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Abstract
Modelling of geothermal borefields for building energy
simulations (BES) has always been a complicated task
due to the challenge of implementing both their short-term
and long-term responses. Besides, in model-based opti-
mal control of geothermal systems, a simplified version of
a borefield control-oriented model is desired. Typical pre-
diction horizons used in optimal control of buildings range
from hours to a few days, inviting to reduce the complex-
ity of the controller model down to the short-term range.
However, the long-term thermal behaviour of the ground
is crucial with respect to the heat pump COP and avail-
ability of direct cooling. In a white-box controller model,
the states keep their physical meaning. Thus, the long-
term dynamics can be captured from the model used for
dynamic simulation, i.e. the emulator, and updated to the
controller model at each optimisation time-step. Never-
theless, since in a real implementation the availability of
data is much more limited a state estimator is necessary.
In this paper, three state estimators (Stationary Kalman
Filter, Time-Varying Kalman Filter and Moving Horizon
Estimator) for a linear borehole model are compared us-
ing real data from a building combining a geothermal heat
pump and a thermally activated building system (hybrid-
GEOTABS). In general, all investigated linear estimators
are capable of accurately estimating the ground states.

Introduction
The worldwide building sector consumes over 36% of
global final energy use and is responsible for 39% of
energy-related carbon dioxide (CO2) emissions when up-
stream power generation is included (Dean et al. (2016)).
One building concept that could help to improve en-
ergy efficiency in the building sector is the MPC hybrid
GEOTABS concept (Himpe et al. (2018)). It combines
GEOthermal heat pump and Thermally Activated Build-
ing Systems (TABS) to achieve superior heat pump per-
formance. To tackle the challenges that TABS high inertia
presents, a hybrid system is installed to face the sudden
changes in heat load and model predictive control (MPC)
is implemented to anticipate future predictions.
In order to obtain reliable predictions, it is crucial to have
an accurate controller model. When coming to the predic-
tion of the heat pump’s coefficient of performance (COP),
the supply temperature into the heat pump’s evaporator-

i.e. the return temperature of the geothermal borefield-
significantly influences this efficiency. Besides, it is im-
portant that the MPC guarantees long-term sustainable op-
eration of the borefield. Hence, a reliable borefield model
for MPC is of vital importance.
In the literature, we can find different approaches to model
the borefield component (Atam and Helsen (2016)) for
MPC. Verhelst and Helsen (2011) applied model order
reduction (MOR) to a 1D ground heat diffusion model.
De Ridder et al. (2011) trained a first order model to de-
scribe de dynamics of the underground storage by using
the average temperature of the borefield, with sampling
periods of one week. Atam et al. (2018) identified non-
linear Hammerstein-Wiener models for different config-
urations. All these approaches are however limited to
identifying the model based on the available operational
data. Physics-based, i.e white-box, models would keep
the physical meaning of the different states, allowing the
controller to have a better idea of the behaviour of the un-
derground. Moreover, they would not require any sort of
historical data since they are is based on equations that
describe the heat transfer physics. To the best of the au-
thors’ knowledge, there exist two works based on physical
models suitable for MPC. Witte et al. (2018) developed a
physics-based model, however axial heat transfer due to
advection was not modeled and the fluid temperature is
lumped by using the borehole thermal resistance Rb. La-
ferrière and Cimmino (2018) used a model that requires
a discretised thermal response factor as input to compute
the ground thermal response.
Since the MPC prediction horizon is in the order of several
days for building control, we propose to model only the
short-term dynamics of the borefield including advection
to accurately predict the fluid temperature, and approxi-
mating the ground temperature response with a resistance-
capacitance (RC) network. In a dynamic simulation en-
vironment, since the states of a white-box model have
a physical meaning, perfect state update at each control
time-step could be applied by evaluating the model used
for simulation. The long-term behaviour would be implic-
itly inherited from the state update without having to use
the thermal response factor that augment the complexity
of the MPC formulation due to the application of temporal
superpostion. However, when coming to a real implemen-
tation this information is not available since temperatures
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inside the borefield are usually not measured (e.g., bore-
hole wall and ground temperatures at different depths), but
only the inlet/outlet fluid temperatures of the borefield and
the associated mass flow rates are available. Hence, a state
estimator is needed.
Typical state estimators used in buildings belong to
the family of Bayersian Estimators, namely Station-
ary Kalman Filter (SKF), Time-Varying Kalman Filter
(TVKF) and Moving Horizon Estimator (MHE). To eval-
uate the prediction accuracy of these state estimators, we
extend the methodology used by Cupeiro Figueroa et al.
(2018) by validating the emulator with historical data and
including a comparison between the non-measured states
of the controller model and its physical representation in
the emulator. Therefore, the main contribution of this
paper is the application of state estimation techniques to
a borefield model and the evaluation of its performance
based on the state estimation error.

