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Intelligent Energy and Carbon Management in 6G:
A Hybrid DRL-PPO Optimization Framework

Harshita Patil

Abstract—6th generation (6G) networks are anticipated to
deliver highly-reliable, low-latency communications (URLLC);
therefore, the increased use of Terahertz (THz) transceivers
and Holographic MIMO surfaces will result in significant
sustainability challenges as a result of the excessive amount
of energy these devices will require for their operations. As
part of this research, we present a framework using deep
reinforcement learning (DRL) techniques known as Proximal
Policy Optimization (PPO) that can effectively address two
goals (conflicting) - minimizing energy consumption through
intelligent channel sensing techniques and minimizing carbon
footprints by using grid-aware resource allocation techniques.
We demonstrate how a Carbon-Aware PPO agent can decouple
network performance from carbon emissions by collecting
operational energy usage records from live SG networks and
dynamically scaling them based on 6G power restrictions.
Overall, we found that this approach could reduce carbon
emissions approximately 84.5% versus traditional maximum
performance baselines without causing any quality of service
(QoS) violations; thus, effectively circumventing all limitations
of static sleep-scheduling heuristic approaches.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10658

Index Terms—6G Networks, Deep Reinforcement Learning,
Green Al, Carbon-Aware Networking, Intelligent Sensing.

I. INTRODUCTION

N the future of wireless networking—the direction we’ll

continue to move in, as we work toward the deployment
of 6G networks—growth in the density of base stations
and increased computational workloads associated with THz
beamforming are anticipated to significantly increase energy
consumption by the network. In terms of expectations for
continued growth, energy efficiency approaches that have been
traditionally deemed “Efficiency-First” and that are primarily
focused on providing throughput and coverage above all else
do not appear to be sustainable, given the trajectory toward
carbon neutrality globally. Rohit Kumar, Saurav Kumar Gupta,
Hwang-Cheng Wang, C. Shyamala Kumari, and Sai Srinivas
Vara Prasad Korlam [1], [14] have noted that moving toward
using higher frequency bands (e.g. mmWave and THz) will
require a complete rethinking of how we consume energy in
the Radio Access Network (RAN).
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6G Base Stations consume energy for transmitting and
receiving signals as well as the necessary processing of the
signals (such as complex operations for Massive MIMO or
Intelligent Reflecting Surfaces (IRS)). However, in 5G, energy
costs were generally proportional to traffic load, whereas in
6G, 6G infrastructure incurs significant “‘static costs” just to
keep the THz hardware in an “active” state. Therefore, efficient
sleep mode management will become even more important
[11], [15].

As a result of rigid energy-first heuristics (such as static
sleep), service quality is often reduced. According to the work
of Xavier Fernando and George Lazaroiu [2], the wake-up
delay period associated with deep sleep states will make it
difficult for those applications that are latency critical (in IIoT)
to operate properly. This therefore represents a significant
opportunities to optimize carbon emissions with respect to the
stringent reliability conditions necessary for mission critical
6th generation applications [12].

This research fills a significant gap by proposing a "Carbon-
First” approach to energy consumption through the develop-
ment of self-learning Artificial Intelligence. By exploring the
taxonomy of self-learning networks created by Leila Ismail
and Rajkumar Buyya [3], we present an agent capable of
utilizing a Deep Reinforcement Learning (DRL) model to
predict: traffic spikes; and grid carbon footprint (intensity).
By incorporating this predictive information into the system,
it is possible to dynamically balance small energy expenditures
against large carbon savings; thus decoupling the energy used
in the system from the associated carbon impacts [16], [17].

The primary contributions of this paper are:

1) A dynamic 6G Power Scaling Model that transforms
operational 5G traces into THz-constrained power pro-
files.

2) A Carbon-Aware PPO Agent that optimizes resource
allocation based on real-time grid intensity and traffic
volatility.

3) A Hybrid Edge-Cloud Architecture that orchestrates
cooperative transmission to distribute loads to green
energy zones.

4) An empirical evaluation demonstrating an 84.5% reduc-
tion in carbon emissions with zero QoS violations.

