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ABSTRACT: Cloud-based smart automation architecture is proposed for managing a distributed network of low-cost, 

heterogeneous, redundancy-provisioned Internet-of-Things (IoT) sensors deployed in semiconductor chip testing 

environments. Technology discovery research is guided by the need for continuous physical experimentation of 

automated testing procedures in dedicated engineering laboratories that require expensive chip-testing equipment, not 

always available at use time. Chip test automation without on-demand access to the dedicated equipment is also pursued 

during University Business and Industry collaboration, being made available when dedicated equipment for traditional 

tests is either busy being operated, maintained, or under repair. However, such dedicated equipment has not been made 

available for node testing. 

 

The architecture comprises edge-cloud components, and these interact with a sensor network that includes a large number 

of devices for monitoring a variety of physical variables. Process control and monitoring devices connected to the 

equipment operate under an edge-cloud architecture; processing piles of data, and supervision and control signals are 

exchanged with the cloud. At an appropriate processing stage, data is available for incorporation into an IoT-sensor 

constellation and is distributed to support Smart City and other applications. The design decisions and technical choices 

assist several cloud management and automation functions and address requirements and constraints such as service level 

agreement compliance, data quality and governance, device onboarding and admission control, action triggering and 

execution, plug-in/play capability, process and playback recording, and budget-friendly maintenance of heterogeneous 

multi-device clouds. 

 

KEYWORDS: Cloud Computing; Edge Computing; Internet of Things; Automation; Multi-Tenancy; Data 

Management; Data Analytics; Device and Resource Orchestration; Cloud-native automation; Distributed IoT sensor 

networks; Smart manufacturing systems; Semiconductor chip testing; Edge–cloud orchestration; Real-time data 

analytics; Automated test equipment (ATE) integration; Scalable microservices architecture; Predictive fault detection; 

Industrial IoT (IIoT) security and reliability. 

 

I. INTRODUCTION 

 

Semiconductors are crucial to modern society, yet chip testing represents a major bottleneck. This work addresses the 

following research question: How can cloud-based automation enhance the efficiency of chip-testing operations in real 

life? Although the intersection of IoT-sensor networks, edge-cloud computing, and automation has been the subject of 

attention in recent years, generating considerable interest in literature, a comprehensive architectural blueprint remains 

elusive. To address this gap, a cloud-based smart automation architecture for distributed IoT-sensor networks in chip-

testing environments is proposed. 

 

The architecture is designed to ensure seamless interaction across four distinct layers: management and orchestration, 

data management, automation mechanisms, and security and compliance. An application scenario from semiconductor 
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testing serves as a practical use case. The goal of cloud-based smart automation is to enable IoT-sensor networks in chip-

testing environments to carry out complex and smart tasks without human intervention, thus reducing operational costs 

and maximizing resources. Automation capabilities are designed to allow the architecture to complete tasks in a 

repeatable, faster, and error-free manner with minimal supervision. In addition, a workflow-engine solution occupies a 

prominent role in architecture, allowing the chip-testing process to be orchestrated and automated in a flexible manner. 

 

 
 

Fig 1: An IoT-Based Smart Home Automation System 

 

II. BACKGROUND AND MOTIVATION 

 

Research on cloud-based smart automation of distributed IoT-sensor networks has evolved rapidly, especially in 

application domains with strict operating and reporting constraints, such as semiconductor fabrication plants. However, 

the nature of the edge-cloud paradigm and the business logic—to what data should the edge layer send data, and when—

has not been systematically studied. Therefore, a cloud-based smart automation architecture enabling such thematic 

analysis and service across these sensor nodes is proposed. Such automation requires a framework-first approach, 

focusing on data management and analytics, automation mechanisms, and associated face and cross-cut policies. 

Emerging application-specific workflows are presented, along with architecture-centric enabling conditions. 

 

In semiconductor fab environments, a critical operation is the testing of fabricated chips (i.e., testing chips after disabling 

the test logic). Such testing operations have very stringent latency requirements. The implementation of a cloud-based 

smart automation architecture with an associated IoT-centric thematic analysis of the chip-testing environment can 

simplify this complex testing operation and help speed up the decision-making process, including prevention. 

Furthermore, these two operations are becoming more and more complex as operations such as predictive maintenance 

are getting added on top. A suitable natural fit for such a setting is cloud-based smart automation. 
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III. SYSTEM ARCHITECTURE OVERVIEW 

 

Overall Architectural Framework 

The proposed architecture operates at three complementary levels. The first layer comprises distributed sensor networks 

that monitor the physical environment surrounding chip testing equipment. The second layer encompasses an edge-cloud 

computing system that collects sensor data, issues control commands, and orchestrates overall operations. The third layer 

provides cloud-based data management and analytics services that support chip testing activities across different time 

scales. Each layer is equipped with distinct elements and performs different roles, yet all contribute to delivering smart 

cloud-based automation. 

