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Abstract 

In the context of the operational monitoring of the AR-

RONAX C70XP cyclotron, our previous work addressed 

the limitations of the Isolation Forest (IF) algorithm in de-

tecting local anomalies, particularly those occurring near 

the mean of normal data, due to its reliance on axis-parallel 

splits. To overcome this issue, we developed and validated 

a hybrid model combining an autoencoder and IF, using 

time series data from the proton beam intensity on target. 

This approach significantly improved the detection of both 

global and local anomalies, with no false alarms observed 

during evaluation. Building on these results, the present 

study investigates the use of transfer learning to generalize 

the hybrid model to other process variables originating 

from different subsystems, including the source, injector, 

and cyclotron core. Results suggest that the model can ef-

fectively label large volumes of multivariate operational 

data, supporting the development of a more scalable and 

integrated anomaly detection framework for the C70XP. 

INTRODUCTION 

Particle accelerators are safety-critical systems com-

posed of complex and interconnected components and sub-

systems. Therefore, anomaly detection has become an im-

portant research area, as deviations from normal opera-

tional behavior can indicate potential faults and help pre-

vent failures, irreversible damage, and costly repairs [1-4] 

In our previous work [5], we proposed a hybrid Autoen-

coder-Isolation Forest (AE-IF) framework for anomaly de-

tection in time-series operational data from the AR-

RONAX C70XP cyclotron. The approach relies on an au-

toencoder (AE) trained to learn a compact latent represen-

tation of normal operational behavior. The reconstruction 

errors produced by the AE are then used as input features 

for the Isolation Forest (IF) algorithm. Trained and 

validated on proton beam intensity (PBI) on target time-

series data, the model enables the detection of both global 

anomalies and subtle local anomalies occurring near the 

mean of normal data. The proposed approach was shown 

to outperform two alternative IF-based methods applied di-

rectly to the raw signal and to the PCA-transformed inten-

sity space. 

Despite these promising results, extending this approach 

to multiple process variables (PVs) remains challenging. 

The monitoring system involves numerous PVs originating 

from different subsystems, each exhibiting distinct dynam-

ics and statistical distributions. Training a dedicated anom-

aly detection model from scratch for each variable requires 

significant computational effort and optimization time. 

One of the techniques proposed to address the challenge 

of model adaptation is transfer learning (TL), which ena-

bles the reuse of knowledge learned from a source dataset 

when training models for related target datasets [6]. 

TL has demonstrated significant benefits in anomaly de-

tection tasks, particularly in industrial time-series applica-

tions where labelled data are limited, enhancing detection 

robustness while reducing false positives [6,7]. It has also 

been successfully applied in Internet of Things monitoring 

and energy consumption analysis, where it improves detec-

tion accuracy while mitigating sensitivity to noise and 

overfitting [8,9]. For anomaly detection in detector moni-

toring systems, such as the Compact Muon Solenoid had-

ron calorimeter spatio-temporal data quality monitoring 

framework, TL has been shown to enable knowledge trans-

fer across detector subsystems and improve model robust-

ness [10]. However, to the best of our knowledge, the ap-

plication of TL to anomaly detection in accelerator opera-

tional time-series data remains limited. 

TL can be categorized according to the similarity of tasks 

and domains between the source and target problems. In 

general, TL is divided into inductive, transductive, and un-

supervised paradigms [6,10]. Inductive TL is applied when 

the source and target tasks differ while labelled data are 

available for the target task. Transductive TL is used when 

the task remains the same but the source and target domains 

differ, typically with labelled data available only in the 

source domain. Unsupervised TL addresses scenarios 

where both the source and target tasks differ and the data 

are unlabeled. 
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Among these categories, transductive TL is particularly 

relevant to our study since the anomaly detection task re-

mains unchanged while the data originate from different 

sensors. In this work, we propose a TL framework that re-

uses the latent representation learned from normal PBI data 

to generalize anomaly detection across multiple PVs. By 

freezing the pretrained encoder and the latent representa-

tion and adapting only the output layer, the proposed ap-

proach reduces training complexity while maintaining ro-

bust detection of both global and local anomalies across 

several PVs despite class imbalance and variability in 

anomaly rates across experimental runs. 

PROPOSED METHODOLOGY

 
Figure 1: Illustration of the proposed TL framework. (a) 

The baseline AE is trained on normal beam intensity data. 

(b) TL is then applied by freezing the encoder and bottle-

neck and replacing the decoder with a single output layer 

trained for each PV. (c) Reconstruction errors (MCE) are 

computed and used as input to the IF for anomaly detec-

tion. Only two PVs are shown for illustration. 

