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Abstract
A standard workflow in particle physics data analysis involves developing processing pipelines on simulated
datasets before applying them to experimental measurements. However, in most cases, there is a significant
discrepancy between labeled simulations and real detector data, which is often noisy and unlabeled. This challenge
is particularly pronounced for hybrid pixel detectors such as Timepix3, which capture tracks together with the
deposited energy and trajectory of each particle. In the absence of sufficient experimental ground truth, machine
learning models trained predominantly on simulation data often exhibit limited robustness. To address this
issue, we propose a transfer learning framework based on convolutional autoencoders. First, a U-Net neural
network is pretrained in a self-supervised manner on unlabeled experimental data to learn detector-specific noise
characteristics and intrinsic structural features. The pretrained model is then fine-tuned on labeled simulation
data for downstream classification and regression tasks. Analysis of latent representations via dimensionality
reduction indicates that this pretraining stage accelerates convergence and enhances performance, particularly
in low-label regimes. The proposed framework is validated using experimental data, including those from the
Space Application of Timepix Radiation Monitor (SATRAM) mission, demonstrating its applicability to real-world
radiation-monitoring scenarios.
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1. Introduction

Characterizing unknown radiation fields is a recurring challenge in space science, radiation protection,
and particle physics: spacecraft must monitor radiation to protect hardware and crew, therapy facilities
must monitor secondary radiation for safe treatment planning, and collider experiments must resolve
particle type, energy, and trajectory.
Hybrid pixel detectors of the Timepix [1] family provide noise-free detection of ionizing radiation

interacting with their semiconductor. These leave traces that are sampled with tens of µm granularity,
providing 2D footprints whose characteristic patterns of per-pixel energy and time measurement allow
the determination of particle type, energy, and trajectory (within some physics constraints), rather than
purely providing integrated dose or particle hit rate.

The Timepix3 [2] semiconductor detector offers a 256 × 256 pixel matrix with 55 µm pixel pitch and
1.56 ns temporal binning, suited for applications from precise tracking to imaging. It records energy
(time-over-threshold) and timing (time-of-arrival) per pixel, unlike Timepix [1], which lacks timing
information. Pixels with similar spatial-temporal signatures are grouped into tracks, also known as
clusters. These are characterized by attributes such as particle type, incidence angle, and primary energy.
Such attributes are unknown during measurement and must be inferred from the shape, size, and energy
profile of the cluster. Their values can be estimated analytically using expert knowledge; see, e.g., [3, 4],
which sorts clusters into particle-type groups via a hand-crafted physics-based classification scheme.
Such methods are interpretable and require no training data, but their thresholds must be manually
re-derived whenever the sensor, particle mixture, or energy range changes, limiting generalization.
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A more recent alternative fits models directly to data. Still, these approaches typically rely on
simulated experiments for ground-truth labels, since a measured track’s true particle type, energy, and
angle are rarely independently known. This ignores the far larger volume of unlabeled real data that
every detector produces and relies on simulations that are costly to run at scale and may not fully
capture detector-specific effects, like pixel noise, charge sharing, or radiation-induced degradation. A
model trained purely on simulation risks transferring poorly to real data. Additionally, if there is no
ground truth to check against, this gap can go unnoticed until deployment.

We use self-supervised pretraining with autoencoders to leverage unlabeled data, reducing reliance
on simulation and accelerating convergence during training. A convolutional autoencoder is first
trained to reconstruct unlabeled, experimentally measured Timepix3 clusters, learning detector-specific
noise and structural patterns directly from real data before any labels are introduced. The pretrained
encoder is then fine-tuned to predict the track properties described above. We validate this framework
on data from the Space Application of Timepix Radiation Monitor (SATRAM) [5, 6] mission, showing
that pretraining accelerates convergence and improves performance, particularly in low-label-count
settings.

