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ABSTRACT Smart-grid operational analytics rely on heterogeneous data, analytical services, and
distributed computing resources, but existing discovery and unified-access mechanisms do not ensure
executable orchestration under operational constraints. This paper proposes BS-DCSO, a business-
semantic-aware method for jointly selecting data services, computing services, and resource nodes in a
smart-grid data-fabric environment. BS-DCSO integrates type- and permission-aware filtering, QoS-based
top-k pruning, business-context scoring, complete-plan evaluation, feasibility-first lexicographic selection,
and failure-triggered re-orchestration. Experiments on a synthetic benchmark covering five representative
smart-grid scenarios and ten random seeds show a provisioning success rate of 0.4897 ± 0.1139, a
feasible-instance success rate of 0.8320 ± 0.0562, and a constraint violation rate of 0.0809 ± 0.0213.
Compared with ResourceFirstScheduling, BS-DCSO improves paired provisioning success by 0.1423
± 0.0552, while outperforming five controlled baselines across the three main metrics. Re-orchestration
recovers feasible replacements in 0.8282 ± 0.0398 of eligible single-service failures. Under the sequential
fixed-catalogue timing protocol, the method requires 151.39–175.58 ms per request for 100–1000 requests,
indicating a practical feasibility–computation trade-off under the tested synthetic setting rather than high-
concurrency scalability.

INDEX TERMS smart grid, data fabric, service orchestration, operational analytics, business semantics,
service composition, failure recovery.

I. INTRODUCTION

THE digitalization of modern power systems has created
a large and heterogeneous operational-data environ-

ment spanning supervisory control and data acquisition
systems, phasor measurement units, substation monitoring
systems, assetmanagement platforms, alarm and mainte-
nance records, meteorological services, and market-related
information systems [1]–[3]. These data support smart-grid
applications such as situational awareness, load forecasting,
renewable-energy monitoring, fault analysis, equipment di-
agnosis, and operational decision support. In practical utility
environments, however, the information required by one
analytical task is often distributed across multiple platforms
and exposed through heterogeneous data interfaces, service
APIs, and computational tools [4], [5]. Data catalogues,
metadata-management systems, data spaces, and virtualiza-
tion technologies improve the discovery, interpretation, and
unified access of heterogeneous energy data [6]–[8]. These
mechanisms are essential for identifying relevant data assets,
but an operational analytics request generally requires more

than data retrieval. A complete execution chain may require
several data products, preprocessing or analytical services,
and an appropriate edge or cloud resource node while
simultaneously satisfying latency, data-quality, reliability,
cost, authorization, and capacity constraints. Consequently,
discovering suitable data does not by itself determine an
executable provisioning plan.

This distinction exposes a cross-layer orchestration gap.
Workflow scheduling and service-placement methods com-
monly optimize task-to-resource mapping when task struc-
tures or candidate services are already specified [9]–
[11]. Semantic middleware and knowledge-graph-based ap-
proaches improve the interpretation and retrieval of het-
erogeneous grid information but do not necessarily deter-
mine a constraint-feasible composition and deployment of
functional services [12]–[14]. Service-composition research
addresses functional and QoS-aware service selection, but
it is typically separated from smart-grid business-context
interpretation and deployment-resource selection [15]. For
a smart-grid data fabric, these decisions are coupled: the
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business request determines the required data and analytical
functions, candidate services determine achievable quality,
reliability, latency, and cost, and the selected resource node
determines whether the resulting composition can be exe-
cuted under capacity and load constraints.

To address this problem, this paper proposes BS-DCSO,
a Business-Semantic-Aware Data and Computing Service
Orchestration method for smart-grid data fabrics. BS-
DCSO first constructs exact-type candidate pools sub-
ject to permission availability, applies QoS-oriented top-
k pruning, and then jointly evaluates retained data-service
and computing-service combinations on all available re-
source nodes. A lightweight TF–IDF representation provides
business-context relevance during complete-plan evaluation,
while a feasibility-first lexicographic rule ensures that a
constraint-feasible plan is preferred to an infeasible al-
ternative regardless of its soft utility. In this paper, the
term “business-semantic-aware” denotes lightweight lexical
business-context differentiation rather than ontology-level
semantic reasoning. When a selected functional service
becomes unavailable, the failed service is excluded and the
same procedure is executed on the reduced catalogue to
search for a replacement plan.

The present study targets the ICT and data-provisioning
layer that supports smart-grid operational analytics and
decision-support applications. It does not claim timing guar-
antees for protective relaying, safety-critical control, or other
hard real-time closed-loop functions. Within this scope, the
main contributions are as follows:
• A joint smart-grid provisioning formulation couples busi-

ness context and functional requirements with data qual-
ity, reliability, latency, cost, permission, and heteroge-
neous resource-capacity constraints, so that data-service
selection, computing-service selection, and deployment-
node selection are evaluated at complete-plan level.

• A bounded feasibility-oriented orchestration method
combines per-type QoS pruning with Cartesian
complete-plan construction, exhaustive resource-node
evaluation within the retained service space, and
feasibility-first lexicographic selection. This design ex-
plicitly separates hard executability from soft multiat-
tribute preference.

• A failure-triggered re-orchestration procedure removes
an unavailable functional service and reconstructs the
plan from the remaining catalogue, providing a mech-
anism for service-level recovery without changing the
original request specification.

• A paired multi-seed evaluation protocol combines an
exact complete-catalogue feasibility reference with con-
trolled baselines, ablation analysis, single-service failure
experiments, and request-volume timing. The feasibility
reference distinguishes requests that are intrinsically in-
feasible in the generated catalogue from feasible requests
missed because of bounded top-k search.

II. RELATED WORK

A. SMART GRID DATA MANAGEMENT AND DATA
FABRIC
Smart grid data management has received increasing atten-
tion because modern grid applications increasingly depend
on large-scale analytics and real-time sensor data for elec-
tricity generation, distribution, consumption, monitoring,
protection, and control [16], [17]. Traditional approaches
based on centralized databases, data warehouses, and man-
ually maintained data catalogs can support basic data stor-
age and retrieval. However, centralized or schema-bound
datamanagement arrangements may be less adaptable to
dynamically changing requirements, while interoperability
problems persist across heterogeneous smart sensors and
information systems from different grid and energy domains
[17], [18]. Recent studies have therefore explored meta-
data enrichment, ontology alignment, knowledge graphs,
semantic descriptions, and natural-language or semantic
query interfaces to improve data integration, consistent
interpretation, organization, and discovery [12]. Data fabric
has emerged as a modern data-management architecture
that connects distributed data assets with metadata, gov-
ernance mechanisms, data services, analytical capabilities,
and automated access processes [18]. In a smart grid,
such an architecture could serve as a unified data-supply
layer for situational awareness, fault diagnosis, predictive
maintenance, demand response, and operational analytics
by making heterogeneous data consistently accessible to
artificialintelligence and digital-twin applications [16], [19],
[20].

However, the current data-fabric literature mainly empha-
sizes data integration, metadata-driven management, gov-
ernance, accessibility, and workflow streamlining, whereas
recent smartenergy semantic systems primarily emphasize
ontology unification, data-to-ontology mapping, knowledge-
graph construction, and semantic querying [12], [18], [21],
[22]. The end-to-end transformation of grid business re-
quirements into executable compositions of data services
and computing services–subject to functional requirements
and quality-of-service constraints–has not yet been suffi-
ciently demonstrated in smart-grid-specific data-fabric re-
search. The broader servicecomposition literature treats such
executable workflow construction and constrained service
selection as a separate optimization problem [15].

B. HETEROGENEOUS DATA ACCESS AND RETRIEVAL
Heterogeneous data access methods seek to expose au-
tonomous, distributed, and heterogeneous sources through
unified schemas and query interfaces. Recent surveys show
that data federation systems can provide common access
to relational databases, NoSQL stores, structured files, data
warehouses, web services, and unstructured files, while
data virtualization enables in-situ access through a common
semantic layer without first moving all data into central-
ized storage [23]. Semantic data integration and seman-
tic data management further employ mappings, metadata,
ontologies, and knowledge graphs to improve integrated
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querying, interoperability, and knowledge discovery across
otherwise isolated sources [24], [25]. In smart-grid settings,
big-data frameworks integrate operational data to support
energy management and analytical applications [16], [26].
Knowledgegraph-based fault-handling systems can addi-
tionally transform unstructured dispatch procedures, fault-
disposal plans, operating rules, and equipment informa-
tion into structured knowledge networks that support fault-
information analysis, diagnosis, and operational decision-
making [27].

However, data-access and retrieval layers primarily an-
swer queries or return retrieved records and supporting
evidence; they do not necessarily produce a deployable
business workflow. Data federation systems may provide
sourcelevel security functions such as authentication, autho-
rization, auditing, encryption, and data masking, but their
core task remains unified query answering rather than se-
lecting and arranging the functional computing services re-
quired by a business task [23]. Service-composition research
treats the selection and configuration of candidate services
under functional requirements, quality-of-service attributes,
cost, user preferences, and uncertainty as a separate problem
[15]. Service-placement research further considers where
service components should execute under resource-capacity,
latency, availability, energy-consumption, and related opera-
tional constraints [9]. These distinctions motivate integrating
heterogeneous data retrieval with business-semantic service
composition, composition-level access-control validation,
and resource-aware intelligent data provisioning rather than
assuming that retrieval mechanisms alone can guarantee
end-to-end executability and constraint satisfaction [9], [15],
[23].

