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Abstract

Energy consumption in cloud-based relational database management
systems (RDBMS) has emerged as a critical challenge facing modern
data centers, with operational energy costs accounting for up to 40%
of total infrastructure expenditure. Traditional query scheduling
strategies, including First-Come-First-Served (FCFS) and Shortest-
Job-First (SJF), prioritize performance optimization while neglecting
explicit energy consumption considerations. This study proposes an
Energy-Driven Adaptive Scheduling (EDAS) algorithm that
dynamically prioritizes queries based on estimated CPU utilization,
disk I/O costs, and historical energy profiles without requiring
modifications to the underlying database engine. Experimental
evaluation was conducted on a cloud-based MySQL 8.0 system
deployed on Amazon Web Services (AWS) EC2 instances using light
(50 queries), medium (150 queries), and heavy (300 queries)
workloads derived from Sakila and TPC-H benchmarks. Results
demonstrate that energy-aware scheduling exhibits workload-
dependent performance characteristics: SJF achieves optimal energy
efficiency under light and medium workloads with 14.2% and 16.0%
savings respectively, while EDAS achieves measurable energy
savings of 10.4%, 12.3%, and 20.5% under heavy workloads
compared to FCFS, SJF, and baseline scheduling approaches. EDAS
demonstrates greater resilience under CPU throttling conditions,

maintaining 15.8% energy reduction when processor frequency drops
from 2.5 GHz to 1.8 GHz. The energy-delay product (EDP) improves
by 18.7% under heavy workloads, indicating superior energy-
performance trade-offs. This study establishes the importance of workload-aware query scheduling for
improving cloud database energy efficiency and provides practical guidelines for implementing energy-
conscious scheduling in production RDBMS environments. The proposed approach reduces operational
costs by approximately $1,247 annually per mid-sized database instance while maintaining ACID
compliance and query performance guarantees.

Keywords: energy-aware computing, query scheduling, cloud database, green computing, energy efficiency,
adaptive scheduling, TPC-H benchmark, energy-delay product

1. Introduction

Cloud-based relational database management systems form the backbone of contemporary enterprise
applications, supporting everything from e-commerce platforms to financial transaction systems and
healthcare records. The global cloud database market reached $43.6 billion in 2024 and projects sustained
growth at 23.4% compound annual growth rate through 2029, driven by digital transformation initiatives and
migration from on-premises infrastructure . This exponential growth in cloud database adoption correlates
directly with escalating energy consumption patterns in data centers worldwide. Data centers consumed
approximately 205 terawatt-hours (TWh) of electricity globally in 2023, representing 1.0% of total global
electricity demand, with database workloads accounting for an estimated 18-25% of this consumption 2. In
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cloud-based RDBMS environments, energy consumption manifests through multiple vectors: CPU
processing for query execution, disk I/O operations for data retrieval and writing, memory operations for
caching and buffer management, and network transformations for distributed query processing 3. The
International Energy Agency (IEA) projects that data center energy demand will double by 2026, reaching
420 TWh annually, with cloud database services representing the fastest-growing segment 4. Traditional
query scheduling strategies employed by commercial RDBMS vendors, including MySQL, PostgreSQL, and
Oracle Database, prioritize performance metrics such as response time, throughput, and fairness while
treating energy consumption as an indirect consequence rather than an explicit optimization objective 3.
First-Come-First-Served (FCFS) scheduling, the default approach in most database systems, processes
queries in arrival order without considering computational complexity or energy requirements. Shortest-Job-
First (SJF) scheduling optimizes for average response time by prioritizing queries with estimated shortest
execution times but fails to account for energy-per-operation efficiency ¢,

The fundamental research gap addressed in this study concerns the absence of energy-conscious query
scheduling mechanisms specifically designed for cloud-based relational databases that maintain ACID
(Atomicity, Consistency, Isolation, Durability) transaction guarantees. Existing green computing research
predominantly focuses on (virtualization-level) energy management, dynamic voltage and frequency scaling
(DVES) at the hardware level, or NoSQL database systems that relax consistency requirements 2. Relational
databases present unique challenges including complex query optimization trees, join operations with non-
linear computational complexity, and transaction isolation levels that constrain scheduling flexibility .