2. Related work

Convolutional neural networks (CNNs) have long dominated image processing [7, 8]: local receptive
fields, weight sharing, and pooling yield translation-equivariant, hierarchical features with far fewer
parameters than a fully connected network [7, 9], making CNNs the default for classification, detection,
and segmentation [8, 10].
Vision Transformers (ViT) [11] have since matched or exceeded CNNs by modeling relationships

between distant patches via self-attention, trading CNNs’ built-in locality and translation-equivariance
for biases learned from data. This flexibility only pays off after pretraining on large datasets with more
parameters and higher compute costs [11, 12], a trade-off that favors CNNs in the label-scarce setting.

CNNs suit natural images because such images are (A) high-dimensional; (B) locally correlated, since
smoothly varying surfaces and textures are what a local kernel exploits; and (C) geometrically invariant,
as object identity is largely unaffected by position, orientation, or scale [9]. Timepix3 cluster data relate
to these properties differently: (A) dimensionality is far lower, with clusters often spanning only a
handful active pixels against an otherwise zero frame [3]; (B) correlation is weaker and shorter-range,
reflecting real energy-deposition and charge-sharing physics, but sparser than dense photographic
structure [3]; and (C) geometric invariance still holds, arguably more cleanly, since a track’s type,
energy, or incidence angle depends on the relative position of the sensor with respect to the interaction
point. CNNs thus remain a natural fit even for small, sparse cluster data.

Previous Timepix3 attribute-prediction works exploit this fit, but, to our knowledge, remain shallow,
with a few convolutional or fully connected layers rather than deep mainstream-vision architectures [13,
14]. This seems reasonable given the clusters’ small extent, but it leaves open the question of whether
deeper CNNs help with this lower-dimensional, sparser yet structured data.

This raises the question of supervision. Fully supervised training of a deep CNN is constrained by the
scarcity of labeled experimental data. NLP faced an analogous problem, and the approach of pretraining
models via self-supervision on unlabeled text is now considered standard in the field [15, 16]. Two
analogous self-supervision objectives exist for images. Contrastive methods pull representations of
augmented views of the same input together while pushing other views apart [17, 18]; generative
methods, instead, reconstruct the input or a corrupted version of it, forcing the encoder to capture the
underlying structure [19]. In this paper, we adopt the generative route.

This route is not new. Classic autoencoders have already been proposed for unsupervised dimension-
ality reduction [20], and denoising autoencoders for learning representations robust to input corruption
by reconstructing a clean signal from a corrupted one [21]. The architecture we rely on for this task is
a convolutional U-Net [22] rather than a fully connected network.
Autoencoders have already been used in detector physics, but predominantly for unsupervised



anomaly detection on high-level, low-dimensional event or jet features at collider experiments, where
the reconstruction error itself, rather than the learned latent representation, is of interest [23]. Our use
differs in level and purpose: we apply a U-Net autoencoder directly to raw, pixel-level Timepix3 cluster
images and repurpose the learned encoder for downstream classification and regression via fine-tuning.
To our knowledge, convolutional-autoencoder pretraining on unlabeled real detector data before fine-
tuning on labeled simulation data has not previously been explored for Timepix-type detectors. In
contrast, prior work has applied purely supervised CNNs [13, 14] rather than using self-supervision to
bridge the simulation-to-real-data gap.

3. Methodology

3.1. Model overview

We adopt EfficientNetB4 [24] as the encoder backbone of our model, a well-established CNN known
for achieving high accuracy on benchmarks like CIFAR-10 with significantly fewer parameters than
alternatives such as ResNet [10] or Inception [25], thanks to its compound scaling strategy. Once the
data passes through the encoder, it is forwarded to the decoder. The decoder is constructed by inverting
the encoder structure – replacing convolutions with transposed convolutions while forming a U-shaped
architecture [22]. For the supervised phase of training, we discard the decoder and replace it with a
multilayer perceptron.

