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Abstract. Biomass is an important variable for our understanding of
the terrestrial carbon cycle, facilitating the need for satellite-based global
and continuous monitoring. However, current machine learning methods
used to map biomass can often not model the complex relationship be-
tween biomass and satellite observations or cannot account for the esti-
mation’s uncertainty. In this work, we exploit the stochastic properties
of Conditional Generative Adversarial Networks for quantifying aleatoric
uncertainty. Furthermore, we use generator Snapshot Ensembles in the
context of epistemic uncertainty and show that unlabeled data can easily
be incorporated into the training process. The methodology is tested on
a newly presented dataset for satellite-based estimation of biomass from
multispectral and radar imagery, using lidar-derived maps as reference
data. The experiments show that the final network ensemble captures
the dataset’s probabilistic characteristics, delivering accurate estimates
and well-calibrated uncertainties.

1 Introduction

An ever-growing number of satellite missions produce vast amounts of remote
sensing data, providing us with unprecedented opportunities to continuously
monitor processes on the Earth’s surface. Extracting quantitative geoscientific
information from these data requires functional models between the observa-
tions I and geographical variables of interest . To this end, deep learning meth-
ods based on neural networks have recently established themselves due to their
demonstrated capabilities to learn complex relationships. For applications like
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Fig. 1. Graphical summary of our methodology during inference. The observations [
are fed into multiple generator neural networks along with the latent codes z. The
sample estimates & from each generator represent individual estimates of the predic-
tive posterior distribution and hence, aleatoric uncertainty. The variability across the
generator ensemble, on the other hand is indicative of epistemic uncertainty.

satellite-based biomass estimation, however, the inability of such methods to
provide uncertainties along with their estimates represents a crucial flaw. The
reason is that this problem, like many others in the field of Earth Observation, is
ill-posed in the sense that there exist multiple biomass maps which are consistent
with the observations. Particularly, this is due to latent variables, like tree height
or tree species, which are only weakly correlated to satellite measurements but
have substantial influence on biomass. This causes ambiguity, and hence, uncer-
tainty in the estimation. While this property of our estimation task is ignored by
deterministic models, probabilistic models circumvent this problem by approx-
imating the conditional predictive posterior P (zjl) instead of point estimates.
By focusing on the task of accurately approximating the predictive posterior
distribution, we hope to improve the informative value of the resulting biomass
products for policymaking, modeling of the carbon cycle, or other downstream
applications.
In summary, we make the following contributions:

1. We motivate and describe the usage of Conditional Generative Adversarial
Networks (CGANSs) for non-parametric uncertainty quantification in biomass
estimation. We point out that the variablility across generated sample esti-
mates x* is indicative of the dataset’s intrinsic aleatoric uncertainty, as they
follow the generator’s approximation of the predictive posterior distribution.

2. We use ensembles of generator networks for capturing the epistemic uncer-
tainty of CGANSs, which is largely associated with instabilities of the ad-
versarial training process. In this context, Snapshot Ensembles consisting
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of generators from the same network initialization turn out to be a valid,
computationally inexpensive alternative to regular ensembles.

3. We show that we can use CWGANS to easily include unlabeled data in the
training process. We exploit this property to fine-tune our network to the
testing data.

4. We apply an implementation of our model to a novel remote sensing dataset
for satellite-based biomass estimation in Northwestern USA, evaluate it re-
garding the quality of the estimated predictive posterior, and show that it
does not negatively affect estimation accuracy.

2 Related Work

Uncertainty Quanti cation in Deep Learning. Since the need for reliable and
accurate uncertainty measures is not limited to problems in remote sensing, the
field of probabilistic deep learning has evolved rapidly in recent years. An essen-
tial distinction in this context is between aleatoric and epistemic uncertainty:
Aleatoric uncertainty is caused by the nature of the data or the underlying
problem and therefore cannot be explained away, even if infinitely many train-
ing samples were available. It is therefore also an intrinsic property of ill-posed
problems, where the target variable cannot be recovered from the given obser-
vations in a deterministic sense [47]. On the contrary, epistemic uncertainty is
caused by limitations regarding the dataset size, the neural network’s architec-
ture, or the optimization strategy. Therefore, this type of uncertainty can at
least partly be reduced by, e.g. enlarging the dataset, specifying a more fitting
architecture, or hyperparameter tuning [I3JI§].

