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Abstract Reducing defects and creating new indus-
trial products are issues addressed in literature, though

often separately. This work presents a unique approach
combining machine learning and optimization techni-
ques, which could 1) predict and explain ongoing pro-

duction defects, 2) prescribe solutions to prevent pre-

dicted defects, and 3) produce defect predictors for no-

vel products without historical data. By applying it into

a melamine-surfaced boards process, task 1) explored

SVM, XGBoost and Random Forest algorithms, cou-

pled with an explainable model-agnostic approach. A

Powell’s method-based meta-heuristic algorithm han-

dled task 2), while the Hyper-Process Model (HPM)

technique was selected in task 3). Defect prediction pre-

sented strong results, with a fine-tuned XGBoost with

oversampling achieving over 0.8 recall value, and pre-

scriptions significantly reduced prediction scores across

most defect scenarios. Although the HPM implementa-

tion introduced challenges producing predictors, most

generated synthetic data-trained models achieved en-

couraging performances on recall metrics. Results could

serve as baseline for future developments.
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1 Introduction

Wood industry has been the topic for Industry 4.0 im-

plementations across its value chain [1]. Melamine sur-

faced board is among the products offered by the indus-

try, after a complex multi-step manufacturing process.
Paper is impregnated with melamine resin, and coated
into a raw board surface via a hot-pressing process. This
process requires handling complex relationships, includ-

ing pressure and temperature manipulation, as well as

recipes development [2–4].

Due to technological, scientific, and human factors,

Artificial Intelligence (AI) has been a hot topic in recent

years. Although significant advancements were made,

open problems remain yet to be solved in Academia

and Industry [5]. Among them, the resource-intensive

nature of many machine learning applications could not

only present a barrier to entry for late players, but

also be a sustainability concern for its carbon footprint

[6–8]. Optimizing melamine-surfaced boards production

could be achieved by exploring advanced analytics and

AI techniques. Common practice has been partitioning
production optimization problems into multiple sub-
tasks, and address one at a time. Image classification
tasks based on Deep Learning architectures were sug-

gested for product identification [9], or defect detection

[10–12]. Other works developed optimization solutions

for wood stock sizing [13,14], or using the wood’s phys-

ical and chemical properties to generate new products
[15]. Material procurement and consumption optimiza-
tion were suggested to tackle waste reduction [16].

This work introduces a set of machine learning and

optimization techniques combined into a unique ap-
proach, capable of solving three production-related sub-

tasks. The proposed multi-layered model is devised to:

1) predict a defect in real-time, and explain its occur-
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rence; 2) recommend a real-time recipe to avoid it; and

3) predict defects for never-seen-before products. An ex-

tension upon CRISP-DM methodology is also proposed

to construct and iterate over the three subtasks.

On section 2, the concepts and terminologies ex-

plored in this work are introduced, along with anal-

ogous or similar works available in literature; section

3 elaborates on the methodological structure adopted

to enable constructing and maintaining the three main

subtasks of the model; section 4 details modelling im-

plementation for each subtask, including description of

selected models and algorithms; section 5 presents over-
all and subtask specific results and performance analy-
sis, which are further reviewed in section 6. This section

also explores future work and development.

2 Literature Review

2.1 Zero-shot Learning

Humans are inherently capable of identifying and classi-
fying thousands of objects after being taught their def-

inition and looking over a small set of similarly looking
objects. Unlike humans, most AI methods and tech-
niques require a massive collection of samples to train

state-of-the-art algorithms [17,18].

Transfer learning is a technique used to transfer
knowledge obtained from a task to a slightly different

new one [19]. It intends to mimic the human process

of knowledge transfer which efficiently translates past

experiences into new tasks [20]. It encompasses several

approaches which focus on efficient usage of available

data. Few-shot Learning (FSL) aims to identify new

classes by using a very small sample size per class, while

one-shot Learning (OSL) attempts to achieve the same

by using only one sample per class [7,21,22]. More re-

cently, a “less than one-shot Learning” approach was

proposed, where less than one sample per class is used

– that is, in order to learn N classes, M < N samples

are used [23].

