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Abstract— Urban resilience requires rapid deployment 

of monitoring systems capable of detecting radiological threats 

in transport networks without disrupting normal operations. 

This paper presents a multi-agent AI framework designed 

to accelerate the development and integration of isotope detection 

systems within smart city ecosystems. The proposed framework 

employs a hierarchical orchestrator–executor architecture 

in which specialized AI agents collaborate to generate synthetic 

training data via GEANT4 Monte Carlo simulations of NaI(Tl) 

scintillation spectra, automate the development workflow 

including script generation, test-driven development, and result 

aggregation, and prepare a data foundation for deploying 

classification models at urban transport checkpoints. The 

modular architecture with a TCP API interface enables seamless 

integration with existing smart city platforms and scales for 

metropolitan deployment. This work demonstrates that 

heterogeneous LLM-based multi-agent orchestration 

substantially accelerates radiological simulation pipelines and 

establishes the direction for autonomous radiological monitoring 

at smart city transport nodes.  

 
Index Terms— multi-agent systems, radiation monitoring, 

smart city resilience, Monte Carlo simulation, isotope detection, 

IoT sensor networks 
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I. INTRODUCTION 

RBAN environments face growing challenges in 

maintaining security and resilience against radiological 

threats, especially in transportation networks where vehicles, 

cargo, and passengers must be monitored without disrupting 

mobility and logistics. Even brief interruptions can cascade 

into economic losses and service degradation. International 

guidance on detecting material out of regulatory control 

underscores the importance of planning and coordination to 

ensure timely detection and appropriate action across 

authorities [24]. 

From a resilience perspective, a monitoring system must 

distinguish between two classes of events: (i) benign, high-

frequency/low-consequence encounters with naturally 

occurring radioactive material (NORM) and medical isotopes 

in transit, which generate nuisance alarms when classification 

is slow or overly conservative; and 

(ii) low-frequency/high-consequence events involving 

material out of regulatory control or deliberate dispersal, 

where rapid and accurate isotopic identification directly 

affects the speed and proportionality of the response. 

Conventional development of isotope detection systems 

depends on extensive experimental measurements, specialized 

instrumentation, and access to controlled radiological 

facilities, which slows prototyping and deployment. Machine 

learning can automate gamma-ray spectrum analysis but 

requires large and diverse training datasets that are difficult 

and expensive to obtain from physical experiments alone 

[25][26]. 

Recent advances in LLM-based multi-agent systems have 

demonstrated potential for automating complex workflows 

across domains including software engineering [15][31], 

scientific research [17], and general-purpose task automation 

[13][14][18]. Specifically, the ChatDev framework [31] 

demonstrated that collaboration among specialized LLM 

agents (Planner, Coder, Debugger, Reviewer) can automate 

a complete software development cycle. A similar approach 

was applied in the AgentMesh framework [32] with emphasis 

on cooperative orchestration. However, the application of such 

frameworks to nuclear physics simulation pipelines remains 

unexplored. 

This paper addresses this gap by presenting an AI-agent 

framework that leverages heterogeneous large language 

models to automate the development pipeline for 

scintillation-based isotope detection systems. Our goal is to 
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create an automated approach combining physics-based 

simulation with multi-agent orchestration that directly 

supports urban resilience by expanding scenario coverage 

beyond what is achievable from field data alone (mixtures, 

shielding, geometries, background regimes) and enabling 

rapid deployment of updated classifiers throughout the city.  

II. SCINTILLATION RADIATION DETECTION 

The detection and measurement of ionizing radiation is 

based on the interaction of radiation with the active detector 

material, transforming the energy of particles or 

electromagnetic quanta into an interpretable electrical signal 

through ionization and excitation [5][6]. For urban 

radiological monitoring, the key detector type is the NaI(Tl) 

scintillator - thallium-doped sodium iodide. 

Scintillation detectors convert radiation energy into light. 

