Development and Validation of New
Neural Network Topologies for Spectral
Analysis of Gamma Radiation

Introduction

The accurate identification and quantification of radioisotopes through gamma-ray
spectroscopy is crucial for nuclear facility monitoring, emergency response, and research
applications. Traditional approaches to gamma spectral analysis rely heavily on peak fitting
techniques, which often struggle with overlapping peaks, noisy environments, and complex
spectral patterns. These conventional methods typically achieve around 85% accuracy in
isotope identification and require significant manual post-processing by experts.

To address these limitations, we propose a novel approach using specialized neural network
architectures specifically designed for gamma-ray spectral analysis. Our solution combines
custom Convolutional Neural Networks (CNNs) with Transformer layers, incorporating
domain-specific constraints and advanced preprocessing techniques to achieve superior
accuracy and real-time processing capabilities.

Methodology and Technical Approaches

Neural Network Architecture Design

Our hybrid architecture implements a multi-stage approach to spectral analysis, combining
specialized neural network components to address different aspects of gamma-ray spectrum
interpretation:

Convolutional Neural Network Component

The CNN architecture is specifically designed for gamma spectral analysis with the following
key features:

e Input Layer Configuration:
o Direct spectral data input as 1D arrays (typically 1024 or 2048 channels)
o Normalized energy calibration to ensure consistency across different detector
types

© 2024 Couldera Technologies s.r.o. | https://couldera.com
Development and Validation of New Neural Network Topologies for Spectral Analysis of Gamma Radiation Page: 1



o Multi-channel input support for simultaneous analysis of different energy
ranges
e Specialized Convolutional Layers:
o Multiple convolutional layers with varying kernel sizes (3, 5, and 7) to capture
different peak widths
Custom activation functions optimized for peak detection sensitivity
Dilated convolutions to handle wide-range spectral features without losing
resolution
o Skip connections to preserve fine spectral details through the network
e Domain-Specific Constraints:
Energy conservation constraints implemented in the convolution operations
Peak-area preservation mechanisms in pooling layers
Attention mechanisms focused on known energy regions of interest
Custom loss functions incorporating physics-based penalties for unrealistic
predictions

o O O O

Transformer Integration

The Transformer component enhances the network's ability to handle complex spectral
relationships:

e Spectral Encoding:

o Positional encoding modified to reflect energy channel relationships

o Self-attention mechanisms weighted by peak significance

o Multi-head attention for parallel processing of different spectral features
e Sequential Processing:

o Bidirectional analysis to capture both local and global spectral patterns

o Specialized attention heads for different energy ranges

o Context-aware feature extraction for overlapping peak resolution

Feature Engineering and Integration
The architecture incorporates domain-specific feature extraction:

e Physics-Based Features:
o Peak centroid calculation and tracking
o Full Width at Half Maximum (FWHM) analysis
o Peak-to-total ratio computation
o Compton continuum modeling
e Hybrid Feature Integration:
o Parallel processing of raw spectral data and extracted features
o Adaptive feature weighting based on spectral quality
o Dynamic feature selection based on detected isotope signatures

Model Optimization

The network employs several optimization strategies:
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e Training Methodology:

o Curriculum learning approach, starting with simple spectra and progressively

increasing complexity

o Adaptive learning rates based on spectral complexity

o Batch composition strategies to ensure diverse spectral representation
e Regularization Techniques:

o Spectral dropout for improved robustness

o L1/L2 regularization with physics-informed constraints

o Custom regularization terms for energy conservation
e Performance Optimization:

o Model quantization for embedded deployment

o Parallel processing optimization for GPU acceleration

o Memory-efficient implementation for real-time analysis

Ensemble Integration
The final architecture implements an ensemble approach:

e Model Combination:
o Multiple specialized networks trained for different energy ranges
o Weighted voting system for final isotope identification
o Confidence score generation through ensemble agreement
e Decision Integration:
o Bayesian integration of multiple model outputs
o Uncertainty quantification through ensemble variance
o Dynamic weighting based on spectral quality metrics

Noise Reduction and Signal Processing

Our preprocessing pipeline implements a comprehensive approach to signal enhancement
and noise reduction, crucial for achieving high accuracy in spectral analysis:

