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Introduction and related work

Production testing is a critical function in modern manu-
facturing, particularly for complex, hardware-intensive sys-
tems such as 5 G radio base stations (RBSs). These systems 
require precise validation of integrated hardware-software 
interactions, typically involving automated measurements 
of Radio Frequency (RF) signal quality, thermal characteris-
tics, and power efficiency. In industrial settings like telecom 
production lines, this process generates large volumes of 
time-series data used for pass/fail decisions and root cause 
analysis, similar to other complex manufacturing processes 
where ML-based monitoring has shown promise  (Liu et 
al., 2022). Conventional testing approaches predominantly 
depend on fixed thresholds derived from Radio Frequency 
(RF) conformance standards (e.g., 3GPP TS 38.141-11) to 
determine product compliance. However, such conventional 

1  3GPP TS 38.141-1: Technical Specification by 3GPP defining 
RF (Radio Frequency) requirements and test methods for NR (New 
Radio) base stations.
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Abstract
In modern 5  G radio manufacturing, traditional quality control methods based on black fixed thresholds are increas-
ingly inadequate, often failing to capture nuanced fault patterns and requiring substantial manual intervention. This study 
presents DTA-QC, an AI-driven framework for adaptive thresholding and intelligent test optimization in 5 G production 
environments. The proposed system introduces three core innovations: (1) dynamic thresholding using LSTM autoencod-
ers and regression models to detect anomalies under evolving production conditions, (2) supervised fault classification via 
convolutional neural networks trained on time-windowed sensor data, and (3) a four-level severity classification system 
(Normal, Warning, Worse, Stop) to support real-time decision-making in manufacturing environments. DTA-QC is imple-
mented and validated on Ericsson AB’s 5 G radio production line, achieving high anomaly detection accuracy (ROC-AUC: 
0.89–0.94) and significantly reducing manual review efforts, without requiring specialized hardware. To assess generaliz-
ability, DTA-QC is further evaluated on a public benchmark dataset. A comparative analysis of three architectural variants 
revealed trade-offs in complexity, latency, and deployment feasibility. These results underscore the value of embedding 
AI-driven analytics in industrial test workflows, contributing to the broader goals of intelligent manufacturing and adap-
tive, data-driven quality assurance.
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rule-based approaches are increasingly inadequate in 
dynamic production environments characterized by evolv-
ing hardware tolerances, firmware updates, and operational 
variability (Kaner et al., 2002). Fixed thresholds often fail 
to account for contextual nuances, leading to false positives, 
operational inefficiencies, and missed opportunities for 
quality improvement (Tahvili & Hatvani, 2022). The grow-
ing availability of production data and advances in artifi-
cial intelligence (AI) have opened new avenues to rethink 
industrial quality control aligning with the broader goals 
of Quality 4.0  (Papavasileiou et al., 2025; Karkaria et al., 
2025; Escobar et al., 2021). AI and machine learning (ML) 
models can detect subtle anomalies, adapt to changing con-
ditions, and automate labor-intensive analysis tasks (Tahvili 
& Hatvani, 2022; Landin et al., 2023; Deshpande et al., 
2023). Among these, dynamic thresholding, adaptive lim-
its that evolve based on statistical features of the data, has 
shown particular promise in manufacturing contexts  (Barr 
et al., 2015; Deshpande et al., 2023; Orabi et al., 2024). 
Despite its benefits, this technique remains underutilized in 
industrial testing pipelines, where fixed threshold logic still 
dominates.

To address these limitations, this study introduces DTA-
QC (Dynamic Thresholding and Anomaly-aware Quality 
Control), an AI-driven framework for adaptive threshold-
ing and intelligent test optimization in 5 G production envi-
ronments. DTA-QC integrates three core capabilities: (1) 
dynamic thresholding based on LSTM autoencoders and 
regression models to adapt to evolving operational contexts, 
(2) supervised anomaly classification using convolutional 
neural networks applied to time-windowed sensor features, 
and (3) a four-tier severity grading system (Normal, Warn-
ing, Worse, Stop) that enables actionable, real-time quality 
decisions. DTA-QC is validated within Ericsson AB’s 5 G 
radio production environment, where it demonstrated nota-
ble improvements in anomaly detection accuracy (ROC-
AUC: 0.89-0.94), test throughput, and reduction of manual 
review efforts by identifying early-stage anomalies that are 
typically investigated only after a failure has occurred. To 
assess robustness and cross-domain applicability, it was 
further evaluated on a publicly available benchmark data-
set. Comparative analysis of three architectural variants 
highlighted trade-offs in prediction performance, resource 
efficiency, and deployment feasibility, providing valuable 
insight into the design considerations for scalable AI solu-
tions in industrial testing systems.

This study offers the following key contributions:

1.	 Proposes and validates DTA-QC, an AI-driven frame-
work for adaptive thresholding and intelligent test opti-
mization in 5  G production environments, addressing 
core limitations of fixed-threshold quality control.

2.	 Demonstrates that dynamic thresholding using LSTM 
autoencoders and regression significantly improves 
time-series anomaly detection and reduces dependency 
on manual tuning in imbalanced industrial data con-
texts (Chung et al., 2023).

3.	 Enables real-time severity classification using CNNs, 
supporting actionable operator decisions and increasing 
testing throughput via a four-level grading system.

4.	 Introduces an AI-assisted labeling pipeline that 
reduces annotation cost and scales fault data labeling in 
low-label industrial settings.

5.	 Validates DTA-QC on both proprietary and bench-
mark datasets, confirming its generalizability, compu-
tational efficiency, and industrial readiness.

By addressing the limitations of fixed-thresholding and 
embracing data-driven adaptation, DTA-QC supports the 
transition toward intelligent, resilient, and efficient pro-
duction systems. This aligns with the broader objectives of 
Industry 4.0 and intelligent manufacturing, where AI-driven 
decision support, real-time diagnostics, and scalable auto-
mation are foundational pillars  (Escobar et al., 2021). By 
bridging the gap between academic AI research and indus-
trial deployment in high-throughput, hardware-software 
integrated environments, DTA-QC advances the realiza-
tion of adaptive, smart factory ecosystems. While the pro-
posed DTA-QC framework was developed and validated 
in the context of 5 G radio testing, it does not depend on 
frequency-specific characteristics such as mmWave propa-
gation or modulation schemes. Rather, its design responds 
to the increased operational complexity of 5  G systems, 
especially the rise of massive MIMO radios with 32 or 
more ports. These configurations challenge traditional test 
methods, which are often sequential and scale poorly in cost 
and time. In contrast, earlier-generation systems like 4  G 
typically involved only 1–4 ports and simpler test routines. 
Although motivated by 5 G-specific constraints, DTA-QC 
remains a domain-agnostic, general-purpose framework 
applicable to a wide range of manufacturing domains char-
acterized by time-series data, class imbalance, and evolving 
production variability.

The rest of this paper is structured as follows: Sect. ”Intro-
duction and related work” discusses relevant background and 
related work. Section ”The DTA-QC framework: dynamic 
thresholding and anomaly-aware quality control” pres-
ents the DTA-QC framework. Section  ”Implementation” 
details the implementation. Section ”Empirical evaluation” 
reports the empirical evaluation, and Sect. ”Cross-domain 
validation with benchmark dataset” offers a cross-domain 
validation. Threats to validity and limitations are discussed 
in Sect.  ”Threats to validity”, followed by future work in 
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Sect.  ”Discussion and future work”, and conclusions in 
Sect. ”Conclusions”.

Research questions and objectives

As discussed earlier, this study addresses the limitations 
of conventional test strategies in 5 G radio production by 
introducing DTA-QC, an AI-driven framework for adap-
tive thresholding and intelligent test optimization in indus-
trial environments. In complex systems such as 5 G radios, 
where tightly coupled hardware and software components 
generate highly dynamic behavior, traditional approaches 
based on fixed-thresholding often lack the contextual adapt-
ability required for reliable quality assurance. To guide this 
investigation and ensure a structured, evaluative methodol-
ogy, we define the following research questions:

	● RQ1: How can AI techniques be effectively applied to 
implement dynamic thresholds in 5 G radio produc-
tion testing to complement and enhance fixed-thresh-
old methods? This question examines the technical 
feasibility and implementation strategies for transition-
ing from rigid pass/fail criteria to adaptive, data-driven 
thresholds in industrial testing workflows. Although the 
potential of dynamic thresholds is well acknowledged, 
their deployment remains rare in practice.

	● RQ2: To what extent does the DTA-QC improve 
anomaly detection accuracy and operational efficien-
cy compared to conventional testing workflows? This 
question evaluates model performance, fault detection 
precision, and the reduction in manual review effort un-
der real production conditions.

	● RQ3: What are the operational benefits of imple-
menting a four-tier severity classification system in 
terms of testing efficiency and product quality? Here, 
we explore how the proposed severity levels (Normal, 
Warning, Worse, Stop) contribute to actionable in-
sights, better test prioritization, and improved quality 
management.

	● RQ4: How scalable and generalizable is the DTA-QC 
framework across different production conditions 
and hardware configurations? This question assesses 
the portability and applicability of the framework be-
yond the initial case study, with emphasis on deploy-
ment feasibility across diverse manufacturing contexts, 
considering the constraints inherent in AI-driven pro-
duction systems (Wang et al., 2021).

The primary objective of this research is to design, imple-
ment, and validate the DTA-QC framework, which inte-
grates dynamic thresholding, automated classification, and 
real-time decision support. By addressing these research 

questions, the study aims to demonstrate both the technical 
soundness and industrial relevance of the approach, contrib-
uting to the advancement of intelligent, data-driven quality 
assurance in manufacturing systems.

Novel contributions: This paper introduces a novel inte-
gration of adaptive thresholding, semi-automatic severity 
labeling, and interpretable classification within a unified 
AI-driven pipeline validated on real 5  G production data. 
Unlike prior methods that use fixed thresholds or unsuper-
vised anomaly detection, DTA-QC employs supervised and 
semi-supervised learning to create production-aware test 
logic, reducing manual rule tuning and enabling explainable 
quality control decisions in real time.

Production testing in software-defined 5 G systems

This study is situated within the context of software prod-
uct lines (SPLs), with a specific focus on production test-
ing processes in 5 G radio systems. The goal is to validate 
the behavior of tightly integrated hardware and software 
components under actual manufacturing conditions. These 
components are tested using automated, software-defined 
procedures that generate high-resolution time-series data 
for performance verification, anomaly detection, and qual-
ity control. In this setting, production testing refers to sys-
tem-level validation where software configurations directly 
influence hardware behavior. These systems are examples of 
software-defined 5 G architectures, in which critical perfor-
mance parameters such as signal fidelity, thermal response, 
frequency stability, and power efficiency are governed by 
both physical components and embedded software, includ-
ing gain tables, calibration algorithms, and digital signal 
processing (DSP) firmware.

Traditional quality control methods in such settings 
typically rely on fixed rule-based thresholds, which define 
fixed Pass/Fail boundaries based on standard conformance 
documents such as 3GPP TS 38.141-1. These approaches 
require extensive historical data to calibrate limits and must 
be manually updated to accommodate firmware revisions 
or hardware variability. Furthermore, non-AI methods are 
generally unable to scale effectively with high-dimensional 
time-series data or capture subtle anomalies that evolve 
over time. In contrast, the proposed DTA-QC framework 
enhances these traditional strategies by introducing dynamic 
thresholding, anomaly-aware classification, and severity 
grading mechanisms that adapt in real-time to the produc-
tion context. This evolution not only reduces false positives 
and manual tuning but also enables timely decision-making 
under complex manufacturing conditions.

