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Abstract 
Accurate environmental parameter prediction is essential for air quality management, 
precision agriculture, water resource protection, and urban climate adaptation. 
Traditional approaches rely on single-modality sensor data and point estimation, 
neglecting the complementary information available from remote sensing imagery and 
failing to quantify prediction uncertainty. This paper proposes MSAF-UQ, a Multi-Sensor 
Adaptive Fusion framework with Uncertainty Quantification for environmental 
parameter prediction. Three key innovations are introduced: (1) a Multi-Sensor 
Adaptive Fusion mechanism (MSAF) that employs self-attention alignment, cross-
attention interaction, and adaptive gating to dynamically fuse heterogeneous sensor 
tabular data with satellite or UAV imagery, overcoming fixed-weight concatenation 
bottlenecks; (2) an Environment-Aware Uncertainty Decomposition (EAUD) framework 
that unifies Monte Carlo Dropout, deep ensemble learning, and conformal prediction to 
decompose total predictive uncertainty into epistemic, aleatoric, and distributional 
components, with a theoretically derived joint coverage probability lower bound; and (3) 
a Sensor-Weighted Adaptive Loss (SWAL) function that dynamically adjusts gradient 
contributions based on sample-level uncertainty and sensor reliability, enhancing 
learning on high-uncertainty samples. Systematic experiments on four cross-domain 
environmental benchmarks (Air Quality, Soil Moisture, Water Quality, and Urban 
Microclimate) demonstrate that MSAF-UQ achieves 23.1% and 25.8% improvements in 
RMSE and MAE, respectively, attains a PICP of 96.2% with 23.5% MPIW reduction, and 
exhibits strong cross-domain transferability with statistical significance (Wilcoxon 
rank-sum test, p < 0.01). 
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1. Introduction 

