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Abstract

The energy consumption of software systems is hard to quantify
because software does not consume energy itself but rather the
hardware that it runs on. To address this challenge, technologies
such as the Intel Running Average Power Limit (RAPL) interface
have been developed to measure the energy consumed by vari-
ous hardware resources at runtime. Additionally, specialized tools
like JoularJX have been created to attribute RAPL measurements
to individual software systems and their components. However,
these tools are typically limited to software running directly on
a server, without virtualization or containerization. In virtualized
or containerized environments, direct energy measurements are
only possible if the hypervisor or container runtime forwards this
information to the guests—a practice not widely adopted, partic-
ularly in cloud environments. In such cases, energy consumption
models are used to estimate software energy usage based on other
metrics, such as CPU, memory, storage, or network utilization. One
recently released tool following this approach is the OpenTelemetry
Java-Agent extension (OTJAE), making it suitable for environments
where direct measurements are not feasible. This study aims to
evaluate the accuracy of JoularJX and OTJAE, along with their un-
derlying models, in calculating energy consumption at both the
process and transaction levels of Java applications. Both models un-
der examination are based on CPU demand measurements. We are
able to show that the model predictions match actual measurements
obtained from a hardware server with high accuracy in medium
and high load scenarios (50% to 100% CPU utilization) but vary
significantly for lower load levels.
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1 Introduction

Assessing the environmental sustainability of software is challeng-
ing because software does not directly consume energy or emit
carbon equivalent (CO;-eq) emissions [10, 13]. Instead, these im-
pacts are associated with the hardware resources that software
utilizes [7], as illustrated in Figure 1. While the energy consump-
tion of hardware can be measured directly, quantifying CO,-eq
emissions is more complex [9, 12]. These emissions are not a di-
rect result of hardware operation but rather stem from the energy
utilities that generate the energy consumed by the hardware.

This paper focuses on the relationship between software and
energy consumption, as depicted in Figure 1. Several models and
tools have been presented to describe this relationship [6, 7, 15, 16]
but only few of them [2, 17, 20-22] provide insights into individual
transactions of a software system. Two recent models that enable
the analysis of software energy consumption at both the process and
transaction levels have been presented in [17] and [1, 2]. These mod-
els are implemented in the tools JoularJX! and an OpenTelemetry?
Java-Agent® extension? (OTJAE), respectively. Both tools estimate
the energy consumption of Java-based software systems and their
transactions, but their accuracy has not been compared. Therefore,
the purpose of this study is to evaluate the accuracy of both tools
and their underlying models by comparing their results with ac-
tual hardware measurements using a Java-based application. These
tools were selected for their ability to capture energy consumption
at the granularity of individual software transactions and their ease
of integration with existing applications.
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Figure 1: Software energy consumption overview
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Figure 2: OTJAE metrics (adapted from [3])

This paper is organized as follows: The subsequent section delves
into the challenges associated with evaluating the energy consump-
tion of software, detailing the metrics, measurement technologies,
and calculation models employed in this study. Following this, we
describe the experimental setup used to compare the two models
and present the results of our experiments. The paper concludes
with an outlook on future work in this area.

2 Software Energy Consumption

As previously mentioned, software itself does not consume energy;
rather, it is the hardware on which the software runs that does,
as illustrated in Figure 1. When discussing software energy con-
sumption, it is crucial to distinguish between operational energy
consumption and the energy consumed during production [8, 12].
The latter includes energy expended in the manufacturing of hard-
ware [12] or the development of the software itself [6]. This paper
focuses on the operational energy consumption of software, which
refers to the energy required to run the software in a production
environment.

When examining the operational energy consumption of soft-
ware, the primary focus is on the hardware resources utilized by
the software, as their usage directly influences energy consump-
tion [11]. Consequently, software energy models typically measure
hardware resource utilization and calculate software energy con-
sumption based on this data [5, 7].

