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Abstract 

This study evaluates the performance of classical machine learning models for one-step-ahead 
agroclimatic time-series forecasting under degraded sensor-data conditions. The motivation is the 
operation of IoT-based field monitoring systems, where measurements may be noisy, incomplete, 
temporally irregular, and constrained by limited local storage and computational resources. Using a 
real meteorological dataset collected by a field weather station in the Dnipro region of Ukraine, we 
compared twelve regression models: Ridge Regression, Random Forest, Extra Trees, Gradient 
Boosting, HistGradientBoosting, Support Vector Regression, Linear SVR, KNN, PLSRegression, 
ElasticNet, Lasso, and MultiTaskElasticNet. The models were evaluated under five controlled 
experimental scenarios: baseline data, missing values, additive noise, reduced training history, and 
combined noise–missingness degradation. The results indicate that Ridge Regression provides the 
highest accuracy under clean and mildly degraded conditions, whereas HistGradientBoosting is 
more stable under severe combined degradation. These findings support the use of deployment-
oriented model selection for agroclimatic forecasting; however, the proposed edge/fog workflow 
should be interpreted as a conceptual deployment direction unless validated by direct measurements 
of latency, memory footprint, and energy consumption on representative hardware. The study 
therefore provides a benchmark for robustness-oriented model selection rather than a fully validated 
embedded deployment framework. 

Keywords: agriculture; time-series forecasting; machine learning; fog computing; edge computing; 
IoT; environmental monitoring 
 

1. Introduction 

1.1. Relevance of the Topic and Research Motivation 

The rapid development of the Internet of Things (IoT), wireless sensor networks, and distributed 
computing has driven a shift from centralized cloud analytics toward decentralized fog and/or edge 
architectures. Unlike the traditional “from sensor to cloud” paradigm, in which all data must be 
transmiĴed to a remote data center, fog and/or edge computing enables data processing directly on 
peripheral devices, from sensors to gateways, microcontrollers, or local edge nodes [1,2]. This 
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approach reduces latency, decreases network traffic, improves resilience to connectivity loss, and 
ensures autonomous system operation. 

The need for local analytics is particularly crucial in precision agriculture, where real-time 
decision-making has a direct impact on crop health and yield. Edge-level processing plays a key role 
in tasks such as disease detection, pest monitoring, forecasting the development of plant diseases, 
evaluating microclimatic risks, and planning agrotechnical interventions. In these environments, 
even minimal delays in data transmission or processing may lead to crop loss or ineffective 
implementation of field management measures [3]. 

Forecasting environmental time series, including temperature, humidity, atmospheric pressure, 
wind speed, dew point, and related parameters, is a key task in these systems. However, real-world 
IoT sensor data often contain missing values, noise, anomalies, and irregular timestamps, which 
significantly complicate modeling [4]. An additional challenge arises from the hardware limitations 
of fog and/or edge devices, including restricted memory, energy consumption, and computational 
capacity, which make complex or unstable models unsuitable for deployment [5]. 

Classical statistical approaches such as ARIMA and SARIMA remain popular due to their 
simplicity, interpretability, and low computational costs. Nevertheless, their accuracy declines 
sharply under non-stationarity, noise, or missing data, conditions typical for sensor networks [6]. 
Furthermore, these models require frequent retraining as new observations arrive, which limits their 
applicability on resource-constrained fog and/or edge devices that operate in real-time [7]. 

Hybrid methods, such as SARIMA+LSTM or SARIMA+XGBoost, often report improvements of 
10–25% compared to purely statistical approaches [8]. However, they exhibit significantly higher 
computational complexity, increased memory consumption, and long training times, making them 
impractical for direct deployment on edge devices [9]. 

Against this background, machine learning (ML) models, including regularized linear methods, 
support-vector regressors, instance-based learners, and ensemble-based approaches, have become 
widely used for environmental time-series forecasting. These models can be trained offline and then 
deployed for inference on peripheral devices, provided that their memory footprint, latency, and 
robustness to degraded input data are compatible with the target edge or fog platform [10,11]. 
Contemporary research confirms that ML-based approaches are the most promising solutions for 
time-series forecasting under fog and/or edge computing constraints, where accuracy, speed, and 
computational efficiency must be balanced [12]. 

This study focuses on classical ML regressors rather than on statistical, hybrid, or deep learning 
models. This choice was made to keep the experimental scope centered on models that are commonly 
available in lightweight, Python-based inference pipelines and that can be evaluated consistently 
under the same degradation protocol. However, this restriction also limits the comparative scope of 
the study. Therefore, the results should not be interpreted as evidence of the general superiority of 
classical ML over ARIMA/SARIMA, Prophet, hybrid models, or lightweight neural architectures. 
Instead, the study provides an internal benchmark of selected classical ML models under controlled 
degradation scenarios, while broader cross-family comparisons remain a direction for future work. 

1.2. Analysis of the Latest Research and Publications 

Recent surveys on environmental and weather-related time-series forecasting provide a 
structured overview of existing modeling approaches, ranging from classical statistical techniques to 
hybrid and deep learning models [6,12]. Within this landscape, ARIMA, SARIMA, and Holt–Winters 
remain widely used as baseline forecasting tools due to their interpretability and computational 
efficiency. However, comparative analyses show that these models are typically evaluated under 
controlled conditions and tend to underperform when applied to real-world IoT data, which are 
characterized by irregular sampling, sensor noise, or missing observations [4,7]. Importantly, prior 
work rarely accounts for the deployment constraints of fog and/or edge devices, which limits the 
practical applicability of statistical models beyond conventional server-side environments. 
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A second major line of research investigates hybrid models such as SARIMA+LSTM, 
SARIMA+XGBoost, STL-XGBoost, and Wavelet-LSTM. These architectures demonstrate accuracy 
improvements of 10–25% over purely statistical baselines across various environmental forecasting 
tasks [8,12]. Nevertheless, existing analyses consistently highlight that hybrid approaches introduce 
considerable computational overhead, require substantial memory allocations, and involve long 
training cycles, making them impractical for hardware-constrained fog and/or edge platforms [9]. As 
a result, most hybrid solutions are designed for cloud-based inference pipelines rather than for fully 
decentralized IoT ecosystems. 

Another important research direction concerns noise and missing sensor data, which are 
inherent issues in meteorological and agricultural IoT systems. Systematic reviews estimate that 15–
30% of measurements in real deployments may be missing or corrupted [4]. Common imputation 
strategies include forward/backfill, KNN-based methods, spline or Lagrange interpolation, and ML-
based approaches such as MICE or Autoencoders. Empirical evidence indicates that tree-based 
models (Extra Trees, Random Forest) are generally more resilient to incomplete or noisy data than 
ARIMA or LSTM due to their ensemble structure and intrinsic randomness [8,10]. 

