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Abstract: Neural networks require a large quantity of training spectra and detector responses in 1

order to learn to solve the inverse problem of neutron spectrum unfolding. In addition, due to 2

the under-determined nature of unfolding, non-physical spectra which would not be encountered 3

in usage should not be included in the training set. While physically realistic training spectra 4

are commonly determined experimentally or generated through Monte Carlo simulation, this can 5

become prohibitively expensive when considering the quantity of spectra needed to effectively train 6

an unfolding network. In this paper, we present three algorithms for the generation of large quantities 7

of realistic and physically motivated neutron energy spectra. Using an IAEA compendium of 251 8

spectra, we compare the unfolding performance of neural networks trained on spectra from these 9

algorithms, when unfolding real-world spectra, to two baselines. We also investigate general methods 10

for evaluating the performance of and optimizing feature engineering algorithms. 11

Keywords: Detector Response Unfolding; Neutron Spectrum Unfolding; Machine Learning; Neural 12

Network; Feature Engineering 13

1. Introduction 14

Accurate measurements for the energy spectrum of a neutron radiation source are 15

important across widely-ranging applications, such as monitoring workplace radiation 16

exposure, medical imaging, and tracking rates of nuclear reactions for fission or fusion. In 17

many ways, neutron energy spectra act as fingerprints to identify the nuclear composition 18

of a given neutron radiation source. Thus, these measurements are also crucial in national 19

security applications such as detecting the smuggling of illicit nuclear materials or nuclear 20

warhead treaty verification [1,2]. 21

There are several radiation detection methods used to determine the energy spectrum 22

of a neutron radiation source, including Bonner sphere detectors [3,4] and scintillation 23

detectors [5–7]. Almost all neutron detectors, however, involve the use of materials with 24

characteristic responses to radiation which preserve information about the energy of the 25

incoming radiation. That characteristic response does not directly contain the energy 26

information; in order to determine the incident neutron energy spectrum, this response 27

must first be processed by spectrum unfolding algorithms. 28

Unfolding algorithms rely on the ability to construct a linear transformation, known as 29

the detector response function, which gives a mapping between neutron energy spectra and 30

the corresponding measured characteristic detector responses. This linear transformation 31

is generally determined explicitly through experiment, or by using Monte Carlo radiation 32

transport codes [6,8,9] such as Geant4 [10] and MCNP [11]. The act of unfolding thus 33

involves inverting this linear transformation in order to determine the neutron energy 34

spectrum which is most likely to have given rise to a known detector response. Since 35

the number of detector response bins is usually less than the number of energy bins to 36

be unfolded, attempting to directly invert the detector response function would yield an 37
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under-determined system of linear equations with potentially infinite solutions. Thus, to 38

unfold the correct neutron energy spectra from a given detector response, constraints must 39

be placed on the possible solution space to filter out extraneous and non-physical solution 40

spectra. 41

Many commonly used unfolding algorithms employ iterative methods [4,7,12] to 42

converge on the unfolded spectrum, given some a priori guess of the solution spectrum. The 43

constraints are usually baked into iterative unfolding algorithms - often through initializing 44

the iteration from a realistic-looking neutron energy spectrum or by only considering 45

neutron energy spectra which follow from theoretical models [12]. However, iterative 46

methods can become prohibitively computationally expensive for fine energy bin structure 47

or when unfolding must be performed in situ, i.e. when a priori knowledge is for some 48

reason not available. 49

More recently, neural network based unfolding algorithms have been explored [4,13, 50

14]. Neural networks have the advantage that, once trained, they are extremely quick to 51

evaluate on any input detector response regardless of the size of the network or number of 52

energy bins to be unfolded. However, the accuracy and generalizability of a neural network 53

is dependent upon the quantity of data used to train it. In addition, the under-determined 54

nature of neutron spectrum unfolding means that no single function exists, which an 55

unfolding network can learn to approximate, that will reliably unfold the correct neutron 56

energy spectra for all possible detector responses. 57

Including non-physical spectra within a training set may potentially decrease unfold- 58

ing performance by forcing an unfolding network to learn mappings between detector 59

responses and spectra which would never arise in the real world. However, by restricting 60

the types of neutron energy spectra which an unfolding network has been trained on, 61

one may constrain the solution space through exposure to only physical spectra. Thus, 62

there are two key considerations for effectively training an unfolding neural network: first, 63

for the purposes of generalizability a network should be trained on a sufficiently large 64

quantity of diverse spectra. Second, these training spectra should only come from within 65

the distribution of spectra likely to be seen in usage. 66

This is an essential problem in the application of neural networks to spectrum unfold- 67

ing - how should one quickly obtain large training sets, which contain only spectra which 68

could be found in the field? Due to the quantity of spectra required, it is prohibitively 69

expensive to train networks on energy spectra and detector responses which have been 70

determined experimentally. Instead, it is common to use Monte Carlo simulations to 71

calculate realistic neutron energy spectra using common neutron source types, such as 72

252Cf and Am-Be, in combination with a variety of moderator materials and geometries 73

[3,5]. However, performing these simulations can be computationally demanding given 74

the several hundred or more training spectra needed by neural networks. Regardless of the 75

detector type or neural network architecture used, it is desirable to be able to generate a 76

large quantity of realistic neutron energy spectra without the need for explicit simulation 77

or measurement. 78

In this paper we investigate this problem through the use of algorithms for automatic 79

training data generation. The goal of this work is to outline spectra generation algorithms 80

which optimally constrain the types of neutron energy spectra an unfolding neural network 81

is exposed to during training, and thus improve unfolding performance on real-world 82

neutron energy spectra. The tested generation methods include random spectra, random 83

perturbations from real-world spectra, superpositions of random Gaussians, and random 84

perturbations from a parameterized representation of common kinds of neutron energy 85

spectra. We test these methods using open data (in particular Bonner sphere detector 86

response and corresponding neutron spectra) [8] with which readers can validate our 87

approach and test their own. 88
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Figure 1. All 251 real-world neutron energy spectra provided by the IAEA technical report [8] plotted
on top of each other.

Figure 2. The IAEA Bonner sphere response function for 15 different moderator thicknesses (in
inches).

