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Abstract To address fragmented business data, limited interaction modalities, substantial demands on manual consultation,
and inadequate presentation of low-carbon services in conventional power marketing service halls, this study proposes a human-
centered metaverse digital twin framework for power marketing service halls. The framework takes the physical service hall
as its operational foundation, uses digital twins to establish a continuously updated correspondence between physical facilities
and their virtual representations, and positions digital humans as the primary user-interaction interface. It integrates marketing
business systems, cyber-physical system (CPS) energy-management platforms, electricity consumption data collection systems,
the State Grid Online platform, RPA process data, and smart home sub-metering data to develop an integrated service
environment offering guided tours, business consultation, information visualization, service recommendations, and carbon-
footprint displays. In addition, the proposed architecture encompasses a heterogeneous data-fusion model, a mechanism for
generating digital-human service scripts, a method for constructing metaverse scenes, and a carbon-footprint assessment
component. Together, these elements support a closed-loop workflow extending from the interpretation of customer requests
to business responses, scene interaction, and feedback-informed service refinement. The reported evaluation indicates shorter
service-completion times, improved question-answering accuracy and confidence calibration, more favorable assessments of
immersion and interaction, and stronger capabilities for displaying marketing information and communicating low-carbon
energy services. These results are reported outcomes of the study and require confirmation against the underlying evaluation
data.

Index Terms metaverse; digital twin; power marketing; smart service hall; digital
human; multi-source data fusion; carbon footprint; smart energy services

I. Introduction

W ith the deep integration of new-generation information
technology and energy systems, the power industry

is rapidly evolving from traditional power supply services
towards digitalization, intelligence, and service-oriented ap-
proaches [1]. Driven by the "dual-carbon" strategy, the con-
struction of the energy internet, and the Digital China strategy,
power companies not only need to ensure a secure and stable
energy supply but also need to provide users with more
efficient, convenient, intelligent, and personalized integrated
energy services [2], [3]. As a crucial window connecting
power companies and end-users, business halls have long
served functions such as business processing, customer con-
sultation, electricity bill inquiries, energy consumption anal-
ysis, policy promotion, and service dissemination. However,
with the continuous upgrading of user needs and the increas-
ing complexity of business scenarios, the traditional business
hall service model has gradually revealed problems such as
insufficient service efficiency, fragmented business systems,
limited interaction methods, and a limited user experience,

making it difficult to meet the development needs of smart
energy services in the new era [4].

In recent years, the rapid development of technologies such
as cloud computing, big data, artificial intelligence, digital
twins, virtual reality (VR), augmented reality (AR), and the
metaverse has provided new technological pathways for the
construction of smart service halls [5]. Among these, dig-
ital twin technology, by constructing a virtual mapping of
the real world, achieves real-time synchronization and two-
way interaction between physical entities and digital space,
providing crucial support for the monitoring, analysis, pre-
diction, and optimization of complex systems. Metaverse
technology further expands the digital space from traditional
two-dimensional interfaces to immersive three-dimensional
environments, enabling users to achieve more natural human-
computer interaction through virtual identities, digital hu-
mans, and intelligent scenarios [6], [7]. The combination
of digital twins and the metaverse allows service halls to
transcend physical space and evolve into new smart service
platforms integrating business processing, service consulta-
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tion, energy display, low-carbon promotion, and intelligent
interaction.

Currently, digital twin technology has been widely applied
in fields such as intelligent manufacturing, smart cities, in-
telligent transportation, building operation and maintenance,
energy management, and smart grids. In the power industry,
related research mainly focuses on grid operation monitoring,
equipment operation and maintenance management, fault pre-
diction, energy dispatch optimization, and digital management
of distribution networks [8]. By constructing digital mappings
of grid equipment, energy systems, and operating environ-
ments, researchers can achieve equipment status perception,
operational trend prediction, and system optimization deci-
sions. However, existing research focuses more on improving
operational efficiency on the grid and equipment sides, while
paying relatively little attention to user-side service scenarios,
especially lacking research on digital twins for customer ser-
vice halls [9], [10].

Meanwhile, metaverse technology is gradually gaining
widespread attention in fields such as education, healthcare,
tourism, industrial collaboration, and smart cities. Existing
research indicates that immersive virtual environments can
effectively enhance user engagement, improve information
comprehension efficiency, and enhance service experience
[11]. In the public service sector, some research attempts
to utilize virtual reality and digital human technologies to
construct online service spaces, providing users with remote
consultation, business processing, and information display
functions. However, most existing metaverse research remains
at the proof-of-concept, scenario demonstration, or virtual
space construction stage, with limited ability to deeply inte-
grate with complex business systems, particularly lacking or-
ganic integration with power marketing, energy management
systems, and customer service processes.

Furthermore, digital humans, as an important interactive
carrier in the metaverse, are gradually becoming a key re-
search direction in intelligent customer service and smart ser-
vices. Currently, digital humans are being applied in scenarios
such as government services, banking services, exhibition hall
explanations, and online customer service, providing basic
consultation services through speech recognition, natural lan-
guage processing, and knowledge base retrieval [12], [13].
However, most digital human systems still suffer from limited
knowledge boundaries, insufficient business understanding,
weak real-time data acquisition capabilities, and low levels
of collaboration with backend business systems. In the power
marketing service scenario, digital humans not only need to
answer customer questions but also need to be able to access
marketing business databases, interpret energy consumption
data, guide business processing procedures, and participate in
the promotion of energy and low-carbon services. This places
higher demands on the intelligence level of digital humans
[14].

On the other hand, with the continued advancement of the
"dual carbon" goals, user-side energy services are gradually
expanding from traditional electricity bill management to

low-carbon services, carbon footprint analysis, and energy-
saving guidance. The development of smart homes, sub-
metering, and energy management systems enables users to
obtain more refined energy consumption data [15]. However,
existing service hall systems mostly remain at the business
processing level, lacking sufficient support for household en-
ergy consumption analysis, carbon emission visualization, and
energy-saving behavior guidance, making it difficult to meet
the future development needs of integrated energy services.
Therefore, how to integrate smart home energy consumption
data, carbon footprint analysis, and energy management ser-
vices into the smart service hall system is also a crucial issue
that urgently needs to be addressed in current research [1],
[16].

A comprehensive analysis of existing research reveals sev-
eral key challenges in the current construction of smart service
halls.

