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Abstract

Identifying, isolating, and subtracting background from the signal of interest is vital for nu-
clear physics experiments. These backgrounds introduce unwanted uncertainties that must be
accounted for properly to extract accurate results from the signals. In nuclear reaction mea-
surements, the typical contaminants are carbon and oxygen, contributing to background signals,
and complicating the measurement of the light ejectiles. For instance, in the inelastic scatter-
ing measurement of a 20.9-MeV proton beam on 96Mo, the 96Mo target was contaminated with
carbon and oxygen. We used random forest, a machine learning algorithm commonly used for
classification and regression tasks, to separate the inelastic scattering on the carbon and oxygen
contaminants from the data of interest resulting from 96Mo(p, p′).
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1. Introduction

Nuclear physics experiments are crucial for advancing our understanding of nuclear struc-
ture and reactions and gaining insights into astrophysical processes in the cosmos. They are also
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critical for energy production and the development of nuclear technologies. Nuclear physics ex-
periments employ various experimental methods and setups depending on the nature of nuclear
processes and particles being studied and the specific research goals. Some experiments involve
accelerating beams of particles to high energies and impinging them on stationary targets. Sev-
eral nuclear beam facilities are dedicated to these types of experiments. The bombardment of
beam particles onto the target initiates the nuclear reactions, and detectors are used to detect the
resulting radiation. Some examples of nuclear physics detectors include High Purity Germa-
nium (HPGe) detectors, silicon detectors, and ionization chambers. However, these detectors are
susceptible to backgrounds from unwanted signals or noise in the experiments. The common
sources include beam-related backgrounds, contamination in the target, scattering of particles or
radiation within the detectors, electronic noise and environmental radiation. These backgrounds
should be minimized and accounted for to extract accurate and reliable results from the exper-
iments. Transfer reaction measurements, which are widely used to probe the single-particle
structure of nuclei and to study important problems in nuclear astrophysics, often use targets
that have been exposed to water vapour and other environmental contamination. Additionally,
carbon matrices are often used to support these targets. In inverse kinematics, an essential tech-
nique used to study transfer reactions on radioactive nuclei, plastic (CH2) or deuterated plastic
(CD2) targets are often used. Thus, carbon and oxygen backgrounds are a persistent problem
for such measurements. Traditionally, experimenters would make measurements on carbon foils,
subtracting off the unwanted background. However, with the advent of radioactive ion beam
facilities, such background measurements become challenging; beam time is scarce, and experi-
menters must carefully consider if several shifts can be devoted to background characterization.
blackFor instance, the Facility for Rare Isotope Beams (FRIB) Program Advisory Committee
(PAC) recommended allocating ∼30% of requested beam time in 2021 [1] and ∼35% in 2023
[2]. Transfer reaction measurements dedicate ∼10% of the approved beam time to characterize
a single source of contamination. If multiple sources of contamination are present, additional
beam time is required for full characterization. The ability of machine learning techniques to
identify complex patterns and extract relevant information makes them ideal for background
subtraction, mitigating these concerns. We implemented a machine learning algorithm with data
from a measurement of proton inelastic scattering on 96Mo (or 96Mo(p, p′)) performed at the Ar-
gonne Tandem Linac Accelerator System (ATLAS) facility. As is often the case, the target was
contaminated with carbon and oxygen. The contamination led to unwanted background from
proton-induced reactions on carbon and oxygen isotopes, suppressing the signal from the desired
reactions on 96Mo.