As radiation passes through the scintillator, atoms are excited 

and upon returning to the ground state emit flashes of visible 

or ultraviolet light. The resulting photons are detected and 

amplified by photomultiplier tubes (PMT) or, in modern 

applications, compact silicon photomultipliers (SiPM), which 

are resistant to magnetic fields [7][8]. NaI(Tl) detectors 

provide sufficient energy resolution (typically 7 % FWHM at 

662 keV) to identify key isotopes while remaining robust and 

affordable for wide-scale deployment in urban infrastructure, 

in contrast to high-precision but costly, cryogenically cooled 

HPGe detectors [9][10]. 

For the urban monitoring context, it is significant that 

NaI(Tl) detectors are standard equipment in portal radiation 

monitors at border crossings [27][28][29] and that GEANT4 

simulations of NaI(Tl) detectors - the standard sensor for 

affordable, distributed urban radiological monitoring - have 

been validated against experimental data with excellent 

agreement [33][34]. This combination - availability, 

robustness, and validated simulation fidelity - makes NaI(Tl) 

the ideal candidate for a distributed sensor network in a smart 

city. 

III. SMART CITY DEPLOYMENT  

A. Motivation: Radiological Threats in Urban Environments 

In urban areas, natural radiation sources intermingle with 

anthropogenic ones. A large national study [4] mapping 

population exposure to outdoor gamma radiation in Italian 

cities showed that radiation can vary significantly even within 

a very small area, with average spatial variability of 21 % 

within individual municipalities. In the Czech Republic, 

documented cases [11] of radioactive materials used in 

construction (Jáchymov - Radium-226 in building materials; 

Poříčí near Trutnov - aerated concrete from uranium-enriched 

fly ash; Kladno - slag concrete with elevated gamma radiation) 

led to long-term residential exposure. 

Beyond historical contamination, a specific threat is posed 

by the so-called dirty bomb - a device using conventional 

explosives to disperse radioactive material. Its primary aim is 

not mass casualties from radiation but rather causing panic, 

long-term area contamination, and enormous economic 

damage from costly decontamination of urban infrastructure. 

 

B. Distributed Detection Network Concept 

Modern approaches to radiological monitoring in urban 

environments are shifting from isolated measurement points to 

distributed sensor networks [20][21]. Cooper et al. [21] 

present a testbed for a city-scale multi-sensor network with 

intelligent, adaptive detection that integrates radiological data 

with contextual information from cameras, LiDAR, and 

meteorological sensors. Flanagan et al. [22] demonstrated 

a mobile distributed sensor network using commercial 

vehicles (taxis, ride-sharing) in New York City, showing that 

the time to first detection decreases with the number of mobile 

detectors. 

Our framework contributes to this paradigm by automating 

the preparation of classification models optimized for specific 

deployment conditions - different background regimes, 

shielding geometries, and location-specific isotope mixtures. 

 

C. Deployment Scenarios at Transport Nodes 

Transport infrastructure offers strategically advantageous 

locations for radiological monitoring due to natural traffic 

flow chokepoints and existing technological infrastructure. 

Highway gantries and toll systems. Existing portal 

infrastructure of toll gantries represents an ideal platform for 

integrating scintillation detection modules. NaI(Tl)-based 

portal monitors are an established technology at border 

crossings [27][28][29], where point-source detection 

algorithms [27] and spectroscopic data analysis using PCA 

[29] achieve high reliability. Extending this approach to 

highway gantries enables screening of large traffic volumes 

without stopping vehicles, with existing communications 

infrastructure (fiber optics, 5G) providing real-time data 

transfer. 

Urban entry points and low-emission zones (LEZ). Cities 

implementing LEZ already deploy camera systems for license 

plate recognition (ANPR). Adding a scintillation module to 

existing infrastructure creates synergy — radiological 

detection is automatically correlated with vehicle 

identification, enabling immediate tracing in the event of 

a positive alarm. 

