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 a b s t r a c t

This work presents a data analysis-based, group-aware framework for predicting quality indicators with anomaly 
detection in non-i.i.d. datasets that exhibit short temporal dependencies. The design is motivated by statistical 
diagnostics of temporal autocorrelation and intraclass variance, which highlight the need for causal temporal 
encoding and group-level decomposition. The framework integrates a residual-boosted regressor, a group-aware 
anomaly detector, and a calibrated fusion scheme that balances precision and recall. Evaluation is conducted on 
real production data from hot strip mill operations, with coiling temperature prediction serving as a case study. 
A key contribution is interpreting coiling temperature dips, previously treated as outliers, as proxies for surface 
anomalies, thereby enabling their explicit detection. Results demonstrate consistent gains over physics-based and 
tabular machine learning baselines, confirming that the framework provides more reliable quality-risk indication 
for decision support in industrial predictive-control workflows.

1.  Introduction

Industrial production datasets are rarely independent and identically 
distributed (i.i.d.). Instead, they are structured in groups defined by pro-
duction batches, lots, or experimental runs, each influenced by its own 
operating window, raw-material chemistry, or ambient conditions. Such 
grouped, non-i.i.d. data are common across diverse domains. In semi-
conductor fabrication, wafers processed in the same lot share conditions 
that induce lot-level biases in production output and yield modeling [1]. 
In high-dimensional omics studies, batch effects stemming from labora-
tory or sequencing runs systematically shift distributions, requiring ex-
plicit correction to preserve biological signal [2,3]. Even in distributed 
learning settings, the heterogeneity of local clients drives the design of 
federated optimizers that explicitly account for group-level drift [4,5]. 
These examples underline a general principle: ignoring group structure 
risks mistaking systematic biases as random noise, thereby undermining 
predictive modeling and anomaly detection.

To address such challenges, the machine learning research commu-
nity has developed a family of group-aware models. DeepSets [6] in-
troduced permutation-invariant pooling to encode group context into 
predictions, but its high-dimensional pooled representations are diffi-
cult to interpret and rely on sufficient within-group sampling, which 
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fails under sparse or imbalanced conditions common in industrial data. 
Mixed-effects neural networks [7–10] extend deep networks with group-
specific parameters analogous to random effects, capturing local offsets 
but at the cost of scalability and poor generalization to unseen groups. In 
omics and neuroimaging, ComBat [11] and its deep extensions [12–14] 
were originally applied as a preprocessing step to estimate and remove 
group-specific biases, and then used to learn batch-specific affine trans-
formations to standardise intermediate representations across groups. 
However, they can inadvertently discard a signal of operational impor-
tance. Federated learning approaches such as FedProx [5] and FedDANE 
[15] distribute group-level training across clients, but require persistent, 
coherent local datasets and incur high storage and communication over-
heads. While diverse, these methods share three limitations: they either 
fail to scale effectively to thousands of groups, fail to generalize well 
to unseen groups, or risk discarding group effects that may themselves 
carry crucial information.

This paper examines the coiling temperature (CT) prediction prob-
lem in the steelmaking hot strip mill (HSM) process as a paradigmatic 
case of grouped, non-i.i.d. industrial data. The CT, defined as the strip 
temperature immediately before coiling, reflects both the forming his-
tory in the finishing mill and the thermal history in the run-out table 
(ROT). Within each strip, spatially adjacent locations along the length 
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Nomenclature

𝜏𝑄𝐼 Quality indicator threshold
𝜏𝑎𝑛𝑜𝑚 Anomaly probability threshold
ACF Autocorrelation function
AP Average precision
BCE Binary cross-entropy
CNN Convolutional neural network
CT Coiling temperature
CV Cross-validation
FCN Fully-connected network
𝐹1 𝐹1-score (harmonic mean of precision and recall)
𝐹2 𝐹2-score (recall-weighted F-measure)
F𝛽 F𝛽 -score (generalized F-measure)
GA Genetic algorithm
GBDT Gradient-boosted decision tree
GPU Graphics processing unit
HSLA High-strength low-alloy
HSM Hot strip mill
ICC Intraclass correlation coefficient
i.i.d. Independent and identically distributed
IR Infrared
MAE Mean absolute error
MIG Multi-Instance GPU
MLP Multilayer perceptron
MPC Model predictive controller
MSE Mean squared error
NN Neural network
OOF Out-of-fold
PR Precision-recall (curve)
R2 Coefficient of determination
RMSE Root mean square error
ROT Run-out table
VRAM Video random-access memory
XGBoost Extreme Gradient Boosting

are sampled sequentially as the strip moves past the pyrometer, so spa-
tial correlation along the strip appears as temporal autocorrelation in 
the recorded CT sequence. Across strips, minor cumulative differences 
in microstructure, tramp element content, and equipment condition in-
duce systematic shifts in CT level and variability, resulting in each coil 
forming a distinct group. It is well-established [16–20] that the CT holds 
information about the achieved microstructure of the steel and thus, 
is indicative of the material’s end properties. Accurate CT modeling is 
therefore crucial to process control, as deviations from the goal CT pro-
file result in scrap, reduced yield, and degraded material properties.

Over the years, CT prediction has been pursued through increas-
ingly complex analytical and numerical approaches. Early static heat-
balance formulations [21] approximated the temperature drop as a 
function of water flow density, line speed, and strip thickness, yield-
ing actionable predictions for feed-forward control that significantly 
improved production yield and material quality. While this demon-
strated applicability, the aforementioned model can be considered 
crude and is likely to underrepresent the process. This is to be ex-
pected, since the cooling of the material is a complex thermal trans-
fer process involving air and water convection, the Leidenfrost ef-
fect, radiation, and phase-transformation-induced heat generation, all 
of which are dynamic and temperature-dependent. Thereby, the need 
for more advanced modelling schemes emerged that can better capture 
the intricacies of the aforementioned process. These included recast-
ing heat-conduction equations into Hamiltonian systems [22], imple-
menting finite-difference solvers with Kalman filtering [23], or fitting 
temperature-indexed splines to large coil datasets [24]. While signif-
icant and improving, all rely on simplifying assumptions, fixed heat-

transfer coefficients, or recursive updating, which can lead to small bi-
ases that accumulate and cause sizable drifts.

The increasing availability and volume of production data have 
motivated the development of multiple data-driven alternatives. Xie 
et al. [25] combines a linear-regression heat-balance core with a small 
back-propagation neural network (NN) that learns to correct the resid-
uals, Li et al. [26] introduces a least-squares support-vector machine 
whose hyperparameters are tuned by a genetic algorithm (GA), Sun 
et al. [27] also utilizes GA for tuning the weights of a feed-forward NN. In 
contrast, Liu et al. [28] trains a simple three-layer NN on plant laminar-
cooling data. Hu et al. [29] builds a data-driven finish-entry-temperature 
model using a shallow NN optimised by the Grey-Wolf meta-heuristic, 
Chen et al. [30] deploys a bi-directional long-short-term memory recur-
rent NN to predict the full temperature field of variable-velocity coils, 
and Panjiar and Murugananth[31] trained a feed-forward NN specif-
ically on dual-phase steel coils. More recently, Zhang et al. [32] pro-
posed a hierarchical feature-fusion-based CT predictor that combines 
GRU-attention modeling of continuous strip-level variables, SlowFast-
style extraction of discrete header-status signals, and SENet-based coil-
level feature fusion for strip-level and next-coil prediction. These ap-
proaches consistently reduce prediction error by 15–30% relative to 
physics-based baselines reporting errors in the range from a ±10 ◦C band 
to sub-6 mean absolute error (MAE) [30]. Yet they also share a critical 
blind spot: abrupt dips in CT profiles below the lower acceptable tem-
perature bound, most often seen in heavy-gauge coils, are routinely dis-
carded during preprocessing. Labeled as outliers, these dips are clipped 
or smoothed, and the models are trained only on smooth cooling trajec-
tories.

By studying these temperature dips alongside corresponding opti-
cal images that reveal surface cracking, we present evidence that these 
dips are not stochastic noise, but rather strong indicators of surface de-
fects that compromise product quality. Treating them as noise excludes 
precisely the events most relevant for predictive diagnostics and down-
stream process control. Consequently, we reformulate CT modeling as 
a dual task: (i) regression of the continuous CT profile for integration 
into ROT control and downstream tuning, and (ii) anomaly detection of 
dips crossing the lower specification bound, directly linked to surface 
quality failures.

To address the dual-task challenge in a non-i.i.d. industrial set-
ting, we propose a data-analysis-guided, group-aware framework. Ex-
ploratory variance ratio diagnostics reveal that between-coil variation 
dominates within-coil variation, motivating group-aware architectures. 
Autocorrelation analysis highlights short-range dependencies, justify-
ing the use of causal convolutional filters. Guided by these insights, 
we decouple the tasks: a residual-boosted neural regressor combines 
gradient-boosted trees with a compact multi-layer perceptron (MLP) 
trained on residuals, yielding robust predictions against analytical and 
boosted baselines. The learned regression trunk is then used to initial-
ize a group-aware causal convolutional classifier, trained with balanced 
group-aware sampling and focal binary cross-entropy (BCE) loss to de-
tect rare dips. Finally, a calibrated fusion scheme combines regression 
margins with anomaly probabilities, optimizing the 𝐹1 score under fixed 
operating thresholds. The comparison space for this framework is there-
fore centered on industrial, tabular, and structured deep-learning base-
lines that match the supervised, grouped, and temporally local nature 
of the problem, rather than on generic unsupervised anomaly-detection 
methods developed for unlabeled i.i.d. outlier discovery.

Evaluated on production data from Tata Steel Nederland B.V. (TSN), 
the framework improves CT regression relative to both physics-based 
and boosted-tree models, while enabling the detection of quality-critical 
CT dips. Ablation studies confirm the contributions of group-aware off-
sets, causal convolutions, and weight transfer. Beyond the case study, 
the framework exemplifies how industrially motivated data analysis can 
safeguard against data leakage and guide the design of interpretable, 
group-aware architectures for non-i.i.d. settings.

The contributions of this work are as follows:
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Fig. 1. Overview of the HSM process.

• Evidence that abrupt dips in CT profiles are indicative of surface 
defects and should be explicitly modeled rather than discarded.

• A data analysis-based, group-aware framework grounded in autocor-
relation and variance-ratio diagnostics.

• A residual-boosted neural regressor for CT profiles, robust and 
leakage-safe.

• A group-aware causal convolutional anomaly detector, combin-
ing short-range temporal encoding, coil-aware decomposition, and 
transferred trunk initialization for rare anomaly detection under a 
balanced sampler and focal BCE loss.

• A calibrated fusion scheme that integrates regression margin and 
anomaly probability to improve rare-event detection under the 𝐹1
score criterion.

The rest of this paper is organized as follows. Section 2 presents the 
process context, the link between CT profiles and surface defects, and 
the exploratory data analytics that guide design. Section 3 details the 
models and training pipeline, including regression, classification, and 
fusion. Section 4 reports experimental results, coil-level case studies, 
and ablations. Section 5 discusses broader implications and limitations, 
and Section 6 concludes.

2.  Process context - Dataset description

The HSM process, as presented in Fig. 1, transforms reheated steel 
slabs that are hundreds of millimeters thick into long strips of a final 
thickness of a few millimeters through a sequence of rolling stands. After 
descaling and roughing, the strip enters the finishing mill, a series of 
closely spaced stands that progressively reduce thickness and elongate 
the strip at high speed. The thermal and mechanical history accumulated 
during finishing directly influences the evolution of microstructure and 
the downstream properties of the product.

Once exiting the last finishing stand, the strip passes onto the ROT, 
where it is transported at controlled speed toward the coiler. The ROT 
is a long stretch of a series of water spray headers arranged across mul-
tiple cooling zones, both at the top and bottom faces of the steel strip. 
Each header can be activated with variable flow rates and spray pat-
terns, providing local thermal control. In addition, the transport speed 
across the ROT determines the residence time before coiling and thus 
the overall cooling trajectory. The combined effects of the finishing mill 
process, exit temperature, cooling water distribution, and transport dy-
namics define the CT profile along the length of the strip.

The CT is a critical process variable: it links upstream hot rolling 
conditions with downstream coil properties such as mechanical strength 
and phase composition. To achieve the target properties of the material, 
the ROT process is actively controlled based on the expected CT value 
predicted before the material enters the cooling zone. Thus, accurate CT 
prediction is of paramount importance for achieving the desired mate-
rial properties.