Methodology
Modelling and State Estimation
Figure 1 shows the methodology applied in this paper. A
physics-based emulator of a borefield is calibrated using
the technical sheets of a real building. The model is sub-
sequently validated by historical data from the Building
Management System (BMS): the output error yemu

e be-
tween the measured return temperature TRet and the em-
ulator return temperature T emu

Ret is assessed to evalute the
validity of the non-measured states xemu, which repre-
sent fluid, grout and surrounding ground temperatures at
different points. A non-linear (NL) controller model is
developed approximating the dynamics outside the bore-
hole with a discretised RC network and assumming a fixed
temperature Tg placed at the diffusivity length as defined
by Fick Bird et al. (1960). The model can subsequently
be linearised around the hydraulic pump operating work-
ing conditions by considering a constant mass flow. The
states error xe and output error ye of both non-linear (sub-
script NL) and linear (subscript lin) models against the
emulator are checked. For the linear controller model,
three linear state estimators L, more specifically Station-
ary Kalman Filter (SKF), Time-varying Kalman Filter
(TVKF) and Moving Horizon Estimation (MHE) are ap-
plied and assessed by re-evaluating the output error yline

and estimated state error x̂line of the linear model.
Building and measurement data
In order to check the validity of the emulator and later
assess the state estimators performance, we use real data
from a 10 year old cooling-dominated medium-sized of-
fice building located in Dilbeek, Brussels. The building
uses a hybrid GEOTABS system whose borefield is com-
posed of 37 boreholes of 94 m deep, piped with double-
U tubes in parallel configuration and a relative distance
between them of 6 m. An hydraulic pump can circu-
late a maximum 38 m3/h 30% glycol-water mixture flow
through the borefield.
The measurement data for this experiment are extracted
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Figure 1: Schematic view of the methodology.

from the Building Management System (BMS) of the of-
fice building for the period 22-02-2018 to 11-09-2018.
where measured data is stored each 8 minutes. The mea-
sured data includes: the mass flow rate through the bore-
field ṁ measured by the calorimeter and the supply TSup

and return TRet borefield temperatures measured by two
temperature sensors located in the building cellar.

Borefield modelling
To build up the emulator we use the model integrated into
the open-source IBPSA Modelica library (Laferriere et al.
(2019)). The short-term radial heat transfer within the
borehole is modeled using the RC networks developed by
Bauer et al. (2011), whose parameters are calculated based
on the physical properties of the fluid, piping and grout.
The model is discretised vertically and coupled with ad-
vection heat transfer equations in the axial direction. The
long-term behaviour outside the borehole is given by the
g-function calculated following the methodology of Cim-
mino and Bernier (2014) using the finite line source solu-
tion. The model has been adapted to compute the ground
temperatures at selected distances.
Calibration and validation of the emulator
The simulation borefield model has been calibrated with
parameters from the technical sheets. Since no thermal
response test (TRT) was performed, the SmartGeotherm
(2017) tool is used to determine the ground properties.
The deeper layers of the ground are mainly composed of
clay sand.
A validation test is set-up by imposing the supply bore-
field temperature and the mass flow rate measured by the
temperature sensor and the calorimeter, respectively. The
simulated return temperature of the borefield is compared
to the measured one. Results are shown in Figure 2.
We observe that the error increases when no mass flow
was introduced into the borefield. A deeper analysis
shows that this fact was caused by natural convection
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Figure 2: Validation of the emulator. Top: Measured mass flow rate (ṁ), supply (TSup) and return (TRet) temperatures
and simulated outlet (T emu

