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Abstract
Cloud-native systems require continuous quality monitoring because services,
containers, and deployment states change rapidly during operation. This study
presents a model-driven architecture for continuous software quality monitoring
in cloud-native environments. The framework combines service architecture
models, deployment models, observability models, quality constraint models,
and runtime adaptation models within a synchronized monitoring process. Live
metrics, logs, traces, and orchestration events are mapped to system models
and used to calculate a continuous quality score based on response time,
availability, reliability, error rate, resource utilization, and service stability. The
framework was evaluated during deployment, load variation, service
degradation, and runtime adaptation. Results showed that the proposed
architecture detected quality decline earlier than rule-based monitoring and
static dashboard assessment. It also tracked recovery more accurately after
scaling, workload redistribution, and container restart actions. The framework
supports early warning, adaptive control, and informed operational decisions in
dynamic cloud-native software systems while reducing manual monitoring
effort.
Keywords: Model-driven architecture, Cloud-native systems, Software quality
monitoring, Runtime adaptation, Observability

Transactions on Smart Electrical and Computational Systems

V
O

LU
M

E 
12

, 2
02

5

https://jgmdjournal.com/index.php/jgmd/index


Transactions on Smart Electrical and Computational Systems 

Vol 12, 2025   37 

1. Introduction 

Cloud-native systems are built from containers, microservices, orchestration platforms, and scalable 

cloud resources. These systems can change frequently because services are updated, deployed, or scaled 

many times each day. Such changes make software quality monitoring more difficult than in traditional 

software systems. Model-driven engineering can provide structured models that represent software 

architecture and runtime behaviour for continuous system management [1]. A model-based approach 

can therefore improve the understanding of quality changes as the system evolves. 

Software quality depends on several runtime factors, including response time, availability, resource 

utilization, reliability, and service communication. Conventional monitoring tools usually collect these 

measurements independently and display them on dashboards. This approach provides useful 

operational information but may not explain how quality changes are related to software architecture 

and deployment models. Runtime models can maintain a synchronized representation of the executing 

cloud-native system and support continuous quality evaluation [2]. This connection allows monitoring 

information to be interpreted within the context of the software design. 

Cloud-native applications operate in highly dynamic environments where services may be added, 

removed, or relocated automatically. Resource allocation, container failures, network delays, and 

workload changes can influence software quality at different times. Model transformations can 

automatically synchronize design models with runtime information and keep software representations 

consistent during execution [3]. Continuous synchronization helps maintain an accurate view of the 

current software state without requiring manual updates. 

Continuous quality monitoring should also support automatic adaptation when software quality begins 

to decrease. Detecting quality degradation early allows corrective actions such as scaling services, 

reallocating resources, or restarting failed components before users are affected. Model-driven 

monitoring frameworks can combine architectural knowledge with runtime data to support adaptive 

software management in cloud environments [4]. This study proposes a model-driven architecture that 

continuously monitors software quality by combining runtime information with synchronized cloud-

native system models. 

 

2. Methodology 

The proposed methodology consisted of model creation, runtime data collection, model 

synchronization, quality evaluation, adaptation analysis, and continuous monitoring. The cloud-native 

application was represented using architecture, deployment, observability, quality, and adaptation 

models. Each model described a different aspect of the software system while remaining connected 

through shared transformation rules. Model-driven cloud engineering supports the management of 
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distributed software by maintaining consistent relationships between system models and running 

services [5]. The proposed framework used these connected models to monitor software quality 

throughout system operation. 

Runtime information was collected from application logs, service metrics, container monitors, 

orchestration platforms, distributed tracing systems, and resource monitoring tools. Response time, 

availability, processor utilization, memory consumption, service failures, and communication delays 

were continuously recorded. The collected information was mapped to the corresponding software 

components represented in the architectural model. This process allowed every monitored value to 

remain associated with its related cloud-native service. 

