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Databases run in every data center, yet their energy cost is rarely measured.
TPC-Energy exists but reports only whole-system power, not per-transaction
breakdowns. Without that granularity, system designers cannot tell whether
their engine choice or configuration wastes 2× or 90× more energy than
the alternative.

We benchmark PostgreSQL, MariaDB, and SQLite on identical hardware
under TPC-C and TPC-H, reporting energy per transaction (Wh/Txn). En-
gine architecture alone creates up to 11.6× energy gaps. Within a single
engine, durability guarantees cost 2–90× more energy on direct-to-disk
storage, and a missing index costs up to 9.7×, while across engines, opti-
mizer and execution differences account for up to 6.4×. These differences
are measurable today with existing infrastructure, but invisible in current
benchmarks. Reporting Wh/Txn makes them actionable.

CCS Concepts: • Information systems→Databasemanagement system
engines; • Social and professional topics→ Sustainability.

Additional Key Words and Phrases: Databases, Energy Benchmarking, Sus-
tainability, Green Computing

1 Introduction
Data centers consumed roughly 1.5% of global electricity in 2024
and are on track to double by 2030 [28]. Databases run behind nearly
every application driving that demand [8, 17, 22], yet their energy
consumption is rarely measured [42]. State-of-the-art benchmarks
(TPC-C, TPC-H) record only throughput and latency, query optimiz-
ers ignore energy [33, 66], and cloud dashboards report server-level
power without showing which query caused the spike [5, 49].

Prior work has profiled individual engines under a single bench-
mark [14, 35, 38, 61] or proposed energy-aware DBMS designs [23,
34, 62]. What is missing is a controlled cross-engine comparison that
isolates how architecture and configuration choices affect energy
under the sameworkload and hardware.Without such a comparison,
system designers cannot know whether switching engines, adding
an index, or relaxing durability saves energy, and they cannot justify
the tradeoff.

To close this gap, we benchmark PostgreSQL [57], MariaDB [37],
and SQLite [13] under TPC-C [59] (OLTP) and TPC-H [60] (OLAP)
on identical hardware. These three engines cover two distinct archi-
tectures: client-server with group-commit WAL (PostgreSQL, Mari-
aDB) and embedded with serialized commits (SQLite). We choose
them because they are among themost widely deployed open-source
engines and span these two architectures. By running them under
controlled conditions, we can attribute energy differences to specific
software mechanisms rather than hardware variation.
Following prior work [42, 48, 61], we normalize by useful work

done and report energy per transaction (Wh/Txn).
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We report two findings:

(1) Database architecture determines energy cost, and the
most efficient engine depends on the workload. Post-
greSQL uses 11.6× less energy than SQLite on commit-heavy
writes, but SQLite uses ∼2× less on read-only queries. The
reason is that group-commit WAL amortizes fsync across
transactions, while serialized commits pay per transaction
(§3.1).

(2) Configuration and plan choices affect energy by orders
of magnitude.Within one engine, disabling synchronous
commits saves up to 90× and adding an index up to 9.7×.
Across engines on the same query, optimizer and execution
differences account for up to 6.4×. In particular, durability
has a quantifiable energy cost that ranges from 2× to 90×
depending on the engine and the guarantee level (§3.2).

Once per-transaction energy is visible, it becomes an optimization
target. In §4, we outline how Wh/Txn enables energy-aware query
planning and carbon-aware workload scheduling.

2 Methodology
Our goal is to identify which database components (commit strategy,
storage access, query planning) drive energy differences. All experi-
ments run on dedicated machines under controlled conditions, so
measured differences come from software, not hardware.

Hardware. We run the experiments on an Intel Xeon E3-1225 v6
(3.3 GHz, 4 cores), 32GB DDR4-3200, 500GB 7200 RPM HDD, run-
ning Ubuntu 24.04 LTS. We turn off Hyper-Threading and Turbo
Boost. A 365WDell 80 Plus Gold PSU powers the system.We choose
this hardware because Intel exposes RAPL registers for fine-grained
energy accounting and because a single-socket desktop gives us
full control over the measurement environment, enabling consis-
tent calibration against a wall-power meter. We use an HDD rather
than an SSD to amplify the fsync stalls that differentiate commit
strategies [39]; on faster storage the same mechanisms apply, but
the absolute gaps shrink (§4).