Car parks and logistics areas. Stationary vehicles in 

shopping center, airport, and train station car parks provide 

longer exposure times, increasing detection sensitivity. 

Ghawaly et al. [30] created a dataset of Monte Carlo simulated 

data from a NaI(Tl) detector moving through an urban 

environment, validated experimentally, demonstrating the 

feasibility of this approach. 

Railway terminals. Container cargo transport presents 

a specific risk regarding the illegal transport of radioactive 

materials. A combination of static portal monitors and mobile 

detectors on handling equipment provides multi-layer 

detection. 

 



D.  Synergies with the Smart City Ecosystem 

Radiological monitoring generates maximum added value 

when integrated into the broader smart city ecosystem. 

CBRN monitoring. Radioactive material detection is 

a natural component of a comprehensive protection system 

against chemical, biological, radiological, and nuclear threats. 

Seböck et al. [23] identified key challenges in implementing 

CBRN sensor networks in urban areas, including the need for 

standardized communication protocols and data fusion from 

heterogeneous sensors. 

IoT sensor networks. Scintillation detectors can 

communicate via LPWAN protocols (LoRaWAN, NB-IoT), 

enabling transmission of compressed spectral data with 

minimal energy consumption. Integration with the city data 

platform enables centralized analysis, visualization, and 

automated decision-making. 

Traffic management and emergency response. Upon 

detecting a radiological anomaly, the system can automatically 

trigger traffic measures (rerouting, entry closure) and notify 

relevant authorities (fire brigade, police, radiation protection 

authorities) with georeferenced data and preliminary isotope 

classification. 

IV. DATA 

The datasets for this study derive from three complementary 

sources. The first dataset comprises digitized scintillation 

spectra from measurements conducted in the mid-20th 

century, providing historically validated detector responses 

under authentic operational conditions [12]. These archival 

measurements are published [12] and serve as 

a supplementary historical reference frame; they are not used 

as a quantitative validation dataset in the present article. 

The second and primary data source consists of synthetic 

spectra generated through GEANT4 Monte Carlo simulations, 

enabling systematic variation of parameters including isotope 

composition, source activity, detector geometry, shielding 

configurations, and background radiation levels. This 

approach addresses the fundamental challenge of obtaining 

large, labeled datasets for hazardous materials while 

maintaining complete control over ground truth labels. 

Validation of GEANT4 NaI(Tl) detector simulations against 

experimental data has demonstrated excellent agreement in 

both peak positions and energy resolution [33][34]. 

The third source comprises experimental measurements 

acquired using a scintillation spectrometer at various 

locations, covering predominantly natural background and 

NORM. Full sim-to-real validation against these 

measurements is the subject of follow-on work (see Section 

VII-C). 

V. MULTI-AGENT FRAMEWORK 

A. Architecture 

Building on the paradigm of LLM-based autonomous 

agents [16][18], we present a multi-agent framework built on 

the large language models Claude Opus 4.5/4.6 and Gemini 3 

Pro, which autonomously manages the development of the 

detection system from the command line. The architecture 

employs a hierarchical orchestrator–executor model (see 

Figure 1), in which a central control agent coordinates the 

workflow and assigns tasks to specialized executors. 

In the typical configuration, one agent assumes the 

orchestrator role — coordinating task scheduling via 

a file-based lock mechanism — while two to three executors 

operate concurrently on independent subtasks. At peak load, 

up to five agents run in parallel. Any model can serve as 

orchestrator, demonstrating the model-agnostic design of the 

framework. This approach is analogous to the ChatDev [31] 

and AgentMesh [32] architectures, but with an emphasis on 

model heterogeneity and application in the nuclear physics 

domain. 

