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Abstract
This work reports high-precision cumulative yield measurements of key isotopes from

235
U(𝑛th, 𝑓 ) reac-

tions using the FIPPS (FIssion Product Prompt 𝛾-ray Spectrometer) at ILL, representing the first dedicated

cumulative fission yield campaign in the facility.

In this work, advanced spectroscopic techniques were employed to reduce nuclear data uncertainties,

while evaluating FIPPS capabilities for fission yield measurements.

A pre-irradiated
235

U target was exposed to a high neutron flux, and the resulting 𝛾-rays were recorded

using a 16-element HPGe Clover array. A 7-day irradiation at a thermal neutron flux of ∼ 3.3×107 n/s/cm2

was followed by a 23-day decay period. The multi-parameter FIPPS setup, providing data from 64 detector

channels, enabled detailed reconstruction of the entire fission process from irradiation to decay.

Our analysis framework combined machine learning-based spectral analysis with 𝛾-emission simulations,

establishing new benchmarks for fission yield measurements. The approach demonstrates the strength

of integrating high-precision 𝛾-spectroscopy with advanced computational methods. Cumulative yields

for key isotopes were determined with small uncertainties and showed good agreement with evaluated

libraries. The developed methodology offers a robust foundation for future fission product studies and

nuclear data improvements, applicable to both short- and long-lived isotopes of nuclear relevance.

Keywords: Nuclear Data; Cumulative Fission Yield; FIPPS; Machine Learning Techniques

1. Introduction

Accurate neutron-induced fission yield data are crucial for reactor physics, safeguards, and waste

management [1]. Current discrepancies among nuclear databases [2] highlight the need for im-
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proved precision for several isotopes, even for the most commonly used ones [3]. This research

focuses on cumulative fission yield measurements using 𝛾-ray spectroscopy, being the first experi-

mental campaign at the Fission Product Prompt𝛾-ray Spectrometer (FIPPS) [4], exclusively dedicated

to this type of measurement. The FIPPS instrument is located at the Institut Laue-Langevin (ILL) [5]

in Grenoble, France. This experiment consisted of seven days of continuous irradiation of a
235

U

target with a thermal neutron beam, followed immediately by a 23-day decay phase [6].

The configuration provided both in-beam and off-beam data, but in this work only the decay-phase

data were utilized for the extraction of the cumulative fission yields of several isotopes. The com-

plex configuration of FIPPS setup, delivering data from 64 detector channels, enabled a detailed

reconstruction of the entire fission process—from irradiation to decay—through time-resolved 𝛾-ray

spectra acquired every five minutes. This high temporal granularity provides significant flexibility

for post-processing and spectrum re-creation, allowing analysis of any time interval of the decay

stage.

The most challenging part of the analysis was the handling and deconvolution of these complex

𝛾-ray spectra. For this reason, dedicated computational methods were developed specifically for this

study to improve spectral fitting, background correction, and isotope identification accuracy.

2. Materials and Methods

2.1 Experimental Setup - The FIPPS Spectrometer

The FIssion Product Prompt-𝛾-ray Spectrometer (FIPPS) is an instrument for 𝛾-ray spectroscopy of

nuclei produced in thermal-neutron–induced reactions, uses a pencil-like, intense thermal neutron

beam and an array of HPGe clover detectors. More specifically, the incident neutron beam has a

diameter of 15 mm and a flux of 3.3 × 10
7
neutrons s

−1
cm

−2
at the target position. The FIPPS 𝛾-ray

detector array, shown schematically in Fig. 1a, is formed by a ring of sixteen HPGe clover detectors,

consisting of eight FIPPS and eight IFIN-HH modules. The combined FIPPS+IFIN-HH array (Fig. 1b)

covers approximately 70% of the solid angle. Each clover comprises four n-type HPGe crystals,

featuring a front-tapered design with a diameter of 50 mm and a length of 80 mm.

Additionally, Anti-Compton Shields (ACS) were only coupled with the FIPPS HPGe detectors to sig-

nificantly enhance𝛾-ray background rejection and enhance the peak-to-total ratio, by approximately

70%. These FIPPS HPGe shields, made of BGO crystal, are segmented into three parts: front, back,

and side.

