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Abstract 10 

This work presents a preliminary evaluation of Machine Learning (ML) methods for 11 

automated gamma-ray spectroscopy classification across two levels of spectral 12 

complexity and three levels of detector resolution. Samples analyzed include both single 13 

isotope sources and materials irradiated at the University of Texas at Austin Research 14 

Reactor. Sample collection was conducted with Sodium Iodide (NaI(Tl)), Cadmium Zinc 15 

Telluride (CZT), and High Purity Germanium (HPGe) detectors. A collection of ML 16 

techniques was used and compared to classify spectra according to  their correct  identity; 17 

contrastive techniques were first applied to the single isotope sources before application 18 

to the complex irradiated samples with changing activities.  Activated samples included 19 

NIST-certified coal, soil, tomato leaves, and natural uranium oxide (U3O8) irradiated at 20 

the UT Austin TRIGA reactor. A five-step preprocessing pipeline consisting of counts-21 

per-second normalization, interpolation onto a common energy grid, total-area 22 

normalization, log1p transformation, and Poisson noise augmentation was applied to place 23 

all spectra on a physically meaningful, detector-agnostic representation. Principal 24 
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Component Analysis (PCA) reduced the 3001-dimensional feature vectors to between 4 25 

and 13 components prior to classification. Three classifiers were evaluated under Leave-26 

One-Out Cross-Validation (LOO-CV): Random Forest (RF), Support Vector Machine 27 

with RBF kernel (SVM), and k-Nearest Neighbors (KNN). For single-isotope sources, all 28 

three classifiers achieved no observed failures across all detector types. For the complex 29 

irradiated samples, RF and KNN achieved no observed failures (accuracy 1.000, 30 

Matthews Correlation Coefficient 1.000) on all three detectors, with SVM reaching 0.974 31 

on HPGe due to cooling-time-dependent spectral drift in the tomato leaf class. Clopper-32 

Pearson 95% confidence intervals and per-class prediction confidence analysis indicate 33 

that observed accuracy and prediction reliability diverge for low-statistics measurements, 34 

most notably for short-count CZT spectra. These results establish a validated 35 

preprocessing and classification baseline for experimental gamma spectroscopy datasets 36 

with variable acquisition times, detector types, and post-irradiation histories, and provide 37 

a framework for extension into more complex identification. 38 

Keywords 39 

Machine Learning, Gamma-Ray Spectroscopy, Radiation Detection, Neutron Activation 40 

Analysis, Random Forest (RF), Support Vector Machine (SVM) 41 

Introduction 42 

Accurate and timely identification of irradiated nuclear materials is a fundamental 43 

challenge in nuclear security. When nuclear materials undergo neutron activation, 44 

through reactor irradiation or fission, the resulting activation products and/or fission 45 

products emit characteristic gamma-ray signatures. Distinguishing these signatures 46 

automatically and reliably is critical for applications ranging from environmental 47 

monitoring, safeguards verification, non-proliferation, and post-detonation nuclear 48 

forensics [1]. Traditional gamma-ray analysis relies on peak-search methods that require 49 

subject matter expertise, accurate efficiency calibration, and are time-intensive [2]. These 50 

conventional methods do not leverage the full spectral shape of the data, instead focusing 51 
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on the relative heights of select photopeaks. Machine Learning (ML) approaches offer the 52 

potential to reduce the computational expense of traditional peak-picking, exploit the full 53 

spectral shape, and provide rapid automated classification even in low-resolution or 54 

dynamic spectral environments [3]. 55 

Recent ML advances have demonstrated significant potential for automated 56 

gamma-ray spectroscopy analysis [4], [5]. Neural networks operating on full spectral 57 

shapes rather than extracted peaks eliminate the need for expert-driven feature selection 58 

[6]. Convolutional Neural Networks (CNNs) have shown promise for spectroscopy 59 

applications through their ability to capture local photopeak and Compton continuum 60 

features [7], [8], [9]. Multi-Layer Perceptrons (MLP) and Naive Bayes classifiers have 61 

demonstrated high accuracy even with limited training data [10]. Beyond classification, 62 

ML techniques have been applied to detector calibration, anomaly detection, and nuclear 63 

forensic attribution tasks including reactor type determination from isotope ratio 64 

signatures [10], [11]. Despite this growing body of work, several areas have not been 65 

addressed. The majority of published studies focus on single-isotope identification tasks 66 

or rely on simulated spectral datasets that do not capture the full complexity of real 67 

experimental measurements [12]. This research aims to explore: cross-detector 68 

generalization, where a classifier trained on one detector type can perform accurately on 69 

another. And classifying thermally neutron-activated environmental matrices, whose 70 

spectral character evolves continuously with post-irradiation cooling time due to the 71 

decay of short-lived activation products. These goals are addressed by developing and 72 

evaluating a complete ML classification pipeline applied to the experimental 73 

spectroscopy dataset. This is foundational for a more complex classification task 74 

involving post-detonation fission product spectra from fissile materials.  75 

The experimental dataset spans nine source classes across three spectral 76 

complexity levels. The simplest level consists of single-isotope sources (133Ba, 60Co, 77 

137Cs, 152Eu, 22Na). The dynamic spectra consist of NIST-certified environmental 78 

reference materials (coal, soil, tomato leaves, and U3O8) irradiated at the University of 79 

Texas at Austin TRIGA reactor [13] and measured across various post-irradiation time 80 

windows. Natural uranium oxide exhibits the most temporally dynamic evolution due to 81 
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activation of uranium and its progeny. Measurements were collected simultaneously on 82 

CZT, HPGe, and NaI(Tl) detectors, enabling direct intra-site cross-detector comparison. 83 

This study establishes generalizable preprocessing and classification strategies for 84 

experimental gamma spectroscopy datasets with variable channel counts, variable 85 

acquisition times, and variable post-irradiation histories. The results provide a validated 86 

baseline for future extension to the more complex spectral discrimination problem of 87 

post-detonation fission product identification, where correct identification is critical and 88 

available measurement windows are significantly shorter [1], [14]. 89 

The present work makes several contributions that distinguish it from the existing 90 

literature. First, while prior ML studies in gamma spectroscopy have predominantly 91 

relied on single-isotope identification tasks [4], [7] or simulated training datasets [15], 92 

