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ABSTRACT

Data assimilation, the process of integrating new observations into computer models, is commonly used
alongside numerical weather prediction to better understand the states of weather systems. The Ensemble
Adjustment Kalman Filter is a method for data assimilation that adjusts estimates of a systems state based on
new observations. EAKF accounts for error in state variables, but not in misreported times for observations.
When EAKF is implemented as a means of data assimilation in a simulated system with manufactured time
error, its ignorance of time error causes new observations to lead to an increase in estimate error rather than a
decrease. Additionally, an increase in time error is found to cause a sharp increase in estimate error using the
same method. Time-lag error and imprecision when reporting time have been recognized in various systems.
An enhanced version of the EAKF, with the ability to mitigate time error, is discussed based on a simple
inflation method in the time variable. The improved filtering method functions exceptionally well when
compared to the standard EAKF when observations are taken frequently. With low frequency of observations,
the enhanced EAKF does not function significantly better or worse than the standard. Because the improved
method is able to account for misreported times of observation when measurements are taken frequently,
it provides a framework for developing a much more effective ensemble-based filter that accounts for time
errors in fast-moving chaotic systems. Generalizing the success of the enhanced method into other dynamical
systems may be useful.

1. Introduction

Most useful models for weather prediction make use of
both observations and numerical approximation to build
more precise models of the atmosphere. However, the
chaotic nature of atmospheric systems necessitates the use
of methods to adjust for errors given by instrument mea-
surements (observations). Weather prediction models in
current use make use of data assimilation, a process that
involves the integration of new observations sequentially
into numerical models. Using data assimilation, it is pos-
sible to build an estimate of system states that is more
accurate than each individual observation. The use of
the same methods has been extended to other geoscience
fields, such as hydrology and geology (Navon 2009), and
they have been used to analyze chemical concentrations in
the atmosphere and model parameters in chemistry mete-
orology (Bocquet et al. 2015). Additional data assimila-
tion methods involve a probability distribution of points
as an estimate of system conditions. These methods are
composed of an analysis step, in which Bayes Theorem
is used to integrate a new observation into the computer
simulation which is used as a basic model of the systems
potential behaviour, and a prediction step, in which the
method predicts the conditions of the model to be used for
the next analysis step.

Some methods, such as the variational 3D-VAR and
4D-VAR, adjust the initial conditions of the estimated sys-
tem model to more closely fit with observations. Others,
namely the Ensemble Kalman family of filters, use a set
of simulated points, called an ensemble, to represent a
sample of the probability distribution of the model state.
Kalman filters use each observation to adjust the set of
ensemble points towards the observations rather than ad-
justing the initial condition. One such method is the En-
semble Adjustment Kalman Filter (EAKF) (displayed in
Figure 1) which was introduced by Anderson (2001) and
then improved by Anderson (2003). Like other Kalman
filters, the EAKF uses an ensemble of points generated
about an early observation. The prediction step, therefore,
involves making a forecast of the ensemble at the time of
the next step by numerically approximating the state of
each ensemble point at that time.

The analysis step involves making use of an algorithm
to adjust each ensemble point towards the observation at
a certain time. The process is repeated for each observed
state (physical position) variable in the system. First, the
filter fits a normal distribution to the set of ensemble points
in one variable, called the prior distribution. Next, using a
priori information of the error of the instrument, an obser-
vation likelihood is constructed as a distribution of possi-
ble error, which is usually a Gaussian distribution centered
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FIG. 1. Schematic flowchart of EAKF algorithm

about the observation. Using Bayes rule to find the prod-
uct of the two distributions returns the posterior distribu-
tion. The ensemble points are adjusted to fit the posterior
distribution: first by using a linear translation to move the
ensemble to fit the prior mean to the posterior mean, then
by compressing the distribution to fit the prior standard
deviation to the posterior standard deviation. The total in-
crements required to adjust the ensemble to the new points
are called observation increments. To implement these in-
crements, the most recent EAKF algorithm finds a least-
squares linear regression between the values of the vari-
able being incremented and each other variable (observed
or unobserved). By projecting the observation increments
onto the regression line and back onto the dependent vari-

able, state increments are computed and then added to the
dependent variable (Anderson 2003).