 

The design is driven by specific goals, constraints, and principles. The architecture must enable real-time, policy-driven, 

and workflow-driven automation of chip testing as well as provide data management and analytics services for topics 

such as predictive maintenance. The network of communicating sensors must support a variety of data acquisition tasks 

while remaining resilient to short-term disruptions. Furthermore, the architecture must ensure that cloud-based functions 

for data storage, processing, and analysis are cost-effective, secure, and compliant with laws and regulations. These 

demands guide the design and implementation of the architecture while offering a basis for future refinements and 

extensions. 

 

Interactions between edge and cloud computing functions also shape the architecture. Sensor data are constantly 

transmitted to the cloud and used for data storage and analytics. Periodically, the cloud sends control signals to the edge—

typically low-bandwidth commands with relatively tight time limits—that trigger actions in the environment being 

monitored. Only those signals with longer-than-usual latency requirements are offloaded for direct cloud management. 

Edge computing resources offer a natural interface for preprocessing data streams, executing local decision loops, and 

implementing low-latency feedback control. 

 

 
 

Fig 2: A Cloud-Edge-Smart IoT Architecture 

 

3.1. Edge-Cloud Interaction: User keywords: 'response times', 'network delay', 'data processing times', 'edge-cloud 

interaction', 'travel distance', 'temporary data storage', 'preprocessing', 'control signals', 'data offloading', 'edge processing' 

 

Three types of latency affect cloud-edge interaction: response times between the edge and the cloud, overall network 

delay (summation of transmission delays and data processing times), and travel distances covered by control signals 

issued from the cloud and by the associated actions. Ideally, sensitive control signals are carried by the cloud-to-edge 

paths, while less delicate ones may travel through the edge-to-cloud connections. Data offloading is governed by latency 

requirements from sending devices to the processing endpoints. If the cloud cannot provide timely decisions for local 

control loops requesting edge-related services, not strictly bound to the cloud, a portion of the computation may be moved 

beside the service edge for fast response and/or network optimization. Preprocessing gear deployed at the edge, such as 

noise filtering and data cleansing, is regularly performed to reduce data load toward the cloud. Temporary storage buffers 

can also be used to accumulate data until signal patterns triggering early detection scenarios are detected. 

 

The responsibility of the edge computing element located on the edge-cloud boundary thus encompasses border 

management and edge support for safety-critical automation scenarios. By consolidating support for these two aspects in 
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a single equipment, costs can be minimized while preserving the typical advantages of distributed architectures, such as 

quick responses to safety-critical control loops, minimization of control signal delays, and reduction of local volume 

synthesis and local area network traffic for high-frequency, low-volume signals. 

 

Equation 1: Edge–cloud latency equations (derived from the paper’s definitions) 

The paper explicitly describes overall network delay as a summation of transmission + processing times. 

Let: 

 𝐷net = overall network delay 

 𝐷tx = transmission delay 

 𝐷proc = processing delay 

 

Step by step: 
1. Start from the paper’s definition (“summation of transmission delays and data processing times”): 

𝐷net = 𝐷tx + 𝐷proc 

2. Expand transmission delay into a basic link model (standard comms modeling): 

 message size 𝑆 (bits) 

 link bandwidth 𝐵 (bits/sec) 

𝐷tx =
𝑆

𝐵
 

3. Expand processing delay into typical stages (queue + compute): 

 𝐷𝑞  queue/waiting 

 𝐷𝑐  compute time 

𝐷proc = 𝐷𝑞 + 𝐷𝑐  

4. Substitute back: 

𝐷net =
𝑆

𝐵
+ (𝐷𝑞 + 𝐷𝑐) 

That’s the “complete” operational equation consistent with the paper’s statement. 

The paper references “response times between the edge and the cloud”. For a request–reply to interaction: 

Let: 

 𝑅𝑇 = response time seen by the caller 

 𝑅𝑇𝑇 = round-trip network time (there + back) 

 𝐷edge = processing at edge 

 𝐷cloud = processing at cloud 

 

Step by step: 
1. Response time is network round trip + processing: 

𝑅𝑇 = 𝑅𝑇𝑇 + 𝐷edge + 𝐷cloud 

2. If you want RTT in terms of components (one direction propagation + transmission + queue), you can write: 

𝑅𝑇𝑇 ≈ 2 (𝐷prop + 𝐷tx + 𝐷𝑞) 

So: 

𝑅𝑇 ≈ 2  (𝐷prop +
𝑆

𝐵
+ 𝐷𝑞) + 𝐷edge + 𝐷cloud 

The paper mentions “travel distances covered by control signals”. In networking terms, distance mainly affects 

propagation delay: 

Let: 

 physical distance 𝑑 (meters) 

 effective signal speed 𝑣 (m/s) (fiber is ~2 × 108 m/s) 

𝐷prop =
𝑑

𝑣
 

This links the paper’s “travel distance” notion to measurable latency. 

