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Positron Emission Time of flight
Apparatus based on Liguid xenOn

 PET imager using liquid xenon
(LXe) as detection medium

e Currently in construction phase

e Xenon offers fast scintillation
(potential to use time-of-flight) and
high light yield

* Ring-shaped homogeneous
volume with one or two faces
instrumented with SIPMs sensitive
to xenon scintillation (VUV)
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PET Imaging

Positron-emitting
radionuclide

Y —— _V Y
(511keV) '\ q I (511 keV)
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Glucose analogue (such as 18F-FDQG) injected into patient, doped with radioactive
iIsotope (such as 18F) yielding positrons; metabolized by cells and accumulates

Positron annihilation gives two collinear 511 keV gammas

These gammas detected and the line along which they were emitted (the line of
response, LOR) is reconstructed; full image deduced from many LORs
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Why LXe?

From: S. Kubota et al. Phys. Rev. B 20, 3486, 1979.
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Time(ps)
» Fast scintillation:
 molecular state responsible for fast-transition has lifetime of 2.2 ns
« potential for time-of-flight (TOF) measurements
High scintillation yield: ~ 30000 photons / 511 keV gamma ray
Relatively cheap vs. standard crystals such as LSO (Lu2SiOs[Ce])

Liquifies at near-atmospheric pressure: SiPMs operate with low noise at LXe

temperatures
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Reconstruction in PETALO

2 main components

1. Reconstruction of y-ray interactions (focus of this talk)
- Pattern of light deposited on SiPMs —> reconstructed locations
- Potentially use machine learning to identity Compton events

2. PET image reconstruction
- Standard algorithms

- Include time-of-flight information



PETALO concepts

o Back-to-back 511 keV gamma
rays are emitted from a point
In the measured volume

(into page) 6



PETALO concepts

o Back-to-back 511 keV gamma
rays are emitted from a point
In the measured volume

« The gamma rays interact in
the LXe, producing VUV
scintillation which is detected
by the SiIPMs in the vicinity




o Back-to-back 511 keV gamma
rays are emitted from a point
In the measured volume

e The gamma rays interact in
the LXe, producing VUV
scintillation which is detected
by the SiPMs in the vicinity

e The interaction points are
reconstructed from the light
pattern detected on the
SIPMs, and together they form
a line of response (LOR)




Reconstruction of (r, ¢, z)

« Geant4-based Monte Carlo: “full-body” configuration
o /-extent of approximately 1.94 m
e Inner radius ~38 cm, outer radius ~41 cm
* |nside of outer ring instrumented with SiPMs
7 mm SiPM spacing (278 rings of 368 SiPMs)

~41 cm




¢ (rad)

Reconstruction of (r, ¢, z) °*
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e “Unroll” the ring in (¢,2)

e Divide the sensor response into two regions for the two gammas
* Reconstruct (r, ¢, z) for each gamma
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Reconstruction of (r, ¢, z)
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* Coordinates z and ¢ computed via weighed average
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* For each coordinate, only SiPMs above a certain charge threshold are
included in the weighted averages (presently using 4 photons)
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Reconstruction of (r, ¢, z)
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¢ In general is well-reconstructed

r and z often affected significantly
by problematic events (Compton
scatters, for example)



Compton scattering True LOR

Beconstructed
LOR

A gamma ray may Compton
scatter in the measured
volume, losing some energy
and changing its direction of
travel

e Such events may be removed
with an energy cut accepting
only coincident 511 keV
gammas




True LOR

Compton scattering

, Reconstructed
’ LOR

 Note that a gamma ray
may Compton scatter in
the LXe but still deposit
all its energy within the
active volume

e [hese events are more
difficult to remove




Compton scattering
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* |n this event, one gamma clearly Compton scattered: clear separation of depositions
« Often separation of depositions is not so clear