Data assimilation methods that are currently in use as-
sume errant observations when making adjustments so that
they can adjust for mistakes in measurement. However,
the same methods assume time is objective and that a re-
ported time for an observation is correct with no error.
Time-lag error in atmospheric measurements does exist -
for example, Miloshevich et al. (2004) found a clear oc-
currence of such error in Vaisala radiosondes due to the in-
effectiveness of sensors onboard at low temperatures such
as the ones found in the higher levels of our atmosphere.
The effect of such error is evident when time error is sim-
ulated in the Lorenz 63 (L63) dynamical system.
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FIG. 2. Plots of estimation error as a function time error for various intervals of assimilation: 0.1 (a), 0.5 (b), 1 (c), 2.5 (d), for L63 with standard
EAKF implemented. Data are presented as mean RMSE over 15 trials standard error of the mean (SEM). Results were collected as discussed in
the Methods section; time-related error was generated using a normal probability distribution around the true time of the observation with time
error being the standard deviation

L63, proposed by Lorenz (1963) is a three-variable set
of recursive differential equations:

dx
dt

= σ(y− x) (1)

dy
dt

= x(ρ − z) (2)

dz
dt

= xy−β z (3)

Where x, y, and z are the position, or state variables and
ρ , σ , and β are parameters, with ρ = 28, σ = 10, β = 8

3
most commonly used as derived by Lorenz (1963). The
L63 attractor consists of two main lobes. Each lobe forms
a three-dimensional manifold structure that appears two-
dimensional. The velocity of a point moving through the
attractor increases drastically when it is switching lobes.
Hence, the center of the L63 attractor resembles chaotic
atmospheric systems, including tornadoes and hurricanes.
Because velocity near the center of L63 is higher than in
the lobes, a misreported time (if the true time corresponds
to a point near the center of the attractor) is likely to actu-
ally correspond to a time in which the true position is in a

different lobe. The effect of time misreporting or time-lag
error on total estimate error in a system (i.e. the difference
between the ensemble mean and the truth) can be repre-
sented by Root Mean Square Error (RMSE):√

∑
n
t=1(Tensemble −Ttrue)2

n
(4)

The RMSE of a model is the average over every possible
system time of the error between the mean of the ensemble
points and the true value, where n is the amount of time
steps, Tensemble is the ensemble mean during a given time,
and Ttrue is the true value of the model during the same
time.

Plots 2(a), (b), and (c) shows a clear increase in esti-
mate error as time error increases (although this increase
is much less pronounced in 2(c)). This clear increase slows
around a certain RMSE in each plot. Also noteworthy is
that the error in the plots decreases with decreasing assim-
ilation frequency. The fact that a larger assimilation fre-
quency correlates with more estimate error and more of an
effect of time error on estimate error suggests that, when
time error exists, assimilation with the standard EAKF is
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FIG. 3. Schematic flowchart of improved assimilation algorithm.

counterproductive and leads to more error. With larger
values of time error in observations the standard EAKF
completely fails to provide any accurate approximation of
a point at a time with small assimilation intervals. An ex-
tremely fast increase in RMSE as error in reported time
increases means that time may be one of the largest con-
tributors to error in radiosondes and other meteorologi-
cal measurements. Such error is likely to lead to faulty
weather prediction.

2. Method Discussion

The proposed method depends on the fact that time er-
ror is ignored: the filtering method simply takes a list

of ensemble points, an observation, and a manufacturer-
specified range for potential instrument error (Anderson
2001). Thus, extending the domain of any dynamical sys-
tem being analyzed using the EAKF to its dimensions and
time allows the EAKF to be implemented with respect to
time.