Wavelet-Based Denoising

e Multi-Resolution Analysis:

o Implementation of stationary wavelet transform (SWT) utilizes a redundant
wavelet transform that maintains time invariance, critical for preserving peak
positions in gamma spectra. The transform is computed at multiple scales
(typically 1-8) to capture both fine peak details and broader spectral features.
The redundancy of SWT, while computationally more intensive than discrete
wavelet transform (DWT), provides superior denoising results by avoiding the
shift-variance issues common in DWT.
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o Adaptive wavelet basis selection implements an automated system that
evaluates multiple mother wavelets (including Daubechies, Symlets, and
Coiflets) against the current spectral characteristics. The selection criteria
include peak preservation metrics, noise reduction efficiency, and
computational overhead. The system dynamically switches between different
wavelet bases based on the detected spectral features, with Daubechies-4
typically preferred for sharp peaks and Symlets-8 for broader spectral
features.

o Level-dependent thresholding applies different threshold values at each
decomposition level, optimized based on the statistical properties of noise at
that scale. The threshold values are computed using a modified universal
threshold formula: T_j = o_j * sqrt(2*log(N)) * K_j, where o_j is the noise
standard deviation at level j, N is the signal length, and K_j is a level-specific
adjustment factor determined through empirical testing with known spectra.

o Custom mother wavelets were designed specifically for gamma spectral
features by optimizing the wavelet shape to match typical peak
characteristics. These wavelets were developed using a parametric
optimization approach that minimizes the reconstruction error for a large
database of known gamma peaks while maximizing noise reduction efficiency.
The resulting wavelets show improved performance in preserving peak shape
and area compared to standard wavelet bases.

e Coefficient Processing:

o Soft thresholding with context-aware threshold determination employs an
adaptive approach where the threshold value varies based on local spectral
characteristics. The threshold function T(x) = sign(x)(|x| - A) is modified to
include a local context factor: T(x) = sign(x)(|x| - A*C(x)), where C(x) is a
context function that considers peak proximity, local count rate, and statistical
significance of the coefficient.

o Scale-dependent coefficient modification implements separate processing
strategies for different wavelet scales. Coefficients at fine scales (1-3)
undergo more aggressive thresholding to target high-frequency noise, while
coefficients at coarser scales (4-8) are processed more conservatively to
preserve broad spectral features. The modification function includes both
amplitude and phase adjustments: M(c_j)=A_j* c_j * exp(i¢_j), where A _j
and ¢_j are scale-dependent amplitude and phase factors.

o Energy-preserving reconstruction methods ensure that the total energy
(integral) of the spectrum remains constant before and after denoising. This is
achieved through a constrained optimization approach: min ||WA(-1)(T(Wx)) -
X||? subject to >x_i =3y i, where W represents the wavelet transform, T the
thresholding operator, and x and y the input and output signals respectively.
The constraint is enforced using Lagrange multipliers in the reconstruction
algorithm.
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o

Adaptive noise estimation in the wavelet domain uses robust statistical
methods to estimate noise levels independently at each scale. The estimation
combines median absolute deviation (MAD) estimators with local variance
estimation: o_j = median(|d_j|)/0.6745 * K_j, where d_j are the wavelet
coefficients at level j and K_j is an adaptive correction factor based on the
local signal properties. The system maintains running estimates of noise
levels and updates them continuously during processing.

Advanced Smoothing Algorithms

e Adaptive Kernel Smoothing:

o

Variable bandwidth selection implements a data-driven approach where the
kernel bandwidth h(x) varies according to local spectral characteristics: h(x) =
ho * f(x)*(-a), where ho is a base bandwidth, f(x) is a local density estimate,
and a is an adaptation parameter (typically 0.3-0.5). The system employs a
pilot density estimate to optimize ho using cross-validation techniques across
multiple spectra regions.

Edge-preserving filters utilize a modified bilateral filtering approach
specifically designed for gamma spectra: y(x) =

> W(x,xi)g([f(x)-f(xi)f(xi)/ > w(x,xi)g([f(x)-f(xi)|), where w(x,xi) is a spatial kernel
and g() is an edge-stopping function. The edge-stopping function is optimized
using a database of known peak shapes to minimize peak distortion while
maximizing noise reduction.

Statistical significance testing for smooth regions employs a multi-scale
chi-square test: x2(x) = > (f(xi)-s(xi))*/0?*(xi), where f(xi) is the original
spectrum, s(xi) is the smoothed version, and o?(xi) is the local variance
estimate. Regions are classified as requiring smoothing when x? exceeds a
dynamic threshold T(x) that adapts to local count rates.