Related graph + table (already generated above) 

 Bar diagram: example edge–cloud latency breakdown 

 Table: latency components + percentage contribution 
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(These are illustrative, not measured from your lab—use your real message sizes and bandwidths to compute actual 

numbers.) 

 

3.2. IoT-Sensor Network Layer: The described sensor networks constitute the IoT-sensor network layer. Most chip 

assembly solutions follow the same or similar steps, enabling the implementation of multi-tenant architecture. In this 

case, a simple topology can be modelled as a star or a mesh using the MQTT protocol with the JSON data format. Device 

management is implemented using the Calimero library, allowing easy deployment and enabling communication with 

868, 915, and 433 MHz Lora WAN networks. Network-device availability is a source of concern since the connection 

may change; this is mitigated by constantly sensing network availability and services. 

 

Due to the nature of Internet connectivity between the sensor networks and the cloud, with poor Quality of Service (QoS) 

and not guaranteed reliability in data transmission, the use of buffers is essential. These must not only act as temporary 

storage for the information being sent but also guarantee that storage maintains the expected sensor refresh rates. An 

additional analysis of the recent past can help eliminate errors due to faulty nodes that can remain unnoticed for long 

periods. For data acquisition, suitable data structures are required to qualitatively analyze the data received from the 

buffer. The data structures mitigate the variability of the number of data vectors sent per time. 

 

3.3. Cloud Management and Orchestration: Cloud services support multiple tenants across diverse devices, assuring 

high availability, scalability, and multitenancy. Lifecycle management encompasses service instantiation, scaling, 

updates, and terminations. Leveraging containerization simplifies these operations and enables orchestration workflow 

automation. Furthermore, cloud management oversees the entire edge-cloud ecosystem, including service provisioning, 

monitoring, logging, and governance. 

 

Cloud architecture encompasses compute, storage, and network management functions, employing cloud constituents’ 

strategy data. Internal QoS configurations balance service performance with operational costs, while outbound signals 

establish telemetry retention policies. Events trigger input data processing pipelines, shape automated test workflows, 

and invoke resource allocation managers. Monitoring signals facilitate fault detection, trigger remediation procedures, 

and verify SLA compliance. 

 

Cloud services collectively comprise a multi-tenant ecosystem for distributed devices across advanced technological 

domains. The interaction model coordinates synchronous activities and orchestrates complex event processing and 

decision-making workflows. Telemetry storage normalizes entries from heterogeneous sources, ensuring quality and 

supporting timely query execution. Data repository characteristics focus on online analytic processing, enabling real-time 

alert generation for rapid user remediation. 

 

IV. DATA MANAGEMENT AND ANALYTICS 

 

Well-established principles from database systems, data engineering, and data science inform data architecture design 

decisions. Ecosystem participation entails leveraging resources available to the data-driven layer. Data products include 

pipelines for time-series telemetry data, marshalled by analytic readiness. Telemetry data correctness, completeness, and 

granularity are priorities, guided by accepted principles of quality, provenance, and governance. 

 

The data acquisition pipeline combines acquisition rate capping, sliding-window buffering, quality control measures, and 

auxiliary data. Updating co-occurring data sources align feature streams radiating from the data product repository. Data 

storage schemes, indexing for fast retrieval, retention policies governed by data-product lifetimes, and support for time-

slice-oriented query primitives enable efficient access to telemetry data. 

 

Real-time analytics encompass streaming-analytic methods using statistical and model-based techniques to extract 

features from incoming telemetry streams. The machine-learning support data cube includes predictive-maintenance-

model definition, training-data collection, and online/ offline servicing of inference requests. 

 

4.1. Data Acquisition and Preprocessing: Telemetric data generally emerges in high-volume and high-velocity streams 

and therefore require careful tuning of acquisition rates. Since fast and bursty signals might manifest for only certain 

periods, buffering and cleansing are required. Subsequently, the data need padding, normalization, optional calibration, 

and automatic metadata capture for better usability during subsequent data analysis. Time synchronization is another 
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important stage, and sensor nodes should provide suitably synchronized signals with adequately reduced timing 

discrepancies, with respect to one another, for meaningful analytic functions. 

 

Time-series data acquired from the distributed IoT-sensor network can be viewed as a Quality Control (QC) database 

since it records the testing procedures, ambient conditions, and environment with respect to the semiconductor chip being 

tested. Semiconductor Chip testing is done in an enclosed chamber with controlled ambient using humidity, temperature 

control system and it is that chamber which is smarter with multiple IoT-sensors, edge computing and cloud computing. 

