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Abstract

Accurately quantifying carbon fluxes across ecosystems is essential for mon-
itoring and validating natural climate solutions (NCS) which promise to
mitigate climate change. Measurement methods, such as eddy covariance
towers, provide ground truth data at high temporal resolution but suffer
from limited spatial coverage. Upscaling these measurements to ecosystem
scales is performed with machine learning methods based on environmental
drivers and satellite data. However, correctly quantifying uncertainty in
these predictions remains a challenge, which limits its use in carbon mar-
kets. We propose an uncertainty-aware carbon flux estimation framework
that integrates multispectral Landsat imagery, EC flux measurements, and
ancillary environmental variables using Mixture Density Networks. Our
framework provides estimates of both aleatoric and epistemic uncertainties
that enhance the reliability and scalability of carbon monitoring efforts.

1 Introduction

Natural Climate Solutions (NCS)—which involve the conservation, restoration, and im-
proved management of natural ecosystems to enhance carbon sequestration—have emerged
as important components of climate change mitigation strategies (Griscom et al., 2017;
Seddon et al., 2020; Goldstein et al., 2020). A precise understanding of ecosystem carbon
dynamics is crucial for informing climate models, guiding policy decisions, and uphold-
ing the integrity of carbon markets, particularly those incentivizing carbon sequestration
through mechanisms such as carbon credits (Jacobson et al., 2018; CIB, 2021; Friedling-
stein et al., 2023; Grassi et al., 2022; Baldocchi et al., 2003). Traditional methods, such as
eddy covariance (EC) towers that provide continuous measurements of carbon dioxide ex-
change (Baldocchi et al., 2014), face challenges in scalability due to limited spatial coverage
resulting from high costs and logistical hurdles (Pastorello et al., 2020). Moreover, while
field campaigns measuring vegetation properties (e.g., tree height, diameter, and biomass)
yield valuable ground-truth data (Asner et al., 2013), they are labor-intensive and imprac-
tical for large-scale application—a challenge underscored by the American Carbon Registry
(ACR) (ACR, 2021). Remote sensing technologies offer a promising avenue for extrapolat-
ing point-based observations to broader scales (Turner et al., 2007), although translating
high-dimensional satellite data into precise carbon flux estimates remains challenging due
to ecological complexity and inherent observational uncertainties (ACR, 2020; Beer et al.,
2010; Paoletti et al., 2019).

Recent studies have increasingly turned to machine learning techniques to address these chal-
lenges(Turner et al., 2007). However, they often yield point estimates that may not capture
the full predictive distribution in either single or multimodal scenarios (Dietterich, 2000),
and their reliance on manually engineered features can limit their ability to model complex
non-linear relationships compared to deep learning approaches (Goodfellow et al., 2016).
Neural networks have similarly been employed for carbon flux estimation yet their tradi-
tional designs typically produce deterministic outputs without inherent uncertainty quantifi-

1



cation (Abdar et al., 2021). MDNs present an alternative by combining neural networks with
probabilistic modeling to output parameters of a mixture of probability distributions rather
than a single point estimate (Bishop, 1994). This approach captures both aleatoric and
epistemic uncertainties and models complex, multimodal output distributions (Choi et al.,
2021; Arnez et al., 2020), thereby delivering richer information than point estimates or
simple uncertainty bounds while obviating the need for manual feature engineering. MDNs
have demonstrated effectiveness across domains such as hydrology (Saranathan et al., 2024),
meteorology (Kirkwood et al., 2022), and renewable energy forecasting (Men et al., 2016),
underscoring their potential to provide reliable and scalable carbon flux estimates that are
essential for evaluating progress toward climate goals and ensuring transparency in carbon
trading systems.

2 Methodology

This section details the methodology employed to develop and implement an uncertainty-
aware carbon flux estimation framework that integrates multispectral Landsat imagery, EC
flux measurements, and ancillary environmental variables.

2.1 Dataset

We combined Landsat 8/9 Level-1 imagery with EC tower measurements and local meteoro-
logical data to train and test our deep learning model. Starting with 393 AmeriFlux BASE
sites Ame (n.d.) (half-hourly flux data under the CC-BY-4.0 license), we removed sites miss-
ing key variables—wind direction (WD), carbon flux (FC), friction velocity (USTAR), wind
speed (WS), air temperature (TA), relative humidity (RH), tower height(HEIGHT) and re-
quire either shortwave radiation (SW IN) or photosynthetically active radiation (PPFD IN),
leaving 209 sites. For sites with multiple sensor measurements at the same height, we re-
tained only the highest sensor data and averaged replicates. We further filtered out FC
outliers (below the 0.5th or above the 99.5th percentile), non-physical values (e.g., negative
SW IN), and biologically implausible data (e.g., nighttime carbon drawdown without in-
coming radiation). Landsat scenes for each tower were downloaded via landsatxplore lan
(n.d.) and provided 11 bands Lan (n.d.) (nine spectral at 30m and two thermal infrared at
100m, resampled to 30m) along with solar and sensor azimuth/zenith angles. Each band
was averaged over a 2×2 pixel window centered on the tower coordinates, which yielded the
best performance in our grid search of window sizes.

