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1

Introduction

Methane is one of the most important anthropogenic greenhouse gases, and timely detection
of methane emissions is essential for climate monitoring, mitigation policy, and operational
leak detection. In recent years, satellite-based Earth observation has become an increasingly
relevant source of information for this purpose, as it enables large-scale monitoring of emission
sources. At the same time, extracting actionable information from such data remains com-
putationally challenging. For example, atmospheric inverse modeling and plume detection al-
gorithms require methods that can handle high-dimensional inputs, temporal dependencies,
and limited availability of labeled real-world examples. These characteristics make methane
monitoring a useful application domain in which to assess whether emerging computational
paradigms, including quantum computing, can offer practical added value.

Quantum computing is often considered as a promising route for accelerating selected com-
putational primitives, such as linear algebra and optimization. However, in applied machine
learning, the relevant question is not whether a theoretical speedup or improved learning ca-
pability exists, but whether it survives under realistic data-access, training, and output require-
ments. For that reason, this project evaluated where quantum approaches might plausibly
contribute within the methane-monitoring pipeline. Three candidate challenges were consid-
ered in this pipeline. The first is the updating of methane emissions inventories through inverse
modeling. The second is synthetic data generation. The third is plume detection from multi-
temporal Sentinel-2 imagery. Following this initial assessment, a challenge was selected for
quantum solution development and benchmarking. This report summarizes experimental re-
sults, insights, and recommendations for future work.
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2

2.1
2.1.1

Problem formulation

Identifying where quantum computing can offer value requires the analysis of the computa-
tional structure of each candidate problem. This section describes three challenges arising
in the context of methane emissions monitoring: updating methane emissions inventories
through inverse modeling, generating synthetic training data for plume detection models, and
detecting methane plumes in satellite imagery. For each challenge, we outline the relevant
problem setting, current approaches, and the aspects where quantum methods could poten-
tially contribute. Based on this assessment, one challenge is selected for further investigation
in the remainder of the report.

Current challenges

Updating methane emissions inventories

Accurate methane (CH,) emissions inventories are central to climate monitoring and policy:
they quantify how much methane enters the atmosphere from human activities and natural
processes, and they feed into the global assessments used to track progress against emis-
sions targets. Maintaining up-to-date inventories, however, requires running computationally
demanding atmospheric models, and the resulting computational bottlenecks motivate the
search for more efficient algorithms.

CH, surface fluxes describe the rates at which methane is emitted or, to a small extent, ab-
sorbed at the Earth’s surface. TNO AER (Air Quality and Emissions Research) estimates these
fluxes using the TM5-4DVar inverse modeling system, which combines a chemistry-transport
model (TM5-MP) with satellite and ground-based concentration observations. The approach
is based on four-dimensional variational data assimilation (4D-Var): the model is run forward
to produce simulated CH, concentrations, and those simulations are then compared with ob-
servations by minimizing a cost function that balances the fit to measurements against prior
flux estimates, weighted by their respective error covariance matrices [1]. The primary output
of this system is a set of monthly global CH, surface flux fields covering roughly the past 40
years.

The optimization relies on iterative gradient descent, so the cost-function gradient must be
computed repeatedly. Two operations account for most of the computational cost: forward
and adjoint runs of the TM5-MP transport model, and the inversion of large error covariance
matrices. Both scale poorly with increasing spatial resolution or with longer assimilation win-
dows, making them the limiting factors when higher-fidelity flux estimates are needed.

Quantum algorithms for solving linear systems have been proposed as a route to faster matrix
inversion [2]. In principle these methods could speed up covariance inversion, but they face a
fundamental readout obstacle in this context: any quantum speedup is conditioned on being
able to query the result implicitly (through inner products or expectation values) rather than
reading out every component of the solution vector. Computing the cost-function gradient,
however, requires access to the full solution vector, component by component. The quantum
speedup is therefore lost at the readout step, and no net advantage over classical methods is
obtained. For this reason, the inverse-modeling problem is not taken forward in this study.
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2.1.2

Plume detection

Detecting methane plumes from satellite imagery is a critical step toward quantifying point-
source emissions at scale. Once a plume is detected, its observed concentration field can
be translated into an emission rate, which can be used for monitoring industrial sources and
informing regulatory efforts.

S&T is developing algorithms to detect methane plumes using Sentinel-2 and Sentinel-5 satel-
lite data, following the deep learning approach of Rouet-Leduc et al. [3, 4]. Because deep
learning models require large labeled training datasets, and real annotated plume images are
scarce, S&T trains on synthetically generated data. The model performs well on held-out syn-
thetic images, but its performance drops significantly when evaluated on real-world data [5].

