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Abstract—The widespread adoption of digital media, partic-
ularly video streaming, has introduced technical complexities
and raised concerns about energy efficiency across the streaming
supply chain. Video streaming devices have become an integral
part of our daily lives, providing access to visual content on
various devices, from handheld gadgets to large TV screens.
However, their pervasive presence also contributes significantly
to energy consumption. This research paper addresses the
challenges associated with energy efficiency in video streaming
by proposing methods for efficient, reproducible, and reliable
energy measurements on streaming devices. To achieve this,
we introduce a framework designed for automated energy
measurements of video streams. Through experiments, we an-
alyze the energy consumption of streaming devices using a
predefined set of reference content. Our goal is to identify
the most influential factors affecting power consumption and
derive practical methods to enable more sustainable and efficient
streaming practices.

Index Terms—green streaming; sustainability; video technol-
ogy; artificial intelligence; energy efficiency; green power

Over the past decade, video streaming services have un-
dergone significant advancements powered by technological
progress. These services now encompass a wide range of
offerings including live sports feeds, extensive libraries of
series and movies, gaming, and user-generated content. As
a result, video streaming has emerged as a dominant force in
internet traffic [1], challenging traditional media consumption
avenues such as broadcast channels, video rental stores,
and physical media like DVDs. Forecasts suggest that video
streaming is on track to become the primary mode of media
consumption, particularly among younger demographics.

In Germany, for instance, recent data indicates a notable
shift in viewing habits. In 2022, individuals aged 14-29
allocated a mere 18.3% of their time budget to traditional
TV broadcasts, while a significant 74.2% was dedicated to
live and video-on-demand streaming. Even across the broader
age group of 14 and above, which encompasses the previous
cohort, there was a considerable move towards video stream-
ing, accounting for 43.4% of media consumption, compared

to 49.9% for traditional TV broadcasts [2].
However, the surge in video streaming prevalence raises

environmental concerns, particularly regarding its energy con-
sumption amidst the backdrop of climate change. Our research
addresses this concern by delving into the energy usage of
video streaming across the entire supply chain. Specifically,
this paper focuses on end-user devices and proposes the
automation of energy consumption measurements. By devel-
oping a framework for automated measurement, we antici-
pate achieving more efficient and accurate data acquisition
compared to manual methods. This framework serves as a
foundation for validating or challenging assumptions about
energy consumption linked to various parameters such as bit-
rate, resolution, and frame-rate.

Identifying energy intense components and attributes holds
the potential to extend battery life in mobile devices and
reduce energy costs in households. Previous studies have ex-
plored specific facets of energy evaluation in video streaming,
such as the impact of adaptive bit-rate algorithms on mobile
devices under diverse network and environmental conditions
[3], [4]. Additionally, research has examined how quality
settings affect video-on-demand content, revealing subtle yet
discernible differences in energy consumption [5].

I. SCIENTIFIC AND TECHNICAL OBJECTIVES

In this paper, we take a detailed look at the energy
consumption of the streaming supply chain, particularly that
of streaming devices like Smart TVs, to gain a deeper
understanding of the factors that significantly influence energy
consumption. We need to understand how much energy is
consumed during streaming by individual processes to take
meaningful steps to minimize these impacts and ultimately
reduce the carbon footprint of streaming. Of particular interest
to us is determining the share of processes and components
involved in streaming that contribute to the overall energy
consumption.
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The streaming supply chain ranging from content creation
to display video on user screens is complex, with effects like
scaling, concurrent viewers or distribution playing a crucial
role and significantly influencing overall considerations. To
understand these interconnections and their effects, it is essen-
tial to measure energy consumption along the supply chain.
We differentiate between various usage scenarios such as live
streaming and video-on-demand, particularly measuring the
energy consumption of individual components and analyze
them in the context of the overall energy demand of the
end-to-end streaming supply chain. So, what are the key
factors that significantly influence energy consumption when
streaming on Smart TVs and streaming devices? Does the
widely cited relationship between bitrate and energy con-
sumption in video streaming exist? How relevant is it for
the end-to-end consideration of the ecological footprint of the
streaming supply chain? Do other factors such as resolution,
High Dynamic Range (HDR), the video and audio codec used,
the network interface, or e.g. the TV’s display technology
(OLED, QLED, LED) play a role? Or is the content itself the
decisive factor in determining energy consumption?