2.2 Model Architecture

Our predictive model for carbon flux begins with a series of fully connected (dense) layers
that transform the raw input variables into high-level features. This neural network ulti-
mately produces outputs for a MDN Bishop (1994) layer, which parametrizes the conditional
distribution of flux y given an input x. Specifically, the MDN outputs αk(x), µk(x), and
σ2
k(x) for k = 1, . . . ,K mixture components, where αk(x) are mixing coefficients, µk(x) the

component means, and σ2
k(x) the component variances. The overall model thus represents

the flux as a mixture of Gaussians:

p(y | x) =
K∑

k=1

αk(x) N
(
y | µk(x), σ

2
k(x)

)
.

2.3 Uncertainty Quantification

Uncertainty in predicting carbon flux arises both from inherent noise in the data and from
limitations in the model’s knowledge. We follow a previously proposed method Choi et al.
(2017) to decompose the total predictive uncertainty into two components: one reflecting
irreducible variability in the observations (aleatoric uncertainty) and one arising from the
model’s limited understanding (epistemic uncertainty). Unlike Bayesian neural networks,
which typically require computationally intensive Monte Carlo sampling, the method we
adopted efficiently quantifies uncertainty through a single forward pass of the network.
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We express the total predictive uncertainty as

σ2
total(x) =

K∑
k=1

αk(x)σ
2
k(x)︸ ︷︷ ︸

aleatoric

+

K∑
k=1

αk(x)

µk(x)−
K∑
j=1

αj(x)µj(x)

2

︸ ︷︷ ︸
epistemic

2.4 Training Loss

To learn the parameters θ of our network, we minimize the negative log-likelihood of the
observed flux values. Given N samples {(xi, yi)}Ni=1, the training objective is:

L = −
N∑
i=1

log

(
K∑

k=1

αi,k N
(
yi | µi,k, σ

2
i,k

))
,

where αi,k, µi,k, and σ2
i,k depend on θ and are evaluated at the i-th input xi. By training in

this manner, the MDN fits a mixture model that can capture both multi-modality in carbon
flux distributions and heteroscedasticity in measurement noise.

3 Results

3.1 Model Performance Across Dataset Splits and IGBP Category

The model achieves R2 values of 0.7958, 0.7363, 0.7239, and 0.5829 on the training, val-
idation, future test(withheld data from the last year of each training site), and site test
set(withheld sites), respectively. The small drop from training to validation reflects good
generalization under similar conditions, and also the further slight decrease in future test
data indicates stable temporal extrapolation ability. The largest decline, observed with site
test data from previously unseen towers, highlights the challenges posed by spatial het-
erogeneity and ecological variation. To further assess spatial variability, we grouped sites
by their International Geosphere-Biosphere Programme (IGBP) vegetation categories and
computed R2 scores for the future test set. Figure 1 shows the distribution of R2 scores
across IGBP categories, revealing notable differences in model performance among land-
cover types.

IGBP R2 AU EU
BSV -0.3122 6.8947 1.6044
CRO 0.6698 1.5946 0.7543
CSH 0.7899 1.6778 0.6059
CVM 0.5904 0.9245 0.4504
DBF 0.7716 0.9600 0.2654
DNF 0.5491 1.4683 0.5509
EBF 0.4108 0.6323 0.3058
ENF 0.7061 1.2395 0.3810
GRA 0.6560 1.2268 0.4899
MF 0.8421 0.8286 0.1853
OSH 0.5161 2.0621 0.6658
SAV 0.5270 1.8952 0.5542
SNO 0.3090 2.0744 0.5727
WAT 0.0236 9.8240 2.0399
WET 0.7850 1.1754 0.3749
WSA 0.6248 1.5159 0.4556

Figure 1: Distribution of R2 scores by site (left) and scaled aleatoric (AU) and epistemic
uncertainty (EU) summary (right) across IGBP categories for the future test set. AU and
EU are scaled by the predicted mean to allow comparison across categories.
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3.2 Uncertainty Estimates and SHAP Analysis

A key contribution of this work is the decomposition of predictive uncertainty into aleatoric
and epistemic components. To understand the primary drivers behind the flux predic-
tions and the associated uncertainties, we employed SHAP(SHapley Additive exPlana-
tions)Lundberg and Lee (2017) to compute feature contributions.

Figure 2 displays the SHAP summary plot for carbon flux predictions. The analysis reveals
that features such as solar radiation (SW IN), near-infrared reflectance (Band 5), red re-
flectance (Band 4 - Red), and green reflectance (Band 3 - Green) are particularly influential.
This aligns with expectations, since bands 4 and 5 provide proxies of vegetation, and are
often combined into a commonly used Normalized Difference Vegetation Index (NDVI).

Figure 2: SHAP plot for car-
bon flux predictions.

Figure 3: SHAP plot for
aleatoric uncertainty.