C. WORKFLOW SCHEDULING AND SERVICE
ORCHESTRATION
Workflow scheduling and service composition have been
extensively investigated in cloud, fog, service-computing,
and distributed environments [28]. Recent systematic re-
views show that workflow scheduling assigns interdepen-
dent tasks to heterogeneous computing resources and com-
monly optimizes makespan, latency, monetary cost, re-
source efficiency, reliability, scalability, and security [11].
Service-composition research addresses a related but distinct
problem: selecting a configuration of functionally suitable
candidate services while considering quality-of-service at-
tributes, cost, user preferences, and environmental uncer-
tainty [15]. The FAIR principles have also been applied
to computational workflows to improve their findability,
accessibility, interoperability, and reusability [29]. Impor-
tantly, many scheduling formulations take a predefined
workflow or directed acyclic graph as their input and
optimize task-to-resource mapping rather than deriving the
workflow structure itself [11], [30]. In smart-grid applica-
tions, knowledge-graph research shows that heterogeneous
operational records, equipment relationships, domain rules,
and expert knowledge can support cross-business informa-

tion retrieval, fault diagnosis, fault disposal, and operational
decision assistance [14]. This evidence suggests–but does
not yet establish as a generally validated solution–that can-
didate data and computing services may need to be derived
upstream from business semantics, data requirements, and
operational constraints before conventional scheduling is
applied [15], [30], [14].

Compared with predefined-workflow scheduling, busi-
nessoriented smart-grid data provisioning raises additional
jointselection requirements [31]. First, domain semantics
and relationships among equipment, faults, operational
records, and business rules are relevant to identifying the
data and functions required by a task [14]. Second, data
quality and timeliness must be evaluated because sensor
failures, uncertain operating environments, missing or erro-
neous values, and outdated knowledge can degrade decision
support and downstream analytics [14], [32]. Third, smart-
grid data platforms combine heterogeneous data processing
with analytical functions such as energy management, ma-
chine learning, anomaly or fault analysis, and operational
decision support; therefore, data sources and computing
services should be considered jointly rather than inde-
pendently [16], [14]. Fourth, an executable orchestration
plan must satisfy resource and quality-of-service feasibility
as well as security, privacy, and deployment constraints.
Recent workflow studies explicitly consider latency, cost,
reliability, resource heterogeneity, deadlines, and restrictions
on where sensitive tasks or data may execute [11], [30], [33].
Taken together, these findings motivate the development
of a business-semantic-aware joint orchestration algorithm,
although direct evidence for an endto-end smart-grid method
that simultaneously infers service chains and guarantees
data-quality, resource, and permission feasibility remains
limited [15], [16], [30]–[33].

D. MULTI-OBJECTIVE OPTIMIZATION FOR SERVICE
PROVISIONING
Multi-objective optimization is widely used in quality-
ofservice-aware service composition, service placement, and
resource scheduling. Common objectives include minimiz-
ing response latency, execution time, energy consumption,
and monetary cost while maximizing reliability, availabil-
ity, resource utilization, and overall quality of service [9],
[15]. Weighted aggregation and Pareto-based search provide
different mechanisms for balancing conflicting objectives,
whereas evolutionary, heuristic, and metaheuristic algo-
rithms are frequently used to explore large and compu-
tationally difficult service-selection and placement spaces
[9], [34]. However, service provisioning in a smart-grid
data-fabric environment cannot be reduced to numerical
objective optimization alone. Power-domain knowledge-
graph research indicates that operational records, equip-
ment entities, fault relationships, business rules, and ex-
pert knowledge must be semantically organized to support
interpretable retrieval, reasoning, and operational decision-
making [14]. These findings suggest that smart-grid ser-
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vice provisioning should combine multi-objective optimiza-
tion with business-semantic matching and the joint rep-
resentation of data services, computing services, and de-
ployable resources [9], [15], [14]. BS-DCSO is therefore
positioned as a bounded, feasibility-oriented orchestration
method rather than as a global multi-objective optimizer.
It combines exact functional matching, permission-aware
candidate construction, QoS-based top-k pruning, business-
context-aware completeplan scoring, exhaustive resource
evaluation within the retained service space, and feasibility-
first selection. The top-k restriction intentionally trades
catalogue-level completeness for a bounded per-request
search space, while the exact catalogue reference used in the
experiments quantifies the resulting loss of feasible-instance
coverage. The contribution is consequently evaluated in
terms of end-to-end provisioning feasibility, constraint satis-
faction, plan utility, failure recovery, and orchestration cost
rather than global optimality. Comparisons with stronger
published service-composition optimizers, global-optimality
gaps on tractable instances, operator-facing interpretability,
and high-concurrency distributed execution remain outside
the present experimental scope [9], [34], [35].

III. PROBLEM FORMULATION
This section formulates the joint orchestration of data ser-
vices, computing services, and resource nodes for smart-grid
operational analytics. Given a business request, the objective
is to construct a complete provisioning plan that covers
all required functional types while satisfying data-quality,
latency, reliability, cost, permission, and resource-capacity
constraints. Among candidate plans with different degrees
of feasibility, the formulation further defines a feasibility-
first preference rule for selecting the final plan.

A. REQUEST, SERVICE, AND PLAN MODELS
Let Q denote the set of business requests. Each request
q ∈ Q is represented as

q = {s, o, r,Dq, Cq, Lq, Qq, Rq,Kq, Pq}. (1)

where s denotes the business scenario, o the grid object, and
r the geographical or operational region. Dq is the set of
required data types and Cq is the set of required computing-
service types. The operational constraints are represented by
the maximum admissible latency Lq , minimum data-quality
threshold Qq , minimum reliability threshold Rq , maximum
cost Kq , and requester permission level Pq .

Let D denote the data-service catalogue. Each data ser-
vice d ∈ D is described by

d = { type(d), region(d), quality(d),
reliability(d), latency(d), cost(d),

permission(d)}.
(2)

Here, type(d) identifies the functional data type supplied
by the service, while the remaining attributes describe its
regional association, data quality, reliability, access latency,
cost, and required permission level.

Let C denote the computing-service catalogue. Each com-
puting service c ∈ C is represented by

c = { type(c), scenarios(c), accuracy(c),
reliability(c), latency(c), cost(c),

cpu(c),mem(c), gpu(c),

permission(c)}.

(3)

The set scenarios(c) specifies the business scenarios sup-
ported by service c, while cpu(c), mem(c), and gpu(c)
represent its resource requirements.

Let R denote the set of available resource nodes. Each
node u ∈ R is characterized by

u = { capacitycpu(u), capacitymem(u), capacitygpu(u),

reliability(u), ℓ(u), region(u), ϕ(u)}.
(4)

where ℓ(u) is the current load ratio and ϕ(u) is the node-
specific cost factor.

For request q, a complete orchestration plan is represented
as

P = {DP , CP , uP }, (5)

where DP ⊆ D is the selected set of data services, CP ⊆ C
is the selected set of computing services, and uP ∈ R is
the resource node on which the selected computing services
are provisioned. For notational simplicity, u is used below
to denote the selected node uP when the plan P is clear
from context.

A complete plan must provide all data and computing
functions required by the request:

Dq ⊆ {type(d) | d ∈ DP }, (6)

Cq ⊆ {type(c) | c ∈ CP }. (7)

The implemented orchestration procedure selects one ser-
vice for each required functional type. Therefore, when
complete functional coverage is achieved, |DP | = |Dq| and
|CP | = |Cq|.

B. PLAN-LEVEL QUALITY, LATENCY, RELIABILITY, AND
COST
Let mD = |Dq|, mC = |Cq|, and define the clipping
operator [z]10 = min{1,max{0, z}}. The mean data quality
of a complete plan is defined as

DQ(P ) =
1

mD

∑
d∈DP

quality(d), (8)

and the mean computing accuracy is

CA(P ) =
1

mC

∑
c∈CP

accuracy(c). (9)

A soft quality score combines these two attributes:

Q(P ) = 0.65DQ(P ) + 0.35CA(P ). (10)

The distinction between DQ(P ) and Q(P ) is important.
Q(P ) contributes to soft complete-plan utility, whereas the
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hard data-quality constraint is imposed only on DQ(P ).
Computing accuracy therefore influences plan preference
but is not itself used as a hard feasibility threshold.

For a plan deployed on resource node u with load ratio
ℓ(u), the implemented latency estimate is

latency(P ) =
∑

d∈DP

latency(d)

+ (1 + ℓ(u))
∑
c∈CP

latency(c).
(11)

The first term represents the cumulative data-service latency.
The second term represents computing-service latency ad-
justed by the current resource-node load. This quantity is
used as the orchestration-level latency estimate throughout
the evaluation.

The plan-level reliability score is defined as the geometric
mean of the reliability values of all selected functional
services and the selected resource node. For notational
simplicity, let R(x) denote the reliability of service or
resource node x. Accordingly, the plan-level reliability is
given by

Rel(P ) =

( ∏
d∈DP

R(d)
∏

c∈CP

R(c)R(u)

) 1
mD+mC+1

. (12)

This aggregation is used consistently for both complete-plan
scoring and reliability-feasibility evaluation.

The estimated plan cost is

cost(P ) = ϕ(u)

( ∑
d∈DP

cost(d) +
∑
c∈CP

cost(c)

)
, (13)

where ϕ(u) adjusts the aggregate functional-service cost
according to the selected resource node.

To express latency and cost as utility components with
larger values indicating better satisfaction, they are normal-
ized as

T (P ) =

[
1− latency(P )

Lq

]1
0

, (14)

CostSat(P ) =

[
1− cost(P )

Kq

]1
0

. (15)

Both terms are bounded within [0, 1]. They are used only as
soft utility components; the original latency and cost quan-
tities are separately checked against their hard thresholds.