II. RELATED WORK
A. Green Al and Smart Cities

Integrating artificial intelligence (AI) into the infrastruc-
ture of smart cities is a vital support system for achieving
sustainability within those smart cities. According to Tan,
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Mehmood, and Corchado [4], “Green AI” is, thus, understood
not simply for application to achieve a more sustainable
environment through the use of Al technologies, but to also
achieve a more sustainable form of Al through other means
of making sustainable energy. The implications of 6G network
capabilities, therefore, would suggest that energy-conserving
Al algorithms developed will also be able to conserve energy
as they control the 6G network. Our work is consistent with
this idea by using a new policy-based reinforcement learning
algorithm, PPO (Proximal Policy Optimization), which has
been shown to have faster convergence rates than DQNs (Deep
Q-Network) while also reducing the amount of computing
power needed [18].

B. Comparison with Existing Methods

Table I highlights the differences between existing static
approaches and our proposed dynamic framework. While
traditional methods rely on fixed thresholds, our PPO-based
approach adapts continuously [20].

TABLE I
COMPARISON OF OPTIMIZATION FRAMEWORKS

Feature Static Sleep Standard DQN  Proposed PPO

Decision Basis  Fixed Threshold Q-Values Policy Gradient
Adaptability Low Medium High
Carbon Aware No No Yes
Convergence N/A Slow Fast
QoS Risk High Medium Low

C. Digitalization in 6G Infrastructure

According to Walter Konhiduser [6], digitalization within
buildings and smart cities is needed before or in preparation for
the deployment of 6G networks, so that they can be interacted
with by the built environment to optimize energy consump-
tion. Additionally, a group of researchers Maurizio Murroni,
Matteo Anedda, Mauro Fadda, Pietro Ruiu, Vlad Popescu,
Corneliu Zaharia, and Daniele Giusto [5] conducted a survey
of enabling technologies for 6G-enabled smart cities and have
identified “Intelligent Sensing” as a major component. Our
work extends theirs by utilizing sensing to not only estimate
channels but also create carbon-awareness; we will do this by
directly integrating grid data APIs into the closed control loop
process [13].

D. Energy-Efficient lloT

Xavier Fernando and George Lazaroiu [2] suggest clustering
techniques to decrease energy consumption in Industrial IoT
by using 6G sensor networks that are efficient for low-powered
devices, and do not consider the heavy energy consumption
incurred by equipment into the network itself. Our approach
focuses on creating an energy-efficient backbone network
using the infrastructure of Edge Nodes and Cloud Servers to
ensure both sides of a connection (i.e., the user’s devices and
the backbone of the network) are equally efficient [19].
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ITII. SYSTEM MODEL
A. THz Channel Propagation and Power Scaling

To ensure ecological validity, we utilize real-world energy
consumption traces from a functional 5G base station network.
However, 6G operates in the THz spectrum (0.1-10 THz),
which suffers from high molecular absorption loss. To com-
pensate, 6G base stations require significantly higher power
density.

We model the received power P, using the specific THz
path loss model:

2
PT:Pt'Gt'Gr'( ¢ > . e—kabs(H)d 1

4 fd
Where kqps(f) is the frequency-dependent molecular absorp-
tion coefficient. To overcome this loss, the active power P,
must be scaled up. To accurately capture 6G energy dynamics,
total base station power must be viewed as a composition of
hardware components: Pioiq; = Prr + Ppp + Peooling +
Pyacknaui- For THz systems, the Radio Frequency power
(Prr) requires massive scaling due to beamforming and path
loss compensation.

Let Ps(t) be the measured power at time ¢. The predicted
6G power consumption Psg(t) is modeled as:

- Psg(t) if Active (Boost)
Psa(t) = < Psg(t) if Eco Mode (2)
B - Psg(t) if Deep Sleep
Where o = 3.5 represents the scaling factor for THz
active transmission and S = 0.2 represents the efficiency

of Al-enabled ‘“Zero-Energy” sleep modes. These factors are
verified against the power consumption models presented by
Rohit Kumar, Saurav Kumar Gupta, Hwang-Cheng Wang, C.
Shyamala Kumari, and Sai Srinivas Vara Prasad Korlam [1].

B. Traffic Arrival Modeling (MMPP)

Unlike 4G/5G traffic which often follows predictable daily
patterns, 6G traffic—driven by Holographic Telepresence and
XR—is highly bursty. To model this accurately, we utilize a
Markov Modulated Poisson Process (MMPP).

