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Abstract
Video streaming has significantly surged over the past two decades
and now accounts for 50% of Internet traffic, raising concerns re-
garding its environmental impact. Prior work on carbon-aware
video streaming, often denoted as “green streaming”, has gener-
ally focused on streaming from low-carbon data center regions.
However, these approaches often consider only the source data
center or rely on coarse-grained attribution models that fail to cap-
ture network emissions incurred during streaming. To understand
and account for carbon emissions associated with video streaming,
we first highlight the limitations of state-of-the-art carbon attribu-
tion methods. We then introduce a fine-grained, end-to-end model
that enables clients to attribute the average emissions of a video
streaming session across the playback devices, data centers, and the
network path. We also demonstrate the utility of our carbon attri-
bution model in analyzing the carbon footprint of video streaming
using real-world datasets of network topology and routes, as well
as the actual cloud and edge locations of commercial services. Our
analysis covers 1322, 637, and 235 cloud and edge data center loca-
tions in North America, Europe, and Asia, respectively, as well as
grid carbon intensity data from 374 regions worldwide. Our results
show that streaming from the greenest data center region with-
out considering the incurred network emissions can result in 52%,
44%, and 43% higher attributed emissions, on average, for clients
in North America, Europe, and Asia, respectively. Our results also
demonstrate that streaming from the nearest edge site is frequently
suboptimal, while streaming from a slightly further edge or cloud
region can lower the average emissions for a video stream more
than 77% of the time globally.
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1 Introduction
Video streaming over the Internet has grown significantly in popu-
larity over the past two decades. Today, streaming services, such as
YouTube, Netflix, and Twitch, are seen as popular sources of daily
entertainment, with many users spending up to four hours per day
consuming digital media [14]. Recent studies highlight that more
than half of the total Internet traffic in many countries originates
from video streaming [61], and today’s streaming services consume
a significant fraction of Internet resources, as well as server re-
sources in cloud and edge data centers where the content resides.
The popularity of streaming services, along with their associated
data center and network workloads, has raised concerns about the
environmental footprint of video streaming. For example, the IEA
estimates that one hour of streaming video emits 36g·CO2eq [37].
Given that large streaming services have hundreds of millions of ac-
tive users, such services can result in a considerable overall carbon
footprint [47].

One approach to reduce the carbon emissions of video streaming
is the use of spatial shifting, often denoted as green streaming1,
where users stream the video content from a data center location
with low carbon intensity. Although spatial workload shifting is
an effective technique for reducing the carbon footprint of data
centers, especially for workloads with spatial flexibility [11, 15, 56],
such techniques have often focused on compute-intensive tasks,
primarily concentrating on data center-side carbon optimizations,
and have overlooked the network impact, as these workloads do
not utilize significant network bandwidth. Thus, server-side-only
methods are often inadequate for optimizing video streaming emis-
sions, which consume significant network bandwidth and server
resources. Even recent work on spatial workload shifting in content
delivery networks (CDNs) has made similar assumptions, result-
ing in an underestimate of the carbon footprint of video streams
[23, 50]. Another approach is to design green network transfer
methods that choose the greenest path between the server and the
client [18, 24, 72]. However, since video streaming also consumes
significant server resources, choosing the greenest network path
for streaming while ignoring the server impact can also be subop-
timal. Finally, there have been decades of work on enhancing the
energy efficiency of both the network [6, 36, 52, 59, 63] and the
data centers [38, 66]. While increasing energy efficiency can also

1We use these two terms interchangeably in the paper
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reduce the carbon footprint of streaming services, they do not di-
rectly consider region-specific differences in grid carbon emissions,
which can impact the overall emissions of video streaming.

Therefore, to design effective and practical green streaming ap-
proaches, there is an urgent need to analyze and account for the
carbon emissions of both servers and the network paths used for
video streaming. Such analysis can be done using attributional
methods, which use average carbon intensity data of different grids
and mean energy usage of servers and network elements to deter-
mine the average carbon emissions of each stream. Such methods
are useful for carbon reporting purposes and for understanding
the average per-stream emissions incurred by a CDN streaming
service. Alternatively, the analysis can use consequential methods
that estimate the marginal emissions of each stream, an approach
that is useful for decision making [8, 13, 19]. Our goal in this paper
is to perform an attributional analysis to understand the average
per-stream emissions incurred by a CDN when streaming videos
from different data center locations and along different network
paths.

Prior attributional analysis on quantifying the environmental im-
pact of video streaming [3, 37, 47, 70] have used coarse-grainmodels
that consider a fixed energy per stream (kWh/GB) [37, 47, 51, 70]
and often assign an average region-agnostic carbon intensity esti-
mate for data centers and networks [3, 47]. However, the energy of
the end-to-end network path varies significantly across client and
server locations due to variations in the number of network hops
and traversed distance. In addition, recent work has already shown
that carbon intensity can vary significantly across different spatial
regions and times through which the network traffic flows [28, 72].
Hence, the use of prior coarse-grain methods does not reveal the
full carbon impact of video streaming. For instance, a streaming
session that utilizes a data center with low carbon intensity but
traverses a long network path or one that goes through regions
with high carbon intensity may have a higher overall carbon foot-
print than a session that uses a data center with higher carbon
intensity but traverses a network path with lower carbon emissions.
In Section 3.1, we show how a coarse-grained model does not fully
capture such impacts and can under- or over-estimate the carbon
emissions of a video streaming session. Thus, it is crucial to develop
fine-grain models that capture both data center and network carbon
emissions when analyzing the full emissions of video streaming.

Motivated by these limitations, we propose a fine-grained attri-
bution carbon accounting model that couples time- and location-
varying grid intensity with streaming device and server energy
and path-specific network emissions across edge and cloud data
centers. Unlike prior work, which employs coarse-grain methods,
our approach aims to develop fine-grain estimates at a per-stream
level, considering both the data center location and the entire net-
work path used to deliver the stream. We then utilize this model to
conduct a model-driven measurement study that empirically quan-
tifies the attributed end-to-end carbon footprint of video streaming.
Importantly, our model and measurement study also consider the
carbon impact of both cloud streaming and edge streaming, since
the latter is widely used by content distribution networks employed
by streaming services. Using this lens, we also expose cases where
the apparent choices—serving from low-carbon data centers or from
the nearest edge data center—or relying on coarse-grained network

energy consumption paradoxically have higher attributed carbon
emissions to a video streaming session due to the high carbon inten-
sity of edge data centers. We then show how our model can better
capture end-to-end attributed carbon emissions in video streaming,
offering more accurate estimates and better carbon accounting for
video streaming applications.