Ret ) temperature of the borefield. Bottom: Output emulator error yemu
e .

around the sensor located in the cellar, which the model
does not take into account. For a better understanding
and fair comparison, these values with zero mass flow rate
have been filtered. The main unknown of the validation is
the history of the borefield: the system has been opera-
tive for 10 years while the data available only accounts
for the last 7 months. A considerable relative mismatch
can be appreaciated at the start due to the initial guess of
the borefield far ground temperature, which did not take
into account the effects of the previous years.
Although the undisturbed ground temperatures in Bel-
gium are about 11 ◦C, a far ground temperature of 13.3
◦C and a geothermal gradient of 0.01 K/m show a good
fit due to the unbalance that the cooling-dominated build-
ing generates. However, since the measurements started
by end-February (end of the heating season) the ground
temperatures in the neighbourhood of the boreholes are
lower. The error decreases as the effect of the innacurate
ground temperatures at the initialization fades over time,
resulting in an error oscillating between +0.2 and -0.5 ◦C.
For the considered period, the mean absolute error is 0.15
◦C, therefore temperatures are well validated. However,
these small errors can have a large effect on the computa-
tion of the borefield heat exchange, since a small increase
in temperature difference can be translated into a large dif-
ference in the heat exchanged.
Nonlinear controller model
The short-term controller model within the borehole, i.e.
the fluid, piping and filling RC network is identical to
the one of the emulator. Each vertical discretisation nv
introduces two fluid states and two grout states in the
case of single-U pipes and four fluid states and four grout
states in the case of double-U pipes. These states repre-
sent the fluid and grout dynamics, i.e. their temperatures.
The developed model can be reduced in complexity either
by reducing the number of vertical discretisations or by

eliminating the dynamics in the fluid/grout by considering
steady-state conditions. The advection heat transfer com-
ponent is kept which introduces a non-linearity into the
model.
To model the long-term behaviour outside the borehole,
we use a radial 1D RC network that discretises the ground
into a mesh of rings for each vertical discretisation, as
shown in Figure 3. The mesh introduces an additional
number of states nvnh, with nh the number of radial
discretisations. These states represent the surrounding
ground temperatures at a given distance. A summary of
the states of the model can be found in Table 1. The RC
parameters are calculated from the physical properties of
the ground. The mesh is discretised from rb to a boundary
radius calculated using the diffusion length rB = 2

√
αgτ

and provides a measure of how far the temperature has
propagated by diffusion in time τ (Bird et al. (1960)), with
αg the ground diffusivity and τ the time constant, by de-
fault 1 week to fully cover the affected range in a typical
MPC prediction horizon timeframe. The cell size ∆r is
calculated using Eskilson (1987) guidelines, with a reso-
lution time ∆t of 60 seconds.

∆r = [∆rmin,∆rmin,∆rmin, ..., β
n∆rmin, ..., rB ]

(1a)

∆rmin = min(
√
αg∆t, hb/5) (1b)

Linearisation of the controller model

The described model is non-linear due to (i) the advection
heat transfer component associoated to the movement of
the heat carrier fluid and (ii) the convective heat transfer
coefficient which depends on the Nusselt number. For a
constant mass flow rate, we linearised the model and ob-
tained the state space model (SSM) in the following form:

xk+1 = Axk +Buk + wk, (2a)
yk = Cxk +Duk + vk, (2b)
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Figure 3: Discretisation of the ground layer (Picard and
Helsen (2014)).

