www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Light-powered end-to-end neutron
detection and imaging with an
edge-deployed optical Al chip

Shanny Lin®%2, Hanqing Zhu?, Steven Clayton?, C. L. Morris!, David Z. Pan?,
Zhaowen Tang?, Ray T. Chen(®%34>! & Zhehui Wang®1**

Neutron detection is widely used in many applications including nuclear physics, nuclear energy,
nuclear technologies and nuclear safeguards. Developing an end-to-end neutron detection and
imaging workflow paves way towards fully automated processes for many applications. We
implemented an automated workflow for neutron detection experiments which use a solid state
image sensor to capture neutron hits as a digital image. We deploy the workflow to an edge-based
optical neural network (ONN) to increase the radiation-hardness and lifetime of neutron detection
instruments. We present a two-stage neural network framework for detection of neutrons at sub-
pixel resolution. The first stage uses a region proposal network to efficiently detect and extract
neutron hits from the input camera image. The second stage feeds the extracted hits into a fully
connected neural network to predict the sub-pixel hit position. The performance of the two-stage
framework is evaluated using the edge-based ONN. The results show that we can achieve above 96%
neutron detection accuracy as well as sub-pixel and sub-micron position resolution, while enjoying
the advantages of the ONN hardware including radiation-hardness, low energy consumption and
high computing speed for integrated edge camera and hardware deployment, when compared with
electronic counterparts.
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In recent years, neutron detection and imaging techniques have been used in a wide variety of fields and
applications including but not limited to nondestructive testing, material science, national security and nuclear
safeguards, nuclear reactor monitoring and safety, and scientific research such as fusion monitoring and particle
physics"2. For nondestructive testing, many applications need to explore the internal structures of materials
without damage or dismantling. Similar to X-ray radiography, the attenuation of the neutron beam intensity
varies with different material composition, density and thickness. However, neutron radiography offers a unique
perspective than X-rays as neutrons can detect and identify light elements such as hydrogen and lithium for
visualization as well as penetrate deeper into dense materials and elements such as iron and lead>*. This unique
property allows for clear imaging of the light elements in material science research including the studying and
imaging of lithium batteries® and hydrogen-rich rocks and soils®. In addition, neutron detection is used for
national security and nuclear safeguards to prevent illicit trafficking and transportation of nuclear materials
and radioactive sources including uranium and plutonium’. Furthermore, it is used to monitor nuclear reactor
cores to verify the nuclear fuel cycle and to monitor reactor conditions such as neutron flux and power levels®.
This type of neutron monitoring also used for fusion monitoring to measure the neutron flux to estimate the
total fusion power and energy®, as well as in particle physics to probe the fundamental interactions'’. Recently, a
passive neutron coincidence collar has been developed to use neutron detection as a nondestructive method to
assay the fissile concentration within Light Water Reactor fresh fuel assemblies'!. Nonetheless, all these neutron
imaging and detection applications require high spatial resolution to produce high resolution images and to
localize individual neutron events. However, achieving high resolution is a challenge as traditional methods
are often not an automated process, and thus require offline development and data analysis. In this work, we
implement an end-to-end automated workflow for neutron detection experiments which use solid state image
sensors to capture neutron hits as a digital image. Specifically, we develop the automated workflow for ultracold
neutron (UCN) direct detection experiments.
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UCNS have a kinetic energy below 400 neV and are the coldest free neutrons produced in laboratories. Their
very low kinetic energy, and correspondingly very long de Broglie wavelength, allow UCNs to be stored in material
bottles as they are totally reflected from the surfaces of any material with large enough Fermi potential'®'2, This
unique property enables UCNSs to be a powerful tool in studying the fundamental sciences in nature such as
the neutron lifetime!?, the neutron beta decay asymmetries'*!> and the neutron electric dipole moment'®17.
In addition, UCNSs are a perfect tool to study the quantum gravitational states of bouncing neutrons'®!%. These
experiments require position measurements with a spatial resolution of 1 pm or less to resolve individual
quantum states. Other position-sensitive UCN studies include but are not limited to UCN spectroscopy and
materials research!®. Accurate real-time UCN position resolution will allow for precise determination of UCN
position, energies and kinetic information to further scientific research with UCNs.