Spectra Kind Number Present Number Used by PSA
reference 11 2

moderated reference 13 4
fission 102 30

moderated fission 12 4
workplace 27 6

fusion 4 1
high energy 17 4
accelerator 47 7
cosmic ray 5 1

boron therapy 13 3
Table 1. The kinds of neutron energy spectra present in the IAEA data set are shown in column 1.
The number of spectra for each kind is shown in column 2, and the number of spectra present in the
62 IAEA spectra designated for use by the PSA algorithm (Section 2.2.1) is shown in column 3.
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2. Materials and Methods 89

To evaluate the effectiveness of a neutron energy spectra generation algorithm, a 90

data set of real-world neutron energy spectra was needed on which to test unfolding 91

performance. For this work, we used an IAEA technical report [8] containing 251 measured 92

and simulated neutron energy spectra which range from 0.001 eV to 15.8 MeV. All 251 93

spectra are plotted in Figure 1, and the kinds of spectra present in this set are shown in 94

Table 1. These spectra cover a wide range of applications that include calibration sources, 95

evaporation fields, cosmic ray background, and reactor spectra. Our neural networks seek 96

optimal performance on this wide variety of spectra, but we believe these methods would 97

be applicable to constrained neutron energy ranges as well. This report also contains a fully 98

solved Bonner sphere detector response matrix (Figure 2), with which we may calculate an 99

expected detector response given any discretized neutron energy spectrum: 100

di = ∑
j

Rij ϕ(Ej). (1)

Here, di is the expected response of the ith Bonner sphere; R is the detector response 101

matrix, which characterizes the response of the ith Bonner sphere to neutrons in the jth 102

energy bin Ej; and ϕ(E) is the neutron energy spectrum. Neutron energy spectra are always 103

normalized to unity: 104

∑
j

ϕ(Ej) = 1. (2)

2.1. Unfolding Neural Network Architecture 105

For this paper, the unfolding neural network used is a densely-connected network 106

with two hidden layers. Both hidden layers use the leaky rectified linear unit (Leaky ReLU) 107

activation function, and the final layer uses a linear activation function. Dropout layers are 108

placed between every pair of densely connected layers in the hope that they will prevent 109

over-fitting and improve unfolding generalizability [15]. 110

The tunable hyper-parameters of the network include the training batch size, the slope 111

of the Leaky ReLU activation function, the neuron dropout rate, and the number of neurons 112

in each hidden layer. Optimal hyper-parameters were determined through Bayesian hyper- 113

parameter tuning [16]. This hyper-parameter tuning was performed against the IAEA 114

spectra, however these hyper-parameters are used for all neural networks throughout this 115

work regardless of the training data used. This was done to ensure consistency in the 116

complexity of the unfolding network so that differences in unfolding performance may be 117

primarily attributed to the quality of the training data. All networks will have identical 118

architecture, but the weights and biases of each layer which are determined from back 119

propagation depend entirely upon the training set used. 120

2.2. Random Neutron Spectra Generation Algorithms 121

2.2.1. Baseline Methods: Perturbed IAEA Spectra (PSA) and Random Spectra (RAND) 122

We select baseline neutron energy spectra generation algorithms in order to evaluate 123

the effectiveness of our other spectra generation algorithms. The first algorithm uses 124

random spectra (RAND) where each energy bin is given a random value between 0 and 1. 125

Then, the entire spectrum is properly normalized according to Equation 2. Because this 126

method places zero constraints on the types of neutron energy spectra our neural network 127

will be exposed to during training it will be used as a baseline to evaluate the effectiveness 128

of non-physical training data. Example random spectra are shown in Figure 3. 129

We would also like to be able to approximate a near-perfectly constrained solution 130

space. While we could train directly on IAEA spectra, the 251 spectra contained in the IAEA 131

report are not enough to effectively train an unfolding network on - we were unable to get 132

performance comparable to our other unfolding networks using a 80-20 training-validation 133

split of only IAEA spectra. Instead, perturbations were performed on a random subset of 134
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25% of the 251 IAEA spectra - this technique will be referred to as the perturbed spectra 135

algorithm (PSA). This was done so that the remaining 75% of the IAEA spectra may be 136

quarantined and used only for final analysis. Since this method is only capable of producing 137

neutron energy spectra which closely resemble the IAEA data, a neural network trained 138

on this algorithm would likely not generalize as well to neutron energy spectra which are 139

not already present in the IAEA data set. This algorithm is also highly specific to the exact 140

energy bin structure used by the IAEA report. Therefore, it is used only as an upper-bound 141

baseline for training data specificity, against which we may compare other neutron spectra 142

generation algorithms. 143

For the PSA algorithm, one spectrum is randomly selected from the 62 IAEA spectra
which were previously designated for use (listed in Table 1). In addition, a scaling factor α
is chosen from a normal distribution, with a mean 1 and a width of σα:

α ∼ N (1, σα). (3)

The chosen spectrum is interpolated, and this scaling factor is used to create a new 144

neutron energy spectrum: 145

ϕ̃(E) = ϕ(αE). (4)

After this perturbation, the spectrum ϕ̃(E) is properly normalized (Eq 2). This algo- 146

rithm has a single tunable feature parameter σα which will be optimized using the method 147

outlined in section 2.3.2. Example perturbed spectra are shown in Figure 3. 148

Figure 3. Example neutron energy spectra, generated by PSA (top) and RAND (bottom). For PSA
the original unperturbed spectra is plotted in red. Both of these algorithms are only intended as
baselines, for the purposes of comparison against.

2.2.2. Method 1: GAUSS1 149

This algorithm relies on the qualitative observation that most real-world neutron 150

energy spectra, when viewed on a logarithmic energy scale, consist primarily of one or 151

more overlapping peaks. At greater than 1 MeV energies, neutrons resulting from fission or 152

evaporation may show up as distinct peaks in the energy distribution. At thermal neutron 153

energies of less than 1 eV, these structures are generally smaller in amplitude and result 154

from thermalization physics. As a rough approximation to the shape of these peaks when 155

viewed on a logarithmic scale, Gaussians were chosen due to their mathematical simplicity 156

and smoothness. 157
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This spectrum generation algorithm works by adding a random number of Gaussian 158

peaks to a blank neutron energy spectrum. The process is controlled by several tunable 159

parameters: 160

• µcenter, σcenter - parameters between 0 and 1, which correspond to the mean and 161

standard deviation of the normal distribution of means of the Gaussian peaks. 162