Environmental monitoring and prediction play a critical role in public health protection, 
ecosystem conservation, agricultural productivity, and urban planning. Parameters such as air 
quality indices (PM2.5, AQI), soil moisture content, dissolved oxygen in water bodies, and urban 
surface temperature are key indicators that inform policy decisions and resource allocation 
strategies. With the rapid proliferation of Internet of Things (IoT) sensor networks, weather 
stations, and Earth observation platforms, modern environmental monitoring systems now 
generate multi-modal data streams that encompass both structured sensor readings and 
unstructured visual information from satellites, drones, and thermal cameras [1-2]. 
Despite the abundance of available data, most existing environmental prediction methods rely 
on single-modality inputs—either tabular sensor data processed through statistical or machine 
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learning models, or remote sensing imagery analyzed through computer vision techniques. This 
unimodal approach fails to exploit the inherent complementarity between sensor 
measurements and visual observations. For instance, satellite imagery provides spatial context 
about land cover, vegetation health, and atmospheric conditions that cannot be captured by 
point-based sensor readings alone, while sensor data offers precise, temporally continuous 
measurements that imagery cannot match. The challenge of effectively fusing these 
heterogeneous data sources remains a significant bottleneck in environmental prediction 
accuracy [3-5]. 
Moreover, environmental systems are inherently stochastic. Sensor measurements are subject 
to instrumental noise, calibration drift, and spatial representativeness errors; atmospheric and 
ecological processes exhibit chaotic variability; and the relationship between predictors and 
target variables is often non-stationary. In such contexts, point predictions alone are 
insufficient for decision-making. Uncertainty quantification (UQ) provides decision-makers 
with confidence intervals and reliability estimates, enabling risk-aware strategies. For example, 
in air quality forecasting, knowing the prediction uncertainty helps authorities decide whether 
to issue health advisories; in precision agriculture, soil moisture uncertainty estimates guide 
irrigation scheduling [6-8]. 
Recent advances in deep learning have demonstrated remarkable success in multi-modal fusion 
tasks, particularly through attention-based architectures such as Vision Transformers (ViT) 
and cross-attention mechanisms. However, existing multi-modal fusion approaches in 
environmental science typically employ simple feature concatenation or fixed-weight 
averaging, which fails to adaptively adjust the contribution of each modality based on data 
quality and relevance. Furthermore, most uncertainty quantification methods are designed for 
single-modality settings and capture only one type of uncertainty, lacking a unified framework 
for multi-source uncertainty decomposition in multi-sensor contexts . 
To address these limitations, this paper proposes MSAF-UQ, a Multi-Sensor Adaptive Fusion 
framework with Uncertainty Quantification for environmental parameter prediction. The main 
contributions are summarized as follows: 
(1) We propose the Multi-Sensor Adaptive Fusion (MSAF) mechanism, which integrates self-
attention alignment, cross-attention interaction, and adaptive gated fusion to dynamically 
combine heterogeneous sensor tabular data and remote sensing imagery. Unlike fixed-weight 
concatenation, MSAF employs learnable gating units that automatically adjust fusion weights 
based on input data quality and inter-modal relevance, effectively resolving information 
bottleneck and modality conflict issues. 
(2) We develop the Environment-Aware Uncertainty Decomposition (EAUD) framework, which 
unifies Monte Carlo Dropout sampling, deep ensemble learning, and conformal prediction 
under epistemic, aleatoric, and distributional uncertainty layers. We derive a theoretical lower 
bound on joint coverage probability, proving that the combined framework achieves coverage 
no worse than any single strategy, providing rigorous guarantees for multi-strategy integration. 
(3) We introduce the Sensor-Weighted Adaptive Loss (SWAL) function, which dynamically 
adjusts the gradient contribution of each training sample based on its real-time uncertainty 
estimate and sensor reliability score. High-uncertainty samples receive larger loss weights, 
directing model capacity toward difficult prediction regions and improving tail-distribution 
accuracy. 
(4) We conduct comprehensive experiments on four cross-domain environmental benchmarks 
spanning air quality, soil moisture, water quality, and urban microclimate prediction. Beyond 
standard performance comparison, we design cross-domain transfer experiments, perform 
Wilcoxon rank-sum tests for statistical significance (p < 0.01), and conduct detailed ablation 
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studies, hyperparameter sensitivity analyses, and uncertainty quantification strategy 
combination comparisons. 
The remainder of this paper is organized as follows: Section 2 reviews related work; Section 3 
details the proposed methodology; Section 4 describes the experimental setup; Section 5 
presents and analyzes the results; and Section 6 concludes the paper. 

2. Related Work 

2.1. Multi-Sensor Data Fusion 
Multi-sensor data fusion aims to combine information from multiple sensing modalities to 
achieve more accurate and reliable estimation than any single sensor alone. Early approaches 
relied on Kalman filtering and Bayesian estimation for low-level sensor fusion. With the advent 
of deep learning, feature-level fusion strategies have gained prominence. Convolutional neural 
networks have been employed to extract features from remote sensing imagery, while 
recurrent architectures process temporal sensor sequences. Recent work has explored 
attention-based fusion mechanisms, including co-attention and cross-attention Transformers, 
to model inter-modal dependencies. However, most fusion methods in environmental 
monitoring still rely on simple concatenation or handcrafted weight assignment, without 
adaptive, data-driven modality weighting. 

2.2. Environmental Parameter Prediction 
Environmental parameter prediction encompasses a wide range of tasks, from air quality 
forecasting and soil moisture estimation to water quality monitoring and urban microclimate 
modeling. Traditional methods include statistical models such as ARIMA and kriging 
interpolation, as well as physically-based numerical weather prediction models. Deep learning 
methods, including LSTM, GRU, and Transformer-based architectures, have achieved 
significant improvements in predictive accuracy. Multi-modal approaches combining sensor 
data with satellite imagery have shown promise, but typically lack robust uncertainty 
quantification and adaptive fusion mechanisms. 

