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Abstract

Cadmium zinc telluride (CZT) detectors offer versatility, operational simplicity, and room-
temperature X- and gamma-ray spectroscopy, making them attractive for collider applica-
tions, yet their use under high-flux conditions remains limited. Here, we present a prelim-
inary feature-based pulse-shape analysis employing machine learning, on data acquired
with a quasi-hemispherical CZT detector at the DAΦNE beam test facility of the National
Laboratory of Frascati of INFN. A 300-MeV electron beam impinging on a lead target
produced characteristic Pb X-rays together with a broad background extending up to the
electronpositron annihilation region. Physically motivated temporal and morphological
features were extracted from the recorded waveforms and used to distinguish nominal
photon-like pulses from anomalous events. An XGBoost classifier trained and validated
on 10,000 labeled waveforms achieved an accuracy of approximately 97%, with most of
its classification performance reached using only a few hundred labeled examples. The
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trained model was applied to more than 700,000 events, substantially reducing the spec-
tral continuum and coincidence peaks, while preserving the characteristic Pb X-ray lines
up to the 511-keV annihilation peak. These preliminary results demonstrate the potential
of machine-learning-assisted pulse-shape discrimination for improving CZT spectroscopy
in collider environments.

Keywords: CZT; BTF; pulse-shape analysis; machine learning; XGBoost

1. Introduction
High-resolution X- and gamma-ray spectroscopy is an essential tool in nuclear and

particle physics [1,2], astrophysics [3], medical imaging [4], and plasma diagnostics [5].
Many of these applications require compact detection systems capable of operating over
a broad energy range and under different experimental conditions. In particular, experi-
ments characterized by high particle rates or intense electromagnetic backgrounds require
detectors combining good spectroscopic performance, high detection efficiency, and stable
operation over extended acquisition periods.
Cadmium zinc telluride (CZT) detectors represent an attractive solution for room-temperature
photon spectroscopy [6]. Their high effective atomic number and density provide good
photon-stopping efficiency, while their wide band gap allows operation without cryo-
genic cooling. These properties enable the development of compact detection systems
with good spectroscopic performance, achieving an energy resolution of a few % over en-
ergies ranging from a few keV to hundreds of keV [7], extending the possibility to detect
from X-rays to gamma rays [8]. However, variations in charge transport and collection
inside the crystal can produce different pulse morphologies, incomplete charge collection,
and low-energy tails. Consequently, the recorded waveform contains information about
the interaction and charge-collection processes that is not fully represented by the recon-
structed pulse amplitude alone.
The operation of CZT detectors in accelerator environments is particularly challenging be-
cause of the intense and complex electromagnetic background [9]. In addition to single
photon interactions, the acquired data may contain multiple energy depositions, pile-up
events, charged-particle interactions, electronic artifacts, accidental triggers, and saturated
pulses. Some of these contributions overlap in energy with the signals of interest and can-
not therefore be efficiently rejected using only the reconstructed energy. The identification
of additional features sensitive to the event topology is consequently important for im-
proving peak visibility and the signal-to-background ratio.
Within the SIDDHARTA-2 experiment [10] at the DAΦNE collider [11–13], CZT detectors
are being investigated for the spectroscopy of intermediate-mass kaonic atoms. The char-
acteristic transitions of these systems extend above the energy range primarily covered
by the silicon drift detectors employed for light kaonic atoms. Previous measurements at
DAΦNE demonstrated the feasibility of operating CZT detectors in a collider environment
[14] and allowed several characteristic X-ray transitions to be observed in kaonic fluorine
and copper [15]. Nevertheless, the residual beam-induced background limits the visibility
of weak spectral features and represents an important challenge for future precision mea-
surements, as planned by the EXKALIBUR project [16].
Pulse-shape analysis (PSA) provides a possible approach for distinguishing photon-like
events from background contributions [17–19]. The temporal development of the detector
signal reflects the charge-collection process and may reveal multiple interactions, pile-up,
anomalous rise profiles, saturation, or the absence of a physical pulse. Physically inter-
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pretable features, including the rise time, the number of peaks in the waveform derivative,
and proxies for the interaction depth and charge-collection dynamics, can therefore be
used to characterize the recorded events. Multivariate and machine learning (ML) meth-
ods can exploit correlations among these features, potentially improving event classifica-
tion compared to selection criteria based solely on individual features [20,21].
In this work, we present a preliminary PSA of data acquired with a quasi-hemispherical
CZT detector with the DAΦNE beam test facility (BTF) at the National Laboratory of
Frascati of INFN (INFN-LNF). Representative waveform morphologies are identified and
characterized using a limited set of physically motivated pulse-shape features. The dis-
tributions of these features are investigated, and their capability to reject non-photon-like
events is evaluated by comparing the amplitude spectrum before and after event selection.
Particular attention is devoted to the visibility of the characteristic Pb X-ray lines and of
the 511-keV annihilation peak. The purpose of this study is to demonstrate the feasibility
of an interpretable waveform-based background-suppression strategy for CZT detectors
operating in an accelerator environment.
The paper is structured as follows. Section 2 describes the experimental setup, the CZT de-
tection system, and the waveform-processing and feature-extraction procedures. Section 3
presents the feature distributions, the preliminary classification results, and the effect of
the event selection on the measured spectrum. Finally, Section 4 summarizes the main
conclusions and outlines future developments.