Iterative refinement implements a convergence-controlled smoothing process:
s _k+1(x) = s_k(x) + A(x)(f(x)-s_k(x)), where A(x) is a spatially varying
relaxation parameter. The iteration continues until ||s_k+1-s_K]|/||s_k|| < €,
where ¢ is typically set to 10”-4 for high-precision applications.

e Peak Enhancement:

O

Shape-preserving spectral smoothing utilizes constrained optimization with
shape preservation constraints: min ||Sf-f||? subject to V2S(p_i) < 0 at peak
locations p_i, where S is the smoothing operator and V2 is the second
derivative operator. The constraints ensure that peak curvature maintains
physical validity.

Local background estimation employs a sliding window approach with
adaptive width: B(x) = median(f(xtw(x))), where w(x) = wo * sqrt(f(x)/f_max) is
an adaptive window width. The background is refined using a tension-spline
interpolation between background points to ensure smoothness.
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o

Peak width-dependent filtering implements a variable-width Gaussian
convolution: y(x) = [f(t)G(x-t,a(x))dt, where o(x) varies with the local expected
peak width: o(x) = 0o * sqrt(E(x)), with E(x) being the energy at position x.
This ensures appropriate smoothing across different energy regions.

Signal-to-noise ratio optimization uses an iterative approach to maximize the
local SNR: SNR(x) = (p(x)-b(x))/sqrt(var(b(x))), where p(x) is the peak height
and b(x) is the local background. The filtering parameters are adjusted to
maximize SNR while maintaining peak integrity.

Adaptive Thresholding System

Dynamic Threshold Determination:

o

Local noise level estimation implements a robust moving window analysis:
o(x) = MAD(f(xxw))/0.6745, where MAD is the median absolute deviation
operator. The window width w adapts to local count rates: w = wo *
(M(x)/u_max)*(-0.5), where p(x) is the local mean count rate.

Statistical confidence interval calculation uses a modified Poisson-Gaussian
approximation: Cl(x) = p(x) £ k * sqrt(u(x) + 02_bg(x)), where k is a confidence
level parameter (typically 3-5) and 62 _bg(x) is the background variance
estimate determined through wavelet analysis.

Background fluctuation analysis employs a multi-time-scale approach: F(x,t) =
> 1 w(T)var(b(x,1)), where b(x,T) is the background estimate at time scale T,
and w(1) are scale-dependent weights optimized for different types of
background variations.

Peak-dependent threshold adjustment implements an adaptive threshold
function: T(x) = To(x) * (1 + aP(x) + BG(x)), where P(x) is a peak proximity
factor, G(x) is a local gradient term, and a,3 are optimization parameters

determined through machine learning on a training dataset.

Peak Detection Enhancement:

Multiple peak detection algorithms operate in parallel using complementary methods:
(1) Second derivative zero-crossing: Z(x) = {x: V(x) =0 A Vf(x+¢) <0}, (2)
Continuous wavelet transform maxima: M(x) = {x: d/ox(CWT(f,x,s)) = 0}, and (3)
Template matching: T(x) = max(f*g(x)), where g(x) represents ideal peak shapes.
Results are combined using a weighted voting system: V(x) = > wiPi(x), where Pi(x)
are individual peak indicators and wi are algorithm weights optimized through
machine learning.

False positive reduction implements a multi-criteria validation system: FP(x) =

[1(1-pi(x)), where pi(x) are individual probability factors for: (1)
pi(x) = 1-erf(|P(x)-B(x)|/o(x)), (2) Peak shape conformity: pz(x) =

Statistical significance:
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exp(-||S(x)-Sideal(x)||%/20%s), and (3) Energy alignment: ps(x) =
exp(-min(|E(x)-Ei|*/20%E)), where Ei are known isotope energies.

e Peak shape validation employs physics-based modeling: PS(x) = G(x;u,0) ® T(x) +
aL(x;y), where G is a Gaussian function, T is the detector response function, L is a
Lorentzian tail function, and parameters {y,0,a,y} are optimized using maximum
likelihood estimation for each detected peak.

e Intensity-dependent sensitivity adjustment implements an adaptive detection
threshold: n(x) = no(1 + Blog(I(x)/lo))?, where I(x) is the local intensity, l. is a reference
intensity, and B is an optimization parameter determined through ROC curve analysis
on validated spectra.

