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Maintenance of performance, reliability, and efficiency of any system within distributed computing 
environments is central to QoS. Conventional QoS optimization methods confront challenges 
regarding dynamic resource allocation, failure, and adaptation of systems. To overcome these 
limitations, a hybrid artificial neural network and Ant Colony Optimization model are proposed to 
provide an efficient QoS optimization strategy. The ANN part predicts possible degradation in QoS 
through parameters like CPU utilization, memory usage, network latency, and response time, while 
the ACO component dynamically optimizes resource allocation for better system performance. The 
proposed model considers a systematic workflow comprising data collection, pre-processing, feature 
extraction, QoS prediction, and ACO-based optimization. The system model training and evaluation 
are done using the Kaggle dataset Synthetic Log Data of Distributed Systems.As a complement to the 
handling of missing values with outlier treatment, the fact that Principal Component Analysis (PCA) 
can be used for feature selection is not omitted. The ANN model establishes the QoS importance 
trend, which is then optimized by ACO via pheromone-based learning and heuristic value adjustments 
for improved resource allocation. The experimental findings present the Hybrid ANN-ACO Model 
with better performance results compared to the existing QoS optimization approaches such as Rule-
Based, Genetic Algorithm (GA), and Probabilistic Model Checking (PMC). In this context, the new 
proposed model saw a performance increase in accuracy to 96.2%, improvement to 59.4% response 
time, 93.1% CPU utilization efficiency, and 51.2% network latency performance.MSE is less than 
0.029, meaning that we have a high level of accuracy for predicting QoS. This study illustrates the 
successful application of machine learning in combination with bio-inspired optimization for 
adaptive, scalable, and efficient QoS management in distributed computing environments. 
 
 
 
 

 
 

 
 
 
 

Copyright©2025, Koteswararao Dondapati et al. This is an open access article distributed under the Creative Commons Attribution License, which permits 
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

  
 
 

 

 
 
 

INTRODUCTION 
 
At the present time, software-quality-of-service (QOS) has 
become one of the most significant avenues for computing, 
pushing applications in the directions of performance, 
reliability, and availability (Dondapati, 2019). Enhanced 
software quality of service (QoS) through AI-based resilience 
testing turns into a complete failure management dynamic 
with minimized downtime and improved use of resources  
(Allur, 2020). The failure prediction in real time with adaptive 
optimization techniques for attaining peak performance and 
reliability, maintains the highest possible level of QoS in 
software  (Deevi, 2020). AI resilience testing enhances quality 
of service by pro-actively identifying faults and optimizing the  

 
 
 
system performance under various conditions  (Allur, 2019). 
Testing the system resilience with AI assists in improving the 
overall quality of service by generating weaknesses in the 
system, intelligent resource utilization, and optimal fault 
tolerance within complex computing environments  
(Dondapati, 2024).The robustness testing of the artificial 
intelligence intensifies the quality of service through the 
identification of weaknesses by being proactive and ensures 
that the system is adaptable to changes in workloads  (Deevi, 
2024). Approaching the application of AI-based optimization 
methods provides dynamic resource allocations, increased 
testing efficiency, and augmented system responsiveness 
under diversified workloads  (Deevi, 2021). The 
implementation of QoS optimization driven by AI can be 
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computationally expensive and complex when it comes to 
system integration  (Allur, 2025).The expansion of artificial 
intelligence models is accompanied by increased computing 
needs, which raises the overhead incurred by the systems and 
can also consume a big chunk of resources, thus affecting the 
efficiency of systems  (Allur, 2020). Nudge theory, being 
integrated into software design, has the potential to improve 
user judgment in the case of privacy settings,
sieving trust and security in financial applications
2023). The Hybrid ANN-ACO Model improves QoS by 
utilizing ANN for its predictive analysis while ACO handles 
its dynamic resource allocation. With respect to key metrics, 
such as CPU usage, and response time, the ANN forecast 
performance faults, while ACO, according to that prediction, 
optimally distributes resources. As such, the hybrid model 
achieves improved accuracy, latency, and system efficiency 
and makes it scalable and adaptive for distributed computing 
environments. 
 
Research Contribution  

 
 QoS enhancement in a hybrid form, through a blend of 

ANN-ACO, for precise accuracy and efficiency.
 Maximizes computational performance by ensuring that 

computational resources are flexibly 
allocated to the upcoming computational needs.

 The AI-animated QoS management makes sure it provides 
continuous performance improvement with a feedback 
loop. 

