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Abstract

The increasing demand for lightweight components with complex geometries and high performance
has significantly driven the use of High Pressure Diecasting technologies in the transportation sector.
However, the production of high-quality HPDC components necessitates precise control of process
parameters. Within this scope, the Data and Metadata for Advanced Digitalization of Manufacturing
Industrial Lines (metaFacturing) project, funded by the EU Horizon program, is trying to solve some
of the challenges. The focus is on a digitalized toolchain that will optimize the use of raw materials,
incorporating recycled ones, reduce operator costs and effort, as well as waste caused by out-of-
specification production results. In this paper, a solution for the challenge of the structured data
characteristics is presented using two differently trained classifiers for anomalous and non-anomalous
data in order to improve classification performance. To additionally increase efficiency and utilize
process data characteristics, different declarative programming methods are investigated, such as ILP,
ASP, CLP, and CP.

Keywords: declarative programming; anomaly detection; HPDC process data

1. Introduction

In recent decades, the demand for lightweight components in the transportation sector has driven
the widespread use of High Pressure Die Casting (HPDC). This casting process enables the high-
volume production of complex components with thin wall thicknesses and good mechanical properties.
However, a precise control of casting parameters is essential to ensure the production of high-quality
parts. In order to improve the process settings and product quality, shorten the production time, reduce
material waste and environmental impact, manufacturers, as well as researchers are seeking for new
solutions, especially in the area of Industry 4.0. Within this scope, the Data and Metadata for Advanced
Digitalization of Manufacturing Industrial Lines (metaFacturing) project funded by the EU Horizon
program addresses some of the challenges. metaFacturing focuses on the development of a digitized
toolchain for metal part production which will optimize the use of raw materials incorporating recycled
ones, reduce the operator cost and effort, as well as waste caused by out-of-specification production
results.

To validate the digitalized toolchain for strategic applications, a HPDC production line-based
demonstrator was prepared at LTH Castings factory, and the formation of defects was monitored
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under varying casting parameters. Although several microstructural defects can be formed during the
HPDC process [7], the most common defects leading to failure of the component include gas porosities,
shrinkage porosities, and cold runs. Several methods can be employed to detect these defects, such as
X-ray inspection, ultrasonic testing, dye penetrant testing, and leakage testing. The latter is particularly
relevant for HPDC components required to withstand different operating pressures and is typically
performed through water immersion, air or helium leak detection.

Central aspects of the development of the casting demonstrator included data generation and
fusion of all relevant data throughout the production chain. Data available from the HPDC process is
summarized as follows:

—  Process control parameters and machine measurements - structured data (one value for each
parameter /measurement per die casting shot): biscuit thickness, maximum metal pressure,
average piston speed, level of melt, leakage of chamber, etc.;

—  Machine configuration parameters - time series data reported by the HPDC machine for each die
casting shot: configured plunger velocity and configured metal pressure;

—  Actual profiles data - time series data reported by the HPDC machine for each die casting shot:
actual plunger position, velocity, and metal pressure;

—  Thermal images (image data) generated by an infrared camera for each die casting shot;

—  Quality control information for each metal part - structured data (one value per die casting shot).

The quality status of a cast part can be either determined automatically by the HPDC machine,
if the process control parameters/measurements are out of tolerance, through visual inspection by
machine operators and by the leak testing machine (at a different stage in the production). Leakage
testing efficiently detects defects that could lead to component failure. Furthermore, it facilitates the
assessment of casting parameters suitable for the production of high quality components. Because the
cost of scrap increases as the production process progresses, it is important to eliminate defective parts
as early as possible. Since casting is the first operation in serial production and leakage test occurs
near the end, there is an opportunity to reduce scrap costs. Predicting the quality status during the
casting process would help to achieve this goal.