2.1.  Surface quality & CT profiles

Surface defects can appear during manufacturing, significantly di-
minishing the end surface quality of the manufactured steel strips. 
Known root causes of surface-quality defects include material defects, 
process defects, and corrosion defects [33]. Material and process defects 
can be more easily avoided by tailoring composition and controlling 
manufacturing disturbances (i.e., timely inspection and replacement of 
rollers). Corrosion defects are, by nature, more challenging. The low 
stability of the typical three-layer oxide composition of steel (hematite 
𝐹𝑒2𝑂3, magnetite 𝐹𝑒3𝑂4 and wustite 𝐹𝑒1−𝑦𝑂) at the low CTs, the pres-
ence of other elements in low-carbon steel, the presence of inclusions, 
the continuous cooling conditions, the temperature gradient across the 
width of the strip, the absence or lack of oxygen in the centre regions 
of the coil, the deformation in the mills and the tension between each 
reduction phase, affect the oxide evolution [34,35].

The extensive study of Min et al. [36] revealed a correlation between 
the thickness of the oxide layer and the surface quality. This is attributed 
to the fact that a thicker oxide scale is more brittle and, thus, more 
prone to chipping off. As demonstrated in the same study, measuring 
the oxide layer thickness during production is not feasible. Production 
must be halted, and the formation of the oxide layer must be frozen 
(i.e., by spraying molten glass on the surface). This process can quickly 
become costly and counterproductive for a real-world application. This 
results in uncontrolled oxide behaviour, which, as mentioned earlier, 
causes critical surface defects. These defects are not only unforeseen but, 
because their root causes cannot be directly controlled, there is currently 
no chance of mitigating them. This highlights the need to predict them 
indirectly.

When plotting the CT across the length of the produced coil, it should 
be smooth and close to the target temperature as observed in Fig. 2a. 
During production, two to three bottom-side optical images are captured 
at the coiling station for quality control. The images are a snapshot of 
8m of the strip length and are taken approximately 50m after the head 
(beginning) of the strip and 9m before the tail (end), as depicted in 
Fig. 2b. It can be seen that, in addition to the CT drops at the head or 
tail of the coil, which are expected in the HSM process, the measured CT 
closely tracks the goal CT profile, and no surface defects are observed.

In Fig. 3, however, two examples of the same heavy-gauge steel can 
be seen, whose CT presents significant dips that overshoot the lower CT 
bound as defined by the recipe of the steel grade. Looking at the respec-
tive optical images, they show major surface defects near the centerline 
of the strip. The CT is measured with infrared (IR) pyrometers, also on 
the centerline of the strip. Granted that IR measurements are strongly 
affected by material emissivity, it is evident that the dips observed in the 
CT plots are not merely measurement noise or corrupted data. Instead, 
this study proposes that the dips are caused by severe surface defects 
resulting from the corruption of the oxide layer. In this case, the oxide 
layer no longer covers the entire strip surface, leading to an apparent 
underestimation of temperature due to emissivity variation.

Therefore, it is proposed that significant dips in the CT profiles can 
serve as proxies for these major surface defects and should not be dis-
carded during preprocessing or modelling of the process. Instead, they 
should be directly predicted utilizing the data available preceding the 
ROT process.

While optical images or videos taken at the coiling station (as shown 
in Fig. 3) could be used to directly detect surface defects using computer 
vision techniques, this would require hundreds of high-resolution pho-
tos for each produced coil. This demands significant resources, not only 
for handling and storing the data but also for developing a model for 
optical detection. Additionally, as shown in Fig. 4, it is pretty common 
for the strip to end up with an irregular shape, creating high and low 
spots that leave part of the strip out of focus. Finally, while promising 
for detecting surface defects at the coiling station, any optical approach 
directly on the coiling station lacks predictive capabilities, serving only 
as a quality-control feature to reject affected material. That is why the
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Fig. 2. Example of a good quality coil: (a) measured CT plot across the length of the strip (blue dashed lines annotated the upper and lower acceptable CT bounds), 
and (b) optical images 45m from the head (left) and 9m before the tail (right). (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)

Fig. 3. Example strips with major surface defects, measured CT profile on the top and bottom left, and corresponding optical images taken at the annotated yellow 
dashed lines. Black arrows point to the major surface defects on the centerline of the strip. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
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Fig. 4. Steel strip with irregular shape causing part of the image to be out of 
focus.

current study proposes utilizing the available data directly before 
the ROT process. That way, the aforementioned dual-task framework 
achieves the following: an accurate and early CT prediction, as well as 
the early prediction of surface defects, thereby enabling proactive con-
trol of the finishing mill and ROT parameters, which mitigates defects.

2.2.  Data and problem definition

The dataset available for this study comprises production data from 
Tata Steel Nederland B.V. (TSN) covering 2018–2022 for a high-strength 
low-alloy (HSLA) steel grade commonly produced for heavy-gauge strips 
(as shown in Fig. 5a, where most of the produced coils are thicker than 
8mm). After filtering out the coils with missing or corrupt data, the re-
maining considered coils number approximately 8000. The processing 
parameters, such as rolling forces, velocity, interstand cooler activity, 
descaler activity, and water flow setpoints on the ROT, are included in 
the dataset. To facilitate an early prediction of the CT, only the avail-
able process parameters directly preceding the ROT process are used for 
modeling. This is why only setpoints and not measurements of the water 
flow on the ROT are included in the dataset.

2.2.1.  Indexing, synchronization, and scaling of CT values
The CT is measured with an infrared pyrometer at the centerline of 

the bottom side of the steel strip. The CT is recorded and saved at 1m 
intervals along the strip’s length. The process parameters, on the other 
hand, are more challenging to index consistently, as the material elon-
gates and moves at different velocities throughout the various stages of 
the HSM process. This would mean that if the process parameters were 
recorded at set time intervals, they would not necessarily refer to the 
same material. To tackle this challenge, the initial steel slab is split into 
50–70 segments that track the same material throughout the process, ac-
counting for elongation and velocity changes. Each segment corresponds 
to a specific length on the final strip at the coiling station. Therefore, 
the first step in preparing the dataset was averaging the multiple CT 
measurements per segment to obtain a single CT value.

Fig. 5. Density histogram plots for: (a) Gauge of the steel grade, and (b) Scaled 
CT values. The red vertical line annotates the -0.049 value below which the 
anomalies lie. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)

Next, since the CT values are in the several hundred degrees Celsius 
range, they need to be scaled to lower values to avoid vanishing gra-
dients during NN model training [37,38]. To avoid losing the physical 
meaning of the CT values or distorting the shape of the profiles [39], a 
domain-specific scaling scheme is devised and presented in the follow-
ing:

𝐶𝑇𝑛𝑜𝑟𝑚 =
𝐶𝑇𝑚𝑒𝑎𝑠 − 𝐶𝑇𝑔𝑜𝑎𝑙

𝐶𝑇𝑔𝑜𝑎𝑙
, (1)

where 𝐶𝑇𝑔𝑜𝑎𝑙 is the target CT as defined by the recipe of the steel grade 
and 𝐶𝑇𝑚𝑒𝑎𝑠 is the measured CT by the pyrometer. That way, the initial 
shape of the CT profiles is maintained, and the values are scaled to the 
goal CT values, which are known a priori, thereby avoiding data leakage.

Regarding the features, standardization (or z-score scaling) is applied 
to each feature separately to account for different value ranges and aid 
NN model training.

2.2.2.  Targets and labelling
As described in Section 2.1, it is vital to not only predict the values of 

the CT but also to capture the temperature dips below the allowed lower 
temperature bound as defined by the target recipe. For that reason, uti-
lizing Eq. (1), the lower specification bound is defined by the recipe 
of the steel grade under consideration as 𝜏𝑄𝐼 = −0.049, which equals a 
negative 4.9% deviation from the goal temperature. Values below 𝜏𝑄𝐼
are labelled as anomalous so that the ability of the models to capture 
them can be evaluated. The distribution of the CT values is displayed in 
Fig. 5b. It can be seen that the anomalous values (below −0.049) consti-
tute the left tail of the distribution, and they account for less than 1.5%
of the total CT values, classifying them as rare anomalies and making 
their modeling challenging.

2.2.3.  Splits and leakage control
Due to the rarity of the anomaly data, as previously shown, if a ran-

dom train-validation-test split is performed, no anomaly data will likely 
end up in the test or validation sets. This can harm accuracy and also 
lead to a misleading performance evaluation of the models [40]. For 
that reason, we employ a stratified group split procedure that preserves 
anomaly prevalence while preventing leakage across coils.

Utilizing the binary anomaly label obtained in Section 2.2.2, an en-
tire coil is deemed anomalous if it contains at least one anomalous value 
that does not belong in the first or last 5 measurements. That is because 
temperature abnormalities at the head (beginning) or tail (end) of the 
coil are common during the HSM process and do not indicate a surface 
defect. That way, each coil obtains a normal or abnormal label. Using 
this label, we perform a 5-fold StratifiedGroupKFold on the full dataset, 
stratifying on the constructed coil label and grouping by coil identifier, 
ensuring that parts of the same coil do not appear in more than one split. 
Within each outer training fold, validation is obtained by a second Strat-
ifiedGroupKFold on the training portion only, again stratifying by the 
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Table 1 
Normal and abnormal data counts and anomaly ratios for the strati-
fied train-validation-test split.
 Subset  Normal Data  Anomalous Data  Anomaly Ratio[%]
 Training  300,744  4542  1.51
 Validation  69,060  1014  1.47
 Test  89,874  1262  1.41

coil label and grouping by coil identifier. This produces three disjoint 
sets of coils per outer fold - inner-train, validation, and test - with the 
anomalous-to-normal ratio closely matched across splits, as presented 
in Table 1.

We adopt K=5 folds for both train/test and train/validation splits, 
yielding an effective split of approximately 64/16/20 for inner-train, 
validation, and test. For realistic results evaluation, the mean and stan-
dard deviation across the K cross-validation (CV) folds are reported for 
each model.

Crucially, coil identity is preserved end-to-end. The coil IDs are 
passed as grouping variables when forming the splits and carried along-
side the features in the data loaders. For coil-aware architectures, each 
batch includes the coil ID, allowing the model to condition on coil-
specific effects, whereas baseline models ignore this field.

2.3.  Data analytics - Guiding architectural design

To guide the design of the framework, an exploratory data analysis 
is recommended for the dataset at hand. The objective of this analysis 
is to identify the temporal structure and group-level variance in the sig-
nals, thereby determining which mechanisms a predictive model must 
capture to model the process accurately. By examining autocorrelation 
patterns and variance ratios, direct evidence is obtained on whether 
temporal dependencies exist, for how long they persist, and whether 
significant grouping occurs, thereby justifying a group-aware modelling 
approach. These diagnostics ensure that the model design is not ad hoc 
but grounded in the statistical properties of the production data. For 
demonstration purposes, these diagnostics are performed on the afore-
mentioned historical production dataset for the CT prediction task.

2.3.1.  Temporal dependencies
A first step in the exploratory analysis is to quantify temporal depen-

dencies in the dataset. This makes sense in production datasets where 
the data is collected sequentially for each group. The autocorrelation 
function (ACF) measures the strength of the correlation between each 
data point and its preceding ones. This reveals the extent of the tem-
poral context a model should incorporate: persistent correlations with 
longer lag times suggest the need for models with long-term memory, 
while rapid decay implies short-range time dependency.

The first step is to perform an autocorrelation analysis of the target 
variable. This can directly indicate whether the modelled phenomenon 
retains memory. Observing Fig. 6, it can be seen that the average ACF 
value for the target variable, in this case the CT, across coils shows high 
correlation at lag 1 that remains statistically significant through lag 2 
and then falls within the confidence band. The dashed bounds in the 
figure correspond to an approximate 95% interval of ±1.96∕

√

𝑁 under 
the null hypothesis that the true autocorrelation at all nonzero lags is 
zero, where 𝑁 is the effective series length. Here, 𝑁 was taken as the 
median number of rows per coil (≃ 60), which provides a conservative 
bound when averaging ACFs across coils of differing lengths. Intuitively, 
values inside the band are consistent with no meaningful correlation, 
whereas values outside indicate significant dependence beyond what 
would be expected by chance.