Position-sensitive measurements of UCNs have been reported using either indirect or direct detection
methods. As neutrons lack an electrical charge, both detection methods require a nuclear reaction to generate
ionizing charged particles>?’. In our experiments, we utilize the nuclear reaction of a neutron with isotropically
purified Boron-10 ( 1°B) thin films, which is deposited onto the detector using an electron-evaporation
deposition process®.. The resulting neutron capture reaction creates an excited and unstable Boron-11 ( 11Bx)
isotope that immediately undergoes fission to generate!:

n+'"B =" Bx ="' He(1.48MeV) +7 Li(0.84MeV) + ~v(0.48MeV)  (94%)

10 11 4 77 @

n+ B — " Bx—" He(1.78MeV) +' Li(1.02MeV) (6%)
The indirect detection method uses scintillators to convert the ionizing charged particles to light photons
which are detected by photomultiplier tubes (PMTs). The UCN position is then determined by analyzing the
light intensity distribution of the detected photons. However, the spatial resolution of the captured UCNs are
limited by factors such as PMT size?"*? and light yield and optics of the imaging camera!®. Meanwhile, the
direct detection method uses solid state imaging sensors such as charge-couple devices (CCDs) and active-
pixel sensors, also known as complementary metal-oxide semiconductor (CMOS) sensors, to capture UCN hits
as digital images. The ionizing charged particles are stopped within the sensor’s active silicon layer and the
deposited energy creates electron-hole pairs. The internal electric field propagates one charge carrier type to the
sensor’s potential wells and the total charge collected per pixel is output as a digital UCN hit image. The position
resolution for the direct detection method is naturally enhanced by selecting image sensors with smaller pixel
sizes. The spatial resolution is determined by analyzing the pixel intensity distribution, resulting from charge
spreading into neighboring pixels, by fitting a 2D Gaussian fit, where the fitted centroid is chosen as the hit
position?*. Nonetheless, the Gaussian fitting method does not take into account sensor physics and the ground-
truth hit position information is unknown as the position resolution of silicon detectors are limited by factors
such as pixel size, charge spreading and diffusion effects.

To address the real-time detection and super position resolution challenge, we introduce a two-stage deep
learning framework which takes as input UCN hit images and outputs the hit position for each detected UCN.
The first stage performs UCN detection using a region proposal network (RPN) that generates bounding boxes
around detected UCN hits. The RPN is inspired by the You Only Look Once v3 (YOLOv3) network?*, which
is popularly used for its fast and efficient feature extraction properties for object detection by simultaneously
performing bounding box regression and classification. The second stage inputs the detected UCN hits into
a fully connected neural network (FCNN) to predict the sub-pixel hit position following from our previous
work?®. The hidden layers of the FCNN aims to model the underlying detector physics that produces the pixel
intensity distribution of the UCN hits.

For real-time operation, the two-stage framework needs to be deployed on the edge device with the image
sensor. There are many available options of electronic-based embedded hardware for artificial intelligence (AI)
in the hardware industry®®. However, UCN experiments and the broader scope of radiation experiments, such
as X-ray and proton radiography, will subject the electronic hardware to radiation environments proliferated
with electromagnetic interference (EMI) and electromagnetic pulse (EMP) effects. Such environments can have
significant adverse effects on electronic hardware ranging from performance degradation to device failure. A
few examples of damaging sources include, but are not limited to, total ionization dose, displacement damage
and single-event effects?”?%. Meanwhile, optical neural networks (ONNs), a promising hardware platform for
next generation neurocomputing, offers many advantages over electronic-based hardware under exposure
to radiation. Optical systems are naturally more resistant to radiation due to the transmission of photons as
opposed to electrons and optical materials such as optical fibers are less sensitive to radiation-induced material
degradation. In addition, ONNs enjoy additional advantages over electronic systems such as lower power
consumption, high parallel processing capability, higher bandwidth, resistance to radiation induced noise, and
lower latency®-3L.