To check that our findings hold on server-class hardware and at
larger scale, we repeat the key experiments on a Dell PowerEdge
R630 (two Intel Xeon E5-2630 v3, with a total of 16 cores and 256GB
DDR4), pinning all benchmark processes to one socket and reading
only that socket’s RAPL counters, so the measurement reflects the
workload itself rather than unrelated background activity. Its PERC
H730 RAID controller with six 600GB 15,000 RPM SAS HDDs (Sea-
gate ST600MP0005) has a 1GB write-back cache that acknowledges
an fsync as soon as data reaches the controller, making the per-
commit disk stall nearly free. Results are reported from the default
setup unless stated otherwise.
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Energymeasurement. AVoltcraft SEM5000CH socketmeter records
whole-machine AC power once per minute and serves as our cali-
bration reference.
We model whole-machine energy as four components: CPU,

DRAM, disk, and a fixed baseline. For CPU and DRAM, we run
seven RAPL-based tools: CarbonTracker [7], CodeCarbon [12], Ex-
periment Impact Tracker [25], Intel VTune [27], Scaphandre [26],
EnergAt [24], and Eco2AI [10]. All read Intel RAPL registers for
per-socket CPU and DRAM energy. We validate them against each
other and the socket meter; all show similar trends. We report Car-
bonTracker [7] throughout because it has the lowest variance.

RAPL does not capture PSU losses, peripherals, or disk. For disk,
we use the standard idle-plus-activemodel [22, 61]: ourHDDdatasheet
gives 3.7W idle and 9.7W peak, so 𝑃disk = 3.7 + 6𝑢 W, where
𝑢 ∈ [0, 1] is disk utilization from dstat. A fixed 5W baseline,
calculated as the mean difference between the socket meter and
RAPL+disk during idle, covers the remaining gap (motherboard,
fans, PSU losses). Total idle draw at the socket is ∼20W (∼11W
CPU/DRAM via RAPL, 3.7W disk, 5W baseline). This disk model
and idle breakdown are specific to the default setup. On the second
setup, we model the disk consumption with 5.3W idle and 8.7W
peak from the disk datasheet. We multiply the values by six since
there are six disks. We omit the 5W baseline on the second setup as
we could not measure it against the socket meter.

Metric. Our primary metric is energy per transaction [17, 47, 48]:

Wh/Txn =
total energy

transactions completed =
CPU + DRAM + disk
transactions completed

Unlike total energy, which mixes static power with useful computa-
tion, Wh/Txn penalizes engines that draw power without producing
proportional work. We exclude the fixed baseline so the metric
reflects only software-driven components (CPU, DRAM, disk).

Databases. We benchmark three widely deployed open-source
SQL engines that represent two distinct architectures. PostgreSQL
v17.10 [57] and MariaDB v11.4.4 [37] are client-server engines that
use MVCC and a write-ahead log (WAL) with group commit, amor-
tizing disk syncs across concurrent transactions. SQLite v3.37.2 [13]
is an embedded engine that serializes commits through a rollback
journal, issuing one fsync per transaction. All run with default
settings unless noted.

Benchmarks. We use BenchBase [15] to run TPC-C [59] (OLTP)
and TPC-H [60] (OLAP) at small scale: one warehouse and one
client terminal (∼127MB) for TPC-C and a Scaling Factor (SF) of
0.1 (∼200MB) for TPC-H. Our goal is to identify which software
mechanisms drive energy differences, not to predict absolute con-
sumption at production scale. At this scale the dataset fits in RAM,
so measured differences reflect the commit path, query plan, and
index strategy rather than disk-cache effects. To validate that the
observed trends hold at large scales, we repeat representative exper-
iments with larger deployments (up to 64 warehouses) for TPC-C
and an increased SF (up to 1) for TPC-H.
We deliberately test at low concurrency, where group commit

batches the fewest transactions per flush. Since group commit’s
advantage grows with concurrency [58], our energy gaps are lower
bounds [14, 61]. We also run experiments with a higher thread count
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Fig. 1. Energy per million business transactions (Wh/MTxn) under the
default TPC-C mix (New-Order 45%, Payment 43%, Order-Status / Delivery
/ Stock-Level 4% each) on the default setup. Lower is better.

