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ABSTRACT

Model adaptation to production environment is critical for reliable Machine Learning Operations
(MLOps), less attention is paid to developing systematic framework for updating the ML models
when they fail under drift. This paper compares the transfer learning enabled model update strat-
egies including ensemble transfer learning (ETL), all-layers transfer learning (ALTL), and last-layer
transfer learning (LLTL) for updating the failed feedforward artificial neural network (ANN) model.
The flue gas differential pressure across the air pre-heater unit installed in a 660 MW thermal
power plant is analyzed as a case study since it mimics the batch processes due to load cycling
in the power plant. Updating the failed ANN model by three transfer learning techniques reveals
that ETL provides relatively higher predictive accuracy for the batch size of 5 days than those of
LLTL and ALTL. However, ALTL is found to be suitable for effective update of the model trained
on large batch size (8 days). A mixed trend is observed for computational requirement (hyperpa-
rameter tuning and model training) of model update techniques for different batch sizes. These
empiric insights obtained from the batch process-based industrial case study can assist the
MLOps practitioners in adapting the failed models to drifts for the improved monitoring of industrial

processes.
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INTRODUCTION

The industrial operations have nonlinear character-
istics, meaning that change in the process conditions
over time and equipment changeover may result in
changing patterns of correlations between the process
variables. The “static” data-driven models trained on
“fixed data-distributions” may not handle non-stationary
data streams of industrial processes and are not suitable
for their deployment for long-term monitoring tasks. This
is attributed to data drift (shift in covariance due to
change in data distributions between the input variables
of process) and/or concept drift (the underlying relation-
ships between the input and output variables of process
are changed) that drive the model failure.

https://doi.org/10.69997/sct.170710

The data-driven models are retrained on the new
data streams in order to maintain their predictive accu-
racy for new data-distributions. The potential caveat with
this approach is the “catastrophic forgetting”, meaning
that the model parameters have been tuned to the new
dataset and may not predict well the historical data the
model was trained on [1]. Initially, Geoffrey E. Hinton hy-
pothesized that small changes in model parameters for
their tuning to new data may collectively cancel out their
effect on historical data [2]. However, McCloskey and
Cohen [3] and Ratcliff [4] showed that sequential training
of simple neural networks on disjoint sets of data results
in significant forgetting even when the models are up-
dated on small amount of new data.

To address the potential issue of catastrophic
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Figure 1. Schematic on transfer learning-based model update framework for process monitoring.

forgetting, continual learning approach is used in updat-
ing the model parameters and it balances the trade-off
between the plasticity (learn new dynamics) and stability
(retaining historical information) through experience re-
play and regularization techniques during the model up-
date mechanism [5]. On the other hand, online learning
retrains the model on a single or batch of data continu-
ously once the model is productionised [6]. Online learn-
ing offer high adaptability to the model to the incoming
data stream or concept drift; however, it suffers from cat-
astrophic forgetting. Just-In-Time-Learning is another
model update paradigm where a local model is trained on
the incoming data stream and similar data queried from
the historical data [7]. Just-In-Time-Learning offers high
accuracy to approximate nonlinear dynamics of system.
However, it has higher computational and memory re-
quirement and may not extrapolate when system enters
in the new operating model where historical data is not
available. To enable the high predictive accuracy and re-
ducing the computational expense for the models in pro-
duction, transfer learning approach is also implemented
where parameters of trained model (source domain main-
tained on historical data) are transferred for adapting
them with the “target” domain (drift in data) through min-
imal requirement of data [8].