Data Augmentation Techniques

e Synthetic Spectrum Generation:

o Physics-based spectrum modeling implements a comprehensive response
function: R(E) = n(E)> (Ai*Pi(E)) ® D(E) + B(E), where n(E) is the detector
efficiency, Pi(E) are primary photopeak functions, D(E) is the detector
response function including Compton scattering and escape peaks, and B(E)
is the background function. Parameters are sampled from experimentally
derived distributions.

o Random noise injection utilizes a hybrid noise model: N(x) = V(AP(x)) * G(0,1)
+ 0B * G(0,1) + aS(x), where P(x) is Poisson noise scaled by count rate,
G(0,1) is Gaussian noise, and S(x) is structured noise with correlation
properties matched to real detector artifacts.

o Peak broadening and shifting simulation applies energy-dependent
transformations: E'(E) = E + 8E(T,V) + ¢(E), FWHM'(E) = FWHM(E) * (1 + aT
+ BV), where 8E represents systematic shifts due to temperature (T) and
voltage (V) variations, and ¢(E) is a random walk component.

o Background variation modeling implements a multi-component approach:
B(E,t) = Bo(E) + > (ci(t)Bi(E)) + D(E,t), where Bo(E) is the base background,
Bi(E) are characteristic background components, ci(t) are time-varying
coefficients, and D(E,t) represents environmental factors.

e Environmental Effects Simulation:

o Temperature drift simulation employs a thermal response model: G(E,T) =
Go(E)(1 + aT(T-To) + BT(T-To)?), where Go(E) is the nominal gain, T, is the
reference temperature, and {aT,fT} are temperature coefficients derived from
experimental data.

o Gain shift modeling implements a time-dependent transformation: G(t) = Go(1
+ at + Bsin(wt) + y§(t)), where a represents linear drift,  and w capture
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periodic variations, and §(t) is a random walk process with diffusion coefficient
Y.

Dead time effects incorporation uses a paralyzable detector model:

R _observed = R_true * exp(-R_true * 1), modified with pile-up effects:
R_pileup(E) = AY > P(E:,E:)d(E-(Ei+E-)), where T is the dead time, A is the
interaction rate, and P(E,E.) is the pile-up probability.

Detector response variation includes aging effects: R(E,t) = Ro(E)exp(-t/T(E))
+ A(E,t), where 1(E) is the energy-dependent degradation time constant and
A(E,t) represents accumulated radiation damage effects.

Quality Control and Validation

e Signal Quality Metrics:

o

Real-time SNR monitoring implements a sliding window estimator: SNR(t) =
(us(t)-ub(t))/\(o2s(t)+02b(t)), where ps and pb are signal and background
means, with variance estimates updated using exponential moving averages:
o*(t) = ao*(t-1) + (1-a)(x(t)-p(t)).

Peak resolution tracking uses automated FWHM analysis: R(E) =
FWHM(E)/E,., computed using robust peak fitting: f(E) = A*exp(-(E-Eq.)*/20?) +
B(E), with uncertainty estimation through bootstrap resampling of the peak
region.

Energy calibration stability check employs reference peak tracking: AE(t) =
> wilEi(t)-Ei,ref|/Ei,ref, where Ei(t) are measured peak positions, Ei,ref are
reference energies, and wi are importance weights based on peak intensity
and isolation.

System response function validation implements continuous monitoring: x3(t)
= Y (R(E,t)-Rref(E))?’/0?°R(E), where R(E,t) is the measured response function
and Rref(E) is the reference response, with automated alerts when ¥
exceeds threshold values.

e Automated Quality Assurance:

o

Continuous calibration verification implements a multi-peak tracking system:
C(t) = > widi(t), where di(t) = (Ei,measured(t) - Ei,reference)/Ei,reference, with
weights wi proportional to peak significance: wi = Si/3 Si, where Si = Ai/N(Bi) is
the peak significance factor. The system triggers automated recalibration
when |C(t)| exceeds predetermined thresholds: 1c = pc + koc.

Background stability monitoring utilizes a multi-window statistical approach:
B(t) = YjIWj(E)S(E,t)dE, where Wj(E) are energy windows optimized for
background sensitivity. Temporal stability is assessed using CUSUM
statistics: St = max(0, St-1 + (B(t)-uB)/oB - k), where k is a drift sensitivity
parameter, triggering alerts when St exceeds control limits.
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o

Peak shape analysis employs continuous moment calculations: Mn(E) =
[(E-Eo)"P(E)dE/[P(E)dE, monitoring skewness (M:/M:*(3/2)) and kurtosis
(M4/M2?) with respect to reference values. Deviations are quantified using a
composite metric: Q = wi(y-yref)? + wz(k-kref)?, where y is skewness and Kk is
kurtosis.