to test concurrency. TPC-C runs use the default transaction mix1
in 3-minute windows. TPC-H runs each of the 22 queries once per
repetition. We report the mean and standard deviation, as error bars,
over three repetitions.

3 Evaluation
We structure the evaluation around two questions. First, does data-
base architecture affect energy, and if so, which engine is most
efficient (§3.1)? Second, how much can configuration choices within
a single engine affect energy consumption (§3.2)?

3.1 Architecture Effects on Energy
We compare the three engines on TPC-C to isolate how database
architecture affects per-transaction energy. Under the default trans-
actionmix (Figure 1), SQLite is 10.7×more expensive per transaction
than PostgreSQL. Almost all of that gap comes from twowrite-heavy
transactions, New-Order and Payment, which together are 88% of
the mix.

To understand why, we run each transaction type in isolation (Fig-
ure 2). On New-Order (Figure 2a), SQLite uses 11.6× more energy
per transaction than PostgreSQL, while on Payment (Figure 2b) it is
∼6× more. The reason is the commit fsync. PostgreSQL and Mari-
aDB use group commit [58], flushing many concurrent transactions
with one disk sync, while SQLite serializes each commit [29, 54, 63]
and pays the cost per transaction.
The pattern flips when commits are rare. On Order-Status (Fig-

ure 2c, read-only) and Delivery (Figure 2d, which batches ten orders
into one commit), SQLite uses up to 3× less energy than MariaDB
and ∼2× less than PostgreSQL. Without fsync overhead, SQLite’s
embedded design becomes an advantage: no client-server IPC, no
shared buffer pool, no background writer; all CPU cycles go to the
query. On Stock-Level (Figure 2e), the three engines land within
∼20% of each other; without commits to differentiate them, archi-
tectural differences become irrelevant.
MariaDB shares PostgreSQL’s group-commit WAL, so on write-

heavy workloads it performs similarly to PostgreSQL (∼1.2× on
New-Order, Figure 2a) and avoids SQLite’s sync penalty. On the
read-heavy Order-Status workload (Figure 2c), MariaDB is the most
energy-expensive of the three: 1.75× worse than PostgreSQL and
3.1× worse than SQLite. The reason is throughput, not power: both
engines draw essentially the same energy over the run and sit at∼0%
1New-Order 45%, Payment 43%, Order-Status / Delivery / Stock-Level 4% each.
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Fig. 2. Per-transaction energy cost (Wh/MTxn) for each TPC-C transaction
type in isolation on the default setup. Lower is better.
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Fig. 3. CPU time breakdown (user, kernel, I/O wait) per TPC-C transaction
type on the default setup. Delivery is omitted because its target table empties
during the run at our scale, causing high variance and inconsistent results.
The remainder to 100% is idle.

I/O wait, but MariaDB executes ∼1.7× more CPU instructions per
Order-Status transaction, so it completes fewer queries per second
and the per-transaction energy rises accordingly.
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Fig. 4. Energy per million transactions (Wh/MTxn, log scale) for a TPC-C
concurrency sweep (64 warehouses, 4–32 terminals) on the second setup,
PostgreSQL vs. MariaDB. Lower is better.

Figure 3 confirms that the per-transaction fsync in SQLite wastes
energy by keeping the CPU powered during I/O wait rather than
doing useful work. On write-heavy New-Order and Payment (Fig-
ure 3a,b), SQLite spends up to 24% of the time in I/O wait with
the CPU drawing power while waiting for fsync to complete, with
less than 1% of useful computation. PostgreSQL and MariaDB show
lower I/O wait because group commit reduces the number of stalls.
On read-heavy queries (Figure 3c,d), I/O wait disappears and user-
space CPU dominates for all three engines.

