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| ntrOd UCtiOn . Table 1. Average calculated accuracy of all folds with standard deviation: classification of
hod of q . . 5 5 . Eventual ‘y, the avera ge measures of 10 times different isotopes (Left panel), classification of different activities (Right panel)
A method of weapon detection for t efCompre en5|;]/e running for accuracy, sensitivity, etc, for each X T o o
_ _ _ ' ' ' o couracy Accuracy for
Nuclear-Test-Ban-Treaty (CTBT) consists of monitoring the method were reported and compared. The Activity classficationof | KNN | RNN | MLP

Mean 0965 | 0.962 | 0.85 activity

a:wount of radioxenon in th?C zla3tlm;)<sph§3r>e< b\’lgg‘exasur'”g and isotope type for a passive spectrum were the
the activity concentration o mXe, e, mXe, an . c.
Y classified as outcome measures. Standard deviation | 0.0037 |0.00449 | 0.02633

13>Xe. Machine learning algorithms allow improved task Standard deviation| 0.00217 | 0.00158 | 0.00598

performance without being explicitly programmed. Result | | | |
Approaches based on machine learning aim to build The typical simulated 2D radioxenon isotopes o T s T somm mrer  sowmrer

classification algorithms automatically by capturing §pectrum t.hat.is used for training and testing ANN is / —— -
statistically robust patterns present in the analyzed data. lustrated in fig 1. The Results are averaged on all :

In the present work, we set to investigate a range of foldsandare shown for each algorithms in tablel. aro — - — 53 x

advanced machine learning methods for optimal Activity Accuracy (the ratio of number of correct predictions 1o

classification of radioxenon isotopes (131mXe 133myea 133%a of classes to the total number of mpu? samples) for
135Xe) and discrimination of each others and from 214pPb. MLP was 0.85 also as shown in figure 2,
performance measures of some classes was 214 Pb 131m Xe 135 Xe — 193 Xe

obtained lower values than other algorithms, 1 l l . k

Dat.a sets  used ;’;’fre twg—dimensiona spectra O \whereas the accuracy reported for other classifiers
radioxenons and  “*Pb  which were obtained from \ere more than 0.96 also the values for other ' ' '

simulation in the GATE 7.0 code using The INGAS (Iranian oerformance measures were higher. In fact, both

Mean 0.989 | 0.99 0.97
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Noble Gas Analyzing System) geometry. The activity grnN and KNN algorithms resulted in appropriate s 'k —————— :
concentration range of simulated spectra were 1 to 150 verformances because of large number of input § osL—" -
mBa/M- with this assumption that 1cc xenon was injected  4at5 For the activities classification, all the classifier 214 131 m xe 135 e 133m Xe 133 %6
to beta cell. including traditional classifier (MLP) and the 1 ' ' :

machine learning techniques were very well as they
obtained high values for performance measures and
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Machine learning process

A range of robust classification algorithms (CA) such as high accuracy (above 0.97) 214 P 131m Xe 135 Xe 133m Xe 133 Xe
MLP_BP, KNN, RNN were selected amongst various families o Classes
f\earner a\gOritﬂmS T addit'On we CO"lSideI'Ed 5 feature =00 Fmo Fig 2. Diagram of performance measures for different algorithms(Mean & STD)
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extraction algorithm (FEA) such as FCM (Fuzzy C means) for z o Conclusions
initial feature extraction. We subsequently add features g 't has been demonstrated that using various neural
extracted by the FCM to inputs features (Gamma and Beta 2 200 s network algorithms, it was possible to solve the
> — 150.0 C - C . . .

Coincidence with different activity) to classify. We utilized 100 | t‘;ﬁi;z problem of interference of the activity calculation
ten folds cross validation as an evaluating models of o . and discriminate Beta—gamma coincidence spectrum
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classifiers. Beta Energy (keV) of radioxenon and 44“Rn(“**Pb) and correctly classify

Figl. Beta—gamma spectrum of radioxenon isotopes simulated via the Gate code th ese events.
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