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Abstract

This paper presents the adaption of a data-driven model of the microclimate of a first greenhouse (of 877 m2) to a second,
different greenhouse (of 1900 m2) by using transfer learning. The temporal evolution of air temperature and relative humidity
inside the first greenhouse were modeled using a transformer-based model. The transformer was trained and validated with an
81-day dataset from the first greenhouse, for multi-step prediction of the microclimate. Subsequently, the same transformer-based
model was used with a different 48-day dataset from the second greenhouse. Transfer learning was then used to fine-tune the
weights and biases of the transformer. Results show that, by using transfer learning, only two days of data were necessary to train
the transferred model. This also shows that the initial transfomer generalized well and learned basic greenhouse climate dynamics
that only need to be adapted slightly when the greenhouses specifications change. Therefore, transfer learning is presented as a
method that can facilitate the reuse or adaptation of neural-based predictive controllers between different greenhouses.
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1. Introduction

Greenhouses are essential for sustainable, high-efficiency
food production because they allow crops to be cultivated un-
der controlled environmental conditions. Maintaining a sta-
ble microclimate, specifically temperature and humidity, is
critical for achieving consistent yields and efficient resource
use, as these factors directly affect plant health and growth
(Rodrı́guez et al., 2015).

Accurate modeling of the greenhouse microclimate is a
key aspect for implementing predictive control systems that
dynamically adjust heating, ventilation, and shading mech-
anisms in response to changing internal and external con-
ditions. However, greenhouse climate dynamics are highly
variable and influenced by structural design, orientation, vent
placement, crop type, and seasonal changes. External weather
factors, such as radiation, temperature, humidity, and wind,
further complicate the system by introducing significant non-
linearities, making accurate modeling a difficult task. Al-
though physics-based models use thermodynamic equations to

provide a principled foundation, they are often difficult to cal-
ibrate and do not generalize well across different greenhouse
configurations. Furthermore, collecting the necessary data to
calibrate these models for each new setup is time-consuming
and inefficient. Data-driven methods offer a promising alterna-
tive by learning dynamic patterns directly from observations
(Patil et al., 2023). For instance, in (Guo and Feng, 2024) and
(Lin et al., 2024), various types of Long Short-Term Mem-
ories (LSTMs) were successfully used to learn and predict
the temporal behavior of greenhouse systems. Also, Fink
et al. (2025) use a feedforward Neural Network (NN) to model
the greenhouse microclimate dynamics for a Learning-based
Model Predictive Control approach.

However, training such data-driven models typically re-
quires large datasets, which are not always available for every
application. In this context, transfer learning is a practical so-
lution because it allows pre-trained models to be adapted to
new greenhouses by fine-tuning with a minimal amount of ad-
ditional data to achieve the same prediction errors as with a
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single large dataset (Ismail Fawaz et al., 2018). This enables
faster and more scalable deployment of predictive systems as
collecting datasets on greenhouses is bound to time and take
several weeks. For example, a model trained with data mea-
sured at one specific greenhouse could be adapted to simu-
late the microclimate of a different greenhouse by a transfer
learning approach. In recent years, some studies have been
published evaluating the potential of applying transfer learn-
ing in greenhouses, both for modeling and control approaches
(Moon and Eek Son, 2021; Zhao et al., 2022). Additionally,
new model architectures based on NNs, such as transformer-
based models, have been applied to greenhouses with promis-
ing results for modeling the microclimate (Lee et al., 2025).

This work introduces a framework for modeling the green-
house microclimate using transformer-based neural networks.
Results show that this approach can accurately predict internal
air temperature and humidity based on external weather condi-
tions and the vent opening percentage, which are key variables
for climate control in Mediterranean greenhouses when us-
ing natural ventilation. By fine-tuning pre-trained models on
small datasets from new greenhouses, transfer learning signif-
icantly reduces the data and time required to develop predic-
tive models suitable for control applications. It effectively ac-
counts for variability in greenhouse structures, crop types, and
seasonal conditions, thereby improving generalization. This
makes it feasible to apply machine learning models in real-
world scenarios without the need for prolonged data collection
and tuning periods.

The remainder of the paper is structured as follows. Sec-
tion 2 describes the materials and methods, including datasets
measured in two Mediterranean greenhouses (located in dif-
ferent geographical areas with some climatic differences),
transformer-based models, and the transfer learning method.
Section 3 presents the results and discussion. The work ends
with a summary of conclusions and future work in Section 4.

2. Materials and Methods

2.1. Description of Greenhouse Datasets

The transformer-based model later presented in Sec-
tion 2.4 needs to be trained by greenhouse data, considering
that the model predictions are the states x̂i|k of the greenhouse
(i.e., the climate variables of interest). This work utilizes two
different datasets of two greenhouses as the source and target
domain and task, as explained in the following sections.