The gap persists under concurrency. Our default runs use a single
client terminal. To test whether the client-server engines diverge un-
der load, on the second setup, we sweep the TPC-C client terminals
from 4 to 32 on a larger 64-warehouse database (∼8GB); we omit
SQLite, whose single writer serializes commits and gains nothing
from extra terminals. MariaDB’s per-transaction energy stays well
above PostgreSQL’s across the sweep (Figure 4), from 5.9× at 4 ter-
minals to 9.2× at 32, as MariaDB’s query-processing overhead scales
linearly while PostgreSQL’s group commit keeps per-transaction en-
ergy roughly flat up to 32 clients. The architectural gap thus grows,
rather than closes, with concurrency.

Takeaway: On TPC-C, SQLite costs 11.6× more energy than Post-
greSQL on commit-heavy writes but up to 3× less on queries that rarely
commit. No SQL engine is most efficient across workloads. The
per-transaction fsync dominates write energy, while embedded
vs. client-server architecture dominates read energy.

3.2 Configuration Impact
§3.1 showed that engine architecture matters. Here we hold the
engine fixed and vary three configuration knobs, namely commit
mode, indices, and query plan, to measure their individual energy
impact.

A. Asynchronous commits. We first isolate the cost of durability by
toggling synchronous commits on and off, measuring how much en-
ergy the disk-sync guarantee alone adds to write-heavy transactions
on TPC-C.
By default, both SQLite and PostgreSQL hold commits until the

transaction is durable on disk: PostgreSQL waits for the WAL fsync,
while SQLite waits for the rollback journal and database-file syncs.
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Fig. 5. Energy cost per million transactions (Wh/MTxn) for synchronous
vs. asynchronous commits under TPC-C New-Order and Payment for Post-
greSQL and SQLite, on the default setup. Lower is better.

Every fsync is a physical-I/O stall: the CPU draws idle power while
waiting for the disk to confirm the write [22, 61].

We turn durability off2 and accept a weaker guarantee: on a crash,
PostgreSQL may lose the last few committed transactions, but stays
consistent [58], while SQLite risks database corruption [54].
Figure 5 shows the effect on New-Order and Payment, the two

most commit-heavy transactions. We omit Order-Status and Stock-
Level (read-only, no commit sync) and Delivery (batches ten orders
into one commit, so the per-transaction sync cost is already low).
Async commits save up to 90× on SQLite Payment and 59× on New-
Order (Figure 5b). PostgreSQL gains 2× on New-Order and 7× on
Payment (Figure 5a).
SQLite synchronizes on every commit by default, so removing

the sync removes most of the cost. Async SQLite effectively be-
comes an in-memory engine for writes, which explains the large
ratios. PostgreSQL already amortizes the WAL fsync across con-
current backends via group commit, so there is less left to save. We
omit MariaDB because its WAL-based commit behaves similarly to
PostgreSQL’s.
These results show that durability and consistency [19] have a

quantifiable energy cost, and that cost depends as much on how
an engine commits as on the guarantee itself: turning synchronous
durability off saves 59–90× on SQLite but only 2–7× on PostgreSQL,
whose group commit already amortizes the sync. The guarantee it-
self spans three levels. At one extreme, disabling all crash guarantees
(SQLite async) is the cheapest option but risks database corruption,
suitable only for disposable data. In between, PostgreSQL async
relaxes durability while preserving consistency; recent commits
may be lost on a crash, but the database never corrupts. At the
other extreme, full synchronous durability (the default for both
engines) is the most expensive. Group commit (PostgreSQL) and
per-transaction fsync (SQLite) are two ways to provide this guar-
antee; under both, a committed transaction always survives a crash.
They differ only in energy, because group commit lets many con-
current transactions share one disk sync while SQLite pays one
sync per commit. Many workloads, such as event logging, caches,
analytics pipelines, or session stores, do not require full durability,
yet databases default to it. Making this cost visible lets designers
choose the guarantee level their application actually needs.
2PRAGMA synchronous = OFF in SQLite, synchronous_commit = off in PostgreSQL.
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Fig. 6. Energy cost per million transactions (Wh/MTxn) for synchronous
vs. asynchronous commits under TPC-C New-Order and Payment for Post-
greSQL and SQLite, on the second setup with a RAID write-back cache.
Lower is better.