B. Communication Protocol and Task Management 

Communication between the orchestrator and executors 

proceeds via the file system using JSON task files and 

a file-based lock mechanism that ensures conflict-free access 

during concurrent multi-agent operation. The workflow for 

a single task consists of: (1) the orchestrator creates a task file 

with a task description and requirements; (2) an executor 

autonomously performs the task including a test-driven 

development (TDD) cycle; (3) the executor writes the result to 

a result file and notifies the orchestrator; (4) the orchestrator 

verifies the result against predefined acceptance criteria. 

Each executor autonomously performs simulation script 

generation, training data production, TDD cycles, result 

aggregation, and automated documentation without manual 

intervention. Human oversight is deliberately limited to 

high-level architectural decisions, requirement specification, 

and final result validation. 

 

C. Spectrum Analyzer 

A key component of the framework is the scintillation 

spectrum analyzer, developed entirely through multi-agent 

orchestration. The analyzer features a TCP API with remote 

commands for integration with external systems including city 

platforms; a multi-channel architecture for simultaneous 

comparison of spectra from different detectors or time 

windows; and an automated processing pipeline: RAW 

spectrum → Rebinning → Normalization → Peak detection 

 
 
Figure 1.  Hierarchical orchestrator–executor architecture. The orchestrator 

agent coordinates task scheduling via a file-based lock mechanism, 

dispatching simulation, data processing, and testing tasks to 2–5 concurrent 
executor agents. Both Claude and Gemini models can serve in either role. 

  



→ Classification (see Section VII). The entire test suite, 

developed using TDD methodology, covers unit, integration, 

and end-to-end scenarios. The batch production system 

processes JSON scenario definitions with automatic parameter 

validation, parallel simulation execution, and HTML report 

generation with visualization. 

D. Simulation Pipeline 

The simulation pipeline models a standard NaI(Tl) 

scintillation detector (2-inch diameter × 2-inch height crystal) 

with aluminum housing and SiO₂ optical window, using 

8 physics modules including G4RadioactiveDecayPhysics for 

realistic isotope decay chains. Energy resolution is modeled 

using Gaussian broadening with FWHM following the 

square-root law (7 % FWHM at 662 keV), consistent with 

established NaI(Tl) detector characteristics [6]. Spectra are 

stored in histograms of 6,000 bins spanning 0–3,000 keV 

(0.5 keV/bin). 

Two implementation paths for generating scintillation 

spectra were evaluated: (1) the Python library geant4-pybind 

(see Figure 2) providing Python bindings for GEANT4, and 

(2) native C++ GEANT4 implementation with full control 

over simulation parameters and optimal performance for 

large-scale computations. AI agents autonomously tested both 

variants and evaluated their suitability for training dataset 

generation. 

VI. RESULTS 

Using 18 CPU workers concurrently, the proposed 

framework generated a comprehensive dataset encompassing 

mixture combinations across 30 isotopes in a single automated 

campaign, without requiring manual intervention — 

demonstrating the viability of the approach for iterative 

development of detection systems. 

TABLE I summarizes the development workflow 

comparison. During the automated campaign, the orchestrator 

dispatched tasks across concurrent executor agents. The agents 

autonomously generated simulation scripts supporting four 

distinct modes: direct gamma photons, single isotope decay, 

universal isotope format (supporting all 118 elements), and 

multi-isotope mixtures with configurable ratios. The batch 

production system processes JSON scenario definitions, 

automatically validates parameters, executes parallel 

simulations, performs peak detection and analysis, and 

generates HTML reports with visualization. 

To verify that the framework produces physically correct 

spectra and to demonstrate the functionality of the batch 

production layer, validation was performed as presented in 

Section VII. 

VII. EVALUATION AND FUTURE WORK 

A. Simulation Pipeline Validation — Comparison with 

Literature Values 

To verify the correctness of the simulation pipeline, spectra 

of two reference isotopes - Cs-137 and Co-60 - were generated 

in a demonstration run and the positions of identified 

photopeaks were compared with tabulated values reported in 

the literature [6]. Both simulations ran in identical 

configuration (NaI(Tl) crystal 2′×2′, 50,000 primary events, 18 

parallel threads); the output spectra passed through the 

standard analyzer pipeline (rebinning → normalization → 

peak detection). The results are summarized in TABLE II. 