First, the integration of heterogeneous data from multiple
sources is difficult. Electricity marketing services involve
data from various sources, including marketing business sys-
tems, electricity consumption data collection systems, cyber-
physical system (CPS) energy-management platforms, the
State Grid Online platform, customer service systems, and
smart home terminals. These data differ significantly in for-
mat, semantics, update frequency, and security levels, making
unified management and integrated analysis a major chal-
lenge.

Second, customer service interaction methods remain rel-
atively traditional. Most service halls still rely on window
services, self-service terminals, or two-dimensional web in-
terfaces, which are insufficient to effectively support complex
business explanations, energy data display, and the promo-
tion of low-carbon services. Users still face high information
comprehension costs when understanding business processes,
analyzing energy consumption behavior, and obtaining per-
sonalized services.

Third, existing digital human systems lack deep integration
with real-world business systems. Most digital humans can
only perform simple question-and-answer tasks, struggling to
provide functions such as business processing guidance, real-
time data querying, personalized recommendations, and ex-
planations of complex scenarios, thus limiting their practical
application value in smart service halls.

Fourth, digital twins and metaverse technologies have not
yet formed a unified service framework for service halls.
Existing research typically focuses on 3D visualization, vir-
tual scene display, or digital twins of devices, lacking an
overall architectural design oriented towards customer service,
business processes, and energy services.

Fifth, the capacity for low-carbon energy services is insuf-
ficient. Functions such as smart home energy consumption
analysis, carbon footprint calculation, and energy-saving sug-
gestions have not been effectively integrated into the service
system of business halls, resulting in the business halls not
playing a full role in energy services and low-carbon promo-
tion.
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To address the aforementioned issues, this paper proposes
a Human-Centric Metaverse Digital Twin Framework for
Intelligent Power Marketing Service Halls. This framework
centers on customer service, is based on digital twins, utilizes
a metaverse as the interactive environment, and uses digital
humans as the service entry point. By integrating multi-source
marketing data, energy management data, and smart home
energy consumption data, it achieves collaborative operation
between physical and virtual service halls. Specifically, this
paper first constructs a digital twin model of the service hall
space to achieve real-time mapping between the physical and
virtual spaces; secondly, it designs a multi-source data fusion
architecture to achieve unified access to marketing business
systems, cyber-physical system (CPS) energy-management
platforms, electricity consumption data collection systems,
and smart home data; thirdly, it constructs a digital human-
driven intelligent service mechanism to provide users with
guided tours, business consultations, electricity application
guidance, and data interpretation services; finally, it intro-
duces a carbon footprint visualization and low-carbon service
module to transform users' household energy consumption
data into intuitive carbon emission information, providing
users with energy-saving suggestions and low-carbon service
support.

II. A Metaverse Smart Service Hall Model for Cloud–Twin
Resource Coordination
As shown in Figure 1, the Metaverse smart business hall
model proposed in this article can be abstracted into a closed-
loop system of "user request–virtual resource scheduling–
physical resource allocation–feedback-driven optimization".
The Cloud User on the left side of the figure corresponds
to the customers, service personnel, managers and remote
access users in the electric power marketing service hall; the
middle part corresponds to the Metaverse digital twin service
platform built in this article, including cloud resource monitor-
ing, virtual-machine monitoring, virtual-resource allocation,
virtual-resource migration and virtual service instances; the
physical resources on the right represent the business system,
database, digital human service engine, RPA process robot,
Energy Consumption Management 2.0 system, CPS energy
management system, State Grid Online application interface,
smart home sub-metering equipment and physical display
terminal in the real business hall [17], [18].

Unlike traditional service hall systems, this model does
not simply display business data on a large screen. Instead,
it transforms power marketing service requests into com-
putable, schedulable, and transferable virtual service tasks.
Customer-initiated requests such as inquiries, navigation,
business queries, carbon footprint viewing, and regional en-
ergy consumption analysis first enter the metaverse digital
twin platform. Using current cloud-resource utilization infor-
mation, digital human service load, business database access
pressure, 3D scene rendering pressure, and physical device
status, the platform dynamically completes virtual machine
deployment, service instance placement, and resource migra-

tion, thereby ensuring that the Metaverse service hall main-
tains stable response under high concurrency, multi-service,
and multi-terminal access conditions.

This model directly corresponds to the research content of
this paper. First, the Job Request in Figure 1 corresponds to
the customer's service requests in the metaverse service hall,
such as digital human consultation, service hall navigation,
business processing guidance, marketing results display, and
smart home carbon footprint query. Second, Cloud Resources
Monitoring addresses the real-time monitoring of cloud com-
puting power, storage, network bandwidth, digital human
service interface, knowledge base retrieval interface, and data
visualization interface. Third, VM Monitoring addresses the
monitoring of Metaverse virtual service instances, including
digital human question-and-answer instances, 3D service hall
rendering instances, marketing data dashboard instances, and
carbon footprint calculation instances. Finally, VM Place-
ment and VM Migration correspond to the initial deployment
and dynamic migration of service instances, respectively, to
achieve service load balancing, low-latency response, and
high-availability operation.

Figure 1: Cloud-twin resource collaborative scheduling frame-
work for the power marketing service hall

Let the set of service requests received by the metaverse
smart service hall at time (t) be:

J (t) = J1, J2, . . . , Jn. (1)

The ith service request is defined as follows:

Ji = ui, τi, di, ci, bi, si, ρi, (2)

where ui represents the user type, including customers, ser-
vice personnel, managers, or remote visitors; τi represents the
request type, such as digital human Q&A, business inquiry,
guided tour, data display, or carbon footprint analysis; di rep-
resents the required data scale; ci represents the computing re-
source requirement; bi represents the bandwidth requirement;
si represents the service priority; and ρi represents the real-
time constraint of the request. Within the power marketing
service hall, digital-human consultations, business-database
queries, and live dashboards demand short response times,
whereas historical carbon-footprint summaries and archived
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marketing displays can tolerate less stringent latency con-
straints.

Let the set of available virtual resources in the cloud be:

V(t) = V1, V2, . . . , Vm. (3)

The state of each virtual resource instance Vj can be repre-
sented as follows:

Vj(t) = Cj(t),Mj(t), Bj(t), Qj(t), Lj(t), Aj(t), (4)

where Cj(t) represents CPU/GPU computing resources,
Mj(t) represents memory resources, Bj(t) represents net-
work bandwidth, Qj(t) represents the number of currently
queued tasks, Lj(t) represents the current service load, and
Aj(t) indicates whether the instance is available. For the sys-
tem in this paper, different virtual instances can respectively
carry out functions such as digital human question answering,
3D scene rendering, marketing data fusion, carbon footprint
calculation, and business process visualization.