In the following sections, we will detail the metrics employed
by the two tools evaluated in this paper, along with the measure-
ment technologies used to capture these metrics. Subsequently, we
will describe the calculation models implemented by JoularJX and
OTJAE.

2.1 Metrics

To distinguish the energy consumption of software from that of the
underlying hardware, software energy models typically measure
the total resource utilization of a system and the specific resource
demand (d) of the software itself [5, 18]. This can be achieved by
monitoring the resource utilization of the operating system pro-
cesses associated with the running software or by measuring the
resource demand of specific software components, such as individ-
ual transactions. The two tools evaluated in this paper support both
measurement approaches for Java-based applications.

In JoularJX [17] the CPU demand (dcpy), defined as the time
spent on the CPU excluding wait time, is measured periodically for
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Figure 3: RAPL power domains (adapted from [14])

both the overall process and individual threads within the running
application. This data is then statistically allocated to each method
according to their invocation count.

OTJAE [2] not only focuses on CPU demand (dcpy) but also
measures memory (dmvgm), storage (dsto), and network (dngr) de-
mand of an application to determine energy consumption. Each of
these metrics is captured for every transaction and server involved
in request processing, as illustrated in Figure 2. Unlike Joular]X,
this tool does not employ a sampling-based approach but rather
measures every transaction invocation.

2.2 Measurement Technologies

As detailed in the previous section, both JoularJX and OTJAE cap-
ture resource demand metrics of a running Java process. To utilize
these tools, they must be attached as agent to a Java application at
startup, as shown in Listings 1 and 2.

Listing 1: JoularJX agent start parameter
java
-javaagent: joularjx-$version. jar
-jar yourProgram. jar

Listing 2: OTJAE agent start parameter
java
-javaagent:opentelemetry-javaagent. jar
-Dotel. javaagent.extensions=
io.retit.opentelemetry. javaagent.extension. jar
-jar yourProgram. jar

While an application is running, both agents periodically capture
the aforementioned metrics. The methods used to achieve this are
detailed in their respective papers [2, 3, 17-19] and vary depending
on the operating system. For instance, on Linux, such measurements
can be obtained using the proc file system®, which provides data
on the resource usage of specific threads and processes.

A notable feature of Joular]JX is its ability to directly measure the
energy consumption of the underlying hardware using the Intel
Running Average Power Limit (RAPL) interface [14]. This tech-
nology provides direct access to the energy consumption of the
processor and other components, such as random access memory
(RAM), as illustrated in Figure 3. RAPL employs different domains
to represent the components of a processor. Each processor socket

Shttps://www.man7.org/linux/man-pages/man5/proc.5.html
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is represented as a package (see the grey box in the center of Figure
3), encompassing the energy consumption of all processor cores,
integrated graphics, and certain uncore components, such as last-
level caches and the memory controller [14]. Another crucial RAPL
domain is the DRAM domain, which measures the energy con-
sumption of RAM attached to the integrated memory controller
[14]. JoularJX periodically reads the RAPL data and distributes
the energy readings to the instrumented process, its threads and
individual methods / transactions based on the CPU demand mea-
surements using the models outlined in the following section.

The ability to directly read RAPL data allows Joular]JX to collect
accurate measurements, but it restricts its use to environments
where such energy readings are available. This typically includes
bare-metal deployments or virtualized environments that propagate
RAPL readings to virtual machines or containers®. Unfortunately,
cloud environments often do not support this feature or dropped
support due to changes in the hypervisor’ or by transitioning to
CPU types that do not support RAPL.

In contrast, OTJAE employs a purely model-based approach
to calculate energy consumption from the collected metrics. This
method enables its application in environments where direct energy
readings using RAPL are unavailable.

The software energy models used by JoularJX and OTJAE to
allocate power consumption to individual processes, threads, and
transactions over time are detailed in the following section. Since
JoularJX relies solely on CPU demand measurements, only CPU
time is considered for OTJAE in this discussion, despite the tool’s
capability to model the energy consumption of other resources [2].