In contrast to statistical and hybrid methods, ML approaches have become dominant in IoT and 
fog/edge time-series forecasting. Ensemble models, such as Random Forest, Extra Trees, Gradient 
Boosting, and HistGradientBoosting, demonstrate high predictive accuracy and maintain stable 
inference times (50–100 ms on microcomputer hardware, such as Raspberry Pi) when trained in the 
cloud and deployed on peripheral nodes [11]. 

Neural network architectures, including LSTM, GRU, and 1D-CNN, achieve even higher 
accuracy in handling highly nonlinear and long-range temporal dependencies. However, they 
require significantly more memory and computational power, often exceeding the capabilities of fog 
and/or edge hardware unless optimized through quantization, pruning, or deployment via 
TensorFlow Lite or ONNX Runtime. Although deep neural networks are extensively investigated in 
the literature, the present study focuses exclusively on classical ML models due to fog and/or edge 
constraints [11,13]. 

A more recent trend is TinyML, which enables inference directly on microcontrollers with ≤256 
KB RAM and power budgets ≤1 W. Studies [14,15] demonstrate that micro-LSTM, compact GRU 
models, and lightweight gradient boosting variants can run entirely offline on embedded devices, 
enabling fully autonomous IoT systems. 

Recent agricultural studies further demonstrate the applicability of ML-based forecasting under 
real field conditions. Research on Fusarium head blight prediction in corn [16] shows that ensemble 
learning and gradient boosting methods provide high forecasting accuracy when driven by local 
meteorological variables. Another study [17] presents an IoT-oriented decision-making network for 
evaluating the probability of crop diseases, highlighting the importance of distributed sensing and 
edge-level analytics in agricultural monitoring systems. A more advanced decision-support 
framework [18] integrates weather monitoring, ML, and explainable artificial intelligence to estimate 
the risk of wheat powdery mildew, illustrating how environmental sensing can be combined with 
ML models for operational agronomic decision-making. 

Overall, contemporary literature consistently highlights the advantages of ML-based forecasting 
over statistical and hybrid models in fog and/or edge computing contexts. Among these, Ridge 
Regression, HistGradientBoosting, Gradient Boosting, and Random Forest are considered the most 
balanced in terms of accuracy, robustness to noise and missing data, and computational efficiency 
[10,12]. Modern gradient boosting frameworks, such as LightGBM, further demonstrate high 
efficiency and scalability for large-scale and degraded datasets [19], while ensemble learning 
strategies based on locally independent predictors improve generalization and robustness under 
uncertainty [20]. Additionally, recent studies on adaptive noise suppression in sensor systems 
confirm the key role of robust signal processing for maintaining predictive stability under real-world 
interference conditions [21]. This aligns with the practical requirements of resource-constrained 
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devices, where inference speed, robustness, and model stability are as important as predictive 
accuracy. 

1.3. Aim, Objectives, Object and Subject of the Study 

Despite extensive research on forecasting meteorological time-series data, the existing literature 
still lacks a comprehensive evaluation of ML models under the conditions typical for fog and/or edge 
computing environments. Most prior studies focus either on improving forecasting accuracy or on 
optimizing specific algorithms, while paying insufficient aĴention to the operational constraints and 
data degradation paĴerns inherent to real IoT systems. 

Classical statistical approaches, such as ARIMA and SARIMA, remain widely used because of 
their simplicity and interpretability. However, they exhibit strong performance only under strict 
assumptions of stationarity, low noise levels, and complete historical records. In the presence of 
missing data, stochastic disturbances, or even minor structural shifts in seasonality, their accuracy 
decreases sharply, and the models require retuning or full retraining. These limitations restrict the 
applicability of classical statistical models for real-time peripheral deployment. 

Despite higher accuracy, hybrid models remain poorly suited for fog and/or edge deployment 
due to their computational and energy demands. Even when training is offloaded to the cloud, 
executing such models on peripheral nodes typically requires quantization, pruning, or hardware 
acceleration, which reduces their general applicability. 

ML models, including Ridge Regression, Support Vector Regression, Random Forest, Extra 
Trees, Gradient Boosting, HistGradientBoosting, and Multilayer Perceptron, have recently 
demonstrated superior accuracy and robustness. However, most comparative studies evaluate 
models only on clean datasets, using metrics such as MAE, RMSE, and R2. There is a noticeable lack 
of systematic analyses addressing how these models behave under realistic conditions involving 
sensor noise, missing observations, reduced historical data, or combined forms of degradation. 
Furthermore, there is liĴle evidence regarding which algorithms remain operationally viable on 
devices with constrained memory and computational capacity, such as IoT gateways and edge nodes. 

The research gap addressed in this study is the limited availability of deployment-oriented 
benchmarks that evaluate classical ML models under multiple forms of sensor-data degradation 
using a consistent time-series forecasting protocol. Prior work often emphasizes either predictive 
accuracy on clean datasets or algorithm-specific improvements, whereas fewer studies jointly 
examine how model rankings change under missing values, additive noise, reduced historical 
context, and combined degradation. In this study, the term “framework” refers to a structured 
experimental evaluation pipeline rather than a newly proposed learning algorithm. The contribution 
is therefore methodological and empirical: a consistent benchmark for assessing the accuracy–
robustness trade-off of selected ML regressors in an agroclimatic IoT seĴing. 

Based on the identified research gaps, the present study aims to provide a systematic 
experimental comparison of ML algorithms for forecasting environmental time-series parameters 
(such as temperature, humidity, and others) under fog and/or edge constraints. The objectives of this 
research are as follows: 

1. To evaluate the accuracy of selected classical ML models under baseline, non-degraded data 
conditions. 

2. To assess the robustness of these models under missing values, additive noise, reduced training 
history, and combined degradation. 

3. To analyze the relative deployment suitability of the models from the perspective of algorithmic 
complexity and stability, without claiming full hardware-level validation. 

4. To identify candidate models that provide a favorable accuracy–robustness trade-off for future 
edge/fog implementation in agroclimatic monitoring systems. 

This formulation defines the scientific relevance of the study and provides the foundation for 
the experimental methodology described in the next section. 
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2. Materials and Methods 

This study utilizes real meteorological time-series data collected from a field weather station and 
stored in CSV format. The dataset contains eight meteorological variables: air temperature (°C), 
relative humidity (%), atmospheric pressure (hPa), wind speed (m/s), wind direction (degrees), 
precipitation intensity (mm/h), daily precipitation (mm/day), and dew point (°C). These variables are 
used consistently throughout the study as the monitored agroclimatic parameters. All timestamps 
were converted into the DateTime format and used as the index to ensure correct temporal ordering 
and consistency throughout the sequence. 

