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1 Abstract 
We present the correct algorithm to perform the linear fit of non-destructive ramps, the 
most common readout mode of IR detectors in Astronomy. The algorithm is based on the 
Generalized Least Square Method, appropriate when the data are heteroscedastic and 
correlated. The algorithm assumes that the ramps are not affected by cosmic rays and 
allows for group average frame. It provides a statistically correct estimate of the slope 
and intercept of the ramp and their associated errors. While the slope and intercept values 
are closely consistent with those derived using an ordinary least square fit, the errors 
derived using the Generalized Least Square Method turn out to be larger since the 
correlation terms are properly taken into account. An implementation in IDL is presented, 
with a Montecarlo test showing that the algorithm correctly predicts the error associated 
to the signal ramp, grossly underestimated by the conventional least square fit for 
homoscedastic data in Poisson-noise-dominated regime, in agreement with the theory. 

2  Introduction 
Imagine standing at the exit of a K-12 school to run a simple experiment: take the first 50 
persons coming out, students and teachers, and log their age and height. You will get a 
table of values that will show a strong correlation between age and height. A linear fit to 
the data, done with the ordinary least squares (OLS) procedure minimizing the residual 
sum of squares (Feigelson & Babu 2012), will provide a statistically correct estimate of 
the slope and intercept of the height vs. age relation, with their relative errors. 
Imagine now to go home and run the same experiment on your son, using the height 
marks written during the years at the closet’s door. You will get again a table of values 
that will show a strong correlation between age and height. Can you apply the same OLS 
algorithm to get the best estimate of the slope parameters? No, you cannot.  
 The OLS procedure is based on a couple of fundamental assumptions: 
homoscedasticity: all random variables must have the same finite variance (skedasis 
means dispersion in Greek); 
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absence of correlation between measures. 
When we run the experiment at the school we expect both conditions to be true: we 
measure height with the same tool (e.g. a stadiometer) having a certain margin of error, 
say 1/8th of an inch independent on the person being measured, and we do not expect to 
find correlations between the height of a girl and that of the teacher coming next. At 
home we may still assume homoscedasticity, if we have been consistently careful, but 
certainly we have correlation: a growth spurt at age 12 affects all values measured in the 
following years. 
In the case of signal integration with infrared detectors both conditions are clearly 
violated. First, the errors are different by definition, since the samples carry some 
variance proportional to the integrated signal, according to Poisson statistics (variance 
equal to the mean): the integration of photon flux is always a heteroscedastic 
phenomenon. Moreover, there is correlation between samples, since we are not resetting 
the device after each read but building upon the previous values. A positive fluctuation of 
the signal, just like a growth spurt, will affect all following values.  
A bit more technically, theory states that an OLS estimator is the Best (minimum 
variance) Linear Unbiased Estimator (BLUE, or efficient estimator) of the parameters in 
the case of uncorrelated and heteroscedastic errors, i.e. when the covariance matrix can 
be expressed as σ 2I , with I representing a diagonal matrix of 1’s. If the assumption of 
heteroscedasticity is violated, but the covariance matrix is still diagonal, a Weighted 
Least Squares method can be used as a BLUE estimator of the parameters and their 
uncertainties. If both conditions are violated, the OLS estimators are still unbiased and 
consistent, but are no longer BLUE: the standard errors are not correct, which implies 
that the confidence intervals and test statistics are incorrect. In our case, the most relevant 
consequence is that the noise value used e.g. to weight multiple images to reject cosmic 
rays, in the drizzling procedures, or to finally extract photometry may be wrong. Note 
also that in this case we may expect correlation between the parameters. Intuitively, a 
strong, positive noise fluctuation in the middle of the ramp will induce a best fit steeper 
than the true one and a lower intercept at time zero (reset), and vice versa. Finding only 
the errors on the intercept and slope without accounting for the (negative, in this case) 
correlation terms between them does not capture the entire phenomenon and, again, may 
lead to an incorrect assessment of the errors.  
The problem of the linear fitting of signal ramps has been tackled in the past by various 
authors. Garnett and Forrest (1993) first pointed out that the correlation between 
successive signal measurements affects the signal-to-noise theoretically achievable. 
Rauscher et al. (2007) derived the general formula to estimate the signal-to-noise ratio in 
the presence of correlation and group averaging (see Robberto 2009 for the correct 
expression of the formula, hereafter the “Rauscher-Robberto formula). Fixsen et al. 
(2000, see also Regan 2007 for a simplified version) have devised a weighting scheme to 
account for the correlation between data, but without providing the estimate of the noise 
and neglecting group averaging, characteristic of JWST operations. 
In this study we present the algorithm for the correct estimate of the ramp parameters, 
slope and intercept, together with their associated errors. A statistical tool appropriate to 
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handle heteroscedastic data with correlation is the Generalized Least Square (GLS) 
method, that we are going to describe in the next section. The implementation of the 
method to our problem is described in Section 4, with the most critical element, the 
covariance matrix, derived in Section 4.1. In Section 5 we present the implementation in 
IDL (with the source code provided in the Appendix), in Section 6 we present the results 
and in Section 7 our conclusions. 

