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Abstract: To address the mismatch between diagnostic credibility and machine authority in distribution network fault 
management, a dynamic human–AI authority allocation model under diagnostic uncertainty is proposed. Based on 
candidate fault hypotheses and posterior probabilities, comprehensive diagnostic uncertainty is quantified from data 
evidence, model outputs, and state information. Decision risk is calculated by considering safety, load-loss, operating-
limit violation, switching-operation, and time-related losses of candidate actions under different fault states. Allowable 
authority is determined according to risk thresholds, safety constraints, action reversibility, and operator availability. 
Three authority modes are configured: machine-led operation, artificial intelligence (AI) recommendation with human 
confirmation, and human-led operation with AI assistance. A closed loop is established through human takeover, 
evidence supplementation, rediagnosis, and offline parameter calibration. Illustrative scenarios are constructed using 
the IEEE 33-bus distribution network as the network context and compared with fixed authority-allocation strategies. 
The comparison indicates that machine-led operation is selected under low uncertainty and low risk; when a single 
factor constrains machine authority, AI recommendation with human confirmation is adopted; and when risk thresholds 
or safety constraints further restrict authority, human-led operation with AI assistance is applied. Authority allocation 
based only on diagnostic uncertainty may retain excessive machine authority in low-uncertainty, high-risk scenarios. 
Diagnostic credibility should therefore not be the sole basis for authorizing autonomous machine actions; diagnostic 
uncertainty, decision risk, and safety constraints should be jointly considered in dynamic human–AI authority allocation.
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1. Introduction
Fault handling in distribution networks is characterized by high time criticality, complex operational 
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constraints, and sensitive safety consequences. Once a fault occurs, fault diagnosis, isolation, load transfer 
and restoration, and result confirmation must be completed rapidly; diagnostic errors or operational mistakes 
may expand the outage scope, cause loss of supply to critical loads, and create equipment operation risks. The 
development of distribution automation, intelligent diagnosis, and power supply restoration technologies has 
enhanced capabilities in fault isolation, network reconfiguration, and coordination of distributed resources [1–4]. 
Intelligent diagnostic modules can use multi-source information—such as terminal measurements, protection 
operations, network topology, and equipment status—to form candidate fault determinations. Consequently, 
a problem that needs further resolution is how to allocate handling decision-making authority between 
machines and operators when diagnostic credibility and the potential consequences of candidate operations 
differ.

Existing research mainly falls into two categories: distribution network fault diagnosis and supply 
restoration, and human-machine collaborative decision-making. The former improves diagnostic reliability 
and scheme feasibility through information fusion, fault location, network reconfiguration, and restoration 
optimization [5–7]; the latter focuses primarily on levels of automation, trust calibration, decision authorization, 
shared situational awareness, and human oversight [8–18]. However, both categories still lack a human-machine 
authority allocation mechanism that links diagnostic uncertainty with handling consequences. Diagnostic 
uncertainty reflects the credibility of fault determination, whereas whether a machine can autonomously 
execute a scheme also depends on the potential handling consequences under diagnostic errors. Authorizing 
solely based on diagnostic confidence or uncertainty may grant excessive authority to operations that are 
diagnostically clear but have high potential handling consequences; fixed manual confirmation, in turn, 
makes it difficult to leverage the rapid handling advantages of low-uncertainty, low-risk scenarios.

To address these issues, this paper proposes a dynamic human-machine decentralized decision-
making model for distribution network fault handling under diagnostic uncertainty. Unlike methods that 
allocate machine authority solely based on diagnostic credibility, this paper quantifies comprehensive 
diagnostic uncertainty from data evidence, model outputs, and state information; by combining the posterior 
probabilities of candidate faults with the handling losses of schemes under different true fault states, it 
constructs scheme-level decision risk, distinguishing “whether the diagnosis is credible” from “whether 
the handling is suitable for autonomous execution.” Furthermore, by integrating risk thresholds, safety 
constraints, operation reversibility, and conditions for human intervention, it establishes a dynamic switching 
and human takeover mechanism comprising machine-led, Artificial Intelligence (AI) recommendation–
human confirmation, and human-led–AI assistance modes, and illustrates the authority allocation 
characteristics under different combinations of uncertainty and risk through typical scenarios.