The term “production testing” is widely used in industrial 
electronics and telecommunications to describe quality vali-
dation activities conducted during or after the manufacturing 
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introduced. AI/ML models trained on historical test data 
enable predictive analytics, contextual evaluation, and early 
anomaly detection  (Tahvili & Hatvani, 2022). Dynamic 
thresholding, in particular, has emerged as a promising 
technique, adapting decision boundaries to evolving test 
conditions. Despite this potential, the practical deployment 
of dynamic thresholding techniques remains limited due 
to challenges in interpretability, data labeling, and model 
adaptation under concept drift. To address these limitations, 
this study introduces DTA-QC, a supervised AI framework 
designed for 5  G production testing. DTA-QC integrates 
adaptive thresholding, time-aware anomaly classification, 
and decision support to improve yield, reduce waste, and 
support proactive quality assurance.

Test optimization in 5 G RBS production

Modern telecommunications manufacturing requires high-
throughput, low-latency test operations. In the context of 
Ericsson AB’s 5 G RBS production line, testing is imple-
mented via software-defined test stations that execute struc-
tured sequences of calibration and performance test cases 
on each hardware unit. These test cases follow a predefined 
test plan, grouped by category and executed sequentially. 
A simplified schematic of this process is shown in Fig. 1, 
where each test case is evaluated against its upper and lower 
limits (UL/LL). If any test case fails, the logic triggers an 
early stop, and the remaining test sequence is aborted for 
that specific RBS unit.

Each test case is evaluated against upper and lower fixed 
thresholds (UL, LL). Any test failing to meet these limits 
triggers rejection. While straightforward, this logic ignores 
signal trends, lacks predictive insight, and is inefficient 
when failures occur late in the sequence.

Challenges in sequential production testing

Figure 2 illustrates the typical sequential execution of test 
cases (TC1 to TCk) during production testing. In this sce-
nario, a fault is detected at TC5, meaning that the results of 

process  (Milor & Sangiovanni-Vincentelli, 2002; Agrawal 
et al., 2003). This perspective aligns with current trends in 
intelligent manufacturing, where artificial intelligence and 
machine learning are increasingly employed to enhance 
testing efficiency, improve fault detection, and support pre-
dictive maintenance. This industrial context highlights the 
relevance of DTA-QC, which addresses the variability intro-
duced by the interaction between evolving hardware con-
figurations and software parameters. By operating within a 
software-defined, hardware-aware production environment, 
the framework advances quality assurance capabilities and 
supports the broader objectives of SPLs in telecom manu-
facturing systems.

The integration of AI and ML into production testing 
is transforming quality assurance, particularly in domains 
where hardware and embedded software interact tightly. 
This transformation is particularly critical in high-mix, 
low-volume manufacturing environments where traditional 
batch-based quality control methods prove insufficient. This 
shift is evident in tasks such as test automation, adaptive 
sequencing, anomaly detection, and time-series classifica-
tion (Felderer et al., 2023; Tahvili & Hatvani, 2022; Tahvili, 
2018). For complex systems like 5 G Radio Base Stations 
(RBSs), traditional rule-based testing methods relying on 
fixed thresholds are increasingly inadequate. 5 G RBSs are 
software-defined hardware systems that integrate RF front-
ends, baseband processors, power modules, and embedded 
Digital Signal Processing (DSP) firmware. The DSP units 
handle critical real-time tasks such as signal filtering, modu-
lation, and protocol-specific encoding, playing a central role 
in the radio’s functional integrity. Production testing verifies 
these components through automated procedures, known 
as test cases, which generate multivariate time-series data 
for pass/fail evaluation. Conventional quality control relies 
on expert-defined fixed thresholds, typically derived from 
standards such as 3GPP TS 38.141-1. While consistent, 
this approach lacks the adaptability required for modern 
production environments, where hardware tolerances, firm-
ware revisions, and ambient conditions shift frequently. To 
address these challenges, data-driven methods have been 

Fig. 1  Traditional fixed-threshold-
based production testing workflow 
for 5 G RBS
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However, these approaches often lack robustness in envi-
ronments with tightly coupled hardware-software interac-
tions, such as 5  G radio production. Recent advances in 
automated model selection for multivariate anomaly detec-
tion address some of these challenges  (Wen et al., 2023). 
These approaches typically overlook temporal dependencies 
and assume data stationarity, and require frequent recalibra-
tion, limiting applicability in dynamic, high-mix industrial 
contexts (Blázquez-García et al., 2021).

To address temporal complexity, deep learning has been 
explored for time-series anomaly detection. Kashiparekh et 
al. (2019) proposed a CNN-based transfer learning model 
for univariate series, and Wen and Keyes (2019) addressed 
class imbalance using feature-aware architectures. Choi 
et al. (2021) provides a taxonomy of time-series anomaly 
detection using deep neural networks. These works, while 
advancing model design, often assume stationary behav-
ior and are rarely validated in online, resource-constrained 
industrial testing. Threshold modeling remains a core bot-
tleneck. Traditional rule-based systems offer deterministic 
pass/fail logic but lack adaptability. Statistical methods 
such as Extreme Value Theory (EVT)  (Siffer et al., 2017; 
Su et al., 2019) introduce rigor, yet suffer from outlier sen-
sitivity  (Scarrott & MacDonald, 2012). Signal segmenta-
tion  (Dani et al., 2015) and error prediction  (Hundman et 
al., 2018) methods assume Gaussianity or require labeled 
fault data, assumptions often unmet in telecom testing.

Although adaptive thresholding techniques have been 
explored recently, their adoption in real‑world produc-
tion environments remains limited. For example, Tonini et 
al. (2024) propose SAnD (Simple Anomaly Detection), a 
semi-supervised method integrating statistical filtering and 
threshold selection, yet its evaluation remains offline and not 
embedded in live test systems. Likewise, a comprehensive 
survey by Yan et al. (2023) on transfer learning for indus-
trial time‑series anomaly detection highlights that most 
approaches rely on pretrained models rather than dynami-
cally updating thresholds. These findings underscore that, 
despite their promise, adaptive thresholding mechanisms 
are still not commonplace in operational pipelines, further 
motivating the design of DTA‑QC for practical deployment.

In earlier work  (Landin et al., 2023), we introduced a 
semi-automated threshold adaptation method using CNNs 

the preceding test cases (TC1 through TC4) become irrel-
evant or unusable for final quality decisions.

As shown in Fig. 2, this leads to wasted station time and 
test resources. The cumulative wasted time before failure 
detection can be quantified as:

tT =
k−1∑
i=1

ti� (1)

where ti is the execution time for each test case, this inef-
ficiency becomes critical in high-throughput manufactur-
ing such as 5 G radio production, where late fault detection 
incurs operational delays and resource underutilization. To 
avoid such inefficiencies, DTA-QC incorporates predictive 
intelligence into test workflows. By leveraging AI models 
trained on historical time-series signals, the system predicts 
failure likelihoods early in the sequence. This enables:

	● Early failure prediction: detects weak signals or faults 
before full sequence completion.

	● Model adaptation: continuously updates based on 
firmware revisions, hardware drifts, or test conditions.

	● Dynamic prioritization: ranks test cases by risk and 
diagnostic contribution.

Together, these capabilities transform testing from a rigid, 
reactive process into a flexible, proactive quality control 
loop. This foundation enables DTA-QC to deliver measur-
able improvements in test efficiency, failure detection, and 
operational decision-making in 5 G telecom production.

Related work on AI-driven quality control

Research on test optimization in manufacturing has increas-
ingly focused on predictive models that enhance yield, 
reduce rework, and improve decision efficiency. Early 
research efforts by Weiss et al. (2013, 2016), demonstrated 
how regression models could forecast microprocessor test 
outcomes. Landin et al. (2021) utilized support vector 
machines (SVMs) for yield prediction in the telecom indus-
try, highlighting the benefits of integrating real-time analyt-
ics into production workflows.

Fig. 2  Sequential test execution 
with failure at T C5. The shaded 
region highlights the cumulative 
test time wasted before the failure 
is detected
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spatial and temporal learning, such as CNN-LSTM combi-
nations, which aligns with the architecture of our proposed 
DTA-QC framework. The paper further underscores the 
importance of model efficiency for deployment at the edge, 
robustness to noise, and interpretability, all of which are 
explicitly addressed in our work through dynamic thresh-
olding, compact model design, and a four-tier severity clas-
sification system.

Tran et al. (2022) propose a self-supervised learning 
(SSL) framework for time-series anomaly detection in 
Industrial Internet of Things (IIoT) environments, utiliz-
ing 1D convolutional neural networks trained on pseudo-
labels generated through data augmentation techniques 
such as rotation and jittering. Their approach eliminates the 
need for labeled training data and supports real-time edge 
deployment, demonstrating strong performance in detect-
ing unseen anomalies with low computational cost. While 
their work addresses the scarcity of labeled anomalies and 
emphasizes lightweight inference, it primarily focuses on 
binary anomaly detection without integrating multi-level 
severity classification or adaptive thresholding mecha-
nisms. In contrast, our DTA-QC framework leverages a 
hybrid architecture that combines LSTM-based autoencod-
ers for unsupervised feature learning, Ridge regression for 
dynamic threshold estimation, and CNN-based classifiers to 
output severity-aware labels. Furthermore, DTA-QC is vali-
dated under real production conditions in 5 G radio manu-
facturing, highlighting its practical utility in highly variable 
and hardware-software coupled environments, extending 
beyond the IIoT scope of Tran et al.’s work.

Recent developments in other high-stakes domains 
further underscore the limited adoption of advanced AI 
techniques in industrial testing. Casa and Menardi (2022) 
propose a semi-supervised anomaly detection approach for 
particle physics applications, using nonparametric density 
estimation to identify unknown signals without requiring 
complete label sets. Their work highlights the growing 
use of semi-supervised learning in fields where anomaly 
detection is critical but labeled data is scarce. Although 
their method is developed for offline experimental data, 
the underlying statistical framework has clear relevance for 
real-time industrial settings such as 5 G manufacturing. In 
contrast to such progress in adjacent fields, industrial test-
ing pipelines still predominantly rely on manually tuned 
rule-based thresholds, demonstrating a gap that frameworks 
like DTA-QC seek to address. To clarify the novelty and 
positioning of our work, Table  1 provides a side-by-side 
comparison of DTA-QC with recent relevant approaches 
in predictive maintenance, adaptive test optimization, and 
semi-supervised anomaly detection.

and regression models for 5 G test data. However, it required 
manual parameter tuning and lacked mechanisms for online 
learning and adaptive severity scoring. The DTA-QC frame-
work extends this by introducing fully automated dynamic 
thresholding, supervised classification, and multi-level fault 
severity grading, features critical for scalable deployment in 
intelligent manufacturing.

Moreover, recent research in intelligent manufacturing 
emphasizes AI-driven anomaly detection and predictive 
maintenance as core enablers of Industry 4.0  (Liso et al., 
2024; Stojanovic et al., 2016; Kumari et al., 2024). Our 
work extends these developments by introducing a dynamic, 
label-efficient quality control framework validated under 
real industrial conditions.

Recent survey work by Liso et al. (2024) offers a compre-
hensive analysis of deep learning-based anomaly detection 
strategies tailored to Industry 4.0 applications. The authors 
categorize existing approaches based on sensing equipment 
(e.g., vision, vibration, thermal), algorithmic models (e.g., 
CNNs, LSTMs, autoencoders), and application fields such 
as predictive maintenance, quality control, and safety assur-
ance. They emphasize that real-world deployments still face 
challenges related to data heterogeneity, label scarcity, and 
the need for online adaptability. Moreover, the review iden-
tifies a growing trend towards hybrid models that integrate 

Table 1  Comparison of DTA-QC with recent state-of-the-art 
approaches in test optimization and anomaly detection
References Purpose/contribution Limitation addressed by 

DTA-QC
Wen et al. 
(2023)

Transformer-based model 
selection for multivariate 
anomaly detection.

Assumes data stationar-
ity and lacks dynamic 
threshold adaptation.

Tonini et al. 
(2024)

Semi-supervised anomaly 
detection using statistical 
filters and thresholds.

No validation in live pro-
duction environments; 
offline-only use.

Tran et al. 
(2022)

Self-supervised anomaly 
detection using CNNs and 
pseudo-labeling for IIoT.

Binary anomaly labels 
only; lacks severity 
gradation and dynamic 
thresholds.