On the second setup, whose RAID controller absorbs synchro-
nous writes in a write-back cache, these savings collapse (Figure 6).
SQLite gains only 1.5–1.7× and PostgreSQL 1.03–1.09×, because
group commit already amortizes the WAL sync and the cache hides
what remains. The saving is essentially the throughput gain: with
durability off the engine completes more transactions for the same
CPU+DRAM energy and no extra energy is spent on disk (apart
from idle). The contrast with the HDD result (Figure 5, up to 90×)
is the key result. An fsync that stalls on a physical disk burns idle
CPU power on every commit, while a cached fsync is nearly free.
Durability’s energy cost is therefore set by the storage stack, not by
the guarantee itself.
Durability is a correctness choice, not an energy one: if an ap-

plication needs durability, it must enable it; if it does not, it can
disable it for more speed. Figure 3 shows why. A synchronous com-
mit performs almost no extra useful work; instead, the CPU spends
up to 24% of the run in I/O wait (with under 1% useful computation),
drawing power while it waits for the disk to confirm the write. Most
of the energy is thus spent on stalls rather than useful computation.

Because of this, the same guarantee can cost far less energy when
it is implemented differently. The question is how durability is
implemented, not whether it is on.

When durability can be relaxed, the tradeoff is simple. A session
store or an event log that can lose a few writes on a crash can run
PostgreSQL with asynchronous commit, saving up to 7× energy
while staying consistent. On the other hand, a financial ledger can-
not, and there, the energy is simply the cost of both correctness and
storage implementation.

B. Indices. Next, we measure how much energy a missing index
costs by comparing indexed and unindexed executions of the same
analytical queries on TPC-H.
An index lets the engine find matching rows without scanning

the whole table. For latency, this is well understood; for energy,
the mechanism is the same (fewer bytes read, fewer instructions,
fewer joules), but it is rarely quantified. BenchBase creates the TPC-
H indices for MariaDB and PostgreSQL, but not for SQLite. We
use this to compare SQLite against itself, once with the default
(unindexed) schema and once with the same indices added by hand.
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Fig. 8. Energy cost (mWh) for MariaDB and PostgreSQL on the default
setup at SF 0.1, on TPC-H queries Q1, Q3, and Q9. Lower is better.

Figure 7 shows the three queries where the effect is the largest:
Q17, Q20, Q22. Adding indices cuts SQLite’s energy by 9.7× on Q17
(Figure 7a), 3.7× on Q20 (Figure 7b), and 4.4× on Q22 (Figure 7c).
Q17 is a highly selective semi-join where the indexed plan reads
only a small fraction of the rows; Q20 and Q22 still need large base
scans that indices can only partly bypass. The rest of the queries are
dominated by large sequential scans or aggregations where indices
make no meaningful difference, and we omit them.

Without a suitable index, SQLite falls back to a full table scan, or
for joins, to a transient automatic index [55] built and discarded at
query time. Indices are not just a performance optimization but an
energy optimization. Without an index, cost grows linearly with
table size; with an index, it stays nearly constant. This effect persists
on our second setup, where the energy difference reaches up to ∼2×.

We also study the energy it takes to build the index. Constructing
all SQLite TPC-H indices costs 0.07Wh, about 20% of the energy of
a single unindexed Q17 (0.34Wh). Because the index is built once
and reused, its energy cost is negligible for any repeatedly executed
workload, so the per-query savings above hold even when the build
cost is taken into account.

