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ABSTRACT 
The study investigated an AI-enabled distributed edge-intelligence framework for real-time Internet-of-Things (IoT) analytics 
focused on low-latency decision-making, resource optimisation, energy efficiency and quality of service (QoS) performance. In 
study, a dataset of 2,400 observations and 22 variables that characterize different IoT workloads, network characteristics, 
computational resource usage, inference properties, offloading behavior, and operational outcomes, and adopted a computational 
evaluation design. The analysis performed these comparisons using descriptive statistics, independent-samples t-tests, one-way 
ANOVA, correlation analysis, multiple linear regression, and five supervised machine-learning models. The AI-adaptive strategy 
not only significantly cut the end-to-end latency down from 78.00ms to 52.63ms, it also lowered energy consumption, utilization 
of CPU and memory, packet loss, queue delay and inference time. The resource efficiency improved from 46.78 to 59.49, and the 
decision correctness improved from 26.4% to 52.6%. The number of QoS violations dropped significantly from 49.4% with static 
processing to 11.6% with AI-adaptive orchestration. Orchestration mode, queue delay, inference time and network round-trip 
time (RTT) were identified as major factors that affect latency through regression analysis. Logistic Regression had the best ROC-
AUC score of 0.639 among all classifiers tested. The results highlight the potential of leveraging AI-driven edge orchestration to 
enhance responsiveness, efficiency, and reliability in distributed IoT setups overall.  
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1. Introduction 
Internet of Things (IoT) devices have proliferated quickly, creating huge amounts of continuously generated 
data which necessitates timely processing, analysis and decision-making. The latency, bandwidth and 
responsiveness characteristics essential to real-time IoT applications often pose a challenge to traditional 
cloud-centric architectures. Edge computing alleviates these challenges by bringing computation and storage 
closer to data-producing devices, which helps to lower latency and boost responsiveness at the network edge 
(Premsankar et al., 2018; Yu et al., 2017). Distributed processing is also supported by fog and edge computing 
architecture, which enable computation to be delegated from compute-intensive IoT devices to nearby fog and 
edge nodes (Aazam et al., 2018). Over time, this distributed paradigm has developed towards the edge 
intelligence, in which artificial intelligence is embedded in edge infrastructures to aid adaptive analytics and 
autonomous decision-making (Zhou et al., 2019). 
Even though this capability seems promising, real-time processing of IoT data is still hindered by the 
limitations of edge resources, the dynamic nature of workloads, network latency and bottlenecks, energy usage, 
and diverse device types and capabilities. It is therefore crucial to have efficient resource management to 
balance computation and communication with the quality of service in distributed environments (Bhajantri & 
S, 2020). Multi-access edge computing also adds advanced coordination challenges of workload placement, 
mobility, bandwidth availability, and latency-sensitive services (Filali et al., 2020). However, security and trust 
are also very important issues due to the nature of distributed fog and edge infrastructures, which involve 
exposing data and services throughout numerous devices and administrative domains (P. Zhang et al., 2018). 
Such difficulties emphasize the need to adopt dynamic task allocation and scheduling strategies in highly 
dynamic IoT systems. These difficulties show that static task allocation and fixed scheduling strategies are 
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inadequate for highly dynamic IoT systems. 
AI and machine learning offer great potential as enablers for adaptive decision-making at the edge. Using 
machine learning to process continuous cyber-physical and IoT data streams can identify their patterns, 
predict the system condition, and allocate computing resources dynamically (Fei et al., 2019). Learning-based 
computation offloading has been shown to be able to determine efficient computing locations with varying 
network and resource environments (Dinh et al., 2018). Deep reinforcement learning has also been used to 
optimize task offloading and bandwidth allocation jointly to address dynamic task loads and reduce latency 
(Huang et al., 2019). The Deep Q-learning and reinforcement learning-based methods have also been applied 
to enhance the decisions of computation offloading and task migration in mobile edge computing (Wei et al., 
2019; C. Zhang & Zheng, 2019). Furthermore, lightweight RL strategies can be used to decrease the 
computational load with minimal impact on the efficiency of offloading (Lu et al., 2020). 
While there is already research that has been conducted to prove the significance of edge computing, 
computation offloading and intelligent resource allocation, most of the studies focus on one or two of these 
factors independently instead of measuring them in a holistic real-time IoT analytics system. In general edge-
computing research has pointed to the necessity to consider the various factors of latency, resource usage and 
application-level requirements together through coordinated mechanisms (Khan et al., 2019). In vehicular and 
cloud-assisted edge systems, joint computation offloading and resource allocation can be effective with 
measurable performance gains, however, these are often application-specific (Zhao et al., 2019). Thus, an edge-
intelligence, distributed framework is still needed to support the multi-faceted consideration of low-latency 
decision-making, resource efficiency, energy usage, and quality of service outcomes. 
This study assesses a distributed edge-intelligence framework that uses Artificial Intelligence to provide real-
time IoT analytics. The goals include understanding if adaptive AI-based orchestration has the potential to 
shorten end-to-end latency, allocate more efficiently across computational and memory resources, save 
energy, increase decision accuracy, and minimize quality-of-service violations relative to a static edge-
processing approach. 
The study brings together an integrated analytical view of the use of AI-driven orchestration, real-time decision 
quality, task offloading, and resource optimization in a distributed IoT environment. It also compares adaptive 
and static processing strategies, helping to understand the potential of intelligent edge systems to enhance 
response time, efficiency, and reliability in latency-critical IoT applications. 
 