Vectors u, y and x represent supply, return and internal
borehole temperatures, respectively. In reality the model
is subject to uncertainties, where model uncertainty is rep-
resented by the process noise variable wk and measure-
ment uncertainty is defined by the measurement noise vk.
Validation of the controller models
The two controller models are validated against the em-
ulator using the same procedure as for the validation of
the emulator. Both models have 10 vertical discretisations
nv and 10 radial discretisations nh, including fluid and
grout dynamics, which makes a total of 190 states for the
double-U configuration. The same data are imposed to the
models as for the validation of the emulator, but for the
sake of clarification of results, only 30 days of operation
are shown in Figure 4. The results show the return fluid
temperature, the ground temperatures at the eighth radial
discretisation rn8

= 0.36m and at the boundary diffu-
sion lenght rB = 1.54m for the mid-vertical discretisa-
tion nv = 5. The non-linear controller model shows good
agreement with the emulator for the first weeks of opera-
tion, but its accuracy decays over time since the temper-
ature at the boundary radial layer remains constant. The
effects on the ground temperature at the boundary diffu-
sion length start to be visible at the 5th day of operation.
In the long-term operation, the model needs state updates
to be able to incorporate the long-term heat transfer effects
such as the interaction between boreholes.
The model was linearised around the average working
point of 4.98 kg/s. The higher the deviation of the mass
flow rate from the selected linearisation point, the higher
the output error of the linear model. Still, the error is in
general low since the influence of the convective thermal

Table 1: Summary of the states x of the controller models.

State meaning Quantity Symbol

Fluid temp.
2nv (U-tube)

4nv (2xU-tube)
0 (steady-state)

Tf,i,nv

Grout temp.
2nv (U-tube)

4nv (2xU-tube)
0 (steady-state)

Tgr,i,nv

Ground temp. nhnv Tsg,nh,nv

Boundary temp. nv TB,nv

resistance around the working point is small. Concerning
the ground temperatures, these additional linearisation er-
rors fade more the further the states are from the borehole
since the boundary temperature remains constant. The lin-
ear model output can be corrected by means of state esti-
mation.

State estimation
The objective of the estimator is to minimize the estima-
tion error defined as the difference between real and es-
timated states x̂line,k = xemu

k − x̂link . Because the real
state measurements are not available from the borefield
considered we use the states from the validated high-
fidelity emulator to evaluate the state estimator perfor-
mance. Because the controller model (2) is linear, we
restrict our choice to the following linear estimators: sta-
tionary Kalman Filter (SKF), time-varying Kalman Filter
(TVKF), and Moving Horizon Estimation (MHE).
Stationary Kalman Filter
In the case of stationary Kalman Filters (SKF), the esti-
mator gain L is computed by the off-line solution of the
discrete Riccati equation given by eq. (3).

L =
APCT +Q

CPCT +R+Q
(3)

Where P represents estimation error covariance
E(ye,ky

T
e,k), Q stands for process noise covariance

E(wkw
T
k ), and R for measurement noise covariance

E(vkv
T
k ). In this paper MATLAB’s dlqe function is

used to compute L for SKF. In general a Kalman Filter
consists of two stages, an update and a prediction phase.
In the prediction phase (eq. (4b)) predicts the state at
the current time step k + 1 based on the previous state
and the model (2). In the update phase (eq. (4a)) the
measurement is used to refine the predicted state estimate
from the previous time step by introducing feedback into
the system.

x̂k|k = x̂k|k−1 + L(yk − Cx̂k|k−1 −Duk) (4a)
x̂k+1|k = Ax̂k|k +Buk + Edk (4b)

Time-varying Kalman Filter
In the case of time-varying Kalman Filters (TVKF) the
off-line construction of the estimator gain L is replaced
by a recursive on-line computation, defined by the update
phase eq. (5) and prediction phase eq. (6).