Our model-driven attributional analysis seeks to answer several
key questions: (i) What is the relative contribution of the devices,
network, and servers to the overall attributed carbon footprint of
a video streaming session, and which one is dominant? (ii) Does
streaming from the nearest location lead to the lowest carbon emis-
sions, and how does our fine-grained attribution model affect server
selection? (iii) From an emissions standpoint, is streaming from
the edge always better than streaming from the cloud? (iv) How
do these results vary across different parts of the world, different
times of the day, and settings?

In developing our model and measurement study, our paper
makes the following contributions:

(1) Fine-grained model. We develop a fine-grained attribution
model that estimates end-to-end carbon emissions of video
streaming by accounting for the playback device, the server,
and network energy, data-center location, end-to-end path, and
spatiotemporal variations of energy’s carbon intensity.

(2) Real-world Analysis. To answer the above questions, we con-
duct a model-driven analysis of the carbon footprint attributed
to a streaming session when the video is streamed from dif-
ferent data center locations and along different network paths.
Our analysis uses real-world datasets of network topology and
routes, actual cloud and edge locations of commercial services,
including 1322, 637, and 235 cloud and edge data center loca-
tions in North America, Europe, and Asia, as well as grid carbon
intensity data from 374 regions worldwide.

(3) Key Findings: Our study reveals many interesting insights. (i)
We demonstrate that network emissions are a crucial factor for
designing green streaming methods, particularly when stream-
ing from distant data centers, highlighting the utility of our
fine-grained attribution model. Our results show that stream-
ing from the greenest server location, without considering the
network path, increases attributed carbon emissions by 52%,
44%, and 43% for clients in North America, Europe, and Asia,
respectively. (ii) We also show that edge streaming is not always
a greener choice than cloud streaming, even though it incurs
fewer hops to the client, where the relative greenness of edge
and cloud streaming depends on the specific data center loca-
tions and network paths used. In many cases, a slightly more
distant edge or cloud data center may offer lower attributed
emissions for a video stream. Our results show that using the
nearest edge data center leads to higher emissions in 90%, 82%,
and 77% of cases, across North America, Europe, and Asia, re-
spectively. (iii) Finally, we find that the results vary significantly
across different parts of the world and different times of the day,
highlighting the importance of considering spatio-temporal
variations in carbon intensity and the need for adaptive green
streaming methods that can dynamically select the greenest
option based on the current conditions.
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Figure 1: Main components of a video streaming service.

2 Background
In this section, we provide background on video streaming, our
energy and carbon accounting methodology, and networks, and
approaches to designing green streaming services.

2.1 Video Streaming
A video streaming service, e.g., Netflix, delivers a rich set of video
content to its users with the ability to serve millions or billions of
video files and may serve tens of millions of users. Let us consider
how an individual video file is streamed from a content/source data
center to a user’s device. Figure 1, depicts the various components
of modern video services. Typically, the content server is located in
a cloud data center, often referred to as the content origin; however,
many streaming service providers rely on content delivery net-
works (CDNs) to cache content at edge services and stream it from
locations closer to users. We will refer to streaming content from a
cloud data center as “cloud streaming”, and to streaming from an
edge data center as “edge streaming.” Moreover, video content is
often replicated across multiple cloud and edge data centers, allow-
ing a particular file to be streamed from any of the edge or cloud
replicas. It is then up to the streaming service or the underlying
CDN to select a specific data center or CDN location. For example,
a streaming service may choose a region-specific data center to
service a particular client (e.g., European clients may be serviced by
CDNs/Cloud data centers in Europe [21]). Similarly, a CDN, which
replicates content across a number of edge data centers, may choose
the closest edge data center to serve a client, or the edge data center
that minimizes the bandwidth cost [1].

Once a data center has been chosen to serve the client, a video
streaming protocol is used to deliver content from the server to
the client device. Modern video streaming services, also known as
adaptive streaming [73], often rely on an HTTP server that hosts
the video content. The streaming server then runs an adaptable
streaming protocol, such as HLS [55], and MPEG-DASH [68], which
allows for streaming service providers to divide videos into small
chunks (e.g., a few seconds) with different versions (frame rate,
quality, and sizes), collectively denoted as a bit rate ladder [2, 22, 73].
At streaming time, the client (or the client device) selects one of
the versions, based on device characteristics (screen size), network
conditions (4G orWiFi), or user preference [2, 22, 73]. In addition, to
adapt to variable network conditions, video streaming applications
employ adaptive bit rate (ABR) optimizations [2, 3, 22, 73]. ABR
approaches, such as SODA [12] and BOLA [69], automatically select
the right segment to navigate the trade-offs between video quality

Device
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Streaming 
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CPE

ISP: Internet Service Provider
CPE: Customer Premise Equipment

ISP

Figure 2: Network path for a green streaming approach, in-
corporating both static and dynamic network components,
highlighting how a green server might be offset by a brown
network path.

and sizes and avoid video freezes. In addition, approaches such as
GreenABR[74] and E-WISH[44] enhance the selection process by
incorporating the energy consumption of both the device and the
network.

2.2 Carbon Accounting
The Green House Gas (GHG) protocol specifies two types of meth-
ods for estimating emissions: attributional and consequential [8].
Attributional methods focus on fair sharing of system-wide emis-
sions and tend to use average grid carbon intensity values and
average energy usage across the system when estimating the emis-
sions of a particular entity (or stream). Such methods are useful for
accounting and reporting purposes and for system-wide analysis.
In contrast, consequential methods focus on actions that reduce
system-wide emissions from an action or a decision. Recently, the
networking community has also highlighted the differences be-
tween the operational and consequential methods when analyzing
the energy (and carbon) usage of network workloads [13, 17, 19]
and challenges in estimating the emissions for either accounting
methodology.

Regardless of which method is used, the emissions themselves
come in two forms: operational and embodied. Operational emis-
sions are the emissions resulting from consuming energy during
the operations of a system or direct emissions; these are also known
as Scope 1 and 2 emission in the GHG protocol. Embodied emis-
sions (also known as scope 3 emissions) are the emissions resulting
from the manufacture of a product (e.g., manufacture of server
and router hardware), its transportation, and setup [29, 39]. Recent
systems research has developed carbon optimization methods such
as temporal and spatial workload shifting to optimize the opera-
tional emissions of data centers [23, 31, 50, 71], while research in
the architecture community has focused on optimizing embodied
emissions of computing hardware. Interestingly, the operational
emissions of one entity can become the embodied emissions of
another entity that uses the former. For example, the operational
emissions of the servers and GPUs used to train a machine learning
model become the embodied emissions of the model when it is de-
ployed for inference. Similarly, the operational emissions from the
server and network elements used by a CDN to stream a video will
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become the embodied emissions of the end-user’s video application
that consumes it.