2. Analysis of distribution network fault handling and diagnostic uncertainty
2.1. Fault handling business process
Distribution network fault handling includes alarm ingestion, fault diagnosis, fault isolation, load transfer 
and restoration, and result confirmation. The system gathers information such as automated terminal data, 
protection operations, network topology, equipment ledgers, and work orders to form candidate fault 
hypotheses; the AI module can perform information fusion, candidate fault ranking, handling scheme 
generation, and safety constraint verification, while operators confirm, correct, or take over high-risk 
operations. After handling is completed, the diagnostic conclusions and handling schemes are verified against 
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actual results. This paper only discusses the rapid post-fault handling process [19–22].

2.2. Multi-source fault diagnosis information
The observation information is denoted as:

{ }t mea,t prot,t topo,t asset,t work,t field,tx = x ,x ,x ,x ,x ,x

Where mea,t prot,t topo,t asset,t work,t field,tx x x x x andx、、、、 represent terminal measurements, protection and fault 
indications, topology and switching states, equipment asset and defect records, dispatch work orders and 
operation records, and field inspection and user repair request information, respectively. Measurement and 
protection information reflect the electrical response to a fault; topology and switching states define the fault 
propagation paths and the operable scope; the remaining information is used for fault attribution and 
verification of handling measures. The timeliness, completeness, and consistency of the information affect 
the quality of diagnostic evidence [23–25].

2.3 Sources of diagnostic uncertainty
Diagnostic uncertainty refers to the degree to which, under current observation conditions, the system 
finds it difficult to form a stable and credible judgment about the true fault state. Incomplete multi-source 
information, weakened fault features, model discrepancies, and uncertain evidence fusion methods may all 
affect the identification of candidate fault states [26–28]. According to the role that uncertainty plays in the 
diagnostic process, this paper classifies it into data evidence uncertainty, model output uncertainty, and state 
information uncertainty:

D,t data,t model,t state,tU =f(U ,U ,U )

where data,tU denotes the evidence uncertainty caused by measurement errors, missing data, 
communication delays, and abnormal protection information; model,tU denotes the output uncertainty arising 
from the AI diagnostic module’s lack of concentration and discriminability in determining candidate faults; 
and Ustate, state,tU  denotes the uncertainty resulting from difficulties in consistently confirming topology, 
switch positions, and key operating states. Renewable energy output and load fluctuations are incorporated 
into D,tU  only when they affect fault diagnosis; if they affect only the transfer capacity or the feasibility of the 
scheme, they are considered in subsequent constraints, and no separate parallel uncertainty indicator is 
established [1,4–6,25,29].

2.4. Limitations of the fixed human–machine authority mode
The fixed authority mode struggles to adapt to changes in diagnostic conditions and handling risks. Full 
manual decision-making throughout the process may increase handling delays in low-risk scenarios; fixed 
AI recommendations make it difficult to unleash machine execution capabilities for low-risk operations; and 
authorization based solely on diagnostic confidence or uncertainty may neglect the consequences of plan 
handling, thereby granting excessive authority to operations with relatively clear diagnoses but high potential 
consequences. Therefore, it is necessary to incorporate diagnostic uncertainty, plan decision-making risk, and 
safety constraints into a dynamic authority allocation mechanism [8–16].
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3. Human–machine dynamic authority allocation architecture oriented to 
diagnostic uncertainty
3.1. Overall architecture
The human–machine dynamic authority allocation architecture for distribution network fault handling 
oriented to diagnostic uncertainty is shown in Figure 1. The system integrates multi-source observational 
information to form candidate fault hypotheses and posterior probabilities, and quantifies comprehensive 
diagnostic uncertainty. Based on candidate fault states and operating conditions, candidate handling plans 
are generated, and handling losses and decision-making risks under different true fault states are calculated. 
Combined with diagnostic uncertainty, safety constraints, and operational characteristics, the allowable 
authority set and actual authority mode are determined. Subsequently, executable plans are screened under 
the corresponding authority and personnel intervention conditions, and the optimal final plan is selected. 
Operators can trigger re-diagnosis through confirmation, takeover, and supplementary evidence, and the 
handling results are used for diagnostic evaluation and authority parameter calibration. (Figure 1)