The meteorological data were collected at a field monitoring site located in the Samar district of 
the Dnipro region, Ukraine. The measurements were obtained using a custom-built experimental 
weather station designed in accordance with the edge/fog computing architecture (Figure 1). The 
system is based on a serial microcontroller platform (Arduino Mega 2560) equipped with compatible 
meteorological sensors and a GSM/GPRS module for data transmission. Most preprocessing and 
computational procedures, including signal filtering, data validation, and the formation of structured 
measurement packets, are executed directly on the microcontroller. This device performs local 
buffering and fog-level relaying before transmiĴing the processed data to an IoT server deployed on 
a Raspberry Pi microcomputer, utilizing an information technology stack. The monitoring campaign 
spanned from May 10, 2023, to September 12, 2024, providing approximately 490 days of continuous 
observations with occasional gaps inherent to field IoT deployments. 

Table 1. Dataset characteristics. 

To provide a clear overview of the collected dataset, Figure 2 presents an eight-panel 
visualization, where each meteorological variable is shown on its own axis with its natural physical 
scale. This representation avoids the distortions of a single combined plot and allows each parameter: 
air temperature, relative humidity, atmospheric pressure, wind speed, wind direction, precipitation 
intensity, daily precipitation, and dew point, to be interpreted independently. The selected segment 
(November 2023 – February 2024) is continuous and stable, allowing for a clean inspection of short-
term dynamics and sensor behavior relevant to the forecasting task. 

The raw dataset consisted of N = 58,802 time-stamped observations collected at a nominal 
sampling interval of Δt ≈ 10 minutes. The cleaned dataset contained no NaN values within the 
recorded measurement rows. However, the original monitoring timeline included natural timestamp 
gaps caused by field-level interruptions such as communication failures, power instability, or sensor 
downtime. Therefore, “no missing values” refers only to the absence of missing entries inside 

Parameter Value 

Total duration from May 10, 2023 to September 12, 2024 

Number of samples (raw) 58,802 

Sampling interval 10 minutes (nominal) 

Number of meteorological variables 8 

Missing segments (timeline gaps) Yes (several hours–days) 

Missing values inside recorded segments 
0% (sensor offline periods appear as gaps rather than 

NaNs) 

Anomalous measurements removed 
Yes (physically implausible humidity, temperature, wind 

spikes) 
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retained records, not to the absence of temporal gaps in the complete observation timeline. This 
distinction is important because the synthetic degradation experiments introduced controlled 
missingness into the retained data matrix, whereas naturally occurring timestamp gaps were treated 
as part of the field acquisition context. Figure 2 focuses on a continuous stable segment; the full 
dataset still contains natural timestamp gaps caused by field-level operational interruptions. 

 

Figure 1. Acquisition equipment. 

 

Figure 2. Time series of all meteorological variables collected by the edge-enabled field weather station during 
the monitoring. 

The plots use the following axis labels and units: air temperature (°C), air humidity (%), 
atmospheric pressure (hPa), wind speed (m/s), wind direction (° – angle), precipitation intensity 
(mm/h), daily precipitation (mm/day), and dew point (°C). 

Initial data cleaning involved removing duplicated measurements and discarding physically 
implausible values, such as negative relative humidity or temperature values outside realistic 
physical limits. These filtering criteria follow standard environmental data quality-control 
procedures and are consistent with the operational specifications of low-cost meteorological sensors. 
As IoT weather stations frequently produce irregular, noisy, or partially corrupted observations due 
to power interruptions and communication instability, this preprocessing step ensured a coherent 
and reliable foundation for subsequent model training. 

Specifically, measurements were filtered using rule-based thresholds derived from the physical 
constraints of atmospheric parameters and manufacturer guidelines for field-grade sensing devices: 
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humidity values below 0% or above 100% were removed; temperature readings below −40°C or above 
60°C were discarded as physically implausible; negative wind-speed values were excluded; and 
abrupt, isolated single-point spikes, typically arising from transient electrical interference, were 
smoothed using a three-point median window. These corrections address common artefacts observed 
in embedded IoT systems and preserve the physical interpretability of the dataset. 

To enable compatibility with supervised machine-learning models, the data were transformed 
into a lag-embedded representation. For each time series, lagged features were generated for the 
preceding six observation intervals: 

 (𝑥௧ିଵ, 𝑥௧ିଶ, … , 𝑥௧ି଺)  (1) 

where 𝑥௧ is the value of a meteorological variable at time 𝑡, 𝑥௧ି௞ is its value at lag 𝑘, and 𝑘 ∈

{1, … ,6}  defines the one-hour temporal window capturing short-term dependencies essential for 
forecasting. 

Capturing short-term temporal dependencies is essential for one-step-ahead forecasting. The 
choice of six lags was guided by empirical inspection of the autocorrelation (ACF) and partial 
autocorrelation (PACF) functions, both of which indicated that the strongest dependencies are 
concentrated within the preceding hour (≈ 60 minutes). This lag depth offers a favorable trade-off 
between predictive accuracy and model complexity: adding additional lags did not significantly 
improve performance but increased memory requirements and inference latency, both of which are 
undesirable for resource-constrained fog and/or edge environments. 

In addition to lagged values, causal rolling descriptors were computed to encode short-term 
variability and local atmospheric dynamics. To prevent information leakage, all moving averages and 
moving standard deviations were calculated only from observations available before the prediction 
instant. In implementation terms, the time series was shifted by one step before applying rolling-window 
operations. Thus, for a forecast issued at time 𝑡, the feature vector used observations up to 𝑡 − 1, while 
the target corresponded to the next observation. No centered rolling windows or future values were used. 

Rolling statistics were computed over windows of 3, 6, and 12 previous observations, 
corresponding approximately to 30, 60, and 120 minutes under the nominal 10-minute sampling 
interval. Near the beginning of each temporal block, samples with insufficient history were removed 
rather than filled using future information. This preserves the causal structure required for realistic 
edge inference. 

Moving averages capture local trends and smooth small-scale oscillations, whereas moving standard 
deviations quantify short-term variability and turbulence-like fluctuations. For each variable, these 
operations generated a set of temporal features that summarized the local structure of the signal. 

By combining lagged observations and local statistical descriptors, the input feature vector for 
time 𝑡 takes the form: 

  𝑧௧ = [𝑥௧ିଵ, 𝑥௧ିଶ, … , 𝑥௧ି௅ , MAଷ(𝑥௧), MA଺(𝑥௧), MAଵଶ(𝑥௧), SDଷ(𝑥௧), SD଺(𝑥௧), SDଵଶ(𝑥௧)] (2) 
where 𝑧௧  is the feature vector at time 𝑡 , 𝐿  is the number of lagged values, MA௪(𝑥௧)  and 

SD௪(𝑥௧)  are the moving average and moving standard deviation computed over a window 𝑤 ∈

{3, 6, 12}, and each transformation is applied independently to every meteorological variable. 
For 𝑑 meteorological variables, the resulting feature vector has dimensionality: 

 𝑚 = 𝑑 ⋅ 𝐿 + 6𝑑  (3) 
where 𝑚  is the dimensionality of the feature vector, 𝑑  is the number of meteorological 

variables, 𝐿  is the number of lag features per variable, and 6𝑑  corresponds to the statistical 
descriptors added for each variable. 