• µwidth, σwidth - parameters between 0 and 1, which correspond to the mean and 163

standard deviation of the normal distribution of widths of the Gaussian peaks. 164

• Adecay - controls the amount by which to cumulatively suppress the amplitude of 165

subsequent Gaussian peaks. In general, this gives rise to one central energy peak, 166

surrounded by smaller amplitude structures. 167

• σA - controls random deviations of the amplitude of the Gaussian. 168

• ppeak - the probability to add an extra Gaussian peak to the spectra. 169

These are the feature parameters of the spectra generation algorithm, and must be 170

tuned to reasonable values by comparison to the IAEA neutron energy spectra. Processes 171

for tuning each of these parameters is outlined in section 2.3. 172

To generate a neutron energy spectrum we begin with a blank spectrum ϕi=0(E) = 0 173

in which all energy bins are initialized to zero. Then, an iterative process is carried out 174

in which one or more Gaussian-shaped peaks are added on top of this blank spectrum. 175

Starting with i = 0, 176

1. Parameters for the width and position of the Gaussian peak, on a logarithmic scale,
are sampled from their corresponding normal distributions. The values −3 and 10
correspond to the logarithms of the lowest energy bin value and the number of orders
of magnitude which our energy bins cover (10−3 eV to 107 eV) respectively.

x̄ = −3 + | 10 N (µcenter, σcenter) |
σ = | 10 N (µwidth, σwidth) |

(5)

2. The mean height Ai is perturbed according to σA:

A = Ai N (1, σA) (6)

3. A logarithmic Gaussian is added to the neutron energy bins:

ϕi(E) = ϕi−1(E) + A exp

(
−1

2

(
log10(E)− x̄

σ

)2
)

(7)

4. The mean amplitude for the next iteration is suppressed according to Adecay:

Ai+1 = Ai ∗ Adecay (8)

5. i → i + 1 and this entire process is repeated with a probability of ppeak. 177

After this iterative process has terminated, the final spectrum is properly normalized 178

(Eq 2). Some example spectra, with properly tuned feature parameters, are shown in 179

Figure 4 below. 180
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Figure 4. Example spectra generated by GAUSS1. The feature parameters used to generate these
plots were tuned according the method in section 2.3.2

2.2.3. Method 2: GAUSS2 181

This algorithm is very similar to method 1: however it further constrains the types of 182

possible neutron energy spectra by coupling the width and height of the Gaussian peaks to 183

their central energy. This is based on the observation that, due to the physics of neutron 184

thermalization, Gaussian structures at lower energies tend to have smaller amplitudes. 185

Structures with a larger energy spread will also tend to have smaller amplitudes than those 186

which are highly concentrated around some central energy. 187

The tunable parameters for this algorithm are: 188

• µwidth, σwidth - parameters between 0 and 1, which control the statistics of the width of 189

the Gaussian peaks. 190

• ωwidth - controls how strongly a Gaussian peak’s width is suppressed by its energy 191

scale. 192

• ωamp - controls how strongly a Gaussian peak’s amplitude is increased by its energy 193

scale. 194

• Adecay - controls the amount by which to cumulatively suppress the amplitude of 195

subsequent Gaussian peaks. 196

• ppeak - the probability to add an extra Gaussian peak to the energy spectra. 197

Similarly to method 1, these feature parameters must be tuned to reasonable values prior 198

to usage (Section 2.3). 199

To generate a neutron energy spectrum, we will once again start with a blank spectrum 200

ϕi=0(E) = 0 in which all energy bins are initialized to zero. Then, the following iterative 201

process is carried out, starting with i = 0, 202

1. A value between 0 and 1 is randomly chosen:

s ∼ R(0, 1) (9)

2. Parameters for the width and position of the Gaussian peak, as seen on a logarithmic
scale, are determined:

x̄ = −3 + 10 s

σ = | 10 N (µwidth, σwidth) | (1 + ωwidth s)−1 (10)

3. The amplitude of the Gaussian is suppressed according to ωamp:

A = Ai
(
1 + ωamp s

)
(11)

4. The Gaussian is added to the logarithm of the neutron energy bins:

ϕi(E) = ϕi−1(E) + A exp

(
−1

2

(
log10(E)− xi

σi

)2
)

(12)
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Model Thermal ϕth(E, ...) Epithermal ϕe(E, ...) Fast ϕ f (E, ...) High Energy ϕhi(E, ...)

Fission
(

E
T2

0

)
e−E/T0

[
1 − e−(E/Ed)

2
]

Eb−1e−E/β′ Eαe−E/β 0

Evaporation ↓ ↓
(

E
T2

ev

)
e−E/Tev 0

Gaussian ↓ ↓ exp
(
− 1

2

(
E−Em
σEm

))
0

High Energy ↓ ↓
(

E
T2

ev

)
e−E/Tev

(
E

T2
hi

)
e−E/Thi

Table 2. The thermal, epithermal, fast, and high energy component spectra for each of the four
FRUIT models [12]. Note the inconsistent units across each component spectra - this problem is
remedied through proper normalization, which is done before the weighted sum of each component
is performed.

5. The amplitude for the next iteration is suppressed according to Adecay:

Ai+1 = Ai ∗ Adecay (13)

6. i → i + 1 and this entire process is repeated with a probability ppeak. 203

After this process has terminated the spectrum is properly normalized (Eq 2). Example 204

spectra, with properly tuned feature parameters, are shown in Figure 5 below. 205

Figure 5. Example random spectra generated by GAUSS2. The feature parameters used to generate
these plots were tuned according to the method in section 2.3.2

2.2.4. Method 3: FRUIT Spectra Generation Algorithm 206

This spectrum generation algorithm is inspired by the Frascati Unfolding Interactive 207

Tool (FRUIT) [12]. FRUIT iteratively unfolds neutron energy spectra by assuming that they 208

are well described by one of four theoretical models: fission, evaporation, Gaussian, or 209

high energy spectra. These four models describe a wide variety of common neutron energy 210

spectra, including fission sources, radionuclide neutron sources, medical cyclotrons, and 211

hadron accelerators [12]. 212

The fission, evaporation, Gaussian, and high energy models consist of a weighted sum 213

of four component spectra, describing the physics of thermal, epithermal, fast, and high 214

energy neutrons. The component spectra for each model have been reprinted in Table 2. 215

