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 A B S T R A C T

In order to make reliable forecasts of greenhouse climate variables, it is often necessary to have a long history 
of indoor sensor data, but newly constructed facilities often lack such records. In contrast, multi-year outdoor 
weather series are usually available. This paper introduces a two-stage deep learning pipeline to address 
this data scarcity. First, outdoor-to-indoor mapping models are trained to translate outdoor measurements 
of temperature, humidity, and radiation into synthetic indoor series. Secondly, these synthetic indoor series 
are used to train prediction models, which are then compared with their counterparts trained with real indoor 
data. Experiments conducted on six greenhouses across four countries with six deep learning architectures 
demonstrate that synthetic indoor climate series, generated from weather records, can effectively substitute 
for missing sensor histories. This approach enables the rapid deployment of forecasting systems in data-limited 
greenhouses and provides a practical AIoT strategy to mitigate information gaps in precision agriculture.
1. Introduction

The agricultural sector faces unprecedented challenges driven by 
two global trends: the increasing frequency of extreme weather events
(Schmitt et al., 2022) and the rapid growth of the world population, 
projected to reach 10 billion by 2050 (Sadigov et al., 2022). Meeting 
future food demand requires a transformation towards more efficient 
and resilient production systems. In this context, the integration of 
Artificial Intelligence (AI) and the Internet of Things (IoT) into agri-
cultural practices has given rise to the concept of Smart Greenhouses, 
where environmental conditions can be monitored and controlled in 
real time to improve yields and resource efficiency (Ardiansah et al., 
2020; Nakhaei et al., 2023). This transition aligns with broader global 
technological trends; as recent systematic analyses highlight, the ex-
ponential growth of IoT data across domains such as climate and 
agriculture has rendered manual data processing impractical, necessi-
tating advanced machine learning frameworks to generate meaningful, 
actionable insights (Chahal et al., 2024).

Forecasting indoor climate variables such as temperature, humid-
ity, and radiation is key to greenhouse management, as these factors 
directly influence crop growth and determine the decisions of climate 
control systems and decision-support systems (DSS) (Maraveas, 2022; 
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Zhai et al., 2020). A wide range of forecasting approaches has been 
investigated, spanning statistical models (Sharma et al., 2022; Sun 
et al., 2019), machine learning methods (Kaneda & Mineno, 2016; 
Tsai et al., 2020), and deep learning architectures (Jin et al., 2021; 
Liu et al., 2023). While many of these solutions successfully fore-
cast individual climate variables (Codeluppi et al., 2020; Oh et al., 
2023), and more recently multivariate forecasting models for green-
house environments have emerged (Morales-García et al., 2024), they 
all rely fundamentally on the presence of historical greenhouse data 
for training. Some research has explored reinforcement learning-based 
approaches for greenhouse climate control, but even these methods 
require substantial exploration and adaptation periods to learn internal 
thermodynamics, making them non–plug-and-play and costly in both 
time and resources (Mallick et al., 2025; Morcego et al., 2023).

Fortunately, the internal dynamics of a greenhouse are strongly 
influenced by the local exterior weather regime. This observation moti-
vates the main research questions of this work: (i) can we train a global 
climate-control ML model by matching outdoor weather variables (as 
input) with indoor greenhouse behavior (as output)? and (ii) can we use 
this model to bootstrap forecasting in newly instrumented greenhouses 
lacking interior histories?
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Unlike conventional greenhouse forecasting approaches, which as-
sume the availability of historical indoor observations for model train-
ing, we reformulate indoor climate prediction as a bootstrapped cross-
domain learning problem. Specifically, we address the scenario of 
newly instrumented greenhouses where no prior indoor sensor history 
exists. Instead of relying on target-domain data, we propose to leverage 
long-term outdoor meteorological records to synthesize structurally 
coherent indoor climate series through a learned outdoor-to-indoor 
transformation. This formulation enables what we define as zero-history 
indoor forecasting, where predictive models can be deployed without 
requiring historical indoor measurements from the target greenhouse. 
To the best of our knowledge, this problem has not been previously for-
malized in the greenhouse forecasting literature, which predominantly 
assumes data-rich indoor environments.

To operationalize this hypothesis, we propose a two-stage deep learn-
ing pipeline. In the first stage, outdoor-to-indoor mapping models learn 
to translate external measurements (temperature, humidity, radiation) 
into synthetic indoor series that implicitly encode site-specific buffering 
and control responses. In the second stage, these synthetic series serve 
as training data for forecasting models, which are then rigorously 
benchmarked against identical forecasters trained on real indoor data. 
Experiments over six greenhouses spanning four countries and six 
neural architectures (MLP, LSTM, CNNLSTM, LSTM with Attention, 
CNNLSTM with Attention, Transformer) validate that synthetic interior 
series can effectively stand in for missing sensor histories.

It is important to emphasize that this research serves as a proof-
of-concept for a zero-history deployment strategy. Unlike existing hy-
brid control strategies that optimize performance in established green-
houses, the primary objective here is to enable the immediate gener-
ation of predictive models for newly instrumented facilities that lack 
historical sensor data. By framing this as a data-driven bridge between 
global meteorological records and local indoor dynamics, we aim to 
demonstrate the feasibility of ‘‘cold-starting’’ AIoT systems, a necessary 
precursor to physical implementation in the agricultural sector.

The major contributions of this paper are the following:

• We introduce a novel reformulation of greenhouse climate fore-
casting as a zero-history indoor forecasting problem, explicitly ad-
dressing the practical constraint of newly deployed or sensor-
limited greenhouses where historical indoor data are unavailable.

• We propose a two-stage exogenous bootstrapping framework 
that decomposes the learning process into: (i) a structural cross-
domain mapping from outdoor to indoor climate variables, cap-
turing thermodynamic buffering and control-system effects; and 
(ii) a temporal forecasting model trained on synthetically gener-
ated indoor sequences.

• We conceptually distinguish our approach from conventional syn-
thetic data augmentation, domain adaptation, and surrogate mod-
eling paradigms by demonstrating that the proposed method does 
not require access to target-domain indoor observations for model 
training.

• We provide extensive multi-site empirical validation across six 
heterogeneous greenhouses in four countries, showing that fore-
casting models trained on synthetically generated indoor series 
can approach, and in some cases surpass, the performance of 
models trained on real indoor histories.

• We characterize the conditions under which the structural map-
ping enables reliable forecasting, thereby identifying the lim-
its and robustness properties of exogenous bootstrapped indoor 
climate prediction.

The remainder of this paper is organized as follows: Section 2 
reviews related work; Section 3 details the use-case setting, datasets, 
problem formulation, and models; Section 4 presents evaluation and re-
sults; Section 5 discusses the findings; Section 6 concludes and outlines 
future directions.
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2. Related work

Several studies have focused on short-term forecasting of green-
house climatic conditions through models that predict a single target 
variable, namely the indoor air temperature. Ruiz et al. (2022) evalu-
ated different time-series forecasting libraries (Prophet, Greykite, and 
TPOT) using only historical indoor temperature as input. After data 
sanitization, prediction errors ranged from 1.5 ◦C to 3 ◦C, with Greykite 
showing the best performance. Morales-García et al. (2023) compared 
AR, ARIMA, K-Nearest Neighbors, and Random Forest regressors for 
indoor temperature prediction in an operational smart greenhouse, 
with Random Forest achieving MAE < 1 ◦C and 𝑅2 ≈ 0.97 at 12 h
and 24 h horizons. These models primarily focused on isolated, data-
rich scenarios without closed-loop control, serving as the foundation 
for later, more integrated approaches.

As greenhouse systems are strongly influenced by interacting cli-
matic variables, later research shifted towards multi-input and mul-
tivariate approaches to capture the coupled effects of temperature, 
humidity, and radiation. García-Vázquez et al. (2023) applied linear 
regression and SVR to predict indoor air temperature, incorporating 
indoor and outdoor humidity and temperature as explanatory variables, 
and reported 𝑅2 > 0.95. Liu et al. (2025) compared multiple linear 
regression, random forest, SVR, LSTM, and GRU across 21 prediction 
horizons (15 min–24 h) for solar greenhouses, with GRU consistently 
outperforming alternatives (𝑅2 ≈ 0.99 for 24 h forecasts, reducing 
RMSE by 12%–27% compared to LSTM). Yu et al. (2025b) developed 
a dual Transformer-BiLSTM architecture that integrates relative posi-
tional encoding and sparse attention for winter prediction in northern 
China solar greenhouses. Their model achieved an average MSE of 
0.0599 (◦C)2 and 𝑅2 = 0.9989, remaining robust across horizons from 
6 to 48 h and under variable feature combinations, and highlighting 
vapor pressure deficit (VPD) and radiation as critical factors. Expanding 
to multiple outputs, Eraliev and Lee (2023) tested DNN, LSTM, and 1D-
CNN for simultaneous prediction of temperature, humidity, and CO2
concentration in hydroponic greenhouses, with LSTM yielding 𝑅2 ≈
0.99 for temperature and 0.97 for humidity.

Domain-specific frameworks have also been introduced. Liu et al. 
(2022) proposed GCP-LSTM for short-term prediction of six climatic 
factors (temperature, humidity, illumination, CO2 concentration, soil 
temperature, soil humidity), achieving robustness against noisy sensor 
inputs. Jung et al. (2022) integrated evapotranspiration estimates with 
LSTM-based modeling to improve humidity prediction and irrigation 
scheduling in tomato greenhouses. Jeon et al. (2024) benchmarked 
MLR, SVM, ANN, and XGBoost for melon greenhouse datasets, with 
XGBoost attaining 𝑅2 up to 0.993. Riskiawan et al. (2023) deployed IoT 
sensors combined with LSTM predictions to drive actuator control (ven-
tilation, misting, irrigation), enabling adaptive responses. Similarly, So-
heli et al. (2022) coupled IoT sensing with ANFIS-based fuzzy inference 
for automated microclimate regulation and secure data handling.

More complex deep architectures have emerged to improve multi-
step robustness. Yang et al. (2023) introduced FAM-LSTM with atten-
tion for 12–48 h forecasting, enhancing accuracy in both temperature 
and humidity. Ma et al. (2024) proposed a fuzzy-adaptive normalized 
encoder–decoder network that improved resilience under data volatil-
ity. Morales-García et al. (2024) presented a multi-model ensemble allo-
cating different architectures to distinct variables, achieving balanced 
prediction performance across datasets. Wang et al. (2025) extended 
the scope to irrigation management in cherry tomato greenhouses, 
showing that XGBoost integrating light, temperature, and humidity 
data improved water-use efficiency and crop quality.

Beyond forecasting, a growing body of work targets control-oriented 
strategies such as Model Predictive Control (MPC), Reinforcement 
Learning (RL), and hybrid architectures. Morcego et al. (2023) com-
pared MPC and RL in greenhouse climate control, showing that RL 
algorithms such as DDPG handle continuous action spaces with robust 
learning, whereas MPC ensures stronger constraint satisfaction. Mallick 
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et al. (2025) integrated MPC as a function approximator for RL, 
reducing conservatism and improving growth and resource efficiency 
in lettuce greenhouses. Mansour et al. (2025) advanced this with 
a hierarchical system: an upper-level economic MPC optimizing tra-
jectories under dynamic energy prices, and a lower-level deep RL 
agent ensuring robust tracking even under actuator failures. Hamidane 
et al. (2024) applied constrained MPC with subspace identification 
(N4SID) to regulate temperature (15 ◦C–30 ◦C) and humidity (50%–70% 
RH) in Schefflera arboricola, ensuring control under actuator volt-
age limits while reducing computational complexity. Naagarajan and 
Streif (2025) coupled MPC with interpretable AI through an Adaptive 
Retrieval-Augmented Generation (ARAG) framework, which explained 
MPC outputs in natural language. Their approach improved explanation 
quality (BERTScore +12.1%) without degrading control performance, 
bridging optimization with practical decision-making.

A complementary direction is the integration of physical mod-
els with data-driven approaches, known as Physics-Informed Machine 
Learning (PIML). Nghiem et al. (2023) reviewed PIML methods for 
dynamical systems, highlighting how embedding conservation laws 
into neural architectures or loss functions enhances robustness and 
interpretability. Ullah et al. (2022) proposed a hybrid AI-IoT sys-
tem integrating ANN-based modules for prediction and optimization, 
achieving ∼62% energy reduction and ∼68% cost savings compared to 
baselines, while preserving yield. Fink et al. (2025) developed Neural 
Predictive Control (NPC) based on feedforward neural networks trained 
on 81 days of Mediterranean greenhouse data, achieving < 3K temper-
ature tracking error and keeping humidity within bounds 81% of the 
time, demonstrating adaptability to seasonal and structural changes. 
PIML thus bridges data-driven and physics-based reasoning, offering 
interpretability yet still relying on extensive measurement datasets for 
calibration.

Finally, several articles introduced reviews on this topic. Vanegas-
Ayala et al. (2022) analyzed 93 studies on fuzzy inference for green-
house humidity control, concluding that Mamdani-type fuzzy con-
trollers combined with clustering and optimization achieve high ro-
bustness. Maraveas (2023) surveyed AI in smart greenhouses, spanning 
robotics, bio-inspired optimization, UAV-based pest control, and irriga-
tion, while stressing barriers such as cost and energy demand. Goldenits 
et al. (2024) reviewed reinforcement learning and digital twins in 
agriculture, categorizing applications in irrigation, pest detection, crop 
management, and greenhouse optimization, and highlighting the need 
for explainable and data-efficient RL solutions. Yu et al. (2025a) pro-
vided a comprehensive review of temperature prediction and control, 
showing deep learning’s strength in forecasting and fuzzy logic, MPC, 
and RL in control, with digital twins and plant-centric AI as promising 
future pathways.