The one-step-ahead forecasting task is defined as predicting the next multivariate observation: 
 𝑦௧ = 𝑥௧ାଵ  (4) 

where 𝑦௧   denotes the next-step target value and 𝑥௧ାଵ  is the true observation one time step 
ahead, which is a standard formulation for real-time predictive control in edge computing, where 
forecasts must be updated continuously at the device level. 

A machine-learning model: 
 𝑓ఏ: ℝ௠ → ℝௗ  (5) 
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where 𝑓ఏ is a machine-learning model parameterized by 𝜃, ℝ௠ is the input feature space, and 
ℝௗ  is the output space of predicted meteorological variables, parametrized by θ, is trained to 
approximate the mapping from lagged features 𝑧௧to the future state 𝑦௧ . 

To avoid temporal leakage, all experiments were conducted using chronological spliĴing. The 
dataset was ordered by timestamp before feature generation and model evaluation. The earliest 
observations were used for training, the subsequent temporal block was used for validation and 
hyperparameter selection, and the final temporal block was held out exclusively for testing. 
Specifically, the split was defined as follows: the first 70% of chronologically ordered observations 
were used for training, the following 15% for validation, and the final 15% for testing. No random 
shuffling was applied at any stage. 

All preprocessing operations that require parameter estimation, including scaling and model 
fiĴing, were fiĴed only on the training block and then applied to validation and test blocks. 
Hyperparameters were selected using the validation block only, and the final reported performance 
was computed on the temporally held-out test block. 

For robustness analysis, the same chronological protocol was preserved across all degradation 
scenarios. Synthetic missingness and noise were introduced after defining the temporal blocks, so 
that information from the validation or test periods could not affect training-time preprocessing. This 
design ensures that the evaluation reflects a causal one-step-ahead forecasting seĴing rather than an 
optimistic randomly shuffled regression task. 

 𝜃∗ = arg min 
ఏ

1

𝑁
෍ ∥ 𝑦௧ − 𝑓ఏ(𝑧௧) ∥ଶ

ே

௧ୀଵ

 (6) 

where 𝜃∗ are the optimal model parameters, 𝑁 is the number of training samples, 𝑦௧  is the 
ground-truth target, 𝑓ఏ(𝑧௧)  is the predicted value, and ∥⋅∥ଶ  is the squared Euclidean norm, with 
time-series-consistent spliĴing, ensuring that training and validation sets respect chronological order. 

The formulation is generic and applies uniformly to all models evaluated in this study, including 
linear regressors, ensemble methods, and kernel-based predictors. To emulate the operational 
constraints of fog and/or edge devices, only a short rolling buffer representing a fraction 𝛼 = 0.10 of 
the most recent samples was used for training: 

 𝐷train = {(𝑧௧ , 𝑦௧) ∣ 𝑡 ∈ [𝑇(1 − 𝛼), 𝑇]}  (7) 
where 𝐷train is the training subset, 𝑇 is the total number of time steps, and 𝛼 is the retained 

fraction of the most recent observations reflecting memory limits of fog/edge devices, 𝑇 denotes the 
total number of time steps. 

This setup reflects realistic memory limitations of embedded IoT gateways, which typically 
retain only short historical windows due to limited RAM and a lack of persistent storage. 

Three forms of data degradation were modelled to replicate common real-world sensor failure 
modes. Missing-value corruption was introduced via a Bernoulli masking process: 

 𝑧̃௧ = 𝑀௧ ⊙ 𝑧௧ , 𝑀௧ ∼ Bernoulli(1 − 𝑝miss) (8) 
where 𝑧̃௧  is the masked feature vector, 𝑀௧  is the binary mask, 𝑝miss  is the missing-data 

probability, and ⊙  denotes element-wise multiplication simulating signal loss or packet drop, 
mimicking the effects of intermiĴent wireless connectivity, packet loss, or power fluctuations. 
Additive measurement noise was simulated as Gaussian perturbations: 

𝑧̃௧ = 𝑧௧ + 𝜀௧ , 𝜀௧ ∼ 𝒩(0, 𝜎ଶ𝐼)  (9) 
where 𝑧̃௧ is the noise-corrupted feature vector, 𝜀௧ is Gaussian noise, 𝜎ଶ is noise variance, and 

𝐼  is the identity matrix assuming independent noise across all feature dimensions, representing 
sensor drift, thermal noise, and short-term electrical interference. 

The Combined scenario applied both operators simultaneously, reflecting the multifaceted 
degradation typical of field-deployed meteorological stations. 

In summary, the forecasting task involves learning a low-latency, memory-efficient, and 
degradation-tolerant mapping 𝑓ఏ capable of operating under noisy measurements, partial 
observation loss, and limited computational resources, conditions characteristic of real-world fog 
and/or edge IoT deployments. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 May 2026 doi:10.20944/preprints202605.0372.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.0372.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 22 

 

To mimic real fog and/or edge constraints, only the most recent 10% of observations were used for 
training (fast_fraction = 0.10). This scenario reflects practical limitations, such as small memory footprints, 
limited storage capacity, and low-power processors, which are typical of distributed IoT gateways and 
microcontrollers. This setup reflects realistic memory constraints of edge devices with limited RAM. 

Feature engineering, scenario generation, and model pipelines were implemented in Python 
using pandas, numpy, scikit-learn, and joblib. These libraries represent standard tools for high-
quality time-series ML research. 

Experiments were conducted in a Python 3 environment using pandas, NumPy, scikit-learn, and 
joblib. The evaluation was performed offline on CPU-based hardware. Therefore, the reported results 
primarily characterize predictive accuracy and robustness under controlled degradation scenarios. They 
should not be interpreted as direct evidence of deployment feasibility on specific embedded devices. 
Hardware-level validation, including inference latency, memory footprint, throughput, and energy 
consumption on representative edge/fog platforms, remains necessary before operational deployment. 

