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Abstract

Liquid Argon Time Projection Chambers (LArTPCs) record ionization charge
on wire planes over time, producing high-granularity wire-time images that un-
dergo noise filtering and deconvolution to recover charge signals for downstream
reconstruction [3]. Deep neural network region-of-interest (DNN-ROI) finding
reframes ROI selection as semantic segmentation and has been shown to gate
expensive processing effectively [14]]. However, the reference U-Net-based DNN-
ROI is memory-hungry and slow on CPUs, which remain the dominant resource
for production processing in many HEP workflows. Prior work made inference
feasible by rebinning the input by a factor of ten, reducing compute at the ex-
pense of spatio-temporal resolution [[14]. We present a scalable DNN-ROI variant
that retains full input resolution while substantially reducing memory and com-
pute. First, we adopt a lightweight MobileNetV3 encoder within a U-Net decoder
(MobileU-Net) to cut parameters and floating-point operations [6} 12} 8]. Second,
we replace global downsampling with overlapping chunking (overlap-tile sliding-
window inference with halo margins), enabling bounded-memory processing of
large wire-time images without seam artifacts [[11; 9)]. To support reproducibil-
ity, the code used for training and experiments in this study has been released
athttps://github.com/dikshantsagar/LArTPC-Segmentation. On repre-
sentative LArTPC data, the approach scales to larger inputs while largely maintain-
ing ROI-finding performance relative to the original model. We detail methods and
quantitative evaluations below.
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Figure 1: Schematic of neutrino event readouts from a LArTPC [3]].

1 Introduction

LArTPCs provide fine-grained imaging by drifting ionization electrons to segmented wire planes,
yielding waveforms that are filtered and deconvolved with field and electronics responses to estimate
charge [3]] (See Fig[I). Straightforward deconvolution can amplify low-frequency noise, so practical
chains focus expensive processing on likely signal regions identified as ROIs [3]].

Learning-based ROI selection has emerged as a robust and detector-agnostic alternative. In the
DNN-ROI approach, wire-time data are assembled as images and a U-Net-style model predicts
active regions that gate downstream processing [14]]. While effective, the reference implementation
exhibits high memory usage and nontrivial latency during CPU inference. Because many production
environments in HEP still rely on CPU farms, prior work resorted to rebinning the input by an
order of magnitude in time to make inference feasible [14]. This downscaling reduces compute
but also degrades effective resolution, which can harm ROI fidelity and the quality of subsequent
reconstruction.

This paper addresses the scalability bottleneck while preserving full resolution. We explore two
complementary ideas:

1. MobileU-NetV3 encoder. Replace the heavy encoder with MobileNetV3 with inverted
residual blocks and squeeze and excitation blocks, which provide accuracy-efficiency trade-
offs when paired with lightweight decoders [6} |12 |8]].

2. Overlapping chunking. Instead of downsampling, process large wire-time images with
overlap-tile sliding-window inference. Each tile includes a halo region at least half the
network receptive field; only the interior is retained, so stitched outputs are free of border
artifacts while memory remains bounded [[L1;9]]. This can also be parallelized to further
improve on time.

Contributions.

* A CPU-friendly DNN-ROI architecture that uses a MobileNetV3 encoder with a lightweight
decoder to reduce parameters and FLOPs without sacrificing resolution and performance
(65 125 18]].

* A practical overlap-tile inference scheme with halos for LArTPC wire-time images that
controls memory and avoids seam artifacts [1159].

* An empirical study on representative LArTPC data showing scalability to larger inputs with
similar ROI-finding quality compared to the original model.

2 Methods

2.1 Approach overview

Figure [2] summarizes the pipeline. Input images are partitioned into chunks along the tick (time)
dimension; each chunk is fed independently through the lightweight MobileU-Net. When overlapping
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Figure 2: Schematic diagram of the proposed approach.

Final Segmentation Mask

chunking is enabled, per-pixel scores in the overlap are averaged before stitching to form the final
prediction.

Relative to the original DNN—ROI method [[14], our approach (i) streams inputs via chunking to bound
memory, optionally using overlaps to mitigate boundary artifacts, and (ii) replaces the U-Net encoder
with a lightweight MobileNetV3 backbone (MobileU-Net) to improve computational efficiency.