We performed a 96Mo(p, p′) measurement to study the surrogate reaction method (SRM) for
different reaction channels such as (n, γ) and (n, n′). The SRM is a technique used to constrain the
cross sections of compound-nuclear reactions that are difficult or impossible to measure directly
[3]. In the past, the SRM has been used to inform cross sections of (n, n′) [4], (n, 2n) [4], (n, f )
[5] and (n, γ) reactions [6, 7]. In addition, the SRM has been used to measure fission neutron
multiplicity [8] and to extract the mass distributions of the fission fragments [9]. We performed
the 96Mo(p, p′) reaction at ATLAS in Argonne National Laboratory. A 20.9-MeV proton beam
was bombarded onto a 96Mo target with an areal density of 700 µg/cm2, and the resulting pro-
tons and γ rays were measured using the GODDESS (GRETINA-ORRUBA: Dual Detectors for
Experimental Structure Studies) system. GODDESS couples a γ-ray tracking array: GRETINA
(Gamma-Ray Energy Tracking In-beam Nuclear Array) [10] with the silicon detector array OR-
RUBA (Oak Ridge Rutgers University Barrel Array) [11, 12, 13] for charged particle and γ-ray
measurements.
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A plot of the energy of particles deposited in the silicon detectors versus the angle of the
detected particle in a 50◦-85◦ angular range in the laboratory frame is shown in Figure 1. With a
20.9-MeV proton beam, 96Mo is excited to a region where the nuclear level density is very high,
so no discrete states are observed in the inelastic proton spectrum resulting from the 96Mo(p, p′)
reaction. Therefore, all the discrete lines in Figure 1 indicate the the direct population of discrete
states in the contaminants: 12C and 16O. This is further confirmed by calculating and overlay-
ing the kinematic lines for 12C and 16O, as shown by the solid and dashed lines in Figure 1.
To remove strong signals from contaminants, the traditional approach would be to perform a
measurement of 12C(p, p′) and 16O(p, p′) and use the resulting data to subtract the background.
Performing the experiment with contaminants requires prior knowledge of the specific contami-
nants present and the availability of the contaminant targets. During the 96Mo(p, p′) experiment,
the 12C and 16O target data were not taken because the presence of such contamination was not
evident during the experiment, so the traditional approach can not be used. Further, preparing
clean 16O targets is not easy. Metal oxides, such as BeO and Li2O, are commonly used, but the
metal base contributes as a significant source of background and should be measured and sub-
tracted separately [14]. Using several targets in an experiment involves multiple target-swapping
that requires meticulous setup efforts and additional beam time allocation, which is a limited and
valuable resource. blackSwapping a target can take several hours depending on the complexity
of the experimental setup. If multiple sources of contamination are present, several target-swaps
are required, along with additional beam time for each target. To minimize the additional setup
efforts to swap multiple targets and to maximize the beam time for the reaction of interest, we
implemented a machine learning algorithm called random forest [15] to remove the background
signals from the contaminants.

Figure 1: A plot of particle energy measured by silicon detectors versus detection angle. At 20.9 MeV, the 96Mo(p, p′)
reaction excites 96Mo to a region with a large nuclear level density, and no discrete states of 96Mo is observed. The strong
discrete lines correspond to the kinematics of protons inelastically scattered by the target contaminants: 12C (represented
by the solid line) and 16O (represented by the dashed lines).
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2. Decision Tree and Random Forest

A random forest algorithm is a supervised machine learning technique that comprises an en-
semble of decision trees, a model that makes a sequence of binary decisions to map the features
(input variables) to outcomes [16, 17, 18]. The model starts from the entire dataset, called the
“root node”, and recursively splits the dataset into subsets called “child nodes” based on the val-
ues of features [19]. The model maximizes the information gain to split the dataset. Information
maximization can be achieved by minimizing the entropy, which is the amount of information
contained in a state, or by minimizing the Gini impurity, which is a measure of impurity in the
node. The mathematical expressions for entropy and Gini impurity are given in Equations 1 and
2, respectively [17, 18, 20].

E =
∑
−pilog(pi) (1)

G = 1 −
∑

p2
i , (2)

where E is the entropy, G is the Gini impurity, and pi is the probability of class i. Information
gain, given in Equation 3, calculates the difference in entropy before and after the split, and it
quantifies the impurity reduction after the split.

I = E(p) −
∑

wiE(ci), (3)

where I is the information gain, E(p) is the entropy of the parent node, wi is the relative size
of a child node with respect to the parent node, and E(ci) is the entropy of the ith child. The
splitting process is repeated recursively using different features to split each child node until a
stopping criterion is met, and the process ends with “leaf nodes”. The leaf nodes represent the
predictions or decisions made by the decision tree. There are several stopping criteria, including
predefined maximum depth of the tree, minimum samples per leaf, maximum leaf nodes, and
minimum impurity decrease. An illustration of a decision tree with two features is shown in
Figure 2.

Figure 2: Decision tree with two features

Decision trees are highly sensitive to training data, which can result in overfitting. Overfitting
leads to a model that performs well on the training data but poorly while making predictions on
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new data. Random forest addresses the overfitting issue by creating multiple random decision
trees and makes the final predictions by pooling predictions from all trees [21, 17, 22]. The
key steps in creating a random forest are bootstrapping, feature selection, ensemble creation,
and aggregation. Bootstrapping selects a random subset of training data with replacement. This
creates diversity in training data. A decision tree is trained independently for each bootstrapped
data sample. For each tree, a random subset of features is used for training. This process is
called feature selection. After that, an ensemble of decision trees is grown by recursively splitting
nodes based on features and thresholds that maximize the information gain. For a new data point,
predictions from each tree are collected, majority voting is used for a classification problem, and
an average of all votes is used for a regression problem. This process is called aggregation. The
process of bootstrapping and aggregating is referred together as bagging. To implement random
forest, we used a Python library named scikit-learn [23].