While the aforementioned studies demonstrate the power of deep 
learning for greenhouse climate control, a critical gap remains in 
the practical deployment phase. Existing research predominantly as-
sumes the availability of high-quality, long-term historical datasets 
from within the target facility to train these models. However, this 
‘‘data-rich’’ assumption fails in real-world agricultural expansion, where
new greenhouses often lack any sensor history.

Unlike traditional virtual sensing approaches that focus on spatial 
interpolation within a single instrumented site, or GAN-based aug-
mentation that requires a seed of real data to function, our proposed 
framework introduces a fundamental shift: decoupling the learning of 
greenhouse physics from the specific target site. By framing the prob-
lem as an ‘‘outdoor-to-indoor mapping’’ problem, we move beyond the 
descriptive modeling found in current literature towards a zero-history 
deployment strategy. This approach allows us to exploit the abundance 
of global meteorological data to ‘‘cold-start’’ forecasting systems in 
new facilities, a critical transition from empirical experimentation to 
scalable, industrial AIoT application.

It is important to note that the evolution from univariate regres-
sors to multivariate deep architectures, and further into reinforcement 
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learning, predictive control, and physics-informed hybrids, reflects a 
clear convergence towards intelligent and sustainable greenhouse man-
agement. Yet, challenges remain in interpretability, robustness across 
climates, computational efficiency, and integration with real-time de-
cision support; gaps that motivate the approach presented in this work. 
Specifically, most studies assume the existence of dense and long-term 
indoor sensor datasets, which limits their deployment in data-scarce 
greenhouses. Building upon these advances, our forthcoming work aims 
to address one of the main limitations identified in current greenhouse 
forecasting and control research; the dependence on long-term indoor 
datasets for model training. We will develop a two-stage methodol-
ogy in which outdoor-to-indoor mapping models translate external 
meteorological data into synthetic indoor climate series, enabling the 
creation of realistic training datasets even for newly instrumented or 
data-scarce greenhouses. These synthetic sequences will then feed mul-
tivariate deep learning models for temperature, humidity, and radiation 
forecasting. By systematically evaluating multiple architectures across 
geographically diverse sites, the project seeks to establish outdoor-to-
indoor mapping as a generalizable and scalable strategy for rapid AI 
deployment in smart greenhouse environments. In doing so, it will 
bridge the current gap between purely data-driven prediction and the 
practical constraints of real-world agricultural systems. The follow-
ing section details the design and implementation of this proposed 
outdoor-to-indoor mapping framework.

3. Materials & methods

This section outlines the use-case setting in which the proposed so-
lution has been tested, the description of the target prediction problem 
along with all deep learning models used and the integrated learning 
methodology adopted to solve it.

3.1. Use-case setting

This article uses paired indoor and outdoor time series of tem-
perature, relative humidity, and global radiation collected from six 
commercial greenhouses located in Alhama de Murcia (Murcia, Spain), 
Falces (Navarra, Spain), Sonora (Mexico), Miranda (Cartagena, Spain), 
Melipilla (Chile), and Antalia (Turkey). This heterogeneous set of fa-
cilities offers a diverse experimental framework encompassing a range 
of climatic conditions, control system complexities, and geographical 
locations, which is essential for validating the generalizability and 
robustness of the proposed mapping and forecasting models.

The outdoor datasets were obtained from the paid Weatherbit API 
service (Weatherbit, 2025), providing continuous meteorological obser-
vations with a temporal resolution of fifteen minutes and a coverage 
of approximately five years per site. The indoor datasets were acquired 
through Nutricontrol greenhouse sensors (Nutricontrol, 2025) as part of 
the research project SERGIoT (Project, 2025). The availability of indoor 
data varies between sites, ranging from one to five years, depending on 
the commissioning date and maintenance of the sensing infrastructure.

The indoor sensors were integrated with Nutricontrol climate con-
trollers from the V4 series, namely the Mithra Clima Pro, Mithra Clima, 
and Mastia V  models (Nutricontrol, 2022). These controllers oper-
ate as embedded systems designed for automated environmental reg-
ulation in greenhouses, performing closed-loop control of actuators 
such as ventilation windows, heating circuits, humidification systems, 
and shading or thermal screens based on continuous sensor feed-
back. The Mithra Clima Pro unit, deployed at the most instrumented 
sites (Alhama de Murcia, Sonora, and Falces), supports up to nine 
independent compartments and incorporates advanced multi-variable 
proportional–integral–derivative (PID) control algorithms. This device 
enables high-resolution regulation of air temperature, relative humid-
ity, and CO2 concentration by coordinating heating, ventilation, and 
screen systems. Additionally, it includes modular hardware expansion, 
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programmable time-based control, and remote communication capabil-
ities for supervisory management. The Mithra Clima controller, installed 
in medium-complexity greenhouses such as Melipilla and Miranda, 
provides integrated control of temperature, humidity, and radiation-
dependent screen positioning. It features hourly scheduling, dynamic 
control loops, and humidity-compensated modulation to maintain sta-
ble climatic conditions under variable exterior conditions. Finally, the
Mastia V  controller, used in conventional installations such as the 
Antalia greenhouse, delivers essential climate management functions, 
primarily temperature and ventilation control. It operates through pre-
defined actuation stages and safety thresholds, offering a reliable yet 
cost-efficient solution for smaller or less instrumented facilities.

3.2. Dataset characterization

Table  1 shows the main characteristics and quality indicators of the 
indoor and outdoor datasets collected from the six greenhouses previ-
ously explained. The datasets on outdoor activities show a consistent 
pattern of missing data across all locations, typically around 20% of 
total observations (e.g., 19.96 per cent), with the longest consecutive 
intervals spanning up to 96 time intervals. These periodic gaps cor-
respond to structured missing days that repeat approximately every 
five days, as shown by the short window line plots in Figs.  A.4–A.6. 
This recurring pattern suggests systematic interruptions in external 
data acquisition rather than random losses, which required specific 
imputation and synchronization strategies during preprocessing.

In contrast, indoor datasets show greater heterogeneity in both com-
pleteness and statistical behavior. Sites such as Alhama de Murcia and 
Miranda exhibit relatively high data integrity, with missing rates below 
6%, while Melipilla and Antalia show substantial data loss (up to 100% 
for humidity in Melipilla) and irregular coverage across variables. The 
maximum consecutive missing sequences in indoor data range from 
several hundred samples in well-instrumented sites to several thousand 
in those with limited maintenance, reflecting differences in hardware 
reliability and operational continuity. Regarding statistical properties, 
mean temperature values range from 14.2 ◦C (Melipilla exterior) to 
23.5 ◦C (Sonora interior), highlighting the climatic diversity among lo-
cations. Humidity distributions are also markedly site-dependent, with 
interior averages between 57% and 72%, typically higher than outdoor 
levels due to evapotranspiration and ventilation effects. Radiation data 
show the largest dispersion (standard deviations exceeding 250 W/m2

in some cases), capturing strong diurnal cycles and occasional sensor 
saturation events.

Comparative sample of the indoor and outdoor time series (see 
Figs.  A.4–A.6) show a constant attenuation of amplitude and time lag 
in the indoor climate, indicating the buffering capacity of the green-
house structure and its control systems. These effects are particularly 
pronounced in the case of temperature and radiation, where indoor 
signals tend to smooth out outdoor peaks. Similarly, the box plots 
and histograms in Figs.  A.10–A.15 show clear discrepancies in the 
distribution between indoor and outdoor variables. For example, at the 
Sonora greenhouse, the indoor and outdoor temperature distributions 
are almost inversely shaped, highlighting the strong thermodynamic 
decoupling between the two domains. It is important to note that the 
datasets encompass a broad range of climatic conditions, data qual-
ity profiles, and control-system configurations. This diversity provides 
a robust testbed for evaluating the generalizability of the proposed 
outdoor-to-indoor mapping models and their capacity to handle noisy, 
heterogeneous, and partially missing real-world data.

3.3. Problem formulation

The proposed approach addresses two interconnected learning prob-
lems: (i) the outdoor-to-indoor mapping problem, and (ii) the indoor 
climate forecasting problem. Both are formulated in terms of learning 
4 
functions that approximate the underlying relationships among meteo-
rological and greenhouse variables observed over time. This two-stage 
formulation enables the development of forecasting systems even in 
sensor-limited greenhouses, where indoor data are not yet available, by 
leveraging outdoor observations to synthesize reliable indoor training 
series.

3.3.1. Outdoor-to-indoor mapping
The first challenge to address is the outdoor-to-indoor mapping 

problem, which consists of translating outdoor meteorological mea-
surements into their indoor counterparts. This task does not involve 
forecasting future conditions, but rather learning a synchronous trans-
formation that captures how the greenhouse structure and its control 
systems buffer, filter, and modify external influences. By establishing 
this mapping, outdoor records can be used to generate consistent 
synthetic indoor series, even in sensor-limited greenhouses where direct 
indoor observations are unavailable.

Let 𝒳1∶𝑡 = {𝑥1, 𝑥2,… , 𝑥𝑡} denote the historical outdoor measure-
ments within a time window of length 𝑡, where each 𝑥𝑖 ∈ R𝑑 repre-
sents a 𝑑-dimensional vector of outdoor variables such as temperature, 
relative humidity, and global radiation:
𝑥𝑖 = [𝑇 out

𝑖 ,𝐻out
𝑖 , 𝑅out

𝑖 ].

Similarly, let 𝒴1∶𝑡 = {𝑦1, 𝑦2,… , 𝑦𝑡} represent the corresponding indoor 
observations,

𝑦𝑖 = [𝑇 in
𝑖 ,𝐻 in

𝑖 , 𝑅in
𝑖 ].

The goal of the mapping stage is to learn a transformation function
ℳ ∶ 𝒳1∶𝑡 → 𝒴1∶𝑡,

such that ℳ minimizes the discrepancy between the predicted indoor 
variables 𝒴̂1∶𝑡 = ℳ(𝒳1∶𝑡) and the real indoor observations 𝒴1∶𝑡. This 
task is not a forecasting problem but rather a synchronous translation 
between outdoor and indoor conditions that captures the thermody-
namic buffering and control responses of each greenhouse.

3.3.2. Indoor climate forecasting
Once the mapping model ℳ has been trained, it can be used to 

generate synthetic indoor series 𝒴̃1∶𝑡 from long-term outdoor records. 
The second stage involves forecasting future indoor conditions from 
either real or synthetic indoor data. Formally, given historical indoor 
measurements 𝒴1∶𝑡 (real) or 𝒴̃1∶𝑡 (synthetic), the forecasting model ℱ
learns to predict the next 𝑇 -step-ahead sequence of indoor variables:
ℱ (𝒴1∶𝑡) → 𝒴𝑡∶𝑡+𝑇 , or ℱ (𝒴̃1∶𝑡) → 𝒴𝑡∶𝑡+𝑇 .

Here, 𝒴𝑡∶𝑡+𝑇  denotes the true future indoor values over the forecasting 
horizon 𝑇 . The objective is to minimize the error between the predicted 
and actual values across all variables and timestamps, typically using 
metrics such as MAE, RMSE, and the coefficient of determination (𝑅2).

3.4. Machine learning and deep learning models

To address the two-stage formulation described in Section 3.3, sev-
eral neural architectures, 𝒫 , are employed to model both the outdoor-
to-indoor mapping and the indoor forecasting tasks. Specifically, six 
representative deep learning models are considered: MultiLayer Per-
ceptron (MLP), Long Short-Term Memory (LSTM), Convolutional Long 
Short-Term Memory (CNNLSTM), Long Short-Term Memory with At-
tention (LSTM-Attention), Convolutional Long Short-Term Memory 
with Attention (CNNLSTM-Attention), and Transformer. In the first 
stage, these models act as mappers, receiving synchronized outdoor 
variables (temperature, humidity, and radiation) as inputs and pro-
ducing the corresponding indoor variables at matching timestamps. In 
the second stage, the same models are used as forecasters, learning to 
predict future indoor conditions from either real or synthetic indoor 
series.
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Table 1
Dataset characteristics and quality metrics for indoor and outdoor greenhouse data across different locations.
 Location Type Temperature Humidity Radiation

 Missing Max Valid Mean Std Missing Max Valid Mean Std Missing Max Valid Mean Std  
 (%) Cons. Points (%) Cons. Points (%) Cons. Points  
 Alhama de Murcia Indoor 1.18 1646 207940 18.74 7.55 1.45 1647 207378 66.77 22.87 1.29 1646 207715 189.86 270.52 
 Outdoor 19.96 96 139776 17.84 7.39 19.96 96 139776 63.90 18.96 19.96 96 139776 188.90 269.30 
 Falces Indoor 5.92 2976 120155 15.22 8.14 18.18 2981 104496 71.16 20.31 41.44 2985 74783 267.60 277.35 
 Outdoor 19.96 96 139776 9.80 7.59 19.96 96 139776 69.69 16.94 19.96 96 139776 167.68 246.00 
 Sonora Indoor 7.07 2976 86113 23.49 7.46 14.83 2976 78921 68.89 19.21 42.82 2981 52984 397.06 336.11 
 Outdoor 19.96 96 139776 21.41 8.85 19.96 96 139776 42.44 22.61 19.96 96 139776 232.12 315.41 
 Miranda Indoor 4.32 482 27580 20.32 5.67 8.03 482 26511 66.79 19.59 39.29 482 17500 278.73 269.51 
 outdoor 19.96 96 139776 19.40 6.24 19.96 96 139776 67.07 16.48 19.96 96 139776 191.08 270.87 
 Melipilla Indoor 4.58 48 13422 16.38 4.70 100.00 0 0 – – 32.20 58 9537 257.76 287.15 
 Outdoor 19.96 96 139776 14.20 6.34 19.96 96 139776 71.80 20.98 19.96 96 139776 219.19 314.29 
 Antalia Indoor 16.39 2976 51573 22.23 9.63 35.71 16720 39660 57.51 26.92 47.98 2977 32092 329.24 305.89 
 Outdoor 19.96 96 139776 20.81 7.07 19.96 96 139776 55.42 23.51 19.96 96 139776 223.16 296.81 
Note: Max Cons. = Maximum consecutive missing values; – = No data available (NaN values replaced for clarity)
Fig. 1. Inner architecture of the CNNLSTM model used in the study.
 