3.2. Inputs

Tomatch CNN input requirements, pixel hit data are preprocessed into two channels: per-pixel deposited
energy and a binary map of pixels exceeding a fixed energy threshold. While the first channel captures
the essential energy information about the track, the second channel serves as an auxiliary mask,
hinting to the model to pay more attention to high-energy pixels, which often indicate close proximity
to the trajectory of the detected charged particle.

For the first channel, we use square-root normalization – linear normalization seems suboptimal due
to the wide per-pixel energy range that a detected particle may span (from keV to MeV). In contrast,
while logarithmic normalization is unable to resolve mid-energy-range pixels.

Given the fixed input size of our network (380 × 380 pixels, after upsampling) and the highly variable
track sizes (1 to 104 pixels), we apply nearest-neighbor upsampling up to 16× to enhance signal strength
and mitigate sparsity. A drawback of this method is the obstruction of information about the original
track size (the scaling factor depends on the size of the bounding box of each track). Crucially, while
this information is no longer evident from the scaled image, the model can infer the scaling factor from
the pixelated/blocky behavior of the upsampling method. However, without upsampling, the sparsity
of the data would make the training inefficient.

3.3. Targets

As the final step in the decoder part of the model, we attach three specialized heads: the first reconstructs
the complete unmasked input, the second predicts the binary track mask, and the third identifies pixels
above a fixed threshold. We address the importance of these binary masks on the output in Section 4.
During fine-tuning, the decoder is discarded and replaced with two fully connected layers. During

this phase of the training, we aim to predict the chosen property of the track. For the particle category,
the choice is relatively straightforward: we maximize the likelihood of the data and use the categorical
cross-entropy loss with softmax activation. However, for angle prediction (see Figure 1), the situation is
different. A simple option would be to predict the angle as a real number (potentially scaled to ⟨0, 1⟩)
and ignore the modulo nature of the data. However, this linear mapping produces unstable gradients at
the boundary of the predicted interval (predictions of 0 degrees for the 359-degree target should yield a
low loss).



Figure 1: Scheme displaying the definition of the 𝜃 angle as the divergence of the linear track from the sensor
normal vector. The angle 𝜙 is defined as the angle between the projection of the track onto the sensor plane and
the x-axis.

Therefore, it is common to predict any angle 𝛼 as a pair of (sin 𝛼, cos 𝛼) instead. This captures the
modulo nature of the angles and produces more stable gradients, albeit at the cost of adding a degree of
freedom. When converted to polar coordinates (𝑟 , 𝛼), the new degree of freedom 𝑟 can be used as a
degree of certainty about the prediction.

3.4. Training

The training consists of the following steps.

1. Initialize the EfficientNet encoder with ImageNet-pretrained weights.
2. Train both the encoder and the decoder on unlabeled Timepix3 data to reconstruct its inputs.

In order to prevent the model from blindly copying the data into its output, we also randomly
zero out a fixed fraction of the nonzero pixels. The decoder is trained with a higher learning rate,
while the encoder is updated more slowly using stepwise decay.

3. Finally, replace the decoder with a task-specific prediction head, and fine-tune the model on
simulated data to predict track properties. Here, we again allow the encoder to update its weights
slowly, while the prediction head weights are updated with a higher learning rate.

4. Experiments

Here, we first introduce the datasets used in the experiments. Then we analyze the model after
pretraining, showing its latent-space visualization and the progress of its supervised fine-tuning. In the
next section, we follow up with assessing the performance of the fine-tuned models on simulated data.
And finally, for validation, we test the models on real-world measured experimental data.

4.1. Datasets

4.1.1. Pretraining dataset

The choice of training dataset was mainly driven by the effort of capturing a wide spectrum of track
types, shapes, and sizes. The first part of the dataset consisted of data measured with the Timepix3
detector located within the ATLAS [26] detector at the Large Hadron Collider (LHC) at CERN. This
dataset benefits from the diversity of the radiation field created during the collisions at the LHC. Despite



the wide variety of track types, one particular group seems to be underrepresented – heavy ions. These
tracks often span thousands of pixels and exhibit a complex morphological structure.