 

LITERATURE SURVEY 
 
The techniques employed in this study include Neural 
Networks for predicting the most valuable test cases and 
Heuristic Methods for optimization of test cases in 
prioritization. These methods help improve Test Case 
Prioritization (TCP) by increasing fault detection and reducing 
resource consumption  (Dondapati, 2020
effectiveness of the indicator detection at higher levels, it will 
acquire an additional computational burden when the detection 
is applied in real time and not be flexible as it might not adapt 
to newer phishing attacks. Moreover, sporadic 
can hinder user confidence and reliability in the system
(Allur, 2020). The research uses failure injection approaches 
by AWS instruments, for instance, AWS CloudWatch, AWS 
X-Ray, AWS Step Functions, AWS Lambda, and AWS Fault 
Injection Simulator (FIS)  (Deevi, 2023). In this study, the 
cloud computing was used to provide on-demand and scalable 
test environments where technology made it flexible enough, 
and low in resources  (Dondapati, 2020). Security factors such 
as multi-biometric key generation and dynamic metadata 
reconstruction bring along service quality requirements and 
contribute to the integrity and confidentiality of data
2020). In my own point of view, the limitations of the D
SEG model in software development para
arising from issues of scalability, adaptability, as well as 
external dependencies  (Deevi, 2024). And with that comes 
computational overhead that can impact a large
deployment and optimization for such an environment. Future 
improvements should emphasize scalability, adapting the 
entire approach to some new paradigms, such as serverless 
computing and edge environments  (Allur, 2021)
quantitative performance metrics for the Hybrid ANN
Algorithm, making it impossible to assess its efficiency 

10883                 Koteswararao Dondapati et al. Hybrid 

computationally expensive and complex when it comes to 
.The expansion of artificial 

intelligence models is accompanied by increased computing 
incurred by the systems and 

can also consume a big chunk of resources, thus affecting the 
Nudge theory, being 

integrated into software design, has the potential to improve 
user judgment in the case of privacy settings, there again 
sieving trust and security in financial applications  (Kodadi, 

ACO Model improves QoS by 
utilizing ANN for its predictive analysis while ACO handles 
its dynamic resource allocation. With respect to key metrics, 

U usage, and response time, the ANN forecast 
performance faults, while ACO, according to that prediction, 
optimally distributes resources. As such, the hybrid model 
achieves improved accuracy, latency, and system efficiency 

ve for distributed computing 

QoS enhancement in a hybrid form, through a blend of 
ACO, for precise accuracy and efficiency. 

Maximizes computational performance by ensuring that 
 and effectively 

allocated to the upcoming computational needs. 
animated QoS management makes sure it provides 

continuous performance improvement with a feedback 

The techniques employed in this study include Neural 
for predicting the most valuable test cases and 

Heuristic Methods for optimization of test cases in 
prioritization. These methods help improve Test Case 
Prioritization (TCP) by increasing fault detection and reducing 
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acquire an additional computational burden when the detection 
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. The research uses failure injection approaches 
by AWS instruments, for instance, AWS CloudWatch, AWS 
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deployment and optimization for such an environment. Future 
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quantitative performance metrics for the Hybrid ANN-PSO 

to assess its efficiency 

against other methods, although it is relatively new
2021). Clinical follow-up is done live and in real
assessment is done in real-time while patient compliance is 
measured  (Chetlapalli, 2023)
models of electrothermal inverters to simulate an EV in real
time through finite element analysis is consistent with the 
principles of software QoS, focusing on efficiency, reliability, 
and performance optimization  
to contribute to adding privacy and security to the multi
by employing GARS, the Global Authentication Register 
System and other multidisciplinary security frameworks
(Chetlapalli, 2021). It utilizes cloud computing, wavelet 
analysis, big data analytics, and machine learning techniques 
to develop age-old important software resilience, fault 
detection, and real-time optimizations
 
There is indeed a direct effect on QoS through the combined 
use of immunity cloning techniq
mitigation in minimizing the downtime that could otherwise 
be caused by cyber threats, thus ensuring seamless service, and 
providing optimization in the allocation of resources for secure 
transactions  (Kodadi, 2020)
approaches, pre-trained language models are composing the 
test cases, while certain evolutionary algorithms that work for 
optimization have been included
Automated personalization of learning paths includes 
regression models, anomaly detection, and predictive 
analytics. Cloud-based security solutions, on the other hand, 
protect sensitive educational data against the risks of cyber 
threats  (Kodadi, 2024). Analysis of software documentation, 
bug reports, and requirements 
greatly utilize TF-IDF techniques and other NLP methods in 
software development sector 
works on increasing businesses' decision
analytics, AI and BI framework techniques
2024). 
 
