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Abstract

Indoor temperature prediction is often utilized to maintain the right environ-
ment in which wine can be fermented or stored. However, forecasting these
indoor microclimates is challenging due to inaccuracies in outdoor tempera-
ture predictions combined with the difficulty of modelling a building’s ther-
mal inertia, which changes due to unpredictable environmental factors. This
paper proposes a two-stage machine learning and state-estimation pipeline to
predict temperatures inside a winery up to an 18-hour horizon. First, feature
extraction is performed to train an Autoregressive with eXogenous inputs
(ARX) model. Then, to mitigate the drift caused by factors such as noise in
the API predictions or errors caused by the model, a Two-State Kinematic
Kalman Filter (KKF) is introduced. The proposed KKF lies in its dual-state
formulation which tracks both the magnitude of the prediction error and its
latent velocity. In this way, the filter effectively models the building’s thermal
inertia and identifies the steady, low-frequency velocity of the thermodynamic
drift, resulting in a stable and physically realistic forecast.
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11.1 Introduction and Background

Fermentation processes in viticulture and winemaking are highly sensitive to
thermal fluctuations and extreme temperatures; therefore, indoor tempera-
tures must often be maintained within specific limits [1]. To prevent detri-
mental thermal instability and maintain ideal conditions, facility managers or
IoT infrastructure need reliable, multi-hour forecasts of indoor microclimates
to proactively manage indoor conditions [2]. Meteorological APIs powered
by global atmospheric models, such as Open-Meteo, can supply baseline
predictions of future outdoor conditions that will eventually affect indoor
temperature. Despite these advantages, predicting indoor microclimates using
external macro-weather data with standard ARX models presents challenges.
These challenges arise because forecasts made by API often contain inac-
curacies for the specific area of interest. As these global models operate on
wide spatial grids, they often fail to capture localized temperature and solar
radiation anomalies that impact the building’s exterior and eventually the
indoor temperature [3]. Furthermore, the agricultural buildings have thermal
inertia often influenced by unpredictable circumstances such as open doors
or windows [4]. Consequently, when predicting iteratively several hour hori-
zons, this macro-weather noise cascades into the indoor thermal model. The
small, step-by-step prediction errors can compound causing the base model
to drift significantly from the actual indoor temperature trajectory [5]. If left
uncorrected this cumulative drift results in significant control latency and can
trigger HVAC activations, undermining the energy efficiency and stability
goals of smart agricultural Edge AI systems [6].

11.1.1 Contribution

This paper proposes a hybrid, two-stage forecasting pipeline to alleviate the
problems arising from noise in the data.

• An ARX model was developed using Ridge Regression. To train this
model correctly, we created and tested several features related to the
inertia of the winery and identified the most valuable ones using L1 reg-
ularization (LassoCV). This feature selection was performed seasonally
to capture shifting thermal dependencies, such as the increased impact
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of solar radiation during summer or the dominance of indoor thermal
mass in winter.

• To correct the multi-step drift inherent in recursive ARX predictions, a
Two-State Kinematic Kalman Filter (KKF) is introduced. Unlike tradi-
tional filters that treat error as random noise, the proposed KKF models
the prediction bias as a dynamic state with both position and latent
velocity components. By focusing on the velocity of the temperature
drift, the filter effectively respects the building’s thermal inertia and
ignores transient observation noise. A Differential Evolution algorithm
is utilized to optimize the baseline noise matrices, the decaying bias
parameters, and a thermal anchoring weight β. This ensures that the
correction filter identifies genuine thermodynamic trends, providing a
stable and physically realistic forecast up to 18-hour horizons.

11.2 Data Preprocessing and Feature Engineering

To implement the base prediction model, we must collect data for the winery
that we are interested in, along with the corresponding meteorological pre-
dictions for the particular area from the external API. After the acquisition of
the raw IoT and API datasets, it is important to construct and select features
designed to capture the building’s thermal inertia without overparameterizing
the ARX model. This section outlines the data acquisition, feature engineer-
ing, and dimensionality reduction steps required to build the forecasting ARX
baseline.

11.2.1 Data Sources

To test our model, we retrieved historical 24-hour-ahead predictions for solar
radiation and outdoor temperature from the Open-Meteo API [8]. These
forecasts were generated by the AROME France model [7] for the specific
location of the winery.