For quantifying aleatoric uncertainty, multi-head neural networks, which out-
put a parameterization of the predictive posterior — such as the mean and vari-
ance of a Gaussian distribution — have emerged as the favored technique [37].
The downside to such models is their limitation to the assumed parameteriza-
tion and the resulting inability to represent the more varied predictive poste-
riors, which are present in real-world applications. A possible alternative is to
have the neural network output distribution-free predictive intervals [39]. While
this circumvents the problem of specifying a parameterization of the predictive
posterior, such networks still only output individual statistics thereof so that the
estimation of other moments is not possible.

One of the most popular techniques for the quantification of epistemic un-
certainty, on the other hand, is ensembling where the estimation is aggregated
from multiple independent neural networks [23]. Alternatives include explicitly
Bayesian methods like Monte-Carlo Dropout, where dropout is applied during
training and during inference [12], and Hamiltonian Monte Carlo, where pa-
rameter hypotheses are sampled by means of Markov Chain Monte Carlo and
Hamiltonian dynamics [36].

Recently, multiple studies have also used CGANs and other conditional deep
generative models for uncertainty quantification. Those models’ suitability for
the task is motivated by their demonstrated ability to approximate highly com-
plex (conditional) probability distributions, such as that of natural images [14I34].
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In this context, the variability in the samples generated during inference is viewed
as indicative of the estimation uncertainty, as they follow the approximate pre-
dictive posterior distribution. For instance, CGANs have been applied to regres-
sion and classification tasks and were observed to produce reliable uncertainties
while being more stable with respect to the backbone architecture than compet-
ing methods [27]. The technique has been especially popular in the time series
domain [21], where it has been used for tasks like weather fore- and nowcasting
[6/40] or pedestrian [22] and aircraft [38] trajectory prediction. In traditional re-
gression settings, CGANs have been employed, e.g. for uncertainty quantification
in medical imaging [I] and atmospheric remote sensing [2§].

Biomass Estimation with Remote Sensing. As one of the World Meteorological
Organization (WMO)’s Essential Climate Variables, large-scale and continuous
estimation of biomass with satellite remote sensing is important to climate sci-
entists and policymakers [16]. Particularly, we are interested in Aboveground
Biomass (AGB), which by definition of the United Nations Program on Reduc-
ing Emissions from Deforestation and Forest Degradation (UN-REDD), AGB
denotes all “living vegetation above the soil, including stem, stump, branches,
bark, seeds, and foliage” [5]. Note that hereinafter, we will use the terms biomass
and AGB interchangeably. The estimation of AGB from satellite data is less cost-
and labor-intensive than obtaining ground data, but poses significant challenges
due to the ill-posed nature of the problem [41].

Methodologically, classical regression techniques are still commonplace in the
field of biomass estimation. These range from simple linear regression [43] to
geostatistical approaches [31]. Currently, random forest regression ranks among
the most popular methodologies, as they turn out to be efficient, intuitive, and
not significantly more inaccurate than competing methods [29J35].

