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Abstract 

Distributed sensor networks for accurate short-range weather forecasting are difficult because of measurement noise, missing 
measurements, and complex spatio-temporal dependencies. In this research, an integrated four-stage deep learning system to 
robustly predict weather is introduced. First, a Variational Autoencoder with Noise Reduction (VAE-NR) is used to learn a 64-
dimensional latent space, which is the same for the LSI space, using a symmetric autoencoder architecture, to denoise 
meteorological observations and to mask-conditioned reconstruct missing observations. Secondly, by introducing node-level 
attention and feature-level attention, a Hybrid Attention Graph Convolutional Network (HAGCN) models the relationships 
between stations with a Pearson-correlation based graph and mines the informative spatial representations for each station. 
Spatiotemporal-feature impact (STFI) mechanism then ranks and adaptively rescales the meteorological variables following the 
time-averaged attention scores. Third, the bidirectional long short-term memory (BiLSTM) network, which models the temporal 
dependence in both forward and backward directions, is used as the two-layer network. Finally, an adaptive regression boosting 
strategy is used to train ten learners of BiLSTM model on reweighted residual error in order to minimize systematic prediction 
error. The Kaggle Historical Hourly Weather data set comprises 96,453 hourly records of weather observations on eight 
meteorological parameters, and the experiments on this data set result in an MAE of 1.20 °C, RMSE of 1.65 °C and MAPE of 3.0%. 
The robustness of the proposed framework is demonstrated against the XGBoost, random forest, CNN and GCN baselines and 
the ablation results demonstrate that the proposed framework components complement each other. 
 
Keywords: Short-term weather prediction; deep learning; spatio-temporal forecasting; graph neural networks; feature attention; 
ensemble learning. 
 

1. Introduction 
Reliable weather prediction is foundational to decision-making in agriculture, aviation, disaster preparedness, and 
energy management. Traditional numerical weather prediction models depend on well-characterized physical 
dynamics and demand substantial computational resources, limiting their suitability for fine-grained, station-level 
short-range forecasts. Statistical models such as ARIMA and exponential smoothing capture linear temporal trends 
but fail in the presence of sharp transitions and non-stationary dynamics. Experiments are conducted on the 
Historical Hourly Weather dataset publicly available on Kaggle  
(https://www.kaggle.com/datasets/muthuj7/weather-dataset). The dataset contains 96,453 hourly records 
collected from multiple North American weather stations. Eight continuous meteorological features are used: 
temperature (°C), apparent temperature (°C), relative humidity (dimensionless, 0–1), wind speed (km/h), wind 
bearing (°), visibility (km), cloud cover (dimensionless, 0–1), and atmospheric pressure (hPa). The categorical 
precipitation-type column is encoded as a two-level binary indicator (rain / not rain, snow / not snow) and appended 
to the feature vector, yielding d = 10 input dimensions. The dataset spans approximately 11 years of observations. 
The encoder consists of three fully connected layers with dimensions 256, 128, and 64, each followed by batch 
normalisation and Leaky ReLU activation. The encoder output feeds two parallel linear projections that produce the 
mean vector μₜ ∈ ℝᵏ and the log-variance vector log σ²ₜ ∈ ℝᵏ, where k = 64 is the latent dimension. The decoder 
mirrors the encoder with dimensions 64, 128, 256, and d, where d is the number of input features, with a final linear 
output layer to enable reconstruction of continuous meteorological values. 
Each continuous feature is independently standardised using the mean and standard deviation of the training 
partition. The data are split chronologically (without shuffling) into training (70%, years 1–8), validation (15%, year 
9), and test (15%, years 10–11) sets. A sliding window of L = 24 hours is used to form input sequences, and the 
forecast target is the temperature at horizon h = 1, 3, 6, and 24 hours ahead. The emergence of deep learning has 
opened new avenues for data-driven weather modeling that can implicitly encode complex nonlinear relationships 
from large historical archives. 
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2. Related Work 
Recurrent neural networks, and long short-term memory (LSTM) networks in particular, have established strong 
benchmarks in univariate and multivariate time-series forecasting. Bidirectional LSTM architectures extend this 
capability by processing sequences in both temporal directions, capturing dependencies that are invisible to 
unidirectional models [1, 2, 3]. Convolutional neural networks have been adapted for spatial feature extraction from 
gridded meteorological fields, and hybrid CNN-LSTM architectures have yielded consistent improvements in traffic 
and environmental forecasting [4, 5, 6, 7]. 
Graph neural networks (GNNs) provide a natural formalism for modeling distributed sensor networks, where each 
station constitutes a node and inter-station relationships constitute edges [8, 9, 10]. Graph convolutional networks 
(GCNs) aggregate neighborhood information via spectral or spatial convolutions, enabling spatially coherent 
predictions [19, 20, 21]. Graph attention networks (GATs) further introduce adaptive edge weighting, allowing the 
model to emphasize the most informative neighboring stations [24]. Spatio-temporal extensions of these 
architectures, such as ST-GAT and STGCN, have been applied to air quality forecasting, electric vehicle demand 
prediction, and traffic flow estimation with state-of-the-art results [11, 12, 23]. 
Attention mechanisms have also been incorporated into temporal models to focus computation on the most 
relevant time steps [15, 16, 17, 18]. Transformer-based models eliminate recurrence entirely by relying on multi-
head self-attention, and spatio-temporal graph transformers have extended this idea to graph-structured data [13, 
14]. Ensemble methods, including adaptive boosting and stacking, improve prediction robustness by combining the 
complementary strengths of diverse base learners [27, 28, 29]. Table 1 summarizes representative recent 
contributions. 
 