HPDC is a complex process with a large number of process variants, non-linear correlations and
differences between simulation and production. Monitoring and optimizing it is challenging for the
human operator. In this paper, we focus on analyzing the structured data from the process (i.e., process
control parameters, machine measurements, and the corresponding quality control information). The
other types of data are being investigated separately in the project.

One of the challenge in the structured data analysis is the fact that defects occur in various
forms and can have different characteristic, both connected to parameters deviations and other factors.
To address this problem, we propose to use two separately trained classifiers for anomalous and
non-anomalous data in order to improve the classification performance.

In order to find anomalies in the data, also called outliers, many techniques can be used. For
example, for high-dimensional data in an Euclidean space, unsupervised methods can be used,
especially with taking into account subspaces [23], like Axis-Parallel Subspaces [10]. There are also
methods that find anomalies using information about the neighborhood [23], for example kNN [17] or
LoOP [11]. Some of them also use the distance measurement from the defined number of neighbors or
sliding windows [17,20]. Another method is to ensemble different anomaly detection results [23], for
example, using different subsets of subsamples and features [14]. Other techniques use Support Vector
Machines or Deep Belief Networks [5,20] or consider mixed attributes anomaly detection [23].

All of these methods have advantages and disadvantages. Subspace-based approaches are very
efficient, however it is not easy to find the right subspace. Neighborhood information-based algorithms
are not affected by the data distribution, but mostly they do not perform well and are sensitive to the
parameters used. Methods based on ensembling results may have high accuracy but may be inefficient.
With mixed attributes, anomaly detection algorithms can achieve high accuracy. However, they usually
have high complexity and it is difficult to obtain correlation structures of features [23].
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Characteristic of the HPDC process data can be also taken into consideration, like information
about correlated sensors as well as e.g. their known "safe" ranges. One of the methods that can be used
to incorporate this information is declarative programming, which is successfully used in many areas
like project resource allocation [21], carrying out multimodal processes flow [3], but also errors diagno-
sis [4] and anomaly detection. In the area of anomaly detection different declarative programming
methods can be used, like for example Answer Set Programming (ASP) [2], Constraint Programming
methods [12] or Logical Programming [1]. The advantages of using declarative programming are:
robust constraints handling [8,18], optimization-driven anomaly detection [9,22] and advanced logical
reasoning [6].

2. Anomalies Detection for Sensors Data

The anomalous data in the HPDC production process can indicate situations that are less standard
and, in some cases, may lead to defects in the produced samples. However, due to the specificity of
the process, not all outliers lead to defects, so they also have to be classified.

The main idea and motivation of this paper is to provide a solution, which will improve the overall
precision of data classification by training separate classifiers for anomalous and non-anomalous
subsets. Such an approach should allow the use of different classifiers for each subset, or even
additional data sources (like profile data or thermal images) in order to provide more insight into the
process.

2.1. Data Preprocessing

In order to analyze the data gathered from experiments further preprocessing is needed. In the
training phase, the first step includes normalization of the values, then finding in the training dataset
the samples that are classified as good, followed by computing the average value for each sensor. As
a result, a master set of reference values is created. Next, the initial thresholds that define whether a
value may be an anomaly or not need to be selected. Two approaches can be used here: one based
on experts knowledge [19] or one calculated from the reference values. In order to reduce human
subjective bias, the second approach has been chosen in this research, with standard deviation as a
measure. The last step incorporates calculating the differences for each sample with master values.
The procedure for prediction includes only the difference calculation step, using master data from the
training.

2.2. Declarative Programming Approaches for HPDC Sensors Data Anomaly Detection

After the data preprocessing step, anomaly detection can be performed using one of the Declara-
tive Programming approaches. For this research, the following methods have been selected: Constraint
Programming with solver that uses SAT (satisfiability) methods (CP-SAT), Answer Set Programming
(ASP), Constraint Logic Programming (CLP), and Integer Linear Programming (ILP). The advantage
of using such methods is, for example, the possibility to define constraints for each sensor, support
correlations between sensors, as well as use the advantages of optimization methods. For ASP and
CLP, different versions were considered - one with less and one with more strict constraints.

