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Abstract
Digital twins have emerged as a critical tool in tackling climate
change. Considering the data scarcity of complex systems, a promis-
ing approach to developing digital twins involves combining physics-
based models with data assimilation. However, model calibration
remains challenging due to uncertainties in both the physical mod-
els and observational data, and the reliance on domain knowledge.
In this study, we develop an ensemble learning-based approach that
aggregates sub-models with diversified calibration configurations.
The proposedmethod streamlines calibrationwithout expert-driven
parameter screening and improves the digital twin’s extrapolation
capability, enabling more robust predictive applications. We demon-
strate the effectiveness of our approach by calibrating the energy
model of an office building, significantly reducing the extrapolation
error and the associated risks. To the best of our knowledge, this is
the first study to facilitate the calibration of physics-based models
using ensemble learning, especially in the parameter space.

CCS Concepts
• Theory of computation → Theory and algorithms for ap-
plication domains; • Computing methodologies → Modeling
and simulation.
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1 Introduction
Digital twins are computational models that replicate the behavior
of complex physical systems and support decision-making through
virtual experiments. They have shown great potential in many
applications that tackle climate change, including but not limited to
optimizing the design and operations of energy systems considering
the impact of global warming, analyzing the climate resilience
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of infrastructure systems, and projecting future climate change
scenarios.

As the foundation of these applications, digital twins should be
capable of 1) capturing the time-varying dynamics of the target
systems, and 2) predicting unseen scenarios or unobserved vari-
ables in decision-critical regions [6]. Despite the progress in data
acquisition technologies during the past decades, large and complex
systems are still and will continue to be under-sampled, which is
the bottleneck for purely data-driven models to succeed as digital
twins. Therefore, a typical approach to satisfying the extrapolation
requirements is to establish a physics-based model and learn the
heterogeneous system dynamics from measured data [11].

The inverse problem of assimilating data and inferring the phys-
ical parameters provides a systematic approach to integrate the
complementary strengths of real-world data and physics-based
models. While many algorithms have been developed to calibrate
digital twins and quantify the uncertainties [2–4], the procedure
of defining and solving a calibration problem remains challenging
and highly expert-driven. Uncertainties inevitably come from both
the physics-based model and measured data, and it is intractable
to simply calibrate all the parameters at the same time. As existing
sensitivity analysis approaches suffer defects in accounting for the
potential model discrepancy and parameter interactions, it is cum-
bersome to select the parameters and define the calibration task.
Moreover, even with a reduced parameter space, the calibration is
almost doomed to be ill-posed given the lack of high-resolution data
to constrain the solution [12]. Although the identifiability issue
may not stop the model from achieving satisfactory accuracy, the
low predictive error does not guarantee the reliability of digital
twins, causing problems in downstream applications [13].

Recent advances in ensemble learning and model aggregation
have demonstrated improved model performance compared with
single models for many applications [1, 7, 10]. Aggregating a group
of diversified sub-models brings various benefits such as avoid-
ance of overfitting, reduction of variance, and resistance to outliers.
However, previous studies constructed sub-models mainly through
purely data-driven methods, overlooking the great yet untapped
potential of combining digital twins. Ensemble learning offers two
significant opportunities for model calibration. First, subsets of un-
certain parameters can be calibrated in different sub-models, saving
the cost of screening while adding to the diversity. Further, the
aggregation complements the governing equations of digital twins,
yielding more robust extrapolation in decision-critical cases.

To the best of our knowledge, this is the first study that facilitates
the calibration of physics-based models through parameter-space
ensemble learning. In the following sections, we first illustrate the
problem of traditional methods by calibrating the digital twin of an
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office building via Bayesian optimization (it can be other calibra-
tion methods). Then, we explain the technical details of ensemble
learning integration and manifest its benefits using the same case
study. Furthermore, a novel model aggregation method is proposed
to account for the variance of sub-models and enhance the model
interpretability. We conclude by summarizing the contributions
and pointing out the directions for further development.