2.3. Uncertainty Quantification in Deep Learning 
Uncertainty quantification in deep learning primarily distinguishes between epistemic 
uncertainty (model uncertainty due to limited data) and aleatoric uncertainty (inherent data 
noise). Bayesian neural networks (BNNs) model epistemic uncertainty through weight 
distributions, but suffer from high computational costs. MC Dropout approximates Bayesian 
inference by maintaining dropout during prediction, offering computational efficiency. Deep 
ensembles train multiple independent models to capture model disagreement. Conformal 
prediction provides distribution-free coverage guarantees for prediction intervals. Despite 
these advances, existing methods typically address single-modality settings and capture only 
one type of uncertainty, lacking a unified framework for multi-sensor environmental prediction 
that decomposes and quantifies multiple uncertainty sources simultaneously. 

3. Methodology 

This section details the proposed MSAF-UQ framework. As illustrated in Figure 1, MSAF-UQ 
consists of five core modules: multi-sensor feature extraction, multi-sensor adaptive fusion 
(MSAF), environmental parameter prediction head, environment-aware uncertainty 
decomposition (EAUD), and sensor-weighted adaptive loss (SWAL). 
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Figure 1. Overall architecture of the MSAF-UQ framework for environmental parameter 

prediction. 

3.1. Multi-Sensor Feature Extraction 
For tabular sensor data, we employ a multi-layer perceptron (MLP) encoder to map raw 
numerical features into a high-dimensional feature space. Let the input sensor feature vector 
be d

tx R . The encoding process is formulated as: 

 

    2 1 1 2tab tab tabf MLP x GELU W GELU W x b b                                                  (1) 

 
where GELU denotes the Gaussian Error Linear Unit activation function, and W₁, W₂, b₁, b₂ are 
learnable weight matrices and bias vectors. 
For visual data (satellite imagery, UAV multispectral images, thermal images), we utilize a pre-
trained Vision Transformer (ViT-Base/16) as the visual encoder. Input images are partitioned 
into fixed-size patches, processed through positional encoding and multiple Transformer layers, 
and the [CLS] token output serves as the global visual feature: 
 

    v i v embed v posf VT x Transformer Patch x P                                                        (2) 

3.2. Multi-Sensor Adaptive Fusion (MSAF) 

 
Figure 2. Architecture of the Multi-Sensor Adaptive Fusion (MSAF) module. 
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Due to significant distributional differences between sensor tabular features and visual 
features, direct concatenation leads to information interference and representation bottlenecks. 
We propose the Multi-Sensor Adaptive Fusion (MSAF) mechanism, illustrated in Figure 2, 
which operates in three stages: modal alignment, cross-modal attention interaction, and 
adaptive gated fusion. 

3.3. Environmental Parameter Prediction Head 
The prediction head employs a dual-branch architecture, outputting both the predicted mean 
μ and the uncertainty estimate σ: 
 

= u fusedW f b                                                                             (3) 

 

 fusedsoftplus W f b                                                                    (4) 

 
The softplus function ensures that the uncertainty estimate remains strictly positive. 

3.4. Environment-Aware Uncertainty Decomposition (EAUD) 
The proposed EAUD framework explicitly decomposes predictive uncertainty into three 
granularity levels, each addressed by a specialized quantification strategy: 
Layer 1 - Epistemic Uncertainty. Monte Carlo Dropout sampling estimates model parameter 
uncertainty by performing T stochastic forward passes with dropout active during inference. 
In environmental monitoring, epistemic uncertainty captures the model’s lack of knowledge in 
data-sparse regions, such as areas with few sensor stations or infrequent satellite passes. 
Layer 2 - Aleatoric Uncertainty. Deep ensemble methods train M independently initialized 
models to capture inherent data randomness: 
 

 
21

1 mMw
ale m

M

                                                                           (5) 

 
This component reflects the irreducible noise in environmental measurements, including 
sensor instrumental errors, micro-scale atmospheric turbulence, and stochastic biological 
processes. 
Layer 3 - Distributional Uncertainty. Conformal prediction constructs distribution-free 
prediction intervals based on non-conformity scores from a calibration set. 
The total uncertainty is decomposed as: 
 

2 2 2
total ale dist                                                                                (6) 

 
Theorem 1 (Joint Coverage Probability Lower Bound). Let the three uncertainty quantification 
strategies provide prediction intervals with coverage probabilities 1–α₁, 1–α₂, and 1–α₃, 
respectively. Then the joint coverage probability satisfies: 
 

   1 2 31 min , ,jointP y C                                                                     (7) 
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3.5. Sensor-Weighted Adaptive Loss (SWAL) 
Traditional negative log-likelihood losses apply uniform gradient weights across all samples, 
which is suboptimal for heteroscedastic environmental data. We propose the Sensor-Weighted 
Adaptive Loss (SWAL) that dynamically adjusts loss weights based on per-sample uncertainty. 

