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Abstract

Consistent bath temperature regulation in aluminium smelting pots remains challenging despite
technological advancements. In potlines, bath temperature plays a crucial role as it has a direct
impact on the productivity of the pots. In the past, a few Artificial intelligence/Machine learning
(AI/ML) models have been developed that offer predictive capabilities, but these models lack
practical interpretability for control actions. This paper introduces a novel approach using
SHapley Additive exPlanations (SHAP), an explainable Al framework, where this Al model not
only does the prediction but also uses the same data to prescribe actions. This method, not only
predicts temperature variations but also uncovers factors causing these fluctuations, filling the
gap between continuous thermal measurements for real-time monitoring and control. It
autonomously generates actionable insights 16 hours before measurement, enabling potroom
engineers to implement effective control strategies. This has resulted in decreasing the number of
pots with temperatures greater than 970 °C per day.

Keywords: Bath temperature, Temperature regulation; SHapley Additive exPlanations (SHAP).
1. Introduction

Primary aluminium is produced in Aditya Potline, located in Odisha, India, which operates at
about 960 °C. The pot design and its operating parameter play a crucial role in pot thermal balance,
which is reflected in bath temperature and superheat. Controlling bath temperature on day-to-day
basis is tedious task. Multiple parameter variations like AlF3, alumina enrichment, high energy
anode effect, pot high voltage, add multi-dimension complexity to the whole process of
controlling temperature. Both, high and low temperatures are equally problematic as both
contribute to productivity loss, and pot life reduction. Higher temperature tends to melt ledge,
thereby disturbing bath chemistry and metal purity. Lower temperature on the other hand tends to
increase overall instability of the pot, thereby impacting production. To address such complexity,
Digital Twin of aluminium smelting process plays an important role [1]. The proposed solution
in this paper has three functionalities: first, it predicts whether the pot will be on higher
temperature, second, why it will be on higher side, and third, actions needed to prevent it.

In the approach discussed in this paper, machine learning and SHAP (SHapley Additive
exPlanations) is preferred over other the high-fidelity models, due to numerous reasons starting
with interpretability, which lacks in other high-fidelity models [2]. Other reasons include shorter
execution/running time of the model, facilitating scalability, flexibility and automation.
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Machine Learning (ML), a crucial subset of artificial intelligence, is fundamentally reshaping our
world. Despite its transformative potential, ML models are often criticized for their lack of
interpretability, as most of details are hidden in a 'black box' model. SHAP is a tool that seeks to
address this issue by providing insights into the decision-making process of ML models. SHAP
in the past has been used in multiple domains including Manufacturing, Healthcare, Finance and
Marketing. In manufacturing SHAP has aided plant engineers to interpret machine learning
models to identify causes of machine failure and increased uptime. In finance, it has been used
for credit risk assessment of financial institutions.

Primarily, without SHAP, understanding the reasoning behind ML model predictions become
challenging. This opacity can lead to mistrust among users and stakeholders, making it difficult
for them to rely on the models' decisions and to take control actions. In case of bath temperature
prediction, there were similar challenges in the beginning. We were having prediction about pots
which will be at higher temperature but due to lack of interpretability, Operation/ Process team
had to spent lot of time analysing data of the predicted pots and identify control actions. Hence in
this study the focus had been to provide the key controllable parameters, which would help in
regulating the bath temperature in desired range for individual pots. In specific, this paper
underscores the importance of interpretability tools like SHAP in effectively deploying ML
models and how this technology helped in effectively improving bath temperature regulation in
our potline.

2.  Explainable Al in Potroom

Explainable Al is a set of methods and processes that helps humans to retrace how Al algorithm
reached the result. In simpler terms, it helps humans to understand why Al has given certain
predictions. In our case we have utilised this technology to identify reasons behind bath
temperature increase. Explainable Al has lot of potential in potlines. It can be used in hot metal
production improvement, and high availability of equipment. For example, it can be used for
current efficiency pattern analysis, variations in bath chemistry, equipment downtime analysis,
etc.