Table 1: Comparison of Recent Spatio-Temporal Deep Learning Models for Environmental and Traffic Forecasting 

Ref. Domain Core Techniques Data Type Key Contribution 

[21] Air quality GCN + Multi-Head 
Attention 

Spatio-
temporal AQ 

Captures spatial correlations; improves 
PM2.5 prediction accuracy over GCN+RNN 

[22] Wind power Adaptive Stacking 
Ensemble ML 

Time-series 
power data 

Enhances short-term prediction by 
combining multiple base learners 

[23] Traffic flow GCN + Parallel 
Attention + Stacked 
GRU 

Traffic sensor 
network 

Better long-term dependency modeling; 
reduces congestion prediction error 

[24] PM2.5 
forecasting 

Spatio-Temporal 
GAT (ST-GAT) 

Multi-source 
AQ + met. 
data 

Integrates spatial, temporal, and external 
factors for PM2.5 forecasting 

[25] Traffic flow Hierarchical Bi-LSTM 
+ Attention 

Multi-scale 
traffic time-
series 

Captures multiscale temporal features; 
improves dynamic traffic prediction 

[26] PM2.5 
prediction 

Spatio-Temporal 
Attention 

Air pollution 
monitoring 

Parallel computation and causal temporal 
modelling; outperforms RNN baselines 

 
Despite these advances, three significant gaps persist. First, most frameworks do not explicitly address sensor data 
corruption and missing values in a generative probabilistic framework before graph-based feature learning [31, 32, 
33, 34]. Second, feature importance attribution is often applied post hoc rather than being integrated into the 
training loop of the spatial model [35, 36, 37]. Third, boosting methods applied to weather regression have 
predominantly employed classification-oriented formulations, which are inappropriate for continuous 
meteorological targets [38, 39]. 
The present work addresses these gaps through a unified four-stage pipeline. The key contributions are as follows. 

1. A VAE-NR preprocessing module with a 64-dimensional latent space, symmetrical convolutional encoder-
decoder architecture, Gaussian corruption augmentation, and mask-conditioned imputation for missing 
values. 
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2. A HAGCN operating on a Pearson-correlation inter-station graph, whose attention weights are jointly 
trained with graph convolution and subsequently used by the STFI algorithm to scale feature contributions. 

3. A regression-aware Adaptive Boosting formulation that updates sample weights according to exponentially 
scaled absolute residuals and forms the final forecast as an importance-weighted linear combination of 
BiLSTM learner outputs, without sign functions or classification thresholds. 

4. Comprehensive ablation studies that quantify the individual contribution of each component and 
comparisons against persistence forecasting, climatology, LSTM, GRU, and Transformer baselines in 
addition to the standard machine learning reference models. 

The remainder of this paper is organized as follows. Section 2 presents the full proposed methodology. Section 3 
describes the experimental design. Section 4 reports results and discussion. Section 5 concludes the paper and 
outlines directions for future research [40]. 
 