[16], this work evaluates classification performance on fully experimental spectra from 93 

neutron-activated environmental matrices with no simulated data in the pipeline. Second, 94 

the classification of temporally evolving activation product spectra, where spectra change 95 

continuously with post-irradiation cooling time, has not been addressed in prior ML 96 

spectroscopy literature to the authors' knowledge. Third, simultaneous cross-detector 97 

evaluation on CZT, HPGe, and NaI detectors using identical preprocessing and 98 

classification pipelines enables direct comparison of detector utility for this task. The 99 

application of Poisson noise augmentation to raw counts prior to preprocessing, rather 100 

than to processed feature vectors, preserves the correct counting statistics of the 101 

measurement process and represents a physically motivated augmentation strategy 102 

distinct from generic noise injection approaches used in other spectroscopy ML studies 103 

[17]. 104 

Experimental  105 

Measurement Facilities and Detector Systems  106 

Measurements were conducted at two independent facilities. At Georgia Institute of 107 

Technology, gamma spectra were acquired using three co-located detector systems: a 108 

cadmium zinc telluride (CZT) detector, a high-purity germanium (HPGe) detector, and a 109 
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sodium iodide thallium-doped NaI(Tl) scintillation detector. All single isotope 110 

measurements used a uniform acquisition time of 1800 seconds (30 minutes) per 111 

spectrum.  112 

At the University of Texas at Austin Nuclear Engineering Teaching Laboratory 113 

(NETL) [13], gamma spectra were acquired using the same three detector types (CZT, 114 

HPGe, and NaI(Tl)), deployed simultaneously during each measurement session. 115 

Acquisition times varied by source type and detector. Background and 60Co spectra were 116 

collected at 30 minutes per spectra. 137Cs and 152Eu were acquired at 5-minute intervals 117 

for CZT and NaI, and 30 minutes for HPGe. Activated tomato leaves and soil were 118 

counted for 30 minutes. Activated uranium oxide was counted twice, first in 5-minute 119 

intervals 2 hours after irradiation, and again in 2-hour intervals 10 hours after irradiation. 120 

Coal was counted in 2-hour intervals.  121 

Materials Irradiation   122 

Thermal neutron activation of the environmental reference materials was performed at 123 

the University of Texas at Austin TRIGA Mark II research reactor. Four samples were 124 

irradiated with their parameters are summarized in Table 1. All irradiations were 125 

conducted on August 6–7, 2025. 126 

 127 

Table 1 Sample and Irradiation Characteristic. * = Sample irradiated in multiple 128 

intervals. 129 

Sample Mass (g) Irradiation 

Time (s) 

Power 

(kW) 

Coal (NIST 1632c) 0.13398 300 900 

Soil (NIST 2709) 0.18145 30 900 

Tomato Leaves (NIST 1573a) 0.10792 10 900 

* Natural U₃O₈ 0.01635 30 50 

 30 1 

120 1 



JRNC 

 6 

 130 

Following irradiation, samples were measured simultaneously on the three 131 

detector systems. The post-irradiation cooling time is defined as the elapsed time between 132 

the end of irradiation and the middle of each individual measurement file. Cooling time 133 

varied because only one sample could be measured at a time. Table 2 summarizes the 134 

post-irradiation cooling time ranges for each activated sample and the number of 135 

sequential measurement files collected per sample. 136 

Table 2 Spectral Cool Times After Irradiation 137 

Sample 

Spectra 1 

time, 

min 

Spectra 

2 time, 

min 

Spectra 

3 time, 

min 

Spectra 

4 time, 

min 

Spectra 

5 time, 

min 

Spectra 

6 time, 

min 

Spectra 

7 time, 

min 

Spectra 

8 time, 

min 

Coal 507 627 747 867 987 1107 1227 1347 

U₃O₈ 120 125 130 135 140 145     

U₃O₈ 648 768 888 1008 1128 1248 1368   

Leaves 1925 1955 1985 2015 2045 2075     

Soil 1690 1720 1750 1780 1810       

 138 

All spectra were stored as two-column tab-delimited text files containing 139 

calibrated energy (keV) in the first column and raw integer counts in the second column. 140 

The CZT and NaI detectors had 1024-channel spectra with a channel width of 141 

approximately 2–3 keV, while the HPGe detector had16,384-channel spectra with a 142 

channel width of approximately 0.12 keV per channel. This variability in channel count 143 

and energy scale across files necessitated the interpolation preprocessing step described 144 

in the following section. Figures 1 through 5 show the raw energy versus counts of all 145 

activation product spectra across the three detector resolutions.  146 
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 147 

Fig. 1 Coal Activation Spectra 148 

 149 

Fig. 2 Early U3O8 Activation Spectra 150 

 151 

Fig. 3 Late U3O8 Activation Spectra 152 
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 153 

Fig. 4 Soil Activation Spectra 154 

 155 

Fig. 5 Tomato Leaves Activation Spectra 156 

Methods  157 

Preprocessing Pipeline  158 

A uniform five-step preprocessing pipeline was applied to every spectrum file prior to 159 

feature extraction or model training. The pipeline was designed to place all spectra on a 160 

common, physically meaningful representation that is independent of acquisition time, 161 

detector channel count, source activity, and source-to-detector distance. This included: 162 

Counts-per-second (CPS) normalization, interpolation onto a common energy grid, total-163 

area normalization, Log1p transformation, and feature vector assembly. 164 
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Counts-per-second (CPS) normalization involved dividing the raw integer counts 165 

in each channel by the acquisition time in seconds, thus converting the spectrum to a 166 

count rate representation. This step is important for the activation product spectra where 167 

acquisition times differ between samples. CPS normalization allows spectral shape, rather 168 

than total accumulated counts, to drive the subsequent analysis. 169 

 Interpolation onto a common energy grid was important because the channel 170 

quantity varied by detector. Each CPS spectrum was resampled onto a fixed common 171 

energy axis spanning 0 to 3000 keV in 1 keV steps, yielding a 3001-element feature 172 

vector per spectrum. Resampling was performed by linear interpolation using the 173 

calibrated energy values. Energy values outside the measured range of a given file were 174 

assigned a CPS value of zero rather than extrapolating, which is physically appropriate 175 

since a detector that did not measure a given energy range contributes no counts there. 176 