Model synchronization was performed whenever new runtime events became available. The 

synchronization engine updated architecture elements, deployment states, quality attributes, and service 

relationships without rebuilding the complete model. Transformation rules maintained consistency 

between design models and runtime observations. Runtime model synchronization can reduce 

differences between the executing software and its architectural representation during continuous 

operation [6]. This capability allowed the framework to maintain an accurate software model throughout 

changing operating conditions. 

Table 1 presents the five model layers used by the proposed framework. Each layer monitored different 

cloud-native information and generated quality-related outputs for continuous evaluation. Service 

architecture and deployment models represented the software structure and execution environment, 

while observability models collected runtime measurements. Quality constraint models evaluated 

service behaviour against predefined quality requirements, and runtime adaptation models generated 

suitable corrective actions when quality degradation was detected. 

Table 1. Model Layers, Runtime Quality Signals, Transformation Rules, and Monitoring 

Outputs 

Model layer 
Captured cloud-

native information 

Monitored 

quality signal 

Transformation or 

synchronization 

rule 

Generated 

monitoring 

output 

Service 

architecture 

model 

Microservices, 

APIs, service 

relationships 

Service 

interaction 

quality 

Synchronize 

architecture with 

runtime topology 

Updated service 

dependency 

model 

Deployment 

model 

Containers, nodes, 

orchestration status 

Resource 

utilization and 

availability 

Update deployment 

state after runtime 

events 

Current 

deployment health 

status 

Observability 

model 

Logs, metrics, 

traces, monitoring 

events 

Response 

time, failures, 

throughput 

Continuous runtime 

data mapping 

Live operational 

quality dashboard 

Quality 

constraint 

model 

Quality rules and 

performance limits 

Reliability, 

latency, error 

rate 

Automatic quality-

rule evaluation 

Quality score and 

violation report 
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Runtime 

adaptation 

model 

Scaling actions, 

recovery events, 

resource allocation 

Service 

recovery and 

stability 

Trigger adaptive 

model 

transformation 

Recommended 

runtime 

adaptation actions 

The synchronized models were used to calculate a continuous software quality score for every 

monitoring interval. The quality score combined response time, availability, reliability, resource 

utilization, and service stability into a single evaluation measure. Larger penalties were assigned when 

service failures or quality-rule violations occurred. The monitoring engine updated the quality score 

immediately after every synchronization cycle so that changing software conditions could be identified 

quickly. 

The framework also supported runtime adaptation by analysing quality trends over time. When the 

quality score decreased below a predefined level, the adaptation model generated recommendations 

such as service scaling, workload redistribution, container restart, or resource adjustment. Model-based 

adaptive management can improve software quality by linking runtime observations with architectural 

decision models [7]. The proposed framework was evaluated by comparing quality detection accuracy, 

monitoring delay, adaptation response time, and overall software quality stability with existing 

monitoring approaches. 

 

3. Results and Discussion 

The proposed model-driven architecture was evaluated across four operating stages: initial deployment, 

workload variation, service degradation, and runtime adaptation. Software quality scores were 

calculated at successive monitoring intervals using response time, availability, reliability, error rate, 

resource utilization, and service stability. The proposed framework was compared with rule-based 

monitoring and static dashboard assessment under the same cloud-native operating conditions. The 

results showed that all three approaches reported high quality during stable deployment, but their 

behaviour became different when workload and service conditions changed. 

During increasing workload, the proposed framework detected a gradual reduction in software quality 

before the fixed monitoring limits were exceeded. Figure 1 shows the quality-score changes recorded 

by the three monitoring approaches across all operating stages. The model-driven architecture 

responded earlier because it combined runtime metrics with architecture, deployment, observability, 

and quality constraint models. Rule-based monitoring reacted only after several values crossed their 

thresholds, while the static dashboard changed more slowly because it depended on periodic summary 

updates. 
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Figure 1. Continuous Software Quality Score Across Deployment, Load Variation, Service 

Degradation, and Runtime Adaptation 

The largest performance difference appeared during service degradation. The proposed framework 

produced a rapid decrease in quality score when service latency, error rate, and resource pressure 

increased together. Rule-based monitoring detected the same problem later, while the static dashboard 

showed only a limited change during the first degradation intervals. This result indicates that the 

synchronized models provided a more complete view of the cloud-native system and captured 

relationships that were not visible through separate metric displays. 