3. Demonstration of Random Forest with Simulated Dataset

To demonstrate the use of a random forest algorithm for a classification problem, we simu-
lated the response of the silicon detectors in GODDESS to protons from the 12C(p, p′) using the
Monte Carlo-based kinematics and reaction code: VIKAR (Virtual Instrumentation for Kinemat-
ics and Reactions) [24]. VIKAR can simulate nuclear reactions in normal or inverse kinematics
by predicting the energies and angles of the ejectiles based on the input parameters such as beam
energy, target thickness and detector geometry. Refs. [11, 25, 26] discuss the implementation
of VIKAR to simulate different reactions. Figure 3 shows the simulated kinematics of the two
excited states of 12C, at 9641 keV and 12710 keV, on top of a uniformly-distributed background.
We used the random forest algorithm to classify the 12C(p, p′) reaction kinematics from the
background. Firstly, we categorized the dataset by marking label-0 for 12C(p, p′) kinematics and
label-1 for background data. The random forest model uses energy and angle as features and
these labels as outcomes. Next, we initialized the model with the optimized hyperparameters,
fine-tuned through a grid search, selecting the number of trees in the forest=100, maximum fea-
tures=2, minimum samples per leaf=1 and minimum samples required to split=2. Following
this, we partitioned the dataset into a training and testing subset. We used the training subset to
train the model and subsequently applied it to generate predictions for the test dataset.

In sklearn, the random forest model can make predictions with the predict or predict proba
method. The former method is used to predict the binary class labels, and the latter is used
to extract the probabilities of data points belonging to each class. We used the predict proba
method and performed the classification by setting a threshold. If the probability that a given
data point belongs to the background class is greater than or equal to the threshold, it is classified
as a background. We selected the optimal value for the threshold by comparing the shape of
the excitation energy histograms for clean 12C(p, p′) training and 12C(p, p′) prediction data. To
iteratively determine the optimal value of the threshold, we employed Bayesian optimization for
minimizing the Root Mean Squared Error (RMSE) between the normalized excitation energy
histograms for 12C(p, p′) training and 12C(p, p′) prediction data across each bin. blackWe chose
Bayesian optimization because it efficiently identified the optimal value of threshold in fewer
iterations, outperforming other methods like grid search and random search. The mathematical
expression of RMSE is given in Equation 4.
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Figure 3: A simulated energy versus angle plot consisting 12C(p, p′) reaction data and background noise data. The
kinematic lines of excited states at 9641 and 12710 keV are labelled and shown by the solid lines.

RMS E =

√√√
1
N

N∑
i=1

(h1i − h2i)2, (4)

where N is the total number of bins, and h1i and h1i are the total counts in the ith bin in
the normalized training and prediction histograms, respectively. Figure 4 shows the RMSE for
several thresholds; a global minimum was achieved at 0.34. We performed the classification by
using this threshold. An accuracy of 96.3% was noted by sklearn, and the result is shown in
Figure 5. Figure 5.a. shows the predicted kinematics of 12C(p, p′) excited states, and Figure 5.b.
shows the predicted background. The comparison of the excitation energy spectrum for the raw
12C data with background and the 12C data after background subtraction is shown in Figure 5.c.
The visually clean separation of 12C(p, p′) kinematics from background in Figure 5a. and b. and
the reduction of background in Figure 5.c. illustrates the use of random forest of background
subtraction.

However, implementing the random forest algorithm becomes non-trivial if the training dataset
exists only for one class. In the above illustration, let’s suppose that we do not have a train-
ing dataset on 12C(p, p′) kinematics. If we use the total dataset (including the kinematics of
12C(p, p′) and background) as the 12C(p, p′) training dataset, the model still captures the patterns
in the kinematics of the 12C(p, p′) and the noise. Using the total dataset as training data for
12C(p, p′) is a reasonable assumption because we know beforehand that it primarily consists of
12C(p, p′) data. As the model learns, it also identifies patterns in the background, recognizing
that some background may be present in the total dataset, even though it was initially labelled
as 12C(p, p′) dataset. After that, we extracted probabilities and implemented thresholds, as pre-
viously outlined in this section. The comparison of the excitation energy spectrum for the raw
12C data with background and the 12C data after background subtraction is shown in Figure 5.d.
A comparison of signal-to-noise ratio for different background subtraction methods is shown in
Table 1. It can be seen that the signal-to-noise ratio using noise data to subtract background on
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Figure 4: The RMSE between the normalized 12C(p, p′) training and 12C(p, p′) prediction histograms across each bin
versus threshold. The RMSE was minimal at threshold = 0.34.