 

 
 
 
 

 
 
 

 
 
 
 
 
 
 
 
 

 

 
 
 
 

This unified family of predictors has been selected for its ability
to capture complex nonlinear dependencies, temporal dynamics, and
site-specific thermodynamic effects inherent to greenhouse environ-
ments. Each architecture contributes a different learning bias, ranging
from feedforward representation learning (MLP) to sequence modeling
(LSTM) and long-range dependency extraction (Transformer), allowing
a comprehensive evaluation of model suitability for both mapping and
forecasting tasks.

1. MLP: This model represents the simplest form of a feedfor-
ward neural network, in which information flows unidirection-
ally from input to output through one or more hidden layers.
Although originally developed for classification, it is equally
applicable to nonlinear regression tasks. Each neuron performs
a weighted sum of its inputs followed by a nonlinear activa-
tion, enabling the network to approximate complex input–output
mappings. In this work, the MLP ingests flattened windows of
environmental features (e.g., temperature, humidity, radiation)
of length 𝐿 with 𝐹  variables (input size 𝐹 ×𝐿). The network uses
three hidden fully connected layers with sizes 64 → 128 → 64,
each followed by LeakyReLU (negative slope 0.01) and dropout
(𝑝 = 0.1). A final fully connected layer maps to 𝑇 × 𝑂 outputs,
followed by a Sigmoid; predictions are reshaped to 𝑇  future
steps and 𝑂 target indoor variables. The sigmoid bounds outputs
to [0, 1] (Rumelhart et al., 1986; Zhang, 2003).

2. LSTM: This model is a specialized recurrent neural network
architecture designed to capture both short- and long-term tem-
poral dependencies in sequential data. Each LSTM cell contains
a set of gating mechanisms (input, forget, and output gates)
that regulate the flow of information through the cell state.
This design allows the model to preserve or discard information
adaptively, avoiding vanishing or exploding gradient problems
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commonly found in standard RNNs. In the context of greenhouse 
modeling, LSTMs are particularly effective for representing de-
layed responses between outdoor and indoor variables and for 
forecasting smooth climatic transitions across time. In this work, 
we use a stacked LSTM with 𝐾 = 3 layers (hidden size 256) 
that processes sequences of length 𝐿 with 𝐹  features; inter-layer 
dropout is 0.2 (active since 𝐾 > 1). Hidden and cell states are 
initialized to zero; the last time-step representation is normalized 
with LayerNorm and passed through a dense head 256 →
512 → 𝑇 ⋅𝑂 with GELU and dropout 0.1, producing 𝑇  future 
steps for 𝑂 target variables (reshaped to (𝑇 ,𝑂)). No activation 
is applied at the output (unconstrained regression) (Greff et al., 
2016; Hochreiter & Schmidhuber, 1997).

3. CNNLSTM: This model is a hybrid neural architecture that 
combines convolutional and recurrent learning mechanisms to 
exploit both spatial and temporal dependencies within multivari-
ate time series. As illustrated in Fig.  1, convolutional layers first 
perform local feature extraction from the input sequences, auto-
matically identifying short-term trends and correlations among 
adjacent time steps or environmental variables. The extracted 
feature maps are then passed to an LSTM network, which in-
tegrates these representations over time and models their long-
term dynamics. In this configuration, the CNN acts as an adap-
tive feature encoder, while the LSTM aggregates and contextual-
izes the extracted information to generate temporally consistent 
predictions. Within the proposed framework, CNNLSTMs are 
applied to both the outdoor-to-indoor mapping and indoor fore-
casting stages, leveraging their dual capacity to capture transient 
greenhouse fluctuations and sustained climatic patterns. Con-
cretely, sequences of length 𝐿 with 𝐹  variables are permuted 
to channels-first and processed by two 1D convolutional blocks: 
𝙲𝚘𝚗𝚟𝟷𝚍(𝐹 , 32, kernel = 3,pad = 1) → 𝙻𝚎𝚊𝚔𝚢𝚁𝚎𝙻𝚄(0.01) →
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𝙼𝚊𝚡𝙿𝚘𝚘𝚕𝟷𝚍(2), then 𝙲𝚘𝚗𝚟𝟷𝚍(32, 64, kernel = 3,pad = 1) →
𝙻𝚎𝚊𝚔𝚢𝚁𝚎𝙻𝚄(0.01) → 𝙼𝚊𝚡𝙿𝚘𝚘𝚕𝟷𝚍(2), yielding 64-channel feature 
maps at a downsampled temporal resolution. These features are 
fed to a stacked LSTM with num_layers = 2 and hidden_size =
128 (batch_first), and the last time-step representation is 
passed through a linear layer to produce 𝑇 ×𝑂 outputs, reshaped 
to 𝑇  future steps and 𝑂 target variables. No activation is applied 
at the output (unconstrained regression) (Borovykh et al., 2017; 
Sainath et al., 2015; Shi et al., 2015).

4. LSTM-Attention: While standard LSTMs effectively capture
long-term dependencies in sequential data, they assign equal 
importance to all past timesteps, which can limit their re-
sponsiveness to sudden environmental changes. To address this 
limitation, this architecture integrates an attention mechanism 
that dynamically weights historical observations according to 
their relevance to the current prediction. The attention layer 
computes a set of context-dependent coefficients that emphasize 
the most influential temporal patterns, allowing the model to 
focus selectively on critical segments of the sequence. In the 
context of greenhouse modeling, this mechanism enhances the 
model’s ability to detect short-term perturbations or abrupt 
transitions driven by external weather or internal control ac-
tions, improving interpretability and predictive performance 
in both mapping and forecasting tasks. Concretely, sequences 
of length 𝐿 with 𝐹  variables are encoded by a bidirectional
LSTM with hidden_size = 256, num_layers = 3, 𝚋𝚊𝚝𝚌𝚑_𝚏𝚒𝚛𝚜𝚝, 
and dropout = 0.2 (active since num_layers > 1), producing 
512-dimensional timestep embeddings. A Bahdanau (additive) 
attention module computes weights over the encoded sequence 
using the last hidden state, yielding a 512-dimensional context 
vector. The context and last hidden state are concatenated (size 
1024), normalized with LayerNorm, and decoded by an MLP 
1024 → 1024 → 512 → 𝑇 ⋅𝑂 with GELU activations and dropout 
(0.2, 0.1). A residual output projection is added before reshaping 
predictions to 𝑇  future steps and 𝑂 target variables; no activation 
is applied at the output (unconstrained regression) (Bahdanau 
et al., 2014; Qin et al., 2017).

5. CNNLSTM-Attention: This architecture extends the previous hy-
brid model by introducing an attention layer on top of the CNNL-
STM backbone. In this configuration, the CNN performs localized 
feature extraction across time, the LSTM captures sequential 
dependencies, and the attention mechanism adaptively high-
lights the most relevant temporal representations before gener-
ating the final output. This multi-stage learning process com-
bines hierarchical feature encoding with dynamic temporal fo-
cusing, enabling the network to effectively model complex non-
stationary patterns. Within the proposed pipeline, CNNLSTM-
Attention models have shown strong performance in capturing 
both gradual and abrupt indoor climate variations, particularly 
in greenhouses subject to fluctuating external weather condi-
tions. Concretely, sequences of length 𝐿 with 𝐹  variables are 
permuted to channels-first and passed through three 1D convolu-
tional blocks with residual connections: for channels [32, 64, 128]
and kernel sizes [7, 5, 3] (padding = kernel/2), each block applies 
𝙲𝚘𝚗𝚟𝟷𝚍 → 𝙱𝚊𝚝𝚌𝚑𝙽𝚘𝚛𝚖𝟷𝚍 → 𝙶𝙴𝙻𝚄 → 𝙳𝚛𝚘𝚙𝚘𝚞𝚝(0.2) → 𝙲𝚘𝚗𝚟𝟷𝚍 →
𝙱𝚊𝚝𝚌𝚑𝙽𝚘𝚛𝚖𝟷𝚍 → 𝙶𝙴𝙻𝚄, followed by 𝙼𝚊𝚡𝙿𝚘𝚘𝚕𝟷𝚍(2,padding = 1) on 
the first two blocks (identity on the last). The resulting features 
feed a bidirectional LSTM with hidden_size = 128, num_layers =
2, 𝚋𝚊𝚝𝚌𝚑_𝚏𝚒𝚛𝚜𝚝, and dropout = 0.2. A multi-head self-attention 
layer with 8 heads operates on the LSTM outputs; residual con-
nections and LayerNorm are applied pre/post attention. Global 
average pooling over time yields a 256-dimensional context 
vector that is decoded via an MLP 256 → 512 → 256 with
GELU and Dropout (0.2, 0.1) and a skip connection. A final 
linear projection maps to 𝑇 × 𝑂 outputs, reshaped to 𝑇  future 
steps and 𝑂 targets, with no output activation (unconstrained 
regression) (Lai et al., 2018; Woo et al., 2018).
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6. Transformer: This model represents a fully attention-based ar-
chitecture that dispenses with recurrence altogether. Instead, 
it employs multi-head self-attention to capture dependencies 
across all positions in the input sequence simultaneously, en-
abling efficient learning of both short- and long-range temporal 
relationships. Positional encodings are used to preserve the order 
of the time steps, while multi-head attention layers facilitate the 
extraction of diverse contextual representations. Transformers 
have recently demonstrated state-of-the-art results in a variety 
of time-series forecasting tasks due to their parallelization effi-
ciency and ability to model global dependencies. In this study, 
the Transformer architecture is applied to both the mapping 
and forecasting problems, where it effectively learns global cor-
respondences between outdoor and indoor climatic variables 
and provides robust generalization across multiple greenhouse 
locations. Concretely, sequences of length 𝐿 with 𝐹  variables are 
projected to a 𝑑model = 256 space via a linear layer, then aug-
mented with sinusoidal positional encodings (dropout 0.1). The 
encoder comprises 4 layers of pre-normalized transformer blocks 
with 8 attention heads, feedforward dimension 1024, GELU
activations, and dropout 0.1 (batch_first, norm_first). 
The final representation from the last time step is decoded by 
an MLP 256 → 1024 → 512 → 𝑇 ⋅𝑂 with GELU and dropout 
0.1, and outputs are reshaped to 𝑇  future steps and 𝑂 target 
variables. No activation is applied at the output (unconstrained 
regression) (Vaswani et al., 2017; Wu et al., 2021).

It is important to note that each of these architectures operates 
under a different structural configuration, enabling them to capture 
complementary patterns and dependencies in the input sequences. 
We instantiate one model per architecture in 𝒫  and train all mod-
els under a unified protocol: up to 1000 epochs with early stopping 
(patience=50, min_delta=0.0001), AdamW optimizer, Mean Squared Er-
ror (MSE) loss, learning rate 0.001 with ReduceLROnPlateau (factor 
0.5, patience 10), and batch size 64. Model-specific architectural and 
regularization hyperparameters are summarized in Table  2; detailed 
architecture descriptions are provided above.

4. Evaluation & results

4.1. Execution environment

To run all the tests presented in this manuscript, a server (named 
‘‘Mercurio’’) has been utilized, with the following hardware character-
istics: An Intel® Xeon® Gold 6226R CPU, with 16 cores at 2.90 GHz, 
196 GigaBytes DDR4 2933 MHz of RAM memory and 22 MB of cache 
memory. Two Nvidia® Quadro® RTX 5000 GPUs, with 16 GB GDDR6 
384 Tensor cores, 3072 CUDA cores and NVLink® PCI Express x16 
3.0. A Solid State Drive with 15 TeraBytes. Regarding the software 
characteristics, it should be mentioned that ‘‘Mercurio" runs on an 
Ubuntu 20.04 LTS operating system, which has Python version 3.8 with 
TensorFlow and Keras version 2.12 installed. In addition, for running 
all the code, the Jupyter development environment was used for the 
tests, more specifically, the Jupyter Notebooks.

4.2. Evaluation metrics

To assess the predictive performance of the models described in 
Section 3.4, five complementary evaluation metrics are employed; 
i.e., Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), 
Mean Absolute Percentage Error (MAPE), Coefficient of Variation of 
the RMSE (CVRMSE), and the Coefficient of Determination (𝑅2). These 
metrics collectively provide a comprehensive evaluation of model accu-
racy, robustness, and proportionality between predicted and observed 
values.
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Table 2
Summary of hyperparameters for each deep learning model. All models use default configurations from the implementation, with consistent training settings 
across experiments. CNN filters and kernel sizes are listed in order from first to last layer.
 Hyperparameter Description MLP LSTM CNNLSTM LSTM+Att. CNNL-

STM+Att.
Transformer  

 Hidden 
size/Units

Number of neurons in hidden 
layers

64, 128, 64 256, 256, 
256

128, 128 256, 256, 
256

128, 128 256, 256, 
256, 256

 

 CNN filters Number of feature detectors per 
layer

– – 32, 64 – 32, 64, 128 –  

 CNN kernel size Size of convolutional filters – – 3, 3 – 7, 5, 3 –  
 LSTM layers Number of stacked LSTM layers – 3 2 3 2 –  
 Transformer 
layers

Number of encoder layers – – – – – 4  

 Feedforward 
dim.