3 The Generalized Least Square 
Throughout this report I will use lowercase italics letters (xi,yi) for vector quantities and 
uppercase letter (X,Y) for matrixes.  
Let’s represent a signal ramp as a set of n independently measured data yi (counts) in 
correspondence of n “independent variables” xi (time). We assume that the yi values are 
functions of two unknown parameters, a (intercept) and b (slope) and that the measured 
quantities miss the corresponding true values by a random error σ i , i.e. 
 yi = a + bxi +σ i  . (1)    
If the errors were normally distributed and heteroscedastic, and the samples uncorrelated, 
we could obtain the best estimates of a and b by minimizing the χ 2  statistic: 

 χ 2 =
yi − a − bxi( )2

σ i
2

i=1

n

∑   (2) 

which represents the sum of the squares of the “misses” weighted by the uncertainty of 
each data item. If the data were homoscedastic and uncorrelated, we could assumeσ i = 1  
and Eq. (2) simplifies. In the presence of correlation, Eq. (2) cannot be used.  
To derive the appropriate formula, let’s generalize the problem by taking a function 
f α( )  of a set of m < n  parameters α , like e.g. f α( ) =α1 +α 2x +α 3x

2 +α 4x
3 + ...; this 

could be the case of a non-linear detector response, but here we will only concentrate on 
the first two terms, i.e. a function that is linear in both the parameters α  and the 
independent variable x. If we write Eq. (2) in the more general form 

 χ 2 =
yi − fi α( )( )2

σ i
2

i=1

n

∑   (3) 

and use a first order expansion of the function f α( )  around a set of initial parameters α̂   

 
 

fi α( ) = fi
α( ) + α j −α̂ j( ) ∂ fi α j( )

∂α j
α̂

j=1

m

∑ = fi
α( ) + Aijη j

j=1

m

∑   (4)  

where η j =α j −α̂ j  and Aij  is the matrix of the partial derivatives, then Eq. (3) becomes: 

 χ 2 =
yi − fi α̂( )− Aijη jj∑( )2

σ i
2 =

i=1

n

∑
Δyi − Aijη jj∑( )2

σ i
2

i=1

n

∑  . (5) 
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This equation can be expressed in a compact form in matrix notation:  

 χ 2 = ΔY − Aη( )T Wy
−1 ΔY − Aη( )   (6) 

where A is the matrix of the partial derivatives given above, η  and Y are the vectors of 
the ηi  and yi values and the inverse of the weight matrix is given by: 

 

 

Wy
−1 =

1/σ 1
2 0 … 0

0 1/σ 2
2 … 0

   
0 0 … 1/σ n

2

⎛

⎝

⎜
⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟

  (7) 

which is clearly equal to the inverse of the measurement covariance matrix (in the 
absence of correlation, see below).  
Taking the partial derivative with respect to the parameters η we obtain the m equations: 

 ATWy
−1 ΔY − Aη( ) = 0   (8) 