Two directions were considered for applying quantum computing to this setting.

Enhancing the existing architecture. The first direction is to augment or replace components
of the current segmentation model with quantum techniques:

+ Quantum-enhanced post-processing. A graph-cut post-processing step can be formu-
lated as a QUBO (quadratic unconstrained binary optimization) and solved with quan-
tum optimization methods, incorporating additional spatial consistency information or
Sentinel-5 data to refine segmentation masks [6, 7].

+ Quantum attention (Quixer). Classical self-attention layers in a vision transformer can be
replaced by a quantum attention mechanism based on linear combinations of unitaries
(LCU) and the quantum singular value transformation (QSVT) [8]. This provides a different
way of mixing information across inputs and is the approach ultimately pursued in this
report.

« Quantum knowledge distillation. The S&T segmentation model can serve as a teacher
network from which a smaller student network is trained by minimizing a loss that evalu-
ates encoder representations using a quantum computer, potentially reducing the model
size without sacrificing accuracy [9].

* QuantumBoost. A quantum boosting algorithm can train an ensemble of classical weak
learners by computing approximate Bregman projections on a quantum computer; in-
ference remains fully classical [10].

Training a quantum machine learning model end to end. The second direction is to build
and train a quantum model directly on the real dataset. Generalization bounds for quantum
machine learning suggest that the number of training samples required scales polynomially
with the number of trainable parameters rather than with the (exponentially large) dimension
of the Hilbert space [11]. This could be advantageous when labeled real-world data is lim-
ited, though empirical evidence on real, noisy datasets remains sparse. Candidate approaches
include:

* Quantum self-supervised learning, which reduces dependence on large labeled datasets
by leveraging unlabeled data during pre-training [12].

« A variational qguantum classifier, following the approach used in an earlier TNO project
with S&T on bathymetry estimation [13].

) TNO Public 6/21



) TNO Public ) TNO 2026 R10798

2.1.3

2.2

Synthetic data generation

Because large annotated datasets of real methane plumes are difficult to obtain, S&T trains
its plume detection model on synthetic data. Synthetic plumes are created by embedding
simulated plume absorption signatures into real Sentinel-2 background images. The simula-
tion applies the Beer-Lambert law across a range of wind speeds and directions to produce
physically plausible plumes.

The synthetic-to-real performance gap described in Section 2.1.2 may stem from multiple
sources, one of which is a distributional mismatch between synthetic and real plumes: the sim-
ulated plumes may not reproduce the visual and spectral characteristics of plumes observed
in actual satellite imagery. Improving the fidelity of synthetic data generation is therefore a
natural complement to the model-level interventions considered above. Two directions were
assessed.

Quantum speedup for the Beer-Lambert simulation. The Beer-Lambert computations are the
most expensive part of the current synthetic data pipeline, and quantum algorithms could
possibly accelerate them. However, a speedup alone would not change the output distribution
of the generated images; faster simulation of the same physics model produces the same
plumes, not more realistic ones. Since the goal is to reduce the distributional gap to real data
rather than to reduce runtime, this direction was not pursued further.

Generative quantum models. Rather than simulating plumes from a physics model, one could
train a generative model to sample realistic plume images. Generative quantum models have
been shown to offer potential advantages over their classical counterparts in settings where
the generative distribution is hard to sample classically but easy to train [14]. Specifically, a
quantum advantage in this context can arise when (i) the model can be trained efficiently
on a classical computer, but (i) drawing new samples from the learned distribution is com-
putationally hard to replicate classically. If real plume distributions satisfy these conditions,
a generative quantum model could produce training data that more closely resembles real
observations than the current physics-based approach.

Challenge selection

The three challenges were assessed to determine which was most suitable for a quantum
computing approach. Plume detection was selected as the main focus, for the following rea-
sons.

The inverse modeling challenge was set aside because the quantum speedup for matrix inver-
sion breaks down at the readout step: the cost-function gradient requires all components of
the solution vector, which eliminates the quantum advantage. The synthetic data generation
challenge was also de-prioritized. Speeding up the Beer-Lambert simulation does not change
the output distribution, and generative quantum models (while theoretically interesting) re-
main speculative in the absence of empirical evidence that real plume distributions satisfy the
conditions required for a quantum advantage.