The dataset used consists of indoor temperature measurements collected
from an IoT sensor deployed within a winery facility.

11.2.2 Feature Construction and Thermal Lag Analysis

To find how exogenous drivers such as outdoor temperature and solar radia-
tion affect the indoor temperature, we must quantify the temporal behaviour
of the winery and explore how the indoor temperature responds, and with
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what delay, to these external influences. Therefore, we implemented a
statistical analysis of the dataset for both indoor and outdoor data to find min-
imum, maximum, and average measurements, along with cross-correlation
analysis to quantify the exact physical delay or thermal lag between exter-
nal forcing and internal response in three representative intervals of the
year:

• Summer (June 3 – July 21): During this interval outdoor API tem-
peratures averaged 20.63 ◦C reaching peaks of 39.40 ◦C and exhib-
ited an average daily temperature swing of 11.25 ◦C and a maximum
of 19.90 ◦C. The solar heat peaked at 918.00 W/m2 driving the average
indoor daily swing to 7.47 ◦C and pushing the absolute maximum indoor
temperature to 31.50 ◦C. Using Pearson cross-correlation, we found a
delay of about 6 hours for the outdoor temperature to completely affect
the indoor temperature with r = 0.947, and an 8-hour delay for the
penetration of solar radiation with r = 0.805.

• Autumn (Sep 10 – Nov 17): In the autumn period, the mean API outdoor
temperature dropped to 13.23 ◦C, reaching an absolute peak of 29.70 ◦C,
while the indoor mean was maintained at 16.87 ◦C with an absolute
maximum of 26.68 ◦C. The average outdoor daily swing of 7.27 ◦C, a
maximum daily swing of 17.30 ◦C, and solar radiation peaking at 720.00
W/m2 the indoor microclimate experienced only moderate average diur-
nal swings of 3.55 ◦C. As the external thermal load decayed, the thermal
resistance of the facility shifted accordingly, reducing the optimal cross-
correlation lags to 5 hours for outdoor temperature r = 0.869 and 7 hours
for solar radiation r = 0.737.

• Winter (Dec 9– Jan 31): Conversely, the winter dataset demonstrated
internal stability as the mean API outdoor temperature dropped to
3.49 ◦C, reaching an absolute peak of 11.60 ◦C, with an average daily
swing of 4.65 ◦C and a maximum daily swing of 11.10 ◦C. External solar
radiation was minimal, averaging just 32.48 W/m2 and peaking at only
319.80 W/m2. Because of the building’s massive thermal persistence
and the lack of external solar pressure, the indoor temperature was
stable, maintaining a mean of 11.24 ◦C with an absolute maximum of
only 15.30 ◦C and a mere 1.51 ◦C average daily swing. The temperature
lag reduced to 4 hours and the correlation for solar radiation collapsed
entirely r = 0.246 at a 5-hour lag, proving that direct solar heat transfer
is negligible during the winter months.
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11.2.3 Feature Construction

Driven by these empirical lag variables, three distinct sets of temporal fea-
tures were engineered from the API data to enable the linear ARX model to
capture the winery’s specific thermal profile:

• Lagged Variables: To model the thermal inertia, discrete lagged ver-
sions of the raw API data outdoor temperature and solar radiation
were generated. Specifically, we explored a discrete interval of 4, 5,
6, 7, and 8 hours, as this represents the established time required for
exogenous variables to noticeably penetrate the building. Furthermore,
an immediate previous-step indoor temperature t − 1 and a 24-hour
lagged indoor temperature t− 24 were included to capture the facility’s
daily autoregressive thermal persistence.

• Rolling Windows: To capture long-term environmental heat accumula-
tion, moving average windows of 8 hours were calculated for both solar
radiation and outdoor temperature. This effectively aligns the immediate
API predictions with the building’s broader thermal envelope.

• Interaction and Non-Linear Terms: High ambient heat combined
with direct sunlight impacts the heating of the building non-linearly.
To ensure the standard linear ARX model could capture these dynamic
non-linear interaction features were constructed. First, an interaction
term was created by multiplying the predicted outdoor temperature
with shortwave solar radiation to capture their combined thermal load.
Second, squared solar intensity was calculated. Finally, Boolean flags
were engineered to isolate specific solar states: a baseline daylight flag
(taking the value 1 when solar radiation exceeds 20 W/m2 and a flag
extreme (taking the value 1 when radiation exceeds 600 W/m2. These
flags isolate extreme solar events, which have a particularly disruptive
impact on the building’s thermal response.