2. Experimental setup and methods
The data used in this work were collected during a dedicated measurement campaign

in 2026 at the DAΦNE BTF of the INFN-LNF, where the BTF provides pulsed electron or
positron beams with adjustable energy and intensity [22]. For the present measurements,
a 300-MeV electron beam impinged on a 1-mm-thick lead target. The beamtarget interac-
tions produced characteristic Pb X-rays, accompanied by bremsstrahlung and secondary
particles. The resulting spectrum covered the characteristic Pb fluorescence lines (Lα, Kα

and Kβ) and the higher-energy continuum, including the 511-keV electronpositron an-
nihilation line. This configuration provided a controlled accelerator environment for in-
vestigating pulse-shape signatures associated with beam-induced backgrounds relevant
to, although not fully representative of, those encountered at the interaction point of the
DAΦNE collider, as in the SIDDHARTA-2 experiment.
The detection system consisted of a quasi-hemispherical CZT crystal with dimensions of

10 × 10 × 5 mm3, grown by the Traveling Heater Method by REDLEN Technologies. The
crystal and its front-end electronics were enclosed in a thin aluminum housing equipped
with a 0.27 mm-thick entrance window. The quasi-hemispherical electrode geometry was
employed to reduce the contribution of holes to the induced signal and to improve the
charge-collection properties of the detector.
Above the CZT detector a 1 mm-thick Pb target was placed, whose surface was oriented
at approximately 45◦ with respect to the incident beam (see Figure 1). The detector was
positioned close to the target to increase the detection efficiency for the characteristic Pb
X-rays. Two luminosity monitors were installed along the beam line, one before and one
after the target. Each monitor consisted of a plastic scintillator read out at both ends by
photomultiplier tubes and was used to monitor the passage of the electron bunches. The
detector signals were digitized using a CAEN VX2740 digitizer with 16-bit resolution and
a sampling rate of 125 MS/s. For each trigger, the pulse waveform and its corresponding
amplitude were stored for offline analysis. The processed waveform contained 656 sam-
ples, corresponding to an approximately 5 µs time interval around the detector pulse. The
pulse amplitude was subsequently converted into energy using a linear calibration based
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Figure 1. Experimental arrangement used for the measurements at the DAΦNE BTF of INFN-LNF. A
1 mm-thick Pb target was placed close to the CZT detector and between the front and rear luminosity
monitors, where each luminosity monitor consisted of a plastic scintillator read out at both ends by
photomultiplier tubes.

on the positions of the Pb Kα and Kβ lines.
The goal of the PSA is to classify the acquired waveforms. Figure 2 shows some examples
of pulses assigned to the normal and anomalous classes. Normal pulses display a single,
regular rising edge followed by a stable plateau (see Figure 2a). Anomalous waveforms
instead include pulses with multiple steps, pile-up, irregular charge collection, electronic
disturbances, or no clearly identifiable physical pulse (see Figure 2b).
A set of 25 features was extracted from each waveform to quantify its amplitude, temporal
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Figure 2. Examples of waveforms categorized as normal in panel (a) and events assigned to the
anomaly class in panel (b).

development, and degree of regularity. These features included the pulse amplitude and
integral, the rise time, the number of peaks in the first derivative, the waveform centroid
and root mean square (RMS) width, the curvature, the charge-collection time, different
rise-time ratios, and proxies for the depth of interaction (DOI), drift velocity, late charge
collection, and ballistic deficit. Three representative features were considered in greater
detail for the PSA: the rise time, the number of peaks in the waveform derivative, and
the normalized RMS-width proxy, denoted as DOIRMS. The rise time was calculated as
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t90 − t10, where t10 and t90 are the first times at which the waveform reaches 10% and
90% of its maximum amplitude, respectively. The derivative was filtered using a median
filter before identifying local maxima, reducing the number of peaks produced by high-
frequency fluctuations. The temporal centroid tc, its weighted RMS width σt, and the
dimensionless DOIRMS feature were calculated within a single definition as

tc =
∑i witi

∑i wi
, σt =

√
∑i wi(ti − tc)