Hence the storage part for data should include telemetry pertaining to TEMP, HUMIDITY, EFI-values which if cross 

correlated should give the proper state of Quality of Semiconductor Chip Testing. 

 

 
 

4.2. Time-Series Storage and Querying: Supporting time-series storage of telemetry data in extensive IoT-sensor 

networks requires efficient indexing, compression, and retention. An appropriate data retention policy governs the time-

to-live of stored data and balances storage costs with granular historical analytics of long-term data trends. Thus, primitive 

query capabilities allow for efficient access to stored telemetry in time-series format. 

 

Successive telemetry messages along the same time axis represent the same data stream; indexed storage can eliminate 

redundant data for storage efficiency. Time-series datastore solutions, such as Influx DB, can provide differencing 

capabilities along the common source-analyzer-destination time axes, leveraging difference-message ordering under the 

assumption of slowly varying characteristics across data streams. Fast compound queries using similar keys can also 

exploit the same principle. Customized implementation of custom-time-series storage using native-time-series 

capabilities of cloud object storage can provide cost-effective long-term storage with time-series indexing support using 

the Cloud Data Warehouse service in the cloud provider ecosystem. 

 

Retention policy also governs time-series granularity for long-term access; advanced analytics supporting monthly and 

yearly reports can appropriately sample and downsize the data before auto archiving into cheap cloud-object storage 

using the snowball retention concept. Primitive query capabilities permit efficient access to stored telemetry in time-

series format. The monitoring team can initiate scheduled retrievals or ad-hoc queries, enabling control over the number 

and types of devices processed simultaneously to manage query execution load. 

 

4.3. Real-Time Analytics and Anomaly Detection: Streaming analytics for real-time detection of abnormal conditions 

in chip testing environments have several distinct characteristics. Streamed time-series data from different sensors—such 

as temperature, humidity, and supply voltage—typically arrive from different devices, and often with distinct scales, 

units, and noise characteristics. Moreover, the series are usually monitored for anomalous behavior by performing 

separate checks on each series. For example, an ambient temperature sensor may periodically flag readings above a 

certain threshold, while a humidity sensor produces alerts when the moisture level drops below a different threshold. In 

such cases, it is often expedient to express and apply the alerts as threshold functions, as opposed to using more 

sophisticated anomaly-detection models, even if such models were available. 

 

Provided that the threshold conditions are explicitly defined, they can be converted into streaming computations, 

supported either natively or through user extensions in stream-processing systems. Thresholds for specific events or 

operating conditions can be captured through research collaboration with domain experts, provided that the conditions 
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are meaningful and informative. Beyond simple threshold checks, complex event-processing approaches can also be 

employed, through user-defined functions and subscriptions for monitoring unexpected combinations of temporal 

patterns across different sensor series. 

 

4.4. Machine Learning for Predictive Maintenance Machine learning has the potential to deliver significant value to 

system operators by reducing downtime through predictive maintenance. Predictive maintenance is concerned with 

predicting imminent equipment failure so that necessary maintenance actions can be performed before failure occurs, 

thus avoiding costly disruptions. The type of model—classification, regression, or sequence-to-sequence—depends on 

the target variable that indicates impending failure. 

 

The input features used for training the predictive models can be easily generated by cloud-based automation architecture. 

The ML pipeline transforms data in the training set so that the resultant feature set contains adequate information for the 

model to learn. Features that indicate failing conditions can be extracted from the telemetry data stream and processed 

online as part of the machine learning deployment strategy. Features may be computed from sliding training windows, 

where a new sample is evaluated based on the last N seconds of data. Such a continuous online feature extraction process 

is useful to monitor the condition of redundant/backup devices too. 

 

Equation 2: Buffering and refresh-rate equations (IoT sensor network layer) 

Let: 

 sensors refresh rate 𝑓 (samples/sec) 

 sampling period 𝑇𝑠 =
1

𝑓
 (sec/sample) 

 buffer time horizon 𝑇𝑏  (seconds) 

 required buffer capacity 𝑁 (samples) 

Step by step: 

2. Samples produced in 𝑇𝑏  seconds at rate 𝑓: 

𝑁 = 𝑓 𝑇𝑏 

3. Since 𝑓 = 1/𝑇𝑠, substitute: 

𝑁 =
𝑇𝑏
𝑇𝑠

 

4. If each sample payload is 𝑝 bytes, memory requirement 𝑀 is: 

𝑀 = 𝑁 𝑝 = 𝑓 𝑇𝑏  𝑝 

This is the simplest sizing rule that matches the paper’s buffering requirement. 

 

V. AUTOMATION AND ORCHESTRATION MECHANISMS 

 

The architecture supports cloud-based automation of the integrated-chip-testing environment, leveraging an edge-cloud 

paradigm and an IoT-sensor network for data acquisition and monitoring. Time-series telemetry data streams through 

dedicated data management and analytics pipelines, enabling real-time alerting and analytics-driven predictive-

maintenance capabilities. Additional data created by the automation mechanisms is stored in the cloud. 

