Uncertainty Quantification in Radioactivity Level
Estimation via Heteroscedastic Count Regression
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Abstract—In nuclear facilities, dedicated instruments are used
to monitor airborne radioactivity in real-time. Current nuclear
measurement analyses rely on simple statistical methods that
exhibit significant limitations in atypical or low-count situations.
To address these shortcomings, we propose a deep neural network
approach for count regression, enabling more accurate estimation
of transuranic alpha emissions. Uncertainty quantification is
integrated through parametric distributional prediction com-
bined with the theoretical guarantees of conformal prediction.
In addition, we introduce a novel optimization strategy for het-
eroscedastic predictive distributions, which mitigates the inflated
variance behavior commonly observed in existing approaches.

Index Terms—Deep Learning, Uncertainty Quantification,
Conformal Prediction, Radioactivity.

I. INTRODUCTION

Continuous Air Monitors (CAMs) are widely deployed in
nuclear facilities to detect airborne transuranic contamination
in real time. These systems operate by continuously collecting
aerosols from ambient air onto a filter and analyzing the
resulting alpha spectra to trigger alarms when contamina-
tion is detected. However, In complex environments such
as decommissioning sites, CAMs are known to generate a
high rate of false positives. This behavior is primarily caused
by non-standard atmospheric conditions, including dust-laden
aerosols and fluctuations in radon progeny activity, which
significantly perturb the measured spectra [1]-[3]. These false
alarms lead to frequent operational interruptions and delays in
decommissioning activities. Current CAM decision algorithms
mainly relying on fixed regions of interest (ROIs) and alarm
thresholds [4]. While effective under nominal conditions, such
rule-based approaches lack adaptability to atypical spectral
distortions induced by non-radioactive aerosols or variable
radon backgrounds. As a result, their performance degrades in
the challenging environments encountered during dismantling
operations, where atmospheric conditions often fall outside the
assumptions underlying standard calibration procedures.

To address these limitations, recent work has explored the
integration of statistical learning techniques into CAM data
analysis. In particular, a neural network—based classification
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approach was proposed in [5], demonstrating improved adapt-
ability to atypical conditions and a substantial reduction in
false alarm rates. Despite these promising results, the proposed
model suffers from a key limitation inherent to many deep
learning approaches: its black-box nature. In safety-critical
applications such as radiological monitoring, the absence
of uncertainty quantification and interpretability significantly
limits the model’s suitability for operational decision-making.

The objective of this work is to overcome these limitations
by developing a more trustworthy and interpretable data-driven
approach for CAM analysis. Rather than formulating the
problem as a classification task, we propose a regression-based
framework that directly estimates transuranic alpha activity
while explicitly modeling predictive uncertainty. Uncertainty
quantification is integrated through parametric distributional
prediction, calibrated using the conformal prediction frame-
work, which provides strong theoretical guarantees on the
validity of the resulting confidence intervals. In addition, we
introduce a novel optimization strategy for heteroscedastic
predictive distributions that mitigates the inflated variance
behavior commonly observed in existing approaches, leading
to improved uncertainty calibration and superior accuracy
compared to state-of-the-art solutions.

II. DOUBLE COUNT REGRESSION NETWORK

This section is devoted to the construction of a deep
learning model for count regression. After a brief description
of the motivations and notations, the different elements of the
construction are introduced. They concern a suitable choice
of the type of network to model a count variable, an efficient
learning process to estimate the network parameters and an
uncertainty calibration step to derive reliable information for
radioactivity level estimation.

A. Motivation of the regression framework

The model’s objective is to determine whether transuranic
activity is present. Although this is inherently a binary de-
cision, we separate the measurement from the decision stage



and therefore adopt a regression framework instead of binary
classification. The number of transuranic events in the mea-
surement is directly predicted, i.e. the number of emissions
that are due to a transuranic radioisotope. We motivate this
choice with multiple reasons:

o The alarm threshold is controllable, thanks to the physical
meaning behind the network’s prediction.

o The decision, separated from analysis, can be taken by
usual means from the estimated measurement. The inter-
pretability of the decision process is thereby enhanced.

o Regression naturally accommodates the varying severity
of false negatives (e.g., missing large vs. small contami-
nation), eliminating any complex loss function tuning.

e As described in Section III, the database includes exact
information on the number of transuranic-related events
in each spectrum. The count regression framework thus
allows to use all information available to train the model.