C. Query plan choice. Finally, we compare the energy impact
of different query plans by running the same TPC-H queries on
MariaDB and PostgreSQL, as they have different optimizers.
The query optimizer turns SQL into a physical plan, i.e., which

operators to use, in what order, and with how much parallelism.
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Fig. 9. Energy cost (mWh, log scale) for MariaDB and PostgreSQL on the
second setup, on TPC-H queries Q1, Q3, and Q9, at (a) SF 0.1 and (b) SF 1.
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Different optimizers on the same query, data, and hardware pro-
duce different plans and different energy costs. Prior work has
built energy-aware cost models [17, 33, 66], but, to the best of our
knowledge, the actual energy differences between plans produced
by production engines have not been measured.
Figure 8 shows the three TPC-H queries where MariaDB’s plan

is worse than PostgreSQL’s: Q1, Q3, and Q9. PostgreSQL uses 3.1×,
1.4×, and 6.4× less energy respectively. On the other queries we
measured, the two engines are within 50% of each other, but we
focus on the cases where the gap is the largest.
On Q1 and Q3, PostgreSQL uses a parallel sequential scan [44]

while MariaDB uses a single-threaded one. The parallel plan splits
the table across multiple cores, each scanning a portion simultane-
ously. The total CPU work is similar, but the execution time drops,
so the system (CPU, DRAM, disk, fans) draws less total energy
even though the instantaneous active power increases. On Q9 (a
six-way join), MariaDB picks a join order that materializes more
intermediate rows, increasing computation time and energy.

Given the same query, same data, and same hardware, differences
in optimizer and execution strategy account for a 1.4–6.4× energy
difference between engines. This gap is invisible to users today.

These gaps grow with scale (Figure 9). On the second setup, rais-
ing TPC-H from SF 0.1 (∼200MB) to SF 1 (∼2GB) widens the gap
between MariaDB and PostgreSQL to orders of magnitude: Q1 from
4.7× to 7.9×, Q3 from 5.6× to 15×, and Q9 from 6.4× to ∼620×. Thus,
the plan gaps we report are expected to grow.

Takeaway: Commit mode and indices move per-transaction energy
by up to 90× and 9.7× respectively within one engine. Across engines,
optimizer and execution differences account for up to 6.4×. Durability
guarantees alone cost up to 90× more energy on direct-to-disk
storage.
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4 Discussion
We show that architecture and configuration choices create order-
of-magnitude energy differences. We discuss the implications.

Wh/Txn belongs in benchmarks and dashboards. TPC-C and TPC-
H have shaped how we benchmark databases, yet neither reports
energy. The TPC-Energy extension exists but is rarely used and
reports only a benchmark-level aggregate [42], not per-transaction
or per-configuration breakdowns. We propose that TPC-C, TPC-H,
and their open-source derivatives report Wh/Txn next to through-
put and latency at per-query granularity, so a result reads not just
“12 000 tpmC at 5ms P99” but also “0.8Wh per million transactions.”
The infrastructure already exists: Kepler [4] exposes per-container
energy on Kubernetes, RAPL gives per-socket joules out of the box,
and every database already counts completed transactions.

Energy-aware query planning. Our results (Figure 8) show that
optimizer and execution differences affect energy by up to 6.4× on
the same query and hardware. The optimizer is an implicit energy
actor. It decides how much work the system does, but without
an energy term in its cost model. Tools like EnergAt [24] already
provide per-operator energy attribution, and Xu et al. [66] show
that adding power to the cost model yields 11–22% savings. Wh/Txn
makes this feedback loop concrete, measurable, and optimizable.

Carbon-aware scheduling. Current carbon-aware schedulers [6,
21, 46] defer whole jobs to low-carbon hours. Per-query Wh/Txn
lets them act at finer granularity, deferring or rerouting individual
queries rather than entire workloads. Since energy and carbon do
not always align [20, 65], per-query energy is what lets a planner
weigh them explicitly.