* One idea: train a neural network to predict the reconstruction error in (r, z) of
single gamma ray depositions
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CNN-based approach

e Data samples are 20x20 SiPM “windows” of the
event, centered on the (z,®) bins with maximum

summed SiIPM charge

2 pre-processing cuts

1. Remove events with significant
charge outside 20x20 window
for each gamma

2. Remove events with majority of
charge in a single SiPM

Each cut eliminates ~ 4% of events
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CNN-based approach
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Tensorflow: https://www.tensorflow.org

= 2Keras: https://keras.io
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CNN-based approach

* CNN predictions (15k training, ~15k test events)
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CNN-based approach

* CNN predictions (15k training, ~15k test events)
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e Eliminate poorly reconstructed events by cutting on predicted error
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CNN-based approach

 An example CNN cut (eliminates additional ~40% of total events in each case)

10°; B Before CNN . B Before CNN
After CNN 107 After CNN
C -
S 102 R
) % 1024
4 4
= =
1]

G 10 S 101,

100 100

—20  -10 0 10

20 -40 -20 0

error in z (mm)

20 40
error inr (mm)

-3 mm < r-error (CNN) <1 mm -0.75 mm < z-error (CNN) < 0.75 mm

 Few convincing gains from the r-coordinate

e z-coordinate looks more promising, but further evaluation
needed
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CNN-based approach

* CNN predictions (15k training, ~15k test events)

30 40
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0
~10 -

Predicted error, r (mm)
Predicted error, z (mm)

~30 -20 =10 O 10 20 30 ~40 ~20 0 20 40
True error, r (mm) True error, z (mm)

* Eliminate poorly reconstructed events by cutting on predicted error

e Some events still manage to get by the CNN
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CNN-based approach

* Some events with true r-error < - 15 mm, but predicted r-error in the range (-5 mm, 5 mm)

errors (r, ¢, z) = (-16.11, -0.02, 1.76) _ errors (r, ¢, z) = (-17.82, 0.01, -7.44) 159 errors (r, ¢, z) = (-16.59, -0.01, 11.84) __
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100 -100
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 Many of these events don'’t look like Compton scatters

* The event on the far right may be a Compton that did not travel very
far before interacting again (note the z-error is also relatively high)
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CNN-based approach

e Some events with true z-error > 20 mm, but predicted z-error in the range (-5 mm, 5 mm)

relative ¢ (rad)

errors (r, ¢, z) = (0.29, 0.03, 20.24) errors (r, ¢, z) = (-2.94, 0.00, 29.48) _ -5 errors (r, ¢, z) = (14.17, -0.07, 22.51)

25 100
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* Most of these events look disperse (interacted at low r)
 The event on the right is clearly a Compton that was missed
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CNN-based approach

« A primary issue seems to be “soft” Comptons, which interact twice,
depositing very little energy in the first interaction




CNN-based approach

e A primary issue seems to be “soft” Comptons, which interact twice, s
depositing very little energy in the first interaction

= As many of these events do not change
the LOR significantly, they may have a
minimal effect on the reconstruction




CNN-based approach

e Summary:

« The CNN is likely to be useful, but several questions remain:

e How much error can be tolerated?

e |s the relative gain in eliminating a poorly reconstructed
event greater than the cost of losing some good events?

 Perhaps by re-labeling “soft” Compton events the CNN can
be trained more precisely

o Will need to test within the scheme of full PET reconstruction,
eventually with TOF, to make a clear statement on this

20



Hardware integration (prototype)

o |deally, events could be tagged and potentially

discarded on-the-fly

* |ntegrate CNN into hardware via an FPGA

SiPM sensor information

y

27
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Hardware integration (prototype)

e Adapted code for CNN training and deployment on FPGA from
the spooNN1 project

e Uses high level synthesis (HLS) C++ libraries to generate
nardware description language (HDL) code, which can be
oaded into an FPGA

e Interact with FPGA prototype from Python/Jupyter using PYNQ?Z

“ Jupyter petalo Last Checkpoint: 25/08/2019 (autosaved) @ Logout
File Edit View Insert Cell Kernel Widgets Help Not Trusted ‘ Python3 O
+ = @ B 4+ ¥ MRun B C MW Markdown 4 | =

Load the overlay

This contains the hardware implementation of the neural network.