The packet arrival rate A(¢) is controlled by a continuous-
time Markov chain J(t) € {1,...,M}. In state j, packets
arrive according to a Poisson process with rate ;. We define
two primary states:

1) Background State (Sj): Represents low-bandwidth IoT
signaling and keep-alive messages. A\g ~ 10 Mbps.

2) Burst State (S5;): Represents active XR sessions or
holographic frame transmission. A\; ~ 10 Gbps.

The transition matrix () determines the state switching proba-
bilities. Furthermore, to physically evaluate Quality of Service
(QoS) and realistically model packet drops under such high
loads, we introduce a finite-capacity data buffer modeled as
an M/M/1/K queue. With a maximum buffer Q,,q., the
queue length Q(t) evolves over a decision epoch At as:

Q(t + 1) = max(O, min(Qmaw Q(t) + (A(t) - /’J(at)) : At))
(3)
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Fig. 1. Dynamic Power Scaling: Transformation of 5G Energy Traces to 6G Constraints.

Where p(at) is the service rate of the chosen action. This
allows the DRL agent to learn the stochastic nature of traffic
spikes rather than memorizing a static dataset.

C. Carbon Context Modeling

We synthesize a time-varying Grid Carbon Intensity curve
Igria(t) (gCO2/kWh) to simulate a daily renewable energy
cycle. The curve is modeled as a stochastic process:

27t
Igrid(t) = Ibase + Iamp . Sin(l + ¢) + € (4)

24
Where Ipgse = 300, Iom, = 200, and €, ~ N(0,02) repre-
sents random grid fluctuations. This aligns with the variability
of solar and wind energy sources.

IV. PROPOSED METHODOLOGY: CARBON-AWARE PPO

A. Problem Formulation as MDP

We formulate the carbon-aware resource allocation problem
as a Markov Decision Process (MDP) defined by the tuple
(S,A,P,R,~).

1) State Space (S): The state at time ¢ is a vector sy
[L¢, Cy, By], where:

o Qt/Qmaz: Normalized Queue Buffer Load (0 < Q
1).

e C}: Normalized Grid Carbon Intensity.

o B;: Battery Level (for hybrid powered nodes).

2) Action Space (A): The action a; is discrete, selecting
the operating mode of the base station:

e a; = 0 (Deep Sleep): Power ~ 30W, Capacity ~ 10%.

e a; = 1 (Eco Mode): Power ~ 1000W, Capacity ~ 60%.

e a; = 2 (Boost Mode): Power 4000W, Capacity ~
100%.

~
~

3) Reward Function (R): The reward function dictates
the agent’s behavior. We design a composite reward that
balances the conflicting objectives of minimizing carbon and
maximizing QoS:

Ry = _(Acarbon : Eemission(t) + )‘QOS ’ Ddrops (t))

Where:

o Eepission(t) = (1;(()‘86) -At) - C} represents the carbon
footprint in gCO-, utilizing proper time-energy integra-
tion over the epoch At (in hours) to ensure dimensional
consistency with the grid intensity metric.

e Darops(t) = max(0, Q(t) + (A(t) — u(ar)) - Al = Q)
represents packets dropped strictly due to finite buffer
overflow.

e AQoS > Acarbon €nsures that reliability is the primary
constraint.

&)

B. Proximal Policy Optimization (PPO)

We employ PPO, an on-policy gradient method, to optimize
the policy mg(a¢|s:). PPO prevents large, destabilizing policy
updates by clipping the probability ratio (). The objective
function is:

LELTP(9) = B, [min(r¢ (0) Ay, clip(re(0), 1—¢, 14-€)A,)] (6)

Where A, is the advantage estimator and ¢ is a hyperparam-
eter (typically 0.2). This stability is crucial for 6G networks
where unstable policies could lead to service outages.

C. Neural Network Architecture

The PPO agent utilizes an Actor-Critic architecture to
estimate both the optimal policy and the state value.

¢ Actor Network: This network maps the input state s; to
the probability distribution over actions. It consists of two
fully connected layers with 64 neurons each, using ReLU
activation. The output layer uses a Softmax activation to
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produce probabilities for the three discrete actions (Sleep,
Eco, Boost).