 

Automation capabilities are mainly expressed as control loops—continuous telemetry data acquisition drives the 

automation of day-to-day activities. Mechanisms that are policy-based or workflow-based are emphasized, as both 

approaches work with the same underlying automation engine. 

 

5.1. Workflow Automation for Chip Testing 

Test orchestration automates the execution of predefined test plans—each plan specifies the sequence in which tests are 

performed, the resources assigned to the test, and the dependencies among tests that must be respected during execution. 

Orchestration promotes repeatability by controlling the entire execution path, enabling easy rollback in case of failures. 

 

A workflow service accepts incoming requests to activate or deactivate execution plans. Requests can monitor the 

execution of running plans, receive notifications when plans are complete (even if they fail), or repeat the execution of 

completed plans. In this deployment, requests originate from an external entity that oversees the automated chip-test 

facility. 
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Executing testing workflows is protected from transient network problems. In the event of a service outage, pending 

requests are queued for future execution. For such workflows, completion notifications are sent after execution, but 

failures are logged only locally and not delivered. Dependency-checking conditions are verified when the service resumes 

operation. 

 

5.2. Policy-Based Resource Allocation 

Resource-allocation policies govern the assignment of compute, storage, and network resources in order to meet service-

level requirements—for latency, throughput, quality of storage media, and maximum operating costs. 

 

Policy evaluation is performed periodically. Each policy is tested, and its action is executed if the triggering condition is 

satisfied. For QoS-related policies, the action currently affects only the network bandwidth reserved for edge-cloud 

connections. 

 

5.3. Scheduling and Load Balancing 

Deploying a cloud-based architecture to automate an integrated-chip-testing facility raises the need for allocating 

computation to edge or cloud based on latency and throughput requirements. Furthermore, workload distribution aims to 

strike a balance between latency and responsive operation, while fault-awareness helps maintain throughput. 

 

Scheduling is based on priority classes. Each active scheduling group can be assigned a percentage of the total allowed 

compute capacity of the edge and cloud. Workload distribution decides whether each computation will be triggered at 

the edge or in the cloud, relying on latency considerations for time-sensitive tasks and semantically similar telemetry-

data storage. 

 

Balancing the load across edge and cloud enhances QoS—by keeping computational load within agreed thresholds for 

latency-sensitive tasks—and maintains throughput even during overload situations. 

 

 
 

Fig 3: Process Automation in an IoT–Fog–Cloud Ecosystem 

 

5.1. Workflow Automation for Chip Testing: The automation of semiconductor test chips is a real-world application 

and a potential source of research inspiration. Typically, a semiconductor chip undergoes a lengthy testing process before 

being released for commercial use. This involves directly injecting various test programs into the chip's memory, with 

multiple sequential functions assigned to various core modules of the chip. If test failures occur after a function is 

activated, the test needs to be repeated after some sequential functions are reprogrammed. To alleviate this burden, robust 

test orchestration, sequencing, dependency management capability, and repeatability guarantee mechanism can be 

established to greatly facilitate testing. With the appropriate trigger condition, a rollback procedure can be implemented 

whenever a threshold is exceeded. The flexibility and simplicity of such automation within a distributed IoT-sensor 

network environment is appealing. 
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The cloud also provides sufficient advantage for automating these scripts by determining the order of execution, 

managing the orchestration, and guaranteeing the successful completion of all tasks. Proper consideration of the abort 

mechanism makes this a seamless integration component without introducing significant management overload. 

 

5.2. Policy-Based Resource Allocation: Policies govern allocations of compute, storage, and network resources across 

the edge-cloud architecture. QoS metrics cater to real-time services, fairness policies prioritize surveillance data, and 

workload engineering schemes optimize costs during low-activity phases. Policy evaluation mechanisms assess data 

volumes, processing loads, and retention needs to determine suitable policies. The functionality of the chip-testing 

orchestration module informs these evaluations. 

 

Cloud-based automation in IoT-sensor networks promises substantial resource-Energy savings compared to current 

provisioning approaches but also requires careful management to avoid overloading edge nodes. Policy frameworks 

mediate data-traffic dynamics by specifying resource teams based on latency and throughput targets. For example, QoS 

policies steer video feeds toward the lowest-latency, lowest-queue-depth team, while checkpoint data gravitate toward 

the longest-queue team to ensure fair surveillance. Resource-management policies further reallocate excess capacity to 

edge nodes that transport Heavier data flows. Workload-engineering schemes emphasize economy during low-activity 

periods by decreasing data-retention within the underlying storage stack and identify windows when prep data may be 

discarded to minimize operating costs. 