This study proposes an Energy-Driven Adaptive Scheduling (EDAS) algorithm that integrates energy
estimation models with traditional query optimization without modifying the underlying database engine.
The EDAS approach operates at the middleware layer, intercepting queries before submission to the
database engine, estimating energy costs based on query plan characteristics, and reordering execution to
minimize total energy consumption while respecting performance constraints !, The algorithm employs
adaptive weighting mechanisms that dynamically adjust scheduling priorities based on real-time workload

characteristics, system load, and energy pricing signals from cloud providers 1%,

The primary contributions of this research are fourfold. First, this study develops a comprehensive energy
estimation model for relational database query operations that incorporates CPU cycles, disk I/O operations,
memory bandwidth, and network utilization X1, Second, the EDAS algorithm implements workload-aware
adaptive scheduling that achieves 10.4-20.5% energy reduction under heavy workloads while maintaining
response time within 5% of baseline FCFS performance 12!, Third, experimental validation demonstrates
that energy-aware scheduling exhibits workload-dependent optimality, with different scheduling strategies
achieving superior performance under varying query volumes and complexity distributions 12!, Fourth, this
research provides practical implementation guidelines for cloud database administrators seeking to reduce
operational energy costs without compromising service-level agreements (SLAs) 14 The remainder of this
manuscript is organized as follows: Section 2 reviews related work on energy-efficient database systems and
query scheduling. Section 3 details the EDAS algorithm architecture and energy estimation methodology.
Section 4 describes the experimental setup, including hardware configuration, workload generation, and
performance metrics. Section 5 presents experimental results with statistical analysis. Section 6 discusses
implications, limitations, and practical considerations. Section 7 concludes with directions for future
research.

2. Related Work

2.1 Energy-Efficient Database Systems

Research on energy-efficient database systems has evolved through three distinct phases since the
emergence of green computing as a research paradigm in 2007. The initial phase (2007-2012) focused on
hardware-level optimizations including low-power storage devices, energy-proportional computing
architectures, and data center cooling improvements 3. Barroso and Hélzle established the foundational
principle of energy-proportional computing, demonstrating that modern data centers operate at 10-50%
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capacity utilization while consuming 60-80% of peak power, creating substantial opportunities for energy
optimization 16!,

The second phase (2013-2019) shifted attention to database management system software optimizations,
recognizing that application-level energy management can achieve synergistic effects with hardware-level
techniques 4. Rao et al. developed the first power-aware query optimizer (P-DBMS), integrating power
consumption models into traditional cost-based query optimization frameworks U8 Their experimental
results demonstrated 15-30% energy savings through power-aware plan selection without significant
performance degradation, establishing the feasibility of energy-conscious database optimization at the
software level.

The current phase (2020-present) emphasizes holistic approaches combining hardware, operating system,
and application-level optimizations with machine learning-based predictive modeling ). Recent surveys by
Chen et al. and Kumar et al. catalogued over 200 energy management techniques for database systems,
classifying them into consumption modeling approaches and energy-saving techniques. Consumption
modeling approaches include physical models based on resource consumption patterns, empirical models
derived from measurement data, and hybrid models combining theoretical and observational components.

2.2 Query Scheduling and Energy Optimization

Query scheduling research addressing energy efficiency has emerged as a distinct subfield within database
optimization literature. Traditional scheduling algorithms focus on performance metrics including response
time, throughput, fairness, and prioritization. Energy-aware scheduling extends these objectives to include
energy consumption as an explicit optimization criterion, creating multi-objective optimization problems
requiring trade-off analysis.Liu and Guo investigated energy-efficient scheduling of periodic real-time tasks
on multi-core processors with voltage islands, demonstrating that frequency selection strategies can achieve
25-35% energy reduction while meeting deadline constraints. Their frequency selection approach for energy-
aware cloud databases employs dynamic voltage and frequency scaling (DVFS) combined with task
consolidation, though this approach requires hardware-level modifications that limit applicability to cloud
environments where hardware control remains restricted to infrastructure providers 2% Wang et al.
developed workload-aware energy-efficient query scheduling for cloud database systems, proposing an
Energy-Driven Adaptive Scheduling (EDAS) strategy similar in concept to the approach presented in this
study . Their experiments on cloud-based MySQL systems using Sakila and TPC-H benchmarks
demonstrated that energy-aware scheduling performance exhibits workload dependency, with SJF achieving
optimal results under light and medium workloads while EDAS outperforms under heavy workloads with
12-18% energy savings. This finding aligns with observations in the current study, validating the importance
of adaptive scheduling strategies that adjust to workload characteristics.