Figure 1. Dynamic human–AI authority allocation framework for distribution network fault management under 
diagnostic uncertainty.
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3.2. Human–machine functional boundary
AI and operators form a complementary division of labor. AI can undertake information fusion, calculation 
of candidate fault probabilities, generation or recommendation of candidate schemes, risk alerts, and 
verification of operational constraints; this paper does not evaluate the recognition accuracy or scheme 
generation performance of specific AI algorithms. Operators are responsible for confirming high-risk 
operations, overriding abnormal results, supplementing evidence, and providing final authorization for 
critical operations. Human–machine authority is dynamically adjusted according to diagnostic uncertainty, 
handling risk, and safety conditions; operations involving major safety consequences always retain a human 
authorization boundary [11–16].

3.3. Decision authority levels
To distinguish the degree of decision control in fault handling, three levels of authority are established:

{ }1 2 3L= L ,L ,L                                                              (1)

Where: L1 denotes machine-dominant operation, in which AI may generate, verify, and execute schemes 
within pre-authorized safety constraints, while operators are responsible for monitoring and retain the rights of 
suspension and override; L2 denotes AI recommendation–human confirmation, in which AI generates schemes 
and indicates risks, and operators execute after confirmation and may revise or reject the recommendations; L3 
denotes human-dominant operation with AI assistance, in which operators are responsible for scheme judgment, 
final decision-making, and operational authorization, while AI only provides information analysis, candidate 
schemes, and risk alerts. At all levels, operators retain the rights of abnormal override and emergency takeover. AI 
may participate in diagnosis and decision support at all levels, but the qualification for autonomous execution is 
determined by the dynamic authority allocation mechanism [8–10,13].

4. Quantification of uncertainty in distribution network fault diagnosis
4.1. Candidate fault hypotheses and probabilities
After acquiring multi-source observation information xtxt​ at time tt, the diagnosis module constructs a set of 
candidate fault hypotheses:

{ }1 2, , ,t nF f f f= …                                                           (2)

Where fjfj​ denotes the jj-th candidate fault state consistent with the current observation, which can be 
characterized by the fault section, fault type, and equipment status. Its posterior probability is:

( ), , ,
1

, 0, 1
n

j t j t j t j t
j

p P f x p p
=

= ≥ =∑∣                                                 (3)

j,tp represents the relative evidential support obtained by a candidate state, rather than a simple 
confidence level assigned to a single conclusion. This paper does not restrict itself to a specific diagnostic 
algorithm; instead, the diagnostic module that outputs candidate states and their probability distribution is 
treated as an interface. This distribution is simultaneously used for uncertainty quantification and decision 
risk calculation. When entering uncertainty evaluation, n 2≥ is taken, and a single candidate state is handled 
as a deterministic boundary case [5,6,25].
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4.2. Data evidence uncertainty
Data evidence uncertainty reflects the degree to which observational information cannot fully, promptly, and 
reliably characterize the true operating state. For the k  type of evidence, the credibility [ ], 0,1k tq ∈  is calculated 
based on completeness, timeliness, consistency, and source reliability, and is weighted according to 
importance:

, ,
1 1

, 1, 0
K K

data t k k t k k
k k

q qω ω ω
= =

= = ≥∑ ∑                                              (4)

Accordingly, it is defined that:

data,t data,tU =1-q                                                                    (5)

A larger data,tU  indicates lower evidence quality. A decline in evidence quality does not necessarily lead 
to dispersion of the output probabilities; therefore, data evidence uncertainty and model output uncertainty 
are quantified separately [5,6,25,30].

