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Abstract: AI-based real-time closed-loop operation systems for refining and petrochemical units integrate model computation, 
strategy generation, and control execution into the production control chain. Consequently, management evaluation of their 
closed-loop commissioning cannot be limited to confirming whether the software system has completed engineering delivery. It 
must also determine separately whether the models can continuously and stably produce reliable computational results, whether 
the control chain can execute strategies under constraints, and whether the system achieves the expected operational outcomes 
after being placed in sustained operation. To meet the management needs associated with the application of this innovative 
technology, this paper proposes a category-based evaluation method for closed-loop commissioning. The method divides the 
evaluation objects into four categories—engineering delivery, model capability, closed-loop execution, and sustained operation 
and outcomes—establishes indicators, evidence, a statistical basis, and evaluation conclusions for each category, and defines 
rules for matching evidence to conclusions, making itemized determinations, and updating conclusions. Using the 
commissioning of an AI-based real-time closed-loop operation system in Yunnan Petrochemical's 13-million-metric-ton-per-year 
atmospheric and vacuum distillation unit (AVDU) as a case study, the category-based evaluation method produces separate, 
evidence-based conclusions on construction results, model performance, closed-loop capability, and operational outcomes, 
thereby providing refining and petrochemical units with an approach to managing and evaluating system commissioning that is 
suited to technological innovation. 

Keywords: Refining and Petrochemical Units; AI-based Real-time Closed-loop Operation System; Closed-loop 
Commissioning; Project Management; Category-based Evaluation. 

 

1. Introduction 
The intelligent transformation of refining and 

petrochemical units is progressing from operational 
monitoring, analytical assistance, and operating 
recommendations toward automated strategy generation and 
closed-loop execution. Once process AI model clusters, 
strategy computation, and execution systems are jointly 
incorporated into the production control chain, project 
commissioning becomes an engineering process in which 
model assessments, strategy computation, control actions, 
and production outcomes are interconnected. Managing and 
evaluating such systems requires determining whether the 
system has been built, whether the models are fit for purpose, 
whether strategies can be executed in a controlled manner, 
and what operational outcomes have been achieved through 
sustained operation. 

Yunnan Petrochemical implemented an AI-based real-time 
closed-loop operation system for the first time in its 13-
million-metric-ton-per-year atmospheric and vacuum 
distillation unit (AVDU). For the enterprise, this is both the 
engineering deployment of a new technology and a change in 
the objects of production operations management: the system 
shifts from providing analytical results to participating in 
production adjustments, requiring model capability, 
execution boundaries, on-site responsibilities, and evaluation 
evidence to be aligned. If the conventional unified evaluation 
approach for IT projects—centered on task delivery, 
functional testing, and system go-live results—continues to 
be used, construction results, model performance, closed-loop 

execution, and operational outcomes will still be consolidated 
into a single overall conclusion, making it difficult to 
accurately reflect the actual commissioning status of this 
innovative technology. 

GB/T 39116—2020 and GB/T 39117—2020 provide a 
general framework for intelligent manufacturing from the 
perspectives of capability maturity and assessment methods 
[1,2]; the ISO 23247 series sets out general principles and a 
reference architecture for digital twins in manufacturing [3,4]; 
ISO/IEC 42001, ISO/IEC 23894, and IEC 61511 emphasize 
AI system governance, risk management, and functional 
safety in the process industries, respectively [5,6,7]; and 
studies of advanced control, model predictive control, and 
real-time optimization have systematically discussed the 
evaluation of control performance and economic benefits 
[8,9,12]. These standards and studies provide a foundation for 
project management; however, a specific method capable of 
distinguishing among different evaluation objects is still 
needed for the closed-loop commissioning phase of AI-based 
real-time closed-loop operation systems. 