Zero-shot Learning (ZSL) is an extreme approach

for cases in which new tasks are identified without any

available training data, other than a description of the

classes or tasks themselves [24]. ZSL work has been pre-

sented in various tasks, including image processing for

classification [25], image-text embedding models [26], or

reinforcement learning [27]. This work will use a ZSL al-

gorithm for the novel product development task named

Hyper-Process Model (HPM), previously used in a re-

gression task for Laser Seam Welding process optimiza-

tion [28].

2.2 Metaheuristics-based Search

Metaheuristics-based search is a technique used to ad-

dress combinatorial optimization problems. It is typi-

cally designed to find the best possible solution within

a reasonable time by using approximate search methods

[29,30]. It contrasts with exact optimization techniques,

which often seek a problem’s optimum solution by ex-

ploring cost function properties or the full spectrum

of feasible solutions. Combinations of both approaches

have been suggested in recent years, often being named

hybrid methods [30].

Solution search may be associated with costly time

and computational efforts, and literature finds that a

trade-off between performance and solution quality is

often better when searching within a single neighbor-

hood, instead of searching in the neighborhood of every

feasible solution [31]. Local search focuses on finding

solutions within the neighborhood of a point. Powell

method is suited for local minimum search in single ob-

jective functions with multiple variables, such as the

scenario being implemented in this work, and has been

used in literature to support enhanced solutions in con-
tinuous optimization tasks [32].

2.3 Explainable Artificial Intelligence

Although Explainable Artificial Intelligence (XAI) tra-

ces its origins back to earlier knowledge-based AI ex-

pert systems, it has become an active research area in

recent years [33,34]. As AI systems are implemented

with increasing complexity in a wide rage of tasks, un-

derstanding and interpreting results become more dif-

ficult. AI architectures such as Deep Neural Networks

may assemble millions of parameters across hundreds

of layers, whose performance renders it being known

as a black box model [34]. Lack of transparency and

interpretability are major liabilities for AI implemen-

tation in several fields of expertise, such as healthcare

and finance, where accountability, fairness and trust are
considered mandatory requirements [34,35].

Multiple approaches are found in literature to ad-

dress this issue. Those algorithms whose explainabil-
ity and understanding may be achieved using the algo-
rithms themselves are grouped in a family of approaches

named integrated interpretability - among them, in-

clude linear or logistic regression, decision trees, or K-

Nearest Neighbors. Other algorithms, however, require

post-hoc methods if explainability and transparency are

implementation requirements. Neural Networks, Sup-

port Vector Machines and Tree Ensembles are exam-

ples of complex algorithm which require further work

to reduce their opaqueness [34,35]. Post-hoc methods
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may be further divided between: model-agnostic, when

they only work with the model’s inputs and outputs; or

model-specific if they use additional information from

the model. An example of a model-specific method is

when the learning information contained in a single de-

cision tree is used to infer explainable reasoning from a

decision tree ensemble it belongs to [35]. This work will

explore a model-agnostic method with the EVADE al-
gorithm, whose sole known implementation focused on
interpreting a fraud detection algorithm [36].

3 Methodology

Although the multi-layered model incorporates several

typically independent algorithms - each one designed
to address a specific subtask -, their symbiotic nature
demands for a slightly modified version of the CRISP-
DM methodology [37,38]. This methodology is focused

on data mining tasks, whose steps we found limiting

the full toolkit required for this project. Thus, a circu-

lar, end-to-end solution connecting the various subtasks

and algorithms was built. The full process comprised on
setting an innovative, unified algorithmic recipe to 1.1)
predict the occurrence of defective samples, 1.2) and

explain it; 2) suggest a real-time recipe recommenda-

tion to avoid predicted defects; 3) and build a defect

prediction model for a novel, previously unseen prod-

uct. While subtask 1.1) relied on standard CRISP-DM,

the remaining subtasks required adaptations, as nearly
every algorithm impacts each other’s performance. This
process rendered our methodology into a more general,

guiding approach for other AI projects which may not

solely rely on standard CRISP-DM tasks (Figure 1).

Fig. 1 Symbiotic CRISP-DM methodology.

3.1 Defect Prediction Modelling

Traditional statistical methods were applied in order

to improve knowledge on the business and its available

data [37]. The main goals were to understand relation-

ships between features and tasks, recognize outlier data

points and noise, and extract new features. Correla-

tion statistics and dimensionality reduction were used

to handle data issues, such as anomalies, redundancy,

or the volume of data itself.