2.3 Calculation Models

To determine the energy consumption of individual software pro-
cesses and their transactions, JoularJX and OTJAE employ different
calculation approaches to calculate power consumption over time.

JoularJX periodically (by default in intervals of 1s) allocates the
total system energy consumption in Joule (J) measured using RAPL
to individual processes and threads based on their CPU demand
in the same interval, as detailed in the publication of its prede-
cessor, Jalen [18, 19], and on the JoularJX website®. This method
involves distributing the system power consumption (Pgystem) in
watts (W) in a given time interval (derived from the energy mea-
surements) equally among processes, based on their CPU utiliza-
tion (CPUuTILprocess) as a percentage of the total system utilization
(CPUyr.). The calculation is performed as follows:

CPUUTILprocess
CPUyrIL

JoularJX extends this approach to threads and specific methods
executed by a thread within a given time interval. Consequently,the
overall process power (Pprocess), calculated in the previous step, is
then attributed to the threads (Pmread) of @ process by examining
the CPU utilization of a given thread (CPUyTiLthread) Within that
interval [18]:

Pprocess = ( ) X Psystem (1)

®https://joular.github.io/joularjx/ref/vm.html
"https://medium.com/teads-engineering/estimating-aws-ec2-instances-power-
consumption-c9745e347959
8https://joular.github.io/joularjx/ref/how_it_works.html
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CPUUTILthread
CPUUTILpracess

In a final step, Joular]JX tracks the ratio of method executions
within a single thread over a given time interval. This ratio is used to
determine the CPU utilization attributed to each method invocation
(CPUUTILmethod)- This method-specific utilization value is then used
to calculate the power consumption of a method:

Pthreaa = ( ) X Pprocess (2)

CPUyTILmethod
Pmethod = ( CPUUTILthread ) X Pthread (3)
The power consumption of a complete transaction can be calcu-
lated using JoularJX by summing all method power values involved
in a single transaction, as shown in Equation 4. This calculation
needs to be done manually and is only necessary when a transac-
tion spans multiple threads. For transactions that only use a single
thread, the power consumption of the top-level method includes
the entire call tree.

n
Piransaction = Z Pmethodi (4)

i=0
OTJAE follows a methodology published by the Cloud Carbon
Footprint (CCF)° project to calculate power consumption based on
resource demand measurements for different resource types (CPU,
memory, storage, network). To determine the power consumption
for CPU demands, the CCF methodology uses a simple model orig-
inally published by Etsy as part of their Cloud Jewels conversion
factors'?. This model utilizes data on the minimum (idle, Pcpymin)
and maximum (100% utilization, Pcpumax) power consumption of
a processor (e.g., obtained from SPECpower results!!) to calculate
the actual power consumption (Pcpy) based on the current CPU

utilization (CPUyrr) as follows:

Pcpu = Pcpumin + (CPUyTtIL X (PcPUmax — Pcpumin)) — (5)

This calculated CPU power value can then be attributed to in-
dividual processes based on their CPU utilization, similar to the
model used by JoularJX shown in Equation 1:

CPUUTILpracess
——— | X P, 6
CPUurn cPU (6)

In OTJAE this model has been extended for individual transac-
tions by splitting the overall power consumption based on the CPU
demand of a single transaction. To achieve this, the CPU demand
data is converted into a utilization value for a single transaction
(CPUUTILtransaction) by summing all CPU demand values (dcpy, mea-
sured in milliseconds (ms)) of a transaction in a given time interval
(from ty to t, in seconds). This sum is then divided by the duration
of the time interval (converted to milliseconds by multiplying it
with 1000) multiplied with the overall CPU core count (CPUcores),
as follows:

PCPUprucess = (

t
Zfzto dCPUt

CPU,pres X (tn - t()) %X 1000

@)

CPUuTILtransaction =

https://www.cloudcarbonfootprint.org/docs/methodology/
WOhttps://www.etsy.com/codeascraft/cloud-jewels-estimating-kwh-in-the-cloud
Uhttps://www.spec.org/power_ssj2008/results/power_ssj2008.html
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Figure 4: Experiment setup overview

Using this data, the CPU power consumption of a transaction
(PCPUaeaction) €an be calculated as follows:

P _ CPUUTILtransaction P 8
CPUtransaction — CPU; X CPUprocess ( )
UTILprocess

A similar approach is taken for other resources by OTJAE [2] to
calculate the total power consumption of a transaction but in the
following experiment, we will focus on the CPU demand models of
JoularJX and OTJAE.