Baseline AE-IF Architecture 

The baseline model corresponds to the hybrid AE-IF ar-

chitecture introduced in our previous work [5]. The train-

ing set consists of 𝑁 vectors 𝑥𝑖 ∈ ℝᵅ, denoted 𝑋 = {𝑥𝑖}𝑖=1
𝑁 , 

where each vector represents a standardized temporal win-

dow of dimension 𝑎. A fully connected AE, composed of 

an encoder and a decoder each consisting of a single dense 

hidden layer of 8 neurons, is first trained exclusively on 

normal samples to learn a compact bottleneck of dimension 

4 that captures the intrinsic structure of nominal opera-

tional behavior (Fig. 1(a)). Rather than directly applying IF 

to the raw windows, anomaly detection is performed using 

reconstruction-error features. For each reconstructed vec-

tor 𝑥ᵢ̂, the Mean Cubic Error (MCE) with respect to the 

original input 𝑥ᵢ is computed as defined in Eq. (1) 

               𝑀𝐶𝐸(𝑥ᵢ, 𝑥ᵢ̂) =
1

𝑎
∑ |𝑥𝑖𝑗 − 𝑥̂𝑖𝑗|

3𝑎
𝑗=1 .                     (1) 

These reconstruction-error features are then used as input 

to the IF (Fig. 1(c)), which assigns anomaly scores based 

on the average path length in random trees [5]. Final anom-

aly decisions are obtained by thresholding the IF anomaly 

score based on the contamination parameter, set equal to 

the anomaly rate in the training subset of each PV. 

Transfer Learning Strategy 

To preserve the intrinsic structure of normal operational 

behavior learned from PBI data and to prevent catastrophic 

forgetting [11], the encoder and bottleneck layers of the 

pretrained model were frozen during transfer. The original 

decoder was replaced with a single dense output layer, as 

illustrated in Fig. 1(b). Within the proposed transductive 

TL framework, this output layer is trained separately for 

each target PV using its corresponding training subset, fil-

tered according to normal data identified in the PBI on tar-

get training set. 

To ensure stable adaptation of the new output layer, a 

small learning rate 𝜂 is used to limit the magnitude of pa-

rameter updates during optimization. The weights of this 

layer, denoted 𝑊𝑛𝑒𝑤 are updated at each iteration according 

to Eq. (2), 

        𝑊𝑛𝑒𝑤
𝑡+1 = 𝑊𝑛𝑒𝑤

𝑡 − 𝜂∇𝑊𝑛𝑒𝑤
𝐿,       (2) 

where 𝐿 denotes the Mean Absolute Error (MAE) defined 

in Eq. (3). 

    𝐿𝑀𝐴𝐸 =
1

𝐾
∑ |𝑥𝑖 − 𝑥̂𝑖|𝐾

𝑖=1       (3) 

Here, 𝑥𝑖 denotes the input sample, 𝑥ᵢ̂ its reconstruction, and 

𝐾 the total number of samples in the training batch. Anom-

aly detection is then performed using IF, retrained for each 

PV as in the baseline AE-IF framework. 

Operational Definition of Anomalies 

Despite differences in domain and scale across PVs, the 

definition of normal and anomalous behavior remains un-

changed, and the AE-IF model after TL retains the same 

objective as the baseline, namely the detection of global 

and local anomalies. Since these operational patterns ob-

served across PVs are similar, the latent representation 

learned from PBI data is expected to generalize across var-

iables (Fig. 3). For the operation of the C70XP, global 

anomalies correspond to deviations from the normal oper-

ating range defined by the expert interval [𝑆𝑙𝑜𝑤 , 𝑆ℎ𝑖𝑔ℎ]. 

These anomalies occur when one or more observations fall 

outside this interval and may appear as sudden drops, ab-

rupt rises, or stable sequences outside the defined interval. 

In contrast, local anomalies are more subtle. In this case, 

all observations remain within the interval [𝑆𝑙𝑜𝑤 , 𝑆ℎ𝑖𝑔ℎ], 

while the internal variability within the time window is ab-

normally high and exceeds a predefined threshold 𝛼. 

RESULTS AND DISCUSSION 

Table 1: Validation Performance of TL Configurations 

Across PVs (Mean ± Standard Deviation) 

PV F1-score (Conf. 1) F1-score (Conf. 2) 

NBI  0.90 ± 0.05 0.95 ± 0.03 

CVP 0.81 ± 0.19 0.89 ± 0.01 

AC 0.88 ± 0.22 0.99 ± 0.00 

PC 0.84 ± 0.12 0.91 ± 0.02 

RF AC 0.65 ± 0.24 0.89 ± 0.05 

IDV 0.44 ± 0.26 0.78 ± 0.10 

IV 0.38 ± 0.27 0.77 ± 0.08 

RF FP 0.69 ± 0.15 0.75 ± 0.07 



Experimental Setup 

To evaluate the performance of the proposed TL frame-

work, 26 time-series datasets were used in this study, each 

corresponding to a run of approximately 7 days of contin-

uous operation and including 8 representative PVs from the 

C70XP cyclotron. These PVs originate from multiple sub-

systems, including the source (arc current (AC), puller cur-

rent (PC)), the cyclotron core (neutral beam intensity 

(NBI), central vacuum pressure (CVP), RF forward power 

(RF FP), RF anode current (RF AC)), and the injector (in-

flector voltage (IV), injection deflector voltage (IDV)). 