Proposed Methodology Software Performance 
Optimization: Hybrid ANN-
merges Artificial Neural Networks (ANN) for QoS forecasting 
and Ant Colony Optimization (ACO) to undertake resource 
allocation are illustrated in Figure 1. Data acquisition, pre
processing, and QoS forecasting based on ANN comprise the 
main tasks. ACO-refined parameters are fed back into ANN to 
facilitate continuous improvements in QoS performance and 
resource utilization. 
 

Figure 1. Workflow of the Hybrid ANN
Optimization
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optimization. The dataset is the basis of ANNs and ACO-
based predictive models to automate resource allocation for 
maximizing overall system efficiency. 
 
Data Pre-processing: Effective data pre-processing is 
necessary to guarantee correct QoS optimization. The 
following techniques are used. Handling Missing Values: 
Missing values are imputed by Expectation Maximization or 
K-Nearest Neighbors Imputation, where the missing values are 
predicted based on probability distributions are defines as Eqn. 
(1) 
 

𝑥imputed =
∑  ೖ
೔సభ  ௪೔௫೔

∑  ೖ
೔సభ  ௪೔

  (1) 

 
 where 𝑤௜ represents the similarity weight of the 𝑖௧௛ nearest neighbor 
Outlier Removal: The Z-score method is used to identify 
anomalies in QoS metrics, employingusing Eqn. (2) 
 

𝑍 =
௑ିఓ

ఙ
  (2) 

 
where 𝑋 is the data point, 𝜇 is the mean, and 𝜎 is the standard 
deviation. Data points with |𝑍| > 3 are considered outliers and 
removed. 
 
Feature Scaling: Min-Max Normalization normalizes values 
from 0 to 1 in order to give equal weightage calculated using 
Eqn. (3). 
 

𝑋ᇱ =
௑ି௑ౣ౟౤

௑ౣ౗౮ି௑ౣ౟౤
 (3) 

 
Feature Selection: Principal Component Analysis (PCA) picks 
the most relevant QoS-related features by projecting correlated 
variables onto principal components are defined as Eqn. (4) 
 
𝑍 = 𝑋𝑊 (4) 
 
where 𝑋 is the original feature matrix, and 𝑊 is the matrix of 
eigenvectors corresponding to the largest eigenvalues. These 
pre-processing steps enhance model accuracy, improve 
computational efficiency, and ensure optimal QoS prediction 
and optimization. 
 
Feature Extraction for QoS Optimization: Feature 
extraction is an essential aspect of software performance 
analysis in detecting major patterns, temporal dependencies, 
and statistical correlations between QoS metrics. Feature 
extraction is an essential aspect of software performance 
analysis in detecting major patterns, temporal dependencies, 
and statistical correlations between QoS metrics. 
 
 Behavioral Pattern Analysis derives insights from past logs 

and resource consumption through the Moving Average 
(MA) to smooth out fluctuations and emphasize trends are 
defines as Eqn. (5): 
 

 𝑀𝐴௧ =
ଵ

ே
∑  ேିଵ
௜ୀ଴ 𝑥௧ି௜ (5) 

 
 Temporal Feature Extraction extracts sequential 

dependencies in QoS measures employing Autoregressive 
(AR) Models, predicting the current values from past 
observations are defined in Eqn. (6): 
 

 𝑋௧ = 𝜙ଵ𝑋௧ିଵ + 𝜙ଶ𝑋௧ିଶ +⋯+ 𝜙௣𝑋௧ି௣ + 𝜖௧  (6) 
 
 Statistical Feature Extraction measures software 

performance fluctuations in terms of mean for average 
resource utilization is given in Eqn. (7): 
 

𝜇 =
ଵ

ே
∑ 𝑋௜  (7) 

 
Variance ( 𝜎ଶ ) for fluctuation detection calculated using Eqn. 