Runtime adaptation was triggered after the proposed framework identified the quality reduction. Service 

scaling, workload redistribution, and container recovery improved the monitored system condition, and 

the quality score increased soon after these actions were applied. The model-driven architecture tracked 

this recovery more clearly than the other approaches and returned to a stable quality level within fewer 

monitoring intervals. These results show that continuous model synchronization can support earlier 

degradation detection, faster adaptation, and more accurate evaluation of software quality in dynamic 

cloud-native environments. 

 

4. Conclusion 

This study presented a model-driven architecture for continuous software quality monitoring in cloud-

native systems. The framework combined service architecture models, deployment models, 

observability models, quality constraint models, and runtime adaptation models within one 

synchronized monitoring process. It collected live information from logs, metrics, traces, containers, 

and orchestration platforms, then connected these values with the relevant cloud-native services and 

quality requirements. The framework also calculated a continuous quality score using response time, 

availability, reliability, error rate, resource utilization, and service stability. This integrated structure 

provided a clear view of both individual service conditions and wider system-level quality changes. It 
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also reduced the need to interpret separate monitoring tools manually because quality measurements 

were evaluated within the current architecture and deployment context. 

The results showed that the proposed model-driven architecture detected quality degradation earlier 

than rule-based monitoring and static dashboard assessment. It responded more clearly to workload 

variation and service failure because synchronized models captured relationships among runtime 

events, service dependencies, deployment states, and quality rules. The framework also tracked 

recovery more accurately after runtime adaptation actions such as service scaling, workload 

redistribution, and container restart. This behaviour can help operators recognize gradual quality loss 

before it causes a major service interruption and can improve the timing of corrective actions. The 

proposed approach therefore offers a practical method for continuous quality evaluation, early warning, 

runtime adaptation, and operational decision support in complex cloud-native software systems. 

 

References 

1. Parri, J., Patara, F., Sampietro, S., & Vicario, E. (2021). A framework for model-driven 

engineering of resilient software-controlled systems. Computing, 103(4), 589-612. 

2. Lu, Y., Bian, S., Chen, L., He, Y., Hui, Y., Lentz, M., ... & Zhuo, D. (2024). Computing in the era 

of large generative models: From cloud-native to AI-native. arXiv preprint arXiv:2401.12230. 

3. Smajevic, M., & Bork, D. (2021, October). From conceptual models to knowledge graphs: a 

generic model transformation platform. In 2021 ACM/IEEE International Conference on Model 

Driven Engineering Languages and Systems Companion (MODELS-C) (pp. 610-614). IEEE. 

4. Mohammed, M. M. (2024). Model-Driven Engineering and Container Orchestration for Self-

Adaptive Cloud-Native Applications. Queen's University (Canada). 

5. Tolosana-Calasanz, R., Bañares, J. Á., & Colom, J. M. (2024). Model-driven development of 

data intensive applications over cloud resources. arXiv preprint arXiv:2401.17747. 

6. Weyns, D., & Iftikhar, U. M. (2023). ActivFORMS: A formally founded model-based approach 

to engineer self-adaptive systems. ACM Transactions on Software Engineering and 

Methodology, 32(1), 1-48. 

7. Weyns, D., & Iftikhar, U. M. (2023). ActivFORMS: A formally founded model-based approach 

to engineer self-adaptive systems. ACM Transactions on Software Engineering and 

Methodology, 32(1), 1-48. 

 


	Model Driven Architecture for Continuous Software Quality Monitoring in Cloud Native Systems
	Transactions on Smart Electrical and Computational Systems
	VOLUME 12, 2025