2.3 Green Cloud Computing and Database Systems

Green cloud computing integrates eco-friendly practices into cloud services to reduce energy consumption
and environmental impact while maintaining high performance standards. The integration of green
computing principles with cloud database services presents unique challenges including multi-tenancy
effects, resource contention, variable workloads, and pricing models that decouple energy costs from direct
consumption.Aggrawal et al. examined green cloud computing frameworks for sustainable data centers,
identifying key strategies including virtual machine consolidation, dynamic resource allocation, renewable
energy integration, and energy-aware scheduling algorithms. Their analysis revealed that query scheduling
optimization can achieve 15-25% energy reduction in cloud database environments without requiring
infrastructure  modifications, representing the most cost-effective approach for immediate
deployment.Recent research by VRIZE explored Al-driven self-healing systems powering autonomous and
resilient digital enterprises, emphasizing the convergence of energy efficiency with autonomous operations
and predictive maintenance. These systems combine real-time monitoring, machine learning, and predictive
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analytics to identify anomalies early and neutralize risks proactively, suggesting future directions for energy-
aware scheduling that incorporate predictive workload modeling and autonomous adaptation.

2.4 Research Gap and Positioning

Despite substantial progress in energy-efficient database research, critical gaps remain that this study
addresses. First, existing energy-aware scheduling approaches predominantly target NoSQL or distributed
database systems that relax ACID guarantees, leaving relational database systems underserved despite their
continued dominance in enterprise applications. Second, most scheduling algorithms assume static workload
characteristics, failing to adapt to dynamic workload patterns typical of cloud environments. Third, few
studies provide comprehensive experimental validation across multiple workload intensities, limiting
practical guidance for database administrators. Fourth, energy estimation models often require database
engine modifications or hardware-level access that remain impractical in cloud deployment scenarios.The
EDAS algorithm presented in this study positions itself within this landscape by addressing these gaps
through middleware-layer operation requiring no database engine modifications, adaptive weighting
mechanisms responding to workload dynamics, comprehensive experimental validation across
light/medium/heavy workloads, and energy estimation based on observable query plan characteristics
available through standard database interfaces.

3. Methodology

3.1 System Architecture

The Energy-Driven Adaptive Scheduling (EDAS) framework operates at the middleware layer between
application clients and the cloud-based RDBMS, intercepting queries before submission to the database
engine. The architecture comprises five primary components: Query Parser, Energy Estimator, Adaptive
Scheduler, Database Engine Interface, and Performance Monitor, interconnected through a message bus
enabling asynchronous communication and component decoupling.
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Figure 1: Architecture diagram of EDAS framework

Query Parser Component: The Query Parser intercepts incoming SQL statements, performs syntactic
validation, and extracts query metadata including operation type (SELECT, INSERT, UPDATE, DELETE),
table references, predicate complexity, and estimated result set size. The parser utilizes MySQL's EXPLAIN
command to generate query execution plans without actual execution, extracting operator types, join
algorithms, index utilization, and estimated row counts.

Energy Estimator Component: The Energy Estimator applies mathematical models to predict energy
consumption for each query based on execution plan characteristics. The energy model decomposes total
consumption into CPU energy, disk I/O energy, memory energy, and network energy components:

Etotal = ECPU + EI/O + Ememory + Enetwork [1]
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where CPU energy is modeled as:

— — 2
ECPU - PCPU X texecution - (denamic + Pstatic) X texecution[ ]

with dynamic power calculated as:

denamic = Cepp X V2 x fx Ncycles[s]

where C,sf represents effective capacitance, V represents supply voltage, f represents clock frequency, and
N¢ycies Tepresents estimated CPU cycles based on query plan complexity .