Plume detection, by contrast, offers a more concrete opportunity. The key property of the
problem is its temporal structure: each sample consists of multiple Sentinel-2 observations of
the same location at different points in time, and the discriminative information is encoded
in how the scene changes across those observations. Quixer-style methods are well suited
to this structure, since they allow the model to represent dependencies across the tempo-
ral context in a structured way. This makes the Quixer mechanism a plausible architectural
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choice, which could also be implemented with existing attention mechanisms. Furthermore,
the MethaneS2CM benchmark provides a concrete real-world dataset on which hypotheses
can be tested and results reported.

The initial approach taken in this project was to fine-tune S&T’s segmentation model to ob-
tain a classical baseline, and then to complement it with quantum components. However, as
had also been observed by S&T, these models (trained on S&T’s synthetically generated data)
did not generalize well to the real-data setting of the MethaneS2CM benchmark [5]. To re-
duce the possibility that this gap was caused by a mismatch between synthetic and real data
sources, the model was also retrained directly on the real-data benchmark, where evaluation
is performed on samples from unseen locations. Nonetheless, after several iterations, further
improvements yielded diminishing returns. It was not clear which part of the segmentation
model was the limiting factor, nor whether the available data contained sufficient predictive
information for the task or whether that information was simply not being extracted effectively
by the model. As a result, drawing conclusions about whether a quantum method would add
value in the segmentation setting was not feasible, since the classical baseline was not yet
sufficiently well understood.

For this reason, the study was redirected toward a simpler but closely related problem: tile-
level binary classification of plume versus no-plume on the temporal MethaneS2CM dataset.
Each sample in this dataset contains three Sentinel-2 observations of the same location at
different pointsin time (the currentimage and two earlier reference images) making the setting
temporal in nature. This formulation is easier to train and analyze, while remaining directly
relevant to the overall plume-detection workflow. It allows us to establish whether temporal
Sentinel-2 data contains enough predictive information for reliable classification, to obtain a
well-understood classical baseline, and to evaluate whether Quixer-style methods add value
in this controlled setting.

This classification task is not intended as a replacement for plume segmentation; rather, it
serves as an intermediate step. A well-performing classifier is useful in its own right, but it
may also function as a component in a later segmentation pipeline or as a diagnostic tool for
identifying which aspects of the problem are learnable from the available data.

The question addressed in the remainder of this report is therefore the following:

Given three temporally ordered Sentinel-2 observations of the same location, cana
Quixer-style classifierimprove plume / no-plume prediction over a classical baseline
under a shared encoder and evaluation setting?
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3

3.1

3.2

Solution

Dataset: MethaneS2CM

The experiments in this report use the MethaneS2CM dataset [5], which was introduced as
a real-world benchmark for methane-emission detection from Sentinel-2 multispectral data.
As described in the accompanying paper [15], the dataset was constructed from Sentinel-2
imagery together with plume records and plume masks from the CarbonMapper platform. The
aim of that work was to address several limitations of earlier approaches which were based
mainly on simulated plumes. In particular, the paper shows that synthetic plumes overlaid
on Sentinel-2 backgrounds may differ in distribution and visual characteristics from real-world
data, and that using only a single reference image is often insufficient.

MethaneS2CM contains both L1C and L2A Sentinel-2 products and includes data from a large
number of locations and time periods. Here, L1C refers to the top-of-atmosphere product,
whereas L2A denotes the atmospherically corrected surface-reflectance product. For the ex-
periments reported here, the L1C variant is used, which is also available through the Hugging
Face release [5]. In the present classification setting, each sample is given as a 32 x 32 tile,
together with a binary plume label and an associated plume mask. An important aspect of
this dataset is that it is temporal, i.e., each sample contains multiple observations of the same
location at different points in time. Each sample is represented by a leak-time observation
together with two reference observations, approximately 90 days and 365 days earlier. This
allows the model to use temporal changes in the scene rather than relying on a single image
only.

Training approach

For the experiments reported in this work, nine Sentinel-2 bands are selected for each date,
resulting in samples of dimension 9 x 3 x 32 x 32. The prediction target is the binary plume
/ no-plume label. All models investigated follow the structure depicted in Figure 3.1, where
a CNN (Convolutional Neural Network) is used as common backbone for feature extraction,
followed by a model-specific head that captures temporal interactions.

The training dataset (with 93,000 samples) and the test dataset (with 19,459 samples) cor-
respond, respectively, to the periods before and after August 20, 2023. This temporal split is
given by date, so the same location can be included in both datasets. The training dataset is
further split as follows: 60,000 samples are used for fitting, 24,000 samples are reserved for
validation and model selection, and 9, 000 samples are reserved for post-refit calibration. The
preprocessing is done as follows. First, the pixel values are scaled by a factor 1/10000. Next,
the band-wise mean and standard-deviation are computed based on the dataset for fitting.
These same statistics are then reused for scaling the validation, calibration, and test datasets.