C. RESOURCE FITNESS AND CAPACITY FEASIBILITY
For each resource dimension z ∈ {cpu,mem, gpu}, the
currently available capacity of node u is defined as

availz(u) = capacityz(u)(1− ℓ(u)). (16)

The aggregate resource demand of the selected computing
services is

reqz(CP ) =
∑
c∈CP

reqz(c). (17)

The corresponding soft resource-fit component is

Fitz(CP , u) = min

{
1,

availz(u)

max{reqz(CP ), 10−9}

}
. (18)

When none of the selected computing services requires a
GPU, Fitgpu(CP , u) is explicitly set to one. The aggregate
resource-fitness score is

F (P ) = 0.45Fitcpu(CP , u) + 0.35Fitmem(CP , u)

+ 0.20Fitgpu(CP , u).
(19)

Resource fitness measures how well the selected node ac-
commodates the computing-service demand and contributes
to soft plan utility. The CPU, memory, and GPU coefficients
are fixed soft-preference weights rather than learned or op-
timized parameters. They do not replace resource-capacity
feasibility. A plan satisfies the hard capacity constraint only
if

reqz(CP ) ≤ availz(u), z ∈ {cpu,mem, gpu}. (20)

Thus, a resource node with a favorable fitness score may
still be rejected if any required resource dimension exceeds
its available capacity.

D. CONTEXTUAL RELEVANCE AND COMPLETE-PLAN
UTILITY
BS-DCSO uses lightweight textual business-context similar-
ity to differentiate functionally compatible service compo-
sitions. Let Sem(q, x) denote the TF–IDF cosine similarity
between request q and functional service x. The contextual
relevance of a complete plan is defined as the mean simi-
larity over all selected data and computing services:

S(P ) =

∑
d∈DP

Sem(q, d) +
∑

c∈CP
Sem(q, c)

mD +mC
. (21)

The quantity S(P ) represents textual business-context con-
sistency rather than ontology-level semantic equivalence.
Functional compatibility is determined separately through
exact service-type matching.

The complete-plan utility implemented by BS-DCSO is

U(P ) = 0.28S(P ) + 0.18Q(P ) + 0.16T (P )

+ 0.16Rel(P ) + 0.12F (P )

+ 0.10CostSat(P ).

(22)

The six weights sum to one and remain fixed throughout all
experiments. They are implementation-level soft-preference
weights rather than learned parameters and are not pre-
sented as universally optimal. Utility is used to distinguish
candidate plans after considering feasibility; consequently,
these weights do not relax any hard constraint and cannot
permit a high-scoring infeasible plan to dominate a feasible
alternative.
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E. CANDIDATE SPACE AND FEASIBILITY
To bound the service-composition search, BS-DCSO retains
at most kd = 2 candidates for each required data type and
at most kc = 3 candidates for each required computing-
service type. These values are fixed search-budget settings
used throughout the study to keep complete-plan enumer-
ation bounded; they are not claimed to be optimal for all
catalogues or workloads.

Let KD
t denote the retained data-service list for re-

quired data type t ∈ Dq , and let KC
g denote the retained

computing-service list for required computing type g ∈ Cq .
The candidate-plan space can then be expressed as

PA(q) = {(DP , CP , u) |DP ∈
∏
t∈Dq

KD
t ,

CP ∈
∏
g∈Cq

KC
g , u ∈ R}.

(23)

For a request containing mD required data types, mC

required computing types, and NR = |R| resource nodes,
the size of the implemented candidate-plan space therefore
satisfies

|PA(q)| ≤ 2mD3mCNR. (24)

The search is bounded solely through the per-type candi-
date limits kd and kc. No additional service-combination
budget, resource top-k restriction, or independent resource-
fitness threshold is applied. Consequently, every retained
functional-service combination is evaluated on every avail-
able resource node.

A candidate plan is feasible only if it provides complete
functional coverage and satisfies all hard operational con-
straints. The feasible set is therefore

FA(q) = {P | P ∈ PA(q),

Dq ⊆ T (DP ), Cq ⊆ T (CP ),

DQ(P ) ≥ Qq, latency(P ) ≤ Lq,

Rel(P ) ≥ Rq, cost(P ) ≤ Kq,

permission(x) ≤ Pq, ∀x ∈ DP ∪ CP ,

reqz(CP ) ≤ availz(uP ),

∀z ∈ {cpu,mem, gpu}}.
(25)

Permission levels are ordered from less restrictive to more
restrictive. Hence, permission(x) ≤ Pq indicates that the
requester has sufficient clearance to access functional ser-
vice x. Permission is treated as a hard constraint and is not
compensated for by other utility components.

The feasible set FA(q) is defined with respect to the
retained top-k candidate space rather than the complete ser-
vice catalogue. Therefore, FA(q) = ∅ does not necessarily
imply that the original request is catalogue-infeasible; a
feasible composition may have been excluded during top-k
pruning. This distinction motivates the complete-catalogue
feasibility reference used in the experimental evaluation.

F. FEASIBILITY-FIRST PLAN SELECTION
BS-DCSO uses a lexicographic preference rule so that hard-
constraint feasibility takes precedence over soft utility. Let
Vall(P ) denote the number of violated constraint categories
among data-type coverage, computing-type coverage, data
quality, latency, reliability, cost, permission, and resource
capacity. A resource-capacity violation is recorded when at
least one of the CPU, memory, or GPU capacity constraints
is not satisfied.

Let Vcrit(P ) count the subset of violations associated with
data-type coverage, computing-type coverage, permission,
and resource capacity. These constraints are treated as crit-
ical because they determine whether the required functions
can be accessed and physically provisioned.

The selected plan is

P ∗ = argmax
P∈PA(q)

(
I[Vall(P ) = 0],−Vcrit(P ),

− Vall(P ), U(P )
)
.

(26)

where the tuple is compared lexicographically from left
to right. The first component distinguishes feasible from
infeasible plans. The second and third components minimize
critical and total violations, respectively, and the final com-
ponent maximizes complete-plan utility among otherwise
equivalent candidates.

Consequently, every feasible candidate plan dominates
every infeasible candidate regardless of utility. If multiple
feasible plans exist, the plan with the highest utility is
selected. If no feasible plan exists in the retained candidate
space, BS-DCSO first selects a fallback with the fewest
critical violations, then the fewest total violations, and
finally the highest utility. If a required functional type has
no available catalogue service and the candidate-plan space
cannot be constructed, the implementation returns an empty
fallback plan so that the missing functional coverage is
represented explicitly by the violation indicators.

IV. PROPOSED BS-DCSO ALGORITHM
BS-DCSO transforms a structured smart-grid business re-
quest into a complete provisioning plan consisting of data
services, computing services, and a deployment resource
node. As illustrated in Figure 1, the procedure contains five
main stages: contextual similarity calculation, exact-type
and permission-aware candidate construction, QoS-oriented
top-k pruning, joint service-combination and resource-node
evaluation, and feasibility-first plan selection. Contextual
TF–IDF similarity is used only during complete-plan eval-
uation and does not determine the top-k candidate space.
When a selected functional service becomes unavailable, the
failed service is excluded from the catalogue and the same
orchestration procedure is executed again to search for a
replacement plan.
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FIGURE 1. Workflow of BS-DCSO. Exact functional matching, permission availability, and QoS attributes determine the retained top-k candidate space. Contextual
TF–IDF similarity contributes only to complete-plan scoring. Every retained service composition is evaluated on every resource node, and functional-service failure
triggers re-orchestration on the reduced catalogue.

A. BUSINESS-CONTEXT REPRESENTATION AND
SIMILARITY
Each business request is represented by both structured
attributes and a generated textual description. The structured
attributes include the business scenario, grid object, region,
required data and computing types, time window, maximum
latency, minimum data quality, minimum reliability, maxi-
mum cost, and permission level. The textual representation
provides a lightweight mechanism for distinguishing ser-
vices associated with different smart-grid business contexts
while the structured fields determine functional and opera-
tional feasibility.

The TF–IDF vectorizer is fitted once on the fixed data-
and computing-service catalogue. Subsequent requests are
treated as unseen queries and do not modify the fitted vo-
cabulary or inverse-document-frequency values. Lowercase
word unigrams and bigrams are used. Service text concate-
nates, where available, the service name, functional type,
region, tags, required data types, and supported scenarios.

For request q and service x, contextual similarity is
calculated as

Sem(q, x) = cos(vq, vx), (27)

where vq and vx are their TF–IDF vectors. This measure
captures lexical business-context consistency rather than
ontology-level semantic equivalence or logical reasoning.

For each request, similarity values are calculated for all
catalogue services and stored in request-specific similarity
maps. Importantly, these values are deliberately excluded
from top-k candidate pruning. The full BS-DCSO model
and the semantic-ablation variant therefore operate on the
same retained candidate space. Contextual similarity affects
the final decision only through the complete-plan relevance
score S(P ) and utility U(P ) defined in Section 3.

B. PERMISSION-AWARE DATA-SERVICE CANDIDATE
SELECTION
For each required data type t ∈ Dq , BS-DCSO first
constructs the exact-type candidate set AD

t = {d ∈ D :
type(d) = t}. The use of exact-type matching ensures
that contextual similarity cannot substitute for functional
compatibility. Permission filtering is then applied. Let GD

t =
{d ∈ AD

t : permission(d) ≤ Pq}. The ranking pool is
defined as

HD
t =

{
GD

t , GD
t ̸= ∅,

AD
t , GD

t = ∅.
(28)

Thus, permission-feasible candidates are used whenever
at least one exists. If no exact-type service satisfies the
requester permission level, the complete exact-type set
is retained so that the algorithm can return an explicit
permission-violating fallback rather than terminating with-
out a diagnostic plan. If AD

t = ∅, no service can provide the
required data type and an empty fallback plan is returned.