(this follows from the matrix derivation rule 
∂ Ax + B( )T C Dx + E( )⎡⎣ ⎤⎦ ∂x = DTCT Ax + B( ) + ATC Dx + E( )  ). Eq.(8) can then be 

written as 
 ATWy

−1Aη = ATWy
−1ΔY   (9) 

and defining 

 WA = ATWy
−1A( )−1   (10) 

we finally obtain the m equations: 
 η =WAA

TWy
−1ΔY  . (11) 

This matrix expression can be easily calculated, remembering that ΔY  has dimension n, 
Wy is a matrix n × n , A  is n ×m  and WA  is m ×m . So, for example, with the weight 
matrix given in Eq. (7), it is 

 ηi = WA,ij

AljΔyl
σ l
2

l
∑

m
∑  . (12) 

This expression could have been obtained directly from Eq. (5) by taking the derivative 
and paying attention to the indexes. 
We also need to calculate the errors on the set of parameters η . To this purpose we need 
to use the covariance matrix, defined as 
 Cov yi , yj( ) =Wx,ij = yi − yi( ) yj − yi( ) ≡ δ yiδ yj   (13) 

where the symbol  refers to the weighted average taken over all possible values of the 
enclosed expression. In matrix  form: 
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 Wy = δYδY T  . (14)  

If the data are independent it is Wy = diag σ i
2( ) , consistent with the definition adopted for 

the weight matrix, Eq (7). If the data are correlated, the matrix will be non-diagonal but 
this is not a critical issue if one knows how to calculate the covariance matrix. 
Finding the errors in the parameters η is now straightforward. Starting with Eq. (11), we 
have 

 

Cov α = Cov η = δηδηT

=WAA
TWy

−1 δYδY T Wy
−1AWA

=WAA
TWy

−1WyWy
−1AWA

=WAA
TWy

−1AWA

=WAWA
−1WA

=WA

  (15) 

and the errors on the parameters are σηi
= Covηii = WA,ii  . 

Notice that the covariance matrix is expected to be in the form 

 Cov η[ ] = a b
b c

⎛
⎝⎜

⎞
⎠⎟

  (16) 

where the a and c terms represent the Variance of the slope and intercept and the b 
coefficient is the correlation term between them. Given the covariance matrix, it is 
possible to determine the parameters of the covariance ellipse for any given confidence 
limit, according to chi-square statistics.  

4 Application to the case of ramp fitting.  
In the case of ramp fitting, we have  
 f α( ) = a + bx   (17) 

where a is the intercept and b is the slope of the signal ramp. It is therefore m=2 and  

 α = a
b

⎛
⎝⎜

⎞
⎠⎟

 . (18) 

We have expressed Eq. (11) in terms of differential quantities: ηi =α i −α̂ i  and 

 Δyi = yi − f α( ) . We can therefore do a preliminary estimate for the initial values of a and 

b, setting e.g. α1 = â  for the default intercept of the ramp at t=0 and α 2 = b̂  for an initial 
guess (first-last) of the slope. We will need to subtract out these values from the ηi  
parameters to derive the correct values of α i . In the IDL example shown later, we have 
set b̂ = 0  for convenience. The results do not depend on the assumed values (unless one 
has to deal with critical cases of huge matrixes, where rounding errors can be important).  



JWST-STScI-003193 
SM-12 

 
Check with the JWST SOCCER Database at: https://soccer.stsci.edu 

To verify that this is the current version. 
 

 - 6 - 

The Δy  values are then given by 

 

 

ΔY =

Δy1
Δy2


Δyn

⎛

⎝

⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟

 . (19) 

Note that there is here a possible source of confusion. The Δy  values are usually 
expressed as residuals, i.e. differences between the measured counts and those predicted 
by some model, like e.g. an initial OLS fit. The results will be derived with respect to the 
model, and therefore the initial OLS intercept and slope will need to be added back. 
Nothing prevents, however, to assume no fit at all, using the row data; this is more 
convenient in our case, since we have the covariance matrix expressed in terms of the 
row data/counts and not of the residuals.  
The A matrix is n × 2  

 

 

A =

1 x1
1 x2
 
1 xn

⎛

⎝

⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟

  (20) 

The most important matrix to calculate is the covariance matrix, or more precisely, its 
inverse.  