2. Materials and Methods 
2.1 Research Design 
Overall, this study has adopted a computational evaluation approach to evaluate an AI-assisted distributed 
edge-intelligence framework for real-time IoT analytics. The analysis compared the performance of AI-
adaptive orchestration with the static edge processing approach to see if intelligent resource management 
delivers better latency, energy efficiency, decision accuracy, and quality-of-service performance. 
 
2.2 Dataset Description 
The dataset consisted of 22 variables and 2,400 observations related to the characteristics of IoT workload, 
network, computing, energy and decisions. It consisted of 12 edge nodes and four workloads: Sensor Fusion, 
Video Analytics, Anomaly Detection and Predictive Maintenance. The main experimental variable was 
orchestration_mode, comprising 1,220 AI-adaptive and 1,180 static-edge observations. Task size, input rate, 
CPU/memory usage, bandwidth, network round-trip time, packet loss, queue delay, inference time, offload 
ratio, energy usage, resource efficiency, model confidence, decision score, end-to-end latency, decision 
correctness, and violation of QoS were the key variables considered. 
 
2.3 Distributed Edge Intelligence Framework 
The proposed framework was considered as interactions between the IoT devices, edge nodes, AI decision 
components, and resource-management mechanisms. IoT workloads were executed at the edge nodes, 
depending on the available computing and network resources. The AI-adaptive mode dynamically changed the 
processing and offloading decisions based on workload intensity, CPU and memory usage, bandwidth, latency, 
and condition of queues; the static-edge mode used a static processing strategy. The evaluation metrics were 
latency, resource efficiency, energy consumption, decision correctness, and the outcomes of QoS. 
 
2.4 Data Preprocessing 
Data was verified for missing values, duplicates, data types, and abnormal ranges. There were no missing values 
or duplicate observations found. Predictive modelling did not include identifiers like record_id, device_id, and 
edge_node_id. Categorical variables (including orchestration mode and workload type) were one-hot encoded, 
scale-sensitive variables were standardized. The data were split into 80% training and 20% testing sets using 
a stratified sampling procedure. 
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2.5 Machine Learning Models 
The following supervised learning models were compared: Logistic Regression, Decision Tree, Random Forest, 
XGBoost, Support Vector Machine. The decision_correct classification target was chosen as the main 
classification target, with the qos_violation analysis being a secondary outcome. The factors that were 
identified as predictors included workload characteristics, network conditions, resource utilization, inference 
performance, offloading behaviour, energy consumption, and orchestration mode. These models were chosen 
to make comparisons between linear, tree-based, ensemble, boosting, and margin-based classification methods 
 
2.6 Performance and Resource Optimization Measures 
The primary performance metrics included were end-to-end latency, CPU usage, memory usage, energy 
consumption, resource efficiency, decision accuracy, and rate of violation of the QoS metric. The primary 
measure of responsiveness was end-to-end latency, and the computational load was measured as CPU and 
memory usage. Task efficiency was measured by energy per task and resource_efficiency_score was the 
efficiency of resource usage. Operational reliability was tested in terms of decision correctness and violation of 
QoS. 
 