The 3000 keV upper limit was chosen to capture all gamma lines of interest for the 177 

sources present but excluded the high-energy tail of the HPGe spectra. 178 

Total-area normalization is important so the ML techniques train on spectral 179 

shape rather than intensity. Each interpolated CPS spectrum was divided by its total 180 

integrated area, converting the spectrum to a shape descriptor that is independent of 181 

absolute count rate.  182 

The Log1p transformation is a compression step often used in gamma 183 

spectroscopy ML applications [7], [10] because it reduces the dynamic range between 184 

tall, narrow photopeaks and the broad, low-level Compton continuum. This log(1 + x) 185 

transform was applied element-wise to the normalized spectrum. Without this step, 186 

classifiers trained on raw normalized spectra would be dominated by the few channels 187 

containing high-count photopeaks and would largely ignore the continuum structure that 188 

also carries discriminating information. The log1p form rather than log is used to handle 189 

zero-count channels without producing negative-infinity values. 190 

The result of these steps is a 3001-dimensional floating-point feature vector 191 

representing the log-compressed, normalized spectral shape of a single measurement. 192 

This vector is the sole input to the dimensionality reduction and classification stages. No 193 

peak picking or regions of interest were defined, and thus all discriminating information 194 

is derived from the full spectral shape. 195 
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Poisson Noise Augmentation   196 

Given the small number of original measurement files per sample type (between 5–8 files 197 

per sample per detector), Poisson noise augmentation was used to increase the effective 198 

training set size [17], [18]. The physical motivation for this approach is that gamma-ray 199 

counting is a Poisson process [19], [20]: the number of counts registered in any channel 200 

during a fixed acquisition time follows a Poisson distribution with mean equal to the true 201 

expected count rate multiplied by the acquisition time. This means that physically 202 

plausible synthetic realizations of any measured spectrum can be generated by drawing 203 

new Poisson-distributed count vectors from the observed counts as the Poisson mean. 204 

Augmentation was applied to raw integer counts before any preprocessing step, to 205 

preserve the correct Poisson statistical structure. For each original spectrum, N synthetic 206 

count vectors were generated by drawing independently from Poisson(c) for each 207 

channel, where c is the observed raw count in that channel. Each synthetic count vector 208 

was then passed through the complete five-step preprocessing pipeline to produce a 209 

corresponding synthetic feature vector. The target augmentation level was set to 30 210 

training samples per class per cross-validation fold. Augmentation was only applied to 211 

the training portion of each cross-validation fold, not the test set. All test evaluations 212 

completed on the unaugmented spectra, ensuring that reported classification accuracy 213 

reflects physical measurements rather than performance on correlated synthetic data. A 214 

sensitivity analysis evaluating augmentation targets of 20, 30, and 50 samples per class 215 

was conducted, but found no meaningful difference in classification accuracy for the 216 

single isotope or irradiated samples. All three values produced identical overall accuracy 217 

results. This confirmed that the classifier performance reported at aug_target = 30 is 218 

stable and not sensitive to the specific augmentation level within the tested range. 219 

Dimensionality Reduction via PCA 220 

The 3001-dimensional preprocessed feature vectors were reduced to a low-dimensional 221 

representation using Principal Component Analysis (PCA) before classifier training. With 222 

approximately 30–50 training samples per class following augmentation, direct 223 
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classification in 3001-dimensional space would lead to severe overfitting due to the large 224 

number of channels. PCA was therefore applied as a dimensionality reduction step. 225 

PCA was fit on the augmented training data within each cross-validation fold and 226 

then applied to transform both training and test data. Fitting PCA on all data before 227 

splitting would result in data leakage, as the test spectrum would influence the principal 228 

component directions. The number of retained components was selected 95% 229 

explainability of the spectrum. In practice this resulted in 4 retained components for the 230 

single isotope spectra and 4–13 components for the activation analysis spectra, reflecting 231 

the greater spectral diversity of the irradiated material. 232 

The physical interpretability of the retained PCA components was examined 233 

through loadings analysis, in which the component weight vectors are plotted as a 234 

function of energy and annotated with the known gamma line energies of sources present 235 

in the dataset, allowing the principal directions of spectral variation to be related to 236 

specific physical emission features. 237 

Classification Algorithms  238 

Three classification algorithms were evaluated: Random Forest (RF), Support Vector 239 

Machine with RBF kernel (SVM), and k-Nearest Neighbors (KNN). The selection was 240 

motivated by the small training set size, which rules out deep learning approaches but is 241 

well-suited to these methods [21]. 242 

Random Forest (RF) is an ensemble learning method that constructs multiple 243 

decision trees during training using bootstrap aggregation (bagging), with each tree 244 

trained on a random subsample of the training data and each node split constrained to a 245 

random subset of features [21], and classification is determined by majority vote across 246 

all trees. RF was selected as the primary classifier because of its robustness to overfitting 247 

in small-sample regimes, its native multi-class support, and its ability to provide feature 248 

importance estimates that can be related back to PCA components and ultimately to 249 

spectral energy regions. The fixed hyperparameters used were: 200 trees, maximum 250 

depth of 10, and minimum samples per leaf of 2. 251 
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The Support Vector Machine (SVM) with RBF kernel finds the maximum-margin 252 

hyperplane in the PCA-reduced feature space that separates training class boundaries. 253 

SVMs are common in gamma spectroscopy classification [7] and can outperform RF in 254 

low-sample-count regimes due to their large-margin optimization. Fixed hyperparameters 255 

were C = 10 and gamma = 'scale' (data-adaptive kernel bandwidth). The KNN classifier 256 

(k = 5) was included as a baseline that classifies each test spectrum by plurality vote 257 

among its five nearest neighbors in PCA space, allowing direct inspection of which 258 

training spectra are most similar to any given test spectrum. 259 

Fixed hyperparameters were used for all three classifiers rather than inner cross-260 

validation tuning. This decision was made because of the small dataset size and the large 261 

number of models being evaluated (6 site/detector combinations × 3 classifiers × 3 262 

augmentation targets).  263 

Cross Validation Strategy  264 

Leave-One-Out Cross-Validation (LOO-CV) was used as the main evaluation 265 

strategy because it is well suited for this small dataset. A single 80/20 train/test split 266 

would leave only approximately one test sample per class, making the accuracy estimate 267 

highly sensitive to which specific file was held out. LOO-CV provides the maximum use 268 

of available training data in each fold while ensuring that every measured file is evaluated 269 

as a test case. In each outer fold, one original measured spectrum per class was held out 270 

as the test sample. Augmentation was then applied to the remaining original training 271 

spectra, PCA was fit on the augmented training set, and each classifier was trained and 272 

used to predict the class of the held-out real spectrum. This procedure was repeated so 273 

every experimental file served as a test sample exactly once. Final accuracy metrics were 274 

aggregated across all LOO folds. 275 

Two classification objectives were evaluated simultaneously: source identity 276 

classification (e.g., predicting 'Coal', 'Cs-137', 'U3O8') and category classification 277 