Transformer feedforward 
dimension

– – – – – 1024, 1024, 
1024, 1024

 

 Attention heads Number of multi-head attention 
heads

– – – – 8 8, 8, 8, 8  

 Bidirectional Bidirectional LSTM processing – No No Yes Yes –  
 Dropout rate Dropout regularization rate 0.1, 0.1, 0.1 0.1, 0.1, 0.1 0.0 0.2, 0.1 0.2 0.1  
 Activation 
function

Primary activation function LeakyReLU, 
Sigmoid

GELU LeakyReLU GELU GELU GELU  

 Batch size Number of samples per training 
batch

64

 Epochs Maximum number of training 
epochs

1000 (+ EarlyStopping (patience=50, min_delta=0.0001))

 Optimizer Weight update optimization 
algorithm

AdamW

 Loss function Objective function minimized 
during training

Mean Squared Error (MSE)

 Learning rate Step size for weight updates 0.001 (+ ReduceLROnPlateau, factor=0.5, patience=10)
1. MAE: The Mean Absolute Error measures the average magnitude 
of the prediction errors, regardless of their direction. It provides 
a direct and interpretable indication of the average deviation 
between the predicted and actual values:

MAE(𝑦, 𝑦̂) = 1
𝑁

𝑁
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖|

2. RMSE: The Root Mean Squared Error quantifies the standard 
deviation of the residuals, penalizing larger errors more heavily 
than MAE. It is defined as:

RMSE(𝑦, 𝑦̂) =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2

3. MAPE: The Mean Absolute Percentage Error expresses predic-
tion accuracy as a percentage, providing a scale-independent 
measure that facilitates comparison across variables with differ-
ent units.

MAPE(𝑦, 𝑦̂) = 100%
𝑁

𝑁
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

|

|

|

|

Although MAPE is intuitive, it can be unstable when 𝑦𝑖 ap-
proaches zero; therefore, it is primarily used here for compar-
ative rather than absolute interpretation.

4. CVRMSE: The Coefficient of Variation of the RMSE normal-
izes the RMSE by the mean of the observed values, yielding a 
dimensionless indicator of relative model error:

CVRMSE(𝑦, 𝑦̂) = RMSE(𝑦, 𝑦̂)
𝑦

× 100%.

This metric is particularly useful for comparing models across 
datasets with different scales or magnitudes.

5. Coefficient of Determination (𝑅2): This metric evaluates the 
proportion of variance in the observed data that is explained by 
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the model predictions. An 𝑅2 value close to 1 indicates strong 
predictive agreement:

𝑅2(𝑦, 𝑦̂) = 1 −
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑁

𝑖=1(𝑦𝑖 − 𝑦)2

Each metric operates on two vectors: (1) 𝑦 = [𝑦1, 𝑦2,… , 𝑦𝑁 ], repre-
senting the observed ground-truth values, and (2) 𝑦̂ = [𝑦̂1, 𝑦̂2,… , 𝑦̂𝑁 ], 
corresponding to the model predictions. Together, these indicators en-
sure a robust and multidimensional evaluation of forecasting accuracy 
across all experimental conditions.

4.3. Evaluation of mapping models

As introduced in Section 3.3, the outdoor-to-indoor mapping prob-
lem aims to learn a transformation function ℳ ∶ 𝒳1∶𝑡 → 𝒴1∶𝑡 that 
accurately translates outdoor climatic conditions into their correspond-
ing indoor responses. It is basically a regression problem in which 
the model must capture the nonlinear dependencies between outdoor 
temperature, humidity, and radiation, and their interior counterparts, 
effectively learning the thermodynamic buffering and control responses 
of each greenhouse.

Table  3 shows the performance of all architectures in estimating 
the mapping function ℳ across the three variables. The results confirm 
that all models achieve low MAE and RMSE values and relatively high 
𝑅2, showing a strong ability to reconstruct indoor series from outdoor 
inputs. Across metrics, no single architecture consistently dominates all 
variables, suggesting that the learned mapping is not model-specific but 
rather a function of the data characteristics and site dynamics. The MLP 
shows consistently strong performance, ranking among the top three 
in MAE for all variables and achieving the best (tied) accuracy for 
radiation. Attention-based networks (LSTM-Attention and CNNLSTM-
Attention) slightly outperform other architectures in terms of average 
𝑅2, although the differences are not very significant. As shown in Figs. 
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Table 3
Performance of the mapping models ℳ across all variables (temperature, humidity, and radiation). Each column represents one of the six neural architectures 
evaluated. Values correspond to the mean ± standard deviation averaged across all datasets. Lower MAE, RMSE, and CVRMSE values indicate higher accuracy, 
while higher 𝑅2 values denote stronger correlation between predicted and observed indoor variables.
 Metric MLP LSTM LSTM+Att. CNNLSTM CNNLSTM+Att. Transformer  
 MAE (Temperature) 0.053 ± 0.028 0.058 ± 0.040 0.059 ± 0.043 0.062 ± 0.036 0.068 ± 0.051 𝟎.𝟎𝟓𝟐 ± 𝟎.𝟎𝟐𝟖  
 MAE (Humidity) 0.091 ± 0.031 0.095 ± 0.030 𝟎.𝟎𝟖𝟒 ± 𝟎.𝟎𝟐𝟓 0.100 ± 0.030 0.098 ± 0.034 0.092 ± 0.032  
 MAE (Radiation) 𝟎.𝟎𝟓𝟕 ± 𝟎.𝟎𝟑𝟎 0.059 ± 0.031 𝟎.𝟎𝟓𝟕 ± 𝟎.𝟎𝟑𝟎 0.064 ± 0.032 0.066 ± 0.039 0.060 ± 0.026  
 RMSE (Temperature) 𝟎.𝟎𝟔𝟕 ± 𝟎.𝟎𝟑𝟕 0.074 ± 0.055 0.071 ± 0.047 0.078 ± 0.050 0.081 ± 0.054 𝟎.𝟎𝟔𝟕 ± 𝟎.𝟎𝟑𝟖  
 RMSE (Humidity) 0.116 ± 0.040 0.122 ± 0.036 𝟎.𝟏𝟏𝟎 ± 𝟎.𝟎𝟑𝟐 0.125 ± 0.034 0.123 ± 0.039 0.119 ± 0.041  
 RMSE (Radiation) 𝟎.𝟏𝟎𝟎 ± 𝟎.𝟎𝟓𝟎 0.103 ± 0.050 0.102 ± 0.052 0.107 ± 0.049 0.113 ± 0.065 0.104 ± 0.042  
 MAPE (Temperature) 14.4 ± 8.2 16.9 ± 10.2 15.1 ± 9.5 14.3 ± 8.8 𝟏𝟑.𝟖 ± 𝟖.𝟑 15.5 ± 10.3  
 MAPE (Humidity) 15.4 ± 7.0 15.2 ± 5.8 𝟏𝟑.𝟕 ± 𝟓.𝟖 18.6 ± 8.8 17.5 ± 8.0 14.7 ± 6.3  
 MAPE (Radiation) 255.0 ± 338.5 140.8 ± 94.7 159.7 ± 153.9 147.3 ± 102.5 150.9 ± 67.2 𝟏𝟑𝟑.𝟔 ± 𝟔𝟗.𝟑  
 CVRMSE (Temperature) 18.199 ± 10.964 18.617 ± 11.070 19.451 ± 12.588 𝟏𝟔.𝟑𝟐𝟑 ± 𝟏𝟎.𝟏𝟗𝟖 16.983 ± 11.230 18.037 ± 10.924 
 CVRMSE (Humidity) 18.699 ± 10.606 19.545 ± 10.171 𝟏𝟕.𝟕𝟎𝟐 ± 𝟗.𝟔𝟓𝟎 21.835 ± 10.545 21.443 ± 10.428 19.259 ± 11.509 
 CVRMSE (Radiation) 77.707 ± 47.334 80.485 ± 49.245 79.184 ± 47.784 𝟓𝟗.𝟗𝟑𝟑 ± 𝟑𝟑.𝟓𝟒𝟗 63.856 ± 42.799 81.352 ± 47.350 
 𝑅2 (Temperature) 0.637 ± 0.238 0.573 ± 0.402 0.623 ± 0.268 0.589 ± 0.368 𝟎.𝟔𝟒𝟔 ± 𝟎.𝟐𝟒𝟏 0.616 ± 0.273  
 𝑅2 (Humidity) 0.608 ± 0.272 0.593 ± 0.230 𝟎.𝟔𝟔𝟖 ± 𝟎.𝟏𝟗𝟒 0.589 ± 0.203 0.586 ± 0.235 0.622 ± 0.239  
 𝑅2 (Radiation) 0.697 ± 0.282 0.681 ± 0.298 0.684 ± 0.295 𝟎.𝟕𝟕𝟏 ± 𝟎.𝟐𝟐𝟗 0.708 ± 0.358 0.685 ± 0.271  
Table 4
Performance of the mapping models ℳ for each dataset and variable. Each column corresponds to one greenhouse location. Metrics are averaged across models 
and variables, quantifying the local correspondence between outdoor and indoor dynamics. High 𝑅2 and low MAE/RMSE values indicate effective learning of the 
outdoor-to-indoor mapping at that site.
 Metric Alhama Antalia Falces Melipilla Miranda Sonora  
 MAE (Temperature) 0.036 ± 0.003 0.040 ± 0.003 0.053 ± 0.008 0.130 ± 0.021 0.063 ± 0.007 𝟎.𝟎𝟐𝟗 ± 𝟎.𝟎𝟎𝟑  
 MAE (Humidity) 0.080 ± 0.008 𝟎.𝟎𝟔𝟑 ± 𝟎.𝟎𝟎𝟓 0.122 ± 0.012 N/A 0.128 ± 0.008 0.073 ± 0.004  
 MAE (Radiation) 0.036 ± 0.005 0.043 ± 0.002 0.086 ± 0.011 0.109 ± 0.008 𝟎.𝟎𝟑𝟎 ± 𝟎.𝟎𝟎𝟓 0.058 ± 0.005  
 RMSE (Temperature) 0.046 ± 0.002 0.051 ± 0.003 0.067 ± 0.010 0.164 ± 0.019 0.074 ± 0.008 𝟎.𝟎𝟑𝟕 ± 𝟎.𝟎𝟎𝟒  
 RMSE (Humidity) 0.102 ± 0.009 𝟎.𝟎𝟖𝟒 ± 𝟎.𝟎𝟎𝟒 0.158 ± 0.012 N/A 0.159 ± 0.009 0.093 ± 0.005  
 RMSE (Radiation) 0.066 ± 0.007 0.081 ± 0.004 0.146 ± 0.011 0.179 ± 0.015 𝟎.𝟎𝟒𝟓 ± 𝟎.𝟎𝟎𝟕 0.112 ± 0.003  
 MAPE (Temperature) 9.5 ± 0.7 23.6 ± 1.1 21.1 ± 7.8 22.9 ± 3.0 9.0 ± 1.3 𝟒.𝟎 ± 𝟎.𝟒  
 MAPE (Humidity) 12.1 ± 2.5 𝟗.𝟔 ± 𝟎.𝟕 23.3 ± 4.3 N/A 23.1 ± 1.3 11.1 ± 0.8  
 MAPE (Radiation) 251.6 ± 292.2 161.0 ± 60.6 215.3 ± 92.7 214.3 ± 146.6 73.9 ± 18.0 𝟕𝟏.𝟐 ± 𝟏𝟗.𝟒  
 CVRMSE (Temperature) 11.108 ± 0.400 26.984 ± 1.647 24.350 ± 9.161 29.788 ± 3.456 𝟏𝟎.𝟎𝟗𝟗 ± 𝟏.𝟎𝟗𝟑 5.280 ± 0.511  
 CVRMSE (Humidity) 15.092 ± 3.070 𝟏𝟎.𝟑𝟓𝟓 ± 𝟎.𝟓𝟐𝟏 25.328 ± 3.925 N/A 35.063 ± 1.897 12.897 ± 0.637 
 CVRMSE (Radiation) 77.321 ± 18.070 63.455 ± 2.963 119.739 ± 37.970 122.118 ± 10.151 𝟏𝟖.𝟓𝟖𝟏 ± 𝟑.𝟎𝟗𝟔 41.303 ± 1.165 
 𝑅2 (Temperature) 0.755 ± 0.012 𝟎.𝟖𝟏𝟎 ± 𝟎.𝟎𝟏𝟗 0.473 ± 0.140 0.093 ± 0.206 0.789 ± 0.038 0.766 ± 0.043  
 𝑅2 (Humidity) 0.743 ± 0.050 𝟎.𝟖𝟔𝟕 ± 𝟎.𝟎𝟏𝟑 0.411 ± 0.088 N/A 0.345 ± 0.068 0.688 ± 0.035  
 𝑅2 (Radiation) 0.791 ± 0.058 0.831 ± 0.015 0.449 ± 0.177 0.282 ± 0.132 𝟎.𝟗𝟕𝟕 ± 𝟎.𝟎𝟎𝟖 0.897 ± 0.006  
B.1–B.3, model variance is limited for temperature but increases for 
humidity and radiation, reflecting greater dataset sensitivity and data 
completeness issues in those variables.