2 Traditional calibration via Bayesian
optimization

For ease of illustration, we first define the inverse problem of digital
twin calibration as Equation 1:

𝜽 ∗ = 𝑎𝑟𝑔min
𝜃 ∈Θ

(𝐽 (𝑌,𝑌 ))

𝑠 .𝑡 . 𝑌 = M(𝑋, 𝜽 )
(1)

The true parameters 𝜽 ∗ are sought by minimizing the objective
function 𝐽 . The first element 𝑌 denotes the target system responses
predicted by the physics-based model M, where 𝜽 denotes the
model parameters to be calibrated and 𝑋 denotes the model inputs
including disturbances and control actions. The second element
𝑌 denoted the observed ground truth of 𝑌 , and the calibration is
subject to the admissible parameter space Θ.

In search of 𝜽 ∗, Bayesian optimization (BO) performs the explo-
ration and exploitation trade-off with an acquisition function A.
The acquisition function uses the predictive distribution given by
the surrogate model to compute the expected gain in minimizing 𝐽

at each 𝜽 sampled from the parameter space. The next 𝜽 to evaluate
is given by maximizing A.

Figure 1 displays the results of a simple calibration experiment
using the DOE prototype building models1, where a baseline model
was calibrated to capture the behavior of a similar but more energy-
efficient building. Emulating the data availability in an actual build-
ing, six parameters2 were selected for calibration, and the target
model output was hourly electricity consumption. The left plot
shows that BO quickly converged after the initialization stage. Cor-
respondingly, the electricity was accurately predicted during the
testing period3. However, the calibrated parameters 𝜽 ∗ were devi-
ated from the true values, mapped to the drifted indoor temperature
trajectory.

3 Robust calibration via ensemble learning
Figure 2 illustrates the workflow of calibrating a physics-based
digital twin via Bayesian optimization and ensemble learning. We
first establish a group of sub-models through parameter sampling,
which are then fed to the BO-based calibration, leading to a unique
set of calibrated parameters for each sub-model. When drawing
predictions, the outputs of calibrated sub-models are aggregated

1https://www.energycodes.gov/prototype-building-models
2The calibrated parameters included envelope thermal resistances, outdoor airflow
rates, infiltration rates, equipment power densities, solar heat gain coefficients, and
cooling setpoints.
3The prediction is almost perfect because the target building is also synthetic, making
the discrepancy in model structure minimal and the uncalibrated parameters similar
to the target. The post-calibration discrepancy will be more significant in a more
uncertain real-world case, but the demonstrated issues will persist.

Figure 1: Results of a single digital twin calibration using
Bayesian optimization.

through Exponentially Weighted Averaging (EWA)[8]. In this sec-
tion, we elaborate on the process of sub-model development and
post-calibration aggregation, and present the improved model per-
formance when calibrating the previous prototype energy model.

In Equation 1, 𝜽 ∈ R𝑑 , where 𝑑 is the number of parameters to
calibrate. For each sub-model in ensemble learning, we sample a
subset of 𝜽 as 𝜽𝑆 ∈ R |𝑆 | for calibration, |𝑆 | ≤ 𝑑 , and fix the other
parameters at their initial values. Thereby, the 𝑗𝑡ℎ sub-model can
be denoted byM(𝑋, 𝜽𝑆 𝑗

). Depending on the number of uncertain
parameters and the computational resources, random sampling,
combinatorial enumeration, or other sampling approaches could be
adopted to determine 𝜽𝑆 𝑗

. Yet, there are two general principles: each
subset should include more than two parameters to account for the
interaction and ensure the expressivity of sub-models (|𝑆 𝑗 | > 2), and
the union of all the 𝑘 subsets should ideally include all the candidate
parameters to avoid the loss of information (|⋃𝑘

𝑗=1 𝑆 𝑗 | = 𝑑).
After the calibration of each sub-model, the weighted average

of all sub-model outputs gives the ensemble predictions. A com-
mon way to determine the weights is to average all sub-models
(𝜋 𝑗 = 1/𝑘). Although this approach outperformed a single model
in many empirical studies, it relies on fairly good sub-models. In
the streamlined calibration without prior domain knowledge, a
sub-model could be incapable of fitting the data, resulting in bad
predictions and meaningless parameter values. In such cases, the
averaging weights should be modified to diminish its impact on
the final prediction. Rationally, it is non-optimal to assign equal
weights to an underfitted model and a well-trained model. On the
other hand, even with relatively efficient methods such as Bayesian
optimization, it is expensive to find the globally optimal weights to
aggregate the models.

