(pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTFFFFFTF, pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFTFFFFFTF, 

pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF, pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF,

pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFTFFFFFTF.W)

casesNew= list(pdfs.sH.s.s.128k14.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFFTTFFFTT, pdfs.sH.s.s.128k16df24.s2.s.s.64k12df14.MIT.5.Dec95.256.70.16.9df24FFFFTTFFFTT, pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.24.9FFFTTTFFFFF, pdfs.sH.s.s.128k16.s1.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, pdfs.sH.s.s.128k16.s2.s.s.64k.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT)

nOld= length(casesOld)

nNew= length(casesNew)

# specify which cases to plot: Old: F06 and higher ua 50 hPa weight; New: F06 50 hPa weight and higher 50 hPa weight & do SE. All at k.sfc=16

iOld= c(2,6)

iNew= c(2)

retainedEOFs= c( ', k.sfc=14', rep(', k.sfc=16',7), ', k.sfc=14', rep(', k.sfc=16',6) )  

legend.txt= c('F06 method, F06 50 hPa weight, k.ua=12', 'F06 method, F06 50 hPa weight, k.ua=12', 'F06 method, F06 50 hPa wt, higher do SE, k.ua=12', 'F06 method, F06 50 hPa weight, F06 DoF, k.ua=12', 'F06 method, higher 50 hPa weight, k.ua=12', 'F06 method, F06 50 hPa weight, k.ua=14', 'F06 method, F06 50 hPa weight, Expert S prior, k.ua=12', 'F06 published results, k.ua=14', 'New method, F06 50 hPa weight, k.ua=12', 'New method, F06 50 hPa weight, k.ua=12', 'New method, F06 50 hPa wt, higher do SE, k.ua=12', 'New method, F06 50 hPa weight, F06 DoF, k.ua=12', 'Delta r2 new method, F06 50 hPa wt, higher do SE, k.ua=12', 'New method, higher 50 hPa weight', 'New method, F06 50 hPa weight, k.ua=14')

rowTitles=vector()

for( i in 1:length(legend.txt) ) { rowTitles[i]= paste(legend.txt[i], retainedEOFs[i], sep="") }

## for Seq

###########

divs= 0.1; lower= 0; upper= 10

range= upper - lower

pdfsOld= casesOld[[1]]$pdf.S

for ( i in 2:nOld ) { pdfsOld= cbind(pdfsOld, casesOld[[i]]$pdf.S) }

pdfsNew= casesNew[[1]]$pdf.S 

for ( i in 2:nNew ) { pdfsNew= cbind(pdfsNew, casesNew[[i]]$pdf.S) }

pdfsAll= cbind(pdfsOld, GRL06_S.pdf, pdfsNew)

# Print the 5%-95% ranges and modes for the results 

boxStats= plotBoxCIs(pdfsAll, divs, lower, upper, col=1, plot=FALSE)

rownames(boxStats)= rowTitles

mode=matrix((apply(pdfsAll,2,which.max)-1)/10, ncol=1)

colnames(mode)='mode'

round(cbind(boxStats, mode),2)

#                                                                    5% 25%  50% 75% 95% mode

#F06 method, F06 50 hPa weight, k.ua=12, k.sfc=14                    1.4 1.8  2.2 2.8 5.2  2.0

#F06 method, F06 50 hPa weight, k.ua=12, k.sfc=16                    2.0 2.4  2.8 3.6 6.5  2.5

#F06 method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16          2.0 2.5  3.1 4.3 8.0  2.5

#F06 method, F06 50 hPa weight, F06 DoF, k.ua=12, k.sfc=16           2.0 2.4  2.8 3.6 6.7  2.5

#F06 method, higher 50 hPa weight, k.ua=12, k.sfc=16                 2.0 2.4  2.8 3.4 6.2  2.4

#F06 method, F06 50 hPa weight, k.ua=14, k.sfc=16                    2.2 2.7  3.2 4.4 7.6  2.7

#F06 method, F06 50 hPa weight, Expert S prior, k.ua=12, k.sfc=16    2.0 2.3  2.6 3.0 3.9  2.4

#F06 published results, k.ua=14, k.sfc=16                            2.2 2.8  3.6 5.3 8.8  2.9