11.2.4 Feature Selection

To identify the most important features affecting the winery’s microclimate
and avoid redundant variables, we applied Lasso L1 regularization [9] inde-
pendently for each season, implemented via the scikit-learn library [10]. The
winery facility exhibits shifting physical thermodynamics across the year. For
instance, during the summer period, the optimizer selected a stronger penalty
of α = 0.00336, and the dataset was reduced to just 9 out of 19 features. In
contrast, during the stable autumn and winter periods, the model retained
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Figure 11.1 Magnitude of retained feature coefficients following Lasso L1 regularization.

more features (12 active variables in winter) using weaker environmental
signals, as seen in Figure 11.1. In all seasons, however, the building’s thermal
mass was the dominant predictive factor, with the immediate previous indoor
temperature (t-1) exerting the highest influence by a wide margin. Crucially,
this influence scaled with the seasonal thermal load: Lasso coefficients
peaked at 3.18 in summer, dropped to 1.95 in autumn, and reached their
lowest point at 1.22 in winter. Beyond this internal baseline, the seasonal
coefficient shifts directly quantify the building’s structural thermal delay. The
4-hour to 5-hour lagged external variables specifically solar radiation and
outdoor temperature emerged as the strongest exogenous predictors across all
three datasets. This proves that peak external heat loads require a minimum
of 4 to 5 hours to have a noticeable effect on the indoor microclimate.
Furthermore, the autumn and winter models prioritized complex interaction
terms and long-term rolling averages (such as the 24-hour rolling outdoor
temperature). In winter specifically, the model compensated for the lack of
intense, direct solar heat by leaning on these slower diurnal heat transfers to
anchor the autoregressive forecast.

11.3 Methodology

A machine learning and state-estimation pipeline combination is proposed
that first utilizes an autoregressive linear forecast to predict the baseline of
the temperature trajectory and then introduces a dynamic error-correction
Rolling-Window Adaptive Kalman Filter (AKF).

11.3.1 The Base ARX Model

The initial predictions are generated by an AutoRegressive with eXogenous
inputs (ARX) architecture, formulated using the specific subset of features
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isolated by the L1 algorithm discussed in Section 3.4. The intrinsic properties
of the ARX model are highly suited for modelling building thermodynamics:
the autoregressive (AR) component natively captures the winery’s massive
thermal inertia by leveraging lagged historical indoor temperatures, while the
exogenous (X) inputs integrate external meteorological driving forces, such
as API-derived outdoor temperatures and solar radiation. To stabilize this
architecture against the residual multicollinearity of overlapping temporal
features, the model is constructed via Ridge Regression with an L2 penalty.
While these linear properties provide a mathematically interpretable and
physically grounded baseline for the winery’s thermal trajectory, the static
nature of the ARX structure cannot dynamically adapt to real-time microcli-
mate disturbances or unmeasured API inaccuracies. Consequently, recursive
multi-step predictions remain susceptible to compounding predictive drift.

11.3.2 Two-State Kinematic Kalman Filter

To tackle the cumulative prediction drift discussed in this chapter, a Two-
State Kinematic Kalman Filter (KKF) was implemented. Traditional adaptive
filters often treat ARX prediction errors as purely stochastic noise. How-
ever, in agricultural buildings, temperature errors compound through slow,
continuous thermodynamic drift driven by the facility’s thermal inertia. To
physically model this behaviour, the proposed pipeline employs a kinematic
state-space architecture that tracks both the magnitude of the prediction
bias and its rate of change. First, to account for continuous meteorological
volatility, the model estimates the real-time ARX prediction error as a two-
dimensional state vector Xt, containing both the bias position Xpos and the
latent bias velocity Xvel. For a given time, step t , the raw ARX prediction
error is calculated as:

yerr, t=yactual, t−ypred, t (11.1)

The KKF defines the state transition matrix F and the observation matrix
H to model a constant-velocity kinematic system. Because the ARX model
outputs at regular hourly intervals, the transition matrix assumes the error
position updates linearly based on its velocity, while only the position error
is directly observable:

F =

[
1 1
0 1

]
, H = [1 1] (11.2)
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A critical, physics-informed enhancement in this architecture is the struc-
tural formulation of the process noise covariance matrix, Q. Rather than
dynamically reacting to all outliers equally, the algorithm isolates the noise
into a diagonal matrix where the position varianceQpos and velocity variance
Qvel are optimized independently:

Q =

[
Qpos 0
0 Qvel

]
(11.3)

By isolating these parameters, the Differential Evolution optimizer is
allowed to actively constrain Qpos toward zero in high-inertia environments.
When this occurs, the filter acts as a mathematical lock against non-physical,
instantaneous temperature shocks. All thermodynamic volatility is strictly
routed through the velocity variance, ensuring that the filter ignores high-
frequency sensor noise and actively tracks the smooth, slow-moving drift
inherent to passive building heat loss. During the iterative execution of
the filter, the a priori state estimate Xpred,t and error covariance Ppred,t are
projected forward in the predict step:

Xpred,t = FXt−1 (11.4)

Ppred,t = FPt−1F
T+Q (11.5)

Once the new ARX prediction error is observed, the innovation and
Kalman GainKt are calculated to optimally update the state vector, governed
by the optimized measurement noise R:

innovationt=yerr,t−HXpred,t (11.6)

Kt=Ppred,tH
T
(
HPpred,tH

T+R
)−1

(11.7)

Finally, the state vector and covariance matrix are updated (a posteriori)
to be utilized in the subsequent time step:

Xt=Xpred,t+Kt·innovationt (11.8)

Pt=(I−KtH)Ppred,t (11.9)

11.3.3 Multi-Step Prediction Correction with Bias Decay

Because facility managers require reliable forecasts up to 18 hours in
advance, iterative multi-step forecasting is performed. As the model pre-
dicts further into the future (j steps ahead), projecting the error velocity
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in a continuous straight line from the Two-State Kinematic Kalman Filter
(KKF) can lead to severe overcorrection, as environmental thermodynamics
naturally fluctuate rather than drift infinitely. To safely project the state error,
the KKF applies an optimized exponential decay factor γ to the kinematically
projected bias. The corrected bias at future step j is calculated using the
estimated error positionXpos and error velocityXvel components of the state
vector

Biascorr,j=(Xpos+Xvel·j) · γj (11.10)

Finally, recognizing that agricultural buildings possess massive thermal
mass, the prediction output must be physically anchored. The final forecast
is formulated as a weighted blend controlled by the optimized thermal per-
sistence parameter β of the simulated indoor temperature from the previous
time step ysim,t+j−1 and the newly bias-corrected ARX forecast:

yfinal,t + j = β · ysim,t+j−1+(−β) · (yARX,t + j + Biascorr,j) (11.11)

11.4 Experimental Setup and Results

This section details the training of the ARX model and the finetuning of the
KKF via Differential Evolution (DE). In addition, we compare the hybrid
ARX-KKF architecture against the standard ARX baseline for each season to
display the predictive accuracy improvement of the system and its dynamic
physical adaptation to the winery’s shifting thermodynamics.

11.4.1 Hyperparameter Optimization

To validate the proposed pipeline and to test its adaptability, we trained the
model for each specific season interval independently. For each season, we
took the first 70% of the data to train the ARX model, used the next 15%
of the data to calibrate the Kalman filter parameters, and used the rest as
unseen samples to test the performance of the model. Specifically, the input
features were normalized using standard scaling before being fitted to a Ridge
Regression algorithm with a fixed regularization parameter of α = 1.0. After
that, we calibrated the Kalman filter using the validation dataset by employing
DE to implement a global search in the multidimensional parameter space to
find the optimal combination of hyperparameters that minimizes the multi-
step prediction error. As the parameter space specifically the tuning of the
noise covariance matrices is non-convex and prone to local minima, DE
was selected for its proven ability to locate global optima in continuous
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spaces without relying on gradient information [11]. The DE algorithm
was deployed to simultaneously optimize five KKF parameters: the physical
thermal anchoring weight β , the process noise variances for both the error
position Qpos and error velocity Qvel the baseline measurement noise, Rbase

and a kinematic projection decay factor γ.

11.4.2 Multi-Horizon Performance Analysis

The results of running the experiments described in Section 4.1 are outlined in
Table 4.1. They confirm the efficacy of the proposed framework, but also the
hyperparameters that the DE chose reveal how the filter shifts its behaviours
for each specific season. By analysing the optimal thermal anchoring weights
β, kinematic process noise variances Qpos and Qvel, and projection decay
factors γ selected across the three seasons, a physical narrative emerges
regarding how the algorithm adapts to shifting thermodynamics through the
seasons.