2.7 Statistical Analysis 
Continuous and categorical data were summarized using descriptive statistics. Pearson correlation analysis 
was used to explore the relationships between latency, network conditions, resource consumption, inference 
time, energy consumption and energy efficiency. The key performance indicators were compared between AI-
adaptive and static-edge processing using independent-samples t-tests. When appropriate, differences across 
workload types were examined utilizing one-way ANOVA. A multiple linear regression was used to find the 
factors that can predict the end-to-end latency. Determination of statistical significance was done at p < .05. 
 
2.8 Model Evaluation 
Testing was used to evaluate the predictive performance in terms of accuracy, precision, recall, F1 score and 
ROC AUC on the testing dataset. A confusion matrix was applied to analyze the classification of true positives, 
true negatives, false positives, and false negatives. Model performance was assessed by several classification 
metrics, instead of accuracy only, due to unbalanced outcome classes. 
 
2.9 Overall Evaluation Strategy 
The final analysis combined the results of the statistical and machine learning analysis to determine if using AI 
adaptive orchestration was more effective at processing data with low latency, improving resource utilization, 
conserving energy, making better decisions, and delivering better QoS performance than static edge 
processing. This approach led to direct matching between the research title, the variables in the datasets and 
the proposed edge-intelligence framework and analytical goals. 
 

3. Results 
3.1 Descriptive Characteristics of the Edge-IoT Workloads 
The 2,400 observations come from four different, heterogeneous IoT workload categories: Sensor Fusion (n = 
726), Video Analytics (n = 599), Anomaly Detection (n = 595), and Predictive Maintenance (n = 480). Significant 
variations were seen in task size, message rate, processing latency and energy usage among the various 
workloads. The average task size (849.88 KB), end-to-end latency (85.92 ms), and energy consumption (4.33 
J/task) were the highest for Video Analytics. On the other hand, the highest input rate (95.00 messages/s) was 
obtained by Sensor Fusion, whereas relatively low latency (54.41 ms) and energy consumption (2.07 J) were 
obtained. The video analytics had the lowest mean efficiency score (40.28), while Sensor Fusion (59.23) and 
Predictive Maintenance (59.13) had the highest. As shown in Table 1, workload complexity was associated with 
clear differences in latency, energy consumption, and resource efficiency. 
 

Table 1. Descriptive Characteristics of IoT Workloads 
Workload 

type 
n Task size 

(KB) 
Input rate 

(msg/s) 
Latency 

(ms) 
Energy/task 

(J) 
Resource 
efficiency 

Sensor Fusion 726 241.11 95.00 54.41 2.07 59.23 
Anomaly 
Detection 

595 420.66 70.67 63.92 2.73 54.24 

Predictive 
Maintenance 

480 322.64 60.48 56.76 2.30 59.13 

Video 
Analytics 

599 849.88 54.73 85.92 4.33 40.28 
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3.2 Comparison of AI-Adaptive and Static Edge Processing 
AI-adaptive orchestration strategy showed significantly reduced end-to-end latency compared to static edge 
processing. Under AI-adaptive orchestration, the mean latency was 52.63ms, whereas the mean latency under 
static processing was 78.00ms, which is about 32.5% less. These differences were significant with t = −42.13, 
p < .001. AI-adaptive processing also provided a lower mean (M) inference time (22.89 ms) than static-edge 
processing (29.24 ms), t = −20.95, p < .001. These results show that adaptive orchestration evidently gave a 
responsiveness benefit in the controlled distributed IoT environment. As shown in Figure 1, end-to-end latency 
has a significant decrease when using AI-adaptive orchestration versus static-edge processing. 
 