 

5.3. Scheduling and Load Balancing: Dedicated scheduling algorithms assign sensor tasks and allocate resources for 

execution on the edge or in the cloud. Given the heterogeneous nature of distributed sensor nodes across various chip 

testing facilities, the time needed to execute user-defined tasks can differ considerably, with some operations consuming 

a fraction of a second while others may require several hours. The duration of such actions may also fluctuate based on 

the sensors involved and the environmental conditions. The scheduling framework takes these factors into account by 

distributing the workload between edge and cloud nodes according to predefined latency or throughput targets. A set of 

static analysis guidelines further ensures the QoS of the device, shaping the frequency of sensor measurements across 

both the control and monitoring management functions. Such considerations also enhance data availability, supporting 

load-balancing policies that guard against downtime due to sensor failure or resamples. 

 

Latency and throughput targets at the network layer are complemented by redundancy requirements at the application 

layer. For each monitored resource, the system relies on a set of sensors that provide identical measurements. Traffic 

congestion, packet loss, and device failure all contribute to the variance of real-time telemetry, and the resource 

monitoring service aims to disperse incoming traffic evenly among the different sensor paths. Internal mechanisms 

address situations where selected sensors become unresponsive or produce inconsistent measurements, ensuring 

dependability and guaranteeing a minimum level of monitoring service. 

 

VI. SECURITY, PRIVACY, AND COMPLIANCE 

 

Appropriate technical, administrative, and organizational measures should be in place to mitigate risks throughout the 

system’s lifecycle and demonstrate acceptable levels of risk during auditing activities. Security-by-design principles 

should be adopted, with risk controls and governance requirements integrated into all architectural layers using the 

security-by-design methodology. Additional constraints should be validated based on the proposed security architecture 

and addressed during design and development. 

 

Security controls encompass access management, communication protection, data safeguarding, secure software 

engineering, cyber resilience, and auditing. Identity and access management covers user and device authentication, 

authorization mechanisms, role-based credential management, and secure onboarding, while secure communication and 

data protection define confidentiality, integrity, and privacy measures for data in transit and at rest. Auditing capabilities 

focus on tamper-evident logging, audit log trail creation, and data provenance to establish the ability to trace data during 

screening and evaluation processes for compliance purposes. 

 

Access control mechanisms have been designed to limit access at both the cloud and sensor layers, ensuring only 

authorized personnel can access sensitive components. Authentication and authorization processes are complementary 

and enable secure interaction, supported by role-based credential management. At the IoT-sensor network layer, device 

onboarding is supported with industry-proven authentication protocols. Systems must support the full automated 

onboarding of IoT devices, including authentication credential installation. 
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6.1. Identity and Access Management: Policy-driven automation in complex computing environments necessitates 

comprehensive identity and access management. Distributed IoT-sensor networks operating in multitenant settings 

require strict control over device onboarding and communication with the cloud management and orchestration 

components. A role-based access control system is used to filter communication and determine the authorizations of 

individuals and services. Zero-trust principles are applied to all requests. Dynamic authentication is employed to secure 

control signals sent from the cloud services to the edge nodes, where all devices are registered, authenticated, and 

authorized. 

 

The connection procedure begins with the execution of a Secure Remote Password protocol between a client, represented 

by a device, and the Authentication Service, which stores the login credentials. The Trusted Third Party establishes the 

necessary keys for session encryption and helps to avoid man-in-the-middle attacks. Following successful authentication, 

every device receives individual authorization to interact only with specific cloud services, thereby promoting a zero-

trust environment across the multitenant system. A dedicated Authorization Service monitors and evaluates the conditions 

imposed on the devices and rescinds access to the cloud services whenever anomalies are detected. 

 

6.2. Secure Communication and Data Protection: Data protection entails safeguarding confidentiality, integrity, and 

availability, supported by secure storage, processing, and communication of sensitive information. Confidentiality 

breaches may stem from stealing data, digital assets, credentials, or intellectual property. Architecture safeguards 

sensitive information through encryption during transmission and storage, key management, and secure protocols. 

 

To ensure encrypted data in transit, all communications, including those to third-party cloud services, utilize TLS or 

similar protocols. End-to-end encryption is implemented for telemetry collected by the IoT-sensor network and sent to 

the cloud. Sensitive data temporarily stored in the edge-cloud layer undergoes encryption consistent with the cloud 

service's security specifications. Sensitive information at rest is stored in encrypted format on cloud storage. The entire 

architecture leverages a centralized, role-based enterprise key management system for TLS certificates and data 

encryption/decryption keys, with appropriate protection measures. The encryption mechanism is capable of data masking 

to uphold data privacy, as required by supervisory authorities and the EU GDPR. 

 

Equation 3: Data acquisition + sliding-window preprocessing equations 

If a sensor can burst at 𝑓raw but you cap at 𝑓max: 

𝑓cap = min(𝑓raw, 𝑓max) 

The paper explicitly mentions features from “sliding training windows” and “last 𝑁 seconds.” 