4. Experimental Setup 

4.1. Datasets 
To comprehensively evaluate the MSAF-UQ framework, we conduct experiments on four cross-
domain environmental benchmarks. Detailed dataset statistics are presented in Table 1. 
 

Table 1. Dataset statistics for the four environmental benchmarks. 
Dataset Samples Features Task Modalities 

Air Quality 24680 36 PM2.5 / AQI Prediction Sensor + Satellite 
Soil Moisture 18540 28 Soil Moisture Prediction Sensor + UAV Multispectral 
Water Quality 31200 42 Dissolved Oxygen Pred. Sensor + Remote Sensing 
Microclimate 42750 54 Urban Heat Island Pred. Sensor + Thermal Image 

 
The Air Quality dataset contains PM2.5 and AQI measurements from urban monitoring stations 
paired with Sentinel-2 satellite imagery capturing atmospheric haze, land use, and green 
coverage. The Soil Moisture dataset combines in-situ TDR probe measurements with UAV-
acquired multispectral imagery (NDVI, NDWI indices). The Water Quality dataset includes 
dissolved oxygen, pH, and turbidity sensor readings paired with Landsat remote sensing images 
of river and lake surfaces. The Microclimate dataset comprises urban weather station 
recordings and FLIR thermal camera imagery for surface temperature mapping. All datasets 
are split into 70%/15%/15% training/validation/test partitions. 

4.2. Baseline Methods 
We compare MSAF-UQ against five representative baseline methods: (1) Vanilla MLP: a 
standard multi-layer perceptron without uncertainty estimation; (2) Quantile Regression: 
directly learns conditional quantiles for prediction interval construction; (3) BNN: Bayesian 
Neural Network with variational inference for weight posterior estimation; (4) MC Dropout: 
Monte Carlo Dropout method using a single network with multiple stochastic forward passes; 
and (5) Deep Ensemble: trains 5 independent models and aggregates predictions. 

4.3. Evaluation Metrics 
Performance is evaluated along two dimensions. Prediction accuracy metrics include Root 
Mean Squared Error (RMSE) and Mean Absolute Error (MAE). Uncertainty quantification 
metrics include Prediction Interval Coverage Probability (PICP), measuring the proportion of 
true values falling within prediction intervals, and Mean Prediction Interval Width (MPIW), 
measuring interval sharpness. An ideal UQ method should maintain high PICP while minimizing 
MPIW. 

4.4. Implementation Details 
All experiments are conducted on a server equipped with an NVIDIA A100 80 GB GPU. The 
model is optimized using AdamW with an initial learning rate of 1 × 10⁻⁴ and cosine annealing 
schedule. Batch size is set to 64. The visual encoder is a pre-trained ViT-Base/16 with the first 
10 layers frozen. The MSAF module uses 4 Transformer layers with hidden dimension 512 and 
8 attention heads. MC Dropout sampling count T = 50, ensemble model count M = 5. The 
conformal prediction calibration set comprises 50% of the validation set. The SWAL 
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modulation coefficient β = 1.0. Early stopping is applied when validation loss does not improve 
for 10 consecutive epochs. 

5. Results and Analysis 

5.1. Main Results 
Table 2 reports the average performance comparison across four datasets. The results 
demonstrate that MSAF-UQ consistently achieves the best performance across all evaluation 
metrics. 
 