In this work, we introduce the two-stage framework for UCN detection and sub-micron position resolution
given an input hit image and demonstrate the network performance on our edge-deployed Optical Segmented
Neural Network (OSENN). The rest of this paper is summarized as follows. In Section “Proposed Methods”, we
discuss the data generation process and the network details of the RPN and FCNN networks of the two-stage
framework. In addition, we also discuss the network training strategy. In Section “Results and Discussion”, we
report the detection and position resolution performance of the two-stage framework using a laptop graphic
processing unit (GPU) and the OSENN. Lastly, Section “Conclusion” concludes this research work.
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Proposed method

In this section, we describe the synthetic data generation process and the two-stage deep learning architecture
and algorithm. To obtain the goal of sub-micron position resolution, we need to generate synthetic UCN hit data
with ground-truth position information as it is not available experimentally. The data generation process then
follows the label requirements needed to train the detection and super position networks.

UCN data generation

An overview of the data generation process and where the data is used during the deep learning training process
is illustrated in Fig. 1. We use Allpix Squared??, an open-source silicon detector simulation tool, to generate
synthetic UCN data consisting of UCN hit images and their corresponding ground-truth hit position labels.
Allpix Squared implements end-to-end Monte Carlo simulations from the incident particle detection to the
digitized detector output image. The simulation process is divided into several stages to model different detector
processes such as energy deposition, charge transport, digitization and other front-end detector processes. In
addition, Allpix Squared can save the entire simulation history and the ground-truth information for each
stage. Therefore, we can generate a database of UCN hit images and their corresponding ground-truth position
information. In our previous work?’, we used this process to generate a large database of single UCN hit images
of size 14 x 14 pixels with position labels to train a super position network. The single UCN hit database is
generated by first randomly sampling the particle type and their corresponding energy following from equation
(1). Specifically, the four different combinations of particles and energies, “He(1.48MeV), 7Li(0.84MeV), 4
He(1.78MeV), and "Li(1.02MeV), were randomly sampled with associated probabilities 0.47, 0.47, 0.03, and
0.03, respectively. The particles and their associated energy are the input to the Allpix Squared simulation to
obtain its simulated hit image and corresponding ground-truth hit position. However, in this work, we need to
consider larger images with multiple UCN hits and bounding box labels in order to train the detection network.
Lastly, we note that our synthetic database of UCN hits is shown to be very similar to the experimental in both
hit images and energy spectrum analysis, where the energy spectrum between synthetic and experimental are
more closely matched if the image sensor is fully characterized®.

As the detection network design is inspired by YOLOv3%4, the training data consists of a collection of images
of size 416 x 416 and corresponding text files consisting of bounding box labels [z., y., w, h] of all objects
within an image. The bounding box labels denote the center coordinates of the bounding box (zc,y.), the
width w and the height A, such that the created box captures the object of interest. We generate the detection
dataset by randomly selecting a number of single hits from the single UCN hit database and then placing them
in uniformly random locations within the area of a 416 x 416 black image. The center coordinate (., y.) of the
bounding box label is created by referencing the position of the center of the single hit image to its coordinate
on the 416 x 416 image. Next, we set the width and height labels directly to 8 (w = h = 8) to create bounding
boxes of size 8 x 8 pixels. For simplicity, we shall refer to the coordinates of the 416 x 416 image as the global
coordinates and the single hit images as local coordinates. Note that we do not include a class label that is used
by YOLOV3 as we are only detecting one class that is UCNs. Lastly, we add camera noise by adding random
Gaussian noise to the generated image. Note that other noises such as fixed pattern noise and cold/hot pixels can
also be added, however, they can be corrected through background subtraction. Therefore, we do not consider
them in this work. We note that the camera active imaging area is typically much greater than 416 x 416 pixels.
Our current experiments use a CMOS image sensor with an active area size of 3872 x 2764 pixels. However,
the computational cost to process such a large image as input to a deep neural network is significantly greater
as it would require more memory and high-performance processing power for both training and inference. To
reduce the computational burden for edge computing, we propose to process the image frame in patches of
416 x 416 pixels.