x̂k|k = x̂k|k−1 + Lk(yk − Cx̂k|k−1 −Duk) (5a)

Lk =
Pk|k−1C

T

Rk + CPk|k−1CT
(5b)

Pk|k = (I − LkC)Pk|k−1 (5c)

The only difference with SKF eq. (4) is the addition of
the recursive updates for the error covariance matrix P
via eq. (5c) and eq. (6b) and for the estimator gain L by
eq. (5b).

x̂k+1|k = Ax̂k|k +Buk + Edk (6a)

Pk+1|k = APk|kA
T +Qk (6b)
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Figure 4: Validation of the non-linear (left) and linearised (right) controller models. Top: Measured mass flow rate (ṁ)
and supply temperature (TSup) imposed to the models, simulated emulator (T emu

Ret ) and controller (TNL
Ret , T lin

Ret) return
temperatures, simulated emulator (T emu

B ) and controller (TNL
B,5 , T lin

B,5) boundary temperatures and simulated emulator
(T emu

ground,8,5) and controller (TNL
sg,8,5, T lin

sg,8,5) ground temperatures. Bottom: Output (yNL
e ,yline ), boundary (TNL

e,B,5,T lin
e,B,5)

and ground temperature (TNL
e,sg,8,5,T lin

e,sg,8,5) errors.

Moving Horizon Estimation
The moving horizon estimation (MHE) is described as the
following optimisation problem:

min
xk−N+1,W,V

||xk−N+1 − x̂k−N+1||2P−1 (7a)

+
k−1∑

i=k−N+1

||wi||2Q−1 +
k∑

i=k−N+1

||vi||2R−1 (7b)

s.t. xi+1 = Axi +Bui + Edk + wi, i ∈ Nk−1
k−N+1

(7c)

yi = Cxi +Dui + vi, i ∈ Nk
k−N+1 (7d)

xi ∈ X , wi ∈ W, vi ∈ V. (7e)

where xk, uk, dk, wk and vk represent the values of states,
inputs, disturbances, process and measurement noise re-
spectively, predicted at the k-th step of the estimation hori-
zon N . The predictions are obtained from the controller
model given by Eqs. (7c) and (7d). Limits on state and
noise variables are defined by eq. (7e). The term ||a||2Q in
the objective function represents the weighted squared 2-
norm, i.e., aTQa, with the weighting matrices Q, R, and
P given as positive definite diagonal matrices. The first
term of the objective function stands for the so called ar-
rival cost, which represents the summarized effect of data
from previous timesteps outside the estimation window
N . In this case we define the arrival cost explicitly based
on previous state estimates at the (k-N+1)-th step.
In general the optimisation variables include: the esti-
mated state over the horizon, the estimated state update
error (W ) and the estimated measurement error (V ). The
first element of the optimised estimated state over the hori-

zon (x̂k−N+1) is selected and the current estimated state
x̂k is calculated by integration using W via the so-called
state condensing method. This technique can efficiently
reduces the number of optimisation variables and as such
speed up the solver time.

Case Study with Real Measurements
Simulation Setup
The state estimators are constructed and results are eval-
uated using the BuiSim MATLAB toolbox (Drgoa and
Helsen, 2019), which is built upon the modelling and op-
timisation toolbox YALMIP (Löfberg, 2004). In case of
MHE, the objective function (Eq. (7b)) is quadratic and all
constraints are linear, therefore problem (7) can be solved
as a strictly convex quadratic programme (QP). For solv-
ing problem (7) the state of the art optimisation solver
GUROBI (Gurobi Optimization, 2012) is used.
The estimator performances are evaluated using four key
performance indicators (KPIs): average absolute error
(AAE) per state per sample defined by Eq. (8) and where
Nsim stands for the number of simulation steps, maximal
state estimation error max(x̂line ), mean of estimation error
mean(x̂line ), and overall simulation time.