Spectral anomaly detection implements a hybrid approach combining: (1)
Statistical process control: X(t) = > aiXi(t), where Xi are normalized quality
metrics, (2) Machine learning classification: P(anomaly|X) = o(WTX + b), and
(3) Physics-based constraints: C(X) = []j(1-violation_j(X)).

Real-Time Processing Optimization

Pipeline Efficiency:

o

Parallel processing implementation utilizes a task dependency graph: G =
(V,E), where vertices V represent processing tasks and edges E represent
data dependencies. Task scheduling optimizes: min(makespan) subject to
resource constraints: Y active_tasks r(t) < R, where r(t) represents resource
requirements.

GPU acceleration of critical components employs kernel fusion optimization:
K'(x) = [1Ki(x), where Ki are individual processing kernels, reducing memory
transfers through operation coalescing: M = ) size(intermediate_i) -
size(fused). Memory access patterns are optimized using tiled processing:
T(i.j) = f(2KA(,k)B(k.})).

Memory optimization for continuous operation implements a circular buffer
system: B(t) = {x(t-N:t) | N = f(R,M)}, where R is the required time resolution
and M is available memory. Buffer management uses prediction-based
pre-allocation: M(t) = Mo + aPr(overflow|H(t)), where H(t) is the processing
history.

Buffer management for streaming data utilizes adaptive block sizing: B(n) =
Bo(1 + alog(R(t)/R0)), where R(t) is the current data rate and Ro is the nominal
rate. Double buffering ensures continuous processing:
while(process(Bi)){fill(B(i+1))}.

Adaptive Processing:

o

Count rate-dependent processing adjustments implement automatic
parameter tuning: 6(R) = B.exp(-BR/Ro), where 6 represents processing
parameters and R is the count rate. Response time is optimized using
predictive adaptation: 1(t) = To(1 + YPr(AR|H(t))).

Dynamic filter parameter optimization employs online performance metrics:
Q(B8) = wiSNR(B) + w.Speed(8) + wsAccuracy(8), updated using gradient
descent: Bt+1 = 6t + NV Q(6t), with adaptive learning rate: n(t) = no/N(1 + At).
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o

Resource allocation based on spectral complexity implements priority
scheduling: P(t,i) = w:C(i) + w.U(i) + wsD(i), where C is complexity metric, U is
urgency, and D is dependency factor. Resource distribution follows: R(i) =
Rtotal * P(i)/>P(j).

Real-time performance monitoring utilizes sliding window statistics: u(t) =
(1-a)u(t-1) + ax(t), o3(t) = (1-a)o?(t-1) + a(x(t)-p(t))?, with control limits: L(t) =
M(t) £ ko(t).

Error Handling and Recovery

e Artifact Detection:

o

Electronic noise spike identification uses wavelet-based feature extraction:
S(t) = Yj|Wif(aj,t)| > Aoj, where Wf are wavelet coefficients at scale aj.
Classification employs shape analysis: P(spike|S) = a(WwTd(S)), where ®(S)
are shape features.

Pile-up event detection implements a multi-scale derivative analysis: P(t) = {t:
[f(®)] > 10 A |"(t)] > 12}, with timing constraints: At < tdead, where 1dead is the
detector dead time. Recovery uses deconvolution: g(t) = F'{F{f(t)}/F{h(t)}},
where h(t) is the detector response.

Baseline instability recognition employs trend analysis: T(t) = > wiABi(t),
where ABi are baseline shifts in different energy regions. Stability metric: S(t)
= var(T(t))/E[T(t)]?, triggers correction when S(t) > Sthreshold.

Dead time correction uses a hybrid approach: Rtrue = Robs(1 + TRobs)/(1 -
nRobs), where T is paralyzable dead time and n is non-paralyzable
component, with uncertainty propagation: 6°R = (dR/dT1)?c?T + (dR/on)?*c2n.

e Recovery Mechanisms:

o

Automated gain drift correction implements real-time peak tracking: G(t) =
Go[ |(Ei,ref/Ei(t))*wi, where wi are peak weights based on intensity and
isolation. Correction applies continuous gain adjustment: f'(E) = f(G(t)E).