Figure 5: blackResult of background subtraction using random forest algorithm for the simulated data. (a) Energy versus
angle plot of 12C(p, p′) kinematics data. (b) Energy versus angle plot of background data. (c) and (d) represent 12C
excitation energy histograms before and after background subtraction for the simulated data. (c) We used a training
dataset for both classes. (d) We used a training dataset for only one class.

a bin-by-bin basis is comparable to that using a random forest with two training data classes or
one training data class. However, if we use training data for only one class, the event-by-event
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classification accuracy decreases from 96.3% to 85.3%. Since event-by-event classification is
not our primary focus, and our main goal is to subtract the background in the excitation energy
spectrum, we can use a random forest model using one class of training data with acceptable
performance to subtract the background in 96Mo(p, p′) experiment data where we have training
data for only one class.

Table 1: Signal-to-noise ratio for different background subtraction methods. The actual signal-to-noise ratio for simula-
tion data is 2.42. blackThe deviations in signal-to-noise ratio for different methods are within 2%, which is lower than
other experimental uncertainties, such as target thickness, which has uncertainties of around 15%.

Background subtraction methods Signal-to-noise ratio
Bin-by-bin subtraction using noise data 2.42

Random forest with two classes 2.38
Random forest with one class 2.45

4. Implementation to 96Mo(p, p′) Dataset

The energy versus angle plot, shown in Figure 1, contains very strong contamination from
12C and 16O backgrounds. As we are interested in measuring the inelastically scattered protons
from 96Mo, the protons scattered from contaminants should be classified and removed. blackTo
classify the kinematics of 12C and 16O backgrounds, we obtained the training data for 96Mo(p, p′)
using characteristic coincident γ rays; which was part of the main measurement and provided
unambiguous identification for these events. The 96Mo(p, p′) reaction populates the states below
and above neutron separation energy (S N = 9154.32 keV) and proton separation energy (S P =

9297.5 keV). Below S N , most of the strength of higher-lying states goes through the first excited
state with Jπ = 2+ at 778 keV, which transitions directly to the ground state. Above S N and S P,
neutron and proton decay channels open up, forming 95Mo and 95Nb nuclei, respectively. Most
of the strength of higher-lying states in 95Mo and 95Nb goes through the Jπ = 7/2+ state at 765
keV in 95Mo, and an excited state at 728 keV whose spin and parity are thought to be Jπ = 5/2+ in
95Nb [27], respectively. Both of these states decay to the ground states of their respective nuclei.
Figure 6 shows energy versus angle plot for 96Mo(p, p′) obtained by gating over the strong γ
rays corresponding to transitions in 96Mo, 95Mo, and 95Nb. We labelled this dataset as a clean
dataset.

Since the training dataset for contaminants does not exist, this random forest implementation
is similar to the one-class implementation discussed in Section 3. We labelled the complete
dataset, including clean data and background, shown in Figure 1, as the contamination. We used
these labelled datasets to train the random forest model. We fine-tuned the hyperparameters
through a grid search, selecting the number of trees in the forest=100, maximum features=2,
minimum samples per leaf=2 and minimum samples required to split=2. After fitting the model
for data points in Figure 1, we extracted the probabilities of data points belonging to each class.
In the next step, we performed the classification by setting a threshold on these probabilities. We
used the threshold to classify the data points as contaminants if their probability of belonging
to the contamination class was greater than or equal to the threshold. Similar to Section 3,
we selected the optimal value of the threshold by comparing the shape of the 96Mo excitation
energy histogram for training and prediction. We iteratively determined the optimal value of the
threshold by using Bayesian optimization to minimize the RMSE between two histograms across
each bin. The variation of RMSE with threshold is shown in Figure 7 with a minimum of 0.63.
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Figure 6: Energy versus angle plot gated on the γ rays corresponding to transitions in 96Mo,95Mo, and 95Nb. This dataset
is used as training dataset for 96Mo(p, p′). Kinematic lines of 12C(p, p′) and 16O(p, p′) are overlaid.

Figure 7: RMSE between the normalized training and prediction histograms across each bin versus threshold. The
Training histogram is obtained by calculating the excitation energy of 96Mo from the events in Figure 6, and the prediction
histogram is obtained by calculating the excitation energy of prediction events for different threshold values. The RMSE
was minimized with threshold = 0.63.