Figure 4: SHAP plot for
epistemic uncertainty.

Figure 3 shows that red reflectance (Band 4 - Red), green reflectance (Band 3 - Green), so-
lar radiation (SW IN), relative humidity (RH), and air temperature (TA) play major roles
in driving aleatoric uncertainty. These features may correspond to conditions where the
model’s predictions remain uncertain even with similar inputs, suggesting the presence of
inherent variability in the flux response under these conditions. Similarly, Figure 4 empha-
sizes that features such as red reflectance (Band 4 - Red), near-infrared reflectance (Band 5),
solar radiation (SW IN), and air temperature (TA) contribute to elevated epistemic uncer-
tainty. This indicates that the model has limited exposure to certain regions of the feature
space, reducing its confidence in those predictions. These associations may help identify
areas where additional data could be beneficial.

The SHAP analysis provides valuable information on the specific factors driving both the
predictions and the uncertainties, offering a direction for future model refinement and tar-
geted data acquisition efforts.

4 Conclusion and Future Work

We introduced an uncertainty-aware framework for carbon flux estimation that uses multi-
spectral Landsat imagery, eddy covariance measurements, and auxiliary data in an MDN,
explicitly separating aleatoric and epistemic uncertainties to provide insights into flux pre-
diction model confidence. Although spatial extrapolation remains challenging, particularly
in underrepresented landcover types, this work supports NCS validation and provides a
better understanding of the drivers of uncertainty for remote sensing-based predictions of
carbon flux. Future directions include expanding the training dataset to reduce epistemic
uncertainty in poorly sampled regions and exploring Bayesian or ensemble methods for even
more reliable uncertainty estimates, moving us closer to effective climate-change mitigation.
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Appendices

A Additional Results

A.1 Future Test Set Performance by IGBP Category

Table 1: Future Test Set Performance by IGBP Category. The Future Test Set contains ob-
servations collected at later timestamps than those in the training/validation sets, assessing
the model’s capacity to predict fluxes forward in time.

IGBP R2 AU AU Scaled EU EU Scaled Pred True RMSE
BSV -0.3122 1.0224 6.8947 0.2379 1.6044 0.1483 -0.3785 1.2686
CRO 0.6698 1.9139 1.5946 0.9053 0.7543 -1.2002 -1.3431 3.3006
CSH 0.7899 1.4169 1.6778 0.5117 0.6059 -0.8445 -1.2777 2.2382
CVM 0.5904 2.6260 0.9245 1.2793 0.4504 -2.8405 -2.8789 3.2751
DBF 0.7716 2.7724 0.9600 0.7665 0.2654 -2.8879 -2.7674 3.3202
DNF 0.5491 3.1512 1.4683 1.1823 0.5509 -2.1462 -2.0343 3.2492
EBF 0.4108 3.4776 0.6323 1.6819 0.3058 -5.5003 -4.1669 4.0152
ENF 0.7061 2.1481 1.2395 0.6602 0.3810 -1.7330 -1.6523 2.7936
GRA 0.6560 2.0697 1.2268 0.8265 0.4899 -1.6871 -1.4503 3.1059
MF 0.8421 2.5855 0.8286 0.5781 0.1853 -3.1203 -3.0696 2.7993
OSH 0.5161 0.8826 2.0621 0.2850 0.6658 -0.4280 -0.5581 1.3363
SAV 0.5270 1.3033 1.8952 0.3811 0.5542 -0.6877 -0.8600 1.7837
SNO 0.3090 1.4376 2.0744 0.3969 0.5727 -0.6930 -1.2075 2.0629
WAT 0.0236 1.9795 9.8240 0.4110 2.0399 -0.2015 -0.3652 2.2719
WET 0.7850 2.1410 1.1754 0.6828 0.3749 -1.8215 -2.0922 2.8770
WSA 0.6248 1.1538 1.5159 0.3468 0.4556 -0.7611 -1.2132 2.2010

A.2 Unseen Sites Test Set Performance by IGBP Category

Table 2: Test Set Performance by IGBP Category for Tower Sites Not Used in Training or
Validation. The table probes the model’s spatial transferability to new geographic locations.

IGBP R2 AU AU Scaled EU EU Scaled Pred True RMSE
CRO 0.4636 2.3466 0.9437 1.0999 0.4423 -2.4867 -1.9069 5.3958
DBF 0.6783 3.2219 0.7664 1.0417 0.2478 -4.2041 -4.2058 4.1673
ENF 0.659 2.4511 1.0033 0.7548 0.309 -2.443 -2.4021 3.3885
GRA 0.5507 1.4258 2.4560 0.4875 0.8397 -0.5805 -0.8304 2.8286
MF 0.804 3.0256 0.7730 0.7407 0.1893 -3.914 -3.7741 3.1610
OSH 0.3908 0.7437 2.3584 0.2436 0.7726 -0.3153 -0.2670 1.0284
WET 0.5904 1.6871 2.4805 0.5650 0.8306 -0.6802 -0.9129 2.4267
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