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Abstract

Video streaming now represents the dominant share of Internet

tra�c, as ever-higher-resolution content is distributed across a

growing range of heterogeneous devices to sustain user Quality of

Experience (QoE). However, this trend raises signi�cant concerns

about energy e�ciency and carbon emissions, requiring methods

to provide a trade-o� between energy and QoE. This paper pro-

poses a lightweight energy prediction method that estimates the

energy consumption of high-resolution video encodings using ref-

erence encodings generated at lower resolutions (so-called anchors),

eliminating the need for exhaustive per-segment energy measure-

ments, a process that is infeasible at scale. We automatically select

encoding parameters, such as resolution and quantization parame-

ter (QP), to achieve substantial energy savings while maintaining

perceptual quality, as measured by the Video Multimethod Fusion

Assessment (VMAF), within acceptable limits. We implement and

evaluate our approach with the open-source VVenC encoder on 100

video sequences from the Inter4K dataset across multiple encoding

settings. Results show that, for an average VMAF score reduction of

only 1.68, which stays below the Just Noticeable Di�erence (JND)

threshold, our method achieves 51.22% encoding energy savings

and 53.54 % decoding energy savings compared to a scenario with

no quality degradation.

CCS Concepts

• Information systems→Multimedia streaming; • Comput-

ing methodologies→ Arti�cial intelligence.

Keywords

Video Streaming, Video on Demand, Machine Learning, Energy

E�ciency.

1 Introduction

Video streaming applications, such as live content and Video-on-

Demand (VoD), now dominate global Internet tra�c as recent re-

ports indicate that video content accounts for over 70 % of total

tra�c today, with projections exceeding 80% by 2028 [1]. HTTP

Adaptive Streaming (HAS) methods such as MPEG Dynamic Adap-

tive Streaming over HTTP (DASH) [2, 3] and Apple HTTP Live

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

Streaming (HLS) [4] have become the de facto standard video deliv-

ery method. In these methods, each video is encoded into multiple

resolution–bitrate pairs, forming a bitrate ladder, fromwhich clients

dynamically select the most suitable representation according to

current network and device conditions [5]. However, constructing

such ladders requires encoding each video sequence into multiple

representations, a process that is both computationally intensive

and energy-demanding [6]. This energy cost is further intensi�ed

by modern video codecs such as High E�ciency Video Coding

(HEVC) [7] and Versatile Video Coding (VVC) [8], which achieve

higher compression e�ciency through advanced prediction, parti-

tioning, and transform coding tools [9, 10].

This highlights a key challenge in adaptive streaming, i.e., balanc-

ing video quality, compression e�ciency, and energy consumption,

where the choice of the proper encoding con�guration plays a

pivotal role in achieving this balance [11, 12]. Parameters such as

resolution, framerate, and quantization parameter (QP) directly

in�uence compression e�ciency, perceptual quality, and energy

consumed during encoding and decoding [11, 13, 14]. Since higher

video quality levels typically require higher energy costs, e�cient

con�gurations become essential for sustainable video streaming.

While heuristic [15] or Arti�cial Intelligence (AI)-driven meth-

ods [16–18] have been proposed to optimize con�guration selection,

they primarily focus on compression e�ciency and perceptual qual-

ity, giving insu�cient attention to energy considerations. Moreover,

accurate energy evaluation requires per-segment energy measure-

ments across multiple con�gurations, which is infeasible at scale.

This paper proposes a practical and scalable scheme that uses

reference encodings generated at lower resolutions (hereafter re-

ferred to as anchors) as a proxy to predict the energy consumption

of high-resolution representations. The core hypothesis is that en-

coding time and energy are strongly correlated, allowing patterns

observed in low-resolution encodings to be leveraged for predicting

the energy required at higher resolutions. For example, encoding

a sequence at 360p or 540p resolution with a �xed QP typically

completes much faster and consumes less energy than its 1080p or

2160p counterparts, yet still captures the content’s inherent char-

acteristics such as motion complexity, texture richness, and scene

dynamics. Using these anchors, we train machine learning (ML)

models to predict higher-resolution energy consumption without

exhaustive measurements, guiding an energy-aware con�guration

strategy that minimizes energy use while preserving perceptual
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quality, evaluated through Signal-to-Noise Ratio (PSNR) [19] and

Video Multimethod Fusion Assessment (VMAF) [20]. The main

contributions of this paper are as follows:

• Dataset generation: We construct a dataset of encod-

ing and decoding time, energy consumption, and PSNR,

VMAF scores for 100 video sequences from the Inter4K [21]

dataset.