The process of anomaly detection is similar for all methods and can be defined as follows:

- Given:
- § - Set of sensors; Ms, Ts - Master and test readings for s € S.
- As = |Ts — M| - Absolute difference between readings; 7; - Anomaly threshold.
-bs € {0,1}, x; €< 0,1 > - Binary and decimal anomaly indicators for s.
- ws = As - v - Scaled severity weight; y - Scaling factor.
- C - Set of correlated sensor pairs (s,s’); « - Max allowed anomaly ratio.
- N - Total number of sensors.
—  Threshold-Based Constraints - for each sensor, a check is made against its predefined threshold. If
the value is lower than the threshold, the sensor value is treated as non-anomalous, if it exceeds

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0035.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 February 2026 d0i:10.20944/preprints202602.0035.v1

40f8
the threshold, it can be a possible anomaly:
- CP-SAT, ASP (version 1), CLP (version 1):
bs =0, ifA; <17, VseS. (1)
- ILP (version 1: ¢ = 3, version 2: ¢ = 1.5):
xs>05, ifA;s>c-1;, Vse€S. )
- ASP (version 2: d = 3, version 3: d = 10, d = 35), CLP (version2: ¢ = 1,d = 4):
bs =1, ifc-As>d-1, VseS. 3)

- Correlation Constraints - if sensors s and s’ are correlated, then their anomaly status should be
y

the same:
- CP-SAT, ASP, CLP:

bs = by, V(s,s')€C, (4)
- ILP:

xs =xg, V(s,8)€eC. (5)

—  Anomaly Limit Constraints - the total number of detected anomalous sensor values cannot exceed
the predefined maximum number (if it exceeds, it may, for example be caused by defective sensor

readouts):

- CP-SAT, ASP, CLP:
Y bs <aN. (6)
sES

- ILP:
) x5 <aN. )
sES

—  Objective functions:
- CP-SAT - maximize the severity of detected anomalies:

max Z wWs - bs, (8)

seS

- ASP - all versions - minimize the number of detected anomalies while maintaining the con-
straints:

min Z bs. )

seS

- CLP - version 1 and 2 - minimize the inconsistency in anomaly detection while maintaining the
constraints:

min ) |bs — by (10)
(s,s")eC

- ILP - minimize the weighted number of detected anomalies, prioritizing large deviations:

min ) A - Xs. (11)
s€S

—  Solvers: CP-SAT - using Google OR-Tools” CP-SAT solver; ASP - using clingo solver from The
Potsdam Answer Set Solving Collection developed at the University of Potsdam; CLP - using

Prolog with CLP (FD) library for finite domain constraints; ILP - using PuLP with CBC solver for
integer linear programming.
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3. Experiments

The experiments have been performed using a prototype application written in Python and
utilizing following libraries for anomaly classifiers: sklearn, ortools.sat.python, clingo, pyswip and
scipy.optimize. The following methods have been tested using experimental application: CP-SAT,
CLP (two versions - one with less strict constraints and one with more strict constraints), ASP (three
versions - with less and more strict constraints), ILP (two versions - one with less strict constraints
and one with more strict constraints), and for comparison Local Outliers Factor (LOF). For training,
4093 production HPDC process data points has been used (3707 with class "good" and 386 with class
"bad" - a 0.10 "bad" to "good" proportion). For testing the performance of the trained classifiers, 1024
sample data points have been used (926 with class "good" and 98 with class "bad" - a 0.11 "bad" to
"good" proportion).

Firstly the performance of the anomaly detection algorithms has been tested. The train and test
dataset results for each algorithm are shown in Table 1. As it can be seen, each method divided the data
differently, with CP-SAT, CLP (both versions), ASP version 1 and LOF having the closest proportions
to the classes proportions in the train dataset and ASP version 1 and LOF for the test dataset. An
interesting result has been obtained for the CP-SAT method, where for the test data all elements were
classified as anomalous.