#New method, F06 50 hPa weight, k.ua=12, k.sfc=14                    1.5 1.8  2.1 2.4 3.1  2.0

#New method, F06 50 hPa weight, k.ua=12, k.sfc=16                    2.0 2.3  2.5 2.8 3.6  2.4

#New method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16          2.0 2.3  2.5 2.9 4.1  2.4

#New method, F06 50 hPa weight, F06 DoF, k.ua=12, k.sfc=16           2.0 2.3  2.5 2.9 3.7  2.4

#Delta r2 new method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16 2.0 2.3  2.5 2.9 3.8  2.4

#New method, higher 50 hPa weight, k.sfc=16                          2.0 2.2  2.5 2.8 3.6  2.4

#New method, F06 50 hPa weight, k.ua=14, k.sfc=16                    2.1 2.4  2.7 3.1 4.3  2.5
pdfsToPlot= cbind(pdfsNew[,iNew], pdfsOld[,iOld] , GRL06_S.pdf)
par(mfg=c(1, 1, 3, 2))
ymax= 1.6
matplot(x=((lower/divs):(upper/divs))*divs, pdfsToPlot, type='l', lty=lty, col=col, lwd=lwd, xaxs='i', xaxp=c(lower,upper, max(range,8)), xlab="Climate Sensitivity (K)", yaxs='i', ylim=c(0,ymax), ylab='Probability density',main=main.S , cex.main=1.5, cex.lab= cex.lab, cex.axis=cex.axis)

plotBoxCIs(pdfsToPlot[,4:1], divs, lower, upper, boxsize=0.095, col=rev(col), yOffset=0.4, spacing=0.75, lwd=lwd*box.lwdx, whisklty=rev(lty))
#      5% 25%  50% 75% 95%

#[1,] 2.2 2.8  3.6 5.3 8.8

#[2,] 2.2 2.7  3.2 4.4 7.6

#[3,] 2.0 2.4  2.8 3.6 6.5

#[4,] 2.0 2.2  2.5 2.8 3.6
legend('topleft','      a', cex=2, bty='n')

## for rtKv

###########

divs= 0.1; lower= 0; upper= 8

range= upper - lower

pdfsOld= casesOld[[1]]$pdf.K

for ( i in 2:nOld ) { pdfsOld= cbind(pdfsOld, casesOld[[i]]$pdf.K) }

pdfsNew= casesNew[[1]]$pdf.K 

for ( i in 2:nNew ) { pdfsNew= cbind(pdfsNew, casesNew[[i]]$pdf.K) }

pdfsAll= cbind(pdfsOld, GRL06_K.pdf, pdfsNew)

# Print the 5%-95% ranges and modes for the results 

boxStats= plotBoxCIs(pdfsAll, divs, lower, upper, col=1, plot=FALSE)

rownames(boxStats)= rowTitles
mode=matrix((apply(pdfsAll,2,which.max)-1)/10, ncol=1)

colnames(mode)='mode'

round(cbind(boxStats, mode),2)

#                                                                     5% 25%  50% 75% 95% mode

#F06 method, F06 50 hPa weight, k.ua=12, k.sfc=14                    0.3 0.7  1.1 1.6 3.1  0.8

#F06 method, F06 50 hPa weight, k.ua=12, k.sfc=16                    0.2 0.5  0.8 1.1 1.7  0.7

#F06 method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16          0.2 0.6  1.0 1.4 2.2  0.8

#F06 method, F06 50 hPa weight, F06 DoF, k.ua=12, k.sfc=16           0.2 0.5  0.8 1.1 1.7  0.7

#F06 method, higher 50 hPa weight, k.ua=12, k.sfc=16                 0.2 0.5  0.8 1.1 1.7  0.7

#F06 method, F06 50 hPa weight, k.ua=14, k.sfc=16                    0.2 0.6  0.8 1.2 1.7  0.8

#F06 method, F06 50 hPa weight, Expert S prior, k.ua=12, k.sfc=16    0.1 0.5  0.7 1.0 1.4  0.6

#F06 published results, k.ua=14, k.sfc=16                            0.3 0.6  1.0 1.4 2.1  0.8

#New method, F06 50 hPa weight, k.ua=12, k.sfc=14                    0.2 0.5  0.8 1.1 1.7  0.7