3 Experiment Setup

To evaluate the accuracy of the measurement and software energy
modeling approaches of both tools, we use the experiment setup
shown in Figure 4. For our test, we use a bare metal server with
two CPU sockets, each equipped with the same Intel Xeon E5-
2630 v4'2 processor. Each processor has 10 cores that run with a
base frequency of 2.20Ghz and a max turbo frequency of 3.10Ghz,
hyper-threading has been disabled for our experiment. The server
is equipped with 256GB RAM, distributed across six RAM sockets
containing four 32GB and two 64GB dual inline memory modules
(DIMMs). In addition, the server has two redundant power supply
units (PSU), whose power consumption can be measured using
external energy meters (EM)"3.

This server is typically used to run virtual machines using the
Proxmox Virtual Environment (VE)'* as operating system. However,
in this setup, all virtual machines are stopped, and Proxmox VE
(based on Debian GNU/Linux) is used directly as a regular Debian-
based Linux operating system. This approach is taken to avoid any
indirection caused by virtualization, which would complicate the
measurement of the actual power demand of the test processes.

As test application, we use a simple REST service implemented
with the Spring framework, provided as an example application for
OTJAEY. This service receives load via the HTTP methods GET,

2https://www.intel.com/content/www/us/en/products/sku/92981/intel-xeon-
processor-e52630-v4-25m-cache-2-20- ghz/specifications.html

Bwe use Shelly Plug S devices as EM, for specifications see https://www.shelly.com/
de/products/shelly-plug-s-gen3

“https://www.proxmox.com/
Bhttps://github.com/RETIT/opentelemetry-javaagent-extension/tree/v0.0.15-
alpha/examples/spring-rest-service

POST, and DELETE, and generates load on the CPU, memory, disk,
and network. The application includes an Apache JMeter!® load test
script that executes this load using an open workload, distributing
an equal number of requests across each of the HTTP methods at
any given time. We use this load test script to generate different
load levels, denoted by transactions per second (T/s), which are
sent by an external JMeter load test driver to the system under test.
The load is applied to the application in three different test setups:

Test setup 1: To evaluate the system and application behavior
without any instrumentation, we execute the test application with-
out attaching any instrumentation agent. We use this setup for the
evaluations of the overall system and at process level. The other
two test setups are used to evaluate the system at transaction level.

Test setup 2: In this setup, the application is started with the
JoularJX Java agent (version 3.0.1) attached as shown in Listing 1,
which continuously measures the CPU demand of the Java process
and threads, as well as the energy consumption of the overall system
using RAPL.

Test setup 3: Here the test application is started using the Open-
Telemetry Java-Agent (version 2.12.0) and OTJAE (version v0.0.15-
alpha) to capture the resource demand as shown in Listing 2.

While the application is running under load, several metrics are
measured using different tools:

(1) External power consumption (Pgy) using the EM

(2) Power consumption per socket (Ps) and DRAM (Ppram) de-
rived from RAPL energy readings using the powercapping
framework!’