Recently, however, deep learning techniques have been used with increased
frequency for biomass estimation and related tasks. For instance, neural networks
were shown to better estimate biomass from Landsat data than univariate re-
gression approaches with common vegetation indices as inputs [I1]. The method
was subsequently investigated in light of its spatial transferability, revealing its
poor generalization capabilities [10]. Significant advances in the field were the
fusion of optical imagery with Synthetic Aperture Radar (SAR) data in a deep
learning-based estimation approach [2] and the use of Convolutional Neural Net-
works (CNNs), which can better extract information from spatial patterns in the
data [g]. By taking into account textural properties of the input data, CNNs have
been demonstrated to especially improve estimation of vegetation properties in
cases where the pixel-wise signal saturates in the presence of tall canopies [25].
Methods from probabilistic deep learning have only recently been explored for
global estimation of canopy height, which is strongly correlated to biomass, using
optical and spaceborne lidar data in an ensemble of multi-head networks [24125].
In another recent work, CGANs are used to estimate spatially consistent biomass
maps based on L-band SAR imagery [7]. Despite apparent similarities, this work
significantly differs from ours, as the CGANSs are only used deterministically and
their stochastic possibilities are thus not fully exploited.
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3 Methodology

We generally consider a supervised regression setup with a dataset of pairs of
observations I and corresponding target variables . Our approach consists of
using CGANSs for aleatoric uncertainty and generator Snapshot Ensembles for
epistemic uncertainty. In this chapter, we will describe these two methods in
detail and point out their advantages with respect to our task. Note that, for
clarity, we will not explicitly distinguish between random variables and their
realizations in our notation.

3.1 CGANSs and Aleatoric Uncertainty

For quantifying aleatoric uncertainty, we first assume that the given samples are
realizations of the conditional distribution P (zjl), which is called the predictive
posterior. We furthermore assume that aleatoric uncertainty is induced by the
latent variable z, for which a simple prior like a standard normal distribution
P(z) = No1 is assumed. We may view this variable as an encoding of all factors
which influence x, but are inaccessible through I. In the context of biomass
estimation for example, z encodes uncertainty about pertinent variables like
tree height or density, which are only to some degree correlated to satellite
measurements. Marginalization over these factors z results in the model
z

P(zjl) = P(xjl; z)dP(2): (1)

Practically, this theoretical model is approximated by a CGAN: On the one
hand, the generator G, (I; z), parameterized as a neural network by , seeks to
produce sample estimates of the target variable &, which match the data-implied
predictive posterior. On the other hand, a discriminator neural network Ds(; x),
parameterized by , evaluates the generated samples by comparing them to the
real samples in the training dataset and providing a suitable metric by which
the generator can be optimized.

To find optimal parameter values * and * for the generator and the dis-
criminator, respectively, adversarial training is employed. In the most common
variants of adversarial training, the overall objective can be formalized as a mini-
max game, where an objective function L( ; ) is maximized by the discriminator
and minimized by the generator [T4J34]:

*

; :argminargméaxL( ;o) (2)
B!

Due to major practical issues with the original GAN and CGAN implementa-
tions like vanishing gradients and mode collapse [3], recent research has mostly
revolved around improving the stability of adversarial training.

In particular, the Wasserstein variant of CGAN (CWGAN) aims to solve
these issues by using the objective function

Lewean( 5 ) = Eax)(Ds(l;x))  Eqz)(Ds(l;64(1; 2))) (3)
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with the additional restriction Dg 2 L1, where Ly describes the set of Lipschitz-
1 continuous functions. By virtue of the Kantorowich-Rubinstein duality, the
use of this particular objective leads to the minimization of the Wasserstein-1
distance between the data-implied and the generated distribution. The favorable
properties of this metric regarding its gradients with respect to and have been
demonstrated to mitigate the usual issues of adversarial training when compared
to the Jensen-Shannon divergence used in the original GAN [].

In implementation, the networks are alternately optimized using stochas-
tic gradient descent and ascent, respectively. For computing the stochastic gra-
dients of the objective with respect to and , the expectations in equation
are replaced with their empirical approximation over a minibatch. At in-
ference, we may then theoretically generate arbitrarily many sample estimates
x* = G- (I; 2) to approximate the predictive posterior distribution by repeatedly
running generator forward passes with different z-inputs, sampled from the la-
tent prior. CGANs therefore allow for the non-parametric and distribution-free
modeling of aleatoric uncertainty, setting them apart from multi-head neural
networks [37], where one is limited to the Gaussian parameterization. At the
same time, they still approximate the full predictive posterior instead of single
output statistics, as is the case for prediction intervals [39]. Instead, the sample
estimates may be used to compute an approximation of a wide range of statis-
tics of the predictive posterior. This also includes correlations in multi-output
setups, which are entirely disregarded by the other methods. The accuracy of
these approximations, however, may be limited by the number of the generated
samples, which is subject to computation time and memory constraints.