Lastly, we generate the dataset to train the FCNN super position network which takes single UCN hit images
as input and outputs the hit position. This step uses the trained detection network to extract detected UCNs
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Fig. 1. An overview of the data generation process. The detection network data is generated by randomly
placing a random number of single UCN hits on a black 416 x 416 image and creating a corresponding text
file consisting of the bounding box labels for each UCN hit. The FCNN database is generated by using the
trained detection network to extract the detected UCN hits as 8 X 8 images. The position labels are created by
converting the global position to their local positions.
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captured by the predicted 8 x 8 bounding boxes to generate the single hit FCNN database with hit position
labels. Note that we do not use the local position data used to generate the detection network data to train the
FCNN as the predicted bounding box (cyan) does not exactly match the ground-truth bounding box (red),
shown in Fig. 4a. The shift in bounding box position will result in a shift in the local hit position and thus, the
hit position labels must be relative to the predicted bounding box. In summary, the FCNN dataset is generated
by extracting single 8 X 8 UCN hits predicted by the detection network as the input image and converting the
global hit coordinates to the relative local coordinates as the ground-truth position labels.

Two-stage network framework
The overview of the two-stage framework is illustrated in Fig. 2 where the detection and super position stages
use a RPN and FCNN, respectively.

RPN for detection Our RPN architecture design and algorithm is inspired by YOLOV3 for its fast and efficient
object detection capabilities compared to other popular networks such as Faster Region-based Convolutional
Neural Network (Faster R-CNN)?3, Single Shot Detector (SSD)**, Region-based Fully Convolutional Network
(R-FCN)*, and RetinaNet®®. It is shown in the technical report** that YOLOv3 results in significantly faster
inference times with higher or comparable classification accuracy performance. While YOLOV3 is well known
for both object detection and classification, we mainly focus on its detection capabilities as the task of UCN
detection can be considered as only one class. However, we note that the classification capability can be further
expanded to classify the UCN hits into the two charged particle products ( “He and 7Li) with two different
energies each as denoted in (1), which will be addressed in other publications.

The RPN architecture is designed with 10 convolutional layers which can be broken down into two main
components, namely the convolutional and residual blocks. The overview of the RPN architecture is shown
in Fig. 2a. The convolutional blocks consists of a convolutional layer followed by a batch normalization and
a Leaky ReLU activation function to extract image features. The residual block consists of two convolutional
blocks with the purpose of mitigating the vanishing gradient issue commonly encountered when training deep
neural networks. Lastly, the output block consists of one convolutional block followed by one convolutional
layer. This final convolutional layer divides the input image into feature maps of size 52 x 52 pixels to naturally
support predicting bounding boxes of size 8 x 8 with unit anchor. For our predictions, we end up with 5 output
values: the confidence score of the predicted bounding box and the 4 coordinates of the bounding box which
are [Z¢, Yo, w, h]. As a result, the RPN predicts (52 x 52) = 2704 bounding boxes for each image which is then
reduced to the actual number of detected UCN hits through non-maximum suppression (NMS).

FCNN for super position We design the FCNN architecture following from our previous work?® and an
overview of the architecture is shown in Fig. 2b. It takes as input the extracted 8 x 8 UCN hit images and flattens
the image into a vector of size 1 x 64. The flattened layer is followed by 3 hidden layers with 125 neurons each.
Lastly, the output layer consists of 5 labels, namely the entry and exit coordinates as well as the incident angle
0, the angle at which the charged particle enters the detector. The FCNN aims to model the underlying detector
physics by learning a mapping between the input hit image and the ground-truth labels. Note that dropout layers
with a dropout rate of 0.2 are implemented after each hidden layer to mitigate model overfitting and to enable
uncertainty quantification during testing, but are not shown in the architecture overview.
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Fig. 2. An overview of the two-stage network framework. (a) The detection stage uses a RPN that takes as
input a camera image of size 416 x 416 and predicts bounding boxes (red) of detected UCN hits. Next, the
detected hits of image size 8 x 8 are extracted and inputted into (b) FCNN for super position resolution.
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Optical Segmented Neural Network (OSENN)
In recent years, the deep learning training computation, measured in floating operations per second (FLOPS),
has been approximately quadrupling every year*’ and thus results in increasing computing costs. The ONN is an
emerging next-generation neurocomputing platform for deep learning that features highly parallel, high speed,
wide bandwidth, low-latency and near-zero energy computation?*¥-41, ONNs are built using a series of photonic
tensor cores that are designed to enhance and realize matrix vector multiplication with light-speed computation.
We propose to use ONNG as a computation platform not only for its high speed and energy efficient computing,
but also for its potential as a radiation-hard computation platform as photons are immune to radiation-induced
degradation. We specifically propose to use our group’s optical segmented neural network (OSENN), shown in
Fig. 3a, a special design of ONN that implements segmented neural networks to optimize the scalability and
efficiency of OSENNG at the hardware level.