The signals were resampled at 1 Hz [1] and segmented into 

non-overlapping windows of length k=6, leading to an av-

erage of 74,000 sequences per run for each PV. 

For model development, 60% of the runs (15 runs) were 

allocated to training and validation, while the remaining 

40% (11 unseen runs) were reserved for final testing. The 

anomaly rate across the PV datasets ranges from approxi-

mately 0.1% to 16%, reflecting high to moderate class im-

balance and variability across runs even for the same PV. 

For each PV, all input sequences were standardized to 

zero mean and unit variance using a StandardScaler func-

tion, fitted on the normal samples of the training set. The 

same transformation was then applied to the validation and 

test sets. The model was trained using the Adam optimizer 

[12] for 30 epochs per PV, with 𝜂 set to 10−5. 

Figure 2: Detection performance of the proposed TL 

framework across PVs on unseen runs (mean ± std). 

Validation Results 

To assess whether setting the IF contamination parame-

ter equal to the anomaly rate of the training subset remains 

appropriate under varying anomaly rates, a 10-fold cross-

validation across runs [5] was performed. Two TL config-

urations were evaluated, one based on fine-tuning the de-

coder of the pretrained AE (Conf. 1) and the other corre-

sponding to the proposed framework (Conf. 2), where the 

decoder is replaced with a single output layer.  

The results summarized in Table 1 show that the pro-

posed framework consistently achieves higher F1-scores 

across all PVs, with more significant differences for PVs 

affected by overfitting such as IV and IDV, where the fine-

tuning configuration yields lower F1-scores (F1 < 0.5). 

Based on these results, the proposed framework was re-

tained, and the IF contamination parameter set to the anom-

aly rate of the training subset remains effective across most 

PVs despite variations between runs, while RF FP exhibits 

the lowest F1-score, highlighting the limitations of a fixed 

contamination-based threshold for this PV. 

Figure 3: Example of global and local anomaly detection 

for CVP and NBI using the AE-IF model after TL. 

Final Test Performance on Unseen Runs 

The final test performance on completely unseen runs, 

summarized in Fig. 2, shows that the proposed framework 

achieves strong detection performance across several PVs, 

with mean F1-scores above 0.8. As shown in Fig. 3, the 

model detects both global and local anomalies while cor-

rectly classifies normal sequences. Although the consid-

ered PVs originate from different subsystems, some short-

term dynamics remain physically coupled through cyclo-

tron operation. For example, rapid vacuum pressure varia-

tions may affect beam intensity stability, supporting the use 

of a generalized framework across PVs. Among the studied 

PVs, RF FP achieved the lowest F1-score, consistent with 

the validation results. IV shows the second lowest perfor-

mance, which appears to be unrelated to the decision 

threshold or to the model itself, but is instead attributable 

to data scaling. As defined in the Operational Definition of 

Anomalies section, a sequence is considered anomalous 

when it falls outside the normal operating range, even if it 

remains stable. However, the StandardScaler was fitted on 

the normal samples from the development training set, cap-

turing the range [𝑆𝑙𝑜𝑤 , 𝑆ℎ𝑖𝑔ℎ]
𝑡𝑟𝑎𝑖𝑛

. For some unseen runs, 

the run-specific range [𝑆𝑙𝑜𝑤 ,  𝑆ℎ𝑖𝑔ℎ]
𝑡𝑒𝑠𝑡

 may lie within this 

interval. As a result, stable sequences that are anomalous 

with respect to run-specific thresholds may still fall within 

the training range, leading to misclassification and lower 

recall. This scaling limitation also explains the noticeable 

variability in recall observed for IDV. 

CONCLUSION 

The proposed TL framework improves local and global 

anomaly detection across multiple PVs, reduces model 

complexity through the reuse of the encoder and its latent 

representation, and maintains robustness under varying 

anomaly rates. Future work can investigate deep adaptive 

input normalisation [13] as an adaptive preprocessing stra-

tegy to mitigate scaling limitations and help distinguish 

slow baseline drifts from actual anomalies in unseen runs. 
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