The validation step uses a grouped dataset with coordinate pairs as the grouping key, so that
samples from the same location are kept together. Model selection is based on validation AU-
ROC (Area Under the Receiver Operating Characteristic curve), with learning rate 4 x 10~2 and
no early stopping. After model selection, the chosen configuration is refit on the combined fit
and validation datasets. The calibration dataset is then used to tune the final decision thresh-
old with the F1 objective, with a calibration fraction of 15% relative to the 60,000-sample fit
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3.3

3.3.1
3.3.11

3.3.1.2

INPlﬂ: ; N OUTPUT:
32 x 32 tile for — NN for egture — Temporal Fusion Head — Plume
3 dates and extraction probability
9 bands

Figure 3.1: Architecture pattern used for all models in this report. A common CNN (Convolutional Neural Net-
work) is used for feature extraction, followed by a model-specific head that captures temporal in-
teractions.

dataset, which corresponds to the 9,000 calibration samples mentioned above. Threshold-
dependent test metrics are therefore reported at a calibrated threshold, not at the common
fixed threshold of 0.5.

Classical baseline

Original classical solution

Formulation

In the paper accompanying the MethaneS2CM dataset [15], the authors introduce a dedicated
model, called MEECNet, for methane emission classification from Sentinel-2 data. The input
consists of multiple observations of the same location at different times. The MEECNet model
combines group convolutions with 3D convolutions. The role of the group convolutions is to
process subsets of the spectral channels separately, so that the model can explicitly extract
features from relevant band groups. The role of the 3D convolutions is then to aggregate in-
formation jointly across the temporal dimension and the learned feature maps.

The work in [15] evaluates two different tasks: binary image classification and image segmen-
tation. For the binary classification task, the reported models are ResNet, ResNet3D, FCANet,
ViT, and ViT-UNet, next to MEECNet itself. For the segmentation task, the reported baseline
models are UNet, 3D U-Net, and Attention U-Net. This distinction is important in the present
report, because our setting is a classification task rather than a segmentation task.

This is relevant here because it shows that the plume / no-plume classification task is not an
artificial side problem introduced only for convenience in this report. It is also one of the main
tasks used in the MethaneS2CM paper itself. At the same time, the paper already treats tem-
poral information as an important part of the problem formulation. In that sense, the present
work is aligned with the general direction of the work in [15], while asking a different question
about how temporal information could be combined.

Limitations

For the purpose of the present study, the main limitation of [15] is not related to the reported
performance, but rather to the complexity of the model for the purpose of classification only.
This makes it less suitable as a controlled baseline, since our aim is to determine whether the
Quixer mixing mechanism adds value. If one were to compare directly against a more special-
ized architecture such as MEECNet, it would become more difficult to determine whether any
observed difference is caused by the Quixer component itself or by another component of the
model. For this reason, the work in [15] is mainly used as motivation, rather than as a direct
classical baseline.
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3.3.2
3.3.2.1

3.3.2.2

Proposed classical solution
Formulation

The proposed classical baseline is designed to be simple and as comparable as possible to the
Quixer variants studied in this report. The input consists of three Sentinel-2 observations of
the same location at different points in time. This input is first split into three temporal inputs,

each of which is given by:
= RBxCyqx32x32

where Bis the batch size, C, is the total number of multispectral bands per date for a 32 x 32
tile. A shared-weight per-date CNN encoder

f6’ : RCax32x32 _, R128
is applied independently to each date:
z, = fo(zV) € R, t € {1,2,3}.

The same parameter set @ is used for all three dates. The encoder f, consists of three convo-
lutional blocks followed by global average pooling (GAP):

fo = GAP o Block, o Block,, » Block,,
where each block has the form
Block,, = MaxPool o ReLU o BatchNorm o Conv .

More explicitly, the encoding evolves as

c Block, Block, Blocks GAP
R 4 x32x32 |R32><16><16 |R64><8><8 [R128><4><4 |R128.

The three date embeddings are collected into

Z = [Zla22723] € R3X128'

The model then uses a multilayer perceptron (MLP) temporal fusion head. First, Z is flattened
into
u = vec(Z) € R¥4.

Then, the scalar logit is computed for binary plume / no-plume classification.
g = WQ ¢<W1U + b1> + b2,

where
W, € Rh>384, b, € R, W, € RV, by € R,

his the hidden dimension of the fusion head, and ¢ is the ReLU activation. The model is trained
with binary cross-entropy.