Figure 3b illustrates the process of mapping a weight matrix W to the OSENN chip. First, the OSENN
partitions the weight matrix W' € C™*"™ of each layer I of the neural network into submatrices of size
k x k, where k = 4nandn = 1,2, 3, - - -. This results in W%-Iﬂ X Wk-lﬂ submatrices W} ; € C***, where

i€ [17 W%-I-H] and j € [17 [ﬂ—%—‘ﬂ] Similarly, the input vector x!,, € R™ is also partitioned into subvectors

X4, ; € R”. For notational simplicity, we drop the variable ! and define m* = m%-lﬂ and n* = W%—Iﬂ The

matrix vector multiplication per layer is given as

n*
Wi o Wy Xin,1 Zj:l Wlijxi"ﬂ'

s
Xout = WXin = : . = . )
W’m*,l e Wm*,n* Xin,n* Z Wm i Xin,j

Next, we represent each weight submatrix W ; in a subspace form to reduce the number of trainable parameters.
Each weight submatrix is decomposed into the form {W; ; = BX; JP}ze[1 m*],jel1,n+]» Where B and P are
k x k unitary matrices and 3; ; is a k x k diagonal matrix. Note that this decomposition looks similar to
singular value decomposition. However, the main difference is that all the submatrices share the same unitary
matrices B and P. As a result, OSENN reduces the number of trainable parameters to the values of the diagonal
matrix 3; ; and equation (2) becomes

88

?v% TR f g "y
WMMW It mmmmmmm

i goiilag |
Weight Decomposition

W * e W P X *
m1 Al LR l Map to OSENN

Xout, J

Photo Diodes

—D— MZI Amplitude Modulator ~ —===—Phase Shifter H 50/50 Splitter

Fig. 3. (a) A photograph of the edge-based OSENN optical Al chip. (b) An overview of the process of mapping
the weight matrix W to a4 x 4 OSENN chip and their corresponding optical devices. The unitary matrices

P and B are implemented using phase shifters and 50/50 splitters. The diagonal matrix X; ; is implemented
using Mach-Zehnder interferometer (MZI) amplitude modulators. MZIs are used to adjust the input laser
amplitudes to represent X;r,; and photo diodes are used to readout Xou¢,; values.
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B Z;Zl El,j PXin,j
: (3)

Xout =

nk
B> 1 Tme i PXin

such that this matrix segmentation method reduces the number of trainable neural network parameters by
up to four times. For example, the 904,902 and 40,255 trainable parameters for the electronic versions of the
RPN and FCNN networks, respectively, would be reduced down to approximately 226,226 and 10,064 trainable
parameters for the OSENN. Lastly, the 3; ; parameter values are restricted to a 3 bit weight resolution during
training and operation. This weight resolution restriction allows for the OSENN to be designed with further
reduced number of optical components and chip area.

Training strategy

Deep learning We use the PyTorch library*? to build, train and test the electronic neural network models. We
use the Pytorch-ONN library*® to build, train and test the OSENN version of the models. The neural networks
are trained on a NVIDIA RTX A3000 GPU.