B. Notation

In this study, we begin by assuming access to a dataset,
denoted as D, which comprises a total of [V distinct training
examples. Each example within this dataset is represented as
a pair {x;,y;}Y,, where x; corresponds to the input features
taking values in X = Zzod, d > 0, and y;, which takes
values in the set of non-negative integers Zx, represents the
associated label or target variable. These labels are assumed
to be sampled from an underlying, yet unknown, count distri-
bution p(y; | x;), which describes the conditional probability
of observing y; given the input x;. To formalize the problem
setting, P is introduced to represent the space of parametric
probability distributions {p,,, 1) € R} defined over the set of
non-negative integers Zx>q. Within this framework, a specific
distribution p € P can be uniquely identified and parame-
terized by a vector 1» € R™, which encapsulates the essential
characteristics of the distribution. Our primary goal is to model
the space of distributions P using a neural network, denoted
as fo, which maps an input from X to a corresponding
distribution in P. The neural network fg is fully parameterized
by a set of learnable weights ©, which are organized across
L successive layers. Although the idealized network maps
inputs directly to distributions, in practical implementations,
we restrict the probability space to a family of parametric
distributions and design fg to output the parameter vector
1, effectively defining the mapping fo : & — . Once
the network is trained, it enables us to derive a parametric
predictive distribution, denoted as p(y; | fo(x;)), for any
given input z; in the dataset. We introduce in next sections two
families of parametric distributions suitable for our problem.

C. Double Poisson networks

When estimating a count variable, a natural first choice
is to model the targeted count using a Poisson distribution.
However, this distribution fails to adequately account for the
uncertainty inherent in our heteroscedastic data. Specifically,
the variance of y is influenced not only by its mean but
also by external factors such as Radon activity and filter

dustiness. To address this limitation, we adopt a Double
Poisson (DP) distribution [6] to model the response variable
y. This distribution generalizes the traditional Poisson model
by incorporating a mean parameter ;. > 0 and an independent
inverse dispersion parameter ¢ > 0, enabling capture of over-
and under-dispersion. Accordingly, we restrict the output space
to Ppp C P, the family of double Poisson distribution over y.
Any distribution p € Ppp is uniquely parameterized by the pair
1 = (i, ¢) and its mass function is defined for all y € Z>

as:
_ ¢ exp(—op) (e‘yyy> (e“)w
pDP(y | M,¢) - C(,U,(b) y' y 9

where ¢(u, ¢) is approximated by:

L 1-9 1

This formulation allows the Double Poisson distribution to
model under-dispersion (¢ > 1, where Var(y) < ) as well as
over-dispersion (¢ < 1). When ¢ = 1, the distribution closely
approximates the standard Poisson distribution.

The Double Poisson distribution can be integrated into a
generalized linear model (GLM; [7]) and, similarly, into a
neural network framework [8]. In the neural network imple-
mentation, the two parameters of the distribution, p and ¢,
are estimated simultaneously using a two-neuron output layer
fo : X — (u,¢) with a Softplus! activation function to
enforce non-negativity of the output, defined by Softplus(z) =
log(1 + exp(x)).

Accordingly, for training the Double-Poisson network, we
learn the weights © by minimizing the negative log-likelihood
(NLL) of the Double Poisson distribution in average across all
the triples (i;, q@h y;) using the following loss function:

Lop(fii, i, yi) = 3 log(¢:) + difii + log(c(fis, d:))
— b (1 +log(fus) + difts — 10g(yz'))~
D. Negative Binomial networks

An alternative for Double Poisson modeling is the Negative
Binomial (NB) distribution [9], which generalizes the Poisson
by introducing a dispersion parameter w > 0. This allows the
variance to depend not only on the mean g > 0 but also on
w, accommodating the additional variability observed in het-
eroscedastic data by modeling an eventual over-dispersion. We
restrict our output space to Pyg C P, the family of Negative
Binomial distributions over y. Each distribution p € Pyp is
uniquely parameterized by the pair ¢ := (u,w), and can be
formulated following two common parameterizations:

ISoftplus predict positive values, is defined for all real numbers and is
differentiable everywhere. Exponential activation would preserve canonical
exponential-family structure and classical GLM theory, but might suffer from
unstable gradients and curvature. Softplus reparameterization trades canonical
form for smoother gradients, bounded curvature, and improved numerical
behavior, while preserving the underlying exponential-family likelihood.