2.2 Computational Methods for Isotopic Yield Extraction

Because of a malfunction in data sorting only the data from the 14 best-performing HPGe crystals

from the IFIN-HH Clover detectors were used in the final analysis. The yield extraction process

requires precise integration of the selected photopeak, with careful consideration of background

subtraction, detector efficiency corrections, and decay-time normalization. Equally important is the

identification of the optimal time interval for integration, in order to minimize interference from

other isotopes. The accurate extraction of isotopic yields from the decay experimental spectra was

a significant challenge in this analysis, with two main difficulties emerging:

• Temporal evolution is different among isotopes, making optimal histogram selection non-trivial.

• Potential accuracy loss in conventional peak analysis methods due to manual peak identification.

To systematically address these challenges for dozens of isotopes –each exhibiting multiple 𝛾-ray

peaks –an automated analysis pipeline based on machine learning was developed, entirely imple-

mented in Python. The framework includes two complementary components:
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(a) (b)

Figure 1. Illustration of the HPGe FIPPS+IFIN-HH detector array. The eight FIPPS clovers, forming a ring around the target
position, are highlighted in red. Additionally, four IFIN clovers are positioned on each side of the FIPPS ring. The neutron
beam direction is indicated by the beam tubes, shown in purple [7].

1. Neural Network for automated temporal evolution tracking, peak identification, and fitting.

2. Model for the expected𝛾-ray spectrum for each day of decay, to estimate the optimal time interval

for integration.

This integrated approach enhances both the accuracy and efficiency of fission yield determinations

compared to conventional analysis methods.

2.2.1 Machine Learning Approach for Peak Extraction

The machine learning approach based on a Neural Network (NN) was developed for the pattern

recognition and extraction of the 𝛾-ray peaks from experimental spectra.

The NN architecture processes normalized histograms of 𝛾-ray counts versus energy, where each

bin represents the probability density of emissions at that energy. The method generalizes to other

isotopes through:

• Pattern recognition of Gaussian-shaped peaks,

• Learning of decay-time correlations, and

• Background continuum estimation.

Generation of Synthetic Spectra

During the learning process, randomly generated peaks are used to build robust feature recognition.

The core model relies on constructing a probability density function (PDF) of the form:

𝑓 (𝑥) =
∑︁
𝑖=1

N(𝜇𝑖 , 𝜎𝑖 ) · 𝐼𝑖 (1)

subject to the normalization condition:∑︁
𝑖=1

𝐼𝑖 = 1,

∫
𝑓 (𝑥) 𝑑𝑥 = 1, (2)

where each component N(𝜇𝑖 , 𝜎𝑖 ) represents a normalized Gaussian distribution with intensity 𝐼𝑖 ,

mean 𝜇𝑖 , and standard deviation 𝜎𝑖 . The intensities are constrained such that

∑
𝑖 𝐼𝑖 = 1, ensuring

global normalization.
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The NN follows a structured five-step pipeline:

1. Parameter Sampling:
Parameters {𝜇𝑖 , 𝜎𝑖 , 𝐼𝑖 } :𝜇𝑖 centered on the desired 𝛾-ray peak energy, fixed 𝜎𝑖 (fixed FWHM) and

𝐼𝑖 following a Uniform distribution.

2. Monte Carlo Generation:
For each parameter set, we simulate 𝑁events = 10

6
counts distributed according to 𝑓 (𝑥), incorpo-

rating Poisson noise, and flat background (10–20% of total counts).

3. Histogram Construction:
Synthetic spectra are produced from Gaussian distributions with fixed mean energies and sam-

pled intensities. After normalization these histograms are used as input for training the neural

network. This step is repeated𝑀 times to improve model performance.

At this stage, we have𝑀 different histograms generated from M different parameters set.

4. NN Method:
• Architecture: The NN model, built in TensorFlow/Keras [8], performs the fitting of each his-

togram consisting of two hidden layers with a total of 64 neurons, using ReLU activation func-

tions. Batch normalization and a dropout rate of 20% are incorporated to stabilize the training

process and reduce overfitting, enabling a reliable extraction of the coefficients 𝑓𝑖 .