 

The measured deviations lie within one energy bin up to 

approximately five bins for Cs-137. Given that the energy 

resolution of the modeled detector is 7 % FWHM at 662 keV 

(approximately 46 keV half-width), these deviations represent 

roughly one-tenth of this width and lie well within the 

detector's resolving power. This agreement confirms that the 

decay scheme model (G4RadioactiveDecayPhysics), 

histogram energy calibration, and Gaussian broadening 

correspond to the expected behavior of a NaI(Tl) scintillator, 

consistent with independent GEANT4 NaI(Tl) validation 

studies [33][34]; Miller et al. [35] additionally validated 

optical material properties and FWHM values for NaI:Tl in 

Geant4 with deviations below 2 %. 

It should be emphasized that this comparison constitutes 

a qualitative pipeline validation, not a full metrological 

 
 

Figure 2.  An example of synthetic scintillation spectrum data generated by 

our Spectrum Analyzer & Python library geant4-pybind for isotope Cs-137. 
  

TABLE I 
DEVELOPMENT WORKFLOW COMPARISON — MANUAL APPROACH VS. 

AI-AGENT FRAMEWORK 

 

Metric Manual AI-Agent 
Script generation manual autonomous 
Documentation manual auto-generated 
Parallel workers 1 up to 18 CPUs 

Isotope combinations limited comprehensive 
Concurrent agents — 2–5 

Test coverage ad hoc systematic 

 

TABLE II 

PHOTOPEAK POSITION COMPARISON — GEANT4 SIMULATION 

VS. LITERATURE VALUES 
 

Isotope Peak (lit. 

[6]) 

[keV] 

Peak 

(GEANT4) 

[keV] 

Abs. 

deviation 

[keV] 

Rel. 

deviation 

Cs-137 661.66 664.25 +2.59 +0.39 % 
Co-60 (γ₁) 1173.23 1172.75 −0.48 −0.04 % 
Co-60 (γ₂) 1332.50 1331.25 −1.25 −0.09 % 

 



calibration. The goal of this phase was to demonstrate that the 

generated spectra lie at the expected positions and that the 

downstream pipeline components (peak detection) correctly 

identify these peaks. 

B. Pipeline Demonstration on Batch Run 

The functionality and stability of the entire batch production 

layer were verified on a demonstration scenario comprising 

five configurations: two pure isotopes (Cs-137, Co-60), two 

binary mixtures (Cs-137 + Co-60 at ratios 30:70 and 50:50), 

and one triple mixture (Am-241 + Cs-137 + Co-60). The 

scenario was executed in a single run via the batch production 

component of the analyzer on 18 parallel CPU threads. 

TABLE III summarizes the results. 

All five scenarios completed without error. The total runtime 

includes sequential processing of five scenarios, with each 

scenario internally utilizing 18 parallel threads for event 

generation in GEANT4. The longer runtime of the triple 

mixture corresponds to higher total activity and the more 

complex Am-241 decay chain. 

From the perspective of physical correctness, peak detection 

in the triple-mixture scenario simultaneously identified the 

characteristic low-energy photopeak of Am-241 near 

59.25 keV (tabulated value 59.54 keV) together with the 

Cs-137 photopeak near 664.25 keV. The simultaneous 

identification of peaks from isotopes with energy ranges 

differing by an order of magnitude demonstrates that the 

pipeline peak detection functions correctly for complex 

mixtures. 

Within the broader automated campaign (see Section VI), 

the framework subsequently generated a dataset of isotope 

mixtures across 30 isotopes with unique combinations. This 

dataset serves as the training foundation for follow-on 

classification work. 