To this end, we propose an adaptive strategy, namely Exponen-
tially Weighted Averaging (EWA), to assign near-optimal weights
without solving another complicated optimization. EWA assigns
weights for the k sub-models according to the following equation:

𝜔̂ 𝑗 =
𝜋 𝑗𝑒

−𝛽𝑟 𝑗

L̂
, 𝑗 = 1, · · · , 𝑘

L̂ =

𝑘∑︁
𝑗=1

𝜋 𝑗𝑒
−𝛽𝑟 𝑗 ,

(2)

where 𝝅 = (𝜋1, · · · , 𝜋𝑘 )𝑇 , is a known distribution on the weight
space, 𝛽 > 0 controls the degree of concentration of the model
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Figure 2: Workflow of digital twin calibration via Bayesian optimization and ensemble learning.

weights, 𝑟 𝑗 is an unbiased estimate of the risk of the 𝑗𝑡ℎ sub-model,
which can be approximated by mean squared error (MSE).

EWA assigns model weights based on the smoothed version of
the negative estimated risk, which outperforms direct use of the
negative estimated risk in high-dimensional settings. As a result,
larger weights are given to more representative sub-models, while
those with higher risks can still contribute to the aggregation. 𝝅
can be viewed as a prior probability in the model space where each
𝜋 𝑗 reflects how much prior belief we have about the 𝑗th model.
When this prior knowledge is unavailable, a uniform distribution
can be adopted. It is worth mentioning that the tuning parameter 𝛽
is crucial. When 𝛽 → 0, the EWA weights will essentially converge
to 𝝅 the known prior distribution. On the other hand, the weights
can lead to a uniform distribution of the weight space.

3.1 Experimental setup and results
Using the same base model as the previous example, sub-models
were created by only calibrating four of the original six parameters.
Covering all the combinations of four parameters yielded 15 sub-
models. For consistency, BO-based calibration was applied for each
sub-model. As shown in the left plot in Figure 3, while some cases
converged faster, the learning curves of most sub-models were close
to the single calibration with all six parameters. As expected for
ensemble models, the total computational time was much longer
(around ten times in this case). However, considering the curse of
dimensionality, the extra computational cost may shrink as the
total number of parameters increases.

Figure 3: Results of digital twin calibrations via Bayesian
optimization and ensemble learning.

Similar to single calibration, each sub-model predicted the target
output almost perfectly during the testing period. This manifests the
better extrapolation capability of physics-based models. Although
the parameters are likely unidentifiable, the governing equations
still constrain the optimization to capture the physical relation-
ships between the disturbances and the target outputs. By contrast,
the extrapolative prediction of indoor temperature (average of five
rooms) varied among the sub-models, reflecting the intricate inter-
action between the parameters and the physics-based model when
learning from the data. This also highlights the risk of justifying
a calibrated model only based on the accuracy of target output
prediction. For example, the potential to reduce cooling energy
could be underestimated given a high indoor temperature.

As expected, some sub-models overestimated the indoor tem-
perature, while some others underestimated it. Aggregating them
canceled out the errors and resulted in the accurate extrapolation
as shown in the right plot. Some randomly sampled parameter com-
binations yielded noticeably accurate extrapolations, but it is worth
noting that we cannot simply use these models because their merit
was only uncovered with the ground truth data. Consequently, the
MSE of temperature prediction was significantly decreased from
0.74◦C (single calibration) to 0.05◦C.