In [86]: OVERLAY PATH = 'procsys.bit
overlay = Overlay(OVERLAY PATH)
print(overlay. ip map._keys())
dma = overlay.axi_dma 0
dma.recvchannel. mmio.debug = Fal
dma.sendchannel. mmio.debug = Fal
x1lnk Xlnk()

pre_ctrl = MMIO(0x43c00000, length=1024)
nn_ctrl = MMIO(0x43c10000, length=1024)

['axi dma 0', 'petalo cnn 0', 'preproc_0']

= 1spooNN project: https://github.com/fpgasystems/spooNN

= 2PYNQ: http://www.pynq.io 28
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Hardware integration (prototype)

1. Train CNN using Tensorflow/Tensorpack!
e Qutput weights to HLS arrays
2. Compile HLS to produce programmable logic (IP)

* This can in principle be used in other designs
(may need to adapt input/output interface)

3. Integrate IP into a PYNQ-compatible design

ps7_axi_periph

@
|4 S00_AXI

ACLK

ARESETN

rst_ps7_100M

S00_ACLK ly‘
S00_ARESETN mZm

slowest_sync_clk

ext_reset_in
aux_reset_in
mb_debug_s
dcm_locked

mb_reset
bus_struct _reset[0:0]
peripheral_reset{0:0]
ys_rst  interconnect aresetn[0:0)
peripheral_aresetn[0:0]

Pr

ocessor System Reset

MO0_ACLK .ﬁ-
MOO_ARESETN

MO1 ACLK
MO1 ARESETN

AX| Interconnect

MOO_AXI - fi

axi_mem_intercon

axi_dma_0

M_AXI_MM2S 4

MO1_AXI - fi

DoCompute_0

out r 4

"4 s_axi_control —
HY inr P
ap_clk ’
—q ap_rstn

interrupt

3

Docompute (Pre-Production)

P

‘|4 s _AXI_LITE

M_AXI S2MM 4

—|+ S_AXIS_S2MM

M_AXIS_MM2S 4

s_axi_lite_aclk

mmz2s_prmry_reset_out_n

m_axi mm2s_aclk
s2mm_prmry_reset_out_n

m_axi_s2mm_aclk

. mma2s_introut
—q axi_resetn

s2mm_introut

B I A HE koo

AX| Direct Memory Access

MO0 _ACLK

MO0 _ARESETN

T ||

—

ps7
DDR 4 |[__D DDR

+ S_AXI_HPO_FIFO_CTRL FIXED_IO 4 "——D FIXED_IO
+ S_AXI_HP1_FIFO_CTRL USBIND_O + |||

+ S_AXI_HPO = M_AXI_GPO 4 i

+ S_AXI_HP1 ZYNQ FCLK CLKO

M_AXI_GPO_ACLK - FCLK CLK1 [=

S_AXI_HPO_ACLK FCLK CLK2 [=

S_AXI_HP1_ACLK FCLK CLK3 (=

FCLK_RESETO_N 9—of

ZYNQ7 Processing System

e[ 4 SO0_AXI
ACLK
—! ARESETN lyl
S00_ACLK EZ=m MO0_AXI 4 [
] SOO_ARESETN A m )
MOO_ACLK
MOO_ARESETN
AX| Interconnect
axi_mem_intercon_1
|4 S00_AXI
ACLK
$——{ ARESETN lyl
S00_ACLK HZE MOOAXI i
S00_ARESETN -5.