« Critic Network: This network estimates the Value func-
tion V(s¢). It mirrors the Actor’s structure with two
hidden layers of 64 neurons each but ends with a single
linear output unit representing the expected future reward.

The separation of Actor and Critic allows the agent to reduce
variance in the policy gradient updates, which is essential for
the noisy 6G radio environment.

D. Generalized Advantage Estimation (GAE)

To stabilize training and reduce the variance of gradient esti-
mates, we employ Generalized Advantage Estimation (GAE).
Standard advantage estimators often suffer from high variance,
which can destabilize the PPO updates. GAE introduces a
trade-off parameter A to balance bias and variance. The
advantage Ay is calculated as the exponentially weighted sum
of temporal-difference (TD) errors:

Ae =Y (N 14 (7)
k=0

Where §; = r; + YV (st41) — V(s¢) represents the TD error
at time ¢, and A € [0, 1] controls the horizon of the advantage
estimation.

E. Computational Complexity

The computational complexity of the proposed PPO algo-
rithm is linear with respect to the number of timesteps and the
size of the neural network layers. Specifically, for a network
with N neurons and L layers, the inference complexity per
timestep is O(L - N2). Since PPO is an on-policy algorithm,
the training complexity per update cycle is O(E-T'- B), where
E is the number of epochs, 7' is the horizon, and B is the
batch size. This makes it suitable for deployment on Edge Al
accelerators commonly found in 6G base stations.

F. Training Algorithm

The training process of the DRL-PPO agent is detailed in
Algorithm 1. The agent interacts with the environment for T’
timesteps, collecting experiences in a buffer and updating the
policy network using the clipped objective function.

V. PERFORMANCE EVALUATION
A. Experimental Setup

The simulation was conducted over a period of 1,000
hours. The PPO agent was trained for 15,000 timesteps using
the Stable Baselines3 library. The simulation parameters are
summarized in Table II.

We compared the agent against four baselines to ensure
rigorous validation:

o Max-Performance (Legacy): Always selects Boost
Mode (a; = 2). This represents current 5SG operational
standards where performance is prioritized over energy.

o Deep Q-Network (DQN): A standard value-based RL
agent benchmarked in the identical environment.
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Algorithm 1 Carbon-Aware PPO Training Loop

1: Initialize Policy network gy, Value network Vg

2: Initialize Experience Buffer D

3: for episode e =1 to E do

4:  Reset environment, receive state sg

5 for timestep t =1 to T do

6 Observe state s; = (L, Cy, By)

7: Select action a; ~ g (a¢|st)

8 Execute a;, observe reward r; and next state s;y1
9: Store transition (s¢, at, r¢, S¢41) in D

10: if D is full then

11: Compute Advantage A, using GAE
12: Update § by maximizing LEE1F (6)
13: Update ¢ by minimizing MSE loss
14: Clear D
15: end if
16:  end for
17: end for

TABLE 11

SIMULATION PARAMETERS

Parameter Value
Discount Factor (v) 0.99
Learning Rate (o) 3x 104
Clip Range (¢) 0.2
Reward Weight Acqrbon 0.1
Reward Weight Agos 10.0
Scaling Factor o (Active) 3.5
Scaling Factor 8 (Sleep) 0.2

« Adaptive Rule-Based: Selects Deep Sleep if queue load
< 30%, Eco Mode up to 70%, and Boost otherwise.

« Sleep-Aware (Static): Selects Deep Sleep (a; = 0) if
L; < 0.5, otherwise selects Eco Mode. The threshold
value of 0.5 (50% load) for triggering sleep modes is
verified as a standard industrial heuristic in [2].

B. Simulation Results

1) Carbon Efficiency Analysis: The Maximum Perfor-
mance Baseline governmental assessment produced a signif-
icant carbon footprint of 1,195,103 units, which establishes
the “Carbon Ceiling” for the system. The DRL-PPO Agent
achieved a carbon footprint of 185,605 units, resulting from its
ability to efficiently navigate the state space using optimized
algorithms. This produces a net reduction in carbon emissions
on the order of 84.5%. To achieve its net reduction in carbon
emissions, the agent was able to identify “Green Windows”
(low incidence periods) and boost power beforehand to be able
to sleep more fully when there are high incidence periods.