Scope of this study. Our goal is to isolate inference-time optimizations. We therefore reuse network
weights trained on full-resolution, non-rebinned inputs, and vary only the inference configuration
(full image, non-overlapping chunks, overlapping chunks, or rebinning). This preserves a controlled
comparison across strategies without confounding from additional training.

2.2 Dataset

The dataset is derived from raw LArTPC measurements of cosmic-ray events simulated with the
Wire-Cell framework. It comprises approximately 8,000 events; for each event, the network receives
four input images and one corresponding truth-label image. We use 80% of the data for training and
the remainder as a held-out test set.

The simulation chain incorporates: Corsika [5]] for cosmic-ray generation, Geant4 [4] for particle
propagation, and LArSoft [[13] as the event-processing framework. The detector configuration—active
volume dimensions, number of channels, number of time ticks, and field-response parameters, follows
the ProtoDUNE-HD design [10].

2.3 MobileU-Net

In LArTPC neutrino experiments, ROI segmentation is a critical preprocessing step for isolating candi-
date interaction areas from large, high-resolution detector images [2]. Traditional U-Net architectures
combine multi-scale context with high-resolution detail, but their parameter counts and compute
demands hinder deployment in real-time or resource-constrained scenarios [11]]. MobileU-Net ad-
dresses this by using depthwise separable convolutions [7]], reducing parameters and compute while
preserving local and global spatial features.

2.4 Scalable and Efficient Segmentation for LArTPC Data

Full-resolution LArTPC images can reach 800 x 6000 pixels, making direct inference computationally
expensive and memory-intensive. We evaluate several scalable strategies. First, full-image inference
serves as a baseline, offering maximum spatial context at the largest memory footprint. Second,
non-overlapping chunk-based inference divides each image into N horizontal segments processed
independently, reducing memory substantially. To mitigate boundary artifacts, we also test non-
overlapping chunks with padding, adding extra pixels around each segment to preserve edge context.
Third, overlapping chunk-based inference allows adjacent chunks to share pixels (e.g., 100 or 500) to
improve continuity at boundaries. Finally, we consider rebinning, downsampling the full image by a
factor of 4 or 10 prior to inference, which lowers compute at the expense of fine detail. In addition,



Table 1: Comparison of U-Net and MobileU-Net across inference strategies on the LArTPC ROI
task. Metrics: Intersection over Union (IoU), Purity, Efficiency on the test set; single-instance CPU
memory and inference time. The definition of each strategy can be found in Sec[2.4]

Test Set Single Instance
. . Memory Time
Model Strategy IoU Purity Efficiency (MB) (s)
Full image 0.83 0.89 0.88 6193.7 106.57
No Overlap 0.82 0.89 0.87 936.2 100.47
No Overlap + Padding 0.83 0.83 0.88 1028.5 126.96
U-Net Overlap (100 px) 0.83 0.89 0.87 954.4 132.71
Overlap (500 px) 0.83 0.89 0.87 954.5 552.28
Rebin 4 0.55 0.52 0.83 1811.8 30.33
Rebin 4 (Retrained) 0.79 0.83 0.88 1812.8 30.64
Rebin 10 0.31 0.34 0.48 918.9 12.17
Full image 0.84 0.89 0.88 1719.7 14.41
No Overlap 0.77 0.82 0.87 442 .4 12.90
No Overlap + Padding 0.75 0.85 0.84 463.5 12.85
MobileU-Net  Overlap (100 px) 0.80 0.86 0.87 4424 12.08
Overlap (500 px) 0.82 0.88 0.88 442 4 50.28
Rebin 4 0.63 0.44 0.85 635.0 4.29
Rebin 4 (Retrained) 0.83 0.86 0.88 635.0 4.32
Rebin 10 0.48 0.33 0.61 435.5 2.39

similar to the method paper [14]], we trained two networks with rebinned images to study feature
invariance under tick dimension scaling. The results for these two networks are labeled “Rebin 4
(Retrained)” in Table[]

These chunking tactics offer multiple benefits. They allow deployment on hardware with limited
resources, including systems without high-end GPUs. In particular, they enable feasible inference on
CPUs, where processing a full-size image at once would be impractical due to memory and runtime
constraints. After inference, segmented chunks are recombined to reconstruct the full-size ROI mask,
ensuring continuity across boundaries.