The implication for modeling is that the target value exhibits short-
range memory of only a few consecutive data points. Anomaly detec-
tion should therefore exploit short causal context rather than treating 
rows independently, and compact convolutions through time spanning 

Fig. 6. Average autocorrelation function of coiling temperature across coils 
with 95% confidence bounds (±1.96∕

√

𝑁,𝑁 ≃ 60) annotated with the red 
dashed lines. Significant correlation persists up to lag 2, indicating short-range 
temporal dependence. (For interpretation of the references to colour in this fig-
ure legend, the reader is referred to the web version of this article.)

Fig. 7. Heatmap of per-feature autocorrelation functions (ACFs). Each verti-
cal bar represents a feature, and the vertical axis indicates lag in rows. Colour 
intensity indicates the strength of the correlation, and hatched regions mark 
values within the 95% confidence bounds (±1.96∕

√

𝑁 , 𝑁 ≃ 60). Features ex-
hibit heterogeneous temporal persistence, from long memory to near temporal 
independence. The names of the features have been redacted, adhering to data 
confidentiality. (For interpretation of the references to colour in this figure leg-
end, the reader is referred to the web version of this article.)

roughly 3–5 rows should be sufficient to capture meaningful dependence 
without resorting to deep recurrent memory.

The next step is to determine whether this temporal structure is con-
fined to the target or also present in the modelled process’s drivers. To 
achieve that, we computed per-feature ACFs and summarized them as a 
feature-by-lag heatmap presented in Fig. 7. This feature-by-lag heatmap 
visualises the ACF values of all engineered inputs. Each vertical bar cor-
responds to a single feature, while the vertical axis represents lag in 
rows along the coil. Colour intensity shows the magnitude of the aver-
age autocorrelation at that lag, so persistent warm colours indicate long 
memory and rapid fading indicates short memory or none at all. Hatched 
regions mark values that fall within the 95% confidence bounds, com-
puted with the same procedure explained for Fig. 6. The figure reveals 
a heterogeneous landscape: some features retain significant autocorre-
lation over long time lags, others decay after only one or two rows, and 
others remain within the confidence band throughout. This pattern im-
plies that the model should account for varying temporal persistence 
across channels. Using a universal temporal window across all features 
would inject noise from channels with no memory, but hard-coding ex-
clusions based on the heatmap would risk discarding useful signals. In-
stead, per-feature gating mechanisms are expected to allow the network 
to learn which inputs benefit from temporal context and which should 
bypass it, preserving useful paths while suppressing noise.

2.3.2.  Group-aware architecture diagnostic
The temporal analyses above established short-range dependence 

within the series. The next question is whether systematic level shifts
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Fig. 8. Intraclass correlation coefficients (ICCs) of all numeric features, sorted 
from low to high. High values reveal strong group-level (coil-level) grouping, 
motivating group-aware modeling and underscoring the need for group-level 
train-test splits to avoid data leakage.

exist across groups, which would further violate the i.i.d. assumption 
and motivate a group-aware treatment. We quantify this utilizing the in-
traclass correlation coefficient (ICC) computed per feature under a one-
way random-effects model with groups defined by coils and unequal 
group sizes. Let 𝜎2between and 𝜎2within denote the between- and within-
group variances calculated from standard ANOVA [41,42], the ICC is 
defined as:

ICC =
𝜎̂2between

𝜎̂2between + 𝜎̂2within
, ICC ∈ [0, 1]. (2)

The full ANOVA details and variance-components derivations are pro-
vided in Appenidx A. Intuitively, the ICC measures the proportion of 
total variance attributable to systematic differences between groups. 
Values close to zero indicate that variability is almost entirely within 
groups, while values near one indicate that groups explain most of the 
variability. Intermediate values reflect partial grouping effects. There-
fore, features with high ICC values demand group-aware modeling. This 
decomposition provides a principled justification for embedding group-
awareness into the framework. In the present work, groups correspond 
to coils, and the target variable is the CT.

Fig. 8 reports the ICC for every feature available for CT prediction, 
sorted from low to high, with dashed reference lines at moderate (left) 
and strong (right) effect levels. A substantial fraction of features concen-
trates well above the midrange, with many approaching unity, confirm-
ing that, in this example, group-level (coil-level) offsets dominate their 
variability. At the same time, a small tail of low-ICC features is present, 
indicating channels whose behavior is largely invariant across coils.

This pattern supports the need for a group-aware framework. 
High-ICC channels motivate coil-aware mechanisms. Low-ICC channels 
should not be forced through the same conditioning and can be al-
lowed to bypass it, thereby preserving information without injecting 
coil-specific noise. The strong grouping also highlights the importance 
of how data are partitioned. If train and test sets were split at the row 
level, parts of the same coil could appear in both sets, allowing group-
specific biases to leak into training. This would artificially inflate test 
performance and mask the actual generalization error. For this reason, 
all splits for datasets with strong grouping should be performed strictly 
at the group level. This rationale was followed in this work as presented 
in Section 2.2.3

The exploratory analyses in this section established ways to identify 
two central characteristics of the dataset at hand: temporal dependence 
and grouping. Applying this to the use-case example of the HSM dataset 
for predicting CT and corresponding anomalies, short-range temporal 
dependence in the target variable and heterogeneous autocorrelation 
across features were found, along with strong group-level effects re-
vealed by high ICC values. These findings suggest that predictive models 
must capture local temporal context without relying on long-term mem-

ory, while also conditioning on group identity to prevent leakage and 
accurately handle between-group variance.

3.  Methods and models

Building on the discovery of temporal correlations and grouping 
at the production data at hand, a framework is proposed to address 
a dual task: (i) regression of a continuous quality indicator, which is 
essential for guiding downstream process models and control, and (ii) 
anomaly detection, focused on identifying rare deviations that are typ-
ically treated as noise but may carry critical quality risk, as is the case 
in the presented use case. As illustrated in Fig. 9, the two tasks are 
solved by distinct but connected models, a hybrid GBDT-NN regres-
sor and a group-aware short-term temporal classifier. Its design is tai-
lored to exploit short temporal dependencies and strong group-level ef-
fects revealed by the data analysis, making it well-suited for the rare-
event anomaly detection problem. In the present work, the framework is 
demonstrated for predicting CT profiles and associated dips in an HSM 
dataset; however, the methodology applies to a broad class of grouped, 
non-i.i.d. industrial problems.

3.1.  Regressor - Residual-boosted MLP

The regression component of the framework, presented in Fig. 10, 
is built as a dual-module design: a GBDT baseline combined with an 
MLP trained on its residuals. This architecture leverages the comple-
mentary strengths of tree ensembles and NNs. Tree models provide ro-
bust approximations with strong performance on structured tabular data 
[43,44], while NNs offer flexible function approximation and the abil-
ity to transfer learned representations across tasks [45–47]. By stacking 
them in a residual fashion, the GBDT supplies a stable baseline predic-
tion while the MLP focuses on modeling the remaining structure in the 
errors. This residual boosted regressor yields both accurate continuous 
predictions and a transferable trunk that later initializes the anomaly 
detector.

3.1.1.  Out-of-fold predictions
A critical step in residual modeling is generating unbiased baseline 

predictions. If the GBDT model was simply trained on the entire train-
ing set and then used to compute residuals for training a downstream 
predictor, those residuals would reflect errors conditional on having al-
ready seen those observations during training. Such in-sample residuals 
are optimistically biased: they appear smaller and less structured than 
the errors the model makes on unseen data. It is important to emphasize 
that this leakage problem persists even when the GBDT model is never 
exposed to the held-out test set. The bias is not due to test contamina-
tion but to reusing training-fitted predictions as residuals. Training the 
NN on these biased residuals would lead it to correct noise and spurious 
patterns specific to the training set, reducing its generalizability, leading 
to overly optimistic evaluation, and poor out-of-sample performance.

To avoid this, the boosted model is cross-fitted to produce OOF pre-
dictions. In 𝐾-fold cross-fitting, each fold is held out in turn, and its pre-
dictions are generated by a model trained only on the remaining 𝐾 − 1
folds. The concatenated OOF predictions across all folds form a baseline 
in which each training sample is predicted by a model that did not see it 
during fitting. The corresponding OOF residuals are therefore unbiased 
estimates of actual generalization error.

This procedure ensures that the neural residual model is trained only 
on genuine, out-of-sample mistakes of the boosted ensemble. It prevents 
the NN from learning to "correct" artifacts of the training set, avoids op-
timistic bias in evaluation, and provides a solid foundation for capturing 
systematic error structure beyond the boosted trees.

3.1.2.  MLP residual model
Once unbiased OOF residuals are obtained, they are modeled with a 

multilayer perceptron (MLP) [48]. The MLP complements the GBDT by 
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Fig. 9. Proposed framework. The regressor and classifier are presented in detail in Figs. 10 and 11, respectively.

Fig. 10. The regressor of the proposed framework in detail. The blue dashed 
arrow denotes the weight transfer for the initialization of the classifier described 
in Section 3.2.3. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

capturing smooth nonlinear corrections and high-order interactions that 
are difficult for tree ensembles to represent [49,50]. It is structured with 
an input layer matching the feature dimension, followed by a hidden 
trunk of fully connected layers that learn a compact residual represen-
tation. The final layer consists of a single linear output node, optimized 
with mean squared error (MSE) loss, to predict the residual correction. 
This hidden trunk forms the transferable component: after training on 
residuals, its weights are reused to initialize the anomaly detector, en-
suring that the classifier starts from a representation already tuned to the 
systematic structure of the target variable, as discussed in Section 3.2.3.

The final regression estimate combines the two stages:
𝑦̂(𝑥) = 𝑦̂GBDT(𝑥) + 𝑟̂MLP(𝑥), (3)

where 𝑦̂GBDT(𝑥) is the OOF baseline prediction and ̂𝑟MLP(𝑥) is the residual 
correction.

This residual-boosted design improves stability and interpretability: 
the tree stage anchors predictions to a robust, tabular baseline, while 
the neural stage learns flexible refinements. Importantly, the MLP trunk 
trained in this setting yields a transferable representation that is later 
reused to initialize the anomaly detector, providing continuity between 
the regression and classification tasks. The following subsection, there-
fore, turns to the classifier architecture, where this initialization is ex-
ploited for anomaly detection.

3.2.  Classifier - Coil-aware causal 1D CNN

The second component of the framework presented in Fig. 11 is a 
classifier designed to detect rare anomalies while accounting for the 
strong group effects identified in Section 2.3.2. The architecture com-
bines short-range temporal modeling with an explicit decomposition of 
group-level and within-group variability, ensuring that both systematic 
group offsets and row-level deviations contribute to the decision bound-
ary. As illustrated in the left side of Fig. 9, the model accepts windowed 
feature inputs. Then, referring to Fig. 11, the classifier extracts tem-
poral context through causal convolutions and adaptively fuses them 

Fig. 11. The classifier of the proposed framework in detail. The blue dashed 
arrow denotes the weight transfer for the initialization of the classifier described 
in Section 3.2.3. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

with raw features by means of a learnable gating mechanism. The result-
ing embeddings are passed through the MLP trunk, which is initialized 
from the regression task, thereby promoting knowledge transfer across 
objectives. To reflect the non-i.i.d. structure of the data, the embed-
dings are then decoupled into group-level averages and residual com-
ponents, which are used to produce centered and per-row logits. These 
are summed to yield the final anomaly probability. The following sub-
sections provide a detailed description of each stage of the classifier.

3.2.1.  Temporal encoder
The first stage of the classifier introduces local temporal context by 

processing windowed inputs through a depthwise 1-D convolution. The 
kernel length is set equal to the chosen lag plus 1 to include the cur-
rent row, corresponding to the effective memory horizon identified in 
Section 2.3.1. To preserve causality, each prediction is based on a fixed-
length window of past rows only, so that the convolution never has 
access to future values. We therefore apply a depthwise Conv1d with 
kernel size equal to the chosen lag and no padding on these past-only 
windows. No dilation is used, since the autocorrelation analysis showed 
that dependencies vanish within a short range, making contiguous ker-
nels sufficient.

Formally, for an input feature channel 𝑥𝑡 ∈ ℝ at row 𝑡 the causal 
convolution produces an encoded representation

ℎ𝑡 =
𝐿−1
∑

𝑘=0
𝑤𝑘 𝑥𝑡−𝑘, (4)

where 𝐿 is the kernel length (lag), 𝑤𝑘 are the convolution weights. Be-
cause the convolution is depthwise, each feature channel is filtered in-
dependently, preserving channel specificity while introducing temporal 
context.