Casa and 
Menardi 
(2022)

Semi-supervised anomaly 
detection via nonparamet-
ric density estimation in 
physics.

No real-time or pro-
duction constraints 
considered; offline 
experimental scope.

Liso et al. 
(2024)

Survey on anomaly detec-
tion for Industry 4.0 using 
deep learning.

Identifies real-world 
deployment gaps (e.g., 
online adaptability, inter-
pretability) that DTA-QC 
directly addresses.

DTA-QC Combines LSTM autoen-
coders, Ridge regression, 
and CNNs for test optimi-
zation in real 5G produc-
tion. Supports dynamic 
thresholding, multi-level 
severity, and runs on CPU 
in-line.

Addresses key chal-
lenges in manufacturing 
quality control, including 
temporal signal complex-
ity, limited labeled data, 
dependence on manually 
defined threshold rules, 
and constraints on 
deployment feasibility.
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environments. As illustrated in Fig. 3, DTA-QC is composed 
of three integrated stages: (1) Supervised Data Labeling, (2) 
Data Augmentation, and (3) Classification. These stages 
work in sequence to enable context-aware anomaly detec-
tion, adaptive fault grading, and robust model deployment 
in high-variability telecom manufacturing environments.

The input to DTA-QC consists of raw one-dimensional 
time-series data collected during functional testing of 5 G 
Radio Base Stations (RBSs) in production environments. 
These measurements are segmented into overlapping win-
dows (Windowi, Windowi+1, . . . , Windown) to preserve 
temporal continuity and ensure alignment across down-
stream processing steps. Details on the dataset’s physical 
meaning, signal types, and testing context are given in the 
upcoming subsections.

DTA-QC architecture overview

The DTA-QC framework, depicted in Fig.  3, integrates 
three key components, supervised data labeling, data aug-
mentation, and classification, into a hybrid pipeline specifi-
cally tailored for manufacturing testing environments. The 
framework is optimized for CPU-level deployment in pro-
duction environments, enabling real-time response capabili-
ties while maintaining resilience under data imbalance and 
manufacturing process variability typical of high-volume 
telecom production lines. The architecture addresses several 
practical constraints in manufacturing: evolving signal dis-
tributions, sparse anomaly labels, and the need for interpre-
table yet adaptive decision support. The modular pipeline 
processes sensor data in three stages: 

1.	 Supervised data labeling: A combination of autoen-
coders and regression models produces initial labels, 
with dynamic thresholds applied to identify anomalous 
patterns adaptively.

2.	 Data augmentation: Moving Block Bootstrap (MBB) 
is used to generate realistic synthetic samples, address-
ing class imbalance while preserving temporal struc-
ture, crucial for time-series in manufacturing (Escobar 
et al., 2021).

3.	 Classification: A lightweight 1D CNN model processes 
the balanced dataset to assign anomaly classes, enabling 
high-resolution, real-time anomaly detection during 
production line testing. CNN architectures have dem-
onstrated particular effectiveness in real-time manufac-
turing anomaly detection applications (Alkahtani et al., 
2024; Greinert et al., 2022)

This layered approach supports context-aware testing, 
enabling the system to detect weak signals of failure, gener-
alize across hardware variants, and adapt to firmware drift, 

Alternative architectures for time-series modeling

Several architectures have emerged for time-series classi-
fication and anomaly detection. Transformer-based models 
such as TimeSformer  (Bertasius et al., 2021; Gao et al., 
2023), Autoformer (Wu et al., 2021), FEDformer (Zhou et 
al., 2022), and TimesNet  (Wu et al., 2022) achieve state-
of-the-art results in forecasting and representation learning. 
Hybrid models, e.g., CNN-LSTM (Alhussein et al., 2020), 
offer a balance between spatial feature extraction and tem-
poral modeling. Graph Neural Networks (GNNs) (Wu et al., 
2020) have also been applied to capture structural depen-
dencies in sensor-rich industrial systems. Despite their 
modeling power, these architectures pose challenges for 
real-time deployment in production environments. They 
often require GPU acceleration, large memory capacity, and 
batch-level inference, which are incompatible with the con-
straints of real-time, per-unit telecom testing. Furthermore, 
models optimized for periodic or smooth signal patterns 
often struggle to generalize to the non-periodic, transient-
dense behavior of 5 G test signals. In contrast, this study 
prioritizes deployability and interpretability. We evaluate 
three purpose-built model variants for time-series anomaly 
classification:

	● M1: A lightweight 1D CNN for fast, CPU-compatible 
inference.

	● M2: A CNN-BiLSTM architecture with attention mech-
anisms, balancing accuracy and temporal memory.

	● M3: An oversampling-enhanced version of M2 for im-
proved minority class detection.

These models were trained on proprietary test datasets 
from Ericsson AB’s 5  G RBS line and validated against 
a public benchmark (see Sect.  ”Cross-domain validation 
with benchmark dataset”). These architectural choices pri-
oritize deployment feasibility over theoretical performance, 
addressing the practical constraints of industrial environ-
ments where computational resources, real-time require-
ments, and interpretability are critical factors. Compared 
to large-scale transformer variants, our approach achieves 
a practical trade-off between precision, generalizability, and 
industrial scalability within the DTA-QC framework.

The DTA-QC framework: dynamic 
thresholding and anomaly-aware quality 
control

This section introduces DTA-QC, a modular AI-based 
framework specifically designed for intelligent anomaly 
detection and fault classification in production line testing 
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an autoencoder for denoising and feature compression. 
A regression model estimates expected behavior, and the 
residuals (errors) are analyzed to compute dynamic thresh-
olds. These thresholds evolve with incoming production 
batches continuously, and guide the labeling of anomalies 
into four severity levels. To address class imbalance, a 
Moving Block Bootstrap (MBB) strategy is applied for data 
augmentation. The final labeled dataset is then used to train 
a supervised CNN classifier that outputs real-time quality 

all without manual rule tuning or threshold recalibration. 
While Fig. 3 outlines the high-level components of DTA-
QC, the complete operational flow, including data trans-
formations, thresholding, and classification mechanisms, is 
illustrated in detail in Fig. 4.

Figure  4 presents the high-level architecture of the 
DTA-QC framework. The system begins by ingesting raw 
time-series data from 5  G production test stations. These 
signals are segmented into windows and passed through 

Fig. 4  DTA-QC system architecture: from raw 5 G test results to severity-aware classification through adaptive thresholding, augmentation, and 
supervised learning.

 

Fig. 3  Schematic overview of the DTA-QC framework, composed of three stages: Supervised Data Labeling for dynamic thresholding, Data 
Augmentation for enriched signal diversity, and Classification for severity-aware fault detection
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LAE = 1
Nw

N∑
i=1

w∑
t=1

|xt − x̂t|, Lreg = 1
N

N∑
i=1

|yi − ŷi|.

The CNN classifier is trained using the categorical cross-
entropy loss:

Lcls = −
∑

i

4∑
c=1

yic log pic.

At inference, new production data are segmented into win-
dows, residuals ϵi are computed, and severity labels are 
assigned using the most recent batch thresholds DTk.

Computational efficiency. For N windows of length w, 
the combined LSTM–regression computation has complex-
ity O(Nw), while the threshold update and CNN infer-
ence are O(N). The complete system operates efficiently 
on CPU hardware, supporting real-time deployment within 
industrial test stations.

Probabilistic interpretation. Assuming the regression 
residuals ϵi follow an approximately normal distribution, 
the probability of a “Stop” event is given by:

P (Stop) = 1 − Φ
(

DT3 − µϵ

σϵ

)
,

where Φ(·) is the cumulative distribution function of the 
standard normal distribution. This links the adaptive thresh-
olding mechanism to a probabilistic interpretation of risk 
under production uncertainty.

Supervised data labeling

This module transforms unlabeled production time-series 
data into structured, labeled datasets suitable for super-
vised machine learning model training. The raw data is 
segmented using a fixed-size, overlapping sliding window 
approach, which preserves both short- and long-term tem-
poral dependencies by maintaining the local signal structure 
across samples. Each resulting window is passed through 
a deep autoencoder for noise reduction and dimensionality 
compression, followed by a regression model that predicts 
expected behavior. Dynamic thresholds are then computed 
based on the residuals, enabling tolerance bands that adapt 
in real time to the variability of manufacturing processes. 
Such adaptive thresholding is particularly critical in Indus-
try 4.0 environments, where fixed thresholds often fail 
to reflect shifts in hardware behavior, software updates, 
or environmental conditions  (Li et al., 2024; Orabi et al., 
2024). Final labels are refined through a CNN that captures 
localized signal variations, producing well-separated and 
context-aware labels suitable for downstream supervised 

classifications. Each module is designed for deployment on 
CPU-constrained industrial hardware, ensuring low-latency 
inference and operational scalability.

Algorithmic description and mathematical 
formalization

To enhance methodological clarity and reproducibility, the 
DTA-QC framework is formalized here, and its algorithmic 
workflow is summarised.

Algorithm 1  DTA-QC: dynamic thresholding and anomaly-aware 
quality control

Mathematical formalization. Let gϕ(·) denote the regres-
sion model producing the estimated output ŷi = gϕ(zi). The 
residuals are computed as

ϵi = |yi − ŷi|,

and the adaptive thresholds are defined following Eq. (2) as

DTk = µϵ + kσϵ, k ∈ {1, 2, 3},

where µϵ and σϵ are the mean and standard deviation of 
the regression residuals for each production batch. Samples 
are then assigned to discrete severity levels according to the 
ϵi intervals, yielding statistically adaptive and interpretable 
boundaries for quality control.

Training and inference. During training, the autoen-
coder and regression model are optimized to minimize the 
reconstruction and regression losses:
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	● Retains autocorrelation and contextual continuity across 
time steps, which is critical for accurate anomaly detec-
tion in temporal sequences.

	● Avoids overfitting risks commonly associated with na-
ive duplication or interpolation-based techniques.

	● Reduces model bias toward majority classes and signifi-
cantly improves sensitivity to rare but critical faults in 
production systems.

Classification

In the final stage of the DTA-QC pipeline, a 1D Convo-
lutional Neural Network (CNN) is used to classify time-
windowed sensor signals into predefined anomaly severity 
levels. The CNN extracts hierarchical temporal features 
through stacked convolutional layers and produces multi-
class predictions corresponding to four severity categories: 
Normal, Warning, Worse, and Stop. The model is trained 
on an augmented, labeled dataset and evaluated using stan-
dard metrics such as the confusion matrix, ROC-AUC, and 
F1-Score. The classifier is optimized for low-latency execu-
tion on standard CPU hardware, ensuring seamless deploy-
ment within existing industrial test stations without the need 
for specialized GPUs. To support operational performance 
and system compatibility, this classification stage provides 
the following key features:

	● Real-time anomaly classification based on learned tem-
poral features from production signals.

	● High interpretability through consistent feature win-
dowing and dynamic class boundaries.

	● Robust performance under domain shift, enabled by 
integrated adaptive learning and MBB-based data 
augmentation.

By replacing fixed-threshold logic with intelligent, data-
driven decision support, the DTA-QC framework ensures 
scalable and reliable fault detection in dynamic 5 G manu-
facturing environments. Its modular architecture allows for 
straightforward integration and cross-product adaptability, 
supporting long-term maintainability and system evolution.

Implementation

This section details the technical implementation of the 
DTA-QC framework, which integrates multiple AI/ML 
components for time-series analysis in industrial 5G pro-
duction environments. DTA-QC processes raw production 
test data through a multi-stage pipeline consisting of auto-
labeling, dynamic thresholding, data augmentation, and 
classification, as illustrated in the system architecture shown 

classification. This dynamic and modular labeling approach 
introduces several key innovations:

	● Integration of autoencoder-based feature extraction with 
regression-driven dynamic thresholding to enable adap-
tive data labeling.

	● Elimination of brittle rule-based thresholds that are 
prone to false positives as production conditions evolve.

	● Support for explainability and traceability through clear 
separation between prediction, thresholding, and label-
ing stages.