II. METHODOLOGY

Quantifying energy consumption in video streaming ses-
sions poses a challenge owing to the presence of numerous
subsystems and interrelated factors. Nevertheless, under con-
trolled conditions, conducting repeated measurements offers
a means to attain deterministic outcomes and discern correla-
tions between variations in attributes and energy utilization.
To ensure precision in comparisons, meticulous delineation
of the video streaming session and environmental parameters
is imperative, thereby enhancing the fidelity of the analyses.
Our principal objective revolves around establishing a testing
and measurement environment characterized by controlled,
synchronized, and automated features. Achieving a controlled
testing environment is paramount to amassing a substan-
tial volume of comparable measurement data. This entails
employing well-defined streams and devices within known
network and environmental conditions. The extent to which
we can programmatically enforce these conditions directly
impacts the efficacy of our testing. Synchronization plays a
crucial role in amalgamating real-time data from streaming
sessions and player states with the recorded energy values.

Meanwhile, automation is indispensable for optimizing
efficiency, facilitating parallel measurements across various
devices and ensuring repeatability of tests on the same de-
vice. While gradual adjustments of attribute values within a
reasonable range are pivotal, certain aspects, such as altering
connectivity types, may necessitate manual preparation for
measurement tests. Nevertheless, meticulous tracking of such
information in a user-friendly format remains imperative.

A. Measurement objectives and framework

As an initial step, we classify all major attributes that
either directly or potentially influence energy consumption.
This encompasses typical attributes documented in existing

Fig. 1. Measurement Framework Overview

literature, though not exclusively limited to these. To achieve
this, we have outlined three primary categories: Content
Attributes, Device Attributes, and Network Attributes. Each
category encompasses attributes that can be utilized to char-
acterize the end-user-facing entity under examination, such
as the video stream, delineated by the Content Attributes
and its specific state determined by attribute values. The
recorded Energy Values encompass metrics such as voltage,
current, and energy. To tackle the aforementioned challenges,
we have engineered a framework (see Fig. 1) designed to
streamline stream playback on a streaming device while
concurrently conducting energy measurements for the device
under scrutiny. A streaming setup can encompass either a soli-
tary integrated network-connected device or an assemblage
of interconnected end devices, such as a screen-less gaming
unit or a streaming stick tethered to a TV display via HDMI
cable. Within this configuration, a singular device executes the
playback application, incorporating the Player Worker tasked
with executing sequential actions and reporting metrics. Each
device under examination is subject to measurement by an
external system comprising a network-connected computing
unit paired with an energy monitoring device. The framework
comprises the Measurement Worker, which executes similar
sequential actions as the Player Worker but reports distinct
metrics. Both workers collaborate and can be co-located on
the same device to streamline the testing environment, with
the energy monitoring device remaining external.

The Network Control Service leverages the FAMIUM
ABR Testbed [8] to configure network trajectories, including
defining available bandwidth over time during the streaming
session. Streams sourced from the Content Source Service
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traverse through the Network Control Service, with configured
values for Network Attributes being implemented throughout
the measured streaming session.

The Streaming Analytics Service receives and archives
video streaming session events and measured energy metrics.
We have extended an existing solution, incorporating SAND
(Server and Network Assisted DASH). In addition to energy
metrics, we track values from the three attribute categories.
These enriched streaming sessions are planned to made acces-
sible for monitoring and aggregated views via a Web-based
dashboard.

The Measurement Scheduler Service is the linchpin of our
framework, facilitating the creation of measurement jobs by
selecting attribute values, registered Player Workers, Mea-
surement Workers, and the frequency of executions and vari-
ations. These workers retrieve the scheduled jobs and execute
streaming sessions and measurements in a controlled and
automated fashion.

B. Reference Content

To run measurements on end devices, we initiate tests
with some basic content and stream parameters to determine
if these parameters have a measurable impact on energy
consumption. Artificially generated video streams were used
for this purpose, aiming to cover a wide range of decoding
complexity from very simple to very complex. Through these
streams, we aim to investigate the extent to which different
stream complexities influence the energy consumption of
the end device. The most challenging stream to decode
consists of individual frames with random pixels (’random
pixel’), devoid of any repeating patterns. This complexity
hinders efficient compression within frames and provides no
consistency between frames, thereby impairing efficient inter-
frame and intra-frame compression. In another test, we aim
to determine the dependency of energy consumption on the
brightness of the content. For this purpose, we created two
reference contents, each depicting a so-called luma ramp. The
first video (’grayscale lumaramp’) consists of a uniformly
gray screen, with brightness changing once per minute. The
content starts from black (0x00) and gradually transitions to
white (0xFF).