Short causal convolutions are advantageous both statistically and 
computationally. Statistically, they prevent noise accumulation from 
irrelevant long-range dependencies. Computationally, they are less 
time- and data-intensive than recurrent models and can be efficiently
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parallelized across channels and samples, avoiding the sequential bot-
tlenecks of long recurrences.

This temporal encoder, therefore, transforms raw feature se-
quences into embeddings that summarize each row’s immediate history. 
Thereby, the encoder ensures sensitivity to transient deviations while 
avoiding unnecessary complexity.

3.2.2.  Learnable gated fusion
A learnable gated fusion is introduced to regulate the contribution of 

short-context temporal convolutions on a per-channel basis. The mecha-
nism operates by a convex combination between the current raw feature 
vector and the corresponding output of a depth-wise causal convolution 
computed over a short receptive field. Before mixing, both branches are 
independently normalized to ensure comparable scales. A channel-wise 
gating vector in (0, 1)𝐶 then assigns the relative weight of each branch. 
The transformed signals, gate, and fused signal are defined as
𝑥̃𝑡 = LNraw(𝑥𝑡), 𝑐𝑡 = LNconv(𝑐𝑡), 𝑎 = 𝜎(𝜃) ∈ (0, 1)𝐶

ℎ𝑡 = (𝟏 − 𝑎)⊙ 𝑥̃𝑡 + 𝑎 ⊙ 𝑐𝑡,
(5)

where 𝑥𝑡 ∈ ℝ𝐶 denotes the raw input at time 𝑡, 𝑐𝑡 ∈ ℝ𝐶 denotes the 
causal convolution output, LNraw and LNconv are layer-normalization 
operators, 𝜎 is the logistic sigmoid, and ⊙ denotes element-wise multi-
plication. Because the weights 1 − 𝑎𝑖 and 𝑎𝑖 are non-negative and sum to 
one for every channel 𝑖, the operation constitutes a convex combination 
of the two normalized branches. This makes the gate interpretable: val-
ues near zero indicate that the feature is treated as static, while values 
close to one emphasize short-term temporal context. Initialization places 
𝑎 near the raw branch, so the network initially relies predominantly on 
raw features and incorporates temporal context only when beneficial.

Regularization explains how unused gates are suppressed in practice. 
The parameters that generate 𝑎 are subjected to weight decay, which pe-
nalizes departures from small magnitudes. When a channel’s temporal 
branch does not improve the supervised objective, the pressure from the 
loss, combined with weight decay, drives its gate back toward zero, ef-
fectively closing that temporal path. Conversely, if short-term dynamics 
provide predictive benefit, the corresponding gate grows during training 
and remains open. This yields an adaptive, interpretable allocation of 
temporal context across channels without forcing rigid prior decisions.

This design was preferred over deterministic feature selection driven 
by the autocorrelation diagnostics presented in Section 2.3.1. While the 
ACF provides a valuable indication of temporal dependence, it can be 
misleading when dependence is weak but predictive, or when autocor-
relation does not translate into improved prediction under supervision. 
In this study, the ACF analysis was employed solely to justify the in-
clusion of a learnable gate, rather than as a rule for how and where 
to apply temporal encoding. Allowing the gate to be learned under the 
anomaly classification objective prevents information loss from prema-
ture feature exclusion, captures interactions that simple correlation can-
not express, and maintains computational efficiency by restricting con-
volutions to short, easily parallelized contexts.

3.2.3.  Trunk initialization
The classifier was constructed using the same backbone as the re-

gression model, with weights transferred from the regressor after it was 
trained. This initialization strategy enables the classifier to begin with 
a representation already optimized for the regression task, rather than 
starting from random parameters. Since the anomaly detection objec-
tive is linked to the regression task (anomalies are defined as extreme 
values of the predicted quality indicator), the learned trunk provides a 
stable, informative feature space that can be difficult to establish when 
training on sparse anomalous samples alone.

Formally, let the regression trunk be denoted as 𝜙(𝑥,Θreg) with pa-
rameters Θreg learned from the regression task. The classifier trunk is 
then initialized by:
𝜙(𝑥,Θcls) ← 𝜙(𝑥,Θreg) (6)

where Θcls are the classifier trunk parameters. This transfer ensures that 
the classification network begins from a meaningful latent representa-
tion rather than unstructured random weights, and its effect is later iso-
lated in the ablation study by comparison against an otherwise identical 
randomly initialized classifier.

This approach is preferable to training the classifier from scratch, as 
anomalies are rare and imbalanced. A randomly initialized model could 
struggle to form useful feature hierarchies under such conditions, lead-
ing to unstable training and poor generalization. By contrast, the trans-
ferred weights provide a well-structured starting point, thus enabling 
the classifier to focus on discriminating rare events.

3.2.4.  Group-aware decomposition
The embeddings produced by the gated trunk still mix two sources of 

variation: systematic group offsets and local fluctuations within groups. 
To reflect the strong grouping effects identified in Section 2.3.2, the clas-
sifier explicitly disentangles these components through a mean-pooling 
operation followed by two separate logit paths.

Consider a row embedding 𝑧𝑖 ∈ ℝ𝑑 belonging to group 𝑔(𝑖). Let 𝑔(𝑖)
denote the set of all indices of rows that belong to the same group as 𝑖, 
and |𝑔(𝑖)| its size (the number of rows in that group). The group-average 
embedding is computed as:

𝑧̄𝑔(𝑖) =
1

|𝑔(𝑖)|
∑

𝑗∈𝑔(𝑖)
𝑧𝑗 , (7)

that is, the mean of all embeddings within the same group. This pooled 
representation captures the between-group effect and is passed through 
a two-layer fully connected network to produce a centered group logit 
𝓁group𝑔(𝑖) . To isolate the within-group signal, the group mean is subtracted 
from each row embedding:
𝑧res𝑖 = 𝑧𝑖 − 𝑧̄𝑔(𝑖), (8)

yielding a residual embedding that represents how much row 𝑖 deviates 
from its group context. These residual embeddings represent the devia-
tions of each row from its group context and are passed through a single 
linear layer to produce per-row logits 𝓁residual𝑖 .

The final logit is obtained by summing the group-level and row-level 
contributions,

𝓁𝑖 = 𝓁group𝑔(𝑖) + 𝓁residual𝑖 , (9)

so that each prediction reflects both the systematic offset of the group 
and the local row-level deviation. This design ensures that anomalies are 
detected not only as absolute deviations from a global baseline, but also 
as unusual fluctuations relative to the group context, which is essential 
in non-i.i.d. data.

Compared to allowing a generic deep network to learn group effects 
implicitly, this explicit decomposition primarily improves stability and 
generalization. By constraining the group-average path to capture sys-
tematic between-group offsets and the residual path to capture within-
group deviations, the two sources of variation are disentangled during 
training. This prevents group-level shifts from overwhelming the row-
level signal and reduces variance in the learned decision boundary. No-
tably, the ICC analysis in Section 2.3.2 revealed that the between-group 
variance is several times larger than the within-group variance for many 
features. Without decomposition, this imbalance could dominate the 
embeddings, suppressing the contribution of subtle within-group fluc-
tuations. By enforcing separation, the model is better aligned with the 
data’s variance structure, leading to more robust anomaly detection un-
der non-i.i.d. conditions.

At this stage, the classifier produces an uncalibrated logit for every 
row. By uncalibrated, we mean that although a sigmoid transformation 
could map these logits into the interval [0, 1], the resulting values can-
not yet be interpreted as accurate probabilities. For example, a predicted 
logit of 0.9 under the sigmoid function may, in practice, correspond to 
an anomaly frequency closer to 0.6. NNs are typically well ranked but 
poorly calibrated, which motivates a dedicated calibration stage. The 

Results in Engineering 30 (2026) 110483 

9 



T. Kontogiannis et al.

subsequent section introduces calibration and fusion, in which these log-
its are converted to calibrated probabilities, combined with the regres-
sor predictions, and thresholded to yield the final combined anomaly 
decisions.

3.3.  Calibration and fusion

While the classifier produces logits that separate normal from 
anomalous rows, the regression task also provides valuable information 
for anomaly detection. In particular, the residual-boosted regressor out-
puts continuous predictions of the target variable, which can be com-
pared to the anomaly threshold 𝜏𝑄𝐼 , which for the current use case is 
defined in Section 2.2.2. To quantify this relation, a margin is computed 
for each row as the signed distance between the predicted value and the 
threshold:

𝑚𝑖 = 𝜏𝑄𝐼 − 𝑦̂𝑖, (10)

such that large positive margins indicate rows safely above the defect 
threshold, while large negative margins signal a substantial likelihood of 
an anomaly. Margins close to zero correspond to borderline cases where 
classification is most uncertain. This continuous score complements the 
classifier logits by providing a physically interpretable measure of how 
close each prediction lies to the anomaly bound, thereby providing a 
stable signal even when classification models fail to capture rare dips.

Then, the anomaly detector logits 𝓁𝑖 are converted into calibrated 
probabilities using Platt scaling [51]. A logistic regression is fitted on 
the validation set,
𝑝𝐴𝐷,𝑖 = 𝜎(𝑎 ∗ 𝓁𝑖 + 𝑏), (11)

with parameters 𝑎, 𝑏 chosen to minimize cross-entropy against ground-
truth anomaly labels. This step corrects for neural classifiers’ tendency 
to be poorly calibrated, ensuring that predicted values reflect empirical 
anomaly frequencies.

The calibrated anomaly probability is then transformed back into 
log-odds,

𝑠𝑖 = logit(𝑝𝐴𝐷,𝑖) = log
𝑝𝐴𝐷,𝑖

1 − 𝑝𝐴𝐷,𝑖
, (12)

and combined with the regression margin in a stacked logistic regres-
sion:

logit(𝑝𝐹𝑈𝑆𝐸𝐷,𝑖) = 𝛽0 + 𝛽1 ∗ 𝑠𝑖 + 𝛽2 ∗ 𝑚𝑖, (13)

optionally extended with an interaction term 𝛽3𝑠𝑖𝑚𝑖. This second-stage 
fusion model is trained on the validation set and outputs the fused prob-
ability

𝑝𝐹𝑈𝑆𝐸𝐷,𝑖 =
1

1 + exp(−𝛽0 − 𝛽1 ∗ 𝑠𝑖 − 𝛽2 ∗ 𝑚𝑖)
. (14)

The fused probability 𝑝𝐹𝑈𝑆𝐸𝐷,𝑖 is finally thresholded at 𝜏𝑎𝑛𝑜𝑚, selected 
on the validation set to maximize the F1 score. This threshold is held 
fixed during test evaluation.

Through this procedure, classifier confidence and regression 
distance-to-threshold are integrated into a single calibrated probabil-
ity estimate. This design leverages the classifier’s ranking ability, the 
regressor’s physical interpretability, and the stability of logistic calibra-
tion, yielding robust anomaly detection under non-i.i.d. conditions.

3.4.  Training protocol

The proposed framework is trained in sequential stages, beginning 
with the boosted-tree baseline and resulting in calibrated anomaly prob-
abilities fused with regression margins. Each stage is designed to address 
a specific limitation of the raw data or model outputs, and together they 
yield a robust dual-task pipeline.

The first stage trains the GBDT baseline directly on the raw feature 
space. The model is cross-fitted, such that each sample is predicted only 
by trees that did not see it during training, thereby producing unbiased 

OOF predictions. These OOF predictions form the foundation for the 
residual modeling stage while avoiding leakage and optimistic bias.

In the second stage, residuals are computed as the difference be-
tween the actual target values and the OOF predictions. These residuals 
represent systematic errors of the boosted ensemble that a more flexible 
model can correct.

The third stage trains the residual MLP to model these residuals. 
Before training, the features are standardized using statistics computed 
on the training partition, ensuring consistent scaling across partitions. 
The MLP is trained with MSE loss, yielding a trunk of hidden layers that 
learns smooth, high-order corrections to the boosted-tree errors.

In the fourth stage, the trained trunk from the residual MLP is trans-
ferred to initialize the anomaly detector. Then, the fifth stage trains 
the anomaly detector on standardized features using focal binary cross-
entropy to handle the extreme class imbalance between normal rows 
and rare anomalies. A critical component here is the group-aware batch 
sampler, introduced to stabilize the training dynamics under non-i.i.d. 
conditions. Each mini-batch is constructed by sampling a number of 
rows from multiple groups (coils), rather than filling the batch with ran-
dom rows. This ensures that both within- and between-group variation 
is represented in every update, preventing long coils from dominating 
the gradient signal. Moreover, by balancing the representation of coils, 
the sampler ensures that group-average embeddings are estimated from 
sufficient context, which is essential for the group-aware decomposi-
tion to function correctly. Without such balanced batches, group means 
would be noisy or underrepresented, undermining the stability of the 
entire framework. Training is further stabilized with gradient clipping 
and a warm-up, along with a cosine learning rate schedule.