To finalize the labeling scheme, we initially experimented 
with more granular severity levels, up to 10 classes, 
including categories such as Slight Drift, Frequent Outli-
ers, Transient Spikes, and Noisy but Acceptable. However, 
empirical evaluations and expert feedback from SMEs indi-
cated semantic overlaps among these intermediate classes, 
which compromised interpretability and reduced robustness 
in noisy production settings. As a result, we consolidated 
the labeling scheme into four distinct and actionable levels: 
Normal, Warning, Worse, and Stop. These align with deci-
sion points on the shop floor and enhance both model stabil-
ity and human interpretability. Importantly, the framework 
remains flexible and could be extended with additional 
severity levels in future applications, provided reliable data 
separation can be achieved.

Data augmentation

To address the severe class imbalance inherent in manufac-
turing anomaly detection scenarios, where defective units 
often represent less than 1% in a mature production stage, 
we apply Moving Block Bootstrap (MBB)-based augmen-
tation. Traditional synthetic oversampling methods like 
SMOTE (Synthetic Minority Over-sampling Technique) 
generate new samples by interpolating between existing 
minority instances. While effective in tabular data, SMOTE 
may distort temporal dependencies in time-series data by 
breaking the inherent ordering and signal structure. In con-
trast, MBB preserves temporal coherence by resampling 
contiguous blocks of residual sequences, creating new time-
series windows that maintain meaningful temporal patterns 
while increasing minority class representation. A semi-
supervised model assigns tentative labels to synthetic data, 
resulting in a more balanced and robust training set without 
compromising the statistical integrity of the original distri-
bution. The advantages of using MBB in this context are as 
follows:
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signals are used to ensure consistent, interpretable input. In 
earlier work  (Landin et al., 2023), we showed that signal 
evolution across production units holds strong predictive 
value for downstream failure. The present study generalizes 
this idea by integrating dynamic thresholding and severity 
classification, aiming to flag at-risk units before hard fail-
ures occur proactively.

LSTM autoencoders

LSTM autoencoders  (Hochreiter & Schmidhuber, 1997) 
form the backbone of the dynamic thresholding stage. As 
illustrated in Fig.  5, each input sample corresponds to a 
fixed-length sliding window segment of the original time-
series signal. These segments capture both short- and long-
term temporal dependencies, which the encoder compresses 
into a latent representation (Code). The decoder then 
attempts to reconstruct the original window. The recon-
struction error, measured as Mean Absolute Error (MAE), 
informs the dynamic thresholding logic described later in 
this subsection. This structure enables the framework to 
capture subtle signal deviations while preserving temporal 
context in a compact and interpretable format.

The transformation process retains temporal continu-
ity by converting 1D signals into windowed sequences. 
These are passed through the autoencoder to denoise and 
compress the data, preserving only the most informative 
patterns. The resulting reconstruction is used to evaluate 
prediction error, from which dynamic thresholds are derived 
(see Sect. ”Dynamic thresholding”). During encoding, the 
autoencoder transforms raw time-series windows into com-
pact representations, capturing both short- and long-term 
dependencies. These are then decoded and compared with 
the original input to calculate the reconstruction error. The 
Mean Absolute Error (MAE) is used to detect anomalies by 
setting adaptive thresholds derived from historical recon-
struction error distributions. As an illustrative example, 
consider a normalized input sequence:

x = [10, 12, 14, 13, 15]

Using a 3-step sliding window, we create overlapping seg-
ments such as:

Window1 = [10, 12, 14], Window2 = [12, 14, 13],
Window3 = [14, 13, 15]

Each window is passed through the LSTM autoencoder. 
Suppose that for Window2, the model reconstructs the 
sequence as:

x̂Window2 = [12.1, 14.2, 12.8]

in Fig. 3. Temporal characteristics, such as window-based 
features and rolling statistics, are key to extracting mean-
ingful patterns in industrial settings (Engström et al., 2020). 
Quality data preparation not only improves model accuracy 
but also enhances interpretability, an essential requirement 
in operational environments. While proprietary constraints 
prevent the sharing of raw data, the complete implementa-
tion is publicly available on GitHub Liu and Tahvili (2025a), 
with supplementary resources on Figshare Liu and Tahvili 
(2025b).

DTA-QC employs LSTM autoencoders for time-aware 
feature extraction, regression-based dynamic thresholding 
for auto-labeling, Moving Block Bootstrap for data augmen-
tation, and a lightweight 1D CNN for classification. These 
components were selected to balance predictive power with 
computational efficiency, prioritizing real-time deployabil-
ity over architectural complexity. The implementation pri-
oritizes computational efficiency and real-time performance 
to meet the stringent requirements of high-volume 5  G 
production lines. All components are designed for deploy-
ment in resource-constrained industrial environments while 
maintaining the accuracy needed for quality control deci-
sions. The modular architecture enables selective activation 
of components based on specific production line require-
ments and available computational resources.

Input signal origin and representation

The input data to the DTA-QC framework consists of 1D 
time-series measurements collected during the automated 
final testing of 5 G radio units. Each unit undergoes a pre-
defined sequence of test cases that measure analog param-
eters such as output power, voltage, current, temperature, 
and gain across multiple radio ports. These measurements 
are captured in real time as the unit interacts with test equip-
ment via RF interfaces. Each test case produces a single 
measurement per port, and across production, this generates 
a sequence of observations for the same test case across dif-
ferent units. These sequences form the 1D time series used 
in our framework. While individual measurements are not 
time-dependent per se, we treat them as temporally ordered 
across units to model production dynamics, capture behav-
ioral drift, and detect anomalies that may indicate hardware 
degradation or process shifts. The test infrastructure exe-
cutes these cases in an automated fashion, and failures are 
logged based on fixed thresholds. However, this traditional 
model lacks early warning signals or fine-grained failure 
reasoning. DTA-QC builds on this setup by converting raw 
signals into sliding windows, applying denoising and com-
pression via autoencoders, and learning to identify anoma-
lous patterns (i.e., outliers) that precede failures, enabling 
earlier intervention and reducing false rejects. Only analog 
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(DT) are computed based on prediction error, specifically, 
the Mean Absolute Error (MAE) and its variance across the 
dataset:

DT = ŷ ± (MAE + scale · σMAE)� (2)

This adaptive thresholding approach builds upon recent 
advances in dynamic threshold adjustment for manufactur-
ing systems (Wang et al., 2021), where traditional static lim-
its prove insufficient for modern production environments 
with varying operational conditions.

Dynamic thresholding

Dynamic thresholds adapt continuously to production con-
ditions, distinguishing this approach from traditional static 
limit-based quality control systems common in manufac-
turing. The thresholds evolve with each batch of new data, 
ensuring responsiveness to shifts in production conditions 
such as component ageing, environmental variations, or 
process improvements. After every model retraining cycle, 
the updated MAE is used to adjust class boundaries. While 
retraining is currently conducted offline to ensure produc-
tion stability, the architecture supports future transition to 
continuous learning for more responsive adaptation.

In the DTA-QC framework, dynamic thresholds are 
updated at the end of each model retraining cycle. When a 
new batch of labelled production data becomes available, 
the autoencoder is retrained, and the residual error distri-
bution is recomputed, specifically the Mean Absolute Error 
(MAE) and its standard deviation (σMAE). These values 

The MAE for this window is computed as:

MAE = 1
3

(|12 − 12.1| + |14 − 14.2| + |13 − 12.8|) = 0.167

If the dynamic stop threshold is 0.15, then this window 
would be flagged as a “Stop” anomaly (severity class 3). 
Conversely, a window with a lower MAE (e.g., 0.12) would 
not be flagged. This mechanism allows the model to flag 
samples where the reconstructed signal deviates signifi-
cantly from the expected pattern.

The benefit of this approach lies in its ability to:

	● Detect emerging faults before they violate static limits.
	● Adapt to firmware changes, hardware drift, or seasonal 

variation.
	● Automatically generate labels to reduce manual effort.

The use of LSTM autoencoders for feature extraction in 
industrial applications has demonstrated effectiveness in 
capturing complex temporal patterns that traditional sta-
tistical methods often miss (Benkedjouh et al., 2018). The 
resulting threshold-aware dataset is passed to a regression 
model and CNN for fine-grained classification, enabling 
robust, real-time decision support in production testing 
scenarios.

Data labeling via regression models

Encoded feature vectors (x̂) are passed into a regression 
model to estimate expected values (ŷ). Dynamic thresholds 

Fig. 5  Architecture of the LSTM autoencoder in DTA-QC, used for time-series feature extraction and anomaly-aware labeling
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Mathematical formulation: Given a sequence of over-
lapping lagged blocks Yi ∈ Rd, we compute the first-order 
residuals as:

Ri = Yi+1 − Yi, i = 1, 2, . . . , N − 1

where Ri represents the temporal change between con-
secutive blocks. These residuals are then resampled with 
replacement to generate synthetic sequences:

Ỹi = Yi + R∗
i ,

where R∗
i  denotes a randomly sampled residual from the set 

{R1, R2, . . . , RN−1}. This preserves local temporal trends 
while introducing realistic variation for minority classes.

This method is preferable to SMOTE in manufacturing 
time-series contexts, as it preserves the temporal autocor-
relation and sequence continuity that are critical for repre-
senting realistic production dynamics. The preservation of 
temporal dependencies is especially essential for accurate 
anomaly detection in industrial environments where faults 
often manifest through subtle, time-dependent signal pat-
terns. This is particularly relevant in Industrial Internet of 
Things (IIoT) systems, where distributed sensors generate 
high-frequency, multi-dimensional data streams that must 
be analyzed in near real time. For rare anomaly classes that 
occur infrequently in production data, MBB can be option-
ally combined with SMOTE to increase sample diver-
sity while still maintaining temporal coherence. Recent 
studies have demonstrated that temporal-preserving data 

define the severity class boundaries (Normal, Warning, 
Worse, Stop) using a statistical margining approach: thresh-
olds are set at µMAE + k · σMAE for severity level k, where 
k ∈ {1, 2, 3} defines the transitions between classes. For 
example, an MAE below µMAE + σMAE is classified as 
Normal, between one and two standard deviations as Warn-
ing, and so on. Between retraining events, thresholds remain 
fixed to ensure operational stability during inference. The 
initial thresholds, computed on the training set, serve as 
the reference baseline for subsequent updates. This update 
policy allows the system to adapt to production drift while 
maintaining consistent decision logic.

Data augmentation via moving block bootstrap

Given the significant class imbalance in the labeled data-
set, an augmentation strategy is applied using the MBB 
method. This technique generates synthetic time-dependent 
data by resampling contiguous blocks, thereby preserving 
the temporal dependencies inherent in the original dataset. 
The goal is to enrich the dataset with realistic samples that 
maintain structural integrity while improving class balance. 
This facilitates more effective training of the classification 
model and enhances its ability to generalize to unseen data. 
To address class imbalance, DTA-QC applies a hybrid aug-
mentation strategy based on the Moving Block Bootstrap 
(MBB). As illustrated in Fig. 6, lagged blocks (Yi) are com-
bined with randomly sampled residuals (Ri = Yi+1 − Yi) 
to generate synthetic samples that retain temporal structure.

Fig. 6  Illustration of Moving Block Bootstrap (MBB) used in DTA-QC to augment imbalanced classes while preserving temporal dependencies
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augmented time-series data, enabling accurate multi-class 
severity classification under realistic production conditions. 
The use of lightweight CNN architectures ensures that the 
system remains suitable for real-time manufacturing envi-
ronments, aligning with recent findings that high classifi-
cation performance can be maintained without incurring 
substantial computational overhead in industrial quality 
control tasks (Zhang et al., 2023).