#New method, F06 50 hPa weight, k.ua=12, k.sfc=16                    0.1 0.4  0.6 0.8 1.3  0.6

#New method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16          0.1 0.3  0.6 0.9 1.5  0.5

#New method, F06 50 hPa weight, F06 DoF, k.ua=12, k.sfc=16           0.1 0.4  0.6 0.8 1.3  0.6

#Delta r2 new method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16 0.1 0.3  0.6 0.9 1.5  0.5

#New method, higher 50 hPa weight, k.sfc=16                          0.1 0.4  0.6 0.8 1.3  0.6

#New method, F06 50 hPa weight, k.ua=14, k.sfc=16                    0.1 0.4  0.6 0.8 1.3  0.6
pdfsToPlot= cbind(pdfsNew[,iNew], pdfsOld[,iOld], GRL06_K.pdf)
par(mfg=c(2, 1, 3, 2))
ymax= 1.2
matplot(x=((lower/divs):(upper/divs))*divs, pdfsToPlot, type='l', lty=lty, col=col, lwd=lwd, xaxs='i', xaxp=c(lower,upper,max(range,8)), xlab="sqrt(Effective Ocean Diffusivity) (cm s^-1/2)", yaxs='i', ylim=c(0,ymax), ylab='Probability density',main=main.K, cex.main=1.5, cex.lab= cex.lab, cex.axis= cex.axis)

boxStats= plotBoxCIs(pdfsToPlot[,4:1], divs, lower, upper, boxsize=0.07, col=rev(col), yOffset=0.38, spacing=0.8, lwd=lwd*box.lwdx, whisklty=rev(lty))
legend('topright', c('New method, k.ua=12 ','F06 method, k.ua=12 ','F06 method, k.ua=14 ','F06 published results '), text.col=col, box.lty=0, cex=cex.leg, lty=lty, col=col, lwd=lwd, title='Original diagnostics: k.sfc=16  ', title.col=1, title.cex=cex.leg.tit)

legend('topleft','       b', cex=2, bty='n')

## for Faer

###########
divs= 0.05; lower= -1.5; upper= 0.5

range= upper - lower

pdfsOld= casesOld[[1]]$pdf.F

for ( i in 2:nOld ) { pdfsOld= cbind(pdfsOld, casesOld[[i]]$pdf.F) }

pdfsNew= casesNew[[1]]$pdf.F 

for ( i in 2:nNew ) { pdfsNew= cbind(pdfsNew, casesNew[[i]]$pdf.F) }

pdfsAll= cbind(pdfsOld, GRL06_F.pdf, pdfsNew)

# Print the 5%-95% ranges and modes for the results 

boxStats= plotBoxCIs(pdfsAll, divs, lower, upper, col=1, plot=FALSE)

rownames(boxStats)= rowTitles
mode=matrix((apply(pdfsAll,2,which.max)-31)/20, ncol=1)

colnames(mode)='mode'

round(cbind(boxStats, mode),2)

#                                                                      5%   25%   50%   75%   95%  mode

#F06 method, F06 50 hPa weight, k.ua=12, k.sfc=14                    -0.80 -0.55 -0.45 -0.30 -0.10 -0.45

#F06 method, F06 50 hPa weight, k.ua=12, k.sfc=16                    -0.75 -0.60 -0.50 -0.35 -0.20 -0.50

#F06 method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16          -0.75 -0.60 -0.50 -0.40 -0.20 -0.55

#F06 method, F06 50 hPa weight, F06 DoF, k.ua=12, k.sfc=16           -0.80 -0.60 -0.50 -0.35 -0.20 -0.50

#F06 method, higher 50 hPa weight, k.ua=12, k.sfc=16                 -0.75 -0.60 -0.50 -0.35 -0.20 -0.50

#F06 method, F06 50 hPa weight, k.ua=14, k.sfc=16                    -0.80 -0.65 -0.55 -0.40 -0.20 -0.55

#F06 method, F06 50 hPa weight, Expert S prior, k.ua=12, k.sfc=16    -0.70 -0.55 -0.45 -0.35 -0.20 -0.45

#F06 published results, k.ua=14, k.sfc=16                            -0.75 -0.60 -0.50 -0.35 -0.15 -0.50