In this work, we use attributional analysis to estimate the opera-
tional emissions from streaming a video from different data center
locations and along different network paths. Our goal is to high-
light the differences in operational emissions across data center
and client locations and across different paths. The key challenge
in estimating the energy consumption for a video streaming ses-
sion, at the flow level, is that the energy usage of the server and
network routers depends on their utilization levels. However, full
knowledge of utilization levels of servers and network elements
and the network state such as throughput [19] is challenging to
obtain and most Internet traces do not capture this information.
Fortunately, servers and network elements such as routers and
switches are not energy proportional and, as a result, changes in
traffic and workload level have less of an impact on their power
consumption [18, 19, 25, 35, 51, 67]. Since our focus is on attribu-
tional, rather than consequential, analysis, this allows us to rely
on static or average power consumption values for servers and
network devices when conducting our model-driven analysis.

2.3 Energy and Carbon Attribution
Regardless of the streaming protocol, each video stream must go
through: (1) a server at a particular edge or cloud data center loca-
tion that streams the content, (2) a network path over the internet,
comprising multiple network hops, over which this content tra-
verses, and (3) a client device at the user’s location that receives
and renders the content. Given these components, for each video
stream, we consider the energy consumption at the server for send-
ing the video, as well as the energy consumption along the network
path for transmitting this video. Once the energy consumption of
the video stream is estimated, it can be translated into a carbon
footprint for that streaming server by considering the carbon in-
tensity (CI) of the electricity supplied across the server and various
network components. In general, the carbon intensity of electricity,
measured in g·CO2eq/kWh, represents the amount of emitted 𝐶𝑂2
per unit of energy consumed. The CI is computed as a weighted
average of the electricity supply mix for a particular grid and time
period. More importantly, as highlighted in earlier research [71],
energy’s carbon intensity varies across locations (i.e., electricity
grids) and over time, with the availability of renewable energy
sources (e.g., solar or wind) yielding lower CI (see Figure 5). The
carbon footprint of a video stream is simply the sum of the product
of the energy consumption at each element (server, network) and
the CI of that location at the time of streaming.

2.4 Green Streaming and Networking
Recent efforts to quantify the carbon footprint of video streaming
services make several assumptions to simplify their analysis. For
example, several studies make coarse-grain assumptions and use
a single static value for the network energy cost of streaming [37,
47, 51, 70]. Moreover, these studies do not capture the path-specific
nature or assume a single average value of carbon intensity for
the electricity supply [16, 37]. However, as shown in Figure 2, a
selected server can lead to different network paths with varying
numbers of hops or carbon intensity. While these assumptions are
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Figure 3: Streaming carbon emissions from the closest and
greenest cloud data center in Europe for a client in Perugia,
Italy, using coarse-grain and fine-grain accounting models.

viable when performing large-scale analysis, they do not accurately
capture the actual emissions attributed to a streaming session.

To optimize the carbon emissions attributed to a video streaming
session, recent work has leveraged the spatial variations of carbon
intensity across locations. In the case of video streaming, earlier
approaches have relied on the availability of content across data
centers and have developed methods that select a replica in regions
with low carbon intensity [46, 50]. However, as shown in Figure 2,
a green streaming server might be accessed via a brown network
path, which may overtake these gains. Conversely, researchers
have also exploited the time-varying nature of carbon intensity and
designed approaches that schedule data transfer tasks [24] during
periods of low carbon intensity. Moreover, authors have proposed
carbon-aware routing and traffic engineering approaches [18, 54,
72], enabling the selection of network paths that traverse locations
with low carbon intensity. Nonetheless, these approaches either
do not consider the network [46, 50], or do not consider the server
emission [24], or rely on coarse-grained estimates[47].

As a result, prior approaches do not fully capture one or more of
the following: (1) detailed server energy cost, (2) full network route
and energy cost, (3) carbon cost for a streaming server edge or cloud
location and time, (4) carbon cost of routes based on the specific
location and time along the path. Next, we present our end-to-end
model that addresses these requirements when attributing carbon
emissions to a video streaming session.

3 Methodology
This section introduces a fine-grained model for estimating the car-
bon emissions attributed to a video streaming session, attributing
emissions across the device, network, and server components for
content served from edge or cloud data centers. First, we motivate
the need for a fine-grained model to attribute carbon emissions
from video streaming across different sources accurately. Then,
we present an overview of our proposed model and its key ele-
ments. Next, we outline our proposed attribution approach, which
resolves emissions along physical network routes across time, ge-
ography, and network segments. Lastly, we conclude with a list of
carbon-aware (“green”) streaming methodologies that we use in
our analysis.



Go with the Flow e-Energy ’26, June 23–25, 2026, Banff, Canada

3.1 Motivation
To estimate the carbon emissions of video streaming, prior work
often employs coarse-grained models–either a fixed energy-per-
stream (kWh/GB) across the Internet or high-level averages per
network type [37, 47, 51, 63, 70]. While useful for rough estimates,
these abstractions cannot accurately estimate carbon emissions
attributed to a video streaming session as they implicitly assume
that network energy depends only on data volume, without consid-
ering the end-to-end path. In reality, however, physical paths differ
across clients and serving locations, due to changing (i) Device
counts (L2/L3 hops, Internet Exchange Points (IXPs)), (ii) Distance
(and hence amplifiers/regenerators), and (iii) Carbon intensity of
the regions traversed. Consequently, transmitting the same video
stream from a different region can significantly increase or decrease
network energy consumption and carbon emissions attributed to
it. For instance, an edge data center in the same metro may tra-
verse a handful of L2/L3 hops. In contrast, a remote cloud region
1,000–2,000 km away will traverse multiple autonomous systems
(ASs), i.e., many L2/L3 hops and numerous transponders and inline
amplifiers. Thus, even a “green” location can be offset by an energy-
or carbon-intensive transit. A path-aware model is therefore re-
quired to accurately attribute carbon emissions across different
locations and paths.