To evaluate the efficiency of our approach, we benchmark both peak memory consumption and
execution time using Fil Profiler [1], a Python-based memory analysis tool designed to provide
detailed insights into memory allocation and performance bottlenecks.

3 Results

Table [I] summarizes segmentation performance and computational requirements for U-Net and
MobileU-Net under different inference strategies. The main observations are as follows.

Architecture: Compared to U-Net, MobileU-Net achieves comparable or better accuracy with
dramatically lower inference time, up to an order of magnitude faster for large inputs, while requiring
substantially less memory (e.g., 1.7 GB vs. 6.2 GB for full-image inference). This efficiency arises
from the use of inverted residual blocks with linear bottlenecks and embedded squeeze-and-excitation
(SE) modules [[6]. These blocks maintain representational power while reducing the number of high-
dimensional feature maps and expensive convolution operations. The SE modules further enhance
channel-wise feature recalibration with minimal computational overhead. Together, these design
choices yield a model that is both compact and computationally efficient, offering a more favorable
trade-off between accuracy and inference cost, particularly for high-resolution inputs.

Chunking: For both models, full-image inference yields the highest or near-highest IoU; however,
MobileU-Net achieves this with substantially lower memory usage (about 1.7 GB) compared to U-Net
(over 6 GB). Non-overlapping chunking further reduces memory consumption by roughly an order of
magnitude for each model with some accuracy loss, indicating clear boundary artifacts. Overlapping
chunking overcomes boundary effects and preserves near full-image accuracy but increases inference
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Figure 3: MobileUnet’s IoU, Purity, and Efficiency distribution violin plots over the test set via
multiple strategies.

time considerably as the overlap size grows from 100px to 500px, due to redundant computations
across patch boundaries.

Rebinning: Rebinning prior to inference provided the greatest reductions in speed and memory cost,
but at the expense of significant accuracy degradation. Comparing “Rebin 4 (Retrained)” with “Rebin
4,” the computational cost remains unchanged, as expected, while performance improves remarkably.
This demonstrates that the learned features are not scale-invariant, necessitating retraining when
applying different scaling.

Metrics Uncertainity: Figure[3]illustrates the distribution of test metrics across runs for MobileU-Net
under different inference strategies. The violin plots show that performance variability is minimal
for full-image and chunked inference, indicating stable predictions across test samples. In contrast,
rebinning introduces greater uncertainty, especially for unretrained models, reflecting sensitivity
to input resolution changes. Retraining on rebinned data consistently narrows these distributions,
confirming improved robustness and scale adaptation. Overall, the low variance in IoU, purity, and
efficiency for non-rebinned and retrained configurations demonstrates that MobileU-Net produces
reliable, consistent outputs across diverse inference settings.

4 Conclusion

We studied the trade-off between segmentation performance and computational efficiency for CPU-
dominated facilities. Two full-resolution models, a standard U-Net and a MobileU-Net, were
evaluated under inference configurations involving chunking and rebinning.

Findings. (1) MobileU-Net achieves comparable or better accuracy while requiring substantially less
memory and providing up to an order of magnitude faster inference than U-Net; (2) Non-overlapping
chunking greatly reduces memory and compute cost with only some accuracy loss; (3) overlapping
chunking mitigates boundary artifacts but increases runtime as overlap size grows; (4) models trained
on 'un’-rebinned data generalize poorly to rebinned inputs, confirming that learned features are not
scale-invariant.

Takeaway. MobileU-Net with overlapping (100px) chunking offers the best balance between
accuracy, speed, and memory efficiency, making it a practical choice for large-scale deployment on
CPU-based production systems, especially where chunk-based inference can be parallelized, further
reducing inference time. Alternatively, using a rebin factor of 4 achieves nearly identical accuracy to
the full image inference while providing substantially faster CPU performance.
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