(predicting 'Activation', 'PointSource', or 'Background'). The category label was derived 278 

deterministically from the source identity prediction using a fixed lookup table, so no 279 
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separate category classifier was trained. Per-class accuracy, overall accuracy, and 280 

confusion matrices were computed for both classification levels. 281 

It is important to note that the dataset used in this study is small by machine 282 

learning standards, with 5–8 original measured spectra per class per detector. While 283 

LOO-CV maximizes the use of available data and Poisson augmentation increases the 284 

effective training set size, classification accuracy estimates derived from such small 285 

sample counts should be interpreted with appropriate caution. With as few as 5–8 test 286 

evaluations per class, a single misclassification corresponds to an error rate of 14–20%, 287 

meaning that the reported per-class accuracy values represent coarse estimates of true 288 

population performance rather than statistically precise quantities. The results are best 289 

interpreted as proof-of-concept demonstrations of pipeline viability rather than definitive 290 

performance benchmarks. 291 

Preliminary Analysis: PCA + Clustering and Random Forest  292 

Prior to the primary supervised classification analysis as defined above, a preliminary 293 

unsupervised analysis was conducted using PCA combined with K-means clustering. 294 

This analysis verified that the sample classes would form geometrically distinct clusters 295 

in PCA space without any label information, and also established an interpretable visual 296 

baseline for the more complex ML techniques. The unsupervised analysis is 297 

methodologically independent of the LOO-CV pipeline described above and uses all 298 

available spectra without a train/test split, since no ground-truth labels are used in the 299 

clustering step itself. 300 

PCA was applied to the full preprocessed dataset for each detector type, retaining 301 

the number of components required to explain at least 60–80% of total variance. K-means 302 

clustering was then applied to the PCA score matrix, with the number of clusters set 303 

equal to the number of sample types. Cluster assignment quality was evaluated using the 304 

Adjusted Rand Index (ARI), which measures the agreement between the K-means cluster 305 

assignments and the known ground-truth class labels on a scale of 0 (random) to 1.0 306 

(perfect agreement). This analysis was conducted per detector type.  307 
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A preliminary 80/20 stratified train/test split Random Forest classifier was also 308 

applied to the dataset using StandardScaler normalization and a 512-channel interpolated 309 

energy grid, providing a rapid estimate of classification performance prior to the full 310 

LOO-CV pipeline. This preliminary RF analysis used 200 trees and maximum depth 20 311 

with stratified K-fold cross-validation, serving as a sanity check on the overall approach 312 

before the more methodologically rigorous LOO-CV framework was applied to the full 313 

multi-detector, multi-site dataset. Additionally this approach was used to determine if the 314 

more complex preprocessing and ML techniques would be necessary for this dataset.  315 

Statistical Evaluations  316 

The evaluation of classification models relies on True Positive (TP), True Negative (TN), 317 

False Positive (FP), and False Negative (FN) values. Accuracy (eq. 1) measures the 318 

overall proportion of correct predictions. But it is an inadequate metric for imbalanced 319 

datasets, as majority class predictions disproportionately skew the result. Precision and 320 

recall (eq. 2 and eq. 3) provide more granular assessments. Precision quantifies the 321 

exactness of positive predictions and is optimized when false positives carry a significant 322 

penalty. Conversely, recall, or sensitivity measures the proportion of actual positive 323 

instances correctly identified. Recall optimization is critical when false negatives 324 

represent a severe risk. To balance these competing objectives, the F1 score (eq. 4) 325 

utilizes the harmonic mean of precision and recall. The harmonic mean inherently 326 

penalizes disparate values, making the F1 score mathematically robust for imbalanced 327 

datasets. However, because this formula excludes True Negatives, it strictly evaluates 328 

positive class performance, thereby lacking the comprehensive bidirectional assessment 329 

provided by the Matthews Correlation Coefficient [21]. 330 

 
(1) 

 
(2) 



JRNC 

 15 

 
(3) 

 
(4) 

 331 

 332 

The macro-averaged Matthews Correlation Coefficient (MCCi) is an evaluation 333 

metric for multi-class classification models, see eq. 5. It is calculated by determining the 334 

standard binary MCC for each class independently and then taking the unweighted 335 

arithmetic mean of those individual scores. Because the macro-average treats every class 336 

equally regardless of its frequency in the dataset, it is particularly rigorous when 337 

evaluating models on highly imbalanced data [22].  338 

 

(5) 

Results and Discussion 339 

Preliminary Analysis Results  340 

A preliminary unsupervised and supervised analysis was conducted to determine whether 341 

the full preprocessing and LOO-CV pipeline was warranted, or whether simpler 342 

approaches would suffice for the classification task. The unsupervised stage evaluated 343 

four clustering algorithms on the PCA reduced spectra: K-means, Gaussian Mixture 344 

Models (GMM), DBSCAN, and HDBSCAN. The  cluster assignment quality score 345 

against the true label used the Adjusted Rand Index (ARI). The supervised stage applied 346 

an 80/20 stratified-split Random Forest classifier (200 trees, max depth 20) using a 347 

simplified preprocessing pipeline consisting of StandardScaler normalization and a 512-348 

channel interpolated energy grid, without log1p compression, total-area normalization, or 349 

Poisson augmentation. 350 



JRNC 

 16 

For the single-isotope sources, all clustering algorithms achieved ARI = 1.000 on 351 

all three detector types using 2 principal components, and the simplified RF reached 352 

