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Nesta dissertagao, é proposta a utilizagao de modelos de aprendizado de maquina
para o diagnostico de desempenho de controladores preditivos, isolando e identifi-
cando o tipo de falha. E proposta a utilizacdo de modelos de classificacdo binaria
em cascata, uma vez que sao mais especializados na diferenciacao da falha e podem
ser utilizados de maneira modular, em conjunto com outros modelos ou técnicas de
identificagao e diagnostico. Para a avaliacao da metodologia, dois estudos de caso
foram utilizados. O primeiro consiste em um problema de referéncia (benchmark),
o reator de van de Vusse, cujo modelo é simples e com poucas variaveis, mas nao
linear, controlado por um controlador preditivo nao linear (NMPC). O segundo con-
siste em uma coluna desbutanizadora, simulada no Aspen Dynamics e controlada
pelo controlador comercial DMC3, da AspenTech, faz uso de modelos lineares. Esse
estudo de caso possui mais varidveis e malhas de controle organizadas em hierarquia,
semelhante ao observado em uma indistria de tratamento de gas. Os modelos de
aprendizado de maquina utilizados foram a Floresta Aleatoria, a Perceptron Multi-
camadas e a Rede Neuronal Recorrente. Os resultados mostraram que modelos sao
capazes de realizar a classificagdo corretamente e distinguir a causa da anormali-
dade, mesmo na presenca de ruido nos dados. Para cada tipo de diagnéstico, houve
um modelo de aprendizado de maquina com melhor desempenho do que os demais,
o que evidencia que diferentes modelos podem ser rearranjados para serem utiliza-
dos quando forem mais adequados. Ao final dessa dissertacao, é apresentada uma
analise das métricas comerciais e como a metodologia proposta é mais competitiva

para o rapido diagnostico das malhas de controle.
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This dissertation proposes the use of machine learning models for performance
diagnosis of predictive controllers, isolating and identifying the type of faults. The
use of cascaded binary classification models is proposed, as they are more special-
ized in fault differentiation and can be used in a modular way, in conjunction with
other identification and diagnostic models or techniques. Two case studies were
used to evaluate the methodology. The first consists of a benchmark problem, the
van de Vusse reactor, whose model is simple and with few variables, but non-linear,
controlled by a non-linear predictive controller (NMPC). The second consists of a
debutanization column, simulated in Aspen Dynamics and controlled by the com-
mercial DMC3 controller from AspenTech, which uses linear models. This case study
has more variables and control loops organized in a hierarchy, similar to that ob-
served in a gas treatment industry. The machine learning models used were Random
Forest, Multilayer Perceptron, and Recurrent Neural Network. The results showed
that the models are able to correctly classify and distinguish the cause of the ab-
normality, even in the presence of noise in the data. For each type of diagnosis,
one machine learning model performed better than the others, demonstrating that
different models can be rearranged for use when most appropriate. At the end of
this dissertation, an analysis of commercial metrics is presented, along with how the

proposed methodology is more competitive for the rapid diagnosis of control loops.
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conditions. This value is used as a baseline to monitor the PC' AT value found in
the process.

The GUT is the degree of utilization of the controller, and it is widely used in
industry. It measures the degrees of freedom available for the control system. It is
a simple metric that has a great impact on the ability of the controller to achieve
stability and profitability. PM AT, on the other hand, is the percentage of active
manipulated variables. It quantifies the manipulated variables that are not available
for the controller. Once the manipulated variables usually have rigid constraints,
those variables have limited actions when activated, which also eliminates the control
efforts to control the system. For this reason, it is important to minimize PM AT
to guarantee an adequate control performance.

Another metric used is FATOP, which indicates the percentage of time the
controller was on. This metric indicates whether the system is being used, and
operators must indicate on reports why the controller was turned off.

In an ideal scenario, the FATOP is equal to 100%, IPCAT and GUT in their
maximum values, while PM AT is in its minimum. In case there is I[PCAT and
GUT values lower than usual, it indicates that the controlled variables are not being
driven to their limits due to insufficient manipulated variables turned on. In other
scenario, when GUT and PM AT values are high, but I PC AT is low, this indicates
that active manipulated variables are present in the system, but their operational
range has been limited by the operator, which does not give the controller sufficient
degrees of freedom to optimize the process. Another scenario is when GUT is high,
while PM AT and I PCAT are low, which means the manipulated variables are on,
the controller has its degrees of freedom, but the control performance is poor, and
the control project should be re-evaluated to find possible causes and answer the
question: what is the root cause of the control performance issue?

Nevertheless, these metrics are not suitable for diagnosing the root cause of their
unexpected values, as such behavior may arise from loss of model quality, improper
tuning under new operating conditions or due to process nonlinearities, as well as
issues in the regulatory loops or constraints not accounted for during the design
stage. For this reason, other tools need to be developed to diagnose the system and

adjust the control system over time.

Aspen Watch Performance Monitor

Aspen Watch Performance Monitor is Aspen Tech’s software for monitoring control
loops. Its metrics are grouped into libraries. The Basic library has 57 metrics, while
the Extended library has 86. There are also a library focused on crude oil distillation
and a library for quality analysis.

The Extended library has three main groups of metrics: the General’s, the Ma-
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Figure 4.9: Normalized confusion matrices for each approach using Optuna-based
MLP models after the overall implementation.

correctly than the SMLM approach, which is a consequence of the lower performance
of the detection stage (Model 1). For diagnosing tuning issues, the CMLM had
slightly better results. This might be due to the specialization of the CMLM models,

which gives them the capability to capture data correlation of each fault individually.

Conclusions

The CMLM approach has similar or even better performance when compared to the
SMLM approach. Even though the presence of multiple ML models might increase
the computational cost of this approach, it is possible to choose an effective type of

architecture that decreases the number of required parameters without compromis-
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Figure 4.10: Confusion matrices for each approach using pyramid-based MLP models
after the overall implementation.

ing model performance.

By comparing the performance during the overall implementation of both types
of ML techniques, it is also evident that the Optuna-based MLP models have sim-
ilar performance to the optimized Random Forest models used in the CMLM. The
pyramid-based MLP in the CMLM had a lower performance, mainly in the diagnosis
of valve stiction. A more precise answer to which model is better will need more

analysis and may depend on each case.

4.5.2 Noisy Data

The noisy data was generated to evaluate the ML models’ robustness under measure-

ment uncertainty. The noise follows a Gaussian distribution and was implemented
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sis of normal data was the most affected one, with a lower performance for CMLM.
In contrast, other diagnoses, especially with valve stiction, were mislabeled as nor-
mal for the SMLM. This suggests that, in this case, the SMLM approach yields false
negatives in abnormality detection. The CMLM approach, on the other hand, seems
to give more false positives, since some normal data was misclassified as abnormal.
The valve stiction diagnosis was better for the CMLM, while the diagnosis of mis-
match in the parameter Cp was also slightly better for the CMLM approach. The

diagnosis of a mismatch in the parameter ko ; was quite similar for both models.
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Figure 4.13: Normalized confusion matrices for each approach using Optuna-based
MLP models after the overall implementation.
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Figure 4.15: Normalized confusion matrices for each approach using one-layer-based
Simple RNN models after the overall implementation.
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