If you sample at 𝑓, a window of 𝑁 seconds contains 𝑊 = 𝑁𝑓 samples. 

A common window feature (moving average) is: 

𝜇𝑡 =
1

𝑊
∑ 𝑥𝑡−𝑖

𝑊−1

𝑖=0

 

and moving variance: 

𝜎𝑡
2 =

1

𝑊
∑(𝑥𝑡−𝑖 − 𝜇𝑡)

2

𝑊−1

𝑖=0

 

These window features are exactly what the paper suggests as “features may be computed from sliding windows.” 

 

6.3. Auditing and Provenance: Tamper-evident logging and audit trails provide reliable evidence of activity, which is 

essential for security incident management and risk mitigation, as well as for demonstrating compliance with regulatory 

and governance requirements. Capturing the full data lineage of telemetry data enables automated provenance queries 

that determine the source and sequence of data alterations. Audit trails support retrospective assessments of service usage, 

resource consumption, and compliance deviations, and they also document policy rule definitions and evaluations. 

 

Telemetry data stewardship poses challenging provenance requirements. Copying data into the cloud for long-term 

storage disrupts the original data flow, making it difficult to ascertain the source and direction of updates and to 

distinguish between external noise and operational anomalies. Capturing change events throughout processing reconciles 

such inconsistencies, and modeling the entire information lifecycle facilitates full chain-of-custody audits. Telemetry 

monitoring feeds security information and event management services that correlate data from multiple sources to reveal 

hidden attack patterns. Log entries document internal events and decisions, including processing stages and alterations, 

the use of predictive analytics models, and the triggering of automated corrective actions. 
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VII. RELIABILITY, RESILIENCE, AND FAULT TOLERANCE 

 

To ensure a reliable, resilient, and fault-tolerant cloud-based automation architecture for the distributed IoT-sensor 

network, dependability, recovery, and continuity are considered throughout the architecture. Risks associated with 

hardware redundancy, disaster recovery planning, and fault tolerance are evaluated. 

 

Redundancy and Disaster Recovery describe redundancy schemes employed in the infrastructure, with corresponding 

failover mechanisms and DR strategies for both cached and time-series data. In the case of a presumed loss of physical 

infrastructure, recovery procedures are specified and the testing procedures of the DR plan are also positioned. 

 

Fault Detection and Self-Healing define the monitoring signals used for the detection of anomalies in the infrastructure 

and their triggers. When any of these signals signal an anomaly, system behavior designed to correct the anomaly is 

presented, as well as the associated RTO. 

 

The final subsection focuses on Quality of Service (QoS), presenting high-level definitions for QoS metrics, defining 

SLAs for each of these metrics, how the system should verify SLA compliance and the consequences of non-compliance. 

Emerging trends shaping cloud-based automation of IoT-sensor networks in semiconductor chip-testing environments 

include formal verification of orchestration workflows using model-checking techniques, cloud-level use of 

reinforcement-learning techniques to manage resource-allocation policies, real-time processing of anomaly-detection 

signals for self-healing of chip-testing systems, and integration of edge-cloud-sited machine-learning inference to enable 

higher quality of service in inference-based scenarios. 

 

Use of the architecture enables automation workflows for chip testing and resource-management policies to meet host-

emulation requirements. A support infrastructure is established to facilitate monitoring, logging, and management of the 

underlying IoT-sensor network. Future research efforts will consider machine-learning-based predictive-maintenance 

scenarios and explore additional enabling capabilities associated with advanced automation requirements.  

 

 
 

Fig 4: Reliability, Resilience, and Fault Tolerance 

 

7.1. Redundancy and Disaster Recovery: Redundancy schemes mitigate the risk of component failure in edge-instance 

management, cloud-infrastructure deployment, or within the network links. The architecture can be designed with 

multiple edge instances, and a conventional load balancing scheme can distribute operation across the set. Within clouds, 

support for virtual machines or container instances can provide resilience against physical-machine failures. Secure 

replication of containers across hosts can enable workload migration in case a physical machine fails. Communication 

failures pose a distinct challenge. In wireline network segments, appropriate redundancy and failover schemes can be 

used. For wireless segments, techniques for mobile-sensor networks can enable messages to be relayed via intermediate 

devices. In this setting, message-peering protocols can provide mechanisms for efficient detection and elimination of 

loops. 

 

Disaster recovery (DR) preparedness becomes important when dealing with business-sensitive operations. Suitable plans, 

documented as runbooks, can detail recovery steps for major operational failure scenarios. DR planning for cloud-
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managed services is supported by backup functionality, typically undertaken outside operational-hours whenever 

possible. Test execution over recovery procedures is likewise planned for when operational demands are lowest. 