AXI| Interconnect

= Tlensorpack: https://github.com/tensorpack/tensorpack
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Hardware integration (prototype)

t<8%20> weights4[2] [2] {

{"OxT1088fe@9de3d2133faceff7d0fddde53b51cOc7",
[
L

"@xdabb/35dT21/0a0001T/0Tdbeb@c/a5ea’/25210c5"

’

1. Train CNN using Tensorflow/Tensorpack!
« Qutput weights to HLS arrays —

2. Compile HLS to produce programmable

ogic (IP)

>

» This can in principle be used in other designs
(may need to adapt input/output.interface)

3. Integrate IP into a PYNQ—compgh‘Ble design

*
*
‘t
ps7_axi_periph * axi_mem_intercon ps7
.4 A’ B (
e i[ 4 SO0_AXI Y | 4= SO0_AXI DDR 4 |[__D DDR
ACLK ’0 axi_dma_0 ACLK [[[+ S_AXI_HPO_FIFO_CTRL FIXED_IO 4 |||=—ed={"> FIXED_IO
ARESETN * ( ) ——{ ARESETN ly' [I{[+ s_AXI_HP1_FIFO_CTRL USBIND 0 + |||
S00_ACLK ly‘ MOO_AXI + ;S EEEEEEERN l"l EEEEEHN M & v M_AXI_MM2S 4 i | SO00_ACLK EIl MOO_AX o [ el 4= S_AXI_HPO — M_AXI_GPO [
th— H — - i :
—— S00_ARESETN HW—m ] L it > M_AX| S2MM S00_ARESETN gu 2N g | §_AXI_HP1 FCLK_CLKO
: m ARL T | | | |
MO0 _ACLK X g MOLAX! g DoCompute 0 u 1 SUELETLL A +E MOO_ACLK — | M_AX_GPO_ACLK o FCLK_CLK1
rst_ps7_100M =N Y = s axi_lite_aclk M_AXIS_MM2S + £ B
= = B MOD ARESETN L " X - - mmz2s_prmry_reset_out_n MO0 _ARESETN — S AX| HPO ACLK FCLK CLK2 |-
B M=—|4 s_axi_control yon | | m_axi mm2s_aclk
MO1_ACLK o mda= mis - ; s2mm_prmry_reset_out_n o= ) b S_AXI_HP1_ACLK FCLK CLK3 =
slowest_sync_clk mb_reset | R LEESET ™ =+ inr out_r 4 = m_axi_s2mm_aclk el AX| Interconnect FCLK RESETO N ©-
ext_reset_in bus_struct _reset[0:0] | | ap_clk ' interrupt f= B | g axi resetn 5 N axi mem intercon 1 .
i 1 o J o ] sZmm_introut p=- | | _-
e periphera)_reset{0:0] AX| Interconnect - ap.rst.n - = ZYNQ7 Processing System
mb_debug_sys_rst interconnect aresetn[0:0] +8 u AX] Direct Memory Access ’ . $00 AXI
dem_locked peripheral_aresetn[0:0) mty Docompute (Pre-Production) u ' Y AREES i+
J' ] u ACLK
- — =N
Processor System Reset L] ARESETN X )
[] [ ] S00_ACLK H=E MOO_AX| o [
Sy pesEEEEEEEEEEEEEE" 5°°ARESETNIAI
MOO_ACLK
MOO_ARESETN
AXI Interconnect

= Tlensorpack: https://github.com/tensorpack/tensorpack
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Hardware integration (prototype)

e Attempting to meet timing restrictions of ~10 pys/event (compact CNN)

Smaller CNN (1434 parameters)
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Hardware integration (prototype)
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Attempting to meet timing restrictions of ~10 ps/event (compact CNN)
Smaller CNN (1434 parameters)
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Hardware integration (prototype)

e Attempting to meet timing restrictions of ~10 pys/event (compact CNN)

Performance Estimates

=] Summar R - . . . .
(Clock] Torped Extionatad ncarianiy Xilinx Vivado timing report (net similar to small CNN)

ap_clk| 10.00) 8.742 1.25)

e Reported times in clock cycles (10 ns)