• Anchor-based modeling: We introduce the concept of

low-resolution anchor encodings and demonstrate that

their measurements provide meaningful insights into en-

ergy consumption trends at higher resolutions.

• ML-based predictions: We develop ML models that lever-

age features extracted from anchor encodings to accurately

estimate both energy consumption and perceptual quality.

• Energy-aware con�guration strategy: We design an en-

coding parameter selection method that uses predicted en-

ergy and quality values, minimizing energy consumption

while maintaining visual quality.

2 Related work

2.1 Energy consumption prediction

Several works have proposed methods to estimate the energy con-

sumption during video encoding or decoding. Ghasempour et al. [22]

proposed a lookup table method for the fast estimation of encod-

ing and decoding energy based on video content, resolution, and

framerate features. Sharrab et al. [23] introduced a linear regres-

sion model for encoding energy consumption using the motion

estimation range of video and QP. Azimi et al. [13] developed Ex-

treme Gradient Boosting (XGBoost) models to estimate encoding

energy consumption using features such as video complexity, quan-

tization parameter (QP), resolution, frame rate, and codec type.

Herglotz et al. [24] used linear regression models to estimate decod-

ing energy based on decoding processing time. Turkkan et al. [25]

developed a neural network-based model to predict the decoding

power consumption of a video sequence using parameters such

as bitrate, resolution, framerate, and �le size. Farahani et al. [26]

introduced a relative decoding energy index (RDEI), a metric that

normalizes decoding energy consumption against a baseline en-

coding con�guration, enabling cross-platform comparability and

guiding energy-e�cient streaming adaptations.

State-of-the-art limitations: These methods rely on full encodings

or decodings with specialized energy measurement tools, making

them resource-intensive and limited in their ability to represent all

encoding scenarios.

2.2 Encoding parameter con�guration

Another line of research focuses on selecting encoding parameters

to optimize video quality and e�ciency. Lebreton et al. [27] designed

bitrate ladders based on user quitting probabilities, improving the

perceived Quality of Experience (QoE). In parallel, ML-based ap-

proaches, such as Random Forest (RF)–basedmodels [28], have been

employed to predict optimal segment resolutions for enhanced per-

ceptual quality. Huang et al. [17] proposed a reinforcement learning-

based method to dynamically select bitrate-resolution pairs, jointly

optimizing video quality, storage cost, and adaptation to network

conditions. Azimi et al. [29] used XGBoost models to predict the

(a) 720p,30fps,Thread=4 (b) 720p,30fps,Thread=8

(d) 2160p,60fps,Thread=4 (e) 2160p,60fps,Thread=8

(c) 720p,30fps,Thread=128

(f) 2160p,60fps,Thread=128
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Figure 1: The correlation between encoding time and encod-

ing energy for 100 video sequences, encoded with 720p/30fps

and 2160p/60fps with three di�erent number of threads.

decoding time and used a decoding time-constrained con�guration

setting. Rajendran et al. [16] used Pareto-front analysis to predict

optimized framerates, constructing decoding complexity-aware lad-

ders. Similarly, Katsenou et al. [14] used video quality, decoding

time, and bitrate to optimize bitrate ladder construction.

State-of-the-art limitations: While these approaches advance per-

ceptual quality and compression e�ciency, they largely neglect

energy consumption, an increasingly critical factor for sustainable

video streaming.

3 Motivation

Our approach is motivated by two key observations from prelimi-

nary experiments, enabling e�cient energy prediction across mul-

tiple encoding settings.

First, Fig. 1 shows the correlation between encoding time and

energy consumption across 100 video sequences from the Inter4K

dataset [21] encoded at 720p/30fps and 2160p/60fps. The experi-

ments were conducted using di�erent numbers of threads (4, 8,

and 128). In all con�gurations, a strong linear correlation between

encoding time and energy consumption is observed. Similar strong

correlations have been observed in other works [24]. Unlike energy

measurement, measuring execution time is computationally inex-

pensive and does not require specialized instrumentation. Thus,

we use encoding time as a reliable and practical proxy for energy

consumption.