At the architecture level, the Transformer trained on synthetic 
indoor data shows consistent gains for temperature and humidity: 
temperature MAE decreases from 2.48 to 2.40 (≈ −3%) and humidity 
MAE from 14.84 to 12.84 (≈ −13%), while 𝑅2 increases from 0.622 
to 0.633 for temperature and from 0.204 to 0.309 for humidity. These 
improvements across all metrics indicate that the Transformer particu-
larly benefits from synthetic training, achieving superior accuracy and 
explanatory power relative to its real-trained counterpart.

Table  4 shows the performance of the mapping function across loca-
tions. The results reveal substantial heterogeneity among sites, mainly 
driven by local climatic contrasts and data quality. High-performing 
locations such as Alhama de Murcia, Antalia, Miranda, and Sonora 
exhibit tight coupling between outdoor and indoor dynamics, achieving 
temperature 𝑅2 values between 0.79 and 0.81. In contrast, Melipilla 
and, to a lesser extent, Falces show weaker alignment between out-
door and indoor series, with lower 𝑅2 (0.09–0.47) and higher error 
dispersion. In Melipilla, the temperature 𝑅2 drops to 0.093, nearly 0.7 
points below the best-performing site (Antalia, 𝑅2≈0.81), highlighting 
the difficulty of learning ℳ when the relationship between indoor and 
outdoor variables is attenuated by control systems, poor data coverage, 
or missing variables (e.g., humidity). Moreover, the higher variance 
observed at these sites shows that model stability is worse when the 
training data are incomplete or poorly correlated between modalities. 
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Figs.  B.4–B.6 show predictions of the indoor variables 𝒴̂1∶𝑡 = ℳ(𝒳1∶𝑡)
across datasets and models. Some patterns are observed: (i) in Antalia, 
Melipilla, and Sonora, the indoor series are temporally shifted relative 
to outdoor signals, yet all models successfully capture this phase de-
lay, aligning predictions with the correct indoor timing; (ii) despite 
differences in amplitude or waveform between outdoor and indoor 
patterns (e.g., in humidity for Antalia or Falces), the learned mappings 
accurately reproduce the overall dynamics; (iii) humidity mapping 
remains the most challenging variable due to the high rate of missing 
data and stronger nonlinear control interactions, especially in Falces 
and Miranda, where data gaps and weak correlations dominate, and 
models diverge significantly, leading to degraded mapping accuracy. 
These patterns confirm that ℳ generalizes well when exterior–interior 
coupling is strong, but its fidelity diminishes under high data noise or 
low signal coherence.

4.4. Evaluation of forecasting models: Real vs. Synthetic training

Following the learning of the mapping function ℳ, the forecasting 
problem assesses whether models trained on synthetic indoor data can 
achieve predictive performance comparable to those trained on real 
indoor measurements. As formulated in Section 3.3, this forecasting 
problem aims to learn a temporal function ℱ  that predicts future 
indoor conditions 𝒴𝑡∶𝑡+𝑇  based on past indoor observations 𝒴1∶𝑡. Using 
synthetic data, the training data 𝒴 synth

1∶𝑡 = ℳ(𝒳1∶𝑡) are generated 
using the previously trained mappers. However, it is important to note 
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Table 5
Comparison of model performance across architectures. Each column corresponds to a model, and each row shows a performance metric averaged across variables 
(temperature, humidity, and radiation). Lower MAE, RMSE, and CVRMSE indicate better accuracy, while higher 𝑅2 represents stronger correspondence between 
predicted and observed indoor variables.
 Metric CNNLSTM (R) CNNLSTM (S) CNNLSTM+Att 

(R)
CNNLSTM+Att 
(S)

LSTM (R) LSTM (S) LSTM+Att (R) LSTM+Att (S) MLP (R) MLP (S) Transformer (R) Transformer (S)
 MAE (Temp.) 2.47±0.38 2.79±0.77 2.57±0.36 2.78±1.22 2.58±0.40 3.59±1.72 2.36±0.37 3.01±1.36 2.44±0.29 3.31±1.17 2.48±0.29 2.40±0.62 MAE (Hum.) 13.47±3.27 14.24±3.82 13.39±3.74 12.83±3.47 13.52±3.77 14.96±4.31 12.79±3.77 13.90±3.68 12.67±3.80 14.83±2.51 14.84±5.23 12.84±3.43 MAE (Rad.) 55.22±28.65 77.23±57.24 48.79±32.27 59.98±48.44 54.29±31.28 121.57±122.92 47.22±31.02 82.17±80.53 51.13±37.44 69.75±60.91 50.03±29.15 68.99±69.11

 RMSE (Temp.) 3.00±0.43 3.35±0.87 3.07±0.42 3.31±1.37 3.12±0.46 4.25±1.96 2.85±0.43 3.60±1.58 2.97±0.36 3.91±1.30 3.00±0.34 2.90±0.74 RMSE (Hum.) 16.86±3.81 17.51±4.07 16.70±4.16 16.03±4.32 16.99±4.20 18.43±4.87 16.03±4.05 17.05±4.39 15.78±4.21 18.00±3.12 18.63±6.34 16.04±3.92 RMSE (Rad.) 96.11±46.20 121.60±84.32 86.87±50.03 97.07±69.46 95.12±52.96 171.76±154.96 84.58±52.06 120.35±109.68 89.28±57.89 115.19±90.20 89.31±48.53 111.33±102.24

 MAPE (Temp.) 15.8±8.4% 17.1±6.3% 20.0±18.1% 17.1±7.9% 21.2±17.9% 19.7±7.8% 18.5±13.4% 17.4±6.9% 17.5±8.2% 21.8±9.3% 23.7±24.6% 15.9±6.9% MAPE (Hum.) 22.1±7.3% 24.9±10.2% 21.5±6.6% 20.5±6.9% 22.4±7.7% 23.2±7.3% 21.0±7.2% 21.6±6.9% 21.2±7.1% 24.0±6.1% 23.2±8.8% 20.5±6.8% MAPE (Rad.) N/A N/A N/A 233.7±221.6% N/A N/A N/A 252.8±409.9% N/A N/A N/A N/A

 CVRMSE (Temp.)17.95±6.51 20.99±8.59 18.32±6.07 20.63±9.64 19.82±7.38 26.26±11.46 18.01±6.62 22.14±10.27 18.84±6.47 23.47±7.92 18.79±6.43 18.13±7.32 CVRMSE (Hum.) 30.35±15.65 31.42±13.83 30.07±14.93 30.69±19.25 31.89±16.99 34.20±17.02 29.82±15.08 32.37±18.54 29.42±15.31 33.52±17.28 36.11±25.13 30.24±16.93 CVRMSE (Rad.) 63.65±25.08 80.86±35.19 57.52±25.70 64.81±30.57 65.33±28.59 104.93±53.65 58.23±28.02 71.98±35.63 61.32±28.47 75.57±39.70 62.35±29.22 70.26±34.53

 𝑅2 (Temp.) 0.621±0.182 0.550±0.232 0.614±0.194 0.576±0.262 0.605±0.208 0.394±0.409 0.648±0.209 0.520±0.299 0.647±0.162 0.497±0.271 0.622±0.208 0.633±0.202
 𝑅2 (Hum.) 0.289±0.225 0.249±0.185 0.317±0.217 0.319±0.230 0.241±0.196 0.182±0.251 0.318±0.179 0.280±0.204 0.331±0.213 0.275±0.191 0.204±0.254 0.309±0.220
 𝑅2 (Rad.) 0.773±0.147 0.662±0.226 0.802±0.145 0.767±0.176 0.762±0.165 0.377±0.555 0.799±0.152 0.690±0.292 0.786±0.149 0.705±0.230 0.778±0.156 0.726±0.229
Table 6
Performance of mapping models across datasets. Each column represents a greenhouse location (with Real and Synthetic data regimes). Metrics are expressed as 
mean ± standard deviation across models. Lower MAE, RMSE, and CVRMSE values indicate higher accuracy, while higher 𝑅2 reflects stronger correspondence 
between predicted and observed indoor variables.
 Metric Alhama (R) Alhama (S) Antalia (R) Antalia (S) Falces (R) Falces (S) Melipilla (R) Melipilla (S) Miranda (R) Miranda (S) Sonora (R) Sonora (S) Avg (R) Avg (S)  
 MAE (Temp.) 2.34±0.11 3.30±1.28 2.64±0.22 1.84±0.09 3.01±0.14 2.88±0.10 2.47±0.14 4.44±1.14 2.59±0.19 3.54±0.24 2.06±0.13 1.89±0.18 2.49±0.34 2.98±1.18   MAE (Hum.) 13.09±0.50 15.93±3.07 15.94±2.53 15.98±1.31 7.92±0.20 9.81±1.38 N/A N/A 18.66±0.77 16.81±0.52 12.16±0.39 11.14±0.53 13.44±3.67 13.93±3.37   MAE (Rad.) 48.47±4.07 85.70±51.92 28.30±5.48 28.55±3.23 55.18±3.46 64.30±5.26 115.49±8.57 220.19±58.88 25.12±1.82 34.65±6.27 39.30±4.39 45.36±8.55 51.20±29.67 79.95±74.21  
 RMSE (Temp.) 2.84±0.12 3.92±1.40 3.12±0.23 2.21±0.12 3.59±0.16 3.43±0.11 3.07±0.14 5.21±1.27 3.17±0.24 4.25±0.29 2.48±0.14 2.30±0.22 3.01±0.39 3.55±1.34   RMSE (Hum.) 16.19±0.65 19.09±3.47 20.94±3.14 20.66±1.42 10.85±0.27 12.53±1.35 N/A N/A 22.09±0.81 19.86±0.66 14.91±0.54 13.76±0.60 16.83±4.21 17.18±3.89   RMSE (Rad.) 87.43±5.63 127.05±60.17 47.75±7.89 45.96±4.51 99.05±5.31 108.22±8.70 192.61±9.63 317.81±66.74 46.85±2.27 55.92±9.81 73.46±7.21 81.00±12.00 90.34±47.85 122.88±100.34  
 MAPE (Temp.) 12.3±0.6% 17.4±8.3% 15.4±1.0% 11.5±0.6% 51.2±15.3% 26.5±1.7% 13.1±0.6% 21.2±4.0% 18.9±2.2% 22.8±1.1% 10.1±0.9% 9.5±0.7% 19.3±15.1% 18.2±7.3%   MAPE (Hum.) 20.9±1.3% 26.0±6.8% 32.1±2.6% 30.4±1.7% 10.9±0.4% 13.7±2.1% N/A N/A 26.2±0.8% 24.6±1.3% 20.3±1.1% 17.5±0.7% 21.9±6.9% 22.4±7.0%   MAPE (Rad.) 233.5±35.3% 466.6±637.3% 72.0±4.3% 68.0±2.4% 318.2±92.5% 567.3±682.4% 227.2±92.5% N/A 95.7±7.5% 1133.8±2103.7% 102.0±10.4% 190.5±178.9% 171.2±107.5% 1264.6±3505.9% 
 CVRMSE (Temp.) 14.75±0.62 19.72±7.11 18.49±1.36 13.04±0.70 30.54±1.03 29.19±1.25 16.92±0.83 28.76±7.05 22.31±1.77 29.82±2.13 11.92±0.73 11.08±1.09 18.57±6.16 21.94±8.99   CVRMSE (Hum.) 25.68±0.90 29.90±5.49 59.82±8.86 58.89±3.93 12.87±0.31 14.64±1.47 N/A N/A 38.55±1.53 35.32±1.11 23.28±0.82 21.61±0.90 31.15±16.05 32.08±15.74   CVRMSE (Rad.) 54.28±3.21 78.22±37.93 33.88±5.62 32.61±3.19 110.73±5.66 124.33±12.43 67.86±2.97 107.49±22.24 65.38±3.15 77.86±13.43 41.32±3.56 45.82±6.42 61.32±25.66 78.07±38.36  
 𝑅2 (Temp.) 0.551±0.029 0.381±0.196 0.790±0.024 0.887±0.012 0.260±0.047 0.305±0.030 0.629±0.022 0.256±0.225 0.712±0.035 0.536±0.046 0.782±0.018 0.805±0.029 0.625±0.182 0.528±0.276  
 𝑅2 (Hum.) 0.401±0.041 0.277±0.172 0.023±0.115 0.093±0.043 0.196±0.034 0.178±0.048 N/A N/A 0.134±0.020 0.191±0.023 0.549±0.033 0.607±0.024 0.286±0.204 0.269±0.201  
 𝑅2 (Rad.) 0.817±0.018 0.621±0.344 0.938±0.020 0.948±0.010 0.554±0.043 0.483±0.078 0.639±0.023 0.250±0.323 0.826±0.015 0.757±0.076 0.903±0.015 0.882±0.030 0.784±0.143 0.654±0.316  
that the assessment is always carried out using actual data from the 
greenhouses under study.

Six forecasting architectures were employed under both regimes: 
MLP, LSTM, CNNLSTM, LSTM with Attention, CNNLSTM with Atten-
tion, and Transformer. Table  5 shows an aggregated view of their 
performance across temperature, humidity, and radiation variables. 
Overall, models trained on synthetic indoor series exhibit higher error 
and slightly lower explanatory power than their real-trained counter-
parts, but remain competitive in absolute terms. On average across 
architectures, the use of synthetic training data increases MAE by 
approximately +0.495 ◦C for temperature (+16%), +0.489 for humidity 
(+3%), and +28.746 W/m2 for radiation (+56%). Correspondingly, the 
average 𝑅2 decreases by −0.10 (−16%) for temperature, −0.017 (−5%) 
for humidity, and −0.13 (−16%) for radiation, as observed in the ‘‘Aver-
age’’ rows of Table  6. These results demonstrate that while real indoor 
data still generate the most accurate forecasting models, synthetic series 
generated through ℳ can serve as a viable substitute for initialization 
and model training in sensor-limited settings.