Importantly for this paper, each of these component spectra takes tunable parameters. By 216

properly selecting well motivated parameters, we generate physically accurate spectra for 217

the given model type. The tunable parameters for each model are: 218

• Fission: Pth, Pe, Pf , b, β′, α, β 219

• Evaporation: Pth, Pe, Pf , b, β′, Tev 220

• Gaussian: Pth, Pe, Pf , b, β′, Em, σ 221

• High Energy: Pth, Pe, Pf , Phi, b, β′, Tev, Thi 222

Bedogni et al. [12] interpret each parameter taken by these models, and provide 223

definite values for T0 = 2.53 ∗ 10−8 MeV, the conventional thermal neutron energy, and 224

Ed = 7.07 ∗ 10−8 MeV, the lower energy range of epithermal neutrons. The parameters 225
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Pth, Pe, Pf , and Phi control the proportion of each model’s spectrum that comes from the 226

thermal, epithermal, fast, and high energy components respectively. 227

To randomly generate neutron energy spectra from these models, we must first deter- 228

mine reasonable distributions for each model parameter. To do this the fission, Gaussian, 229

and high energy models were fitted to each individual IAEA neutron energy spectrum. 230

Since the high energy model is identical to the evaporation model but with extra degrees of 231

freedom from the high energy component, the evaporation model was not considered for 232

fitting; the high energy model is always guaranteed to provide an equivalent or better fit. 233

Due to the high degree of non-linearity within each model’s fitting parameters, the accuracy 234

of the fit depends heavily upon the initial guesses for the fit parameters. To find a globally 235

optimal fit, Bayesian optimization was used to search for appropriate initial guesses. For 236

each IAEA spectrum, only the model that had the minimal mean squared fitting error was 237

considered. 238

Using these distributions for each model parameter, which should cover the possible 239

values taken by realistic neutron energy spectra, the procedure of generating a random 240

neutron energy spectra is as follows: 241

1. Randomly select between the fission, evaporation, Gaussian, or high energy models. 242

2. Randomly sample model parameters from the distributions determined from IAEA 243

spectra. For an evaporation spectrum, parameters are sampled from the relevant high 244

energy parameter distributions. 245

• Pth, Pe, Pf , and Phi are always selected from the same fit so that they sum to 1, 246

ensuring normalization. 247

3. Create the final spectrum as a weighted sum of the relevant component spectra:

ϕ(E) = Pth ϕth(E, {params}) + Pe ϕe(E, {params})
+Pf ϕ f (E, {params}) + Phi ϕhi(E, {params})

(14)

Example spectra for each model type are shown in Figure 6 below. 248
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Figure 6. Example fission, evaporation, Gaussian, and high energy spectra generated by FRUIT.

2.3. Tuning the Feature Parameters of a Spectra Generation Algorithm 249

The PSA, GAUSS-1, and GAUSS-2 algorithms all take one or more feature parameters 250

which must be tuned in order to maximize the unfolding performance of a neural network 251

trained on the produced spectra. To evaluate the effectiveness of a given choice of feature 252

parameters we must first construct an objective function to optimize against. This objective 253

function should take a given set of feature parameters and return the effectiveness of those 254

feature parameters at generating realistic spectra. In particular, we would like our objective 255

function to capture the idea that neural networks which have been trained on data from a 256

properly tuned algorithm will have the best possible unfolding performance when shown 257

real-world neutron energy spectra. This feature parameter tuning process is outlined in 258

Figure 7. We consider two candidate objective functions. 259

2.3.1. Feature Parameter Tuning by Evaluation on Neural Networks 260

The first objective function takes a brute force approach; the feature parameters are 261

used to create a training set which is then used to train an unfolding neural network. This 262

is done four times, to create four separate unfolding networks trained on four distinct sets 263

of randomly generated neutron energy spectra with the same feature parameters. The 264

cost function returns the average mean squared error unfolding performance of these four 265

networks when evaluated on IAEA neutron energy spectra. 266

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 December 2022                   doi:10.20944/preprints202212.0248.v1

https://doi.org/10.20944/preprints202212.0248.v1


11

Figure 7. The process for tuning the feature parameters of a spectrum generation algorithm. The
regression model may be a neural network (Section 2.3.1) or a linear regression model (Section 2.3.2).

2.3.2. Feature Parameter Tuning by Evaluation on Linear Regression Models 267

For the second objective function, the unfolding neural network is replaced with a
linear regression model,

ϕ(Ei) = wij dj, (15)

where wij is a matrix which maps the jth detector response bin to the ith energy bin in a 268

neutron energy spectra. 269

Although far simpler than a neural network, linear regression models still involve 270

a training step in which the model weights wij are tuned to minimize unfolding error 271

against a training set. We do not expect a linear regression model to perform as well as 272

an unfolding network, however both types of regression will still benefit from a properly 273

constrained solution space - just like a neural network, a linear regression model which has 274

been trained on realistic neutron energy spectra will far outperform one which has been 275

trained on purely random data when unfolding real-world spectra. 276

The second objective function evaluates the effectiveness of a given set of feature 277

parameters by training four linear regression models on four distinct sets of neutron energy 278

spectra, randomly generated from the given feature parameters. The objective function then 279

returns the mean squared unfolding error of each linear regression model when evaluated 280

on the IAEA data set. 281

3. Results 282

When attempting to evaluate the effectiveness of a spectrum generation algorithm 283

for the purposes of training an unfolding neural network, there is a great deal of inherent 284

uncertainty. This uncertainty comes primarily from the randomly initialized neuron weights 285

and biases, which can lead two separate networks trained on identical data to find two 286

completely different loss function minima. In order to account for this uncertainty when 287

evaluating a given spectra generation algorithm, an ensemble of thirty networks with 288

identical architecture is trained on the same 3000 randomly generated spectra. Analysis 289

of mean squared unfolding error and standard deviation unfolding error is performed on 290

individual neural networks and then averaged across the thirty distinct networks. 291

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 December 2022                   doi:10.20944/preprints202212.0248.v1

https://doi.org/10.20944/preprints202212.0248.v1


12

3.1. Optimal Feature Parameters for PSA, GAUSS-1, and GAUSS-2 292

The feature parameters of GAUSS-1 and GAUSS-2 were tuned by means of Bayesian 293

optimization, with the neural network and linear regression objective functions both 294

utilized. All objective function optimizations were performed over the same computation 295

time. When compared to the neural network objective function, Bayesian optimization 296

performed on the linear regression objective function was able to search much more of 297

the parameter space since evaluations of its objective function were dramatically quicker. 298