The literature studies identify the importance of up-
dating the model for their adaptability to the changing in-
dustrial operations. In [9], the neural network parameters
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in all layers are tuned upon the detection of drift and re-
sulting updated model was deployed for digital twin ap-
plications. In another study [10], the researchers have al-
located the epoch budget and bounds on learning rate
for updating the model parameters completely. Similarly,
transfer learning is also implemented for model adapta-
tion to source domain [11]. However, it is noted that much
of research attention is paid to update the model param-
eters, the effect of batch-size on updating the model pa-
rameters by transfer learning-based model update tech-
niques is not studied systematically. More importantly, it
remains largely unknown how transfer learning driven
model update techniques including ensemble transfer
learning (ETL), all-layers transfer learning (ALTL), and
last-layer transfer learning (LLTL) for neural networks in
combination with batch size and how it would affect the
predictive accuracy of the model. These fundamental is-
sues about the selection of model update techniques
considering plasticity vs stability and the computational
expense are not investigated systematically to obtain
mechanistic insights about addressing these issues.
Motivated by the current research gaps, this paper
investigates the effect of batch size and transfer learning
driven model update techniques (ETL, ALTL, LLTL) to ad-
dress the concept drift for updating the feedforward ANN
model. The flue gas differential pressure (DP) across the
air preheater installed in a 660 MW thermal power plant
is considered as a case study. Flue gas DP is correlated
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Figure 2. Characteristics of data collected for heat exchange across air preheater. (a) Data drift is observable in
data collected for month of January and April. (b) Correlation structure between the operating variables is also
changed for the two months (lower diagonal: January, upper diagonal: April) and data & concept drift is present in

the collected data.

with load cycling (ramp-up and ramp down) and is
treated as a batch process which is observable from the
data visualizations. This allows to transfer the findings
from this case study to the dynamics of batch processes
which are carried out in various chemical engineering ap-
plications. A systematic comparison is made to reveal the
effect of batch size on the predictive accuracy of up-
dated model by three techniques, changes in the weight
space of the updated models as well as their computa-
tional requirement. Moreover, the evolution in the feature
importance is also investigated by SHapley Additive Ex-
planations (SHAP) when the models are updated to re-
veal their stability for industrial monitoring tasks. These
fundamental and empiric insights obtained through the
industrial case study can assist the MLOps practitioners
in adapting the failed models to drifts for the improved
monitoring of industrial processes.

METHOD

Figure 1 shows the transfer learning enabled model
update framework developed in this work to monitor the
flue gas DP across the air preheater. Two months of data
is collected separately for the month of January and April
for the model development on the two batch sizes of 5
days and 8 days. Initially, a set of two batches (for 5 days
and 8 days each) is used to train ANN models under hy-
perparameters optimization (learning rate, number of
Ashraf et al. /| LAPSE:2026.0311
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neurons in the hidden layer). The models are evaluated
on coefficient of determination (R%? and root-mean-
squared-error (RMSE) on the test data (20% of set).
Later, the trained models are deployed as MLOps to pre-
dict the Flue Gas DP for the rest of batch data. When daily
average error (RMSE and MAE) remains above the twice
of test data (observed during model training) for three
times consecutively, model update mechanism is trig-
gered. A set of the batch data where model fails and the
consecutive previous batch data (buffer data for model
retraining) is used to update the model by transfer learn-
ing driven approaches (ETL, LLTL and ALTL). Later, the
models trained by the three approaches are put into
MLOps again to predict the rest of the collected data.
This allows to compare the predictive accuracy of the
model against the ground truth already available in the
collected data. The stability of the models in terms of
evolution of feature importance for the trained and up-
dated models under different batches and model update
approaches are investigated by SHAP framework. The
feature evolution is affected by the process dynamics;
however, they can be corrupted by the ineffective model
update and mapping created in the model. The computa-
tional time consumed to train and update the models are
also recorded to investigate the suitability of transfer
learning enabled model update approaches for MLOps.
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RESULTS: MONITORING DIFFERENTIAL
PRESSURE ACROSS AIR PREHEATER

Data Characteristics

The operating variables across the air preheater for
modelling flue gas DP (Pa) are as follows: flue gas inlet
temperature (°C), flue gas outlet temperature (°C), sec-
ondary air inlet temperature (°C), secondary air outlet
temperature (°C), primary air inlet temperature (°C), pri-
mary air outlet temperature (°C), and oxygen inlet (%), ox-
ygen outlet (%). The historical operation data of the vari-
ables is collected at the averaging interval of 10 minutes
and 8 minutes, respectively, for the month of January and
April in order to explore the capacity and efficacy of mod-
els to handle different sampling frequency of data collec-
tion for the monitoring task. This allows us to mimic the
real-life situation when sampling frequency of data col-
lection is affected by data storage and maintenance
costs and in turn investigate how the model responds to
this transition yet ensuring acceptable predictive accu-
racy.