Figure 7 illustrates the operational integration and deci-
sion logic of the 1D CNN-based severity classifier within 
the production line. Test signals are continuously collected 
from test stations and processed by the inference engine, 
which embeds both the trained autoencoder and CNN clas-
sifier. The classifier assigns each incoming signal to one of 
four severity levels: Normal, Warning, Worse, or Stop. Each 
severity level is mapped to a distinct quality control action: 
a Normal label results in a direct Proceed to Next Test; a 
Warning triggers an Increase in Sampling Rate (e.g., by 
10%); a Worse label prompts a Manual Review or Supplier 
Alert; and a Stop classification initiates a Batch Re-inspec-
tion or activates the Maintenance System. This structured 
decision logic transforms model outputs into actionable 
process steps, enabling real-time, data-driven quality assur-
ance, improving traceability, and enhancing overall produc-
tion resilience.

Empirical evaluation

To evaluate the effectiveness of the DTA-QC framework 
under real-world manufacturing conditions, we conducted 
an industrial case study at Ericsson AB (EAB) in Sweden. 
The evaluation took place within EAB’s full-scale 5 G radio 
production testing environment, which processes thousands 
of units daily and integrates both manual and automated 
test methodologies across multiple validation stages. This 
industrial setting provides the high-volume, time-critical 

augmentation techniques significantly outperform con-
ventional interpolation methods for time-series anomaly 
detection in IIoT applications, due to their ability to retain 
realistic sequence behavior and minimize artificial signal 
distortion  (Kim & Lee, 2024). It is important to clarify 
that our approach does not involve traditional fault injec-
tion through artificial signal distortions. Instead, the Mov-
ing Block Bootstrap (MBB) technique used here resamples 
contiguous temporal blocks from authentic production data. 
This ensures that the statistical and temporal properties of 
real test signals are preserved. Unlike physical fault injec-
tion methods, which introduce speculative distortions (e.g., 
simulated noise, component drift), our method generates 
realistic synthetic samples by recombining real patterns 
already observed in the system. This preserves the fidelity 
and interpretability of the model for actual manufacturing 
scenarios.

Classification with 1D CNNs

The final classification stage uses a 1D CNN architecture 
optimized for real-time performance. The model consists 
of six convolutional layers grouped in three blocks (16–16, 
64–64, 64–64 filters), each followed by max-pooling. The 
flattened output (size 448 × 1) is fed into a softmax classifier. 
Implemented in TensorFlow/Keras, the CNN was selected 
over GRUs and Transformers due to its superior inference 
speed and lower hardware requirements, critical factors for 
deployment in production line environments where deci-
sions must be made within milliseconds. The model’s com-
putational efficiency makes it well-suited for CPU-bound, 
latency-sensitive industrial environments typical of manu-
facturing facilities, where dedicated GPU resources may not 
be available or cost-effective. Hyperparameters were tuned 
using early stopping and learning-rate scheduling. The con-
volutional module in DTA-QC is designed to capture both 
local signal variations and broader temporal patterns in the 

Fig. 7  System-level decision logic of DTA-QC. Signals are collected 
from test stations, processed through the inference engine and severity 
classifier, and assigned one of four severity levels: Normal, Warning, 
Worse, or Stop. Each severity class is linked to a specific quality con-
trol action: proceeding to the next test, increasing sampling rate, trig-

gering manual review or supplier alerts, and batch-level re-inspections 
or maintenance. This schematic directly operationalizes model outputs 
into production decisions, enhancing the system’s transparency and 
traceability
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This subsample provides transparency on the input struc-
ture used by DTA-QC and allows researchers to understand 
the context in which the system was trained, labeled, aug-
mented, and evaluated. By preserving temporal and sta-
tistical fidelity while anonymizing operational details, the 
evaluation supports reproducibility within the constraints of 
industrial confidentiality.

The selection of baseline models reflects both scientific 
reproducibility and industrial deployability constraints. 
Comparative baselines are included to contextualize the 
performance of the proposed DTA-QC framework and to 
validate its advantages over existing, widely adopted tech-
niques. The primary neural baseline (M1) is a lightweight 
1D CNN architecture designed for deterministic real-time 
inference on CPU-only systems, aligning with resource con-
straints at production test stations. Classical comparators, 
Logistic Regression, Support Vector Machine, and Random 
Forest, were chosen for their simplicity, maintainability, 
and wide adoption in manufacturing analytics. All baselines 
were tuned within a shared hardware envelope: CNN hyper-
parameters were selected to balance accuracy and computa-
tional efficiency, trained with the Adam optimizer and early 
stopping; classical models utilized compact, practitioner-
typical configurations. While more complex models, such as 
TimesNet or Transformer variants, exist in recent literature, 
they generally assume larger, balanced datasets and GPU 
compute resources, making them impractical for current 
production test environments. Thus, our baseline selection 
aims to represent feasible, CPU-deployable solutions that 
support fair, actionable benchmarking in industrial settings.

Experimental setup and parameters

This subsection outlines the experimental setup and key 
parameters used to evaluate the DTA-QC framework. 
The system comprises three core components: (1) a 1D 
Convolutional Neural Network (CNN) for classification, 
(2) a Bidirectional LSTM autoencoder for feature extrac-
tion, and (3) a Ridge Regression model for anomaly scor-
ing. The CNN architecture (see Table  3) consists of two 
Conv1D layers using hyperbolic tangent (tanh) activation 
functions, which produce zero-centered outputs to facili-
tate efficient gradient propagation. These are followed by 

context typical of modern manufacturing environments 
where quality control decisions must be made rapidly and 
accurately. This setup provided a representative and rigor-
ous operational context for empirical analysis. The dataset 
used comprises proprietary time-series measurements col-
lected during functional and parametric testing of 5 G RBSs 
in a production environment. Each unit undergoes compre-
hensive testing protocols using specialized hardware inter-
faces, or test stations, that interact with embedded software 
to assess key operational metrics such as power levels, tem-
perature stability, voltage, and signal integrity. These mea-
surements represent real production conditions, including 
natural variations in component tolerances, environmen-
tal factors, and manufacturing process variations that are 
characteristic of high-volume electronics manufacturing. 
These metrics are captured as one-dimensional time-series 
sequences that reflect the performance behavior of each unit 
across testing cycles. Due to confidentiality agreements, the 
complete dataset cannot be made publicly available. How-
ever, a representative anonymized subsample is presented in 
Table 2, which preserves the structure, format, and statisti-
cal characteristics of the original data while ensuring com-
pliance with data protection requirements.

Key features extracted from the raw production dataset 
include:

	● Test station: Identifies the specific automated test 
equipment (ATE) interface executing a given test se-
quence, enabling traceability to specific hardware 
configurations.

	● Test category: Encodes the functional test type (e.g., 
digital signal processing, analog RF performance, 
calibration procedures) according to production test 
specifications.

	● Test count: Indicates the number of test attempts re-
quired to meet pass criteria, providing insight into test 
repeatability and potential quality issues.

	● Limits 1 and 2: Define the engineering tolerance range 
for measured values (upper and lower specification lim-
its) based on design requirements and quality standards.

	● Measured value: The actual measurement result from 
production test equipment, representing the physical 
performance characteristic being evaluated.

Table 2  Representative subsample of production test data used in the evaluation, showing the structure and format of real 5 G manufacturing test 
results
Test station Test category Test count Limit 1 (dBm) Limit 2 (dBm) … Measured value
1 3 938 12 −12 … −18.18
2 1 34 −8 −13 … −20.89
3 3 907 1 −12 … 0.00
⋮ ⋮ ⋮ ⋮ ⋮ ⋱ ⋮
9559 2 1058 −13 −15 … −21.14
Values are anonymized to protect proprietary information while preserving statistical characteristics
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machine: a MacBook Air (Model Identifier: Mac14,2) 
equipped with an Apple M2 chip featuring 8 CPU cores 
(4 performance and 4 efficiency cores), 16 GB LPDDR5 
memory, and integrated graphics. No dedicated GPU was 
used. This setup was selected intentionally to reflect real-
istic deployment constraints in production environments, 
where models must operate efficiently without requiring 
high-end servers or accelerators. The reported CPU and 
memory usage results (Table 9) should be interpreted within 
the context of this hardware profile.

Unit of analysis and procedure

The unit of analysis in this study consists of one-dimensional 
time-series outputs generated during the production testing 
of 5 G RBS units at Ericsson AB’s manufacturing facility. 
Each time-series sequence represents the temporal behav-
ior of measured electrical parameters, such as voltage and 
power, recorded throughout the execution of standardized 
test procedures. These sequences form the primary input 
for downstream processes, including feature extraction, 
dynamic thresholding, and anomaly classification. Impor-
tantly, each sequence corresponds to an individual produc-
tion unit and captures fine-grained temporal variations that 
static measurements fail to reveal, making them particularly 
suitable for detecting intermittent faults and early-stage per-
formance degradation.

Typical manifestations of anomalies within the dataset 
include sustained deviations beyond upper or lower test 
limits, transient spikes, signal flattening, and irregular oscil-
lations. These patterns impact critical Key Performance 
Indicators (KPIs) such as transmission power stability, DC 
bias regulation, and RF linearity, each essential to the opera-
tional integrity of 5 G RBS components. The anomalies are 
classified as such when deviations occur outside tolerance 
bands defined by dynamic thresholds derived from histori-
cal behavior and process specifications. Moreover, these 
patterns exhibit temporal evolution: anomalies may escalate 
gradually, persist intermittently, or serve as early indicators 
of critical system faults. This temporal dependency is par-
ticularly valuable for enabling predictive decision support, 
e.g., if an early-stage “Worse” signal deviation is detected 
during a test case, operators can halt downstream test execu-
tion and flag the unit for investigation. Such anticipatory 
behavior reduces resource waste and enhances test through-
put, aligning with the real-time requirements of intelligent 
manufacturing systems.

Table 6 summarizes the key descriptive statistics of the 
dataset, highlighting its size and variability across test sta-
tions, test categories, and measured values. The range and 
distribution of test counts and signal amplitudes underscore 
the heterogeneity inherent in high-throughput electronics 

MaxPooling1D layers for temporal downsampling and fully 
connected dense layers for final classification. The model 
is trained using the Adam optimizer with categorical cross-
entropy loss for 100 epochs.

The CNN architecture parameters were selected to bal-
ance classification accuracy with computational efficiency, 
suitable for deployment on standard industrial computing 
hardware commonly found in manufacturing environments.

For feature extraction, a Bidirectional LSTM autoen-
coder (Table 4) captures both past and future dependencies. 
A RepeatVector ensures that temporal structure is preserved 
through encoding-decoding. Ridge Regression (Table 5) is 
used for anomaly scoring based on autoencoded features. 
Its L2 regularization helps control overfitting, and cross-
validation ensures robustness.

All experiments and hardware usage benchmarks reported 
in this study were conducted on a standard CPU-only 

Table 3  CNN and baseline model configuration parameters
Model Component Key parameters
1D CNN Convolution 

layers
2 layers: 16 and 64 filters, ker-
nel size = 3, activation = tanh

Pooling MaxPooling1D, pool size = 3
Dense Flatten, Dense layer with 4 

neurons (softmax activation)
Training Optimizer: Adam (LR = 0.01), 

Loss: Categorical Crossentropy, 
Epochs: 100, Batch size: 32

Random 
forest

– 100 estimators, default depth

SVM – RBF kernel, C = 1.0, prob-
ability enabled

Logistic 
regression

– Solver = liblinear or lbfgs, L2 
regularization

Table 4  Parameters of the LSTM autoencoder
Layer Details
Bidirectional LSTM 50 units, activation: relu, input 

shape: (1, 19)
RepeatVector Length: 1 timestep
Bidirectional LSTM 50 units, activation: relu, return 

sequences: True
TimeDistributed (Dense) 1 unit output per timestep
Optimizer Adam
Loss Mean squared error
Training EarlyStopping with patience = 10

Table 5  Ridge regression configuration details
Parameter Details
Model type RidgeCV (auto alpha selection)
Train-test split 70% training, 30% testing (time-ordered)
Cross-validation 5-fold TimeSeriesSplit
Regularization L2 with auto-tuned alpha
Scaling StandardScaler applied pre-training
Evaluation R2, RMSE
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2.	 M2: CNN + BiLSTM + Attention (Attention-Aug-
mented), this model enhances temporal learning and 
contextual awareness by integrating:

	● A one-dimensional convolutional (Conv1D) layer to 
extract local temporal patterns from input sequences.