1) Negative Binomial Type I (NBI): The variance scales
quadratically with the mean, Var(y) = p+wp?. Its probability
mass function is given by:

Ly + ) (ww)?
L (D T+ 1)1 +wp)ytt/e

The corresponding negative log-likelihood used as loss
function is easily derived.

2) Negative Binomial Type II (NBII): The variance scales
linearly with the mean, Var(y) = p+ wu. Its probability mass
function is:

pNBI(y ‘ Maw) =

Iy+g)e”
T (E)T(y + D)(1+wprtn/s’

E. Improving optimization process: Stop-Gradient Scheduler

pNBII(y | ,u,w) =

The dual nature of the prediction task of the Double-
Poisson neural network may lead to premature convergence
due to inflated predicted variance, in particular for the most
difficult instances of the training data, which can lead to sub-
optimal mean parameter fit [10]. We aim to re-balance the
optimization process in order to achieve a better fit for u,
without sacrificing accuracy on ¢. To mitigate this particular
problem, [10] proposed to introduce a trade-off in the loss
function via an hyper-parameter 8 € [0,1] in a slightly
modified loss, called Double-Poisson [3-NLL :

with | .| designating the stop-gradient function?. Taking 3 = 0
recovers the standard Double-Poisson NLL, and increasing /3
towards 1 progressively reduce the importance of the disper-
sion parameter to the profit of . 5 = 0.5 generally achieves
the best trade-off between accuracy and log-likelihood [10].
This loss will be denoted (33 5-Double-Poisson-NLL.

We introduce an alternative progressive learning strategy,
which we refer to as the Stop-Gradient Scheduler (SGS).
This method can be applied to any two-parameter distribution
characterized by a mean and a dispersion parameter, such
as the Double Poisson or the Negative Binomial (and thus
also including the Gaussian distribution). A brief description
is provided below. At the beginning of training, only pu is
optimized, while the gradient of the dispersion parameter ¢
(resp. w) is frozen and this parameter is fixed to a default
value selected via cross-validation. Subsequently, ¢ (resp. w)
is progressively incorporated into the loss function, with the
probability of including it increasing from 0 to 1 over the
course of training. This probability is set to increase linearly,
as illustrated in Figure 1, although alternative schedules could
be explored. Consequently, the proportion of batches used to

2In a computational graph, any path passing through z will have a gradient
contribution of %
parameters preceding z.

= 0, meaning it does not affect the updates of the

optimize ¢ rises from 0% in the first epoch to 100% in the
final epoch. At the end of the training, it is reasonable to
consider that every data point contributed multiple times to fit
the dispersion parameter, especially if numerous epochs are
used. This heuristic does not require any trade-off between
the two parameters of the distribution.

o

Late training :

most of the data
contributes to fit the
whole distribution

—

Early training :
most of the data only
<« contributes to fit

Proportion of batch contributing to ¢ (or w)
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Fig. 1. Empirical proportion of training batches contributing to the dispersion
parameter ¢ (or w) at each epoch of the training.

F. Uncertainties calibration using conformal prediction

The predictive probability distributions obtained from the
previous networks allows to get estimated confidence intervals
but does not achieve theoretical guaranties on the calibration
of these confidence intervals, beyond the behavior we could
empirically observe on a test dataset. To tackle this limitation,
it is proposed to perform a calibration using the conformal
prediction framework.

Conformal prediction is a recent uncertainty quantification
framework originally introduced by Vladimir Vovk [11]-
[13]. It allows to generate prediction sets for any model f,
associated with a chosen confidence level. In the regression
framework, this will naturally corresponds to confidence in-
tervals. The main idea is to separate the learning data into
two distinct sets: the proper training set {(z;, yi),? € Ztrain }»
used to fit the model’s parameters ©, and a calibration set
{(zi,¥:i),7 € Zear}, used to build the prediction sets, with
It’rain N Ical - @ and |It’r'ain| + ‘Icul| =N.

The locally adaptive split conformal prediction framework
allows to turn the uncertainties estimated by our Double
Poisson (or Negative Binomial) network into rigorous predic-
tion intervals C'ItmmuImp benefiting from strong theoretical
guaranties. The results of conformal prediction hold under
the assumption that the new test point (zy41,Yn+1) IS ex-
changeable with the calibration data, i.e. their joint distribution
remains unchanged under permutations. This assumption is
weaker that the i.i.d. assumption. The validity of this hy-
pothesis for our data is discussed Section III-F. Under this

hypothesis, the prediction band Cy = C7,,.. 7., built with
the conformal approach satisfies
P(yn+1 € éN($N+1))Z -« (D

In particular, the use of sqaled residuals ordination [14], [15]
is a simple way to build Cn(zy41) for any new test point
(xn+1,yN+1) [14] following four steps.