2. Analysis of Conventional 
Commissioning Evaluation 
Approaches for IT Projects 

2.1. Common Evaluation Logic for 
Conventional IT Projects 

Consider a typical conventional IT project in a refining and 
petrochemical enterprise—a real-time optimization (RTO) 
project. Such a project centers on steady-state mechanistic 
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models, data reconciliation, and economic objective 
optimization, and primarily outputs economically optimal 
targets or recommended setpoints; the resulting targets are 
typically implemented in the plant by an advanced process 
control (APC) system. Because relatively clear system 
boundaries separate RTO model computation, target issuance, 
and APC control execution, closed-loop commissioning 
evaluation generally uses the system on-stream rate as its 
principal indicator to reflect whether RTO remains online for 
computation and continuously issues optimization targets. 

The on-stream rate can indicate whether the system is 
online, but by itself cannot reveal model deviation, the actual 
optimization headroom, the reasonableness of recommended 
targets, or sustained operating performance. When on-stream 
rate is the primary performance indicator, plant personnel 
may manually tighten the upper and lower bounds of 
manipulated variables to prevent unreasonable optimization 
targets or system disengagement caused by RTO model 
deviation. Although this can maintain a high on-stream rate, 
it also narrows the allowable adjustment range, potentially 
leaving the system "online but with limited impact." 

Therefore, an RTO evaluation approach centered on the on-
stream rate makes it difficult to assess the model's 
effectiveness during sustained operation, the actual effect of 
optimization targets on the unit, or the resulting production 
outcomes. Directly applying this evaluation logic to an AI-

based real-time closed-loop operation system could lead to 
equating system online status with model validity, appropriate 
closed-loop operation, and achieved outcomes, resulting in an 
overly general evaluation conclusion. 

2.2. Changes in Evaluation Objects Introduced 
by AI-Based Real-Time Closed-Loop 
Operation Systems 

AI-based real-time closed-loop operation systems and RTO 
are two types of systems with different technical purposes and 
operating mechanisms. RTO is based primarily on steady-
state models, data reconciliation, and economic objective 
optimization, and its core output is typically an economically 
optimal target or recommended setpoint. An AI-based real-
time closed-loop operation system, by contrast, must 
continuously assess the state, generate strategies, coordinate 
their execution, and enter the next computational cycle based 
on unit feedback; model assessments and control actions 
jointly constitute the system's operating results. Accordingly, 
evaluation objects should be reclassified for AI-based real-
time closed-loop operation systems. Table 1 presents the main 
differences between common RTO evaluation approaches and 
the evaluation requirements for AI-based real-time closed-
loop operation systems. 

 
Table 1. Differences Between Common RTO Evaluation Approaches and Evaluation Requirements for AI-Based Real-Time Closed-Loop 

Operation Systems 

Comparison 
Dimension 

Common Evaluation Approach for 
RTO Projects 

Evaluation Requirements for AI-
Based Real-Time Closed-Loop 

Operation Systems 
Management Approach 

Project Focus 
Steady-state models, data reconciliation, 

economic objective calculation, and 
target issuance 

Model clusters, state reconstruction, 
strategy computation, closed-loop 

execution, and operational outcomes 

Redefine the evaluation 
objects 

Operational Status 
Determination 

Use the system on-stream rate to 
determine whether it is performing 

online computations and continuously 
issuing optimization targets 

Determine whether the system is in 
service, the models are fit for purpose, 

and closed-loop operation remains 
under control 

Do not use the on-stream 
rate as a substitute for model 
and closed-loop evaluations 

Role of Indicators 

The on-stream rate reflects online 
status; a high on-stream rate may still be 
maintained by tightening the upper and 
lower bounds of manipulated variables 

Simultaneously evaluate sustained 
model effectiveness, actual 

optimization headroom, strategy 
execution quality, and operational 

outcomes 

Assess online status 
separately from actual 

impact 

Primary Evidence 
Functional tests, model reports, on-

stream statistics, and benefit estimates 

Model logs, comparisons with LIMS 
laboratory measurements, DCS 

operating records, protection records, 
and operating data 

Draw corresponding 
conclusions based on the 
content of the evidence 

Evaluation 
Conclusions 

Usually consolidated into an overall 
conclusion such as "project completed" 
or "commissioning requirements met" 