4.1 The covariance matrix 
We are fortunate enough that we can reliably estimate the covariance matrix, solving 
directly for the slope and its uncertainty without having to use iterative methods. If we 
consider a ramp sampled n times providing values yi , the covariance matrix can bec 
expressed as 

 

Σ =

y1 +σ
2
ron y1 y1 ... y1

y1 y2 +σ
2
ron y2 ... y2

y1 y2 y3 +σ
2
ron ... y3

    
y1 y2 y3 ... yn +σ

2
ron

⎛

⎝

⎜
⎜
⎜
⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟
⎟
⎟  

 
The content of each row shows that the noise of a sample, given in the diagonal terms by 
a combination of the Poisson noise in the signal and the readout noise, is correlated with 
the noise of all following samples through the Poisson noise term; we fill the columns of 
the lower triangular part using the condition that the correlation matrix is symmetric. 



JWST-STScI-003193 
SM-12 

 
Check with the JWST SOCCER Database at: https://soccer.stsci.edu 

To verify that this is the current version. 
 

 - 7 - 

JWST can perform group averaging of the frames, i.e. a number m of samples can be 
averaged on-board to reduce the data volume sent to ground. If the samples are grouped, 
one has to account for the inner correlation within each averaged groups. Group 
averaging, in fact, affects both the variance (diagonal) and covariance (non-diagonal) 
terms. They are calculated in Robberto (2009). We have for the diagonal, variance elements: 
 

Var yi =
m +1
2m

bt f + Δyi + 2 1
m2 b l −1( )t f +

σ ron
2

mi=1

k−1

∑
k=2

m

∑ + Gm
12

⎛
⎝⎜

⎞
⎠⎟

2

              (21)
 

 
where the first term on the right side represents the noise of the Poisson signal integrated 
between the reset and the very first (possibly averaged) group, the second term represents 
the noise of the Poisson signal accumulated between the first to the i-th group, the third 
term represents the correlation term within a group average, the fourth term is the 
effective readout noise, reduced by the effect of grouping, and the last term represents the 
rounding noise associated to the bitshift error (see Robberto 2010), G being the gain in 
e/adu. Calculating the third term, we have: 
 

Var yi = Δyi +
2m2 − 3m + 7( )

6m
bt f +

σ ron
2

m
+ Gm

12
⎛
⎝⎜

⎞
⎠⎟

2

                      (22) 
 

 
with Δy1 = 0 . For the covariance term, we simply have the signal accumulated at each 
sample (Robberto 2009, Eq. 19): 
 

Cov yi , yj( ) = Δyi +
m +1

2
bt f .                                     (23) 

where the second term represents the signal in the first, possibly group averaged, frame. 
It is appropriate to express the b term using the running Δyi  values, i.e. Δyi = i ⋅btg .These 
last two equations provide us with all ingredients needed to build the correlation matrix. 

4.2 IDL implementation 
An IDL implementation and test of the algorithm is straightforward. We have 
implemented three routines: 
1) GENERATE_RAMP 

This procedure generates a random ramp with user defined parameters. We have set 
10 groups of 1 (or 4, see Section 7)  frames each, sampled every 10s, count 
rate=9ADU/s , 15ADU of readout noise and G=0, i.e. no rounding error. The ramp is 
generated with Poisson noise in the photon flux and Gaussian noise in the readout. 
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2) LINEARIZE_MR 
This function implements the new linearization of the ramp, calculating the 
covariance matrix and solving for the parameters and relative errors using the built-in 
matrix operation of IDL.  

3) RUN_FLSfit 
This procedure calls 10,000 times the ramp generator and the linearity solution to 
perform a Montecarlo check of the results. It provides in output the histograms of the 
mean values and standard deviations derived with both the method presented here and 
with the non-weighted OLS, together with the parameters derived from the 
corresponding Gaussian fits.   