This motivated the addition of the second part of the dataset, which consisted of lead ions and their
fragments measured at SPS, CERN, during a test beam campaign. In order to balance the dataset, we use
the pixel count to divide the clusters into exponentially-sized bins, from which we uniformly sample
during training.

4.1.2. Fine-tuning dataset

For fine-tuning the model, we chose a dataset from an entirely different environment – Timepix orbiting
the Earth as part of the SATRAM project [27]. This dataset was also chosen to demonstrate the
generalization capabilities of the model, as the pretraining dataset was obtained using the Timepix3
chip, whereas the Timepix [1] chip was used in SATRAM experiments.

The Geant4 [28] software was used to simulate the response of protons and electrons with energies
expected at the orbit. During the simulations, both the particle type and its direction (𝜃 and 𝜙 angles)
were recorded. Since the separation of protons and electrons has already been explored in related
work [29], we consider it to be a reasonable benchmark for the performance of our model.

The simulation uses an omnidirectional field of particles. This has an important consequence on the
distribution of the detected track angles. While the 𝜙 angle is uniformly distributed in such a field, the 𝜃
angle is not. If we picture an infinite sphere around the flat detector, only the particles originating from
the poles can be recorded with 𝜃 = 0°, despite having the maximum visible cross-section of the sensor
from this angle. Conversely, for 𝜃 = 90°, you would get the entire equatorial belt as a possible source,
but then, you would get a minimal cross-section of the sensor from this region. Both of these cases
turn out to be minima of the distribution, which is the product of sin 𝜃 and cos 𝜃 (one representing the
source position and the other the visible detector cross-section). This yields 𝑑𝑁

𝑑𝜃 ∝ sin 2𝜃 , which implies
almost no tracks present around 0° or 90°. Because of that, using an isotropic distribution, we simulated
additional tracks at these angles to fill the missing data and balance the dataset.
Additionally, all tracks with a pixel on the border of the sensor are removed from the dataset to

prevent the inclusion of truncated signals, which may violate the equivariance principles of our model.

4.1.3. Real-world validation dataset

In addition to measuring performance on the simulated dataset, we assess the performance of the
fine-tuned models on the real-world data from the experiments. These can be split into multiple groups
as follows:

• Proton identification. Proton data originate from the Danish Centre for Particle Therapy in Aarhus,
with beam data at 160 MeV. This dataset originally had two dominant peaks, the first consisting
of gammas and the second consisting of protons. An energy cut between the peaks was applied
(individually for each measurement angle) to remove most gamma rays from the dataset. However,
a minor degree of impurity is likely still present.

• Electron identification. Electrons were measured at the National Radiation Protection Institute of
the Czech Republic. These were obtained from measurements of 𝑅𝑛222 𝛽 decay and originally
also contained 𝛼 particle tracks, but these were filtered out because of their distinctive round
shape as opposed to the curly shape of electron tracks.

• Theta angle prediction. Protons with known incidence angles for this experiment are the same
protons as described above.

• Proton-electron separation. For this task, we used measured data from the SATRAM space instru-
ment acquired over the first two months of 2015.

4.2. Pretrained model analysis

To gain a better insight into the state of the pretrained model, we conducted multiple experiments.
Since the unlabeled pool of data is large, during pretraining it suffices to use a single training epoch



(a) (b) (c)

Figure 2: Visualization of the per-pixel scaled deposited energy of a track. (a) Partially masked input (25%)
presented to the network. (b) Network output as generated by the autoencoder. (c) Target output.

(a) (b) (c)

Figure 3: (a) Heavy ion track energy deposition. (b) Reconstruction of the track by the autoencoder. (c)
Reconstruction of the track without a binary output mask. The 𝑥 and 𝑦 dimensions are in pixels, and deposited
energy is in logit form. White pixels have a value below 0.

with a batch size of 10 and 7 × 104 weight updates until convergence. A sample of the reconstructed
tracks at the end of training updates is depicted in Figure 2.