Several established algorithms could be used to ad-

dress the classification task - e.g. Random Forests, Gra-

dient Boosting Classifier, and Support-Vector Machines

-, with distinct strategy implementations: using default

implementation parameters; hyperparameter optimiza-

tion search; oversampling techniques, among others. As

defects in manufacturing have an outlier nature, it was

likely that class imbalance would be seen in data. When
defect detection is the primary target, it might become
relevant to consider model performance metrics such as
recall, over precision and F1-Score.

An XAI algorithm may enable explainable insights
on which features are most effective on real-time de-
fect classification inferences. While some explainable

algorithms are available to work on specific modelling

algorithms, other models allow for model-agnostic ex-

plainability. Such type of works could allow explaining

why a sample would be likely to produce a defect, re-

gardless of the underlying prediction modelling process.

In this work, the explainable implementation is built

upon a model-agnostic optimization procedure named

EVADE. It works directly with the real-time sample, its

defect prediction score, and feeds from a subset filtered

by that score’s defect type. Instead of generating a ge-

netic dataset as the original EVADE algorithm, we will

use the testing subset from defect prediction modelling

[36].

3.2 Real-time Recipe Recommendation

In an industrial setting, a recipe is a set of parameter

values combined to manufacture a product. Although

unlikely, recipe changes might be necessary if a defect

is likely to occur. A metaheuristics-based search ap-

proach may be adopted to generate a real-time recipe

recommendation and reduce a sample’s defect predic-

tion score. The recipe recommendation algorithm pro-

duces value recommendations for key features which

may be manipulated under a very short time span,
and whose identification requires domain knowledge. A
generic cost function may be used, but real-time sce-

narios require feature manipulation restrictions in short

time spans. As these restrictions reduce the available

search space for optimization, it is likely that only local

minima remain available, rather than the global mini-

mum. To ensure the recommended recipe’s feasibility,
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boundaries were set so that no feature change is rec-

ommended beyond defined limits. A local search-based

method with boundaries, such as the Powell method,

could be an optimal approach for this task.

3.3 Novel Product Development

On product development, the ultimate goal is to pro-
pose the recommendation of a novel product with pre-

determined values on key features, while avoiding de-
fects. Although it might be an identical ontology as
the one previously conceptualized in defect prediction

and recipe recommendation processes, the methodolog-

ical steps were quite different here, as no data was yet

available for that new product. This work explores a

ZSL approach to overcome that limitation.

The Hyper-Process Model (HPM) algorithm is ca-

pable of producing a defect prediction model with no

new data. It takes the new task’s key features values

and pre-trained models for similar tasks as inputs, and

generates the required data to train a new model. In

this case, defect prediction models - or ”predictors” -

are trained to identify defects on pre-existing products.

Key statistical data is compiled from each predictor to

form a ”shape”, that is, a synthetic dataset labelled by

that predictor. The term ”shape” is borrowed from the

Statistical Shape Model (SSM) technique used in the

HPM. The shapes are then used, along with the key

features values from the unseen task, to generate and

train the HPM algorithm. This model predicts a new
shape - a synthetic labelled dataset - based on the spe-
cific characteristics of the novel product. At last, the
new shape is used to train a defect prediction model

for the never-seen-before product [28].

4 Implementation

Python language applications were used to implement

every methodological step presented above, including
tools such as Pandas, NumPy, scikit-learn and XG-
Boost. A similar implementation of this work was recre-
ated on Microsoft Azure ML’s block-based interface to

support this work’s real-case deployment.

4.1 Business and Data Understanding

Melamine-surfaced boards production consists on a pro-

cess divided into six stages: resin preparation; paper

preparation; bath and drying; paper cooling and cut-

ting; table incorporation; and storage. Products con-

sidered in this work were based on the particle board

and the medium-density fiberboard (MDF) types.

Resin preparation step encompasses its recipe elab-

oration process, whose ingredients are collected and

mixed under controlled temperature. Data collected on-

site included temperature, humidity, tanks usage, as

well as critical recipe formulation ratios prepared by do-

main experts. Paper preparation step relates with logis-

tics data impacting production orders. It included batch

size and quantity, paper physical properties, and shelf

life. Bath and drying step consisted in impregnating

paper inside a tank with melamine resin. Coating and

straightening are performed during the impregnation

process. Following impregnation, the paper is dried up

and stored. At this stage, environment data (e.g., tem-

perature and humidity), as well as machine, paper and

melamine-related data were collected. After a cooling
and cutting step, the table incorporation is performed.
Here, impregnated paper is pressed against the wooden
board by a pair of plates, before storage and trans-

portation. Data collected here included pressing ma-

chine performance, and periodical end-of-the-line qual-

ity control.