This yielded two separate optimal feature parameters, according to each objective function. 299

Table 3 shows the average unfolding performance for networks trained on the GAUSS-1 300

and GAUSS-2 algorithms, for both sets of optimal feature parameters, when evaluated on 301

IAEA spectra. 302

Spectra Generation Feature Parameter Tuning Method MSE
GAUSS-1 Neural Network 3.42 ± 6.11 ∗ 10−4

GAUSS-1 Linear Regression 2.58 ± 4.89 ∗ 10−4

GAUSS-2 Neural Network 2.51 ± 4.51 ∗ 10−4

GAUSS-2 Linear Regression 2.14 ± 4.16 ∗ 10−4

Table 3. The mean squared unfolding error, averaged across thirty separate neural networks, all
trained on the same spectra generation algorithm and evaluated on the IAEA real-world neutron
energy spectra.

For both GAUSS-1 and GAUSS-2 the feature parameters found through optimization 303

of the linear regression objective function gave better unfolding performance, when training 304

a neural network to unfold IAEA spectra, compared to the feature parameters found 305

through optimization of the neural network objective function. For the rest of our analysis, 306

unless otherwise specified the feature parameters found through linear regression will be 307

used due to their superior performance. 308

3.2. Unfolding Performance of Each Algorithm 309

Table 4 shows the average mean squared unfolding error for networks trained on each 310

of the five spectra generation algorithms, when evaluated on IAEA spectra. 311

Spectra Generation MSE
PSA 1.74 ± 3.07 ∗ 10−4

GAUSS-1 2.58 ± 4.89 ∗ 10−4

GAUSS-2 2.14 ± 4.16 ∗ 10−4

FRUIT 1.92 ± 4.27 ∗ 10−4

RAND 5.83 ± 8.39 ∗ 10−4

Table 4. The averaged mean squared unfolding error of thirty separate neural networks, all trained
on the same spectra generation algorithm, when evaluated on IAEA neutron energy spectra.

Figures 8, 9, 10, 11, and 12 show the three IAEA spectra which were unfolded with the 312

least MSE and the three IAEA spectra which were unfolded with the most MSE, for neural 313

networks trained on the the PSA, RAND, GAUSS-1, GAUSS-2, and FRUIT algorithms 314

respectively. 315
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Figure 8. The three IAEA spectra which were unfolded with the least MSE (top) and most MSE
(bottom) for neural networks trained on PSA data. Each plotted unfolded spectrum is the average of
the spectra unfolded by the thirty distinct neural networks trained on the same data.

Figure 9. The three IAEA spectra which were unfolded with the least MSE (top) and most MSE
(bottom) for neural networks trained on RAND data. Each plotted unfolded spectrum is the average
of the spectra unfolded by the thirty distinct neural networks trained on the same data.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 December 2022                   doi:10.20944/preprints202212.0248.v1

https://doi.org/10.20944/preprints202212.0248.v1


14

Figure 10. The three IAEA spectra which were unfolded with the least MSE (top) and most MSE
(bottom) for neural networks trained on GAUSS-1 data. Each plotted unfolded spectrum is the
average of the spectra unfolded by the thirty distinct neural networks trained on the same data.

Figure 11. The three IAEA spectra which were unfolded with the least MSE (top) and most MSE
(bottom) for neural networks trained on GAUSS-2 data. Each plotted unfolded spectrum is the
average of the spectra unfolded by the thirty distinct neural networks trained on the same data.
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Figure 12. The three IAEA spectra which were unfolded with the least MSE (top) and most MSE
(bottom) for neural networks trained on FRUIT data. Each plotted unfolded spectrum is the average
of the spectra unfolded by the thirty distinct neural networks trained on the same data.

The IAEA neutron energy spectra set contains several kinds of commonly encountered 316

neutron sources, such as fission, fusion, high energy, etc. Some of these sources also include 317

moderators, giving rise to lower energy thermalized neutrons. Figure 13 shows the mean 318

squared unfolding error of Table 4, sorted according to the kind of spectra being unfolded. 319

Figure 13. The mean squared unfolding error for neural networks trained on each of the five spectra
generation algorithms, when evaluated on IAEA spectra of a given kind. The red line shows the
standard deviation squared unfolding error across spectra of that kind, and N is the number of
spectra of that type present within the IAEA evaluation data.

3.3. Unfolding Accuracy for Radiation Dosimetry 320

For some applications, such as radiation dosimetry, the precise shape of the unfolded
spectra is not the primary objective. Although an unfolded spectrum might oscillate around
the true neutron energy spectrum, when this spectrum is convoluted with equivalent dose
weighting factors these oscillations may average out yielding an accurate dose estimate.
To perform this analysis, neutron group fluence to ambient dose equivalent coefficients di
provided by the IAEA technical report [8] were used. The calculated dose equivalent H∗ is
the dose equivalent in soft tissue at a depth of 10 mm. The neutron group fluence φi for a
given neutron energy spectrum bin ϕ(Ei) is calculated according to

φi = (ln(Ei+1)− ln(Ei)) ϕ(Ei). (16)
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The ambient dose equivalent is then calculated as

H∗(10mm) = n ∑
i

φi di, (17)

where n is a scaling factor which depends upon the emission rate of the neutron source. For 321

analysis only the percent error in dose is considered, and so n does not affect the results. 322

Table 5 shows the percent error between the dose calculated by the unfolded spectra 323

and the dose calculated using the known neutron energy spectra. The average and standard 324

deviation in percent dose error across all IAEA spectra for a given unfolding network is 325

calculated and then this value is averaged over all thirty networks. 326

Spectra Generation Percent Error (%)
PSA 7.9 ± 9.2

GAUSS-1 11.6 ± 10.9
GAUSS-2 8.3 ± 7.6

FRUIT 7.1 ± 7.0
RAND 60.8 ± 84.1

Table 5. The averaged percent error in dose prediction, across thirty separate neural networks all
trained on the same spectra generation algorithm, when evaluated on IAEA neutron energy spectra.