4 Sub-model development and interpretation
Table 1 summarizes the key differences between traditional en-
semble learning based on purely data-driven models, traditional
single physics-based model calibration, and the proposed ensemble
learned physics-based model calibration. The proposed method
takes advantage of the two traditional methods in terms of pre-
dictive capability, expert dependency, and interpretability. It has
been acknowledged that ensemble methods based on black-box
models have a strong capability of fitting the data but unreliable
for extrapolation. As for single physics-based model calibration,
it is generally more restricted with a lower degree of freedom in
training but is known to be more extrapolatable and interpretable.
Yet, they highly rely on experts to configure the calibrations and
characterize the model-to-reality discrepancy. As demonstrated in
Figure 1, an ill-posed calibration task could result in a physically
drifted model with deceptively low predictive errors.
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Table 1: Key difference between traditional ensemble learning based on purely data-driven models, traditional single physics-
based model calibration, and the proposed ensemble learned physics-based model calibration.

Black-box ensemble
learning

Single physics-based model
calibration

Ensemble learned
physics-based model calibration

Fitting capability High Medium High
Extrapolation capability Low Medium High

Expert dependency Low High Low
Interpretability Low High High

In contrast, the proposed method provides satisfactory extrapo-
lation without extensive expert interference. Compared with tradi-
tional ensemble learning methods, the aggregation of physics-based
sub-models first preserves the flexibility in training and carries over
the capability of predicting unseen variables. Furthermore, calibrat-
ing a group of models relaxes the requirements of expert knowledge
to define each optimization problem. The various parameter combi-
nations when calibrating sub-models serve as different constraints
in the optimization problems4, improving identifiability and fitting
the training data with different system dynamics. Some combina-
tions could result in models that perform worse, which is reflected
in the EWA weighting factors and can be iterated as priors to en-
hance model reliability. This also adds to the interpretability by
providing information about the importance of alternative variables
or sub-models, as well as the interrelationships.

Developing sub-models in the parameter space amplifies the
synergy between ensemble learning and physics-based models.
The traditional approaches to developing sub-models for ensemble
learning can be categorized into homogeneous and heterogeneous.
Homogeneous ensemble learning uses the same type of model
repetitively but with different training configurations, such as by
sampling different subsets of training data. For example, Liu et al.
[5] also investigated the application of ensemble learning for model
calibration, but only by varying training periods. On the other
hand, heterogeneous ensemble learning combines different types
of models, leveraging their unique strengths and mitigating their
weaknesses [9]. The diverse sub-models are expected to comple-
ment each other and capture a wider variety of data patterns. The
proposedmethod adds a new dimension to the heterogeneity, where
different combinations of parameters respectively vary different
parts of the complicated dynamics.

Beyond the proof-of-concept example, it is unnecessary to in-
clude all the possible combinations in a real-world case with a
larger number of candidate parameters, nor to have the same num-
ber of parameters in each sub-model. The proposed method is also
compatible with other sub-modeling methods. For example, sub-
models with different parameter sets can be calibrated with different
training data. Instead of random resampling in bootstrapping, the
dataset can also be strategically resampled based on seasons or
other strategies. Furthermore, although expert-agnostic, domain
knowledge can still be incorporated by training sub-models using
different combinations of input-output pairs that are more relevant
to the selected parameters. This could exclude irrelevant models
beforehand, thereby reducing computational costs.

4Technically, single model calibration can also be constrained for better identifiability,
but the information, such as a narrow range of parameter value, is typically unavailable.

5 Impact and future work
Tackling climate change involves many open and complex systems,
such as infrastructures, grids, and the climate system itself, requir-
ing digital twins with reliable extrapolation for robust decision-
making. We present a robust calibration method using ensemble
learning, which avoids expert-driven parameter screening and en-
hances the extrapolation capability of calibrated digital twins.

The proposed method is demonstrated through an office building
energy model, paving the way for broader applications in complex
and data-scarce open systems. Further investigation mainly lies
in the development of sub-models. While we currently focus on
physics model parameters 𝜽 , there is an opportunity to optimize
the variations of 𝑋 and 𝑌 to maximize the information gain of each
sub-model and improve the computational efficiency.
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