(3) CPU utilization for the whole system (CPUyry.) and each
CPU socket (CPUyrr) using sar'®

(4) Process CPU utilization (CPUyTILprocess) using /proc//; pid]/stat'’

(5) Energy consumption per transaction in Joule (J) using JoularJX
(test setup 2)

(6) CPU resource demand (dcpy) per transaction using OTJAE
(test setup 3)

L6https://jmeter.apache.org
https://www.kernel.org/doc/html/v6.14-rc3/power/powercap/powercap.html
Bhttps://www.man7.org/linux/man-pages/man1/sar.1.html
https://www.man7.org/linux/man-pages//man5/proc_pid_stat.5.html
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Table 1: Mean idle power consumption

Ppramz
10.54W | 1.26W

Pprami Ps;
2.91W

Peay Penmz Ps;
55.10W | 48.44W | 10.31W

4 Experimental Results

As a baseline for the evaluation and to determine the system idle
power consumption, we measured the power consumption (P) of
the system using two external energy meters (EMs) and RAPL
for the two CPU sockets (S1, S2) over a 10-minute interval while
the system was idle, except for the measurements. The results are
shown in Table 1.

It is evident that the RAPL measurements capture only a small
fraction of the overall power consumption. Comparing the RAPL
measurements of S1 (Ps;) and EM1 (Pgy) reveals a difference of
44.79W, and comparing S2 (Psz) and EM2 (Pgpz) shows a smaller
difference of 37.9W. These discrepancies can be attributed to several
factors. Firstly, the power supply units have an 80 PLUS Gold?° effi-
ciency rating, meaning approximately 12% of the power is lost dur-
ing conversion. Accounting for this loss reduces the difference be-
tween the external (Pgy) and internal (Ps) measurements to 38.18W
for Pgppp vs. Ps; and 32.09W for Pgyz vs. Pss.

This additional power is likely consumed by hardware compo-
nents not measured by RAPL, such as disks, the RAID controller,
and the Baseboard Management Controller (BMC). Although we
included the DRAM domain in our measurements for each socket
(see Figure 3), we can not attribute the difference to the RAM, as
the DRAM measurements are very low (about 2W out of the total).
However, these measurements might not be fully representative of
the 256GB RAM in the system.

4.1 System Level Results

To further understand how the system behaves under different load
levels, we used the sample application to create four distinct load
levels, as shown in Table 2. We also conducted an idle measurement
while the application was running but not receiving any load, to
account for background activities such as garbage collection. As
shown in Table 2, the application did not consume any significant
resources when it was not receiving requests. For the other load
levels, the load was applied for 10 minutes at each level after a one
minute warm-up period. Between all tests we let the system rest for
at least 5 minutes to reduce the temperature to a comparable level
for each test execution [4]. Comparing the results in Tables 1 and
2, the difference in power consumption measured by the external
meters (Pgy; and Pgyz) between 0% and ~100% CPU utilization is
51.22W for EM1 (55.1W idle vs. 106.32W at ~100% utilization) and
52.86W for EM2 (48.44W idle vs. 101.3W at ~100% utilization). In
contrast, the difference in RAPL measurements (Ps;,Pprayi and
Ps2,Ppramz) is 45.32W for S1 (10.31W + 2.91W idle vs. 49.28W +
9.26W at ~100% utilization) and 46.57W for S2 (10.54W + 1.26W idle
vs. 49.42W + 8.95W at ~100% utilization). The discrepancy between
the external and internal measurements can be explained by the
inefficiency of the power supply unit. Approximately 12% of the
power is lost during conversion, which amounts to 6.15W and 6.34W

Dhttps://www.clearesult.com/80plus/program- details#program- details-table
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for the EM1 and EM2 growth rates, respectively. Therefore, the
growth in power consumption is similar when measured externally
compared to the internal measurements.

With these measurements, we can now determine the minimum
(idle) and maximum power consumption of the CPUs used in this
experiment as shown in Equations 9 and 10. These values are impor-
tant for the calculations in Equation 5, as outlined in section 2.3. For
the following calculations, we combine the minimum and maximum
power values of both sockets (S1 and S2), as JoularJX and OTJAE
do not differentiate between the sockets in their calculations.

