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Abstract 

Edge–fog computing environments are increasingly vital for handling large-scale, real-time workloads 

generated by digital services, Internet of Things (IoT), and distributed applications. However, efficient 

task scheduling remains a major challenge due to dynamic resource availability, heterogeneous 

architectures, and diverse workload patterns. Traditional approaches, such as static heuristics and rule-

based schedulers, as well as conventional machine learning (ML) models, often fail to adapt to changing 

system conditions. These methods frequently misclassify task requirements, lack the ability to predict 

multiple scheduling parameters simultaneously, and struggle to scale effectively, leading to reduced 

system throughput and inefficient resource utilization. To address these limitations, this study proposes 

an adaptive, data-driven scheduling framework that combines preprocessing, exploratory data analysis 

(EDA), and multi-model prediction. The proposed Convolutional Recurrent Network with Greedy Rule 

Interpretable Machine (CRN-GRIM) captures temporal workload patterns while maintaining 

interpretability through rule-based reasoning. Additional models, including Passive Aggressive 

Classifier (PAC), Gaussian Naive Bayes (GNB), and K-Nearest Neighbors Classifier (KNNC), are 

incorporated for comparative evaluation and robustness. The framework predicts multiple scheduling 

targets are job priority, scheduler type, and resource allocation within a unified multi-output model, 

enhancing decision accuracy. A lightweight storage system and web-based interface enable real-time 

prediction, visualization, monitoring, and retraining. This approach delivers a scalable, intelligent, and 

efficient scheduling solution for modern edge–fog computing environments. 

Keywords: Edge–Fog Computing, Task Scheduling, Real-Time Workloads, Resource Allocation, 

Multi-Output Prediction, Convolutional Recurrent Network, CRN-GRIM, Greedy Rule-Based 

Learning. 

1. Introduction 

Today, the world has seen a growth in mobile devices and computers' everyday usage by individuals 

and organizations. Applications and sensors of electronic devices are used to produce data, usually a 

massive amount of it. As a result, many companies must take responsibility for routinely maintaining 

vast volumes of data. Companies currently need a dynamic information management architecture 

because of the transition to cloud computing and the benefits of this shift, such as scalability, 

availability, and pay-as-you-use features [1]. Cloud computing has made many services available that 

include platform, software, and infrastructure as services heading toward anything can be presented as 

service, as shown in figure 1. Still, it is not always feasible to transfer big data generated by sensors to 

the cloud for processing and storage. Moreover, several IoT applications require faster processing, only 

present-day cloud incapable of meeting such applications' latency requirement [2]. The problem is 

approached using FC, which involves harnessing the computing power of devices close to a user to help 

with the storage and processing of data [3]. FC's different goals include efficiency improvements, data 
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size reduction required to be transmitted to the cloud for data processing, analysis, and storage⁠. The 
leading cause for this is often performance, but security and compliance can be other reasons [4]. 

Recently the AI algorithms have been applied to IoT data analysis. End-user devices at the lowest layer 

of the network carry many unwanted features, such as insufficient memory, an inadequate low 

communication bandwidth, low processing power, and heterogeneous hardware that differ from the 

cloud infrastructure [5]. 

 

Figure. 1:  Intelligent task scheduling in edge-fog computing environments 

Computing technologies have advanced in various areas throughout the last decade, such as AI, GPU 

computing, cloud computing, and various hardware enhancements [6]. ML is the most widely 

implemented AI algorithm in various fields. Researchers have used ML to overcome networking 

problems in several earlier studies, including network routing, security, traffic engineering, and resource 

allocation [7]. ML plays a significant role in creating a smart/intelligent environment where autonomous 

management and operation are concerned. The significance of ML is extended to IoT, as without it, IoT 

will not be possible in terms of performing functional, monitoring, or preprocessing tasks [8]. Moreover, 

meeting the IoT's diverse QoS demands remains a formidable issue due to the IoT devices' resources 

limited nature. Thus, describing ML concerning fog, cloud, and edge computing for IoT deployment is 

critical [9]. 

