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Data assimilation technique implemented in fusion research has enhanced the modeling capability. The
quantitative “gap” between the original model (typically based on physics considerations and/or empirical ap-
proach) and the optimized model (obtained through data assimilation) can be utilized to improve the original
model to align with the measured data. Such a procedure is proposed here by taking the model of the heat diffu-
sivity of plasmas as an example. It successfully elucidates relevant parameters recognized in the experiment but
were missing in the original model, demonstrating the efficiency of the proposed procedure.
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The data assimilation technique has been successfully
implemented into fusion research [1] and progressed fur-
ther to control the actual plasma [2].

During the data assimilation process, an original
model is optimized (or modified) so that the observed data
could be well reproduced with taken model uncertainties
into account. Here, model uncertainties refer to elements
not well considered in an original model. This generates a
quantitative “gap” between original and optimized models.

Then, it comes to an idea that a model can be im-
proved by describing this “gap” using relevant parameters
and then superposing it on an initial model. In this paper,
the heat transport problem in fusion plasmas is exemplified
to concretely describe the above idea. All the data in this
paper are obtained from the data assimilation process of
Large Helical Device (LHD) [3] plasmas.

This paper is organized as follows. Firstly, it is de-
scribed how the “gap” is obtained through the data assimi-
lation. Then, an example approach for describing the “gap”
using plausible physics parameters is explained, followed
by summary and outlook.

In a previous study on the heat transport of LHD plas-
mas [4], the model for the ion heat diffusivity, y;, was de-
duced from a limited number of cases (~O(10)) as (so-
called “Gyro-Bohm grad-Ti” model)
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where T;, pi, a, e, and B are the ion temperature, ion Lar-
mor radius, plasma minor radius, electric charge, and mag-
netic field strength, respectively, and V is a radial deriva-
tive. The radially constant factor, Cj, was estimated by
best fitting the measured 7; profiles of the relevant cases.
However, it was found that this model cannot reproduce
the actual temporal change of T; [5].

On the other hand, C; is a state variable in the data as-
similation and can be modified radially and temporally by
fully utilizing the time series data of the measured 7;. This
was done in Ref. [5] for twelve discharges, which accumu-
late radial profiles of Cj, as shown in Fig. 9 of Ref. [5]. It is
an overplot of 275 C; profiles based on the data assimila-
tion cycle (40 ms). Implementing this information of Cj in
an original model and setting them as y; in the integrated
transport simulation, TASK3D [4], reasonably reproduced
the temporal behavior of T; for the twelve discharges em-
ployed [5].

It is found that “C;”s have a common feature. Thus,
it is worthwhile describing such a common feature with
plausible plasma parameters. This could facilitate recogni-
tion of new important parameters and/or physics elements
that were missing in the initial model.

One idea is to perform a multivariate regression analy-
sis. Preparing dimensionless variables as explanatory vari-
ables is natural because C; is dimensionless. The vari-
ables prepared a priori are vi*, pi*, Te/Ti, —(dn./dp)/n.
and —(dT;/dp)/T;, being the ion collision frequency, ion
Larmor radius, temperature ratio, density gradient, and ion
temperature gradient, respectively, all normalized by usual
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convention.

The statistical importance of each parameter in all the
possible models is determined by evaluating the Akaike’s
Information Criterion (AIC)[6] (more precisely, AICc
with a correction for small sample sizes) [7]. The model
providing the minimum (or least) AIC value is considered
a “statistically good (or reasonable)” model. Notably, in
practical cases, AIC may continue decreasing with the in-
creasing the number of explanatory variables. In such a
case, the decreasing rate of AIC for the increasing number
of variables (NV) can be a measure.

It is found that the exponents for v;* and p;*, deduced
from a log-linear multivariate regression, are unreason-
able values (say, O(—10 or —100)), possibly due to the
rather limited variations of these two variables for the data-
assimilated twelve discharges. Thus, these two variables
were omitted from the regression analysis, and the remain-
ing three variables were employed below.

Figure 1 shows the results of the exhaustive search
for all possible models. The bars for each NV indicate
that AICc varies for different combinations of given NV
variables (marked by circles). The minimum value of
AICc’s decreases up to NV = 2 and remains almost un-
changed at NV = 3. Table 1 summarizes the appearance
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Fig. 1 Evolution of AICc values for multivariate log-linear re-
gression for Ci as a function of number of variables (NV).
The circles correspond to the AICc values.

Table 1 Appearance of variables and those exponents as a func-
tion of NV (at the lowest AICc for each NV).

NV TJ/T. | ~(dT/dp)/T, | —(dndp)ne
1 0.147
2 0.383 0.133
3 0.406 -0.0126 0.143

of variables and corresponding exponents up to NV = 3.
First, —(dn./dp)/n. appears, then T./T; appears at NV =
2. Lastly, —(dT;/dp)/T; appears at NV = 3, with an expo-
nent close to zero. The statistically reasonable expression
for Cj, based on Fig. 1 and Table 1, could be as follows:

0.38 0.13

T d

C; x _c _dne /he .
T; dp

Interestingly, the positive power dependence of y; on
T./T; has been recognized experimentally [8]. Thus, the
obtained expression for C; improves the initial model.

Data assimilation can provide a quantitative “gap” be-
tween the original and the optimized models. Such a “gap”
was expressed with plausible plasma parameters for model
improvement, enhancing the physics insights/findings be-
yond the data assimilation. This trial successfully revealed
the parameter dependence of y;, which was previously ex-
perimentally recognized but not included in the original
model. The statistical induction of y; was also reported [9],
in which a regression model was directly obtained with-
out data assimilation. The advantage of using the “gap”
derived from data assimilation is the existence of a base
model (original model). Nevertheless, as an outlook, it
would be interesting to compare these approaches to con-
sider the effectiveness of statistical thinking in modeling
fusion plasmas and their relevance in reproducing mea-
sured data.
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