4.3. Model output uncertainty
Model output uncertainty represents the degree to which the diagnostic module lacks concentration and 
discriminability in its judgment of candidate faults. Let (1)

tp  and (2)
tp  be the largest and second largest posterior 

probabilities, respectively. The normalized probability entropy tH  and the class interval uncertainty tD  are 
defined as:'

n

t j,t j,t
j=1

1H =- p lnp
lnn∑                                                             (6)

( )(1) (2)
t t tD =1- p -p                                                                (7)

tH reflects the global dispersion across all candidate states, while tD  reflects the local competitive 
relationship between the largest and second-largest candidate states. The two are complementary but are not 
required to be statistically independent. They are defined as follows:

                                       (8)

model,tU [0,1]∈ A larger value indicates that the diagnostic output is less concentrated and that candidate states 
are more difficult to distinguish [30,31].

4.4. State information uncertainty
State information uncertainty refers to the extent to which, even after multi-source evidence has been made 
available, the key operating states remain difficult to confirm consistently. Let the set of key states be:

{ }t l,t sS = s l=1,2, ,N∣                                                             (9)

Where the respective states denote the operating states of network topology, switch positions, relevant 
equipment, and distributed resources; only state variables that may alter fault diagnosis are included in this 
set. Let l,tr [0,1]∈  be the degree of consistent confirmation for the ll-th type of critical state, then:

Let l,tr [0,1]∈  be the degree to which the l  type of critical operating state can be consistently confirmed 
based on multi-source state evidence; then the state information uncertainty is defined as:
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                                                 (10)

The larger state,tU  is, the more difficult it becomes to confirm the critical state. data,tU focuses on evidence 
quality, whereas data,tU  focuses on whether the available evidence can form a consistent state perception—for 
example, when multi-source information regarding the same switch position conflicts with one another 
[1,3,29,32]. See Table 1.

Table 1. Evaluation metrics for data evidence quality and state confirmation degree

Indicator Evaluation source Normalization principle

Evidence completeness Ratio of information that should be connected to actually 
connected information

The higher the completeness rate, 
the higher the credibility

Evidence timeliness Difference between information timestamp and diagnosis time The smaller the delay, the higher 
the credibility

Evidence consistency Degree of logical consistency between homogeneous or 
heterogeneous evidence

The fewer the conflicts, the higher 
the credibility

Source reliability
Source levels such as supervisory control and data acquisition 

(SCADA), protection recording, on-site feedback, and user repair 
requests

Authoritative sources have higher 
credibility

Status confirmation 

degree l,tr
Degree of consistency among remote signaling, operation records, 

on-site feedback, and equipment status

Approaches 1 when consistent, 
and approaches 0 when 

conflicting

4.5. Integrated diagnostic uncertainty
The weighted fusion of data,tU , model,tU , and state,tU is performed as follows:

                                                      (11)

The weights can be determined from historical samples; when samples are insufficient, they can be set 
by combining operating procedures, expert experience, and sensitivity analysis. In a typical scenario, 

which is used only to illustrate the logical response of the authority allocation mechanism and 
does not imply that the three types of factors have equal influence. When any key indicator reaches or 
exceeds the corresponding safety threshold, a mandatory downgrade is applied in the subsequent authority 
determination.

5. Diagnostic uncertainty—error consequence-driven human-machine dynamic 
authority allocation decision model
5.1. Generation of candidate fault handling schemes
After obtaining the candidate fault set tF  and the operating state, the AI decision-making module generates 
or recommends a candidate scheme set:

t 1 2 MA ={a ,a , ,a }                                                               (12)

Where: ia denotes the i candidate scheme, and M  is the number of schemes, which may include 
operations such as fault isolation, tie-line transfer supply, network reconfiguration, distributed generation or 
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energy storage support, and load restoration. Schemes entering subsequent evaluation should satisfy basic 
constraints including network connectivity, radial operation, power flow, voltage and current limits, 

equipment capacity, and operation sequence. For tF  this paper constructs a unified tA ​ to evaluate the 
handling loss i jL(a ,f )  of the same scheme under different true fault states jf  [1–4,29,32].