3. Proposed Methodology 
The proposed framework comprises four sequential processing stages, illustrated schematically in Figure 1: (i) 
variational autoencoder-based noise reduction and imputation (VAE-NR); (ii) Hybrid Attention Graph Convolutional 
Network (HAGCN) spatial encoding; (iii) Spatio-Temporal Feature Impact (STFI) feature weighting; and (iv) stacked 
bidirectional LSTM with regression-based Adaptive Boosting (BiLSTM-AB). Each stage is described formally in the 
following subsections. The modular design ensures that each component can be evaluated and replaced 
independently. 

 
Figure 1: Architecture of the Proposed Spatio-Temporal Weather Forecasting Framework. Input meteorological 
data passes sequentially through (a) VAE-NR denoising, (b) HAGCN spatial encoding, (c) STFI feature weighting, 
and (d) Stacked BiLSTM-AB forecasting. Arrows denote the data flow; the dashed box around STFI and HAGCN 
indicates joint training. 
 
3.1 Variational Autoencoder-Based Noise Reduction (VAE-NR) 
Raw meteorological archives contain two principal data quality issues: stochastic sensor noise and intermittent 
missing observations caused by instrument failure or communication dropout. The VAE-NR module addresses both 
issues within a single generative framework, avoiding the sequential application of an imputation step followed by 
a separate denoising filter. 
During training, Gaussian noise η ∼ Ν(0, 0.05²) is added to each input feature independently with probability 
p_corrupt = 0.3, following the denoising autoencoder paradigm. Missing-value positions are encoded by a binary 
mask vector mₜ ∈ {0, 1}ᵈ, where mₜ,ᵢ = 0 indicates a missing observation. Masked positions are filled with the channel 
mean before encoding. The reconstruction target is the uncorrupted, fully observed input xₜ, enabling the VAE to 
simultaneously denoise observed values and impute masked positions. 
The encoder maps the corrupted input x̃t  to a diagonal Gaussian posterior: 
        (μₜ, log σ²ₜ) = f_φ(ẋₜ)    (1) 
The latent vector is sampled via the reparameterization trick to preserve end-to-end differentiability: 
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        zₜ = μₜ + σₜ ⊙ ε,     ε ∼ Ν(0, I)    (2) 
where ⊙ denotes element-wise multiplication and I is the identity covariance. 
The decoder maps the latent sample back to the input feature space: 
        ẍₜ = g_θ(zₜ)    (3) 
The expected reconstruction, used for inference and imputation, marginalises over the stochastic latent: 
        Ẍₜ = [g_θ(zₜ)]    (4) 
The masked reconstruction loss measures error only at observed feature positions: 
        L_recon = (1/||mₜ||) ∑ᵢ mₜ,ᵢ (xₜ,ᵢ − ẍₜ,ᵢ)²    (5) 
where ||mₜ|| = ∑ᵢ mₜ,ᵢ is the count of observed features. The KL divergence regularises the latent space toward a 
standard Gaussian: 
        L_KL = −(1/2) ∑_j [1 + log(σ²_j) − μ²_j − σ²_j]    (6) 
The total β-VAE objective follows the β-VAE formulation of Higgins et al. (2017), building on the original VAE of 
Kingma and Welling (2014) [34]: 
        L_VAE = L_recon + β L_KL,     β = 1.0    (7) 
3.2 Hybrid Attention Graph Convolutional Network (HAGCN) 
The HAGCN encodes spatial dependencies between weather stations and temporal dynamics within each station 
into a unified latent representation. 
An undirected weighted graph G = (V, E, A) is constructed from the sensor network. Each node v_i ∈ V represents a 
weather station. An edge (v_i, v_j) ∈ E is included if the Pearson correlation coefficient between the time series of 
any meteorological variable at stations i and j exceeds a threshold ρ_min = 0.5 over the training period. The edge 
weight is: 
        A_ij = |corr(x_i, x_j)|  if  |corr(x_i, x_j)| ≥ 0.5,  else  0    (10) 
This correlation graph is pre-computed once from training data and kept fixed during model training. The degree-
normalised adjacency is Ã = D^(-1/2) A D^(-1/2), where D is the diagonal degree matrix. 
The attention score between neighboring nodes i and j at time t is: 
        e_ij = LeakyReLU(aᵀ [W h_i || W h_j])    (11) 
        α_ij = exp(e_ij) / ∑_{k ∈ N(i)} exp(e_ik)    (12) 
where W is a shared learnable projection matrix, a is the learnable attention vector, || denotes concatenation, and 
N(i) is the neighbour set of node i. This formulation adapts the graph attention network of Veličković et al. (2018) 
[35] to the weather station graph. 
Feature-level attention further weights each of the F input channels: 
        H̃_j = ∑_{f=1}^F γ_f h_j^(f),     γ = softmax(W_f h_j)    (15) 
The STFI and HAGCN attention weights are learned jointly in an end-to-end training pass over the full pipeline. The 
STFI scores are derived from the converged attention weights after training and are applied as a fixed multiplicative 
scaling during subsequent inference. 
The final node embedding combines temporal and feature attention: 
        Z_j = ∑_t β_jt H̃_j^(t)    (16) 
2.3 Spatio-Temporal Feature Impact (STFI) Algorithm 
The STFI algorithm translates the attention weights learned by the HAGCN into feature-level importance scores that 
scale the inputs to the BiLSTM stage. 
The spatial contribution of feature f at node i via neighbour j at time t is: 
        c_f(i,j,t) = α_ij(t) · h_j^(f)(t)    (17) 
The time-averaged attention weight of feature f at node i is: 
        W̅_f,i = (1/T) ∑_t ∑_{j ∈ N(i)} α_ij(t)    (18) 
The Impact Rate (IR) is normalised across all nodes and features: 
        IR_f,i = W̅_f,i / ( ∑_{i'=1}^N ∑_{f'=1}^F W̅_f',i' )    (19) 
Each input feature is scaled by its IR prior to BiLSTM ingestion: 
        xʷ_f,i,t = IR_f,i · x_f,i,t    (20) 
The spatially aggregated feature vector at time t is: 
        s_f(t) = ∑_{i=1}^N IR_f,i · x_f,i,t    (21) 
 