	● A bidirectional LSTM (BiLSTM) layer to capture 
both past and future dependencies in the time series.

	● A self-attention mechanism (implemented using 
Keras) that dynamically assigns importance weights 
to different time steps, improving focus on informa-
tive segments.

	● Fully connected (dense) layers with ReLU (Recti-
fied Linear Unit) activation, L2 regularization, and 
dropout, which enhance model generalization and 
reduce the risk of overfitting.

 This architecture is designed to improve classification pre-
cision on minority classes and better handle dynamic tem-
poral variations present in real-world production data.

3.	 M3: CNN + BiLSTM with Oversampling (Over-
sampled), this variant replicates M2’s architecture but 
replaces attention with aggressive oversampling of 
minority classes using random duplication. It assesses 
the impact of data-level balancing when applied to 
class-imbalanced sequences from another domain.

All models were trained using the Adam optimizer and cat-
egorical cross-entropy loss for 20 epochs with a batch size 
of 64. We excluded early stopping to ensure full conver-
gence and consistent cross-model comparisons. Evaluation 
metrics included macro- and micro-averaged AUC, preci-
sion, recall, and F1-Score across all four classes. This com-
parative analysis not only demonstrates the adaptability of 
DTA-QC but also offers insights into the trade-offs between 
architectural complexity, model interpretability, and cross-
domain robustness in time-series anomaly detection.

manufacturing, reinforcing the need for adaptive and scal-
able quality control approaches like DTA-QC.

Cross-domain validation with benchmark 
dataset

To evaluate the generalizability of the DTA-QC framework 
beyond its industrial deployment at Ericsson AB, we con-
ducted cross-domain validation using a publicly available 
time-series benchmark dataset  (Mattera et al., 2025). This 
validation evaluates the framework’s ability to maintain 
robustness and predictive accuracy across diverse applica-
tion contexts, including both industrial and non-industrial 
domains. Such assessment is essential for demonstrating 
real-world adaptability, particularly in environments char-
acterized by different signal dynamics, noise characteristics, 
and class imbalance. The benchmark dataset used for evalu-
ation comprises multivariate time series labeled with vary-
ing levels of anomaly severity. To align it with the DTA-QC 
classification scheme, we mapped its anomaly types into 
four corresponding categories: Normal, Warning, Worse, 
and Stop. All features were normalized and segmented 
using the same windowing strategy as the industrial dataset, 
ensuring consistency in preprocessing across domains.

Model variants

To explore how model complexity and data balancing 
strategies affect performance in a domain-shifted context, 
we evaluated three architectural variants of the DTA-QC 
framework: 

1.	 M1: Lightweight 1D CNN (Baseline), a computation-
ally efficient model comprising two 1D convolutional 
layers with max pooling and a fully connected clas-
sification head, designed for deployment in resource-
constrained industrial environments. Designed for 
inference in CPU-only environments, M1 uses down-
sampling to manage class imbalance. It serves as the 
baseline for comparison.

Table 6  Descriptive statistics of the 5G RBS production test dataset, highlighting variability across stations, categories, and measurement ranges
Test station Test category Test count Limit 1 Limit 2 Measured value

Count 9559 9559 9559 9559 9559 9559
Mean 4396.06 200.00 143.40 −0.60 0.30 −0.25
Std 3405.14 0.00 412.03 0.00 0.00 1.45
Min 1000.00 200.00 1.00 −0.60 0.30 −72.85
25% 1005.00 200.00 1.00 −0.60 0.30 −0.25
50% 4490.00 200.00 1.00 −0.60 0.30 −0.22
75% 8159.00 200.00 3.00 −0.60 0.30 −0.18
Max 9804.00 200.00 1950.00 −0.60 0.30 0.36
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Note: Bold values in Tables 7 and 8 indicate the best per-
formance across the compared models for each evaluation 
metric.

The selection of the SMD dataset is particularly relevant 
for manufacturing applications, as server machine telemetry 
shares similar characteristics with industrial IoT sensor data 
commonly found in smart manufacturing environments. 
The multivariate nature of the data, with metrics including 
CPU utilization, memory usage, and network traffic, paral-
lels the complex sensor arrays typical in modern production 
line monitoring systems. This structural resemblance makes 
the dataset well-suited for evaluating the generalizability 
and robustness of the DTA-QC framework beyond the 5 G 
test environment.

Quantitative results

Table 7 presents the comparative performance of the three 
models (M1–M3) on the SMD benchmark dataset using five 
evaluation metrics: Accuracy, Precision, Recall, F1-Score, 
and ROC-AUC. These metrics provide a comprehensive 
assessment of classification performance, anomaly detec-
tion sensitivity, and cross-domain generalisation capability, 
which are critical factors for industrial deployment.

Model M1 (Baseline CNN) delivers moderate accuracy 
and high precision but suffers from low recall, indicating 
limited sensitivity to minority class anomalies. Its shallow 
architecture and downsampling strategy constrain its ability 
to model temporal dependencies and rare events.

Model M2 (CNN + BiLSTM + Attention) achieves 
the best overall performance, with the highest accuracy 
(92.47%), precision (82.39%), and ROC-AUC (93.78%). 
Its BiLSTM layer and self-attention mechanism improve 
temporal feature learning and class separation. However, 
recall remains moderate, revealing room for improvement 
in minority detection.

Model M3 (CNN + BiLSTM with Oversampling) per-
forms best in recall and F1-Score, suggesting improved sen-
sitivity to rare but critical events. Its balanced class-wise 
performance, despite lower accuracy, makes it well-suited 
for safety-critical anomaly detection scenarios.

Figures 8, 9, 10 further illustrate the ROC performance of 
each model. M1 exhibits a micro-AUC of 0.83 and macro-
AUC of 0.69, struggling particularly with class 2 (AUC = 
0.52). M2 achieves a micro-AUC of 0.95, benefiting from 
attention-enhanced temporal encoding. M3 delivers the 
most balanced results, with both micro- and macro-AUCs at 
0.87, and per-class AUCs between 0.83 and 0.92.

The comparative analysis reveals distinct performance-
efficiency trade-offs: M2 delivers optimal classification 
accuracy and precision for general anomaly detection, while 
M3 provides superior recall and class balance, making it 

Dataset description

To assess the cross-domain generalization capability of the 
DTA-QC framework and its variants, we utilized the Server 
Machine Dataset (SMD), a publicly available multivariate 
time-series dataset from Kaggle  (Gusat, 2023). Originally 
collected over 5 weeks from a major Internet company, 
the SMD dataset is widely used in research focused on 
anomaly detection in complex IT and cyber-physical sys-
tems. The dataset contains operational data from 28 server 
machines, categorized into three subgroups, machine-1-1, 
machine-1-2, and machine-1-3, each representing a distinct 
hardware configuration or workload profile. Each record 
comprises multiple telemetry signals, including CPU utiliza-
tion, memory usage, disk I/O, and network traffic, recorded 
at fixed time intervals. These multivariate sequences offer a 
rich foundation for analyzing system behavior and detect-
ing performance anomalies. Ground-truth labels indicate 
whether each time point belongs to a normal or anomalous 
regime. Anomalies are synthetically injected to reflect real-
world failure modes, including memory leaks, process over-
loads, and sudden spikes in system activity. This labeling 
scheme enables supervised training and benchmarking of 
models under controlled but realistic fault conditions. For 
consistency, we applied the same sliding window segmen-
tation and feature extraction strategy used in the Ericsson 
dataset. Anomalous segments were mapped into the four-
tier severity scheme of the DTA-QC framework: Normal, 
Warning, Worse, and Stop. Data normalization and label 
alignment ensured comparability across domains. All three 
models (M1-M3) were evaluated on this dataset using stan-
dard classification metrics: Accuracy, Precision, Recall, 
F1-Score, and Area Under the ROC Curve (AUC). This 
comprehensive performance assessment allows us to mea-
sure not only classification effectiveness but also the impact 
of architecture and sampling strategies under distributional 
shift. The SMD benchmark thus serves as a robust testbed 
for validating the real-world applicability and resilience of 
the proposed DTA-QC framework. 

Table 7  Performance comparison of models M1, M2, and M3 on the 
benchmark dataset
Metric M1 (Baseline 

CNN)
M2 (CNN + 
BiLSTM + 
Attention)

M3 (CNN 
+ BiLSTM 
+ Overs-
ampling)

Accuracy (%) 74.01 92.47 61.66
Precision (%) 71.53 82.39 69.72
Recall (%) 51.50 53.53 61.66
F1-Score (%) 53.70 59.48 61.76
ROC-AUC (%) 89.73 93.78 86.84
Bold indicate the best performance across the compared models for 
each evaluation metric
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across multiple production lines or facilities with varying 
operational characteristics.

To clarify the strategic use of both datasets in our vali-
dation methodology, we highlight the complementary roles 
played by the Ericsson AB dataset and the public benchmark 
(SMD). The Ericsson dataset enables rigorous validation 
under authentic 5  G radio production conditions, captur-
ing real-time signal behavior, calibration variability, and 
firmware-hardware interactions that characterize software-
defined manufacturing. This ensures the framework’s direct 

more suitable for safety-critical manufacturing applications 
where missing anomalies carry a high cost. These findings 
validate the importance of architectural enhancements and 
data-centric strategies in generalizing AI models across 
domains with varying fault distributions. These cross-
domain validation results demonstrate the framework’s 
potential for technology transfer across different manufac-
turing sectors. The ability to maintain performance when 
applied to unfamiliar data patterns is crucial for manufac-
turers seeking to deploy AI-based quality control systems 

Fig. 9  ROC curves for Model M2 
(CNN + BiLSTM + Attention): 
improved class discrimination and 
higher AUCs

 

Fig. 8  ROC curves for Model M1 
(Baseline CNN): limited separabil-
ity, especially for minority classes
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benefits over heuristic decision rules in complex manufac-
turing environments.

All model evaluations and baseline comparisons were 
conducted using the publicly available Server Machine 
Dataset (SMD) from Kaggle. This dataset provides mul-
tivariate time-series measurements commonly used for 
benchmarking anomaly detection techniques in industrial 
settings. The traditional baseline strategies used for com-
parison are defined as follows:

	● Fixed threshold (best feature on F1 score): From the 
training set, we identify the single signal feature that 
yields the clearest separation between Fail and Pass la-
bels based on F1 score. For this feature, we sweep over 
its 95% quantiles to determine candidate cutoffs, select-
ing the one that maximizes validation F1. At test time, 
a unit is labeled Fail if its value exceeds the selected 
threshold in the learned risk direction; otherwise, it is 
labeled Pass.

	● Rule-based (Level/Jump/Variability, OR logic): We 
define three interpretable rules, each designed to capture 

operational impact, including reduced manual inspection 
overhead, improved throughput, and early fault detection in 
live production. Conversely, the SMD benchmark demon-
strates cross-domain applicability by confirming DTA-QC’s 
effectiveness on server telemetry signals with comparable 
statistical characteristics. This dual-dataset strategy allows 
us to assess both industrial robustness and generalizability, 
supporting reproducibility for the academic community 
while ensuring practical utility for high-reliability manufac-
turing environments.