Figure 2(a) presents the data-distribution profiles
of a few operating variables for the months of January
and April. The asymmetric data-distribution as well as
data drift are visually observable for the variables, and
are further quantified by population stability index (PSI)
and Cramér-von Mises (CvM). PSI ranges from 1.89 to
23.15 and CvM statistics from 72.4 to 658.9 with p-val-
ues less than 0.001 confirm drift in the data observed in
two datasets sampled at multi time-scale sampling. Pri-
mary air inlet temperature exhibits the strongest data
drift across both metrics (PSI=23.15, CvM=658.9) and
flue gas DP (PSI=1.89) and oxygen outlet (CvM=72.4)
show the relatively smaller data drift, yet noticeable for
potential model failure. The correlation between the pair
of variables (input-input & input-output) is computed for
the two months separately (shown on Figure 2(b)) and
reveals that correlation between the pair of variables is
changed in the two datasets (data and concept drift are
present in the data). This indicates different operating
modes of operation are observed for the air preheater
and this is useful for the monitoring evaluation capacity
of the trained model once deployed in production.

Training of ANN model and update under two
different batch sizes

Feedforward ANN models are trained on a set of two
batches of 5 days and 8 days separately, taken from the
data of January. These two batch sizes are considered
based on the operating characteristics of air pre-heater
as influenced by power generation mode and soot depo-
sition in the heat exchanger plates. During the training of
model, hyperparameters of the ANN model (hidden layer
neurons, learning size, number of hidden layers) are
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optimized and models are evaluated on the test data
(20% of initial data). The model trained on set of 5-day
batches yielded a test R? of 0.9824 (RMSE 0.0381), while
the model on set of 8-day batches achieved a test R? of
0.9807 (RMSE 0.0385). After the training phase, the
models trained on batch size of 5 days and 8 days are
deployed in production to monitor flue gas DP across the
air preheater. The monitoring accuracy of the two models
is depicted on Figure 3(a, b) respectively. It is noted that
the ANN model trained on batch size of 5 days exhibited
relatively superior performance in predicting the Flue Gas
DP in the month of January than those of ANN model
trained on batch size of 8 days.

Between April 7 and 10, the two models crossed the
human-defined error threshold, i.e., crossing twice the
test error limit successively for three times. The mapping
of actual and model-based responses (reference) is
shown in the bottom of Figure 3(a, b). The failure of mod-
els on different sampling frequency of data collection re-
veals that the trained models do not scale well when data
sampling frequency changes with respect to those the
model was trained on. The failure of model can also be
attributed to process dynamics and drift (data and con-
cept) as depicted on Figure 2. The model failure triggers
the model update procedure built on three techniques in-
cluding ETL, ALTL, and LLTL and we carried it out for
batch size of 5 days and 8 days separately (batch data
where model fails and the consecutive previous batch). It
is important to note here that during model update, only
learning rate is optimized iteratively in the narrow range
and without changing the model architecture. Later, the
models trained on three model update techniques are put
into MLOps to monitor Flue Gas DP across the air pre-
heater for the rest of data of April.

