
Optimal sampling from multi-fidelity data sources 
for improved product design and testing

Design problems within a wide range of industries involve measurable design outcomes without an 
analytical expression, but for which multiple information sources of varying cost and quality are 

available. The challenge lies in choosing how to combine highly accurate but sparse information with 
abundant but sometimes unreliable information when modelling these design problems.

Surrogate modelling of a black-box
In many industries, new design prototypes of costly products such as
airplanes or electric batteries need to be studied to establish their
performance characteristics under a multitude of use cases. These
performance characteristics can be thought of as expensive black-box
(EBB) functions. This name denotes the fact that the exact relationship
between the choice of design and the prototype’s behaviour is unknown,
and gathering data to better understand this relationship carries a high
computational, monetary or temporal cost. Surrogate models can be used
to model EBB functions in order to guide the data gathering process and
reduce the overall cost. It is often the case that a secondary data source is
available to estimate the quality of the design, but it may not be as reliable
as the primary data source. We therefore have a high-fidelity data source of
highly accurate but limited, expensive samples, and a low-fidelity source of
abundant but less accurate data from which to sample. The key question
is: how should we sample from both high and low fidelity data sources to
improve surrogate model accuracy?
There exist many potential reasons for the existence of information sources
with different levels of cost and accuracy, including the simplification of a
mathematical model, an increase in model coarseness, and the difference
between simulations and experiments. For simplicity we illustrate the
concepts in Figure 1 using elevation data. The aim here is to create a
surrogate model of the elevation of Australia using exact elevation data,
which might also be supplemented with data from one of the two
available low-fidelity functions, denoted 𝑓!"##$# and 𝑓!

%&&#$'.

Risks in using low-fidelity data
The existence of a low-fidelity function leads to many design questions
when training a surrogate model. The key problem, first highlighted by Toal
(2015), is that using low-fidelity data to train a two-source model might not
always be more accurate than a single-source model which does not use
low-fidelity data. Key questions such as “when is it harmful to use low-
fidelity data?” and “what are the characteristics of beneficial low-fidelity
data?” must therefore be answered. Further questions such as how to split
the total budget between the two sources, how much data should be
gathered from the low-fidelity source, and at which points of the design
space these points should be gathered are also very important.
The relevance of these questions can be seen in Table 1, which shows the
accuracy of different models trained for the elevation problem. Here
different splits in the budget are compared when training surrogate
models. Three options are compared: gathering 75 high-fidelity and no low-
fidelity samples, gathering 50 high- and low-fidelity samples, or gathering
25 high-fidelity and 100 low-fidelity samples. Here the single source Kriging
model is only outperformed by a two-source model which uses a large
amount of low-fidelity data from 𝑓!"##$# . For this example, using data from
𝑓!
%&&#$' , or using only a small amount of data from 𝑓!"##$# leads to less

accurate models. Clearly choosing how many resources to devote to the
low-fidelity source, and whether the low-fidelity source should be used at
all, is not a trivial question.

Figure 1: Illustrative example of an expensive black box modelling problem using Australian elevation data. 
The black-box being modelled is the elevation of Australia (top left). Two low-fidelity data sources are 
available: the elevation distorted by a cyclical error term 𝑓!"##$# (top right), and an approximation which 
takes the average of the two nearest capital cities 𝑓!

%&&#$' (bottom left). The bottom right panel shows a 
single high-fidelity source Kriging model trained using 100 elevation samples. Impact of integrating low-
fidelity data sources on model accuracy are shown in Table 1.

MODEL HIGH-FIDELITY 
SAMPLES

LOW-FIDELITY 
SAMPLES MODEL ERROR

Single source model (Kriging) 75 - 1069

Two-source model using 𝑓!"##$# (Co-Kriging) 50 50 1327

Two-source model using 𝑓!
%&&#$' (Co-Kriging) 50 50 1286

Two-source model using 𝑓!"##$# (Co-Kriging) 25 100 979

Two-source model using 𝑓!
%&&#$' (Co-Kriging) 25 100 1801

Table 1: Average error of five models trained using either only exact elevation data (Kriging model), exact elevation 
data supplemented with the low-fidelity function distorted by the error term (Co-Kriging models using 𝑓!"##$#), or 
exact elevation data supplemented with the approximation low-fidelity function (Co-Kriging models using 𝑓!

%&&#$').
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Beneficial low-fidelity data
The work of Andrés-Thió et al. (2022) has focused on investigating
the characteristics of beneficial low-fidelity data. In this study, the
usefulness of a low-fidelity function is assessed by comparing the
accuracy of two types of models. The accuracy of twenty single-
source Kriging models trained only with high-quality data is
compared to the accuracy of two-source Co-Kriging models
trained using both high- and low-quality data. If the accuracy of
the Kriging models is statistically significantly higher than the Co-
Kriging models, the low-fidelity data is deemed to be harmful.
Otherwise, it is deemed to be beneficial.
This analysis was conducted for over 1500 high- and low-fidelity
function pairs. Investigating the characteristics of the low-fidelity
functions which are deemed to be beneficial has revealed that
low-fidelity data is valuable if it is often locally accurate, even when
its overall accuracy is relatively low. This contradicts the existing
literature guidelines which indicate that low-fidelity information is
only useful if it has a high overall accuracy.
These findings are highly relevant to industry design problems, for
which it can be case that the low-fidelity function tends to be
locally accurate and therefore beneficial. Indeed, low-fidelity
information might be inaccurate only in certain regions, for
example if the low-fidelity source is a simulation which makes
used of a simplified physics model with assumptions that do not
hold only in certain scenarios. The findings of Andrés-Thió et al.
(2022) will help develop models which choose to use low-fidelity
data only when it is beneficial to do so, and to help engineers in a
variety of industries decide which additional samples would add
further value. New methods are also being developed to integrate
end-users into the decision process about where to sample next –
focusing on reducing both model and domain-expert uncertainty
– to develop human trust in the data collection process, and
improved designs.
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