Limitations and future work. Our two setups differ in how storage
handles each commit. The default setup uses a commodity HDD
that amplifies the per-commit fsync stall, while the second setup’s
RAID write-back cache nearly hides it. How much energy durability
costs therefore depends on the storage, ranging from up to 90× on
the HDD down to 1.5–1.7× with the cache. Our architecture, index,
and plan findings, by contrast, do not depend on the storage, since
they are set by CPU and memory work on RAM-resident data rather
than by disk caching, and they hold on both setups. These findings
are also conservative, because we run at low concurrency and small
scale; group commit helps more as concurrency rises (§3.1), and
plan and scan costs grow with data size, reaching ∼620× at SF 1
(§3.2), so in production these gaps only widen and the values we
report are lower bounds.

Three directions address these limitations. (1) Direct-attached fast
storage: our two setups demonstrate a slow HDD and a cached RAID
controller; the untested middle is direct-attached SSD/NVMe, where
fsync is faster than on the HDD but not hidden by a controller
cache, so commit-path gaps should fall between the two extremes
we measured. (2) Carbon: connect BenchBase to a live grid-intensity
signal soWh/Txn becomes g CO2e per query. (3)Disaggregated mem-
ory: CXL-attached memory [2] adds remote-access stalls similar to
the disk stalls we measured; memory-heavy plans (hash joins, sorts)
would incur more energy on such hardware, potentially changing
which plan is cheapest.

5 Related Work
Energy in computing and databases. Significant work targets ML

training energy [7, 11, 25, 30, 36, 50, 56], general-purpose comput-
ing [1, 9, 18, 68], cooling [3, 32, 41, 67], and carbon-aware schedul-
ing [6, 16, 45]. Recent LLM inference work shows that execution
time does not reliably predict energy consumption [5, 51]. Databases
suffer a similar gap but lack the measurements to confirm it.

For DBMS energy, Harizopoulos et al. [22] first called for energy
as a first-class database metric. Tsirogiannis et al. [61] measured
per-query energy on a SQL Server and showed that CPU power
varies up to 60% across operators at the same utilization. Subsequent
studies profiled PostgreSQL under OLTP [40], compared ARM vs.
x86 for transaction processing [52], and tracked MySQL energy
across releases [38]. Two recent studies are closest to ours: den
Hartog [14] compared PostgreSQL and MySQL on TPC-C with per-
transaction energy (finding PostgreSQL is 6× more efficient), and
Lella et al. [35] compared four databases on custom create, read,
update, and delete workloads (finding 7–38% disparities). We extend
this line with three architecturally distinct engines under both TPC-
C and TPC-H, and add within-engine configuration experiments
that reveal order-of-magnitude gaps. Bachras and Jacobsen [8] called
for rearchitecting databases for sustainability. We show that existing
knobs already produce large differences, which can help steer the
design of new sustainable systems. Kannan et al. [31] explored the
durability–energy tradeoff for NVM; we show it holds for disk-based
OLTP with different database engines.

Energy-aware design and tooling. A second line of research re-
designs DBMS internals for energy: energy-efficient replication [48],
cluster power management [34], self-tuning for energy [62], and
proactive storage power-state control [23]. Xu et al. [66] added
power to a query optimizer’s cost model, achieving 11–22% savings.
OtterTune [64] tunes DBMS knobs for latency and throughput but
does not consider energy. On the measurement side, EnergAt [24],
Scaphandre [26], CodeCarbon [12], Kepler [4], and Ecovisor [53]
provide increasingly fine-grained software energy attribution. TPC-
Energy [42, 43] is the canonical DB-energy benchmark but covers
only whole-system power.

6 Conclusion
We measured the energy cost of three SQL engines under TPC-C
and TPC-H, and found that database architecture and configuration
choices create order-of-magnitude energy differences, up to 11.6×
across engines and up to 90× within a single engine from one con-
figuration change. On direct-to-disk storage, the largest factor is
durability, ranging from 2× to 90× depending on the engine and
guarantee level (a write-back cache shrinks it to 1.5–1.7×).

All of this is measurable today with existing hardware. The miss-
ing piece is not infrastructure but visibility: software-level choices,
from durability to index design and plan selection, are the dominant
energy factors, yet they remain invisible in current benchmarks.
Reporting Wh/Txn alongside throughput and latency makes these
differences actionable for query planners, database administrators,
and carbon-aware schedulers.
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