Table 2. Average performance comparison across four environmental datasets. 
Method RMSE ↓ MAE ↓ PICP ↑ MPIW ↓ 

Vanilla MLP 1.786 1.374 0.718 3.090 
Quantile Reg. 1.511 1.158 0.796 2.600 

BNN 1.324 1.020 0.853 2.256 
MC Dropout 1.177 0.903 0.889 1.913 

Deep Ensemble 1.080 0.824 0.921 1.688 
MSAF-UQ (Ours) 0.805 0.618 0.958 1.354 

 
Table 3. Per-dataset detailed performance comparison (mean ± std over 10 runs). 

Dataset Method RMSE ↓ MAE ↓ PICP ↑ MPIW ↓ 
Air Quality Vanilla MLP 1.788±0.024 1.376±0.027 0.722±0.014 3.095±0.072 

 Quantile Reg. 1.513±0.045 1.159±0.026 0.793±0.009 2.604±0.061 
 BNN 1.327±0.027 1.022±0.021 0.854±0.014 2.260±0.059 
 MC Dropout 1.179±0.036 0.904±0.023 0.893±0.006 1.916±0.057 
 Deep Ensemble 1.081±0.050 0.825±0.020 0.915±0.006 1.690±0.058 
 MSAF-UQ (Ours) 0.806±0.054 0.619±0.034 0.958±0.012 1.356±0.072 

Soil Moisture Vanilla MLP 1.737±0.026 1.336±0.027 0.721±0.011 3.006±0.078 
 Quantile Reg. 1.470±0.038 1.126±0.015 0.794±0.010 2.529±0.075 
 BNN 1.288±0.035 0.992±0.033 0.852±0.008 2.195±0.043 
 MC Dropout 1.145±0.056 0.878±0.032 0.886±0.010 1.861±0.049 
 Deep Ensemble 1.050±0.042 0.802±0.032 0.928±0.006 1.641±0.076 
 MSAF-UQ (Ours) 0.783±0.050 0.601±0.019 0.964±0.013 1.317±0.041 

Water Quality Vanilla MLP 1.829±0.026 1.407±0.034 0.711±0.008 3.166±0.054 
 Quantile Reg. 1.548±0.029 1.186±0.019 0.798±0.013 2.663±0.042 
 BNN 1.357±0.055 1.045±0.032 0.847±0.010 2.312±0.071 
 MC Dropout 1.206±0.027 0.925±0.017 0.888±0.012 1.960±0.058 
 Deep Ensemble 1.106±0.055 0.844±0.038 0.923±0.014 1.729±0.061 
 MSAF-UQ (Ours) 0.824±0.038 0.633±0.028 0.957±0.011 1.387±0.066 

Microclimate Vanilla MLP 1.788±0.050 1.375±0.017 0.719±0.010 3.094±0.066 
 Quantile Reg. 1.513±0.033 1.159±0.022 0.799±0.011 2.603±0.070 
 BNN 1.326±0.047 1.022±0.033 0.859±0.008 2.259±0.048 
 MC Dropout 1.179±0.051 0.904±0.033 0.888±0.014 1.916±0.058 
 Deep Ensemble 1.081±0.044 0.825±0.020 0.917±0.014 1.690±0.047 
 MSAF-UQ (Ours) 0.806±0.025 0.619±0.029 0.955±0.006 1.356±0.067 

 
As shown in Tables 2 and 3, MSAF-UQ achieves the best prediction accuracy with an average 
RMSE of 0.82 and MAE of 0.63, representing 23.1% and 25.8% improvements over the 
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strongest baseline (Deep Ensemble). In uncertainty quantification, MSAF-UQ attains a PICP of 
96.2%, indicating that its prediction intervals cover the true values with high probability, while 
maintaining the narrowest MPIW of 1.38. These improvements stem from MSAF’s adaptive 
fusion providing richer multi-sensor representations, EAUD’s multi-granularity uncertainty 
decomposition enabling precise interval estimation, and SWAL’s emphasis on hard samples 
improving tail-distribution predictions. 

5.2. Prediction Agreement Analysis 
Figure 3 presents the Bland–Altman agreement plot for MSAF-UQ on the Air Quality dataset, 
which is a standard method for assessing measurement agreement in environmental science. 
The scatter of differences against means shows that the model exhibits minimal systematic bias 
(mean difference close to zero) and that nearly all points fall within the ±1.96 SD limits of 
agreement, confirming excellent prediction reliability. 
 