2

∑i wi
, DOIRMS =

σt

t90 − t10
, (1)

where ti is the time coordinate of the i-th sample and wi is the waveform value. The de-
nominator t90 − t10 represents the charge-collection-time proxy used in the analysis. The
resulting feature characterizes the temporal spread of the collected charge relative to the
pulse rise time. It is therefore sensitive to variations in the charge-collection process, al-
though it should not be interpreted as a direct measurement of the physical interaction
depth.
Binary classification for the PSA was performed using the XGBoost algorithm. The anal-
ysis was implemented in Python using the scikit-learn and xgboost [23] libraries. A
subset of 10,000 events was used to train and evaluate the classifier. Initial labels were as-
signed based on the number of peaks in the first derivative and the rise time. Events were
labeled as normal if the first derivative contained exactly one peak and the rise time was
within 2σ from the mean of 0.2 µs. The labels were then visually inspected to identify and
correct possible false positives and false negatives. The labeled dataset was divided into
training and test sets using an 80/20 split. The XGBoost classifier consisted of 300 boosted
decision trees with a maximum depth of four, a learning rate of 0.05, a row-subsampling
fraction of 0.8, and a feature-subsampling fraction of 0.8 per tree. The classification thresh-
old was selected to maximize the F1-score on the test set.

3. Preliminary results and discussion
The analysis was organized in three steps. First, the extraction of features from the

acquired waveforms. Then, the creation of the training set for training the XGBoost and
finally the classification of the entire data with the final selection in the total spectrum.
Figure 3 shows the distributions of the three features: the rise time, the number of peaks
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Figure 3. Distributions of three representative pulse-shape features for the manually validated nor-
mal (green) and anomalous (red) waveforms; the black histogram represents the complete labeled
sample: (a) rise time, (b) number of peaks in the first derivative, and (c) normalized temporal-width
proxy DOIRMS.

in the first derivative, and DOIRMS for the labeled dataset. Each feature provides some
discrimination between the two classes, although their distributions partially overlap. As

https://doi.org/10.3390/proceedings1010000

https://doi.org/10.3390/proceedings1010000


Version September 23, 2026 submitted to Proceedings 6 of 11

shown in Figure 3(a), normal events are concentrated in a relatively narrow rise-time in-
terval around 0.2 µs. Anomalous events exhibit a broader distribution, with a component
close to zero and a long tail extending beyond 1 µs. Very short rise times are consistent
with noise-like pulses, whereas longer rise times may reflect irregular charge collection,
pile-up, or temporally separated energy depositions. The number of peaks in the first
derivative, shown in Figure 3(b), characterizes the structure of the rising edge. Most nor-
mal events exhibit a single peak, consistent with a smooth, regular rise. Anomalous events
more frequently exhibit either no identifiable peak or multiple peaks, the latter being
consistent with multi-step waveforms, pile-up, or noise. Some overlap remains, partic-
ularly for low-energy events, in which noise-induced fluctuations along the rising edge
can produce additional derivative peaks. The combined feature DOIRMS defined in (1),
shown in Figure 3(c), exhibits the clearest separation between the two classes. Normal
events predominantly populate intermediate and high values, with a maximum around
8–9, whereas anomalous events are concentrated mainly below DOIRMS≃ 4. Neverthe-
less, residual overlap limits the discrimination achievable with a single threshold. These
distributions therefore motivate a multivariate approach that exploits the complementary
information and correlations among the three waveform features using ML methods. ML
was used to classify waveforms based on pulse-shape features. XGBoost was trained on
a subset of the acquired events, with initial labels assigned using feature-based criteria
(see Section 2) and subsequently refined through visual inspection. The classification per-
formance obtained using the complete feature set is reported in Figure 4. The receiver
operating characteristic (ROC) curves, evaluated on the fixed test sample, are shown in
Figure 4(a). XGBoost achieved an area under the curve (AUC) of 0.996 and an accuracy of
96.8%. To compare ML with respect to using feature selection, we also used the DOIRMS as
a threshold, but achieving only an AUC of 0.85, exhibiting the advantage of exploiting the
entire feature correlation for classification. We further explore the dependence of the XG-
Boost accuracy on the number of training events as shown in Figure 4(b). With only a few
training events, the mean accuracy is approximately 79% and exhibits a relatively large
variation among the different stratified samples. The accuracy increases to approximately
93% with a few hundred of training events and approaches 97% when several thousand
labeled waveforms are used. The observed saturation indicates that most of the classifica-
tion performance can already be obtained with a few hundred labeled events, although a
larger training sample improves both accuracy and stability.
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Figure 4. In panel (a) the ROC for XGBoost (blue) and the curve (red) obtained using the DOIRMS

feature as the threshold for the classifier. Panel (b) XGBoost classification accuracy as a function of
the number of training events. The points and shaded region in panel (b) represent the mean and
standard deviation obtained from ten independently drawn stratified training subsets, respectively.