#New method, F06 50 hPa weight, k.ua=12, k.sfc=14                    -0.60 -0.45 -0.35 -0.25 -0.10 -0.35

#New method, F06 50 hPa weight, k.ua=12, k.sfc=16                    -0.60 -0.50 -0.40 -0.30 -0.15 -0.40

#New method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16          -0.60 -0.50 -0.40 -0.30 -0.20 -0.40

#New method, F06 50 hPa weight, F06 DoF, k.ua=12, k.sfc=16           -0.65 -0.50 -0.40 -0.30 -0.15 -0.40

#Delta r2 new method, F06 50 hPa wt, higher do SE, k.ua=12, k.sfc=16 -0.60 -0.50 -0.40 -0.30 -0.20 -0.40

#New method, higher 50 hPa weight, k.sfc=16                          -0.60 -0.50 -0.40 -0.30 -0.15 -0.40

#New method, F06 50 hPa weight, k.ua=14, k.sfc=16                    -0.65 -0.50 -0.40 -0.30 -0.20 -0.40
pdfsToPlot= cbind(pdfsNew[,iNew], pdfsOld[,iOld], GRL06_F.pdf)
par(mfg=c(3, 1, 3, 2))
ymax= 3.5

matplot(x=((lower/divs):(upper/divs))*divs, pdfsToPlot, type='l', lty=lty, col=col, lwd=lwd, xaxs='i', xaxp=c(lower,upper,max(range,8)), xlab="Net Aerosol Forcing (W m^-2)", yaxs='i', ylim=c(0,ymax), ylab='Probability density',main=main.F, cex.main=1.5, cex.lab= cex.lab, cex.axis= cex.axis)

boxStats= plotBoxCIs(pdfsToPlot[,4:1], divs, lower, upper, boxsize=0.22, col=rev(col), yOffset=0.4, spacing=0.75, lwd=lwd*box.lwdx, whisklty=rev(lty))

legend('topleft','       c', cex=2, bty='n')

## PDFs using  MIT 6 dec01 surface, deep ocean to 1998, no upper air diagnostic data 
#####################################################################################

# Initial set up 

lty= c(1,3,1,3)

lwd= c(2.8,2.8,2.8,2.8)
col= c(2,'royalblue1',3,1)

# Set up the list of cases using the old (F06) and new (Objective Bayesian) methods

casesOld= list(pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF, pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTFFFFFTF, pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFTFFFFFTF) 
casesNew= list(pdfs.H.9d91.6d01.hc4.8m.128k14.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT, pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT, pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.21.8FFFFTTFFFTT, pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFTTTFFFFF)
nOld= length(casesOld)

nNew= length(casesNew)

# specify which cases to plot:

iOld= c(2,1)

iNew= c(2,1)
legend.txt= c('F06 method, k.sfc=14', 'F06 method, k.sfc=16', 'F06 method, higher do SE, k.sfc=16', 'New method, k.sfc=14', 'New method, k.sfc=16', 'New method, higher do SE, k.sfc=16', 'New method but delta r2, k.sfc=16')

## for Seq
###########

divs= 0.1; lower= 0; upper= 10

range= upper - lower

pdfsOld= casesOld[[1]]$pdf.S

for ( i in 2:nOld ) { pdfsOld= cbind(pdfsOld, casesOld[[i]]$pdf.S) }

pdfsNew= casesNew[[1]]$pdf.S 

for ( i in 2:nNew ) { pdfsNew= cbind(pdfsNew, casesNew[[i]]$pdf.S) }

pdfsAll= cbind(pdfsOld, pdfsNew)

# Print the 5%-95% ranges and modes for the results 

boxStats= plotBoxCIs(pdfsAll, divs, lower, upper, col=1, plot=FALSE)

rownames(boxStats)= legend.txt
mode=matrix((apply(pdfsAll,2,which.max)-1)/10, ncol=1)

colnames(mode)='mode'

round(cbind(boxStats, mode),2)