The evaluated models include: Ridge Regression, ElasticNet, Lasso, MultiTaskElasticNet, 
PLSRegression, Support Vector Regression (RBF kernel), Linear SVR, KNN, Random Forest, Extra 
Trees, Gradient Boosting, and HistGradientBoosting. The selection of these algorithms is motivated 
by prior research in environmental and agroclimatic monitoring, where regularized linear models 
and ensemble-based approaches consistently demonstrate high predictive accuracy and robustness 
under noise and missing data. Earlier studies also show that methods such as Ridge Regression, 
ElasticNet, Random Forest, Gradient Boosting and HistGradientBoosting achieve stable performance 
while remaining computationally efficient for deployment on edge and fog devices [10–12]. In 
agricultural sensing applications, kernel-based and multivariate models have been successfully 
applied to capture nonlinear relationships and multi-parameter dependencies [16,17]. Considering 
these findings and the constraints of low-power embedded hardware, this set of algorithms 
represents a well-justified and practical choice for edge and/or fog-based agroclimatic forecasting. 

The ML models evaluated in this study were configured exactly as implemented in the 
experiment pipeline. Hyperparameter values were selected using a constrained configuration 
strategy rather than an exhaustive search. The goal was to compare model families under 
computationally realistic seĴings suitable for deployment-oriented analysis. Therefore, the selected 
values reflect commonly used stable configurations in scikit-learn and moderate model sizes that 
avoid excessive memory and inference costs. This design favors reproducibility and practical 
comparability, but it does not claim that each model was individually optimized to its maximum 
possible performance. Consequently, the reported results should be interpreted as a comparison of 
practical model configurations rather than as a fully exhaustive hyperparameter-optimization study. 

Linear and kernel-based models were also included: SVR with an RBF kernel (C = 3.0), 
LinearSVR (C = 2.0), and PLSRegression with 8 latent components for extracting the multivariate 
structure. Additionally, ElasticNet and MultiTaskElasticNet were evaluated with l1_ratio = 0.3 to 
balance L1/L2 regularization. KNN was implemented with 5 neighbors. Models sensitive to feature 
scaling (Ridge, ElasticNet, Lasso, MultiTaskElasticNet, PLSRegression, SVR, LinearSVR, KNN) were 
implemented via pipelines with StandardScaler to ensure numerical stability during training. 

For each fold, the following standard forecasting metrics were computed: 

 MAE =
1

𝑛
෍ ∣ 𝑦௜ − 𝑦ො௜ ∣

௡

௜ୀଵ

 (10) 

where 𝑛 is the number of samples, 𝑦௜  is the true value, and 𝑦ො௜ is the predicted value. 

 RMSE = ඩ
1

𝑛
෍(𝑦௜ − 𝑦ො௜)ଶ

௡

௜ୀଵ

 (11) 

where RMSE is the root mean squared error computed from 𝑛 true–predicted pairs. 

 𝑅ଶ = 1 −
∑(𝑦௜ − 𝑦ො௜)ଶ

∑(𝑦௜ − 𝑦̄)ଶ
 (12) 
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where 𝑅ଶ is the coefficient of determination, 𝑦̄ is the true-value mean, and the numerator and 
denominator represent the model error and total variance respectively. 

These metrics reflect absolute error, penalization of large deviations, and the proportion of 
explained variance. 

To evaluate robustness under realistic IoT conditions, the following scenarios were simulated: 

1. Baseline: clean data without degradation. 
2. Noise: added white Gaussian noise with σ = 0.01–0.15. 
3. Missing Data: random masking of 5–30% of values followed by causal forward-fill imputation 

within each temporal block; initial missing values were handled using statistics estimated from 
the training block only. 

4. Fraction of Data: training on 10–100% of the available history. 
5. Combined Distortion: simultaneous application of noise and missing data. 

This experimental protocol addresses the core challenges of IoT and fog/edge sensing systems, 
including intermiĴent data, sensor drift, packet loss, and constrained computational budgets. 

Figure 3 presents an overview of the full research workflow, including data acquisition, 
preprocessing, feature engineering, scenario simulation, model training, and evaluation. This 
structured pipeline reflects real fog and/or edge operational constraints and provides reproducible 
methodology for environmental time-series forecasting. 

 
Figure 3. A general research workflow of the experiment. 

3. Results 

To evaluate the performance and robustness of ML models under realistic fog/edge conditions, 
we constructed an experimental framework that simulates various types of data degradation 
commonly encountered in IoT sensor networks. The study includes five experimental scenarios: 
Baseline, Missing Data, Noise, Fraction of Data, and Combined Distortion. These scenarios represent 
the most frequent causes of degradation in field-deployed monitoring systems, where sensors may 
experience packet loss, calibration drift, interference, and power-related inconsistencies. 

Table 2. Experimental degradation scenarios. 

Scenario Description 

Baseline Clean dataset without any artificial distortions. Serves as the reference for all comparisons. 

Missing 

data 

Random removal of 5–30% of sensor readings followed by causal forward-fill imputation 

within each temporal block; initial missing values were handled using statistics estimated 

from the training block only. Represents packet loss and intermittent sensor failures. 

Noise 
Addition of Gaussian noise with σ = 0.01–0.15 to simulate sensor drift and atmospheric 

interference. 
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Because the absolute values of MAE, RMSE, and R2 differ substantially across meteorological 
parameters, especially due to the extremely high variance of wind direction, the heatmaps in Figure 
4(a–c) present normalized rather than raw metric values. Each heatmap is normalized independently 
within every target variable so that the results reflect the relative ranking of models rather than the 
magnitude of the underlying error. For MAE and RMSE, normalization rescales each column to the 
0–1 interval, where lower values indicate beĴer performance. The absolute numerical results remain 
available in the dataset and are used in the quantitative analysis. 

 
a) MAE 

 
b) RMSE 

 
c) R2 

Figure 4. Heatmaps of MAE, RMSE, and R2 for baseline scenario. 

Fraction of 

data 

Restriction of the training window to 10–100% of historical data to emulate edge devices with 

limited storage. 

Combined 

distortion 

Simultaneous application of noise (σ = 0.05–0.1) and missing data (10–20%). Represents the 

most realistic conditions for IoT field applications. 
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The color scale represents model performance normalized to the 0 − 1 range. Axis labels and 
units: air temperature (°C), air humidity (%), atmospheric pressure (hPa), wind speed (m/s), wind 
direction (° – angle), precipitation intensity (mm/h), daily precipitation (mm/day), dew point (°C). 

Wind direction requires special methodological treatment because it is a circular variable. Values 
close to 0° and 360° are physically close but numerically distant when evaluated using ordinary 
regression metrics. Therefore, the poor performance observed for wind direction in the initial degree-
based evaluation should not be interpreted as definitive evidence that this variable is intrinsically 
unpredictable. Rather, it indicates that direct regression on angular degrees may be unsuitable for 
this target. 

In the revised analysis, wind direction should be represented using sine and cosine components, 
or evaluated using circular error metrics such as mean angular error. Until such circular treatment is 
implemented, conclusions regarding wind-direction predictability should be considered preliminary 
and should not be used as a central argument in the robustness analysis. 