(8): 

𝜎ଶ =
ଵ

ே
∑ (𝑋௜ − 𝜇)ଶ  (8) 

 
and correlation coefficient ( 𝑝 ) for evaluating relationships 

between QoS parameters are defined in Eqn. (9): 
  

 𝜌௑,௒ =
∑ (௑೔ିఓ೉)(௒೔ିఓೊ)

ඥ∑ (௑೔ିఓ೉)
మඥ∑ (௒೔ିఓೊ)

మ
  (9) 

 
Artificial Neural Network (ANN) for QoS Prediction: 
Artificial Neural Network (ANN) is employed to forecast 
Quality of Service (QoS) degradation likelihood (QDL) or 
software performance scores based on features extracted like 
CPU usage, memory usage, network latency, and response 
time. The ANN comprises an input layer that receives such 
features, hidden layers that are more than one in number and 
use ReLU activation for learning efficiency improvement, and 
an output layer which produces either continuous QoS value as 
a regression score or categories for classification. MSE is 
employed in training as a regression criterion while Cross-
Entropy Loss as a classification criterion and both of these are 
optimized with the Adam optimizer to attain speedy 
convergence. The data is divided into an 80-20 train-test split 
to measure model performance. This ANN model assists in 
identifying QoS degradation trends with high accuracy, 
providing optimized software behavior and enhanced system 
reliability. 
 
Ant Colony Optimization (ACO) for Resource Allocation: 
An ACO system solves QoS-based optimization resource 
allocation by simulating the ant behavior while searching for 
an optimal solution. This includes steps: initialization, 
exploration, pheromone update, and convergence for 
maximum system performance. 
 
 ACO initialization: An ant represents a particular resource-

allocation policy. The pheromone values are initialized 
according to the QoS scores predicted by an ANN. The 
probability of choosing certain resource-allocation options 
is calculated using the transition probability Eqn. (10): 

 𝑃௜௝ =
ൣఛ೔ೕ൧

ഀ
ൣఎ೔ೕ൧

ഁ

∑  ೖ∈ಿ  [ఛ೔ೖ]
ഀ[ఎ೔ೖ]

ഁ (10) 

 
where 𝜏௜௝ represents pheromone levels, 𝜂௜௝ is the heuristic 
value (QoS efficiency), and 𝛼, 𝛽 balance pheromone 
importance and heuristic influence. 
 
 ACO Exploration & Pheromone Update: Every ant 

interacts with the system and checks for CPU utilization, 
memory utilization, response time, and network delay in 
order to take decisions on the allocation strategy. The 
pheromone updating mechanism is given in Eqn. (11): 

 𝜏௜௝(𝑡 + 1) = (1 − 𝜌) ⋅ 𝜏௜௝(𝑡) + ∑ Δ𝜏௜௝ (11) 
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where 𝜌 is the evaporation rate that removes weak solutions, 
and Δ𝜏௜௝ represents the pheromone reinforcement by ants 
selecting a particular allocation strategy. 
 
 Convergence to Optimal Allocation: The optimal 

allocation strategy is determined by pheromone 
hence promoting the best configurations. Global 
pheromone update secures the stability of the algorithm 
through optimal solutions, computed as Eqn. (12)

 Δ𝜏௜௝ =
ொ

௅
(12) 

where 𝑄 is a constant and 𝐿 represents QoS cost
 
Hybrid Integration of ANN & ACO 
 
The integration of Artificial Neural Networks (ANN) and Ant 
Colony Optimization (ACO) improves QoS optimization in 
software systems. 
 
 Artificial Neural Network (ANN) forecast supports quality 

of service (QoS) patterns: The ANN reads real
performance data and predicts future changes in QoS, thus 
providing an early warning about possible problems.

 ACO Tunes Resource Allocation: ACO dynamically tunes 
system parameters based on its own ANN estima
selects the optimum strategies of resource allocation to 
enhance CPU utilization, memory utilization, and response 
time. 

 Feedback Loop for Improvement: ACO's optimized 
resource allocations are fed back to ANN, where it can 
learn and generate better predictions in the future.

 
This hybrid strategy provides improved performance, reduced 
latency, and effective resource management, leading to more 
adaptive and dependable software systems.  
 

RESULT AND DISCUSSION
 
This section measures the performance of Hybrid ANN
Model for QoS Optimization compared to existing 
optimization approaches and Probabilistic Model Checking 
(PMC). The performance review emphasizes some prominent 
performance indicators, such as accuracy, response time 
improvement, CPU usage effectiveness, network latency 
minimization, and verification success rate. The results portray 
the high efficiency of ANN-ACO in dynamically optimizing 
software performance and resource utilization.
 