For any functional service x, latency and cost fitness are
defined as

LatFit(q, x) =

[
1− latency(x)

Lq

]1
0

, (29)

CostFit(q, x) =

[
1− cost(x)

Kq

]1
0

. (30)

Regional compatibility for data service d is

RegionFit(q, d) =

{
1, region(d) = region(q),

0.75, otherwise.
(31)

The implemented data-service ranking score is

Rankd(q, d) = 0.20 quality(d) + 0.16 reliability(d)

+ 0.14LatFit(q, d) + 0.10RegionFit(q, d)

+ 0.10CostFit(q, d).
(32)

The ranking score is used only to order services within
an exact-type candidate pool and is not interpreted as a
normalized complete-plan utility. Contextual similarity is
intentionally excluded from this stage. Consequently, the
coefficients in Rankd(q, d) are relative ranking weights and
are not required to sum to one. The highest-ranked kd = 2
services in HD

t are retained as KD
t .

C. PERMISSION-AWARE COMPUTING-SERVICE
CANDIDATE SELECTION
For each required computing-service type g ∈ Cq , the exact-
type candidate set is AC

g = {c ∈ C : type(c) = g}.
Permission handling follows the same rule as for data
services. Let GC

g = {c ∈ AC
g : permission(c) ≤ Pq}, and

define

HC
g =

{
GC

g , GC
g ̸= ∅,

AC
g , GC

g = ∅.
(33)

If AC
g = ∅, the required computing function cannot be

provided and an empty fallback plan is returned.
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Because computing services may be designed for different
operational applications, scenario compatibility is defined as

ScenarioFit(q, c) ={
1, scenario(q) ∈ supportedScenarios(c),

0.6, otherwise.
(34)

Computing-service candidates are ranked according to

Rankc(q, c) = 0.14 ScenarioFit(q, c)

+ 0.20 accuracy(c) + 0.14 reliability(c)

+ 0.12LatFit(q, c)

+ 0.12CostFit(q, c).
(35)

As with data-service ranking, Rankc(q, c) is a relative
candidate-ordering criterion rather than a normalized plan
utility. Contextual similarity does not participate in pruning
and is introduced only after complete service combinations
have been constructed. The highest-ranked kc = 3 candi-
dates in HC

g are retained as KC
g .

D. JOINT SERVICE COMPOSITION AND RESOURCE
EVALUATION
After candidate pruning, BS-DCSO constructs complete
functional-service combinations using the Cartesian prod-
ucts DP ∈

∏
t∈Dq

KD
t , CP ∈

∏
g∈Cq

KC
g . Each pair

(DP , CP ) contains one retained service for every required
data and computing type. Unlike the functional-service cat-
alogues, the resource-node set is not pruned. Every retained
service composition is therefore evaluated on every node
u ∈ R.

For each service composition, its contextual relevance is
calculated from the precomputed similarity maps:

S =

∑
d∈DP

Sem(q, d) +
∑

c∈CP
Sem(q, c)

|DP |+ |CP |
. (36)

For each resource node, the procedure then evaluates the
complete plan P = {DP , CP , u} using the quality, la-
tency, reliability, cost, resource-fitness, permission, capacity,
and utility definitions in Section 3. Resource evaluation
is exhaustive within the retained functional-service space:
no resource ranking, resource top-k truncation, or inde-
pendent resource-fitness threshold is applied. This design
separates two forms of search reduction. The potentially
large functional-service catalogue is bounded through the
per-type limits kd = 2 and kc = 3, whereas resource
placement remains exhaustive for every retained service
composition. Consequently, a candidate composition is not
rejected simply because it performs poorly on an initially
selected node; it can still be evaluated on alternative nodes
with different capacities, loads, reliability values, and cost
factors.

E. FEASIBILITY-FIRST PLAN SELECTION AND
FALLBACK HANDLING
Every evaluated plan is compared using the feasibility-first
lexicographic rule defined in Section 3. For convenience, let

Key(P ) = (I[Vall(P ) = 0],−Vcrit(P ),−Vall(P ), U(P )) .
(37)

For two candidate plans P1 and P2, BS-DCSO prefers P1

whenever Key(P1) >lex Key(P2). The first component
guarantees that any fully feasible plan is preferred to every
infeasible plan. When several feasible plans exist, their first
three key components are identical and the plan with the
highest complete-plan utility is selected.

If the retained candidate space contains no feasible plan,
the same key provides deterministic fallback handling. BS-
DCSO first minimizes critical violations involving func-
tional coverage, permission, and resource capacity, then
minimizes the total number of violated constraint categories,
and finally uses utility to distinguish otherwise equivalent
fallback plans. This fallback mechanism preserves informa-
tion about why a request cannot be fully provisioned instead
of reducing all unsuccessful requests to an undifferentiated
failure state.

F. FEEDBACK-DRIVEN RE-ORCHESTRATION
The initial plan may become invalid if a selected data or
computing service becomes unavailable during execution.
BS-DCSO addresses this event through service-exclusion-
based re-orchestration. Let xf denote the identifier of the
failed functional service. The reduced catalogues are D′ =
{d ∈ D : id(d) ̸= xf}, C′ = {c ∈ C : id(c) ̸= xf}. The
original business request and resource-node set remain un-
changed, and BS-DCSO is executed again using D′, C′, and
R. Because candidate construction, service composition,
and resource evaluation are repeated, the replacement plan
may use alternative functional services, a different resource
node, or both.

Re-orchestration succeeds when the reduced catalogue
contains a candidate that satisfies all original hard con-
straints. If no such candidate exists, the feasibility-first
rule returns the best available fallback according to the
same violation hierarchy used during initial orchestration.
The mechanism therefore handles the loss of an individual
functional-service instance without requiring a separately
defined recovery objective. The experimental protocol used
to generate and evaluate service failures is described sepa-
rately in Section 5.

V. EXPERIMENTAL EVALUATION
This section evaluates BS-DCSO in terms of complete-plan
feasibility, constraint satisfaction, plan utility, failure re-
covery, component contribution, and orchestration runtime.
Because no standardized benchmark currently exists for
the joint data-service, computing-service, and resource-node
orchestration problem considered in this study, a controlled
simulation benchmark is constructed to permit repeatable
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comparisons under identical request, service, resource, and
failure conditions [36], [37].

A. BENCHMARK DESIGN AND EXPERIMENTAL
PROTOCOL
The benchmark contains four interacting entity classes:
business requests, data services, computing services, and re-
source nodes. Five smart-grid operational scenarios are con-
sidered: situational awareness, load forecasting, renewable-
energy monitoring, fault analysis, and equipment diagnosis.
Each standard seed-specific benchmark instance contains
300 business requests, 300 data services, 30 computing
services, and 18 resource nodes. These catalogue sizes are
experimental settings rather than standardized smart-grid
benchmark dimensions.

Table I summarizes the principal algorithmic and experi-
mental settings.

The synthetic service-catalogue and resource-node gen-
eration rules are summarized in Table II. Normal draws
denoted by N (µ, σ) use the stated standard deviation. The
operator clip[0,1] truncates values to the interval [0, 1],
whereas max{a,X} imposes only a lower bound.

Table III reports the business-request generation rules.
The synthetic construction is intended to provide con-

trolled variation in service quality, resource capacity, per-
missions, latency, reliability, and cost across multiple smart-
grid operational contexts. It does not imply that the resulting
marginal distributions or catalogue dimensions reproduce
those of a specific deployed utility platform.

B. COMPLETE-CATALOGUE FEASIBILITY REFERENCE
Overall provisioning failure may arise for two fundamen-
tally different reasons: either no hard-constraint-feasible
plan exists in the generated catalogue, or a feasible plan
exists but is missed by the bounded orchestration procedure.
To distinguish these cases, an exact complete-catalogue
feasibility reference is evaluated for every request.

The reference selects one service for each required
data and computing type and one resource node from
the complete generated catalogues. Permission-infeasible
services are removed, Pareto pruning is applied on hard-
feasibility dimensions, and depth-first search is performed
using quality, latency, cost, and reliability bounds. Unlike
BS-DCSO, the reference does not apply the top-k candidate
restriction, does not use TF–IDF contextual relevance, and
does not optimize complete-plan utility. Its sole purpose is
to determine whether at least one plan satisfying all hard
constraints exists in the finite generated catalogue.

The reference should therefore be interpreted as a feasi-
bility certificate for the generated benchmark rather than as
an optimal orchestration algorithm. It does not establish that
the finite synthetic catalogue is complete or representative
of a deployed smart-grid data fabric.

C. RANDOM SEEDS, STATISTICAL ANALYSIS, AND
IMPLEMENTATION ENVIRONMENT
The main comparison, ablation experiment, and failure-
recovery experiment use the same ten random seeds
{41, 42, 43, 44, 45, 46, 47, 48, 49, 50}.

For a given seed, all evaluated methods and variants
receive identical service catalogues, resource nodes, busi-
ness requests, complete-catalogue feasibility labels, and
failure specifications. This common-random-number design
enables differences to be calculated within the same seed-
specific benchmark instance and reduces variation caused
by independently generated workloads.

For a metric with n valid seeds, results are reported as
the sample mean and two-sided 95% Student’s t confidence
interval:

x̄± t0.975,n−1
s√
n
, (38)

where s denotes the sample standard deviation. For the ten-
seed experiments, t0.975,9 = 2.262.

Metrics with fewer than three valid seeds are reported
as N/A. For method comparisons and ablation analyses,
differences are first calculated within each common seed
and then aggregated using the same confidence-interval
procedure.

D. IMPLEMENTATION ENVIRONMENT.
All experiments were executed on a single server running
Ubuntu 22.04.5 LTS with two Intel Xeon Silver 4310
CPUs at 2.10 GHz, providing 24 physical CPU cores and
48 logical threads, and 251 GiB of system memory. The
server also contained four NVIDIA GeForce RTX 4090
GPUs with approximately 24 GB of device memory per
GPU. The orchestration implementation does not use GPU
acceleration, and these GPUs were not involved in the
reported timing measurements.