100% training, test, and validation accuracy. These results confirm that single-isotope 353 

spectra are easily separable, with the photopeak structure dominating the feature space, 354 

no sophisticated preprocessing is required when each class is defined by one or two well-355 

resolved emission lines. The HPGe PCA score plot (Figure 6B, 75.4% explained 356 

variance) shows six fully isolated clusters with Background separated along PC2 and 357 

individual sources distributed across PC1 in an order reflecting their characteristic 358 

photopeak energies. CZT produced larger within-cluster scatter due to lower counting 359 

statistics from the smaller crystal volume, and HPGe produced the tightest clusters as 360 

expected from its superior energy resolution. 361 

 362 

Fig. 6 Preliminary Analysis Clustering Results from NaI and CZT Representative Data 363 

For the reactor-irradiated environmental matrices, however, the preliminary 364 

methods exposed several failure modes that motivated the full pipeline. The clustering 365 

algorithms diverged in their behavior on this dataset. K-means and GMM reached ARI = 366 

1.000 only after the component count was increased to 3 and explained-variance 367 

thresholds were relaxed (NaI 78.8%, CZT 60.8%, HPGe 69.7%), and even then the 368 

cluster boundaries depended on initialization seed for K-means and on covariance-type 369 

selection for GMM. Other clustering techniques were explored, but they were found to 370 

classify longer cooling time samples as noise or not sufficiently resolve the sample types. 371 

Thus for the more in depth ML analysis, unsupervised techniques alone could not be 372 

relied on for classification of the complex irradiated materials.  373 
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The simplified supervised RF results reinforced this conclusion. On the irradiated-374 

materials dataset the preliminary RF achieved 96.8% test accuracy with cross-validation 375 

accuracy of 96.7% (± 6.24%), corresponding to multiple misclassifications under the 376 

80/20 split — predominantly Coal predicted as Soil and the reverse. This pattern is 377 

consistent with the compositional similarity of these two geologically related alumino-378 

silicate matrices, which share overlapping trace-element activation product inventories, 379 

and was most pronounced on CZT where lower energy resolution prevented separation of 380 

the closely spaced activation lines that distinguish them. Misclassifications were also 381 

concentrated at longer post-irradiation cooling times, where short-lived activation 382 

products had decayed and the residual spectral shape carried less class-discriminating 383 

information. 384 

Together, the preliminary analyses established three findings that directly 385 

motivated the methodological choices in the full pipeline. First, the unsupervised 386 

clustering results showed that activation spectra do not form well-separated compact 387 

clusters under simple preprocessing, particularly when post-irradiation cooling-time 388 

evolution is present, motivating the log1p compression and total-area normalization steps 389 

that emphasize spectral shape over intensity. Second, the Coal–Soil confusion under 390 

simplified preprocessing motivated the move from a single 80/20 split to LOO-CV, since 391 

the small dataset size produced highly variable error estimates depending on which 392 

spectra fell into the test fold. Third, the cross-validation standard deviation of ± 6.24% 393 

under the simplified pipeline indicated that the preliminary point estimate of 96.8% 394 

carried substantial uncertainty, and that a more rigorous statistical evaluation framework 395 

would be necessary. These findings provided the justification for the full preprocessing 396 

pipeline, augmentation strategy, and LOO-CV framework described in the Methods 397 

section, and confirmed the selection of RF as one of the three primary classifiers in the 398 

final analysis. 399 

Single Isotope ML Classification Results  400 

All three classifiers (RF, SVM, and KNN) achieved 100% overall accuracy on the single 401 

isotope dataset of 133Ba, 60Co, 137Cs, and 22Na across all three detector types (CZT, 402 
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HPGe, NaI). Per-class accuracy was 1.000 for every source class across all models. 403 

Because LOO-CV on six original files per class produces six binary trials per class, these 404 

point estimates reflect consistent correct classification on every available measured 405 

spectrum rather than a statistically precise estimate of population accuracy. Classification 406 

performance was also robust to the specific augmentation target within the range tested, 407 

confirming that the reported results are not sensitive to that hyperparameter choice. 408 

These results are consistent with physical expectations and serve primarily as a 409 

validation of the pipeline before applying it to the activation spectra. Single-isotope 410 

sources measured in a controlled laboratory setting on well-calibrated detectors with 411 

uniform 30-minute acquisition times produce highly reproducible spectral shapes with 412 

prominent, well-resolved photopeaks. The separability of these classes in a 4-component 413 

PCA space reflects the fundamental distinctiveness of characteristic gamma emission 414 

lines at the energies of 133Ba (356 keV), 60Co (1173, 1332 keV), 137Cs (662 keV), 152Eu 415 

(122, 344, 779, 1408 keV), and 22Na (511, 1275 keV). The multi-source configuration, 416 

which contains a simultaneous mixture of 133Ba, 60Co, 137Cs, and 22Na, is correctly 417 

distinguished from all single-source spectra by all three classifiers at 100% accuracy, 418 

demonstrating that the pipeline learns the composite spectral shape of a multi-isotope 419 

mixture rather than responding only to the most prominent individual peak.  420 

Activation Analysis ML Classification Results  421 

Classification of the thermally neutron-activated environmental matrices against 422 

background presented a substantially more challenging task than the single-isotope 423 

sources, owing to the spectral complexity of multi-isotope activation product mixtures, 424 

variable post-irradiation cooling times, and the compositional similarity of several natural 425 

matrix samples. Despite these challenges, the pipeline achieved high to perfect 426 

classification accuracy across all three detector types on the complex irradiated sample 427 

subset (Coal, Leaves, Soil, U₃O₈, U₃O₈_5m, and BG), see Figure 7 for F1 scores, and see 428 

the Appendix for additional metrics per sample and per detector. 429 
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 430 

Fig. 7 F1 Scores per Detector 431 

For NaI, all three classifiers achieved perfect classification on the complex 432 

irradiated materials (accuracy = 1.000, MCC = 1.000, n = 37). Despite NaI's lower energy 433 

resolution, the dominant 24Na lines, 40K feature, and differing Compton continuum 434 

profiles of each activated matrix are captured at sufficient fidelity in the log1p-435 

compressed full-spectrum feature vector for perfect separation in PCA space. 436 

For CZT, RF, SVM, and KNN each attained 1.000 overall LOO-CV accuracy and 437 

MCC on the complex irradiated samples (n = 37). This is notable given CZT's lower 438 

energy resolution. The five activation classes differ primarily in the relative intensities of 439 