Disk I/O energy is modeled as:

EI/O = Nreads X Eread + Nwrites X Ewrite [4]

where Nqqqs and N,,.-i1es represent estimated read and write operations extracted from query plan I/O cost
estimates, and E,..,q and E,, ;. represent empirically measured energy per operation for the specific storage
subsystem .

Adaptive Scheduler Component: The Adaptive Scheduler implements the core scheduling algorithm,
maintaining a query queue and applying priority rules based on energy estimates, arrival timestamps, and
performance constraints. The scheduler employs a scoring function combining multiple factors:

1
——— Wy X ————
tarrival (Q) tdeadline (Q)

where weights w;, w,, and w; are dynamically adjusted based on workload characteristics using adaptive
weighting mechanisms:

Score(q) = wy X + w, X [°]

Eestimated (CI)

wy(t) = a x %Lm+ B X Load(t) [°]

max

with @ = 0.6, f = 0.4, Eg,4(t) representing rolling average energy consumption, Ejq, representing
maximum observed energy, and Load (t) representing current system load .

Database Engine Interface Component: The Database Engine Interface manages connections to the
MySQL database, handles query submission, result retrieval, and transaction management. This component
implements connection pooling to minimize connection establishment overhead and ensures ACID
compliance through proper transaction boundary management.

Performance Monitor Component: The Performance Monitor collects runtime metrics including actual
execution times, energy consumption measurements (via Intel RAPL or external power meters), query
throughput, and system resource utilization. These measurements feed back into the Energy Estimator for
model calibration and into the Adaptive Scheduler for weight adjustment.

3.2 Energy Estimation Model

The energy estimation model employs a hybrid approach combining physical models based on resource
consumption patterns with empirical corrections derived from measurement data. The model operates at
three levels of granularity: query-level estimation for scheduling decisions, operation-level estimation for
model calibration, and system-level estimation for validation 2L,

At the query level, energy estimation proceeds through the following steps:

Step 1: Parse query and generate execution plan using EXPLAIN.
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Step 2: Extract operator types and estimated costs:

e Table scan operators: CoStscan = Nrows X COStrow can

e Index lookup operators: CoStingex = Niookups X COStindex ccess
e Join operators: Costjoin = Noyter X Ninner X COStjoin_operator
e Sort operators: Costgort = Nrows X 1082 (Nrows) X COSteompare

Step 3: Map operator costs to resource consumption:

o CPU CyCIeS: Ncycles = Zoperators COStoperator X Cydesper_cost_unit

e Disk I/O operations: NI/O = Zoperators COStoperator X I/Oper_cost_unit
e Memory operations: Nmemory = Zoperators COStoperator x MemorYper_cost_unit

Step 4: Calculate energy components using formulas - above.

Step 5: Apply empirical correction factors derived from measurement data:

— 7
Ecorrected - Epredicted X (1 + Ecalibration) [ ]

where €.q1ipration TEpresents calibration error calculated as rolling average of (Eqcruar — Epredicted) /Eactuat
over recent query executions .

3.3 Scheduling Algorithm

The EDAS scheduling algorithm implements adaptive priority-based scheduling with the following
pseudocode:

Algorithm 1: EDAS Adaptive Scheduling

Input: Query queue Q, Current time t, System state S
Output: Next query to execute q_next

1: for each query q in Q do

2:  if q not estimated then

3: Execute plan = EXPLAIN(q.sql)

4: E estimate[q] = EnergyEstimator(Plan, S)
5: endif

6:

7:  Calculate arrival time factor =1/ (t - g.arrival _time + ¢€)

8:  Calculate energy factor =1/E_estimate[q]

10:  if workload == "light" then
11: w_energy = 0.3, w_arrival = 0.7

12: else if workload == "medium" then
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13: w_energy = 0.5, w_arrival = 0.5

14: else if workload == "heavy" then

15: w_energy = 0.7, w_arrival = 0.3
16: endif
17:

18:  Score[q] =w_energy x energy factor + w_arrival X arrival time factor
19: end for

20:

21: q next=argmax_ {q € Q} Score[q]

22: return q_next

The algorithm achieves O(n log n) time complexity for n queued queries due to priority queue operations,
with energy estimation adding O(1) overhead per query after initial EXPLAIN execution .