Available data spanned the entire production pro-
cess, and was either collected from sensors and ma-

chines spread across multiple production lines, from his-

torical databases, or manually created after production.

It ranged from September 2018 to May 2020, spanning

597 days. For defect prediction modelling tasks, pro-

duction samples were labelled by domain experts on

whether they were normal or defect samples. Defects
were further divided into one of nine defect types, rang-
ing from paper problems, melamine related anomalies,

to logistics or environment issues. The most frequent

and high priority defect type, ”Broken Paper”, was the

sole defect type explored in defect prediction modelling,

explainable algorithm, and recipe recommendation op-

timization processes. On novel product development

process, all defect subcategories were considered and

combined into a single, unified defect class. Datasets

were instead filtered by their unique product subcate-

gories.

4.2 Data Pre-Processing

Since multiple data sources were considered, the first

step concerned merging all data into a single, unified

dataset. Data containing the unique production order

code per sample was merged by that code, while the

remaining data was merged by time. A two-step ap-

proach was devised for the IoT data: first, data was

merged by maximum time granularity possible, in sec-

onds; then, samples were aggregated by minute, prod-

uct subcategory and defect type. Whenever multiple

samples shared the same minute timestamp after first
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step, they would be aggregated by their mean value per

feature.
Due to inconsistencies, limitations, or errors, the

dataset required further pre-processing techniques be-

fore being suitable for modelling. Feature columns con-

taining a large amount of missing data were removed,

and one member was removed from any pair of features

with Pearson correlation coefficient equal or over |0.9|.
At this stage, the dataset was separated into two

major versions. While both kept normal samples, one

version was prepared for the defect prediction modelling

and recipe recommendation processes, where only ”Bro-

ken Paper” defect was kept. The other version would

feed the novel product development, for which every

defect type was kept and combined into a single de-

fect class. This version was then filtered to keep the 5

product subcategories with most samples.

Further analysis was performed to extract time se-

ries features from data. After visual exploratory anal-

yses, a more robust and evenly distributed time frame

was selected from October 1st, 2018 up to March 31st,

2020. It reduced inconsistencies or inaccuracy risks re-

lated with initial onsite implementation of IoT devices.

Additionally, most production activity impacts caused

by SARS-CoV-2 pandemic was avoided. Environment-

and temperature-related features were then identified

for time series feature extraction. An autocorrelation

function (ACF) was performed to detect nonrandom-
ness in data, using Python’s statsmodels implementa-
tion [39,40]. Features with strong autocorrelation were
subjected to a delta variation extraction for each con-

secutive sample, adjusted to time. This adjustment was

made due to the fact that data was no longer uniformly

distributed in time. Although time granularity was pre-

viously set as 1 minute per sample, a considerable num-
ber of samples was removed during data pre-processing.
The procedure considerably reduced autocorrelation is-
sues in data. An additional delta time feature was ex-

tracted, with the purpose of detailing time variation

between consecutive samples.
The final dataset used in defect prediction modelling

and recipe recommendation contained 53,300 samples

and 33 features - including target. Nearly 3,000 samples

were defective, corresponding to 4.9% of the dataset

and confirming the classes’ unbalanced nature. Pearson

correlation coefficients now present the result of pre-

processing data procedure, and displays a clean dataset,

with low correlation and no missing data (Figure 2).

4.3 Defect Prediction Modelling

Since cleaned data was tabular, a performance compar-

ison was done between the following algorithms: Ran-

Fig. 2 Pearson correlation coefficients on clean dataset.

dom Forest, Support Vector Machine (SVM), and XG-

Boost. The first two were implemented using Python’s

scikit-learn library, while the latter was implemented

with XGBoost library [41,42].

First, the data was transformed with the min-max

normalization technique, except for the target feature.