24Na (1369, 2754 keV), 40K (1460 keV), and trace element activation lines. Although 440 

these features are not sharply resolved on CZT, the full-spectrum preprocessing approach 441 

captures their relative intensities as spectral shape features sufficient for perfect 442 

separation. 443 

The HPGe Results for RF and KNN achieved perfect accuracy on the complex 444 

irradiated samples (accuracy = 1.000, MCC = 1.000, n = 38), while SVM reached 0.974 445 

(MCC = 0.969). The single SVM misclassification involved a tomato leaf spectrum 446 

acquired near 2,000 minutes post-irradiation, where the short-lived 24Na component had 447 

largely decayed and the spectral shape increasingly resembled background [23]. The 448 

SVM margin-based boundary placed this spectrum on the wrong side of the 449 

Background/Activation boundary, while RF and KNN were more tolerant of this gradual 450 

spectral drift. This suggests that for activation spectra with significant cooling-time-451 

dependent evolution, ensemble and neighbor-based methods are preferable to margin-452 

based classifiers. 453 
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 RF and KNN achieved 1.000 accuracy on every detector, with SVM degrading 454 

only on HPGe due to the cooling-time spectral evolution of the Leaves class. The 455 

consistency of RF and KNN across all three detectors confirms that ensemble and 456 

neighbor-based methods are the more robust choice for activation classification tasks 457 

where spectral shape evolves temporally within a class. 458 

Reliability and Statistical Considerations  459 

95% Confidence Intervals (CIs) (Table 3) and classification accuracy were computed 460 

using the Clopper-Pearson exact binomial method, which is appropriate for small samples 461 

where the normal approximation breaks down. On CZT and NaI, all classifiers achieved 462 

perfect observed accuracy (1.000) with a CI lower bound of 0.905, so true population 463 

accuracy could plausibly be as low as ~90%. RF and KNN on HPGe matched this (CI 464 

[0.908, 1.000]). The one exception was HPGe SVM at 0.974 (CI [0.862, 0.999]), driven 465 

by a single tomato leaf misclassification at ~2,000 min cooling time. Even its lower 466 

bound of 0.862 reflects strong performance on a physically difficult task. These intervals 467 

confirm that irradiated sample discrimination is robust across all three detectors within 468 

the limits of the available data; larger datasets would tighten the bounds and yield more 469 

precise population-level estimates. 470 

 471 

Table 3 Aggregate LOO-CV Classification Metrics for Background and Irradiated 472 

Samples. 95% confidence intervals computed using the Clopper-Pearson exact binomial 473 

method. 474 

Detector Classifier n Accuracy 
95% 

CI 
MacroF1 MCC 

CZT RF 37 1 
[0.905, 

1.000] 
1 1 

CZT SVM 37 1 
[0.905, 

1.000] 
1 1 

CZT KNN 37 1 [0.905, 1 1 
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1.000] 

HPGe RF 38 1 
[0.908, 

1.000] 
1 1 

HPGe SVM 38 0.974 
[0.862, 

0.999] 
0.97 0.969 

HPGe KNN 38 1 
[0.908, 

1.000] 
1 1 

NaI RF 37 1 
[0.905, 

1.000] 
1 1 

NaI SVM 37 1 
[0.905, 

1.000] 
1 1 

NaI KNN 37 1 
[0.905, 

1.000] 
1 1 

 475 

The confidence metrics indicate fragility within the systems that cannot be 476 

explicitly expressed through accuracy. The CZT U₃O₈ 5 minute group classified correctly 477 

but at RF mean confidence 0.642 ± 0.092 (min 0.548). That is a correct but unreliable 478 

prediction: in a deployed system a small perturbation could flip it. Accuracy alone would 479 

never surface this; the confidence column does. This indicates that observed accuracy and 480 

prediction reliability diverge for low statistic measurements, as seen with the small CZT 481 

semiconductor crystal, it has much lower counting efficiency than a scintillator like NaI, 482 

and with a low count time of 5 minutes it results in poor counting statistics.  483 

 484 

Table 4 Mean Prediction Coefficients per Sample and Detector for RF and SVM 485 

Classifiers. Values reported as mean +/- standard deviation across LOO-CV folds. 486 

Accuracy (Acc) column shows per class LOO-CV accuracy for reference. 487 

Detector Class 

RF 

Mean 

Conf ± 

Std 

RF Min RF Max RF Acc 

SVM 

Mean 

Conf ± 

Std 

SVM 

Min 

SVM 

Max 

SVM 

Acc 

CZT BG 
0.737 ± 

0.056 
0.668 0.826 1 

0.884 ± 

0.060 
0.776 0.94 1 

CZT Coal 0.992 ± 0.961 1 1 0.927 ± 0.925 0.929 1 
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0.013 0.002 

CZT Leaves 
0.864 ± 

0.076 
0.776 0.971 1 

0.908 ± 

0.019 
0.87 0.929 1 

CZT Soil 
0.983 ± 

0.019 
0.957 1 1 

0.913 ± 

0.001 
0.911 0.915 1 

CZT U₃O₈ 
0.951 ± 

0.068 
0.802 1 1 

0.899 ± 

0.004 
0.894 0.904 1 

CZT U₃O₈_5m 
0.642 ± 

0.092 
0.548 0.762 1 

0.914 ± 

0.013 
0.892 0.929 1 

HPGe BG 
0.876 ± 

0.083 
0.72 0.944 1 

0.515 ± 

0.017 
0.492 0.538 1 

HPGe Coal 
0.999 ± 

0.003 
0.992 1 1 

0.904 ± 

0.008 
0.886 0.913 1 

HPGe Leaves 
0.891 ± 

0.124 
0.69 0.993 0.833 

0.464 ± 

0.019 
0.438 0.493 0.833 

HPGe Soil 
0.999 ± 

0.001 
0.997 1 1 

0.944 ± 

0.003 
0.938 0.947 1 

HPGe U₃O₈ 
1.000 ± 

0.000 
1 1 1 

0.898 ± 

0.002 
0.895 0.901 1 

HPGe U₃O₈_5m 
0.953 ± 

0.066 
0.859 1 1 

0.866 ± 

0.030 
0.803 0.89 1 

NaI BG 
1.000 ± 

0.000 
1 1 1 

0.914 ± 

0.002 
0.912 0.917 1 

NaI Coal 
0.980 ± 

0.025 
0.92 1 1 

0.918 ± 

0.015 
0.892 0.936 1 

NaI Leaves 
0.960 ± 

0.089 
0.76 1 1 

0.909 ± 

0.003 
0.903 0.913 1 

NaI Soil 
0.993 ± 

0.010 
0.974 1 1 

0.924 ± 

0.003 
0.92 0.928 1 

NaI U₃O₈ 
0.989 ± 

0.010 
0.974 1 1 

0.885 ± 

0.007 
0.88 0.902 1 

NaI U₃O₈_5m 
0.999 ± 

0.002 
0.995 1 1 

0.863 ± 

0.027 
0.82 0.89 1 

 488 
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LOO-CV can slightly inflate apparent performance because augmented copies of 489 