Fig. 2. Grayscale lumaramp

The source materials for each video consisted of frames
showing a monochromatic gray color with varying brightness.
The brightness started at zero and then increased in steps
of 16 up to 240. The first frame (black) and the last frame
(white) are each repeated for three minutes, while each
frame in between is displayed for one minute. This creates
a brightness timeline over 20 minutes of video runtime.
Another video (’timescapes lumaramp’) uses realistic content

featuring various natural scenes, repeating every 30 seconds.
The content starts in its original form at 100% luminance, and
with each repetition, the depicted content darkens by 10%.

Fig. 3. timescapes lumaramp

III. EXPERIMENTS AND MEASUREMENTS

While the reference architecture is still in development,
we have implemented a simplified measurement setup as
depicted in illustration Figure 4. This setup consists of a
4-way Power Meter (NETIO PowerPDU 4PS) and an An-
droid TV measurement application based on ExoPlayer. Our
measurement app plays the custom-created reference content
on the respective end device (Smart TV or streaming box),
simultaneously reads the energy measurement data via the
JSON API from the power meter and writes a measurement
data log on a per second basis. This log includes not only
energy consumption values but also player metrics such as
player state, playback position, media URLs, etc., which are
captured and made available for analysis. With the power
meter, up to four devices can be measured simultaneously. We
leverage this capability by, for example, examining the energy
consumption for streaming test content directly through the
app on the Smart TV and comparing the results with the
case where the TV is fed via HDMI from a streaming box
or stick. The difference between the two measurements can
be considered, within certain limits, as the portion required
on the TV for network communication and decoding of the
stream.

Fig. 4. Exoplayer based measurement solution

A. Energy signatures

In an initial series of measurements, we had various stream-
ing devices play exactly the same content (luma ramp) while
measuring their power consumption and energy usage. We
selected Smart TVs with different display technologies from
the categories OLED, QLED, Full Led, and Edge LED, with
the aim of examining the energy signatures of these various
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technologies for our test content. Additionally, an Android-
based streaming box was used, serving as a player for the
TVs via HDMI and measured separately from each TV. This
approach aims to reduce the TVs to their basic function as
a display, thus excluding the possible influence of additional
processing steps for content reception and decoding from the
analysis. Simultaneously, the measurements from the stream-
ing box, which is primarily responsible for content reception
and decoding without a display, provide a benchmark for the
energy consumption of these processes. They would not be
separately measurable on the Smart TV, which additionally
handles the display presentation.
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Fig. 5. Energy Signatures of different display types

As shown in Fig. 5, this set of measurements compared
energy signatures of different TV display technologies, fo-
cusing on OLED, QLED, Edge LED, and Direct LED panels
and showed the reliablity of our measurement framework
approach. OLED TVs exhibit a direct correlation between en-
ergy consumption and content brightness due to their ability to
control individual pixels. QLED TVs also show a correlation,
but with smaller differences in power consumption per bright-
ness step, leveling off around 50% brightness. Traditional
LED displays, both Edge LED and Direct LED, display nearly
constant power consumption as content brightness increases,
attributed to their backlighting methods. Edge LED relies
on lateral LEDs, limiting energy-efficient dimming, while
Direct LED allows local dimming but shows minimal power
consumption variation with brightness. Future tests will use
the introduced automated measurement system to validate
these findings and create larger data sets. To better compare
the energy signatures, the curves are presented in a normalized
form in Fig. 6

B. Standalone Smart TV vs Streaming Box

Considering the power consumption of a Smart TV con-
nected to a streaming box via HDMI (Fig. 7), receiving
the display signal already in its processed version from the
streaming box, two effects become apparent. In the test, the
power consumption of the Smart TV with the connected
streaming box decreased compared to the standalone mea-
surement, where the Smart TV receives, decodes, and displays
the content, which is unexpected as the TV actually has fewer
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Fig. 6. Greyscale Load

tasks to perform. This effect is explained by the settings of
the streaming box, which itself brings various settings for
image optimization, the HDR mode used, or energy savings.
These settings affect the HDMI output signal sent to the Smart
TV. In the case of the measurements presented, these settings
had a relatively significant effect on the power consumption
of the Smart TV, surpassing the additional power required
for necessary processing steps such as network interface,
content decoding, upscaler, etc. A comparative value can be
determined based on the power consumption of the streaming
box, which averaged approximately 3W in the test.
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ramp