5. Result of Implementation to 96Mo(p, p′) Dataset

Figure 8.a, b, c compares normalized 96Mo excitation energy histograms for the training and
prediction for three threshold values. Figure 8.b. shows the optimal value of the threshold, as
the RMSE between the prediction histogram and training histogram is minimal, and their shape
looks very similar compared to the ones below and above it. For these threshold values, the
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energy versus angle for the clean 96Mo data is shown in Figure 8.d, e, f. Figure 8.e. represents
classification with optimal threshold, and if we increase the threshold above this value, the kine-
matics lines from 12C(p, p′) and 16O(p, p′) begin to appear (as seen in 8.f.). The comparison of
the prediction with the training data is shown in Figure 9. Figures 9.a. and 9.b. show the energy
versus angle plot for 96Mo(p, p′) reaction for the training and prediction data, respectively. The
prediction energy versus angle plot has no discrete kinematic lines from 12C and 16O background
and is visually similar to the training histogram. Figure 9.c. compares the normalized excitation
energy histograms for the training data and prediction. As we do not expect any discrete peaks
from 96Mo(p, p′) (because of high nuclear level density in the region), the resemblance between
the training and prediction for the excitation energy histogram and energy versus angle plot and
the minimal RMSE, coupled with the absence of discernible 12C(p, p′) and 16O(p, p′) kinematic
lines, strongly implies the success of the background subtraction process using random forest
algorithm.

Figure 8: blackResult of classification. Subfigures (a), (b) and (c) represent normalized 96Mo excitation energy his-
tograms for the training and prediction data for different thresholds. (a) threshold = 0.43. (b) threshold = 0.63. This
is the optimal threshold because the training spectrum looks similar to the prediction spectrum, and RMSE is mini-
mal. (c) threshold = 0.83. Subfigures (d), (e) and (f) represent the particle energy versus angle for different thresholds.
(d) threshold = 0.43. (e) threshold = 0.63. This shows optimal classification as no discernible kinematic lines from
12C(p, p′) and 16O(p, p′) are appearing. (f) threshold = 0.83.

6. Conclusion

The implementation of the random forest model for the classification of contamination sig-
nals of 12C and 16O from the clean 96Mo data has been completed. We implemented a novel
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Figure 9: Comparison of training data with prediction. (a) Energy versus angle plots for 96Mo(p, p′) training data
(obtained by gating over the γ rays corresponding to transitions in 96Mo,95Mo, and 95Nb). Kinematic lines of 12C(p, p′)
and 16O(p, p′) are overlaid. (b) Energy versus angle plots for 96Mo(p, p′) prediction data. Kinematic lines of 12C(p, p′)
and 16O(p, p′) are overlaid. (c) Comparison of the 96Mo(p, p′) training and prediction excitation energy spectrum.

approach to background reduction by using a supervised machine learning model to discrimi-
nate between clean data and background contamination. In this case, the training dataset was
only available for the kinematics of 96Mo, but not for the kinematics of 12C(p, p′) and 16O(p, p′)
contaminants. However, we performed the classification by exploiting the model’s capability to
extract probabilities of individual data points belonging to each class and implementing thresh-
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olds to these probabilities to match the shape of 96Mo excitation energy spectrum.
Transfer reaction measurements are extensively used to probe the single-particle structure of

nuclei and to study the nuclear astrophysical processes. Background subtraction is essential in
these measurements since multiple sources, such as beam-related backgrounds, contaminated tar-
gets, and environmental radiation, introduce noise in nuclear reaction measurements. To subtract
the background, understanding which contaminants are present, the availability of contaminant
targets, multiple target swapping, and an additional allocation of beam time, which is a very
scarce and valuable resource at a radioactive ion beam facility, are necessary. By implementing
a machine learning model, we discovered a workaround for the background subtraction problem
and resolved it without having to perform experiments with the contaminant targets. In future,
implementing machine learning for background subtraction could potentially assist in maximiz-
ing the beam time at a nuclear beam facility for data collection. The machine learning models are
well-suited for background subtraction tasks because of their ability to discern intricate patterns
within the data, adaptability to changing experimental conditions, and high accuracy and consis-
tency. In addition to background subtraction, the models can be used for particle identification,
calibration, calorimetry, tracking, experimental design, and simulation, as discussed in Ref. [28].
The choice of the machine learning models (supervised, unsupervised, or neural networks) and
the specific algorithm depends mainly on the nature of the data and the problem at hand. Imple-
menting the machine learning tools enhances our data analysis, modelling, and prediction ability,
and the nuclear reaction measurements could benefit from using these techniques.
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