The mapping of actual and model-based responses
obtained from models trained by ETL, ALTL and LLTL is
depicted on Figure 3(c, d) for the batch size of 5 days
and 8 days respectively. Similarly, parity plots are also
constructed to directly compare the actual and model-
based responses as shown on Figure 3(e, f). The RMSE
and MAE for ETL are as follows: 0.0564, 0.0414 (5-day),
0.0652, 0.0541 (8-day); ALTL: 0.0674, 0.0563 (5-day),
0.0384, 0.0315(8-day); and LLTL 0.0400, 0.0321 (5-
day), 0.0537, 0.0438 (8-day). The visualization of actual
and model-based responses in conjunction with errors
computed for the models trained on three update tech-
niques allows us to inspect local predictive performance
of the trained model once productionized in industrial
settings.

ETL approach seems to monitor flue gas DP with rel-
atively more accuracy in comparison with ALTL and LLTL
for the model trained on batch size of 5 days (Figure
3(a)). On the other hand, ALTL is found to have compar-
atively better predictive performance for the model
trained on batch size of 8 days (Figure 3(b)). For small

Syst Control Trans 5:870-878 (2026) 873
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Figure 3. MLOps of ANN models trained on batch sizes of (a) 5 days and (b) 8 days to monitor flue gas DP across
air preheater. The trained ANN model exhibited good monitoring performance in the month of January. However,
they failed during 7-10 April and model update techniques are implemented. Actual and model-based responses
are also mapped corresponding to the failure zone. Peformance of models updated by LLTL, ALTL, ETL techniques
on remaining April data is shown in (c, d). (e, f) parity plot to compare actual and model-based response for three

model update techniques in the remaining april data.

batch sizes, ensemble may average out the predictive re-
sponses and provide stable performance. However,
when batch size increases, ALTL updates the model pa-
rameters across all layers and model is adapted with the
recent data stream. This increases the risk of “forgetting”
the operation history and model is poised to adapt with
the recent operation dynamics.

Insights about layer-wise weight space
distribution after model update

The layer-wise weight space of the models updated
with three techniques is retrieved and is visualised to ob-
tain insights on how model parameters are tuned or var-
ied after the model update phase corresponding to batch
size of 5 days and 8 days. The weight-space distribution

Ashraf et al. / LAPSE:2026.0311
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Figure 4. Weight space distribution changes with model update for the batch size of (a) 5 days, and (b) 8 days. In
common, last-layer weight space is widened to adapt with data-drift.

is visualized as violin plot for each layer of ANN and is
depicted on Figure 4(a, b) corresponding to batch size of
5 days and 8 days respectively. In general, it is found that
weight space distribution for last-layer of ANN gets wid-
ened for the models trained on batch sizes of 5 days and
8 days. This can be attributed to back-propagation of er-
ror signal starting from last layer of ANN that tunes the
model parameters. For ALTL, the weight space of hidden
layers seems to be compressed than those of reference
distribution (pre-trained model space) that can explain
the improved generalization capability of the model while
adapting with drift observed in the data distribution col-
lected for the month of April. However, ensembles ap-
proach seems to depict mixed results in widening or com-
pressing the weight space that can be explained by a
number of ensembles digesting the data based on the
batch sizes.

Evolution of feature importance

The feature importance to predict flue gas DP is es-
tablished by SHAP and is used to investigate the evolu-
tion in feature importance after the model update. The
reference column represents the feature importance be-
fore the model update that serves as a baseline to com-
pare the feature importance order after the model up-
date. Secondary air outlet temperature is found to be the
most significant feature affecting flue gas DP for models
updated on batch size of 5 days and 8 days, respectively,
as shown on Figure 5(a, b). After the model update, sec-
ondary air outlet temperature remains the most signifi-
cant feature as established for models updated by LLTL,
ALTL and ETL approaches. Multiple ETL columns explic-
itly track the sequential updates across successive batch
intervals, where each column corresponds to a distinct
version produced after an update and the resulting fea-
ture importance order. The consistent significant order of

Ashraf et al. /| LAPSE:2026.0311

features, especially for most significant operating varia-
ble, by three model update techniques depicts the accu-
racy of feature importance analysis as well as stability of
the trained models to capture the process dynamics. It
also reveals that feature importance may remain the
same even when concept and data drift are observed in
the data (refer to Figure 2).