The comparison as shown in Fig. 8 of energy consumption
for the measured 20-minute streaming session reveals the
proportions. The energy demand of the Smart TV dominates
very clearly, almost entirely composed of the energy required
for illuminating the display and the concurrently running
basic functions of the Smart TV. Assuming the use case
of a streaming box connected to the TV, this would mean
that the potential energy savings during streaming, through
changes in streaming parameters such as bitrate, resolution,
codec, etc., are within the range of the maximum 3 watts that
the streaming box requires for receiving and processing the
signal. In contrast, in the specific example, there is up to 180
watts of power consumption for displaying bright content on
the TV screen.
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C. Comparing different stream settings including bitrate, res-
olution

A very similar pattern emerges when evaluating the mea-
surement results (Fig. 9) of the timescapes video, which,
in contrast to the luma ramps, does not feature artificial
brightness reduction. Here again, the power consumption of
the TV is significantly influenced by the brightness of the
respective scene in the content. This is particularly evident in
the example of an OLED TV. Various stream configurations
were created, and each was played and measured with the
TV’s energy-saving mode disabled and enabled.
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Fig. 9. Load of 55” OLED TV playing timescapes in different stream settings

The differences in power consumption between the various
renditions in SD, HD, and UHD with bitrates ranging from
5Mbps to 25Mbps are marginal and, compared to the bright-
ness of the content, have almost no impact on the device’s
energy consumption for streaming playback. On the other
hand, activating the energy-saving mode results in energy
savings of over 50% in individual scenes, surpassing the val-
ues obtained from the previously analyzed artificial content.
To illustrate the potential savings through modification of
stream parameters based on an example, we have calculated
the values for a typical usage pattern: The difference in
measured energy consumption for our OLED 55” TV, playing
the 5-minute test content at 960x540@25fps@5000kbps and
at 3840x2160@60fps@25000kbps, was 0.026863489 Wh. If
we extrapolate the energy consumption of these 5 minutes to
a daily usage of 5 hours of streaming for 365 days, the total
energy difference amounts to 588.31 Wh, or 0.58831 kWh
resulting at an assumed price of 30 cents per kWh, in savings
of 18 cents per year.

IV. CONCLUSION AND FUTURE WORK

The paper discusses potential energy-saving measures
along the proposed solution for sustainable streaming, re-
vealing significant energy-saving potentials. Based on the
initial measurements conducted, it has become apparent that
the energy consumption of larger devices, particularly Smart
TVs, is significantly influenced by the brightness of the
display. Two factors come into play: the individual settings
of the TV and the brightness of the displayed content.
Stream parameters such as resolution, bitrate, or codec, on the
other hand, offer only very limited energy-saving potentials.
Green streaming through sustainable video technologies is
ambitious, requires forward-thinking and at the same has
the potential to revolutionize the video streaming industry
by promoting future proof solutions for sustainability and
energy efficiency in the digital media landscape. To better
understand how a possible reduction in brightness affects
the perceived image quality, further analyses are required. In
a preliminary attempt, we gradually darkened our reference
content, reducing the brightness in percentage steps compared
to the original. Brightness is, strictly speaking, a subjective
perception of how intense or vivid a visual stimulus appears
and can be understood as a psychological interpretation of the
physical quantity of light. It is, therefore, a perceived quality
without a specific unit. In contrast, the term luminance refers
to the amount of light emitted, reflected, or transmitted by a
surface per unit area. Luminance is measured in candela per
square meter (cd/m²) and is thus an objective measure of the
physical quantity of light. In our considerations, we focused
on the brightness reduction of the test content, generated
through corresponding re-encodings of the original content.
We planned future experiments were we want to manipulated
the resulting content via a client-side mechanism to display
content more energy efficient without influencing the video
workflow. And additionally integrate and calculate further
content metrics like VMAF [11], PSNR [12] or SSIM [10] and
conduct energy consumption measurements during playback
on a broader range of streaming devices and TV sets. While
we have already created initial datasets and extracted valuable
insights regarding the potential impact of specific attributes
on energy consumption, we are actively collecting ongoing
measurements to acquire additional data. This data shall serve
as a solid basis for future analyses and in-depth evaluations.
Our ultimate goal is to share the results and specific insights
in upcoming publications.
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