Virtual resource load can be further defined as:

Lj(t) = α
Cused

j (t)

Cmax
j

+ β
Mused

j (t)

Mmax
j

+ γ
Bused

j (t)

Bmax
j

+ δ
Qj(t)

Qmax
j

,

(5)
where α, β, γ, δ are weighting coefficients, representing the
degree of impact of computing power, memory, bandwidth,
and request queue on system load, respectively, and satisfying
the following:

α+ β + γ + δ = 1. (6)

This formula is used to determine whether a virtual service
instance is overloaded. For example, when digital human
consultation requests surge, the values of Qj(t) and Cused

j (t)
of the digital human question-and-answer instance will rise
rapidly, and the system can trigger a new virtual instance
deployment or migration mechanism accordingly.

III. Multi-Source Heterogeneous Data Fusion Model
As shown in Figure 2, the metaverse smart service hall data fu-
sion model proposed in this paper adopts a hierarchical struc-
ture of "physical perception—multi-source aggregation—data
processing—feature fusion—edge computing—business ap-
plication". This model is designed for the complex business
scenarios of power marketing service halls, unifying data from
physical service halls, marketing business systems, electricity
information collection systems, cyber-physical system (CPS)
energy-management platforms, RPA process robots, the State
Grid online APP, smart home sub-metering devices, and re-
gional energy consumption analysis platforms [19]. Through
multi-source data aggregation, standardization transforma-
tion, feature calculation, data-quality assessment, and fusion-
based decision-making, it ultimately supports functions such
as digital human Q&A, business process display, customer
service recommendation, regional energy consumption analy-
sis, and carbon footprint visualization in the metaverse digital
twin service hall.

Figure 2 at the bottom illustrates the unified perception
foundation for the physical and information sides. In the
scenario of an power marketing service hall, the physical
side includes the actual business hall space, customer service
windows, self-service terminals, large display screens, smart
home sub-metering devices, electricity consumption data col-
lection equipment, and power distribution equipment status
sensors; the information side includes marketing business
data, customer consultation logs, business processing records,
regional energy consumption characteristics, RPA process ex-
ecution data, CPS energy management data, and smart home
energy consumption data. The above data exhibits significant
heterogeneity: on the one hand, different systems have differ-
ent data formats, sampling frequencies, business semantics,
and security levels; on the other hand, the business objec-
tives served by customer consultation, business processing,
energy consumption data collection, line loss management,
and carbon footprint calculation are also different. Therefore,
this paper extends the "Multi-source data aggregation" in the
figure to a multi-source heterogeneous-data aggregation layer
for the power marketing service hall [20].

Figure 2: Data fusion core framework of the metaverse smart
service hall

In the multi-source data aggregation layer, the system first
collects data from multiple business terminals and sensing
terminals, including business hall operation data, user infor-
mation data, electricity consumption data, smart home energy
consumption data, regional load data, marketing business pro-
cess data, and environmental information data. Subsequently,
the system generates a unified service data matrix through data
cleaning, missing value repair, time alignment, and standard-
ization transformation. Let the original data collected by the
kth type of data source at time (t) be xk(t) , then the multi-
source data set can be represented as:
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X (t) = {x1(t),x2(t), . . . ,xK(t)}, xk(t) ∈ Rdk ,
(7)

where, (K) represents the number of data sources, and dk
represents the feature dimension of the kth data source. For the
system described in this paper, xk(t) corresponds to customer
service data, business transaction data, electricity consump-
tion data, RPA process data, CPS energy management data,
regional energy consumption data, and smart home carbon
footprint data, respectively.

Due to differences in units, sampling intervals, and outlier
noise among different data sources, this paper employs a uni-
fied data standardization transformation to map heterogeneous
data into a fusible feature space. Let the standardized features
be zk(t) , then:

zk(t) = ϕk(xk(t)) =
xk(t)− µk

σk + ε
, (8)

where, µk and σk represent the mean vector and standard
deviation vector of the kth data source, respectively, and ε
is a smoothing term to prevent the denominator from being
zero. This process corresponds to "Set transformation matrix
X" and "Perform Z-Score multi-source data transformation" in
the figure. Its function is to transform marketing data, energy
consumption data, and service behavior data from different
sources and at different scales into a unified computing space,
providing a foundation for subsequent fusion analysis.

In the feature fusion stage, this paper considers not only the
numerical characteristics of the data itself, but also introduces
weights for data reliability, business relevance, and real-time
performance. Let the fusion weight of the kth type of data
source at time (t) be wk(t) , then the fused feature vector h(t)
can be defined as:

h(t) =

K∑
k=1

wk(t)Wkzk(t),

wk(t) =
exp(θ1rk(t) + θ2qk(t) + θ3ek(t))
K∑
l=1

exp(θ1rl(t) + θ2ql(t) + θ3el(t))

, (9)

where Wk represents the feature mapping matrix of the kth
type of data source; rk(t) represents the reliability of the data
source, such as interface stability, missing rate, and anomaly
rate; qk(t) represents the relevance of the data source to
the current business task, for example, customer consultation
tasks rely more on marketing knowledge base and business
processing data, while carbon footprint display relies more
on smart home energy consumption data; ek(t) represents the
real-time or freshness of the data; and θ1, θ2, θ3 are weight
adjustment parameters. This expression represents the data-
feature synthesis and source-reliability assessment processes
depicted in the figure, and is used to ensure that data fusion
has dynamic adaptability under different business scenarios,
rather than assigning equal importance to every data source.

The data-processing layer shown in the middle of Fig-
ure 2 illustrates the cyclic discrimination and aggregation
process. This paper interprets this process as a service-intent
recognition and data fusion decision-making process for a
metaverse-oriented smart service hall. The system determines
the category of the current service task based on the fusion
feature h(t) , such as digital human consultation, business pro-
cessing guidance, marketing results display, regional energy
consumption analysis, or smart home carbon footprint service.
Let the set of service task categories be Y = 1, 2, . . . , C , then
the task category probability can be expressed as:

p(y = c | h(t)) = exp(a⊤c h(t) + bc)
C∑

j=1

exp(a⊤j h(t) + bj)

, (10)

where ac and bc represent the discrimination parameters
for service task (c), respectively. This formula is used to
support "Cycle discrimination and processing data" in the
diagram. For example, when a user asks a digital human in
the metaverse service hall "How much carbon emissions does
my home air conditioner produce per month?", the system
should identify the request as "Smart Home Carbon Foot-
print Service" and prioritize calling the sub-metering data,
carbon emission factor library, and carbon footprint visual-
ization module; when a user asks "How to apply for meter
replacement service", the system should prioritize calling the
marketing business knowledge base, business process data,
and the State Grid Online application service interface.