4.3 Results 
A comparison of the average slope derived with the GLS method with the one derived 
with the OLS fit for homoscedastic data is presented in Table 1.  
 
Table 1 Comparison of Average Slope derived with the GLS versus one derived with the OLS Fit for 

homoscedastic data 
Case GLS mean GLS sigma OLS mean OLS sigma theory 
RON=0, m=1 8.9946 0.3161 8.9913 0.0825 0.3319 
RON=0, m=4 8.9975 0.1548 8.9988 0.0362 0.1647 
RON=15, m=1 8.9967 0.3666 8.9967 0.1793 0.3707 
RON=15, m=4 9.0002 0.1539 8.9993 0.0413 0.1660 

 
Table 1 shows the results relative to four cases: the first two are for pure Poisson noise, 
having set the readout noise term to 0, whereas the other two have a readout noise term 
corresponding to the typical value found in JWST detectors, 15 electrons. For each value 
of the readout noise, two cases are considered: one without grouping (m=1) and one with 
groups of 4 frames (m=4).  
The second and third columns of Table 1 show the results obtained with the GLS method. 
The mean values, derived by the Gaussian fit to the histogram of 10000 data, are nicely 
close to the true value of 9. The errors on the slope, derived from our matrix calculations, 
are sensitive to the group averaging and are nicely close to the Gaussian spread of the 
histogram of the mean values, as shown for example in Figure 1. This confirms that the 
matrix calculation provides a correct estimate of the errors.  
The fourth and fifth column of Table 1 shows the corresponding results for the OLS fit. 
The slopes are nicely coincident with the slope calculated by the GLS fit, as expected 
since the OLS is an unbiased estimator of the slope. The errors, however, are much 
smaller that those derived by the GLS fit and in fact do not match the spread of the 
histogram of the mean values, which is very similar to the one shown in Figure 1 for the 
GLS case. This confirms that the OLS is a poor estimator of the variance of the slope 
(and of the intercept). 
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The last column of Table 1 shows the result predicted by the Rauscher-Robberto 
equation; they are nicely compatible with the values reported in Column 3 confirming 
that our formalism and numerical implementation of the GLS algorithm is correct. 
 

 
Figure 1 Histogram of 10,000 average values obtained with the GLS method in the case RON=15 and 
m=4 (last row of Table 1).  
The average value is 9.0002 (second column in Table 1). The width of the distribution, 0.1607, is close 
to the mean error on the mean estimated from the GLS method (0.1539, second column) and to the 
value predicted by the analytic solution (0.1660, fifth column).  

The discrepancy between the OLS and the GLS fit is illustrated in Figure 2, where we 
compare the 1-sigma confidence ellipses derived from the GLS method (yellow) with the 
OLS solution (red). The 1-sigma error ellipses associated with the OLS solution are 
systematically smaller than the typical size of the GLS ellipses. While the scatter around 
the true value (asterisk) is comparable, the yellow OLS error ellipese include the true 
value in 4 cases out of 12. Instead, the GLS ellipses include the true value 7 times out of 
12, close the 2/3 of the cases expected from the likelihood distribution. This can be 
regarded as a “quick look” indication that the OLS errors are too small and unreliable. 
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Figure 2 Confidence ellipses at 1 sigma associated to the covariance matrix for the first 12 cases of 
our simulations.  
The horizontal axis is the slope, the vertical axis is the intercept. The asterisks represent the true 
central value at (9, 10000); the red ellipses represent the 1 sigma confidence level estimated with the 
OLS; the yellow ellipses represent the 1-sigma confidence lever estimated with the GLS method, 
associated to the covariance matrix of the GLS fit. 