Second, we observe that encoding times across di�erent represen-

tations of the same video are strongly correlated. Fig 2 depicts the

relationship between average encoding time (in seconds, shown on

a logarithmic scale) and the average correlation of encoding times

across di�erent video representations (resolutions and QPs) across

our 100 test video sequences. For each resolution-QP pair (e.g., 360p,

QP47), we computed the correlation between its encoding times

and those of all other pairs across 100 video sequences. Overall,

average pairwise correlations exceed 0.65, revealing consistent tem-

poral behavior across representations, with the correlation peaks

around 0.8 for medium encoding settings (720p–1080p, QP:27–37).

To exploit this relationship, we select the representation with the

lowest resolution and highest QP as the anchor value (i.e., red star)

for each video sequence, as it provides the fastest encoding with
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Figure 2: Average correlation of encoding times across 100

video sequences for di�erent resolutions and QPs. Each point

shows the mean correlation of one con�guration with all

others, plotted against its average encoding time (log scale).

minimal computational cost, achieving a correlation of 0.74 while

requiring only 9.58 s of encoding time. Thus, by measuring the

anchor’s encoding time, we can infer the energy consumption of all

other representations, signi�cantly reducing computation and en-

ergy costs. This concept is extended to predict decoding energy and

quality metrics using the anchor’s decoding time and perceptual

quality measurements, respectively.

4 System Design

4.1 Architecture

Fig. 3 shows the proposed architecture with three main components:

(i) Anchor processing encodes and decodes the lowest resolution

(A<8=) and highest quantization parameter (@?<0G ) representation

as the anchor, measures its encoding time (C�4=2 ), decoding time

(C�
342

), and quality metric (@�), such as PSNR or VMAF.

(ii) Prediction module takes the anchor processing outputs (C�4=2 ,

C�
342

, @�) together with the target resolutions (R) and QPs (QP) as

input and employs 54=2 , 5342 , and 5@ to predict the encoding energy

(4̂4=2 ), decoding energy (4̂342 ), and quality (@̂) for the target video

representations.

4̂4=2 = 54=2 (C
�
4=2 , A ∈ R, @? ∈ QP),

4̂342 = 5342 (C
�
342 , A ∈ R, @? ∈ QP),

@̂ = 5@ (@
�, A ∈ R, @? ∈ QP) .

(iii) Green encoding con�gurations leverages the prediction results

to recommend encoding parameters (A, @?) based on an acceptable

quality degradation factor d . When d = 0, no quality degradation

is allowed, and the encoding parameters are selected to provide the

highest visual quality. In contrast, when d = 1, the con�gurations

prioritize minimum energy consumption, regardless of quality.

4.2 Execution work�ow

Algo. 1 outlines the execution work�ow of our proposed method.

For a given video sequence, a set of target resolutions R and quanti-

zation parameters QP are de�ned, along with an acceptable quality

degradation factor d . First, the video sequence is encoded at the

lowest resolution (A<8=) and highest QP (@?<0G ), which serves as

an anchor. The anchor’s encoding time (C�4=2 ), decoding time (C�
342

),

Algorithm 1: Proposed Green Encoding Framework

Input: R, QP , d ∈ [0, 1]
Output: Selected representation (A ∗, @?∗ )
// Step 1: Anchor Processing

1 C�4=2 ← �=2>34 (A<8=, @?<0G )

2 C�
342

, @� ← �42>34 (A<8=, @?<0G )

// Step 2: Prediction Module

3 �̂4=2 ← [], �̂342 ← [], &̂ ← []

4 for A ∈ R do
5 for @? ∈ QP do

6 4̂4=2 ← 54=2 (C
�
4=2 , A , @? )

7 4̂342 ← 5342 (C
�
342

, A , @? )

8 @̂ ← 5@ (@
�, A , @? )

9 �̂ ← 4̂4=2 + 4̂342

10 &̂ ← @̂

// Step 3: Green Configuration Selection

11 @̂<0G ← "0G (&̂ )