In the sixth stage, the classifier logits are calibrated with Platt scal-
ing on the validation set. In the seventh stage, these calibrated anomaly 
probabilities are fused with the regression margins (Section 3.3). Fi-
nally, in the eighth stage, a decision threshold 𝜏𝑎𝑛𝑜𝑚 is selected on the 
validation set. The threshold can, in principle, be tuned to the applica-
tion context: fault-critical settings may prioritize recall to minimize false 
negatives, while more tolerant settings may prioritize precision. In this 
study,𝜏𝑎𝑛𝑜𝑚 is selected to maximize the 𝐹1 score, the harmonic mean of 
precision and recall, to balance the two error types.

After completing these steps, the model is evaluated on the held-out 
test partition of the current CV fold, using the calibration parameters, 
fusion model, and threshold selected on validation. This procedure is 
repeated for all 𝐾 outer folds, ensuring that each group is used at least 
once for testing and that the reported metrics reflect a robust, cross-
validated evaluation of the framework. A complete step-by-step sum-
mary of the training sequence is provided in Algorithm 1 in Appendix B.

The proposed framework thereby provides a solution for predicting 
continuous quality indicators and rare anomalies from a grouped, tem-
porally correlated dataset.

4.  Experimental setup

To ensure fair and reproducible evaluation, all experiments were 
conducted under a common training and validation protocol. Two sets of 
baselines are considered. First, the existing physics-based predictor de-
ployed at the plant is reported as a reference for CT prediction accuracy. 
Second, controlled ablation and baseline configurations are constructed 
to quantify the contribution of each architectural component of the pro-
posed framework. For the regression task, these include comparisons 
between the proposed regressor, raw GBDT predictions, and a residual-
boosted regressor with temporal encoding. For anomaly detection, the 
weight transfer, temporal encoder, causal gate, and group-aware decom-
position are stepwise removed from the anomaly detector. Together, 
these baselines establish the foundation against which the whole frame-
work is assessed.
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4.1.  Physics-based baseline

The physics-based model currently employed by the company for 
ROT cooling control is a first-principles approach that accurately models 
strip cooling and temperature evolution from finishing to coiling. It is 
implemented as a Model Predictive Controller (MPC) that predicts the 
required cooling intensity and duration to meet specific temperature 
profiles critical to product quality.

The framework, at its core, blends first-principles heat-transfer equa-
tions with empirically calibrated coefficients to predict the strip temper-
ature from finishing to coiling. Every strip segment is divided into sur-
face header zones (jet impingement and settling regions) and through-
thickness computational cells. At each time step, an energy balance com-
bines radiative, convective, and water-cooling heat fluxes with internal 
conduction and latent heat from phase transformations. Water-cooling 
and water-settling heat transfer coefficients are stored in proprietary 
look-up tables indexed by surface temperature. Four anchor points per 
zone are linearly interpolated. These tables, as well as emissivity and 
convection factors, were derived from in-house test campaigns. The 
model assumes constant strip speed, density, and specific heat within 
each zone, uniform air properties for convection, one-dimensional heat 
conduction through thickness, and negligible water temperature rise. 
Radiative exchange uses a grey-body emissivity and a constant view-
factor multiplier to account for roll reflections.

4.2.  Baseline and comparison configurations

To thoroughly evaluate the proposed framework, both the regressor 
and anomaly detector models are contrasted against a series of baselines. 
The regressor is evaluated against the physics-based model, the raw 
GBDT predictions, and a residual-boosted NN with temporal encoding. 
To isolate the contribution of each component in the proposed anomaly 
detector, a series of ablation studies is conducted to quantify the role 
of each architectural and training-design element in the anomaly de-
tector. The classifier ablations are therefore divided into structural re-
movals, which alter the detector architecture, and an initialization ab-
lation, which keeps the full architecture fixed while changing only the 
starting point of the shared trunk.

• B0 - Physics-based baseline. The analytical ROT model described 
in Section 4.1 is reported as the industrial benchmark. This estab-
lishes the minimum performance that any data-driven alternative 
must exceed to be considered competitive.

• B1 - Raw GBDT predictions. The GBDT model trained on raw fea-
tures provides a strong tabular-data baseline. Comparing the hybrid 
model against B1 demonstrates whether the residual correction pro-
vides systematic improvements over a standalone boosted ensemble.

• B2 - Propsed regressor. This is the proposed regressor architecture 
with the residual-boosted MLP as introduced in Section 3.1.

• B3 - Residual-boosted NN with temporal encoding. In this con-
figuration, the residual MLP is replaced by a NN with temporal en-
coding that follows the same compact temporal encoding principle 
used in the anomaly detector. It is introduced to examine whether 
short-range dependencies can provide additional gains in continuous 
CT prediction.

• C1 - Full anomaly detector. The complete classifier includes causal 
temporal convolutions, causal gate fusion, and group-aware decom-
position. This configuration represents the proposed anomaly detec-
tor architecture in Section 3.2 (without regressor fusion) and serves 
as the reference point against which all subsequent classifier abla-
tions are evaluated.

• C2 - No group-aware decomposition. The trunk output is passed 
directly to a single logit head, omitting the separation of group-level 
and within-group contributions. This ablation tests the hypothesis 
that explicitly disentangling variance sources stabilizes training and 
improves the detection of within-coil dips. Performance degradation 

in this setting would confirm the need to model a grouped, non-i.i.d. 
structure explicitly.

• C3 - No temporal encoder. In this configuration, input features 
are passed directly to the trunk without convolutional context. The 
aim is to test whether the short-range dependencies identified in
Section 2.3.1 are critical for detecting transient dips, or whether 
anomalies can be detected without explicitly encoding temporal his-
tory.

• C4 - Fully-Connected baseline. In this configuration, the anomaly 
detector is reduced to a plain fully-connected network (FCN) trained 
with focal binary cross-entropy loss, without temporal convolution 
or group-aware decomposition. Each row is treated independently of 
its temporal neighbors and of its coil identity, so the model cannot 
exploit either short-term dependencies or between-group or within-
group variance. This ablation serves as a minimal deep-learning 
baseline, testing whether the performance gains of the proposed 
framework arise from the architectural innovations or simply from 
the nonlinearity of a neural classifier.

• C5 - Random-initialized full classifier. This configuration keeps 
the full anomaly detector architecture unchanged, including the tem-
poral encoder, learnable gated fusion, and group-aware decomposi-
tion, but replaces regression-based trunk initialization with random 
initialization. It is introduced to isolate the contribution of weight 
transfer independently from the architectural contributions.

All classifier ablation variants are trained with the same group-aware 
sampler, optimization procedure, and calibration/fusion steps as the 
whole model to ensure comparability. In addition, because temporal 
encoding requires valid causal windows, the first rows of each coil are 
excluded, and all reported models are therefore evaluated on the same 
common subset. The selected baselines are intended to cover the three 
most relevant comparison axes for this problem: the industrial process 
benchmark, a strong tabular-data learner, and simplified deep-learning 
variants that isolate whether performance gains arise from temporal 
and group-aware structure rather than from neural nonlinearity alone. 
Generic unsupervised anomaly-detection methods were not used as pri-
mary baselines because the present task is formulated as supervised 
threshold-based rare-event detection under grouped, leakage-safe eval-
uation, rather than as unlabeled anomaly discovery. All of the baselines 
and ablation configurations are summed up in Table 2.

4.3.  Evaluation metrics

The performance of the models is assessed on two complementary 
levels: continuous prediction of the quality indicator, and binary detec-
tion of rare anomalies.

For the regression task, the root mean square error (RMSE) is used as 
the primary measure, since it penalizes larger deviations and provides 
a robust measure of overall accuracy. In parallel, the coefficient of de-
termination (𝑅2) is reported to quantify the proportion of variance in 
the target variable explained by the model, providing a complementary 
indicator of goodness of fit. However, because both RMSE and 𝑅2 sum-
marize performance across all samples, they remain insensitive to rare 
but critical dips. A regressor may achieve low RMSE and high 𝑅2 by 
fitting the majority of normal cases while failing to capture infrequent 
but process-critical anomalies.

To evaluate anomaly detection performance, models are assessed ac-
cording to their architecture:

• Regressor-only anomaly detection. Predictions are converted to 
binary labels by comparing the continuous output directly to the 
process threshold:
𝑠̂𝑖 = 𝟏 [𝑦̂𝑖 ≤ 𝜏𝑄𝐼 ], (15)

where 𝑦̂𝑖 is the predicted quality indicator value, and 𝜏𝑄𝐼  is the lower 
quality bound defined by the steel grade recipe. This is how a single 
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Table 2 
Baselines and ablation configurations used in the study. B0-B3 denote regression baselines; C1-C5 denote classifier variants.
 Code  Configuration Description

 B0  Physics-based baseline Analytical ROT model currently deployed for cooling control. Provides the industrial benchmark for CT prediction.
 B1  Raw GBDT predictions GBDT trained directly on raw features. Strong tabular-data baseline; benchmark for proposed residual-boosted 

regressor.
 B2  Proposed Regressor GBDT residual-boosted MLP. The full proposed regressor architecture.
 B3  Residual-boosted NN with temporal encoding GBDT residual-boosted NN with temporal encoding. Evaluation of the temporal encoding in the regression task.
 C1  Full anomaly detector - without fusion Proposed classifier including causal temporal convolutions, causal gate fusion, and group-aware decomposition. Serves 

as the reference model.
 C2  No group-aware decomposition Trunk embeddings are passed to a single logit head. Evaluates the effect of explicitly separating group-level and 

within-group contributions.
 C3  No temporal encoder Input features bypass the convolutional context. Tests the importance of explicitly modeling short-range dependencies 

for detecting anomalies.
 C4  Fully-Connected Network only No temporal or group-aware structure - Deep learning baseline.
 C5  Full anomaly detector - random initialization Same with C1 with random intialization (no weight transfer)

regressor can be utilized to detect anomalies: any prediction below 
the bound is considered anomalous.

• Classifier-only anomaly detection. The anomaly detector produces 
logits that are Platt-calibrated into probabilities 𝑝𝐴𝐷,𝑖. Binarized la-
bels are obtained by thresholding these probabilities at 𝜏𝑎𝑛𝑜𝑚:
𝑠̂𝑖 = 𝟏 [𝑝𝐴𝐷,𝑖 ≥ 𝜏𝑎𝑛𝑜𝑚]. (16)

The threshold 𝜏𝑎𝑛𝑜𝑚 is chosen on the validation set to maximize the 
𝐹1 score, balancing recall and precision. In more fault-critical con-
texts, 𝜏𝑎𝑛𝑜𝑚 can instead be tuned to maximize 𝐹𝛽 with 𝛽 = 2, thereby 
placing greater emphasis on recall.

• Fused model anomaly detection. For the full framework, anomaly 
predictions follow the fusion procedure of Section 3.3. The calibrated 
classifier probabilities (converted to log-odds) and regression mar-
gins are combined in a logistic regression, yielding fused probabili-
ties 𝑝𝐹𝑈𝑆𝐸𝐷,𝑖. Binary labels are then defined as
𝑠̂𝑖 = 𝟏 [𝑝𝐹𝑈𝑆𝐸𝐷,𝑖 ≥ 𝜏𝑎𝑛𝑜𝑚], (17)

with 𝜏𝑎𝑛𝑜𝑚 again selected on the validation set to maximize 𝐹1.

For all three cases, the ground-truth labels are defined as 𝑠𝑖 = 1
whenever the measured target value falls below 𝜏𝑄𝐼 . The following 
metrics of accuracy, recall, precision, 𝐹1, and 𝐹𝛽 are reported for the 
anomaly class.

Accuracy measures the overall proportion of correct predictions, Re-
call quantifies the ability to detect rare anomalies, Precision reflects the 
reliability of positive predictions, 𝐹1 balances the two, and 𝐹𝛽 general-
izes the trade-off by weighting recall 𝛽 times more heavily than preci-
sion.

All models are trained separately for each outer CV fold. Within each 
fold, the training set is split into an inner training set and a validation 
set. The model is fit on the inner training set, monitored on the valida-
tion set, and the checkpoint with the lowest validation loss is retained. 
The validation set is then used for calibration, fusion, and threshold se-
lection. Final metrics are averaged for the held-out test partition of each 
fold, ensuring unbiased evaluation.