4.4 Conclusion 
In this report we have derived the correct algorithm to perform the linear ramp fit of non-
destructive ramps. The algorithms is based on the generalized least square method, 
appropriate when the data are heteroscedastic and correlated. The algorithm allows for a 
statistically correct estimate of the error on the intercept and slope of the ramp. An 
implementation in IDL is presented, showing that the algorithm correctly predicts the 
noise associated with the intercept and the slope of heteroscedastic data in Poisson-noise-
dominated regime, in agreement with the theoretical predictions.  
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Appendix A. Source Code 

 
pro GENERATE_RAMP,time,ramp,results,SEED=SEED 
; 
;Procedure to generate a ramp with parameters specified internally;  
;SEED is the montecarlo seed that may be passed in input 
; 
;The variables time,ramp,results are transmitted in output 
; 
if KEYWORD_SET(SEED) EQ 0 THEN SEED = -6L 
; 
;make the ramp parameters available to the public 
common ramp_params,N,M,Ms,G,tf,tg,RON,rate 
; 
;set the ramp parameters 
N = 10. ;nr of groups 
M = FLOAT(4.) ;frames averaged in group 
Ms = 0. ;frames skipped between groups 
G = 0;1. ;digitization 
tf = 10. ;seconds 
tg = tf*(M+Ms); seconds 
time = indgen(N)*tf*M+tf*(M+1)/2.;timing of the samples 
time = DOUBLE(time) 
; 
;set the count rate, per second 
rate = 9.;   if you want it random, add  +(RANDOMU(SEED)+1)*10  ;counts/second 
; 
 
;generate the counts within the intervals between frames, Delta_t => tf, according to 
Poisson stats. 
counts_group = RANDOMN(seed,N*(M+Ms),POISSON=rate*tf) 
; 
;generate the ramp coadding the counts  
ramp_all = lonarr(N*(M+Ms)) 
ramp_all[0] = counts_group[0] 
for i=0,N*(M+Ms)-1 do ramp_all[i]=ramp_all[i-1]+counts_group[i]; 
MEAN([counts_group[i*M:(i+1)*M-1]]) 
; 
;add zero point/offset 
offset=10000L ;offset counts 
ramp_all=ramp_all+offset 
; 
;add readout noise, in output, per single read.  
RON=15.  ;readout noise 
ramp_all+=RANDOMN(seed,N*(M+Ms))*RON 
; 
;group-average of the ramp, as we often do for JWST 
ramp = fltarr(N) 
for i=0,N-1 do ramp[i]+=MEAN([ramp_all[i*M:(i+1)*M-1]]) 
; 
;I should add the rounding error, since we average 16 bit values and still store the 
results in 16 bit 
;neglect for the moment... 
;this should be it! we have time and ramp as output parameters 
end 
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;======================================= 
 
function linearize_mr,time,ramp 
;this function implements the Generalized Least Square Fit to a signal ramp 
; 
;set this parameter to 1 if you want to stop and check the results of a single fit 
DISPLAY=0;  this run the case on 10000 ramps 
;...DISPLAY=1;  this stops to plot one ellipse 
;...DISPLAY=2;  this stops to do Figure 2 of the report (12 ellipses) 
; 
;make the ramp parameters available to the public 
common ramp_params,N,M,Ms,G,tf,tg,RON,rate 
; 
;define the y variables, referred to the the first read 
 