Assess engineering delivery, model 
capability, closed-loop execution, and 

sustained operation and outcomes 
separately 

Use category-based 
evaluation without a single 

overall score 

Scope of 
Conclusions 

Corresponding to the agreed model 
scope, operating period, and statistical 

window used to calculate the on-stream 
rate 

Corresponding to operating 
conditions, model version, test 

scenarios, and statistical window 

Limit conclusions to their 
applicable scope and update 

them dynamically 

2.3. Necessity of Adopting a Category-Based 
Evaluation Method 

Category-based evaluation is necessary to prevent 
evidence from different levels from being used to support the 
same conclusion. If evaluation objects are not distinguished, 
four types of conflation can readily arise in project 
management: using the numbers of models and soft sensors 
as a substitute for online application capability; using the 

model convergence rate as a substitute for closed-loop 
execution capability; using a short-duration closed-loop test 
as a substitute for sustained operating outcomes; and using 
overall average results in place of item-by-item assessments 
of key variables. These conflations also affect the assignment 
of responsibilities, preparation of test plans, confirmation of 
evaluation conclusions, and post-commissioning model 
maintenance. 

For an innovative technology being applied for the first 
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time, it is necessary to begin with the technical chain of the 
AI-based real-time closed-loop operation system itself: first 
distinguish what has been built, how the models perform, 
whether the control chain can execute, and what outcomes 
sustained operation produces; then define the management 
responsibilities, evaluation indicators, and supporting 
evidence for each category. This category-based evaluation is 
a commissioning-management method designed specifically 
for this new technical system and mode of operation. 

3. Category-Based Evaluation Method 
for Commissioning AI-Based Real-
Time Closed-Loop Operation 
Systems 

3.1. Method Definition and Basic Principles 
The category-based evaluation method separates the 

construction deliverables, model performance, control 
execution, and operational results involved in closed-loop 
commissioning into mutually independent evaluation objects 
and establishes a mapping along the chain “evaluation 
object—indicator—evidence—statistical basis—conclusion.” 
The method requires each category of object to yield a 
separate evaluation conclusion, thereby preventing favorable 
results in one category from offsetting unmet conditions in 
another through a weighted overall score. 

Implementation of the method follows four principles. First, 
object independence: completion of construction does not 
directly demonstrate model capability or closed-loop 
capability. Second, correspondence of evidence: each item of 
evidence supports only conclusions that match its content. 
Third, explicit boundaries: conclusions specify the applicable 
operating conditions, statistical window, model version, and 
test scope. Fourth, gate conditions: safety, environmental 
protection, quality, and critical protection and isolation 
functions are prerequisites for closed-loop commissioning 
and cannot be replaced by outcomes in other categories. 

3.2. Four Categories of Evaluation Objects and 
Their Evaluation Content 

This paper divides closed-loop commissioning evaluation 
into four categories: engineering delivery, model capability, 
closed-loop execution, and sustained operation and outcomes. 
The four categories respectively address whether the system 
has been constructed and is ready for use, whether the models 
can support online application within the agreed scope, 
whether strategies can produce controlled actions through the 
control chain, and what operational results are achieved after 
the system is placed in sustained operation. Table 2 presents 
the principal evaluation content, supporting evidence, and 
form of conclusion for each category. 

 
Table 2. Four Categories of Evaluation Objects for Commissioning the AI-Based Real-Time Closed-Loop Operation System 

Evaluation 
Category 

Core Question 
Principal Evaluation 

Content 
Principal Evidence Form of Conclusion 

Engineering 
Delivery 

Has the system 
been completed and 
made ready for use? 

Functions, interfaces, 
numbers of models and soft 
sensors, documentation, and 

training 

Delivery checklist, functional 
tests, and interface integration-

test records 

Degree to which the 
engineering scope has 

been fulfilled 

Model 
Capability 

Can it support 
online application? 