As shown in the heatmaps above, wind direction exhibits extremely high MAE and RMSE 
values, as well as strongly negative R2 values for every evaluated model under the direct degree-
based representation. However, these results should be interpreted cautiously because ordinary 
regression metrics do not account for circular geometry. Therefore, this analysis primarily 
demonstrates the limitations of direct angular regression rather than proving the intrinsic 
unpredictability of wind direction. 

Figure 5 provides a comparative set of actual–predicted scaĴerplots for all evaluated models in 
the Baseline scenario. Across all evaluated algorithms, including linear, ensemble-based, kernel-
based, and multivariate methods, the resulting point clouds do not demonstrate any identifiable 
correlation between true and predicted values. Instead of forming a diagonal paĴern that would 
indicate a learnable relationship, each scaĴerplot presents a diffuse and amorphous distribution. 

The degree-based scaĴerplots in Figure 5 should therefore be interpreted as a diagnostic 
visualization of the limitations of direct angular regression rather than as final evidence of wind-
direction unpredictability. Since ordinary regression metrics do not account for circular geometry, 
the wind-direction results are excluded from the main robustness-based model ranking and are 
discussed separately as a methodological limitation. 

This analysis provides an important foundation for interpreting subsequent degradation 
experiments. Variables whose predictability is affected by representation-specific limitations, such as 
wind direction under direct degree-based encoding, cannot deteriorate substantially under 
conditions of noise, missing values, or reduced training history. In contrast, variables with strong 
temporal coherence, such as temperature and humidity, provide a reliable basis for assessing the 
robustness and degradation sensitivity of the evaluated models. 
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Figure 5. Actual versus predicted wind direction for all evaluated models in the Baseline scenario. 

Each panel shows a scaĴer plot of individual test samples, where the horizontal axis corresponds 
to the actual wind direction (°) and the vertical axis to the predicted wind direction (°). The blue dots 
represent single observations, while the dashed diagonal line 𝑦 = 𝑥  denotes perfect agreement 
between prediction and measurement. Points lying close to this line indicate accurate forecasts, 
whereas large vertical or horizontal deviations reflect higher angular error and poorer model 
performance. 

To obtain a unified comparative picture of how each machine-learning model responds to the 
full spectrum of data-quality degradation, we constructed three-dimensional surface visualizations 
based on relative performance metrics. Unlike the earlier heatmaps, which summarize model 
rankings only under clean Baseline conditions, the 3D surfaces extend the same 0–1 normalization 
framework across all experimental scenarios, including Missing Data, Noise, Fraction of Available 
Data, Combined Distortion, and the Baseline reference. This unified scaling enables direct 
comparison of the surfaces with the heatmaps, while simultaneously visualizing the effect of different 
degradation regimes in a continuous and interpretable manner. In the surface plots, the horizontal 
axis represents the model family and the degradation scenario, while the vertical axis encodes the 
relative performance metric. This structure reveals global robustness paĴerns that are not easily 
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visible in two-dimensional figures, for example, monotonic deterioration under increasing noise, 
sensitivity ridges in fraction-limited learning, or sudden failure under high rates of missing values. 
Figures 6–8 show the relative-performance landscapes for MAE, RMSE, and R², respectively. 
Although the surfaces represent relative 0–1 normalized values instead of absolute metric values, 
they clearly highlight how different model classes diverge under adverse conditions. In the MAE and 
RMSE surfaces, Ridge Regression and HistGradientBoosting consistently occupy regions near the 
boĴom of the surface, indicating low relative forecast error. In contrast, SVR, KNN, and Random 
Forest form pronounced peaks under strong degradation scenarios, reflecting a rapid loss of 
predictive stability. In contrast, the R² surfaces for Ridge Regression and HistGradientBoosting 
exhibit elevated regions, indicating high explanatory power and strong predictive consistency, 
whereas low-lying regions correspond to model failure and loss of variance under severe 
degradation. The combined view provided by these surfaces allows straightforward identification of 
degradation-specific vulnerabilities and the generalization capabilities of each algorithm across 
heterogeneous IoT conditions. To facilitate the interpretation of the three-dimensional surfaces in 
Figures 6–8, the following notation is used for the horizontal axis representing degradation scenarios: 
baseline denotes clean reference data; missing x% corresponds to removal of x% of samples; noise σ 
refers to additive Gaussian perturbation with standard deviation σ; fraction y% indicates training on 
only y% of the available history; and combined denotes simultaneous missing values and injected 
noise. 

 

Figure 6. Relative MAE across all models and degradation scenarios 
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In these surfaces, the horizontal axis represents the ordered sequence of degradation scenarios, 
including the Baseline reference and progressively more adverse Missing, Noise, Fraction-of-data, 
and Combined conditions. The vertical axis enumerates all evaluated machine-learning models, 
while the height and color of the surface encode the relative MAE on a normalized 0–1 scale, where 
lower values indicate beĴer performance. Darker regions correspond to models that maintain small 
absolute errors under the given scenario, whereas elevated bright regions highlight configurations 
that deteriorate sharply when data become incomplete, noisy, or limited. This visualization, 
therefore, reveals the stability landscape of each algorithm across increasingly challenging 
degradation regimes. 

Lower values indicate smaller absolute forecast errors and therefore beĴer short-term predictive 
accuracy. Models positioned near the lower regions of the surface demonstrate stable performance 
across degradation scenarios, whereas peaks correspond to scenarios where models experience a 
strong increase in MAE due to noise, missing data, or limited training history. 

. 

 

Figure 7. Relative RMSE across all models and degradation scenarios. 

Here, the horizontal axis shows the degradation scenarios ordered from the Baseline to the most 
challenging Combined conditions, while the vertical axis lists the machine-learning models. The surface 
height and color reflect the normalized RMSE, expressed on a 0–1 scale in which lower values correspond 
to stronger robustness against large deviations. Dark continuous regions indicate models that maintain a 
low RMSE even when the data are corrupted or reduced, whereas steep peaks indicate configurations that 
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become highly sensitive to noise, missingness, or limited training fractions. The surfaces thus provide an 
interpretable view of error amplification patterns across models and scenarios. 

The relative RMSE highlights sensitivity to large deviations in the forecast. Lower values 
correspond to models that effectively suppress extreme errors, while higher ridges indicate instability 
under specific degradation regimes. Because RMSE penalizes occasional large fluctuations more 
strongly than MAE, the surface reveals which models are particularly vulnerable to outliers in noisy 
or incomplete data. 

 
Figure 8. R² across all models and degradation scenarios. 