The purpose was to encapsulate all features within an

identical range between [0,1] - without losing relation-

ships among original values -, and achieve less training

computational effort towards convergence, while mini-

mizing overfitting risks. Since only one defect type was

kept in this dataset version, each algorithm performed

as a binary classifier, where: normal class was 0; defect

class was 1. The dataset was subjected to a pseudo-

randomized train-test sampling split, in which 80% of

samples were exclusively used in model training, while

the remaining 20% were saved for model testing.

Three distinct model optimization strategies were

considered. First, default parameters were selected for

each algorithm’s implementation. Then, an oversam-

pling technique was implemented to address class im-

balance, while maintaining default parameters. The de-
fect samples’ amount in the training subset was in-
creased 10-fold, which resulted in a increase to 29%
of defect class representation. The third strategy com-

bined oversampling with a hyperparameter optimiza-
tion process, using scikit-learn’s GridSearchCV. It com-
prised a heuristic-based search for an optimal combina-

tion of hyperparameters for each algorithm. The per-

formance goal was to correctly recognize as many de-

fect samples as possible. Thus, every model was trained

to optimize recall metric. Still, precision and F1 Score

metrics were calculated and analysed for each model.
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4.4 Explainable Algorithm

The explainable algorithm required additional key in-

put data to be collected. Features were sorted as con-

taining categorical or numerical values, and each fea-
ture’s cardinality was calculated - that is, the number
of unique values per feature. EVADE algorithm uses
a heuristics-based search to identify the real-time sam-

ple’s counterfactual sample [36]. The latter corresponds

to the most similar sample available in a dataset whose

class is opposite to the real-time sample, and the pre-

diction model correctly classified it.

The counterfactual sample is found by calculating
similarity and fitness scores between the real-time sam-

ple and each sample in the dataset. After calculating

Jaccard index for categorical features and Cosine sim-

ilarity for numerical features, the similarity score was

the weighted sum between the two values - in this case,

identical weight was given. Fitness score calculates the
prediction score discrepancy between the real-time sam-
ple and each data sample. Similarity and fitness scores

were summed with equal weights, and the sample with

highest final score was selected as the counterfactual

sample. Since we wanted to attribute highest fitness

score to samples whose defect score was furthest away

from real-time sample’s, a slight change was made to
Equation (1).

fscore(X
′, p, t) = 1−

max(1− t, t)− |p(X ′)− t|

max(1− t, t)
(1)

In the final step, features with diverging value in

both samples were stored. A heuristic approach was

then used to calculate the total number of samples

whose value differed from the real-time sample - a pro-

cess repeated for each stored feature. The final impor-

tance value was computed by dividing that total num-
ber by the feature’s cardinality. The higher the im-
portance value, the likelier that feature could explain

the predicted class. To evaluate the algorithm’s perfor-

mance, a batch of one thousand samples from testing

subset were randomly selected, and each feature’s mean

relative importance score from EVADE was measured

against Tree-SHAP, an explainable algorithm for tree

ensemble methods [43].

4.5 Real-time Recipe Recommendation

The first step to build the recipe recommendation algo-

rithm was retrieving the defect prediction modelling’s

testing subset. It was filtered to pick out the true neg-

ative sample with lowest defect prediction score, which

would be the target optimization sample. Then, do-

main knowledge identified five features which could be
changed during real-time production, that is, could be
manipulated during optimization to reduce defect pre-

diction scores.

The real-time recipe algorithm was metaheuristics-
based, and its optimization step included the Powell

method’s scypi implementation, which admits bounded
search [44]. The squared Euclidian distance between
real-time sample and the true negative sample was se-
lected as the minimization target. Its output is the

recipe recommendation, which is expected to produce a

lower defect score than the real-time sample. For evalu-

ation purposes, five sample groups were extracted from

training subset to estimate the algorithm’s performance

against distinct levels of defect prediction scores.

4.6 Novel Product Development

Novel Product Development process was based on a

solution available in literature named Hyper-Process

Model (HPM), focused on solving regression tasks [28].

This technique is used to overcome the absence of real

data to train a new defect prediction model, assum-

ing that other predictors exist for similar, yet different,

tasks.

Fig. 3 Hyper-Process Model flow process for training and
predictor generation.

As presented in Figure 3, the predictors were first

trained for defect detection in each product, by emulat-



A data-based multi-algorithm system for an end-to-end intelligent manufacturing process 7

ing the best performing strategy from subsection 4.3.