To estimate the carbon emissions of a video streaming session,
we show the difference between two carbon emission attribution
models for the network: (1) Coarse-grain model: We consider the
model presented in [47] of 0.0523 𝑘𝑊ℎ/𝐺𝐵, and assign the carbon
intensity of the network as the average between the source and
destination [27]; (2) Fine-grain model: our proposed model that com-
putes the network route, detailed in Section 3.3. Figure 3 illustrates
the drawbacks of using a coarse-grained model. This figure shows
the normalized carbon emissions when streaming to a client in Pe-
rugia, Italy. We consider the closest data center, Azure Italy North,
and compare it to streaming from a low-carbon location, i.e., Azure
Sweden Central, as noted in [71]. As shown, when considering the
coarse-grain model, streaming from Sweden results in 55% lower at-
tributed carbon emissions when compared to Italy. However, when
considering the fine-grain model, which accounts for the physical
network and the carbon intensity along the entire path, the attrib-
uted carbon emissions are 50% higher than Italy. This discrepancy
highlights the importance of considering the physical route as well
as the data center emissions in correctly attributing carbon emissions
and understanding the true impact of locations and paths.

3.2 Carbon Attribution Model Overview
To address these concerns, we present a fine-grained streaming
carbon emissions attribution model that captures (i) the playback
device, (ii) the streaming source (edge or cloud), and (iii) the physical
network route between origin and destination, combined with time-
and location-varying grid carbon intensity. This structure lets us
evaluate how changing the serving region alters both the equipment
mix and the carbon intensity of the electricity supplied to each
element. The carbon emissions of video depend on the device, the
content bitrate/codec (video size), and the streaming origin, which
dictates the network path. The network path itself, as shown in
Figure 2, comprises static elements that are always traversed (e.g.,

the CPE device and the Internet gateway), and dynamic components
that depend on the streaming source (e.g., L3 Hops). We define
the carbon emissions CQstream attributed to a video streaming per
streaming quality Q, as follows:

CQstream =𝐶D +𝐶N +𝐶DC (1)

where𝐶D ,𝐶𝑁 ,𝐶DC are the carbon emissions of the user device,
network, and data center.
Device Emissions: The carbon emissions of the user device 𝐶D is
computed as:

𝐶D =

∫ 𝑇stream

0
𝑃QD (𝑡) · 𝐼D (𝑡) 𝑑𝑡 (2)

where 𝑃QD (𝑡) is the power consumption in 𝑘𝑊 of the streaming
device, given a video quality Q, and𝑇stream is the stream length, and
𝐼D (𝑡) is the time varying carbon intensity of the device location.
Network Emissions: The carbon emissions of the network 𝐶𝑁 is
defined as:

𝐶N =

∫ 𝑇stream

0

∑︁
𝑅𝑖 ∈R

𝛿𝑖

∑︁
𝑟 ∈𝑅𝑖

𝑃Q𝑟 (𝑡) · 𝐼𝑟 (𝑡) 𝑑𝑡 (3)

where R is the set of network paths between a client and a server,
and 𝛿𝑖 is the share of the traffic going through path 𝑅𝑖 . 𝑅𝑖 is a
network path containing a set network hops that constitute the
physical network route, 𝑃Q𝑟 (𝑡) : 𝑟 ∈ 𝑅𝑖 is the typical power con-
sumption of a network hop per stream with a video quality Q,
including routers, switches, and PUE overheads, as we will detail
later, and 𝐼𝑟 (𝑡) : 𝑟 ∈ 𝑅 is the time varying carbon intensity for
the network hop 𝑟 . We note that our analysis uses a fixed value
for energy consumption (e.g., typical power consumption [18] or
maximum power consumption), as network devices are not power-
proportional [18, 19, 35, 67] and network device utilization is often
not known in practice [19, 72].
Data Center Emissions: The carbon emissions of the edge or
cloud data center 𝐶DC is:

𝐶DC =

∫ 𝑇stream

0
𝑃QDC (𝑡) · 𝐼DC (𝑡) 𝑑𝑡 (4)

where 𝑃QDC is the power consumption per streaming server for a
streaming quality 𝑄 , including streaming stack, and PUE, and 𝐼DC
is the carbon intensity of the data center.

Our analysis uses the above model for accurately attributing
carbon emissions to a video stream. The key challenge, however, is
to estimate accurately the physical network paths and the locations
of intermediate infrastructure. To address this, we utilize state-of-
the-art network topology and routes datasets to infer end-to-end
routes and component locations, as detailed in the next section.

3.3 Estimating the Network Route
To compute the physical network route, we need to estimate the
number and location of the network hops accurately. To do so, we
utilize CAIDA’s Internet Technology Data Kit (ITDK) [9], which is
collected based on traceroute measurements and Border Gateway
Protocol (BGP) routing tables. The dataset represents the logical
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mented CAIDA routes with amplifiers

structure of the internet, including router-level network topolo-
gies and router-to-autonomous system (AS) assignment. In addi-
tion, to infer the physical locations of the network route, we rely
on CAIDA’s geolocations [45] and iGDB geolocation datasets [5].
While this CAIDA dataset is widely used by the networking com-
munity to infer paths, we note that it does not include the existence
of private networks, which are not visible in public routing tables,
resulting in inferred paths that differ from actual ones [28].

We draw inspiration from recent efforts to infer the physical
network path [5, 28] for our own path computations. A key differ-
ence though is that [28] estimates network paths with the lowest
energy consumption, while we assume that the CDN uses standard
Internet paths based on shortest path routing, which we use to infer
our paths. We implement the following steps to infer the physical
network route between the client and a video streaming source
while considering connections across multiple clients, edge and
cloud data centers, and traffic replication.
(1) Compute the logical network path. Given a source de-

vice location and a destination server, we utilize the CAIDA
data set [9] to compute a set of network routes R : 𝑅𝑖 ←
find_routes(D,DC). To capture multi-path routing, we com-
pute the top-𝑘 shortest paths using Dijkstra’s shortest-path
algorithm [30], where nodes are routers and edges represent
logical links from the CAIDA dataset.

(2) Infer the physical path. For each network hop 𝑟 ∈ 𝑅𝑖 , we infer
a latitude/longitude. Then, following the insight from iGDB [5]
that long-haul links tend to follow rights-of-way (e.g., highways
and railways), we transform the logical hop sequence into a
piecewise physical route. Concretely, for each consecutive pair
of geo-located hops (𝑟, 𝑟 ′) : 𝑟, 𝑟 ′ ∈ 𝑅𝑖 , we map these endpoints
to nearby rights-of-way and compute a physical route.

(3) Path augmentation. We enrich the physical path with infras-
tructure implied by span lengths and nearby sites. Specifically,
we (i) attach nearby PoPs, Internet exchanges, or metro rings
when the path traverses major hubs, and (ii) insert optical re-
peaters/regenerators along long-haul spans based on distance
thresholds typical for the medium.