• Training Procedure: The training is performed using the Adam optimizer (𝜂 = 10
−3
) together

with an early-stopping criterion (patience of 10 epochs), to prevent overfitting. The loss func-

tion combines multiple components: 𝐿 =MSE + 𝜆 ∥𝜃 ∥2
2
+MAE

1
.

• Performance Evaluation: A total of M=10
6
synthetic spectra are generated for training, par-

titioned into 70% training, 20% testing, and 10% validation subsets. Additionally, a reduced 𝜒2

test evaluates the fit quality.

To resume, the NN takes as input an normalized histogram, that derives from experimental spectra,

and predicts the 𝑓𝑖 components of the histogram, finally succeeding in the identification of 𝛾-ray

peaks and extraction of their mean energy, intensity and total integral (Fig. 2).

(a) (b)

Figure 2. Neural Network analysis approach: (a) Sample architecture of the NN, where the hidden layers perform nonlinear
transformations to learn relationships between input features [9]. (b) Fitted spectrum with the NN.

It is important to note that the computational cost of the proposed approach is dominated by the

synthetic data generation and the training of the neural network, while the cost associated with

1
MSE = Mean Squared Error; MAE = Mean Absolute Error
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validation and final peak recognition is negligible in comparison. Consequently, the overall compu-

tational cost does not depend on the specific input spectrum provided.

For a representative model configuration using approximately 30 bins/keV, four peak mean ener-

gies with four corresponding intensities, and a fixed full width at half maximum (FWHM), the total

training cost associated with backpropagation (including both forward and backward passes) is esti-

mated to be on the order of 10
9
floating-point operations (FLOPs) per training epoch, corresponding

to approximately 10
−3

TFLOPs per epoch.

On a typical CPU-based system, this complete computational pipeline—including synthetic dataset

generation and neural network training—requires approximately 20min, with synthetic data genera-

tion consuming majority of the runtime. Further optimizations, such as accelerated data generation,

GPU-based training, and architectural refinements, could significantly reduce the computational

time and enable the development of more complex neural network models; however, the present

results are obtained using this fully functional neural network configuration.

This machine learning tool was benchmarked against three classical extraction methods: (i) Cubix, a
ROOT-based automatic peak-fitting routine [10]; (ii) a non-linear least-squares algorithm in Python;

and (iii) a ROOT macro developed for this work. The two methods developed in the contect of this

work and the respective results are described below:

(ii) The automatic Python least-square fitmethod fits Gaussian peaks using scipy.optimize.curve_fit
[11], evaluates the fit via reduced chi-square (𝜒2𝜈 ) and 𝑝-value, and integrates each peak over ±3𝜎 .
Outputs include the background-corrected spectrum, composite fit, and individual components.

(iii) The ROOT macro fits selected histogram regions with three Gaussian and a linear background,

computes integrals analytically and numerically, and produces background-subtracted spectra.

Table 1. Comparison of 132I yield results obtained with different methods.

Method 132
I Stat. Uncertainty 𝑝-value

Cubix Integration 32496 ± 609 𝑝 ≥ 0.05%

Python Least-Square fit 32390 ± 615 𝑝 ≥ 0.05%

Neural Network (NN) 32287 ± 576
ROOT Macro Fit 32351 ± 561 𝑝 ≥ 0.05%

According to Table 1 yields were extracted with all four methods (Cubix, least-squares, NN, ROOT)
and are in agreement within uncertainties for most isotopes. The reason that the value derived by

the Neural Network does not come with a 𝑝-value is because the NN utilises 𝜒2 test to do the best

fitting of random gaussians during the learning process, but the final result is not a fit. The Neural

Network yield extractionmethod was adopted for the final analysis due to its automation and proved

reliability.

2.2.2 Modeling of Gamma Emission Spectra from Fission Products

In this section the computational framework developed to retrieve, process, and model 𝛾-ray emis-

sion spectra from fission products for post-irradiation analysis is described.