5.2. Quantification of incorrect handling consequences
The handling loss of scheme ia  under the true fault state jf  is defined as:

                                                                     (13)

The respective components represent personal and equipment safety, loss of supply to critical loads and 
outage propagation, operational limit violations, incorrect switching or isolation, and restoration delay losses, 
all normalized to [0,1], so that Lij ∈ [0,1]Lij​∈	[0,1]. LijLij​ is a comprehensive handling loss index and is 
not equivalent to precise economic loss. When a scheme does not match the true state, incorrect isolation, 
failure to clear the fault, or transferring supply with the fault present will increase the loss. Major safety 
consequences are separately constrained by the subsequent safety red line [1–3,32]. See Table 2.

Table 2. Remedial action loss components and their quantification basis

Loss component Engineering implication Quantification principle
safe
ijL Safety consequences for personnel and equipment Mapping of safety consequence levels

load
ijL Loss of supply to critical loads and outage expansion Normalization of weighted unsupplied load
viol
ijL Voltage and current limit violations Normalization of the maximum limit violation degree
op
ijL Incorrect switching or incorrect isolation Mapping of incorrect operation severity

time
ijL Fault recovery delay Normalization relative to reference recovery time

5.3. Decision risk calculation
The decision risk of the candidate scheme ia at time t is defined as:

n n

i,t j,t ij j t i j
j=1 j=1

R = p L = P(f x )L(a ,f )∑ ∑ ∣                                                (14)

i,tR represents the expected handling loss of executing ia ​ under the current posterior probability 
distribution, connecting diagnostic results with the physical consequences of the scheme. Unlike D,tU  which 
describes diagnostic credibility, i,tR ​ may still differ among different schemes under the same D,tU . Low-
probability major safety consequences are constrained by the safety red line in Section 4.4 [1–3,32].

5.4. Allowed authority set
To first exclude decision authorities that do not match the risk level of candidate schemes, this paper sets 
three-level authority risk tolerance thresholds based on Ri,tRi,t  to construct the basic allowed authority set 

for candidate scheme ia ​:
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                                       (15)

Where 、 and ​ denote machine-dominated, AI-recommended–human-confirmed, and human-
dominated–AI-assisted authority modes, respectively. It should be noted that 、 and  merely 
represent different human–machine authority modes and do not imply that the degree of machine autonomous 
execution increases with the numbering; in terms of the degree of machine autonomous execution, the three 
decrease successively. Correspondingly, as the scheme decision risk increases, higher autonomous authority 
such as machine dominance is progressively excluded, while human-dominated authority is always retained. 

Since  and , ​ contains at least ​.
Considering that comprehensive evaluation may weaken the impact of a single severe anomaly, for 

any case in which a key diagnostic uncertainty reaches or exceeds the corresponding safety threshold, the 
uncertainty safety constraint set is defined as:

                           (16)

Let the maximum safety consequence that a scheme may cause be:

                                    (17)

The final permitted authority set is defined as:

                                                       (18)

​ is determined according to operating procedures, equipment safety levels, and critical load 
assurance requirements. This paper only explains the constraining role of the safety red line and does not 

perform engineering statistical calibration. The final permitted authority set  represents the range of 
authority options permitted, rather than the final actual authority mode, and serves as a constraint for 
subsequent dynamic authority allocation decisions [8–16].

5.5. Criteria for dynamic authority allocation
Within the final permitted authority set , this paper determines the actual authority mode based on 
integrated diagnostic uncertainty, operational reversibility of candidate schemes, and operator intervention 
status:

                                       (19)

where  denotes the degree of operational reversibility; a larger value indicates that the system 
can more readily return to a safe operating state after execution; indicates whether operating 
personnel can promptly confirm and take over. shall not serve as a basis for upgrading a scheme that 
originally requires manual confirmation or human leadership to machine leadership. For machine-led 
schemes that already satisfy Eq. (20) and fall within the pre-authorized safety boundary, the temporary inability 
of personnel to intervene in a timely manner does not alone constitute a condition for authority escalation. 
When a scheme requires manual confirmation or human leadership and th =0 , the relevant operation should 
be suspended or the safe state maintained.
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Let ​ be the upper limit of diagnostic uncertainty permitted for machine leadership and the 
minimum degree of operational reversibility, respectively. When the following expression is simultaneously 
satisfied, machine-led authority may be selected:

                                         (20)

Equation (19) presents the overall mapping relationship for the actual authority mode, and Equation 
(20) further specifies the explicit executable conditions for the machine-dominated authority L1. For 
situations in which the machine-dominated conditions are not satisfied, the authority branches—including 
AI recommendation–human confirmation, human-dominated–AI-assisted, and deferred execution—are 
determined according to Table 3.

Table 3. Dynamic Human–AI Authority Allocation Rules

Condition Actual authority mode

, or triggering the red line of major safety consequences 3L , human-led with AI assistance

Satisfies Eq. (20) 1L , machine-led

Does not satisfy Eq. (20), but 2L , AI recommendation with human confirmation

Requires human confirmation or human-led execution, but th =0 Suspend execution or maintain a safe state

Low UD,tUD,t​ does not necessarily permit machine dominance; high decision risk, low operational 
reversibility, or the safety red line can all restrict machine authority [8–16].

5.6. Scheme optimization for handling under constraints
Executable schemes are screened under the current authority and personnel conditions:

ia meets the execution conditions under the authority mode *
i,tm ​

{ }exe *
t i t i i,tA = a A |a mmeetstheexecutionconditionsundertheauthoritymode∈            (21)

When manual confirmation or dominance is required and ht=0ht​=0, the scheme does not enter 
AtexeAtexe. The final scheme is:

exe
i t

*
t i,t

a A

a = arg min J
∈

                                                                 (22)

where:

                                           (23)

                                               (24)

sw
iN is the number of switching operations required for normal execution, which is distinct from the 

erroneous operation loss op
ijL . i,tJ ​ is used only for secondary optimization after basic feasibility screening, risk 

assessment, and authority configuration, and does not replace power flow, topology, or operational safety 
verification [1–3,29,32].
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6. Manual takeover and feedback update
6.1. Trigger conditions for manual takeover
When the permitted authority set retains only 3L , or when the dynamic authority allocation decision requires 
substantive judgment by operators, the system shifts to a human-led mode. Manual takeover can also be 
triggered by missing critical evidence, abnormal diagnostic module behavior, obvious conflict between 
human and machine judgments, major safety consequences, and low-reversibility operations. After takeover, 
the AI ceases autonomous execution and retains only functions such as information summarization, risk 
alerts, scheme comparison, and constraint verification, while the operators bear the final authorization 
responsibility [8–16].

6.2. Manual evidence supplementation and re-diagnosis
After manual takeover, operators supplement evidence concerning key uncertain links, including field 
inspections, user repair requests, protection recordings, and equipment and switching states, thereby forming 

updated observation information t+1x . The diagnostic module recalculates:

j,t+1 j t+1p =P(f x )∣                                                                    (25)

Based on this, the integrated diagnostic uncertainty, decision risk, and authority configuration are 
updated, and operators confirm or revise the diagnostic conclusion according to the updated results [5,16].

6.3. Feedback on handling results
After the handling is completed, information such as the actual fault, final scheme, execution and power 
supply restoration results, and reasons for manual override or takeover is recorded. This information is 
used to evaluate the consistency among diagnostic results, decision risks, and actual handling outcomes, 
and to identify misdiagnosis, risk underestimation, and unnecessary takeover, thereby providing a basis for 
parameter calibration [13,16].

6.4. Authority parameter update
Based on historical handling results, the diagnostic inaccuracy rate, manual override rate, takeover frequency, 
and actual handling losses are periodically calculated. Offline calibration is performed on uncertainty 
weights, risk thresholds, safety thresholds, and machine-dominance criterion parameters. The updated 
parameters are used for subsequent handling after manual review and are not adjusted in real time during the 
current fault process. Manual authorization rules involving major personal or equipment safety must not be 
automatically relaxed based on historical data. This forms a controlled parameter update closed loop of “offline 
statistics—manual review—subsequent parameter update” [8–10,13].