 
Figure 1. End-to-End Latency Distribution Under AI-Adaptive and Static Edge Processing 

 
3.3 Network and Computing Resource Utilization 
There were some significant differences between the two orchestration strategies in terms of network and 
computational conditions. Available bandwidth and network round-trip time, packet loss, edge-queue delay, 
CPU utilization and memory utilization were associated with AI-adaptive processing. The largest relative 
difference was edge-queue delay (20.44ms versus 13.68ms). The CPU utilization dropped to 72.85%, and 
Memory utilization dropped to 58.31%, from 80.44% and 62.49% respectively. All comparisons were 
significant at p < .001. Table 2 shows that the AI-adaptive strategy has better network and computing 
conditions than the static-edge strategy. 
 

Table 2. Network and Computing Resource Utilization by Orchestration Mode 
Measure AI-Adaptive Static Edge t p 
Bandwidth (Mbps) 92.29 85.31 9.46 <.001 
Network RTT (ms) 14.70 17.06 −9.28 <.001 
Packet loss (%) 0.19 0.29 −15.86 <.001 
Edge queue (ms) 13.68 20.44 −62.18 <.001 
CPU utilization (%) 72.85 80.44 −18.06 <.001 
Memory utilization (%) 58.31 62.49 −9.16 <.001 

 
3.4 End-to-End Latency and Inference Performance 
There was also a wide variance in processing time for different IoT workloads. The ANOVA test results 
indicated that there were significant differences between the four types of workloads with respect to end-to-
end latency, F(3, 2396) = 566.24, p < .001. The latency also varied significantly between the workload 
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categories, with Video Analytics reporting an average of 85.92 ms, Anomaly Detection 63.92 ms, Predictive 
Maintenance 56.76 ms and Sensor Fusion 54.41 ms.The average latency was also significantly different 
between workload categories, F(3, 2396) = 2098.26, p < .001. This higher processing need of Video Analytics 
was therefore taken into account for both the inference time and overall response time. Video Analytics had 
the highest processing delay, whereas Sensor Fusion and Predictive Maintenance had relatively short response 
times, as seen in Figure 2. 
 

 
Figure 2. Mean End-to-End Latency and Inference Time Across IoT Workloads 

 
3.5 Energy Consumption and Resource Efficiency 
The AI-adaptive approach demonstrated evident benefits in the optimization of energy and resources. The 
mean energy consumed decreased from 3.10 J/task under static processing to 2.60 J under AI-adaptive 
orchestration, t = -13.17, p =.001. Resource efficiency increased from 46.78 to 59.49, t = 32.88, p < .001. Higher 
model confidence, decision scores and task-offloading rates were also generated by the AI-adaptive processing. 
Under adaptive orchestration, the mean offload ratio was 78.08% whereas under the edge processing of the 
edge, there was a ratio of 66.96%. As Table 3 shows, adaptive edge orchestration actively minimized energy 
demands and enhanced resource and decision-related performance. 
 

Table 3. Energy, Resource, and Decision Performance by Orchestration Mode 
Measure AI-Adaptive Static Edge t p 
Energy per task (J) 2.596 3.102 −13.17 <.001 
Resource efficiency score 59.494 46.782 32.88 <.001 
Model confidence 0.831 0.762 40.70 <.001 
Decision score 0.558 0.437 46.79 <.001 
Offload ratio (%) 78.078 66.957 34.73 <.001 

 
3.6 Factors Affecting Real-Time Decision Performance 
Multiple linear regression was performed to determine the operational factors that affect end-to-end latency. 
The overall model explained 97.3% of the variance in latency, adjusted R² = .973, F = 5030.43, p < .001. The 
most significant positive standardized associations with latency were static-edge orchestration (β = .462), 
inference time (β = .413), network round-trip time (β = .328) and edge-queue delay (β = .219). The CPU 
utilization also had a positive involvement (β = .076), and minor contributions were seen for packet loss (β = 
.021) and bandwidth (β = −.009). A slight decrease in latency was observed with higher bandwidth. As seen in 
Figure 3, the major factors with real-time processing latency are orchestration mode, inference time, network 
RTT and queue delay. 
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Figure 3. Standardized Regression Coefficients for Significant Predictors of End-to-End Latency 