Although the magnitude of feature importance is
varied for each model update approaches, the feature
importance order remains nearly the same, especially for
significant variables. This may depict the stable tuning of
model parameters, irrespective of batch-sizes, and is
also evident as stable error profiles depicted on Figure
3(a, b).

Computational Performance of model update
techniques

The computational time required to train a reference
model as well as its update by three techniques for the
batch size of 5 days and 8 days is recorded and is pre-
sented on Figure 6(a, b). For a reference model, compar-
atively larger computational time is observed (hyperpa-
rameter tuning time: 1113 s, training time: 28.4 s) for
model trained on batch size of 8 days than those of model
trained on 5 days (hyperparameter tuning time: 868 s,
training time: 14.4 s). It can be attributed to non-smooth
convergence to error minimum on the fewer batches.
However, models trained on batch size of 5 days, in gen-
eral, consumed large computational time for model up-
date by LLTL, ALTL and ETL approaches than those of
models trained on batch size of 8 days. This observation
may reflect that stochastic error convergence in the
baseline model training produces the parametric values
that adapt quickly on new data streams as compared to
smoothly converged models. A mixed trend is observed
in comparing the computational time used for updating

Syst Control Trans 5:870-878 (2026) 875
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the models for the same batch size. However, hyperpa-
rameter tuning time remains larger than those of training
time irrespective of batch sizes.

CONCLUSION

We provide insights into the selection of model up-
date techniques when feedforward ANN model fails in
MLOps due to drift (data and concept). The effect of
batch size (5 days or 8 days) on the predictive accuracy
of feed forward ANN model is investigated to monitor flue

@
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2

Figure 5. Evolution of SHAP-based feature importance with model update for ETL, LLTL and ALTL with respect to
batch size of (a) 5 days and (b) 8 days. While Secondary Air Outlet Temperature (°C) is consistently the most
dominant feature, but during periods of information scarcity, Primary Air Outlet Temperature (°C) exhibits a
transient increase in importance to compensate for the lack of information of the new regime (V6 in (a) and V3 in
(b)). Once sufficient data is accumulated, the model stabilizes, and Sec Air Outlet Temperature (°C) regains its
primary significance.

gas DP across air preheater (treated as batch process)
installed in a 660 MW thermal power plant. We find that
model failure is driven by drift and ensemble approach
implemented for batch size of 5 days (small batch size)
provides superior monitoring performance than those of
LLTL and ALTL techniques. This can be attributed to wid-
ening of weight space across the layers of ANN models
in the ensemble which is otherwise compressed for LLTL
and ALTL techniques. The comparison of computational
time requirements (hyperparameter tuning and model
training) for model update techniques reveals that ETL
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Figure 6. Comparing the computational time consumed for hyperparameter tuning and model training for batch

size of (a) 5 days and (b) 8 days.

takes longer to update the model for the batch size of 5
days. However, ALTL, which depicts superior monitoring
performance for the large batch size, takes the lowest
time for updating the model once hyperparameters have
been optimised. This aspect may have wider implications
for MLOps practices since the models having stochastic
error convergence profiles may quickly adapt with drift
(data and concept) than the models which initially have
smooth error convergence profiles. These fundamental
but empiric insights obtained from model update for in-
dustrial batch processes highlight the role of batch size
of data and the selection of model update techniques for
industrial monitoring applications. These findings can
also help troubleshoot the MLOps pipeline and dealing
with failed ML model for adapting it to volatile industrial
production environments.