In the edge computing and data application layer, the fusion
results are further encapsulated into application services for
the Metaverse digital twin business hall. The edge computing
module is responsible for reducing system response latency
and improving the real-time performance of digital human
Q&A, data dashboard updates, and carbon footprint calcu-
lations; the data storage module is responsible for storing
standardized data, fusion features, service logs, and user in-
teraction records; the data computing module is responsible
for performing service intent recognition, carbon emission
calculation, business process recommendation, and regional
energy consumption analysis; and the data application mod-
ule outputs the fusion results to the digital human, the 3D
virtual business hall, the marketing results display screen, the
smart home carbon footprint dashboard, and the management
decision-making interface [21], [22].

To measure the contribution of fused data to the service
quality of the Metaverse smart business hall, this paper defines
a comprehensive data fusion utility function:

Ufusion(t) = λ1 Acc(t) + λ2 Com(t)

+ λ3 Fresh(t) + λ4 Rel(t)

+ λ5 Delay(t) + λ6 Risk(t)

(11)

where Acc(t) represents the accuracy of the fused data in sup-
porting service decisions, Com(t) represents the complete-
ness of multi-source data coverage, Fresh(t) represents the
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real-time performance of the data, Rel(t) represents the rele-
vance of the fusion result to the current service task, Delay(t)
represents the data processing and transmission latency, and
Risk(t) represents the risks caused by privacy leaks, interface
anomalies, or data inconsistencies; λ1, . . . , λ6 are weighting
coefficients. For the power marketing service hall, this utility
function can simultaneously evaluate the technical quality and
service value of data fusion.

A. Metaverse Modeling Process and Technical
Implementation

As shown in Figure 3, the modeling process of the metaverse
smart service hall proposed in this paper is not a simple three-
dimensional visualization, but a comprehensive modeling
process consisting of "service-ecosystem modeling–spatial
hierarchy specification–BIM/3D conversion–data binding–
bidirectional interaction and feedback." Figures 3–5 collec-
tively illustrate the modeling pathway of the metaverse digital
twin service hall from the perspectives of theoretical structure,
spatial hierarchy, and technical implementation [23].

Figure 3 presents the service-ecosystem logic of the meta-
verse smart service hall. The bottom layer is a nested system,
including the physical service hall space, marketing business
system, digital human service system, customer interaction
system, smart home carbon footprint system, and manage-
ment decision-making system. The middle layer is service
output, including customer inquiry response, business pro-
cessing guidance, marketing results display, regional energy
consumption analysis, low-carbon service explanation, and
employee decision support. The top layer is service welfare
outcomes, including improved customer experience, reduced
repetitive workload for sales staff, improved efficiency and
effectiveness of marketing business management, enhanced
customer satisfaction with electricity use, and optimized cor-
porate image. This figure emphasizes that the metaverse ser-
vice hall is not an isolated technology platform, but a service
ecosystem comprised of multiple entities, systems, and busi-
ness processes. The system specification clearly stated that by
using digital humans to replace some sales staff, improve the
customer electricity service experience, reduce staff workload,
and enhance the digital intelligence capabilities of marketing
business through the integration of multi-platform basic data
and applications, this corresponds to the "nested system—
service output—final effect" chain in the figure.

Suppose that the metaverse smart service hall Service
Ecosystem consists of (N) subsystems, including a physical
business hall system, a marketing business system, a data
fusion system, a digital human system, a carbon footprint
system, and a management decision-making system. Define
the set of systems as:

S = S1, S2, . . . , SN . (12)

Each subsystem Si can be represented as:

Si = Ri, Di, Fi, Ui, Oi, (13)

Figure 3: Multi-level value generation mechanism

where Ri represents the set of resources that the subsystem
depends on, Di represents the input data, Fi represents the
system function, Ui represents the service object, and Oi

represents the output result. For example, the input data of
the digital human subsystem includes customer questions,
a marketing knowledge base, and a business database, and
its output results are guided tours, business responses, and
suggestions for transferring to a human operator; the input
data of the carbon footprint subsystem includes smart home
energy consumption and carbon emission factors, and its out-
put results are appliance carbon emissions, carbon footprint
curves, and energy-saving suggestions.

To characterize the dependencies between different subsys-
tems, a coupling strength matrix between systems is defined:

A = [aij ]N×N ,

aij =
κ1I(Di, Dj) + κ2I(Fi, Fj) + κ3I(Ui, Uj)

1 + dist(Si, Sj)
,

(14)

where aij represents the coupling strength between subsys-
tems Si and Sj ; I(Di, Dj) represents the correlation of
their input data; I(Fi, Fj) represents functional correlation;
I(Ui, Uj) represents the degree of overlap of service objects;
dist(Si, Sj) represents the hierarchical distance between them
in the system architecture; and κ1, κ2, κ3 are weight param-
eters. This formula corresponds to "Interdependencies" and
"Inter-EE links" in the first figure, used to describe the inter-
dependencies between physical business halls, digital humans,
marketing data, carbon footprint, and management decisions.

Figure 4 illustrates the layered modeling method of the
metaverse space. It constructs the spatial model step-by-
step from Terrain, Buildings, Infrastructure, Mobility, Digital
Layer/Smart City to Virtual Layer/Digital Twin. In the context
of this paper, Terrain can be understood as the area where
the business hall is located and the basic spatial environment;
Buildings correspond to the physical business hall buildings,
service windows, self-service terminal areas, display areas,
digital human interaction areas, and smart home carbon foot-
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print display areas; Infrastructure corresponds to the power
marketing business system, cloud platform, network commu-
nication facilities, data interfaces, display terminals, and sub-
metering devices; Mobility corresponds to the customer flow
path in the business hall, business processing route, digital
human navigation path, and remote user access path; Digi-
tal Layer corresponds to marketing business data, electricity
consumption data, RPA process data, CPS energy manage-
ment data, State Grid online APP data, and regional energy
consumption analysis data; Virtual Layer/Digital Twin corre-
sponds to the final metaverse smart business hall, a virtual
service space that is interactive, displayable, analyzable, and
feedback-enabled.