Table 1. Comparison of anomalous and non-anomalous subsets detection for each method for training and test

dataset.
Train Test

Method Anom. | Non-anom. | Proportions | Anom. | Non-anom. | Proportions
CP-SAT 1816 2277 0.80 1024 0 -
CLPv1 1839 2254 0.82 953 71 13.42
CLPv2 384 3709 0.10 75 949 0.08
ASPv1 1721 2372 0.73 457 567 0.81
ASPv2 171 3922 0.04 45 979 0.05
ASPv3 154 3939 0.04 40 984 0.04
ILPv1 4031 62 65.02 1015 9 112.78
ILPv2 3980 113 35.22 856 168 5.10
LOF 633 3460 0.18 164 860 0.19

Further experiments incorporated the following classification algorithms for each subset: SVM,
Random Forest, K-Nearest Neighbors, Gaussian Naive Bayes, Logistic Regression, Genetic Algorithm,
XGBoost, and LightGBM. Due to limited space only the best scores are shown in Table 2, with a focus
on the "bad" class, but the experiments were performed for all mentioned methods and classifiers.
Because the datasets from the production HPDC process are imbalanced, the following performance
metrics have been selected: Fl-score, Balanced Accuracy (BA) and Matthews Correlation Coefficient
MCQ).

As can be seen in Table 2, for anomalous data, four methods obtained quite high values for each
metric: ILP version 1, LOF, ASP versions 2 and 3. The highest values were obtained by ASP version 2.
For non-anomalous data high values were achieved by: ILP version 1, LOF, ASP version 2 and 3. The
highest values were obtained by ILP versions 1 and 2, but since all the metric values were equal to 1,
this may suggest overfitting of the classifier. Apart from ILP, the ASP version 3 performance was the
second highest.

Taking into consideration the data classification algorithms, the highest values were obtained
using the XGBoost and LightGBM algorithms. In most cases, the worst results were achieved using
Gaussian Naive Bayes, which for this process data varied between 0.20 and 0.76, with an average of
0.45 for the MCC.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Comparison of methods for anomalous, non-anomalous, and all training dataset

Anomalous Data
Method Algorithm | F1-Score Good | F1-Score Bad | BA MCC
ILPv1 LightGBM 0.9793 0.7347 0.7956 | 0.7398
ASPv1 LightGBM 0.9601 0.7143 0.7804 | 0.7109
CLP LightGBM 0.9590 0.7424 0.7975 | 0.7332
CP-SAT XGBoost 0.9735 0.6835 0.7723 | 0.6821
LOF LightGBM 0.9582 0.8308 0.8609 | 0.8019
ASPv2 XGBoost 0.9434 0.9189 0.9250 | 0.8712
CLPv2 LightGBM 0.9517 0.8372 0.8600 | 0.8085
ILPv2 LightGBM 0.9743 0.6522 0.7484 | 0.6650
ASPv3 XGBoost 0.9362 0.9091 0.9167 | 0.8563
Non-Anomalous Data
ILPv1 LightGBM 1.0000 1.0000 1.0000 | 1.0000
ASPv1 XGBoost 0.9863 0.6154 0.7222 | 0.6576
CLP LightGBM 0.9878 0.3158 0.5938 | 0.4278
CP-SAT - 0.0000 0.0000 0.0000 | 0.0000
LOF LightGBM 0.9773 0.5747 0.7043 | 0.6126
ASPv2 XGBoost 0.9771 0.6557 0.7542 | 0.6645
CLPv2 XGBoost 0.9762 0.6154 0.7274 | 0.6386
ILPv2 LightGBM 1.0000 1.0000 1.0000 | 1.0000
ASPv3 LightGBM 0.9788 0.6880 0.7676 | 0.7003
Trained on all training dataset for specific test data
Test Data Algorithm | F1-Score Good | F1-Score Bad | BA MCC
All LightGBM 0.9767 0.7179 0.7846 | 0.7245
ASPv2 Anom. LightGBM 0.9259 0.8889 0.9000 | 0.8305
ASPv2 Non-anom. | LightGBM 0.9782 0.6667 0.7553 | 0.6823
ASPv3 Anom. LightGBM 0.9565 0.8333 0.8571 | 0.8092
ASPv3 Non-anom. | LightGBM 0.9783 0.6833 0.7651 | 0.6958