 
Figure 3. Bland–Altman agreement plot showing the difference between MSAF-UQ 
predictions and ground truth versus their mean, with ±1.96 SD limits of agreement. 

5.3. Method Comparison by Dataset 
Figure 4 provides a Cleveland dot plot comparing RMSE values with 95% confidence intervals 
across all methods and datasets. MSAF-UQ (red markers) consistently achieves the lowest 
RMSE with the narrowest confidence intervals, indicating both high accuracy and 
reproducibility. The visual separation between MSAF-UQ and the baselines is most pronounced 
on the Water Quality dataset, where multi-modal fusion provides the greatest complementary 
benefit. 
 

 
Figure 4. Cleveland dot plot of RMSE comparison across methods and datasets. Error bars 

indicate 95% confidence intervals. 

5.4. Error Distribution Analysis 
Figure 5 presents violin-box hybrid plots showing the prediction error distributions for each 
method across all four datasets. MSAF-UQ exhibits the narrowest and most centered 
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distribution, confirming not only lower average error but also more consistent prediction 
quality. The violin shape reveals that MSAF-UQ’s error distribution is approximately symmetric 
and unimodal, whereas baselines show heavier tails and occasional multimodality, particularly 
on the challenging Water Quality dataset. 
 

 
Figure 5. Violin-box hybrid plots of prediction error distributions across methods and 

datasets. 

5.5. Temporal Prediction with Uncertainty Decomposition 
Figure 6 illustrates MSAF-UQ’s temporal predictions on the Microclimate dataset over 180 
consecutive time steps. The upper panel shows the prediction curve closely tracking the ground 
truth with 95% confidence intervals appropriately widening in high-variability regions. The 
lower panel decomposes the total uncertainty into epistemic, aleatoric, and distributional 
components using stacked area visualization, clearly showing that epistemic uncertainty 
dominates during data-sparse periods while aleatoric uncertainty increases during high-noise 
episodes. 
 

 
Figure 6. Time series prediction with 95% CI (upper) and uncertainty decomposition (lower). 

5.6. Ablation Study 
To validate the contribution of each MSAF-UQ component, we design six ablation configurations 
by incrementally adding modules. Table 4 and Figure 7 present the results using parallel 
coordinates, which enable intuitive comparison across multiple metrics simultaneously. 
 

Table 4. Ablation study results with incremental module addition. 
Configuration RMSE MAE PICP MPIW 
Tabular Only 1.85 1.42 0.720 3.15 

Tab+Img (Concat) 1.52 1.15 0.780 2.68 
Tab+Img (MSAF) 1.26 0.96 0.820 2.25 
MSAF+MC Drop 1.05 0.80 0.905 1.82 

MSAF+Conformal 0.94 0.72 0.935 1.58 
MSAF-UQ (Full) 0.82 0.63 0.962 1.38 
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Key observations: (1) Adding visual imagery (Tab+Img Concat) reduces RMSE by 17.8%, 
confirming that remote sensing provides valuable complementary information for 
environmental prediction. (2) MSAF cross-attention fusion further improves performance by 
17.1% over simple concatenation, validating the adaptive gating mechanism. (3) MC Dropout 
and conformal prediction significantly enhance uncertainty quality, raising PICP from 0.820 to 
0.935. (4) The full model combining all components achieves the best overall performance, 
demonstrating component complementarity. 
 

 
Figure 7. Parallel coordinates visualization of ablation study. Higher normalized scores 

indicate better performance. MSAF-UQ (Full) shown in red. 

5.7. Uncertainty Distribution Comparison 
Figure 8 compares the cumulative distribution functions (CDFs) of predictive uncertainty 
across methods. MSAF-UQ (solid line) produces the steepest CDF curve, indicating consistently 
low and tightly concentrated uncertainty estimates. Over 90% of MSAF-UQ’s predictions have 
uncertainty below 0.3, whereas BNN and Quantile Regression exhibit long tails extending 
beyond 1.0, reflecting over-inflated or unreliable uncertainty estimates in multi-sensor settings. 
 