2.1.1. Source Dataset
The source dataset contains data acquired by several sen-

sors from an Almerı́a-type greenhouse (877 m2) located at
“Las Palmerillas” Experimental Station of the Cajamar Foun-
dation in El Ejido, Almerı́a, Spain (see Figure 1a). For natural
ventilation, it is equipped with sevens vents in total, five being
located on the roof and two on the north and south sidewalls,
respectively. The data from this greenhouse were recorded
from October 10, 2020, to December 29, 2020, by taking mea-
surements of all climate variables and vent positions (from
0% to 100% of vent opening) every 30 s, which results in
233 381 data points recorded over a period of 81 days. The
dataset is presented in Figure 2.

Figure 1: Experimental greenhouses. The source in (a) and the target green-
house in (b).
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Figure 2: Plot of source and target dataset. See Section 2.2 for the variables.

2.1.2. Target Dataset
The second dataset, the target dataset, stems from another

Almerı́a-type greenhouse (1900 m2) located at the AgroCon-
nect.es research facilities and IFAPA center in La Cañada,
Almerı́a, next to the University of Almerı́a, Spain (see Fig-
ure 1b). It was also recorded in winter, from December 6,
2024, to January 22, 2025. Its data are presented in Fig-
ure 2. While the measured climate variables were the same,
this greenhouse has more vents for natural ventilation: six roof
vents and seven side vents. All vents can be controlled sepa-
rately, but they were synchronously controlled in the recorded
dataset.

2.2. Greenhouse Modeling Framework
Figure 3 shows a schematic of the greenhouses as a ref-

erence framework for the modeling procedure later explained
in Sections 2.3 and 2.4. Therefore, the greenhouse state space
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is defined as follows. At time step k, the state is described
by xk =

[
θin, ϕin

]
with the inside temperature θin and humid-

ity ϕin. The lateral and roof vents form the control input with
uk = [uroof, ulat]. The disturbances of the system are in this
case the outside weather variables of the greenhouse, which
are defined as pk =

[
θout, ϕout,Rin,Rout, vwind

]
with the outside

temperature θout and humidity ϕout, the in- and outside radia-
tion Rin and Rout, and the outside wind speed vwind. During the
measurements, a tomato crop was growing in the two green-
houses described in Section 2.1.

vwind

ϕin
θin θout

ϕout

Rout

Rin

Crop

Sun uroof

ulat

Figure 3: Schematic of the greenhouse modeling framework.

2.3. Datasets Preparation for Model Training

When training a NN, samples from the dataset are pro-
vided as input. Each sample at step k is defined as the vector
sk =

[
xk,uk, pk

]T. The number of prediction steps typically
depends on the intended application; in this case, a multi-step
prediction is employed, as forecasts over a time span of sev-
eral hours are required. Accordingly, a sequence of past sam-
ples S−k and known future samples S+k are fed to the NN for
prediction, where S−k and S+k+1 are defined as

S−k =
[
sT

k−m·(l−1), s
T
k−m·(l−2), ..., s

T
k

]T
, (1)

S+k+1 =
[̃
sT

k+1, ..., s̃
T
k+1+m·(l−2), s̃

T
k+1+m·(l−1)

]T
, (2)

with the future known samples defined as s̃k =
[
ũk, p̃k

]T.
These sequences can then be used to predict the future states
X+k+1 of the greenhouse microclimate with the prediction
model GNN as in X̂+k+1 = GNN

(
S−k ,S

+
k+1

)
with

X̂+k+1 =
[
x̂T

k+1, ..., x̂
T
k+1+m·(l−2), x̂

T
k+m·(l−1)

]T
. (3)

The arrangement of these matrices is the following: there are
always three matrices of past data, where the past states X−k ,
control signals U−k , and parameters P−k form sequence S−k , the
future data is given by the future control signals U+k+1 and pa-
rameters P+k+1 forming sequence S+k+1. The prediction target is
X+k+1, which also needs to be sampled from the dataset.

2.4. Transformer-based Model

In this work, a transformer-based model was employed.
While a single Long Short-Term Memory (LSTM) would
be sufficient for modeling sequential data, empirical testing
demonstrated improved performance for multi-step prediction
using a transformer-based architecture that was inspired by

the Temporal Fusion Transformer (Lim et al., 2021). This ar-
chitecture combines LSTMs with transformer-based attention
mechanisms. Its strength lies in its ability to handle multiple
types of temporal features, such as static covariates, known
future inputs, and past observations, while also offering im-
proved interpretability through attention and gating mecha-
nisms. Attention is a mathematical mechanism to detect fea-
tures and is described best as a mapping of queries and a set
of key-value pairs to an output (Vaswani et al., 2017), where
the output is computed as a weighted sum of those values.
This can then be used as either an encoder or decoder, where
the keys, values, and queries come from the same place – the
previous layer – but in the decoder, masking is introduced to
avoid illegal connections. In an encoder-decoder, the queries
come from the previous decoder layer, and the memory keys
and values come from the output of the encoder, which is sim-
ilar to the attention mechanism in sequence-to-sequence mod-
els in Gehring et al. (2017), which use LSTM.