12 F ← {(A, @? ) | &̂ ≥ (1 − d ) · @̂<0G }

13 (A ∗, @?∗ ) ← argmin(A,@? ) ∈F �̂

14 return (A ∗, @?∗ )

and quality metric (@�) are then measured (lines 1–2). Next, for

each resolution A ∈ R (line 4) and quantization parameter @? ∈ QP

(line 5), the encoding energy prediction model 54=2 (line 6), the

decoding energy prediction model 5342 (line 7), and the quality

prediction model 5@ (line 8) are invoked, yielding the predicted

encoding energy (4̂4=2 ), decoding energy (4̂342 ), and quality (@̂) for

each representation. The predicted energies are then aggregated

into �̂ (line 9), while the quality predictions are stored in &̂ (line

10). After computing the maximum obtainable quality @̂<0G (line

11), all representations whose predicted quality falls within the

acceptable threshold de�ned by d are identi�ed (line 12), and the

one with the lowest predicted energy consumption is selected (lines

12–13). Finally, the representation (A ∗, @?∗) that satis�es the quality

constraint and minimizes energy consumption is returned (line 14).

The time complexity of Algo. 1 is $ ( |R| × |QP|), where |R | and

|QP| denote the number of target resolutions and quantization

parameters, respectively (i.e., the number of target representations

of the bitrate ladder).

5 Evaluation Setup

We conducted all experiments on a server with a 128-core Intel Xeon

Gold CPU and two NVIDIA Quadro GV100 GPUs. The following

subsections describe dataset characteristics and analysis, ML-based

prediction models, and evaluation metrics.

5.1 Dataset analysis

We used 100 ultra-high-de�nition (UHD) video sequences with di-

verse spatiotemporal characteristics from the Inter4K dataset [21].

To verify that the selected subset is representative of the full In-

ter4K dataset, which contains 1000 sequences, we applied a Self-

Organizing Map (SOM) [30] clustering on the content-complexity

features (�. , ℎ, !. ) using the Video Complexity Analyzer (VCA)

tool [31] for both the full dataset and our subset. As shown in

Fig. 4, the selected subset spans all clusters, con�rming that it is

representative of the overall dataset in terms of video complexity.

Table 1 reports the statistical distribution of the content-complexity
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Figure 3: Proposed system architecture.

(a) (b)

Figure 4: SOM-based clustering on the video complexity fea-

tures on (a) the full dataset, and (b) our 100 subset.

Table 1: Statistical distribution of �. , ℎ, and !. across SOM

clusters for the full dataset and our subset.

Cl. Set �. ℎ !.

Avg. min max Avg. min max Avg. min max

0 Full 107.4 37.4 252.4 59.4 10.4 171.7 116.3 59.9 138.9
(Purple) Sub. 98.8 37.4 252.4 66.1 18.9 165.8 118.9 97.8 138.6

1 Full 41.1 2.7 90.4 25.4 1.9 72.6 123.7 99.2 166.9
(Orange) Sub. 48.6 8.8 113.6 20.5 2.6 45.3 125.2 111.0 166.9

2 Full 87.4 48.2 174.9 22.1 2.8 78.8 100.7 52.9 122.2
(Blue) Sub. 70.8 23.3 168.2 44.3 15.1 68.5 94.8 72.5 113.9

3 Full 29.0 0.9 84.7 15.3 0.5 59.6 83.2 47.4 111.5
(Green) Sub. 31.6 1.0 92.2 14.4 0.5 44.7 87.2 47.4 108.9

features (�. , ℎ, !. ) across the SOM clusters for both the full dataset

and our selected subset. While minor variations exist in individ-

ual cluster values (e.g., higher ℎ and lower �. in Cluster 2 for the

subset), the overall ranges and mean values remain consistent.

We encoded each video sequence at 60 fps using VVenC v1.11 [32]

encoder with the faster preset [33]. The encoding con�guration

includes resolutionsR = {360, 540, 720, 1080, 1440, 2160}p and quan-

tization parameters QP = {17, 22, 27, 32, 37, 42, 47} [34]. The decod-

ing process was applied using VVdeC v2.3.0 [35]. We recorded

the encoding time, encoding energy consumption, decoding time,

decoding energy consumption as well as quality scores measured

by PSNR and VMAF. The energy consumption was measured with

the CodeCarbon tool [36], which tracks the energy consumption

of the underlying hardware using Running Average Power Limit

(RAPL) [37] for the CPU and nvidia-ml-py [38] for the GPU.