Figure 4: Spatial hierarchical modeling framework

Figure 4 illustrates the spatial layering logic. This paper
models the space of the metaverse smart service hall as a
multi-level structure:

M = {L0,L1,L2,L3,L4,L5}, (15)

where L0 represents the site and basic environment layer, L1

represents the building and interior space layer, L2 represents
the infrastructure layer, L3 represents the customer flow and
service circulation layer, L4 represents the digital business
and data layer, and L5 represents the metaverse digital twin
interaction layer. For any spatial object (o), its digital twin
representation in the metaverse business hall is as follows:

DT (o) = Go, So, Bo, To,Ψo. (16)

In this context, Go represents the geometric model, So

represents the semantic attributes, Bo represents the bound
business data, To represents the time status, and Ψo represents
the triggerable interactive behavior. For example, for a self-
service terminal object, Go is its 3D model, So is the semantic
label "business processing terminal," Bo is the business pro-
cessing interface and service status data, To is the real-time
availability status of the device, and Ψo includes interactive
behaviors such as click query, digital human explanation,
business jump, and anomaly prompts.

Figure 5 illustrates the process of converting a building
information model (BIM) or three-dimensional model into a
metaverse digital twin scene. The figure shows the gradual

refinement of the building model from coarse-grained blocks,
structural models, and exterior models to an interactive 3D
scene. Corresponding to the power marketing service hall
in this paper, the modeling process should include: busi-
ness hall space acquisition, BIM or 3D model construction,
functional area semantic annotation, marketing business data
binding, digital human interaction point configuration, real-
time data interface access, and metaverse terminal publishing.
This process transforms the traditional static building model
into a digital twin business hall with business semantics and
real-time service capabilities [24]. The proposed solution in
this paper requires the system to present modules such as
RPA process robots, the Energy Consumption Management
2.0 transformer area line loss management, the CPS energy
management system, the State Grid online APP, smart ser-
vices in the business hall, energy consumption characteristic
analysis of the Greater Hongqiao area, and smart home carbon
footprint. Therefore, in the 3D modeling stage, these business
modules must be mapped to specific virtual space areas and
interactive nodes, rather than restricting the implementation
to architectural visualization alone.

Figure 5: Visualization transformation and scene construction
process of the business hall

The process shown in Figure 5 can be abstracted as a
transformation from a Building Information Model (BIM) to
a Metaverse digital twin object. Let the original BIM or 3D
model be B , and the Metaverse scene model be V , then the
transformation process can be represented as:

V = Ω(B,G,S,D, I), (17)

where, G represents the geometry simplification and render-
ing optimization rules, S represents the business semantic
annotation set, D represents the bound data interface set, I
represents the interaction logic set, and Ω(·) represents the
model transformation and scene deployment functions. This
process is not simply importing the BIM model into Unity,
Unreal, or WebGL environments, but rather completing the
joint binding of "geometric objects—business semantics—
real-time data—interactive behavior." Only after completing
this binding can the business hall model truly be upgraded
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from a static 3D display to a metaverse digital twin service
space.

As shown in Figure 6, the metaverse smart service hall
model proposed in this paper can be further abstracted into
a simulation interaction framework of "user demand in-
put,business scenario planning,virtual action primitive invo-
cation,3D character animation generation,service result feed-
back." The simulation interface on the left represents the
interactive entry point of the metaverse smart service hall
in this paper. Users can input service needs through text,
voice, touchscreen, mobile devices, or VR terminals, such
as business consultation, service hall navigation, electricity
information inquiry, carbon footprint viewing, marketing re-
sults browsing, or electricity application process guidance.
The control module and motion-primitive database in the
middle represent the digital human control module and busi-
ness action primitive library in this paper, responsible for
generating service actions such as digital human explanation,
turning, guiding, clicking, displaying, Q&A, and leading the
way based on user input. The three-dimensional character-
animation module on the right represents the digital human
salesperson and 3D service scene in the metaverse service
hall. Its task is to transform the business planning results
into a visualized, interactive, and feedback-enabled Metaverse
service process. The database module at the bottom represents
the service log database, business scenario database, and
marketing data resource library in this article, and is used to
record user input, service planning results, interaction process,
and final service results [25], [26].

Figure 6: Interaction model driven by user demand input

The difference between this model and traditional service
hall systems lies in the fact that traditional systems typically
only return text or page results based on user requests, while
this model transforms user requests into an executable meta-
verse service script. This script not only includes the business
answer but also the action sequence of the digital human, ser-
vice paths, explanation content, data dashboard calls, business
process nodes, and result feedback. For example, when a user
enters "Please introduce the smart home carbon footprint dis-
play area," the system first identifies that the request belongs
to the low-carbon service explanation category. Then, it calls
knowledge modules such as smart home sub-metering, carbon
emission calculation, and energy-saving suggestions from the
business scenario database. Next, it calls actions such as
digital human guidance, explanation, dashboard display, and

result summary from the action primitive library, ultimately
generating a complete guided tour and explanation process
in the 3D metaverse service hall. Similarly, when a customer
inquires "How to apply for meter replacement service," the
system calls the marketing business knowledge base, meter
replacement business process, the State Grid online APP in-
terface, and digital human Q&A action primitives to generate
customer-oriented business processing guidance.

Let the service request input by the user at time (t) be
qt , which may come from voice, text, touch, gesture, or
VR interaction. The system maps the multimodal inputs to a
unified service-intent vector as follows:

et = Φθ(q
text
t , qvoicet , qtoucht , qgesturet , ct), (18)

where, qtextt , qvoicet , qtoucht , and qgesturet represent text,
voice, touch, and gesture input, respectively; ct represents
the current context information, including the user's virtual
area, historical interaction records, current service status, and
access permissions; Φθ(·) represents the multimodal coding
function; and et represents the unified semantic representation
of the user's service request. This process corresponds to the
Desired Score / Enter Score input part in the diagram, which
can be understood in this article as the target service request
submitted by the user to the metaverse service hall.

After obtaining the user intent vector, the control module
needs to select appropriate service scenarios, business pro-
cesses, and digital human action primitives from the business
resource library. Let the business action primitive library be:

P = {p1, p2, . . . , pM}. (19)

Each action primitive pm can be represented as:

pm = am, τm, rm,bm,gm, (20)

where, am represents the type of digital human action, such as
greeting, guiding, explaining, demonstrating, jumping, wait-
ing, confirming, and transferring to human agent; τm repre-
sents the duration of the action; rm represents the resources
required for the action, such as a knowledge base, business
interface, data dashboard, or 3D scene object; bm represents
the bound business semantics, such as electricity bill inquiry,
meter replacement processing, RPA demonstration, CPS en-
ergy management, regional energy consumption analysis, or
smart home carbon footprint; and gm represents the spatial
location, orientation, and target object in the 3D scene. This
formula corresponds to the Motion Primitive DB in the figure,
which in this article is the "Power Digital Human Service
Action Primitive Library".