Physical consistency, model 
convergence rate, prediction 

deviation, feasibility, and 
limits of applicability 

Steady-state data, LIMS 
laboratory measurements, 
model outputs, and model 

reports 

Model performance under 
validated operating 

conditions 

Closed-Loop 
Execution 

Can it produce 
controlled actions? 

Control direction, time to 
reach the target, execution 

deviation, constraints, 
protection, and mode 

switching 

Open- and closed-loop tests, 
commands and PV/SV 

trajectories, and protection and 
switching records 

Execution results for the 
tested loops and scenarios 

Sustained 
Operation and 

Outcomes 

Does it remain on-
stream and generate 
operational results? 

On-stream rate, parameter 
variability, product quality, 
yield, energy consumption, 

and economic benefits 

Operation logs, DCS data, 
LIMS laboratory 

measurements, comprehensive 
project evaluation materials, 

and benefit data 

Operational outcomes 
within the statistical 

window and under the 
comparison conditions 

3.3. Rules for Evidence Use and Conclusion 
Determination 

Evaluation evidence may be generated during baseline 
confirmation, model validation, open- and closed-loop testing, 
trial operation, and comprehensive evaluation. Delivery 
checklists are used to confirm the engineering scope; 
comparisons between model outputs and LIMS laboratory 
measurements are used to evaluate model capability; open- 
and closed-loop tests and DCS operating records are used to 
evaluate execution by the control chain; and system operation 
logs and comprehensive evaluation data are used to evaluate 
sustained operation and outcomes. Evidence from one 
category may not substitute for evidence pertaining to another 
evaluation object. 

Each evaluation category yields one of four conclusions—

“satisfactory,” “satisfactory within a defined scope,” 
“additional validation required,” or “unsatisfactory”—based 
on the completeness of the evidence and its scope of 
applicability. Overall indicators and key evaluation objects 
are examined concurrently: overall average results are used to 
assess broad trends, while critical models, critical loops, and 
critical quality variables are verified individually to prevent 
averages from obscuring local differences. Conclusions 
regarding functions such as fault isolation, loop lockout, and 
reversion to DCS control are based on actual test records. 

Before testing and trial operation, the statistical basis 
should be defined, including the criteria for steady-state 
determination, statistical window, test scope, objectives and 
constraints, model version, comparison conditions, and 
records of manual intervention. Economic benefits are 
reported at two levels: estimates based on representative 
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operating periods are labeled "annualized benefit," whereas 
results calculated from one full year of continuous operating 
data are labeled "measured annual benefit." When significant 
changes occur in the crude feed, unit load, product slate, or 
model version, only the affected evaluation categories are 
revalidated and their conclusions updated [10,11]. 

3.4. Application of Category-Based Evaluation 
in Project Management 

Category-based evaluation should be incorporated into the 
project initiation and implementation-plan development 
stages. For each of the four categories of evaluation objects, 
the managing organization should separately define the 
indicator criteria, responsible departments, and evaluation 
materials: project management personnel organize the 
engineering delivery review; the modeling team is 
responsible for evidence of model capability; production 
operations and instrumentation and control personnel jointly 
verify evidence of closed-loop execution; and production, 
planning, finance, and other departments evaluate sustained 
operation and outcomes using a unified statistical basis. A 
single set of comprehensive project evaluation materials may 
contain multiple categories of results, but each data item is 
assigned to its corresponding evaluation object. 

In the evaluation of closed-loop commissioning, 
conclusions for the four categories are developed separately 
and then consolidated. When new operating conditions arise 
or the system version changes after commissioning, retesting 
is organized by affected category, without reevaluating 
unaffected engineering deliverables. This mechanism enables 
first-application projects to progressively expand the 
validated scope while controlling risk and allows evaluation 
conclusions to be translated directly into subsequent 
operation and maintenance requirements. 