Fig. 5 presents the impact of di�erent R on encoding and decod-

ing energy, bitrate, PSNR, and VMAF. As expected, higher resolu-

tions substantially increase both encoding and decoding energy,

while improving video quality. Fig. 6 shows the variations in encod-

ing and decoding time, bitrate, PSNR, and VMAF across di�erent

QP levels. As QP increases, encoding and decoding time and bitrate

decrease, while quality metrics deteriorate accordingly.

5.2 Prediction models

We evaluated six well-known ML models covering four di�erent

categories: (1) Linear Regression (LR) [39] and Ridge Regression

(Ridge) [40] as linear models; (2) Random Forest (RF) [41] as a

tree-based ensemble model; (3) XGBoost (XGB) [42] and LightGBM

(LGBM) [43] as gradient boosting-based ensembles; (4) Multi-Layer

Perceptron (MLP) [44], a neural network with fully connected layers.

We partitioned the dataset into training (70 %) and testing (30 %)

sets at the video level, ensuring that all segments from a given video

belong exclusively to one set, avoiding data leakage. We randomly

shu�ed video identi�ers with a �xed seed, guaranteeing repro-

ducibility and consistent splitting across the three prediction tasks.

We applied GridSearchCV [45] from Scikit-learn [46] with �ve-fold

cross-validation on the training set. We performed an exhaustive

grid search over prede�ned hyperparameter spaces as summarized

in Table 2. While the LR model has no tunable parameters, the

Ridge model requires optimization of the regularization parameter

U . Tree-based and gradient boosting models required optimization

of the number of estimators (=trees), maximum tree depth (3max),

and learning rate ([), along with model-speci�c parameters such as

subsampling rates or the number of leaves. For the MLP model, we

�ne-tuned the number (ℎnum) and size of hidden units (ℎsize) and

learning rate ([).

5.3 Evaluation metrics

We use the following metrics to evaluate the accuracy and general-

ization performance of the prediction models: Coe�cient of deter-

mination ('2) measures the proportion of variance in the ground

truth explained by the model; a higher '2 indicates better predictive

accuracy. Mean absolute error (MAE) measures the average relative

prediction error; lower MAE indicates higher accuracy. Root mean

squared error (RMSE) represents the square root of the average

squared prediction error, penalizing large deviations more heavily;

lower RMSE indicates better performance. Standard deviation of ab-

solute errors (SDAE) measures the variability of absolute prediction

errors; lower SDAE indicates more consistent predictions.
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Figure 5: Impact of resolution variations on encoding and decoding energy, bitrate, PSNR, and VMAF across 100 video sequences.
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Figure 6: Impact of QP variations on encoding and decoding energy, bitrate, PSNR, and VMAF across 100 video sequences.

Table 2: Hyperparameter search space explored for ML-based

prediction models.

Predictive model Explored hyperparameters

LR None
Ridge U ∈ {0.1, 1.0, 10.0, 100.0}
RF =CA44B ∈ {50, 100, 200} , 3<0G ∈ {None, 10, 20}

<8=_B0<?;4B_B?;8C ∈ {2, 5}
<8=_B0<?;4B_;405 ∈ {1, 2}

XGBoost =CA44B ∈ {50, 100, 200} , 3<0G ∈ {3, 6, 9}
[ ∈ {0.01, 0.1, 0.2} , BD1B0<?;4 ∈ {0.8, 1.0}

LightGBM =CA44B ∈ {50, 100, 200} , 3<0G ∈ {3, 6, 9}
[ ∈ {0.01, 0.1, 0.2} , =D<_;40E4B ∈ {31, 50, 100}

MLP ℎB8I4 ∈ {64, 128, 256}, ℎ=D< ∈ {1, 2}
[ ∈ {0.001, 0.01}

We also assess the green encoding con�guration module via:

Energy savings quanti�es the reduction in average encoding and de-

coding energy consumption (Wh) compared to the highest-quality

scenario (d = 0). Average quality reports the average PSNR (dB) and

VMAF scores across di�erent encoding scenarios (varying d). Aver-

age quality drop measures the reduction in PSNR (dB) and VMAF

relative to the highest-quality scenario (d = 0).