(4) ISO mapping. Finally, we map routers, PoPs, and physical
segments to electricity-grid regions to support carbon analysis.
Each segment is assigned to an ISO/RTO (or equivalent) polygon.
Using region labels, we later join with time-varying carbon
intensity data from ElectricityMap [20] to attribute per-segment
emissions and aggregate along the end-to-end route.
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Figure 5: Evaluating Data Center selection for a client in
Perugia, where the streaming from Sweden [71] yields 43%
higher attributed emissions. In contrast, streaming from
South France yields 38% lower emissions.

To assess the benefits of our inference pipeline, Figure 4 illus-
trates the relation between the haversine distance and the number
of networks devices across 50000 client-server pairs. As shown,
using raw CAIDA ITDK, which only includes routers that cross
autonomous systems (AS), aside from distance, misrepresents the
number of network devices, including routers and amplifiers, and
shows no correlation between distance and the number of network
devices. However, when considering the augmentation steps and
including possible network hops along the path, the number of
network devices becomes correlated with the distance, yielding
a more plausible representation. Lastly, when incorporating the
needed network amplifiers to ensure high performance and min-
imize the effects of noise and signal attenuation, the number of
devices increases, while preserving the correlation.

3.4 Impact of Data Center Location.
To show the impact of data center location on the attributed emis-
sions of a video streaming session, we consider three data center
choices that span the spectrum from the closest data center to fully
carbon–aware. Each policy operates over a candidate set of servers
(data centers or CDN origins). For simplicity, we assume that the
content is already replicated at these locations.
Closest Data Center (Baseline). This network–centric baseline
selects the geographically (or RTT) closest server. It captures to-
day’s common practice in which path length and user experience
dominate the decision rule. We use it to quantify the incremental
gains of carbon-aware decision making.
Greenest Data Center (GDC). Motivated by spatial shifting ap-
proaches in the literature [71], this policy chooses to stream from
the greenest data center location while ignoring network emissions.
Greenest Data Center & Network (GDCN). This policy minimizes
the total attributed carbon emissions by accounting for both the
data center and the network. This end-to-end view captures cases
where a “green” data center is reachable only via carbon-intensive
routes, or conversely, where a very clean backbone connects a
modestly green server.
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This set of policies allows us to isolate where the carbon benefits
arise (server selection versus network route) and how much the
physical path affects the scheduling decision. Figure 5 highlights
the difference between these three policies and details why the
greenest cloud approach may increase attributed carbon emissions,
as underlined in Figure 3. As shown, when streaming from the
greenest data center, using the GDC policy, the end-to-end attributed
carbon emissions are higher by 43%. The reason for this is that the
video stream not only traverses a significantly longer network path
(8 more network hops than the closest data center) but also passes
through a region with high carbon intensity. In contrast, under
the greenest data center and network policy (GDCN), the video is
streamed from Marseille, passing through 7 network hops and
regions with low carbon intensity, resulting in 38% lower end-to-
end carbon emissions.

4 Evaluation
In this section, we answer the research questions in Section 1, where
we estimate the carbon emissions for different choices of data center
locations and path using our fine-grained carbon attribution model.
We begin by outlining our experimental setup, which includes the
real-world datasets and the evaluation metrics. Next, we analyze
the attributed carbon emissions when streaming from different
cloud locations. We then generalize these findings to settings that
involve both edge and cloud data centers. Finally, we conduct a
sensitivity analysis to examine how different assumptions influence
our results.

4.1 Experimental Setup
4.1.1 Real-world Traces. Our study relies on multiple real-world
data sets, including:

Network Topology and Locations. As highlighted in Section 3,
it utilizes the CAIDA ITDK [9] and iGDB [5] datasets to infer and
augment the network route and physical path for different client
and data center pairs.
Cloud Data Center Traces. Our analysis considers 28, 37, and 40
hyper-scale data centers across North America, Europe, and Asia,
spanning AWS, Microsoft Azure, and Google Cloud.
Edge Data Center Traces. In addition, to emulate real-world edge
deployment, we utilize Akamai CDN traces, which include the 1294,
600, and 195 locations of edge data centers across North America,
Europe, and Asia, identifiable by their coordinates.
Power Measurements. Table 1 lists our power measurement data
and sources for network devices. However, our model is generaliz-
able and can use more recent measurements [19, 35]. For the server,
we use the recently estimated power consumption per stream server
of 1 W [70] and account for the streaming device; we consider the
power consumption of a phone and use measurements from [7].
Nonetheless, in Section 4.4, we illustrate how network energy effi-
ciency and device characteristics may affect our results.
Carbon Intensity Traces. Lastly, we use carbon intensity data
from ElectricityMaps [20] for 2024. The traces provide hourly av-
erage carbon intensity information, measured in grams of carbon
dioxide equivalent per kilowatt-hour (g·CO2eq/kWh), for 374 zones
worldwide.

Table 1: Power measurement of different devices.

Device Power Consumption
Streaming Server 1 W
Router 2 W/Gbps [75]
WDM switch (OXC) 0.05 W/Gbps
Transponders 0.09 W/Gbps
Amplifier 0.03 W/Gbps
Regenerator 3 W/Gbps
Network hop∗ 2.28 W/Gbps
PUE 1.5
Phone ∼0.5 W [7]

∗We assume that each hop consists of a router, two switches, and two transponders.

4.1.2 Experimental Scenarios. We analyze the differences in
attributed emissions when considering the baseline (closest data
center), Greenest Data Center (GDC), and Greenest Data Center &
Network (GDCN). We consider a constant streaming quality Q where
clients stream a 1-hour 4K or UHD video, approximately ∼7GB or
15.9Mbps [53]. In our scenarios, we consider 375, 484, and 540
clients across North America, Europe, and Asia, distributed among
major cities within these continents. Our evaluation considers two
main video streaming scenarios: 1) Cloud Streaming, where clients
stream to cloud data centers, and 2) Edge Streaming, where clients
stream from an edge data center.

4.1.3 Metrics. Our evaluation relies on the following metrics to
assess the impact of server selection and the underlying network.
Carbon Emissions (g·CO2eq). The carbon emissions attributed
to a video streaming session between a server at location 𝑖 and a
client device at location 𝑗 .
Network hops (#). The number of network hops when streaming
a video from a server at location 𝑖 and a client device at location 𝑗 .

4.2 Cloud Streaming
We begin by evaluating and illustrating the attributed carbon emis-
sions across different data center locations for cloud streaming,
and by highlighting the emissions of the data center, network, and
devices. In this case, we report the attributed emissions based on
the three selection criteria detailed in Section 3.4.