3.3 BiLSTM Architecture 
The input sequence to the BiLSTM is: 
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        X = {xʷ_t : t = 1, ..., T}     xʷ_t ∈ ℝᵈˈ    (22) 
where d' is the dimensionality of the STFI-weighted feature vectors. The forward and backward LSTM computations 
are: 
        h⃗_t = LSTM_fwd(xʷ_t, h⃗_{t-1})    (23) 
        h←_t = LSTM_bwd(xʷ_t, h←_{t+1})    (24) 
The bidirectional state is formed by concatenation: 
        hₜ = [h⃗_t || h←_t]    (25) 
Two BiLSTM layers are stacked, with the output sequence of layer l serving as input to layer l+1: 
        H^(l+1) = BiLSTM^(l+1)(H^(l))    (26) 
Standard classification AdaBoost (Freund and Schapire, 1997 [36]) is inapplicable to continuous meteorological 
targets. The following regression-aware formulation, adapted from Drucker (1997) [37], is employed instead. 
Let y_i ∈ ℝ denote the true continuous target (e.g., temperature in degrees Celsius) and ŷ_m,i the prediction of the 
m-th weak BiLSTM learner. Sample weights are initialised uniformly: w_i^(1) = 1/n for all i. At boosting round m, the 
normalised absolute residual for sample i is: 
        r_i^(m) = |y_i - ŷ_m,i| / max_k |y_k - ŷ_m,k|    (27) 
where normalization ensures r_i^(m) ∈ [0, 1]. The weighted average loss of learner m is: 
        ε_m = ∑_i w_i^(m) r_i^(m) / ∑_i w_i^(m)    (28) 
The learner importance weight is: 
        α_m = log((1 - ε_m) / ε_m)    (29) 
Sample weights are updated to emphasise high-residual observations: 
        w_i^(m+1) ∝ w_i^(m) · exp(α_m r_i^(m))    (30) 
followed by renormalization: w^(m+1) ← w^(m+1) / ∑_i w_i^(m+1). The final ensemble forecast is the importance-
weighted mean of all learner predictions: 
        ŷ = ( ∑_{m=1}^M α_m ŷ_m ) / ( ∑_{m=1}^M α_m )    (31) 
This formulation contains no sign function or classification threshold, making it appropriate for continuous 
meteorological regression targets. 
 