4.4.  Implementation and computational setup

All implementation details, the computational setup, and the hyper-
parameter values are presented in Appenidx C.

5.  Results and discussion

In the following section, the performance of the quality indicator re-
gression and anomaly detection tasks is reported separately. Afterwards, 
the results of the ablation study are presented to showcase the contribu-
tions of the temporal and group-aware parts of the framework to over-
all performance. Finally, case-study-specific results and joint anomaly-
detection and regression plots are presented to illustrate the frame-
work’s efficacy in realistic production scenarios.

Table 3 
Regression performance on the common test subset used for the temporal com-
parison for the entire CV split. Best values in bold; lower is better for RMSE, 
higher is better for R2 score.
 Model  RMSE (𝜇)  RMSE (𝜎)  R2 (𝜇)  R2 (𝜎)
 Physics-based model (B0)  0.0293  0.00115 −1.664  0.19648
 GBDT-only (B1)  0.0131  0.00029  0.4649  0.01094
 Proposed Regressor (B2)  0.0128  0.00032  0.4927  0.01265
 GBDT-Temporal Encoding (B3)  0.0127  0.00042  0.4975  0.02451

5.1.  CT profile regression results

Table 3 reports the regression performance of the four models un-
der comparison on the test subsets averaged across all of the CV folds, 
while Fig. 12 shows the corresponding predicted-true scatter plots for 
the first CV fold, also referred to as predicted vs true scatter plots. The 
plot of the physics-based model currently used in the plant (B0) is shown 
in Fig. 12a. With an ideal regressor, all of the predicted values would 
equal the true values, and thus all of the points in the plot would lie on 
the 𝑦 = 𝑥 line. In the plot of the physics-based baseline, we can see that 
the scatter points do not lie on the 𝑦 = 𝑥 line and show no linear trend 
with it; therefore, the regressor predicts erroneous values. This trans-
lates to an average RMSE of 0.0293 and a negative 𝑅2, confirming that 
it fails to capture the data’s variability and can be outperformed even 
by a constant-mean predictor. This underperformance can be attributed 
to the simplifying assumptions embedded in the first-principles formu-
lation - constant strip speed and material properties, one-dimensional 
conduction, and fixed heat-transfer coefficients. These approximations 
are particularly problematic for the heavy-gauge steel grade consid-
ered in this study, where complex through-thickness conduction, phase 
transformation effects, and water-impingement dynamics significantly 
influence cooling behavior. As shown in the gauge distribution of 
the dataset (Fig. 5a), the prevalence of thick-gauge coils exacerbates 
these discrepancies, amplifying the model’s inability to estimate the CT
profiles.

The raw GBDT baseline (B1) substantially improves accuracy, reduc-
ing the RMSE by more than 50% and achieving a mean 𝑅2 of 0.47. This 
confirms that tabular gradient boosting is a strong learner for this task, 
capturing nonlinear interactions between the process parameters and 
the quality indicator. However, the predictions tend to remain close to 
the mean, failing to reproduce very low or very high values accurately. 
This regression-to-the-mean behavior makes it challenging for the GBDT 
alone to capture rare, extreme deviations, which are crucial for anomaly 
detection.

The proposed residual-boosted regressor achieves the best perfor-
mance, with the lowest mean RMSE (0.0128) and an improved mean 
𝑅2 (0.49). The improvements, although incremental compared to the 
GBDT, are consistent across CV folds as indicated by the low vari-
ance of both RMSE and 𝑅2. Significantly, the addition of the neural
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Fig. 12. Predicted versus true coiling temperature (CT) deviation on the first CV fold of the test data. (a) The physics-based baseline (B0) shows large systematic 
errors and a negative 𝑅2. (b) Raw GBDT baseline (B1) improves fit but exhibits regression-to-the-mean behaviour, underestimating both very cold and very hot 
deviations. (c) Proposed residual-boosted regressor (B2) achieves better alignment with the identity line (oranged dashed line), especially in the cold regime where 
anomalies are concentrated, reflecting improved generalization at the extremes, (d) GBDT-Temporal residual NN achives only marginal improvement.

correction shifts more predictions closer to the identity line, particularly 
at the extremes. In the high-value range, the model begins to capture 
values previously underestimated, while in the low-value range - where 
anomalies are of most significant concern for the presented use case - 
the scatter plot in Fig. 12c shows a marked improvement, with more 
points aligned along the 𝑦 = 𝑥 line compared to the GBDT (Fig. 12b).

Adding temporal encoding to the residual NN produces only a 
marginal improvement over the proposed residual-boosted regressor, 
with a slightly lower mean RMSE (0.0127) and a slightly higher mean 
𝑅2 (0.4975) (Fig. 12d). Although this indicates that the short-range tem-
poral structure identified in Section 2.3.1 can also be exploited on the 
regression side, the magnitude of the gain remains very small and is 
comparable to the fold-to-fold variability observed across the CV splits. 
This suggests that most of the predictable continuous structure is already 
captured by the GBDT baseline, while the residual learner operates on 
a reduced error signal in which the remaining temporal information is 
comparatively weak. In this setting, the temporal encoder yields a nu-
merically positive but practically limited refinement, and therefore does 
not justify replacing the simpler residual MLP as the main regression 
model.

Taken together, these results demonstrate that the proposed residual-
boosted design successfully transfers information from the boosted tree 
baseline to the NN, improving generalization without overfitting. Com-
pared to the physics-based model currently deployed in production, the 
proposed regressor offers a significant gain in predictive accuracy, pro-
viding a stronger foundation for downstream anomaly detection, while 
the comparison with the additional temporal encoding shows that no 
substantial improvement can be obtained.

5.2.  Anomaly detection performance

Fig. 13 presents the confusion matrices for the four anomaly detec-
tion strategies: the physics-based baseline (B0), the residual-boosted re-
gressor with thresholding at 𝜏𝑄𝐼 , the classifier-only model with Platt-
calibrated probabilities, and the fused model combining regression mar-
gins with calibrated classifier probabilities. Table 4 summarizes the 
anomaly detection metrics for the anomaly class (denoted by the+next 
to the metric), and Fig. 14 shows the corresponding precision-recall 
curves with operating points annotated at the validation-selected 𝐹1
threshold.

Results in Engineering 30 (2026) 110483 

13 



T. Kontogiannis et al.

Fig. 13. Confusion matrices for four anomaly detection strategies on the test data of the first CV split: (a) physics-based baseline (B0), (b) residual-boosted regressor 
with anomalies flagged when predictions fall below 𝜏𝑄𝐼 , (c) classifier-only model with Platt-calibrated probabilities thresholded at 𝜏𝑎𝑛𝑜𝑚 selected for 𝐹1, and (d) 
fused model combining regression margins with calibrated classifier probabilities. Each cell shows both the raw counts and the normalized proportions. For the 
classifier-only and fused configurations, the total counts are lower than for the regressor-based approaches because the first three time steps of each coil are dropped 
when constructing input windows.

Table 4 
Anomaly detection performance on the test data averaged across all of the CV splits. All of the 
values are reported as mean ± standard deviation. Best values in bold; higher is better for all 
metrics.

 Model 𝐹1+ 𝐹2+  Precision+  Recall+
 Physics-based baseline (B0)  0.04  0.04  0.04  0.03
 Regressor only 0.392 ± 0.0515 0.321 ± 0.0496 0.632 ± 0.0354 0.286 ± 0.0467
 Classifier only (C1) 0.4657 ± 0.0317 0.4682 ± 0.0391 0.4653 ± 0.0452 0.4708 ± 0.0483
 Proposed-Fused 𝟎.𝟒𝟖𝟒𝟔 ± 𝟎.𝟎𝟑𝟑𝟒 𝟎.𝟒𝟖𝟓𝟐 ± 𝟎.𝟎𝟑𝟗𝟏 𝟎.𝟒𝟖𝟒𝟗 ± 𝟎.𝟎𝟑𝟏𝟒 𝟎.𝟒𝟖𝟓𝟖 ± 𝟎.𝟎𝟒𝟒𝟐

The physics-based baseline (B0, Fig. 13a) fails to identify anoma-
lies, with recall close to zero and overall precision and 𝐹1 below 0.05
(Table 4). This outcome reflects the same systematic underestimation 
observed in regression, leaving rare dips in the quality indicator entirely 
undetected.

Thresholding the residual-boosted regressor at 𝜏𝑄𝐼  (Fig. 13b) results 
in improved detection performance, yielding 𝐹1 = 0.39 and 𝐹2 = 0.32. 
While precision is high (0.632), the detection capability remains lim-

ited (as justified by the reduced recall at 0.29) because the regres-
sor, while accurate in predicting mean quality indicator behaviour, 
does not produce sufficiently sharp responses at the boundaries. As 
seen in the scatter plots of Section 5.1, the GBDT+NN hybrid re-
duces error. Still, it exhibits regression-to-the-mean behaviour, mak-
ing it ill-suited as a standalone anomaly detector. This justifies the ad-
dition of a dedicated classifier to model and capture rare anomalies
explicitly.
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Fig. 14. Precision-recall curves for the four anomaly detection strategies: 
physics-based baseline (B0), regressor-only thresholding at 𝜏𝑄𝐼 , classifier-only 
with calibrated probabilities, and fused model with logistic combination of mar-
gin and probability. The annotated dot marks the operating point chosen on 
validation to maximize 𝐹1. The average precision (AP) score for each model is 
reported in the legend. The fused model achieves the highest performance, evi-
dent by the largest area under the curve and the highest AP. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Introducing the coil-aware anomaly detector (Fig. 13c) markedly in-
creases recall and yields balanced precision-recall trade-offs, with 𝐹1
and 𝐹2 both around 0.47 (Table 4). The classifier leverages temporal 
encoding and group-aware decomposition, overcoming the regressor’s 
averaging tendency and improving sensitivity to localized low values in 
the quality indicator profiles.

Finally, the fused model (Fig. 13d) achieves the best overall perfor-
mance. By combining the classifier-calibrated probability with the re-
gression margin using a logistic fusion scheme (Section 3.3), the model 
achieves 𝐹1 and 𝐹2 scores of around 0.485, outperforming all other 
configurations. The precision-recall (PR) curves in Fig. 14 confirm that 
the full model improves the precision-recall envelope across thresholds, 
with the operating point tuned for 𝐹1 (annotated dot) lying on the up-
per frontier of all curves. This is also evident from the higher average 
precision (AP) score reported in the plot legend.

Taken together, these results highlight two key findings: (i) regres-
sion accuracy alone does not guarantee anomaly detection performance, 
due to regression-to-the-mean effects at the extremes, and (ii) combin-
ing a dedicated anomaly classifier with regression margins through cali-
brated fusion provides the most accurate and balanced detection of rare 
anomalies.

This behaviour can be explained by the complementary error pro-
files of the two components. As reported in Table 4, the regressor-only 
approach achieves relatively high precision but low recall, detecting 
anomalies conservatively and often missing low-value dips. In contrast, 
the classifier achieves higher recall by exploiting temporal and group-
aware context, but at the expense of false positives. Logistic regression 
fusion leverages the regressor margin as a calibrated auxiliary feature, 
weighting the classifier output against the regressor’s precision. The re-
sult is a fused probability that inherits the classifier’s recall strength 
while mitigating spurious detections, effectively balancing sensitivity 
and specificity.

