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Abstract

We investigate a deep learning-based signal processing for liquid argon time pro-
jection chambers (LArTPCs), a leading detector technology in neutrino physics.
Identifying regions of interest (ROIs) in LArTPCs is challenging due to signal
cancellation from bipolar responses and various detector effects observed in real
data. We approach ROI identification as an image segmentation task, and employ a
U-ResNet architecture. The network is trained on samples that incorporate detector
geometry information and include a range of detector variations. Our approach
significantly outperforms traditional methods while maintaining robustness across
diverse detector conditions. This method has been adopted for signal processing in
the Short-Baseline Neutrino program and provides a valuable foundation for future
experiments such as the Deep Underground Neutrino Experiment.

1 Introduction

Recent efforts in neutrino physics aim for increasingly precise measurements of neutrino properties,
and liquid argon time projection chambers (LArTPCs) have emerged as a scalable, high-resolution
detector technology that enables such precision [Machado et al., 2019, Abi et al., 2020]. LArTPCs
detect the ionization electrons from the trajectories of charged particles traversing liquid argon, which
are drifted by electric field to planes of charge sensing wires (typically three). The inner induction
planes measure the induction current from the drifting electrons, while the outermost collection plane
collects the charge. Combined with timing information, the 2D wire plane readouts, each representing
projections at different angles, enable full 3D reconstruction of particle trajectories. The image-like
structure of these data naturally motivates the use of machine learning (ML) techniques [Drielsma
et al., 2021a, Adams et al., 2019, Radovic et al., 2018].

Efficient and robust signal processing of the wire plane readouts is essential for managing the high
data throughput in LArTPCs. Signal processing on induction planes is especially challenging due to
the signal cancellation caused by the bipolar signal response, especially for signals that are extended
in time. Furthermore, various detector effects in real data, such as argon impurities, gain variations,
and malfunctioning wires, need to be addressed for unbiased signal reconstruction [Abratenko et al.,
2025].

A key step in LArTPC signal processing is the identification of charge signals on individual waveforms
as regions of interests (ROIs). Traditionally, this is performed with a thresholding algorithm [Adams
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Figure 1: Training scheme using a 3-layer U-ResNet architecture. Input channel images are con-
structed by applying a low-pass frequency filter and identifying cross-plane coincidences. Example
input and target images and waveforms are shown for an elongated track, a case which the signal
reconstruction is challenging.

et al., 2018]. However, such an approach does not fully exploit the geometric and topological
information available in LArTPC data. In this work, we explore using a deep neural network
(DNN) method for ROI identification that leverages both the inherent 2D nature of the data and
the correlations between wire planes. We apply this method to the Short-Baseline Neutrino (SBN)
program LArTPCs: SBND and ICARUS [Acciarri et al., 2015, Abratenko et al., 2023].

2 Deep Neural Network for ROI Identification

We approach ROI identification as a segmentation task using three-channel 2D image inputs, where
each image has wire number and time tick as the axes, extending the framework introduced by Yu
et al. [2021]. The first input channel is the deconvolved signal on the target plane with a low-pass filter
applied to suppress noise, where the pixel value is the induced charge. The second and third input
channels are binary masks indicating time-window coincidences between the other two planes and
among all three planes, respectively. These plane-coincidence masks help the network disambiguate
true physics signals from noise and artifacts that are unlikely to be correlated across planes. This
framework is depicted in Fig. 1.

Training samples were generated from a simulation of particle interactions, propagated through detec-
tor models in SBND and ICARUS. We generated samples representative of neutrino interaction events
expected at the detectors Andreopoulos et al. [2010], overlaid with a cosmic ray simulation [Heck
et al., 1998]. In addition, we enriched our sample set with events that are challenging from a signal
processing perspective: shallow-angle muon tracks and electromagnetic showers, which are prone to
signal cancellation due to the bipolar signal on induction planes.

We tested three U-Net variants: U-Net Ronneberger et al. [2015], U-ResNet He et al. [2015a], Graham
et al. [2017], Drielsma et al. [2021b], and Nested U-Net Zhou et al. [2018]. Each was optimized
with hyperparameter scans over learning rate, optimizer, and regularization. Due to the sparsity of
LArTPC images, input images have a strong class imbalance between ROI and non-ROI pixels. To
mitigate this, the loss function was computed with pixel-wise weighting, assigning a weight of 9 to
ROI pixels and a weight of 1 to non-ROI pixels.