C. Limitations and Future Work 

The present evaluation deliberately limits itself to validation 

of the simulation and production pipeline and to basic 

photopeak detection. Full classifier-level evaluation - 

confusion matrix, ROC curves, F1 score, and comparison with 

published ML approaches - is the subject of follow-on work, 

as training a classification model on the newly generated 

dataset is beyond the scope of this initial study. This article is 

explicitly conceived as the first phase of a broader research 

program whose goal is to create the infrastructure (multi-agent 

framework + simulation pipeline + dataset) for subsequent 

classification work. 

The current state of ML classification from NaI spectra 

provides benchmarks for the future classifier. Qi et al. [25] 

compared six ML algorithms (SVM, KNN, MLP, LR, NB, 

DT) for radioisotope identification from NaI(Tl) spectra and 

showed that MLP achieves the highest accuracy for large 

datasets. Galib et al. [26] achieved an F1 score of 93.33 % 

using a hybrid CNN+FC model. Qi et al. [36] proposed an 

ANN for identifying radionuclides from low-statistics NaI 

spectra with mean accuracy of 98.63 %. Our pipeline 

(Section V-C) - rebinning, normalization, peak detection - 

prepares spectra in a format compatible with these approaches. 

A further direction for future work is sim-to-real validation. 

In addition to the synthetic dataset, we have experimental 

XML measurements acquired with a scintillation spectrometer 

at various locations, covering predominantly natural 

background and NORM. These data form the basis for the 

planned validation of the synthetic-to-real transition. 

Planned steps for follow-on research include: training CNN 

and hybrid architectures [26] on the synthetic dataset with 

subsequent transfer learning on experimental measurements 

(Sim-to-Real transfer); computing confusion matrix, ROC 

curves, and F1 scores for binary detection (threat vs. NORM) 

and multi-class classification against benchmarks 

[25][26][36]; optimizing models for inference on embedded 

devices (NVIDIA Jetson, Coral TPU) integrated into transport 

infrastructure; and testing the framework in a multi-sensor 

configuration with data fusion following the approach of 

Cooper et al. [21]. 

VIII. CONCLUSION 

This paper presents a multi-agent framework based on 

heterogeneous large language models (Claude Opus 4.5/4.6 

and Gemini 3 Pro) in a hierarchical orchestrator–executor 

architecture that autonomously manages the complete 

development cycle of a simulation and analytics pipeline for 

scintillation isotope detection — from script generation 

through test-driven development to result aggregation. 

The key contribution of this work is linking automated 

development with concrete deployment scenarios in the smart 

city context — from highway gantries through urban entry 

points to railway terminals — where integration of 

radiological monitoring with existing infrastructure (toll 

systems, ANPR cameras, IoT networks) creates a synergistic 

effect within the entire urban resilience ecosystem, 

encompassing CBRN monitoring, traffic management, and 

emergency response. 

This study primarily contributes to establishing the data and 

software infrastructure needed to accelerate the development 

of future classification models for urban radiological 

resilience. The framework autonomously generated a detailed 

dataset of isotope mixtures spanning 30 isotopes, together with 

a spectrum analyzer featuring extensive automated testing and 

a TCP API interface. This forms the basis for the next steps: 

training deep classifiers and performing sim-to-real validation 

against experimental measurements. The resulting 

infrastructure enables scalable deployment of radiological 

TABLE III 
DEMONSTRATION BATCH RUN — FIVE SCENARIOS, 18 THREADS 

 

Scenario Status Runtime [s] Peaks 

detected 
Cs-137 (pure) completed 5.29 36 
Co-60 (pure) completed 5.48 53 

Cs-137 + Co-60 

(30:70) 
completed 6.22 128 

Cs-137 + Co-60 

(50:50) 
completed 6.22 102 

Am-241 + Cs-137 

+ Co-60 
completed 50.65 130 

Total 5/5 81.70 — 

 



monitoring within smart city ecosystems, strengthening urban 

resilience against radiological threats. 
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