Region proposal network (RPN) Recall that the RPN is designed to detect UCN hits in the input camera
image by predicting 8 x 8 bounding boxes around detected hits. We use the data generation method discussed
previously to generate a dataset of 6500 images of size 416 x 416 and the bounding box label files for each
image. The dataset is divided into 80% for training, 10% for validation and 10% for testing. During the training
phase, the key training parameters are set to 19 epochs, a batch size of 16 and a learning rate of 0.0001 using the
Adam optimizer for the electronic network. We define the RPN loss .Zrpn as the summation of the localization
loss Zjoc and confidence loss Zc 1, as:

ZLrPN = Loc + ZcL

S2
Loe = Z H?bj |:(:CZ — f@i)Q + (yi — @1)2 + (w; — ’Lf)i)2 + (hi — hz)z}
i=1

52 52
Lor =Y 1 (Ci = C)* + D100 (G- Gi)
1=1 i=1

where [x, y, w, h] are the bounding box labels, ]lfb] denotes the indicator function such that ]lfbj =1ifcelli
is responsible for detecting the UCN and 0 otherwise, 17"°°*/ is the complement of 19/, the predicted value,
S the grid size (S = 52), and C is the box confidence score for cell i. The localization loss .Z,. measures the
error of the predicted bounding box if cell i contains a UCN hit. The confidence loss £ 1, measures the model’s
confidence in detecting objects in the bounding box.

Fully connected neural network (FCNN) Next, we want to predict the subpixel and sub-micron hit position
of the detected UCN hit. We generate the FCNN dataset by using the trained RPN network to detect UCNs and
extract the 8 x 8 single UCN hits. The hit position labels are generated by converting the global hit coordinates
to their local ones. We generate approximately 50,000 UCN hit images of size 8 x 8 and their corresponding
ground-truth labels. The dataset is divided into 60% for training, 20% for validation, and 20% for testing. We use
the mean squared error (MSE) loss function to train the FCNN. The key training parameters are set to 80 epochs,
a batch size of 175 and a learning rate of 0.001 using the Adam optimizer.

Optical segmented neural network (OSENN) We partition the weight matrix into submatrices of size
4 x 4(k = 4). We also convert the PyTorch neural network model into their Pytorch-ONN versions. The key
training parameters used to train the OSENN code is the set to the same values used to train the electronic
version except for the number of epochs, which are set to 50 and 120 for the RPN and FCNN, respectively.

Results and discussion

Performance metrics

UCN detection accuracy

We evaluate the UCN detection accuracy using the Precision, Recall and F1-score performance metrics defined
respectively as

TP

Precision = TP T TP x 100%
TP
Recall = m X 100% (5)
F1 score — 2 X Precision X Recall « 100%

Precision + Recall

where the acronyms refer to true positive (TP), false positive (FP) and false negative (FN). In this work, TP
denotes the instances that the RPN correctly detected UCN hits. FP denotes the instances where the RPN
predicted a bounding box location that contains no UCN hit. FN denotes the instances where the RPN did not
detect a true UCN hit. Note that true negative (TN) does not apply for the task of object detection.
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Spatial resolution accuracy

During the testing phase, we enable the dropout layers in the FCNN to allow for uncertainty quantification in
the label prediction by simulating Monte Carlo runs. We feed each test image # into the trained FCNN 500 times
to obtain a mean ¢, and standard deviation &, for each output label. Therefore, for each test image, we can plot
a kernel density estimate (KDE) for the entry and exit positions as shown in Fig. 4b, d. Next, we summarize
the performance of the FCNN on the full test dataset consisting of N images and corresponding ground-truth
labels by reporting the mean absolute error (MAE), mean absolute percent error (MAPE), mean squared error
(MSE), and root mean squared error (RMSE) for each output label. The MAE, MAPE, MSE and RMSE metrics
are computed as

N
MAE = %an _@n|
1 N
MAPE = NZ

N
p— 1 75 2
MSE = N Z(yn - yn)

yn _yn

Yn

x 100%

(6)

RMSE =

=

where y,, and §, denotes the ground-truth and predicted value for image #, respectively.