3.4 Workload Characterization
Three workload categories were defined based on query volume, complexity distribution, and concurrency

levels:

Light Workload: 50 queries over 10 minutes (5 queries/minute), 70% simple SELECT queries, 20%
INSERT operations, 10% UPDATE/DELETE, single concurrent query, average query complexity score 2.3
(scale 1-10), derived from Sakila benchmark Customer and Film tables 22,

Medium Workload: 150 queries over 15 minutes (10 queries/minute), 50% SELECT queries with moderate
complexity, 30% INSERT, 20% UPDATE/DELETE, 2-3 concurrent queries, average complexity score 4.7,
derived from Sakila benchmark with additional JOIN operations 22!,

Heavy Workload: 300 queries over 20 minutes (15 queries/minute), 40% complex SELECT with multiple
JOINs, 30% INSERT, 20% UPDATE, 10% DELETE, 5-10 concurrent queries, average complexity score
7.2, derived from TPC-H benchmark queries Q1, Q3, Q8, Q10 scaled to 1GB database 124,

4. Experimental Setup

4.1 Hardware Configuration

Experiments were conducted on Amazon Web Services (AWS) EC2 m5.2xlarge instances with the
following specifications:

Table 1: Experimental Hardware Configuration

Parameter Specification

CPU Intel Xeon Platinum 8259CL (2.5 GHz base, up to 3.4 GHz turbo)
vCPUs 8 virtual cores

Memory 32 GB DDR4 ECC

Storage 100 GB Amazon EBS gp3 (3,000 IOPS, 125 MB/s throughput)
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Network Up to 10 Gbps bandwidth

Operating System Ubuntu Server 22.04 LTS

Power Measurement | Intel RAPL (Running Average Power Limit) via MSR registers

The Intel RAPL interface provides energy consumption measurements at the package level with 1 millijoule
resolution and 1 second sampling interval, validated against external Yokogawa WT310E power meter with
+1% measurement uncertainty 131,

4.2 Software Configuration

Table 2: Software Configuration Parameters

Component Version Configuration

Database MySQL 8.0.35 default configuration with modifications below
Buffer Pool 8 GB innodb_buffer pool size = 8G

Connection Pool 200 connections max_connections = 200

Query Cache Disabled query _cache type =0

EDAS Middleware Custom Python 3.11 single-threaded event loop

Workload Generator | sysbench 1.0.20 custom Lua scripts

Monitoring Prometheus 2.45 + Grafana 10.1 | 10-second scrape interval

MySQL configuration optimized for consistent performance while enabling EDAS intervention at the
middleware layer. Query cache disabled to eliminate caching effects that would obscure energy consumption
patterns from query execution 16!,

4.3 Benchmark Datasets

Sakila Benchmark: MySQL sample database containing DVD rental store data with 16 tables, 1,000 film
records, 5,000 customer records, 100,000 rental transactions. Database size: 4.2 MB. Used for light and
medium workloads due to moderate complexity and realistic query patterns 27,

TPC-H Benchmark: Decision support benchmark with 8 query templates representing complex analytical
queries. Scale factor 1 (1 GB database) with tables: lineitem (6 million rows), orders (1.5 million rows),
customer (150,000 rows), supplier (10,000 rows), part (200,000 rows). Used for heavy workload due to
computational intensity and JOIN complexity 12,

4.4 Performance Metrics
Primary metrics measured for each experimental run:

1. Total Energy Consumption (kWh): Integrated power consumption over experiment duration
measured via Intel RAPL.

2. Average Response Time (seconds): Mean query execution time from submission to result
completion.

3. Throughput (queries/second): Number of queries completed per unit time.
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4. Energy-Delay Product (EDP): Composite metric combining energy and performance:

EDP = E;p¢q1 X

tresponse [8]

baseline

where t},4se1ine T€presents response time under FCFS scheduling 2.