The most important comparison was made with other anomaly detection and data classification
algorithms. In order to test how the presented approach performs in comparison with the other outlier
detection method, Isolation Forest and Local Outliers Factor (LOF) were used. However, reasonable
results were obtained only for LOF, whereas the Isolation Forest, even with different parameter setups
was not able to divide the data into two subsets, so it was omitted.

For the anomalous dataset, ASP versions 2 and 3 obtained higher F1-Score for "bad" class, as well
as higher BA and MCC (e.g. MCC higher by 8.4% for ASPv2 and 6.79% for ASPv3). For the F1-Score
for "good" class, the values were a bit lower than for LOF, but as mentioned before, because of the
imbalanced dataset, the BA and MCC are more meaningful. For the non-anomalous dataset, when
the ILP method is omitted, the highest values are obtained by ASP versions 1, 2 and 3 for F1-Score for
"bad" class, as well as BA and MCC, and only slightly lower F1-Score for "good" class for ASP version
2. In case of the MCC metric, accordingly for ASP versions 1, 2 and 3, 7.35%, 8.47 and 14.32% higher
values than for the LOF were achieved.

Another test was conducted to evaluate the performance in comparison with the classifier trained
on the whole dataset. The highest performance for such a classifier was obtained by LightGBM, and
in order to compare results, it was tested with anomalous and non-anomalous datasets obtained
from ASP versions 2 and 3. Compared to the ASP version 2 datasets, for the anomalous subset, the
ASP version 2 classifier was 2.78% (BA) and 4.90% (MCC) better. However, for the non-anomalous
subset, the results were 0.15% (BA) and 2.62% (MCC) worse. Compared to ASP version 3 datasets, for
the anomalous subset, the ASP version 3 classifier was 6.94% (BA) and 5.83% (MCCQC) better, with a
slightly lower F1-score for the "good" class (by 2.13%) and 9.09% higher F1-score for the "bad" class.
Additionally, for the non-anomalous subset, the results were only slightly better, accordingly by 0.34%
(BA) and 0.65% (MCC).
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4. Conclusion and Future Work

In this paper different methods of declarative programming have been presented as a solution for
anomaly detection in HPDC production process data. The following methods have been considered:
CP-SAT, CLP, ASP and ILP as anomaly detectors, together with SVM, Random Forest, K-Nearest
Neighbors, Gaussian Naive Bayes, Logistic Regression, Genetic Algorithm, XGBoost, and LightGBM,
as classifiers. Presented results prove that the main idea of this research allows for obtaining at least
not worse results for both anomalous and non-anomalous subsets than the classifier trained for the
whole dataset. Additionally, for anomalous subset, the metrics can achieve noticeably higher values,
with only slightly lower performance for the non-anomalous set for ASP version 2, and mostly equal
performance for ASP version 3. The most promising method in the performed tests was ASP version 3,
which will be developed in future research.

However, presented approach requires further investigation, especially testing with more process
data collected during the project execution. Apart from the extended testing, more research should
be done on the specific characteristics and capabilities of each method. Furthermore, incorporating
results from other data sources, for example, profile data (using different approaches like Dynamic
Time Warping [13] or forecasting models [16]) or thermal images (using e.g. deep learning [15]) is part
of the next steps and will be covered in next publications.
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