Comparative analysis of hardware performance: Electronic vs. ONN

We generate the training, validation and test datasets following the process described previously in the Data
Generation section and train the RPN and FCNN networks following the Training Strategy section. We evaluate
the performance of the trained RPN network on the test dataset which contains 650 images of size 416 x 416
and a total of 3628 true UCN hits. Similarly, we evaluate the performance of the trained FCNN on the test dataset
consisting of 10,000 extracted hit images of size 8 x 8 and their corresponding local ground-truth labels. We
compare the detection and super position performance between the NVIDIA RTX A3000 GPU and the edge-

E' Laptop GPU OSNN (3-bit)

Entry Prediction Exit Prediction Entry Prediction Exit Prediction

Fig. 4. Example prediction results of the RPN and FCNN using a NVIDIA RTX A3000 GPU and the chip-
based OSENN with 3-bit weight. (a) and (c) show the RPN detection results for the NVIDIA RTX A3000 GPU
and OSENN, respectively. The ground-truth bounding box is drawn in red and the predicted box is drawn in
cyan. In (c), the zoomed-in section shows an example of a false positive prediction in the top right corner. (b)
and (d) show the FCNN entry and exit predictions by the GPU and OSENN, respectively, for the same input
hit image. The ground-truth position is denoted by the red x’ and the Monte Carlo predictions are shown as
the blue KDE plot. The prediction for this example shows sub-micron position resolution by both hardware

types.
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Hardware Precision | Recall | F1 Score | FPS
NVIDIA RTX A3000 GPU | 99.94% 98.57% | 99.25% | 46.43
OSENN (3-bit) 96.26% 99.59% | 97.90% 13.12

Table 1. Summary of UCN detection performance on the test dataset using the RPN. Significant values are in
bold.

Hardware/Method Output label | MAE | MAPE | MSE RMSE | Computation time
Entry x (pixel) |0.2132 | 4.994% | 0.0708 | 0.2661
Entryy (pixel) | 0.2170 | 4.990% | 0.0716 | 0.2676
NVIDIA RTX A3000 GPU | Exit x (pixel) 0.2877 | 6.823% | 0.1228 | 0.3504 | 5.2315e-5 seconds
Exit y (pixel) 0.2837 | 6.594% | 0.1198 | 0.3461
0(degrees) 5.5989 |26.932% |94.911 |9.7422

Entry x (pixel) | 0.2237 | 5.068% | 0.0754 | 0.2746
Entryy (pixel) |0.2196 | 5.318% | 0.0721 | 0.2686

OSENN (3-bit) Exit x (pixel) 0.2956 | 6.639% | 0.1261 | 0.3551 | 26.24e-5 seconds
Exity (pixel) 0.3000 | 7.282% | 0.1301 | 0.3607
O(degrees) 6.3616 | 28.858% | 99.19 9.9594

2D Gaussian ftting Entry x (pixel) | 0.2287 | 5.394% 0.0800 | 0.2829 0.0296 seconds

Entryy (pixel) | 0.2312 | 5.335% |0.0815 | 0.2855

Entry x (pixel) | 0.7101 | 15.44% | 0.7162 | 0.8463
Center of gravity (COG) 1.0659¢-5 seconds
Entryy (pixel) | 0.7718 | 16.53% | 0.8101 | 0.9001

Table 2. Summary of UCN super position resolution performance using the FCNN and its comparison with
traditional methods. The computation time represents the average time to obtain prediction results for one
UCN hit image. Note that 1 pixel = 1.67 um.

deployed OSENN. The numerical performance results for detection and position resolution are compared in
Tables 1 and 2, respectively.