4.2.1. High-frequency track details

One can see that the model reconstructs simple tracks relatively well, but it struggles with high-
frequency details in more complex ions. This seems to be an architecture-specific feature of U-Nets
without skip connections [30]. In segmentation tasks or other supervised learning scenarios, this is
solved by simply adding residual connections between layers with matching resolution in the encoder
and decoder. This would have caused the network to primarily learn identity via the skip connection,
with only a small portion of the gradients flowing through the entire U-shape of the network. So
residual connections would improve reconstruction quality, but they would also make learning the
representation much harder.



(a) (b)

(c) (d)

Figure 4: Error on validation set as a function of pretraining method, number of training updates, and down-
stream task as follows: (a) Proton-electron separation with a base dataset containing 105 tracks. (b) Proton-
electron separation with a small dataset consisting of 50 tracks. (c) 𝜙 angle prediction (d) 𝜃 angle prediction.
Each run was repeated 𝑛rep = 5 times to estimate the variance.

4.2.2. Importance of masking

As described in Section 3.3, at the end of the decoder, we have multiple heads: the first predicts the
energy deposition (regression) and the other two predict the track bitmap of active pixels above a
threshold. A comparison of the track reconstruction with and without these prediction heads is shown in
Figure 3. First, the mask provides the model with additional information on the foreground-background
separation, which can be used to suppress the background prediction noise seen in Figure 3c. More
importantly, beyond the expected background noise suppression, we observe that binarymask prediction
likely yields better gradients and more accurate representations overall. Notice the short piece of track
in Figure 3a around position (160,240). This detail is not visible in Figure 3c, but it is visible in Figure 3b,
showing how the masking head can impact the regression head.

Conversely, over the course of the experiments, it was not observed that input pixel masking would
lead to better downstream task performance or better representations, so over the course of the
experiments, the initial mask rate was reduced from 50% to 25% and later to 0%.

4.2.3. Representation quality

To assess the usefulness of the acquired latent representation, we examine how quickly it adapts to
downstream tasks during fine-tuning. We compare three variants of the encoder: the first with random
weights, the second with pretrained weights from the ImageNet database, and finally, a combination of



(a) (b)

Figure 5: Visualization of the latent space of the bottleneck layer of the model. (a)-(b) Principal component
analysis applied over the bottleneck feature vector after pretraining, with the first four features being displayed.
The first component correlates with the track length, the second with its vertical/horizontal orientation, and the
third with left/right orientation. The small images displayed correspond to the representative tracks nearest to
the image position within the plot. Note: Similar latent space visualization was also obtained with T-distributed
Stochastic Neighbor Embedding (T-SNE).

ImageNet pretraining followed by pretraining on Timepix3 data.
A plot showing the validation error as a function of training iterations is depicted in Figure 4. We

can see that our model consistently performs best and that pretraining helps it to understand the data.
This difference is most pronounced when the dataset is small, where models tend to overfit quickly, as
shown in Figure 4b.

Additionally, we used PCA and T-SNE to visualize the representations of proton and electron tracks.
PCA representations are shown in Figure 5. One can notice that the model tends to pay the highest
attention to the direction of the tracks and their length. In contrast, the particle type did not seem to be
a distinguishing factor, as we can see that these tracks share a lot of morphological similarities.

4.3. Simulated data results

After the simulated fine-tuning converged, we measured the performance on downstream tasks, as
described in the following subsections.

4.3.1. Proton-electron separation

For our first proton-electron separation, we used data simulated in Geant4 [28] to closely approximate
the expected energy spectrum of particles at the orbit altitude where SATRAM operates. For the real
spectrum [27], we achieved the accuracy of 93.4%. In order to be able to compare with related work [29]
in the literature, we also recreated a simplified spectrum from the referenced paper. Compared to the
previous results, we see a slight improvement in accuracy from 94.49% to 95.95%, albeit at the cost of a
significant increase in model complexity.