The reason for choosing this baseline is that it preserves the temporal structure of the data
while keeping the final fusion mechanism straightforward.

Limitations

The limitation of this classical baseline is that the interaction between the three temporal in-
puts only takes place at the very end of the model, through a standard MLP applied to the
concatenated embeddings. In other words, the model can learn temporal correlations, but it
does not impose any explicit structure on how information should be mixed.
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3.4
3.4.1

Quantum solutions

Quixer variant A

The first quantum variant keeps the same shared CNN encoder but replaces the final MLP (in the
classical baseline) by a Quixer [8] approach. Consequently, each date-specific input is initially
encoded by the same shared-weight CNN yielding per-date embeddings

z, = fo(zV) € R1%, te{1,2,3}.
The part specific to this model is a quantum temporal fusion head. First, a learned map
W+ R28 5 R4La

produces
O, = reshape(Wgz, + ap) € RL*4xq,

where ¢ determines the number of qubits in a quantum circuit and L is the number of circuit
layers. The parameters ©, define the unitary

U,()=U(08,):CP - CP.
with D = 29, Second, a learned map
W, : R'2® — R2

produces two real numbers
T(R) 7(1
(bg >ab§)):”lzzt+ab7

interpreted as the real and imaginary parts of a raw complex coefficient. Define

3
Bl = V@R + (2 e, 5= il +e
t=1
where e > 0 denotes a small fixed constant introduced for numerical stability. The normalized
complex mixing coefficient is then

Ty

b
t 5 s

Using the three operators U,, U,, U; and the three complex coefficients b,, by, b5, the model
defines the operator

M, :CP —CP, MZ(U)zibtUt(v).
t=1
Thus, when M, acts on a reference state
vy = [1,0,...,0] € CP
one obtains

3
My(vy) = th Uy(vo)-

That is, the same initial state v, is transformed by each date-specific operator, and the three
resulting states are linearly combined.
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3.4.2

The model subsequently applies a learned low-degree polynomial in the operator M. Let
d € {2,3} denote the chosen polynomial degree, and let ¢, ¢y, ..., ¢; denote the normalized
polynomial coefficients. The resulting state is

d

Y= Z e M3 (vy),

k=0

where
M%(Uo) = Yo, Mé(“o) = My(vy), M%(Uo) = Mz(My(vy)),

and so on. After this stage, a second learned transformation
F:CP —CP
is applied:
Y = F(y).

This transformation is again implemented by a quantum circuit, but its parameters are shared
across samples and do not depend on the individual date embeddings. The resulting complex
state ¢ is then mapped to a real-valued feature vector through a Pauli-style readout. Let

¥
l97llz +&

denote the normalized state. For each qubit j € {1, ..., ¢}, the readout computes expectation-
style quantities

b=

Xp, ¥, (4.

These are concatenated into a vector
r e R3¢

Finally, a standard MLP readout
g:R3 =R

maps the measurement vector to the scalar logit to be used for binary plume / no-plume
classification.

To summarize, the model first extracts three per-date embeddings using the same CNN as the
classical baseline, then uses those embeddings to define a sample-specific mixed operator
M, applies a learned polynomial in that operator to a fixed reference state, transforms the
resulting state once more, measures it through Pauli-style observables, and maps the resulting
real feature vector to the final logit.

Quixer variant B

The second Quixer variant developed in this project is experimental and does not follow the
circuit model that would allow it to run a quantum computer. As such, it can be considered
to be a quantum-inspired model only. Again, this model keeps the same shared CNN encoder
and replaces the final MLP by a Quixer approach. As before, the initial embeddings are given
by
2= fo(2W) e RS, te{1,2,3},
which are collected into
Z = [’21522723]'
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The model-specific temporal fusion head maintains a real-valued state
s, € RE
at iteration &k, where
D =21, F =2D = 241

and ¢ is the qubit count. The factor 2 is used because the state is intended to represent the real
and imaginary parts of a complex vector in CP. The state is initialized at the fixed reference
vector

5o = [1,0,...,0] € RE.

At each iteration k, the model constructs a joint update from the three date embeddings. First,
it computes global mixing logits
a(Z) € R?

via a learned MLP. These logits are converted into mixing weights
O((Z) = (061,0627043) € [RB'

Depending on the configuration, either a softmax normalization is used,

et

or an L, normalization is used,

oy =

3 b
S lagl+e

where £ > 0 is a small fixed constant used for numerical stability. Next, each date embedding
z, Is mapped to a scalar gate
9¢ = O'(’LU;Zt + bg) € (Oa 1)7

where o is the logistic sigmoid, w, € R'?%, and b, € R. This gate controls the strength of the
update proposed by date ¢.