• Summer: In the summer interval, the Hybrid KKF provided a 15.02%
improvement at the 6-hour mark, though performance degradation
accelerated at the 12- and 18-hour horizons. The aggressive diurnal
solar loads caused the baseline trajectory to drift so significantly that
traditional thermal persistence became a liability. To compensate for
this extreme volatility, the optimizer practically eliminated the thermal
blending weight β < 0.08, maximized the velocity process noise
Qvel, > 0.08, and raised the decay factor γ > 0.56 for extended
horizons. The DE acknowledged that large, sudden temperature swings
in summer are true physical realities not transient observation noise
and therefore shifted the forecasting weight entirely onto the active
kinematic tracking of the thermodynamic drift.

• Autumn: In the autumn interval, the architecture achieved the highest
relative improvements of the entire study, peaking at 22.89% for the
12-hour horizon. Because the external weather was not as violently
volatile as mid-summer, yet not as static as winter, the KKF was able to
successfully track and update the state bias without becoming saturated.
The optimizer manages to balance moderate thermal anchor β ≈ 0.20
with active velocity tracking Qvel, ≈ 0.01 to 0.04 and an elevated decay
factor γ ≈ 0.55. This configuration allowed the kinematic projection
to confidently ride out the steady, predictable seasonal drift while main-
taining a physically realistic anchor, yielding the most robust and stable
multi-step forecasts of the year.
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Table 11.1 Predictive Performance Comparison (MAE) and Optimized KKF Hyperparame-
ters Across Seasonal Forecasting Horizons

Forecast ARX KKF

Season horizon MAE ◦C MAE ◦C Impr.% β Qpos Qvel Rbase γ

6h 0.2623 0.2029 22.65 0.029 0.0704 0.0001 0.000 0.50

Summer 12h 0.3607 0.2782 22.89 0.063 0.0284 0.0826 0.002 0.51

18h 0.3912 0.3154 19.39 0.074 0.0661 0.0813 0.000 0.56

6h 0.2623 0.2029 22.65 0.190 0.0538 0.0159 0.223 0.50

autumn 12h 0.3607 0.2782 22.89 0.222 0.0873 0.0408 0.857 0.55

18h 0.3912 0.3154 19.39 0.200 0.0000 0.0172 0.161 0.51

6h 0.2314 0.2069 10.61 0.459 0.0000 0.0000 0.593 0.50

Winter 12h 0.3191 0.2917 8.59 0.416 0.0892 0.0000 0.686 0.50

18h 0.3754 0.3420 8.90 0.361 0.0000 0.0000 0.969 0.50

• Winter: During the winter months, external thermal loads and overall
absolute temperatures are lower. To adapt to this low-energy, highly per-
sistent environment, the optimizer selected a remarkably high thermal
blending weight β ≈ 0.46 at the 6-hour mark) while mathematically
neutralizing the velocity tracking Qvel, ≈ 0.0. Furthermore, the kine-
matic decay factor hit the absolute lower boundary γ = 0.500 across
all time horizons. Because the winter indoor microclimate strongly
resists rapid change, the filter essentially learned to distrust noisy, high-
frequency errors from the ARX baseline. By setting the decay to its
maximum dampening effect relying instead on the building’s massive
physical inertia to anchor the forecast.

11.5 Conclusion

To address the drift that often affects indoor temperature autoregressive pre-
dictions, we proposed a two-stage hybrid pipeline. We did this by integrating
an ARX model with a Two-State Kinematic Kalman Filter (KKF) and a
thermal smoothing anchor to correct the cascading errors caused by noise
in the API data or other unpredictable events. We evaluated the model across
three distinct seasonal intervals. For each interval, we trained the model from
scratch and optimized the kinematic and thermal persistence parameters via
Differential Evolution. The proposed pipeline was able to reduce multi-step
forecasting errors by up to 22.89% across forecast horizons of up to 18 hours.
Future work will explore replacing the linear ARX baseline with advanced
recurrent neural network (RNN) architectures. Transitioning to deep learning
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could allow the base model to better capture the extreme, non-linear thermal
dynamics observed during peak summer solar loads, thereby enhancing the
framework’s overall accuracy.
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