To build a transformer model, one typically applies em-
bedding layers to project the inputs into a common hidden di-
mension suitable for processing by the attention mechanisms.
This is often done using fully connected layers. After passing
through one or more Multi-Head Attention blocks, followed
by feedforward layers, the outputs are projected back to the
desired output dimension using another fully connected layer.
For a detailed explanation of transformers, the readers are re-
ferred to Vaswani et al. (2017).

The architecture of the model used in this work is shown in
Figure 4. It consists of a transformer built from two LSTMs
as encoder and decoder, a Multi-head attention layer, and a
fully connected layer, which makes it a modified version of
the Temporal Fusion Transformer from Lim et al. (2021).
In this transformer, past data S−k is encoded by an LSTM,
whose states initialize the decoder processing future data S+k+1.
The decoder output passes through a dropout layer (Srivas-
tava et al., 2014), hyperbolic tangent (tanh), temporal self-
attention, and a fully connected layer to predict future green-
house microclimate states X+k+1. The temporal self-attention
layer is build from a Multi-head Attention block and dropout
applied to its output. The intermediate state mt and cell state
ct of the encoder are transferred to the decoder.

X̂+k+1

Fully Connected
Layer

Temporal
Self-Attention

tanh

ct

mt

S+k+1

LSTM DecoderLSTM Encoder

S−k

Figure 4: Architecture of the implemented transformer-based model.



Loer, Paul et al. / Jornadas de Automática, 46 (2025)

2.5. Transfer Learning for the Greenhouse Model

The first step in applying transfer learning to the two
datasets from the two greenhouses is to compare their state
spaces. As analyzed in Section 2.1, both greenhouses have
the same number of control signals since all vents were con-
trolled simultaneously. This allows for direct application of
transfer learning without modifying the transformer architec-
ture. In this case, the source and target domains are identical
because both datasets originate from similar greenhouse sys-
tems. However, due to differences in greenhouse structure and
dimensions, the microclimate dynamics and their predictions
differ slightly from one another. This scenario corresponds to
inductive transfer learning (Pan and Yang, 2010).

Although multiple transfer learning strategies exist, pre-
liminary tests indicated that a single approach was sufficient
for this study, involving only fine-tuning of the architecture
weights and biases. Additionally, Gaussian noise was added to
the transformer weights prior to training on the target dataset,
following the method proposed in Wu et al. (2022). This ini-
tialization perturbs the model parameters away from potential
local minima, facilitating further optimization on the target
task. Additionally, introducing controlled noise may mitigate
catastrophic forgetting (Kirkpatrick et al., 2017) by preserv-
ing useful information from the source model while enabling
adaptation to the new dataset. This method is defined as

W′ =W +N(0, σ) (4)
b′ = b +N(0, σ), (5)

where W and b are all the weights and biases of the trans-
former and N(0, σ) is the Gaussian noise with zero mean and
standard deviation σ. This method is later evaluated in Sec-
tion 3.2.

3. Results and Discussions

In the following, both the source and target datasets are
used for training, and each is split into a training, validation,
and testing dataset via an 80-10-10 split. This means that the
source dataset is split into sets of 65, 8, and 8 days, and the
target dataset is split into sets of 38, 5, and 5 days of data.

3.1. Transformer-based Model Training and Validation

For training the transformer, a sequence with past data S−k
of length l = 144 and stride m = 20, covering effectively 24 h,
and a sequence with future data S+k+1 of length l = 72 and
stride m = 20, equal to 12 h, were used.

Two prediction models were learned from the source and
target datasets by optimizing the transformer models with
the Stochastic Gradient Descent (SGD) (Robbins, 1951) op-
timizer from PyTorch. As before, the data were standardized
and divided via an 80-10-10 split into a training, validation,
and test set. As it was no random split, the training data con-
sisted of older data than the validation and test set. The hy-
perparameters were set as follows: A learning rate of 1× 10−3

with a scheduler reducing it to 1 × 10−4, a hidden size of 128,
an attention head size of 8, one layer for the two LSTMs, and
a dropout probability of 0.5. During training, batches of size
16 were used.

For the source dataset, Root Mean Square Error (RMSE)
of 1.0038 ◦C and 4.4707 % for prediction of the inside tem-
perature and humidity were achieved, for the target dataset
the respective values are 0.7783 ◦C and 4.5211 %.