It is worth noting that the absolute performance levels in the pre-
sented use case remain modest. Precision and recall are balanced but 
not high in absolute terms, which is partly due to the nature of the 
use-case data. First, the CT is only measured at the coil-segment level, 
rather than at the finer resolution of spray zones or local cooling dy-
namics, limiting the granularity of the available signal. Second, the pre-
diction task is particularly challenging because it attempts to infer the 
post-cooling temperature outcome using only setpoints and upstream 
process parameters, without direct measurements from the cooling pro-
cess itself. This design choice, however, is deliberate: by predicting the 
quality indicator and flagging anomaly risk before the cooling process 
occurs, the framework provides lead time for preventive adjustment of 
cooling settings. Finally, the limited number of confirmed fault samples 
further constrains achievable performance. The rarity of the anomalies 
biases the learning process toward the dominant healthy regime, mak-
ing it challenging to capture the full variability of fault signatures and 
limiting 𝐹1 scores even in architectures explicitly designed to handle 

Fig. 15. Case study of a coil with multiple cold dips. Panels show anomaly 
detection overlays for (a) physics-based baseline (B0), (b) residual-boosted re-
gressor thresholded at 𝜏𝑄𝐼 (c) classifier-only with calibrated probabilities, and 
(d) fused model. Grey = measured CT profile, red = physics-based predictions, 
blue = regressor predictions. Shaded areas mark true positives (green), false 
positives (orange), and false negatives (red). The regressor begins to capture 
some dips but misses many, the classifier recovers most anomalies at the cost of 
false positives, and the fused model reduces spurious detections while preserv-
ing recall. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)
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imbalance [52–54]. In practice, the proposed approach is intended as a 
data-driven replacement for the existing physics-based predictor, with 
the added functionality of anomaly risk indication based on CT dips that 
are otherwise disregarded as noise in the literature, offering a decision-
support signal that complements the existing control logic. Even when 
absolute anomaly metrics remain modest, the reduction of false posi-
tives achieved by temporal context, group-aware decomposition, and 
calibrated fusion is operationally important because unnecessary inter-
ventions are costly and may degrade throughput.

5.3.  Ablation study

Table 5 reports both structural ablations and an additional initial-
ization ablation for the anomaly detector. Overall, C1 remains the best-
balanced configuration, achieving the strongest combined 𝐹1 and 𝐹2 per-
formance while maintaining closely matched precision and recall. This 
indicates that the joint use of temporal encoding, gated fusion, group-
aware decomposition, and transferred initialization provides the most 
stable detection of rare CT dips.

Fig. 16. Case study of a more challenging coil with weaker and sporadic dips. 
Coloring and layout as in Fig. 15. The regressor struggles in this case, main-
taining high precision but low recall. The classifier captures all anomalies but 
produces numerous false alarms, whereas the fused model balances the two, re-
ducing false positives while retaining all correct detections. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Table 5 
Ablation study on the proposed classifier. C1 is the full anomaly classifier 
without probability fusion; C2 removes the group-aware decomposition; C3 
removes temporal encoding; and C4 reduces the detector to a plain fully con-
nected network trained with focal BCE. C5 keeps the full classifier architecture 
fixed but replaces transferred trunk initialization with random initialization. 
C1 values are repeated from Table 4 for completeness. Metrics are computed 
from test data averaged across all CV splits. All of the values are reported as 
mean ± standard deviation.
 Model 𝐹1+ 𝐹2+  Precision+  Recall+
 C1 𝟎.𝟒𝟔𝟓𝟕 ± 𝟎.𝟎𝟑𝟏𝟕 𝟎.𝟒𝟔𝟖𝟐 ± 𝟎.𝟎𝟑𝟗𝟏 𝟎.𝟒𝟔𝟓𝟑 ± 𝟎.𝟎𝟒𝟓𝟐 0.4708 ± 0.0483
 C2 0.4526 ± 0.0471 0.4637 ± 0.0575 0.4377 ± 0.0397 0.4722 ± 0.0660
 C3 0.4359 ± 0.0406 0.4567 ± 0.0609 0.4085 ± 0.0233 0.4731 ± 0.0783
 C4 0.4348 ± 0.0343 0.4604 ± 0.0350 0.400 ± 0.0477 𝟎.𝟒𝟖𝟎𝟎 ± 𝟎.𝟎𝟒𝟎𝟕
 C5 0.4632 ± 0.0407 0.4672 ± 0.0498 0.4596 ± 0.0427 0.4706 ± 0.0585

When the group-aware decomposition is removed (C2), performance 
degrades moderately, with the main loss appearing in precision rather 
than recall. Precision decreases from 0.465 to 0.438, whereas recall 
remains at approximately 0.472. This is consistent with the strong 
between-coil variance identified in Section 2.3.2. Without explicitly sep-
arating coil-level offsets from within-coil deviations, the detector pro-
duces more false positives in coils with shifted baseline behaviour.

Omitting temporal encoding (C3) leads to a stronger degradation. Al-
though recall remains nearly unchanged at 0.473, precision drops fur-
ther to 0.409, with corresponding reductions in both 𝐹1 and 𝐹2. This 
indicates that a short causal context is important for suppressing noisy 
detections and for linking successive rows into coherent local anomalies. 
Without temporal encoding, the detector remains sensitive to anomalies, 
but it becomes less accurate.

The plain fully connected baseline (C4) shows the same trade-off 
more clearly. It attains the highest recall, 0.480, but the lowest pre-
cision, 0.400, and consequently underperforms the structured variants 
in both 𝐹1 and 𝐹2. This behaviour suggests an over-sensitive detector 
that captures many anomalous rows but also misclassifies a substantial 
number of normal observations, confirming that, for the correct iden-
tification of anomalies, both temporal and group-aware structures are 
important.

Finally, the random-initialized full classifier (C5) remains competi-
tive, achieving 𝐹1 = 0.463 and 𝐹2 = 0.467, but it is consistently slightly 
inferior to proposed architecture C1 with weight transfer initialization, 
which reaches 𝐹1 = 0.465 and 𝐹2 = 0.468. The main difference again ap-
pears in precision, which decreases from 0.465 to 0.460, while recall 
remains essentially unchanged at approximately 0.471. This indicates 
that transferred initialization modestly but consistently improves dis-
crimination once the full detector architecture is present. At the same 
time, the larger drops observed in C2-C4 indicate that the dominant 
gains arise from explicitly modeling short-range temporal context and 
group-level structure, whereas weight transfer provides additional re-
finement rather than being the primary source of performance.

It is important to note that C1 corresponds to the standalone classifier 
before probability fusion. As shown in Table 4, the logistic fusion of 
classifier probabilities with regressor margins further improves recall 
beyond the FCN baseline, while simultaneously restoring precision. This 
highlights the complementary role of fusion in balancing sensitivity and 
specificity.

5.4.  Case studies - CT profile with anomaly overlays

To complement the aggregate performance metrics and illustrate 
the application of the proposed framework in a real production sce-
nario, Figs. 15 and 16 illustrate two representative coil profiles with 
anomaly detection overlays using four different strategies: (a) physics-
based baseline (B0) and (b) residual-boosted regressor thresholded at 
𝜏𝑄𝐼 , (c) classifier-only (C1), and (d) fused model thresholded at the 
tuned 𝜏𝑎𝑛𝑜𝑚.
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The first example (Fig. 15) demonstrates a rare case of a highly faulty 
coil with multiple pronounced cold dips. The physics-based baseline 
fails, as annotated with the red-shaded areas and lines (False Negatives), 
to capture any anomalies, consistent with its near-zero recall reported in 
Section 5.2. The regressor-only model begins to identify several dips cor-
rectly (True Positives annotated with green-shaded areas and lines). Yet, 
many remain undetected due to its regression-to-the-mean tendency. 
The classifier substantially increases recall, detecting nearly all anoma-
lies, but introduces a considerable number of false positives (annotated 
with orange-shaded areas and lines). The fused model mitigates these 
spurious detections, as evident from the reduced orange areas, while 
maintaining high recall, resulting in the best overall alignment between 
predicted and measured anomalies. This behavior reflects the comple-
mentary error profiles described in Section 5.2: the regressor’s high pre-
cision constrains the classifier’s broader sensitivity through the logistic 
margin fusion.

The second example (Fig. 16) highlights a more challenging case in 
which anomaly signals are weak and sporadic, as is usually observed 
in well-behaved coils. Here, all methods struggle, but the progression 
remains consistent. The regressor maintains high precision with sparse 
detections, the classifier manages to correctly capture the two abrupt 
dips but introduces more false alarms, and the fused model balances 
the two, retaining the correct detections while reducing false positives 
relative to the classifier alone. This aligns with the precision-recall trade-
offs shown in Table 4, confirming that the fusion inherits the strengths 
of both components.

Together, these case studies reinforce the quantitative findings: 
while regressors are effective for stable CT prediction, anomaly detec-
tion requires a classifier. Fusion of the two yields the most robust iden-
tification of rare CT dips, as evidenced by both overall metrics and coil-
level examples.

6.  Conclusions

The present study proposes a general framework for predicting qual-
ity indicators with anomaly detection in datasets that are inherently 
grouped and non-i.i.d., while exhibiting short-range temporal depen-
dencies. Although CT was used as a representative case, the method-
ology applies more broadly to industrial batch processes, segmented 
time-series data, and other domains where group-level offsets coexist 
with local sequential structure.

The following conclusions were drawn from the study:

• Abrupt coiling temperature (CT) dips below the lower acceptable 
temperature bound are not stochastic noise but reliable proxies of 
surface-quality defects, and therefore should be explicitly modeled 
rather than discarded during preprocessing.

• Production datasets should first be examined using data diagnostics 
to identify temporal dependencies and grouping effects. When such 
structures are identified, they must be explicitly represented in both 
the model architecture and data splitting to increase model validity 
and prevent leakage.

• Encoding short-term temporal dependencies and explicitly decom-
posing between-group and within-group variation improves the 
model’s ability to detect abrupt and localized anomalies in grouped, 
non-i.i.d. data.

• Combining the mean-seeking tendency of gradient-boosted trees 
with the flexibility of neural residual modeling improves accuracy at 
extreme quality indicator values, without harming generalization.

• When anomalies are defined by abrupt dips of the quality indica-
tor, thresholding a conservative regressor’s output and fusing it with 
a higher-recall anomaly detector through logistic regression at the 
probability level yields a balanced trade-off, reducing false positives 
with minimal loss of anomaly recall.

• Although performance in the presented use-case is bounded by the 
granularity and informativeness of available data, and by down-

stream process influences, the proposed framework improves model 
efficacy within these constraints, providing more accurate predic-
tions and a quality-risk screening and decision-support layer that can 
provide earlier warning than the currently deployed predictor.

The end goal is to produce an informative, actionable, and gener-
alizable quality indicator predictor with anomaly detection capabilities 
for production datasets. To that end, future work should focus on fur-
ther enhancing the accuracy, interpretability, and robustness of the pro-
posed framework. Physics-informed modeling offers a promising direc-
tion, particularly for the showcased use case of CT prediction, where 
constraining regression margins with simplified energy-balance formu-
lations, embedding spray-zone structure in the temporal encoder, or reg-
ularizing latent representations with known thermal-transfer relations 
could strengthen physical consistency. Another critical avenue is uncer-
tainty quantification, extending the model to provide confidence esti-
mates for both regression margins and anomaly probabilities. This will 
enable operators to assess alarm reliability and determine the necessary 
action. Online calibration drift monitoring can ensure robustness under 
evolving plant conditions. At the same time, limited-label or weakly su-
pervised anomaly learning could help exploit the large volume of avail-
able production data where only a small subset of anomalies is con-
firmed. Finally, the present case study is limited to one HSLA heavy-
gauge production regime, so broader applicability across steel grades 
and product specifications remains to be demonstrated explicitly. Never-
theless, the framework is defined at the methodological level by grouped 
splitting, short-range temporal encoding, and group-aware variance de-
composition, and is therefore not tied to a single recipe. Extending it 
across grades would require re-evaluating the temporal and grouping 
diagnostics for the new regime, recalibrating grade-specific CT thresh-
olds and decision boundaries, and potentially conditioning the model 
on grade or product descriptors. Where shifts in operating windows 
or group composition are substantial, domain adaptation mechanisms 
would also be required. Evaluating these extensions across broader HSM 
production regimes is therefore an important next step toward plant-
wide deployment.
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Appendix A.  ANOVA details and variance components derivation

For observations 𝑦𝑔𝑖 indexed by group 𝑔 and instance 𝑖, the model is:

𝑦𝑔𝑖 = 𝜇 + 𝛼𝑔 + 𝜀𝑔𝑖, 𝛼𝑔
𝑖𝑖𝑑∼  (0, 𝜎2between), 𝜀𝑔𝑖

𝑖𝑖𝑑∼  (0, 𝜎2within), (A.1)

with 𝛼𝑔 orthogonal to 𝜀𝑔𝑖. The marginal variance, therefore, decomposes 
additively as:
Var(𝑥𝑔𝑖) = 𝜎2between + 𝜎2within. (A.2)

Estimation of these variance components proceeds through ANOVA 
mean squares. The within-group mean square is:

𝑀𝑆𝑊 =

∑𝐺
𝑔=1(𝑛𝑔 − 1) 𝑠2𝑔
𝑁 − 𝐺

, (A.3)

where 𝑠2𝑔 is the sample variance inside a group 𝑔, 𝑛𝑔 is the number of 
rows in coil 𝑔, 𝑁 =

∑

𝑔 𝑛𝑔 is the total number of rows, and 𝐺 is the total 
number of groups. Its expectation is therefore is:
𝐸[𝑀𝑆𝑊 ] = 𝜎2within. (A.4)

Similarly, the between-group mean square and its expectation are de-
fined as:

𝑀𝑆𝐵 =

∑𝐺
𝑔=1 𝑛𝑔(𝑦̄𝑔 − 𝑦̄)2

𝐺 − 1
, 𝐸[𝑀𝑆𝐵] = 𝜎2within + 𝑛̄ 𝜎2between, (A.5)

where 𝑦̄𝑔 is the mean of 𝑦 within coil 𝑔, 𝑦̄ is the overall mean, and 𝑛̄
denotes an effective average group size that corrects for unequal group 
lengths:

𝑛̄ =
𝑁 −

∑𝐺
𝑔=1 𝑛

2
𝑔

𝑁
𝐺 − 1

. (A.6)

This expression reduces to the common group size 𝑛 when all groups 
are equal, but downweights highly imbalanced groups when sizes vary. 
Incorporating 𝑛̄ ensures that the estimator of the between-group vari-
ance remains unbiased under unequal group sizes [42]. The resulting 
variance component estimates are

𝜎̂2between = max
{

𝑀𝑆𝐵 −𝑀𝑆𝑊
𝑛̄

, 0
}

, 𝜎̂2within = 𝑀𝑆𝑊 (A.7)

which in turn define the intraclass correlation coefficient (ICC) shown 
in Eq. (2).