the held-out class's neighbors remain in training; PCA is correctly fit inside the fold, but 490 

with only 4–13 components and ~30 augmented samples, the components are estimated 491 

from few independent measurements; and all "augmentation" derives from the same 492 

handful of physical files, so it expands effective sample size for variance estimation but 493 

cannot introduce new physical diversity (cooling time or additional unique samples). 494 

 The small sample sizes found in this dataset require additional analyses to answer 495 

if these results are reliable. With 5-8 spectra per class, a single misclassification is a 14-496 

20% error. When something provides 100% accuracy that indicates zero errors out of ~37 497 

trials, this can be better reported as a ML technique resulting in ‘no observed failures’ 498 

rather than 100% accuracy. With this, it is important to have confidence that the positive 499 

scores seen from these results are real and not artifacts. For the decision trees using a 500 

majority vote in RF and a plurality vote among neighbors in KNN, these techniques are 501 

non-parametric and make few distributional assumptions, so the fact that they both result 502 

in no observed failures across all three detectors is difficult to get by chance. 503 

Alternatively, with SVM and the RBF kernel, this technique uses a margin based 504 

boundary that is sensitive to points drifting towards another class. An example of this was 505 

seen for the tomato leaf sample with a long cooling time that was misclassified as 506 

background. This error can be explained by how SVM works and is not random. These 507 

three independent algorithms converging on a solution support the claim that these results 508 

are reliable.  509 

Conclusion  510 

This work presented a complete machine learning pipeline for the automated 511 

classification of experimental gamma-ray spectra, evaluated across two levels of spectral 512 

complexity and three detector types (CZT, HPGe, and NaI(Tl)). A five-step 513 

preprocessing chain allowed the spectra to be analyzed independent of their collection 514 

time. Preprocessing included counts-per-second normalization, interpolation onto a 515 

common 3001-point energy grid, total-area normalization, log1p compression, and 516 

Poisson noise augmentation applied to raw counts. Following PCA dimensionality 517 
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reduction, three classifiers (RF, SVM, and KNN) were evaluated under Leave-One-Out 518 

Cross-Validation on both single-isotope sources and thermal neutron-activated samples. 519 

For single-isotope sources, all three classifiers achieved perfect observed accuracy (no 520 

observed failures) on every detector. For the more complex irradiated materials, RF and 521 

KNN achieved perfect accuracy and Matthews Correlation Coefficient on all three 522 

detectors, while SVM matched this on CZT and NaI and reached 0.974 on HPGe. The 523 

single SVM error was a tomato leaf spectrum measured near 2,000 minutes post-524 

irradiation, where decay of the short-lived ²⁴Na component left a spectral shape 525 

resembling background. This failure is consistent with the margin-based nature of the 526 

SVM decision boundary and indicates that ensemble and neighbor-based classifiers are 527 

the more robust choice for activation spectra whose shape evolves with cooling time. 528 

These results should be interpreted as a validated proof-of-concept rather than a 529 

definitive performance benchmark. With only 5–8 measured spectra per class, the perfect 530 

accuracy values represent zero observed errors over a small number of trials, not 531 

statistically precise population estimates. Because the three ML approaches achieved 532 

similar results, the observed performance reflects genuine separation of sample classes 533 

rather than an artifact of the small dataset. The confidence analysis revealed that even 534 

with high to perfect prediction accuracy, the confidence may be lower. The CZT uranium 535 

oxide samples counted for only 5 minutes were classified correctly but at low confidence 536 

(RF mean 0.642), demonstrating that short counting times on small-volume detectors 537 

may yield correct predictions, but they are not stable. A confidence threshold near 0.70 is 538 

therefore recommended as a practical quality-control criterion for any deployed system. 539 

The present pipeline was trained and evaluated within each detector type 540 

independently, so each classifier was trained exclusively on spectra from the same 541 

detector it was tested on. Training on one detector type and predicting another was not 542 

evaluated in this study and represents an important open question. Physical intuition 543 

suggests that the total area normalized, log1p compressed full spectrum representation 544 

may carry detector shape to support some amount of transferability between predictions, 545 

especially for detectors of similar resolution class (e.g., CZT to NaI). However, the 546 

substantially different energy resolution, channel width, and Compton continuum profiles 547 

between HPGe and scintillator detectors would likely require either domain adaptation 548 
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techniques, detector-response normalization, or retraining on mixed detector datasets to 549 

achieve reliable cross-detector performance. This is a natural and important extension of 550 

the present work and is planned as a future study. 551 

The pipeline establishes a generalizable preprocessing and classification baseline 552 

for experimental gamma spectroscopy datasets with variable channel counts, acquisition 553 

times, and post-irradiation histories. Future work will address cross-detector training, 554 

expand the dataset to narrow the confidence intervals, expand the dataset through real or 555 

simulated spectra, and extend the framework toward fission product identification. 556 
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 Appendix   643 

Table 5. ML Per-Class Metrics 644 

Detecto

r 

Classifie

r Class Category n Sparse Recall 

Precisio

n F1 

CZT RF BG 

Backgroun

d 5 

FALS

E 1 1 1 

CZT RF Co60 

PointSourc

e 6 

FALS

E 1 1 1 

CZT RF Coal Activation 8 

FALS

E 1 1 1 

CZT RF Cs137 

PointSourc

e 7 

FALS

E 1 1 1 

CZT RF Eu152 

PointSourc

e 6 

FALS

E 1 1 1 

CZT RF Leaves Activation 6 

FALS

E 1 1 1 

CZT RF Soil Activation 5 

FALS

E 1 1 1 

CZT RF U3O8 Activation 7 

FALS

E 1 1 1 

CZT RF 

U3O8_5

m Activation 6 

FALS

E 1 1 1 

CZT SVM BG 

Backgroun

d 5 

FALS

E 1 1 1 

CZT SVM Co60 

PointSourc

e 6 

FALS

E 1 1 1 

CZT SVM Coal Activation 8 

FALS

E 1 1 1 

CZT SVM Cs137 

PointSourc

e 7 

FALS

E 1 1 1 

CZT SVM Eu152 PointSourc 6 FALS 1 1 1 
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e E 