REFERENCES

1.  Kadlec P, Grbi¢ R, Gabrys B. Review of adaptation
mechanisms for data-driven soft sensors.
Computers &amp; Chemical Engineering 35:1-24
(2011).
https://doi.org/10.1016/j.compchemeng.2010.07.03
4

2. Hinton, G.E., Distributed representations. 1984.

3. McCloskey M, Cohen NJ. Catastrophic interference
in connectionist networks: the sequential learning
problem. Psychology of Learning and Motivation
:109-165 (1989). https://doi.org/10.1016/s0079-
7421(08)60536-8

4. Ratcliff R. Connectionist models of recognition
memory: constraints imposed by learning and
forgetting functions.. Psychological Review
97:285-308 (1990). https://doi.org/10.1037/0033-

Ashraf et al. /| LAPSE:2026.0311

Syst Control Trans 5:870-878 (2026)

295x.97.2.285

5. Shah SRB, Schwung A. Continual learning by
gradient monitoring for remaining useful lifetime
estimation. Knowledge-Based Systems 323:113721
(2025).
https://doi.org/10.1016/j.knosys.2025.113721

6. Prapas |, Derakhshan B, Mahdiraji AR, Markl V.
Continuous training and deployment of deep
learning models. Datenbank Spektrum 21:203-212
(2021). https://doi.org/10.1007/s13222-021-00386-
8

7. GeZ,Song Z. A comparative study of just-in-time-
learning based methods for online soft sensor
modeling. Chemometrics and Intelligent Laboratory
Systems 104:306-317 (2010).
https://doi.org/10.1016/j.chemolab.2010.09.008

8. JiaR, Zhang S, You F. Transfer learning for end-
product quality prediction of batch processes using
domain-adaption joint-y PLS. Computers &amp;
Chemical Engineering 140:106943 (2020).
https://doi.org/10.1016/j.compchemeng.2020.1069
43

9. Rebello CM, Nogueira IBR. Digital twins in chemical
engineering: an integrated framework for
identification, implementation, online learning, and
uncertainty assessment. Computers &amp;
Chemical Engineering 200:109178 (2025).
https://doi.org/10.1016/j.compchemeng.2025.10917
8

10. Metcalfe B, Acosta-Pavas JC, Robles-Rodriguez
CE, Georgakilas GK, Dalamagas T, Aceves-Lara CA,
Daboussi F, Koehorst JJ, Corrales DC. Towards a
machine learning operations (mlops) soft sensor for
real-time predictions in industrial-scale fed-batch
fermentation. Computers &amp; Chemical

877


https://doi.org/10.1016/j.compchemeng.2010.07.034
https://doi.org/10.1016/j.compchemeng.2010.07.034
https://doi.org/10.1016/s0079-7421(08)60536-8
https://doi.org/10.1016/s0079-7421(08)60536-8
https://doi.org/10.1037/0033-295x.97.2.285
https://doi.org/10.1037/0033-295x.97.2.285
https://doi.org/10.1016/j.knosys.2025.113721
https://doi.org/10.1007/s13222-021-00386-8
https://doi.org/10.1007/s13222-021-00386-8
https://doi.org/10.1016/j.chemolab.2010.09.008
https://doi.org/10.1016/j.compchemeng.2020.106943
https://doi.org/10.1016/j.compchemeng.2020.106943
https://doi.org/10.1016/j.compchemeng.2025.109178
https://doi.org/10.1016/j.compchemeng.2025.109178

Engineering 194:108991 (2025).
https://doi.org/10.1016/j.compchemeng.2024.1089
91

11.  Theisen MF, Meesters GMH, Schweidtmann AM.
Transferring graph neural networks for soft sensor
modeling using process topologies. Systems and
Control Transactions 4:40-45 (2025).
https://doi.org/10.69997/sct.185977

© 2026 by the authors. Licensed to PSEcommunity.org and PSE
Press. This is an open access article under the creative com-
mons CC-BY-SA licensing terms. Credit must be given to creator
and adaptations must be shared under the same terms. See
https://creativecommons.org/licenses/by-sa/4.0/

Ashraf et al. /| LAPSE:2026.0311 Syst Control Trans 5:870-878 (2026) 878


https://doi.org/10.1016/j.compchemeng.2024.108991
https://doi.org/10.1016/j.compchemeng.2024.108991
https://doi.org/10.69997/sct.185977