4.3.2. Proton angle prediction

Regarding angle prediction, we only do it for certain particle types; in this case, only protons. This is
because electrons undergo significant scattering in the sensor material, rendering the initial angular
information hardly recoverable.

Additionally, due to the lack of timing information in the Timepix detector, we predict 𝜃 and 𝜙 angles
modulo 180 degrees. In fact, for 𝜃 prediction, we mirror it around 90°, predicting 𝜃

′
∶= 𝜃 if 𝜃 ≤ 90°

and 𝜃
′
∶= 180 − 𝜃 otherwise. This is again motivated by the fact that the tracks with 𝜃1 = 90° − 𝛼 and



(a) (b)

Figure 6: Plot depicting the relation between predicted and true angles of the simulated tracks. (a) Prediction
of 𝜃 angle with MAE = 3.68° and 𝑅2 = 0.82. A similar plot was obtained for 𝜙 with MAE = 4.98° and 𝑅2 = 0.94. (b)
Prediction of 𝜃 angle without symmetry (𝜃 ∈ [0°, 180°]). The model struggles to correctly distinguish the angle
because the tracks are too similar.

(a) (b)

Figure 7: (a) Proton flux estimated by the previous model [27]. (b) Proton flux estimated by the model presented
in this paper. The key differences in the proton flux are illustrated in the figure: (I) our model produces a
smoother proton field estimate; (II) the South Atlantic Anomaly shows a higher proton flux; and (III) there are
fewer protons in the polar belts. All of these points are more consistent with the underlying physics theory.

𝜃2 = 90° + 𝛼 for 0° ≤ 𝛼 ≤ 90° appear to generate very similar tracks, as also shown in the analysis of
model performance in Figure 6b.
Moreover, we also remove tracks with fewer than three pixels, as they do not provide sufficient

information about the angle and significantly contribute to the error of the model.

4.4. Experimental data results

Finally, in this subsection, we present the validation results for the trained and fine-tuned models.

4.4.1. Proton-electron separation

The separation accuracy for each proton and electron class is shown in Table 1. To achieve reasonable
separation at 0° protons, dataset balancing was required; see Section 4.1. Even then, it remains the main
source of error, with small tracks providing insufficient information to correctly distinguish the particle
class.
As the second validation test, we used the experimental data from SATRAM. In Figure 7, we plot

the estimated proton fluxes predicted by our model, compared to previous results. Since the field is



Table 1
Proton-electron separation accuracy across the measured experimental datasets.

Protons 0° Protons 30° Protons 60° Protons 75° Electrons
Accuracy (%) 92.08 98.65 99.67 99.82 97.31

Figure 8: Distribution of the 𝜃 angle predictions vs. the expected angle. For each measured 𝜃 , the corresponding
mean absolute error is displayed.

electron-dominated (in a ratio of approximately 1:10) and the predicted electron fluxes do not differ
significantly, we do not display them.

4.4.2. Theta angle proton prediction

A final validation experiment was conducted to estimate the 𝜃 proton angle for known measurements.
The color indicates the number of tracks in the given bin. In Figure 8, we show the true angle and the
distribution of the angles predicted by the model. An important nuance for the prediction to work
is that the simulated and measured sensors should be of the same thickness. The thicker the sensor,
the longer the tracks appear, and the mismatch would create bias in the prediction. Overall, we see
good agreement with the expected angle, except for the case with 𝜃 = 0°, where we lack information to
accurately determine the angle because the tracks have too few pixels.

5. Conclusion

In this paper, we present a method for pretraining deep CNNs on sparse images, primarily for detecting
elementary particles. We visualize the model’s latent space and find that track direction emerges as the
dominant extracted feature. The proposed methods are validated across multiple downstream tasks,
including the prediction of incidence angle and particle type. The models are further validated against
experimental data from beamline and space experiments, showing good agreement with theoretical
physics, except for a few-pixel tracks, which lack sufficient information to accuratelydetermine track
properties.
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