4. Implementation of the AI-Based 
Real-Time Closed-Loop Operation 
Project at Yunnan Petrochemical's 
Atmospheric and Vacuum 
Distillation Unit 

4.1. First-Application Background and 
Evaluation Organization 

Yunnan Petrochemical introduced an AI-based real-time 
closed-loop operation system into its 13-million-metric-ton-
per-year atmospheric and vacuum distillation unit (AVDU), 
establishing a closed-loop chain comprising a process AI 
model cluster, unit-state reconstruction, strategy calculation, 
and an intelligent execution system (iES). The system 
comprised 785 models and 671 soft sensors, used 23 key 
process parameters for steady-state determination, and 
included four control modules and 56 key optimization 
variables. This was the first engineering application of such a 
system at Yunnan Petrochemical, and the company had no 
internal commissioning-evaluation template that could be 
applied directly. 

Given the characteristics of a first application, materials 
were organized on site according to the category-based 
evaluation method: the project initiation brief, functional tests, 
and delivery checklist were assigned to the engineering 
delivery evaluation; model outputs and comparisons with 
LIMS laboratory measurements were assigned to the model 
capability evaluation; open-loop integration testing, multi-
scenario closed-loop tests, and DCS operating records were 
assigned to the closed-loop execution evaluation; and trial-
operation records, comparable-period analyses, and 
comprehensive project evaluation materials were assigned to 
the sustained operation and outcomes evaluation. 

4.2. Category-Based Evaluation Results 
 

 
Figure 1. Adjustment Times and Execution Deviations of 16 Single-Variable Loops During Open-Loop Integration Testing 
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Figure 2. Target-Variable Changes and Furnace-Load Calculations in Representative Closed-Loop Scenarios 

 
(1) The engineering delivery evaluation confirmed that the 

models, soft sensors, control modules, interfaces, and 
computational tasks had been completed in accordance with 
the specified engineering scope. 

(2) The model capability evaluation confirmed a model 
convergence rate of 98.13%, meeting the project target of at 
least 98%. The arithmetic mean of the prediction deviations 
for seven key product properties was 2.00 °C, with individual 
deviations ranging from 0.7 to 3.5 °C. 

(3) The closed-loop execution evaluation was based on 
open-loop integration testing of 16 single-variable loops and 
multi-scenario closed-loop testing. Adjustment times for 
individual loops ranged from 13 to 47 min, with a median of 
23 min; the maximum absolute execution deviation was 0.17; 
and the control direction and four liquid-level protection logic 

functions met the test requirements. The closed-loop tests 
covered increased jet-fuel production, increased naphtha 
production, switching of business objectives, changes in 
processing load, and changes in the blended-crude ratio. 
Under the tested scenarios, specified objectives, and site 
constraints, the system completed operating-plan calculations, 
issued instructions, and made continuous adjustments. 
Conclusions on fault isolation, loop lockout, and reversion to 
conventional DCS PID control under conditions of 
communication interruption, upper- and lower-limit conflicts, 
and abnormal critical-loop status were based on actual test 
results. Figure 1 shows the adjustment time and execution 
deviation for each single-variable loop, and Figure 2 presents 
representative closed-loop scenarios and the corresponding 
operating-plan calculation results. 

 
Table 3. Category-Based Evaluation Results for the Yunnan Petrochemical Case 

Evaluation Category Evaluation Object Case Evidence Evaluation Conclusion 

Engineering Delivery 
Models, soft sensors, and 

control modules 
785 models, 671 soft sensors, and four 

control modules 
The engineering scope and basic 
conditions for use were satisfied 