1) After training the model f on the training set, the pre-
dictions are performed on the calibration set { f(z;) =
(ﬂia ¢2)7Z € Ical}~

2) The estimated standard errors {&i = 6(x;),1 € Ical}
are obtained from the estimated Double Poisson density
{ pop (i, qu), 1 € Teal }, or the Negative Binomial density
respectively.

3) The scaled residuals of the predictions are then defined

. N T
as: Ry = | 5 ‘,zeIcal

~l—o

4) Finally, define ¢, “ as the empirical (1 — «)-quantile
of Ry, that is to say the [(1 — a)(|Zca| + 1)] smallest
residual among R,. After performing the predictions
f(xn11) and computing 1, a conformal prediction
band associated to xy4+1 can be written as:

Crlzng1) = [ﬂNH + NG5 ()

An alternative to scaled residuals ordination relies on quan-
tile regression. However, in our setting the confidence level
must remain fully controllable at any time by the monitoring
operator. We therefore exclude quantile regression methods, as
they require specifying the confidence level prior to deploy-
ment, which is incompatible with practical usage.

III. RESULTS

This section presents a performance evaluation of the pro-
posed deep learning approaches on alpha-spectroscopy case.
Following a description of the dataset, the evaluated models
and performance metrics are outlined. The regression results
are then reported, and the section concludes with a brief
discussion of the classification task.

A. Dataset

A simulation code based on classical equations has been
developed in [5]. This code allows the simulation of a synthetic
database containing 200,000 spectra (an example is shown
in Figure 2), representing a large variety of atmospheric
situations. This database includes extreme conditions, such as
high dust levels (up to 8 mg on the filter), high Radon activity
(up to 100 Bg/m?3) and instrument miscalibration.

B. Tested models

For our predictive distribution approach, the three distribu-
tions presented in II-C and II-D were first tested using their
negative log-likelihood as loss function. The improved learn-
ing process with SGS introduced in II-E was then conducted
on these likelihoods. Finally, a third variant was obtained by
applying the conformal-calibration of the predicted confidence
intervals on trained models. For the case of Double Pois-
son likelihood, the state-of-the-art optimization process (g 5-
Double Poisson NLL is also added to the benchmark [8],
[10]. For the sake of completeness, natural choices for the
standard loss function were also used to train two baseline
models: Mean Absolute Error (MAE) and Mean Squared
Error (MSE). The same one-dimensional convolutional neural
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Fig. 2. A simulated spectrum, with the 218Po peak between 4.5 and 5 MeV,
and the 214Po peak between 6.5 and 7 MeV. The tails of these two Radon-
descendants create background noise in the transuranic region of the spectrum.

network was employed for all loss functions. Its architecture
closely follows that of the classification network described in
[5]. For the distributional variant, an additional output neuron
was introduced to estimate the dispersion parameter alongside
the mean of the predicted distribution. Training was conducted
using a batch size of 100 spectra and the AdamW optimizer
[16]. The network was trained for 50 epochs with an initial
learning rate of 1073. A learning rate scheduler was also
employed to facilitate faster convergence.

The training set is composed of 80% of the total database,
i.e., 160K spectra, leaving 20% for the test set. 25% of the
training set is kept for a calibration set, used for the conformal
calibration of the uncertainties, leaving 120K spectra for the
proper optimization of the network weights. Ten models were
trained each time with different random initialization seed, in
order to quantify the dispersion of the results. Standard errors
of the ten models outputs will be indicated and represented
when presenting the results.

C. How to assess our models ?

The evaluation of a regression model is straightforward,
as the MAE and the MSE computed on the test set are
sufficient to quantify the relative accuracy of the predictions.
For the likelihood-trained networks, the label y is compared
with the predicted mean parameter, which exactly corresponds
to the mean of the distribution for the Negative Binomial
(u = E[Y]), and approximately corresponds to the mean
for the Double Poisson (1 = E[Y]). The mean parameter p
will be assimilated to the prediction . The evaluation of the
uncertainty estimations quality lies on two criteria:

o Calibration of the estimated confidence intervals, where
the empirical proportion of true values contained within
the intervals should match the prescribed confidence level
on a validation set.

« Width of the confidence intervals, with narrower intervals
indicating better uncertainty quantification.

