Automatic detection of scintillation light
splashes using conventional and deep

learning methods
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Introduction

The portable Hybrid Gamma Camera (HGC) [1] is one example of
the use of low profile high energy detectors for intraoperative

imaging and radiation source detection in 3D space.
REA TN "\ “

R AR T
o '1\“\
AR \ \ A

Figure 1: Simulation of thé HGC ingelinicaliuse (thyroid SC8

Lough

borough

University

Contact: Y.Jlang@lboro.ac.uk

Methods

Six automatic detection algorithms are applied to simulated HGC data. These are:
LoG,: The current automatic scale selection method used by the HGC.

LoG,: A different implementation of the Laplacian of Gaussian technique [3], from the Python scikit-image library [4].
DoG: A Difference of Gaussian (DoG) algorithm [5] from the scikit-image library.
DoH: A Determinant of Hessian (DoH) algorithm [6] from the scikit-image library.
Faster RCNN based on VGG16: An implementation of the faster Region-Based Convolutional Neural Network (RCNN) [7]
based on a pre-trained VGG16 [8], training with the simulated image frame dataset.
ResNet-101 based faster RCNN: An implementation of the faster RCNN based on a pre-trained ResNet-101 [9], training
with the same simulated image frame dataset.

Results

These algorithms are compared for performance in identifying light splashes, their size and total energy, and speed.

All new tested models showed an improvement over LoG,. For splash localisation, LoG, gives the best performance with the
highest F1-score of 98.21%, the biggest PR AUC. For the blob scale and energy prediction task, faster RCNN based on the
VGG16 model performed best. Therefore, LoG, and the faster RCNN based VGG16 model can improve the current light
splashes identification of the HGC.

Algorithm Accuracy | Sensitivity | Specificity | Precision | Fl-score | PR AUC | Correlation coefficient rg between scales | Correlation coeffi- | Speed
, . . o cient r, between | (seconds/frame)
The HGC’s gamma detector is a 1.5mm thick Csl:Tl scintillator energies
Coupled to an EMCCD. Each gamma interaction in the Scinti”ator LoG; 99.96% 78.54% 99.97% 59.73% | 67.86% 0.691 0.737 0.934 0.366
. . . LoG; 100% 98.60% 100% 97.86% | 98.21% | 0.982 0.897 0.922 0.024
produces d llght SplaSh on the EMCCD. By Iocatlng these llght DoG 99.99% 93.26% 100% 93.75% | 93.51% | 0.935 0.851 0.873 0.023
splashes, a gamma image can be built up over a number of image DoH 99.92% | 32.81% | 99.96% | 31.87% | 32.33% | 0.324 0.564 0.405 0.070
frames. Faster RCNN based on ResNet-101 | 99.99% 87.57% 100% 93.95% | 90.65% 0.907 0.981 0.962 0.072
Faster RCNN based on VGG16 99.99% 88.15% 100% 93.94% | 90.95% | 0.915 0.982 0.964 0.057
Figure 3: Evaluation of each light splash identification algorithm.
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The current light splash identification algorithm used in the HGC
is automatic scale selection [2]. There are some limitations with
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this technique; 2K o
1) It over-detects some background pixels as light splashes, but | . ° . % % o : ° % ,

can also miss lower energy light splashes. : ) T T O 5 O o N %g o o o : % oo
2) It does not predict the scale (size) of the light splashes well. s 2 C s . o S % 8 g ° . Lo ?g g ‘.
3) It is too slow for frames with >10 events, decreasing the HGC : 6 o o o § ° % %@ 8 ° ° g ) 0 ? 8 S 8 g

. 5 5 104 ° 2T g -
frame rate or count rate capability. : &1 : % g ° % o 4
) . . * . o 0 _‘H_D.'.--*""'b- « o 2 8 o - o #,»"O -]
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thresholding value chosen. o 0 N
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The poster investigates alternative techniques for reconstructing

HGC gamma events in real-time. : . : : : .
& Figure 4: Box plots comparing the performance of each algorithm. The red line represents an ideal scale predicator.

Conclusion

The LoG, and faster RCNNs can mitigate the light splash over-detection problem. The faster RCNN-based VGG16 shows the best correlation coefficients in scale and energy predictions. Moreover, the
detection speed of LoG, and faster RCNNs are suitable for real-time imaging. Faster RCNNs do not require pre-processing thresholding. Based on these results, the faster RCNN based VGG16 will be
implemented in future iterations of the HGC.

Data simulation and preparation Evaluation metrics
Light splashes were
simulated as 2D Gaussians
with size and intensity
distributions from
experimental data. Poisson
noise and background were
added to create 2720
simulated data frames
containing 28582 simulated

KS test for fitting a experimental light splash

TP: true positive, a detected light splash with centre is £ 2 pixels away from a
ground truth splash’s centre.

FP: false positive, the detection algorithm misclassifies a background pixel as a
splash centre.

FN: false negative, a ground truth splash with no associated detection.

TN: true negative, all other pixels

Sensitivity = TP/(TP + FN)

Specificity = TN/ (FP + TN)

Precision = TP/(TP+FP)
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Figure 6: Three simulated date frames.

Figure 5: Kolmogorov-Smirnov test

light splashes. KS testing
showed that both
Gaussian and Laplacian
distributions were equally

for an experimental light splash.

reasonable fits to the
experimental data.

Dataset

Number of frames

Number of blob centre
pixels (Positive cases)

Number of background
pixels (Negative cases)

Training

2000

21000

37467000

Validation

360

3784

6744056

Testing

360

3798

6744042

Accuracy = (TP+TN)/(TP + TN + FP + FN)

F1-score = 2*((Precision*Sensitivity)/(Precision+Sensitivity)), which is the harmonic
mean of precision and sensitivity.
. PR curve is a curve that shows the relationship between recall (sensitivity) and

precision. The x axis is sensitivity, and the y axis is precision.
11. PR AUC can be assumed as an approximation of the average of precisions [11].

For RCNN techniques, images were converted to a
PASCAL Visual Object Classes (VOC) format [10] for
applying faster RCNNs.

Figure 7: Description of generated frames.
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