 
3.7 Machine Learning Model Performance 
The five classification algorithms performed moderately well in predicting decision_correct on the 
independent 20% test set. Logistic Regression had the best ROC-AUC (0.639) and accuracy (0.625). Support 
Vector Machine had similar performance (ROC-AUC 0.630, accuracy 0.617). The random forest and the 
XGBoost gave the highest accuracy, 0.598 and 0.602 respectively and the Decision Tree was the worst with 
0.522 ROC-AUC. Logistic Regression achieved the highest overall balance among the models tested, in terms of 
discrimination and classification performance. Table 4 indicates that Logistic Regression and Support Vector 
Machine had the best predictive discrimination, but the classification performance was moderate in all models. 
 

Table 4. Machine Learning Performance for Prediction of Decision Correctness 
Model Accuracy Precision Recall F1-score ROC-AUC 
Logistic Regression 0.625 0.536 0.424 0.474 0.639 
Support Vector Machine 0.617 0.522 0.429 0.471 0.630 
Random Forest 0.598 0.492 0.340 0.402 0.591 
XGBoost 0.602 0.500 0.356 0.416 0.586 
Decision Tree 0.540 0.423 0.435 0.429 0.522 

 
3.8 QoS Violation and Decision Accuracy Analysis 
The last comparison showed that there were significant differences in reliability in operation between modes 
of orchestration. The AI-adaptive processing had a decision-correct rate of 52.6 as compared to 26.4 when 
using the static-edge processing. On the other hand, the violation of QoS in 11.6% of AI-adaptive observations 
and 49.4% of static-edge observations. The average decision-correct rate was 39.7% and 30.2% of all 
observations had a QoS violation. The significantly reduced violation rate and increased percentage of correct 
judgments with AI-adaptive processing support the latency and efficiency results of the previous analyses. 
Figure 4 demonstrates the difference between the reliability profiles of the two processing strategies, where 
AI-adaptive orchestration has a higher accuracy in decision-making and significantly fewer QoS violation. 
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Figure 4. Decision Correctness and QoS Violation Rates by Orchestration Mode 

 
4. Discussion 
The results prove that adaptive orchestration based on AI has the potential to enhance the work of distributed 
edge-IoT systems in multiple functional aspects. The adaptive strategy had lower end-to-end latency, lower 
inference time, less CPU and memory usage, less energy use, better resource utilization, increased decision 
accuracy, and fewer quality-of-service violations compared to the static-edge strategy. These results contribute 
to the general understanding that intelligent resource management can be critical to ensure responsiveness 
and effectiveness in heterogeneous edge environments (Mijuskovic et al., 2021; Premkumar & Sigappi, 2021). 
The significant decrease in latency due to the AI-adaptive orchestration implies that responsiveness of the real-
time IoT systems can be enhanced through dynamic decision-making. Multi-access edge computing is 
particularly designed to reduce transmission delays by shifting the workload to the locations of data sources, 
yet its performance is highly dependent on the allocation of workloads and resources (Pham et al., 2020). The 
current results align with the literature indicating that offloading computation to AI can decrease delay with 
dynamic choice of suitable processing locations in response to changing network conditions (Chen et al., 2021; 
Saeik et al., 2021). 
Lower energy consumption and increased resource efficiency were also achieved in the adaptive strategy. This 
finding underscores the need to collaboratively coordinate the computation load, communication capacity, and 
task placement instead of optimizing these aspects individually. One of the most critical issues in edge 
computing has been found to be distributed resource scheduling due to the variability of workloads that can 
rapidly cause bottlenecks and energy inefficiency (Sahni et al., 2022). Deep reinforcement learning methods 
have also demonstrated the ability of intelligent scheduling to enhance resource allocation and minimize 
unnecessary processing overhead (Xue et al., 2022). 
The AI-adaptive mode resulted in a greater number of correct decisions and much lower QoS breaches, 
indicating that effective resource distribution have a direct effect on operational reliability. The edge case of 
machine learning allows making inferences and responding more quickly to the evolving conditions of a 
system, thus minimizing reliance on remote cloud resources (Murshed et al., 2022). It has also been 
demonstrated that workload-conscious reinforcement learning can enhance scheduling choices in dynamic 
edge settings, especially when there is a time-dependent fluctuation in resource demand (Zheng et al., 2022). 
The findings are in line with the previous literature that highlights the importance of intelligent offloading, 
scheduling, and distributed learning in resource-constrained IoT systems. Studies of federated learning have 
shown that distributed intelligence is capable of facilitating collaborative model enhancement and restricting 
centralized data flow (Nguyen et al., 2021). The same benefits have been documented with edge-based 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.13s, 2026                       1734 