2. LITERATURE SURVEY 

Leena, et al. [10] proposed work deals with an efficient algorithm of task scheduling amidst the fog 

nodes with an improvement in the energy utility. The research provided an improved hybrid heuristics 

approach that helps in the proper utilization of the fog nodes that are limited in terms of computational 

resources and energy. It compares the proposed work with the existing heuristic algorithms and is 

proved to be superior, and a mathematical analysis of the objectives has also been presented. The 

proposed algorithm shows a reduction in service time by 18% as compared to neural networks and 

improvement in energy efficiency of about 29% as compared to the existing heuristics with a significant 

40% reduction in the average delay of the system as compared to the use of Deep neural networks. 

Tian, et al. [11] adopted this method is based on the Ant Lion Optimizer (ALO. Firstly, chaotic mapping 

is to initialize the population, and the quality of the initial population is improved; secondly, the 

International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04, April, 2026

ISSN:2250-3676 www.ijesat.com Page 2097 of 2106



Adaptive Random Wandering (ARW) method is designed to improve the solution efficiency; finally, 

the improved Dynamic Opposite Learning Crossover (DOLC) strategy is embedded in the generation-

hopping stage of the ALO to enrich the diversity of the population and improve the optimization-seeking 

ability of ALO. HALO is used to optimize the scheduling scheme of fog computing tasks. The 

simulation experiments are conducted under different data task volumes, compared with several other 

task scheduling algorithms such as the original algorithm of ALO, Genetic Algorithm (GA), Whale 

Optimizer Algorithm (WOA) and Salp Swarm Algorithm (SSA). HALO has good initial population 

quality, fast convergence speed, and high optimization-seeking accuracy. The scheduling scheme 

obtained by the proposed method in this paper can effectively reduce the latency of the system and 

reduce the energy consumption of the system. Anand, et al. [12] proposed the scheduling plays a crucial 

role in offloading decisions in multi-access edge computing. The motivations for scheduling are to 

improve the quality of the experience, reduce latency, and increase performance. They explore the 

various scheduling techniques available for MEC systems, including static scheduling, dynamic 

scheduling, heuristics, meta-heuristics and hybrid scheduling. They analysed the advantages and 

disadvantages of each technique and discuss how they can be used to optimize the performance of MEC 

applications. They also present a case study of an MEC system and demonstrate how the various 

scheduling techniques can be used to maximize its performance.  

Ahanger, et al. [13] presented the IoT-Edge-Fog Computing a trio-logical model for decentralized 

computing in a time-sensitive manner. To address the rising need for real-time information processing 

and decision modelling, task allocation among dispersed Edge Computing nodes has been a major 

challenge. State-of-the-art task allocation techniques such as Min–Max, Minimum Completion time, 

and Round Robin perform task allocation, but several limitations persist including large energy 

consumption, delay, and error rate. Henceforth, the current work provides a Quantum Computing-

inspired optimization technique for efficient task allocation in an Edge Computing environment for 

real-time IoT applications. Furthermore, the QC-Neural Network Model is employed for predicting 

optimal computing nodes for delivering real-time services. To acquire the performance enhancement, 

simulations were performed by employing 6, 10, 14, and 20 Edge nodes at different times to schedule 

more than 600 heterogeneous tasks. Empirical results show that an average improvement of 5.02% was 

registered for prediction efficiency. Similarly, the error reduction of 2.03% was acquired in comparison 

to state-of-the-art techniques. Abdulkareem, et al. [14] reviewed AI applications within fog computing 

environments, adhering to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) methodology to ensure rigorous analysis. The review identifies critical issues such as 

resource constraints, transparency in AI-driven security systems, and the need for adaptable AI models 

to address evolving security threats. In response, innovative solutions such as lightweight AI models 

(e.g., Pruned Neural Networks, Quantized Models, Knowledge Distillation), Explainable AI (XAI) 

(e.g., Model-Agnostic Methods, Feature Importance Analysis, Rule-Based Approaches), and federated 

learning are proposed. Additionally, a novel taxonomy is introduced, categorizing AI techniques into 

resource management, security enhancement, and privacy preserving methods, offering a structured 

framework for researchers and practitioners. 