The mathematical model was based on the Bateman Equations and the decay data were acquired via

the IAEA LiveChart API [12]. A ranking function was utilised to identify the most active contrib-

utors at each decay time interval. For these isotopes, 𝛾-ray emission histograms were constructed,

weighted by activity and intensity. The objective was not to reproduce the experimental spectrum

quantitatively, but to develop a representative spectral model that allows the identification of indi-

vidual 𝛾-ray peaks to their corresponding isotopes, as shown in Fig. 3.



HNPS Advances in Nuclear Physics 217

The experimental spectra of Fig. 4 confirm the computational model, showing the same isotopic

composition over time. This model assisted in the identification of the optimal 𝛾 peaks from the

experimental spectra only for quantitative analysis. Thus, cumulative fission product yields were

derived by integrating the most prominent, well-separated peaks, reducing the uncertainty. This

methodology facilitates both verification of theoretical models and refinement of experimental in-

terpretations through time-dependent spectral analysis.

132I
95Zr
140La

(a)Day 1 post-irradiation,𝛾 -ray spectrum computational prediction

132I
95Zr
140La

136Xe
95Nb

(b) Day 11 post-irradiation, 𝛾 -ray spectrum computational predic-
tion

Figure 3. Computation Model using IAEA LiveChart API for fission product decay gamma spectrum prediction in the 745–
785 keV energy range.

132I

95Zr

140La 
133Cs

(a) Day 1 post-irradiation data

95Nb

140La

132I95Zr
136Xe

133Cs

(b) Day 11 post-irradiation data

Figure 4. Comparison of experimental 𝛾 -ray spectra at two different decay stages. (a) Spectrum measured on Day 1 post-
irradiation in the 745–785 keV energy range, dominated by contributions from short-lived isotopes. (b) Spectrum measured
on Day 11 post-irradiation in the same energy range, dominated by contributions from isotopes with longer half-lives.

It is worth noting that the count rate differs by a factor of 10 between Day 1 and Day 11, as shown

in Fig. 4, that is in excellent agreement with the prediction of the computational model, as shown

in Fig. 3. Diving more in the details of the experimental spectra, in the spectrum of Day 1 (Fig. 4a),

the 𝛾 peak at 772.6 keV of
132

I, with 𝑡1/2 = 2.295 h, is well resolved due to reduced peak density of

the spectral area. On the contrary, in spectrum of Day 11 data (Fig. 4b), the same energy 𝛾 peak is

partially obscured by the nearby
95
Nb,

136
Xe and

133
Cs 𝛾 peaks. In the same spectra, at Day 1 the 𝛾

peak at 756.7 keV of
95
Zr, with 𝑡1/2 = 64.032 d, is not yet well formed, due to its life-time, while at

Day 11 spectrum the 𝛾 peak is formed but also is clearly distinct. This is exactly the same patern

that was predicted by the computational model, as evident in Fig. 3.

The fact that in specific time integrals the peaks are clearly distinguishable, while in others not, al-

lows their yields to be extracted with significantly lower uncertainty only when the optimal decay

stage is chosen. Since the configuration of FIPPS [4] enable detailed reconstruction of each decay

stage, simultaneously the challenge of selecting the optimal time interval for each isotope to achieve
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(a) Day 1 post-irradiation, NN (b) Day 11 post-irradiation, NN

Figure 5. The NN reproduces the main peak positions and relative intensities in the 745–785 keV energy range.

accurate yield determination arises and this model contributes to this crucial selection. The predic-

tive capability of the computational framework is further validated by the NN, which successfully

reproduces the main 𝛾-peak positions and relative intensities observed experimentally, as shown in

Fig. 5. By coupling the computational predictions for the optimal decay stage with the NN, it be-

comes possible to move from qualitative spectral identification to quantitative yield extraction with

reduced uncertainty. Adopting this robust methodology, the identification and analysis for other

nuclei is still ongoing.

3. Results and Discussion

Table 2 presents the nuclear data for the fission products of the heavy mass region. These nuclei

are the ones which are identified in the 23-day decay experimental, but also in the 𝛾-emission spec-

tra simulation (§2.2.2). The analysis procedure is still ongoing, so more nuclei utilised for nuclear

applications, especially from the light mass region will be published in the future.