The experimental software environment used Python
3.10.20, NumPy 2.2.6, pandas 2.3.3, SciPy 1.15.3, scikit-
learn 1.7.2, NetworkX 3.4.2, PyYAML 6.0.3, and Mat-
plotlib 3.10.9. All compared methods were executed in
the same software and hardware environment. Reported
runtime measures orchestration computation only and ex-
cludes benchmark generation, exact-catalogue feasibility
evaluation, metric aggregation, service deployment, network
data transfer, analytical-task execution, and state migration.
TF–IDF fitting is also excluded where specified by the
corresponding timing protocol.

E. COMPARED METHODS
The primary multi-seed experiment compares BS-DCSO
with five controlled baseline implementations:
• GreedySemanticMatching applies semantic-first local se-

lection, preferring services with strong request–service
TF–IDF similarity without complete-plan joint optimiza-
tion.

• QoSWeightedGreedy applies QoS-oriented greedy selec-
tion using service quality, reliability, latency, cost, con-
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TABLE I. BS-DCSO configuration and experimental protocol.

Setting Configuration and role

Data-service pruning Retain at most kd = 2 QoS-ranked candidates for each required data type.
Computing-service pruning Retain at most kc = 3 QoS-ranked candidates for each required computing type.
Plan enumeration Enumerate the Cartesian product of all retained per-type service lists and evaluate every one of the 18 resource nodes. No additional

service-combination budget, resource top-k, or resource-fitness threshold is used.
Complete-plan utility Weights (0.28, 0.18, 0.16, 0.16, 0.12, 0.10) for contextual relevance, quality, latency satisfaction, reliability, resource fitness, and cost

satisfaction, respectively.
Resource fitness Weights (0.45, 0.35, 0.20) for CPU, memory, and GPU fitness. Hard capacity feasibility is checked separately in all three resource

dimensions.
Contextual model Lowercase TF–IDF word unigrams and bigrams fitted once on the fixed service catalogue. Requests are treated as unseen queries.

TF–IDF similarity contributes to complete-plan utility but not to top-k candidate pruning.
Feasibility reference Exact complete-catalogue search over exact-type, permission-feasible services and all resource nodes. BS-DCSO top-k pruning is

not applied and utility is not optimized.
Multi-seed protocol Seeds 41–50 for the main comparison, ablation analysis, and failure-recovery experiment. Within each seed, all evaluated methods

use the same requests, service catalogues, resource nodes, oracle labels, and request-level failure specifications.
Failure injection One failed functional requirement is generated for every request. The requirement is sampled uniformly from the concatenation of

its required data and computing types and is shared across evaluated methods. Recovery is evaluated only when the initial plan is
feasible and the failed functional requirement is implemented by that plan.

Request-volume timing Request volumes of 100, 300, 500, and 1000 using benchmark seed 42, with one warm-up execution followed by five timed
repetitions. Timing covers orchestration computation only.

TABLE II. Synthetic service-catalogue and resource-node generation rules.

Entity Size Generation rule

Data services 300 Five regions × ten data types × three variants × two replicas. Base quality is clip[0,1] N (0.84, 0.08) with replica
noise N (0, 0.03); base reliability is clip[0,1] N (0.88, 0.07) with replica noise N (0, 0.04). Latency is
max{50,N (350, 120)} ms, with an additional 120 ms for alarm logs and maintenance work orders. Cost is
max{1,N (8, 3)}. Permission levels 1, 2, and 3 have probabilities 0.50, 0.333, and 0.167, respectively.

Computing services 30 Ten computing types × three variants. Latency is max{100,N (900, 300)} ms; accuracy is clip[0,1] N (0.86, 0.06);
reliability is clip[0,1] N (0.88, 0.07); and cost is max{2,N (15, 5)}. CPU demand is max{0.5,N (2.5, 0.8)},
memory demand is max{1,N (6, 2)} GB, and GPU demand is max{0, G + N (0, 0.15)}, where G is sampled from
{0, 0, 0, 1}. Permission levels 1, 2, and 3 have probabilities 0.40, 0.40, and 0.20, respectively.

Resource nodes 18 Five regional locations and one cloud location are used, with three resource nodes generated for each location. For a
regional node, CPU, memory, and GPU capacities are sampled from {4, 8, 16}, {8, 16, 32} GB, and {0, 0, 1},
respectively. For a cloud node, the corresponding capacities are sampled from {8, 16, 32, 64}, {32, 64, 128, 256} GB,
and {0, 1, 2, 4}.

TABLE III. Synthetic business-request generation rules.

Request field Generation rule

Business context Scenario, region, and grid object are sampled uniformly from five scenarios, five regions, and eight object types.
Functional requirements Scenario-specific data and computing requirements are fixed by the generator. With probability 0.25, one uniformly sampled

additional data type is appended if it is not already required.
Maximum latency max{2500,N (6200, 900)} ms.
Minimum data quality clip[0,1] N (0.78, 0.08).
Minimum reliability clip[0,1] N (0.78, 0.07).
Maximum cost max{20,N (70, 20)}.
Permission level Levels 1, 2, and 3 with probabilities 0.40, 0.40, and 0.20, respectively.
Time window Uniformly sampled from {1, 6, 12, 24, 48, 168} hours.

textual compatibility, permission, and resource-related
attributes without enumerating the BS-DCSO top-k
Cartesian plan space.

• ResourceFirstScheduling first prioritizes a resource
node and then incrementally constructs the required
functional-service composition subject to resource-
capacity constraints.

• ShortestLatency applies latency-oriented greedy selec-
tion without complete-plan balancing of quality, reliabil-
ity, cost, contextual relevance, permission, and resource
feasibility.

• FeasibleShortestLatency incorporates feasibility checks
before latency-oriented plan selection and therefore pro-
vides a stronger feasibility-aware latency reference than
ShortestLatency.

These baselines represent semantic-first, QoS-greedy,
resource-first, latency-first, and feasibility-aware latency
decision paradigms. They are controlled implementations
rather than exact reproductions of specific published algo-
rithms. All methods operate under the same requests, cat-
alogues, resource nodes, hard constraints, feasibility labels,
and random seeds. Consequently, the comparison evaluates
the effect of different orchestration strategies within the
controlled benchmark and should not be interpreted as
establishing superiority over the broader published service-
composition literature.

F. EVALUATION METRICS
The evaluation uses the following metrics:
Provisioning Success Rate (PSR) is the proportion of
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all requests for which the evaluated method generates a
complete plan satisfying every hard constraint:

PSR =
Nsuccessful

Nall
. (39)

Oracle Feasibility Rate (OFR) is the proportion of all re-
quests for which the complete-catalogue reference confirms
the existence of at least one hard-constraint-feasible plan:

OFR =
Ncatalogue−feasible

Nall
. (40)

Feasible-Instance Success Rate (FISR) is the proportion
of oracle-feasible requests for which the evaluated method
finds a feasible plan:

FISR =

∑
i I[successi = 1 ∧ oraclei = 1]∑

i I[oraclei = 1]
. (41)

FISR separates failures of the bounded orchestration proce-
dure from requests that are infeasible in the complete finite
catalogue.
Constraint Violation Rate is the number of violated ap-
plicable hard-constraint categories divided by the number
of applicable hard-constraint categories for each request,
averaged over all requests.
End-to-End Utility is the complete-plan utility U(P ) av-
eraged over all returned plans, including infeasible fallback
plans.
Feasible-Plan Utility (FPU) is the complete-plan utility
averaged only over successfully provisioned requests:

FPU =
1

Nsuccessful

∑
i:Pi feasible

U(Pi). (42)

Semantic Relevance is the mean TF–IDF contextual simi-
larity of the selected functional services. It measures lexical
business-context consistency and is not a feasibility crite-
rion.
Service Selection Quality is a diagnostic QoS-oriented
score calculated by the evaluation implementation from
normalized service-level quality attributes used by the cor-
responding selection procedure. It is reported as a local-
selection diagnostic and does not determine plan feasibility.
Average Runtime per Request is the wall-clock orchestra-
tion time divided by the number of processed requests. It
excludes deployment, data transfer, analytical-model execu-
tion, and state migration.
Recovery Success Rate is the proportion of eligible single-
service failure trials for which a hard-constraint-feasible
replacement plan is generated after re-orchestration.

G. MULTI-SEED COMPARISON WITH CONTROLLED
BASELINES
The oracle feasibility rate is a property of the gener-
ated benchmark rather than of an individual orchestra-
tion method. Across seeds 41–50, the common OFR is
0.5867± 0.1214.

Tables IV and V report the multi-seed comparison. Unless
otherwise noted, values are the mean ± two-sided 95%

Student’s t confidence interval over the ten common random
seeds.

BS-DCSO achieves the highest provisioning success rate,
0.4897 ± 0.1139, compared with 0.3473 ± 0.0715 for Re-
sourceFirstScheduling, 0.2757 ± 0.1055 for QoSWeighted-
Greedy, and 0.2710±0.0662 for FeasibleShortestLatency. Its
FISR is also the highest at 0.8320± 0.0562, indicating that
the bounded top-k joint search recovers a large proportion
of requests for which the complete-catalogue reference
confirms feasibility.

BS-DCSO also yields the lowest aggregate constraint
violation rate, 0.0809 ± 0.0213, followed by Resource-
FirstScheduling at 0.1073 ± 0.0161. These results indicate
that its principal advantage lies in constructing complete
plans that jointly satisfy heterogeneous operational con-
straints rather than maximizing an individual local ranking
criterion.

The local diagnostic metrics expose this distinction.
GreedySemanticMatching achieves the highest TF–IDF se-
mantic relevance, 0.2871 ± 0.0018, whereas BS-DCSO
achieves 0.2697± 0.0019. QoSWeightedGreedy obtains the
highest service-selection quality, 0.9063±0.0027, compared
with 0.9001 ± 0.0021 for BS-DCSO. Higher local scores
therefore do not necessarily imply higher complete-plan
feasibility.