federated learning, especially in architectures where privacy, bandwidth, and device limitations need to be 
traded off in real time (Abreha et al., 2022). Nevertheless, deploying it on resource-constrained IoT devices is 
still hard due to the cost of communication and computation that can restrict scalability (Imteaj et al., 2021). 
The results have practical implications for applications that are sensitive to latency, such as industrial 
monitoring, intelligent transportation, predictive maintenance and real-time detection of anomalies. The edge 
platforms may be able to redistribute workloads, allocate bandwidth and make offloading decisions 
dynamically based on the local operating conditions with adaptive orchestration. These capabilities become 
more relevant to the greater IoT-edge-cloud continuum, wherein pervasive AI utilized to enable scalable, 
distributed, and context-aware services (Puthal et al., 2023). 
The analysis based on a controlled study dataset rather than measurements collected from a deployed physical 
IoT infrastructure. Thus, physical impacts, like hardware malfunction, uncontrolled network congestion, 
mobile devices, security attacks and workload drift over the long term, were not represented exhaustively. 
Along with this, the tested machine-learning models offered a moderate predictive accuracy of the correctness 
of the decision, which implies that more time, context, or device-related variables can enhance the classification 
accuracy. 
The proposed approach needs to be confirmed in future studies with the actual edge devices and 
heterogeneous IoT testbeds. Reinforcement learning, federated learning, adaptive task migration, privacy-
conscious resource allocation, and online workload prediction can be included in further research. Testing in 
the context of larger-scale networks and dynamic traffic also be useful to assess the scalability and resilience 
of AI-enabled edge intelligence during deployment in realistic settings. 
 

5. Conclusion 
In this work, an AI-enabled distributed edge-intelligence framework was assessed based on real-time IoT 
analytics, focusing on low-latency decision-making, resource optimisation, energy efficiency, and quality-of-
service performance. The results revealed that AI-adaptive orchestration clearly outworked the processing of 
the static-edges in all the key indicators of the system. The adaptive strategy resulted in a lower end-to-end 
latency and inference time, less CPU and memory usage, lower energy use, and better resource utilization. It 
also yielded greater correctness of decisions and significantly reduced violations of QoS suggesting that 
intelligent orchestration can enhance responsiveness and operational reliability in distributed IoT setups. 
Statistical analysis also revealed that orchestration mode, inference time, network round-trip time and queue 
delay significantly characterized end-to-end latency, and the machine-learning models demonstrated 
moderate predictive power on whether correct decisions were made. Logistic Regression and Support Vector 
Machine were the most successful overall discrimination classifiers tested. The findings indicate the 
importance of considering both AI-based decision mechanisms and distributed edge resource management in 
facilitating efficient real-time IoT processing. Though the analysis was based on controlled study data, the 
research technique provides a logical analytical foundation on further validation through physical edge 
devices, bigger heterogeneous networks, dynamic workloads, and more advanced adaptive methods like 
reinforcement and federated learning. 
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