AAE =

Nsim∑
k=1

|x̂line,k|
Nsimnx

(8)

In accordance with the frequency of the measurement
data, the sampling period was chosen equal to Ts = 480
s. Based on available measurement data from the borefield
installed in the real office building, the overall simulation
period is chosen to be 200 days. All three state estima-
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tors are tuned by engineering insights and corrected by
trial-and-error such that they provide accurate output esti-
mations by lowering the output error. The tuning factors
are the process noise covariance Q and the measurement
noise covariance R matrices, which are designed as diag-
onal positive definite matrices, with their values summa-
rized in Table 2.
Results
The performance of the estimators is demonstrated on es-
timated states x̂lin and emulator states trajectories xemu.
For capturing the dynamics of the states and for intuitive
understanding of the differences between the results of
the individual estimators, the subsequent plots show tra-
jectories of a single week. Simulated state trajectories
of the emulator model and estimation profiles of TVKF
are given in Fig. 5. For the sake of keeping the paper
length, SKF and MHE profiles are not shown, but their
trajectories are similar. Bottom plots represent the state
trajectories as classical time-series plots. For a more intu-
itive understanding of the dataset the upper plots show the
3D ribbon plot of the same profiles. Here, the individual
state trajectories are plotted in parallel next to each other
in a 3rd dimension. The states are sorted in different sets
from top to bottom, and from nearest to farthest from the
borehole in the case of the surrounding ground tempera-
tures. The first 40 states correspond to the fluid temper-
atures. The following 40 states correspond to the grout
temperatures. The next 100 states correspond to the sur-

Table 2: Design parameters, and KPI comparison of se-
lected state estimators.

Design parameters SKF TVKF MHE
nx 190 190 190
Q 1e1 1e10 1e6
R 1 1 1
N - - 3
Fluid
AAE 0.4486 0.5170 1.0910
max(|x̂line |) 6.0659 6.9153 6.0446
mean(x̂line ) −0.3701 −0.3797 0.6720
Grout
AAE 0.6855 0.7321 1.1435
max(|x̂line |) 5.8595 5.3942 8.3952
mean(x̂line ) −0.6566 −0.6630 0.5060
Surrounding ground
AAE 0.3782 0.3511 1.6328
max(|x̂line |) 3.3793 2.0688 11.011
mean(x̂line ) −0.2014 −0.0938 1.4768
Boundary
AAE 0.7251 0.3921 1.1864
max(|x̂line |) 3.4515 0.7874 1.7072
mean(x̂line ) −0.6001 −0.3136 1.1864
Total
AAE 0.4760 0.4684 1.3922
max(|x̂line |) 6.0659 6.9153 11.011
mean(x̂line ) −0.3537 −0.2854 1.0877
Sim. time [s] 15.1 148.0 22288.6

rounding ground temperatures. The last 10 states show the
boundary temperatures. This setup allows us to examine
the trajectories of a higher dimensional dataset visually,
and by a proper ordering of the variables also capture the
physical dependencies between states. The visual compar-
ison of estimated trajectories x̂lin reveals a relatively good
fit with the emulator states xemu for the problem consid-
ered. Despite estimating 190 states with one single output,
all estimators are able to capture the dynamic patterns of
the states with small deviations from the emulated states.
Such visual inspection tells us a priori that TVKF shows
the best match when estimating the internal states.
Fig. 6 compares box plots of the estimation errors for dif-
ferent estimators for the full dataset of 200 days. Both
SKF and TVKF have very similar performance when es-
timating the fast-dynamics of fluid and grout tempera-
tures. In contrast, SKF has a higher number of outliers
when estimating the slow-dynamics of the surrounding
ground and boundary temperatures than TVKF, the fur-
ther we move from the borehole wall. This points its dif-
ficulty to estimate the ground temperatures. Surprisingly,
the MHE performance is the lowest among the three es-
timators. This is probably caused by a large number of
optimised variables w.r.t. the number of available parame-
ters which results in an optimisation problem with a large
number of degrees of freedom. While SKF and TVKF
tend to underestimate the states, MHE tends to overesti-
mate them.
These statements are confirmed by the numerics present-
ing the overall performance comparison based on selected
KPIs. The evaluation on a full dataset of 200 days is given
in Table 2. SKF and TVKF provide similar performance
when estimating the fast-dynamics within the fluid and the
grout. However, TVKF seems to provide more accurate
estimates of the slow-reacting ground temperatures, espe-
cially at the boundary. Our hypothesis is that its ability
to recompute the Kalman Gain at each time-step is able
to cope better with the slowly changing dynamics of the
ground.
As already observed in the previous figures, the perfor-
mance of the MHE is the lowest among the investigated
estimators. Moreover, from a computational point of view,
MHE is significantly more demanding when compared to
SKF and TVKF. Nevertheless, considering that the num-
ber of seconds per time-step for the computation is lower
than 1, MHE is still feasible for real implementation pur-
poses, where the time-steps typically vary from 15 min-
utes to 1 hour.