Baseline restoration algorithms utilize adaptive filtering: B(t) = Y aiyi(t), where
yi are baseline estimators with weights ai updated using: dai/dt = -ndJ/éai, J
being a cost function combining smoothness and fidelity terms.

Missing data interpolation employs physics-constrained reconstruction: f(t) =
argmin{||Af-y||> + A||Lf||?}, subject to physical constraints: C(f) < 0, where A is
the sampling operator and L is a smoothness operator.

System response correction implements detector aging compensation: R'(E,t)
= R(E,t)exp(t/T1(E)), where 1(E) is the energy-dependent degradation constant,
updated using calibration source measurements: 1'(E) = 1(E)(1 + aAR/R).
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Integration with Neural Network Pipeline

e Feature Preservation:

O

Preprocessing parameter optimization for neural network compatibility
implements automatic parameter tuning: 8* = argmin{L(f6(x), y) + AQ(0)},
where L is the network loss function and Q is a regularization term ensuring
feature stability.

Feature importance weighting in denoising operations utilizes attention
mechanisms: w(x) = softmax(vTtanh(Wx + b)), where weights modulate
denoising strength: y = x + w(x)o(D(x) - x), D being the denoising operator.

Signal characteristics preservation for model input employs constrained
optimization: min||f(x) - x||? subject to Fi(f(x)) = Fi(x), where Fi are critical
feature extractors identified through network sensitivity analysis.

Quality metrics forwarding to neural network implements dynamic input
conditioning: ho = [x; q], where q are quality metrics affecting network
confidence: ci = a(wTiho + bj).

e Feedback Implementation:

o

Neural network confidence scores influence on preprocessing parameters
uses dynamic adjustment: 8t+1 = 6t + nV Blog(P(y|x;0)), where P is the
network's prediction confidence.

Dynamic adjustment of filtering based on classification results implements
adaptive filtering: F'(x) = F(x;06(c)), where 6(c) are filter parameters modulated
by classification confidence c.

Continuous optimization of preprocessing pipeline employs reinforcement
learning: Q(s,a) = r + ymax_a'Q(s',a"), where state s includes signal quality
metrics and action a represents preprocessing parameter adjustments.

Real-time performance feedback integration utilizes online learning: L'(8) =
L(B) + aR(B), where R(B) is a performance regularizer updated based on
real-time accuracy metrics: dR/dt = B(A(t) - Ao).

Scalability and Implementation

The system architecture was designed with practical deployment in mind:

GPU-accelerated computations enable rapid inference

Modular pipeline design allows deployment on embedded systems
Cross-validation testing across multiple detector types (HPGe and Nal)
Environmental factor testing for temperature variation and detector
degradation effects
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Results and Performance Analysis

Accuracy and Precision Metrics

Our system demonstrated significant improvements over traditional methods:

e Achieved 98.5% accuracy in radioisotope identification, compared to 85% with
conventional peak fitting
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e Reduced quantification errors to less than 2% for well-resolved peaks and
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Validation data accuracy for mix Cs-137+Co-60

e Successfully handled activity levels spanning five orders of magnitude within
single spectra
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Computational Performance

The system showed excellent computational efficiency:

Training completed in 5 hours using 50,000 spectra
Achieved real-time analysis speeds of <10ms per spectrum on NVIDIA RTX
GPUs

e Demonstrated 30% faster processing compared to commercial solutions

Field Validation and Practical Applications

Extensive validation was performed across multiple scenarios:

e Resolved challenging cases of overlapping spectral lines (e.g., Am-241 and
Co-60)
Reduced operator analysis time by 30%
Implemented probabilistic confidence metrics for ambiguous cases

Conclusion

This research presents a significant advancement in gamma-ray spectral analysis through
the implementation of specialized neural network architectures. The achieved improvements
in accuracy (98.5%), processing speed (<10ms per spectrum), and robustness across
varying conditions demonstrate the superiority of our approach over traditional methods. The
system's ability to handle complex cases of overlapping spectral lines while maintaining high
accuracy represents a particular breakthrough in the field.

The practical benefits of reduced analysis time, improved accuracy, and real-time processing
capabilities make this solution particularly valuable for nuclear facility monitoring and
emergency response scenarios.

Future work could focus on extending these techniques to other types of radiation detection
and expanding the system's capabilities to handle an even broader range of environmental
conditions and isotope combinations.
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