Feasible-plan utility also requires conditional interpreta-
tion because it is calculated only over successfully provi-
sioned requests. QoSWeightedGreedy and ShortestLatency
obtain mean FPU values of 0.6113 and 0.6202, respectively,
compared with 0.6016 for BS-DCSO. However, ShortestLa-
tency successfully provisions only approximately 3.1% of
all requests, and its FPU is defined for only six seeds. A high
conditional FPU for this small successful subset therefore
does not indicate stronger overall provisioning capability.

The improved feasibility is obtained at substantially
greater orchestration cost. BS-DCSO requires 168.19 ±
20.57 ms per request, whereas the greedy and latency-
oriented methods are markedly faster. The comparison there-
fore reveals an explicit feasibility–computation trade-off
introduced by Cartesian complete-plan evaluation over all
resource nodes.

H. COMPLETE-CATALOGUE FEASIBILITY ANALYSIS
Across seeds 41–50, the complete-catalogue reference iden-
tifies 0.5867 ± 0.1214 of generated requests as hard-
constraint feasible. Thus, approximately 58.7% of requests
admit at least one feasible plan in the complete finite
synthetic catalogue.

Conditional on this oracle-feasible set, BS-DCSO
achieves an FISR of 0.8320 ± 0.0562. Therefore, approx-
imately 83.2% of requests known to contain at least one
complete-catalogue feasible solution are successfully pro-
visioned by BS-DCSO. Because BS-DCSO evaluates all
resource nodes after service pruning, the remaining gap
primarily reflects feasible functional-service alternatives re-
moved by the per-type top-k restriction.
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TABLE IV. Multi-seed feasibility and utility comparison. PSR denotes provisioning success rate, FISR denotes feasible-instance success rate, and FPU denotes
feasible-plan utility.

Method PSR FISR Violation E2E Utility FPU

BS-DCSO 0.4897 ± 0.1139 0.8320 ± 0.0562 0.0809 ± 0.0213 0.5850 ± 0.0095 0.6016 ± 0.0101
FeasibleShortestLatency 0.2710 ± 0.0662 0.4618 ± 0.0580 0.1619 ± 0.0322 0.5741 ± 0.0103 0.5987 ± 0.0125

GreedySemanticMatching 0.0593 ± 0.0642 0.1006 ± 0.0957 0.2509 ± 0.0431 0.5064 ± 0.0256 0.5892 ± 0.0283†

QoSWeightedGreedy 0.2757 ± 0.1055 0.4447 ± 0.0996 0.1255 ± 0.0255 0.5702 ± 0.0070 0.6113 ± 0.0159
ResourceFirstScheduling 0.3473 ± 0.0715 0.6016 ± 0.0576 0.1073 ± 0.0161 0.5705 ± 0.0104 0.5785 ± 0.0110

ShortestLatency 0.0307 ± 0.0228 0.0612 ± 0.0489 0.2702 ± 0.0343 0.5709 ± 0.0169 0.6202 ± 0.0187‡

TABLE V. Contextual relevance, local service-selection quality, and computation time in the multi-seed comparison.

Method Semantic Relevance Selection Quality Runtime (ms/request)

BS-DCSO 0.2697 ± 0.0019 0.9001 ± 0.0021 168.19 ± 20.57
FeasibleShortestLatency 0.2502 ± 0.0015 0.8733 ± 0.0052 3.02 ± 0.50
GreedySemanticMatching 0.2871 ± 0.0018 0.8791 ± 0.0033 8.23 ± 0.02
QoSWeightedGreedy 0.2628 ± 0.0030 0.9063 ± 0.0027 22.02 ± 0.09
ResourceFirstScheduling 0.2435 ± 0.0040 0.8722 ± 0.0042 17.08 ± 1.81
ShortestLatency 0.2503 ± 0.0015 0.8752 ± 0.0061 1.31 ± 0.01

The oracle is used only as a feasibility certificate. It
neither optimizes complete-plan utility nor establishes that
the finite synthetic catalogue accurately represents the ser-
vice availability, workload correlations, or infrastructure
characteristics of a deployed smart-grid environment.

I. PAIRED SEED-LEVEL COMPARISON
Because all methods are evaluated on identical seed-specific
benchmark instances, paired differences provide a more
direct comparison than independently summarized absolute
means. Table VI reports BS-DCSO minus baseline differ-
ences. For constraint violation, a negative value favors BS-
DCSO; for PSR, FISR, and end-to-end utility, a positive
value favors BS-DCSO.

For PSR, all five paired differences are positive and
their 95% confidence intervals exclude zero. The smallest
mean advantage occurs relative to ResourceFirstScheduling,
for which BS-DCSO improves PSR by 0.1423 ± 0.0552.
Relative to FeasibleShortestLatency, the corresponding im-
provement is 0.2187± 0.0579.

The same pattern is observed for FISR. The paired
improvements range from 0.2304 ± 0.0701 relative to Re-
sourceFirstScheduling to 0.7708± 0.0533 relative to Short-
estLatency, with every reported confidence interval exclud-
ing zero.

For aggregate constraint violation, every paired difference
is negative and every 95% confidence interval excludes
zero. Thus, under the common seed-specific benchmark
instances, BS-DCSO consistently returns plans with fewer
hard-constraint violations than the controlled alternatives.

End-to-end utility exhibits a more qualified result. BS-
DCSO has positive paired differences whose confidence
intervals exclude zero relative to FeasibleShortestLatency,
GreedySemanticMatching, QoSWeightedGreedy, and Re-
sourceFirstScheduling. Relative to ShortestLatency, how-
ever, the difference is 0.0141 ± 0.0147, whose confidence
interval includes zero. The experiment therefore does not
establish a consistent end-to-end utility improvement over

ShortestLatency, despite the substantially higher PSR and
FISR of BS-DCSO.

Local metrics further demonstrate that BS-DCSO
does not dominate every selection criterion. Relative to
GreedySemanticMatching, its paired semantic-relevance dif-
ference is −0.0174 ± 0.0017. Relative to QoSWeighted-
Greedy, its paired local service-selection quality difference
is −0.0061 ± 0.0015. These observations reinforce the
interpretation that BS-DCSO is primarily a complete-plan
feasibility method rather than a local semantic- or QoS-
ranking optimizer.

J. FAILURE-RECOVERY ANALYSIS
The recovery experiment evaluates the re-orchestration
mechanism described in Section 4. A failure specification is
generated for every request using a configured failure rate of
1.0. The failed functional requirement is sampled uniformly
from the concatenation of the request’s required data and
computing types. This sampling is uniform over functional
requirements and therefore does not force equal numbers of
data-service and computing-service failures.

For each evaluated method, the concrete service selected
to implement the sampled functional requirement is identi-
fied and removed from the corresponding catalogue before
re-orchestration. The same request-level failure specification
is shared across methods and ablation variants. A recovery
trial is considered eligible only when the original plan is
fully feasible and the sampled functional requirement is
implemented by that plan.

Under this protocol, the fault-injection eligible rate for
BS-DCSO is numerically equal to its initial provisioning
success rate, 0.4897 ± 0.1139. Among eligible trials, BS-
DCSO achieves a recovery success rate of 0.8282±0.0398,
a conditional recovery utility of 0.6015 ± 0.0097, and a
mean re-orchestration time of 138.61±29.99 ms. Table VII
summarizes these results.

These results show that the proposed mechanism can
frequently reconstruct a hard-constraint-feasible plan after
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TABLE VI. Paired differences between BS-DCSO and the controlled baselines. Values are mean ± two-sided 95% Student’s t confidence interval over ten paired
seeds. ∆ denotes BS-DCSO minus baseline.

Baseline ∆PSR ∆FISR ∆Violation ∆E2E Utility

FeasibleShortestLatency +0.2187 ± 0.0579 +0.3702 ± 0.0558 −0.0810 ± 0.0234 +0.0109 ± 0.0059
GreedySemanticMatching +0.4303 ± 0.1141 +0.7314 ± 0.1213 −0.1700 ± 0.0370 +0.0786 ± 0.0266
QoSWeightedGreedy +0.2140 ± 0.0565 +0.3872 ± 0.1000 −0.0445 ± 0.0122 +0.0148 ± 0.0045
ResourceFirstScheduling +0.1423 ± 0.0552 +0.2304 ± 0.0701 −0.0264 ± 0.0076 +0.0145 ± 0.0064
ShortestLatency +0.4590 ± 0.1146 +0.7708 ± 0.0533 −0.1893 ± 0.0385 +0.0141 ± 0.0147

TABLE VII. BS-DCSO single-service failure-recovery results over seeds
41–50. Values are mean ± two-sided 95% Student’s t confidence interval.

Metric Mean ± 95% CI

Fault-injection eligible rate 0.4897 ± 0.1139
Recovery success rate 0.8282 ± 0.0398
Recovery utility 0.6015 ± 0.0097
Re-orchestration time (ms/eligible trial) 138.61 ± 29.99

the loss of one selected functional-service instance when
suitable alternatives remain in the catalogue. The experi-
ment does not evaluate simultaneous multi-service failures,
resource-node failures, communication failures, regional
outages, or cascading events and therefore should not be
interpreted as a general resilience assessment of a deployed
smart-grid platform.

K. ABLATION STUDY
The ablation experiment uses the same seeds 41–50 and the
same seed-specific benchmark instances as the main com-
parison. Therefore, deterministic initial-provisioning metrics
of the full BS-DCSO configuration match the corresponding
main-experiment results. Runtime is obtained from separate
script executions and consequently differs slightly from the
timing values in Table V.