4.2.1 Green Streaming in Action. Figure 6 illustrates the carbon
emissions of video streaming across three locations in North Amer-
ica, Europe, and Asia. In these scenarios, we consider the closest
data centers, the top 5 green locations, and the top 5 locations with
the lowest end-to-end emissions. The figures highlight that the GDC
policy, which does not consider the network, often leads to higher
carbon emissions. For instance, as shown in Figure 6a, serving a
client in Louisiana from a data center in Quebec — the greenest
region in North America — has 34% higher attributed carbon emis-
sions relative to the baseline. The reason is that while using the
greenest cloud location reduces the server-side attributed emissions
by 90.33%, the additional network carbon footprint offsets those
gains. In contrast, when considering end-to-end carbon emissions,
the GDCN policy yields 21% lower attributed emissions for a video
streaming session, even though the server’s carbon emissions are
higher by 148% compared to Quebec.
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(b) Perugia, Italy
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(c) Greater Noida, India

Figure 6: Carbon Emissions of streaming video when sourcing the video from the closest cloud datacenter, the top 5 greenest
cloud datacenters (GDC), and the top 5 greenest cloud datacenters when considering the network (GDCN). The emissions from
playback devices stay constant regardless of the streaming source.
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Figure 7: Normalized carbon emissions of video streaming across different destinations when considering the greenest data
centers across locations using the GDC policy, and when considering the best selection using the GDCN policy.

Figure 6b shows another example, in Perugia, Italy, where the
same issue occurs. Here, due to the availability of nearby regions
with low carbon emissions, the graph shows that the GDCN approach
incurs 38% lower attributed emissions when streaming from North
Switzerland over streaming from the closest location. Lastly, Fig-
ure 6c highlights a slightly different situation in Greater Noida,
India, where green cloud data centers are located far away, making
streaming from the nearest data center a more viable option.

4.2.2 Aggregated Results. To further understand how the net-
work paths impact stream emissions, we compute the attributed
carbon emissions when considering the 375, 484, and 540 across
North America, Europe, and Asia when streaming from two of the
greenest data centers per continent: Quebec, CA, and Washington,
US for North America, Sweden and Norway for Europe, and Osaka,
Japan, and UAE in Asia. Figure 7 shows a CDF of the normalized
carbon emissions considering the greenest locations (i.e., using the
GDC policy) as well as the greenest (best) choice using the GDCN
policy. As shown in all cases, streaming from the greenest locations
can incur higher attribued emissions in 52%, 44%, and 43% of the
cases across North America, Europe, and Asia. However, as shown,
by considering the greenest streaming server and network path for
each client, i.e., the GDCN policy, incurs 23%, 32%, and 12% lower at-
tributed emissions across North America, Europe, and Asia. Lastly,
the figure shows that there are still many cases where streaming

from the nearest data center is optimal, as in 8%, 26%, and 38% of
cases across North America, Europe, and Asia, respectively.

4.2.3 Impact of Temporal and Seasonality Variations. In ad-
dition to the spatial variations in carbon intensity, carbon intensity
exhibits temporal variations that impact the benefits of spatial shift-
ing [15, 71]. Figure 8 highlights situations where the best selection,
considering both data center and network emissions (i.e., GDCN),
changes over time and across seasons. For instance, Figure 8a illus-
trates the total carbon emissions attributed to streaming sessions
to Monroe, Louisiana, USA, between April 1st and April 7th, 2024.
We consider the selection among the five greenest locations (see
Figure 6a). As shown, carbon emissions vary significantly between
regions across time, with up to 2.11×, making it often inadequate
to select a single location. For instance, while Toronto is the best
streaming location for this client on average, in many cases, stream-
ing from Phoenix or San Antonio results in lower carbon emissions.
Figure 8b highlights how the optimal selection varies among sea-
sons and months. For instance, between February and May, the
carbon intensity of Phoenix and San Antonio, along with the car-
bon intensity of their respective network paths, is low, while in
March, streaming from Phoenix and San Antonio yields the low-
est emissions in 36.4% and 14.1% of the time, respectively. Lastly,
Figure 8c highlights the net change in attributed emissions across
different selections, showing that a naive fixed selection can yield
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Figure 8: Impact of temporal and seasonal variations on carbon emissions in Monroe, Louisiana, USA. (a) Carbon Emissions
across the first week of April, 2024. (b) Optimal selection ratios across months. (c) Normalized carbon emissions across locations
and selections.

North America Europe Asia
0.0

0.5

1.0

1.5

Ca
rb

on
Em

is
si

on
s 

(g
CO

2)

Closest Lowest

(a) Carbon Emissions

0 5 10 15 20 25 30 35
Extra Number of Hops

0.0

0.2

0.4

0.6

0.8

1.0
Asia
Europe
North America

(b) Extra Number of Network Hops

North America Europe Asia0.0

0.2

0.4

0.6

0.8

1.0
Greenest Edge Greenest Cloud Closest Edge

(c) Fraction

Figure 9: Carbon Emissions and optimal selection fraction per continent when considering the carbon cost of the network.

higher emissions in ∼10% of the time and can increase attributed
emissions by up to 30%.
Key Takeaways. Streaming from the greenest data center location
without considering the network path emission can yield higher attrib-
uted emissions then when both the location and path are considered.
Temporal and seasonal variations in carbon intensity have a signifi-
cant impact on emissions, often rendering static selection ineffective.

4.3 Edge Streaming
Edge computing brings computation closer to users (i.e., reduc-
ing network overhead). However, the constrained nature of edge
resources and the increase in the number of more capable data
centers make cloud streaming a reasonable alternative [4, 65]. In
this section, we answer the question: Is edge streaming a greener
choice than cloud streaming?

4.3.1 Edge vs Cloud Streaming. Figure 10 highlights the carbon
emissions when considering edge and cloud resources. We consider
streaming from the closest and greenest data center and network
(GDCN) selection across the cloud and edge data center locations.
The figure shows that in many cases, the closest cloud represents a
reasonable choice. For instance, in North America (see Figure 10a),
when considering the closest selection a video streaming session is
attributed average emissions of 0.70 and 0.76 g·CO2eq, respectively,
and the greenest end-to-end emissions (i.e., using the GDCN policy)
have average emissions of 0.54 and 0.58 g·CO2eq, across edge and
cloud data centers, respectively. Similarly, in Europe (see Figure 10b),
the closest selection yield averages of carbon emissions of 0.41 and
0.58 g·CO2eq, respectively, and the greenest end-to-end emissions
(i.e., using the GDCN policy) have carbon emissions equal to 0.25
and 0.26 g·CO2eq, across edge and cloud data centers, respectively.