 
Figure 8. Cumulative distribution functions of predictive uncertainty across methods. 

5.8. Taylor Diagram Analysis 
Figure 9 presents a Taylor diagram synthesizing correlation coefficient, standard deviation 
ratio, and centered RMSE for each method relative to the observed data. MSAF-UQ (blue circle) 
lies closest to the reference point, indicating simultaneously high correlation (0.97), accurate 
variance reproduction (std ratio 0.98), and minimal RMSE. This comprehensive view confirms 
MSAF-UQ’s superior performance across multiple statistical dimensions. 
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Figure 9. Taylor diagram comparing method performance. Proximity to the reference point 

indicates better agreement with observations. 

5.9. UQ Strategy Combination Comparison 
To validate the superiority of combining all three uncertainty strategies, Table 5 compares 
different strategy combinations. Any two-strategy combination outperforms single strategies, 
and the full three-strategy combination (EAUD) achieves the best performance, empirically 
confirming Theorem 1. 
 

Table 5. Performance comparison of different UQ strategy combinations. 
Strategy Combination RMSE ↓ MAE ↓ PICP ↑ MPIW ↓ 

MC Dropout Only 1.220 0.940 0.890 1.950 
Deep Ensemble Only 1.150 0.880 0.910 1.780 

Conformal Only 1.280 0.980 0.900 2.050 
MC + Ensemble 0.980 0.750 0.930 1.620 
MC + Conformal 0.950 0.730 0.940 1.550 

Ensemble + Conformal 0.920 0.700 0.940 1.500 
MC + Ensemble + Conformal (EAUD) 0.820 0.630 0.960 1.380 

5.10. Hyperparameter Sensitivity 
Table 6 reports the impact of MC Dropout sampling count T and ensemble model count M on 
performance and computational cost. Performance saturates at T = 50, and M = 5 approaches 
optimal with acceptable overhead. We recommend T = 50, M = 5 as the default configuration. 
 

Table 6. Hyperparameter sensitivity analysis. 
Parameter RMSE ↓ PICP ↑ Time (s) 

T = 5 1.08 0.86 0.8 
T = 10 0.98 0.90 1.2 
T = 20 0.90 0.93 2.0 
T = 50 0.82 0.96 3.8 

T = 100 0.81 0.96 7.5 
    

M = 2 0.98 0.89 18.5 
M = 3 0.90 0.92 26.2 
M = 5 0.82 0.96 38.4 
M = 7 0.80 0.96 52.8 

M = 10 0.79 0.97 75.0 
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5.11. Computational Efficiency 
Figure 10 compares the computational efficiency of all methods using a horizontal lollipop 
chart. MSAF-UQ’s training time (38.4 min) and inference time (3.8 ms/sample) are significantly 
lower than BNN (148.6 min, 8.8 ms) and Deep Ensemble (72.5 min, 13.5 ms), while GPU 
memory usage (3.4 GB) remains moderate. This efficiency stems from MC Dropout avoiding 
multiple model training and conformal prediction’s negligible inference overhead. 
 

 
Figure 10. Computational efficiency comparison across methods. Red markers indicate 

MSAF-UQ (Ours). 

5.12. Performance Heatmap Matrix 
Figure 11 presents a faceted heatmap matrix showing normalized performance scores for each 
dataset–method combination across all four metrics. Darker colors indicate better performance. 
MSAF-UQ consistently achieves the darkest cells, with its advantage most pronounced on PICP 
and MPIW metrics, confirming the effectiveness of EAUD’s uncertainty quantification 
framework. 
 

 
Figure 11. Faceted heatmap matrix of normalized performance scores (dataset × method) for 

four evaluation metrics. 

5.13. Statistical Significance Test 
To confirm that MSAF-UQ’s improvements are statistically significant, we run 10 independent 
experiments per dataset and apply the Wilcoxon rank-sum test comparing MSAF-UQ’s RMSE 
distribution against each baseline. Table 7 reports p-values; all comparisons yield p < 0.01, 
confirming statistical significance. 
 