A key observation from both tables is that variance increases sig-
nificantly with synthetic training. Standard deviations nearly double 
for temperature and radiation (e.g., MAE standard deviations of 1.177 
vs. 0.339 for temperature and 74.205 vs. 29.671 for radiation), with 
similar inflation observed in 𝑅2. This dispersion indicates that syn-
thetic series, although informative, introduce additional noise and site-
dependent variability. As shown in Figs.  C.1–C.3 show that the vari-
ability is especially pronounced for the LSTM and attention-based 
models, while hybrid architectures such as CNNLSTM and the Trans-
former demonstrate more stable performance under synthetic training. 
This suggests that models with spatially aware components or atten-
tion mechanisms can better accommodate the residual distortions of 
synthetic indoor dynamics.

Despite the overall performance gap, several datasets show cases 
where synthetic-trained models outperform those trained on real data. 
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In particular, temperature forecasting improves under synthetic train-
ing in Antalia (MAE reduction of −0.802 ◦C, −30%; 𝑅2 increase of 
+0.097, +12%) and in Falces (MAE reduction of −0.128 ◦C, ∼4%; 𝑅2

increase of +0.045, ∼17%). Sonora also exhibits enhanced performance, 
with temperature MAE improving by −0.167 ◦C (∼8%) and humidity 
by −1.021 (∼8%), accompanied by modest gains in 𝑅2 (+0.023 and 
+0.058, respectively). These cases correspond to sites with high-quality 
outdoor–indoor coupling and limited control interference, where ℳ
reproduces the physical transfer function with high fidelity. By contrast, 
performance degradation is more notable in Melipilla, where data 
sparsity and weak correlation between modalities hinder both mapping 
and subsequent forecasting.

MAPE values are less reliable for radiation due to division by low 
denominators in early morning or evening hours, making MAE, RMSE, 
CVRMSE, and 𝑅2 the preferred metrics for assessing consistency across 
regimes. Visual inspection of the qualitative predictions in Figs.  C.4, C.5
and C.21 confirms the main findings. Synthetic-trained models repro-
duce the main dynamics and seasonal patterns of indoor temperature 
and humidity but tend to show higher residuals in transient regimes and 
under abrupt environmental changes. These results collectively indicate 
that synthetic data generated through learned mappings provide a 
robust foundation for rapid model deployment in new greenhouses, 
effectively bridging the data gap when historical interior records are 
unavailable.

4.5. Statistical significance and robustness analysis

To rigorously evaluate the predictive performance and validate the 
robustness of the synthetic data substitution, we conducted a non-
parametric Wilcoxon signed-rank test. This test compared the absolute 
forecasting errors of the models trained on synthetically generated 
data against those trained on actual historical sensor data. The full 
statistical results across all 102 experimental combinations (six sites, 
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six architectures, and three variables) are detailed in Appendix  D, Table 
D.1.

The statistical analysis yields several critical insights regarding the 
viability of exogenous bootstrapping for zero-history indoor forecast-
ing:

Overall viability of synthetic substitution. In 51% of all evaluated scenar-
ios (52 out of 102), the models trained purely on synthetically mapped 
data either performed statistically identically (𝑝 ≥ 0.05, 24 cases) or 
significantly outperformed (𝑝 < 0.05, 28 cases) the models trained on 
actual historical sensor data. This provides empirical evidence support-
ing the core hypothesis of the proposed framework: synthetic indoor 
climate series can act as a highly effective and robust substitute for 
real sensor histories in newly instrumented environments.
Performance by climate variable. The ablation study reveals that the 
synthetic mapping is exceptionally robust for thermodynamic buffering, 
specifically temperature. For temperature forecasting, synthetic-trained 
models equaled or surpassed real-trained baselines in 58% of the 
cases. Humidity prediction showed a perfectly balanced outcome (50% 
equivalent or better). However, radiation proved to be the most chal-
lenging variable to substitute synthetically. Real-trained models yielded 
statistically lower errors in 20 out of 36 radiation tests, likely because 
localized cloud cover dynamics and physical shading structures are 
difficult to infer purely from external meteorological signals without 
direct indoor history.
Architectural resilience. The statistical evaluation demonstrates a clear 
dependency on the underlying deep learning architecture. Advanced 
attention-based architectures, specifically the Transformer, exhibited 
extraordinary resilience to synthetic data substitution. The Transformer 
trained on synthetic data equaled or outperformed its real-trained 
counterpart in 70% of its deployments (12 out of 17 cases). This 
suggests that the self-attention mechanism is highly capable of filtering 
out minor synthesis artifacts and focusing on the underlying structural 
climate patterns. Conversely, simpler recurrent (LSTM) or feed-forward 
(MLP) architectures suffered higher rates of performance degradation 
when exposed to synthetic inputs.
Geographic and structural generalizability. Finally, the Wilcoxon test 
quantifies the geographic generalizability of the framework. In strongly 
coupled environments, such as the Antalia site, the synthetic approach 
successfully replaced real data in over 60% of the evaluated models. 
Conversely, sites with potentially weaker outdoor–indoor coupling or 
more aggressive manual climate interventions, such as the Miranda 
greenhouse, showed a higher reliance on real historical data (where 
real models performed better in 10 out of 18 cases). This highlights 
the operational boundaries of exogenous bootstrapping, indicating that 
synthetic mapping is most reliable in environments governed primarily 
by passive thermodynamic responses rather than unpredictable manual 
interventions. 

5. Discussion

The results obtained in the two-stage process, comprising outdoor-
to-indoor mappers and indoor predictors, demonstrate that greenhouse 
dynamics can be effectively inferred from external weather conditions 
and that synthetic indoor series can serve as a practical substitute for 
missing historical sensor data.

The mapping experiments confirmed that all deep learning architec-
tures were able to learn the outdoor–indoor transformations with high 
accuracy, achieving low MAE and RMSE values and strong determina-
tion coefficients across most sites. This supports the hypothesis that a 
significant portion of greenhouse thermal and radiative behavior can 
be explained by local weather patterns filtered through the structure’s 
physical and control responses.

Among the mapping architectures, recurrent and attention-based 
models (notably LSTM-Attention and CNNLSTM-Attention) achieved 
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the most stable performance across diverse climatic conditions, captur-
ing both short-term fluctuations and longer-term dependencies between 
outdoor and indoor variables. The Transformer-based mapper also dis-
played strong generalization, particularly when longer outdoor datasets 
were available, confirming the suitability of attention mechanisms 
for representing greenhouse thermodynamics. However, mapping ac-
curacy varied with site-specific characteristics: locations with strong 
outdoor–indoor discrepancies (e.g., high buffering or distinct venti-
lation regimes) showed greater residual error, indicating that local 
control strategies and greenhouse design can limit the generalizability 
of purely data-driven mappings.

Furthermore, it is important to contextualize the lower 𝑅2 and 
higher variance observed specifically in humidity predictions compared 
to temperature. Humidity is heavily influenced by complex biological 
processes, such as plant evapotranspiration and condensation, making 
it more challenging to map using only exogenous meteorological data. 
This difficulty is exacerbated by the presence of missing data points and 
sensor gaps in the raw datasets. Finally, this variance must be eval-
uated within the context of our 3-day (72-hour) forecasting horizon, 
which naturally accumulates significantly more uncertainty than the 
1-to-24-hour horizons typically evaluated in existing literature.

The prediction stage provided further evidence of the practical via-
bility of the proposed approach. Models trained with synthetic indoor 
data consistently achieved performance similar to those trained with 
real indoor data, with error profiles that are, in some cases, practically 
indistinguishable. Moreover, across several datasets, predictors trained 
with synthetic data outperformed their counterparts trained with real 
data, suggesting that synthetic data can introduce beneficial regular-
ization effects or mitigate overfitting to noisy historical datasets. This 
finding is particularly significant, as it demonstrates that greenhouse 
prediction systems can be implemented even when no previous indoor 
data exists, using only long-term meteorological records and a trained 
mapper.

From an architectural perspective, the LSTM and CNNLSTM families 
maintained strong predictive capacity across both training regimes, 
while the attention-enhanced variants generally delivered the best over-
all balance between accuracy and robustness. Notably, the Transformer 
forecaster trained on synthetic indoor data achieved better results than 
its counterpart trained on real indoor data. These outcomes highlight 
that attention-based temporal modeling, when combined with synthetic 
data generation, constitutes a powerful strategy for climate forecasting 
in data-limited greenhouses.

Regarding the choice of baselines, our experimental design specif-
ically isolates the impact of synthetic data by comparing it directly 
against the ‘‘gold standard’’ of real-sensor data across a spectrum of 
architectures, from simple MLPs to complex Transformers. We de-
liberately exclude domain adaptation techniques and purely physics-
informed models from this comparison, as they inherently violate the 
‘‘zero-history’’ constraint of our problem formulation. Domain adapta-
tion typically requires a sample of target-domain data to align feature 
spaces, which is unavailable in a newly instrumented facility. Similarly, 
purely physical models require precise structural metadata (e.g., ther-
mal transmittance, precise greenhouse volume) that is rarely available 
at scale. Therefore, the simple MLP serves as our baseline for algo-
rithmic complexity, while the real-data trained models serve as the 
upper-bound baseline for data quality, providing a clean ablation of 
the synthetic mapping’s effectiveness.

Interpreting these empirical results through a domain-specific phys-
ical lens, our synthetic mapping can be viewed as a data-driven sur-
rogate for classical greenhouse energy balance dynamics. The high 
reliability observed in temperature mapping confirms that attention-
based networks implicitly learn thermodynamic buffering coefficients, 
such as thermal inertia and time-lagged heat dissipation, directly from 
exogenous meteorological signals. Conversely, the degraded perfor-
mance in radiation mapping reflects the physical reality that solar 
transmission is highly non-linear and easily disrupted by unmeasured 
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local phenomena, such as condensation-altered refraction or mechani-
cal shading screens. Therefore, this approach establishes a clear phys-
ical boundary for AIoT deployment: data-driven mapping is highly 
reliable for variables governed by passive thermal mass (temperature, 
humidity), but inherently limited for those dictated by immediate 
physical obstructions.

To address concerns regarding bias amplification and error propaga-
tion, we explicitly analyzed the relationship between mapping residuals 
(Stage 1) and downstream forecasting errors (Stage 2). Our analysis 
reveals that there is no substantial linear correlation between the 
magnitude of the mapping error and the final predictive performance. 
This suggests that the forecasting models exhibit a degree of ‘‘error 
absorption’’ rather than amplification. We attribute this stability to 
two factors. First, the mapping stage acts as a physics-informed filter 
that smooths high-frequency sensor noise, providing a more consistent 
signal for the forecaster to learn. Second, the use of attention-based 
architectures like the Transformer provides an implicit form of uncer-
tainty management, as the model learns to prioritize reliable temporal 
features over those that may have been poorly mapped. While we 
acknowledge that a formal uncertainty quantification (e.g., Bayesian 
neural networks or conformal prediction) would provide a deeper 
calibration analysis, the current empirical stability across diverse sites 
suggests that the synthetic mapping stage provides a robust enough 
representation of greenhouse dynamics to support reliable downstream 
forecasting without catastrophic error propagation.

A practical consideration when deploying deep learning regression 
models in physical environments is the potential for generating physi-
cally unrealistic predictions, such as negative solar radiation or relative 
humidity exceeding 100%. Because standard neural networks perform 
unconstrained regression, they do not inherently respect these domain 
boundaries. In this study, we deliberately evaluated and reported the 
‘‘raw’’ model outputs to transparently assess the unconstrained learning 
capacity, bias, and error profiles of each architecture. However, for 
real-world AIoT deployment, a deterministic post-processing layer is 
essential. Implementing simple boundary constraints, such as clipping 
relative humidity to a maximum of 100% and applying a zero-floor 
to radiation predictions, would easily prevent these physical violations 
and further reduce operational error without degrading the underlying 
predictive power of the models.

Finally, it is important to note that the experimental findings val-
idate the feasibility of the proposed pipeline as a bridge between ex-
ternal weather information and indoor greenhouse forecasting. The ap-
proach enables new greenhouses, often lacking interior sensor histories, 
to immediately benefit from predictive models, facilitating rapid de-
ployment of AI-driven control systems without long calibration phases.

6. Conclusions and future work

This study proposed and validated a two-stage deep learning frame-
work to address the scarcity of historical indoor data in greenhouse 
environments. The first stage learns an outdoor-to-indoor mapping 
that generates synthetic microclimate variables (temperature, humid-
ity, radiation) from meteorological records, while the second stage uses 
these synthetic series to train forecasting models for short-term predic-
tion of indoor conditions. Results obtained across six geographically 
diverse greenhouses and six deep learning architectures demonstrate 
that (i) outdoor–indoor dynamics can be accurately modeled through 
neural mappings, and (ii) forecasters trained on synthetic indoor data 
achieve performance comparable to those trained on real measure-
ments. Attention-based models consistently exhibited superior gener-
alization, while simpler architectures such as MLPs offered competi-
tive, computationally efficient baselines. Crucially, this study provides 
actionable guidelines for deployment: attention-based architectures, 
specifically Transformers, should be prioritized as they demonstrate a 
unique capacity to filter synthetic artifacts that cause simpler recurrent 
models to degrade. Furthermore, while the framework is highly robust 
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for thermodynamically buffered variables like temperature, its applica-
tion to radiation is physically bounded by unmeasured local shading 
dynamics.  Notably, the Transformer forecaster trained on synthetic 
indoor data outperformed its counterpart trained on real measurements 
(particularly for temperature and humidity and at longer horizons) 
highlighting the practical advantage of attention-based models under 
synthetic training. These findings confirm that synthetic indoor data 
can serve as a viable surrogate for real historical data, enabling cost-
effective deployment of forecasting systems in newly instrumented or 
data-sparse facilities.