-] Latency (clock cycles)

<] Summary

* Slowest step appears to be the first convolutional layer

Latency Interval ‘
' min max min max Type |
| 862 2902| 482 2522|dataflows

<] Detail

-] Instance

‘ Latency | Interval ,
» Instance ‘ Module | mink max min max Type |
(CONV2D_ACT_NoP_2_UO|CONV2D_ACT_NoP_2| 43 53 35/ 53 dataflow
POOL2D_NoP_1 U0  |POOL2D_NoP_1 | 15/ 27 14 26l dataflow]
(CONV2D_ACT_NoP_1_U0|CONV2D_ACT_NoP_1| 74| 137 67 137 dataflow]
POOL2D_NoP_U0 ' POOL2D_NoP | 45| 85| 34 74/dataflow
'DENSE_NOACT_UO | DENSE_NOACT ' 9 9 10 10/dataflow
\CONV2D_ACT_NoP_UO |CONV2D_ACT_NoP | 861 2901 482| 2522 dataflow
‘ReduceWidth_1_UO | ReduceWidth_1 | 402 402 402 402 none
AddLast_lu_UO |AddLast_lu_s | 1 1 1 1 none|
DENSE_ACT_UO | DENSE_ACT | 4 4 5 5|dataflow
[ExtractPixels_UO |ExtractPixels | 9 9 9 9 none
AppendZeros_U0 |AppendZeros 0 o0 0 0 none
5] iLoop
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Hardware integration (prototype)

e Attempting to meet timing restrictions of ~10 pys/event (compact CNN)

Performance Estimates

<] Summary

[Clock] rget] Extimabad Uncartain] Xilinx Vivado timing report (net similar to small CNN)

lap_clk| 10.00 8.742 1.25)

e Reported times in clock cycles (10 ns)

=] Latency (clock cycles)

S * Slowest step appears to be the first convolutional layer
| Latency | Interval | , .
| min| max| minf max| Type | ““‘
| 862/ 2902 482 2522|dataflow ““"
<] Detail “"“
““

=] Instance ““‘

| ‘ Latency: Interval ‘ ““"

» Instance ‘ Module | mink max min max Type | ““‘

(CONV2D_ACT_NoP_2_UO|CONV2D_ACT_NoP_2 43 53| 33 53 dataflow] _.s*°

POOL2D_NoP_1 U0  |POOL2D_NoP1 | 15| 27| 14 26 datafja® *

CONV2D_ACT_NoP_1_UO|CONV2D_ACT_NoP_1l 74 137 67| 137sdataflow

POOL2D_NoP_U0 ' POOL2D_NoP | 45 85 a4 74 dataflow

'DENSE_NOACT_UO | DENSE_NOACT | 94** 10 10 dataflow

(CONV2D_ACT_NoP_UO |CONV2D_ACT_NoP 82’ 2522, dataflows

‘ReduceWidth_1_UO | ReduceWidth_1 | 402 402 402 402 none

AddLast_lu_UO |AddLast_lu_s | 1 1 1 1 none|

DENSE_ACT_UO | DENSE_ACT | 4 4 5 5|dataflow

[ExtractPixels_UO |ExtractPixels | 9 9 9 9 none

AppendZeros_U0 |AppendZeros 0 o0 O o none

5] iLoop
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Summary

 Use of machine learning in evaluating PET events on-the-
fly in PETALO

 An FPGA-based model with timing ~10 ps/event appears
to be possible: needs to be quite small

 Many detalls still to be addressed:
e impact of neural network in actual reconstruction

* Integration into final electronic readout

35



Additional Slides
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CNN-based approach

e Errors after the 2 pre-processing cuts
0.10

1. Remove events with significant
charge outside 20x20 window for

each gamma

phi error (rad)

2. Remove events with majority of
charge in a single SiPM
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