Appendix B.  Training protocol

The training protocol explained in Section 3.4 is presented in an al-
gorithimic form in Algorithm 1.

Algorithm 1 Cross-validated training protocol for residual-boosted re-
gression and group-aware anomaly detection.
Input: Grouped data {(𝑥𝑖, 𝑦𝑖, 𝑔𝑖)}𝑁𝑖=1, anomaly threshold 𝜏𝑄𝐼 , number of 
outer CV folds 𝑆, inner GBDT folds 𝐾

Output: Trained trunks and classifiers for each outer fold, Platt param-
eters, fusion coefficients, chosen threshold 𝜏anom, and test metrics per 
fold
for 𝑠 = 1 … 𝑆 do ⊳ outer CV fold
 Split groups into train/val/test for fold 𝑠 (group-wise, no leakage).
 Stage 1 - GBDT on raw features (cross-fitted on train)
 Partition train indices into 𝐾 folds {𝑆𝑘}𝐾𝑘=1
 for 𝑘 = 1 … 𝐾 do
 Train GBDT on raw {(𝑥𝑖, 𝑦𝑖) ∶ 𝑖 ∉ 𝑆𝑘}
 Obtain OOF predictions 𝑦̂oof𝑖 ← GBDT(𝑥𝑖) for 𝑖 ∈ 𝑆𝑘

 Concatenate 𝑦̂oof  over all train rows
 Stage 2 - Residuals (train)
 𝑟𝑖 ← 𝑦𝑖 − 𝑦̂oof𝑖  for all train rows
 Stage 3 - Residual MLP on standardized features (train)
 Fit standardization on train features; 𝑥̃𝑖 ← Stdtrain(𝑥𝑖)
 Train MLP on (𝑥̃𝑖, 𝑟𝑖) with MSE; save trunk weights 𝜃mlp
 Stage 4 - Initialize anomaly detector (train)
 Initialize classifier trunk with 𝜃mlp
 Stage 5 - Train anomaly detector (train)
 Use group-aware sampler: many groups per batch, few rows per 
group
 Train with focal BCE on 𝑥̃𝑖; use gradient clipping, OnecycleLR
 Compute validation logits 𝓁𝑗 on val (std. with train stats)
 Stage 6 - Platt calibration (val)
 Fit (𝑎, 𝑏) on val to minimize CE of 𝑝𝐴𝐷,𝑗 = 𝜎(𝑎𝓁𝑗 + 𝑏) vs labels
 Stage 7 - Fusion model (val)
 𝑦̂𝑗 ← 𝑦̂oof𝑗 + 𝑟̂MLP(𝑥̃𝑗 )
 𝑚𝑗 ← 𝜏𝑄𝐼 − 𝑦̂𝑗 , 𝑠𝑗 ← logit(𝑝𝐴𝐷,𝑗 )
 Fit LR: logit(𝑝FUSED,𝑗 ) = 𝛽0 + 𝛽1𝑠𝑗 + 𝛽2𝑚𝑗 (optional +𝛽3𝑠𝑗𝑚𝑗)
 Stage 8 - Threshold selection (val)
 Choose 𝜏anom on val to maximize 𝐹1 (adaptable to application costs)
 Stage 9 - Test evaluation (held-out test of fold 𝑠)
 Standardize test; 𝑝𝐴𝐷,𝑡 = 𝜎(𝑎𝓁𝑡 + 𝑏)
 𝑚𝑡 ← 𝜏𝑄𝐼 − 𝑦̂𝑡 with 𝑦̂𝑡 = 𝑦̂oof𝑡 + 𝑟̂MLP(𝑥̃𝑡)
 Compute 𝑝FUSED,𝑡 with 𝛽; binarize with 𝜏anom; record metrics

Appendix C.  Implementation details, computational setup and 
hyperparameters

All experiments were implemented in Python using PyTorch for neu-
ral models and scikit-learn for gradient-boosted trees, Platt calibration, 
and logistic regression fusion. Data handling, preprocessing, and evalu-
ation pipelines were built on NumPy and Pandas.

Training of the neural models was performed on an NVIDIA A100 
GPU using the Multi-Instance GPU (MIG) feature. A single partition of 10 
GB VRAM was allocated out of the seven available MIG instances on the 
card. This restricted memory footprint demonstrates that the proposed 
framework can be trained efficiently without requiring access to the full 
80 GB of the device. Memory usage during training was dominated by 
batch construction, as the group-aware sampler maintains a balanced 
representation of multiple coils per batch..

Random seeds were fixed for data splits, network initialization, and 
training procedures, and deterministic operations were enabled where 
supported by PyTorch. Results are reproducible across runs, with only 
minor numerical differences possible due to non-deterministic GPU ker-
nels in PyTorch/cuDNN.

Hyperparameters were fixed based on exploratory analysis and small 
independent grid searches rather than an extensive automated search. 
Learning rates, batch sizes, kernel sizes, and loss weights were held con-
stant across CV folds to ensure comparability. Full details of the data
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preprocessing settings, hyperparameter values and settings of models 
and training options, together with the software environment (Python 
version, PyTorch version, CUDA toolkit), are provided in tables Ta-
ble C.1-C.9 to facilitate reproducibility.

Table C.1 
Data preprocessing and grouping.
 Item  Value  Notes
 Grouping unit  group id  Coil id in the use case
 Split policy  group-wise CV  No group leakage across folds
 Standardization  StandardScaler  Fit on train only, applied to val and test
 Windowing  lags = 3  Drops first lags rows per group
 Window shape 𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 , 𝑙𝑎𝑔𝑠 + 1)  Axis-2 is [𝑡 − 𝑙,… , 𝑡]
 True anomaly label 𝑦 ≤ 𝜏𝑄𝐼  Process-defined lower bound

Table C.2 
GBDT baseline (cross-fitted out-of-fold).
 Hyperparameter  Value  Notes
 Estimator  HistGradient BoostingRegressor  scikit-learn
 Loss  squared_error
 Max iterations (trees)  100
 Learning rate  0.06
 Max leaf nodes  63
 L2 regularization 1 × 10−3

 Early stopping  True  If used by sklearn HGB
 Inner folds 𝐾  5  For cross-fitting OOF
 Features  raw  No scaling for GBDT
 Outputs  OOF predictions  Used to compute residuals

Table C.3 
Residual MLP regressor.

 Hyperparameter  Value  Notes
 Input dim 𝑑 𝑁𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠  Number of engineered features
 Hidden widths  (128, 64, 32, 16)
 Activation  ReLU  In all blocks
 Dropout 𝑝  0.20
 Output  1  Scalar residual
 Loss  MSE
 Optimizer  AdamW
 Learning rate - base 3 × 10−4  Overridden by LR Scheduler
 Weight decay 1 × 10−4

 Epochs  400
 Warm-up fraction  0.05  Linear warm-up
 LR scheduling  OneCycleLR  See Table C.4
 Grad clip-norm  1.0
 Batch size  1024  MLP dataloader batch size
 Standardization  yes  Fit on train only
 Checkpoint  trunk weights  Used to init classifier trunk

Table C.4 
OneCycleLR schedule - per step (train batches).
 Hyperparameter  Value  Notes
 Max learning rate 1 × 10−3  Peak lr reached during the warm-up climb
 Pct start  0.15  Fraction of steps for increasing lr - typical 0.3
 Anneal strategy  cos
 Div factor  25 𝑙𝑟𝑖𝑛𝑖𝑡 = max_𝑙𝑟∕𝑑𝑖𝑣_𝑓𝑎𝑐𝑡𝑜𝑟
 Final div factor  100 𝑙𝑟𝑓𝑖𝑛𝑎𝑙 = max_𝑙𝑟∕𝑓𝑖𝑛𝑎𝑙_𝑑𝑖𝑣_𝑓𝑎𝑐𝑡𝑜𝑟
 Cycle momentum  True  If True - OneCycle also schedules optimizer momentum

Table C.5 
Group-aware sampler and windowing.

 Item  Value  Notes
 Groups per batch  64
 Rows per coil  16
 Batch size 64 × 16  Constant per batch
 Sampling  with replacement  Inside coil when short
 Window lags  3  Drops first 3 rows per group

Table C.6 
Group-aware anomaly detector with causal temporal encoder.
 Component  Value Notes

 Temporal encoder  depth-wise Conv1d in_ch = out_ch = 𝑑, 
groups = 𝑑

 Kernel size  4 = lags +1 for lags = 3
 Dilation, stride, padding  1, 1, 0 No padding for causality
 Raw pathway  last time step 𝑥𝑡 per feature
 Causal gate  learnable blend LayerNorm on raw and 

conv; per-channel gate 
𝑎 ∈ (0, 1)

 Gate init  0.10 Sigmoid of logit_alpha
init

 Trunk init  from MLP Same widths: (128, 64, 
32, 16), dropout 0.20

 Group mean path  2-layer FC 𝑑 → max(4, 𝑑∕4) → 1 logit
 Residual path  linear 𝑑 → 1 logit on 𝑧 − 𝑧̄𝑔
 Final logit  sum Group logit + residual 

logit
 Loss  focal BCE 𝛾 = 2.0, 𝛼 = 0.25
 Optimizer  AdamW
 Learning rate - base 3 × 10−4 Overridden by LR 

Scheduler
 Weight decay 1 × 10−4

 Epochs  400
 LR scheduler  OneCycleLR see Table C.4
 Grad clip-norm  1.0
 Batching  group-aware See Table C.5

Table C.7 
Calibration and fusion.

 Item  Value  Notes
 Calibration  Platt scaling  Logistic regression on val
 Platt params (𝑎, 𝑏)  Fitted by cross-entropy
 Fusion inputs logit(𝑝𝐴𝐷), 𝑚 = 𝜏𝑄𝐼 − 𝑦̂  No interaction by default
 Fusion model  LogisticRegression  scikit-learn
 Fusion solver  lbfgs
 Class weight  balanced
 Max iter  2000
 Threshold 𝜏𝑎𝑛𝑜𝑚  Chosen on val to maximize 𝐹1

Table C.8 
Cross-validation and evaluation protocol.
 Item  Value  Notes
 Outer CV folds 𝑆  5  Group-wise
 Inner folds 𝐾  5  For GBDT cross-fitting
 Model selection  val loss
 Calibration set  validation  Platt and fusion fit on val
 Test set  held-out outer fold  No refitting
 Metrics - regression  RMSE
 Metrics - anomalies  Acc, Prec, Rec, 𝐹1, 𝐹𝛽 𝛽 option per application
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Table C.9 
Compute and software environment.
Item Value Notes

GPU NVIDIA A100 
MIG

Single 10 GB partition

Frameworks PyTorch, scikit-
learn

Plus NumPy, pandas

CUDA toolkit 12.9
PyTorch version 2.6.0
Python version 3.9.16
scikit-learn ver-
sion

1.3.0

Determinism fixed seeds Minor non-determinism possible 
on GPU kernels
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