PepUminsisz = 10.31W + 2.91W + 10.54W + 1.26W = 25.02W (9)

PepUmaxsisz = 49.28W +9.26W +49.42W +8.95W = 116.91W (10)

4.2 Process Level Results

In the next step, we evaluate the accuracy of the process power
consumption calculations using the models employed by JoularJX
(Pprocess: see Equation 1) and OTJAE (PCPU,ocess» S€€ Equation 6). The
results of this evaluation are presented in Table 3. Please note that
we do not differentiate between the utilization of the two CPU sock-
ets and use the overall system CPU utilizaton (CPUyty) instead;
therefore, the power calculations are for both sockets combined.

For this evaluation, we also measured the CPU time consumed
by the Java process using the proc filesystem during the measure-
ments presented in the previous section. With the overall runtime
of 10 minutes in a steady state, we were able to calculate the pro-
cess utilization (CPUyTiLprocess) to differentiate it from the overall
system utilization (CPUyry ). Additionally, we summed the RAPL
measurements of the entire system from Table 2 to specify the sys-
tem power consumption for the JoularJX power model (Equation 1)
as shown in Equation 11.

Psystem = Ps1 + Ppram1 + Ps2 + Ppramz (11)

Using both utilization values (CPUyTiprocess and CPUyrr), the
system power consumption (Psysem), as well as the minimum and
maximum power values (Pcpuminsisz and Pcpumaxsisz) we applied
the process power models (see Equations 1 and 6) explained in
section 2.3 to calculate the power consumption of the process. As
you can see in Table 3 the process (CPUyTILprocess) and system CPU
utilization (CPUyry) values are very close to each other, so the
calculated power consumption of the process (see column Pprocess
for JoularJX) is close to the power consumption of the overall system
(Psystem) When employing the model of JoularJX (Equation 1).

As shown in Table 3, the process power model of OTJAE (Pcpu, e,
see Equation 6), based on CPU utilization, aligns well with the
power demand of the RAPL measurements (Pgystem) for higher CPU
utilization rates. However, the linear nature of the model results in
error rates of up to 40.56% for lower utilization levels.

In contrast, the RAPL-based calculations of JoularJX (Equation 1)
more closely match the actual consumption, as they do not assume a
linear model and are derived from real values. The minor differences
observed are equivalent to the discrepancies between the process
and system CPU utilization values.
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Table 2: Mean system power consumption by load level

Load | Throughput | CPUyrn,, | CPUyTw, Pemy Penmz Ps; Pprami Ps; Ppramz
0T/s 0T/s 0.35% 0.30% 55.21W 48.51W 9.33W 2.24W | 10.14W | 1.08W
150T/s 150T/s 26.55% 23.54% 83.74W 78.40W | 30.03W | 8.63W | 31.68W | 8.21W
300T/s 300T/s 54.34% 50.68% 92.88W 87.83W | 37.95W | 9.08W | 38.55W | 8.66W
450T/s 450T/s 81.22% 78.51% 99.88W 95.21W | 44.52W | 9.21W | 44.49W | 8.95W
600T/s 537.4T/s 98.13% 97.98% 106.32W | 101.30W | 49.28W | 9.26W | 49.42W | 8.95W
Table 3: Mean process power consumption by load level
Load Psystem | CPUuTIL | CPUUTILprocess OLAE PCPUprocess JoularJX Pprocess
PCPUPmcess Accuracy = “Prystem Pprocess | Accuracy = ;;ym
150T/s | 78.55W 25.04% 24.34% 46.69W 59.44% 76.35W 97.20%
300T/s | 94.24W 52.51% 51.19% 71.43W 75.80% 91.87W 97.49%
450T/s | 107.17W | 79.86% 78.14% 96.28W 89.84% 104.86W 97.85%
600T/s | 116.91W | 98.05% 97.71% 114.72W 98.13% 116.50W 99.65%
Table 4: Mean transaction power consumption by load level
Load Transaction 500 OTJAE JoularjX
=0 dCPU, PCPU"ansaction ZPCPU[ransacﬁon 'PCPUPmcess Energy (J) = Z?g% Pmethod; Piransaction ZPtransaction'Ppmcess
50T/s GET 418870ms 6.70W 5744.40] 9.57W
50T/s POST 737083ms 11.78W -1.11W 10450.33] 17.42W -4.76 W
50T/s DELETE 1695310ms 27.10W 26757.78] 44.60W
100T/s GET 893394ms 10.39W 6633,83] 11.06W
100T/s POST 1582312ms 18.40W -0.37W 12519.60] 20.87W -3.62W
100T/s | DELETE | 3635195ms 42.27TW 33789.42] 56.32W
150T/s GET 1300417ms 13.35W 6662.42] 11.10W
150T/s POST 2351304ms 24.14W -2.47TW 13383.31] 22.31W -7.58W
150T/s | DELETE | 5485072ms 56.32W 38323.82] 63.87TW