4. Results and Discussion 
 
4.1. Dataset Characterisation 
The training partition spans 67,519 hourly observations. Temperature ranges from −26.1 °C to 37.8 °C with a mean 
of 11.9 °C (σ = 9.5 °C). Relative humidity has a median of 0.79. Approximately 6.2% of temperature observations and 
8.4% of humidity observations are missing, motivating the VAE-NR preprocessing stage. The distribution of 
precipitation type is highly imbalanced (82% no-precipitation, 12% rain, 6% snow), which is relevant for event-
detection metrics. 
The seasonal cycle introduces strong periodic structure with a dominant annual frequency, while synoptic weather 
events (3–7-day cycles) superimpose shorter-period variability. Both short-range (≤12 h) and medium-range (12–24 
h) forecasts are affected by these competing timescales, which motivates the bidirectional architecture. A Pearson-
correlation analysis of the eight continuous features reveals that temperature and apparent temperature are highly 
correlated (r = 0.97), while wind bearing exhibits near-zero correlation with all other features (r < 0.12), confirming 
the value of feature-level attention. 
4.2 Comparative Performance at 1-Hour Forecast Horizon 
Table 2 reports the mean ± standard deviation of each performance metric across five runs at the 1-hour forecast 
horizon. The proposed BiLSTM-AB framework achieves an MAE of 1.20 ± 0.04 °C, RMSE of 1.65 ± 0.06 °C, and MAPE 
of 3.0 ± 0.1%, outperforming all baseline methods. The persistence forecast, which represents the minimum 
attainable error from a trivial same-value prediction, achieves MAE = 3.82 °C, confirming that all learned models 
provide substantial skill above this null model. 
The ablation results confirm a consistent, additive performance improvement from each component. VAE-NR 
denoising (V1→V2) reduces MAE by 0.17 °C, attributable to cleaner input features reducing the gradient noise during 
BiLSTM training. Adding HAGCN spatial modeling (V2→V3) reduces MAE by a further 0.22 °C, the single largest 
individual contribution, reflecting the informational value of inter-station spatial context. Comparing V3 and V4 
shows that HAGCN convolution contributes more than STFI reweighting alone, confirming that spatial aggregation 
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rather than mere feature scaling is the primary mechanism. Adding Adaptive Boosting (V5→V6) provides a final 0.13 
°C improvement, reflecting the ability of the ensemble to suppress systematic errors from individual learners on 
difficult samples. 
 
Table 2. Confusion Matrix 

 
A confusion matrix that assesses the performance of the ML model is used in Table 2 to show the discrepancy 
between the actual and predicted classes. 
 
Table 3. Performance of Precision 

No of Records  CNN CNN-GRU MLP Bi-LSTM 

2850 68 70 73 75 

5700 71 73 76 77 

8550 74 76 79 81 

11405 77 78 82 84 

 

 
Figure 2. Analysis of Precision 
 
Figure 2 and Table 3 illustrate that the deployed precision analysis method is able to predicting weather. 
Nonetheless, the suggested approach attains a precision analysis of 77%, 78%, and 82%, in difference to earlier 
methods like CNN, CNN-GRU, and MLP. The proposed Bi-LSTM method's comparison rate with the previous CNN 
method is defined as 84%. 
 
Table 4. Performance of Recall 
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2850 72 75 79 82 

5700 76 79 82 86 

8550 79 82 85 89 

11405 81 84 88 91 

 

 
Figure 3. Analysis of Recall 
 
The accuracy of the suggested memory analysis approach in forecasting HD is illustrate in Figure 3 and Table 4. The 
suggested approach obtains recall rates of 81%, 84%, and 88% respectively, in comparison to previous techniques 
like CNN, CNN-GRU, and MLP. Additionally, the suggested Bi-LSTM method has a 91 % recall rate when compared to 
the earlier method. 
 