A threshold of 0.5 was applied to the predicted scores to classify each (wire, time tick) pixel as either
ROI or non-ROI, and the performance was evaluated using the Dice-Sørensen coefficient to pick the
best model for each wire plane of each detector. For both SBND and ICARUS, the best model was a
U-ResNet, an architecture that replaces U-Net’s convolutional blocks with the residual blocks from
ResNet He et al. [2015b]. The best SBND model was trained with the SGD optimizer with learning
rate 0.01, momentum 0.9, and decay weight 0.0005. The best ICARUS model was trained with
the ADAM optimizer with learning rate 0.001, �1 0.9, �2 0.999. Models were trained on NVIDIA
A100 40GB GPUs with batch size 8. Code is available at https://github.com/wjdanswjddl/
Pytorch-UNet.git.
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Table 1: Parameter distributions used for detector variations.Unif denotes a uniform distribution,
andN denotes a normal distribution.

Detector Parameter Nominal Value Variation Distribution

ICARUS

Coherent Noise Scale 1 N (1; 0:052)
Incoherent Noise Scale 1 N (1; 0:052)
Electron Lifetime 5 ms Unif (2,10)ms
Relative Gain (per-plane) 1 N (1; 0:12)
Shaping Time (per-plane) 1:3µs N (1:3; 0:052) µs
Middle Ind. Signal Shape Bin 7 BinsUnif (1-15)

SBND
Smear Waveforms 1 N (1; 22)
Pixel weight 1 N (1; 0:052)

Common Masked Region Width 0 N (10; 52) wires

Figure 2: Image augmentations used to mimic detector variations, exaggerated for clarity. From left
to right: nominal image, image with masked wires, image with tick-direction smearing, image with
pixel-wise random scaling, and image with event-wise random scaling.

Inference was run on CPUs due to the availability of computing resources. To satisfy computing
constraints, the input image sizes were reduced by downsampling and chunking. Along the tick axis,
we applied downsampling by averaging over �xed intervals of ticks. Along the wire axis, images
were split into smaller chunks to allow for inference to run on smaller images, and later stitched
together to reconstruct the full output. ICARUS applied tick sampling by a factor of 4, used 2 chunks
for the �rst induction plane (image size of 1056� 1024 pixels), and 4 chunks for the second induction
plane (image size of 1400� 1024 pixels), SBND used tick downsampling by a factor of 4 and used 2
chunks (image size of 992� 857 pixels) for both induction planes. Inference took 30s wall time and
3GB memory for SBND and 700s and 8GB for ICARUS per event.

3 Detector Variation Samples

Signal processing is the �rst step in the data analysis chain, and its stability against detector effects is
crucial. The test of resilience against variations in the detector performance represent an example of
“scienti�c robustness” in the network training [Ghosh et al., 2021, Kasieczka and Shih, 2020, Baldi
et al., 2025]. We explore two strategies for incorporating realistic detector effects. For ICARUS,
detector variations accounting for perturbations in the noise level, argon purity, and ionization signal
gain and shaping were simulated through the full detector simulation [Abratenko et al., 2025]. For
SBND, variations were applied as image augmentations. Smearing effects (e.g., ionization diffusion)
were modeled by convolving images with a gaussian kernel, while scaling effects (e.g., gain variations)
were modeled with pixel-wise and event-wise scaling of pixel values. Examples of such augmentation
are shown in Figure 2. To emulate malfunctioning wires, bands of wires were randomly masked in
the training input images, allowing the model to learn the general behavior rather than memorize the
speci�c bad regions. These variations are summarized in Table 1

To evaluate the robustness of DNN ROI against detector variations, we generated test samples for
ICARUS by simulating key variations observed in the detector: high noise, low electron lifetime,
and increased wire intransparency. These variations are extreme with respect to the operation of the
ICARUS detector, and should therefore be considered on the edge of the possible detector perfor-
mance. For example, the low electron lifetime applies a value of2:5 ms. This value attenuates the
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