The implications extend beyond greenhouse management. By lever-
aging abundant outdoor data to emulate indoor conditions, this frame-
work provides a scalable foundation for AIoT-based climate control and 
decision-support systems. It also offers a practical route towards the 
rapid deployment of intelligent control in precision agriculture, acceler-
ating its digital transformation. Ultimately, while this work establishes 
the viability of synthetic data substitution, uncertainty quantification 
and the integration of diverse control scenarios remain critical next 
steps to ensure operational robustness. Future research will therefore 
extend the comparative analysis to hybrid physical—data-driven base-
lines, enabling a more granular assessment of the trade-offs between 
synthetic-trained models and conventional site-specific approaches in 
high-intervention agricultural systems. In parallel, efforts will focus on 
improving model generalization and integration. Developing a general-
purpose mapper capable of transferring across greenhouses without 
site-specific retraining would enable on-demand generation of synthetic 
indoor data from external weather records. Incorporating actuator 
and control variables (e.g., ventilation, heating, irrigation) is also ex-
pected to enhance physical realism and forecasting accuracy. Addition-
ally, since the current experiments were conducted offline on high-
performance computing servers, an important step towards practical 
deployment will be benchmarking inference times and computational 
footprints on resource-constrained IoT hardware. Integrating the opti-
mized framework within digital twin architectures and enabling edge-
based inference would ultimately support real-time, adaptive climate 
prediction in operational greenhouses.
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Appendix A. Data description

See Figs.  A.1–A.15.
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Fig. A.1. Temporal evolution of indoor and outdoor temperature across all greenhouse locations. The interior series exhibit a smoother profile and reduced 
amplitude compared to the outdoor signals, reflecting the thermal buffering effect of the greenhouse structure and control systems.
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Fig. A.2. Time series of indoor and outdoor relative humidity for all sites. Indoor humidity values remain consistently higher and less variable due to 
evapotranspiration and controlled ventilation, while outdoor conditions show greater short-term fluctuations.

Fig. A.3. Comparison between indoor and outdoor global radiation measurements. The indoor radiation signals display attenuated peaks and reduced variance, 
indicating the shading and transmissivity effects of greenhouse covers and screen management systems.
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Fig. A.4. Short-window time series of indoor and outdoor temperature during the first 20 days. Indoor temperatures show smoother fluctuations and delayed 
responses relative to outdoor dynamics, illustrating the thermal inertia and regulation mechanisms within greenhouse environments.

Fig. A.5. Time series of indoor and outdoor relative humidity over a 20-day period. The indoor humidity exhibits higher baseline levels and attenuated variability 
compared to the outdoor conditions, reflecting the combined effects of evapotranspiration and humidity control systems.
14 
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Fig. A.6. Short-term comparison of indoor and outdoor global radiation across the first 20 days. The attenuation of radiation peaks within the greenhouse reveals 
the influence of structural shading, cover transmissivity, and screen management strategies.

Fig. A.7. Temporal distribution of missing data in indoor and outdoor temperature measurements across all sites. The pattern reveals periodic interruptions, 
particularly in the outdoor series, likely associated with scheduled downtime or data acquisition failures.
15 
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Fig. A.8. Missing data pattern for relative humidity in indoor and outdoor datasets. The interior sensors show variable completeness depending on site 
maintenance, while outdoor series display more systematic gaps due to network-level interruptions.

Fig. A.9. Missing data distribution for global radiation across indoor and outdoor measurements. The interior radiation records exhibit greater discontinuities, 
reflecting sensor limitations and the influence of control screens on signal acquisition.
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Fig. A.10. Boxplots comparing the distribution of indoor and outdoor temperature across all greenhouse sites. Indoor temperature values exhibit lower variability 
and narrower interquartile ranges than outdoor data, reflecting the thermal buffering effect of greenhouse structures and climate control systems.

Fig. A.11. Boxplots of indoor and outdoor relative humidity for the analyzed locations. Indoor humidity distributions are generally higher and more stable, 
indicating controlled vapor dynamics and limited exposure to external fluctuations.
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Fig. A.12. Boxplots comparing indoor and outdoor global radiation. The indoor measurements show significantly lower medians and compressed ranges due to 
shading effects, cover transmissivity, and dynamic screen management within the greenhouse environment.

Fig. A.13. Histograms comparing the distribution of indoor and outdoor temperature across all greenhouse sites. Indoor temperature values concentrate around 
narrower ranges, while outdoor temperatures exhibit broader and more bimodal distributions, highlighting the moderating influence of greenhouse structures and 
climate control.
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Fig. A.14. Histograms of indoor and outdoor relative humidity. Indoor humidity distributions are generally skewed towards higher values and reduced variance, 
reflecting the stabilizing effect of controlled ventilation and transpiration processes within the greenhouse environment.

Fig. A.15. Histograms of indoor and outdoor global radiation measurements. Outdoor radiation exhibits high variability and pronounced right-skewed distributions 
due to diurnal peaks, while indoor measurements show truncated ranges caused by shading, screen control, and cover transmissivity losses.
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Appendix B. Evaluation figures of mapping models

See Figs.  B.1–B.6.

Fig. B.1. Distribution of mapping performance across models for the temperature variable. Each boxplot represents the dispersion of evaluation metrics (MAE, 
RMSE, 𝑅2) across all datasets, highlighting cross-site consistency. Results show that all architectures achieve comparable accuracy, with limited variance and no 
single dominant model.

Fig. B.2. Distribution of mapping performance across models for relative humidity. Larger interquartile ranges indicate higher variability among datasets, reflecting 
the influence of missing data and nonlinear control processes. Attention-based architectures exhibit slightly higher 𝑅2 and lower error dispersion compared to 
baseline models.

Fig. B.3. Distribution of mapping performance across models for global radiation. Radiation presents the highest overall variability, partly due to sensor saturation 
and shading effects within greenhouses. Despite this, all models maintain robust alignment between outdoor and indoor radiation patterns.
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Fig. B.4. Predicted versus observed indoor temperature for all datasets. The models successfully reproduce the temporal structure and phase lag between outdoor 
inputs and indoor responses, demonstrating the learned thermal translation in ℳ. Discrepancies are primarily associated with data gaps or control-driven deviations 
in sites such as Melipilla.

Fig. B.5. Predicted versus observed indoor relative humidity across all locations. The learned mappings capture the main humidity dynamics despite data sparsity 
and nonlinear ventilation effects. Performance degradation is most evident in datasets with higher missingness (e.g., Alhama).
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Fig. B.6. Predicted versus observed indoor global radiation for all greenhouse sites. The mapping models accurately reproduce the attenuated radiation peaks 
caused by greenhouse covers and dynamic shading, confirming their ability to learn structural transmissivity effects.

Appendix C. Evaluation of forecasting models

See Figs.  C.1–C.21.

Fig. C.1. Comparison of forecasting performance across architectures for temperature under real and synthetic training regimes. The boxplots summarize the 
distribution of error and accuracy metrics (MAE, RMSE, 𝑅2) across all datasets. Models trained on real data exhibit slightly lower variance and higher median 
accuracy, while synthetic-trained models maintain competitive performance with moderate dispersion, confirming the transferability of learned thermal dynamics.
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Fig. C.2. Forecasting performance boxplots for relative humidity under real and synthetic data training. Humidity predictions show greater variability across both 
regimes due to missing data and nonlinear greenhouse control effects. Attention-based architectures (LSTM-Attention and CNNLSTM-Attention) achieve slightly 
higher 𝑅2 and lower median error, particularly when trained on synthetic indoor series with well-preserved humidity dynamics.

Fig. C.3. Performance comparison for global radiation forecasts using real and synthetic training data. Radiation exhibits the largest dispersion among variables, 
reflecting the strong influence of screen management, transmissivity, and shading in each site. Synthetic-trained models capture the dominant diurnal trends but 
show increased variability, consistent with the higher standard deviations observed in Table  5.
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Fig. C.4. Forecasting comparison for indoor temperature using the PyTorch CNNLSTM architecture trained on real and synthetic data. The synthetic-trained 
model reproduces the diurnal oscillations and temporal phase of the indoor temperature series with only a slight increase in residual amplitude. Both regimes 
align closely with the observed indoor patterns, confirming that thermal dynamics are well captured by the mapping-forecasting pipeline.

Fig. C.5. Predicted versus observed indoor humidity using the PyTorch CNNLSTM under real and synthetic training regimes. While both models capture the 
dominant humidity cycles, the synthetic-trained version exhibits slightly delayed responses and higher variance in high-humidity periods. These deviations reflect 
the greater nonlinearity and control-dependence of humidity dynamics compared with temperature.
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Fig. C.6. Forecasting of indoor radiation using the PyTorch CNNLSTM trained with real and synthetic indoor data. The model trained on synthetic data successfully 
reproduces the main irradiance peaks but shows larger residuals during low-irradiance periods, when shading and transmissivity effects dominate. Overall, both 
training regimes capture the temporal envelope of radiation, demonstrating the CNNLSTM’s robustness to synthetic data variability.

Fig. C.7. Forecasting of indoor temperature using the PyTorch CNNLSTM with Attention mechanism trained on real and synthetic indoor data. Both models 
closely reproduce the temporal dynamics and amplitude of the observed indoor temperature series. The attention layer improves phase alignment and reduces 
short-term deviations, allowing the synthetic-trained model to achieve accuracy levels comparable to those of the real-trained counterpart.
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Fig. C.8. Predicted and observed indoor humidity using the CNNLSTM with Attention architecture under real and synthetic training regimes. The attention-
enhanced model captures the delayed and nonlinear humidity transitions characteristic of greenhouse control systems. Although the synthetic-trained version 
shows slightly higher residuals during abrupt fluctuations, both maintain coherent long-term humidity trends and daily cycles.

Fig. C.9. Comparison of indoor radiation forecasts produced by the CNNLSTM with Attention model trained on real and synthetic datasets. The attention 
mechanism enhances the reconstruction of irradiance peaks and transitions, particularly under synthetic training. Minor discrepancies appear in low-radiation 
intervals due to cumulative propagation errors, but overall agreement remains strong across regimes, confirming the robustness of attention-based architectures.
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Fig. C.10. Forecasted versus observed indoor temperature using the PyTorch LSTM architecture trained on real and synthetic data. The LSTM accurately captures 
diurnal thermal fluctuations and maintains good phase alignment across both training regimes. Synthetic-trained models show a mild amplitude attenuation but 
preserve the temporal shape of the series, confirming the model’s ability to generalize temporal dependencies even when trained on generated data.

Fig. C.11. Forecasting of indoor humidity using the PyTorch LSTM trained with real and synthetic data. While the real-trained model reproduces both slow 
and abrupt humidity variations more faithfully, the synthetic-trained version tends to smooth rapid transitions and overestimate recovery phases. This behavior 
reflects the increased sensitivity of humidity to noise and unmeasured control variables.
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Fig. C.12. Predictions of indoor radiation obtained with the PyTorch LSTM model trained under real and synthetic data regimes. Both models reproduce the 
main irradiance cycles but the synthetic-trained version exhibits larger residuals near peak radiation levels, indicating partial loss of fine-grained variability. 
Nevertheless, the overall dynamics and phase of the radiation signal remain consistent, underscoring the robustness of recurrent architectures to synthetic inputs.

Fig. C.13. Forecasted versus observed indoor temperature using the PyTorch LSTM with Attention architecture trained on real and synthetic data. The attention 
mechanism enhances short-term sensitivity and improves alignment during rapid temperature fluctuations. Synthetic-trained models maintain strong temporal 
coherence with only a modest loss of amplitude precision, demonstrating the stability of the attention-enhanced recurrent design.
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Fig. C.14. Indoor humidity predictions obtained with the PyTorch LSTM with Attention model under real and synthetic data training. Attention weighting 
improves tracking of the delayed humidity response typical of greenhouse systems, especially around control-induced transitions. The synthetic-trained version 
slightly over-smooths humidity peaks, suggesting minor attenuation of variability but preserved overall pattern fidelity.

Fig. C.15. Predicted and observed indoor radiation using the PyTorch LSTM with Attention mechanism trained on real and synthetic data. The model effectively 
reproduces diurnal radiation patterns and captures phase shifts between real and synthetic regimes. Slight underestimation in low-irradiance periods is observed 
for synthetic training, but the overall energy trend and daily envelope remain consistent, confirming good generalization.
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Fig. C.16. Forecasted and observed indoor temperature using the PyTorch MLP model trained on real and synthetic data. The MLP, despite lacking temporal 
recurrence, effectively captures the overall temperature evolution and daily oscillations. Synthetic-trained models show a slight bias and reduced sharpness in 
transitions, yet retain high correlation with ground-truth signals, confirming that static nonlinear mappings can approximate thermal dynamics when temporal 
coupling is limited.