The continuous ranked probability score (CRPS) [17] pro-
vides a unified measure of the desirable properties of a
predictive distribution. It attains its optimal value of zero when
the predictive distribution collapses to a Dirac mass at the



true label. The CRPS increases as the distribution becomes
more dispersed or as its central tendency moves away from
the observed value.

D. Regression results

The results obtained with the different losses are detailed in
the Table I. One hyper-parameter selection had to be done in
the Stop-Gradient Scheduler optimization process: the choice
of the default dispersion parameter, used when its gradient
is deactivated in the loss. For the Double Poisson, cross-
validation results clearly point toward the choice of ¢ = 1,
both in terms of MSE and CI width. Analogously for the
negative binomial, the default w value is chosen close to equi-
dispersion, i.e. close to zero (w = 0.001). It is the best trade-
off between a small default dispersion, which increases over-
fitting tendencies, and a large dispersion, which dilutes the
accuracy of the mean parameter fit.

In terms of pure regression performances, the MAE and
MSE loss functions logically obtain among the best absolute
and squared errors. However, once trained with SGS, the net-
works trained to maximize the three different distribution like-
lihood achieve comparable precision levels. The confidence
intervals mean width obtained after training with the different
losses are showed in Figure 3. It is clear that depending
on the confidence level targeted, the best distribution choice
might not be the same. For lower confidence requirements
(below 90%), the two negative binomial distributions allows
narrower confidence intervals. For higher confidence levels,
intervals width becomes similar. Once trained with SGS, the
two negative binomial distributions get very close results.
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Fig. 3. Mean of the predicted confidence-interval widths versus confidence
level for the different losses, obtained on the test set. For a fair comparison,
all CI are conformal-calibrated, achieving the same calibration level.

The results from Table I and Figure 3 highlight the use-
fulness of the proposed Stop-Gradient Scheduler optimiza-
tion process. The MSE of the predictions are significantly
improved, except for the Type I NB. In the meantime, the
width of the confidence intervals are considerably reduced,
even for a same calibration rate. The CRPS are also greatly
improved for the three distributions, in particular the two NB.
For the Double Poisson, the SGS procedure outperforms the
state-of-the-art By 5 Double Poisson NLL, both in MSE and
in confidence interval width, at least until the 93% confidence
level.

E. Classification results

In general, from the predicted count and its confidence
interval, any binary decision can be applied depending on the
specialist preference. We may apply a CI-based alarm method
through the standard statistical test, i.e. 1{0 ¢ CI(z)}.

In our case, we choose to apply the traditional sigma-
factor alarm method, used in many continuous air monitors
[4]. It consists in triggering an alarm if § > k X oy, with §
the estimated transuranic count, and k the so-called sigma-
factor. § may be estimated by various means, and is generally
approached by a rudimentary statistical heuristic, such as
the 4-Regions-of-Interests method [4]. The sigma-factor is
typically chosen between 4 and 6 depending on the targeted
false alarm rate, usually very low (< 0.001%). The instrument
takes indeed multiple independent decisions per hour and is
often working 24/7. Furthermore, one facility may use dozens
of such instruments. For instance, aiming a false alarm rate
of one per year for ten instruments working on 30-minutes
acquisition windows, corresponds to a false alarm rate of
5.7x107%. Estimating y by the neural network, our applicable
alarm equation becomes : § > k x &(%). The unusual precision
of the estimation of y and of o(y) allows to chose a sigma-
factor lower than usual: empirically, the choice of k& equal to
three already satisfies high conservatism standards. This means
that the sensitivity of our approach is also improved.

Table II summarizes the results obtained on the test dataset
for the classification task. The distributional models were
trained with SGS, but are not calibrated. For comparison, we
added the performances of the CNN trained for classification
with the cross-entropy, with an identical architecture except
for the output layer. In moderate background noise condi-
tions (background counts in transuranic region < 100), our
distributional models achieve an excellent false positive rate
(0.00%), already surpassing the 4-ROI. In high background
noise (background > 100), the Double-Poisson network still
achieves a strong 99.85% specificity. Note that the precision of
the classification network may only be improved to the same
standard by sharply raising the binary classification threshold
from its default value 0.5 to 0.9995, obtaining hereby a compa-
rable 80% sensitivity. We however understand that this trade-
off approach is less rigorous, controllable and interpretable
than the one proposed through the Double Count Regression
networks followed by the sigma-factor algorithm. The CI-
based alarm method achieves comparable performances.