6 Evaluation Results

6.1 Anchor selection analysis

Fig. 7 shows the accuracy of energy prediction models, when a

di�erent resolution-QP pair was selected as an anchor. We evalu-

ated six resolution–QP pairs to cover low (360p), medium (1080p),

and high (2160p) resolutions, with the minimum (QP = 17) and

maximum (QP = 47). The x-axis shows the average encoding time

required for each anchor, averaged across 100 video sequences. The

results show that higher '2 values are obtained at the expense of

substantially longer encoding times (up to 372.48 s for 2160p/17),

whereas the fastest con�guration (9.48 s for 360p/47) still achieves

reasonable accuracy ('2
= 0.92). These �ndings validate the ra-

tionale discussed in Section 3, con�rming that the optimal anchor

corresponds to the con�guration with the lowest encoding time.
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Figure 7: Encoding energy prediction accuracy using di�erent

anchors.

6.2 Prediction models analysis

We evaluated the performance of the candidate prediction models

on four target metrics: encoding energy, decoding energy, PSNR,

and VMAF. The reported results represent the average values across

the entire test set.

(1) Encoding energy prediction. Table 3 (Encoding Energy)

shows that MLP achieved the highest '2 (0.91) and the

lowest RMSE among all models, with ℎ=D< = 1, ℎB8I4 = 64,

and [ = 0.01.

(2) Decoding energy prediction Table 3 (Decoding Energy)

shows that RF, XGB, LGBM, and MLP have similar perfor-

mance with '2 (0.95). We selected LGBM due to its slightly

lower MAE (0.01). LGBM achieved its best performance

with =;40E4B = 50, =4BC8<0C>AB = 50, 3max = 3 and [ = 0.1.

(3) PSNR prediction Table 3 (PSNR) shows that MLP and LGBM

achieved the best overall performance, with the highest '2

(0.92) among all models. However, with slightly lower RMSE

(1.93) and MAE (1.33), MLP with ℎ=D< = 2, ℎB8I4 = 256, 128

and [ = 0.001 was selected for PSNR prediction.
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Table 3: Prediction results for encoding energy, decoding energy, PSNR, and VMAF across all models.

Model
Encoding Energy Decoding Energy PSNR VMAF

'2 ↑ RMSE ↓ MAE ↓ SDAE ↓ '2 ↑ RMSE ↓ MAE ↓ SDAE ↓ '2 ↑ RMSE ↓ MAE ↓ SDAE ↓ '2 ↑ RMSE ↓ MAE ↓ SDAE ↓
LR 0.85 2.39 1.06 2.14 0.91 0.06 0.03 0.04 0.86 2.56 1.94 1.67 0.64 13.15 10.82 7.47

Ridge 0.84 2.39 1.06 2.14 0.91 0.06 0.03 0.04 0.86 2.54 1.93 1.64 0.66 12.74 10.67 6.95
RF 0.89 1.99 0.79 1.83 0.95 0.04 0.02 0.04 0.91 1.98 1.40 1.40 0.89 7.09 4.97 5.06
XGB 0.90 1.89 0.70 1.75 0.95 0.04 0.02 0.03 0.91 2.03 1.40 1.40 0.90 6.82 5.08 4.55
LGBM 0.90 1.88 0.74 1.73 0.95 0.04 0.01 0.03 0.92 1.94 1.36 1.37 0.90 6.77 5.04 4.52
MLP 0.91 1.82 0.71 1.67 0.95 0.04 0.02 0.04 0.92 1.93 1.33 1.40 0.92 6.40 4.78 4.26

Table 4: Average VMAF and PSNR drops, and encoding, de-

coding energy savings for di�erent d values.

d
Avg. Avg. VMAF PSNR Enc. energy Dec. energy

VMAF ↑ PSNR ↑ drop ↓ drop ↓ savings% ↑ savings% ↑
0 99.74 50.05 0 0 0 0

0.05 98.06 46.38 1.68 3.67 51.22 53.54
0.1 94.74 44.16 5 5.89 70.75 70.28
0.3 72.97 37.57 26.77 12.48 92.64 89.90
0.5 53.06 33.97 46.68 16.07 95.82 94.25
0.7 34.83 31.30 64.91 18.74 97.32 96.88
1 31.52 30.85 68.22 19.19 97.58 97.42