Sun, et al. [15] proposed a hierarchical data job scheduling strategy Based on Intelligent Sensor-Cloud 

in Fog Computer (HDJS). HDJS dynamically adjusts the priority of the job to avoid job starvation and 

maximize the use of resources, uses the key frame to the resource occupied information, distributes the 

frame sequence to the unit, and then combines the intra frame distribution strategy to balance the load 

between the nodes. The experimental results show the proposed strategy may be possible to avoid the 

operation of hunger and resource fragmentation problems, make full use of the advantages of multi-

core and multi-thread, improve system resource utilization, and shorten the execution time and response 

time. 
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3. Proposed System 

The proposed methodology establishes a systematic approach for building an intelligent, data-driven 

task scheduling system capable of operating efficiently under dynamic and resource-constrained 

conditions. It incorporates a structured pipeline that begins with data ingestion, preprocessing, and 

feature extraction, followed by multi-model learning and predictive analysis. Classical machine 

learning models are combined with a hybrid deep-learning and rule-based classifier to improve 

accuracy, adaptability, and decision reliability described in figure 2. A lightweight storage mechanism 

ensures smooth data management while a web-based interface facilitates real-time interaction, 

visualization, and monitoring. Continuous model retraining further enhances performance, enabling the 

methodology to adapt to evolving workload behaviours and maintain long-term efficiency. 

 

Figure. 2: System architecture 

User Interface (Web Browser) 

● The user interacts with the system through a browser-based graphical interface. 

● They can perform actions like login, dataset upload, single/batch prediction, EDA viewing, and 

model retraining. 

● All user interactions are converted into HTTP requests and sent to the Flask web server. 

Flask Web Server (app.py) 

● The Flask backend receives the requests from the UI and routes them to the correct functions. 

● It controls user authentication, prediction requests, data retrieval, and model management. 

● The server reads from and writes to the TinyDB database, ensuring seamless communication 

between UI, models, and stored records. 

● It also triggers model retraining signals when the admin initiates re-training. 

TinyDB Database (tinydb_db.json) 

● TinyDB stores all persistent information needed for system operation. 
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● It keeps records of registered users, prediction history, model performance logs, and retraining 

metadata. 

● The database interacts with the Flask server for fast read/write operations. 

● Its JSON-based structure ensures portability for edge–fog computing environments. 

Raw Data (CSV Input) 

● The workload dataset (CSV file) serves as the primary input source. 

● It contains numerical and categorical features such as CPU utilization, error rate, throughput, 

memory usage, bandwidth, and active users. 

● This data flows directly into the preprocessing pipeline for feature extraction. 

Data Preprocessing & Feature Extraction (ml_utils.py) 

● The raw dataset undergoes cleaning, scaling, and encoding to prepare it for ML model input. 

● Numeric features are standardized, while categorical features are label-encoded. 

● Feature vectors are generated for each task instance, creating a consistent numerical format for 

training and prediction. 

● This processed feature set is forwarded to all baseline and hybrid models. 

Existing Baseline Models (PAC, GNB, KNNC) 

● The pre-processed feature vector is passed to the baseline models: 

o PAC: Fast large-scale linear model. 

o GNB: Probabilistic classifier for feature distributions. 

o KNNC: Distance-based instance classifier. 

● These models generate independent predictions for each of the three target variables: 

1. Job Priority 

2. Scheduler Type 

3. Resource Allocation Type 

● Their results contribute to overall model comparison and evaluation. 

Proposed Hybrid CRN-GRIM Classifier: This is the core intelligent fusion model of the system. 

1. CRN  

● The CRN processes the feature vector through: 

o Convolutional layers to learn feature interactions 

o Long Short-Term Memory (LSTM) layers to capture sequence and temporal 

dependencies 

o Dense layers to generate final prediction logits 

● This deep learning path produces one set of predictions. 

2. GRIM 

● GRIM uses a compressed Random Forest (RF) to generate predictions. 
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● It extracts rule-based decision structures for interpretability. 

● Produces a second set of predictions. 