It is important to consider the properties of a time vari-
able as implemented into a dynamical system. First, time
is a reference variable for an EAKF. Indeed, EAKF is a
sequential algorithm and there must be an objective scale
by which to measure different observation steps. The pro-
posed solution uses the index of each observation as the
objective scale. For example, the index of the first ob-
servation is 0, and the index of the second observation
is 1. Ensemble points at a given time shall have a com-
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mon index corresponding to the index of the observation
to which they are assimilated. Second, time error is not
generated at the same time as error in position variables.
When observations are taken, a time is reported for them
that isnt necessarily accurate. If a standard EAKF were
implemented in such a way to include time as a standard
position variable, time error would steadily decrease be-
cause there would be no new error introduced over each
assimilation step. Ergo, the spread of ensemble points in
time would decrease, eventually giving too much weight
to a potentially faulty observation. The proposed method
runs each ensemble point to a randomly sampled time us-
ing a Gaussian distribution with a mean at the reported
time, thus manufacturing error every assimilation much
like a simple inflation algorithm.

3. Methods and Data Collection

The tests were performed using the L63 attractor, a sim-
ple system of three recursive differential equations with
three position variables (Lorenz, 1963). All tests were
run using a Python 3 interpreter from the Spyder IDE in-
cluded in the Anaconda package of Python libraries (Con-
tinuum Analytics). The systems true state was approx-
imated using a fourth-order Runge-Kutta approximation
method (RK4) (Kutta 1901) with dt = 0.01 and an ensem-
ble size of 30 was used for the EAKF. The observations
were generated first by generating time error as a random
number generated with a Mersenne Twister (Matsamoto
and Nishimura, 1998), the default pseudo-random number
generator (PRNG) for Python, with a Gaussian probability
distribution Normal(T — E). Here, T is the true time and
E is the standard deviation of the distribution from which
random numbers were chosen. Each position variable was
then picked from Normal(T — 0.1). The control filter-
ing method was a standard EAKF using the same position
error but no time error to generate the ensemble. The ex-
perimental method was a modified version of the control
method. Its domain was extended into four dimensions,
ensemble generation involved time error, and assimilation
was then carried out. Additionally, time was not directly
assimilated using a reported time, but instead simply ad-
justed using linear operators as discussed in the Introduc-
tion section without being directly changed relative to the
observation. Directly assimilating the time given the re-
ported value would be redundant considering the reported
value is already used to determine stopping points for en-
semble members in a standard EAKF. To calculate RMSE
data for each assimilation method, the standard EAKF
and the improved method were both implemented into the
model and run for 201 time units, repeated 15 times for
each E (between 0 and 0.012) and for each possible obser-
vation interval (0.1, 0.5, 1, and 2.5). Thus, the experimen-
tal process proceeded as follows:

1. For each observation interval in (0.1, 0.5, 1, 2.5):

(a) For each potential time error value from 0 to
0.012 (step 0.0005):

i. Generate true values of L63 from 0 to 201
using RK4 for integration.

ii. Create observations every (observation in-
terval) time units:
A. Generate observation time from Nor-

mal(true time — (time error)) using
Mersenne Twister.

B. Generate observation from Nor-
mal(true value at observation time —
0.1).

iii. Run standard EAKF for 201 time units, us-
ing RK4 for integration and recording er-
ror every timestep (0.01 time units).

iv. Calculate RMSE by finding the square root
of the sum of the squares of the error val-
ues from step iii.

v. Repeat steps i through iv using the im-
proved filtering method.

4. Results and Discussion

The improved filtering method showed large reduc-
tions in error for small intervals between observa-
tions/assimilations. Plots 4(a) and (b) show the most ef-
fect, with the modified algorithm returning significantly
smaller estimate error a majority of the time. Plot 4(c)
shows similar levels of estimate error using the improved
method, but has less difference because estimate error is
smaller for the control method. Estimate error does in-
crease with an increase in time error for the improved fil-
tering method; however, it increases much slower and is
much smaller. The error saturation point using the mod-
ified algorithm seems to occur at larger amounts of time
error than with the control method; this effect is most pro-
nounced in Plot 4(b), where the error saturation point for
the control is around 0.004 while that of the improved
method is approximately 0.008.