(4) VMAF prediction Table 3 (VMAF) shows that MLP achieved

the best overall performance, achieving the lowest RMSE

(6.4) and MAE (4.78) and highest '2 (0.92) among all models

with ℎ=D< = 2, ℎB8I4 = 256, 128 and [ = 0.001 and therefore

was selected for VMAF prediction.

6.3 Green encoding con�guration

Table 4 reports the average energy savings (encoding and decod-

ing) and quality degradation (PSNR, VMAF) across the test video

sequences for di�erent d values, using the con�guration with d = 0

(no quality degradation) as the reference. We also report the aver-

age quality scores (PSNR and VMAF) corresponding to the selected

encoding con�gurations.

For d = 0.05, i.e., allowing a 5% degradation in VMAF, the av-

erage quality loss remains minimal (1.68 VMAF points and 3.67dB

PSNR) while achieving substantial energy saving of 51.22 % in en-

coding and 53.54% in decoding. The minimum noticeable qual-

ity di�erence, referred to as the just-noticeable-di�erence (JND)

for VMAF, has been reported to range between 2 and 6 in prior

works [47–49], indicating that the observed quality loss is likely

imperceptible. As d increases, the potential energy savings grow

further but at the expense of more noticeable quality degradation.

For instance, at d = 0.3, energy savings exceed 90%, whereas per-

ceived quality declines by more than 25 VMAF points. These results

indicate that a modest quality relaxation (e.g., d = 0.05) yields

substantial energy savings while having a negligible impact on

perceived visual quality.

Fig. 8 illustrates the impact of d = 0.05, 0.1 values on four video

sequences with di�erent complexity levels. Each plot shows the

changes in encoding energy consumption and VMAF across resolu-

tions. The QP is �xed to allow visualization in a two-dimensional

plane. The selected resolution di�ers for each sequence due to vari-

ations in content complexity, such as color dynamics, scene change

frequency, motion intensity, and brightness. For example, under

d = 0.05, sequence 72 (Fig. 8 (a)) at 1440p resolution achieves a

50.4% energy saving while maintaining acceptable quality com-

pared to 2160p. Sequence 65 (Fig. 8 (b)) stays within 5% quality
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Figure 8: Impact of changing d values on video sequences:

(a) sequence 72 (�. = 73.07, ℎ = 61.2, !. = 122.84;&% =

27), (b) sequence 65 (41.61, 9.29, 90.10; 17), (c) sequence 23

(25.97, 28.37, 91.22; 22),(d) sequence 98 (37.39, 96.16, 109.35; 17).

degradation at 1080p. Even when the degradation threshold is in-

creased to 10 % (d = 0.1), the selected resolution remains 1080p, as

lower resolutions would exceed the allowed quality loss. For se-

quence 23 (Fig. 8 (c)), the selected resolutions are 1080p and 720p for

d = 0.05 and 0.1, respectively. In contrast, for sequence 98 (Fig. 8

(d)), a lower resolution of 720p is su�cient to meet the quality

constraint of d = 0.05, resulting in an 81.1 % energy saving.

7 Conclusions

This paper presents a novel method for predicting energy consump-

tion in the context of selecting con�gurations for green encoding

by employing low-pass anchors. The proposed method involves

assessing the encoding and decoding durations of the anchor encod-

ings that are created at reduced resolutions and utilizes lightweight

machine learning models to anticipate the energy usage and video

quality across all other representations within a given sequence. By

analyzing these predictions, the encoding con�guration is metic-

ulously chosen to strike a balance between energy e�ciency and

acceptable quality reduction. Our evaluation, conducted on a dataset

comprising 100 video sequences from the Inter4K dataset, illustrates

that restricting the decrease in the VMAF score to 5 % results in

substantial energy savings, speci�cally 51.22 % in encoding energy

and 53.54% in decoding energy, when compared to an encoding

con�guration selection that prioritizes maximum quality.
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