IV. Experimental Evaluation
A. Experimental Setup
To evaluate the effectiveness of the proposed Metaverse digital
twin smart service hall framework in the power marketing
service scenario, this chapter conducts a comprehensive eval-
uation from aspects such as system performance, service
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efficiency, digital human question-and-answer capabilities,
user interaction experience, digital twin realism, multi-source
data fusion capabilities, carbon footprint service effects, and
ablation experiments. The experimental goal is not simply
to prove that the system can operate, but to further answer
the following questions: First, can the metaverse digital twin
service hall significantly shorten customer service completion
time compared to traditional manual services, self-service
terminals, and existing smart service halls? Second, can the
digital human service provide reliable question-and-answer in
professional scenarios such as electricity bill inquiry, business
processing, energy consumption analysis, CPS energy man-
agement, State Grid Online application guidance, and carbon
footprint explanation? Third, can immersive Metaverse inter-
action improve users' evaluation of the naturalness, human-
likeness, synchronicity, participation, and affinity of service
hall services? Fourth, can the digital twin model accurately
reflect the operating status of the physical service hall and
energy data? Fifth, can multi-source data fusion enhance the
capabilities of marketing business display, low-carbon service
explanation, and management decision support? These eval-
uation objectives are consistent with the construction content
in this paper, namely, to build a metaverse digital twin system
for the power marketing service hall through digital human
guidance, customer consultation, underlying database Q&A,
multi-source marketing data access, CPS energy management,
regional energy consumption analysis and smart home carbon
footprint collection and display [27].

The experimental data mainly includes five categories. The
first category is customer service task data, including typi-
cal power marketing tasks such as electricity bill inquiries,
meter replacement applications, new installation applications,
business consultations, energy consumption analysis, carbon
footprint inquiries, online APP guidance, and business hall
tours. The second category is power marketing knowledge
data, including business handling rules, business hall service
procedures, frequently asked questions, policy explanations,
payment instructions, low-carbon service instructions, and
explanations of smart home energy consumption. The third
category is energy and carbon footprint data, including CPS
energy management data, regional energy consumption char-
acteristic data, smart home sub-metering data, and carbon
emission factors. The fourth category is user interaction data,
including interaction methods such as voice, text, touchscreen,
keyboard, gestures, and VR devices, as well as users' browsing
paths, dwell time, and service conversion processes in the
virtual business hall. The fifth category is system performance
data, including average response time, intent recognition ac-
curacy, answer correctness rate, task success rate, user satis-
faction, concurrent access response, data refresh latency, and
system availability. These data collectively support the com-
prehensive experimental evaluation of the Metaverse digital
twin business hall presented in this paper.

B. Experimental Results
Figure 7 compares the experimental performance of the base-
line method RA and the proposed metaverse interaction model
MM under different action units AU1, AU2, and AU4 from
three dimensions: DTW distance, synchronization error, and
Entrainment Loop interaction closure strength. Overall, MM
significantly outperforms RA in terms of synchronization,
especially in AU1, AU2, and AU4 where the synchronization
error is almost zero, indicating that the proposed model can
more stably maintain the temporal consistency between digital
human actions, business scene display, and user interaction
feedback. This is consistent with the proposed mechanism of
"user input—business scene planning—digital human action
primitive invocation—3D scene linkage—service log feed-
back," indicating that the digital human in the metaverse
business hall does not simply play fixed animations, but can
dynamically adjust the interaction rhythm according to service
tasks. Meanwhile, in terms of the Entrainment Loop metric,
MM is generally lower and has a smaller fluctuation range
compared to RA, especially approaching 0 in AU2. This
indicates that the model in this paper can reduce ineffective
loop interactions and improve the efficiency of the interaction
loop in customer consultation, business guidance, and data
dashboard invocation. This result supports the argument in
this paper that "digital humans reduce the burden of repetitive
services and improve service fluency." However, it should be
noted that in terms of the DTW metric, MM is not superior
to RA in all action units. Especially in AU4, the DTW value
of MM is significantly higher than that of RA, and the er-
ror range is larger. This indicates that in complex action or
service scenarios, although the model in this paper enhances
synchronization and interaction loop control, there is still a
large deviation between the action trajectory and the reference
sequence. This may be related to the fact that the digital
human in the metaverse business hall needs to simultaneously
complete guidance, direction, explanation, dashboard linkage,
and business semantic response, resulting in a more complex
action sequence.

Figure 7: Service behavior consistency, synchronization, and
interaction closed-loop performance.

Figure 8 illustrates the correlations among various percep-
tual indicators of the digital human interactive experience
in the metaverse smart service hall, including Naturalness,
Human-likeness, Synchrony, Engagement, and Rapport. The
figure shows a clear positive correlation among all indicators,
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with most combinations reaching the indicated significance
threshold (***). These associations suggest that user eval-
uations of digital-human interactions should be considered
across multiple dimensions, including movement naturalness,
perceived human likeness, temporal synchrony, engagement,
and rapport; the correlations alone do not establish causal
relationships. Specifically, Naturalness showed a strong pos-
itive correlation with Human-likeness, Synchrony, and En-
gagement, indicating that the more natural the digital human's
movements, the more likely users are to perceive it as having
human-like characteristics and are more willing to participate
in the interaction. The positive correlation between Synchrony
and Engagement and Rapport further illustrates that when
the digital human's voice, facial expressions, movements, and
scene feedback can remain synchronized with the user's input,
users are more likely to experience immersion and trust. Rap-
port showed a significant positive correlation with the other
four indicators, indicating that affinity is a comprehensive
result of the digital human service experience, influenced by
naturalness, human-likeness, synchronicity, and engagement.