Four initial-provisioning variants are evaluated. Re-
orchestration is not treated as an initial-provisioning ablation
because it is inactive until a service failure occurs; its
contribution is evaluated exclusively in Section 5.9.
Without semantic matching removes TF–IDF contextual
relevance from complete-plan scoring while preserving the
same top-k candidate space.
Without reliability scoring removes reliability from soft
complete-plan scoring while preserving the hard minimum-
reliability constraint.
Without cost-aware scoring removes cost satisfaction
from soft complete-plan scoring while preserving the hard
maximum-cost constraint.
Without resource-aware node selection evaluates a fixed
catalogue resource node instead of all alternative nodes
while preserving CPU, memory, and GPU capacity con-
straints. This variant removes resource-node search rather
than resource feasibility.

Tables VIII and IX report absolute ablation results. Be-
cause all variants share the same seed-specific benchmark
instances, paired full-minus-ablation differences provide the
clearest measure of individual component effects. Tables X
and XI report these comparisons.

The strongest ablation effect is associated with resource-
aware node selection. Relative to the fixed-resource variant,
full BS-DCSO improves PSR by 0.4613±0.1291 and FISR
by 0.7772±0.1132, reduces constraint violation by 0.0983±
0.0221, and improves end-to-end utility by 0.0570±0.0214.
All four confidence intervals exclude zero. Because CPU,
memory, and GPU hard constraints remain active in the
fixed-resource variant, this result specifically demonstrates
the importance of searching alternative deployment nodes
rather than merely enforcing resource constraints.

This benefit is accompanied by a substantial computa-
tional cost. The fixed-resource variant requires 17.51±1.27
ms/request, compared with 164.36 ± 19.85 ms/request for
full BS-DCSO in the ablation runs. The difference is
consistent with the algorithmic design, because the full
configuration evaluates every retained service composition
on all available resource nodes.

Cost-aware scoring has a smaller but consistent effect.
Relative to the no-cost variant, full BS-DCSO improves PSR
by 0.0297± 0.0090, FISR by 0.0546± 0.0181, end-to-end
utility by 0.0056 ± 0.0023, and FPU by 0.0054 ± 0.0038,
while reducing constraint violation by 0.0049±0.0015. Each
corresponding confidence interval excludes zero.

Reliability scoring exhibits a different pattern. Its re-
moval does not yield a consistent change in PSR, FISR,
or aggregate constraint violation: the corresponding paired
differences are 0.0027 ± 0.0121, 0.0071 ± 0.0233, and
−0.0003±0.0021, whose confidence intervals include zero.
Nevertheless, the full configuration improves end-to-end
utility by 0.0020 ± 0.0012, FPU by 0.0024 ± 0.0014,
and local service-selection quality by 0.00499 ± 0.00098.
Reliability scoring therefore influences the composition and
quality of selected plans more consistently than the proba-
bility of identifying a feasible plan in the current benchmark.

Removing TF–IDF semantic matching leaves PSR, FISR,
and aggregate constraint violation exactly unchanged across
the ten paired seeds. This result follows directly from the
algorithm design because semantic similarity is excluded
from top-k pruning and therefore does not alter the can-
didate space. Nevertheless, the full configuration improves
semantic relevance by 0.00290±0.00086, end-to-end utility
by 0.00041±0.00013, and FPU by 0.00043±0.00019. The
full model also has a slightly lower local selection-quality
score, with a paired difference of −0.00017 ± 0.00011.
These effects confirm that the TF–IDF component acts as
a lightweight contextual preference among candidate plans
rather than as a primary mechanism for improving feasibility
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TABLE VIII. Multi-seed ablation results over seeds 41–50. Values are mean ± two-sided 95% Student’s t confidence interval.

Variant PSR FISR Violation E2E Utility FPU

Full BS-DCSO 0.4897 ± 0.1139 0.8320 ± 0.0562 0.0809 ± 0.0213 0.5850 ± 0.0095 0.6016 ± 0.0101

Without resource-aware node selection 0.0283 ± 0.0430 0.0548 ± 0.0827 0.1793 ± 0.0175 0.5280 ± 0.0240 N/A†

Without cost-aware scoring 0.4600 ± 0.1128 0.7773 ± 0.0618 0.0858 ± 0.0211 0.5794 ± 0.0087 0.5962 ± 0.0094
Without reliability scoring 0.4870 ± 0.1124 0.8248 ± 0.0471 0.0812 ± 0.0217 0.5829 ± 0.0093 0.5993 ± 0.0102
Without semantic matching 0.4897 ± 0.1139 0.8320 ± 0.0562 0.0809 ± 0.0213 0.5846 ± 0.0095 0.6012 ± 0.0100

†Only two seeds contain valid FPU values for the fixed-resource variant. Consistent with the predefined reporting rule, FPU is reported as N/A rather than as a two-seed
confidence interval.

TABLE IX. Contextual relevance, local service-selection quality, and runtime in the ablation experiment.

Variant Semantic Relevance Selection Quality Runtime (ms/request)

Full BS-DCSO 0.2697 ± 0.0019 0.9001 ± 0.0021 164.36 ± 19.85
Without resource-aware node selection 0.2697 ± 0.0021 0.9000 ± 0.0026 17.51 ± 1.27
Without cost-aware scoring 0.2703 ± 0.0021 0.9005 ± 0.0022 162.79 ± 19.53
Without reliability scoring 0.2742 ± 0.0025 0.8951 ± 0.0020 162.97 ± 19.60
Without semantic matching 0.2668 ± 0.0026 0.9003 ± 0.0021 163.16 ± 19.65

TABLE X. Paired full-minus-ablation differences over seeds 41–50. A positive difference favors full BS-DCSO for PSR, FISR, E2E utility, and FPU, whereas a
negative difference favors the full configuration for constraint violation.

Removed component ∆PSR ∆FISR ∆Violation ∆E2E Utility ∆FPU

Resource-aware node selection +0.4613 ± 0.1291 +0.7772 ± 0.1132 −0.0983 ± 0.0221 +0.0570 ± 0.0214 N/A†

Cost-aware scoring +0.0297 ± 0.0090 +0.0546 ± 0.0181 −0.0049 ± 0.0015 +0.0056 ± 0.0023 +0.0054 ± 0.0038
Reliability scoring +0.0027 ± 0.0121 +0.0071 ± 0.0233 −0.0003 ± 0.0021 +0.0020 ± 0.0012 +0.0024 ± 0.0014
Semantic matching 0.0000 ± 0.0000 0.0000 ± 0.0000 0.0000 ± 0.0000 +0.0004 ± 0.0001 +0.0004 ± 0.0002

†Only two paired seeds contain valid FPU values for the fixed-resource variant; the paired FPU difference is therefore reported as N/A.

TABLE XI. Paired effects of the ablations on semantic relevance and local service-selection quality. Values are full BS-DCSO minus the corresponding variant,
reported as mean ± two-sided 95% Student’s t confidence interval over ten paired seeds.

Removed component ∆Semantic Relevance ∆Selection Quality

Resource-aware node selection −0.00002 ± 0.00020 +0.00013 ± 0.00207
Cost-aware scoring −0.00056 ± 0.00087 −0.00038 ± 0.00068
Reliability scoring −0.00445 ± 0.00174 +0.00499 ± 0.00098
Semantic matching +0.00290 ± 0.00086 −0.00017 ± 0.00011

or general QoS.

L. SEQUENTIAL REQUEST-VOLUME TIMING ANALYSIS
The request-volume experiment examines how per-request
orchestration time changes as the number of business re-
quests increases while the generated service and resource
catalogues remain fixed. Request volumes of 100, 300,
500, and 1000 are evaluated using benchmark seed 42.
For each volume, one warm-up execution is followed by
five timed repetitions. The measured interval covers orches-
tration only and excludes benchmark generation, TF–IDF
fitting, complete-catalogue feasibility evaluation, and metric
aggregation.

Across the four request-volume settings, mean BS-DCSO
runtime ranges from 151.39 to 175.58 ms per request. Table
XII summarizes the timing protocol and observed range.

The per-request runtime remains within the same order
of magnitude as request volume increases from 100 to
1000 under the fixed-catalogue, sequential single-machine
protocol. Within this sequential protocol, increasing the
number of independently processed requests does not in-
troduce an additional request-count-dependent search-space

TABLE XII. Sequential request-volume timing protocol and observed
BS-DCSO runtime range.

Item Value

Request volumes 100, 300, 500, and 1000
Benchmark seed 42
Warm-up runs per volume 1
Timed repetitions per volume 5
Measured runtime range (ms/request) 151.39–175.58
Timing scope Orchestration only

expansion beyond repeated execution of the per-request
orchestration procedure. However, the experiment does not
evaluate concurrent arrivals, distributed execution, inter-
request resource contention, or dynamically changing cat-
alogues. It should therefore be interpreted as a descriptive
request-volume timing experiment rather than evidence of
high-concurrency scalability or suitability for protection and
closed-loop control.

M. SUMMARY OF EXPERIMENTAL FINDINGS
Across the controlled multi-seed benchmark, BS-DCSO
achieves the highest PSR and FISR and the lowest aggre-
gate constraint violation among the evaluated orchestration
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strategies. Paired comparisons against all five baselines favor
BS-DCSO in PSR, FISR, and constraint violation, with the
corresponding 95% confidence intervals excluding zero. The
complete-catalogue reference identifies 0.5867± 0.1214 of
requests as feasible, and BS-DCSO successfully provisions
0.8320± 0.0562 of these oracle-feasible instances, demon-
strating that the bounded top-k search retains most, but not
all, complete-catalogue feasibility.

The results also identify a clear feasibility–computation
trade-off. Resource-aware evaluation across all deployment
nodes is the dominant contributor to feasibility but accounts
for a substantial portion of orchestration time. Cost-aware
scoring provides a smaller but consistent contribution to
feasibility and utility, while reliability scoring primarily
refines selected-plan quality. TF–IDF contextual scoring
does not affect initial feasibility because it is excluded from
candidate pruning, but it produces small improvements in
contextual relevance and complete-plan utility. Following
a single selected functional-service failure, re-orchestration
recovers a feasible replacement in 0.8282 ± 0.0398 of
eligible trials.