#                                    5% 25%  50% 75% 95% mode

#F06 method, k.sfc=14               1.1 1.5  1.8 2.4 7.1  1.5

#F06 method, k.sfc=16               1.1 1.4  1.6 1.9 2.9  1.5

#F06 method, higher do SE, k.sfc=16 1.1 1.4  1.7 2.1 4.4  1.5

#New method, k.sfc=14               1.2 1.4  1.6 1.8 2.2  1.6

#New method, k.sfc=16               1.2 1.5  1.6 1.8 2.2  1.6

#New method, higher do SE, k.sfc=16 1.2 1.5  1.6 1.8 2.3  1.6

#New method but delta r2, k.sfc=16  1.2 1.5  1.6 1.8 2.1  1.6
pdfsToPlot= cbind(pdfsNew[,iNew], pdfsOld[,iOld])

par(mfg=c(1, 2, 3, 2))

ymax= 1.6
matplot(x=((lower/divs):(upper/divs))*divs, pdfsToPlot, type='l', lty=lty, col=col, lwd=lwd, xaxs='i', xaxp=c(lower,upper, max(range,8)), xlab="Climate Sensitivity (K)", yaxs='i', ylim=c(0,ymax), ylab='Probability density',main=main.S , cex.main=1.5, cex.lab= cex.lab, cex.axis=cex.axis)

boxStats= plotBoxCIs(pdfsToPlot[,4:1], divs, lower, upper, boxsize=0.095, col=rev(col), yOffset=0.4, spacing=0.75, lwd=lwd*box.lwdx, whisklty=rev(lty))

legend('topleft','       d', cex=2, bty='n')

## for rtKv

###########

divs= 0.1; lower= 0; upper= 8

range= upper - lower

pdfsOld= casesOld[[1]]$pdf.K

for ( i in 2:nOld ) { pdfsOld= cbind(pdfsOld, casesOld[[i]]$pdf.K) }

pdfsNew= casesNew[[1]]$pdf.K 

for ( i in 2:nNew ) { pdfsNew= cbind(pdfsNew, casesNew[[i]]$pdf.K) }

pdfsAll= cbind(pdfsOld, pdfsNew)

# Print the 5%-95% ranges and modes for the results 

boxStats= plotBoxCIs(pdfsAll, divs, lower, upper, col=1, plot=FALSE)

rownames(boxStats)= legend.txt
mode=matrix((apply(pdfsAll,2,which.max)-1)/10, ncol=1)

colnames(mode)='mode'

round(cbind(boxStats, mode),2)

#                                    5% 25%  50% 75% 95% mode

#F06 method, k.sfc=14               0.6 1.2  1.9 3.5 6.6  1.2

#F06 method, k.sfc=16               0.5 0.9  1.3 2.0 4.4  1.0

#F06 method, higher do SE, k.sfc=16 0.4 1.0  1.6 2.6 5.8  1.1

#New method, k.sfc=14               0.4 0.8  1.1 1.5 2.5  0.9

#New method, k.sfc=16               0.3 0.7  1.0 1.3 2.1  0.9

#New method, higher do SE, k.sfc=16 0.2 0.7  1.0 1.5 2.5  0.8

#New method but delta r2, k.sfc=16  0.3 0.7  1.0 1.3 2.1  0.9
pdfsToPlot= cbind(pdfsNew[,iNew], pdfsOld[,iOld])

par(mfg=c(2, 2, 3, 2))

ymax= 1.0

matplot(x=((lower/divs):(upper/divs))*divs, pdfsToPlot, type='l', lty=lty, col=col, lwd=lwd, xaxs='i', xaxp=c(lower,upper,max(range,8)), xlab="sqrt(Effective Ocean Diffusivity) (cm s^-1/2)", yaxs='i', ylim=c(0,ymax), ylab='Probability density',main=main.K, cex.main=1.5, cex.lab= cex.lab, cex.axis= cex.axis)

boxStats= plotBoxCIs(pdfsToPlot[,4:1], divs, lower, upper, boxsize=0.06, col=rev(col), yOffset=0.38, spacing=0.75, lwd=lwd*box.lwdx, whisklty=rev(lty))

legend('topright', legend.txt[c(iNew+nOld, iOld)], text.col=col, box.lty=0, cex=cex.leg, lty=lty, col=col, lwd=lwd, title='Revised sfc and do, but no ua, diagnostics  ', title.col =1, title.cex=cex.leg.tit)

legend('topleft','       e', cex=2, bty='n')