Selection Logic (Best Model Selection) 

● The framework evaluates CRN and GRIM output accuracies. 

● The model with the highest accuracy becomes the Selected Best Model for final prediction. 

● This “deep-decision fusion” ensures maximum accuracy while retaining interpretability. 

Prediction Results & Target Output 

● After predictions from the baseline and hybrid models, the system outputs results for the three 

main scheduling tasks: 

o Target 1: Job Priority 

o Target 2: Scheduler Type 

o Target 3: Resource Allocation Type 

● The results are displayed in the UI and stored in TinyDB. 

● The system may also compute confidence scores, probabilities, and model-wise comparisons. 

Retrain Signal (Admin-Initiated) 

● When the admin chooses to retrain models from the UI, a retrain signal is sent to the pipeline. 

● The preprocessing module reloads updated datasets. 

● Baseline models and the CRNGRIM hybrid classifier are retrained to improve accuracy. 

● Updated model performance stats are stored in TinyDB, completing the adaptive learning cycle. 

4. Results description 

The results of the proposed system demonstrate the effectiveness of integrating multiple machine 

learning models with a hybrid CRN-GRIM approach for workload classification in edge–fog 

environments. The system was evaluated using key performance metrics such as accuracy, precision, 

recall, F1-score, and AUC to ensure comprehensive assessment. Experimental outcomes indicate that 

the hybrid CRN-GRIM model achieved superior performance compared to traditional classifiers like 

PAC, GNB, and KNN. The inclusion of deep learning through LSTM layers enabled better pattern 

recognition, while the GRIM component enhanced interpretability. Visualization tools such as 

confusion matrices and ROC curves further validated the reliability of the predictions. Additionally, the 

system maintained consistent performance under varying workload conditions, demonstrating 

robustness and scalability. 
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Figure. 3: Detailed classification performance analysis for job priority (CRN-GRIM Classifier) 

Figure 3 displays the performance of the hybrid CRN-GRIM classifier on the Job Priority prediction 

task. It shows the key metrics accuracy, precision, recall, and F1-score at the top. Below, a confusion 

matrix reveals the classification results across all priority classes, and a multi-class ROC curve with 

individual AUC values per class highlights the model’s strong separation capability. Classifier tabs 

allow instant switching among models for direct comparison on the Job Priority target. 

 

Figure. 4: Detailed classification performance analysis for scheduler type (CRN-GRIM Classifier) 

Figure 4 showcases the performance of the hybrid CRN-GRIM classifier on the Scheduler Type 

prediction task. It displays near-perfect accuracy, precision, recall, and F1-score at the top. A confusion 

matrix clearly demonstrates highly accurate classification across all scheduler categories with minimal 

misclassifications, while the multi-class ROC curve with extremely high AUC values for each scheduler 

type confirms outstanding discriminative power. Classifier selection tabs allow instant comparison with 

other models on the same target. 
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Figure. 5: Detailed classification performance analysis for resource allocation type (CRN-GRIM 

Classifier) 

Figure 5 demonstrates the performance of the hybrid CRN-GRIM classifier on the Resource Allocation 

Type prediction task. It exhibits near-perfect accuracy, precision, recall, and F1-score. The confusion 

matrix shows extremely high correct classification rates with only minimal misclassifications between 

dynamic and static allocation strategies. The accompanying ROC curve, with an AUC very close to 1.0, 

confirms exceptional discriminative capability for distinguishing between the two resource allocation 

types. Classifier selection tabs enable immediate comparison with other models on the same Resource 

Allocation Type target. 

Figure 6 displays the outcome of a batch prediction operation performed on an uploaded dataset. It 

presents a tabular view listing the first set of processed rows, with each row showing the individual 

predictions generated by all four classifiers (PAC, GNB, KNNC, and CRN-GRIM) for the three 

scheduling decisions: Job Priority, Scheduler Type, and Resource Allocation Type. The table enables 

users to quickly compare the predictions of different models’ side-by-side for multiple workload records 

simultaneously, facilitating bulk analysis and decision-making in real-world deployment scenarios. 