Figure 14 shows the mean percent error in dose prediction, sorted according to the 327

kind of spectra being unfolded. 328

Figure 14. The averaged percent error in radiation dose determined from unfolded neutron energy
spectra for neural networks trained on each of the five spectra generation algorithms and evaluated
on IAEA spectra of a given kind. The red lines show one standard deviation in dose error and N is
the number of spectra of that type present within the IAEA evaluation data.

4. Discussion 329

The results shown in Table 3 demonstrate that linear regression models may be used 330

as an effective proxy when performing feature engineering on the training data of a neu- 331

ral network. Although a neural network based objective function will provide the most 332

accurate metric of expected unfolding performance, it will also be extremely computa- 333

tionally expensive. Each objective function evaluation will involve fully training multiple 334

unfolding networks, in order to account for deviations between networks, which can take 335

several minutes. Since an objective function is called several hundred times or more while 336

searching for a minimum, this will prevent any optimization algorithm from performing 337

an extensive search across the parameter space in a reasonable time frame. The linear 338

regression objective function sacrifices accuracy in calculating expected mean squared 339

unfolding error in order to dramatically reduce computational complexity. This allows 340
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optimization algorithms such as Bayesian optimization to perform a much wider search 341

over the parameter space. 342

Although the kinds of neural networks used for unfolding and the specific architecture 343

of those networks vary widely throughout the literature, this work was performed in 344

the hope that our optimal training spectra would remain optimal across a wide range 345

of regression models. There are several properties, such as the hyper-parameters of an 346

unfolding network, which are highly specific to the exact neural network architecture being 347

employed. However, the fact that the optimal feature parameters for a linear regression 348

model remained optimal when being used to train a neural network provides context to the 349

potential for the same spectra generation algorithms outlined in this work to be employed 350

across a wide variety of network architectures. However, when unfolding onto a different 351

energy bin structure we are far less certain that these spectra generation algorithms would 352

be optimal. This is why procedures for feature parameter tuning have been discussed - so 353

that this work may be reproduced for other energy ranges and resolutions of interest. 354

In Table 4 we can see that the PSA-trained networks and the RAND-trained networks 355

had the least and greatest mean squared unfolding error respectively. This is not surprising, 356

as these algorithms were intended as upper and lower bounds on the degree of solution 357

space constraint. On average the mean squared unfolding error of the PSA-trained net- 358

works, with their properly constrained training domain, was more than three times less 359

than the RAND-trained networks. In addition, when using these unfolded networks for 360

dosimetry purposes (Table 5), the RAND-trained networks gave dose estimates with more 361

than 7 times as much error as the PSA-trained networks. This provides a rough sense of 362

scale to the difference in unfolding performance expected between a network trained on 363

physical vs non-physical spectra. 364

It is important to note, however, that mean squared error is a flawed metric for 365

evaluating unfolding performance which undervalues how much more valuable the PSA- 366

unfolded spectra would be when used for dosimetry or source characterization. This is 367

illustrated when comparing the best-case and worst-case PSA-trained unfolding (Figure 8) 368

to that of the RAND-trained unfolding (Figure 9). We can see that RAND-trained networks 369

were incapable of confidently unfolding important qualitative features of the energy spectra. 370

If these unfolded spectra were to be used for source characterization, even the best-case 371

unfolding would be unable to correctly identify the radiation source. On the other hand, 372

the worst-case unfoldings for the PSA-trained networks were still able to identify the 373

rough shape and energy scale of structures within the spectra. Although the average mean 374

squared unfolding error of networks trained on these upper and lower bound baselines of 375

training domain constraint differ by only a factor of three, within the context of unfolding 376

use cases a properly constrained training domain can mean the difference between highly 377

accurate or entirely useless unfolding. 378

Table 4 also shows that the GAUSS-2-trained networks had 20% less mean squared 379

unfolding error on average than the GAUSS-1-trained networks. This difference in perfor- 380

mance may also be seen in Table 5, where GAUSS-2-trained networks predicted doses with 381

30% less mean percent dose error than GAUSS-1-trained networks. This trend is likely due 382

to the heavier constraints which the GAUSS-2 algorithm places on the training domain 383

through coupling the width and height of the added Gaussian peaks to the magnitude of 384

their central energy. This means that lower energy Gaussian peaks will be smaller in ampli- 385

tude and broader in width, resembling the physics of thermalized neutrons. In particular, 386

we expected that this would translate into better unfolding performance of GAUSS-2- 387

trained networks on moderated sources or spectra with more thermal neutrons present. 388

This is partially demonstrated in Figures 13 and 14, where the GAUSS-2-trained networks 389

have less mean squared unfolding error and percent dose error than the GAUSS-1-trained 390

networks when evaluated on fission, moderated fission, and moderated reference spectra. 391

On the other hand, GAUSS-2-trained networks see a decrease in unfolding performance 392

compared to GAUSS-1-trained networks for spectra with no thermalization such as high 393

energy and cosmic ray. The dosage predictions for these spectra types from GAUSS-2- 394
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trained networks are worse than those from GAUSS-1-trained networks, and occasionally 395

worse than RAND-trained networks. This difference in performance is likely because 396

the GAUSS-2 algorithm attempts to enforce low-energy neutron thermalization, thus 397

poorly representing any non-thermal low energy structures. However, these differences in 398

unfolding performance are not dramatic. 399

Out of the three spectra generation algorithms to be investigated, the unfolding neural 400

networks trained on FRUIT data performed the best, on aggregate, in both mean squared 401

unfolding error (Table 4) and dosage estimation (Table 5). In fact, the dosage estimates 402

of the FRUIT-trained networks were more accurate on average than the estimates made 403

by PSA-trained networks, even though PSA was intended to be an upper-bound on 404

performance. Since the FRUIT algorithm generates spectra from one of four theoretical 405

models - fission, evaporation, high energy, and Gaussian - we would expect networks 406

trained on it to perform particularly well when unfolding real spectra of these categories. 407

On the other hand, FRUIT-trained networks should not perform nearly as well when 408

unfolding accelerator, cosmic ray, or medical spectra as these are not modeled for by the 409

algorithm. However, this trend is not seen in Figures 13 or 14, and the FRUIT-trained 410

networks seem to be capable of generalizing to many types of neutron spectra. 411