For the task of UCN detection, both the electronic and OSENN achieves very high performance with over
96% for precision, 98% for recall and 97% for F1 score. Recall that the OSENN uses 3-bit weight resolution, but
it can achieve comparable performance to the NVIDIA RTX A3000 GPU in precision and better performance
for recall (99.59%). Figure 4a, ¢ show an example UCN detection result by the NVIDIA RTX A3000 GPU and
OSENN, respectively, where the ground-truth bounding box is drawn in red and the predicted in cyan. As
mentioned in the Data Generation section, the predicted bounding box may not exactly match the ground-truth
but will capture the UCN hit. The speed of the trained RPN model to process UCN hit images is 46.43 frames
per second (FPS) for the NVIDIA RTX A3000 GPU and approximately 13.12 FPS for the OSENN assuming a
modulation speed of 10 GHz. We note that both the NVIDIA RTX A3000 GPU and OSENN computation speed
is done for images in series. Furthermore, we note that we approximate the OSENN computational speed as the
PyTorch-ONN model simulates the response of the actual OSENN chip while training for the weights ¥; ; to
be deployed to the actual chip. The OSENN computational speed is dependent on the modulation speed such
that the compute time is approximated as the total number of submatrix-vector computations divided by the
modulation frequency. While the OSENN FPS is slower than the NVIDIA RTX A3000 GPU, it can be integrated
with the CMOS image sensor as a compact edge-device with very low power consumption.

For the task of UCN super position resolution, both the electronic and OSENN models achieves sub-pixel
position resolution and sub-micron position resolution. The worst MAE metric is for the OSENN in predicting
the Exit y coordinate with an MAE value of 0.3 pixels or 0.501 p2m, as tabulated in Table 2. Note that one pixel is
equivalent to 1.67 pm. Figure 4b, d shows an example prediction by the NVIDIA RTX A3000 GPU and OSENN,
respectively, for same input hit image. The ground truth entry and exit positions are marked by a red X’ and
the blue KDE shows the FCNN Monte Carlo predictions. In this example, the OSENN prediction for the exit
position is slightly worse than the NVIDIA RTX A3000 GPU but still within our goal of sub-micron position
resolution. We also compare our method with the traditional methods of 2D Gaussian fitting and the center of
gravity (COG) in predicting the hit entry position and the computation time in Table 2. Our proposed method
achieves the most accurate entry position resolution, while also being able to predict the exit position and the
incident angle 0. Table 2 tabulates the computation time to obtain results for a singular UCN hit image. We
note that the computation time for our method represents the time to compute 500 Monte Carlo runs and thus,
will be much faster if the FCNN dropout layers are disabled during inference to predict one result. Meanwhile,
the 2D Gaussian fitting is the slowest as the fitting is an iterative process. In conclusion, our method achieves
improved position resolution with fast computation speed in comparison to traditional methods.
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Conclusion

This work proposed a two-stage framework for UCN detection and super position resolution. The detection
network uses a RPN to predict bounding boxes to detect and extract UCN hits from input hit images captured
by the CMOS image sensor. The extracted hits are then fed into the FCNN to predict the entry and exit
coordinates for super position resolution. To train the neural networks, we introduce a data generation method
that produces experiment like synthetic data using Allpix Squared. Lastly, we train and test the performance of
the two-stage framework using a NVIDIA RTX A3000 GPU and an edge-deployed OSENN. The performance
results show that our proposed framework can achieve both high UCN detection accuracy and sub-micron
position resolution. While our framework has been applied to UCNs, we note that it can be applied to general
neutron detection applications of varying neutron energies including thermal and cold neutrons. In addition,
it can be applied to image sensors of any size by processing the the image in patches, with computational time
dependent on the number of patches.

Future work includes designing the integrated hardware architecture between the edge-deployed OSENN
and the CMOS image sensor for real-time hardware testing. Current experiments use a CMOS image sensor
that captures UCN videos with a frame rate of 3 FPS and an image size of 3872 x 2764 pixels, which results in
approximately 70 image patches of size 416 X 416. We can increase the OSENN computation speed in several
ways including but not limited to using multiple OSENN chips, increasing the OSENN submatrix size, using
a more aggressive modulation speed and switching from thermal-optical turning to electro-optical tuning.
Additional future directions following the results from this work include further studies of the radiation hardness
of the OSENN and extending the detection network to include the classification of the charged particles “He
and 7Li

Data availability
The datasets used in this work are available from the corresponding authors upon reasonable request.
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