5. Energy Savings (%): Relative reduction compared to baseline:

Savings =

Ebaseline

proposed

Ebaseline

X 100% [°]

6. Jensen-Shannon Divergence: Statistical measure of workload distribution similarity between test
runs to ensure reproducibility.

4.5 Experimental Procedure

Each experimental configuration executed five times with identical workloads, random seeds fixed for
reproducibility. Procedure for each run:

1. Initialize database with benchmark dataset, warm buffer pool with 100 dummy queries.

2. Start power measurementlogging via Intel RAPL.

3. Begin EDAS scheduling or baseline scheduling (FCFS/SJF).

4. Submit workload through sysbench workload generator.

5. Record all queries completion timestamps and energy measurements.

6. Stop power measurement logging.

7. Calculate metrics from raw data.

8. Verify workload distribution consistency using Jensen-Shannon divergence (< 0.05 threshold).

Statistical significance assessed using paired t-tests with Bonferroni correction for multiple comparisons,
significance threshold o = 0.05. Effect sizes calculated using Cohen's d.

5. Results

5.1 Energy Consumption Analysis

Table 3 presents total energy consumption measurements across three workload categories for three
scheduling strategies: FCFS (baseline), SJF, and EDAS (proposed).(mean * standard deviation, n=5)

Workload | FCFS (kWh) | SJF (kWh) | EDAS (kWh) | EDAS vs FCFS (%) | EDAS vs SJF (%)
Light 125403 108+02 | 11.2+0.3 +10.4% -3.7%

Medium | 38.2+0.8 321+0.7 | 33.5+0.6 +12.3% -4.4%

Heavy 958+ 1.9 885+ 1.7 | 762+1.5 1+20.5% +13.9%

Under light workloads, SJF achieves optimal energy efficiency with 13.6% reduction compared to FCFS (p
< 0.001, Cohen's d = 2.84), while EDAS achieves 10.4% reduction compared to FCFS but consumes 3.7%
more energy than SJF (p =0.042, Cohen's d = 0.89). The superior performance of SJF under light workloads
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stems from reduced queuing overhead and efficient processing of short queries before longer ones,
minimizing idle CPU time.

Under medium workloads, SJF maintains superiority with 16.0% energy reduction compared to FCFS (p <
0.001, Cohen's d = 2.91), while EDAS achieves 12.3% reduction compared to FCFS but 4.4% higher
consumption than SJF (p = 0.038, Cohen's d = 0.92). The performance gap narrows compared to light
workloads as concurrent query processing introduces energy efficiency opportunities through resource
consolidation.

Under heavy workloads, EDAS demonstrates clear superiority with 20.5% energy reduction compared to
FCFS (p < 0.001, Cohen's d = 3.47) and 13.9% reduction compared to SJF (p < 0.001, Cohen's d = 2.63).
The inverted performance ordering compared to light/medium workloads reflects EDAS's adaptive energy
weighting mechanism that prioritizes energy efficiency under high load conditions where cumulative energy
savings compound.

Figure 1 illustrates energy consumption patterns across workloads and scheduling strategies.

Figure 1: Energy Consumption Comparison

Figure 1: Energy consumption comparison across workloads
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Figure 1: Energy consumption comparison across workloads showing FCFS, SJF, and EDAS performance.

Table 4: Energy consumption by query type (Heavy workload breakdown)

Query Type FCFS (kWh) | EDAS (kWh) | Savings (%)
SELECT 28.5 23.1 19.0
INSERT 12.8 11.5 10.2
UPDATE 24.3 19.8 18.5
DELETE 8.9 7.9 11.2
JOIN 15.7 11.4 27.4
AGGREGATE | 5.6 2.5 55.4

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/

Energy savings achieved by EDAS under heavy workloads decompose by query type as shown in Table 4.
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Figure 2: Energy consumption by query type under heavy workload.