There is almost no significant difference between the
two methods with a small assimilation frequency (Plot
4(d)). Though p ¡ 0.05 with a T-Test at five different val-
ues for time error in the plot, these results are most likely
not actually significant in a practical sense; the statisti-
cally significant difference between the two methods in
this case may be attributed to small sample size. How-
ever, it is likely that even measuring RMSE at such large
assimilation intervals as one every 2.5 time units serves
no practical purpose. Though time error has had an ob-
servable effect on estimate error with smaller observation
frequencies, assimilating so rarely leads to no visible cor-
relation between the two. Therefore, it is possible that
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FIG. 4. Plots of estimation error over time error for various intervals of assimilation: 0.1 (a), 0.5 (b), 1 (c), 2.5 (d), for L63 with standard and
enhanced EAKF algorithms implemented. Data are presented as mean RMSE over 15 trials SEM. Asterisks indicate statistically different results
between control and experimental methods for a certain time error, with red asterisks indicating p ¡ 0.05 and black asterisks indicating p ¡ 0.0001,
using a Welchs unequal variance unpaired two-tailed T-Test.

with such a large interval between assimilations, any as-
similation method has negligible effect due to the amount
of error growth over that time.

5. Conclusions

The EAKF was noted to have difficulty with assimilat-
ing effectively given the existence of various types of time
error in L63. Thus, the purpose of this study was to de-
termine whether the modified EAKF algorithm proposed
and discussed in the Methods Discussion section would
have a noticeable effect on the estimate error caused by
the EAKF in the presence of time error. The success of
the improved algorithm in mitigating this error indicates
that similar algorithms may be used as baselines for more
refined Kalman filters in order to more effectively assimi-
late in turbulent systems.

The effectiveness of the improved method with small
observation intervals, and the largely significant dif-
ference between the improved method and the control
method/standard EAKF, support the assertion that the im-
proved method is able to successfully adjust for time error
in observations.

The L63 model is characterized by its quick transitions
from one lobe to another. Thus, a reason time error is
such a prominent contributor to estimate error may be
due to an errant observations time tendency to correspond
with a true position that is on the other side of a lobe, or
even on a different lobe of the attractor. Though many
real weather systems are fast-moving and change dynami-
cally with time like L63 (for example, fast-moving storms
which are important to predict accurately), generalizing
the success of the method into other models in future stud-
ies will ensure that it can be optimized to work well under
any condition.

A parallel can be drawn between the improved algo-
rithm discussed in this paper and a nave inflation algorithm
in that the discussed method manufactures additional er-
ror prior to assimilation. However, unlike most inflation
algorithms, the discussed method manufactures this er-
ror only in time, which affects the observed variables in-
directly (where most inflation directly changes observed
variables). Additionally, the discussed method assimilates
time as if it were an unobserved variable. Because the tests
in this study were carried out without applying standard
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inflation to the ensemble in either case, its impossible to
know whether the effectiveness of the improved method is
actually due to its unique qualities rather than its pseudo-
inflation step. Additional experimentation is required to
verify that this is the case, which should be the next step
of any research looking to extend the results of this study
into a more robust and effective Kalman filter.
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TABLE A1. Metadata of raw data generated using an observation interval of 0.1. Sample size is 15. SD is standard deviation. ”TTest” refers to the
associated p-value using a Welch’s unequal variance unpaired T-Test.

TimeError ControlMean ExperimentMean ControlSD ExperimentSD T Test ControlSEM ExperimentSEM