Table 1. Performance Metrics of ANN-ACO Model
 

Performance Metric Optimized ANN-
Accuracy 96.2 
Response Time Improvement 59.4 
CPU Utilization Efficiency 93.1 
Network Latency Reduction 51.2 
Verification Success Rate 97.5 
Mean Squared Error (MSE) 0.029 

 
Low MSE value (0.029) ensures high accuracy in QoS 
prediction, and gain in response time (59.4%) as well as 
decreased network latency by 51.2% establishes the 
effectiveness of the ACO-based dynamic resource allocation 
strategy. The overall metric values are shown in Table 1.
Figure 2 shows the performance indicators of the Optimized 
ANN-ACO Model as its effectiveness in QoS forecasting, 
resource reservation, and optimization of the system. 
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Figure 2. Optimized ANN-ACO Model: QoS Improvement 
Across Key Metrics

 
The Optimized ANN-ACO Model from Table 2 that employs 
Rule-Based, Genetic Algorithm (GA), and Probabilistic Model 
Checking (PMC) on Significant QoS Parameters. ANN
achieves the maximum accuracy (96.2%), highest CPU 
utilization effective (93.1%), and re
time it leaves other methodologies behind (51.2%). Its 
verification success rate (97.5%) is almost at par with PMC 
[18] (98%), thereby showing high flexibility and dependability 
in software performance optimization.
 

Table 2. AN-ACO Model_ Superior QoS Performance Across 
Key Metrics

 
Performance Metric Rule-

Based 
GA

Accuracy (%) 78.5% 83.2%
Response Time 
Improvement (%) 

23.4% 38.9%

CPU Utilization 
Efficiency (%) 

72.1% 81.4%

Network Latency 
Reduction (%) 

17.2% 26.3%

Verification Success 
Rate (%) 

Not 
Used 

Not Used

 

Figure 3.  Comparison of Performance Metrics Across Models for 
QoS Optimization

 
The performance comparison of 
Based, GA, and PMC in terms of some major QoS parameter 
is illustrated in Figure 3. The ANN
in accuracy (96.2%), response time improvement (59.4%), and 
effectiveness of CPU (93.1%); it also performs well in 
verification with 97.5% of success
(98%)which certifies its reliability for QoS optimization.
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Checking (PMC) on Significant QoS Parameters. ANN-ACO 
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time it leaves other methodologies behind (51.2%). Its 
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(98%), thereby showing high flexibility and dependability 
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ANN-ACO 
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38.9% 45.3% 59.4% 

81.4% 87.2% 93.1% 

26.3% 39.1% 51.2% 

Not Used 98% 97.5% 
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The performance comparison of Optimized ANN-ACO, Rule-
Based, GA, and PMC in terms of some major QoS parameter 
is illustrated in Figure 3. The ANN-ACO model is much better 
in accuracy (96.2%), response time improvement (59.4%), and 
effectiveness of CPU (93.1%); it also performs well in 
verification with 97.5% of success- almost equal to PMC 
(98%)which certifies its reliability for QoS optimization. 
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DISCUSSION 
 
The outcomes indicate the Optimized ANN-ACO Model 
enhances QoS optimization more effectively than Rule-Based, 
GA, and PMC approaches. The accuracy of 96.2% delivers 
accurate QoS prediction, and low MSE (0.029) provides 
confident predictions. The ACO-based allocation of resources 
enhances response time by 59.4% and lowers network latency 
by 51.2%, and thus it is more efficient than other models. CPU 
utilization efficiency (93.1%) verifies improved resource 
allocation, and 97.5% verification success rate establishes the 
model's credibility. On the whole, ANN-ACO is a robust and 
resilient solution for software performance improvement in 
cloud and distributed systems. 
 

CONCLUSION 
 
The Optimized ANN-ACO Model augments the benefit of 
QoS optimization, resource utilization, and response time in 
distributed computing systems. In this model, resource 
allocation is enhanced by taking an ANN (artificial neural 
network)-based predictive analysis on one hand and the ACO 
(ant colony optimization) on the other hand, which leads to 
enhancement of CPU utilization, lower network latency, and 
optimized system performance. The experimental results 
corroborate the fact that the proposed model outperforms the 
conventional methods like Rule-Based, GA (Genetic 
Algorithm), and PMC (Probabilistic Model Checking; 
achieving 96.2% accuracy, 59.4% improvement in response 
time, 93.1% CPU utilization, and 51.2% decrease in network 
latency). The low Mean Squared Error (MSE=0.029) along 
with a verification success rate of 97.5% proves the reliability 
and effectiveness of the model. The further improvement in 
the model is guaranteed because of the feedback loop that 
persists, thus ensuring the continuous optimization of the 
model due to the interaction between ANN and ACO, suitable 
for large-scale systems. The future will focus on deepening 
performance through enhanced deep learning and ACO 
strategies in complex environments, thus providing a scalable 
solution for intelligent QoS management. 
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