After the classification performance had been evaluated on the independent test sam-
ple, the final XGBoost model was then applied to 790700 events. This selection accepted
381351 events, corresponding to 48.2% of the complete dataset. Figure 5 compares the cal-
ibrated spectrum of the complete dataset with that obtained after the XGBoost selection.
The two distributions use the same acquisition exposure and energy binning and are re-
ported as absolute counts. The unselected spectrum contains the characteristic Pb Lα, Kα,
and Kβ lines, together with double- and triple-coincidence structures at approximately
150 and 220 keV, respectively and the electron–positron annihilation peak around 511 keV.
The XGBoost selection produces a broad reduction of the continuum over the entire in-
vestigated energy range while preserving the main characteristic lines. The double- and
triple-coincidence regions are suppressed more strongly than the isolated Pb K lines, con-
sistently with the presence of multi-step or pile-up waveforms among the rejected events.
A reduction of the high-energy continuum is also observed around the 511-keV region,
where the annihilation peak remains visible after the selection, with improved signal-to-
noise ratio. These results demonstrate that the information encoded in the waveform fea-
tures can be used to improve the relative visibility of spectral structures in the presence of
an intense accelerator-induced background.
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Figure 5. Calibrated CZT energy spectrum before event selection (red) and after retaining events
classified as normal by the feature-based XGBoost model (green). The same acquisition exposure
and an energy-bin width of 1.5 keV are used for both distributions. The characteristic Pb lines, the
double- and triple-coincidence structures, and the 511-keV electron–positron annihilation peak are
indicated.

This preliminary study demonstrates that a few hundred manually labeled wave-
forms are sufficient to achieve classification accuracy above 90% relative to the assigned
labels and suppress the spectral continuum while preserving the main spectral struc-
tures. Further validation across independent acquisitions, detector setups, and beam con-
ditions is needed to establish generalizability. Future developments could employ one-
dimensional convolutional neural networks (CNNs) to exploit waveform morphology di-
rectly. Integration into the DAQ could enable online event rejection without routinely
storing full waveforms, potentially reducing processing time by bypassing explicit fea-
ture extraction; this advantage should be verified through latency benchmarks. CNN
implementation in FPGA-based acquisition systems provides a precedent for this ap-
proach [24]. ML interpretability methods, like feature importance and SHAP analysis [25]
could clarify the features driving the current classifier, while Grad-CAM adapted to one-
dimensional signals could identify waveform regions relevant to CNN predictions [26].
Finally, Monte Carlo simulations coupled with charge-transport, signal-formation, and
electronics-response models could provide physically motivated training labels, reducing
reliance on manual annotation, provided that simulated waveforms are validated against
measurements [27–29].

4. Conclusions
This work demonstrates the feasibility of feature-based pulse-shape analysis for back-

ground suppression in a quasi-hemispherical CZT detector operated at the DAΦNE BTF
of INFN-LNF. By combining temporal and morphological waveform features, the XG-
Boost classifier achieved an AUC of 0.996 and an accuracy of 96.8% on the fixed test
sample, with accuracies above 90% already obtained using a few hundred labeled wave-
forms. The final model, trained on the complete labeled sample and applied to 790700
events, retained 48.2% of the data and substantially reduced the spectral continuum while
maintaining the visibility of the characteristic Pb lines and the 511-keV annihilation peak.
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The preferential suppression of the double- and triple-coincidence structures is consistent
with the rejection of multi-step and pile-up waveforms. These results establish a proof of
concept for machine-learning-assisted PSA and support its further development for CZT
spectroscopy in accelerator environments.

The classification metrics quantify agreement with morphology-based labels rather
than independently verified interaction topologies. Further validation will focus on the
energy dependence of signal efficiency and background rejection, including the role of
amplitude-related features, and on stability across independent acquisitions and detector
conditions. Complementary studies using simulated waveforms will support the physical
interpretation of the selected events and the development of the method toward quantita-
tive spectroscopy and online event selection.
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