0 1.896880866 0.082463772 4.60220355 0.00712492 0.162306 1.188283848 0.001839646
0.0005 1.462748918 0.116139724 3.420209 0.002274132 0.162831 0.883094166 0.000587178
0.001 5.529006063 0.159068976 6.1638768 0.004181714 0.005701 1.591506147 0.001079714
0.0015 9.650988336 0.197369563 5.37136957 0.008260897 1.22E-05 1.386881659 0.002132954
0.002 9.739426383 0.232816457 5.9162864 0.011368419 3.19E-05 1.52757858 0.002935313
0.0025 11.05826468 0.255740215 5.13758152 0.008655384 1.66E-06 1.326517843 0.00223481
0.003 12.91223175 0.28945008 4.43787428 0.010889077 4.3E-08 1.145854211 0.002811548
0.0035 11.23440756 0.311929013 5.97737857 0.017680516 8.1E-06 1.54335251 0.00456509
0.004 12.71909174 0.349606016 3.75274643 0.019732622 6.57E-09 0.968954962 0.005094941
0.0045 14.07144652 0.363567893 3.27763115 0.024118926 2.9E-10 0.846280725 0.00622748
0.005 14.54503292 0.381947773 2.91092902 0.028101012 3.82E-11 0.751598641 0.00725565
0.0055 13.16211549 0.408886821 4.09424217 0.03366002 1.36E-08 1.057128782 0.00869098
0.006 13.29782582 0.437237491 4.57990891 0.027352823 5.04E-08 1.182527396 0.007062468
0.0065 12.81189069 0.471248312 4.19209115 0.0319976 2.78E-08 1.08239328 0.008261745
0.007 13.56095879 0.494315803 2.86090055 0.038841403 8.92E-11 0.738681347 0.010028807
0.0075 15.09909746 0.493546786 1.8999541 0.045023715 7.3E-14 0.49056604 0.011625073
0.008 12.22204672 0.532344849 3.49616045 0.04653693 5.45E-09 0.902704746 0.012015784
0.0085 15.79944676 0.55274234 1.48080685 0.060987031 1.21E-15 0.382342684 0.015746784
0.009 13.22907121 0.578065575 2.38644323 0.051053551 1.19E-11 0.616176991 0.01318197
0.0095 14.35220762 0.640721108 2.00003989 0.064219171 3.48E-13 0.516408079 0.016581319

0.01 13.28970307 0.632604002 4.34843378 0.063627664 3.2E-08 1.122760774 0.016428592
0.0105 13.0941152 0.636784165 4.01267376 0.070568787 1.41E-08 1.036067909 0.018220782
0.011 12.88151691 0.703037994 5.38558844 0.061837998 7.08E-07 1.390552955 0.015966502
0.0115 12.85633999 0.771972246 3.86393605 0.079745728 1.28E-08 0.997663998 0.020590258
0.012 13.89403595 0.73917286 3.18958115 0.098773554 3.42E-10 0.823546312 0.025503222



10 M O N T H L Y W E A T H E R R E V I E W

TABLE A2. Metadata of raw data generated using an observation interval of 0.5. Sample size is 15. SD is standard deviation. ”TTest” refers to the
associated p-value using a Welch’s unequal variance unpaired T-Test.

TimeError ControlMean ExperimentMean ControlSD ExperimentSD T Test ControlSEM ExperimentSEM

0 1.043152127 0.667437444 1.51384714 0.662444439 0.405415 0.390873652 0.171042419
0.0005 1.730119583 0.42372375 3.78152937 0.043365201 0.217092 0.976386684 0.011196847
0.001 2.893373214 0.487037495 4.00929405 0.050814317 0.041396 1.035195272 0.0131202
0.0015 5.28646244 0.502188146 4.20201983 0.049292241 0.000792 1.084956854 0.012727202
0.002 6.217995736 0.596422127 4.39676861 0.057920882 0.000291 1.135240774 0.014955107
0.0025 8.267702914 0.64928852 3.19199689 0.058415314 3.71E-07 0.824170053 0.015082769
0.003 9.238278664 0.675035947 2.55501062 0.058236792 5.26E-09 0.659700905 0.015036675
0.0035 9.126051508 0.680408583 2.63779329 0.057715351 9.48E-09 0.681075299 0.01490204
0.004 10.05225405 0.749355887 3.16478664 0.064708738 2.82E-08 0.817144396 0.016707724
0.0045 9.299354384 0.807607143 3.97062991 0.074684331 1.36E-06 1.025212234 0.019283411
0.005 8.734140971 0.84085611 3.4312066 0.097296733 5.74E-07 0.885933734 0.025121908
0.0055 7.405722693 1.085205529 4.12760528 0.570916644 4.96E-05 1.065743102 0.147410044
0.006 8.908977991 1.176091239 4.14007164 0.491403557 5.92E-06 1.0689619 0.126879853
0.0065 7.902935195 1.364916403 3.24935698 0.453917792 2.44E-06 0.838980365 0.11720107
0.007 9.459883445 1.511645326 3.01655956 0.808895709 5.39E-08 0.778872328 0.208855974
0.0075 8.542313996 1.690706122 3.75638333 0.647266419 7.21E-06 0.969894005 0.167123471
0.008 10.14871083 2.515073501 2.42920179 1.572873044 6.39E-10 0.627217205 0.406114074
0.0085 10.60366244 2.046439931 3.1781054 0.919974573 3.6E-08 0.820583287 0.237536413
0.009 8.405331118 1.93121296 3.0889707 0.648499646 1.3E-06 0.797568804 0.167441889
0.0095 9.522933808 2.048136991 3.02732316 0.697889333 1.51E-07 0.781651478 0.180194251