 

7.2. Fault Detection and Self-Healing: Monitoring signals, such as temperature, humidity, power supply voltage, and 

UPS status, can indicate the health of the entire IoT-sensor network, but other signals can monitor the sensors themselves. 

Anomalies in data transmission can result from failure, ongoing replacement, or temporary disconnection of the sensors 

and should therefore serve as triggers for remedial actions. In simple cases, the operational procedures may need to be 

altered or a different traffic route with lower priority may need to be used. More advanced approaches consider faults in 

the sensor data to provide automation for network recovery. Conditions that can be detected include the sudden 

unavailability of the data and residual data streams being no longer suitable for fault-recognition purposes due to 

consistently high error rates, missing normal states, or the appearance of a non-expected normal state. Such situations 

typically require a more complicated recovery plan involving maintenance activity. 

 

Automated restoration of service can therefore be implemented, along with defined best-practice recovery steps to limit 

the impact of the fault on the monitoring service. Automated restoration ranges from simple preparation and alerts to 

more complex requests for dismissal by third-party services. The recovery time objective is highly variable, depending 

on the chosen remediation mechanism and the problem requirements. Real-time monitoring systems should ideally react 

faster than the observed phenomena, allowing anomaly appearances to be short, and often invisible in the main system 

services. Nonetheless, delays are sometimes acceptable and can be factored into action design. 

 

7.3. Quality of Service and SLAs: Quality of Service and Service Level Agreements (SLAs) are vital for ensuring that 

the response time and throughput meet performance expectations. Users expect the executed tests to meet specified time 

limits, while active workflows require sufficient support from the edge-computing nodes. Therefore, defining appropriate 

QoS metrics is essential for guiding the automation of the IoT-sensor network layer and enabling fair workload 

distribution across the edge and cloud. 

 

Service Level Agreements (SLAs) formalize QoS expectations and the corresponding penalties for non-compliance. 

Three main categories of QoS metrics are considered over two distinct SLAs, based on the need for a child service that 

is separate from, or shared with, other automated services: (i) the preset limits that a child service must not breach, (ii) 

the aggregate quality provided by the IoT-sensor network layer to an active workflow, and (iii) the overall system 

characteristics defined by the ongoing workloads and the remaining capacity of the involved components. Monitoring 

these QoS properties, measuring their fulfillment, and assessing SLA completions are critical for achieving the targeted 

service quality and for implementing the proper policy-driven actions. 

 

SLA/QoS category (paper) Typical variable Example equation 

(i) Preset limits per child service 𝑅𝑇𝑠 ,  𝑇ℎ𝑠 𝑅𝑇𝑠 ≤ 𝑅𝑇𝑠
max, 𝑇ℎ𝑠 ≥ 𝑇ℎ𝑠

min 

(ii) Aggregate quality for workflow 𝑅𝑇𝑤 𝑅𝑇𝑤 = ∑ 𝑅𝑠∈𝑤 𝑇𝑠 (serial steps) 

(iii) Overall system characteristics utilization 𝑈 
𝑈 =

used capacity

total capacity
 

 

Table: QoS / SLA metric categories (structured table) 

 

VIII. CONCLUSION 

 

The proposed cloud-based smart automation architecture for distributed IoT-sensor networks in semiconductor chip-

testing environments contributes to high levels of automation by integrating support for monitoring, management, 

orchestration, control, and data-processing capabilities. Design decisions and supporting processes and mechanisms are 

driven by an extensive review of related work and a detailed analysis of a motivating scenario, which together highlight 

the requirements and open challenges associated with realizing cloud-based automation capabilities in such specialized 

chip-testing environments. 

 

8.1. Emerging Trends: Research interests in cloud-native automation for IoT-sensor networks within semiconductor-

fabrication or testing contexts expand beyond the information-capturing layer around data-management and analytics. 

Emerging trends in the surrounding architectural blueprint span distinct areas of investigation and exploration, though an 

exhaustive enumeration lies outside the scope of this study. Advanced topics may include foundational security and 
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privacy considerations, the automation of physical tasks supported by robotic systems, and the exploitation of quality 

attributes in the scheduling of cloud-based resource allocation and workflow execution. Recent developments in AI-

powered systems also invite further examination. 

 

The inherent dependence of smart systems on the availability and quality of input data fuels interest in the combination 

of semiconductor sensing and imaging with AI techniques—rich sources of telemetry pertaining to the internal state of 

assets and the external environment. Integrating a variety of sensors and data sources into an automated, globally 

coordinated information-capture solution adds significant value across multiple applications, spanning predictive 

maintenance and resource-consumption optimization for hardware infrastructure and energy distribution. Real-time 

capabilities can also support symbiotic interaction with intelligent agents. Recent advancements in the research fields of 

explainable AI and self-supervised learning may further facilitate the design and deployment of AI models for human-

critical applications. 
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