Comparison with baseline quality control strategies

To evaluate the practical benefits of DTA-QC in an indus-
trial context, we compare it with three baseline strategies 
used in traditional test systems: (i) fixed thresholding, (ii) 
rule-based feature logic, and (iii) a random Bernoulli predic-
tor. As shown in Table 8, all three DTA-QC variants outper-
form traditional baselines in either precision or recall, while 
M2 provides the best trade-off in accuracy and AUC. This 
demonstrates that learning-based models offer measurable 

Method Accuracy Precision Recall F1 score ROC-AUC
Fixed threshold (best feature) 90.13 47.93 50.49 49.18 –
Rule-based (3-feature logic) 86.97 38.81 65.66 48.78 –
Random predictor 82.81 9.04 9.03 9.03 –
M1 (CNN Baseline) 74.01 71.53 51.50 53.70 89.73
M2 (CNN+BiLSTM+Attention) 92.47 82.39 53.53 59.48 93.78
M3 (CNN+BiLSTM+Oversampling) 61.66 69.72 61.66 61.76 86.84
Bold indicate the best performance across the compared models for each evaluation metric
All metrics (Accuracy, Precision, Recall, F1-Score, and ROC-AUC) are reported as percentages

Table 8  Performance comparison 
of DTA-QC variants against tra-
ditional quality control strategies 
on the Kaggle server machine 
dataset (SMD)

 

Fig. 10  ROC curves for Model M3 
(CNN + BiLSTM with Oversam-
pling): balanced and consistent 
detection across all classes
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while maintaining solid performance across minority 
classes.

All models operate within the computational constraints 
typical of industrial edge computing environments, sup-
porting deployment on standard manufacturing hardware 
without the need for specialized accelerators. These results 
support its use in cost-sensitive and real-time production 
contexts where inference latency and hardware simplicity 
are critical.

Domain shift analysis and transferability 
assessment

The ability of a quality-control framework to maintain 
performance across heterogeneous data sources is a key 
indicator of methodological robustness. To examine the 
generalization capability of DTA-QC beyond the 5 G pro-
duction environment, a cross-domain evaluation was per-
formed using the proprietary Ericsson dataset and the public 
Server Machine Dataset (SMD) (Gusat, 2023). Both data-
sets share the temporal and multivariate nature required 
by the proposed architecture, yet they differ substantially 
in domain semantics, signal origin, and labeling protocol. 
Table 10 summarizes their principal characteristics.

Despite originating from distinct industrial contexts, both 
datasets exhibit three critical properties that enable mean-
ingful transfer learning evaluation: (1) continuous-valued, 
multivariate time-series structure suitable for LSTM-based 
feature extraction, (2) temporal dependencies preserved 
through sequential ordering, and (3) severe class imbalance 
requiring specialized augmentation strategies. However, 

different types of signal anomalies. Thresholds are 
learned from training quantiles and selected using vali-
dation F1. A unit is labeled Fail if any of the following 
checks trigger:

	– Level: The feature lies in the extreme tail (too high 
or too low) of the training distribution.

	– Jump: The absolute change between adjacent signal 
windows is unusually large.

	– Variability: The within-sample standard deviation 
across signal windows is abnormally high.

	● Random (prior-weighted): This feature-agnostic base-
line predicts Fail with probability equal to the failure 
rate observed in the training set, and Pass otherwise. It 
serves as a lower-bound reference when no usable signal 
is available.

Hardware performance benchmarks

To validate the deployability of the proposed models in 
industrial settings, we conducted hardware performance 
benchmarks on a standard CPU-only workstation. All mod-
els (M1, M2, and M3) were evaluated during inference 
without GPU acceleration. Table 9 summarizes the average 
CPU and memory usage, measured across multiple runs to 
ensure stability and reproducibility.

The benchmark results reveal important trade-offs 
between model complexity, predictive performance, and 
computational efficiency:

	● Model M1 incurs the highest CPU load due to convo-
lutional stack depth but maintains a low memory foot-
print. It is suitable for edge deployments where infer-
ence speed is prioritized.

	● Model M2, despite being the most complex (with BiL-
STM and self-attention layers), achieves superior clas-
sification accuracy with only a marginal increase in 
memory usage. Its moderate CPU consumption reflects 
the cost of attention computation but remains within de-
ployable limits.

	● Model M3 strikes the best balance between compu-
tational efficiency and classification robustness. It 
achieves the lowest CPU and memory consumption 

Table 9  Average CPU and memory consumption of models M1, M2, 
and M3 during inference on CPU-only hardware
Model CPU usage (%) Memory 

usage 
(MB)

M1 (CNN) 0.24 174.63
M2 (CNN + BiLSTM + Attention) 0.10 172.96
M3 (CNN + BiLSTM) 0.07 159.73

Table 10  Comparison of dataset characteristics used in the cross-
domain evaluation
Characteristic Ericsson 5 G SMD 

benchmark
Observation

Domain Telecom 
manufacturing

IT infra-
structure 
monitoring

Distinct 
operational 
context

Signal type RF power, volt-
age, temperature

CPU, mem-
ory, network 
traffic

Continuous 
multivariate 
data

Temporal 
structure

Sequential test 
cases per unit

Continuous 
monitoring 
intervals

Both exhibit 
temporal 
dependence

Feature 
dimensionality

19 features per 
window

Variable per 
server

Comparable 
order of 
magnitude

Anomaly source Calibration drift, 
signal transients

Resource 
overload, 
injected faults

Differ-
ent causal 
mechanisms

Labeling scheme Dynamic thresh-
olds + SME 
validation

Synthetic 
labels 
provided

Distinct 
annotation 
process
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robustness to distributional shifts, a critical requirement 
for deploying AI systems across heterogeneous production 
environments. However, three limitations constrain imme-
diate transferability claims. The evaluation encompassed 
only two industrial domains, both characterized by continu-
ous-valued sensor data and temporal ordering. Applicability 
to categorical process data, non-sequential manufacturing 
workflows, or domains with fundamentally different anom-
aly semantics remains empirically unvalidated. Addition-
ally, the SMD dataset’s synthetic anomaly injection may not 
fully capture the complexity of organic production faults 
observed in real manufacturing settings. Future work should 
systematically evaluate DTA-QC across additional sectors, 
such as automotive assembly, semiconductor fabrication, 
or pharmaceutical quality control, to establish empirically 
grounded applicability boundaries.

Transfer to new domains requires three methodologi-
cal steps, informed by this validation study. First, domain 
assessment must verify temporal structure consistency and 
feature dimensionality compatibility with the DTA-QC input 
schema (Sect. ''Input signal origin and representation''). Sec-
ond, threshold recalibration following Algorithm 1 should 
be performed on a representative validation set from the tar-
get domain, ensuring that severity boundaries reflect local 
error distributions. Third, incremental validation through 
parallel deployment (shadow mode) enables controlled risk 
mitigation while collecting domain-specific performance 
data. The successful Ericsson-to-SMD transfer provides a 
methodological template for such adaptations, though quan-
titative sample size requirements and expected performance 
bounds remain subjects for future empirical investigation.

Threats to validity

This section systematically addresses potential threats to 
validity in our industrial AI deployment study, outlining 
mitigation strategies employed to ensure reliable and gener-
alizable results for manufacturing applications. 

1.	 Construct validity: We assume that the selected perfor-
mance metrics, ROC-AUC, Precision, Recall, F1-Score, 
and Accuracy, appropriately capture the effectiveness 
of anomaly detection and severity classification in 
5  G manufacturing quality control. These metrics are 
widely adopted in industrial AI research and are suitable 
for evaluating both detection performance and class-
level sensitivity in imbalanced datasets. To strengthen 
construct validity, we applied a multi-metric evalua-
tion strategy that balances predictive accuracy, robust-
ness, and interpretability. Furthermore, the operational 

fundamental differences in physical domain (electromag-
netic vs. computational), data collection methodology (per-
unit testing vs. continuous monitoring), and anomaly 
generation mechanisms (production faults vs. synthetic 
injection) constitute a non-trivial domain gap that chal-
lenges model generalization. Despite these differences, the 
same DTA-QC configuration (comprising the LSTM auto-
encoder, adaptive thresholding, and CNN severity classi-
fier) was applied to both domains without architectural or 
hyperparameter modification. The consistency of recon-
struction-error distributions across datasets indicated that 
the residual-based thresholding mechanism preserved its 
statistical behavior under domain shift. The model achieved 
comparable classification performance on the SMD bench-
mark to that obtained on the Ericsson data, demonstrating 
that the learned representation was not specific to a single 
production modality.

The cross-domain experiments therefore validated the 
methodological premise of DTA-QC: its components oper-
ate on generic statistical properties of sequential signals 
rather than on domain-dependent features. By relying on 
reconstruction error dynamics rather than explicit physi-
cal attributes, the framework adapts to variations in signal 
scale and noise characteristics inherent to different indus-
trial environments. Moreover, the results confirmed that the 
Moving-Block Bootstrap augmentation preserved minority-
class consistency when the anomaly distribution changed 
between domains. Overall, the domain-shift analysis sup-
ported the generalizability of the proposed methodology. 
DTA-QC maintained stable detection thresholds and clas-
sification boundaries across datasets with distinct origins 
and semantics, indicating that its design principles(temporal 
modeling, adaptive thresholding, and hierarchical sever-
ity mapping) form a transferable and data-driven basis for 
industrial quality control. Future work will extend this eval-
uation to additional manufacturing sectors to further quan-
tify the limits of cross-domain transferability.

Implications for industrial deployment

The empirical evidence presented in Sect. ''Cross-domain 
validation with benchmark dataset'' supports three key con-
clusions regarding DTA-QC’s generalizability. First, the 
framework successfully transferred from telecommunica-
tions manufacturing to IT infrastructure monitoring without 
architectural modifications, indicating applicability beyond 
the initial 5  G deployment context. Second, the main-
tained ROC-AUC performance demonstrates that tempo-
ral modeling components generalize more effectively than 
domain-specific feature engineering approaches common in 
traditional quality control systems. Third, the cross-domain 
validation confirms that dynamic thresholding provides 
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and varying production schedules. We addressed this 
through extended pilot testing in Ericsson’s actual 
production environment, where the framework oper-
ated continuously under real manufacturing conditions, 
including shift changes, equipment maintenance win-
dows, and varying production volumes.

8.	 Conclusion validity: Class imbalance, particularly the 
scarcity of critical failure events, represents a funda-
mental challenge in manufacturing anomaly detection 
where catastrophic failures are inherently rare but carry 
severe consequences. To counter this, we applied a 
hybrid resampling strategy based on the Moving Block 
Bootstrap, which preserves temporal patterns while 
improving minority class representation. While classifi-
cation metrics improved, residual skew remains. Future 
research will investigate cost-sensitive learning algo-
rithms that explicitly account for the asymmetric costs 
of false negatives in manufacturing contexts, where 
missing a critical failure significantly outweighs false 
alarms in terms of operational impact.

Model assumptions and limitations

The DTA-QC framework is designed for predictive quality 
control in high-mix, analog-intensive production settings. 
While effective in our test environment, its performance 
relies on several important assumptions and is subject to 
practical limitations:

	● Analog input signals only: The current implementa-
tion processes only continuous-valued test signals (e.g., 
power, voltage, temperature). Boolean or discrete inputs 
(e.g., protocol pass/fail flags) are excluded, which may 
reduce fault coverage for purely digital or binary failure 
modes.

	● Consistent test execution order: The system assumes 
that each device under test (DUT) undergoes the same 
sequence of test cases in a fixed order. Deviations such 
as reordering, skipping, or early termination of tests may 
impair the temporal modeling and compromise classifi-
cation accuracy.

	● Minimum data quality: Effective training requires rep-
resentative, denoised, and temporally aligned input data. 
High noise, data dropout, or poor sensor calibration may 
skew the residual distribution used for threshold estima-
tion, degrading performance.

	● Logged process events: The framework assumes 
that impactful process changes (e.g., firmware up-
dates, hardware revisions, supply chain variations) are 
logged and timestamped. Unlogged interventions may 
create distribution shifts that mimic faults and reduce 
interpretability.

relevance of the selected metrics was validated in close 
collaboration with domain experts at Ericsson AB.

2.	 Internal validity: Threats stemming from data prepro-
cessing, labeling inconsistencies, or suboptimal hyper-
parameters were mitigated through rigorous pipelines, 
subject matter expert (SME)-validated labeling for 
minority classes, ensuring domain-specific knowledge 
integration, and extensive tuning based on empirical 
performance. The stability of results across three differ-
ent architectures (M1, M2, and M3) supports the inter-
nal consistency of our methodology.