In Figure 1, we summarize our machine learning approach in four phases: First phase is training
and development, where model is trained on labelled historical data. Second phase is for testing
and deployment, where model is tested on unseen data and deployed after achieving user required
accuracy, in our case it was 70 %. The model is then deployed. Third phase is interpretability,
where model predictions are used in real time for taking control actions based on interpretation
by SHAP. Fourth phase is for monitoring, where a mechanism is placed to check variations in
data; if variations are different from the training data set, then the model is retrained. All the
phases will be explained in detail in this paper, along with diagrams.
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Interpretability Monitoring

* Modelis * Model is * Model is * System is
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environment input data any data drift
and then and outcome or variations
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Figure 1. Phases of the model.
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2.1 Stages from Model Development to Explainability

Development of the models requires historical data set to train the models. We collected and
stored two years of pot operation and bath chemistry data to train our model. After achieving the
goal of data collection, rigorous data exploration was done. As data can have variables of count
up to 100, we cannot use all the variables to train our model. Using correlation matrix, we
identified around 24 variables, such as excess AlF3, instability, pot actual resistance, set point
resistance, bath height, number of anode effects in the last 12 hours, average underfeed duration
and so on, which were highly correlated to the variation of bath temperature. These variables after
pre-processing, where some variables were averaged and some variables were added to their last
12 hours values depending upon correlation values, were then fed into the model for training.

This phase has two data sets, training, and dev sets [2]. As the name suggests, training data set is
used to map the input function with output, in our case it is pot operation and bath chemistry data
for input and temperature as output, we use dev set for validation, and tune the model on unseen
data. Tuning also includes optimizing hyperparameters, which delivers best model performance.
The model development process can be seen in Figure 2 [2]. For the training purpose we used 75
% of the data and remaining 25 % for the validation.

Historical data Training and cross-validation

O LEARNING

Figure 2. Development phase of the model.

The objective of the model developed was to give prediction 16 hours (2 shifts) before the actual
measurement of temperature for the pots whose temperature are expected to be 2 970 °C. In the
testing phase, the model was run on test data set (unseen data) to observe the model performance.
If the model performance is unsatisfactory, it is sent again for training [2]. The second phase of
model training is depicted in Figure 3 [2].

Historical data L Training and cross-validation

Learned
model

Figure 3. Testing phase.
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In the deployment phase, the model is deployed and runs on new unseen data, such as pot data
for current shift. The prediction done by model is then used by end users to take control action.
This is very crucial phase as it involves taking actions on pots. The deployment approach can be
seen in Figure 4 [2].
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Figure 4. Deployment phase.

mmmmma  Validation

O LEARNING

Understanding phase is about how the model came up with these predictions; this involves
studying features and their correlations. This phase ensures that the model does not have data
leakage and biases. Data leakage means that any input feature was having information about the
outcome, and unintentionally, we have used that feature that will downgrade the model
performance exponentially, while it is used in production. Bias means that the model is making
prediction, which is favouring some type of output class, for example in this case, the model can
be inclined more towards the pots, which are already at higher temperature. The overview of
interpretation phase can be seen in Figure 5 [2].
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Figure 5. Interpretation phase.

Explainable phase is about interpretation on how the model came up with the prediction. In this
phase, interpretation is done in an understandable and readable format for humans. The output
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can have feature names in descending order, which are responsible for prediction, along with the
feature value. The explainable phase is shown in Figure 6 [2].
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Figure 6. Explainable phase.

The last phase is monitoring phase, which is introduced in the production environment to take
care of data drift. The purpose is to track data distribution in production and its testing. The
performance of the model can vary if there is a data drift between production and training. An
overview of monitoring phase can be seen in Figure 7 [2].
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Figure 7. Monitoring phase.
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2.2 Model Output

The prediction also involves identification of the first three parameters or variables which are
major contributors. Figure 8 shows part of email alert received by all the process and operation
team.

For Date POT | Feature 1 Feature 1 Feature 2 Feature 2 Feature 3 Feature 3 Action Recommended
Value Value Value

23:)205(/)%01:2,14 6 ALF%FEE 70 Manganese 9 Instability 11233 Check instability

23(/)205 (/)f)oéﬁa 9 | Resistance | 192 | Manganese | 10 L‘*St:f;:;md 966 Check whether RKM is high

| 16 [t | mss [P AT gy [Ty | b i

23(/)205(/)%013;\‘/[ 18 ALF%FEE 70 Sodium 99 Manganese 10

23(/)%)56%0}%;\‘4 25 La:(’;:r;:;ur 969 Resistance | 17.71 | Feeder Time 2.74

238205 (/)%Olfid 34 U“dTeirnff:df 11646 | Instability | 41.67 | Resistance | 17.81 Chifiﬁ;eﬁﬁféﬁZﬁfﬁfﬁﬁiﬁCk

Figure 8. Typical view of email alert received by potroom team.