Four of the predictors would serve as training sets for

the HPM, while the remaining one would be the vali-

dation set. This is part of a 5-fold cross-validation tech-

nique to generate different combinations of four training

sets and one validation set, so that the HPM’s perfor-

mance is evaluated. The predictors generate the ini-

tial shapes, which comprise the generated data used in
training (Figure 3).

The idea behind these shapes is to assess how each

predictor varies its output according to a specific prob-
lem - in this case, a product. To perform such a varia-
tional analysis, the creation of each shape is based on

synthetic dataset generated to feed as input each pre-

dictor. This means that each predictor’s input have the

same number of samples, same distribution of values

and same features. This synthetic dataset is required

to be the same for each predictor where a shape is con-

stituted solely by predictor’s output.

By setting its number of unique data points to 1.5×

106, the synthetic dataset was generated using a Sto-
chastic Factorial Design (SFD), which introduces ran-

dom non-linearity in sample values generation, in or-
der to increase the probability of some samples being
defective within each feature’s min-max values. Tech-
niques based on linear generation of data would re-

quire an extremely higher number of samples to grasp

the defect distribution, hence the stochastic approach.

Each predictor would annotate the resulting 1.5 × 106

dataset, generating a shape. Since input dataset is iden-

tical for every predictor, differences among shapes are

assessed through their annotations. In order to improve

class balance, an additional heuristic approach was per-

formed to improve the distribution ratio by removing

mostly samples which were part of a dominant class.

The process resulted in a 8,000 samples dataset, where

2 out of the 5 products had nearly 50% class repre-
sentation and another product had about 20% defect
samples. Regarding HPM’s hyperparameters, its poly-

nomial degree was set to 4 – the number of training

sets.

The four predictors’ shapes were then flattened and

stacked on top of each other, with each shape pairing up

with the product’s six key specifications. The stacked

matrix was first decomposed using the Statistical Shape

Model (SSM) method, where a set of deformable pa-
rameters is produced per shape. These parameters may
be interpreted as a latent space which allows the recon-
struction of each shape. The HPM is trained by using

the deformable parameters, along with the products’

specifications.

Upon novel product’s specifications, the HPM pre-

dicted its deformable parameters, which were used by

the SSM to generate the new product’s shape. This

shape served as the dataset to train the new predictor.
Its recall, precision and F1-Score metrics were collected
and compared against the predictor trained with orig-

inal data from the target product. Every performance

metric was obtained by using the validation set’s testing

data.

5 Results

Modelling results with different combinations of algo-

rithm and optimization strategy for the task of pre-

dicting ”Broken Paper” defect type may be observed in

Table 1. The implementation presenting highest recall

value was the XGBoost (XGB) algorithm with over-
sampling (over.) and hyperparameter optimization (op-
tim.). Regardless its implementation, XGB clearly out-

performs the other two algorithms, as the algorithm

with second highest recall value is Random Forest (RF)

with oversampling and hyperparameter optimization -

which performs 8 percentage points lower in recall met-

ric. Analyzing the other two performance metrics, the
model with highest precision was RF with default pa-
rameters. Regarding F1 Score, the model having the

best performance in that metric was the XGB using

default parameters.

Table 1 Prediction Modelling Results

Model Precision Recall F1-Score
RF 0.926 0.707 0.802
XGB 0.910 0.742 0.817

RF + over. 0.890 0.726 0.800
RF + over. + optim. 0.900 0.732 0.807

XGB + over. 0.831 0.790 0.810
XGB + over. + optim. 0.712 0.812 0.759
SVM + over. + optim. 0.266 0.581 0.365

Overall, XGB presented highest recall values in ev-

ery implementation type, with its implementations us-

ing default parameters or oversampling both scored the
highest F1 Score among all algorithms. RF performed
best in precision metrics, with its implementation using
oversampling and hyperparameter optimization outper-

forming every other algorithm’s F1 Score. SVM ob-

tained the lowest value on every metric. It should be

noted that its sole displayed implementation was with

oversampling and hyperparameter optimization, as re-
sults for every other strategy was close or equal to zero.
SVM’s best results were obtained using the polynomial

kernel.

From the test subset used to evaluate the defect pre-

diction models, one thousand samples were randomly
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Fig. 4 Features’ mean importance magnitude with EVADE
algorithm.