delta_y = ramp - ramp[0]; 
;  a0=linfit(time,ramp) 
;  d_y=ramp-(a0[0]+a0[1]*time) 
; 
;set the COVARIANCE MATRIX 
SIGMA=DBLarr(N,N) 
; 
;to estimate the variance I need an initial estimate of b, either from the minmax... 
    ;   b = Delta_y[N-1] / ( (N-1)*tg)   
;or from the OLS fit,  
a0=linfit(time,ramp) 
b=a0[1] 
; 
;I calculate the first row/col of the covariance matrix out of the loop, just for 
convenience 
SIGMA[0,0] =  b*tf*(M+1)/(2.*M) + b*tf*1/(3.*M)*(M-1)*(M-2) + RON^2/M + 
(G*M/SQRT(12))^2 & $ 
SIGMA[0,1:*] = (M+1)/2.*b*tf 
SIGMA[1:*,0] = (M+1)/2.*b*tf       
; 
;the other terms of the matrix are… 
for i=1,N-1 do begin & $ 
SIGMA[i,i] = b*i*tg + b*tf*(M+1)/(2.*M) + b*tf*1/(3.*M)*(M-1)*(M-2) + RON^2/M + 
(G*M/SQRT(12))^2 & $ ;Robberto Eq. 16 
   IF I LT N-1 THEN BEGIN & $;diagonal terms 
     SIGMA[I,I+1:N-1] = REPLICATE(b*i*tg+b*(m+1)/2.*tf,N-(i+1)) & $ ;Robberto Eq.19 
     SIGMA[I+1:N-1,I] = REPLICATE(b*i*tg+b*(m+1)/2.*tf,N-(i+1)) & $ 
   ENDIF & $ 
endfor 
;stop 
; 
;INVERSE COVARIANCE (AKA WEIGHTS if DIAGONAL) 
W_Y_1 = INVERT(SIGMA) 
; 
;A MATRIX 
AA=fltarr(2,N) 
AA[0,*]=1. 
AA[1,*]=time 
; 
;W_A MATRIX 
W_A=INVERT(TRANSPOSE(AA)##W_Y_1##AA) 
; 
;and here is we have the RESULTS: 
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eta=W_A##TRANSPOSE(AA)##W_Y_1##Delta_Y 
; 
;IN READABLE FORM 
intercept = eta[0] + ramp[0] 
slope = eta[1];  
; 
;and here are the errors 
delta_intercept=SQRT(W_A[0,0]) 
delta_slope=SQRT(W_A[1,1]) 
; 
;RETURN THE ARRAY WITH THE FOUR RESULTS 
return,[intercept,slope,delta_intercept,delta_slope] 
end 
 
 
 
 
PRO run_GLSfit 
;this is the main procedure to be invoked to check the results 
; 
;make the ramp parameters available to the public 
common ramp_params,N,M,Ms,G,tf,tg,RON,rate 
; 
;TEST RUNNING 10000 RAMPS WITH SLOPE SET IN GENERATE_RAMP 
Nramps=10000 
; 
;set arrays storing the results 
newparams=fltarr(4,Nramps) 
oldparams=fltarr(4,Nramps) 
SEED=randomu(5L,Nramps) 
diff=fltarr(Nramps) 
; 
;MAIN LOOP 
;----------- 
for i=0,Nramps-1 do begin 
;generate the ramp and get the new fit coeefficients 
   GENERATE_RAMP,time,ramp,results,SEED=SEED[i]*1E5 
   results=linearize_mr(time,ramp) 
;for the same ramp do the conventional uniform weight fit 
   a0=linfit(time,ramp,SIGMA=da0) 
;store the results for slope and interecept in vectors 
   newparams[*,i]=results 
   oldparams[*,i]=[a0,da0]    
endfor 
;--------------------- 
; 
;RESULTS 
;USE histogauss to find the results 
print,'mean slope and sigma_slope with the GLS:' 
histogauss,newparams[1,*],NP1,NOPLOT=1 
print,NP1[1:2] 
; 
;FIND THE TYPICAL NOISE 
print,'mean error on the slope and sigma_error' 
histogauss,newparams[3,*],NP3,NOPLOT=1 
print,NP3[1:2] 
; 
;let's check with a conventional OLS fit 
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print,'Ordinary Least Squares - mean slope and sigma_slope:' 
histogauss,oldparams[1,*],NP4,NOPLOT=1 
print,NP4[1:2] 
; 
;let's check with a conventional OLS fit 
print,'Ordinary Least Squares - mean error and sigma_error:' 
histogauss,oldparams[3,*],NP4,NOPLOT=1 
print,NP4[1:2] 
; 
VAR_slope = (6/5.*(N^2+1.)/(N*(N^2-1.))*rate/tg*(1-5/3.*(M^2-
1.)/(M*(N^2+1))*tf/tg)+12./(M*N*(N^2-1.))*RON^2/tg^2)  
print,'theory predicts an error on the slope giveb by: ',SQRT((VAR_slope)) 
; 
stop 
 
END 