The core model-specific quantity is the date-specific update proposal
uy(sy, 2) € RY,

which specifies how date ¢ proposes to modify the current state s,. The exact form of w, de-
pends on the chosen operator family.

Low-rank operator family. If a low-rank operator family is used, each date embedding z, is
mapped to two matrices
Ut c IRFX’I”7 ‘/t c IRFX’I"’

where r is the configured low-rank rank. These matrices are produced by learned affine maps
applied to z,. The proposal is then

uy(Sg, 2) = Ut(Vthk)-

Thus, each date defines a sample-specific low-rank linear operator acting on the current state.
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Householder operator family. If a Householder-type operator family is used, each date em-
bedding z, is mapped to a target vector

v, = tanh(W,,z, +b,,) € RY,
which is normalized as i v,
T ol +e
Let s, denote the reference state. Define
d, = 55— V.

From this, a reflection direction is formed by normalizing d,. This yields a reflection operator
R, acting on the current state s;,. The proposal is then

Uy (S, 2) = Ry(sy,) — 5

Hence, each date proposes a reflection-induced correction of the current state.

Dense operator family. If a dense operator family is used, the model stores three learned
matrices
A, € REXE te{1,2,3},

shared across all samples, and defines

uy(sy,) = Aysy.-
In this case the operator itself does not depend directly on z,, but the final contribution of date
t still depends on z, through the gate g, and the global mixing weight .
Once the three date-specific proposals are available, they are combined into a single joint up-
date s

Alsp; Z) = Z 0 (Z) g, (2¢) uy(Sps 2)-

t=1

This equation is the core of the temporal fusion head: each date proposes an update to the

current state, each proposal is amplitude-controlled by its gate, and the gated proposals are
mixed using weights that depend on the full date triple.

Let K denote the configured number of update steps. For each iteration k = 0, ..., K — 1, the
model also uses a learned step size

N = U(,Yk) € (Oa 1);
where ~, is a learned scalar. The state is updated according to the rule
Spe1 = N(sp, + A8y 2)) -
Here V is a chosen normalization operator. After K iterations, the model obtains a final state
The final readout is performed in one of two modes.
Direct MLP readout. In direct readout mode, the final state is mapped directly to a scalar
logit:
€= gup(sk);

where
gup s RE =R

is a learned two-layer MLP.
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Pauli-style readout. In Pauli-style readout mode, the final real state is interpreted as a com-
plex vector. Write
S = [rrimgl, T, My € RP,

and define
A Pauli-style measurement map
d:CP — R34
then computes X-, Y-, and Z-type expectation features for each of the g qubits. A final MLP

Gpauti : R — R

maps those features to the scalar logit:

€= gpqui(P(Vk))-

To summarize, the model first extracts three per-date embeddings using the same shared
CNN as the classical baseline, then iteratively refines a state by combining three gated date-
specific update proposals, normalizes the state after each residual step, and finally maps the
resulting state to the output either directly or through a Pauli-style measurement layer. The
iterative update rule gives the model a small residual dynamical system. This can increase
expressiveness relative to a single fusion layer while keeping the number of update steps fixed
and small.

3.4.3 Limitations

Compared with the classical baseline, these variants introduce additional design choices, such
as the operator family, the normalization steps, and the readout type. In this study, these
choices are fixed to one selected configuration, but the resulting performance should still be
interpreted together with this additional inductive bias and modeling flexibility.
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a

4.1

Results

Note that the results presented in this section are based on small qubit counts, which makes it
possible to implement quantum variant A without the need of a quantum computer; quantum
operations are performed through standard packages for linear algebra. As a result, improved
performance in this setting would show that the mixing mechanism is useful, but it would not
by itself imply a quantum advantage in the computational sense.

Metrics

For binary plume / no-plume classification, a model first produces a probability for each sample.
To obtain a hard prediction, one chooses a threshold 7. Samples with predicted probability
above rare classified as plume, while all others are classified as no plume. This threshold choice
is also referred to as the operating point of the classifier. Some metrics depend on this threshold
choice, while others do not. In particular, AUROC and AUPRC (see definitions below) summarize
how well the model ranks positive samples above negative ones across a range of thresholds,
rather than at one fixed threshold. The Brier score instead measures probability calibration,
that is, whether predicted probabilities numerically agree with the observed frequencies of
positive cases. Specifically,

« AUROC is the area under the receiver operating characteristic curve, which plots the true-
positive rate against the false-positive rate across thresholds. AUROC represents the
probability that a model will rank a randomly chosen positive instance higher than a
randomly chosen negative one.