Certain trends in the mean squared unfolding error across spectra types align with 412

what we would anticipate from the design of each spectra generation algorithm. However, 413

there are no spectra types for which the mean squared unfolding error of networks trained 414

on a specific algorithm clearly stands out. Instead, it seems that there are particular kinds 415

of spectra which are generally easier to unfold with a lower mean squared error. Looking 416

at Figures 8-12, unfolding mean squared error was universally lower for spectra which 417

consisted of a single peak. Due to the normalization constraint, these single-peaked spectra 418

necessarily have an extremely high amplitude. If the unfolding networks do not match 419

the small number of large amplitude bins, even if they are correct about the rough energy 420

range, the MSE will be very large due to the squaring of the residuals. On the other hand, a 421

large number of small discrepancies within spectra consisting of multiple structures, such 422

as for the best-case unfolding of RAND-trained networks (Figure 9), will contribute much 423

less to the MSE even if the quality of the unfolding is very poor. This could be avoided by 424

using other loss functions, such as mean absolute error, which do not penalize outliers as 425

heavily. However, due to the wide-spread use of MSE as a metric for spectrum unfolding, 426

and to facilitate easy comparison of our unfolding performance to other works, we have 427

chosen to use MSE in our analysis. 428

5. Conclusions 429

In this paper we presented three methods for the random generation of large quantities 430

of realistic and physically motivated neutron energy spectra, without the need for expensive 431

experiment or Monte-Carlo simulations. This work was based on the observation that, 432

regardless of the specifics of an unfolding network’s architecture, the performance and 433

generalizability of any neural network based unfolding algorithm would be dramatically 434

impacted by the quality and quantity of neutron energy spectra used to train it. 435

Our analysis was performed on 189 of the 251 IAEA neutron energy spectra (with the 436

other 62 spectra being used by the PSA algorithm), which were quarantined during the 437

training of the unfolding networks in order to prevent any data leakage. We demonstrated 438

that these neutron energy spectra generation algorithms far outperformed random training 439

data which were not physically motivated. Out of the three spectra generation algorithms 440

investigated, neural networks trained on the FRUIT spectrum generation algorithm (sec- 441

tion ??) had the greatest overall unfolding performance on IAEA spectra. This is because 442

it relied on theoretical models which are able to accurately capture the physics of fission, 443

high energy, and evaporative spectra - all of which are present in large quantities in the 444

IAEA data. Building off of the FRUIT algorithm presented in this paper, future work could 445

improve the generalizability of networks trained on FRUIT spectra by constructing more 446

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 December 2022                   doi:10.20944/preprints202212.0248.v1

https://doi.org/10.20944/preprints202212.0248.v1


19

theoretical models for a wider range of spectra types and performing further analysis on 447

how to optimally select parameters for each model. 448

We also determined that linear regression models could be used in proxy of an un- 449

folding neural network to evaluate the performance of a particular set of training data. 450

The technique outlined in this paper may be applied to the feature engineering stage of 451

future work on neural network based unfolding, with different energy ranges of interest or 452

radiation types. 453

All code and relevant analysis have been made publicly available. Our hope for this 454

work is that any project investigating neural network based neutron spectrum unfolding, 455

regardless of the neural network architecture or kind of detector used, will be able to 456

insert similar algorithms into the training data generation step in order to achieve optimal 457

unfolding performance on the problem under investigation. 458

Author Contributions: Conceptualization, James McGreivy, Juan Manfredi and Daniel Siefman; Data 459

curation, Daniel Siefman; Formal analysis, James McGreivy; Investigation, James McGreivy, Juan 460

Manfredi and Daniel Siefman; Methodology, James McGreivy, Juan Manfredi and Daniel Siefman; 461

Software, James McGreivy and Daniel Siefman; Supervision, Juan Manfredi and Daniel Siefman; 462

Visualization, James McGreivy; Writing – original draft, James McGreivy; Writing – review editing, 463

James McGreivy, Juan Manfredi and Daniel Siefman. 464

Funding: This material is based upon work supported in part by the Department of Energy National 465

Nuclear Security Administration through the Nuclear Science and Security Consortium under Award 466

Numbers DE-NA0003180 and DE-NA0003996. This material has been approved for release by LLNL 467

under document number LLNL-JRNL-842794. 468

Data Availability Statement: The relevant code may be found at https://github.com/JamesMcGreivy/ 469

NeutronSpectraGeneration. 470

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design 471

of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or 472

in the decision to publish the results. 473

Abbreviations 474

The following abbreviations are used in this manuscript: 475

476

IAEA The International Atomic Energy Agency
MSE The Mean Squared Error Loss Function

477

References 478

1. Glodo, J.; et al. New Developments in Scintillators for Security Applications. Physics Procedia 2017, 90, 285–290. https: 479

//doi.org/10.1016/j.phpro.2017.09.012. 480

2. Stange, S.; et al. A fissionable scintillator for neutron flux monitoring. In Proceedings of the SPIE Proceedings; Grim, G.P.; 481

Schirato, R.C., Eds. SPIE, 2011. https://doi.org/10.1117/12.894708. 482

3. Mohammadi, N.; Hakimabad, H.M.; Motavalli, L.R. Neural network unfolding of neutron spectrum measured by gold foil-based 483

Bonner Sphere. Journal of Radioanalytical and Nuclear Chemistry 2014. https://doi.org/10.1007/s10967-014-3650-8. 484

4. Ortiz-Rodriguez, J.M.; Reyes Alfaro, A.; Reyes Haro, A.; Solis Sanches, L.O.; Miranda, R.C.; Cervantes Viramontes, J.M.; Vega- 485

Carrillo, H.R. Evaluating the performance of two neutron spectrum unfolding codes based on iterative procedures and artificial 486

neural networks. AIP Conference Proceedings 2013, 1544. https://doi.org/10.1063/1.4813468. 487

5. Sharghi Ido, A.; Bonyadi, M.; Etaati, G.; Shahriari, M. Unfolding the neutron spectrum of a ne213 scintillator using artificial 488

neural networks. Applied Radiation and Isotopes 2009, 67, 1912–1918. https://doi.org/10.1016/j.apradiso.2009.05.020. 489

6. Kelley, R.P.; Rolison, L.M.; Lewis, J.M.; Murer, D.; Massey, T.N.; Enqvist, A.; Jordan, K.A. Neutron response function characteri- 490

zation of 4He scintillation detectors. Nuclear Instruments and Methods in Physics Research Section A: Accelerators, Spectrometers, 491

Detectors and Associated Equipment 2015, 793, 101–107. https://doi.org/https://doi.org/10.1016/j.nima.2015.04.011. 492