F. Limitations

The very good coverage of the predicted confidence inter-
vals obtained with conformal prediction is a powerful result,
consistent for any confidence level. It however faces some
limitations in real conditions. A monitor operating in real
time will probably measure data that will not be exchangeable
with our calibration set, because of the distribution drift.
Furthermore, building a calibration set that would be repre-
sentative of real world operations is not conceivable, since
different monitors may face very different conditions during
their lifetime. Future work will focus on an extension of these



TABLE I
REGRESSION PERFORMANCES OBTAINED WITH DIFFERENT LOSSES, WITH OR WITHOUT THE STOP-GRADIENT SCHEDULER (SGS), BEFORE AND AFTER
CONFORMAL CALIBRATION. EACH MODEL IS TRAINED TEN TIMES WITH DIFFERENT RANDOM SEEDS.

Loss MAE | MSE | Clggys cover  Clggy, width | CRPS |
MAE 6.99 £ 0.05 253.3£2.9 - - -
MSE 7.91 £ 0.07 239.3+29 - - -
Poisson NLL 8.14 +0.05 282.4+4.0 - - -
Double Poisson NLL 10.81+£0.32 372.8+254 95.62% +0.16 46.22 +1.78 7.29 £0.21
Bo.5 Double Poisson NLL 9.00 £0.13 2450+ 7.6  96.14% +0.17  39.45+1.05 6.20 £ 0.10
SGS Double Poisson NLL 8.28 £ 0.06 2309 £4.8 95.04% + 0.29 36.73 £ 0.63 5.95+0.04
Conformal SGS Double Poisson NLL - - 90.10% =+ 0.12 25.73 £0.31 -
Negative Binomial Type I NLL 7.66 £0.09 237.0+12.1 94.24% £ 0.31 56.77 £ 4.84 9.124+1.20
SGS Negative Binomial Type I NLL 7.94 +0.08 255.6 £7.2  93.52% +0.44  31.84+0.76 5.71 +0.08
Conformal SGS Negative Binomial Type I NLL - - 89.96% + 0.11 24.69 1+ 0.26 -
Negative Binomial Type II NLL 13.62+0.42 765.5+594 83.41% +0.35 38.60 £ 0.88 9.11+0.29
SGS Negative Binomial Type II NLL 7.86 + 0.04 255.3 +4.0 93.62% + 0.33 31.00 + 0.62 5.67 £ 0.06
Conformal SGS Negative Binomial Type II NLL - - 90.06% =+ 0.10 2495 +0.17 -

TABLE 11
CLASSIFICATION PERFORMANCES OBTAINED WITH FIVE ALGORITHMS.

Algorithm Precision Recall
Moderate background noise

4-ROI 97.98 % 83.35 %
Direct classification network 98.16 % 96.97 %
DP count network 100.00 % 97.78 %
NBI count network 100.00 %  98.18 %
NBII count network 100.00 %  97.58 %
High background noise

4-ROI 61.55 % 67.85 %
Direct classification network 96.06 % 91.02 %
DP count network 99.85 % 82.43 %
NBI count network 98.47 % 86.95 %
NBII count network 99.64 % 84.07 %

results to obtain stronger guaranties of confidence intervals
coverage for real CAM operations. In particular, we may focus
on conditional coverage to ensure a good confidence interval
coverage for all spectrum configurations. We hope that this
approach will mitigate drastically the lack of exchangeability.

Another limitation concerns the traditional sigma-factor
inequality used in Section III-E. Even though it works very
well, it is not based on solid statistical assumptions. Moreover,
it does only use the vanilla distribution predicted by the model,
but not the conformal-corrected confidence intervals.

Finally, the model’s behavior on real data requires further
study. The model may be deployed in various CAM devices.

IV. CONCLUSION

In this paper, we presented a new approach based on deep
learning for the analysis of a raw nuclear measurement. The
performances of the traditional algorithm used in this type
of monitors were greatly improved by the neural network.
Furthermore, the model was designed to estimate directly a
concrete physical measure, rather than a direct binary deci-
sion, which increases the interpretability of the final decision
algorithm. The integrated estimation of prediction dispersion,
enhanced by a conformal prediction procedure, allows to
efficiently capture the prediction uncertainty. The optimization
heuristic proposed for the training of the two-parameters het-

eroscedastic distribution allows a wider use of this method for
a versatile and reliable uncertainty quantification approach in
deep learning in both Negative Binomial and Double Poisson
distribution, without drawbacks on regression performances.
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