Table 2. Cumulative yield results for selected important isotopes including IAEA data from IAEA online repository Live Chart
of Nuclides (latest ENSDF file),𝑌𝑐 with associated statistical and systematic uncertainties from this work, JEFF-4.0 cumula-
tive yields with associated uncertainties, and the percentage difference between the mean values𝑌𝑐 .

Nuclide 𝑇
1/2 (s) 𝐸IAEA

𝛾 (keV) 𝐼𝛾 (%) 𝑌𝑐 (this work) ±𝜎 𝑌𝑐 (JEFF- 4.0) ±𝜎 Diff (%)
131I 6.93 × 10

5(52) 364.489(5) 81.5(8) (2.96 ± 0.18) × 10
−2 (2.97 ± 0.14) × 10

−2 0.47
132Te 2.77 × 10

5(1123) 228.16(6) 88.0(4) (3.75 ± 0.34) × 10
−2 (4.26 ± 0.14) × 10

−2 5.87
(4.01 ± 0.19) × 10

−2
132I 8262(47) 522.65(9) 16.0(5) (4.33 ± 0.18) × 10

−2 (4.29 ± 0.14) × 10
−2 0.93

630.19(2) 13.3(4) (4.48 ± 0.34) × 10
−2

667.714(2) 98.7 (4.67 ± 0.37) × 10
−2

772.6(1) 75.6(13) (4.36 ± 0.10) × 10
−2

954.55(9) 17.6(5) (4.63 ± 0.16) × 10
−2

133I 7.50 × 10
4(288) 529.872(3) 87.0(23) (6.64 ± 0.55) × 10

−2 (6.61 ± 1.32) × 10
−2 0.45

(5.94 ± 0.31) × 10
−2

140Ba 1.10 × 10
6(346) 162.66(1) 6.22(9) (6.07 ± 0.88) × 10

−2 (6.16 ± 0.14) × 10
−2 1.45

537.261(9) 24.39(22) (5.90 ± 0.18) × 10
−2

140La 1.45 × 10
5(18) 328.762(8) 20.3(3) (6.07 ± 0.20) × 10

−2 (6.17 ± 0.32) × 10
−2 1.45

487.021(12) 45.5(6) (6.04 ± 0.21) × 10
−2

815.772(19) 23.28(19) (6.09 ± 0.20) × 10
−2

925.189(21) 6.9(7) (5.83 ± 0.45) × 10
−2

1596.21(4) 95.4(8) (6.17 ± 0.47) × 10
−2

141Ce 2.81 × 10
6(1123) 145.4433(14) 48.3(3) (6.13 ± 0.14) × 10

−2 (5.97 ± 0.15) × 10
−2 2.67

143Ce 1.19 × 10
5(22) 293.266(2) 42.8(4) (5.68 ± 0.61) × 10

−2 (5.94 ± 0.12) × 10
−2 4.39
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The validation of experimental fission yields against nuclear data libraries serves as a crucial bench-

mark for both theoretical models and experimental methodologies. That is the reason why in the

same Table 2 the comparison with the JEFF-4.0 [13] library is presented. This latest release is chosen

as it incorporates substantial improvements in fission product yields and their covariance matrices.

4. Conclusions

This fission yield campaign using the Fission Product Prompt 𝛾-ray Spectrometer (FIPPS) at ILL

successfully demonstrated the capability for
235

U(𝑛th, 𝑓 ) investigations and highlighted key areas for

improvement in the facility.

The combined use of machine learning and physics-based simulations established a powerful com-

putational framework for the extraction and interpretation of 𝛾-ray spectra from fission products.

The Neural Network model, trained on a large set of synthetic spectra, demonstrated strong capa-

bilities in automated peak identification, background estimation, and temporal evolution tracking,

substantially reducing human bias and improving the precision of yield determination compared

to conventional methods. In parallel, the model of 𝛾-ray spectra time evolution guided the optimal

selection of integration intervals. Together, these complementary approaches provided a consistent,

data-driven and physically grounded analysis framework that enhances both accuracy and repro-

ducibility in fission yield evaluations.

Future work will focus on refining decay stage selection, improving counting statistics, and mini-

mizing spectral interferences to further reduce uncertainties across the full mass-yield distribution.
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