Another advantageous aspect about using CGANSs for probabilistic regression
is the possibility to use unlabeled data at training time to train the generator
network. This way, the model can be tuned not only with respect to the training
data, but also the testing data without needing access to the corresponding
labels. We expect that a model trained in this manner will be less likely to
overfit, leading to greater generalization capabilities.

The root cause, why this procedure is feasible, lies within the CWGAN op-
timization objective, i.e., the minimization of the Wasserstein-1 distance be-
tween the generated and the real distribution as provided by the discrimina-
tor. We note, that the derivatives of the objective from equation with re-
spect to the generator’s parameters are independent of any reference data :
r,Lecwean =  Eqz)(ryDs(l;G,(1; 2))) [ Theorem 3]. This is based on the
fact, that the minimization itself takes place with respect to the joint, rather
than the conditional space of I and @ [I]. Practically, we can therefore produce
sample estimates from unlabeled data and still use the discriminator — which
must still be trained on the labeled training dataset — in order to evaluate them
to adjust  accordingly. We point out that this is, in fact not just a special
property of CWGAN, but is true for most variants of conditional adversarial
training.
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3.2 Generator Ensembles and Epistemic Uncertainty

The above described model accounts for aleatoric uncertainty in regression tasks
by being able to sample from its approximation of the predictive posterior dis-
tribution, but does not model the epistemic uncertainty that arises from mis-
specifications of the network architecture or the optimization strategy. This is
overlooked by previous works who appear to assume that CGANs capture both
components of uncertainty. More specifically, the likely cause of epistemic un-
certainty of our generative model is the generator’s incapacity to replicate the
target distribution or instabilities in the adversarial training procedure, both of
which cause uncertainty in the determination of *. Thus, we must not only
marginalize over z, which is responsible for aleatoric uncertainty, but also over
different hypotheses for *. In this context, the set of optimal parameters is
interpreted as a random variable, as well. For simplicity, we will simply call
its distribution P ( *), omitting the fact that this is actually also a conditional
distribution based on the above-described factors. This extends the model in
equation (1f) to 77

P(zjl) = P(zjl; z; *)dP(z)dP( *): (4)

The resulting model effectively averages over possible optimal parameters, which
results in so-called Bayesian Model Averages, of which ensembles represent one
possible implementation [23[46]. In our CWGAN realization of the theoretical
model, each of the generators in the ensemble thus represents one individual
approximation of the predictive posterior distribution. Their combination can
hence be seen as a mixture model with equal weight given to each individual
generator. Statistics of the predictive posterior can be approximated by again
aggregating multiple sample estimates «*, which in the combined model stem
from multiple generators instead of just one.

For regular neural network ensembles, each network is initialized and trained
independently from scratch. However, the training process of CGANs, and espe-
cially that of CWGANS, is time-expensive, making such a procedure impractical.
We therefore turn to Snapshot Ensembles of generators, which allows for train-
ing an ensemble of networks based on a single initialization [I7]. After an initial
phase of T iterations of regular training with a constant learning rate .44, a
cyclic learning rate schedule, particularly Cosine Annealing with Warm Restarts
[30] is employed. For each cycle of T,y training iterations in this schedule, the
learning rate ; at iteration t within the cycle is computed as

max

1+ cos
2 cyc

()

=

At the end of each cycle, the network is saved as one element of the ensemble
and the learning rate is reset to ,,4,. We believe that such an approach is
especially suitable for the quantification of epistemic uncertainty of CGANs,
because adversarial training is known to be unstable and oscillate around the
optimum instead of converging to an equilibrium [33/45].
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