Complex analytical queries (JOIN, AGGREGATE) achieve the highest energy savings (27.4% and 55.4%
respectively) due to EDAS's ability to batch similar operations and optimize execution order for reduced
CPU utilization. Simple INSERT operations achieve minimal savings (10.2%) due to deterministic
execution patterns with limited optimization opportunities.

5.2 Response Time Analysis

Table 5: Average Response Time by Workload and Scheduling Strategy (mean + standard deviation,
n=5)

Workload | FCFS (s) SJF (s) EDAS (s) EDAS Overhead (%)
Light 452 +2.1 385+£1.8 42119 -6.9%
Medium 1285+43 | 1152+39 | 122.8+4.1 | -4.4%
Heavy 312.8+9.7 | 298.4+89 | 285.6+82 | +8.7%

Table 5 presents average response time measurements across workload categories.

Under light workloads, SJF achieves 14.8% faster response time compared to FCFS (p < 0.001, Cohen's d =
2.76), while EDAS achieves 6.9% improvement compared to FCFS with 9.1% slower response than SJF (p
= 0.051, Cohen's d = 0.84). The response time overhead remains within acceptable bounds for production
systems where energy-cost trade-offs typically tolerate 5-10% performance degradation.

Under heavy workloads, EDAS achieves 8.7% faster response time compared to FCFS (p = 0.003, Cohen's d
=1.92) and 4.3% faster than SJF (p = 0.028, Cohen's d = 1.31), demonstrating that energy-aware scheduling
can improve both energy efficiency and performance concurrently under resource-constrained conditions
through reduced contention and better resource utilization.

5.3 Energy-Delay Product Analysis

The energy-delay product (EDP) provides a composite metric balancing energy efficiency and performance.
Table 6 presents normalized EDP values with FCFS as baseline (1.00).

Table 6: Energy-Delay Product (Normalized to FCFS Baseline)

Workload | FCFS (normalized) | SJF (normalized) | EDAS (normalized) | EDAS Improvement (%)
Light 1.00 0.82 0.87 +13.0%
Medium 1.00 0.85 0.89 +11.0%
Heavy 1.00 0.91 0.81 +19.0%
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Under heavy workloads, EDAS achieves 19.0% EDP improvement compared to FCFS (p <0.001, Cohen's d
= 3.12) and 11.0% improvement compared to SJF (p = 0.019, Cohen's d = 1.58), demonstrating superior
energy-performance trade-offs. The EDP improvement exceeds individual energy savings (20.5%) due to
concurrent response time improvements (8.7%), indicating that energy-aware scheduling can achieve win-
win outcomes under heavy workloads .
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Figure 3: Energy-delay product comparison

5.4 Scalability Analysis

Figure 4 presents scalability analysis measuring energy consumption as concurrent query count increases
from 10 to 200 queries.
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Figure 4: Energy Consumption vs Query Scalability

Energy consumption scales sub-linearly for EDAS compared to FCFS, with savings increasing from 4.9% at
10 concurrent queries to 22.2% at 200 concurrent queries. This scaling behavior reflects EDAS's ability to
consolidate query execution and reduce idle CPU time as workload intensity increases .

5.5 CPU Throttling Resilience

Under CPU frequency throttling conditions (2.5 GHz — 1.8 GHz), EDAS maintains 15.8% energy reduction
compared to FCFS versus 20.5% under normal conditions, demonstrating graceful degradation. Response
time overhead increases from 8.7% to 12.3% under throttling, remaining within acceptable bounds .

6. Discussion

6.1 Workload-Dependent Optimality

The experimental results establish a fundamental principle: no single scheduling strategy achieves optimal
energy efficiency across all workload conditions. SJF dominates under light and medium workloads due to
reduced queuing overhead and efficient short-query processing, while EDAS achieves superior performance
under heavy workloads through adaptive energy weighting and query consolidation"®! This workload-
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dependent optimality necessitates adaptive scheduling mechanisms that detect workload characteristics and
adjust scheduling policies accordingly, validating the design rationale behind EDAS's adaptive weighting
scheme.

6.2 Practical Implications for Cloud Database Administrators

For cloud database administrators seeking to reduce operational energy costs, the results provide actionable
guidance:

1. Light Workload Scenarios: Deploy SJF scheduling when query volume remains below 10
queries/minute and response time SLAs are stringent (< 50 seconds average). Expected energy savings:
13-16% with response time improvement.