4.3 Transaction Level Results

As a final step in this comparison, we examine the differences at
the transaction level. To do this, we use the data that both tools
measure for each transaction of the system (GET, POST, DELETE
for our test application). We use only three of the previous four load
levels, as the highest load level in the previous evaluation already
utilized the system close to 100%, and the overhead of both tools
renders the system unusable at that level.

For JoularJX, we are using test setup 2 (see Figure 4), with a
stack-monitoring-sample-rate?! of 10ms in order to achieve a good
compromise between accuracy and overhead. We did this as the
highest stack-monitoring-sample-rate of 1ms caused a huge over-
head and as such would lead to incorrect results. JoularJX provides
the total energy consumption in joules (JoularJX Energy (J)) for
each method after each test run which is calculated based on the
the sum of all Pyethod calculations in Equation 3 during the test
duration of 600s (2?2% Priethod, ), as shown in Table 4. Given that
the transactions only use a single thread during their execution, the
method energy consumption is equivalent to the transaction energy

2 https://github.com/joular/joularjx/blob/3.0.1/config. properties#L66

consumption. Therefore, the mean transaction power consumption
(Ptransaction) in watts (W) can be calculated by dividing the energy
consumption value by the measurement timeframe, in seconds.

For OTJAE, we use test setup 3 (see Figure 4), storing only the
spans? captured by the OpenTelemetry agent locally in the logs.
Additionally, we have activated only CPU demand measurements
on the agent to focus our comparisons on CPU-based calculation
techniques. Using the sum of CPU time per transaction (OTJAE

89¢ dcpy,) during the test duration (600s), we calculate the CPU
utilization per transaction as shown in Equation 7. With this value,
we can allocate the overall process power consumption (Pcpu,,ces
in Table 3) to each individual transaction using Equation 8. The
results are presented in Table 4 for the transaction power calculation
models of both tools (OTJAE Pcpy,, ..., Pased on Equation 8 and
JoularJX Piransaction based on Equation 4).

For the OTJAE results, it is again noticeable that the power
consumption is underestimated by the models at lower utilization
rates. However, starting from 50% utilization, the results begin to
align with those of JoularJX.

Zhttps://opentelemetry.io/docs/concepts/signals/traces/#spans
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Figure 5: Power consumption distribution of measurement
runs on different test setups

Although the power results per transaction for JoularJX appear
valid compared to the OTJAE measurements, we observed that
JoularJX assumes that the RAPL domain called intel-rapl:1 is always
the PSys domain?®. This special domain was introduced with Intel
Skylake [14], and our processor does not support PSys. Therefore,
the power calculations are primarily based on the power data of
one CPU socket. Despite this, the overall calculation still seems to
work, as the CPU demand of the threads and transactions measured
by JoularJX includes the processing time on both CPU sockets.

We also compared the results at the transaction level with the
totals at the process level in Table 3 to assess the differences (see

column "ZPCPUlmmamon - PCPUpmcess " for OTJAE and "Z Ptransaction -

Pprocess” for JoularJX, respectively). To do this, we summed the
power consumption of all transactions at each load level from Table
4 and compared it with the corresponding value at the process level
in Table 3. It is evident that the process totals align very well with
the results at the transaction level. However, when using the power
values from the power models at the transaction and process levels
to calculate the energy consumption for the test duration (600s), the
results diverge over time. This is especially visible for JoularJX as
the sum of the transaction power values underestimates the process
power values by 7.58W at the highest load level (450T/s), leading
to a difference of 4548J (7.58W X 600s) for the test duration.