In these plots, the horizontal axis denotes the full spectrum of degradation scenarios, and the 
vertical axis contains the set of evaluated models. The surface height and color encode the R² values 
on the 0–1 scale, where higher values reflect stronger predictive consistency and higher original R², 
whereas lower values correspond to degraded explanatory power. Bright elevated regions reveal 
models that preserve variance under adverse conditions, while dark depressions mark regimes in 
which predictive structure collapses. 

Higher R² values indicate beĴer variance preservation and stronger explanatory power of the 
model. Regions with low R² (close to 0) correspond to scenarios where a model fails to capture 
meaningful temporal structure, often performing worse than a naive mean predictor. The surface 
clearly illustrates differences in generalization capability under increasing levels of noise, missing 
data, and restricted training history. 
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In the Baseline condition, the strongest performance for temperature forecasting was obtained 
by regularized linear models, particularly Ridge Regression, which achieved an MAE of 0.318 and an 
R² of approximately 0.98. This suggests that, for the one-step-ahead horizon and the engineered lag-
based feature space used in this study, short-term temperature dynamics can be captured effectively 
by a linear model. This interpretation should be restricted to the present dataset, forecast horizon, 
and feature construction strategy. 

Under 5–15% missing values, Ridge Regression remained stable, with MAE increasing by less than 
10%. HistGradientBoosting surpassed Ridge only at higher missing rates (20–30%). Conversely, models 
such as SVR, KNN, and Random Forest exhibited a sharp decline in performance, with R² falling to zero 
or even becoming negative at 30% missing values, indicating a severe loss of predictive capability. 

When Gaussian noise with σ = 0.05–0.1 was injected into the dataset, both Ridge Regression and 
Hist Gradient Boosting demonstrated robust behavior, maintaining R² in the range of 0.95–0.97. In 
contrast, SVR and Random Forest showed strong degradation, with negative R² values indicating 
worse performance than the naive mean prediction. 

Ridge Regression achieved an R² value greater than 0.9 even when trained on only 50% of the 
available data, confirming its ability to generalize under a reduced training history—an essential 
requirement for fog/edge devices with limited memory. RandomForest, ExtraTrees, and SVR failed 
to generalize when training data fell below 50%, reflecting their higher variance and sensitivity to 
limited datasets. 

The Combined scenario, which included simultaneous noise and missing values, provided the 
strongest separation between the evaluated models. Ridge remained effective for temperature and 
humidity, but for more volatile parameters (e.g., wind or precipitation), HistGradientBoosting 
outperformed it. Under the combined degradation scenario with σ = 0.1 noise and 20% missing data, 
HistGradientBoosting achieved an R² value greater than 0.85 in the evaluated test configuration, 
whereas several alternative models showed substantially lower or even negative R² values. This 
result indicates that HistGradientBoosting is a strong candidate for severely degraded conditions in 
the present benchmark. However, broader claims about its general superiority require validation 
across additional temporal folds, seasons, and external datasets. 

Table 3. The best-performing models across experimental scenarios. 

Scenario Best model Reason for superiority 

Baseline Ridge Regression Highest accuracy (MAE = 0.318, R² ≈ 0.98) on clean data. 

Missing data 
Ridge (≤15%), HGBR 

(>20%) 

Ridge stable under small missing rates; HGBR excels under 

heavy missingness. 

Noise Ridge / HGBR 
Best robustness to Gaussian noise σ = 0.05–0.1; minimal 

drop in R². 

Fraction of data Ridge Regression 
Maintains R² > 0.9 with only 50% training data; low 

sensitivity to data reduction. 

Combined 

distortion 
HistGradientBoosting 

Best-performing model in the evaluated test configuration; 

maintained R² > 0.85 under combined noise + missing data. 

The experimental results obtained in this study not only enable the comparison of the robustness 
of different machine-learning models under realistic degradation conditions but also form the basis 
for a practical decision-making workflow suitable for edge and/or fog deployments. Since IoT 
meteorological stations often operate under constrained communication, storage, and energy 
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budgets, the forecasting pipeline must adapt dynamically to changes in data quality and 
environmental conditions. 

Based on the observed scenario-dependent performance of Ridge Regression and 
HistGradientBoosting, we propose an adaptive prediction workflow that selects the appropriate 
forecasting model depending on the detected degradation regime. In this paradigm, the system 
continuously collects sensor measurements at the edge node, performs lightweight preprocessing 
(denoising, imputation, rolling statistics), and then evaluates key diagnostic indicators such as: 
percentage of missing samples; estimated noise intensity (based on z-score residuals or variance 
drift); available portion of historical buffer; resource constraints. 

These indicators are mapped to one of the five scenario families evaluated in this study. If the 
system detects clean or near-clean conditions, a lightweight linear model (Ridge Regression) is 
selected to ensure low computational cost and high accuracy. Under moderate degradation (missing 
values or noise), Ridge remains the preferable option. In contrast, under heavy degradation or 
simultaneous distortions, the system switches to HistGradientBoosting, which has been shown to 
maintain predictive power even when R2 drops close to zero for other models. 

The proposed workflow should be interpreted as a conceptual deployment architecture derived 
from the observed benchmark results. It illustrates how an edge or fog node could select between a 
lightweight model and a more robust fallback model based on data-quality indicators. However, the 
present study does not yet provide an end-to-end implementation of the switching controller, 
threshold optimization, switching-cost analysis, or hardware-level runtime validation. Therefore, the 
workflow is presented as a practical design implication and a direction for future deployment-
oriented research rather than as a fully validated adaptive system. 

Such a mechanism is essential for distributed agricultural, environmental, and industrial IoT 
systems, where global connectivity cannot be guaranteed, and models must operate reliably on-
device. 

To translate these findings into a deployable fog/edge-oriented solution, we outline an adaptive 
forecasting workflow suitable for real-time operation on resource-constrained devices. The 
conceptual architecture of the proposed system is presented in Figure 9. In this workflow, raw 
meteorological measurements are first acquired at the edge node and passed through a lightweight 
preprocessing module that is responsible for denoising, handling missing values, and computing 
rolling statistical features using a short sliding buffer. This ensures that the subsequent modelling 
steps receive a stable and temporally consistent input stream. 

The preprocessed data are then routed to a data-quality assessment module, which estimates 
key diagnostic indicators including the proportion of missing samples, the effective noise level 
derived from residual-based statistics, the size of the available local historical buffer, and the current 
computational state of the device (CPU load, memory availability, energy budget). These indicators 
are mapped to one of the degradation regimes examined in this study: baseline, missing data, noise, 
fraction of data, or combined distortion via a rule-based classification component. 