Model Capability 

Convergence of model 
calculations 

Model convergence rate of 98.13% 
Met the project target of at least 

98% 

Seven product-quality 
models 

Mean prediction deviation of 2.00 °C; 
individual deviations of 0.7–3.5 °C 

Conclusions were established 
separately within the validated 

operating conditions 

Closed-Loop 
Execution 

Loops tested in open loop 
and closed-loop scenarios 

Open-loop testing was completed for 16 
loops, with continuous rolling execution 

across multiple scenarios 

Requirements were met for the 
tested loops and scenarios 

Sustained Operation 
and Outcomes 

System operation 
All four control modules were on-stream; 

on-stream rate of 100% 
Met the project target of at least 

95% 
Twenty key process 

parameters 
Average variance decreased from 2.00 to 

1.46, a reduction of 27.00% 
Overall stability improved, with 
individual differences retained 

Seven key product 
properties 

Standard deviations decreased by an 
average of 33.25% 

Product-quality stability improved 

Jet-fuel yield 
Increased from 11.34% to 13.40%, a gain 

of 2.06 percentage points 

The conclusion was limited to the 
comparable periods and production 

conditions 

Economic benefits 
Benefit per metric ton of crude 

processed: RMB 9.36; annualized 
benefit: RMB 77.4147 million 

Met the project target of at least 
RMB 30 million/year 

(4) The sustained operation and outcomes evaluation used 
trial-operation statistics, comparable-period analyses, and 
comprehensive project evaluation data. All four control 
modules were on-stream, for an on-stream rate of 100%; the 
average variance across 20 key process parameters decreased 

from 2.00 to 1.46, a reduction of 27.00%; and the standard 
deviations of seven key product properties decreased by an 
average of 33.25%. During the comparable periods, jet-fuel 
yield increased from 11.34% to 13.40%, an increase of 2.06 
percentage points. The comprehensive project evaluation 
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showed that the benefit per metric ton of crude processed 
increased by RMB 9.36, yielding an annualized benefit of 
RMB 77.4147 million based on an annual processing volume 
of 8.2708 million metric tons. These results supported 
conclusions on sustained operation and outcomes under their 
respective statistical windows and comparison conditions. 

Table3 summarizes the category-based evaluation results 
for this case. After categorization, the model convergence rate, 
on-stream rate, stability, quality, and benefit data in the same 
set of comprehensive project evaluation materials each 
answer the corresponding management question, avoiding the 
reduction of multiple categories of results to a vague 
judgment that "overall requirements were met." 

4.3. Validation of the Applicability of the 
Category-Based Evaluation Method and 
Supplementary Evaluation Under 
Changing Operating Conditions 

The Yunnan Petrochemical case validated the applicability 

of the category-based evaluation method in three respects: the 
delineation of evaluation objects, the use of evidence, and the 
boundaries of conclusions. First, engineering delivery, model 
capability, closed-loop execution, and sustained operation and 
outcomes each yielded a separate evaluation conclusion, 
thereby avoiding the conflation of results at different levels. 
Second, the conclusion for each category was supported by 
the corresponding evidence: short-duration tests were used to 
assess closed-loop execution capability under the scenarios 
tested, whereas sustained-operation results were based on 
trial-operation and comprehensive-evaluation data. Third, the 
evaluation conclusions specified the operating conditions, test 
scope, and statistical basis to which they applied; when 
operating conditions changed, supplementary evaluation was 
conducted only for the affected categories. Figure 3 presents 
the quantitative results for fluctuations in key process 
parameters and product quality stability in the sustained 
operation and outcomes evaluation. 

 
Figure 3. Comparison of Key Process Parameter Fluctuations and Product Quality Stability 

 
Following completion of the first round of closed-loop 

commissioning evaluation, the operating load of the unit 
changed significantly. Yunnan Petrochemical's atmospheric 
and vacuum distillation unit (AVDU) has a design processing 
capacity of 1,548 t/h. Owing to factors including crude-oil 
supply, the unit's actual throughput during closed-loop testing 
was approximately 980 t/h, representing a relatively low 
operating load. After the closed-loop tests, the unit began a 
gradual throughput ramp-up on July 28, 2026, and its crude-
oil throughput increased to 1,500 t/h, essentially reaching the 
design load. Because a change in operating load may expose 
the models to a new sample range, this supplementary 
evaluation covered only the affected model capability 
category and focused on reassessing product quality 
prediction accuracy. The engineering delivery conclusion and 
the previously validated closed-loop execution scenarios 
were not reevaluated, while sustained operation and outcomes 
continued to be monitored over a separate statistical window. 