4.4 Overhead Evaluation

We also measured the overall system utilization (CPUyry) and
power consumption (Pgysierm) While executing the measurements
with JoularJX (see CPUyTIL Joulargx and PgystemJoulargx) and OTJAE

Zhttps://github.com/joular/joularjx/blob/3.0.1/src/main/java/org/noureddine/
joularjx/cpu/RaplLinux.java#L30C38-L30C91

Load CPUUTIL-none CPUUTIL*OTJAE CPUUTILJoularJX Psystemfnone PsystemeTJAE PsystemfjoularJX
150T/s 25.04% 24.70% 26.95% 78.55W 78.53W 78.08W
300T/s 52.51% 52.69% 60.79% 94.24W 95.12W 91.50W
450T/s 79.86% 78.32% 80.44% 107.17W 107.08W 103.6W
1104 C—1 none % % (see CP.[JUTH_,OTJAE anthsystem,oUAE). The results for each run are
I OTJAE % shown in Table 5 and Figure 5.
Neither tool introduced significant overhead in terms of CPU

utilization or power consumption when compared to measurements
without instrumentation (CPUyTIL-none and Pgystem-none)- However,
the CPU utilization values were slightly higher when JoularJX was
used. Specifically, at the load level of 300 transactions per second
(T/s), the CPU utilization was 8.28% higher compared to the mea-
surements without instrumentation (see Table 5). Interestingly, this
did not have the same impact on the system’s power consumption.
We have not yet determined why this is the case, but the lower
power consumption when using Joular]JX is a pattern observable in
all measurements across all load levels as shown in Figure 5.

5 Conclusion and Future Work

This work evaluated the accuracy of two software energy consump-
tion models by comparing their results at both the process and
transaction levels of a REST service written in Java. We demon-
strated that JoularJX provides more accurate process-based power
estimations than OTJAE at lower utilization levels, although both
models offer comparable accuracy at higher CPU utilization lev-
els. A similar pattern is observed in transaction-based calculations:
JoularJX delivers more precise results at lower utilization levels,
while OTJAE’s accuracy improves starting at around 50% CPU uti-
lization. The higher accuracy of JoularJX is expected, as it relies
on direct energy measurements for its calculations, whereas OT-
JAE uses a simple linear CPU-based calculation model. However,
our findings indicate that OTJAE’s calculation model is sufficiently
accurate at CPU utilization levels beyond 50%. This suggests that
using OTJAE is a viable option in environments where direct RAPL-
based measurements are not accessible, provided the achievable
accuracy meets the requirements.

This study has several limitations. We examined only two of the
many available software energy consumption models [5]. Future
work should include evaluations of additional models and tools [7]
in this area. Notably, OTJAE can also measure and calculate the
power consumption of memory, storage, and network demands of
software transactions. Future research will compare these results
with other tools offering similar capabilities. It would be particularly
interesting to assess how accurately the energy consumption of
different application types, which stress hardware resources in
varying ways, can be estimated.

Another limitation is that our test environment utilized an older
CPU from the Intel Broadwell generation (14nm lithography). Newer
Intel processors, which include the RAPL domain PSys that covers
the thermal and power specifications of the entire system on a chip
[14], should be evaluated similarly. The same applies to AMD-based
CPUs that support RAPL measurements.


https://github.com/joular/joularjx/blob/3.0.1/src/main/java/org/noureddine/joularjx/cpu/RaplLinux.java#L30C38-L30C91
https://github.com/joular/joularjx/blob/3.0.1/src/main/java/org/noureddine/joularjx/cpu/RaplLinux.java#L30C38-L30C91
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