0.01 10.09426732 1.980901618 3.16509559 0.783702433 8.59E-08 0.817224167 0.202351098
0.0105 11.12509038 2.701239396 2.93454679 1.641149306 3.9E-09 0.757696724 0.423742929
0.011 10.36494774 1.884913696 2.10463247 0.548655474 1.27E-10 0.543413767 0.141662234
0.0115 8.246526419 2.301085067 3.60307355 0.620063459 2.2E-05 0.93030959 0.160099697
0.012 9.21652133 2.176915284 4.91120188 0.639214121 9.7E-05 1.268066872 0.165044376
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TABLE A3. Metadata of raw data generated using an observation interval of 1. Sample size is 15. SD is standard deviation. ”TTest” refers to the
associated p-value using a Welch’s unequal variance unpaired T-Test.

TimeError ControlMean ExperimentMean ControlSD ExperimentSD T Test ControlSEM ExperimentSEM

0 1.587567706 2.22963867 0.60905372 1.859968881 0.236391 0.157256993 0.4802419
0.0005 2.603515299 1.385935713 2.18245523 0.192854391 0.056148 0.563507517 0.04979479
0.001 2.552819989 1.590755444 1.82341439 0.211774963 0.069547 0.470803572 0.05468006
0.0015 2.811944758 1.778373173 1.57891687 0.382757821 0.030387 0.407674582 0.098827644
0.002 4.435236228 1.610622877 1.89762534 0.278152255 6.6E-05 0.489964757 0.071818604
0.0025 5.246647444 2.855902155 3.23690202 3.3191066 0.063869 0.835764509 0.856989639
0.003 4.832230037 1.891017545 2.7610127 0.19118136 0.001355 0.712890413 0.049362815
0.0035 5.342866535 1.719917832 2.91284237 0.219029331 0.000371 0.752092666 0.05655313
0.004 5.875385019 2.235558805 2.81502011 1.151264354 0.000272 0.726835068 0.297255178
0.0045 6.514120736 1.883082172 2.72519269 0.16834038 1.75E-05 0.703641727 0.043465299
0.005 4.877436669 2.06761569 2.86748014 0.429676063 0.002582 0.740380189 0.110941882
0.0055 6.006503227 1.967045197 2.38182929 0.218772277 1.75E-05 0.614985679 0.056486759
0.006 5.057490887 2.130167585 3.40881937 0.425575348 0.006358 0.880153378 0.109883082
0.0065 6.492556643 2.098626113 2.34313943 0.922429123 3.64E-06 0.604995999 0.238170175
0.007 5.329095055 3.128702751 2.77528478 1.957262923 0.022848 0.71657545 0.505363114
0.0075 6.313290711 2.154094663 2.74059032 0.328193438 5.5E-05 0.707617377 0.084739181
0.008 6.408298061 2.25844672 2.56565788 0.568460063 2.6E-05 0.662450016 0.146775757
0.0085 6.906243297 2.206167718 1.95787568 0.348224028 2.61E-07 0.505521327 0.089911057
0.009 5.802350074 2.470071583 2.2783339 0.522994282 7.52E-05 0.588263283 0.135036543
0.0095 5.655374573 2.347945793 3.47992 0.390395926 0.003193 0.898511479 0.100799795