The team receives email each shift, two shifts in advance before actual measurement in pots whose
temperature is expected to be 2 970 °C. The mail is auto generated, and it identifies for each pot,
factors contributing, along with feature value used in the model and recommended actions to take
control action. So, the email alert given by model, includes prediction, as well as explainable part
which includes parameters contributing and prescription part which tells what control action to
take. For example, in Figure 8, it can be seen that for each pot prediction, there is a prediction
date, which is shift date and time, when actual measurement will be taken, followed by
interpretation which includes feature name and its values, these are actual aggregated values used
in model as input, and in the end-action recommended based on interpretation. For some of the
interpretations we are working on actions and for some interpretations, action cannot be deduced.

2.3 Model Performance

Model performance has two important parameters, Precision and Recall. Although there many
other parameters like sensitivity, f-score, accuracy, etc., but for the simplicity and scope of this
paper, only Precision and Recall are considered and explained. The formula for the calculation is

given in Equations (1) and (2):

(True Positive)

Precision= — — )
(True Positive + False Positive)
Recall= (T@e Positive) . @)
(True Positive + False Negative)
where:
True Positive Pots actually at high temperature and model also predicted correctly
False Negative Pots actually at high temperature but model failed to predict (missed).

The terminology Precision signifies that for the total pots predicted by the model to be at higher
temperature, how many of them were at higher temperature (correct). On the other side, Recall

1148



TRAVAUX 53, Proceedings of the 42nd International ICSOBA Conference, Lyon, 27 - 31 October 2024

means of the total pots at higher temperature, how many of them were correctly predicted by the
model. Figure 9 demonstrates, Precision and Recall numbers obtained during testing phase. The
average precision was 72 %, whereas the average recall was about 35 %.
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Figure 9. Model performance: Precision vs Recall.
3. Results

By using explainability in the developed Al model, we were able to figure out main reasons
behind temperature spikes. Below is the summarized analysis for the 5 000 predictions, where the
counts have been plotted with reference to occurrence of features in the prediction. It can be seen
in Figure 10, that out of total samples, the resistance, the sodium level, and last measured
temperature score the highest occurrence.
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Figure 10. Counts of feature occurrence in 5000 predictions
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With the deployment of model and other improvement jobs, the smelter was able to bring down
count of pots operating at high temperatures. The number of counts predicted by the model can
be seen in Figure 11.

1149



TRAVAUX 53, Proceedings of the 42nd International ICSOBA Conference, Lyon, 27 - 31 October 2024

Counts (greater than 970 deg)
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Figure 11. Counts of pots with bath temperature = 970 °C.

Below is the plot of Aditya potline standard deviation from January 2022 to February 2024. We
can see that standard deviation has improved by more 1 °C. The plot, Figure 12, gives clear
impression that the potline has benefitted from the implementation of the model.
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Figure 12. Standard deviation of bath temperature month-wise.

4. Conclusions

The paper demonstrates the efficacy and versatility of SHAP (SHapley Additive exPlanations) in
the realm of predictive analytics. By providing intuitive and insightful explanations for the peaks
in bath temperature as well as the underlying factors driving those predictions, the process/
operation team were able to take control actions effectively.

The bath temperature prediction project started with predicting pots whose temperature may cross
threshold in the next measurement cycle. In due course with challenges faced during development
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and testing, feedback received from process and operation team, it was concluded that just by
providing the pot name did not work, as after prediction, the team had to spend a lot of time to do
manual analysis to identify and take control action. After doing lots of testing, it was found that
the SHAP will be the right solution for the problem, and it eventually solved the problem. After
getting features responsible for the prediction, a loo- up table was created to do prescription based
on output received after interpretation.

Although in this study focus was on just the bath temperature prediction, it becomes evident that
SHAP holds immense potential for enhancing transparency, trustworthiness, and interpretability
in predictive modelling of other key parameters. With further research and refinement, this
technology has potential to pave the way for more interpretable and actionable insights in the
potline in the future.
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