Nonetheless, in situations where cloud data centers are further
away, attributed emissions are much higher, which is visible in
Europe (see Figure 10b) and Asia (see Figure 10c), where the average
emissions, when considering the closest edge or cloud data center,
is higher by 34% and 48% across Europe and Asia, respectively.

4.3.2 Edge and Cloud Streaming. In practice, however, stream-
ing spans edge and cloud resources. Figure 9 depicts the attributed
carbon emissions under different scenarios, when considering the
GDCN policy, while allowing selection to be distributed between
cloud and edge resources. Figure 9a shows how GDCN can yield
lower carbon emissions—by an average of 24%, 39%, and 14% across
North America, Europe, and Asia. More importantly, the graph high-
lights how spatial variations in carbon intensity between North
America and Europe can lead to lower carbon emissions, due to
the presence of extremely low-carbon regions such as Sweden and
France in Europe, as well as California and Ontario in North Amer-
ica. In contrast, in Asia, where carbon intensity is similar across
regions, the effect of such policies is limited. Figure 9b shows how
the GDCN policy increases the number of network hops, a proxy
for Quality of Experience (QoE), across North America, Europe,
and Asia. As shown, in 7%, 15%, 34% of the scenarios, there is no
increase in the number of network hops, with an average increase
of 8.56%, 5.63%, 2.97% across North America, Europe, and Asia.

To understand the role of edge and cloud data centers, Fig-
ure 9c shows how the selection differs among the three selection
approaches. As shown, in North America, due to the high penetra-
tion of cloud data centers, 90% of clients benefit more from cloud
streaming to lower their carbon emissions, while in only 10% of
the cases, the greenest edge is a more viable option. In contrast,
in Europe, due to the higher density of edge data centers, 8% and
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Figure 10: Carbon emissions when considering the closest and greenest end-to-end selection across edge and cloud data centers.
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Figure 11: Effect of network energy effi-
ciency on carbon emissions.
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Figure 12: Effect of network energy effi-
ciency on selection in North America.
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Figure 13: Carbon Emissions across de-
vices in North America.

39% of clients prefer to stream from the closest and greenest edge
resources, while 53% of clients stream from a cloud resource. Lastly,
in Asia, all clients stream from edge resources.2
Key Takeaways. Carbon emissions of cloud streaming are compa-
rable with edge streaming in North America (resp. Europe), with
averages of 0.70 and 0.76 (resp. 0.54 and 0.58) g·CO2eq. Cloud stream-
ing is a greener option for 89% of clients in North America and 52% of
clients in Europe.

4.4 Sensitivity Analysis
In this section, we evaluate the effect of different settings on the
emissions of a video streaming session and the optimal selection.

4.4.1 Effect of Network Energy Efficiency. Earlier research
has highlighted that the energy efficiency of network components
has significantly increased over the years [6, 28], often following
Koomey’s law [38]. Thus, as network energy efficiency changes over
time, the importance of the network in the optimization objectives
may vary. To understand the effect of energy efficiency of different
network infrastructures, we consider a scenario where the energy
efficiency of the network varies between values reported in [76] and
recent measurements as highlighted in Section 4.1.1, and interpolate
values between them. To focus on network energy efficiency, we do
not consider changes in server and device energy efficiency, aside
from their replacement cycles [26] or changes in electricity carbon
intensity across years.

Figure 11 shows the carbon emissions when considering different
energy efficiencies across years using the GDCN policy. As shown
in the figure, there is a decreasing trend across all regions. For
instance, between 2024 and 2012, carbon emissions are lower by 57%,
58%, and 53% across North America, Europe, and Asia, respectively.

2We highlight that our cloud data set may not represent popular cloud providers in
Asia.

While increases in network energy efficiency significantly affect
end-to-end emissions, they also reduce their relative contribution
to attributed emissions, allowing clients to stream from farther and
greener locations. Figure 12 highlights the changes in the placement
across the edge and cloud resources for clients in North America.
As shown, with a lower network energy efficiency (higher energy
intensity), edge computing becomes a more preferred choice. In
fact, when considering the energy efficiency from [76] (i.e., 2012),
streaming from the edge constitutes 75% of the choices. Notably,
as shown, the energy efficiency of the network has improved over
time (its energy intensity has decreased), making the cloud a more
viable alternative. Lastly, we note that variations in the computing
energy efficiency can also change the relative weights of the data
center and network. However, we omitted such an evaluation for
brevity.

4.4.2 Effect of Streaming Device. In an earlier experiment, we
considered streaming from a phone [7]. Figure 13 shows the effect
and contribution of the streaming device to the end-to-end emis-
sions. We consider three device, including a phone [7], a laptop [33],
and a TV [34] with average power consumption of 0.5W, 13.5W,
70W, respectively. For simplicity, we assumed that all devices stream
the same video quality. As shown, while the absolute difference
between the original and the optimized selections are similar at 0.17
g·CO2eq, as the device energy consumption increases, the impact of
the network optimization shrinks. For instance, when considering
phones, data center and network optimizations yield 25% lower
attributed emissions, while the same optimizations yield only 1%
lower emissions of the streaming session for a TV.

4.4.3 Effect of Multipath Transport. While our earlier experi-
ments assumed a single end-to-end path between the sender and
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Figure 14: Effect of multi-path commu-
nication when considering top-𝑘 routes
and redundancy on attributed emissions.
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heads on carbon in North America.
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Figure 16: Difference in carbon emissions
in North America when data is restricted
to the US vs. all of North America.

receiver, real-world deployments increasingly rely on multipath
transport protocols such asMultipath TCP (MPTCP) [57], which can
distribute and even replicate traffic across these paths to improve
throughput, resilience to failures, and tail latency under conges-
tion. Figure 14 shows the effect of multi-path communication for a
client in Perugia. The x-axis represents top-𝑘 routes, ranging from
1 (single path) to 5, and traffic is assigned relative to the number
of hops. As shown, the end-to-end carbon emissions increase with
the number of routes and replication factor by up to 9%.

4.4.4 Navigating the trade-off. As highlighted earlier, research
on carbon-aware spatial shifting often involvesmany trade-offs [32].
One key trade-off in our case is network overhead, where stream-
ing from farther locations may increase network hops and latency.
Figure 15 highlights the carbon emissions under different numbers
of extra hops across clients in North America. As shown, as we
increase the number of allowable hops for streaming, carbon emis-
sions decrease by up to 32%with an average of 8.54 extra hops. More
importantly, increasing the number of hops by 6 lowers emissions
by 0.15 g·CO2eq on average.