2) Reliability and QoS Analysis: The Sleep-Aware Base-
line had the lowest raw energy consumption (34.027), but it
has a significant increase in the number of drops, incurring
50.9 units of dropped traffic. With respect to the 6G context,
this is not an acceptable level of packet loss for URLLC
applications.

The DRL-PPO Agent maintained a Packet Loss Ratio
(PLR) strictly under 10~°, thereby achieving the same
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Fig. 2. Comparative Analysis: Total Carbon Emissions vs. QoS Violations.

level of reliability as the Max-Performance Baseline. This
demonstrates that the Agent was able to learn and correlate
between volatile traffic and capacity, thus avoiding sleep mode
when there were critical bursts of traffic.

C. Convergence and Complexity

Fig. 3 highlights the decision boundary of the agent after
training. It can be seen that this agent will not adhere to the
same fixed load thresholds as exhibited by the static baseline;
rather, this agent’s decision boundary has a greater degree of
flexibility and adaptability based on Carbon Intensity changes.
This behavior is consistent with the principles of self-learning
networks as described by Leila Ismail and Rajkumar Buyya
[3], where optimal thresholds are ”learned” by agents based on
their environment, rather than being explicitly programmed.

The agent was trained using stable convergence, with the
optimal reward reached at around 10,000 timesteps. This rapid
convergence can primarily be attributed to the "PPO clipping
mechanism”; which ensured that the agent’s policy did not
oscillate during the initial exploration phase.

VI. DISCUSSION AND FUTURE WORK

A. Ablation Study

We performed an ablation study for further validation of
the contributions of each component in the reward function.
The result showed that when A..;10, = 0 was set, the agent
performed just like the Maximum Performance Baseline
(zero packet losses; maximum energy wasted). Since removing
the penalty for Quality of Service (Agos = 0) caused the agent
to go to sleep permanently, it wasted less carbon but there
was 100% packet loss. Thus, the PPO agent was indeed able
to learn the non-trivial trade-off between these two goals and
reach a “sweet spot” that most of the static heuristics didn’t
discover.

B. Methodological Limitations

While the framework successfully demonstrates the theoret-
ical viability of decoupling carbon from network performance,
several modeling simplifications were made that limit imme-
diate real-world deployment. First, regarding Power Scaling,
the transformation of operational 5G traces to 6G constraints
relied on constant scaling factors («, 5). In reality, THz power
consumption is highly sensitive to component-level hardware
inefficiencies, distance, and user mobility. Future models must
replace this constant with a dynamic spatial function. Second,
regarding Traffic Realism, while the multi-state MMPP model
mathematically simulates burstiness and spatial correlation, it
remains a synthetic distribution. Future iterations must validate
the policy using empirical, open-source 6G packet capture
datasets involving multi-service coexistence (eMBB, URLLC,
mMTC). Finally, the simulated environment was restricted to
an isolated edge node, omitting inter-cell interference.

C. Future Directions

It has been demonstrated that Carbon-Aware Al is a prime
requirement for the sustainable deployment of 6G networks
and it failed to adapt to the sleep-aware baseline because
it didn’t factor in the random nature of the network. The
PPO agent was able to predict spikes in traffic by obtaining
transition probabilities within its environment.

In future research, this model will be expanded to a Multi-
Agent Federation Learning context where neighbouring base
stations will work together to offload traffic between each other
without disclosing their raw data. This will help to maintain
the privacy of the user and allow the agents to offload from
a station that is powered by solar energy (low carbon) to a
station that is powered by coal (high carbon), reducing the
total carbon footprint of the entire cluster.

VII. CONCLUSION

This study introduces an innovative Deep Reinforcement
Learning model for 6G networks that is green. We prove
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Objective 1: Comparative Analysis of Al Sensing Techniques
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Fig. 3. System Performance Metrics: Detailed view of the agent’s decision boundary.

that it will be possible to obtain substantial environmen-
tal improvements while still meeting the ultra-reliable low-
latency communication (URLLC) specifications of 6G by
using intelligent sensing to predict future traffic demands and
optimising explicitly for carbon emissions rather than only
for energy usage. The proposed hybrid model uses DRL-PPO,
which offers strong support for the new era of terms known
collectively as Green 6G and shows that it’s feasible to obtain
both high performance and sustainability at the same time.
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