7. Febbraro, M.; Becker, B.; deBoer, R.; Brandenburg, K.; Brune, C.; Chipps, K.; Danley, T.; Fulvio, A.D.; Jones-Alberty, Y.; Macon, 493

K.; et al. Performance of neutron spectrum unfolding using deuterated liquid scintillator. Nuclear Instruments and Methods in 494

Physics Research Section A: Accelerators, Spectrometers, Detectors and Associated Equipment 2021, 989, 164824. https://doi.org/https: 495

//doi.org/10.1016/j.nima.2020.164824. 496

8. Compendium of Neutron Spectra and Detector Responses for Radiation Protection Purposes. Technical report, 2001. 497

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 December 2022                   doi:10.20944/preprints202212.0248.v1

https://github.com/JamesMcGreivy/NeutronSpectraGeneration
https://github.com/JamesMcGreivy/NeutronSpectraGeneration
https://github.com/JamesMcGreivy/NeutronSpectraGeneration
https://doi.org/10.1016/j.phpro.2017.09.012
https://doi.org/10.1016/j.phpro.2017.09.012
https://doi.org/10.1016/j.phpro.2017.09.012
https://doi.org/10.1117/12.894708
https://doi.org/10.1007/s10967-014-3650-8
https://doi.org/10.1063/1.4813468
https://doi.org/10.1016/j.apradiso.2009.05.020
https://doi.org/https://doi.org/10.1016/j.nima.2015.04.011
https://doi.org/https://doi.org/10.1016/j.nima.2020.164824
https://doi.org/https://doi.org/10.1016/j.nima.2020.164824
https://doi.org/https://doi.org/10.1016/j.nima.2020.164824
https://doi.org/10.20944/preprints202212.0248.v1


20

9. Bai, H.; Wang, Z.; Zhang, L.; Jiang, H.; Lu, Y.; Chen, J.; Zhang, G. Simulation of the neutron response matrix of an EJ309 liquid 498

scintillator. Nuclear Instruments and Methods in Physics Research Section A: Accelerators, Spectrometers, Detectors and Associated 499

Equipment 2018, 886, 109–118. https://doi.org/https://doi.org/10.1016/j.nima.2017.12.072. 500

10. Agostinelli, S.; Allison, J.; Amako, K.; Apostolakis, J.; Araujo, H.; Arce, P.; Asai, M.; Axen, D.; Banerjee, S.; Barrand, G.; et al. 501

Geant4—a simulation toolkit. Nuclear Instruments and Methods in Physics Research Section A: Accelerators, Spectrometers, Detectors 502

and Associated Equipment 2003, 506, 250–303. https://doi.org/https://doi.org/10.1016/S0168-9002(03)01368-8. 503

11. Goorley, J.T.; James, M.R.; Booth, T.E.; Brown, F.B.; Bull, J.S.; Cox, L.J.; Durkee, Jr., J.W.; Elson, J.S.; Fensin, M.L.; Forster, III, R.A.; 504

et al. Initial MCNP6 Release Overview - MCNP6 version 1.0 2013. https://doi.org/10.2172/1086758. 505

12. Bedogni, R.; Domingo, C.; Esposito, A.; Fernández, F. Fruit: An operational tool for multisphere neutron spectrometry in 506

workplaces. Nuclear Instruments and Methods in Physics Research Section A: Accelerators, Spectrometers, Detectors and Associated 507

Equipment 2007, 580, 1301–1309. https://doi.org/10.1016/j.nima.2007.07.033. 508

13. Mukherjee, B. A high-resolution neutron spectra unfolding method using the Genetic Algorithm technique. Nuclear Instruments 509

and Methods in Physics Research Section A: Accelerators, Spectrometers, Detectors and Associated Equipment 2002, 476, 247–251. Int. 510

Workshop on Neutron Field Spectrometry in Science, Technolog y and Radiation Protection, https://doi.org/https://doi.org/10 511

.1016/S0168-9002(01)01440-1. 512

14. Hosseini, S.A. Neutron spectrum unfolding using artificial neural network and modified least square method. Radiation Physics 513

and Chemistry 2016, 126, 75–84. https://doi.org/https://doi.org/10.1016/j.radphyschem.2016.05.010. 514

15. Srivastava, N.; Hinton, G.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Dropout: A Simple Way to Prevent Neural Networks 515

from Overfitting. Journal of Machine Learning Research 2014, 15, 1929–1958. 516

16. Snoek, J.; Larochelle, H.; Adams, R.P. Practical Bayesian Optimization of Machine Learning Algorithms, 2012. https://doi.org/ 517

10.48550/ARXIV.1206.2944. 518

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 December 2022                   doi:10.20944/preprints202212.0248.v1

https://doi.org/https://doi.org/10.1016/j.nima.2017.12.072
https://doi.org/https://doi.org/10.1016/S0168-9002(03)01368-8
https://doi.org/10.2172/1086758
https://doi.org/10.1016/j.nima.2007.07.033
https://doi.org/https://doi.org/10.1016/S0168-9002(01)01440-1
https://doi.org/https://doi.org/10.1016/S0168-9002(01)01440-1
https://doi.org/https://doi.org/10.1016/S0168-9002(01)01440-1
https://doi.org/https://doi.org/10.1016/j.radphyschem.2016.05.010
https://doi.org/10.48550/ARXIV.1206.2944
https://doi.org/10.48550/ARXIV.1206.2944
https://doi.org/10.48550/ARXIV.1206.2944
https://doi.org/10.20944/preprints202212.0248.v1

	Introduction
	Materials and Methods
	Unfolding Neural Network Architecture
	Random Neutron Spectra Generation Algorithms
	Baseline Methods: Perturbed IAEA Spectra (PSA) and Random Spectra (RAND)
	Method 1: GAUSS1
	Method 2: GAUSS2
	Method 3: FRUIT Spectra Generation Algorithm

	Tuning the Feature Parameters of a Spectra Generation Algorithm
	Feature Parameter Tuning by Evaluation on Neural Networks
	Feature Parameter Tuning by Evaluation on Linear Regression Models


	Results
	Optimal Feature Parameters for PSA, GAUSS-1, and GAUSS-2
	Unfolding Performance of Each Algorithm
	Unfolding Accuracy for Radiation Dosimetry

	Discussion
	Conclusions
	References