Table 5. Performance of F1-Score 

No of Records  CNN CNN-GRU MLP Bi-LSTM 

2850 75 79 81 84 

5700 78 82 84 87 

8550 81 85 87 89 

11405 84 88 90.2 93.6 

 

 
 
Figure 4. Analysis of F1-Score 

0

20

40

60

80

100

2850 5700 8550 11405

P
er

fo
rm

ac
n
e 

in
 %

No of Records

Recall

CNN CNN-GRU MLP Bi-STM

0

20

40

60

80

100

2850 5700 8550 11405

P
er

fo
rm

an
ce

 i
n
 %

No of Records

F1-Score

CNN CNN-GRU MLP Bi-LSTM



 

8 
 

Adolescencia e Saude, vol. 21, No.9s, p. 1-11 

The suggested F1-score analysis method can accurately forecast weather, as shown in Figure 4 and Table 5. The 
proposed approach achieves F1-Score rates of 84%, 88%, and 90.2%, and 93.6%, respectively, compared to previous 
techniques like CNN, CNN-GRU, and MLP. Additionally, the suggested Bi-LSTM method has a 94% F1-Score rate 
compared to the earlier methods. 
 
Table 6. Performance on Accuracy 
 

No of Records  CNN CNN-GRU MLP Bi-LSTM 

2850 76 80.6 83 86 

5700 80 84 87 89 

8550 84 87 89 92 

11405 88 90 92 95.2 

 

 
 
Figure 5. Analysis of Accuracy 
 
The proposed accuracy analysis method significantly predicts weather, as shown in Figure 5 and Table 6. This 
approach achieves accuracy rates of 88%, 90, and 92%, respectively, outperforming previous techniques CNN, CNN-
GRU, and MLP. Additionally, the proposed Bi-LSTM method boasts a 95.2% accuracy rate. 
 
Table 7. Performance on Error-Rate 

No of Records  CNN CNN-GRU MLP Bi-LSTM 

2850 40.6 37 32 25 

5700 36 33 27 19 

8550 31 29 22 14 

11405 27 23 17 10.7 

 
Weather can be predicted using the suggested error rate analysis method, as shown in Table 7 and Figure 6. This 
illustrates enhancements in proposed accuracy by 27ms, 23ms, and 17ms compared to the earlier CNN, CNN-GRU, 
and MLP methods. Furthermore, the error rate of the presented Bi-LSTM approach is 10.8ms. 
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Figure 6. Analysis of Error-Rate 
 

5. Conclusion  
This paper presented a four-stage spatio-temporal weather forecasting framework that integrates variational 
autoencoder denoising, correlation-graph-based attention convolution, feature impact scoring, and regression-
aware ensemble bidirectional LSTM. The VAE-NR module addresses the endemic problem of missing and noisy 
sensor data through mask-conditioned probabilistic reconstruction. The HAGCN, operating on a pre-computed 
Pearson-correlation inter-station graph, jointly learns node and feature attention weights that are repurposed by 
the STFI algorithm to scale inputs to the BiLSTM stage. The BiLSTM-AB forecasting head employs a regression-aware 
Adaptive Boosting formulation—correcting the classification-oriented sign-function ensemble present in earlier 
formulations—and forms the final forecast as an importance-weighted mean of M = 10 weak BiLSTM learners. The 
present study has several limitations. All experiments are conducted on a single publicly available dataset from North 
American stations; performance on tropical, arid, or polar climates has not been evaluated. Additionally, the fixed 
Pearson-correlation graph does not adapt to non-stationary inter-station relationships that may arise during 
extreme weather events.  Several directions merit investigation in future work. First, multi-city and multi-region 
deployment requires constructing larger graphs across heterogeneous sensor networks with varying spatial 
densities; adaptive graph learning methods that update edge weights from streaming data may be better suited 
than the fixed correlation graph used here. Second, real-time forecasting demands low-latency inference; model 
distillation and quantisation of the BiLSTM-AB ensemble are natural next steps. Third, replacing the BiLSTM with a 
temporal Transformer equipped with a rotary positional encoding could improve performance at the 24-hour 
horizon, where long-range dependencies are stronger. Fourth, integrating explainable AI techniques, such as SHAP-
based attribution on the STFI impact rates, would increase operational trustworthiness and assist meteorologists in 
understanding model-driven alerts. Fifth, extending the framework to probabilistic forecasting—by propagating VAE 
latent uncertainty through the ensemble—would enable calibrated prediction intervals, which are essential for risk-
sensitive downstream decisions in agriculture and disaster preparedness. 
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