From July 28 to 30, 9 valid pairs of LIMS laboratory 
measurements and model predictions were obtained for the 
flash point, freezing point, and final boiling point of the 
atmospheric column first side-draw product, as well as the 
final boiling point of the Stage-1 atmospheric overhead 
product. Based on the valid samples, the overall mean 
absolute error (MAE) was 0.99 °C and the maximum absolute 
error was 2.60 °C; the MAEs for the four properties were 
1.20 °C, 0.40 °C, 1.35 °C, and 0.90 °C, respectively. The 
results show that product quality prediction maintained high 

accuracy under near-full-load operating conditions, that the 
model exhibited good adaptability to changes in processing 
load, and that the model capability evaluation conclusion can 
be extended to the range of operating conditions covered by 
this supplementary test. The comparison results are shown in 
Figure 4. 

Thus, category-based evaluation is applicable both to initial 
closed-loop commissioning evaluation and to supplementary 
evaluation and model maintenance after commissioning when 
operating conditions change. This method translates the 
uncertainty of innovative technology into management 
conclusions that are differentiated by evaluation object and 
evidence type and bounded by a defined scope, enabling 
enterprises to confirm system capabilities and progressively 
expand the scope of application while maintaining safety and 
quality boundaries. 

5. Conclusion 
(1) An AI-based real-time closed-loop operation system for 

a refining and petrochemical unit integrates models, strategies, 
and execution into the production control chain. The first 
application of such a system at Yunnan Petrochemical 
required innovation not only in technical implementation but 
also in management methods during closed-loop 
commissioning. The unified evaluation method used for 
conventional information technology projects, which centers 
on task delivery and the deployment of system functions, 
cannot fully assess the commissioning status of such a system. 
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Figure 4. Comparison of LIMS Laboratory Measurements and Model Predictions for Product Quality under Increased-Throughput 

Operating Conditions 
 

(2) The category-based evaluation method proposed in this 
paper divides closed-loop commissioning into four categories: 
engineering delivery, model capability, closed-loop execution, 
and sustained operation and outcomes. It establishes a 
mapping across the chain of “evaluation object—indicator—
evidence—statistical basis—conclusion.” The four categories 
each yield a separate evaluation conclusion, while gate 
conditions, item-by-item checks of key objects, and 
conclusion updates control the evaluation boundaries. 

(3) The Yunnan Petrochemical case demonstrates that the 
category-based evaluation method can support separate 
determinations for engineering delivery, model capability, 
closed-loop execution, and sustained operation and outcomes: 
an implementation scope of 785 models and 671 soft sensors 
was confirmed; the model convergence rate reached 98.13%; 
closed-loop execution capability was validated for 16 single-
variable control loops and multiple scenarios; and the system 
on-stream rate reached 100%, while the average variance 
across key process parameters decreased by 27.00% and the 
standard deviations of key product properties decreased by an 
average of 33.25%. Evidence from each category 
independently supports the corresponding evaluation 
conclusion while also providing mutual corroboration, 
demonstrating that the method is applicable to evaluating 
commissioning management for the first innovative 
application of an AI-based real-time closed-loop operation 
system in a refining and petrochemical unit. 

(4) The category-based evaluation method can also support 
ongoing management after commissioning. When the crude-
oil feedstock, operating load, product slate, or model version 
changes, enterprises can conduct supplementary validation 
for the affected evaluation categories and update the scope of 
applicability, thereby keeping evaluation conclusions aligned 
with plant operating conditions and system versions and 
providing a reference for the engineering deployment of 

similar AI-based real-time closed-loop operation systems in 
refining and petrochemical units. 
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