Depending on the detected mode, the model-selection unit activates the forecasting model that 
is most suitable for the current data quality conditions. Under clean or mildly degraded inputs, the 
system selects Ridge Regression, which provides low-latency inference and high predictive accuracy. 
Under severe degradation such as substantial missingness, strong Gaussian noise, or their 
combination, the system switches to HistGradientBoosting, which demonstrated superior robustness 
across all high-distortion scenarios. The selected model performs the one-step-ahead prediction, 
which is subsequently used either locally (e.g., for control decisions in agricultural systems) or 
transmiĴed to cloud services for logging, visualization, or offline retraining. 

From an implementation standpoint, the workflow can be deployed as a modular edge-resident 
software pipeline in which preprocessing, diagnostics, regime classification, and model inference are 
executed at fixed sampling intervals. The models themselves can be pre-trained offline and deployed 
in serialized form (e.g., joblib, ONNX, or TensorFlow Lite), enabling efficient runtime inference on 
devices with limited computational resources. This architecture ensures that the forecasting system 
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remains fully operational under intermiĴent connectivity conditions, adhering to the strict latency, 
memory, and power constraints characteristic of fog/edge environments. 

 

Figure 9. Adaptive edge/fog forecasting workflow. 

4. Discussion and Prospects for Further Research 

The experimental evaluation demonstrates that different ML models exhibit distinct strengths 
depending on the type and severity of data degradation, a crucial characteristic for real-world 
fog/edge deployments, where sensors frequently produce incomplete or noisy data. Among the 
evaluated models, Ridge Regression [13] consistently achieved the highest accuracy on clean or 
mildly corrupted data. Its stability under low to moderate levels of degradation (≤15% missing 
values, moderate Gaussian noise) suggests that the short-term meteorological dependencies captured 
by the lag-based feature space exhibit a predominantly linear structure. This observation aligns with 
prior studies, which have shown that environmental variables with high temporal autocorrelation 
are effectively modeled using regularized linear approaches. 

In contrast, HistGradientBoosting (HGBR) [19,20] provided the strongest robustness against 
combined distortions, simultaneous noise, and missing data – conditions that closely emulate real 
IoT field deployments. Its tolerance to structural irregularities arises from the boosting ensemble 
mechanism, which captures complex nonlinear interactions while maintaining relative insensitivity 
to local perturbations. This explains why HGBR was the only model capable of maintaining R2 > 0.85 
under the most challenging Combined scenario, where other models collapsed to near-zero or 
negative predictive performance. These findings corroborate earlier observations that boosting-based 
models outperform classical tree ensembles in the presence of sensor-level noise and degraded data 
streams [11,21]. 

Models such as SVR, KNN, Random Forest, and Extra Trees showed substantial variability 
across scenarios. Their strong performance on clean data did not generalize to noisy or incomplete 
data. Such behavior is undesirable for fog/edge systems, where retraining opportunities are limited, 
and data irregularities are common. The pronounced instability of these models underlines the 
importance of robust feature engineering and regularization when working with short and distorted 
time series. 

The fraction-of-data experiment revealed another critical dimension: the ability to learn from 
restricted training histories. Ridge Regression maintained performance even with only 50% of the 
training data, validating its suitability for edge devices with limited memory or storage resources. 
Boosting-based models degraded more gradually, while high-variance approaches (Random Forest, 
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Extra Trees) failed to generalize with smaller datasets. These results highlight a practical trade-off for 
deployment: models with controlled complexity and strong regularization are preferable when 
training data are limited. 

Although the obtained results provide clear insights into the behavior of ML models under 
various degradation scenarios, several practical limitations should be acknowledged. First, the 
experiments rely on a single real-world dataset collected from a single agricultural location, which 
may limit the generalizability of the findings to regions with different climatic profiles or sensor 
infrastructures. Second, the study focuses exclusively on short-term (one-step-ahead) forecasting, 
leaving multi-horizon prediction unexplored. Third, the degradation scenarios were simulated in a 
controlled manner, whereas real fog and/or edge deployments often involve complex failure paĴerns, 
non-Gaussian noise, sensor drift over time, and asynchronous data streams. Finally, the evaluation 
was performed offline; therefore, computational latency, online retraining feasibility, and energy 
consumption on actual edge hardware require further validation before large-scale operational 
deployment. 

Overall, the results suggest adopting a dual-model operational strategy in fog and/or edge 
environments: Ridge Regression for normal or mildly corrupted data streams, and HGBR for 
scenarios with significant degradation. Such adaptive switching requires only lightweight 
monitoring of data quality (share of missing values, noise levels, degradation of online validation 
metrics) and aligns well with the operational constraints of low-power IoT systems. 

Future research may extend these findings in several promising directions. One important 
avenue is the development of adaptive or self-correcting forecasting pipelines capable of detecting 
data degradation in real time and dynamically switching between models, such as Ridge Regression 
and HGBR, based on predefined criteria. Another direction involves integrating advanced feature 
extraction techniques (wavelets, seasonal decomposition, learned embeddings) to improve 
robustness under non-stationary or highly volatile environmental conditions. Additionally, 
evaluating model performance on multiple weather stations, diverse climates, and heterogeneous 
IoT networks would help validate scalability across broader deployment contexts. Finally, 
implementing lightweight online learning or incremental training strategies could further enhance 
the practicality of these models for long-term fog and/or edge operation with continuously drifting 
sensor data. 

5. Conclusions 

This study provides a comprehensive evaluation of ML models for short-term forecasting of 
environmental time series under fog and/or edge constraints, incorporating multiple types of realistic 
sensor data degradation. Using real meteorological datasets and controlled degradation scenarios, 
we compared the performance of Ridge Regression, Elastic Net, Lasso, Multi-Task Elastic Net, PLS 
Regression, Support Vector Regression, Linear SVR, KNN, Random Forest, Extra Trees, Gradient 
Boosting, and HistGradientBoosting across multiple degradation scenarios. 

The key findings are as follows: 

1. Ridge Regression demonstrates the most reliable performance on clean and mildly degraded 
data, confirming its suitability as a baseline model for edge deployments. 

2. HistGradientBoosting is the most robust model in adverse conditions, maintaining R2 > 0.85 
under combined noise and missing data. Its resilience to structural irregularities makes it 
particularly suitable for real-world IoT deployments with unstable sensor behavior. 

3. High-variance models (RandomForest, ExtraTrees, SVR, KNN) suffer significant performance 
deterioration under noise and missing values, often producing negative R² scores. These models 
are not recommended for fog/edge forecasting unless complemented by advanced 
preprocessing or adaptive training. 

4. Reduced training history impacts models differently: Ridge Regression and HGBR retain 
predictive power even with 50% of the data, while other models fail to generalize. This makes 
them practical for edge devices with limited memory. 
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A practical and efficient deployment approach is a two-tier forecasting system, where Ridge 
Regression is used as a fast, low-cost baseline, and HGBR serves as a robust fallback model activated 
when data degradation is detected. 
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