Conclusion
Three state estimation methods have been compared to
demonstrate the possibility of estimating the states of
a borefield solely based on its linearised mathematical
model and measurements of the supply and return temper-
ature. In particular, stationary Kalman filter (SKF), time-
varying Kalman filter (TVKF) and moving horizon esti-
mation (MHE) were investigated in the context of MPC of
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Figure 5: Left: Simulated states trajectories of the emulator model. Right: TVKF trajectories of estimated states. Top
figures: 3D profiles, where trajectories represent the fluid temperatures, grout temperatures, surrounding ground temper-
atures and boundary temperatures, from blue to yellow. Bottom figures: 2D profiles.

SKF Box plot

TVKF Box plot

MHE Box plot

Te
m

p
e

ra
tu

re

 d
i

e
re

n
ce

 [
°C

]

Te
m

p
e

ra
tu

re

 d
i

e
re

n
ce

 [
°C

]

Te
m

p
e

ra
tu

re

 d
i

e
re

n
ce

 [
°C

]

Figure 6: Box plots of the estimated state errors of the 190 states for each estimator.

hybridGEOTABS buildings, where both short- and long-
term are important for sustainable operation.
The borehole can be well described by the linear model
presented in the short-term. The state estimation tech-
niques aim to re-initialize the states of the borefield to
capture the long-term dynamics from the measurements.
The simulation experiments with real measurement data
were conducted for a period of 200 days. In general, all
the three investigated estimators are able to provide de-
cent accuracy. SKF and TVKF performed better with av-
erage absolute errors below 0.5◦C compared to the case
of MHE, with average absolute errors up to 1.5◦C. The
estimation of the ground temperatures seemed more chal-
lenging for the SKFr rather than for TVKF. The tuning of

the MHE, with a high number of optimization variables, is
the main challenge towards improving its accuracy. Note
that we are estimating 190 unknown states solely based on
one available measured output.
The question remains whether adding the non-linearities
into the controller model would lead to significant im-
provement in the estimation accuracy. Besides, the influ-
ence of the level of complexity of the model determined
by the number of states needs to be evaluated. Eventu-
ally, the variable of interest in MPC is the prediction of
the return temperature from the borefield. A good re-
initialization of the states is needed. The ground tempera-
tures may be also useful for estimating the saturation level
of the borefield and formulate its long-term balance. How-
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ever, a firm conclusion about these statements needs to
be supported by direct comparison of the linear and non-
linear estimators for different levels of complexity on the
same dataset and setup. Future work will thus verify or
falsify this hypothesis by comparison of linear and non-
linear estimators for the borefield state estimation prob-
lem. The difference in accuracy and dynamic behaviour
(short- vs long-term) between the different sets of states
encourage us to decompose the problem and apply differ-
ent estimation techniques to each set in the future. Also,
the effect of variations in states complexity, initialization
and tuning of estimators will be rigorously evaluated.
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