Fig. 5 Features’ mean importance magnitude with Tree-
SHAP algorithm.

selected to analyse our explainable algorithm’s perfor-

mance, EVADE. On Figures 4 and 5, it listed the top-20

features whose importance explaining defect prediction

scores is highest, according to EVADE and Tree-SHAP

algorithms. EVADE algorithm highlights size and pro-
duction cycle-related features - including features im-
possible to be modified in real-time, such as produc-

tion order opening, length and width - as those impact-

ing more how samples are classified by prediction mod-

els. On the other hand, Tree-SHAP presents time-series

extracted features and size-related features, including

specific pressure, delta time and top plate temperature

variations, as the ones being more effective in the pre-

diction task. Although specific pressure and top plate

temperature’s values were changeable in real-time, the

remaining three features which could be manipulated

in real-time were all outside the Tree-SHAP’s top-10.

On recipe recommendation algorithm, five distinct

levels of defect score were identified (Table 2). Results

were widely positive, as average defect scores decreased

0.2 percent point (pp) across all subgroups after the

recipe recommendations. It should be noted that the

goal was to assess samples classified as defect (label 1),

and suggest a non-defective recipe (label 0). Thus, it

is key that lower values are achieved in Avg. After col-

umn. Subgroups [0.50, 0.75[ and [0.75, 0.99[ had their

average score after recommendation below 0.5. Percent-

Table 2 Recipe Recommendation’s impact on defect predic-
tion score

Original Score Avg.
Before

Avg.
After

Diff
pp

Pct.
Change

[0.99, 1]
Powell 0.994 0.756 0.238 0.239
Nelder-Mead 0.994 0.764 0.230 0.231
L-BFGS-B 0.994 0.771 0.223 0.224

[0.75, 0.99[
Powell 0.939 0.359 0.580 0.618
Nelder-Mead 0.939 0.375 0.564 0.600
L-BFGS-B 0.939 0.446 0.493 0.525

[0.50, 0.75[
Powell 0.605 0.081 0.523 0.866
Nelder-Mead 0.605 0.104 0.501 0.828
L-BFGS-B 0.605 0.259 0.346 0.572

[0.25, 0.50[
Powell 0.341 0.071 0.270 0.793
Nelder-Mead 0.341 0.086 0.255 0.749
L-BFGS-B 0.341 0.185 0.156 0.457

False Positives
Powell 0.261 0.064 0.198 0.756
Nelder-Mead 0.261 0.082 0.180 0.688
L-BFGS-B 0.261 0.174 0.088 0.335

age change was over 0.5 across every subgroup, except

[0.99, 1]. This subgroup corresponded to the more ex-

tremes cases of defect prediction, and the algorithm ob-

tained lowest improvements, with a reduction of 0.239

percentage change to 0.756 average score.

Table 3 HPM’s Training & Validation Sets Performance

Model Precision Recall F1-Score
Product 1 0.863 0.808 0.835
Product 2 0.738 0.698 0.717
Product 3 0.176 1.000 0.300
Product 4 0.759 0.595 0.667
Product 5 0.600 0.667 0.632

Table 3 displays the defect prediction modelling per-
formance per product, where the different defects are

predicted in a multi-class manner. These will then serve

as input for HPM (model of models). Applying a 5-fold

cross-validation technique, four of those models were

then used as HPM’s training sets, while the remaining

model was the validation set. Despite having the high-
est recall out of the five models, product 3 had the low-
est precision and F1-Scores which could hinder HPM’s
training. The other models had more balanced out re-

sults, with product 1 presenting highest values across

all remaining metrics, and a recall of 0.808.

Table 4 displays the performance from each predic-

tor trained with HPM’s generated synthetic data by

only using 1) previously trained models and 2) new

products characteristics. No data was used for the prod-

uct left out of the 5-fold CV. The real testing subset
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Table 4 HPM’s New Models Performance

Model Precision Recall F1-Score
Product 1 0.309 0.599 0.408
Product 2 0.289 0.931 0.441
Product 3 0.028 0.583 0.054
Product 4 0.124 0.514 0.200
Product 5 0.112 0.778 0.195

from Table 3 was again used to evaluate predictors per-

formance. Recall metric values were all above 0.5, with
product 2 reaching 0.931 and product 5 attaining 0.778
values. Though it was not the metric being optimized
during model training, precision values were generally

low and only product 1 and 2 reached values over 0.2.