3.	 External validity: To assess generalizability beyond 
the proprietary Ericsson dataset, we conducted cross-
domain validation using the public Server Machine 
Dataset (SMD). The comparable performance trends 
observed across both domains (Sect.  ''Cross-domain 
validation with benchmark dataset'') indicate that the 
DTA-QC framework can generalize to heterogeneous 
industrial settings. Further validation across diverse 
manufacturing sectors such as automotive assembly, 
pharmaceutical production, or semiconductor fabri-
cation would strengthen evidence of broad industrial 
applicability.

4.	 Scalability and deployment feasibility: Scalability 
concerns were addressed through hardware bench-
marks (Table 9), which confirmed that all models oper-
ate efficiently on standard CPU-based workstations. M1 
suits time-critical manufacturing processes requiring 
sub-second response times, while M2 and M3 provide 
enhanced detection accuracy with acceptable compu-
tational overhead for batch processing applications, 
supporting their deployment in production-scale envi-
ronments without requiring GPUs.

5.	 Practicality and adaptability: The DTA-QC frame-
work has been successfully piloted within Ericsson’s 
5  G production line. Its modular design, including 
dynamic thresholding, hybrid labeling, and time-aware 
resampling, facilitates adaptation to varying test proto-
cols, sensor types, and data distributions. These char-
acteristics make it well-suited for real-time anomaly 
detection in dynamic industrial workflows.

6.	 Integration constraints: The system was designed 
with real-world constraints in mind. Integration with 
existing testing platforms was conducted iteratively 
and co-developed with Ericsson engineers. By relying 
on common AI/ML libraries and open-source tooling, 
we ensured compatibility and reproducibility across 
deployment pipelines.

7.	 Manufacturing environment variability: Industrial 
deployment introduces environmental factors not cap-
tured in controlled laboratory settings, including elec-
tromagnetic interference, temperature fluctuations, 
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demonstrates the generalizability of our approach across 
system types and anomaly patterns. Moreover, hardware 
benchmarking confirms that all models operate efficiently 
on standard CPU-based systems, supporting immediate 
industrial deployment without specialized acceleration. Key 
contributions of this work include:

	● Dynamic, adaptive thresholds: ridge regression-based 
adaptive thresholding responds dynamically to produc-
tion variability and equipment aging, eliminating the 
need for frequent manual threshold recalibration that 
typically requires significant engineering effort in tradi-
tional manufacturing quality systems.

	● Reduced manual labeling: LSTM autoencoder-assisted 
labeling, combined with distance-based propagation and 
SME review, minimizes annotation burden while pre-
serving label quality.

	● Operational interpretability: the intuitive four-tier se-
verity classification system (Normal, Warning, Worse, 
Stop) aligns with established manufacturing quality 
protocols, enabling shop floor operators to make imme-
diate, informed decisions without requiring specialized 
AI expertise. In industrial applications, the outputs of 
DTA-QC directly inform actionable quality improve-
ment and operational decisions. For example, a severity 
classification of “Worse” or “Stop” can trigger automat-
ic re-routing of the unit for re-inspection, re-calibration, 
or component replacement, reducing the risk of latent 
faults reaching the field. In a specific deployment case 
at Ericsson AB, the model’s prediction of early-stage 
anomalies enabled the decision to halt testing sequenc-
es earlier than scheduled, thereby saving test time and 
improving resource utilization. Additionally, persistent 
“Warning” classifications over time for a specific mod-
ule (e.g., the RF front-end) prompted a targeted yield 
analysis and subsequent adjustments in supplier cali-
bration standards. These use cases illustrate how DTA-
QC’s granular output enhances production agility and 
supports continuous improvement in quality engineer-
ing workflows.

	● Temporal traceability: structured windowing and au-
toencoder-derived features support long-term anomaly 
trend detection and predictive analytics.

	● Scalable architecture: all model variants maintain low 
CPU and memory usage (Table 9), validating DTA-QC’s 
deployability in real-time test stations and resource-con-
strained environments.

	● Cross-domain generalizability: although DTA-QC is 
validated on a 5 G radio testbed, its modular architec-
ture is transferable to other intelligent manufacturing 
domains. For instance, applications in semiconduc-
tor wafer inspection, automotive assembly lines, or 

	● Initial model tuning: While most thresholding and 
labeling are automated, model hyperparameters (e.g., 
LSTM window size, latent dimensions) require initial 
tuning. The current version uses grid search; future 
work will incorporate automated search strategies to 
ease deployment.

	● Fault pattern assumptions: DTA-QC assumes faults 
manifest as progressive deviations in analog signal be-
havior, allowing early detection via anomaly accumu-
lation. Sudden, binary, or logic-driven faults without 
observable precursors may not be captured effectively.

	● Limited domain generalization: Although validated 
on 5 G radio production, generalization to other domains 
(e.g., automotive, semiconductor, pharma) requires do-
main-specific preprocessing, retraining, and integration 
with relevant sensor modalities or digital test features.

	● Prototype status: This study represents a prototype 
implementation. While promising results were obtained 
in controlled trials, full-scale deployment would re-
quire further validation under operational constraints 
(e.g., hardware integration, test station latency, fault 
traceability).

Discussion and future work

This study introduces and validates DTA-QC: An AI-Driven 
Framework for Adaptive Quality Control and Intelligent 
Test Optimization in 5  G Manufacturing, addressing key 
limitations of static test logic in high-throughput indus-
trial environments. Developed in close collaboration with 
Ericsson AB, DTA-QC has been evaluated using real-world 
production data from 5 G radio manufacturing but has not 
yet been deployed in live operations. The prototype demon-
strates how advanced AI techniques can augment traditional 
quality control by offering intelligent, data-driven methods 
that are both accurate and interpretable. The framework inte-
grates a bidirectional LSTM autoencoder for unsupervised 
feature extraction, Ridge regression for dynamic threshold-
ing, and a 1D Convolutional Neural Network (CNN) for 
real-time severity classification. Together with a hybrid 
resampling strategy (combining block bootstrapping and 
residual perturbation) and interpretable class structuring, 
DTA-QC significantly improves anomaly detection accu-
racy, automation, and robustness compared to traditional 
rule-based methods. Empirical results confirm that archi-
tectural enhancements yield measurable gains: Model M2 
(CNN + BiLSTM + Attention) delivers the highest accuracy 
and AUC, while Model M3 (CNN + BiLSTM + oversam-
pling) achieves superior recall and F1-Score, particularly 
critical under imbalanced real-world conditions. Cross-
domain validation using the Server Machine Dataset (SMD) 
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Future work will focus on the following areas:

	● Manufacturing-specific resampling strategies: De-
velop synthetic failure pattern generation methods based 
on physics-informed models and historical maintenance 
data to ensure augmented samples reflect realistic deg-
radation behaviors.

	● Improved class balancing: Apply advanced resam-
pling techniques such as ADASYN, SMOTE-ENN, and 
Tomek Links to better represent minority classes and 
capture boundary cases without overfitting.

	● Cost-sensitive learning: Implement dynamic loss re-
weighting and margin-aware objective functions to im-
prove the model’s sensitivity to underrepresented fault 
classes.

	● Ensemble-based modeling: Explore ensemble tech-
niques including balanced random forests, bagging, and 
cost-sensitive boosting to improve classification stabil-
ity and performance across shifting data distributions.

	● Active learning integration: Introduce human-in-the-
loop feedback loops that prioritize uncertain or ambigu-
ous samples for expert labeling, reducing annotation 
costs while improving model generalization.

	● Edge deployment optimization: Adapt DTA-QC for 
deployment on industrial edge hardware such as pro-
grammable logic controllers (PLCs) and IoT gateways, 

pharmaceutical quality control also involve structured 
time-series testing with limited labels and high imbal-
ance. Our use of LSTM autoencoders, dynamic thresh-
olds, and bootstrap augmentation is not task-specific but 
reflects general principles in industrial anomaly detec-
tion. Moreover, the system’s compact, CPU-efficient 
models make it suitable for edge deployment, which 
is critical for diverse production environments. Future 
work will assess the transferability of DTA-QC to other 
industrial monitoring tasks, including predictive mainte-
nance scenarios such as vibration-based fault detection 
and condition monitoring systems in rotating machinery 
or thermal equipment.

Industrial deployment reveals persistent challenges inherent 
to manufacturing quality control applications. The funda-
mental scarcity of critical failure events in well-managed 
production environments creates class imbalance that affects 
model sensitivity to rare but high-impact quality issues, 
as highlighted by differences in macro and micro-average 
AUC (Figs.  8, 9, 10). This challenge reflects the broader 
paradox in manufacturing AI: the most important anomalies 
to detect are precisely those that occur least frequently in 
successful production operations. While Model M3 offered 
better class-wise consistency, future enhancements are nec-
essary to fully address this issue.

Fig. 11  Visual summary connecting 
DTA-QC’s key capabilities, current 
limitations, and proposed future 
work.
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significantly improves anomaly detection accuracy (ROC-
AUC up to 94%) while reducing manual inspection effort; 
(RQ3) the introduced four-tier severity classification sys-
tem provides interpretable, real-time decision support; and 
(RQ4) the approach generalizes beyond proprietary data, as 
validated on a public benchmark. DTA-QC enhances test 
efficiency and fault sensitivity while maintaining computa-
tional feasibility, operating on standard CPU hardware with-
out the need for specialized infrastructure or large annotated 
datasets. Its modular design supports deployment across 
varied manufacturing contexts, from telecom to broader 
industrial applications. By embedding machine learning 
directly into production testing workflows, DTA-QC con-
tributes to the advancement of Industry 4.0. It demonstrates 
how adaptive, AI-powered quality control can strengthen 
operational resilience, optimize test execution, and bridge 
the gap between academic research and scalable industrial 
deployment. This work lays a strong foundation for next-
generation diagnostic pipelines in intelligent, software-
defined manufacturing systems.
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incorporating federated learning to support distributed 
model training while preserving data privacy and mini-
mizing bandwidth usage.

	● Online learning and model adaptation: A promising 
direction for extending DTA-QC is the incorporation 
of continuous learning mechanisms, enabling real-time 
model adaptation without interrupting production work-
flows. This enhancement would involve implementing 
incremental learning algorithms that update model pa-
rameters on-the-fly based on newly ingested produc-
tion data. To maintain deployment safety, this would be 
coupled with drift detection to trigger model recalibra-
tion only when significant changes are observed in the 
data distribution. Moreover, federated learning strate-
gies may be explored to support collaborative improve-
ments across multiple production sites while preserving 
data confidentiality. By integrating such capabilities, 
DTA-QC can evolve into a fully adaptive framework 
that aligns more closely with the needs of intelligent, 
autonomous manufacturing systems.

Figure  11 presents a visual summary that systematically 
connects the core contributions of DTA-QC with known 
limitations and the corresponding future work directions. 
The leftmost column enumerates the key capabilities dem-
onstrated by our framework, including dynamic threshold-
ing, interpretability, and scalable architecture. These are 
linked to the middle column, which outlines current prac-
tical limitations such as lack of uncertainty quantification, 
annotation costs, and fixed threshold logic. Each limitation 
is then associated with an actionable future research direc-
tion (rightmost column), such as ensemble modeling, class 
balancing, or edge deployment optimization. This struc-
tured view reinforces how each limitation has a planned 
mitigation strategy, demonstrating a coherent path toward 
continuous enhancement of the DTA-QC system.

Conclusions

This study presents and validates DTA-QC: an AI-driven 
framework for adaptive quality control and intelligent test 
optimization in RBS manufacturing. Designed for deploy-
ment in high-throughput, real-time production environments, 
DTA-QC addresses key limitations of fixed thresholding by 
integrating dynamic decision logic, anomaly-aware clas-
sification, and efficient model architectures. Through an 
industrial case study at Ericsson AB and the formulation of 
four research questions, we demonstrate that: (RQ1) fixed 
rule-based thresholds can be successfully replaced with 
LSTM autoencoder-based dynamic thresholding that adapts 
to evolving production conditions; (RQ2) the framework 
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