2. Heavy Workload Scenarios: Deploy EDAS when query volume exceeds 15 queries/minute or
concurrent query count exceeds 5. Expected energy savings: 15-20% with maintained or improved
response time.

3. Mixed Workload Scenarios: Implement workload detection mechanisms that automatically
switch between SJF and EDAS based on real-time query volume and complexity metrics. Expected
energy savings: 12-18% with consistent performance.

Annual cost savings for mid-sized database instances (AWS m5.2xlarge at $0.384/hour, energy cost
$0.12/kWh) approximate $1,247 with EDAS under heavy workloads, representing 8.3% reduction in total
cost of ownership.

6.3 Limitations

This study acknowledges several limitations constraining generalizability and practical deployment:

1. Single Database Engine: Experiments conducted exclusively on MySQL 8.0; results may not
generalize to PostgreSQL, Oracle Database, or SQL Server without validation.

2. Cloud Provider Constraints: Energy measurements rely on Intel RAPL interface available on
AWS EC2 instances; other cloud providers may restrict hardware interface access, limiting
measurement accuracy.

3. Workload Simplification: Synthetic workloads derived from Sakila and TPC-H benchmarks may
not capture real-world query distribution patterns, temporal correlations, or bursty request
characteristics.

4. Short-Term Evaluation: Experiments span 10-20 minute workloads; long-term effects including
buffer pool warming, statistical update overhead, and index maintenance remain unexamined.

5. Single-Node Architecture: Experiments limited to single database instance; distributed database
architectures with query sharding and replication introduce additional energy consumption vectors.

6.4 Comparison with Prior Work

The EDAS algorithm achieves energy savings comparable to or exceeding prior work: Liu and Guo reported
25-35% energy reduction through DVFS-based scheduling but required hardware-level modifications
limiting cloud applicability; Wang et al. achieved 12-18% savings with similar EDAS concepts but without
adaptive weighting mechanisms; Rao et al. demonstrated 15-30% savings through power-aware query
optimization requiring database engine modifications. EDAS achieves 10.4-20.5% savings without hardware
or engine modifications, representing the most practical approach for immediate cloud deployment.
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7. Conclusion

This study investigated energy-aware query scheduling in cloud-based relational database systems,
proposing and evaluating the Energy-Driven Adaptive Scheduling (EDAS) algorithm. Experimental results
demonstrate that energy-aware scheduling exhibits fundamental workload-dependent optimality: SJF
achieves superior energy efficiency under light and medium workloads (13.6-16.0% savings), while EDAS
achieves superior performance under heavy workloads (20.5% savings vs FCFS, 13.9% vs SJF). EDAS
achieves 18.7% improvement in energy-delay product under heavy workloads, demonstrating favorable
energy-performance trade-offs. The algorithm operates at the middleware layer requiring no database engine
modifications, enabling immediate deployment in cloud environments.Key findings establish that (1)
energy-optimal scheduling strategies vary by workload intensity, necessitating adaptive mechanisms; (2)
complex analytical queries achieve highest energy savings (27.4-55.4%) through execution order
optimization; (3) energy savings scale sub-linearly with concurrent query count, reaching 22.2% at 200
concurrent queries; (4) EDAS maintains 15.8% energy reduction under CPU throttling conditions
demonstrating resilience; (5) annual cost savings approximate $1,247 per mid-sized database instance .

Future research directions include: (1) extending EDAS to distributed database architectures with query
sharding and replication; (2) integrating machine learning-based workload prediction for proactive
scheduling adjustments; (3) incorporating renewable energy availability signals for carbon-aware
scheduling; (4) evaluating cross-cloud provider deployment with heterogeneous hardware; (5) developing
formal proofs of scheduling optimality under defined workload distributions ¥%.The EDAS algorithm
represents a practical, deployable approach for reducing cloud database energy consumption while
maintaining performance guarantees, contributing to sustainable computing practices and operational cost
reduction in enterprise database environments
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