« AUPRC s the area under the precision-recall curve, which is particularly informative when
false alarms are costly or the class balance is uneven.

« Accuracy, precision, recall, and F1 are reported at the final calibrated threshold 7*, se-
lected on the grouped post-refit calibration split using the F1 objective.

* Recall@1%FPR reports the recall obtained at the threshold for which the false-positive
rate is 1%.

+ Precision@90%Recall reports the precision obtained at the threshold for which the recall
is 90%.

« The Brier score is the mean squared difference between predicted probabilities and binary
labels, and therefore summarizes calibration quality.

The evaluation approach used in this report includes a final calibration step, so the threshold-
dependent metrics and the threshold-independent metrics should be interpreted in different
ways. AUROC and AUPRC describe how well the model orders the samples across thresholds.
The Brier score describes how reliable the predicted probabilities are. Accuracy, precision, re-
call, and F1 describe performance at the final selected threshold 7. Recall@1%FPR and Preci-
sion@90%Recall describe two additional constrained operating regimes and are therefore also
threshold-based, but not tied specifically to 7*.
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4.2

4.3

Solution ™ AUROC  AUPRC  Accuracy@r*  Precision@r* Recall@r*  Fl@r*
Classical baseline  0.280 0.8288  0.8338 0.7385 0.6981 0.8471 0.7654
Quixer variant A 0.226 0.8339 0.8285 0.7370 0.6871 0.8776 0.7707
Quixer variant B 0.229 0.8413 0.8355 0.7495 0.7091 0.8524 0.7741

Table 4.1: Representative classification results. Threshold-dependent metrics are reported at the calibrated
post-refit threshold 7.

Solution Brier Recall@1%FPR  Precision@90%Recall
Classical baseline  0.1797 0.1718 0.6524
Quixer variant A 0.1744 0.1450 0.6694
Quixer variant B 0.1765 0.1504 0.6721

Table 4.2: Additional operating-point metrics for the same representative runs. These emphasize calibration
and behavior in stricter decision regimes.

Precision-recall curve ROC curve near low FPR
1 | | | | | | | |
[0}
+§ 0.4 -
c 0.8 )
e 2
.§ =
& .6 | — Classical baseline | a 0.2+ B
— Quixer variant A S
—— Quixer variant B =
0.4 T T T T \ 0 T T T T
0 02 04 06 038 1 0 1 2 3 4 5
Recall False-positive rate (x1072)

Figure 4.1: Precision-recall curves and low-FPR ROC curves for the three representative runs reported in Ta-
ble 4.1. The ROC panel is restricted to the 0-5% false-positive range because this is the part most
relevant to the low-FPR discussion in the text.

Numerical results for the three variants

Tables 4.1 and 4.2 summarize representative runs used for the three reported solutions with
random seed 200 under the grouped validation and post-refit calibration approach.

For the classical baseline and Quixer variant B (both trained with 40 epochs), additional runs
with random seeds 201 and 202 are available and are shown in Figure 4.2 for a consistency
check. For the Quixer variant A, the selected 60-epoch configuration is represented only by the
run with random seed 200.

Figures 4.1 and 4.2 provide two complementary views on the same reported runs. Figure 4.1
compares ranking behavior across thresholds and in the low-false-positive regime for the rep-
resentative runs. Figure 4.2 summarizes the available multi-seed results.

Interpretation of results

The reported comparison can be read at three different levels: ranking quality across thresh-
olds, performance at the calibrated operating point, and performance in more constrained
operating regimes. Taken together, these layers support four main observations.
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Multi-seed AUROC Multi-seed calibrated F1
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Figure 4.2: Multi-seed results. The classical baseline and Quixer variant B each have runs for random seeds 200,
201, and 202. For the final selected Quixer variant A configuration, only the run with random seed
200 was available.

First, the Quixer variant B gives the best overall result among the reported runs, where “overall”
is understood as combining strong ranking quality with strong performance at the calibrated
operating point. It reaches the highest AUROC (0.8413) and the highest AUPRC (0.8355), while
also obtaining the strongest calibrated F1 score (0.7741). However, the precision-recall curves
in Figure 4.1 show that this advantage is not uniform across the entire curve. In the high-
precision, low-recall regime, the classical baseline sits above the other variants, whereas the
Quixer variant B is stronger over a broader part of the curve and therefore achieves the best
overall AUPRC. At the same time, the margins are modest, so this result should not be over-
stated.