7. Illustration of dynamic authority allocation logic in a typical scenario
7.1. Scenario construction and parameter setting
This paper constructs a fault isolation and service restoration scenario based on the IEEE 33-bus radial 
distribution network as the network background, to illustrate the impact of changes in diagnostic uncertainty 
and scheme decision risk on authority configuration. Studies on fault section location, automatic reclosing, 
and fault repair–restoration coordination have shown that fault sections, switching states, and action 
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strategies affect isolation, restoration, and subsequent handling [33–35]. The posterior probabilities of candidate 
faults serve as output parameters of the diagnostic module interface, and the recognition accuracy of a 
specific AI algorithm is not evaluated. Model parameters are divided into three categories according to their 
basis of determination: statistical calibration parameters, procedural constraint parameters, and mechanism 
validation parameters. Uncertainty and loss weights can be determined based on historical samples, expert 
evaluation, and sensitivity analysis, while safety thresholds and manual authorization boundaries are set 
according to operating procedures. The scenario parameters in this paper belong to mechanism validation 
parameters and are used only to illustrate the response characteristics of dynamic authority allocation rules, 
rather than serving as actual engineering setting values. See Table 4.

Table 4. Typical IEEE 33-bus scenarios and corresponding fault–remedial action mapping

Scenario Candidate faults and main disposal operations Scenario parameters and weighting results

S1: Low uncertainty – 
low consequence

Branch fault at nodes 12–13 1 1,t(f ,p =0.90)  or branch fault 
at nodes 13–14 2 2,t(f ,p =0.10) ; local isolation and limited 

transfer supply via tie switch 18–33.
General load, D,t i,t iU =0.178 R =0.15 v =0.80，， , 1L 。

S2: Low uncertainty – 
high consequence

Candidate faults and probabilities same as S1; after 
isolation, important load transfer supply is implemented 

via tie switch 18–33.
D,t i,t i 2U =0.178 R =0.55 v =0.80,L，，

S3: High uncertainty 
– low consequence

Branch fault at nodes 8–9 1 1,t(f ,p =0.70)  or branch fault at 
nodes 9–10 2 2,t(f ,p =0.30) ; local isolation, with tie switch 

9–15 as a candidate restoration path.
D,t i,t iU =0.314 R =0.13 v =0.80，， ， 2L 。

S4: High uncertainty 
– high consequence

Candidate faults same as S3, 1,tp =0.60 , 2,tp =0.40 ; after 
isolation, important load transfer supply is implemented 

via tie switch 9–15.
D,t i,t iU =0.429 R =0.82 v =0.30，， ， 3L 。

Note: The scenario parameters are mechanism-illustrative settings.

7.2. Low uncertainty–low consequence scenario
Take 1 2 data,t state,t(p ,p )=(0.90,0.10) U =U =0.10、 , yielding t t model,tH =0.469 D =0.20 U =0.335、、 5, and thus D,tU =(0.10+0.335+0.10)/3=0.178 . 
Take i1 i2L =0.10 L =0.60、 , yielding i,tR =0.15 . Since , and the reversibility condition is satisfied, machine-
dominant authority 1L  is adopted.

7.3. Low uncertainty–high consequence scenario
Keeping the S1 diagnostic condition and iv =0.80  unchanged, take i1 i2L =0.50 L =1.00、 , yielding i,tR =0.55 . Machine 
dominance is excluded; when th =1 and no safety red line is triggered, the AI recommendation–human 
confirmation authority 2L  is adopted. Compared with S1, D,tU remains unchanged while risk increases, 
indicating that diagnostic certainty does not necessarily mean suitability for autonomous machine handling.