0.01 5.28386429 2.309352325 2.17622647 0.363439773 0.000152 0.561899259 0.093839746
0.0105 6.031056076 3.843671536 2.78210469 2.954874274 0.053453 0.718336341 0.762945257
0.011 5.722546967 2.499841694 2.53749144 0.623223602 0.000301 0.655177471 0.160915642
0.0115 5.846428295 3.092493598 2.87466851 0.945781746 0.003372 0.742236219 0.244199797
0.012 5.246708916 3.171228701 2.43011561 2.079504094 0.02203 0.627453154 0.536925648
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TABLE A4. Metadata of raw data generated using an observation interval of 2.5. Sample size is 15. SD is standard deviation. ”TTest” refers to the
associated p-value using a Welch’s unequal variance unpaired T-Test.

TimeError ControlMean ExperimentMean ControlSD ExperimentSD T Test ControlSEM ExperimentSEM

0 4.757888235 4.642125288 1.15630063 1.079228983 0.786221 0.298555538 0.278655725
0.0005 4.334731148 4.568798933 0.76125416 0.857677708 0.451523 0.196554978 0.221451432
0.001 4.476421282 4.430969967 0.70001327 1.297405525 0.90923 0.180742648 0.334988666
0.0015 4.559537521 4.255224122 0.95982023 0.81808175 0.374498 0.247824517 0.2112278
0.002 4.871030204 4.569848249 1.21945411 0.795294381 0.446432 0.314861697 0.205344126
0.0025 4.922542658 4.35182955 0.83582802 1.014703929 0.115915 0.215809868 0.261995428
0.003 4.566760184 3.849775098 1.08045239 0.485876454 0.035149 0.278971607 0.125452761
0.0035 4.94935628 4.271511473 1.51185993 0.887741011 0.161713 0.390360556 0.229213743
0.004 4.897564377 4.230643382 1.23253559 0.797365504 0.102092 0.318239322 0.205878888
0.0045 4.98579737 4.426531697 1.47673892 0.999998995 0.251899 0.38129235 0.25819863
0.005 5.320524629 3.915770779 1.57368267 0.41839022 0.005271 0.406323118 0.10802789
0.0055 4.535375416 4.03497267 1.03254589 0.687112397 0.144001 0.266602202 0.177411658
0.006 5.263151598 4.413223742 1.44704876 0.516048326 0.053542 0.373626384 0.133243105
0.0065 4.611027596 4.280435506 0.88302126 0.645572392 0.268589 0.22799511 0.166686075
0.007 5.003789213 4.002375028 1.39837749 0.639024171 0.024479 0.361059514 0.164995332
0.0075 5.116838432 4.1197903 1.87418258 0.440462187 0.071044 0.483911861 0.113726848
0.008 4.197752955 4.073815601 0.72211303 0.360650053 0.571846 0.186448781 0.093119443
0.0085 5.168053429 4.02872159 1.2299323 0.484136729 0.004635 0.317567153 0.125003566
0.009 4.448142978 3.958935557 1.3141821 0.332841755 0.195988 0.339320359 0.085939372
0.0095 4.658630408 4.646249631 1.03098501 0.669718941 0.970254 0.266199186 0.172920687

0.01 4.757666633 4.108430972 1.34394524 0.428063779 0.103364 0.34700517 0.110525592
0.0105 4.712579673 4.265096204 1.18600623 0.458235164 0.204325 0.306225491 0.11831581
0.011 4.465043361 4.075670829 0.90188383 0.289253893 0.142562 0.232865404 0.074685034
0.0115 4.299226323 4.282851377 0.90253322 0.489131967 0.952956 0.233033075 0.126293331
0.012 5.213410901 4.168948906 1.35464324 0.417327395 0.013665 0.34976738 0.10775347