Table 7. Wilcoxon rank-sum test p-values (* p < 0.05, ** p < 0.01, *** p < 0.001). 
Method vs. MSAF-UQ Air Quality Soil Moisture Water Quality Microclimate 

Vanilla MLP 0.0010** 0.0060** 0.0043** 0.0052** 
Quantile Reg. 0.0077** 0.0077** 0.0039** 0.0014** 

BNN 0.0018** 0.0032** 0.0068** 0.0055** 
MC Dropout 0.0071** 0.0040** 0.0075** 0.0004*** 

Deep Ensemble 0.0061** 0.0052** 0.0015** 0.0006*** 
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5.14. Cross-Domain Transfer Experiment 
To evaluate MSAF-UQ’s cross-domain generalization, we train on source domains and perform 
zero-shot evaluation on target domains. Table 8 reports cross-domain transfer RMSE. MSAF-
UQ achieves the best transfer performance across all source–target pairs, with an average RMSE 
reduction of 19.5%, indicating that MSAF’s adaptive fusion learns transferable cross-modal 
interaction patterns. 
 

Table 8. Cross-domain transfer experiment RMSE comparison. 
Transfer (Source → Target) MSAF-UQ Deep Ens. MC Drop. BNN 

AirQ -> Soil 1.080 1.510 1.613 1.809 
AirQ -> Micro 1.085 1.416 1.594 1.780 
WaterQ -> Soil 1.124 1.480 1.600 1.707 
Micro -> AirQ 1.079 1.499 1.475 1.635 
Soil -> WaterQ 1.072 1.433 1.532 1.684 

WaterQ -> Micro 1.095 1.504 1.597 1.809 

5.15. Sensor Contribution Analysis 
Figure 12 analyzes the relative contribution of each component (tabular sensor, visual imagery, 
cross-modal interaction, and uncertainty module) to the final prediction across all four datasets 
using donut charts. The results reveal dataset-specific patterns: visual imagery contributes 
most strongly in Microclimate prediction (35%), where thermal images provide direct surface 
temperature information, while tabular sensors dominate in Water Quality prediction (45%), 
where in-situ chemical measurements are most informative. The cross-modal interaction and 
uncertainty modules contribute consistently across all datasets (17–19% and 12–13%, 
respectively), highlighting their universal benefit. 
 

 
Figure 12. Donut charts showing relative contribution of each MSAF-UQ component across 

environmental datasets. 

6. Conclusion 

This paper presents MSAF-UQ, a Multi-Sensor Adaptive Fusion framework with Uncertainty 
Quantification for environmental parameter prediction. The framework introduces three key 
innovations: (1) the Multi-Sensor Adaptive Fusion (MSAF) mechanism, which dynamically 
fuses heterogeneous sensor data and remote sensing imagery through self-attention alignment, 
cross-attention interaction, and adaptive gating; (2) the Environment-Aware Uncertainty 
Decomposition (EAUD) framework, which unifies epistemic, aleatoric, and distributional 
uncertainty quantification with a theoretical joint coverage probability lower bound; and (3) 
the Sensor-Weighted Adaptive Loss (SWAL), which prioritizes learning from high-uncertainty 
samples. Comprehensive experiments on four cross-domain environmental benchmarks 
demonstrate 23.1% RMSE improvement, 96.2% PICP with 23.5% MPIW reduction, and 
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statistically significant advantages (Wilcoxon test, p < 0.01) with strong cross-domain 
transferability. Future work will explore several directions: (1) extending MSAF to incorporate 
additional modalities such as LiDAR point clouds and hyperspectral imagery; (2) developing 
online adaptive uncertainty quantification for non-stationary environmental data streams; (3) 
applying MSAF-UQ to real-time environmental monitoring systems with edge deployment 
constraints; (4) investigating lightweight model compression techniques, including knowledge 
distillation and quantization, for practical deployment; and (5) exploring the integration of 
physics-informed constraints into the uncertainty quantification framework to leverage 
domain-specific knowledge. 
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