Second, the three models differ in how they behave at the calibrated threshold 7*, which is
selected for all models by the same grouped post-refit calibration procedure using the F1 ob-
jective. The classical baseline reaches calibrated recall 0.8471 with precision 0.6981. The Quixer
variant B slightly improves precision, F1, and recall level. The Quixer variant A reaches the
highest calibrated recall of the three (0.8776), but does so with the lowest calibrated precision
(0.6871). In this sense, Quixer variant A is the most recall-oriented solution, whereas Quixer
variant B gives the most balanced operating point.

Third, the constrained operating-regime metrics show a more mixed picture. The Quixer variant
A gives the lowest Brier score (0.1744), indicating slightly better overall probabilistic accuracy
among the reported runs. However, the best Recall@1%FPR is obtained by the classical baseline
(0.1718). This indicates that improvements in global ranking quality, as reflected by AUROC
and AUPRC, do not necessarily improve performance in the extreme low-false-positive regime,
which may be the most operationally relevant setting. This is also visible in the low-FPR ROC
panel of Figure 4.1, where the classical baseline is slightly ahead of the other two variants near
the 1% false-positive region.

Fourth, the available multi-seed evidence favors the Quixer variant B solution over the classical
baseline. Across the three available seeds, the classical model reaches mean AUROC 0.8164
and mean calibrated F1 0.7521, whereas the Quixer variant B reaches mean AUROC 0.8336 and
mean calibrated F1 0.7654. More importantly, Figure 4.2 shows that the Quixer variant B results
vary less across seeds than the classical ones. In that sense, the Quixer variant B is not only
stronger on average, but also more stable (although a very small number of seeds have been
considered). For Quixer variant A, the final 60-epoch result is currently available only for the run
with random seed 200. As a result, comparisons involving the Quixer variant A configuration
are less robust than the comparison between the classical baseline and the Quixer variant B.

) TNO Public 19/21



) TNO Public ) TNO 2026 R10798

5 Conclusion

This report examined where quantum methods might contribute within the methane moni-
toring pipeline. Three candidate challenges were considered: updating methane emissions in-
ventories through inverse modeling, generating synthetic training data, and improving plume
detection from satellite imagery. Of these, plume detection was selected as the most concrete
and testable setting. The study therefore focused on a controlled binary classification task on
the temporal MethaneS2CM benchmark, asking whether a quantum temporal fusion mecha-
nism can improve plume / no-plume prediction relative to a straightforward classical baseline
under a shared encoder and evaluation procedure.

The reported experiments confirm previous results [5] that show that temporal Sentinel-2 ob-
servations contain usable predictive information for methane plume classification in the eval-
uated setting. All three investigated models were able to extract signal from the three-date
input, and the quantum variants were competitive with the classical baseline. At the same
time, the observed margins remain modest and depend on the evaluation regime. The re-
sults should therefore be interpreted as evidence that the temporal fusion mechanism mat-
ters, rather than as evidence of superiority of one modeling paradigm across all deployment
scenarios.

The main implication of these findings is not that quantum computing has demonstrated a
practical computational advantage for methane monitoring. The evaluated quantum meth-
ods were carried out without the use of a quantum computer, and improved performance in
this setting would therefore indicate that a quantum-motivated inductive bias can be useful
for temporal remote-sensing classification, rather than that a quantum computer solves the
task more efficiently. The study also confirms the value of simplifying the problem to tile-level
classification as an intermediate step: this formulation makes it possible to assess whether
the data contains learnable temporal signal and whether alternative fusion heads can exploit
it in a controlled comparison.

Several limitations remain. The comparison is limited in scale, the available multi-seed evi-
dence is still narrow, and additional ablations are needed to separate the effect of the tem-
poral mixing principle from the effect of added modeling flexibility. In particular, the quantum
heads introduce additional design choices, and the present results should be interpreted to-
gether with those choices rather than as a pure test of one isolated mechanism. Moreover,
the present study addresses tile-level classification rather than plume segmentation, whereas
plume localization remains a key operationally relevant objective. Future work should there-
fore extend the comparison to a broader set of random seeds, include stronger and carefully
matched temporal classical baselines, perform targeted ablation studies on the fusion-head
design, and test whether the observed benefits transfer to segmentation and to operating
regimes that reflect practical deployment constraints. Taken together, the results support a
narrow but relevant conclusion: quantum model design can be a useful source of new tem-
poral fusion mechanisms for methane-plume detection, but the case for broader operational
value still requires more extensive empirical validation.
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