Figure 8: Correlation analysis among digital human interac-
tion perception indicators

Figure 9 further reveals the impact of digital human interac-
tion experience on users' psychological state and cognitive en-
gagement in the metaverse smart service hall. The horizontal
variables include Naturalness, Human-likeness, Synchrony,
Engagement, and Rapport, while the vertical outcome vari-
ables include Mood score, K6 delta (change in psychological
stress), STAI-State delta (change in state anxiety), and CC
(cognitive/communication engagement). Overall, most inter-
action perception indicators show a positive relationship with
user outcome variables, especially the CC indicator, which
shows a significant positive correlation with all five digital
human interaction perception variables (*). The associations

are compatible with the hypothesis that natural, lifelike, well-
synchronized, and approachable digital-human interactions
accompany greater cognitive engagement, although this cor-
relational result does not establish that these qualities directly
cause improved comprehension. This is crucial for the pro-
posed Metaverse Digital Twin System for Electricity Market-
ing Service Halls, as the system is intended to enable more
than passive viewing of a virtual service hall. Instead, it aims
to enable users to navigate, consult, understand business op-
erations, view marketing results, and learn about carbon foot-
prints through a digital human. The system design specifies
that digital humans should guide visitors through designated
areas, explain the intended service functions, and respond to
customer questions using an authorized knowledge base and
connected business information. Therefore, the results in the
figure show that the higher the quality of the digital human
interaction, the more likely users are to truly understand the
power marketing business, energy consumption data, smart
services, and low-carbon content displayed in the service
hall, rather than just superficially viewing it. Furthermore,
STAI-State_delta shows varying degrees of significant rela-
tionships with Naturalness, Human-likeness, Synchrony, and
Rapport, with Naturalness being the most significant (**),
while Human-likeness, Synchrony, and Rapport also reach
significant levels (*). This indicates that the digital human
interaction experience not only affects information reception
but may also influence users' emotions and anxiety during the
service process. In the context of power marketing services,
customers often experience uncertainty and psychological
burden when handling business, inquiring about electricity
bills, meter replacements, energy usage anomalies, or car-
bon footprint issues. If the actions, voice, response rhythm,
and service attitude of the digital human are more natural,
synchronized, and approachable, users will be more likely to
develop trust in the service and reduce their unfamiliarity with
the business processes.

Figure 10 compares the differences between traditional
smart service halls and the proposed metaverse digital twin
service hall in the two-dimensional space of "experience level
- service personalization" based on customer perception expe-
rience evaluation results. The left figure shows that the advan-
tages of traditional smart service halls are mainly concentrated
in human service attributes such as customer care, service
attitude, and service credibility, indicating that the traditional
model still relies on personnel reception, service standards,
and offline communication to build customer trust. However,
it shows blue weak areas in personalized recommendations,
value-added energy services, customer communication ef-
ficiency, digital service capabilities, and perceived service
costs, indicating deficiencies in intelligent, personalized, and
data-driven services. The right figure shows that the metaverse
digital twin service hall forms a clear red advantage area in
immersive guided tour experience, 3D scene quality, digital
human service quality, digital human interaction naturalness,
digital human credibility, digital twin capabilities, intelligent
customer care, and carbon footprint services. This indicates
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Figure 9: The relationship between changes in users' psycho-
logical state and cognitive input

that the proposed model can enhance customer immersion,
understanding, and service participation through digital hu-
man guidance, 3D virtual space, multi-source marketing data
fusion, and smart home carbon footprint display. This result
aligns with the system design goals of this paper: the original
plan explicitly required the digital human to guide visitors
through various areas, explain the construction concepts, and
answer customer questions using the underlying database.
Simultaneously, the system was also to showcase marketing
digitalization achievements such as RPA process robots, En-
ergy Consumption 2.0, CPS energy management, the State
Grid online app, regional energy consumption analysis, and
smart home carbon footprint. However, the right-hand figure
also shows that the metaverse digital twin service hall still
has room for improvement in service process standardization,
perceived service costs, intelligent business processing proce-
dures, and some personalized energy services. This indicates
that while the current system has advantages in immersive
experience and digital human interaction, further optimization
is needed in business closed-loop execution, service cost
transparency, intelligent recommendation maturity, and pro-
cess collaboration.

Figure 11 comprehensively illustrates the experimental re-
sults of the Metaverse digital twin service hall in this paper
regarding system performance, user structure, usage behav-
ior, interaction methods, and service task completion. Fig-
ure 11(A) shows that from January to October 2024, the
average system response time decreased from 6.20 s to 4.88
s, indicating that with the optimization of digital human ser-
vices, business data interfaces, and 3D scene rendering mech-
anisms, the system response efficiency gradually improved.
Meanwhile, the intent recognition accuracy remained at a high

Figure 10: Comparison of customer perceived value

level, increasing from 72.6% to 75.9%, the correct answer rate
remained stable above 80%, the task success rate remained
between 60% and 67%, and user satisfaction increased from
3.41 to 4.12, demonstrating that the proposed "user input—
business scenario planning—digital human interaction—data
dashboard feedback" mechanism can continuously improve
customer service experience. Figure 11(B) shows that the age
distribution of the surveyed users was relatively balanced,
with a higher proportion of users aged 26-35, 36-45, and
66 and above, indicating that the metaverse service hall is
not only geared towards young users but also has certain
universal service value. Figure 11(C) shows that frequently
used functions are mainly concentrated in scenarios such as
Lobby Visit, Business Inquiry, Area Tour, Carbon Footprint,
CPS Demo, and Bill Query. This indicates that customers
not only focus on basic business consultation but also have a
high interest in services such as area navigation, carbon foot-
print display, and energy management. This corresponds to
the digital human navigation, marketing results display, CPS
energy management system, and smart home carbon footprint
display modules proposed in this solution. Figure 11(D) shows
that voice, touch screen, keyboard, and text are the main
interaction methods, with voice accounting for the highest
proportion. This indicates that digital human service personnel
are more suitable as the core interaction entry point for the
metaverse service hall. However, the proportion of VR devices
is relatively low, indicating that the current popularization of
the metaverse service hall should not rely too much on im-
mersive headsets but should prioritize the availability of large
screens, PCs, touch screens, and mobile devices. Figure 11(E)
shows the service task funnel, which reveals a significant
drop-off from intent recognition to final task completion,
with an overall completion rate of 30.7%. This indicates that
although the system can perform intent recognition and task
initiation well, there is still room for optimization in the
information provision, task execution, user confirmation, and
final completion stages.