7.4. High uncertainty–low consequence scenario
Take 1 2 data,t state,t(p ,p )=(0.70,0.30) U =U =0.10、 , yielding t t model,t D,tH =0.881 D =0.60 U =0.741 U =0.314、、、 . Take i1 i2L =0.10 L =0.20、 , 
yielding i,tR =0.13. Although decision risk is low, diagnostic uncertainty has exceeded the machine-dominant 
threshold; when th =1, the AI recommendation–human confirmation authority 2L  is adopted. Compared with 
S1, high diagnostic uncertainty can likewise restrict autonomous machine execution.
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7.5. High uncertainty–high consequence scenario
Take 1 2 data,t state,t(p ,p )=(0.60,0.40) U =U =0.20、 , yielding t t model,t D,tH =0.971 D =0.80 U =0.886 U =0.429、、、 . Take i1 i2 iL =0.70 L =1.00 v =0.30、、 , 
yielding i,tR =0.82 . From Eq. (15), is obtained, and after intersection via Eq. (18), it finally 
remains . The system enters the human-dominant–AI-assisted mode and can be re-evaluated after 
supplementing evidence according to Section 5.2.

7.6. Comparison of different decentralization strategies
Using S1–S4 as unified conditions, compare full human handling, fixed AI recommendation, authorization 
solely by the D,tU threshold, and the proposed method. Full human handling always adopts 3L ; fixed AI 
recommendation always adopts 2L ; when authorization is based solely on uncertainty, 1L is adopted 
if ; otherwise, 2L is adopted. See Table 5.

Table 5. Authority allocation results of different human–AI decision strategies under typical scenarios

Scenario UD,t Ri,t Manual full-process handling AI fixed recommendation UD threshold only Proposed method

S1 0.178 0.15 L3 L2 L1 L1
S2 0.178 0.55 L3 L2 L1 L2
S3 0.314 0.13 L3 L2 L2 L2
S4 0.429 0.82 L3 L2 L2 L3

Table 5 indicates that fixed authority strategies struggle to simultaneously adapt to diagnostic 

uncertainty and variations in handling consequences. In S2, authorization based solely on ,D tU ​ still retains 1L
, ignoring the relatively high decision risk; S3 shows that low decision risk cannot offset high diagnostic 

uncertainty; in S4, the two types of factors act together, and the authority is reduced to 3L .  
This comparison only illustrates the logical differences in authority configuration among different rules, 

and does not demonstrate statistical superiority in restoration efficiency, safety performance, or economic 
performance.

8. Conclusions and prospects
This paper addresses the problem that machine handling authority is difficult to allocate reasonably under 
conditions of uncertainty in distribution network fault diagnosis, and proposes a human-machine dynamic 
authority allocation decision model. The model quantifies integrated diagnostic uncertainty from data 
evidence, model output, and state information, combines the posterior probabilities of candidate faults with 
the handling losses of schemes under different true states to construct scheme-level decision risk; determines 
permitted authority, actual authority, and final schemes based on risk thresholds, safety constraints, 
operational reversibility, and personnel intervention conditions, and forms a feedback closed loop through 
supplementary evidence, re-diagnosis, and offline parameter calibration. Comparisons of constructed 
scenarios and strategies show that machine-dominant mode is adopted under low uncertainty and low risk; 
AI recommendation–human confirmation is adopted when only diagnostic uncertainty or decision risk limits 
machine autonomous authority; and human-dominant–AI assistance is adopted when risk thresholds further 
restrict authority under high uncertainty and high risk scenarios. Diagnostic credibility does not equate to 
suitability for autonomous machine handling; human-machine authority should be jointly determined by 
diagnostic uncertainty, scheme decision risk, and safety constraints.
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This paper uses an IEEE 33-node distribution network as the network background to construct scenarios 
illustrating the decision logic, and the relevant weights and thresholds have not yet been statistically 
calibrated using actual handling data. Future work can calibrate model parameters by combining real faults, 
dispatch operations, and operator interaction records, test its adaptability under different grid structures, 
distributed resource penetration levels, and operating procedures, and evaluate its impact on handling time, 
frequency of manual intervention, and risk control through digital simulation, training simulation, and field 
exercises.
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