As explained, two different transformers (i.e., for each
dataset) were trained to confirm that this type of model is valid
to represent microclimate dynamics, regardless of the type of
greenhouse.

3.2. Transfer Learning Results
The chosen technique of copying the weights and biases

and adding Gaussian noise, which was presented in Sec-
tion 2.5, is evaluated in this section for the transformer-based
model trained on the source dataset.

For this type of transfer, a slight alteration of the weights
and biases in the source model is expected. Since the num-
ber of inputs does not change, the model architecture remains
the same. In addition, both datasets were recorded during
the same season so all climatic variables have similar mini-
mum and maximum values. Thus, the expected return of this
transfer learning approach is the improvement of the predic-
tive capability of the model, mainly to adapt to changes in the
underlying dynamics of the greenhouse climate, but without
drastically influencing the results.

The transferred model was fine-tuned on the part of the
target dataset for training and then tested on the target test
dataset. With a standard deviation of the Gaussian noise of
0.01, RMSE of 0.7107 ◦C and 4.5226 % were obtained for
the prediction of the inside temperature and humidity over a
12 h horizon, which is slightly better than the results in Sec-
tion 3.1. The value of 0.01 for the Gaussian noise was selected
by testing different magnitudes for the standard deviation of
the noise, ranging from 1 × 10−4 to 1 × 10−1. It was found,
that the maximum Gaussian noise that can be added without
worsening the results has a standard deviation of 0.01.

Returning to the motivation for transfer learning in the first
place, the question of how much data is necessary for having
a working prediction model needs to be answered. Testing is
done by varying the size of the training set. As an 80-10-10
split was used, the validation and test sets consist of five days
of data each, as there are in total 48 days of data in the target
dataset. To have a constant reference frame, the validation and
test sets are kept the same for all further tests, while the size
of the training set was set to a range of 2 days to 21 days. The
minimum is two days, as the selected model needs at least 24 h
of past data and 12 h of future data. Therefore, a transformer-
based model was trained without and with transfer learning in
each training iteration. The same seed initialized both models
to prevent the results from being influenced by good initial-
ization.

In Figure 5, it can be observed that, without transfer,
RMSE decreases gradually with more data, while with trans-
fer, lower RMSE is achieved after just two days. The slight
RMSE increase (top right, with transfer) may stem from
adding less relevant data. From these results, it can be
concluded that with transfer learning, two days are already
enough training data for a reasonably low RMSE and stan-
dard deviation. Similar expectations will apply to other trans-
fers when using data from a greenhouse with a different but
analogous structure or from another season.
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To validate the findings across different two-day periods,
the starting point of the training set was varied while keep-
ing its length fixed. RMSE and standard deviation were again
computed for comparison, as shown in Figure 6. Without the
transfer, the RMSE varies significantly, while it is almost con-
stant with the transfer. The small increase in RMSE for start-
ing days 20 to 25 is most likely related to data that is more
different than the other days that are used for training. These
results verify again the minimal data required with transfer
learning.

0

5

R
M

SE
[◦

C
]

without transfer with transfer

2 5 8 11 14 17 20
0

10

20

R
M

SE
[%

]

2 5 8 11 14 17 20
Days of Training Data

Figure 5: Estimating the minimum training data needed for transfer learning
by copying weights and adding noise.

On the other hand, although the RMSE was the selected
metric for the quantitative evaluation, visual comparisons also
help to analyze the results. To illustrate the impact of trans-
fer learning with minimal data, Figure 7 compares predictions
from the models with and without transfer. The predictions
were computed by feeding different sequences with 12 h in-
between to the model, such that a period of three days was
covered. As expected, the transferred model outperforms the
non-transferred model very significantly, highlighting its good
fit to the real data despite having been transferred using a re-
duced amount of data.

4. Conclusion

This work presented a methodology to model the dynam-
ics of a greenhouse microclimate using a transformer-based
model. The model was successfully trained for multi-step
prediction of air temperature and relative humidity of a first
greenhouse. The transformer was then transferred to a differ-
ent greenhouse by using transfer learning. According to the
results, it can be concluded that the needed amount of train-
ing data can be considerably reduced with transfer learning. A
model that was transferred and fine-tuned with only two days
of additional new training data was able to predict the future
states over a 12 h horizon with high accuracy. This approach
could be tested for future integration with an Model Predic-
tive Control (MPC) controller. Also, further investigation into
different transfers are necessary. This work showed a transfer
between similar greenhouses during the same season, while
a transfer between different seasons for the same greenhouse
would also benefit the reuse of the model. Moreover, a trans-
fer between greenhouses with a different configuration of their
vents could be analyzed. For these possible transfers it is nec-
essary to find the minimum amount of additional data from

the target datasets and cross-validate the forecasting capabili-
ties, while maintaining the initial assumptions that the amount
of data can be reduced and the predictive capability can be
increased.
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