CZT SVM Leaves Activation 6 

FALS

E 1 1 1 

CZT SVM Soil Activation 5 

FALS

E 1 1 1 

CZT SVM U3O8 Activation 7 

FALS

E 1 1 1 

CZT SVM 

U3O8_5

m Activation 6 

FALS

E 1 1 1 

CZT KNN BG 

Backgroun

d 5 

FALS

E 1 1 1 

CZT KNN Co60 

PointSourc

e 6 

FALS

E 1 1 1 

CZT KNN Coal Activation 8 

FALS

E 1 1 1 

CZT KNN Cs137 

PointSourc

e 7 

FALS

E 1 1 1 

CZT KNN Eu152 

PointSourc

e 6 

FALS

E 1 1 1 

CZT KNN Leaves Activation 6 

FALS

E 1 1 1 

CZT KNN Soil Activation 5 

FALS

E 1 1 1 

CZT KNN U3O8 Activation 7 

FALS

E 1 1 1 

CZT KNN 

U3O8_5

m Activation 6 

FALS

E 1 1 1 

HPGe RF BG 

Backgroun

d 5 

FALS

E 1 0.8333 

0.909

1 

HPGe RF Co60 

PointSourc

e 1 TRUE 0   

HPGe RF Coal Activation 8 

FALS

E 1 1 1 

HPGe RF Cs137 

PointSourc

e 2 TRUE 1 1 1 

HPGe RF Eu152 

PointSourc

e 1 TRUE 0   

HPGe RF Leaves Activation 6 

FALS

E 1 0.8571 

0.923

1 

HPGe RF Soil Activation 6 

FALS

E 1 1 1 

HPGe RF U3O8 Activation 7 

FALS

E 1 1 1 

HPGe RF 

U3O8_5

m Activation 6 

FALS

E 1 1 1 
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HPGe SVM BG 

Backgroun

d 5 

FALS

E 1 0.8333 

0.909

1 

HPGe SVM Co60 

PointSourc

e 1 TRUE 0   

HPGe SVM Coal Activation 8 

FALS

E 1 1 1 

HPGe SVM Cs137 

PointSourc

e 2 TRUE 1 1 1 

HPGe SVM Eu152 

PointSourc

e 1 TRUE 0   

HPGe SVM Leaves Activation 6 

FALS

E 

0.833

3 0.7143 

0.769

2 

HPGe SVM Soil Activation 6 

FALS

E 1 1 1 

HPGe SVM U3O8 Activation 7 

FALS

E 1 1 1 

HPGe SVM 

U3O8_5

m Activation 6 

FALS

E 1 1 1 

HPGe KNN BG 

Backgroun

d 5 

FALS

E 1 1 1 

HPGe KNN Co60 

PointSourc

e 1 TRUE 0   

HPGe KNN Coal Activation 8 

FALS

E 1 1 1 

HPGe KNN Cs137 

PointSourc

e 2 TRUE 1 1 1 

HPGe KNN Eu152 

PointSourc

e 1 TRUE 0   

HPGe KNN Leaves Activation 6 

FALS

E 1 0.75 

0.857

1 

HPGe KNN Soil Activation 6 

FALS

E 1 1 1 

HPGe KNN U3O8 Activation 7 

FALS

E 1 1 1 

HPGe KNN 

U3O8_5

m Activation 6 

FALS

E 1 1 1 

NaI RF BG 

Backgroun

d 5 

FALS

E 1 1 1 

NaI RF Co60 

PointSourc

e 6 

FALS

E 1 1 1 

NaI RF Coal Activation 8 

FALS

E 1 0.8889 

0.941

2 

NaI RF Cs137 

PointSourc

e 7 

FALS

E 

0.857

1 1 

0.923

1 

NaI RF Eu152 

PointSourc

e 6 

FALS

E 1 1 1 
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NaI RF Leaves Activation 6 

FALS

E 1 1 1 

NaI RF Soil Activation 5 

FALS

E 1 1 1 

NaI RF U3O8 Activation 7 

FALS

E 1 1 1 

NaI RF 

U3O8_5

m Activation 6 

FALS

E 1 1 1 

NaI SVM BG 

Backgroun

d 5 

FALS

E 1 1 1 

NaI SVM Co60 

PointSourc

e 6 

FALS

E 1 1 1 

NaI SVM Coal Activation 8 

FALS

E 1 1 1 

NaI SVM Cs137 

PointSourc

e 7 

FALS

E 

0.857

1 1 

0.923

1 

NaI SVM Eu152 

PointSourc

e 6 

FALS

E 1 1 1 

NaI SVM Leaves Activation 6 

FALS

E 1 1 1 

NaI SVM Soil Activation 5 

FALS

E 1 0.8333 

0.909

1 

NaI SVM U3O8 Activation 7 

FALS

E 1 1 1 

NaI SVM 

U3O8_5

m Activation 6 

FALS

E 1 1 1 

NaI KNN BG 

Backgroun

d 5 

FALS

E 1 1 1 

NaI KNN Co60 

PointSourc

e 6 

FALS

E 1 1 1 

NaI KNN Coal Activation 8 

FALS

E 1 1 1 

NaI KNN Cs137 

PointSourc

e 7 

FALS

E 

0.857

1 1 

0.923

1 

NaI KNN Eu152 

PointSourc

e 6 

FALS

E 1 1 1 

NaI KNN Leaves Activation 6 

FALS

E 1 1 1 

NaI KNN Soil Activation 5 

FALS

E 1 0.8333 

0.909

1 

NaI KNN U3O8 Activation 7 

FALS

E 1 1 1 

NaI KNN 

U3O8_5

m Activation 6 

FALS

E 1 1 1 
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