These findings support BS-DCSO as a bounded complete-
plan orchestration method for smart-grid operational ana-
lytics under the tested synthetic environment. They do not
establish global optimality, superiority over published state-
of-the-art service-composition algorithms, deployment-scale
resilience, high-concurrency distributed performance, or
suitability for hard real-time protection and closed-loop
control.

VI. DISCUSSION
The experimental results indicate that the principal advan-
tage of BS-DCSO lies in improving complete-plan feasibil-
ity under coupled functional, permission, quality, reliability,
latency, cost, and resource-capacity constraints. BS-DCSO
achieves a provisioning success rate of 0.4897 ± 0.1139,
compared with 0.3473 ± 0.0715 for ResourceFirstSchedul-
ing, the strongest controlled baseline in terms of absolute
PSR. The paired BS-DCSO-minus-ResourceFirstScheduling
difference is 0.1423±0.0552, and the corresponding paired
PSR and FISR differences relative to all five controlled base-
lines have confidence intervals excluding zero. BS-DCSO
also consistently reduces aggregate constraint violation.
These findings suggest that evaluating service composition
and resource placement jointly is more effective in the tested
benchmark than optimizing either local service attributes or
deployment decisions in isolation.

The results also show that stronger local ranking metrics
do not necessarily translate into stronger end-to-end pro-
visioning performance. GreedySemanticMatching achieves
higher TF–IDF contextual relevance, while QoSWeight-
edGreedy achieves higher local service-selection quality.
ShortestLatency attains a relatively high feasible-plan utility
on the small subset of requests for which it succeeds, but
its overall provisioning success is only approximately 3.1%.
These results illustrate an important distinction between

local candidate quality and complete-plan executability. BS-
DCSO does not attempt to maximize every local criterion;
instead, it uses local ranking to restrict the candidate space
and then evaluates complete plans under the full set of
operational constraints.

The complete-catalogue feasibility analysis further clari-
fies the effect of bounded candidate pruning. The oracle fea-
sibility rate is 0.5867±0.1214, whereas BS-DCSO achieves
a feasible-instance success rate of 0.8320±0.0562. Because
all resource nodes are evaluated after service pruning, the
remaining gap between oracle feasibility and BS-DCSO
feasibility is primarily associated with functional-service
candidates removed by the per-type top-k restriction. This
result demonstrates the intended trade-off of the proposed
design: limiting the functional-service search substantially
reduces the candidate space, but it can exclude service com-
binations that would otherwise satisfy all hard constraints.
Accordingly, kd and kc should be interpreted as search-
budget parameters rather than universally optimal values.

The ablation results show that the proposed components
contribute in different ways. Resource-aware node selection
has the largest effect on feasibility. Replacing all-node
evaluation with a fixed resource node reduces PSR by
0.4613 ± 0.1291 and FISR by 0.7772 ± 0.1132 relative to
the full configuration. Since CPU, memory, and GPU capac-
ity constraints remain active in the fixed-resource variant,
this difference reflects the benefit of searching alternative
deployment nodes rather than simply enforcing resource
constraints. In practical smart-grid data-fabric environments,
this result suggests that service composition and resource
placement should be considered jointly when edge and cloud
nodes differ substantially in load and available capacity [38].

Cost-aware scoring produces smaller but statistically con-
sistent improvements in feasibility and utility, indicating that
soft cost preference can influence which retained plan even-
tually satisfies the complete set of constraints. Reliability
scoring has a different role: removing it does not consis-
tently alter PSR or FISR, but it reduces end-to-end utility,
feasible-plan utility, and local selection quality. Reliability
therefore acts primarily as a plan-refinement factor in the
present benchmark rather than as a dominant determinant
of search success.

The contribution of the TF–IDF component is com-
paratively modest and should be interpreted accordingly.
Because contextual similarity is excluded from top-k candi-
date pruning, removing it leaves PSR, FISR, and aggregate
constraint violation unchanged. Its effect appears only in
complete-plan comparison, where it produces small but
statistically consistent improvements in contextual relevance
and utility. Thus, the term “business-semantic-aware” in
BS-DCSO refers to lightweight contextual differentiation
among functionally compatible candidate plans rather than
ontology-level semantic reasoning. Richer power-domain
representations, such as ontology-based concepts, knowl-
edge graphs, or domain-specific embeddings, could provide
stronger semantic discrimination, but their benefits would
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need to be evaluated against their additional modeling and
computational cost.

Failure-recovery results provide evidence that the same
orchestration mechanism can also support service-level
adaptation. After removal of one selected functional-service
instance, BS-DCSO recovers a feasible replacement plan
in 0.8282 ± 0.0398 of eligible trials. This indicates that
alternative services and resource placements can often com-
pensate for a single service loss when sufficient catalogue
redundancy exists. However, the experiment considers only
one failed functional-service instance at a time and therefore
does not establish resilience against simultaneous service
failures, resource-node failures, communication outages, re-
gional disruptions, or cascading events.

The improved feasibility is accompanied by additional
computational cost. BS-DCSO requires 168.19 ± 20.57
ms per request in the main multi-seed comparison,
while request-volume measurements range from 151.39 to
175.58 ms per request for 100–1000 requests. The fixed-
resource ablation is substantially faster, confirming that
exhaustive evaluation across resource nodes accounts for
a major portion of the computation. The current runtime
is therefore best interpreted as a feasibility–computation
trade-off. The method is suitable for investigation as an
orchestration layer for operational analytics such as fore-
casting, equipment diagnosis, situational awareness, and
maintenance-oriented applications, but the present mea-
surements do not provide timing guarantees for protective
relaying, emergency control, or other hard real-time closed-
loop functions.

From an engineering perspective, BS-DCSO is positioned
between business-level analytical requirements and hetero-
geneous smart-grid ICT resources. A practical deployment
would require machine-readable catalogues describing func-
tional service types, quality and reliability attributes, per-
missions, resource requirements, latency, cost, and current
node availability [39]. Given these inputs, the algorithm
determines which data and computing services should be
combined and where the computing functions should exe-
cute. It therefore complements rather than replaces domain
applications such as state estimation, load forecasting, fault
diagnosis, or predictive maintenance: BS-DCSO provisions
the required digital services and resources, whereas the
downstream application remains responsible for electrical-
system models and operational decisions.

Several limitations constrain the generalization of the
present results. First, the benchmark is synthetic and does
not reproduce all correlations, non-stationarity, communica-
tion delays, metadata errors, workload bursts, and resource
dynamics of a deployed utility platform. Data-quality prob-
lems are also widely documented in other data-intensive
domains [40]. Second, the controlled baselines isolate alter-
native decision paradigms but are not exact reproductions of
published state-of-the-art service-composition or workflow-
scheduling algorithms. Third, TF–IDF provides only lexical
contextual matching and does not encode explicit power-

system ontology or topology relationships. Fourth, runtime
measurements exclude service deployment, network trans-
fer, analytical execution, and state migration, and the exper-
iments do not evaluate concurrent request arrivals or dis-
tributed orchestration. Fifth, the complete-catalogue oracle
certifies only the existence of a hard-constraint-feasible plan
in the finite generated catalogue; it neither optimizes utility
nor establishes global optimality of BS-DCSO. Finally, the
recovery experiment considers only single functional-service
failures. Broader fault-injection testing of service-oriented
systems has been systematically investigated in the literature
[41]. Future validation should therefore include real utility
or open-grid service traces, stronger published baselines,
exact optimal comparisons on tractable instances, richer
power-domain semantic representations, adaptive candidate-
pruning strategies, distributed online execution, and broader
service, resource, and communication failure modes.

VII. PUBLICATION PRINCIPLES
This paper proposed BS-DCSO, a business-semantic-aware
method for jointly orchestrating data services, computing
services, and resource nodes in smart-grid data-fabric envi-
ronments. The method combines exact functional match-
ing, permission-aware candidate construction, QoS-based
top-k pruning, lightweight TF–IDF contextual scoring,
complete-plan evaluation across all available resource nodes,
feasibility-first lexicographic selection, and failure-triggered
re-orchestration. The resulting formulation explicitly sepa-
rates hard executability from soft multi-attribute preference
and treats service composition and resource placement as a
coupled provisioning problem.

Across ten common random seeds, BS-DCSO achieves a
provisioning success rate of 0.4897±0.1139, an oracle fea-
sibility rate of 0.5867± 0.1214, a feasible-instance success
rate of 0.8320 ± 0.0562, and an aggregate constraint vio-
lation rate of 0.0809± 0.0213. Paired comparisons against
all five controlled baselines favor BS-DCSO in provisioning
success, feasible-instance success, and constraint violation.
The ablation analysis shows that resource-aware node selec-
tion is the largest contributor to complete-plan feasibility,
while cost and reliability scoring primarily refine plan
selection and TF–IDF contextual scoring provides a smaller
preference among otherwise compatible candidates. After
a single selected functional-service failure, re-orchestration
recovers a feasible replacement in 0.8282 ± 0.0398 of
eligible trials.

These gains are obtained at the cost of additional compu-
tation because every retained functional-service composition
is evaluated across all resource nodes. Under the tested
synthetic setting, the present evidence supports BS-DCSO
as a bounded feasibility-oriented orchestration method for
smart-grid operational analytics rather than as a global
optimizer, a high-concurrency scalability solution, or a hard
real-time control mechanism. Future work will focus on
validation using real utility and open-grid service data, com-
parison with published service-composition methods, richer
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domain-specific semantic representations, adaptive pruning
and distributed orchestration, and evaluation under larger
dynamic workloads and more diverse failure conditions.
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