6 Discussion

This work comprised a symbiotic algorithmic recipe to

address multiple production optimization tasks. Any

task’s output quality could impact the remaining struc-

ture, as their output might serve as input in subse-

quent tasks. For example, new data impacts the defect

predictor, which in turn impacts explainability, recipe

recommendation and predictor’s generation. Thus, ex-

tra effort was put on data preparation and defect pre-
diction modelling, so that we could increase quality in
later algorithms. As observed in Tables 1 and 3, valida-
tion results from the multiple defect prediction models

presented robust scores, with best performing models

achieving recall values over 0.8. Still, further data col-

lection could lead towards stronger results.

The symbiotic nature is best observed in the dy-
namics between defect prediction modelling, explain-

ability, and the recipe recommendation algorithm. In-

deed, when the recipe recommendation has limited im-

provement on defect score for extreme scenarios - sub-

group [0.99, 1] -, one could wonder if Powell optimiza-

tion method would be underperforming. However, tests

made with other methods - Nelder-Mead, and L-BFGS-
B - produced worse results. This lead us to the possi-
bility that data might be the limiting factor.

By analyzing EVADE explainable insights, one may

observe that none of the adjustable features that com-
pose a recipe are among the top-8. Even though Tree-
SHAP presents a top-3 with adjustable features, several

non-adjustable ones also stand out. Also, the remain-
ing adjustable features contain limited explainable im-
pact in Tree-SHAP analysis. An in-depth comparison

between samples performing well or not in subgroup

[0.99, 1] pointed to patterns on several non-adjustable

features which could hint that we are observing extreme

samples far from the defect decision boundary, which

could mean outlier or miscollected data. Increased data

collection could improve the subgroup’s representation,

enhance predictions quality, and eventually assist the
recipe recommendation algorithm. Another strategy in-
clude exploring the explainability results and develop

an optimization process particularly focusing on those

adjustable features presenting higher potential impact.
Though it was not the focus of this work, a discrep-

ancy is observable between EVADE and Tree-SHAP re-

sults, as the algorithms’ top-10 features in explainable

magnitude only have three common entries. The more

puzzling inference is that both algorithms offered use-

ful insights in the previous analysis on the recipe rec-

ommendation algorithm. Thus, further study should be

done on EVADE algorithm, particularly concerning pa-

rameters definition and aggregated results production.

Per its original set up, the HPM’s architecture han-

dles regression problems. Initially, the task was to adapt

it as-is into a two-class problem solver. However, results

were not satisfactory when it came to construct the syn-
thetic dataset, as most versions barely produced any
defect-labelled sample by any pre-trained model. This

issue was overcome by constructing the Stochastic Fac-

torial Design, and then improving the class balance of

defect samples across all five products towards a 50/50

equilibrium. The new models generated from the syn-

thetic dataset with HPM’s class annotations presented
encouraging results on the recall metric.

Nonetheless, three opportunities for improvement in

HPM were identified. First, the heuristic approach to
improve defect samples representation in the synthetic
dataset should ensure that no significant change is made
to sample distribution, as it could hinder HPM’s learn-

ing capabilities and the final defect prediction model
quality. Second, our work used a simple activation func-
tion to convert HPM’s original regression output into a

binary one - any non-zero output value now represented

the defect class. This approach had promising results,

and recognized most defect samples for product 1. Still,

it did not achieve identical performance for every prod-

uct. Third, HPM’s current architecture presents scala-

bility limitations. In case our synthetic dataset is larger

than traditional machine learning datasets, it could be-

come overwhelming for the Principal Component Anal-

ysis step, which is HPM’s in-built dimensionality re-

duction technique. For future works, if larger sets are

explored, the suitability of other methods available in

literature should be analyzed.

7 Conclusion

This work intended to introduce a novel approach to
optimize a melamine-surfaced boards production. By

uniquely combining an ensemble of machine learning
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and optimization techniques, a pipeline was elaborated

to predict a defect in real-time, produce an explana-

tion for its occurrence, present a recipe recommenda-

tion to avoid it, and generate defect prediction models

for never-seen-before products. An innovative method-

ology was developed to seamlessly integrate every pro-

cess. Promising results were obtained by the various

algorithms, and a symbiotic nature between them was
recognized. Further investigation paths were identified,
which could lead towards improved and more robust

results.
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