Figure 12 compares the question-and-answer performance
of Rule-based FAQ Systems, Knowledge-Based QA Systems,
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Figure 11: System performance, user structure, and service
conversion funnel analysis

General LLM Assistants, and the Proposed Metaverse Digital
Human in the power marketing service scenario from two
perspectives: confidence calibration and answer frequency
accuracy. The left figure shows that, across different Stated
Confidence intervals, the proposed Metaverse Digital Human
model achieves higher overall accuracy than the Rule-based
FAQ and Knowledge-Based QA systems, and significantly
approaches the ideal calibration line in the high-confidence
interval, indicating that it can provide responses with higher
reported accuracy while showing closer alignment between
stated confidence and observed accuracy. The right figure
shows that, as Answer Frequency increases, the General LLM
Assistant has a high overall accuracy but exhibits significant
fluctuations; while the proposed model maintains a smoother
upward trend in most frequency intervals, indicating more sta-
ble business adaptability in high-frequency power marketing
questions.

Figure 12: Confidence calibration and response frequency
accuracy in the power marketing service scenario.

Figure 13 compares the average service completion time
of traditional manual services, self-service terminals, exist-
ing smart service halls, different versions of digital human
services, different metaverse service hall modules, and the

proposed "digital twin and digital human" system under dif-
ferent task complexities. Across the levels labeled 1–9, the
plotted mean completion times decline rather than increase.
This counterintuitive trend requires clarification of how task
complexity was defined and ordered; the plotted data alone
do not establish that greater complexity reduces service time.
The apparent trend should therefore be interpreted cautiously
until the scale and task mix are verified. In contrast, tradi-
tional manual services and self-service terminals consumed
the most time at each complexity level, indicating that they
still rely on manual explanation, customer self-search, and
offline process switching. While existing smart service halls
and basic digital human services have improved somewhat,
process fragmentation still exists in multi-step business pro-
cesses, cross-system queries, and personalized services. The
Proposed System (Digital Twin + Digital Human) proposed
in this paper maintains the lowest completion time across all
complexity levels, demonstrating that the digital twin space
can pre-organize business processes, service paths, and data
presentations, while the digital human can transform customer
input into continuous service actions such as navigation,
Q&A, querying, recommendation, and confirmation. This
significantly reduces the time customers spend completing
tasks such as electricity bill inquiries, business consultations,
energy consumption analysis, CPS energy presentations, State
Grid Online application guidance, and carbon footprint ser-
vices.

Figure 13: Average completion time of power marketing tasks

Figure 14 illustrates the difference between measured en-
ergy consumption data and digital twin energy consumption
simulation results. The left side shows the chiller power con-
sumption data collected from the actual system, while the right
side shows the chiller power consumption curve generated
by the energy consumption simulation model. It can be seen
that the measured data exhibits significant random fluctuations
and local anomalies, and its trend does not completely follow
changes in BTU load and flow. In contrast, the simulation
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data is more significantly affected by the preset load curve,
seasonal variations, and control strategies, showing a stronger
overall regularity. This result indicates that in the metaverse
smart service hall system presented in this paper, relying
solely on simulation models to generate energy consumption
data may overestimate the regularity of system operation and
ignore the complex fluctuations caused by actual business hall
equipment operation, user behavior, environmental changes,
and data acquisition noise. Therefore, the data fusion layer in
this paper must simultaneously access actual power consump-
tion data, CPS energy management data, smart home sub-
metering data, and simulation prediction data, and improve
the realism of the digital twin model through error correction,
confidence assessment, and dynamic update mechanisms.

Figure 14: Measured energy consumption data and digital
twin energy consumption

Figure 15 illustrates the typical application effects of the
metaverse smart service hall system presented in this paper,
which can be divided into five scenarios: First, the Metaverse
demonstration scenario of the State Grid Smart Business Hall,
which centrally presents experimental indicators such as user
satisfaction, intent recognition accuracy, average response
time, task completion rate, and user participation through a
large screen, digital panel, and service menu, demonstrating
the system's transformation from a "concept demonstration"
to an "evaluable service platform"; Second, the scenario
comparing physical and virtual spaces, which demonstrates
the system's ability to map from physical to virtual spaces
and supports the visualization of environmental information,
personnel activities, and service area status by juxtaposing
real business hall/office spaces with digital twin scenarios;
Third, the scenario of mobile electricity bill inquiry and digital
human service, which demonstrates that digital humans can
serve as the front-end interactive entry point for customers
to handle electricity matters, make payment inquiries, and
understand electricity usage; Fourth, the scenario of collab-
oration between power business personnel and intelligent
robots, which demonstrates the system's expanded capabilities
in human-machine collaboration, business explanation, back-
end scheduling, and energy data analysis; Fifth, the scenario
of multi-user Metaverse collaboration, which shows that the
metaverse service hall can not only serve individual customers

but also support scenarios such as remote visits, multi-person
collaborative explanations, business training, and manage-
ment meetings. Combining the functions proposed in the
original solution of this paper, such as digital human nav-
igation, customer consultation, marketing business display,
RPA process robot, Energy Consumption Management 2.0,
CPS energy management, State Grid online APP, regional
energy consumption analysis and smart home carbon footprint
display, this set of case diagrams illustrates that the solution
proposed in this paper can unify physical business halls,
digital humans, business data, energy analysis and low-carbon
services into a visual, interactive and assessable metaverse
digital twin platform.

Figure 15: Application case and system effect demonstration
of the metaverse smart business hall

V. Conclusion
This study responds to the digital transformation requirements
of power marketing service halls by presenting a human-
centered metaverse digital twin framework. This framework
unifies the physical service hall, digital twin space, digital
human interaction, multi-source marketing data fusion, and
carbon footprint visualization into a single smart service
system. By constructing physical space mapping, business
data fusion, digital human service script generation, metaverse
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scene modeling, and a low-carbon energy service module,
this paper achieves closed-loop collaboration from customer
demand input, business understanding, scene interaction, to
service feedback optimization. Experimental results show that
the proposed framework can effectively shorten the com-
pletion time of power marketing tasks, improve the accu-
racy and confidence calibration capabilities of digital human
question answering, enhance user immersion, participation,
and service trust, and improve the display of multi-source
business data and the interpretation capabilities of smart home
carbon footprints. Compared with traditional manual services,
self-service terminals, and existing smart service halls, the
proposed method demonstrates stronger advantages in service
efficiency, interactive experience, and energy service scalabil-
ity. Future research will further optimize cross-system busi-
ness closed-loop execution, low-frequency complex question
answering, real-time data synchronization calibration, person-
alized energy recommendation, and large-scale multi-service
hall deployment capabilities to enhance the framework's gen-
eralization and application value in practical power marketing
scenarios.
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