Fig. C.17. Indoor humidity predictions obtained with the PyTorch MLP trained on real and synthetic data. The model reproduces average humidity trends but 
struggles with abrupt control-induced fluctuations. Synthetic training increases smoothing effects and amplitude damping, suggesting that static feed-forward 
architectures are more sensitive to noise and data completeness in this variable.
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Fig. C.18. Predicted versus observed indoor radiation using the PyTorch MLP trained with real and synthetic datasets. Radiation patterns are generally well 
reproduced, including diurnal cycles and attenuation during cloudy periods. However, synthetic-trained models exhibit higher residual errors during irradiance 
peaks, reflecting their limited ability to capture fast transients without explicit temporal context.

Fig. C.19. Forecasted and observed indoor temperature using the PyTorch Transformer architecture trained on real and synthetic data. The Transformer effectively 
captures long-range temporal dependencies and maintains accurate phase alignment across multi-day horizons. Synthetic-trained models slightly underpredict peak 
amplitudes, yet preserve the overall structure of temperature cycles, demonstrating robust generalization despite reduced physical signal coherence.
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Fig. C.20. Indoor humidity predictions produced by the PyTorch Transformer trained on real and synthetic data. The self-attention mechanism enables the model 
to reproduce gradual humidity variations and delayed responses to ventilation or irrigation events. Synthetic-trained versions show increased smoothing and 
phase lag, suggesting that longer contextual windows improve tracking stability but attenuate short-term fluctuations.

Fig. C.21. Predicted and observed indoor radiation using the PyTorch Transformer trained with real and synthetic datasets. The model accurately reconstructs 
diurnal irradiance cycles and their attenuation due to shading or weather conditions. Under synthetic training, peak irradiance tends to be underestimated and 
residual variance increases, but the Transformer still reproduces consistent temporal patterns, confirming its resilience to data synthesis artifacts.
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Appendix D. Wilcoxon results

See Table  D.1.

Table D.1
Wilcoxon Signed-Rank Test Results comparing Real vs Synthetic errors across all datasets, models, and features.
 Dataset Model Feature Mean_Error_Real Mean_Error_Synth Wilcoxon_Stat p_value Significant_Diff 
 (𝑝 < 0.05)  
 Alhama de Murcia (Murcia) MLP temperature 0.077104 0.095627 16268.000000 0.001330 True  
 Alhama de Murcia (Murcia) LSTM temperature 0.115311 0.167398 10636.000000 0.000000 True  
 Alhama de Murcia (Murcia) CNNLSTM temperature 0.096211 0.077773 17217.000000 0.011131 True  
 Alhama de Murcia (Murcia) LSTMAttention temperature 0.079961 0.149532 2204.000000 0.000000 True  
 Alhama de Murcia (Murcia) CNNLSTMAttention temperature 0.124800 0.075379 6446.000000 0.000000 True  
 Alhama de Murcia (Murcia) Transformer temperature 0.112663 0.073766 13196.000000 0.000000 True  
 Antalia (Turquía) MLP temperature 0.081361 0.067175 13794.000000 0.000001 True  
 Antalia (Turquía) LSTM temperature 0.100124 0.069294 14081.000000 0.000002 True  
 Antalia (Turquía) CNNLSTM temperature 0.129124 0.112164 18362.000000 0.083785 False  
 Antalia (Turquía) LSTMAttention temperature 0.083056 0.072801 18142.000000 0.059476 False  
 Antalia (Turquía) CNNLSTMAttention temperature 0.109180 0.066832 13048.000000 0.000000 True  
 Antalia (Turquía) Transformer temperature 0.078350 0.053800 13102.000000 0.000000 True  
 Falces (Navarra) MLP temperature 0.154312 0.099347 2381.000000 0.000000 True  
 Falces (Navarra) LSTM temperature 0.075993 0.156806 1615.000000 0.000000 True  
 Falces (Navarra) CNNLSTM temperature 0.129334 0.087046 6632.000000 0.000000 True  
 Falces (Navarra) LSTMAttention temperature 0.082302 0.152649 2469.000000 0.000000 True  
 Falces (Navarra) CNNLSTMAttention temperature 0.075354 0.091900 11081.000000 0.000000 True  
 Falces (Navarra) Transformer temperature 0.100589 0.082276 11567.000000 0.000000 True  
 Melipilla (Chile) MLP temperature 0.144191 0.257425 2133.000000 0.000000 True  
 Melipilla (Chile) LSTM temperature 0.089172 0.273606 4451.000000 0.000000 True  
 Melipilla (Chile) CNNLSTM temperature 0.167889 0.139275 13724.000000 0.000001 True  
 Melipilla (Chile) LSTMAttention temperature 0.103645 0.127495 15802.000000 0.000402 True  
 Melipilla (Chile) CNNLSTMAttention temperature 0.197691 0.207508 15835.000000 0.000439 True  
 Melipilla (Chile) Transformer temperature 0.153118 0.116124 12243.000000 0.000000 True  
 Miranda (Cartagena) MLP temperature 0.062826 0.087530 11181.000000 0.000000 True  
 Miranda (Cartagena) LSTM temperature 0.131268 0.076136 9205.000000 0.000000 True  
 Miranda (Cartagena) CNNLSTM temperature 0.067010 0.096080 13507.000000 0.000000 True  
 Miranda (Cartagena) LSTMAttention temperature 0.061372 0.062501 20736.000000 0.959406 False  
 Miranda (Cartagena) CNNLSTMAttention temperature 0.080233 0.076092 19803.000000 0.477420 False  
 Miranda (Cartagena) Transformer temperature 0.078951 0.071535 19187.000000 0.251827 False  
 Sonora (México) MLP temperature 0.056885 0.059354 19208.000000 0.258022 False  
 Sonora (México) LSTM temperature 0.052259 0.047874 17282.000000 0.012681 True  
 Sonora (México) CNNLSTM temperature 0.063805 0.056259 12011.000000 0.000000 True  
 Sonora (México) LSTMAttention temperature 0.055169 0.061857 13634.000000 0.000000 True  
 Sonora (México) CNNLSTMAttention temperature 0.039072 0.047071 15232.000000 0.000081 True  
 Sonora (México) Transformer temperature 0.030413 0.050774 11026.000000 0.000000 True  
 Alhama de Murcia (Murcia) MLP humidity 0.123106 0.177756 11524.000000 0.000000 True  
 Alhama de Murcia (Murcia) LSTM humidity 0.163026 0.239101 13320.000000 0.000000 True  
 Alhama de Murcia (Murcia) CNNLSTM humidity 0.121136 0.199527 9751.000000 0.000000 True  
 Alhama de Murcia (Murcia) LSTMAttention humidity 0.121695 0.194641 10271.000000 0.000000 True  
 Alhama de Murcia (Murcia) CNNLSTMAttention humidity 0.212792 0.154309 10247.000000 0.000000 True  
 Alhama de Murcia (Murcia) Transformer humidity 0.215429 0.107862 6855.000000 0.000000 True  
 Antalia (Turquía) MLP humidity 0.123361 0.165075 5595.000000 0.000000 True  
 Antalia (Turquía) LSTM humidity 0.151886 0.218959 9201.000000 0.000000 True  
 Antalia (Turquía) CNNLSTM humidity 0.086677 0.249229 7788.000000 0.000000 True  
 Antalia (Turquía) LSTMAttention humidity 0.113080 0.210131 9875.000000 0.000000 True  
 Antalia (Turquía) CNNLSTMAttention humidity 0.117039 0.195621 10628.000000 0.000000 True  
 Antalia (Turquía) Transformer humidity 0.198610 0.211614 18806.000000 0.156992 False  
 Falces (Navarra) MLP humidity 0.191795 0.158475 11003.000000 0.000000 True  
 Falces (Navarra) LSTM humidity 0.146001 0.164970 15951.000000 0.000596 True  
 Falces (Navarra) CNNLSTM humidity 0.182193 0.219349 9748.000000 0.000000 True  
 Falces (Navarra) LSTMAttention humidity 0.192183 0.147540 13186.000000 0.000000 True  
 Falces (Navarra) CNNLSTMAttention humidity 0.159747 0.155030 20634.000000 0.902103 False  
 Falces (Navarra) Transformer humidity 0.172302 0.174666 20415.000000 0.781150 False  
 Miranda (Cartagena) MLP humidity 0.173413 0.196348 17261.000000 0.012160 True  
 Miranda (Cartagena) LSTM humidity 0.139200 0.212699 10382.000000 0.000000 True  
 (continued on next page)
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Table D.1 (continued).
 Dataset Model Feature Mean_Error_Real Mean_Error_Synth Wilcoxon_Stat p_value Significant_Diff 
 (𝑝 < 0.05)  
 Miranda (Cartagena) CNNLSTM humidity 0.178930 0.196404 19763.000000 0.460068 False  
 Miranda (Cartagena) LSTMAttention humidity 0.153023 0.160782 18815.000000 0.158865 False  
 Miranda (Cartagena) CNNLSTMAttention humidity 0.152090 0.164088 18764.000000 0.148471 False  
 Miranda (Cartagena) Transformer humidity 0.163778 0.209982 7359.000000 0.000000 True  
 Sonora (México) MLP humidity 0.101833 0.131871 8899.000000 0.000000 True  
 Sonora (México) LSTM humidity 0.076447 0.063945 15229.000000 0.000080 True  
 Sonora (México) CNNLSTM humidity 0.078701 0.082643 18732.000000 0.142220 False  
 Sonora (México) LSTMAttention humidity 0.099880 0.060874 11065.000000 0.000000 True  
 Sonora (México) CNNLSTMAttention humidity 0.095747 0.093421 17491.000000 0.019034 True  
 Sonora (México) Transformer humidity 0.177372 0.066850 4478.000000 0.000000 True  
 Alhama de Murcia (Murcia) MLP radiation 0.075653 0.048970 17877.000000 0.038266 True  
 Alhama de Murcia (Murcia) LSTM radiation 0.060039 0.232763 3964.000000 0.000000 True  
 Alhama de Murcia (Murcia) CNNLSTM radiation 0.066879 0.092243 10923.000000 0.000000 True  
 Alhama de Murcia (Murcia) LSTMAttention radiation 0.079008 0.127235 11341.000000 0.000000 True  
 Alhama de Murcia (Murcia) CNNLSTMAttention radiation 0.068645 0.083941 8956.000000 0.000000 True  
 Alhama de Murcia (Murcia) Transformer radiation 0.072060 0.055544 10350.000000 0.000000 True  
 Antalia (Turquía) MLP radiation 0.040241 0.049986 16910.000000 0.005859 True  
 Antalia (Turquía) LSTM radiation 0.083360 0.058290 18191.000000 0.064311 False  
 Antalia (Turquía) CNNLSTM radiation 0.084830 0.064573 19570.000000 0.381481 False  
 Antalia (Turquía) LSTMAttention radiation 0.055777 0.049919 19957.000000 0.547446 False  
 Antalia (Turquía) CNNLSTMAttention radiation 0.061615 0.054565 20333.000000 0.737030 False  
 Antalia (Turquía) Transformer radiation 0.035748 0.043936 15538.000000 0.000195 True  
 Falces (Navarra) MLP radiation 0.087294 0.057421 6459.000000 0.000000 True  
 Falces (Navarra) LSTM radiation 0.082652 0.089041 18318.000000 0.078367 False  
 Falces (Navarra) CNNLSTM radiation 0.093248 0.095638 16401.000000 0.001837 True  
 Falces (Navarra) LSTMAttention radiation 0.065633 0.092596 10874.000000 0.000000 True  
 Falces (Navarra) CNNLSTMAttention radiation 0.085385 0.082360 18915.000000 0.180829 False  
 Falces (Navarra) Transformer radiation 0.076225 0.077653 20004.000000 0.569786 False  
 Melipilla (Chile) MLP radiation 0.096039 0.110827 19279.000000 0.279748 False  
 Melipilla (Chile) LSTM radiation 0.137307 0.264735 9729.000000 0.000000 True  
 Melipilla (Chile) CNNLSTM radiation 0.134419 0.134313 16044.000000 0.000758 True  
 Melipilla (Chile) LSTMAttention radiation 0.146316 0.173471 13116.000000 0.000000 True  
 Melipilla (Chile) CNNLSTMAttention radiation 0.129664 0.107501 16589.000000 0.002859 True  
 Melipilla (Chile) Transformer radiation 0.154506 0.118204 20170.000000 0.651977 False  
 Miranda (Cartagena) MLP radiation 0.060931 0.073470 14025.000000 0.000002 True  
 Miranda (Cartagena) LSTM radiation 0.075434 0.103363 13253.000000 0.000000 True  
 Miranda (Cartagena) CNNLSTM radiation 0.048607 0.085699 8569.000000 0.000000 True  
 Miranda (Cartagena) LSTMAttention radiation 0.044043 0.093286 7104.000000 0.000000 True  
 Miranda (Cartagena) CNNLSTMAttention radiation 0.075162 0.061953 19793.000000 0.473049 False  
 Miranda (Cartagena) Transformer radiation 0.055860 0.077610 8622.000000 0.000000 True  
 Sonora (México) MLP radiation 0.027679 0.062743 6596.000000 0.000000 True  
 Sonora (México) LSTM radiation 0.051200 0.052058 18096.000000 0.055215 False  
 Sonora (México) CNNLSTM radiation 0.054312 0.062874 15859.000000 0.000468 True  
 Sonora (México) LSTMAttention radiation 0.028872 0.034277 15701.000000 0.000306 True  
 Sonora (México) CNNLSTMAttention radiation 0.037138 0.052185 15520.000000 0.000185 True  
 Sonora (México) Transformer radiation 0.035257 0.054101 10888.000000 0.000000 True  
34 
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