 

Figure 6: Batch prediction results interface 

Table. 1: Performance comparison of classifiers for job priority prediction 

Classifier Accuracy Precision Recall F1-Score 
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PAC 0.3432 0.3441 0.3432 0.3145 

GNB 0.3507 0.3485 0.3507 0.3314 

KNNC 0.4792 0.4817 0.4792 0.4796 

CRN-GRIM 0.9701 0.9703 0.9701 0.9701 

 

Table. 2: Performance comparison of classifiers for scheduler type prediction 

Classifier Accuracy Precision Recall F1-Score 

PAC 0.2590 0.2587 0.2590 0.2559 

GNB  0.2707 0.2694 0.2707 0.2662 

KNNC 0.3957 0.3975 0.3957 0.3938 

CRN-GRIM 0.9636 0.9636 0.9636 0.9636 

 

Table 1 presents a comparative evaluation of classifiers for Job Priority prediction. Traditional models 

such as PAC, GNB, and KNNC deliver moderate performance, with KNNC achieving the highest 

accuracy among them at 0.4792. Although these baseline models capture certain workload trends, their 

relatively lower precision, recall, and F1-scores indicate limited ability to generalize across complex 

job patterns. In contrast, the CRN-GRIM hybrid classifier significantly outperforms all others, 

achieving an exceptional accuracy of 0.9701, demonstrating its strong capability in learning temporal 

features and extracting interpretable rules. This highlights the superiority of the hybrid deep-decision 

fusion model for priority-based scheduling tasks. 

Table 2 shows the performance comparison of different classifiers for predicting Scheduler Type. The 

PAC and GNB models show low predictive capability, with accuracy values around 0.26–0.27, 

indicating difficulty in handling diverse scheduling categories. The KNNC model performs better with 

an accuracy of 0.3957, showing its effectiveness in capturing instance-based similarities. However, the 

CRN-GRIM classifier again leads with an outstanding accuracy of 0.9636, along with equally strong 

precision, recall, and F1-score. This demonstrates that the hybrid model successfully captures deeper 

structural and temporal patterns required for selecting appropriate scheduling strategies. 

Table. 3: Performance comparison of Classifiers for Resource Allocation Type Prediction 

Classifier Accuracy Precision Recall F1-Score 

PAC 0.5040 0.5227 0.5040 0.3985 

GNB 0.5170 0.5169 0.5170 0.5142 

KNNC 0.6245 0.6245 0.6245 0.6245 

CRN-GRIM 0.9715 0.9716 0.9715 0.9715 

 

Table 3 highlights the comparative performance of classifiers for Resource Allocation Type prediction. 

Among the baseline models, KNNC achieves the highest accuracy of 0.6245, indicating reasonable 

capability in identifying resource distribution patterns, while PAC and GNB show moderate to low 

performance. Despite this, the CRN-GRIM model far surpasses all others with an accuracy of 0.9715 
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and consistently strong evaluation metrics across all four categories. The results confirm that the hybrid 

model effectively integrates deep feature extraction with rule-based interpretability, enabling highly 

reliable predictions for resource allocation decisions. 

5. Conclusion 

The proposed Deep-Decision Fusion Framework successfully integrates classical machine learning 

models with the hybrid CRN-GRIM classifier to deliver highly accurate predictions across all three 

scheduling tasks Job Priority, Scheduler Type, and Resource Allocation Type. The system demonstrates 

clear performance improvements, where CRN-GRIM consistently outperforms PAC, GNB, and KNNC 

with accuracies exceeding 96–97%, compared to the baseline models which remain within the 25–62% 

range. This significant improvement results from combining deep temporal feature extraction with 

interpretable rule-based decision mechanisms, allowing the system to model complex workload 

behaviours effectively. The web-based implementation ensures seamless data preprocessing, 

visualization, model training, and prediction, while TinyDB provides lightweight and persistent storage 

of user and prediction records. The comparative analysis validates the effectiveness of the hybrid 

approach, proving that deep-decision fusion achieves superior generalization, robustness, and reliability 

for dynamic task scheduling in edge–fog environments.  
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