## for Faer

###########

divs= 0.05; lower= -1.5; upper= 0.5

range= upper - lower

pdfsOld= casesOld[[1]]$pdf.F

for ( i in 2:nOld ) { pdfsOld= cbind(pdfsOld, casesOld[[i]]$pdf.F) }

pdfsNew= casesNew[[1]]$pdf.F 

for ( i in 2:nNew ) { pdfsNew= cbind(pdfsNew, casesNew[[i]]$pdf.F) }

pdfsAll= cbind(pdfsOld, pdfsNew)

# Print the 5%-95% ranges and modes for the results 

boxStats= plotBoxCIs(pdfsAll, divs, lower, upper, col=1, plot=FALSE)

rownames(boxStats)= legend.txt

mode=matrix((apply(pdfsAll,2,which.max)-31)/20, ncol=1)

colnames(mode)='mode'

round(cbind(boxStats, mode),2)

#                                      5%   25%   50%   75%   95%  mode

#F06 method, k.sfc=14               -1.05 -0.80 -0.55 -0.35 -0.15 -0.55

#F06 method, k.sfc=16               -0.80 -0.50 -0.35 -0.20 -0.05 -0.40

#F06 method, higher do SE, k.sfc=16 -0.85 -0.55 -0.40 -0.25 -0.05 -0.40

#New method, k.sfc=14               -0.70 -0.50 -0.40 -0.25 -0.10 -0.40

#New method, k.sfc=16               -0.55 -0.40 -0.30 -0.15  0.00 -0.25

#New method, higher do SE, k.sfc=16 -0.55 -0.40 -0.30 -0.20  0.00 -0.25

#New method but delta r2, k.sfc=16  -0.55 -0.40 -0.30 -0.20 -0.05 -0.25
pdfsToPlot= cbind(pdfsNew[,iNew], pdfsOld[,iOld])
par(mfg=c(3, 2, 3, 2))

ymax= 3.5

matplot(x=((lower/divs):(upper/divs))*divs, pdfsToPlot, type='l', lty=lty, col=col, lwd=lwd, xaxs='i', xaxp=c(lower,upper,max(range,8)), xlab="Net Aerosol Forcing (W m^-2)", yaxs='i', ylim=c(0,ymax), ylab='Probability density',main=main.F, cex.main=1.5, cex.lab= cex.lab, cex.axis= cex.axis)

boxStats= plotBoxCIs(pdfsToPlot[,4:1], divs, lower, upper, boxsize=0.22, col=rev(col), yOffset=0.4, spacing=0.75, lwd=lwd*box.lwdx, whisklty=rev(lty))

legend('topleft','       f', cex=2, bty='n')

savePlot('plots/Fig3.pdfs.16.F06.12.14.s2.16.9.6to01.9to91.14.8.a.png', type='png')

rm(casesOld, casesNew, pdfsAll, pdfsToPlot)
## Plot the noninformative prior / PDF conversion factor for the revised diagnostics data, new method, k.sfc=16
#############################################################################################################

dev.off()

plotDetSK(pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT, main='', sub='', Faer=NA, vert.sub=11.5, vert.main=5, z.lab='Noninformative prior (=PDF conversion factor)', fontface=2)


# border removed in Paint, and saved as plots/Fig4.detJ.9d91.6d01.hc4.8m.128k16.68.14.8.b.png
## Plot the joint CDF in S-rtKv space
######################################
plotJointCDF.all(pdfs.sH.s.s.128k16.s2.s.s.64k12.MIT.5.Dec95.256.70.16.9FFFFTTFFFTT, main='', show20=FALSE, show95=FALSE, dark=0.046, labels=c(rep('',6),'50%',''), mult=8 )

savePlot('plots/jcdf.sH.s.s.128k16.s2.k12.70.16.9old.d.png', type='png')
plotJointCDF.all(pdfs.H.9d91.6d01.hc4.8m.128k16.MIT.5.Dec98.256.68.14.8FFFFTTFFFTT, main='', show20=FALSE, show95=FALSE, dark=0.046, labels=c(rep('',6),'50%',''), mult=8 )

savePlot('plots/jcdf.H.9d91.6d01.hc4.8m.128k16.68.14.8new.a.png', type='png')
#Combined in Paint, with titles removed and a and b added, and saved as plots/jcdf.H.9d91.6d01.hc4.8m.128k16.68.14.8both.d.png'