4.4.5 Effect of Regulatory Constraints. In earlier examples, we
assumed that clients can stream anywhere within their continent.
In practice, however, regulatory constraints, privacy laws, and reg-
ulations may prohibit applications and data from moving outside a
specific geographic jurisdiction [21]. Figure 16 shows an example,
where clients in the US are allowed to stream from any edge or
cloud data center in North America, or only from data centers in
the US. As shown, the average carbon emissions are 24% higher
when only considering locations within the US. This is because,
in North America, many clients opted to stream from Quebec and
Ontario, which are known to have very low carbon intensity [71].
Key Takeaways. As the relative weights of the network and the
streaming devices vary, our fine-grained model becomes increasingly
critical for attributing the emissions to a video streaming session.

5 Discussion
In this paper, we propose a fine-grained methodology to estimate
carbon emissions for video streaming sessions and highlight the
drawbacks of coarse-grained attribution methods under different
destination selection strategies. Next, we highlight the generaliza-
tion benefits of our approach as well as its limitations.
Generalization. Although our proposed model and evaluation
focused on reporting carbon emissions in video streaming, our
findings are generally applicable to a wide range of scenarios. For

instance, our study highlights critical drawbacks of obvious deci-
sions, such as streaming from the nearest edge or the greenest cloud.
Applications such as video analytics [80] and data ingestion [49]
can significantly benefit from such insights in carbon reporting.
More importantly, our approach highlights the significance of cloud
datacenters, which contrasts with the common reliance on edge
data centers [4, 65].
Limitations.Our analysis presents a method for estimating carbon
emissions from video streaming sessions under different scenarios.
However, our analysis has the following limitations: First, our anal-
ysis does not account for capacity constraints in edge and cloud
data centers or the network. However, in practice, such capacity
constraints exist and may affect the client’s ability to stream from
different locations, as well as the carbon emissions. Analyzing the
effects of streaming from different sources on link utilization pat-
terns, addressing how different streaming strategies might skew
network load distribution, and their impact on system-wide energy
consumption and carbon emissions are left for future work. Second,
our analysis focuses on the carbon emissions associated with video
streaming and on how they differ when streaming from different
locations. However, a key aspect of edge data centers is the delivery
bandwidth cost. Such a view highlights the three-way trade-off
between cost, energy, and emissions, and presents an important
future research direction. Third, our assumption considers fixed
power consumption per device. However, while network routes
and energy consumption may vary [51, 72, 76], networks do not
expose such information. Lastly, in this paper, we focus on carbon
emissions attributed to streaming sessions; however, this does not
necessarily translate to an actual reduction in carbon emissions, as
highlighted in earlier research [18, 36, 51, 59, 72].

6 Related Work
Earlier work has focused on optimizing data centers and the energy
efficiency and carbon footprint of internet services.
Green Computing. Green computing solutions have long focused
on optimizing energy efficiency, the integration of renewable en-
ergy in computing services, and data centers [40–43, 48, 62, 78]. For
instance, [48] explored power management approaches to save en-
ergy while adhering to Service Level Availability (SLA) constraints.
In contrast, [42] has explored how renewable-aware load shifting
can reduce carbon emissions and operational costs.

However, more recent research has highlighted the diversity in
energy’s carbon intensity across locations and times [15, 23, 27, 50,
71, 78]. For example, in [15], the authors utilize spatial load shifting
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to decrease the carbon emissions of AI workloads while respecting
SLA constraints. Similarly, [50] considers large-scale CDN services
and implements a carbon-aware spatial shifting approach to re-
duce carbon emissions. However, these approaches often focus on
compute-intensive workloads or ignore the network overheads. In
contrast, we focus on video streaming services, a computationally
and bandwidth-intensive task, and propose approaches to estimate
and optimize carbon emissions for a video streaming session.
Green Networking. Green networking solutions have long fo-
cused on analyzing and optimizing the energy consumption of
networks [6, 10, 18, 19, 25, 35, 36, 51, 52, 59, 63, 64, 66, 76, 77]. For
instance, [6] proposes an estimate for energy intensity and presents
some projections based on increases in energy efficiency of hard-
ware, [28] proposes a model to estimate the carbon emissions of
data transfer. In contrast, [19] implements a measurement study
and proposes a model for the power consumption of a network
device. However, in contrast to these approaches, we consider end-
to-end emissions attributed to a video streaming across the device,
the network, and edge and cloud data centers, and do not con-
sider any changes to the routing protocol or knowledge of network
utilization.

Earlier research has also proposed an approach that optimizes
the carbon efficiency of network activity [18, 24, 28, 54, 58, 72, 81].
For instance, authors have proposed carbon-aware routing ap-
proaches [18, 54, 72], which complement our proposed approach.
In addition, researchers proposed carbon-aware scheduling ap-
proaches that temporally shift data transfer activities by consider-
ing the carbon intensity of the network [24, 28, 58]. In contrast to
these approaches, we focus on video streaming services, a task that
cannot be temporally shifted.
Green Streaming. Earlier work on green streaming has focused
on optimizing the energy efficiency [2, 3, 44, 60, 74, 79]. For in-
stance, [44, 74] propose ABR approaches that minimize the energy
consumption of video streaming. In contrast to these approaches,
we focus on optimizing the carbon emissions of video streaming,
which complements approaches that optimize the energy efficiency
of video streaming. In addition, many papers have focused on ana-
lyzing the carbon emissions of streaming [6, 16, 37, 47, 51, 70]. For
instance, [47] conducts a global analysis of streaming, considers the
device, network, and edge, and highlights how the number of users
affects the energy/stream. In contrast to these approaches, we rely
on a fine-grained model that is essential for reporting emissions
across different streaming sources.

7 Conclusion
Video streaming is a significant contributor to the internet’s carbon
emissions. To understand and account for the carbon emissions of
video streaming, we introduced a fine-grained, end-to-end model
that estimates the carbon emissions attributed to a video stream-
ing session from cloud and edge data centers. Our model-driven
analysis showed that ignoring network emissions can yield higher
attributed emissions for 52%, 44%, and 43% of the clients in North
America, Europe, and Asia. Our results also demonstrate that the
nearest edge site is frequently suboptimal, in more than 77% of the
cases globally. Building on this model, our future work will focus
on designing CDN-scale streaming algorithms that optimize carbon

emissions from video streaming, while accounting for capacity con-
straints, green routing approaches, and bandwidth costs to balance
the trade-off among cost, energy, and carbon.
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